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Overview

TL; DR: We propose a scalable framework that 
employs a novel "forward recent sampling" 
strategy to aggregate historical node interactions

Insight: Maintain the downsampled neighbors 
for each node within a GPU hash table.
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Forward Recent Sampling

Background

Traditionally: Existing methods for TGRL rely on 
backtracking and sampling neighboring nodes 
through the interaction history of each node.

Computationally inefficient because:
● Need to look back for historical interactions
● Need to compute the sampled neighbors online
● Cannot parallelize for a batch of nodes in GPUs
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Hash Keys: Neighbor IDs and interacting time
Hash Values: Edge features

Theoretical and Empirical Results
Theoretically: Matches recent sampling assuming  
links come in for any node via a Poisson point 
process with constant intensity 𝝀.
Empirically:
1. Significantly improves inference latency.
2. Reduces training time and energy consumption.
3. Achieve comparable prediction performances.

Inference: 
● Directly access the hash tables for the downsampled 

neighbors of the targeted nodes in parallel.
● Aggregate the sampled neighbors’ statuses via Attn.
● Generate node representations for predictions.

Maintenance: 
● For new link (u,v,t), initialize update to tables Su & Sv.
● Locate indices of the hash table with keys (v,t) & (u,t).
● If hash collision occurs, replace entry with prob. 𝛼.
● Otherwise, insert new keys and values.

We present No-Looking-Back (NLB) that adopts 
forward recent sampling, which
1. Avoids online neighbor sampling.
2. Achieves the sampling for node batches in GPUs
3. Learns predictive node representations for both 

edge and node level tasks.
Problem: Learn node representations
Downstream tasks:
1. Predict future links  2. Classify nodes
Useful Information:
1. Recent historical interactions
2. Self and neighbors’ current statuses

S1: Truncating most recent neighbors, no sampling
S2: Uniform Sampling across the entire history
S3: Recent Sampling with prob. exp(−c△t), c > 0
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Computation benefits
1. No online sampling  2. Parallel processing in GPUs

Including million-to- 
billion-scale datasets

1.32-4.40× faster training, 1.2-7.94× more energy efficient, 
and 1.63-12.95× lower inference latency v.s. baselines.

Table 2: Link prediction performance in AUC.

Table 3: Performance of node classification.

Matches or outperforms 
SOTA on link and node 
tasks. Benefits from both 
recency and randomness.


