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Confidence calibration is essential for trustworthy decision-
making in safety-critical applications, yet the robustness of

UGCA formulates graph calibration attack as a constrained discrete optimization [ N N[ ~
oo P 100/100 -0.3643 9.54 s / 100 Nodes

problem. The framework iteratively searches for graph perturbations that maximize Correlation between Calibration Set Size and Average ECE

Attack Success Avg. Confidence Attack Runtime

calibrated Graph Neural Networks to adversarial structural  calibration degradation while preserving the original predicted label.  Rate(ASR) | | Reduction | | ) 0.10 /

. . : ./
pertyrbatlons remains largely unexplored. We introduce the ange’r o A7 | n Overal 0.09 o\gﬁ ‘>< >-. '\ur‘Q 4.:-——'\'.::
Uhnlfled Grapiw Ca“bra?%n Attack (UGCA%'qa whlte-b(?x framzyvorlcj /'\ etermine ™ g Score Performance Summary (Cora) - .// Wi e
e MuEnpUEEs C.Onl €nce scorgs whiie preservmg pre ICte. CA 4-1 [-0.214| 1 | -0.214 Method Avg. Runtime (s) ASR Avg. A Confidence ' :\ \/ o \./ e
labels. UGCA combines a KL-to-uniform loss, reranking, a hybrid LGSS ey Oelection " —" A

. SIIE Random 2.10 100/100 -0.237 O 0.07 © _-® 0\. o
label-recovery loss, and beam search to efficiently explore the 4-2 |-0.725|-1| 0.725 | [0 L » 0 s i \/ e
. . . Oriainal IGA 15921 0/100 0 w '/ e @
discrete graph space. Our theoretical and empirical results show 9 r 3006 © ¢
that UGCA substantially increases Expected Calibration Error while Graph - , ’ E 4-3|-0dr7) 10477 FeA 491 76100 02659 g
preserving classification accuracy, revealing significant robustness \ 3 / T 45 -0326| 1 |-0.326 UGCA (ours) 954 1007100 0.3643 .

gaps in existing GNN calibration methods.
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graph structure to manipulate prediction confidence while
preserving the original predicted label.
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« Empirical analysis across datasets, budgets, and methods.
 Insights into robustness and calibration-data regimes.
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