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n Motivation

= Reliable evidence attribution is essential for trustworthy LLMs. In multi-document question answering, models
must identify which sources support each answer statement, especially in applications such as retrieval-
augmented generation and factual verification.

EJ Attention-Based Attribution

ﬂ Can attribution be derived directly from the internal mechanisms of LLMs, rather than being
imposed externally?
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E Does reading attention improve attribution over prompting and instruction tuning? E Does the method rely on citation markers generated by the model?
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Local attribution records the best Overall F1 for all three model families, exceeding the strongest baseline by 3.37, 9.00, and Layer scores peak around layers 15 to 25, thresholds remain stable for alpha from zero to one, and attribution declines as
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ﬂ Causal Role and Semantic Alignment Evidence Head Count and Location

I3 How do Evidence Heads affect attribution under causal interventions? I How is evidence sensitivity distributed across attention heads?
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Ablating Evidence Heads lowers attribution F1 more than ablating the same number of random heads in all three models,
while activation patching partly restores performance.

n How closely do their attention patterns align with semantic support?
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Max pooled attention aligns with NLI entailment better than mean pooling on Pearson, Spearman, and AUC, with lower
variation across Evidence Heads.

Mean KL scores fall sharply among leading heads before forming a long tail of low sensitivity heads, supporting sparse
selection of the top 1 percent.

m Where are Evidence Heads located inside each model?
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Selected Evidence Heads occupy different positions in each model and cluster in intermediate layers, consistent with the
layer attribution results.

| Identifying and validating evidence sensitive attention heads in large language models and using them for training free sentence level answer attribution.



