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1 Motivation

2 Evidence Head Selection
Q Do specialized attention heads responsible for evidence identification exist, and can they serve as a latent mechanism for
answer attribution?

→ →

3 Attention-Based Attribution
Q Can attribution be derived directly from the internal mechanisms of LLMs, rather than being
imposed externally?

Input

I Instruction.  Write an accurate,
engaging, and concise answer
for the given question using only
the provided search results
(some of which might be
irrelevant) and cite them properly.
Use an unbiased and journalistic
tone. ...

q Question.  Which is the most
rainy place on earth?

1 Document.  Mawsynram,
India receives 11,872 mm annual
rainfall, the wettest place on
Earth.

2 Document.  Guinness World
Records confirms the highest
average annual rainfall globally.

3 Document.  Orographic lift
forces monsoon winds up the
Khasi Hills, creating extreme
rainfall.

→

LLM

s₁  Mawsynram, India is the most rainy place on
Earth, with 11,872 mm of average annual rainfall
per Guinness World Records.

s₂  This extreme precipitation is caused by
orographic lift as monsoon winds rise over the
Khasi Hills.
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s₁  Mawsynram, India is the most
rainy place on Earth, with 11,872
mm of average annual rainfall per
Guinness World Records. 1 2

s₂  This extreme precipitation is
caused by orographic lift as
monsoon winds rise over the
Khasi Hills. 3

4 Main Results
Q Does reading attention improve attribution over prompting and instruction tuning?

Local attribution records the best Overall F1 for all three model families, exceeding the strongest baseline by 3.37, 9.00, and
6.37 points.

5 Ablation Study
Q Does the method rely on citation markers generated by the model?

Removing generated citation markers slightly improves Overall F1, while removing the citation prompt lowers scores but
leaves a usable attribution signal.

Q How does attribution change across layers, thresholds, and pooling choices?

Layer scores peak around layers 15 to 25, thresholds remain stable for alpha from zero to one, and attribution declines as
pooling includes more tokens.

6 Causal Role and Semantic Alignment
Q How do Evidence Heads affect attribution under causal interventions?

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.

Q How closely do their attention patterns align with semantic support?

Max pooled attention aligns with NLI entailment better than mean pooling on Pearson, Spearman, and AUC, with lower
variation across Evidence Heads.

7 Evidence Head Count and Location
Q How is evidence sensitivity distributed across attention 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.

Q Where are Evidence Heads located inside each model?

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.

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.
Current attribution methods have important limitations. Prompted citations can be missing, inconsistent, or
unsupported, while training-based approaches require annotated data and additional training and provide limited
insight into how evidence is selected.
LLMs may already encode useful attribution signals internally. Since attention heads can specialize in
particular functions, identifying heads that respond to evidence could enable a more interpretable, training-free
approach to attribution.

Perturb Evidence

D  Mawsynram  receives heavy
rainfall throughout the monsoon
season each year.

D′  Springfield  receives heavy
rainfall throughout the monsoon
season each year.
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