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The past decade has witnessed a significant growth of deployed sensors in our daily
life, covering applications from healthcare, climate modeling to home automation and robotics.
These sensors collect abundant time series data, which facilitate our understanding of various
real-life processes. However, the inherent instability of these sensors, combined with the dynamic
environments in which they operate, often results in the collection of data that is noisy, sparse,
insufficient and varied. This presents a significant contrast to the data typically encountered in
other domains such as computer vision and natural language processing. Consequently, current

data-driven models trained under controlled experimental settings often fall short of their value
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in accurate inferencing and analyses.

To address these limitations, we propose to bridge the inherent physical contextual
knowledge and external semantic contextual knowledge of sensor time series to build a more
robust analysis framework for sensor data. Specifically, we first exploit the inherent physics
principles underlying time series data — ranging from mathematical models, spatio-temporal
correlations to spectral properties — as inherent contextual knowledge. We leverage such
physics knowledge to refine raw sensor time series and enhance data quality through denoising,
imputation and augmentation. Additionally, sensor time series are often accompanied with
external label names or metadata presented as text. Therefore, we build upon the recent advances
in language modeling, to incorporate external semantic contextual knowledge from large language
models or pre-train our own domain-specific foundation models. Such semantic knowledge
further enriches sensor time series understanding and increases cross-domain robustness. Our
framework is robust and demonstrates state-of-the-art performance in multiple tasks such as
recognition, forecasting and navigation across sensing systems of various scales, from small-scale
personal healthcare monitoring, smart home automation, to large-scale smart building control,

energy management, climate modeling and beyond.
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Chapter 1

Introduction

1.1 Background

Over the past decade, there has been a substantial increase in the integration of sensors
into our daily lives, driven by the growing demand for applications such as healthcare monitoring,
smart home automation, high-accuracy motion capture in video games, and the rising adoption
of green energy technologies. According to recent news articles from Precedence Research, the
global sensor market size was evaluated at USD 204.8 billion in 2022 and is expected to hit
around USD 508.64 billion by 2032, growing at a Compound Annual Growth Rate (CAGR) of
8.40% from 2023 to 2032!. Recent analysis from IoT Analytics also predicts that by 2027, there
will likely be more than 29 billion IoT connections®. Figure 1.1 visualizes the trend of global
active 10T connections and sensor market size, whose increase benefits wide range of application
domains from smart buildings, smart city, healthcare, to climate modeling, robotics and beyond.

Building on the expansive growth of sensor technology, its integration into our daily
lives has become increasingly indispensable. These devices play critical roles in automating
and enhancing decision-making processes from individual lives to large-scale industries such as
agriculture and advanced manufacturing. The data collected by these sensors is typically in the

form of time series, which is a sequence of data values indexed in time order. These time series

Thttps://www.precedenceresearch.com/sensor-market
Zhttps://iot-analytics.com/number-connected-iot-devices
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Figure 1.1. The number of sensors covering diverse application domains, as well as their market
size has significantly increased over the years.

data, with its inherent temporal properties, enables a deeper understanding of the dynamics and

patterns underlying the physical world.

1.2 Challenges

Despite the invaluable insights provided by sensor time series data, several challenges
negatively impact their quality. First, the instability of sensors such as manufacturing variances
and dynamic environmental conditions contributes to the inconsistency and unreliability of the
data collected. Moreover, compared with large servers, such problems are especially prominent
in edge-deployed sensors, which directly interact with humans and the physical world and are
therefore in close proximity to the heterogeneity and instability of the real-world operating
conditions. These two factors have complicated the collection of sensor time series and result in

the following four major issues in terms of data quality (Figure 1.2):

* Noise. Sensor time series carry inherent sensor noise (Figure 1.2a). This includes random
fluctuations generated by the sensor itself or by external environmental factors, such as

electromagnetic interference or physical vibrations.

» Sparsity. This can be further categorized into temporal sparsity and spatial sparsity
(Figure 1.2b). Temporal sparsity refers to data missing in the temporal dimension, resulting
from factors such as sensor or storage failures, battery depletion and network disruption.

Spatial sparsity refers to data missing in the spatial dimension, due to physical access
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Figure 1.2. Major challenges regarding sensor time series quality.

constraints or the high economic costs to construct and maintain sensors at certain locations.

* Scarcity. Sensor time series, especially those involving human subjects such as health
related daily activity data, remain difficult to collect due to security or privacy concerns
(Figure 1.2c), as human subjects involved in the collection process may not consent to data

sharing or data transmission over the network.

* Variability. Sensor time series are inherently varied and display a wide variety of patterns.
For instance, in the task of Human Activity Recognition (HAR), a smartphone placed
on the upper leg exhibits distinct signal patterns compared with a smartwatch positioned
on the wrist, and devices may show varying orientations during training and deployment

phases (Figure 1.2d).

These challenges significantly undermine the quality of raw sensor data, leading to
robustness and generalization problems of data-driven models trained in controlled experimental
settings, such as those in computer vision (CV) and natural language processing (NLP), when

applied to real-world sensing scenarios.

1.3 Contextual Knowledge

Although sensor time series present quality issues as mentioned in the previous para-
graphs, they also have special properties or contextual knowledge that can be leveraged to
effectively overcome these challenges. We further divide these contextual knowledge into

inherent and external knowledge, as illustrated in Figure 1.3.
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Figure 1.3. We can leverage inherent physical contextual knowledge (left) and external semantic
contextual knowledge (right) to improve the robustness of sensor time series analysis.

Inherent knowledge refers to the physical attribute intrinsic to sensor time series data.
Given that sensor time series model real-life physical processes, they are embedded with numer-
ous explicit and implicit physical characteristics. Explicit physical principles may be represented
through explicit mathematical equations or inequalities that describe the behavior of physical
processes over time or across different variables. For example, the relationship between location
(measured by GPS sensors) and acceleration (measured by accelerometers) is captured by the
motion law, which equates the second-order derivative of location to acceleration. On the other
hand, implicit physical properties might include spatial-temporal correlations or spectral prop-
erties that cannot be explicitly represented through mathematical formulations. For example,
geo-sensors exhibit locally similar patterns in nearby locations as well as global trends, such as
the decrease in temperature with increasing altitude. Another example is that transformation
of time series data into the frequency domain can more accurately reflect seasonal patterns.
Incorporation of these physics principles help denoise, impute and augment raw sensor time
series and therefore improve the robustness of the models trained on these data.

External knowledge refers to the semantic context that is mostly extracted from other data
modalities beyond time series itself. Sensor time series data are often accompanied by labels or
metadata such as sensor locations in the form of textual information, offering an opportunity to

employ state-of-the-art natural language processing techniques to elevate the level of abstraction
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Figure 1.4. Our sensor time series analysis framework. Given input noisy and missing time series,
stage I incorporates physical context to denoise, impute, augment raw data. Stage II leverages
semantic context from LLMs or domain-specific pre-trained models to improve robustness.

and achieve uniform representations across different domains. For instance, sensor time series
data from different domains may vary in sensor configurations and environmental conditions, yet
share identical label names. Meanwhile, some domains may contain more sufficient samples
to train data-driven machine learning models compared with other domains. By integrating
semantic labels, we can identify commonalities across domains and enhance the model’s ability
to generalize from data-rich domains to domains with insufficient samples. Specifically, we
leverage the latest advancements in large language models or pre-train our own domain-specific

foundation models to improve the generalizability and robustness of sensor time series analysis.

1.4 Overall Framework

In light of these contextual knowledge, we present a robust sensor time series analysis
framework as illustrated in Figure 1.4. In the first stage, we incorporate physical contextual
knowledge to denoise [320] (chapter 2), impute missing values [317] (chapter 3) and aug-
ment [318] (chapter 4) sensor time series. The specific orders of these pre-processing steps are
flexible. The first stage refines the quality of sensor time series, preparing it for subsequent
analysis by data-driven models. In the second stage, we leverage the capabilities of existing
large language models [315, 319] (chapter 5 and chapter 6) or pre-train our own domain-specific

foundation models (chapter 7) to further extract insights using semantic contextual knowledge.



Table 1.1. Summary of contributions and applications of our proposed robust sensor time series
analysis framework.

Context ‘ Subcategory ‘ Model ‘ Chapter ‘ Challenge ‘ Application
mathematical model| PILOT Ch2 noise |inertial navigation, CO, monitoring, HVAC control
Physics spatio-temporal |ESC-GAN| Ch3 sparsity temperature, precipitation, air quality prediction
spectral property STAug Ch 4 scarcity electricity forecasting
LILM Survey Ch5 scarcity | general time series forecasting, classification, etc.
Semantics LLM SHARE Ch6 scarcity human activity recognition
foundation model | UniMTS Ch7 | variability human activity recognition

1.5 Contributions and Applications

We summarize our contributions and applications of the proposed framework for robust
sensor time series analysis in Table 1.1. The technical contributions in this dissertation are sup-
ported by specific implementation tools that are available on the open-source Github repository
as described in Appendix A. We also provide explanations of the notations used in each chapter
in Appendix B. More specifically,
 PILOT? (Chapter 2) is the first generic, physics-informed denoising method that supports
different sensing applications. PILOT offers a practical denoising solution for application
scenarios where obtaining ground truth clean data or understanding the underlying noise
distribution is challenging, better representing real-world sensing environments. Extensive
experiments in three real-world applications of inertial navigation, CO, monitoring and HVAC
control demonstrate that PILOT produces results that are closest to the clean data and most
coherent to the laws of physics, achieving state-of-the-art denoising performance. We also
deploy the model on edge devices and show real-time denoising capability.

« ESC-GAN* (Chapter 3) addresses challenges of lack of temporal dimension information in
generating data for missing sensing stations. Extensive experiments on real-world temperature,
precipitation and air quality datasets have demonstrated the superiority of ESC-GAN in spatio-

temporal imputation over state-of-the-art spatio-temporal imputation methods, image and

3https://github.com/xiyuanzh/PILOT
“https://github.com/xiyuanzh/ESC-GAN
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video inpainting methods.

STAug’ (Chapter 4) presents a diverse and coherent augmentation method for time series
forecasting tasks that combines information from both the frequency and time domains. We
evaluate STAug on real-world time series datasets, and the method demonstrates state-of-the-art
performance compared with existing augmentation methods.

A survey on LLM for time series® (Chapter 5) presents a taxonomy on various means to
transfer knowledge from large language models for time series analysis. We categorize
existing methodologies into five groups (prompting, time series quantization, aligning, vision
as bridge, tool integration), where each group corresponds to one processing stage in typical
LLM-driven NLP pipelines. We also compile a comprehensive list of existing multimodal text
and time series datasets.

SHARE’ (Chapter 6) presents an effective Human Activity Recognition (HAR) framework
which captures knowledge across activities by uncovering information from label structures.
We also propose three label augmentation methods, each targeting at a different level, to
more effectively identify shared structures across activities. We evaluate SHARE on seven
HAR benchmark datasets and observe the new state-of-the-art performance. We also conduct
experiments under few-shot settings and label imbalance settings and observe even more
significant performance improvement.

UniMTS (Chapter 7) introduces a unified pre-training procedure for motion time series that
successfully generalizes to various device locations, device orientations and activities. We
design a contrastive learning framework to align motion time series with corresponding
semantic meanings for activity generalization. For device location generalization, we propose
to synthesize motion time series covering various body locations and model their spatio-
temporal correlations using graph convolutional neural networks. We also design rotation-

invariant augmentation to make the model agnostic to different device orientations. Our

Shttps://github.com/xiyuanzh/STAug
®https://github.com/xiyuanzh/awesome-1lm-time-series
"https://github.com/xiyuanzh/SHARE
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pre-trained model demonstrates state-of-the-art performance across 18 real-world motion time
series benchmark datasets, notably with performance improvement of 342.3% in the zero-shot
setting, 16.3% in the few-shot setting, and 9.2% in the full-shot setting, compared with the
respective best-performing baselines.

Overall, this dissertation effectively addresses the challenges of noise, sparsity, scarcity
and variability inherent in sensor time series, significantly improving the robustness of sensor time
series analysis systems. The resulting framework has wide applications across sensing systems
of various scales, from small-scale personal healthcare monitoring, smart home automation, to

large-scale smart building control, energy management, climate modeling and beyond.



Chapter 2

Physical Context of Explicit Mathematical
Models

In this chapter, we introduce how to leverage physical context of explicit mathematical
models to achieve the first step in our robust sensor time series analysis framework: denoising
sensor data. While the physical context, or the physics of monitored phenomenon can be used for
a variety of tasks, we first focus on denoising as an concrete practical example of using inherent
contextual information for time series analysis.

Sensors measuring real-life physical processes are ubiquitous in today’s interconnected
world. These sensors inherently bear noise that often adversely affects performance and reliability
of the systems they support. Traditionally, denoising is a signal-processing operation based
on mathematical transformations on time series. Classic filtering-based approaches introduce
strong assumptions on the time or frequency characteristics of sensor data, while learning-based
denoising approaches typically rely on using ground truth clean data to train a denoising model,
which is often challenging or prohibitive to obtain for many real-world applications.

We observe that in many scenarios, the relationships between different sensor mea-
surements (e.g., location and acceleration) are analytically described by laws of physics (e.g.,
second-order differential equation). By incorporating such physics constraints, we can guide the
denoising process to improve even in the absence of ground truth data. In light of this, we design

a physics-informed denoising model that leverages the inherent algebraic relationships between
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Figure 2.1. Real-life data captured by sensors are often governed by the laws of physics.

different measurements governed by the underlying physics. By obviating the need for ground
truth clean data, our method offers a practical denoising solution for real-world applications.
We conduct experiments in various domains, including inertial navigation, CO, monitoring,
and HVAC control, and achieve state-of-the-art performance compared with existing denoising
methods. Our method can denoise data in real time (4ms for a sequence of 1s) for low-cost
noisy sensors and produces results that closely align with those from high-precision, high-cost

alternatives, leading to more accurate, efficient and cost-effective sensor-based systems.

2.1 Introduction to Physics-Informed Sensor Data Denois-
ing

Sensors measuring various real-life physical processes have permeated our daily lives.
These sensors play a crucial role in acquiring a large amount of data in various applications such
as environmental monitoring, healthcare, smart home and building, and transportation, enabling
context inference, pattern recognition, and informed downstream decision-making. However,
because of factors such as environmental interference, electrical fluctuations, and imprecision of
the sensor itself, sensor data are naturally noisy. Such noise degrades data quality and adversely

affects performance of downstream applications.
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Figure 2.2. Three example applications of PILOT. Inertial navigation (left), CO, monitoring
(middle), and HVAC control system (right).

To improve sensor data quality, there has been a line of research on noise reduction, from
traditional filtering approaches that rely on prior knowledge of signal characteristics in time or
frequency domain [57, 189], to more advanced machine learning methods [251, 310]. Existing
machine learning based methods typically assume availability of ground truth clean data in order
to train a denoising model in a supervised manner. However, given the inherently noisy nature
of sensors, we often do not have access to ground truth clean data in real-world applications.
In addition to supervised denoising methods, researchers have also developed self-supervised
denoising methods, mostly in computer vision applications [128, 179]. These approaches often
make assumptions for simplification (e.g., about noise distributions) that may not accurately
reflect real-world sensor data with complex correlations. Moreover, they do not leverage the
unique physical characteristics of sensor data distinct from typical image or text data.

In multiple applications, we observe that different measurement channels of sensor data
collected from real-life physical processes are often correlated and characterized by equations
rooted in well-understood underlying physics. We illustrate three example scenarios in Figure 2.1.
In the first example, the relationship between location and acceleration is captured by the motion
law, which equates the second-order derivative of location to acceleration. The second example
connects the measurements by drawing upon Ohm’s law — the ratio of voltage and current is
a constant, resistance, of the circuit. In the third example, the ideal gas law establishes a link
between pressure and temperature measurements. These three examples are merely a sample
of the numerous physics principles that govern real-life sensing systems. We build upon the

intuition that such physics-based principles among measured channels can be used as constraints
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to improve sensor denoising techniques.

To this end, we propose a physics-informed denoising method, PILOT (Physics-Informed
Learning for denQOising Technique), by incorporating analytical model based on known physics
as loss functions during training. Specifically, we introduce physics-derived equations as soft
constraints as detailed in Section 2.4.1 that the denoised output from our model needs to satisfy.
We illustrate the model architecture in Figure 2.4. We intentionally add noise to corrupt the
original data collected from multiple sensors. Feeding this corrupted data as input, we train a
denoising model to remove the added noise by minimizing a reconstruction loss between the
model output and the original undistorted input. However, since the original sensor data are
inherently noisy, a reconstruction loss alone is insufficient to remove such noise. Therefore,
we introduce an additional physics-based loss to minimize physics misalignment of denoised
output. For the example of inertial navigation, the corresponding physics equations include
differential equations between position/orientation and acceleration/angular velocity. Therefore,
in this example, the physics constraint would penalize discrepancy between the derivatives
of location/orientation and the acceleration/angular velocity. Denoising processes for other
applications follow similarly via a unified mathematical formulation that we will elaborate on.

To evaluate our approach, we conduct experiments on different real-world scenarios
including inertial navigation, CO, monitoring, and HVAC (Heating, Ventilation, and Air Con-
ditioning) control. For inertial navigation, PILOT generates denoised results that are most
coherent to physics equations, leading to the best performance in downstream inertial navigation
applications on the benchmark OxIOD dataset [36]. We collect data for the other two appli-
cations, detailed in Section 2.5.3 and Section 2.5.4. For CO; monitoring, we have two types
of CO, sensors—one is low-cost and very noisy, and the other is more accurate but much more
expensive. Denoised CO, measurements from the low-cost sensors by PILOT closely match
those from the much more expensive CO; sensors. Consequently, our denoising technique offers
significant cost savings. We observe similar advantage for HVAC control system, where our

denoised temperature data collected from low-cost noisy sensors best match those collected from
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industry-grade sensors. In summary, this chapter makes the following contributions:

* We propose a novel denoising method, PILOT, trained under the guidance of physics constraints.
To our best knowledge, this is the first generic, physics-informed denoising method that
supports different sensing applications.

» PILOT offers a practical denoising solution for application scenarios where obtaining ground
truth clean data or understanding the underlying noise distribution is challenging, better
representing real-world sensing environments.

* We collect two sensor datasets on CO, monitoring and HVAC control, with pairs of noisy and
accurate sensor data.

* Extensive experiments in three real-world applications demonstrate that PILOT produces
results that are closest to the clean data and most coherent to the laws of physics, achieving
state-of-the-art denoising performance. We also deploy the model on edge devices and show

real-time denoising capability.

2.2 Related Work

General Physics-Informed Machine Learning. The concept of Physics Priors refers to
our understanding of the inherent principles of the physical world, taking various representations
such as differential equations, symmetry constraints, and common-sense knowledge, among
others. An emerging field, Physics-Informed Machine Learning (PIML), aims to incorporate
physics priors into machine learning models [91, 253, 116]. A line of research has been proposed
for such integration, which can be categorized into different directions: incorporating physics
priors as loss regularization [204, 208, 73, 118], imposing strict constraints into the model
architectures [252, 232, 289] or hybrid approaches [76]. In general, physics-informed machine
learning methods enhance efficacy, generalizability, and robustness of the models. However,
most works in the PIML domain evaluate on simplified synthetic datasets.

Physics-Informed Machine Learning for Sensing Systems. Several works (such as

13
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PIP [291], PACMAN [183], Reducio [30], and PhyAug [164]) employ physics in practical
settings. However, most approaches are domain-specific [119, 43, 66, 93], and miss the consid-
eration of physical relationships among different sensor measurement channels that can assist
with the denoising process. Multimodal learning methods [107, 162, 261, 316] are also relevant
topics as different modalities mutually compensate and offer enriched information, but existing
multimodal methods mostly focus on fusing multiple modalities for downstream prediction
tasks (e.g., human activity recognition) without addressing the denoising challenge. To address
this gap, we present the first physics-informed machine learning model that incorporates these
relationships into denoising sensor data, pushing the capability of what is currently achievable in
Physics-Informed Machine Learning.

Denoising Methods. Sensor data are often noisy due to intrinsic characteristics such as
thermal noise, operating point drifts, or environmental effects. Existing works have proposed
methods to denoise sensor data or adapt the model to noisy measurements [67, 140]. The
majority of these strategies, however, is custom-tailored to specific domains of application,
such as COTS WiFi based motion sensing [330], image data processing under various weather
conditions [41], speech recognition [154], and clinical data analysis [194]. Some researchers
have also proposed more general denoising approaches through traditional estimation methods,
or time-frequency domain analysis such as discrete wavelet transform [57] and empirical mode
decomposition [189]. However, traditional estimation methods such as Kalman smoother rely
heavily on the assumption of Gaussian noise and Markovian transition, but real-world physics

models such as human motion typically have a higher-order temporal correlation. These methods
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also rely on oversimplified assumptions that observed variables are conditionally independent
over time. More recent deep learning approaches [310, 251] are supervised methods that require
ground truth clean data, and they neglect the unique benefits of physics-rich real-life sensing
systems. Self-supervised denoising methods have been recently proposed to train denoising
model without access to ground truth clean data [243, 128, 103, 179, 280]. These methods are
mainly designed for the computer vision domain and make assumptions about the noise.
Real-Life Sensing Systems. There exist numerous physics-rich real-life sensing applica-
tions. In this chapter, we focus on three applications: inertial navigation, CO, monitoring, and
HVAC systems. Inertial navigation predicts location and orientation based on IMU data, which
is prone to erroneous pose estimate rapidly over time [216]. Classic approaches incorporate
external measurements such as GNSS and camera, to periodically correct the propagated pose
value, at the cost of additional hardware and power. Recently, learning-aided approaches become
popular [217, 158, 285, 35, 95, 155, 229, 151]. CO; monitoring monitors CO; level to ensure
occupant comfort. Researchers have designed data collection [230] and generation [262] methods
for CO, data. When modeling CO, data, existing works have developed data-driven, differential
equation models [263]. Modeling CO; levels is beneficial for occupancy prediction and energy
savings [10, 72]. HVAC Control System controls heating, ventilation and air conditioning based
on temperature and airflow measurements [18, 184]. Apart from traditional model-based meth-
ods, recently deep reinforcement learning has also shown promising performance in modeling

HVAC systems [124, 304, 281].

2.3 Preliminary
2.3.1 Problem Formulation

Clean Data. We denote the unobserved ground truth clean dataset as Yx = {X,}fv: 0
which consists of N samples. Each sample X; ~ 2", X; € R*T | where 2 denotes the clean

data space, T' denotes the number of timesteps in the sensor data, and ¢ denotes the number of
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sensor measurement channels. Each sample X; = [x;1,Xj2, - - ,X,-C]T, where x;; € RT represents

the jth sensor measurement channel for the ith sample in the ground truth clean dataset.

Noisy Data. We denote our observed noisy sensor dataset as Yy = {Yi}?’: o> composed

of N samples. Each sample Y; ~ %, Y; € RT and Y; = [yi1,¥i2, - »¥ic] | » Where % denotes
the noisy data space, y;; € R” represents the jth sensor measurement channel for the ith sample

in the noisy dataset.

Noise. Each noisy sample Y; is corrupted from clean sample X; by noise ¢ ~ &, €; €
R*T where & denotes the noise space. Specifically, Y; = X; +¢&,i=1,2,--- ,N.

Physics Equations. Equation g(-) describes the relationships between different sensor
measurement channels in the ground truth clean data, i.e., g(x;1,Xj2, -+ ,X;c) =0,i =1,2,--- |N.

Denoising Model. The denoising model is parameterized by 6 and maps noisy data to
clean data by mapping f(;0) : % — 2~ C R*T. We incorporate the physics equation g(-) as a

constraint to optimize f(-;0) during training.
2.3.2 Physics Principles in Sensing Systems

In this section, we introduce the underlying physics principles of three example sensing
applications: inertial navigation, CO, monitoring, and HVAC control. PILOT leverages these
physics equations as constraints during training to better guide the denoising process. We
evaluate the denoising performance of these three sensing applications in Section 2.5. The
major difference across different applications is the specific form of the physics constraint.
Consequently, to adapt our model to new applications, the only requirement is to formulate the
equation representing the physics relationship between different sensors in the new application.
Thereafter, we can seamlessly incorporate the constraint, treat it as regularization, and maintain
a uniform approach across varying applications.

We select these three use cases to demonstrate the different capabilities of the framework
to model various physics relationships. The use cases cover different sensor types, domains,

and scales. In particular, we choose the three applications to validate that the proposed method

16



is robust across different scales — from single-human interactions to building air circulation
models across many zones and users. Further, we seek to cover as many types of sensors
(IMU, Camera, CO,, airflow, temperature, etc.) as possible in these three experiments to
demonstrate the potential to generalize to various types of sensors and noise levels. Our method
can incorporate different physical laws with varying degrees of physics model complexity. We
also pick the applications where physics models are informative but imperfect due to various
modeling challenges. The selected applications are known for their dependencies on additional
measurement modalities to compensate for the imperfect physics model, such as the visual
information for navigation and IMU physics. This motivates the necessity for both learning

component based models as well as physics-based models.
Application Scenario I: Inertial Navigation

Inertial navigation aims to estimate a moving device’s position and orientation based on
IMU sensor measurements, shown in Figure 2.2 (left). The inertial navigation model takes IMU
measurements as input, and predicts locations and orientations. The ground truth location and
orientation data are captured by cameras. However, both IMU and camera data carry noise due
to factors like jittering or occlusion, posing challenges to training accurate inertial navigation
models. If we denote location, orientation (in quaternion form), angular velocity, and acceleration

as p,q,w,a respectively, then their relationships can be mathematically expressed by equations

g1(-),82():

Td2P

g1(a,p,q) =a—Ry(— 7 —280), 2.1)
dg 1

_4q9 1 2.2

g2(w,q) o 54®wW (2.2)

where R, g9, ® represent rotation matrix, gravity constant and quaternion multiplication. As a
motivating example, we randomly select 30-second sensor data from the OxIOD dataset [36] and
visualize the orientation measurements in Figure 2.3a. We note two major noise-heavy regions

around the 500" timestep and the 2500/ timestep (indicated by boxed regions). Applying
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Equation 2.2, we derive the angular velocity from the orientation data, and compare it with
the angular velocity directly measured by IMU gyroscope in Figure 2.3b. The misalignment
between these two angular velocities appears around the same timesteps of noisy regions in the
original orientation data. This highlights the role of known physics to guide the learning process

of denoising models and its use in our model.
Application Scenario II: CO, Monitoring

CO, monitoring is of wide interest in smart building applications. An accurate zone
CO; reading can enable transmission risk analysis [213], occupancy estimation [53], air quality
monitoring [187] for energy-saving or residence safety purposes [72]. Figure 2.2 (middle)
depicts one example placement of three CO; sensors proximate to the air intake, outtake, and

the center of a standard office room. Assume c;,cp, ¢,

c! . represent the current average CO;
concentration in the room, initial average CO; concentration in the room, CO; concentration
for the input airflow, CO; concentration for the output airflow, respectively. Furthermore, let
v, V. s, n; represent the airflow velocity, room volume, CO; emission rate per individual, and the
number of occupants in the room. Note that all these extra parameters are known information of

the environment. They may change over time, but their values at each timestep are known. Then,

we can write their relationship in the following equation g(-):

g(cr, b)) =V —(coV + Z(cfnvAt)
! (2.3)
+ Z(ntsAt) — Z(cf)utht))
7

t

Unfortunately, perfect CO, monitoring would require deploying multiple high-resolution
and low-noise lab-level CO, sensors, which are prohibitively expensive for a typical commercial
building consisting of hundreds of zones. By contrast, low-cost CO, sensors are readily available
on the market with more noise and less accuracy (e.g., CCS881 as we will detail in Sec 2.5.3). We

aim to incorporate the aforementioned physics equation to denoise CO, data collected from these
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low-cost sensors, such that data quality after denoising can match the expensive counterparts.
Application Scenario III: Air Handling in HVAC Control System

HVAC control systems manage critical parameters such as temperature, humidity, and air
quality of commercial or residential buildings to ensure thermal comfort and optimal air quality
while maintaining energy efficiency. Air Handling Units (AHUs), the core of an HVAC control
system, take in outside air and return air from zones in the building, recondition it via heating
or cooling, de-humidification, and then supply it to spaces. Downstream equipment such as
Variable Air Volumes (VAVs) may further condition the air based on factors including occupancy,
time of day, and specific temperature desired of the space. Figure 2.2 illustrates an AHU in an
example HVAC control system with both heating and cooling functionality. The AHU mixes a
certain ratio of return air from the conditioned spaces and the fresh outside air, and reconditions
the mixed air through cooling and heating coils and supply air to various spaces. We denote
the enthalpy difference across the heating and cooling coils by AQ. The air’s mass undergoing
reconditioning is denoted as m, its specific heat capacity as cj, the temperature of the supply air
and mix air as Ty, and Tk, respectively. We then derive the following heat transfer equation

under the assumption of no additional heat source aside from the cooling and heating coils:

g(AQ; m,cp, Isa, Tmix) =AQ— mch(T%a - Tmix) (2.4)

Note that air mass m can be acquired through the airflow rate (measured in Cubic Feet per
Minute, or CFM) going across the AHU. Furthermore, the air’s specific heat capacity, cy, is both
humidity and temperature dependent.

In practice, both supply air temperature and mix air temperature measurements are
subject to noise, which impedes accurate control in the HVAC system. Therefore, we incorporate
the above equation to denoise the two temperature measurements, enhancing the accuracy and

reliability of the HVAC control system.
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Figure 2.4. Physics-Informed denoising model framework. During training, we manually add
noise to the original sensor data, and minimize a reconstruction loss to remove such noise. We
also integrate a physics-based loss to ensure that reconstructed data obey the law of physics.

2.4 Methodology
2.4.1 Model Framework

Noise Injection. We first follow the setting of typical supervised denoising methods
to manually inject noise and train the denoising model to remove the injected noise. Given
the unknown nature of real-world noise distributions, we first randomly sample noise from
pre-defined distributions as simulations. This process is insufficient to capture the complex noise
distributions, so we augment the model training with physics modeling process illustrated later.
When sampling the noise, we use Gaussian distribution with zero mean and variance of 62 as
an example and compare with other noise distributions in Section 2.5.6 (Sensitivity Analysis).
Mathematically, for each sample Y; in our noisy dataset, we further sample Gaussian noise n; and
add it upon Y, to obtain data Z; with a higher degree of noise, i.e., Z; = Y; +n;,n; ~ .A4(0, 62).
Note that our physics modeling component does not pose any constraints or assumptions on
the noise type. The inclusion of Gaussian additive noise is purely for simulation purposes to

facilitate the training of the denoising autoencoder.

Naive Denoising Model. The naive denoising model performs optimization without
modeling physical relationships. The denoising model takes data with manual noise injected

Z; as input, and the training objective is to output data with such manual noise removed, by
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minimizing the reconstruction loss, i.e.,

argmineEY,w@,n,w,/Vgrec (f(Yi +n;; 9)7Yi)7 (2.5)

lec (f(Yi+1;0),Y;) = || f(Y; +1n;0) — Y,]|3. (2.6)

The naive denoising model learns how to remove noise generated from our pre-defined noise
distribution, e.g., Gaussian distribution. This is effective if the real noise follows the same
noise distribution. However, in practice, the noise distribution is often much more complex
and cannot be simply approximated by predefined patterns. As we will theoretically show in
Section 2.4.2, the naive denoising method becomes suboptimal when the real noise distribution
deviates from our pre-defined noise distributions. Therefore, we incorporate physics constraint
to enhance denoising performance, enabling the model to adapt to more complex, real-world
noise distributions.

Physics-Informed Denoising Model. Apart from the reconstruction loss in the naive
denoising model, we incorporate another physics-based loss to overcome the limitation of the
naive model. Recall in Section 2.3.1 (Problem Formulation) we mentioned that ground truth
clean data satisfy physics constraint g(x;1,X;2,- - ,X;c) = 0,i = 1,2,--- | N. In an ideal scenario,
if our denoising model can perfectly eliminate all noise, then the resultant output of this optimal

denoising model f(-; 6*) will also adhere to the physics constraint:

g(f(2;1:0%), f(21;0%),---, f(2i;0%))=0,i=1,2,--- |N, 2.7

which can be simplified as g(f(Z;;0%)) = 0 or g(f(Y;+n;;0*)) = 0. Therefore, we can exploit

the physics constraints intrinsic to an optimal denoising model and formulate the constrained
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optimization problem as

argming By, o n;~ s lrec(f (Yi+1;;0),Y;), 2.8)

s.t. g(f(Yi+n;0)) =0.
Enforcing the physics equation as strict constraints makes the model difficult to optimize. Instead,
we include the constraint as a soft regularization term in the loss function. Specifically, the loss

function for the physics-informed denoising model is a combination of reconstruction loss and

physics-based loss:

argmine]EYiNg/7niN</V€(f(Yi +n;; 9);Yi)7 (29)
0= oo+ Alipy, (2.10)
Cony(f(Yi+n;0)) = llg(f(Yi+n;0))|[5. (2.11)

The physics-based loss offers additional prior knowledge about the ground truth data and better
guides the learning process of the denoising model, especially when we don’t have access to the
ground truth distributions. We find in the experiment section that the physics constraint works
for both first-order terms and higher-order terms. Here, A is the ratio that balances the two losses.
We find that an adaptive balancing strategy that keeps these two losses always at the same orders
of magnitude during training is empirically more effective than setting a fixed ratio, as we will

illustrate in Section 2.5.6.

PILOT Framework. We design a two-phase training framework for the final denoising
model. Specifically, we first optimize the model only with reconstruction loss as a pre-training
phase. The two-stage training ensures that training is not biased by the physics loss at the
beginning, as the initial exclusive focus on optimizing the physics loss can lead to overly
simplistic and trivial solutions, such as all-zero predictions. Two-stage training mitigates this by

serving as a warm-up period and providing better denoising model initialization. By learning to

22



reconstruct the data, the model better adapts to the underlying data distribution. In the second
phase, we combine both reconstruction loss and physics-based loss to optimize the model. The
physics-based loss corrects and guides the model for enhanced denoising performance. To
choose the denoising model backbone, we keep both efficacy and efficiency in mind, ensuring
that denoising models can run on edge devices with limited compute. Therefore, we use
one-dimensional Convolutional Neural Networks (CNN) as an example, as they are relatively
lightweight with superior capability in extracting sensor features. We provide details about code

implementation on Github'.

2.4.2 Theoretical Analysis

In this section, built upon previous works in [331, 103], we analytically show that when
the inherent noise of our model input has a non-zero mean, training with naive denoising model

would be insufficient to recover the ground truth data distribution.

Corollary 1. Let y be observed noisy data corrupted from clean data X by noise € with non-zero
mean M:y =X+ €,€ ~ &. Let Z be manually corrupted data from'y by pre-defined noise n with
zero mean: z=y+mn,n~ A Assume E,(z) = Eyx(y) = x+ 1, and the variance of y is 0')%.

Then the following equation holds true:

EXN%,ewé”,nde"f(X+8+n; 9) _XH%
—Ev s cosmer | (x+E1:0) — (x-+€)[3 2.12)

— 0y + 2NEx 9 s nn (f(X+€+1;0) —x).

Since 1 # 0, optimizing Ex< " ¢gn.r || f(X+€+1n;0) — (x+€)||3 is not equivalent
to the ideal goal of optimizing against ground truth, i.e., Exw 2 cgnr || f(x+€+n;0) —x|[3.

In summary, the corollary states that the naive denoising model’s optimization target fails to

Thttps://github.com/xiyuanzh/PILOT
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completely mitigate the inherent noises. Therefore, we incorporate physics-based loss to augment

the denoising performance, particularly when underlying noise distributions are inaccessible.

2.5 Evaluation
2.5.1 Experimental Setup

We use a one-dimensional convolutional neural network with four layers as the backbone
for our denoising model. The respective kernel sizes for each layer are set to 7,5,3,3. We use
Adam optimizer with learning rate 0.0001 and batch size 16. For each dataset Zx = {X;}Y,, we
first compute how well each sample aligns with the physics equation. Specifically, the alignment
for the i-th sample is the L2 norm a; = ||g(X;)||3. We select samples with the top 50% smallest a;
as our training set. These samples align more coherently with physics equations and potentially
carry less noise. The remaining samples are used as the test set. The applications we have
studied are mostly stationary systems, so the model should be able to generalize to new test data
in practice. We conduct the experiments in PYTORCH with NVIDIA RTX A6000 (with 48GB
memory), AMD EPYC 7452 32-Core Processor, and Ubuntu 18.04.5 LTS. We also implement
our method on edge device (Raspberry Pi 4) and evaluate its efficiency in Section 2.5.7. We tune
the hyper-parameters of both PILOT and baselines to minimize loss on the training set, and then
evaluate on the test set after hyper-parameter tuning.

We compare PILOT with both statistical methods and recent deep learning denoising
methods as follows (including two self-supervised methods DIP and N2N):

* Gaussian Filter employs a Gaussian filter with standard deviation ¢ for the kernel to smooth
the sensor data.

* DWT [57] decomposes the signal using Discrete Wavelet Transform (DWT) and chooses the
most energetic coefficients to reconstruct the denoised signal.

* DnCNN [310] is a convolutional neural network based denoising model that exploits residual

learning and batch normalization to boost the denoising performance.
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Figure 2.5. Top: Angular velocity from IMU and from first-order derivative calculation of
orientation based on original data. Bottom: Acceleration from IMU and from second-order
derivative calculation of location based on original data. X-axis: timestep, Y-axis: meter.
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Figure 2.6. We compare PILOT with the best performing baseline N2N for qualitative denoising
performance of (a) location and (b) orientation. We also zoom in for regions with higher noise
levels for better illustration. X-axis: timestep, Y-axis: meter.

* TSTNN [251] is a Transformer-based model for end-to-end speech denoising. It is composed
of a feature-mapping encoder, a two-stage Transformer model to extract local and global
information, a masking module and a decoder to reconstruct denoised speech.

Deep Image Prior (DIP) [243] exploits the structure of the neural network as priors for
denoising data. The method fits the model to the noisy data with early exit, so the network
captures dominant patterns while ignoring the random noise.

Neighbor2Neighbor (N2N) [103] applies random neighbor sub-sampler on noisy data to
generate input and target for the network. It also proposes a regularizer as additional loss for

performance augmentation.
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Table 2.1. Physics alignment results for OxIOD dataset. We bold the best and underline the
second best. PILOT aligns the best with both acceleration and angular velocity.

Model  Acceleration (m/s?) Angular Velocity (rad/s)
Metrics MSE MAE MSE MAE

Original  762.6 37862  2.6219 0.2376
Gaussian  363.2 3.2295 1.6277 0.2161
DWT 8549 54534  2.6034 0.2701
DnCNN 3125 8.3830  0.3470 0.1896
TSTNN 3272.0  30.513 0.4184 0.4836
DIP 2153.6  33.938 0.3788 0.4013
N2N  118.7 45749  0.3565 0.1756

PILOT 1.8695  0.6372  0.0380 0.0690

We evaluate the performance from three perspectives. First of all, if we have collected
data of higher quality using other sources (e.g., more expensive and accurate sensors), we would
regard these higher-quality data as approximate ground truth and compute Mean Square Error
(MSE) and Mean Absolute Error (MAE) between the denoised data X and the higher-quality
data X as the first metric, noted as ‘“Reconstruction Performance”. Specifically, Reconstruction
MSE = ||X —X]|3, and Reconstruction MAE = ||X — X||;. The second metric investigates
alignment of denoised data with the governing physics equations, noted as “Physics Alignment”.
Specifically, Physics MSE = ||g(X)||3, and Physics MAE = ||g(X)||;. Lastly, if the denoised
data are further applied in downstream applications (e.g., inertial navigation system), we also
evaluate “Downstream Performance” based on the metrics of interest for the corresponding
downstream task. Measuring downstream performance helps us understand the full impact of

denoising on real-world applications.

2.5.2 Application I: Inertial Navigation

Dataset

We use OxIOD [36] dataset for inertial navigation experiments. OxIOD collects ac-
celerometer and gyroscope data (100 Hz) mostly by IMUs (InvenSense ICM20600) in iPhone 7

plus. A Vicon motion capture system (10 Bonita B10 cameras) is used to record the locations and
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Table 2.2. Inertial navigation performance on OxIOD dataset with two inertial navigation models
(IONet and RoNIN). We bold the best and underline the second best.

Model IONet [35] RoNIN [95]

VX vy vz meanv  ATE RTE VX vy \¢4 meanv  ATE RTE
(m/s)  (mfs) (m/s) (mfs)  (m) (m)  (mfs) (mfs) (m/s) (m/s)  (m) (m)

Original 0.0207 0.0642 0.0093 0.0314 0.3076 0.8194 0.0180 0.0621 0.0090 0.0297 0.2472 0.6337
Gaussian  0.0249 0.0496 0.0145 0.0297 0.6111 1.8727 0.0242 0.0498 0.0147 0.0296 0.5988 1.8427
DWT 0.0266 0.0732 0.0094 0.0364 0.3142 0.8079 0.0243 0.0714 0.0091 0.0349 0.2665 0.7023
DnCNN 0.0200 0.0235 0.0144 0.0193 0.3001 0.7891 0.0177 0.0213 0.0139 0.0176 0.2476 0.6598
TSTNN 0.2857 0.3250 0.0935 0.2348 0.6496 1.6575 0.2865 0.3253 0.0938 0.2352 0.6256 1.5794
DIP 0.1971 0.2650 0.0105 0.1576 0.5759 1.5108 0.1926 0.2570 0.0101 0.1533 0.3989 1.0358
N2N 0.0246 0.0144 0.0183 0.0191 0.3151 0.8317 0.0224 0.0122 0.0182 0.0176 0.2605 0.6956

PILOT 0.0102 0.0095 0.0031 0.0076 0.2998 0.7875 0.0081 0.0078 0.0017 0.0059 0.2413 0.6309

Metrics

Predicted Grouth Truth Predicted Grouth Truth
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Figure 2.7. Downstream inertial navigation results on OxIOD dataset with RoNIN model.
RoNIN trained on denoised data of PILOT reconstructs trajectories closet to the ground truth
trajectories. X-axis: meter, Y-axis: meter.

orientations. The total walking distance and recording time of the dataset are 42.5 km and 14.72
h. The data collection protocol is designed to simulate natural pedestrian movement within an
indoor environment equipped with motion capture system. When collecting the data, a pedestrian
walks naturally inside a room with motion capture system, carrying the phone in hand, in the

pocket, in the handbag, or on the trolley.
Physics Alignment

We compare the physics alignment performance in Table 2.1. Specifically for this
application, we compute the misalignment for acceleration and angular velocity. Adapting our

experimental approach for the specificities of inertial navigation, we only denoise the location and
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orientation data, and leave IMU data in its original form. This is because the downstream inertial
navigation model’s training requires integration over the IMU, thereby inherently smoothing
and denoising the IMU data. Since our model only denoises the location and orientation data,
we model the physics relationships between the denoised location, orientation, and the original
IMU. More specifically, acceleration MSE in Table 2.1 is computed as the discrepancy between
accelerometer data from IMU (a) and the second-order derivative of the denoised location
subtracted by gravity constant and multiplied by rotation matrix (Rg (al2 p/ dr’> — 20)), as shown in
Equation 2.1. Similarly, angular velocity MSE is computed as the difference between gyroscope
data from IMU multiplied by orientation (¢ ® w/2) and the first-order derivative of denoised
orientation (dgq/dt), as in Equation 2.2.

From Table 2.1, we can see that while most denoising methods reduce the physics MSE
compared with original data without denoising, PILOT significantly reduces the physics MSE by
two orders of magnitude. Accompanied by these quantitative results, we also offer qualitative
illustrations in Figure 2.5. We present a visual comparison of the direct IMU measurements and
derived accelerations and angular velocities. When comparing PILOT with original and denoised
data from the best-performing baseline, we observe that PILOT-denoised data provide the best

physics alignment for both angular velocity and acceleration.
Reconstruction Performance

For the inertial navigation application, we don’t have access to ground truth location and
orientation data. Therefore, we qualitatively compare the reconstruction performance of PILOT
and the best-performing baseline in Figure 2.6. We compare the reconstruction performance for
both location and orientation, with detailed zoom-ins on regions exhibiting higher noise levels
for more clear illustration. We observe that PILOT effectively reduces the noise in the original
data, while simultaneously reconstructing results that show greater alignment and coherence

with the original locations and orientations.

28



Downstream Performance

We also use the denoised data to train downstream inertial navigation model, and compare
PILOT and baselines in terms of downstream task performance. We use IMU data, denoised
location and orientation data as training pairs for the following inertial navigation models:

* IONet [35]: IONet uses deep recurrent neural networks to learn location transforms in polar
coordinates from raw IMU data, and construct inertial odometry.

* RoNIN [95]: RoNIN regresses velocity given IMU with coordinate frame normalization and
robust velocity losses.

We measure the downstream performance by the following three metrics, following
previous works [95].

* Velocity: We compute MSE of predicted velocity (X, y, and z-axis, along with the mean
velocity of all three axes).
* Absolute Translation Error (ATE): ATE is defined as the Root Mean Squared Error (RMSE)
between the entire estimated and ground truth location trajectory.
* Relative Translation Error (RTE): RTE is defined as the Root Mean Squared Error (RMSE)
over a fixed time interval. We choose 1 minute in our experiment as in previous works [95].
We compare PILOT with baselines on downstream inertial navigation task using IONet

and RoNIN (Table 2.2) as the downstream models. We can observe that PILOT best predicts

(a) Deployment on desk (b) Deployment by vent

Figure 2.8. We connected a pair of two different CO, sensors (K30 and CCS 881 respectively)
on a Rasberry Pi. We deploy (a) one pair on the desk in the center of the office and (b) the other
pair close to the exhaust vent to monitor CO; level.
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Figure 2.9. We compare the CO; denoising results of PILOT and the best performing baseline
DIP. PILOT denoises CCS881 results closet to the ground truth (K30 measurements). X-axis:
timestep, Y-axis: ppm.

the velocity and locations, regardless of the specific inertial navigation model. In Figure 2.7,
we also qualitatively compare PILOT with the best-performing baseline using RoNIN as the
inertial navigation model. We can see PILOT’s denoised data offer RoNIN the best trajectory

reconstruction relative to both the original data and that from the best-performing baseline.

2.5.3 Application II: CO, Monitoring

Dataset Collection

In this experiment, we deployed two pairs of CO; sensors (K30 and CCS811) in a
typical graduate student office environment. K30 is a highly accurate Non-Dispersive Infra-
Red (NDIR) CO, sensor manufactured by SenseAir which costs $100 per unit. It features an
accuracy of £30 ppm or +3% of measurements and a high repeatability of £20 ppm or £1% of
measurements [245]. The NDIR technology [192] utilizes the unique property of CO, molecules
— their significant absorption of infrared (IR) light in the vicinity of 4.2 um wavelength. When a
gas sample is illuminated with light of this particular wavelength, the concentration of CO; can
be deduced by examining the fraction of light absorbed. We regard K30 readings as the ground
truth of CO, concentration.

In comparison, CCS811 [4] is a substantially cheaper Metal-Oxide (MOX) gas sensor,
priced at less than $10 per unit, which computes equivalent CO, readings based on hydrogen gas
readings. A MOX gas sensor works by measuring and analyzing changes in the conductivity of

the gas-sensitive MOX semiconductor layer(s) at various gas exposure [54]. It has no verifiable
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Table 2.3. Reconstruction and physics alignment results on CO, dataset. We bold the best and
underline the second best.

Model  Recons (1 x 10° ppm)  Physics (1 x 10 ppm)
Metrics ~ MSE MAE MSE MAE

Original  1.5654 0.0020 0.1082 0.1908
Gaussian ~ 0.6265 0.0016 0.0278 0.1019
DWT 1.5076 0.0020 0.1045 0.1846
DnCNN  1.5381 0.0020 0.1064 0.1897
TSTNN  0.0956 0.0007 0.0027 0.0498
DIP  0.0841 0.0006 0.0018 0.0308
N2N  0.4396 0.0018 0.0085 0.0789

PILOT 0.0371 0.0004 0.0012 0.0200

accuracy or repeatability guarantee and is usually not recommended for laboratory use.

For each pair of these two sensors, we connect both of them to a single Raspberry Pi
board, which collects data through UART protocol and I12C interface from K30 and CCS811
respectively, at an interval of 4 seconds. The collected readings are transmitted to a remote
InfluxDB instance for storage and further analysis. We place these two pairs of CO; sensors as
follows. One pair is adjacent to the HVAC exhaust vent and the other pair is at the center of the
room, to capture the relevant variables in Equation 2.3 as illustrated in Figure 2.8. We set inflow

CO; concentration in Equation 2.3 to 440 ppm based on empirical observation.
Reconstruction and Physics Performance

For the application of CO, monitoring, data collected from high-precision K30 sensors
serve as the benchmark for calculating the reconstruction performance. We also evaluate the
physics alignment by how well our denoised data match Equation 2.3. As shown in Table 2.3,
PILOT outperforms all baselines, showcasing the lowest reconstruction and physics alignment
errors. We also qualitatively compare PILOT with the best-performing baseline in Figure 2.9.
We can observe that the denoised data by PILOT align the closest to the ground truth (K30 data)

compared with original noisy data as well denoised data from the best-performing baseline.
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(a) AQ (b) AT

Figure 2.10. Sensor deployments in HVAC systems. (a) We measure heat difference AQ through
the water temperature difference. (b) We measure the air temperature differences with a copper
thread averaging sensor.

2.5.4 Application III: Air Handling in HVAC Control System

Dataset Collection

We collect data points of relevant variables in Equation 2.4 from an AHU serving a
lecture hall on campus. We choose this particular AHU based on the following two criteria.
Firstly, this AHU is equipped with both heating and cooling thermal submeters (Figure 2.10a),
ensuring the availability of AQ in Equation 2.4. Secondly, none of the zones served by this
AHU has any reheat unit. In theory, this guarantees that our assumption holds true that heating
and cooling coils are the only heat sources. We collect the data through the campus building
management system (BMS) for 18 consecutive days, with readings taken at 1-second intervals.
We plan to collect more long-term data as a future work.

The mixed air temperature and supply air temperature are measured by copper-thread
averaging duct sensors (costing $150 for each) within the respective supply and exhaust ducts
of this AHU, as shown in Figure 2.10b. These sensors give the average temperature based on
the fact that the electrical resistance of copper changes in a predictable way with temperature

changes. However, this method is prone to inaccuracy and lacks repeatability due to challenges

32



Table 2.4. Reconstruction and physics alignment on HVAC dataset. We bold the best and
underline the second best. PILOT best denoises HVAC data in terms of both reconstruction
accuracy as well as physics alignment.

Model Reconstruction (K) Physics (K)
Metrics  MSE MAE MSE MAE

Original  0.9479 0.8841 50.302  6.7184
Gaussian  0.8687 0.8782 49528  6.7003
DWT  0.8553 0.8689  48.782  6.6471
DnCNN 0.3284  0.4786 50.380 6.7241
TSTNN  2.2980 1.1980 32.012 3.7260
DIP  3.7336 1.5098 29.747  3.7410
N2N  1.1830  0.9522 31.748  3.6990

PILOT 0.1994  0.3454 14.081 3.1600

associated with maintenance and cleaning, as well as the uneven distribution of the thread within
the duct. A feasible yet costly alternative solution is to use multiple single-unit temperature
sensors evenly distributed throughout the duct. These sensors are more expensive and harder
to deploy. For evaluation, we carry this setup by deploying two dual-probe high-accuracy,
industry-level temperature sensors in the supply duct, each costing $200, and take the average of

readings from each probe to get a highly reliable ground truth temperature measurement.
Reconstruction and Physics Performance

For the HVAC control system application, we measure the denoising performance by both
reconstruction performance and physics alignment. For reconstruction performance, we deploy
high-precision temperature sensors and utilize the collected data as ground truth temperature to
assess the reconstruction performance of different denoising methods. For physics alignment,
we compute the MSE and MAE between AQ and mcAT in Equation 2.4. As shown in Table 2.4,
PILOT achieves state-of-the-art performance and shows the lowest errors for both reconstruction
performance and physics alignment. We also provide qualitative comparisons to supplement our
evaluation. Figure 2.11 showcases two example reconstructions of supply air temperature data.

Denoised data from PILOT exhibits the best alignment with the ground truth data compared with
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Figure 2.11. Two example reconstructions for supply air temperature. PILOT’s outputs best
align with the ground truth compared with original noisy measurements and the best- performing
baseline. X-axis: timestep, Y-axis: K.
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Figure 2.12. Two example alignment between AQ and mcAT. PILOT achieves the closet
alignment compared with original data and the best baseline. X-axis: timestep, Y-axis: K.

original data, as well as the best-performing baseline DnCNN. In Figure 2.12, we also present
two examples of physics alignment. We see that denoised data of PILOT best align with the

physics equation compared with original noisy data and the best-performing baseline DIP.

2.5.5 Ablation Study

To study the effects of different components of our model, we separately remove the
physics-based loss, reconstruction loss, and pre-training phase, and evaluate PILOT in Table 2.5.
For Inertial Navigation System (INS), we compare the physics alignment of both acceleration
(MSE,, MAE,) and angular velocity (MSE,,, MAEy,). For CO; monitoring and HVAC control,
we compare both reconstruction (MSE;ec, MAE ) and physics alignment (MSEppy, MAEpy).

We note that by removing the physics-based loss, PILOT degenerates to a naive denoising
model, which is not sufficient to capture the complex noise distribution in real-world sensor

data. Therefore, compared with PILOT, MSE and MAE of both reconstruction and physics
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Table 2.5. Ablation Study of PILOT. We bold the best and underline the second best. Removing
either physics-based loss, reconstruction loss or pre-training phase would negatively affect the
performance, demonstrating the effectiveness of all three components.

Task  Metrics w/0 lphy W/0 lee W/0 pre-train PILOT

MSE, 3165 259.1 20.70 1.8695
MAE, 8.342 8.759 2.2930 0.6372

INS MSE, 03579 02845  0.1380  0.0380
MAE, 0.1899 03352  0.1291  0.0690
MSE.. 04641 00568 00724  0.0371

co, MAEe 00139 00051 00074  0.0047

2 MSEp, 00194 00020 00023  0.0012
MAEy, 00781 00264 00330  0.0200
MSE.. 03314 05314 02686  0.1994
ivac MAEce 04700 06128 04670  0.3454

MSEp, 5022 1469 14469  14.081
MAEu, 6713 3263 3203  3.1600

alignment increase after removing the physics-based loss. We also observe that a higher degree
of precision in the physics model and higher frequency sensor data sampling (resulting in fewer
synchronization errors), lead to larger performance improvements. For example, the relationships
in inertial navigation physics are more precisely captured than with CO, or temperature systems,
and the IMU sensors are sampled at higher frequencies than CO, sensors. Correspondingly, we
observe greater performance gains from employing physics equations than other applications.
Secondly, reconstruction loss is important as it facilitates the model’s ability to learn data
distribution. In its absence, the model may potentially generate trivial outputs that, while
satisfying physics constraints, neglect the actual data distribution (e.g., outputs of pure zeros).
Lastly, the pre-training phase serves as an essential warm-up period to help the model better
adapt to the underlying data distribution. To summarize, the physics-based loss, reconstruction
loss, and pre-training phase collectively contribute to the overall efficacy of the model, and their

presence is crucial for optimal performance.
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Figure 2.13. Performance analysis on the ratio of reconstruction loss over physics-based loss.
Adaptive loss ratio yields better performance compared with fixed ratios.
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Figure 2.14. Performance analysis on the types of manually injected noise for the reconstruction
process. Applying random noise performs better than zero masking.

2.5.6 Sensitivity Analysis

Balance between Reconstruction Loss and Physics-Based Loss

In our experiments, we adopt an adaptive strategy to adjust the ratio between reconstruc-
tion loss (/rec) and physics-based loss (/phy) during training. Denote the ratio as A =lee/ Iphy-
More specifically, for each iteration, we compute the mean value of the reconstruction loss,
and adaptively adjust A such that (A - [pny) aligns with the same order of magnitude as /rc.
Consequently, this adaptive approach avoids overemphasizing either the reconstruction loss
or physics-based loss throughout the entire training process. To validate the effectiveness of
adaptive loss ratios, we compare PILOT with its counterparts trained with fixed loss ratios,
varying from 0.1, 1 to 10. As shown in Figure 2.13, adaptive loss ratio (denoted as “ADA”)

yields the best performance compared with different fixed ratios.
Manually Injected Noise Types

We also study the effect of different noise types injected for optimizing the reconstruction
loss. In our experiments, we use Gaussian noise as an example injected noise. We compare

PILOT with its counterparts trained with manually injected uniformly distributed noise, as well
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Table 2.6. Efficiency Analysis on Raspberry Pi 4.

Metrics Params Size Inference Time CPU Usage

Efficiency 270K 284 KB 4 ms 25%

as manually injected zero masks. As shown in Figure 2.14, injecting random noise (Gaussian or
Uniform noise) performs better than applying zero masking, as random noise aligns closer to
real-world noise distribution compared with zero masking. Moreover, the model is less sensitive

to the particular noise types applied, such as Gaussian noise or uniformly distributed noise.

2.5.7 Efficiency Analysis for Edge Devices

As many denoising methods for sensor data run on edge devices, we explore the time
and memory efficiency of PILOT in Table 2.6 using Raspberry Pi 4 as an example edge device.
We deploy the inertial navigation denoising application through the Tensorflow Lite framework
on Raspberry Pi 4. For time efficiency, PILOT can denoise a sequence of 100 readings (corre-
sponding to a sequence of 1 second) within 4 milliseconds, performing real-time denoising. To
ensure the reliability of our evaluation, this experiment has been repeated a thousand times to
obtain the average inference time. For memory efficiency, PILOT is a lightweight CNN model
with just 270K parameters and 284 KB model size. Moreover, it demonstrates an average CPU
utilization of only 25% during the entire inference process. In summary, PILOT is both time

efficient and memory efficient for real-time operations on edge devices.

2.6 Discussions and Future Work

In this section, we discuss potential future directions of PILOT.

Broader Applicability to Other Sensing Systems. For PILOT to work, we, of course,
need a well-understood and verified physical model that accurately models relationships among
important observed variables. Such models may be complex as the “order” of physical models

increases with their complexity to model various conditions and corner cases. It is, however,
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possible to combine such physics-based models with well-characterized numerical simulation
models that achieve similar effect: for instance, model of semiconductor device versus a BSIM3
simulation model used in SPICE simulators [46]. We note that apart from the three applications
we have explored, in practice numerous sensing systems have underlying physics relationships,
and we recognize this opportunity for extended exploration in future work. We discuss a few
potential use cases as some examples for the model’s wider applicability:

* Power System. In a power system, the most classical Ohm’s law describes the relationships
between power, current and voltage. Electronic devices measuring current or voltage are
often subject to environmental disruptions, such as temperature fluctuations, resulting in
measurement noise. Utilizing physics priors like Ohm’s Law, PILOT can offer a promising
solution to mitigate these noise-related inaccuracies.

* Weather Monitoring. Weather monitoring and forecasting involve calculations with respect to
air pressure, temperature, wind speed, etc. These properties can be modeled as fluid dynamics
problems, which are often characterized by the Navier-Stokes equations linking velocity and
pressure. Environmental sensors responsible for capturing data like wind speed or pressure are
susceptible to noise originating from environmental influences or sensor sensitivity. PILOT can
leverage physics-based priors such as the Navier-Stokes equations to denoise these collected
data, enhancing the accuracy of weather monitoring.

* Localization in Autonomous Systems. In autonomous systems, we employ a combination
of GPS, Lidar, Radar and IMU sensors to localize autonomous driving cars or drones. These
sensor readings can be noisy due to atmospheric effects, multipath propagation, etc. PILOT is
capable of applying the laws of motion (e.g., acceleration is the second derivative of location)
to denoise location data collected from these multiple sources.

Uncertainty Quantification. Our future work also includes incorporating uncertainty
quantification (UQ) into the denoising process. The integration of UQ aims to provide a holistic
understanding of noise structure, delivering not just a point estimate for the denoised data but

also the model’s confidence in that estimate, avoiding overconfident and potentially inaccurate
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inferences. The integration may also help quantify the effects of denoising with respect to the
precision of the model or synchronization errors. Uncertainty quantification can be achieved by
adopting a probabilistic approach to extend the current model architecture to output not just a

single denoised signal but a distribution over possible denoised signals.

FPGA Acceleration. We have implemented our denoising method on edge devices like
Raspberry Pi and demonstrated its time and memory efficiency. To take this step further, we plan
to explore hardware acceleration as Field-Programmable Gate Arrays (FPGA) co-processors to
explore the possibility and cost of such edge inference. With FPGA’s reprogrammable nature, we
have the flexibility of prototyping and testing different configurations and parameters for the best
possible performance and efficiency. Furthermore, FPGA allows us to seamlessly transition from
prototype to subsequent production of Application-Specific Integrated Circuit (ASIC), which

enable us to scale up our solution while reducing power consumption and production costs.

2.7 Summary

In this chapter, we present a physics-informed denoising method, PILOT, as the first step
in our robust sensor time series pipeline. We build upon the insight that measurements from
different sensors are intrinsically related by known underlying physics principles. This approach
allows the model to harness these physics constraints as guidance during training to improve
denoising process. This paves the way for a more practical denoising solution, especially given
the frequent challenges associated with acquiring ground truth clean data in sensing systems or
understanding underlying noise patterns. Extensive experiments show the efficacy of PILOT in
removing sensor noise across three representative real-world sensing systems. PILOT produces
denoised results for low-cost sensors that align closely with high-precision and high-cost sensors,
leading to a cost-effective denoising approach. PILOT is also lightweight and can enable
real-time denoising on edge devices.

Chapter 2 incorporates material from the publication “Physics-Informed Data Denoising
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for Real-Life Sensing Systems”, by Xiyuan Zhang, Xiaohan Fu, Diyan Teng, Chengyu Dong,
Keerthivasan Vijayakumar, Jiayun Zhang, Ranak Roy Chowdhury, Junsheng Han, Dezhi Hong,
Rashmi Kulkarni, Jingbo Shang, Rajesh Gupta, published in Proceedings of the 21st ACM
Conference on Embedded Networked Sensor Systems (SenSys 2023). The dissertation author

was primary investigator and the lead author of this paper.
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Chapter 3

Physical Context of Spatio-Temporal Cor-
relations

After removing the noise, the sensor time series might still contain missing values which
negatively affect the model robustness. In this chapter, we present the second step of imputing
missing values in our framework by leveraging physical context of spatio-temporal correlations.

Scientific discoveries and studies about our physical world have long benefited from
large-scale and planetary sensing, from weather forecasting to wildfire monitoring. However,
the limited deployment of sensors in the environment due to cost or physical access constraints
has lagged behind our ever-growing need for increased data coverage and higher resolution,
impeding timely and precise monitoring and understanding of the environment. Therefore,
we seek to extend the spatial coverage of analysis based on existing sensory data, that is, to
“generate” data for locations where no historical data exists. This problem is fundamentally
different and more challenging than the traditional spatio-temporal imputation that assumes
data for any particular location are only partially missing across time. Inspired by the success
of Generative Adversarial Network (GAN) in imputation, we propose a novel ESC-GAN. We
observe that there are local patterns in nearby locations, as well as trends in a global manner (e.g.,
temperature drops as altitude increases regardless of the location). As local patterns may exhibit
at different scales (from meters to kilometers), we employ a multi-branch generator to aggregate

information of different granularity. More specifically, each branch in the generator contains 1)
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(a) Original Data Coverage (b) Extended Data

Figure 3.1. Our task of extending spatial coverage: based on the sparse sensory measurements
over time in (a), we aim to extend its coverage to the entire globe as shown in (b).

randomly masked 3D partial convolutions at different resolutions to capture the local patterns and
2) global attention modules for global similarity. Next, we adversarially train a 3D convolution
based discriminator to distinguish the generator’s output from the ground truth. Experiments on
three geo-sensor datasets demonstrate that ESC-GAN outperforms state-of-the-art methods on

extending spatial coverage as well as traditional spatio-temporal imputation.

3.1 Introduction to Extending Spatial Coverage of Physical
Sensors

Wide-scale deployment of environmental geo-sensors have advanced our understanding
of our ecosystem and its evolution. These sensors enable us to observe the very fabric of our
surrounding physical world. For example, outdoor thermometers detect seasonal patterns and
annual shift in temperature to help understand global warming [55]; rain gauges measure the
precipitation level for hydrological modeling, flood forecasting, and agricultural purposes [2];
magnetometers monitor the earth’s magnetic field, helping advance magnetosphere studies [79].

While valuable, a critical limitation of these geo-sensors is that each of them covers only
a fraction of the total area, and it is impossible for a majority of them to cover the entire planetary
surface. Constructing and maintaining sensing stations incurs high costs, and many locations are
often inaccessible due to physical access constraints such as harsh environmental conditions and

urban development. Consequently, sensors are sparsely distributed across the globe, limiting
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Figure 3.2. An overview of our ESC-GAN: The multi-branch generator takes as input missing
maps, and the generator produces grid maps with all the missing grid cells recovered. We feed
the recovered and ground-truth maps to the discriminator for a real or fake classification.

deeper understandings of large-scale phenomena. Figure 3.1a shows an example of the limited

availability of magnetic field monitoring stations on the earth.

In this chapter, we seek a cost-effective approach to extend the spatial coverage of existing
planetary sensory data without deploying additional sensors. We name this task as extending
spatial coverage (ESC) of sensor data. To be specific, our goal is to “generate” data at locations
where no historical values are ever recorded and extend the spatial coverage to the entire globe (as
illustrated in Figure 3.1b). To formulate the ESC problem, we assume the entire globe (denoted
as D) is gridded into m X n cells. Given the data from a set of observed or partially observed grid
cells Do (i.e., where we have sensory measurements), we aim to generate data for the remaining
unobserved grid cells Dy = {D\ Do }.

The ESC problem faces unique challenges and opportunities:

» Complete lack of temporal dimension information. In ESC task, we have no prior data or
knowledge for unobserved grid cells. Therefore, traditional (spatio-)temporal imputation
models, which assume data are partially missing in the temporal domain [165, 28, 159, 311,
292, 168], cannot solve the ESC problem. Spatial imputation methods can be applied to each
time snapshot separately [104, 38, 80, 225]. They, however, miss the temporal trends from

observed grid cells. Spatio-temporal interpolation methods [138, 139, 233, 8, 274], on the
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other hand, do not sufficiently exploit the spatio-temporal properties (e.g. global context and
multi-scale structure) for imputation.

» Existence of global context. Sensors at a distance might exhibit similar readings due to
similar geographical contexts (e.g., similar landform) [292]. This complements the first law
of geography (“...near things are more related than distant things”) [239] and inspires us to
explore global contexts. Solutions to image and video inpainting [147, 296, 32, 258] typically
consider only local context (e.g., patterns in nearby pixels), and thus cannot capture global
patterns. It is necessary to combine global and local context views of the spatio-temporal data.

* Multi-scale structure. Spatio-temporal data often exhibit multi-scale structures. Specifically,
while fine-grained data of a particular cell can reveal accurate and detailed local patterns,
coarse-grained data distributed across a large area present a “macro” view, which is less
sensitive to local missing information. Therefore, we need to jointly consider coarse-level
information for completeness and fine-level information for accurate modeling.

We propose a novel framework ESC-GAN to address all these challenges. Figure 3.2
illustrates our proposed model architecture. ESC-GAN comprises a generator and a discriminator
following the Generative Adversarial Network (GAN) framework [82], as GAN has been widely
used to model the complex distribution in spatio-temporal data [165, 166, 159, 141, 238, 322].
For the generator, we leverage local 3D partial convolutions together with global attention
modules to focus on both local (e.g., patterns in nearby locations) and global (e.g., phenomena
that exist regardless of location) contextual information. We also design a multi-branch encoder
for aggregating information of different granularity. The discriminator is composed of 3D
convolutional layers. Extensive experiments on three geo-sensor datasets have verified the
effectiveness of ESC-GAN under different missing data scenarios. Moreover, as our model does
not impose any additional constraints or assume any domain knowledge, it can also be applied to
other spatio-temporal problems like urban environment monitoring, traffic estimation, etc.

In summary, we explore a challenging task of extending spatial coverage, where we

attempt to generate data at locations with no historical observations. We have analyzed the
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unique challenges and opportunities, which guide our model design. Our main contributions are

summarized as follows:

* We propose a novel ESC-GAN framework that can address all identified challenges.

* We leverage 3D partial convolutions to learn the local correlations in both spatial and temporal
dimensions, global attention modules to capture global contextual information, and a multi-
branch encoder to exploit information of different granularity.

* Extensive experiments on three real-world datasets have demonstrated the superiority of ESC-
GAN over all the compared methods, including state-of-the-art spatio-temporal imputation

methods, image and video inpainting methods.

3.2 Related Work

Spatio-Temporal Data Imputation. For traditional spatio-temporal imputation, existing
approaches mainly include statistical models and deep generative models. Statistical models
include filling with zero, mean of existing values, filling with last observation, regression-
based models [7], MICE [24], Matrix Factorization [182], k-nearest neighbours [104], tensor
factorization [44], multi-view learning method [292]. Deep generative models have so far shown
promising results with different sequential neural network based models [34, 28, 159, 168] and
generative adversarial network (GAN) [82] based models [165, 166, 238, 141]. These methods
typically assume partial missing in the temporal domain.

For spatial missing data imputation, existing approaches are mainly statistical, e.g.
inverse distance weighting [38], matrix factorization [174, 80], variogram modeling [225].
These methods miss modeling the temporal trend from available locations.

Meanwhile, existing spatio-temporal interpolation methods do not sufficiently exploit
properties of spatio-temporal data (e.g. global context and multi-scale structure) [138, 139, 233,
8, 274]. Miao et al. propose a pyramid dilated spatial-temporal network for learning crowd

flow representations, but the model is designed for forecasting task and only learns temporal
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attention [175]. Tang et al. infer traffic volume of observed regions through joint modeling of
dense and incomplete trajectories [237]. However, their method is uniquely focused on trajectory
data and is not directly applicable to other domains. We propose to jointly model spatial and
temporal dependencies, learning from both local and global patterns. Our model is applicable to
a wide range of spatio-temporal problems.

Image and Video Inpainting. Image or video inpainting aims to reconstruct missing
regions in an image or video frame. Unlike conventional convolution neural network that
treats all the pixels equally as valid pixels, Partial Convolution and Gated Convolution based
methods assign different weights to different input pixels to reduce color discrepancy and
blurriness [147, 296, 32]. To synthesize different image components for image inpainting, Wang
et al. propose a multi-column network to extract features at different levels [258]. However,
these approaches, which are specifically designed for image and video inpainting, cannot achieve
satisfactory results on our ESC task, as spatio-temporal data contain more complex correlations
and stochastic properties compared with images. These methods also only exploit local features,
while our model jointly models local and global patterns exhibited in spatio-temporal data.

Global Attention. Convolution neural network has been successful in image or video
processing, but convolution by nature is a local operation. Attention mechanism [15] has enabled
a model to gain a global view of the input data. In particular, self-attention [248] draws global
dependencies between input and output based solely on the attention mechanism. Self-attention
calculates response at one position based on weighted sum of values from all the other positions,
and has shown impressive results in sequential task like machine translation and sequence
generation. Non-local model is further introduced to bridge the gap of applying self-attention to
image and video tasks [256, 306, 29, 293]. We follow the attention module in [293] to capture

global context in spatio-temporal data, and further combine it with multi-scale structure.
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3.3 Preliminary and Problem Formulation

In the extending spatial coverage (ESC) problem, we aim to learn to generate data at
locations where data are completely missing at all timestamps ¢t = 1,..., 7. Formally, we denote
a grid cell as S;j, where i = 1,...,m and j =1,...,n. Let X € R”"*" denote the data, and
M € {0, 1}*™*" denote the corresponding masking matrix. If M; ; ; = 1, it means S; ; is valid
at time ¢ (i.e. we have data in grid cell S; ; at time 7); otherwise, §; ; is invalid at time 7 (i.e.
data is missing in cell S; ; at time 7). Let ® denote the set of missing timestamps. In the ESC
problem, we do not have any data available in certain grid cells. Therefore, assuming S; ; is a
grid cell that is unobserved, we have M, ; ; = 0 for all timestamps r € & = {1,...,T}. Given
data observed at other locations {X; ; j|M;; j =1} fort=1,...,T, our goal is to generate data
for all the unobserved grid cells and output a complete set of grid cells {X; ;. ;1 at all timestamps
t =1,...,T. This is in contrast to the traditional spatio-temporal imputation problem, where a

given missing grid cell S;; is only partially unobserved, i.e., M;; j=0fort € ® C {1,...,T}.

3.4 Methodology

As illustrated in Figure 3.2, ESC-GAN comprises a generator of UNet-like structure [210]
and a discriminator consisting of multiple 3D convolutional layers. The generator combines
local partial 3D convolution with global attention module in multiple branches. We next detail

our ESC-GAN framework.

3.4.1 Randomly Masked 3D Partial Convolution

Spatio-Temporal data display local similarity, so we first apply convolutions to model the
local patterns. Vanilla convolutions on grid map would treat each grid cell equally as valid. To
obtain the output ¥ ,, ,, we calculate (for simplicity we omit the bias term in the formula):

ko koo ok,

Yiyx= Z Z Z Wkt ikt 45 Xtkoytioet js (3.1
k=—K, i=—K, j=—K,,
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(a) iteration i (b) iteration j

Figure 3.3. Randomly Masked 3D Partial Convolution. We randomly mask out parts of the grid
maps on different iterations (shown as M). Blue rectangle denotes convolution filter, and orange
arrows show that convolution operation is only performed on unmasked grid cells.

where X; ,, , and Y; , , represent the input and output of a specific convolution layer, respectively;

W represents convolution filter weights; and k| = k’z_ Lk = k"T*l,k{V = sz—_l with k;, ky, k,,

representing kernel size along the time, height, and width dimensions, respectively. From the
equation we can see that ¥; , , is based on all the grid cells within the receptive field, regardless
of whether the corresponding cells contain valid values. These invalid values involved introduce
bias into the training process.

One way to address this problem is to apply partial convolutions [147] only on valid grid
cells, i.e., locations with data in our context. For each iteration, we apply a training mask M
removing a random subset of locations, as shown in Figure 3.3. For visualization purpose, M is
shown as rectangle in Figure 3.3, but in practice M is randomly scattered across the map. M
randomly masks out locations over all the cells. If the original cell has no data, then it does not
change after being masked. We defer more complex masking strategy that coordinates missing
distributions as future work. If M;; = 0 then we mask out the corresponding grid cell §;; at all
timestamps; otherwise, we keep the data at this grid cell. Such masking during training helps
the model learn how to recover data over time in the masked-out cell. Moreover, since the
training mask is randomly generated during each iteration, it is able to cover the entire map and

introduces minimum bias of region difference.
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Figure 3.4. Global attention module architecture. The input X is transformed through three
linear embeddings 6, ¢, g. We calculate pairwise and unary scores, and multiply the scores with
embeddings to obtain output Y.

Formally, to generate data at missing locations, we extend partial convolutions to ran-
domly masked 3D partial convolutions:
W/ (XOM)EL b, if M| >0

Y = ™[y (3.2)
0, otherwise.

Here, we keep the same notation such that X, Y, W represent the input, output, and

convolution filter weights, respectively, in a specific convolution layer, and b is the bias term.

L

1 has the same size as M with all values being 1. Therefore, ™[

serves as a scaling factor to
compensate for the number of valid grid cells. We also apply mask updating after each layer
following prior study [147]: if the output is able to condition on at least one valid input, then the

corresponding mask after updating would be 1.

3.4.2 Global Attention Module

In the real world, sensor values are not necessarily only correlated within a small window,
in terms of both space and time. Two sensors afar can still have similar values if they share
similar geographical contexts (e.g. landform) [292]. Moreover, sensor readings in different years
might be similar too when they share similar temporal contexts (e.g., seasonal pattern).

The 3D partial convolution with random mask we introduce in the previous subsection
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only operates locally, since it mainly sums up product of kernel weights and input within local
sliding windows. To take the global view into account, we incorporate global attention module
as illustrated in Figure 3.4.

The global attention module aims to take both neighboring and distant grid cells into
account for calculation. Similar to [256, 248, 306], we first apply linear embedding 6 (X) =
WX, ¢(X) = Wy X to embed the input. As found in [29, 293], vanilla non-local block often
degenerates to purely unary term in some image recognition tasks. Therefore, we follow [293]
to split the attention computation into a pairwise and a unary term, for better modeling both
global pairwise similarity and global unary effect. We compute the attention scores of every two

input regions X, X’ in the embedding space as

o (OX)—110)T (¢ (X')—p1g)+ug 9 (X')
Y (OX)—10)T (¢ (X)) —pig)+pg 9(X')

fX,X) = (3.3)

where [y, Uy are average embedding values over all the regions from 6, ¢. The first term in the
numerator (6 (X) — )" (¢(X’) — ty) captures pairwise long-range dependency, and the second
term ,ug ¢ (X') captures the global unary effect. Intuitively, f(X,X’) indicates the global context
similarity between X’ and X. Then, to calculate the output value O: yx, we calculate the weighted

sum of attention scores from all input values Xy s

Ol7.Y7x - Z f<Xf7y7X7Xl"7y'7X’)g(Xt’7y’7x’>7 (3'4)
Vf’»”,x/

where g(X) = W,X is also a linear embedding layer. Finally, we apply linear embedding W,

with residual link [92] to compute the output feature Y as
Y =W,0+X, (3.5)

The above linear embedding layers Wg, Wy, W, W,, are implemented as 1 x 1 x 1 convolutions.
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Following [256], a batchnorm layer with scale parameter initialized to zero follows W, so that
the module starts from an identity mapping that relies on local information, then gradually learns
the long range dependency. We follow the sub-sampling trick in [256] and apply max pooling
after ¢ and g for computational efficiency. We leave a more efficient design for global attention

module as future work.

3.4.3 Multi-Scale Structure Learning

Spatio-temporal data often demonstrate multi-resolution structures [159]. In our case,
fine-grained data in a specific grid cell reflect accurate measurement of that cell, while coarse-
grained data covering multiple grid cells are less sensitive to missing values. The one-branch
encoder-decoder U-Net architecture is not able to effectively extract representations at different
levels [258]. To better capture the dependencies across different scales, we adopt a multi-scale
learning procedure. More specifically, we apply n;, parallel branches of U-Net structure in the
generator. These n;, branches apply convolution filters of different receptive fields to extract
multi-resolution features. Assume hy,hy,....h, are hidden features computed after the last
layer of decoders from different branches, then we concatenate these features and feed the
concatenated feature into a convolution layer shared across branches to obtain the aggregated
c RCXZXan:

features h’

h/ :COHV([hl,hz,...,hnb]), (36)

where c,t,m,n are the channel, time, height, and width dimension size, respectively. The number
of branches n; can be decided by the input granularity, i.e., more branches when input data is
fine-grained. The parallel U-Net structure overcomes limitation of the coarse-to-fine architecture

where the fine stage is dependent on the coarse stage, thus being susceptible to upstream errors.

3.4.4 ESC-GAN Generator

As demonstrated in Figure 3.2, the overall architecture of ESC-GAN contains a generator

G and a discriminator D. The generator contains 3D partial convolutions for learning local
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patterns and global attention module for learning global trends. The generator also adopts
multiple branches to aggregate multi-level features. We combine grid reconstruction 10ss e,
variation loss /vy, and adversarial loss ¢,4y to optimize the generator.

To ensure grid reconstruction accuracy, we calculate Mean Square Error (MSE) between
the ground-truth and generated grid maps. More precisely, let X and Z denote the ground
truth and generated grid map, M denote the random training mask, we calculate MSE for these

randomly masked out regions as

1
EI‘CC - N, Zzz(l _Mtvyax) (Ztvyvx _Xtvyﬂf)z’ (37)
masked ¢ 'y x

where Npyaskeqd denotes the number of masked out grid cells.

Apart from reconstruction loss, we also compute variation between the masked out region
and valid region in the generated maps. The goal is to ensure smooth transition between masked
out and valid portions. We first calculate the composite grid map X, where valid regions keep
the same value as the original grid map, and both randomly masked out regions and originally

invalid regions are filled with generated values:

X=XOM+Z0o(1-M). (3.8)

Then, we compute the variation over the composite grid map as

1 - -
Cyar = —_— n( Z ||Xt,y+17x _XLMHI
(vx)ER,(y+1,x)ER (3.9)
+ Z HXl,y,x—H _Xt,y,le)-

(rx)€R,(yx+1)eR

In the above equation, m X n is the number of grid cells in the map, and R is the 1-cell dilation of
the masked region, similar to [147]. To compute the variation loss, we shift one grid cell in two

spatial dimensions within R and penalize the shifted difference.
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3.4.5 ESC-GAN Discriminator

Spatio-temporal data follow complex distributions and demonstrate high variations across
time and space. They are influenced by a number of external factors (e.g. adverse weather), thus
exhibiting irregular and stochastic forms. A model trained with only /.. and £y, is not adequate
to model these correlations, as it tends to output an average over different data [214]. Thus, we
further train a discriminator with the generator using an adversarial strategy.

The discriminator D(-) is composed of 3D convolution layers. The generator G(-)
generates grid maps z ~ Pz(z) that are indistinguishable from ground-truth grid maps x ~ Px(x),

and the discriminator learns to classify feature maps as real or fake:

Ip = ]EXNPX(X) [RELU(l —D(X)] +]EZNP2(Z) [RELU(l +D(Z)], (3.10)

Kadv = gc = _EZNPz(Z) [D(Z)] 3.11)

The overall training objective of ESC-GAN is a weighted sum of the reconstruction loss,

variation loss, and adversarial loss, namely,

l= grec + ;Lvargvar + )Ladvgadw (3 12)

where Ay,r and A,q4, are hyper-parameters balancing between reconstruction loss, variation loss,

and adversarial loss.

3.5 Evaluation

We evaluate our ESC-GAN in this section. In particular, we investigate the following
perspectives: (1) How does the proposed model perform compared with other baselines in the
ESC task? (2) How effective are the different components in the proposed model? (3) How

robust is the proposed model with respect to various missing region distributions and missing
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Table 3.1. Dataset Statistics

Dataset Lat Lon Time Granularity #Grid Cells

HadCRUT 36 72 2004 5°%5° 5,194,368

CMAP 72 144 503 2.5°%2.5° 5,215,104
KDD CUP 2018 6 8 8736 0.0167°x 0.0175° 96096

(a) Scatter (b) Regular Cluster (c) Irregular Cluster

Figure 3.5. Three missing data distributions

ratios? Finally, (4) How does the model perform when extended to traditional spatio-temporal
imputation task with random missing data in the temporal domain? We provide both qualitative

and quantitative analyses to verify the effectiveness and reliability of our model.

3.5.1 Datasets

We use three publicly available geo-sensory datasets to validate our proposed model. The
third dataset is used to evaluate ESC-GAN for imputing random missing values in the temporal
domain, which is a well-established task. Dataset statistics are summarized in Table 3.1.

HadCRUT! is a global temperature dataset, providing gridded temperature anomalies
(measured by annual temperature shift) across the world [180, 181]. Temporally, the data contain
monthly mean spanning from 1850 to 2020; spatially, the data covers grids of 5° latitude by 5°
longitude globally (72 x 36).

CMAP? consists of monthly averaged precipitation level values (mm/day) [276] ranging
approximately from O to 70mm/day. Values are obtained from 5 kinds of satellite estimates

(GPL,OPL,SSM/I scattering, SSM/I emission, and MSU) and rainfall gauge. The data span from

lavailable on Climate Research Unit website: https://crudata.uea.ac.uk/
2CMAP Precipitation data is provided by the NOAA/OAR/ESRL PSL, Boulder, Colorado, USA, from their
website at https://psl.noaa.gov/
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1979 to 2020, and spatially, cover a 2.5° latitude by 2.5° longitude global grid (144 x 72).

For HadCRUT and CMAP, we first normalize the dataset using z-normalization (i.e.,
subtracting the population mean from the individual raw stream and then dividing the difference
by the population standard deviation). The whole grid map data are split into sequences of length
12, and each sequence corresponds to one-year worth of data. To simulate different real-world
missing distribution, we study three types of common missing scenarios: (1) scattered locations,
(2) regular clustered locations, and (3) irregular clustered locations, as visualized in Figure 3.5.
These missing areas are left out for test set and are kept being masked out during training. The
remaining area is further randomly split into 80% training set and 20% validation set. We tune
the hyper-parameters for both our model and baseline models on the validation set.

We also study how ESC-GAN performs on traditional spatio-temporal imputation task
using the benchmark KDD CUP dataset. The KDD CUP 2018 dataset® measures hourly air
quality and meterological data at city-scale. We follow previous study using this dataset [165,
168] to select 11 common locations in Beijing that measure both air quality and meterological
values. Same as previous studies, we use 12 variables including PM2.5, PM10, temperature,
weather, etc. To adapt the input to our model, we map the data from 11 stations into a 6 x 8
grid according to their geographical locations provided on the KDD CUP 2018 website. Then,
prediction in the mapped grid cell is regarded as the prediction for the corresponding location.

We will discuss more details about random spatio-temporal missing in Section 3.5.7.

3.5.2 Compared Methods and Metrics

We compare ESC-GAN with four types of methods.
(1) Classical Imputation. We apply the methods for each timestamp separately.
* Mean/Zero: Mean/Zero filling extends the missing station values by filling mean value of the
current timestamp/zero (which is the mean of all timestamps after normalization).

* sKNN: Spatial K Nearest Neighbour, which extends the readings with the average values of

3KDD CUP Challenge 2018 dataset, available at: http://www.kdd.org/kdd2018/
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the missing station’s k nearest available spatial neighbors [104].

* IDW: Inverse Distance Weighting, a global spatial learning method that interpolates with
weighted average of available data points as a function of inverse distance [38].

* Kriging: A geo-statistical interpolation method which assumes that the distance between
points reflects spatial correlation that can be used to explain surface variation [225]. We
implement Kriging method using PyKrige library*.

* MF: Matrix Factorization, which iteratively replaces missing elements with those obtained
from soft-thresholded SVD [174]. We implement MF method using fancyimpute library [212].

(2) State-of-the-art Spatio-temporal Imputation. We implement the state-of-the-art
spatio-temporal imputation methods based on public code of the respective paper.

* BTTYF: Bayesian temporal factorization framework for modeling spatio-temporal data with
missing values. The method integrates low-rank matrix/tensor factorization and vector autore-
gressive (VAR) process into a single probabilistic graphical model [44].

* ST-MVL: A multi-view learning imputation method combining empirical statistical models for
global view, with data-driven algorithms for local view [292]. In the original implementation,
weights for combining four views are optimized for each location. However, in ESC task
we do not have any available data to train on these unobserved locations. Therefore, we use
optimized weights from their neighbors to predict the missing values.

* NAOMI: A non-autoregressive deep generative spatio-temporal imputation method. It also
exploits the multi-resolution structure by decoding recursively from coarse to fine-grained
resolutions [159]. The original NAOMI implementation mainly relies on temporal information
for imputation. As in ESC task we have no temporal information for unobserved locations,
we concatenate observed locations with unobserved locations channelwise in order to better
generalize from observed locations.

* IGKNN: Deep spatio-temporal kriging method based on inductive graph neural network. The

method learns spatial message passing mechanism through generating random subgraph and

“https://github.com/GeoStat-Framework/PyKrige

56



reconstructing subgraph signals [274].
(3) State-of-the-art Image and Video Inpainting. We implement the state-of-the-art
image and video inpainting methods based on public code of the respective paper.
* PConv: Partial Convolution [147, 111] for imputing 2D data. The convolution is conditioned

only on valid cells.

3DGated: 3D video inpainting method, which uses 3D gated convolution as generator and
proposes a Temporal Patch-GAN loss to enhance temporal consistency [32].

(4) Ablations of ESC-GAN.: We also implement three ablations of ESC-GAN.

ESC-GAN-vanilla: Single branch with only local convolution.

ESC-GAN-local: Multiple branches with only local convolution.

ESC-GAN-single: Single branch with global attention.
Following previous spatio-temporal imputation research [165, 292], we evaluate the
1

performance of our model and baselines using MSE (x,y) = NZé\L L (xi —y;)? (Mean Square

Error) and MAE (x,y) = le Z{Ll |x; — yi| (Mean Absolute Error).

3.5.3 Experimental Setup

Our generator is a UNet-like architecture containing a four-layer encoder and a four-layer
decoder with skip connections. We use partial convolutional layers instead of convolutional layers.
We set the number of branches n;, = 2 for aggregating information from different granularity,
based on hyper-parameter tuning on the validation set. The first two layers in the coarse branch
use larger filter sizes (3 x 7 X 7 and 3 x 5 x 5), the other layers use 3 x 3 x 3 filters. Both
branches contain global attention modules after the last layer of decoder. Our discriminator
contains five convolutional layers, with filter size 3 x 4 x 4. We optimize the model using the
Adam optimizer [121] with a learning rate of 0.005. Batch size is set to 16 for the CMAP and
KDD CUP datasets, and 4 for the HadCRUT dataset. We set Ay, = 0.1, 4,4y = 0.001 based on

hyper-parameter tuning on the validation set.
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Table 3.2. Experimental results of ESC-GAN and compared methods for different missing data
patterns on HadCRUT and CMAP. We mark the best results (in bold) and the second best.

HadCRUT CMAP

Method Scatter Reg Cluster Irr Cluster Scatter Reg Cluster Irr Cluster

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE

Zero 1.0396 0.6638 0.8551 0.5983 0.7446 0.5879 1.0290 0.6830 1.2861 0.7620 1.2869 0.7390
Mean 0.9697 0.6375 0.7985 0.5744 0.6971 0.5677 1.0272 0.6804 1.3294 0.7548 1.2969 0.7364
sKNN 0.3756 0.3991 0.4645 0.4649 0.3791 0.4210 0.1120 0.1785 0.7159 0.4863 0.4888 0.3960
IDW 0.3524 0.3868 0.4440 0.4535 0.3596 0.4087 0.1042 0.1719 0.7036 0.4792 0.4658 0.3839
Kriging 0.9517 0.6308 0.7995 0.5767 0.6906 0.5703 0.8838 0.5863 0.9709 0.6279 1.1257 0.6545
MF 0.6181 0.5216 0.7669 0.5782 0.6111 0.5390 0.1721 0.2395 0.8583 0.5753 0.5942 0.4974
BTTF 0.5867 0.5225 0.6798 0.5553 0.5764 0.5332 0.2474 0.3137 0.9423 0.6237 0.5723 0.5154
ST-MVL 0.3648 0.3964 0.4710 0.4655 0.3581 0.4084 0.1162 0.1832 0.7202 0.4919 0.5039 0.4177
IGKNN 0.7214 0.5492 0.7212 0.5501 0.6405 0.5491 0.8474 0.6132 1.1710 0.7285 1.1254 0.7170
NAOMI 1.0391 0.6637 0.8550 0.5983 0.7442 0.5877 1.0288 0.6833 1.2859 0.7620 1.2863 0.7396
PConv 0.3908 04211 04759 04784 0.4122 0.4494 0.1008 0.1704 0.6469 0.4492 0.2969 0.3024
3DGated 0.3610 0.3907 0.4265 04454 0.3581 0.4066 0.1400 0.2071 0.5532 0.4381 0.2952 0.3033
ESC-GAN 0.3354 0.3800 0.4097 0.4295 0.3418 0.3971 0.0802 0.1531 0.5441 0.4308 0.2739 0.3017

3.5.4 Results and Analysis

Quantitative Results. We evaluate our model on HadCRUT and CMAP and report on the results
in Table 3.2. On both datasets, ESC-GAN consistently outperforms all the baselines.

Classical zero filling and mean filling have high errors by both metrics, as they do not
consider any neighborhood information. sSKNN and IDW take into account local information
based purely on distance weighting, and their performances degenerate under clustered missing
patterns, where neighboring locations are simultaneously missing. Kriging and MF put strong
assumptions on the input distribution, which may not be observed in real-world dataset.

For the state-of-the-art spatio-temporal imputation methods, BTTF assumes Gaussian
spatial factor and does not sufficiently model spatial dependencies. ST-MVL is not fully data-
driven and does not fully capture the underlying spatio-temporal correlations. IGKNN mainly
leverages neighboring nodes for imputation without incorporating the global and multi-scale
structure. NAOMI exploits the multi-resolution structure but heavily relies on temporal domain
information. Although during training, locations that are randomly masked out in the temporal

domain can well recover the missing values, it basically generates mean value of the dataset
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Figure 3.6. Case Study: Example grid maps for qualitative comparison. (a) Missing Area, (b)
IDW, (c) ST-MVL, (d) PConv, (e) 3DGated, (f) ESC-GAN, and (g) GT. Numbers above the
figures are the MSE for the corresponding generated grid maps compared with the GT grid map.

0.2380
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when extended to unobserved locations.

For image and video inpainting methods, Partial Convolution only uses local convolution
operators to learn to recover missing information in two-dimensional space but does not leverage
temporal information. 3D gated convolution combines temporal and spatial information in a
three-dimensional space but does not model the global context information and the multi-scale
structure of spatio-temporal data. By contrast, our ESC-GAN learns both local and global
similarity and aggregates features at multiple scales in the three-dimensional spatio-temporal
space. Therefore, ESC-GAN achieves the lowest errors compared to both classical and state-of-

the-art imputation or inpainting methods.

Qualitative Results. In addition to quantitative improvements, in Figure 3.6 we present example
grid maps generated by ESC-GAN for qualitative comparison. We zoom in on the area with
missing data for better view. The numbers above the figures are the MSE for the corresponding
grid map. The first row of results in Figure 3.6 illustrates imputation for irregular clustered
locations, and the second row is for regular clustered locations. Compared with all the baselines,
ESC-GAN generates values for the missing regions closest to the ground truth and shows

smoother transition to the observed regions, qualitatively demonstrating its effectiveness.
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3.5.5 Ablation Studies

(a) Dot Product GT (b) Cosine GT (¢) ESC-GAN

Figure 3.7. Ground-truth (GT) and generated attention maps.

Quantitative Analysis. We also conducted ablation study to separately examine the effect of
our global attention module and multi-scale structure. We report MSE and MAE after removing
global attention module (ESC-GAN-local), removing multi-scale structure (ESC-GAN-single),
and removing both of these modules (ESC-GAN-vanilla). As shown in Table 3.3, the performance
degenerates after removing either one or both of these components, which validates the necessity
of the proposed structure. The vanilla model ESC-GAN-vanilla is based only on local operators
of randomly masked 3D partial convolution, and it does not model the global context similarity
or leverage information at multiple scales. The local model ESC-GAN-local aggregates features
from multiple granularity, but ignores the underlying global patterns exhibited in spatio-temporal
data. The single model ESC-GAN-single considers the global trends in spatio-temporal data,
but it learns such features at one single scale using one branch in the generator. Our proposed
ESC-GAN jointly learns global and local dependencies, and aggregates multi-level features, thus

producing more accurate estimations compared with different ESC-GAN ablations.

Attention Visualization. To provide more interpretable results, we randomly select query region
and visualize the softmax attention score between query region and all the other regions on
CMAP, as shown in Figure 3.7. We mark the query regions with red rectangles. Attention scores
in three figures are calculated based on the average data from all timestamps. The left two figures
are ground-truth attention scores measured by dot product and cosine similarity, both followed

by softmax normalization. As CMAP dataset measures monthly precipitation, the query region
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Table 3.3. Ablation Study of our global attention and multi-scale structure on CMAP, measured
by MSE and MAE.

Scatter Reg Cluster Irr Cluster
MSE MAE MSE MAE MSE MAE

Method

ESC-GAN-vanilla 0.0825 0.1557 0.5874 0.4433 0.2900 0.3099
ESC-GAN-local 0.0818 0.1545 0.5848 0.4362 0.2785 0.3032
ESC-GAN-single 0.0842 0.1588 0.5814 0.4388 0.2880 0.3107

ESC-GAN 0.0802 0.1531 0.5441 0.4308 0.2739 0.3017

PRI B et ; !
(a) Ocean (b) High-altitude (c) High-vegetation

Figure 3.8. Patterned missing data distributions

exhibits patterns similar to regions near the equator and regions in the Pacific Ocean. Comparing
ESC-GAN generated attention map with the ground truth, we can observe that ESC-GAN is able

to accurately capture the global patterns through the attention mechanism.
3.5.6 Robustness Studies

Robustness to Non-Random Missing Shapes. Apart from the missing distributions in Table 3.2,
extending sensor spatial coverage in real-world also encounters non-random realistic missing
distributions, i.e. missing distribution follows a specific pattern as a result of land, elevation,
vegetation, etc. For example, it is more difficult to deploy sensors on mountains than plains,
so locations of higher elevation are expected to have a lower coverage of sensory data. Similar
comparison also resides in ocean vs land, forests vs locations with lower vegetation cover rate. In
light of this, we study the effectiveness of ESC-GAN with respect to three non-random missing
data distributions (as shown in Figure 3.8), namely, missing data in the ocean, high-altitude area,
and area with high vegetation cover. This also evaluates the model’s transferability, as there

exists a distribution gap between training regions and testing regions. We report on the results
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Table 3.4. Evaluations for patterned missing distributions.

Ocean High-altitude = High-vegetation
MSE MAE MSE MAE MSE MAE

Method

sKNN 0.3162 0.3160 0.0865 0.1428 0.1857 0.2178
IDW 0.2738 0.2929 0.0786 0.1335 0.1687 0.2060
ST-MVL 0.2855 0.2972 0.0784 0.1347 0.1710 0.2061
PConv 0.2174 0.2517 0.0743 0.1303 0.1588 0.2004
3DGated 0.2989 0.3093 0.1231 0.1878 0.2254 0.2644
ESC-GAN 0.1929 0.2512 0.0663 0.1234 0.1399 0.1911

=>¢- sKNN IDW —%- ST-MVL PConv =% - 3DGated —#— Ours

0.43
0.42
Y041
0.4

0.39

0.38

20% 30% 40% 50% 20% 30% 40% 50%
Missing Ratio Missing Ratio

Figure 3.9. MSE and MSE for different missing ratio |Dy/|/|D| on HadCRUT.

in Table 3.4. ESC-GAN achieves the best performance under different real-world non-random

realistic missing distributions.

Robustness to Amount of Missing Data. We also study model robustness with respect to
missing area size. Following previous notation, we use D to represent the whole map and Dy to
represent the set of unobserved grid cells. For scattered missing distribution in Section 3.5.4,
the missing ratio |Dy|/|D| is 20%. We increase the missing ratio |Dy|/|D| from 20% to 50%,
and calculate the corresponding MSE and MAE of the best performing baselines in Figure
3.9. As shown in the figure, for different models, both MSE and MAE generally grow as the
missing ratio increases. Moreover, under settings of all varying missing ratios, ESC-GAN is able
to outperform all the baselines for both MSE and MAE, demonstrating the proposed model’s

robustness to varying missing area size.
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Table 3.5. Results of spatio-temporal imputation for random missing values on KDD 2018
Dataset, measured by MSE?.

%Missing  20% 30% 40% S50% 60% T0% 80%  90%

Last 1.073 0.894 0901 0.990 1.040 1.236 1.689 2.870

Mean 0.916 0907 0914 0923 0.973 0935 0.937 1.002
KNN 0.892 0.803 0.776 0.798 0.856 0.852 0.873 1.243

MF 0.850 0.785 0.787 0.772 0.834 0.805 0.860 1.196

MTSI 0.844 0.780 0.753 0.743 0.803 0.780 0.837 1.018
BRITS 0.455 0.421 0372 0.409 0.440 0.482 0.648 0.725
DCRNN 0.579 0.565 0.449 0506 0.589 0.622 0.720 0.861
CDSA 0.373 0393 0.287 0.291 0.387 0495 0.521 0.631
ESC-GAN 0.207 0.229 0.232 0.231 0.274 0.299 0.326 0.434

3.5.7 Generalization to Traditional Spatio-Temporal Imputation

In addition to our proposed extension of the spatial coverage task, we also apply our
model to the traditional spatio-temporal imputation task for random missing values, to evaluate
its generalizability. For this, we conduct experiments on the KDD CUP 2018 dataset. We
normalize the data using z-normalization and split the sequences into chunks of length 48,
following previous studies [165, 168]. We compare the results with a list of methods for doing
traditional spatio-temporal imputation, including both statistical imputation methods (filling with
last available observation (Last) or mean value (Mean), k-Nearest Neighbors (KNN), Matrix
Factorization (MF)) and deep learning based models (MTSI [165], BRITS [28], DCRNN [142],
CDSA [168]) following previous studies [165, 168].

In Table 3.5, our model outperforms all the other baselines at various missing data ratios
from 20% to 90%. Compared with other methods, our model can jointly learn temporal and
spatial dependencies at different scales. Without modification of the model structure, ESC-GAN
is directly applicable to spatio-temporal imputation tasks. This demonstrates the generalizability

of ESC-GAN, indicating its potential in a broader range of applications.

SWe directly adopt the numbers for the compared methods from prior work [165, 168].
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3.6 Summary

In this chapter, we present how to impute missing data in our robust framework by
leveraging spatio-temporal correlations. We address the challenge of extending the spatial
coverage (ESC) of sensory data to locations without any historical values. Traditional spatio-
temporal imputation methods do not work well as they rely on partial data availability for
a location. This ESC task has far-reaching applications in geographical discovery, physical
modeling, weather forecasting, urban planning, etc. It faces challenges related to collaborative
use of spatial and temporal domains, local and global context and structure across multiple
scales. To address these challenges, we devise a model to recover data for “new” locations
leveraging both spatial and temporal dependencies. In view of the non-linear, multi-resolution
and stochastic nature of spatio-temporal data, our method generates data considering both the
global and local perspectives. We optimize the model with multi-scale and adversarial training
to better capture the underlying patterns. We evaluate ESC-GAN on real-world geo-sensory
datasets where our model outperforms all the baselines under different missing scenarios.

There are limitations that we plan to address in future studies. As geometric distance on
a sphere is not strictly preserved after being mapped to a 2D gridded map, we plan to incorporate
spherical convolutions to better model spatial dependencies. We will also explore approaches to
extend the model to irregular super-resolution task for generating data at finer spatial granularity.

Chapter 3 incorporates material from the publication “ESC-GAN: Extending Spatial
Coverage of Physical Sensors”, by Xiyuan Zhang, Ranak Roy Chowdhury, Jingbo Shang, Rajesh
Gupta, and Dezhi Hong, published in Proceedings of the Fifteenth ACM International Conference
on Web Search and Data Mining (WSDM 2022). The dissertation author was primary investigator

and the lead author of this paper.
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Chapter 4

Physical Context of Time and Frequency
Dependencies

Apart from noise and missing values, another problem with sensor time series is that we
do not have sufficient data. In this chapter, we present how to augment sensor time series given
insufficient data by leveraging physical context of time and frequency dependencies, which is
the third step in our robust sensor time series analysis framework.

Time series data augmentation mitigates the issue of insufficient training data for deep
learning models. Yet, existing augmentation methods are mainly designed for classification,
where class labels can be preserved even if augmentation alters the temporal dynamics. We
note that augmentation designed for forecasting requires diversity as well as coherence with the
original temporal dynamics. As time series data generated by real-life physical processes exhibit
characteristics in both the time and frequency domains, we propose to combine Spectral and
Time Augmentation (STAug) for generating more diverse and coherent samples. Specifically, in
the frequency domain, we use the Empirical Mode Decomposition to decompose a time series
and reassemble the subcomponents with random weights. This way, we generate diverse samples
while being coherent with the original temporal relationships as they contain the same set of
base components. In the time domain, we adapt a mix-up strategy that generates diverse as well
as linearly in-between coherent samples. Experiments on five real-world time series datasets

demonstrate that STAug outperforms the base models without data augmentation as well as
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state-of-the-art augmentation methods.

4.1 Introduction to Augmentation for Sensor Time Series
Forecasting

Deep learning has been successful in various time series applications given enormous
amount of data to train. However, time series data collected through real-world sensors is
often marked by irregular samples with missing values due to collection difficulties. Such data
scarcity commonly observed in time series data can significantly degrade the performance of
deep learning methods that would otherwise perform well.

A rich line of research tries to address this problem through data augmentation, that
is to generate synthetic data points to augment the original dataset [244, 126, 19, 71, 65, 33,
226, 143, 294, 185, 101, 113]. However, existing augmentation methods are mainly designed
for classification, where augmented samples remain effective as long as they preserve the class
labels. We note that augmentation designed for forecasting requires both diversity and coherence
with the original temporal dynamics. Yet, existing augmentation methods generate samples that
often miss one of the criteria (Figure 4.1). For example, filtering-based methods are deterministic
processes that produce a fixed set of synthetic samples by removing noises. Permutation-based
methods change the temporal order of the original series, worsening forecasting performance.

Moreover, time series data generated by real-life physical processes exhibit characteristics
both in the time and frequency domains that are not available in other data modalities like image
and text. Therefore, temporal dynamics can be best captured through a joint consideration of
time domain that carries changes over time and frequency domain that conveys periodic patterns.
By contrast, existing augmentation methods mostly generate data in one domain, ignoring the
complementary strengths of both domains.

We propose STAug (Figure 4.2), by combining Spectral and Time Augmentation for time

series forecasting task. In the frequency domain, we first apply the Empirical Mode Decomposi-

66



Time Domain

Time Domain Time Domain

2.0 2.0

15 15
1.0 1.0
05 05
0.0 0.0
=05 =05
-1.0 -1.0

-15 -15

20 20

0 100 200 300 400 500 600 700 ] 100 200 300 400 500 600 700 0 100 200 300 400 500 600 700

(a) Original (b) Filtering (¢) Permutation

Figure 4.1. Visualization of original and augmented time series from ETTm?2. Augmentation
methods often (b) miss diversity or (¢) miss coherence with the original temporal dynamics.
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Figure 4.2. Overview of STAug. For frequency-domain augmentation, we decompose two

random series S;, S; with EMD, and then reassemble the subcomponents with random weights to

obtain S, SJf. In the time domain, we further linearly mix S;, SJ’. to obtain the augmented series S’.

tion (EMD) [102] to decompose time series into multiple subcomponents, each representing a
certain pattern embedded in the data. We then reassemble these subcomponents with random
weights to generate new synthetic series. This offers a principled way of augmentation as it
generates diverse samples while maintaining the same basic set of subcomponents. We adopt
EMD for the frequency information as it better captures patterns for non-stationary time series
compared with Fourier transform. In the time domain, we adapt a mix-up strategy [307] to
learn linearly in-between randomly sampled pairs of training series, which produces varied and
coherent samples. We evaluate STAug on five real-world time series datasets, and the method

demonstrates state-of-the-art performance compared with existing augmentation methods.
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4.2 Related Work

Existing time series data augmentation techniques mainly fall into four categories [266,
106] as follows.

Basic Random Operations. This include time-domain, frequency-domain and time-
frequency domain transformations. Time-domain transformation contains scaling, rotation,
jittering [244], slicing, warping [126, 170], etc. For frequency-domain transformation, Robust-
TAD [75] in the frequency domain makes perturbations in both magnitude and phase spectra.
For time-frequency domain transformation, time-frequency features are generated from Short
Fourier Transform (STFT), and then local averaging together with feature vector shuffling are
applied for augmentation [226]. SpecAugment [193] proposes augmentation in Mel-Frequency
by combining warping, masking frequency channels and masking timestep blocks together.

Decomposition-Based Augmentation. This leverages the Seasonal-Trend Decompo-
sition (STL) [52] or Empirical Mode Decomposition (EMD) [102] to extract patterns for
generating synthetic samples. Bagging Exponential Smoothing method [19, 117, 16] uses
Box—Cox transformation followed by STL decomposition, and bootstraps the reminder to as-
semble new series. STL decomposition components can also be adjusted and combined with
a stochastic component generated by statistical models [117, 16]. Nam et al. [185] decompose
series using EMD into components from high frequency to low frequency, and adds the residue
each time one IMF occurs. This can be viewed as a special case of STAug with weights equal to
one for low-frequency components and zero for high-frequency components, essentially only
filtering out high-frequency noise. Moreover, it does not benefit from time-domain augmentation.

Pattern Mixing Method. DBA calculates weighted average of multiple time series
under DTW as new samples [71, 16]. Mix-up [307] constructs new examples through linear
interpolation of features and labels, but such interpolation methods mainly focus on classification.

Generative Method. This models underlying distribution of the dataset for generation,

including both statistical generative models [27, 113] and deep generative adversarial network
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(GAN) [82] based models [65, 33, 205, 143, 294, 101].
In this chapter, we combine decomposition-based augmentation method in the frequency
domain and pattern mixing augmentation method in the time domain to find diverse samples that

preserve the original data characteristics.

4.3 Methodology
4.3.1 Overview

We focus on multivariate time series forecasting task. A multivariate time series sequence

of length T and feature number c is denoted as 8 = [s,...,s;,...,s7] € R*T, where s; =
[s1,--+,5.]7 € R¢. In a forecasting task, we only observe history values H up to timestamp d < T
H=[s,...,s4] € R*4and the goal is to forecast future values F at timestamp d +1,...,7T:
F=[sq.1,...,s7] € R*(T=4) where S = [H,F]. During training, we have full access to both

H and F, and the training objective is to learn a model g that forecasts F given H for each S
in the training set. During testing, we have access to only H and input H to model g to obtain
predictions for the future part.

Our method STAug comprises augmentation in both the frequency domain and time
domain. In the frequency domain, we first apply empirical mode decomposition to obtain a set of
components. Then during each iteration, these components are re-combined with random weights
to construct a new synthetic series. Then, we adapt mix-up as a time-domain augmentation. We
linearly interpolate two randomly re-combined series to obtain the final augmented series. The
augmented series are fed into the forecasting model for updating gradient. The EMD components
of different series can be pre-computed, and STAug only requires randomly re-combining

components or series during training, which introduces minimal computational overhead.
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4.3.2 Frequency-Domain Augmentation

The Empirical Mode Decomposition (EMD) [102] method was originally designed to
analyze nonlinear and non-stationary data, whose constituent components are not necessarily
cyclic. EMD preserves temporal information in contrast with Fourier transform, and is data-
driven compared with the linear wavelet transform. It decomposes a signal into a finite number
of Intrinsic Mode Functions (IMF). The first several IMFs usually carry components of higher
frequency (e.g., noise), while the last several IMFs represent the low-frequency trend information
embedded in the sequence. Therefore, EMD provides a principled way to decompose a signal
into multiple components, and each of these components represents certain patterns embedded
in the original signal.

After EMD, the original sequence can be written as

S=) IMF;+R. 4.1)
i=1

With a list of n decomposed IMFs {IMFj,...,IMF, } and residual R, we apply a random

vector w = [wi,...,w,]7 as weights to re-combine these IMFs as S':

n
S'=) w;-IMF; 4.2)
i=1

where w; is sampled from uniform distribution %/ (0,2). This way, the augmented samples
are diverse by emphasizing different frequency components via random weights, and at the same

time coherent with original distributions as they contain the same basic sets of components.

4.3.3 Time-Domain Augmentation

Complementing the frequency-domain information, time domain also provides useful
patterns. Therefore, we propose to mix up sequences in the time domain, inspired by Mix-up
augmentation [307]. Mix-up was originally designed for classification, and we adapt it to time

series forecasting by mixing up values at both past timestamps 1,...,d and future timestamps
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d+1,...,T. Assume S; = [H;,F;] and S; = [H;, Fj] are two randomly sampled sequences after

spectral augmentation, where H; = [s!, ... s8], F; = [s?*1,... sT

i ] respectively represents past

and future data, similarly for S;. We construct new sequence as S’ = [H',F’], where
H' = AH;+ (1—A)H; 4.3)

FIZAFi—F(l—A)Fj 4.4)

where A is sampled from a Beta distribution, i.e., A ~ Beta(a, &), and « is the hyper-parameter
that controls how similar the newly constructed sequence is compared with the original sequences
S; and S;. Mix-up augments patterns in the time domain meanwhile by its interpolation nature

generates only linearly in-between coherent samples.

4.3.4 Time Series Forecasting

For each training iteration, we apply both frequency-domain and time-domain augmenta-
tion to obtain an augmented series S’ = [H', F’]. During training, we feed the augmented series
history H' as input, and optimize the forecasting model by reconstructing future part of the series
F’. In our experiments, we adopt the state-of-the-art forecasting model Informer [327] (AAAI
2021 best paper) as the base forecaster. To minimize the reconstruction loss ¢, we calculate Mean

Square Error (MSE) between the forecasting model output Y and the ground-truth future part F’:
1 Al /112
(=5 LIYi—Fil, (4.5)
i=1

where N is the number of augmented series in training set.
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4.4 Evaluation
4.4.1 Datasets, Baselines and Experimental Setup

We evaluate our augmentation method STAug on five time series datasets: ETThl,
ETTh2, ETTm1, ETTm2, Exchange [327, 271]. We follow previous studies [327, 271] for 96
context length and 96,192,336, 720 forecasting horizon. All the datasets in our experiments
are multivariate, and we apply EMD and mix-up separately for each original variable, and
concatenate them to obtain the augmented multivariate time series. We follow previous works
for 7:2:1 train, validation and test set split, and evaluate the performance with Mean Square
Error (MSE) and Mean Absolute Error (MAE).

We use Informer [327] as the base forecasting model. a of the Beta distribution equals
0.5, which is chosen from a grid search of {0.25,0.5,0.75,1.0}. a, b of the Uniform distribution
% (a,b) are set to 0 and 2, respectively. We use Adam optimizer with a decaying learning rate
starting from 0.0001. We compare STAug with base model without any augmentation (None),
as well as state-of-the-art time series augmentation methods: WW [126], DBA [71, 68, 16],
EMD-R [185], GAN [65], STL [19, 16], RobustTAD [75]. We conduct careful grid search for
hyper-parameter tuning for each baseline. We repeat all the experiments for 3 runs and record

both average performance and standard deviation.

4.4.2 Main Results

We evaluate STAug and baselines, and report the average performance in Table 4.1. For
easier comparison, we also scale MSE (average and standard deviation) with respect to the
average MSE of the base model without augmentation. Similarly, we scale MAE with respect to
the average MAE of the base model without augmentation. We bold the best results, underline the
second best, and mark with dash line the best baseline. STAug consistently outperforms baselines
on different datasets by jointly leveraging time-domain and frequency-domain information, with

an average reduction of 28.2% for MSE and 18.0% for MAE, compared with the best baseline
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Figure 4.4. Predictions on ETTm1 and Exchange with 192 horizon. STAug predicts data that
best align with the ground truth.

for each dataset. To evaluate the statistical significance, we also run the Friedman test and the

Wilcoxon-signed rank test with Holm’s & (5%) following previous work [134]. The Friedman

test shows statistical significance p = 0.00 (much smaller than o = 0.05), so there exists a

significant difference among different methods. The Wilcoxon-signed rank test indicates the

statistical significance of STAug compared with all the baselines with p = 0.00 far below 0.05.

We also present qualitative comparisons in Figure 4.4. Compared with the predictions by the

base model and the best-performing baseline for the corresponding setting, STAug forecasts

values that better align with the original time series.
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4.4.3 Ablation Study

To examine the effect of augmentation in different domains, we also conduct ablation
study by augmenting data only in the frequency or time domain in Table 4.1. STAug-noFreq
stands for the model that removes frequency-domain augmentation, and STAug-noTime stands
for the model that removes time-domain augmentation. The performance degrades after removing

augmentation in either domain, validating the need of combining both domains.

4.4.4 Robustness Study

We sub-sample 10%, 20%, 50% of the Exchange dataset, and compare STAug with the
base model and the best-performing baseline methods for the corresponding setting (horizon 96).
We report on MSE and MAE in Figure 4.3. The performances of different methods increase as
we have more data. When the sample size is small, the performance gap between augmentation
methods and base model without augmentation becomes larger, which shows that augmentation
is especially helpful when the original dataset is small. STAug leverages information from both
time and frequency domains, and performs consistently better with respect to the original sample
size. Moreover, STAug shows more significant improvement over base model and the best-
performing baselines with fewer available samples in the original dataset, which demonstrates

its robustness with respect to the number of data samples.

4.5 Summary

This chapter presents using time and frequency dependencies for sensor time series
augmentation. We propose a generic yet effective time series data augmentation method STAug
to combine patterns in both the time domain and frequency domain. In the frequency domain, the
re-combined subcompacts of the original time series are both diverse and preserve the original
basic components. In the time domain, we adapt the mix-up strategy to generate diverse and

in-between coherent samples by linearly interpolating both past and future part of a time series.
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Experiments on five real-world time series datasets show that STAug best reduces the forecasting
errors of base model compared with existing augmentation methods. We also perform robustness
analysis and observe that STAug stays robust with respect to sampling size. Our ongoing work in
the area involves systematically studying the effectiveness of various time domain and frequency
domain augmentation methods, and designing data-dependent selection procedure to choose the
most suitable augmentation method for different datasets.

Chapter 4 incorporates material from the publication “Towards Diverse and Coherent
Augmentation for Time-Series Forecasting”, by Xiyuan Zhang, Ranak Roy Chowdhury, Jingbo
Shang, Rajesh Gupta, Dezhi Hong, published in ICASSP 2023-2023 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP 2023). The dissertation author was

primary investigator and the lead author of this paper.
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Chapter 5

Semantic Context of Large Language
Models

The previous chapters focus on the first stage of our robust framework by incorporating
physical context to denoise, impute and augment sensor time series and therefore refine the raw
data quality. Additionally, the physical contextual knowledge can be applied to other tasks, such
as anomaly detection and data calibration, and physical models can be replaced or augmented by
numerical simulation models, which we leave as future work.

However, physics principles may not always be known, especially for human-centered
sensing applications. Therefore, we need to go beyond physics and incorporate semantic
contextual knowledge from languages or our social behaviors. At this point in this dissertation,
we turn from physics to sociological contextual data. By adopting semantic context, we can
further improve robustness and generalization of sensor time series analysis methods. In order
to enhance understanding of the literature, in this chapter, we first present a comprehensive
taxonomy on how to incorporate the semantic context from the recently emerging Large Language
Models (LLMs) to improve sensor time series analysis.

Large Language Models have seen significant use in domains such as natural language
processing and computer vision. Going beyond text, image and graphics, LLMs present a
significant potential for analysis of time series data, benefiting domains such as climate, 10T,

healthcare, traffic, audio and finance. This chapter of survey provides an in-depth exploration
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Figure 5.1. Large language models have recently been applied for various time series tasks in
diverse application domains.

and a detailed taxonomy of the various methodologies employed to harness the power of LLMs
for time series analysis. We address the inherent challenge of bridging the gap between LLMs’
original text data training and the numerical nature of time series data, and explore strategies for
transferring and distilling knowledge from LLMs to numerical time series analysis. We detail
various methodologies, including (1) direct prompting of LLMs, (2) time series quantization, (3)
aligning techniques, (4) utilization of the vision modality as a bridging mechanism, and (5) the
combination of LLMs with tools. Additionally, this chapter of survey offers a comprehensive
overview of the existing multimodal time series and text datasets and delves into the challenges
and future research opportunities of this emerging field. We maintain an up-to-date Github

repository! which includes all the papers and datasets discussed in the survey.

5.1 Introduction to Large Language Models for Time Series

In recent years, Large Language Models (LLMs) have gained substantial attention
particularly in the fields of Natural Language Processing (NLP) and Computer Vision (CV).
Prominent models such as GPT-4 [190] have transformed the landscape of text processing by
offering unprecedented accuracy in tasks such as text generation, translation, sentiment analysis,
question answering and summarization. In the CV domain, Large Multimodal Models (LMMs)

have also facilitated advancements in image recognition, object detection, and generative tasks,

Thttps://github.com/xiyuanzh/awesome-1lm-time-series
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leading to more intelligent and capable visual systems [223]. Inspired by these successes,
researchers are now exploring the potential of LLMs in the realm of time series analysis,
expecting further breakthroughs, as shown in Figure 5.1. While several surveys offer a broad
perspective on large models for time series in general [110, 169], these do not specifically focus
on LLMs or the key challenge of bridging modality gap, which stems from LLMs being originally
trained on discrete textual data, in contrast to the continuous numerical nature of time series.
We start with a survey to build a taxonomy of sensory data analysis using semantic
contextual knowledge. Our survey uniquely contributes to the existing literature by emphasizing
how to bridge such modality gap and transfer knowledge from LLMs for time series analysis. Our
survey also covers more diverse application domains, ranging from climate, Internet of Things
(IoT), to healthcare, traffic management, and finance. Moreover, certain intrinsic properties of
time series, like continuity, auto-regressiveness, and dependency on the sampling rate, are also
shared by audio, speech, and music data. Therefore, we also present representative LLM-based
works from these domains to explore how we can use LLLMs for other types of time series. We
present a comprehensive taxonomy by categorizing these methodologies into five distinct groups,
as shown in Figure 5.2. If we outline typical LLM-driven NLP pipelines in five stages - input
text, tokenization, embedding, LLLM, output - then each category of our taxonomy targets one
specific stage in this pipeline. Specifically, (i) Prompting (input stage) treats time series data as
raw text and directly prompts LLMs with time series; (i1) Time Series Quantization (tokenization
stage) discretizes time series as special tokens for LLMs to process; (iii) Aligning (embedding
stage) designs time series encoder to align time series embeddings with language space; (iv)
Vision as Bridge (LLM stage) connects time series with Vision-Language Models (VLM) by
employing visual representations as a bridge; (v) Tool Integration (output stage) adopts language
models to output tools to benefit time series analysis. Beyond this taxonomy, our survey also
compiles an extensive list of existing multimodal datasets that incorporate both time series and

text. We conclude this chapter by discussing future directions in this promising field.
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Figure 5.2. Left: Taxonomy of LLMs for time series analysis. For each category, key distinctions
are drawn compared to the standard LLLM pipeline at the top. Right: Representative works for
each category, sorted by their publication dates. The use of arrows indicates that later works
build upon earlier studies.
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5.2 Preliminary

Large language models are characterized by their vast number of parameters and extensive
training data. They excel in understanding, generating, and interpreting human language and
recently represent a significant advancement in artificial intelligence. The inception of LLMs
can be traced back to models like GPT-2 [201], BERT [60], BART [131], and T5 [203], which
laid the foundational architecture. Over time, the evolution of these models has been marked by
increasing complexity and capabilities, such as LLAMA-2 [242], PaLM [48], and GPT-4. More
recently, researchers have developed multimodal large language models to integrate and interpret
multiple forms of data, such as text, images, and time series, to achieve a more comprehensive
understanding of information.

This chapter of survey focuses on how LLMs can benefit time series analysis. We first
define the mathematical formulation for the input and output, which may contain time series or
(and) text depending on the downstream tasks, as well as the models.

Input: denoted as x, composed of time series X; € R *¢ and optional text data X,
represented as strings, where 7', ¢ represent the sequence length and the number of features.

Output: denoted as y and may represent time series, text or numbers depending on the

specific downstream task. For time series generation or forecasting task, y represents generated
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Table 5.1. Examples of representative direct prompting methods.

Method Example

“From {#;} to {ons }. the average temperature of region {U,,} was {x"} degree on each day. What is the
PromptCast [282]

temperature going to be on {fops }?”

[156] “Classify the following accelerometer data in meters per second squared as either walking or running:
0.052,0.052,0.052,0.051,0.052,0.055,0.051,0.056,0.06,0.064”

“The person is 42 years old and has a Master’s degree. She gained $594. Does this person earn more than
TabLLM [94]

50000 dollars? Yes or no? Answer:”

LLMTime [86] |“0.123,1.23,12.3,123.0" —“12,123,1230,12300”

time series y; or predicted k-step future time series y. "7 +*, For text generation task, such as
report generation, y represents text data y,. For time series classification or regression task, y
represents numbers indicating the predicted classes or numerical values.

Model: We use fy parameterized by 6, gy parameterized by ¢, and hy, parameterized by
Y to represent language, time series and vision models, where fy is typically initialized from

pre-trained LLMs. We optimize parameters 6, ¢ and y through loss function /.

5.3 Proposed Taxonomy for Incorporating Semantics in
LLMs

In this section, we detail our taxonomy of applying LLMs for time series analysis,
categorized by five groups. We summarize the representative works, mathematical formulation,

advantages and limitations of each category in Table 5.2.

5.3.1 Prompting

Number-Agnostic Tokenization. The method treats numerical time series as raw textual
data and directly prompts existing LL.Ms. For example, PromptCast [282] proposes prompt-based
time series forecasting by converting numerical time series into text prompts and forecasting
time series in a sentence-to-sentence manner. The input prompts are composed of context and

questions following pre-defined templates. An illustrative prompt template for temperature
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Figure 5.3. Two types of index-based quantization methods.

forecasting, along with examples from other representative works, are showcased in Table 5.1.
Similar prompting methods have been applied to forecast Place-of-Interest (POI) customer
flows (AuxMobLCast [284]), energy load [283], and user’s next location (LLM-Mob [257]).
[156] prompt Pal.M-24B for health-related tasks such as activity recognition and daily stress
estimate. TabLLM [94] prompts large language models with a serialization of the tabular data to
a natural-language string for few-shot and zero-shot tabular data classification. [324] prompt
large language models to detect anomalous behaviors from mobility data. [277] extract historical
price features such as open, close, high, and low prices to prompt ChatGPT in a zero-shot fashion.

Number-Specific Tokenization. More recently, LLMTime [86] pointed out that Byte
Pair Encoding (BPE) tokenization has the limitation of breaking a single number into tokens that
don’t align with the digits, leading to inconsistent tokenization across different floating point
numbers and complicating arithmetic operations [224]. Therefore, following LLMs such as
LLaMA and PalLM, they propose to insert spaces between digits to ensure distinct tokenization
of each digit and use a comma (*,”) to separate each timestep in a time series. They also scale
time series to optimize token usage and keep fixed precision (e.g., two digits of precision) to
efficiently manage context length. Meanwhile, BloomberGPT [272] trains on financial data with
text and numerical data and places each digit in its own chunk to better handle numbers. Using

similar space-prefixed tokenization, [176] show that LLMs are general pattern machines capable

of sequence transformation, completion and improvement.
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5.3.2 Quantization

Quantization-based method [199] converts numerical data into discrete representations
as input to LLMs. This approach can be further divided into two main categories based on the
discretization technique employed.

Discrete Indices from VQ-VAE. The first type of quantization method transforms contin-
uous time series into discrete indices as tokens. Among them one of the most popular methods is
training a Vector Quantized-Variational AutoEncoder (VQ-VAE) [247], which learns a codebook
€ = {Ci},K: | of K D-dimensional codewords ¢; € RP to capture the latent representations, as
illustrated in Figure 5.3a. The method identifies the nearest neighbor k; of each step i of the
encoded time series representation g4 (X;) € R5*P in the codebook (S denotes the cumulative
stride of VQ-VAE encoder), and uses the corresponding indices k as the quantized input to

language models:

e~

q; = ck,—aki = argmjin ||g¢ (XS),' —Cj||2,k = [kl] 1 (51)

Based on VQ-VAE, Auto-TTE [51] quantizes ECGs and generates 12-lead ECG signals
conditioned on text reports. DeWave [63] adapts VQ-VAE to derive discrete codex encod-
ing and aligns it with pre-trained BART for open-vocabulary EEG-to-text translation tasks.
TOTEM ([234] also quantizes time series through VQ-VAE as input to Transformers for multiple
downstream applications such as forecasting, classification, and translation. In the audio domain,
UniAudio [288] tokenizes different types of target audio using Residual Vector Quantization
(RVQ) [300] (a hierarchy of multiple vector quantizers) and supports 11 audio generation tasks.
VioLA [254] unifies various crossmodal tasks involving speech and text by converting speech
utterances to discrete tokens through RVQ. AudioGen [123] learns discrete audio representations
using vector quantization layers and generates audio samples conditioned on text inputs.

Discrete Indices from K-Means. Apart from employing VQ-VAE, researchers have also
explored K-Means clustering for index-based tokenization, which uses the centroid indices as

discretized tokens [100], as shown in Figure 5.3b. Such methods are mostly applied in the audio
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Figure 5.4. Type one (a) and Type two (b) of aligning-based methods. For Type two (b) aligning,
the output can be time series (e.g., forecasting) or text (e.g., EEG-to-text) depending on the
downstream tasks.

domain. For example, SpeechGPT [305] shows capability to perceive and generate multi-modal
contents using K-Means based discrete unit extractor. AudioLM [22] discretizes codes produced
by a neural audio codec using K-means clustering to achieve high-quality synthesis. It also
combines discretized activations of language models pre-trained on audio using RVQ to capture
long-term structure. Following the same quantization, AudioPalLM [211] fuses PaLM-2 [6] and
AudioLM with a joint vocabulary that can represent speech and text with discrete tokens.

Discrete Indices from Other Techniques. Apart from the aforementioned time-domain
quantization, FreqTST [136] utilizes frequency spectrum as a common dictionary to discretize
time series into frequency units with weights for downstream forecasting task.

Text Categories. The second type of quantization converts numerical data into pre-
defined text categories, which is primarily adopted in financial domain. As an example,
TDML [297] categorizes the weekly price fluctuations into 12 bins represented as “Di” or
“Ui”, where “D” indicates a decrease in price and “U” means an increase, and i = 1,2,3,4,5,5+

represents the level of price change.

5.3.3 Aligning

The third type of works trains a separate encoder for time series, and aligns the encoded
time series to the semantic space of language models. These works can be further categorized
into two groups based on their specific aligning strategies, as illustrated in Figure 5.4.

Similarity Matching through Contrastive Loss. The first type of method aligns the
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time series embeddings with text embeddings through similarity matching, such as minimizing

the contrastive loss:

<=

1 B

exp(sim(gg (Xi), fo (X:i)))
log
; Zle exp(sim(gg (Xsi), fo (X))

) 5.2)

<I—

where B,y represent batch size and temperature parameter that controls distribution concentra-

tions, and sim represents similarity score, typically computed as inner product:

sim(g (Xsi), fo (Xti)) = (8¢ (Xsi), fo (X1i))- (5.3)

For instance, ETP [145, 135] integrates contrastive learning based pre-training to align
electrocardiography (ECG) signals with textual reports. [120] use similar contrastive framework
to align 17 clinical measurements collected in Intensive Care Unit (ICU) to their corresponding
clinical notes. TEST [228] uses contrastive learning to generate instance-wise, feature-wise,
and text-prototype-aligned time series embeddings to align with text embeddings. TENT [329]
aligns text embeddings with IoT sensor signals through a unified semantic feature space using
contrastive learning. JoLT [25] utilizes Querying Transformer (Q-Former) [137] optimized with
contrastive loss to align the time series and text representations.

Similarity Matching through Other Losses. Apart from contrastive loss, other loss
functions are also employed to optimize similarity matching between time series embeddings and
text embeddings. ECG-LLM [198] aligns the distribution between ECG and language embedding
from ECG statements with an Optimal Transport based loss function to train an ECG report
generation model. MTAM [90] uses various aligning techniques, such as Canonical Correlation
Analysis and Wasserstein Distance, as loss functions to align electroencephalography (EEG)
features with their corresponding language descriptions.

LLMs as Backbones. The second type of aligning method directly uses large language

models as backbones following time series embedding layers. EEG-to-Text [259] feeds EEG
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embeddings to pre-trained BART for open vocabulary EEG-To-Text decoding and EEG-based
sentiment classification. GPT4TS [328] uses patching embeddings [186] as input to frozen pre-
trained GPT-2 where the positional embedding layers and self-attention blocks are retained during
time series fine-tuning. The method provides a unified framework for seven time series tasks,
including few-shot or zero-shot learning. Following GPT4TS, researchers further incorporated
seasonal-trend decomposition (TEMPO [26]), two-stage fine-tuning (LLM4TS [31]), domain
descriptions (UniTime [157]), graph attention mechanism (GATGPT [45]), and spatial-temporal
embedding module (ST-LLM [146]). Time-LLM [109] reprograms time series data into text
prototypes as input to LLaMA-7B. It also provides natural language prompts such as domain
expert knowledge and task instructions to augment input context. Lag-Llama [206] builds
univariate probabilistic time series forecasting model based on LLaMA architecture. In the
audio, speech and music domains, researchers have also designed dedicated encoders to embed
speech (WavPrompt [74], Speech LLaMA [125])), music (MU-LLaMA [152]), and general
audio inputs (LTU [81], SALMONN [236]), and feed the embeddings to large language models.

5.3.4 Vision as Bridge

Time series data can be effectively interpreted or associated with visual representations,
which align closer with textual data and have demonstrated successful integrations with large
language models. Therefore, researchers have also leveraged vision modality as a bridge to
connect time series with LLMs.

Paired Data. ImageBind [78] uses image-paired data to bind six modalities (images,
text, audio, depth, thermal, and Inertial Measurement Unit (IMU) time series) and learn a joint
embedding space, enabling new emergent capabilities. PandaGPT [227] further combines the
multimodal encoders from ImageBind and LLMs to enable visual and auditory instruction-
following capabilities. IMU2CLIP [177] aligns IMU time series with video and text, by pro-
jecting them into the joint representation space of Contrastive Language-Image Pre-training

(CLIP) [200]. AnyMAL [178] builds upon IMU2CLIP by training a lightweight adapter to
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project the IMU embeddings into the text token embedding space of LLaMA-2-70B. It is also
capable of transforming data from other modalities, such as images, videos, audio, into the same
text embedding space.

Physics Relationships. IMUGPT [130] generates IMU data from ChatGPT-augmented
text descriptions. It first generates 3D human motion from text using pre-trained motion synthesis
model T2M-GPT [308]. Then it derives IMU data from 3D motion based on physics relationships
of motion kinetics.

Time Series Plots as Images. CLIP-LSTM [269] transforms stock market data into
sequences of texts and images of price charts, and leverages pre-trained CLIP vision-language
model to generate features for downstream forecasting. Insight Miner [323] converts time series
windows into images using lineplot, and feeds images into vision language model LLaVA [148]

to generate time series trend descriptions.

5.3.5 Using LLMs as Indirect Tools

This type of method does not directly use large language models to process time series.
Instead, it applies large language models to generate indirect tools z(-), such as code and API
calls, to benefit time series related tasks.

Code. CTG++ [325] applies GPT-4 to generate differentiable loss functions in a code
format from text descriptions to guide the diffusion model to generate traffic trajectories. With
this two-step translation, the LLM and diffusion model efficiently bridge the gap between user
intent and traffic simulation.

API Call. ToolLLM [197] introduces a general tool-use framework composed of data
construction, model training, and evaluation. This framework includes API calls for time series
tasks such as weather and stock forecasting.

Text Domain Knowledge. SHARE [319] exploits the shared structures in human activity
label names and proposes a sequence-to-sequence structure to generate label names as token

sequences to preserve the shared label structures. It applies GPT-4 to augment semantics of
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Table 5.2. Summary of five major categories of applying LLLMs for time series analysis, including
their respective subcategories, representative works, mathematical formulations, advantages and
limitations. ¢ and x, represent text-based quantization process and image data.

Method Subcategory | Representative Works Equations Advantages Limitations
Prompting Number-Agnostic PromptCast [282] ¥ = fo(Xor%0) easy to implement; |lose semantics;
Number-Specific LLMTime [86] zero-shot capability | not efficient
VQ-VAE DeWave [63] k; = argmin; ||g¢ (Xs);i — ¢;]|2 flexibility of may require
Quantization K-Means AudioLM [22] k= [le%: Y = fo(k,x,) index and time two-stage
Text Categories TDML [297] y = fo(q(xs),X;) series conversion training
Similarity Match ETP [145] Y =8o(Xy) align semantics of | complicated
Aligning MATM [90] £=sim(gy(X,), fo(x,)) |different modalities;| design and
LLM Backbone GPT4TS [328] Y = fo(go(Xs),X) end-to-end training | fine-tuning
Vision as Paired Data ImageBind [78] £ =sim(gy (X;), hy(xy)) additional visual not hold
Bridge | TS Plots as Images [269] Y = hy(Xy) knowledge for all data
Tool Code CTG++ [325] z=fo(x/) empower LLM optimization
API ToolLLM [197] y = z(Xs) with more abilities | not end-to-end

label names. GG-LLM [83] leverages LLaMA-2 to encode world knowledge of common human
behavioral patterns to predict human actions without further training. SCRL-LG [61] leverages
LLaMA-7B as stock feature selectors to extract meaningful representations from news headlines,

which are subsequently employed in reinforcement learning for precise feature aligning.

5.4 Comparison within the Taxonomy

We compare the five categories of our taxonomy and provide general guidelines for
which category to choose based on considerations of data, model, efficiency and optimization.

Data. When no training data is available and the objective is to apply LLM for time
series in an zero-shot fashion, it is preferable to use prompting-based methods. This is because
direct prompting enables the utilization of pre-trained language models’ inherent capabilities
without fine-tuning. However, representing numbers as strings can diminish the semantic
value intrinsically tied to numerical data. Therefore, with adequate training data, quantization

or aligning-based methods become more advantageous. As shown in Figure 5.2, these two
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categories are the most extensively studied ones in existing literature. Furthermore, if time series
data can be interpreted or associated with visual representations, these representations can be
incorporated to utilize the intrinsic knowledge embedded in the vision modality or pre-trained
vision-language models.

Model. Prompting and tool integration methods tend to apply billion-parameter models
as they often apply off-the-self LLMs without architectural modifications. By contrast, aligning
and quantization methods vary from million to billion-parameter models, depending on the
specific application requirements and available computational resources.

Efficiency. Prompting-based methods are not efficient for numerical data with high
precision, as well as multivariate time series as it requires transforming each dimension into
separate univariate time series, resulting in extremely long input. They are also less efficient for
long-term predictions due to the computational demands of generating long sequences. These
methods are more effective when dealing with simple numerical data that is richly interwoven
with textual information, such as opening and closing stock prices in financial news articles. By
contrast, quantization and aligning methods are more efficient to handle long sequences, as time
series are typically down-sampled or segmented into patches before feeding into LLMs.

Optimization. Depending on the specific discretization technique, quantization-based
method may require a two-stage training process (such as first training the VQ-VAE model),
which may result in sub-optimal performance compared with that achieved through end-to-end
training in aligning methods. Using large language models as indirect tools empowers LLMs
with more capabilities to manage numerical data, but also raises the level of complexity to
optimize both LL.Ms and other components in an end-to-end fashion. Therefore, existing works

of tool integration typically employ off-the-shelf LL.Ms without further fine-tuning.
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Table 5.3. Summary of representative time series and text multimodal datasets.

Domain ‘ Dataset Size ‘ Major Modalities ‘ Task
. Eg04D2 [84] 3,670h data, 3.85M narrations text, IMU, video, audio, 3D classification, forecasting
Internet of Things
DeepSQA? [279] 25h data, 91K questions text, imu classification, question answering
. PIXIU* [278] 136K instruction data text, tables 5 NLP tasks, forecasting
Finance
MoAT? [127] 6 datasets, 2K timesteps in total text, time series forecasting
Zuco 2.0° [97] 739 sentences text, eye-tracking, EEG classification, text generation
Healthcare PTB-XL7 [250] 60h data, 71 unique statements text, ECG classification
ECG-QA® [188] 70 question templates text, ECG classification, question answering
Audio OpenAQA-5M? [81] |5.6M (audio, question, answer) tuples text, audio tagging, classification
Music MusicCaps'® [1] 5.5K music clips text, music captioning, generation
Speech CommonVoice'! [9]| 7,335 speech hours in 60 languages text, speech ASR, translation

5.5 Multimodal Datasets

Applying LLMs for time series benefits from the availability of multimodal time series
and text data. In this section, we introduce representative multimodal time series and text datasets
organized by their respective domains (Table 5.3).

Internet of Things (IoT). Human activity recognition is an important task in IoT domain,
which identifies human activities given time series collected with IoT devices (such as IMU
sensors). The corresponding text data are the labels or text descriptions of these activities.
Ego4D [84] presents 3,670 hours of daily-life activity data across hundreds of scenarios, including
household, outdoor, workplace, and leisure. The dataset is rich in modalities, including the IMU
time series measurement, and dense temporally-aligned textual descriptions of the activities and
object interactions, totaling 3.85 million sentences. Ego-Exo4D [85] further offers three kinds

of paired natural language datasets including expert commentary, narrate-and-act descriptions

Zhttps://ego4d-data.org/
3https://github.com/nesl/DeepSQA
“https://github.com/chancefocus/PIXIU
Shttps://openreview.net/pdf?id=uRXxnogDHH
Shttps://osf.io/2urht/
https://physionet.org/content/ptb-x1/1.0.3/
8https://github.com/Jwoo5/ecg-qa
“https://github.com/YuanGongND/ltu
Ohttps://www.kaggle.com/datasets/googleai/musiccaps
https://commonvoice.mozilla.org/en/datasets
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provided by the participants, and atomic action descriptions similar as Ego4D. DeepSQA [279]
presents a generalized Sensory Question Answering (SQA) framework to facilitate querying raw
sensory data related to human activities using natural language.

Finance. PIXIU [278] presents multi-task and multi-modal instruction tuning data
in the financial domain with 136K data samples. It contains both financial natural language
understanding and prediction tasks, and covers 9 datasets of multiple modalities such as text and
time series. MoAT [127] constructs multimodal datasets with textual information paired with
time series for each timestep, such as news articles extracted with relevant keywords, mostly
covering finance related domains such as fuel, metal, stock and bitcoin.

Healthcare. Zuco 1.0 [96] and Zuco 2.0 [97] datasets contain simultaneous eye-tracking
and EEG during natural reading and during annotation. PTB-XL [250] offers comprehensive
metadata regarding ECG annotated by expert cardiologists, covering information such as ECG
reports, diagnostic statements, diagnosis likelihoods, and signal-specific properties. Based on
PTB-XL, ECG-QA [188] introduces the first Question Answering (QA) dataset for ECG analysis,
containing 70 question templates that cover a wide range of clinically relevant ECG topics.

Audio/Music/Speech. AudioSet [77] is a collection of 2 million 10-second audio clips
from YouTube videos and labeled with the sounds that the clip contains from a set of 527 labels.
OpenAQA-5M [81] consists of 1.9 million closed-ended and 3.7 million open-ended (audio,
question, answer) tuples. MusicCaps [1] is a high-quality music caption dataset, including 5.5K
music clips. MTG-Jamendo [21] is a dataset with 55,000 audio songs in various languages. Libri-
Light [112] is an English dataset encompassing 60,000 hours of speech data. CommonVoice [9]
is a multilingual speech dataset consisting of 7,335 validated hours in 60 languages.

These datasets offer valuable benchmarks for multimodal time series and text analysis.
These contain both time series focused tasks, including classification, which is evaluated using
accuracy and macro-F1 scores, and forecasting, which utilizes metrics such as MSE, MAE,
RMSE, and MAPE, as well as NLP focused tasks such as captioning, question answering, and

translation, assessed through BLEU, ROUGE, METEOR, and EM scores, among others.
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5.6 Challenges and Future Directions

In this section, we introduce the challenges and promising future directions of applying

LLM:s for time series analysis.

5.6.1 Theoretical Understanding

Existing works empirically show the benefits of applying LLMs for time series analy-
sis. For example, LIFT [62] empirically shows that language model fine-tuning can work for
non-language tasks without changing the architecture or loss function; [88] empirically show
that LLMs learn linear representations of space and time across multiple scales that are robust to
prompting variations. Despite these empirical findings, there remains a gap in theoretical under-
standing of how models, primarily trained on textual data, can effectively interpret numerical
time series. As a preliminary theoretical analysis, [299] prove that Transformer models can uni-
versally approximate arbitrary continuous sequence-to-sequence functions on a compact domain.
Additionally, GPT4TS [328] theoretically shows that such generic capability of large language
models can be related to Principal Component Analysis (PCA), as minimizing the gradient with
respect to the self-attention layer shares similarities with PCA. Further investigations on the
generalizability of LLMs on numerical data is essential to establish solid understanding of the

synergy between LLMs and time series analysis.

5.6.2 Multimodal and Multitask Analysis

Existing papers that apply LLMs for time series analysis mostly focus on single modality
and single task at a time, such as forecasting, classification, text generation, and do not support
simultaneous multimodal and multitask analysis. In computer vision and audio domains, models
such as Unified-10 [163] and UniAudio [288] have unified multiple input modalities into a
sequence of discrete vocabulary tokens to support multiple tasks within a single transformer-

based architecture. More research into leveraging LLMs for multimodal and multitask analysis

92



would lead to more powerful time series foundation models.

5.6.3 Efficient Algorithms

Time series, especially those that are multivariate or possess long history information
may increase the computational complexity for existing large language models. Patching [186]
has been a widely adopted strategy to improve performance as well as reduce complexity, but
large patches may obscure the semantic information of time series and negatively impact the
performance. Therefore, developing more efficient algorithms is especially crucial for facilitating

large-scale time series analysis and enhancing interactions with end users.

5.6.4 Combining Domain Knowledge

Combining existing statistical domain knowledge with LLMs may further boost the
model’s capability for time series analysis. For example, TEMPO [26] applies time series
seasonal-trend decomposition and treats decomposed components as different semantic induc-
tive biases as input to the pre-trained transformer. FreqTST [136] leverages insights from the
frequency domain by tokenizing single time series into frequency units with weights for down-
stream forecasting. Further incorporating domain knowledge, such as wavelet decomposition,
auto-correlation analysis, and empirical mode decomposition may augment LLMs’ capabilities

in analyzing time series data.

5.6.5 Customization and Privacy

Existing works on LLLMs and time series analysis typically train a global model for all
end users. Training customized models for different users based on the global model may bring
further benefits and flexibility. Another important consideration is privacy, especially as many
time series data are collected in private settings for clinical purposes or smart home applications.
As an initial attempt, FedAlign [309] leverages federated learning frameworks and uses the

expressive natural language class names as a common ground to align the latent spaces across
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different clients. Advancing research into model customization and user privacy preservation

would broaden the scope and utility of LLM-empowered time series analysis.

5.7 Summary

This chapter presents a taxonomy of incorporating semantic context from large language
models in our framework of robust time series analysis. We present the first survey that system-
atically analyzes the categorization of transferring knowledge from large language models for
numerical time series analysis: direct prompting, time series quantization, aligning, the use of
the vision modality to connect text and time series, and the integration of large language models
with other analytical tools. For each category, we introduce their mathematical formulation,
representative works, and compare their advantages and limitations. We also introduce repre-
sentative multimodal text and time series datasets in various domains such as healthcare, 10T,
finance, and audio. Concluding the chapter, we outline the challenges and emerging directions
for potential future research of LLM-empowered time series analysis.

Chapter 5 incorporates material from the publication “Large Language Models for Time
Series: A Survey”, by Xiyuan Zhang, Ranak Roy Chowdhury, Rajesh Gupta, Jingbo Shang,
published in the survey track of the 33rd International Joint Conference on Artificial Intelligence

(IJCAI 2024). The dissertation author was primary investigator and the lead author of this paper.
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Chapter 6

Semantic Context of Label Textual Names

After introducing the taxonomy, in this chapter, we present a specific application of
applying semantic contextual knowledge from large language models for sensor time series
analysis. Specifically, we focus on an important sensing task of Human Activity Recognition
(HAR) and applies LLMs to augment the semantics of activity label names. This application is
categorized as using LLMs as indirect tools within our presented taxonomy in Chapter 5.

Current HAR techniques regard activity labels as integer class IDs without explicitly
modeling the semantics of class labels. We observe that different activity names often have shared
structures. For example, “open door” and “open fridge” both have “open” as the action; “kicking
soccer ball” and “playing tennis ball” both have “ball” as the object. Such shared structures in
label names can be translated to the similarity in sensory data and modeling common structures
would help uncover knowledge across different activities, especially for activities with limited
samples. In this chapter, we propose SHARE, a HAR framework that takes into account shared
structures of label names for different activities. To exploit the shared structures, SHARE
comprises an encoder for extracting features from input sensory time series and a decoder for
generating label names as a token sequence. We also propose three label augmentation techniques
to help the model more effectively capture semantic structures across activities, including a basic
token-level augmentation, and two enhanced embedding-level and sequence-level augmentations

utilizing the capabilities of pre-trained models. SHARE outperforms state-of-the-art HAR
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Figure 6.1. Existing HAR framework vs SHARE. SHARE exploits shared label structures and
generates activity name sequences as prediction, rather than predicting integer class IDs. We
also design three label augmentations at different levels to better capture shared structures.

models in extensive experiments on seven benchmark datasets. We also evaluate in few-shot

learning and label imbalance settings and observe even more significant performance gap.

6.1 Introduction to Leveraging Shared Label Structures for
HAR

Sensor-based human activity recognition (HAR) identifies human activities using sensor
readings from wearable devices. HAR has a variety of applications including healthcare, motion
tracking, smart home automation, human-computer interaction [99, 47, 39, 171, 133, 290]. For
example, acceleration sensors attached to legs record subjects walking around and perform-
ing daily activities for gait analysis for Parkinson’s disease patients [13]; accelerometer and
gyroscope can monitor user postures to detect falls for elderly people [267].

While tremendously valuable, HAR data remain difficult to collect due to security or
privacy concerns, as human subjects involved in the collection process may not consent to data
sharing or data transmission over the network. This often leads to local training at the edge using
limited samples from just a few human subjects. Additionally, certain types of human activities
happen less frequently by nature, further complicating data collection.

We note that existing HAR methods treat labels simply as integer class IDs and learn their
semantics purely from annotated sensor data. This is less effective especially when labeled data

are limited. To achieve better recognition performance, prior research mostly is concentrated on
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Figure 6.2. (a) Labels in HAR datasets typically share common structures. (b) T-SNE visualiza-
tion of sensory data in Opportunity dataset [209]. Activities with the same actions or objects
(marked by the same colors) are closer. The same color represents common actions (left) or
common objects (right).

designing better feature extraction modules [191, 69, 202, 132] while largely overlooking the
advantages of modeling label structures. Since sensory readings measuring human activities are
time series data, existing time series classification models are also applicable to HAR. These
methods, however, are also primarily focused on enhancing feature extraction [58, 302, 49]. It
is noteworthy that both HAR and time series classification methods in the literature miss the
modeling of label name structures.

We argue that a more effective approach to learning activity semantics is through label
name modeling, as activity names in HAR datasets often share structures that reflect the similarity
between different activities. For example, both “open door” and “open fridge” (sharing the
action “open”) involve pulling a (fridge) door around a hinge (while “open door” first rotates
the knob to release the lock and “open fridge” directly pulls the handle); both “stairs up” and
“stairs down” (sharing the object “stairs”) need to bend the knees and extend the legs. Figure 6.2a
illustrates more examples of activity label names in typical HAR datasets (e.g., “eat pasta” and
“eat sandwich”, “elevator up” and “elevator down”). The common actions or objects in these
examples translate to similarities in the IMU data space. As shown in Figure 6.2b, we apply
t-SNE visualization on sensor readings from the Opportunity dataset [209]. We color different
activities by common actions or objects. Activities of the same color (sharing the same action or

object in label names) appear closer in the embedding space, indicating stronger similarity in the
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original sensory measurements. Such mapping between input features and label names motivates
us to design a more effective learning framework that extracts knowledge from label structures.

To this end, we propose SHARE, shown in Figure 6.1, which models both input sensory
data features and label name structures. SHARE comprises an encoder for extracting features
from sensory input and a decoder for predicting label names. Unlike existing HAR models
that output integer class IDs as prediction results, SHARE outputs label name sequences,
thus preserving structures among various activities and providing a global view of activity
relationships. During training, we optimize the model by minimizing the differences between
predicted label names and ground-truth label names. During inference, we exploit a constrained
decoding method to produce only valid labels.

We also design three label augmentation methods at different levels to better capture
shared structures across activities. The basic token-level augmentation randomly replaces the
original label sequences by their meaningful tokens (e.g., all actions of “eat X are treated as a
class of “eat”). This happens only during training and helps the model consolidate semantics of
shared structures across different activities. We further develop two embedding- and sequence-
level augmentations leveraging pre-trained models. At the embedding level, we integrate
pre-trained word embeddings to capture shared semantic meanings not obvious in label names
(e.g., the similarity between “walk” and “run’). At the label sequence level, for HAR datasets
that do not have shared structures in their original labels, we offer an automated label generation
method to generate new labels with shared tokens while preserving the same semantic meanings,
leveraging large language models. Specifically, we use OpenAl’'s GPT-4 [190] to extend atomic,
non-overlapping label names into sequences of meaningful tokens. To the best of our knowledge,
SHARE is the first solution to HAR classification via decoding label sequences. We evaluate
SHARE on seven HAR benchmark datasets and observe the new state-of-the-art performance.
We summarize our main contributions as follows:

* We find shared structures in label names map to similarity in the input data, leading to a more

effective HAR framework, SHARE, by modeling label structures. SHARE captures knowledge
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across activities by uncovering information from label structures.

* We propose three label augmentation methods, each targeting at a different level, to more
effectively identify shared structures across activities. These include a basic token-level
augmentation and two pre-trained model-enhanced augmentations at the embedding level and
at the label sequence level.

* We evaluate SHARE on seven HAR benchmark datasets and observe the new state-of-the-art
performance. We also conduct experiments under few-shot settings and label imbalance

settings and observe even more significant performance improvement.

6.2 Related Work

Human Activity Recognition. Existing HAR approaches can be categorized into
statistical methods and deep learning based methods [40, 313]. Traditional methods are based
on data dimensionality reduction, spectral feature transformation (e.g., Fourier transformation),
kernel embeddings [196], first-order logic [301] or handcrafted statistical feature extraction
(e.g., mean, variance, maximum, minimum) [70]. These features are then used as input to
shallow machine learning methods like SVM, and Random Forest. In recent years, deep
learning methods have advanced automatic feature extraction and have begun to substitute
hand-crafted feature engineering in HAR [89, 69, 290] , including convolutional neural networks,
recurrent neural network, attention mechanism, and their combinations. DeepConvLSTM [191]
is composed of convolutional layers for feature extractors and recurrent layers for capturing
temporal dynamics of the feature representations. MA-CNN [202] designs modality-specific
architecture to first learn sensor-specific information and then unify different representations
for activity recognition. SenseHAR [107] proposes a sensor fusion model that maps raw
sensory readings to a virtual activity sensor, which is a shared low-dimensional latent space.
AttnSense [167] further integrates attention mechanism to convolutional neural network and

gated recurrent units network. THAT [132] proposes a two-stream convolution augmented
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Transformer model for capturing range-based patterns. We shall note that these models focus
on designing more effective feature extractors for better performance but neglect the semantic
information in label names, which is the focus of this work.

Time Series Classification. HAR data are time-stamped sensor series, enabling the use
of time series classification methods. Existing time series classification models fall into two
categories: statistical and deep learning methods. Statistical methods are based on nearest neigh-
bor [14, 222], dictionary classifier [215], ensemble classifier [144, 219], etc. These statistical
methods are more robust to data scarcity but do not scale well when the feature numbers in
high-dimensional space become huge. On the other hand, deep learning methods can extract
features from high-dimensional data but require abundant data points to train an effective model.

Convolutional Neural Networks (FCN and ResNet) [260, 105] and Recurrent Neural
Networks [114, 115] show better performance compared with statistical methods. TapNet [321]
is an attentional prototype network that calculates the distance to class prototypes to learn feature
representations. ShapeNet [134] performs shapelet selection by embedding shapelet candidates
into a unified space and trains the network with cluster-wise triplet loss. SimTSC [303] formulates
time series classification as a graph node classification problem and uses a graph neural network to
model similarity information. Recently, Rocket [58] applies plenty of random convolution kernels
for data transformation and attains state-of-the-art accuracy. MiniRocket [59] maintains the
accuracy and improves the processing time of Rocket. TST [302] and TARNet [50] incorporate
unsupervised representation learning which offers benefits over fully supervised methods on
the downstream classification tasks. Similar to existing HAR methods, time series classification
models focus on designing more advanced feature extraction or unsupervised representation
learning methods without taking into account the label semantics, whereas SHARE models the
shared structures in the label set for more effective representation learning.

Label Semantics Modeling. Given label name semantics as prior knowledge, classi-
fication tasks can benefit from modeling such semantics through knowledge graph [249] or

textual information [12, 200, 326, 309]. Tong et al. [241] exploit knowledge from video action
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Figure 6.3. Framework of SHARE. We encode the time series features and decode the label
sequences as predictions. We further design three augmentation methods at different levels to
better capture the shared semantic structures.

recognition models to construct an informative semantic space that relates seen and unseen
activity classes. Recent works designed specifically for zero-shot learning in human activity
recognition also combine semantic embeddings [173, 273, 255]. However, these works mostly
calculate the mean embeddings for labels with multiple words, which misses label structures and
is suboptimal. Unlike these works, SHARE preserves label structures and enables knowledge

sharing through decoding label names for generic HAR.

6.3 Preliminary

We focus on human activity recognition such as walking and sitting, captured by the
sensory time series data in a given time period. We formulate HAR settings of conventional
methods and SHARE.

Conventional HAR. We denote HAR data in conventional methods as 2" = {(x;,¢;)}Y,,
X; ~ 2 ,ci ~ %€, where Z and € denote the input space and the label space. Each sample of
time series input is denoted as x; € R7*¥, where T} is the length of the time series, and v is the
number of measured variables. The label space % contains C classes, and each label ¢ is an
integer from {1,2,---,C}.

SHARE. We denote dataset in SHARE as 2 = {(x;,yi)}Y_q,xi ~ 27,yi ~ %, where
data space 2 is the same as conventional HAR methods, and ¢ denotes the label space in

SHARE. We denote y; = [yi1,Yi2," - ,Vi;] as a sample human activity label sequence, where
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Algorithm 1: SHARE Framework
N Ne

Input :Training set Z; = {X;, ¥}, test set Zie = {X;,¥i}:%-

Model :Encoder fg, Decoder gg.
Output : Predicted label sequences on test set {ﬁi}é\ieo.
if no shared tokens in % then

L Sequence-Level augmentation to % ; // Sec 6.4.4

[ S

3 while not converge do

s | Sample (x;,yi) ~ %

5 Token-Level augmentation y; < y; ; // Sec 6.4.3
6 Encoder feature extraction z; = f(x;;0) ; // Sec 6.4.1
7 Embedding-Level augmentation and label sequence decoding §; = g(z;;9) ;

// Sec 6.4.2,6.4.4
8 Optimize 0 and ¢ through Equation 6.4;

9 for (x;,y;) € Z do
10 Encoder feature extraction z; = f(x;;0);
11 Embedding-Level augmentation and label sequence constrained decoding

§i = argmaxy, .o Py (yilz);

12 return predicted label sequences {¥; f.vfo.

k; is the length of the label sequence y;. For example, the label “walk upstairs” contains a
word sequence of length two, [“walk”, “upstairs”] respectively. The label space % contains C
classes and M tokens. Instead of presenting labels as independent integer IDs, there exist shared
structures across different labels in the label space %'. For example, “walk upstairs” and “walk
downstairs” both have “walk” in label names. Formally, there exist labels y;,y;, i # j that have

the same word y;;, = y;;, where 1 <m < k;,1 <[ < k; are positions in y; and y;.

6.4 Methodology

We design a label structure decoding architecture for HAR, called SHARE, that exploits
label structures and promotes knowledge sharing across activities. SHARE consists of two
modules: Time Series Encoder and Label Structure-Constrained Decoder. We pass multivariate
sensory readings as input to the encoder and use the extracted feature vector to initialize the

hidden states of the decoder. The decoder generates an activity name sequence (e.g., “‘climb
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stairs”) as the prediction label. By binding sensory features with label structures, the structures
in label names help the model better learn the similarity in the sensory data. We further propose
three augmentation methods, including one basic token-level augmentation (randomly selecting
from “climb”, “stairs”, “climb stairs™) and two pre-trained model-enhanced augmentations at
embedding (using pre-trained embeddings to initialize “climb” and “stairs” word embeddings)
and label sequence levels (rephrasing “climb stairs” as “leg up” which share more tokens with

other label names), to better capture shared structures across different activities. We summarize

the pipeline of SHARE in Figure 6.3 and Algorithm 1.

6.4.1 Time Series Encoder

We use fp : 2 — 2 C RY parameterized by 6 to denote the time series encoder. This part
appears in both conventional HAR and SHARE. The encoder maps data from the input space 2
to the d-dimensional hidden space %. For conventional HAR, the final predictions are obtained
from the hidden representations after a fully connected layer fc. Denote & = fc(f(x;;0)) € R¢
as the distribution of the predicted label. Optimization is based on the cross-entropy loss between

prediction ¢; and ground truth c;:

argminEy, ). CE(c;, &) (6.1)

In SHARE, the encoded representations z; = f(x;; 0) are used to initialize hidden states of
the decoder, instead of being directly used for classification. This transfers learned representations
from the encoder to inform the structured decoding process. To instantiate the time series encoder,
we keep both efficacy and efficiency in mind, given that HAR models usually run on edge devices
with limited compute. Therefore, we use one-dimensional Convolutional Neural Networks
(CNN), as they are relatively lightweight with superior capability in extracting time series

features [260, 56, 202, 317].

103



6.4.2 Label Structure-Constrained Decoder

We use gy : Z° — % parameterized by ¢ to denote the label structure-constrained
decoder in SHARE. The decoder generates word sequences in the label space % given the
encoded representations as initialization of the decoder hidden states. Following our notation
in Section 6.3 (Problem Setting), we further require that each label name sequence starts from
a start token (s) and ends at an ending token (e). Specifically, y; = [yio,Yi1,Yi2, -, Vik;» Viki+1)»
where yio = (s), yixr1 = (€). Decoding the token (e¢) means that we reach the end of the label
sequence. At each decoding step, we estimate the conditional probability Py of decoding label y;
from x;, given the encoded representations z; from the encoder as:

k,‘-i—l
Py (yitvizs-+ Yikr112) = [ ] Po (vielzivio,yir, -+, yi—1)- (6.2)

t=1

Training. During the training of SHARE, we adopt the teacher forcing strategy [268]
where the ground truth label token y;; at each decoding step ¢ is used as input to be conditioned on
for predictions at decoding step ¢ + 1. Teacher forcing improves convergence speed and stability
during training. We optimize SHARE based on cross-entropy loss between the predicted label

sequence ¥; and the ground truth label sequence y;:

yi=2g(f(xi:0):9), (6.3)
1 &
argminE(xi,yi)NQE Y CE(yij,5ij), (6.4)
ij=1

where ¥;; € RM indicates distribution of jth predicted token of §;.

Inference with Constrained Decoding. During inference decoding, predicted label
token y; from the current decoding step 7 is used as input to be conditioned on for predicting
tokens at step # + 1. In typical natural language processing tasks, e.g., machine translation, it is

common to decode the sequence using beam search during inference. However, beam search
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Figure 6.4. Illustration of basic token-level augmentation. We augment the original label name
sequence by randomly choosing its meaningful tokens or the sequence itself .

would not work properly as it only tracks a pre-defined number of best partial solutions as
candidates in decoding, and the final predictions may not belong to our label space. To guarantee
that all generated labels are valid, we adopt a constrained decoding method. We start from
the start token and iterate over all valid label sequences in the label set. We then calculate the
probability of decoding each valid label sequence and choose the one with the highest probability
as the final predicted label. The decoding is constrained as we only keep track of the valid partial
sequences during decoding. In HAR datasets, the size of the label set is relatively small, and
constrained decoding consumes only a small constant of memory (the size of the label set). At
step ¢, we calculate the probability for all the valid partial sequences of length ¢ and pass them
into the decoder for generating tokens at step 7 + 1. The final inference prediction is the sequence

that maximizes the overall sequence probability:

§i = argmax Py (y;|z;). (6.5)
yie¥

We use Long Short-Term Memory (LSTM) as an example for our label structure-constrained
decoder, given its effectiveness in modeling sequential dependencies [191]. We transform the
CNN-extracted features z; through two separate linear layers to initialize the hidden state and

cell state of LSTM.
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6.4.3 Basic Token-Level Label Augmentation

To better learn the semantics of each token in the label sequence, we apply a token-
level label augmentation strategy as illustrated in Figure 6.4. During training, with pre-defined
probability, we randomly choose meaningful single words from the original label sequence as
the new labels. For example, an original label sequence “ascending stairs” contains single words
“ascending” and “stairs”, so we randomly select from “ascending”, “stairs”, and “ascending
stairs” as the new labels during training. Following notation in Section 6.3 (Problem Setting),
the original label y; = [yi1,yi2, - - ,Vik;] is augmented as a set of new labels {y;,yi1,yi2, -, Vik; }
containing the label sequence y; and its meaningful tokens. For each iteration, with a pre-defined
probability we randomly select the new label y; from the new label set as the actual label.
Optimization with token-level label augmentation can be formulated as:

k.
. Xl A
argmm]E(Xuyz')NDEYfN{yzvyn7yi27-" Vi) 1 Ztl CE(y;j’yiJ')? (6.6)
l ]J=

where k] is the length of the new label y, y;; is the jth token of y;, and J; is the distribution of
the predicted jth token. Since the goal of label augmentation is to help the model better capture
the semantics of different activities, we only choose meaningful single tokens in the original
label sequences (e.g., actions and objects) as new labels. Other single tokens like stop words
or numbers (e.g., “1” in “open door 1”’) will not count as new labels. Note that the token-level
augmentation is only applied during training. During evaluation, the ground truth label stays the
same as the original label. Because we adopt a constrained decoding method during inference, it

is guaranteed that all the generated label sequences are valid sequences in the original label sets.

6.4.4 Enhanced Embedding-Level and Sequence-Level Augmentations

Apart from the basic token-level augmentation, we also develop two enhanced augmen-
tation techniques to better capture label structures from embedding and sequence levels by

leveraging the power of pre-trained models.
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Figure 6.5. T-SNE visualizations show analogous clusters between input data and ImageBind
word embeddings. Activities in the same color represent clusters of similar activities.

Embedding-Level Augmentation. Our label structure decoding architecture can capture
label structures explicitly presented as shared label names. Yet, apart from these explicit
shared label names, there may also exist semantic structures that implicitly span across different
activities. For example, “walk” and “run” are similar activities involving the movement of
legs, but they don’t directly share label names. We have observed that such semantic structures
can be captured by word embeddings from pre-trained models. We thus propose to use word
embeddings from pre-trained models to initialize our decoder’s word embedding layer, replacing
the original random initialization. Specifically, we utilize word embeddings from ImageBind,
a multimodal pre-trained model that learns a joint embedding space across six modalities. As
shown in Figure 6.5, we apply t-SNE visualization to both the ImageBind word embeddings and
the input sensor readings from some example activities in PAMAP dataset [207]. For activity
names comprising multiple tokens, we calculate the average embedding of the aggregated tokens.
T-SNE visualizations show similar clusters between ImageBind word embeddings and original
data embeddings. As a result, incorporating pre-trained word embeddings helps SHARE better
capture semantic structures.

Sequence-Level Augmentation. Most HAR datasets have sufficient overlapping struc-

tures in label names. However, there also exist datasets that do not have or rarely have shared
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Table 6.1. Dataset statistics and an example subset of shared label names.

Dataset ‘ Train Test Window Size Channel Class Num An Example Subset of Shared Label Names
Opportunity [209] | 2891 235 150 45 17 open door, open drawer, close drawer, open fridge, open dishwasher
PAMARP?2 [207] | 14438 2380 512 27 12 ascending stairs, descending stairs, walking, nordic walking
UCI-HAR [5] | 7352 2947 128 9 6 walk, walk upstairs, walk downstairs
USC-HAD [312] | 17576 9769 100 6 12 run forward, walk forward, elevator up, elevator down, jump up
WISDM [265] | 12406 3045 200 6 18 eating soup, eating pasta, kicking soccer ball, playing tennis ball
Harth [160] | 14166 3588 300 6 12 sitting, standing, cycling sitting, cycling standing, cycling sitting inactive

tokens in their original label names. For these datasets, we can use large-scale language models
to automatically generate label names with shared tokens. Specifically, we employ GPT-4 with
the following prompt:

Describe the following activities one by one with information of 1. body part used, 2.
action or adverb, 3. object (if involved). Please maximize the number of shared tokens across
different activities and make the description as short as possible.

As human activities naturally have shared actions and objects, the prompt helps find
common tokens across activities. With the aid of pre-trained language model, such a process
is performed with minimal human expert effort. Based on the structured information provided
by the pre-trained model, we can summarize the label names with shared tokens. We apply
sequence-level augmentation mostly for datasets without original shared tokens. If the target
HAR dataset already has sufficient overlapping tokens, we will directly use the original label

names provided by human experts.

6.5 Evaluation
6.5.1 Datasets, Baselines, and Metrics

We use six HAR benchmark datasets for evaluation, summarized in Table 6.1 with
examples of shared label names. We split data and choose window size following previous

works [107, 50]. The training and testing split is based on different participating subjects.
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Opportunity' [209] collects readings from 4 users with 6 runs per user. Sensors include
body-worn, object, and ambient sensors. The full dataset includes annotations on multiple levels,
and we use mid-level gesture annotations which contain shared label structures.

PAMAP2? [207] comprises readings collected from 9 subjects wearing 3 IMUs sampled
at 100 Hz and a heart rate monitor sampled at 9Hz. Three IMUs are positioned over the wrist on
the dominant arm, on the chest, and on the dominant side’s ankle, respectively.

UCI-HAR? [5] is collected from a group of 30 volunteers. A Samsung Galaxy S II
smartphone was attached on their waist. Feature vectors were further extracted from each sliding
window of the collected data in the time and frequency domain.

USC-HAD* [312] involves 14 subjects performing 12 low-level activities. They use
MotionNode (6-DOF IMU for human motion sensing applications) to collect the datasets.

WISDM? [265] is collected from accelerometer and gyroscope sensors in smartphone
and smartwatch at a rate of 20Hz. 51 subjects perform 18 activities for 3 minutes respectively.

Harth® [160] involves 12 activities and 22 subjects using two three-axial accelerometers
attached to the thigh and lower back, and a chest-mounted camera (for data annotation).

We compare SHARE with a list of human activity recognition (DeepConvLSTM [191],
MA-CNN [202], HHAR-net [69], THAT [132]) and time series classification baselines (XG-
Boost [42], Rocket [58], TST [302], TARNet [50]), including both statistical approaches and
state-of-the-art deep learning based models.

We evaluate the performance of SHARE and baselines using accuracy and macro-F1.
Macro-F1 is defined as macro-F1= %):iczl 2 x brecixReqi yhere Prec;, Rec; represent the preci-

Prec;+Rec;’

sion and recall for each category 7, and C is the total number of categories.

Thttps://archive.ics.uci.edu/ml/datasets/opportunity+activity+recognition

Zhttp://archive.ics.uci.edu/ml/datasets/pamap2+physical+activity+monitoring

3http://archive.ics.uci.edu/ml/datasets/Human+Activity+Recognition+Using+Smartphones

“https://sipi.usc.edu/had/

Shttps://archive.ics.uci.edu/ml/datasets/ WISDM+Smartphone+and+Smartwatch+Activity+and+Biometrics+
Dataset+

®https://github.com/ntnu-ai-lab/harth-ml-experiments
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6.5.2 Experimental Setup

We use a two-layer convolutional neural network as the encoder for extracting features.
The kernel sizes for both layers are set to 3 and each layer is followed by batch normalization.
We adopt LSTM with a hidden dimension of 128 as the decoder, based on a grid search of
{64,128,256}. We use Adam optimizer with learning rate 0.0001 based on a grid search of
{0.00001,0.0001,0.001,0.01} and batch size 16. For all datasets, we further randomly split
the training set into 80% for training and 20% for validation. We conduct the experiments
in PYTORCH with NVIDIA RTX A6000 (with 48GB memory), AMD EPYC 7452 32-Core
Processor, and Ubuntu 18.04.5 LTS. We tune the hyper-parameters on the validation set and then

combine training and validation set to re-train the models after hyper-parameter tuning.

6.5.3 Results

We repeat 5 runs and report the average accuracy, macro-F1 score, and standard deviations
of SHARE and baselines in Table 6.2. We see that SHARE consistently outperforms both
statistical and deep learning based human activity recognition and time series classification
approaches, in terms of both accuracy and macro-F1 score. SHARE reduces the error rate (i.e., 1
- accuracy) on six datasets by approximately 20%, 30%, 34%, 9%, 9%, 11% compared with each
dataset’s best-performing baseline. Compared with the hierarchical baseline HHAR-net which
models activities in a simple 2-layer hierarchical model, SHARE can model much more complex
dependencies not necessarily in a hierarchical structure (e.g., “open door”, “open drawer”,
“close drawer” with pairwise overlap, forming a graph rather than tree structure), without the
cost of manual labeling from experts. TST and TARNet leverage unsupervised representation
learning to boost classification performance. However, they do not explicitly take account of
label structures to model relations across different activities. Other top-performing HAR or

time series classification methods, such as Rocket and THAT, propose better feature extractors

to improve recognition performance, but they also neglect the label name structures. SHARE
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is capable of leveraging the inherent shared structures in label names, leading to the highest
accuracy and macro-F1 score.

To assess the statistical significance of the performance differences between SHARE
and the baselines, we apply the Wilcoxon-signed rank test with Holm’s & (5%) following the
procedures described in ShapeNet [134, 98]. The Wilcoxon-signed rank test indicates that the
improvement of SHARE compared with all the baselines is statistically significant with p far

below 0.05 (e.g., p = 5 x 10~ for the best-performing baseline THAT).

6.5.4 Model Variants

We also compare SHARE with some of its variants to examine the source of the perfor-
mance gain. For all variants, we use the same encoder for feature extraction as SHARE.

e VanillaHAR: We use the same encoder as SHARE to extract features embedded in the data,
and directly append a linear layer for classification without label name modeling.

* VanillaHAR + ImageBind embeddings: We also try directly incorporating ImageBind
embeddings into VanillaHAR. This variant has two separate linear branches at the end. One
branch is for classifying the labels, and the other branch predicts embeddings for the label
names. During training, apart from the classification cross-entropy loss, we maximize the
cosine similarity between the predicted embeddings and the pre-trained ImageBind embeddings.
If the label names have multiple words, we use the average ImageBind embedding of each
word as the embedding for the entire label name sequence.

» multi-label classification: We also try two separate classifiers subsequent to the encoder. The
first classifier predicts the original labels, and the second operates as a multi-label classifier
that estimates individual tokens within the label sequences. For example, to predict the class
“walk forward”, the second classifier labels “walk” and “forward” as positive and other tokens
as negative. Classification of shared tokens helps learn dependencies across activities, and
during testing, we only compare scores from the first classifier for original activity classes.

* no aug: We keep the model architecture but remove all three label augmentations.
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Table 6.4. Original/generated label names for Mhealth data.

Original Label Names

Generated Label Names

standing still

sitting and relaxing

lying down

walking

climbing stairs

waist bends forward
frontals elevation of arms

knees bending (crouching)

leg still
buttocks still
back down
leg walk

leg up

back forward
arm up

leg forward

cycling leg cycle
Jogging leg jog
running leg jog fast
jump front and back leg jump

Table 6.5. Model variants on Mhealth. We bold the best score and underline the second best.

Datasets | Metrics | notoken aug noembedaug no seqaug SHARE
Mhealth Accuracy | 0.9684+0.027 0.949£0.019 0.908+0.008 0.975+0.014
ea
Macro-F1 | 0.96940.027 0.949+£0.021 0.905+0.012 0.974+0.013

* no token aug: We stay with the label structure decoding architecture but remove token-level
augmentation during training.

* no embed aug: We randomly initialize the decoder word embedding layer instead of using
ImageBind word embeddings.

* no seq aug: The Mhealth dataset [17] (available at UCI Machine Learning Repository’) rarely
has shared tokens in its original label names. We compare the performance of SHARE on its
original non-overlapping label names and pre-trained model-augmented shared label names.

As shown in Table 6.3, we observe significant improvement from only applying a feature

Thttp://archive.ics.uci.edu/ml/datasets/mhealth+dataset
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Figure 6.6. Macro-F1 of SHARE, VanillaHAR and best-performing baselines with reduced
training samples and window size.

encoder to the proposed label structure architecture that decodes label names. Regressing
label name embeddings by optimizing a cosine similarity loss with ImageBind embeddings
only slightly improves the performance. This demonstrates that directly incorporating word
embeddings does not explicitly take into account the shared label name structures and loses
information when aggregating multiple words into a single label embedding. By contrast, SHARE
generates label sequences which preserves the label structures and encourages knowledge sharing
across activities. Compared with multi-label classification, our label structure decoding approach
can preserve the word order (especially for multi-gram) and word correlation in label sequence.

Moreover, the performances degrade after removing either token-level or embedding-
level augmentation (or removing both), which validates their importance in capturing shared
word semantics. For sequence-level augmentation, we summarize the original and generated
label names from pre-trained model (GPT-4) in Table 6.4. We compare SHARE using generated
label names against both baselines (Table 6.6) and our model variants (Table 6.5) on the Mhealth
dataset. With the help of the automated label generation method, SHARE demonstrates state-of-
the-art performance for HAR datasets without original shared label names. Moreover, we observe
that sequence-level augmentation and embedding-level augmentation serve as complementary

strategies that synergistically enhance performance.
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Figure 6.7. Macro-F1 of example activities with shared label names for SHARE and VanillaHAR
on Opportunity dataset with long-tail label distribution.

6.5.5 Few-Shot Settings

We further evaluate SHARE under various few-shot settings.

Reduced Training Samples. We randomly reduce the number of samples in the training
set from two HAR datasets (Opportunity and UCI-HAR) to 20%, 40%, 60%, and 80%, and
evaluate the macro-F1 on the same original test set. We conduct the experiments for 5 runs
and report both average Macro-F1 as well as standard deviation. Figure 6.6a illustrates the
performance trend of SHARE, VanillaHAR as well as the best-performing baselines when we
vary the size of the training set. As we can observe from the figure, the macro-F1 generally
increases as the number of available training samples increases. On top of that, the performance
gap between SHARE and other methods becomes larger when there are fewer training data
available, showing that decoding label names helps learn the common structures that are shared
across different classes.

Label Imbalance. The above experiment reduces training samples for all the classes.
Many HAR datasets also naturally have a long-tail distribution where some activities have fewer
samples as being more difficult to collect. We also experiment under such label imbalance

scenarios as shown in Figure 6.7. We compare SHARE and the vanilla classification model
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Figure 6.8. Confusion matrix of VanillaHAR and SHARE on Opportunity dataset. SHARE
better discriminates different activities, exemplified by classes with red squares.

VanillaHAR by visualizing example activities with shared tokens. The activity names are sorted
in decreasing order by the label percentage in the dataset. The performance grows significantly
when adopting the label structure decoding architecture, as decoding label names helps transfer
the shared word semantics to those classes with fewer available samples. For example, for the

13

tail classes “open drawer 17, “close drawer 1”7, “open drawer 2”, VanillaHAR shows a low F1
score (even zero for “close drawer 1), while SHARE substantially improves the performance on
these classes, as SHARE is able to leverage label structures to learn from other classes.
Reduced Window Size. We also reduce the sampling frequency (window size) on both
training and test sets by a factor of 2,4,8 and report the performance of SHARE, VanillaHAR as
well as the best-performing baselines in Figure 6.6b. SHARE also stays robust with respect to
down-sampling factors, as it encourages knowledge transfer via modeling label name structures.

We observe that our proposed SHARE consistently outperforms VanillaHAR and baselines under

different down-sampling factors.

6.5.6 Case Study

We further explore the benefits of modeling label structures through some case studies.
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Figure 6.9. T-SNE visualization on feature space. SHARE better preserves the semantics.

Confusion Matrix. We use Opportunity dataset as an example and show through
the confusion matrix in Figure 6.8 that SHARE better discriminates activities compared with
VanillaHAR, especially for activities with fewer samples. In Figure 6.8, values at the i-th row and
Jj-th column represent the number of instances that have ground truth label i and are predicted as
label j. “open drawer 1” instances mispredicted as “close drawer 17 are reduced from 2 to 0, and
the correctly predicted instances increase from 1 to 4.

Feature Embedding. We apply t-SNE visualization to the feature space of VanillaHAR
and SHARE on the WISDM dataset. We visualize the average feature of each activity, as
illustrated in Figure 6.9. VanillaHAR loses the semantic information in the feature space. For
example, “eating soup” is positioned at a large distance from other “eating”-related activities. By
contrast, SHARE preserves the label structures in the feature space, indicating a more coherent

and precise mapping of related activities.

6.5.7 Complexity Analysis

We compare the model complexity of SHARE and the best-performing deep models TST,
TARNet and THAT on PAMAP2 data. We compute the number of parameters, the model size
(number of bytes required to store the parameters), and the average running time for a batch of 16

samples (averaged over 10000 runs). We conduct the complexity analysis on a single NVIDIA
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Table 6.7. Model complexity analysis.

Model | # of Params Model Size Avg Running Time Per Batch
TST 1.195M 4.786MB 0.014s
TARNet 0.310M 2.465MB 0.016s
THAT 3.207M 12.828MB 0.018s
SHARE 0.219M 0.878MB 0.003s

RTX A6000 48G GPU. For TST, we only compare the complexity for the supervised fine-tuning
phase. As shown in Table 6.7, SHARE has the smallest number of parameters, model size, and

average running time, while outperforming more complex deep models.

6.6 Summary

In this chapter, we study a specific application of incorporating semantic contextual
knowledge to improve human activity recognition. We propose a novel HAR approach, SHARE,
that explicitly models the semantic structure of class labels and classifies the activities by
decoding label sequence. SHARE enables knowledge sharing across different activity types via
label name modeling and alleviates the challenges of annotated data shortage in HAR, compared
with conventional methods that treat labels simply as integer IDs. We also design three label
augmentation techniques, at token, embedding and sequence levels, to help the model better
capture semantic structures across activities. We evaluated SHARE on seven HAR benchmark
datasets, and the results demonstrate that our model outperforms state-of-the-art methods.

There are a few remaining challenges that we plan to address in the future. We plan to
adapt our design to more complex backbone models, as well as image-based or video-based
human activity recognition. We also plan to experiment on other types of datasets that also
have shared label name structures , e.g., medical datasets with shared disease names. Also, in
this chapter, we assume that the shared label name structures very likely imply similarity in

activity types. However, the assumption may not hold when we extend the problem scope to
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simultaneously handling multiple datasets where the same label names may correspond to slightly
different data collection settings. We believe further investigation to lift such an assumption will
offer meaningful insights.

Chapter 6 incorporates material from the publication “Unleashing the Power of Shared
Label Structures for Human Activity Recognition”, by Xiyuan Zhang, Ranak Roy Chowdhury,
Jiayun Zhang, Dezhi Hong, Rajesh Gupta, Jingbo Shang, published in Proceedings of the 32nd
ACM International Conference on Information and Knowledge Management (CIKM 2023). The

dissertation author was primary investigator and the lead author of this paper.
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Chapter 7

Combining Physical and Semantic Context

The model we introduced in the previous chapter enables knowledge transfer across
activities by incorporating semantic contextual knowledge. Despite its effectiveness, the model’s
ability to generalize is restricted to a limited set of activities, and it also fails to generalize to
new datasets featuring varied device placements and mounting orientations. In this chapter, we
combine physical and semantic contextual knowledge to develop a more unified pre-trained
model for human activity recognition or motion time series classification, which generalizes to
diverse device latent factors and activities. We integrate physical context by simulating motion
time series from motion skeletons based on the motion equations. Additionally, we incorporate
semantic context by similarity matching between paired motion time series and motion textual
descriptions, which is categorized as aligning within our presented taxonomy in Chapter 5.

Motion time series collected from mobile and wearable devices such as smartphones and
smartwatches offer significant insights into human behavioral patterns, with wide applications in
healthcare, automation, [oT, and AR/XR due to their low-power, always-on nature. However,
given security and privacy concerns, building large-scale motion time series datasets remains
difficult, preventing the development of pre-trained models for human activity analysis. Typically,
existing models are trained and tested on the same dataset, leading to poor generalizability across
variations in device location, device mounting orientation and human activity type. In this

chapter, we introduce UniMTS, the first unified pre-training procedure for motion time series
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that generalizes across diverse device latent factors and activities. Specifically, we employ a
contrastive learning framework that aligns motion time series with text descriptions enriched
by large language models. This helps the model learn the semantics of time series to generalize
across activities. Given the absence of large-scale motion time series, we derive and synthesize
time series from existing motion skeleton data with all-joint coverage. Spatio-temporal graph
networks are utilized to capture the relationships across joints for generalization across different
device locations. We further design rotation-invariant augmentation to make the model agnostic
to changes in device mounting orientations. Our model shows exceptional generalizability across
18 motion time series classification benchmark datasets, outperforming the best baselines by

342.3% in the zero-shot setting, 16.3% in the few-shot setting, and 9.2% in the full-shot setting.

7.1 Introduction to Unified Pre-training for Motion Time
Series

Recognition of human motion using time series from mobile and wearable devices,
such as accelerations and angular velocities, is widely adopted as a key context information
for various applications from health condition monitoring [17], sports activity analysis [3] to
user habit studies [221]. Compared with vision-based approaches, methods based on motion
sensor time series offer more energy-efficient and cost-effective solutions with enhanced privacy
protection [235], making them preferable.

Despite being valuable, collecting motion time series data at large scale remains challeng-
ing due to security or privacy concerns. Labeling motion time series proves even more difficult
as such data cannot be easily interpreted by humans for post annotation. This results in data
insufficiency that negatively affects the performance of existing supervised learning methods.
In other fields such as natural language processing [190, 242] and computer vision [200, 149],
pre-trained foundation models have shown remarkable performance in such settings with insuf-

ficient data. However, in the motion time series domain, lack of comprehensive datasets and
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Figure 7.1. Our framework addresses all three generalization challenges (variation in device
location, orientation and activity) where existing methods fall short.

an effective pre-training task makes it difficult to develop similar pre-trained models that can
operate with limited data. Typically, existing models perform training and testing on the same
dataset, and they struggle to generalize across different datasets given the following three unique
challenges within the motion time series problem domain.

We summarize these three unique generalization challenges in Figure 7.1. First of all,
the variation in device placement during deployment poses a significant issue; for instance, data
from a smartwatch on the wrist vary considerably from data gathered from a smartphone near
the upper leg. Therefore, models trained on data from one body location are hard to generalize
to others during the testing phase. Secondly, devices can experience arbitrary orientations during
data collection, making it difficult for models trained on specific device orientations to adapt
to new ones during deployment. Thirdly, different motion time series datasets can be focused
on different types of human activities. For example, some datasets aim to identify stationary
activities such as lying or sitting, while others concentrate on dynamic movements such as
walking or cycling. Models trained on specific types of activities typically struggle to generalize
to new activities introduced by other datasets.

We introduce UniMTS, the first Unified pre-trained model for Motion Time Series, which
addresses all the above three generalization issues and shows state-of-the-art zero-shot and
fine-tuning performance. UniMTS follows a contrastive learning framework that aligns motion
time series with LLM-enriched textual descriptions to learn the time series semantics for activity

generalization. To prepare large-scale motion time series for pre-training, we synthesize these
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time series based on existing extensive motion skeleton data [87] with comprehensive coverage

of different body locations. These synthesized time series are modeled using graph networks

to capture the spatio-temporal relationships across devices for location generalization. We
further implement rotation-invariant augmentation to ensure the model’s robustness to any device
orientation during testing.

We summarize our primary contributions as follows:

* We introduce a unified pre-training procedure for motion time series, UniMTS, which success-
fully generalizes to various device locations, device orientations and activities.

* We design a contrastive learning framework to align motion time series with corresponding
semantic meanings for activity generalization. For device location generalization, we propose
to synthesize motion time series covering various body locations and model their spatio-
temporal correlations using graph convolutional neural networks. We also design rotation-
invariant augmentation to make the model agnostic to different device orientations.

* Our pre-trained model demonstrates state-of-the-art performance across 18 real-world motion
time series benchmark datasets, notably with performance improvement of 342.3% in the
zero-shot setting, 16.3% in the few-shot setting, and 9.2 % in the full-shot setting, compared

with the respective best-performing baselines.

7.2 Related Work

Conventional motion time series classification approaches train a dedicated classifier
for each dataset, and can be categorized into statistical feature extraction methods [70] and deep
learning methods, including convolutional neural networks (MA-CNN [202], SenseHAR [107],
Rocket [58]), recurrent neural network (DeepConvLSTM [191]), and the attention mechanism
based models (AttnSense [167], THAT [132]). Recently, IMUGPT [130, 129] generates motion
sequences given activity textual descriptions and trains conventional classification models such as

DeepConvLSTM [191]. TimesNet [270], GPT4TS [328] and TEST [228] propose task-general
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time series models including classification. SHARE [319] presents a seq2seq framework that
leverages shared structures of label names. However, these models require that training and
testing are performed on the same dataset, and cannot generalize across datasets.
Self-supervised motion time series representation learning methods first learn time
series representations based on mask reconstruction (TST [302], TARNet [50]) or contrastive
learning (TNC [240], TS-TCC [64], TS2Vec [298], TF-C [314], FOCAL [153]). Subsequently,
they fine-tune classifier heads for specific downstream tasks. However, the representation
learning and fine-tuning phases of these methods generally occur on the same or highly similar
datasets, which continues to pose challenges for generalization across diverse datasets.
Pre-trained models for motion time series are inspired by the recent success of large
language or multimodal models. ImageBind [78] and IMU2CLIP [177] leverage recent large
vision-language models [200] to learn a joint embedding across multiple modalities including
motion time series and text. However, both ImageBind and IMU2CLIP are trained on motion
time series collected from head-mounted devices [84], limiting their generalizability across
different device locations and orientations. Furthermore, several studies have explored directly
applying LLLMs for motion time series classification. For example, HARGPT [108] processes
raw motion time series through LLMs and incorporates role-play and chain-of-thought strategies
for prompting. ContextGPT [11] designs prompt engineering approaches leveraging context
information. However, since LLMs are not directly trained on raw motion time series, such
methods require extensive context information that is not usually available, and struggle with

accurately recognizing complex activities.

7.3 Methodology

UniMTS follows the contrastive learning framework which aligns paired motion time
series with text descriptions to enable activity generalization, as shown in Figure 7.2. We simulate

motion time series from motion skeleton data (Section 7.3.1) and augment them for orientation
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Figure 7.2. UniMTS pre-training framework: The physics engine computes motion time series
based on motion skeleton data and enhances time series through rotation-invariant augmentation.
Pre-training follows contrastive learning framework to align time series with text descriptions.

generalization (Section 7.3.2). We use graph encoder to model the simulated motion time series,
capturing correlations among joints to generalize across different device locations (Section 7.3.3).

To enhance semantics learning, text descriptions are also augmented by LLMs (Section 7.3.3).

7.3.1 Physics Engine for Motion Time Series Simulation

Motion skeleton data [87] describe the movements of human skeleton joints over time,
containing positions and orientations for each joint. On the other hand, motion time series
captured by physical sensors typically measure higher-order data such as accelerations and
angular velocities. Consequently, we apply motion equations [295] to synthesize these time
series of accelerations and angular velocities from motion skeleton data. More specifically,
for each skeleton joint J;, we input both positions p;, « (mapped from time domain .7 to R3,
defined in global frame %), and orientation quaternions q, ¢ ¢ (mapped from time domain .7
to the Special Orthogonal Group SO(3), defined in Hamilton convention with subscript .2
representing a frame rotation from local frame .# to global frame ¢). We drop the subscript
¢ and ¥.Z from here on for simplicity of notation. Based on motion equations [295], we
calculate velocities v;, and accelerations ay, by taking the first and second order derivatives of
positions p;.. These derivatives are then transformed from global frames to local frames using

the corresponding orientation sequences q ;. Similarly, angular velocities @, are computed by
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taking the first order derivatives of orientation quaternions q,,. Mathematically,

vy (t) = q;.(t) @ pj. (1) @ qu, (1), (7.1)
ay(t) = q;.(t) @pj. (1) @ qu,(1), (7.2)
@y, (1) = 2q,(t) @ q(, (1), (7.3)

where ® and * represent the quaternion multiplication operator and the quaternion
conjugate, respectively.

Recognizing the inherent presence of noise carried by sensors in practice, the physics
engine incorporates Gaussian noise with a zero mean into the simulated data. Representing
the above motion time series as Xy, (¢), which can denote either a;,(f) (accelerations) or @y, (f)
(angular velocities), the noisy time series Xj,(¢) are formulated as

%5,(t) = x5,(t) + 1y, (£),my,(t) ~ A (0,0). (7.4)

1

7.3.2 Rotation-Invariant Augmentation

A common limitation we have identified from prior studies that leads to their poor
generalization is that they fail to consider the impact of latent device orientation factors on the
motion time series. For example, end users can potentially wear devices in various orientations,
such as with a phone facing towards or against the body in a pocket. Additionally, the software
driver API for axis definition can be arbitrarily configured by the developers. For example, the
i0S system defines acceleration in an opposite direction compared to the Android system. With
the listed risk factors considered, we apply a data augmentation technique to simulate random
orientations during pre-training, so that our learned model achieves rotation-invariance during

deployment. Specifically, during pre-training, for each iteration we sample a random rotation
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matrix for each joint J;,

R{ ~ Uniform(SO(3)), (7.5)
and compute the augmented time series f(’Ji at timesteps t = 1,2,---,T as
of R6 <t
x5 = RjX;. (7.6)
During one iteration, the same R}Si is consistently applied to J; for every timestep ¢t = 1,2,---, T

within one motion time series. The rotation-invariant augmentation ensures that the simulated
time series are adaptable to any downstream orientation, thereby enhancing the generalization

capabilities of the pre-trained model.

7.3.3 Contrastive Learning

The physics engine generates sufficient motion time series data, which are subsequently
encoded by graph convolutional neural networks and aligned with their corresponding text

embeddings through contrastive learning.
Graph Encoder

To capture the spatio-temporal correlations among different joints over time, we adopt
spatio-temporal graph convolutional network [286] as our motion time series encoder. We denote

the initial input graph representation as follows,
G =V = {80 & = { R0 X)) Ui ) € A}, 6 = {9V o) (1)

Nodes 7 contain skeleton joints with features X € RE*XT*V where C,T,V represent the number
of signal channels, temporal steps and joint nodes. Spatial edges &; connect adjacent nodes
defined by the skeleton structure .7#” and temporal edges &; connect temporally adjacent frames.

In practice, devices may not cover the complete joints but are rather positioned at arbitrary
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subsets of the complete joints. To simulate this, during each pre-training iteration, we randomly
select a subset of joints and mask data from the remaining joints with zeros. We denote the mask
at one iteration as M € RE*T*V where M; € RE*T is 1 if joint J; is selected, and M; = 0 if joint
J; is masked:

X=XoM, (7.8)

The graph convolution network gy first computes the spatial output features as
- _1 _1
Xou = T @(X (D *AD, 7)), (7.9)

where K denotes the spatial kernel size, AZ represents whether node x;, belongs to the spatial
convolution sampling subset Y}f of node x;,, and fo =X (Ajcl) + o represents the normalized
diagonal matrix, with « set to 0.001 to prevent empty rows [286, 218]. &, € RE'*Cx1x1
represents weights of the 1 x 1 convolution operation with C' denoting output channel dimension.
Following spatial convolution, we further perform K; x 1 temporal convolution on the spatial
output features Xy, similar to classical convolution operations, where K; represents the temporal
kernel size. The final graph representation g4 (X) is derived by averaging features across both

spatial and temporal dimensions with a graph average pooling layer at the end.
Text Encoder

To increase the diversity of paired text descriptions in the pre-training motion corpus [87],
we apply large language models to augment original motion text descriptions with the following
prompt template: The following one or multiple descriptions are describing the same human
activities: <motion descriptions >. Generate k paraphrases to describe the same activities.

We denote the original text descriptions combined with the LLM-augmented text de-
scriptions as Y. We encode them using the same text encoder fg as CLIP [200], utilizing its

pre-trained weights for initialization.
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Figure 7.3. Inference (left) and fine-tuning (right) phases of UniMTS. During inference, we
predict the label candidate with the highest score with the time series embedding. During
fine-tuning, we freeze the text encoder and update weights of the graph encoder and linear layer.

Training and Inference

During pre-training, we maximize the similarities of paired simulated motion time series

and text descriptions through contrastive learning:

<I—

(7.10)

1 Z exp(sim(gy (X;), fo(Yi)))
ctr — 1
B Zk pexp(sim(gy (Xi), fo(Yk)))?

where B,y represent batch size and temperature parameter that controls distribution concentra-

tions, and sim represents similarity score computed as inner product:

sim(gg (Xi), fo(Y:)) = (g (Xi), fo(Yi))- (7.11)

We pre-train the graph and text encoders using simulated motion time series and aug-
mented text descriptions. During inference, we evaluate the model on real-world motion time
series, as illustrated in the left part of Figure 7.3. For the text encoder, we input all label
candidates. For the graph encoder, we assign real motion time series to the nearest joint in the
skeleton graph and assign zeros to the remaining joints. The random mask M during pre-training
emulates the zero-masking process. We compute the similarity score of the graph embedding
with text embedding from each label candidate, and choose the label with the highest similarity
score as the predicted activity.

We can further fine-tune the pre-trained model on downstream real-world data, as depicted
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Figure 7.4. Skeleton of “waving hands”.

in the right part of Figure 7.3. Specifically, we freeze the text encoder fg and update weights of
the graph encoder gy followed by a linear classifier Ay,. Following the same process as inference,
we assign the real motion time series to the nearest joint in the skeleton graph and assign zeros
to the remaining joints to construct the graph input representation X. We fine-tune the model
using X and one-hot encoded labels z with D classes based on cross-entropy loss, where o (+)

represents the softmax operation:

D
Z, 2;j10g(0 (hy (g9 (Xi)));)- (7.12)

IIMD:J

We report both zero-shot and fine-tuning performance in the experiment section.

7.4 Evaluation
7.4.1 Datasets and Experimental Settings

We simulate motion time series from existing motion skeleton dataset HumanML3D [87].
HumanML3D [87] is a large-scale motion skeleton data consisting of 14,616 3D human motion
skeletons spanning 28.59 hours. The average motion skeleton sequence length is 7.1 seconds.
Paired with each motion skeleton sequence there is an average of 3 textual descriptions, resulting

in a total of 44,970 textual descriptions with a vocabulary size of 5,371. The average and median
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Table 7.1. Zero-Shot performance. We bold the best and underline the second best. UniMTS
performs the best compared with both baselines and our model ablations. The last column shows
the average performance across 18 datasets with standard deviation.
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lengths of these descriptions are 12 and 10 words. We further augment the textual descriptions
using large language models as described in Section 7.3.3. All motion skeletons follow the
skeleton structure of SMPL [161] with 22 joint nodes. Figure 7.4 provides an example skeleton
of “a person waves his hands”.

We also try to incorporate additional motion skeleton datasets into pre-training, such as
KIT-ML [195] and NTU RGB+D 120 [150]. However, these data are less diverse in terms of
both motion skeletons and text descriptions. We do not observe performance improvement from
adding them, and therefore use HumanML3D as our primary pre-training corpus.

We evaluate on the most extensive motion time series classification benchmark to date,
comprising 18 real-world datasets that cover diverse activities. These datasets are collected
from various body locations such as head, chest, back, arm, wrist, waist, hip, leg, knee and
ankle. We categorize these datasets into three difficulty levels: (1) easy level (with fewer than 10
activities): Opportunity [209], UCI-HAR [5], MotionSense [172], w-HAR [20], Shoaib [220],
HART70+ [246], RealWorld [231], TNDA-HAR [287]; (2) medium level (with 10 to 20 activities):
PAMAP2 [207], USC-HAD [312], Mhealth [17], Harth [160], UT-Complex [221], Wharf [23],
WISDM [264], DSADS [3]; (3) hard level (with more than 20 activities): UTD-MHAD [37],
MMAct [122]. We provide the specific number of activities for each dataset in Table 7.1 and
Table 7.2, and detail the collection settings for each dataset as follows.

Opportunity [209] contains data from back, upper and lower arms, and features multiple
sets of activities. We aim to predict the modes of locomotion such as standing and walking.

UCI-HAR [5] collects motion data from a smartphone located on the subject’s waist.
The subject performs daily activities such as walking upstairs and walking downstairs.

MotionSense [172] collects data from a smartphone in the participant’s front pocket,
featuring daily activities such as sitting and jogging.

w-HAR [20] contains motion time series data collected from the ankle. It captures daily
physical activities such as jumping and lying down.

Shoaib [220] contains daily activities such as biking. Each participant is equipped with
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five smartphones on right jean’s pocket, left jean’s pocket, belt, right upper arm and right wrist.

HART70+ [246] tracks activities such as shuffling for older adult subjects. The motion
time series are collected from the right front thigh and the lower back.

RealWorld [231] records daily activities such as climbing stairs from multiple body
positions including chest, forearm, head, shin, thigh, upper arm, and waist.

TNDA-HAR [287] collects static as well as periodic daily activities such as cycling,
from devices located at multiple body positions such as wrist, ankle and back.

PAMAP2 [207] monitors physical activities such as ironing, vacuum cleaning and rope
jumping using devices located on the wrist, chest and ankle.

USC-HAD [312] records daily activities such as sleeping and taking the elevator with
devices attached to the subject’s front right hip.

Mhealth [17] comprises body motion for common activities such as waist bending
forward, frontal elevation of arms and knees bending. Devices are placed on the user’s chest,
right wrist and left ankle.

Harth [160] records activities in a free-living setting with devices located at the right
thigh and lower back.

UT-Complex [221] contains different smartphone sensor data such as typing, drinking
coffee and giving a talk, with devices positioned at wrist and pocket positions.

Wharf [23] records activities from wrist-worn devices, such as combing hair.

WISDM [264] collects diverse activities such as brushing teeth, eating soup, playing
balls, and folding clothes, using data from the smartphone in the pocket and smartwatch on hand.

DSADS [3] comprises daily and sports activities such as exercising and rowing. Multiple
devices are positioned at the torso, right arm, left arm, right leg, and left leg.

UTD-MHAD [37] contains diverse activities such as swiping arms, hand clapping,
throwing, arm crossing, drawing and squatting. The devices are worn on the subject’s right wrist
or the right thigh depending on whether the action is mostly an arm or a leg type of action.

MMAct [122] presents a large-scale activity dataset covering a wide range of daily life
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activities such as carrying, talking on phone and falling. Devices recording motion time series
include a smartwatch as well as a smartphone inside the pocket of the subject’s pants.

We re-sample the real-world test data to the same sampling frequency as the simulation
data (20 Hz). We pre-train UniMTS using Adam optimizer [121] with a learning rate of 0.0001
on a single NVIDIA A100 GPU. The pre-training process consumes approximately 13 GB of
memory given a batch size of 64. For text augmentation, we prompt GPT-3.5 (“gpt-3.5-turbo™)
to generate k = 3 paraphrases. During each iteration, we randomly generate the mask M by
selecting 1 to 5 joints and mask the remaining joints as zeros. We adopt learnable temperature
parameter Y initialized from CLIP.

We detail settings for all the compared baselines as follows.

ImageBind [78]: We employ the pre-trained weights from “imagebind_huge” for zero-
shot evaluation. During fine-tuning, we add a linear layer to map ImageBind embeddings to the
number of activity classes. We fine-tune both ImageBind and the linear layer during fine-tuning,
which performs better than simply tuning the linear layer.

IMU2CLIP [177]: The pre-trained weights of IMUCLIP are not released. Therefore,
we first follow their pre-training implementation' to pre-train on Ego4D datasets [84]. During
fine-tuning, we add a linear layer after IMU2CLIP embeddings and fine-tune both IMU2CLIP
and the linear layer.

IMUGPT [130]: We choose DeepConvLLSTM as the backbone model, which shows
the best performance as reported in their original paper. We remove the supervised distribution
calibration phase, which relies on labeled downstream data and conflicts with the zero-shot
setting objectives.

HARGPT [108]: The method directly prompts LLMs to classify motion time series. We
down-sample time series to 10 Hz as used in their paper and follow their prompt template.

LLaVA [149]: We visualize motion time series as 2D plots and use these visualizations

as input for the pre-trained model of “llava-v1.5-7b”.

Thttps://github.com/facebookresearch/imu2clip
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TST [302]: This is a Transformer-based representation learning framework with several
downstream tasks including multivariate time series classification. We follow the framework to
first pre-train the Transformer model in an unsupervised fashion and then fine-tune the pre-trained
model on the downstream classification task.

TARNet [50]: The model proposes task-aware representation learning that reconstructs
important timestamps guided by self-attention score distribution from end-task training. We
jointly train the reconstruction task and the classification task.

TS2Vec [298]: The method performs contrastive learning to learn contextual representa-
tions of time series. We follow their implementation to first apply contrastive learning and then
train a linear regression model for each dataset.

DeepConvLSTM [191] (shown as “DeepCL” in Table 7.3 due to space limit): The model
applies convolutional layers to automatically learn feature representations and further applies
LSTM to capture the temporal dependencies between their activations.

MA-CNN [202]: The model first extracts preliminary features for each motion time
series modality through its own dedicated convolutional layers, then the extracted intra-modality
features are combined through fully-connected layers for motion time series classification.

XGBoost [42]: This is a scalable end-to-end machine learning system for tree boosting,
which has been widely recognized in machine learning and time series analysis.

THAT [132]: The model proposes a two-stream convolution augmented transformer
which captures both time-over-channel and channel-over-time features in a two-stream structure.

TimesNet [270]: This is a task-general backbone for time series analysis including
classification by modeling the multi-periodicity and extracting temporal variations.

GPT4TS [328]: This is also a task-general framework including time series classification.
The model is based on a frozen pre-trained language model, so we also adopt it as a few-shot
fine-tuning baseline. However, the method is not suitable for zero-shot evaluation, as it requires
training a separate classifier head for each dataset and does not generalize across activities.

SHARE [319]: This is a sequence-to-sequence model that contains an encoder to extract
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motion time series features, as well as a decoder to generate label name sequences to capture
label semantics.
We evaluate UniMTSand the baselines using three metrics: accuracy, macro-F1 and the

top-2 retrieval performance R@2.

7.4.2 Zero-Shot Results

We pre-train UniMTS exclusively on simulated data and evaluate on 18 real-world
motion time series classification benchmark datasets. We compare UniMTS against classification
models with zero-shot capabilities: ImageBind [78], IMU2CLIP [177], IMUGPT [130] and
HARGPT [108]. We also input the 2D visualizations of motion time series to pre-trained vision-
language model LLaVA [149] for comparison. As shown in Table 7.1, UniMTS significantly
outperforms all baselines in the zero-shot setting. We also apply the Wilcoxon-signed rank test
with Holm’s & (5%) following previous works [98, 319]. The Wilcoxon-signed rank test indicates
that the improvement of UniMTS compared with all the baselines is statistically significant, with
p-values significantly lower than 0.05 (e.g., p-value = 8 x 10~ for ImageBind, which has the
highest F1 score among the baselines).

Compared with UniMTS, ImageBind and IMU2CLIP are trained on data from single
location (head-mounted devices), limiting their generalization to data collected from other
locations. IMUGPT struggles to generalize across datasets featuring different activities and
requires individual training for each downstream dataset. Both HARGPT and LLaVA focus on
simple and easily distinguishable activities as these language or vision models are not originally
trained on motion time series, and they also require careful prompt designs. Another limitation
for all the above models is that they do not generalize across device orientations. In contrast,
UniMTS shows remarkable generalizability to various downstream device locations, orientations
and activities, achieving state-of-the-art performance. We also compare with a few ablations of

UniMTS as illustrated in the Ablation Study section.
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Figure 7.5. Few-shot fine-tuning results. UniMTS consistently outperforms both baselines and
our model ablation. We repeat 3 runs and report both mean and standard deviation.

7.4.3 Few-Shot Fine-tuning Results

Apart from the zero-shot setting, we provide a few real samples for each activity and
fine-tune the models. More specifically, we provide 1, 2, 3, 5, 10 samples for each activity and
compare UniMTS against ImageBind [78], IMU2CLIP [177], IMUGPT [130], GPT4TS [328],
and a randomly initialized model with the same model architecture as UniMTS (referred to
as Random). We report both the mean and the standard deviation in Figure 7.5. UniMTS
also demonstrates state-of-the-art performance in the few-shot fine-tuning setting, showing the
effectiveness of pre-training. Following the same Wilcoxon-signed rank test as in the zero-shot
setting, we observe p-values far below 0.05 (e.g., p-value = 2 x 10~% for the best-performing
baseline ImageBind), indicating the statistical significance of our improvement. We fine-tune both
the graph encoder g4 and the linear classifier 4y of UniMTS. We observe similar performance
between this full fine-tuning approach and linear probe (which freezes the graph encoder and

only fine-tunes the linear layer) as shown in Figure 7.6.
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Table 7.2. Full-Shot performance. We bold the best and underline the second best. UniMTS
performs the best compared with both pre-trained, self-supervised and conventional models. The
last column shows the average performance across 18 datasets with standard deviation.
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Acc|82.8 90.9 94.0 95.1 98.5 91.8 83.8 95.0(94.3 52.1 82.9 93.0 97.0 71.4 77.2 90.0|74.0 65.8|85.0¢12.2)

ImageBind [78]
F1 |84.6 90.7 93.1 619 98.5 67.7 86.1 94.9|94.6 52.2 83.2 62.7 969 43.3 76.8 89.3|71.6 58.3|78.1(165)

Acc|71.9 87.1 79.3 88.5 98.2 87.8 79.9 97.1190.7 55.7 94.5 93.9 90.6 52.3 62.7 88.7|62.8 66.9|80.5(143)
F1 |70.0 87.0 77.2 75.1 98.1 64.4 80.5 97.1|91.2 52.0 95.0 65.7 90.2 35.6 62.8 88.2|59.6 60.3|75.0(17.0)

IMU2CLIP [177]

Acc|89.1 91.6 91.4 754 735 95.8 68.9 94.1/88.9 66.2 86.0 98.8 92.9 59.1 70.2 80.0|61.4 54.5|79.9(13.)
F1 |91.1 91.4 89.6 79.3 723 629 672 94.1|89.8 60.9 83.8 72.7 92.8 34.5 69.1 76.1|59.6 48.4|74.2(163)

TST [302]

Acc|82.6 91.1 72.0 78.7 67.9 97.2 60.9 92.5/92.4 57.6 82.9 94.7 94.4 63.2 58.5 30.7|78.1 56.7|75.1(175)
F1 [83.4 91.2 70.0 41.0 66.1 76.9 54.4 92.4|90.6 48.7 77.5 47.8 94.4 38.1 58.5 23.0|75.5 55.9|65.9005)

TARNet [50]

Acc [80.7 92.1 94.2 100.0 87.4 98.4 74.6 959|91.8 56.1 93.3 98.2 98.5 73.2 69.5 84.3|80.0 53.4|84.5(139)

F1 |83.3 92.1 93.9 100.0 87.2 88.1 68.8 95.9/92.9 53.6 93.8 58.3 98.5 47.9 68.8 82.3|76.7 53.4|79.8(16.7)

TS2Vec [298]

Acc |83.1 86.8 87.9 77.1 923 95.8 67.7 97.7]96.5 53.9 89.0 97.6 86.9 60.0 60.3 82.1|71.2 55.0|80.1(14.7)
F1 |84.5 86.7 86.5 65.0 922 739 62.9 97.7/96.7 55.0 89.9 71.9 87.0 29.5 60.9 79.0|70.0 52.3|74.51175)

THAT [132]

Acc|84.8 87.0 86.2 853 61.7 98.3 62.2 87.7|85.6 41.1 71.3 98.3 86.5 54.6 67.8 71.9|57.7 51.9|74.4(163)
F1 [84.9 87.0 852 48.8 61.8 78.0 56.0 87.5|83.8 42.4 63.6 65.2 85.8 24.6 674 71.0|53.2 49.0|66.4(177)

IMUGPT [130]

Acc|80.0 88.5 90.5 88.5 82.4 97.5 65.4 93.2|88.0 58.3 81.7 97.7 92.7 41.4 67.4 77.3|62.3 50.9|78.0¢16.2)
F1 |82.4 88.6 88.3 79.5 82.6 77.2 62.2 93.1|88.0 48.7 79.1 61.4 92.8 30.2 67.1 78.5|61.0 45.7|72.6(173)

TimesNet [270]

Acc |83.6 884 923 70.5 73.5 97.8 66.5 95.7(92.6 61.7 87.8 97.2 95.3 51.8 63.8 79.9|66.1 52.6|78.7152)
F1 |86.1 838.5 92.1 54.8 74.1 76.6 56.6 95.7/93.4 589 85.2 582 952 34.4 64.5 78.0|63.7 48.8|72.5117.7)

GPTATS [328]

SHARE [319] Acc[89.0 92.2 99.6 96.7 77.5 97.7 66.0 95.9|94.1 72.9 97.0 99.1 98.7 63.2 77.0 92.0|73.0 62.1|85.8(132)
F1 190.2 92.1 99.6 855 78.0 77.5 57.1 95.8194.8 66.7 97.1 74.0 98.8 40.6 76.5 91.9/69.3 56.5|80.1(16.5)

UniMTS Acc|88.2 92.1 99.8 98.4 99.7 96.9 84.0 99.6 98.0 58.3 97.0 98.0 99.1 82.7 81.3 94.3|85.6 77.1|90.6(10.)
ni
F1 [89.1 92.2 99.8 98.8 99.7 87.9 81.2 99.6|98.1 63.1 97.3 86.7 99.2 51.7 80.9 94.2|83.2 71.7|87.5(134)

Acc|87.7 89.3 95.5 95.1 66.1 98.1 74.2 98.7/96.2 48.5 82.9 98.6 98.5 76.8 79.4 90.3|74.4 73.9|84.7(135)

F1 [88.9 89.4 955 60.1 65.0 859 74.0 98.7(96.8 51.9 78.2 69.1 98.5 50.8 79.3 90.1|69.7 71.6|78.5(15.1

Random
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Figure 7.6. Only tuning the linear classifier (linear probe) performs similarly as full fine-tuning.
We repeat 3 runs and report both mean and standard deviation.

7.4.4 Full-Shot Results

We also compare the full-shot performance where UniMTS and the baselines are fine-
tuned or trained using all the available training samples of the downstream datasets. We
compare UniMTS with pre-trained models (ImageBind [78], IMU2CLIP [177]), self-supervised
models (TST [302], TARNet [50], TS2Vec [298]), as well as conventional models (DeepCon-
vLSTM [191], MA-CNN [202], XGBoost [42], THAT [132], IMUGPT [130], TimesNet [270],
GPTA4TS [328], SHARE [319]). We also compare pre-trained UniMTS with a randomly ini-
tialized UniMTS (referred to as Random). As shown in Table 7.2, UniMTS also demonstrates
state-of-the-art performance in the full-shot setting, outperforming pre-trained, self-supervised
and conventional models. Due to space limit, we report baselines before 2021 in Table 7.3.
Following the same Wilcoxon-signed rank test as previous zero-shot and few-shot settings,
we observe p-values far below 0.05 (e.g., p-value = 7 x 10~ for the best-performing baseline

SHARE)), indicating the statistical significance of our improvement.
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Table 7.3. Full-Shot performance on additional baselines before 2021. We bold the best results.
The last column shows the average performance across 18 datasets with standard deviation.
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DeepCL [191] Acc|84.4 86.9 86.2 934 62.4 97.7 69.9 89.6(82.7 45.2 73.8 95.5 88.0 46.8 69.0 69.6(54.9 50.2|74.8(16.7)
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F1 |86.4 87.0 84.5 67.1 63.4 92.2 60.3 89.3|77.4 46.4 758 56.7 838.2 259 69.0 66.1|53.0 46.9|68.6(/7.3)
Acc (829 89.8 92.0 67.2 93.2 86.1 73.9 96.0(94.7 37.3 78.7 97.9 93.8 20.9 51.5 84.5|48.8 28.9|73.20242)
MA-CNN [202]
F1 [84.8 89.5 91.7 51.7 93.1 59.8 71.2 96.0|95.2 35.3 70.7 53.2 94.0 17.2 51.8 83.9(48.5 18.4|67.0055)
Acc|[83.1 90.2 92.9 68.9 94.8 97.7 78.2 9321939 47.8 79.9 97.2 96.6 52.3 66.6 80.5(61.9 53.0|79.4(165)
XGBoost [42]
F1 |85.1 90.1 91.6 56.1 94.7 77.5 77.6 93.2|93.9 47.7 74.1 64.4 96.7 30.2 66.0 79.4|60.3 51.4|73.9(3.¢)
UniMTS Acc|88.2 92.1 99.8 98.4 99.7 96.9 84.0 99.6|98.0 58.3 97.0 98.0 99.1 82.7 81.3 94.3|85.6 77.1|90.6(10¢)
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F1 [89.1 92.2 99.8 98.8 99.7 87.9 81.2 99.6|98.1 63.1 97.3 86.7 99.2 51.7 80.9 94.2|83.2 71.7 |87.5(34

7.4.5 Ablation Study

In the zero-shot setting, we compare UniMTS with a few ablations by removing rotation-
invariant augmentation (w/o rot aug), removing text augmentation (w/o text aug) and by replacing
the graph encoder with a CNN-based encoder that directly concatenates joints without modeling
their spatial relationships (w/o graph). We can observe in Table 7.1 that the performance declines
after removing each of the above components, verifying their respective importance in improving
generalization across locations (graph encoder), orientations (rotation-invariant augmentation)
and activities (text augmentation). We also compare the pre-trained UniMTS with randomly
initialized UniMTS in both few-shot and full-shot settings. As shown in Figure 7.5 and Table 7.2,

pre-trained UniMTS consistently outperforms randomly initialized UniMTS, highlighting the

benefits of pre-training.

7.4.6 Case Study

UniMTS’s time series embeddings align with corresponding semantic meanings.

As shown in Figure 7.7, the t-SNE visualizations of UniMTS’s time series embeddings form
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Figure 7.7. T-SNE visualizations show that signal clusters align with their semantic meanings.
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Figure 7.8. Simulated time series closely resemble patterns of the real PAMAP?2 time series.

distinguishable clusters that align with their semantic meanings. Notably, UniMTS is only
pre-trained on the simulated data but its embeddings for real-world data closely align with
the semantic space, which again demonstrates our model’s zero-shot generalization due to
contrastive learning. For example, in Figure 7.7a, stationary activities such as lying and sitting
group together; light-movement activities such as standing, ironing, and vacuum cleaning are
close to each other; while high-intensity activities such as running and cycling cluster closer.
UniMTS generalizes well to new activities unseen in pre-training. To show UniMTS’s
capability to generalize to new activities not seen during pre-training, we visualize the zero-shot
performance for some example new activities in Figure 7.10. Compared with the best-performing
baseline ImageBind, UniMTS shows significant performance improvement on these previously
unseen activities, verifying the effectiveness of semantic generalization via contrastive learning.
Simulated data from our physics engine closely resemble real signal patterns. In
Figure 7.8, we compare some example simulated data alongside their real-world counterparts.
We show three example activities of different intensity levels (sitting, walking, rope jumping),
where both simulated and real-world data are near the wrist. The patterns in simulated data

closely resemble those of real data, in terms of both magnitude and frequency. Although the
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Figure 7.9. Simulated motion time series show similar patterns as real PAMAP2 time series.
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Figure 7.10. UniMTS shows significant performance improvement compared with the best
baseline when evaluated on new activities not seen.

tri-axial distributions might differ, these variations are mostly due to orientation differences and
are effectively managed by our rotation-invariant augmentation. We observe similar patterns

between simulated and real data for other locations such as ankle, as shown in Figure 7.9.

7.5 Summary

In this chapter, we combine physical and semantic contextual knowledge to build the
first unified pre-trained model, UniMTS, for motion time series classification. Our model is
pre-trained only on physics-simulated data, yet demonstrates remarkable generalization across
diverse real-world motion time series datasets featuring different device locations, orientations
and activities. The simulated data with all-joint coverage are augmented for rotation invariance

and modeled by a graph encoder, improving generalization across various device factors. During
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pre-training, contrastive learning further aligns time series with their semantic meanings to
improve generalization across activities. Extensive evaluation in zero-shot, few-shot and full-shot
settings consistently demonstrate the state-of-the-art performance of our proposed UniMTS.

Limitation and Future Work. We acknowledge a few limitations which we leave as
future works. (1) Simulated motion time series can only be approximations of the real signals,
which are usually collected near — rather than directly on — the body joints. For example, sensors
on smartwatches collect data near the wrist, not on the wrist joint itself. We plan to incorporate
random offset vectors to better simulate real-world signal variations near joints. (2) While our
framework effectively addresses the classification task, we intend to extend its applicability to
other motion time series tasks such as inertial navigation. (3) Our current pre-training utilizes
existing motion datasets, and we plan to enrich our pre-training corpus with additional motion
data extracted from large-scale video-based pose estimation. (4) We also plan to integrate our
model with efficient inference techniques such as quantization, pruning and distillation for
deployment optimization on edge devices.

Broad Impact. UniMTS is the first pre-trained motion time series classification model
that generalizes to diverse downstream datasets, irrespective of device locations, orientations
and activities. The primary societal concern centers around privacy as motion time series might
reveal personal information, so we ensure strict privacy controls at the earliest stages of model
development by pre-training exclusively on synthetic data. With UniMTS’s state-of-the-art
performance in zero-shot, few-shot and full-shot settings, we believe it brings broadly positive
impact to the community.

Chapter 7, in part is currently being prepared for submission for publication of the
material. Zhang, Xiyuan; Teng, Diyan; Chowdhury, Ranak Roy; Li, Shuheng; Hong, Dezhi;
Gupta, Rajesh K.; Shang, Jingbo. The dissertation author was the primary investigator and author

of this material.
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Chapter 8

Conclusion and Future Works

8.1 Conclusion

This dissertation starts with a thesis that sensory data can be improved for better and more
robust inferencing in various applications by putting information about physics of the processes
being observed as well as the semantic contextual information. Indeed, machine models alone
are limited and their integration with world models is the new frontier of machine learning
research [275]. For sensing systems, the analysis of time series data is behind the state of the art
for textual, image or video data. This is because of four specific challenges of noise, sparsity,
scarcity and variability that we outlined earlier.

We present framework that addresses all these four challenges. Our framework first
leverages physical contextual knowledge such as explicit mathematical models, inherent spatio-
temporal correlations, and spectral properties, to denoise, impute and augment sensor time
series. This first stage significantly improves the quality of the raw data, thereby enhancing
the robustness of subsequent models. In the second stage, we incorporate semantic contextual
knowledge from large language models or domain-specific foundation models to further improve
the robustness and generalizability of our models. Demonstrating broad applicability, our robust
sensor time series analysis framework is effective in diverse sensing systems, ranging from small-
scale individual healthcare monitoring, smart home automation, to large-scale smart building

control, energy management, climate modeling and beyond.
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8.2 Limitations and Open Challenges

The long-term objective of my research lies in designing robust frameworks that perform
well under dynamic conditions of sensing systems, with real-world deployment and broad impact
in various sensing applications such as healthcare, building and home automation, and robotics.
My vision is to create a future where robust sensing devices seamlessly and intelligently interact
with the physical world around us. Below are a few potential directions that I am interested to

explore in the near future.

Multi-modal Framework. Our current robust framework targets only a single type of
time series at a time. However, data collected from real-world sensing applications usually con-
tain heterogeneous modalities. For example, a human activity recognition system might include
multiple modalities such as IMU, EEG, microphone, and WiFi. We plan to collect multi-modal
sensor data and build multi-modal robust learning frameworks that can simultaneously harness

the rich contextual information carried by these diverse modalities.

Efficient Algorithms. Real-world sensor time series often feature high dimensions
and extensive historical records. When paired with text metadata descriptions, the scale and
complexity of the data further increase. Consequently, it is critical to design efficient processing
algorithms, particularly for computations that occur on edge devices. Our current framework in
the second stage incorporates semantic context from large language models, which, although
powerful, are parameter-heavy and thus inefficient. Looking ahead, we plan to design specialized

language models tailored for sensor time series and therefore improves the inference efficiency.

Real-Time Interactions. Our current robust analysis framework transforms raw sensor
time series into valuable insights to support downstream decision making processes. However,

in practice, users often provide feedback and pose additional questions upon receiving these
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insights. For example, in the context of human activity recognition, users might provide real-time
corrections for misclassified activities. This interaction provides an opportunity for the system to
adjust and improve its future predictions. Moving forward, we plan to incorporate user feedback

directly into the system, enhancing real-time interactions between users and the system.

Large-Scale Deployment. We prioritize not only the creation of innovative framework
designs but also the actual deployment and implementation of these systems in real-world
scenarios. Effectively running these robust learning methods requires both local and edge
processing, as shipping all data to cloud for processing is not a viable strategy due to bandwidth
limitations or privacy concerns. Effective edge processing requires not only partitioning of
various functions but also restructuring basic inference algorithms that enable migration of
computation and data appropriately. We plan to design FPGA co-processing methods for

larger-scale deployment of our robust learning methods without compromising efficiency.
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Appendix A

Open-Source Tools

We have released the tools related to this dissertation as follows.

* PILOT (Chapter 2): We develop a physics-informed denoising model that leverages the
inherent relationships between different measurements to denoise sensor data'. We study three
sensing applications: inertial navigation?, CO2 monitoring, and HVAC control.

* ESC-GAN (Chapter 3): We extend the spatial coverage of analysis based on existing sensory
data to generate data for locations where no historical data exists>. The proposed method is
evaluated on CMAP Precipitation data*, HadCRUT temperature data> and air quality data®.

* ST-Aug (Chapter 4): We combine spectral and time augmentation to generate more diverse
and coherent time series samples’. We evaluate on exchange rate data, available in the same
repository, as well as electricity datasets (ETTh1, ETTh2, ETTml, ETTm2)8.

* Survey (Chapter 5): We keep an up-to-date Github repository to track papers that transfer
semantic knowledge from LLMs for time series analysis’. The listed papers are grouped into

five categories as detailed in our proposed taxonomy. We also compile a list of multimodal

Thttps://github.com/xiyuanzh/PILOT
Zhttp://deepio.cs.ox.ac.uk/
3https://github.com/xiyuanzh/ESC-GAN
“https://psl.noaa.gov/

>https://crudata.uea.ac.uk/
Ohttps://www.kdd.org/kdd2018/
"https://github.com/xiyuanzh/STAug
8https://github.com/zhouhaoyi/Informer2020
“https://github.com/xiyuanzh/awesome-1lm-time-series
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text and time series datasets in the same repository.

SHARE (Chapter 6): We model label name semantics for human activity recognition!©.
We evaluate on 7 HAR datasets: Opportunity [209], PAMAP2 [207], UCI-HAR [5], USC-
HAD [312], WISDM [264], Harth [160], MHealth [17].

UniMTS(Chapter 7): We pre-train the motion time series model on synthetic series simulated
from motion skeleton data'! following motion equations'?. We evaluate the zero-shot, few-shot
and full-shot classification performance of our pre-trained model on 18 HAR datasets: Opportu-
nity [209], UCI-HAR [5], MotionSense [172], w-HAR [20], Shoaib [220], HAR70+ [246], Re-
alWorld [231], TNDA-HAR [287]; (2) medium level (with 10 to 20 activities): PAMAP2 [207],
USC-HAD [312], Mhealth [17], Harth [160], UT-Complex [221], Wharf [23], WISDM [264],

DSADS [3]; (3) hard level (with more than 20 activities): UTD-MHAD [37], MMAct [122].

10https://github.com/xiyuanzh/SHARE
https://github.com/EricGuo5513/HumanML3D
2https://github.com/martinling/imusim
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Appendix B

Notations

B.1 Chapter 2: Physical Context of Explicit Mathematical
Models

N: Number of samples.

X; ~ 2 ,X; € R*T: Clean sample, where .2 denotes the clean data space, T denotes the
number of timesteps in the sensor data, and ¢ denotes the number of sensor measurement channels.
Each sample X; = [x;1,Xp, - - ,xiC]T, where x;; € RT represents the jth sensor measurement
channel for the ith sample in the ground truth clean dataset.

Ix = {Xi}Y,: Unobserved ground truth clean dataset.

Y; ~ % ,Y; € RT: Noisy sample, where % denotes the noisy data space. Each sample
Y: = [yi1, ¥, - ,¥ic||» where y; j € RT represents the jth sensor measurement channel for the
ith sample in the noisy dataset.

Py = {Y:}Y,: Observed noisy sensor dataset.

g~ &,& € RT: Noise. Each noisy sample Y; is corrupted from clean sample X; by
noise &;, where & denotes the noise space. Specifically, Y; = X; +¢&,i=1,2,--- | N.

g(+): The relationships between different sensor measurement channels in the ground
truth clean data, i.e., g(X;1,Xj2, -+ ,Xjc) =0,i = 1,2,--- |N.

f(:0): % — 2 C R°*T: The denoising model, which is parameterized by 8 and maps

noisy data to clean data by mapping f(-;0) :  — 2 C R*T. We incorporate the physics
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equation g(+) as a constraint to optimize f(-;0) during training.
p: Location.
g: Orientation (in quaternion form).
w: Angular velocity.
a: Acceleration.
R,: Rotation matrix.
go: Gravity constant.
®: Quaternion multiplication.
¢;: The average CO, concentration in the room at time 7.
co: Initial average CO, concentration in the room.
ci.: CO; concentration for the input airflow.
! ,i: CO, concentration for the output airflow.
v: Airflow velocity.
V: Room volume.
s: CO, emission rate per individual.
n;: The number of occupants in the room at time 7.
AQ: The enthalpy difference across the heating and cooling coils.
m: The air’s mass undergoing reconditioning.
cp: The air’s specific heat capacity.
T,: Temperature of the supply air.
Thix: Temperature of the mix air.
n;: Gaussian noise sampled during the first phase of training.
Z;: Samples with a higher degree of noise during the first phase of training, i.e., Z; =
Y;+n;,n; ~ .4 (0,02), where 6 represents the variance.
lrec: Reconstruction loss.
Lony: Physics loss.

?: General loss.
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B.2

N: Non-zero mean of noise € in Corollary 1.
Gyzz Variance of y in Corollary 1.
a; = ||g(X;)||3: Physics alignment for the i-th sample.

A =le/ [phy: The ratio between reconstruction loss (lrec) and physics-based 10ss (Iphy).

Chapter 3: Physical Context of Spatio-Temporal Corre-
lations

D: The entire globe gridded into m x n cells.

Do: Observed grid cells (i.e., where we have sensory measurements).
Dy ={D\ Do}: The remaining unobserved grid cells.

T': Total number of timestamps.

S;ij: Grid cell, where i =1,...,mand j=1,...,n.

X € RP*™*": Input data.

M € {0, 1}*™*": Corresponding masking matrix. If M; ; ; = 1, it means S; ; is valid at

time ¢ (i.e. we have data in grid cell §; ; at time 7); otherwise, S; ; is invalid at time 7 (i.e. data is

missing in cell §; ; at time 7).

®: The set of missing timestamps.
X: Complete set of grid cells.
Y: Output of a specific layer.

W: Convolution filter weights.

k= kfz’ L K, = @,kﬁv = sz’ Lk, ky, k,, represent kernel size along the time, height,

and width dimensions.

0(X) = WeX, ¢(X) = Wy X, g(X) = W,X: Input linear embedding layers of the global

attention module.

Hg, Uy Average embedding values over all the regions from 6, ¢.

O: Attention output.
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W,: Weights for the output linear layer of the global attention module.

np: The number of branches.

hy,hy,....h, : Hidden features of the last layer of decoders from different branches.

h’' € Rex!*mxn. The aggregated features, where ¢,z,m,n are the channel, time, height,
and width dimension size, respectively.

lrec: Grid reconstruction loss.

lyqr: Variation loss.

laqv: Adversarial loss.

£p: Loss for the discriminator.

{: Loss for the generator, £G = {y4y.

¢: Total loss.

Z.: Generated grid map.

Nmasked: The number of masked out grid cells.

R: The 1-cell dilation of the masked region.

Avar and A,qy: Hyper-parameters balancing between reconstruction loss, variation loss,

and adversarial loss.

B.3 Chapter 4: Physical Context of Time and Frequency
Dependencies

S={[s1,...,8,...,87] € R*T: Multivariate time series sequence of length 7" and feature
number ¢, where s, = [s1,--- 5] € R

H=s,...,s,] € R History values up to timestamp d < 7.

F=[sg:1,...,57] € R~ Future values at timestamp d +1,...,T, where S = [H, F).

g: Forecasting model.

n: Number of IMFs.

R: EMD Residual.
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W= [wp,... ,wn]T: Random vector to re-combine IMFs, where w; is sampled from
uniform distribution % (0,2).

A ~ Beta(a, o0): Mix-up ratio, where « is the hyper-parameter that controls how similar
the newly constructed sequence is compared with the original sequences.

¢: Reconstruction loss.

Y: Forecasting model output.

N: The number of augmented series in the training set.

B.4 Chapter 5: Semantic Context of Large Language
Models

x: Input, composed of time series x; € RT*¢ and optional text data x; represented as
strings, where T, ¢ represent the sequence length and the number of features.

x,: Image data.

y: Output, which may represent time series, text or numbers depending on the specific
downstream task. For time series generation or forecasting task, y represents generated time
series y; or predicted k-step future time series y! 17 7% For text generation task, such as report
generation, y represents text data y,. For time series classification or regression task, y represents
numbers indicating the predicted classes or numerical values.

fe: Language model.

8¢ Time series model.

hy: Vision model.

¢: Loss.

€ = {c,-}lK: 1: Codebook of K D-dimensional codewords ¢; € R? to capture the latent
representations for VQ-VAE.

k: Quantized indices in VQ-VAE.

q: Text-based quantization process.
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B: Batch size in contrastive aligning.
¥: Temperature parameter for distribution concentrations in contrastive aligning.

z(+): Indirect tools generated by large language models.

B.5 Chapter 6: Semantic Context of Label Textual Names

2" = {(xi,¢;)}¥,: HAR data in conventional methods, x; ~ 2", ¢; ~ ¢, where 2" and
% denote the input space and the label space. Each sample of time series input is denoted as
x; € RT*V where T; is the length of the time series, and v is the number of measured variables.
The label space ¢ contains C classes, and each label ¢ is an integer from {1,2,---,C}.

P = {(xi,y) g, xi ~ Z',yi ~ ¥ dataset in SHARE, where data space 2 is the
same as conventional HAR methods, and % denotes the label space in SHARE. We denote
Yi = i1, Yi2, - ,Yik;) as a sample human activity label sequence, where k; is the length of the
label sequence y;. The label space % contains C classes and M tokens.

fo: 2 — % C R?: Time series encoder.

% Hidden space.

¢ = fe(f(x;;0)) € RE: The distribution of the predicted label after fully connected layer
fc for conventional HAR model.

z; = f(x;;0): Encoded representation.

8¢ : Z — % The label structure-constrained decoder in SHARE.

Py: Conditional probability of decoding label y; from x;.

yi: Predicted label sequence.

B.6 Chapter 7: Combining Physical and Semantic Context

Ji: Joint .
pJ,«: Positions mapped from time domain .7 to IR3, defined in global frame ¢.

q, .« Orientation quaternions mapped from time domain .7 to the Special Orthogonal
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Group SO(3), defined in Hamilton convention with subscript &.Z representing a frame rotation
from local frame .Z to global frame ¥.

vy;: Velocities.

ay;: Accelerations.

®,;: Angular velocities.

®: Quaternion multiplication operator.

*: Quaternion conjugate.

x;;: Motion time series, which can denote either a;, or ;.

ny,(t) ~ .4 (0: Gaussian noise during simulation.

X;,: Motion time series after adding Gaussian noise.

R?i ~ Uniform(SO(3)): Random rotation matrix.

X;;: Augmented motion time series after applying random rotation matrix.

9 = (/7/ = {f(]i}zyzlvgs = {(ﬁfwﬁfz)l(‘]iv']l) € ‘%0}7& = {(ﬁtjjlaﬁtji)}z"/:’];,t:Z): Input graph
representation. Nodes 7 contain skeleton joints with features X € R€*7*V where C,T,V
represent the number of signal channels, temporal steps and joint nodes. Spatial edges &; connect
adjacent nodes defined by the skeleton structure .7# and temporal edges &; connect temporally
adjacent frames.

M € RE*T*V: Random mask during pre-training, where M; € R€*7 is 1 if joint J; is
selected, and M; = 0 if joint J; is masked.

X = X ®M: Masked input node features.

Xout: Spatial output features from graph network.

K;: Spatial kernel size.

K;: Temporal kernel size.

AZ : Whether node x;, belongs to the spatial convolution sampling subset .’ J’f of node x;,.

Z = ZI(A}Z) + o: Normalized diagonal matrix. & is set to 0.001 to prevent empty rows.

@) € REXCx1x1, Weights of the 1 x 1 convolution operation with C’ denoting output

channel dimension.
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k: Number of generated paraphrases in text augmentation.

Y: The original text descriptions combined with the LLM-augmented ones.
fo: Text encoder.

8¢ Graph encoder.

hy: Linear classifier during fine-tuning.

B: Batch size.

¥: Temperature parameter that controls distribution concentrations.
lr: Contrastive loss.

lee: Cross-entropy loss.

z: One-hot encoded labels.

D: Number of classes.

6 (+): The softmax operation.
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