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• Static graphs 𝑮 = 𝑽, 𝑬
o The graph remains unchanged

over time.

Temporal Graphs
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• Temporal graphs: a more concrete abstraction of real-world systems

o Social network: new users join, connections between users form

o Recommendation network: users purchase and review products

o 𝐺𝑖 = (𝑉𝑖 , 𝐸𝑖)



𝑢1

𝑢2

𝑢3

𝑢4

𝑖1

𝑖2

𝑖3

𝑖4

𝑖5

𝑡1

𝑡2

𝑡1

𝑡2

𝑡3

𝑡4

𝑡5

Discrete-time temporal graphs

• A stream of graph snapshots:

𝐺1, 𝐺2, … , 𝐺𝑇

𝐺𝑖 = (𝑉𝑖, 𝐸𝑖)

Continuous-time temporal graphs 

• A stream of edges: 

𝑠0, 𝑑0, 𝑡0 , 𝑠1, 𝑑1, 𝑡1 , ⋯ , 𝑠𝑇, 𝑑𝑇, 𝑡𝑇

Temporal Graphs



• Future link prediction

o Given 𝐺, 𝑠, 𝑑, 𝑡  and 𝐸 before 𝑡, the model is asked to predict the 

likelihood of the edge (𝑠, 𝑑) appearing at time 𝑡. 

o Often framed as a ranking problem among multiple negative samples.

Given 𝐺, 𝑠, 𝑑, 𝑡  and 𝐸 before 𝑡, the model is asked to rank 𝑑 higher 

among sampled 𝑘 nodes.

o MRR is used as the metric.

• Other tasks: dynamic node classification…

Tasks of Temporal GNNs
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future link prediction

dynamic node classification



Temporal GNNs

• Existing methods = memory module + aggregation module

• Memory module

• Aggregation module

o If memory module is available, x𝑠 is the combination of the memory and feature.

• High-order aggregation module 

Method Memory Aggregation High-order

TGN GRU Attention /

EdgeBank Record all histories / /

GraphMixer / MLP-Mixer /

DyGFormer / Attention Co-neighbors frequency



Motivations

• Observation 1. Temporal GNNs excel in predicting seen edges but 
struggle to generalize to unseen edges.

• Observation 2. Temporal GNNs 
fail to perform effectively on  
recommendation datasets, a 
typical downstream application.



Existing dataset

• Existing datasets (e.g., Wikipedia, Reddit) often contain excessive 
repeated historical edges.

• Leading existing methods to predict historical edges using memory 
or aggregation techniques.

• These methods perform well on such datasets but may struggle to 
generalize.

Existing datasets
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Existing temporal GNNs

1) EdgeBank: 

2) DyGFormer

𝑢1 𝑎 𝑢1 𝑑
3 times 0 times

𝑢1 is more likely to interact with 𝑎 
instead of 𝑑.

memory

node
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Current pitfalls in temporal GNNs

• Existing temporal GNNs struggle to capture even basic sequential 
dynamics, limiting their effectiveness in real-world applications

When predicting the next interaction of a node which has 
previously interacted with 𝑖0, i1, 𝑖2, 𝑖3, all methods fail to 

correctly predict 𝑖4 instead of 𝑖9. 



Analysis of the Pitfall

• Memory module

• Aggregation module

• High-order aggregation module 

• Due to the lack of distinguishing feature in nodes and edges, and the 
identical interaction times between group 𝑢 and group 𝑣, both 
modules cannot distinguish 𝑖4 and 𝑖9 in the toy example. 

• High-order aggregation offers slight improvement
o but introduces excessive noise [Besta et al. 2024]



Sequential dynamics are everywhere!

𝑡

Social networks

E-commerce

Movie watching

• Understanding complex sequential dynamics is key to improving 
temporal GNNs performance in real-world applications.



• focuses on the task of future link prediction

• eight datasets: four bipartite and four non-bipartite graphs

• low repeat ratio 𝑟 = ℇseen /|ℇ|

• diverse domains representing typical real-world application of 
future link prediction

• adhere to power-law degree distributions

• medium to large scale

TGB-Seq: new benchmark 



• low repeat ratio 𝑟 = ℇseen /|ℇ|

Compare with existing datasets



Node Degree Distribution



•  Memory-based methods (JODIE, DyRep and TGN) significantly 
outperform other temporal GNNs on TGB-Seq datasets, in contrast 
with their performance on the Wikipedia and Reddit dataset.

• DyGFormer and CAWN outperform other temporal GNNs on 
Wikipedia and Reddit dataset, but fail to perform effectively on 
TGB-Seq datasets.

• TGB-Seq datasets assess the capabilities of temporal GNNs from a 
novel perspective, distinct from existing datasets.

Benchmarking (1)



Benchmarking (2)

• The memory-based methods outperform others across 
datasets.

• Aggregation-only methods perform better on non-bipartite 
datasets than on bipartite datasets. 

• The rank of aggregation-only methods are various across 
datasets: DyGFormer > GraphMixer on Flickr, GraphMixer > 
DyGFormer on YouTube.



Training cost

• Most efficient methods: JODIE, DyRep, GraphMixer, TCL, TGN

• Inefficient methods: TGAT, DyGFormer, CAWN



• Existing temporal GNNs fail to capture sequential dynamics in 
temporal graphs, limiting their generalizations to unseen edges.

• Existing datasets contain excessive repetitions of edges and 
overlook the intricate sequential dynamics present in real-
world dynamic systems.

• TGB-Seq datasets are curated from diverse application domains 
with intricate sequential dynamics and minimal repeated edges.

• Benchmarking on TGB-Seq datasets highlights the limitations of 
existing temporal GNNs, demonstrates TGB-Seq’s ability to 
evaluate temporal GNNs from a distinct perspective compared 
to existing datasets.

Conclusion



• pip package: `pip install tgb-seq`.

• Website: https://tgb-seq.github.io/, including TGB-Seq 
leaderboard and documentation.

• GitHub: https://github.com/TGB-Seq/TGB-Seq.

Resources



Thank you!
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