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Forward Recent Sampling Theoretical and Empirical Results

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.

Overview

Theoretically: Matches recent sampling assuming
links come in for any node via a Poisson point
process with constant intensity 4.

Empirically:

1. Significantly improves inference latency.

2. Reduces training time and energy consumption.

TL; DR: We propose a scalable framework that
employs a novel "forward recent sampling”
strategy to aggregate historical node interactions
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sampling in tranditional methods ¥ >

by both tranditional method and

(No longer needed in NLB). NLB.

S1: Truncating most recent neighbors, no sampling
S2: Uniform Sampling across the entire history
S3: Recent Sampling with prob. exp(-cAt),c>0

Computationally inefficient because:

e Need to look back for historical interactions

e Need to compute the sampled neighbors online
e Cannot parallelize for a batch of nodes in GPUs

GPU Operations for NLB (Sampling is done offline and is
prepared in a forward manner for future use).

Maintenance:

e Fornew link (u,vt), initialize update to tables S & S .
e Locate indices of the hash table with keys (v,t) & (u,t).
e If hash collision occurs, replace entry with prob. «.

e Otherwise, insert new keys and values.

Computation benefits

1. No online sampling 2. Parallel processing in GPUs

Table 3: Performance of node classification.

Task

Method

Wikipedia

Reddit

GDELT

MAG

Ubuntu

Wiki-talk

Transductive

TGN-trunc
TGN-unif
TGAT-trunc
TGAT-unif
APAN-trunc
APAN-unif
NAT
NAT-node
NLB-edge
NLB-node

99.48 + 0.07
99.44 + 0.03
97.47 + 0.06

95.35+0.18
99.20 + 0.03
97.90 £ 0.40
99.72 + 0.03
99.29 + 0.07
99.42 £ 0.08
99.03 £+ 0.07

99.65 + 0.07
99.66 + 0.05
97.84 £ 0.03
98.15 015
96.46 + 2.98
97.65 + 0.20
99.90 + 0.01
99.76 £+ 0.02

99.73+0.02
99.67 £ 0.02

98.63 + 0.05

99.32 4-0.06

97.85 £ 0.02
98.31 £ 0.02
97.76 £ 0.01
97.89 £0.16
97.56 £ 0.74
GPU OOM
GPU OOM
98.94 + 0.28
98.80 + 0.16

99.24 + 0.03
99.09 + 0.03
99.02+0.05
90.61 + 1.24
CPU OOM
GPU OOM
GPU OOM
99.39 £ 0.02
99.15 4:0.02

76.09 = 0.17
78.99 £ 1.69
76.71 £ 0.33
18.59 = 0.23
69.90 + 3.28
77.62 £2.71
89.65 + 0.17
87.48 £+ 0.49

84.73 £ 3.57
83.61 = 0.10
81.23 + 0.06
80.48 £+ 0.01
82.10 & 5.67
84.32 +7.28
94.66 + 0.03
93.03 + 0.52

87.18 £ 0.55
87.48 + 0.64

91.72 £+ 0.62
91.95 £ 0.17

Inductive

TGN-trunc
TGN-unif
TGAT-trunc
TGAT-unif
APAN-trunc
APAN-unif
NAT
NAT-node
NLB-edge
NLB-node

98.55 + 0.08

99.44 £+ 0.06

98.62 + 0.01

98.33 + 0.08
96.57 = 0.04
93.80 £ 0.15
96.65 + 0.07
97.23 £+ 0.31
99.52 + 0.03
98.47 £ 0.25

99.30 £+ 0.01
9522 4-0.21
96.12 £ 0.07
95.93 £2.43
96.56 + 0.32
99.78 + 0.03
99.53 £ 0.21

98.43 £ 0.26

99.43 + 0.07

98.31 + 0.30

99.36 + 0.09

98.77 + 0.08
94.36 £+ 0.01
94.05 £ 0.02
98.48 £ 0.01
97.64 £+ 0.14
GPU OOM
GPU OOM
98.16 = 0.32
97.14 £ 0.42

96.05 + 0.12
96.45 + 0.26
98.80 £ 0.01
98.77 £ 0.01
CPU OOM

CPU OOM

GPU OOM

GPU OOM
98.85 £ 0.02
98.79 £+ 0.11

80.70 = 1.64
85.23 + 1.66
71.22 = 0.07
78.07 £ 0.04
65.19 + 5.50
78.39 £ 2.87
84.71 £1.01
81.51 = 1.36
86.88 + 0.62
85.47 £ 0.73

87.65 =+ 1.01
87.11 £ 0.30
79.97 £ 0.04
77.03 £ 0.03
78.90 £ 1.11
87.86 £ 0.11
92.23 + 1.16
79.12 £ 5.14
90.91 = 1.14
91.22 +1.39

Table 2: Link prediction performance in AUC.
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