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Traditional TGL: Single Network
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Train Set Test Set 
● Learning on a single TG
● Train a model from scratch (i.e. TGN, GCLSTM …)
● Inference only on the test set of such network 

ML Question: Given observed history of this network, can we 
predict the future of this network ?
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Can we Learn from Multiple Networks? 
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Challenges
Challenges: 

➢ Existing TGL training only tells us how to train on single network

➢ Lack of dataset that contains many temporal network (i.e. > 20)

➢ Networks might have disjoint set of nodes (potentially share some)

➢ Networks have different duration

➢ Networks have different sizes in # of nodes & edges

➢ Unseen networks might be born after training timestamps 
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MiNT Dataset
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● Dataset: 92 temporal graphs (84 financial + 8 social) for transfer learning.

● Algorithm: MiNT-train can train a TGNN on distinct networks at same time.

● Scaling: Clear neural scaling trend in temporal graph learning.

● Generalization: Strong zero-shot transfer within & across domains.

In MiNT for the first time we have:



MiNT Token Dataset 
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MiNT data processing overview 

1. Token extraction: extracting the 
token transaction network from 
the Ethereum node. 

2. Discretization: creating weekly 
snapshots to form discrete time 
dynamic graphs.

Challenge: A big set of networks needed to study the possibility and impact of multi-network training.
Solution:  
● 84 distinct ERC20 token transaction networks (2017-2023).  
● 3M nodes, 19M edges.
● Discretizing the networks. 
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MiNT
Methodology



MiNT Framework - Data Split
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Dataset Splits: The dataset is divided into two parts:

● Training Split: 64 token networks used for model training.
● Holdout Split: 20 token networks reserved for evaluation only, never 

used in training.

Randomized Allocation: Network splits are random.

Variable Training Sizes: Divided into subsets of sizes ranging from 2 to 64 
networks to evaluate the impact of increasing training data on transfer 
learning performance.

Model Training: Each subset is used independently to train the models.



MiNT Framework - Training
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Train a temporal graph model that generalizes across multiple train networks.

Process:

1. Shuffling per Epoch – Shuffle the networks order in training.
2. Context Switching – Reset historical embeddings at the start of each 

epoch to prevent cross-network bias.
3. Model Storage– Store all packs results for further evaluation. 

Why Important:

● Captures shared temporal patterns across diverse networks.
● Prevents overfitting to a single graph’s structure.
● Enables strong transfer to unseen temporal networks



MiNT Framework - Transfer Inference
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Assess model performance on unseen networks without retraining.

Inference Process:

1. Load all pre-trained models.
2. Initialize fresh historical embeddings to remove any bias from 

previous networks.
3. Perform a single forward pass on the target network’s data to adapt 

embeddings.
4. Evaluate performance directly on the adapted model.

Key Benefit:

● Enables fast adaptation to unseen networks.



MiNT transfer performance (Network G/S)

12

● Individual models trained 
specifically on the network 
and tested on the test split of 
that network. 

● MiNT transfer models trained 
on 64 train networks and 
never trained on test 
networks. 

● MiNT-64 bits SOTA without 
training in some datasets and 
get best average rank.  



MiNT scaling behaviour
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● MiNT’s transfer performance improves 
as the number of training networks 
increases.

● Showing a neural scaling trend in 
temporal graph learning.

● Training on more networks → better 
zero-shot performance on unseen 
graphs.

● Diversity & quantity of pretraining 
networks directly enhance generalization.

● First empirical evidence of scaling 
behavior in temporal graph learning.



MiNT LLC task
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● An additional property task 
alongside network growth. 

● Zero-shot evaluation after 
multi-network pretraining.

● Larger multi-network 
pretraining ⇒ better zero-shot 
LCC performance on many 
networks.

● MiNT-64 achieved best avg rank 
on test networks without any 
training on test networks. 



Thank you for your attention

shamsik1@myumanitoba.ca 
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