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Background & Motivation
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Mobility/Trajectory Data

Trajectory: A Sequence of (Spatiotemporal) Points

=

Vast Amounts of Trajectory/Mobility Data

7 YORK!,




Mobility Data Analytics / Trajectory Data Mining

trajectory similarity trajectory clustering

trajectory anomaly detection
tfrajectory network mining
trajectory classification

challenging computational problems
8 YORKIAL




Mobility Data Analytics in the Age of Big Data and Al

a symbiotic relationship that presents a
new strategy for addressing complex
problems in mobility data analytics

9 Image source: This image was created with the assistance of DALL-E 3 YO R K I l




Plethora of Applications

ridesharing trip/POI (point-of-interest) recommendation

A
o
N

nnnnnnnn

10 traffic analysis route planning and optimization YORKILL




Our Journey on Mobility Data Analytics

- Trajectory dataset and resources sy sigspatiaL 23]

- Trajectory prediction scmtsas, 25

- Trajectory/mobility network prediction j,cyvtkop, submitted
« Trajectory classification ;ece vpm-23;

- Trajectory unlearning ;v rsas, suomitted

« Trajectory simplification jocv sicspatial 23

- Trajectory similarity ;s ,pmitteq

Trajectory network analysis (g pata research, IEEE MDM 120, Geolnformatica, IEEE BigData'18, 2 x IEEE MDM ‘18]

Mobility + epidemics |zcm siaspaTIAL/SpaticlEpi 24, ACM SIGSPATIAL/SpatialEpi 23, IEEE MDM 2]
»  Transportation optimization oy siaspatia 22, acmsiaspaTiAL 221
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Higher-order Mobility Flow Data
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Challenges of Working with Trajectory Data

Data Sparsity Data Quality
Irregular or incomplete Outliers, noisy,
geolocation sampling low accuracy

Not compatible with well-

o .
80% of the data is generated known ML models

by 20% of the users

Imbalanced Data Model Incompatibility

13



Map Tessellation

Low resolution High resolution

\%

count
250k

Why hexagons?
* More circular that fully tessellates the space
* Same distance to all adjacent neighbours

14 YORKEL,




Trajectories: Sequences of Hexagons

Trajectory: hy, h,, h; ... hyg, hyy, by

15



Overview of the Transformation Pipeline

16

Map-matching
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Treat Trajectories as Language Statements




Treat Trajectories as Language Statements

Sentence: to  learn English andogy

Natural Language - tokens, sentence

Trajectory . @ . . . Mobility data - hexagon ids, trajectory

Advantages
® Reduceddatasparsity

® More compatible with established ML architectures (e.g., sequence models, LLMs)

(Dis)advantages

® Requires fraining models from scratch on a “new language”

18 YORKEL,




Trajectory Prediction

Predict the Next-k Trajectory Steps Problem

19 YORKL




Problem of Interest: Trajectory Prediction

predict future trajectory predict the next k hexagons

- (model as a sequence prediction problem)



Problem Definition

Let () ..g.:.:.
e anobservation area .......

e asetof objects and their history trajectories ‘ '.....

e anobservation period 'e\:gggg
(S )

Input: Given ...'.:.: o
g ob aletelse®e

e amoving object n ..........

e apartial trajectory =<p1, p2,...pt> '..'......

e aprediction horizon k>0 ..'........

Output: We want to
predict the next k hexagons of the input partial trajectory

21 YORK!,




TrajLearn Overview

Higher-Order Trajectories:
sequence of blocks

l

Candidates (Beams): w sequences of

blocks (horizon k) with a prob.

Constrained Beam Search

Sequence Prob.

Block Embeddings

Positional
Embeddings

Input Embeddings

B il

Next Block Probabilities
|

Classification Layer

A

| Layer Norm |

A

Decoder block #L

) )

Decoder block #L-1

1 )

Decoder block #1

| Feed Forward & Add I(

A

| Layer Norm |

,l, Self-Attention & Add |

A

| Layer Norm |

A= - -y

Residual \

22

TrajLearn outperforms
the SOTA & baselines
by up to ~60%

YORKEL,




Mobility Network Prediction

23 YORKEL,




Trajectories of moving objects

Which objects will interact in the future?

Interaction (x, y):
Both x and y are at hexagon h at time t

24



Mobility Network Prediction

Let
e anobservationarea M
e asetof objects V' and their history trajectories 7'
e anobservation period [0, W]

Input: Given
e apredictionhorizonk > 0

Output: We want to

predict the next k future proximity networks < G; . ., G

25
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MobiNetForecast Overview

Preprocessing

Input Trajectories

of —1 /
T @ﬁ”l
eo2e® ~

Mapping Trajectories

0% 90
ag@@@

Map Tessellation

[
s Pl e ™ N

R(2 0001188
009 1:99@9

W Y WYY Y Y

Network Generation

f—
t 7 6524

Contact Detection

Predicted Trajectories

Trajectory Prediction

27

Module 3

Module 2

Module 1

MobiNetForecast
outperforms SOTA
temporal link prediction
methods by up to two
orders of magnitude in
F1-score

MobiNetForecast
outperforms SOTA
sequence models by 15—
20% on key metrics

YORKEL,




Trajectory Classification

The Trajectory-User Linking Problem

28 YORKL
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can trajectories
help to identify a person?

YORKEL,




Trajectory-user Linking (TUL)

?:_‘ I
@_1

trajectory-user linking aims at linking anonymous
trajectories to users who generate them

30 YORKEL,




Problem Definition

Given:
U = {uq,uy,us,.., U} — USers
T ={Tr,Try, ..., T} — unlinked trajectories

TUL is defined as a multiclass classification problem

rjpei;HE[L( f(Tr;),ui)] over F

where F is the set of all classifiers in the hypothesis space
L(-)is the loss between the predicted label f(Tr;) € U and the true label u, € U

31
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TULHOR: A Transformer-based Trajectory-user Linking Model

(baleslo] b

Higher-order check-ins

32

Spatial embedding

Higher-order
mobility flow

Higher-order mobility flow data generation

TULHOR: A spatiotemporal model that deals with
sparsity and low data quality of the TUL problem

TULHOR outperforms baselines by up to 8%

YORKEL,




Trajectory Unlearning

Machine Unlearning of Mobility Data

33 YORKEL,




Deep Learning Approach

34

Training Algorithm

Large Historical Mobility Data

Q] 10 0

0

Trained Neural Model

What if some training data needs to be deleted?

YORKEL,




Data Privacy Legislation

|-GDPR 1 I-CCPA 1 IT:’IPEDA 1

*Right to be Forgotten * Right to Opt-Out *New one: CPPA
*Right to restriction of *Right to Delete * Personal Information
processing Protection

- L - L -

36 YORKEL,




Machine Unlearning (MU) for Trajectory Data

— I:l
O o
R 4 =
— O \
Trained on I:l
Q A
_ D
Large Historical Trajectory Data Trained Deep Neural Networks

Goal: Eliminate specific trajectory influence without retraining

37 YORK!,




The Three Main Goals of MU

Computation Efficiency
Faster than retraining

<>

Unlearning Efficacy
Truly remove the unlearning-
targeted information

Preserved Model Utility
Maintain utility of “unlearned” model

[Liu et al., CVPR ‘24]

38 YORKEL,




Trained Model: Trajectory Classification

=) O A o UserB
Training Algorithm
O A ‘ User C

Users’ Trajectory Classifier

39 YORKEL,




Trajectory User Linking (TUL)
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Unlearning in TUL

‘ Request for Deletion

User U,
[ [
@) AN O AW S
[ [
O Ad I O DA
O _ _ O
O 8 a Unlearning Algorithm @ Y X

Trained TUL model ¢ Unlearned Model that
linking trajectories has forgotten User U,
to users

L YORKEL,




Our Key Idea: Not All Samples Are Equally Important

r » '
Oakland !
Wyckoff o
Wayne .‘

Ry = :
: - oo b ]
{! B ,35 5 l_.o’“

Montville PATERSON . ;e
Yy

Parsippany
Troy Hills

Plainfield
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TraceHiding: High-level Overview

Remaining Dataset

7 00000000 ) o
7, GOO00000 s 70000000000  iu | X
7, 90000000 su; 7, 000000000000  iu,
7. 00000000008  iu;
7 0000000000 auy u, Requests 7 00000000 au, xu
7 cooo00Eo000 ) (2T P | nocesessesee i | X
Training Dataset Unlearning Dataset Teacher

(original)

v

( Frequency of Visits \

Entropy
Coverage Diversity q SC(TZ)
Length f (TS)

User Uniqueness Importance Scores
For Unlearning Dataset

Importahce Distributions
(Importance of each Sample in
Training Dataset)

Importance
Calculation Module

YORKEL,
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TraceHiding: Components

Student

%

J )
» .

o (_ User Uninuenoss | Importance Scores
Importance Distributions

(Importance of each Sample in Importance Calculation For Unlearning Dataset ﬁ
Training Dataset) Module

Teacher
(original)

C1) Data-driven Importance Score C2) Teacher-Student Model

C3) Loss Function

TraceHiding

* achieves superior unlearning accuracy
* competitive membership inference attack (MIA) resilience

* up to 40x speedup over retraining with minimal test accuracy loss
44
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Conclusions
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Concluding Remarks

Deep learning models for mobility data analytics:

TrajLearn: Trajectory Prediction

MobiNetForecast: Mobility Network Prediction
TULHOR: Trajectory-User Linking

TraceHiding: Machine Unlearning for Mobility Data

Reproducibility

See paper details for open-source datasets, source code, and models

Privacy Considerations & Ethical Guidelines

Need to balance the use of mobility data with privacy/ethical considerations

O g (g _d
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Questions
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Thank youl!
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