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Few-shot node classification based on task-aware subgraphs

ZHENG Wenping'*?, SU Rui', LIU Yang'
(1. College of Computer and Information Technology, Shanxi University, Taiyuan 030006, China; 2. Key Laboratory of Computa-
tional Intelligence and Chinese Information Processing, Ministry of Education (Shanxi University), Taiyuan 030006, China; 3. Insti-
tute of Intelligent Information Processing, Shanxi University, Taiyuan 030006, China)

Abstract: Current graph neural network-based node classification methods rely on large amounts of labeled data and are
limited by long-tailed label distributions. In low-resource settings, meta-learning-based few-shot learning is effective for
graph representation. However, global graph learning introduces task-irrelevant noise, and current prototypical net-
works, which classify nodes by directly computing similarities between nodes and class prototypes, struggle to estimate
accurate prototypes under few-shot conditions. To address these issues, we propose a task-aware subgraph-based few-
shot node classification method (TAS-FNC). This method constructs high-connectivity subgraphs for each task through
structural pruning and topological enhancement, enabling task-specific node representation learning and reducing noise.
It then models the relationships between query nodes and class prototypes for classification. Experiments on four
datasets against 11 baselines show that TAS-FNC effectively improves node classification accuracy in label-scarce scen-
arios.

Keywords: graph neural networks; node classification; graph representation learning; few shot learning; meta learning;
complex network; prototypical network; deep learning
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Table 1 Basic information of datasets

Blnse  WRBC HEC RRRAEE REER S50
Amazon-C 24919 91680 9034 77 40/17/20
Amazon-E 42318 43556 8669 167  90/37/40

DBLP 40672 288270 7204 137  80/27/30

OGBN-arxiv 169343 1166243 128 40 15/5/20
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Table 3 Comparative results of Amazon-E

i 5w3s  5wS5s  10w3s 10w 5s
eloly 54.6 60.8 432 50.0
GCNU') 53.8 59.6 423 47.4

PN 53.5 59.7 39.9 45.0

MAMLP? 53.3 59.0 37.4 43.4
Mate-GNN!'"! 63.2 67.9 58.2 60.8
GPN>! 64.6 70.9 60.3 62.4
AMM-GNN! 70.1 72.7 63.5 67.9
TENT®! 74.2 76.8 65.7 68.6
GLITTER® 72.4 75.1 59.4 63.7
X-FNCP4 68.8 73.2 60.0 61.6
UDPN®7 74.3 79.5 66.8 71.5
TAS-FNC 76.8 81.6 67.6 73.7
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Table4 Comparative results of DBLP

Jrik Sw 3s Sw 5s 10w 3s 10w 5s
SGCI' 57.3 65 40.2 50.3
GCNLU'®! 59.6 68.3 43.9 51.2

PNE! 37.2 43.4 26.2 32.6

MAMLP? 39.7 455 30.8 34.7
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GLITTER® 75.2 76.0 68.4 71.6
X-FNCP 79.1 72.5 71.9 70.2
UDPN®7 78.6 81.5 72.0 72.4
TAS-FNC 80.1 83.0 70.5 74.3
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Table 5 Comparative results of OGBN-arxiv

itk 5w3s  SwSs  10w3s 10w S5s
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GPN 4 786650 67.7 GPNES! 553 53.0 363 433
_ [7]
AMM-GNN 79.7 81.7 67.8 69.6 AMM-GNN"  53.6 554 375 416
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GLITTER® 80.4 82.0 66.8 67.6 GLITTER® 54.5 60.3 393 414
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UDPN®7! 81.5 82.7 714 72.9 UDPNE" 58.7 62.5 47.7 482
TAS-FNC 82.6 82.9 72.8 74.4 TAS-FNC 60.2 62.3 46.9 48.5
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Table 6 Results of ablation study
SIS HEB/%
TAS-FNC w/o TS 78.67(14.76)
TAS-FNC w/o G 79.45(13.81)
TAS-FNC w/o TSG 76.07(17.46)
TAS-FNC 82.60
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