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Why This Work Matters

» Training GNNs on large graphs is expensive in
memory and runtime.

» Classical subset selection methods ignore graph
structure or task feedback.

» Condensation/coarsening methods are often too
heavy to scale.

» Goal: select compact graph coresets that
preserve performance while remaining practical
on large real-world graphs.

TAS-EGNN: Core ldea

TAS-EGNN builds a compact yet informative graph coreset by scoring each
training node with a task-aware local criterion and then selecting a di-
verse set of ego-graphs under a budget. The score combines complemen-
tary signals from structure, prediction uncertainty, and supervised error:
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» Structure-aware: spectral entropy favors heterogeneous and
informative local neighborhoods.
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» Task-aware: predictive entropy and misclassification emphasize
ambiguous and hard training nodes.
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» Diversity-aware: greedy coverage penalizes overlapping ego-graphs,
reducing redundancy in the selected subset.
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» Outcome: a scalable coreset strategy that preserves strong GNN
performance on citation, social, fraud, and industrial-scale graphs.

Why it Scales and Generalizes
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Model Overview
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Warm-up GNN

train once on Vi .
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Local spectral entropy
computed on r-hop ego-graphs

Predictive uncertainty
entropy of softmax output
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Ablation Summary

Misclassification
hard-example signal
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Task-aware scoring
compute s(v) for every training node

Greedy coverage
select diverse ego-graphs within budget

Final GNN training
train on the induced coreset subgraph

TAS-EGNN'’s Algorithm

Backbone Robustness

Variant Citeseer Flickr Paysim ECC

s(v) 80.3+0.5 75.8+1.6 96.1+1.4 97.6+0.2
- Hepec(Ey) + B - Hpred(v)  80.2+£0.4 74.8+£0.8 96.0+1.2 97.2+0.5
a - Hepec(EV) + v - W[y # y] 79.0£0.3 753£1.4 958415 97.4+0.3
B Hped(v) + 7 - ¥[9, #y,] 80.1£0.2 755+0.6 96.0+1.3 97.0+0.3
Hepec(Ev) 78.94+0.2 741418 95.14+15 94.4+2.4
Hpred(V) 79.1+0.1 75.440.7 95.740.6 95.14+0.5
Wy, # vl 75.0+:04 750411 95.741.1 94.2+1.6

Take-Home Message

TAS-EGNN turns local structure, predictive un-
certainty, and hard-example feedback into a
compact and diverse training subset, enabling strong
accuracy and practical scalability on real graphs.

Practical Efficiency

» Localized computation: operates on ego-graphs,
avoiding expensive full-graph spectral analysis.

» Reduced redundancy: greedy coverage discourages
overlapping ego-graphs and improves subset diversity.

» Backbone-agnostic: integrates well with GCN,
GraphSAGE, GAT, GIN, and APPNP [2, 6].

» Robust in practice: remains effective across datasets of
very different scales and domains.

Require: Graph G = (V,E, X,Y), GNN fy, scoring weights
a, 3,7y, coreset budget ¢
Ensure: Selected coreset S
1. Initialize S < ()
>. Compute predictions Y = f(X, A) and softmax probabili-
ties p, for all v € Vi
3. for each node v € V,.,;;, do
4 £, < r-hop ego-graph
s s(v) = a Mo &) + B Hprea(v) + YDy # 0]

N\

. end for
. while |S| < ¢ do
g: v¥ <—arg max _[s(v) — Trues Overlap(&,, &)

VE Vtrain\S
0: S <— S U {V*}
1. end while
11 return S

» Memory-efficient: lower memory usage than
graph condensation and coarsening methods
11, 4, 5].

» Lightweight: no full-graph eigendecomposition
and no synthetic graph generation.

» Deployable: effective from small benchmarks to
very large OGB graphs [3].
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Datasets
Dataset Nodes Edges Feats Classes
Cora 2,708 5,429 1,433 [
Citeseer 3,327 4732 3,703 6
Flickr 89,250 899,756 500 [
OGBN-Arxiv 169,343 1,166,243 128 40
OGBN-Products 2,449,029 123,718,152 100 47
Banksim 17,200 08,879 [ 2
Paysim 18,213 100,654 I 2
ECC 20,000 108,800 30 2
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Dataset Metric GCN  GraphSAGE
Citeseer Accuracy 77.1+0.4 80.3+0.5
Cora Accuracy 86.8+0.1 92.3+0.2
Flickr Accuracy 59.7+0.2 75.8+1.6
OGBN-Arxiv Accuracy 65.1+0.2 68.6+0.1
OGBN-Products Accuracy 65.2+0.4 69.5+0.6
Banksim PR-AUC 93.1+15 96.5+0.5
Paysim PR-AUC 95.6+0.9 96.1+1.4
ECC PR-AUC 93.8+0.6 97.6+0.2
Main Results
Dataset Ratio Best competitor TAS-EGNN
Citeseer 50% 75.3 80.3
Cora 50% 87.7 92.3
Flickr 2.0% 64.4 75.8
OGBN-Arxiv 2.0% 67.6 68.6
OGBN-Products 2.0% 45.0 69.5
Banksim 50% 04.2+0.1 96.5
Paysim 50% 03.3+0.0 96.1
ECC 50% 91.610.2 97.6
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