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Abstract

The widespread deployment of wireless and mobile devices results in a pro-
liferation of spatio-temporal data (e.g., time series, streaming, and trajectory
data) that is essential for applications, e.g., traffic and air quality prediction,
where spatio-temporal analytics plays a key role in ensuring safety, predictabil-
ity, and reliability. While recent advances in deep learning have demonstrated
superior performance in spatio-temporal analytics, many approaches struggle
to adapt to real-world conditions.

In particular, existing methods suffer from three limitations: 1) deep learn-
ing methods typically require large-scale training data, incurring high storage
and computational costs; 2) when applied to streaming data, many models
suffer from catastrophic forgetting, resulting in deteriorating prediction accu-
racy over time; and 3) existing solutions often assume centralized data, which
leads to privacy concerns and fails to exploit decentralized data processing.

This Ph.D. study aims to systematically study spatio-temporal analytics
using emerging deep learning techniques. Specifically, we target four types
of functionality: time series dataset condensation, streaming spatio-temporal
prediction, federated trajectory recovery, and federated trajectory similarity
learning.

First, we address the problem of time series dataset condensation. The goal
is to reduce training costs by summarizing large datasets into smaller, synthetic
datasets that can then be used for training instead. We introduce TimeDC, an
efficient time series dataset condensation framework that uses two-fold modal
matching. TimeDC encompasses a time series feature extraction module for
effective feature learning, a decomposition-driven frequency matching mod-
ule for achieving temporal correlation preservation, and a curriculum-based
trajectory matching module for ensuring that the synthetic datasets capture
key patterns in the original dataset. Extensive experiments on real data verify
the effectiveness of TimeDC.

Second, we investigate spatio-temporal prediction on streaming data. We
propose URCL, a unified replay-based continuous learning framework with
three key modules: data integration, spatio-temporal continuous representa-
tion learning, and spatio-temporal prediction. Specifically, a spatio-temporal
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mixup mechanism is introduced to alleviate catastrophic forgetting, and a
simple siamese network is designed to facilitate holistic feature learning. Ex-
tensive experiments on real datasets offer evidence of the effectiveness of URCL
in continuous learning environments.

Third, we study the problem of federated trajectory recovery, focusing
on privacy preservation and enabling decentralized training. We propose
LighTR+, a horizontal federated framework, which consists of a lightweight
local trajectory embedding module, an intra-domain knowledge distillation
module, and a meta-knowledge enhanced local-global training scheme. LighTR+
alleviates intra- and inter-domain interferences across clients while reducing
communication costs between clients and the server, thereby facilitating pri-
vacy protection and improving efficiency.

Fourth, we explore federated trajectory similarity learning for decentralized
data processing. We propose the F-TSL framework based on horizontal fed-
erated learning, a server-clients architecture. The framework includes a local
trajectory preprocessing and learning module for clients, a privacy-preserving
clustering module, and a server-side aggregation module, where the privacy-
preserving clustering module leverages differential privacy to handle data
heterogeneity across clients. Experiments on real data demonstrate the effec-
tiveness of F-TSL at preserving privacy and facilitating efficient decentralized
learning.



Resumé

Den udbredte anvendelse af tradlese og mobile enheder resulterer i en overflod
af spatio-temporale data (data med referencer til tid og sted; fx tidsserier og
datastremme), som er afgerende for applikationer sa som forudsigelse af trafik
og luftkvalitet. Selvom de seneste fremskridt inden for neurale netveerk har
resulteret i metoder med overlegen performance inden for analyse af spatio-
temporale data, sé er er der stadig udfordringer, ndr metoderne skal tilpasses
praktiske forhold.

Eksisterende metoder udviser ofte tre begraensninger: 1) metoder baseret
pa neurale netveerk kraever typisk store maengder treeningsdata, hvilket med-
forer hgje lagrings- og beregningsomkostninger; 2) nar de anvendes pa datas-
tromme, lider mange metoder af sakaldt katastrofal glemsel, hvilket over tid
forringer deres evne til at lave nejagtige forudsigelser; og 3) eksisterende
metoder antager ofte at data er centraliserede, hvilket kan give udfordringer
med at sikre privathed og med at udnytte muligheder for udfere decentralis-
erede beregninger.

Dette ph.d.-studie har til formal at opfinde metoder til analyse af spatio-
temporale ved hjeelp af nye teknikker inden for neurale netveerk. Specifikt
fokuserer studiet pé fire typer funktionalitet: kondensering af tidsseriedataszet,
preediktion baseret pé spatio-temporale datastremme, distribueret rekonstruk-
tion af spatio-temporale beveegelsesdata og distribueret leering af similaritet af
beveegelsesdata.

Forst adresserer vi problemet med kondensering af tidsseriedatasaet. Her
reducerer vi omkostningerne forbundet med at treene neurale netveerksmod-
eller ved at kondensere store treeningsdataseet til mindre, syntetiske dataseet.
Til dette formal introducerer vi TimeDC, som omfatter en modul til effektivt
at repreesentere tidserier som vektorer samt to moduler, der har til formal at
bevare henholdsvis korrelationer og menstre fra det oprindelige dataseet i det
kondenserede dataseet. Omfattende eksperimenter pa virkelige data viser, at
TimeDC fungere efter hensigten.

Dernaest beskriver vi en metode, kaldet URCL, der muligger forudsigelser
baseret pé spatio-temporale datastromme. URCL har tre neoglemoduler: datain-
tegration, kontinuerlig leering af vektorrepreesentationer af spatio-temporale



datastremme samt spatio-temporal forudsigelse. En sdkaldt mixup-mekaniske
sikrer mod katastrofal glemsel og et simpelt siamesisk neuralt netveerk mulig-
gor holistisk indleering af vektorrepraesentationer. Omfattende eksperimenter
pa virkelige datasaet bekraefter, at URCL er velfungerende.

For det tredje preesenterer vi en metode, kaldet LighTR+, til distribueret
rekonstruktion af spatio-temporale bevaegelsesdata og muligger dermed sikring
af privathed og udnyttelse af decentrale beregningsresurser. LighTR+ omfat-
ter et modul, der muligger decentral repraesentation af beveaegelsesdata som
vektorer, et vidensdistillationsmodul, og et modul, der muligger samarbejde
om modeltreening mellem de lokale klienter og den centrale server i LighTR+.
Ved hjeelp af disse moduler muligger LighTR+ bade privathed og forbedret
effektivitet.

Endelig preesenterer vi en metode, F-TSL, der muligger distribueret leering
af similaritet af spatio-temporale beveegelsesdata. F-TSL omfatter et modul til
klient-baseret preeprocessering og leering. Et andet modul benytter sdkaldt
differentiel privathed til at muliggere privathedsbevarende gruppering af
beveegelsesdata baseret pa similaritet. Endelig rummer F-TSL et server-baseret
modul, der muligger aggregering af data pé tveers af klienter. Eksperimenter
pa virkelige data giver empirisk evidens for, at F-TSL Er i stand til at bevare
privathed samt at facilitere effektiv distribueret leering.



Acknowledgements

I would like to thank many people who have supported me during my Ph.D.
studies.

First and foremost, I would like to express my sincere gratitude to my
supervisor Prof. Christian S. Jensen for his continuous support of my Ph.D.
study and research. I have gained a wealth of knowledge and skills, covering
topics such as scientific writing and research methods, due to his meticulous
guidance. Prof. Christian S. Jensen has always been encouraging and open
to various research topics, which granted me freedom to explore different
research fields. This experience has equipped me with a broad research vision
that will benefit me in my future academic career. It has been my pleasure to
be one of his Ph.D. students. I deeply appreciate his invaluable guidance and
instructions throughout my Ph.D. study.

Second, I would like to express my appreciation to my co-supervisor Prof.
Chenjuan Guo. I appreciate that she offered me the opportunity to be one of
her Ph.D. students. I would like to thank Prof. Chenjuan Guo for her unique
ideas and valuable comments in preparing and revising my papers, which
taught me how to write good research papers. Additionally, her guidance in
my daily life has helped me adapt to life abroad.

Third, I am especially grateful to my co-supervisor Assoc. Prof. Yan Zhao.
I'have learned a lot from her, from how to formulate a research problem to how
to write good research papers. I appreciate the considerable time she dedicated
to revising my drafts. I will always remember the scene of Yan working late
into the night in her office to help me revise my first paper. Without her strong
help, Iwould not have been able to complete this challenging journey and have
these publications.

I would like to thank Prof. Gao Cong, who hosted me as a visiting Ph.D.
student at Nanyang Technological University. I appreciate his support and
insightful comments on my research.

In addition, I would like to thank all my colleagues at the Data Engineering,
Science and Systems group at Aalborg University (AAU) for a fun-filled and
friendly working environment. I would especially like to thank Prof. Bin Yang
for his constructive and innovative suggestions in helping me revise my papers

vii



during the past three years. I also thank my colleagues Xinle Wu, Dazhuo
Qiu, and Miao Zhang for not making me feel alone. In addition, I thank
the administrative staff at AAU, especially Helle Westmark, Helle Schroll, and
Susanne Taunsig Larsen who have made my Ph.D. life easier. Further, I would
like to thank my co-authors, especially Ziqiao Liu, Ronghui Xu, and Chenxi
Liu, for their substantial support in terms of coding and writing. It has been a
pleasure to work with them.

Finally, I would like to thank my family, especially my parents, who always
stand by me and constantly encourage me. I am thankful to Chenxi Liu, who
plays a positive role during my Ph.D. period.



Contents

Abstract iii
Resumé v
Acknowledgements vii
Thesis Details xiii
I Thesis Summary 1
Introduction 3
1 Background and Motivation . . . ... ... ... .. ... .. .. 3
2 Thesis Structure . . . . . . . . . . . ... .. .. 5

1 Less is More: Efficient Time Series Dataset Condensation via Two-
fold Modal Matching 7
1 Problem Motivation and Statement . . . . . . ... ... ... .. 7
2 Preliminaries . . . . . . . . . . . . e 9
2.1 BasicConcepts . . ... ......... .. ... ..... 9
2.2 Problem Definition . . . . .. ... ... ... ....... 9
3 Methodology . ....... ... .. .. .. .. ... .. 10
3.1 Time Series Feature Extraction . . ... ... ... .. .. 11
3.2 Decomposition-Driven Frequency Matching . . . . . .. 11
3.3 Curriculum Training Trajectory Matching . . . . . . . .. 12
3.4  Overall Objective Function . . ... ............ 14
4  Experimental Evaluation . . . .. ... ..... ... .. ..... 15
4.1 Experimental Setup . . . . ... ... .. .. .. ... 15
4.2 Experimental Results . . . . . ... ...... .. ..... 16

2 A unified replay-based continuous learning framework for spatio-
temporal prediction on streaming data 21
1 Problem Motivation and Statement . . . . . . ... ... ... .. 21

iX



Contents

2  Preliminaries. . .. ... ... ... ... ... . . 23
2.1 BasicConcepts . . .. ... ...... ... ... .. .... 23
22 Problem Definition . . . . ... ... ... .. .. ..... 23
3 Methodology . ........ ... ... .. .. ... ... 24
3.1 Data Integration . .. ... ................. 24
3.2 Spatio-temporal Continuous Representation Learning . . 26
3.3 Spatio-Temporal Prediction . . . . ... ... ....... 30
3.4 Overall Objective Function . . .. ... ... ... .... 32
4  Experimental Evaluation . . . .. ... ... .. ... .. ... 33
4.1 Experimental Setup. . . . ... ... .. ... ... ... 33
42 Experimental Results . . . . .. ........ ... ... 33
LightTR+: A Lightweight Incremental Framework for Federated Tra-
jectory Recovery 39
1  Problem Motivation and Statement . . . . . ... ... ... ... 39
2  Preliminaries. . .. ... ... ... ... ... . . 42
2.1 BasicConcepts . . .. .................... 42
22 Problem Definition . . . . ... .. ... ... .. .... 43
3  Methodology . ... .... ... ... ... . . 44
3.1 Local Trajectory Preprocessing and Light Embedding . . 44
3.2  Meta-knowledge Enhanced Local-Global Training . . . . 48
4  Experimental Evaluation . . . . .. ... ..... .. ....... 52
4.1 Experimental Setup . . . . . ........ .. .. .. ... 52
42 Experimental Results . . . . . ... ............. 54
Federated Trajectory Similarity Learning with Privacy-Preserving
Clustering 59
1  Problem Motivation and Statement . . . . . ... ... ... ... 59
2  Preliminaries. . .. ... ... ... ... ... L. 61
2.1 BasicConcepts . . .. ... ..... ... ... .. ..., 61
2.2 Problem Definition . . . . ... .. ... .......... 62
3  Methodology . ... ... ... .. ... ... . 63
3.1 Local Trajectory Preprocessing and Learning . . . . . . . 63
3.2 Privacy-Preserving Clustering . . ... ... ... .... 65
3.3 Server-Side Aggregation . . . . ... ... ... oL 68
4  Experimental Evaluation . . . . . ... ...... .. .. ..... 71
4.1 Experimental Setup . . . . ... ... ... .. .. ... 71
42 Experimental Results . . . . .. ............... 72
Conclusion and Future Work 77
1 Conclusion . . .. ... ... ... ... .. .. . 77
2  FutureWork . . ... .. ... ... ... o oo 78
References . . . .. ... ... . .. ... 78



Contents

II Papers 85
A Less is More: Efficient Time Series Dataset Condensation via Two-

fold Modal Matching 87

1  Introduction . .. ... ... ... .. ... ... . .. 89

2  Preliminaries. . .. ... ... ... ... ... . .. 93
2.1 Time Series Seasonal-Trend Decomposition via Moving

Average . .. ... ... o 93

22 Dataset Condensation over Time Series . . . ... .. .. 94

3 Methodology . ........ ... ... .. .. ... .. 95

3.1 Framework Overview . . ... ... ............ 95

3.2 Time Series Feature Extraction . . ... ... .. ... .. 97

3.3 Decomposition-Driven Frequency Matching . . . . . .. 99

3.4 Curriculum Training Trajectory Matching . . . . . . . .. 100

3.5  Overall Objective Function . . ... ............ 103

4  Experimental Evaluation . . . . ... ... ............. 104

4.1 Experimental Setup . . . . ... ...... .. .. .. ... 104

42 Experimental Results . . . . .. ........ ... ... 106

43 Application on Streaming Time Series . . . . ... .. .. 112

44 Performance on Time Series Classification. . . . . . . .. 114

5 Relatedwork . . ... ... ... ... Lo 114

5.1 Time Series Modeling . . . . ... ... ... ....... 114

52 Coreset and Dataset Condensation . . . . .. ... .. .. 115

6 Conclusion . . ... ... ... .. .. ... 115

References . . . . . ... . . . . ... 116

B A Unified Replay-based Continuous Learning Framework for Spatio-

Temporal Prediction on Streaming Data 121
1  Introduction .. .......... .. ... . .. ... ... 123
2  Relatedwork . . .. ... .. ... ... L oL 126
21  Spatio-Temporal Data Prediction . . ... ... ... ... 126
22 Continuous Learning . . . . . .. ... .. ... ...... 127
3  ProblemStatement . ... ............. ... ... ... 127
4 Methodology . ....... ... .. .. .. ... . 128
4.1 Framework Overview . ... ................ 128
42 Data Integration . ... ................... 129
43 Spatio-temporal Continuous Representation Learning . . 131
44 Spatio-Temporal Prediction . . ... .. ... ....... 135
4.5 Overall Objective Function . . .. ... ... ... .... 139
5  Experimental Evaluation . . . . . ... ............... 140
5.1 Experimental Setup . . . . ... ... ... .. .. .. ... 140
52 Experimental Results . . . ... ............... 143
6 Conclusion . . ... ... ... ... .. ... 148

Xi



Contents

References . . . . . . . . . . ..o 149

LightTR+: A Lightweight Incremental Framework for Federated Tra-

jectory Recovery 155
1 Introduction . . . ... .. ... ... ... 157
2 Preliminaries . . . . . . . . . . .. . . ... 161
3  Analysisand Observations . . . . .. ... ............. 163
4 Methodology . ........ ... .. .. .. .. .. .. 165

4.1 Framework Overview . . ... ... ............ 166

42 Local Trajectory Preprocessing and Light Embedding . . 166
43  Meta-knowledge Enhanced Local-Global Training . . . . 170

5 ExperimentalStudy . . . .. ... ... oo o oo 175
5.1 Setup . . ... ... 175
52 Experimental Results . . . . ... .............. 177
6 RelatedWork . .... ... ... ... ... .. .. 183
6.1 Trajectory Recovery . . . .. .. ... ........... 183
6.2 Federated Learning . . . . . . ... .. ... ........ 184
6.3 Incremental Learning . . . ... ... ... ... .. ... 185
7 Conclusion . . .. ...... ... .. ... .. 185
References . . . ... ... ... .. .. ... 185

Federated Trajectory Similarity Learning with Privacy-Preserving

Clustering 191
1  Introduction . .. ... .. ... ... ... ... L .. 193
2 Preliminaries. . . . ... ... ... ... ... 196
3 Discussion . .. ... ... ... e 198
4 Methodology . .. ... ... ... .. .. .. .. .. . 200
4.1 Framework Overview . . ... ... . ... ... ... ... 200
42 Local Trajectory Preprocessing and Learning . . . . . . . 200
4.3 Privacy-Preserving Clustering . . .. ... .. ... ... 203
44  Server-Side Aggregation . . . . .. ... ... ... ... 206
5  Experimental Evaluation . . . .. ... ............... 208
5.1 Experimental Setup . . . . ... ... .. .. ... .. 208
52 Experimental Results . . . . ... .............. 210
6 RelatedWork . ........... .. .. ... .. .. ... .. 218
6.1 Trajectory Similarity . . ... ... ... ... .. ..... 218
6.2 Federated Learning . . . . . ... ... ... ........ 219
7 Conclusion . . . ......... . ... ... 219
References . . .. ... ... .. .. .. .. ... 220

Xii



Thesis Details

Thesis Title: Aspects of Deep Spatio-Temporal Analytics for Time Series,

Streaming, and Trajectory Data

Ph.D. Student: Hao Miao
Supervisors: Prof. Christian S. Jensen, Aalborg University

Prof. Chenjuan Guo, East Normal China University
Assoc. Prof. Yan Zhao, Aalborg University

The main body of this thesis consists of the following papers.

[A]

[B]

[C]

[D]

Hao Miao, Zigiao Liu, Yan Zhao, Chenjuan Guo, Bin Yang, Kai Zheng,
Christian S. Jensen, “Less is More: Efficient Time Series Dataset Condensation
via Two-fold Modal Matching,” in PVLDB, 2025.

Hao Miao, Yan Zhao, Chenjuan Guo, Bin Yang, Kai Zheng, Feiteng
Huang, Jiandong Xie, Christian S. Jensen, “A Unified Replay-based Contin-
uous Learning Framework for Spatio-Temporal Prediction on Streaming Data,”
in ICDE, pp. 1050-1062, 2024.

Hao Miao, Ziqgiao Liu, Yan Zhao, Chenxi Liu, Chenjuan Guo, Bin Yang,
Kai Zheng, Huan Li, Christian S. Jensen, “LightTR+: A Lightweight Incre-
mental Framework for Federated Trajectory Recovery,” TKDE (in submission),
2024.

Hao Miao, Ziqgiao Liu, Yan Zhao, Kai Zheng, Yupu Zhang, Christian
S. Jensen, “Federated Trajectory Similarity Learning with Privacy-Preserving
Clustering,” in ICDE (under minor revision), 2024.

In addition to the above papers, I have coauthored the following five papers
as part of my Ph.D. studies, which are not included in the thesis.

(1]

Hao Miao, Jiaxing Shen, Jiannong Cao, Jiangnan Xia, Senzhang Wang,
“MBA-STNet: Bayes-enhanced discriminative multi-task learning for flow pre-
diction,” TKDE, vol. 35, no. 7, pp. 7164-7177, 2023.

xiii



Thesis Details

[2] Hao Miao, Xiaolong Zhong, Jiaxin Liu, Yan Zhao, Xiangyu Zhao, Weizhu
Qian, Kai Zheng, Christian S. Jensen, “Task Assignment With Efficient Fed-
erated Preference Learning in Spatial Crowdsourcing,” TKDE, vol. 36, no. 4,
pp. 1800-1814, 2024.

[3] Zigiao Liu, Hao Miao, Yan Zhao, Chenxi Liu, Kai Zheng, Huan Lj,
“LightTR: A Lightweight Framework for Federated Trajectory Recovery,” in
ICDE, pp. 4422-4434, 2024.

[4] Ronghui Xu, Hao Miao, Senzhang Wang, Philip S. Yu, Jianxin Wang,
“PeFAD: A Parameter-Efficient Federated Framework for Time Series Anomaly
Detection,” in SIGKDD, pp. 3621-3632, 2024.

[5] Hao Miao, Yan Zhao, Chenjuan Guo, Bin Yang, Kai Zheng, Christian S.
Jensen, “Spatio-Temporal Prediction on Streaming Data: A Unified Federated
Continuous Learning Framework,” TKDE (under major revision), 2024.

This thesis has been submitted for assessment in partial fulfillment of the PhD
degree. The thesis is based on the submitted or published scientific papers
which are listed above. Parts of the papers are used directly or indirectly
in the extended summary of the thesis. As part of the assessment, co-author
statements have been made available to the assessment committee and are also
available at the Faculty. The permission for using the published and accepted
articles in the thesis have been obtained from the corresponding publishers
with the condition that they are cited and copyrights are placed prominently
in the references. In reference to IEEE copyrighted material, which is used
with permission in this thesis, the IEEE does not endorse any of Aalborg
University’s products or services. Internal or personal use of this material is
permitted. If interested in reprinting /republishing IEEE copyrighted material
for advertising or promotional purposes or for creating new collective works for
resale or redistribution, please go to http://www.ieee.org/publications_
standards/publications/rights/rights_link.html to learn how to obtain
a License from RightsLink.

Xiv


http://www.ieee.org/publications_standards/publications/rights/rights_link.html
http://www.ieee.org/publications_standards/publications/rights/rights_link.html

Part I

Thesis Summary






Introduction

The thesis focuses on deep learning based spatio-temporal analytics on time
series, streaming, and trajectory data. In this section, we first introduce the
background and motivation, followed by the thesis structure.

1 Background and Motivation

With the proliferation of edge computing and mobile sensing, massive vol-
umes of spatio-temporal data, such as time series and trajectories, comprising
of millions of observations, are being recorded and stored into database man-
agement systems (DBMSs) [31]. Spatio-temporal data often refers to data that
encompasses both spatial and temporal dimensions. For example, populations
of in-road sensors provide data that captures traffic flow in multiple locations
across time. As suggested in Figure 1, effective spatio-temporal analytics is
critically important as it enables prominent real-world applications, such as
urban planning [68], crime analysis [87], and smart transportation [47].

Spatio-Temporal Data

fh\lﬂn& £ ]}

v@l __'k -8 m‘“
- gy
g e

Urban Planning Crime Analysis Navigation Smart Transportation

Fig. 1: Spatio-Temporal Data based Applications [36, 50]



Spatio-temporal data often takes different forms in real-world scenarios.
In this study, we focus on spatio-temporal analytics for time series, streaming,
and trajectory data, where a time series is a time ordered sequence of obser-
vations, streaming spatio-temporal data consists of continuously generated
observations that evolve over time, and a trajectory is a sequence of GPS points
at certain discrete timestamps that capture the movement of an object.

The key aspect of spatio-temporal analytics is to learn spatial and tempo-
ral correlations in the data effectively. Traditional methods are mostly based
on statistical models [37, 58], e.g., ARIMA [32]. However, statistical models
cannot capture complex spatial and temporal correlations effectively, due to
their limited learning capacity. Recently, with the advancement of deep learn-
ing techniques, various deep learning based methods address spatio-temporal
analytics [47, 73, 84]. These methods benefit from the massively available
spatio-temporal data and the powerful feature extraction capacities of neural
networks. Deep learning based methods, also known as deep spatio-temporal
neural networks, outperform traditional statistical models when used for sup-
porting a broad range of downstream tasks.

Despite the success of deep learning spatio-temporal analytics methods,
they still face three challenges. First, most existing deep learning based meth-
ods are computationally intensive, requiring vast amounts of processing power
and consuming considerable time. This leads to a bottleneck in real-time,
resource-constrained applications. Second, it is challenging to enable stream-
ing spatio-temporal learning that avoids catastrophic forgetting, which is the
tendency to abruptly forget previously learned knowledge when learning new
knowledge. Third, massive volumes of spatio-temporal data are being gen-
erated in a decentralized fashion with the widespread deployment of edge
computing and devices. However, most existing methods assume centralized
training data and fail to take into account the decentralized setting.

To address these shortcomings, we address the following four problems in
the thesis.

1) Time Series Dataset Condensation. To reduce the cost associated with
the use of large data for model, we propose an efficient time series
dataset condensation framework, TimeDC, that employs two-fold modal
matching. We design a time series feature extraction module with
well-customized TSOperators. A curriculum training trajectory match-
ing module is proposed to enable effective and generalized time series
dataset condensation. To reduce the discrepancy between frequencies
in the original and condensed time series, we propose a decomposition-
driven frequency matching module.

2) Continuous Spatio-Temporal Data Prediction. To enable stream learn-
ing, we propose a unified replay-based continuous learning (URCL)
framework for spatio-temporal prediction on streaming data. We pro-
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2. Thesis Structure

pose a spatio-temporal mixup mechanism and a ranking-based maxi-
mally interfered retrieval sampling strategy to alleviate catastrophic for-
getting. In addition, we propose a spatio-temporal continuous learning
module to learn holistic features to enable accuracy. A common spatio-
temporal prediction module is proposed by identifying the commonali-
ties among existing methods.

3) Federated Trajectory Recovery. To develop a decentralized training
framework, we study federated trajectory recovery, where a lightweight
incremental framework, LighTR+, is proposed based on horizontal fed-
erated learning (i.e., a cleint-server architecture). Given the limited pro-
cessing capabilities of edge devices, LightTR+ includes a lightweight
local trajectory embedding module. To mitigate catastrophic forgetting,
we propose an intra-domain knowledge distillation module. Addition-
ally, LightTR+ features a meta-knowledge enhanced local-global train-
ing scheme, which reduces communication costs between the server and
clients, further improving efficiency.

4) Federated Trajectory Similarity Learning. We propose F-TSL, a feder-
ated trajectory similarity learning framework, based on horizontal fed-
erated learning. We design a local trajectory preprocessing and learning
module to learn spatio-temporal correlations based on a local trajectory
learning model. In addition, to contend with trajectory heterogeneity
across clients, we propose a privacy-preserving clustering module.

2 Thesis Structure

Figure 2 shows the thesis structure. Overall, the thesis is motivated by three
challenges: high data storage and computation costs, streaming learning, and
decentralized training and privacy. First, we study efficient time series dataset
condensation aiming to reduce the cost associated with the use of large data,
which is the topic of Paper A [45]. Next, we study streaming spatio-temporal
prediction that avoids catastrophic forgetting, which is the topic of Paper
B [48]. Finally, we study federated trajectory recovery and federated trajectory
similarity learning to enable decentralized training and privacy preservation,
which are the topics of Papers C [46] and D [44].

Chapter 1 presents an efficient time series dataset condensation framework.
Key aspects of the proposal include: i) a time series feature extraction module
for effective feature extraction; ii) a decomposition-driven frequency matching
module to preserve temporal patterns in an original, large time series dataset in
the condensed time series dataset; iii) a curriculum training trajectory match-
ing module to imitate the training dynamics on the original dataset; and iv)
extensive experiments to assess pertinent properties of the proposal.

5
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Fig. 2: Thesis Structure

Chapter 2 presents a unified replay-based continuous learning framework
for spatio-temporal prediction on streaming data. Specifically, the framework
encompasses: i) a data integration module to fuse current and historical data
by means of spatio-temporal mixup mechanism to alleviate catastrophic for-
getting; ii) a spatio-temporal continuous representation learning module to
learn holistic spatio-temporal features utilizing five spatio-temporal augmen-
tation methods; iii) a spatio-temporal prediction module to enable effective
prediction; iv) extensive experiments to assess pertinent properties of the pro-
posal.

Chapter 3 presents the LightR+ federated trajectory recovery framework.
To be specific, we propose a lightweight local trajectory embedding module
to improve efficiency without compromising feature extraction capabilities.
An intra-domain knowledge distillation module is designed to alleviate catas-
trophic forgetting. In addition, we propose a meta-knowledge enhanced local-
global training scheme to reduce communications costs. Moreover, we conduct
extensive experiments to show the effectiveness of the proposal.

Chapter 4 presents the F-TSL federated trajectory similarity learning frame-
work. In particular, F-TSL encompasses three key modules: i) a local trajectory
preprocessing and learning module for lightweight trajectory embeddings; ii)
a privacy-preserving clustering module to aggregate similar clients aiming at
alleviating data heterogeneities; iii) a server-side aggregation module to ob-
tain a global model by aggregating updates on a local cluster; and iv) extensive
experiments to show the superiority of the proposal.



Chapter 1

Less is More: Efficient Time
Series Dataset Condensation
via Two-fold Modal Matching

This chapter provides an overall introduction to Paper A [45], which proposes
a time series dataset condensation framework, TimeDC, that employs two-fold
modal matching. TimeDC can be used in different downstream tasks, e.g.,
time series forecasting. Extensive experiments on real data offer insight into
the effectiveness and efficiency of the proposed TimeDC. This chapter reuses
content from the paper [45] when that is considered most effective.

1 Problem Motivation and Statement

With the proliferation of edge computing and mobile sensing, massive volumes
of time series data, comprising millions of observations, are being collected and
stored into time series database systems (TSMSs) [31, 67], enabling various real-
world applications [54, 65, 73]. However, storing and preprocessing datasets
is costly, and model training often calls for the use of specialized equipment
and infrastructure [35, 81, 86], limiting the application on edge devices [67, 77].
We consider the novel problem of time series dataset condensation, where the
goal is to synthesize a small but informative condensed time series dataset
S derived from an original large dataset 7. A model, composed of stacked
time series operators (TSOperators) that perform feature extraction, is trained
on the condensed time series (CTS) dataset with the objective of achieving
performance comparable to that of a model trained on the original large time
series (OLTS) dataset for downstream tasks (see Figure 1.1).
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However, developing such methods is non-trivial, due to the following
challenges. First, It is challenging to guarantee the effectiveness and gener-
alization ability of the condensed time series dataset [1, 9]. Typical dataset
condensation methods require a bi-level (even triple-level) optimization to
jointly learn a minimum of two objectives: model parameters and a condensed
time series dataset. Such complex non-convex optimization cannot guarantee
optimal solutions, thus significantly limiting its effectiveness as the represen-
tative of the large original time series dataset. Second, existing popular dataset
condensation methods mainly focus on computer vision without specific mod-
ules to capture the unique time series characteristics [7, 73]. Third, existing
dataset condensation methods [62, 86] often suffer from poor scalability, as
bi-level optimization is generally time-consuming [92].

This study addresses the above challenges by providing an efficient time
series dataset condensation (TimeDC) framework, which features a two-fold
matching mechanism: time series frequency matching and training trajectory
matching. TimeDC synthesizes a small time series dataset that summarizes a
large dataset such that models trained on the small dataset achieve comparable
performance to models trained on the large dataset. In particular, we propose
a curriculum training trajectory matching (CT>M) module to achieve effective
and generalized TS dataset condensation. We design a decomposition-driven
frequency matching (DDFM) module to facilitate consistent temporal pattern
preservation between the condensed time series dataset and the original one. It
maps the decomposed frequencies when optimizing the condensed dataset. In
addition, to support the capture of complex temporal dependencies (Challenge
II), we propose a time series feature extraction (TSFE) module. Finally, To
address the issue of high computation costs and poor scalability (Challenge
IIT), we propose an expert buffer to save expert trajectories pre-computed on
original time series data to avoid memory overflow and reduce the overall
training time. The main contributions of paper A are summarized as follows.

* To the best of our knowledge, this is the first study to learn dataset con-
densation over time series. We propose a framework called TimeDC that
aims to condense large time series datasets into small synthetic time series
datasets while retaining the expressiveness of the large datasets.

8



2. Preliminaries

¢ We design a TSFE module to capture temporal dependencies of time series
effectively. We further propose a DDFM module to reduce the discrepancy
of frequencies between original and condensed time series.

* A novel curriculum trajectory query and matching module is proposed to
penalize condensed time series data based on how far the synthetically
trained model deviates from expert trajectories.

* We report on experiments using real data, offering evidence of the effec-
tiveness and efficiency of the proposals.

2 Preliminaries

2.1 Basic Concepts

Definition 1 (Time Series) A time series T = (t1,t2,--- ,t,) is a time ordered
sequence of n observations, where each observation t; € R is a C-dimensional vector.
If C =1, T is univariate; otherwise, T is multivariate.

Definition 2 (Time Series Dataset) A time series dataset T is a set of time series
T ={Th, T, -+, Tm}, where M is the cardinality.

Definition 3 (Condensed Time Series Dataset) Given a time series dataset T, a
time series dataset S = {Tl, -, TN} is condensed if N is much smaller than M,

where T is the condensed time series, M is the cardinality, and S is derived from T .

2.2 Problem Definition

Given a large time series dataset 7, our goal is to synthesize a small time series
dataset S = {ﬁ, ﬁ, cee, TN} that preserves most of the information in 7~ and

N < M. Once the condensed time series set S is learned, we can train f on it
by replacing 7~ by S in Equation 1.1.

07 =argmin L7 (0), (1.1)
0

As the condensed set S is significantly smaller than 7, we expect the opti-
mization to be considerably faster. In addition, we expect the generalization
performance of fys to be close to fgr,i.e., Er,~p, [€(for, T;)] = Er<pg[€(fos, Ti)],
on the real data distribution P7. Thus, given a learnable function f parameter-
ized by 0, our problem, dataset condensation over time series, can be formulated
as a bi-level optimization problem [86] as follows.

outer—level inner—level
e N — e N e—
n}gin.ﬁ(fgsﬁr), s.t.05 = argmin L(fa, S), (1.2)
6

9
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Fig. 1.2: TimeDC Framework Overview

where the outer loop optimizes the condensed time series set S, while the
inner loop aims to learn an optimal function fys on S.

3 Methodology

As illustrated in Figure 1.2, given a model composed of stacked TSOperators,
we first pre-train a set of training trajectories on the original large time series
(OLTS) dataset and store these pre-trained trajectories as expert trajectories in
an expert buffer. As the original dataset is used to guide the network training,
we denote the parameters trained on the original dataset as expert trajectory.
Then, we train the same model on the condensed time series (CTS) dataset
and perform two-fold modal matching: trajectory matching and frequency
matching. Specifically, we optimize the condensed dataset with respect to
the distance between the synthetically training trajectories and the trajectories
trained on the original dataset. Further, we align the frequencies (i.e., trend
and seasonality) between the original dataset and the condensed dataset to
preserve temporal correlations when synthesizing the condensed dataset.
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Fig. 1.3: Feature Extraction Module
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3. Methodology

3.1 Time Series Feature Extraction

We first consider the time series feature extraction (TSFE) module. As shown
in Figure 1.3, TSFE is composed of a channel-independent mechanism, a patch-
ing mechanism, and stacked TSOperators. TSFE aims to extract effective high-
dimensional features from the input time series. A channel-independent mech-
anism CIM(-) is adopted to decouple the time series Ty € RE*"™C(C > 1)
into C univariate time series {Tizlm}ccz1 € RB*"™1 for subsequent feature ex-
traction.

Next, the module splits each decoupled univariate (i.e., channel-independent)
time series into P patches to learn local semantic information employing the
patching mechanism. Given a patch length L and a stride (i.e., the non-
overlapping region between two consecutive patches) S, a sequence of patches
I; € RBXLP is generated, where P = L"S;L + 2] is the number of patches. The
last value t,, repeated S — 1 times is padded to the end of the input time series
before patching.

Then, the module stacks several TSOperators, composed of self-attention
and fully connected layers, for channel-independent feature extraction. The
j-th TSOperator can be formulated as follows.

W = TSOperator(h/™*) = Norm(FC(MultiHead(h/™1))), (1.3)

3.2 Decomposition-Driven Frequency Matching

Time series data usually exhibit distinct frequencies, such as trend and season-
ality, separating from other modalities (e.g., images). We argue that it would
give more guidance on time series condensation if the condensed and original
time series share similar frequencies. Thus, to preserve temporal patterns in
the condensed time series dataset, we propose a novel decomposition-driven
frequency matching (DDFM) mechanism that incorporates a decomposition
block into the stacked TSOperators.

As shown in Figure 1.2, for each TSOperator, DDFM decomposes the in-
termediate hidden features, learned from the original dataset 7~ and the con-
densed dataset S, into their frequencies (i.e., trend and seasonality) progres-
sively. It then aligns the frequencies to reduce the discrepancy of the temporal
patterns between the original dataset and the condensed dataset based on the
moving average. Concretely, for the hidden features h/ of the j-th TSOperator,
we adopt the moving average by means of average pooling AvgPool(-) to smooth
periodic fluctuations and highlight the trend and seasonality. In particular, the
process of series decomposition is as follows.

h]TRE = AvgPool(Padding(h')), h{SEA =K - h]TRE' (1.4)
where h;RE and héE 4, are the decomposed trend and seasonality, respec-

tively. We employ the average pooling AvgPool(-) with the padding operation

11
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Padding(-) to keep the time series length unchanged. We denote the decompo-
sition process as follows.
N

j
h SEA

TRE” = SeriesDecomposition(h') (1.5)

Given the extracted features h,jr and h{g of the original dataset 7~ and the
condensed dataset S, we decompose the corresponding trend and season-
ality according to Equation 1.5, We use cosine similarity cos(:,-) to measure

j j j
similarities between the trends hTRE , hTRE and seasonalities hSE Ap hSE Ag?
formulated as follows.

j W
TREs TREg
COS(hTRET TREg ‘
||hTRErr||2 ||hTRE5||2
(1.6)
K K
W SEAT SEAg
cos(hgpy, SEAS : ,
IIhSEATHZ ||hSEAS||2
where || - || is [p-norm.

We aim to maximize the cosine similarity to reduce the discrepancy of
frequencies between the condensed data and the original data. The objective
function of DDFM is formulated as follows.

Nop

TREs )+ cos(h (1.7)

Lrre = SEA" ]SEAS))’

TRE 4

where Ny is the number of TSOperators.

3.3 Curriculum Training Trajectory Matching

To enable effective dataset condensation, we propose a curriculum training tra-
jectory matching mechanism. Motivated by an existing study [9], we match the
long-term training trajectories of the TTFM module with the offline guidance
of expert trajectories, which are pre-trained and stored in the expert buffer.

In particular, we first train K time series models with the same architecture,
i.e., stacked TSOperators, denoted as fg, on the original large time series dataset.
Then, we can obtain K numbers of expert training trajectories that have a
holistic knowledge of the original time series dataset in terms of fq’s training
process. We save these model parameters {©5 }X_ | = {65} at certain epoch
intervals E in the expert buffer 8. Finally, we design a curriculum trajectory
query mechanism to sample training trajectories of the expert buffer from
similar to dissimilar for trajectory matching. Here, the pre-training of fr is
offline and can be separated from the end-to-end time series condensation,
reducing the online computation costs.

12
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Fig. 1.4: Curriculum Trajectory Query and Matching

Training Trajectory Matching. We use the original dataset to guide the
network training, and the parameters trained on this dataset are called an
expert trajectory. If a condensed time series dataset is capable of forcing
network training dynamics to follow expert trajectories, the idea is that the
synthetically trained network will be located close to the model trained on
the original time series dataset and will achieve similar test performance for
downstream applications.

When sampling a pre-computed parameter trajectory 6, from the expert
buffer 8, we aim to minimize the distance between the parameters 6~g trained
on the condensed dataset and 6,:

arg min Eg, 5 [Lunm(Ocl -y, Ocl=ey)], (1.8)

where E is the expectation, 0, gzeo,(ZVg:eO are the parameters with range
(eo,e0 + a) and (ep, e + b), where eg < ey + a < E. More specifically, we
update the condensed TS data according to the trajectory matching loss Ly ;.

| | 6€0+b - 9€0+a||§

- 2, (19)
1920 = Ocral 3

Ltym =

Note that we initialize the parameters of fzs with those of fr at ey training
step, i.e., 560 = 0,,, for more focused training. This way, we align the learning
behavior of fr with a-steps optimization to fgs with b-steps optimization,
imitating the long-term learning behavior of time series modeling.

For the inner loop, we train fgs on the condensed time series data for
optimization until the optimal 6*. Thus, the objective function of the CT?M is
defined as follows.

0in B[ Lo (Ol iy Oclie,)] 5.0 = argmin L(f5,S),  (1.10)
o

where L(-) is the task-specific loss (e.g., Mean Square Error (MSE)).
Curriculum Training Trajectory Query. As shown in Figure 1.4, we pro-
pose a curriculum training trajectory query method to further enhance the
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generalization of time series condensation and accelerate the model conver-
gence [69, 89]. Curriculum learning aims to train a model with easy samples
first, and then gradually increases the difficulty levels. In our setting, we first
query similar training trajectories 0,[;_,, and é;|§:60, learned on the original
and condensed datasets, respectively, to perform trajectory matching. Then,
we gradually increase the dissimilarity of the original data training trajectory.

To quantify the similarity between training trajectories of the original
dataset 7~ and the condensed dataset S, we design a minimally interfered
retrieval sampling strategy. Specifically, given current parameters ggo of fgs
learned on the condensed dataset, trajectories {@Z]‘_ le in buffer 8, and a stan-
dard task-specific objective function mings £(fgs,S), we retrieve trajectories
that will be close to O by the update of the foreseen (i.e., future) parameters
to select more similar trajectories from 8. We update the parameter 530 for
a-steps by gradient matching, as shown in Equation 1.11.

a

Ocyra = Oy = ) (VL (fys, S), (L.11)

s=1

where « is the learning rate. Then, we compute the distance D(:, ) between
the foreseen trajectory 5|Z:€0 of S and sub-trajectories OF =c, Of {®'kr Ik<=1 in 8B
as follows.

ek a

disy = —D(6| ) (1.12)

a
e=ep’

We use the cosine similarity to measure the distance D(:).

D@|_, ,6%_,) Olie, O -e, (1.13)
e=eyr 0" le=e, ||5|?:e0||2 1012_, 112 .

Finally, we match current model trajectories of S with the pre-trained tra-
jectories in descending order based on the similarity {dis k}Ik<:1'
3.4 Overall Objective Function

The final loss contains three parts: a task-specific loss £, a frequency matching
loss Lrye, and a trajectory matching loss Ly;,,. We combine them together and
the overall loss is as follows.

Lait = L + Lrre + Liym. (1.14)

The task-specific loss L is specific to the particular downstream tasks to achieve
a better condensed dataset tailored for the intended use.
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4 Experimental Evaluation

4.1 Experimental Setup
Datasets

The experiments are carried out on six widely-used time series datasets, cov-
ering four application domains: weather, traffic, economics, and energy.

* Weather. The Weather dataset contains 21 indicators of weather (e.g., air
temperature and humidity), which are collected in Germany. The data is
recorded every 10 minutes.

 Traffic. The Traffic dataset contains hourly road occupancy rates obtained
from sensors located at San Francisco freeways from 2015 to 2016.

¢ Electricity. The Electricity dataset contains the hourly electricity consump-
tion of 321 clients from 2012 to 2014.

* ETT. The ETT dataset includes two hourly-level datasets (ETTh1 and ETTh2)
and two 15-minute-level datasets (ETTm1 and ETTm?2). Each dataset in-
cludes 7 oil and load features of electricity transformers between July 2016
and July 2018.

We choose time series forecasting as a representative downstream task, as
it is a popular analytics task.
Baselines

We compare TimeDC with the following existing methods that include coreset
construction methods (i.e., Random, Herding [71], and K-Center [26]), and
dataset condensation methods (i.e., DC [86] and MTT [9] ).

Evaluation Metrics

Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are adopted
as the evaluation metrics, which are defined as follows.

M M
1 A 1 -
AE = — m— Y™, MSE = — - Y2 11
M Mmzzlw Y|, Ms Mn;”y yIP, (L15)

where M is the testing data size, ' is the prediction and y' is the ground truth.
The smaller the MAE and the RMSE are, the more accurate method is. We
also evaluate the efficiency of the models, including the training and dynamic
tensor memory cost.
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Table 1.1: Overall Performance Comparison on Seven Datasets

Baseline Random K-Center Herding DC MTT TimeDC  Whole Dataset
Dataset PL | MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE
96 | 0.731 1.256 0452 0.687 0478 0.677 0361 0514 0.295 0244 0.257 0.188 0.239 0.182

Weather 192 | 0.786 1.302 0487 0.723 0512 0.688 0.413 0527 0.344 0301 0.285 0.247 0.261 0.195
336 | 0794 1311 0524 0756 0.554 0712 0444 0.567 0368 0.328 0.330 0.287 0.282 0.241

96 | 0.675 1.125 0503 0576 0483 0.554 0375 0.603 0.279 0.403 0.254 0.375 0247 0.337

Traffic 192 | 0.712 1.144 0514 0.604 0517 0.606 0432 0.633 0.336 0.442 0.297 0405 0265 0.338
336 | 0729 1117 0523 0.611 0.553 0.654 0449 0.676 0.355 0471 0.312 0423 0.297 0.360

96 | 0.421 0.669 0.448 0.583 0.501 0.592 0.376 0.513 0.296 0.283 0.274 0.267 0.252 0.268

Electricity 192 | 0.450 0.743 0476 0.601 0534 0.628 0419 0532 0315 0.337 0285 0.294 0239 0.255
336 | 0491 0.853 0506 0.622 0.569 0477 0436 0.544 0339 0356 0.304 0322 0271 0.285

96 | 0523 0.745 0.554 0.698 0.536 0.656 0.503 0.442 0.456 0.464 0.413 0401 0354 0.386

ETThl 192 | 0557 0.786 0.578 0.722 0.589 0.698 0.552 0.508 0.504 0.471 0.436 0.428 0.362 0.355
336 | 0.588 0.802 0.604 0.745 0.603 0.723 0.556 0.513 0.498 0464 0447 0431 0409 0.387

96 | 0487 0.655 0.589 0711 0521 0.589 0.463 0.524 0.388 0.342 0.368 0.271 0.324 0.255

ETTh2 192 | 0509 0.673 0.605 0.732 0.553 0.621 0.483 0.536 0.416 0.384 0.389 0.302 0.332 0.257
336 | 0.524 0.689 0.623 0744 0.564 0.640 0505 0.540 0435 0455 0411 0334 0376 0.296

96 | 0.743 1.124 0525 0492 0.607 0.554 0.603 0.665 0.512 0.453 0.503 0.442 0.453 0.403

ETTml 192 | 0.764 1245 0566 0510 0.628 0571 0.597 0.647 0.563 0.501 0.512 0.465 0.464 0.432
336 | 0801 1.128 0.571 0.523 0.644 0582 0.624 0.668 0.552 0.488 0.500 0.483 0.477 0.455

96 | 0.664 0795 0486 0.623 0524 0.558 0.472 0535 0.376 0.421 0.354 0391 0.347 0.381

ETTm2 192 | 0.687 0.804 0512 0.643 0549 0.583 0488 0567 0453 0479 0.401 0421 0.358 0.403
336 | 0702 0.823 0558 0.661 0.598 0.624 0493 0.556 0.473 0.523 0453 0474 0406 0.435

4.2 Experimental Results

Overall Performance Comparison

We report the MAE and RMSE values of the methods in Table 1.1. The best per-
formance by an existing method (Random, Herding, K-Center, DC, and MTT)
is underlined, and the overall best performance is marked in bold. Whole
Dataset indicates training on the original dataset and serves as an approxi-
mate upper-bound performance; is marked in italics. We use a set of stacked
TSFE modules as the basic forecasting model for each baseline. The following
observations are made.

¢ TimeDC achieves the best results on all datasets across all prediction lengths
(PL € {96,192,336}). TimeDC performs better than the best among the
baselines by up to 13.49% and 26.59% in terms of MAE and RMSE, respec-
tively. We observe that the performance improvements obtained by TimeDC
on the Weather dataset exceed those on the Traffic, Electricity, ETTh1, and
ETTh2 in most cases. This is because the Weather has much more train-
ing data than the other datasets. TimeDC trained with more training data
results in better results. Though the ETTm1 and ETTm?2 datasets have sub-
stantial training data, TimeDC performs slightly better than baselines on
these two datasets. This is because the temporal patterns in ETTm1 and
ETTm?2 are highly regular and can be captured easily by existing methods.

* The coreset methods (i.e., Random, K-Center, and Herding), perform worse
than the condensation methods (i.e., DC, MTT, and TimeDC), where Ran-
dom has the worst performance in most cases. This is because coreset
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methods are based on heuristic metrics, that makes it hard to select repre-
sentative observations and guarantee the optimal solutions.

* A popular condensation method, MTT performs the best among the existing
methods except when PL = 96 on ETThl1, due to its powerful condensation
capability that involves matching multi-step parameters.

The experiment offers evidence that TimeDC is more effective than existing
coreset and dataset condensation methods.

8.4 MAE 7.2 MAE
- MSE m— MSE
6.3 5.4
2 2
Q42 3936
2.1 1.8
0.0 - 0.0
w/o_patch w/o_DDFM w/o_CT?M TimeDC w/o_patch w/o_DDFM wjo_CT?M TimeDC
(a) Weather (b) Traffic

0 w/o_patch w/o_DDFM w/o_CT?M TimeDC 0 w/o_patch w/o_DDFM w/o CT?2M TimeDC

(c) Electricity (d) ETTh1

Fig. 1.5: Performance of TimeDC and Its Variants on Four Datasets (PL = 96)

Ablation Study

To gain insight into the effects of the different components of TimeDC, includ-
ing the patching mechanism (patch), decomposition-driven frequency match-
ing (DDFM), and curriculum training trajectory matching (CT>M), we evaluate
three variants:

¢ wlo_Patch. TimeDC without the patching mechanism.

e w/o_DDFM. TimeDC without the DDFM module.

e w/o_CT>M. TimeDC without the CT?M module of TimeDC.

Figure 1.5 shows results on Weather, Traffic, Electricity,and ETTh1. Regard-
less of the datasets, TimeDC outperforms its counterparts without the patching
mechanism, the DDFM module, and the CT2M module. This shows that these
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Table 1.2: Cross-Architecture Performance Comparison

. ) . ETT
Method Metric PL Weather  Traffic  Electricity ETTh ETTh2 . ETTmi ETTma
MAE 96 0.257 0.254 0.274 0.413 0.368 0.503 0.354
TimeDC 192 0.285 0.297 0.285 0.436 0.389 0.512 0.401
MSE 96 0.188 0.375 0.267 0.401 0.271 0.442 0.391
192 0.247 0.405 0.294 0.428 0.302 0.465 0.421
MAE 6 0.312 0.370 0.343 0453 0473 0.548 0.342
Autoformer 192 0.381 0.385 0.355 0478 0491 0.550 0.334
MSE 96 0.255 0.597 0.236 0.465 0412 0.542 0.265
192 0.334 0.613 0.264 0493 0488 0.532 0.287
MAE 96 0.423 0.430 0.428 0.773 0.842 0.576 0.552
Informer 192 0.482 0.476 0.446 0.788 0.954 0.597 0.532
MSE 96 0.354 0.643 0.253 0.992 1.032 0.624 0.402
192 0.478 0.710 0.271 0.987 1.055 0.653 0.432
MAE 96 0.389 0.412 0.398 0.632 0.506 0.563 0.555
Transformer 192 0.588 0.431 0.422 0.612 0.513 0.588 0.576
MSE 96 0.344 0.578 0.267 0.785 0.579 0.615 0.479
192 0.524 0.567 0.288 0.732 0.542 0.643 0.455

three components are all useful for effective time series dataset condensation.
TimeDC obtains MAE and RMSE reductions by up to 12.88% and 22.95%, re-
spectively, compared with w/o_DDFM. Further, on all datasets, w/o_CT?M
performs worst among all variants. TimeDC performs better than w/o_CT?*M
by at least 44.64% and 48.49% in terms of MAE and MSE, respectively, which
indicates the effectiveness of the CT*M module.

Cross-Architecture Performance

Next, we consider the cross-architecture performance of TimeDC. It is im-
portant to determine whether the condensed time series data generated by
TimeDC can be used to train an unseen network. To assess such cross-
architecture performance comprehensively, we consider three representative
state-of-the-art network architectures for time series forecasting, including Aut-
oformer [72], Informer [91], and Transformer [66]. We first synthesize condensed
time series data with TimeDC and then train these networks with the con-
densed time series data. The parameters of these network architectures are set
based on their original papers and any accompanying code. For brevity, we
do not include the detailed parameter settings here but refer to the original
papers. For TimeDC, we use a set of stacked TSFE modules as the forecasting
network.

The prediction results are given in Table 1.2. Overall, TimeDC has the best
performance in most cases, indicating its stable and superior performance,
especially on Traffic and Electricity. It also demonstrates the effectiveness of
the TSFE module. We observe that Autoformer performs worse than TimeDC
but better than Informer and Transformer, while the performances of Informer
and Transformer are comparable, especially on ETTm1 and ETTm?2. These
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4. Experimental Evaluation

Table 1.3: Dynamic Tensor Memory Cost on Four Datasets

Dataset DC MTT TimeDC
Weather 10.0 GB 8.9 GB 3.3GB
Traffic 17.8 GB 13.7 GB 10.9 GB

Electricity 8.5 GB 932.5 MB 516.0 MB

ETTh1 1.9 GB 845.5 MB 280.9 MB

observations are in line with their performances when trained on the original
dataset [72], indicating that TimeDC learns a generalized condensed time series
dataset that works across different network architectures. This is because of the
powerful feature extraction capabilities of the proposed stacked TSOperators, as
well as the trajectory matching that imitates the long-term training dynamics
of models trained on the original dataset.

Running Efficiency

Asresource efficiency is important in dataset condensation to enable scalability,
especially on resource-constrained edge computing devices, we study training
time (of an epoch) for the condensation methods. Figures 1.6(a) and 1.6(b)
report the training time on Weather and ETTh1. We see that the training time
of TimeDC is much lower than those of DC and MTT, which is largely be-
cause of the expert buffer in the CT?M module that stores the pre-computed
trajectories. This indicates the feasibility of TimeDC for model deployment in
large time series dataset reduction scenarios. We also compare the training
time of TimeDC and coreset methods, which are included in the code repos-
itory, showing TimeDC has comparable training time with coreset methods.
But coreset methods, especially Herding, need more time to construct coreset
while having worse performance. Moreover, we compare the memory used
by the dynamic (online) tensor across DC, MTT, and TimeDC in Table 1.3.
TimeDC is able to reduce markedly the online memory and computation costs
thanks to the training trajectories precomputed offline.
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Chapter 2

A unified replay-based
continuous learning
framework for
spatio-temporal prediction on
streaming data

This chapter gives an overall introduction of Paper B [48]. The chapter reuses
content from the paper when that was considered most effective.

1 Problem Motivation and Statement

The continued digitization of societal processes and the accompanying de-
ployment of sensing technologies generate increasingly massive amounts of
spatio-temporal data. In this study, we focus on the novel problem of pre-
diction on streaming spatio-temporal data. However, existing spatio-temporal
prediction models [23, 34, 59] are trained statically and fail to handle stream-
ing data with the underlying assumption that the old and new datasets follow
the same distribution. Direct application of static models to streaming data
may cause remarkable performance degradation [55] due to concept drift. As
a result, we need a new kind of continuous learning (CL) model that can
adapt continually to the data it sees and can keep on learning spatio-temporal
prediction tasks over time.

However, it is non-trivial to develop this kind of model, due to the follow-
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Chapter 2. A unified replay-based continuous learning framework for
spatio-temporal prediction on streaming data

ing challenges. First, it is challenging to alleviate catastrophic forgetting in
CL for spatio-temporal prediction. Catastrophic forgetting is the tendency to
abruptly forget previously learned knowledge, which occurs when static mod-
els are simply retrained using newly arrived data [55]. Second, it remains a
key problem to discover the commonalities of diverse spatio-temporal data and
prediction applications. Third, it is challenging for existing models to learn
holistic features for spatio-temporal prediction on streaming data. Specifically,
holistic features preserve semantic similarities across multiple time periods.
In continuous spatio-temporal prediction, preserving previously learned se-
mantic features may facilitate future prediction.

This study addresses the above challenges by providing a Unified Replay-
based Continuous Learning (URCL) framework for spatio-temporal predic-
tion on streaming data. URCL encompasses three main modules: data in-
tegration, spatio-temporal continuous representation learning (STCRL), and
spatio-temporal prediction. To alleviate catastrophic forgetting (Challenge I),
we propose a spatio-temporal mixup (STMixup) mechanism to fuse current
sampled spatio-temporal observations with selected samples from a replay
buffer that stores a subset of previously learned observations. We also pro-
pose a ranking-based maximally interfered retrieval sampling strategy to se-
lect representative samples from the buffer. To support diverse spatio-temporal
data and prediction applications (Challenge II), we discover the commonalities
of existing methods that are typically based on an autoencoder architecture.
We propose a novel spatio-temporal prediction network including a spatio-
temporal encoder (STEncoder) and a spatio-temporal decoder (STDecoder) to
capture complex spatio-temporal correlations to enable accuracy. To address
the issue of holistic-feature preservation (Challenge III), we propose a spatio-
temporal simple siamese (STSimSiam) network to avoid holistic feature loss in
the STCRL module.

The major contributions are summarized as follows.

* Tothebest of our knowledge, this is the first study to systematically inves-
tigate continuous learning for spatio-temporal prediction on streaming
data. We propose a unified replay-based continuous learning frame-
work entitled URCL, where a replay buffer and a spatio-temporal mixup
mechanism are designed to alleviate catastrophic forgetting.

¢ To contend with the diversity of spatio-temporal data and prediction ap-
plications, we design a spatio-temporal autoencoder including an STEn-
coder and an STDecoder for effective spatio-temporal feature learning
and prediction.

* A novel STSimSiam network is designed to make learned features in
latent spaces more holistic, by applying mutual information maximiza-
tion to preserve features for continuous spatio-temporal prediction. We
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2. Preliminaries

also provide five data augmentation methods by considering unique
spatiotemporal properties.

* We report on experiments using real datasets, offering evidence of the
effectiveness of the proposed URCL.

2 Preliminaries

2.1 Basic Concepts

Definition 4 (Sensor Network) A sensor network is denoted by a graph G =
(V,E), where V is a sensor node set, and E is an edge set. Each node v;i € V
represents a sensor, and each edge e; ; € E indicates connectivity between sensors v;
and v;.

j

Definition 5 (Spatio-temporal Observation) Given a sensor network G, a spatio-
temporal observation collected by all sensors at time slot t (e.g., 9:00 a.m.-9:15 a.m.)
with a sampling interval At (e.g., 15 minutes) is denoted by X; € RIVIXC, where |V|
denotes the number of sensors and C is the dimensionality of node features (e.g., traffic
volume and speed).

In the rest of the paper, we will use observation place of spatio-temporal
observation when meaning is clear from the context.

Definition 6 (Streaming Spatio-temporal Data Sequence) Given a sensor net-
work G and a time period T; containing n consecutive timeslots, i.e., T; = (til,tiz, ‘.- ,t? ),
a streaming spatio-temporal data sequence is a sequence of matrices, each reptre-
senting an observation at a specific time slot t{: with one sampling interval, where
tl],Jrl - t{ = At(1 £ j < n—=1). In particular, a streaming spatio-temporal data
sequence D; is a sequence of observations D; = <Xf3’ Xff’ e, X >, where n is also

the sequence length.

2.2 Problem Definition

Consider a sensor network G that emits a sequence D = (D1, D3, -+, Dy)
(m > 1) of streaming spatio-temporal data sequences, where D; denotes a
sequence of observations during time period T; and |D;| = n (e.g., T; is a day,
and 7 is 96 when having 15min interval). Given a current observation X ; that

is contained in D; (1 < i < m), the SSTP problem aims to learn a function
fi(+) to predict N future observations based on the current observation and its
previous M—1 (M < n) historical observations while maximally preserving the
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learned knowledge from previous streaming data sequences (D1, -, Dj_1),
ie.,

M observations N observations
—— ! ——
fi)
[, X, X, Gl = [X o, X2, 2.1)
i i i i 7

where the learned knowledge from (D1, - -+ , D;_1) is preserved maximally.

3 Methodology

We propose a framework, namely Unified Replay-based Continuous Learning
(URCL), for spatio-temporal prediction on streaming data. The framework
consists of three major modules: data integration, spatio-temporal continuous
representation learning (STCRL) and spatio-temporal prediction (STPredic-
tion), as shown in Figure 2.1.

3.1 Data Integration

Considering that we feed data into the framework in a stream, we first sample
data from the current dataset D; and sample historical data from a replay buffer,
which stores a subset of previously learned observations, by a ranking-based
maximally interfered retrieval (RMIR) sampling strategy. Then we integrate
the two kinds of data with the help of the proposed spatio-temporal mixup
(STMixup) mechanism, to goal being to better accumulate the spatio-temporal
knowledge and alleviate catastrophic forgetting.

To sample more representative samples from replay buffer 8, we de-
sign a novel ranking-based maximally interfered retrieval (RMIR) sampling
method. Given the current data sequence D;, we first sample M observations
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3. Methodology

Xm = <Xt;<_M+1, ‘e th> starting at time slot tf‘M“ from D; and select sam-

ples Xg stored in the replay buffer 8, where 8 is designed to act as an explicit
memory to maintain a subset of previously learned observations (i.e., the previ-
ously trained observations without STMixup). Then, the selected samples are
combined with the current observations through a proposed spatio-temporal
mixup (STMixup) mechanism to alleviate catastrophic forgetting by benefiting
from historical observations. We can formulate the process of data integration
as follows.

Xg = RMIR(8B, size =|S])

. (2.2)
Xnix = STMixup(Xy, X8),

where | S| is the sampling size.

RMIR Sampling Method

We design an RMIR sampling method to select | S| representative observations
Xg from the replay buffer. Typically, most methods in existing replay-based
continuous learning methods randomly select observations from the replay
memory, which leads to unsatisfied results about accuracy, due to the fact
that they may ignore representative observations for replay. To select more
representative samples, we first retrieve |N| observations X which will be
the most negatively impacted that suffer from an increase in loss by the update
of foreseen parameters, where |N| > |S|. Specifically, given observation X,s

in B and a standard objective function mgin Lrmir(fo(X,s),Y,s), where f@(i)

represents the URCL model, we update the parameters 0 from X,s by gradient
descent, as shown in Equation 2.3.

6" = 0-a v Lrwr(fo(X,2), Vis), 23)

where Lrymr denotes sampling loss, fo(-) represents the model, and Y;s is the
ground truth. Note that Mean Absolute Error (MAE) is adopted as salmpling
loss. We select the top-/N values.

Considering temporal correlations (e.g., trend and periodicity) of spatio-
temporal data, data from a long time ago (periodic data) have a significant
impact on the current prediction due to similarities. We then calculate the
similarities between observations in Xy and X by Pearson coefficient. Finally,
we sample top-S observations of X that are most similar to Xjs. In this way,
we can not only select samples that can alleviate catastrophic forgetting, but
also select samples to enhance temporal dependency capturing.
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STMixup Mechanism

To benefit from historical observations, we introduce STMixup mechanism to
fuse current observations X3 and observations Xg sampled in 8. In partic-
ular, STMixup interpolates between Xy and Xg to encourage the model to
behave linearly across streaming spatio-temporal data sequences to minimize
catastrophic forgetting.

Typically, assuming that (x;,y;) and (x;j, y;) are two randomly selected
feature-target pairs in the training data, STMixup generates virtual training
examples by interpolation based on the principle of Vicinal Risk Minimiza-
tion [12] to enlarge the support of the training distribution that overcomes
concept drift. In STMixup, we use observation-groundtruth pairs to repre-
sent feature-target pairs in training. We use (¥, i) to denote the interpolated
feature-target pair in the vicinity of the raw two pairs.

J?:/\-x,'+(1—/\)-x]'

(2.4)
F=Ayi+(1-1)yj,

where A ~ Beta(a, a), and a € (0, ). We design STMixup by interpolating
between current observations Xy and observations Xg sampled from the re-
play buffer 8 by RMIR sampling. The interpolated observations X, after
STMixup are formulated as follows:

Xmix =/\'XM+(1—/\)'X53 (2.5)

The interpolated observations X,ix can enhance a model’s ability to learn
continuously by revisiting past instances in the replay buffer 8, that would
be most negatively impacted by foreseen parameters. Moreover, STMixup can
introduce an approximation of a regularized loss minimization [85] to avoid
overfitting.

3.2 Spatio-temporal Continuous Representation Learning

In this module, a spatio-temporal SimSiam (STSimSiam) network, which is a
variant of self-supervised Siamese networks [16], is adopted for holistic rep-
resentation learning by means of mutual information maximization. For the
assistance of self-supervised learning, we propose five different data aug-
mentation methods, i.e., DropNodes (DN), DeleteEdges (DE), SubGraph (SG),
AddEdge (AE), and TimeShifting (TS), based on the specific characteristics
of spatio-temporal data. Then, the augmented data generated by two ran-
domly selected augmentation methods are inserted into two spatio-temporal
encoders (STEncoders) that share parameters with each other, followed by a
projection MLP (projector).
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(d) AE (e) TS

Fig. 2.2: Spatio-temporal Data Augmentation

The interpolated observations X,y are input into the spatio-temporal con-
tinuous representation learning (STCRL) module for holistic feature learn-
ing. STCRL is a carefully designed self-supervised learning module, which
consists of two parts: spatio-temporal data augmentation and an STSimsiam
network. To enable effective spatio-temporal learning, we propose five cus-
tomized spatio-temporal data augmentation methods by considering unique
properties of spatio-temporal data, which transform a sample (i.e., observa-
tions in a sensor network) G = [Xyix; G] to its corresponding perturbation G’
We randomly select two different perturbations G| and G,, and then input
them into an STSimSiam network, which consists of two STEncoders fg,,, and
a projection MLP head /(-). The aim of STSimSiam is to better capture spatio-
temporal dependencies. Finally, STSimSiam maximizes the mutual infomation
between the representations of two selected perturbations to ensure holistic
feature preservation.

We proceed to elaborate the spatio-temporal data augmentation and the STSim-
Siam network.

Spatio-Temporal Data Augmentation

We augment the interpolated observations X,,;x using five carefully designed
spatio-temporal augmentation methods, which builds semantically similar
pairs and improves the quality of the learned representations by defeating
perturbations. We propose five spatially oriented data augmentation methods
(i.e., DropNodes (DN), DropEdge (DE), SubGraph (SG), and AddEdge (AE))
and a temporally oriented method (i.e., TimeShifting (TS)). We cover each
method next.

e DN. As shown in Figure 2.2(a), given a sample G = [Xy;ix; G], DN ran-
domly discards a certain proportion (e.g., 10%) of the nodes in G to get
G’ = [Xnix; G'] following a definite distribution (e.g., a uniform distri-
bution), which ensures that the missing nodes have no impact on the
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semantics (e.g., distribution) of G.

(2.6)

A= 0, ifv;isdiscarded
Wi | Aij, otherwise,

where A’ f is an entry of the augmented matrix A’. Ideally, DN can

promote model robustness by being less affected by missing data caused,
e.g., sSensor or communication failures.

DE. DE randomly drops a part of edges, as shown in Figure 2.2(b).
We first sample a certain ratio of edges & from G following a specific
distribution, and then set a threshold Opg. If the weights of edges in &
are lower than Opg, we delete the corresponding edges, formulated as
follows.

/ _{ 0, ifai,j < Opg 2.7)

a. .= .
L] a;j, otherwise,

where 4; ; denotes the weight of the edge between nodes v; and v;, and
a; jis the updated weight. The aim of the threshold is to retain important

connectives of edges.

SG. SG samples a subgraph G’ = (V’,E’) from G = (V,E) by random
walk to maximally preserve the semantics of a sensor network (cf. Fig-
ure 2.2(c)), where V' C V and E’ C E.

AE. AE randomly selects a certain ratio of distant node pairs (e.g., more
than three hops) and add edges between each node pair, which is shown
in Figure 2.2(d). Considering a node pair (v;,v;), the corresponding
weight w; ; is calculated as follows.

X

mix’

wi; =X

mix

(2.8)

where X} . is a vector that represents features of node v;.

TS. As shown in Figure 2.2(e), TS, including time slicing, time warping,
and time flipping, transforms current observations Xix in G in the time
domain. Note that we randomly select one of TS for model training.

1. Time Slicing. Time slicing sub-samples the current observations
Xix in the time domain by randomly extracting continuous slice
slice 1
XP ¢ with length [. Formally,

Xiilil;e = <Xmix,t;.‘*/+1/ Tty Xmix,tf> ’ (2~9)
where tf.‘_M” < tf‘”l <t < tf‘, tf‘ is current time slot, M is
the length of observations, and Xmix,t; denotes observations after
STMixup at time slot ¢;

28



3. Methodology

. . . . . . slice
2. Time Warping. Time warping upsamples sliced observatlofulsr)(mix
by linear interpolation to generate warped observations X xp’ the

length of it is equal to that of Xj;ix.

XZU[H’P — <Xl cee Xl > , (210)

mix mix, =M+ mix,tF

where X;,m'x ;x Tepresents the generated observations at time slot tllf.

3. Time Flipping. Time flipping TF(-) flips the sign of warped obser-
. warp flip . .. .
vations X, . " to generate a new sequence X’ .~ in time domain as
follows.

li
er;z';p = <X/ tl{d Tty X’ tlg{M+1> ’ (211)

mix, mix,

We randomly apply two different data augmentation methods to the inte-

grated observations Xj,ix (generated by STMixup) to obtain two augmented
Xau g2

. augl
observations X*“¢" and o,
mix mix

STSimSiam Network

Inspired by exciting feature learning ability of self-supervised learning, we
design a novel STSimSiam network under the guidance of self-supervised
learning to capture holistic spatio-temporal representations, inputting two

randomly augmented observations X%fl and X}fﬁf > More specifically, STSim-
Siam consists of two STEncoders to learn spatio-temporal representations of

1 2 . - .
X;L;f and X:;L:f ,1respect1vely, and a pro]ectlonzhead to project latent em-
beddings of X%f into the latent space of X;Ll.‘f . Finally, considering that
mutual information maximization is proven to learn holistic features and thus

improves continuous learning [28], we maximize the mutual information be-

tween the representations learned from X;flffl and /\’:ﬁfz by GraphCL loss.

As shown in the upper-right corner of Figure 2.1, we input two randomly
augmented observations X::;fl and X:ll;fz into the STSimSiam network. We
first encode the two augmented observations as two fixed vectors z; and z
by STEncoders fg, which are made of a specific spatio-temporal network, i.e.,
GraphWaveNet in this work, to capture the complex spatio-temporal depen-
dencies. Next, we feed z; into a projection MLP head to map it into the latent
space of z, which contains several MLP layers denoted as h(-). The process
can be formulated as follows.

21 = fo (X0ED),  pr=hiz), 22 = fo, (XS (2.12)
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We use stopgrad operation SG(-) [40] to prevent the trivial solution obtained
by STSimSiam. For example, SG(z2) denotes that the STEncoder on X’ ” lfz
receives no gradient from zj.

To enhance holistic feature preservation, we employ mutual information
maximization to maximize the similarities between representations of Xliugl
and Xﬁfz. First, for the current two augmented observations, we use cosine
similarity to measure similarities C(-) between their output vectors p; and z5,
formulated as follows.

p1 SG(z»)
C(p1,z
(P12) = L TsGGh
_oXat) SGUaXat) 219
IIh(fe(Xf,ffl)IIz ||SG(f9(X,fﬁfQ))||2
where || - ||2 is [b-norm.

1 2
We let (X:ﬁf , :ﬁf ) denote an augmented observation pair. For a mini-

batch of S augmented observation pairs, we adopt a GraphCL [79] loss to
maximize their mutual information. The GraphCL loss L, for the s-th aug-

mented observation pair is defined as follows.

s ex (C( 5,17 Zs, )/T)
Li = 10853 Pl 2o , (2.14)
ZS’=1,S/¢S exp(C(ps,,zs2)/T)

where p; 1 and z; » denotes the output vectors of the s-th augmented obser-

. . { 2 o .
vation pair (Xs:f o :f:f .), C(°) is cosine similarity, and 7 is the temperature

parameter. To extract more effective features [16], we define a symmetric
similarity function and obtain final L} ;.

lC S,Ls~s +lc 7
I = —log exp((3C(ps1,zs2) + 53C(ps,2,2s,1))/T) , 2.15)

2521,5/;65 EXP((%C((Ps,ll Zs’,2) + %C(PS,Z/ Zs’,l))/T)

where ps 2 = h(fo, (XS2)) and z1 = fo, (X0550).

mix,s mix,s
The final GraphCL loss is computed across all augmented pairs in the

minibatch as follows.

Lest = 5 Z LS, (2.16)

where S is the batch size.

3.3 Spatio-Temporal Prediction

We use an STEncoder that shares the same parameters with that in STCRL to
learn latent hidden features from the original data, where the learned data are
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then stored in the replay buffer. Finally, the learned features are input into a
spatio-temporal decoder (STDecoder) for prediction.

We design a spatio-temporal prediction network including a spatio-temporal
encoder (STEncoder) and a spatio-temporal decoder (STDecoder). In partic-
ular, we input the interpolated observations Xy,;» into STEncoder fg,(-) to
learn high-dimensional representations through capturing complex spatio-
temporal dependencies. The STEncoder shares parameters with the STEn-
coder in STSimSiam. The learned representations are input into STDecoder
fop, for prediction. Meanwhile, the recently learned data are stored in the
replay buffer. The process can be formulated as follows.

ho = for(Xmix), Y = fop(ho), (2.17)

where Y is the prediction.

One of the advantages of our framework is its generality. It can easily serve
as a plug-in for most existing spatio-temporal prediction models that follow
the autoencoder architecture. GraphWaveNet [75] is one of the state-of-the-art
spatio-temporal prediction models to capture precise spatial dependencies
and long-term temporal dependencies, but which is not developed under
the autoencoder architecture. Inspired by its excellent performance on deep
spatio-temporal graph modeling, we take it as an example of spatio-temporal
prediction models in our work to show how to reorganize its architecture so as
to conform to the autoencoder architecture (i.e., STEncoder and STDecoder).

STEncoder

The architecture of STEncoder is shown in Figure 2.3. Taking X,y as input,
an MLP layer maps it into a high-dimensional latent space, and the learned
features are then input into a Gated Temporal Convolution Network (TCN)
layer to learn temporal correlations among observations of the input. Next,
a Graph Convolutional Network (GCN) layer is used to capture spatial corre-
lations among the observations, where a residual operation is used to ensure
accuracy. For brevity, we refer to existing studies [48, 75] for more information
regarding Gated TCN and GCN.
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STDecoder

The learned features are then input into the STDecoder to decode the data
representations for prediction. As shown in Figure 2.4, the STDecoder con-
tains several stacked feed-forward layers (i.e., MLPs) followed by activation
functions (i.e., ReLU) to learn a projection function for future prediction. It
can be formulated as follows.

Y =W, (a(ho) + bey)), (2.18)

where Y denotes the prediction, Wp,, is a learnable parameter, a(-) is the ReLU
activiation function, and bg,, is the bias.

3.4 Overall Objective Function

The overall objective of URCL is to minimize the prediction error by Mean
Absolute Error (MAE) for each data stream D;. The objective function is given
in the following:

L
Lk = 211 =) 219)
I=1

where L is the training sample size, Y!is the prediction, and V! is the ground
truth.

The final loss contains two parts: a prediction loss of the prediction task
Ltssx and a GraphCL loss Lss; for holistic feature learning. We combine them
together and the overall loss is as follows.

Lgii = Ltask + Lssi (2.20)
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4. Experimental Evaluation

Table 2.1: Performance of Training on Streaming Data on Two Datasets

PEMS-BAY I PEMS08
Method MAE RMSE MAE RMSE
s set I"! Ifu ]~‘4’f Biot Icl ot ‘Tjt Bset ]-1>1 Ijt ]w I-qrf Bsot I}u ]w I‘j'f et
OneFitAll |1.21|2.76 |2.72|3.75|3.63 | 2.17 | 5.82 | 4.88 | 7.28 | 6.86 | 18.15| 38.75 | 39.32 | 44.22 | 27.21 | 26.28 | 44.29 | 57.34 | 63.01 | 37.19
FinetuneST | 1.21 | 3.57 | 3.57 | 3.48 | 3.52 | 2.16 | 7.68 | 7.59 | 7.66 | 7.58 | 18.17 | 32.60 | 33.75 | 34.13 | 33.15 | 26.99 | 37.63 | 39.79 | 33.29 | 35.67
URCL 1.12 | 1.09|1.21|1.19 | 1.15| 1.91 | 1.86 | 2.08 | 2.01 | 1.99 | 18.13 | 18.07 | 17.45 | 17.38 | 17.20 | 26.44 | 26.02 | 25.65 | 24.86 | 24.52

4 Experimental Evaluation

4.1 Experimental Setup
Datasets

The experiments are carried out on four widely-used graph-based urban
spatio-temporal datasets: METR-LA, PEMS-BAY, PEMS04 and PEMS08, where
METR-LA and PEMS-BAY are related to traffic speed prediction, and PEMS04
and PEMSO08 are related to traffic flow prediction.

We choose traffic prediction as a representative case of spatio-temporal
prediction, as traffic prediction is a popular spatio-temporal prediction tasks.

Evaluation Methods

We compare URCL with six baseline methods: ARIMA [58], DCRNN [34],
STGCN [80], MTGNN [74], AGCRN [4], and STGODE [23].

Metrics

Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are adopted

as the evaluation metrics, which are defined as follows.

1 M
- m _ m
MAE = M mEﬂIM A

2.21)
1

RMSE = | — m_ Ym||2
i 2 1 -y

where M is the testing data size, 7' is the prediction and y' represents the
ground truth.

4.2 Experimental Results

Performance of Training on Streaming Data

Our URCL proposes a replay-based strategy for training on streaming data,
where a replay buffer is given to store previously learned samples that fuse
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with the training data by a spatio-temporal mixup mechanism to preserve
historical knowledge effectively. To evaluate the performance of training on
streaming data, two representative training strategies are used to replace the
replay-based strategy in URCL and are compared with URCL: 1) OneFitAll
that trains a model with the base set and then predicts all the testing data
in the stream of spatio-temporal datasets; and 2) FinetuneST that trains an
initial model on the base set and then fine-tunes the model with incremental
sets repeatedly. GraphWaveNet is used as the base model of OneFitAll and
FinetuneST. We report the MAE and RMSE results on the PEMS-BAY and the
PEMSO08 datasets in Table 2.1, where the overall best performance is marked
in bold. To save space, we do not report results on the METR-LA and PEMS04
datasets, as these are similar to those obtained for PEMS-BAY and the PEMS08.

We can see that URCL shows the best performance in terms of MAE and
RMSE when compared with other methods on both datasets. More specifically,
URCL outperforms the best among the baselines by 14.5%—67.3% and 15.5%—
72.4% for MAE and RMSE on PEMS-BAY, respectively, and 1.2%—49.1% and
8.9%-35.5% for MAE and RMSE on PEMS08, respectively. OneFitAll and
FinetuneST offer acceptable MAE and RMSE results on the base sets on both
datasets, but their performance deteriorates on incremental sets. OneFitAll
shows that as time goes, the new data can be different from the training data,
showing that concept drift happens and a static model does not work, calling
for a CL model. While a simple CL based FinetuneST is not enough, as it
has forgetting problems. URCL achieves relatively stable performance on both
base sets and incremental sets demonstrating its superiority.

Overall Accuracy

We report the MAE and RMSE values of the methods in Table 2.2. The best
performance by an existing method (ARIMA, DCRNN, STGCN, MTGNN,
AGCRN, and STGODE) is underlined, and the overall best performance is
marked in bold. Note that we repeatably train each original baseline on each
base and incremental to enable fair comparison with the replay-based strategy.
The observations are in the following.

* The proposed URCL achieves the best results among all baselines in most
cases, performing better than the best among the baselines by up to 36.0%
and 34.1% in terms of MAE and RMSE, respectively. In most cases, URCL
outperforms the best among the baselines in terms of MAE and RMSE
on the traffic speed datasets (i.e., METR-LA and PEMS-BAY) except for
I}, on METR-LA. Moreover, URCL also outperforms the best among
the baselines in terms of MAE and RMSE on the traffic flow datasets
(i.e., PEMS04 and PEMS08) except for I}, on PEMS08. We observe that
the performance improvements obtained by URCL on the traffic speed
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Table 2.2: Overall Accuracy on Four Datasets

Dataset Metric | ARKIMA DCRNN _STGCN  MTGNN AGCRN  STGODE  URCL
5 MAE | 499 101 392 T01 383 739 382
st | RMSE | 882 6.22 7.98 6.89 6.33 11.42 6.19
| MAE | 587 1055 999 583 678 711 373
« | RMSE | 977 1441 14.77 971 12.42 11.62 6.14
, | MAE | 588 759 383 i3 430 735 372
METR-LA | L., | RMSE | 1049 844 5.63 6.89 7.59 1177 6.06
15 | MAE 488 477 19 374 in 645 3.60
« | RMSE | 1049 681 7.00 591 7,59 10.17 5.69
7+ | MAE | 500 413 389 131 im 740 374
« | RMSE | 1099 6.5 5.63 6.94 7.53 11.78 6.01
5 MAE 198 130 131 139 125 189 112
st | RMSE | 3.5 224 228 2.53 251 7.93 192
1| MAE | 388 TiI 257 130 114 166 .09
« | RMSE | 498 187 5.58 222 223 7,61 186
. | MAE | 367 130 220 147 174 244 121
PEMS-BAY | I, | RMSE | 489 2.34 455 2.53 224 3.69 2.08
5 | MAE | 32 121 333 120 ie 531 119
« | RMSE | 677 211 7.06 2.13 201 8.64 2.00
7+ | MAE | 59 12 349 117 173 181 115
« | RMSE | 1022 2.00 753 2.10 2.05 7.84 1.99
2 MAE | 5679 24.46 3167 2299 22.00 36.54 977
st | RMSE | 77.89 33.85 145.33 32.99 36.32 5170 3126
| MAE | 678 2430 1629 2176 2165 855 2156
« | RMSE | 87.94 39.33 62.39 3533 4022 67.01 3410
pEMsos | 72 | MAE | 6793 827 59.07 2970 21.93 1960 2161
« | RMSE | 79.02 36.68 7947 39.64 3597 6740 3404
5 | MAE | &9 2595 29.08 26.04 2134 4999 2097
< | RMSE | 75.02 3528 33.26 35.76 32.86 6832 3212
T+ | MAE | 6276 2389 23.10 2581 2081 1981 20.48
« | RMSE | 7822 342 31.14 35.79 32.66 6769 3220
5 MAE | 4598 23.07 833 2070 23.03 2858 18.08
sl | RMSE | 67.28 32.24 27.68 3038 38.44 3854 27.03
| MAE | 52 2035 835 20.66 1947 36.55 17.82
w | RMSE | 7533 27.92 2430 29.82 3174 4604 2637
pEMsos | 72 | MAE | 4933 215 3932 2027 1745 36.06 17.45
« | RMSE | 59.89 29.63 57.34 2897 2735 4525 2602
| MAE | 5% 19.94 4 22.68 7.70 36.12 T6.42
«t | RMSE | 6579 27.04 63.01 3024 27.56 4504 2488
7+ | MAE | 6289 1987 2721 1892 835 36.05 T6.44
« | RMSE | 7136 27.91 37.19 2699 28.80 4530 2416
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datasets exceed those on the traffic flow datasets. This is because because
much more traffic flow data is available than traffic speed data. Thus, the
baselines using the replay-based training strategy with sufficient data
can get comparable results.

* ARIMA, a traditional statistical method, performs worse than all meth-
ods except STGODE on METR-LA and PEMS-BAY and has the worst
performance among all baselines on PEMS04 and PEMS08. This is be-
cause ARIMA only uses the time-series data of each region and ignores
spatial dependencies. On METR-LA and PEMS-BAY, STGODE performs
the worst since it is customized for speed prediction instead of flow
prediction.

* As a popular spatio-temporal prediction model, AGCRN performs the
best among all the baselines in most cases, due to its powerful ability to
capture spatial and temporal correlations.

From the above observations, we can see that URCL can be applied on both
traffic speed and traffic flow prediction tasks, which indicates generality across
prediction tasks.
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Fig. 2.5: RMSE and MAE of URCL and Its Variants
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Ablation Study

To gain insight into the effects of key aspects of URCL, including the STMixup
mechanism, the RMIR sampling strategy, the data augmentation methods, and
the GraphCL loss, we evaluate four URCL variants:

* wl/o STMixup (wlo_STU). w/o_STU is the URCL model without the
STMixup module. We directly concatenate the original observations
and sampled observations from the replay buffer.

* w/o RMIR Sampling (w/o_RMIR). w/o RMIR replaces the RMIR sam-
pling mechanism from URCL with a random sampling one.

* w/o STAugmentation (wlo_STA). w/o_STA is the URCL model without
the STAugmentation.

e wlo GraphCL (wlo_GCL). w/o_GCL is the URCL model without the
GraphCL loss.

Figure 2.5 shows the MAE and RMSE results on METR-LA and PEMS08.
Regardless of the datasets, URCL always outperforms its counterparts without
the STMixup mechanism, the RMIR sampling strategy, the data augmentation
methods, or the GraphCL loss. These four components all improve the pre-
diction accuracy of URCL, as removing any one of them increases the MAE
and RMSE values on both base sets and incremental sets. Further, on both
datasets, w/o_STA performs the worst among all variants in most cases. URCL
outperforms w/o_STA, reducing the MAE and RMSE values by up to 41.5%
and 47.8%, respectively, thus showing the benefit of spatio-temporal data aug-
mentation. It is noteworthy that we include all the results in the technical
report.
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Chapter 3

LightTR+: A Lightweight
Incremental Framework for
Federated Trajectory
Recovery

This chapter provides an overall introduction to Paper C [46]. Contentis reused
from the paper [46] in the most effective way.

1 Problem Motivation and Statement

Thanks to the rapid adoption and advancement of mobile sensing devices,
massive amounts of trajectory data are being collected in a decentralized man-
ner, enabling a wide range of trajectory-based applications [15, 20, 38], such as
traffic prediction [43], destination prediction [64], and vehicle navigation [38].
However, in practice, trajectory data is often sampled at a low rate [88], re-
sulting in incomplete trajectories (a.k.a. low-sampling-rate trajectories), which
reduces the effectiveness of the above-mentioned applications due to the loss
of detailed information and increased uncertainty. Thus, it is important to
recover missing points in incomplete trajectories, a process known as trajectory
recovery, to enable more effective utilization of low-sampling-rate trajectories.
Due to its significance, considerable research efforts have been dedicated to
designing effective trajectory recovery models [2, 6, 53, 60, 76, 83]. However, ex-
isting methods assume that models are trained with centralized data collected
from edge devices, leading to high collection and storage costs and failing
to handle decentralized training data. Additionally, with increasing privacy

39



Chapter 3. LightTR+: A Lightweight Incremental Framework for Federated
Trajectory Recovery

concerns, individuals may be unwilling to disclose their raw trajectories to un-
trusted data providers, worrying that their data can be misused by malicious
third parties. Thus, decentralized trajectory processing, which enables privacy
protection, has become a key issue in current trajectory-based applications to
comply with licensing agreements and data access restrictions [43].

In this study, we aim to develop a novel FL-based trajectory recovery model
that combines decentralized data processing and complex spatio-temporal
dependency modeling. Developing such a model is a non-trivial task due to
the following four challenges.

First, existing popular trajectory recovery methods often suffer from poor
scalability, as deep learning-based models are often large, rendering both
training and inference time-consuming and computationally expensive. This
limitation is particularly problematic for resource-constrained edge computing
devices, which are essential for decentralized computation. Second, during
training in FL, multiple rounds of communication occur between the cen-
tral server and all participating clients. Limited network bandwidth and a
large number of participating clients can create a communication bottleneck,
leading to increased latencies and reduced practicality. Third, mitigating both
inter- and intra-domain interference in FL for trajectory recovery is particularly
challenging. FL typically involves two phases: aggregation and local updat-
ing [13,70]. During the aggregation phase, the central server collects and com-
bines local parameters from active clients. his process can introduce potential
inter-interference by other clients, where the global model becomes confused
due to the heterogeneous (dissimilar) data from various clients. This inter-
interference can hinder model convergence and degrade performance. In the
local updating phase, each client optimizes its local model with continuously-
generated private data, which can lead to overfitting to the current knowledge
and forgetting of previous knowledge, called intra-domain interference, which
results in catastrophic forgetting [19]. Finally, trajectory recovery often involves
dealing with data arrives in real-time from various sources such as GPS de-
vices and mobile applications. This makes it inherently a streaming challenge
due to the continuous data generation, requiring models to adapt in real time.

To address these challenges, we propose LightTR+, a lightweight incremen-
tal framework for federated trajectory recovery based on horizontal federated
learning (i.e., a server-clients architecture). The objective is to collaboratively
train models by maintaining a shared global model on a central server while
utilizing the data of each client in a decentralized fashion. Specifically, to avoid
high memory consumption and limited scalability (Challenge I), we designed
a local lightweight trajectory embedding (LTE) model for each client. The LTE
model contains an embedding component and a stack of ST-blocks to learn
effective spatio-temporal representations. To reduce communication costs and
accelarate model convergence (Challenge II), we proposed a meta-knowledge
enhanced local-global training module based on knowledge distillation. Before
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federated training, we introduced a Teacher model (i.e., a meta-learner) tolearn
local meta-knowledge for each client using a portion of its local data. The local
lightweight trajectory embedding model acts as the student model. During FL,
the Teacher model guides the optimization of student models to learn better
common features and achieve faster convergence. to alleviate intra-domain
interference (Challenge III), we propose an intra-domain knowledge distillation
module. This module leverages the previously trained local trajectory em-
bedding model to transfer knowledge of old data to the current data for each
client in the local updating phase. Additionally, the proposed meta-knowledge
enhanced local-global training module can learn effective meta-knowledge to
alleviate data heterogeneity across clients, thereby limiting inter-domain in-
terference (Challenge 1II) in the aggregation phase. To address Challenge IV,
we save the local trajectory model learned on previous local data and use it to
constrain subsequent local updating with a distillation loss. When new data
arrives, we distill the knowledge from the saved model to the newly updated
model learned on the current data. Our goal is to enable the local model on
each client to perform well on incoming data while preserving the knowledge
learned from previous data as much as possible.
The major contributions are summarized as follows.

* To the best of our knowledge, this is the first study to systematically
explore federated incremental learning on decentralized trajectory data,
ensuring privacy protection for locally collected trajectory data. We pro-
pose a lightweight federated incremental framework entitled LighTR+
for trajectory recovery, which leverages knowledge distillation to allevi-
ate catastrophic forgetting.

¢ To increase the scalability, we introduce a local trajectory preprocessing
and light embedding module to capture effective spatio-temporal corre-
lations of trajectories. To reduce the communication costin FL, we design
a meta-knowledge enhanced local-global training module by means of
knowledge distillation.

¢ To alleviate intra-domain knowledge interference we propose an intra-
domain knowledge distillation module. In addition, we employ a distil-
lation loss to enable streaming learning

* We report on experiments using real data, providing insight into the
effectiveness and efficiency of the proposed LightTR+ framework in al-
leviating catastrophic forgetting on decentralized trajectories.
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2 Preliminaries

We proceed to present necessary preliminaries and then define the problem
addressed.

2.1 Basic Concepts

Definition 7 (Road Network) A road network is a directed graph G = (V,E),
where V is a road vertex set, and E is a road edge set. Each v; € V denotes a road
segment intersection or a road end, and each e; ; € E denotes a directed road segment
fromv; to v;.

Definition 8 (GPS Point) A GPS point can be defined as a triple p = (lat,Ing,y),
which captures the latitude lat and longitude Ing of the GPS position including
additional information vy, e.g., address.

Definition 9 (Raw Incomplete Trajectory) A raw incomplete trajectory t is a se-
quence of n points, i.e., T = ((p1,t1), (p2,t2), -, (Pn, tn)), where t; denotes the
timestamp of p;.

Definition 10 (Sampling Rate) A sampling rate € is the time difference between two
consecutively sampled points, which is usually determined by the sampling device.

In practice, the sampling rate often changes near € in most cases because
of the inherent temporal bias of trajectory data. It is also worth noting that the
collected trajectory points may not be precise due to GPS device measurement
errors and GPS noises. Map matching is usually adopted to snap raw points
onto the road network [8, 10, 52, 53]. In this study, we use a map-matching
method based on deep hierarchical networks (DHN) [90] to convert a sequence
of raw latitude/longitude coordinates for map matching.

Definition 11 (Map-matched e-Sampling-Rate Trajectory) A map-matched tra-
jectory T with e-sampling rate is a sequence of map-matched trajectory points, i.e.,

T = <(Fﬁl/t1)/'” ’(Fﬁl‘/ ti)/”' /(Fﬁn/tn»/ (31)

where tiz1 —ti = €, p; = (e, r) is the map-matched (trajectory) point at timestamp
ti, e denotes the road segment, and r is the moving ratio. Next, r represents the ratio
between the current moving distance (from the start node of e to the current node)

and the length of road segment e, i.e., v = W, where dis(a, b) denotes the
. .N1,e.N>)
distance between nodes a and b, e.N1 denotes the start node of e, e.N.,,, denotes the

current node of e, and e.N, denotes the end node of e.

As shown in Figure 2, each road segment e covers the start node e.N; and
end node ¢.N», and records the distance between the two points. Next, the
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Fig. 3.1: Moving Ratio

moving ratio  will be determined by the moving distance (from e.Nj to the
current node e.N,,,) and the total length of e. For example, if the current node
is located in the middle of e4, we can obtain that » = 0.5.

Definition 12 (Incomplete Map-matched e-Sampling-Rate Trajectory) Anin-
complete map-matched e-sampling-rate trajectory, i.e.,

Ticp = <(’F71/ t1), /(F_’j/ tj)/' o r(’ﬁnrtn»/ 3.2)

is composed of a sequence of map-matched points (e.g., p;) and missing points (e.g.,
pj)-
In the rest of the paper, we will use the terms map-matched point (map-

matched e-sampling-rate trajectory) and point (trajectory) interchangeably when
the context is clear.

Definition 13 (Platform Center) A platform center C, e.g., the distributed data
center of a company, keeps its map-matched trajectory dataset T = {T1, T, --- , Ti},
where T; is the i-th map-matched trajectory and | is the length of 7. Note that we
consider a platform as a client.

Based on the above definitions, we formally define the studied problem as
follows.

2.2 Problem Definition

Federated Trajectory Recovery. Given a server S and N clients with their local
trajectory datasets 7 = {71,72,--- ,Tn}, each dataset 7; (1 < i < N) in client

C; is a set of incomplete map-matched trajectories, i.e., 7; = {T;CP 1 TI’C » l}.
Our problem aims to learn a shared global function F(:), such that for any
incomplete map-matched trajectory, their missing coordinates are recovered.

Formally, for each incomplete trajectory Ti, in a platform center, we have
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Fig. 3.2: LightTR+: Lightweight Trajectory Recovery Framework

In this section, we propose a federated trajectory recovery framework, en-
titled LightTR+, as shown in Figure 3.2. As shown in Figure 3.2, LightTR+
performs horizontal federated learning, i.e., a server-clients architecture, to
collaboratively train local trajectory learning models under the orchestration of
a central server, while keeping the local data privacy. LightTR+ can be divided
into three modules: local trajectory preprocessing and light embedding, intra-
domain knowledge distillation (KD), and meta-knowledge enhanced local-
global training.

3.1 Local Trajectory Preprocessing and Light Embedding

In this section, we report the preprocessing of local trajectories and the pro-
posed lightweight trajectory embedding module in a client. Note that the
model for the server has the same trajectory learning model architecture, to be
detailed in Section 3.1, as each clients.

Local Trajectory Preprocessing

Given a road network, we first map all collected trajectories into the corre-
sponding road intersections by converting their GPS location into discrete
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units, referring to the Hidden Markov Model (HMM) in DHN [90]. Specif-
ically, given a low-sampling-rate trajectory 7, we obtain the corresponding
map-matched trajectory T as follows:

©={(p1, t1), -, Pis ki), (P, tn))
T = <(31/ tl)/ Tty (gi/ ti)/ e (gl’l/ tYl)) = HMM(T)/

where ¢; = (x;,y;,tid;), V1 < i < n is the converted unit, and x; and y;
represents the i-th grid cell. We extract tid; = [ “=2| to guide the model to
learn how many points should be recovered between two consecutive low-
sampling-rate points.

(3.4)

Lightweight Trajectory Embedding

As shown in Figure 3.2, the Lightweight Trajectory Embedding (LTE) module
is composed of an embedding model and stacked ST-blocks. The embedding
model encodes the map-matched trajectory T into a single vector to capture
its complex sequential dependencies, while the ST-blocks, containing a cus-
tomized lightweight ST-operator, aim to predict the road segment e and moving
ratio r of missing points, simultaneously.

We proceed to present the embedding model and the lightweight ST-blocks.

Embedding Model. Given a map-matched incomplete trajectory T;, =
<(p1,t1), -+, (pi ti), -+, (Pu, tn)>, the embedding model aims to convert T
into a single vector to capture the complex spatial and temporal correlations.
It is important to model the sequential dependencies of trajectories, which
enables accuracy [76]. We adopt the Gated Recurrent Unit (GRU) architecture
for the embedding layer since GRUs bring the benefits of efficient long-term
temporal dependency capture without performance decay. We input the map-
matched raw trajectory T into the GRU to obtain its hidden features, which are
then input into the ST-blocks. Specifically, we pass the input trajectory T along
the time span [1,2, - - - , n] through the GRU. For each time step ¢, the hidden
features can be formulated as follows,

re = o(Wy - [he-1, 8] + by)

zt = o(Wy - [he-1, &1 + b2)

hy = tanh(Wy, - [ri + he-1, 8] + bn)
he = (1—ze)* hiog +zi % By,

(3.5)

where W represents the weight for respective gate neurons and b is the bias
for the respective gate, and [-] denotes the feature concatenation.

For simplicity, the embedding model derives the hidden features /; of the
encoder for low-sampling-rate trajectories embedding:

hy = embedding(hi—1, s¢-1), (3.6)
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where the last state h; is considered as the learned hidden features, which is
also used as the input of ST-blocks.

ST-blocks. The learned hidden features h; are then input into the stacked
ST-blocks to obtain the data representations for incomplete trajectory recovery.
As illustrated in Figure 3.2, to increase scalability and reduce computational
costs, we design a lightweight ST-operator including an RNN layer, where each
RNN cell is followed by a pure MLP-based multi-task (MT) model, which
benefits from the low space and time complexities of MLPs. The RNN can
only predict the numerical coordinates of trajectories; it cannot ensure that the
predicted missing points fall onto the road network. Thus, the lightweight ST-
operator contains a novel MT model to predict the road segment e and moving
ratio v at the same time due to their high correlations, leveraging multi-task
learning [51].

More specifically, we feed h; into the RNN to obtain the high-dimensional
hidden features h;, which capture the sequential dependencies. Next, h; is
input into the MT model to predict the road segment e; and moving ratio r;
simultaneously. The lightweight ST-operator is formulated as follows.

h; = RNN(h;)
e, 1y = MT(I’Z;)
The left center in Figure 3.2 shows the detailed architecture of the MT
model to predict ¢; and r;, simultaneously. Specifically, after obtaining hidden
features through the RNN, we first use a dense (MLP) layer with a constraint

mask layer (Mask) and a road segment embedding layer (Emb) to predict the
road segment e;, which is formulated as follows.

h¢ g = Dense(h;, Wy) = Wy - h; + by

e' = Mask(h; 4)

ht,e = Emb(hy 4,e') = ReLU(h; 4 + RNN(e"))

rt = ReLU(Dense([ht e, e' ], W,)) = W, - [ht e, e'] + by,

(3.7)

(3.8)

where W and b denote the trainable parameters and bias, respectively.

Then, e; together with & are concatenated to go through the dense layer
with an activation function (i.e., ReLU) to predict the moving ratio ;. Next, e;
and r¢ affect e;11 and r141. For example, people may be more willing to visit
places that are close to their current locations. We also input e; and r; into
the RNN. When inferring the missing points between two consecutive points
of a low-sampling-rate trajectory, the hidden state /; of our ST-blocks can be
represented as follows.

hy = STBlocks(h;-1, €11, 1i-1), (3.9)

where ¢;_1 and ;-1 represent the road segment embedding of the predicted
road segment and its moving ratio at timestamp t — 1, respectively.
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Constraint Mask Layer. In order to reduce the training complexities
and achieve fine-grained trajectory recovery, we employ a constraint mask
layer [53]. We use an exponential function (shown in Eq. 3.10) to capture the
influence of distance. o

ci = exp(M), (3.10)

4

where dist(p;, pi) denotes the Euclidean distance between the original point
pi and its map-matched point p; on the corresponding road segment e and y
is a parameter related to the road network (y = 125 in our work). Note that
we only consider points in low-sampling-rate trajectories that are not far away
from road segments. If the distance between a road segment ¢ and point p; is
more than 50 meters, we set w(e, p;) to 0. Finally, we combine Eq. 3.10 with
softmax as the constraint mask layer, expressed as follows.

exp(hl - w;) O c;
P(eilhi) = T

, (3.11)
DereC exp(hzd “Wer) O ¢

where w. is a trainable parameter matrix. We then use argmax to get the final
prediction of road segment e’.

Intra-Domain Knowledge Distillation

To alleviate intra-domain interference and catastrophic forgetting, we propose
an intra-domain knowledge distillation module that enables effective knowl-
edge transfer from a model learned on previous trajectory data to an updated
model learned on incoming trajectory data. To enable streaming learning, we
save the local trajectory model learned on previous local data and use it to
constrain subsequent local updating with a distillation loss.

In particular, we perform two training steps for each client. First, we train a
local model 67, on client ¢;’s private trajectory data by means of the proposed
local trajectory embedding model. Second, when new data arrives, we finetune
the current local model 67, with the new data to obtain a new local model 6.
We apply a distillation loss Ly;siin between 0/'°“ and 0, to facilitate effective
knowledge transfer from the previously trained data to the new data in order
to avoid intra-domain interference. The distillation loss is designed based on
knowledge distillation, where we consider 6;, and 0/°“ as the teacher and a
student model, respectively. This is formulated as follows.

softmax(0;,)

Laistinn = softmax(6;,)lo g—so Frmax(67)
ci

(3.12)

47



Chapter 3. LightTR+: A Lightweight Incremental Framework for Federated
Trajectory Recovery

Pre-train

Trajecotry Teacher model }—" Prediction

Knowledge distillation

Student madelH Prediction H Ground truth

g

Fig. 3.3: The Process of Knowledge Distillation

3.2 Meta-knowledge Enhanced Local-Global Training

To contend with inter-domain interference and reduce the communication
cost, we propose a meta-knowledge enhanced local-global training (or meta
local-global training for short) module for model aggregation by means of
knowledge distillation. Figure 3.3 shows the process of knowledge distillation,
which includes a teacher model and a student model. Specifically, we first
pre-train a teacher model, also called a meta-learner, to learn meta-knowledge
for each client with a subset of local trajectories (see Algorithm 1). During
local training, each client first downloads parameters from the server, and the
learned meta-knowledge is used to guide the local model (i.e., lightweight
trajectory embedding) learning. We consider the local model as the student
model. Finally, the server aggregates parameters to update the global model
with a subset of clients. In this study, we use the lightweight trajectory em-
bedding model as the student and teacher model.

In federated trajectory recovery, we have N clients, denotedas {Cy, Cz, -+ ,Cn},
with their own datasets {71, 72, - - - , 7v }. Each dataset 7; consists of three parts,
a training, validation, and test dataset, denoted as ‘7;””", 717”“11"1, and 7;", re-
spectively. We aim to learn a good trajectory recovery model fi(-) for each
client on its local dataset 7;:

test

N n;
mlnﬁ Z nlest Z Ltatal(fi(Ticp)/ Tground)f (3.13)
i=1 i j=1

where Ly,tq1 is the overall loss function, n/°" is the length of 7:'**', and Tg,ound
is the ground truth of complete trajectory.

We proceed to introduce the local trajectory recovery objective function and
meta-knowledge enhanced local-global training.

Local Trajectory Recovery Objective

As we aim to predict road segment and moving ratio simultaneously, we
combine the cross-entropy loss L1(8) and mean squared error L(9) as the local
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loss function Lj,.,(0) for trajectory recovery. Li(0) is used for road segment
prediction, while we use L,(0) for moving ratio prediction.

Llacal(e) = Ll(e) + #LZ(Q)r (3-14)

where i is a tunable parameter to balance the trade-off linearly between the
road segment and moving ratio prediction. To enable streaming learning, we
save the local trajectory model learned on previous local data, which is adopted
to constrain the subsequent local updating with a distillation loss. Specifically,
when new trajectory data arrives, we employ an additional distillation loss
Lgistin to obtain a local loss function Ljy;(6), formulated as follows.

Liocal(0) = L1(0) + uL2(0) + Lyistin, (3.15)

where Ly is introduced to alleviate the catastrophic forgetting incurred by
intra-domain interference.
The cross-entropy loss is formulated as follows.

IT| L
Li(0) = - Z Z Z laj-ejlog(Re(dje = efdy : j — 1))
-1

(T, TeT) j=11
s.t.djor = (T, T;jm),

(3.16)

where T and T represent incompleted trajectories and recovered completed
trajectories, respectively, L is the number of road segments, a;e is the ground
truth of road segment, 4; is the prediction, and Rg represents the lightweight
trajectory embedding module. Next, D is the training data.

The mean squared error is also employed to predict the movement ratio,
which can be formulated as:

|T|
L(0) == > (e —Ro(d;1)?)
(T,TeT) j=1
s.t. dj_l = (T/ Tl:j—l)r

(3.17)

where a;r is the real moving ratio.

Meta-knowledge Enhanced Local-global Training

To achieve faster convergence and reduce communication costs, we propose a
meta-knowledge enhanced local-global training module that uses knowledge
distillation. We first randomly select a subset from the local dataset for each
client and pre-train a meta-learner (a teacher model) to accumulate meta-
knowledge across clients. By combining this with knowledge distillation, the
learned meta-knowledge can alleviate data heterogeneities, thus mitigating
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Algorithm 1 Teacher model training

Input: subsets of Dataset {7]}5\; ; at N clients, Ag, It
Output: A common teacher model fi¢,
1: A« Ag;
2: Train local teacher model f; using Ljyc,; with ‘71'.t rain at each client Cj;
3: Send the current model f; to the next client C;41;
5 acc?fit o f 7280
5: if acc?ﬂ’d > I; then
6 Train f;;1 with 711 using Eq.3.19;
7: else
8 fi < fin
9 Train f;1 with 7741 using Eq.3.19;
10: end if
11: Repeat steps 3 — 10 until convergence;
12: ftea — fN}
13: Return fie,

inter-domain interference across clients. Each client trains a local model after
downloading parameters from the server with meta-knowledge for guiding the
local training. The server obtains a global model by aggregating parameters
from the participating clients.

Algorithm 1 specifies the process of teacher model training, which is used
by each clients. Here, we train all clients sequentially in a cyclic way, trans-
fering previous knowledge to the next. The previously learned knowledge is
preserved if it is useful for the current client training. Otherwise, it is dis-
carded. This alleviates data heterogeneity across clients. We fix A = Ag to
preserve suficient common knowledge (line 1). Threshold /; is used to de-
termine whether to completely preserve the previously learned knowledge
(lines 2-10). When accuracy accfﬂid < I, too little information is contained
in the current client C;;;. We directly initialize the current model with the
previous one to fully leverage previous knowledge, and thus handle the data
heterogeneity.

We employ the proposed lightweight trajectory embedding model as the
teacher model f;., to perform the trajectory missing points prediction task with
incomplete trajectories. The teacher model is then used to guide the training
of the local model f;,, via knowledge distillation. The knowledge distillation
is formulated as follows.

Ldist(fteu/ fstu}Ticp) = ”fteu(ﬂcp) - fstu(Ticp)Hgl (3.18)

where || - ||2 is the L2-norm.
Through knowledge distillation, we can make good use of meta-knowledge
to guide the local training for each client, which alleviates data heterogeneities
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across clients. Therefore, the total loss L;¢,; function for each client C; is:

1
Liotal = = Z Llocal(RG(Ticp)/ Tground)

train
|7- I (Y}Cp/&rotind)e(],—‘t’Aﬂin (319)
+ALdist(ﬁear Rg; ’E'cp);

where A is a trade-off knowledge transfer and focusing on the current data,
and Lj,c, is the trajectory recovery loss.

Algorithm 2 Meta-Knowledge Enhanced Local Training

Input: Datasets {‘7}}5\; 1 in N clients, Ao, It, teacher model fie,, training epochs
epochmax

Output: Local Trajectory Recovery models {Ré}fil
1: A «0;
2: ¢y — 0
3: whilec,;, < N do
4: acclﬁain — Rg(‘];tmi”);

5 Train Rg using Eq. 3.19;

lid lidy.
6 accf’?e; — ft?a(?;”“'Z );
7. acc;{lﬂlld (_ RIQ((];W'Ild); '
8 if acc?’fé’f < acc?““d and accj’”hd < It then
9: A —0;
10: else i i

. valid _ vali _

11: A Ap- 10mzn(1,(acci,m accy®®)«5) 1;
12: end if

13: end while
14: Repeat steps 3 — 15 in epochyay iterations;

15: Return {RIG }f\il

Algorithm 2 illustrates the process of meta-knowledge enhanced local train-
ing (i.e., knowledge distillation) to train a good local trajectory recovery model
for upcoming central aggregation. Specifically, we first set A to 0, which means
no knowledge is learned from the teacher model (line 1). For each client, we
apply gradient descent to update its local model Ry, with local training data
using Eq. 3.19 (lines 3-5). When the accuracy accz‘t’é"ad of the teacher model
is below acc;’” lid of the current local model on local validation data, we keep
A at 0, meaning that there is no guidance by the teacher model as it has less
knowledge of the current client, and we do not want to rely on it. Otherwise,
we dynamically update A as follows.

A Ag - 10 acci —acei )1 (3.20)

Eq. 3.20 shows that the better the teacher model performs, the larger the value
of A is, which means that the local model learns more knowledge from the
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Algorithm 3 Local-global Parameter Updating

Input: communication rounds R, initial global model of server 69, number of clients
N, learning rate «, local training epochs E
Output: final global model of server 05
1: foreachround rin[1,2,---,R] do

2 Randomly select C € [1, N] clients from N clients;
3 for each client ¢; € C do
4 The server transmits 6] ~1 {0 client ci;
5 for each local epoch ein [1,2,--- ,E] do
6 07, — argmingLiora(OL,);
7 YLtota1(OF,) < VLtora1(051) — a(OF, — OL71);
8 end for
9: Oc; «— egi ;
10: end for
1: 05 « Yeec L0
12: end for
return 0,

teacher model. After several iterations of model updating, we obtain N local
models for the preceding central aggregation (lines 5-15).

Algorithm 3 shows the process of local-global parameter updating. Ateach
communication round r, we randomly select a subset of N clients C, which
further reduces communication costs. The server transfer its current model
0.7 to selected clients (lines 1-4). Each client performs meta-knowledge
enhanced local training according to Algorithm 2, which optimizes a local
empirical risk objective, i.e., Eq. 3.19 (lines 5-10). Next, the selected clients
upload their local model parameters 6., to the server. Finally, the server
aggregates the uploaded parameters to update the global model 0, until it
converges to a stationary point 0, (line 11).

4 Experimental Evaluation

4.1 Experimental Setup

Datasets

The experiments are carried out on two real-world public trajectory datasets:
Tdrive and Geolife.

¢ Tdrive. The Tdrive dataset contains taxi-trip-based trajectories in Beijing
from February 2, 2008, to August 2, 2008, including roughly 15 million
trajectory points.
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* Geolife. The Geolife dataset contains 17621 taxi GPS trajectories in Asia
from April 2007 to August 2012, including 182 taxi drivers.

Evaluation Metrics

We aim to recover low-sampling-rate trajectories in free space to high-sampling-
rate trajectories mapped onto the road network. Thus, both accuracy of road
segment recovery and distance error of location inference are adopted to com-
pare the performance of our model and baselines.

Recall & Precision. We use recall and precision to evaluate the perfor-
mance of route recovery by comparing the recovered road segments Pr to the
corresponding ground truths G. Recall and precision are defined as follows.

|Pr N G|
Recall = ——————
|G|

,Precision = (3.21)

MAE & RMSE. The distance measures, i.e.,, Mean Absolute Error (MAE)
and Root Mean Square Error (RMSE), are used to evaluate the point recovery
performance. Note that we calculate the distance error based on the road
network by updating the Earth distance to road network constrained distance.
The smaller the MAE and RMSE are, the better the models perform. MAE and

RMSE are defined as follows.

1 . .
MAE = — ; \dis(gj, §)I,

- (3.22)
= _ j i g 2
RMSE = | — ;(Idw(g]/g;)l)

S.t.dis(gj,g]‘) = min(rndis(gj,gj), rndis(gAj,g]-)),

where g; is the ground truth location, ¢; is the predicted map-matched tra-
jectory point, and r74i5(g;, §;) is the length of the shortest path between the
prediction and the ground truth. Next, we use min(rnais(gj, §j), rnais($j, §j))
as the final error since the road network is a directed graph, where the distance
from g; to gj may not be equal to the distance from g; to g;.

Baseline

We compared the proposed LightTR+ with the following baselines. To the best
of our knowledge, there is currently no FL-based method for discrete trajectory
recovery. To enable fair comparisons, we transfer existing centralized baselines
for trajectory recovery to their federated versions by combining them with
FedAvg [41].

53



Chapter 3. LightTR+: A Lightweight Incremental Framework for Federated
Trajectory Recovery

Table 3.1: Performance of Training on Streaming Data on Two Datasets (Keep Ratio = 12.5%)

Dataset Method M1 — Geolife. M1 — Tdriv.e. M2 — Geolife. M2 — Tdriv-e.
Recall Precision Recall Precision Recall Precision Recall Precision

MTrajRec+FL 0.587 0.611 0.087 0.096 0.323 0.344 0.187 0.231

Geolife LightTR 0.677 0.743 0.095 0.112 0.455 0.472 0.228 0.285
LightTR+ 0.695 0.724 0.108 0.134 0.511 0.546 0.311 0.437

MTrajRec+FL 0.092 0.112 0.510 0.544 0.336 0.375 0.208 0.221

TDrive LightTR 0.112 0.154 0.611 0.668 0.377 0.436 0.255 0.337
LightTR+ 0.146 0.114 0.608 0.661 0.522 0.612 0.410 0.487

¢ FC+FL. The FC+FL method combines horizontal FL with stacked fully
connected layers (FC) [30] for trajectory recovery.

¢ RNN+FL. The RNN+FL method is a decentralized trajectory recovery
model, where stacked RNNSs are integrated with horizontal FL to collab-
oratively learn trajectory representations.

* MTrajRec+FL. The MTrajRec+FC devises a decentralized trajectory re-
covery model, where the MTrajRec [53] is employed as the local model.

* RNTrajRec+FL. The RNTrajRec+FL method is a horizontal FL trajectory
recovery model, where we set the local model to be RNTrajRec [17], which
applies a graph neural network to learn rich trajectory representations.

¢ LightTR. The LightTR method is a state-of-the-art federated trajectory
recovery model with a lightweight network, which we proposed in our
preliminary study [39].

4.2 Experimental Results

Performance on Training on Streaming Data

To evaluate the performance of training on streaming data, two representative
baselines, MTrajRec+FL and LightTR, are compared with LightTR+. We first
train an initial model M1 on either Geolife or Tdrive and then fine-tune M1
with the other dataset to obtain an updated model M2. The results are shown
in Table 3.1, where M1 (or M2) — Geolife (or Tdrive) means that applying
M1 (or M2) on Geolife (or Tdrive) for testing. The overall best performance is
marked in bold. As the performance on both datasets exhibits a similar trend,
for brevity, we only show the observations when M1 is trained on Geolife.
We first apply M1 on Geolife (M1 — Geolife) and Tdrive (M1 — Tdrive),
simultaneously. LightTR+ consistently performs better than the two baselines.
MTrajRec+FL and LightTR offer acceptable Recall and Precision on Geolife,
but their performance deteriorates on Tdrive. LightTR+ performs better than
the two baselines on Tdrive in most cases. This may be because the proposed
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Table 3.2: Overall Performance Comparison on Two Datasets

Dataset Baselin 6.25% 12.5% 25%
atasets aseline Recall | Precision | MAE | RMSE | Recall | Precision | MAE | RMSE | Recall | Precision | MAE | RMSE
FC+FL 0212 | 0219 | 0755 | 1015 | 0.283 | 0215 | 0728 | 1.007 | 0315 | 0.94 | 0685 | 0.807

RNN+FL 0.392 0.417 0.630 | 0.776 | 0.397 0.394 0.628 | 0.741 0.456 0.438 0.561 | 0.659
Geolife | MTrajRec+FL | 0.595 0.601 0462 | 0.634 | 0.599 0.623 0455 | 0.636 | 0.634 0.673 0.410 | 0.546
RNTrajRec+FL | 0.594 0.618 0.455 | 0.617 | 0.631 0.655 0.431 | 0.611 0.669 0.702 0.398 | 0.501

LightTR 0.674 0.679 0.375 | 0464 | 0.724 0.748 0.335 | 0432 | 0.758 0.739 0.323 | 0.435
LightTR+ 0.683 0.711 0.366 | 0.471 | 0.701 0.722 0.354 | 0.449 | 0.705 0.728 0.336 | 0.424
FC+FL 0.211 0.198 0.753 | 1.001 | 0.283 0.232 0.723 | 1.022 | 0.276 0.270 0.662 | 0.804

RNN+FL 0.358 0.355 0.584 | 0.750 | 0.392 0.396 0.547 | 0.682 | 0.456 0.464 0.536 | 0.664
Tdrive MTrajRec+FL | 0.512 0.554 0.532 | 0.697 | 0.543 0.587 0.486 | 0.628 | 0.633 0.685 0.452 | 0.530
RNTrajRec+FL | 0.568 0.611 0.488 | 0.651 | 0.598 0.643 0.447 | 0.585 | 0.620 0.705 0.384 | 0473
LightTR 0.624 0.674 0.395 | 0473 | 0.667 0.707 0.366 | 0.452 | 0.708 0.732 0.332 | 0.446
LightTR+ 0.611 0.677 0.402 | 0.497 | 0.671 0.698 0.365 | 0.448 | 0.687 0.701 0.355 | 0473

intro-domain knowledge distillation module enables more generalized feature
learning.

M2 is obtained by fine-tuning M1 with Tdrive. After fine-tuning, we apply
the updated model M2 on Geolife (M2 — Geolife) and Tdrive (M2 — Tdrive)
simultaneously for testing. We observe that LightTR+ achieves the best results
among the methods, which is evidence that LightTR+ can perform effective
feature learning on new data while preserving old knowledge. This is because
of the intra-domain knowledge distillation module, which avoids catastrophic
forgetting by enabling effective knowledge transfer from previously learned
data to current data. Simple fine-tuning based methods are unable to handle
streaming data, as they fail to overcome both inter- and intra-domain inter-
ference. LightTR+ achieves relatively stable performance on both Geolife and
Tdrive, demonstrating its strength over baselines. In addition, both LightTR
and LightTR+ consistently outperform MTrajRec+FL due to the powerful rep-
resentation learning capability of the proposed ST-operator.

Baseline Comparison

Table 3.2 shows the performance comparison among different methods on the
two datasets. The observations are as follows.

¢ LightTR+ and LightTR achieve comparable results in most cases on the
two datasets with different keep ratios (i.e., 6.25%, 12.5%, and 25%),
and they outperform all the baselines. In addition, LightTR+ performs
better than LightTR by up to 4.7% in terms of precision on Geolife when
the keep ratio is 6.25%. Although LightTR outperforms LightTR+ on
Tdrive with a 25% keep ratio, LightTR+ can avoid catastrophic forgetting
when it is applied to streaming trajectories, showing its superiority in
incremental trajectory recovery scenarios.

* LightTR performs better than the best among the baselines by up to
14.7% and 13.19% with keep ratio 12.5% in terms of Recall and Precision,
respectively, on Geolife. This is because of the powerful feature learning
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Fig. 3.4: Performance of LightTR and Its Variants on Both Datasets (keep ratio = 12.5%).

capability of the proposed light ST-operator. Moreover, the learned meta-
knowledge alleviates the data heterogeneity across clients, which further
improves the model performance. We also observe that the performance
improvements obtained by LightTR on Geolife exceed those on Tdrive
since the Geolife data are more sufficient than Tdrive with more useful
knowledge.

¢ AlIRNN-based methods (i.e., RNN+FL, MTrajRec+FL, and RNTrajRec+FL),

which are able to learn temporal dependencies of trajectories, perform
better than FC+FL on both Tdrive and Geolife. It shows the importance
of effective temporal dependency capturing for trajectory embedding.
FC+FL performs the worst on both datasets, which demonstrates that
simply stacked FC layers are too shallow to capture the complex tem-
poral correlations and thus shows the necessity of the newly proposed
lightweight ST-operator.

* RNN+FL, MTrajRec+FL, and RNTrajRec+FL can capture the temporal
dependencies, RNTrajRec+FL performs the best. This is because RNTra-
jRec is capable of learning more effective trajectory embeddings benefit-
ing from the graph model, which incorporates the embedding of each
road segment.

The above observations indicate that LightTR is more effective than the existing
FL-based methods.
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Ablation Study

To gain insight into the effects of key aspects of LightTR+, We evaluate three
LightTR+ variants.

* w/o horizontal FL (w/o_FL). w/o_FL removes the central server of
LightTR+, where each client trains their model locally and all clients
exchange their local model to each other.

* w/o Lightweight ST-operator (w/o_LS). w/o_LSreplace the Lightweight
ST-operator with MTrajRec to learn local trajectory embeddings for each
client.

¢ w/ometa-knowledge enhanced local-global training module (w/o_Meta).
w/o_Meta replace the meta-knowledge enhanced local-global training
module with Fed Avg [41].

To assess whether the components in LightTR+ all contribute to the perfor-
mance of trajectory recovery, we compare LightTR+ with its variants. The
results are shown in Figure 3.4. The observations are as follows.

* Regardless of the datasets, LightTR+ always performs better than its
counterparts without horizontal FL, lightweight ST-operator, and meta-
knowledge enhanced local-global training module. It shows that these
components are all useful for trajectory recovery.

¢ LightTR+ performs slightly better than w/o_LS. This shows the power-
ful feature learning capability of the proposed lightweight ST-operator,
even compared with MTrajRec, a recent state-of-the-art trajectory recov-
ery model. However, the complex model always has high space and time
complexities, which incurs poor scalabilities and more computation re-
source requirements.

* w/o_Meta performs the worst among all variants, which shows the im-
portance of the meta-knowledge enhanced local-global training module.
It also offers evidence that the meta-knowledge enhanced local-global
training module is capable of alleviating the data heterogeneities (intra-
domain interference) across clients.
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Chapter 4

Federated Trajectory
Similarity Learning with
Privacy-Preserving Clustering

This chapter provides an overall introduction to Paper D [44]. Content is
reused from the paper [44] in the most effective way.

1 Problem Motivation and Statement

With the proliferation of edge computing and devices enabling the capture
of the movements of objects (e.g., vehicles and people), massive volumes of
trajectory data are being collected in a decentralized fashion. A fundamental
aspect of trajectory-based applications is trajectory similarity learning. The left
part of Figure 4.1 illustrates trajectory similarity, where we consider T; and T3 as
similar trajectories due to their similar characteristics (e.g., origin, destination,
and timestamp ¢;). In addition, the distance (e.g., Euclidean distance) between
T, and T3 is smaller than that between T; (or T3) and T;.

Due to its significance, substantial research has been devoted to inventing
effective trajectory similarity models [3, 11, 25, 29, 78]. In real-world scenarios,
trajectories are often generated at edge devices that are distributed across
cities. Yet, most existing trajectory similarity learning models [29, 33] assume
centralized training data and fail to take into account the decentralized setting.
We aim to invent a new decentralized model that can utilize decentralized data
and can learn complex spatio-temporal semantics of trajectories.

However, it is non-trivial to develop such a model, due to two main chal-
lenges. First, in order to achieve effective trajectory learning, existing methods
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Fig. 4.1: Illustration of Trajectory Similarity

require aggregation of all available trajectories, which may reveal real sensi-
tive information that may be exploited by a malicious third party. Although
recent studies in Federated Learning (FL) provide solutions for decentralized
data training on multiple devices and considering privacy, to our knowledge,
no FL models exist that can capture spatial dependencies and temporal cor-
relations effectively in terms of trajectory similarity computation. Second, the
distributions of the trajectories that are collected across different edge devices
are usually not independent and identically distributed (Non-IID) rather, they
have been found to be remarkably heterogeneous [49, 63]. The distribution
drift across different local datasets makes it difficult to achieve an optimal
global model by aggregating local models.

To address these challenges, we propose F-TSL, a federated trajectory sim-
ilarity learning framework. F-TSL is designed to enable horizontal federated
learning (i.e., server-clients), where many clients collaboratively train a global
model using local training data under the orchestration of a central server.
F-TSL encompasses three major modules: local trajectory preprocessing and
learning, privacy-preserving clustering, and server-side aggregation. To en-
able federated learning that supports the unique properties of trajectories, no-
tably spatio-temporal correlations, we design a local trajectory preprocessing
and learning module with a well-customized local trajectory learning model
for use by clients. Next, the privacy-preserving clustering module aggregates
similar clients together to contend with trajectory heterogeneity by means of a
differential privacy method (i.e., Laplacian [22]) to avoid information leakage
during clustering.

The major contributions are summarized as follows.

* Tothebest of our knowledge, this is the first systematic study of federated
trajectory similarity learning. We propose F-TSL, a federated similar-
ity learning framework for decentralized trajectory similarity learning,
which offers privacy protection of locally collected trajectories.
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* We introduce a local trajectory preprocessing and learning module to
capture effectively spatio-temporal correlations of trajectories by means
of a well-customized local trajectory learning model.

¢ To contend with trajectory heterogeneity, a novel privacy-agnostic clus-
tering mechanism is proposed to facilitate more consistent model up-
dates between clients and the server. In addition, we introduce an
alignment loss to minimize the differences between local models and
the global model.

* Wereport on experiments on real data, offering evidence of the effective-
ness of the new framework and its components.

2 Preliminaries

2.1 Basic Concepts

Definition 14 (Road network) A road network is modeled as a directed graph G =
(V,E), where V is a road vertex set, and E is an edge set. Each vertex v; € V
represents a road intersection or a road end, and each edge e; ; € E indicates a directed
road segment from v; to v;.

Definition 15 (Point) A point is a triple p = (lat,lon, y) that records a latitude lat
and longitude lon including additional information y, e.g., address.

Definition 16 (Raw Trajectory) A trajectory 7 is a sequence of points at n discrete
timestamps, i.e.,
= <(Fﬁ1/t1)/ (FﬁZ/ t2)/"' /(Fﬁn/tl’l)>/ (41)

where p; denotes a geo-location (point) and t; is the corresponding timestamp.

In practice, collected trajectory points may not be accurate due to GPS
device measurement noises or errors. Map-matching is usually adopted to
project raw points onto an underlying road network [24]. We use the Incre-
mental Map-Matching [8] method to convert a sequence of raw coordinates to
coordinates in the road network that then become a sequence of road-network
vertices that encode a connected sequence of edges.

Definition 17 (Map-matched Trajectory) Given a raw trajectory t and an under-
lying road network G = (V, E), the trajectory T obtained by map-matching of 7 is a
sequence of n vertices in G, i.e.,

T = <(p1/t1)/ (PZ/ t2)/"' /(pﬂrtﬂ)>/ (42)

where p; € V denotes a vertex in G and t; represents the corresponding timestamp.
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Fig. 4.2: F-STL Framework Overview

Definition 18 (Trajectory Similarity) Given two trajectories T; and Tj, the spatio-
temporal similarity D(T;, T;) is defined as a weighted, linear combination of spatial
and temporal similarity.

D(T;, T}) =A- Z)Spa(Ti/ T}) +(1=A) Drem(T;, T})/ (4.3)

where Dsp, and Drey denote spatial and temporal similarity, respectively, and A €
[0, 1] is a parameter controlling the contributions of spatial and temporal similarity,
thus providing flexibility that can be used to support different applications as discussed
in Section 1.

To define D, we adopt an existing network-aware distance measure such
as Two-Phase divide-and-conquer algorithm (TP) [56], Distributed In-Memory
Trajectory Analytics (DITA) [57], Longest Common Road Segment (LCRS) [82]),
and Network-aware Edit Distance with Real Penalty (NetERP) [33].

2.2 Problem Definition

Consider a user with personal trajectories as a client. Given a central server
S with a road network G, and K clients with local trajectory datasets 7 =
{71,72,- -+ ,Tx}, the problem is to learn a shared global score function 7 (-, -),
such that for any pair of trajectories T; and T; from 7 in each client, the difference
|7 (T;, T;)-D(T;, Tj)| is minimized. Note that each client keeps its local data and
only transfers parameters to the central server during training by considering
privacy.
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3 Methodology

We detail the Federated Trajectory Similarity Learning (F-TSL) framework for
decentralized trajectory similarity computation. F-TSL is based on horizontal
learning and uses a client-server structure to collaboratively train local trajec-
tory learning models under the orchestration of a central server, as illustrated
in Figure 4.2. It consists of three major modules: local trajectory preprocessing
and learning, privacy-preserving clustering, and server-side aggregation.

3.1 Local Trajectory Preprocessing and Learning

In this module, each client first preprocesses locally collected trajectory data.
Meanwhile, it downloads parameters and the global road network and then
maps all trajectories to the corresponding roads. Finally, the client learns a
local model to quantify local trajectory similarity. Note that the model for the
central server and the models for all clients share the same trajectory learning
model structure, as shown in Figure 4.3. We elaborate the trajectory learning
model in Section 3.1.

Local Trajectory Preprocessing

Given a road network that is downloaded from the central server, we first
map all trajectories to the corresponding road intersections according to the
Incremental Map-Matching (IMM) method [8]. This way, we convert the raw
GPS data into time-ordered trajectories as follows.

T ={(p1,t1,), (p2,t2), -+, (Pu, tn)), (4.4)

where p; is i-th point at time stamp ; and n denotes the trajectory length. To
tackle the issue of noisy data and to learn powerful trajectory representations,
we remove trajectories with fewer than 10 points (i.e., n < 10). Further, to
facilitate the capture of spatial and temporal correlations, we further separate
T into T; = (p1,p2, - ,pn) and T; = (t1,t2,- -+ , t,) that represent the spatial
and temporal aspects of T, respectively.

Local Trajectory Learning

Existing trajectory embedding methods focus predominantly on capturing spa-
tial correlations of trajectories while ignoring temporal dependencies. To better
capture spatial and temporal dependencies of trajectories, inspired by [24], we
introduce a local trajectory learning method, including a spatio-temporal en-
coder and a spatio-temporal decoder, which uses each client’s local data to
learn effective trajectory embeddings.
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Spatio-Temporal (ST) Encoder. Given T; and T;, the ST encoder (see Fig-
ure 4.3) aims to learn spatial and temporal embeddings of trajectories. It first
learns spatial and temporal embeddings and then combines them.

hs = SpatialEmbedding(T;)
hy = TemporalEmbedding(T;) (4.5)
h=hs+h,

where h; and h; denote the learned spatial and temporal embeddings,
respectively, + is element-wise addition.

Spatial Embeddings. Spatial embeddings are designed to learn spatial cor-
relations of trajectories. Given T;, we first adopt Node2Vec [27] to capture
the co-occurrence of the adjacent locations, which aims to learn road struc-
ture information. Specifically, given a point p;, we obtain its embedding e;
by approximating the spatial conditional probability of its nearby points as
follows.

e; = Node2Vec(p;) (4.6)

After obtaining all the embeddings emb = (eq, ez, -+ ,e,) of T;, we input
emb into stacked GCN layers to learn final spatial embeddings.

hPi = O'((ei ® Z ai,jwsej) + bpi)/ (47)
JEN;

where ® denotes the concatenation operation, N; is the neighborhood set of
pi, ai,; is an adjacency weight, W; is a learnable parameter, and b, represents
the bias. Based on Equations 4.6 and 4.7, we learn high-dimensional features,
hs = (hpy, hp,y, -+, hyp,), which captures spatial correlations of Ts.
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Temporal Embeddings. Given T;, we embed it to get a vector with size of [ +1

for each timestamp t as follows.
_— wit +b;, i=0
silil = { cos(wit +b;), 1<i<l, (4.8)

where w; and b; represent learnable parameters and bias, respectively, and
cos(-) is the cosine function. Based on Equation 4.8, we embed T; into time
vectors hf = (51,52, ,5x). Then we input hf into stacked recurrent neural
networks (RNNSs) to further learn high-dimensional temporal dependencies of
T;.

hi = RNNs(h}) 4.9)

Spatio-Temporal (ST) Decoder. The learned spatio-temporal embeddings
h (see Equation 4.5) are then input into the ST decoder to decode the data
representations for similarity computation. As shown in Figure 4.3, the ST
decoder contains several stacked RNNs, RNNs(-), followed by an attention
layer, Attention(-), to learn a projection function for computing similarities. It
can be formulated as follows.

hdecode = RNNS(h)
n
' ] (4.10)
v = Attention(Ngecode) = Z Ailgecodeli],
i=0

where a; = <~ (iecode i) L and v is the learned embeddings.

Following previous studies [24, 29], the dot product is adopted to measure
the similarity between embeddings of trajectories. Specifically, for a pair of
trajectories T; and Tj, we learn their respective embeddings v, and vy, and the

similarity score F (T;, T}) = v;vTj, where T is the transpose operation.

3.2 Privacy-Preserving Clustering

To alleviate the problem of data heterogeneity, we propose a novel privacy-
preserving clustering mechanism to aggregate similar clients together by calcu-
lating the Hausdorff distance between locally perturbed embeddings of clients,
aiming at achieving more focused model updates to ensure consistent model
updates between the server and clients. Considering privacy protection, we
first perturb the locally learned trajectory embeddings V = (vq,v2,---, 1)
of each client to V' = (v{,v5,---, v; ) by means of differential privacy, where
[ is the length of the local dataset. Then, we partition all clients into clus-
ters M = {Mi, My,--- , Map}, where 372 |[M;| = K, based on the Hausdorff
distance between the perturbed embeddings of clients, which considers the
information of individual trajectories.
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We first give two necessary definitions: e-differential privacy [21] and
sensitivity.

Definition 1 (e-differential privacy) A random algorithm M is e-differentially
private if ¥S C OutRange(M) and two datasets X and Y = [X;z](z € R?), we have

Pr[M(x) € S] < e“Pr[M(Y) € S]. (4.11)

Definition 2 (sensitivity) For a function f, the sensitivity of f is defined as follows.

Af = max I1F(X) = fFMl (4.12)

Privacy-Agnostic Perturbation. Usinglocal data from clients directly when
performing clustering may cause sensitive information leakage. To avoid this
problem, we propose a privacy-agnostic perturbation method based on differ-
ential privacy (i.e., a Laplacian mechanism). In particular, given a client ¢; with
local trajectories 7; and local trajectory learning model f (), we perturb the orig-
inal trajectories by adding Laplacian noise to their learned high-dimensional
embeddings V.

M) = fT)+2=V +2,
2~ Lap0, )z e 2 (4.13)
- M(T),

where z = (21,22, -+ ,z4), d is the feature dimension of V, and Lap(-) is the
Laplacian distribution.

Theorem 1 V' = M(7;) preserves de-differential privacy.

proof 1 Let p, and p,, denote the probability density of M (x) and M(y) at an arbitrary
output v’, respectively. We have:

s [exp (——ddff}i_zi' )

Px(v’) _
Pyl exp (_delfiyf)i_ml)
d ( e(|fw)i—zi| - |f(x)i_zi|))
l_[eXP Af (4.14)
i=1
[er (delﬂx)zf ) |)
i=1
— exp (de : IIf(xA)f— f(y)lll) < exp(de),

66



3. Methodology

Algorithm 4 The Hausdorff Distance based Clustering

Input: a set of clients C = {c1,--- , cx} with locally perturbed trajectory embeddings
V! C c;, the number of cluster centers M
Output: M cluster centers: My, My, -+, M
: Randomly select a client c; in C as the first cluster center M;
C—C-g
: for¢j in C do
Compute Hausdorff distance between embeddings of client C]-(Vj’ € ¢j) and
cluster M (V! C ¢;) by Equation 4.15
Dis(cj) « HD(V].’, V)
end for
: Sort C by Dis(-) in descending order
: Select top M — 1 clients C;,; in sorted Cas remaining initial cluster centers
C — C-Cjy
10: while M is changed do
11: for ¢, (V! C ci)in C do

LN

R N

12: for My, (V;, € My,) in M do

13: Compute Hausdorff distance between embeddings of client cx and cluster
center M »( by Equation 4.15

14: Disc(Mm) < HD(V/,V},))

15: end for

16: m* «— argmingDisc(M;;) % Assign cy to closest center

17: My — My U ¢

18: Vi =V UV,

19: end for
20: end while

where x and y are two trajectories in T;, and q is the number of the feature dimensions.

We use the Laplacian mechanism to perturb embeddings for all clients.
Specifically, for client c;, we perturb embeddings V' = <vi, vy, v; ) for the
following Hausdorff distance based clustering.

Hausdorff Distance based Clustering. Most existing federated cluster-
ing methods [5, 18] consider a client as a whole and perform clustering at the
client level, ignoring the influence of fine-grained local data (i.e., client-specific
trajectories), which hurts trajectory learning performance [14]. To solve this
problem, we design a Hausdorff distance based clustering mechanism to ag-
gregate similar clients in high-dimensional feature spaces, by measuring the
maximum mismatch degree among trajectory embedding sets in clients.

The Hausdorff distance based clustering is shown in Algorithm 4. Specifi-
cally, we first select M cluster centers that are far away from each other in the
high-dimensional space (lines 1-9). Then, for unselected client c;, we compute
the Hausdorff distance among embeddings of client ¢; and M cluster centers
in the high-dimensional feature space (lines 12-15). The computation of Haus-
dorff distance is given by Equation 4.15. Finally, we group the client with its
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Fig. 4.4: Hausdorff Distance Computation

nearest cluster center (lines 16-18) until cluster centers are unchanged.
Hausdorff Distance Computation. Given two clients with local perturbed
embeddings, V/ and V].’, we compute their Hausdorff distance HD(:) as follows.

HD(V,, V) = max(m(V}, V), m(V/, V})),
m(V/, V].’) = g}ea‘;?(géi‘g}(dist(v;, v;))), (4.15)

m(V!,V!) = ??Ea‘é(zrjﬁi‘r/}(dist(v;, 7)),

where dist(-) is the Euclidean distance between high-dimensional perturbed

trajectory embeddings.

Figure 4.4 shows an example of Hausdorff distance Computation between
two local embedding sets V! = (U’ i,» and V’ = (v] 1/ ]2, v’ ) For em-
bedding v/, in V/, we calculate the Euchdean dlstance between v;, and any
embeddmg in V’ iteratively, where d; is the minimum distance. Similarly,
we find that d, i 1s the minimum distance between v; > and V/, where dy > d;.
Then, we use d, for m(V/, V].’), which is the shortest distance between V! and
V]’. Since we have a directed road network, we obtain the shortest distance
m(V]./, V!) between V]./ and V! similarly. Finally, it is easy to see that m(V, Vj’)
is smaller than m(Vj’, V!). Thus we use m(V].’, V!) as the Hausdorff distance
between V/ and V].’.

3.3 Server-Side Aggregation

We propose a server-side aggregation method to collaboratively train the clus-
tered clients, which first aggregates parameter updates on a local cluster with
a subset of clients and then performs parameter aggregation among clusters.
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Algorithm 5 Hierarchical Parameter Update

Input: R: communication rounds, 92: initial global model of server, M: cluster num-
bers, E: local training epochs, a: learning rate
Output: 0s: final global model of server
1: foreachround rin[1,2,---,R] do

2: Server transmits 0] ~! to M cluster centers
3: Q) « 92 for cluster My, in M clusters
4: for M,; in M clusters do
5: Sample F fraction of clients in M,
6: Transmit ®,;, to selected clients in M,
7: for each selected client ¢; € M;; do
8: for each local epoch ein [1,--- , E] do
9: O¢; < argming Ljpcq1(6¢,)
10: VLlocal(egi) — VLlocal(Qgi_l) - a(@ Qr 1)
11: end for
12: Oc; « 0L,
13: Transmit local client model O, to the respective cluster
14: end for v
15: < 2 piree
16: end for
7. 0« 3M Loy,
18: end for

In federated trajectory similarity learning, we have K clients, denoted as
{c1,¢2, -+, cx}, each with its own dataset 7; that has three parts: a training, a
validation, and a test dataset, denoted as 71'.””"", 717”“1 id and 7.'°!, respectively.
We aim to learn a good trajectory recovery model F(-) for each client ¢; on its
local dataset 7;:

fe%t

Llocal(g:i(]}/ T, Tq))/ (4~16)

Mz

tes
i=1 z :1

where Ly, is the local loss function, to be detailed in Equation 4.17, nf“t is the
length of 7.'**', and T, and T, are sampled similar and dissimilar trajectories
of T;, respectively.

Next, we introduce the local objective function of each client and hierarchi-
cal parameters updating in a federated training way.

Local Objective Function. The local objective function contains two parts,
a loss of trajectory similarity L, and a client-cluster alignment loss Lalign,
for alleviating data heterogeneity. We combine them together, and the overall
local loss of a client is as follows.

Liocar = Lsim + Lalign (4.17)

Following existing studies [24, 29] on trajectory similarity, we adopt a
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triplet-based pair-wise loss for effective and robust training.

Liw=max > > KF (T, Tn) < F(Tu,T,), (4.18)
Tn€T TyeT ,T,€T \{Tu}

where T, is a randomly selected trajectory in 7, T, and T, are sampled similar
and dissimilar trajectories of T,,, respectively, and I(-) is an indicator function,
where it equals one if the condition (i.e., ¥ (T,n, Tn) < F (T, Ty)) holds, other-
wise it is zero. Note that we randomly sample the trajectory of T, instead of
traversing all trajectories to improve efficiency.

To contend with data heterogeneity, inspired by the Moreau envelopes in
personalized federated learning [61], we propose a simple but effective client-
cluster alignment loss to balance the updates between clients and the cluster
center. For a client ¢; in cluster M;, we have

A
Lalign = E”Qi - ®j||2/ (4.19)

where A is a control weight, 0; is the local model of client ¢;, and ©; is an
aggregated model of cluster j. We combine Ls;,, and Lyjig, to train a suitable
local model for a client and ensure it not drift off the aggregated model of its
corresponding cluster.

Hierarchical Parameter Updating. We propose a hierarchical parameter
updating method to perform clustered federated training, as shown in Al-
gorithm 5. In particular, at each communication round 7, the central server
transmits its current model 077! to each cluster (lines 1-3). Each cluster trans-
mits its current parameters ©,, to a subset (F fraction) of the clients, aiming
to reduce the training time (lines 4-6). Each active client optimizes a local
empirical risk objective, which is the sum of similarity loss and alignment loss
(lines 7-11). Next, the cluster updates its universal model (lines 12-15) to pro-
ceed with more focused model updates, i.e., the model updates of clients are
consistent with those of the server. Finally, the central server aggregates pa-
rameters from clusters to update its model 6, until it converges to a stationary
point 65 (line 17).
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4 Experimental Evaluation

4.1 Experimental Setup
Datasets

The experiments are carried out on two widely-used public trajectory datasets:
Tdrive! and TaxiRome?.

Baselines
We compare the proposed F-TSL with the following baseline methods.

¢ FC+FL. The FC+FL method employs stacked fully connected (FC) net-
works as the local model trained with Fed Avg [42] under the horizontal
federated learning (FL) framework.

* RNN+FL. The RNN+FL combines horizontal FL with a stacked RNN to
train a decentralized model for trajectory similarity computation.

* GCN+FL. GCN+FL is a decentralized trajectory similarity computation
model, which uses stacked graph convolutional network (GCN) inte-
grated with horizontal FL to collaboratively learn trajectory embeddings.

Evaluation Metrics

Following existing learning-based trajectory similarity studies [24, 29], top-
k similarity search is utilized for experimental validation. We use HR@10,
HR@50, and R10@50 as evaluation metrics. Specifically, HR@k denotes the
top-k hitting ratio that is the overlap degree between a top-k result and the
corresponding ground truth. For each client, we have

1 Z |ILP@K N LS|

HR@K = — —, (4.20)
IL7]

g te

TeTte
where 77 is the local test set of trajectories, LY@K is the list of the predicted
trajectories that are most similar to a given trajectory T with length K, L? is
the set of similar trajectories in the testing set for the given trajectory T, and
| - | is set cardinality. Rk@t is the fop-t recall for the top-k ground truth that
captures the fraction of the top-k ground truth in the corresponding top-t result.
In addition, we adopt four traditional trajectory similarity measure methods
to obtain the ground truth results of top-k similarity search, i.e., Two-Phase

1https: / /www.microsoft.com/en-us/research/publication /t-drive-trajectory-data-sample /
Zhttps:/ /crawdad.org/roma/taxi/20140717/
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Table 4.1: Overall Accuracy on Two Datasets

Datasets | Baselines L4 DITA LCRS NetERD
HR@10 [ HR@50 | R10@50 | HR@10 | HR@50 | R10@50 | HR@10| HR@50 | R10@50 | HR@10 | HR@50 | R10@50
FC+FL | 0.0087 | 0.0230 | 0.0279 | 0.0165 | 0.0351 | 0.0556 | 0.0059 | 0.0208 | 0.0267 | 0.0412 | 0.0739 | 0.1018
Tdsive | RNN+FL| 0.1120 | 01753 | 02928 | 01476 | 0.1507 | 0.1566 | 0.1028 | 0.1983 | 02214 | 0.1061 | 0.1162 | 0.2077
GCN+FL | 0.0078 | 0.0224 | 00320 | 0.0071 | 0.0246 | 0.0312 | 0.0106 | 0.0241 | 0.0354 | 0.0251 | 0.0621 | 0.0713
F-TSL | 01769 | 0.2585 | 0.3709 | 0.1366 | 0.1670 | 0.2520 | 0.1330 | 0.2088 | 0.3531 | 0.1496 | 0.1745 | 0.1816
FC+FL | 0.0204 | 0.0524 | 0.0752 | 0.0246 | 0.0593 | 0.0833 | 0.0165 | 0.0384 | 0.0567 | 0.0589 | 0.0110 | 0.1659
TaxiRome| RVN4FL | 01059 | 01894 | 0.2690 | 00619 | 01241 | 0.1663 | 0.0582 | 0.0964 | 0.1683 | 00514 | 0.0889 | 0.1311
@XITOME | GCN+FL | 0.0068 | 0.0231 | 0.0278 | 0.0095 | 0.0324 | 0.0358 | 0.0068 | 0.0268 | 0.0314 | 0.0279 | 0.0803 | 0.0929
F-TSL | 0.1663 | 0.2472 | 0.3396 | 0.1278 | 0.1881 | 0.2633 | 0.0698 | 0.1033 | 0.1749 | 0.0819 | 0.1256 | 0.1765

divide-and-conquer algorithm (TP) [56], Distributed In-Memory Trajectory
Analytics (DITA) [57], Longest Common Road Segment (LCRS) [82]) and
Network-aware Edit Distance with Real Penalty (NetERP) [33]. The larger the
HR@10, the HR@50, and the R10@50 are, the more accurate the method is.

4.2 Experimental Results

Overall Accuracy

Table 4.1 shows the performance comparison among different methods on the
two datasets. The best performance by an existing method (FC+FL, RNN+FL,
and GCN+FL) is underlined, and the overall best performance is marked in
bold.The observations are as follows.

® Our F-TSL achieves the best results among all the baselines in most cases
on the two datasets. F-TSL performs better than the best among the
baselines by up to 57.94% (HR@10), 60.92% (R10@50), 59.48% (R10@50),
and 50.17% (HR@50) for TP, DITA, LCRS, and NetERP, respectively on
Tdrive. We observe that the performance improvements obtained by
F-TSL on Tdrive exceed those on TaxiRome, due to the fact that Tdrive
has much more training data than TaxiRome. Thus, the methods trained
with sufficient data get better results.

RNN+FL, which can capture temporal dependencies of trajectories, per-
forms much better than FC+FL and GCN+FL (that can capture spatial
dependencies) on both Tdrive and TaxiRome. It shows that effectively
capturing temporal dependencies of trajectories is more important than
learning spatial correlations since the originally collected trajectories are
preprocessed into sequence data.

Compared with the state-of-the-art centralized method ST2Vec, F-TSL
performs worse than ST2Vec over Tdrive, while performs comparably
over TaxiRome since it is easier for the centralized method to learn com-
monalities from centralized data with shuffled mini-batch training. But
the centralized methods hurt privacy severely, which makes the learned
model vulnerable.
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Fig. 4.5: Effect of Client Fractions on Tdrive

The above observations indicate that F-TSL is more effective than the exist-
ing FL-based methods.

Effect of Client Fractions

When aggregating parameters in F-TSL, we sample a certain fraction of clients
to perform model training in each cluster. To study the effect of client fraction F
on the model performance, we conduct experiments by sampling four different
fractions of clients: 20%, 50%, 80%, and 100%. The results are shown in
Figure 4.5. Generally, the model performance gets better with the increase of
client fractions. The performance is improved by at least 39.65% evaluated
by four different metrics (i.e., TP, DITA, LCRS, and NetERP) when the client
fraction changes from 20% to 100%. It shows that a bigger fraction of clients
with more training data can lead to better model performance since more
useful knowledge can be learned.

Effect of the Number of Clusters

We next study how sensitive the F-TSL is w.r.t. the number of clusters, where
we consider 100 clients and 4, 6, 8, 10, and 12 clusters. The results are given in
Figure 4.6. We observe that all curves first increase slightly and then drop. It
is reasonable to use 10 clusters in this set of experiments. When the number of
clusters changes from 10 to 12, the model performance decreases as it is more
difficult to make consistent updates between the server and clients. This leads
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Fig. 4.6: Effect of the Number of Clusters on Both Datasets (100 Clients)

to ineffective feature learning. To save space, we only report the results of TP
and DITA on the two datasets; similar results are obtained in the evaluation of
LCRS and NetERP. Also, similar results are obtained when setting the number
of clients to 50 and 80.

Centralized Method vs. F-TSL

To compare the proposed F-TSL with the centralized method in terms of tra-
jectory similarity learning, we select ST2Vec [24], a recent state-of-the-art deep
learning framework for centralized trajectory similarity computation, which
considers fine-grained spatial and temporal relations between trajectories. To
save space, we only report the results of LCRS and NetERP, in Table 4.2. We can
see that F-TSL generally performs worse than ST2Vec on Tdrive and TaxiRome
since it is easier for the centralized method to learn commonalities from cen-
tralized data with shuffled mini-batch training. But the centralized method
reduces privacy severely, which makes the learned model vulnerable. In addi-
tion, we observe that F-TSL performs comparably with ST2Vec on TaxiRome.
This is because that data contained in TaxiRome is sparse, and the proposed
privacy-preserving clustering mechanism in F-TSL can alleviate the influence
of sparsity and achieve more effective feature learning.

74



4. Experimental Evaluation

Table 4.2: Centralized Method vs. F-TSL

. Method
Datasets Metrics SToVec FTSL
HR@10 0.1973 0.1330
LCRS HR@50 0.1734 0.2088
Tdrive R10@50 0.2704 0.3531
HR@10 0.1495 0.2433
NetERP HR@50 0.1744 0.3170
R10@50 0.1816 0.4166
HR@10 0.0621 0.0698
LCRS HR@50 0.1013 0.1033
TaxiRome R10@50 0.1629 0.1749
HR@10 0.0892 0.0819
NetERP HR@50 0.1217 0.1256
R10@50 0.1909 0.1765

Ablation Study

To gain insight into the effects of key aspects of F-TSL, we evaluate three F-TSL
variants.

e w/o Privacy-Preserving Clustering (w/o_PPC). w/o_PPC is the F-TSL
model without the privacy-preserving clustering mechanism.

* w/o Hausdorff Distance (w/o_HD). w/o_HD replaces the Hausdorff dis-
tance with I1-norm distance to compute the similarity between trajectory
embeddings.

* w/o Alignment Loss (wlo_Align). w/o_Align is the F-TSL model without
the alignment loss Lyjigy-

To evaluate whether the components in F-TSL all contribute to the perfor-
mance of trajectory similarity learning, we compare F-TSL with its variants.
The results are shown in Figure 4.7. Regardless of the datasets, F-TSL always
outperforms its counterparts without privacy-preserving clustering, Haus-
dorff distance, or alignment loss, which shows that these three components
are all useful to trajectory similarity learning since removing any one of them
will decrease the prediction accuracy. Further, on both datasets, w/o_PPC per-
forms the worst among all variants in most cases. F-TSL outperforms w/o_PPC,
improving the performance by up to 49.79%, 28.30%, 22.78%, and 63.74% in
terms of TP, DITA, LCRS, and NetERP, respectively, which offers evidence of
the effectiveness of the proposed privacy-preserving clustering mechanism.
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Chapter 4. Federated Trajectory Similarity Learning with Privacy-Preserving
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Chapter 5

Conclusion and Future Work

1 Conclusion

This thesis explores deep spatio-temporal analytics for time series, streaming,
and trajectory data, presenting four research studies that introduce novel,
advanced spatio-temporal networks. The key contributions of each study are
summarized as follows.

* Paper A [45] introduces TimeDC, an efficient time series dataset conden-
sation framework that endeavors to synthesize a small yet informative
dataset summarizing the original, large time series dataset. To cap-
ture complex temporal dependencies, we design a time series feature
extraction module with stacked TSOperators. In addition, we propose
decomposition-driven frequency matching to ensure similar temporal
patterns between the condensed and original datasets. To enable ef-
fective and generalized dataset condensation, we feature a curriculum
training trajectory matching module with an expert buffer that aims to
reduce training costs.

* Paper B [48] proposes a unified replay-based continuous learning frame-
work for spatio-temporal prediction on streaming data, designed to cap-
ture complex patterns in spatio-temporal data. To embrace historical
knowledge, an STMixup mechanism is designed to integrate current
training data with representative samples from a replay buffer. By cou-
pling a spatio-temporal SimSiam network with a prediction autoencoder,
holistic features are extracted through mutual information maximiza-
tion. In addition, five spatio-temporal data augmentation methods are
proposed to enhance the performance of the SimSiam network.

e Paper C [46] introduces LightTR+, a novel federated framework for
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lightweight incremental trajectory recovery that aims to enable decen-
tralized trajectory learning while ensuring privacy protection. To en-
hance computational efficiency, we propose a lightweight local trajec-
tory embedding module with a lightweight ST-operator for each client,
which effectively extracts features. We propose an intra-domain knowl-
edge distillation module to alleviate intra-domain interference. In addi-
tion, a novel meta-knowledge enhanced local-global training module is
proposed to improve communication efficiency between the server and
clients, thereby reducing data heterogeneity across clients and mitigating
inter-domain interference.

* Paper D [44] proposes a federated trajectory similarity learning frame-
work, entitled F-TSL, for decentralized trajectory similarity computation,
which is based on horizontal federated learning to ensure privacy pro-
tection. To capture complex spatio-temporal correlations in trajectories,
each client is equipped with a local trajectory preprocessing and learn-
ing module featuring a spatio-temporal encoder and decoder. A novel
privacy-preserving clustering mechanism is proposed to content with
trajectory heterogeneity. In addition, an alignment loss is designed to
maintain consistent model updates between the server and clients.

2 Future Work

As for future work, several promising directions could be considered. First,
most existing spatio-temporal prediction methods for streaming data are replay-
based, which can be computationally expensive. Enhancing training efficiency
by advanced methods (e.g., model pruning and curriculum learning) in stream-
ing spatio-temporal prediction would be valuable for real-world applications.
Second, spatio-temporal data is ubiquitous across various domains such as re-
tail, finance, manufacturing, and healthcare. Developing a foundation model
for streaming spatio-temporal data that can identify the commonalities across
diverse domains would be an interesting area for further research.
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1. Introduction

Abstract

The expanding instrumentation of processes throughout society with sensors yields
a proliferation of time series data that may in turn enable important applications,
e.g., related to transportation infrastructures or power grids. Machine-learning based
methods are increasingly being used to extract value from such data. We provide
means of reducing the resulting considerable computational and data storage costs.
We achieve this by providing means of condensing large time series datasets such that
models trained on the condensed data achieve performance comparable to those trained
on the original, large data. Specifically, we propose a time series dataset condensation
framework, TimeDC, that employs two-fold modal matching, encompassing frequency
matching and training trajectory matching. Thus, TimeDC performs time series
feature extraction and decomposition-driven frequency matching to preserve complex
temporal dependencies in the reduced time series. Further, TimeDC employs curricu-
lum training trajectory matching to ensure effective and generalized time series dataset
condensation. To avoid memory overflow and to reduce the cost of dataset condensa-
tion, the framework includes an expert buffer storing pre-computed expert trajectories.
Extensive experiments on real data offer insight into the effectiveness and efficiency of
the proposed solutions.

1 Introduction

With the proliferation of edge computing and mobile sensing, massive vol-
umes of time series data, comprising millions of observations, are being col-
lected and stored into time series database systems (TSMSs) [1, 2], enabling
various real-world applications [3-5]. We are seeing impressive advances in
machine learning [6, 7], especially in deep learning [3, 8], that are successful
at extracting information and creating value from large time series datasets.
However, the proposed methods are also resource-intensive. Thus, storing
and preprocessing datasets is costly, and model training often calls for the use
of specialized equipment and infrastructure [9-11], limiting the application on
edge devices [2, 12].

An effective way to reduce costs associated with the use of large data is
coreset construction [9, 13-15], which often involves clustering [16], Gaussian
mixture models [17], and streaming learning [9, 18]. Coreset construction
methods [16, 17] often define heuristic criteria to select the most representative
subsets from full datasets to form small coresets, such that models trained on
the coresets are competitive with those built on the full datasets. Unfortunately,
heuristic coreset construction methods guarantee neither optimal solutions nor
promise the presence of representative observations in relation to downstream
tasks [19]. Given these limitations, a recent alternative approach, dataset
condensation [10, 20] aims to directly synthesize small condensed, optimized
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datasets, not relying on representative subset-selection.
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Fig. A.1: Time Series Condensation

We consider the novel problem of time series dataset condensation, where
the goal is to synthesize a small but informative condensed time series dataset
S derived from an original large dataset 7. A model, composed of stacked
time series operators (TSOperators) that perform feature extraction, is trained
on the condensed time series (CTS) dataset with the objective of achieving
performance comparable to that of a model trained on the original large time
series (OLTS) dataset for downstream tasks (see Figure A.1). The stacked
TSOperators are multiple TSOperators arranged sequentially so that the output
of one TSOperator is fed into the next TSOperator. Stacked TSOperators enable
more complex feature extraction. Time series are usually stored in TSMSs
over edge devices [1, 12]. In the setting of continuously produced time series,
time series dataset condensation aims to alleviate the storage burden of TSMSs
considering the limited processing capability of edge devices, which further
contributes to the database community [21, 22]. Although substantial research
has been devoted to inventing effective dataset condensation methods [10, 19,
20, 23, 24], such as gradient matching [10], distribution matching [20], and
multi-step parameters matching [24], existing methods target image data and
cannot be applied to time series data directly as they are not built to contend
with the unique temporal dependencies present in time series [8, 25]. These
methods thus fail to capture inherent temporal dependencies such as trends
and seasonalities [26, 27]. New methods are needed to enable time series
condensation. However, developing such methods is non-trivial, due to the
following challenges.

Challenge I: Effectiveness and Generalization Ability. It is challenging to guar-
antee the effectiveness and generalization ability of the condensed time series
dataset [21, 24]. First, typical dataset condensation methods require a bi-level
(even triple-level) optimization to jointly learn a minimum of two objectives:
model parameters and a condensed time series dataset. Such complex non-
convex optimization cannot guarantee optimal solutions, thus significantly
limiting its effectiveness as the representative of the large original time series
dataset. Second, the condensed time series datasets should be generalized to
train different networks. Nonetheless, the condensed data may suffer from
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various types of overfitting [24], e.g., overfitting to a certain network architec-
ture. Also, the downstream models might overfit the condensed data during
training.

Challenge II: Complex Temporal Dependencies. Existing popular dataset con-
densation methods mainly focus on computer vision without specific mod-
ules to capture the unique time series characteristics [3, 28]. Existing dataset
condensation methods are ill-equipped for modeling the complex temporal
dependencies of time series. For example, traffic conditions during afternoon
rush hour may be similar on consecutive workdays. Moreover, morning rush
hours may gradually start later when winter arrives as people get up later
and later due to the gradual decrease in temperature and later sunrise. It is
important to learn complex temporal dependencies in a time series dataset so
that a condensed version of the dataset exhibits similar temporal patterns to
the original dataset. In addition, time series datasets are often multivariate,
encompassing correlated variables, or features (channels). Such features are
often coupled to perform feature extraction simultaneously. We argue that
analysis in independent channels enables more effective feature extraction.
For example, traffic flow is negatively correlated with vehicle speed, but pos-
itively correlated with road occupancy [29]. Coupling features with varying
and complex interactions might confuse a model, leading to decreased model
performance.

Challenge I1I: Scalability. Existing dataset condensation methods often suffer
from poor scalability, as bi-level optimization is generally time-consuming [30].
For example, gradient-matching methods [10] set different hyper-parameters
of the outer and the inner loop optimization for different learning settings,
which requires extensive cross-validation, rendering condensed dataset syn-
thesis costly. In addition, these methods may incur memory overflow: they
require an entire model to reside in memory during training, which is infea-
sible in many resource-constrained environments [31]. It is highly desirable,
but also non-trivial, to develop an efficient time series dataset condensation
method.

This study addresses the above challenges by providing an efficient time
series dataset condensation (TimeDC) framework, which features a two-fold
matching mechanism: time series frequency matching and training trajectory
matching. TimeDC synthesizes a small time series dataset that summarizes a
large dataset such that models trained on the small dataset achieve comparable
performance to models trained on the large dataset. It encompasses three major
modules: a time series feature extraction module, a decomposition-driven
frequency matching module, and a curriculum training trajectory matching
module. Time series of stock prices are among the most common time series
in real-world applications. We thus use such time series in a running example
to to explain and convey the intuition underlying definitions and the proposed
modules throughout the paper.
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To achieve effective and generalized TS dataset condensation (Challenge I),
we propose a curriculum training trajectory matching (CT?2M) module (see
Figure A.4), where we consider an original time series dataset as the gold
standard and seek to imitate the long-term training dynamics of models trained
onit. The parameter trajectories trained on the original dataset are called expert
trajectories. CT?M first trains a set of expert trajectories of a model, composed
of a set of stacked TSOperators, on the large dataset. These are computed offline
and are stored in an expert buffer and then serve as guidance for the condensed
dataset optimization. Next, we sample trajectories from the expert buffer with
curriculum trajectory queries and conduct long-term trajectory matching to
align the segments of trajectories between the condensed time series dataset
and the large dataset, enabling comprehensive and general knowledge transfer
to the condensed dataset.

To support the capture of complex temporal dependencies (Challenge II),
we propose a time series feature extraction (TSFE) module. In particular, TSFE
contains a channel-independent mechanism and a set of stacked TSOperators,
where a TSOperator includes a set of self-attention and fully connected lay-
ers. A decomposition block separates and refines the frequency, i.e., trend
and seasonality, progressively from the intermediate results extracted by each
TSOperator. We design a decomposition-driven frequency matching (DDFM)
module to facilitate consistent temporal pattern preservation between the con-
densed time series dataset and the original one. It maps the decomposed
frequencies when optimizing the condensed dataset.

To address the issue of high computation costs and poor scalability (Chal-
lenge 11I), we propose an expert buffer to save expert trajectories pre-computed
on original time series data to avoid memory overflow and reduce the overall
training time. Further, we employ a patching mechanism that splits the time
series into patches, thereby accelerating time series feature extraction in the
TSFE module and also enabling effective local semantics modeling for time
series.

The main contributions are summarized as follows.

e To the best of our knowledge, this is the first study to learn dataset
condensation over time series. We propose a framework called TimeDC
that aims to condense large time series datasets into small synthetic time
series datasets while retaining the expressiveness of the large datasets.

* We design a TSFE module to capture temporal dependencies of time
series effectively. We further propose a DDFM module to reduce the
discrepancy of frequencies between original and condensed time series.

¢ A novel curriculum trajectory query and matching module is proposed
to penalize condensed time series data based on how far the synthetically
trained model deviates from expert trajectories.
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* We report on experiments using real data, offering evidence of the effec-
tiveness and efficiency of the proposals.

The remainder of this paper is organized as follows. Section 2 covers
preliminary concepts and formalizes the problem of time series dataset con-
densation. We detail the TimeDC framework in Section 3, followed by the
experimental study in Section 4. Section 5 surveys related work, and Section 6
concludes the paper.

2 Preliminaries

We proceed to present the necessary preliminaries and then define the problem
addressed.

Definition 19 (Time Series) A time series T = {t1,t2,--- ,ty) is a time ordered
sequence of n observations, where each observation t; € RC is a C-dimensional vector.
If C =1, T is univariate; otherwise, T is multivariate. For example, a series of stock
prices with multiple features, e.g., the opening price, closing price, highest price, and
lowest price, is an example of multivariate time series

Definition 20 (Time Series Dataset) A time series dataset T is a set of time series
T ={Th, T, -+, Tm}, where M is the cardinality.

2.1 Time Series Seasonal-Trend Decomposition via Moving
Average

Time series exhibit distinct frequencies [26, 32], which are typically decom-
posed into seasonalities and trends in an additive form.

T; = TRE; + SEA; + R;, (Al)

where T; is the time series in time interval i (0 < i < n) with a sliding window
w (0 < w < n), TRE; is a trend-cycle component encompassing the trend
and cycle (we use trend-cycle and trend interchangeably when the meaning is
clear from the context), SEA; is a seasonal component, and R; denotes the
remainder that consists mostly of noise. The intuition behind the seasonal-
trend decomposition is that trend captures the continuous increase or decrease,
while seasonality captures periodic patterns.

In real-world applications as well as our study, in order to obtain robust and
optimal performance, application of denoising techniques in a preprocessing
step is indispensable [26]. Also, we observe empirically that the decomposed
noise is small and can be ignored. The trend and seasonality are sufficient
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to capture the primary patterns of the preprocessed time series. Thus, Equa-
tion A.1 can be simplified as follows [8, 33],

T; ~ TRE; + SEA;,i=1,2,--- ,n, (A.2)

where 0 < i < n.

Moving average is an effective means of obtaining trend information from
time series [33, 34]. Given a time series with n observations and a sliding
window of size w, the moving average (i.e., trend) over the i-t 1 sliding window
is obtained as follows.

TRE; = - ==

bicw+l + ticwa2 + -+ 1 Z t]'/ (A3)

j=i—w+1

where 0 < i < nand 0 < w < n. Following Equation A.2, the seasonality is
obtained as SEA; = T; — TRE;.

2.2 Dataset Condensation over Time Series

Definition 21 (Condensed Time Series Dataset) Given a time series dataset T,
a time series dataset S = {T1, T, -, TN} is condensed if N is much smaller than M,

where T is the condensed time series, Ml is the cardinality, and S is derived from T

Note that we can initialize each item in S with a random time series in the
original dataset or a Gaussian noise. After dataset condensation, we expect to
learn an optimized S to replace 7 .

Given a large time series dataset 7 = {1, T, - - - , T;}, we aim to learn an
optimal differentiable function f parameterized by 0 that correctly performs
time series tasks, e.g., time series forecasting. We use 7~ as a training set
to learn the optimal parameters 67 by minimizing an empirical loss term as
follows.

07 =argmin L7 (0), (A4)
0

where L7 (0) = % 2rer {(fo, Ti), and £(-) is a task specific loss (e.g., Mean
Squared Error). We denote the generalization performance of the obtained
model fgr by Er,~p, [£(fgr, Ti)], where Py is the data distribution of 7.
Dataset Condensation over Time Series. Given a large time series dataset
7, our goal is to synthesize a small time series dataset S = {ﬁ,i, e, TN}
that preserves most of the information in 7~ and N < M. Once the condensed
time series set S is learned, we can train f on it by replacing 7 by S in
Equation A.4. As the condensed set S is significantly smaller than 7, we
expect the optimization to be considerably faster. In addition, we expect the
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generalization perforntasi® B o B i e, Er,p, [(for, TH)] =
Er,~ps[¢(fgs, T;)], on the real data distribution Py

Thus, given a learnable function f parameterized by 8, our problem, dataset
condensation over time series, can be formulated as a bi-level optimization prob-
lem [10] as follows.

outer—level inner—level
—— ——
n}sinﬁ(fgs,‘f), s.t.05 = argmin L(fs, S), (A.5)
6

where the outer loop optimizes the condensed time series set S, while the
inner loop aims to learn an optimal function fgs on S.

Offline Expert Trajectories. We denote the time sequence of parameters
{Qf}le as expert trajectories, that are obtained during the training of the
proposed TSFE module on the full, original time series dataset, where E is the
training epoch intervals. To generate these expert trajectories, we train TSFE
several times on original datasets and save their snapshot parameters at every
epoch. We call these parameter sequences as expert trajectories since they
represent the theoretical upper bound for the downstream applications.

3 Methodology

We proceed to detail the efficient time series dataset condensation framework,
TimeDC. We first give an overview of the framework and then provide specifics
on each module in the framework.

3.1 Framework Overview

As illustrated in Figure A.2, given a model composed of stacked TSOperators,
we first pre-train a set of training trajectories on the original large time series
(OLTS) dataset and store these pre-trained trajectories as expert trajectories in
an expert buffer. As the original dataset is used to guide the network training,
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we denote the parameters trained on the original dataset as expert trajectory.

Then, we train the same model on the condensed time series (CTS) dataset

and perform two-fold modal matching: trajectory matching and frequency

matching. Specifically, we optimize the condensed dataset with respect to
the distance between the synthetically training trajectories and the trajectories
trained on the original dataset. Further, we align the frequencies (i.e., trend
and seasonality) between the original dataset and the condensed dataset to
preserve temporal correlations when synthesizing the condensed dataset. The
framework encompasses three major modules: time series feature extraction

(TSFE), decomposition-driven frequency matching (DDFM), and curriculum

training trajectory matching (CT?M).

» Time Series Feature Extraction. This module aims to extract effective high-
dimensional features from the input time series. A channel-independent
mechanism is adopted to decouple the time series Ty € RZ¥™C(C > 1)

into C univariate time series {Ti;put €, € R® for subsequent feature
extraction. Next, the module splits each decoupled univariate (i.e., channel-
independent) time series into P patches to learn local semantic information
employing the patching mechanism. Then, the module stacks several TSOp-
erators, composed of self-attention and fully connected layers, for channel-
independent feature extraction. Finally, the channel-independent features
are concatenated to enable prediction.

* Decomposition-Driven Frequency Matching. This module adopts a decomposition-
driven frequency matching mechanism to reduce the discrepancy of de-
composed frequencies between the original time series dataset and the con-
densed time series dataset, aiming to preserve temporal dependencies from
the original dataset when synthesizing the condensed dataset. Specifically,
it incorporates a moving-average based [26, 32] series decomposition block
into each TSOperator, which separates the trend and seasonal information
progressively from the learned features. This decomposition block enables
a TSOperator to alternately decompose and refine the intermediate results
during the time series feature extraction.

* Curriculum Training Trajectory Matching. This module first trains a set of
training trajectories (i.e., parameters) of stacked TSOperators on the large
original time series dataset, which are stored in an expert buffer. In ad-
dition, we design a curriculum trajectory query and matching mechanism
to organize training trajectories matching from similar (easy) to dissimilar
(hard). In particular, we sample trajectories from the expert buffer with
minimally modified parameters to those with highly modified parameters,
iteratively.

Next, we provide the technical details of each module.
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Fig. A.3: Feature Extraction Module
3.2 Time Series Feature Extraction

We first consider the time series feature extraction (TSFE) module. As shown
in Figure A.3, TSFE is composed of a channel-independent mechanism, a
patching mechanism, and stacked TSOperators.

Channel Independent Mechanism. Most existing time series modeling
methods [3, 33] perform time series feature extraction by coupling all features
and projecting them together into an embedding space. However, simply
coupling different features may influence model performance very uncon-
trollably [29]. To avoid this problem, we employ the channel-independent
mechanism CIM(-) to model each time series feature independently.

We consider a time series with C features as a sequence of multi-channel
variables. Specifically, given a time series Tinput = (t1,t2,- -+ , tn) € RBXnxC(C >
1), the channel independent mechanism separates Tj;;,; into C univariate time
series along the feature (i.e., channel) dimension, where 8 is the batch size.
For example, in a series of stock prices with multiple features, e.g., open-
ing prices and closing prices, the channel-independent mechanism separates
these features by forming univariate time series. This means that the opening
and closing prices are considered as two different in the subsequent feature
extraction. Formally, the channel-independent mechanism works as follows.

CIM(Tinput) = Tiiput' e, T Tty TS (A.6)

7 “input’ input’

where Tl.;pu € RB*mx1 " The separated univariate time series are then fed
independently into the stacked TSOperators. The TSOperators share the same
architecture, but their forward processes are independent.

Patching Mechanism. Time series feature extraction aims to model the
correlations between observations at different time steps. We aggregate obser-
vations over several time steps of the separated univariate time series T}, put into
subseries-level patches [35] to enable local semantics modeling, which allows
the model to see the longer historical sequences to improve feature extraction.
For instance, in the context of stock prices, if the original time series represents
hourly prices over a week, the patching mechanism may create patches where
each patch contains the stock prices for each day, enhancing the capture of

local semantics capturing.
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We feed the univariate time series obtained from the channel independent
mechanism into the patching mechanism that then divides them into patches
that can be set to be overlapping or non-overlapping. Given a patch length L
and a stride (i.e., the non-overlapping region between two consecutive patches)
S, a sequence of patches Ty € R®*I# is generated, where P = | #5E +2] is the
number of patches. The last value ¢, repeated S —1 times is padded to the end
of the input time series before patching.

The patching decreases the memory usage and computational complexity
of the following TSOperator, containing self-attention and fully connected (FC)
layers quadratically, by a factor of S since the input time series length reduced
from n to approximately 7/S.

TSOperator. We then feed the patches T, into the stacked TSOperators
to learn latent features for the following frequency matching and trajectory
matching. As illustrated in Figure A.3, a TSOperator includes a multi-head
self-attention layer followed by a fully-connected (FC) layer. In the context
of stock prices, the multi-head self-attention mechanism learns the temporal
correlations between different time steps. This may include how the opening
prices at the beginning of a day influence the prices in the next few days. The
FC layer summarizes these temporal correlations for future prediction. The
j-th TSOperator can be formulated as follows.

W = TSOperator(h/~1) = Norm(FC(MultiHead(h/71))), (A7)

where 10 = T;,and N orm(-) is the normalization layer (i.e., BatchNorm). The
multi-head self-attention layer has three components: Query, Key, and Value.
The multi-head self-attention is computed by concatenating the output matrix
of each attention head. For i-th attention head, the input latent features h/ are
transformed as follows.

Al = Attention(WWE, hIWK, WY
T

Attention(Q,K,V) = softmax(Q

-V A8
\/d_k) (A.8)

W* = Norm(h! + FCi(Alh)),

where dy is a scaling factor, and Wl,Q , WZ,I< ,and WiV are the linear transformation
parameter of the Query, Key, and Value, respectively.

The time series feature extraction is shown in Algorithm 6. Specifically,
we first separate the batch of input time series T+ into C univariate time
series (line 1) and apply the patching mechanism to split the univariate time
series into patches (line 2). Then, we input the patches obtained in line 2 into
the stacked TSOperators for feature extraction (lines 3-10). Finally, C extracted
features are concatenated to get the overall hidden features h (line 12). The

space and time complexities of the TSFE module are both 0(2—;).
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Algorithm 6 Time Series Feature Extraction

Input: a batch of time series: Ty, € B X n X C; the number of TSOperators:

Nop
Output: extracted features: h.
.7l ... TC ... TC j i ; ; -
1: Tmput, + Dputr 'Tmput « Separate Tj;p,+ into C univariate channel

independent time series with Equation A.6
Split each univariate time series into patches
for1<c<Cdo
hl(?) - T}Cnput;
for 0 < j < Ny, do
Feature extraction with Equation A.7;
h. — TSOpemtor(hﬂ_l);
end for
he e B
end for
h — Concatenate {h.}<_, along the channel;

12: return h

—_ =
= O

3.3 Decomposition-Driven Frequency Matching

Time series data usually exhibit distinct frequencies, such as trend and season-
ality, separating from other modalities (e.g., images). For instance, the trend
in stock prices indicates the prolonged direction of prices over time, which can
be upward or downward. Seasonality refers to the regular, periodic fluctua-
tions in stock prices, often influenced by seasonal business cycles or holidays.
We argue that it would give more guidance on time series condensation if
the condensed and original time series share similar frequencies. Thus, to
preserve temporal patterns in the condensed time series dataset, we propose
a novel decomposition-driven frequency matching (DDFM) mechanism that
incorporates a decomposition block into the stacked TSOperators. The space
and time complexities of DDFM are O(n) and O(n - w), respectively.

As shown in Figure A.2, for each TSOperator, DDFM decomposes the in-
termediate hidden features, learned from the original dataset 7~ and the con-
densed dataset S, into their frequencies (i.e., trend and seasonality) progres-
sively. It then aligns the frequencies to reduce the discrepancy of the temporal
patterns between the original dataset and the condensed dataset based on the
moving average. Concretely, for the hidden features h/ of the j-th TSOperator,
we adopt the moving average by means of average pooling AvgPool(-) to smooth
periodic fluctuations and highlight the trend and seasonality. In particular, the
process of series decomposition is as follows.

W -1

TRE” (A9)

I, = AvgPool(Padding(h)), hl,, =

where h]TRE and hJSE , are the decomposed trend and seasonality, respec-
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tively. We employ the average pooling AvgPool(-) with the padding operation
Padding(-) to keep the time series length unchanged. We denote the decompo-
sition process as follows.

h]

TRE’ h

SEA = = SeriesDecomposition(h') (A.10)

Given the extracted features h,jr and h{g of the original dataset 7~ and the
condensed dataset S, we decompose the corresponding trend and seasonal-
ity according to Equation A.10, We use cosine similarity cos(:,-) to measure

similarities between the trends h]TRE , h]TRE and seasonalities hSE Ap hJSE Ag?
formulated as follows.
j j
y hTREr,- hTRES
coslwer ey ) = o
TRES 12 TREg!12
4 s (A.11)
h! h
Y _ SEAS SEAg
cos(hgp,, s SEAS) : ’
IIhSEATHZ ||hSEASII2
where || - || is Ir-norm.

We aim to maximize the cosine similarity to reduce the discrepancy of
frequencies between the condensed data and the original data. The objective
function of DDFM is formulated as follows.

Nop

Z(cos(hTRET mss) + cos(hly A M AS)) (A.12)
j

LEre = —
op

where N, is the number of TSOperators.

3.4 Curriculum Training Trajectory Matching

To enable effective dataset condensation, we propose a curriculum training
trajectory matching mechanism. Existing popular dataset condensation meth-
ods, which are often based on gradient matching [10], conduct online gradi-
ent matching step by step. These methods have drawbacks when used for
short-range matching, causing short-sightedness issues, thus failing to imitate
holistic learning behaviors, and reducing the quality of condensed time series
data.

Motivated by an existing study [24], we match the long-term training tra-
jectories of the TTFM module with the offline guidance of expert trajectories,
which are pre-trained and stored in the expert buffer. We consider the expert
trajectories (i.e., the performance of stacked TSOperators trained on the origi-
nal dataset 77) as the theoretical upper bound for the downstream application
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Fig. A.4: Curriculum Trajectory Query and Matching

tasks. Our goal is to obtain a condensed dataset S that will induce a similar
trajectory as that induced by the real training data 7~ such that models trained
on 7 and S achieve similar performance. In addition, we propose a curricu-
lum training trajectory query to perform trajectory matching from similar to
dissimilar expert trajectories, which further accelerates the model training. For
example, expert trajectories derived from historical stock prices will then guide
the alignment of training trajectories extracted from a condensed dataset. This
alignment ensures that the condensed dataset’s training trajectories capture
similar dynamics (such as relationships across different time steps) to those
learned from historical data.

In particular, we first train K time series models with the same architecture,
i.e., stacked TSOperators, denoted as fg, on the original large time series dataset.
Then, we can obtain K numbers of expert training trajectories that have a
holistic knowledge of the original time series dataset in terms of f7’s training
process. We save these model parameters {©f }X_ | = {65} at certain epoch
intervals E in the expert buffer 8. Finally, we design a curriculum trajectory
query mechanism to sample training trajectories of the expert buffer from
similar to dissimilar for trajectory matching. Here, the pre-training of fs is
offline and can be separated from the end-to-end time series condensation,
reducing the online computation costs.

Training Trajectory Matching. We use the original dataset to guide the
network training, and the parameters trained on this dataset are called an
expert trajectory. If a condensed time series dataset is capable of forcing
network training dynamics to follow expert trajectories, the idea is that the
synthetically trained network will be located close to the model trained on
the original time series dataset and will achieve similar test performance for
downstream applications.

When sampling a pre-computed parameter trajectory 0, from the expert
buffer 8, we aim to minimize the distance between the parameters 0, trained
on the condensed dataset and 6,:

arg H}Sin Eg,~5 [Ltnzm(eeIZ:egr 0| b ) (A.13)

e=eq

where E is the expectation, 9g|Z=eO,§e|£=eO are the parameters with range
(eo, e0 + a) and (ep, ep + b), where eg < eg +a < E. More specifically, we
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update the condensed TS data according to the trajectory matching loss Ly -

Ouih — Ocpsal |2
Liym = || o —30+11||2 (A14)

= 5 7
[160e) = Oeqall;

Note that we initialize the parameters of fys with those of fs at ey training
step, i.e., 560 = 0,,, for more focused training. This way, we align the learning
behavior of fr with a-steps optimization to fys with b-steps optimization,
imitating the long-term learning behavior of time series modeling.

For the inner loop, we train fgs on the condensed time series data for
optimization until the optimal 6. Thus, the objective function of the CT?M is
defined as follows.

min Eg;-g[Lnn (Oclie,, Oclie,)] 5407 =arg min L(fz, S),  (A15)
where L(-) is the task-specific loss (e.g., Mean Square Error (MSE)).

Utilizing training trajectory matching, we can reduce computation and
memory costs during the condensation process by sampling pre-trained expert
trajectories offline. Moreover, long-term trajectory matching provides a more
holistic and comprehensive method to imitate the learning behaviors over
the original dataset by avoiding that the condensed dataset fits to certain
optimization steps short-sightedly.

Curriculum Training Trajectory Query. As shown in Figure A.4, we pro-
pose a curriculum training trajectory query method to further enhance the
generalization of time series condensation and accelerate the model conver-
gence [36, 37]. Curriculum learning aims to train a model with easy samples
first, and then gradually increases the difficulty levels. In our setting, we first
query similar training trajectories 0,|;_,, and 9:|le’:g0, learned on the original
and condensed datasets, respectively, to perform trajectory matching. Then,
we gradually increase the dissimilarity of the original data training trajectory.

To quantify the similarity between training trajectories of the original
dataset 7~ and the condensed dataset S, we design a minimally interfered
retrieval sampling strategy. Specifically, given current parameters 6e, Of fos
learned on the condensed dataset, trajectories {@é‘. le in buffer 8, and a stan-
dard task-specific objective function mings L(fgs, S), we retrieve trajectories
that will be close to 6 by the update of the foreseen (i.e., future) parameters
to select more similar trajectories from $. We update the parameter 560 for
a-steps by gradient matching, as shown in Equation A.16.

a
Oevra = Oey = ) @V L(fps,S)), (A.16)
s=1
where « is the learning rate. Then, we compute the distance D(-,-) between

the foreseen trajectory ) |5_,, of S and sub-trajectories 6F|7_, of {@kT K, inB

e=eq
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Algorithm 7 Curriculum Training Trajectory Query and Matching

Input: A buffer 8 with a set of trajectories pre-trained on the original TS
dataset 7~ parameterized by {G),"T}I,f:1 ; current model parameters 05 on S.
Output: Trajectory matching loss Ly,

1: Distance list DT « [];

2: Pre-update 0% for a-steps with Equation A.16;

3: 6e0+a — 960 - Zg:1(av£(f63/ S));

4: for @,’7‘_ € {@Z}}szl do

5: Compute the distance disy between 0| ¢ and @f]‘_ with Equation A.18;
6 disy — —D(0]2_,,, 0*|°_,,);

7: DT « (k,disy);

8: end for

9: Rank DT in a descending order;

10: <0

11: while § < K do

12: k — DT[B][0]

13: Ltmm < Sampling trajectory @,’7‘_ and match training trajectory accord-

ing to Equation A.14;
14: B—p+1
15: end while
16: Return L,

as follows. _
disy = =D(01¢_,, 0"1%_s,), (A.17)
We use the cosine similarity to measure the distance D(:).
_ 6% 0|a_
D(6|?:€g’ 6k|?:eo) — |efeo . e=ep (A.18)

1617l 116¥12=e,l12

Finally, we match current model trajectories of S with the pre-trained tra-
jectories in descending order based on the similarity {dis k}Ik<:1'

Algorithm 7 shows the process of the proposed curriculum training tra-
jectory matching. Lines 1-9 concern the curriculum trajectory query, and
lines 10-14 concern the trajectory matching. The space and time complexities
of Algorithm 7 are O(K - n) and O((a + K) - n + KlogK), respectively.

3.5 Overall Objective Function

The final loss contains three parts: a task-specific loss £, a frequency matching
loss Lrye, and a trajectory matching loss Ly;,,. We combine them together and
the overall loss is as follows.

Lo = L+ Lrre + Liym- (A-19)
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The task-specificloss L is specific to the particular downstream tasks to achieve
abetter condensed dataset tailored for the intended use. For example, we adopt
the cross-entropy loss for task-specific optimization for time series classification
tasks to optimize accuracy, while we adopt the mean square error (MSE) loss
to minimize the discrepancy between ground truth and predicted values for
time series forecasting tasks.

4 Experimental Evaluation

4.1 Experimental Setup

Datasets

Various time series analytics are on edge devices where the storage is limited.
We aim at getting a really small condensed dataset. The experiments are
carried out on six widely-used time series datasets, covering four application
domains: weather, traffic, economics, and energy.

* Weather. The Weather dataset contains 21 indicators of weather (e.g., air
temperature and humidity), which are collected in Germany. The data is
recorded every 10 minutes.

e Traffic. The Traffic dataset contains hourly road occupancy rates obtained
from sensors located at San Francisco freeways from 2015 to 2016.

* Electricity. The Electricity dataset contains the hourly electricity consump-
tion of 321 clients from 2012 to 2014.

¢ ETT.The ETT dataset includes two hourly-level datasets (ETTh1 and ETTh2)
and two 15-minute-level datasets (ETTm1 and ETTm2). Each dataset in-
cludes 7 oil and load features of electricity transformers between July 2016
and July 2018.

We choose time series forecasting as a representative downstream task,
as it is a popular analytics task. In Section 4.4, we also present the perfor-
mance comparison on the task of time series classification. The numbers of
condensed time series are set to 500 and 50 as default for forecasting and clas-
sification tasks, respectively. We employ the proposed stacked TSOperators as
the forecasting and classification models.

Baselines

We compare TimeDC with the following existing methods that include coreset
construction methods (i.e., Random, Herding [38], and K-Center [39]), and
dataset condensation methods (i.e., DC [10] and MTT [24] ).

104



4. Experimental Evaluation

* Random. The Random method randomly selects certain numbers of time
series as a coreset.

¢ Herding. The Herding method adds time series observations to coresets
greedily [38].

¢ K-Center. The K-Center method first performs K-Center clustering on the
original datasets and then chooses observations from each cluster [39].

* DC. The DC method employs gradient matching to perform dataset con-
densation [10].

¢ MTT. The MTT method matches the multi-step training parameters of the
condensed data and the original data [24].

Evaluation Metrics

Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are adopted
as the evaluation metrics, which are defined as follows.

M M
_ 1 » m _ 1 7 m|2
MAE—M;|ym—M "MSE‘MmZ_l”W‘y 1%, (A20)

where M is the testing data size, §' is the prediction and y' is the ground truth.
The smaller the MAE and the RMSE are, the more accurate method is. We
also evaluate the efficiency of the models, including the training and dynamic
tensor memory cost.

Implementation Details

We implement our model using the Pytorch framework on an NVIDIA GTX
3090 GPU. The hyper-parameters in the model are set as follows. The patch
length and stride are set to 16 and 8, respectively. The initial learning rate is
0.0001. The number of TSOperator layers is 3. The number of heads in the
self-attention layer is set to 16. The number of expert trajectories in the expert
buffer is set to 10 by default. ETT datasets and other datasets are split into
the training data, validation data, and test data by the ratio of 6 : 2 : 2 and
7 :1: 2, respectively. The parameters of the baseline methods are set according
to their original papers and any accompanying code. All of the models follow
the same experimental setup with prediction length PL € {96,192,336} on all
datasets.
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Table A.1: Overall Performance Comparison on Seven Datasets

Baseline Random K-Center Herding DC MTT TimeDC  Whole Dataset
Dataset PL | MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE
96 | 0.731 1.256 0452 0.687 0478 0.677 0.361 0.514 0.295 0.244 0.257 0.188 0.239 0.182

Weather 192 | 0.786 1.302 0487 0.723 0.512 0.688 0.413 0527 0.344 0.301 0.285 0.247 0.261 0.195
336 | 0.794 1.311 0524 0.756 0.554 0.712 0.444 0567 0.368 0.328 0.330 0.287 0.282 0.241

96 | 0.675 1.125 0.503 0.576 0.483 0.554 0.375 0.603 0.279 0.403 0.254 0.375 0.247 0.337

Traffic 192 | 0712 1.144 0.514 0.604 0517 0.606 0.432 0.633 0.336 0.442 0.297 0.405 0.265 0.338
336 | 0.729 1.117 0523 0.611 0.553 0.654 0.449 0.676 0355 0471 0.312 0423 0.297 0.360

96 | 0421 0.669 0.448 0583 0501 0.592 0.376 0.513 0.296 0.283 0.274 0.267 0.252 0.268

Electricity 192 | 0.450 0.743 0.476 0.601 0.534 0.628 0.419 0.532 0315 0.337 0.285 0.294 0.239 0.255
336 | 0491 0.853 0506 0.622 0.569 0477 0436 0.544 0.339 0356 0.304 0.322 0.271 0.285

96 | 0.523 0.745 0.554 0.698 0.536 0.656 0.503 0442 0456 0.464 0.413 0.401 0.354 0.386

ETThl 192 | 0.557 0.786 0.578 0.722 0.589 0.698 0.552 0.508 0.504 0471 0.436 0.428 0.362 0.355
336 | 0.588 0.802 0.604 0.745 0.603 0.723 0.556 0.513 0.498 0.464 0.447 0.431 0409 0.387

96 | 0487 0.655 0.589 0.711 0.521 0.589 0.463 0.524 0.388 0.342 0.368 0.271 0.324 0.255

ETTh2 192 | 0.509 0.673 0.605 0.732 0.553 0.621 0.488 0.536 0.416 0.384 0.389 0.302 0.332 0.257
336 | 0.524 0.689 0.623 0.744 0.564 0.640 0.505 0.540 0.435 0.455 0411 0.334 0.376 0.296

9 | 0743 1.124 0.525 0492 0.607 0554 0.603 0.665 0.512 0.453 0.503 0.442 0.453 0.403

ETTm1 192 1 0.764 1.245 0.566 0.510 0.628 0571 0597 0.647 0.563 0.501 0.512 0.465 0.464 0.432
336 | 0.801 1.128 0.571 0.523 0.644 0.582 0.624 0.668 0.552 0.488 0.500 0.483 0.477 0.455

96 | 0.664 0.795 0486 0.623 0524 0558 0472 0.535 0.376 0421 0354 0391 0.347 0.381

ETTm2 192 | 0.687 0.804 0512 0.643 0549 0.583 0483 0.567 0.453 0479 0.401 0.421 0358 0.403

336 | 0.702 0.823 0.558 0.661 0.598 0.624 0493 0.556 0473 0523 0.453 0.474 0406 0.435

4.2 Experimental Results

Overall Performance Comparison

We report the MAE and RMSE values of the methods in Table A.1. The
best performance by an existing method (Random, Herding, K-Center, DC,
and MTT) is underlined, and the overall best performance is marked in bold.
Whole Dataset indicates training on the original dataset and serves as an
approximate upper-bound performance; is marked in italics. We use a set of
stacked TSFE modules as the basic forecasting model for each baseline. The
following observations are made.

* TimeDC achieves the best results on all datasets across all prediction lengths
(PL € {96,192,336}). TimeDC performs better than the best among the
baselines by up to 13.49% and 26.59% in terms of MAE and RMSE, respec-
tively. We observe that the performance improvements obtained by TimeDC
on the Weather dataset exceed those on the Traffic, Electricity, ETTh1, and
ETTh2 in most cases. This is because the Weather has much more train-
ing data than the other datasets. TimeDC trained with more training data
results in better results. Though the ETTm1 and ETTm?2 datasets have sub-
stantial training data, TimeDC performs slightly better than baselines on
these two datasets. This is because the temporal patterns in ETTm1 and
ETTm?2 are highly regular and can be captured easily by existing methods.

* The coreset methods (i.e., Random, K-Center, and Herding), perform worse
than the condensation methods (i.e., DC, MTT, and TimeDC), where Ran-
dom has the worst performance in most cases. This is because coreset
methods are based on heuristic metrics, that makes it hard to select repre-
sentative observations and guarantee the optimal solutions.

106
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¢ A popular condensation method, MTT performs the best among the existing
methods except when PL = 96 on ETTh1, due to its powerful condensation
capability that involves matching multi-step parameters.

The experiment offers evidence that TimeDC is more effective than existing
coreset and dataset condensation methods.
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Fig. A.5: Effect of the Size of Condensed TS Dataset on Four Datasets (PL = 96)

Effect of the Size of Condensed Time Series Dataset

To study the effect of the size of a condensed time series dataset, we conduct
experiments with 100, 200, 300, 500, and 800 condensed time series. The results
are shown in Figure A.5. We observe that the curves first drop significantly
and then increase slightly (Figures A.5(a) and A.5(c)) or remain almost the
same (Figures A.5(b) and A.5(d)). Generally, the results demonstrate that the
model performance improves with an increase in the condensed time series
data, as more condensed data yields more training data. In addition, it shows
that using more condensed time series data for training is more likely to lead
to better performance because more useful knowledge is learned from more
data. One can also observe that TimeDC with 800 condensed time series
performs slightly worse than TimeDC with 500 condensed time series data on
the Weather and Electricity. This may be because the patterns in these datasets
are relatively simple. Additional condensed time series data might introduce
recurring patterns, thereby making the model overfit to these patterns and
degrading performance on other data.
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Table A.2: Cross-Architecture Performance Comparison

. ) L. ETT
Method Metric PL  Weather  Traffic  Electricity ETThi  ETThZ  ETTmi  ETTma
MAE 96 0.257 0.254 0.274 0.413 0.368 0.503 0.354
TimeDC 192 0.285 0.297 0.285 0.436 0.389 0.512 0.401
MSE 96 0.188 0.375 0.267 0.401 0.271 0.442 0.391
192 0.247 0.405 0.294 0.428 0.302 0.465 0.421
MAE 96 0.312 0.370 0.343 0.453 0.473 0.548 0.342
Autoformer 192 0.381 0.385 0.355 0.478 0.491 0.550 0.334
MSE 96 0.255 0.597 0.236 0.465 0.412 0.542 0.265
192 0.334 0.613 0.264 0.493 0.488 0.532 0.287
MAE 96 0.423 0.430 0.428 0.773 0.842 0.576 0.552
Informer 192 0.482 0.476 0.446 0.788 0.954 0.597 0.532
MSE 96 0.354 0.643 0.253 0.992 1.032 0.624 0.402
192 0.478 0.710 0.271 0.987 1.055 0.653 0.432
MAE 96 0.389 0.412 0.398 0.632 0.506 0.563 0.555
Transformer 192 0.588 0.431 0.422 0.612 0.513 0.588 0.576
MSE 96 0.344 0.578 0.267 0.785 0.579 0.615 0.479
192 0.524 0.567 0.288 0.732 0.542 0.643 0.455
le-1 le-1
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Fig. A.6: Performance of TimeDC and Its Variants on Four Datasets (PL = 96)

Ablation Study

(c) Electricity

0 w/o_patch w/o_DDFM w/o_CT2M TimeDC

w/o_patch w/o_DDFM w/o_CT?M TimeDC

(d) ETTh1

To gain insight into the effects of the different components of TimeDC, includ-
ing the patching mechanism (patch), decomposition-driven frequency match-
ing (DDFM), and curriculum training trajectory matching (CT>M), we evaluate
three variants:
¢ w/o_Patch. TimeDC without the patching mechanism.

e w/o_DDEM. TimeDC without the DDFM module but with the CT>M mod-

ule.
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* w/o_CT*M. TimeDC without the CT?M module of TimeDC but with the
DDFM module.

Figure A.6 shows results on Weather, Traffic, Electricity, and ETTh1. Re-
gardless of the datasets, TimeDC outperforms its counterparts without the
patching mechanism, the DDFM module, and the CT?M module. This shows
that these three components are all useful for effective time series dataset
condensation. TimeDC obtains MAE and RMSE reductions by up to 12.88%
and 22.95%, respectively, compared with w/o_DDFM. Further, on all datasets,
w/0_CT?M performs worst among all variants. TimeDC performs better than
w/o_CT*M by at least 44.64% and 48.49% in terms of MAE and MSE, respec-
tively, which indicates the effectiveness of the CT*M module.

Cross-Architecture Performance

Next, we consider the cross-architecture performance of TimeDC. It is im-
portant to determine whether the condensed time series data generated by
TimeDC can be used to train an unseen network. To assess such cross-
architecture performance comprehensively, we consider three representative
state-of-the-art network architectures for time series forecasting, including Aut-
oformer [33], Informer [40], and Transformer [41]. We first synthesize condensed
time series data with TimeDC and then train these networks with the con-
densed time series data. The parameters of these network architectures are set
based on their original papers and any accompanying code. For brevity, we
do not include the detailed parameter settings here but refer to the original
papers. For TimeDC, we use a set of stacked TSFE modules as the forecasting
network.

The prediction results are given in Table A.2. Overall, TimeDC has the best
performance in most cases, indicating its stable and superior performance,
especially on Traffic and Electricity. It also demonstrates the effectiveness of
the TSFE module. We observe that Autoformer performs worse than TimeDC
but better than Informer and Transformer, while the performances of Informer
and Transformer are comparable, especially on ETTm1 and ETTm2. These
observations are in line with their performances when trained on the original
dataset [33], indicating that TimeDC learns a generalized condensed time series
dataset that works across different network architectures. This is because of the
powerful feature extraction capabilities of the proposed stacked TSOperators, as
well as the trajectory matching that imitates the long-term training dynamics
of models trained on the original dataset.

Running Efficiency

Asresource efficiency is important in dataset condensation to enable scalability,
especially on resource-constrained edge computing devices, we study training
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Table A.3: Dynamic Tensor Memory Cost on Four Datasets

Dataset DC MTT TimeDC
Weather 10.0 GB 8.9 GB 3.3GB
Traffic 17.8 GB 13.7 GB 10.9 GB

Electricity 8.5GB 932.5 MB 516.0 MB

ETTh1 1.9GB 845.5 MB 280.9 MB
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Fig. A.7: Running Efficiency Comparison

time (of an epoch) for the condensation methods. Figures A.7(a) and A.7(b)
report the training time on Weather and ETTh1. We see that the training time
of TimeDC is much lower than those of DC and MTT, which is largely be-
cause of the expert buffer in the CT2M module that stores the pre-computed
trajectories. This indicates the feasibility of TimeDC for model deployment in
large time series dataset reduction scenarios. We also compare the training
time of TimeDC and coreset methods, which are included in the code repos-
itory, showing TimeDC has comparable training time with coreset methods.
But coreset methods, especially Herding, need more time to construct coreset
while having worse performance. Moreover, we compare the memory used
by the dynamic (online) tensor across DC, MTT, and TimeDC in Table A.3.
TimeDC is able to reduce markedly the online memory and computation costs
thanks to the training trajectories precomputed offline.

We also study training time across different network architectures on
Weather and ETThl—see Figures A.7(c) and A.7(d). It is clear that TimeDC
consumes the least training time. TimeDC is faster than the other methods
by at least 73.0%, due to its patching mechanism, which reduces the complex-
ity of the self-attention mechanism through input data simplification. Thus,
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Table A.4: Training Time of TimeDC and Training Time on Original Datasets (s/epoch)

Dataset TimeDC Original Dataset
Weather 22.39 35.26
Traffic 232.34 346.76
Electricity 314.56 522.85
ETTh1 14.38 20.43

TimeDC has lower training time across different networks, which furthermore
yields better performance.

Finally, We compare the training time of TimeDC and the training time on
original time series datasets based on the stacked TSOperators, as shown in
Table A.4. One can see that the training time of TimeDC is significantly lower
than when using original datasets, showing the efficiency and practicality of
time series dataset condensation. For example, the training time of TimeDC
for dataset condensation is reduced by 39.84% compared to using the original
dataset on Electricity.
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Fig. A.8: Dataset Distribution Comparison on Two Datasets

Case Study on Dataset Distribution

To illustrate the effectiveness of the proposed TimeDC on synthesizing con-
densed time series datasets that cover the original time series distribution well,
we visualize the t-SNE [42] graphs of the original time series dataset and the
condensed time series dataset on both Weather and ETTh1. Figure A.8 com-
pares the dataset distributions. Blue and red dots represent the original (i.e.,
real) time series dataset and the condensed time series dataset, respectively.
We sample 500 time series from the original time series dataset for the visual-
ization of the original time series. We observe that the red dots are integrated
with the blue dots, indicating that the original time series and condensed time
series datasets exhibit similar distributions. This indicates that the condensed
dataset is of high quality and that the proposed method is effective. Moreover,
the condensed dataset can cover the original dataset evenly on Weather, show-
ing that TimeDC achieves a more diverse and robust condensation result on
Weather that exhibits less complicated temporal patterns.
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Table A.5: Performance on Streaming Learning (PL = 96)

Dataset Metric MAE RMSE
Method Autoformers TimeDC Autoformers TimeDC

By 0.603 0.456 0.625 0.477
Weather B 0.694 0.512 0.873 0.533
I 0.823 0.656 1.014 0.512
By 0.541 0.465 0.657 0.489
Traffic B 0.635 0.502 0.829 0.611
I 0.735 0.624 0.929 0.784
By 0.557 0.437 0.601 0.542
Electricity 54 0.628 0.504 0.875 0.599
I 0.844 0.689 1.046 0.702
By 0.655 0.573 0.812 0.705
ETTh1 B 0.712 0.604 0.933 0.742
I 1.297 0.762 2.015 0.979

4.3 Application on Streaming Time Series

In real-world scenarios, time series data is often generated incrementally at
edge devices that are distributed geographically. It may be preferable to pro-
cess such streaming time series data on the edge directly to enable compliance
with data access restrictions and exploit the potential for more efficient pro-
cessing and lower latencies. However, time series data keeps growing while
the capacities of edge devices are limited. We perform a performance, storage,
and parameter comparison to determine whether our condensed time series
data can be a key ingredient for streaming time series learning, thereby ad-
dressing also the catastrophic forgetting problem [9, 43], due to its condensed
nature.

Performance Comparison

A naive solution to streaming time series learning is to use only newly arrived
data, notall the data collected so far, to update model parameters continuously,
called fine-tuning. We compare the performance of TimeDC and fine-tuning
to test the effectiveness of TimeDC at streaming learning. For the fine-tuning,
we use Autoformer as the basic model, entitled Autoformer;. We split the
original dataset into a base set 8 and an incremental set 7 with the ratio 7 : 3.
B and I are further split into training data, validation data, and test data
with the ratios 7 : 1 : 2. We first train and test the model on 8. The result
is denoted as By. Then, we update the learned model with I and test on 8
and J simultaneously, with the results denoted as 81 and 7, respectively. For
the model update stage of TimeDC, we condense the base set and incorporate
the condensed data into 7 for subsequent model training. The results in
Table A.5 show that TimeDC has the best performance in terms of MAE and
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RMSE when compared with Autoformery on four datasets. For example,
TimeDC outperforms Autoformers by 18.36% ~ 21.54% and 9.82% ~ 32.89%
in terms of MAE and RMSE on Electricity, respectively. Autoformer; provides
acceptable MAE and RMSE results on the base set, but their performance
deteriorates on incremental set, especially on ETThl. This indicates that a
simple fine-tuning method is insufficient, due to forgetting problems caused
by the possible concept drift. TimeDC achieves relatively stable performance
on all base sets and incremental sets, demonstrating its superiority.

Table A.6: Storage Comparison on Four Datasets

Storage Weather  Traffic  Electricity =~ ETThl
Whole Dataset | 29GB  20.0 GB 112GB  313.1MB
Condensed TS | 38.5MB 827.5MB 3082MB  12.8 MB

Storage and Parameter Comparison

As storage size is a main concern of time series streaming learning on edge
devices, we compare the storage cost of the pre-processed whole dataset and
the condensed time series dataset using four datasets, as shown in Table A.6.
Generally, the condensed time series data of TimeDC reduces the storage space
substantially compared with the whole dataset. The condensed time series
data is only 4.09% of the whole dataset on ETThl. Thus, TimeDC enables
much lower storage cost while achieving more promising performance on
time series streaming learning.

Another limitation of edge devices is limited computational capabilities.
We thus compare the number of parameters of different network architectures
including TimeDC (i.e., TSFE), Autoformer, Informer, and Transformer—see
Table A.7. TimeDC achieves much fewer parameters, indicating that the TSFE
module of TimeDC (mainly the patching mechanism) can significantly reduce
computational costs. Tables A.5, A.6, and A.7 indicate the feasibility and
scalability of TimeDC for streaming learning on edge devices.
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Fig. A.9: Time Series Classification Performance
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Table A.7: Parameter Comparison on Four Architectures

Dataset | Autoformer Informer Transformer TimeDC
Weather 10.6 M 114 M 10.6 M 1.8M
Etthl 10.5 11.3 M 105 M 02M

4.4 Performance on Time Series Classification

It is important to show the generalization of the proposed TimeDC that can
be used in other time series tasks. We conduct experiments on time series
classification. The experiments are carried out on three datasets (i.e., ECG200,
ElectricDevices, and FordB) of the UCR time series archive! [44]. A set of
stacked TSFE modules with an FC is used as the basic classification model.
CrossEntropy Loss is used as the objective of time series classification. Accuracy
and Recall are adopted as evaluation metrics. The number of condensed time
series is set to 50 for each dataset. The overall performance comparison results
are provided in Figure A.9. The whole (dataset) indicates training on the
whole original dataset, serving as an approximate upper-bound performance.
TimeDC performs better than the best among the baselines by up to 10.40% and
67.31% in terms of Accuracy and Precision, respectively. All coreset construction
methods perform worse than dataset condensation methods. Herding has the
best performance in most cases among coreset methods. Overall, TimeDC
achieves the best results on three time series classification datasets among
baselines, which shows the feasibility of TimeDC that can be extended to other
time series tasks.

5 Related work

5.1 Time Series Modeling

Time series modeling attracts increasing interest due to the growing availability
of time series data and rich downstream applications, such as traffic predic-
tion [3, 45, 46], electricity prediction [35, 40], and anomaly detection [7, 47, 48].
Traditional time series analytic models are mostly based on statistical mod-
els [6,45,49]. However, the statistical models cannot capture complex temporal
correlations of time series data effectively due to their limited learning capacity.
Recent advances in deep learning techniques have sparked a surge of interest
in applying neural network architectures for time series modeling [3, 28, 40]
outperforming traditional statistical models, including temporal convolutional
network (TCN) based methods [50, 51], recurrent neural network (RNN) based
methods [52, 53], and transformer based methods [4, 8, 40]. However, these
methods are mostly supervised, and large training data is required resulting

1https 1//www.cs.ucr.edu/~eamonn/time_series_data_2018/
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in high computational cost. At such scales, it becomes burdensome to store
and preprocess the data and calls for specialized equipment and infrastructure
to train machine learning models on them.

5.2 Coreset and Dataset Condensation

Coreset construction [9, 13, 14, 18, 54, 55] is the traditional dataset reduction
approach that works by identifying the most representative training samples
in an original dataset, aiming at achieving models trained on the coreset that
are provably competitive with those built on the full dataset. Typically, coreset
construction methods choose samples that are representative for training based
on heuristic criteria [9, 13, 14, 18], e.g., minimizing distance between coreset
and whole-dataset centers [13], Nonetheless, these heuristic methods cannot
guarantee optimal solutions and the presence of representative samples for
the downstream task.

A recent approach, dataset condensation (or distillation) [10, 19, 23, 24],
is proposed to address these limitations by learning a small typical dataset
that distills the most important knowledge from a given large dataset, such
that a model trained on it can obtain comparable testing accuracy to that
trained on the original training set. Existing dataset distillation methods have
demonstrated superior performance, which can be categorized into matching-
based methods [10, 20, 24] and kernel-based methods [30, 56]. Matching-based
methods generate synthetic datasets by matching gradients [10], multi-step
parameters [24], and distributions [20] between two surrogate models trained
on the synthetic dataset and the original dataset. Kernel-based methods [30,56]
treat the synthetic dataset as the parameters to be optimized inspired by kernel
functions e.g., neural tangent kernel. However, most of the above methods are
designed for computer vision, and cannot be applied to time series directly due
to complex temporal correlations such as seasonality and trend. In addition,
these methods require substantial storage costs.

6 Conclusion

We present TimeDC, a new efficient time series dataset condensation frame-
work that endeavors to synthesize a small but informative condensed time
series dataset summarizing the original large time series dataset. To capture
the complex temporal dependencies, we design a time series feature extrac-
tion module with stacked TSOperators. In addition, decomposition-driven fre-
quency matching is proposed to ensure similar temporal patterns between the
condensed and original time series datasets. To enable effective and general-
ized dataset condensation, we feature a curriculum training trajectory match-
ing module with an expert buffer that aims to decrease the training cost.
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Comprehensive experiments on original datasets offer evidence that TimeDC
achieves state-of-the-art accuracy and requires fewer computational and stor-
age resources.
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1. Introduction

Abstract

The widespread deployment of wireless and mobile devices results in a proliferation
of spatio-temporal data that is used in applications, e.g., traffic prediction, human
mobility mining, and air quality prediction, where spatio-temporal prediction is often
essential to enable safety, predictability, or reliability. Many recent proposals that
target deep learning for spatio-temporal prediction suffer from so-called catastrophic
forgetting, where previously learned knowledge is entirely forgotten when new data
arrives. Such proposals may experience deteriorating prediction performance when
applied in settings where data streams into the system. To enable spatio-temporal
prediction on streaming data, we propose a unified replay-based continuous learning
framework. The framework includes a replay buffer of previously learned samples
that are fused with training data using a spatio-temporal mixup mechanism in order
to preserve historical knowledge effectively, thus avoiding catastrophic forgetting. To
enable holistic representation preservation, the framework also integrates a general
spatio-temporal autoencoder with a carefully designed spatio-temporal simple siamese
(STSimSiam) network that aims to ensure prediction accuracy and avoid holistic feature
loss by means of mutual information maximization. The framework further encom-
passes five spatio-temporal data augmentation methods to enhance the performance of
STSimSiam. Extensive experiments on real data offer insight into the effectiveness of
the proposed framework.

1 Introduction

The continued digitization of societal processes and the accompanying de-
ployment of sensing technologies generate increasingly massive amounts of
spatio-temporal data. For example, populations of in-road sensors provide
data that captures traffic flow in multiple locations across time. Further, appli-
cations increasingly ingest large amounts of spatio-temporal data that is being
generated continuously, which is called streaming spatio-temporal data. The
data from in-road sensors is an example of such data.

In this study, we focus on the novel problem of prediction on streaming
spatio-temporal data, where the general goal is to learn a model from streaming
spatio-temporal data with spatial and temporal correlations while preserving
learned historical knowledge and capturing spatio-temporal patterns to accu-
rately predict future spatio-temporal observations.

Many spatio-temporal prediction applications, e.g., traffic flow predic-
tion [1-3], traffic speed prediction [4, 5] and on-demand service prediction [6],
exist along with accompanying, well-customized prediction models. These
models use a variety of means to predict spatio-temporal data, including ap-
proaches based on traditional statistics [7, 8] and convolutional [9-11] and
recurrent [4, 12] neural networks. However, existing models are trained stat-
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ically and fail to handle streaming data. Static models are often trained once
to fit a particular dataset and then make predictions that aim to fit another
dataset with the underlying assumption that the two datasets follow the same
distribution. However, concept drift, meaning that data distributions change
over time, occurs often in streaming spatio-temporal data. Thus, direct appli-
cation of static models to streaming data may cause remarkable performance
degradation [13].

As aresult, we need a new kind of continuous learning (CL) model that can
adapt continually to the data it sees and can keep on learning spatio-temporal
prediction tasks over time. However, it is non-trivial to develop this kind of
model, due to the following challenges.

Challenge I: catastrophic forgetting. It is challenging to alleviate catastrophic
forgetting in CL for spatio-temporal prediction. Catastrophic forgetting is
the tendency to abruptly forget previously learned knowledge, which occurs
when static models are simply retrained using newly arrived data [13]. When
a model is retrained continuously based on incoming data, the distributions
of which are different (due to concept drift), prediction performance on pre-
ceding tasks deteriorates [14]. This is because the model is always retrained
on new data obtained during one period and is then used to predict for an-
other period. When the data arrives continuously, the knowledge learned
by the model keeps drifting. Although many efforts have been made to use
CL techniques to address catastrophic forgetting in computer vision [15, 16]
and natural language processing [17], these techniques cannot be applied to
spatio-temporal prediction directly due to the unique characteristics of spatio-
temporal data. Specifically, no CL model exists that can effectively capture
spatial dependencies or temporal correlations in streaming spatio-temporal
data.

Challenge II: diversity of spatio-temporal data and prediction applications. It re-
mains a key problem to discover the commonalities of diverse spatio-temporal
data and prediction applications. Although various well-customized static
models exist, it is time-consuming and unrealistic to convert each such model
to its continuous version since there are different specific settings (e.g., network
architectures, datasets, and objective functions) to consider for each spatio-
temporal prediction model. It is thus highly desirable but also non-trivial to
achieve a model that is accurate and efficient across many streaming spatio-
temporal prediction applications.

Challenge I11: holistic feature preservation. It is challenging for existing models
to learn holistic features for spatio-temporal prediction on streaming data.
Specifically, holistic features preserve semantic similarities across multiple
time periods. In continuous spatio-temporal prediction, preserving previously
learned semantic features may facilitate future prediction. For example, traffic
patterns learned during off-peak hours on previous weekdays may be helpful
for prediction of subsequent weekdays. Most existing CL models focus on
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learning discriminative features for a current task, while ignoring previously
learned features that may be useful for future tasks [18], which often lead to
unsatisfactory results for future prediction and thus affect continuous spatio-
temporal prediction adversely.

This study addresses the above challenges by providing a Unified Replay-
based Continuous Learning (URCL) framework for spatio-temporal predic-
tion on streaming data. URCL encompasses three main modules: data in-
tegration, spatio-temporal continuous representation learning (STCRL), and
spatio-temporal prediction. To alleviate catastrophic forgetting (Challenge I),
we propose a spatio-temporal mixup (STMixup) mechanism to fuse current
sampled spatio-temporal observations with selected samples from a replay
buffer that stores a subset of previously learned observations. We also pro-
pose a ranking-based maximally interfered retrieval sampling strategy to select
representative samples from the buffer.

To support diverse spatio-temporal data and prediction applications (Chal-
lenge II), we discover the commonalities of existing methods that are typically
based on an autoencoder architecture. We propose a novel spatio-temporal
prediction network including a spatio-temporal encoder (STEncoder) and a
spatio-temporal decoder (STDecoder) to capture complex spatio-temporal cor-
relations to enable accuracy.

To address the issue of holistic-feature preservation (Challenge III), we pro-
pose a spatio-temporal simple siamese (STSimSiam) network to avoid holistic
feature loss in the STCRL module. Specifically, the STSimSiam network con-
tains two STEncoders and a projection multi-layer perceptron (MLP) head,
where the STEncoders are shared with that of the spatio-temporal prediction
network. We first use mutual information maximization to ensure holistic
feature preservation in streaming spatio-temporal prediction. In addition,
considering that data augmentation can help the model learn more effective
representations [19, 20], we provide five spatio-temporal data augmentation
methods based on an exploration of the exclusive characteristics of spatio-
temporal data, thus achieving effective holistic spatio-temporal feature learn-
ing.

The major contributions are summarized as follows.

* Tothebest of our knowledge, this is the first study to systematically inves-
tigate continuous learning for spatio-temporal prediction on streaming
data. We propose a unified replay-based continuous learning framework
entitled URCL for spatio-temporal prediction on streaming data, where
a replay buffer and a spatio-temporal mixup mechanism are designed to
alleviate catastrophic forgetting.

* To contend with the diversity of spatio-temporal data and prediction ap-
plications, we design a spatio-temporal autoencoder including an STEn-
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coder and an STDecoder for effective spatio-temporal feature learning
and prediction.

* A novel STSimSiam network is designed to make learned features in
latent spaces more holistic, by applying mutual information maximiza-
tion to preserve features for continuous spatio-temporal prediction. We
also provide five data augmentation methods by considering unique
spatiotemporal properties.

* We report on experiments using real datasets, offering evidence of the
effectiveness of the proposed URCL.

The remainder of this paper is organized as follows. Section 2 surveys the
related work, and Section 3 introduces preliminary concepts and the streaming
spatio-temporal prediction problem. We then present the URCL framework in
Section 4, followed by the experimental results in Section 5. Section 6 concludes
the paper.

2 Related work

We briefly review prior studies on spatio-temporal data prediction and con-
tinuous learning.

2.1 Spatio-Temporal Data Prediction

Spatio-temporal data prediction attracts increasing interest due to the increas-
ing availability of spatio-temporal data and rich applications, such as traffic
prediction [1, 21-23], precipitation prediction [24], and air quality predic-
tion [25]. Traditional spatio-temporal prediction models are mostly based on
statistical models [8, 26]. However, the statistical models cannot capture com-
plex spatial and temporal correlations of spatio-temporal data effectively due
to their limited learning capacity.

With the advance of deep learning techniques, various deep learning based
methods address spatio-temporal data prediction [4, 27-35], and outperform
traditional statistical models. One line of study [1, 2] treats the spatio-temporal
data of an entire city as images and applies convolutional neural network
(CNN) to extract spatial correlations. Another line of study [4, 9, 12, 36-39]
employs graph neural network to perform spatio-temporal prediction by mod-
eling global spatial dependencies and local spatial correlations effectively.
However, these methods cannot support stream setting and suffer from catas-
trophic forgetting, which makes continuous or lifelong learning difficult for
spatio-temporal prediction.
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2.2 Continuous Learning

Continuous learning, which is also called lifelong or incremental learning,
learns a sequence of tasks incrementally with knowledge transfer and without
catastrophic forgetting [40]. The goal of continuous learning is to extend
knowledge acquired gradually from an infinite data stream and use it for
future learning.

In the early stage, continuous learning studies target the domain of object
recognition [41, 42]. Thrun et al. [41] propose several lifelong learning algo-
rithms encompassing memory-based and neural network-based approaches.
Ruvolo et al. [42] design an Efficient Lifelong Learning Algorithm for online
multi-task learning.

With the rapid development of deep learning techniques, focus is on deep
learning based continuous learning methods [15, 16], which can be divided into
replay-based, regularization-based, and architecture-based methods. Specif-
ically, replay-based methods [16] usually adopt an explicit buffer to store a
subset of training samples or learn a generator. Regularization-based methods
include a regularization term in the loss function [15, 43]. In architecture-based
methods [13], a different sub-network is dedicated to each incremental learning
task. However, most of the above methods are designed for computer vision
and natural language processing, and cannot be applied to spatio-temporal
data prediction directly due to complex spatio-temporal patterns and unique
spatio-temporal semantics.

Although previous studies [44, 45] predict streaming traffic flow, their prob-
lem settings differ substantially from ours that focusing on node incremental
learning where the number of traffic sensors varies across time. In our work,
the number of sensors does not vary, while the instances vary across time.

3 Problem Statement

We proceed to present necessary preliminaries and then define the problem
addressed.

Advances in hardware and wireless network technologies have resulted
in multi-functional sensor devices [46]. This development enables systems,
called sensor networks, consisting of tiny sensor nodes spread across large
geographical areas, recording streaming spatio-temporal data.

Definition 22 (Sensor Network) A sensor network is denoted by a graph G =
(V, E), where V is a sensor node set, and E is an edge set. Each node v; € V represents
a sensor, and each edge e; ; € E indicates connectivity between sensors v; and v;.

Definition 23 (Spatio-temporal Observation) Given asensor network G, a spatio-
temporal observation collected by all sensors at time slot t (e.g., 9:00 a.m.—9:15 a.m.)
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with a sampling interval At (e.g., 15 minutes) is denoted by X; € RIVIXC, where |V|
denotes the number of sensors and C is the dimensionality of node features (e.g., traffic
volume and speed).

In the rest of the paper, we will use observation place of spatio-temporal
observation when meaning is clear from the context.

Definition 24 (Streaming Spatio-temporal Data Sequence) Given asensor net-
work G and a time period T; containing n consecutive timeslots, i.e., T; = (t},tl.z, e ,t?),
a streaming spatio-temporal data sequence is a sequence of matrices, each reptre-
senting an observation at a specific time slot tl]. with one sampling interval, where
g tf = At(l < j < n—1). In particular, a streaming spatio-temporal data
sequence D; is a sequence of observations D; = <th1’ thz’ cee, Xt;«>, where n is also

the sequence length.

Based on the above definitions, we formally define the Streaming Spatio-
Temporal Prediction (SSTP) problem as follows.

SSTP Problem. Consider a sensor network G that emits a sequence D =
(D1,Dy,- -+ ,Dy) (m = 1) of streaming spatio-temporal data sequences, where
D; denotes a sequence of observations during time period T; and |D;| = n
(e.g., T; is a day, and n is 96 when having 15min interval). Given a current
observation th that is contained in D; (1 < i < m), the SSTP problem aims

to learn a function fi(+) to predict N future observations based on the current
observation and its previous M —1 (M < n) historical observations while
maximally preserving the learned knowledge from previous streaming data
sequences (D1, -+ ,Dj_1),1ie.,

M observations N observations
—_— . —_—
fi()
[ ,th—l,Xt{';G] — [Xt{‘+1,th+z ], (B.l)
i i i [

where the learned knowledge from (D1, - - - , D;_1) is preserved maximally.

4 Methodology

We propose a framework, namely Unified Replay-based Continuous Learning
(URCL), for spatio-temporal prediction on streaming data. We first give an
overview of the framework and then provide specifics on each module in the
framework.

4.1 Framework Overview

The framework consists of three major modules: data integration, spatio-
temporal continuous representation learning (STCRL) and spatio-temporal
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Data Augmentation
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Fig. B.1: URCL Framework Overview

prediction (STPrediction), as shown in Figure B.1.

Data Integration. Considering that we feed data into the framework in a
stream, we first sample data from the current dataset D; and sample historical
data from a replay buffer, which stores a subset of previously learned obser-
vations, by a ranking-based maximally interfered retrieval (RMIR) sampling
strategy. Then we integrate the two kinds of data with the help of the proposed
spatio-temporal mixup (STMixup) mechanism, to goal being to better accumu-
late the spatio-temporal knowledge and alleviate catastrophic forgetting.

Spatio-Temporal Continuous Representation Learning (STCRL). In this
module, a spatio-temporal SimSiam (STSimSiam) network, which is a variant
of self-supervised Siamese networks [19], is adopted for holistic representation
learning by means of mutual information maximization. For the assistance of
self-supervised learning, we propose five different data augmentation meth-
ods, i.e., DropNodes (DN), DeleteEdges (DE), SubGraph (SG), AddEdge (AE),
and TimeShifting (TS), based on the specific characteristics of spatio-temporal
data. Then, the augmented data generated by two randomly selected augmen-
tation methods are inserted into two spatio-temporal encoders (STEncoders)
that share parameters with each other, followed by a projection MLP (projec-
tor).

Spatio-Temporal Prediction (STPredition). We use an STEncoder that
shares the same parameters with that in STCRL to learn latent hidden features
from the original data, where the learned data are then stored in the replay
buffer. Finally, the learned features are input into a spatio-temporal decoder
(STDecoder) for prediction.

4.2 Data Integration

To sample more representative samples from replay buffer 8, we design a
novel ranking-based maximally interfered retrieval (RMIR) sampling method.
Given the current data sequence D;, we first sample M observations Xy =
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<th—M+1, a th> starting at time slot tf‘M” from D; and select samples Xg

stored in the replay buffer 8, where 8 is designed to act as an explicit mem-
ory to maintain a subset of previously learned observations (i.e., the previ-
ously trained observations without STMixup). Then, the selected samples are
combined with the current observations through a proposed spatio-temporal
mixup (STMixup) mechanism to alleviate catastrophic forgetting by benefiting
from historical observations. We can formulate the process of data integration
as follows.

Xg = RMIR(8B, size =|S])

. (B.2)
Xnix = STMixup(Xy, X8),

where | S| is the sampling size.
We proceed to elaborate the RMIR sampling method and the STMixup mech-
anism.

RMIR Sampling Method

We design an RMIR sampling method to select | S| representative observations
Xg from the replay buffer. Typically, most methods in existing replay-based
continuous learning methods randomly select observations from the replay
memory, which leads to unsatisfied results about accuracy, due to the fact
that they may ignore representative observations for replay. To select more
representative samples, we first retrieve |N| observations X which will be
the most negatively impacted that suffer from an increase in loss by the update
of foreseen parameters, where |N| > |S|. Specifically, given observation X,s

in 8 and a standard objective function m@in Lrmir(fo(X;2), Y;8), where fg(f)

represents the URCL model, we update the parameters 0 from X,s by gradient
descent, as shown in Equation B.3.

0°=60-av -ERMIR(fG(XtiB)/ YtlfB)/ (B.3)

where Lryr denotes sampling loss, fo(-) represents the model, and Y;s is the

ground truth. Note that Mean Absolute Error (MAE) is adopted as salmpling
loss. We select the top-/N values.

Considering temporal correlations (e.g., trend and periodicity) of spatio-
temporal data, data from a long time ago (periodic data) have a significant
impact on the current prediction due to similarities. We then calculate the
similarities between observations in Xy and X by Pearson coefficient. Finally,
we sample top-S observations of X that are most similar to Xps. In this way,
we can not only select samples that can alleviate catastrophic forgetting, but
also select samples to enhance temporal dependency capturing.
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STMixup Mechanism

To benefit from historical observations, we introduce STMixup mechanism to
fuse current observations X3 and observations Xg sampled in 8. In partic-
ular, STMixup interpolates between Xy and Xg to encourage the model to
behave linearly across streaming spatio-temporal data sequences to minimize
catastrophic forgetting.

Typically, assuming that (x;,y;) and (x;j, y;) are two randomly selected
feature-target pairs in the training data, STMixup generates virtual training
examples by interpolation based on the principle of Vicinal Risk Minimiza-
tion [47] to enlarge the support of the training distribution that overcomes
concept drift. In STMixup, we use observation-groundtruth pairs to repre-
sent feature-target pairs in training. We use (¥, i) to denote the interpolated
feature-target pair in the vicinity of the raw two pairs.

fZ/\'x,'+(l—/\)-x]‘

(B.4)
F=A-yi+(1-1)y,

where A ~ Beta(a, @), and a € (0, ). We design STMixup by interpolating
between current observations Xy and observations Xg sampled from the re-
play buffer 8 by RMIR sampling. The interpolated observations X, after
STMixup are formulated as follows:

Xmix Z/\~XM+(1—/\)-X3 (B.5)

The interpolated observations X,,;y can enhance a model’s ability to learn
continuously by revisiting past instances in the replay buffer 8, that would
be most negatively impacted by foreseen parameters. Moreover, STMixup can
introduce an approximation of a regularized loss minimization [48] to avoid
overfitting.

4.3 Spatio-temporal Continuous Representation Learning

The interpolated observations X,y are input into the spatio-temporal con-
tinuous representation learning (STCRL) module for holistic feature learn-
ing. STCRL is a carefully designed self-supervised learning module, which
consists of two parts: spatio-temporal data augmentation and an STSimsiam
network. To enable effective spatio-temporal learning, we propose five cus-
tomized spatio-temporal data augmentation methods by considering unique
properties of spatio-temporal data, which transform a sample (i.e., observa-
tions in a sensor network) G = [Xyix; G] to its corresponding perturbation G’
We randomly select two different perturbations G| and G,, and then input
them into an STSimSiam network, which consists of two STEncoders fo,,, and
a projection MLP head /(-). The aim of STSimSiam is to better capture spatio-
temporal dependencies. Finally, STSimSiam maximizes the mutual infomation
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Fig. B.2: Spatio-temporal Data Augmentation

between the representations of two selected perturbations to ensure holistic
feature preservation.

We proceed to elaborate the spatio-temporal data augmentation and the STSim-
Siam network.

Spatio-Temporal Data Augmentation

We augment the interpolated observations X, using five carefully designed
spatio-temporal augmentation methods, which builds semantically similar
pairs and improves the quality of the learned representations by defeating
perturbations. Although existing studies propose several data augmentation
methods on graph data [49-51], they do not work well for spatio-temporal
data due to complex spatial and temporal correlations, especially temporal
correlations (e.g., closeness). Thus, we propose five spatially oriented data
augmentation methods (i.e., DropNodes (DN), DropEdge (DE), SubGraph
(SG), and AddEdge (AE)) and a temporally oriented method (i.e., TimeShifting
(TS)). We cover each method next.

* DN. As shown in Figure B.2(a), given a sample G = [Xyix; G|, DN
randomly discards a certain proportion (e.g., 10%) of the nodes in G
to get G’ = [Xyix; G’] following a definite distribution (e.g., a uniform
distribution), which ensures that the missing nodes have no impact on the
semantics (e.g., distribution) of G. In particular, we mask the entries in
adjacency matrix A of that correspond to the discarded nodes to pertube
the graph structure.

, 0, ifv;isdiscarded
Aij = { ! (B.6)

Ajj, otherwise,

where A;J, is an entry of the augmented matrix A’. Ideally, DN can

promote model robustness by being less affected by missing data caused,
e.g., sensor or communication failures.
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* DE. DE randomly drops a part of edges, as shown in Figure B.2(b). As
the weights of sensor network G are important to describe the spatial
correlations between nodes (e.g., distance and similarity). We first sam-
ple a certain ratio of edges & from G following a specific distribution,
and then set a threshold Opg. If the weights of edges in & are lower than
Opk, we delete the corresponding edges, formulated as follows.

, { 0, ifai,j < QDE (B 7)

a.. = .
1] a;j, otherwise,

where 4; ; denotes the weight of the edge between nodes v; and v;, and
a; jis the updated weight. The aim of the threshold is to retain important

connectives of edges.

* SG. SG samples a subgraph G’ = (V’,E’) from G = (V,E) by random
walk to maximally preserve the semantics of a sensor network (cf. Fig-
ure B.2(c)), where V' C V and E’ C E. Through SG, we aim at improving
local spatial correlations capturing by feature learning on the subgraph.

* AE. AE randomly selects a certain ratio of distant node pairs (e.g., more
than three hops) and add edges between each node pair, which is shown
in Figure B.2(d). The weights of these added edges are set as the dot
product similarities of corresponding node pairs. Considering a node
pair (v;, vj), the corresponding weight w; ; is calculated as follows.

X

mix’

wi,j = X!

mix (B'S)
where X r’n ;x 18 a vector that represents features of node v;. The aim of
AE is to strengthen the power of our model to capture global spatial
correlations by connecting distant node pairs that are similar to each
other.

e TS. As shown in Figure B.2(e), TS, including time slicing, time warping,
and time flipping, transforms current observations Xix in G in the time
domain. Note that we randomly select one of TS for model training.

1. Time Slicing. Time slicing sub-samples the current observations
Xpix in the time domain by randomly extracting continuous slice
X li’;“ with length /. Formally,

lice _
XM = (X, X ) (B.9)
where tf.‘_M” < tf‘”l <t < tf‘, tf‘ is current time slot, M is
the length of observations, and Xmix,t; denotes observations after

STMixup at time slot ¢;
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. . . . . . slice
2. Time Warping. Time warping upsamples sliced observatlofulsr)(mix
by linear interpolation to generate warped observations X xp’ the

length of it is equal to that of Xj;ix.

XZU[H’P — <Xl cee Xl > , (BlO)

mix mix, M+ mix,tF

where X;,m'x ;x Tepresents the generated observations at time slot tllf.

3. Time Flipping. Time flipping TF(-) flips the sign of warped obser-
. warp flip . .. .
vations X, . " to generate a new sequence X’ .~ in time domain as
follows.

li
er;z';p = <X/ tl{d Tty X’ tlg{M+1> ’ (Bll)

mix, mix,

We randomly apply two different data augmentation methods to the inte-

grated observations Xj,ix (generated by STMixup) to obtain two augmented
Xau g2

. augl
observations X*“¢" and o,
mix mix

STSimSiam Network

Inspired by exciting feature learning ability of self-supervised learning, we
design a novel STSimSiam network under the guidance of self-supervised
learning to capture holistic spatio-temporal representations, inputting two

randomly augmented observations X%fl and X}fﬁf > More specifically, STSim-
Siam consists of two STEncoders to learn spatio-temporal representations of

1 2 . - .
X;L;f and X:;L:f ,1respect1vely, and a pro]ectlonzhead to project latent em-
beddings of X%f into the latent space of X;Ll.‘f . Finally, considering that
mutual information maximization is proven to learn holistic features and thus

improves continuous learning [18], we maximize the mutual information be-

tween the representations learned from X;flffl and /\’:ﬁfz by GraphCL loss.

As shown in the upper-right corner of Figure B.1, we input two randomly
augmented observations X::;fl and X:ll;fz into the STSimSiam network. We
first encode the two augmented observations as two fixed vectors z; and z
by STEncoders fg, which are made of a specific spatio-temporal network, i.e.,
GraphWaveNet in this work, to capture the complex spatio-temporal depen-
dencies. Next, we feed z; into a projection MLP head to map it into the latent
space of z, which contains several MLP layers denoted as h(-). The process
can be formulated as follows.

2= for(Xpis), p1=h(z1), 2= fo (XpS) (B.12)
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We use stopgrad operation SG(+) [52] to prevent the trivial solution obtained

by STSimSiam. For example, SG(z2) denotes that the STEncoder on X’ ” lfz
receives no gradient from zj.
To enhance holistic feature preservation, we employ mutual information

augl
maximization to maximize the similarities between representations of X, .. g

and Xﬁfz. First, for the current two augmented observations, we use cosine
similarity to measure similarities C(-) between their output vectors p; and z5,
formulated as follows.

1 SG(ZQ)
Clp1,z
(P12 = I, TSe@h
MfoXait) SG(a(Xpit™) B-1
NH(Fo (X212 11SG(fa(X A1,
where || - ||z is [;-norm.

augl au g2
We let (X .°, X .°7) denote an augmented observation pair. For a mini-

batch of S augmented observation pairs, we adopt a GraphCL [49] loss to
maximize their mutual information. The GraphCL loss L], for the s-th aug-
mented observation pair is defined as follows.

exp(C(ps1,2s2)/7)
Zf’:l,s'#s exP(C(Ps,l, Zs’,Z)/T)

where p; 1 and z; » denotes the output vectors of the s-th augmented obser-

LS

ssl —

= —log (B.14)

. . 1 2 . o .
vation pair (Xjf;f X Z;f/s), C(:) is cosine similarity, and 7 is the temperature

parameter. To extract more effective features [19], we define a symmetric
similarity function and obtain final L} ,.

lC S,L,~s + lC S,27~S
IS = —log exp((3C(ps,zs2) + 5C(ps,2,25,1))/ T) , (B.15)

1~
” o s €XP((3C((ps,1, 26 ,2) + 3C(Ps 2, 251))/7)
where p = h(fo, (Xys2)) and zo1 = fo, (X0i50).

The final GraphCL loss is computed across all augmented pairs in the
minibatch as follows.

Lssi = S Z Lssl (B.16)

where S is the batch size.

4.4 Spatio-Temporal Prediction

We design a spatio-temporal prediction network including a spatio-temporal
encoder (STEncoder) and a spatio-temporal decoder (STDecoder). In partic-
ular, we input the interpolated observations Xy,;y into STEncoder fg,(-) to
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learn high-dimensional representations through capturing complex spatio-
temporal dependencies. The STEncoder shares parameters with the STEn-
coder in STSimSiam. The learned representations are input into STDecoder
fo,, for prediction. Meanwhile, the recently learned data are stored in the
replay buffer. The process can be formulated as follows.

ho = for(Xmix), Y = fop(he), (B.17)

where Y is the prediction.

One of the advantages of our framework is its generality. It can easily serve
as a plug-in for most existing spatio-temporal prediction models that follow
the autoencoder architecture. GraphWaveNet [9] is one of the state-of-the-
art spatio-temporal prediction models to capture precise spatial dependen-
cies and long-term temporal dependencies, but which is not developed under
the autoencoder architecture. Inspired by its excellent performance on deep
spatio-temporal graph modeling, we take it as an example of spatio-temporal
prediction models in our work to show how to reorganize its architecture
so as to conform to the autoencoder architecture (i.e., STEncoder and STDe-
coder). Specifically, in STEncoder, graph convolution layers integrated with
gated temporal convolution layers are employed to capture spatio-temporal
dependencies, as shown in Figure B.3, while several feed-forward networks
are applied to map high-dimensional features into low-dimensional outputs
for prediction in STDecoder, which is shown in Figure B.4. It is particularly no-
ticeable that we study the effect of different spatio-temporal prediction models
(including RNN-based DCRNN [4] and attention-based GeoMAN [53]) in our
experimental part in Section 5.2.4. The studies show that our framework can
adapt to different prediction models. For existing spatio-temporal prediction
networks that lack an STDecoder, we employ stacked MLPs as the STDecoder.

STEncoder

The architecture of STEncoder is shown in Figure B.3. Taking X,,ix as input, an
MLP layer maps it into a high-dimensional latent space, and the learned fea-
tures are then input into a Gated Temporal Convolution Network (TCN) layer
to learn temporal correlations among observations of the input. Next, a Graph
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Fig. B.4: Illustation of STDecoder

Convolutional Network (GCN) layer is used to capture spatial correlations
among the observations, where a residual operation is used to ensure accu-
racy. The learned features of the i-th spatio-temporal layer can be formulated
as follows.

hi) = fg(Gated TCN(WS - ki1 + bE), A), (B.18)

where fg(-) denotes GCN, A is the adjacency matrix, W) is a learnable param-
eter, bé denotes the bias, and hg is euqal to Xj,ix. The Gated TCN layer is
composed of two parallel TCN layers (i.e., TCN, and TCNj).

Graph Convolution Layer. Recent studies pay considerable attention to
generalize convolution networks for graph data. In this work, we use spectral
convolutions on the constructed sensor network, which can be simply formu-
lated as follows: _

fo(X,A) = a(AXW'), (B.19)

where fg represents the GCN operation, X denotes the node features, A=A+
Iy is the adjacency matrix of G with added self-connections after normalizing,
W! denotes the learnable weight matrix, and o(-) is the activation function.

Based on the first law of Geography: ”Near things are more related than distant
things” [1], we first construct a local spatial graph by considering the geograph-
ical distance between nodes. If two nodes v; and v; are connected with each
other geographically, an edge between them exists, and the corresponding
weight is set as follows:

BT, )
A _{ 75, if v; connects to v; (B.20)

Y71 0, otherwise,

where dis denotes the geographical distance between two nodes v; and v;.
Following Diffusion Convolutional Recurrent Neural Network (DCRNN) [4]
that adopts diffusion GCN, we generalize the diffusion convolution layer into
the form of Equation B.19 by modeling the diffusion process of graph signals
with K finite steps, shown in Equation B.21.

K
fo(X,4) = a() PiXWy), (B.21)
k=0
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where Pj denotes the power series of the transition matrix. For an undirected
graph, we can get P = A/rowsum(A), while for a directed graph, there are two
directions of the diffusion process: forward direction pf=A / rowsum(g) and
backward direction P? = AT / rowsum(gT). The diffusion graph convolution
layer for a directed graph is derived as:

K
fo(X, A) = 0(D" P{XWi, + PEXWy,), (B22)
k=0

However, the first law of geography may not fully reflect the spatial cor-
relation in urban areas, especially global spatial correlations (e.g., POI simi-
larity) [2, 6]. To tackle this problem, we construct a self-adaptive adjacency
matrix gadp by multiplying two randomly initialized node embeddings with
learnable parameters E; and E;:

AP = Softmax(ReLU(EEL)), (B.23)

where Softmax is used to normalize the self-adaptive adjacency matrix. By
comprehensively considering local and global spatial correlations, the final
graph convolution layer is given in Equation B.24.

K
foX,4) =0}’ PIXWi, + PYX Wy, + AP XWj,), (B.24)
k=0

If the sensor network is unknown, we adopt the self-adaptive adjacency matrix
alone to capture the spatial dependencies.

Gated Convolution Layer. To capture temporal dependencies, we employ
the dilated causal convolution [54] as our TCN due to its ability of modeling
long-term temporal correlations and parallel computation. Specifically, given
a data sequence X and a filter f, the dilated causal convolution operation of x
at j-th step is represented as:

K-1
Xof(j)=) fm)X(j—dxm), (B.25)

m=0

where d denotes the dilation factor that reflects skipping steps, and K is the
length of filter f.

Gating mechanism is proven to be useful to control information flow
through layers for TCN [55]. We adopt a simple form of Gated TCN in our
work to model complex temporal correlations, where the Gated TCN only con-
sists of an output gate. Given the observations X, the Gated TCN is illustrated
in Equation B.26.

h=gWixX+b)oo(WaxX +¢), (B.26)
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Algorithm 8 The URCL Framework

Input: Historical streaming spatio-temporal data sequences D from D; to D,
and a sensor network G
Output: i-th URCL model 6;
1: for D; in D do
2. D;‘min, szul’ Dlzfest —90
3 puttraining, validating and testing instances into D!"*", D?*! and D!**,
respectively
while not converge do
Sequentially select a batch of observations D?*'¢" from D!
Sample previous observations Xg from the replay buffer
Xmix «— data fusion with STMixup by Equation B.2
X :Zfl, X::;fz «— spatio-temporal data augmentation by
DN,DE,SG,AE and TS

9: hg «— holistic feature learning by STEncoder(-) and GraphCL loss
(i.e., Equation B.14)
10: Y «— prediction with STDecoder(-) by Equation B.27
11: Update 6; based on Equation B.29
12: end while
13: Return the learned i-th learned model 6;
14: end for

where } is the learned features of input modeled by the first MLP layer, W;
and W, are the learnable parameters, and b, c are the bias, © denotes the
element-wise product, g(-) and o(-) represent activation functions (e.g., tanh
and sigmod).

STDecoder

The learned features are then input into the STDecoder to decode the data
representations for prediction. As shown in Figure B.4, the STDecoder con-
tains several stacked feed-forward layers (i.e., MLPs) followed by activation
functions (i.e., ReLU) to learn a projection function for future prediction. It
can be formulated as follows.

Y = Woy (a(ho) + bgy)), (B.27)
where Y/ denotes the prediction, Wp,, is a learnable parameter, a(-) is the ReLU

activiation function, and bg,, is the bias.

4.5 Overall Objective Function

The overall objective of URCL is to minimize the prediction error by Mean
Absolute Error (MAE) for each data stream D;. The objective function is given
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Table B.1: Statistics of Datasets

Dataset METR-LA | PEMS-BAY | PEMS04 PEMSO08
Los . . San San

Area Angeles California Francisco Bay | Bernaridino

Time span 4 months |5 months 2 months 2 months

Sampling interval | 15 mins 15 mins 5 mins 5 mins

No. of Nodes 207 325 307 170

Input steps 12 12 12 12

Output steps 1 1 1 1

in the following:

L
Lk = 211 =), (B.28)
1=1

where £ is the training sample size, Y!is the prediction, and V' is the ground
truth.

The final loss contains two parts: a prediction loss of the prediction task
Ltssx and a GraphCL loss Lsg; for holistic feature learning. We combine them
together and the overall loss is as follows.

Lair = Ltask + Lss (B.29)

The whole process of the URCL is shown in Algorithm 8, where lines 2-3 state
the data preprocessing and lines 4-12 show the training process of URCL.

5 Experimental Evaluation

5.1 Experimental Setup
Datasets

The experiments are carried out on four widely-used graph-based urban
spatio-temporal datasets: METR-LA, PEMS-BAY, PEMS04 and PEMS08, where
METR-LA and PEMS-BAY are related to traffic speed prediction, and PEMS04
and PEMSO08 are related to traffic flow prediction.

* METR-LA. METR-LA is collected in Los Angeles County and contains
the traffic data from March to June 2012 as collected by 207 sensors.

* PEMS-BAY. PEMS-BAY is collected in the Bay Area in California and
contains data from 325 sensors. The time span is from January to May in
2017.

* PEMS04. PEMS04 is collected from highways in the San Francisco Bay
Area and contains 3848 detectors on 29 roads. The time span is from
January to February in 2018.
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PEMS08. PEMSO0S is collectd in SanBernaridino from July to August in
2016. It contains the traffic data collected from 1,979 detectors on eight
road segments.

We choose traffic prediction as a representative case of spatio-temporal
prediction, as traffic prediction is a popular spatio-temporal prediction tasks.
Dataset statistics are provided in Table B.1 and includes area, time span, sam-
pling interval, number of nodes, and input and output steps.

Evaluation Methods.

We compare URCL with the following baseline methods.

ARIMA. The Auto-Regressive Integrated Moving Average (ARIMA) method

is a classic statistic-based method for time series prediction [8].

DCRNN. The Diffusion Convolutional Recurrent Neural Network (DCRNN)

method employs graph convolution networks to capture spatial correla-
tions and the enocoder-decoder architecture with scheduled sampling to
learn temporal correlations for traffic prediction [4].

STGCN. The Spatio-Temporal Graph Convolutional Networks (STGCN)
method applies ChebNet-GCN and 1D convolution to extract spatial and
temporal dependencies for traffic prediction [56].

MTGNN. The MTGNN model utilizes a graph-based deep learning
method to exploit the inherent dependency relationships among mul-
tiple time series for multivariate time series forecasting [10].

AGCRN. The Adaptive Graph Convolutional Recurrent Network (AGCRN)
model captures the fine-grained spatial and temporal correlations auto-
matically in traffic series data for traffic prediction [12].

STGODE. The Spatial-Temporal Graph Ordinary Differential Equation
Networks (STGODE) method adopts a tensor-based graph ordinary dif-
ferential equation network to capture spatio-temporal dynamics and
further is integrated with the temporal dilation convolution for traffic
prediction [5].
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Fig. B.5: Illustration of Replay-based Streaming Spatio-Temporal Data Prediction
Metrics
Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are adopted
as the evaluation metrics, which are defined as follows.
Ly Y-y
M

m=1

MAE =

(B.30)
1 M .

RMSE = 4| — m_ ym||2,
Mm§=1||y Y|

where M is the testing data size, ' is the prediction and y' represents the
ground truth. The smaller the AME and the RMSE are, the more accurate
the method is. We also evaluate the efficiency of the models, including the
training and inference (i.e., testing) time.

Other Implementation Details

We implement our model with the Pytorch framework on NVIDIA Quadro
RTX 8000 GPU.

Continuous Learning Settings. We denote D; as a base set and D, to
D,, as incremental sets, where D = (D1, Dy,---,Dy,) (m > 1) is a sequence
of streaming spatio-temporal data sequences as defined in Section 3. In the
experiments, we use a base set, denoted as 8., and four incremental sets,
denoted as 7}, to I}, to facilitate continuous training. Specifically, we use
30% of each dataset as the base set and the remaining data in each dataset into
four equal parts to form the incremental sets. The base set and incremental
sets are provided sequentially with time evolving.

Training Process. We have tried to establish fair comparisons among the
baseline methods (see Section 5.1) by mapping their original training process
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Table B.2: Performance of Training on Streaming Data on Two Datasets

PEMS-BAY ‘ PEMS08

Method MAE RMSE MAE RMSE

Biet J;Lr Lo Isir I:z Bet Ijn If-r Lo Ifu Bet Iit Iszu Lo I4m Biet Iju Lo | Lo Ijz

OneFitAll | 1.21 |2.76 |2.72|3.75|3.63 | 2.17 | 5.82 | 4.88 | 7.28 | 6.86 | 18.15| 38.75 | 39.32 | 44.22 | 27.21 | 26.28 | 44.29 | 57.34| 63.01 | 37.19

FinetuneST | 1.21 | 3.57 | 3.57 | 3.48 | 3.52 | 2.16 | 7.68 | 7.59 | 7.66 | 7.58 | 18.17 | 32.60 | 33.75 | 34.13 | 33.15 | 26.99 | 37.63 | 39.79 | 33.29 | 35.67
URCL 1.12|1.09|1.21|1.19 | 1.15 | 1.91 | 1.86 | 2.08 | 2.01 | 1.99 | 18.13 | 18.07 | 17.45 | 17.38 | 17.20 | 26.44 | 26.02 | 25.65 | 24.86 | 24.52

into a continuous training processes, as shown in Figure B.5. We first train an
initial spatio-temporal (ST) model on base set D; and then re-train a new ST
model on incremental sets (D,—Ds) based on the last learned model.

Parameter Settings. The model parameters are set as follows. The input
sizes for METR-LA and PEMS-BAY are 12x207x2 and 12x325X2, respectively,
where 12 denotes the number of the previous time slots used for prediction,
307 and 325 are the numbers of the nodes, and 2 is the number of channels
representing traffic speed and flow. Moreover, the input size for PEMS04
and PEMS0S8 are 12 x 307 x 3 and 12 X 170 X 3, respectively, where 3 denotes
channels representing flow, speed, and occupancy. The STEncoder in URCL
contains five layers, the hidden feature dimensions of which are 32, 32, 32, 32,
and 256. The STDecoder contains two layers with 512 and 12 hidden features,
respectively. The output of METR-LA, PEMS-BAY, PEMS04, and PEMSO08 are
1x207%x1,1%x325%x1,1x307x1,and 1 x 170 x 1, respectively. We organize
the buffer as a queue, whose size is set to 256. The parameters of the baseline
methods are set based on their original papers and any accompanying code.
Note that we normalize the streaming data into [0, 1] to facilitate the feature
learning.

5.2 Experimental Results
Performance of Training on Streaming Data

Our URCL proposes a replay-based strategy for training on streaming data,
where a replay buffer is given to store previously learned samples that fuse
with the training data by a spatio-temporal mixup mechanism to preserve
historical knowledge effectively. To evaluate the performance of training on
streaming data, two representative training strategies are used to replace the
replay-based strategy in URCL and are compared with URCL: 1) OneFitAll
that trains a model with the base set and then predicts all the testing data
in the stream of spatio-temporal datasets; and 2) FinetuneST that trains an
initial model on the base set and then fine-tunes the model with incremental
sets repeatedly. GraphWaveNet is used as the base model of OneFitAll and
FinetuneST. We report the MAE and RMSE results on the PEMS-BAY and the
PEMS08 datasets in Table B.2, where the overall best performance is marked
in bold. To save space, we do not report results on the METR-LA and PEMS04
datasets, as these are similar to those obtained for PEMS-BAY and the PEMS08.
The results on other datasets are included in the technical report?’.
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We can see that URCL shows the best performance in terms of MAE and
RMSE when compared with other methods on both datasets. More specifically,
URCL outperforms the best among the baselines by 14.5%—-67.3% and 15.5%—
72.4% for MAE and RMSE on PEMS-BAY, respectively, and 1.2%-49.1% and
8.9%-35.5% for MAE and RMSE on PEMS08, respectively. OneFitAll and
FinetuneST offer acceptable MAE and RMSE results on the base sets on both
datasets, but their performance deteriorates on incremental sets. OneFitAll
shows that as time goes, the new data can be different from the training data,
showing that concept drift happens and a static model does not work, calling
for a CL model. While a simple CL based FinetuneST is not enough, as it
has forgetting problems. URCL achieves relatively stable performance on both
base sets and incremental sets demonstrating its superiority.

Table B.3: Overall Accuracy on Four Datasets

Dataset Metric | ARIMA DCRNN STGCN  MIGNN AGCRN  STGODE  URCL
2 MAE 199 101 392 701 383 739 382
et | RMSE | 882 622 7.98 6.89 6.33 11.42 6.19
| MAE 587 1055 9.99 5.83 678 711 373
« | RMSE | 977 1441 14.77 971 12.42 11.62 6.14
. | MAE 5.88 7,59 383 133 130 735 3.72
METR-LA | L | RMSE | 1049 8.44 5.63 6.89 7.59 1177 6.06
75| MAE 188 177 19 374 13 645 3.60
«t | RMSE | 10.49 6.81 7.00 591 7.59 10.17 5.69
7+ | MAE 500 113 389 131 13 740 374
«t | RMSE | 1099 6.25 5.63 6.94 7.53 11.78 6.01
5 MAE 198 130 31 139 125 189 112
et | RMSE | 385 224 2.28 2.53 2.51 7.93 1.92
| MAE 3.88 11 257 130 114 166 .09
w | RMSE | 498 187 5.58 222 223 7.61 186
. MAE 367 130 220 147 171 244 121
PEMS-BAY | I, | RMSE | 489 2.34 455 2.53 224 3.69 2.08
5| MAE 32 121 333 120 162 531 119
« | RMSE | 677 211 7.06 2.13 201 8.64 2.00
T+ | MAE 592 122 349 117 173 184 115
« | RMSE | 1022 2.00 7.53 2.10 2.05 7.84 1.99
2 MAE | 5679 24.46 3167 2299 22.00 36.54 9.7
et | RMSE | 77.89 33.85 4533 32.99 3632 51.70 31.26
| MAE | 6578 2434 1629 24.76 2465 1855 21.56
s« | RMSE | 87.94 39.33 62.39 35.33 4022 67.01 34.10
pEMsos | 72 | MAE | 6793 327 59.07 29.70 2193 19.60 7161
« | RMSE | 79.02 36.68 79.47 39.64 3597 67.40 34.04
5 | MAE | @9 2595 29.08 26.04 2134 1999 2097
«t | RMSE | 7502 35.28 33.26 35.76 32.86 68.32 3212
o+ | MAE | 6276 23.89 23.10 2581 20.81 1981 2048
« | RMSE | 7822 33.42 3114 35.79 32.66 67.69 32.20
2 MAE | 45.98 2307 1833 2070 23.03 28.58 18.08
et | RMSE | 67.28 3224 27.68 3038 38.44 38.54 27.03
| MAE | 52 2035 1835 20.66 1947 3655 17.82
w | RMSE | 7533 27.92 24.30 2082 3174 46.04 2637
pEMsos | 72 | MAE | D933 215 3932 2027 1745 36.06 17.45
«t | RMSE | 59.89 29.63 57.34 28.97 2735 4525 26.02
5| MAE | 5% 1994 PRy, 22.68 17.70 3612 1642
«t | RMSE | 6579 27.04 63.01 30.24 27.56 45.04 24.88
L+ | MAE | 6289 19.87 2721 1892 1835 36.05 16.44
« | RMSE | 7136 2791 37.19 26.99 28.80 4530 2416

Overall Accuracy

We report the MAE and RMSE values of the methods in Table B.3. The
best performance by an existing method (ARIMA, DCRNN, STGCN, MTGNN,

144



5. Experimental Evaluation

AGCRN, and STGODE) is underlined, and the overall best performance is
marked in bold. Note that we repeatably train each original baseline on each
base and incremental to enable fair comparison with the replay-based strategy
(like Figure B.5). The observations are in the following.

¢ The proposed URCL achieves the best results among all baselines in most
cases, performing better than the best among the baselines by up to 36.0%
and 34.1% in terms of MAE and RMSE, respectively. In most cases, URCL
outperforms the best among the baselines in terms of MAE and RMSE
on the traffic speed datasets (i.e., METR-LA and PEMS-BAY) except for
Is‘it on METR-LA. Moreover, URCL also outperforms the best among
the baselines in terms of MAE and RMSE on the traffic flow datasets
(i.e., PEMS04 and PEMS08) except for Isle , on PEMS08. We observe that
the performance improvements obtained by URCL on the traffic speed
datasets exceed those on the traffic flow datasets. This is because because
much more traffic flow data is available than traffic speed data. Thus, the
baselines using the replay-based training strategy with sufficient data
can get comparable results.

e ARIMA, a traditional statistical method, performs worse than all meth-
ods except STGODE on METR-LA and PEMS-BAY and has the worst
performance among all baselines on PEMS04 and PEMS08. This is be-
cause ARIMA only uses the time-series data of each region and ignores
spatial dependencies. On METR-LA and PEMS-BAY, STGODE performs
the worst since it is customized for speed prediction instead of flow
prediction.

* As a popular spatio-temporal prediction model, AGCRN performs the
best among all the baselines in most cases, due to its powerful ability to
capture spatial and temporal correlations.

From the above observations, we can see that URCL can be applied on both
traffic speed and traffic flow prediction tasks, which indicates generality across
prediction tasks.

Ablation Study

To gain insight into the effects of key aspects of URCL, including the STMixup
mechanism, the RMIR sampling strategy, the data augmentation methods, and
the GraphCL loss, we evaluate four URCL variants:

e wlo STMixup (wlo_STU). w/o_STU is the URCL model without the
STMixup module. We directly concatenate the original observations
and sampled observations from the replay buffer.
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Fig. B.6: RMSE and MAE of URCL and Its Variants

* w/o RMIR Sampling (w/o_RMIR). w/o RMIR replaces the RMIR sam-
pling mechanism from URCL with a random sampling one.

e wlo STAugmentation (wl/o_STA). w/o_STA is the URCL model without
the STAugmentation.

e w/o GraphCL (w/o_GCL). w/o_GCL is the URCL model without the
GraphCL loss.

Figure B.6 shows the MAE and RMSE results on METR-LA and PEMS08.
Regardless of the datasets, URCL always outperforms its counterparts without
the STMixup mechanism, the RMIR sampling strategy, the data augmentation
methods, or the GraphCL loss. These four components all improve the pre-
diction accuracy of URCL, as removing any one of them increases the MAE
and RMSE values on both base sets and incremental sets. Further, on both
datasets, w/o_STA performs the worst among all variants in most cases. URCL
outperforms w/o_STA, reducing the MAE and RMSE values by up to 41.5%
and 47.8%, respectively, thus showing the benefit of spatio-temporal data aug-
mentation. It is noteworthy that we include all the results in the technical
report.

Effect of Different Backbones

Next, we study the effect of using different backbones, which are base models.
For example, the backbone of URCL is the CNN-based GraphWaveNet [10] (see
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Table B.4: Effect of Various Backbones on METR-LA and PEMS04

Dataset Metric DCRNN GeoMAN URCL
5 MAE 197 511 382
s RMSE 818 8.47 6.19
1 MAE 476 487 373
st RMSE 807 8.28 6.14
,  MAE 464 441 372
METR-LA I, RMSE  7.80 7.09 6.06
;5 MAE 461 439 3.60
st RMSE 786 7.28 5.69
7+ MAE 5.54 5.7 374
st RMSE 959 8.77 6.01
5. MAE 1907 19.78 19.77
st RMSE 3225 3119 3126
;1 MAE 2155 2082 2156
st RMSE 3535 3315 3410
, MAE 2206 2107 2161
PEMS04 10, RMSE 3592 3348 34.04
;5 MAE 2178 2149 2097
st RMSE 3221 3434 3212
7+ MAE 2124 2154 2048
st RMSE 3421 3475 3220

Section 4.4). In addition to CNN-based models, two main streams of existing
graph-based spatio-temporal prediction models exist, including RNN-based
and attention-based models that adopt RNNs and the attention mechanism
to learn temporal dynamics, respectively, and employ graph neural networks
to capture spatial correlations. We select two representative models as the
backbones of URCL, i.e., DCRNN [4] that is based on RNNs. GeoMAN [53]
that is based on the attention mechanism, We then compare them with URCL.
For simplicity, we use the names of the backbones as the names of the compared
methods. Table B.4 shows the prediction results on METR-LA and PEMS04.
DCRNN and GeoMAN are neck-to-neck in terms of MAE and RMSE on both
datasets. URCL has the best performance in most cases, but the performance
of the other two models are comparable especially on PEMS04, demonstrating
the generality of URCL for adopting different backbones.
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Fig. B.7: Training and Inference Time on PEMS04

Efficiency

As efficiency is important for spatio-temporal prediction on streaming data,
we study the training time (of each epoch) and inference (testing) time (of each
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Fig. B.8: Training Convergence of URCL on MATR-LA and PEMS08
observation) for all the deep-learning-based methods on PEMS04. Figure B.7
shows the training and inference time of the base sets, as well as the averages of
those of all the incremental sets. One can see that the training time of URCL is
lower than that of DCRNN, as shown in Figure B.7(a). Although the baselines
(except DCRNN) take less time for training, they perform worse than URCL
in terms of prediction accuracy. Figure B.7(b) shows that the inference time of
URCL is far lower than that of DCRNN and is comparable with those of the
other baselines, which indicates the feasibility of URCL for model deployment
in real streaming spatio-temporal prediction scenarios.

Convergence Analysis of Training

We study the training convergence of URCL on MATR-LA and PEMS08—see
Figure B.8. The number of epochs for training each base/incremental set
is 100, which means that we use the first 100 epochs for training B, the
second 100 epochs for training 7.}, the third 100 epochs for training 7?2, and
the rest can be done in the same manner. We observe that URCL converges
after approximately 90 epochs on B;.; of both datasets, which shows that it
converges quickly. Moreover, URCL converges after around 60 epochs on all
incremental sets of both datasets, meaning that it converges faster than on the
base set. This shows that URCL can reduce the training time on the unseen
data substantially and thus can reduce computational costs. In addition, the
training loss curves drop smoothly, after which there are minor fluctuations on
the training loss. This is mainly because the proposed STMixUp mechanism
brings the benefits of regularization.

6 Conclusion
We propose a unified replay-based continuous learning framework for spatio-

temporal prediction on streaming data, that aims to capture the complex pat-
terns in spatio-temporal data. To embrace historical knowledge, an STMixup
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mechanism is designed to integrate training data with representative data
sampled from a replay buffer. By coupling a spatio-temporal SimSiam net-
work with a spatio-temporal prediction autoencoder, the holistic features are
extracted through mutual information maximization. In addition, five spatio-
temporal data augmentation methods are proposed to cope with the SimSiam
network. An empirical study with real datasets offers evidence that the pa-
per’s proposals improve on the state of the art in terms of prediction accuracy.
An interesting research direction is to attempt to further improve the training
efficiency of the proposed URCL.
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1. Introduction

With the proliferation of GPS-equipped edge devices, huge trajectory data
are generated and accumulated in various domains, driving numerous urban
applications. However, due to the limited data acquisition capabilities of edge
devices, many trajectories are often recorded at low sampling rates, reducing
the effectiveness of these applications. To address this issue, we aim to re-
cover high-sample-rate trajectories from low-sample-rate ones enhancing the
usability of trajectory data. Recent approaches to trajectory recovery often
assume centralized data storage, which can lead to catastrophic forgetting,
where previously learned knowledge is entirely forgotten when new data ar-
rives. This not only poses privacy risks but also degrades performance in
decentralized settings where data streams into the system incrementally. To
enable decentralized training and streaming trajectory recovery, we propose a
Lightweight incremental framework for federated Trajectory Recovery, called

LightTR+, which is based on a client-server architecture. Given the limited
processing capabilities of edge devices, LightTR+ includes a lightweight local
trajectory embedding module that enhances computational efficiency with-
out compromising feature extraction capabilities. To mitigate catastrophic
forgetting, we propose an intra-domain knowledge distillation module. Addi-
tionally, LightTR+ features a meta-knowledge enhanced local-global training
scheme, which reduces communication costs between the server and clients,
further improving efficiency. Extensive experiments offer insight into the ef-
fectiveness and efficiency of LightTR+.

1 Introduction

Thanks to the rapid adoption and advancement of mobile sensing devices,
massive amounts of trajectory data are being collected in a decentralized man-
ner, enabling a wide range of trajectory-based applications [1-3], such as traffic
prediction [4], destination prediction [5], and vehicle navigation [1]. However,
in practice, trajectory data is often sampled at a low rate [6], resulting in in-
complete trajectories (a.k.a. low-sampling-rate trajectories), which reduces the
effectiveness of the above-mentioned applications due to the loss of detailed
information and increased uncertainty. Thus, it is important to recover miss-
ing points in incomplete trajectories, a process known as trajectory recovery, to
enable more effective utilization of low-sampling-rate trajectories.

Due to its significance, considerable research efforts have been dedicated
to designing effective trajectory recovery models [7]. Traditionally, statistical
models were employed to recover incomplete trajectories using historical tra-
jectory data [8, 9], often in conjunction with various map-matching algorithms
that align GPS coordinates with corresponding road segments. More recent
studies [10-12] apply neural networks to recover trajectories by learning deep
representations of the trajectories. These networks typically consist of a stack of
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spatio-temporal (ST) blocks designed to capture the complex spatio-temporal
dependencies of trajectories. An ST-block contains base ST-operators, which
can be categorized into convolutional neural networks (CNN) [13], recurrent
neural networks (RNN) [11, 14], or attention neural networks (Attn) [10] based
ST-operators. However, existing methods assume that models are trained with
centralized data collected from edge devices, leading to high collection and
storage costs and failing to handle decentralized training data. Additionally,
with increasing privacy concerns, individuals may be unwilling to disclose
their raw trajectories to untrusted data providers, worrying that their data
can be misused by malicious third parties. Thus, decentralized trajectory pro-
cessing, which enables privacy protection, has become a key issue in current
trajectory-based applications to comply with licensing agreements and data
access restrictions [4].

As a result, we need a decentralized learning model that can adapt to
decentralized trajectory data and learn complex spatio-temporal correlations
effectively. Recently, federated learning (FL) has emerged as a solution for
training models with decentralized data spread across multiple clients (e.g.,
mobile devices, organizations, or platform centers) while ensuring privacy. In
FL, numerous clients train a model under the coordination of a central server,
keeping the training data decentralized. However, existing FL-based meth-
ods [15, 16] do not consider inherent spatio-temporal dependencies, which are
crucial for effective trajectory embedding [11]. In this study, we aim to develop
a novel FL-based trajectory recovery model that combines decentralized data
processing and complex spatio-temporal dependency modeling. Developing
such a model is a non-trivial task due to the following four challenges.

Challenge I: scalability. Existing popular trajectory recovery methods often
suffer from poor scalability, as deep learning-based models are often large,
rendering both training and inference time-consuming and computationally
expensive. This limitation is particularly problematic for resource-constrained
edge computing devices, which are essential for decentralized computation.
In addition, existing methods may incur memory overflow in large-scale trajec-
tory learning settings since the entire network must reside in memory during
training. For example, given N trajectories, each with L points, the mem-
ory cost of attention-based spatio-temporal operators (ST-operators) increases
quadratically with L and N (see Table C.1). Currently, no customized lighten-
ing module exists in trajectory recovery models, and simply lightening existing
models degrades their performance dramatically [17], further limiting the scal-
ability of trajectory learning.

Challenge II: communication cost. During training in FL, multiple rounds of
communication occur between the central server and all participating clients.
Limited network bandwidth and a large number of participating clients can
create a communication bottleneck, leading to increased latencies and re-
duced practicality. Statistically, the collected trajectories across different clients
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are usually not independent and identically distributed (Non-IID). This non-
uniformity (or heterogeneity) leads to a significant increase in the communica-
tion rounds needed to achieve convergence, complicating the development of
an optimal global model. The communication capacities of clients may differ
due to hardware constraints, network connections, and available power. Thus,
it is highly desirable, yet challenging, to develop a communication cost reduc-
tion method in federated trajectory recovery that can address these issues.
Challenge I1I: Domain Interference. Mitigating both inter- and intra-domain
interference in FL for trajectory recovery is particularly challenging. FL typi-
cally involves two phases: aggregation and local updating [15, 18]. During the
aggregation phase, the central server collects and combines local parameters
from active clients. This process can introduce potential inter-interference by
other clients, where the global model becomes confused due to the heteroge-
neous (dissimilar) data from various clients. This inter-interference can hinder
model convergence and degrade performance. Thus, we need to learn effec-
tive meta-knowledge across clients to minimize inter-domain interference (i.e.,
heterogeneities) across clients and maximize inter-client knowledge transfer.
In the local updating phase, each client optimizes its local model with
continuously-generated private data, which can lead to overfitting to the cur-
rent knowledge and forgetting of previous knowledge, called intra-domain
interference, which results in catastrophic forgetting [19]. While many efforts
have been made to use incremental learning (IL) techniques to address intra-
domain interference in computer vision [18, 19], most such techniques are
centralized and do not consider privacy issues, making them unsuitable for
decentralized data. In addition, no IL-based methods exist that are effective at
capturing the unique spatio-temporal correlations unique to trajectories.
Challenge IV: Streaming learning. Trajectory recovery often involves dealing
with data arrives in real-time from various sources such as GPS devices and
mobile applications. This makes it inherently a streaming challenge due to
the continuous data generation, requiring models to adapt in real time. This
continuous setting is challenging for the traditional FL. models, which typically
assume static datasets. These models are trained once on a particular dataset
and then applied to another dataset, with the underlying assumption that
both datasets follow the same distribution. However, in real-world scenarios,
trajectory data is generated incrementally, and concept drift—where data dis-
tributions change over time—occurs frequently in streaming trajectories. As a
result, directly applying these models to streaming trajectories can deteriorate
model performance considerably [19, 20]. This yields a new challenge: de-
veloping an FL model that can incrementally adapt to the incoming data and
consistently perform trajectory recovery tasks over time.
In the preliminary version of this study [21], we developed a LightTR
framework to solve Challenges I and II. Specifically, to avoid high memory con-
sumption and limited scalability (Challenge I), we designed a local lightweight
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trajectory embedding (LTE) model for each client. The LTE model contains
an embedding component and a stack of ST-blocks to learn effective spatio-
temporal representations. Unlike previous studies [14, 22], we formalized a
lightweight ST-operator in the ST-blocks and replaced the popular ST-operators
(e.g., CNNs and Attns) with a pure MLP (multi-layer perceptron) architecture,
considering its lower space complexity (i.e., O(L + D + 1)) and time complexity
(i.e., O(N - (L + D))), where L denotes the number of points in a trajectory, D
is the embedding size, and N is the number of trajectories. We use only one
RNN layer combined with an MLP to ensure the capture of temporal depen-
dencies. To reduce communication costs and accelarate model convergence
(Challenge II), we proposed a meta-knowledge enhanced local-global training
module based on knowledge distillation. Before federated training, we intro-
duced a Teacher model (i.e., a meta-learner) to learn local meta-knowledge for
each client using a portion of its local data. The local lightweight trajectory
embedding model acts as the student model. During FL, the Teacher model
guides the optimization of student models to learn better common features
and achieve faster convergence.

However, LightTR [21] is not equipped to tackle Challenges III and IV.
Therefore, we propose LightTR+, a lightweight incremental framework for
federated trajectory recovery based on horizontal federated learning (i.e., a
server-clients architecture). The objective is to collaboratively train models by
maintaining a shared global model on a central server while utilizing the data
of each client in a decentralized fashion. Specifically, to alleviate intra-domain
interference (Challenge III), we propose an intra-domain knowledge distillation
module. This module leverages the previously trained local trajectory em-
bedding model to transfer knowledge of old data to the current data for each
client in the local updating phase. Additionally, the proposed meta-knowledge
enhanced local-global training module can learn effective meta-knowledge to
alleviate data heterogeneity across clients, thereby limiting inter-domain in-
terference (Challenge III) in the aggregation phase. To address Challenge IV,
we save the local trajectory model learned on previous local data and use it to
constrain subsequent local updating with a distillation loss. When new data
arrives, we distill the knowledge from the saved model to the newly updated
model learned on the current data. Our goal is to enable the local model on
each client to perform well on incoming data while preserving the knowledge
learned from previous data as much as possible.

The major value-added extensions over our previous study [21] are sum-
marized as follows.

* We provide an in-depth analysis of the two key limitations in our pre-
vious federated trajectory recovery framework: its inability to contend
with domain interference and to handle streaming trajectories effectively.

* To the best of our knowledge, this is the first study to systematically
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explore federated incremental learning on decentralized trajectory data,
ensuring privacy protection for locally collected trajectory data. We pro-
pose a lightweight federated incremental framework entitled LighTR+
for trajectory recovery, which leverages knowledge distillation to allevi-
ate catastrophic forgetting.

* We report on experiments using real data, providing insight into the
effectiveness and efficiency of the proposed LightTR+ framework in al-
leviating catastrophic forgetting on decentralized trajectories.

The remainder of this paper is organized as follows. Section 2 covers pre-
liminary concepts and formalizes the problem of federated trajectory recovery.
Section 3 analyzes the drawbacks of existing trajectory learning methods. We
report the design of the LightTR+ framework in Section 4, followed by the
experimental study in Section 5. Section 6 covers related work, and Section 7
concludes the paper.

2 Preliminaries

We proceed to present necessary preliminaries and then define the problem
addressed.

Definition 25 (Road Network) A road network is a directed graph G = (V,E),
where V is a road vertex set, and E is a road edge set. Each v; € V denotes a road
segment intersection or a road end, and each e; ; € E denotes a directed road segment
fromv; to v;.

Definition 26 (GPS Point) A GPS point can be definedasatriplep = (lat,Ing,y),
which captures the latitude lat and longitude Ing of the GPS position including
additional information vy, e.g., address.

Definition 27 (Raw Incomplete Trajectory) A raw incomplete trajectory T is a
sequence of n points, i.e., T = ((p1,t1), (p2, t2), -+, (Pn, tn)), where t; denotes the
timestamp of p;.

Definition 28 (Sampling Rate) A sampling rate € is the time difference between two
consecutively sampled points, which is usually determined by the sampling device.

In practice, the sampling rate often changes near € in most cases because
of the inherent temporal bias of trajectory data. It is also worth noting that the
collected trajectory points may not be precise due to GPS device measurement
errors and GPS noises. Map matching is usually adopted to snap raw points
onto the road network [11, 23-25]. In this study, we use a map-matching
method based on deep hierarchical networks (DHN) [26] to convert a sequence
of raw latitude/longitude coordinates for map matching.
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Definition 29 (Map-matched 285N Ea8#E Trajectory) A map-matched tra-
jectory T with e-sampling rate is a sequence of map-matched trajectory points, i.e.,

T = ((ﬁlftl)"“ '(517 ti)/"' r(ﬁ‘ﬂ/tn))/ (Cl)

where tiz1 —t; = €, p; = (e, r) is the map-matched (trajectory) point at timestamp
ti, e denotes the road segment, and r is the moving ratio. Next, r represents the ratio
between the current moving distance (from the start node of e to the current node)

uﬁd the length of road segment e, i.e., r = %, where dis(a,b) denotes the
distance between nodes a and b, e.N denotes the start node of e, e.N¢,,, denotes the

current node of e, and e.N, denotes the end node of e.

As shown in Figure 2, each road segment e covers the start node e.N; and
end node ¢e.N,, and records the distance between the two points. Next, the
moving ratio r will be determined by the moving distance (from e.Nj to the
current node ¢.N,,,) and the total length of e. For example, if the current node
is located in the middle of e4, we can obtain that » = 0.5.

Definition 30 (Incomplete Map-matched e-Sampling-Rate Trajectory) Anin-
complete map-matched e-sampling-rate trajectory, i.e.,

Tz’cp = <(Fﬁl/t1)/ T /(ﬁjl tj)/' o r(ﬁnrtn)>/ (C2)

is composed of a sequence of map-matched points (e.g., pi) and missing points (e.g.,
pj)-
In the rest of the paper, we will use the terms map-matched point (map-

matched e-sampling-rate trajectory) and point (trajectory) interchangeably when
the context is clear.

Definition 31 (Platform Center) A platform center C, e.g., the distributed data
center of a company, keeps its map-matched trajectory dataset T = {Ty, T, - - , Ti},
where T; is the i-th map-matched trajectory and | is the length of 7. Note that we
consider a platform as a client.

Based on the above definitions, we formally define the studied problem as
follows.

162



3. Analysis and Observations

Federated Trajectory Recovery Problem Statement. Given a server S and
N clients with their local trajectory datasets 7~ = {71, 72, - - - , Tn}, each dataset
7i (1 < i < N)inclient C; is a set of incomplete map-matched trajectories, i.e.,

Ti = {T;‘icp,l’ B ’I;'icp,l
such that for any incomplete map-matched trajectory, their missing coordinates
are recovered. Formally, for each incomplete trajectory T;., in a platform center,

we have

} . Our problem aims to learn a shared global function F(:),

Incomplete Trajectory Recovered Trajectory

< /(ﬁl!tl)/ /(5]1%)/) & <( /(ﬁl/tl)/ /(5]/t])/>/ (C3)

wherel <i<j<n.

3 Analysis and Observations

In this section, we first analyze existing trajectory modeling proposals in a
generic framework and investigate the complexity of representative models.
Next, we identify directions for achieving a decentralized lightweight trajectory
recovery framework.

" |Data centern

Data center 1

Data center 1 Data center n

1. High stor
““tomputa
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v v
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Fig. C.2: (a) A generic framework of existing trajectory recovery methods. (b) An illustration of
the federated learning framework.

To gain insight into the prospects of the decentralized lightening trajectory
modeling methods, we consider representative models [7, 10-12, 14, 27]. Fig-
ure C.2(a) shows a generic framework for these models. Generally, a trajectory
recovery model has three components:

1. a data collection module that gathers data collected from different data
centers into a central server;

2. amachine learning (ML) model consisting of stacked spatio-temporal blocks
to extract spatio-temporal correlations as high-dimensional features;
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3. an optimization module that iteratively updates the model with loaded
mini-batch data by means of forward and backward propagation.

We observe that these trajectory recovery models are trained in a centralized man-
ner while fail to consider the decentralized setting. Although models learned on
such centralized trajectory data hold the promise of greatly improving usabil-
ity, there are risks and responsibilities to storing trajectories in a centralized
location due to their sensitive nature, which also leads to high storage and
computational cost [16]. In addition, it is dangerous that real data can be used
by a malicious third party. Thus, people may be unwilling to disclose their
raw trajectories, which are especially sensitive and private.

This calls for a decentralized trajectory learning model where the data and
computation are distributed among multiple data centers, which brings the
benefit of privacy protection and potentially more efficient processing. We
thus propose to design a new federated trajectory recovery framework, to be
detailed in Section 4.2. Figure C.2(b) shows the typical learning process of
a federated learning framework. Specifically, each data center trains a local
model using its private data, while the server aggregates the parameters of the
learned local models periodically to collaboratively obtain a global model.

In addition, we discuss the benefits in privacy protection of the proposed
framework LightTR+ briefly. First, LightTR+ alleviates sensitive information
leakage since it keeps the training data decentralized and only sends model
parameters to the server. LightTR+ also mitigates malicious attacks by dis-
tributing the learning process across clients, making it harder for an untrusted
third party to use the real trajectories.

In this study, we only consider deep learning (DL) based trajectory model-
ing solutions, which usually are composed of a stack of spatio-temporal (ST)
blocks. ST-blocks, including stacked ST-operators, are the basic ingredients for
extracting comprehensive features. We categorize popular ST-operators into
different families based on the base operators that they extend: convolutional
neural network (CNN) based ST-operators, recurrent neural network (RNN) based ST-
operators, and attention (Attn) based ST-operators. A line of studies [13, 28] applies
CNN-based ST-operators, i.e., temporal convolutional networks, that applies di-
lated causal convolutions to trajectory data for feature extraction. Another line
of research [11, 14] uses RNN-based ST-operators that process trajectories based
on a recursive mechanism, which is usually combined with graph neural net-
work. The rest of studies [10, 12] adopts Attn-based ST-operators that enables
weighted temporal information extraction over long sequences by applying
the attention mechanism to establish self-interactions of input trajectories. The
time and space complexity of the base operators is reported in Table C.1, where
D is the number of embedding dimensions, N is the number of trajectories,
and L is the maximum length of historical trajectories (each historical trajectory
may have different length).
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Table C.1: Categorization and Analysis of Base ST-operators.

Categorization Time Complexity = Space Complexity

§ CNN [13, 28] O(D?-N-L) 0(D?)
S RNN|11,14] O(D?-N-L) o(D?)
=

© At [10,12] O(D?-N-L-(D +L)) 0(D?)

As shown in Table C.1, we observe that ST-operators, which are the main com-
ponents of trajectory learning models, incur high computational and storage costs,
where the time and space complexities are both proportional to D?. It moti-
vates us to develop lightweight ST-operators for trajectory recovery. Although it is
straightforward for achieving lightness to manipulate the embedding size D of
ST-operators, many studies [29-31] have shown that reducing D will inevitably
degrade learning capabilities of ST-operators.

Recent studies [32, 33] show the superior capabilities of multi-layer per-
ceptron (MLP) (also called Dense) based architectures in feature extraction.
MLP-based architectures benefit in low computational cost and fewer parame-
ters while keeping comparable performance to mainstream ST-operators. Thus,
we propose to simplify and reduce the model computations by replacing a
majority of the base network (e.g., CNN) in ST-operators with MLP.

4 Methodology

In this section, we propose a federated trajectory recovery framework, entitled
LightTR+, as shown in Figure C.3.
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Fig. C.3: LightTR+: Lightweight Trajectory Recovery Framework
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4.1 Framework Overview

As shown in Figure C.3, LightTR+ performs horizontal federated learning, i.e.,
a server-clients architecture, to collaboratively train local trajectory learning
models under the orchestration of a central server, while keeping the local data
privacy. LightTR+ can be divided into three modules: local trajectory prepro-
cessing and light embedding, intra-domain knowledge distillation (KD), and
meta-knowledge enhanced local-global training.

* Local Trajectory Preprocessing and Light Embedding. In this module, each
client first preprocesses the collected trajectory data to generate map-
matched trajectories using DHN [26]. Moreover, we introduce a lightweight
local trajectory embedding module to reduce computation costs. Finally,
each client downloads parameters and learns a local model to recover
trajectories.

* Meta-knowledge Enhanced Local-Global Training. In this module, the cen-
tral server aggregates the updated parameters from selected clients to
obtain a global model. In particular, a novel meta-knowledge enhanced
local-global training method is proposed to accelerate model conver-
gence and reduce the cost of communication between clients and the
server by means of knowledge distillation. In addition, the learned
meta-knowledge contends with inter-domain interference across clients.

¢ [ntra-Domain Knowledge Distillation. In this module, we first train a local
model on private trajectory data for each client. When new trajectory
data arrives, we employ a distillation loss to transfer knowledge of the
previously learned local model to the updated local model learned on
the new data.

Next, we will provide the technical details of each module, respectively.

4.2 Local Trajectory Preprocessing and Light Embedding

In this section, we report the preprocessing of local trajectories and the pro-
posed lightweight trajectory embedding module in a client. Note that the
model for the server has the same trajectory learning model architecture, to be
detailed in Section 4.2, as each clients.

Local Trajectory Preprocessing

Given a road network, we first map all collected trajectories into the corre-
sponding road intersections by converting their GPS location into discrete
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units, referring to the Hidden Markov Model (HMM) in DHN [26]. Specif-
ically, given a low-sampling-rate trajectory 7, we obtain the corresponding
map-matched trajectory T as follows:

©={(p1, t1), -, Pis ki), (P, tn))
T = <(31/ tl)/ Tty (gi/ ti)/ e (gl’l/ tYl)) = HMM(T)/

where ¢; = (x;,y;,tid;), V1 < i < n is the converted unit, and x; and y;
represents the i-th grid cell. We extract tid; = [ “=2| to guide the model to
learn how many points should be recovered between two consecutive low-
sampling-rate points.

(C4)

Lightweight Trajectory Embedding

As shown in Figure C.3, the Lightweight Trajectory Embedding (LTE) module
is composed of an embedding model and stacked ST-blocks. The embedding
model encodes the map-matched trajectory T into a single vector to capture
its complex sequential dependencies, while the ST-blocks, containing a cus-
tomized lightweight ST-operator, aim to predict the road segment e and moving
ratio r of missing points, simultaneously.

We proceed to present the embedding model and the lightweight ST-blocks.

Embedding Model. Given a map-matched incomplete trajectory T;, =
<(p1,t1), -+, (pi ti), -+, (Pu, tn)>, the embedding model aims to convert T
into a single vector to capture the complex spatial and temporal correlations.
It is important to model the sequential dependencies of trajectories, which
enables accuracy [12]. We adopt the Gated Recurrent Unit (GRU) architecture
for the embedding layer since GRUs bring the benefits of efficient long-term
temporal dependency capture without performance decay. We input the map-
matched raw trajectory T into the GRU to obtain its hidden features, which are
then input into the ST-blocks. Specifically, we pass the input trajectory T along
the time span [1,2, - - - , n] through the GRU. For each time step ¢, the hidden
features can be formulated as follows,

re = o(Wy - [he-1, 8] + by)

zt = o(Wy - [he-1, &1 + b2)

hy = tanh(Wy, - [ri + he-1, 8] + bn)
he = (1—ze)* hiog +zi % By,

(C.5)

where W represents the weight for respective gate neurons and b is the bias
for the respective gate, and [-] denotes the feature concatenation.

For simplicity, the embedding model derives the hidden features /; of the
encoder for low-sampling-rate trajectories embedding:

hy = embedding(hi—1, s¢-1), (C.6)
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where the last state h; is considered as the learned hidden features, which is
also used as the input of ST-blocks.

ST-blocks. The learned hidden features #; are then input into the stacked
ST-blocks to obtain the data representations for incomplete trajectory recovery.
As illustrated in Figure C.3, to increase scalability and reduce computational
costs, we design a lightweight ST-operator including an RNN layer, where each
RNN cell is followed by a pure MLP-based multi-task (MT) model, which
benefits from the low space and time complexities of MLPs. The RNN can
only predict the numerical coordinates of trajectories; it cannot ensure that the
predicted missing points fall onto the road network. Thus, the lightweight ST-
operator contains a novel MT model to predict the road segment e and moving
ratio v at the same time due to their high correlations, leveraging multi-task
learning [34].

More specifically, we feed h; into the RNN to obtain the high-dimensional
hidden features h;, which capture the sequential dependencies. Next, h; is
input into the MT model to predict the road segment e; and moving ratio r;
simultaneously. The lightweight ST-operator is formulated as follows.

h; = RNN(h;)
e, Iy = MT(I’Z;)
The left center in Figure C.3 shows the detailed architecture of the MT
model to predict ¢; and r;, simultaneously. Specifically, after obtaining hidden
features through the RNN, we first use a dense (MLP) layer with a constraint

mask layer (Mask) and a road segment embedding layer (Emb) to predict the
road segment ¢;, which is formulated as follows.

h¢ g = Dense(h;, Wy) = Wy - h; + by

e' = Mask(h; 4)

hte = Emb(hy 4,e') = ReLU(h; 4 + RNN(e"))

rt = ReLU(Dense([ht e, e' ], W,)) = W, - [ht e, e'] + by,

(C.7)

(C.8)

where W and b denote the trainable parameters and bias, respectively.

Then, e; together with & are concatenated to go through the dense layer
with an activation function (i.e., ReLU) to predict the moving ratio r¢. Next, e;
and ¢ affect ;11 and r141. For example, people may be more willing to visit
places that are close to their current locations. We also input e; and r; into
the RNN. When inferring the missing points between two consecutive points
of a low-sampling-rate trajectory, the hidden state /; of our ST-blocks can be
represented as follows.

hy = STBlocks(h;-1,ei-1,11-1), (C.9)

where ¢;_1 and ;-1 represent the road segment embedding of the predicted
road segment and its moving ratio at timestamp ¢ — 1, respectively.
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Constraint Mask Layer. In order to reduce the training complexities
and achieve fine-grained trajectory recovery, we employ a constraint mask
layer [11]. We use an exponential function (shown in Eq. C.10) to capture the
influence of distance. o

ci = exp(M), (C.10)

4

where dist(p;, pi) denotes the Euclidean distance between the original point
pi and its map-matched point p; on the corresponding road segment e and y
is a parameter related to the road network (y = 125 in our work). Note that
we only consider points in low-sampling-rate trajectories that are not far away
from road segments. If the distance between a road segment ¢ and point p; is
more than 50 meters, we set w(e, p;) to 0. Finally, we combine Eq. C.10 with
softmax as the constraint mask layer, expressed as follows.

exp(hl - w:) O c;
P(eilhi) = T

, (C.11)
DereC exp(hzd “Wer) O ¢

where w. is a trainable parameter matrix. We then use argmax to get the final
prediction of road segment e’.

Intra-Domain Knowledge Distillation

To alleviate intra-domain interference and catastrophic forgetting, we propose
an intra-domain knowledge distillation module that enables effective knowl-
edge transfer from a model learned on previous trajectory data to an updated
model learned on incoming trajectory data. To enable streaming learning, we
save the local trajectory model learned on previous local data and use it to
constrain subsequent local updating with a distillation loss.

In particular, we perform two training steps for each client. First, we train a
local model 67, on client ¢;’s private trajectory data by means of the proposed
local trajectory embedding model. Second, when new data arrives, we finetune
the current local model 67, with the new data to obtain a new local model 6.
We apply a distillation loss Ly;siin between 0/'°“ and 0, to facilitate effective
knowledge transfer from the previously trained data to the new data in order
to avoid intra-domain interference. The distillation loss is designed based on
knowledge distillation, where we consider 6;, and 0/°“ as the teacher and a
student model, respectively. This is formulated as follows.

softmax(0;,)

Laistinn = softmax(6;,)lo g—so Frmax(67)
ci

(C.12)
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Fig. C.4: The Process of Knowledge Distillation
4.3 Meta-knowledge Enhanced Local-Global Training

To contend with inter-domain interference and reduce the communication
cost, we propose a meta-knowledge enhanced local-global training (or meta
local-global training for short) module for model aggregation by means of
knowledge distillation. Figure C.4 shows the process of knowledge distilla-
tion, which includes a teacher model and a student model. Specifically, we first
pre-train a teacher model, also called a meta-learner, to learn meta-knowledge
for each client with a subset of local trajectories (see Algorithm 9). During
local training, each client first downloads parameters from the server, and the
learned meta-knowledge is used to guide the local model (i.e., lightweight
trajectory embedding) learning. We consider the local model as the student
model. Finally, the server aggregates parameters to update the global model
with a subset of clients. In this study, we use the lightweight trajectory em-
bedding model as the student and teacher model.

In federated trajectory recovery, we have N clients, denotedas {Cy, C, -+ ,Cn},
with their own datasets {71, 72, - - - , v }. Each dataset 7; consists of three parts,
a training, validation, and test dataset, denoted as 7; train 7171’“””1, and 7;", re-
spectively. We aim to learn a good trajectory recovery model fi(-) for each
client on its local dataset 7;:

n test

N 1

1 1 j J

mingg 3 =z 0 Lioat(fTL,) Th) 13
i=1 i j=1

where Ly, is the overall loss function, n}**" is the length of 7:"**!, and Tgyouna
is the ground truth of complete trajectory.

We proceed to introduce the local trajectory recovery objective function and
meta-knowledge enhanced local-global training.

Local Trajectory Recovery Objective

As we aim to predict road segment and moving ratio simultaneously, we
combine the cross-entropy loss L1(0) and mean squared error L(0) as the local
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loss function Lj,.,(0) for trajectory recovery. Li(0) is used for road segment
prediction, while we use L,(0) for moving ratio prediction.

Llacal(e) = Ll(e) + #LZ(Q)r (C-14)

where i is a tunable parameter to balance the trade-off linearly between the
road segment and moving ratio prediction. To enable streaming learning, we
save the local trajectory model learned on previous local data, which is adopted
to constrain the subsequent local updating with a distillation loss. Specifically,
when new trajectory data arrives, we employ an additional distillation loss
Lgistin to obtain a local loss function Ljy;(6), formulated as follows.

Liocal(0) = L1(0) + uL2(0) + Lyistin, (C.15)

where Ly is introduced to alleviate the catastrophic forgetting incurred by
intra-domain interference.
The cross-entropy loss is formulated as follows.

7] L
L1(0) = - Z Z Z la;j-ejlog(Re(dje = efldy : j — 1))
-1

(T,TeT) j=11
S.t.d]'_1 = (T, Tl:j—l)/

(C.16)

where T and T represent incompleted trajectories and recovered completed
trajectories, respectively, L is the number of road segments, a;e is the ground
truth of road segment, 4; is the prediction, and Rg represents the lightweight
trajectory embedding module. Next, D is the training data.

The mean squared error is also employed to predict the movement ratio,
which can be formulated as:

|T|
L(0) == > (e —Ro(d;1)?)
(T,TeT) j=1
s.t. dj_l = (T/ Tl:j—l)r

(C.17)

where a;r is the real moving ratio.

Meta-knowledge Enhanced Local-global Training

To achieve faster convergence and reduce communication costs, we propose a
meta-knowledge enhanced local-global training module that uses knowledge
distillation. We first randomly select a subset from the local dataset for each
client and pre-train a meta-learner (a teacher model) to accumulate meta-
knowledge across clients. By combining this with knowledge distillation, the
learned meta-knowledge can alleviate data heterogeneities, thus mitigating
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Algorithm 9 Teacher model training

Input: subsets of Dataset {7]}5\; ; at N clients, Ag, It
Output: A common teacher model fi¢,
1: A« Ag;
2: Train local teacher model f; using Ljyc,; with ‘71'.t rain at each client Cj;
3: Send the current model f; to the next client C;41;
5 acc?fit o f 7280
5: if acc?ﬂ’d > I; then
6 Train f;;1 with 7711 using Eq.C.19;
7: else
8 fi < fin
9 Train f;1 with 7741 using Eq.C.19;
10: end if
11: Repeat steps 3 — 10 until convergence;
12: ftea — fN}
13: Return fie,

inter-domain interference across clients. Each client trains a local model after
downloading parameters from the server with meta-knowledge for guiding the
local training. The server obtains a global model by aggregating parameters
from the participating clients.

Algorithm 9 specifies the process of teacher model training, which is used
by each clients. Here, we train all clients sequentially in a cyclic way, trans-
fering previous knowledge to the next. The previously learned knowledge is
preserved if it is useful for the current client training. Otherwise, it is dis-
carded. This alleviates data heterogeneity across clients. We fix A = Ag to
preserve suficient common knowledge (line 1). Threshold I is used to de-
termine whether to completely preserve the previously learned knowledge
(lines 2-10). When accuracy accff{id < I, too little information is contained
in the current client C;;;. We directly initialize the current model with the
previous one to fully leverage previous knowledge, and thus handle the data
heterogeneity.

We employ the proposed lightweight trajectory embedding model as the
teacher model f;,, to perform the trajectory missing points prediction task with
incomplete trajectories. The teacher model is then used to guide the training
of the local model f;, via knowledge distillation. The knowledge distillation
is formulated as follows.

Ldist(ftem fstu}Ticp) = ||ftea(T;’cp) - fstu(Ticp)”gf (C.18)

where || - ||2 is the L2-norm.
Through knowledge distillation, we can make good use of meta-knowledge
to guide the local training for each client, which alleviates data heterogeneities
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across clients. Therefore, the total loss L;¢,; function for each client C; is:

1
Liotal = = Z Llocal(RG(Ticp)/ Tground)

train
|7- I (Y}Cp/&rotind)e(],—‘t’Aﬂin (C19)
+ALdist(ﬁear Rg; ’E'cp);

where A is a trade-off knowledge transfer and focusing on the current data,
and Lj,c, is the trajectory recovery loss.

Algorithm 10 Meta-Knowledge Enhanced Local Training

Input: Datasets {‘7}}5\; 1 in N clients, Ao, It, teacher model fie,, training epochs
epochmax

Output: Local Trajectory Recovery models {Ré}fil
1: A «0;
2: ¢y — 0
3: whilec,;, < N do
4: acclﬁain — Rg(‘];tmi”);

5 Train Rg using Eq. C.19;

lid lidy.
6 accf’?e; — ft?a(?;”“'Z );
7. acc;{lﬂlld (_ RIQ((];W'Ild); '
8 if acc?’fé’f < acc?““d and accj’”hd < It then
9: A —0;
10: else i i

. valid _ vali _

11: A Ap- 10mzn(1,(acci,m accy®®)«5) 1;
12: end if

13: end while
14: Repeat steps 3 — 15 in epochyay iterations;

15: Return {RIG }f\il

Algorithm 10 illustrates the process of meta-knowledge enhanced local
training (i.e., knowledge distillation) to train a good local trajectory recovery
model for upcoming central aggregation. Specifically, we first set A to 0, which
means no knowledge is learned from the teacher model (line 1). For each client,
we apply gradient descent to update its local model Rg, with local training data

valid

using Eq. C.19 (lines 3-5). When the accuracy acc?}!* of the teacher model

i,tea
is below acc;’” lid of the current local model on local validation data, we keep

A at 0, meaning that there is no guidance by the teacher model as it has less
knowledge of the current client, and we do not want to rely on it. Otherwise,
we dynamically update A as follows.

A Ag - 10 acci —acei )1 (C.20)

Eq. C.20 shows that the better the teacher model performs, the larger the value
of A is, which means that the local model learns more knowledge from the
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Algorithm 11 Local-global Parameter Updating

Input: communication rounds R, initial global model of server 69, number of clients
N, learning rate «, local training epochs E
Output: final global model of server 05
1: foreachround rin[1,2,---,R] do

2 Randomly select C € [1, N] clients from N clients;
3 for each client ¢; € C do
4 The server transmits 6] ~1 {0 client ci;
5 for each local epoch ein [1,2,--- ,E] do
6 07, — argmingLiora(OL,);
7 YLtota1(OF,) < VLtora1(051) — a(OF, — OL71);
8 end for
9: Oc; «— egi ;
10: end for
1: 05 « Yeec L0
12: end for
return 0,

Table C.2: Performance of Training on Streaming Data on Two Datasets (Keep Ratio = 12.5%)

Dataset Method M1 — Geolife. M1 — Tdriv.e- M2 — Geolife' M2 — Tdriv-e.
Recall Precision Recall Precision Recall Precision Recall Precision

MTrajRec+FL 0.587 0.611 0.087 0.096 0.323 0.344 0.187 0.231

Geolife LightTR 0.677 0.743 0.095 0.112 0.455 0.472 0.228 0.285
LightTR+ 0.695 0.724 0.108 0.134 0.511 0.546 0.311 0.437

MTrajRec+FL 0.092 0.112 0.510 0.544 0.336 0.375 0.208 0.221

TDrive LightTR 0.112 0.154 0.611 0.668 0.377 0.436 0.255 0.337
LightTR+ 0.146 0.114 0.608 0.661 0.522 0.612 0.410 0.487

teacher model. After several iterations of model updating, we obtain N local
models for the preceding central aggregation (lines 5-15).

Algorithm 11 shows the process of local-global parameter updating. At
each communication round r, we randomly select a subset of N clients C, which
further reduces communication costs. The server transfer its current model
07! to selected clients (lines 1-4). Each client performs meta-knowledge
enhanced local training according to Algorithm 10, which optimizes a local
empirical risk objective, i.e., Eq. C.19 (lines 5-10). Next, the selected clients
upload their local model parameters 0., to the server. Finally, the server
aggregates the uploaded parameters to update the global model 0, until it
converges to a stationary point 0, (line 11).
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5 Experimental Study

5.1 Setup

Datasets

The experiments are carried out on two real-world public trajectory datasets:
Tdrive and Geolife.

¢ Tdrive. The Tdrive dataset contains taxi-trip-based trajectories in Beijing
from February 2, 2008, to August 2, 2008, including roughly 15 million
trajectory points.

* Geolife. The Geolife dataset contains 17621 taxi GPS trajectories in Asia
from April 2007 to August 2012, including 182 taxi drivers.

Evaluation Metrics

We aim to recover low-sampling-rate trajectories in free space to high-sampling-
rate trajectories mapped onto the road network. Thus, both accuracy of road
segment recovery and distance error of location inference are adopted to com-
pare the performance of our model and baselines.

Recall & Precision. We use recall and precision to evaluate the perfor-
mance of route recovery by comparing the recovered road segments P to the
corresponding ground truths G. Recall and precision are defined as follows.

|Pr N G|
|G

MAE & RMSE. The distance measures, i.e., Mean Absolute Error (MAE)
and Root Mean Square Error (RMSE), are used to evaluate the point recovery
performance. Note that we calculate the distance error based on the road
network by updating the Earth distance to road network constrained distance.
The smaller the MAE and RMSE are, the better the models perform. MAE and
RMSE are defined as follows.

|Pr N G|

Recall =
| Pr|

,Precision = (C.21)

m

1 o
MAE = — ; \dis(g;, &),

m (C.22)
RMSE = J N dis(s;, )12

p=
s.t.dis(gj, §j) = min(rnais(gj, §i), rnais($j, &),

where g; is the ground truth location, ¢; is the predicted map-matched tra-
jectory point, and r14i5(gj, §;) is the length of the shortest path between the
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prediction and the ground truth. Next, we use min(rnais(gj, §i), rnais($j, ;)
as the final error since the road network is a directed graph, where the distance
from g; to gj may not be equal to the distance from g; to g;.

Baseline

We compared the proposed LightTR+ with the following baselines. To the best
of our knowledge, there is currently no FL-based method for discrete trajectory
recovery. To enable fair comparisons, we transfer existing centralized baselines
for trajectory recovery to their federated versions by combining them with
FedAvg [16].

¢ FC+FL. The FC+FL method combines horizontal FL with stacked fully
connected layers (FC) [35] for trajectory recovery.

¢ RNN+FL. The RNN+FL method is a decentralized trajectory recovery
model, where stacked RNNSs are integrated with horizontal FL to collab-
oratively learn trajectory representations.

* MTrajRec+FL. The MTrajRec+FC devises a decentralized trajectory re-
covery model, where the MTrajRec [11] is employed as the local model.

* RNTrajRec+FL. The RNTrajRec+FL method is a horizontal FL trajectory
recovery model, where we set the local model to be RNTrajRec [22], which
applies a graph neural network to learn rich trajectory representations.

¢ LightTR. The LightTR method is a state-of-the-art federated trajectory
recovery model with a lightweight network, which we proposed in our
preliminary study [21].

Implementation Details

We implement the new model with the Pytorch framework on a GPU server
with an NVIDIA GTX 1080Ti GPU. The parameters in the model are set as
follows. We set training epochs to 50 for each client. The initial learning rate is
0.001. The hidden features dimensionality in the local model is set to 512. To
prevent overfitting, we set the dropout ratio to 0.5 in the embedding module.
In addition, the number of clients is set to 20 by default, and each client owns
its decentralized data.

Data Preprocessing

We split the datasets into training, validation, and testing sets with a split-
ting ratio of 7:2:1. The datasets contain high-sampling-rate trajectories. We
thus randomly remove points to obtain low-sampling-rate trajectories with a
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keep ratio. In this study, we use the keep ratio 6.25%, 12.5%, and 25%. Six
points between each two consecutive points in an incomplete trajectory are
required to be restored on average. Referring to an existing study [11], we
apply HMM on the original trajectories to get the ground truth for subsequent
model performance comparisons.

5.2 Experimental Results

Performance on Training on Streaming Data

To evaluate the performance of training on streaming data, two representative
baselines, MTrajRec+FL and LightTR, are compared with LightTR+. We first
train an initial model M1 on either Geolife or Tdrive and then fine-tune M1
with the other dataset to obtain an updated model M2. The results are shown
in Table C.2, where M1 (or M2) — Geolife (or Tdrive) means that applying
M1 (or M2) on Geolife (or Tdrive) for testing. The overall best performance is
marked in bold. As the performance on both datasets exhibits a similar trend,
for brevity, we only show the observations when M1 is trained on Geolife.

We first apply M1 on Geolife (M1 — Geolife) and Tdrive (M1 — Tdrive),
simultaneously. LightTR+ consistently performs better than the two baselines.
MTrajRec+FL and LightTR offer acceptable Recall and Precision on Geolife,
but their performance deteriorates on Tdrive. LightTR+ performs better than
the two baselines on Tdrive in most cases. This may be because the proposed
intro-domain knowledge distillation module enables more generalized feature
learning.

M2 is obtained by fine-tuning M1 with Tdrive. After fine-tuning, we apply
the updated model M2 on Geolife (M2 — Geolife) and Tdrive (M2 — Tdrive)
simultaneously for testing. We observe that LightTR+ achieves the best results
among the methods, which is evidence that LightTR+ can perform effective
feature learning on new data while preserving old knowledge. This is because
of the intra-domain knowledge distillation module, which avoids catastrophic
forgetting by enabling effective knowledge transfer from previously learned
data to current data. Simple fine-tuning based methods are unable to handle
streaming data, as they fail to overcome both inter- and intra-domain inter-
ference. LightTR+ achieves relatively stable performance on both Geolife and
Tdrive, demonstrating its strength over baselines. In addition, both LightTR
and LightTR+ consistently outperform MTrajRec+FL due to the powerful rep-
resentation learning capability of the proposed ST-operator.

Baseline Comparison

Table C.3 shows the performance comparison among different methods on the
two datasets. The observations are as follows.
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Table C.3: Overall Performance Comparison on Two Datasets

6.25% 12.5% 25%
Recall | Precision | MAE | RMSE | Recall | Precision | MAE | RMSE | Recall | Precision | MAE | RMSE
FC+FL 0.212 0.219 0.755 | 1.015 | 0.283 0.215 0.728 | 1.007 | 0.315 0.294 0.685 | 0.807
RNN+FL 0.392 0.417 0.630 | 0.776 | 0.397 0.394 0.628 | 0.741 | 0.456 0.438 0.561 | 0.659
Geolife MTrajRec+FL 0.595 0.601 0.462 | 0.634 | 0.599 0.623 0.455 | 0.636 0.634 0.673 0.410 | 0.546
RNTrajRec+FL | 0.594 0.618 0455 | 0.617 | 0.631 0.655 0431 | 0.611 | 0.669 0.702 0.398 | 0.501

Datasets Baseline

LightTR 0.674 0.679 0.375 | 0464 | 0.724 0.748 0.335 | 0432 | 0.758 0.739 0.323 | 0.435
LightTR+ 0.683 0.711 0.366 | 0.471 | 0.701 0.722 0.354 | 0.449 | 0.705 0.728 0.336 | 0.424
FC+FL 0.211 0.198 0.753 | 1.001 | 0.283 0.232 0.723 | 1.022 | 0.276 0.270 0.662 | 0.804

RNN+FL 0.358 0.355 0.584 | 0.750 | 0.392 0.396 0.547 | 0.682 | 0.456 0.464 0.536 | 0.664
Tdrive MTrajRec+FL | 0.512 0.554 0.532 | 0.697 | 0.543 0.587 0.486 | 0.628 | 0.633 0.685 0.452 | 0.530
RNTrajRec+FL | 0.568 0.611 0.488 | 0.651 | 0.598 0.643 0.447 | 0.585 | 0.620 0.705 0.384 | 0473
LightTR 0.624 0.674 0.395 | 0473 | 0.667 0.707 0.366 | 0.452 | 0.708 0.732 0.332 | 0.446
LightTR+ 0.611 0.677 0.402 | 0.497 | 0.671 0.698 0.365 | 0.448 | 0.687 0.701 0.355 | 0473

¢ LightTR+ and LightTR achieve comparable results in most cases on the
two datasets with different keep ratios (i.e., 6.25%, 12.5%, and 25%),
and they outperform all the baselines. In addition, LightTR+ performs
better than LightTR by up to 4.7% in terms of precision on Geolife when
the keep ratio is 6.25%. Although LightTR outperforms LightTR+ on
Tdrive with a 25% keep ratio, LightTR+ can avoid catastrophic forgetting
when it is applied to streaming trajectories, showing its superiority in
incremental trajectory recovery scenarios.

* LightTR performs better than the best among the baselines by up to
14.7% and 13.19% with keep ratio 12.5% in terms of Recall and Precision,
respectively, on Geolife. This is because of the powerful feature learning
capability of the proposed light ST-operator. Moreover, the learned meta-
knowledge alleviates the data heterogeneity across clients, which further
improves the model performance. We also observe that the performance
improvements obtained by LightTR on Geolife exceed those on Tdrive
since the Geolife data are more sufficient than Tdrive with more useful
knowledge.

¢ AllRNN-based methods (i.e., RNN+FL, MTrajRec+FL, and RNTrajRec+FL),

which are able to learn temporal dependencies of trajectories, perform
better than FC+FL on both Tdrive and Geolife. It shows the importance
of effective temporal dependency capturing for trajectory embedding.
FC+FL performs the worst on both datasets, which demonstrates that
simply stacked FC layers are too shallow to capture the complex tem-
poral correlations and thus shows the necessity of the newly proposed
lightweight ST-operator.

* RNN+FL, MTrajRec+FL, and RNTrajRec+FL can capture the temporal
dependencies, RNTrajRec+FL performs the best. This is because RNTra-
jRec is capable of learning more effective trajectory embeddings benefit-
ing from the graph model, which incorporates the embedding of each
road segment.

The above observations indicate that LightTR is more effective than the existing
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Table C.4: Effect of Local Training Epoch on Both Datasets (keep ratio=12.5%)
Local Training Epoch
3 5 8 10
Recall 0.533 | 0.622 | 0.686 | 0.701
Precision | 0.597 | 0.665 | 0.717 | 0.722

Datasets Metrics

Geolife MAE 0499 | 0432 | 0366 | 0354

RMSE | 0554 | 0511 | 0452 | 0.449

Recall | 0547 | 0.611 | 0.667 | 0.671

. Precision | 0.588 | 0.638 | 0.701 | 0.698
Tdrive

MAE 0502 | 0.443 | 0377 | 0.365
RMSE 0.611 | 0.533 | 0.475 | 0.448

Table C.5: Effect of the Number of Clients on Both Datasets (keep ratio=12.5%)

. Number of Clients

Datasets Metrics 5 10 15 0
Recall 0.631 0.655 0.688 0.701
Geolife Precision | 0.643 0.711 0.742 0.722
MAE 0477 | 0.442 0.389 0.354
RMSE 0.556 0.524 | 0.465 0.449
Recall 0.593 0.622 0.644 0.671
Tdrive Precision | 0.628 0.673 0.688 0.698
MAE 0.498 0.455 0.385 0.365
RMSE 0.583 0.554 | 0.441 0.448

FL-based methods.

Effect of Local Training Epochs

We perform several rounds of local training in each client before global pa-
rameter aggregation. To test the effect of the number of local training epochs
E on each client, we conduct experiments with 3, 5, 8, and 10 local training
epochs. The results are shown in Table C.4. Generally, the results demonstrate
that the model performance improves as the number of local training epochs
increases. In addition, we see that training the local model for each client with
more epochs is more likely to lead to better performance because more effec-
tive hidden features are learned with more local training epochs. Aggregating
higher-quality local models leads to a superior global model, which enhances
overall performance.

Effect of the Number of Clients

To study the effect of the number of clients involved in model training of the
proposed LightTR+, we conduct experiments with 5, 10, 15, and 20 clients. The
results are shown in Table C.5. We observe that the model performance gets
better as the increase of number of clients, due to more clients bringing more
training data. For example, the Recall on Geolife increases from 0.631 to 0.701,
and the Precision on Tdrive increases from 0.628 to 0.698. One can also see that
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the 20-client-based LightTR performs worse than the 15-client-based LightTR
in terms of Precision on Geolife. Generally, the results demonstrate that more
clients participating in training are more likely to lead to better performance
because more useful knowledge is learned from more training data during the
training.

%
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Fig. C.5: Running Efficiency on Geolife

Table C.6: Effect of The Amount of Local Training Data (keep ratio=12.5%)
Fractions of Local Data
25% 50% 75% | 100%
Recall 0204 | 0435 | 0.603 | 0.701
Precision | 0276 | 0476 | 0.654 0.722

Recall 0.114 | 0.377 | 0522 | 0.671
Precision | 0.156 | 0.413 | 0.576 | 0.698

Datasets Metrics

Geolife

Tdrive

Effect of the Amount of Local Traning Data

To study the effect of the amount of local training data involved in LightTR+
training, we conduct experiments with each client using 25%, 50%, 75%, and
100% of their local training data. The results are shown in Table C.6. We
observe that increasing the amount of local training data yields improved
model performance. It shows that incorporating more data into training is
likely to introduce more valuable knowledge, resulting in a better-performing
model.

Running Efficiency

Considering lightness and scalability, we study the running time (of each
epoch), floating-point operations (FLOPs), and the number of parameters
for LightTR+ with four RNN-based baselines (i.e., RNN+FL, MTrajRec+FL,
RNTrajRec+FL, and LightTR) on Geolife. Figure C.5(a) shows the results of
running time, while FLOPs and parameters consumptions are shown in Fig-
ure C.5(b). Generally, LightTR+ has significantly less running time and fewer
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FLOPs due to the lightness of the proposed lightweight ST-operator. We also ob-
serve an exception in that RNN+FL achieves slightly less running time. How-
ever, RNN+FL is much less accurate. In addition, LightTR+ achieves faster
overall convergence, which offers evidence that the proposed meta-knowledge
enhanced local-global training module can accelerate model training. Specif-
ically, LightTR+ converges after around 100 epochs, while MtrajRec+FL con-
verges after around 160 epochs, on both datasets.

It is clear that LightTR+ uses fewer resources than the two most accurate
competing models MTrajeRec+FL and RNTrajRec, while maintaining compa-
rable accuracy. More specifically, LightTR+ reduces the running time by 90%
and 32.9% compared with RNTrajRec+FL and MTrajRec, respectively. Addi-
tionally, LightTR+ obtains FLOPs reduction by 86.7% compared to RNTrajRec
as the high calculation complexities of the attention mechanism in RNTra-
jRec. Note that the communication cost in FL is positively correlated with the
number of model parameters and FLOPs [18, 36], where FLOPs are termed
as system overhead. Thus, the fewer FLOPs and parameters consumed by
LightTR+ bring the benefits of fewer communication costs and less system
overhead in federated trajectory recovery. Overall, the results in Figure C.5
indicate the feasibility and scalability of LightTR+ for model deployment in
real decentralized trajectory recovery scenarios.
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Fig. C.6: Effect of Client Fractions on Both Datasets (keep ratio=12.5%)

Effect of Client Fractions

When we aggregate parameters in LightTR, a certain fraction of clients is sam-
pled to perform model training in each client. To study the effect of client
fraction F on the model performance, we conduct experiments by sampling
four different fractions of clients: 20%, 50%, 80%, and 100%, as shown in Fig-
ure C.6. Generally, the model performance exhibits an increasing trend with
the increase in client fractions in terms of all evaluation metrics. LightTR+
achieved a most improvement of 26.1% in recall and 27.2% in precision, re-
spectively, while getting MAE and RMSE most reduction by up to 37.6% and
27.8%. It indicates that the bigger fraction of clients with more training data
is, the better model performs since more useful knowledge can be learned.
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Ablation Study

To gain insight into the effects of key aspects of LightTR+, We evaluate three
LightTR+ variants.

e w/o horizontal FL (w/o_FL). w/o_FL removes the central server of
LightTR+, where each client trains their model locally and all clients
exchange their local model to each other.

* w/o Lightweight ST-operator (w/o_LS). w/o_LSreplace the Lightweight
ST-operator with MTrajRec to learn local trajectory embeddings for each
client.

* w/ometa-knowledge enhanced local-global training module (w/o_Meta).
w/o_Meta replace the meta-knowledge enhanced local-global training
module with Fed Avg [16].

To assess whether the components in LightTR+ all contribute to the perfor-
mance of trajectory recovery, we compare LightTR+ with its variants. The
results are shown in Figure C.7. The observations are as follows.

* Regardless of the datasets, LightTR+ always performs better than its
counterparts without horizontal FL, lightweight ST-operator, and meta-
knowledge enhanced local-global training module. It shows that these
components are all useful for trajectory recovery.

¢ LightTR+ performs slightly better than w/o_LS. This shows the power-
ful feature learning capability of the proposed lightweight ST-operator,
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even compared with MTrajRec, a recent state-of-the-art trajectory recov-
ery model. However, the complex model always has high space and time
complexities, which incurs poor scalabilities and more computation re-
source requirements.

* w/o_Meta performs the worst among all variants, which shows the im-
portance of the meta-knowledge enhanced local-global training module.
It also offers evidence that the meta-knowledge enhanced local-global
training module is capable of alleviating the data heterogeneities (intra-
domain interference) across clients.

Parameter Sensitivities

We next study how sensitive the model is on the hyper-parameter A and
the threshold [;, as shown in Figure C.8. A is set to different values, i.e.,
0.1, 1, 5, 10. Figure C.8(a) illustrates the effect of A, showing setting A to
5 is the reasonable setting in this experiment. It indicates that the learned
meta-knowledge plays a more important role in trajectory modeling, which
shows the necessity of the proposed meta-knowledge enhanced local-global
training module. Figure C.8(b) shows the effect of I;, which is the threshold
for knowledge accumulation, and we set it from 0 to 0.6. Here, we observe all
curves slightly increase and then decrease. LightTR achieves the best result
when setting [; to 0.4. It indicates that excessive guidance from the meta-
learner will make the local trajectory embedding model confusing, and thus
degrade the trajectory recovery performance.

6 Related Work

We briefly review prior studies on trajectory recovery and federated learning.

6.1 Trajectory Recovery

Trajectory recovery [7, 10, 11, 37] attracts increasing interest due to the in-
creasing availability of trajectory data and rich downstream applications in
intelligent transportation systems. Traditionally, trajectory recovery methods
are mostly based on statistical models [7, 9]. However, the statistical mod-
els cannot capture complex temporal (and spatial) correlations of trajectory
data due to their limited learning capacity. With the advance of deep learn-
ing techniques, recent deep learning based methods [10-12, 14, 21] address
trajectory recovery by leveraging their powerful learning capabilities. For
example, MTrajRec [11] addresses constrained trajectory restoration through
Seq2Seq based multi-task learning. However, these methods are trained with
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centralized data, while disregard decentralized settings and do not take com-
putational efficiency into account.

6.2 Federated Learning

Federated Learning (FL) is a machine learning approach where many clients
(often called edge devices) collaboratively train a model using decentralized
data under the orchestration of a central server [15, 16]. Generally, FL can
be divided into three categories: horizontal FL [16], vertical FL [38], and fed-
erated transfer learning [39]. Moreover, personalized FL [40, 41] is widely
studied recently to address data heterogeneity across clients, which may de-
grade the performance of FL. FedDC [40] introduces local drift decoupling and
correction to address Non-IID data across clients. However, most of the above
methods are designed for computer vision, and cannot be applied to trajectory
data due to the unique spatio-temporal patterns. Recently, FL is applied in
spatio-temporal data (e.g., traffic data) to ensure data privacy [4, 42-44]. CN-
FGNN [4] is proposed to perform federated traffic prediction, which extracts
spatial and temporal features utilizing GNN and GRU. However, these meth-
ods are computational heavily. There still lacks a well-customized FL model
for trajectory recovery, considering the effectiveness and efficiency at the same
time.
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7. Conclusion

6.3 Incremental Learning

Incremental learning (IL), also called continuous learning, learns a sequence
of tasks incrementally with knowledge transfer while mitigating catastrophic
forgetting [18, 19]. IL aims to extend accumulated knowledge from an infinite
stream of data for future learning. Traditionally, IL studies have focused on ob-
ject recognition [45]. With the rapid development of deep learning techniques,
deep learning based continuous learning methods [20, 46] have emerged,
which can be divided into regularization-based [20], replay-based [46], and
architcture-based [47] methods. A recent line of study [48, 49] combines fed-
erated learning with IL to ensure data privacy, termed FIL (Federated Incre-
mental Learning). FIL can be categorized into synchronous FIL [49, 50] and
asynchronous FIL [51, 52]. However, existing FIL and IL methods are primar-
ily tailored for computer vision and natural language processing applications
and do not extend to trajectory data due to its unique spatio-temporal charac-
teristics.

7 Conclusion

We introduce LightTR+, a novel federated framework for lightweight incre-
mental trajectory recovery that aims to support decentralized trajectory learn-
ing and privacy protection. To optimize computational efficiency, we propose
alightweightlocal trajectory embedding module with a lightweight ST-operator
for each client, which effectively extracts features. We propose an intra-domain
knowledge distillation module to alleviate intra-domain interference. In ad-
dition, a novel meta-knowledge enhanced local-global training module is pro-
posed to offer improved communication efficiency between the server and the
clients, thereby reducing data heterogeneity across clients and mitigating inter-
domain interference. Extensive experiments on real data offer evidence that
LightTR+ is capable of state-of-the-art accuracy at trajectory recovery while
consuming fewer computational resources.
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1. Introduction

Movement trajectory similarity computation is important when support-
ing functionalities such as outlier detection and prediction that may, in turn,
fuel a variety of transportation-related applications. Recent trajectory similar-
ity learning solutions often assume that trajectories are available at a central
location. Yet, we are witnessing the decentralized collection of increasingly
massive volumes of trajectories due to the deployment of edge devices. To
enable decentralized training and improved privacy, we propose a federated
trajectory similarity learning framework that features privacy-preserving clus-
tering based on a client-server architecture. The framework encompasses
local, client-side trajectory preprocessing and representation learning. This is
combined with a novel privacy-preserving clustering mechanism that ensures
consistent model updates between clients and the server, thus alleviating the
effects of trajectory heterogeneity across clients. In addition, the framework
features a hierarchical central aggregation mechanism that supports clustered
federated learning. Extensive experiments on real data offer evidence that the
effectiveness of the proposed framework performs as intended.

1 Introduction

With the proliferation of edge computing and devices enabling the capture
of the movements of objects (e.g., vehicles and people), massive volumes of
trajectory data are being collected in a decentralized fashion. This data has
the potential to fuel a variety of trajectory applications [1, 2], such as traffic
prediction [3], outlier detection [4], and Point-of-interest (POI) recommenda-
tion [1]. A fundamental aspect of such applications is trajectory similarity
learning. The left part of Figure D.1 illustrates trajectory similarity, where we
consider T; and T3 as similar trajectories due to their similar characteristics
(e.g., origin, destination, and timestamp #;). In addition, the distance (e.g.,
Euclidean distance) between T, and T3 is smaller than that between T; (or T3)
and T;.

Due to its significance, substantial research has been devoted to inventing
effective trajectory similarity models [2, 5-8]. Traditionally, studies measure
trajectory similarity as the distance between trajectories, and both free-space
measures [5, 9] and road network measures [10, 11] have been proposed. Re-
centstudies [7,12, 13] apply neural networks to compute the similarity between
trajectories by learning deep representations of the trajectories. In real-world
scenarios, trajectories are often generated at edge devices that are distributed
across cities. Yet, most existing trajectory similarity learning models [7, 14] as-
sume centralized training data and fail to take into account the decentralized
setting. In addition to potentially better scalability by enabling more efficient
processing and lower latencies, decentralized processing capabilities can en-
able improved data privacy [15-18] and can support data access restrictions
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due to existing licensing agreements [19]. There are thus good reasons to invent
a new decentralized model that can utilize decentralized data and can learn
complex spatio-temporal semantics of trajectories. However, it is non-trivial
to develop such a model, due to two main challenges.

Challenge I: decentralized trajectory privacy protection. In order to achieve effec-
tive trajectory learning, existing methods require aggregation of all available
trajectories, which may reveal real sensitive information that may be exploited
by a malicious third party. With the increasing data privacy, such central-
ized processing may reduce the willingness of people to share their trajectory
data, thus reducing the data available. Although recent studies in Federated
Learning (FL) provide solutions for decentralized data training on multiple de-
vices and considering privacy, these techniques cannot be applied to trajectory
similarity learning directly due to the unique spatio-temporal characteristics
of trajectories. To our knowledge, no FL models exist that can capture spa-
tial dependencies and temporal correlations effectively in terms of trajectory
similarity computation.

Challenge 1I: trajectory heterogeneity. The distributions of the trajectories
that are collected across different edge devices are usually not independent
and identically distributed (Non-IID) rather, they have been found to be re-
markably heterogeneous [20, 21]. For example, the distributions of trajectories
across children versus adults are different. Children may often be found in
schools and playgrounds, while adults are more likely to be found in office
buildings and shopping malls. When a decentralized model is trained with
such heterogeneous local data, the model is unlikely to generalize well to other
local datasets. The distribution drift across different local datasets makes it
difficult to achieve an optimal global model by aggregating local models. It is
highly desirable, but also non-trivial, to achieve a global model that is able to
contend with data heterogeneity.

To address these challenges, we propose F-TSL, a federated trajectory sim-
ilarity learning framework. F-TSL is designed to enable horizontal federated
learning (i.e., server-clients), where many clients collaboratively train a global
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model using local training data under the orchestration of a central server.
F-TSL encompasses three major modules: local trajectory preprocessing and
learning, privacy-preserving clustering, and server-side aggregation. By dis-
tributing the model training process across multiple clients, F-TSL exhibits
scalability naturally. Especially, we can achieve an effective global model by
selecting a subset of clients for global parameter aggregation in each training
round.

To enable federated learning that supports the unique properties of trajecto-
ries, notably spatio-temporal correlations, we design a local trajectory prepro-
cessing and learning module with a well-customized local trajectory learning
model for use by clients. Specifically, a client first downloads the road network
and parameters from the central server and then maps its trajectories onto the
road network. Finally, the client utilizes the local trajectory learning model,
which includes a spatio-temporal encoder and a spatio-temporal decoder, to
learn effective spatio-temporal embeddings.

Next, the privacy-preserving clustering module aggregates similar clients
together to contend with trajectory heterogeneity by means of a differential
privacy method (i.e., Laplacian [22]) to avoid information leakage during clus-
tering. This allows clients with similar trajectory data to profit from one
another while reducing negative effects between clients with dissimilar data,
thus facilitating more consistent model updates between the server and clients
and improving the effectiveness of trajectory similarity learning. Considering
the fine-grained information in trajectories, we employ the Hausdorff distance
to compute trajectory similarity. In the server-side aggregation module, an
additional alignment loss inspired by the Moreau envelope mechanism [16] is
adopted for regularization in the training of clients to minimize the differences
between local models trained by clients and the global model trained by the
server.

The major contributions are summarized as follows.

¢ To thebest of our knowledge, this is the first systematic study of federated
trajectory similarity learning. We propose F-TSL, a federated similar-
ity learning framework for decentralized trajectory similarity learning,
which offers privacy protection of locally collected trajectories.

* We introduce a local trajectory preprocessing and learning module to
capture effectively spatio-temporal correlations of trajectories by means
of a well-customized local trajectory learning model.

* To contend with trajectory heterogeneity, a novel privacy-agnostic clus-
tering mechanism is proposed to facilitate more consistent model up-
dates between clients and the server. In addition, we introduce an
alignment loss to minimize the differences between local models and
the global model.
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Table D.1: Summary of Notations

Symbol Definition
G Road network
14 Vertex set
E Edge set
v; Road segment intersection or road end
eij Road segment from v; to v;
pi GPS Point
T Raw trajectory
ti Timestamp of p;
pi Map-matched point
T Map-matched trajectory
A Control parameter
T Map-matched trajectory dataset
S Central server

* We report on experiments on real data, offering evidence of the effective-
ness of the new framework and its components.

The remainder of this paper is organized as follows, and Section 2 intro-
duces preliminary concepts and the federated trajectory similarity problem.
Section 3 analyzes the drawbacks of existing trajectory learning methods. We
then present our solutions in Section 4, followed by the experimental evalua-
tion in Section 5. Section 6 surveys the related work and Section 7 concludes
the paper.

2 Preliminaries

We proceed to present necessary preliminaries and then define the problem
addressed. Table D.1 lists the notations used throughout the paper.

Definition 32 (Road network) A road network is modeled as a directed graph G =
(V,E), where V is a road vertex set, and E is an edge set. Each vertex v; € V
represents a road intersection or a road end, and each edge e; ; € E indicates a directed
road segment from v; to v;.

Definition 33 (Point) A point is a triple p = (lat,lon, y) that records a latitude lat
and longitude lon including additional information y, e.g., address.

Definition 34 (Raw Trajectory) A trajectory T is a sequence of points at n discrete
timestamps, i.e.,

©={(p1,t1), (P2, t2), -, (Pn, tn)), (D.1)

where p; denotes a geo-location (point) and t; is the corresponding timestamp.

In practice, collected trajectory points may not be accurate due to GPS
device measurement noises or errors. Map-matching is usually adopted to
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project raw points onto an underlying road network [23]. We use the Incre-
mental Map-Matching [24] method to convert a sequence of raw coordinates to
coordinates in the road network that then become a sequence of road-network
vertices that encode a connected sequence of edges. Specifically, the trajectory
points are assumed to be located on the vertices in G. If a point p; is located
on an edge e, we split e into two sub-edges by introducing a new vertex p;.
Consequently, a raw trajectory 7 is transformed into a directed path in G from
a start vertex to an end vertex as follows.

Definition 35 (Map-matched Trajectory) Given a raw trajectory t and an under-
lying road network G = (V, E), the trajectory T obtained by map-matching of 7 is a
sequence of n vertices in G, i.e.,

T ={(p1,t1), (p2,t2),- -+, (P, tn)), (D.2)
where p; € V denotes a vertex in G and t; represents the corresponding timestamp.

Definition 36 (Trajectory Similarity) Given two trajectories T; and T;, the spatio-
temporal similarity D(T;, T;) is defined as a weighted, linear combination of spatial
and temporal similarity.

D(T;, Tj) = A Dspa(Ti, Ty) + (1 = A) - Drem(Ti, Tj), (D.3)

where Dsp, and Dren denote spatial and temporal similarity, respectively, and A €
[0, 1] is a parameter controlling the contributions of spatial and temporal similarity,
thus providing flexibility that can be used to support different applications as discussed
in Section 1.

To define D, we adopt an existing network-aware distance measure such
as Two-Phase divide-and-conquer algorithm (TP) [25], Distributed In-Memory
Trajectory Analytics (DITA) [10], Longest Common Road Segment (LCRS) [11]),
and Network-aware Edit Distance with Real Penalty (NetERP) [14]. These
distance measures can be used for spatial similarity computation, i.e., Z)gpg, as
well as temporal similarity, i.e., Dr., [25]. Please refer to the literature [26]
for a more detailed coverage of these measures.

Based on the above definitions, we formally define the federated trajectory
similarity learning problem as follows.

Federated Trajectory Similarity Learning. Consider a user with personal
trajectories as a client. Given a central server S with a road network G, and
K clients with local trajectory datasets 7~ = {71, 72, - - - , Tx}, the problem is to
learn a shared global score function ¥ (:, -), such that for any pair of trajectories
T; and T; from 7 in each client, the difference |7 (T;, Tj) - D(T;, T)| is minimized.
Note that each client keeps its local data and only transfers parameters to the
central server during training by considering privacy.
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3 Discussion

We proceed to first analyze existing trajectory similarity computation pro-
posals in a generic framework and then identify directions for achieving a
decentralized trajectory similarity learning framework.

‘Edye device 1 Edge device ‘

I, High storage and

comput: I cost, ‘Edge Device 1

« |Edge Device X ‘

Load a local mini-batch |

privacy ris T
v v
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Centralized model update L Central Server S
Download

(@) (b)

Fig. D.2: (a) A generic framework of existing trajectory recovery methods. (b) An illustration of
the federated learning framework.

To understand the prospects of a decentralized trajectory similarity learn-
ing method, we consider existing representative trajectory similarity learn-
ing methods [7, 12, 13, 23], that perform in a centralized fashion. A generic
framework for these methods is shown in Figure D.2. Generally, a trajectory
similarity learning encompasses three components:

1. adata collection component that collects data from edge devices to a central
server;

2. a machine learning (ML) model consisting of different spatio-temporal neu-
ral networks to extract spatio-temporal correlations from historical tra-
jectories as high-dimensional features;

3. an optimization component that updates the model iteratively based on
mini-batches of data by means of forward and back propagation.

It is obvious that existing trajectory similarity learning methods perform
in a centralized fashion while are unable to contend with a setting where tra-
jectories are not stored at a central server. Although the models learned on
centralized trajectories by these methods bring the benefits of greatly improv-
ing the usability of real-world applications, there are also additional risks and
responsibilities associated with storing trajectories in a centralized location.
With strict privacy regulations in place and given the sensitive nature and
monetary value of trajectory data, data owners not not be willing to share their
raw trajectories to a third party.
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This motivates us to design a decentralized trajectory similarity learning
model, where data and computation are distributed among multiple edge
devices, which enables improved data privacy protection, potentially more
efficient processing and lower latencies. We thus propose a new federated
trajectory similarity learning framework based on horizontal federated learn-
ing [27], to be detailed in Section 4. Figure D.2(b) shows the typical learning
process of a horizontal federated learning framework. Specifically, each client
first learns a local model using its local data, while the central server aggregates
the parameters of the local models periodically to update its global model.
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Fig. D.3: F-STL Framework Overview

The novelties of the proposed framework are as follows. First, we first study
the federated trajectory similarity learning systematically. Second, we design a
well-customized local trajectory learning model to consider the unique spatio-
temporal correlations and the road network information. Third, we design
a novel privacy-preserving clustering mechanism to contend with the data
heterogeneity across clients by considering unique trajectory characteristics.

As described in many existing studies [28-31], Federated learning is a
machine learning setting ensuring privacy protection. We aim to enable tra-
jectory similarity learning across different clients (i.e., edge devices) without
modifying the implementations of the general horizontal federated learning
framework (i.e., a client-server architecture) [28, 31], that guarantees privacy by
asking clients to share local model parameters instead of their local trajectory
data. In addition, client updates are encrypted to ensure that there is no pri-
vacy leakage of clients at the central server following the study [31]. We do not
include a formal coverage of privacy protection, but instead, refer interested
readers to the literature [28, 29, 31]. The proposed F-TSL offers two benefits
related to privacy. First, F-TSL alleviates sensitive information leakage, since
it keeps the training data decentralized and only sends model parameters to
the central server. Second, F-TSL is robust to potential attacks. An attacker
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may need to compromise multiple clients simultaneously to gather a mean-
ingful amount of sensitive data. By distributing the learning across multiple
clients, F-TSL mitigates malicious attacks, making it harder for an untrusted
third party to use the real trajectories.

4 Methodology

We detail the Federated Trajectory Similarity Learning (F-TSL) framework for
decentralized trajectory similarity computation. We first give an overview of
the framework and then provide specifics on each module in the framework.

4.1 Framework Overview

F-TSL is based on horizontal learning and uses a client-server structure to
collaboratively train local trajectory learning models under the orchestration of
a central server, as illustrated in Figure D.3. It consists of three major modules:
local trajectory preprocessing and learning, privacy-preserving clustering, and
server-side aggregation.

* Local trajectory preprocessing and learning (LTPL). In this module, each
client first preprocesses locally collected trajectory data. Meanwhile, it
downloads parameters and the global road network and then maps all
trajectories to the corresponding roads. Finally, the client learns a local
model to quantify local trajectory similarity.

* Privacy-Preserving Clustering (PP-Cluster). Clients with different trajec-
tories often exhibit remarkable heterogeneity, without the consideration
of which performance will degrade. In this module, a novel privacy-
preserving clustering mechanism aggregates similar clients by means of
Hausdorff distance for consistent model updates between clients and the
server.

» Server-Side Aggregation (SSA). In this module, each cluster aggregates
parameters from its clients to obtain a regional model. The central server
aggregates these regional models based on the road network to update
the global similarity score function.

Next, we present each module in detail.

4.2 Local Trajectory Preprocessing and Learning

In this section, we cover the preprocessing and learning of local trajectories in a
client. Note that the model for the central server and the models for all clients
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Fig. D.4: Local Trajectory Learning Model

share the same trajectory learning model structure, as shown in Figure D.4.
We elaborate the trajectory learning model in Section 4.2.

Local Trajectory Preprocessing

Given a road network that is downloaded from the central server, we first
map all trajectories to the corresponding road intersections according to the
Incremental Map-Matching (IMM) method [24]. This way, we convert the raw
GPS data into time-ordered trajectories as follows.

T ={(p1,t1,), (p2,t2), -+, (Pu, tn)), (D-4)

where p; is i-th point at time stamp t; and n denotes the trajectory length. To
tackle the issue of noisy data and to learn powerful trajectory representations,
we remove trajectories with fewer than 10 points (i.e., n < 10). Further, to
facilitate the capture of spatial and temporal correlations, we further separate
T into T; = (p1,p2, - ,pn) and T; = (t1,t2,- -+ , t,) that represent the spatial
and temporal aspects of T, respectively.

Local Trajectory Learning

Existing trajectory embedding methods focus predominantly on capturing spa-
tial correlations of trajectories while ignoring temporal dependencies. To better
capture spatial and temporal dependencies of trajectories, inspired by [23], we
introduce a local trajectory learning method, including a spatio-temporal en-
coder and a spatio-temporal decoder, which uses each client’s local data to
learn effective trajectory embeddings.

Spatio-Temporal (ST) Encoder. Given T; and T;, the ST encoder (see Fig-
ure D.4) aims to learn spatial and temporal embeddings of trajectories. It first
learns spatial and temporal embeddings and then combines them.
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hs = SpatialEmbedding(T)
hy = TemporalEmbedding(T;) (D.5)
h=hs+h,

where h; and h; denote the learned spatial and temporal embeddings,
respectively, + is element-wise addition.

Spatial Embeddings. Spatial embeddings are designed to learn spatial cor-
relations of trajectories. Given T;, we first adopt Node2Vec [32] to capture
the co-occurrence of the adjacent locations, which aims to learn road struc-
ture information. Specifically, given a point p;, we obtain its embedding e;
by approximating the spatial conditional probability of its nearby points as
follows.

e; = Node2Vec(p;) (D.6)

After obtaining all the embeddings emb = (e1, ez, -+ ,e,) of T;, we input
emb into stacked GCN layers to learn final spatial embeddings.

Ty = 0((ei ® ) aijWsej) +by,), (D.7)
JEN;

where ® denotes the concatenation operation, N; is the neighborhood set of
pi, ai,; is an adjacency weight, W; is a learnable parameter, and b, represents
the bias. Based on Equations D.6 and D.7, we learn high-dimensional features,
hs = hpy, hp,y, -+, hyp,), which captures spatial correlations of Ts.

Temporal Embeddings. Given T;, we embed it to get a vector with size of [ +1
for each timestamp t as follows.

St[i]={ wit + b;, 1i=0

cos(wit +b;), 1<i<l, (D.8)

where w; and b; represent learnable parameters and bias, respectively, and

cos(-) is the cosine function. Based on Equation D.8, we embed T; into time

vectors i} = (s1,s2,--+,5,). Then we input ;] into stacked recurrent neural

networks (RNNSs) to further learn high-dimensional temporal dependencies of
T;.

hy = RNNs(h}) (D.9)

Spatio-Temporal (ST) Decoder. The learned spatio-temporal embeddings

h (see Equation D.5) are then input into the ST decoder to decode the data

representations for similarity computation. As shown in Figure D.4, the ST
decoder contains several stacked RNNs, RNNs(-), followed by an attention
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layer, Attention(-), to learn a projection function for computing similarities. It
can be formulated as follows.

hdecode = RNNS(h)

n
v = Attention(hecode) = Z @ihgecodeli], (10
i=0
exp(hdecodc[i])
27:0 exp(hdecode[j])/
Following previous studies [7, 23], the dot product is adopted to measure
the similarity between embeddings of trajectories. Specifically, for a pair of
trajectories T; and Tj, we learn their respective embeddings vr, and vr;, and the

where a; = and v is the learned embeddings.

similarity score F (T;, T;) = v% v, where T is the transpose operation.

4.3 Privacy-Preserving Clustering

To alleviate the problem of data heterogeneity, we propose a novel privacy-
preserving clustering mechanism to aggregate similar clients together by calcu-
lating the Hausdorff distance between locally perturbed embeddings of clients,
aiming at achieving more focused model updates to ensure consistent model
updates between the server and clients. Considering privacy protection, we
first perturb the locally learned trajectory embeddings V = (v1,v2,---,v1)
of each client to V’ = (vi, vy, v; ) by means of differential privacy, where
I is the length of the local dataset. Then, we partition all clients into clus-
ters M = {Mi, My, --- , M}, where Y12 |[M;| = K, based on the Hausdorff
distance between the perturbed embeddings of clients, which considers the
information of individual trajectories.

We first give two necessary definitions: e-differential privacy [33] and
sensitivity.

Definition 3 (e-differential privacy) A random algorithm M is e-differentially
private if VS C OutRange(M) and two datasets X and Y = [X;z](z € RY), we have

Pr[M(x) € S] < e“Pr[M(Y) € S]. (D.11)

Definition 4 (sensitivity) Fora function f, the sensitivity of f is defined as follows.
Af =max]||f(X) - f(V)lh (D.12)

Privacy-Agnostic Perturbation. Usinglocal data from clients directly when
performing clustering may cause sensitive information leakage. To avoid this
problem, we propose a privacy-agnostic perturbation method based on differ-
ential privacy (i.e., a Laplacian mechanism). In particular, given a client ¢; with
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local trajectories 7; and local trajectory learning model f(-), we perturb the orig-
inal trajectories by adding Laplacian noise to their learned high-dimensional
embeddings V.

M(Ti)=f(T)+z=V +z,
z; ~ Lap(0, A—ef),zi €z (D.13)
= M(T3),

where z = (21,22, ,2z4), d is the feature dimension of V, and Lap(-) is the
Laplacian distribution.

Theorem 2 V' = M(7;) preserves de-differential privacy.

proof 2 Let p, and p, denote the probability density of M(x) and M(y) at an arbitrary
output v’, respectively. We have:

ex _d€|f(x)i—2i|
Px(U') ~ q P Af

Py(vl) - =1 | exp (_de|f1yf)i—z,'|)

ﬁ ( e (|f ()i —zi| - |f () —zil))
exp Af (D.14)
i=1

1

: de |f(x)i = f(y)i]
nex( s )

lz; (de : IIf(xA)f— fWlh )

where x and y are two trajectories in T;, and q is the number of the feature dimensions.

IA

< exp(de),

We use the Laplacian mechanism to perturb embeddings for all clients.
Specifically, for client c;, we perturb embeddings V' = (v}, v},--- ,v]) for the
following Hausdorff distance based clustering.

Hausdorff Distance based Clustering. Most existing federated cluster-
ing methods [34, 35] consider a client as a whole and perform clustering at the
client level, ignoring the influence of fine-grained local data (i.e., client-specific
trajectories), which hurts trajectory learning performance [36]. To solve this
problem, we design a Hausdorff distance based clustering mechanism to ag-
gregate similar clients in high-dimensional feature spaces, by measuring the
maximum mismatch degree among trajectory embedding sets in clients.

The Hausdorff distance based clustering is shown in Algorithm 12. Specif-
ically, we first select M cluster centers that are far away from each other in the
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Algorithm 12 The Hausdorff Distance based Clustering

Input: a set of clients C = {c1,--- , cx} with locally perturbed trajectory embeddings

V! C c;, the number of cluster centers M

Output: M cluster centers: My, My, -+, M

LN

10:
11:
12:
13:

14:
15:
16:
17:
18:
19:
20:

R N

: Randomly select a client c; in C as the first cluster center M;

C—C-g¢;

: for ¢ inC do

Compute Hausdorff distance between embeddings of client C]-(Vj’ € ¢j) and
cluster My (V/ C ¢;) by Equation D.15

Dis(cj) « HD(V].’, V)
end for

: Sort C by Dis(-) in descending order _
: Select top M — 1 clients C;y;; in sorted C as remaining initial cluster centers

C—C-Cjyi
while M is changed do
for ¢ (V! C c)in C do
for My, (V;, € My,) in M do
Compute Hausdorff distance between embeddings of client cx and cluster
center M »( by Equation D.15
Disc(Mm) < HD(V/,V},))
end for
m* «— argmingDisc(M;;) % Assign cy to closest center
My — My U ¢
Ve eV .U Vl:
end for
end while

high-dimensional space (lines 1-9). Then, for unselected client c;, we compute
the Hausdorff distance among embeddings of client ¢; and M cluster centers
in the high-dimensional feature space (lines 12-15). The computation of Haus-
dorff distance is given by Equation D.15. Finally, we group the client with its
nearest cluster center (lines 16-18) until cluster centers are unchanged.

Hausdorff Distance Computation. Given two clients with local perturbed

embeddings, V/ and V].’, we compute their Hausdorff distance HD(:) as follows.

HD(V,, V) = max(m(V, V), m(V/, V),

m(Vi', V]’) — I?a)?(gg\l}lf(dis}f(v:’ U;)))/ (D.15)
m(V/, V{) = max(min(dist(v}, 0)))),
v'eV! vieV! ]

i

where dist(-) is the Euclidean distance between high-dimensional perturbed
trajectory embeddings.

Figure D.5 shows an example of Hausdorff distance computation between

two local embedding sets V! = (v/,,v],) and V].’ = (v}, v;3>. For em-

i1 i1 Y
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Fig. D.5: Hausdorff Distance Computation

bedding v/, in V/, we calculate the Euclidean distance between v}, and any
embeddmg in V iteratively, where d; is the minimum distance. Similarly,
we find that d, i 1s the minimum distance between v; » and V] where d> > d.
Then, we use d; for m(Vi’, Vj’), which is the shortest distance between Vl.’ and
V].’ . Since we have a directed road network, we obtain the shortest distance
m(V/.’, V!) between V/.’ and V! similarly. Finally, it is easy to see that m(V/, Vj’)
is smaller than m(Vj’, V/). Thus we use m(Vj’, V!) as the Hausdorff distance
between V/ and Vj’.

4.4 Server-Side Aggregation

We propose a server-side aggregation method to collaboratively train the clus-
tered clients, which first aggregates parameter updates on a local cluster with
a subset of clients and then performs parameter aggregation among clusters.

In federated trajectory similarity learning, we have K clients, denoted as
{c1,¢2,- -+, cx}, each with its own dataset 7; that has three parts: a training, a
validation, and a test dataset, denoted as 7;”‘”'", 717”“1 id and 7.'°!, respectively.
We aim to learn a good trajectory recovery model #;(-) for each client ¢; on its
local dataset 7;:

fect
z

Llocal(g:i(]}/ T, Tq))/ (D16)

Mz

tes
i=1 z j=1

where Ljoq; is the local loss function, to be detailed in Equation D.17, nf“t isthe
length of 7.'**', and T, and T}, are sampled similar and dissimilar trajectories
of T;, respectively.

Next, we introduce the local objective function of each client and hierarchi-
cal parameters updating in a federated training way.

Local Objective Function. The local objective function contains two parts,
a loss of trajectory similarity Ls;;; and a client-cluster alignment loss Lgjign,
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Algorithm 13 Hierarchical Parameter Update

Input: R: communication rounds, 92: initial global model of server, M: cluster num-
bers, E: local training epochs, a: learning rate
Output: 0s: final global model of server
1: foreachround rin[1,2,---,R] do

2: Server transmits 0] ~! to M cluster centers

3: Q) « 92 for cluster My, in M clusters

4: for M,; in M clusters do

5: Sample F fraction of clients in M,

6: Transmit ®,;, to selected clients in M,

7: for each selected client ¢; € M;; do

8: for each local epoch ein [1,--- , E] do

9: O¢; < argming Ljpcq1(6¢,)
10: VLlocal(egi) — VLlocal(Qgi_l) - a(@ Qr 1)
11: end for
12: Oc; « 0L,
13: Transmit local client model O, to the respective cluster
14: end for v
15: < 2 piree
16: end for
7. 0« 3M Loy,
18: end for

for alleviating data heterogeneity. We combine them together, and the overall
local loss of a client is as follows.

Liocar = Lsim + Lalign (D.17)

Following existing studies [7, 23] on trajectory similarity, we adopt a triplet-
based pair-wise loss for effective and robust training.

Lim=max ) ) IF(TwTn) <F (T, T),  (D18)
Tn€T T,€T ,T,€T \{Tu}

where T, is a randomly selected trajectory in 7°, T, and T, are sampled similar
and dissimilar trajectories of T, respectively, and I(-) is an indicator function,
where it equals one if the condition (i.e., ¥ (T,,, Tn) < ¥ (T, T;)) holds, other-
wise it is zero. Note that we randomly sample the trajectory of T;, instead of
traversing all trajectories to improve efficiency.

To contend with data heterogeneity, inspired by the Moreau envelopes in
personalized federated learning [37], we propose a simple but effective client-
cluster alignment loss to balance the updates between clients and the cluster
center. For a client ¢; in cluster M;, we have

A
Lalign = 5”61 - G)j”z/ (D.19)
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Table D.2: Statistics of Datasets

Dataset Tdrive TaxiRome
City name Beijing Rome
Time span 2/2/2008 ~8/2/2008 1/2/2014 ~2/3/2014
Number of taxis 10,357 320
Number of points 15 million 367,052
Collection type GPS GPS

where A is a control weight, 0; is the local model of client c;, and ®; is an
aggregated model of cluster j. We combine Ls;,, and Lyjigy to train a suitable
local model for a client and ensure it not drift off the aggregated model of its
corresponding cluster.

Hierarchical Parameter Updating. We propose a hierarchical parameter
updating method to perform clustered federated training, as shown in Algo-
rithm 13. In particular, at each communication round r, the central server
transmits its current model 6] -1 to each cluster (lines 1-3). Each cluster trans-
mits its current parameters ©,, to a subset (F fraction) of the clients, aiming
to reduce the training time (lines 4-6). Each active client optimizes a local
empirical risk objective, which is the sum of similarity loss and alignment loss
(lines 7-11). Next, the cluster updates its universal model (lines 12-15) to pro-
ceed with more focused model updates, i.e., the model updates of clients are
consistent with those of the server. Finally, the central server aggregates pa-
rameters from clusters to update its model 05 until it converges to a stationary
point 65 (line 17).

5 Experimental Evaluation

5.1 Experimental Setup

Datasets

The experiments are carried out on two widely-used public trajectory datasets:
Tdrive and TaxiRome.

 Tdrive!. The Tdrive dataset contains taxi-trip-based trajectories includ-
ing 10357 taxi drivers with 15 million GPS points. It covers taxi trips in
Beijing from Feb. 2 to 8, 2008.

» TaxiRome?. The TaxiRome dataset contains 367,052 taxi GPS points
generated by 320 taxi drivers, which are collected in Rome over 30 days.

The dataset statistics are provided in Table D.2, which includes the city name,
the time span, the number of taxis, and the number of points.

lh’tt'ps: / /www.microsoft.com/en-us/research/publication/t-drive-trajectory-data-sample /
Zhttps:/ /crawdad.org/roma/taxi/20140717/
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Baselines

We compare the proposed F-TSL with the following baseline methods.

* FC+FL. The FC+FL method employs stacked fully connected (FC) net-
works as the local model trained with Fed Avg [28] under the horizontal
federated learning (FL) framework.

¢ RNN+FL. The RNN+FL combines horizontal FL with a stacked RNN to
train a decentralized model for trajectory similarity computation.

* GCN+FL. GCN+FL is a decentralized trajectory similarity computation
model, which uses stacked graph convolutional network (GCN) inte-
grated with horizontal FL to collaboratively learn trajectory embeddings.

Evaluation Metrics

Following existing learning-based trajectory similarity studies [7, 23], top-k
similarity search is utilized for experimental validation. We use HR@10,
HR@50, and R10@50 as evaluation metrics. Specifically, HR@k denotes the
top-k hitting ratio that is the overlap degree between a top-k result and the
corresponding ground truth. For each client, we have

1 Z |LT@K N LS|

HR@K =
g L8]

) (D.20)
TeTte

where 77 is the local test set of trajectories, LY @K is the list of the predicted
trajectories that are most similar to a given trajectory T with length K, L? is
the set of similar trajectories in the testing set for the given trajectory T, and
| - | is set cardinality. Rk@t is the fop-t recall for the top-k ground truth that
captures the fraction of the fop-k ground truth in the corresponding top-t result.
In addition, we adopt four traditional trajectory similarity measure methods
to obtain the ground truth results of top-k similarity search, i.e., Two-Phase
divide-and-conquer algorithm (TP) [25], Distributed In-Memory Trajectory
Analytics (DITA) [10], Longest Common Road Segment (LCRS) [11]) and
Network-aware Edit Distance with Real Penalty (NetERP) [14]. The larger the
HR@10, the HR@50, and the R10@50 are, the more accurate the method is.

Complexity

The time complexity of the proposed F-TSLis O(D?- N - L), and the space com-
plexity is O(D?), where D is the number of embedding dimensions, N is the
number of trajectories, and L is the maximum length of historical trajectories
(historical trajectories may have different lengths).
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Table D.3: Overall Accuracy on Two Datasets

TP DITA LCRS NetERP
HR@10 | HR@50 | R10@50 | HR@10 | HR@50 | R10@50 | HR@10 | HR@50 | R10@50 | HR@10 | HR@50 | R10@50
FC+FL | 0.0087 | 0.0230 | 0.0279 | 0.0165 | 0.0351 | 0.0556 | 0.0059 | 0.0208 | 0.0267 | 0.0412 | 0.0739 | 0.1018
RNN+FL | 0.1120 | 0.1753 | 0.2928 | 0.1476 | 0.1507 | 0.1566 | 0.1028 | 0.1983 | 0.2214 | 0.1061 | 0.1162 | 0.2077
GCN+FL | 0.0078 | 0.0224 | 0.0320 | 0.0071 | 0.0246 | 0.0312 | 0.0106 | 0.0241 | 0.0354 | 0.0251 | 0.0621 | 0.0713
F-TSL | 0.1769 | 0.2585 | 0.3709 | 0.1366 | 0.1670 | 0.2520 | 0.1330 | 0.2088 | 0.3531 | 0.1496 | 0.1745 | 0.1816
FC+FL | 0.0204 | 0.0524 | 0.0752 | 0.0246 | 0.0593 | 0.0833 | 0.0165 | 0.0384 | 0.0567 | 0.0589 | 0.0110 | 0.1659
RNN+FL | 0.1059 | 0.1894 | 0.2690 | 0.0619 | 0.1241 | 0.1663 | 0.0582 | 0.0964 | 0.1683 | 0.0514 | 0.0889 | 0.1311
GCN+FL | 0.0068 | 0.0231 | 0.0278 | 0.0095 | 0.0324 | 0.0358 | 0.0068 | 0.0268 | 0.0314 | 0.0279 | 0.0803 | 0.0929
F-TSL | 0.1663 | 0.2472 | 0.3396 | 0.1278 | 0.1881 | 0.2633 | 0.0698 | 0.1033 | 0.1749 | 0.0819 | 0.1256 | 0.1765

Datasets | Baselines

Tdrive

TaxiRome

Implementation Details

We implement our model with the Pytorch framework on NVIDIA GTX 1080Ti
GPU. The parameters in the model are set as follows. We split the local dataset
in each clientinto training, validation, and test sets with proportion3 : 1 : 6. We
set A (that is control weight in Equation.D.3) as 0.5 as the default. We set batch
size to 50 for mini-batch learning. The initial learning rate is 0.001. The hidden
feature dimensions of the spatial and temporal embeddings are both set to
128. The RNN structure contains one layer with the number of hidden features
being 128. We add Laplacian noise z; to each element of V. In addition, the
numbers of clients and clusters are set to 100 and 10 as default, respectively. In
this study, we apply IMM [24] to map-match original trajectories for subsequent
model performance comparison. The code and additional experiments can be
found at https://github.com/MiaoHaoSunny/F-TSL.

5.2 Experimental Results

Overall Accuracy

Table D.3 shows the performance comparison among different methods on the
two datasets. The best performance by an existing method (FC+FL, RNN+FL,
and GCN+FL) is underlined, and the overall best performance is marked in
bold.The observations are as follows.

* Our F-TSL achieves the best results among all the baselines in most cases
on the two datasets. F-TSL performs better than the best among the
baselines by up to 57.94% (HR@10), 60.92% (R10@50), 59.48% (R10@50),
and 50.17% (HR@50) for TP, DITA, LCRS, and NetERP, respectively on
Tdrive. We observe that the performance improvements obtained by
F-TSL on Tdrive exceed those on TaxiRome, due to the fact that Tdrive
has much more training data than TaxiRome. Thus, the methods trained
with sufficient data get better results.

* RNN+FL, which can capture temporal dependencies of trajectories, per-
forms much better than FC+FL and GCN+FL (that can capture spatial
dependencies) on both Tdrive and TaxiRome. It shows that effectively
capturing temporal dependencies of trajectories is more important than
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5. Experimental Evaluation

Table D.4: Effect of the Number of Clients on Both Datasets

Datasets Metrics Number of Clients

20 50 80 100

HR@10 | 0.0676 | 0.1792 | 0.1831 | 0.1769
TP HR@50 | 0.1877 | 0.2311 | 0.2315 | 0.2585
R10@50 | 0.2230 | 0.3157 | 0.3450 | 0.3709

HR@10 | 0.0314 | 0.1235 | 0.1596 | 0.1366
DITA HR@50 | 0.0884 | 0.1584 | 0.1805 | 0.1670

. R10@50 | 0.0982 | 0.2023 | 0.2666 | 0.2520
Tdrive

HR@10 | 0.1154 | 0.1252 | 0.1160 | 0.1330
LCRS HR@50 | 0.1708 | 0.1889 | 0.1499 | 0.2088
R10@50 | 0.3161 | 0.3504 | 0.3356 | 0.3531

HR@10 | 0.0398 | 0.1216 | 0.1074 | 0.1496
NetERP HR@50 | 0.0898 | 0.1321 | 0.1337 | 0.1745
R10@50 | 0.1120 | 0.1547 | 0.2022 | 0.1816

HR@10 | 0.1097 | 0.1508 | 0.1353 | 0.1663
P HR@50 | 0.1601 | 0.2424 | 0.2483 | 0.2472
R10@50 | 0.2010 | 0.3301 | 0.3308 | 0.3396

HR@10 | 0.1085 | 0.1017 | 0.0812 | 0.1278
DITA HR@50 |0.1245 | 0.1716 | 0.1475 | 0.1881

. R10@50 | 0.1946 | 0.2298 | 0.2093 | 0.2633
TaxiRome

HR@10 | 0.0624 | 0.1039 | 10.1633 | 0.1698
LCRS HR@50 | 0.0666 |0.1113 | 0.1562 | 0.1033
R10@50 | 0.1795 | 0.1953 | 0.2606 | 0.2749

HR@10 | 0.0538 | 0.0619 | 0.0569 | 0.0819
NetERP HR@50 | 0.1157 | 0.1126 | 0.09707 | 0.1256
R10@50 | 0.1117 | 0.1459 | 0.1455 | 0.1765
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learning spatial correlations since the originally collected trajectories are
preprocessed into sequence data.

e Compared with the state-of-the-art centralized method ST2Vec, F-TSL
performs worse than ST2Vec over Tdrive, while performs comparably
over TaxiRome since it is easier for the centralized method to learn com-
monalities from centralized data with shuffled mini-batch training. But
the centralized methods hurt privacy severely, which makes the learned
model vulnerable.

The above observations indicate that F-TSL is more effective than the exist-
ing FL-based methods.

Effect of the Number of Clients

To study the effect of the number of clients participating in model training of
our F-TSL, we conduct experiments with 20, 50, 80, and 100 clients. The results
are reported in Table D.4. One can see that the model performance exhibits
an increasing trend as the number of clients increases during training in most
cases. For example, the HR@50 of TP on Tdrive increases from 0.1877 to 0.2585,
and the HR@10 of LCRS on TaxiRome increases from 0.0624 to 0.1698. The
results show that more clients participating in training is likely to result in
better performance. This is because more clients with more local training data
involved in global aggregation introduces more useful knowledge, which leads
to higher accuracy.We also observe that the 100-client-based F-TSL performs
worse than the 80-client-based F-TSL.

Effect of Client Fractions

When aggregating parameters in F-TSL, we sample a certain fraction of clients
to perform model training in each cluster. To study the effect of client fraction F
on the model performance, we conduct experiments by sampling four different
fractions of clients: 20%, 50%, 80%, and 100%. The results are shown in
Figure D.6. Generally, the model performance gets better with the increase
of client fractions. The performance is improved by at least 39.65% evaluated
by four different metrics (i.e., TP, DITA, LCRS, and NetERP) when the client
fraction changes from 20% to 100%. It shows that a bigger fraction of clients
with more training data can lead to better model performance since more useful
knowledge can be learned. According to Table D.7, compared to 100%-client-
based F-TSL, 80%-client-based F-TSL offers comparable performance in terms
of TP and DITA with acceptable training time. It makes 80% an appropriate
setting for balancing performance and efficiency. To save space, we do not
report results for the TaxiRome datasets, as these are similar to those obtained
on Tdrive.
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Fig. D.7: Effect of the Number of Clusters on Both Datasets (100 Clients)
Effect of the Number of Clusters
We next study how sensitive the F-TSL is w.r.t. the number of clusters, where
we consider 100 clients and 4, 6, 8, 10, and 12 clusters. The results are given in

Figure D.7. We observe that all curves first increase slightly and then drop. It
is reasonable to use 10 clusters in this set of experiments. When the number of
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clusters changes from 10 to 12, the model performance decreases as it is more
difficult to make consistent updates between the server and clients. This leads
to ineffective feature learning. To save space, we only report the results of TP
and DITA on the two datasets; similar results are obtained in the evaluation of
LCRS and NetERP. Also, similar results are obtained when setting the number
of clients to 50 and 80.

Table D.5: Centralized Method vs. F-TSL

Method
ST2Vec F-TSL
HR@10 0.1973 0.1330
LCRS HR@50 0.1734 0.2088
R10@50 0.2704 0.3531

Datasets Metrics

Tdrive HR@I0 | 0.1495 | 0.2433

NetERP  HR@50 | 0.1744 | 0.3170

R10@50 | 0.1816 | 0.4166

HR@10 | 00621 | 0.0698

LCRS  HR@50 | 0.1013 | 0.1033

. R10@50 | 0.1629 | 0.1749
TaxiRome

HR@10 0.0892 0.0819
NetERP HR@50 0.1217 0.1256
R10@50 0.1909 0.1765

Centralized Method vs. F-TSL

To compare the proposed F-TSL with the centralized method in terms of tra-
jectory similarity learning, we select ST2Vec [23], a recent state-of-the-art deep
learning framework for centralized trajectory similarity computation, which
considers fine-grained spatial and temporal relations between trajectories. To
save space, we only report the results of LCRS and NetERP, in Table D.5.
We can see that F-TSL generally performs worse than ST2Vec on Tdrive and
TaxiRome since it is easier for the centralized method to learn commonalities
from centralized data with shuffled mini-batch training. But the centralized
method reduces privacy severely, which makes the learned model vulnera-
ble. In addition, we observe that F-TSL performs comparably with ST2Vec on
TaxiRome. This is because that data contained in TaxiRome is sparse, and the
proposed privacy-preserving clustering mechanism in F-TSL can alleviate the
influence of sparsity and achieve more effective feature learning.

To save space, we only report the results of LCRS and NetERP on the two
datasets; similar results are obtained in the evaluation of TP and DITA.
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Fig. D.8: Resource Efficiency Comparison

Resource Efficiency

As resource efficiency is important in federated trajectory similarity computa-
tion to enable scalability, we study the training time (of each epoch), inference
time (of each epoch), floating-point operations (FLOPs), and the number of
parameters for all the deep-learning-based methods on the TaxiRome dataset.
Figures D.8(a) and D.8(b) report the training and inference times. We see that
the training time of F-TSL is lower than that of RNN+FL, which is because
the proposed privacy-preserving clustering mechanism enables faster model
update. In addition, F-TSL is comparable to other baselines in terms of training
time. Although FC+FL takes less time for inference, it performs worse than
F-TSL in terms of accuracy. This indicates the feasibility of F-TSL for model
deployment in real trajectory similarity learning scenarios.

It is clear that FC+FL and GCN+FL consume fewer FLOPs and have fewer
parameters than F-TSL. However, they are much less accurate and are worse
than F-TSL by up to 57.94% in terms of HR@10. Moreover, F-TSL uses fewer
FLOPs and has more parameters than the most accurate competing model,
RNN+FL, while achieving higher accuracy. Note that FLOPs equate system
overhead. Thus, F-TSL has smaller client-server communication costs between
clients compared to RNN+FL, which yields better performance.

Ablation Study

To gain insight into the effects of key aspects of F-TSL, we evaluate three F-TSL
variants.

* w/o Privacy-Preserving Clustering (w/o_PPC). w/o_PPC is the F-TSL
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Fig. D.9: Performance of F-TSL and Its Variants on Both Datasets

model without the privacy-preserving clustering mechanism.

* w/o Hausdorff Distance (w/o_HD). w/o_HD replaces the Hausdorff dis-
tance with I;-norm distance to compute the similarity between trajectory

embeddings.

* w/o Alignment Loss (wlo_Align). w/o_Align is the F-TSL model without

the alignment loss Lyjigy-

To evaluate whether the components in F-TSL all contribute to the perfor-

mance of trajectory similarity learning, we compare F-TSL with its variants.
The results are shown in Figure D.9. Regardless of the datasets, F-TSL always
outperforms its counterparts without privacy-preserving clustering, Haus-
dorff distance, or alignment loss, which shows that these three components
are all useful to trajectory similarity learning since removing any one of them
will decrease the prediction accuracy. Further, on both datasets, w/o_PPC per-
forms the worst among all variants in most cases. F-TSL outperforms w/o_PPC,
improving the performance by up to 49.79%, 28.30%, 22.78%, and 63.74% in
terms of TP, DITA, LCRS, and NetERP, respectively, which offers evidence of
the effectiveness of the proposed privacy-preserving clustering mechanism.
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Table D.6: Scalability: Effect of the Number of Clients on Both Datasets

Number of Clients (s/epoch)

20 50 80 100
Tdrive 1944 2019 2074 2225

TaxiRome | 19.52 2030 20.88 21.16

Datasets

Table D.7: Scalability: Effect of Client Fractions on Both Datasets

Client Fractions (s/epoch)
20% 50% 80% 100%
Tdrive 21.04 2154 2522  28.07
TaxiRome 22.54 23.21 25.60 28.68

Datasets

Scalability

To assess the scalability of F-TSL, we conduct experiments to study the effect
of different numbers of clients on both datasets in terms of training time. The
results are shown in Table D.6. Generally, the training time for each training
epoch of F-TSL increases slightly with an increase in clients. These results
indicate that F-TSL scales with the number of clients. In addition, F-TSL
scales with client fractions. We study the effect of client fraction by sampling
four different fractions of clients in each cluster: 20%, 50%, 80%, and 100%.
Table D.7 shows the results of running time for each client including the local
training time and communication time. We observe that the running time
increases approximately linearly with the client fractions.

Convergence Analysis of Training

We study the training convergence of F-TSL and the best-performing base-
line, RNN+FL, on the TaxiRome and Tdrive datasets — see Figure D.10. The
number of epochs for global aggregation and local training are set to 10 and
30, respectively, which means that we train local data for each client with 30
epochs, then upload parameters to the central server for model aggregation,
performing the entire process ten times. F-TSL converges faster than RNN+FL
on both datasets, which is mainly due to the proposed privacy-preserving
clustering mechanism. The privacy-preserving clustering aggregates similar
clients together, which ensures consistent model updates, and thus accelerates
model convergence. We also observe that the loss margin between F-TSL and
RNN+FL on TaxiRome is larger than that on Tdrive. This is because data
contained in TaxiRome is sparse and the proposed privacy-preserving cluster-
ing mechanism is capable of handling sparsity and learning more powerful
features.
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6 Related Work

We briefly review prior studies on trajectory similarity and federated learning,
which are highly relevant to our study.

6.1 Trajectory Similarity

Trajectory similarity learning [2, 5, 7, 38, 39] has attracted substantial research
interest due to the increasing availablility of trajectory data and the rich down-
stream applications. Traditionally, distance-based methods such as DTW [5],
LCSS [9], and ERP [38] have been used for trajectory similarity computation.
They first map trajectories to road network paths and then define similarity
based on distance measures. For example, Koide et al. [14] propose NetERP
through aggregating shortest-path distances between the vertices of two tra-
jectories. However, these non-learning methods generally are computationally
expensive to use.

To solve this problem, recent studies [7, 13, 23] apply neural networks
to compute trajectory similarity by leveraging their powerful approximation
capabilities. In particular, these deep learning based methods first embed
the input trajectories and learn distance functions to approximate similari-
ties. Traj2SimVec [12] is proposed to consider sub-trajectory similarity in the
learning process. Further, GTS [7] is developed to target trajectory similarity
learning in road networks. Most recently, Fang et al. [23] propose ST2Vec to
compute trajectory similarity considering fine-grained spatio-temporal depen-
dencies.

In addition, many studies target trajectory similarity computation for par-
ticular trajectory-related applications [40-42]. Chen et al. [41] devise index
and pruning techniques to accelerate similarity search and joins over trajec-
tory data, where tree-based index structures [40] (e.g., K-D tree or R-tree)
are applied to organize trajectories. Zhang et al. [42] conduct comprehensive
experiments with state-of-the-art trajectory simplification methods.

However, these methods are trained with centralized data. They disregard
decentralized settings and also do not take privacy into account.
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6.2 Federated Learning

Federated Learning (FL) is a machine learning approach where many clients
(often called edge devices) collaboratively train a model using decentralized
data under the orchestration of a central server [27]. Several studies review
recent progress in FL [27, 43], which provide definitions, architectures, and
applications. Generally, FL can be organized into three categories: horizontal
FL, vertical FL, and federated transfer learning. Horizontal FL [28, 44] is
suitable for applications where user features of datasets overlap substantially
with each other but where there is little overlap among users. Vertical FL [45,
46] is useful in cases where little overlap exists among the user features of
datasets, while the users overlap substantially with each other. In the case of
federated transfer learning [47], there is little overlap of both user features and
users. This approach is usually applied to overcome the lack of data or tags
without data segments.

FL has recently been applied to spatio-temporal data (e.g., traffic data)
with the aim of ensuring privacy. For instance, FRA [48] explores spatial
data aggregation queries in federated scenarios. Next, FL has been applied to
trajectory-related applications (such as human mobility prediction and travel
mode identification) [49-52]. However, these studies are designed for trajec-
tory classification or prediction problems, and cannot be applied to trajectory
similarity computation directly. They either only consider raw GPS-based
trajectories and ignore the information of road networks [49-51], which is uti-
lized in the trajectory similarity measures, or study trajectory homomorphic
encryption algorithm in FL [52]

Although existing studies provide solutions for training a model with de-
centralized data, they cannot be applied readily to trajectory similarity learning
since they either fail to capture the inherent spatio-temporal correlations that
characterize GPS-based trajectories or lack the consideration of a road net-
work.

7 Conclusion

We propose a federated trajectory similarity learning framework entitled F-TSL
for decentralized trajectory similarity computation, which is based on hori-
zontal federated learning aiming at protecting privacy. To capture complex
spatio-temporal correlations of trajectories, we design a local trajectory pre-
processing and learning module with a spatio-temporal encoder and decoder
for each client. A novel privacy-preserving clustering mechanism is proposed
to content with trajectory heterogeneity. In addition, an alignment loss is
proposed to keep consistent model updates between the server and clients.
An empirical study on two real datasets demonstrates the effectiveness of the
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proposed HF-STL framework in trajectory similarity learning.
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