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trajectories are

unique to each person



Trajectory-user Linking (TUL)
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trajectory-user linking aims to link anonymous 
trajectories to users who generate them



Data for Trajectory-user Linking (TUL)
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Mobility flowCheck-ins Trajectory



Why do the limitations exist ?
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Check-ins data

Active data collection

Check-ins trajectory Mobility flow



Limitations of the current approaches
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Data Quality
• low accuracy and completeness

Data sparsity
• limited data

Imbalanced Data
• 80% of the data is generated by 20% of the users



Problem Definition



What is a check-in trajectory ?
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Check-in record/visit 
• 𝑟 = (𝑢, 𝑝, 𝑡, ⟨𝑥, 𝑦 ⟩)

Check-in trajectory

• 𝑇𝑟 = {𝑟1, 𝑟2, … . , 𝑟𝑚}

Check-ins Trajectory



Problem Definition 
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Trajectory-user linking 
• aims to link anonymous trajectories to users who generate them

𝒯 = {𝑇𝑟1, 𝑇𝑟2, … , 𝑇𝑟𝑛} - trajectories 

𝒰 = {𝑢1, 𝑢2, 𝑢3, . . , 𝑢𝑐} - users

min
𝑓∈ℱ

1

𝑛


𝑖=1

𝑛

ℒ 𝑦𝑖 − 𝑦𝑖
′

ℱ 𝑖𝑠 𝑡ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓𝑎𝑙𝑙 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑟𝑠 𝑖𝑛 𝑡ℎ𝑒 ℎ𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠 𝑠𝑝𝑎𝑐𝑒

ℒ ⋅ 𝑖𝑠 𝑡ℎ𝑒 𝑙𝑜𝑠𝑠 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑡ℎ𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑙𝑎𝑏𝑒𝑙 𝑦𝑖
′𝑎𝑛𝑑 𝑡ℎ𝑒 𝑡𝑟𝑢𝑒 𝑙𝑎𝑏𝑒𝑙 𝑦𝑖



Methodology



Overview
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Generating higher-order mobility flow representations

• generating mobility flow data from check-ins

• generating higher-order mobility flow and check-ins

Modeling trajectory-User linking



Generating Mobility flow data

12

Check-ins Trajectory Mobility flow



Mobility flow of NYC and TKY
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NYC TKY



Generating higher-order check-ins
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Check-ins Trajectory Higher-order
check-ins



Translate check-ins to Higher-order
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Check-ins

𝑇𝑟 = {𝑟1, 𝑟2, … . , 𝑟𝑚} = {(𝑝1, 𝑡1, ⟨𝑥1, 𝑦1 ⟩), (𝑝2, 𝑡2, ⟨𝑥2, 𝑦2 ⟩), … , (𝑝𝑚, 𝑡𝑚, ⟨𝑥𝑚, 𝑦𝑚 ⟩)}

Higher-order
{(𝑝1, 𝑡1, g1), (𝑝2, 𝑡2, g2), …… . , (𝑝𝑚, 𝑡𝑚, gm)}



Generating Higher-order Mobility flow
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Mobility flow Higher-order
Mobility flow



Higher-order Mobility flow data
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Represented as a sequence of grid cells

{𝑔1, 𝑔2, … . }

Higher-order
Mobility flow



FOURSQUARE-NYC Heatmap
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Higher-order check-ins Higher-order Mobility flow



How to calculate Sparsity ?
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Alex Eve Bob
{1,3} {2} {1,2,3}

1 0 1
0 1 0
1 1 1

Alex

Eve

Bob

Sparsity = % of zeros in User-POI matrix

3

9
= 30%

𝑝1 𝑝2 𝑝3



Higher-order Sparsity
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Alex Eve Bob
{1,3} {2} {1,2,3}

1 1
0
1

1
2

Alex

Eve

Bob

1

6
= 16%

{𝑔1, 𝑔2} {𝑔2} {𝑔1, 𝑔2, 𝑔2}

𝑔1 𝑔2
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Check-in Sparsity ≥Higher-order Sparsity



Impact of higher-order abstraction on sparsity
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Overview
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Generating higher-order mobility flow representations

• generating mobility flow data from check-ins

• generating higher-order mobility flow and check-ins

Modeling trajectory-User linking



TULHOR (trajectory-user linking using higher-order representations )
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Spatial embedding
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Mobility flow graph
Spatial

Embedding

Node2Vec 𝑔1

𝑔2
𝑔3

Higher-order
Mobility flow



TULHOR (trajectory-user linking using higher-order representations )
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Spatial-temporal embedding 
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{(𝑝1, 𝑡1, g1), (𝑝2, 𝑡2, g2), …… . , (𝑝𝑚, 𝑡𝑚, gm)}
Higher-order

check-ins



Temporal-aware positional encoding
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{(𝑝1, 𝑡1, g1), (𝑝2, 𝑡2, g2), …… . , (𝑝𝑚, 𝑡𝑚, gm)}



Output of the Spatial-temporal embedding
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TULHOR
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ST-NOVA
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TULHOR
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Two stages
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Pre-training TULHOR

• Input : higher-order check-ins + Masking , higher-order mobility 
flow

• Output: predicting masked token

Fine-tuning TULHOR

• Input : higher-order check-ins 

• Output: user who generated the higher-order check-ins



Experiment



Overview
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Datasets

• Foursquare NYC and TKY

Experiments

• TULHOR accuracy performance (vs SOTA and baselines)

• TULHOR Ablation study

• Tessellation granularity (grid size) effect
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Baselines
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Conventional ML:

• Decision Tree

• Linear Discriminant Analysis (LDA)

• Linear Support Vector Machine (SVM)

TULER:

• RNN

• LSTM

• GRU

DeepTUL

• RNN (DeepTUL)

• LSTM (Attn-LSTM)

• GRU (Attn-GRU)



TULHOR performance
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TULHOR outperforms every baseline

TULHOR has better scalability  
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Ablation study
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Removing Higher-order significantly reduces the performance
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Tessellation granularity (grid size) effect
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Tessellations of Tokyo

Hex@8Hex@7 Hex@9



Results of grid size study
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Hex@9 outperforms other sizes as the number of users increases 

The smaller the cells are, the better the scalability



Computing Environment
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Implemented in Python

Run in a GPU cluster (lion)



Conclusion



Summary
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Method for generating higher-order mobility flow & check-ins

Novel deep learning framework – TULHOR (trajectory-user linking 
using higher-order representations )

Extensive set of experiments



Contributions
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Model agnostic method for dealing with sparsity and low data quality

Implementation of multiple TUL models

Publicly available dataset

Accepted to The 24th IEEE International Conference on Mobile Data 
Management (MDM)



Future works
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Multi-trajectory User Linking

POI recommendation

Mixed hierarchical representation



?



Impact of Sparsity
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Balanced loss
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