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Experimental Results Main Results (Top-Left)

= DiffHLS outperforms GNN and HGNN
Backbone | Cp baselines across all backbones and targets.
; GraphSAGE achieves up to 87% MAPE
PNA - reduction on CP and 81% on LUT,
134 demonstrating the robustness of differential
825 - . : learning.
GraphSAGE : 106 - Prediction Head Analysis (Top-Right)
% Kernel head achieves near-perfect accuracy
- (<1% MAPE, R?=1.0), while delta head
1.37 handles the harder pragma-driven changes.
1032 This validates our decomposition: separating
easy baseline from hard delta focuses learning
on the challenging component.
Lot Component Ablation Study (Bottom)
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| copsace Tow | o3 1000 | 06l 13m0 | o7 o are complementaty: differential Jearning
ecomposes predictions to reduce variance,

gjg gﬁ }% 2§§ ':;: (l’:m gjg: while LLM embeddings capture pragma-aware
semantic cues.
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kernel baseline + pragma-induced delta
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