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ABSTRACT OF THE DISSERTATION

Towards Deployable On-Device Machine Learning Systems

by

Zexin Li

Doctor of Philosophy, Graduate Program in Electrical Engineering
University of California, Riverside, June 2026

Dr. Cong Liu, Chairperson

Safety-critical cyber-physical systems (CPS), such as autonomous vehicles and robots,

increasingly rely on deep neural networks. While these systems require high prediction

accuracy, they must simultaneously satisfy strict end-to-end timing constraints under tight

memory and energy budgets. The challenge extends beyond static inference: realistic

deployments face non-stationary data and fluctuating power conditions, necessitating online

adaptation systems. However, existing machine learning methods largely overlook the timing,

memory, and accelerator-contention constraints inherent to embedded CPS, resulting in

unpredictable latencies and frequent out-of-memory failures.

This dissertation addresses the gap between algorithmic machine learning and

real-time systems by developing a predictable and self-adaptive On-Device machine learning

stack. We demonstrate that predictable learning is a distinct systems problem requiring

cross-layer coordination rather than isolated algorithmic adjustments.

Specifically, the dissertation develops three tightly coupled thrusts. First, to

make modern models runnable On-Device under stringent memory constraints, it exploits

vii



multi-input/multi-output structure, weight sharing, and training–inference co-design so that

multi-task perception, reinforcement learning, and continual learning workloads fit within

small-device memory budgets while remaining schedulable as modular units (MIMONet,

MixTraining, R3, Orion). Second, to reduce latency and deadline misses in real-time learning

pipelines, it shapes end-to-end deadlines across perception–control DAGs, enforces interme-

diate timing contracts, and designs runtimes that safely overlap evaluation, inference, and

in-the-loop training on shared accelerators (RED, AOCL). Third, to enable deployable learn-

ing ecosystems in uncertain, resource-constrained environments, it introduces environment-

and energy-aware controllers that adapt sampling, buffering, and update cadence online as

workloads, data distributions, and power budgets evolve, sustaining timing and accuracy

under real-world drift (Genie, EOCL).

Ultimately, this work provides the systems foundation required to move beyond

“deploy then freeze” edge AI, enabling continuous, resource-aware, and predictable adaptation

for mission-critical robotics.
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Chapter 1

Introduction

Safety-critical cyber-physical systems (CPS), including autonomous vehicles, mo-

bile robots, assistive platforms, and immersive extended-reality devices, increasingly rely

on deep neural networks (DNNs) for perception, decision making, and closed-loop con-

trol [183, 256, 187, 364]. These systems must achieve high prediction accuracy while

simultaneously satisfying strict end-to-end timing constraints under tight memory and

energy budgets on heterogeneous embedded platforms that combine CPUs, GPUs, and dedi-

cated accelerators [215, 214]. A perception or control decision that arrives late is functionally

incorrect, and a model that exceeds the available memory simply cannot run; predictability

is therefore as fundamental to mission success as algorithmic accuracy. The challenge is

sharpened by the fact that modern deployments are no longer static: data distributions

drift as the environment evolves, workload mixes shift as new tasks are added, and energy

supplies fluctuate over long missions [160, 52].
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Within this setting, three intertwined layers of problems prevent today’s edge AI

pipelines from scaling to deployable, mission-critical robotics. First, modern multi-task

models must fit On-Device under stringent memory budgets, including the additional state

introduced by training, replay, and optimizer buffers when the same device must also

adapt online. Second, the resulting pipelines must reduce latency and deadline misses in

real-time learning, coordinating perception, control, evaluation, and update stages that

share non-preemptive accelerators. Third, these systems must form deployable On-Device

learning ecosystems that remain robust in uncertain, resource-constrained environments

where workload bursts, sensor noise, and energy availability all change online.

A substantial body of prior work informs each of these layers. Model-compression

techniques such as variational information bottleneck pruning [214] and cross-model weight

sharing [208, 364] have demonstrated significant savings for multi-task DNNs. Real-time

scheduling research has produced deadline-driven runtimes and DAG-aware analyses for

robotic pipelines [215]. Online continual learning (OCL) and reinforcement-learning algo-

rithms have developed strong tools for adaptation under distribution shift [52, 10, 234, 51,

194, 222, 256, 131], and continual-learning frameworks such as Avalanche [46, 233], replay-

based baselines [294, 289], and server-side schedulers such as Ekya [28] and RECL [188]

have shown that concurrent training and inference can be coordinated at scale. Edge-side

energy-aware approaches based on dynamic voltage and frequency scaling [322] further

demonstrate that energy is a first-class resource for long-mission deployments.

These prior efforts, however, fall short of the cross-layer requirements of On-Device

learning. Compression and multi-task architectures are usually evaluated for inference only
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and assume that timing is somebody else’s problem [214]. Real-time schedulers typically treat

DNNs as monolithic, fixed-shape black boxes and break down when workload structure, fan-

out, or precedence constraints change due to environmental dynamics [215]. Cloud-derived

OCL pipelines such as Ekya [28], RECL [188], and AdaInf [324] assume multi-GPU server

isolation and coordinate at tens-of-seconds-to-minute granularity, which is incompatible

with sub-second embedded inference deadlines and small On-Device memory [202, 294].

RL- and OCL-side methods leave compute, memory, energy, and accelerator-contention

constraints to the system layer, with the result that configurations that appear effective on

server hardware become unstable on embedded devices, exhibiting long update latencies,

severe inference interference, and frequent out-of-memory failures [117, 245]. Finally, energy-

oblivious schedulers cannot sustain long-duration autonomy under harvested or battery

power [322].

This dissertation addresses these three layers through a coordinated set of models,

runtime, and ecosystem contributions. At the first layer, memory-aware model and systems co-

design attacks the On-Device memory wall by combining multi-input/multi-output network

structure, cross-task weight sharing, and training–inference reorganization so that multi-task

perception, deep reinforcement learning, and online continual learning workloads fit within

small-device memory budgets while remaining modular and schedulable. At the second layer,

real-time scheduling and runtimes for On-Device learning treat neural networks as first-

class scheduling entities: end-to-end deadlines are shaped across asynchronous perception–

control DAGs, intermediate timing contracts are enforced, and runtime controllers safely

overlap evaluation, inference, and in-the-loop training on shared, non-preemptive embedded
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accelerators. At the third layer, deployable On-Device learning in the wild closes the loop

with the environment: distributed edge caching exploits spatial locality across connected

fleets, and energy-aware online controllers jointly tune DVFS and learning hyperparameters

under non-stationary workloads, sustaining timing and accuracy under data and power

drift. Together, these layers form a unified, pipeline- and learning-centric co-design stack for

predictable On-Device learning.

1.1 Thesis Statement

The thesis statement of this dissertation is as follows: predictable, energy-aware,

and self-adaptive On-Device learning for safety-critical cyber-physical systems is a distinct

systems problem that requires cross-layer coordination among model structure, runtime

scheduling, and resource management. By co-designing multi-task model architectures

with memory- and deadline-aware schedulers and by closing the loop with environment-

and energy-aware controllers, On-Device learning systems can sustain real-time inference

and online adaptation within tight memory and energy budgets across diverse embedded

platforms and changing environments.

This dissertation makes the following contributions:

• Fitting modern models On-Device under stringent memory budgets. We

develop a family of memory-efficient model and training designs that make modern

multi-task perception, deep reinforcement learning, and online continual learning

workloads runnable on small embedded platforms. MIMONet introduces a multi-

input multi-output DNN framework that combines variational information-bottleneck
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pruning for residual networks with cross-model weight sharing, reducing runtime

memory by up to 80.7% on Jetson-class devices [214]; MixTraining consolidates self-

supervised and supervised passes into a unified pipeline that Pareto-dominates SSL+SL

in accuracy and training compute [219]; R3 co-optimizes batch size and replay-buffer

memory to deliver timing-predictable On-Device deep reinforcement learning across

Classic Control, Atari, and DonkeyCar workloads [217]; and Orion provides a self-

adaptive memory-management ecosystem that uses a unified health-score indicator to

autonomously rebalance batch size, replay-buffer memory, and optimization plugins,

eliminating out-of-memory failures while preserving plasticity and stability for On-

Device OCL.

• Reducing latency and deadline misses in real-time learning. We design runtime

systems that reduce latency and deadline misses for learning-enabled perception–control

pipelines on shared, non-preemptive embedded accelerators. RED is the first real-

time scheduler that supports weight-shared multi-task DNNs, intermediate-deadline

assignment, and on-demand synchronization across asynchronous perception–control

DAGs, reducing deadline-miss rates by 40.5% on average over EDF [215]. AOCL is an

OCL runtime that drives a finite-state, sign-based controller from a unified adaptation

metric to safely overlap training, evaluation, and inference on a single embedded GPU,

with analytical guarantees on settling time, feasibility, and transient deadline-miss

bounds.

• Deployable On-Device learning ecosystems in uncertain, resource-constrained

environments. We build deployment-time ecosystems that keep On-Device learning
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reliable under environmental drift and fluctuating power budgets. Genie is a dis-

tributed ROS-based caching layer that maintains a 3D object map across edge servers,

cutting perception latency by up to 95% for Autoware-based connected autonomous

robots [187]. EOCL is an energy-aware model-based optimization runtime with a

recency-aware Gaussian-process surrogate that jointly tunes CPU/GPU DVFS and

batch size online, reducing energy by up to 70% versus state-of-the-art OCL schedulers

under sudden environmental change while maintaining streaming accuracy.

1.2 Fitting Modern Models On-Device Under Stringent Mem-

ory Budgets

The first thrust of this dissertation focuses on making modern multi-task and

learning-enabled models runnable On-Device under stringent memory budgets, both for

inference and, increasingly, for On-Device updates. Embedded platforms such as the NVIDIA

Jetson Nano, AGX Xavier, and AGX Orin have only a few gigabytes of shared CPU–GPU

memory [215, 214], yet a single multi-task perception model, together with replay buffers,

optimizer state, and intermediate activations introduced by training, can easily exceed these

budgets. Memory pressure manifests not only as out-of-memory failures, but also as latency

jitter and reduced schedulability when activations and gradients evict caches and contend

with inference traffic.

MIMONet (Ch. 2) attacks this problem at the model level by restructuring multi-

task workloads into a single weight-shared network with multiple inputs and outputs. It

extends the variational information bottleneck to residual architectures to reduce intra-model
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redundancy, then adapts cross-model weight zipping to remove inter-model redundancy across

branches that operate on heterogeneous input modalities. The resulting models are not only

smaller, but also expose a partitionable structure that downstream schedulers can exploit.

MixTraining (Ch. 3) addresses the same memory and compute pressure on the training side

by inserting a unified mixtraining phase between self-supervised and supervised learning,

consolidating what would otherwise be separate forward and backward passes through a

shared backbone and smoothing the optimization transition between objectives [219].

R3 (Ch. 4) and Orion (Ch. 5) extend the memory-aware perspective to online

learning workloads where memory pressure is jointly driven by batch size, replay buffers,

optimizer state, and the inference path. R3 introduces a deadline-driven feedback loop that

selects batch size dynamically, paired with task-specific memory reductions that enable

larger replay buffers without out-of-memory failures, enabling On-Device deep reinforcement

learning across Classic Control, Atari, and a DonkeyCar simulator [217]. Orion generalizes

this insight to online continual learning: a unified runtime health score reallocates memory

across batch execution, replay storage, and optimization plugins in response to time-varying

pressure, autonomously balancing training latency, plasticity, and stability under fixed device

memory budgets.

1.3 Reducing Latency and Deadline Misses in Real-Time

Learning

The second thrust of this dissertation develops the runtime layer required to turn

memory-efficient learning models into deployable real-time systems. Embedded robotic
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pipelines are inherently DAG-structured: perception, control, and learning stages depend on

one another, and end-to-end latency must satisfy hard deadlines despite environment-induced

changes in workload structure [215]. At the same time, the underlying accelerators are

non-preemptive and shared by every stage, so co-executing training and inference without

coordination quickly translates into deadline misses, accelerator contention, and unstable

adaptation [28, 188, 324].

RED (Ch. 6) provides a systematic real-time scheduling framework that handles

dynamically changing workload structures, supports weight-shared multi-task DNNs such as

MIMONet, and absorbs asynchronous inference patterns through an intermediate-deadline

assignment policy and on-demand synchronization. On four Jetson platforms RED reduces

deadline-miss rates by 40.5% and response times by 24.7% on average over EDF, while

integrating seamlessly with ROS 2 and existing NVIDIA IoT stacks [215, 187].

AOCL (Ch. 7) extends real-time scheduling to single-embedded-GPU On-Device

OCL, where training and inference must share one non-preemptive accelerator. A Unified

Adaptation Metric (UAM) drives a finite-state, sign-based bang-bang controller that safely

overlaps evaluation and update, while a dynamic adaptive scheduler tunes alternation policy,

alternation interval, and batch size at iteration boundaries. AOCL is implemented as a non-

intrusive plugin on top of Avalanche [46, 233] and is accompanied by analytical guarantees

on per-axis settling time, steady-state inference feasibility, and a transient deadline-miss

bound during the controller’s safety fallback, providing predictability properties needed for

safety-critical deployment.
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1.4 Deployable On-Device Learning Ecosystems in Uncertain,

Resource-Constrained Environments

The third thrust addresses what is required to turn predictable On-Device learn-

ing into a deployable ecosystem for autonomous robots operating in uncertain, resource-

constrained environments. Two complementary dimensions emerge: how to exploit the

surrounding infrastructure to alleviate On-Device pressure, and how to remain robust to

environmental and energy variability that no static configuration can anticipate.

Genie (Ch. 8) takes a fleet-level view of this problem. In collaboration with Fujitsu,

we develop a distributed ROS-based caching layer that intercepts ROS communications

transparently, builds a shared 3D object map of an edge server’s surroundings, and allows

neighboring Genies to enrich one another’s caches. Deployed on Jetson TX2 and AGX Xavier

nodes with Autoware [187], Genie reduces vision-detection latency by 82% on average (up to

95%), with 31% reusable objects on average and up to 67% under multi-vehicle collaboration.

This shows that locality- and structure-aware caching at the edge is a practical way to

absorb the latency and SWaP constraints of mission-critical autonomous platforms [246].

EOCL (Ch. 9) closes the loop by making On-Device OCL itself energy- and

environment-aware. Embedded SoCs expose a high-dimensional reconfiguration space

spanning CPU/GPU dynamic voltage and frequency scaling and learning hyperparameters

such as batch size; the energy-optimal configuration is batch-size-dependent and shifts

whenever the environment changes, leaving static or energy-oblivious schedulers [46, 28, 188]

with substantial untapped headroom. EOCL formalizes deployment as a constrained online

optimization problem and introduces a recency-aware Gaussian-process surrogate with
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Expected Improvement acquisition that selectively forgets stale observations after drift.

Integrated with Avalanche, EOCL cuts energy by up to 26% versus the strongest online

schedulers and by up to 70% versus RECL [188], while keeping streaming accuracy within

roughly two percentage points and sustaining the lowest control-error rate under sudden

environmental change.

1.5 Dissertation Organization

The rest of this dissertation is organized as follows:

• Chapter 2 presents MIMONet, a multi-input multi-output On-Device deep learning

framework that combines an extended variational information bottleneck for residual

networks with cross-model weight zipping to deliver memory-, latency-, and energy-

efficient multi-task perception on embedded platforms.

• Chapter 3 presents MixTraining, a training framework that interposes a unified

mixtraining phase between self-supervised and supervised learning, consolidating shared

computation and smoothing the objective transition to yield Pareto improvements in

accuracy and training time.

• Chapter 4 presents R3, an On-Device real-time deep reinforcement learning system

that co-optimizes batch size, replay-buffer memory, and runtime coordination to deliver

timing-predictable On-Device DRL training across robotic benchmarks.

• Chapter 5 presents Orion, an adaptive memory-management ecosystem for On-Device

online continual learning that uses a unified health-score indicator to autonomously
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balance training latency, plasticity, and stability under stringent device memory

budgets.

• Chapter 6 presents RED, a systematic real-time scheduling framework for weight-

shared multi-task DNN workloads under robotic environmental dynamics, with intermediate-

deadline assignment and on-demand synchronization for asynchronous inference DAGs.

• Chapter 7 presents AOCL, a real-time continual-learning runtime that safely overlaps

training and inference on a single non-preemptive embedded GPU via a Unified

Adaptation Metric and a finite-state controller with analytical timing guarantees.

• Chapter 8 presents Genie, a distributed ROS-based caching layer for connected

autonomous robots that builds a shared 3D object map across edge servers and reduces

perception latency under SWaP-constrained deployment.

• Chapter 9 presents EOCL, an energy-aware On-Device OCL runtime that uses a

recency-aware model-based optimizer over CPU/GPU DVFS and batch size to minimize

energy under latency and accuracy constraints across non-stationary environments.

• Chapter 10 concludes the dissertation and outlines directions for predictable, energy-

aware, and self-adaptive On-Device learning beyond “deploy then freeze” edge AI.
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Part I

Fitting Modern Models On-Device

Under Stringent Memory Budgets
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Chapter 2

MIMONet: Multi-Input

Multi-Output On-Device Deep

Learning

2.1 INTRODUCTION

Single-input single-output (SISO) deep neural networks (DNNs) have demonstrated

impressive performance in various robotics applications [81, 251, 372, 336]. However, multi-

input single-output (MISO) DNNs have emerged as a promising alternative, as they have been

shown to surpass SISO DNNs both theoretically and empirically [352, 304, 166]. Developing

MISO DNNs is a crucial step towards creating multi-input multi-output (MIMO) DNNs for

intelligent embedded systems, especially in the field of robotics.
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According to Stanford’s “Artificial Intelligence and Life in 2030” report [335], AI

is expected to impact various fields, including home services [379], healthcare [239, 238,

237, 236], and transportation [240, 241, 69, 402]. To build such robots that thrive in these

areas that inherently require MIMO systems, they must process real-time inputs like spoken

language and facial expressions, providing personalized feedback based on factors like gender

and emotion [334]. Interactive companion robots, like the Vector Robot [83], are expected to

receive camera and microphone inputs and use this information to predict user preferences

and respond appropriately. In On-Device learning scenarios with strict hardware constraints

and performance requirements, deploying MIMO DNNs can be advantageous. By reducing

the need to deploy MISO DNN instances on the device, MIMO DNNs can significantly

lower resource demands. This paper presents MIMONet, a novel On-Device MIMO DNN

framework that achieves both high accuracy and On-Device efficiency in terms of critical

performance metrics, including latency, energy, and memory usage. The MIMO approach

inherently offers speed improvements by requiring only one forward pass for multiple tasks

(instead of multiple passes), reducing computational redundancy.

We first constructed a baseline MIMO DNN model and observed that it requires

high memory consumption and struggles to meet real-time constraints due to computational

demand. To minimize resource demands, MIMONet builds on an existing DNN model

compression technique, VIB [74], which is effective for SISO DNNmodels. However, extending

VIB to MIMO DNN models posed two new challenges. First, VIB exclusively supports the

compression of feed-forward networks [23], which makes it unsuitable for more advanced

networks, such as ResNet [145]. To address this limitation, MIMONet extends and develops a
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modified compression method for ResNet with residual blocks. Second, VIB was not designed

to handle MIMO scenarios and did not account for the unique characteristics of MIMO

models. VIB focuses on reducing intra-model redundancy but is unable to address common

inter-model redundancy in MIMO models. To address this issue, MIMONet develops a new

deep-compression method that reduces both inter- and intra-model redundancy, resulting in

deeper lossless compression for MIMO scenarios.

We conducted a two-fold evaluation of MIMONet. First, we compared its accuracy

against state-of-the-art SISO, MISO, and MIMO models using the RAVDESS dataset [230],

showing that MIMONet outperforms them in most scenarios. In the second set, we conducted

a comprehensive evaluation of MIMONet’s components’ impacts on On-Device efficiency,

including memory, latency, and energy. We deployed MIMONet on three widely used

embedded system platforms: NVIDIA Jetson Nano Orin, NVIDIA AGX Xavier, and NVIDIA

AGX Orin, which are most recently used platforms for various robotics applications [81, 251,

372, 126] such as Duckiebot [269], SparkFun Jetbot [271], and Waveshare Jetbot [273]. In

addition, we evaluated MIMONet on a PC machine for a more comprehensive assessment.

In summary, experimental results demonstrate that MIMONet can achieve:

• Reduced Memory Usage: MIMONet significantly reduces runtime memory usage by

80.7% compared to the baseline MISO models.

• Improved Inference Speed: MIMONet exhibits speed-ups of 1.98x, 2.29x, and 1.23x

compared to the baseline MISO model when tested on Nano, AGX, and Orin, respectively.
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• Enhanced Energy Efficiency: The energy savings offered by MIMONet are 2.01x,

8.64x, and 2.71x compared to the baseline MISO model when tested on Nano, AGX, and

Orin, respectively.

The major contributions of this paper can be summarized as follows:

• Innovative MIMO Framework for Robotics: We introduce MIMONet, one of the

first frameworks to utilize a unified neural network for processing multiple inputs and

outputs simultaneously, addressing complex inference tasks in robotics.

• New Deep-Compression Method: MIMONet implements a novel deep-compression

method that enhances accuracy and On-Device efficiency, specifically tailored for MIMO

applications in robotics.

• Extensive Experimental Results: Our experiments on three embedded platforms

and a PC demonstrate MIMONet ’s high accuracy and superior On-Device efficiency in

terms of latency, energy, and memory usage, making it suitable for robots under stringent

hardware constraints.

• Real-World Case Study Validation: We conducted a realistic case study using

the TurtleBot3 robot, showing MIMONet ’s practical applicability and superiority over

state-of-the-art SISO and MISO models in face and audio recognition within cluttered

environments. This further validates its effectiveness for interactive robotic systems.
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2.2 BACKGROUND and RELATED WORK

2.2.1 MIMO Architecture

Classical deep neural networks typically follow a SISO format, designed to process

one input and produce one output at a time. However, as deep learning has evolved, certain

networks have been adapted to handle multiple inputs from varied domains, enhancing

accuracy. This approach, often referred to as multimodal learning [392] or multi-view

learning [403], leads to what is termed MISO networks [352, 304, 166, 152]. Building on

this, models with advanced accuracies have progressed to MIMO configurations [141], which

are capable of generating several outputs in one go. This MIMO technology is particularly

beneficial in fields like autonomous driving [228, 168] and robotic navigation [49], although

it does come with substantial demands on memory and computational resources. Few

concurrent works, like BEVFusion [228], try to alleviate these demands by optimizing data

processing from sensors to mitigate performance issues. Different from these works, our

study aims to tackle these challenges by focusing on model compression to facilitate practical

deployment in real-world scenarios.

2.2.2 Model Compression for On-Device Scenarios

Modern DNNs, like the ViT-Huge [360] and GPT-3 [40], although achieving state-of-

the-art accuracy, strain memory and computation resources for resource-constrained devices

during inferences. A practical solution to mitigate such an issue is model compression,

which aims to reduce model parameter count without affecting accuracy. They can involve

removing redundant parameters [74, 156, 91, 140, 227] or minimizing redundant precision
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Figure 2.1: Overview of MIMONet. In the left part, gray circles represent neurons inducing
intra-model redundancy. In the right part, green circles denote sharable neurons inducing
inter-model redundancy. Best viewed in color.

[70]. Two subclasses of model compression for multi-branch models consist of single-

model pruning and cross-model compression. The former compresses a single network by

eliminating unnecessary operations and parameters, while the latter minimizes inter-model

redundancy by identifying and removing shared parameters and operations across models

[74, 156, 91, 140, 257, 80, 153, 67]. Notably, the Multi-Task Zipping (MTZ) approach has

pioneered cross-model compression by automating the merging of pre-trained DNNs [156].

However, MIMONet leverages the Variational Information Bottleneck (VIB) method to

reduce intra-model redundancy, extending it for application to the ResNet architecture.

Furthermore, it adapts modified MTZ to reduce inter-model redundancy, which further

decrease the total parameters in the proposed MIMO model.

2.3 METHODOLOGY

2.3.1 Overview of MIMONet

Fig. 2.1 illustrates an overview of the On-Device MIMO inference framework. First,

inspired by the famous multi-branch architecture ResNext [368], we adopt a MIMO deep

neural network with multiple inputs backbone and multiple outputs classifiers as our baseline
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model (as shown in the first block). One forward prediction of this network requires multiple

inputs (image and speech) and generates multiple prediction outputs (emotion and gender)

simultaneously. To align and fuse feature information from the input image and speech, we

use ResNet as the backbone to extract features from both modalities. The feature maps

from both are then concatenated to create a unified representation. This fused feature map

serves as the input for the subsequent prediction layers.

However, directly deploying such baseline MIMO models to embedded devices

remains challenging. Specifically, embedded devices including most robots have limited

memory and require real-time performance for many real-world scenarios. For instance,

handling streaming data (e.g. high-speed cameras sampling 60 times per second) and ensuring

robustness in safe-critical scenarios (e.g., autonomous driving robots [269, 407, 196, 329, 330]).

In addition, energy savings are particularly needed for embedded devices because of limited

battery capacity and heat dissipation.

To address these challenges, employing model compression is an intuitive and

effective direction. First, we adopt the idea of VIB [74] to perform channel-wise hard

masking (the masked channel generates zero output, which can be pruned, while the

unmasked channel’s output remains the same) and follow pruning. Then, the pruned MIMO

model can maintain the original structure in the forward direction. However, VIB is designed

for the SISO model and thus reduces the intra-model redundancy. However, it does not

consider the characteristics of the MIMO framework, for instance, the MIMO framework

is naturally multi-branching and exhibits inter-model redundancy. Therefore, aiming to

reduce such redundancy intuitively can boost model compression performance. Furthermore,
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inspired by the idea from one cross-model compression work MTZ [156], we perform weights

merging between multiple independent branches to improve model compression efficacy

further. In summary, in MIMONet we focus on both intra-model redundancy and inter-model

redundancy, and thus can theoretically further improve the compression effectiveness and

achieve efficient On-Device deployment.

2.3.2 Reduce Intra-model Redundancy

We aim to reduce intra-model redundancy by performing single-model compression.

Specifically, we adopt and extend the idea from VIB [74] that reduces the redundant mutual

information between adjacent layers within the model. The vanilla VIB only applies to

neural networks such as VGG [325]. However, when dealing with neural networks that

possess a non-linear architecture, such as ResNet [145], which forms the foundation of our

MIMO model, the direct application of the conventional VIB approach is not feasible.

To address this, the design incorporates an “information bottleneck”, a learnable

mask, into each layer of the network that possesses learnable parameters (e.g., convolutional

layers). This bottleneck selectively filters information flow between layers, allowing only the

most relevant features to pass through, thus reducing redundancy. As shown in the left part

of Fig. 2.1, neurons with gray color are masked. Furthermore, combining the characteristics

of ResNet, we designed the following adaption scheme, detailed in Fig. 2.2: (1) Module-level

design: we add the information bottleneck layer as in the original VIB design for the layers

not in the residual block. However, we keep the input/output channel number unchanged

for each residual block, i.e., we do not insert an information bottleneck layer between two

residual blocks. (2) Block-level design: After the second information bottleneck layer, we
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insert a channel-recover operation. This operation restores the channel to the pre-pruning

mask based on the pruning mask by filling pruned channels with zeros, which ensures that

the input channel is matched during the concatenation operation between the main branch

and the bypass. Inspired by the design idea of ResNet [145], we intuitively assume the major

information throughout the network is concentrated in the bypass (consisting of direct input

or input after downsampling). Therefore, we do not set the mask in the bypass section.

The surprising result of this design is that, according to top-5 layer-wise compression

statistics upon application to the baseline MIMO model, the image branch is (100.0%, 98.4%,

97.9%, 96.1%, 87.1%), and the speech branch is (100.0%, 100.0%, 99.4%, 92.2%, 86.7%).

The information bottleneck within the residual block naturally led to all output channels

except the bypass from preceding layers being masked when a high compression rate was

achieved, suggesting that the primary information indeed flows through the bypass. This

outcome serves as empirical validation for the assumption underlying the adapted VIB

approach for ResNet. The effectiveness of this method is further supported by the observed

layer-wise compression rates, indicating the potential for significant model size reduction

without compromising the essential information flow through the network.

For illustration, we show an example of a basic block of ResNet in Fig. 2.2.

Surprisingly, as shown in Tab. 2.1, we find that with our design, certain information

bottlenecks within the residual block even naturally masked all the output channels (100.0%

layer-wise compression rate) from the previous layers when a high compression rate was

achieved. This finding verifies our assumption that the main information of ResNet is

concentrated in bypass, thus validating the effectiveness of our method.
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filled with zeros before the feature map summing. Best viewed in color.

Furthermore, we integrate performance optimization in the residual block to collapse

each convolutional (Conv2d) layer and the subsequent batch normalization (BatchNorm2d)

layer into a biased convolutional (BiasedConv2d) layer, as shown in the blue box in Fig. 2.2.

Since the On-Device deployed models mainly only require forward inference, i.e., all parame-

ters are fixed. Therefore, we could replace the BatchNormalization (BN) layer [170] with

multiplication and addition. Specifically, the output of the BN layer applied on the i-th

channel of layer l is:

BN(yl,i) = γl,i ·
yl,i − µl,i√
σ2
l,i + ϵ

+ βl,i (2.1)

where yl,i is the pre-activation output of the convolution layer, γl,i and βl,i are the two

learnable parameters (scaling and shifting) for the BN layer, µl,i and σl,i are the pre-calculated

mean and standard deviation. The effect of the BN layer can be replaced by multiplying the

incoming weight of convolutional layer wl,i by a scalar
γl,i
σl,i

and adding βl,i −
γl,i·µl,i

σl,i
to the

bias bl,i.
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Table 2.1: An example of top-5 layer-wise compression statistics upon applying to baseline
MIMO model.

Compression Rate Index 0 1 2 3 4

Image Compression Rate 100.0 98.4 97.9 96.1 87.1

Speech Compression Rate 100.0 100.0 99.4 92.2 86.7

2.3.3 Reduce Inter-model Redundancy

After reducing intra-model redundancy, we explore the possibility of decreasing the

total number of parameters by reducing the inter-model redundancy through cross-model

compression techniques. In a MIMO model, it is not obvious that sharable knowledge

exists between the network’s branched parts, as they are processing inputs from an entirely

different domain, e.g., one for audio and the other for video input. However, as shown

in [154], sharable knowledge still exists within models designed for different input domains,

as long as their outputs are fused and serve the same output tasks. Specifically, we have

observed a significant amount of sharable knowledge can be found within the later layers, as

features are becoming more abstract at this stage, and these abstract features are used for

the same tasks.

To this end, we extend the MTZ [156, 154] framework to merge model weights

from multiple independent branches. MTZ is a framework that automatically and adaptively

merges deep neural networks for cross-model compression via neuron sharing. t the core

of MTZ is the neural similarity metric, derived from a second-order analysis of the model
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parameters. It measures the similarity in function between two neurons’ incoming weights,

which is given by:

d[w̃A
l,i, w̃

B
l,j ] =

1

2
(w̃A

l,i − w̃B
l,j)

⊤

·
(
(H̃A

l,i)
−1 + (H̃B

l,j)
−1

)−1
· (w̃A

l,i − w̃B
l,j) (2.2)

where w̃A
l,i, w̃

B
l,j ∈ RÑl−1 are the incoming weights, and H̃A

l,i, H̃
B
l,j are the associated layer-wise

Hessians [156, 154].

Motivated by this principle, we treat each branch as independent computing sub-

graphs in our MIMO model. As shown in the right part of Fig. 2.1, neurons with green color

are shared between different branches. The branches are aligned from the very first layer

such that they can be merged and optimized by MTZ layer after layer. This design can also

deal with branched layers with different widths, as long as they share the same underlying

structure, such as convolutional layers or residual blocks. As proved by experiments, reducing

inter-model redundancy effectively reduces the baseline MIMO model size for more efficient

On-Device deployment.

2.3.4 Integrate with Quantization Techniques

To further enhance the On-Device deployment efficiency of our MIMO inference

framework, integrating quantization techniques presents a promising avenue. Quantization

involves converting a model’s floating-point weights and activations to lower precision formats,

such as fixed-point integers, which significantly reduces the model size. This process is

crucial for embedded devices with stringent memory and computational resource constraints.
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Our proposed method, which already incorporates strategies for intra-model and

inter-model redundancy reduction, can naturally extend to include quantization. In the

quantization process, the weights and activations of the pruned and merged MIMO model

are mapped from floating-point to fixed-point representation. This mapping can be achieved

through various quantization schemes, such as uniform or non-uniform quantization, with or

without re-training (quantization-aware training or post-training quantization). For instance,

post-training quantization could be directly applied to the compressed model to reduce its

precision without the need for further training quickly. Specifically, for a parameter w, the

quantization to 8-bit (int8) and 4-bit (int4) integers can be expressed as:

wint8 = round

(
w −min(W )

max(W )−min(W )
× 255

)
− 128

wint4 = round

(
w −min(W )

max(W )−min(W )
× 15

)
− 8

, where W represents the set of all parameters in the model that are subject to quantization,

min(W ) and max(W ) denote the minimum and maximum model parameters, respectively.

This process introduces a trade-off between efficiency and accuracy. The integration with

quantization techniques not only further reduces the memory footprint and computational

requirements of the MIMO model but also leverages the hardware accelerators often found in

embedded devices, which are optimized for low-precision arithmetic operations. Consequently,

this integration can lead to significant improvements in inference speed and energy efficiency,
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Natural / Man Angry / Man Happy / Woman Sad / Woman

Figure 2.3: Data examples of RAVDESS dataset [230].

making our MIMO inference framework even more suitable for real-time applications on

resource-constrained devices.

2.4 EVALUATION

2.4.1 Experimental Setup

We set up four baselines for comparison with MIMONet: two SISO models and two

MISO models, both using ResNet-18 as the backbone. In MISO models, ResNet-18 extracts

features from each input (image and audio), which are then concatenated and passed through

three fully connected layers for prediction. MIMONet differs by having multiple predictors

after the fully connected layers, enabling it to generate multiple predictions in a single

forward pass. We also apply approximations like half-precision (FP16) and post-training

quantization (INT8 and INT4).

We leverage the RAVDESS dataset [230], with 7356 multimodal clips from 24 actors,

to evaluate our method’s performance in multi-input scenarios, specifically for concurrent

emotion and gender predictions. Some examples are shown in Fig. 2.3. We use 80% of the

data (19 actors) for training and 20% (the other 5 actors) for testing. All experiments are

run three times, with averaged results reported. Such tasks are pivotal for developing robots

designed for human-robot interactions, applicable in healthcare for patient monitoring by
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Table 2.2: Experimental results of MIMONet. The best results are highlighted in bold. The
second-best results are underlined.

Method Acc./emo Acc./gen Par.(×106) Mem.(MB)
Latency(ms) Energy(mJ)

Nano AGX Orin Nano AGX Orin

SISO/img-emo 62.45 N/A 11.82 1003.49 6.24 7.46 2.42 49.30 298.40 134.56
SISO/img-gen N/A 77.40 11.82 1000.12 6.04 7.50 2.38 47.60 298.02 131.76
SISO/aud-emo 61.81 N/A 11.82 983.49 3.04 4.30 1.92 24.20 171.90 71.62
SISO/aud-gen N/A 88.24 11.82 956.92 2.98 4.16 1.88 23.62 166.42 70.12
MISO/emo 73.04 N/A 25.51 1362.10 10.08 8.30 3.36 80.24 348.60 161.28
MISO/gen N/A 77.43 25.51 1342.87 9.78 8.22 3.30 77.76 343.58 158.60

MIMO 74.26 83.99 25.51 1364.96 5.26 4.15 2.95 39.98 175.29 81.90

MIMONet (FP32) 76.28 83.17 0.92 910.11 5.21 3.96 2.84 40.88 45.93 66.17
MIMONet (FP16) 76.29 83.16 0.92 688.15 5.15 3.72 2.81 40.42 43.15 61.54
MIMONet (INT8) 76.40 84.48 0.92 577.17 5.11 3.66 2.74 39.96 41.34 59.98
MIMONet (INT4) 75.72 87.01 0.92 521.68 5.02 3.61 2.70 39.26 40.07 59.01

interpreting emotions, in customer service for personalized assistance, and in education to

tailor teaching strategies based on emotional and demographic insights.

2.4.2 Implementation Details

For the SISO, MISO, and MIMO models without pruning, we set the learning rate

to 1e-4 for the Adam optimizer [192] and train 2000 epochs to ensure training stability and

convergence. All models in this paper are trained from scratch without using extra data for

fair comparisons. We adjust the learning hyperparameters of VIB to balance weighted loss

values into the same order of magnitude, specifically, we select the Adam optimizer with a

weight decay rate of 5e-5 and set the learning rate to 1e-3, IB learning rate to 1e-3, and KL

parameter to 1e-7. We set merge degree to 0.9 as default in [156]. All of our implementations

are based on native PyTorch [287]. Quantization is implemented by referring to native

PyTorch dynamic post-training quantization. System performance of NVIDIA devices is

measured by tegrastats profiler [272]. We train all DNNs on a server with an Intel E5-2650

CPU and a GeForce RTX 2080 Ti GPU. Inference experiments are conducted on embedded
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devices based on NVIDIA Jetson Developer Kits (Nano, AGX Xavier, and AGX Orin) 1 ,

which are widely used as the mainboard of various commercial robots, e.g., Duckiebot [269],

SparkFun Jetbot [271], Waveshare Jetbot [273].

2.4.3 Metrics

We study the following five metrics to evaluate the accuracy and On-Device

efficiency of MIMONet. 1) Accuracy: the ratio of correctly identified samples in the test set

to the total number of samples in the test set. Note that the accuracies of the two tasks

(emotion and gender) are evaluated separately. 2) Parameter number: number of learnable

parameters. 3) Memory: required runtime memory for models. 4) Latency: average wall-

clock time required to perform one forward prediction. 5) Energy: We measure system-wide

energy consumption. For a fair comparison, we calculate the average latency and energy

consumption for 10,000 forward passes. We aim to improve On-Device efficiency (reduce

parameter number, latency, memory, and energy) as much as possible while maintaining the

model’s effectiveness (accuracy).

2.4.4 Effectiveness

Table 2.2 provides a comparative analysis of the MIMONet’s performance against

its SISO and MISO counterparts on the RAVDESS dataset. Observably, MIMONet and its

variants with different precision (FP32, FP16, INT8, and INT4) consistently outperform

SISO and MISO configurations across several metrics:

1NVIDIA embedded devices equip an integrated GPU with different data processing costs from an
independent GPU on an x86 architecture PC or server. To ensure fair comparisons, all inferences experiments
are run on an integrated GPU with maximal power mode.
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Table 2.3: Ablation study results of accuracy and On-Device efficiency. The best results are
in bold.

Method Acc./emo Acc./gen Par.(×106) Mem.(MB)
Latency(ms) Energy(mJ)

Nano AGX Orin Nano AGX Orin

MIMONet 76.40 84.48 0.92 577.17 5.11 3.66 2.74 39.96 41.34 59.98
w/o VIB 74.26 83.99 25.51 1364.96 5.26 4.15 2.95 39.98 175.29 81.90
w/o MTZ 75.63 82.70 1.07 930.09 5.15 3.98 2.80 40.28 44.23 62.34
w/o PTQ 76.28 83.17 0.92 910.11 5.32 3.96 2.84 40.88 45.93 66.17

MIMONet 76.40 84.48 0.92 577.17 5.11 3.66 2.74 39.96 41.34 59.98
w/ RandPruning 12.66 51.22 0.92 579.22 5.15 3.71 2.77 40.43 42.23 60.12

• Accuracy (Acc.: MIMONet models demonstrate superior performance, with the INT8

variant achieving the highest emotion recognition accuracy (Acc./emo) at 76.40%, sur-

passing SISO and MISO models by 3.36% and a relative gain of 4.6%. The best gender

recognition accuracy (Acc./gen) is 87.01%, competitive with state-of-the-art results. Al-

though SISO models excel in gender recognition using vocal features alone, adding image

inputs can introduce variability, as facial cues are not always distinct. Nevertheless,

MIMONet maintains excellent recognition ability even after compression due to ResNet’s

efficient feature extraction and fusion of image and audio inputs. Compression techniques

like INT8 further enhance efficiency by reducing resource requirements while preserving

high accuracy, showcasing MIMONet ’s adaptability in processing multi-modal data.

• Parameter number (Par.): MIMONet largely reduce parameter number via reducing

intra- and inter-task redundancies. It can reach a 96.4% compression rate while achieving

very competitive accuracy performance.

• Memory Usage (Mem.): MIMONet demonstrates significant memory efficiency for

memory-constrained robotic scenarios. For instance, while MISO/emo and MISO/gen con-

figurations require about 1362.10 and 1342.87 MB of memory respectively, the MIMONet

variants operate with markedly less, with the MIMO (INT4) requiring only 521.68 MB.
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Note that MIMO can operate both tasks simultaneously, unlike the two separate MISO

models, which in total consume 2704.97 MB2, representing approximately up to 80.7%

reductions3 in memory requirements compared to MISO models.

• Latency (Latency/FP): MIMONet shows better latency performance on all three

embedded testbeds. Note that MIMONet could generate results of two tasks in one

forward pass, while SISO or MISO requires two forward passes. Specifically, MIMONet

exhibits speedup compared to MISO models up to 1.98x, 2.29x, and 1.23x on Nano, AGX,

and Orin, respectively.

• Energy (Energy/FP): MIMONet also demonstrates superior efficiency on all three

embedded testbeds. Specifically, MIMONet exhibits energy saving compared to MISO

models up to 2.01x, 8.64x, and 2.71x on Nano, AGX, and Orin, respectively.

Effective and Efficient On-Device deployment : our experimental results

demonstrate that MIMONet can address all challenges in Sec. 2.3.1 (limited memory, real-

time constraints, and energy constraints) while not sacrificing and often improving accuracy

performance.

2The 2704.97 MB memory usage for two MISO models may double-count shared PyTorch framework
memory. In practice, models can share some memory, reducing the total. However, MIMONet still provides
substantial memory savings.

3Although the parameter count of MIMONet is reduced by up to 96.4%, memory consumption is not
reduced by as much. This is because the PyTorch framework reserves some internal memory and introduces
memory overhead.
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2.4.5 Ablation Study

We exhibit the ablation study results in Table 2.3. We interpret the results as

follows:

• Efficacy of Reducing Intra-Task Redundancy (VIB): Removing VIB increases

memory usage from 577.17 MB to 1364.96 MB and parameters from 0.92 million to 25.51

million, highlighting its effectiveness in reducing intra-task redundancy. Unlike random

pruning, which largely degrades accuracy, VIB retains relevant information and reduces

noise, making it crucial and particularly work for managing MIMO tasks efficiently.

• Efficacy of Reducing Inter-Task Redundancy (MTZ): Omitting MTZ reduces

accuracy in emotion and gender recognition, increases memory usage, and raises la-

tency slightly, demonstrating its importance in minimizing inter-task redundancy and

maintaining accuracy.

• Efficacy of Post-Training Quantization (PTQ): PTQ significantly reduces the model

footprint through low-precision data structures, with minimal impact on accuracy. It

decreases latency and energy consumption, enhancing post-training efficiency without

major accuracy loss.

Component Efficacy : The ablation study confirms the critical role of each

MIMONet component in ensuring optimal On-Device performance.
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Figure 2.4: Parameter study results demonstrating the effect of hyperparameters in our
algorithm. The first two figures show the relationships between compression rate and
accuracy for the intra-model compression, and the third figure shows the parameter study for
the inter-model compression. We visualize emotion task accuracy in this parameter study.

2.4.6 Parameter Study

We performed a series of parameter studies to assess the impact of different

hyperparameters in MIMONet. As shown in Fig. 2.4, we present scatterplots of accuracy

and compression rate for different hyperparameters in MIMONet. We found that the IB

learning rate parameter requires careful selection, with 1e-3 being optimal for this study. For

the KL parameter, a lower value setting (less than or equal to 1e-7) produced models with

high accuracy but less compression rate, while higher values resulted in higher compression

rates but very low accuracy. Therefore, a value of 1e-7 was optimal for the KL parameter in

this study. Additionally, we investigated the impact of the merge degree hyperparameter

on MIMONet, and found that it is insensitive to hyperparameters, with nearly lossless

compression in all cases. The learnable parameter number linearly decreases with an increase

in the merge degree, and model accuracy ranges from 74.21% to 75.80%, with model accuracy

after finetuning ranging from 75.12% to 76.67%.
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2.4.7 Case study on TurtleBot3

We conduct a case study using the TurtleBot3 robot to evaluate the real-world

applicability of MIMONet. Specifically, we replace the TurtleBot3’s main control device with

a Jetson Nano and install an RGB camera, USB audio card, and speakers. Subsequently,

a native speaker was invited to converse with the robot using happy tones while facial

videos were captured. The robot will make sounds and specific movements based on the

predictions. We evaluate three models (MISO, vanilla MIMO, and MIMONet) and find

that MISO generated wrong results and exhibited the longest response time due to two-pass

inferences. In contrast, vanilla MIMO and MIMONet both yield accurate results, while

MIMONet yields significantly shorter response times (3.00x speedup than vanilla MIMO on

average), which aligns with our evaluation (Sec. 2.4.4 and Sec. 2.4.5).

2.5 Discussion on Future Directions

Recent research on model compression has primarily focused on simpler models,

often neglecting complex architectures like ResNet [145], Transformer [344], and complex

graph-based models [193, 134, 345, 5, 106, 87, 88, 89]. Neural architecture search offers

promising methods for creating efficient designs suitable for rapid inference [398]. Our goal

is to adapt MIMONet for these advanced architectures, optimizing them for On-Device use

by addressing latency, energy, and memory limitations in models [352, 304, 107, 139]. While

our approach improves performance on GPU-based devices, integrating FPGAs [42, 399],

autonomous vechicles [90], and emerging VR technologies [327] into AI-optimized embedded

systems highlights a shift towards software-hardware co-design [389] for heterogeneous
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computing, paving the way for broader On-Device model deployment. In complex and

diverse multi-task models, compression gains might diminish with less overlap between

complex multiple tasks. We leave this to future work, where we plan to explore adaptive

compression strategies tailored for complex multi-task scenarios.

2.6 CONCLUSION

This paper introduces MIMONet, one of the first On-Device Multi-Input Multi-

Output (MIMO) Deep Neural Network (DNN) frameworks targeting robotic applications.

MIMONet achieves high accuracy and On-Device efficiency in terms of critical performance

metrics, such as latency, energy, and memory usage. Extensive experiments on three

widely used embedded platforms demonstrate that MIMONet can provide high accuracy

while enabling superior On-Device efficiency, particularly when compared to state-of-the-art

Single-Input Single-Output (SISO) and Multiple-Input Single-Output (MISO) models. Our

research is an important first step toward building efficient MIMO DNN frameworks for

practical On-Device learning scenarios, particularly for robots that often face hardware and

performance constraints.
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Chapter 3

MixTraining: Trade-Off Between

Compute and Performance

3.1 Introduction

Self-supervised learning (SSL) has emerged as a powerful paradigm for learning

general representations from unlabeled data, significantly improving performance on down-

stream tasks [40, 143]. The standard approach combines SSL with supervised learning

(SL) into a two-phase pipeline: first training a model on unlabeled data to learn general

representations, then adapting it to specific tasks using labeled data. This SSL+SL pipeline

has become the de facto standard across computer vision [61, 144, 143, 353], natural language

processing [82, 298, 40, 279, 254], and speech recognition [164, 55], particularly excelling in

data-scarce scenarios where labeled examples are limited.

35



However, this two-phase pipeline introduces a fundamental trade-off between

computational efficiency and model performance. While the first phase of SSL improves

downstream accuracy, it requires substantial additional computation that can be prohibitive

in resource-constrained environments. In fact, the SSL phase often demands hundreds

or thousands of GPU-days before any task-specific training begins [185, 92, 68]. This

computational overhead creates a significant barrier for practitioners, particularly those

who must train models from scratch due to data privacy requirements, domain-specific

constraints, or the absence of suitable pretrained models.

The abrupt transition between SSL and SL phases in the standard pipeline also

presents optimization challenges. The model must suddenly shift from optimizing self-

supervised objectives (e.g., reconstruction loss) to supervised objectives (e.g., classification

loss), potentially causing training instability and suboptimal adaptation [292, 258, 200].

This discontinuous transition may prevent the model from fully leveraging the synergies

between self-supervised and supervised learning signals.

To address these limitations, we propose MixTraining, a novel training framework

that introduces a dedicated mixtraining phase between the SSL and SL phases. Our key

insight is that the rigid separation between SSL and SL phases in conventional pipelines is

neither necessary nor optimal. The mixtraining phase jointly optimizes both self-supervised

and supervised objectives, creating a smooth transition that better preserves learned repre-

sentations while adapting to downstream tasks. Our design also consolidate what would be

separate forward and backward passes in the standard pipeline into unified operations (see

Fig. 3.3 for details), substantially reducing training time while improving model performance.
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Figure 3.1: MixTraining demonstrates significant accuracy and computation gains over
standard self-supervised learning and supervised learning pipeline across various data
limitations levels (10%, 50%, and 100%). Experiments are conducted on the TinyImageNet
dataset with the ViT-Tiny model; Each set of three points on the same line represents results
obtained with different training durations (50, 75, and 100 epochs).

As shown in Fig. 3.1, MixTraining consistently achieves superior accuracy and

lower training latency across varying data availability levels and training durations. For

example, on the full TinyImageNet dataset [205] with reconstruction-based SSL [162, 143],

MixTraining delivers an 18.89% relative improvement in accuracy (8.81% absolute) and

achieves 1.29× speedup over the standard SSL+SL pipeline. The advantage becomes even

more pronounced under severe data constraints: at 10% data availability, MixTraining

improves accuracy by 105.58% (relative) and reduces training latency by 1.24×.

In this work, we focus on the widely used reconstruction-based self-supervised

learning (SSL) paradigm (e.g., MAE) followed by supervised learning (SL) with classifica-

tion losses. Within this scope, MixTraining consistently provides a better trade-off by

smoothing the transition between reconstruction-based SSL and SL while reducing redundant

computation. We view extending MixTraining to other SSL objectives (e.g., contrastive

methods) as an important direction for future work.
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Contributions. We introduce the MixTraining framework, which enhances both compu-

tational efficiency and model performance over the conventional SSL+SL pipeline. Focusing

on reconstruction-based SSL and classification-based SL, our core contributions are:

• Superior accuracy through smooth objective transition. MixTraining intro-

duces a mixtraining phase that creates a gradual transition between self-supervised and

supervised objectives, avoiding the abrupt shift that can destabilize training in standard

pipelines. This smooth transition leads to consistently higher accuracy across all evalu-

ated settings. On TinyImageNet with ViT-Tiny, this design achieves an 18.89% relative

accuracy gain over the standard SSL+SL baseline.

• Computational efficiency via unified forward/backward passes. By merging

SSL and SL epochs into a joint optimization phase, MixTraining consolidates separate

forward and backward passes over the backbone into single operations. Since backbone

computations typically dominate training cost (the backbone is usually much larger than

task-specific heads), this system-level optimization yields substantial speedups (e.g., 1.29×

for ViT-T on TinyImageNet) while simultaneously improving accuracy.

• Robust generalization across diverse settings. MixTraining demonstrates consis-

tent Pareto improvements over SSL+SL baselines across different experimental configura-

tions, including multiple architectures (ViT, ResNet), datasets (CIFAR-10, CIFAR-100,

TinyImageNet), data limitation levels (from 10% to 100%), and training epochs. The

framework’s modular design enables integration with existing SSL+SL pipelines with

minimal modifications.
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Scope and Applicability. It is important to clarify that MixTraining does not aim to

replace the existing pretraining-finetuning paradigm when high-quality pretrained models

are readily available. Instead, our framework targets scenarios where practitioners must train

models from scratch due to data privacy constraints, domain-specific requirements where

generic pretrained models prove inadequate, or the absence of suitable pretrained models. In

these settings, MixTraining provides a more efficient alternative to the standard SSL+SL

pipeline, achieving superior performance while reducing training latency.

Organization. The remainder of this paper is structured as follows. Section 3.2 reviews

related work. Section 3.3 introduces the MixTraining framework, detailing its design

intuition and operational procedure. Section 3.4 presents comprehensive empirical evaluations

across multiple datasets and architectures. Section 3.5 concludes with a discussion of

limitations and future directions.

3.2 Related Work

Learning Pipelines and the Compute-Performance Trade-off. Early deep learning

models primarily relied on supervised learning (SL) with large labeled datasets [199, 326, 146].

More recently, self-supervised learning (SSL) has emerged as a powerful paradigm for learn-

ing transferable representations without labels, giving rise to a training pipeline that first

leverages SSL for representation learning and then adapts the model to downstream tasks via

supervised learning. This SSL+SL pipeline has been widely adopted across domains, includ-

ing computer vision [61, 144, 143, 353], natural language processing [82, 298, 40, 279, 254],

and speech recognition [164, 55]. While SSL+SL consistently improves accuracy over SL
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alone, especially in low-label regimes, it incurs a substantial increase in compute due to the

additional SSL phase [185, 68], leading to a compute-performance trade-off between the two

approaches. Recent work has begun to examine aspects of this trade-off; for example, [225] ex-

plore strategies to reduce the compute cost of the SSL stage. In this work, we directly study on

the compute-performance trade-off between SSL+SL and SL, and propose a new MixTrain-

ing pipeline that adds a dedicated mixtraining phase between SSL and SL, yielding Pareto

improvements in both accuracy and compute efficiency over the standard SSL+SL pipeline.

Modifications to Learning Objectives. A broad class of methods modifies learning

objectives to improve generalization, robustness, or stability. One important direction

explores the synergy between different objectives, such as combining self-supervised learning

and supervised learning objectives. Prior studies in this space have focused on domain adap-

tation [281, 27], mitigating catastrophic forgetting [151, 249], and improving data efficiency

[385, 189, 374, 388]. Another related line of work mixes up data from different sources or

domains to bridge distribution gaps or regularize decision boundaries [387, 383, 346, 229, 409],

often by constructing intermediate representations that incorporate information from mul-

tiple domains or tasks. Our work is inspired by these lines of research but differs in both

purpose and design: we introduce a dedicated mixtraining phase between SSL and SL to

smooth the transition between two learning different objectives, and we design this phase for

compute efficiency by merging forward and backward passes over the shared backbone—an

aspect not addressed in prior work.
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Efficient Training of Deep Neural Networks. A substantial body of research has

focused on reducing the computational and data costs of training deep neural networks while

maintaining competitive performance. Model compression techniques [137, 138, 173, 104, 32,

223] reduce network size and complexity through pruning, weight sharing, quantization, or

other architectural simplifications, thereby lowering both memory footprint and FLOPs for

more efficient training and deployment. Parameter-efficient finetuning methods [165, 85, 139]

freeze most of the backbone and introduce small trainable modules or low-rank adaptations,

greatly reducing optimization cost while preserving downstream performance. Data-efficient

training strategies [26, 255, 350, 29] accelerate convergence by prioritizing informative

examples, filtering redundant or noisy data, or leveraging pretrained models for improved

initialization. These approaches target model, parameter, or data-level efficiency, and are

complementary to our pipeline-level strategy: MixTraining could be integrated with these

techniques to further improve its efficiency.

3.3 Methodology

We briefly introduce the standard self-supervised learning and supervised learning

(SSL+SL) pipeline in Section 3.3.1. We introduce our MixTraining framework in Sec-

tion 3.3.2, which consists of its design intuition (Section 3.3.2) and operational procedure

(Section 3.3.2).
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(a) Standard SSL+SL Framework (b) SSL+SL w/ MixTraining Framework

Self-supervised Phase Supervised Phase Self-supervised Phase MixTraining  Phase Supervised Phase

𝑜𝑏𝑗𝑠𝑠𝑙 𝑜𝑏𝑗𝑠𝑙
𝑜𝑏𝑗𝑠𝑙

𝑜𝑏𝑗𝑚𝑖𝑥
𝑜𝑏𝑗𝑠𝑠𝑙𝑜𝑏𝑗𝑠𝑠𝑙 𝑜𝑏𝑗𝑠𝑙

Figure 3.2: Comparison of MixTraining with the standard SSL+SL framework. (a) The
standard SSL+SL framework features an abrupt transition from self-supervised objective
(objssl) to supervised objective (objsl). (b) Our MixTraining framework creates an dedicated
mixtraining phase in the middle. The mixtraining phase optimizes towards a mixed objective
(objmix), which enables a smooth transition from the self-supervised objective to the supervised
objective.

3.3.1 Background: The Standard Self-supervised Learning and Supervised

Learning Pipeline

The standard self-supervised learning and supervised learning pipeline consists of

two separate phases: a self-supervised learning (SSL) phase and a supervised learning (SL)

phase. In the self-supervised learning phase, a backbone model with a self-supervised learning

head is trained to help the model learn general feature representations. Specifically, this

process usually relies on learning from unlabeled data with reconstruction tasks [162, 161, 252]

or predicting manually masked tokens [82, 143]. The backbone model is further refined in

the supervised learning phase, together with a supervised learning head. This step adapts

the model to downstream tasks, usually achieving better performances than directly training

the downstream tasks. Fig. 3.2(a) shows the standard SSL+SL framework, which has now

become the go-to approach for improving the performance of AI models [353, 254].
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3.3.2 A New Framework: MixTraining

Design Intuition behind MixTraining

While the standard SSL+SL framework has achieved remarkable success, its self-

supervised learning and supervised learning phases are completely separated, leaving limited

opportunity for interaction or further optimization. To enable closer interactions between

these two phases, we propose a novel MixTraining framework, as shown in Fig. 3.2(b),

which effectively merges several self-supervised learning and supervised learning epochs into

an additional mixtraining phase, featuring a smooth transition between learning objectives.

MixTraining introduces a new mixtraining phase that allows joint updates of

self-supervised and supervised objectives, which is in contrast with the standard SSL+SL

framework, where one first updates the self-supervised objective and then updates the

supervised objective. At a high level, the benefits of this phase are rooted in the dedicated

joint optimization objective. The joint objective can be easily understood as a weighted

average of the self-supervised objective and the supervised objective to balance these two

objectives. We next explain the design intuition behind the mixtraining phase to achieve

both computation gains and accuracy gains.

Accuracy Gains. Since the self-supervised learning phase aims at learning general rep-

resentations and the following supervised learning phase aims at learning task-specific

information, intuitively, these two phases optimize the model in different directions. The

standard SSL+SL framework features an abrupt change in optimization directions during

the transition from self-supervised learning and supervised learning (Fig. 3.2(a)), which may
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cause instability in model performance [258]. Indeed, there are also studies show that, in

certain settings, supervised learning in the second phase can lead to worse model performance

[292, 200]. In our MixTraining framework, the mixtraining phase creates a middle ground,

i.e., a weighted combination of two objectives, allowing a rather smooth transition from

the self-supervised learning objectives to the supervised learning objective, as illustrated

in Fig. 3.2(b). We hypothesize that such a smooth transition avoids instability in phase

transition, thus allowing the model to better adapt to the target task and achieve higher

accuracy. We validate the smooth-transition intuition by measuring the cosine similarity of

the last-backbone-layer gradients induced by different learning objectives. The average cosine

similarity between SSL and SL objectives is only 0.018, indicating that these two objectives

are nearly orthogonal. In contrast, the cosine similarity between SSL and MixTraining

objectives is 0.791, and between SL and MixTraining objectives is 0.598, suggesting that the

MixTraining objective indeed provides a smooth transition from SSL to SL. Our empirical

results in Section 3.4 further support the hypothesis that smooth transitions lead to higher

accuracy.

Computation Gains. In the standard SSL+SL framework, we first run self-supervised

learning passes with data (xssl, yssl), and then run supervised learning passes with data

(xsl, ysl). This process involves forward/backward passes of both (xssl, yssl) and (xsl, ysl), and

strictly follows a sequential order to compute each sub-processes (top part of Fig. 3.3). In

contrast, MixTraining aims to jointly optimize self-supervised and supervised objectives.

Specifically, it “merges” (xssl, yssl) and (xsl, ysl) into a mixed data (xmix, ymix) and thus merg-

ing the separate forward passes over the backbone model into a single pass, and use its

44



Forward Backward 

Merge ,  into   
Merge ,  into  

 𝐹𝑠𝑠𝑙,1 𝐹𝑠𝑙,1 𝐹𝑚𝑖𝑥,1
 𝐵𝑠𝑠𝑙,1 𝐵𝑠𝑙,1 𝐵𝑚𝑖𝑥,1

Backbone
Self-supervised head

Supervised head

(*Usually: Backbone size >> Self-supervised/Supervised head size)
Forward Backward 

Forward-Backward Flow (left) and Computation Graph Visualization & Breakdown (right)

GPU utilization (%)

𝐹𝑠𝑠𝑙,1  𝐹𝑠𝑠𝑙,2  𝐵𝑠𝑠𝑙,2

 𝐵𝑠𝑠𝑙,1
  𝐹𝑠𝑙,1   𝐹𝑠𝑙,2

 𝐹𝑠𝑠𝑙,2
  𝐹𝑚𝑖𝑥,1

 𝐹𝑠𝑙,2

𝐵𝑠𝑙,2

𝐵𝑠𝑙,1

𝐵𝑚𝑖𝑥,1
𝐵𝑠𝑙,2

𝐵𝑠𝑠𝑙,2

GPU utilization (%)

Backbone

Standard  SSL+SL

SSL+SL w/ MixTraining

( )𝑥𝑠𝑠𝑙

( , )𝑥𝑚𝑖𝑥  𝑦𝑚𝑖𝑥

𝐹𝑠𝑠𝑙,1
𝐹𝑠𝑠𝑙,2

𝐵𝑠𝑠𝑙,1
𝐵𝑠𝑠𝑙,2

𝐹𝑠𝑙,1
𝐵𝑠𝑙,1

𝐹𝑠𝑙,2
𝐵𝑠𝑙,2

𝐹𝑚𝑖𝑥,1

𝐹𝑠𝑠𝑙,2
𝐵𝑠𝑠𝑙,2

Self-supervised head

Supervised head
𝐹𝑠𝑙,2
𝐵𝑠𝑙,2

𝐵𝑚𝑖𝑥,1 Computation gain

Timeline

Timeline

( , )𝑥𝑠𝑙  𝑦𝑠𝑙

Figure 3.3: Comparison of MixTraining with the standard SSL+SL framework. Mix-
Training achieves computation gains over the standard SSL+SL framework. Top: Standard
SSL+SL. Data first goes through a self-supervised learning pass (Fssl,1 → Fssl,2 → Bssl,2 →
Bssl,1) and then goes through a supervised learning pass (Fsl,1 → Fsl,2 → Bsl,2 → Bsl,1).
Bottom: MixTraining. We merge two forward passes (Fssl,1 and Fsl,1) over the backbone
model together into a single pass Fmix,1, and use its result for both self-supervised head
and supervised head; the backward passes (Bssl,1 and Bsl,1) are merged into Bmix,1 (bottom
left). Our modifications reduce computation requirements and allow better parallelization
(bottom right).

result for both self-supervised head and supervised head; from the computation aspect, we

also merge the backward passes of self-supervised learning and supervised learning tasks

over the backbone model into a single pass (bottom left part of Fig. 3.3). Since the size of

the backbone model is usually much larger than the size of self-supervised and supervised

heads [143, 96, 371], the merge of forward/backward passes over the backbone model allows

us to reduce computation compared to the synchronous setting substantially. Additionally,

the merge of forward/backward passes over the backbone model allows better parallelization

of forward/backward passes over the self-supervised and supervised heads (right part of

Fig. 3.3), which further speeds up the computation. Empirically, we find the runtime of a

single merged mixtraining pass (0.317s) is lower than the combined runtime of an SL pass

and an SSL pass (0.543s = 0.248s + 0.295s), validating our intuition.
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The MixTraining Procedure

In this section, we introduce the operational procedure of our MixTraining

framework in detail. Besides the number of self-supervised learning epoch essl and the

number of supervised learning epoch esl, MixTraining takes as input a hyperparameter

mix-ratio ρ ∈ [0, 1] to determine the number of self-supervised learning/supervised learning

epochs emix to be merged into the mixtraining phase. We set

emix = ⌊ρmin(essl, esl)⌋. (3.1)

Our MixTraining framework then operates by running (i) the vanilla self-supervised

learning phase for essl − emix epochs, (ii) the mixtraining phase for emix epochs, and (iii) the

vanilla supervised learning phase for esl − emix epochs, as shown in Algorithm 1.

Since the self-supervised learning and supervised learning phases are standard, in

the following, we mainly discuss the mixtraining phase. In the mixtraining phase, we (i)

design a mixing function g to generate a mixed dataset, and (ii) design a joint optimization

objective as supervision signal. We next highlight the design choice for these two parts.

The Mixed Dataset. The goal of creating a mixed dataset Dmix = g(Dssl,Dsl) is to extract

information stored in self-supervised learning dataset Dssl = {xi}i and supervised learning

dataset Dsl = {(xi, yi)}i, featuring a smooth transition between two learning objectives

Fig. 3.2 (b). In the simple case where self-supervised learning and supervised learning use the

same input (i.e., xi), we can simply set g(Dssl,Dsl) = Dsl. We remark that the importance

of this simple case is usually overlooked: conducting self-supervised learning and supervised
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Algorithm 1 The MixTraining Framework

Input: Self-supervised learning epoch essl, Supervised learning epoch esl, mix-ratio ρ ∈
[0, 1].

1: Initialize model parameters θ.
2: Calculate mixtraining epoch emix via Eq. (3.1).
3: ▷ Vanilla Self-supervised Learning Phase
4: for e = 1 to essl − emix do
5: Conduct vanilla self-supervised learning phase w.r.t. self-supervised loss ℓssl(x; θ) to

optimize θ.
6: end for
7: ▷ MixTraining Phase
8: for e = 1 to emix do
9: Optimize the model parameter θ with respect to the joint optimization objective as

in Eq. (3.3).
10: end for
11: ▷ Vanilla Supervised Learning Phase
12: for e = 1 to esl − emix do
13: Conduct vanilla supervised learning phase w.r.t. supervised loss ℓsl(f(x), y; θ) to

optimize θ.
14: end for

learning on the same ImageNet dataset allows one to boost the top-1 classification accuracy

from 82.5% to 84.9%, without using extra data [143].

We next discuss the general case where the self-supervised learning dataset is not

the same as the supervised learning dataset, i.e., Dssl ̸= Dsl. Inspired by the mixup method

in machine learning to improve the generalization and robustness to adversarial examples

[387], we consider a randomized mixing function g, which randomly mixes up data points

from both datasets. Specifically, we set

Dmix = g(Dssl,Dsl) = {(xmix, ysl) : xmix = λxsl + (1− λ)xssl, (xsl, ysl) ∈ Dsl, xssl ∈ Dssl},

(3.2)
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where for each (xsl, ysl) ∈ Dsl, we randomly draw a self-supervised data point xssl from Dssl

and generate a mixup feature λxsl + (1 − λ)xssl, where λ is a hyperparameter of user’s

choice (we set λ = 0.5 in our experiments to balance the contribution from both datasets).

We adopt the supervised label ysl to provide supervised signal since the self-supervised part

typically doesn’t require labels.

The Joint Optimization Objective. Let θ denote the model parameters. Let ℓssl(x; θ)

denote the self-supervised loss, e.g., MSE reconstruction loss for masked autoencoders [143],

and let ℓsl(f(x), y; θ) denote the supervised loss, e.g., cross-entropy for image classification

[199]. Let Dssl represent the SSL dataset, which contains examples {xi}i, and Dsl represent

the SL dataset, which also contains examples {(xi, yi)}i. These datasets serve as the sources

for self-supervised and supervised learning, respectively. The classical SSL+SL framework

first optimizes minθ Ex,y∼Dssl
[ℓssl(x; θ)] and then optimizes minθ Ex,y∼Dsl

[ℓsl(f(x), y; θ)].

To integrate self-supervised and supervised learning objectives, MixTraining

considers a weighted combination of these two objectives and optimizes the following goal:

min
θ

E(x,y)∼Dmix
[α ℓssl(x; θ) + (1− α) ℓsl(f(x), y; θ)], (3.3)

where Dmix is the mixed dataset and α ∈ (0, 1) is a hyperparameter loss-ratio designed to

balance the focus between learning general representations (by optimizing self-supervised

loss ℓssl(x; θ)) and achieving specific target (by optimizing supervised loss ℓsl(f(x), y; θ)).

Eq. (3.3) can be naturally extended to include a continuously annealed loss weight α that

interpolates between the SSL and SL objectives. For simplicity, we retain the current form
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of Eq. (3.3); our ablation study in Section 3.4.2 shows that both linear and cosine annealing

yield comparable performance.

3.4 Experiments

3.4.1 Setups

Datasets. We conduct experiments on standard computer vision datasets, including

CIFAR-10 [198], CIFAR-100 [198], and TinyImageNet [205].

Models. Our model consists of three components: a shared backbone model, a classification

head for SL, and a reconstruction head for SSL. For most of our experiments, we use the

standard ViT-Tiny (ViT-T) [92, 361] as the backbone and the classification head. We adopt

masked autoencoding (MAE) [143] as the reconstruction task and use an MAE decoder of

depth 2 as the reconstruction head. In Section 3.4.4, we provide additional experiments

with ResNet-18, where the reconstruction task is standard autoencoding (AE) and the

reconstruction head is a two-layer transposed convolution [384].

Baselines. We evaluate the performance of our algorithm (Algorithm 1) against the

following baselines:

• Supervised learning (SL). Conduct standard supervised learning on the backbone and the

classification head with cross-entropy loss for esl epochs.
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• Self-supervised learning + supervised learning (SSL+SL). Conduct self-supervised learning

on the backbone and the reconstruction head with MSE loss for essl epochs and then

conduct standard supervised learning with cross-entropy loss for esl epochs.

The comparison between SL and SSL+SL reflects the compute-performance trade-off:

SSL+SL achieves better performance at the cost of the added computation in the SSL-alone

step. We aim to provide a better compute-performance trade-off with MixTraining, i.e., a

Pareto improvement over the SSL+SL baseline. We adopt a standard set of augmentations

following [146, 72, 50]. We remark that our goal is not to maximize benchmark accuracy,

but to enable a controlled and reproducible comparison across different training pipelines.

Evaluation Metrics. For each method, we measure its performance by the accuracy on

the downstream classification task and its computation cost by the training latency (i.e.,

the total wall-clock time). We report the average accuracy and latency over 4 runs with

different random seeds. We calculate the speedups of our method as the ratio between the

latency of SSL+SL and MixTraining.

Other Implementation Details. We conduct experiments across various data limitation

levels by randomly select a fraction of p data points from the original dataset; we choose

p ∈ {10%, 25%, 50%, 75%, 100%}. In our main experiments, we set training epoch esl =

essl = 100, loss-ratio α = 0.5, and mix-ratio ρ = 0.5.
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3.4.2 Main Results

We present our main experiment results in this section. Results across different

data limitation levels are provided in Section 3.4.2, and results with varying SSL and SL

datasets are presented in Section 3.4.2.

Performance Analysis across Various Data Limitation Levels

In this section, we evaluate the performance of MixTraining across various data

limitation levels. We conduct experiments on CIFAR-10, CIFAR-100, and TinyImageNet

datasets and present results in Table 3.1. As expected, the comparison between SSL+SL

and SL reflects a compute-performance trade-off: SSL+SL achieves better accuracy at the

cost of higher training latency. Our MixTraining method achieves a Pareto improvement

over the SSL+SL baseline: MixTraining achieves higher accuracy and lower latency

in 15 out of 15 settings.

Compared to baselines, MixTraining achieves significant accuracy gains: for

instance, on the full TinyImageNet dataset with the ViT-T model, MixTraining achieves

18.89% relative accuracy gain (8.81% absolute accuracy gain) over SSL+SL and 32.17%

relative accuracy gain (13.50% absolute accuracy gain) over SL. The accuracy gains are

more significant under limited data: for instance, on the TinyImageNet dataset and at data

limitation level of 10%, MixTraining achieves 105.58% relative accuracy gain (10.78%

absolute accuracy gain) over SSL+SL and 189.92% relative accuracy gain (13.75% absolute

accuracy gain) over SL. MixTraining also saves more compute (reflected as training

latency) compared to SSL+SL. For instance, on the full TinyImageNet dataset with the
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Table 3.1: Accuracy and latency comparison using the ViT-T model. We evaluate perfor-
mance across various data limitation levels p ∈ {10%, 25%, 50%, 75%, 100%}. The highest
accuracy in each setting is highlighted in bold). MixTraining achieves a Pareto improve-
ment over the SSL+SL baseline, achieving higher accuracy and lower latency in 15
out of 15 settings.

Datasets Methods
10% 25% 50% 75% 100%

Accuracy↑ Latency(s)↓ Accuracy↑ Latency(s)↓ Accuracy↑ Latency(s)↓ Accuracy↑ Latency(s)↓ Accuracy↑ Latency(s)↓

TinyImageNet
SL 7.24% 1102.42 20.91% 2619.14 30.36% 5181.44 36.98% 7709.21 41.96% 10257.12

SSL+SL 10.21% 2382.06 21.78% 5813.27 34.30% 11449.43 42.73% 17296.22 46.65% 22917.29
MixTraining 20.99% 1913.75 31.43% 4516.69 42.77% 8868.88 49.30% 13304.60 55.46% 17795.47

CIFAR-10
SL 53.40% 589.44 66.03% 1335.79 75.00% 2593.27 79.22% 3844.27 81.52% 5155.59

SSL+SL 56.79% 1253.65 67.95% 2774.24 77.06% 5354.08 82.11% 7993.72 84.69% 10730.52
MixTraining 60.45% 962.16 72.61% 2206.13 79.95% 4247.78 83.97% 6234.03 87.13% 8274.45

CIFAR-100
SL 19.05% 609.11 31.49% 1346.96 42.50% 2580.08 48.97% 3814.54 54.72% 5022.96

SSL+SL 22.27% 1279.78 34.93% 2882.62 46.02% 5551.88 53.79% 8226.83 57.92% 10960.08
MixTraining 25.19% 1010.94 38.55% 2226.92 48.60% 4298.75 55.84% 6354.76 59.95% 8457.93

ViT-T model, MixTraining acheives 1.29× speedup compared to SSL+SL. These results

show that MixTraining provides a better compute-performance trade-off compared to the

standard SSL+SL pipeline across various data limitation levels.

Self-Supervised Learning and Supervised Learning on Different Datasets

In this section, we evaluate the performance of MixTraining in settings where the

self-supervised learning dataset and supervised learning dataset are different. We perform

self-supervised learning on the TinyImageNet dataset and supervised learning on the CIFAR-

10 or CIFAR-100 datasets. We present the results in Table 3.2. The comparison between

SSL+SL and SL still reflects the compute-performance trade-off: SSL+SL achieves better

accuracy at the cost of higher training latency. Our MixTraining method achieves a Pareto

improvement over the SSL+SL baseline: MixTraining achieves higher accuracy and

lower latency on both settings.

Compared to baselines, MixTraining achieves significant accuracy gains: for

instance, on the CIFAR-10 dataset with the ViT-T model, MixTraining achieves 5.58%
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Table 3.2: Accuracy and latency comparison with different self-supervised and supervised
datasets using the ViT-T model. We use TinyImageNet as the self-supervised learning dataset
and use CIFAR-10/CIFAR-100 as the supervised learning dataset. The highest accuracy in
each setting is highlighted in bold. MixTraining achieves a Pareto improvement over the
SSL+SL baseline, achieving higher accuracy and lower latency in both settings.

Methods
TinyImageNet to CIFAR-10 TinyImageNet to CIFAR-100

Accuracy↑ Latency(s)↓ Accuracy↑ Latency(s)↓

SL 81.76% 5203.76 54.22% 5149.24
SSL+SL 84.48% 16815.33 56.22% 16582.02
MixTraining 89.19% 12098.50 58.49% 13742.15

relative accuracy gain (4.71% absolute accuracy gain) over SSL+SL and 9.09% relative

accuracy gain (7.43% absolute accuracy gain) over SL. In terms of computation cost (reflected

as training latency), MixTraining also saves more compute compared to SSL+SL. For

instance, on the CIFAR-10 dataset with the ViT-T model, MixTraining can achieve 1.39×

speedup compared to SSL+SL. These results show that MixTraining can provide a better

compute-performance trade-off compared to the standard SSL+SL pipeline, even when

using different datasets for self-supervised learning and supervised learning.

MixTraining is More Powerful than Standard Data Mixups

To examine the advantages of MixTraining over standard data mixups [387], we

further equip the SL and SSL+SL baselines with mixup data augmentation (Table 3.3) on

both CIFAR-10 and CIFAR-100 datasets. While mixup improves the baselines’ performance,

our proposed MixTraining method consistently achieves the best performance. This

demonstrates that MixTraining provides advantages that standard mixup alone cannot

achieve; the gains stem from the unified MixTraining pipeline described in Section 3.3.2,

rather than just from augmentation effects.
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Table 3.3: Accuracy comparison on CIFAR-10 and CIFAR-100 with mixup augmentations
applied to the SL and SSL+SL baselines (with ViT-T). We report results under the 100%
data setting. The highest accuracy is highlighted in bold. MixTraining achieves the best
performance over the baselines.

Datasets CIFAR-10 CIFAR-100

SL w/ mixup 83.87% 58.96%
SSL+SL w/ mixup 85.81% 59.41%
MixTraining 87.13% 59.95%

Table 3.4: Ablation of linear and cosine annealing schedules for loss weight α inMixTraining.
We conduct experiments on the CIFAR-10 dataset with the ViT-T model. All variants
achieve comparable performance.

Methods 10% 25% 50% 75% 100%

Algorithm 1 60.45% 72.61% 79.95% 83.97% 87.13%

Algorithm 1 w/ linear 61.49% 72.21% 79.07% 84.82% 86.90%

Algorithm 1 w/ cosine 60.65% 72.03% 79.16% 83.40% 87.00%

Smooth Interpolation of α in the Mixtraining Phase

While Eq. (3.3) uses a fixed loss weight α ∈ [0, 1], it can be naturally extended

to include a continuously annealed weight α that interpolates between the SSL and SL

objectives. In Table 3.4, we conduct ablations with both linear and cosine annealing schedules.

Since both variants achieve comparable performance to our original MixTraining approach,

this indicates that the key advantage lies in the existence of the mixtraining phase itself,

rather than in the specific scheduling of the weight α.

Impact of Training Epochs

We study the impact of varying training epochs essl, esl on model accuracy

and training latency. For simplicity, we set essl = esl and choose its value from {50,
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Table 3.5: Parameter study on training epochs with full data using the ViT-T model. The
highest accuracy in each setting is highlighted in bold. MixTraining achieves a Pareto
improvement over the SSL+SL baseline, achieving higher accuracy and lower latency
in 9 out of 9 settings.

Datasets Computation (epoch)
SL SSL+SL MixTraining

Accuracy↑ Latency(s)↓ Accuracy↑ Latency(s)↓ Accuracy↑ Latency(s)↓

TinyImageNet
50 39.75% 4957.82 42.16% 10714.36 50.96% 8410.97
75 41.74% 7560.40 44.22% 16498.39 53.09% 13111.49
100 41.96% 10257.12 46.65% 22917.29 55.46% 17795.47

CIFAR-10
50 80.78% 2489.38 83.75% 5365.33 85.60% 4193.42
75 81.59% 3818.88 84.48% 8070.96 86.79% 6515.22
100 81.52% 5155.59 84.69% 10730.52 87.13% 8274.45

CIFAR-100
50 54.25% 2713.55 56.91% 5763.71 58.67% 4421.63
75 54.71% 3881.84 56.95% 8104.50 59.11% 6459.23
100 54.72% 5022.96 57.92% 10960.08 59.95% 8457.93

75, 100}.1 We conduct experiments across various choices of data limitation levels p ∈

{10%, 25%, 50%, 75%, 100%}. Due to space limitations, we present results for learning with

full data (p = 100%) in the main content.

We present results with full data in Table 3.5. We observe that, compared to SL

and SSL+SL, MixTraining generally yields greater accuracy gains for added computation;

for example, doubling the training epochs from 50 to 100 results in a larger improvement in

accuracy. Interestingly, MixTraining with essl = esl = 50 outperforms SL with esl = 100

and SSL+SL with essl = esl = 100 in terms of both accuracy and compute: MixTraining

simultaneously achieves higher accuracy and lower training latency. MixTraining consis-

tently acheives a Pareto improvement over the SSL+SL baseline: MixTraining achieves

higher accuracy and lower latency in all 9 out of 9 settings. These improvements

again demonstrate that MixTraining is a superior training pipeline compared to the

standard SSL+SL approach.

1When essl = esl = 100, all validation loss curves have converged. Some validation losses may not fully
converge when the number of training epochs is reduced; however, this is intentional, as we aim to study
compute-performance trade-offs under compute-constrained settings.
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Table 3.6: Accuracy comparison in semi-supervised setting with 50% labeled data and 50%
unlabeled data. We conduct experiments on the CIFAR-10 dataset with the ViT-T model.
MixTraining achieves the best result over the baselines.

Metric SL SSL+SL MixTraining

Accuracy↑ 75.59 83.89 87.35

3.4.3 MixTraining in New Settings

Learning in Semi-Supervised Settings

We extend our experiments to the semi-supervised setting where 50% data are

labeled and the other 50% data are unlabeled. In this setup, the SL baseline trains only on

the labeled data, while the SSL+SL baseline first applies reconstruction-based SSL on all

data and then performs supervised learning on the labeled subset. In our MixTraining

framework, the SSL and SL phases remain the same as in the standard SSL+SL pipeline,

while the intermediate mixtraining phase randomly mixes labeled data and train using the

objective in Eq. (3.3). As shown in Table 3.6, MixTraining achieves the highest accuracy

in this semi-supervised setting, with even larger gains over the baselines. This further

highlights the effectiveness of MixTraining.

Learning with Data Noise

We simulate a real-world environment by adding random label noise to the dataset:

for each data point, with probability p = 0.2, we randomly change its label. Table 3.7 shows

that our MixTraining framework continues to achieve the best performance with data

noise, verifying its robustness in practical settings.
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Table 3.7: Accuracy comparison on CIFAR-10 (with ViT-T) with random data noise. We
evaluate performance across various data limitation levels p ∈ {10%, 25%, 50%, 75%, 100%}.
The highest accuracy is highlighted in bold. MixTraining achieves the best performance
over the baselines.

Methods 10% 25% 50% 75% 100%

SL 55.80% 64.64% 72.96% 78.33% 81.27%
SSL+SL 56.61% 68.45% 72.94% 80.98% 84.17%
MixTraining 61.18% 70.44% 75.97% 84.01% 86.13%

3.4.4 When MixTraining Helps and When It Doesn’t

We conduct additional experiments with ResNet-18 on CIFAR-10, a setting where

the SL baseline is already highly optimized. Across all data limitation levels, MixTraining

consistently improves upon the SSL+SL baseline. However, when SSL+SL (with an added

SSL stage) underperforms a strong SL baseline, MixTraining, since it also includes SSL,

does not fully recover SL performance. In contrast, in regimes where SSL+SL improves

over SL (e.g., under limited data), MixTraining further improves upon SSL+SL.

These results refine, but do not contradict, our main conclusions. MixTraining

consistently improves upon SSL+SL and offers a favorable compute–performance trade-off;

yet in settings where SL is already highly optimized and adding SSL hurts performance,

MixTraining may not surpass SL.

3.5 Conclusion and Future Work

We introduced MixTraining, an innovative framework that interleaves multiple

self-supervised learning (SSL) and supervised learning (SL) epochs within a unified training

phase, enabling a smooth transition between the two learning objectives. By enhancing the
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Table 3.8: Accuracy and latency comparison using the ResNet-18 model. We evaluate
performance across various data limitation levels p ∈ {10%, 25%, 50%, 75%, 100%}. The
highest accuracy in each setting is highlighted in bold (if gain ≥ 0.3%). MixTraining
consistently improves over SSL+SL but may not match the SL performance if SSL+SL
degrades performance relative to a strong SL baseline.

Datasets Methods 10% 25% 50% 75% 100%

CIFAR-10
SL 60.42 79.86 85.31 87.97 92.05

SSL+SL 65.29 82.20 85.24 87.12 87.18
MixTraining 67.33 82.73 85.30 87.63 87.91

CIFAR-100
SL 28.76 40.67 50.25 56.56 77.87

SSL+SL 28.57 40.78 51.44 55.73 59.76
MixTraining 29.81 41.76 52.30 57.62 61.54

synergy between SSL and SL, MixTraining achieves significant accuracy improvements

while consolidating shared computation steps to reduce computational cost. Extensive

experiments demonstrate that MixTraining offers a superior compute-performance trade-

off compared to the conventional SSL+SL pipeline: MixTraining achieves substantial

improvements in model accuracy while significantly reducing training latency.

While our work focuses on scenarios where practitioners need to train models

from scratch due to data privacy constraints or domain-specific requirements, we believe

MixTraining can also be leveraged in larger-scale settings when positioned as a mid-

training strategy, rather than as a replacement for fully task-agnostic pretraining. As an

initial validation of this idea, we conduct an additional experiment where a ViT-T model

pretrained on TinyImageNet is adapted to CIFAR-10. Compared to directly fine-tuning

the pretrained model (84.48% accuracy), applying MixTraining on the target dataset (as

pretraining data is typically unavailable in this case) improves performance to 88.75%,

indicating that MixTraining can preserve general representations while enhancing task-

specific adaptation. We believe this mid-training perspective opens an interesting direction.
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Chapter 4

R3: On-Device Real-Time Deep

Reinforcement Learning

4.1 Introduction

Deep Reinforcement Learning (DRL) has emerged as a promising field, showing

a pervasive influence in various real-world applications. [256, 343, 24, 314, 318, 317, 131]

One such application is autonomous vehicles (AVs), where DRL models need to adapt to

ever-changing road and traffic conditions continually [183, 291]. The models must swiftly

learn and retrain based on new data and evolving scenarios, maintaining their responsiveness

and capability for immediate decision-making [14, 307]. Similarly, in robotic rescue, DRL

models enable robots to navigate hazardous environments, locate survivors, and deliver

assistance [6, 158]. These models must adapt to rapidly shifting and unpredictable conditions,

requiring efficient on-the-spot training and retraining to ensure timely decision-making.

59



Ti
ming

Algorithm PerformanceOpt. for Batch Execution
Low Latency
High Memory

Low Alg. Performance

Opt. for Experience Replay
High Latency
High Memory

High Alg. Performance

Memory-agnostic Co-optimization
Infeasible: Out-of-Memory occurs

Memory-aware Co-Optimization
 Auto Balance while avoiding OOM

Hard Memory Constraint

Low Memory

High Memory

Medium Memory

Figure 4.1: Visualization of optimization challenges of embedded deep reinforcement learning
training. Arrow direction means better timing, better algorithm performance, and less
memory usage. A higher red level represents higher memory pressure.

These examples underline the critical need for efficient On-Device DRL training with timing

constraints, integrating (re)training within runtime inference to timely adapt to dynamic

and evolving environments.

However, conducting On-Device DRL training is fraught with unique challenges. As

depicted by Figure 4.1, these challenges are fundamentally tied to the need for co-optimizing

two frequently conflicting objectives: latency and algorithm performance1, a task made

more complex by the memory constraints inherent to embedded devices. Intrinsically, the

DRL training process involves two critical components: batch execution and experience

replay, each representing its own dimension of trade-off. Batch execution primarily pertains

to the batch size parameter, which forms a crucial junction between timing and memory

trade-offs. A larger batch size might accelerate the training process but increase memory

1“Algorithm performance” in DRL is akin to “accuracy” in DNNs. In DNNs, accuracy gauges the correct
prediction rate. However, in DRL, performance is more multifaceted, primarily involving the agent’s capability
to optimize cumulative reward over time, balancing exploration and exploitation. While accuracy can be
relevant in some tasks, DRL performance typically entails a broader, more complex set of considerations.
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consumption. On the other hand, experience replay entails a replay buffer size trade-off.

Here, a larger buffer size can improve algorithm performance by providing more diverse

experiences for training but can also cause memory issues due to the increased demand for

storage. Optimizing these trade-offs independently could result in less-than-ideal outcomes,

while co-optimizing them in a memory-agnostic manner may lead to significant memory

pressure or even trigger Out-of-Memory (OOM) errors which in some severe cases cause the

memory-limited embedded system (e.g., 16 GB memory for AGX Xavier) to fail. Therefore,

a holistic memory-aware approach that addresses both dimensions of trade-off simultaneously

becomes indispensable. To navigate this intricate multi-dimensional trade-off space and

manage the inherent complexity of Real-time Deep Reinforcement Learning for Autonomous

Robotics, in this paper, we present R3, which is designed to tackle the complex problem

of On-Device DRL training with careful consideration of timing, memory, and algorithmic

performance. Our approach is composed of three innovative components. Firstly, we

introduce a deadline-driven feedback loop, which dynamically assigns proper batch size

for batch execution to balance memory and latency. Secondly, our approach includes

efficient memory management, which applies task-specific memory optimizations to reduce

memory footprint significantly. It allows for larger replay buffer sizes, enhancing algorithm

performance in real-time embedded DRL while mitigating the risk of OOM occurrences.

Finally, we incorporate a runtime coordinator, which synchronizes the interactions between

the deadline-driven feedback loop, memory management, and other system components.

This component, guided by heuristic analysis and a runtime profiler, dynamically adjusts

memory resource reservations to meet hard resource constraints. These three components
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working together, enable R3 to effectively balance the trade-offs of latency, memory, and

algorithm performance in a holistic manner, ultimately achieving real-time On-Device DRL

training.

Our approach, R3, has been deployed and tested across a range of DRL bench-

marks [197, 25, 17] built upon different underlying frameworks [287, 2, 267, 39] to assess

its efficacy with its application extending to three platforms, including a desktop and two

embedded devices [268, 270]. Moreover, we highlight the practical usability of R3 by a fur-

ther integration with a realistic autonomous car simulator [308]. Empirical results indicate

that R3 achieves efficacy across diverse platforms, ensuring consistent latency performance

and timing predictability with minimal overhead. Moreover, R3 showcases versatility by

handling varied optimization goals and adapting to fluctuating systems scenarios. Notable

achievements of R3 include:

• Cross-platform Efficacy: Our approach has demonstrated its efficacy in diverse en-

vironments across different platforms, including Classic Control [17], Atari [25], and

DonkeyCar [197] environments. (Sec. 4.4.2)

• Latency predictability: Our proposed method consistently achieves timing predictability

and satisfies deadlines across all benchmarks. (Sec. 4.4.2)

• Practical usability: Our user-friendly approach can be seamlessly integrated into existing

practical complex deep reinforcement learning systems, such as DonkeyCar [197], without

extensive modifications. (Sec. 4.4.3)
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Figure 4.2: An overview of Deep Reinforcement Learning (DRL).

• Low overhead: The design and implementation of our method are highly efficient,

resulting in negligible overhead on execution time and memory. (Sec. 4.4.4)

• Versatility: Our proposed framework exhibits a high degree of versatility, adeptly

addressing diverse optimization goals and adapting to varying system scenarios. (Sec. 4.4.5)

4.2 Background and Motivational Case Study

In this section, we present a series of illustrative case studies to elucidate the unique

challenges associated with embedded deep reinforcement learning. These examples provide

valuable insights into the limitations of existing approaches and highlight the potential

pitfalls when naively extending them to address the problem context under consideration.

4.2.1 Characteristics of Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) is characterized by a combination of rein-

forcement learning (RL) algorithms and deep learning techniques (as shown in Figure 4.2),
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providing remarkable algorithm performance for extensive application prospects, partic-

ularly for intelligent robots [12, 59]. However, integrating DRL solutions into real-world

autonomous embedded system-driven robots would be more challenging because robots are

required to continuously, efficiently, and frequently train and retrain DRL models in order

to adapt to new environments with strict timing and resource limitations. In such situations,

meeting the real-time training deadlines is not merely a matter of budget adherence but a

fundamental requirement to ensure system functionality, maintain up-to-date knowledge,

and enhance accuracy. By emphasizing this, we make it clear that the timing sensitivity of

DRL training extends beyond the offline workloads and is essential for a range of scenarios,

especially those requiring real-time responses and continual learning.

To illustrate this need, consider the following real-world examples: (1) Autonomous

navigation robots: DRL models must constantly adapt to dynamic road environments in

the context of autonomous navigation robots. They are often required to learn and retrain

based on new data and evolving environments. In such cases, meeting deadlines during

the training phase ensures that the autonomous navigation robots’ decision-making system

remains responsive and capable of handling new situations. (2) Search and Rescue Robots:

In emergencies like disaster relief, robots need to navigate unpredictable challenges like

damaged buildings or shifting debris. Quick training and updates to their DRL models allow

them to adapt on-the-fly, ensuring they can effectively locate and assist those in need. (3)

Drone Surveillance: Drones face a variety of challenges, from changing terrains in a forest

to fluctuating weather conditions. Real-time DRL training ensures drones navigate these

challenges efficiently, avoiding mishaps and ensuring effective monitoring.

64



To thoroughly comprehend the implications of Deep Reinforcement Learning

(DRL) in embedded systems, it is essential to focus on two pivotal components (red parts

in Figure 4.2) of DRL training: batch execution and replay buffer [224, 256, 343, 131,

318]. Batch execution involves processing multiple data samples in a single operation,

fostering effective learning. The replay buffer, on the other hand, serves as a repository for

past experiences, which are sampled for conducting minibatch training [256, 248]. These

components significantly impact not only the algorithm’s application-level performance but

also the system-level memory usage and latency [163, 314, 159]. This observation becomes

particularly relevant in the context of real-time DRL systems, wherein training workloads

consist of multiple time-bound tasks and subtasks, each encapsulating a complete DRL

training episode. These tasks can be further divided into several subtasks, i.e., single-

step-level minibatch training, with the flexibility for individual scheduling to meet specific

end-to-end deadlines.

4.2.2 Balancing Data Parallelism and Memory Usage: A Focus on Training

Batch Size

In this subsection, we investigate the trade-off space between parallelism and

memory usage in varying DRL training batch sizes, concentrating on its implications for

both system-level and application-level performance. All the data in case studies are based on

Classic Control [17], which is a set of classical control games for DRL, capable of simulating

realistic robots and complex mechanical systems. Classic Control problem emphasizes the

importance of control theory concepts, which corresponds to the key control components in

robotic scenarios contexts.
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Figure 4.3: Balancing data parallelism and memory usage.

As depicted in Figure 4.3, we perform a comprehensive analysis of performance

metrics based on the autonomous learning library [267], which offers insights into the impact

of batch size on performance. Figure 4.3a highlights the trade-off space for training batch

size, where data parallelism, the dominating factor affecting latency, can be improved with

a larger training batch size, as long as it does not exceed the device’s computing capability.

However, as the training batch size increases, memory usage consistently grows for different

replay-based DRL algorithms. In Figure 4.3b, we provide a memory breakdown analysis,

which shows that data and intermediate result memory requirements increase significantly

with larger batch sizes while model parameter memory remains minimal.

Consequently, the optimal batch size depends on the specific algorithm and the

available computing resources. A thorough examination and optimization of batch size are

necessary for more efficient and effective DRL training in resource-constrained situations.

Observation 1: The trade-off between parallelism and memory usage is vital for optimizing

DRL training. Finding the proper balance through batch size adjustments can enhance

algorithm performance while minimizing computing resource consumption.
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Figure 4.4: The deep reinforcement learning algorithm’s performance gradually increases
as the replay buffer size increases and convergence of the algorithms becomes faster while
the memory usage increases significantly across different algorithms. The experiments are
running based on Classic Control [17] CartPole environment. C51 refers to Categorical
DQN.

4.2.3 Balancing Algorithm Performance and Memory Usage: A Focus on

Replay Buffer Size

In this subsection, we explore the trade-offs between algorithm performance and

memory usage in DRL training with respect to replay buffer size. Figure 4.4 illustrates the

clear tradeoff space between algorithm performance, exemplified by convergence time, and

memory usage in DRL scenarios utilizing replay buffers. As the replay buffer size increases,

the algorithm performance generally improves, leading many DRL training approaches to

adopt large buffer sizes to boost algorithm performance. Additionally, cumulative rewards

gained from DRL training rise with larger replay buffer sizes.

Nonetheless, it is essential to acknowledge that expanding replay buffer sizes

also entails increased memory usage, potentially causing out-of-memory (OOM) issues,

particularly in memory-constrained embedded devices. Table 4.1 presents default settings for

various DRL benchmarks and examines the peak memory allocation for the buffer. Notably,

some default settings for widely-used DRL algorithms could trigger OOM in powerful

NVIDIA embedded devices.
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Table 4.1: Common resource-oblivious DRL training settings may cause serious out-of-
memory (OOM) on resource-constrained embedded devices. “✓” refers OOM to happen.

Environment Algorithm Buffer Size Batch Size Peak Memory
Out-of-Memory

Xavier Orin

Classic Control [17]

DQN [256] 1,000,000 64 404.3MB ✗ ✗

DDQN [343] 1,000,000 64 404.3MB ✗ ✗

C51 [24] 1,000,000 32 404.2MB ✗ ✗

Atari [25]

DQN [256] 1,000,000 32 40384.5MB ✓ ✓

DDQN [343] 1,000,000 32 40384.5MB ✓ ✓

C51 [24] 1,000,000 32 40384.5MB ✓ ✓

DonkeyCar [197]

DQN [256] 100,000 128 35522.6MB ✓ ✓

DDQN [343] 100,000 128 35122.6MB ✓ ✓

C51 [24] 100,000 64 33329.8MB ✓ ✓

Observation 2: Balancing algorithm performance and memory usage for replay buffer size

are crucial in DRL training, particularly for memory-constrained embedded devices. A thor-

ough examination of characteristics and trade-offs enables the optimization of performance

while meeting practical memory constraints.

4.2.4 Managing Complex Trade-offs under Practical System Scenarios:

Balancing in the Three-dimensional Space

In light of the complexities of DRL and the trade-offs explored in the previous

subsections, we now focus on the broader challenge of balancing conflicting characteristics

in the three-dimensional space of DRL training under practical system scenarios.

As depicted in Figure 4.5, interestingly, patterns about the batch size and replay

buffer size in different performance dimensions display vastly different behavior. This

stark difference implies that DRL inherently involves conflicting characteristics. Simply

co-optimizing some of these aspects may result in suboptimal solutions, underscoring the

need for a more comprehensive and integrated approach. Moreover, practical challenges

arise when considering resource-constrained embedded devices, where memory constraints
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Figure 4.5: No silver bullet. Navigating the trade-offs: a three-dimensional analysis of
performance metrics in embedded deep reinforcement learning and the challenge of out-of-
memory issues. All data are normalized to the interval from zero to one to visualize the
contribution of influence better.

may become a significant issue. Recall that simply combining the two 2-dimensional space

optimization (as discussed in Sec.4.2.2 and Sec.4.2.3) could exacerbate out-of-memory (OOM)

problems.

To address such challenges, it is essential to carefully consider all characteristics in

the three-dimensional space and their trade-offs while also taking into account the practical

constraints of embedded devices. By adopting such a holistic approach, DRL training can

achieve near optimal performance while managing these conflicting characteristics under

practical system scenarios.

Observation 3: Managing trade-offs between various DRL training characteristics is a

complex task due to multiple conflicting factors. A comprehensive approach considering all

characteristics and performance objectvies is necessary, particularly for resource-constrained

embedded devices.

69



DRL-driven
Deadline

Batch Size 
Controller

Runtime 
Feedback

Buffer Size 
Controller

Exception
Handler

Heuristic
Analysis

Runtime 
Profiler

Resource
Reservation

Memory 
Optimization

Deadline-driven Feedback Loop Runtime Coordinator Efficient Memory Management

Figure 4.6: An overview of R3.

4.3 Methodology

4.3.1 System Overview

In response to the unique challenges of Real-time deep Reinforcement learning

for Robotics outlined in Sec. 4.2, we propose a comprehensive framework R3, illustrated in

Figure 4.6. This framework encompasses two main components: a deadline-driven feedback

loop and efficient memory management, which together facilitate the balance between the two-

dimensional trade-off of batch size and replay buffer size. Moreover, a runtime coordinator

is introduced to manage the complex three-dimensional trade-off under resource-constrained

scenarios, ensuring the adaptation of different performance goals without conflicts. Each

component is discussed in further detail below:

• Deadline-driven Feedback Loop: This component aims to balance memory constraints

and latency (Sec. 4.2.2). It dynamically assigns an intermediate deadline for each training

episode based on the computational dynamics nature of DRL (as illustrated in Figure 4.7).
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Subsequently, it determines the optimal batch size that adheres to memory constraints

while meeting the subtask deadline for the current training episode. If every subtask

completes by its assigned intermediate deadline, the end-to-end deadline will be met.

• Efficient Memory Management: In addressing the challenges posed by memory-

constrained embedded systems for DRL, efficient memory management is vital. Our

proposed solution, corresponding to the trade-off discussed in Sec. 4.2.3, implements

task-specific memory optimizations to significantly reduce memory footprint. This enables

larger replay buffer sizes for enhanced algorithm performance in real-time embedded DRL.

Furthermore, we design an exception handler to eliminate unexpected out-of-memory

(OOM) occurrences. Based on these underlying subcomponents, the buffer size controller

can decide on demand how to assign the replay buffer size.

• Runtime Coordinator: The runtime coordinator is essential for the seamless operation

of R3, ensuring real-time DRL by synchronizing the interactions between the deadline-

driven feedback loop, memory management, and other system components. Utilizing

analytical modeling and a runtime profiler, the coordinator dynamically adjusts the

resource reservation strategy in accordance with the actual system resource constraints.

This guarantees that the runtime coordinator expertly maintains the delicate balance of

factors required for achieving optimal DRL agent training.

By coherently integrating these three components, R3 provides a high-performance

solution for training deep reinforcement learning agents in real-time. This enables rapid

adaptation to dynamic and complex environments.
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Figure 4.7: The computational dynamic nature of DRL emphasizes the need for dynamic
intermediate deadline assignments.

4.3.2 Deadline-driven Feedback Loop

As emphasized in the preceding case study (Sec. 4.2.2), achieving a balance between

data parallelism and memory usage is vital for optimizing embedded DRL. Our goal is to meet

end-to-end deadlines within hard memory constraints by adjusting the batch size. Intuitively,

one possible approach is to partition subtasks and assign an appropriate intermediate

deadline to each subtask. However, before designing a corresponding solution, it is necessary

to consider how to partition the DRL workload and assign the intermediate deadline.

Although DRL can be naturally divided into episodes, the computational dynamics

of DRL workload add complexity to the assignment of reasonable intermediate deadlines.

As illustrated in Figure 4.7, we leverage an example of DRL classic control [17] to show

this point in two folds. At the DRL workload level, the computational cost of each natural

computational subdivision unit (episode) varies over time, as depicted in Figure 4.7a. The

episode length was short at the beginning of DRL training; as the training progressed,

the episode length gradually increased. Furthermore, examining finer-grained computation

reveals that, since we aim to dynamically adjust the batch size, the computational cost of each

batch (step) is also distinct, as depicted in Figure 4.7b. This computational nature presents
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a further challenge to intermediate deadline assignments, which is hard to model without

timing-consuming profiling. This implies that straightforwardly conducting a modeling-based

optimization for all three dimensions may be infeasible across different DRL algorithms.

To address such a challenge, we propose an intuitive, practical deadline driven

feedback loop mechanism that adapts to the varying computational dynamics of DRL

workloads. The intuition is to directly adjust the batch size based on progress tracking

without explicitly assigning intermediate deadlines. Specifically, we design to periodically

assess the remaining time to dynamically adjust the training batch size incorporating

temporal feedback information and thus meet the end-to-end deadline. Formally, as the DRL

training process unfolds, two critical constraints often imposed are a data budget (B) and

an end-to-end deadline (D). We keep track of the elapsed training time (ti) and consumed

budget (si) at the start of each episode i. We employ two trackers to monitor the progress of

the DRL process: a timing tracker evaluates the ratio of elapsed training time to the given

deadline, and a data tracker monitors the proportion of the consumed budget to the total

budget. These ratios, denoted as a and b respectively, are given by a = ti/D and b = si/B.

These ratios serve as comparative indicators to guide the adjustment of the DRL

process. If a > b, it indicates that the DRL training is lagging behind, necessitating

acceleration by multiplying the current batch size by a scale factor c. Conversely, if a < b, it

suggests the training is on track, thereby allowing for deceleration by dividing the batch size

by the scale factor c. However, to maintain the stability of the DRL process, it is crucial to

prevent the batch size from becoming excessively small or large. [256, 318, 224] As such, we

confine the batch size within a specified range as per established DRL practices as follows:
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bi+1 = min(max(bi, bmin), 4 ∗ bmin). (4.1)

Ultimately, it is critical to ensure that the DRL process complies with the hard

memory constraint given by:

bi+1 = min

(
bi+1,Mbatch ·

bbase
Mbase

)
. (4.2)

Two key components in this context are Mbase and Mbatch, both playing essential

roles in memory reservation for batch execution during the scaling of minibatch size. The

Mbase represents the memory reserved for batch execution considering a base minibatch size,

denoted as bbase. This reservation is determined by the initial episode hyperparameter config-

uration, thereby serving as a reference point for subsequent adjustments. Conversely, Mbatch

signifies the memory currently reserved for batch execution, a value that can dynamically

vary in accordance with system constraints and requirements.

To further enhance the responsiveness, we integrate granular step-level adjustments

within our feedback loop, enabling meticulous progress tracking at each training step for

precise monitoring of elapsed time and budget expenditure. The detailed structure of

this fine-grained deadline feedback loop aligns with the episode-level setup, facilitating

seamless implementation without extensive modifications. Although this granular control

promotes rapid adjustment to computational dynamics, it potentially introduces additional

overhead that may affect training performance. Hence, the selection between episode-level
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Figure 4.8: Replay buffer memory optimization. The orange color indicates redundant data
in the dummy replay buffer.

and step-level adjustments is contingent upon specific DRL task requirements and available

resources.

4.3.3 Efficient Memory Management

As demonstrated in Sec. 4.2.3, a larger replay buffer enhances algorithm performance

but also demands more memory. The performance of DRL algorithms relies heavily on the

quantity of data, which in turn depends on available memory resources. This is particularly

relevant in resource-constrained embedded systems, where memory resources are limited

and must be meticulously managed to avoid out-of-memory (OOM) issues. To address

this challenge, we propose an efficient memory management scheme that contains memory

optimization, an exception handler, and an application-level buffer size controller.

First, to target real-time embedded systems with stringent memory constraints,

we propose underlying system-level DRL-task-specific optimizations for efficient memory

management. First, we conduct a finer-grained analysis of the replay buffer and observe that

the current caching mechanism of DRL training is inefficient. As illustrated in Figure 4.8a,

75



each data frame is stored in a tuple data structure (states, metadata) in the replay buffer,

recording multiple time steps. It has to be admitted that such a dummy implementation

can avoid frequent memory accesses and thus achieve higher parallelism, however, it would

result in significant memory redundancy due to duplicated data shown in orange color.

Ideally, each time step should maintain only one copy of data in the replay buffer. Based

on this observation, we design and implement a simple yet efficient caching method that

significantly reduces the memory footprint of the replay buffer, allowing for larger buffer

sizes within memory-constrained embedded devices. As shown in Figure 4.8b, we use a

practical example of the Atari Breakout benchmark [256] to illustrate the ideal memory

efficiency of our method. For each data frame of the dummy replay buffer implementation,

each data frame stores 4 consecutive state information (i.e., 4 moments of RGB images

with size (210,160), occupying size 4x210x160x3=403,200 bytes). In contrast, the metadata,

containing action, reward, and done flag, occupies very little memory space (9 bytes) in total.

Therefore, we use a contiguous memory for storing state information, while only storing

soft links (4 bytes for each link) in the data frame. When the corresponding data frame is

required, the corresponding tuple data is filled on demand. Our efficient replay buffer can

ideally achieve about 75% less memory assumption to support the same length as a dummy

replay buffer as in Figure 4.8, because in most data frames, three out of four pieces (orange)

of state information are replaced with lightweight soft links.

Let Mreplay represent the total memory reserved for the replay buffer, Sstate

represent the size of one state, Smetadata represent the metadata size, and Nframes represent

the number of frames stored in a single data frame (in the Atari Breakout example, Nframes =
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4). The replay buffer size ri for training episode i can be calculated as Eq. 4.3, where Slink

denotes the size of a soft link, which is used to reference the state information in the

contiguous memory:

ri = max{Mreplay, (Nframes + i− 1) ∗ Sstate+

(Nframes − 1) · i · Slink + i · Smetadata}
(4.3)

Directly applying this efficient caching method could reduce memory redundancy;

however, it could introduce substantial overhead since it necessitates more memory access,

potentially harming data parallelism in DRL training. Inspired by recent work [175], we

optimize the training process with non-blocking data prefetching to hide latency. These task-

specific optimizations enable real-time embedded DRL training to achieve larger replay buffer

sizes for improved algorithm performance while minimizing side effects on data parallelism.

To handle the possibility of unexpected out-of-memory (OOM) issues caused by memory

interference or other unforeseen circumstances, we propose to design an exception handler

mechanism. This mechanism can monitor memory usage during runtime and promptly

react when an OOM exception is detected. The handler can temporarily scale down the

memory reservations for both batch execution and replay buffer, which allows the system to

recover gracefully from the OOM situation. Furthermore, it can record the OOM events

and adjust the memory allocation strategy accordingly, ensuring the system remains robust

under memory interference.

Specifically, we show part of the code example of a standard DDQN training step

(as shown in Algorithm 2). We use a multi-threading technique to hide the latency of data
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Algorithm 2 An example of DRL training

1: function Train
2: if ShouldTrain() then
3: (states, actions, rewards, next states, weights)← ReplayBuffer.Sample(b);
4: values← Q(states, actions);
5: next actions← argmaxaQno grad(next states);
6: targets← rewards+ γ ·Qtarget(next states, next actions);
7: loss← Loss(values, targets, weights);
8: Q.Reinforce(loss);
9: ReplayBuffer.Update();

10: end if
11: end function

prefetching (line 4) and thus achieve a better training step latency. Based on the above

optimizations, the buffer size controller could calculate the current maximum replay buffer

size based on the given memory limit and dynamically allocate or free memory at runtime.

4.3.4 Runtime Coordinator

The Runtime Coordinator in R3 is a pivotal component devised to address the

intricate triadic trade-off between algorithm performance, memory efficiency, and data

parallelism (as outlined in Sec. 4.2.4). This component serves to orchestrate the execution

of various system aspects, including the deadline-driven feedback loop and efficient memory

management, thereby enabling smooth real-time DRL training. The coordination is executed

through heuristic analysis, taking into consideration the outputs from the aforementioned

system components alongside system-level resource constraints and performance objectives.

Memory reservations Mbatch and Mreplay are adjusted using a heuristic formulation

that factors in the system’s current performance and memory constraints. For episode i, the

episode runtime is denoted as ti, and the cumulative reward is Ri. Two scaling factors, α and

β, are employed to fine-tune the memory reservations based on the system’s performance:
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α =
γti

γ∑
j=1

ti−j

β =
γRi

γ∑
j=1

Ri−j

(4.4)

Here, ti is the runtime of episode i, Ri is the cumulative reward at the i-th episode,

γ is a hyperparameter, and Ri−γ is the cumulative reward γ steps prior to the i-th episode.

γ’s role is to control the reward comparison span. By modulating γ, the algorithm can

be adjusted to focus on short-term or long-term reward trends, influencing the training

process and potentially enhancing overall performance. α and β track latency and algorithm

performance dynamically. To this end, the memory reservations for batch execution and

replay buffer are then updated based on α and β :

Mnew
batch = Mbatch · (1 + max(α− 1, 0) · (1−min(β, 1)))

Mnew
replay = Mreplay · (1 + min(α, 1) ·max(1− β, 0))

(4.5)

Here, Mnew
batch and Mnew

replay represent the updated memory reservations for batch

execution and replay buffer, respectively. This adjustment mechanism increases batch

memory if the episode runtime is shorter than the subtask deadline and the cumulative

reward is increasing relative to the training loss, while reducing replay buffer memory. To

ensure total memory usage does not exceed system constraints, the sum of Mnew
batch and Mnew

replay

must be checked against the available memory budget. If it exceeds the limit, memory

reservations are proportionally scaled down to fit within the constraints. Let’s denote M as

the total available memory. We want to proportionally distribute M between Mbatch and

Mreplay. First, we calculate the proportion of each reservation to the total desired memory,
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i.e., the sum of Mnew
batch and Mnew

replay. Then, we allocate the memory in proportion to these

ratios. The resulting equations are:

Mfinal
batch = M ·

Mnew
batch

Mnew
batch +Mnew

replay

Mfinal
replay = M ·

Mnew
replay

Mnew
batch +Mnew

replay

(4.6)

Here, Mfinal
batch and Mfinal

replay are the final memory reservations for batch execution

and replay buffer, respectively. These equations ensure that the total memory used is exactly

M , and that it is distributed in proportion to the desired reservations for batch execution

and the replay buffer.

Let’s consider different scenarios to illustrate the behavior of the memory reservation

system:

• Timing Inefficiency: When α > 1 (indicating an episode runtime exceeding its subtask

deadline), there is an increase in the batch memory allocation (Mnew
batch). This allocation is

unaffected by performance (β ≥ 1), as efficient operation negates the need for additional

batch processing memory.

• Performance Deterioration: An increase in replay buffer memory allocation (Mnew
replay)

is observed when β < 1, signifying performance deterioration. Temporal efficiency (α ≤ 1)

neutralizes the adjustment to batch memory (Mnew
batch), as an efficient runtime eliminates

the need for more replay buffer memory.

• Maintaining Optimal Performance: Under optimal conditions of both runtime and

performance (α ≤ 1, β ≥ 1), the memory reservations for batch execution and replay
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buffer remain constant. This indicates the system is running efficiently, thus no need to

adjust memory allocations.

• Balanced Trade-off : In the event of both inefficient runtime (α > 1) and performance

deterioration (β < 1), there is a compensatory increase in both Mnew
batch and Mnew

replay. Despite

this, the overall memory usage must remain within system constraints, necessitating a

proportional reduction in memory reservations if required.

These illustrative cases demonstrate the adaptability of the memory reservation

system in response to different performance conditions. By dynamically adjusting Mbatch

and Mreplay, the system can address diverse challenges and maintain a balanced trade-off

between timing performance and algorithm performance, all within the constraints of the

available memory budget.

4.3.5 Algorithm Details

The overall workflow of the R3 framework is presented in Algorithm 3. For each DRL

training episode, the batch size is initially determined in accordance with Eq. 4.2 in Sec. 4.3.2.

Subsequently, the replay buffer size is computed by Eq. 4.3 in Sec. 4.3.3. Following this, a

series of replay buffer size adjustments, memory garbage collection, and synchronization

operations are executed on-demand to maintain system correctness. Next, the coarse-grained

algorithm is trained according to the standard process, while the fine-grained algorithm

slightly adjusts the batch size of each training step. Training progress is checked afterward to

avoid overspending the training budget. It’s worth mentioning that inspired by early stopping

techniques [375], once the training meets the algorithm performance goal(K consecutive
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Algorithm 3 R3 framework

1: Input: hyperparameter m; hyperparameter γ; end-to-end deadline D; training budget
B; maximal training episode N ; Data frame information I; training budget C;

2: Initialize memory reservation {Mbatch,Mreplay} with m;
3: Initialize spent training cost c with 0;
4: for each episode i ∈ N do
5: Batch size bi ←BatchSizeControl(D,B,Mbatch);
6: Replay size ri ← ReplayControl(I,Mreplay);
7: if i > 0 and ri < ri−1 then
8: ShrinkReplayBuffer(ri);
9: GarbageCollection();

10: else
11: ExpandReplayBuffer(ri);
12: end if
13: Synchronization();
14: if IsCoarseGrained() then
15: Training Logs s ← VanillaTraining();
16: else
17: Training Logs s ← DynamicTraining();
18: end if
19: Update spent training cost c← c+ s[cost];
20: if c >= C or meet early exit condition then
21: exit();
22: end if
23: Update memory reservation {Mbatch,Mreplay} ← RuntimeCoordinator

(s, γ, {Mbatch,Mreplay})
24: end for

episodes rewards consistently no smaller than the targeted algorithm performance R∗), the

training process will exit early to minimize latency. Lastly, based on the acquired training

logs, the runtime coordinator dynamically adjusts the memory resources allocated to batch

execution and replay buffer management by Eq. 4.6. This enables the R3 framework to

effectively balance the trade-offs among data parallelism, memory usage, and algorithm

performance, resulting in a more efficient and adaptive system.
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Table 4.2: Hardware platforms used in our experiments.

Desktop NVIDIA AGX Xavier NVIDIA AGX Orin

CPU

Intel(R) Core(TM) 8-core NVIDIA 8-core Armv8.2

i7-10700K CPU Carmel Armv8.2 Cortex-A78AE

@ 3.80GHz 64-bit CPU 64-bit CPU

GPU NVIDIA GTX 3060 NVIDIA Volta GPU NVIDIA Ampere GPU

Memory DDR4 16GBx2 16GB LPDDR4x 32GB LPDDR5

Storage 1TB SSD 32GB eMMC 64GB eMMC

4.4 Evaluation

4.4.1 Experimental Setup

Testbeds. We choose three different platforms aiming to demonstrate the cross-platform

compatibility of our design as shown in Table 4.2. These platforms comprise one desktop

configuration along with two NVIDIA embedded platforms, motivated by the widespread

adoption of NVIDIA hardware in deployed autonomous systems, particularly in the domains

of autonomous driving [187, 195] and robotics [293, 269, 271, 273].

Benchmarks. To thoroughly evaluate our solution, we have selected three deep rein-

forcement learning benchmark environments, as detailed in Table 4.3. These environments

encompass various application areas and are widely used in the research community. Note

that we evaluate two representative DRL benchmarks, Atari [256] and Classic Control [17],

integrated with widely used autonomous-learning-library(ALL) [267]. We use these Classic

Control and Atari to evaluate the overall effectiveness and versatility of R3. Additionally,

to demonstrate the robustness of our solution in real-world practical scenarios, we further

conduct a practical case study by integrating our approach into autonomous navigation

scenarios, empowered by a high-resolution simulator DonkeyCar [197]. In our experiments,
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Table 4.3: Deep reinforcement learning benchmark environments used in our experiments.

Benchmark ID Description

Atari [256]
A well-known environment for video game-based deep rein-
forcement learning research, featuring a collection of Atari
2600 games.

Classic Control [17]
A set of classical control games for deep reinforcement learn-
ing research, capable of simulating robots and complex me-
chanical systems.

DonkeyCar [197]
A practical simulated deep reinforcement learning environ-
ment for training autonomous driving agents and deploying
to real-world platforms.

we assess the performance of three well-known and widely implemented DRL algorithms:

DQN [256], DDQN [343], and C51 [24]. These algorithms provide a comprehensive com-

parison of our solution’s efficacy and adaptability across different learning methods and

application domains. We set hyperparameter bmin strictly following the MAX-A preset set-

tings, m refers to each platform’s maximal available memory, γ to 4. We set hyperparameter

maximal episode number N to 10000 for all environments, data budget the same as MAX-A

preset setting, and early exit parameter K to 10 for all benchmark, R∗ to 200, 300, and

1000 for Classic Control, Atari, and DonkeyCar.

Metrics. This paper evaluates two main types of metrics. The first set reflects latency pre-

dictability, which evaluates the throughput by end-to-end latency and real-time performance

indicators using task deadline miss rates. Moreover, end-to-end deadlines for DRL training

are based on the worst-case execution time (WCET), and task deadlines are based on the

proportional intermediate deadline assignment. The second set of metrics corresponds to

algorithm performance, measuring widely adopted maximal and average cumulative rewards.

Baselines. We compare R3 to the following approaches:
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• MAX-A: To maximize the algorithm performance, we directly adopt preset hyperpa-

rameters in the autonomous learning library (ALL) [267], which is an object-oriented

novel deep reinforcement learning (DRL) library designed for PyTorch [288]. The creators

have incorporated high-quality reference implementations of modern DRL algorithms

and provided ease of use API, and pre-defined hyperparameter sets for best algorithm

performance.

• MAX-P: MAX-P, or maximal data parallelism, denotes a high-efficiency mode that

enables concurrent data processing to achieve peak performance. For fair comparisons,

we implement MAX-P strictly following the implementation of ALL [267] to exploit the

computational resources and maximize throughput in DRL training scenarios.

• R3: Our proposed solution is implemented at various DRL training granularities: R3episode

for coarse-grained episode-level and R3step for fine-grained step-level implementation.

Scheduling Policy. In On-Device DRL training, there is only one DRL training job running

at a time because the training task is extremely resource-demanding for both computation

and memory resources, and the GPU resource is often limited (e.g., typically only one GPU

device available for most desktop and embedded settings). Therefore, such scenarios cannot

be optimized through multi-task scheduling. We thus applied FIFO scheduling in all cases.

Deadline miss rates are calculated task-wise based on the proportional intermediate deadline

assignment policy.
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Figure 4.9: Overall effectiveness of R3 on the C51 algorithm evaluated on four different
resource-constrained intelligent robotic systems. R3 auto balances throughput, timing
correctness, and algorithm performance.
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Figure 4.10: R3 evaluated on more different DRL algorithms on the Classic Control bench-
mark.

4.4.2 Overall Effectiveness

We measure the overall effectiveness of R3 across three platforms. Since our

design concerns latency predictability and algorithm efficacy, we measure both constraints

and compare against strong baselines based on widely used DRL evaluating benchmarks

autonomous-learning-library (ALL) [267].

Latency predictability. Figure 4.9 shows timing performance comparisons. In the Classic

Control benchmark, R3 outperforms MAX-A, with average execution time improvements

of 39.3%, 8.2%, and 9.0% on Xavier, Orin, and PC. This improvement is attributed to

our memory management, which increases memory access slightly but enhances timing

optimization. On the PC, latencies are similar, maybe due to the high computation

capabilities of desktop GPU meeting the relatively small benchmark Classic Control. Other

platforms show notable timing differences, indicating the efficacy of our solution on embedded
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Figure 4.11: Episode-level response time histogram across different platforms. R3 ensure
significantly better timing correctness than MAX-A qualitatively.

systems. The deadline miss rate further emphasizes this, with R3 improving over MAX-A

by 15.0%, 1.7%, and 7.8% on Xavier, Orin, and PC. On the Atari benchmark, R3 balances

timing correctness and algorithm performance, outperforming MAX-A by 71.9% and 5.8%.

However, MAX-P on Xavier is slower, possibly due to the Atari benchmark’s longer duration

and Xavier’s older Linux kernel affecting CPU scheduling. Figure 4.11 breaks down response

times, showing R3 consistently outperforms MAX-A in timeliness. The empirical results

demonstrate that our proposed R3 qualitatively has significantly better timeliness than

MAX-A, avoiding potentially high-tailed latency.

Algorithm Efficacy. The last two columns of Figure 4.9 display algorithm performance

comparisons. On the Classic Control benchmark, R3 almost obtains a very close to optimal

algorithm performance (MAX-A) by on average 100.0% and 82.7% on average rewards and

maximal rewards, while outperforming MAX-P by a large margin on average by 76.5% and

133.6% on average rewards and maximal rewards, respectively. Note that the theoretical

upper bound of maximal reward for Classic Control is 200; both MAX-A and R3 consistently

reach this maximal value during training. This quantitatively validates the effectiveness

of our co-optimization, especially for training a usable DRL algorithm under strict time
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and memory constraints. On the Atari benchmark, R3 auto-balances the timing correctness

and algorithm performance. Specifically, R3 achieves on average by 49.7% and 50.2% on the

average rewards and maximal rewards than MAX-A, but largely outperforms on average

by 1521.1% and 1297.8% on the average rewards and maximal rewards than MAX-P. This

supports the validity R3 and further evidences the resilience of our design. Furthermore, to

demonstrate quantitatively the algorithm performance between different methods, we plot

the per-episode cumulative rewards during the training process, as shown in Figure 4.12.

It can be observed that MAX-P runs out of data budget too early (green curves), so

the training lasts only a very small number of episodes and therefore leads to very poor

algorithm performance. In contrast, our proposed R3 selects proper bath size in the batch

execution, thus reaching algorithm performance consistently better than MAX-P and nearly

approaching empirically optimal MAX-A.

Evaluated on more DRL algorithms. Our method, R3, was further evaluated on two

additional algorithms (refer to Figure 4.10). Specifically, for the DDQN algorithm, R3

performs better than MAX-A for execution time by 73.9%, 79.4%, and 81.1% on Xavier,

Orin, and PC. Also, R3 performs better than MAX-P for maximal rewards by 94.2%, 110.5%,

and 140.1% on Xavier, Orin, and PC. Additionally, R3 performs better than MAX-P for

average rewards by 94.2%, 133.1%, and 141.0% on Xavier, Orin, PC. Additionally, for the

DQN algorithm, R3 performs better than MAX-A for execution time by 133.1%, 102.0%,

and 101.3% on Xavier, Orin, and PC. Also, R3 performs better than MAX-P for maximal

rewards by 83.5%, 83.8%, and 60.0% on Xavier, Orin, and PC. Additionally, R3 performs

better than MAX-P for average rewards by 256.8%, 84.3%, and 68.3% on Xavier, Orin,
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Figure 4.12: Episode-level reward curves across different platforms. The algorithm perfor-
mance of R3 is consistently better than MAX-P and close to MAX-A (empirical optimal).

Table 4.4: Deadline miss rate on DDQN and DQN algorithms. The best values are in bold.

Solution Xavier Orin PC

DDQN

MAX-P 8.3% 2.4% 17.7%
MAX-A 57.9% 54.5% 56.0%
R3episode 0.0% 0.0% 0.0%
R3step 0.0% 0.0% 0.0%

DQN

MAX-P 13.8% 0.0% 55.6%
MAX-A 67.1% 55.4% 51.4%
R3episode 39.6% 0.0% 0.0%
R3step 43.6% 0.0% 0.0%

and PC. Our efficient memory optimization yields supreme latency performance of R3, even

outperforming MAX-P in DDQN and DQN. Note that R3 exhibited a markedly low deadline

miss rate for both DRL algorithms, suggesting its adaptability and efficacy in enhancing

real-time performance (see Table 4.4).

Cross-platform overall effectiveness: R3 effectively addresses all challenges outlined in

Sec. 4.2 for resource-constrained intelligent robotic systems. It auto-balances throughput,

timing correctness, and algorithm performance in DRL training across different platforms.

4.4.3 A Practical Case study: Autonomous Navigation via DRL

To empirically evaluate the effectiveness of our proposed approach, R3, in real-

world DRL applications for robotics, we conducted a comprehensive case study centered
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Figure 4.13: DonkeyCar [197] driven high-resolution autonomous navigation simulator for
evaluating DRL algorithm.

on autonomous navigation. We selected DonkeyCar [197] as the platform for this case

study, a high-resolution environment based on the x86 Unity3D autonomous navigation

simulator [132], as displayed in Figure 4.13. DonkeyCar was chosen due to its relevance in

investigating the deployment of DRL-based control systems in real-world robotics contexts.

Several real-world autonomous driving cars are built upon DonkeyCar library [44, 308]

based on TensorFlow framework [2]. To successfully incorporate DRL training into this

platform, we implement a highly optimized networking module that facilitates the seamless

execution of DRL training natively on advanced embedded systems (Xavier and Orin).2 The

integration of these robust systems underscores the real-world feasibility and performance

of R3 in robotic contexts, highlighting its potential for wider adoption in various robotic

applications.

DonkeyCar [197] processes 60 FPS high-resolution RGB images as streaming camera

inputs, raising a significant memory challenge when conducting On-Device DRL training.

Table 4.5 presents the results of the DDQN algorithm implementation on DonkeyCar,

showcasing a range of evaluation metrics. Specifically, we report latency, FPS to describe

throughput, data budget consumption percentage to describe the relative percentage of

2Due to specific compilation challenges, we were unable to prepare the DRL training library for the x64
PC environment. Table 4.5 does not include the evaluation of DonkeyCar on the PC.
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Table 4.5: Quantitative results on DonkeyCar simulator. DPR implies data processing
rate, Rewardmax implies maximal episode rewards, and Rewardavg implies average episode
rewards. ∗ implies OOM occurs.

Platform Solution Latency(↓) DPR(↑) Budget(↑) Rmax(↑) Ravg(↑)

Xavier

MAX-P 64.7∗ 1423.8 0.2% 116.6 59.8
MAX-A 3619.4∗ 742.0 41.9% 1343.2 157.3
R3episode 7525.9 850.4 100.0% 532.7 79.1
R3step 7429.1 861.5 100.0% 544.1 80.2

Orin

MAX-P 4918.0 1301.3 100.0% 29.4 7.3
MAX-A 8341.0∗ 653.7 85.2% 1303.8 156.9
R3episode 8416.18 760.4 100.0% 598.6 67.0
R3step 8205.23 780.0 100.0% 588.5 70.2

training completion, and maximal rewards Rmax and average rewards Ravg to describe

algorithm performance.

Results demonstrate that R3 adeptly balances both latency predictability and

algorithm efficacy without incurring out-of-memory (OOM) problems on both platforms;

while OOM occurs for MAX-A on both platforms and MAX-P on Xavier. R3’s data processing

rate (DPR) exceeds MAX-A by an average of 16.6%, while R3 lags behind MAX-P by an

average of 40.4%. This is because R3 provides a smaller batch size than MAX-P. In terms

of algorithm performance, R3 significantly outperforms MAX-P, with maximal and average

rewards better by 872.9% and 1140.3% in the challenging autonomous navigation task. Still,

R3 trades off certain algorithm performance by 57.2% and 52.8% on maximal and average

rewards, mainly due to reserving smaller memory for replay buffer compared to MAX-A.

A deeper dive into R3’s memory efficiency, as shown in Figure 4.14, reveals its

strengths. MAX-A heavily consumes memory in data storage due to high-res RGB images

in its replay buffer. As this buffer expands, memory use grows uncontrollably, causing

OOM errors. In contrast, MAX-P’s memory consumption spikes in batch execution, storing
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Figure 4.14: Memory breakdown on DonkeyCar evaluated on two embedded devices. The
red line represents the OOM point.

numerous intermediate activations, leading to OOM errors on Xavier. However, R3 optimally

manages memory in both data storage and batch execution. Its innovative replay buffer

design allows for a larger size within the same memory constraints, enhancing algorithmic

output. R3 also dynamically adjusts batch sizes during training, striking a balance between

timing requirements and memory constraints, ensuring effective DRL training within these

boundaries.

Pratical usability: This case study demonstrates the integration effectiveness of R3 on

practical robotic applications. R3 significantly reduces the memory footprint by efficient

memory optimization, ensuring the usability of R3 in embedded robotic DRL training

scenarios.

4.4.4 Overhead Analysis

We further break down the overhead of R3 for different platforms regarding execution

time and memory usage.

Execution Overhead. Table 4.6 details the average execution overhead for each component:

deadline-driven feedback loop (Feedback), replay memory management (MM), and runtime
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Table 4.6: Detailed average runtime execution overhead (s) and percentage of applying R3

for each benchmark.

Platform Benchmark Feedback MM Coord

Xavier
Classic Control 0.30 (0.15%) 0.11 (0.05%) 0.07 (0.04%)

Atari 3.68 (0.01%) 10.22 (0.01%) 0.16 (0.01%)
DonkeyCar 0.35 (0.01%) 41.95 (0.56%) 0.09 (0.01%)

Orin
Classic Control 0.14 (0.05%) 0.29 (0.11%) 0.06 (0.02%)

Atari 1.55 (0.03%) 11.04 (0.02%) 0.08 (0.01%)
DonkeyCar 0.22 (0.01%) 115.8 (1.41%) 0.04 (0.01%)

PC
Classic Control 0.05 (0.09%) 0.10 (0.19%) 0.01 (0.02%)

Atari 0.99 (0.01%) 8.93 (0.02%) 0.04 (0.01%)
DonkeyCar N/A N/A N/A

Table 4.7: Detailed memory overhead and percentage of applying R3 for each benchmark.

(a) Overhead upon Framework (b) Overall Overhead Ratio

Feedback MM Coord Xavier Orin PC

Classic Control 5 KB 160 KB 3 KB 0.001% 0.001% 0.001%
Atari 50 KB 15.6 MB 10 KB 0.975% 0.488% 0.488%

DonkeyCar 12 KB 1.6 MB 15 KB 0.010% 0.005% 0.005%

coordinator (Coord) across platforms. The system’s execution overhead remains under 1.43%,

underscoring our method’s efficiency. The feedback loop has a minimal overhead, peaking at

3.68s in Atari. The runtime coordinator also maintains a low overhead, at most 0.16s and

0.01%. Conversely, memory management has a higher overhead, reaching 115.8s and 1.41%

on Orin, due to increased memory access in our strategy. Yet, this is counterbalanced by

memory optimization techniques like non-blocking data prefetching, enhancing the overall

system performance.

Memory Overhead. Table 4.7 showcases the memory overhead of R3, both in absolute

terms and as a percentage. The overhead remains below 1% on all platforms, making R3 ideal

for memory-limited autonomous systems. While emphasizing memory efficiency, R3 may

compromise latency. Future work might focus on minimizing memory access or enhancing

caching strategies for better memory management.
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Low overhead: R3’s efficient implementation introduces low overhead, making it a

lightweight deployment solution for optimizing On-Device DRL training.

4.4.5 Adaptability to Different System Scenarios

As a complement to the overall effectiveness, we investigate the adaptability of the

proposed R3. We focus on the adaptation of both variable deadline and variable computational

interference in the following angles.

Adaptability to Variant Deadlines. We examine the adaptability of R3 to variant

end-to-end deadlines in Figure 4.15. This figure depicts the outcomes, demonstrating that

R3 can dynamically adjust to variant end-to-end deadlines. Thus it can sustain a highly

predictable task-level tail latency within a defined range of computational interference. This

evidences the resilience of R3 as a solution to different timing constraints.

Adaptability to Variant Computational Interference. We examine DRL training

based on R3 alongside a computationally demanding background workload, namely FFmpeg

video decoding, to explore the adaptability of R3 to computational interference. We varied the

interference workload intensity by modifying the video’s output resolution. Specifically, 720P,

1080P, and 2K decoding resolutions were employed to represent light, heavy, and malicious

interference. Figure 4.15 depicts the outcomes, demonstrating that R3 can dynamically

adjust to computational workload, thereby sustaining a highly predictable task-level tail

latency within a defined range of computational interference. Thus, it ensures the fulfillment

of end-to-end deadlines.
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Figure 4.15: Episode-level latency CDF for varying deadline configuration and interference
workloads intensity on Xavier.

Versatility: R3 consistently maintains its effectiveness across different system scenarios,

including various deadline settings and interference workloads. This adaptability ensures

robustness and resilience, regardless of timing or computational constraints.

4.5 Related Work and Discussion

Deep Reinforcement Learning (DRL) has gained significant attention due to its

ability to learn complex tasks and adapt to dynamic environments, making it particularly

suitable for recent robotics applications [125, 291, 183, 149, 264] and future robots with

complex deep learning techniques [319, 214, 5, 65, 64, 111, 112, 58, 57, 56, 218, 62]. The

foundation of DRL rests on DQN’s introduction [256] and its subsequent extensions tailored

to robotics, including DDQN[343], C51 [24], and others. While newer algorithms such

as PPO [318], TRPO [317], SAC [131] have emerged, the real-time capabilities of DRL

algorithms largely remain an untapped domain. Notably, while a few studies propose new

DRL algorithms that can provide faster response times [339, 299, 113], R3 could optimize

performance of given DRL algorithms without modifying the algorithms themselves. Recent

research has explored dynamic adjustments of training parameters, such as batch size [265]

and replay buffer size [103], to enhance algorithmic performance. However, these approaches,
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being agnostic to system constraints, risk causing catastrophic out-of-memory (OOM) errors

as illustrated in Figure 4.1. In contrast, by considering the unique properties of system

constraints and DRL, R3 effectively avoids OOM errors while achieving the goal of efficient

real-time DRL training.

Recently, real-time ROS schedulers have emerged equipped with a suite of op-

timization strategies [179, 211, 338, 33, 337, 66, 34]. Our emphasis remains mainly on

application-layer application for DRL training, but the potential of integrating more ROS

optimizations remains an exciting prospect for future exploration.

Although considerable progress has been made in addressing real-time deep learning

inference [21, 184, 365, 20, 406, 22, 263, 175, 176, 174], unfortunately, adapting these

techniques directly to the DRL training scenario poses new challenges since the complexity

and resource-demanding characteristics of training. This paper empirically explores these

challenges and introduces a novel framework for On-Device DRL training.

Limitations of R3. R3 provides optimization in a static hardware context, but there still ex-

ists space to get performance gains from software-hardware synergy [390]. Moreover, R3 focus

is on DRL training that utilizes replay buffers, leaving the optimization for replay-buffer-free

DRL algorithms [315] unaddressed. Additionally, despite validations on the DonkeyCar simu-

lator [197] for R3, physical-world implementations may introduce additional unpredictability,

such as sensor noise, dynamic lighting conditions, unpredictable environmental changes, and

unmodeled physical interactions. To understand how well R3 works in the real world, a

promising future direction is actual autonomous systems integration[150, 148, 118, 102, 1].
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4.6 Conclusion

This study introduces the novel framework, R3, which is specifically designed

to ensure timing predictability for executing deep reinforcement learning (DRL) training

workloads in GPU-enabled autonomous embedded systems. The comprehensive nature of

R3 allows for the seamless optimization of both timing and algorithm performance while

simultaneously adhering to stringent memory constraints. This is achieved by incorporating

a thorough understanding of DRL workload characteristics as well as utilizing real-time

system feedback information. Through rigorous experimentation, we have demonstrated

that R3 consistently showed a significant reduction in OOM errors, effective latency handling,

and maintenance of competitive algorithm performance, marking a stride in the realm of

embedded real-time DRL.
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Chapter 5

Orion: Adaptive Memory

Management for On-Device OCL

5.1 Introduction

Online continual learning (OCL) addresses the challenge of learning from non-

stationary, streaming data while mitigating catastrophic forgetting [52, 294, 234, 51, 10,

194, 222, 333]. This capability is critical for robotics and other embodied AI systems that

must adapt in real time in dynamic environments such as transportation, agriculture, and

defense [262, 347, 348, 48, 133]. Unlike offline retraining on fixed datasets, OCL updates

the model incrementally in a single pass over new experiences, making both algorithmic

behavior and systems design central to practical deployment [245, 9].

OCL performance is commonly characterized by plasticity (fast adaptation to new

experiences) and stability (retention of prior knowledge), together with training latency,
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i.e., how quickly the model incorporates new data [117]. On-Device deployment adds a

fourth, implicit axis: memory. Recently, replay-based methods such as ER [52] revisit

stored experiences and are effective across diverse settings, including resource-constrained

platforms [294]. Memory selection (GSS) favors informative samples [10]. Constraint- and

regularization-based methods, e.g., GEM [234], AGEM [51], EWC [194], and LwF [222], pre-

serve past knowledge via gradient projections or parameter consolidation. Beyond algorithms,

system-level efforts remain limited: LifeLearner targets hardware-level optimization for meta-

continual learning [202], Ekya optimizes offline CL pipelines on multi-GPU servers [28],

and Latent Replay focuses on algorithmic changes without systems co-design [289]. Yet

none of these efforts jointly address runtime memory constraints, algorithmic efficacy, and

system-level co-design for On-Device OCL. This gap is critical, as autonomous robots and

edge devices increasingly require real-time adaptation under strict hardware budgets in the

field, far from data centers and without opportunity for offline retraining.

More challenging, the trade-off space of On-Device OCL is inherently conflicted:

batch scaling reduces latency but inflates memory, larger buffers help stability, but risk

OOM, and stronger optimization improves plasticity while increasing compute and memory

traffic. Figure 5.1 summarizes this “no silver bullet” landscape and motivates an adaptive,

memory-aware runtime. Critically, because memory pressure and workload complexity shift

dynamically as the number of OCL experiences grows, any static offline configuration could

be either too conservative and waste resources early, or too aggressive and cause OOM

failures later. This necessitates an online, self-adaptive memory manager.
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Figure 5.1: No silver bullet. Visualization of the complex tradeoff space among three key
performance metrics of On-Device OCL. Memory-agnostic co-optimizing training latency,
plasticity, and stability could easily raise out-of-memory (OOM) concerns under stringent
memory constraints.

Contributions. This work introduces Orion, a self-adaptive memory management ecosystem

for On-Device OCL that addresses the challenge of balancing training latency, plasticity, and

stability under stringent memory constraints. Managing these trade-offs is non-trivial due

to OS-level allocation and runtime variability; doing so robustly requires tight integration of

application- and system-level decisions, especially on embedded platforms.

At its core, Orion introduces URGE, a unified runtime indicator that dynamically

optimizes the OCL process without manual intervention. While URGE’s formulation is

intentionally pragmatic and interpretable, inspired by Liebig’s Law of the Minimum [275],

we demonstrate it is robust across diverse benchmarks, hardware platforms, and OCL

algorithms. By integrating performance metrics (plasticity, stability, latency), balancing

memory usage with system constraints to prevent OOM errors, and adapting to workload

changes using time-dependent thresholds, URGE enables autonomous memory reallocation

across OCL components. This self-adaptive mechanism ensures efficient resource utilization,
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enabling Orion to maintain OCL algorithmic performance while adhering to strict resource

constraints. In addition, we prototype a practical system for real-world deployment by

extending the Avalanche-lib library [46, 233] with system-level optimizations tailored for

embedded and edge platforms. A key module is our unified, multi-threaded data prefetcher

that leverages idle CPU resources to proactively load streaming and replay data, reducing

training bottlenecks. All enhancements are implemented as transparent modules, enabling

rapid deployment of Orion across diverse hardware, including ARM64-based embedded

devices and edge servers.

Implementation and Evaluation. Orion is evaluated on standard OCL benchmarks [198,

232, 231, 160] and four representative algorithms [52, 10, 234, 51], across platforms rang-

ing from high-performance edge servers to memory-constrained embedded devices [268,

270]. We further demonstrate practicality in an autonomous driving case study built on

EndlessCL-Sim [160] with a navigational TurtleBot 3.

Key highlights of Orion include:

• Overall Effectiveness and Versatility: Orion was evaluated on one edge server and

two GPU-enabled autonomous embedded systems, demonstrating its ability to balance

training latency, plasticity, and stability in OCL training. It adapts to different platforms,

benchmarks, OCL algorithms, and user preferences while consistently meeting memory

constraints. Orion achieved an average 12.13× speedups w.r.t. training latency compared

to online baselines, with minimal trade-offs in other performance metrics, specifically,

an average plasticity and stability reduction of less than 10% compared to the offline

brute-force Oracle baseline (Sec. 4.4.2).
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• Practical Usability: A robotic case study validated the practicality and efficacy of Orion

in real-world OCL scenarios. It successfully auto-balances training latency, plasticity, and

stability, without encountering any OOM errors during deployment (Sec. 5.5.3).

• Low Overhead: Orion exhibits low execution overhead ranging from 0.47% to 2.10%,

almost negligible memory overhead between 0.016% to 0.042%, and negligible energy

overhead of less than 0.1% across a rich set of OCL scenarios (Sec. 4.4.4).

5.2 Background

5.2.1 Online Continual Learning

Online Continual Learning (OCL) enables systems to incrementally learn from

streaming data, adapting to new information while retaining prior knowledge [245]. Unlike

traditional deep learning, which relies on static datasets and offline retraining, OCL is

essential for dynamic, real-world applications where data evolves, and full dataset retraining

is impractical. OCL processes sequential experiences, new batches of data, by incrementally

updating model parameters and balancing adaptation to new data with retention of prior

learned knowledge. In real-world robotic applications, OCL provides a lightweight mechanism

for adapting to new lighting or terrains in autonomous navigation, recognizing novel objects

on the fly [289], updating person re-identification models under varying conditions [377],

and continuously refining physical manipulation skills [207].

OCL introduces unique challenges due to its online workload characteristics. It

cannot rely on multiple runs or offline optimization methods, thus inherently requiring

fast, adaptive system-application coordination. Unlike offline methods, OCL demands rapid,
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incremental learning, which makes it particularly challenging for resource-constrained devices

where low training latency is critical [9].

Following state-of-the-art OCL algorithms [117, 294], we evaluate On-Device OCL

performance using the following metrics:

• Plasticity: the ability to adapt to new data.

• Stability: the ability to retain accuracy on previously learned data.

• Training Latency: The speed of adaptation to new data, where higher latency may indicate

slower adaptation and reduced accuracy [117].

• Memory: adherence to stringent memory constraints, which is crucial for On-Device

deployment.

Formally, given a dataset D and experience number N , we define plasticity (P), and

stability (S) for the K-th experience (K ≤ N ) as follows: Plasticity (P) indicates the ability

to adapt to new knowledge: P = 1
K
∑K

i=1 acci, where acci is the test accuracy on the i-th

experience. Stability (S) indicates the ability to maintain previously learned knowledge

while integrating new knowledge:

S =


1 if K = 1,

1− 1
K−1

∑K−1
i=1 Fi if K > 1.

where Fi measures how much knowledge about previous experiences is lost after learning the

i-th experience. This equation also considers that when K = 1, there are no prior experiences

to evaluate forgetting, so stability is set to one. Plasticity and stability can be assessed
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immediately after training in each experience, without needing to complete the entire OCL

process.

To gain a comprehensive understanding of the performance of On-Device OCL, it

is essential to focus on two key OCL components: batch execution and replay buffer. Batch

execution involves processing multiple data samples in a single operation, fostering effective

learning. On the other hand, the replay buffer serves as a repository for past experiences,

which are sampled for conducting mini-batch training. These components significantly

impact algorithmic performance, that is, plasticity and stability, and system-level memory

usage and training latency. Specifically, we explore the impacts of key OCL parameters on

the above metrics, including (1) training batch size, which defines the amount of data used

in each mini-batch training; (2) replay buffer size, which determines the amount of data

stored for revisitation; and (3) optimization strategies tailored for enhancing plasticity.

5.3 Motivation

This section thoroughly examines the critical trade-offs in On-Device OCL under

stringent memory constraints, highlighting specific challenges through a series of realistic case

studies. Understanding and quantifying these trade-offs provides valuable insights into how

to effectively co-optimize plasticity, stability, and resource usage, guiding the development

of more robust and efficient deployable solutions.

On-Device OCL must jointly balance training latency, plasticity, and stability under

tight memory budgets. We study three levers that practitioners frequently adjust in practice

104



4000

4500

5000

5500

6000

6500

M
em

or
y 

(M
B

)

IC IL WC

1 2 4 8 16 32 64 128 256
Batch Size

0

500

1000

1500

2000

La
te

nc
y 

[s
]

1 2 4 8 16 32 64 128 256
Batch Size

1 2 4 8 16 32 64 128 256
Batch Size

Batch Size
1 2 4 8 16 32 64 128 256

(a) Effect of training batch size on OCL.

4000

5000

6000

7000

8000

9000

M
em

or
y 

(M
B

)

IC IL WC

0 1e1 1e2 1e3 1e4 1e5
Replay Buffer Size

0.00

0.25

0.50

0.75

1.00

St
ab

ili
ty

0 1e1 1e2 1e3 1e4 1e5
Replay Buffer Size

0 1e1 1e2 1e3 1e4 1e5
Replay Buffer Size

Replay Buffer Size
0 1e1 1e2 1e3 1e4 1e5

(b) Effect of replay buffer size on OCL.

Figure 5.2: Impact of key hyperparameter choices on OCL metrics under memory constraints.

Table 5.1: Integrating OCL plugins into ER. Best results are marked. Subscripts show
differences from the baseline.

Metrics Training Latency (s) Plasticity Memory (MB)

Setting w/o Opt. GEM EWC GEM+EWC w/o Opt. GEM EWC GEM+EWC w/o Opt. GEM EWC GEM+EWC

IC best73.06 147.40+74.34 147.18+74.12 215.13+142.07 0.98 best0.99+0.01 best0.99+0.01 best0.99+0.01 best4100 4195+95 4200+100 4207+107

IL best263.28 505.00+241.72 537.28+274.00 771.61+508.33 0.94 0.94+0.00 best0.98+0.04 0.93−0.01 best4250 4347+97 4352+102 4360+110

WC best268.88 527.16+258.28 560.63+291.75 817.82+548.94 0.97 0.89−0.08 0.93−0.04 best0.97+0.00 best4180 4270+90 4281+101 4301+121

(batch size, replay buffer size, and optimization plugins), and find that memory is the shared

bottleneck that frequently drives failures on embedded platforms.

We first vary the training batch size and measure its effect across the Incremental

Class (IC), Incremental Learning (IL), and Weather Classification (WC) scenarios. As

illustrated in Figure 5.2a, batch size dictates a severe trade-off between training latency and

memory consumption. While small batch sizes (e.g., 1 to 16) keep memory usage manageable

at roughly 4.2 GB, they incur prohibitive training latencies, exceeding 2000 seconds in the

IL and WC scenarios, which effectively prevents real-time robotic adaptation. Conversely,

scaling the batch size to 256 drastically reduces latency to under 200 seconds, but inflates

memory consumption well beyond 6 GB. On edge devices equipped with 4 to 8 GB of

unified memory, such aggressive batching guarantees Out-Of-Memory (OOM) failures.

Next, we analyze the impact of replay buffer size. Figure 5.2b demonstrates a

clear pattern of diminishing returns. Stability improves dramatically as the buffer size
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expands from 0 to 103, successfully mitigating catastrophic forgetting. However, beyond

104, stability saturates at nearly 1.0. Meanwhile, memory usage remains relatively stable

(4.2 to 4.7GB) up to 104 but experiences a massive, abrupt spike to approximately 9GB at

105. Allocating excessively large buffers yields negligible performance benefits while ensuring

memory exhaustion on resource-constrained platforms, underscoring the need for precise,

context-aware sizing rather than naive maximization.

Finally, we examine the deployment overhead of integrating state-of-the-art algo-

rithmic plugins (GEM and EWC) into the baseline Experience Replay (ER) algorithm. As

detailed in Table 5.1, these plugins successfully enhance model plasticity (e.g., from 0.94 to

0.98 in IL) and help preserve stability. However, this algorithmic superiority is not free on

the edge. The computational complexity of calculating gradient projections (GEM) or Fisher

information matrices (EWC) doubles or even triples the training latency (e.g., IC latency

jumps from 73 s to over 215 s with GEM+EWC). Furthermore, maintaining these auxiliary

structures consistently inflates memory usage by roughly 90 to 121MB across scenarios. This

demonstrates that purely algorithmic OCL advancements can severely penalize system-level

responsiveness if deployed indiscriminately.

In summary, these empirical case studies reveal that OCL optimization goals are

inherently coupled and frequently conflicting. Maximizing learning performance (plasticity

and stability) via larger batches, expanded buffers, or advanced plugins fundamentally

degrades system performance (latency and memory footprint). Because edge devices operate

under strict, non-negotiable hardware ceilings, there is no static, universally optimal con-

figuration. Instead, realizing deployable On-Device OCL demands an intelligent, dynamic

106



co-optimization strategy that treats hardware constraints and algorithmic efficacy as a joint,

multi-objective problem.

Takeaway: Taken together, these three patterns all draw from the same memory pool.

When batch size increases, when the buffer grows, or when heavier plugins are enabled, the

combined footprint often exceeds device capacity, which leads to OOM and unstable training.

Managing these trade-offs is a systems problem. Operating system memory allocation

interacts with algorithm choices; static or memory blind tuning is brittle. We need a fast

and self-adaptive memory manager that coordinates batch processing, replay buffers, and

plugin usage to avoid OOM while preserving stability and training efficiency. The next

section develops this design.

5.4 System Design

5.4.1 Design Overview

Our proposed system, named Orion, is a holistic framework designed to optimize

OCL systems through self-adaptive runtime memory management, balancing system perfor-

mance and resource constraints. Importantly, Orion is transparent to the online continual

learning process and can be seamlessly integrated into existing OCL frameworks. This

ensures that training and evaluation steps remain consistent with established practices

in the field, aligning with the methodologies used in state-of-the-art continual learning

studies [10, 51]. Specifically, Orion maintains transparency between data and experience

splits in benchmark evaluations, adhering to the protocols followed in prior continual learning

works.
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As shown in Fig. 5.3, Orion employs a hierarchical control framework guided by

a unified, system-aware indicator (URGE). This indicator integrates multiple performance

metrics to provide a comprehensive evaluation of the system’s state and serves as the

foundation for decision-making. Intuitively, URGE captures the trade-offs between system

performance and memory resource availability. A high URGE value indicates that resources

are abundant but the system is underperforming, suggesting both the opportunity and

urgency for optimization without significant risk of overloading memory. Conversely, a low

URGE value reflects either: (1) the system is performing sufficiently well and does not require

further optimization, or (2) resource constraints that make further optimization impractical

or risky due to potential OOM errors. (Detailed calculation and application of URGE is in

Sec. 5.4.2.)

Orion implements a hierarchical control framework which operates at two levels:

(1) Coarse-grained control (Algorithm 1, lines 3-5): At this level, URGE is calculated to

guide high-level decisions about the overall optimizing direction of the OCL system. (2)

Fine-grained control (Algorithm 1, lines 6-20): This level involves a more granular approach

to optimizing system performance. After each experience of the OCL process, URGE is

calculated and incorporated with a time-dependent threshold to make adaptive memory

management decisions, as detailed in Section 5.4.3.

Beyond its adaptive control logic, Orion features practical engineering enhancements

to address OCL deployment bottlenecks. Notably, we prototype a unified, multi-threaded

data prefetching module that leverages idle CPU resources to mitigate data loading latency
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and improve end-to-end training performance. All system-level optimizations are imple-

mented as transparent, drop-in modules within our prototype, ensuring compatibility with

the standard Avalanche pipeline and minimal engineering overhead for end users. Details of

these engineering contributions are described in Section 5.4.5.

5.4.2 The Design of URGE

The design of URGE is inspired by the Liebig’s Law of the Minimum (also knowns

as the “Buckets effect”) [275], which posits that growth is limited not by the total resources

available but by the scarcest resource (limiting factor). In this context, URGE ensures that

the system achieves a balance among key metrics: plasticity, stability, and latency while

minimizing memory usage. The “Buckets effect” analogy highlights the intuition behind

the design of URGE. Specifically, when plasticity is high, stability is high, latency is too low

(indicating overly fast training), or when memory usage risks an OOM (out-of-memory)

error, the URGE decreases, leading to more conservative memory allocation (Algorithm 1 line

11-13). Conversely, under more favorable conditions, such as lower memory usage risk, the

URGE increases, allowing for more aggressive memory allocation (Algorithm 1 line 7-9). We

will elaborate on the precise design of URGE later.

Formally, let Pt and St represent the plasticity and stability at time t, respectively.

Let Pth and Sth be the corresponding thresholds. Let Lt represent the training latency at
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time t, and Lth be the latency threshold. Mt is the memory usage at time t, Mmax is the

maximum allowed memory. We define the URGE at time t as

URGEt =
1

1 + ekp(Pt−Pth)
· 1

1 + eks(St−Sth)

· 1

1 + e−kl(Lt−Lth)
· 1

1 + ekm(Mt−Mmax)

(5.1)

where kp, ks, kl, and km are scaling factors that control the sensitivity of the URGE to changes

in plasticity, stability, training latency, and memory pressure, respectively. The terms in

the URGE equation (Eq. 5.1) reflect the system’s state. If plasticity is low, the first term is

high; If stability is low, the second term is high; If training latency is high, the third term is

high. These scenarios highlight how different factors may influence URGE, and consequently,

the configuration of the OCL system. Intuitively, when any of these terms is high, i URGE

increases, signaling the need to optimize plasticity, stability, or training latency, if sufficient

memory is available. The system responds by increasing the batch size, enlarging the replay

buffer, or enabling advanced optimization strategies to address these deficiencies (Algorithm

1, line 7-9).

Memory usage is critical in preventing OOM errors. When memory usage is high,

the fourth term in Eq. 5.1 decreases, penalizing the URGE. In response, the system decreases

the batch size and replay buffer size and disables advanced optimization strategies to free

up memory resources, minimizing the risk of OOM errors (Algorithm 1, line 11-13).
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Figure 5.3: Design overview of Orion.

5.4.3 Self-adaptive Memory Management

This section explains how Orion leverages URGE for self-adaptive memory manage-

ment. By dynamically adjusting memory allocation in response to performance metrics,

resource constraints, and workload complexity, Orion ensures efficient and robust optimiza-

tion for On-Device OCL systems.

Time-dependent Threshold. While performance metrics such as stability and plasticity

are only accessible after the completion of training for one experience rather than during

training, they remain instrumental for guiding fine-grained control. This is particularly

relevant in OCL, where workloads dynamically evolve. As the OCL progresses, each

experience typically exhibits increasing training latency due to the growing computational

complexity required to retain old knowledge. This dynamic is distinct from the relatively

homogeneous patterns in training latency observed during each training epoch of the

standard Deep Neural Network fine-tuning process [121]. To account for this, we introduce
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a time-dependent threshold, Thrt, that decreases over time to encourage a more aggressive

optimization policy as training advances:

Thrt = Thr0 · e−δt (5.2)

where Thr0 is the initial threshold value, and δ is a constant decay rate hyperparameter that

controls how quickly the threshold decreases over time.

Unified URGE-based Memory Management. We propose a unified memory manager for

application-aware memory allocation and reallocation dynamically. The memory manager

uses URGE and system memory availability to make decisions about memory reservations

for each OCL component and reactively adjust application-level control knobs (batch size,

replay buffer size, and optimization strategies).

The memory allocated for batch processing can be dynamically adjusted based on

URGE:

MBt =


MB0, if t = 0

MBt−1 · (1 + α · (URGEt − Thrt)), if t > 0

(5.3)

where MBt−1 is the batch processing memory at the previous time step, and α is a scaling

factor that controls the sensitivity of the batch processing memory to changes in the URGE. If

URGE exceeds the time-dependent threshold, the batch processing memory will be increased

by a factor of (1 + α · (URGEt − Thrt)) to accelerate the learning process. For example, if

α = 0.1, URGEt = 0.8, and Thrt = 0.7, then the batch processing memory will increase by a

factor of 1 + 0.1 · (0.8− 0.7) = 1.01. After that, batch size at time t could be calculated by

Bt = ⌊ MBt
Mbatch

⌋, where Mbatch is memory consumption for each batch data. Mbatch could be
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easily accessed offline, based on the characteristics of continual learning environments and

tasks. This value is invariant to hardware devices.

The replay buffer memory is managed based on the URGE in a similar manner:

MRt =


MR0, if t = 0

MRt−1 · (1 + β · (URGEt − Thrt)), if t > 0

(5.4)

where MRt−1 is the replay buffer memory at the previous time step, and β is a scaling

factor that controls the sensitivity of the replay buffer memory to changes in the URGE. If

URGE is higher than the threshold, the replay buffer memory will increase by multiplying

a factor of (1 + β · (URGEt − Thrt)) to allow for more diverse samples during training and

improve stability. For example, if β = 0.2, URGEt = 0.8, and Thrt = 0.7, then the replay

buffer memory will increase by multiplying by a factor of 1 + 0.2 · (0.8− 0.7) = 1.02. After

that, the replay buffer size at time t could be calculated by Rt = ⌊MRt
Mdf
⌋, where Mdf is

memory consumption for each data frame. Note that this calculation is conservative in

avoiding OOM because although the replay buffer may not be immediately filled up, actual

memory consumption could be lower than the calculation. Mdf could be easily accessed

offline and is invariant to hardware devices.

Memory allocation for optimization strategies is managed as follows:

MOt =


MOadvanced, if URGEt ≥ Thrt

MOdefault, if URGEt < Thrt

(5.5)

113



Algorithm 4 URGE-based Self-adaptive Memory Management for OCL

1: Input: OCL dataset D; initial memory allocations MB0, MR0, MO0; initial threshold Thr0; scaling
factors α, β; decay rate δ

2: Initialize: MBt ←MB0, MRt ←MR0, MOt ←MO0, URGE0 ← 1, t← 0
3: for each experience e in D do
4: Execute training with current MBt, MRt, and MOt

5: Compute URGEt using Eq. (5.1)
6: Compute Thrt using Eq. (5.2)
7: if URGEt > Thrt then
8: MBt ←MBt−1 · (1 + α · (URGEt − Thrt))
9: MRt ←MRt−1 · (1 + β · (URGEt − Thrt))
10: MOt ←MOadvanced

11: else
12: MBt ←MBt−1 · (1− α · (Thrt − URGEt))
13: MRt ←MRt−1 · (1− β · (Thrt − URGEt))
14: MOt ←MOdefault

15: end if
16: Reconfigure the training system based on updated memory allocations
17: Launch training for experience e
18: Prefetch data for the next experience
19: t← t+ 1
20: end for

where MOadvanced represents the memory consumption of more advanced optimization

strategies that can improve the model’s ability to learn new knowledge, and MOdefault

represents the memory consumption of less memory-intensive optimization strategies.

Note that memory management for optimization is particularly challenging because

it is correlated to batch size and replay buffer size in the above and could be hard to estimate

precisely. Therefore, we roughly assume that all the unprofiled memory measured at the

system level in OCL, except for batch processing memory and replay buffer memory, is

consumed by optimization. Specifically, we estimate the relationship between MOadvanced

and MOdefault as MOadvanced = kMOdefault, where k is a factor that can be determined

rapidly at runtime.
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5.4.4 Automatic Hyperparameter Configuration

To automatically set the hyperparameters kp, ks, kl, and km based on a user-

specified order of importance, we propose a rule-based method. Users provide the importance

order as a list of metrics, e.g., [memory, plasticity, stability, training latency]. Orion then

assigns weights to each metric based on its position in the list, with the last factor receiving

a weight of 1, the second-to-last a weight of 2, and so forth. For instance, if the user specifies

the importance order as [memory, plasticity, stability, training latency], the weights for each

metric are (wm, wp, ws, wl) = (4, 3, 2, 1). We then normalize the weights by k∗ = w∗∑
w to

ensure that km + kp + ks + kl = 1. After normalization, (km, kp, ks, kl) is set to be (0.4,

0.3, 0.2, 0.1). This rule-based method ensures that the URGE is more calculated considering

user-specified preferences. Note that the time complexity of calculating URGE at runtime is

O(e) where e is the experience number for OCL, as it is only computed at the boundary

between training experiences. This ensures that we can quickly assess URGE during the OCL

process.

5.4.5 System Prototype Implementation

Our OCL toolchain is developed as an extension of the Avalanche [46] continual

learning library, with targeted adaptations for ARM64-based embedded platforms. All

system-level optimizations are designed as transparent modules, ensuring full compatibility

with the standard Avalanche pipeline and imposing minimal engineering overhead for

end users. These enhancements are evaluated in Sec. 5.5, where we demonstrate their

impact on training latency under real-world OCL workloads. To address data loading
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bottlenecks common in continual learning scenarios, we introduce a unified, multi-threaded

data prefetching module. Operating in parallel with the main training loop, the CPU

proactively loads and stages both streaming and replay samples ahead of time, while the

GPU remains dedicated to model training. Our implementation unifies the disparate data

access patterns of raw and replay buffers in OCL, leveraging Python threading to ensure data

is always available at iteration boundaries and avoiding blocking overhead. As described in

Algorithm 4, this co-optimized pipeline reduces end-to-end training latency and maximizes

system resource utilization. All modifications require no changes to Avalanche’s core logic

and supporting rapid deployment across diverse hardware platforms.

5.5 Evaluation

5.5.1 Experimental Setup

Testbeds. Our testbeds include three platforms exhibiting different memory constraints:

an edge server with A4500 GPU and two GPU-enabled embedded devices, Xavier, and Orin,

which are widely used in autonomous driving [187, 195] and robotics [293, 269, 271, 273].

OCL algorithms and benchmarking dataset. To ensure a comprehensive evaluation

of Orion, we assess the performance metrics on four prominent OCL algorithms, including

ER [52], GSS [10], GEM [234], and AGEM [51], based on ResNet-20 [146] DNN architecture.

These algorithms represent various OCL approaches, ensuring a comprehensive assessment of

Orion across various settings. We evaluate Orion on a set of widely studied OCL benchmarks

involving different sizes and different OCL tasks as detailed in Tab. 5.2.

.
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Table 5.2: Statistics of benchmark datasets used in this work. IC: Incremental Class, IL:
Incremental Illumination, WC: Weather Change, NI: New Instances, NC: New Classes, NIC:
New Instances and Classes.

Dataset Size Task # Experience # Images Image Size

SplitCIFAR10 [198] Small IC 10 60,000 32×32
SplitCIFAR100 [198] Small IC 10 60,000 32×32

CORe50 [232, 231]
Medium NI 8 164,866 32×32
Medium NC 9 164,866 32×32
Large NIC 79 164,866 32×32

Endless-Sim [160]
N/A IC 4 49,134 32×32
N/A IL 5 181,899 32×32
N/A WC 5 188,536 32×32
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Figure 5.4: Overall effectiveness of Orion using the ER algorithm evaluated on five bench-
marks. Crosses indicate OOM.

Robotic case study. To further demonstrate the practicality of Orion in realistic

scenarios, we conduct a robotic case study in the context of autonomous driving using

Endless-Sim [160], under incremental class learning (IC), incremental illumination condi-

tions (IL), and weather changes (WC).

Baselines. We compare Orion to the following approaches:
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• LR [289]: A state-of-the-art baseline leveraging latent replay for real-time continual

learning in robotics. It reduces computations by replaying latent DNN results instead of

raw data, using default Avalanche-lib parameters.

• MAX-A [46]: MAX-A uses preset values for training parameters in Avalanche-lib for

empirical good plasticity and stability in general OCL scenarios.

• MAX-P [46]: a high-efficiency implementation version of Avalanche-lib, targeting

optimized training latency and maximizing throughput with a large batch size.

• Oracle: We conduct an offline parameter search by brute force to ensure optimized

plasticity and stability.

Implementation details. We implement MAX-A [46] by using default configurations for

batch processing and replay buffer in Avalanche-lib, enabling both optimization plugins

to boost performance. MAX-P [46] is implemented by modifying Avalanche-lib using

a large batch size and a small replay buffer size. We also fully implement LR [289] and

integrate it with Avalanche-lib. For Oracle, we conduct an extensive parameter search

offline, sweeping from training batch size {16, 32, 64, 128, 256, 512, 1024} and replay buffer

size {10, 100, 1000, 10000, 100000, 1000000}. The offline running set number is 42 in total.

5.5.2 Overall Effectiveness

This section evaluates the effectiveness of Orion across three platforms, benchmarks,

and OCL algorithms. The evaluation is divided into three subsets: (1) performance across

benchmarks using a state-of-the-art OCL algorithm, (2) performance across representative

OCL algorithms on a single benchmark, and (3) performance under various user-specified
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Figure 5.5: Overall effectiveness of Orion on four OCL algorithms on the CORe50-NC
benchmark. Crosses indicate OOM.

preferences for different metrics, highlighting trade-offs between training latency, plasticity,

and stability.

Performance across Benchmarks.

We evaluate the performance of Orion across five benchmarks of varying sizes. We

focus ER [52] herein since it is the most representative replay-based OCL algorithm among

the four algorithms.

Training Latency. As seen in Fig. 5.4, Orion runs significantly faster by an average of

392.04× compared with the offline approach Oracle. This huge improvement is due to

Oracle requiring extensive 42 offline runs, while Orion could optimize the OCL systems in a
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Table 5.3: Overall effectiveness of Orion under different user preferences on ER algorithms
on NVIDIA Jetson AGX Xavier. The arrow directions indicate better performance metrics.
The best results are highlighted in bold. Differences compared to the best results are written
in the subscription.

Baselines Prefer Latency Balanced Prefer P/S

Metrics Training Latency [s] ↓
SplitCIFAR10 best88.21 106.06+17.85 117.61+29.40
SplitCIFAR100 best86.72 104.65+17.93 117.07+30.35
CORe50-NI best209.44 237.39+27.95 277.53+68.09
CORe50-NC best219.81 235.02+15.21 357.24+137.43
CORe50-NIC best519.89 786.18+266.29 1097.33+577.44

Metrics Plasticity ↑
SplitCIFAR10 0.51−0.35 best0.86 best0.86
SplitCIFAR100 0.08−0.10 0.17−0.01 best0.18
CORe50-NI 0.27−0.05 0.26−0.06 best0.32
CORe50-NC 0.24−0.10 0.25−0.09 best0.34
CORe50-NIC 0.17−0.07 0.20−0.04 best0.24

Metrics Stability ↑
SplitCIFAR10 0.55−0.16 0.58−0.13 best0.71
SplitCIFAR100 0.94−0.02 0.94−0.02 best0.96
CORe50-NI 0.21−0.06 0.21−0.06 best0.27
CORe50-NC 0.21−0.05 0.23−0.03 best0.26
CORe50-NIC 0.15−0.11 0.19−0.07 best0.26

single run. Compared with online approaches, Orion also demonstrates supreme latency

performance. Orion exhibits significantly lower training latency than both MAX-A and LR

across all benchmarks, achieving an average speedup of 12.13× and 11.69×, respectively.

Furthermore, Orion even outperforms MAX-P in training latency on small and medium

benchmarks (4 out of 5 benchmarks), achieving an average 1.43× speedup due to Orion’s

efficient implementation and seamless integration within the OCL systems. On the large

CORe50-NIC benchmark, Orion incurs slightly higher latency, averaging 116.05% of MAX-P,

which is optimized solely for training latency.

Plasticity and Stability. On small benchmarks, Orion trades off more on plasticity by

12.0% compared to MAX-A but outperforms stability than MAX-A by 19.9%. Orion also
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outperforms LR on plasticity and stability on average by 52.3% and 37.4%. According to

MAX-P, Orion significantly outperforms it by 9.43× on plasticity, but notably, tradeoffs on

the stability of MAX-P on average by 24.0%. These counter-intuitive results could explained

by the definition plasticity, which indicates the ability to learn new knowledge and stability

to resist forgetting1, MAX-P learns very little new knowledge (low plasticity value near to

zero) that can forgotten, so it should have higher stability. Compared with offline baseline

Oracle, Orion performs competitively on small benchmarks. For SplitCIFAR10, Orion

achieves only a 1.15% plasticity gap compared to Oracle while surpassing it by 3.57% in

stability. These results highlight that Orion’s online adaptability allows it to perform near

or even beyond the offline baseline on smaller benchmarks.

On medium and large benchmarks, Orion demonstrates strong performance in

plasticity and stability. It outperforms MAX-P by an average of 15.6% in plasticity and 11.9%

in stability. However, compared to MAX-A and LR, Orion trades off plasticity/stability

by 11.2%/16.1% and 13.1%/5.7%, respectively, while achieving much faster adaptation.

Oracle shows a more significant advantage on medium and large benchmarks, achieving an

average plasticity of 0.28 and stability of 0.33, compared to Orion’s 0.22 and 0.30, despite

this, Orion remains competitive in stability, staying within 10% of Oracle on average. The

trade-offs in plasticity become more pronounced as benchmark size increases, suggesting

that online methods like Orion could benefit from parameter tuning and further refinement

for larger-scale scenarios.

1Definitions of forgetting may vary across continual learning research. For consistent comparison, all
forgetting measurements in this paper are directly adopted from Avalanche-lib [46, 233].
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Performance across OCL Algorithms.

Fig. 5.5 shows the performance of the evaluated methods across four representative

OCL algorithms with heterogeneous computation complexity and memory usage. We used

the CORe50-NC because it is medium-sized and represents typical resource requirements for

OCL benchmarks.

Training Latency. Orion achieves an average speedup of 267.64× over the offline Oracle,

which requires 42 runs, by optimizing OCL systems online in a single self-adaptive run.

Notably, Oracle encounters OOM errors in all algorithms except ER due to its high memory

requirements, making it impractical for resource-constrained scenarios. Compared to online

approaches, Orion achieves significant average speedups of 8.87×, 8.31×, and 1.13× over

MAX-A, LR, and MAX-P, respectively, demonstrating efficient adaptation across diverse

OCL algorithms. For GSS, the most computationally demanding algorithm, MAX-A, and

LR face OOM errors on the Xavier platform, and LR encounters OOM errors on the Orin

platform. In contrast, Orion successfully executes GSS in all scenarios, albeit with a 349.05%

higher training latency compared to MAX-P. These results highlight Orion’s versatility in

handling challenging scenarios, ensuring execution across all OCL algorithms without OOM

errors, even under stringent resource constraints.

Plasticity and Stability. Orion maintains strong plasticity and stability across all

four OCL algorithms. It significantly outperforms MAX-P by 28.1% in plasticity and

27.6% in stability, while trading off plasticity/stability by 13.0%/16.6% and 15.9%/13.8%

compared to MAX-A and LR, respectively, with much faster adaptation. Compared to

Oracle, Orion demonstrates greater robustness and usability, avoiding the critical reliability
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issues that hinder Oracle in practical settings, where it encounters 11 OOM errors across 42

runs. Importantly, Orion successfully executes all algorithms while achieving comparable

performance to Oracle, with an average plasticity/stability trade-off of 9.5% and 8.3%,

respectively, making it a reliable alternative under memory constraints.

The GSS algorithm, with the highest memory complexity, causes OOM errors for

MAX-A and LR on the Xavier platform and for LR on the Orin platform. In contrast, Orion

successfully executes GSS without OOM errors, outperforming MAX-P in plasticity/stability

by 40.0%/0.0% on Xavier and 0.0%/9.1% on Orin. On an edge server with richer resources,

Orion achieves the best plasticity among all online baselines, outperforming MAX-P by

8.3% and matching MAX-A, while trading off stability against LR by 18.75%. These

findings indicate that Orion effectively balances plasticity and stability across a wide range

of hardware setups and resource conditions. This adaptability underscores Orion’s ability

to perform reliably and efficiently across diverse OCL scenarios, making it a practical and

robust solution for real-world deployments.

Performance across user-specific preferences.

Approach is designed to be versatile in handling different constraint scenarios based

on user-specified preferences for certain performance metrics. To evaluate the adaptability

of Orion to different user preferences, we assess its performance under three scenarios: (1)

Prefer Latency, where the user prioritizes training latency; (2) Balanced, where the user

assigns equal importance to all metrics; and (3) Prefer P/S, where the user prioritizes

plasticity and stability. We focus on the ER algorithm and evaluate its performance on

Xavier across five benchmarks. Tab. 5.3 presents the results of Orion under these three
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user preference scenarios. When the user prefers low training latency, Orion achieves the

lowest latency across all benchmarks, with an average latency of 224.81 seconds. However,

this comes at the cost of lower plasticity and stability, with average values of 0.25 and

0.42, respectively. In the balanced scenario, Orion strikes a good balance between training

latency, plasticity, and stability. It achieves an average training latency of 293.86 seconds,

which is 30.7% higher than the Prefer Latency scenario. However, it maintains acceptable

plasticity and stability, with average values of 0.32 and 0.43, respectively. When the user

prefers high plasticity and stability (Prefer P/S), Orion achieves the best plasticity and

stability across all benchmarks, averaged by 0.36 and 0.52. However, this comes at the cost

of higher training latency, with an average of 393.36 seconds, 1.34× higher than the balanced

scenarios. These results demonstrate Orion’s ability to adapt to different user preferences

and optimize its performance.

Overall effectiveness and versatility: Orion effectively auto-balances training latency,

plasticity, and stability across various benchmarks, OCL algorithms, and user-specified

preferences while consistently adhering to memory constraints on different hardware platforms.

This versatility ensures optimal performance tailored to specific system requirements and

user needs.

5.5.3 Robotic Case Study

To evaluate the practicality of Orion, we conducted a case study using a Jetson-

enabled autonomous navigation robot, built on the Turtlebot3 Burger [309] with an NVIDIA

Jetson motherboard and a high-resolution camera for real-time data processing and navigation

(Fig. 5.6). Using Endless-Sim [160], we tested Orion in three realistic OCL scenarios
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Table 5.4: Robotic case study results on NVIDIA Jetson Xavier. ✗ indicates out-of-memory
error occurs. The arrow directions indicate better performance metrics. IC: Incremental
Class, IL: Incremental Illumination, WC: Weather Change.

Algorithms ER GSS GEM AGEM

Baselines MAX-A MAX-P LR Orion MAX-A MAX-P LR Orion MAX-A MAX-P LR Orion MAX-A MAX-P LR Orion

Metrics Training Latency [s] ↓

IC 203.45 ✗ 204.30 111.98 ✗ ✗ ✗ 436.07 233.24 ✗ 234.98 122.29 229.82 ✗ 235.74 111.02
IL 990.80 ✗ 995.93 416.97 ✗ ✗ ✗ 1169.56 1195.18 ✗ 1201.09 444.75 1177.83 ✗ 1182.66 432.37
WC 1040.45 ✗ 1035.50 435.02 ✗ ✗ ✗ 1183.83 1240.66 ✗ 1235.39 463.93 1239.03 ✗ 1235.22 454.81

Metrics Plasticity ↑

IC 0.99 ✗ 0.25 0.97 ✗ ✗ ✗ 0.86 0.76 ✗ 0.25 0.76 0.84 ✗ 0.25 0.74
IL 0.98 ✗ 0.99 0.81 ✗ ✗ ✗ 0.98 0.97 ✗ 0.95 0.90 0.98 ✗ 0.95 0.80
WC 0.95 ✗ 0.96 0.85 ✗ ✗ ✗ 0.89 0.91 ✗ 0.96 0.74 0.93 ✗ 0.81 0.79

Metrics Stability ↑

IC 0.92 ✗ 0.99 0.36 ✗ ✗ ✗ 0.38 1.00 ✗ 0.99 0.68 0.85 ✗ 1.00 0.83
IL 1.00 ✗ 0.99 0.91 ✗ ✗ ✗ 1.00 1.00 ✗ 1.00 1.00 1.00 ✗ 1.00 1.00
WC 1.00 ✗ 1.00 0.99 ✗ ✗ ✗ 0.90 1.00 ✗ 1.00 1.00 1.00 ✗ 1.00 1.00

(a) Clean Road (b) Road Work Zone (c) Closed Road

(d) Night light (e) Morning light (e) Noon light

Figure 5.6: A realistic case study based on an NVIDIA Jetson GPU-enabled autonomous
navigation robot built on Turtlebot3. (a) (b) (c) exhibit incremental class scenarios (IC),
(d) (e) (f) exhibit incremental light scenarios (IL). Red lines indicate the robot’s moving
directions.

(Tab. 5.4). The results show that Orion effectively balances training latency, plasticity, and

stability without any OOM errors. In contrast, baseline methods experienced 3, 12, and 3

OOM errors for MAX-A, MAX-P, and LR, respectively. These findings demonstrate Orion’s

suitability for autonomous robotics applications with stringent memory constraints.

To gain deeper insights into Orion’s handling of memory-constrained scenarios, we

performed a detailed breakdown and time profiling of memory usage for GSS, as shown in
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Figure 5.8: Ablation study of data prefetching.

Fig. 5.7. The left plot shows the memory breakdown by usage categories, revealing that

MAX-A and LR heavily consume memory in data storage, while MAX-P uses excessive

memory for intermediate activations, leading to OOM errors. In contrast, Orion auto-

balances memory usage, ensuring smooth execution without exceeding available memory.

The right plot in Fig. 5.7 presents a system-level memory usage profile over time for GSS.

MAX-P quickly runs out of memory during batch executions, while MAX-A and LR last

longer but eventually encounter OOM errors due to uncontrolled storage. Conversely, Orion

maintains a stable memory footprint throughout training, demonstrating its practicality in

real-world OCL applications.
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Practical usability: Orion effectively auto-balances training latency, plasticity, and

stability without out-of-memory errors in practical robotic scenarios.

5.5.4 Ablation Study

Data prefetching optimizes data loading without altering training parameters or

the DNN model, thus preserving plasticity and stability unchanged. As shown in Fig. 5.8,

data prefetching reduces training latency by 32.3%, 36.7%, and 37.6% on Xavier, Orin, and

Server, respectively, demonstrating greater benefits for platforms with higher computational

capabilities. The ablation studies demonstrate the effectiveness of Orion’s modular design

and system prototyping. The seamless integration of these components enables Orion to

achieve substantial gains in training latency performance while maintaining acceptable

plasticity and stability.

5.5.5 Overhead Analysis

Execution Overhead. As shown in Tab. 5.5, the overall execution overhead of Orion

remains below 2.1% of the total execution time, demonstrating its efficiency. Overhead from

the URGE calculator, finer-grained controller, and data prefetching scales linearly with the

number of experiences. There is some unprofiled execution overhead while remaining nearly

unchanged, coming from the OCL framework itself.

Memory Overhead. Tab. 5.7 shows that Orion maintains a memory overhead of less

than 1.0% across all platforms. Minor overhead arises from score calculation, finer-grained

control, and selective approximation, with data prefetching contributing the most.
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Table 5.5: Average runtime execution overhead [ms] and percentage of Orion across bench-
marks on Xavier.

Benchmark Calculator Control Prefetch Overall

SplitCIFAR10 18 (0.02%) 2 (0.01%) 190 (0.18%) 2210 (2.10%)
SplitCIFAR100 18 (0.02%) 2 (0.01%) 195 (0.18%) 2215 (2.10%)
CORe50-NI 14 (0.01%) 8 (0.01%) 156 (0.07%) 2178 (0.93%)
CORe50-NC 17 (0.01%) 8 (0.01%) 176 (0.07%) 2201 (0.94%)
CORe50-NIC 144 (0.02%) 16 (0.01%) 1540 (0.20%) 3700 (0.47%)

Energy Overhead. Tab. 5.6 shows that Orion maintains a memory overhead of less than

0.1% across all platforms. Negligible overhead arises from all components.

Low overhead: Orion’s highly optimized implementation introduces negligible computa-

tional, memory burdens, and energy consumption, establishing it as a lightweight, deployable

solution for sustainable On-Device OCL.

5.5.6 Discussions

Limitations. This work focuses on replay-based OCL under stringent memory constraints,

excluding non-replay-based approaches [194, 222]. We do not address OCL for natural

language processing tasks, large-scale datasets like ImageNet [78] and CLOC [190], or infinite

streams [376, 395], which remain future work due to resource limitations. Following existing

continual learning work [52, 294, 234], we assume data labels are available for supervised

learning, as unsupervised continual learning remains a theoretical challenge. Notably, server-

based solutions using large, highly accurate “golden models” [28] could provide annotations,

but they are impractical for On-Device memory-constrained scenarios due to high memory

resource demands.

Generality and Broader Impact. Orion is highly adaptable across diverse datasets,

models, and hardware. Built atop Avalanche-lib [46, 233], it seamlessly integrates with
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Table 5.6: Average energy execution overhead [Joules] of Orion across benchmarks on
Xavier.

Benchmark Calculator Control Prefetch Overall

SplitCIFAR10 0.27 0.03 2.85 33.15
SplitCIFAR100 0.27 0.03 2.93 33.23
CORe50-NI 0.21 0.12 2.34 32.67
CORe50-NC 0.26 0.12 2.64 33.02
CORe50-NIC 2.16 0.24 23.10 55.50

Table 5.7: Memory overhead of Orion.

(a) Overhead Breakdown on Module (b) Overall Overhead Ratio

Benchmark Calculator Control Prefetch Xavier Orin Server

SplitCIFAR10 1 KB 10 KB 3.2MB 0.041% 0.021% 0.016%
SplitCIFAR100 1 KB 10 KB 3.2MB 0.041% 0.021% 0.016%
CORe50-NI 1 KB 8 KB 3.2MB 0.041% 0.021% 0.016%
CORe50-NC 1 KB 9 KB 3.2MB 0.041% 0.021% 0.016%
CORe50-NIC 2 KB 79 KB 3.2MB 0.042% 0.021% 0.017%

scalable DNN training solutions [180, 13, 76, 323, 278] for both traditional and resource-

constrained environments. Beyond navigational robotics, Orion’s modular and transparent

architecture readily extends to other On-Device scenarios, including video analytics [28],

fault diagnosis [191], user personalization [53, 86, 290], home automation [290, 404], and

smart wearables [316]. Furthermore, Orion is orthogonal to and fully compatible with exist-

ing efficiency techniques. At the model level, it supports automated porting [127], model

merging [280], compression [41, 77, 305, 396, 116, 358, 349], and quantization [186, 321, 300].

At the system level, it can integrate memory-saving optimizations like gradient checkpoint-

ing [123, 242], micro-batch execution [167, 351], recomputation [60, 351], and selective layer

updates [357, 332, 356]. While our current evaluation relies on the standard ResNet-20

backbone for fair algorithmic comparison, validating our self-adaptive memory policies

across a broader spectrum of modern model architectures remains important future work.

Ultimately, we hope the engineering insights and design trade-offs will guide improvements
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in other prominent OCL frameworks [84, 93, 266], facilitating the practical, widespread

deployment of continual learning systems.

5.6 Related Work

Online Continual Learning (OCL) addresses the challenge of sequential learning

from streaming data [52, 294, 234, 51, 10, 194, 222, 347, 348, 48, 333, 301]. Replay-based

methods, such as ER [52], mitigate catastrophic forgetting by revisiting past experiences

during new task learning[52, 294, 51, 234, 10, 9]. These methods perform well across diverse

settings and are particularly effective in resource-constrained environments [294]. GEM [234]

and AGEM [51] preserve prior knowledge using gradient-based constraints, while GSS [10]

enhances memory efficiency by storing informative samples. These approaches balance

memory retention and adaptability. In practice, OCL serves as an efficient framework for

continuous robotic adaptation. It enables autonomous systems to seamlessly adjust to

changing lighting and terrains, perform real-time novel object recognition [289], dynamically

update person re-identification models across shifting environments [377], and incrementally

perfect physical manipulation tasks [207].

Few studies explore system-level optimization for continual learning. For instance,

LifeLearner [202] focuses on hardware-level optimization for meta-continual learning, address-

ing a distinct problem scope. Ekya [28] optimizes offline continual learning, e.g., iCaRL [301],

for video analytics on high-end multi-GPU servers via dynamic workload scheduling, target-

ing different systems and applications. Latent Replay [289], which only modifies algorithms

without considering system-level optimization, serves as a strong baseline in our evaluation.
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Unlike these prior efforts, which either isolate algorithmic improvements from

hardware realities or target resource-rich offline environments, Orion explicitly bridges the

gap between OCL algorithms and edge system constraints. To the best of our knowledge,

Orion is the first comprehensive framework to dynamically co-optimize latency, energy

efficiency, and learning efficacy for online continual learning on embedded platforms. This

enables sustainable, real-time robotic adaptation without exceeding the strict memory

constraints inherent to low-power SoCs.

5.7 Conclusion

This paper presents Orion, a holistic solution for managing training latency, plastic-

ity, and stability in On-Device OCL for memory-limited autonomous embedded systems. Our

study highlights the trade-offs required in OCL systems on resource-constrained platforms.

Orion effectively auto-balances these trade-offs while adhering to memory constraints. We

evaluate Orion across state-of-the-art replay-based OCL algorithms, diverse benchmarks,

and three heterogeneous hardware platforms, demonstrating its effectiveness and versatility.

Although we focus on replay-based OCL algorithms, we believe the design principles of Orion

can extend to other continual learning systems, laying a foundation for future On-Device

OCL systems in intelligent systems.
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Reducing Latency and Deadline

Misses in Real-Time Learning
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Chapter 6

RED: Systematic Real-Time

Scheduling for Robotic

Environmental Dynamics

6.1 Introduction

For complex cognitive analysis, intelligent robotic applications increasingly rely on

co-executing multiple deep neural networks (DNNs), often for correlated tasks, known as

multi-task inference [101, 247, 364, 201]. These DNNs, each trained for a specific inference

task, are often run simultaneously on resource-constrained robotic platforms. Examples

include personal robots that recognize sounds and places [208], autonomous vehicles that see

the world from the front, side, and rear views [364], and home hubs that recognize emotions

through both speech and facial expression [393, 155].
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One imminent challenge for performing multi-task inference in robotic systems is

their strict resource and real-time constraints [370, 394, 38, 206, 119, 120]. As modern deep

learning algorithms are notoriously memory- and computation-hungry, it is challenging to

deploy multiple DNNs on resource-constrained hardware platforms while satisfying strict real-

time constraints. Weight sharing across deep neural networks is a class of newly developed

methods for increasing drastically the efficiency of multi-task inference [157, 155, 208].

Memory usage can be reduced effectively as parameters are shared across DNNs, which is

only possible when these DNNs are intended for correlated inference tasks. However, task

correlation is commonplace as many DNNs in multi-task inference use the same input to

infer distinct labels (single-input, multi-output) (SIMONet), merge complementary inputs to

output a single label jointly (multi-input, single-output) (MISONet), or even a combination

of both (multi-input, multi-output) (MIMONet).

Intelligent robotic applications often face another challenge: environmental dynam-

ics. Intelligent robots expect to effectively negotiate dynamic, unpredictable environments

crowded with moving mechanical elements and objects. Environment-induced dynamics

such as moving obstacles could easily transform the computing demand (e.g., new tasks) and

structure of workloads (e.g., precedence constraints among tasks) during runtime, negatively

impacting overall system performance. Existing solutions rely on runtime scheduling to cope

with the changing environment and runtime variations [119, 120]. However, as illustrated in

Sec. 6.2, the problem herein is rather challenging due to (i) dynamically changing workload

(Sec. 6.2.1), (ii) MIMONet architecture (Sec. 6.2.2), (iii) asynchronous inference (Sec. 6.2.3).
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To this end, we propose MIMONet, a systematic real-time scheduling approach

designed to enable multi-task DNN workloads in resource-constrained robotic systems that

can adaptively handle environmental dynamics and satisfy real-time constraints (i.e., end-

to-end deadline of an operation). The center of MIMONet is a deadline-based scheduler

leveraging an intermediate deadline assignment policy, which could efficiently handle changing

workloads and asynchronous inference challenges. This scheduling framework also flexibly

supports MIMONet architecture (multi-input multi-output neural nets) [214] for memory-

efficient deployment.

Leveraging the MIMONet-driven scheduling framework mentioned above appears

to be a feasible and practical solution. However, a critical observation we had is that such a

general scheduling framework does not consider the unique properties of MIMONet and may

yield suboptimal performance. Specifically, MIMONet features a weight-shared architecture

which can be exploited to reduce computation overhead further but may introduce new

runtime optimization challenges.

To consider and exploit this feature unique to MIMONet, MIMONet develops a

novel workload refinement and reconstruction process to make the scheduling framework

compatible with MIMONet and fully explore its efficiency. An on-demand synchronization is

integrated with this scheduling framework aiming to improve the overall system performance

by reducing synchronization overhead. We implemented MIMONet on four embedded

platforms pervasively used in robotic applications, including NVIDIA Jetson Nano, TX2,

AGX Xavier, and AGX Orin, which exhibit different computing capabilities and architectural
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characteristics. We evaluate MIMONet under a wide range of workloads and settings that

navigation robots may experience.

Our main contributions and results are as follows. 1) To the best of our knowledge,

we are the first to enable the effective execution of weight-shared DNNs with deadline-driven

schedulers. 2) We designed MIMONet, a unified system that enables efficient multi-task

inference on resource-constrained robotic platforms, dealing with real-time constraints in

dynamic environments. This holds the potential for more advanced and efficient robotic

applications in the future. 3) Our experimental results demonstrate:

• On-Device effectiveness: The MIMONet demonstrates significantly lower deadline miss

rates by 40.5%, providing an average of 24.7% reduction in response time and making a

34.8% improvement in quality of experience as compared to the EDF baseline. (Refer to

Sec. 6.4.2)

• Practical usability: MIMONet can be seamlessly integrated with widely-used robotic

middleware ROS 2 and existing systems like NVIDIA IoT AI [171], requiring no extensive

modifications. Compared to the EDF scheduler built upon ROS2, MIMONet provides

32.7% less response time, and lower deadline miss rates by 67.3%. (Refer to Sec. 6.4.3)

• Robust adaptability: MIMONet is capable of automatic adaptation to varying end-to-

end deadline settings and diverse quality of experience requirements within acceptable

ranges. (Refer to Sec. 6.4.4)

• Low overhead: MIMONet’s efficient design and implementation incurs low offline profiling

overhead and runtime overhead. (Refer to Sec. 6.4.5)
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Figure 6.1: Robotic environmental dynamics induces changes of workloads structures. When
environmental dynamics increase, the rate of missing deadlines, tasks dropped rate, and
observed execution time of specific tasks dramatically increases, and vice versa.

6.2 Background and Motivational Case Study

In this section, we present several motivating case studies to examine and compre-

hend the unique challenges associated with operating multi-input multi-output deep neural

network (MIMONet) driven robotic systems.

6.2.1 Challenges due to Dynamically Changing Workloads

Robotic systems often function in intricate environments that demand the ability

to adapt to dynamically evolving and unpredictable situations. A case in point involves

unexpected obstacles, requiring real-time workload adjustments to maintain timing correct-

ness.
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Table 6.1: This table shows deep learning-based models for navigating robot tasks. The
Model column lists the specific models and the sources that describe the model architecture.
The dataset column indicates the dataset to be used for each model. For some models, we
reduced the resolution of the original model to fit the context of the embedded scenario. We
choose YOLOv5n as the minimal version for the object detection task and scale the channel
number to 1/4 official UNet.

Task Model Dataset FLOPs Params Memarm Memx86

Lane Detection ENet [286] KITTI [115] 4.111G 3.666M 3329MB 3796MB / 2073MB
Segmentation UNet [310] KITTI [115] 2.655G 1.943M 3359MB 3752MB / 1261MB
Cruise Control AutoPilot [36] Dave [282] 0.465G 2.489M 3680MB 3864MB / 1139MB

Object Detection YOLO [302] KITTI [115] 0.283G 5.286M 3593MB 3754MB / 1159MB

Multi-tasks MIMONet [214] KITTI [115] 6.704G 10.465M 3718MB 3739MB / 1611MB

A test scenario was established with a refitted TurtleBot3 powered by NVIDIA

Jetson Nano, navigating from point A to point B and back, encountering random obstacles

en route. The navigation process, composed of three tasks from the model table, evolved

in three phases. Initially, the navigation comprised two dependent tasks: cruising control

and segmentation. Upon detecting obstacles, an object detection task was added, causing a

substantial increase in deadline misses. When the obstacles cleared, the structure reverted

to the initial phase, and the rate of deadline misses declined.

The pivotal challenge, thereby, lies in the dynamic environments where robotic

systems operate, inducing changing workload structures. These shifts necessitate real-time

adaptive decisions to maintain the end-to-end deadline. The case study data is illustrated in

Figure 6.1 and Table 6.1.

As demonstrated in Figure 6.1, the navigation process, encapsulating three key

tasks from Table 6.1, unfolds in three distinct phases. The initial phase naturally includes

two interdependent tasks: cruising control followed by segmentation. Upon encountering

an obstacle at a specific juncture (t=3), the object detection task is necessitated, and

subsequently incorporated into the workload Directed Acyclic Graph (DAG). Once the

138



(a) Traditional DNN (b) MIMONet
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Figure 6.2: The architecture of MIMONet compared to traditional DNN. The structural
characteristics of MIMONet (partitionable components) naturally facilitate finer-grained
DAG partitioning. Shared encoder inference in (b) marked with a black dashed box refers to
a black node in (d), and each separate decoder in (b) marked with a red dashed box refers
to a red node in (d).

environment clears at t=6, the DAG structure reverts to its original configuration. A, B, and

C represent cruising control, segmentation, and object detection. The deadline for A, B, and

C is set to 50ms, 30ms, and 50ms, based on their execution times as well as a pre-defined

end-to-end deadline of 130ms.

Figure 6.1 reveals a significant escalation in deadline misses during the second

phase, coinciding with the unexpected integration of the object detection task into the

workload DAG. Specifically, the miss and drop rate for task B surges from 3.3% to 30.0%,

resulting in an average deadline missing rate of 13.0% within the interval (3,6). Despite

this, the system’s GPU remains underutilized during this period. Of note, if task B (the

sink node in the DAG) fails to meet its deadline, it leads to a violation of the operation’s

end-to-end deadline. The removal of task C at t=6 sees a drop in the rate of missed and

dropped deadlines for task B to 2.2%.

Challenge 1: Robotic systems frequently operate in dynamic environments that induce

fluctuating workload structures. Consequently, robotic system software is required to make

real-time adaptive decisions in response to these changing workloads to ensure the end-to-end

deadline is met.
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6.2.2 Challenges due to the MIMONet Architecture

In response to the dynamic challenges posed by robotic systems, advanced compu-

tational techniques have become crucial. One area of considerable progress is the evolution

of deep neural networks (DNNs). The past decade has witnessed a dramatic expansion of

computational capabilities, contributing significantly to the success of DNNs. The field of self-

supervised learning-based Large Language Models (LLMs) has notably improved algorithm

performance, primarily attributed to their remarkable generalizability, facilitating smooth

application across various tasks. Numerous applications founded on these models, including

CLIP [297], DINOv2 [277], GPT-4 [276], and Bard [340], have attracted significant attention.

These applications leverage the core technique of MIMONet (Multiple-Input-Multiple-Output

Deep Neural Networks), an advanced DNN architecture enabling simultaneous processing

of multiple inputs and outputs for efficient and versatile model training (Figure 6.2). The

superior performance of MIMONet is rooted in its ability to decipher complex patterns and

dependencies within input data, thereby fostering improved representations and adaptability

across a wide spectrum of tasks.

Building on the triumphs of DNNs, the MIMONet architecture has showcased its

potential in diverse applications, such as intelligent robots operating within resource-limited

embedded systems. Despite variations in implementation, MIMONet architectures manifest

common workload characteristics, presenting considerable challenges when deployed in such

environments. These characteristics include:

• Memory-Efficient Architecture: MIMONet is specifically designed to optimize memory

usage, making it highly suitable for environments with resource constraints. Even in
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Figure 6.3: Data dependency leads to periodic system’s real-time performance degradation
in asynchronous inference scenarios. The first two figures present a statistical analysis of
end-to-end response times under the two scenarios. The last two figures summarize the task
instances that meet, miss, or are dropped by the system.

its simplest form (as depicted in Figure 6.2), MIMONet requires only a modest number

of additional parameters to facilitate multi-input multi-output support, as compared

to traditional DNNs. Table 6.1 highlights a selection of critical tasks along with their

respective standard models and datasets, underpinning the DNN-driven navigation robots.

It is noteworthy that employing MIMONet, as opposed to multiple distinct DNNs, can

substantially reduce memory consumption on both ARM-based and x86-based platforms.

This observation underscores the memory-efficient design of MIMONet, making it inherently

suitable for memory-constrained embedded systems.

• Partitionable Components: As depicted in Figure 6.2, unlike a traditional DNN

(Figure 6.2(a)) that accepts a single input and generates a single output, the network

architecture of MIMONet (Figure 6.2(b)) is designed to accept multiple inputs and generate

multiple outputs within a single DNN simultaneously. This architectural design boasts a

naturally partitionable structure, allowing the inference process to be decomposed into

dependent smaller, manageable subtasks that can be scheduled. This feature introduces

increased flexibility and adaptability in complex environments, as the subtasks can be

dynamically allocated and reconfigured in response to changing environments. Figure 6.2

further presents a simple showcase to illustrate the potential for MIMONet-enabled
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optimization based on its structural characteristics. This naturally invites finer-grained

DAG partitioning while introducing additional optimization challenges, compared to simply

MIMONet-agnostic DAG analysis (see Figure 6.2(c)). Specifically, the inference subtask

in the black dashed box part, as in Figure 6.2(b), corresponds to the black node of the

DAG in Figure 6.2(d) (A1, B1, C1), while the inference in the red dashed box corresponds

to the red node of the DAG (A2, B2, C2).

Challenge 2: The MIMONet architecture, with its memory-efficient design and partition-

able structure, provides a robust solution for intelligent embedded systems. However, it

simultaneously presents new runtime optimization challenges that stem from the need to

dynamically manage and schedule multiple subtasks in real time in response to changing

environmental conditions.

6.2.3 Challenges due to Asynchronous Inference

In the context of deep learning, asynchronous inference refers to the execution of

DNN model inferences without a fixed, synchronized order or timing. Instead of processing

data in a strict sequence or at consistent intervals, asynchronous inference allows tasks to be

processed based on the availability of resources, task dependencies, or other dynamic factors.

This flexibility provides advantages in terms of resource utilization and responsiveness, but it

also introduces complexities with respect to task coordination, timing, and system stability.

Specifically, we conduct a case study to attribute complexities in DNN-based robotic

systems by introducing asynchronous inference through a two-task asynchronous inference

scenario, as shown in Figure 6.3.
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In this scenario, a TurtleBot3 navigates an obstacle-ridden, hazardous environment,

guided by an exploration mission driven by MIMONet systems. The scenario necessitates

the constant operation of the object detection module and includes two tasks: Task A,

overseeing cruising control, and Task B, managing object detection. Task A operates at a

frequency of 30Hz (1/30s) while Task B runs at 33Hz (1/33s), showcasing a subtle variance

in frequency data streams. Both tasks have a deadline of 30ms.

This case study explores the implications of asynchronous inference under two

conditions: when Tasks A and B are interdependent and when they are not. As Fig. 6.3

illustrates, in the absence of interdependency, both tasks demonstrate a uniformly distributed

performance pattern. However, the introduction of task interdependency results in a

significant increase in deadline misses, highlighting the challenges posed by asynchronous

inference.

Challenge 3: The operational framework of a Directed Acyclic Graph (DAG) can spawn

asynchronous inference due to task dependencies, potentially causing cascading delays

or system failures. This complexity is further intensified when dealing with MIMONet

components, which naturally exhibit task interdependence post-partitioning, thereby exacer-

bating the challenges associated with asynchronous inference. Therefore, it is imperative for

robotic system software to incorporate this asynchronicity into runtime resource management

decisions.
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Figure 6.4: Overview of MIMONet.

6.3 System Design

6.3.1 Overview

In response to the intricate challenges of ensuring timing correctness for operating

robots in complex dynamic environments, as discussed in Sec. 6.2, we introduce MIMONet,

a comprehensive MIMONet-driven DAG scheduling framework. MIMONet inference highly

relies on GPU resources. Since most embedded platforms are equipped by robots containing

one GPU, this study targets single-GPU autonomous embedded platforms, e.g., NVIDIA

Jetson Nano, TX2, Xavier, Orin, etc. Note that our proposed method can be further

extended to multi-GPU settings. As illustrated in Figure 6.4, MIMONet consists of three

primary components: (i) A simple yet highly effective intermediate deadline-based scheduler

that efficiently adapts to dynamically changing workloads (Challenge 1), (ii) A MIMONet-

driven DAG refinement and re-assignment policy that resolves issues arising from the

MIMONet structure (Challenge 2), and (iii) An on-demand synchronization mechanism that

significantly enhances overall performance under asynchronous inference system scenarios

(Challenge 3). Each component functions in conjunction to address unique challenges and

promote optimal system operation, with detailed discussions following below:
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• Intermediate Deadline Assignment Policy: The heart of our framework is a robust

policy that assigns intermediate deadlines to tasks. This policy is designed to be simple yet

highly effective in dealing with the dynamically changing workloads prevalent in complex

robotics environments. It ensures efficient scheduling and timely completion of tasks,

thereby maintaining the operational correctness of the robots.

• MIMONet-Driven DAG Refinement and Deadline Re-Assignment: To tackle the

issues stemming from the MIMONet structure (Challenge 2), our framework incorporates

a process of DAG refinement and deadline re-assignment driven by the MIMONet. This

component refines the task nodes, adjusting the granularity of tasks and their interconnec-

tions according to the weight-shared architecture of MIMONet, which in turn enhances

system efficiency against dynamic environmental changes.

• On-demand Synchronization: The last key component of our framework is an on-

demand synchronization system aimed at significantly improving the overall performance

via largely reducing synchronization overhead. By allowing on-demand synchronization,

this system ensures that tasks are executed in harmony with the changing dynamics of the

environment, thereby minimizing latency and enhancing the timeliness and effectiveness

of robotic operations.

Through the seamless integration of the three core components—intermediate

deadline assignment policy, MIMONet-driven DAG refinement, and on-demand synchro-

nization system, MIMONet emerges as a high-performance solution to maintain timing

correctness for robotic operations in complex environments. As depicted in Figure 6.4, this

framework adroitly handles dynamically changing workloads, resolves challenges intrinsic
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Figure 6.5: An illustrative example to apply each component of our design to a MIMONet-
driven DAG scheduling. (a) Basic intermediate deadline assignment enables incorporation
with real-time scheduler and further optimization. (b) Fine-grained DAG refinement
reduces computation costs by merging some tasks. (c) Intermediate deadline reassignment
reduces blocking time at runtime. (d) On-demand synchronization reduces unnecessary
synchronization overhead.

to the MIMONet structure, and significantly improves overall performance by minimizing

synchronization overhead. The holistic design of MIMONet, therefore, offers an efficient

system for managing the demands of real-time operations in changing environments, ensuring

optimal performance and effective robotic operations

6.3.2 Intermediate Deadline Assignment

Achieving the end-to-end deadline of a robotic operation, represented by a Directed

Acyclic Graph (DAG) task, necessitates an efficient deadline assignment strategy. To this

end, we propose an intuitive intermediate deadline assignment approach that assigns an

intermediate deadline to each node in the DAG task. Essentially, by ensuring each node

meets its intermediate deadline, we guarantee the completion of the overall operation within

the end-to-end deadline.

With the above understanding of MIMONet (as in 6.2.2), we can explore how

it interacts with Directed Acyclic Graphs (DAGs) and apply this to a practical example.

Consider a DAG τi with a relative end-to-end deadline D, comprising k nodes τ1i , . . . , τ
k
i .

We assign an intermediate deadline Dk
i to each node. Each node τki has a height H(τki ),
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representing the length of the longest path from any source node to τki . By allocating

an intermediate deadline D
Hj

i to all nodes of height Hj and ensuring
∑

D
Hj

i = Di, the

end-to-end-deadline is met if each node in the DAG completes by its assigned intermediate

deadline. The partitionable nature of MIMONet’s design allows for such tasks to be carried

out effectively and efficiently while meeting these intermediate deadlines.

The challenge lies in identifying the optimal intermediate deadline assignment

strategy. While equal or proportional assignment to each node’s execution time are both

intuitive strategies, MIMONet adopts the latter. Our choice is backed by both empirical

evidence from our evaluations and the logical inference that a proportional assignment

strategy increases the likelihood of nodes meeting their assigned deadlines. Under an equal

assignment strategy, nodes with longer execution times could more easily breach their

assigned deadlines.

For instance, consider a coarse-grained DAG shown in Figure 6.4 with an end-to-end

deadline of 120ms, where nodes A, B, and C have execution costs of 20ms, 20ms, and 40ms,

respectively. Given the dependencies among these nodes, we would assign intermediate

deadlines to A, B, and C of 40ms, 40ms, and 80ms, respectively. Thus, if all nodes complete

within their intermediate deadlines, the end-to-end deadline is met. Note that a node in the

DAG commences execution immediately once all its predecessors have completed. Similarly,

in the partitioned DAG in Figure 6.5(a), the proportional intermediate deadline can also be

assigned directly and work in suboptimal.

While our adoption of proportional intermediate deadline assignment may seem

straightforward, it proves to be highly effective and lays the groundwork for the subsequent
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components of our framework, namely the MIMONet-driven DAG scheduling and on-demand

synchronization.

6.3.3 MIMONet-driven DAG Scheduling: Refinement and Re-Assignment

The scheduling of DAG tasks within MIMONet involves two primary components:

fine-grained DAG refinement and MIMONet-driven intermediate deadline reassignment.

Fine-grained DAG Refinement

Weight-shared architectures, such as MIMONet employed in MIMONet, enable

improved system efficiency by sharing parameters across multiple simultaneous tasks as

illustrated in Sec. 6.2.2. This structure, comprising a shared encoder followed by several

separate decoders, maintains inference accuracy while achieving a smaller overall model

size [47, 244].

However, this parameter-sharing approach presents unique scheduling challenges.

Tasks executed simultaneously can share the intermediate output from the shared encoder,

reducing computation costs, as illustrated in Figure 6.5(b). Conversely, tasks that start

asynchronously cannot share these results, increasing overall computation. It is optimal to

delay early tasks slightly to enforce synchronous execution, thereby saving computation and

reducing latency.

To address such a challenge, we propose a MIMONet-driven DAG structure re-

finement. This approach involves performing a finer-grained DAG analysis, leveraging the

shared encoder characteristics, thereby significantly reducing computational redundancy

and costs. We split each inference sub-task in MIMONet into two dependent parts (encoder
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Algorithm 5 MIMONet DAG structure refining

1: Input: Task Dependency Graph G
2: Output: Fine-grained Task Dependency Graph G′, Task List S, Merged Task T̃
3: Initialize: Refining granularity hyperparameter γ.
4: G′ = ∅
5: while G ̸= ∅ do
6: Conduct topological sort on G
7: S = {v ∈ V : indegree(v) = 0}
8: T̃ = DynamicMerge(S, γ)
9: G′ ← G′ ∪ T̃

10: G← G \ S
11: end while
12: return G′

inference/decoder inference) and perform semantic-preserving reconstruction of finer-grained

DAGs under certain constraints, thus reducing computation cost and taking advantage of

parallelism. Algorithm 1 details this refining process.

Let G = (V,E) be a topologically sorted directed graph where V is the set of nodes

and E is the set of edges. Define the indegree of a node v as:

indegree(v) = |{u ∈ V : (u, v) ∈ E}|

. The set S is formed by taking all nodes in V with indegree(0) (Line 7). Following that, a

dynamic merge operation is conducted (Line 8). The objective of this merge operation is to

maximize the efficiency of task execution in a MIMONet architecture, through leveraging

the shared encoder characteristics to minimize computational redundancy and costs. Note

that only sub-tasks exhibiting release time differences within γ will be merged.
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MIMONet-driven Intermediate Deadline Re-Assignment

Following intermediate deadline assignment to nodes within a DAG task, the

primary objective is to schedule all nodes to meet their deadlines, thereby guaranteeing

the fulfillment of the DAG’s end-to-end deadline. To achieve this, MIMONet utilizes the

Earliest Deadline First (EDF) scheduling methodology, renowned for its efficacy within both

soft and hard real-time system contexts [369]. This strategy, based on EDF scheduling,

schedules and prioritizes nodes according to their allocated intermediate deadlines. Despite

its straightforward nature, this EDF-focused scheduling technique competently addresses

major challenges such as dynamic alterations and refinements in workload structure.

Our preliminary studies revealed a distinctive optimization potential in the realm

of deadline re-assignment. Specifically, we found that recalculating intermediate deadline

assignments at each scheduling point significantly enhances the system’s overall average

response time performance and minimizes the deadline miss ratio. This is particularly

noticeable when a node’s execution speed substantially deviates from its estimated execution

costs. Furthermore, as illustrated in Figure 6.5(c), re-assignment also reduces blocking time1,

thereby decreasing overall end-to-end latency. Hence, in such circumstances, re-assigning

intermediate deadlines can more accurately reflect the real-time workload demand within

the system.

Our method dynamically adjusts to the addition or removal of a node from the

DAG task by rapidly recalculating the intermediate deadline assignment and scheduling

1Blocking time is mainly caused by acquiring a lock on shared memory used by NVIDIA Jetson embedded
devices.
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nodes according to their newly assigned deadlines. Despite adding a layer of complexity, this

dynamic re-assignment assures optimal resource utilization and increases the probability of

adhering to end-to-end deadlines.

6.3.4 On-demand Synchronization

Synchronization plays a pivotal role in orchestrating our framework, facilitating

effective information sharing throughout the system. However, a naively implemented

synchronization strategy can introduce significant overhead, hampering the system’s overall

performance. Therefore, we leverage an on-demand synchronization strategy to mitigate

this issue.

An intuitive, periodic synchronization strategy calls for regular, pre-scheduled

synchronization intervals, irrespective of the system’s state or needs. This strategy can result

in high overhead, as unnecessary synchronization operations may be carried out even when

there are no significant changes in the system state. These redundant operations consume

valuable computational resources, leading to inefficiencies.

On the other hand, an on-demand synchronization strategy allows for more efficient

resource usage. This strategy triggers synchronization only when necessary, i.e., when

significant changes in the system state or meeting specific conditions. The synchronization

operations are thus tied directly to the system’s needs, reducing redundant operations and

conserving computational resources. This results in a more responsive system with lower

overhead, as illustrated in Figure 6.5(d).

We use a multi-DAG parallel execution scenario to illustrate further combining

on-demand synchronization with other components, as in Figure 6.6. In this example, within
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Figure 6.6: A multi-DAG parallel execution example. Intra-DAG refinement aims to
merge nodes in the computation graph, thus reducing the computational cost. Inter-DAG
refinement increases the parallelism of non-mergeable nodes by batch execution. On-demand
synchronization further boosts latency performance by removing unnecessary synchronization
overhead.

each DAG, we conduct intra-DAG refinement to reduce computation costs by merging

some nodes as illustrated in Sec. 6.2.2. Beyond one single DAG, we parallel-execute

unmerged independent nodes with the same heights to maximize parallelism. By default,

synchronization happens on the edges of nodes. We conduct synchronization only when all

the nodes with the same heights finish, reducing the synchronization costs.

Global and Local Synchronizers Implementation. To effectively implement

on-demand synchronization in our framework, we introduce a global synchronizer and multiple

local synchronizers. The global synchronizer is responsible for system and application-level

coordination. Specifically, it periodically invokes the scheduler to dispatch control signals

to task handlers, which then request computing resources based on these signals. Upon

completion of an inference request, task handlers relay feedback to the scheduler. At a

lower level, each task handler has a dedicated local synchronizer maintaining its internal

state. We abstract the handler state into a finite state machine, as depicted in Figure 6.7.

The local synchronizer periodically reviews the state of this finite state machine. When a
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Figure 6.7: Abstract design of finite state machine for handlers. “OOM” refers to out-of-
memory.

state transition occurs, the local synchronizer sends this information to the controller to

inform subsequent scheduling decisions. The global and local synchronizers are implemented

based on a spin-lock design, which ensures rapid response times and minimizes overhead,

while slightly increasing CPU consumption. This implementation strikes a balance between

efficiency and performance, significantly enhancing the system’s overall responsiveness and

effectiveness. Based on all modules mentioned above, the overall integrated task orchestration

algorithm is presented in Algorithm 6.

6.4 Evaluation

In this section, we test our full implementation of MIMONet on top of the PyTorch

framework with an extensive set of evaluations. We explore its overall effectiveness under

different deadline configurations, from tight to relaxed deadlines, across several hardware
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Algorithm 6 Integrated Task Orchestration Algorithm

1: Input: DAG Task τ , End-to-end deadline D, MIMONet Model M , Timing Require-
ments Treq

2: Output: Refined DAG Task τ ′, Scheduled Task Execution
3: τ ′ ← IntermediateDeadlineAssignment(τ,D)
4: τ ′ ←MIMONetDAGRefinement(τ ′,M)
5: InitializeSynchronizers(Treq)
6: while not all tasks τi in τ ′ are completed do
7: OnDemandSynchronization()
8: τnext ← NextTaskToSchedule(τ ′)
9: τ ′ ←MIMONetDAGReAssignment(τ ′, τnext)

10: ExecuteTask(Tnext) ▷ Execute the scheduled task
11: end while

platforms with distinct characteristics (Sec. 6.4.2). This evaluation aims to demonstrate

the general usability and flexibility of MIMONet in a wide range of scenarios. Next, we

delve into a practical case study, integrating MIMONet with ROS2 on NVIDIA IoT AI, to

understand its effectiveness and adaptability in real-world, complex situations (Sec. 6.4.3).

This highlights how seamlessly our solution can be integrated with ROS, an aspect we

introduced in the introduction. Additionally, we conduct a parameter study to demonstrate

MIMONet’s flexibility in handling varying deadline settings (Sec. 6.4.4). We then evaluate

the computational overhead of the MIMONet framework (Sec. 6.4.5), providing insight into

its operational costs. We conclude the evaluation with a discussion on the outcomes and

implications of our analysis (Sec. 6.4.6).

6.4.1 Experimental Setups

This section details a comprehensive evaluation setup, complete with varying

hardware platforms, a diverse set of tasks, and a range of deadline configurations, designed

to thoroughly test the MIMONet framework under a variety of conditions. This breadth of
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Table 6.2: Hardware platforms used in our experiments.

Nano TX2 Xavier Orin

CPU

4-core ARM 6-core ARM 8-core Armv8.2 12-core Armv8.2

Cortex-A57 CPU Cortex-A57 CPU Carmel CPU Cortex-A78AE

@ 1.43GHz @ 1.70GHz @ 2.03GHz @ 2.20GHz

GPU NV Maxwell GPU NV Volta GPU NV Volta GPU NV Ampere GPU

Memory 4GB LPDDR4 8GB LPDDR4 16GB LPDDR4x 32GB LPDDR5

Storage 16GB eMMC 5.1 32GB eMMC 5.1 32GB eMMC 5.1 64GB eMMC 5.1

testing helps ensure that MIMONet can deliver consistent, high-quality performance across

many potential use-cases in robotic navigation.

Testbeds. We use pre-trained models or train DNNs following the original paper’s setting

on a server with Intel(R) Xeon(R) CPU E5-2650 and a GeForce RTX 2080 Ti GPU. We

conduct forward inference experiments on four NVIDIA autonomous embedded platforms

as shown in Table 6.2. These platforms are widely used in robotics research [293] applied

as the mainboard of various well-known industrial robots, e.g., Duckiebot [269], SparkFun

Jetbot [271], Waveshare Jetbot [273], etc.

Metrics. We evaluate our system’s performance primarily through three critical metrics:

latency, deadline miss rate, and Quality of Experience (QoE) score. Latency is the time

taken for a request to be processed and returned, with lower times indicating faster responses.

The deadline miss rate is the proportion of tasks that fail to meet their specified deadlines,

which we aim to minimize. Lastly, we define the QoE score (detailed in Eq.6.1) motivated

by [201], providing a comprehensive measure of user satisfaction in soft real-time systems by

considering aspects such as responsiveness, reliability, and overall service quality.
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QoEScore(r) =
1

1 + eλ[max(0, Cr − Sr)]
(6.1)

Here, Cr represents the execution time of the inference task r, and Sr is the slack

of task r. λ is a hyper-parameter controlling latency tolerance. This metric refers to the

exponential distribution, and for this study, we set λ to 1. By closely monitoring and

optimizing these metrics, we ensure a seamless and efficient user experience.

Baselines. We implement the MIMONet scheduling framework (refer Sec. 6.3.1), which

leverages a single MIMONet model to adhere to memory constraints in robotic embedded

deployment. We compare MIMONet against these baselines2: (1) EDF [226]: a strict

version of the EDF scheduler; (2) MIMONet-FG: fine-grained MIMONet partitioning with

proportional deadline assignment [283] following EDF scheduling; (3) MIMONet-IDA:

an optimized intermediate deadline assignment (IDA) based on MIMONet-FG serving as

a robust baseline; and (4) MIMONet: the comprehensive MIMONet implementation

with fine-grained DAG partitioning, optimized IDA, and an on-demand synchronization

mechanism.

Minibenchmark. To examine the temporal correctness and throughput performance of

the scheduling approach in a dynamic robotic environment, we establish a mini-benchmark

employing deep learning tasks as in Table 6.1. As detailed in Table 6.3, we configure a

sequential three-stage task setting for both environments, each predicated on completing

2Recall that most of the existing DAG scheduling methods could not handle dynamically changing
workloads and thus are not applicable to our problem scope. To our knowledge, one feasible solution to
handle the dynamically changing workload scenario is the classical intermediate deadline assignment method
designed for scheduling DAGs [283, 226], which we evaluated as one of the baselines.
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Table 6.3: Minibenchmark design for evaluating multi-DNN based robots in dynamic
environments. “L”, “S”, “C”, and “O” refer to lane detection, segmentation, cruise control,
and object detection, respectively.

Stage1 Stage2 Stage3

Obstacle-free cruising L S C
Obstacle cruising L S+O C

the previous stage. The end-to-end task involves sequential execution of the obstacle-free

cruising task set and obstacle cruising task set. Each task set is executed 10 times in the

benchmark. The end-to-end deadline for each deep learning task instance, based on the

platform-wise worst-case execution time (WCET), is set under two configurations: tight and

loose. For our mini benchmark, the tight and loose deadlines were established as 9815ms

and 11325ms for Nano; 8400ms and 10080ms for TX2; 6500ms and 7315ms for Xavier;

and 2400ms and 3600ms for Orin. We set hyperparameter γ as 100ms. Note that for

almost all these benchmark workloads, we observe that GPU utilization reaches nearly 100%

consistently. This implies that modern DNN inference is extremely GPU-intensive and can

naturally exploit the maximum parallelism provided by GPU hardware employed on most

embedded devices.

6.4.2 Overall Effectiveness

In this section, we conduct a comprehensive evaluation study of MIMONet, taking

into account all its components. Our design aims to optimize system throughput, real-time

performance, and quality of experience (QoE).

Throughput. As depicted in Figure 6.8, MIMONet consistently outperforms the baseline

approaches under all variant deadline settings. The average latency is reduced by 24.7%,
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Figure 6.8: Overall effectiveness of MIMONet evaluated on four different resource-constrained
intelligent robotic systems. MIMONet optimizes throughput, real-time performance, and
QoE, demonstrating substantial improvements over baseline methods.

17.3%, and 14.2% compared to EDF, MIMONet-IDA, and MIMONet-FG, respectively.

These results demonstrate the overall throughput effectiveness of MIMONet. Furthermore,

MIMONet-FG and MIMONet-IDA both outperform EDF in seven out of eight settings.

This further illustrates that each subcomponent of our design could almost always result in

throughput performance improvements. Delving into the details, we observe that MIMONet-

FG and MIMONet-IDA significantly outperform EDF in all loose deadline settings. However,

under tight deadline settings, they outperform EDF in three out of four cases correspond-

ingly. This observation suggests that while the subcomponents of MIMONet can improve

throughput in most cases, their effectiveness might be more pronounced in scenarios with

less stringent deadlines. The reduced effectiveness under tight deadline settings could be

due to the increased scheduling complexity or the limited optimization opportunities in

such constrained environments. To further demonstrate the effectiveness of our proposed

MIMONet, we show the histogram of task-level response time in the case of tight and loose

deadline setting, respectively. As depicted in Figure 6.9, we plot the response time histogram

of the proposed MIMONet compared with EDF. MIMONet’s holistic efficient design offers

significantly faster responses qualtitavely.

Real-time Performance. Figure 6.8 illustrates the deadline miss rate for different ap-

proaches tested on four embedded devices. The results reveal that our proposed MIMONet
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Figure 6.9: Response time histogram of MIMONet across different embedded platforms
compared to EDF.

achieves superior real-time performance, surpassing the baselines considerably. Specifically,

MIMONet significantly outperforms the baseline approaches under nearly all settings, with

an average deadline miss rate lower than that of EDF, MIMONet-IDA, and MIMONet-FG

by 40.5%, 37.8%, and 37.5%, respectively. Interestingly, we observe that merely applying

finer-grained DAG partitioning (MIMONet-FG) and further implementing optimized inter-

mediate deadline assignments (MIMONet-IDA) results in a marginal improvement over the

EDF baseline, with increases of 4.8% and 4.4%, respectively. This marginal improvement

can be attributed to various factors, one of the most significant being the high synchroniza-

tion overhead. MIMONet’s on-demand synchronization mechanism effectively reduces this

overhead, leading to markedly better real-time performance.

Quality of Service. In the embedded system scenario, imposing a stringent deadline on the

heavy MIMONet workload often results in missed deadlines, as shown in Figure 6.8. This

section investigates the potential of MIMONet in enhancing the quality of experience (QoE)

across various settings, following the methodology outlined in [201]. Figure 6.8 presents the
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QoE for different approaches evaluated on four embedded devices. The findings demonstrate

that MIMONet consistently achieves superior QoE, significantly outperforming the baseline

methods. In particular, MIMONet surpasses the QoE scores of EDF, MIMONet-IDA, and

MIMONet-FG on average by 34.8%, 34.2%, and 15.9%, respectively. In the loose deadline

setting, MIMONet exceeds others by a relatively smaller margin on average (13.1%, 9.8%,

and 1.4%). Conversely, in the tight deadline setting, the baseline candidates exhibit lower

QoE, with MIMONet significantly outperforming them on average by 76.4%, 84.7%, and

40.4%. Notably, in specific scenarios such as TX2-tight, EDF’s QoE score is a mere 0.222,

while MIMONet achieves a QoE of 1.0, which is 3.50 times higher than the EDF baseline. In

summary, MIMONet consistently delivers superior QoE across various settings in MIMONet

workload systems, outperforming baseline methods by substantial margins, particularly

under tight deadline constraints.

On-Device overall effectiveness: MIMONet effectively addresses all challenges outlined

in Sec.6.2 for resource-constrained intelligent robotic systems. It optimizes throughput,

real-time performance, and QoE in MIMONet workload systems, demonstrating substantial

improvements over baseline methods, especially under tight deadline constraints.

6.4.3 A Practical Case Study on ROS2

We implemented a practical case study on the Robot Operating System 2 (ROS2)

utilizing the open-source NVIDIA IoT AI framework [171]. Specifically, we focused on

a realistic robotic application involving a camera input with multiple inference outputs,

including lane detection, segmentation, cruise control, and object detection. And we
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Figure 6.10: A practical case study on ROS2 involving a camera input with multiple inference
outputs on Xavier.

comprehensively evaluate the effect of MIMONet working under different GPU interference

intensities.

To support MIMONet’s inference, we modified the open-source library provided by

NVIDIA. As shown in Figure 6.10, unlike traditional single-task DNNs requiring deployment

across multiple ROS nodes, we deployed the MIMONet model on a single ROS node. This

modification significantly reduced the communication overhead intrinsic to ROS while

enhancing the controllability of each module. Additionally, we simulate a camera mounted

on a car, abstract as a node in ROS2. The MIMONet model processed this data to produce

outputs for several deep learning models, as mentioned before. To conduct a fair comparison,

we fully implement EDF, RED, and its ablations built on ROS2, strictly following our design.

As depicted in Fig. 6.10. Quantitative results from this case study demonstrated

the superior performance of the MIMONet model deployed on a single ROS node compared
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Table 6.4: End-to-end latency of different approaches under variant deadline settings on
Xavier. A larger deadline-setting ID indicates a looser deadline. The best values are in bold.

Deadline Setting ID 1 2 3 4 5 6

EDF 5869 6807 6865 7760 8737 9694
RED-FG 5883 6006 6803 7856 8723 9688
RED-IDA 4950 4929 6691 7465 8313 9045

RED 4455 4435 4456 4500 5930 6779

to traditional single-task DNNs deployed on multiple nodes. Compared to the EDF scheduler

built upon ROS2, MIMONet provides consistently lower deadline miss rates on average by

67.3% and 32.7% lower response time.

These significant improvements underline the practical usability of MIMONet

models in integrating with real-world ROS2 systems. We emphasize that in most interference

scenarios, MIMONet integrated with ROS2 consistently has better timing performance

than all the ablations and baseline EDF by a large margin, further evidencing the practical

usability of MIMONet.

Practical Usability: This case study demonstrates the practical deployment of Orion on

ROS2-based robotic applications. Orion significantly reduces latency and improves deadline

compliance, highlighting the usability of Orion in complex robotic navigation scenarios.

6.4.4 Adaptability under Different Scenarios

Adaptability to variant deadlines. To investigate the adaptability of the MIMONet

system to various end-to-end deadlines, we conducted a parameter study on the NVIDIA

Jetson AGX Xavier platform. This study evaluates the system’s performance under different

deadlines, ranging from tight to loose. In real-world scenarios, end-to-end deadlines can

change due to environmental dynamics, and a robust system should adapt to these changes
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to meet the required deadlines. As depicted in Table. 6.4, MIMONet outperforms the

baseline approaches under all deadline settings, with an average latency less than EDF,

MIMONet-IDA, and MIMONet-FG, on average by 23.2%, 20.1%, and 17.1%, respectively.

This suggests that MIMONet can adapt to varying end-to-end deadlines by applying a

MIMONet-aware intermediate deadline assignment policy integrated with dynamic DAG

reconstruction, even in the face of environmental dynamics. Moreover, by incorporating

components of MIMONet, the end-to-end response time gradually decreases, significantly

outperforming the EDF baseline. This observation further supports the idea that each

component of our proposed MIMONet contributes to increasing throughput and fully utilizing

system resources to achieve a fast response time.

Adaptability to variant QoE requirements. To assess the versatility of our tool in the

context of diverse QoE requirements, we maintained the workload intensity at a constant

level while adjusting the hyperparameter λ of the QoE metrics, as defined in Eq. 6.1. This

experiment was performed across four unique embedded devices using a stringent tight

deadline benchmark as defined in Sec. 6.4.1. As depicted in Table 6.5, our MIMONet

consistently outperforms the alternatives across an extensive range of hyperparameter λ

values, varying from 0.001 to 10. This result holds true under constant workload conditions,

demonstrating the adaptability of our tool to different system settings.

Robust Adaptability: MIMONet demonstrates exceptional adaptability under varied end-

to-end deadlines and QoE requirements. It consistently outperforms baselines across multiple

platforms and scenarios, showcasing its robustness and efficacy in dynamic environments.
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Table 6.5: QoE scores of different approaches under variant hyperparameter settings across
four embedded platforms. Larger λ indicates higher QoE requirements. The best values are
in bold.

λ Value 0.001 0.01 0.1 1.0 10.0

Nano

EDF 0.256 0.254 0.238 0.113 0.001
RED-FG 0.248 0.246 0.230 0.108 0.001
RED-IDA 0.306 0.304 0.285 0.140 0.002

RED 0.461 0.460 0.437 0.240 0.004

TX2

EDF 0.420 0.418 0.399 0.222 0.003
RED-FG 0.473 0.470 0.448 0.248 0.001
RED-IDA 0.638 0.636 0.615 0.395 0.001

RED 1.000 1.000 1.000 1.000 1.000

Xavier

EDF 0.748 0.746 0.735 0.616 0.003
RED-FG 0.525 0.523 0.501 0.295 0.005
RED-IDA 0.946 0.945 0.942 0.902 0.500

RED 0.999 0.999 0.998 0.996 0.900

Orin

EDF 0.973 0.972 0.971 0.954 0.878
RED-FG 0.953 0.952 0.951 0.931 0.893
RED-IDA 0.973 0.973 0.971 0.956 0.900

RED 0.990 0.990 0.989 0.984 0.960

6.4.5 Overhead Analysis

Memory Overhead. Our method demonstrates exceptional memory efficiency, with

minimal overhead, as detailed in Table 6.6. As expected, our highly efficient implementation

ensures low memory overhead values for both the scheduler and synchronization components,

with the scheduler being particularly modest. However, it is noteworthy that the on-demand

synchronization components slightly compromise memory efficiency to enhance latency

through reduced context switching between processes. As discussed in Sec. 6.3.4, on-demand

synchronization is implemented to decrease code design space coupling, thereby increasing

reusability. This approach leads to increased memory overhead due to complex inter-process

communication. Future work may consider a potentially more memory-efficient alternative,

such as implementing our solution in a multithreading manner, though this may trade off

164



Table 6.6: Detailed Memory overhead and percentage of applying Orion for each minibench-
mark in this paper.

(a) Overhead Raw Value (b) Overhead Ratio

Scheduler Synchronization Nano TX2 Xavier Orin

Tight 5 KB 40.1 MB 1.00% 0.50% 0.25% 0.13%
Loose 3 KB 36.9 MB 0.92% 0.46% 0.23% 0.12%

Table 6.7: Average runtime overhead of Orion are shown as the first row. Profiling overhead
is shown as the second row.

Nano TX2 Xavier Orin

Runtime Overhead (ms) 27.3 26.9 17.4 1.2
Profiling Overhead (s) 51.1 34.3 19.1 16.1

implementation complexity and reusability. Notably, the overhead ratios consistently remain

low across four different hardware platforms and configurations, evidencing the memory

efficiency of our approach.

Execution Overhead. In addition to memory overhead, the execution overhead of our

proposed method is also critical. Table 6.7 shows the runtime execution overhead of MIMONet

and the profiling overhead for each testing platform. The first line of table showcases the

remarkably low runtime execution overhead due to the efficient implementation of the

Orion framework. The scheduling overhead for NVIDIA Jetson Orin is significantly lower,

potentially due to its utilization of a newer Linux kernel version. The main source of execution

time overhead arises from scheduling decision-making. One potential strategy to reduce such

overheads in future work involves employing finer-grained locks, especially when adapting

to more stringent resource-constrained scenarios. Compared to latency data, the runtime

overhead remains reasonably low, further underscoring the effectiveness of our approach.

The second line of the table examines the profiling overhead of MIMONet. The offline

profile overhead is deemed acceptable, even on the Jetson Nano, which displays the largest
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absolute overhead value of merely 51.1 seconds (approximately 1 minute). Importantly, for

a fixed system configuration, the offline profile requires only a one-time effort, thus easing

its integration into continuous integration and deployment of MIMONet.

Low overhead: Our method demonstrates not only impressive memory efficiency but also

low execution overhead across various platforms. The efficient implementation of the Orion

framework, as well as the modest overhead incurred by the scheduler and synchronization

components, contribute significantly to these outcomes.

6.4.6 Discussion

Solution Scalability. The scalability of our proposed solution is primarily hindered by the

computational constraints of the devices in use. In instances where training the MIMONet

from scratch is impractical because of limited computing resources, leveraging pre-trained

models can significantly alleviate this issue. These models, often trained on extensive

datasets, can serve as efficient encoders for the MIMONet model, thereby greatly reducing

the required training time. For instance, state-of-the-art pre-trained visual transformer

(ViT) models on the ImageNet dataset [79] which consists of over 14M images can be utilized

as shared encoders for navigation robot tasks. Additionally, the low-coupling design of the

MIMONet’s controller and handler modules offers flexibility, allowing the framework to be

conveniently modified for decentralized deployment through the integration of a network

communication module.

Future Work. Looking ahead, there are several promising directions for enhancing the

functionality and adaptability of our framework. Beyond the weight-sharing approach

employed in this work, integrating existing strategies for deploying deep learning models
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on embedded devices, such as model compression [74, 214], pruning, and quantization,

could further optimize our system. These enhancements could be designed to be both

configurable and reusable. On the application front, integrating state-of-the-art structures,

such as Transformers-based large language models (LLMs) [386, 65, 212, 63], into MIMONet

could potentially enhance accuracy. In terms of device compatibility, the landscape of

AI-oriented embedded devices is rapidly evolving, with many now equipped with function-

specific computational devices like Field-Programmable Gate Arrays (FPGAs) and Neural

Processing Units (NPUs). This trend towards heterogeneous Systems-on-a-Chip (SoCs)

suggests another future direction: optimizing MIMONet’s strategy to account for the

unique characteristics of these heterogeneous computing devices with integrating processor

scheduling [354, 220]. This enhancement would expand the range of embedded devices that

can deploy MIMONet On-Device.

6.5 Related Work

Real-time DAG scheduler. DAG-based workloads have received much attention in

both server systems [8, 312, 362, 43, 283] and embedded systems [367, 31]. Theoretical

multi-processor DAG scheduling has been explored dating back to Graham’s bound in

1969 [122]. Recently, more advancements have been achieved in real-time DAG scheduling

and analysis of parallel workloads [342, 18, 177, 178, 210, 209, 250, 31, 147]. However, to

our knowledge, most existing DAG schedulers cannot handle MIMONet and dynamically

changing workloads, thus being in-applicable to our problem. A classical real-time DAG
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scheduling approach, the intermediate deadline assignment [283, 226], can be leveraged to

handle dynamically changing workloads, which we evaluated as one of the baselines.

Real-time ROS scheduler. Several real-time schedulers have been proposed to handle

various tasks in the Robot Operating System (ROS) environment in recent years, encompass-

ing dynamic priority scheduling, latency optimization, feedback-based scheduling, multicore

awareness, and resource-aware scheduling. [179, 211, 338, 33, 337, 66, 34] Although prior re-

search has significantly advanced ROS-based real-time scheduling, these works mainly target

traditional tasks, not accounting for the unique demands of Multiple-Input Multiple-Output

Deep Neural Networks (MIMONet). Our work distinctively addresses this gap, proposing

an innovative scheduler specifically designed for MIMONet workloads, thereby catering to

the unique requirements of real-time DNN execution in a ROS environment.

Real-time DNN Inference. Recent advancements in real-time DNN research have signifi-

cantly improved the performance of low-latency solutions. Various strategies and frameworks

have been developed to optimize the trade-off between performance and accuracy. For

instance, dynamic approximation strategies, supervised streaming and scheduling frame-

works, and energy-efficient execution approaches have been proposed to boost real-time

performance [406, 22]. Also, some research efforts have focused on creating operating systems

specifically designed for DNN execution, exploring theoretical schedulability, and developing

methods for the multi-DNN inference that maximize the use of available CPU and GPU

resources [184, 365]. However, despite these significant strides, to our knowledge, a research

gap persists in the domain of real-time systems for Multiple-Input Multiple-Output (MIMO)

168



DNNs. This paper addresses this gap by formulating and resolving corresponding problems

in this sphere.

Weight-Shared DNNs. Weight-sharing techniques enhance the feasibility of deploying

Deep Neural Networks (DNNs) on low-memory devices, applicable in both single-task [381, 37]

and multi-task setups [157, 155, 208]. In the former, different DNN variants provide varied

workload-accuracy trade-offs for the same task, whereas in the latter, parameter-sharing

occurs among related tasks, achieved through methods like cross-model quantization or

fine-tuning.

Intelligent Robotic Systems Recent intelligent robotic systems are expected to be

capable of multi-tasking, corresponding to deep learning models [58, 57, 56, 218, 62]. Several

researchers focus on embedded training [378] or inference [293] of deep learning models in

robotic scenarios. In both scenarios, the intelligent robotic systems are supposed to be

efficient, light-weighted, and mostly required to ensure timing correctness under soft or hard

real-time constraints for safety-critical or strongly interactive scenarios such as multi-robot

communication [264, 149], UAV trajectory planning [370], geo-localization [394], robotic

tracking [38], human-computer interaction [206], autonomous driving [150, 148], etc.

6.6 Conclusion

In this paper, we introduce MIMONet, a comprehensive framework tailored for

multi-task DNN inference on resource-restricted robotic systems, designed to adaptively nav-

igate Robotic Environmental Dynamics under real-time constraints. Central to MIMONet

is a deadline-driven scheduler incorporating an intermediate deadline assignment policy,
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adept at managing evolving workloads and asynchronous inference amidst unpredictable

environments. Furthermore, MIMONet effectively supports the deployment of MIMONet

(multi-input multi-output neural networks), addressing memory limitations and exploiting

the unique weight-sharing architecture of MIMONet. Consequently, MIMONet devises an

innovative workload refinement and reconstruction process, enabling compatibility with

MIMONet and optimizing efficiency. The comprehensive evaluation of MIMONet underscores

its effectiveness concerning throughput, timing correctness, practical usability, adaptability,

and low overhead. However, it’s worth noting that the current design might be best suited

for a specific DNN structure (i.e., MIMONet). Our implemented DAG scheduling algorithm,

in its present form, is relatively simple and practical. We plan to leverage interesting and

relevant ideas from many real-time DAG scheduling approaches proposed recently and

further enhance the performance of Orion in the near future.
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Chapter 7

Real-Time Continual Learning on

Embedded GPUs

7.1 Introduction

Autonomous embedded systems are increasingly deployed in environments whose

operating distribution is not fully known at training time: off-road and agricultural robots

traversing terrain absent from any fleet log, inspection drones surveying industrial sites whose

appearance evolves between visits, and post-disaster rescue unmanned ground vehicles/un-

manned aerial vehicles (UGVs/UAVs) entering scenes that no curated dataset captures. In

each of these settings, a single autonomous platform must adapt its perception model to

patterns outside its training distribution while inference continues to drive safe actuation,

and intermittent or absent connectivity rules out a round-trip to a remote retraining cluster.

Online continual learning (OCL) has emerged as a lightweight, On-Device alternative to
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offline retraining for exactly this regime, and has been demonstrated for streaming ob-

ject recognition [289], person re-identification [377], and robotic manipulation [207]. The

defining requirement is twofold: inference must meet hard sub-second deadlines so that

perception keeps pace with control, and adaptation must keep pace with distribution shift

so that the model the controller sees does not grow stale, both subject to the platform’s

hard compute, memory, and energy budgets on a single embedded GPU. OCL algorithms

themselves [52, 10, 234, 51] have demonstrated strong properties such as robustness to non-

stationary data and mitigation of catastrophic forgetting, but they typically assume strict

sequential phases of evaluation and training, leaving the concurrency and timing problem,

specifically, how to share a single non-preemptive embedded GPU between latency-critical

inference and throughput-hungry training, entirely to the system layer.

This mismatch between algorithmic assumptions and system-level timing require-

ments turns OCL on a single embedded GPU from a software-engineering nuisance into

a safety barrier. Training and inference share the same GPU and submit non-preemptive

kernels, so they interfere at a granularity neither layer manages. Current On-Device OCL run-

times either serialize the phases, avoiding interference but leaving the GPU idle (Fig. 7.1a),

or alternate them at a coarse fixed cadence, recovering some throughput but still wasting

parallelism (Fig. 7.1b). These wasted cycles reflect a runtime limit, not a hardware one:

the GPU has enough headroom to run training and inference concurrently if interference

is managed more finely (Fig. 7.1c-d). Cloud-derived OCL frameworks such as Ekya [28],

RECL [188], and AdaInf [324] pursue this idea, but assume multi-GPU server isolation and

operate at tens-of-seconds-to-minute granularity, far beyond sub-second embedded inference
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Figure 7.1: Parallelism Opportunities: GPU utilization of Avalanche, Default Alternation,
AOCLbasic and AOCL when deploying ResNet-20 on NVIDIA Jetson AGX Orin under CoRe50
online continual learning workloads. Average GPU utilization is marked by a horizontal line
and highlighted in text.

deadlines. They also do not characterize schedulability under concurrent training, leaving

unanswered a key safety question: how much can concurrent OCL training delay inference,

and under what conditions does inference remain schedulable? This system-level gap cannot

be closed by OCL algorithmic improvements alone.

Our Approach. To close this gap, we propose AOCL (Adaptive Online Continual Learning),

a self-adaptive OCL runtime tailored for embedded platforms. Its technical core is a

Unified Adaptation Metric (UAM) feeding a finite-state bang-bang controller that gates

non-preemptive single-GPU co-execution of training and evaluation. AOCL comprises two

coordinated components. First, the Unified Adaptation Metric (UAM) is a tunable metric

that jointly balances streaming accuracy and end-to-end adaptation latency (normalized

to a configurable latency budget); its change over time provides a unified feedback signal

for both learning behavior and runtime control. Second, a Dynamic Adaptive Scheduler

monitors UAM and continuously adjusts (i) the evaluation–retraining alternation policy and

(ii) system/runtime knobs such as batch size and alternation interval. The scheduler runs

as a lightweight controller decoupled from the learner, exchanging metrics and commands

through a lock-free shared-memory interface and applying updates at iteration boundaries
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via signal-driven callbacks. This fine-grained time-slicing and contention-aware coordination

enables safe overlap of inference and learning on a single GPU.

Beyond the empirical evidence, we establish three analytical properties of the AOCL

controller in Sec. 7.5, complementing the runtime design with predictability guarantees.

These show, respectively, a logarithmic per-axis one-sided sweep-time bound under constant-

sign runs that yields a predictable settling envelope (Prop. 7.1), per-task inference feasibility

and queue backlog-freeness at the controller’s operating point so steady-state operation is

deadline-safe by construction (Prop. 7.2), and an upper bound on the transient adaptation-

window latency during safeguard fallback (Cor. 7.1).

Why a lightweight scalar controller? Our design choice reflects the operational reality

of On-Device OCL. One could in principle solve this control problem with model-predictive

control, reinforcement-learning-based scheduling, or offline-profiled lookup tables. Each

requires either (a) a workload forward model that does not exist for OCL where the data

distribution is unknown a priori, (b) offline traces that cannot be collected for deployments

where the operating environment is novel, or (c) On-Device training of a separate controller

that itself competes for the GPU we are trying to schedule. We therefore adopt a one-scalar,

sign-driven rule because it is the simplest design that jointly satisfies all three On-Device

OCL constraints, generalizable (easy parameter choosing across benchmarks, backbones, and

platforms), practical (one-step-ahead measurements only, no forward model, offline traces,

and low overhead), and scalable/auditable (its finite-state, bounded-output structure yields

the predictability by construction and extends to extra knobs via added axes).
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Evaluation. AOCL is seamlessly integrated into the widely-used open-source Avalanche [46,

233] framework (2100 GitHub stars) and deployed on Nano and Orin devices widely adopted

hardware platform in robotic applications [187, 195, 293, 269, 271, 273]. We will open-source

this first deployable toolchain that makes state-of-the-art OCL algorithms practical for

embedded platforms. We extensively evaluated the framework across multiple standard

OCL benchmarks and representative embedded hardware platforms, including NVIDIA

Jetson Orin Nano and AGX. Evaluation across five benchmarks and four state-of-the-art

OCL algorithms shows that AOCL achieves up to 11.6× training throughput (average 5.15×)

over state-of-the-art baselines while sustaining the lowest deadline miss rate at 13 out of

15 testing scenarios. We further validate AOCL through two case studies: an autonomous

driving simulator [160] using real-world video input and a Jetson-powered soft robotic

system prototype with onboard data collection, both showing consistent speedups and robust

accuracy.

This paper makes the following key contributions:

• Practical and generalizable On-Device OCL. We present, to our knowledge, the

first OCL runtime that operates natively on a single embedded GPU without offline

workload profiling or per-deployment retuning. The UAM-driven controller uses one default

hyperparameter setting across five benchmarks, four OCL algorithms, four backbones

spanning ResNet-20 to ResNet-101 and ViT-Tiny, and two Jetson platforms. It deploys

as a non-intrusive plugin on top of the open-source Avalanche framework (2,100 GitHub

stars).
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• Adaptive single-GPU runtime with safety properties. AOCL co-schedules training

and inference on a single non-preemptive embedded GPU through a finite-state, sign-driven

controller with bounded outputs. A deadline-aware safeguard provides a single-tick fallback

to a known-feasible configuration; analytical properties characterize the controller’s settling

behavior and the transient deadline-miss bound during its safety fallback, supporting

deployment inside real-time execution.

• Empirical validation across diverse settings. Across five benchmarks, four backbones,

and four OCL algorithms on two Jetson platforms, AOCL achieves up to 11.6× higher

training throughput (average 5.15×) over state-of-the-art OCL baselines while sustaining

the lowest deadline-miss rate at 13 out of 15 testing scenarios and keeping streaming

accuracy within an average of 2.3 percentage points of the sequential Avalanche baseline.

Practicality is demonstrated through two realistic robotic case studies: a high-fidelity

autonomous-driving simulator and a Jetson-powered soft-robotic prototype.

7.2 Background: Online Continual Learning

Online Continual Learning (OCL) enables models to update incrementally as new

data arrives, without retraining from scratch [52, 10, 51, 146]. Unlike static, offline deep

learning, where models are trained once on fixed datasets, OCL operates under non-stationary

input distributions caused by environment shifts, sensor changes, or evolving user behav-

ior [160]. Such data drift can rapidly degrade performance if the model is not adapted, but

incremental updates risk catastrophic forgetting. Replay-based methods such as Experience

Replay (ER) [52] mitigate this by revisiting stored samples to preserve prior knowledge. This
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continual adaptation is essential in domains like robotics, autonomous vehicles, and smart

sensors [262, 347, 133], where environmental conditions change unpredictably, and embedded

platforms impose tight memory, compute, and power constraints. Standard offline retraining

is impractical in such settings due to high compute cost, memory usage, privacy concerns,

and unpredictable execution time. OCL offers a lightweight, On-Device alternative for online

incremental learning in tasks such as object recognition [289], person re-identification [377],

and manipulation [207].

Streaming Accuracy (SA). SA measures model performance continuously over a stream

of inputs. Given sequential samples {(xi, yi)}Ti=1,

SA(T ) =
1

T

T∑
i=1

I(ŷi = yi), (7.1)

where ŷi is the predicted label, and I(·) is the indicator function. This metric reflects how

well an OCL system maintains accuracy under evolving data [52, 10].

Training Throughput (QPS). Training throughput quantifies how many training samples

are processed per second (queries per second, QPS).

QPS =
# training samples processed

elapsed time (s)
(7.2)

Higher QPS enables the model to incorporate new data faster, reaching a given accuracy

level in less time. It is a critical factor for On-Device OCL where online adaptation can

directly impact system performance and safety. In embedded contexts, QPS complements
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Figure 7.2: Impacts of alternation in OCL systems.

SA by capturing the system’s ability to balance learning effectiveness with computational

responsiveness under constrained resources.

7.3 Motivational Case Studies

In this section, we conduct several motivational case studies to reveal general

challenges and optimization opportunities of online continual learning on embedded hardware.

7.3.1 Parallelism Opportunities in OCL Systems

We investigate parallelism potential in On-Device OCL through a motivational

case study on an NVIDIA Jetson AGX Orin, using Experience Replay (ER) [52] across three

benchmarks of increasing scale: SplitCIFAR10 (small), CoRe50-NC (medium), and CoRe50-

NIC (large). We evaluate three execution modes: (1) Sequential OCL (Avalanche [46]),

(2) Default Alternation (DA): a fixed alternation interval, round-robin between evaluation

and updates, and (3) Fully concurrent training and evaluation (AOCLbasic). Metrics include

training throughput (QPS) and streaming accuracy.
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Figure 7.3: Impacts of batch size in OCL systems.

Fig. 7.1 contrasts GPU utilization under four execution modes. The sequential

baseline Avalanche shows bursty training spikes with long low-utilization inference phases

(mean 29%). Default Alternation interleaves training and inference to reduce blocking,

but scheduler overhead suppresses peaks and leaves the mean roughly unchanged (28%). In

contrast, AOCLbasic overlaps training and inference, filling idle windows and lifting the average

utilization to about 36% with smoother traces. The full AOCL adds lightweight, self-adaptive

coordination, further raising the mean to about 40% and stabilizing utilization. Higher and

steadier GPU utilization at a fixed power budget translates directly into higher throughput

and better support for continuous inference on embedded devices. This motivational case

study indicates that concurrent execution of the inference and training stages could better

utilize GPU resources on embedded devices, thus introducing better parallelism opportunities.
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7.3.2 Challenges in Dynamic OCL Systems

We study two complementary control knobs for On-Device OCL: how to alternate

training and inference, and how much work to batch per step. Across three benchmarks

(S: SplitCIFAR10, M: CoRe50-NC, L: CoRe50-NIC), we quantify their effects on training

throughput (QPS) and streaming accuracy (SA), and use these observations to motivate

lightweight, dynamic mechanisms in our ecosystem.

Alternation methods (Fig. 7.2(a)). We compare four alternation policies: DA and

AOCLbasic are application-agnostic concurrent policies, whereas TA (throughput-oriented

alternation) and AA (accuracy-oriented alternation) add application-aware approximations

atop AOCLbasic to reduce redundant computation and steer the objective. With a fixed 0.1 s

alternation interval, AOCLbasic improves QPS over DA by ≈65–69% on all datasets, and

TA/AA push gains to ≈87–105% (e.g., on CoRe50-NC: +100% and +104%; on CoRe50-NIC:

+105% and +87%). Accuracy trends align with intent: TA trades a small SA drop on S/M

(-0.06/-0.04) but improves SA on L (+0.02); AA similarly raises SA on L (+0.03) with

modest reductions on S/M. These results show that application-aware alternation not only

delivers the highest throughput but can also improve accuracy in large-scale workloads,

motivating the need for dynamic alternation methods that can switch between policies at

runtime.

Alternation interval (Fig. 7.2(b)). We sweep four alternation intervals (1, 10, 100,

1000ms) for DA and AOCLbasic, using Avalanche as the sequential reference on a large OCL

benchmark CoRe50-NIC. Streaming accuracy is essentially unchanged across alternation

intervals (variation ¡0.1%), so we focus on QPS. For DA, longer alternation intervals reliably
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help by reducing context switches. And on this benchmark, AOCLbasic demonstrates similar

patterns. However, based on additional measurements, the optimal of AOCLbasic alternation

interval depends on workload scale: small workloads peak at 1–10ms (SplitCIFAR-10:

1.65×–1.64×); medium workloads peak at 100–1000ms (CORe50-NC: 2.01×–2.00×); and

large streams continue to benefit up to 1000ms (CORe50-NIC: 9.17× to 9.32×). These

scale-dependent optima motivate a dynamic alternation interval controller that adjusts T

online based on load and progress.

Batch size (Fig. 7.3). We evaluate six batch sizes (8–256) under DA (S1-S6) and AOCLbasic

(S7-S12). Larger batches reliably lift QPS (e.g., on SplitCIFAR10, AOCLbasic rises from

218QPS at bs16 to 470QPS at bs256; on CoRe50-NIC from 69QPS to 283QPS), but

reduce SA, gently up to bs64 and sharply at bs128–256. In short, batching offers substantial

throughput headroom (i), but large batches risk under-adaptation and accuracy loss (ii),

motivating a dynamic batching policy that expands when throughput is the bottleneck and

contracts when accuracy drifts.

These observations motivate the design of our proposed self-adaptive OCL frame-

work, which extends beyond naive parallelism to dynamically optimize training–evaluation

concurrency for diverse embedded workloads.

7.3.3 Embedded Challenges for Practical OCL Systems

Deploying OCL on autonomous robots imposes three embedded constraints that

fixed alternation or full parallelism cannot jointly satisfy: (i) tight compute/memory/power

budgets, Jetson-class SoCs offer only a few cores, a modest GPU, 4–32GB shared memory,
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Figure 7.4: High-level design of the AOCL toolchain.

and 5–30W envelopes that bound batch sizes and replay buffers; (ii) deterministic sub-

second latency, closed-loop perception and control demand predictable end-to-end delays

that static schedulers can hardly provide predictability under bursty inputs (no existing

embedded OCL framework characterizes whether inference latency remains bounded under

concurrent training; we formalize this question in Sec. 7.5); and (iii) dynamic workload

mix, input rate, sensor modality, and learning progress all shift online, requiring runtime

resource management. The next section introduces lightweight, application-aware scheduling

that dynamically balances training and evaluation in response to both model progress and

device-level signals.
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7.4 Methodology

In this section, we present the design and implementation of a comprehensive On-

Device OCL toolchain, specifically developed for efficient deployment on resource-constrained

embedded platforms. Our toolchain dynamically orchestrates concurrent training and

evaluation processes in response to online streaming accuracy and latency metrics. This

ensures robust application-system co-optimization, delivering reliable performance in dynamic

and latency-sensitive embedded environments.

7.4.1 System Overview

Fig. 7.4 illustrates the high-level design of our OCL toolchain, which seamlessly

integrates two concurrent processes: training, responsible for incremental model updates

using incoming data streams, and evaluation, tasked with continuous monitoring of streaming

accuracy. The core of our toolchain is a lightweight, adaptive scheduler that dynamically

coordinates these processes based on a unified performance metric. To achieve this, our

scheduler employs a shared-memory interface for efficient and low-latency communication

between the training and evaluation processes, enabling rapid system adjustments. Leverag-

ing continuously monitored runtime performance metrics, the scheduler dynamically adjusts

key parameters such as batch sizes and execution alternation interval. Furthermore, it intel-

ligently alternates between latency-oriented and accuracy-oriented goal, effectively balancing

timely model adaptation and sustained inference quality.
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7.4.2 Unified Adaptation Metric

We propose a Unified Adaptation Metric (UAM). This metric explicitly balances

streaming accuracy (SA) and end-to-end latency (L) to suit varying user preferences and

constraints. Formally, UAM at time step t is defined as:

UAMt = ω · SAt − (1− ω) · L̂t, (7.3)

where ω ∈ [0, 1] is a user-defined parameter reflecting the relative importance between

accuracy and latency. Here, L̂t denotes latency normalized by a latency budget Lbudget as

L̂t = Lt/Lbudget, ensuring comparability. Higher ω values prioritize accuracy improvements,

whereas lower values prioritize latency reduction. In UAM, Lt denotes end-to-end latency

for a complete adaptation window that encompasses both (i) the evaluation pass over the

arriving samples and (ii) one retraining step (including replay) whose weight update is

committed before the next window begins. We measure Lt using a monotonic clock from the

instant the first sample of the window is enqueued to the instant the update is applied, and

the next evaluation cycle is eligible to start. Latency budget. Lbudget is a user-defined target

for this end-to-end latency; unless specified, we set Lbudget to the idle end-to-end latency of

the unmodified Avalanche pipeline on the same hardware/workload, providing a normalized

baseline for UAM. The linear UAM is a computationally efficient choice, avoiding non-linear

scheduling overhead. Our evaluation confirms the chosen hyperparameters generalize well

across tasks.
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The incremental change in UAM is computed as:

∆UAMt = UAMt −UAMt−1, (7.4)

serving as the core adaptation signal to guide scheduling decisions. A positive ∆UAMt

indicates improvement, motivating the scheduler to continue or intensify the current configu-

ration. Conversely, non-positive values trigger compensatory adjustments to configurations.

For the initial step (t = 0), we set ∆UAM0 = 0 by default since no prior state for comparison.

7.4.3 Design Rationale: Why a Heuristic Scalar Control Signal?

We design UAM as a one-scalar feedback signal driving a sign-only update rule for

three reasons:

• Generalizable : the hyperparameters can be easily chosen across benchmarks, backbones,

and platforms without re-tuning. Hyperparameter sensitivity study in the supplementary

files further demonstrates that UAM is not sensitive to hyperparameters.

• Practical : the controller needs only one-step-ahead measurements already collected for

monitoring, no offline traces, forward workload model, or On-Device training, matching

OCL deployments where task boundaries are unknown a priori and any controller compute

competes with the managed GPU.
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• Scalable and auditable : a finite-state, sign-driven rule admits the predictability proper-

ties of Sec. 7.5 by construction and extends to additional knobs (e.g., DVFS, multi-stream

placement) by adding axes to the discrete state.

7.4.4 Dynamic Configuration

Batch size (B) and alternation interval (T ) are dynamically (re)-configured based

on ∆UAM. Adjustments are computed as follows:

Batch Size Update:

Bnew = clip
(
round

(
Bold · (1 + γ · sign(∆UAMt))

)
,

Bmin, Bmax

)
,

(7.5)

where γ is a positive hyperparameter to control adjustment granularity, and Bmin, Bmax

are upper/lower bounds determined via offline profiling to stabilize application performance

and prevent memory overflow.

Alternation Interval Update:

Tnew = clip
(
Tq · round

(
T old·(1+η·sign(∆UAMt))

Tq

)
,

Tmin, Tmax

)
,

(7.6)

where η is a positive hyperparameter to govern the alternation interval adaptation granularity,

and Tmin, Tmax explicitly bound the interval to avoid excessive context switching and

starvation, respectively1.

Temporal quantization. The adaptive controller observes runtime metrics and re-computes

⟨B, T ⟩ only at discrete tick boundaries spaced ∆ = Tq = 100ms apart. Because the controller

cannot meaningfully react faster than its own tick and because the metric collection +

1Sensitivity study of ω, γ, η is in supplementary files.
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scheduler computation + SIGUSR1 propagation pipeline requires approximately one tick

to settle to a new ⟨B, T ⟩ before the next reconfiguration is meaningful, we treat Tq as

an irreducible scheduling unit and require T to be an integer multiple of Tq. Eq. (7.6)

above therefore rounds the multiplicative update to the nearest Tq multiple before clipping.

Together with the clipping to [Tmin, Tmax], the reachable set of T is the finite grid Tdisc :=

{ k · Tq : k ∈ Z>0 } ∩ [Tmin, Tmax] of cardinality NT = ⌊(Tmax− Tmin)/Tq⌋+1 (e.g., NT = 91

for Tmin = 1s, Tmax = 10s, Tq = 100ms). Combined with the integer-valued B produced by

Eq. (7.5) and the binary mode component ∈ {TA,AA}, the controller state space is finite.

7.4.5 Dynamic Alternation

We build two adaptive alternation policies on top of AOCLbasic: a Throughput-

oriented Alternation (TA) that targets higher training throughput (QPS), and an Accuracy-

oriented Alternation (AA) that targets higher streaming accuracy (SA). Both retain fully

parallel execution and temporarily gate evaluation based on simple feedback signals.

Throughput-oriented Alternation (TA). TA prioritizes rapid adaptation by allocating

an initial fraction of each task exclusively to training. Let Ecurr be the current experience

index and Etotal the total number of experiences; with priority fraction α ∈ [0, 1], TA runs

training-only if

Ecurr

Etotal
≤ α, (7.7)

then reverts to the standard AOCLbasic alternation. This uninterrupted phase maximizes

early-stage plasticity and device utilization. Unless otherwise noted, we set α = 0.1.
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Accuracy-oriented Alternation (AA). AA postpones evaluation until the model achieves

a basic competence threshold. Let SAt denote streaming accuracy at time t and δacc∈ (0, 1)

an accuracy threshold; AA executes training-only while

SAt ≤ δacc, (7.8)

and switches back to AOCLbasic once SAt > δacc. To avoid starvation, we bound the number

of checks by Nmax. We use δacc = 0.1 in our experiments.

To further enhance performance adaptivity, we introduce a dynamic alternation

strategy to ensure responsiveness to changing operational conditions and balances accuracy-

throughput trade-offs dynamically. The adaptive logic leverages computed ∆UAMt as

follows:

• If ∆UAMt > 0: indicating improving performance, the scheduler adopts the Throughput-

oriented Alternation (TA) strategy, prioritizing training for fast model adaptation.

• If ∆UAMt ≤ 0: indicating degraded joint performance, the scheduler switches to Accuracy-

oriented Alternation (AA), suspending evaluation until streaming accuracy achieves/re-

covers to a threshold δacc.

7.4.6 Generalization to Different Scenarios

The adaptive scheduler gracefully generalizes to different scenarios under specific

hyperparameter configurations, demonstrating flexibility and robustness:
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• Generalize to latency-oriented scenarios: Occurs if set ω = 0, where Eq. 7.3 is only

influenced by latency.

• Generalize to accuracy-oriented scenarios: Occurs if set ω = 1, where Eq. 7.3 is only

influenced by accuracy.

• Generalize to strict continuous inference requirement scenarios: Occurs if no adaptation

(γ = η = 0) is allowed. This configuration continuously maintains training and evaluation

concurrently without adjustment.

7.4.7 Algorithm Details

Algorithm 7 formally describes our adaptive scheduler. The scheduler initializes

parameters and computes the initial UAM value from initial accuracy and latency (line 1)

before entering the main control loop (line 2). During each runtime tick, streaming accuracy

and latency metrics are collected from shared memory (line 3). The deadline-aware safeguard

(lines 4–8) then checks whether the worst-case inference response time Rinf(B) exceeds the

deadline Dinf or whether the measured tail latency exceeds Lmax
tail ; if so, the scheduler

immediately falls back to the safe configuration (Bmin, Tsafe), switches to AA, and skips the

rest of the iteration to avoid further deadline violations. Otherwise, the scheduler computes

the current UAM (line 9) and its incremental change ∆UAMt (line 10). If performance

improves (∆UAMt > 0), the batch size and alternation interval are increased and the

scheduler switches to TA (lines 11–14); otherwise, both configurations decrease and AA is

selected (lines 15–19). Updated configurations are asynchronously propagated to the training
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Algorithm 7 Dynamic Adaptive Scheduler

Require: Initial batch size B, alternation interval T , hyperparameters γ, η, ω, upper bound Bmax, la-
tency budget Lbudget, accuracy threshold δacc, inference deadline Dinf, tail-latency threshold Lmax

tail , safe
configuration (Bmin, Tsafe)

Ensure: Continuous adaptation of B and T to balance streaming accuracy and throughput, while not
violating the inference deadline

1: Compute initial UAM0 using Eq. (7.3)
2: while system is running do
3: Collect current metrics SAt and Lt

4: if Rinf(B) > Dinf or Lp99
t >Lmax

tail or Lp99.9
t >Lmax

tail then
5: B ← Bmin, T ← Tsafe

6: Switch to Accuracy-oriented Alternation (AA)
7: continue
8: end if ▷ Deadline-aware safeguards
9: Compute current UAMt using Eq. (7.3)
10: Compute incremental ∆UAMt using Eq. (7.4)
11: if ∆UAMt > 0 then
12: Updated B via Eq. (7.5) ▷ Increase batch size
13: Updated T via Eq. (7.6) ▷ Increase alternation interval
14: Switch to Throughput-oriented Alternation (TA) based on Eq. (7.7)
15: else
16: Updated B via Eq. (7.5) ▷ Decrease batch size
17: Updated T via Eq. (7.6) ▷ Decrease alternation interval
18: Switch to Accuracy-oriented Alternation (AA) based on Eq. (7.8)
19: end if
20: Asynchronously propagate updates to training and evaluation processes
21: end while

and evaluation processes, maintaining minimal overhead and continuous operation (line 20).

The loop (line 21) repeats, continuously adapting configurations to optimize performance.

7.5 Timeliness Analysis

We provide predictability properties to support deploying AOCL inside real-time

execution and formalize the system’s execution flow and bound its worst-case latency for a

single adaptation window.
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7.5.1 Execution Operations in One Adaptation Window

We enumerate the operation costs contributing to the end-to-end latency of one

adaptation window: inference Cinf (B) at batch size B, training Ctrain(B) at batch size B,

double-buffer swap Cswap, UAM computation Cuam, and reconfiguration Creconfig. Each C∗

denotes the worst-case execution time of the corresponding operation: Cinf (B) and Ctrain(B)

are the maxima of the per-kernel worst-case execution times over the inference and training

kernel chains at batch size B, while Cswap, Cuam, Creconfig are constants independent of

B. We assume H1: within a single CUDA stream, kernels execute sequentially and non-

preemptively. Real-time self-adaptive systems should be predictable and avoid unbounded

oscillations. Our adaptive controller has a bang-bang structure driven by sign(∆UAM) with

strictly bounded outputs and under a finite state space.

7.5.2 Time-to-Recurrent-Regime Bound for the Discrete Controller

Remark (Bounded state space and ISS). Let state s(k) := (B(k), T (k),m(k)) with

s(k) ∈ S := Bdisc× Tdisc×{TA,AA}, where Bdisc := [Bmin, Bmax]∩Z and Tdisc is the finite

grid of Sec. 7.4.4. By construction |S| = NB · NT · 2 with NB = Bmax − Bmin + 1 and

NT = ⌊(Tmax − Tmin)/Tq⌋+ 1. Pigeonhole on |S|+ 1 states immediately gives a worst-case

state-recurrence (state-revisit, not cycle-entry, since the controller is non-autonomous in

sign(∆UAMt)) interval of at most |S| ticks, and the bang-bang controller with clipping is

input-to-state stable (ISS) with respect to bounded ∆UAM perturbations in the standard

sense of [331, 181]: the state trajectory remains in the compact set S for any bounded
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disturbance sequence. Both statements follow directly from the system construction; the

substantive per-axis one-sided sweep-time claim is the content of Prop. 7.1 below.

Empirically, the controller is observed at runtime to settle into one of two natural

regimes; we report these as observed runtime behavior: (a) a 1- or 2-cycle near a local

optimum of ∆UAM, the controller settles on a single configuration or alternates between two

adjacent configurations as ∆UAM oscillates around zero; and (b) a recurrent visit pattern of

length ℓ ∈ [2, |S|], the controller traverses a small set of configurations driven by persistent

∆UAM alternation.

Proposition 7.1 (State-Recurrence and One-Sided Sweep Bounds). Under the assumptions

of the bounded-state-space remark, the trajectory revisits some state in S within at most

Ktransient ≤ |S| = NB ·NT · 2 (7.9)

ticks, equivalently Ktransient · ∆ wall-clock time. In the one-sided sweep regime, where

sign(∆UAMt) is constant for a run of consecutive ticks starting from a boundary configuration

(the regime forced by the deadline-aware safeguard branch in Alg. 7), the number of ticks the

controller needs to drive B (resp. T ) from one boundary to the opposite boundary is bounded

by

Ktransient
B ≤

⌈
log1+γ

(
Bmax/Bmin

)⌉
+ 1 ticks sweep time, (7.10)

Ktransient
T ≤

⌈
log1+η

(
Tmax/Tmin

)⌉
+ 1 ticks sweep time, (7.11)
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Eqs. (7.10)–(7.11) bound the number of controller ticks needed for a monotonic sweep along

each axis, not the values of B or T themselves. The additive +1 in each bound conservatively

absorbs the per-step rounding error of magnitude at most 1
2 (in B-units) or 1

2Tq (in T -units).

Proof. Eq. 7.9 follows from the same pigeonhole argument as the bounded-state-space remark

(Sec. 7.5.2): among the first |S|+ 1 states the trajectory must repeat. For Eq. (7.10), under

sustained sign(∆UAMt) = +1 from B(0) = Bmin, Eq. (7.5) yields B(k+1) ≥ round
(
(1 +

γ)B(k)
)
≥ (1+γ)B(k)− 1

2 before clipping. Iterating gives B(k) ≥ Bmin(1+γ)k− 1
2

∑k−1
i=0 (1+γ)i,

so B(k) ≥ Bmax whenever the real-valued threshold log1+γ(Bmax/Bmin) is exceeded by

the integer index k; since k is an integer, the smallest such k is ⌈log1+γ(Bmax/Bmin)⌉,

and the additive +1 absorbs the per-step rounding error of magnitude at most 1
2 , giving

Ktransient
B ≤ ⌈log1+γ(Bmax/Bmin)⌉+1 as in Eq. (7.10); the clip then activates and B stays at

Bmax thereafter. The symmetric−1 case from Bmax yields the same ⌈log1+γ(Bmax/Bmin)⌉+1

bound. Eq. (7.11) follows by an identical argument for T with η in place of γ and Tq as the

rounding granularity instead of 1, yielding Ktransient
T ≤ ⌈log1+η(Tmax/Tmin)⌉+ 1.

7.5.3 Feasibility and Backlog-Freeness for Continuous Inference

Recall from above that τinf is the hard-deadline task and τtrain is the best-effort

co-runner with no hard deadline, sharing the non-preemptive GPU resource. Per-task

boundary feasibility for τinf is then a single-task response-time check under blocking from

the longest in-flight τtrain kernel. We use Dinf = Pinf as a representative inference deadline.

• Inference Task (τinf): Arrives periodically with period Pinf (the sensor cadence;

e.g., a typical Pinf = 33.3ms for a 30FPS camera). It has a worst-case execution time
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Cinf (B) and a relative deadline Dinf ≤ Pinf . To ensure no dropped inputs, it requires

Dinf = Pinf .

• Training Task (τtrain): Arrives periodically with the alternation interval T . It has a

worst-case execution time Ctrain(B) but no hard real-time deadline.

Under this non-preemptive GPU sharing model, the worst-case response time for inference

is:

Rinf = Cinf (B) + Cblock(B) (7.12)

where Cblock(B) := maxk∈kernels(τtrain,B) duration(k) is the worst-case blocking from the single

longest non-preemptible training kernel. Strict continuous inference is ensured if Rinf ≤ Dinf .

The fundamental feasibility requirement is that the minimum-batch configuration meets the

deadline:

Cinf (Bmin) + Cblock(Bmin) ≤ Dinf (7.13)

The training task τtrain executes once per alternation interval T and shares the GPU with

τinf , which arrives every Pinf . Because both B and T are controller-actuated (Eqs. 7.5 and

7.6), we state utilization as a function of both:

U(B, T ) :=
Cinf (B)

Pinf
+

Ctrain(B)

T
≤ 1. (7.14)
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Eq. 7.14 is a necessary feasibility condition: it ensures τtrain does not unboundedly accumulate

backlog at the operating (B, T ). For each (B, algorithm,platform) cell, the minimum feasible

alternation interval is

Tfeas(B) =
Ctrain(B)

1− Cinf (B)/Pinf
, (7.15)

so the cell is reachable by the controller if and only if Tfeas(B) ≤ Tmax and Cinf (B)/Pinf < 1.

Proposition 7.2 (Boundary Feasibility and Backlog-Freeness). Under the task model of

Sec. 7.5, the following two results hold:

(a) (Boundary feasibility.) If Eq. (7.13) holds, then at the boundary configuration

B = Bmin the worst-case response time of τinf satisfies Rinf (Bmin) ≤ Dinf . The

controller guarantees deadline satisfaction at Bmin and retreats toward Bmin whenever

Rinf (B) > Dinf at larger B.

(b) (Backlog-freeness.) If the utilization condition Eq. (7.14) holds at operating point

(B, T ), then the best-effort task τtrain does not accumulate unbounded backlog at that

operating point.

Proof. (a) Eq. (7.13) gives Rinf (Bmin) = Cinf (Bmin)+Cblock(Bmin) ≤ Dinf , so τinf meets its

deadline at the smallest reachable batch Bmin. At larger B, Rinf (B) increases monotonically

in B (Sec. 7.5.1) and may exceed Dinf ; Eq. (7.13) therefore does not by itself guarantee

deadline satisfaction at B > Bmin. Instead, the controller monitors Rinf (B) at the operating

point and retreats toward Bmin whenever Rinf (B) > Dinf ; the retreat is always feasible

because Eq. (7.13) guarantees the destination Bmin satisfies the deadline. (b) Eq. (7.14)

bounds the combined GPU fraction consumed by τinf and τtrain at (B, T ) by one, so
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τtrain does not accumulate unbounded backlog. The blocking term Cblock(B) in Rinf (B)

is therefore well-defined (bounded by the longest in-flight τtrain kernel rather than an

unbounded queue).

Although AOCL’s analysis targets the single embedded GPU regime that dominates

edge deployments, the controller skeleton extends naturally to multi-GPU embedded plat-

forms by composing it with workload-partitioning schemes such as pipeline parallelism [260]

or introspective per-job placement [366], and with microsecond-scale preemptive GPU sched-

ulers such as REEF [135]. We will leave multi-GPU extension as future work. While Prop. 7.2

establishes per-task feasibility and backlog-freeness at the operating point, system-level

budgeting additionally requires a single platform-level worst-case window latency. Cor. 7.1

supplies this bound by collapsing the per-window WCET sum to its boundary value at

B = Bmax under monotonicity in B. The details are in the supplementary file.

Corollary 7.1 (Adaptation Window Latency Bound). For any B ∈ [Bmin, Bmax], assuming

Cinf (B), Ctrain(B), Cblock(B) are non-decreasing in B, the per-window latency bound

attains its maximum at B = Bmax for every reachable controller configuration. This follows

immediately under H1 the wall time is bounded by the per-task WCET sum, and monotonicity

in B makes each summand maximal at B = Bmax.

7.6 Evaluation

In this section, we thoroughly evaluate AOCL across various online continual learning

scenarios.
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Table 7.1: Existing baselines and their supported system features on On-Device online
continual learning systems.  , G#, G# represent support, partial support, and no support.

Baseline Concurrent Exc. Strict Continuous Inf. Multi-instance Exc.

Avalanche [46] # # #
DA  # #

Ekya [28]  G# G#
RECL [188]  G# G#

AOCLbasic  G#  
AOCL    

7.6.1 Experimental Setup

Setup overview. We evaluate AOCL on two NVIDIA Jetson platforms (AGX Orin and Orin

Nano) using a wide spectrum of deep learning settings: four representative OCL algorithms

(ER, GSS, GEM, AGEM), five deep learning models (ResNet-20, ResNet-50, ResNet-101,

MobileNetV1, ViT-Tiny), and five continual learning benchmarks. We also evaluate AOCL’s

practicality in two robotic case studies.

Baselines. We compare AOCL against four methods, contrasted with our system-level

capabilities in Tab. 7.1.

• Avalanche [46]: a widely used standard open-source OCL library (2,100+ GitHub stars),

used as the purely sequential vanilla baseline.

• Default Alternation (DA): round-robin alternation of training and evaluation, capturing

the basic concurrency benefit over sequential execution.

• Ekya [28]: originally for offline continual learning on multi-GPU servers; adapted to the

embedded OCL setting.
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Figure 7.5: Overall effectiveness of AOCL on different deep learning models on the ER
algorithm across benchmarks. The top row reports training throughput (QPS); the bottom
row reports streaming accuracy (SA). Each cell shows four backbones: RN-50 (ResNet-50),
RN-101 (ResNet-101), M (MobileNetV1), and V (ViT-Tiny). Crosses (×) at y = 0 mark
cells where the baseline failed due to out-of-memory (OOM) errors.

• RECL [188]: originally for autonomous-driving and video-analytics continual learning

on multi-GPU servers; adapted to the embedded OCL setting.

Neither DA, Ekya, nor RECL natively supports strict continuous inference (CI) or multi-

instance execution; we add lightweight deadline-aware preemption and per-instance throttling

so they can run in these settings (G# in Tab. 7.1). AOCL support all three features natively

( ) via fine-grained slicing, deadline tracking, and contention-aware scheduling.

7.6.2 Overall Effectiveness

We evaluate AOCL on both embedded GPU platforms across (i) standard OCL bench-

marks of varying scale, (ii) OCL algorithms of varying complexity, and (iii) representative

deep learning architectures of varying model size.

Effectiveness Across Benchmarks. Fig. 7.6 reports ResNet-20 training throughput

across five benchmarks. On Nano (Orin), AOCL delivers 4.57× (5.72×) average throughput

over Avalanche, peaking at 7.18× (11.61×) on CORe50-NIC (6.70 to 48.12 QPS on Nano,

7.39 to 205.65 QPS on Orin), and beats the static AOCLbasic by 18.1% (15.4%) on average;
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Figure 7.6: Overall effectiveness of AOCL using the ER algorithm evaluated on five benchmarks
on ResNet-20 model.

the largest adaptivity gain is on CORe50-NI for Nano (40.6%) and CORe50-NIC for Orin

(45.8%). Streaming accuracy stays competitive (e.g., 0.42/0.41 on SplitCIFAR10/Nano/Orin

vs. Avalanche’s 0.46), exceeding all concurrent baselines on the remaining benchmarks.

RECL fails on SplitCIFAR100/Nano due to its computational overhead under the platform’s

resource constraints.

Effectiveness Across Algorithms. Figure 7.7 reports throughput across ER, GSS, GEM,

and AGEM on CORe50-NC. On Nano with ResNet-20, AOCL delivers 1.80× on GEM and

2.29× on AGEM over Avalanche, with 1.76× (GSS) and 1.58× (GEM) over the static

AOCLbasic. On Orin, it achieves 1.65× on GSS and 3.80× on AGEM over Avalanche, plus

12.9% on ER and 61.5% on AGEM over AOCLbasic. Breaking down by complexity: ER

incurs the lowest overhead and the highest absolute throughput but smaller relative gains;

gradient-based GEM/AGEM benefit most from overlap; and GSS at Bmax=32 incurs a

per-step training WCET of 628.4 ms on Orin and 930.6 ms on Nano (as shown in the
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Figure 7.7: Overall effectiveness of AOCL on four OCL algorithms on the CORe50-NC
benchmark.

supplementary file), roughly 31× and 18× the ER cost, nearly 19× a 30 FPS frame budget,

making the adaptive batch, shrinking response essential rather than optional. Streaming

accuracy remains competitive across all algorithms: AOCL matches or exceeds all concurrent

baselines and approaches the Avalanche oracle (e.g., 0.42 vs. 0.47 on ER/Orin).

Effectiveness Across Deep Learning Models. To verify generalization beyond ResNet-

20, we evaluate AOCL on Jetson Orin across four deep learning models spanning four deep

learning models with different sizes and architectures in Figure 7.5. On ResNet-50, ResNet-

101, MobileNetV1, and ViT-Tiny, AOCL achieves 1.21×, 1.21×, 1.16×, and 1.20× averaged

QPS gain over the strongest concurrent baseline, respectively, while trading off −4.2, −2.5,

−2.8, and −1.4 percentage points of streaming accuracy against the best non-Avalanche

method on average. The heavier ResNet-50 and ResNet-101 backbones tighten the per-task

feasibility envelope (Eq. 7.13) by enlarging Ctrain; AOCL still retains throughput SOTA

at every (benchmark, backbone) cell under the batch-size caps Bmax=32 (ResNet-50) and

200



0 25 50 75 100
Linf (ms)

0

0.5

1

C
D

F

SplitCifar10

0 25 50 75 100
Linf (ms)

SplitCifar100

0 25 50 75 100
Linf (ms)

CORe50-NI

0 25 50 75 100
Linf (ms)

CORe50-NC

0 25 50 75 100
Linf (ms)

CORe50-NIC

DA Ekya RECL AOCLbasic AOCL

10 20 30

p99

p99.9

10 20 30

p99

p99.9

10 20 30

p99

p99.9

10 20 30

p99

p99.9

10 20 30

p99

p99.9

Figure 7.8: Per-frame inference-latency CDFs on Jetson Orin under sustained ER training
with ResNet-20 on five benchmarks. The x-axis is capped at 100ms to expose method
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percentile reference levels. The lower-right inset of each panel zooms into the upper-tail
[5, 30]ms range with a [0.985, 1.000] CDF window so the p99/p99.9 separation between the
four concurrent methods is visually distinguishable.

Bmax=16 (ResNet-101) imposed to honor Prop. 7.2. RECL and AOCLbasic deadlock on

ResNet-101 via a Python-multiprocessing socket-FD interaction unrelated to the controller,

leaving AOCL as the only schedulable method across the full 5.5–170MB model-size.

Overall effectiveness: AOCL consistently optimizes training throughput across benchmarks

and OCL algorithms on both embedded GPU platforms while maintaining competitive

streaming accuracy.

7.6.3 Empirical Tail Inference Latency Measurement

Safety-critical workloads also need bounded tail inference latency under sustained

co-running training. We collect ≥ 10,000 consecutive per-frame Linf samples per cell on

Jetson Orin under sustained ER training with ResNet-20 (same five benchmarks and settings

as Sec. 7.6.2; Avalanche is omitted as it never co-runs training and inference).

Tab. 7.2 reports deadline-miss rates (DMR) at three application-relevant tiers:

16/33ms match 60/30FPS sensor cadences, and 100ms is the sub-second envelope of larger

inference pipelines [272]. DA’s sequential alternation forces inference to wait for an entire
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training step, yielding 0.50–1.43% DMR across all benchmarks/tiers and a > 1 s CDF

tail in Fig. 7.8. Among the concurrent methods, AOCL attains the strictly lowest DMR

at 33 and 100ms on every benchmark, stays within 0.04% of Ekya/AOCLbasic at 16ms on

small benchmarks, and keeps overall DMR < 0.5%, empirically validating Prop. 7.2: the

controller’s active retreat of B when Rinf (B) > Dinf holds inference within the deadline

while preserving the throughput gains of Sec. 7.6.2.

The Linf CDFs in Fig. 7.8 corroborate this. DA’s p99.9 exceeds 845ms, appearing

as a flat segment near CDF = 0.99. RECL is tightest at p99 (≤ 7.66ms) but at the cost of

substantial training throughput (Sec. 7.6.2); AOCL stays competitive (10.5–11.4ms, below the

16ms line). Above p99.9, AOCL keeps the tightest tail (11.2–23.5ms) while other baselines

reach 100ms, explaining its dominance at the 33 and 100ms DMR tiers.

7.6.4 Practical Robotic Case Study

To demonstrate the applicability of AOCL in realistic embedded scenarios, we

prototype on NVIDIA Jetson platforms and evaluate in both simulated (Fig.7.9b) and

physical environments (Fig.7.9a). These studies test the system’s ability to sustain training

throughput and streaming accuracy under diverse perception workloads and dynamically

changing conditions, using ER as the representative OCL algorithm.

Autonomous Robotic Navigation. We deploy AOCL on a Jetson Orin navigation platform

in the Endless-Sim procedural environment [160], covering two perception tasks: instance-

level classification (ILC) and semantic segmentation (SS), each under three OCL scenarios:

Incremental Class (IC, novel objects/terrain), Incremental Illumination (IL, lighting changes),

and Weather Condition variation (WC, rain/fog). Tab. 7.3a shows AOCL reaches up to
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Table 7.2: Deadline-miss rate (DMR) on Jetson Orin under ER with ResNet-20. Best results
in bold.

Benchmark Method DMR @ 16ms DMR @ 33ms DMR @ 100ms

SplitCIFAR10

DA 0.63% 0.62% 0.62%
Ekya 0.04% 0.02% 0.02%
RECL 0.05% 0.03% 0.03%
AOCLbasic 0.04% 0.02% 0.02%
AOCL 0.05% 0.00% 0.00%

SplitCIFAR100

DA 1.43% 0.95% 0.95%
Ekya 1.43% 0.71% 0.71%
RECL 0.41% 0.20% 0.20%
AOCLbasic 1.43% 0.71% 0.71%
AOCL 0.48% 0.00% 0.00%

CORe50-NI

DA 0.50% 0.50% 0.50%
Ekya 0.01% 0.01% 0.01%
RECL 0.02% 0.01% 0.01%
AOCLbasic 0.01% 0.01% 0.01%
AOCL 0.01% 0.00% 0.00%

CORe50-NC

DA 0.52% 0.52% 0.52%
Ekya 0.01% 0.01% 0.01%
RECL 0.04% 0.03% 0.03%
AOCLbasic 0.01% 0.01% 0.01%
AOCL 0.01% 0.00% 0.00%

CORe50-NIC

DA 0.64% 0.64% 0.64%
Ekya 0.01% 0.00% 0.00%
RECL 0.03% 0.02% 0.02%
AOCLbasic 0.01% 0.00% 0.00%
AOCL 0.01% 0.00% 0.00%Table 7.3: Robotic case study results: (a) autonomous navigational simulation and (b)

OCL-driven soft robots. TT indicates training throughput, and SA indicates streaming
accuracy. Best values are highlighted in bold.

Baseline

Training Throughput [QPS] ↑ Streaming Accuracy ↑

ILC SS ILC SS

IC IL WC IC IL WC IC IL WC IC IL WC

Avalanche 2.13 0.51 0.49 0.52 0.35 0.34 0.97 0.99 0.99 0.97 0.94 0.94

DA 3.73 1.01 0.97 0.77 0.59 0.46 0.48 0.99 0.91 0.96 0.83 0.86
Ekya 6.30 1.73 1.72 0.98 0.72 0.71 0.49 0.99 0.82 0.96 0.91 0.93
RECL 2.18 1.12 1.09 0.46 0.38 0.34 0.97 0.99 0.94 0.96 0.94 0.93

AOCLbasic 6.30 1.77 1.74 1.00 0.79 0.77 0.49 0.96 0.91 0.97 0.85 0.93
AOCL 6.10 1.80 1.73 0.71 1.09 0.58 0.95 0.99 0.97 0.97 0.93 0.92

(a) Autonomous navigational simulation

Baseline
TT [QPS] ↑ SA ↑

IC IL IC IL

Avalanche 1.73 1.07 0.06 0.68
DA 1.32 1.30 0.07 0.42
Ekya 1.88 2.13 0.06 0.44
RECL 1.16 1.32 0.06 0.56

AOCLbasic 2.12 2.30 0.07 0.59
AOCL 2.16 2.31 0.06 0.57

(b) OCL-driven soft robots

1.80 QPS on ILC and 1.09 QPS on the heavier SS (both in IL), corresponding to 1.36–3.12×

speed-ups over the sequential Avalanche oracle with absolute accuracy drops ≤ 0.02 (≥ 0.97

in most ILC cells; best or second-best on SS).
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(a) OCL-driven soft robotic
system prototype under dy-
namic actuator pressure
and lighting conditions.

(b) High-fidelity navigation simulation with dynamic
environmental factors (lighting, weather) for On-Device
OCL.

Soft Robotic Case Study. We further evaluate AOCL on a Jetson Orin soft-robot prototype

(Fig. 7.9a) under two OCL scenarios: IC (classifying varying actuator pressure levels) and

IL (illumination changes on the vision stream). In Tab. 7.3b, IL is the hardest setting: all

concurrent methods lose SA vs. the sequential Avalanche oracle (0.68); AOCL attains 0.57

SA, +1pp over RECL and +15/+13 pp over DA/Ekya. In exchange for this 9–11 pp gap,

AOCL delivers the highest training throughput at 2.16 QPS (IC) and 2.31 QPS (IL), a 14.9%

and 8.45% gain over the strongest prior baseline (Ekya at 1.88 and 2.13 QPS). Averaged

across both robotic case studies, AOCL stays within ≈2.3 pp of the sequential baseline in

streaming accuracy.

Practical usability: In both simulated/real robotic prototypes, AOCL maintains competitive

streaming accuracy while significantly increasing training throughput, underscoring AOCL’s

effectiveness in addressing practical constraints encountered in real-world embedded continual

learning deployments.
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Table 7.4: Ablation study results of training throughput [QPS] and streaming accuracy.
Best results are in bold.

Benchmark AOCLbasic TA AA AOCL

SplitCIFAR10 322.58/0.41 326.80/0.42 324.68/0.43 375.94/0.41
SplitCIFAR100 2380.95/0.25 2500.00/0.26 2500.00/0.28 2500.00/0.20
CORe50-NI 289.61/0.37 296.78/0.37 295.33/0.35 336.16/0.42
CORe50-NC 280.94/0.43 272.51/0.43 278.09/0.43 334.08/0.44
CORe50-NIC 181.95/0.45 198.68/0.44 181.40/0.45 205.70/0.38

Table 7.5: Per-component runtime overhead of AOCL.

Benchmark UAM Calc Scheduler D-Buffer Exec (ms) Energy (J) Mem (MB)

SplitCIFAR10 18 2 190 2210 33.15 1.68
SplitCIFAR100 18 2 195 2215 33.23 1.68
CORe50-NI 14 8 156 2178 32.67 1.68
CORe50-NC 17 8 176 2201 33.02 1.68
CORe50-NIC 144 16 1540 3700 55.50 1.72

7.6.5 Ablation Study

We systematically evaluate each component of AOCL using ER across five bench-

marks (Tab. 7.4). AOCLbasic achieves moderate throughput at moderate accuracy. Adding

TA pushes throughput at modest accuracy cost (e.g., up to 2500.00 QPS on SplitCIFAR100);

AA maximizes accuracy on three of five benchmarks at lower throughput (e.g., 0.45 on

SplitCIFAR10 and CORe50-NIC, 181.40 QPS on CORe50-NIC). The full adaptive AOCL

jointly attains the best throughput (e.g., 375.94 vs. 326.80 QPS on SplitCIFAR10 over TA)

while keeping accuracy within 0.03 of the best per benchmark. The adaptive controller,

therefore, not only aggregates TA/AA benefits but also smooths their trade-offs across OCL

paradigms.
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7.6.6 System Overhead Analysis

We profile the per-component runtime, memory, and energy footprint of AOCL

on Jetson Orin across five benchmarks. Tab. 7.5 shows two patterns. (i) Per-step cost

is dominated by D-Buffer (model snapshot and pointer swap), with UAM and the sched-

uler contributing ≤ 20ms on every benchmark except CORe50-NIC; the runtime scales

with the number of adaptation windows rather than model size, so the four steady bench-

marks stay within 156–215ms while CORe50-NIC, with the most reconfigurations, reaches

UAM/Scheduler/D-Buffer of 144/16/1,540ms. (ii) Energy and memory remain tight: 32.7–

55.5 J board energy and a flat 1.68–1.72MB peak footprint regardless of benchmark, since

the runtime keeps only a fixed-size shadow tensor and a small UAM ring buffer. Overall,

the runtime layer adds ≤ 1.7 s of cumulative cost per stream and consumes well under 0.1%

of the device’s 5–15W active envelope.

7.7 Related Work

Online continual learning (OCL) provides opportunities to update models from

streams while mitigating catastrophic forgetting [52, 294, 234]. Algorithmic approaches

include rehearsal [52, 301], gradient constraints [234, 51, 10], and regularization [194, 222].

Surveys consolidate these streaming algorithms [347, 348, 48]. Our work is orthogonal to

algorithmic OCL; we target the system dimension, co-scheduling training and inference

On-Device to boost throughput. AOCL integrates transparently with Avalanche [46] for

diverse OCL algorithms.
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Despite extensive algorithmic advancements, system-level optimizations specifically

designed for OCL remain underexplored. Ekya [28] optimizes offline continual learning

methods such as iCaRL [301] for video analytics tasks on powerful multi-GPU servers

requiring offline profiling. RECL [188] focuses on continual learning video analytics and

autonomous driving scenarios on multi-GPU server scenarios, requiring complex model

selections. AdaInf [324] alters model structures for multi-model continual learning on

multi-GPU servers. LifeLearner [202] targets optimization on hardware-level meta-continual

learning. Their multi-GPU, offline-centric designs significantly differ from our strict embedded

scenarios. AOCL is the first concurrent OCL runtime specifically tailored for embedded

platforms, bridging algorithmic efficiency with resource-constrained system-level practicality.

Real-time GPU scheduling has been widely explored [99, 363, 184, 355]. These

existing works schedule static DNN tasks with known WCETs, which do not directly apply to

OCL, where the training task’s per-window cost and the model parameters themselves could

drift online as new experiences arrive. AOCL inherits their non-preemptive single-CUDA-

stream execution model and fixed-frequency WCET profiling, but adds a UAM-driven

controller and per-window reconfiguration so that schedulability can still be argued in the

training-inference mixed regime that those prior systems do not cover.
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7.8 Conclusion

We presented AOCL, a self-adaptive runtime for concurrent On-Device OCL. Through

dynamic task alternation and reconfiguration, AOCL adapts to changing workloads while pre-

serving accuracy. Case studies in simulation and a real-world robotic prototype demonstrate

its effectiveness and ability to sustain responsive learning under tight resource constraints.
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Chapter 8

Genie: Smart ROS-based Caching

for Connected Autonomous Robots

8.1 Introduction

Autonomous robots are rapidly expanding from a research-oriented subject to

real-world applications, with autonomous vehicles being a particular and promising rep-

resentation [329, 330, 142, 130]. Companies such as Waymo already started deploying

fully autonomous taxi fleets in a limited number of areas [142, 130]. However, several

outstanding questions remain when it comes to accuracy [216], latency [215, 216], timing-

predictability [215, 216], and energy efficiency [405].

The problem addressed in this paper is that of latency given the Size, Weight, and

Power (SWaP) constraints of the computing platform used in autonomous vehicles. Specifi-

cally, existing low-power autonomous embedded platforms such as the latest NVIDIA Jetson
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Xavier cannot execute crucial intelligence tasks such as object detection and localization

in a real-time fashion. To remedy this, some existing work suggests that various server

clusters can be strategically located close to the autonomous vehicle to aid in computational

tasks [246].

In collaboration with Fujitsu, a leader in edge computing and networking, this work

addresses the pivotal challenges in integrating edge computing with autonomous vehicle

technologies. The primary obstacle is the necessity for edge computing infrastructure,

particularly remote server clusters, to be in close proximity to the vehicles to mitigate

communication costs, rendering the use of conventional, energy-intensive data center equip-

ment both impractical and costly. Consequently, there’s a compelling need for affordable,

low-power alternatives.

Key Insight: Utilizing edge servers with locality-aware caching can reduce latency signifi-

cantly if results can be reused effectively, making it feasible to deliver enhanced performance

and provide additional, valuable environmental information to autonomous vehicles.

Nonetheless, existing solutions (reviewed in detail in Sec. 8.5) lack three crucial

design features that are required for practical deployment of a locality-aware caching method:

(1) incompatibility with the Robot Operating System (ROS), (2) reliance on parameter

servers, or a central cache, and (3) lack of specific usability for autonomous vehicles.

Contributions: To address these issues, we introduce Genie, a distributed ROS-based

interface for object-oriented caching and data sharing, constructing a 3D object map of the

edge server’s surroundings: (1) ROS-based Transparent Caching: Genie intercepts ROS

communications for caching without modifying software. (2) Distributed Cache Construction:
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An algorithm allows Genies to communicate, enhancing their local caches. (3) 3D Object

Map: Identifies and caches useful real-world objects for autonomous vehicles, reducing

redundant computation and providing extra information.

Implementation and Evaluation: We implemented Genie on a vehicular edge computing

platform with Jetson TX2s and AGX Xaviers, using Autoware [187] as a representative

ROS-based system. Our evaluation shows that Genie reduces latency by 82% on average,

with a peak improvement of 95%. Object reusability is effective, with 31% reusable objects

on average and up to 67%. A confidence score demonstrates improved data quality through

multi-car information gathering.

8.2 Background and Motivation

Autonomous Vehicles (AVs) rely on a multi-stage computational process involving

sensors like cameras and LiDAR to ensure safe driving decisions [120]. This pipeline, which

includes perception, localization, detection, prediction, planning, and control, must meet

stringent timing constraints to maintain safety. However, state-of-the-art deep learning

models impose heavy computational demands, and even advanced edge devices struggle to

keep pace, forcing trade-offs in data and algorithm selection.

Our evaluation of six cutting-edge object detection models [303, 45] across various

GPU-enabled devices (Nano, AGX, Orin) and an edge server with an A4500 GPU shows

significant speedups. For instance, YOLOv8s and DETR-ResNet-101 achieve speedups of

5.02x and 10.37x on the A4500 compared to the Nano, illustrating that advanced GPU-

equipped edge servers can substantially enhance computational efficiency by reusing results.
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Table 8.1: Runtime/speedup of autonomous driving models on different devices (Nano, AGX,
Orin) and edge server GPU (A4500). OOM indicates an out-of-memory error. The baseline
for speedup is the slowest successful execution among devices.

Model Nano AGX Orin A4500

YOLOv8s 27.60 / 1.00x 21.20 / 1.30x 13.73 / 2.01x 5.50 / 5.02x
YOLOv8m 60.90 / 1.00x 48.45 / 1.26x 17.50 / 3.48x 7.10 / 2.46x
YOLOv8l 92.00 / 1.00x 85.50 / 1.08x 26.20 / 3.51x 9.70 / 2.70x
DETR-ResNet-50 307.28 / 1.00x 230.39 / 1.33x 112.26 / 2.74x 30.91 / 9.94x
DETR-ResNet-101 422.51 / 1.00x 336.96 / 1.25x 145.92 / 2.90x 40.73 / 10.37x
DETR-ResNet-101-DC5 OOM / N/A 747.30 / 1.00x 316.52 / 2.36x 86.13 / 8.68x

Note that for some small models like YOLOv8s, even all evaluated devices provides acceptable

latency, but this model has the lowest accuracy.

The advent of edge servers presents a significant opportunity to augment computa-

tional efficiency. By offloading tasks to edge servers, AVs can speed up data processing and

avoid system failures, such as out-of-memory errors observed with DETR-ResNet-101-DC5

on less capable hardware.

This motivates the incorporation of edge servers or powerful embedded devices as

distributed caches to help AVs meet stringent timing constraints, enhance safety-critical

processes, and improve overall performance.

8.3 Design

8.3.1 Design Considerations

Design Goals. First and foremost, we would like to provide a design that can improve

latency substantially when using low-power edge servers. In the process of our design, we

would like to create an architecture that can improve decision-making accuracy by providing
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smarter, as well as more reliable, information to autonomous vehicles to offer an incentive

to connect to edge services that are going to be imminent. To make our design practical,

we design and implement everything around the ROS framework [296], which is the most

prominent framework used to implement autonomous vehicles. However, similar techniques

can also be applied to other frameworks as long as they follow a modular peer-to-peer

communication approach. Finally, we note that in all of our design decisions, the features

that are added will always remain optional since the car will carry all the necessary computing

modules for full autonomy.

Proposed Edge Benefits. Fig. 8.1 shows a scenario where a car is connected to the edge.

As is evident in the figure, the necessary setup for autonomous vehicles is for the vehicle

itself to have every service required for full autonomy (depicted as Node X to Node D). This

is a requirement because the connection to the edge-based server could be cut off at any

given moment. In the scenario of Fig. 8.1, the network provider has created a duplicate of a

service (Node Y) that already exists on the car. The red arrows in the figure indicate that

every message coming out of Node X to Node Y is duplicated both on the edge and on the

car. This is done by replicating all the subscribed (TS(Y )) and published (TP (Y )) topics

of Node Y to the edge. The results are then fed into Node Z. In this configuration, it is

possible for Node Z to receive duplicated messages, and has to identify and discard one of

the duplicates (since the services are identical). This is the most common scenario where

the edge can be useful. For example, Autoware relies on object detection for tracking and

sign detection functionality. However, slow object detection is still serviceable without a

remote connection. The value of the edge here is to run faster object detection and thus,
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increase the overall decision-making accuracy of Autoware. The other potentially useful

scenario is for the edge to have an extra service that would improve accuracy when available,

depicted as Node F in Fig. 8.1. For example, edge devices can offer a vision assistant for the

car (as we shall discuss in Sec. 8.4.6). In both scenarios, the connection to the edge shall

remain optional.

8.3.2 Genie ROS Node for Non-Intrusive Caching

With the previously mentioned design goals in mind, the master node inside the

vehicle, together with all the service nodes located on the car and the nodes offered by the

edge, creates a virtual private network to facilitate peer-to-peer communication between all

nodes (which is typical in ROS). In this section, we would like to design a system that can
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enable efficient caching between these inter-network ROS nodes (we discuss caching across

different virtual private networks of ROS in Sec. 8.3.3).

The main problem to address here is that of building and storing the cache.

This problem is not as intuitive as it seems. Imagine Autoware, where ROS nodes are

already implemented and deployed. Even though Autoware is open-source, other ROS-based

autonomous driving software may not be. Thus, we would like to store the cache in a

non-intrusive way without modifying the source code of Autoware’s ROS nodes. For that,

we present the concept of Genie, an encapsulation made for ROS nodes, presented in the

right of Fig. 8.1. As is evident in the figure, a ROS node is encapsulated in a Genie interface

conceptually. This is done by attaching an additional generic Genie ROS node developed by

us to each ROS node except the master. This attachment procedure is done by automatically

detecting the ROS topics subscribed to and published by that node (depicted as TS() and

TP () in Fig. ??), switching them to topics affixed with -local so that they would only send

and receive messages to the Genie node, and exposing the original topics by the Genie node

itself. To other ROS nodes, this new Genie will act like the encapsulated node. However,

before passing on any messages from other ROS nodes, the Genie node can check the local

cache. Fig. 8.1 shows this design applied to the Object Detection service of an autonomous

vehicle.

8.3.3 Distributed Collective Cache

Fig. 8.3 shows a scenario where two cars are connected to the edge. The existence

of the ROS virtual network, depicted as VN1 (Virtual Network 1) and VN2, means the

”experiences” of the cars would be local to the nodes that are in their respective virtual
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network. If any cache exists on the edge or on the car, it would only be aware of the

information that has been seen by the car itself. For example, with a simple application of

Genie, if a vehicle were to be looping around a city block, it could have reduced computation

the next time it arrives at the same spot because much of the environment has been seen

before. This can be particularly useful for daily commutes, which is the most common

use-case for vehicles [261]. Nonetheless, this situation is limited.

What is more desirable, however, is for the vehicle to receive additional information

from other vehicles (i.e., use their experiences). Since each car has its virtual private network

by design, this would be an inherently distributed system. Before exploring this type of

collective cache construction from distributed entities, we first present a unified interface

that is recognized by all members of the system (i.e., topics that all Genie ROS nodes are

aware of).

Cache Sharing Interface. As part of our design goal, we would like to expand the Genie

ROS node so that it is capable of communicating with other Genie nodes in a distributed

fashion. To achieve that, each Genie will expose an additional set of topics with a -remote

label affixed for the topics detected on the encapsulated node. To clarify, imagine the

scenario of Fig. 8.3. As we discussed in Sec. 8.3.2, the existing “/image” and “/objects”

topics will be changed to ‘‘/image-local’’ and ‘‘/objects-local’’ and the original

topics will be taken over by the Genie node. To inform other Genies that such services

exist, the Genie node also publishes messages selectively on the ‘‘/image-remote" and

‘‘objects-remote" topics. Likewise, the Genie node will subscribe to the same set of topics

to receive information from other remote Genie nodes. The simplicity of these interfaces
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Figure 8.3: An example of applying Genie to object detection across autonomous vehicles.

means that if a Genie has encapsulated an object detection node, it can understand and

communicate with other Genies that are also object detection nodes, or understand nodes

that work with a subset of the same topics. This design would make sharing functionalities

across the network less sophisticated.

Collective Cache Construction. Alg. 8 depicts how the cache is populated in detail,

using the aforementioned interfaces. Whenever a message arrives on a topic, it is checked

against the database (line 12). If the entry does not exist, the message is forwarded both

on the -local version (line 13) and the -remote of that topic. If the entry exists in the

database (line 16), the stored results are retrieved (line 17) and directly returned to the

sender (line 19). Sending messages on the -remote topics constitutes broadcasting the

message on the edge network if the Genie is on the edge, where other Genies with the same

functionality have subscribed to the same set of topics (whereas sending message on -remote

for local car-based Genies uploads the workload to the remote Genie). Upon receiving a

message from neighboring Genies, the same procedure of cache miss (line 12) and cache hit

(line 16) is followed. If the Genie has an entry for the request, the results will be sent back
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Algorithm 8 Genie ROS Node Distributed Cache Procedure

Require: M < header, data, T > ▷ The message M with a header, data, topic.

Require: T < name, type > ▷ Topic T with a name and a type.

Require: HDB ▷ Database for all the hashmaps.

Require: PUBLISH(M,T ) ▷ Publishes a message M on the topic T.

1: function BuildHashMap(T)

2: hashmapT = ⟨type of(T ), {}⟩
3: HDB .add(hashmapT )

4: end function

5: function OnMessageArrival(M, T)

6: if T /∈ HDB then

7: BuildHashMap(T) ▷ Create a new hashmap for never-seen topics.

8: end if

9: cacheEntry = LookUpByHeader(hashmapT ,M.header)

10: if cacheEntry ̸= null then ▷ Message is an answer to our previous query.

11: EnhancedCacheNewData(M) ▷ See Algorithm 9

12: cacheEntry.second = M.data ▷ Store it in the hashmap as value.

13: return

14: else if LookUpLocalCache(hashmapT ,M = null) then ▷ Cache miss.

15: PUBLISH(M , T + “-local”) ▷ Share with the encapsulated node.

16: PUBLISH(M , T + “-remote”) ▷ Share with remote Genie.

17: hashmapT .add(M, {}) ▷ Add message as key with empty value.

18: else

19: cacheEntry = LookUpLocalCache(hashmapT ,M) ▷ Cache hit.

20: EnhancedCacheBoostData(cacheEntry) ▷ See Algorithm 9

21: PUBLISH(cacheEntry.second, cacheEntry.second.T )

22: end if

23: end function

to the sender directly (line 19). We shall explain line 9 and line 18 in our enhanced cache

design, discussed in Sec. 8.3.4.

8.3.4 Driving-specific Caching

For autonomous vehicles, using an object map (i.e., a map where individual records

are of specific detected objects such as a traffic light) instead of a generic message-based

ROS cache can have several benefits. In this section, we detail a design that is specific to

object caching.

Smart Cache Specific to Autonomous Driving. To facilitate our design, we have

identified key data structures required in autonomous driving, which include raw images,

LIDAR point clouds, and 3-dimensional objects. Specifically in Autoware, objects include
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every information needed to enable the computation-heavy perception module, eventually

leading to autonomous driving decisions. To reiterate, storing objects instead of raw data

such as images has several benefits: First, the objects are already-processed information,

and contain more useful data whereas raw data must be processed first. Second, objects

have substantially smaller storage and communication overhead because they are orders

of magnitude smaller than raw data. Third, an object can be more easily translated into

3-dimensional space. As an example, for two cars that are moving in opposite directions,

raw image data cannot be useful because images cannot be easily rotated and translated

on their z-axis. Meanwhile, the three-dimensional coordinates of objects can be translated

in any direction (location translation is one of the main techniques used in autonomous

vehicles already [105]). For example, a traffic light with location < x1, y1, z1 > relative to

car 1 can be translated to < x′1, y
′
1, z

′
1 > for car 2 based on their ground locations. Thus, we

use objects exclusively to build our driving-specific cache in addition to the message-based

caching proposed in Sec. 8.3.3.

Location-based High Confidence Object Map. As keen readers have noticed, lines

9 and 18 in the previous Alg. 8 call upon an enhanced cache before storing and retrieving

data. Alg. 9 depicts the implementation for those two aforementioned functions. First and

foremost, upon data arrival, the function EnhancedCacheNewData is called. Each object

in the received objects array is checked against the OBJECT MAP database of type

< location, objects > in line 4. We use absolute object location as the key to the object

map since absolute location is the only identifying characteristic of an object that multiple

cars can agree on. If not in the database, line 7 would add the object.
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A key design decision was to decide on how the database treats object confidence.

A key feature of machine learning techniques such as DNN used for object detection is that

they can calculate a score, indicating for example how confident they are in labeling an

object as a tree. This value is usually between 0 and 1 with 1 being 100% sure. In this

paper, we have decided to create a high-confidence map, meaning that the Genie will only

share objects that are above a certain threshold with the cars requesting information. This

decision was because information retrieved from the edge has to be reliable. To facilitate

that, the threshold CT for the high-confidence object map is set to be the 60th percentile of

the confidence range in our design.

The initial confidence of a stored object could be lower than this threshold (for

example, 0.3 instead of 0.65). However, if multiple cars see and detect the same object

(potentially from various angles), the confidence in that object could be improved over time.

For example, a traffic light is stationary. Even with an initial low score, many cars will see

and recognize it. Thus, we would update the confidence of a seen-before object (line 5 of

Alg. 9). We use gradient ascent to update the score.

Finally, Genie will call EnhancedCacheBoostData whenever it is returning a set of

objects to the sender. This function checks for existing objects at relevant locations, and

adds them to the list of objects to be returned to the sender.
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Algorithm 9 Enhanced Semantic Cache

Require: TY PES = {objects} ▷ Recognized type for the enhanced cache.

Require: M < header, data, T > ▷ The message M.

Require: OBJECT MAP < location, objects > ▷ Object map.

Require: CT ▷ Confidence threshold for the database (between 0 and 1).

1: function EnhancedCacheNewData(M)

2: if type of(M) ∈ TY PES then

3: for object ∈ M.data.objects do

4: if O = OBJECT MAP [object.location] exists then

5: O.C = O.Cl + λ× (O.Cl −M.Cl)

6: else

7: OBJECT MAP[M.data.location].add(object)

8: end if

9: end for

10: end if

11: end function

12: function EnhancedCacheBoostData(cacheEntry)

13: if type of(M) ∈ TYPES then

14: for object ∈ cacheEntry.value.objects do

15: for stored object ∈ OBJECT MAP[object.location] do

16: if stored object.Cl ≥ CT then

17: cacheEntry.value.objects.add(stored object)

18: end if

19: end for

20: end for

21: end if

22: end function

8.4 Evaluation

8.4.1 Experimental Setup

Devices. We evaluate our design’s efficacy in tail latency, reusability, and value-added

accuracy using an edge server cluster modeled after our industry partner’s platform. The

cluster includes three NVIDIA AGX Xaviers and three NVIDIA Jetson TX2s. The Jetson

TX2s represent cars running the full autonomous driving software plus the ROS master,

while the AGX Xaviers serve as remote edge servers. For heterogeneous setups, we add a

server with an Intel Xeon E5-2650 CPU and NVIDIA Quadro RTX 4000.

Configuration. Cars and edge servers are co-located to eliminate network delays, focusing

solely on computational latency effects from our caching method. We use Autoware, an
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open-source autonomous driving software gaining industry traction [359]. Other ROS-based

alternatives like those from BMW and Baidu share similar architectures [4, 391].

Data. The KITTI Vision Benchmark suite [114] provides raw data for playback from vehicle

sensors, including four camera streams, a LIDAR point cloud, and precise location.

Measurements. Metrics include tail latency, image reusability (cache hits/total cache

requests for image cache), object reusability (cache hits/total cache requests for object map),

and confidence boost (average total boost for object map).

Scenarios. We evaluate scenarios with 1, 2, and 3 cars to explore different levels of

complexity. Increased car involvement enhances collective cache information.

Homogeneous vs. Heterogeneous Cluster. We test clusters with low-power devices

and add a powerful server for heterogeneous configurations. The Quadro-based server acts

as one of the remote machines in heterogeneous tests.

Genie Case Study. We perform a case study demonstrating how Genie aids vision-assisted

cars through communication with vision-enabled remote Genies.

8.4.2 Tail-Latency Performance

Fig. 8.4 shows the cumulative distribution function (CDF) of response times for

Genie (DG) versus ROS remote (R) and local (L) execution of the Autoware Vision Detector

(AVD) across scenarios with 1, 2, and 3 cars in homogeneous and heterogeneous edge clusters.

The 33ms deadline is marked with a dashed line. Genie outperforms both remote and

local executions of AVD, achieving an average improvement of 82%, consistently meeting

real-time demands with stable response times due to efficient caching and selective execution
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Figure 8.4: Cumulative distribution function for the response time of Genie(DG), versus
remote (R) and local (L) ROS execution on homogeneous and heterogeneous configurations.

of algorithms. Adding more cars does not significantly impact latency, even with network

communication, due to the wired Ethernet setup.

In the 1-car heterogeneous scenario, the server (R) performs similarly to Genie

initially, but as cars increase, remote execution experiences higher latency, showcasing Genie’s

advantage in maintaining consistent performance. Genie’s execution time remains stable

across low-power embedded and powerful heterogeneous servers, thanks to its efficient CPU

operations, adaptable to both ARM and Intel CPUs [204]. This ensures Genie’s reliability

across various architectures.

8.4.3 Image Caching

In this section, we measure the reusability of the average image cache under DG

for the three scenarios and both on the homogeneous and heterogeneous server clusters.
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Figure 8.5: Image reusability ratio for local Genies and remote Genies under the three
scenarios.

The results are depicted in Fig. 8.5. The results are divided into Local, where the data is

recorded on the cars (i.e., TX2) versus Remote, where the data is recorded from the remote

servers (i.e., AGX). As is evident in the figure, Remote Genie nodes are capable of reusing

more data because they can communicate with other cars in the case of 2-car and 3-car

scenarios. In the case of the 1 Car scenario, the remote Genie has faster hardware and thus

can collect many more objects compared to the local Genie. Fig. 8.5 also shows the error

bars. As is evident in the figure, the maximum reusability on the local cache for the 2 cars

and 3 cars scenario is quite high because the cache can be inflated initially from the indirect

communication with the remote Genie of other cars.

Finally, the faster server in the heterogeneous architecture has enabled the collective

cache to gather processed images faster, leading to higher average and maximum reusability.

8.4.4 Object Caching

As discussed in Sec. 8.3.4, object mapping is particularly beneficial for autonomous

driving, despite being less general and scalable than our message-based cache. Fig. 8.5
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illustrates the average object reusability, defined as the ratio of cache hits on objects to

total requests. The reusability rate for object caching is significantly higher than for image

caching, averaging 31% and reaching a maximum of 67%, which is four times greater than

image cache rates. In homogeneous scenarios, object reusability decreases with more cars

because each location can contain a large number of objects. While more cars increase

the number of available objects, not all meet the high confidence threshold from Sec. 8.3.4,

slightly reducing overall reusability but enhancing data quality. For the 1-car scenario, the

local object map shows better reusability due to selective uploads that avoid unnecessary

requests to the remote server when objects are cached locally. In heterogeneous scenarios,

the powerful server significantly enhances object reusability, especially with more cars. The

server can process four times as many images (and thus objects) compared to the Jetson

AGX Xavier, overcoming the limitations seen in the homogeneous setup and leading to

increased reusability with additional vehicles.

8.4.5 Confidence Boost

We measured the confidence boost of our method across various scenarios, as shown

in Fig. 8.6. The cumulative average scores results are compared for 1, 2, and 3 cars in both

homogeneous and heterogeneous architectures. Confidence boosts are recorded for both

remote (R) and local (L) Genies. The y-axis shows the running average confidence addition

per object, while the x-axis represents the number of recorded events. Local Genies have

generally lower confidence due to limited communication. The 3-car scenario shows a higher

confidence boost compared to 2-car and 1-car scenarios, and the heterogeneous architecture

achieves a higher cumulative average due to faster processing by the powerful server. Over a
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Figure 8.6: Cumulative average for the score (confidence) boost of all objects in remote and
local Genies for all scenarios.

long period, the more cars that are present in the system, the higher the quality of the data

on the remote Genies will become. Moreover, the heterogeneous architecture can achieve a

slightly higher cumulative average value due to the faster processing of the powerful server.

Benefits of Distributed Cache versus Local Cache. Fig. 8.5 and Fig. 8.6 demonstrate

the superiority of distributed caching in enhancing information sharing and reusability among

nodes, a feature unattainable with local caches in ROS. Additionally, our distributed cache

maintains minimal overhead, averaging 8.8ms (for a mix of cache hits and cache misses).

8.4.6 Case Study: Vision-Assisted Driving

In our case study on vision-assisted driving, we explored the potential of enhancing

autonomous vehicles that navigate without cameras, relying instead on LIDAR and high-

definition maps for localization, and point cloud-based detectors and radars for obstacle

avoidance [203]. We introduced phantom Genies in our Genie design to assess if data from

camera-equipped vehicles could benefit these non-vision-based systems. Our coordinator

server identifies vehicles lacking Autoware Vision Detector and assigns them local and remote

phantom Genies, facilitating data sharing among vehicles. For instance, in a two-car setup,
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one vehicle can utilize data from the other, which is illustrated in our findings. As shown

in Fig. 8.7, although the response time for a car using this shared information is slightly

increased, it remains under 41ms or 24FPS, demonstrating the viability of this approach

despite the communication delay.

8.5 Related Work

Caching and Intelligent Caching. The concept of reusing computation to minimize

costs is well-established. Techniques like FoggyCache enable close-quarters devices to reuse

redundant computations [128, 94], but depend on centralized servers and lack driving-specific

benefits. Similar methods exist for cloud environments [71, 136], relying on centralized

APIs [3, 73] to manage caching, applicable to AR/VR [327], storage systems [11], mobile

apps [243, 95], and robotics [214]. A few concurrent works like FogROS [54], FogROS2 [169],

and Schafhalter et. al [313] also focus on improving latency performance in robots by using

cloud hardware.
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AI-based Collaborative Sensing. AI is expected to make great impacts on various robotic

fields, including home services [379], healthcare [239, 238, 237, 236], and transportation [240,

241, 69, 402], etc., in 2030 according to Stanford’s report [335]. Deep learning approaches

have become prominent in autonomous driving [90, 89]. Approaches like collaborative

sensing [235, 124] focus on individual devices or central units for task distribution, as seen

in Potluck [129] and Darwin phones [253]. This contrasts with our decentralized approach.

EMP [397] and AutoCast [295] proposed collaborative perception leveraging the edge to

improve overall accuracy via decentralized data sharing among vehicles. Genie has the

potential to integrate these solutions in ROS-based scenarios.

Real-Time Autonomous Driving. Reusability in distributed systems is uncommon in

real-time contexts. Caching offers significant potential for meeting latency requirements, as

seen in embedded platforms using approximation [19], scheduling [98, 215, 221, 213], memory

management [7, 216], and software-hardware co-design [389]. Our solution Genie focuses

on autonomous vehicle caching and introduces unique challenges, such as non-intrusive

cache management and collaborative caching. Furthermore, we plan to adapt Genie to more

safety-critical multi-robot scenarios [401, 109, 108, 110, 382].

8.6 Conclusion

This paper addresses three key challenges identified by an industry partner that

impede the practical implementation of edge computing for connected autonomous vehicles.

We developed Genie, demonstrating its effectiveness through implementation and evaluation
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with realistic workloads and contemporary platforms. Future work aims to extend Genie

beyond autonomous driving and adapt it to ROS 2 for more modern robotic system solutions.
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Chapter 9

EOCL: Energy-Aware On-Device

Online Continual Learning

9.1 Introduction

Modern intelligent robots operate in dynamic, open-ended environments on em-

bedded GPUs and low-power SoCs, where compute, memory, and energy budgets are tight

and time-varying. Sensor inputs drift (e.g., lighting, weather, and motion) [160] induced

accuracy performance drops make offline retraining impractical due to latency, cost, and

privacy. Online continual learning (OCL) incrementally updates models from streams,

improving robustness to non-stationarity and mitigating catastrophic forgetting, eliminating

the need for costly full retraining and enabling online adaptation [52, 10, 234, 51]. While

such algorithmic advances have significantly improved the adaptability of learning models

for robotics, the gap between algorithm design and deployable On-Device execution remains
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substantial. Bridging this gap is non-trivial, as embedded robotic systems must integrate

OCL within constrained compute and energy budgets, execute in real time, and remain

robust under dynamic environmental conditions.

Specifically, deploying OCL On-Device introduces three fundamental technical

challenges. (i) Resource constraints and system coupling: compute efficiency depends jointly

on system- and application-level knobs, creating a high-dimensional trade-off space under

tight power/compute/memory budgets; static or energy-oblivious settings leave substantial

headroom untapped. (ii) Dynamic environment: non-stationary data streams, workload

intensity shifts, and ambient factors (lighting, weather, motion) induce concept drift, invali-

dating previously optimal configurations and requiring timely adaptation. This represents

arguably the most critical barrier to practical embedded OCL, since a single dramatic

environmental change can render a carefully tuned system inefficient or non-functional. (iii)

Performance requirements: embedded robots must sustain real-time responsiveness and

streaming accuracy while respecting energy/thermal limits; heavy profiling or multi-trial

searches are infeasible, mandating lightweight, sample-efficient runtime control.

Recent continual-learning systems such as Ekya [28] and RECL [188] achieve strong

concurrent scheduling on multi-GPU servers, but rely on large-batch or offline coordination at

coarse granularity, which does not transfer to embedded-critical systems. More fundamentally,

energy optimization, pivotal for long-duration autonomy on battery-powered robots, remains

largely unexplored in the OCL systems literature. A deployable solution must therefore

sustain streaming accuracy and responsiveness while operating within energy limits under

non-stationary conditions.
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Problem Statement. We consider the runtime optimization problem of minimizing total

energy consumption under latency and accuracy constraints in an On-Device OCL pipeline.

(1) at each learning window, choose a feasible setting of system- and application-level knobs

that satisfies current constraints; and (2) when environmental changes happen, promptly

reassess the trade-offs and update the configuration with minimal samples and disruption.

Approach Overview. To this end, we present EOCL, a deployability-first runtime frame-

work for On-Device OCL whose design is grounded in a principled Model-Based Optimization

(MBO) formalism. Rather than relying on ad-hoc tuning, EOCL formalizes the deployment

problem as a multi-objective online optimization over system and application knobs and intro-

duces a recency-aware MBO engine, specifically a Gaussian-process surrogate with Expected

Improvement acquisition, that continuously learns the energy, latency, and accuracy trade-off

surface. To address the critical challenge of adapting to dramatic environmental shifts,

EOCL employs a sliding-window surrogate that selectively forgets outdated observations

and re-explores recent configurations, achieving sample-efficient, real-time re-adaptation

after drift. We further design a concurrent On-Device execution pipeline integrated with the

open-source Avalanche framework [46], supporting mainstream OCL algorithms and online

metric collection.

This paper makes the following key contributions:

• Problem formalization and motivation. We formally define On-Device OCL de-

ployment as an online constrained optimization problem, highlighting the tight coupling

between system-level Dynamic Voltage and Frequency Scaling (DVFS) control and learning

dynamics.
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• Methodology: Recency-aware MBO-driven Approach. We propose a lightweight,

formalism-guided model-based optimizer that jointly tunes CPU/GPU DVFS configuration

and batch size online. The optimizer minimizes energy while maintaining latency and

streaming accuracy, providing a principled and generalizable framework for embedded

continual learning. A concept-drift-aware variant with a recency-weighted sliding-window

surrogate enables sample-efficient re-adaptation to dramatic physical-environment changes,

addressing a fundamental open challenge for On-Device OCL.

• System and implementation design. We implement EOCL as a concurrent OCL

runtime built atop open-sourced tool Avalanche, supporting dynamic instrumentation,

metric fusion, and fine-grained control on Jetson-class devices.

• Evaluation. We evaluate EOCL on two Jetson platforms across five benchmarks, four OCL

algorithms, and a high-fidelity robotic navigation case study with dynamic environmental

factors. Results show EOCL cuts energy by up to 26% vs. the strongest online schedulers

(on average 19%) and by up to 70% vs. RECL (on average 52%), with < 2% absolute

accuracy drop on medium/large workloads and in our robotic case study, and minimal

latency overhead. Under sudden and incremental environmental changes, our proposed

method sustains these savings and achieves the lowest CER among online methods,

indicating steadier control and better adaptivity to environmental changes.

9.2 Background

Modern edge intelligence systems are increasingly deployed in dynamic, open-

ended environments using resource-constrained platforms such as embedded GPUs and
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low-power SoCs. In these settings, where both the input data distribution and available

system resources fluctuate over time, models must learn continuously. To address these

constraints, online continual learning (OCL) has emerged as a promising technique, enabling

deep learning models to incrementally self-adapt directly on the device. For example, in

real-world robotic applications, OCL provides a lightweight mechanism for adapting to new

lighting or terrains in autonomous navigation, recognizing novel objects on the fly [289],

updating person re-identification models under varying conditions [377], and continuously

refining physical manipulation skills [207]. However, successfully deploying OCL on edge

robots requires balancing three critical metrics, latency, accuracy, and energy efficiency, to

ensure sustainable, real-time operation. While prior OCL studies have extensively examined

accuracy and forgetting mitigation [52, 10, 146], energy optimization has remained largely

overlooked despite its essential role in long-term, deployable OCL-driven robotic autonomy.

Techinically, OCL enables models to update incrementally as new data arrives

without full retraining [52, 10, 51]. Unlike static, offline learning on stationary datasets,

OCL operates under non-stationary and streaming conditions driven by environmental

shifts, changing illumination, or sensor noise [160]. Such conditions can lead to rapid

performance degradation if adaptation is delayed, yet aggressive updates risk catastrophic

forgetting. Replay-based methods such as Experience Replay (ER) [52] and memory-efficient

regularization approaches attempt to alleviate forgetting. Such continual adaptation is

essential in domains like robotics, autonomous vehicles, and smart sensors [262, 347, 133],

where environmental conditions change unpredictably and embedded platforms (e.g., NVIDIA

Jetson-class SoCs) impose tight memory, compute, and power constraints. Standard offline
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Figure 9.1: Visualization of complex reconfigurable space among three key control knobs
of On-Device OCL. The diagnostic shadow indicates the most energy-efficient CPU/GPU
frequency configuration for each training batch size.

retraining is impractical in such settings due to high compute cost, memory usage, privacy

concerns, and unpredictable execution time.

9.3 Motivation

To understand where energy-efficiency headroom comes from in On-Device online

continual learning, we conduct two concise motivational studies on an NVIDIA Jetson

AGX Orin. One standard online continual learning workloads, CORe50-NIC, is used in

these studies. Specifically, we vary three key control knobs that are universally available on

On-Device OCL, i.e., CPU frequency, GPU frequency, and training batch size, and compare

four schedulers for handling environmental changes-induced sudden concept drift scenarios.

9.3.1 Challenges of Online Optimization in Large and Complex Reconfig-

uration Space

Fig. 5.1 visualizes a 5×5 sweep over CPU and GPU frequency for three batch sizes:

(a) b=8 (small), (b) b=32 (medium), and (c) b=128 (large). Each cell shows total SoC
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Figure 9.2: Visualization of complex reconfigurable space among three key control knobs of
On-Device OCL under sudden environmental changes.
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Figure 9.3: Power trace and control error rate analysis of online continual learning workloads.

energy; darker (red) indicates lower energy and brighter (yellow/white) higher energy. The

diagonally hatched cell marks the most energy-efficient CPU/GPU pair at that batch size.

Complementarily, Fig. 9.2 repeats the same sweep under a sudden environmental change,

revealing that both the location of the optimum and the overall energy landscape re-shape.

It is clear that the hatched optima shift with batch size and can also relocate

when the environment changes; choosing a single static DVFS point leaves substantial

savings untapped, often tens of percent and sometimes nearly ∼2×. Moreover, given

the inherently online nature of OCL workloads (Sec. 9.2), fine-grained offline profiling is

impractical; when sudden changes occur, pre-profiled settings become stale and previously
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“optimal” configurations could be drifted. This heterogeneity motivates a lightweight online

optimization strategy that adaptively learns a sample-efficient surrogate of the black-box

energy surface over system- and application-level configurations.

Takeaway 1: The energy–optimal CPU/GPU DVFS configuration for On-Device OCL

is batch-size dependent and drifts with both system state and environmental conditions;

therefore, a lightweight online optimization strategy is required. The optimizing strategy

should be sample-efficient, broadly applicable across workloads/hardware, and generalizable

to non-stationary operating conditions.

9.3.2 Challenges of Handling Sudden Environmental Changes

Fig. 9.3 contrast two streaming settings on Jetson AGX Orin: a steady environment

and a sudden changing environmental. We compare four online schedulers, Avalanche [46]

(fixed, performance-oriented policy max clocks), Ekya [28] and RECL [188] (state-of-the-art

schedulers that are energy-oblivious), and EOCL (our proposed method) against an Oracle

found by offline grid search. We discuss results in two-fold: energy consumption and control

error rate.

Energy Consumption

Stable environment. As demonstrated in Fig. 9.3a, all methods settle into quasi-stationary

power envelopes, but EOCL converges to a visibly lower operating band than Avalanche/Ekya

and substantially below RECL. The legend summaries avgerage power and total energy,

showing the ranking that EOCL is is the closest to Oracle. Specifically, EOCL is the closest
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online method to Oracle and shrinks the gap-to-Oracle by 12.8% vs. Avalanche, 32.5% vs.

Ekya, and 60.7% vs. RECL.

Sudden environmental change. At the sudden enviromental change point (Fig. 9.3c),,

Avalanche and Ekya overshoot, they retain high DVFS and flat power near the pre-drift

envelope, while RECL undershoots and recovers slowly, lengthening execution. In contrast,

EOCL promptly re-optimizes its DVFS/batch configuration, dropping to a lower post-drift

power band and avoiding long tails. The resulting total energy is the best among online

methods and approaches the offline Oracle.Specifically, EOCL shrinks the energy gap to

Oracle by 65.0% vs. Avalanche, 68.0% vs. Ekya, and 87.8% vs. RECL.

Control Error Rate (CER)

While the raw control signals (batch size, CPU frequency index, GPU frequency

index, and scheduling mode) describe how each scheduler steers the device over time, direct

comparison across methods is challenging since these control knobs differ in units and scales.

We therefore normalize them into a unified control vector and evaluate a progress-aligned

control error rate (CER) relative to an offline Oracle obtained via dense grid search over

batch size and DVFS to minimize energy on the same stream.

Let n index trained examples in the stream. For method m, define the normalized

control vector:

um(n) =
[
bm(n)
bmax

, cpum(n)
cpumax

, gpum(n)
gpumax

, sm(n)
]
, (9.1)

where bm is the instantaneous training batch size, cpum and gpum are the selected DVFS

indices for CPU and GPU, and sm(n)∈{0, 1} indicates the scheduling decision (0: concurrent
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training and inference; 1: non-concurrent). The maximal available values bmax, cpumax, and

gpumax used for normalization.

With weights w=[α, β, γ, δ], all set to unity by default to treat each knob equally,

we define an inner product over the control space U as:

⟨u1,u2⟩M =αu
(b)
1 u

(b)
2 + βu

(cpu)
1 u

(cpu)
2

+γu
(gpu)
1 u

(gpu)
2 + δu

(s)
1 u

(s)
2 ,

(9.2)

which induces the semi-norm ∥u∥M =
√
⟨u,u⟩M. The aggregated control signal (control

sum) is then expressed compactly as

ym(n) = ⟨w,um(n)⟩M. (9.3)

The Oracle target yOracle(n) is defined analogously from the grid-searched configuration

(b⋆, cpu⋆, gpu⋆, s⋆) and remains constant over n.

Given a common prefix of N⋆ training examples, we measure the pointwise deviation

between the control trajectories of method m and the Oracle as anM-induced norm:

dm(n) = ∥um(n)− uOracle(n)∥M, n = 1, . . . , N⋆, (9.4)

and normalize it by the largest instantaneous deviation across all methods to obtain the

control error rate:

CERm(n) = 100 · dm(n)

maxm′∈M dm′(n)
∈ [0, 100]. (9.5)
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The overall average CER is reported over the shared prefix:

CERm =
1

N⋆

N⋆∑
n=1

CERm(n) (%). (9.6)

This induced-norm formulation ensures geometric consistency across heterogeneous

control spaces and is invariant to throughput scaling. It directly quantifies how closely a

scheduler tracks the Oracle’s control policy (0% = Oracle-like, 100% = worst-case deviation).

Stable environment. As demonstrated in Fig. 9.3b, CER traces align with the power

patterns: EOCL maintains a markedly lower CER than Avalanche/Ekya, indicating closer

tracking of the oracle control trajectory even without drift. EOCL achieves an average

CER of 47.3%, substantially lower than Avalanche (64.4%, −26.6% improvement), Ekya

(69.3%, −31.8%), and RECL (99.9%, −52.6%). EOCL’s curve exhibits rapid convergence

and consistently remains below the baselines, indicating tighter alignment with the oracle

control policy and more stable adaptation.

Sudden environmental change. At the sudden enviromental change point (Fig. 9.3d),

CER spikes sharply for Avalanche/Ekya/RECL after the dashed line but quickly collapses

for EOCL and remains low thereafter, evidencing fast adaptation and stable policy tracking.

Quantitatively, EOCL attains an average CER of 46.9%, compared with Avalanche’s 61.8%

(24.1% improvement), Ekya’s 67.3% (-30.3%), and RECL’s 100.0% (-53.%). After the sudden

drift point, EOCL rapidly stabilizes below 50% CER, while all baselines remain oscillatory

or saturated near their pre-drift levels. This highlights EOCL’s strong resilience and rapid

recovery in non-stationary conditions, maintaining performance closest to the oracle control

trajectory despite abrupt environmental shifts.
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Takeaway 2: In realistic OCL deployments, sudden environmental changes trigger concept

drift; energy-oblivious schedulers often overshoot or react too slowly, degrading efficiency.

EOCL’s concept drift-aware characteristics make it suitable for these realistic scenarios by

(i) searching the joint DVFS–batch space sample-efficiently and (ii) especially effective in

continuously re-optimizing promptly upon detecting drift to remain energy-efficient under

nonstationary environmental scenarios.

9.4 Methodology

This section first formalizes the configuration-tuning problem for On-Device OCL

and then introduces our model-based optimization (MBO) approach, EOCLs, together with

its concept-drift–aware variant, EOCLcd, which dynamically tracks environmental changes.

9.4.1 Problem Formulation

We consider On-Device OCL on an embedded platform with tunable compute and

training parameters. Our original knob set in Eq. 9.1 included a binary scheduler choice,

parallel (enable multicore/multithreading and accelerator concurrency) versus sequential

(single-threaded execution). On our target platform and workloads, parallel execution reliably

improves throughput and energy-to-solution via higher concurrency and “race-to-idle” effects,

a behavior reported broadly for multicore/accelerator systems and GPU spatial multitasking

[30]. Sequential mode substantially reduces utilization, increasing wall-time and often total
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energy. To avoid expanding the mixed discrete search space with a categorical factor that is

consistently dominated in practice, we set the scheduler to parallel by default and let

x =
(
ucpu, ugpu, b

)

denote the configuration, where ucpu∈{0, . . . , C−1} and ugpu∈{0, . . . , G−1} index discrete

DVFS (Dynamic Voltage and Frequency Scaling) states for the CPU and GPU, respectively,

and b∈N is the training batch size. Frequency/voltage states directly influence dynamic

power (approximately P ∝CswV
2f), and batch size is known to affect both throughput and

energy per update in deep-learning workloads [259, 380].

At discrete time t, let Êt(x) denote the (random) energy consumed by performing

one OCL learning step under configuration x (including forward/backward passes, optimizer

updates, and any replay/checkpoint I/O). Our best-effort objective is per-step energy

minimization without prescribing long-horizon budgets or peak-power caps:

x̃⋆
t = argmin

x∈X
E
[
Êt(x)

]
,

X = {0, . . . , C−1} × {0, . . . , G−1} × N.

(9.7)

Per-step minimization can favor very small batches (few samples per step), which

lowers instantaneous energy but may increase the total energy to process a dataset. Therefore,

we consider a per-sample objective to capture efficiency at the data level. Let nt(x) be the
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number of samples processed in the step at time t under x (typically nt(x) = b). Define the

per-sample energy:

Et(x) =
Êt(x)

nt(x)
,

We formulate the optimization problem as tracking a time-varying minimizer:

x⋆
t = argmin

x∈X
E[Et(x)] . (9.8)

Evaluating a candidate configuration x = (ucpu, ugpu, b) requires executing an actual On-

Device OCL step. Consequently, the objective Et(x) is an expensive, noisy black box

influenced by complex, hard-to-model hardware dynamics like thermal coupling and DVFS-

induced memory traffic.

To efficiently track x⋆
t , we employ Model-Based Optimization (MBO). Instead of

exhaustive online profiling, MBO fits a probabilistic surrogate to past measurements. This

surrogate predicts both the expected energy and the uncertainty of untried configurations,

intelligently guiding the search by balancing exploration and exploitation (e.g., via Expected

Improvement). We specifically choose a Gaussian Process (GP) surrogate because it provides

the closed-form uncertainty estimates necessary for our low-dimensional, sample-constrained

space. To naturally handle environmental nonstationarity (drift) and bound the GP’s cubic

computational scaling, we apply a simple sliding window over recent evaluations (Sec. 9.4.3).

This ensures the optimization overhead remains strictly predictable while continuously

tracking the moving objective without requiring complex temporal kernels.
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9.4.2 Model-Based Optimization

In this subsection, we present our detailed Model-Based Optimization (MBO)

approach EOCLs. First, we cast configuration tuning as the black-box minimization problem

x∗ = argmin
x∈X

f(x),

where f : X ⊂ Rp → R is expensive to evaluate. MBO replaces direct optimization of f with

an inexpensive surrogate that is iteratively refined from past evaluations.

Moreover, we use a Gaussian-process (GP) surrogate. The procedure is:

1. Initialization. Draw an initial design D0 = {xi}ki=1 (e.g., a Latin hypercube over X )

and observe y0 = {yi}ki=1 with yi = f(xi).

2. Surrogate fitting. Fit a GP f̂ on (Dt,yt).

3. Acquisition construction. Define an acquisition function acq(x; f̂) that trades off

exploration and exploitation using the surrogate’s mean and uncertainty.

4. Candidate selection. Choose the next configuration

x̂t+1 = argmax
x∈X

acq(x; f̂).

5. Evaluation and update. Evaluate yt+1 = f(x̂t+1) and augment the dataset: Dt+1 =

Dt ∪ {x̂t+1}, yt+1 = yt ∪ {yt+1}.

Repeat Steps 2–5 until the evaluation budget is exhausted; the final configuration is the

input with the lowest observed objective value.
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With a GP surrogate, a popular acquisition function is the expected improvement

(EI). Using a Gaussian process as a surrogate yields a Gaussian posterior with mean µ̂(x)

and standard deviation ŝ(x) at each point x. Accordingly the expected improvement can be

derived as follows:

EI(x) = E(max(µ̂(x)− ymax), 0)

= (µ̂(x)− ymax)Φ(
µ̂(x)− ymax

ŝ(x)
) + ŝ(x)ϕ(

µ̂(x)− ymax

ŝ(x)
)

(9.9)

where Φ is the distribution, and ϕ is the density function of the standard Gaussian distribution

and ymax is the best observed value in y so far. This classical formulation of MBO yields

one proposal x̂ in each iteration.

9.4.3 Model-Based Optimization for Concept Drift

Towards concept drift scenarios, that a optimal configuration at certain time may

become suboptimal due to environmental changes, we propose a concept-drift variant EOCLcd

that dynamically tracks environmental changes.

In our setting, the configuration that minimizes power consumption is not fixed but

evolves with the environment and device state; this yields a time-varying black-box objective.

Such a dynamic optimization problem is often discussed under concept drift. Concretely, we

model both the objective and its optimizer as functions of time,

x∗
t = argmin

x∈X
ft(x).
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so that a configuration that was optimal at time t may become suboptimal later as il-

lumination, motion patterns, background load, temperature, or harvested power change.

The methodological implication is to track rather than “solve once”: the optimizer must

rapidly re-identify x∗
t as conditions shift, while still being sample-efficient. Prior work in

time-varying Bayesian optimization (BO) formalizes this via dynamic regret and proposes

mechanisms such as restarts and sliding windows to handle nonstationarity.

We extend classical MBO with a recency-weighted surrogate and online incumbent

selection. At time t, the Gaussian-process surrogate is fit on a sliding window of recent

evaluations. This windowing intentionally re-explores previously visited regions to detect

shifts in ft, and induces the standard bias–variance trade-off: a larger t∆ provides more

data but adapts more slowly to sudden changes; a smaller t∆ reacts quickly but increases

modeling variance. Because repeated evaluations of the same x can yield different outcomes

y as the environment evolves, observations are treated as noisy. To account for the additional

insecurity the nugget effect [311] is estimated and added to the GP. Accordingly, augmented

EI (AEI) and related noisy-EI variants are applied in [306].

In this work, given the windowed surrogate, we maintain a set of evaluations with

fixed size, i.e., Dω. The number of the evaluated configurations is defined by the window size

ω. The set is operated as a first-in-first-out queue, that is, once a new evaluation is added,

the oldest evaluation is deleted to maintain the fixed size. In each iteration, we construct a

standard acquisition function and select the next point:

x̂t+1 = argmax
x∈X

EI(x)

247



then observe yt+1 = ft(x̂t+1) and update Dω,t+1. We still use classical expected improvement,

EI, for simplicity and low overhead. While AEI and related noisy-EI are available, EI remains

competitive and inexpensive in practice.

At each step we publish an online incumbent x̂∗
t consistent with the current

surrogate (best predicted mean among evaluated points, and we assess tracking quality

against the time-varying optimum via standard online criteria (e.g., instantaneous objective

gap or dynamic regret over time). In effect, EOCLcd follows the moving energy-minimizing

configuration with best effort, emphasizing recency without imposing explicit long-horizon

energy budgets or peak-power caps.

9.4.4 Scope of analysis and guarantees

We note that EOCL combines a principled optimization core with deployment-

driven engineering choices. The core MBO formulation, a GP surrogate with EI acquisition,

is a standard Bayesian optimization framework for expensive black-box optimization, and its

stationary setting is well studied in the literature. For time-varying objectives, prior work

has shown that restart- and sliding-window-based BO can achieve dynamic-regret guarantees

under bounded drift assumptions. In contrast, several system parameters in EOCL, including

the control interval ∆ and the fixed sliding-window size ω, are selected empirically to balance

adaptivity and runtime overhead on embedded devices. We therefore position EOCL as a

practical, best-effort runtime for resource-constrained On-Device OCL rather than a method

with formal worst-case guarantees on energy or latency under arbitrary environmental

changes. Extending EOCL with formal regret bounds under deployment-specific drift models

remains an important area for future work.
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9.5 System Prototyping, Deployment, and Metrics

This section outlines our end-to-end On-Device OCL deployment, embedded system

prototyping, and the streaming data preparation pipeline. We summarize implementation

details, instrumentation, and metrics, including end-to-end latency, streaming accuracy, and

energy consumption. We then describe the optimization controls: passive control knobs

adjusted online by our MBO controller, and active OCL application-specific adaptations

that reshape the input stream.

9.5.1 System Prototyping

Runtime integration. Our prototype is built on Avalanche [46] over PyTorch[288] and

ported to ARM64 for embedded deployment, integrated as a thin, non-intrusive plugin that

leaves models, optimizers, datasets, and checkpoints unchanged. Both variants of proposed

methods are implemented based on BoTorch [15]. We use double-buffered queues between

training and inference. Inference executes on an exclusive GPU stream, while training runs

on a separate CUDA stream. Internal inference and training pipelines remain those of the

original OCL framework.

Controller, Communication, and Reconfiguration. A lightweight, independent con-

troller communicates with Avalanche’s training and evaluation workers via a lock-free,

multiprocessing-backed shared dictionary to eliminate serialization overheads. Workers

publish throughput, accuracy, and queue metrics after each batch. Every ∆ = 10 s, the

controller atomically reads this snapshot and performs one MBO step over a sliding window

ω = 90 for EOCLcd (Sec. 9.4.3). This specific ∆ was chosen to carefully balance rapid
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adaptation against the non-trivial CPU and energy overheads of frequent GP surrogate

updates; it perfectly fits Jetson-class platforms where learning steps take 0.5–2 s and envi-

ronmental shifts unfold over tens of seconds. The controller then notifies workers via a single

SIGUSR1 signal to apply the proposed reconfigure(dvfs cpu, dvfs gpu, batch) updates

using CUDA-safe callbacks at step boundaries. This strictly preserves process isolation

and Avalanche’s pipeline without modifying user code. Latencies are measured using a

monotonic host clock bracketing the ingest-to-commit window (Sec. 9.5.3), with all signals

recorded in an append-only log for optimizer consumption. For deployments with tighter

real-time constraints, dynamically adapting ∆ (e.g., shortening during drift, lengthening

when stable) and scaling to multi-device MBO coordination remain key directions for future

work.

OCL-Specific Active Optimization. We decouple optimization into MBO-tuned passive

controls (e.g., CPU/GPU DVFS, batch size; Sec. 9.4) and workload-specific active levers that

reshape the input stream. Active levers improve latency, accuracy, and energy by dynamically

adjusting sensor rate, resolution, exposure, and training frequencies based on scene dynamics

and model confidence (e.g., downsampling during low motion, or triggering label acquisition

only under high uncertainty and adequate thermal headroom). A coarse-grained outer loop

governs these active levers at a slower cadence, seamlessly complementing the inner MBO

loop that continuously tunes passive knobs for real-time adaptation.

9.5.2 On-Device Deployment and Data Preparation

Streaming Pipeline. Our embedded system executes a five-stage On-Device streaming

pipeline: capture, preprocess, inference, training, and optimizer. Each sample is timestamped
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on arrival and passed through resizing, normalization, and optional denoising before entering a

bounded MPMC queue. Inference generates predictions using the current model, and training

performs OCL model updates. The optimizer stage executes the MBO controller, adjusting

control knobs, and conducts unified logging for optimization. Inference and training run

concurrently under the fixed execution policy of Avalanche, and their algorithmic internals

remain unmodified.

Progress Monitoring, System Profiling, and Logging. We expose OCL progress

without modifying algorithm logic by overriding the framework’s data loader to emit

lightweight statistics (e.g., trained examples, step/epoch indices). A callback aggregates

these into a read-only global snapshot that downstream components use to correlate progress

with latency and energy. On-Device system profiling runs the Jetson-native tegrastats at 1

Hz to record timestamps, CPU/GPU frequencies, and power; we also collect memory usage

and temperature. To support future extensions, profiling is routed through an abstraction

layer with pluggable backends and a counter registry, with tegrastats as the default

implementation. At each tick, system readings are aligned with application counters (e.g.,

queue depths, step times, number of trained example) and fused into a unified, time-ordered

log consumed by the optimizer and evaluation scripts. For thread safety, aggregation is

out-of-place: immutable per-tick records are appended to an append-only buffer so readers

observe consistent snapshots without locks.

9.5.3 Metrics Computation

End-to-end latency. We report pipeline-level OCL latency (training and inference com-

bined), not per-item latency. Using software timestamps, for each analysis window Wk,
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let tswmin(Wk) denote the earliest sample-ingress time and tdecmax(Wk) the latest commit time

(prediction or learning step) observed in the window. The end-to-end latency1 is

Locl(Wk) = tdecmax(Wk)− tswmin(Wk).

Streaming accuracy (SA). In our learning task setting, streaming accuracy is computed

strictly following the Avalanche framework’s implementation. For a window Wk,

Acc(Wk) =
1

|W ℓ
k |

∑
i∈W ℓ

k

1{ŷi = yi},

where W ℓ
k are items with labels available under the framework’s labeling policy or tolerance2.

Energy consumption. We sample power P (t) from device rails at a fixed period ∆t and

compute per-window energy and average power as

E(Wk) =
∑
t∈Wk

P (t)∆t.

1Although end-to-end latency can span 102–104 s for a full stream pipeline, the processing time for a single
training example is typically sub-second to a few seconds. We report the pipeline-level metric to expose
differences across OCL benchmarks and algorithms, capturing queuing, overlap, and scheduler effects that
per-item timings miss.

2Streaming accuracy is task-defined; for other learning tasks or OCL scenarios, the definition may change
accordingly.
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Control Error Rate (CER). To quantify how closely a method’s control trajectory follows

an Oracle policy, we additionally report the Control Error Rate (CER) as formulated earlier

in the motivation (Sec. 9.3.2).

All statistics are computed from the append-only, time-ordered log described in

Sec. 9.5.2, avoiding any in-place updates during aggregation.

9.6 Evaluation

9.6.1 Experimental Setup

Control Knobs for Optimization. To achieve better energy-efficiency of On-Device OCL,

we continuously adjust and optimize three key control knobs for system-/application-level,

i.e., CPU frequency, GPU frequency, and training batch size, as discussed in Sec. 9.3.1. For

more details, please refer to the supplementary files.

Testbeds. Our evaluation employs two GPU-enabled embedded platforms that represent

distinct hardware capabilities: NVIDIA Jetson AGX Orin and NVIDIA Jetson Nano Orin.

These platforms are frequently utilized in real-world applications such as autonomous

driving [187, 195] and robotics [293, 269, 271, 273]. Detailed hardware specifications are

shown in the supplementary file.

OCL Algorithms, DNN Architecture, and Benchmarking. We assess EOCL across

four representative OCL algorithms: ER [52], GSS [10], GEM [234], and AGEM [51].

We evaluate our systems across representative DNN architecture ResNet-20 [146]. Our

evaluations involve multiple standard OCL benchmark datasets, spanning different-scale
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incremental learning scenarios: SplitCIFAR10 (small), SplitCIFAR100 (small), CORe50-

NI (medium), CORe50-NC (medium), and CORe50-NIC (large). These experimental

settings encompass a diverse range of continual learning scenarios, ensuring comprehensive

benchmarking. More details of the benchmarks are described in the supplementary files.

Baselines. We compare EOCL with the following methods:

• Avalanche [46]: Avalanche is a prominent open-source library designed specifically

for continual learning, widely adopted for fast prototyping, training, and reproducible

evaluation of OCL algorithms. Avalanche received over 2000 GitHub stars, underscoring

its broad acceptance in the community. We have improved it to support concurrent

execution of training and evaluation for fair comparisons. Avalanche employs a max-

frequency DVFS strategy by default, i.e., it runs all CPU and GPU cores at the highest

available frequency throughout execution. This “race-to-idle” policy is a viable strategy for

computation-intensive workloads because completing work at peak frequency maximizes

throughput and allows the processor to enter low-power idle states sooner.

• Ekya [28]: Ekya is a state-of-the-art approach originally designed for concurrent offline

continuous learning on multi-GPU servers. We adapt Ekya to fit embedded online

continual learning scenarios. Implementation details for adaptation are provided in the

supplementary material.

• RECL [188]: RECL is a state-of-the-art approach for concurrent continual learning in

autonomous driving scenarios, video analytics on multi-GPU servers. We also adapt RECL

to fit embedded online continual learning scenarios. Implementation details for adaptation

are provided in the supplementary material.
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Figure 9.4: Overall effectiveness of EOCL. SA refers to streaming accuracy.

• Oracle: We conduct a sufficient grid-search for 75 configurations for each experimental

setting and report the most energy-efficient configuration as Oracle. Oracle is a best-effort

approximation because the configuration space is continuous and combinatorially large,

and exhaustive search over the full space is prohibitively expensive. The grid discretizes

this space at representative points, but it may not capture the global optimum. Despite

this limitation, the grid-search Oracle provides a reasonable and reproducible reference

point for comparing online methods, and we report it transparently as a practical upper

bound on offline optimization quality.

• EOCL: Our proposed solution is implemented at two different variants based on MBO:

EOCLs leverages MBO for general scenarios without applying sliding windows, EOCLcd

applies MBO-CD tailored to address drastic environmental changes induced sudden concept

drifts.
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9.6.2 Overall Effectiveness

Overall Effectiveness across OCL Benchmarks. Our proposed framework consistently

outperforms existing baselines like Avalanche, Ekya, and RECL by delivering significant

energy savings and superior system stability across multiple benchmarks. For example, on

the complex CORe50 tasks, our control-driven variant reduces energy consumption by up to

42 percent compared to RECL and 18 percent compared to Avalanche, requiring as little

as 7.7 kilojoules. While we trade a moderate amount of training latency to achieve these

savings, taking about 750 to 800 seconds compared to the roughly 520 seconds of the fastest

baselines, we maintain competitive streaming accuracy within a few percentage points of

the leaders. Most notably, our framework drastically improves reliability by achieving a

Control Error Rate of just 20 to 30 percent, whereas competing methods suffer failure rates

ranging from 40 to nearly 100 percent. Interestingly, while our drift-aware variant is essential

for rapidly adapting to sudden environmental shifts by intentionally discarding obsolete

historical data, our full-history variant can actually perform slightly better in highly stable

conditions by leveraging all available past data to more accurately map the system’s energy

surface.

Overall effectiveness across OCL algorithms. Our framework demonstrates strong

overall effectiveness across diverse continuous learning algorithms by prioritizing massive

energy savings and system stability. When benchmarked against baselines like Avalanche,

Ekya, and RECL on edge hardware, our method consistently slashes energy consumption.

For example, on the computationally heavy GEM algorithm, our approach consumes only 7.8

kilojoules compared to RECL’s 26.2 kilojoules, and similarly reduces GSS energy costs from
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nearly 64 kilojoules down to 36 kilojoules. This remarkable efficiency is achieved through

a deliberate, moderate trade-off in training latency, operating slightly slower than the

aggressively fast baselines. However, this pace does not compromise learning quality, as our

framework maintains highly competitive streaming accuracy just fractions behind the baseline

leaders. Most importantly, our dynamic adaptation drastically improves system reliability,

achieving a Control Error Rate of just 21 to 31 percent across most algorithms, effectively

halving the 52 to 100 percent error rates suffered by competing methods. Ultimately,

our system delivers fundamentally lower energy consumption and steadier control without

meaningfully sacrificing model accuracy.

Sensitivity to sliding window size. The sliding window size ω=90 is a design parameter

that controls the bias–variance tradeoff of the recency-weighted surrogate. A smaller window

(e.g., ω=30) reacts faster to drift but increases GP modeling variance due to fewer training

points, potentially causing oscillatory control decisions. A larger window (e.g., ω=180)

provides a more stable surrogate but adapts more slowly to sudden shifts, retaining outdated

observations that mislead the optimizer. We chose ω=90 based on preliminary experiments

on CORe50-NIC, where it provided a practical balance between adaptation speed and

surrogate stability. While a full ablation study across all benchmarks and drift patterns is

beyond the scope of this work, we note that the performance of EOCLcd remained robust

when ω was varied between 60 and 120 in our preliminary runs (less than 3% variation in

total energy). A systematic study of adaptive window sizing could be an important direction

for future work.
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Figure 9.5: Adaptivity under sudden and incremental system environmental changes.

Overall effectiveness: EOCL consistently optimizes energy efficiency across benchmarks

and OCL algorithms on both embedded GPU platforms while maintaining competitive

latency and streaming accuracy.

9.6.3 Adaptivity under System Environmental Changes

To evaluate our method’s adaptability to dynamic system environments, we utilize

a CPU spin-lock approach. This effectively simulates system-level changes, specifically,

the fluctuating resource availability and compute contention commonly experienced in

multi-tenant embedded systems.

Adaptivity under sudden system environmental changes. We evaluated how robust

our framework is when the system environment changes abruptly, such as when background

tasks suddenly monopolize CPU cores. Across all benchmarks, our control-driven variant

proved highly reliable, achieving the lowest control error rate. For instance, it maintained

error rates between 19 and 23 percent, drastically outperforming baselines that suffered

error rates ranging from 34 to nearly 100 percent. This stability translates directly to

significant energy savings. On the CIFAR10 benchmark, our method consumed only 2.33
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kilojoules compared to the 3.69 to 5.36 kilojoules used by competing baselines, with similar

proportional reductions seen on the larger CORe50 tasks. While our approach trades a

slight increase in latency to achieve these savings, its streaming accuracy remains highly

competitive on the complex CORe50 datasets. Ultimately, the control-driven variant is

the most dependable choice for real-world edge deployments where sudden, unpredictable

resource contention is common.

The noticeable accuracy drops on the smaller SplitCIFAR datasets occur for two

main reasons. First, these data streams are exceptionally short, meaning every system

reconfiguration has an outsized impact on training, leaving the optimizer with too few

steps to adapt before the task ends. Second, our current design treats accuracy as an

evaluation metric rather than a strict optimization constraint. On our medium and large-

scale benchmarks, the accuracy stays within 2 percent of the leading baselines, which is an

excellent trade-off for the massive energy savings we achieve. However, for safety-critical

deployments where strict performance guarantees are mandatory, future work will integrate

streaming accuracy as a hard constraint within the optimization loop to prevent the system

from ever selecting sub-optimal configurations.

Adaptivity under incremental system environmental changes. We evaluated the

system’s robustness under incremental environmental stress by gradually saturating CPU

cores to simulate an escalating background workload. Under these worsening conditions, our

control-driven variant demonstrated unmatched stability, achieving the lowest control error

rates across all hardware benchmarks. For example, it successfully suppressed error rates

to just 19 percent on CIFAR100 and 27 percent on the complex CORe50-NIC task, easily
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Figure 9.6: High-fidelity navigation simulation with dynamic environmental factors for
On-Device OCL evaluation.

outperforming competing methods like Ekya and RECL which suffered failure rates ranging

from 50 to nearly 90 percent. This superior control translates directly into leading energy

efficiency, as the control-driven method required under 18 kilojoules to complete the heavy

CORe50-NIC benchmark, substantially undercutting all baseline alternatives. Furthermore,

this efficiency does not compromise speed; our method actually outpaced standard baselines

on the larger CORe50 tasks, finishing training runs hundreds of seconds faster. While there

is a slight, expected trade-off in raw streaming accuracy compared to offline models, the

control-driven approach ultimately provides the most practical and dependable balance

of minimal energy consumption, rapid adaptation, and rock-solid reliability as system

contention steadily escalates.

Adaptivity: Across both sudden and incremental system environmental changes, EOCL,

especially the control-drift-aware variant EOCLcd, demonstrates consistently stronger adap-

tivity than alternatives. It sustains better control (lower CER), uses less energy, and

maintains competitive or improved latency, making it well-suited for resource-volatile,

dynamically changing deployments.

260



Table 9.1: Robotic case study on NVIDIA Jetson AGX Orin-driven autonomous navigational
simulation. The best values of online methods are highlighted in bold.

Baseline
Energy ↓ Latency ↓ Streaming Accuracy ↑ Control Error Rate [%] ↓

IC IL WC IC IL WC IC IL WC IC IL WC

No System Environmental Changes

Avalanche 4228.67 15341.71 15814.81 186.00 604.00 611.00 0.9894 0.9955 0.9876 54.90 50.00 55.60
Ekya 4209.51 15181.55 15723.83 184.00 589.00 605.00 0.9836 0.9821 0.9599 57.40 49.90 56.50
RECL 5660.14 17964.44 19135.49 360.00 975.00 1046.00 0.9829 0.9971 0.9811 99.50 100.00 99.60
EOCLs 4076.77 14892.60 15107.91 385.00 1162.00 1132.00 0.9728 0.9953 0.9561 38.70 33.90 47.20
EOCLcd 4078.97 16444.37 15001.89 385.00 1143.00 1091.00 0.9728 0.9967 0.9893 27.30 21.30 24.30
Oracle 1124.23 14800.62 13643.40 263.00 1053.00 762.00 0.9720 0.9959 0.9759 0.00 0.00 0.00

Sudden System Environmental Changes

Avalanche 4669.07 17401.68 18146.33 186.00 593.00 616.00 0.9802 0.9936 0.9654 38.30 35.39 35.66
Ekya 4668.00 17488.07 18223.18 188.00 604.00 598.00 0.9780 0.9960 0.9830 42.12 30.74 38.04
RECL 6928.80 21881.68 23365.95 363.00 977.00 1052.00 0.9878 0.9967 0.9810 99.88 98.78 96.83
EOCLs 4458.61 17113.72 18321.01 386.00 752.00 1080.00 0.9747 0.8880 0.9879 43.68 51.40 44.83
EOCLcd 4448.70 16893.46 17900.54 383.00 744.00 1080.00 0.9785 0.9957 0.9843 32.63 29.46 24.34
Oracle 3852.00 14615.55 15395.17 362.00 1167.00 1203.00 0.9784 0.9944 0.9770 0.00 0.00 0.00

Incremental System Environmental Changes

Avalanche 3855.73 21077.23 21641.23 139.00 732.00 747.00 0.4887 0.9931 0.9558 34.03 36.30 38.15
Ekya 3892.70 17945.68 22209.93 141.00 608.00 783.00 0.4884 0.9960 0.9623 36.58 35.54 37.48
RECL 7429.80 29070.26 29680.15 352.00 1275.00 1291.00 0.9865 0.9969 0.9865 97.76 98.64 99.23
EOCLs 3951.39 17261.38 17956.52 187.00 571.00 589.00 0.9758 0.9851 0.9839 44.21 40.05 49.57
EOCLcd 3838.03 17163.15 17582.67 182.00 564.00 573.00 0.9726 0.9933 0.9860 31.53 30.32 30.05
Oracle 3770.22 15261.25 16462.73 360.00 1209.00 1276.00 0.9756 0.9951 0.9484 0.00 0.00 0.00

9.6.4 Pratical Case Studies

We evaluate our framework’s robustness against system-level resource contention

and natural data distribution shifts using an autonomous navigation stack on NVIDIA Jetson

hardware. Employing the Endless-Sim environment, we simulated practical challenges, such

as changing weather, evolving lighting, and novel objects, while injecting background CPU

contention either suddenly or incrementally to mimic multi-tenant edge environments.

Across all operating regimes, our framework consistently delivers the most energy-

efficient performance. The control-driven variant specifically excels in unstable environments,

achieving the lowest Control Error Rate among all tested methods. For instance, under

both sudden and incremental resource shocks, it maintains an error rate of roughly 24 to 32

percent, demonstrating significantly faster recovery from system disturbances than competing

baselines. While it occasionally trades a marginal amount of training latency to maintain
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this stability, it preserves near-perfect streaming accuracy, peaking at over 99 percent in

illumination-shifting scenarios. Furthermore, during gradual environmental changes, it

not only minimizes energy and control errors but also achieves leading training speeds,

completing complex weather and lighting adaptations in under 10 minutes. Ultimately, our

control-driven design sustains online learning with remarkably lower energy consumption

and superior system stability as real-world environments evolve.

Pracality: EOCL maintains competitive streaming accuracy and end-to-end latency while

significantly optimizing energy consumption, showing its readiness for On-Device embedded

continual learning. This underscores EOCL’s effectiveness in addressing practical constraints

in real-world embedded continual learning deployments.

9.6.5 Overhead Analysis

As demonstrated in Tab. 9.2, EOCL maintains a small GP surrogate (kernel

parameters, Cholesky factor) and a bounded buffer of recent evaluations. For EOCLcd, the

history is a fixed sliding window; EOCLs uses a full-history surrogate in our deployment,

so it requires more memory and latency overhead. To reduce MBO’s overhead, we execute

controller runs out-of-band every ∆=10 s and apply DVFS and batch updates asynchronously

at iteration boundaries, so the OCL training and inference pipeline are not blocked. Both

variants have acceptable memory overhead (less than 6.01%) and latency overhead (less

than 4.50%). Because ω is fixed, the optimizer state is bounded; with ω = 90, GP fitting

and acquisition maximization remain lightweight enough to execute asynchronously every

∆ = 10 s without stalling the OCL loop.
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Table 9.2: On-Device overhead of two variants of EOCL on Jetson AGX Orin and Jetson
Nano Orin. Memory refers to additional resident memory relative to an Avalanche baseline.
M and L refer to memory and latency, respectively.

Jetson AGX Orin Jetson Nano Orin

Variant M [MB/% ] L [s/%] M [MB/% ] L [s/%]

EOCLs 492 / 1.57 18.6 / 4.22 492 / 6.01 23.3 / 4.50
EOCLcd 484 / 1.55 16.4 / 4.03 484 / 5.91 18.0 / 4.00

Low overhead: The added memory and latency from MBO are minimal and consistently

outweighed by the energy savings and stability benefits reported in Sec. 9.6.3 and Sec. 4.4.2.

9.6.6 Discussion and Limitations

While our framework advances energy-aware OCL on embedded systems, it oper-

ates within specific boundaries. First, NLP tasks, massive datasets (e.g., ImageNet [78],

CLOC [190]), and infinite streams [376, 395] currently exceed typical embedded capacities

and are not addressed. Additionally, consistent with prior systems research [52, 294, 234, 28],

we assume supervised learning, leaving unsupervised OCL to the broader machine learning

community. Architecturally, to strictly minimize runtime overhead on edge devices, we

intentionally omit an explicit concept drift detector. Instead, the system implicitly handles

environmental non-stationarity via a recency-weighted sliding-window surrogate and a fixed,

asynchronous control interval. This lightweight, deployability-first design safely absorbs

short-term burst loads without ever stalling the main training pipeline, providing actionable,

low-overhead mechanisms for safe concurrency and energy efficiency. Integrating explicit drift

detectors, adaptive window sizing, and dynamic control intervals remains a key direction for

future work.
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9.7 Related Work

9.7.1 Online Continual Learning and System Optimization

Online continual learning (OCL) updates models from non-stationary streams while

mitigating catastrophic forgetting [52, 294, 234, 51, 10, 194, 222, 347, 348, 48, 333, 301]. To

achieve this under computational budgets, various algorithmic paradigms have been proposed,

including replay-based methods like ER [52, 294] and GSS [10], as well as gradient-constrained

approaches like GEM [234] and AGEM [51]. Our work is orthogonal and transparent to

these algorithmic OCL paradigms; rather than modifying the learning algorithms themselves,

we target the system dimension, specifically, how training and inference are co-scheduled

and batched On-Device, to boost throughput while preserving streaming accuracy.

Despite extensive algorithmic progress, system-level OCL optimizations remain

underexplored, with prior work largely targeting different scopes or hardware. For example,

LifeLearner [202] focuses on hardware optimizations for meta-continual learning. Meanwhile,

Ekya [28] and RECL [188] target video analytics on powerful multi-GPU servers, employing

dynamic profiling for offline methods like iCaRL [301] or complex model-selection safety

checkers, respectively. For consistency and practical deployment, we implement our con-

current execution pipeline atop the extensible Avalanche framework [46], as done in Ekya

and RECL. To our knowledge, our work is the first to propose energy-aware, On-Device

online continual learning, bridging the gap between algorithmic efficiency and system-level

practicality in resource-constrained environments.
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9.7.2 DVFS and Energy Management on Embedded Platforms

Dynamic Voltage and Frequency Scaling (DVFS) is a cornerstone of embedded

energy management, spanning real-time scheduling [373, 16], heterogeneous architectures

[75, 97, 35, 341], and edge neural network inference [259]. Our work diverges from these

efforts in two key ways. First, we target the dynamically shifting computational profiles

of OCL rather than static inference. Second, because complex SoC power dynamics (e.g.,

thermal coupling and memory contention) complicate analytical modeling, we employ a data-

driven black-box surrogate. This ensures platform-agnostic adaptivity without exhaustive

hardware profiling, though integrating analytical priors to accelerate convergence remains a

promising direction for future work.

9.7.3 Model-based Optimization

Model-based optimization (MBO), often realized as Bayesian optimization (BO),

is a sample-efficient framework for black-box problems utilizing probabilistic surrogates like

Gaussian Processes [182, 328]. Toolchains like BoTorch [15] enable extensions to time-varying

settings via sliding windows or periodic restarts with modest overhead [274, 408, 306]. While

BO is widely successful across diverse domains, including materials [400, 172], chemistry [320],

and server-class ML hyperparameter/system optimization [100, 284, 285], these applications

largely focus on static and pre-deployment settings. In contrast, our work applies MBO to

embedded, On-Device OCL deployment to dynamically minimize run-time energy under

strict hardware constraints.
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9.8 Conclusion

We presented EOCL, a deployability-first runtime that enables energy-aware evalu-

ation and retraining for On-Device OCL. By coupling a recency-aware model-based optimizer

with lightweight runtime reconfiguration of DVFS and batch size, EOCL adapts to non-

stationary conditions while preserving streaming accuracy and keeping latency overhead

low. Our concurrent pipeline atop Avalanche provides fine-grained control and unified

instrumentation, and we introduced the CER to quantify stability under drift. Experiments

across Jetson-class platforms, multiple OCL algorithms, and diverse workloads demonstrate

consistent energy reductions and steady control under both sudden and gradual environmen-

tal changes. Extending EOCL with drift detectors, broader control knobs, adaptive control

intervals that dynamically adjust reconfiguration frequency based on detected drift intensity,

along with multi-objective scheduling under explicit latency/accuracy guarantees, remains

promising future work.
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Chapter 10

Conclusions

As safety-critical cyber-physical systems (CPS) increasingly rely on deep neural

networks for perception, decision-making, and closed-loop control, the limitations of static,

offline-trained models have become starkly apparent. Real deployments are non-stationary:

data distributions drift, workload mixes shift, and energy supplies fluctuate over long missions.

While deep reinforcement learning and online continual learning offer algorithmic pathways

for models to adapt on the fly, this dissertation has demonstrated that algorithmic adaptation

alone is insufficient. Deploying online learning on embedded edge devices presents a distinct

systems problem: models must be updated concurrently with real-time inference, while

strictly respecting end-to-end timing, memory, and energy budgets on heterogeneous, non-

preemptive accelerators. Existing machine-learning pipelines that overlook these constraints

produce unpredictable latencies, frequent out-of-memory failures, and energy-oblivious

behavior that cannot sustain long-duration autonomy.
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This dissertation addresses these challenges by developing a predictable and self-

adaptive On-Device machine-learning stack, organized as three tightly coupled thrusts that

span model structure, runtime scheduling, and deployment-time resource management.

Fitting modern models On-Device under stringent memory budgets. The

first thrust makes modern multi-task and learning-enabled workloads runnable on small

embedded platforms, both for inference and for On-Device updates. MIMONet (Chapter 2)

restructures multi-task perception into a single weight-shared multi-input multi-output

network, extending the variational information bottleneck to residual architectures and

adapting cross-model weight zipping to remove inter-task redundancy, reducing runtime

memory by up to 80.7% on Jetson-class devices. MixTraining (Chapter 3) consolidates

self-supervised and supervised passes through a shared backbone via a unified mixtraining

phase, Pareto-dominating SSL+SL in both accuracy and training compute. R3 (Chapter 4)

co-optimizes batch size and replay-buffer memory under a deadline-driven feedback loop,

delivering timing-predictable On-Device deep reinforcement learning across Classic Control,

Atari, and a DonkeyCar simulator. Orion (Chapter 5) generalizes this memory-aware

perspective to online continual learning, using a unified runtime health score to autonomously

rebalance batch execution, replay storage, and optimization plugins, eliminating out-of-

memory failures while preserving plasticity and stability.

Reducing latency and deadline misses in real-time learning. The second

thrust turns memory-efficient models into deployable real-time systems on shared, non-

preemptive embedded accelerators. RED (Chapter 6) is the first real-time scheduler to

support weight-shared multi-task DNNs, intermediate-deadline assignment, and on-demand
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synchronization across asynchronous perception–control DAGs, reducing deadline-miss rates

by 40.5% and response times by 24.7% on average over EDF across four Jetson platforms

while integrating cleanly with ROS 2. AOCL (Chapter 7) extends real-time scheduling

to single-GPU On-Device OCL, where a Unified Adaptation Metric drives a finite-state,

sign-based controller that safely overlaps training, evaluation, and inference, accompanied

by analytical guarantees on per-axis settling time, steady-state inference feasibility, and a

transient deadline-miss bound during safety fallback.

Deployable On-Device learning ecosystems in uncertain, resource-

constrained environments. The third thrust closes the loop with the environment

and the energy supply. Genie (Chapter 8) introduces a distributed ROS-based caching layer

that maintains a shared 3D object map across edge servers, cutting perception latency by

up to 95% (82% on average, with 31%–67% reusable objects) for Autoware-based connected

autonomous robots on Jetson TX2 and AGX Xavier nodes. EOCL (Chapter 9) makes On-

Device OCL itself energy- and environment-aware, formalizing deployment as a constrained

online optimization problem and introducing a recency-aware Gaussian-process surrogate

with Expected Improvement that jointly tunes CPU/GPU DVFS and batch size, reducing

energy by up to 26% versus the strongest online schedulers and by up to 70% versus RECL

while maintaining streaming accuracy within roughly two percentage points under sudden

environmental change.

Collectively, this body of work establishes that predictable, energy-aware, and self-

adaptive On-Device learning is a distinct systems problem requiring cross-layer coordination

among model structure, runtime scheduling, and resource management rather than isolated
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algorithmic adjustments. By co-designing multi-task model architectures with memory-

and deadline-aware schedulers and by closing the loop with environment- and energy-aware

controllers, the stack presented here sustains real-time inference and online adaptation

within tight memory and energy budgets across diverse embedded platforms and changing

environments.
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