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Methodology — NAIT Main Result

Motivation & Problem

* Excessive IT data degrades LLM performance, — . A  NAIT achieves the best or near-best performance

(a) Neuron Activation Feature Extraction

2449 = A0 (8,) — AD(t) across all benchmarks

Performance Comparison across Capability Dimensions (10% IT Data)

while carefully selected small subsets can
significantly enhance capabilities

* Existing IT selection methods rely on external . %/{/
models, surface-level features, or costly APIs, H SRR G .

limiting scalability and targeted application
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* Current methods lack interpretability and the In-domain data ) o :,
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