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ABSTRACT OF THE DISSERTATION

Towards Practical AI for Networked Systems
by

Yuning Chen

Doctor of Philosophy in Electrical Engineering and Computer Science
University of California Merced, May 2025

Professor Wan Du, UC Merced, Chair

Artificial intelligence has made remarkable progress in areas such as vision,
language, and robotics, yet its deployment in real-world networked systems remains
limited. These systems, ranging from wireless sensor networks to live-streaming
platforms, present unique challenges such as unreliable data transmission, complex
environmental dynamics, and strict system-wise constraints.

This dissertation presents a suite of learning-enabled systems designed to tackle
the unique challenges of real-world networked environments. It begins with a phys-
ically grounded propagation model for LoRa-based communication in orchards,
enabling accurate signal estimation under dense canopy and terrain constraints.
Building on this foundation, a model predictive control framework is developed
for groundwater recharge optimization in agriculture, leveraging long-term fore-
casting and causal learning to ensure both water sustainability and crop safety.
Inspired by the need for universal temporal reasoning, GrangerNet advances time
series modeling by unifying Granger causality and delay differential equations to
enhance interpretability and predictive accuracy. Extending this line of work into
interactive networked applications, GenRTC addresses the real-time demands of
generative Al by introducing a scalable system for low-latency visual captioning
in live-streamed content. Together, these systems demonstrate how co-designing
machine learning with domain and system knowledge enables robust, interpretable,

and deployable intelligence in diverse networking scenarios.

Xiv



Chapter 1
Introduction

The rapid progress of Artificial Intelligence (AI) has revolutionized a wide array
of domains, enabling breakthroughs in areas such as image generation, predictive
analytics, and human-computer interaction. While many of these advancements
have been successfully applied in domains like finance, healthcare, and conversa-
tion, their practical adoption in networked systems remains underexplored.

Networked systems form the foundation of modern infrastructure and are cru-
cial to our daily lives. They encompass low-power and long-range data commu-
nication, edge and in-network signal processing, control decision making, and a
suite of downstream applications including video streaming and augmented /virtual
reality [3]. These applications span industries such as smart agriculture, manu-
facturing, and remote work. The deployment of Al in these settings presents
unique challenges, such as noisy environmental interactions, stringent system-wise
constraints, and complex context for Al to understand and support. To address
these challenges, this dissertation takes a system-first approach to embedding
intelligence in networked systems. Through a series of works, it explores how to
develop practical, interpretable, and domain-adaptive machine learning systems
for real-world networking scenarios.

The journey in filling this gap starts in Chapter 2 with a real-world deployment
of a LoRa sensor network in California’s almond orchards. Despite the promise of
LoRas long-range communication, empirical observations reveal significant perfor-

mance degradation in dense orchards due to the complex propagation environment.



To address this, the dissertation presents FLog, a novel signal propagation model
tailored for structured orchards [4, 5]. FLog captures signal shadowing through a
3D Fresnel Zone-based model and incorporates both tree canopies and ground
effects. It offers interpretable and accurate signal strength estimation, which
enables better planning of gateway deployment and network coverage. This work
demonstrates how domain structure (regular tree patterns) and physical-layer
insights can be embedded into data-driven modeling to provide practical and
efficient solutions for real-world sensor networks.

Building on the success of the LoRa network deployment, Chapter 3 extends
the Al-embedded system into a critical water management practice in California:
Agricultural Managed Aquifer Recharge (Ag-MAR). The objective is to recharge
groundwater aquifers by intentionally flooding farmland in the rain season. How-
ever, this process must be carefully managed to avoid crop damage due to root
oxygen deficit in the soil. This chapter introduces MARLP, a Model Predictive
Control (MPC) system that leverages long-term forecasting of soil oxygen levels
under various flooding schedules. It integrates multi-periodicity time series learn-
ing, causal-aware calibration with weather forecasts, and domain-specific planning
heuristics to deliver real-time, optimized flooding strategies. MARLP explores
how temporal reasoning and causality can be harnessed for predictive control in
complex agricultural ecosystems.

Chapter 4 further abstracts from the Ag-MAR control scenario to propose a
general-purpose causal time series model called GrangerNet. GrangerNet builds
on the classical vector autoregressive (VAR) modeling in Granger causality by
integrating it with delay differential equations (DDE) theory and a learned Granger
matrix, which encodes variable interactions across time lags and derivative orders.
Unlike prior work that only infers causal structures, GrangerNet uses this struc-
ture to directly improve forecasting and imputation tasks in multivariate time
series. Extensive evaluation demonstrates that GrangerNet not only produces
interpretable causal graphs, but also achieves state-of-the-art performance on real-
world datasets. This work illustrates the power of interpretable inductive biases

in improving the generalization and transparency of time series models.



To extend the Al adoption in various network problems, Chapter 5 shifts the
focus from sensor networks to interactive video systems, addressing the problem of
integrating Al-powered visual captioning into live-streamed media. As real-time
generative models grow in popularity, deploying them under the strict latency
and bandwidth constraints of live systems becomes increasingly difficult. This
chapter introduces GenRTC, a practical visual captioning system for live streaming
that predicts speaker intent and proactively generates relevant images. GenRTC
includes a cross-layer rendering pipeline that synchronizes generative outputs with
WebRTC video frames, and an MPC-based resource scheduler that maintains QoE
across concurrent sessions. Together, these components deliver an end-to-end
low-latency experience for viewers without overloading the media server, further
pushing the AI adoption in human-computer iteration via multimedia networked
systems.

In Chapter 6, we describe the future directions of what we plan to study based
on the scaling law in multi-modal large language models. Different from images,
the modality in wireless and network has unique challenges: (1) Different input
format caused by different frequency bands and hardware specifications; (2) Sparse
information in the spectrum; (3) Key insights are embedded in both temporal
domain and frequency domain. Preliminary data collection and grounding has been
done to provide a high-quality pre-training datatset. Future works will explore the
scaling law in pretraining, post-training, and inference-time optimizations. The
vision is that Al can utilize the networked system as a window to understand the
physical world and make trustworthy interpretations and control decisions.

In summary, this dissertation contributes a suite of real-world task-driven
algorithms and systems for networked applications. It demonstrates how domain
knowledge, time series modeling, causal reasoning, and system co-design can be
woven into practical Al tools. By addressing the distinct challenges of sensor
reliability, predictive control, causal modeling, and real-time streaming, this disser-
tation advances the frontier of applied Al for networked systems. Its findings have
the potential to enable more resilient, interpretable, and intelligent infrastructure

in a broad range of application domains.



Chapter 2

Automated Modeling of Link
Quality for LoRa Networks in
Orchards

LoRa networks have been deployed in many orchards for environmental mon-
itoring and crop management. An accurate propagation model is essential for
efficiently deploying a LoRa network in orchards, e.g., determining gateway cover-
age and sensor placement. Although some propagation models have been studied
for LoRa networks, they are not suitable for orchard environments, because they
do not consider the shadowing effect on wireless propagation caused by the ground
and tree canopies. This paper presents F'Log, a propagation model for LoRa signals
in orchard environments. FLog leverages a unique feature of orchards, i.e., all trees
have similar shapes and are planted regularly in space. We develop a 3D model of
orchards. Once we have the location of a sensor and a gateway, we know the media
that the wireless signal traverses. Based on this knowledge, we generate the First
Fresnel Zone (FFZ) between the sender and the receiver. The intrinsic path loss
exponents (PLE) of all media can be combined into a classic Log-Normal Shadow-
ing model in the FFZ. Extensive experiments in almond orchards show that FLog
reduces the link quality estimation error by 42.7% and improves gateway coverage
estimation accuracy by 70.3%, compared with a widely used propagation model.

The source codes and dataset are released at https://github.com/ycucm/Flog.



2.1 Introduction

The orchard crop is a significant contributor to the economy in California,
generating over 8.96 billion dollars in profit in 2021 [6]. Smart orchard man-
agement, such as smart irrigation [7, 8], tree health monitoring [9], air quality
monitoring [10] and pest control [11], is crucial for improving yield and minimizing
cost [12, 13, 14]. All these applications need to deploy a large number of sensors
across the orchards, e.g., tens or even hundreds of acres. LoRa is a promising
solution with a communication range of several miles, allowing gateways to receive
sensor data in a large field [15, 16, 17, 18, 19, 20, 21, 22]. However, this range is
only achievable in free space [23, 24], which is rarely found in orchards.

Our preliminary experimental results reveal that in an almond orchard, LoRa
signals can only be reliably transmitted up to 140 m with a Spreading Factor (SF)
of 10; whereas LoRa signals with the same hardware and transmission parameters
can reach a communication distance of 2 km in free space. In orchards, LoRa
sensor nodes are typically installed close to the ground, under the tree canopy.
Meanwhile, LoRa gateways are often placed on towers of 6 - 10 m because there
are no high buildings on farms and it is expensive to construct taller towers. As a
result, the energy of wireless signals may be absorbed and reflected by the ground,
which can affect the LoRa signal propagation. In addition, the wireless signal from
a sensor node must penetrate the canopies of multiple trees to reach a gateway.

In this paper, we study the propagation modeling [25] of LoRa signals in orchard
environments, which requires us to estimate the attenuation of wireless signals as
they propagate through all media between the transmitter and the receiver, such
as air and the canopy of trees. Although two propagation models [26, 27] for LoRa
have been developed for large-scale urban scenarios, but they cannot be used in
orchards. For example, for a sensor node in orchards, its signal propagation varies
significantly across different directions, since the signal traverse different distances
in canopies. In addition, several foliage propagation models [28, 29, 30] have been
studied for wireless signals passing through trees. They are developed for high-
frequency channels (e.g., 5 GHz in satellite communications), but not applicable

to LoRa links. The propagation characteristics of low-frequency LoRa signals are



different from high-frequency signals, and these foliage propagation models do not
consider the impact of the ground on LoRa signal propagation.

To study the characteristics of LoRa signal propagation in orchards, we conduct
a series of experiments using a gateway and a LoRa sensor node. The latter is
deployed at different locations for experiments (Section 2.4.1 for details). Based
on our experimental results, we made three observations. 1) If the sender and the
receiver are both under trees, the link quality of the visual line-of-sight (LoS) path
is worse than that of non-visual LoS paths. When a wireless signal passes through
a tree, it may penetrate, scatter (i.e., reflected or refracted), or diffract around the
tree. This power loss is known as the shadowing effect, which needs to be analyzed
from a 3D perspective. 2) Due to the long wavelength of LoRa signals, wireless
signals can easily diffract from tree trunks and branches. 3) The low installation
height of LoRa sensor nodes means that the ground has an apparent shadowing
impact on signal propagation.

Based on the observations above, this paper presents FLog, a wireless signal
propagation model designed for LoRa links in orchards. It is inspired by the regular
layout of orchards, where all trees are aligned and have a similar shape and canopy
density, as they are planted and pruned at the same time. The shape of a tree can
be modeled by a few parameters, including tree height, trunk height, and canopy
width. The layout of an orchard can be modeled by the shape of its trees and
the spacing distances between rows and columns. Given the locations of a sensor
node and a gateway, we can leverage our 3D orchard model to study the complex
shadowing effect that the wireless signal will experience from the sensor node to the
gateway. Based on the shadowing effect analysis, our wireless propagation model
can calculate the attenuation that the signal will have as it travels through the
air and tree canopies. Combining the predefined transmission settings, including
antenna gains and transmission power, we can calculate the strength of the received
LoRa signal.

FLog adopts the First Fresnel Zone (FFZ) to capture the complex shadowing
effect caused by tree canopies and ground in orchards. FFZ is a 3D ellipsoid region

with two focus points located at the node and the gateway. This zone carries most



of the signal energy received by the receiver. Different links have their unique
portions of the wireless transmission media in their FFZs. To calculate the portion
of each medium for a transmission pair, we perform numerical sampling in the FFZ.
Each sampling point may encounter free space, trees, or the ground. The portions
of sampling points in each medium over the total number of points are used as
weights for profiling the shadowing effect. These weights are used to combine the
intrinsic path loss exponent (PLE) of each transmission medium, resulting in the
final PLE of the classic Log-Normal Shadowing model in the FFZ.

Beside the weights, we also need to determine the intrinsic PLEs for each
medium in FLog. We obtain these parameters by fitting the collected packets’
signal strength using the nonlinear least square algorithm [31]. Furthermore, we
adapt these parameters to environmental variation based on a few recently received
packets.

To demonstrate the applications of our propagation model, we use FLog to
determine gateway coverage. A LoRa node is considered to be covered by a gateway
if the Packet Delivery Ratio (PDR) exceeds 80% [32, 33]. The PDR is computed
using a BER model [34], with inputs of Signal-to-Noise Ratio (SNR) and SF. We
use FlLog to estimate the SNR for any LoRa nodes and a gateway, and thus the
coverage of that gateway under different transmission settings.

Extensive experiments have been conducted in two almond orchards and one
walnut orchard. The results show that FLog can reduce path loss estimation errors
by up to 42.7% compared to the Log-Normal Shadowing model.

In summary, this paper makes three major contributions:

e We study the propagation modeling problem of wireless LoRa signals in
orchards and explain why path loss models only considering the direct ray

blockage are unsuitable for the orchard scenario.

e We propose FLog, a novel interpretable propagation model for LoRa networks
in orchards. It leverages the first Fresnel zone theory and the regular tree
layout of orchards to model the complex shadowing effect caused by tree

canopies and the ground with minimal overhead.



e Extensive experiments demonstrate the effectiveness of FLog. We release

FLog source code on GitHub [35].

2.2 background and Motivation

After a brief introduction to the basic LoRa concepts and the Log-Normal
Shadowing model, we conduct experiments to study LoRa links in free space and

orchards.

2.2.1 LoRa Primer

The LoRa adopts Chirp Spread Spectrum (CSS) to facilitate long-distance and
low-power communication [36, 37, 38].

The sensor data undergoes a series of encoding operations at the sender side
to improve its over-the-air resilience. These operations consist of Forward Error
Correction (FEC) encoding, whitening, diagonal interleaving, and gray mapping,
and are followed by CSS modulation of the encoded data into multiple symbols.

25F

Each symbol represents an integer from 0 to — 1, where SF determines the

number of bits in each symbol. To modulate a symbol, a base chirp with an initial

25F where BW is the frequency channel

frequency is shifted by a step of BW/
bandwidth.

At the receiver side, LoRa performs demodulation and decoding. Demodulation
identifies a symbol’s value by measuring its chirp’s initial frequency, and the
resulting signal is subjected to FFT to obtain the amplitude spectrum of each
received symbol. Each frequency bin corresponds to a possible symbol value, and
the symbol value with the highest amplitude is identified by the frequency bin. The
recognized symbols are then concatenated into a binary sequence that undergoes
gray demapping, deinterleaving, and dewhitening in sequence. The original sensor
data can be obtained by FEC decoding.

Frequency Band: LoRa operates on license-free radio frequency bands, such

as 915 MHz in North America. It can transmit over long distances of several miles

or more in rural areas. In contrast, high-frequency bands such as 2.4 GHz or 5



GHz used by WiFi have a short communication range, typically limited up to 45 m
indoors [39, 40]. This short communication distance makes it difficult to provide
coverage for orchards that span several acres.

Expected Signal Power (ESP): LoRa defines the ESP to quantify the
received signal strength [26, 41, 27|, which is derived from the measured RSSI
(Received Signal Strength Indicator) and SNR:

ESP = RSSI + SNR — 10 - log,, (1 + 10%15NF) (2.1)

where the unit of ESP and RSSI is dBm and the unit of SNR is dB. The RSSI and
SNR are reported from the LoRa gateway for each received packet.

2.2.2 Log-Normal Shadowing Model

The Log-Normal Shadowing model is widely used to predict the received signal
power [42]. The ESP of a received packet, P,,, is calculated as follows [42]:

Prx:Ptz+Gtx+er_PL (22)

where P,, represents the transmission power in dBm, G, and G,, denote the
transmitting and receiving antenna gains in dBi, respectively. The last term PL
is the path loss [43] in dB and can be calculated via the Log-Normal Shadowing
model [42]:

PL(d) = PL (dy) + 10 -n - log (%) + X, (2.3)

where the distance between a LoRa node and a gateway is denoted as d in meters, n
is the PLE, and X, is a zero-mean Gaussian distribution with a standard deviation
of 0. The reference path loss PL (dy) is obtained from field measurements at a
reference distance of dy, where dy is normally set to 1 m [26]. Based on our collected
packets, we obtained an average PL (dy) of 78.59 dBm.

When considering a specific distance, the model represents the path loss as
a Gaussian distribution with a mean of PL(dy) + 10nlog (%) and a standard
deviation of ¢. As the model produces a distribution, its accuracy cannot be
assessed against a single measurement. Instead, we use the mean as the model’s

predictive result, enabling the calculation of the absolute error relative to the
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measured signal strength. In the following, unless specified otherwise, the output

of the Log-Normal Shadowing model is assumed to be the mean value.

2.2.3 Free Space Scenario

We conducted an experiment to measure the LoRa link quality in the free space.
Figure 2.1(a) shows that a LoRa node is placed at four locations with distances of
0.5, 1.0, 1.5, and 2 km. The nodes and gateway are installed on two poles with
heights of 6 m and 10 m, respectively. The nodes transmitted packets periodically
with SF10, P, = 14 dBm, a bandwidth of 125 kHz, and a coding rate of 4/5.

Figure 2.2(a) depicts the experimental results. Even at a distance of 1.5 km,

the link’s SNR remains above the receiving sensitivity threshold (i.e.,-7.5 dB for
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communication distances.

SF7). This indicates that LoRa nodes can transmit packets using SF7 at distances
of up to 1.5 km in free space. However, the SNR at a distance of 1.0 km is lower
than that at 1.5 and 2.0 km, primarily because buildings and trees obstruct the
propagation path, as illustrated in Figure 2.1(a). This highlights the significant
impact of blockages on link quality.

2.2.4 Orchard Scenario

Figure 2.1(c) depicts an almond orchard where trees are organized tidily to
facilitate uniform allocation of sunlight, water, and soil nutrients. LoRa nodes and
the gateway are deployed in orchards as shown in Figure 2.1(b). The nodes are
typically positioned on the ground or attached to the main branches, measuring
data related to soil and tree health. The installation height is usually between
the ground and the canopy, less than 1.2 m (e.g., 0.45 m in our implementation).
Meanwhile, the gateway is mounted on top of a pole or tower (e.g., 10 m in our
implementation), providing long communication coverage, as shown in Figure 2.11.
Therefore, the signals from sensor nodes normally pass through three media: free

space, the ground, and trees in orchards.
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Short Communication Distance

We conducted an investigation of link quality in an almond orchard. The
position of the gateway is fixed in the center between two adjacent almond trees in
a row. We then move the locations of LoRa nodes in the row, the communication
distance between the node and gateway ranges from 15 m to 90 m with a step of
15 m. The transmission settings were identical to those outlined in Section 2.2.3.
From Figure 2.2(b), we observed a significant reduction in communication: at
only 90 m, the SNR was -12.0 dB. As a result, SF10 was necessary for a reliable
communication distance of 90 m. Conversely, SF7 was suitable for distances of
1.5 km in free space. By fitting our collected data, we found that the PLE in the
almond orchard was 2.95. This value is larger than that of free space, indicating
a shorter communication distance, and reflects the high path loss in the orchard

caused by tree blockage.

Large Deviation at Different Directions

We then measured the received signal strength in seven directions, ranging
from 0° to 90° in 15° increments for a fixed distance, as depicted in Figure 2.1(c).
Figure 2.3 shows the ESP of the received signal at different directions for commu-
nication distances of 80 m and 120 m. The dotted red line represents the average
ESP in seven directions for one distance. The results indicate a significant variation
in the signal ESP across different directions, with discrepancies of up to 13 dBm,
such as -105 dBm vs.-118 dBm at 0 degrees and 45 degrees.

According to Equation 2.3, the Log-Normal Shadowing model predicts a mean
ESP value for a given distance, as shown by the black line in Figure 2.3. Although
the predicted ESP with the Log-Normal Shadowing model is close to the average
ESP, with errors of less than 1 dBm, the overall ESP error across all the collected
data can exceed 4 dBm due to the significant deviation in signal strength across
different directions. This finding motivates us to develop a new propagation path
loss model that can account for the variation in signal strength across different

directions.
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Table 2.1: Notations used in this paper.

Notations Meaning

ESP Expected signal power.

PLE The path loss exponent (PLE) of a LoRa link.

« The PLE when the space is filled with air.

g The PLE when the space is filled with foliage.

0 The PLE when the space is filled with the ground.
Popen The portion of free space within the propagation path.
Prtotiage The portion of the foliage within the propagation path.
Pyround The portion of the ground within the propagation path.
Dyap The distance between two adjacent sampling planes.
Niyes The number of sampling points of the first sampling plane.

2.3 Strawman Solution

This section develops a strawman solution to model link quality in orchards.
We first build an orchard 3D profile. Using this profile, we specify the PLE of a

Log-Normal Shadowing model. Table 2.1 summarizes the notations used in this

paper.

2.3.1 3D Modeling of Orchards

Abstracting One Tree: Botanists have developed several detailed tree
models based on physiological knowledge [44]. However, these models require
precise measurements of the shapes of trunks, branches, and leaves for all trees
in an orchard, which is a labor-intensive process. We adopt a simple solution
proposed by Torrico et al. [45]. It profiles the trunk as a cylinder and abstracts
the crown as an ellipsoid with varying horizontal and vertical radii, as shown in
Figure 2.1(b). To create a profile of a tree, we need to measure its height, trunk

height, canopy width, and trunk radius.
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Figure 2.4: The illustration of the strawman solution.

Abstracting an Orchard: Orchards typically have a uniform layout, with
trees being planted at the same time of year and exhibiting similar shapes. To
analyze an orchard, we adopt a Cartesian coordinate system with the x-axis and
y-axis representing the directions along and across rows, respectively. We also
measure the distances between adjacent rows and adjacent trees in one row, which
determine the positions of all trees in the Cartesian coordinate system.

Therefore, by adding two parameters, we can extend tree modeling to orchard
modeling. With all of these parameters as input, we can reconstruct the orchard
as 3D shapes, which can be translated into point clouds. Specifically, given the

position of any point, we can determine whether it falls within the foliage or not.

2.3.2 Adapting PLE with Line Shadowing

Figure 2.4 depicts the signal propagation path between a LoRa node and a
gateway, where the path is viewed as a direct line. The path includes both
free space and foliage portions, which can have different shadowing effects on the
signals. Thus, it is intuitive to consider these two parts separately.

To achieve this, we calculate the free space and foliage portions along the
propagation path’s direct line, denoted as P, and Pfiqge, respectively. To
calculate the foliage portion Pfejiqge, We equally split the direct line into numerous
points. If a point is in the tree, then the foliage points increase by 1; otherwise,
the free space points increase by 1. Finally, the foliage portion Pjyjiqqe is obtained
by dividing the foliage points by the total number of points, which is similar to
the free space portion calculation. The sum of these portions should be equal to

one.
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Figure 2.5: Comparison between visual and non-visual LoS paths.

As free space and foliage have different shadowing effects, they have different
PLEs in the Log-Normal Shadowing model. To account for this heterogeneity,
we propose an adaptive PLE calculation approach. This involves separating the
path into two types of media (free space and foliage) and then recombining them
together.

PLEcomb = Popen * @ + Ppoliage = (2.4)

where « denotes the free space PLE and [ is the PLE when the space is filled with
foliage. To determine the values of a and 3, we perform a least square fitting on
a collected dataset. The final PLE,,,,, is a compromise between the two values.
For example, if P,,., = 1, it means that no trees are present and the path can be
treated as free space. Once we have determined the PLFE,,,,;,, we can calculate the
total path loss using the Log-Normal Shadowing model.

From experimental results in Figure 2.20(c), the strawman solution (marked as
"LLog”) can provide different estimations in different directions, but this model
underestimates or overestimates the path loss in some directions. The possible rea-
son is that we modeled the propagation path as a direct line. But the surrounding

area also plays a role for the signal propagation.
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2.4 The Design of FLog

This section presents tree validations via the empirical analysis of the LoRa

signal propagation in orchards. We then introduce a path loss model based on the
FFZ.

2.4.1 Empirical Analysis of LoRa Signal Propagation

To design a path loss model for orchards, it is crucial to understand how
the signal propagates within this environment. Therefore, we conducted three

preliminary experiments to investigate the LoRa signal propagation in orchards.

Visual Line-of-Sight Path

At frequencies around 900 MHz, the wavelength facilitates diffraction around
obstacles. This implies that radio waves can 'bend’ and may not necessarily
demand a direct line of sight [46]. We have conducted experiments to validate
this assertion.

Figure 2.5(a) shows the experimental setup where a gateway is positioned at
the lower-left corner, and four different locations are selected to place LoRa nodes
in varying directions but with the same communication distance of 60 m between
the gateway and nodes. The gateway and nodes are placed at a height of 0.45
m. Locations #1 and #2 have the visual LoS propagation path, while locations
#3 and #4 have the non-visual LoS path that passes through two and ten trunks,
respectively. At each location, a LoRa node transmits packets periodically for
three minutes with an interval of 1.5 s.

According to Figure 2.5(b), location #3 with the non-visual LoS path achieves
the highest ESP, which is even higher than the visual LoS path (i.e., location #1
and #2). Furthermore, despite having ten trunks in location #4, this non-visual
LoS path still attains a comparable ESP to the visual LoS path at locations #1
and #2. In summary, we conclude that:

Observation 1: In orchards, the surrounding environment around the visual

LoS path plays a pivotal role in determining the strength of LoRa signal.
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Figure 2.6: The diffracted signal strength.
Diffracted Signal Strength

Diffraction refers to the propagation of waves behind an obstruction.

Figure 2.6(a) shows the setup of experiments, where the green circles represent
tree trunks. In both settings #1 and #2, there is one trunk located between the
nodes and the gateway. The difference is that in setting #2, the trunk is positioned
very close to the gateway antenna, resulting in significantly weaker diffracted waves
[47, 48].

Although setting #3 has five trunks between the gateway and node, resulting
in weaker penetrating signal power, Figure 2.6(b) shows that its signal power is
similar to that of setting #1. Furthermore, we can see that setting #2 exhibits the
lowest signal strength, with a difference of more than 6 dBm compared to setting
#1 and 4 dBm compared to setting #3. This leads us to the second validation:

Observation 2: Comparing setting #1 with #2, diffraction plays a crucial
role in LoRa signal propagation. Comparing setting #1 with #3, the signal power

from diffraction outweighs the power transmaitted in the direct line.

Ground Absorption

Signal propagation in orchards can be impacted by the low height of nodes,
resulting in the absorption of signal energy by the ground. To investigate this
effect on signal power, we conducted experiments in a free sand region without
any obstacles. The experiments involved fixing the horizontal distance at 100 m

and maintaining the sensor height at 0.45 m while varying the gateway height
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Figure 2.7: The effect of ground absorption.

to 0.5 m, 1 m, and 1.5 m, as illustrated in Figure 2.7(a). The results, shown in
Figure 2.7(b), reveal that increasing the gateway height leads to an increase in the
received signal power.

Observation 3: When the sender and receiver are in close proximity to the
ground, a significant portion of the signal power can be absorbed by the ground.

All of these validations demonstrate that the link quality can be influenced by
the surrounding objects, and the "path” cannot be considered as simply the visual
LoS path between the sender and receiver. Instead, more attention should be given
to the surrounding regions along the visual LoS path when estimating path loss.
To address this issue, we propose the adoption of FFZ in path loss calculations, as

it takes into account the surrounding environment.

2.4.2 First Fresnel Zone for LoRa Signal

The FFZ refers to the 3D ellipsoid region around the direct path through which

the received signal passes. Figure 2.8 depicts that a point P lies on the surface of
the FFZ if and only if:

A
\/d%+r2+\/d§+?“2=(d1+d2)+§ (2.5)

where A refers to the wavelength. This equation quantifies confocal prolate ellipsoidal-
shaped regions with the sender and receiver located at two focal points. This theory
suggests that all media within the FFZ shadows the signal, not just media along
the direct path.
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Figure 2.8: The illustration of FFZ.

Based on Equation 2.5, the volume of the FFZ increases proportionally with
wavelength. For instance, at a distance of 100 m, the maximum radius of the
FFZ could be 2.8 m. This highlights the need to quantify the shadowing of the

surrounding area over the direct path.

2.4.3 Design of FLog

This section provides the design details: including the overview, portion quan-

tification, intrinsic PLE fitting, and parameter adaptation mechanism.

Overview

Except for the foliage and free space, we also need to consider the ground
shadowing effect. Because the FFZ of the LoRa signal has intersections with the
ground due to the low height of sensor nodes. Therefore, we update the final PLE

calculation Equation 2.4 as follows:

PLEcomb = Popen ca Pfoliage : /6 + Pground =Y (26)

where two new variables, Py.ounqg and v, are introduced to represent the ground
shadowing effect. The values of «, 3, and  correspond to the intrinsic PLEs when
the wireless signal propagates through free space, foliage, and ground, respectively.
The portion of free space, foliage, and ground in the FFZ is denoted by P,
Prtotiage; and Pyround, respectively. The final PLE,,; in the FFZ is obtained as a
weighted combination of a, 8, and «, where the corresponding weights are Py,
Proiage, and Pyoung. In an orchard, all the pairs of senders and receivers share the

same «, 3, and ~, but have different final PLE,,,,, due to the varying weights.
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Figure 2.9: The illustration of sampling.

The next two subsections explain how to determine their values.

Portion Quantification

The weights of each media in an FFZ are calculated by computing the volume
of each media and dividing it by the total volume of the FFZ. However, computing
this volume requires solving a triple integral in a constrained 3D space, which
is computationally intensive and time-consuming. In this paper, as shown in
Figure 2.9, we used a sampling approach by dividing the FFZ into multiple planes
with equal spacing. Each plane was then further sampled into numerous points.

Specifically, we incremented the number of corresponding media points by one
if a sampling point was located within that media. For example, if a sampling
point was in free space, we incremented the free space points by one. The portion
of each media was then calculated by dividing the number of points contained in
that media by the total number of points in the FFZ. Therefore, the sum of the
portions for all three media types should be one.

Sampling Planes: The first sampling plane is located at dy = 1 m, which
is the reference distance in the Log-Normal Shadowing model. The remaining
sampling planes are equally spaced at an interval of p_gap. We change the value
of p_gap from 0.15 m to 0.35 m to calculate the portions of different mediums.
Table 2.2 shows that there is no significant impact on sampling results for different
p_gap values less than 0.5 m. Considering the computational burden and sampling
effectiveness, we empirically set p_gap = 0.25 m.

The number of sampling points in each plane varies and is proportional to

the signal energy in the plane, which is calculated by multiplying the power flux
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Table 2.2: Average sampling results at 60 m vs. p_gap.

p-gap (m) | 0.25 | 0.3 0.35 | 0.5 1.0

Popen 0.686 | 0.686 | 0.687 | 0.690 | 0.702

Protiage 0.313 | 0.313 | 0.312 | 0.309 | 0.297

Table 2.3: Average sampling results at 60 m vs. Ny.s.

Nyey 2360k [ 590 k | 148k | 74k | 18k

Popen 0.686 | 0.686 | 0.686 | 0.686 | 0.687

Protiage | 0.313 | 0.313 | 0.313 | 0.313 | 0.313

density by the area of the plane. The radius of the plane can be determined via
Equation 2.5. The power flux density of a sampling plane decreases proportionally
to the square of the distance [42], i.e., 4wd?, indicating that the number of sampling
points in each plane should similarly decrease with distance. Therefore, the total
number of sampling points on a plane 7 is given by N},,,.. = Nyy-S; / 4mdy, where
N,es is a constant that can be adjusted to control the total number of sampling
points, S; is the area of plane 7, and d; is the distance between the sender and the
plane i. Table 2.3 indicates that NV,.; has no impact on sampling results if the
sampling points are adequate. We set N,.s as 590 k in the evaluations.
Sampling Points in a Plane: A sampling plane ¢ contains Nglme sampling
points. To determine the locations of these points in the plane, we first locate the
central point of the plane, which serves as the first sampling point. We then divide
the plane into multiple circles with varying radii, each centered at the central
point. At each circle, we sample Nggmpre points with equal arc length. Due to the
diffraction loss, the power flux density of the received signal is greater at the center
of the plane than at the edges [47, 48]. we accordingly set the radii of the circles

to increase quadratically from the central point to the edge of the plane.

Intrinsic PLE Fitting

To calculate the final PLE.,,; in Equation 2.6, we also need to determine the

values of a, 3, and . The process for obtaining these values is outlined below.
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To determine the value of v, we utilized non-foliage data from Figure 2.7 and
applied the least square algorithm to Equation (2.6), where Pfyiqge = 0 and o = 2.
This yielded a value of v = 5.39. The ground’s dynamic nature poses challenges to
algorithmic stability due to its high PLE, which significantly affects signal strength.
Incorporating its variability can skew PLE values for air and trees, potentially
impeding algorithm convergence. To maintain stability, we keep the ground’s PLE
constant and adjust the PLEs of air and trees to offset any ground variations.
Hence, the 5.39 will serve as the default for the remainder of the paper unless
otherwise noted.

To determine the values of parameters o and 3, we collected packets at multiple
pairs of transceivers in our testbed, as described in Section 2.5.1. For each pair, we
calculated three portions: Pypen, Protiage, and Pyrouna- We then combined Equations
2.1 - 2.3 to obtain the final PLE,,,,;, using the RSSI and SNR values obtained
after receiving a packet. Thus, the only unknown variables in Equation 2.6 are «
and 8. We then employed a least square error fitting algorithm to determine the

optimal values of o and £5.

Parameter Adaptation Mechanism

The parameters in Equation 2.6 could be impacted by different environmental

dynamics, which can be categorized into four scenarios:
1. Short-term environmental noise variation.
2. Transient weather changes, e.g., temperature.

3. Foliage density changes on a yearly cycle due to the growth and loss of

leaves and fruits.

4. Long-term foliage shape changes: Shape changes as trunk and branch

grow over years.

To mitigate the impact of dynamic (1), we collect multiple packets to compute
the average signal power as the reference signal power at a given location. Envi-

ronmental dynamics (2) and (3) can affect o and § in Equation 2.6. To recalibrate
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Figure 2.10: Workflow of the FLog, where the term device refers to both the

LoRa node and the gateway.

these two parameters, we use the N most recently received packets from all sensor
nodes. When a new packet is received, we obtain its measured ESP. Thus, the ESP

of the past N x M packets from M nodes will form N x M equations to recalibrate

a and (3, as shown in the example equations below (where ¢ = 1,2,..., N and
j=12...,M):
PLE] Fopen,  Plotiage,  Peround,
o
PLE} | = | Popen, Piotinge, Parouna, | |5 (2.7)
) . ) y
_P LEJ\A}_ _PopenM Proliage,, PgroundM_

The new « and (3 could be fitted by employing the non-linear least square algorithm
on the set of equations shown above. We empirically set N = 5. Note that all
links in an orchard at the same cycle share the same «, and £5.

The dynamic (4) refers to changes in the 3D profile of the orchard, which affect
Popen and Projiqge in Equation 2.6 for all nodes, but not o and 8. To handle this
dynamic, it is necessary to remeasure the tree height, trunk height, and canopy
width to rebuild the 3D profiles. This is expected to be done every year or even

longer.
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2.4.4 Workflow of FLog

Figure 2.10 summarizes how FLog works, including all modules mentioned
in the previous section and their input and output. The farmer provides input
parameters for generating the 3D orchard, and FlLog estimates the link quality
between any two locations in the orchard based on these parameters. The user can
choose a configuration that they think is best suited for their orchard. Specifically,
FLog requires the following parameters from the farmer: tree profile, layout, and

deployment parameters.

1. Tree Parameters: Tree height, trunk height, and canopy width: They are
used to build the 3D profile of a single tree. As the growth accumulates, the

user may measure these parameters every year or longer.

2. Layout Parameters: The distances between adjacent rows and adjacent trees
in one row are required for the layout configuration. These factors will never
change. There might be several blank positions for removed dead trees. FLog

also accepts such input or updates.

3. Sensor and gateway position (optional): If the application requirements
dictate the placement of the sensor and gateway, the user should input their

designated positions. Or we can determine the optimal position based on

FlLog.

Using the parameters above, F'Log creates an FFZ between any two locations.
It then calculates the portion of foliage, free space, and the ground within this
zone and estimates the link quality via Equations 2.2, 2.3, and 2.6. Additionally,
FLog utilizes a parameter resetting mechanism to tune our model’s parameters,
which adapts to different environmental dynamics.

We made the assumption that all trees share the same shape. While this
generalization might seem oversimplified, it is a necessary approach considering
the impracticality of measuring every individual tree’s shape. To account for this
simplification, we fit each medium’s PLE to ensure our model aligns well with the
measured signal strength. This helps mitigate the potential impact of our tree

shape simplification on system performance.
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(a) LoRa node  (b) LoRa gateway

Figure 2.11: The hardware implementation of experiments.

Figure 2.12: The testbed layout in an almond orchard.
2.5 Evaluation

We evaluate the overall performance of FLog in Section 2.5.2, Then, we study

the performance under different factors in Section 2.5.3.

2.5.1 Experiment Setting
Hardware Implementation

Figure 2.11 depicts the used hardware of LoRa node and gateway. LoRa nodes
are hand-crafted with SX1276 Radio [49] on the Arduino Uno host boards [50].
They are equipped with a 3,000 mAh power bank. They work in the frequency band
904.3 MHz. The RAKS831 Pilot Gateway [51] is used as the LoRa receiver to receive
LoRa packets. It consists of a Raspberry-Pi 3, an RAK831 LoRa Concentrator and
a converter board with GPS for routing the signals between the Raspberry and
the RAKS831. Both nodes and gateways are using omni-directional antennas, with
antenna gains of 5 dBi and 3 dBi, respectively. The gateway executes a thread
of LoRa Packet Logger [52] that demodulates packets and stores them as comma-

separated values (CSV) files. Our model is implemented with Python script on a
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PC with an Intel(R) Core (TM) 19-11900KF @ 3.50 GHz CPU with 16 cores.

Benchmarks

We compare the performance of FLog with the following multiple baselines.

e Log-Normal Shadowing Model [42]: 1t is calculated by Equation 2.3. We
use the collected data to fit PLE in the orchard scenario. It is referred to as

2 Log77 .

e Line-Based Log-Normal Shadowing Model: 1t is our strawman solution,

which is introduced in Section 2.3. We call it " LLog”.

e Empirical Foliage Loss Models: They include Weissberger [28], ITU-R [29],
COST235 [30], Two-ray ground-reflection model [53] and Okumura-Hata
models [26]. All these models that are parameterized or have multiple vari-

ants have been carefully evaluated and reported as their best performance.

Performance Criteria.

The estimation accuracy is quantified by errors between the predicted ESP and

the corresponding actual value for each packet. The unit of errors is dBm.
ESP error = (y; — 4;) (2.8)

where y; is the measured ESP for the i-th received packet and g; is the predicted
ESP value.

Experiments in an Almond Orchard

We chose almond orchards as the main focus of our evaluation since they are a
critical agriculture industry in the US. In 2021, the US produced 2.5 billion pounds
of almonds, with a value of over 7 billion dollars [54]. Moreover, the estimated
almond acreage in California was 1.64 million acres, making it the largest producer
of almonds in the world [54]. We also tested FLog in a walnut orchard, which is

another dominant arbor crop.



27

0.40 mmm Raw Data mmm Raw Data
5.0.35 ~——— Fitted Curve >0'4 —— Fitted Curve
20.30 = 0.3
% 0.25 % )

o 0.20 Q
8015 502
e 0.10 ®o01
0.05
000773210 1 2 3 007532101 2 3 4 5
ESP deviation (dBm) ESP deviation (dBm)
(a) Environmental noise (60 m) (b) Environmental noise (100 m)

Figure 2.13: The ESP deviation distribution for two different communication

distances.

Figure 2.12 shows locations of LoRa nodes and a gateway in an almond orchard
with a size of 200 x 200 m?. In this orchard, trees are planted in a line with 4.88
m distances, and lines are separated by 6.66 m. The almond trees are 6.1 m in
height and 2.8m in width. The heights of the LoRa node and the gateway are set
as 0.45 m and 10 m. The transmission power is 14 dBm, SF is 10, bandwidth is
125 kHz, and coding rate is 4/5. We collect packets from the spatial and temporal
dimensions to evaluate our model.

We do not rely on the GPS to determine the physical locations of LoRa nodes,
due to its large localization error in orchards [55]. Instead, we take advantage of
the uniform arrangement of trees in orchards. Trees are consistently spaced both
along the rows and across columns. By counting the number of trees, we can
accurately compute the distance between any two positions. Specifically, we use
a 3D Cartesian coordinate system to represent these positions: the x and y axes
correspond to the directions along and across the orchard rows, respectively, while
the z axis points upwards. The origin of this system is aligned with the gateway’s
position on the ground. We determine the distance between any nodes and the

gateway using the Euclidean distance formula.

Datasets

We measure the received packets at a large number of locations in an orchard.
We also conduct experiments at some locations for months.

Spatial Dimension Dataset: As shown in Figure 2.12, the gateway is
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located in the lower-left corner of one of the 90-degree fan-shaped areas of the
orchard. We have deployed LoRa nodes at 56 locations across this fan-shaped area
to collect packets. For each received packet, we calculate the ESP by using its
RSSI and SNR. The nodes are placed at communication distances ranging from 20
m to 160 m, with a step size of 20 m. We measured seven directions ranging from 0
to 90 degrees, with a step size of 15 degrees. At each location, the nodes transmit
an 8-byte packet to the gateway every 1.5 seconds for a duration of 1.5 minutes.
The experiment was conducted for a duration of 10 hours in the autumn of 2022,
and 2900 packets were collected in total. The ESP ranges from -125 to -85 dBm,
corresponding to an SNR range of [—15,7] dB. The collected data is unavoidably
affected by the environmental noise at each location. We compute the average ESP
at each location as the reference ESP. The ESP deviation is obtained by comparing
the average ESP and the collected ESP of each packet. Figure 2.13 shows that the
ESP deviation at two distances generally follows a Gaussian distribution with a
deviation of 1.1 and 1.0 dBm.

Given the consistent planting patterns, we deduce that patterns, signal strengths,
and propagation characteristics observed in one quadrant will reflect those in
the remaining three. Consequently, by strategically positioning our gateway in
a corner, we can capture representative data without the need for exhaustive
measurements across the entire orchard.

Temporal Dimension Dataset: We collected another dataset that covers
four environmental dynamics, as described in Section 2.4.3. Four LoRa nodes are
deployed at four locations randomly selected from Figure 2.12 to collect long-term
data over a period of four weeks in the spring (January and February 2023). The
transmission settings used for collecting the data are the same as those used for
the spatial dimension data. We collected data continuously for 24 hours each week,
resulting in a dataset of 69,173 packets. The dataset contains three environmental
dynamics: (1) Short-term environment variations. (2) Transient weather changes,
including temperatures ranging from 26.2 to 65.5°F and precipitation ranging from
0 to 0.15 inch/hour. (3) Foliage density changes. In the final week of the four-week

period, almond trees started to bloom with flowers. By combining this with the
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directions when the horizontal distance between LoRa nodes and the gateway is
60 m. The curve of the Log model is a horizontal line, which could not handle the

direction.

spatial dimension data, foliage density can be classified into three categories: trees
with dense leaves, trees without leaves, and trees with flowers.

Finally, dynamic (4), the long-term foliage shape changing, was emulated by
collecting data in another almond orchard, where the almond trees have a height
of 4.5 m and width of 2.6 m, which corresponds to changing trunks and branches,
compared to the almond trees shown in Figure 2.12.

Fitting and Testing Data: In the spatial dimension of the data, we used
measurements collected from four randomly selected distances to fit the parameters
in our path loss models, such as o and 5. These measurements are referred to as
fitting data. The data from the remaining four communication distances were used
as testing data. To obtain the optimal parameter values on the fitting data, we
employed the least square approximation method. These parameter values were

then used to estimate the ESP on the testing dataset.

2.5.2 Overall Performance

We evaluated the performance of all modes on both spatial and temporal
dimension data. In order to measure the impact of different distances on estimation

error, we combined all directions’ data at one distance. For a specific distance, we
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studied the performance of all models in different directions with an interval of

15°.

Spatial Dimension

In the fitting and testing data, four communication distances were randomly
selected from eight distances in our testbed. Therefore, there are (Z) = 70 combina-
tions to select the fitting and testing data. For each set of fitting data, we obtained
corresponding fitted values of a and 3. After analyzing all 70 combinations, we
found that the mean value of a was 1.98 with a standard deviation of 0.11, while
the mean value of 5 was 5.07 with a standard deviation of 0.17. We report all the
estimation errors for these 70 combinations in Figure 2.14(b).

Communication Distance: Figure 2.14(a) presents the estimated curves of
Log with changing communication distances. We do not draw the curve of the LLog
and FLog because they have different estimated values in different directions for a
given distance, while the Log model has one average value for each distance. We can
observe a trend wherein the measured ESP correlates linearly with the logarithm
of the distance. Figure 2.14(b) quantifies the estimation error for different models
in the CDF curve (cumulative distribution function). The average error of FLog
is only 2.85 dBm, showing great performance improvement over other models in
terms of link quality estimation. In particular, F'Log decreases the ESP estimation
error of Log and LLog by 42.7% and 35.2%, respectively. This is because Log does
not consider the influence of direction on the received signal power and can only
estimate the signal power based on the communication distance in Equation 2.3.

Although LLog is aware of the ESP variation in different directions, it only
considers the obstacle of lines between the node and gateway. However, the signal
is concentrated in the FFZ based on the diffraction theory [42] and our preliminary
experiments in Section 2.4. Therefore, FLog developed a more reasonable model
to consider the shadowing effects in the FFZ.

Direction: Figures 2.14(c-d) present the fitted curves of all models and the
estimation errors with different directions at a horizontal distance of 60 m. It is

observed that Log is unaware of directions and thus provides a horizontal line as
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the estimated curve, which remains unchanged for different directions. Although
LLog considers the influence of direction, it produces unstable performance. At
direction 75°, LLog produces the largest error, that is, 5.93 dBm. This is due to
the fact that LLog considers only the shadowing in the line of the propagation
path, which results in overestimating or underestimating the ESP of the received
signal.

Empirical Foliage Loss Models: Table 2.4 presents the average estimation
ESP error on the test data for five different foliage loss models. These foliage
models provide worse prediction accuracy compared with the Log, LLog, and FLog
models. There are three reasons for the poor performance.

Firstly, these models are developed using different frequency channels and
have different attenuation in the same situation since the wavelength is different.
Thus, the empirical models cannot be directly applied to our scenarios. Secondly,
these loss models have no adjustable parameters to adapt to different scenarios.
However, the Log-Normal Shadowing model can adapt to various situations by
fitting its parameters, such as PLE. Hence, it can perform well if we fit it with the
collected data on the specific case, compared with those path loss models with fixed
parameters. Thirdly, those models cannot handle the ESP deviation in different
directions. This is similar to the Log-Normal Shadowing model. They can only
consider the effect of the communication distance on the signal strength, but not

on other factors such as directions.
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Table 2.4: The ESP estimation error for other models.

Models Weis. | ITU-R | COST235 | O-H | Two-ray

ESP Error (dBm) | 41.6 | 111.2 87.4 12.7 72.3

Temporal Dimension

We use temporal dimension data to test the models’ performance on the three
different environmental dynamics. We apply our parameter resetting mechanism
to all path loss models, which uses the most recently received packets to calibrate
models’ parameters. Note that the environmental dynamic (1) was addressed by
averaging the received ESP of multiple packets.

Environmental Dynamic (2) - Transient Weather Changes: We first
obtain the temperature, precipitation, wind speed, and humidity from a weather
station [56]. Next, we group the data based on the value range of corresponding
weather factors at the time of collection. Figures 2.15 2.16, 2.17, and 2.18 illus-
trate the ESP values and ESP estimation error of FLog under different weather
conditions.

Figure 2.16 depicts that ESP at 36 °F and 66 °F is higher than that at 26
°F and 36 °F. Figure 2.17 shows the discrepancy in different precipitation levels.
They are caused by waterproof cover deformation. There is no explicit difference
if the data trace of that node (the blue line in Figure 2.26) is removed.

As shown in these four figures, models achieve no increased ESP prediction
error for different temperatures, humidity, wind speed, and precipitation levels.

FLog always outperforms Log and LLog in any weather condition groups, with
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an average improvement of 39.8% and 41.5%, respectively. This indicates the
effectiveness of our parameter resetting mechanism in adapting to dynamic (2). It
is reasonable because the proposed mechanism can adjust the values of parameters
a and [ based on the recently received packets. We analyzed the received ESP
of LoRa signals under different temperature and precipitation conditions. Our
findings indicated that the difference in signal power at different temperatures or
precipitations was small. This small difference may be attributed to the effects of
atmospheric and vapor molecules on electromagnetic waves, which become more
apparent at frequencies exceeding 10 GHz. However, the absorbance for 900 MHz
bands at short distances (< 50 km) is negligible [57, 58].

Environmental Dynamic (3) - Foliage Density Changes: In the spatial
and temporal dimension dataset, foliage density has three statuses: trees with
dense leaves, trees without leaves, and trees with flowers, which are referred to
as "AUT”, "SPR w/o {7, and "SPR w/ {’, respectively. We use our proposed
parameter resetting mechanism to adapt to this dynamic. Figure 2.19 illustrates
the received signal power and ESP estimation error for the three foliage density
statuses. Figure 2.19(a) indicates that foliage density significantly impacts the
received signal power. FLog handles foliage density variations by continuous
parameter refitting scheme. In particular, Figure 2.19(b) shows that FlLog is
capable of adapting well to this dynamic, with estimation errors of 2.85, 3.61,
and 1.42 dBm across three foliage density states.

Environmental Dynamics (4) - Long-Term Foliage Shape Changes:

We collected data in another almond orchard to evaluate the impact of growing
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stages on our proposed method, which we refer to as environmental dynamic
(4). The transmission settings of the nodes were the same as those used in
the testbed, and we collected data at three communication distances with seven
different directions (0, 15, 30, 45, 60, 75, and 90). We used the parameters
fitted from the testbed data to estimate the link quality in the new orchard. To
reconstruct the 3D structure, FLog requires measuring one tree, as described in
Section 2.4.4. The new 3D structure will be used to calculate P,ep, Proiage i
Equation 2.6.

The results, shown in Figure 2.20, indicate that FLog achieved an average
estimation error that was reduced by 48.3% and 16.2%, compared to Log and
LLog, respectively. Figure 2.20(a) shows that the Log model could roughly fit the
measured signal over the communication distance. However, FLog’s performance
was comparable to the overall performance reported in Section 2.5.2, with an
average ESP of 2.51 dBm compared to 3.42 dBm for Log. This confirms that FLog
is insensitive to different almond fields and growing conditions.

Figure 2.20(b) illustrates that LLog achieved a similar ESP error to FLog.
This could be attributed to the smaller shape of trees in this orchard, and LLog
generates a smaller shadowing media portion, closer to that of FLog. The statistics
indicate that the two methods had comparable estimations of Pfejiqge, averaging

0.17 and 0.24. Hence, LLog delivers a performance comparable to FLog.

2.5.3 Parameter Study

The results of the previous experiments demonstrate the effectiveness of our
model in almond orchards. We also conducted further studies to evaluate the
performance of our system under various experimental settings. It is worth noting
that the collected data was solely used to test all models with parameters that

were fitted from previous fitting data.

Impact of Orchard Species

Different orchard types can introduce varying shadowing effects, making it

logical to expect distinct [ values for each species. Recognizing the distinct foliage
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shape and density differences between walnut and almond trees, we selected the
walnut orchard to ascertain the adaptability of FLog in such varied settings.

To fit parameters in a walnut orchard, we collected data at a horizontal distance
of 50 m and 90 m in three directions (30°, 60° and 90°). We then utilized three
path loss models with newly fitted parameters to estimate the ESP in the same
walnut orchard, the evaluation is conducted on the data collected at 70 m in three
different directions (30°, 60°, and 90°). All other transmission settings remained
the same as the testbed.

As shown in Figure 2.21(a), similar trends were observed in the walnut orchard
as in the almond orchard, i.e., the ESP of the received signal decreased with
increasing communication distance. Figure 2.21(b) reports the CDF of the ESP
estimation error for different models, which shows that F'Log provides the highest
estimation accuracy. The FLog reduced the error by 15.4% and 18.0% for the Log

and LLog models, respectively.

Impact of Gateway Height

We investigated the effect of gateway height on performance gain by conducting
experiments at varying heights. The maximum height of our tripod was 12 m, and
we set the gateway height at 8 m, 10 m, and 12 m, with a fixed horizontal distance
of 80 m between the sensor and the gateway. We collected data in four different
directions at each gateway height (0°, 30°, 60°, and 90°).

The results, shown in Figure 2.22(a), demonstrate that the ESP of the received

signal increases as the gateway height increases from 8 m to 12 m, which matches
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the expectation. Figure 2.22(b) shows that F'Log could fit the measured ESP well at
all gateway heights, compared to the other two methods. Besides, LLog performed
worse than Log because Pygiqqe in LLog overreact to the change of gateway height
e.g., Ppoliage Was incorrectly estimated at an average of 0.541. Therefore, LLog

performed worse than the other two models.

Impact of Sensor Height

We also investigated the effect of sensor height on performance gain. Placing
the sensor on the ground can significantly affect signal propagation, so we varied
the sensor height to observe the impact. We tested heights of 0.15 m, 0.45 m, and
1.2m, with a fixed horizontal distance of 80 m between the sensor and the gateway.
We collected data in four directions at each sensor height, i.e.,, 0°, 30°, 60°, and
90°.

Figure 2.23(a) shows that increasing the sensor height from 0.15 m to 0.45
m improved the received signal’s ESP. However, the signal strength decreased
when the sensor height was 1.2m, likely due to the almond tree’s leaves blocking
the signals at the LoRa nodes. Therefore, we set the sensor height to 0.45 m.
Figure 2.23(b) displays the estimated ESP error for the three methods, with F'Log
performing the best compared to Log and LLog models. Notably, FLog reduced
the average ESP error by 27.1% and 12.0%, respectively.
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sensing cycle.
Impact of Transmission Parameters

We conducted experiments to study the effects of various parameters on our
model. Theoretically, transmission power, antenna gain, frequency, and SF do not
have a direct impact on the path loss exponent, which is what the link quality
models aim to estimate. The packet size may slightly affect the calculation of SNR
on the hardware and thus lead to a variation in ESP. Figure 2.24 and Figure 2.25(a)
show the estimation error for different SF's, frequency bands, and packet sizes, and
the results demonstrate that none of these parameters have a significant effect on

the ESP.

Impact of Sensing Cycle

We utilize the most recently received N packets to perform the parameter reset-
ting mechanism, where NV is set to 5. The performance of this mechanism may be
influenced by the sensing cycle, which is the time between two adjacent transmitted
packets. In our testbed, each node sends 45 packets every 15 minutes with a 20-
second interval. To simulate a 15-minute sensing cycle, we use the first, 46th, 91st,
136th, and 181st packets to recalibrate our model’s parameters, which are then
used to predict the link quality of the 226th packet. This allows us to employ our
parameter resetting mechanism at different sensing cycles. Figure 2.25(b) shows
the error bars with different sensing cycles for three models, depicting the standard
deviation from the average. We can find that the duration of the sensing cycle has

a minimal impact on the performance of our model. Specifically, compared to a
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sensing cycle of 20 s, the estimation errors of FLog increase by 0.87%, 4.03%, and
9.56% with sensing cycles of 3 min, 15 min, and 1 hour. Figure 2.26 illustrates
the received signal power over a period of four weeks. It can be observed that the
link quality at a particular location in the orchards remains relatively consistent,
indicating that changing the sensing cycle has minimal impact on the estimation
error.

It should be noted that for node #1, there were two significant changes in ESP
at packet indexes 4,316 and 8,633, respectively. The first change occurred due
to a gusty wind that caused the waterproof cover behind the antenna to lift up
like a reflection mirror, resulting in a significant increase in ESP. The cover was
manually recovered at the second change point, which caused the ESP to return to
normal levels. Although this incident caused an increase in errors, its impact on
the comparison between different sensing cycles is negligible. This is because two
outliers would only affect five estimations in our parameter resetting mechanism.
Secondly, during the last week of the four-week period, almond trees began to
bloom with flowers, resulting in a significant decrease in the received LoRa signal

power for all four nodes.

Impact of Ratio Between Fitting and Testing Dataset

In the previous sections, the default ratio is 4:4. We evaluated our model with
ratios of 5:3 and 6:2. The settings of 5:3 and 6:2 had a similar performance to the

ratio of 4:4, with a negligible difference in average estimation error of 0.09 dBm
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and 0.04 dBm. We also reported the obtained values of the « and (8 in Figure 2.27.
The error bar represents one standard deviation from the average. We find that
the fitted values of a and 8 under different ratios have no differences. Therefore,

we only report the results for the ratio of 4:4.

2.6 Related Work

Modeing LoRa Link Quality: There have been several empirical studies
conducted on the LoRa link quality [26, 59, 60, 22, 23, 61, 62, 27, 63, 64]. For
example, Adrian et al. [65] select locations of sensors and gateways to provide a
LoS signal propagation path in FFZ. Demetri et al. [26] utilize remote sensing to
quantitatively analyze the composition of land covers along LoRa links. Based on
the dominant land-cover type along the link, they decide the right version of the
Okumura-Hata model from two variants [66, 67, 42]. However, their method is not
applicable in orchard scenarios. 1) Since orchards typically only have one type of
land cover (i.e., trees), their method will ignore local spatial shadowing features
such as the amount of space blocked by trees between the sensor nodes and the
gateway. 2) The Urban model has deterministic parameters that are empirically
fitted for cellular signals, which are typically received by base stations with high
antenna heights, unlike LoRa gateways used in orchards.

Extensive measurements [60, 59, 61, 23, 68] have been conducted in various
environments, such as indoor, urban, rural, and multi-floor buildings. Based on
these measurements, empirical path loss models have been derived. Although
these models perform well on their collected data, they do not consider the unique
features of orchards, e.g., large deviations of the received signal powers in different
directions that cannot be modeled via satellite images. FLog is a model based
on FFZ theory, which can capture the wireless signal propagation mediums in
orchards through 3D modeling.

Foliage Effect on Wireless Signals: The foliage has been observed to
have a pronounced influence on link quality [69]. Numerous empirical foliage

loss models have been introduced, including the Weissberger model [28], the ITU
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Recommendation (ITU-R) model [29], and the COST235 model [30]. However,
implementing these models in orchards poses challenges for several reasons. Firstly,
they operate over different frequency bands, resulting in varying attenuation levels.
Secondly, a majority of these models are deterministic, lacking flexible parameters
to suit diverse orchard scenarios. Thirdly, their representations of foliage are rather
simplistic (e.g., assumed to be uniformly distributed in space), making them ill-
suited for handling significant signal power variations across different directions.

The two-ray ground-reflection model [53] is tailored for open environments with
a direct LOS path between the transmitter and receiver. However, introducing
foliage complicates the signal propagation paths, rendering this model unsuitable
for the orchard context. Contrarily, F'Log gauges link quality by taking into account
both the surrounding trees and the open spaces within FFZ.

LaPS [70] leverages remote sensing and LiDAR to locate trunks in forests
and profile the canopy size of each tree. Then it uses multi-regression to get
the shadowing parameters of each tree in the rectangular area along the path.
FLog advances by utilizing the FFZ to judge the involvement of each canopy and
mitigating the LiDAR scanning by leveraging the tidy layout of orchards.

Empirical Studies on LoRa Links: Bor et al. [23] discovered that in rural
areas, communication distance could extend up to 3 km if the gateway is placed
on a 100 m tall building. Centenario et al. [59] quantified the number of LoRa
gateways required for city-wide communication coverage and found that LoRa
coverage could span up to 2 km when the gateway is placed in a high-building
area. This paper presents experimental results that demonstrate a significant
reduction in communication distances in orchards due to the large attenuation
of signal strength when gateways are deployed at limited heights. Cattani et
al. [16] conducted experiments in indoor, outdoor, and underground settings and
found that link reliability varied with environmental changes such as temperature.
Voigt et al. [71] conducts simulations to analyze the influence of the in-network
interference [72] from the other LoRa networks working over the same deployment
area. The authors conclude that we can deploy additional gateways to make sure

that all LoRa nodes are within the communication distance of one of them. Orestis
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et al. [24] constructs the coverage probability by considering the ALOHA protocol,
where the collisions happen if two packets with the same frequency channel and
SF arrive at the gateway simultaneously. FLog develops a path loss propagation
model for the orchard, paralleling research in these models.

Recent LoRa Advances: Recent LoRa research improves reliability with mo-
bile beamsteering antennas and diversity techniques that salvage weak packets [73,
74, 75, 76], scales network capacity by reexamining logicalchannel orthogonality,
concurrent multichannel gateways, hybrid CSS/DSSS modulation, fullduplex links,
and interferencetolerant coding [77, 78, 79, 80, 81, 82|, and optimizes perfor-
mance and security through oneshot compressed aggregation plus antijamming
and covertchannel defenses [83, 37, 84]. LoRa physicallayer innovation has recently
focused on advanced signal designs, from ChirpTransformers versatile, learnable
encoding for mainstream IoT radios [85] to Prisms nonlinearchirp backscatter that
boosts raw throughput [86]. The community has standardised evaluation with
NELoRaBench, a public dataset and metrics suite that stresstests neural demodu-
lators across channel conditions [87]. Neural weaksignal recovery has progressed via
SRLoRa, which fuses multigateway receptions to achieve superresolution demod-
ulation [88]. Complementarily, LoRaTrimmer condenses symbol energy through
adaptive chirp trimming, further improving robustness at low SNR [89]. Another
key trend is enabling ground-aerial and ground-space communication [90, 91],
which further push the boundary of LoRa and LoRaWAN. Therefore, the technical
stack of LoRa is more and more comprehensive to be widely adopted.

Wireless Signal for Ubiquitous Sensing: Motivated by cross-media com-
munication where signal attenuation/polarization is the major challenge [92, 5, 4],
media sensing also becomes practical when researchers finds that the amplitude,
delay and phase can tell the properties of the media itself. For instance, soil
moisture, texture and organic carbon ratio can be told by combining LoRa and
visible and near-infrared (VNIR) spectrums [93], while mmWave enbales fine-
grained leafwetness detection in the field [94, 95, 96, 97]. Fullbody posture can be
reconstructed with passive PIR arrays [98]. Devicefree sensing for indoor localiza-

tion and activity recognition has progressed with SCALINGs plugandplay tracking
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framework [99] and M4Xs syntheticdataaugmented metric learning for crossview
RF HAR [100]. Noncontact vitalsign monitoring is advanced by practical sig-
nalquality detection [101, 102, 103], RFQs unsupervised assessment scheme [104],
DeepVSs deeplearning pipeline [105], an FMCWradar configuration study [106],
robust multiuser VitalHub system [107], and piezoaided speaker authentication

against spoofing [108, 109].

2.7 Conclusion

This paper presents FLog, a propagation model for LoRa signals in orchards.
We first investigated the propagation characteristics of LoRa signals in orchards,
revealing strong diffraction caused by trees and the ground. To capture these
features, FLog estimates link quality by calculating the PLE in the Log-Normal
Shadowing model for any pair of nodes and gateway using the FFZ theory. Ex-

tensive experiments demonstrate the effectiveness of our model.



Chapter 3

Time-series Forecasting Control
for Agricultural Managed Aquifer
Recharge

The rapid decline in groundwater around the world poses a significant challenge
to sustainable agriculture. To address this issue, agricultural managed aquifer
recharge (Ag-MAR) is proposed to recharge the aquifer by artificially flooding
agricultural lands using surface water. Ag-MAR requires a carefully selected
flooding schedule to avoid affecting the oxygen absorption of crop roots. However,
current Ag-MAR scheduling does not take into account complex environmental
factors such as weather and soil oxygen, resulting in crop damage and insufficient
recharging amounts.

This paper proposes MARLP, the first end-to-end data-driven control system
for Ag-MAR. We first formulate Ag-MAR as an optimization problem. To that end,
we analyze four-year in-field datasets, which reveal the multi-periodicity feature of
the soil oxygen level trends and the opportunity to use external weather forecasts
and flooding proposals as exogenous clues for soil oxygen prediction. Then, we
design a two-stage forecasting framework. In the first stage, it extracts both the
cross-variate dependency and the periodic patterns from historical data to conduct
preliminary forecasting. In the second stage, it uses weather-soil and flooding-soil

causality to facilitate an accurate prediction of soil oxygen levels. Finally, we

43
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conduct model predictive control (MPC) for Ag-MAR flooding. To address the
challenge of large action spaces, we devise a heuristic planning module to reduce
the number of flooding proposals to enable the search for optimal solutions. Real-
world experiments show that MARLP reduces the oxygen deficit ratio by 86.8%
while improving the recharging amount in unit time by 35.8%, compared with the

previous four years.

3.1 Introduction

Groundwater is the water found underground in the spaces of soil, sand, and
rock. It is an important resource for agricultural stability, for example, providing
up to 60% of the water supply in dry years for California [110]. Due to recur-
ring droughts in recent years, groundwater pumping has increased significantly,
exceeding the natural recharge rate and leading to insufficient water supply in
underground aquifers [111]. This poses a threat to the food security of many
regions [112, 113]. Therefore, careful management and conservation of groundwater
resources are highlighted in many regions globally. In California, the Sustainable
Groundwater Management Act (SGMA) has been introduced, aiming to achieve a
balance between extraction and recharge within the next 20 years [114].

Managed Aquifer Recharge (MAR) is a technique used to redirect excess sur-
face water into underground aquifers during raining seasons, helping to replenish
groundwater sources and reduce the impacts of excessive water withdrawal. This
method is particularly adopted in areas close to rivers where the land is primarily
used for farming, known as Agricultural Managed Aquifer Recharge (Ag-MAR).
Ag-MAR has been recognized as an effective method for restoring water levels in
depleted aquifers, as well as for other advantages such as conditioning the soil
before planting seasons and enhancing habitats for bird populations [112, 115]. Its
process is illustrated in Figure 3.1.

The effective implementation of Ag-MAR in general remains a difficult problem.
When farmland is flooded, the water reduces the amount of oxygen dissolving into

the soil and therefore reduces the amount of oxygen accessible to the roots of the
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Figure 3.1: The benefits of applying Ag-MAR.
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crops. Crops have specific tolerance thresholds for the soil oxygen level; if the level
drops below the threshold, the crop root starts to decay, significantly damaging the
crops. Consequently, Ag-MAR needs to optimize two objectives at the same time,
i.e., maximizing the amount of water recharged to the underground aquifer while
keeping the soil oxygen level above a predefined threshold. We show examples of
the soil oxygen level trends under three different scenarios in Figure 3.2. From left
to right of the figure: first, if the flooding continues for an excessive period, the
soil oxygen level continuously drops over the tolerance threshold for the plant root,
resulting in root rot and future yield reduction. Second, if the water amount is
slight, like moderate rain and regular irrigation, it may only achieve a balance with
evapotranspiration (water lost to air due to evaporation), resulting in insufficient
aquifer recharge. Finally, the optimized solution is to flood on an intermittent
cycle, alternating between substantial flooding and drying periods so that the
oxygen can diffuse into the soil.

Ideally, such a schedule needs to take multiple pieces of information, e.g.,
current soil oxygen level, future weather, and soil type, into consideration. Because
water takes a certain time to sink through different soils, the effect of flooding
will not be detected immediately but will result in a delayed, long-term effect.
Consequently, it is essential to model and predict the effect of each flooding in the
long term in order to choose the optimal flooding schedule. However, an accurate
prediction and control method that considers all the above information remained
out-of-reach.

Analyzing our four-year real-world dataset in alfalfa fields' revealed two key
observations that motivate our design, which we will describe in detail in Section

3.2. In short, we found out that:

e Soil oxygen exhibits a multi-periodicity pattern, modulated by environmental

conditions and flooding actions.

e Due to the strong causality between weather, soil water content and soil

LAlfalfa is an classical crop for Ag-MAR as it does not require any nitrogen fertilizer after
establishment, gaining all N from biological Ny fixation and root uptake. It has minimal nitrate

leakage risks. Its safety threshold of oxygen concentration is 10%.
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oxygen, external weather forecast can boost the oxygen prediction.

In light of these observations, we devise MARLP, a Model Predictive Control
(MPC) system for Ag-MAR. The core is a Transformer-based long-term forecasting
model that features a two-stage learning scheme. First, it integrates cross-variate
and multi-periodic learning, enabling the preliminary self-consistent multi-variate
forecasting. Then, the weather forecast data is utilized as an external clue to
calibrate the oxygen prediction via a causal-aware module. By combining them,
the final oxygen prediction adapts well to the fluctuating rhythms of environmental
factors.

This predictive capability sets the stage for the subsequent MPC workflow,
which provides the predictive outputs to any flooding proposals for days in the
future. The optimizer can accordingly choose the best flooding strategy that both
mitigates oxygen-deficit risks and maximizes the recharging to the underground
aquifer. However, due to the long forecasting window, the total number of flooding

2720 which can not be brute-force searched and is too large to

proposals are
apply stochastic optimizing techniques. To this end, we propose a domain-specific
heuristic planning module. The number of proposals has been reduced to hundreds,
making it practical for the system loop to infer the oxygen consequences of them
in real-time.

To demonstrate the effectiveness of MARLP to predict oxygen variations and
schedule flooding actions, we conduct statistical comparisons on past datasets, real-
world control trials, and large-scale simulations. The experimental results show
that the proposed algorithm and scheme outperform the state-of-the-art models

and can provide practical and trustworthy decisions.

Our contributions are summarized as follows:

e We formulate the Ag-MAR optimization as a long-term model predictive
control problem and design a customized time-series forecasting model that
utilizes the external predictive input and extracts the periodicity features of

data traces.

e We propose MARLP, an MPC workflow based on the model. To handle
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the large action space, we devise a heuristic planning scheme, making the

forecasting-based search practical.

e We conduct extensive experiments to demonstrate the effectiveness of MARLP

on both recharging amounts and safety warranty.

3.2 Background

3.2.1 Ag-MAR Optimization

Ag-MAR is the most applied MAR scheme for two primary reasons: 1) The
nearby river areas are usually fully plotted with fields, and applying water to
these fields enables minimal water transportation; 2) The riverside fields typically
represent the lowest points in the area, ensuring minimal lift work. For the
resource-demand mismatching area, Ag-MAR is conducted during the off-season
when the surface water flow is adequate [116], and crops are not in their active
growth phase.

Ideally, we should flood as much as possible into the field, but the excessive
ponding will cause oxygen-deficit and root rot[117]. To coordinate these contra-
dicting objectives, the water usage must be intermittent, so that the soil can dry
off and the oxygen level can take time to recover, as shown in Figure 3.2. The
control objective is to maximize the amount of water recharged while maintaining
a healthy oxygen level for the root zone. So this problem could be formulated as
an optimization problem while the output is a control decision series, indicating

whether and how much water to apply at each timestamp:

maximize Z(fZF +pi — ET; — AS;)

ieT
subject to  O; > Oy e, VieT, (3:1)

where f; is a boolean variable denoting if the flooding is conducted in the -
th time step, F' is the flooding gain(mm) per time step, p; is the precipitation

gain(mm), and ET; is the evapotranspiration loss (ET) in the unit time. AS; is
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Figure 3.3: The rationale of soil oxygen and water content variation during

flooding.

the change in soil storage (mm) (dependent on the available water capacity (AWC)
of the soil). Surface runoff is not considered due to the flat field. Note that ET; is
the combination of surface evaporation and plant transpiration. The oxygen level

at any time is the accumulated results of past environmental factors:

Figure 3.3 shows the principle of how the soil water content (#(m?/m?)) and
oxygen percentage change within a flooding event. In the beginning, the water
saturates the soil and exceeds the surface, the oxygen level drops because water
has squeezed the gas in the soil (¢; to t). This period continues after the valve is
turned off. t3 represents the turning point of the oxygen level, which

In our experimental field, after 10 minutes of turning on the valve, the whole
field surface would be flooded, i.e., the soil water content reaches the peak value,
and the oxygen starts to drop since no gas exchange may happen. Then the
flooding lasts for ¢4 duration, which can be controlled by our strategy.

Why predicting for a long-term? To choose the best flooding strategy that
maximizes the water amount while reducing the risks of oxygen-deficit situations,
the consequences of applying water should be accurately predicted, until the next
time that the oxygen level recovers to the dry level. This recovery process may be

interrupted by precipitation and drop.
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Figure 3.4: Multi-periodicity and causal relationship pattern.

3.2.2 Key Observations

Throughout our five-year in-field Ag-MAR dataset, exampled in Figure 3.4,

we’ve revealed two key observations for helping long-term prediction.
Observation 3.2.1 Soil ozygen exhibits a multi-periodicity pattern.

Daily periodicity: This dynamic is subject to the impact of micro-biofunctions,
whose behavior is modulated by environmental conditions and our strategic flood-
ing interventions, e.g., elevated temperatures invigorate microbial activities. This
leads to a more rapid consumption of oxygen, especially during the day when the
temperature is at its zenith and microbial metabolic activities peak. Overall, the
multi-periodicity pattern making the prediction task far from interpretable and
straightforward.

Action-triggered periodicity: Post saturation, the oxygen level forms peri-
odical v-curves after saturations, first drops and then gradually recovers, as shown

in Figure 3.3.

Observation 3.2.2 Strong causality lies between flooding, weather, and soil oxy-

gen.

Precipitation impacts soil oxygen levels by saturating the soil, displacing air from
pore spaces, and reducing aeration, leading to anaerobic conditions that affect
plant and microbial respiration. Thus, predicting soil oxygen levels benefits from
considering the causality between weather and soil oxygen levels. Luckily, mod-

ern weather forecasting reports that synthesize global atmospheric modeling are
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how it facilitates control.

becoming more and more reliable, especially in scenarios with sudden and severe
rainfall events[118, 119]. They can be used as external clues to facilitate oxygen

level inference.

3.3 Long-term Soil Oxygen Prediction

In this section, we introduce a long-term time-series forecasting model cus-

tomized for soil oxygen prediction.

3.3.1 Model Overview

The model architecture is shown in Figure 3.5, consisting of three major com-
ponents: dependency extraction backbone, multi-periodicity block, and causal
projection. The iTransformer dependency learning backbone [120, 121] extracts
the cross-variate and temporal dependencies. The latent space representation
is then passed towards the multi-periodicity block to learn the inter- and intra-
periodicity features. To this end, a forecasting result would be produced, which is
self-consistent among all variates. Then the partially observable future clues, i.e.,
future flooding and external weather forecasts, are utilized to calibrate the oxygen
prediction.

The historical records can be represented as X = {xy, ..., zr} € RT*N with T’
time steps and NNV variates. They are soil oxygen concentration, soil water content,
flooding history, and weather records, i.e., air temperature, precipitation, humidity,

and wind speed. Besides, some partially observable future clues are included,
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specifically the flooding plan and weather forecasts for future S time steps Y =
{@hy1, ... @ g} € RN With both inputs, we predict the oxygen in future S

time steps z = {T741,..., 07,9} € RV,

3.3.2 Multi-Periodicity Extraction

To harness the full potential of periodicity within micro-biofunction data, we
adopt a structured approach to first conduct data segmentation and re-organization [122].
The data is segmented according to the first 2 frequency bin of FFT results to
isolate periodic components, which is then reorganized into a 2D format that aligns
their intra-period indexes,

In this re-organized structure, each column of the tensor represents a discrete
time point within a single period, and each row correlates to the same phase
across different periods. This configuration allows our system, MARLP, to dif-
ferentiate and learn from both intra-period and inter-period variations. Through
this transformation, we overcome the inherent limitations of 1D time series data
representation, paving the way for learning the temporal patterns in microbial
activities. Inception blocks are implemented for each periodicity pattern, ded-
icated to extracting and learning the periodicity from a specific time segment
period/frequency. The outputs of each block are adaptively aggregated to output

the final forecasting.

3.3.3 Causal Projection with Future Clues

Trustworthy weather forecasts and flooding plans are partially observable fac-
tors of the future. To combine their insights with history-inferred results, we
compare them with preliminary weather and flooding outputs from history-based
prediction modules. Considering the temporal self-consistency of ari, € x7,
with all other B4, € x7,, if an external clue Gry, is trustworthy, Aari, =
Qryn — apy, can be leveraged to fill the confidence gap between [, and the
groundtruth if causality holds between them.

The causality between temperature, precipitation, soil water, and oxygen holds
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intuitively and empirically. Discovering causal relationships within dozens of se-
quential variates is relatively easy, but it remains an open problem how to leverage
the causality to facilitate external clue-aware time-series forecasting.

We divide the variates into three layers. Variates at the upper layer may
Granger-cause the lower-layer ones, but it can’t be reversed, due to physical
rules. After setting the causal layers between variates, we apply Granger causality

learning for each pair of variates to learn the parameters:

AB(t) = ;AJAa(t —J)+ ;%%i_j) + E(t) (3.3)

where E(t) is the residual, A; and A are linear parameters, we only model the first-
derivative causal since it’s intuitive for rationales like increased soil water to reduce
the oxygen diffusion speed, higher temperature leads to faster soil water emission,
etc. During inference, we iterate through layers, up to bottom, to calculate AfS
for all g without external clues, i.e., soil water and soil oxygen. These values are
utilized to calibrate raw outputs to achieve a new consistency between soil oxygen

forecasting and external clues.

3.3.4 Dependency Extraction among Variates

Understanding dependencies between soil oxygen levels and other variables is
crucial for predicting soil oxygen level. While transformer-based methods excel at
uncovering dependencies in time series [123], they are less effective at identifying
relationships across different variables. To this end, inversed transformer (iTrans-
former) [120] is adopted as the backbone to learn the dependencies among variables
via inversed layer normalization and attention mechanism.

The layer normalization is applied across time steps rather than features, which
preserves the distinct temporal dynamics of each variable, ensuring the learning
of the patterns inherent to the data. The feed-forward networks serve to distill
complex temporal features from each variate, allowing the attention module to
work effectively. The attention mechanism of iTransformer is carefully calibrated

to work with the tokenized series of variates. It avoids the traditional composite
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token format to enhance the model’s ability to map out the dependencies among
multiple variables.

In-situ Model Update. Considering distribution shifts between regions,
fields, and other environmental dynamics, we use the newly collected data to adapt

the forecasting model, which enhances the scalability for wide adoption.

3.4 Model Predictive Control

In this section, we integrate the prediction of soil oxygen into our MPC design

to guide the recharging actions.

3.4.1 Workflow

The workflow of MARLP is shown in Figure 3.2. The heuristic planning
generates flooding traces with predefined rules and constraints to propose potential
flooding schedules. The long-term oxygen forecasting module then incorporates
historical data and weather forecasts to simulate the consequential oxygen trace of
all flooding traces. These flooding proposals and the oxygen level predictions are
then analyzed by the optimizer according to the optimization objective specified by
Eq.3.1. Once the best flooding plan is identified, the optimizer sends the actions to
the actuator. The whole process can be conducted again anytime, not necessarily
after the plan is finished. We set the control scheduling interval to be 10 minutes
in our experiment to balance the timeliness and the computation overhead. Note
that agile re-scheduling doesn’t conflict with the necessity of long-term forecasting

because wrong flooding actions can never be revoked.

3.4.2 Heuristic Planning

The essential part of MPC is to estimate the optimal flooding trace among
all flooding proposals, while not consuming an intolerable amount of computa-
tion. Traditionally, this is done by adopting stochastic searching methods such

as shooting-based methods[124] or cross-entropy methods[125]. Considering a
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Figure 3.6: The alfalfa field of 2023 experiments.

planning period that may extend beyond 120 hours, with a decision required every
10 minutes, the number of potential action sequences can reach 27°, which is
too large for a stochastic searching method to be effective. To address this, we
propose schemes based on an understanding of saturating actions in the system.
These schemes are derived from two key principles:

(1) Flooding Duration Constraint: To ensure the effectiveness of ground-
water recharging, once flooding begins, it must continue for at least a minimum

duration before ceasing. This constraint can be represented as:

VieT, (Ft—1)=0AF(l)=1)=
(\V/’T € [t, t+ Atmin_ﬂood)a F(T) = 1) (34)

VieT, (F(t)=1)=
(F7 € [t,t + Atmaxfiood), F(7) =0) (3.5)

Here, F'(t) is a binary indicator function where F'(t) = 1, if flooding is occurring
at time ¢, T, is the total observation time period, and Atin flooa 18 the minimum
required duration for continuous flooding.

(2) Idle Period Duration Constraint: Between two floodings, the idle
interval must be long enough that the oxygen can effectively diffuse, otherwise
it should not take the interval, but should grasp the chance to flood more. This

constraint ensures an adequate drying period for the soil oxygen recovery:
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VEeT, (F(t—1)=1AF(t)=0)=
(V7 € [t,t + Atminiae), F(7) =0) (3.6)

In this case, F'(t) = 0 indicates an idle (non-flooding) period at time ¢, and
At min idqle represents the minimum required duration for the idle period to allow for
soil aeration.

By implementing these constraints, we can mathematically define and enforce
the necessary spacing between flooding and idle periods within the MPC frame-
work. By filtering out suboptimal action traces, we significantly reduced the size
of the search space to several hundred traces, which can be effectively brute-forced

to find the optimal trace.

3.5 In-Field Experiment Setup

As shown in Figures 3.6 and 3.13, we build a real experimental testbed to
verify the effectiveness of MARLP in practical scenarios. It includes sensory data
collection, transmission and decision making modules. These components function
as a comprehensive in-field experiment system that enables online evaluation of
MARLP, offering more precise and realistic insights than those obtained from

simulations or offline evaluations.
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Sensory Data Collection: The oxygen and moisture sensors are placed at
critical points throughout the facility. These sensors continuously measure real-
time oxygen and moisture data, enabling prompt adjustments to maintain optimal
oxygen levels.

Sensory Data Transmission: The collected oxygen and moisture data are
transmitted to a central server through LoRa networks, ensuring long-range, low-
power wireless communication. We configured the transmission parameters, specif-
ically setting the spreading factor (SF) to 8, to ensure that all measured sensory
data are accurately received by our central server.

Inference Server. This server runs the neural networks and MPC algorithm
based on continuously received sensory data and crawled weather forecast data
from websites for prediction.

System Overhead. The power consumption of each sensor node for sensing
and communicating is 64 mW, which can be easily covered by a solar panel, miti-
gating the need to change batteries. The gateway and server could be purchased
as a service during flooding seasons. Overall, the system requires less than $400
to implement and $50/year to maintain, ensuring easy adoption, even for small

farms.

3.6 Evaluation
We ask the following questions to evaluate MARLP through in-field experi-
ments and large-scale simulations:

RQ1 How effective is MARLP in predicting oxygen curves?
RQ2 How effective is MARLP in control performance?

RQ3 Can MARLP be effectively generalized across different soil types, plant

species, and weather patterns?

RQ4 How effective is each design component of MARLP?

To answer these questions, we evaluate the predictive capacity on datasets of past

years in Section 3.6.1 and assess the control performance of MARLP during the
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Table 3.1: The collection settings of Ag-MAR datasets.

Year 2020 2021 2022 2023 2024

Area(ft?) 590%280  590%280  590%280  284*132  150*100
Flooding  Const. Const. Const. Const. MARLP
Duration 2/20-4/2 2/12-3/31 1/19-4/8 2/28-4/6 1/19-4/4
Sequence 6086 6902 11455 5389 11001

in-field deployment in Section 3.6.2. Then, we investigate the performance under

different factors in Section 3.6.3, followed by the ablation study in Section 3.6.4.

3.6.1 Predictive Capability

We choose four recent, representative and highly performed time-series fore-
casting models as baselines: TimesNet [122], PatchTST [126], DLinear [127], and
iTransformer [120], covering convolutional, linear, and transformer-based method-
ologies. We evaluate all baseline forecasting models on five datasets from five years
within three fields. The prediction sequence length is set as 720, which represents
five days. Given the sensor reading interval of 10 minutes, the forecasting window
is 120 hours, which can fully observe oxygen recovery in most cases. Table 3.1
shows dataset statistics, including the collection area, period, flooding strategy, and
sequence length. Ag-MAR actions lie between growing seasons, which is roughly
from January to April for alfalfa in California, US. From 2020 to 2023, the field is
flooded with constant intervals, e.g., once a week. Trials in 2024 are controlled by
MARLP.

Table ?? reports the MSE, MAE, as well as the mean absolute error of the peak
time (PTE) and peak value (PVE) among all forecasting models. The unit of peak
time error is an hour. In Table 77, it is evident that MARLP consistently achieves
the highest performance (highlighted with red values) when incorporating weather
forecast data. This underscores the effectiveness of our long-term soil oxygen

prediction algorithm, which is vital for the MPC.
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Figure 3.8: An example of how MARLP handles precipitation.

Table 3.2: Control performance comparison.

Const. MARLP

Oxygen Deficit Ratio 2.72%  0.36%
Recharging Amount (inch per week) 7.640  10.371

3.6.2 In-field Control Experiments

We perform the first in-field deployment of the Ag-MAR control scheme, as
illustrated in Section 3.5. The quality of control is evaluated under two factors:
oxygen deficit ratio (ODR) and recharging amount. ODR calculates the
ratio of time that the soil oxygen level is below the safety threshold, which should
be zero in ideal cases. The best recharging amount may vary according to weather
conditions, so the optimal recharging amount can not be asserted, instead, we can
only compare the schemes with each other. All in-field experiments are conducted
in alfalfa fields, with the safety threshold of oxygen concentration as 10%.

Table 3.2 compares the control performance of MARLP with the weekly flooded
scheme in 2020-2023 as the baseline. The weekly flooded scheme resulted in an
average oxygen deficit ratio of 2.72%, while controlling with MARLP yields an
ODR of 0.36%. At the same time, MARLP increased the recharging amount (inch
per week) from 7.64 to 10.371, with a 35.8% improvement.
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Figure 3.8 provides an example of comparison between the weekly flooding
scheme and MARLP to show the reason behind the high effectiveness of MARLP.
The red and purple bars represent the amount of precipitation and flooding,
respectively. Each bar is 10 minutes wide, so the visual areas indicate the total
amount of water input. In Figure 3.8 (a), the weekly-based approach ignores the
heavy rain forecast after flooding, resulting in the unexpected oxygen deficit below
10% on day 1 and day 8. At the same time, it misses the opportunity to flood
during days 3-6, when there is no rainfall. Figure 3.8 (b) shows the performance of
MARLP. On day 1 and day 2, when the rainfall is negligible, it conducts a 14-hour
recharge for 3.1 mm. The oxygen low peak is 10.16%, without exceeding the safety
threshold, as depicted by the red dashed line. Knowing the heavy rain on day 4
of the forecast, it discarded aggressive proposals and stopped flooding for 5 days
to avoid danger. This shows that MARLP can foresee the consequences of each

proposal and avoid risky flooding while making full use of flooding opportunities.

3.6.3 Large-scale Simulation

To evaluate the generalization capability of all prediction models, we utilize a
simulator to replicate a diverse array of factors, including soil types, crop species,
and regional climate.? Specifically, we simulate the water content transition in the
soil using HYDRUS [128], a classical simulator for soil flux [129]. Then we model
the oxygen diffusion process, root respiration, and microbial respiration based on
empirical equations [130]. The evaluation targets the oxygen deficit ratio and

recharging amount in the simulation.

Impact of Soil Types

To check the generalizability of MARLP on different soil, we mimic three
representative soil types: sand, loam, and silt according to the soil texture triangle
defined by USDA [131]. We simulate each soil texture as a testbed, where all
models are evaluated with MPC architecture the same as MARLP. The crops and

weather remain the same as in the 2023 in-field experiment. Figure 3.9(a) shows

2We didn’t conduct in-field A/B tests due to the limits of field resources.
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Figure 3.10: Control performance for crop species.

that MARLP achieves the lowest oxygen deficit ratio than the baselines for all three
soil textures, and Figure 3.9(b) shows that MARLP achieves a high recharging
amount at the same time. Although DLinear achieves a higher recharging amount
on loam and slit, it performs significantly worse than MARLP in terms of oxygen
deficit ratio. The superior robustness based on the causality-aware forecasting of
MARLP holds on other soil types. Note that the soil texture has a significant
impact on the general trend of the potential recharging amount because soil with

relatively high percolation rates can accelerate the atmosphere exchange process.

Impact of Crop Species

We choose walnut trees, grapes and almond trees, with distinct root densi-

ties, depths and oxygen-deficit tolerances [132], to assess how the crop diversity
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influences the control performance. Walnuts and almonds are less tolerant to
flooding than alfalfa, hence they are more susceptible to high oxygen-deficit ratio.
Figure 3.10(a) shows that MARLP achieves the lowest oxygen-deficit ratio than
the baselines for all three crop species, and Figure 3.10(b) shows that MARLP
achieves a high recharging amount at the same time. Therefore, MARLP has the

best generalization capability among all methods.

Impact of Regional Climatic

Although California is at the forefront of Ag-MAR adoption, this practice
is becoming increasingly popular in other parts of the world that face similar
hydrological challenges, particularly those with a Mediterranean climate. We
broaden its scope to include the High-Atlas region in Morocco [133] and the Algarve
region in Portugal [134], incorporating soil and weather data from these diverse
global regions that are actively exploring Ag-MAR. The experimental periods for
the simulations are both Feb. 28th - Apr. 6th, 2023, aligning with our real-world
experiments in California. We use HYDRUS [128] to simulate the soil dynamics
of these two sites and use five models to conduct flooding control separately,
with the same goal settings. The results are shown in Figure 3.11. The control
performance of all models exhibits drops since the High-Atlas encounters a few
sharp precipitations due to high altitude, while Algarve is located by the sea, with
stronger daily periodicity. MARLP keeps achieving the best control performance.
It underscores the generalizability of MARLP and its potential to be adapted

worldwide.

3.6.4 Ablation Study

In this section, we systematically tested the performance of MARLP by exclud-
ing each design module to evaluate their individual effectiveness. Additionally, we
examined how each input variable contributes to the system. These tests revealed
the necessity of involving these clues and casual strength between the soil oxygen
and each of them. We plot the mean and standard deviation of MSE across all

datasets.
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Design module ablations. We construct ablated versions of the model by
substituting the iTransformer with a vanilla Transformer, removing the periodicity
block and the causal module. Figure 3.12(a) illustrates that the performance of
each ablated version diminishes, with the version lacking the causal module expe-
riencing the most significant reduction. This decline is because of the pronounced
causality inherent in Ag-MAR data.

Impact of Input Features. Figure 3.12(b) shows the influence of various
inputs on the MSE of oxygen forecasting. The abbreviations FH, SW, WH, WF,
and FF represent flooding history, soil water content, weather history, weather
forecast, and future flooding, respectively. All inputs play a pivotal role in en-
hancing the final performance, with weather forecasts and future flooding making
the most significant contributions. Consequently, optimal forecasting necessitates
a synergistic integration of historical data.

Overall, this ablation study affirms the importance of each factor in improving
oxygen forecasting and underscores the significance of causal-aware forecasting that

incorporates external indicators.

3.7 Related Works and Discussions

Ag-MAR studies. Ag-MAR has been studied in terms of environmental
benefits and potential risks[129, 113, 135], the fitness of different soil types, crops,
and geological regions. The preliminary results are positive and bring it towards
global adoption [136]. However, its current implementation is empirical [137],
lacking a standardized and automatic workflow to achieve the best flooding. Based
on the oxygen pattern analysis, MARLP provides a systematical solution that can
work seamlessly with sensor systems, without the need for expert knowledge.

Multi-variate time-series prediction algorithms. The evolution of multi-
variate time-series prediction algorithms has been marked by significant milestones,
starting from the development of the Autoregressive Integrated Moving Average
(ARIMA) model [138], advancing through the use of Recurrent Neural Networks
(RNNs) [139, 140], and further evolving with the introduction of Transformer [141].
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NS-Transformer [142] proposes series stationarization and de-stationary attention
to handle the distribution shift and boost the performance of the Transformer on
time-series prediction. iTransformer [120] optimizes temporal and cross-variate
dependency extraction by swapping 2 modules. Instead of conducting universal
forecasting, other works focus on different objectives: TSMixer [143] utilizes the
MLP architecture to reduce computing resources. MARLP distinguishes itself with
a two-stage method that first predicts based on historical patterns, then utilizes
external clues for causality-aware calibration.

Causal discovery and inference for time-series data. Causal relationship
widely exists in sequence data, e.g., the classical causality between milk price and
butter price[144]. Granger causality is proposed to handle the delay of the causal
impact[145]. [146] proposes Bayesian forecasting with time-varying causal models,
but it only works for short terms. CASTOR [147] introduces time-lagged links
into GNN to enhance Granger causality modeling. REASON [148] utilizes graph
neural networks to extract layered causal relationships. Instead of discovering
and quantifying causality, our solution focuses on applying causality to long-term
time-series forecasting with external clues.

Time series modeling for real world applications. Time series modeling
is not only a critical question in agricultural practices but also vital in other
industries like electricity, weather, traffic, etc [149, 150]. RAPT[151] conducts
prediction on medical data for pregnancy complication diagnosis. ClimODE [152]
uses physics-informed neural ODE to simulate global atmosphere dynamics for cli-
mate forecasting. We will try to enhance the sensor systems to enable neural ODE
on Ag-MAR oxygen modeling in future works. For dynamic systems, manifold-
aware Gaussian processes infer smoothly changing parameters, while O-MAGIC
flags structural change-points online with theoretical guarantees [153, 154]. Large
language models (LLM) are also capable of processing spatial temporal data, but
so far cannot achieve trustworthiness due to hallucination [155].

MPC based on long-term forecasting. MPC has been used for ap-
plication scenarios from the microsecond-level horizon (e.g., embedded system

voltage control [156]) to the hour-level horizon (e.g., building control [124, 157],
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grid control [158]). Existing works utilize MPC for irrigation, but the planning
horizon and forecast window are less than one day [7, 159]. Reinforcement learning
[160, 161, 162] based control can achieve effective control, but lacks reliability and
requires a large amount of data to converge, making it unsuitable for Ag-MAR. To
the best of our knowledge, this work is the first MPC work to consider a planning
horizon of several days.

Robustness and Efficiency. Robustness is a major concern for applied
machine learning [163, 164, 165]. The predicted state trajectory generated as part
of the MPC planning process allows the safety check of the trajectory, which offers
a higher level of reliability [166, 167]. In future works, we may apply safe guarantee
mechanisms like a Gaussian-based uncertainty check|[5], to achieve better tradeoffs
between reliability and efficiency. Furthermore, given the typically extensive search
spaces involved in real-world, long-term forecasting control, efficiency becomes a
pivotal aspect. Unlike RL, which can separate agent models from environmental
models to improve efficiency [168, 169, 170], time series modeling offers limited
scope to balance performance with efficiency. However, recent advances in state
space models (SSM) have significantly mitigated computational burdens [171].
Future research could explore the application of SSMs in scenarios where real-time

requirements are critical.

3.8 Sensor node deployment

The sensor node is powered by solar energy. As shown in Figure 3.13, it consists
of several key components. The Arduino Uno serves as the central controller,
managing the operations of sensor readings and LoRa signal modulation. It is
connected to KE-25 oxygen sensors and IRROMETER Watermark 200SS soil
moisture sensors, which are deployed in the soil. The InAir9B LoRa radio is con-
nected to the Arduino Uno via a relay board, which enables low-power long-range
communication. The rechargeable battery along with the solar charger ensures
minimum maintenance efforts. Key components are hosted in the waterproof box

to protect them from damage and fast aging caused by environmental factors. The
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Figure 3.13: The illustration of the solar-powered sensor node.

spreading factor (SF) [172] of the LoRa transmission is 8.

3.9 Conclusion

This paper introduces MARLP, a model predictive control system for Ag-
MAR, employing heuristic planning and a long-term oxygen forecasting module
to optimize groundwater recharge and soil oxygen levels. Through forecasting,
MARLP effectively manages environmental variables in real-time, enhancing wa-
ter use efficiency in agriculture. The successful deployment of MARLP, which
reduces the oxygen-deficit rate and improves the total amount of applied water,
showcases the system’s potential in precision agriculture and sustainable resource

management.



Chapter 4

Task-driven Multi-variate Time
Series Modeling with Structural
Granger Causality

Granger causality is a fundamental concept in multivariate time series analysis,
proven to be valuable in numerous real-world applications. However, most existing
research focuses on causal discovery, neglecting the potential of causal insights to
improve downstream tasks such as forecasting and imputation.

In this work, we introduce GrangerNet, a novel framework designed to harness
Granger causality for multivariate time series modeling. It advances traditional
linear approaches by introducing the structural Granger matrix, which captures
delayed temporal correlations across multiple orders of derivatives and delay pe-
riods for each variable pair. GrangerNet employs an end-to-end training process
to learn the optimal mixtures of causal components, tailored to specific tasks. To
facilitate model training efficiency, we leverage a causality-augmented regularizer
to enforce the sparse nature of the causal structure, as well as the directional and
acyclic feature of the causal graphs. We demonstrate that GrangerNet achieves
competitive performance with state-of-the-art algorithms, on downstream tasks
and causal discovery simultaneously, especially when the causal relationship is

explicit.

68
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4.1 Introduction

Granger causality, originally developed in econometrics [173], is a statistical
concept that identifies temporal dependencies between time series. It is based
on the idea that one time series is said to Granger cause another if its past
values can improve the prediction of future values of the latter [174]. This delayed
temporal correlation concept has become fundamental across diverse fields such as
finance, neuroscience, and biology. Understanding the causal relationships between
dynamic variables is essential for tasks like forecasting, imputation, classification,
and decision-making.

Despite the clear potential of Granger causality, many contemporary models
purely focus on inferring the causal structure [175, 176, 177, 178] but overlook
the potential in its applied values. For example, MCD [175] discover causal struc-
tures in heterogeneous time series using variational inference, while JRNGC [177]
improves Granger causality estimation by integrating a Jacobian regularizer. How-
ever, is remains unclear how these causal structures can facilitate practical problem
solving for time series, which mainly lies in forecasting, imputation, classification,
as well as the subsequent control tasks.

On the other hand, numerous studies have advanced time series modeling and
its applications, especially with deep learning techniques [126, 122, 171, 179]. But
they mainly concentrate on latent space representation learning, missing the oppor-
tunities of intrinsic causality that is easy to interpret and quantify. Timer [180] is a
representative recent study that models and extracts causal temporal dependencies.
They devise a mechanism called TimeAttention, which mask out non-beneficial
dependencies during modeling. However, it can not interpret the learnt causality
as structural causal models or directed acyclic graphs (DAG). This gap leaves a
need for models that not only uncover causal structures but also integrate them
into downstream tasks for better performance in real-world scenarios.

In this paper, we propose GrangerNet, a novel multivariate time series model-
ing framework that integrates Granger causality and Delay Differential Equations
(DDE) to enhance the performance of time series forecasting and imputation tasks.

GrangerNet is designed to learn the Granger causality between one variable and
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the others in a multivariate setting, and integrate this information to improve the
accuracy of downstream tasks. At the core of GrangerNet is the Granger matrix,
an efficient mathematical structure that extracts both the delay and causal effects
in the system. Specifically, we model the dynamics of each variable as a function
of the past values of all other time series in the system. Considering that each past
state may have an influence to the current state, we extend the possible delays as
one dimension of the Granger matrix. Besides, the causal relationships may be
direct or indirect, motivating the usage of various orders of derivatives as another
dimension. In this way, each pair of variables has a sub-matrix that lists the most
possible causal relationship between them, with different combinations of delays
and derivative orders.

To quantify the importance of each component in the Granger matrix, we devise
a weight matrix that matches the elements in the Granger matrix accordingly.
Each weight item inside it indicates the strength of a certain relationship, which
can provide analytical insights and facilitate applications simultaneously. The two
matrixes together form GrangerNet.

As amodeling method, GrangerNet can address various downstream tasks when
equipped with specialized output interfaces. The forecasting head utilizes the
Granger matrix to predict the fluctuations of future time steps and then makes
updates in a step-wise manner. The prediction error can inversely be used as the
loss function for learning the weight matrix. The imputation head uses a similar
methodology to infer missing values, but with more reference timestamps avail-
able, particularly in partially observed scenarios. Benefit from these applications,
GrangerNet can be easily trained with flexible task-specific loss functions.

However, a challenge lies in the weight matrix. Ideally, the trained weights
can translate to the causal structure, i.e., causal graph, but the learned weights
are dense and easy to be filled with noise. To solve this problem and embrace
training efficiency, GrangerNet further adopts a causal augmented regularizer.
Firstly, it enforces the sparsity of the weight matrix by applying the Frobienus
norm in the regularization. Then it leverages the acyclic pattern of the causal

graph representation to suppress noise weights.
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We evaluate the effectiveness of GrangerNet through extensive experiments on
5 real-world datasets from diverse domains, including agriculture, weather, elec-
tricity and medical information. GrangerNet is compared against two categories of
state-of-the-art baseline models, for both causal discovery and downstream tasks.
Specifically, the baselines include 14 causal discovery models, 4 forecasting models,
and 4 imputation models in different categories. The results show that GrangerNet
consistently achieves high performance for applications like exogenous clue-aware
forecasting and imputation, and can achieve SOTA for scenarios with strong and
explicit delayed causal patterns. We also assess the interpretability of the learned
Granger matrix, confirming that the discovered causal relationships align with
known dependencies in the datasets. Additionally, we explore the impact of
parameter choices, including delay window size and orders of derivatives in the
modeling, providing insights into the models adaptability.

The contributions of this paper are as follows:

e We introduce the GrangerNet framework, which uses a Granger matrix and
a weight matrix to model delayed temporal correlations in multivariate time
series. It can serve downstream applications and provide analytical insights

simultaneously.

e GrangerNet employs end-to-end training with downstream tasks and adopts a
causal augmented regularizer to facilitate the effectiveness and efficiency of the

modeling.

e We conduct extensive evaluations on various datasets, demonstrating the com-
petitive performance of GrangerNet in both forecasting and imputation tasks.
Post-hoc analysis of the weight matrix reveals that GrangerNet is effective in

causal discovery.
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4.2 Background and Related Work

4.2.1 Granger Causality Modeling.

Granger causality. Granger causality is a predictive notion of causality,
where a time series variable x; Granger causes another one x; if the past values of
x; improve the prediction of future values of ;. Given a multivariate time series
X ={xy,...,xr} € RI*N with N variates and T time steps, the system dynamics

for each variate x;(t) can be modeled as:

mj(t):fj(w1(< t),...,CUN(< t))+€j, (41)

where ¢; is the independent noise, and each function f; models the causal
relationship among different time series.

Granger causality is usually modeled in a vector autoregressive (VAR) pat-
tern [181, 182, 183]. For instance, NTS-NOTEARS [181] extends the NOTEARS
acyclicity framework to nonparametric time-series by adopting 1D convolutional
networks for both lagged (inter-slice) and instantaneous (intra-slice) dependencies.
Apart from these works, MCD [175] discovers multiple causal models in hetero-
geneous time series by using variational inference to infer both causal structures
and mixture memberships, outperforming state-of-the-art methods in accuracy
and clustering. JRNGC [177] improves the estimation of Granger causality by
incorporating a Jacobian matrix regularizer into a unified neural network model,
improving scalability and accuracy. However, these works do not explore how the
parameterized Granger causality can facilitate downstream tasks, and also lack a
derivative-based modeling that directly matches the causal nature in real world
applications.

Delay differential equations (DDE). DDEs provide a framework to model
systems where the rate of change of a state variable depends not only on the current
state but also on past states [184]. The general form of a DDE for a single time
series x(t) is:

5% = [t 2(t), =) (4.2)

where x; = {x(7) : 7 <t} represents the solution trajectory in the past. For a
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multivariate system, we extend this to:
d

%) = fi(t.z(t), ) (4.3)
where &; = {x1(< t),...,xn(< t)} captures the past values of all variables

and ¢; is the residual of the first derivative.

4.2.2 Causal reasoning in Time Series.

For time series with regular intervals, deep learning based models have success-
ful experience in extracting causal relationships. ORL[185] estimates long-term
causal effects of continuous treatments from short-term experiments by leveraging
reinforcement learning techniques, offering a robust alternative to surrogate meth-
ods. CUTS+[186] improves high-dimensional causal discovery in irregular time
series by integrating coarse-to-fine discovery and message-passing graph neural
networks. LipCDE[187] improves treatment effect estimation from irregular time
series with hidden confounders by using Lipschitz-bounded neural controlled differ-
ential equations, reducing bias and enhancing robustness. NCTRL[188] improves
latent causal variable identification in nonstationary time series by recovering time-
delayed causal relations without observing auxiliary variables or domain indices.
On the other hand, Multi-variate Hawkes Process and Neural Point Process focus
on event sequence data sampled from irregular time intervals instead of regular-
interval time series. For instance, ISAHP[189] discovers instance-level causal struc-
tures in an unsupervised manner. These works focus solely on outputting the causal

structures and miss the opportunity to utilize them.

4.2.3 Time Series Forecasting with Exogenous Variables.

Incorporating auxiliary exogenous variables has been widely shown to be ef-
fective for forecasting, as temporal dynamics are often shaped by external fac-
tors [179, 190]. CATS[149] enhances forecasting quality by constructing auxiliary
series to enhance representing inter-series relationships. Manifold[153] utilizes the
Gaussian process to forecast multivariate time series with nonlinear dynamic struc-

ture. WEITS[191] improves interpretable time series forecasting by incorporating
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Figure 4.1: The overview of GrangerNet, including two matrixes and the causal

augmented regularizer.

wavelet-enhanced residual networks for accuracy and efficiency. [150] proposes
an in-context LLM structure and reformulated forecasting tasks as input tokens to
LLM structure, alleviating overfitting issues. CauDiTS[192] enhances unsupervised
domain adaptation for multivariate time series by disentangling domain-invariant
causal rationales from domain-specific correlations, improving cross-domain con-
sistency and robustness. MARLP[193] is the first work that utilizes external time
series as clues and has proven its potential in boosting control performance on
a real agricultural deployment. However, these works do not explicitly learn the
Granger causality. To the best of our knowledge, GrangerNet is the first framework
that models the multivariant time series as Granger representations and leverages

it for downstream tasks.

4.3 GrangerNet

In this section, we describe the mathematical formation of the Granger matrix

and its interfaces for forecasting and imputation.
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4.3.1 Modeling Granger Causality with DDE

We formulate the prediction function f; to predict the change in time series of

interest Azx;, such that

x;(t+1)=x;(t) + Ax;(t) (4.4)
= acj(t) + fj(w1(< t), ce ,wN(< t)) + €j

The output of f; can be decomposed into a linear combination of impacts predicted

from all time series data
N
Fi() = wishi(ai(< 1)) (4.5)
i=1

where h;; is a function that predicts the impact on Ax;(t) using a single time series
x; and w;; is a trainable weight. For each time series data x;, we want to measure

the causality between the ground truth h_ij and the combination of two attributes:
1. The rate of change [n|x;t(t) for various orders of derivative n € [0, M],
2. The delayed effect x;(t — 7) for various delaying time steps 7 € [0, T].

Because we are dealing with discrete sequences time series data, the delay steps
T are integers. Hence, at each time step ¢, the combinations of the above two
attributes generate MT distinct values. We assign a trainable weight to each of

these values and define the output of the prediction function:
M T
t—1

n=0 7=0
Where [n]x;t|;,_, is computed by recursively calculating ([n — 1]xt|;—ro1 — [0 —

Hait|,—r—1)/2, with @it|,—r = (Ti|—rt1 — Xilt—r-1)/2.

4.3.2 Granger Matrix

The h;; defined above predicts the change in time series Ax; using a single

time series x;. We now define the process of predicting Az, using all time series.

RMXT

First, we define a matrix H € composed of the values in h;;:
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O]zitli—o -+ [0]xit|i—r
Hi;(-) = E E (4.7)

[Mlait|—o - [Mxit|-r
We isolate the trainable weights to a separate matrix W so that the grand sum of
the Hadamard of the weight matrix Wy, © H;; is equal to Eq.4.6. Next, we define

Granger matrix G € RV *MxT a5 the correlation matrix between N H matrices,

and weights W, such that

W o G(N,M,T) (4.8)
Hy - Huy
=W 0o : : (4.9)
Hy: -+ Hpyw
Wy, ©OHyp -0 Wy, OHy
= : : (4.10)
Wu,y, ©OHyt -+ Why,y ©Hyy

W and G together form the GrangerNet. Given ¢ and x;(< t) fori € [1, N], G
can be viewed as a matrix of constant values. When inferencing with GrangerNet,
at each time step t, G is computed in closed-form, while the final result is calculated
by weighting each element in GG using the trainable parameters W.

The weight matrix training is driven by downstream tasks, which provide
ground-truth labels for loss calculation and learning through backpropagation.
For example, in single-step forecasting, we use xj|t as the ground truth and
xjlt — 7,7 € [1,Thaz| as the input. The loss is then computed as the MSE of
the prediction for x(t).

Ideally, the W after training translates into a causal DAG, where a higher
weight indicates a higher probability of causal relationship presence. This offers in-
terpretable insights into cross-variable correlations, such as the potential rationale
between two variables or the presence of mediators. However, the resulting weight
matrix is often dense with many conflicting causal relationships. For example,

both max(W,;) and max(Wj;) can be large, indicating a bidirectional causal
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relationship which is not possible. Furthermore, self-causality, represented by
W,;, can also be significant. These pseudo-causal pairs, which contradict the
acyclic nature of causal structures, result in a confusing causal pattern and cause

degraded and unstable performance on downstream tasks.

4.3.3 Causality Augmented Regularizers

To steer the convergence of the weights W towards not only excellent down-
stream task performances, but also revealing an interpretable causal structure of
the underlying data, we introduce two causality-augmented regularizers to the
objective function. These three regularizers are tailored to make the resulting W
to represent a valid causal graph between time series. We now introduce the two
regularizers.

Frobienus-norm as a sparsity regularizer. When training the weight
matrix W, for elements in G that is always close to 0, their corresponding weight
can explode to an arbitrarily large value. Similarly, the smaller elements in G
can attain large weights. These weights does not significantly affect forecasting or
imputation accuracy (since their multipliers are small), but they severely impact
our interpretation of the causal graph from W. To penalize redundant and ex-
ploding weights, we minimize the norm of W. While the norm choice depends on
the nature of the causal structure we aim to impose, to optimize the efficiency, we

choose to use the Frobienus norm (F-norm) [194, 177]:
Feausal = [[W|[7 = Tr(WWT) (4.11)

This formulation penalizes large weights and pushes redundant weights to zero,
which improves sparsity. This makes sure the model is focused on extracting the
most significant causal weights. The resulting higher sparsity in W enables us to
extract a more accurate causal graph.

Causality acyclic regularizer. Cyclic causal relationship happens when the
causal graph extracted from W contains two nodes 7,7, such that ¢+ — j and
7 — 1 exists at the same time. This representation indicates that the two variables

cause one another. However, this is not possible because an event happened later
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in time cannot cause an earlier event. When the two time series elements ¢ and
7 happens at the same time step and have strong correlation, ¢+ — j or j — 1
does not affect the performance of the downstream tasks. Hence, we introduce
an acyclic regularization term L,cyic. This term penalizes deviations from the
expected causal relationships, as encoded in the weight matrix W. Specifically,

1
- W, . 4.12
ﬁacycl Z ( J 1+ eXp(_Wji)) ( )

1]

Lacyalic is formulated to encourage sparsity in the Granger matrix, pushing the
model to identify a small set of strong causal relationships rather than diffuse,

weak connections across all variables.

For cases that + = 7, W;; denotes a causal loop, with potential latent mediators
and back to self. This case still conflicts with the acyclic consideration. Therefore
we apply the same suppression calculation.

Total loss definition. The total loss is the combination of causality suppres-

sion and self-causality regularization:

'Ctotal = 'Ctask + Alﬁacyclic + >\2Fcausal (413)

Here, L. is the downstream task-specific loss function. For our forecasting
and imputation tasks, it is mean squared error (MSE). A\; and A, controls the
balance between suppressing minor causality and allowing self-causality.

By integrating the causality regularization into the overall loss function, Granger-
Net is encouraged to dismiss the noise and reveal true causal relationships during

training, enhancing the training efficiency.

4.3.4 Output Interfaces for Downstream Tasks

To enable GrangerNet to handle specific downstream tasks, we design separate
output heads for forecasting and imputation, which leverage the Granger matrix

to produce inference outputs.
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Table 4.1: Benchmarking causal discovery performance on the CausalTime

benchmark [2].

The best and the second-best performance is in bold and

underlining, respectively.

Methods AUROC AUPRC

AQI Traffic Medical AQI Traffic Medical
GC [173] 0.4538 04191  0.5737 0.6347 0.2789  0.4213
SVAR [195] 0.6225 0.6329  0.7130 0.7903 0.5845  0.6774
N.NTS [181] 0.5729  0.6329  0.5019 0.7100  0.5770  0.4567
PCMCI [196] 0.5272  0.5422  0.6991 0.6734 0.3474  0.5082
Rhino [197] 0.6700  0.6274  0.6520 0.7593  0.3772  0.4897
CUTS [198] 0.6013 0.6238  0.3739 0.5096  0.1525  0.1537
CUTS+ [186] 0.8928 0.6175 0.8202  0.7983 0.6367 0.5481
NGC [199] 0.7172  0.6032  0.5744 0.7177  0.3583  0.4637
NGM [200] 0.6728  0.4660  0.5551 0.4786  0.2826  0.4697
LCCM [201] 0.8565  0.5545  0.8013 0.9260 0.5907  0.7554
eSRU [202] 0.8229  0.5987  0.7559 0.7223  0.4886  0.7352
SCGL [203] 0.4915 0.5927  0.5019 0.3584 0.4544  0.4833
TCDF [204] 0.4148 0.5029  0.6329 0.6527  0.3637  0.5544
JRNGC [177] 0.9279 0.7294  0.7540 0.7828 0.5940  0.7261
GrangerNet (Ours) 0.8601 0.7319 0.8225 0.7441  0.6155 0.7608
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Forecasting Head

The forecasting head operates by predicting the change in a time series variable,
Az;(t), using the Granger matrix. For each time step, the model calculates Az;(t)
based on the historical data from a window of size T, leveraging the delayed effects
of all input variables. The forecasted change is then added to the current value of
the time series to produce the prediction for the next time step.

Given a time series x(t), the forecasting function gryecast is defined as:
AZ;(t) = Grorecast (X1(< t),...,xn(< t), W) (4.14)
The forecasted value at time ¢ + 1 is obtained as:
zi(t+ 1) = x;(t) + Az;(t) (4.15)

This process is repeated recursively for multi-step forecasting, using the newly
predicted values as the basis for subsequent steps. The Granger matrix ensures that

each Az; incorporates temporal and causal dependencies from the other variables.

Imputation Head

The imputation head operates in a similar fashion to the forecasting head but
is designed to infer missing values in the time series. For each missing value at
time ¢, the model calculates Az;(t) using both the available past observations
and the Granger matrix, with a larger time window available compared to long-
term forecasting. This increased information allows for more accurate imputation,
particularly in scenarios where only a subset of time steps is missing.

The imputation function gimpute is defined as:

Ai‘j (t) = Jimpute (Xobserveda G) (416)

where X pservea T€presents the available observed values in the time series, and G
again captures the causal relationships between variables. The missing value is

then imputed as:
zi(t) = x;(t — 1) + Az, (1) (4.17)
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Thus, the imputation process leverages both existing data and the Granger matrix
to fill in missing gaps in time series, ensuring that the causal structure of the data

is respected and used to improve the accuracy of the imputation.

4.3.5 Model Workflow

GrangerNet’s training process optimizes the Granger matrix through end-to-
end backpropagation, combining a task-specific loss (e.g., forecasting or impu-
tation) with the sparsity regularizer. The task loss drives the model to learn
meaningful causal relationships, while the regularizer enforces sparsity, highlighting
the most important connections. This approach ensures that GrangerNet learns
an efficient and interpretable representation that generalizes to new data.

Post-hoc causal importance analysis. The causal importance can be
extracted from the output. Specifically, values greater than an empirical threshold
indicate strong weight items that significantly facilitate downstream tasks. This
result can be represented as causal DAG, providing interpretable clues as side

products.

4.4 Experiments

In this section, we apply GrangerNet on two downstream tasks, forecasting
with exogenous clues and imputation. The weight matrix learned as a side output

serves to infer the causal structure.

4.4.1 Experimental Setup

For both causal discovery and downstream tasks, we train on the 80% data and
test on the remaining 20%. The maximum order of derivatives is set as 3 while the
number of delay timestamps is 72. More settings can be found in Section 4.4.4.

Baselines: We choose three categories of models as baselines for forecasting

and imputation:

e Multi-Layer perceptron (MLP) architecture. Dlinear [127].
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Table 4.2: Comparison of forecasting performance between GrangerNet and
baselines, both the input and output sequence length is 720. The five subdatasets
are collected in 2020-2024. The best and the second-best performance is in bold

and underlining, respectively.

Model Metric AgMARI AgMAR2 AgMAR3 AgMAR4 AgMAR5
GrangerNet MSE 0.392 0.324 0.790 0.371 1.261
MAE 0.552 0.479 0.752 0.510 0.965
TimesNet[122] MSE 0.576 0.527 0.883 1.130 1.295
MAE 0.603 0.581 0.746 0.924 0.935
PatchTST|[126] MSE 0.465 0.337 1.545 0.342 1.311
MAE 0.536 0.456 0.988 0.431 0.913
DLinear[127] MSE 2.370 1.814 4.079 0.322 1.598
MAE 1.391 1.180 1.828 0.446 1.074
iTransformer[120] MSE 0.537 0.387 0.864 0.477 1.151
MAE 0.581 0.490 0.753 0.527 0.853

e Convolutional neural network (CNN) architecture. TimesNet [122].
e Transformer architecture. Two different categories of modeling architecture:

patch-wise iTransformer [120] and variate-wise PatchTST [126].

For causal discovery, 14 models are selected as the baselines, as shown in
Table 4.1.

Datasets: We use two categories of datasets:

e Causality-labeled datasets for causal discovery. CausalTime [2] benchmarks the
causal discovery performance with diverse datasets from representative domains.
It has three sub-datasets. The AQI dataset represents air quality metrics col-
lected from multiple monitoring stations, and causal relationships in the data are
influenced by the spatial proximity of stations. The Traffic dataset contains real-

world traffic low data with ground truth causal graphs derived from temporal
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and spatial dynamics. The Medical dataset is based on electronic health records,
where causal relationships are extracted using DeepSHAP, capturing feature
importance from patient variables to ensure realistic yet interpretable causal
structures. We use all three datasets and directly reproduce key baselines from
the original paper.

e Unlabeled datasets for downstream tasks. Agriculture [193], Electricity trans-

former temperature (ETT) [205], Electricity [206], and Weather [207].

4.4.2 Causal Discovery

To assure the causal DAG, we identify strong correlations from the weight
matrix as the causal relationship quantification. This process leverages the in-
terpretability of GrangerNet, as the identified causal relationships correspond to
specific orders of derivative and time shifts in the data. In this experiment,
AUROC (Area Under the Receiver Operator Curve) and AUPRC (Area Under
the Precision-Recall Curve) are adopted as the evaluation metrics.

As shown in Table 4.1, GrangerNet achieves state-of-the-art in the medical and
traffic dataset, which achieves AUROC of 0.7319 and 0.8225, respectively. This
showcases the capability of accurately grasping the correct causal pairs. For AQI
dataset, the performance is relatively low. It is mainly because the air quality at
different locations are not strongly temporal-correlated with each other, instead
it’s more like spatial correlations. Besides, their causal DAG is not fully connected,
with lots of connected components and separated variables [2]. This intrinsic
shortage of causal correlations leads to a low degree of DAG, which contradicts
GrangerNet’s strong causal mixture intuition. To summarize, GrangerNet is ca-
pable of detecting physically related causal relationships, while relatively weak at
other spatial-temporal correlations.

Quantifying causality shifts. Recent studies have observed that the gap
between training and testing periods can result in distribution shifts [208], and
have proposed methods to quantify and adapt to these shifts over time. In our

work, we also analyze the learned weight matrix across different periods * and find

'Most datasets in our evaluation span at least 2 years.
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that the causal structure is relatively consistent. For the ETT and Agriculture
datasets, the causal DAG remains stable over 2 and 5 years, respectively. This
suggests that Granger correlations are consistent over the long term, as long as the
underlying physical processes remain unchanged, affirming the effectiveness and

reliability of Granger representation modeling.

Table 4.3: Comparison of imputation performance between GrangerNet and

baselines. The best and the second-best performance is in bold and underlining,

respectively.
Model Metric Weather Electricity ETTml ETTm2 ETThl ETTh2
GrangerNet MSE 0.030 0.143 0.022 0.023 0.076 0.053

MAE 0.061 0.285 0.117 0.093 0.191 0.166

TimesNet[122] MSE 0.029 0.089 0.023 0.020 0.069 0.046
MAE 0.052 0.206 0.101 0.085 0.178 0.141

FedFormer[209] MSE 0.064 0.120 0.052 0.080 0.106 0.137
MAE 0.163 0.251 0.166 0.195 0.236 0.258
DLinear[127] MSE 0.048 0.118 0.080 0.085 0.180 0.127
MAE 0.103 0.247 0.193 0.196 0.292 0.247
NS-Trans.[142] MSE 0.029 0.097 0.032 0.024 0.080 0.049
MAE 0.056 0.214 0.119 0.096 0.189 0.147

4.4.3 Downstream Tasks
Forecasting with Exogenous Clues

Exogenous variables that have causal relationship with target variables can fa-
cilitate the forecasting performance [193, 190]. This enlightens several applications
including agriculture and energy, exogenous variables like weather forecasts and
temperature have a significant impact on the future soil oxygen and energy.

In this experiment, we use the Algriculture datasets. To forecast one target

variable for T"-length output, we use the historical T-length inputs of all vari-
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ables and the auxiliary values (the weather forecasting and action series) of other
variables for future 7" timestamps as the exogenous clues. Specifically, we use a
patch length of 16 consistently and fix the lookback series length T" to 96. The
prediction length 7" varies among the following values: 96, 192, 336, and 720. The
auxiliary variables of the same length as the prediction length are used separately
as exogenous clues. They are input into GrangerNet during the training stage, but
are not used as the outputs.

Results. As shown in Table 4.2, GrangerNet achieves consistently high accu-
racy and outperforms all the other baselines in MSE on three datasets. Notably,
while GrangerNet tends to have a larger MAE, its superior MSE suggests that it
captures overall trends effectively but may face challenges with consistent small

CITors.

Imputation

Real-world systems operate continuously and are monitored by automated
observation equipment. However, malfunctions can result in partial gaps in the
collected time series, making downstream analysis challenging. Imputation is,
therefore, widely used in practical applications, e.g., computer networks [210]. We
choose datasets from electricity and weather domains as benchmarks, including
ETT [205], Electricity [206], and Weather [207], where missing data is a common
issue. To assess the models performance under varying degrees of missing data,
we mask 25% of time points. Additionally, since iTransformer and PatchTST are
designated for forecasting tasks, we include two other models, FedFormer [209] and
Non-stationary Transformer [142] as baselines.

The imputation task, driven by missing time points, requires the model to
identify underlying temporal patterns from irregular and partially observed time
series. It has an intrinsic feature that the gaps between missing values are small.
Consequently, compared with forecasting tasks, the cumulative error and distri-
bution shift along the temporal domain are negligible. Therefore, the MSE of
imputation is notably lower than forecasting.

Results. Table 4.3 shows the MSE and MAE of imputation. GrangerNet
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achieves consistently high performance and exceeds TimesNet on an ETT dataset,
while on Electricity dataset, the accuracy degrades. This is because each vari-
able in the dataset is from one independent client, which reveals weak causal
correlations between each other. For weather and ETT datasets, the causality
is intuitive and significant, e.g., the oil temperature and the amounts of different
types of workloads. In such datasets, GrangerNet achieves SOTA or close-to-SOTA

performance.

4.4.4 Parameter Study

Table 4.4: The forecasting performance of Agriculture dataset on different values

of M and T.

M 1 2 3 4 5 6

MSE 1.015 0.772 0.628 0.619 0.622 0.637

T 36 48 60 72 84 96

MSE 0.897 0.720 0.712 0.628 0.621 0.617

The model complexity is O(N2MT), which depends on how many steps are
set for the order of derivatives and delays. To test how these settings influence
the modeling capacity and performance, we analyze various different settings of
M and T to see the trade-off between the forecasting performance and computing
time. Only one parameter is changed for each test.

Table 4.4 shows the forecast performance in the agriculture dataset under
different settings of derivative orders and maximum window of delay modeling. It
demonstrates that the first three orders of derivatives offer significant contributions
to the performance, which supports the derivative calculation. The 4th and 5th
orders offer negligible impact while the 6th order brings in extra noise that degrades
the forecast accuracy. On the other hand, increasing the delay modeling window
brings consistent gain, but it becomes marginal for delay more than 72 timestamps.

Considering the sampling rate of the dataset is 10 minutes, it implies that most
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Granger causality lies in 12 hours for environment-soil dynamics. The optimal
value of these two parameters depends on the dataset specifications, e.g., the

meaning of each variable, the presence of latent mediators, and sampling rates.

4.5 Conclusion

In this paper, we introduced GrangerNet, a framework that leverages Granger
causality to enhance multivariate time series modeling for tasks like forecasting
and imputation. By incorporating the structural Granger matrix and a causality-
augmented regularizer, GrangerNet effectively captures temporal dependencies and
improves the interpretability of the model. Our experimental results demon-
strated that GrangerNet performs competitively with state-of-the-art methods,
particularly in datasets with clear causal relationships. The learned Granger
matrix provides valuable insights into the underlying data structure, reinforcing
the benefits of causality-aware modeling. Future work can explore extending

GrangerNet to continuous representations of derivatives and delays.



Chapter 5

Enabling Generative Visual

Captions in Live Video Streaming

Visual captions enhance the understanding of complex or unfamiliar concepts
in live video streaming, such as TV broadcasts or video conferences. The process
typically involves two steps: proposing an appropriate image based on user speech
and seamlessly integrating it into the video. For live streaming, visual captioning
must operate in real-time, completing both steps for one concept before the next
arises. However, these steps require intense computational resources. This paper
proposes GenRTC, a real-time visual captioning system comprising three key
components. First, we leverage LLMs to predict user-referenced concepts and pre-
generate corresponding visual captions. Second, a codec-aware scheduler integrates
captions into the video stream adhering to the WebRTC protocol. Third, to
support multiple simultaneous video streams, GenRTC incorporates a MPC-based
scalable computational resource management scheme, optimizing the execution of
visual captioning tasks across all streams. Data-driven simulations and real-world
experiments demonstrate GenRTC delivers high prediction accuracy and maintains

excellent video quality, ensuring a seamless live-streaming experience.

88
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Figure 5.1: One use cases of GenRTC for live streaming. Visual captions on
robots and remote-controlled driving are generated when the speaker mentioned

them. With GenRTC, everyone can stream with visual demos like CEOs.

5.1 Introduction

Live video streaming plays a vital role in sectors such as web conferencing [211,
212], live TV streaming [213], cloud gaming [214, 215], and interactive virtual
reality (VR) [216]. Visual captioning dynamically generates images to illustrate
some complex or unusual concepts in conversations, improving viewers’ under-
standing. While promising, preparing visual materials ahead is labor-intensive,
while automating visual captions(e.g., retrieves images from the Internet with
speech keywords [217]) struggles with intent-image alignment, especially for com-
plex or uncommon scenes where it fails to deliver relevant images. This paper
presents GenRTC, a visual captioning system that leverages advanced text-to-
image generative models [218, 219, 220, 221, 222| to generate images from users’
words, enabling the visualization of unusual or complex scenes. Figure 5.1 illus-
trates a live streaming example where the speaker introduces a computing platform.
Generated visual captions make it easier for viewers unfamiliar with these domains
to comprehend the specific scenarios being discussed.

To integrate text-to-image generative models into live streaming systems, we
need to tackle three key challenges. First, the generation process for visual cap-
tioning is time-consuming, making real-time visualization difficult; and the latency
of rendering the images and the original video frames is long too, which makes

the visual captions appear with a large delay after corresponding concepts men-
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Figure 5.2: Workflow of GenRTC, including three components: intent analysis,
intent rendering, and scheduling for scalable streamers. Intent refers to the visual

content (e.g., images) that a speaker wishes to display.

tioned, significantly disrupting the user experience. Second, integrating generated
images into the default video streaming workflow introduces complications. The
generation pipeline may interfere with video encoding, increasing frame delays and
reducing video quality. In systems like WebRTC that use frame-dropping strategies
to maintain synchronization, the computational load from visual generation can
limit the framerate, affecting video fluidity and overall viewing experience. Third,
the resource-intensive nature of real-time generative models often creates bottle-
necks, particularly when server capacity is stretched by concurrent live streaming
sessions. Managing computational resources (GPU Flops) on a server to optimize
the global Quality of Experience (QoE) for all users is critical. This requires
advanced scheduling algorithms and resource allocation strategies to ensure QoE
across all sessions without compromising visual captioning performance.
GenRTC is designed with three novel technical components to overcome the
challenges, as shown in Figure 5.2. First, we introduce a predictive intention
analysis module to perform audio-to-text conversion and fine-tune Large Lan-
guage Models (LLMs) to discern current focal points or predict future intents
in the dialogue. An intent is the visual content a speaker wishes to display on
the streaming video, capturing her implicit desire to explain her spoken words.
This proactive approach generates visual captions before a certain focal point is

mentioned, mitigating the impact on user experience from the delays caused by
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time-consuming LLM inference. Next, we develop a cross-layer codec-aware
renderer that integrates the generated images into the original video frames
with minimum processing latency and video quality degradation. This module
synchronizes the generative and rendering-encoding workflows, optimizing parallel
processing to minimize the impact on user experience, effectively balancing the
load between visual generation and video streaming tasks, and mitigating the
interference of generation workload to the streaming workflow. Lastly, we design
a MPC-based scalable scheduling strategy to ensure server-side scalability
across multiple live-streaming sessions. Specifically, we formulate the scheduling as
an online bin-packing problem and solve it with Model Predictive Control (MPC)
that enables efficient and responsive resource management by considering a set of
factors, such as the urgency of visual intents, quality requirements, and network
conditions.

We implemented GenRTC with a widely used open-source real-time communi-
cation framework (WebRTC [214]). We tested different computation partitioning
strategies and found the most efficient one, i.e., all video processing operations are
handled on the media server. To validate GenRTC’s effectiveness, we conducted a
comprehensive evaluation via trace-driven simulations and real-world experiments.
We also assessed the impact of generative visual captions on system performance
and user experience. The results show that GenRTC achieves an average perceived
delay of 5.08 s, with a deduction of 2.13 s over the strawman implementation.
71.2% among all intents are rendered in time, which is 4.62x over strawman.
The overhead on frame latency and PSNR drop is 14.6ms and 0.19 dB, which are
negligible. Case studies on live streaming and collaborative VR further validate
the user experience provided by GenRTC.

To summarize, this paper has the following contributions:

e Proposing GenRTC, leveraging generative Al to perform visual captioning for

live video streaming.

e Designing three system designs that reduce the perceived latency introduced by
generation workloads, transforming GenRTC into a practical real-time visual

captioning system.
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e Evaluation indicates that the end-to-end latency, scalability, fairness, and user

study are significantly improved and fulfill the user requirements.

5.2 Adopting Generative Al for Live Visual Cap-
tions: Benefits and Challenges

5.2.1 Benefits

Advanced text-to-image generative models [219, 220, 221, 222], such as Stable
Diffusion [223], generate images from text descriptions, enabling visualization of
complex or rare scenes that are often unavailable on the Web. To validate this
proposal, we compared two approaches: retrieving images from the Internet and
generating images using Stable Diffusion [223]. We use two categories of text
prompts: text from TV clips where people are unaware of generative functionality
and prompts collected from user studies where volunteers know about that their
intents will be visualized. User scores are used to evaluate how well each image
matches its corresponding text description, from 5 perspectives: semantic match,
detail completeness, visual quality, content focus, and creativity, with each on a
d-point scale (1=very bad, 2=bad, 3=fair, 4=good, 5=very good).

As illustrated in Figure 5.3, a user study with 20 participants revealed signif-
icant improvements when using generative captions compared to retrieval-based
results: Increasing semantic match improved by 5.1%, detail completeness by
17.9%, visual quality by 1.5%, content focus by 58.5%, and creativity by 18.6%.
These results highlight the ability of generative models to provide clearer, more
focused, and imaginative visual representations. By addressing the limitations of
retrieval-based approaches, generative models enable transformative applications

in education, creative design, and personalized content generation.

5.2.2 Challenges

While integrating generated visual captions into live video streaming offers

significant benefits, it also introduces unique challenges. Existing works on live
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Figure 5.3: Generated visual captions improve user intent satisfaction signifi-

cantly over retrieval.

streaming has explored different aspects of system optimization, e.g., neural com-
pression [219, 224, 225|, adaptive frame rate [226] and redundancy reduction [227],
which mainly focuses on reduce the overall latency. However, these approaches
can not enable live visual captions due to the following challenges we recognized

during the implementation:

Long Generation Time vs. Strict Requirments

When using generative models for visual captions, the process begins by ex-
tracting text descriptions as prompts from the speech. These prompts guide the
models in generating corresponding images. However, the dynamic nature of topic
migration presents alignment challenges.

Resource-Intensive Generative Models. Although text-to-image models
such as DALL-E 2 [228], DALL-E 3 [222] and Stable Diffusion [218] produce high-
quality images, inference is significantly time-consuming. Among these advanced
models in our test on an A100 GPU, the fastest average inference record is 3.81s
by SD. This record does not include network delays or the time required for intent
recognition.

Frequent Intent Migration in Verbal Communication. Human speech
typically occurs at a pace of 100-150 words per minute in English [229], which
allows speakers to shift rapidly across topics [230]. In those cases, each visual

intent is set a strict deadline for the generated visuals to be rendered, which is the
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end of this topic or the start of the new one. Otherwise, they will be outdated and
confuse the audience with misaligned captions. In this case, they should only be
discarded and computing resources are wasted. In our dataset, the average intent
duration is 5.17 seconds, with 21.9% of intents lasting less than 3.81 seconds.
This misalignment makes it impractical to incorporate generative functionali-

ties for commercial applications.

Video Quality Degradation

During implementation, we observed that integrating visual captions into live
video streams could build up the overall latency and degrade the overall quality of
the original video.

For local rendering, the delay does not impact the original video, as it can
be deferred, similar to auto-captions on commercial platforms like YouTube [231].
However, server-side real-time rendering is different because the entire video must
be synchronized before transmission. The reasons for latency buildup are two-fold.
First, the video must be decoded for rendering and then re-encoded, introducing
additional latency. Second, the generation and rendering processes increase CPU
and memory usage, further delaying video processing [232]. In our measurement,
the median RTT increased to 265 ms. However, for interactive video streaming
systems, end-to-end latency is expected to remain below 130 ms [233, 234, 227].

Moreover, the additional jitter caused by these delays leads to uneven video
delivery, which can cause the transport layer protocol to overestimate queueing
delays and, as a result, reduce the bitrate selection. This, combined with fluc-
tuating network conditions between participants, exacerbates performance issues
and impacts the consistency of video quality. Quantitative measures in PSNR
also show significant drops, as illustrated in Figure 5.9(c), highlighting the need to
mitigate the impact of additional computation workloads.

The generation pipeline introduces frame drop and quality degradation. Specif-
ically, the rendering process causes frame drops in WebRTC’s frame logic. In VoD
scenarios with a large buffer, rendering does not affect quality. However, in real-

time streaming, without an explicit buffer, Google Congestion Control (GCC) [235]
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Figure 5.4: Illustration of how the generation process causes frame delay during

rate adaptations.

perceives any frame delay as network congestion, leading to a reduction in bitrate.
As illustrated in Figure 5.4, the jitter caused by the rendering delay will cause
the receiver side to send negative feedback through RTCP packets. The sender
side mistakenly takes it as network flunctuations, resulting in conservative bitrate

adjustments.

Scaling up to Multi-session

Commercial streaming providers commonly use CDNs to manage downstream
traffic [236, 237, 238, 239], while central media servers handle millions of simul-
taneous streams using advanced signaling techniques [240]. This infrastructure is
designed to deliver high-quality streaming experiences to large user bases.

Scaling the generation of visual captions across multiple sessions, however,
presents challenges. Each session varies in network conditions, object distribu-
tions, and quality or urgency requirements, complicating scheduling and resource
allocation. To address these challenges, the system must dynamically adapt to real-
time demands, ensuring efficient resource usage while maintaining overall system
performance.

The strawman’s task scheduling is managed using a first-fit (FF) algorithm [241],
where the available GPU pods are assigned tasks immediately. Additional tasks
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are placed in a queue until resources become available. Missed intents, whether
from pods or the queue, are discarded to prevent outdated requests from consuming
resources, ensuring efficient processing and timely visual captions.

Throughout our evaluation, the strawman solution achieves an intent rendering
rate of only 15.1%, highlighting a significant under-utilization of computational
resources. For the 84.9% of missed intents, many of them have halfway inference
but have become outdated. This inefficiency is primarily due to rapid shifts
in user intent and varying intent requirements across sessions. These factors
contribute to delays in visual caption generation, often resulting in missed objects

and suboptimal user experiences.

5.3 Design of GenRTC

In this section, we detail the design of GenRTC describing the three key
modules shown in Figure 5.2. The intention analysis and object planning module
continuously parses speech and outputs the objects the speaker intends to visualize.
The cross-layer codec-aware renderer ensures optimal video quality and latency
during rendering. Finally, the scalable clusters and scheduler maximize GPU

resource utilization when multiple sessions are hosted on a single media server.

5.3.1 Predictive Intention Analysis

GenRTC employs audio-to-text models and fine-tuned LLMs to perform real-
time speech analysis during video streams.

Figure 5.5 illustrates this process, where each gray circle represents audio
parsing triggered at regular intervals. The speech history and recent speech are
organized into a few-shot prompt, allowing fine-tuned LLMs to identify and de-
scribe the three intents most likely needed by the speaker. Specifically, the prompt
template guides the LLM to output in a JSON format, including the description
and confidence level. In some instances, if no new intent is detected in the recent
speech, the output visual caption prompts remain unchanged.

Additionally, to ensure visual consistency, we maintain a subject memory that
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Figure 5.5: Framework for analyzing user intents.

stores visual feature descriptions of intents. After generating the initial prompts,
the subject memory complements them and updates itself based on new infor-
mation. This approach guarantees visual consistency [242, 243]; for example, the
visual representation of 'Alex’ remains consistent across multiple samples. For
human subjects without prior memory, we apply diversity augmentation [244] to
ensure diversity in gender, age, and other traits.

LLM Fine-Tuning. We fine-tune LLMs with labeled datasets to improve
accuracy, using frameworks from Together.ai for seamless integration of custom
data into pre-trained models.

The dataset consists of 263 manually labeled (<speech text>, <intent>)
pairs, mapping speech segments to corresponding intents. LLaMA-3 70B [245]
serves as base models, fine-tuned through multiple iterations to better align with
the dataset. Fine-tuned LLaMA-3 improves intent analysis accuracy by 21.4%
and Top-3 accuracy by 17.1%. These results highlight an enhanced understanding
of speech-intent relationships, leading to more accurate, contextually relevant

predictions in live video streaming.
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5.3.2 Cross-Layer Codec-Aware Renderer

Traditional media servers simply forward media content without modification.
However, to enhance user experience, we enrich media streams by rendering visual
captions into video frames. To avoid heavy computational load of decoding and
encoding in the strawman solution described in Section 5.2.2, we design a codec-
aware, cross-layer renderer that efficiently integrates visual captions into WebRT'C
streams. Additionally, integrating visual captions into video frames requires mod-
ifying the GCC transport layer algorithm to ensure rate adaptation accounts for

changes in frame size.

Codec-Aware Rendering Algorithm

Efficient live video streaming relies on video compression techniques, where the
video is encoded on the streamer side and decoded on the viewer side. On the media
server, while it is possible to decode, modify each frame, and re-encode it, this
process introduces significant additional time consumption due to the overhead of
these steps. Therefore, we introduce a codec-aware rendering algorithm to bypass
this overhead by directly processing encoded frames.

Video codecs leverage inter-frame relationships, such as those between I-frames
and predicted frames (P-frames). I-frames are full-size, self-contained frames that
can be decoded independently and serve as key reference points. P-frames, in
contrast, store only the differences from preceding frames, significantly reducing
file sizes while maintaining continuity. P-frames are dynamically selected by the
encoder based on video dynamics and application latency requirements. In live
streaming encoding, the percentage of P-frames is high to minimize overall video
file size [225], making P-frames optimization essential.

Figure 5.6 illustrates our algorithm for modifying encoded I-frames and P-
frames to maintain high-quality visual communication under varying network con-
ditions.

For I-frames, they directly render the visual captions on the default mask area.
P-frames, on the other hand, are carefully processed, which first pass the mask

detection, adaptive rendering and redundancy removal to optimize the efficiency.
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Figure 5.6: Codec-aware rendering, with the red triangle representing the

rendering operation.

Mask Area Detection. Mask detection identifies and updates the relatively
static regions of the video frame, referred to as the mask area. This ensures that
captions do not obstruct dynamic visual content, which is highly possible to be
the viewer’s interests [246]. While computer vision algorithms could analyze each
frame for static regions, they require significant computational resources [247].
Instead, we adopt a more efficient method by leveraging the intrinsic information
in P-frames. Since P-frames encode only the differences from preceding I-frames
or P-frames, they naturally highlight areas of motion or change, eliminating the
need for full-frame analysis. By analyzing the motion vectors encoded in P-frames,
which represent the degree of change in different regions, static areas with low or
zero motion can be identified. Every timestamp, we sample the next available
P-frame and heuristically search for low-dynamic regions, designating them as
the mask area for rendering visual captions without disrupting the scene’s flow.
This approach reduces computational overhead and ensures captions are placed in
unobtrusive areas, preserving both video quality and user experience.

If the mask area maintains, the visual caption should remain static. But if the
mask area shifts due to dynamic content in subsequent frames, it will be calculated
using the pixel density statistics of all P-frames between two I-frames and enforce
the area change at the next I-frame.

Adaptive rendering. When a new visual caption comes on the timestamp
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of a P-frame, the module modifies this P-frame directly, ensuring visual captions
remain aligned and relevant. The other P-frames will remain unchanged.
Redundancy Removal. For all P-frames, redundancy removal is performed
at the end to avoid duplicating visual information. The intuition is that the original
pixels covered by the visual captions no longer need to be transmitted. In the
workflow, we directly filter out the redundant pixels without transmitting them.
This combination of mask detection, object rendering, and redundancy removal
allows for smooth visual integration across both I-frames and P-frames, adapting

dynamically to changes in the video stream.

Incorporating with Rate Adaptation

Rate adaptation adjusts the video bitrate based on available bandwidth, reg-
ulating I-frames and P-frames to maintain smooth streaming, even with limited
bandwidth, by compressing frames and minimizing interruptions. This design is
compatible with both H.264 and VP8 codecs.

Bitrate Adaptation. Algorithm 1 outlines the bitrate adaptation process.
When modifying encoded frames, GenRTC employs a model predictive control
(MPC) approach to manage frame rate preferences and P-frame queue sizes. This
predictive model tests and adjusts frame-dropping ratios for the upcoming seconds
of the stream, optimizing for: 1) Ensuring the tunnel is not idle. By dynamically
adjusting the frame rate and size, the system ensures efficient use of the network
tunnel, avoiding under-utilization that could cause perceived lag. 2) Mazimizing
expected QoE. The goal is to maximize user experience by balancing frame rate,
resolution, and quality with available network bandwidth and the client device’s
computational power. Resolution and frame rate are increased as much as possible,
while reserving bandwidth to handle network fluctuations and variations in video
frame size, ensuring a smoother experience for users.

Frame Rate Adaptation. To handle outdated frames, WebRTC provides
the DropTail [248] functionality, which drops frames in the receiver queue and
requests a new keyframe if overflow occurs. We use the same DropTail setting as

a backup when jitter causes overflow.
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Algorithm 1: Rate Adaptation MPC
Input: Past Latency, Network conditions, QoE metrics

Output: Bitrate calibration for the current state

1 Function AdaptationMPC(Latency, Network, QoFE):

2 FrameRatePrefs < initializePreferences()

3 PFrameQueue <« initializePFrameQueue()

4 while streaming do

5 DropRatio < predictRatio(Latency, Network)
6 adjustFrameDrop(DropRatio)

7 if tunnel is idle then

8 t ensureNonIdleTunnel()

9 MaxQoE <+ maximizeQoE(QoE, Network)
10 return calibrated bitrate

5.3.3 MPC-Based Scalable Scheduling

For large-scale streaming services, ensuring scalability is crucial, as the media
server must support multiple streaming sessions. In our system, GPU resources
are utilized for generative model inference to create visuals, such as images. The
GPU scheduling problem is formulated as an online knapsack problem [249, 240].
Specifically, intent-rendering tasks are queued and face two options: execute imme-
diately or wait. The optimization objective is to maximize task completion (task
satisfaction) within the available GPU capacity, while considering the urgency and
confidence of each task.

1) Scheduling Input - Sequential Scheduling Task. We denote 7 =
{T1,Ts,...,T,} as the set of intent-rendering tasks that arrive over time. Each

task T; has the following attributes:

e Priority v; € R*: representing the priority of the task.

e Confidence ¢; € (0, 1]: representing the resources required (e.g., GPU time) to

complete the task.
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e Intent Duration d; € [0,30000) (ms): representing the time period during which

rendering is considered effective.

e Urgency u; € [0,30000) (ms): the estimated time until the task is needed, with

0 indicating immediate need.

e Roundtrip Latency rtt; € RT (ms): measured by the WebRTC APT and stored

on the media server.

2) Scheduling Output - Decision Variable. A binary variable where z; = 1
indicates that task T is selected for execution. Conversely, x; = 0 indicates that
task T; is deferred, meaning it will not be executed at this time and may be revisited
later depending on resources and scheduling priorities.

3) Optimization Objective. Maximize the total value of the executed tasks,

subject to the C1 and C2 constraints:

maXin-vi, (5.1)
i=1

e C1: Higher-priority and higher-confidence tasks are favored, so the selection

should consider urgency scores u;, potentially integrated into the value term:

v; = ¢; X max (0,1 — ﬁ) (5.2)
where T is the mean generation time, and 1 — md;TG represents the likelihood

of meeting the deadline if the task is executed immediately.

e (C2: Capacity Constraint: The total resources used by the selected tasks should
not exceed the GPU’s capacity Cj,:

i=1
4) MPC-Based Solution. We propose an MPC-based scheduling algorithm
to dynamically manage GPU resources. By predicting future task arrivals and
estimating intent duration using the harmonic mean of the last 10 intents from the

same streamer, the model adapts to the streamer’s habits. The MPC algorithm
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as the previous one. The green triangle means successful rendering.

evaluates tasks in real-time, considering urgency, priority, confidence, and GPU
capacity to determine whether tasks should be executed immediately or deferred.
It continuously re-evaluates decisions as new tasks enter the queue, ensuring effi-
cient resource allocation and prioritization of high-priority tasks, while minimizing

latency and adhering to GPU capacity constraints.

5.3.4 GenRTC: Put It Together

Figure 5.7 illustrates the GenRTC workflow for the generation and rendering
during a video segment. The process begins with periodic intention analysis (IA),
where the system listens to the speaker and predicts multiple possible intents based
on the speech content. In this example, the speaker first mentions ”Miami,” trig-
gering three intent predictions with varying confidence levels. GenRTC generates
the first intent, which is rendered as an image and added to the video stream,
indicated by the green triangle. The process continues with the second intent
inferred and scheduled until the next IA event when predictions are updated.
This design enables GenRTC to achieve fast and efficient rendering by processing
multiple intents in parallel, minimizing latency, and ensuring that visual content

remains synchronized with the speaker’s dialogue.
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5.4 System Implementation

GenRTC is built on WebRTC, enabling real-time communication capabilities
essential for live video streaming. We choose aiortc [250] for easier interfaces with

Pytorch.

5.4.1 Client-Server Architecture

Figure 5.8 displays three major architectures, each differing in where the gen-

erative model is executed.

e (a) Local generation: Content generation is co-located with the streamer, en-
abling immediate processing and integration with streamed media. While this
aligns well with the widely adopted SF'U architecture, limited GPU capacity on
streamers leads to high latency and overwhelmed CPUs [251], affecting video
encoding and transmission. Experiments on an RTX 4090-equipped laptop
show significant latency buildup and frame rate degradation, confirming its
unsuitability for edge deployment.

e (b) API calling / Designated server: This scheme utilizes a separate server for
generation tasks, interacting with the media server via an API, which helps
distribute processing loads. However, the reliance on network connectivity be-
tween generation server and media server introduces latency issues, complicating
real-time streaming performance.

e (c¢) Multipoint Control Unit (MCU): The MCU architecture involves putting the
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generation workload with the media server, similar to the traditional transcoding
tasks. It is often selected for its capability to handle complex, stream processing

tasks without the drawbacks mentioned above.

We measure the end-to-end latency of each scheme with the same network traces
(Round-Trip Time (RTT) = 102 ms). The local machine is a laptop with an RTX
4090 GPU. For scheme (b), we use the API of calling stable diffusion instead of
using closed-source models. The settings remain the same for the generation server
and media server, but it also serves another streaming to maintain fairness. The
average time gaps are 19,207 ms, 11,383 ms, and 9,604 ms, respectively. Therefore,
the MCU architecture is the optimal solution for the best latency performance.

Note that we excluded placing generation workloads on the edges or viewers
due to redundancy, that is, each device would need to generate its own visual
captions, multiplying inference by the number of edges / clients.

Media Server. The server infrastructure of GenRTC is powered by high
performance hardware, with NVIDIA A100 GPUs, designed to handle the inten-
sive computational demands of real-time video processing and the generation of
complex visual representations. The network interface card (NIC) specifications
are tailored to support high-speed data transfer rates, essential for maintaining the
quality and responsiveness of the video conferencing experience.

Streaming Client. Clients interact with the GenRTC system comprising a
diverse range of devices, including laptops and Android phones, each accessing
the service through web pages. This cross-platform compatibility ensures wide
accessibility, catering to users in various scenarios. According to our measurements,
the choice of end devices does not impact the QoE measurements. However, we
include different types of devices in the case study.

GPU Scheduling over Container. The rendering process is encapsulated
within Kubernetes containers, offering a modular organization that facilitates flex-
ible GPU resource allocations and updates, which closely aligns with industrial
practices. Within each worker node, Redis is used to manage the information of
the media file, speech history and subject memory, and system status, ensuring

efficient data retrieval and real-time updates.
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Network Condition. To realistically simulate and optimize performance
under typical usage scenarios, we evaluate both real network environments and
trace-driven simulations. The real-world tests include both cellular and Wi-Fi
connections at the edge. This approach addresses challenges posed by varying
network speeds and stability, ensuring that GenRTC consistently delivers high-

quality visualizations across different environments and network conditions.

5.5 Evaluation

In this section, we address the following questions through two open video

datasets and two case studies:

RQ1 How effective is GenRTC in analysing and predicting intents from the speech?

RQ2 What’s the QoE compared with vanilla WebRTC and the strawman imple-

mentation?

RQ3 Can GenRTC guarantee the performance across various video sources, net-

work conditions, and devices?

RQ4 Would the streamers and audiences prefer vanilla WebRTC or GenRTC?

5.5.1 Experimental Setting

We deploy a server with high-performance network interfaces, achieving an
average upload speed of 920.79 Mbps. In real-world tests, clients use cellular
and Wi-Fi, while for simulation purposes, we generate synthetic network traces to
emulate the clients’ downlink connections. For generative models, we utilize Stable
Diffusion v1.5 without further modifications.

Video Datasets. We use two video datasets featuring clear and continuous human
speech in the audio. The first is VoxCeleb [252], a large-scale audio-video dataset
of human speech. The second consists of live TV clips from NBC, CBS, ABC
etc., collected from the Puffer [213]. These datasets provide a variety of real-world

communication scenarios. All datasets were labeled with intents and timestamps
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Figure 5.9: Overall performance on two combined video datasets for different

methods with ten streamers.

by human-computer interaction experts. In total, 127 videos were labeled, with
an average duration of 25 minutes and 11 seconds !.

Baselines. To the best of our knowledge, GenRTC is the first work that incor-
porates generative visual captions in live streaming. To demonstrate the superior

performance, we use the two baselines 2:

o Vanilla WebRTC without Visual Captions. Vanilla WebRTC provides ideally un-
interrupted streaming experience since no generation functionalities are applied.
This serves as a skyline to demonstrate the sacrifice involved in incorporating
visual caption generation. However, without visual captions, the overall user
experience may lack the enhanced clarity and engagement that visual elements
bring.

o Strawman: An Intergrated SOTA. To validate the performance improvement
over the latest industry practices, we integrate VisualCaption [217], Kubernetes
containers [249], and PIFO [255], contributing optimizations in pipeline effi-

ciency, multi-session handling, and scheduling respectively.

Metrics. The following metrics assess system efficiency:

e [Intent accuracy. Predictions from the fine-tuned LLM are compared with expert-

labeled intents as the ground truth to evaluate intent prediction accuracy.

e Perceived delay. The delay is the combination of network latency and generation

"'We prefer long videos as they fully test the intent prediction functionality.
ZNew algorithms and models (e.g., ADD [253] and SANA-Sprint [254]) are not included as

baselines since we focus on system optimization. On the other hand, any improvements in

model speed or quality can be seamlessly integrated into GenRTC.
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Resolution GPUs Network

#1  1280x720 A100 Ethernet
#2 854x480 2xA6000 Wi-Fi

#3 640x360 A6000  Cellular [257]
#4 426x240 3080 Ti

Table 5.1: Settings in the generalizability study.

runtime. Therefore, the measured delay is Ty + Tyen + Thown, Where Ty,

represents delay that occurred on the media server.

e Frame latency. We measure the end-to-end delay of successfully received frames.
As different applications pose varied deadline requirements, from 50 ms to

150ms. we choose 130 ms as a reference [234].

e Video quality. The peak signal-to-noise ratio (PSNR) is used to quantify the

received video quality.

e Intent Rendering Rate. It measures the ratio of rendered captions to recognized
intents. The next intent serves as the deadline for the current one. Failures
include unprocessed intents or those that become outdated during generation,
while successes are counted only when the intended prompts are successfully
rendered. A higher ratio indicates that the system effectively generates and

displays the correct visual content in real time across multiple streams.

These metrics exclude cases where GenRTC accurately predicts intents, but the
rendered image does not align with the intent. This exclusion is justified for two
reasons: First, modern text-to-image models generate high-quality images due to
training on large-scale datasets [256]. These models consistently produce relevant,
high-fidelity images, minimizing dissatisfaction related to intent alignment. Sec-
ond, in our two case studies, participants were instructed to evaluate GenRTC,

resulting in high satisfaction with the system.
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5.5.2 Overall Performance

All videos in the dataset are randomly sampled for the experiments in this
section. Ten virtual streamers upload live video at the same time. An A100 GPU
serves generation.

Perceived Delay. Figure 5.9(a) illustrates the perceived delay for both the
strawman and GenRTC. Since the visual caption generation process takes about
4 seconds, the strawman implementation shows a median perceived delay of 7.21
seconds, which is due to its lack of optimization in predictive intent analysis and
GPU resource scheduling. In contrast, GenRTC achieves a much lower median
perceived delay of 5.08 seconds, demonstrating its more efficient handling of real-
time caption generation and transmission. Moreover, GenRTC occasionally obtains
perceived delay shorter than the inference time, thanks to the predictive intent
analysis module.

Frame Latency. We compare the frame latency of GenRTC with two base-
lines. In Figure 5.9(b), the median frame latency for strawman GenRTC' is 257.91
ms, which is 2.67 times higher than the 79.22 ms of Vanilla WebRTC. Addition-
ally, during continuous GPU full-duty periods, a noticeable long-tail distribution
occurs, with 95-th and 99-th percentile latencies reaching 551.01 ms and 815.89 ms,
respectively. However, the optimizations in GenRTC reduce the median latency to
93.78 ms, with the 95-th and 99-th percentile latencies dropping to 187.72 ms and
238.44 ms, respectively. This results in only an 18% increase compared to Vanilla
WebRTC.

Video Quality. In Figure 5.9(c), the video quality of three different methods
is compared. Vanilla WebRTC' provides the best video quality, serving as the
benchmark with a mean PSNR of 41.87 dB. In contrast, the strawman implemen-
tation performs significantly worse, with a mean of 40.31 dB, primarily due to the
lack of optimization in handling visual tasks. However, GenRTC demonstrates
much better performance, closely approaching the baseline with a mean of 41.68
dB. This improvement in GenRTC highlights the benefits of optimizations that
mitigate the impact on video quality.

Intent Accuracy. Apart from LLMs, intent analysis can be performed using
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Figure 5.10: Overall performance of intention analysis.

traditional NLP algorithms. For example, the keyword extraction algorithm [258]
generates similar text that can be used as prompts. We use this as a baseline,
referred to as KF. Figure 5.10 compares the Top-3 intent accuracy of KE (56.1%),
vanilla LLaMA-3 (76.2%), and GenRTC (89.1%). For GenRTC, the accuracy
breakdown across each output rank is 67.3%, 16.0%, and 5.8%, respectively. This
result highlights the effectiveness of our fine-tuned LLMs in better predicting the
speaker’s intent.

Intent Rendering Rate. We focus solely on whether the intent is generated
and displayed on time, without considering correctness, as these depend on the
performance of generative models. GenRTC achieves an intent rendering rate
of 71.2%, while vanilla WebRTC' reaches only 15.4%. This demonstrates that
GenRT(C significantly improves real-time intent rendering, due to its optimizations
for handling visual captioning tasks. The detailed contribution of various factors
to this difference is discussed in the ablation study in Sec 5.5.4.

Although the current intent rendering rate is optimized, a gap remains toward
achieving full satisfaction. This is primarily due to sudden, short-lasting intents,
such as a quick, novel topic that lasts for less than 3.81 seconds, which cannot
be rendered in time. We attribute this limitation to current commodity hardware
and believe that advances in MLPerf [259] will further enhance the integration
of GenAl into live video streaming. For the 21.9% of intents that last less than
3.81 seconds, GenRTC still managed to render 14.0%, demonstrating the benefit

SNVIDIA reports 235.36 ms for SD image generation on H200 datacenters.
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Figure 5.11: Impact of video resolutions.

of predictive intention analytics.

5.5.3 Generalizability Study

We evaluate the robustness and adaptability of the system under varying audio
and video quality conditions. Table 5.1 details the different settings. This evalua-
tion is crucial to ensure that GenRTC performs effectively in real-world scenarios
with diverse streaming quality requirements.

Video Resolution. Most videos in Voxceleb dataset have a limited resolution
of 256x256. To rigorously test GenRTC’s capability to handle various video qual-
ities, we utilize pre-recorded TV clips from Puffer [213]. The audio specifications
do not affect QoE due to the minimal bitrate. To evaluate the generalizability of
GenRTC with different video resolutions, we tested four levels: 1280x720, 854x480,
640x360, and 426x240. The results indicate that the impact on perceived delay is
within 1%, which is negligible. As shown in Figures 5.11(a) and 5.11(b), the frame
latency and PSNR remain consistently high at all resolution levels.

GPU Resources. To assess the impact of GPU resources on QoE, we conduct
comparison experiments using 1xA100, 2xA6000, 1xA6000, and 1xRTX 3080 Ti.
The number of virtual streamers is still 10. The number of virtual streamers is
set to 5 for this study. As shown in Figure 5.12(a), the perceived delay generally
follows the generation time. For the 2xA6000 setup, 14.5% of GPU time remains

unused since we did not double the number of streamers. Additionally, we record
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Figure 5.12: Impact of GPU resources and network conditions.

the intent rendering rate for each setting, with the A100 being the highest because
the minimum inference time is the lowest. Given that the rental cost of 1xA100
is similar to that of 2xA6000 [260, 261], we recommend prioritizing performance
by using 1xA100 to enhance user experience and maximize GPU utilization. We
observe that lower generation times lead to higher GPU utilization.

Network Condition. To evaluate whether GenRTC adapts to different net-
work environments, we gathered two network traces using Mahimahi [262] for
Ethernet and WiFi. FCC cellular traces [257] were also included. These traces
capture variations in bandwidth, latency, and packet loss to simulate real-world
scenarios. Performance is measured in terms of perceived delays. Figure 5.12(b)
shows that network conditions have a negligible impact on perceived delay. Gen-
RTC maintains high performance, with average perceived delays of 4948.6 ms on
Ethernet, 5280.8 ms on WiFi, and 5385.0 ms on cellular, demonstrating robustness
across various network conditions.

Number of Streamers. Figure 5.13 illustrates the scalability of GenRTC
under varying loads. We set the number of streamers to 5, 10, 15, and 20. Each
virtual streamer uploads a video file with a maximum resolution of 720p. The
hardware setup serves 1, 2, 3, and 4 A100s GPUs for fairness. Note that with 5
users, the GPUs were not fully utilized, with 16.3% of duty time remaining idle.
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Figure 5.14: The perceived delay and GPU utility rate of GenRTC when each

design module is removed.

5.5.4 Ablation Study

To validate the contribution of each component, we deactivate the following de-
sign components individually: continuous intention analysis and planning, codec-
aware rendering scheduler, and dynamic resource allocation mechanism. This
allows us to evaluate their respective contributions to overall system performance.
We measure system latency from audio input to visual output, computational
overhead through GPU and CPU usage, and visual fidelity based on the clarity
and relevance of generated visuals in controlled user tests

Figure 5.14 presents the results of each ablated version. Replacing the contin-
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uous intention analysis module with a naive LLM increases the average perceived
delay from 5.06s to 6.65s and drastically reduces intent rendering rate from 71.2%
to 34.5%. Disabling the codec-aware rendering scheduler results in an slight
increase in perceived delays and a 2.6% decrease in the intent rendering rate.
Lastly, removing the dynamic resource allocation mechanism leads to suboptimal
resource management during peak demands, causing perceived delay to rise by
46.2% and obtaining intent rendering delay as 55%. These findings affirm the

critical role of each proposed module in GenRTC architecture.

5.5.5 Case Study: Live Video Streaming

To gain qualitative insights into user experiences in live video streaming, we
conducted a user study involving 20 volunteers from diverse backgrounds. Partic-
ipants interacted with GenRTC through standard streaming scenarios, with 5 of
them also participating as streamers, giving free talks and watching their own echo
video in real time, which is common practice for streamers. Volunteers used three
types of devices including laptops, desktops, and smartphones, to access GenRTC
via the Web. For the audience, we played 5 randomly selected videos from the
dataset, covering three categories: sports events, talk shows, and variety shows.
Volunteers experienced all three schemes in random order and rated each on a
5-point scale (1=very bad, 2=bad, 3=fair, 4=good, 5=very good).

Figure 5.15 presents the results. Their feedback highlights the practical impact
of our technological enhancements and helps gauge user satisfaction in real-world
conditions, making it a crucial part of our system evaluation. An additional dis-
covery is that, from a linguistic perspective, visual captions influence the speaking
patterns of streamers. For example, streamers may reference the visual captions
to continue their speech. This represents a key distinction between trace-driven

simulations and real user studies.
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Figure 5.16: The 3D generation effect in the VR collaborative game [1]. The
generated object is highlighted.

5.5.6 Case Study: Collaborative VR Scenario

Collaborative VR offers unique opportunities for GenRTC, especially due to
its immersive nature and the crucial need for 3D innovations and creations [263,
264]. However, the generated objects need to be 3D to be campatible with the
environments, which poses a more harsh challenge compared to images. This
case study explores the application of GenRTC in VR scenarios, evaluating its
performance in terms of frame latency and perceived delay.

Setup. The evaluation takes place in a controlled VR environment where two
participants engage in an interactive session. Users operate Meta Oculus 2 [265]
headsets, connected to the server via USB, with Netcode [266] applied to simulate

a one-way latency of 50 ms. Since there are no specific frame definitions in VR
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volumetric streaming, we measure perceived delay and frame latency using the
Unity API [266]. The two users form a 1-on-1 conferencing structure, where both
act as streamers and audience members. However, the upstream consists of only
sparse command flow within the game. Additionally, the object is separated from
the VR stream, so the renderer component is disabled.

Model Selection. Text-to-3D models are computationally intensive for both
training and inference. We test the pre-trained models Prolificdreamer [267] and
DreamGaussian [268] on our server, as well as the closed-source model Rodin-Gen-
1 [269] via API calls. The first two models take over 2 minutes to run, while
Rodin completes the generation in approximately 30 seconds. Due to its superior
performance, we selected Rodin for the following experiments. The rendered mesh
and texture are stored in the Unity project and automatically activated for display.
As shown in Figure 5.16, user 1 expresses the need for a bowl of sausage slices,
triggering the GenRTC workflow with the Rodin-Gen-1 model.

Through the user study, 4 users form 2 pairs, with 24 objects generated.
Figure 5.17 shows that 99.18% of frame delay is less than 65ms, because only the
packets for sparse human movements and audio are transmitted. However, when
the generated object first occurs, there is a traffic burst due to bulk transfer, in

which the average frame latency is 271.4ms. The perceived delay for this case is 32.1
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seconds, with 30.4 seconds spent on generation inference. This result demonstrates
that, in 3D object generation, the majority of the delay is due to the generation
process rather than to system flaws.

This case study underscores the potential of GenRTC to enhance interactive
real-time applications in VR, suggesting avenues for further research and devel-
opment in this rapidly evolving field. This structured assessment allows us to
validate the effectiveness of GenRTC under various quality metrics, ensuring that
the system’s performance is consistent and reliable regardless of the input quality.
Future works can trivially extend GenRTC to Augmented Reality (AR) [270] as

well.

5.6 Related Work

Latency Optimization for Live Video Streaming. Predictive content can
boost timeliness. ZGaming [215] reduces the latency of cloud gaming by predicting
the foreground of the game scenes. Farfetchfusion [271] uses a disentangled fusion
approach and topology anchoring to overcome the challenges of 3D reconstruction
latency and computational complexity on mobile devices. Super-resolution is
another popular machine learning pipeline for multimedia transport systems [272].
However, most of them are performed on the edges and therefore do not raise
latency issues [273]. The CV domain also highlights generation speed and efficiency
to approach the real-world live streaming needs [274], but the generation time is far
from acceptable. Nevertheless, GenRTC will benefit from any future optimizations
on generative models.

Generative Models for Visual Object. The generation can be catego-
rized into three major kinds: object, scene, and human [275]. Rodin [269] and
HeadNeRF [276] generate human head avatars. DreamFusion [277] utilizes a pre-
trained 2D text-to-image diffusion model to perform general text-to-3D synthesis.
Prolificdreamer [267] refines score-distillation sampling to generate high-resolution
3D objects. Other works explore the systematical challenges of adopting 3D

generation, especially in edges and mobile devices. Zhang et al. [278] explores how
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to enable text-3D generation on resource-constrained mobile devices. CoDi [279]
and GaussianDreamer [268] improve generation speed, but it still takes more than
2 minutes. DiffAgent [280] selects the best text-to-image API in seconds to better
match needs, but this selection latency is unacceptable. Face-GPS quantify facial
muscle dynamics in videos for medical applications [281, 282] Besides, music is
used as another clue to adjust video contents. Music-driven image animation
synchronizes visual content with audio cues [283], while MuseChat demonstrates
the power of conversational music recommendation for videos [284]. Despite being
promising, they also need extra inference time and can’t achieve real-time. Our
work pushes a steady step towards its application.

GPU Resource Scheduling. The efficient scheduling of limited GPU re-
sources for multiple sessions is critical [285, 286, 287, 288]. For example, Gravel [286]
assigns jobs to heterogeneous GPUs. Usher [288] enhances GPU utilization for ML
inference by optimizing resource allocation and reducing inter-model interference.
CacheSack [287] improves flash cache efficiency by optimizing admission policies,
reducing disk reads, flash writes, and overall costs. Zhao et al. [289] train job
placement by optimizing resource allocation with statistical INA, improving ef-
ficiency and job completion times. Following the optimization pattern of these
works, GenRTC formulates GPU scheduling as an online knapsack problem and
applies the heuristics from LLMs to form an MPC-based solution to maximize the
expectation of intent rendering rate.

Compatibility with Recent Live Streaming Advances. GenRTC is com-
patible with recent advances in neural compression and loss recovery frameworks,
as mentioned below: Gemino [219] applies neural compression for video conferenc-
ing, reducing bandwidth usage while maintaining high-quality video at low bitrates.
Tambur [224] improves videoconferencing by using streaming codes for efficient loss
recovery, reducing freezes and bandwidth overhead. Grace [225] optimizes video
transmission by optimizing neural codecs for loss recovery, reducing undecodable
frames and bandwidth usage. For these works, GenRTC may transmit the vi-
sual captions in a side datachannel and combine with the frames after decoding.

Hairpin [227] enhances interactive video streaming by optimizing retransmissions
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and redundancy, reducing bandwidth costs and deadline misses. The frame rate
adaptation is proposed by AFR [226] to optimize tail latency by introducing the
frame rate adaptation mechanism. Other tracedriven and environmentaware bi-
trate adaptation schemes advance mobile video streaming by dynamically aligning
encoding rates with cellular conditions [290, 291]. Yuzu [292] improves volumet-
ric video streaming with optimized 3D super-resolution. MuV2 [293] enhances
multi-user volumetric video streaming by optimizing resource use through content
hybridization, view sharing, and encoder multiplexing. GenRTC can compatibly
benefit from these innovations to further reduce the latency. Overall, there is a
huge systematical gap between these novel generating functionalities and product-
level adoption, which this work fills.

Future Directions in Multi-modal Perspective. Future works can be
extended for multiple aspects. For instance, eye gaze tracking [294, 270] can
be adopted to conduct region-aware augmentation inside one frame. Retrieval-
augmented generation(RAG) benefits certain tasks with external documents [295],
which could be leveraged after we expand the dataset. The cross-modal workflow
can be enhanced with adaptive feature aggregation for imagetext retrieval[296] and
lexical grounding via definition-aware LLMs[297]. Vision-language models can be
adopted to fully understand video frames and and make visual captions more user-
friendly [298]. The follow-up effects [299] can also be adopted for generated objects
to maintain positional consistency during interactions, of which the orientation of
objects can be accurately tracked [300, 301, 302]. On the audio side, audio-visual
models can analyze background music to provide more context [303]. We can
also embed age-aware and health-aware voice analytics, including healthy-aging
assessment, prosody profiling, and vocal age inference [304, 305, 306], to better
register speaker profiles [307] in multi-user scenarios.

Automating System Configurations and Workflows. The recent surge in
applying large language models to automate system configuration and optimization
suggests several concrete directions. For instance, integrating LLMs into HPC
workflows [308], like HPC-GPT [309], LM4HPC [310], and OMPGPT [311], offers

the potential to automate parallelization directives and optimize code generation.
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HumanAlI interaction studies span evaluation of chatbotsuggestion interfaces [312]
and RLTHF's targeted feedback for largelanguagemodel alignment [313]. Besides,
LLM-driven DevOps [314, 315] can automate Kubernetes configuration at scale.
Moreover, automated translation of legacy code [316], and data-race detection
using LLMs [317] point toward robust debugging and upgrading pipelines. En-
hancing the program parallelism can further improve the architecture-level effi-
ciency (318, 319]. Federated learning [320, 321, 322, 323] further facilitates geo-
distributed system patterns. Tailored LLMs can facilitate automating diverse AloT
applications, as illustrated in DomAln, AutolOT and GPIoT [324, 325, 326].

System Performance Optimization. Efficient networkdatamining work
uses unbiased sketch structures to pinpoint topk items in highspeed streams, like
WavingSketch [327], PiSketch [328], and a realtime traffic sketch [329]. For cellular
networks, applicationlayer latency trimming [330], simulatorbased failure recovery
with Seed [331], and the rootfree diagnostic framework LDRP [332] drive 5G
performance gains. Deep reinforcement learning optimizes cyberphysical systems,
covering VM rescheduling [333], interpretable HVAC control [334, 335, 336], adap-
tive multimodal computation [337], and mobile analytics for map matching [338],
appusage prediction [339], and temporalpointprocess forecasting [340]. More works
spans kernel storage acceleration, highperformance compilation, garbagecollection,
and nextgen distributed storage. XRP moves key storage functions into eBPF to
cut kernel crossings and boost I/O throughput [341], while ROLLER streamlines
tensoroperator codegen for deeplearning backends [342]. A line of Java research
brews NVMaware heaps (Espresso [343]), trims GC pause tails for interactive ser-
vices (Platinum [344]), and devises compaction heuristics and analyses for fullheap
collection (Analysis [345], ScissorGC [346]). At the storage layer, RubbleDB shows
CPUefficient NVMeoF replication with lightweight userspace processing [347], and
a followup enables strongly consistent writeback page caching for distributed FUSE
file systems [348].
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5.7 Conclusion

This paper proposes GenRTC, a system that advances real-time video stream-
ing experience by seamlessly integrating visual captions into live video streams. By
continuously analyzing the speech intents, GenRTC translates speech into visual
representations in real-time, enhancing both user engagement and comprehension.
The system’s robust handling of latency, scalability, and resource management
ensures it meets the stringent demands of live streaming environments. Extensive
evaluation on dataset-driven experiments, user studies and VR case studies shows
that GenRTC can achieve a high level of efficiency and responsiveness, providing

the captions without compromising latency and video quality.



Chapter 6

Future Work: Building
Multi-modal Foundation Models

for Wireless Spectrum Signals

Looking ahead, this dissertation opens several promising directions for future
exploration at the intersection of artificial intelligence and networked systems. In
particular, we aim to push the boundary further by investigating the scaling be-
havior of multi-modal large language models (MLLMs) when extended to wireless

modalities.

6.1 Challenges

Existing works apply diffusion and radiance-field techniques to wireless signal
generation and corresponding tasks like localization [349, 350, 351, 352]. How-
ever, these works are case-by-case designs. Unlike traditional modalities such as
images and text [353, 354, 355], building a foundation model for wireless signals
present unique modeling challenges due to their inherent physical and hardware

constraints. These challenges include:

e Heterogeneous Input Formats: Data collected across different frequency

bands, hardware platforms, and communication standards often vary in resolu-
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tion, structure, and encoding schemes. This heterogeneity introduces non-trivial

modality alignment issues that are not encountered in image or text data.

e Sparsity in the Spectrum: In many wireless communication scenarios, partic-
ularly in wideband and low-activity channels, the informative content is sparsely
distributed across time and frequency. Learning meaningful representations
under such sparsity requires the model to capture subtle temporal and spectral

correlations.

e Dual-Domain Insight Requirement: Key information is embedded across
both the time domain (e.g., signal waveform dynamics) and the frequency do-
main (e.g., channel and interference patterns). Effectively learning from and
reasoning about these domains simultaneously calls for novel architectural inno-

vations.

6.2 Solution Preview

6.2.1 Dataset Construction

The training and evaluation of large models both pose significant challenges
for dataset size and quality. We aim to collect, curate, and ground a high-
quality multi-modal dataset, representing diverse wireless communication patterns
across realistic settings, similar to Nie et al. [356], but covering diversity in more
applications and technical aspects, including diverse frequency bands, dimension
definitions, modulation technologies and hardware specifications. In addition, data
augmentation can further improve the quantity of the dataset [357, 358], but the
quality drop should be carefully monitored.

6.2.2 Model Training and Optimization

Future research will explore the scaling laws and emergent capabilities of such

models in three complementary stages:
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e Pretraining: Investigating how model size, data diversity, and task mixtures
affect generalization in spectrum-aware MLLMs. We plan to benchmark whether
performance improvements follow logarithmic, power-law, or other scaling be-

haviors observed in vision and language models.

e Post-training: Exploring methods such as instruction tuning, multi-modal
alignment, and domain-specific adaptation to enhance model utility in special-
ized wireless applications (e.g., interference mitigation, anomaly detection, or

protocol classification).

e Inference-Time Optimization: Developing efficient inference strategies that
enable real-time and on-device deployment, such as model pruning, sparsity-

aware inference, and low-rank adaptation under hardware constraints.

Sub-model Proposals: The features in different context can be processed by
various sub-models [359]. For instance, we can incorporate time-domain expert
(T-Agent, implemented as an i-Transformer backbone [120]), a pixel-level expert
(P-Agent, realized by a ViT-Window backbone [360, 361, 362] with 2-D RoPE),
and a frequency-domain expert (F-Agent, using a patch-wise transformer with an
FFT-based periodicity module [122]). Diffusion models

We will also broaden our future agenda along three LLM-centric directions.
First, we aim to apply dynamic soft prompting and domain-specific pruning to
tailor lightweight language models for edge and networked deployments, building
on recent advances in memorization control and structural compression [363, 364].
Second, the knowledge-injected graph neural networks [365] can be adopted to
fuse domain ontologies with spectrum data to improve anomaly attribution in
large-scale systems. Third, we will investigate synthetic-data generation and in-
termittent inference to support low-power, self-sustaining devices: synthetic visual
corpora for representation learning [366] and energy-harvesting-aware network
design for on-device reasoning [367]. Together, these threads will equip our next-
generation models with better efficiency, adaptability, and resilience in wireless
spectrum signal understanding.

To summarize, the long-term vision is to empower Al systems to use networked
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infrastructure as a perceptual window into the physical world, not only sensing but
also interpreting, reasoning, and controlling. By equipping Al with the ability to
reason over multi-modal signals from networked systems, we take a step toward
making machines that are not just connected, but contextually aware, trustworthy,

and intelligent collaborators in real-world environments.



Chapter 7
Conclusions

This dissertation presents a unified exploration of how artificial intelligence
can be practically and effectively embedded into networked systems to enable
intelligent sensing, modeling, control, and interaction. Through four core case stud-
ies: LoRa link quality modeling in orchards, groundwater recharge optimization,
causality-aware time series modeling, and real-time generative visual captioning,
it demonstrates how Al can be adapted to meet the physical, temporal, and
computational constraints of real-world environments. Each chapter addresses
a distinct challenge: signal degradation in complex propagation environments,
long-term decision-making via effective forecasting, learning interpretable causal
structures from time series, and real-time intent analysis and demo generation
inference under resource limitations. Across these scenarios, the dissertation shows
that domain knowledge, physical constraints, and systems-level considerations
must be tightly coupled with machine learning design to achieve deployable and
trustworthy solutions.

Collectively, the findings contribute toward a broader vision where Al does
not operate in isolation, but instead serves as an intelligent layer over networked
infrastructure: perceiving, interpreting, and interacting with the physical world.
This work lays the groundwork for a new class of Al systems that are resource-
aware, domain-aligned, and capable of operating at the edge or within the loop.
The dissertation also highlights the importance of interpretability and robustness

when deploying Al in critical applications like agriculture and communication. As

126



127

networked systems become increasingly intelligent and multimodal, future efforts
will build on these foundations to explore scalability, generalization, and collabora-
tion across modalities. Ultimately, this dissertation argues for a co-design approach
where systems and Al evolve together to unlock new levels of responsiveness,

efficiency, and understanding in real-world applications.
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