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7.1

Middleware across the ML lifecycle. Dedicated decision layers govern sys-
tem behavior at each phase—training under data heterogeneity, continual
adaptation to distributional shift, and inference-time resource management—
enabling model-agnostic policies that improve efficiency, adaptability, and re-
liability in real-world deployments.
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ABSTRACT OF THE DISSERTATION
Middleware Systems for Efficient and Robust Distributed Machine Learning
By
Rahul Atul Bhope
Doctor of Philosophy in Networked Systems
University of California, Irvine, 2026

Professor Nalini Venkatasubramanian, UCI, Chair

Modern machine learning systems increasingly operate across multiple stages of the lifecycle:
large-scale training over distributed data sources, continual adaptation as data distributions
evolve after deployment, and inference-time decision making for foundation model applica-
tions under latency and cost constraints. Across these stages, systems must operate under
practical constraints, including data-sharing regulations, data heterogeneity, non-stationary

environments, latency budgets, and limited computational resources.

This dissertation offers a unified view of the machine learning lifecycle through the lens of
these operational decisions, and argues for a dedicated middleware layer: a set of principled
decision policies that governs behavior across training, continual adaptation, and inference.
In this view, middleware is not merely a communication conduit or infrastructure plumb-
ing layer, but the decision brain between machine learning applications, models, and their
operating environments. It interprets available system and model signals, reasons over con-

straints, and coordinates adaptive behavior.

First, to achieve robust training across data and platform heterogeneity, we present tech-
niques for federated learning that leverage participant-level data characteristics to improve
coordination across distributed clients. By analyzing label distribution structure, training

can better preserve diversity, improve convergence, and reduce communication overhead.

XV



Second, for continual learning under distribution shifts, we develop mechanisms that mon-
itor evolving data conditions and selectively specialize models as environments change. By
using learned representations and label statistics to detect shifts, deployed systems can adapt
without the expense of full retraining. Third, for inference-time optimization, we study dy-
namic context management for large language and vision-language models. We show how
outputs such as log probabilities, confidence estimates, and lightweight metadata can guide
decisions, including example ordering, retrieval fidelity selection, and cost-aware context

construction.

Although these settings appear distinct, they share a common systems pattern: machine
learning systems already generate rich internal signals that reflect model state, data state,
and execution conditions, yet these signals are rarely exposed as first-class abstractions for
system control. This dissertation argues that treating such signals as actionable primitives
enables a new decision layer for machine learning systems—one that can observe, analyze,
and act on model-generated evidence to build adaptive policies across training, deployment,

and inference, thereby enabling efficient, robust, and self-adaptive machine learning systems.
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Chapter 1

Introduction

Modern machine learning systems are no longer static artifacts trained once and deployed in
isolation. They now span the full lifecycle of model development and deployment, including
large-scale training, continual adaptation, and inference-time decision making. Training
and inference themselves have received enormous attention, with a wide range of systems
solutions for distributed optimization, scalable serving, and efficient execution [114, 195, 180,
252,99, 157, 158, 236]. However, when these workloads are subject to real-world operational
constraints, classical centralized assumptions often break down, and new techniques become

necessary [28, 151, 115].

When training data is distributed across users, institutions, or edge devices and cannot be
centrally pooled due to data-sharing regulations (GDPR, CCPA, HIPAA) [216, 104, 211],
ownership boundaries, or limited bandwidth, techniques such as federated learning [151, 28|
offer an effective approach and have demonstrated strong practical value. As deployed en-
vironments evolve, data distributions shift, and previous models can become stale [36, 225].
Repeated retraining is often costly, while a single static model may be insufficient to capture

multiple evolving distributions. Systems, therefore, need mechanisms that adapt to new data



while preserving prior knowledge and mitigating catastrophic forgetting [150, 61, 145, 225|.
Techniques such as continual learning and federated continual learning offer a promising
approach for sustained adaptation [31, 244, 225]. At inference time, when model param-
eters cannot be retrained or modified per query—as is common with foundation model
APIs—and applications face latency, token-budget, and cost—quality tradeoffs, techniques
such as retrieval-augmented generation, prompt compression, and query-aware routing pro-
vide effective means of query-time adaptation [105, 119, 85, 51, 124]. In such settings,
system-level decisions—such as which data to use, how to structure inputs, how much com-
putation to allocate, or when to adapt—become as critical as the underlying models them-

selves 23, 24, 25, 22].

This dissertation argues that these challenges demand a dedicated middleware layer—mnot
merely infrastructure plumbing, but a principled decision brain that sits between data
sources, models, and applications to govern behavior across the machine learning lifecycle.
The central contribution of this work is to develop middleware systems that govern decisions
across training under data heterogeneity, continual learning under distributional shifts, and
inference-time resource management. Across federated learning, continual learning, and large
language and vision-language model inference, this dissertation shows that principled mid-
dleware policies—not necessarily architectural changes—are often a key lever for improving

efficiency, adaptability, and reliability in real-world deployments [23, 24, 25, 22].

1.1 The Machine Learning Lifecycle and the Role of Mid-
dleware

Machine learning systems are increasingly embedded in mission-critical applications whose
operational constraints determine how learning and inference must be performed. A moti-

vating example in this dissertation is CareDEX [10], an NSF-funded smart-space platform



designed to improve disaster resilience for older adults living in senior housing facilities
and age-friendly communities. Through CareDEX, we observed a set of practical prob-
lems that recur well beyond senior care: sensitive data is often distributed across orga-
nizations and devices, operating environments change after deployment, and time-critical
decisions depend on selecting the right information under privacy, latency, and reliability
constraints [10, 216, 211]. These observations motivate a broader systems question: how
should machine learning applications make principled decisions across the full lifecycle when

data, users, environments, and resources are heterogeneous?

Different phases of the machine learning lifecycle require distinct system capabilities. When
multiple organizations, users, or edge devices must collaboratively learn without exposing
raw data, federated learning becomes necessary [151, 28|. Continual learning shows up
in applications like satellite imagery analysis, where data evolves over time and models
must adapt to changing environments and distributions [36, 225]. At inference time, we see
applications like agentic multimodal workflows, where models consume context from multiple
sources and their behavior depends on how that context is selected and structured [105, 119,
85, 22|. Similarly, in settings like drone-based flood assessment, data is collected in resource-
constrained environments, and decisions about what information to use directly impact both
efficiency and outcomes. In each case, performance depends not only on the model itself, but

on how application-specific decisions are made under operational constraints 23, 24, 25, 22|.

This dissertation argues that these recurring decisions demand a dedicated middleware layer.
Middleware here is not merely communication infrastructure, but rather the decision-making
layer between applications, data sources, models, and deployment environments. It coordi-
nates participant selection and aggregation during training, governs adaptation as condi-
tions change after deployment, and manages context retrieval, tool use, and budget-aware
inference during application execution. By translating real-world constraints into principled

runtime decisions, middleware provides the systems abstraction needed to make machine



learning robust, adaptive, privacy-aware, and operationally effective across the full lifecy-

cle [23, 24, 25, 22].

1.2 Challenges in Real-World Deployments

The deployment of machine learning in real-world environments reveals a set of recurring
challenges spanning the full lifecycle—from data collection and model training to inference
and adaptation. These challenges are not artifacts of any single model or dataset; they arise
from the structural properties of the environments in which modern ML systems must oper-
ate, including application-specific privacy requirements, sensing conditions, latency budgets,

failure modes, and outcome objectives |28, 36, 51, 10].

Robust Training under Data and Platform Heterogeneity. Federated learning sys-
tems must operate under two intertwined sources of heterogeneity that fundamentally chal-
lenge efficient and robust training. First, participants hold non-I1ID data with highly skewed
label distributions, violating the assumptions of standard aggregation methods and leading to
slow convergence as well as systematic underrepresentation of minority classes [151, 115, 91].
Second, participants exhibit platform heterogeneity, differing in compute capacity, com-
munication bandwidth, and availability, which introduces stragglers that delay or fail to
contribute updates in each round [28, 42, 100|. These issues are shaped by the application
itself: clinically rare events, geographically localized patterns, disaster-specific observations,
or low-connectivity field devices can be exactly the data sources a system most needs, even
when they are hardest to access reliably. Crucially, these challenges are not independent:
participants that contain rare or statistically important data are often resource-constrained,
making them both less likely to be selected and more likely to drop out when selected. This
compounding effect exacerbates bias and inefficiency in the learned model, motivating the
need for principled participant selection strategies that jointly account for data diversity,

application value, and system constraints in a privacy-preserving manner {100, 23].



Continual Adaptation under Distribution Shifts. Deployed federated models operate
in environments where data distributions evolve continuously across both time and partici-
pants, introducing fundamental challenges for maintaining model performance [36, 46, 225|.
One source of drift arises from covariate shift, where the input distribution P(X) changes
due to factors such as sensor recalibration, environmental variation, seasonal change, or
behavioral drift, rendering previously learned representations less reliable [232, 205, 24].
In parallel, label shift occurs when the label distribution P(Y’) evolves over time, altering
class prevalences and effectively changing the learning objective, often degrading accuracy
on newly dominant classes [241, 24|. The importance of a shift is also application-specific:
a rare but safety-critical class, a newly flooded region, or a changing land-cover pattern
may require adaptation even when aggregate accuracy appears stable. These challenges are
further amplified in federated settings, where different parties experience distinct shifts at
different times. In such cases, naively aggregating updates into a single global model leads to
negative knowledge transfer, where adapting to one party’s distribution harms performance
on others [225, 24|. This creates a fundamental systems question: when and how should
deployed models adapt to distributional changes in a way that remains responsive to local

shifts while avoiding catastrophic forgetting? [150, 61, 244, 122].

Dynamic Context Management in Agentic AI Systems. LLM- and VLM-based
agentic systems introduce a new class of inference-time decision problems, where system
performance depends not only on model capability but also on how inputs are structured
and resources are allocated [51, 160, 86]. At the application level, model outputs are highly
sensitive to the ordering of in-context examples in few-shot prompts, yet there is no prin-
cipled way to determine the optimal ordering at inference time [25]. Naive reliance on
log-probability scores is insufficient, as these scores entangle the influence of example order
with output confidence, obscuring which orderings are truly effective [25]. At the system

level, inference pipelines must also decide the fidelity of retrieved inputs—such as whether



to fetch full-resolution images for vision-language models—under strict latency and band-
width constraints [41, 81, 248, 22|. These decisions are application-specific: a multimodal
agent may need to choose among logs, images, tool outputs, retrieved documents, or sen-
sor streams, while a drone-based flood assessment workflow may need to trade off image
resolution, transmission cost, and decision urgency. Existing systems often default to max-
imum fidelity, incurring unnecessary cost, because they lack mechanisms to predict the re-
quired level of detail before retrieval [41, 81, 22]. Together, these challenges expose a unified
inference-time question: how can systems leverage available signals to make principled deci-
stons about input structuring and resource allocation without relying on additional training

or offline tuning? |25, 22|.

1.3 Problem Statement

Modern machine learning systems increasingly operate across multiple stages of the lifecycle:
distributed training over decentralized data sources, deployment in environments where data
distributions evolve over time, and inference-time use of foundation models under latency
and cost constraints [151, 36, 51]. Across these stages, system performance depends not only

on model quality, but also on operational decisions made around the model [23, 24, 25, 22|.
This dissertation addresses the following central problem:

How can we design middleware systems that enable adaptive decision-making
across training, continual learning, and inference under heterogeneity, distribu-

tion shift, resource constraints, and dynamic workloads?
Although these settings differ, they repeatedly expose three practical challenges:

1. Heterogeneous operating conditions. Machine learning systems must function

across diverse data sources, participants, workloads, and hardware environments, where



uniform strategies are often ineffective [115, 28, 51].

2. Changing environments over time. Data distributions, user behavior, and task
requirements evolve after deployment, requiring systems to respond without expensive

retraining or manual redesign 36, 145, 225|.

3. Resource-constrained decision making. Communication bandwidth, compute
budgets, latency limits, and context windows restrict how models can be trained, up-

dated, and queried in practice |28, 119, 85, 51].

These challenges arise throughout the lifecycle: in federated training when selecting par-
ticipants under non-IID data, in continual learning when deciding when and how to adapt
under shift, and in foundation model inference when choosing how to structure or compress
context efficiently. This dissertation studies these recurring decision problems and devel-
ops middleware mechanisms that sit around existing models to coordinate more adaptive,

efficient, and robust system behavior |23, 24, 25, 22].

1.4 Thesis Contributions

This dissertation develops a unified framework for signal-driven middleware design and in-

stantiates it across four systems.

FLIPS: Intelligent Participant Selection in Federated Learning [23| FLIPS intro-
duces a clustering-based selection framework that embeds label distributions into participant
profiles and enforces statistical diversity across communication rounds. This provably im-
proves convergence under heterogeneous data and reduces the number of rounds needed to

reach a target accuracy, without centralizing any participant data.

ShiftEx: Shift-Aware Federated Learning [24] ShiftEx proposes a shift-detection and

routing mechanism that monitors latent representations and label statistics across streaming



data, triggering dynamic specialization of an underlying mixture-of-experts model. This
enables targeted adaptation to new distributions while preserving performance on previously

observed ones.

OptiSeq: Example Ordering in In-context Learning [25] OptiSeq frames the order-
ing of in-context examples as an inference-time middleware problem in distributed agentic
systems. Rather than assuming a fixed or heuristic ordering, it treats example sequencing
as a critical decision variable that directly influences model outputs, especially in tasks such
as API sequence generation. To address this, OptiSeq introduces debiased log-probability
scoring to evaluate candidate permutations at inference time without requiring additional
training or labeled feedback. By selecting the ordering most likely to yield correct outputs,
it enables instance-specific prompt optimization, improving both accuracy and reliability in

downstream generation tasks.

VOILA: Cost-Aware Retrieval across Distributed Storage Tiers [22] VOILA is
motivated by a fundamental systems constraint: in real-world deployments, multimodal con-
text is distributed across storage tiers with heterogeneous latency, bandwidth, and cost pro-
files, where high-fidelity inputs are substantially more expensive to access than compressed or
cached representations. Rather than uniformly retrieving the highest-fidelity data, VOILA
formulates retrieval as a value-of-information decision problem, using calibrated, question-
conditioned predictions to estimate the expected benefit of accessing higher-fidelity inputs
before any retrieval occurs. It then selects, on a per-query basis, the minimum-cost fidelity
whose expected accuracy justifies its acquisition cost, enabling consistent accuracy—cost

trade-offs without incurring the overhead of always retrieving high-fidelity context.

1.5 Dissertation Organization

The remainder of this dissertation is organized as follows.



e Chapter 2 surveys related work in distributed and adaptive machine learning systems,
continual learning under distribution shift, and inference-time decision making in large
language and vision-language models, along with prior approaches to signal- and data-

driven system design.

e Chapter 3 introduces the middleware framework for ML lifecycle decision-making,
presenting the core abstraction of middleware as a principled decision layer and the
observe—analyze—act methodology that underpins system-level decision making across

training, continual adaptation, and inference.

e Chapter 4 (Robust Training under Data Heterogeneity) presents FLIPS, a middleware

system for diversity-aware participant selection in federated learning.

e Chapter 5 (Continual Adaptation under Distribution Shift) presents ShiftEx, a shift-
aware federated learning framework that adapts models via mixture-of-experts special-

ization.

e Chapter 6 (Inference-Time Decision Making in Agentic Al Systems) presents OptiSeq
and VOILA, two middleware systems that address inference-time orchestration as a
distributed systems problem: OptiSeq governs the ordering of examples in in-context
learning for tasks such as sequencing API and tool invocations across distributed ser-
vice catalogs, while VOILA manages context fidelity selection across tiered storage to

balance retrieval cost against answer quality.

e Chapter 7 synthesizes the key insights from the individual works in this dissertation

and outlines directions for future research.

Taken together, this work demonstrates that principled middleware design can significantly

improve the efficiency, adaptability, and practicality of modern machine learning systems.



Chapter 2

Related Work

Machine learning systems now operate under increasing operational constraints arising from
distributed data, limited resources, and dynamic deployment environments. A large body of
prior work has addressed individual aspects of these challenges, including system design for
distributed learning, continual adaptation under shift, and inference-time optimization for
large models. However, these research directions have largely evolved independently, each
community developing tools and abstractions tuned to its own objectives and assumptions,

with limited cross-pollination across problem domains.

Research in machine learning has traditionally concentrated on two phases of the pipeline:
training, where a model is fit to collected data, and inference, where it is queried to produce
predictions. These phases have attracted enormous research investment, driving progress
in optimization, generalization, and benchmark performance. A third phase that sits be-
tween and around them—continual learning, the ongoing process of keeping deployed models
aligned with evolving data distributions and operating conditions—has received compara-
tively less systematic attention as a full-stack systems problem. Together, these three phases

expose a set of challenges that cannot be resolved by model design alone; they require ded-
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icated decision-making infrastructure: middleware layers that govern system behavior at
each stage independently of the underlying model architecture. Accordingly, this chapter
emphasizes representative work that exposes the operational decisions most relevant to the
thesis—coordination, adaptation, and compute allocation—rather than attempting an ex-

haustive survey of every adjacent subfield.

2.1 Systems for Distributed and Adaptive ML

Research on distributed and adaptive machine learning spans system architectures for large-
scale training, cluster-level scheduling and resource management, and decentralized paradigms
motivated by privacy, locality, and heterogeneous edge environments. Prior surveys have
shown that these lines of work repeatedly confront the same core tensions: synchronization
versus staleness, throughput versus statistical efficiency, and central coordination versus de-

centralization [215, 149, 20, 102, 49].

2.1.1 Distributed Training Systems and the Parameter-Server Line

The parameter server (PS) is one of the foundational abstractions for distributed machine
learning. In this architecture, worker nodes compute updates while server nodes maintain
globally shared parameters. FEarly PS systems emphasized asynchronous communication,
bounded consistency, elasticity, and fault tolerance, and demonstrated scalability to models
with billions of parameters and examples [111, 109]. Closely related large-scale systems such
as DistBelief further showed that asynchronous replicas and model partitioning could scale
deep network training across very large clusters, helping establish distributed deep learning
as a systems problem in its own right [48]. Together, these systems established a practical
template for large-scale distributed optimization and strongly influenced later distributed

learning platforms.

As distributed deep learning matured, general-purpose frameworks such as TensorFlow
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broadened the systems view from specialized parameter synchronization to heterogeneous
graph execution across CPUs, GPUs, mobile devices, and clusters [1]. In parallel, the lit-
erature increasingly formalized the distinction between data parallelism, model parallelism,
and pipeline parallelism, with surveys showing that no single strategy is uniformly optimal
across models, batch sizes, memory budgets, and network conditions [20, 102, 207]. Subse-
quent system designs therefore moved toward hybrid forms of parallelism that combine data,
model, and pipelined execution to improve scalability for large models and heterogeneous

accelerators [163, 167, 57].

Another central thread is communication efficiency. As multiple surveys note, the scalability
of distributed deep learning is often limited less by raw compute than by synchronization cost,
network contention, and communication frequency [206, 193, 161]. This has led to a large
body of work on gradient compression, delayed synchronization, overlap of computation and
communication, and alternative communication backends. For example, optimized all-reduce
implementations and communication fusion have been shown to substantially reduce end-
to-end training time in large GPU clusters [201]. More recent systems further revisit long-
standing architectural choices: BAGUA explicitly exposes relaxed communication semantics
as a systems interface [65], while newer work argues that parameter-server-like point-to-
point communication may again become attractive under imbalanced post-training workloads
for large language models [217]. Overall, the systems literature has evolved from fixed
synchronization designs toward more adaptive training substrates that jointly tune optimizer

behavior, communication structure, and execution policy.

2.1.2 Scheduling, Placement, and Resource Allocation

As distributed learning became a dominant workload in shared GPU clusters, the problem
expanded from within-job parallelization to across-job scheduling and resource allocation.

Recent surveys treat workload scheduling for distributed deep learning as a distinct systems
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area, emphasizing the effects of GPU heterogeneity, network topology, migration overheads,
and multi-objective trade-offs among utilization, fairness, throughput, and job completion
time [149, 126]. A key insight in this line of work is that distributed training performance
depends not only on how many resources a job receives, but also on where those resources

are placed and how the training configuration adapts to them.

One major direction is elastic and co-adaptive scheduling. Pollux models job goodput by
combining system throughput with statistical efficiency and then reallocates resources dy-
namically to optimize cluster-wide performance [172|. EDL similarly targets low-overhead
elasticity by enabling online changes in training parallelism for migration, transient resource
use, and straggler mitigation [227]. Lyra extends this idea to settings where idle inference
capacity can be loaned to training jobs, combining capacity borrowing with elastic scaling to
reduce queueing and completion times [108]. These systems depart from static user-specified
allocations and instead treat the interaction between scheduler decisions and learning dy-

namics as a first-class concern.

A second direction focuses on network-aware placement and communication-sensitive schedul-
ing. CASSINI shows that accounting for communication patterns during job placement can
substantially improve both average and tail completion times in ML clusters [178|. Related
work further argues that strict network fair sharing is not always desirable for distributed
learning, because certain combinations of jobs can benefit from intentionally non-uniform
link allocation when their communication phases interact favorably [179]. At a lower level,
TopoOpt co-optimizes training parallelization with topology and routing choices, illustrating
that the network itself can be part of the distributed learning design space rather than a

fixed substrate [223].

Resource allocation has also been studied inside individual training jobs. In parameter-server
settings with heterogeneous workers, H-PS dynamically schedules tasks to mitigate stragglers

and combines pipelining with quantization to improve end-to-end efficiency [228]. In-network
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aggregation work has similarly shown that switch-memory scheduling can become a bottle-
neck during large-scale gradient aggregation [173]. More generally, runtime-level techniques
such as memory-aware pipeline scheduling and out-of-order backpropagation demonstrate
that substantial gains are still available from reordering and overlapping training operations
even when the underlying learning algorithm remains unchanged [57, 159]. Taken together,
this literature suggests that adaptive distributed ML systems should jointly reason about

model execution, communication structure, and cluster-level resource management.

2.1.3 Edge Learning, Federated Learning, and Decentralized Paradigms

A parallel research direction shifts distributed learning away from centralized clusters toward
the network edge. In these settings, data locality, privacy constraints, energy limits, and in-
termittent connectivity become primary design considerations. Surveys on edge learning
and distributed learning across cloud, mobile, and edge settings highlight how these environ-
ments differ from traditional cluster training by introducing stronger forms of resource and
data heterogeneity |93, 207, 215|. In wireless edge scenarios, the objective typically extends

beyond throughput to include delay, energy, and service quality [165, 154].

Federated learning (FL) has become the dominant abstraction in this setting. FedAvg
demonstrated that local training with periodic model averaging can reduce communication
rounds significantly relative to synchronized SGD while still supporting non-IID and unbal-
anced client data [151]. Subsequent surveys positioned FL as the core systems paradigm
for privacy-preserving edge intelligence, while also identifying persistent challenges such as
client heterogeneity, limited device capability, stragglers, unstable participation, and expen-
sive communication [19, 129, 209]. At the algorithm-systems boundary, methods such as
FedProx, SCAFFOLD, and adaptive federated optimization made explicit that client het-
erogeneity and optimizer choice can substantially alter stability and convergence in practical

deployments [115, 91, 183]. Recent work has therefore emphasized online client scheduling
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and joint optimization of communication and computation resources, for example through
stochastic control for client participation [67] and energy-aware CPU/GPU and bandwidth
allocation in federated edge learning [242|. This literature increasingly treats federated learn-

ing as a resource orchestration problem as much as a distributed optimization problem.

More recent decentralized paradigms further relax the assumptions of classical FL. Decen-
tralized federated learning removes the central server and studies peer-to-peer topologies,
synchronization mechanisms, and robust overlay construction [239, 79]. Proxy-based decen-
tralized learning additionally allows greater model heterogeneity while reducing communica-
tion cost and strengthening privacy guarantees [90]. Split learning takes a different route by
partitioning the model itself across client and server so that resource-constrained devices can
offload much of the training computation while keeping raw data local [214, 125, 130]. In ve-
hicular and wireless edge settings, recent systems combine federated and split learning, adapt
the cut layer dynamically, and jointly optimize model partitioning with resource allocation
[171, 237]. Finally, broader decentralized training directions, including volunteer-style collab-
orative learning and cloud-scale communication minimization for very large models, suggest
that the design space is widening beyond traditional parameter-server and centralized-FL
assumptions |14, 52, 251, 65|. These developments motivate adaptive distributed ML sys-
tems that can operate across a spectrum of topologies, coordination models, and resource

environments.

2.2 Continual Learning and Adaptation under Distribu-

tion Shift

Research on continual learning under distribution shift sits at the intersection of three mature
but historically separate lines of work: catastrophic forgetting in sequential learning, adapta-

tion to domain and test-time shifts, and distributed learning under non-stationarity. Classical
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continual learning studies asked how a model can acquire new tasks without overwriting pre-
viously learned representations, while more recent work has emphasized that the data stream
itself may drift over time, rendering adaptation inseparable from retention. In practical de-
ployments, especially on edge and federated systems, these issues compound because shift is
often client-specific, temporally evolving, privacy-constrained, and only partially observable.
We therefore situate our work relative to prior research in continual learning, adaptation

under distribution shift, and distributed learning under shift and drift.

2.2.1 Catastrophic Forgetting and Continual Learning

Catastrophic forgetting is the central obstacle in continual learning, referring to the sharp
degradation of performance on previously learned tasks after training on new data [150,
61]. Early deep continual learning methods can be broadly grouped into rehearsal-based,
regularization-based, and parameter-isolation approaches. Rehearsal-based methods retain
or regenerate a small set of past examples and interleave them with current data, thereby
approximating joint training under bounded memory. Representative works include Learning
without Forgetting (LwF), which uses distillation from the previous model without storing
old data [123]; iCaRL, which combines exemplar memory, nearest-class-mean classification,
and distillation for class-incremental learning [182]; Gradient Episodic Memory (GEM) and
its more efficient variant A-GEM, which constrain gradient updates to avoid increasing loss
on past tasks [139, 38|; and replay-based online methods such as Experience Replay, MIR,
and Dark Experience Replay, which showed that strong baselines often emerge from careful
buffer management and logit-level reuse of past knowledge [187, 9, 31|. More recent empirical
studies have reinforced that replay remains one of the strongest and most robust families
of methods across class-incremental and domain-incremental settings, especially when task

boundaries are weak or absent [145].

Regularization-based methods instead preserve past knowledge by penalizing updates to pa-
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rameters deemed important for previous tasks. Elastic Weight Consolidation (EWC) intro-
duces a Fisher-information-weighted quadratic penalty, encouraging stability on parameters
that are salient for prior tasks [95]. Synaptic Intelligence (SI) and Memory Aware Synapses
(MAS) refine this idea by estimating parameter importance online from trajectory-based or
sensitivity-based signals, thereby reducing the need for task-specific second-order approx-
imations [243, 8|. These methods are attractive in memory-constrained settings because
they do not require storing raw data, but they typically struggle when the incoming stream
induces large representational shifts or when task identities are ambiguous. A third line
of work allocates disjoint sub-networks or masks to different tasks, as in PackNet, thereby
reducing interference through parameter isolation rather than explicit retention of old data
[146]. While such methods can be highly effective when task boundaries are known and
model capacity is sufficient, they are often less natural in open-ended or domain-drifting

streams where future task structure is unknown.

An important trend in recent continual learning research is the move from task-incremental
benchmarks toward more realistic online, class-incremental, and domain-incremental set-
tings. In these regimes, forgetting is not caused only by sequential optimization but also by
representation drift induced by changing domains, label frequencies, and feature support.
Accordingly, several recent works frame continual learning itself as adaptation under non-
stationarity rather than as sequential task memorization. This shift is particularly relevant
for our setting, where the model must remain plastic enough to track drift while retaining

sufficient stability to avoid collapse on previously observed distributions.

2.2.2 Adaptation under Distribution Shift: Domain Adaptation and

Test-Time Adaptation

A second relevant line of literature studies how models adapt when train and test distribu-

tions differ. Unsupervised domain adaptation (UDA) traditionally assumes access to labeled
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source data and unlabeled target data during adaptation. Canonical approaches align feature
distributions across domains, often adversarially, as in Domain-Adversarial Neural Networks
(DANN) [66], or through normalization/statistics alignment, as in Adaptive Batch Normal-
ization (AdaBN) [121]. Source-free domain adaptation relaxed this assumption by adapting
a source-trained model to a target domain without revisiting source samples; SHOT is a
prominent example that performs hypothesis transfer using information maximization and
pseudo-labeling [127]. Although these methods were not originally developed for continual
learning, they directly inform settings where the model must adapt under privacy or storage

constraints.

Test-time adaptation (TTA) pushes this idea further by updating the model only at inference
time, using the unlabeled test stream itself. Test-Time Training (TTT) adapts using self-
supervised auxiliary objectives at test time [203], while Tent showed that even entropy
minimization on batch-normalization parameters can substantially improve robustness under
corruption and moderate shift [220]|. However, standard TTA methods often assume a static
target domain. In non-stationary deployment, target distributions evolve over time, so naive
self-training can accumulate errors and itself induce catastrophic forgetting. Continual Test-
Time Adaptation (CoTTA) explicitly addresses this setting by combining teacher averaging,
augmentation-averaged predictions, and stochastic restoration to preserve source knowledge
while adapting to a changing target stream [222|. This line of work is especially relevant
because it makes explicit that continual adaptation and forgetting are coupled phenomena:

adaptation is necessary under drift, but adaptation itself can erase previously useful behavior.

Continual domain adaptation and domain-incremental learning sit between classical CL and
TTA. Here the goal is not merely to generalize across a fixed source-target gap, but to re-
main effective across a sequence of evolving domains with limited memory. Recent work
explores combinations of replay, distillation, and representation anchoring for such settings,

emphasizing that domain drift can move decision boundaries and destabilize learned features
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even when label semantics remain fixed [192, 142|. Compared with task-incremental contin-
ual learning, these settings better capture real deployments in which environments change

gradually and repeatedly rather than being partitioned into neatly separated tasks.

2.2.3 Distributed, Edge, and Federated Learning under Shift and

Drift

The third line of work concerns distributed learning under heterogeneous and drifting data,
especially in federated and edge settings. Federated learning was popularized by FedAvg,
which aggregates client-side updates without centralizing raw data [151]. While effective
under moderate heterogeneity, standard federated optimization is known to degrade under
strong client non-IIDness, temporal drift, or locally evolving class support [115, 91, 183].
These problems become more severe when local devices must continually adapt their models

from streaming data while preserving previously learned functionality.

Recent work has therefore begun to merge continual learning with federated learning. A
central observation is that non-IID data exacerbates forgetting because local adaptation on
each client can push the shared model toward client-specific optima that overwrite previously
consolidated knowledge. In federated class-continual learning, TARGET alleviates forgetting
without storing past real data by combining model-level distillation with generator-based
synthetic replay [244]. Other work studies rehearsal-free alternatives for privacy- or memory-
sensitive deployments; for example, FedSSI extends synaptic-intelligence-style regularization
to heterogeneous continual federated learning, aiming to preserve prior knowledge without
local sample buffers [122]. These approaches reflect a broader design tension between privacy,

memory, communication, and retention.

Concept drift in federated systems has also been studied more directly. CDA-FedAvg aug-
ments FedAvg with drift detection and adaptation mechanisms, showing that static federated

training is often inadequate when local data distributions evolve over time [36]. At the edge,
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continual adaptation may also exploit spatial or temporal structure across devices. Fed-
STIL, for example, studies lifelong person re-identification on distributed edges and distills
informative spatial-temporal knowledge across clients, illustrating that drift-aware collabora-
tion can improve both adaptation and communication efficiency [247]. More broadly, recent
surveys frame federated continual learning for Edge-Al as a distinct research area encompass-
ing class-, domain-, and task-continuous regimes, with open problems in resource-awareness,

privacy-preserving replay, client personalization, and hardware-algorithm co-design [225].

Taken together, the literature suggests that continual learning under distribution shift can-
not be adequately addressed by retention mechanisms alone or adaptation mechanisms alone.
Rehearsal and regularization help preserve prior knowledge, domain and test-time adaptation
help track new environments, and federated/edge methods address privacy and decentral-
ization; yet each family only partially addresses the full problem of learning continuously
from heterogeneous, evolving streams. Our work is positioned in this gap, where stability,
plasticity, shift robustness, and distributed constraints must be handled jointly rather than

in isolation.

2.3 Inference-Time Optimization in Large Language and
Vision-Language Models

Inference-time optimization for large language models (LLMs) and vision-language mod-
els (VLMs) has rapidly evolved from classical decoding heuristics into a broader family
of conditional-computation, retrieval-control, and multi-model orchestration methods. In
LLMs, early work largely focused on reducing the sequential bottleneck of autoregressive
generation through decoding-time strategies, while more recent work has shifted toward
adaptive allocation of compute across layers, tokens, experts, retrieved evidence, and even

distinct models. In VLMs, the same agenda appears in a multimodal form, where visual
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tokens often dominate the inference cost and therefore motivate aggressive token pruning,
sparsification, and routing. We organize the literature into three lines most relevant to
inference-time optimization: (i) decoding and single-model adaptive computation, (ii) rout-
ing and cascaded multi-model inference, and (iii) retrieval, context compression, and memory

selection.

2.3.1 Decoding, reranking, and single-model adaptive computation

A first line of work targets the decoding bottleneck itself. Classical search-based methods
such as greedy and beam decoding improve quality but do not fundamentally address the
high per-token latency of autoregressive generation. More recent acceleration methods in-
stead reduce the number of expensive target-model passes. Speculative decoding accelerates
generation by letting a cheaper draft model propose multiple tokens and letting the target
model verify them in parallel, yielding lossless speedups without changing the target distri-
bution [39]. Medusa removes the dependence on a separate draft model by augmenting the
backbone with multiple decoding heads that predict several future tokens at once and verify
them through tree-based attention [32]. Self-speculative variants further collapse drafting
and verification into different portions of the same network. In particular, LayerSkip shows
that training with early-exit supervision and progressive layer dropout makes intermediate

layers sufficiently predictive to support both early exiting and self-speculative decoding [54].

A second group of methods introduces adaptive computation within a single model. Early-
exit methods dynamically terminate computation once an intermediate representation is
judged sufficient, while dynamic-depth and recursive approaches allocate more layers only
to hard inputs or hard tokens. Beyond early exit, recent work explores token-level adap-
tive depth. For example, Mixture-of-Recursions (MoR) combines parameter sharing with
token-wise dynamic recursive depth, allowing different tokens to receive different amounts

of computation at inference time [15]. This direction is conceptually aligned with broader
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conditional-inference literature in dynamic networks, but LLM-era methods are distinguished
by their interaction with autoregressive decoding, KV-cache reuse, and long-context behav-

10r1.

Another increasingly important axis is token pruning and KV-cache reduction. Rather than
spending equal attention on the entire prompt at every step, these methods identify the
subset of context most useful for the next-token prediction. Selective Context compresses
the input by pruning low-utility text before generation, thereby reducing memory and latency
for long-context tasks [119]. LongLLMLingua extends this idea into a prompt-compression
framework for long-context settings, explicitly optimizing the density and placement of key
information to improve both efficiency and, in some cases, quality [85]. At a finer granularity,
LazyLLM dynamically prunes prompt tokens during both prefilling and decoding, allowing
different subsets of tokens to remain active at different steps [63]. SnapKV instead compresses
the KV cache by exploiting persistent attention patterns across heads, significantly reducing
memory growth for long inputs [120]. These methods are particularly relevant for long-

context inference, where prompt processing often dominates latency and memory use.

For VLMs, analogous work focuses on the heavy cost of visual tokens. FastV shows that
many visual tokens become redundant after shallow layers and can be pruned in a plug-and-
play manner with a favorable accuracy—FLOPs trade-off [41]. IVTP further makes pruning
instruction-aware by selecting image tokens conditioned on the current prompt, improving
the quality-efficiency trade-off for large vision-language systems [81]. More recent work
argues that text—visual attention alone is an imperfect importance signal: VisPruner instead
uses visual cues and token diversity to preserve salient information under aggressive pruning
[248]. Taken together, these results suggest that single-model inference efficiency increasingly

depends on where compute is spent: over time steps, over layers, and over input tokens.

Decoding-time reranking forms a complementary branch of this literature. In information

retrieval and retrieval-augmented generation (RAG), LLMs can serve as powerful rerankers
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for candidate passages, but this gain must be balanced against cost. RankGPT shows that
properly instructed generative LLMs can act as strong zero-shot rerankers, and that their
ranking behavior can be distilled into smaller specialized models for cheaper deployment
[202|. This reranking perspective is directly relevant to inference-time optimization because

it enables more selective downstream context construction and smaller effective prompts.

2.3.2 Routing, Cascades, MoE-Style Sparsity, and Test-Time Scal-

ing Trade-offs

A second line of research moves beyond a single model and asks how to route each query to
an appropriate amount of computation. This line is motivated by the observation that easy
queries often do not require the strongest available model, while hard queries do. FrugalGPT
is one of the earliest and most influential formulations of this idea, proposing budget-aware
LLM cascades that route requests across models and stop when the answer is sufficiently
strong [40]. Hybrid LLM makes the same principle explicit through quality-aware query
routing between a small and a large model, with the operating point adjustable at test
time [51]. RouteLLM strengthens this paradigm by training routers from preference data so
that inference can dynamically trade off cost and response quality between weak and strong
LLMs [160]. More recent work extends fixed-pool routing to dynamic model sets: UniRoute
considers settings where unseen models may appear at test time and routes by embedding

candidate models into a shared feature space [86].

This literature is closely tied to query difficulty estimation. Hybrid LLM explicitly predicts
difficulty to decide when escalation is needed, while RouteLLM learns an implicit notion of
difficulty through preference supervision. The same principle also underlies cascaded rea-
soning systems that send only difficult examples to expensive solvers. Recent work pushes
this idea further by adding stronger guarantees or finer granularity. C3PO formulates cas-

cade design under probabilistic cost constraints and shows that label-free optimization can
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produce cost-controlled cascades for reasoning tasks [213]. CITER moves from query-level
to token-level collaboration, routing easy tokens to a small model and hard tokens to a large
model during generation [255|. This token-level view blurs the boundary between multi-

model cascades and conditional computation inside a model.

Inference-time optimization is also related to sparse mixzture-of-experts (MoE) computa-
tion. Foundational sparse-expert work such as Switch Transformers made token-wise expert
routing explicit as a mechanism for scaling model capacity without proportional per-token
compute [59]. More recent overviews make clear that the realized efficiency of MoE systems
depends not only on sparse activation in principle, but also on routing balance, communica-
tion overhead, and hardware scheduling in practice [33]. From the perspective of test-time
optimization, MoE routing and multi-model routing are part of the same broader theme:

allocate more computation only where it is expected to matter.

A related thread concerns test-time scaling versus efficiency. Recent reasoning-oriented mod-
els often improve performance by generating longer chains of thought or sampling multiple
candidate solutions, but these gains come with sharply rising inference costs. In practice,
routing and cascading methods can be interpreted as an attempt to recover some of the
benefits of test-time scaling without paying its full cost on every query. Self-speculative
decoding, early exiting, cascades, and cheap-to-expensive routing all instantiate the same
operational principle: reserve the most expensive computation for the subset of cases where
it is necessary. This viewpoint is increasingly important as the field moves from average-case

accuracy toward Pareto-efficient deployment.

2.3.3 Retrieval pruning, long-context selection, and memory-aware

inference

A third line of work optimizes what information is presented to the model at inference time.

In RAG pipelines, efficiency depends not only on model choice but also on retrieval depth,
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reranking, top-k selection, chunking, and compression. The original RAG formulation estab-
lished retrieval-augmented generation as a general architecture for coupling parametric and
non-parametric memory [105]. RankGPT-style reranking improves the relevance ordering of
retrieved candidates before context construction [202], while selective top-k policies reduce
both token cost and distraction from marginal evidence. Recent comparisons between RAG
and long-context (LC) inference show that this trade-off is nontrivial: when sufficiently re-
sourced, LC models can outperform RAG on average, but RAG often remains much cheaper.
Based on this observation, Self-Route dynamically chooses between retrieval-augmented and
long-context processing using model self-reflection, achieving a better cost—performance bal-
ance than always using either mode alone [124]|. This work is especially relevant because it

reframes retrieval itself as a routing problem.

Prompt and context compression methods further reduce the amount of retrieved or pro-
vided text that must be processed. Selective Context prunes redundant spans before in-
ference [119|, while LongLLLMLingua provides a more general framework for long-context
prompt compression with explicit token budgets [85]. In practice, these methods interact
strongly with chunking and filtering choices in RAG: better chunk granularity improves re-
call, while stronger filtering and compression reduce token cost and mitigate context dilution.
Thus, chunking, reranking, top-k selection, and compression should be understood as a joint

inference-time optimization problem rather than isolated preprocessing decisions.

Long-context agents extend this problem from one-shot retrieval to memory selection over
time. MemGPT introduces an OS-inspired memory hierarchy in which relevant information
is paged into the active context from external memory, effectively treating context man-
agement itself as an inference-time control problem [162]. MemoryBank studies long-term
memory with selective retention and forgetting, emphasizing that not all past interactions
deserve equal persistence [256]. More recent agentic memory systems such as A-MEM make

memory organization itself adaptive by dynamically creating, linking, and updating memory
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records for future retrieval [231]. These systems are highly relevant to long-context inference
because they replace brute-force context growth with selective memory retrieval and consol-
idation. In effect, they move inference-time optimization from token pruning within a single

prompt to state pruning across an interaction history.

2.3.4 Benchmarks vs. Real-World System Constraints

While a large body of work evaluates LLMs and VLMs on standardized benchmarks, there
is a growing recognition that such benchmarks often underrepresent the complexity of real-
world inference pipelines. Traditional NLP and multimodal benchmarks—such as GLUE
[219], SuperGLUE [218], MMLU [76], BIG-bench [200], and multimodal suites like VQAv2
[70] and MM-Vet [238]—primarily measure task accuracy under fixed inputs. These settings
assume that all relevant context is already provided and that inference cost is dominated by

forward passes through a single model.

However, real-world LLM and VLM systems operate under fundamentally different con-
straints. In production settings, systems must retrieve, select, and compose context from
distributed and heterogeneous sources prior to generation. This includes document stores,
vector databases, APIs, and multimodal inputs. Consequently, system performance depends
not only on model capability but also on upstream decisions such as retrieval quality, chunk-

ing granularity, filtering, reranking, and context budgeting.

Recent work highlights this gap explicitly. For instance, HELM [128] and Holistic Evalu-
ation frameworks argue that real-world evaluation must incorporate efficiency, robustness,
and scenario diversity beyond static benchmarks. Similarly, Dynabench [94] introduces
dynamic, adversarial data collection to better reflect evolving deployment conditions. In the
retrieval-augmented setting, KILT [169] evaluates knowledge-intensive tasks with explicit

retrieval components, emphasizing that correctness depends on both retrieval and generation.

26



More recent studies further demonstrate that benchmark conclusions may not transfer to de-
ployed systems. Li et al. [124] show that long-context LLMs can outperform RAG pipelines
on certain benchmarks, yet RAG remains significantly more cost-efficient in practice, moti-
vating hybrid routing strategies. Similarly, RAG system design frameworks such as RAGAS
[56] and ARES [188] propose evaluation metrics that jointly assess retrieval quality, answer
faithfulness, and generation coherence. These works underscore that evaluating components
in isolation (e.g., retrieval recall or generation accuracy) fails to capture end-to-end system

behavior.

In multimodal settings, this discrepancy is even more pronounced. Vision-language bench-
marks typically assume fully available visual inputs, whereas real systems must decide which
images, regions, or video segments to process under compute constraints. Emerging bench-
marks such as MME [62] and SEED-Bench [106] attempt to probe multimodal reasoning,
but they still largely abstract away the cost of visual token selection, routing, and compres-

sion.

Overall, these findings suggest that inference-time optimization cannot be decoupled from
system-level context construction. Benchmarks that ignore retrieval, memory management,
and routing may overestimate the benefits of scaling model size or context length. As a
result, there is increasing interest in end-to-end evaluation frameworks that account for both
quality and efficiency in realistic pipelines, where the central challenge is not only generating
answers but also deciding what information to process and how much computation to allocate

at test time.
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Chapter 3

The Approach: Middleware for the ML

Lifecycle

3.1 Chapter Overview

Machine learning research has long concentrated on two well-defined phases of the pipeline:
training, where models are optimized on collected datasets, and inference, where trained
models are queried to produce predictions. Both phases have received substantial attention,
driving advances in optimization algorithms, generalization theory, model architectures, and
scalability [114, 195, 180, 252, 99, 236]. Yet the operational decisions that govern how these
phases actually execute in real-world deployments—and the third critical phase that bridges

them, continual adaptation—remain comparatively underserved [145, 36, 225|.

This chapter argues that a dedicated middleware layer is essential for governing system
behavior across all three phases of the ML lifecycle, particularly in distributed and production
settings. This layer sits between data sources, models, and applications, and is responsible

for making principled decisions about participant selection, adaptation triggering, input
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structuring, and resource allocation. Rather than requiring changes to underlying model
architectures, middleware operates by observing system conditions, analyzing them to derive

actionable insights, and acting to adapt system behavior accordingly [23, 24, 25, 22|.

The remainder of this chapter develops this middleware perspective and positions the contri-
butions of this dissertation—FLIPS (training-time participant selection), ShiftEx (deployment-
time continual adaptation), and OptiSeq/VOILA (inference-time decision making)—as con-

crete instantiations of this common framework (23, 24, 25, 22].

3.2 DMotivation

Modern ML systems are no longer trained in isolation and queried from a fixed, stable
environment. They are increasingly deployed in distributed settings where data is spread
across many participants with heterogeneous distributions, computational resources, and
network conditions; where the data encountered at deployment shifts continuously from
what was seen at training time; and where inference must be performed under strict latency

and cost budgets on queries of widely varying complexity [28, 115, 36, 51, 124].

Standard ML pipelines were not designed to address these operational realities. Training
procedures treat participant selection and data aggregation as fixed protocols, ignoring the
heterogeneity among participants that drives both the efficiency and the quality of what
is learned [100, 23]. Inference pipelines apply a uniform computation strategy regardless
of query complexity or resource constraints, sacrificing either efficiency or accuracy unnec-
essarily |51, 119, 85|. And the phase between training and sustained operation—continual
adaptation—is handled, if at all, through reactive and ad hoc retraining rather than princi-

pled, proactive system policy [36, 225, 24].

This gap is not primarily a modeling problem. Better model architectures do not, by them-

selves, determine how participants should be selected in a federated round, when a deployed
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model should be updated in response to distribution shift, or how much retrieval to per-
form for a given query. These are system-level decisions that require a dedicated layer of
logic—a middleware layer—that can observe operating conditions, reason about them, and

act accordingly [23, 24, 25, 22|.

3.3 The Middleware Layer

We define the middleware layer as a model-agnostic decision component that sits between
data sources (or upstream systems) and the ML model (or downstream applications). Its role
is to make the operational decisions that arise at each phase of the ML lifecycle—decisions
that the model itself cannot or should not make, and that standard pipeline infrastructure

currently leaves unaddressed [23, 24, 25, 22].
At a high level, the middleware layer follows a consistent three-stage process:

1. Observe: The middleware collects information about the current operating con-
text—such as data characteristics across participants, statistics reflecting model be-
havior on recent data, or properties of an incoming query—without requiring access to
raw user data or modifications to model internals. This information may be derived
from labels, representations, model outputs, or system-level metadata depending on

the lifecycle phase [23, 24, 25, 22|.

2. Analyze: The middleware processes the collected information to derive structured,
reliable representations suitable for decision-making. This may involve clustering data
characteristics across participants, computing divergence metrics to characterize dis-
tributional change, or normalizing model outputs to enable meaningful comparisons
across candidate inputs. The goal is to transform raw observations into quantities that

can drive principled decisions |23, 24, 25, 22|.
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3. Act: Based on the analyzed information, the middleware enforces system-level deci-
sions: selecting which participants to include in a training round, deciding whether and
how to trigger model adaptation, reordering input examples, or determining retrieval
depth for a given query. These actions adapt system behavior without modifying the

underlying model [23, 24, 25, 22].

This observe—analyze—act framework is intentionally general. The specific information ob-
served, the analysis performed, and the action space available differ across lifecycle phases
and problem settings, but the structure remains consistent. This consistency is what allows
FLIPS, ShiftEx, and OptiSeq/VOILA to be understood as instances of a common design

pattern despite operating in very different settings |23, 24, 25, 22.

The middleware layer also operates under constraints that are inherent to real-world dis-

tributed ML deployments:

e Model-agnosticism: Middleware decisions are grounded in observable system condi-
tions rather than model internals, enabling applicability across diverse ML paradigms

and architectures [23, 24, 25, 22].

e Privacy compatibility: In federated and distributed settings, the middleware must
make decisions using aggregate statistics or derived representations rather than raw

participant data, preserving the privacy guarantees of the overall system [151, 28, 23,

24].

e Efficiency: The observe-analyze—act cycle must impose minimal overhead relative to
model training and inference, remaining lightweight enough to execute continuously in

production [23, 24, 119, 85, 22|.

e Compatibility: Middleware decisions must integrate cleanly with existing training

and inference pipelines, requiring no changes to model architectures, training proce-
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dures, or serving infrastructure [23, 24, 25, 22|.

3.4 Middleware Across the ML Lifecycle

We now describe how the middleware perspective manifests at each of the three lifecycle

phases addressed in this dissertation.

3.4.1 Training: Participant Selection under Data Heterogeneity

In federated learning, training proceeds through repeated communication rounds in which a
subset of participants contributes local model updates. The choice of which participants to
include in each round is a critical system-level decision: naive or uniform selection leads to bi-
ased aggregation when participant data distributions are heterogeneous, slowing convergence

and degrading the generalization of the resulting model [151, 115, 100].

FLIPS instantiates a training-time middleware layer that governs this selection decision. The
middleware observes data distribution characteristics across participating clients, analyzes
them through clustering to enforce statistical diversity across rounds, and acts by selecting
participant subsets that represent a balanced cross-section of the overall data landscape. This
decision logic operates entirely outside the model and integrates with the federated training
protocol without modifying the underlying aggregation algorithm or model architecture. The
result is improved convergence speed and model quality without centralizing any participant

data [23].

3.4.2 Continual Adaptation: Responding to Distribution Shift

Once a model is deployed, the environment in which it operates continues to evolve. Real-
world data streams are non-stationary, and a model trained on historical data will degrade

as input or label distributions shift over time [36, 46, 225]. Maintaining performance in such
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settings requires continuous monitoring of deployment conditions and targeted adaptation
when warranted—a capability that standard deployment infrastructure does not provide [36,

24].

This phase of the ML lifecycle—between initial training and sustained operation—is pre-
cisely where a middleware layer is most needed and yet most absent in conventional systems.
ShiftEx introduces a deployment-time middleware layer that governs adaptation decisions.
The middleware observes evolving data characteristics through statistics derived from model
behavior on incoming data, analyzes them to detect meaningful distributional change, and
acts by triggering targeted model specialization when the current model is no longer suited
to the observed distribution. Rather than retraining from scratch or applying uniform up-
dates, this middleware enables efficient, targeted adaptation that preserves performance on

previously observed distributions while accommodating new ones [24].

3.4.3 Inference: Decision Making under Resource Constraints

At inference time, particularly in systems built on large language and vision-language models,
a range of decisions arise that determine both output quality and resource consumption. How
should input examples be ordered to maximize model performance? How much retrieval
should be performed for a given query? These decisions must be made per-query, under

latency and budget constraints, without labeled feedback [51, 119, 85, 25, 22].

OptiSeq and VOILA instantiate inference-time middleware layers that govern these decisions.
OptiSeq observes model behavior under different input configurations, analyzes candidate
orderings using a debiased scoring mechanism, and acts by selecting the configuration pre-
dicted to yield the best output [25]. VOILA observes an initial model response, analyzes
model confidence to estimate whether higher-fidelity retrieval is likely to improve the answer,
and acts by deciding retrieval depth on a per-query basis [22]. In both cases, the decision

logic is embedded in the middleware layer, leaving the underlying model unchanged and
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enabling the system to adapt dynamically to the properties of each query [25, 22].

3.5 Summary

This chapter presented middleware as the essential system layer for governing decisions
across the ML lifecycle in distributed and production settings. Machine learning research
has developed powerful methods for training and inference in controlled settings, but the
operational decisions that arise at each lifecycle phase—how to select participants, when
and how to adapt to distribution shift, and how to structure inputs and allocate resources at
inference—have lacked principled, systematic treatment. A middleware layer that observes
operating conditions, analyzes them, and acts accordingly fills this gap in a model-agnostic,

privacy-compatible, and deployment-efficient way |23, 24, 25, 22.

The remaining chapters instantiate this perspective concretely. Chapter 4 presents FLIPS,
a middleware system for training-time participant selection in federated learning. Chapter
5 presents ShiftEx, a middleware system for continual adaptation under distribution shift.
Chapter 6 presents OptiSeq and VOILA, two middleware systems for inference-time decision

making in large language and vision-language model pipelines.
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Chapter 4

Robust Training under Data and

Platform Heterogeneity

4.1 Chapter Overview

Modern machine learning deployments increasingly operate in decentralized environments
where data and compute are distributed across heterogeneous participants. Federated Learn-
ing (FL) has emerged as a key paradigm to enable such settings while preserving data privacy.
However, real-world FL deployments are fundamentally challenged by two forms of hetero-
geneity: (i) data heterogeneity, arising from non-IID distributions across participants, and (ii)
platform heterogeneity, arising from variability in compute, communication, and availability

across participant devices.

In this chapter, we present FLIPS, a middleware system that addresses both forms of
heterogeneity through intelligent participant selection. Consistent with the central thesis
of this dissertation, FLIPS leverages signals exposed by ML systems—in this case, label

distributions—to guide system-level decisions. By transforming these signals into actionable
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insights for participant selection, FLIPS improves convergence, accuracy, and efficiency in
federated training. We describe the design of FLIPS, situate it within prior work on feder-
ated optimization and system-aware scheduling, and provide a detailed empirical evaluation
demonstrating its benefits. We conclude by discussing how this signal-driven middleware

perspective generalizes to subsequent chapters.

4.2 Background

Federated Learning enables multiple participants to collaboratively train a global model
without sharing raw data [151|. Each participant performs local training and shares model
updates with a central aggregator, which combines them iteratively. While this paradigm
preserves privacy and enables learning from decentralized data, it introduces challenges that
are absent in centralized settings. Two of these challenges—data heterogeneity and platform

heterogeneity—are the central focus of this chapter and are discussed next.

4.2.1 Data Heterogeneity in Federated Learning

In centralized machine learning, training data is typically shuffled and distributed uniformly
across compute nodes so that each mini-batch is approximately representative of the overall
distribution. This assumption of independent and identically distributed (IID) data un-
derpins the convergence guarantees of standard optimization algorithms such as stochastic
gradient descent (SGD). Federated learning fundamentally violates this assumption: each
participant’s local dataset reflects the data generated or collected in its own environment,

and these environments differ substantially across participants.

The term non-IID data in federated learning refers to the condition where the data residing
on each participant does not share the same underlying distribution. This heterogeneity
manifests in several forms. Label distribution skew occurs when participants hold data with

different proportions of class labels—for instance, a hospital specializing in cardiology will
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have a disproportionate number of cardiac diagnoses relative to a general practice. Feature
distribution skew arises when the input features themselves differ across participants, even
for the same class—for example, due to differences in imaging equipment or environmental
conditions. Quantity skew refers to imbalances in dataset size, where some participants hold

far more training examples than others.

The practical consequences of data heterogeneity on federated training are well-documented
and severe. When local datasets differ substantially in their distributions, each participant’s
locally trained model drifts toward its own data characteristics, a phenomenon known as
client drift |91]. During aggregation, these divergent local updates pull the global model
in conflicting directions, producing a ‘zigzagging” convergence trajectory that slows opti-
mization and reduces final model quality. Empirical studies have consistently demonstrated
that increasing the degree of non-IID heterogeneity—for example, by reducing the Dirichlet
concentration parameter « used to partition data—degrades both convergence speed and
terminal accuracy, with performance dropping from approximately 69% to 55% in controlled
experiments as a decreases from IID to highly skewed regimes [143|. In the most severe
cases, FL. models trained under non-IID conditions fail to converge to an accurate solution

altogether [143].

This degradation is particularly problematic in domains where the data is inherently non-IID.
In healthcare, for instance, ECG signals collected from wearable devices exhibit strong label
imbalance: the vast majority of recorded heartbeats are normal, while abnormal rhythms are
rare and concentrated on devices worn by patients with specific cardiac conditions. Under
random participant selection, FL algorithms are statistically biased toward selecting partici-
pants with predominantly normal heartbeat data, causing the global model to underperform

on the clinically important task of detecting arrhythmias.
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4.2.2 Platform Heterogeneity and Stragglers

Beyond statistical differences in data, real-world federated deployments face significant vari-
ability in the computational capabilities, network conditions, and availability of participating
devices—a challenge collectively referred to as platform heterogeneity. The devices partic-
ipating in an FL job range from powerful datacenter servers to resource-constrained edge
devices such as smartphones, wearables, and IoT sensors. These devices differ in their CPU

and GPU capabilities, available memory, battery life, and network bandwidth [245].

Platform heterogeneity gives rise to the straggler problem. In synchronous FL—the dominant
training paradigm—the aggregator must wait for all selected participants to complete local
training and submit their model updates before proceeding to the next round. A straggler
is a participant that takes significantly longer than expected to complete its local training,
either due to limited compute resources, network congestion, intermittent connectivity, de-
vice failures (such as running out of battery), or competing workloads that consume local
resources [37|. Stragglers stall the entire training process: faster participants must wait idle

until the slowest participant finishes, dramatically reducing system throughput.

The effects of stragglers extend beyond simple latency. When the aggregator imposes a
deadline and discards updates from participants that fail to respond in time, the data held
by those participants is effectively excluded from the current round. If straggler behavior
is correlated with data characteristics—for example, if participants in remote or resource-
constrained settings hold underrepresented data distributions—then systematically dropping
their updates introduces a bias in the global model that compounds over rounds. The
aggregated model becomes skewed toward the data distributions of faster, more reliable

participants, undermining the very diversity that federated learning is designed to harness.
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4.2.3 The Compounding Effect of Joint Heterogeneity

Data heterogeneity and platform heterogeneity are not independent problems; they interact
and amplify each other’s effects. Consider a deployment where some participants hold rare
but critical data (e.g., minority class labels in a medical setting) and simultaneously operate
on resource-constrained devices. Under random selection, these participants are already
unlikely to be chosen in any given round. When they are selected, they are disproportionately
likely to become stragglers due to their limited compute resources. The result is that the
data distributions most important for model generalization are the most frequently excluded
from training—a compound failure that neither data-centric nor system-centric solutions can

address in isolation.

This interaction motivates the need for a unified approach that simultaneously accounts
for what data participants hold and whether they can reliably contribute to training—the

precise gap that FLIPS is designed to fill.

4.3 Related Work

4.3.1 Data Heterogeneity: Clustering and Personalization Approaches

A significant body of work has explored techniques to address data heterogeneity in federated
learning by leveraging signals derived from local datasets or model updates. A common
direction is to group participants with similar data distributions and train specialized models

within each group.

Several approaches cluster participants based on model similarity or update statistics. For in-
stance, prior work clusters local model updates using cosine similarity to identify participants
with similar data distributions and periodically retrains cluster-specific models [170, 204].

IFCA [69] assigns cluster identities to participants and jointly optimizes cluster-specific mod-
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els using alternating minimization, improving convergence under non-IID settings. Other
methods rely on dataset-level signals such as label distributions. FedLabCluster [246] clus-
ters participants based on label presence and performs aggregation within each cluster to
improve convergence for cluster-specific models. Related work explores sharing encoded rep-
resentations across participants and applying K-Means clustering to group datasets while
preserving privacy [113]. FedCBS [245] introduces a quantitative measure of class imbalance

to guide grouping and selection of participants with more balanced data.

Beyond clustering, approaches such as CMFL [221] dynamically filter local updates by com-
paring them with the global model and discarding those deemed uninformative. Hierarchical
federated learning methods further select participants based on statistical divergence mea-

sures such as KL divergence between local and aggregated data distributions [50].

While these approaches effectively leverage signals such as gradients, model updates, and
label statistics to address data heterogeneity, they primarily focus on model-level adapta-
tions—clustering, personalization, or selective aggregation. These techniques often require
additional coordination, periodic re-grouping, or assumptions about data similarity across
participants. Critically, none of them incorporate awareness of platform heterogeneity into
their selection decisions, treating participant reliability as orthogonal to data representative-

ness.

4.3.2 Platform Heterogeneity: System-Aware and Straggler Miti-

gation Approaches

A range of system-level techniques have been proposed to mitigate the impact of stragglers
and improve training efficiency. Aergia [45] offloads training from slower devices to other
participants with similar datasets, reducing latency while maintaining comparable accuracy.
Other methods use clustering or hashing techniques to identify redundant or slow partici-

pants and selectively discard their updates [96], although such strategies may lead to wasted
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computation at the participant level.

Several works explicitly group participants based on system characteristics. FedLesScan [55]
categorizes participants into groups such as rookies, active participants, and stragglers, and
schedules participation accordingly to reduce training time and cost. Other approaches pri-
oritize faster participants in early training stages to quickly reach a target accuracy, followed
by incorporating slower participants to refine the model [185]. Delay-aware aggregation
methods assign weights to updates based on arrival times or system performance to mitigate

the impact of stragglers [166, 37].

Complementary techniques improve robustness through redundancy and communication ef-
ficiency. Gradient coding introduces redundancy in training to tolerate slow or failed par-
ticipants [189], while communication-efficient frameworks such as FedCS reduce overhead

through compression, sparsification, and reconstruction of gradients [135].

These approaches primarily rely on system-level signals such as latency, compute capacity,
or communication delay to guide participant selection and aggregation. While effective for
improving system efficiency, they do not account for the distribution of data across partic-
ipants. This can result in training dynamics that favor faster or more reliable participants,
systematically biasing the global model toward their data distributions at the expense of

underrepresented ones.

4.3.3 Limitations and the Case for FLIPS

The preceding discussion reveals a fundamental gap: existing work largely treats data het-
erogeneity and platform heterogeneity as separate problems. Optimization-based methods
address statistical heterogeneity through modified loss functions or aggregation rules, while
system-level approaches address resource variability through scheduling and straggler miti-

gation. However, there is limited work that jointly considers both aspects through a unified
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system design.

More specifically, the literature exhibits three key limitations that motivate our approach.
First, data-aware methods such as gradient clustering and label-based grouping do not ac-
count for participant reliability, meaning that their diversity-aware selections may be under-
mined by stragglers at deployment time. Second, system-aware methods such as Oort and
TiFL do not incorporate distributional signals, meaning they may systematically exclude
participants holding rare or underrepresented data. Third, no existing approach leverages
the label distribution—a compact, privacy-compatible signal that is inherently available at
each participant—as the primary basis for participant selection while simultaneously incor-

porating straggler resilience.

FLIPS is designed to address all three limitations. By clustering participants based on their
label distributions and performing diversity-aware selection with straggler compensation,
FLIPS ensures that the global model benefits from representative data in every round, even

in the presence of unreliable participants.

4.4 FLIPS: Signal-Driven Middleware for Federated Learn-
ing

FLIPS is designed as a middleware layer that sits between the FL training process and the
underlying distributed infrastructure. Its core objective is to improve training efficiency and
robustness by transforming signals from participant datasets into actionable decisions for

participant selection.

42



4.4.1 Leveraging Label Distribution as a Signal: Finding Similar

Parties

The key insight behind FLIPS is that the label distribution of a participant’s dataset provides
a compact representation of its data characteristics. Each participant p; with dataset d; is
represented by a label distribution vector id; = {l1,ls,...,l,}, where [; is the number of data
points for the j-th label present at the participant and g is the total number of labels. The

set of label distributions for all N participants is denoted as LD = {ldy,lds, ... ,ldy}.

FLIPS uses this signal to identify groups of participants with similar data characteristics
by solving a clustering problem over label distribution vectors. Formally, the objective is to
find k disjoint subsets Ly, Lo, ..., Ly of LD that minimize the ratio of intra-cluster distance

to inter-cluster distance:

k

S A(L;) +A(Ly) ., .
minimizes,, - ZZ S(LnLy) i # ] (4.1)

i=1 j=1

where A(L;) is the average Euclidean distance between all objects in set L; and 6(L;, L;)
is the average Euclidean distance between objects in sets L; and L;. This problem is a
subset enumeration problem known to be NP-complete [212]. FLIPS employs K-Means
clustering with kmeans ++ initialization [13| as an efficient heuristic, yielding a k-partition

C = (C1,Cy,...,Ck) that minimizes:

N &
minimize Z Z Way|lde — ¢y (4.2)

r=1 y=1

where wy, is a binary assignment variable and ¢, is the centroid of cluster C),. The optimal
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number of clusters k is determined using the Davies-Bouldin index (DBI) [47], with the
elbow point in the DBI curve identifying the value of k that best balances cluster cohesion

and separation:

dbi(k) — dbi(k — 1)
dbi(k — 1)

(4.3)

koptimal = arg mkln

We opted for K-Means due to its simplicity and lower time complexity of O(NkI - d), where
N is the number of data points, k is the number of clusters, I is the number of iterations,
and d is the number of dimensions. K-Means++ initialization has been demonstrated to

scale to millions of data points [17, 156].
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Figure 4.1: Elbow point determination for optimal &

4.4.2 Intelligent Participant Selection

Once clusters, C, are formed, FLIPS performs participant selection in a manner that ensures
equitable representation across clusters. In each training round, participants are selected in
a round-robin fashion across clusters, cycling through clusters and selecting one participant
at a time from each until the required number of participants N, is reached. FLIPS main-
tains min-heaps to track the number of times each participant and each cluster has been
selected, ensuring both inter-cluster diversity and intra-cluster fairness. This is detailed in

Algorithm 1.

44



This approach directly addresses the core limitation of random selection: under random se-
lection with non-IID data, some rounds will consist entirely of participants with similar data
distributions, causing class imbalance in the aggregated update and biasing the global model
toward overrepresented classes. By guaranteeing that each round draws from diverse clusters,
FLIPS ensures that the gradient updates reflect the full breadth of the data distribution,

promoting faster and more stable convergence.

4.4.3 Straggler-Aware Selection and Overprovisioning

To address platform heterogeneity, FLIPS incorporates a straggler-aware selection mecha-
nism. When a participant fails to submit its model update within the allotted time, FLIPS
records the participant as a straggler and identifies the cluster to which it belongs. In subse-
quent rounds, FLIPS overprovisions by selecting |strg x N, | additional participants, where
strg is the running average straggler rate. Critically, these additional participants are drawn
from the clusters most affected by stragglers—specifically, the clusters that had the highest

number of straggling participants in the previous round.

This cluster-aware overprovisioning is what distinguishes FLIPS from naive overprovisioning
strategies. Standard approaches (such as Oort’s 1.3%x overprovisioning) select additional
participants without regard to their data distributions, meaning the replacement participants
may not compensate for the data diversity lost when a straggler drops. FLIPS ensures that
when a participant from a given cluster fails, it is replaced by another participant from the
same cluster, preserving the distributional balance that the selection algorithm was designed

to achieve.

4.4.4 Privacy-Preserving Middleware Design

FLIPS introduces two additional pieces of sensitive information beyond standard FL: par-

ticipant label distributions (used for clustering) and cluster membership (used for selection).
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Both could be exploited: label distributions reveal the types of data a participant holds,

while cluster membership could enable strategic manipulation of the selection process.

To protect these signals, FLIPS executes all clustering and participant selection logic within a
Trusted Execution Environment (TEE)—specifically, AMD Secure Encrypted Virtualization
(SEV). Each participant establishes a secure channel (e.g., TLS) with the TEE and transmits
its label distribution vector. The clustering algorithm runs entirely within the secure enclave,
and cluster membership is never revealed to participants. A remote attestation server verifies

the integrity of the TEE, and all label distribution data is deleted at the conclusion of the

FL job.
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Figure 4.2: End-to-end integrated system design for Private Clustering in FLIPS
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4.5 Experimental Evaluation

4.5.1 Datasets, Models, and Setup

We evaluate FLIPS on two real-world healthcare datasets that exhibit strong non-IID char-
acteristics, partitioned across 200 participants using Dirichlet allocation at two levels of

heterogeneity (v = 0.3 and a = 0.6).

The MIT-BIH ECG dataset [155] comprises digitized electrocardiogram recordings anno-
tated with AAMI labels for arrhythmia identification. The dataset is dominated by normal
heartbeats (N class), with abnormal rhythms (S, V, F, Q classes) appearing rarely and con-
centrated on specific participants. This makes it an ideal testbed for evaluating whether
participant selection can improve detection of underrepresented classes. Training uses a 1-D

CNN with a learning rate of 0.001 and decay every 20 rounds, for a maximum of 400 rounds.

The HAM10000 skin lesion dataset [210]| contains 10,015 dermatoscopic images across
seven diagnostic categories. The nevus (nv) category dominates, creating a strong class
imbalance that mirrors real-world clinical data distributions. Training uses DenseNet-121

with a learning rate of 0.001 and decay every 30 rounds, for a maximum of 400 rounds.

We compare FLIPS against four participant selection strategies: (1) Random selection [151],
the default in most FL algorithms; (2) Oort [100], which prioritizes participants with higher
local losses using a utility metric combining statistical and systemic factors; (3) Grad-
Clus [60], which clusters gradients from participants using hierarchical clustering on gradi-
ent similarities; and (4) TiFL [42], which groups participants into performance-based tiers
and selects from the same tier each round. Experiments are conducted across three FL
algorithms—FedYogi, FedProx, and FedAvg—at two participation rates (15% and 20%),
with and without stragglers (0%, 10%, 20% straggler rates), yielding a total of 132 experi-

mental configurations.
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4.5.2 Results Under Data Heterogeneity

FLIPS consistently outperforms all baseline methods across both datasets, all three FL

algorithms, and both levels of non-IID heterogeneity.

Convergence speed. When evaluating the number of rounds required to reach a tar-
get accuracy of 60%, FLIPS demonstrates substantial speedups. Under FedYogi with o =
0.3, FLIPS reaches the target in 157-172 rounds on MIT-ECG and 167-190 rounds on
HAM10000, while random selection, GradClus, and TiFL all exceed 400 rounds without
reaching the target. FLIPS converges 1.08-2.37x faster than Oort when o« = 0.3 and 1.15—

1.86x faster when v = 0.6, with similar trends under FedProx and FedAvg.

Peak accuracy. FLIPS achieves the highest terminal accuracy across all configurations.
On MIT-ECG with FedYogi and o = 0.3, FLIPS reaches 76.92-78.53%, compared to 44.86—
45.48% for random selection, 48.21-48.62% for GradClus, 47.67-48.21% for TiFL, and 61.75—
71.35% for Oort—an improvement of over 30 percentage points versus random selection
and 5-17 percentage points versus Oort. On HAM10000, FLIPS achieves 62.39-66.76%,

surpassing random selection by over 20 percentage points and Oort by 2-7 percentage points.

Underrepresented label accuracy. The accuracy gains are most pronounced for under-
represented classes. On MIT-ECG, FLIPS substantially improves detection of arrhythmia
categories (S, V, F, Q beats), and on HAM10000, it improves classification of rare lesion
types such as basal cell carcinoma (bcc). This confirms that diversity-aware selection di-

rectly translates to better representation of minority classes in the global model.

These results connect directly to the limitations identified in Section 3.3. Random selection
fails because it cannot guarantee distributional diversity in each round. GradClus, despite
also performing clustering, operates on gradients rather than label distributions; since gradi-

ent similarity does not directly encode class representation, it fails to ensure balanced label
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coverage. TiFL’s performance-based tiering groups participants by computational speed

rather than data characteristics, so it cannot prevent class imbalance. Oort’s utility function
partially accounts for statistical value but does not enforce systematic diversity across data

distributions, explaining its intermediate performance.
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Figure 4.4: Convergence plots on the MIT-BIH ECG dataset, FL algorithm: FedYogi
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Figure 4.5: Convergence plots on the MIT-BIH ECG dataset in the presence of stragglers,
FL algorithm: FedYogi

4.5.3 Resilience Under Platform Heterogeneity

We evaluate FLIPS, Oort, and TiFL under 10% and 20% straggler rates, where stragglers

are emulated by dropping the corresponding fraction of selected participants in each round.

Sustained convergence under stragglers. Under a 10% straggler rate on MIT-ECG

with FedYogi, Oort and TiFL fail to reach the 60% target accuracy in any of the four settings

(o € {0.3,0.6}, participation € {15%,20%}), while FLIPS reaches the target in 3 out of 4
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Figure 4.7: Convergence plots on the HAM10000 (skin lesions) dataset in the presence of
stragglers, FL algorithm: FedYogi

settings, missing only marginally (by 2.8%) in the fourth. Under a 20% straggler rate, the

pattern persists: Oort and TiFL fail in all settings, while FLIPS succeeds in 3 out of 4.

Peak accuracy retention. FLIPS attains 74.66% accuracy under 10% stragglers and
74.20% under 20% stragglers on MIT-ECG-—only approximately 4 percentage points below
the straggler-free scenario. By contrast, Oort drops to 37-56% and TiFL to 44-55%.

HAM10000, FLIPS achieves 60.58-65.76% across straggler conditions, outperforming Oort

by 13-26 percentage points and TiFL by 6-17 percentage points.

Faster convergence with stragglers. FLIPS converges 1.2-2.1x faster than both Oort

and TiFL across straggler conditions and datasets. This resilience stems directly from

FLIPS’s cluster-aware overprovisioning: when a straggler drops, the replacement participant
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is drawn from the same cluster, preserving the distributional balance that drives convergence.
Oort’s overprovisioning, by contrast, does not account for which data distributions are lost,

so replacement participants may further skew the round’s aggregate distribution.

These results validate the hypothesis that addressing data and platform heterogeneity jointly,
rather than in isolation, yields substantially more robust training. The straggler-awareness in
FLIPS is not a separate mechanism bolted onto a data-aware selection strategy; it is an inte-
gral part of the same cluster-based framework, ensuring that the compensatory participants

serve the same distributional role as the participants they replace.

Table 4.1: MIT ECG Dataset: Accuracy and Communication savings

Setting Rounds required to attain 60 % accuracy, FL Algorithm : FedYoGi

0 % Stragglers 10 % Stragglers 20 % Stragglers
a party % Random FLIPS OORT GradCls TiFL FLIPS OORT TiFL FLIPS OORT TiFL
0.3 20 >400 157 373 >400 >400 193 >400 >400 192 >400 >400
0.3 15 >400 172 187 >400 >400 263 >400 >400 214 >400 >400
0.6 20 >400 242 280 >400 >400 >400 >400 >400 326 >400 >400
0.6 15 >400 214 >400 >400 >400 292 >400 >400 >400 >400 >400

Setting Highest accuracy attained, FL Algorithm : FedYoGi

0 % Stragglers 10 % Stragglers 20 % Stragglers
@ party % Random FLIPS OORT GradCls TiFL FLIPS OORT TiFL FLIPS OORT TiFL
0.3 20 44.86 78.53 61.75 48.62 48.21 74.66 37.27 50.51 74.20 43.64 44.37
0.3 15 45.48 76.92 71.35 45.40 47.67 71.09 49.19 48.41 67.14 42.34 49.09
0.6 20 48.55 63.79 63.74 48.10 41.97 57.21 42.55 52.18 60.50 47.15 48.20
0.6 15 48.83 61.35 57.47 53.54 53.16 60.55 49.42 54.13 58.18 56.54 54.19

4.5.4 Overhead Analysis

Clustering the label distributions of 200 participants takes approximately 100 ms, with the
TEE adding roughly 5% overhead (105.4 ms vs. 100.5 ms). This is negligible relative to the

minutes or hours required for each FL round’s local training and communication. Clustering
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Table 4.2: HAM10000 (Skin lesion) dataset : Accuracy and Communication savings

Rounds required to attain 60 % accuracy, FL Algorithm : FedYoGi

Setting 0 % Stragglers 10 % Stragglers 20 % Stragglers
«a party % Random FLIPS OORT GradCls TiFL FLIPS OORT TiFL FLIPS OORT TiFL
0.3 20 >400 167 262 >400 >400 211 >400 >400 202 >400 >400
0.3 15 >400 190 >400 >400 >400 263 >400 >400 190 >400 >400
0.6 20 >400 231 306 >400 >400 313 >400 >400 388 >400 >400
0.6 15 >400 263 >400 >400 >400 265 >400 >400 347 >400 >400
Setting Highest accuracy attained, FL Algorithm : FedYoGi
0 % Stragglers 10 % Stragglers 20 % Stragglers
e party % Random FLIPS OORT GradCls TiFL FLIPS OORT TiFL FLIPS OORT TiFL
0.3 20 48.26 66.76 61.12 46.48 42.39 63.39 46.28 49.11 64.13 38.25 41.59
0.3 15 41.35 66.41 59.86 45.25 43.70 62.76 43.14 47.09 64.42 49.86 51.81
0.6 20 46.50 62.84 62.36 54.74 45.17 60.58 41.94 44.72 60.71 43.08 44.81
0.6 15 46.55 62.39 59.79 54.66 55.94 61.78 48.13 50.46 60.86 43.46 46.85

is performed once at the start of the FL job (or once per phase if the participant population

changes), making its amortized cost effectively zero.

4.5.5 Discussion

The experimental results collectively demonstrate three properties of FLIPS that distinguish
it from prior work. First, FLIPS’s improvements are amplified under greater heterogeneity:
the accuracy and convergence gains over baselines are larger when o« = 0.3 (more non-I1D)
than when o = 0.6 (less non-1ID), confirming that signal-driven participant selection is
most valuable precisely when it is most needed. Second, FLIPS’s benefits are consistent
across FL algorithms: the improvements hold for FedAvg, FedProx, and FedYogi, indicating
that the selection strategy is orthogonal to and compatible with different aggregation and
optimization approaches. Third, FLIPS’s straggler resilience is structurally grounded in
its cluster-aware design rather than relying on heuristic overprovisioning, enabling graceful

degradation rather than catastrophic failure under platform heterogeneity.

More broadly, the success of FLIPS validates the central thesis hypothesis of this dissertation:
signals generated by machine learning systems can be transformed into actionable insights for
system-level optimization. In FLIPS, label distributions—a byproduct of each participant’s
data collection process—serve as the basis for a middleware decision that fundamentally
alters the dynamics of distributed training. The label distribution is not a training signal in

the traditional sense (it is not a gradient or a loss value); rather, it is a structural property
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of the data that FLIPS interprets at the system level to orchestrate participant selection.

4.6 Summary and Transition

In this chapter, we introduced FLIPS, a middleware system that addresses data and platform
heterogeneity in federated learning through signal-driven participant selection. By cluster-
ing participants based on their label distributions and performing diversity-aware selection
with cluster-aware straggler compensation, FLIPS achieves 17-20 percentage point accu-
racy improvements and 20-60% communication cost reductions across real-world healthcare

datasets and multiple FL algorithms.

This chapter establishes a key principle that recurs throughout this dissertation: signals
generated by machine learning systems can be transformed into actionable insights for system-
level optimization. In FLIPS, label distributions enable better training dynamics by ensuring
each round of federated training draws from a representative cross-section of the participant

population.

However, FLIPS operates under an implicit assumption: that the data distributions at
each participant remain stationary throughout the training process. In many real-world
deployments—particularly those involving streaming data from sensors, cameras, or user
interactions—this assumption is violated. Data distributions evolve over time as environ-
mental conditions change, user behaviors shift, and new data sources come online. When
such distribution shifts occur after training, a model that was well-trained under FLIPS
can nonetheless degrade, because the distribution it was trained on no longer reflects the

distribution it encounters at deployment time.

This motivates the next chapter, which extends the signal-driven middleware perspective

from training to the post-deployment phase.
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Algorithm 1 FLIPS Party & Straggler Handling

. Participant Side:

: RECV global model (m(r)) from aggregator

: Local model z("1) «— m/(")

:for ke {l,2,...,7} do

Compute local stochastic gradient g;(z(™k))
z(ME+D)  oprivizer (27F ) — g (2(TR)) ()
: end for

: senD ("7 to aggregator

10: Aggregator using FLIPS:

11: LD = {idy,lda, ..., ldn}

12: C « oprimizep _cLusTERS(LD)

13: H+ {3}

14: H. + min-uEAP()

15: HT «+ {}, HI. < max-ueap()

16: count _strg < 0, Stragglers < False

17: Initial model m!, Parties per round N,

18: for c€ {1,2,...,C} do

© 00T U Lo =

19: c.picks < 0, INSERT(Hc,c), h < MIN-HEAP()
20: for pe {1,2...c} do
21: p.picks + 0, INSERT(h, p)

22: end for
23: Hlc.id) + h

24: end for

25: for r € {1,2,...,R} do

26: S« {3

27: forie€ {1,2,...,N,;} do

28: ¢+ EXTRACT _MIN(H.), H + Hlc.id], p < EXTRACT _MIN(H)
29: INCREMENT(p.picks, 1), INSERT(H, p)

30: INCREMENT (c.picks, 1), INSERT(H,, c)

31: Select unique parties: S «— S(") U {p}

32: end for
33: if Stragglers then

34: for i€ {1,2,...,|strg x N"]} do

35: ¢ + EXTRACT _MAX(HZ,.), H + Hlc.id]
36: p < EXTRACT _MIN(H) where p ¢ HT
37: S« Sy {p}

38: end for

39: end if

40: senp m(") to each i € S(7)

41: for each i € S(") do

42: if 27 not received then

43: HT + HT U {3}

44: HZ. + HZ, U {cluster of i}

45: Stragglers < True, count__strg < count _strg+1
46: else

47: if i € H? then

48: HY .remove(i)

49: H,..remove(cluster of 1)

50: end if

51: end if

52: end for
53: if |[H?| =0 then

54: Stragglers < False

55: end if

56: Aggregate: z(7) «+ L D iesm m-azgr)
oT: m+D) « opTiMIZER(MT, zi”)

58: strg strgx N -]kvc’rovuntistrg

59: end for

> parties used per cluster
> clusters used
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Chapter 5

Continual Adaptation under Distribution

Shifts

5.1 Chapter Overview

Federated Learning (FL) is increasingly being deployed in dynamic, real-world environments
where data is not static but continuously generated by parties or clients over time. In such
settings, models must be updated incrementally as new data arrives, a paradigm referred
to as continual or streaming federated learning [89, 147, 74|. These evolving environments
demand efficient mechanisms to handle incoming data, adapt models on the fly, and maintain

performance without retraining from scratch.

To support these requirements, FL systems increasingly leverage techniques from tradi-
tional stream processing [12, 6]. A central technique is windowing, which segments an
unbounded stream of party data into finite units, or windows, that can be processed in-
dependently [6, 137]. This makes it feasible to apply traditional learning algorithms to

streaming data. Among windowing strategies, sliding windows are the most general form:
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windows can overlap, shift, and vary in size. A common special case is the tumbling window,
which uses non-overlapping, fixed-size windows [240, 137]. This structure allows periodic up-
dates to global models, facilitating continual adaptation to new information while preserving

scalability and responsiveness.

A critical challenge in streaming FL environments is that a client’s data distributions change
over time. As new data arrives, both the input distribution P(X) and the label distribu-
tion P(Y) can shift [253|. These distributional shifts, known as covariate shift and label
shift respectively, pose significant challenges for traditional FL approaches that maintain a
single global model [235]. When parties experience different distribution shifts at different
times, aggregating their model updates can lead to performance degradation and negative
knowledge transfer [117]. The global model fails to adapt effectively to the diverse and evolv-
ing data patterns across the federation, resulting in poor generalization for parties whose

distributions have shifted.

From a middleware systems perspective, streaming FL environments present fundamental
challenges in distributed data processing and service orchestration, particularly when dealing
with evolving data distributions and shifts that require dynamic system reconfiguration.
This chapter introduces ShiftEx, a comprehensive framework for handling both covariate
and label shifts in streaming FL using a Mixture of Experts (MoE)-based approach. Each
expert model specializes in a distinct covariate regime and is dynamically adapted to evolving
label distributions across windows. Our framework detects shifts in real-time, assigns parties

to appropriate experts, and mitigates the risk of catastrophic forgetting during adaptation.

5.2 Background and Challenges

Federated Learning (FL) enables decentralized model training across multiple parties while

preserving data privacy. Unlike centralized learning, parties train models locally on private
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data and share only model updates with a central aggregator. While federated learning has
been designed to be privacy-preserving, several attack vectors have been identified, including
model inversion attacks that attempt to reconstruct training data from gradients [261], mem-
bership inference attacks that determine if specific samples were used in training [152|, and
poisoning attacks that inject malicious updates to degrade model performance [16]. How-
ever, extensive research has developed robust defenses against these vulnerabilities, including
differential privacy mechanisms [2], secure aggregation protocols [29], gradient compression
techniques [191], and Byzantine-robust aggregation methods [27], effectively mitigating most,

if not all, of these attack vectors in practice.

Nevertheless, FL systems deployed in real-world settings face a critical challenge that remains
largely unaddressed: party data distributions evolve over time, creating dynamic learning

environments that traditional FL approaches struggle to handle effectively.

5.2.1 Distribution Changes in Streaming FL

In windowed streaming FL, distributional changes manifest as differences between consecu-
tive time windows. These changes can occur abruptly, where a party’s data distribution shifts
dramatically between adjacent windows, or gradually through accumulated changes across
multiple windows. Both scenarios pose unique challenges for federated systems, where model
aggregation assumes some degree of distributional consistency across participants. Shift
refers to abrupt, discontinuous changes in the data distribution, often occurring suddenly
between consecutive windows and disrupting model performance without warning. Such
shifts can be triggered by events like sensor recalibration or sudden changes in class preva-
lence, and are typically geographically localized and immediate, affecting specific parties or

subsets of the FL deployment in a noticeable way [175].

In contrast, drift characterizes gradual, continuous changes in data distribution or the under-

lying data-generating process, unfolding over longer timescales. Examples include seasonal
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changes in user behavior or progressive wear in hardware sensors. Rather than being a one-
time perturbation, drift consists of a sequence of small shifts that accumulate and degrade
model performance over time. Unlike sudden shifts, drift is systemic and harder to detect,
often requiring sustained monitoring and adaptation to maintain performance [64]. One ef-
fective strategy to mitigate the impact of drift is to adapt the model incrementally as new
data arrive, before the accumulation of shifts becomes disruptive. This continual adaptation
helps maintain alignment between the model and the evolving data distribution, thereby

improving robustness to long-term drift [140].

The federated setting amplifies these challenges in several ways. First, the aggregator cannot
directly observe party data to detect shifts or drifts, requiring detection mechanisms on the
aggregator side that rely on model updates or limited statistics. Second, parties may expe-
rience shifts at different times and rates, making synchronized adaptation difficult. Third,
aggregating updates from parties with divergent distributions can lead to negative knowledge

transfer, where learning from shifted parties degrades performance on stable ones.

While shift and drift differ in their temporal characteristics and detectability patterns, they
fundamentally represent the same underlying challenge: distributional changes that degrade
federated model performance. Our framework addresses both types of distributional changes
through unified detection and adaptation mechanisms. For clarity and simplicity, throughout
the remainder of this chapter, we use the term “shift” to refer to both abrupt shifts and

gradual drift, unless the distinction is specifically relevant to the discussion.

5.2.2 Types of Distributional Changes

Covariate Shift occurs when the input distribution P(z) changes while the conditional
relationship P(y|xr) remains stable. This is common in audio-visual domains where noise
and environmental factors affect the appearance of inputs, but not their semantic meaning.

For example, an image classifier trained on clear weather images may encounter foggy or rainy
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conditions, changing the visual appearance without altering the underlying object categories.
In federated settings, different parties may experience covariate shifts due to varying local
conditions, device characteristics, or environmental factors. If not addressed, this change in

P(z) can lead to reduced model performance despite the label semantics remaining stable.

Label Shift involves changes in the marginal label distribution P(y) while keeping P(z|y)
fixed. This commonly occurs in applications like land use classification from satellite im-
agery, where seasonal or geographic factors change the prevalence of different land types
without altering their visual characteristics. In FL systems, label shift can occur when party
populations change; for example, in a healthcare federation where disease prevalence varies

by region or season.

Concept Shift represents changes in the conditional distribution P(y|x), where the funda-
mental relationship between inputs and labels evolves. While this is the most challenging
form of distributional change, it typically requires labeled data or domain expertise to detect

and adapt to, making it less tractable in privacy-preserving FL settings.

Impact on Traditional FL. Traditional FL algorithms (FedAvg [151], FedProx [115]),
which aggregate model updates into a single global model, struggle in such heterogeneous
settings. For covariate shifts, the global model may not generalize to parties with diver-
gent feature distributions. For label shifts, optimization is biased toward dominant labels,
degrading performance on less-seen classes. As a result, models trained under such ag-
gregation schemes tend to be brittle and fail to generalize across the diverse distributions

encountered during deployment.

5.2.3 The Federated MoE Challenge

A natural way to handle shifts is to allow multiple models to coexist, each specializing in

different distributional regimes. This is precisely the insight behind Mixture of Experts
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(MoE), a machine learning paradigm in which multiple “expert” models are trained to
handle different aspects or subsets of the data space. This idea has led to the development
of centralized MoE architectures [148, 33|. They typically consist of a gating network that
is jointly trained with a fixed set of expert models using full visibility into the global data
distribution. This gating function learns to map individual inputs to the appropriate experts

by observing how different experts perform on different data or task subsets.

However, this approach presents fundamental challenges in federated learning and in settings
with evolving data distributions for several reasons. First, due to privacy constraints, the
aggregator cannot access data from parties to train the centralized gating function. Second,
a fixed set of experts may be insufficient to handle new or unseen covariate regimes, requiring
an architecture that can dynamically train new experts on demand. Third, the participation
of individual parties is typically sparse and asynchronous—not all parties are available in
every training round—which presents communication challenges and makes it difficult to

learn stable routing patterns.

Consequently, we need a method to train a group of expert models in a federated manner
such that data never leaves any party. For privacy preservation at inference time, rather
than routing data to experts, each party should be associated with an expert model whose

parameters are transmitted to that party for local inference.

5.3 Related Work

5.3.1 FL under Distributional Shifts.

Prior work has studied a range of distributional shifts in FL, including inter- and intra-
party, external, prior, test-time, label, and concept shifts. Label shift has been tackled via
target-aware aggregation [241], dynamic party selection [164], classifier regularization [118],

and test-time calibration [230]. Covariate shift has been addressed across multiple axes,
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including intra-/inter-party [181], external shift [53], domain-specific shifts [260, 232|, and
test-time adaptation [205]. However, many approaches rely on fixed groupings or prior
knowledge. In contrast, ShiftEx dynamically detects and responds to label, covariate, and
test-time shifts through expert specialization, reuse, and reassignment—enabling continual

adaptation without static assumptions.

5.3.2 Mixture of Experts in FL.

MoE frameworks have shown promise for personalization and heterogeneity in FL. ShiftEx
advances this line by making expert assignment shift-aware and temporal: it dynamically
spawns, reuses, and merges experts in response to distributional drift, enabling scalable

continual adaptation in real-time federated environments.

5.3.3 Continual and Temporal Adaptation in FL.

To go beyond static training assumptions, recent efforts focus on temporal and streaming FL.
Federated continual learning addresses drift while preserving stability and privacy. Distinct
from these, ShiftEx offers a modular MoE framework that continuously adapts to both abrupt

and gradual changes without relying on explicit drift signals or fixed temporal structures.

5.4 ShiftEx: Shift-Aware Mixture of Experts Framework

This work focuses on covariate and label shifts for several practical reasons. Both can be
detected using techniques that preserve FL’s privacy constraints—covariate shift through
unsupervised methods applied to party model updates or feature statistics, and label shift
through party-side label proportion estimation. Additionally, these shifts are well-suited
to windowed detection mechanisms, as they often manifest as observable changes between

consecutive time windows.
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More importantly, covariate and label shifts represent the most common distributional
changes in real FL deployments. They can be addressed through specialization strategies
where different expert models handle different distributional regimes, providing a natural
motivation for mixture-of-experts approaches. This specialization allows the federation to
maintain multiple models adapted to different party conditions while avoiding the nega-
tive knowledge transfer that occurs when aggregating updates from distributionally diverse

parties.

The combination of detectability, prevalence, and amenability to expert-based solutions
makes covariate and label shifts the ideal focus for developing practical shift-aware FL sys-

tems that can operate effectively in streaming environments.

5.4.1 Our Approach: Party-Level Expert Assignment

We propose ShiftEx, a shift-aware federated learning framework that sidesteps the gating
network challenge by operating at the party level rather than the input level. Instead of
routing individual inputs to experts, our system assigns experts to parties based on distribu-
tional similarity and detected shifts. This party-to-expert assignment approach offers several
advantages. First, it preserves privacy since assignment decisions are made using aggregate
statistics or model-level information rather than raw data. Second, it reduces communica-
tion overhead by maintaining stable party-expert associations over time windows rather than
per-input routing decisions. Third, it naturally aligns with the federated training process,

where model updates are already aggregated at the party level.

ShiftEx treats covariate and label shifts as complementary signals for expert management.
When covariate shift is detected, the system determines whether existing experts can handle
the new input distribution or if new expert specialization is needed. When label shift occurs,
the system rebalances participant experts to ensure experts maintain diverse and represen-

tative training data across label categories. The framework unifies these responses through
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coordinated expert assignment and participant rebalancing: expert models are created and
specialized to handle distinct input regimes (addressing covariate shift), while participant
assignment strategies ensure balanced learning across label distributions (addressing label
shift). This dual approach enables robust adaptation to both types of distributional change

while maintaining the scalability and privacy benefits of FL.

5.4.2 ShiftEx Architecture
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Figure 5.1: System overview of ShiftEx for FL.

ShiftEx differs from traditional continual federated learning (FL) systems by explicitly tar-
geting both covariate and label shifts using an MMD-based shift detector and a distribution-
aware Mixture-of-Experts (MoE) model assignment strategy. The system is designed to

be modular and can be integrated into existing FL frameworks such as PySyft [262] or

Flower [21].

Each client maintains a local dataset and runs a stream processing engine (e.g., Apache
Kafka [68] or Flink [35]) to collect, ingest, and preprocess incoming data streams, storing
them in a local database. This setup resembles standard streaming data platforms. ShiftEx
extends this setup by incorporating a shift detection module that computes latent feature
representations and label distributions from local data across consecutive windows. Covari-
ate shift is identified using Maximum Mean Discrepancy (MMD) on latent representations,

while label shift is detected via Jensen—Shannon Divergence (JSD) on label histograms. After
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computing these statistics, clients transmit only the aggregated embeddings, label distribu-
tions, and corresponding MMD and JSD scores to the aggregator. MMD and JSD were
selected because they are non-parametric and lightweight, introducing minimal overhead;
however, the framework itself is detector-agnostic and can readily accommodate alternative

choices if desired.

On the aggregator side, ShiftEx first uses a set of precomputed thresholds to detect covariate
and label shift and maintains a registry of expert models, each tagged with its corresponding
covariate regime, represented by aggregated latent embeddings from past windows. At win-
dow t = 0, the registry contains only a single expert. In subsequent windows, the aggregator
uses the MMD scores to match each party (or group of parties) to the most appropriate
expert. Specifically, parties are first clustered based on similarity in their latent feature
distributions. Each cluster is then (1) assigned to an existing expert from the registry if the
MMD between the cluster’s aggregated representation and the expert’s profile is below a
threshold, or (2) set up to train a new expert model using a FL process among its members
if no suitable match is found. For training, we employ FLIPS [23|, which further clusters

parties based on their label histograms to promote class-balanced training.

A key distinction from centralized MoE systems is that expert assignment in ShiftEx occurs
at the client level rather than at the granularity of individual inputs. Each client is associated
with the most suitable expert (or, if necessary, a newly created one) based on latent statistics
derived from its local data distribution. At inference time, the process is straightforward: the
client simply uses the parameters of the expert model it was previously assigned and locally
trained with. This avoids the need for a centralized gating network, ensures that inference
is always well defined, preserves privacy by preventing raw inputs from being routed to a

server, and reduces overhead by eliminating per-sample routing decisions.

Overall, this architecture allows ShiftEx to be flexibly deployed on top of any existing FL

framework, enabling robust, adaptive training in the presence of streaming data shifts while
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preserving modularity, scalability, and compatibility with existing systems.

5.4.3 Bootstrap Phase with FLIPS

At system initialization, no global model exists, requiring all parties to collaborate in training
an initial baseline model. To ensure representative and balanced training, ShiftEx employs
FLIPS (Federated Learning with Intelligent Participant Selection) for participant selection
during this bootstrap phase [23]. FLIPS performs label distribution clustering by analyzing
the label distribution of each party’s data a priori, grouping parties with similar label pro-
portions into clusters. During federated training rounds, FLIPS ensures that participants
are selected such that each cluster is equitably represented, preventing bias toward parties

with overrepresented label distributions and promoting a more robust initial global model.

This label-aware participant selection is particularly crucial for ShiftEx because the quality of
the initial global model affects subsequent shift detection and expert assignment decisions.
By ensuring the bootstrap model is trained on representative data across different label
distributions, FLIPS provides a stable foundation for detecting when parties begin to ex-
perience distributional shifts that warrant expert specialization. The clustering information
from FLIPS also provides valuable baseline statistics about party label distributions, which

ShiftEx later uses to detect label shift and inform party-to-expert assignment decisions.

5.5 ShiftEx — Party Side Operations

Each participant processes its streaming data using windows of fixed duration. These win-
dows can be of tumbling or sliding in nature, segmenting the continuous data stream into
time periods. The system supports both tumbling and sliding window configurations, with
the system responding when the shift is greater than a predefined threshold. This windowing
strategy ensures synchronized training cycles across all parties while enabling periodic model

updates as new data arrives. Within each window, parties accumulate training data that
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will be used for local model training and subsequent aggregation.

Algorithm 2 Party-Side: Shift Detection

Require: Current local dataset Df = {(z;,v;)}, Previous Dataset Df_;, Thresholds dcov, dlabel
Ensure: Covariate profile Pf(X), label histogram y¢, covariate shift Aoy, label shift Ajapel
Compute feature embeddings ¢(z;) for all z; € Df
Estimate PF(X) as the distribution over embeddings
Compute normalized label histogram y§
if Dy, exists then
Acov ¢ MMD(PE(X), P (X))
Atanel <= JSD(yf, yi_1)
else
Acov < 07 Alabel +0
end if
Transmit {PF(X), ¥, Acovs Alabel} to the aggregator

H
e

5.5.1 Covariate Shift Detection via Maximum Mean Discrepancy

One of the objectives of ShiftEx is to identify the parties that have undergone covariate
and /or label shifts at a given time instant ¢. After the conclusion of a federated learning
round through FLIPS as described above, parties process their local datasets DS = {(x;, y;)}

through their current model at timestep t to obtain feature embeddings: Pf(z;) = fo(z;)

These embeddings compress raw inputs into a compact, task-relevant feature space. If this
latent representation changes substantially from one window to the next, the parties can
ascertain that the underlying distribution has drifted — even if they never look at the raw
pixels or tokens themselves. This makes the covariate shift detection model-, data-, and

label-agnostic because raw data can always be translated into a latent representation.

To assess changes in the input distribution, parties compute the Maximum Mean Discrepancy
(MMD) between the current and previous window’s embeddings: MMD(Pf(X), Pf,(X)).
MMD is a non-parametric statistical measure that compares two probability distributions
by embedding them into a reproducing kernel Hilbert space (RKHS) and computing the

distance between their means in that space [72].
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Formally, given two distributions P and @) with samples {z;}:*; and {y; };fl, MMD is defined

as:

MMD2(P7 Q) = Ew,m’fvp[k(xv 'T/)] (51>
+Eyyqlk(y, y)]

= 2Espyolk(z,y)]

where k(-, -) is a positive definite kernel function (we use the RBF kernel k(z, y) = exp(—y||z—

ylI*))-

The key advantage of MMD is that it provides a principled way to detect distributional
differences without requiring distributional assumptions or labeled data. It operates directly
on feature representations, making it ideal for privacy-preserving covariate shift detection in
federated settings. A high MMD value (> 0., ) indicates a significant change in the feature

distribution, signaling covariate shift.

5.5.2 Label Shift Detection via Jensen-Shannon Divergence

To detect label distribution changes, we employ Jensen-Shannon Divergence (JSD) [153], a
symmetric and bounded measure for comparing discrete probability distributions. Unlike the
asymmetric Kullback-Leibler divergence [98], JSD is symmetric (JSD(P||Q) = JSD(Q||P))
and always finite, making it robust for comparing label distributions that may have non-

overlapping support.

For two discrete distributions P and @), JSD is defined as:

JSD(PIIQ) = 3 Dicr(PIIM) + £ Drs Q]| M)
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where M = %(P + @) is the average distribution, and Dy denotes Kullback-Leibler di-

vergence. In our context, we compute JSD between normalized label histograms yy and

yi 1, where y{[i| = % represents the proportion of samples belonging to class ¢ in
window t. JSD values range from 0 (identical distributions) to log(2) (completely disjoint

distributions), providing an interpretable measure of label distribution shift.

To summarize, at each time window ¢, parties compute local statistics to detect shift:
e Covariate shift: MMD(Pf(X), Pf (X)) > dcov
e Label shift: JSD(y¢,¥5 1) > Olabel

Parties transmit the computed statistics {MMD{, JSD{, Pf(X),y¢} to the aggregator, en-

abling privacy-preserving shift detection without sharing raw data.

5.6 ShiftEx — Aggregator Side Operations

On the aggregator side, ShiftEx orchestrates the specialized expert creation, assignment,
and consolidation using the shift metrics received from parties. The aggregator maintains an
expert pool initialized with a single expert at ¢ = 0, and dynamically expands or consolidates

this pool based on detected distributional shifts across consecutive windows.

5.6.1 Shift Detection and Party Clustering

At each round ¢, the aggregator receives aggregated latent features PS(X) and label his-
tograms y§ along with computed MMD and JSD scores from all participating parties. Using
predefined thresholds oy and diape, the aggregator identifies the subset of parties CSPift

experiencing significant distributional change.

If C*hift £ (), the aggregator performs K-Means clustering on the shifted parties using their

latent feature representations P¢(X). This clustering groups parties with similar covariate
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Algorithm 3 Aggregator-Side: Shift-Aware Federated Learning with Expert Assignment

Require: Initial model 6y, party set C, thresholds dcov, Slabel, T, €, minimum cluster size
Ensure: Final expert pool Op = {G(TI), e ,B%K)}

1: // Initialize expert pool and assign to all parties
2: Initialize expert pool ©¢ < {6p}; assign My(c) < 6y for all c € C
3: for each round t =1 to T do
4. // Receive latent and label statistics from all parties
5: Receive {PF(X),y¢, Pf1(X),y5 1} from all ¢ € C
6: // Perform shift detection using thresholds
7. CMift o Lo e C| MMD(PE(X), PE1(X)) > Scov or IJSD(y§,y6 1) > Olabel }
8:  if C%Mft £ () then
9: // Cluster shifted parties using latent representations
10: {G1,...,Gpn} + KMEANS(CSH PE(X))
11: for all groups G; do
12: if |G;| > v then
13: // Match to existing expert or create a new one
14: Aggregate Pj(X) < U.cq, PE(X)
15: if MATCHEXPERT(P;(X), ©;_1, €) then
16: 0y < closest matching expert
17: Chalanced o FLIPS(G;)
18: 0 FL(C})alanced, 1) // Label-balanced training
19: else
20: Onew < CLONE(6p)
21: Chalanced o FLIPS(Gj, yt)
22: SAVE(Hk,P](X»
23: Ornew — FL(C;?alanced, Onew)
24: @t — Gt—l U {Gnew}
25: Assign My(c) <= Opew for c € G
26: end if
27: else
28: //Cluster too small — trigger local finetuning
29: LOCALFINETUNE(G, My_1, M)
30: end if
31 end for
32: end if
33: //Merge experts with high similarity to prevent redundancy

34: for all pairs (6;,6;) € ©; do

35: if MODELSIMILARITY (6;,6;) > 7 then

36: Omerged < CONSOLIDATEEXPERTS(0;,0;)
37 O < (0:\ {0:,0;}) U {Omerged }

38: Update M; for affected parties

39: end if

40: end for

41: end for

42: return Or
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characteristics into clusters {G1, ..., G}, where each cluster represents a distinct distribu-

tional regime.

5.6.2 Expert Assignment and Creation

For each cluster G; with sufficient size (|G| > 7), the aggregator follows a two-stage process:

Stage 1: Expert Matching. The aggregator computes the aggregated latent represen-
tation Pj(X) = U.eq, P¢(X) for the cluster and compares it against all existing experts in
the pool ©;_; using MMD distance. If an existing expert 6, has a covariate profile within

threshold € of Pj(X), the cluster is assigned to that expert for continued training.

Stage 2: Expert Creation. If no suitable match is found, a new expert 6, is instantiated
by cloning the initial model 6. The cluster’s aggregated covariate profile P;(X) is stored

alongside 0, in the expert registry for future matching.

5.6.3 Label-Balanced Training with FLIPS

Once parties are assigned to experts, ShiftEx employs FLIPS to ensure balanced label rep-
resentation during training. Within each expert’s assigned party group, FLIPS performs
secondary clustering based on label histograms and selects participants in a round-robin
manner from each label cluster. This prevents dominant classes from overwhelming the ex-
pert’s training signal and ensures that the expert maintains robust performance across all

label categories.

5.6.4 Expert Consolidation

To prevent unbounded growth of the expert pool under prolonged heterogeneity, ShiftEx
periodically consolidates experts with high similarity. After each round ¢, the aggregator

computes pairwise model similarity between all expert pairs (6;,6;) € ©; using cosine simi-
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larity of flattened parameter vectors. If similarity exceeds threshold 7, the two experts are
merged through parameter averaging, and all parties previously assigned to either expert
are reassigned to the consolidated version. This consolidation step ensures the expert pool

remains manageable while preserving specialization where needed.

For clusters below the minimum size threshold v, parties perform local fine-tuning by con-
tinuing to train their previously assigned expert model without aggregation. This preserves
personalization for parties experiencing idiosyncratic shifts while avoiding the overhead of

creating experts for statistically insignificant clusters.

5.7 Experimental Strategy

Our goal is to evaluate the adaptability of ShiftEx compared to existing FL techniques under
streaming/continual learning conditions, where data distributions shift across windows due
to natural or synthetic causes. We focus on the model’s ability to maintain high accuracy

and fast convergence despite changes in input or label distributions.

5.7.1 Datasets

We evaluate our framework on five datasets spanning diverse covariate and label shifts.
FMoW (Functional Map of the World) [43] contains over a million satellite images labeled
by functional use (e.g., hospital, airport, school) across regions and time; we select 10 la-
bels [88]. Tiny-ImageNet-C [77] augments Tiny-ImageNet with 15 corruption types at
5 severities, while CIFAR-10-C 77| applies the same corruptions to CIFAR-10 for small-
scale evaluation. FEMNIST |[34], a federated variant of EMNIST, includes handwritten
characters from hundreds of users, and Fashion-MNIST [229] consists of clothing images

widely used as a benchmark.

We simulate 200 parties for CIFAR-10-C, FEMNIST, and Fashion-MNIST to capture fine-
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grained heterogeneity in non-IID settings. For FMoW, we instead use 50 parties: its high-
resolution imagery and naturally diverse covariates (geography, time, land use) already in-
duce strong variability, so fewer parties suffice while ensuring each has enough samples for

stable shift detection. In all cases, 20% of parties are sampled per FL round.

5.7.2 Distributional Shifts

We introduce a range of natural and synthetic covariate and label shifts critical for feder-
ated learning evaluation. In FMoW, covariate shifts emerge from visual differences across
geographic locations, while label shifts reflect changes in land use distributions [88|. These
represent natural shifts, as we partition the data across different time windows based on
temporal metadata. For Tiny-ImageNet-C, we group corruption types and randomly sample
severity levels across time windows to simulate unpredictable, environment-driven covariate
shifts. CIFAR-10-C enables similar shift modeling on a smaller scale by using controlled

corruptions to emulate weather-related covariate shifts.

For FEMNIST and Fashion-MNIST, we simulate synthetic shifts using PyTorch image trans-
formations (e.g., rotation, scaling, color jitter) to induce covariate shifts, and Dirichlet sam-
pling to generate skewed label distributions across time windows. In each window, 50% of
the participating clients retain their previous data distribution, while the remaining 50%

receive a new distribution, simulating partial population shift over time.

5.7.3 Models and Baselines

We select architectures standard for each dataset: LeNet-5 [103]| for FEMNIST and Fashion-
MNIST, DenseNet-121 [80] for FMoW, ResNet-18 [75] for CIFAR-10-C, and ResNet-50 |75]
for Tiny-ImageNet-C. To detect covariate shifts, we extract encoder-based representations

from the penultimate (pre-logit) layer of each model, which captures task-relevant features.

To benchmark ShiftEx, we evaluate it against four prominent FL baselines tailored for het-
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erogeneous or streaming scenarios. FedProx [115] extends FedAvg [151] with a proximal
term to stabilize training under non-IID data but relies on a single global model and lacks
any mechanism to detect or adapt to evolving distributions over time. OORT [101] op-
timizes party selection using utility-based scores that balance informativeness and system
constraints, yet assumes static utility and ignores temporal shifts in data. Fielding [110]
re-clusters parties based on label distributions to train balanced experts, but overlooks co-
variate shifts and does not adapt clusters as party distributions change across windows.
FedDrift 88| introduces lightweight shift detection by clustering parties based on local loss
patterns to assign expert models, but it offers only coarse adaptation and lacks explicit mod-
eling of covariate or label shift dynamics. In contrast, ShiftEx explicitly detects both types
of shift, dynamically instantiates or reuses experts, and optimizes shift-aware assignment to

maintain accuracy and robustness in continual/streaming FL environments.

5.7.4 Windowing Strategy

We use two schemes matched to dataset scale and shift dynamics. For large datasets (FMoW,
Tiny-ImageNet-C), we employ tumbling windows: each window is disjoint and drawn from
distinct covariate distributions—e.g., different timestamps in FMoW and different corruption
types in Tiny-ImageNet-C—thereby inducing strong between-window shifts. For smaller
datasets (CIFAR-10-C, FEMNIST, Fashion-MNIST), we use sliding windows that allow

overlap across windows to capture gradual change.

5.7.5 Evaluation Metrics

To evaluate model performance under distributional shifts, we focus on three complemen-
tary metrics: Accuracy Drop measures the immediate decline in performance after a shift,
indicating the model’s brittleness to sudden changes—Ilarger drops imply greater sensitiv-
ity. Recovery Time captures the number of rounds required to regain 95% of pre-shift

performance, reflecting the model’s adaptability and convergence speed. Max Accuracy
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denotes the highest accuracy achieved within a window, serving as a measure of the model’s

generalization ability under the new distribution.

5.8 Results and Discussion

We evaluate ShiftEx on five diverse datasets, covering both large-scale real-world settings
(FMoW, TinylmageNet-C) and widely used academic benchmarks (CIFAR-10-C, FEMNIST,
and Fashion-MNIST). We report results over 4 windows for FMoW and CIFAR-10-C, and
5 windows for TinylmageNet-C, FEMNIST, and Fashion-MNIST. The first window (WO0)
is used for initialization and burn-in, and all subsequent windows (W1 onward) evaluate

adaptation to new, shifted distributions.

FMoW
Tech. w1 w2 W3 W4

Drop Time Max Drop Time Max Drop Time Max Drop Time Max

FedProx 20.39 + 1.36 44 63.48 £ 1.38 39.57 £ 1.43 >51 52.23 £ 1.69 23.45 + 247 >51 45.07 &£ 1.79 18.24 £+ 2.51 >51 36.95 + 2.51
Fielding 21.32 +1.29 >51 45.66 £ 1.46 17.07 £ 1.83 >51 48.29 £+ 1.57 15.76 £ 1.55 >51 50.57 &+ 2.08 16.70 £+ 2.18 >51 48.34 + 2.18
OORT 8.60 &£ 1.37 >51 52.11 &£ 1.37 7.36 £ 1.39 >51 50.80 & 1.85 4.68 £2.10 >51 50.79 £2.10 3.94 £2.70 >51 50.06 £ 2.70
FLIPS 2257 +£0.64 13 66.68 £0.59 1443 £0.76 19 66.23 +£0.75 11.78 £ 091 6 65.76 & 1.07 10.49 £ 1.09 4 66.14 &+ 1.09
FedDrift 18.43 + 1.37 15 64.25 £ 1.43 26.17 £ 1.63 >51 62.33 £ 1.70 20.84 + 2.11 >51 59.50 &+ 2.11 18.33 £ 1.89 >51 54.13 £ 1.89

CIFAR-10-Corruptions
Tech. W1 W2 W3 ‘W4

Drop Time Max Drop Time Max Drop Time Max Drop Time Max

FedProx 17.80 +1.33 >51 72.56 £ 1.18 15.55 £ 1.48 >51 77.55 &£ 1.81 17.01 £ 2.02 >51 75.64 &+ 2.02 18.64 £+ 2.14 >51 76.35 + 1.96
Fielding 19.76 + 1.48 >51 72.25 £ 1.72 16.81 £ 2.16 >51 77.33 £ 1.58 17.24 £ 2.03 >51 75.48 4+ 2.03 15.39 £+ 1.93 >51 75.54 + 2.53
OORT  20.03 £ 1.36 >51 72.24 £1.28 16.66 £ 1.44 >51 76.92 + 1.54 18.33 £ 2.06 >51 75.37 & 2.06 16.39 &+ 2.69 >51 75.39 £ 2.69
FLIPS 37.51 £0.53 >51 81.14 £ 0.65 34.07 £0.83 9 90.86 + 0.64 39.46 £ 1.02 14 87.77 +£1.02 32.84 £ 1.09 19 87.74 + 1.09
FedDrift 32.16 + 1.60 >51 78.47 £ 1.20 27.01 £1.55 18 86.95 + 1.63 33.15 £ 1.83 18 84.67 + 1.83 29.73 £ 1.91 23 83.68 &+ 1.91

Table 5.1: Comparison of Accuracy Drop (Drop %), Recovery Time (Time in rounds), and
Max Accuracy (Max %) across Windows 1-4. Top: FMoW dataset. Bottom: CIFAR-10-
Corruptions dataset.

5.8.1 Adaptation Time Improvements

Across all datasets, ShiftEx achieves significantly faster adaptation than all baselines. On
the large-scale FMoW dataset, where most baselines fail to recover within 51 rounds, ShiftEx
consistently recovers within 1-13 rounds across all windows. In TinylmageNet-C, recovery
time drops to 27-29 rounds, whereas other methods plateau with no recovery even after

40 rounds. In CIFAR-10-C, ShiftEx completes adaptation in 9-19 rounds, while baselines
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TinyImagenet-C

Tech. W1 w2 w3 w4 ws

Drop Time Max Drop Time Max Drop Time Max Drop Time Max Drop Time Max
FedProx 27.19 + 1.01 >40 38.76 + 1.40 15.99 + 1.53 >40 37.37 £+ 1.44 11.49 + 1.63 >40 34.21 + 2.12 6.91 + 2.76 >40 40.01 &+ 2.16 11.43 + 2.39 >40 36.34 + 2.57
Fielding 29.93 £ 1.28 >40 39.86 + 1.26 17.11 & 1.40 >40 38.42 + 1.52 12.40 + 1.64 >40 38.75 + 1.64 11.33 & 1.91 >40 43.61 & 2.42 15.05 £+ 2.05 >40 40.70 £+ 2.05
OORT  29.72 4+ 1.13 >40 54.76 + 1.18 18.87 & 1.47 >40 52.66 + 1.47 14.23 £ 2.12 >40 52.30 £ 2.12 10.23 £ 2.21 >40 49.91 £ 2.56 6.01 £+ 2.56 >40 50.83 £ 2.56
FLIPS 34.87 £ 0.52 29 62.15 + 0.61 20.73 £ 0.69 30 60.78 + 0.74 14.07 £ 0.91 34 59.91 £ 0.91 10.87 £ 0.99 33 59.49 £ 0.99 8.53 £+ 1.09 30 59.89 + 1.09
FedDrift 33.43 4+ 1.46 >40 52.94 4+ 1.36 20.79 & 1.49 >40 51.12 4+ 1.49 9.76 & 1.61 >40 53.27 &+ 1.61 10.99 £+ 1.87 >40 52.75 £+ 1.87 9.92 &+ 2.21 >40 51.36 £ 2.21

FEMNIST

Tech. W1 w2 w3 w4 ws

Drop Time Max Drop Time Max Drop Time Max Drop Time Max Drop Time Max
FedProx 9.36 + 1.47 >51 59.20 + 1.13 11.76 + 1.19 >51 55.26 + 1.53 2.24 + 1.69 >51 57.94 + 1.81 4.02 + 1.96 >51 56.38 + 1.96 1.38 + 2.68 >51 58.18 + 2.68
Fielding 9.14 £ 1.42 48 60.18 £ 1.06 11.12 £ 1.57 >51 56.80 £ 1.64 4.68 £ 1.92 >51 57.86 £ 1.92 4.72 £ 2.33 >51 57.68 £ 2.33 3.12 £ 2.59 >51 58.24 + 2.59
OORT 6.76 = 1.29 >51 59.98 £ 1.20 9.96 + 1.45 >51 54.44 + 1.40 4.40 £ 1.74 >51 53.96 + 1.95 3.74 + 2.19 >51 54.78 + 2.60 0.26 + 1.89 >51 57.56 £ 2.31
FLIPS 8.90 £ 0.60 42 62.72 £ 0.71 10.62 £ 0.75 35 61.58 + 0.73 4.32 + 0.74 14 63.56 + 0.75 3.94 + 0.96 1 64.98 + 0.84 3.12 + 1.02 0 66.36 + 1.02
FedDrift 8.14 £ 1.49 40 62.68 & 1.58 15.04 &+ 1.63 50 60.40 & 1.41 10.56 £+ 1.72 44 60.68 &+ 1.72 9.82 4+ 2.00 >51 59.12 £ 2.00 8.02 £+ 2.30 49 60.46 £ 2.30

Fashion MNIST

Tech. W1 w2 W3 W4 W5

Drop Time Max Drop Time Max Drop Time Max Drop Time Max Drop Time Max
FedProx 11.60 + 1.15 44 60.14 + 1.19 9.28 £+ 1.80 >51 59.68 + 1.55 5.96 + 1.93 >51 59.06 + 1.83 9.09 + 2.32 >51 59.42 + 2.32 9.33 + 2.31 >51 59.21 + 2.31
Fielding 8.68 £ 1.34 30 62.16 & 1.29 11.08 & 1.45 47 60.64 &+ 1.45 5.14 & 1.78 >51 59.96 £+ 1.78 2.80 & 2.41 19 61.78 + 2.41 0.34 + 2.70 0 63.90 + 2.70
OORT 10.10 + 1.12 33 61.64 + 1.08 6.54 + 1.75 41  61.18 £ 1.87 4.12 + 1.78 32 61.36 £ 1.78 3.26 £ 1.83 19 60.68 + 2.49 -0.86 + 1.74 0  63.04 + 2.70
FLIPS 7.56 + 0.56 5 67.10 + 0.54 8.90 + 0.75 4 66.32 + 0.75 6.58 + 0.74 1 66.35 + 0.89 3.24 + 0.76 0 67.68 + 0.80 1.14 + 1.03 0 69.00 £+ 1.03
FedDrift 8.68 £+ 1.29 20 63.74 £ 1.51 8.09 + 1.73 13 65.86 + 1.14 15.48 £ 1.50 22 63.46 + 2.23 13.82 + 2.50 16 64.62 £ 1.88 15.64 £ 2.51 10 64.06 + 2.51

Table 5.2: Accuracy Drop (Drop %), Recovery Time (Time in rounds), and Max Accuracy
(Max %) across Windows 1-5. Top: Tinylmagenet-C. Bottom: Fashion MNIST.
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Figure 5.2: Convergence plots showing test accuracy over rounds for FMoW, TinylmageNet-
C, and CIFAR-10-C.

remain stagnant beyond 51 rounds. On FEMNIST and Fashion-MNIST, ShiftEx achieves
recovery within 0—42 rounds, including several windows where adaptation completes in under

5 rounds—markedly outperforming methods that require 50+ rounds without convergence.

These results demonstrate that ShiftEx’s dynamic expert creation and shift-aware assignment
enable rapid adaptation to new distributional regimes. Even in scenarios where all clients
simultaneously experience a shift, clustering still groups similar clients together and triggers

creation of new experts, ensuring robustness without collapse.
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Figure 5.3: Convergence plots showing test accuracy over rounds for FEMNIST and Fash-
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-8 FedProx  ~i~ Fielding =~ OORT == ShiftEx =g~ Feddrift

8- FedProx =@~ Fielding =@~ OORT =@= ShiftEx == Feddrift 8- FedProx =@~ Fielding == OORT =f§= ShiftEx =fB= Feddrift
~ 70 —~ ~
g S 290
>601 2601 e+ >
© © ©
2 50 2 ety s 80
g g g
401 70
£ £ g
0 1 2 3 4 o 1 2 3 4 s 0 1 2 3 4
Window Window Window
(a) FMoW (b) TinyImageNet-C (c) CIFAR-10-C

Figure 5.4: Maximum accuracy per window for FMoW, TinylmageNet-C, and CIFAR-10-C.
5.8.2 Post-Adaptation Accuracy

On top of faster recovery, ShiftEx maintains the highest peak accuracy across all settings.
In FMoW, it reaches maximum accuracies between 66.14% and 66.68% across windows,
surpassing all other baselines by 15-30 percentage points. In TinylmageNet-C, ShiftEx sus-
tains accuracy above 59% in every window and peaks at 62.15%, while other methods remain
stuck in the 38-54% range. In CIFAR-10-C, ShiftEx achieves 90.86% in W2 and consistently
maintains accuracy above 87%, which is significantly higher than the 72-78% ceiling of other
approaches. Even on benchmark datasets like FEMNIST and Fashion-MNIST, ShiftEx ends

with 66.36% and 69.00%, respectively, outperforming all baselines that either plateau or

decline over time.
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Figure 5.5: Maximum accuracy per window for FEMNIST and FashionMNIST.
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Figure 5.6: Expert distribution across clients for FMoW, TinyImageNet-C, and CIFAR-10-
C.

5.8.3 Baseline Behavior Analysis

The behavior of baselines provides insight into why ShiftEx succeeds where others struggle.
FedProx and Fielding rely on a single global model or static label-aware clustering and
therefore struggle under covariate shifts, leading to sharp drops and limited recovery. OORT
shows a smaller initial accuracy drop, but this reflects underreaction rather than robustness:
its utility-based client selection masks distributional changes, preventing effective adaptation
and resulting in limited recovery and lower final accuracy. FedDrift performs better under
moderate covariate drift, as seen with controlled corruptions on CIFAR-10-C, because it
clusters clients by loss patterns. However, it lacks explicit handling of label shifts and
cannot adapt when class distributions skew significantly, as they do in larger datasets such
as FMoW and Tiny-ImageNet-C. In contrast, ShiftEx explicitly detects both covariate and

label shifts and instantiates new experts when needed, which explains its accuracy dips
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Figure 5.7: Expert distribution across clients for FEMNIST and FashionMNIST.

followed by rapid recovery and consistently higher post-shift accuracy.

5.8.4 System Overheads

ShiftEx is designed to impose minimal additional memory and computational cost beyond
standard FL training, making it practical for real-world deployments. In our ResNet-50 ex-
periments (where a full model is 2100 MB), each party stores a single d-dimensional latent
feature vector (with d = 2048 for ResNet-50). On the aggregator side, ShiftEx maintains: (1)
expert centroids (5 experts x 2048 floats = ~40 KB); (2) party-to-expert mappings (200 in-
tegers = ~0.8 KB); (3) a fixed reference set of 200 RGB images (224 x224x3, float32), which
requires approximately 114 MB; and (4) up to 6 experts, totaling ~600 MB. Altogether, this

amounts to approximately ~714 MB.

In terms of runtime, ShiftEx adds minimal latency during shift detection and adaptation.
Kernel-based MMD drift detection takes an average of 154 + 17 ms, clustering 200 parties’
latent representations takes 1389 ms, and expert assignment and creation add only 0.15 ms,
yielding a total adaptation overhead of approximately 1.55 seconds per shift window. These
operations are infrequently triggered, only when a shift is detected, and are amortized over

multiple training rounds.
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5.8.5 Expert Dynamics and Long-Term Adaptation

To analyze how ShiftEx adapts over time, we track the distribution of parties across experts
in each window. At initialization (WO0), all parties are assigned to a single expert. This
ensures a shared starting point across all methods and datasets, allowing us to isolate and
measure adaptation purely as a result of evolving data distributions. From W1 onward, we
observe how parties progressively migrate to newly created experts as shifts occur, indicating

clear, data-driven reassignments.

In FMoW, parties quickly diversify across multiple experts as new satellite scenes with re-
gional or temporal variations are introduced. By W4, the party population is distributed
across five distinct experts, showing that ShiftEx recognizes and preserves major distribu-
tional changes as separate regimes. In TinylmageNet-C, which contains progressive corrup-
tions (e.g., fog, blur, noise), parties spread smoothly across six experts by W5. The fact that
each window results in new dominant experts indicates that ShiftEx not only detects shifts
but actively expands its capacity to encode new visual distortions without overriding prior

knowledge.

For CIFAR-10-C, we observe a more contained dynamic: parties gradually shift toward a
second expert, stabilizing into a two-expert configuration. This reflects fewer major shifts,
and showcases ShiftEx’s ability to remain compact and resist unnecessary expert proliferation
when the environment is relatively stable. In FEMNIST, where character distributions and
writing styles evolve gradually, parties adapt by migrating across five experts with some
reuse over time. This highlights ShiftEx’s ability to handle subtle drift without full resets,

preserving older experts when still relevant.

FashionMNIST shows mixed behavior, with parties jumping to new experts in W1-W2, re-
consolidating around one in W3-W4, and redistributing again in W5. This cyclical pattern

reflects changing but partially repeating shifts, demonstrating how ShiftEx supports both

79



fresh specialization and expert reuse over time. These evolving expert assignment patterns
confirm that ShiftEx supports both short-term responsiveness and long-term memory. By
allowing parties to switch experts only when necessary and retaining expert states across
windows, ShiftEx balances adaptation with stability, crucial for robust learning in dynamic

federated environments.

5.8.6 Long-Horizon Training: Single Model vs. Multiple Model FL

A natural question when evaluating ShiftEx against single-model baselines is whether the
performance gap reflects an insufficient training budget or a deeper structural limitation of
maintaining a single global model under heterogeneous data distributions. To investigate
this, we train FedProx and ShiftEx for 500 rounds on TinyIlmageNet-C, evaluating every 25
rounds across 200 clients with 20% participation per round using ResNet-18 [75]. Each client
is assigned data from a distinct corruption regime at severity levels 1-5, with both methods

initialized from the same randomized weights.

~®@— Single model FL (FedProx)

80 1 - multiple model FL (shiftEx)

Accuracy (%)

100 200 300 400 500
Training rounds Input Regimes

(a) Test accuracy over 500 training rounds for FedProx (b) Final accuracy at round 500 broken down by input
and ShiftEx on TinylmageNet-C with 200 clients and regime. ShiftEx outperforms FedProx across all input
20% participation per round. regimes.

Figure 5.8: Comparison of FedProx and ShiftEx on TinylmageNet-C.

As shown in Figure 5.8a, FedProx saturates at approximately 52% by round 500, while Shif-
tEx converges to almost 80%, with no sign of the two trajectories converging. This confirms

that the gap is structural rather than a training budget effect. When clients simultane-
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ously present data from divergent covariate regimes, the global model receives conflicting
gradient signals each round, converging to a parameter compromise that is suboptimal for
every individual distribution — a manifestation of negative knowledge transfer [117|. This
limitation is further exacerbated by the finite representational capacity of a single model:
while it can approximate a limited set of distributions, it cannot simultaneously capture
a large number of highly divergent regimes without degradation. In contrast, maintaining
multiple specialized models allows each to focus on a narrower subset of distributions, ef-
fectively expanding the system’s overall capacity. Figure 5.8b shows this holds across all 12
different input regimes without exception, with gaps ranging from 10 to over 20 percentage
points. These results demonstrate that the advantage of expert specialization in ShiftEx is

not recoverable through extended single-model training.

5.9 Conclusion

We present a shift-aware mixture of experts framework for federated learning under non-
stationary data, addressing covariate and label shifts in streaming environments. Through
shift detection, latent memory for expert reuse, and optimization, our method enables dy-
namic expert instantiation and scalable adaptation. Extensive experiments show significant
gains in accuracy and adaptation speed over FL baselines, offering a practical, privacy-

preserving middleware for real-world deployments.

Traditional FL. middleware approaches assume relatively stable workload characteristics, but
our framework addresses the unique challenge of building middleware that can detect, re-
spond to, and manage distributional shifts in real-time across federated participants. The
system implements key middleware patterns, including event-driven architectures (respond-
ing to detected shifts), load balancing (distributing clients across experts), and service dis-
covery (expert reuse and consolidation). The windowing-based stream processing and latent

memory mechanisms function as middleware services that enable scalable, real-time adapta-
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tion without requiring application-level awareness of underlying distributional changes.

Limitations include potential expert pool growth under extreme heterogeneity, reliance on
frozen encoders, and honest client reporting. Under extreme heterogeneity, the number of
experts may proliferate; however, our consolidation step periodically merges similar experts
to mitigate this risk. Future work will explore expert compression via online distillation,
secure reporting under adversarial settings, and tighter integration with hardware enclaves

for end-to-end privacy.

82



Chapter 6

Dynamic Context Management

6.1 Chapter Overview

Modern AT deployment is increasingly dominated by foundational-model inference workloads.
Large language models (LLMs) and the multimodal vision-language models (VLMs) derived
from them now support search, question answering, code generation, scientific assistants,
and autonomous decision making at large scale [30, 176, 131]. In these settings, the model
is typically a fixed pretrained system serving a stream of heterogeneous queries rather than

a task-specific model that can be updated during deployment.

This shift makes inference-time variability a first-class systems problem. Queries differ in
intent, difficulty, modality, and information requirements, yet the model weights cannot be
fine-tuned during inference to accommodate each case. The main control lever is therefore
context: the instructions, demonstrations, retrieved evidence, and input fidelity provided to

the model. This chapter frames that problem as dynamic context management.

In this thesis, we have examined how middleware and system-generated signals can improve

decision making at each stage of the machine learning lifecycle. Earlier chapters addressed
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training-time challenges under data heterogeneity and deployment-time adaptation under

distribution shift. This chapter focuses on the final stage: inference-time decision making.

A central premise of this chapter is that context is the main lever available to steer a fixed
foundation model toward the task at hand. We focus on two complementary forms of context

that every LLM- or VLM-based system must manage:

e Application-level context refers to what is placed in the prompt—+the task instruc-
tions, demonstrations, retrieved examples, and their ordering. It determines how the

task is presented to the model during in-context learning.

e System-level context refers to what information is retrieved and at what cost—the fi-
delity of retrieved materials, storage and bandwidth overhead, and latency constraints.
It determines the quality and acquisition cost of inputs before they ever reach the

model.

Dynamic context management requires reasoning over both dimensions jointly: one shapes
the information the model sees, while the other shapes the information the system can afford

to provide.
This chapter studies two instances of this problem:

e OptiSeq addresses application-level context by optimizing the ordering of in-context
examples in few-shot prompting. It leverages token-level log probabilities as a signal,
removes the confounding influence of example order, and re-scores candidate outputs
in an example-free setting to identify the ordering that best separates correct from

incorrect outputs.

e VOILA (Value-Of-Information guided Latency-Aware fidelity selection) addresses system-
level context by predicting, before retrieval, which input fidelity—caption, thumbnail,

compressed image, or full resolution—is sufficient for a given query. It transforms

84



historical VLM correctness patterns into calibrated probability estimates over fidelity
levels and uses a value-of-information decision rule to select the lowest-cost fidelity that

preserves accuracy.

Together, OptiSeq and VOILA show how inference-time signals—whether log probabilities
during generation or calibrated correctness predictions derived from prior model outputs—
can be converted into routing decisions that improve accuracy and efficiency without chang-
ing model weights. Section 6.2 develops this framing, and Sections 6.4 and 6.5 instantiate it

at the application and system levels, respectively.

6.2 Background and Motivation

6.2.1 The Rise of LLM-Based Agentic Al

Large language models and their multimodal extensions have become reusable foundation
models for a wide range of downstream tasks. Models such as GPT-4 [30], the LLaMA fam-
ily [71], Mixtral [84], and multimodal systems such as BLIP [107], LLaVA [257], Flamingo |7],
and Qwen-VL [18] are invoked across text, code, vision, and reasoning workloads. Their cen-
tral strength is that they can be steered to new tasks from instructions and demonstrations
provided at inference time, without updating model parameters—the core mechanism behind

in-context learning (ICL) [30].

Agentic Al systems build on LLMs by equipping them with the ability to plan, reason over
multiple steps, access external tools, retrieve information from memory, and produce struc-
tured outputs [168, 144]. Retrieval-Augmented Generation [105] extends the effective context
of LLMs with dynamically retrieved documents; tool-using agents [174, 199] invoke external

APIs and services; multimodal agents |7, 131] combine language with visual perception.

These systems are deployed under highly variable workloads, where both response quality
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and aggregate inference cost matter. Because model weights remain fixed at serving time,
performance depends heavily on inference-time decisions above the model layer: which ex-
amples to include in a prompt, how to order them, which visual fidelity to retrieve, or which

storage tier to query.

6.2.2 Application-Level Context: Structuring the Prompt

For LLM-based systems, the most direct lever available at inference time is the construction
of the prompt itself. In-context learning allows models to generalize from a small number of
task-specific examples embedded in the prompt [30, 176]. However, ICL is highly sensitive
to how those examples are presented: their selection [132, 233], their quantity [250, 4], and

crucially their ordering [141, 254| each significantly influence model output.

The sensitivity to ordering arises from the autoregressive nature of LLMs. The model pro-
cesses the prompt as a sequential token stream, and the order in which examples appear
shapes the probability distributions over subsequent tokens. An ordering that places the
most contextually relevant example immediately before the query can prime the model to-
ward the correct output; a poorly ordered prompt can mislead it. This effect is not uniform:
the optimal order varies across test instances, tasks, and models [141, 73|, ruling out any

static precomputed strategy.

The problem is compounded in online inference settings where there is no validation data to
precompute orderings, no fixed label space, and no guarantee that the examples are drawn
from the same distribution as the query. Existing approaches either require labeled develop-
ment sets with balanced classes [141, 73] or resort to embedding-based ranking that conflates
example relevance with prompt ordering quality—a distinction we formalize in Section 6.4.
An effective solution must be inference-time, training-free, and generalizable across tasks

and model families.
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6.2.3 System-Level Context: Retrieval Cost and Information Fi-
delity

For multimodal and agentic Al systems, the challenge extends beyond prompt construction to
the upstream problem of what information to retrieve before the model is ever invoked. Real-
world multimodal systems store inputs across heterogeneous storage tiers: mobile devices
cache low-resolution thumbnails and text captions locally, while full-resolution images reside
in cloud storage with higher retrieval latency and bandwidth cost [138, 208|. Enterprise
systems use hot/cold storage hierarchies with retrieval penalties ranging from milliseconds
to minutes [11]. Crucially, these costs are incurred before any model is invoked, making

post-hoc model routing [40, 160] insufficient for end-to-end efficiency.

Recent work on adaptive inference focuses on model selection—routing queries to lightweight
or heavyweight models based on difficulty [40, 51, 194]. These approaches assume inputs
are already retrieved at full fidelity and optimize how to compute given fixed context. They
do not address the prior question of what fidelity of information to retrieve in the first
place. Different queries have fundamentally different minimum information requirements:
a question about the dominant color of an image can be answered from a low-resolution
thumbnail, while a question about fine-grained text requires full resolution. If this variability
can be predicted from the query alone—before retrieval—significant cost savings become

achievable without sacrificing accuracy.

6.2.4 Inference-Time Signals: Log Probabilities and Calibrated Pre-

dictions

A key insight unifying both application-level and system-level optimization is that LLMs and
VLMs either generate or enable the derivation of rich signals at inference time, and those

signals can be interpreted and transformed to guide routing decisions.
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For application-level context, the token-level log probabilities computed during autoregres-
sive generation serve as a direct signal of model confidence. When the model generates
an output conditioned on a given prompt, the sum of log probabilities reflects how “ex-
pected” that output is under the provided context. However, this signal is confounded by
the in-context examples: the same output may receive different log probabilities under dif-
ferent orderings because the examples themselves shift the model’s probability distribution.
OptiSeq resolves this confound by re-scoring each candidate output without the in-context
examples, conditioning only on the task instruction. The deconfounded score reflects inher-
ent output quality rather than example-order-induced probability shifts, enabling reliable

selection of the best ordering.

For system-level context, a different signal regime applies. Since retrieval must occur before
inference, the VLM’s log probabilities are unavailable at decision time. Instead, VOILA
leverages a derived signal: historical patterns of VLM correctness at different fidelity lev-
els, collected during an offline training phase and transformed through gradient-boosted
regression and isotonic calibration into reliable probability estimates. These calibrated esti-
mates reflect the expected accuracy of each fidelity level for a given query type, serving as a

lightweight, inference-time proxy for the full retrieval-and-inference pipeline.

Both approaches share a common design principle: identify the relevant signal, remove or
correct for confounding factors (example order for OptiSeq; retrieval cost and model variance

for VOILA), and use the deconfounded signal to make a principled routing decision.

6.3 Related Work and Research Gaps

6.3.1 In-context learning and prompt sensitivity.

A substantial body of work studies how to select and structure ICL examples. Techniques

range from BM25 and embedding-based retrieval [132] to graph-based diversification [233],
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curriculum ordering [136], and sequential selection with beam search [234]. However, these
methods target offline or batch settings with static example pools and labeled data. Online
inference-time ordering—where examples are dynamic and no validation data is available—
remains underexplored. Existing inference-time approaches are restricted to classification
tasks with balanced labels [141, 73] and do not generalize to generation tasks such as API
sequence generation. Furthermore, there is a gap between ranking examples by relevance

and ordering them optimally in the prompt; prior work conflates these two problems.

6.3.2 Adaptive inference and model routing.

Methods such as Frugal GPT [40], RouteLLM [160], and hybrid routing [51| reduce inference
cost by directing queries to models of different capacities. Early-exit mechanisms [258,; 190]
adapt computation depth per input. These approaches assume that inputs are already
available at full fidelity and optimize the compute applied to fixed context—mnot the context

itself.

6.3.3 Visual context compression and pre-retrieval selection.

Compression-based approaches reduce the visual token count fed to VLMs after retrieval [226,
58|. Learned context compression [112] summarizes visual context into latent representations.
None of these approaches operate before retrieval; they assume full-resolution inputs have
already been obtained. The problem of deciding which fidelity to retrieve as a function of
the query—the pre-retrieval context selection problem formalized in VOILA—has not been

previously studied.

6.3.4 Value-of-information and cost-sensitive acquisition.

Value-of-information (VOI) frameworks [26, 92| study when the expected benefit of acquir-

ing additional information exceeds its cost. Active feature acquisition [97] extends this to

89



sequential settings. VOILA applies VOI to the pre-retrieval multimodal perception problem,

connecting classical decision theory to modern vision-language systems.

The gaps identified above motivate the two contributions of this chapter: OptiSeq for
inference-time application-level context structuring, and VOILA for system-level context

selection.

6.4 OptiSeq: Structuring Application-Level Context

In-context learning offers a powerful inference-time capability, but its performance is sensitive
to a dimension that prior work has largely overlooked: the ordering of examples within the
prompt. This section presents OptiSeq, a system that addresses the application-level context
structuring problem by leveraging log probability signals to identify, at inference time and
without any training or validation data, the example ordering that maximizes the LLM’s

ability to distinguish correct outputs from incorrect ones.

6.4.1 Sensitivity of ICL to Example Ordering

We begin with an empirical characterization of ordering sensitivity under online inference

conditions.

Naive ICL fails to distinguish correct from incorrect outputs. Figure 6.1 illus-
trates the performance variation for 11ama-3-8b-instruct across all six orderings of three
in-context examples on an API sequence generation task from ToolBench [174]. Only one
specific ordering yields the correct answer; the remaining five produce incorrect API se-
quences with varying precision and recall. This variability shows that reordering examples
is not a minor perturbation—it fundamentally alters the input context and shifts the token

probability distributions that drive generation.

To understand why naive ICL cannot self-correct for this, Figure 6.2 shows the log prob-
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Choose the appropriate sequence of APIs using their descriptions that satisfies the provided utterance

[List of Available APIs]

Example #1: ...

Example #2: .... 3 in-context examples = 6 possible orders (3!)

Example #3: ...

Utterance: My family and | are planning a movie marathon, and we need some movie recommendations. Could you search for movies based on the
genre action and language Spanish? Also, provide us with the streaming sources available in the US and Canada where we can watch these movies.
Model Outputs:

* Order 1: classnames .movie_db.movies_genre, classnames.movie_ db.movie_stream

* Order2:ott_details.search, watchmode.sources HOW dO we
« Order 3: theclique.songkick search_artist, ott_details.basic_info, watchmode.sources,

watchmode.new_titles, watchmode.titles with_changed episodes, ott_details.search SeIeCt Ol’der 2 at
* Order4:movies db.genre movies, movies db.movie details, watchmode.sources Infe rence t| me ')

* Order5:asin data.search, watchmode.sources
* Order 6: ott_details.search, ott_details.params, watchmode.sources

Accuracy
Order:1, 3,4,5,6 Order:2
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Figure 6.1: 1lama-3-8b-instruct performance variation across all six in-context example
orderings for a ToolBench API generation task.

abilities assigned by the LLM to both correct and incorrect output sequences across all
orderings. Naive ICL assigns similar log probabilities to both correct and incorrect outputs
for every ordering—the model cannot distinguish them by confidence alone. Ideally, a model
should assign higher probabilities to correct outputs; the inability to do so under standard

prompting is the core limitation that OptiSeq addresses.

Optimal order varies across instances and model families. Figure 6.3 evaluates six
orderings of three AG News examples [249] across three model families. The optimal order-
ing is not universal: it varies across test instances and models. An ordering that achieves the
highest accuracy for 11ama-3-8b-instruct may underperform for granite-20b-code-instruct
and vice versa. This rules out any static, precomputed strategy and motivates an adaptive,

instance-specific approach that is also model-aware.

The cost of a wrong ordering can be large. Figure 6.4 measures accuracy variation

across all orderings in a 3-shot ICL setting for five datasets. Performance fluctuates by
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Choose the appropriate sequence of APIs using their descriptions that satisfy the provided utterance
[List of Available APIs and their descriptions]

Example #1: ....

Example #2: .... 3 in-context examples = 6 possible orders (3!)

Example #3: ...

Utterance: My company is hosting a charity event and needs items for a gift auction. Can you find popular, highly-rated
products in the ID region with details on price, image, and seller location?

* Order 1: shopeeapi.search.products, shopeeapi.product.details

* Order2:realtor _data_api.realtorpropertylist, asin_data.product

* Order3:realtor_data api.realtorpropertylist, demo.get product

* Order 4:realtor_data_api.realtorpropertylist, asin_data.product

* Order 5: shopeeapi.search.products, shopeeapi.product.details

* Order 6: shopeeapi.search.products, shopeeapi.product.details
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Figure 6.2: Naive ICL log probabilities show high overlap between correct and incorrect
output sequences across all orderings, making it impossible to select the best ordering by
confidence alone.

approximately 12 percentage points for API generation and 17 percentage points for text
classification. This magnitude implies that choosing the wrong ordering can be as costly as

using a substantially weaker model.

6.4.2 Methodology

The core question is: How does the ordering of in-context examples affect an LLM’s ability
to distinguish between possible outputs? The ordering of examples provides a context signal
that shifts the LLM’s probability distribution. Outputs generated under different orderings
may have comparable log probabilities because the in-context examples themselves absorb
probability mass proportional to their order within the autoregressive context. Removing

that confound—evaluating output likelihood without the examples—enables a fairer com-
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Figure 6.3: AG News classification accuracy across different orderings and model families,
showing that no single ordering generalizes across instances or models.
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Figure 6.4: Variation in average accuracy across all permutations of three in-context exam-

ples for five datasets, demonstrating the high sensitivity of LLM performance to example
ordering.

parison of candidate outputs across orderings and yields a cleaner signal for selecting the

best one.

OptiSeq

OptiSeq is an ezample-free method that optimizes in-context example ordering by leveraging

the log probabilities of LLM-generated outputs (Figure 6.5). The process consists of four

steps:

e Generate outputs for all permutations. Given task instruction Z and in-context

examples £, construct k = |E|! prompts, one per ordering. Each prompt is fed to the
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Natural Language Utterance @ Generate Outputs for All @ Eliminate In-Context @) Compute @ Select the

Permutations Examples and append Log Probs most
Twant to delete a hotel S i
’ Promptl output sequences of output reliable

reservation that I made for my

Initial Instruction tokens output
upcoming trip. Can you help me [API Catalog]
delete the hotel booking from my Example #1: ... Prompt 1
TripIt account? Additionally, I Example #2: ... Initial Instruction LM —

Example #3: ... —| [API Catalog] — —>
need to cancel the corresponding Utterance: I want to delete..... LM tripit.de — Utterance: 1gwam todelete..... sum(logprob) fripitedeiere
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sequence pairs) Example #1: .. tripit.get Utterance: 1 want to delete..... sum(logprob)
Utterance: I want to delete.... Sequence: tripit.delete, -2.15
Sequence: tripit.get

Figure 6.5: OptiSeq overview: outputs are generated for all example orderings using standard
ICL, then re-scored with the in-context examples removed. The ordering whose output
receives the highest example-free log probability is selected as optimal.

LLM to produce a candidate output o, € O:

log P(ox | Z, &) = Zlog P(xip | Z @ E ® Tjk<ir) (6.1)

=1

where ;. is the i token of output o, & is the k" permutation, and z;,<;x denotes

preceding tokens.

¢ Eliminate in-context examples. For each candidate output oy, construct a modified

prompt containing only the task instruction Z (no examples).

e Compute example-free log probabilities. Using the same LLM, compute the sum

of log probabilities of o; conditioned solely on Z:

b, = ZlOg P(chk ’ o xjk<ik> Vo,eO (62)

=1

e Select the optimal ordering. Choose the ordering k* that maximizes the example-
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Algorithm 4 OptiSeq
Inputs: Task instruction Z, In-context examples £, Large Language Model M
Outputs: Optimal example ordering &y«

1: Construct k = |€]! permutations &

2: for each permutation & do

3: or + M(Z,&) // Generate outputs for all orderings

4: end for

5: for each generated output o, do

6: @y < > log P(xir | T ® xjk<ir) // Log probs without examples
7: end for

8: k* = argmax Py, // Select optimal ordering

9: return c‘i*

free log probability:

k* = argmax Py, (6.3)
k

Figure 6.6 shows the effect of this transformation for the same utterance from Figure 6.2:
the example-free scores clearly separate correct from incorrect outputs, whereas the standard

ICL log probabilities could not. The full algorithm is given in Algorithm 4.
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—20 A -
v (¥
1 2 3 4 5 6
Order

Figure 6.6: OptiSeq log probabilities after removing in-context examples, showing clear
separation between correct and incorrect outputs.
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EOptiSeq

While OptiSeq provides reliable ordering selection, evaluating all |£]! permutations grows
factorially with the number of examples. EOptiSeq prunes the search space by anchoring
the first example position using embedding similarity, motivated by the finding that placing

the most relevant example first yields the highest accuracy [133].

Given test instance s and examples {eq,...,eg}, EOptiSeq computes Sentence-BERT

embeddings [184]:

vV, = SBERT(el), Viest — SBERT(I‘teSt) (64)
and cosine similarities s; = m The highest-ranked example is anchored in the first

position, reducing the search from £! to (£ — 1)! permutations. The final ordering is selected

using the same example-free log probability scoring as OptiSeq.

6.4.3 Experimental Strategy

We evaluate OptiSeq and EOptiSeq across two tasks, five datasets, and five LLMs under

three-shot ICL with greedy decoding.

Datasets

We consider two tasks: API sequence generation and text classification. API gen-
eration requires producing a sequence from a set of API candidates (multi-label prediction
over a large combinatorial output space), a setting that prior ordering methods do not
address [73, 141]. For text classification we use (i) AG News [249], (ii) SST-5 [197], and
(iii) TREC [78]. For API generation we use (iv) RestGPT [199] and (v) ToolBench [174].
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Models

We evaluate five models from three families over a parameter range of 8B to 70B:

e llama-3-8b-instruct |71]

llama-3-70b-instruct [71]

e granite-13b-instruct-v2 [83]

granite-20b-code-instruct [83]

mixtral-8x7b-instruct-v01l [84]

Baselines

We compare against Random ordering, Top-K (cosine similarity ranking), LocalE [141]
(median-entropy ordering computed over a development set assuming balanced labels), and
Influence score [73| (per-ordering deviation from average predicted probability). LocalE
and Influence require corpus-level statistics and labeled development data; comparisons are
provided as reference but are not strictly apples-to-apples. All methods operate on identical

example sets to isolate ordering effects.

Metrics

For classification tasks we report accuracy (%). For API sequence generation tasks we
report accuracy (exact sequence match), recall (fraction of correct APIs in ground truth),
and precision (fraction of correct APIs in predicted sequence), all ignoring ordering within

the API sequence for recall and precision.
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Dataset Model Random Top-K OptiSeq EOptiSeq LocalE Influence
llama-3-8b-instruct 43.99 44.80 54.18 51.12 48.77 50.30
llama-3-70b-instruct 58.24 59.06 68.43 65.37 63.03 64.56

ToolBench | granite-20b-code-instruct 53.76 56.21 62.93 60.28 60.32 61.54
granite-13b-instruct-v2 43.42 44.41 47.76 46.37 43.31 44.64
mixtral-8x7b-instruct-v01 43.38 42.56 48.26 46.23 46.90 42.26
llama-3-8b-instruct 40.76 42.04 61.15 52.32 48.46 51.09
llama-3-70b-instruct 54.14 57.96 69.42 64.34 61.48 64.97

RestGPT granite-20b-code-instruct 35.03 39.49 46.49 42.43 38.15 38.15
granite-13b-instruct-v2 24.84 24.20 30.57 28.02 25.87 26.71
mixtral-8x7b-instruct-v01l 41.41 43.31 55.41 51.59 43.17 42.15
llama-3-8b-instruct 72.13 73.89 78.54 75.64 74.44 76.53
llama-3-70b-instruct 75.00 76.50 81.00 78.00 77.50 79.03

AGNews granite-20b-code-instruct 62.90 66.31 73.94 69.27 61.99 65.92
granite-13b-instruct-v2 59.81 58.69 61.36 59.98 59.42 60.52
mixtral-8x7b-instruct-v01 85.45 85.97 89.60 86.37 86.78 87.62
llama-3-8b-instruct 53.10 53.10 57.10 54.10 54.87 54.00
llama-3-70b-instruct 55.00 55.50 60.00 56.00 57.20 56.80

SST-5 granite-20b-code-instruct 27.80 30.50 32.70 30.70 28.66 29.16
granite-13b-instruct-v2 46.90 47.90 50.10 48.90 47.15 47.45
mixtral-8x7b-instruct-v01l 52.90 53.90 55.70 54.90 54.38 54.85
llama-3-8b-instruct 60.60 63.20 67.80 66.40 63.80 64.20
llama-3-70b-instruct 62.00 65.00 70.00 68.00 65.60 66.00

TREC granite-20b-code-instruct 50.60 53.40 58.00 55.60 50.98 51.34
granite-13b-instruct-v2 40.00 43.20 46.40 45.20 40.36 40.69
mixtral-8x7b-instruct-v01l 62.20 66.80 73.20 70.60 68.94 69.40

Table 6.1: Accuracy (%) comparison across datasets and models. Bold indicates the highest
accuracy; underlined indicates the second-highest.

6.4.4 Results and Discussion

OptiSeq consistently outperforms all baselines across tasks, datasets, and model
families. Table 6.1 shows that OptiSeq achieves an average improvement of 10.5 percentage
points over Random and 9.05 points over Top-K for API generation, and approximately
6 points over both for classification. Gains over LocalE and Influence score average 5.5
6.5 points for API generation and 4 points for classification. The key differentiator is the
example-free re-scoring: LocalE and Influence evaluate log probabilities while examples are
still present, which preserves the ordering-induced probability shifts and reduces distinguisha-
bility between permutations. By removing the examples before re-scoring, OptiSeq obtains a

cleaner, ordering-agnostic confidence estimate that reliably identifies the best permutation.

Strategic ordering of fewer examples outperforms unordered many-shot ICL.
Figure 6.7 shows that 3-shot OptiSeq outperforms 4-shot and 5-shot ICL with Random and

Top-K ordering. This is significant because context-length constraints make adding more
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examples impractical in production settings, and adding examples without optimizing their
order can introduce noise or redundancy [134|. Optimizing the ordering of a smaller set is

more effective than naively expanding it.

ToolBench - granite-20b code-instruct 70 ToolBench - mixtral-8x7b-instruct
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Figure 6.7: 3-shot OptiSeq (red) outperforms 4- and 5-shot ICL with Random and Top-K
ordering, showing that optimized ordering of fewer examples beats unordered many-shot
prompting.

OptiSeq generalizes under out-of-distribution examples. Figure 6.8 presents OOD
experiments where ToolBench queries use RestGPT in-context examples and vice versa. Op-
tiSeq with OOD examples outperforms Random and Top-K with in-distribution examples by
6.15 and 5.35 percentage points respectively. This is a particularly valuable property in on-
line settings where in-domain examples may be unavailable: optimized ordering compensates

for domain mismatch.

EOptiSeq trades modest accuracy for improved efficiency. By anchoring the first
example position via embedding similarity, EOptiSeq reduces the permutation space from
El'to (€ — 1)!. Tt consistently outperforms Top-K and Random but lags OptiSeq by a small

margin—an acceptable trade-off in latency-sensitive deployments.

Practical impact in deployed pipelines. In an edge-cloud middleware deployment for

API sequence generation, OptiSeq-guided prompting reduces retry attempts by 35-45% com-
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Figure 6.8: In-distribution (ID) vs. out-of-distribution (OOD) performance on API genera-
tion. OptiSeq with OOD examples outperforms Random/Top-K with ID examples.

pared to Random and Top-K ordering, with llama-3-8b-instruct on Rest GPT achieving 95.5%

Success@3 with roughly half the retries of Top-K and a 19% higher first-try success rate.

Limitations. OptiSeq requires evaluating |£|! permutations, which grows factorially. This
is practical for 3-5 shot settings but prohibitive for many-shot ICL (> 10 examples). Search-
based strategies such as beam search over the permutation space are a natural extension for

such settings.

6.5 VOILA: Selecting System-Level Context

While OptiSeq optimizes what the prompt contains, there is a complementary question that
arises before the prompt is even constructed: what information should be retrieved in the
first place? For multimodal and agentic systems, retrieval itself has a cost—in bandwidth,
latency, and storage—and different queries require fundamentally different amounts of visual
information. VOILA addresses this system-level context selection problem by learning to
predict, from the query alone and before any retrieval, the minimum-cost input fidelity

required to answer correctly.
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Figure 6.9: VOILA overview. Example of pre-retrieval fidelity selection: low-cost repre-
sentations may be insufficient, while an intermediate fidelity can answer the query correctly
without incurring full-resolution retrieval cost.

6.5.1 Motivation and Problem Formulation

Modern multimodal systems store visual content across heterogeneous storage tiers. Mobile
services like Google Photos and iCloud Photos cache compressed thumbnails and captions
locally while full-resolution originals reside in cloud storage [138, 208|. Enterprise systems use
hot/cold storage hierarchies with retrieval latencies ranging from milliseconds to minutes [11].

Crucially, these costs are incurred before any model is invoked.

A naive system always retrieves at maximum fidelity—incurring the maximum cost regardless
of query requirements. But queries have fundamentally different minimum information needs:
“What color is the car?” can be answered from a low-resolution thumbnail, while “What text
appears on this sign?” requires a full-resolution image. Given the query “Which airline
is this plane from?”, a VLM cannot answer from a 2 KB text caption alone but correctly
identifies “Air France” from a moderately compressed 46 KB JPEG, avoiding retrieval of the

433 KB full-resolution image—a 9x bandwidth reduction.

We formalize this as a cost-sensitive information acquisition problem. Let (g, x) denote query
¢ and image z. Given a discrete, ordered set of input fidelities F = {f,..., fx} sorted by

increasing acquisition cost, the objective is to select the fidelity f* maximizing expected
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utility:
fr=arg max (Pr(ay is correct | q) — Ac(f))
€

where ¢( f) captures retrieval bandwidth, latency, and storage overhead, ) is a cost-sensitivity
parameter, and the probability of correctness must be estimated before retrieving fidelity f

or running the VLM.

Pre-retrieval constraint. Because fidelity selection must occur before retrieval, VOILA
cannot rely on post-hoc model signals such as token log probabilities or hidden activations—
the very signals that OptiSeq exploits. Instead, it must reason using only signals derivable
from the question text alone, which distinguishes VOILA from all model routing approaches

that assume inputs are already available.

Pre-retrieval fidelity selection is relevant in three deployment scenarios: (i) Edge-Cloud
VQA Systems, where network latency and bandwidth costs dominate query latency and
captions/thumbnails are cached on-device while full-resolution images reside in the cloud;
(ii) Agentic Memory Systems [144, 168], where long-context agents store episodic memo-
ries across storage tiers with varying retrieval costs; and (iii) Mission-Critical Cyber-
Physical Systems [177]|, where autonomous drones transmit imagery over bandwidth-

constrained networks.

Empirical Observations

To motivate VOILA’s design, we present three empirical observations based on Pixtral-12B
on VQA-v2, examining how model behavior varies across input fidelities from text-only

captions to full-resolution images.

Observation 1: Information Requirements Vary Systematically Across Queries.

Figure 6.10a quantifies how different question types over the same images require different
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Figure 6.10: Empirical evidence motivating VOILA’s design (Pixtral-12B, VQA-v2).
(a) Low-fidelity inputs succeed on semantically coarse queries but fail on visually demand-
ing ones; no single fidelity dominates. (b) Incorrect low-fidelity answers often receive log-
probabilities comparable to correct answers, making post-retrieval confidence an unreliable
escalation signal. (c) Scaling model size yields limited gains when input fidelity is insuffi-
cient; model capacity cannot substitute for missing visual evidence.

minimum input fidelities. Low-fidelity representations (captions, 32x32 thumbnails) suc-
ceed on semantically coarse queries such as yes/no and broad object identification, but fail
disproportionately on counting, color, spatial, and OCR tasks that require fine-grained vi-
sual evidence. High-fidelity inputs substantially improve accuracy on visually demanding
categories while offering limited gains on queries already solvable at low fidelity. No single

fidelity dominates across query types, motivating query-adaptive fidelity selection.

Observation 2: Model Confidence Is an Unreliable Signal for Context Sufficiency.
A common adaptive heuristic is to retrieve low-cost context first and escalate to higher-
fidelity inputs only when the model exhibits low confidence (token-level log-probabilities).
However, as shown in Figure 6.10b, incorrect answers produced from low-fidelity inputs of-
ten receive log-probability scores comparable to correct answers—frequently exceeding con-
fidence thresholds that would prevent escalation. This leads to confident but wrong predic-
tions being returned without ever accessing more informative representations. Post-retrieval
confidence is thus an unreliable indicator of context sufficiency, motivating pre-retrieval,

query-conditioned decision mechanisms.

Observation 3: Model Scaling Does Not Compensate for Insufficient Information.
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Figure 6.10c shows that under fixed input fidelity, scaling yields limited and non-monotonic
gains: caption-only inputs exhibit early saturation and even degradation at larger model
sizes, while moderately compressed inputs (JPEG Q10) show only marginal improvement.
Full-resolution inputs consistently benefit from increased capacity. These trends indicate
that model failures under low-fidelity inputs stem from missing visual evidence rather than

inadequate reasoning, and that information sufficiency is a prerequisite for effective scaling.

Together, these three observations establish that (i) information requirements are predictable
from query features, (ii) post-retrieval confidence signals are insufficient for escalation deci-
sions, and (iii) model scaling cannot substitute for pre-retrieval information selection. This
motivates VOILA’s formalization of pre-retrieval context selection as a cost-sensitive learning

problem.

6.5.2 Methodology

VOILA employs a two-stage pipeline to estimate fidelity-specific success probabilities and

use them for cost-aware routing.

Question-Conditioned Success Scoring

For each fidelity f € F, a training set is constructed by executing the VLM at fidelity f
on labeled examples and recording whether the output is correct (yy € {0,1}). A question
feature representation ¢(q) is extracted consisting of TF-IDF features of the question text,
lexical statistics (length, numeric indicators), and coarse question-type features (counting,

color, spatial). A Gradient Boosting Regressor (GBR) is trained per fidelity:

ri(q) = g5(0(q))

to produce a raw score correlating with the VLM’s correctness likelihood at fidelity f. GBR

is chosen for its robustness in sparse, mixed feature spaces; the framework is agnostic to the
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specific regressor.

Fidelity-Specific Probability Calibration

Raw scores rf(q) are not guaranteed to be well-calibrated as probabilities. To obtain reli-
able estimates suitable for decision-making, a fidelity-specific isotonic regression calibrator

is applied:

Yy iry(q) = prlq)

fitted on a held-out calibration split. Isotonic regression enforces monotonicity while re-
maining non-parametric, correcting systematic over- and under-confidence without para-
metric assumptions. At inference time, only the lightweight calibrated predictor ps(q) is

evaluated—no VLM invocation or retrieval is needed.

The key effect of calibration is probability separation. As illustrated in Figure 6.11,
the VLM’s own token probabilities cluster in a narrow, overlapping band for both correct
and incorrect predictions—providing little discriminative signal under low-fidelity inputs.
In contrast, the GBR —+ isotonic pipeline produces well-separated, monotonic probabilities:
queries solvable at low fidelity concentrate near high py values, while those requiring ad-
ditional visual detail receive lower estimates. This separation is what enables reliable VOI

decisions.

0. 0.
0 2500 5000 7500 10000 12500 15000 17500 0 2500 5000 7500 10000 12500 15000 17500
Swplelndex o sumplelndes

Figure 6.11: Calibrated vs. uncalibrated probabilities (full-resolution fidelity, VQA-
v2). Left: VLM token probabilities are compressed into a narrow band (correct mean:
0.484; incorrect mean: 0.446), providing negligible discriminative signal. Right: GBR +
isotonic calibration achieves clear separation (correct mean: 0.771; incorrect mean: 0.658),
enabling reliable value-of-information decisions across fidelities.
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Algorithm 5 VOILA Inference Procedure

1: Input: Query ¢, fidelity set F = {fi,..., fx}, trade-off A

2: Output: Selected fidelity f* and answer a -

3: // Phase 1: Fidelity selection (question-only, no VLM)

4: Initialize f < f1 > Start with lowest-cost fidelity
5: Compute ps(q) using calibrated predictor ¢ ¢(rf(q))

6: for f' € {fs,..., fx} in ascending cost order do

7: Compute ps(q) using calibrated predictor ¢4 (rp(q))

8 VOIL« [pp(q) —pr(q)] — A-c(f)

9: if VOI > 0 then

10: f«fr > Escalate to higher fidelity
11: pr(q) < Dy (q)

12: else

13: break > No further escalation justified
14: end if

15: end for

16: // Phase 2: Execute VLM once at selected fidelity

17: Retrieve visual representation at fidelity f

18: Execute VLM to produce answer ay

19: return f,ay

Value-of-Information-Based Fidelity Selection

Given calibrated success probabilities pf(q), VOILA selects fidelities by comparing their

expected utility via the Value of Information (VOI):

VOI(f; | fi) = b (@) = Pr(q) = A~ (e(f3) — e(fi))

Starting from the lowest-cost fidelity, VOILA escalates to the next fidelity only when VOI >
0, i.e., when the expected accuracy gain justifies the additional retrieval cost. The selected
fidelity is the lowest-cost option that cannot be profitably escalated further. This implements
a near Bayes-optimal policy: utility regret is bounded by calibration error, so improvements
in calibration directly translate to better routing. The complete inference procedure is given

in Algorithm 5.
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6.5.3 Experimental Strategy
Models and Datasets

We evaluate six state-of-the-art VLMs spanning 7B to 235B parameters: Piztral-12B [5],
LLaMA-4-Maverick (17Bx 12E) (3|, LLaVA-1.5-7B |257|, Qwen2-VL-72B, Qwen2.5-VL-7B,
and Qwen3-VL-235B-A22B [18]. This range allows assessment of whether fidelity selection

remains beneficial as model capacity scales.

We evaluate on five datasets spanning complementary deployment regimes: VQA-v2 [70]
and GQA [82] for standard compositional VQA; TextVQA [196] for OCR-dependent rea-
soning; FloodNet [177] for mission-critical aerial imagery; and LoCoMo [144] for long-
horizon agentic memory retrieval (VQA-style pairs generated from conversational memory
items via GPT-40).

Input Fidelities and Cost Model

For each image, we construct an ordered fidelity set
F = {caption, resizessy32, jpeg_ql, jpeg_ql0, full}

reflecting representations already materialized in real-world systems. Acquisition cost is

modeled as:

c(f) =aB(f) + BL(f) +~v5(f)

where B(f), L(f), S(f) capture bandwidth ratio, retrieval latency, and storage access
penalty. Costs are normalized so ¢(full) = 120. Table 6.2 summarizes the normalized

costs for each fidelity.
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Table 6.2: Normalized acquisition costs per fidelity. Costs reflect bandwidth, retrieval
latency, and storage tier penalties, normalized such that ¢(full) = 120.

Fidelity Caption Resize 32x32 JPEG Q1 JPEG Q10 Full
Cost 9.1 18.1 454 63.9 120.0

Evaluation Metrics

We report task accuracy and average acquisition cost per query. Brier score is reported in

ablation studies to assess calibration quality.

6.5.4 Results and Discussion

Main Results: Pareto Frontier Analysis

Pixtral Llama-4-Maverick Qwen2-VL Qwen2.5-VL Qwen3-VL-235B
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Figure 6.12: Accuracy—cost Pareto frontiers across datasets and models. Each
subplot compares VOILA to fixed-fidelity baselines in the accuracy vs. normalized retrieval
cost plane (upper left is better). Dashed curves denote Pareto frontiers. Across all datasets
and model scales, VOILA lies on or near the frontier, achieving near-full-resolution accuracy
at 50-60% lower average cost. No single fixed fidelity is Pareto-optimal.

VOILA matches near-full-resolution accuracy at 50-60% lower cost. The Pareto
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frontiers in Figure 6.12 show that VOILA lies consistently close to the full-resolution operat-
ing point across all datasets and models, while operating at substantially lower cost. In most
cases VOILA achieves accuracy within 2-6 percentage points of always using full-resolution
images, yet reduces normalized retrieval cost by roughly 50-60%. This pattern is stable
across diverse visual regimes, including OCR-heavy TextVQA and bandwidth-constrained
FloodNet, indicating that VOILA reliably identifies when high-fidelity visual information is

genuinely required and avoids unnecessary retrieval otherwise.

Complete Accuracy and Cost Results

Gains persist under model scaling. The same qualitative Pareto improvements hold
across model sizes from 7B to 235B parameters and across datasets with distinct visual
and linguistic distributions. Larger models improve absolute accuracy, but the relative gap
between fixed-fidelity baselines persists, and VOILA continues to recover most of the full-
resolution accuracy at a fraction of the cost. Model scaling alone cannot compensate for
insufficient visual information: when critical details are missing, even very large models fail.
VOILA’s consistent gains reflect a complementary optimization axis—adaptive information

acquisition—rather than an artifact of model capacity.

Fidelity Selection Distributions

Figure 6.13 reveals the learned routing behavior of VOILA. Across all models and datasets,
VOILA overwhelmingly routes queries to low-cost representations: captions handle queries
that require only semantic understanding, while higher-fidelity inputs are reserved for vi-
sually demanding tasks. This adaptive distribution is the key mechanism behind VOILA’s
cost savings—rather than blindly using expensive full-resolution inputs, VOILA learns that
the majority of queries can be answered from compact representations already available

on-device or in hot storage.
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Table 6.3: Complete comparison across VQA-v2, GQA, FloodNet, and TextVQA.
Accuracy (%) and average normalized cost for each method. VOI rows are bolded. VOILA
achieves accuracy within 2-6% of full-resolution at 50-60% lower cost across all model-

dataset pairs.

Model Method VQA-v2 GQA FloodNet TextVQA
Acc Cost Acc Cost Acc Cost Acc Cost

Caption 49.83 9.1 4245 9.1 47.84 9.1 51.31 9.1
VoI 68.67 45.41 67.37 45.66 79.48 34.94 75.92 43.09

. JPEG Q10  69.21 63.9 69.81 63.9 75.75 63.9 74.82 63.9
Pixtral-12B-2409 JPEG Q1 57.27 45.4 60.53 454 55.70 454 52.28 45.4
Resize 32x32 33.80 18.1 38.10 18.1 52.05 18.1 19.57 18.1

Original 74.06 120.0 73.52 120.0 81.51 120.0 79.29 120.0

Caption 4598 9.1 34.93 9.1 45.01 9.1 51.70 9.1
VoI 64.61 43.37 60.87 41.64 69.14 39.68 64.52 44.98

. JPEG Q10  65.99 63.9 63.17 63.9 65.23 63.9 65.48 63.9
Llama-4-Maverick (17Bx12E) jppq Q1 50.45 45.4 52.76 45.4 60.41 454 45.11 45.4
Resize 32x32 39.42 18.1 43.92 18.1 55.73 18.1 25.11 18.1

Original 67.37 120.0 63.56 120.0 70.35 120.0 71.56 120.0

Caption 40.21 9.1 3234 9.1 56.48 9.1 58.19 9.1
VoI 73.01 48.00 71.03 45.37 75.51 30.30 88.65 51.64

JPEG Q10  74.27 63.9 71.57 63.9 78.07 63.9 86.84 63.9

Qwen2-VL-72B-Instruct JPEC Q1 60.49 45.4 62.68 45.4 79.84 45.4 58.96 45.4
Resize 32x32 43.90 18.1 49.63 18.1 76.85 18.1 19.27 18.1

Original 77.16 120.0 74.35 120.0 76.08 120.0 93.11 120.0

Caption 58.01 9.1 64.09 9.1 51.05 9.1 47.80 9.1
VoI 68.07 38.52 71.18 26.86 80.12 40.77 64.85 47.62

JPEG Q10  70.21 63.9 74.11 63.9 73.64 63.9 63.25 63.9

LLaVA-1.5-TB-hf JPEG Q1 58.25 45.4 63.51 454 70.76 45.4 49.50 45.4
Resize 32x32 58.99 18.1 67.37 18.1 66.22 18.1 21.50 18.1

Original 72.80 120.0 75.77 120.0 82.61 120.0 66.45 120.0

Caption 36.65 9.1 41.28 9.1 48.06 9.1 43.48 9.1
VoI 72.01 57.31 62.92 59.66 78.17 34.85 72.90 50.72

JPEG Q10  72.10 63.9 60.14 63.9 61.24 63.9 70.26 63.9

Qwen2.5-VL-7B-Instruct JPEG Q1 56.26 45.4 48.66 45.4 56.81 45.4 41.74 45.4
Resize 32x32 48.38 18.1 46.70 18.1 50.06 18.1 11.35 18.1

Original 77.98 120.0 67.22 120.0 77.19 120.0 73.87 120.0

Caption 57.36 9.1 28.97 9.1 5299 9.1 59.05 9.1
VoI 74.57 52.04 68.28 44.70 80.62 32.94 94.10 51.75

JPEG Q10  72.58 63.9 70.40 63.9 82.95 63.9 93.65 63.9

Qwen3-VL-235B-A22B JPEG Q1 62.62 45.4 62.58 454 81.06 454 69.85 45.4
Resize 32x32 50.21 18.1 54.08 18.1 72.31 18.1 22.00 18.1

Original 79.01 120.0 72.98 120.0 83.39 120.0 97.15 120.0
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Figure 6.13: Learned fidelity selection distributions under VOILA routing. Each
subplot reports the percentage of queries routed to each input fidelity across four datasets
(rows) and six VLMs (columns). Low-cost representations (captions and thumbnails) dom-
inate across all settings, while higher-cost fidelities (JPEG Q1/Q10 and full-resolution) are
selected selectively when expected utility justifies their acquisition cost.

Out-of-Distribution Generalization

Table 6.4 reports accuracy and average acquisition cost when VOILA is trained on one
dataset and evaluated on the other. Across all six VLMs, VOILA exhibits stable accuracy—
cost behavior under both VQA—GQA and GQA—VQA transfer, with only modest degra-
dation. Notably, average acquisition costs remain close to the in-distribution operating
point rather than collapsing to full-resolution retrieval under distribution shift. These re-
sults confirm that VOILA’s adaptive fidelity selection generalizes across datasets, and that
the minimum visual information required by a query is primarily determined by question

characteristics rather than dataset-specific statistics.
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Table 6.4: Out-of-distribution generalization. Accuracy (%) / avg. cost when training
on one dataset and testing on the other. VOILA’s routing policy is stable across dataset
transfer, confirming that query-driven fidelity requirements generalize across distributions.

Model VQA—-GQA GQA—-VQA
Llama-4-Maverick (17Bx12E) 58.57 / 48.55 64.77 / 45.87
Pixtral-12B-2409 64.77 / 45.87 63.34 / 42.26
Qwen2.5-VL-7B 62.87 / 40.71 62.44 / 34.93
LLaVA-1.5-7B 69.12 / 64.60 69.76 / 58.64
Qwen3-VL-235B 74.49 /7340 75.98 / 67.98
Qwen2-VL-72B 65.61 / 34.23 66.24 / 33.13

Agentic Memory Retrieval (LoCoMo)

Table 6.5: LoCoMo memory recall (Acc % / Cost). Despite being trained on VQA-v2
and GQA, VOILA generalizes to this out-of-distribution agentic memory setting, consistently
achieving strong accuracy—cost tradeoffs across all models.

Model Caption Original VOILA

Pixtral-12B-2409 32.5 /10 46.7 / 120 43.6 / 69.5
Qwen2.5-VL-7B-Instruct 26.8 /10 73.0 /120 67.1 / 52.3
LLaVA-1.5-7B-hf 43.7 /10 64.7 /120 61.5 / 53.0
Qwen3-VL-235B-A22B 274 /10 76.7 /120 72.6 / 51.5
Llama-4-Maverick (17Bx12E) 29.3 / 10 60.8 / 120 56.2 / 50.9
Qwen2-VL-72B-Instruct 26.4 /10 76.0 /120 68.1 / 40.8

Table 6.5 shows VOILA’s performance on LoCoMo evaluating long-horizon agentic mem-
ory retrieval in an out-of-distribution setting. VOILA is trained exclusively on static VQA
benchmarks (VQA-v2 and GQA), yet generalizes effectively to LoCoMo’s constrained mem-
ory setting. For Qwen2.5-VL-7B, VOILA attains 67.1% accuracy at cost 52.3—substantially
better than caption-only retrieval (26.8%) while avoiding the high cost of always retrieving
the original image (73.0% at cost 120). For the 235B-parameter Qwen3-VL model, VOILA
recovers 94.6% of full-resolution accuracy (72.6% vs. 76.7%) at less than half the retrieval
cost. These results demonstrate that VOILA learns query-driven signals about when addi-
tional visual information is valuable, rather than overfitting to specific datasets or fidelity

structures.

112



6.5.5 Ablation Studies

Effect of Calibration Method

Table 6.6: Ablation: calibration method and decision rule across 6 VLMs on
VQA-v2 and GQA. Entries report Acc (%) / Cost. None: uncalibrated raw GBR
scores; Iso: isotonic regression (VOILA default, bolded); Temp: temperature scaling; Acc:
accuracy-only routing (ignore cost); Thr: fixed threshold. Isotonic calibration consistently
yields the best cost—accuracy tradeoff.

| VQA-v2 | GQA
VLM | None Iso Temp | Acc Thr | None Iso Temp | Acc Thr
Pixtral-12B 66.24/52.18 68.67/45.41 66.89/56.32|74.06/120.0 69.21/63.90|64.12/51.23 67.37/45.66 63.84/49.67|73.52/120.0 69.81/63.90
Qwen3-VL-235B 72.13/58.91 74.57/52.04 73.24/61.08 |79.01/120.0 72.58/63.90 | 66.45/51.84 68.28/44.70 65.72/48.23|72.98/120.0 70.40/63.90
LLaVA-1.5-Tb 65.84/44.73 68.07/38.52 64.23/46.91|72.80/120.0 70.21/63.90 | 68.92/32.45 71.18/26.86 67.18/35.62|75.77/120.0 74.11/63.90

LLaMA-4-Maverick | 62.15/49.84 64.61/43.37 61.34/51.92|67.37/120.0 65.99/63.90 | 58.23/47.91 60.87/41.64 57.45/49.38 |63.56/120.0 63.17/63.90
Qwen2-VL-72B 70.48/54.72 73.01/48.00 71.15/58.34 |77.16/120.0 74.27/63.90 | 68.34/51.28 71.03/45.37 67.92/53.71|74.35/120.0 71.57/63.90
Qwen2.5-VL-7B 69.23/63.84 72.01/57.31 68.91/67.15|77.98/120.0 72.10/63.90 | 60.18/65.73 62.92/59.66 58.94/68.42|67.22/120.0 60.14/63.90

Isotonic calibration (VOILA default) consistently and substantially outperforms uncalibrated
routing across all model-dataset pairs, validating the importance of reliable probability
estimation for cost-aware decisions. Temperature scaling underperforms isotonic regres-
sion because it assumes a parametric miscalibration form that may not hold across fideli-
ties. Accuracy-only routing achieves the highest accuracy by always picking full-resolution
(cost = 120) but incurs maximum retrieval cost—confirming that the VOI cost-penalty term
captures useful signal. Fixed-threshold routing reduces costs but is less accurate than VOILA

as the threshold is dataset-agnostic and fails to adapt to per-query information requirements.

Predictor Robustness

Table 6.7: Predictor robustness under fixed isotonic calibration (Pixtral-12B, VQA-
v2 and GQA). Performance is broadly similar across predictors, confirming that VOILA’s

gains are driven primarily by calibration quality rather than predictor architecture. Entries
report Acc (%) / Cost.

Dataset GBR LogReg Ridge MLP

VQA-v2 68.67/45.41 67.92/47.23 68.14/46.58 67.35/48.91
GQA 67.37/45.66 67.81/46.84 67.73/45.12 68.05/49.27

Accuracy and cost are broadly similar across all four predictor architectures (GBR, logistic

regression, ridge regression, MLP), confirming that VOILA’s performance is not brittle to
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predictor choice. The primary driver of VOILA’s gains is calibration quality—any regressor

that produces monotonic scores and can be calibrated yields comparable results—though

GBR provides consistently strong and efficient performance as the default choice.

Extended Ablation: All Models and Datasets

Table 6.8: Extended ablation across all 6 VLMs and 4 datasets. Each entry reports
Acc (%) / Cost / Brier Score. Isotonic calibration (VOILA default, bolded) consistently
achieves the best cost—accuracy tradeoff. Lower Brier score indicates better-calibrated prob-

abilities.
Model Method Calibration Variants (VOI Routing) Alternative Decision Rules (Isotonic)
None Isotonic Temp. Scaling Acc-only Fixed-Thr.
VQA-v2

Pixtral-12B
Llama-4-Maverick
Qwen2-VL-72B
LLaVA-1.5-7B
Qwen2.5-VL-7B
Qwen3-VL-235B

Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier

66.24/52.18/0.256
62.15,/49.84/0.289
70.48/54.72/0.223
65.84/44.73/0.267
69.23/63.84/0.238
72.13/58.91/0.219

68.67/45.41,/0.231
64.61,/43.37,/0.264
73.01/48.00,/0.198
68.07/38.52/0.241
72.01/57.31,/0.212
74.57/52.04/0.195

66.89/56.32/0.248
61.34/51.92/0.281
71.15/58.34/0.215
64.23/46.91/0.259
68.91/67.15/0.231
73.24/61.08/0.211

74.06/120.0/0.231
67.37/120.0/0.264
77.16/120.0/0.198
72.80/120.0/0.241
77.98/120.0/0.212
79.01/120.0/0.195

69.21/63.90/0.231
65.99/63.90/0.264
74.27/63.90/0.198
70.21/63.90/0.241
72.10/63.90/0.212
72.58,/63.90/0.195

GQA

Pixtral-12B
Llama-4-Maverick
Qwen2-VL-72B
LLaVA-1.5-7TB
Qwen2.5-VL-7B
Qwen3-VL-235B

Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier

64.12/51.23/0.278
58.23/47.91/0.312
68.34/51.28/0.241
68.92/32.45/0.245
60.18,/65.73/0.289
66.45/51.84/0.256

67.37/45.66,/0.253
60.87/41.64,/0.287
71.03/45.37,/0.218
71.18/26.86,/0.221
62.92/59.66,/0.265
68.28/44.70/0.232

63.84/49.67/0.271
57.45/49.38/0.305
67.92/53.71/0.235
67.18/35.62/0.239
58.94/68.42/0.282
65.72/48.23/0.249

73.52/120.0,/0.253
63.56,/120.0/0.287
74.35/120.0/0.218
75.77/120.0/0.221
67.22/120.0/0.265
72.98,/120.0,/0.232

69.81/63.90/0.253
63.17/63.90/0.287
71.57/63.90/0.218
74.11/63.90/0.221
60.14/63.90/0.265
70.40,/63.90/0.232

FloodNet

Pixtral-12B
Llama-4-Maverick
Qwen2-VL-72B
LLaVA-1.5-7B
Qwen2.5-VL-7B
Qwen3-VL-235B

Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier

76.84/41.28/0.198
66.73/45.12/0.267
73.18/36.84/0.212
77.45/46.92/0.187
75.62/40.91,/0.203
78.34/38.72/0.182

79.48/34.94/0.176
69.14/39.68,/0.243
75.51/30.30,/0.189
80.12/40.77,/0.165
78.17/34.85/0.181
80.62/32.94,/0.161

77.12/43.56/0.191
67.21/47.38/0.259
73.92/39.12/0.205
78.23/49.18/0.181
76.18,/43.27/0.196
79.12/40.91/0.175

81.51/120.0/0.176
70.35/120.0/0.243
76.08/120.0/0.189
82.61,/120.0/0.165
77.19/120.0,/0.181
83.39/120.0/0.161

75.75/63.90/0.176
65.23/63.90,/0.243
78.07/63.90/0.189
73.64,/63.90/0.165
61.24/63.90/0.181
82.95/63.90/0.161

TextVQA

Pixtral-12B
Llama-4-Maverick
Qwen2-VL-72B

Acc / Cost / Brier
Acc / Cost / Brier
Acc / Cost / Brier

73.21/49.84/0.221
62.18/51.23/0.289
86.12/58.34,0.142

75.92/43.09,/0.198
64.52/44.98/0.265
88.65/51.64,/0.119

72.84/52.13/0.214
61.73/53.47/0.282
86.84/60.72/0.136

79.29/120.0,/0.198
71.56,/120.0/0.265
93.11/120.0/0.119

74.82/63.90/0.198
65.48/63.90/0.265
86.84,/63.90/0.119

The extended ablation in Table 6.8 confirms findings across all four datasets and includes

Brier scores as an explicit measure of calibration quality. The reduction in Brier score from

uncalibrated to isotonic calibration (e.g., from 0.256 to 0.231 for Pixtral-12B on VQA-v2)

directly correlates with improved accuracy—cost performance, providing empirical support

for the theoretical regret bound: better-calibrated probability estimates lead to better VOI

decisions.
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6.6 Chapter Summary

This chapter framed inference-time decision making as a problem of dynamic context man-
agement for foundation models. In deployed LLM- and VLM-based systems, workloads
consist of heterogeneous queries and tasks while the model weights remain fixed at serving
time. Because the model cannot be fine-tuned for each request, performance depends on
how effectively the system selects, structures, and retrieves context. We studied this prob-
lem at two levels: application-level context, which determines how the task is presented in
the prompt, and system-level context, which determines what information is retrieved and

at what cost.

Application-level context. OptiSeq demonstrated that the ordering of in-context exam-
ples is a critical and underexplored dimension of prompt design. By leveraging example-free
log probability scoring—removing the confounding influence of the examples themselves be-
fore re-evaluating output likelihood—OptiSeq identifies the ordering that best distinguishes
correct outputs, achieving gains of 5.5-10.5 percentage points over baselines across two tasks,
five datasets, and five LLMs ranging from 8B to 70B parameters. Crucially, the approach

requires no training data, no validation set, and no modification to the underlying model.

System-level context. VOILA demonstrated that different queries require fundamentally
different minimum input fidelities, and that this variability is predictable from the query
alone before any retrieval occurs. By combining gradient-boosted regression with isotonic
calibration and a value-of-information decision rule, VOILA selects the minimum-cost fidelity
that preserves accuracy, achieving 50-60% cost reductions while retaining 90-95% of full-

resolution accuracy across five datasets and six VLMs from 7B to 235B parameters.

Viewed jointly, these systems show that context is the practical control surface for fixed
foundation models at inference time. OptiSeq manages prompt-side context by ordering

demonstrations to improve task resolution, while VOILA manages retrieval-side context
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by selecting the cheapest sufficient fidelity before inference. In both cases, a lightweight
middleware layer converts available signals into runtime routing decisions without modifying

model weights.

Taken together, these results suggest that dynamic context management is a general design
principle for agentic Al systems. Optimizing both how context is structured in the prompt
and what context is retrieved before prompting opens a broad systems design space for

improving accuracy, efficiency, and cost at scale.
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Chapter 7

Key Takeaways and Future Directions

7.1 Overview

Chapter 1 established that modern machine learning systems must contend with three struc-
turally distinct phases of their lifecycle—training under data heterogeneity, continual adap-
tation to distributional shift, and inference-time resource management—and that each phase
exposes a class of decisions that model design alone cannot resolve. Which participants
should be selected in a federated round? When should a deployed model be updated as
its environment changes? How should in-context examples be ordered, and what fidelity
of input should be retrieved for a given query? These are not algorithmic questions about

model architecture; they are system-level decisions that require a principled governing layer.

The central response developed in this dissertation is that a middleware layer—sitting be-
tween data sources, models, and applications—should govern these decisions in a model-
agnostic, scalable, and deployment-compatible way. But what enables middleware to behave
sensibly across such varied settings without access to labeled feedback or model internals?

The answer, developed fully in Chapter 3, is a single unifying design principle: a unified
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signal abstraction layer for machine learning systems.

Machine learning systems continuously produce rich intermediate signals during standard
training and inference—label distributions capturing participant heterogeneity, latent repre-
sentations encoding input structure, and log probabilities and calibrated confidence reflecting
prediction uncertainty. Despite being readily available, these signals are typically transient
and underutilized within the system stack. This dissertation argues that they should be
treated as first-class system abstractions. Doing so requires explicitly observing these signals,
analyzing them through principled transformations, and routing them through a middleware

layer that translates observations into actionable system decisions.

The observe—analyze—act methodology, introduced in Chapter 3, operationalizes this princi-

ple:

1. Observe: Signals are extracted from the standard model and data computations with-
out requiring architectural modification or additional supervision. FLIPS observes la-
bel distributions at federated participants [23|; ShiftEx computes latent embeddings
and divergence statistics from streaming client data [24]|; OptiSeq and VOILA read
log-probability distributions and calibrated confidence estimates from LLM and VLM

outputs |25, 22|.

2. Analyze: Raw signals are transformed—through clustering, debiasing, normalization,
divergence estimation, or calibration—into structured representations that are reliable
and comparable for downstream decision-making. This step is critical: raw signals are
often noisy, biased, and distribution-dependent, and cannot be used directly to drive

decisions.

3. Act: Analyzed signals are mapped to executable system-level decisions that improve
efficiency, robustness, or cost-awareness without modifying the underlying model: par-

ticipant selection policies in FLIPS, expert creation and routing decisions in ShiftEx,
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prompt permutation selection in OptiSeq, and retrieval fidelity choices in VOILA.

This framework provides the unifying thread across all four contributions. FLIPS, ShiftEx,
OptiSeq, and VOILA differ in domain, model family, and deployment context, but each
instantiates the same observe—analyze—act pattern at a different stage of the machine learning
lifecycle. The sections that follow summarize what each contribution demonstrated, distill

the broader lessons, and chart directions for future work.

7.2 Summary of Contributions

This dissertation instantiated this unified signal abstraction perspective through four sys-

tems, each corresponding to a different stage of the machine learning lifecycle.

FLIPS: training-time adaptation through distribution signals. The first contribu-
tion, FLIPS, addressed federated learning under data and platform heterogeneity. FLIPS
used label distributions as an explicit signal of participant diversity and incorporated that
signal into middleware-driven participant selection. By clustering participants based on label
distribution and ensuring equitable representation during training, FLIPS showed that mid-
dleware can improve convergence and robustness without modifying the underlying learning
algorithm. In the language of this thesis, FLIPS demonstrated that even simple distribution-
level signals, when elevated to first-class system abstractions, can materially improve how

training is orchestrated.

ShiftEx: deployment-time adaptation through representation signals. The sec-
ond contribution, ShiftEx, extended this signal abstraction perspective to continual adapta-
tion in streaming federated environments. Here, the relevant signals were no longer static
label histograms, but evolving latent representations and label-distribution statistics over
time. ShiftEx used these signals to detect covariate and label shifts, assign clients to ap-

propriate experts, and adapt the model pool through a middleware layer that coordinated
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expert creation, reuse, and consolidation. This contribution showed that deployment-time
adaptation requires more than periodic retraining: it requires a system that can observe how

the data-generating environment is changing and react accordingly.

OptiSeq: inference-time adaptation through probabilistic signals. The third con-
tribution, OptiSeq, shifted focus to large language models operating in the in-context learning
regime. OptiSeq showed that the order of examples in a prompt can substantially influence
model behavior, and that this sensitivity can be exploited through inference-time optimiza-
tion. It used output log probabilities as a signal for comparing candidate example orderings
and selecting better prompting configurations without any retraining or additional super-
vision. This highlighted an important thesis theme: even when the model remains fixed,
middleware can still improve performance by interpreting signals emitted during inference

and using them to guide decision making.

VOILA: cost-aware multimodal inference through value-of-information signals.
The fourth contribution, VOILA, generalized this inference-time view to multimodal sys-
tems operating under retrieval and fidelity costs. VOILA used question-conditioned signals
to estimate whether a given visual fidelity would be sufficient before retrieval, and then se-
lected the minimum-cost representation that preserved expected utility. This contribution
expanded the notion of inference-time adaptation beyond prompt construction to include
information acquisition itself. In doing so, it showed that middleware can operate not only
on model outputs, but also on decisions about what information should be retrieved and

processed in the first place.

A unified systems view. Taken together, these four contributions support a single claim:
signals serve as a unifying abstraction layer for machine learning systems that need to adapt
at runtime. FLIPS, ShiftEx, OptiSeq, and VOILA differ in domain, task, and model family,

but they share a common structure. Each observes signals generated by the learning system,
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Figure 7.1: Middleware across the ML lifecycle. Dedicated decision layers govern system
behavior at each phase—training under data heterogeneity, continual adaptation to distri-
butional shift, and inference-time resource management—enabling model-agnostic policies
that improve efficiency, adaptability, and reliability in real-world deployments.

analyzes them into representations suitable for system-level control, and acts on those repre-
sentations through middleware decisions that improve efficiency, robustness, or adaptability.
The result is a thesis that is not simply about federated learning, continual learning, or
LLM inference in isolation, but about how machine learning systems can become more self-
aware and adaptive by systematically observing, analyzing, and acting on their own internal

signals, as shown in Figure 7.1.

7.3 Key Takeaways

This dissertation leads to several broader takeaways about the design of adaptive machine

learning systems.
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Signal abstractions for system-level decisions. Internal system artifacts—label dis-
tributions, embeddings, latent statistics, log probabilities, and calibrated confidence scores—
are produced during standard training and inference at little additional cost, yet they are
rarely surfaced as reusable decision primitives. This work demonstrates that these signals,
when elevated to first-class abstractions and paired with a dedicated analysis layer, can sup-
port meaningful system-level interventions across training, deployment, and inference. The
insight is not that any single signal type is universally powerful, but that systematically
observing and acting on what the model already produces is a principled path to adaptive

behavior.

Middleware is the right architectural layer for signal abstraction. Embedding
adaptation logic directly into the model reduces modularity, couples system-level concerns
to the model’s internals, and requires repeated retraining as operational requirements change.
Middleware, by contrast, is model-agnostic: it observes signals exposed through standard
interfaces, applies transformation and analysis logic independently of the learner, and de-
livers decisions that govern system behavior without modifying weights or architectures.
This separation of concerns makes signal-aware systems easier to compose, deploy across

heterogeneous model families, and update as deployment conditions evolve.

Raw signals require transformation to become reliable. A consistent finding across
all four systems is that raw signals cannot be used directly. Label distributions require
normalization and clustering before they can drive equitable participant selection. Latent
embeddings require divergence estimation to serve as stable shift indicators. Log probabilities
require debiasing to correct for positional and length effects before they can rank candidate
outputs fairly. In each case, the transformation step is not incidental—it is the core technical
contribution that makes the signal actionable. Designing principled transformations tailored
to each signal type is a fundamental engineering challenge in building reliable signal-driven

decision layers.
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Adaptation must be understood as a lifecycle property, not a single-stage con-
cern. The challenges addressed in this dissertation emerge at structurally different moments—
training under data heterogeneity, deployment under non-stationarity, and inference under
prompt sensitivity and resource constraints—yet they share a common structure. All can
be addressed by observing internal signals, analyzing them into reliable decision representa-
tions, and acting on the resulting system behavior accordingly. A unified signal abstraction
perspective reveals these as manifestations of the same underlying design problem, and the
observe—analyze—act abstraction as a common solution framework that applies across all

three lifecycle phases.

Resource-awareness must be a first-class optimization objective. Accuracy alone
is an insufficient design criterion for real-world deployments. Practical systems must contend
with communication cost, latency budgets, retrieval bandwidth, memory footprint, and mon-
etary expenditure—constraints that interact in non-trivial ways with model behavior. The
contributions in this dissertation show that internal signals provide a natural bridge between
model behavior and these operational concerns. OptiSeq improves prompt accuracy with-
out any additional training; VOILA maintains near-full-resolution accuracy while cutting
retrieval cost by 50-60%. Treating resource-awareness as a first-class objective, informed by

signal-driven middleware, yields systems that are not only accurate but deployable at scale.

Privacy and decentralization are compatible with effective signal-driven adap-
tation. A distinctive property of a unified signal abstraction layer is that it can operate
on aggregated or encoded representations—Ilabel distribution histograms, embedding statis-
tics, divergence scores—rather than raw data. FLIPS and ShiftEx demonstrate that powerful
adaptation decisions can be made in federated settings without centralizing participant data,
relying solely on summary statistics that carry minimal private information. This compat-
ibility is not a side benefit; it is a necessary condition for deploying adaptive middleware

in healthcare, financial services, and edge computing domains where raw data cannot be
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shared.

The observe—analyze—act framework is a reusable systems design pattern. Al-
though instantiated across four systems in specific settings, the observe—analyze—act frame-
work does not depend on any particular model class, domain, or deployment paradigm.
Distribution-level signals are relevant wherever data heterogeneity exists; representation-level
shift indicators apply to any model with an accessible embedding space; log-probability-based
decision-making applies to any model that produces output distributions. This generality
suggests that the unified signal abstraction layer is not a collection of domain-specific heuris-
tics but a principled and reusable design pattern for adaptive machine learning systems

broadly.

7.4 Practical Future Directions

The contributions of this dissertation establish a principled framework for lifecycle-aware
decision making in machine learning systems. At the same time, they surface several con-
crete next steps that are technically realistic, immediately useful, and well aligned with how

modern ML systems are already deployed.

7.4.1 Operationalizing a Unified Signal Abstraction Layer for ML

Systems

Each system in this dissertation—FLIPS, ShiftEx, OptiSeq, and VOILA—defines its own
signal types, extraction pipelines, and analysis logic in isolation. A natural next step is
to consolidate these capabilities under a shared infrastructure: a wunified signal abstraction
layer that standardizes how system-level observations are registered, calibrated, cached,
versioned, and consumed. Recent work already points in this direction from multiple angles:

internal representation signals can guide tool invocation, task-aware cache policies can shrink
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long-context memory costs, and output-distribution signals can drive inference-time compute
allocation without task-specific retraining [116, 259, 87|. What remains missing is the systems

interface that exposes these signals once and lets multiple downstream policies reuse them.

In practical terms, such a layer should provide four concrete services: a signal registry with
typed schemas, calibration and normalization modules that make signals comparable across
models, privacy-preserving summarization for distributed settings, and offline replay tools
for testing policies before deployment. This is a tractable systems problem rather than a
speculative one. Much like feature stores and observability stacks became standard once
production ML matured, a shared signal layer can make adaptive policies reusable across
training, deployment, and inference without forcing every new project to rebuild the same

plumbing from scratch.

7.4.2 Context Budgeting and Tool Invocation for Agentic Systems

One of the most pressing open problems in deployed language systems is context management
under hard token, memory, and latency budgets. Current approaches—truncation, sliding
windows, or hand-crafted summarization—are often static and only weakly connected to
what the model is actually using. The observe—analyze—act framework offers a more practical
alternative: use runtime signals to decide what context to retain, what to compress, and when

external tools are actually worth invoking.

Recent results suggest that this direction is already practical. Task-aware KV-cache com-
pression methods now adapt memory retention to the active task, and reusable compressed
caches can preserve broad knowledge while lowering repeated retrieval and long-context
costs [259, 44|. At the same time, long-context studies show that preserving instruction fi-
delity and the right contextual cues remains a first-order concern, not an afterthought [186].
A concrete next step for this thesis is therefore not a fully autonomous memory manager,

but a lightweight controller that scores context segments, preserves high-value instructions
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and evidence, and compacts lower-value history only when budgets become tight.

The same reasoning extends directly to tool use. Rather than invoking retrieval, search, or
code execution by default, the system can estimate whether the current uncertainty profile
justifies the call. Recent work on adaptive tool-use triggers supports exactly this kind of
selective invocation policy [116]. This is a natural and usable extension of VOILA: replace
fidelity selection over visual inputs with budgeted decisions over retrieval depth, tool calls,

and context expansion, all driven by signals the model already emits during inference.

7.4.3 Distribution-Grounded Model Routing and Escalation

A third concrete direction concerns model selection at serving time: given a query, which
model in a heterogeneous pool should process it? This is now a practical deployment problem
rather than a hypothetical one, as many systems rely on mixtures of small, fast models and
larger, more expensive ones. Recent routing systems already optimize quality, latency, and

cost trade-offs over heterogeneous model pools [224, 198|.

A natural extension of ShiftEx is to ground routing decisions in distributional similarity
rather than in hand-tuned heuristics alone. Instead of learning a router from expensive
labeled comparisons for every new model pool, a deployment can maintain embedding sum-
maries for each model’s strong operating region and compare incoming traffic to those sum-
maries using the same style of divergence estimates used for expert assignment in ShiftEx.
In practice, this can begin as a simple escalation policy: handle easy, in-distribution queries
with cheaper models, and escalate when confidence drops or when the query distribution

drifts away from the region where a smaller model is reliable.

The near-term opportunity here is not a fully general marketplace of autonomous experts,
but an auditable routing layer over a small number of models with different cost-quality

profiles. That makes the evaluation story much clearer: one can measure routing regret,
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escalation frequency, latency, and failure recovery directly, while still keeping the core thesis
contribution intact—signals and distribution summaries provide the right abstraction for

making these decisions without entangling them with model internals.

7.5 Reflection

A broader message of this dissertation is that machine learning systems research should
move beyond a purely model-centric view. As models become larger, more capable, and
more expensive to retrain, many practical improvements will come not from modifying the
model itself, but from designing better system layers around it. This is especially true in
real-world deployments, where the key challenges are often not architectural limitations, but

the need to operate robustly under heterogeneity, shift, uncertainty, and cost constraints.

This dissertation showed that internal signals provide an important foundation for this sys-
tems view. They make it possible to reason about what the model is seeing, how the envi-
ronment is changing, how confident the system is, and what information is worth acquiring.
Middleware, in turn, provides the mechanism for translating those observations into action.
In that sense, the central contribution of this dissertation is not only a set of four systems,
but a design philosophy: adaptive machine learning systems should be built by coupling ex-
pressive models with a unified signal abstraction layer that can observe, analyze, and adapt

through their internal signals.

7.6 Closing Remarks

In summary, this dissertation presented a unified signal abstraction framework for adaptive
machine learning systems. Across federated training, continual adaptation, and inference-
time optimization, it demonstrated that modern machine learning systems expose rich signals

that, when properly analyzed and calibrated, yield reliable decision policies. By elevating
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those signals into a dedicated decision layer, this work provides a path toward machine
learning systems that are not only more accurate, but also more efficient, robust, cost-aware,

and responsive to changing real-world conditions.

More broadly, this thesis argues for a shift in how we think about machine learning systems:
from static pipelines built around fixed models to adaptive systems that continually observe
themselves and respond. A unified signal abstraction layer for ML systems is the abstraction

that makes this shift possible.
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