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Abstract

Large language models drop in performance
when their context contains semantic distrac-
tors: context topically related to the question
but off the reasoning chain. Prior mechanistic
work tracks a single injected distractor token,
missing failures in which the model predicts
other context tokens or out-of-context but topi-
cally related ones. We instead track the model’s
actual top non-gold prediction, providing a lo-
calization target for every observed top-1 fail-
ure in the analyzed subset. Failures converge
on a small set of mid-to-late-layer answer-
selection heads (AS-Heads): patching their
clean outputs into distracting runs recovers 60—
86% of failed predictions across four base mod-
els from two families (random heads recover
< 8%), with the mechanism also replicating in
two instruction-tuned models. Clean-prompt
ablations indicate that these heads also con-
tribute to normal answer selection, so their role
is not specific to distractors. Redirecting their
attention onto an entity span causes the model
to transcribe that span at 22-83% (vs. < 7.4%
for random heads), establishing a causally con-
sequential intervention point. The localized
heads transfer across MuSiQue, HotpotQA,
2WikiMultiHopQA, and non-Wikipedia RAG
settings. At inference, their attention provides
a training-free context-filtering signal that lifts
F1 by up to +35 points on disrupted samples
and is competitive with retrieval-head methods.

1 Introduction

Distracting context causing performance degrada-
tion in LLMs has attracted growing attention (Niu
et al., 2025; Yang et al., 2025; Lee et al., 2026;
Wang et al., 2026). This problem is especially rele-
vant in current agentic use cases, where LLMs must
retrieve information from the open web or search
user file systems to complete multi-step tasks, and
may surface content that is topically related but
irrelevant to the task. In our work, we refer to
such content as semantic distractors: passages that

Inputs with Semantic Distractor Diverse Failure Modes

(1) Tracked distractor token h
Prediction is the injected distractor,
. . . e.g. San José (injected country)
Supporting: Santo Domingo is the capital of
Dominican Republic and one of the Y
Caribbean’s oldest cities ... (2) Other tokens in the context
Distractor: Costa Rica is part of San José Prediction copies another token,
Question: Santo Domingo is part of the e.g. Costa Rica
country of?
(3) Topical out-of-context token 0
Prediction is not from the prompt,
e.g. (a territory near

Dominican Republic).

Figure 1: Semantic distractors induce diverse failure
modes. Even with a deliberately injected distractor
(left), the incorrect prediction may be (1) that tracked
token, (2) a different token copied from elsewhere in
the context, or (3) a topically related token absent from
the prompt. This motivates a mechanistic analysis and
intervention that captures these observed failure modes.

share entities, relations, or surface form with the
question but contribute no fact required for the
correct reasoning chain. We found that semantic
distractors cause more performance degradation
than semantically-unrelated ones (Table 1). Under-
standing their underlying mechanisms is therefore
essential for diagnosing this failure and designing
principled interventions.

While distractor-induced performance drops are
widely documented, prior analysis has largely been
behavioral, treating the model as a black box
and characterizing how accuracy varies with fac-
tors such as distractor quantity, training data, and
prompting strategy (Shi et al., 2023; Yoran et al.,
2024; Yang et al., 2025; Lee et al., 2026). In con-
trast, mechanistic studies of the internal compu-
tations that produce these failures remain scarce.
The closest such study, Niu et al. (2025), identifies
contextual entrainment attention heads using two
design choices: the probability of a deliberately
injected distractor token as the localization met-
ric for failure analysis and a differentiable mask
trained to optimize this metric separately for each
relation (e.g., country—capital city). However, the
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Clean Unrelated Distracting Distracting/Unrelated A Ratio
Model Type F1 EM F1(Q) EM (A) F1(A) EM (A) F1 EM
Qwen2.5-72B Instruct 69.5 57.1 61.6(-79) 49.9 (-7.2) 51.7 (-17.7) 40.2 (-17.0) 2.26x 2.34x
’ Base 70.2 58.0 58.0 (—12.2) 45.1 (—12.8) 41.6 (—28.7) 30.3 (—27.6) 2.34x 2.15x%x
Instruct 69.7 58.0 63.6 (—6.1) 51.4(-6.7) 54.9 (-14.8) 43.9 (—14.1) 2.42% 2.12x
Llama-3.1-70B g0 567 43.4 54.4( 23 412( 22 37.9( 188 259 (_175) 8.15% 8.12x
Llama-3.1-8B Instruct 62.8 50.0 53.6 (—9.1) 41.0 (—9.0) 40.5(-—222) 29.0 (-21.1) 2.43% 2.35x
’ Base 53.1 40.1 40.9 (—12.2) 29.3 (-10.9) 31.1 (—22.0) 20.1 (-20.0) 1.81x 1.84 x
Qwen2.5-7B Instruct 62.3 49.5 52.4(—9.8) 41.0 (-85 37.0(-25.3) 26.0 (-23.5) 2.57x 2.76 x
’ Base 60.9 48.6 47.6 (—13.3) 35.5 (—13.1) 32.0(-28.9) 21.4(-272) 2.17x 2.07 x

Table 1: MuSiQue validation results under three contexts:

Clean (supporting passages only), Unrelated (length-

matched topically-distant paragraphs), and Distracting (original semantic distractors). See Appendix B.1 for details.

incorrect prediction under distraction is not lim-
ited to the injected token: it can instead be another
context token or a topically related token outside
the context. Our preliminary experiments verified
that only about 20% of failures in their dataset land
on the specific token they track. Two limitations
therefore motivate our work. First, their metric
captures only the tracked-token failure mode, leav-
ing the others unaccounted for. Second, the heads
they identify are relation-specific and must be re-
identified for each new task, limiting their use for
practical intervention.

To tackle these limitations, we propose a local-
ization metric that provides a target for every ob-
served failure. Rather than tracking an injected dis-
tractor token, we track the model’s actual top non-
gold prediction under a distracting prompt and ask
which components determine its ranking against
the gold token at the final position. We cross-
validate localization with attribution patching for
scalable search, activation patching for verification,
and ablation with attention analysis for character-
ization. We then test whether the identified heads
provide a shared intervention target across the di-
verse failures by using their attention to filter con-
text at inference time, keeping the top-k paragraphs
and re-answering on the filtered prompt.

We find that distractor-induced failures converge
on a small set of mid-to-late-layer attention heads,
typically 19-35 per model, that we call answer-
selection heads (AS-Heads). These heads prefer-
entially attend to the gold answer over other to-
kens. Patching their clean outputs into a distract-
ing run restores the correct answer on 60—-86% of
failed samples across four base models, whereas
matched-size random heads recover at most 8%;
the localization and intervention also replicate in
two instruction-tuned models. Redirecting their at-

tention at the final query position onto an arbitrary
entity causes the model to transcribe that span at
22-83% (versus < 7.4% for matched random con-
trols), demonstrating that their attention causally
influences what the model predicts. The localized
intervention point transfers across model scales and
across both Wikipedia and non-Wikipedia retrieval-
based QA settings.

Using the answer-selection heads’ attention to
filter context at inference time lifts F1 by up to
+35 points on samples where the model fails under
distraction and is competitive with retrieval-head
methods from the broader long-context retrieval
literature (Wu et al., 2025; Zhang et al., 2025).
This provides convergent evidence that the answer-
selection heads carry a useful signal for distinguish-
ing supporting from distracting context.

Our main contributions are as follows:

1. We propose a new localization metric and
identify a small set of attention heads in mid-
to-late layers at which semantic-distractor fail-
ures can be recovered by intervention.

2. We characterize these heads as implement-
ing answer-selection under normal conditions,
and show their attention pattern is causally
responsible for the model’s prediction.

3. We demonstrate that the answer-selection
heads serve as an effective context-filtering
signal at inference time, competitive with
retrieval-head methods.

2 Related Work

2.1 Robustness of LLMs to distracting context

As LLMs are increasingly deployed in settings that
consume long and heterogeneous context (RAG,
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multi-document QA, agentic tool-use), their abil-
ity to ignore irrelevant material has emerged as a
central reliability concern. Most existing analyses
are behavioral rather than mechanistic, character-
izing how accuracy varies with factors such as the
quantity of irrelevant passages, training data, or
prompting strategy (Shi et al., 2023; Yoran et al.,
2024; Yang et al., 2025; Lee et al., 2026). Within
this line, distracting context and irrelevant context
are used loosely and largely interchangeably, with
some work noting that “irrelevant” is itself ambigu-
ous (Niu et al., 2025). We keep distracting context
as the umbrella phenomenon but make the oper-
ative axis precise: the construct we study is the
semantic distractor. The closest prior mechanistic
study to ours is Niu et al. (2025), who identify con-
text entrainment heads that elevate the probability
of injected distractor token. This distractor token,
however, captures only a fraction of failure cases,
and the heads identified by tracking it are relation-
specific. We pursue a complementary approach:
we track the model’s actual top non-gold predic-
tion rather than a pre-defined token, which is also
more applicable to more realistic tasks where it is
hard to define a specific distractor token to track.

2.2 Mechanistic analysis of specialized
attention heads

A growing body of mechanistic analysis on lan-
guage models has identified small sets of attention
heads with specific roles in how the model pro-
cesses context. One group of heads implements
token- or entity-level copying: induction heads at-
tend to and copy tokens that have appeared earlier
in the sequence, underlying much of in-context
learning (Olsson et al., 2022); in the indirect-object
identification circuit, name-mover and S-inhibition
heads coordinate to select the correct entity over
a competing one and write it to the output (Wang
et al., 2023), establishing the patching and causal-
intervention methodology used in much subsequent
work, including ours; and copy-suppression heads
act in the opposite direction, reducing model confi-
dence in over-copied tokens to improve calibration
(McDougall et al., 2024). As context windows have
grown, attention has shifted to heads that locate rel-
evant content within long inputs. Wu et al. (2025)
identify retrieval heads, a sparse subset that sur-
faces the answer span in needle-in-a-haystack—style
tasks, and Zhang et al. (2025) extend this to query-
conditioned settings with QR-heads selected by
their attention to query-relevant paragraphs. A

third line studies heads that route between paramet-
ric memory and external context: Jin et al. (2024)
identify memory and context heads via path patch-
ing and prune conflicting ones to control which
source the model relies on; Li et al. (2025) show
these heads often superpose both roles and pro-
pose a test-time intervention to mitigate this; and
Sun et al. (2025) decouple Copying Heads from
Knowledge FFNs to detect RAG hallucinations
from over-reliance on parametric knowledge. Our
work complements these analyses by identifying
answer-selection heads through a different local-
ization metric. Rather than first specifying a target
function (copying, retrieval) or a source dichotomy
(memory vs. context) and then locating heads that
implement it, we localize heads by their causal ef-
fect on distractor-induced failures, with the goal
of finding stable, model-level intervention points
applicable across datasets.

3 Task Formalization

We study multi-hop question answering under dis-
tracting context. Under this setting, an instance
consists of a question, supporting passages con-
taining the facts required to answer it, distractor
passages with none of those facts, and a ground-
truth (gold) answer token y*.

We compare two prompts: a clean prompt Z¢jean
with only the question and supporting passages, and
a distracted prompt x4 that additionally inserts
the semantic distractors. We write logit(y | «) for
the pre-softmax logit on the first answer token y
given z, and rank(y | x) for the rank of y under
that ordering (1 = top).

For our localization metric, we run one uninter-
vened forward pass on the distracting prompt and
define y~ as the model’s top non-gold prediction
for the first answer token:

Yy~ = arg max logit(y | Zqis)- (1
y#y*

By construction, y~ is the token the model pre-
dicts whenever it fails on that sample. We identify
y~ once and hold it fixed throughout all analyses,
which investigate the components that cause the
model to predict y~ rather than y*. We then cate-
gorize the samples into two subsets. The disrupted
subset, where distraction breaks a previously-
correct prediction, has rank(y* | Zcean) = 1
and rank(y* | zg4is) # 1. The resistant subset,
where the model is correct on both prompts, has
rank(y* | Zeean) = rank(y* | zgist) = 1.
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4 Methods

Interpretability studies often employ localization,
characterization and causal intervention in their
analyses. We likewise use these approaches to
examine the internal mechanisms, with the specific
methods detailed below.

4.1 Localizing the Heads

To localize the heads causally responsible for
distractor-induced failure, we need a metric that
detects when the failure has occurred. We therefore
target the gold—distractor logit gap on the distract-
ing prompt,

L = logit(y* | zaist) — logit(y~ | zaist), (2)

which is positive when the model favors gold and
shrinks (typically flipping sign) under successful
distraction. Using L as the metric, we run the
search below.

Multi-step search. We use attribution patching
(AtP; Nanda, 2023; Syed et al., 2024; Kramdr et al.,
2024), a fast, gradient-based approximation of ac-
tivation patching (Vig et al., 2020; Meng et al.,
2022), to rank candidate heads by their causal con-
tribution to L. We apply AtP at the final token
position to every individual attention head. We
then re-test the top AtP candidates with full ac-
tivation patching, and a head enters the answer-
selection set only if both procedures agree in sign
under both the forward (clean—distracting) and re-
verse (distracting—clean) patches. We also verify
the head discovery and the patching results using
2-fold cross-validation (Appendix B).

Causal test. We test the identified heads by out-
put patching: at the final token position, we patch
their per-head outputs (taken before the output pro-
jection) from a clean run into a distracting run, and
read off rank(y* | z4is¢) under the patched model.

4.2 Characterizing the Function of the
Identified Heads

Having identified the candidate head set in §4.1,
we next probe what these heads do under normal
conditions. The diagnostics below cover four com-
plementary aspects of their role: functional neces-
sity, what spans they attend to, what their attention
causally controls, and where in the layer trajectory
their effect appears.

Zero and mean ablation. We zero out each
answer-selection head’s output contribution to the
residual stream at the final token position (zero ab-
lation), or replace it with the head’s mean output
over the samples (mean ablation), and measure how
much rank(y* | ) degrades on each prompt x.

Mean per-token attention. For each head, we
measure how much attention the final-token query
sends to four token classes: (i) the final-answer
span, (ii) the bridging-hop entity, (iii) a generic
NER-tagged supporting entity, and (iv) the distrac-
tor entity (proxied by the distractor paragraph title;
details in Appendix B.8). For each class, we sum
the attention over the tokens in the span and divide
by the span length to obtain a per-token rate, then
report the ratio against the final-answer span. We
compute these values on both clean and distracting
prompts: the clean-prompt values reflect the heads’
intrinsic behaviour, and the distracting-prompt val-
ues show how it changes under distraction.

a-redirection. On the distracting prompt, we re-
place each answer-selection head’s final-token at-
tention o with uniform attention over a chosen tar-
get span, and measure the rate at which the model’s
top-1 prediction is a token from that span. A high
rate indicates that these heads’ attention pattern
alone can determine what the model predicts.

Logit-lens trajectory. We apply the logit lens
(nostalgebraist, 2020; Belrose et al., 2025) at the
final query position across all layers, tracking the
per-layer ranks of y* and y~. We then ablate the
answer-selection heads and ask whether the layer
at which gold overtakes the distractor in rank can
be attributed to these heads.

4.3 Intervention via Context Filtering with
the Identified Heads

Having shown that the identified heads pick out
the answer-relevant span under both clean and dis-
tracting conditions (§4.2), we test whether their
attention can be read out at inference time to miti-
gate distractor-induced failure. On a single forward
pass over the full distracting prompt, we take each
answer-selection head’s post-softmax attention at
the final token position. Let ay,(p) denote the total

'We normalize by span length because span lengths differ
by orders of magnitude across the four models (gold-answer
spans average ~ 5 tokens vs. ~ 2,000 tokens of distractor
content per prompt); without per-token normalization, the
comparison would conflate a head’s per-token preference with
raw class size. Unnormalized totals are in Appendix Table 16.
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attention head h assigns to paragraph p (summed
over the paragraph’s tokens). Each paragraph p
then receives a weight

w(p) = Y ACPgqlh] - an(p),  (3)
heA

where A is the answer-selection head set and
ACPyyq[h] is head h’s forward activation-patching
effect on L (from §4.1), so heads with larger mea-
sured causal contribution to L contribute more.
We keep the top-k paragraphs by w(p), re-run the
model on a reduced prompt containing only those
paragraphs (in original order) plus the question,
and read its greedy answer. We report two settings
for k. Our headline numbers use adaptive k, where
k is set per sample to the MuSiQue-annotated num-
ber of supporting paragraphs (the question’s hop
count, k € {2,3,4}), matching each question’s nat-
ural complexity. We also evaluate a fixed-k variant
in which a single k£ € {1,2,3} is used for every
sample, as a check that our conclusions do not de-
pend on the per-sample hop-count annotation (Ap-
pendix D.4). We also report an unweighted abla-
tion: each head casts a single vote for the paragraph
it attended to most, and paragraphs are ranked by
vote count, matching the aggregation used for the
baselines below. The intervention is training-free.

Baselines. We compare against three baseline
head sets in the main results: (i) random heads,
equally many heads randomly drawn from the
answer-selection heads’ own layers but disjoint
from that set; (ii) retrieval heads, the same num-
ber of top heads by the retrieval score of Wu
et al. (2025), detected on MuSiQue; and (iii)
OR-heads, the same number of top heads by
the query—paragraph attention score of Zhang
et al. (2025), re-detected on a fresh 128-sample
MuSiQue subset using their published procedure,
calibrated against a null-query baseline. For com-
pleteness we additionally run an all-heads control
and the per-sample entrainment heads of Niu et al.
(2025) as sanity checks. As expected, both rank at
the bottom on the disrupted subset, and we there-
fore do not extend them to the full MuSiQue vali-
dation (Appendix D.3).

Evaluation. We report EM/F1 on the validation
set in the main results.

5 Experimental Setup

Models.
language

We study four open-weight base
models spanning two families:

Llama-8B Qwen-7B Llama-70B Qwen-72B

(N=276) (N=372) (N=179) (N=429)
Supporting  14.1%  10.8% 19.0% 17.9%
Bridge 554%  32.3% 31.8% 27.7%
Distractor 304%  57.0% 49.2% 54.3%

Table 2: Source of the model’s extracted wrong an-
swer on disrupted MuSiQue validation examples. NN is
the count of source-attributable failures. Bridge is an
intermediate-hop answer; Supporting is a non-bridge
answer from a supporting paragraph; Distractor is a
token from the distractor paragraph.

Llama-3.1-8B  Qwen-2.5-7B

Correct under clean 2,761 2,551
Incorrect under distractor 251 (9.1%) 216 (8.5%)
— injected distractor 54 (21.5%) 41 (19.0%)
< other token 197 (78.5%) 175 (81.0%)

Table 3: Only about 20% incorrect predictions is the
injected distractor; the rest are other topically related
tokens. Examples: gold “Dominican Republic” / dis-
tractor “SanJosé” — model says “CostaRica” (an-
other Latin America country); gold “China” / distractor
“United States” — “Hong Kong” (related to China)

Llama-3.1-8B, Llama-3.1-70B, Qwen-2.5-7B,
and Qwen-2.5-72B. We additionally replicate
the pipeline on Llama-3.1-8B-Instruct and
Qwen-2.5-7B-Instruct.

Data. Our main analysis uses the validation split
of MuSiQue (Trivedi et al., 2022). We evaluate
transfer on the Wikipedia-based HotpotQA (Yang
et al., 2018) and 2WikiMultiHopQA (Ho et al.,
2020), and on two non-Wikipedia RAG bench-
marks: RGB (Chen et al., 2024), based on web-
search news passages, and QASPER (Dasigi et al.,
2021), based on scientific papers. We run the mech-
anistic analysis (§6.1, §6.2, §6.3) on each model’s
disrupted validation subset. For context filtering
(§6.4), we identify heads on the training set and
evaluate on validation, reporting disrupted and re-
sistant subsets separately.

6 Results

6.1 Distractor-induced failures are diverse

In the MuSiQue dataset, among samples the model
answers correctly on the clean prompt but incor-
rectly once semantic distractors are introduced,
the wrong predictions come from multiple sources
beyond the distractor paragraph. Table 2 shows
that bridging-hop and other supporting-paragraph
tokens together account for 43-70% of source-
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Llama-3.1-8B (N=388, 19 heads) Qwen2.5-7B (N=538, 35 heads)

100 4

80 1

60 - 1
40- E

rank-1 recovery (%)

13 20 30 1 2 3 5 8
K (heads patched)

1 2 3 5 8
K (heads patched)

—&— top-K answer-selection (by ACPfyq)

P S e o |

13 20 30

Llama-3.1-70B (N=255, 23 heads) Qwen2.5-72B (N=496, 29 heads)

&3 —A
1 2 3 5 8 13 20 1 2 3 5 8 13 20
K (heads patched) K (heads patched)

—&— random K non-selection

Figure 2: Cumulative head-output patching on the disrupted subset. Each point is the post-intervention rank-1 rate
when the indicated head set’s pre-o_proj outputs at the final query position are replaced with their clean-run values.

entity targets

non-entity targets

Source set K  final bridging distr_entity random_supp random_distr
Llama-3.1-8B
AS-Head 19 62.5% 58.7% 60.4% 4.5% 1.6%
Randomhead 19 2.9% 7.7% 2.6% 1.1% 0.5%
Owen2.5-7B
AS-Head 35 22.0% 24.1% 42.6% 3.8% 3.2%
Random head 35 0.4% 3.3% 1.7% 1.7% 0.9%
Llama-3.1-70B
AS-Head 23 83.1% 64.2% 78.0% 5.5% 2.8%
Random head 23  0.0% 2.7% 0.4% 0.0% 0.0%
Owen2.5-72B
AS-Head 29 68.4% 49.3% 38.1% 2.5% 2.0%
Random head 29 7.4% 21.6% 3.5% 0.6% 0.4%

Table 4: a-redirection rank-1 transcription rates on the disrupted subset.

Targets final, bridging, and

distr_entity are entity-class spans (gold answer, intermediate-hop entity, and distractor entity), while
random_supp and random_distr are random sub-word fragments from a supporting or distractor paragraph.

attributable wrong predictions across models. In
the LRE dataset of Niu et al. (2025), Table 3 con-
firms the same pattern: only about 20% of incorrect
predictions are the injected distractor token, and the
remainder are other topically related tokens. Dis-
tractor context disrupts prediction in several ways,
and the model prediction does not always land on
the injected distractor. A localization metric that
tracks only this token therefore captures one failure
mode while missing the rest. To mechanistically
characterize how distractors derail prediction and
to build an intervention effective across all failures,
the metric should cover every failure.

6.2 We localize a small set of attention heads
in mid-to-late layers important for
distractor robustness

Using the localization procedure in §4.1, we iden-
tify a small answer-selection head set per model
(19-35 heads). Cumulative patching of these heads’
pre-o_proj outputs from a clean run into a dis-
tracting run restores rank(y* | zgis)=1 on 60.1—

85.9% of disrupted samples across the four mod-
els, while matched- K random head subsets recover
< 8% at every K on every model (Figure 2). The
answer-selection heads therefore identify a com-
pact, model-specific intervention point at which
most failures can be recovered.

6.3 These heads’ attention is causally
important for what the model predicts

Redirecting the heads’ attention causally drives
the prediction. On unintervened passes, the
heads’ argmax-attended source token already co-
incides with the model’s first-token prediction at a
much higher rate than for random heads. To test
whether this attention pattern causally drives the
prediction, we replace the heads’ attention at the
final query position with uniform attention over a
chosen entity. As Table 4 reports, the model then
transcribes the chosen span at 22-83% across the
four models, versus < 7.4% for matched random
head controls on final-answer and distractor-entity
targets, a causal effect roughly an order of magni-
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Llama-3.1-88 Qwen-2.5-7B

N 1.81%
final

bridge

0.34%

other-supp 150 6% 0.18%

distractor +, ¢ 50, 0.07%

Llama-3.1-70B Qwen-2.5-72B

2.22%

0.28% 0.34%
0.13% 0.15%

0.04% 0.04%

0.00 025 0.50 0.75 1.00 1.25 1.50 175 2.00
mean per-token attention (% of mass / token)

B clean prompt

0.00 025 050 075 1.00 1.25 150 175 2.00 0.0 0.5 1.0 15 2.0 25 0.0 0.5 1.0 15 2.0 25 3.0
mean per-token attention (% of mass / token)

mean per-token attention (% of mass / token) mean per-token attention (% of mass / token)

distracting prompt

Figure 3: Mean per-token attention from the AS-Heads to each token class, on clean and distracting prompts.

Disrupted  Resistant Full val

Method EM FlI EM F1 EM Fl

Disrupted  Resistant Full val

Method EM Fl1 EM F1 EM Fl

Llama-3.1-8B  (Ny=2417, Nq=388, N,=324)
No intervention 3.6 15.6 69.1 82.1 20.1 31.1

Oracle (clean) 83.5 93.1 75.3 87.0 39.5 524
Random head 27.1 37.1 43.8 56.7 21.8 32.0
Retrieval head  30.7 40.1 51.2 64.5 23.2 33.7
QR-head 33.8 43.0 51.5 63.9 24.3 34.4
AS-Head (ours) 32.7 41.9 50.0 64.1 24.1 34.5

Owen-2.5-7B  (Ny=2417, Nq=538, N,=329)

No intervention 3.0 11.2 68.7 79.4 21.2 31.3
Oracle (clean) 88.3 95.3 75.2 86.2 48.2 60.5
Random head 20.1 27.2 44.4 55.2 20.7 29.9
Retrieval head 26.6 34.2 53.5 64.1 25.2 35.3
QR-head 26.6 34.6 52.6 63.6 25.5 35.5
AS-Head (ours) 27.7 35.1 53.8 64.7 25.6 35.1

Llama-3.1-70B  (Ny=2417, Nq=255, N,=347)

QOwen-2.5-72B (N y=2417, Ng=496, N,=605)

No intervention 1.6 12,9 74.9 84.4 26.1 38.2 No intervention 1.4 9.3 57.9 79.6 18.1 294

Oracle (clean) 90.6 96.4 81.3 88.4 34.6 44.1 Oracle (clean) 72.0 88.4 63.6 83.9 36.0 52.5

Random head 19.6 28.0 48.1 57.1 21.7 32.2 Random head 22.2 30.5 58.3 69.0 32.4 42.3

Retrieval head  26.7 34.0 64.3 73.2 259 37.4 Retrieval head 24.2 33.1 65.5 76.3 34.1 44.4

QR-head 35.3 43.5 66.3 74.6 29.1 40.2 QR-head 26.8 359 64.3 75.2 349 45.5

AS-Head (ours) 34.1 41.4 64.8 73.5 27.8 38.8 AS-Head (ours) 24.6 32.8 64.3 74.5 35.1 45.2
(a) Llama family (b) Qwen family

Table 5: Context filtering with head-attention voting on the full MuSiQue validation set, adaptive k = hop count. All
rows use equal-weight votes: each head casts a single vote for the paragraph it attended to most, and paragraphs
are ranked by vote count. No intervention runs the full distracting prompt; Oracle (clean) retains only supporting
paragraphs. Paired-bootstrap differences and 95% Cls are reported in Appendix Table 19.

tude larger on every model. On the resistant subset,
ablating these heads destroys the logit-lens gold-
over-distractor rank crossover. The same ablation
also collapses clean-prompt accuracy, so the heads
are necessary for normal answer extraction rather
than merely the route by which distractor content
enters the prediction. Together, these results iden-
tify the heads’ attention pattern as both sufficient
(redirecting it changes the prediction) and neces-
sary (ablating the heads collapses prediction) for
the model’s answer selection, establishing these
heads as causally important for distractor robust-
ness. See Appendix C for detailed results.

The heads’ attention strongly prefers the gold
answer over other entities. Figure 3 shows the
per-token attention pattern: on clean prompts the
heads’ attention concentrates on the gold-answer
span, several-fold above other token classes. Un-
der distraction this concentration weakens, but the

per-token preference for gold over distractor is pre-
served at ~ 8x. The heads’ attention thus contin-
ues to favor the gold span even under distraction, a
feature that we can use for intervention.

Summary. The diagnostics agree on the heads’
function: they selectively attend to the gold-answer
span over other entities, and their attention pattern
is causally important for what the model predicts
(a-redirection raises transcription to 22-83% ver-
sus < 7.4% for random heads, while ablation dis-
rupts normal answer extraction). We therefore call
these answer-selection heads.

6.4 Using the answer-selection heads as
intervention recovers the failures

From § 6.3, the answer-selection heads concentrate
attention on the gold-answer tokens, and the same
selectivity carries over to the paragraph level even
on samples the model gets wrong (Appendix C).
We exploit this signal by ranking paragraphs by per-
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head equal-vote count and re-prompting the model
on the top-k paragraphs. On the full MuSiQue
validation this lifts EM from 20.1% to 24.1% on
Llama-3.1-8B and from 21.2% to 25.6% on Qwen-
2.5-7B, with the lift concentrating on the disrupted
subset where the intervention is needed (3.6% —
32.7% on 8B, 3.0% — 27.7% on Qwen-2.5-7B).

Comparison to baselines. From Table 5, AS-
Heads consistently outperform the random-head
baseline by +2.3 to +6.1 EM on full validation
across all four models and are competitive with
retrieval heads and QR-Heads. Retrieval heads
are identified by their copy-during-decoding be-
havior, while QR-Heads are identified by directly
ranking query-to-context attention mass. In con-
trast, our AS-Heads are identified by their causal
effect on the model’s prediction and their impor-
tance for distractor robustness, and share at most
0.21 Jaccard with either baseline (Appendix D.6).
That three largely disjoint head sets selected by
different criteria achieve comparable performance
provides convergent evidence that AS-Heads distin-
guish supporting context from semantic distractors
and are suitable as a general intervention point for
distractor robustness.

Native weighting. Each baseline ships with a per-
head score (Wu retrieval score (Wu et al., 2025),
QR query-focused score (Zhang et al., 2025)); we
use ACPyyq in the analogous role. Re-weighting
each method’s vote by its own score consistently
strengthens the result. AS-Heads remain competi-
tive under native weighting (Table 6).

Robustness to the per-sample hop-count anno-
tation. With £ € {1,2,3} chosen globally per
method on full-validation EM (in place of the per-
sample hop count), AS-Head and QR-head remain
competitive on every model under equal-weight
voting (Appendix D.4), so the result in Table 5
does not depend on the per-sample k annotation.

6.5 The answer-selection heads and the
mechanism generalize across datasets

Repeating localization on HotpotQA and 2Wiki-
MultiHopQA yields head sets in the same mid-
to-late layers with substantial overlap, and patch-
ing the MuSiQue-identified heads recovers perfor-
mance on the other two datasets (Table 7). Transfer
also extends beyond Wikipedia multi-hop QA. On
RGB’s web-search news passages and QASPER’s
scientific papers, patching the MuSiQue-identified

Disrupted Resistant  Full val
Method EM Fl EM Fl EM Fl

Liama-3.1-8B  (Ny=2417, Nq=388, N,=324)

Retrieval head 38.1 48.5 57.7 70.4 26.8 37.6
QR-head 38.1 48.3 57.1 68.6 26.8 37.4
AS-Head (ours) 39.9 50.3 58.6 70.8 27.7 38.4

Qwen-2.5-7B  (Ny=2417, Nq=538, N,=329)

Retrieval head 28.6 36.0 54.1 65.5 25.8 35.6
QR-head 29.7 37.1 54.7 66.5 26.5 36.5
AS-Head (ours) 29.4 37.0 54.4 66.3 26.2 36.5

Table 6: Each method with its native per-head weighting
on the MuSiQue validation set, adaptive k& = hop count.

Recovery rate (%)

Dataset Llama-8B Qwen-7B Llama-70B Qwen-72B
MuSiQue 60.1 75.1 85.9 78.2
HotpotQAT 74.7 76.7 89.0 78.5
2WikiMQAT  79.1 70.8 85.5 86.3

Table 7: Cumulative-patching recovery rate (fraction of
failed predictions restored to rank-1) of the MuSiQue-
identified answer-selection heads, transferred to the dis-
rupted subsets of HotpotQA and 2WikiMultiHopQA. T
denotes zero-shot transfer to the disrupted subsets.

heads recovers 45.4-68.5% of distracted failures
on these datasets (Appendix Table 27).

7 Conclusion

By tracking the model’s actual incorrect prediction
rather than a predefined distractor token, we pro-
vide a localization target across diverse semantic-
distractor failures and identify a compact set of
causally consequential attention heads across four
base models. We also replicate the mechanism in
two instruction-tuned models and observe cross-
dataset transfer of the identified heads. We charac-
terize these as answer-selection heads: their atten-
tion preferentially concentrates on the gold-answer
span over other entities and drives the model’s
prediction (redirecting it causes the model to tran-
scribe a chosen span; ablating the heads disrupts
answer extraction even without a distractor). Us-
ing their attention to filter context at inference
time (without fine-tuning) improves performance
on the disrupted subset and remains competitive
with retrieval-head methods despite the largely dis-
joint head sets. The answer-selection heads are thus
stable across the evaluated datasets and important
for semantic-distractor robustness; we hope they
anchor future work tracing the upstream circuitry
that configures their attention.
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Limitations

Scope of analysis. Our primary analysis con-
cerns open-form multi-hop question answering
with paired clean and distractor-bearing prompts.
We transfer the intervention across Wikipedia
benchmarks and to RGB and QASPER, which
use web-search news passages and scientific pa-
pers, respectively. These remain retrieval-based
QA settings; whether the same head set transfers
unchanged to mathematical or commonsense rea-
soning, or to other distractor constructions such as
adversarial paraphrases, remains untested.

Model coverage. We study four open-weight
base models from two families (Llama-3.1 and
Qwen-2.5) at two scales (7-8B and 70-72B),
and replicate the pipeline on their Llama-8B and
Qwen-7B instruction-tuned variants. The answer-
selection set varies in concentration and member-
ship across models, so the precise circuit organi-
zation may differ in other architectures, reasoning-
tuned variants, or substantially different scales.

Causal pathway is partial. Our localization
identifies the answer-selection heads as a causally
consequential intervention point, recovering sub-
stantial failed predictions across four base models,
but it does not characterize the full pathway that
produces each failure. Upstream components may
write a corrupted signal into the residual stream that
the answer-selection heads then read, the heads’
own /K computation may misselect under dis-
traction, or both. Components outside the set
may account for the remaining failures. AS-Heads
should therefore be understood as a compact, high-
coverage intervention locus rather than a complete
distractor-suppression circuit.

We see this work as an initial mechanistic step:
reframing distractor-failure localization around
the model’s actual top non-gold prediction and
identifying the answer-selection heads as a sta-
ble, intervention-capable locus across models and
datasets. Tracing the upstream sources of the con-
tamination, disentangling the role of the heads’
own /K computation, and extending the frame-
work to other reasoning settings are natural follow-
ups we leave to future work.

Potential Risks

Our work is a mechanistic-interpretability contri-
bution: we study how language models fail un-
der semantic-distractor context and propose an
inference-time context-filtering intervention. We

do not introduce new model capabilities or mod-
ify model weights. The most plausible down-
stream risk is misuse of the context-filtering inter-
vention as a general-purpose content filter outside
the retrieval-based QA settings we evaluate. The
intervention may extend to other settings, but users
should validate it before deployment. Our findings
on open-weight models in a research context do
not transfer to safety-critical deployments without
further validation.
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Llama-3.1-8B  Qwen-2.5-7B

Llama-3.1-8B Qwen-2.5-7B

Distractor definition

Rank on clean (median) 292 2 256 4
In top-10 on clean (%) 40 87.1 29 752
Arank when distr. added 4261 +1 +143 +2
Alog p when distr. added +3.55 40.24 +1.05 +0.45

100.0 19.0 100.0

prior ours prior  ours

% of failures on this token  21.5

Table 8: Two distractor-token definitions on the same
LRE prompts (n=2,761 Llama, 2,551 Qwen). The prior
definition (Niu et al., 2025) is the object the distrac-
tor context is constructed to promote, while ours is
the model’s top non-gold prediction on the distracting
prompt. A values are medians and log p in nat.

diverse, explainable multi-hop question answering.
In Proceedings of the 2018 Conference on Empiri-
cal Methods in Natural Language Processing, pages
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putational Linguistics.

Ori Yoran, Tomer Wolfson, Ori Ram, and Jonathan
Berant. 2024. Making retrieval-augmented language
models robust to irrelevant context. In International
Conference on Learning Representations, volume
2024, pages 29862-29883.

Wuwei Zhang, Fangcong Yin, Howard Yen, Danqi
Chen, and Xi Ye. 2025. Query-focused retrieval
heads improve long-context reasoning and re-ranking.
In Proceedings of the 2025 Conference on Empiri-
cal Methods in Natural Language Processing, pages
23791-23805, Suzhou, China. Association for Com-
putational Linguistics.

A Distractor token statistics

This appendix reports the statistics that support the
distractor-definition reframing of §6.1: across both
LRE and MuSiQue, the injected distractor token
of Niu et al. (2025) accounts for only a subset of
the model’s incorrect predictions, motivating our
model-behavior-based definition.

A.1 LRE: Niu et al. (2025)’s definition vs. ours

Table 8 compares two distractor-token definitions
on the LRE dataset (Hernandez et al., 2024): the in-
context token the distractor context is constructed
to promote (Niu et al., 2025), and the model’s ac-
tual top non-gold prediction (ours). About 20% of
model flips land on the prior distractor, whereas
our behavioral definition captures every flip by con-
struction.

A.2 MuSiQue: distractor rank statistics
under our definition

Table 9 reports the analogous statistics on
MuSiQue. The model’s top non-gold prediction

Clean-correct subset (aggregate, no segregation)

Distractor rank, clean (median) 4 4
Distractor in top-10, clean (%) 75.4 70.2
Arank when distr. added +2 +2
Top-1 flipped (%) 54.5 62.1
n (clean-correct) 712 867

Table 9: Distractor-token statistics on MuSiQue under
our behavioural definition.

y~ is in the top-10 candidates on 70-75% of clean
prompts, consistent with the heterogeneity in Ta-
ble 2: bridge and supporting-token failures re-
rank already-strong candidates, whereas distractor-
paragraph failures promote deeply-buried tokens.

B Additional Experimental Details

B.1 Table 1 Implementation Details.

Table 1 compares three conditions on MuSiQue:
Clean (only the supporting paragraphs needed to
answer the question), Distracting (the dataset’s
semantic distractors added, i.e., the standard
MuSiQue distracting prompt), and Unrelated (a
length-matched control in which each distractor
paragraph is replaced by a coherent, in-distribution
paragraph drawn from the most topically-distant
MuSiQue samples, ranked by question-embedding
cosine similarity using all-MinilLM-L6-v2, and
length-matched per paragraph within +10% char-
acters). The unrelated control holds length, English
coherence, and entity density approximately con-
stant while removing topical and entity overlap
with the question.

B.2 Prompt template

The prompt template is the same for all models and
both conditions (clean / distracting):

System prompt: You’re a

assistant.

helpful

User prompt:
Answer the question based on the context
below. Respond with ONLY the answer,
nothing else.

Context:{context}

Question: {question}
Answer:

B.3 Disrupted subset filters.

Beyond the clean-rank-1/distracting-not-rank-1 cri-
terion in the main text, we restrict to samples with
content_position = 0 on both conditions: the
gold answer’s first sub-token is the first token the

35830


https://doi.org/10.18653/v1/D18-1259
https://proceedings.iclr.cc/paper_files/paper/2024/file/8011b23e1dc3f57e1b6211ccad498919-Paper-Conference.pdf
https://proceedings.iclr.cc/paper_files/paper/2024/file/8011b23e1dc3f57e1b6211ccad498919-Paper-Conference.pdf
https://doi.org/10.18653/v1/2025.emnlp-main.1214
https://doi.org/10.18653/v1/2025.emnlp-main.1214

model generates, with no leading whitespace sub-
token in between. This keeps the analysis focused
on the gold-vs-distractor decision at the first con-
tent token. We also evaluate the excluded cases
separately in Table 10. AS-Head patching remains
well above the matched random control, and the
extended-union conclusion is unchanged.

B.4 Localizing the answer-selection heads.

Head identification proceeds in four stages per
model on the disrupted subset. A head qualifies as
an answer-selection head iff its causal contribution
is sign-consistent under both attribution patching
(the gradient-based linearization) and activation
patching (the real causal swap), in both directions.

(i) Forward attribution patching,
clean—distracting. For every attention head
(L, H) we compute the subset-mean attribution
score

oL

)'aiXdist’

APde (La H) = (Xgl,egn - X?js]-tl
the gradient-based linearization of activation patch-
ing at the final-token pre-Wy slice of the head’s

output. This is cheap enough to compute for every
head.

(ii) Reverse attribution patching,
distracting—clean. The same procedure
with the clean<+distracting roles swapped yields
APev(L, H).

(iii) Forward activation patching,
clean—distracting.  On the top-30 union of

heads by |AP| across both directions, we then run
real activation patching: the head’s clean activation
is spliced into an otherwise-distracting forward
pass and the resulting shift in L is measured
directly, yielding ACPgyq(L, H). This verifies the
linearization on the strongest candidates rather
than trusting it globally.

(iv) Reverse activation patching,
distracting—clean. Same as (iii) with reversed
roles, yielding ACPyy (L, H).

Membership. A head enters the answer-selection
set iff

APfyg >0 A ACPgpq > 0 A

o)
APrey <0 A ACPye, < 0.

Forward scores are positive on a head whose clean-
to-distracting swap recovers L; reverse scores
flip sign on the same head when the contrast is
swapped. Requiring the gradient-based and real-
patching procedures to agree on both signs filters

out heads where the linearization is noisy and heads
whose causal effect is confound-driven rather than
distraction-driven. The resulting answer-selection
set has 19 / 35/ 23 / 29 heads on Llama-3.1-8B
/ Qwen-2.5-7B / Llama-3.1-70B / Qwen-2.5-72B
respectively. On the top-30 union the attribution-
patching linearization agrees with real activation
patching at Pearson r > +0.976 with 100% sign
agreement (calibration slope ~ 1.2-1.4; attribution
patching slightly over-predicts magnitudes).

B.5 Cross-validation of discovery and
evaluation.

The headline cumulative-patching curves evaluate
the same disrupted cohort used for discovery. To
test out-of-sample stability, we partition the full
Figure 2 cohort into two folds, run the complete
localization procedure on one, evaluate cumulative
patching on the other, and swap the folds. The
Llama folds independently recover the full 19-head
set; Qwen recovers 35 and 34 of the 35 full-cohort
heads. Held-out recovery stays within 3.2 points of
the full-cohort rate (Table 11).

B.6 Wrong-answer provenance and per-mode
recovery

For Table 2, we normalize the model’s full ex-
tracted wrong answer and deterministically match
it to dataset annotations: intermediate-hop answers
(Bridge), gold aliases, and labeled distractor or sup-
porting titles/text. Exclusions are typically empty,
hallucinated, or long free-form outputs without re-
liable string-based attribution.

The provenance analysis describes where the
wrong answer comes from; it does not restrict the
localization metric or cumulative-patching evalu-
ation. Intervention on our identified heads shows
substantial recovery for every displayed wrong-
answer category (Table 12).

B.7 Paragraph ordering.

The clean prompt concatenates the supporting
paragraphs in ascending idx order (the original
MusSiQue field), separated by "\n\n". The distract-
ing prompt concatenates all paragraphs (supporting
and distractor) in the same ascending idx order, so
distractors are interleaved at their original positions
rather than appended at the end. Each paragraph is
rendered as {title}: {paragraph_text}. The
ordering is fully deterministic and identical across
all four models.
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Model Cohort N AS-Head EM [95% CI] Random non-AS-Head EM
Paper cohort (cp=0) 255 76.1 [70.5,80.9] 7.1
Llama-3.1-70B  Additional cp£0 75 32.0 [22.5,43.2] 2.7
Extended union 330 66.1 [60.8,71.0] 6.1
Paper cohort (cp=0) 496 66.5 [62.3,70.5] 4.0
Qwen-2.5-72B  Additional cp#0 18 22.2[9.0,45.2] 0.0
Extended union 514 65.0 [60.8, 69.0] 3.9

Table 10: Whitespace-invariant extracted-answer EM recovery on the original and extended disrupted cohorts.
AS-Head recovery remains well above the matched random control. cp is content_position.

Model / evaluation fold Held-out N Heads

Jaccard Held-out recovery [95% CI]

Llama-8B / fold 0 191
Llama-8B / fold 1 197
Qwen-7B / fold 0 256
Qwen-7B / fold 1 282

19 1.000 57.1 [50.0,63.9]
19  1.000 62.9 [56.0, 69.4]
35 1.000 71.9 [66.1,77.0]
34 0971 78.0 [72.8,82.5]

Table 11: Two-fold cross-validation on the full Figure 2 disrupted cohorts. The complete discovery pipeline runs on
one half and cumulative patching is evaluated on the disjoint half. Jaccard compares the independently discovered

set with the full-cohort set.

B.8 Distractor Entity Proxy

In §4.2 we measure attention to “the distractor en-
tity”. We proxy this by the distractor paragraph’s
title: MuSiQue distractor paragraphs are drawn
from Wikipedia, where the title names the canon-
ical entity the paragraph describes. We compute
attention to each title separately and average across
all distractor titles in the prompt; multi-token titles
use the same per-token-mean treatment as the other
comparison spans.

C Characterizing the identified heads

C.1 Naive ablation harms performance in
both clean and distracting runs

We do zero-ablation and cross-check with mean ab-
lation (Table 14): each answer-selection head’s pre-
o_proj output is replaced with its per-condition
mean over a 64-sample calibration set, instead
of zero. Mean-ablated metrics matches the zero-
ablation results (Table 13), so the qualitative find-
ing (§6.3) is not an artefact of the zero substitute.
Because disrupting these heads also severely de-
grades clean-prompt answer extraction, the evi-
dence supports an answer-selection role under both
clean and distracting conditions.

C.2 Attention analysis

Semantic versus unrelated context. Across all
2,417 MuSiQue validation examples, the Llama-
8B AS-Heads remain largely focused on the sup-
porting context when length-matched unrelated

paragraphs are added: their paragraph-level atten-
tion argmax falls on a supporting paragraph 73.3%
of the time. In contrast, when semantically related
distractors are added alongside the same support-
ing context, this proportion drops to 51.6%, indi-
cating that substantially more attention is diverted
from the supporting evidence toward the seman-
tic distractors. The paired difference is 21.7 per-
centage points (95% CI [21.2,22.1], p < 0.001;
Table 15). Together with the causal redirection re-
sult in §6.3, this suggests that semantic distractors
degrade multi-hop QA performance because they
compete more effectively with supporting evidence
for attention at the localized intervention locus, ex-
plaining the lower MuSiQue performance under
semantic distracting context than under unrelated
context observed in Table 1.

Total-mass view of where answer-selection-
head attention goes. Table 16 reports total per-
category attention mass at the final query position,
complementing the per-token view of Figure 3. (i)
By total mass, distractor paragraphs receive the
largest content-category share (33-48%), but this is
a length effect: distractor paragraphs total ~ 2,000
tokens versus ~ 5 for the gold span, so a uniform-
attention head would already allocate ~ 400 x more
mass to distractors. The per-token preference for
gold over distractor is preserved (Figure 3). (ii)
Answer-selection heads attend to every content
category more than the random head, so they are
content-aware mass-wise and gold-selective per-
token.
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Wrong-answer source Llama-8B  Qwen-7B Llama-70B Qwen-72B

Distractor 76.2 (84) 78.3(212) 85.2(88) 80.7(233)
Supporting 82.1(39) 82.5(40) 85.3(34) 80.5(77)
Bridge 53.6 (153) 76.7 (120) 91.2(57) 79.8 (119)
Others 53.1(98) 69.0(116) 81.4(70) 63.8 (58)

Table 12: Rank-1 gold recovery (%; cohort size in parentheses) after patching all AS-Heads, grouped by the
distracting run’s wrong-answer category. Recovery is substantial in every category, showing that intervention on our
identified heads is not restricted to predictions copied from distractor passages.

Model Subset (V) Pass rank-1 % EM % F1 % logit-gap
full (2,417) clean 29.6 - 7.7 39.5—19.2 523 —30.1 +0.30 - —1.02
’ distracting 15.0 -+ 6.7 204 — 12.5 31.3 =+ 23.3 —2.07 — —1.78

Llama-3.1-8B
disrupted (388) clean 98.7 — 9.8 82.7—11.6 924 — 19.2 +2.87 — +0.07
P distracting 0.8 — 4.6 41 —44 162 —+14.9 —-2.14 — —1.75
full (2,417) clean 38.6 4.8 48.7 — 159 60.8 —29.0 +1.89 — —0.16
’ distracting 15.5 — 2.9 20.8 — 6.2 30.9 — 144 —1.88— —1.40

Qwen2.5-7B

. clean 99.6 -+ 5.4 87.9 —10.8 95.3 —26.3 +5.29 — +0.59
disrupted (538)  giciracting 0.9 — 1.1 34— 1.5 11.7— 8.1 —2.96 — —1.95

Table 13: Zero-ablating the answer-selection set at the final-query position and re-running the full prompt. Each
cell reports baseline — ablated. Baseline clean rank-1 deviates from 100% because the subset is defined from the
vLLM eval whereas the ablation re-runs the model in HuggingFace eager mode. Ablation collapses clean rank-1
accuracy by > 85 pp on every model while leaving distracting-prompt accuracy unchanged or worsened, ruling out

a distractor-only role for these heads.

Mean vs. peak per-token attention across sub-
sets. A mean per-token statistic could dilute a
small number of high-attention tokens in a long
span. Table 17 therefore also reports the per-token
peak (maximum on any single token of class c)
on both subsets. (i) On the resistant subset, the
per-token peak on gold exceeds the peak on the
distractor entity by 2.4—2.6x on both models, so
the heads’ preference for gold over distractor holds
at the peak token, not just on average. (ii) On the
disrupted subset the peak shifts to a distractor to-
ken, but this is a sign of failure rather than evidence
against the gold preference: distractor mean and
peak are essentially identical across subsets, while
gold mean and peak both roughly double on the
resistant subset.

C.3 Selector uniqueness within the head
population

To check that the attention preference for the gold-
answer span is specific to the answer-selection
heads rather than a generic property of heads in
this depth band, we rank all L-H heads in each
model by the per-head selectivity score

s(L,H) = @fna(L,H) — max @.(L,H)

cECsupp
(6)

on clean prompts, where a.(L, H) is the mean
per-token attention from the final query position to
tokens of class ¢ (averaged across the subset) and
Csupp 1s the set of supporting NER-entity classes
(bridging-hop entity, supporting-paragraph title,
supporting-paragraph NER-tagged body entity).

The top causal answer-selection heads are
population outliers in attention selectivity. The
top-5 heads by ACPy,q have median selectivity
rank in the top 0.1-2.0% of the head population on
every model (Table 18). Out of the hundreds of can-
didate heads per model, the ones the causal analysis
flags as the top answer-selection heads are precisely
the heads that the attention-selectivity analysis flags
as the top selectors of the gold-answer span. The
gold preference is therefore a distinguishing prop-
erty of these heads, not a generic property of the
depth band.

C.4 Per-layer logit-lens analysis

The answer-selection heads are important for
the gold-over-distractor crossover on resistant
prompts. A per-layer logit-lens at the final query
position gives the same picture layer-resolved (Fig-
ure 4). On the disrupted subset the distractor out-
ranks gold and never recovers. On the resistant
subset gold overtakes the distractor at the layer of
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Model Subset (N) Pass rank-1 % EM % F1% logit-gap
full (2,417) clean 29.6 - 9.8 395—96 523 —18.8 +40.30 — —1.02
’ distracting  15.0 - 6.5 204 —4.5 31.3 —11.5 —2.07 - —1.72

Llama-3.1-8B
disrupted (388) clean 98.7 — 13.9 82.7 — 10.3 92.4 — 18.8 +2.87 — —0.05
P distracting 0.8 = 5.7 41—34 16.2 —10.8 —-2.14 — —1.67
full (2,417) clean 38.6 — 10.1 48.7 = 17.6 60.8 — 28.8 +1.89 — +0.27
’ distracting 15.5 —+ 5.0 20.8 =59 309 —13.1 —-1.88 — —1.26

Qwen2.5-7B

. clean 99.6 — 14.7 879 — 12.3 95.3 — 25.2 +5.29 — +1.30
disrupted (538)  yiciracting 0.9 — 3.7 33— 24 11.7—80 —2.96— —1.74

Table 14: Mean-ablation variant of Table 13: each answer-selection head’s o_proj input is replaced with its
per-condition corpus mean (over a 64-sample calibration set) instead of zero. Each cell reports baseline — ablated.

Context condition Supporting-paragraph argmax (%)

Semantic distracting 51.6
Unrelated 73.3

Table 15: AS-Head paragraph selection under semantic
distracting and length-matched unrelated context on
all N = 2,417 MuSiQue validation examples (Llama-
3.1-8B). We pool the 19 AS-Heads’ paragraph-level
attention argmaxes. The paired difference is 21.7 points
(95% CI [21.2,22.1], p < 0.001).

the top answer-selection head (L17 on 8B, L23 on
Qwen-7B) and holds the lead to the output, but
only if the answer-selection heads are intact: zero-
ablating them on the resistant subset destroys the
crossover, while random head ablation preserves it.

D Intervention: context filtering results

D.1 Finite-sample uncertainty

We compare context-filtering methods using paired
bootstrap over the same sample IDs (10,000 resam-
ples, seed 42) and report percentile 95% intervals
for EM/F1 differences. Our central comparison
between AS-Heads and matched random heads
remains statistically significant, and continues to
support the paper’s central causal claim that the
localized AS-Heads provide an effective interven-
tion point. (Table 19). Under native weighting,
AS-Heads remain competitive with QR-Heads and
retrieval heads (Table 20).

D.2 Held-out confidence gating

QR-head and retrieval-head filters show similar
resistant-set regressions in Table 5, indicating a
general context-filtering tradeoff rather than an AS-
Head-specific failure. In practice, filtering need
not be applied to every query: it could be trig-
gered when model or retrieval confidence is low.
As a proof of concept, we gate AS-Head filtering

using the noisy prompt’s top-1 first-answer-token
probability. We split the 2,417 validation exam-
ples into dev/test halves with seed 42 and select
7* on dev from {0,0.05,0.1,0.15,0.2,0.25, 0.3,
0.35,0.4,0.5,0.6,0.7,0.8,0.9,0.95, 1.0} to maxi-
mize Full EM. We then transfer the threshold un-
changed to test. The selected thresholds are 0.4
for Llama-8B and 0.3 for Llama-70B (Table 21).
On test, gating preserves the always-on Full EM
for Llama-8B while reducing the resistant-set loss
from 20.8 to 12.6 points; on Llama-70B, it reduces
the loss from 11.8 to 4.1 points at a cost of 0.5 Full
EM. This demonstrates the feasibility of selective
filtering. Better confidence calibration or combin-
ing model confidence with retrieval signals remains
future work.

D.3 Baselines excluded from the
full-validation experiment

The full-validation context-filtering tables (Table 5,
Appendix Table 22) excludes two potential base-
lines: an “all-heads” control and the entrainment-
head set of Niu et al. (2025). We evaluated them on
the smaller disrupted subset under a fixed-k sweep.
Both underperform on the disrupted subset, so we
did not scale them to the full validation.
All-heads control. Pooling votes across every
(L, H) in the model produces diffuse paragraph
scores dominated by attention-sink tokens (BOS,
the answer-prefix) rather than answer-relevant con-
tent. On the disrupted subset, EM at k=2 is 22.2
on Llama-3.1-8B, 16.9 on Qwen-2.5-7B, 2.8 on
Llama-3.1-70B, and 8.7 on Qwen-2.5-72B, with
the gap widening on the larger models.
Entrainment heads (Niu et al., 2025). The
differentiable-mask procedure learns a per-head
mask that maximizes the probability of the injected
distractor token. Because entrainment heads are
relation-specific (Niu et al., 2025), the procedure
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Figure 4: Logit-lens median rank of gold and distractor tokens at the final query position on the distracting pass,
per layer. Rows: Llama-3.1-8B, Qwen-2.5-7B. Columns: disrupted subset, resistant subset, resistant subset with
random heads ablated, resistant subset with the answer-selection heads ablated.

does not converge to a consistent head set when
fit jointly across MuSiQue’s diverse samples, and
fitting per-relation would require a relation taxon-
omy that MuSiQue does not provide. We therefore
fit per-sample. By construction the resulting heads
are those that attend to the distractor, not heads
that attend to the answer: their top vote lands on
a distractor paragraph 68-77% of the time. EM at
k=2 on the disrupted subset is 19.3 on Llama-3.1-
8B and 11.0 on Qwen-2.5-7B; the 70B/72B cells
were not run because the per-sample mask search
are resource-heavy on these larger models. The
entrainment-head set is well-suited to its original
use (ablation against distractor influence) but is the
wrong head set for context-filtering read-out.

D.4 Fixed-k context filtering on the full
validation

The headline intervention (Table 5) sets k per
sample to MuSiQue’s annotated hop count. To
check that the comparison does not depend on this
per-sample annotation, we also evaluate a fixed-
k variant in which each method picks a single
k € {1,2,3} and uses it for every sample (Ta-
ble 22). The answer-selection heads remain com-
petitive under this setting.

D.S Paragraph category breakdown

The answer-selection, retrieval, and QR-head
methods recover substantially more supporting-
paragraph mass than All-heads / Entrainment, with
the random head in between (Table 23, Table 24).

D.6 Overlap between the three head-selection
criteria

Table 25 reports pairwise overlap between the
answer-selection (AS), QR-head, and retrieval-
head sets per model. AS-Heads share at most 0.21
Jaccard with either baseline; even the QR-head /
retrieval-head pair, which uses closely related se-
lection criteria, shares at most 0.37. The three head
sets are therefore largely disjoint, so the compara-
ble EM/F1 under equal-weight voting in Table 5
reflects three distinct viable subsets of distractor-
filtering heads rather than three relabelings of one
underlying set.

E Replication on instruction-tuned
models

We repeat the complete pipeline on Llama-3.1-
8B-Instruct and Qwen-2.5-7B-Instruct using each
model’s chat template. Heads are independently
localized using the same method described in B.4
rather than transferred from the base model. The In-
struct sets overlap their base counterparts at Jaccard
0.58/0.54 (Table 26).

The causal characterization also replicates. Redi-
recting Instruct AS-Head attention to the final-
answer span yields rank-1 transcription rates of
55.2% on Llama and 63.4% on Qwen; redirecting
to a distractor entity yields 56.7%/74.4%, com-
pared with at most 7.8%/4.9% for matched non-
AS-Head controls. Finally, AS-Head attention used
for context filtering lifts disrupted-subset EM/F1 by
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28.6/27.6 points on Llama-Instruct and 28.3/27.5
points on Qwen-Instruct. Thus, localization, causal
redirection, and inference-time intervention all per-
sist after instruction tuning, although exact set
membership changes.

F Cross-dataset Generalization

We re-run the full localization procedure (§4.1) in-
dependently on the disrupted subsets of MuSiQue,
HotpotQA, and 2WikiMultiHopQA. Figure 5 vi-
sualizes the resulting head sets per model. The
substantial overlap across datasets, including iden-
tity of the rank-1 (top AtP-scored) head on every
model, indicates that the answer-selection heads
are not dataset-specific artifacts of MuSiQue but a
stable property of how each model handles multi-
hop reasoning under distraction.

Patching the MuSiQue-identified answer-
selection heads also recovers 70.8-89.0% of
failures on HotpotQA and 2WikiMultiHopQA
(Table 7), confirming transfer across Wikipedia
multi-hop QA benchmarks and model scales.

F.1 Transfer to non-Wikipedia RAG
benchmarks

RGB (Chen et al., 2024) evaluates factoid QA over
web-search news documents with topically related
noise. We use its canonical noise-rate 0.8 setting.
QASPER (Dasigi et al., 2021) asks information-
seeking questions over scientific papers; we retain
the supporting paragraphs and use 12 same-paper
distractor paragraphs. In both cases, we transfer
the MuSiQue-discovered AS-Heads unchanged and
evaluate examples that are correct with supporting
context but wrong after distractors are added.

RGB contains 300 evaluation examples, while
the QASPER extractive-answerable validation sub-
set contains approximately 640 examples at 12
distractors. Their disrupted cohorts are conse-
quently smaller than MuSiQue’s. We therefore
report paired-bootstrap uncertainty against layer-
matched random heads. All four intervals exclude
zero, including the smallest Qwen-QASPER differ-
ence (p = 0.043; Table 27).

G Datasets, Models, and Artifact Use

Datasets. We use six publicly released datasets:
MuSiQue (Trivedi et al., 2022) (CC-BY-4.0), Hot-
potQA (Yang et al., 2018) (CC-BY-SA-4.0), 2Wiki-
MultiHopQA (Ho et al., 2020) (Apache-2.0), RGB
(Chen et al., 2024), QASPER (Dasigi et al., 2021),

and LRE (Hernandez et al., 2024) (MIT; used only
in Appendix A.1). MuSiQue, HotpotQA, and
2WikiMultiHopQA are English-language multi-
hop QA datasets constructed over Wikipedia. RGB
uses web-search documents for recent news ques-
tions, and QASPER uses questions and paragraphs
from NLP research papers. LRE consists of
English-language subject-relation-object prompts;
its factual relations are drawn from Wikidata and
COUNTERFACT (Meng et al., 2022), while other
relations were curated by the LRE authors. We
use released validation/evaluation splits and do not
collect or annotate personal data.

Models. We use four open-weight base language
models: Llama-3.1-8B and Llama-3.1-70B (Llama
3.1 Community License), and Qwen-2.5-7B and
Qwen-2.5-72B (Apache-2.0). We additionally use
Llama-3.1-8B-Instruct and Qwen-2.5-7B-Instruct
for the instruction-tuning replication. Our use
is non-commercial mechanistic-interpretability re-
search consistent with the respective licenses.

Software and Code. We use the standard ML
stack: PyTorch for tensor compute and for-
ward/backward passes, Hugging Face Transform-
ers for model loading and hooked inference, Hug-
ging Face Datasets for loading datasets, and vLLM
for EM/F1 evaluation. NumPy and SciPy are used
for aggregation and statistical tests. Analysis code
with exact dependency details will be released upon
publication.

Per-subset statistics. The MuSiQue validation
set has 2,417 samples. Per-model disrupted and
resistant subset sizes are reported in Table 5;
the Instruct disrupted cohorts contain 493/594
examples. HotpotQA disrupted subsets contain
779/995 examples and 2WikiMultiHopQA con-
tains 2,253/2,570 for Llama-8B/Qwen-7B. RGB
has 300 evaluation examples, of which 46/73 are
disrupted; the QASPER extractive-answerable val-
idation setting contains approximately 640 exam-
ples at 12 distractors, of which 97/66 are dis-
rupted. LRE prompts are drawn from 15 relations
and restricted to clean-correct examples, yielding
n = 2,761/2,551 on Llama/Qwen.

Compute resources. Model parameter counts
are approximately 8.0B (Llama-3.1-8B), 70B
(Llama-3.1-70B), 7.6B (Qwen-2.5-7B), and 72B
(Qwen-2.5-72B). All experiments were run on a
server with 8x NVIDIA A100 80GB GPUs. All
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Figure 5: Answer-selection heads identified independently on three multi-hop QA datasets (MuSiQue, HotpotQA,
2WikiMultiHopQA), per model. Each colour marks the head set identified on one dataset, and overlap (darkened

regions) indicates heads identified by multiple datasets.

compute was used for analysis (forward and back-
ward passes through frozen pretrained models); no
training or fine-tuning was performed. The most ex-
pensive components are the four-stage localization
pipeline (attribution + activation patching) on the
70B/72B models and the cumulative head-output
patching evaluation, which together dominate the
total compute.

Decoding and inference. We use greedy decod-
ing throughout (temperature = 0, no sampling).
Hugging Face Transformers forward passes use
eager attention when attention weights or gradi-
ents are captured and SDPA otherwise; models
are loaded in bf16. vLLM evaluations use greedy
decoding with generation capped at 64 tokens.
Context-filtering k is set per sample to the ques-
tion’s hop count (Table 5) or globally per method
for the fixed-k check (Appendix Table 22). The
optional confidence gate selects 7 on a held-out dev
split and evaluates it once on disjoint test data.

Statistical reporting. Figure 2 and binary re-
covery tables report Wilson 95% confidence inter-

vals. For context-filtering comparisons and other
paired per-example analyses, we use 10,000 paired-
bootstrap resamples over sample IDs with seed 42,
applying the same resampled indices to both meth-
ods and reporting percentile 95% intervals. De-
terministic decoding removes run-to-run sampling
variation but not finite-evaluation-sample uncer-
tainty; the paired intervals quantify the latter.
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Final Bridge Other-sup Distr. Others

Llama-3.1-8B (N=388, |A|=19)

clean AS-Head (weighted) 9.3 3.1 42.6 - 44.9
AS-Head (unweighted) 6.1 2.6 35.2 - 56.1
Random head (matched) 1.8 1.6 18.1 - 78.5
All non-AS Heads 1.0 0.8 14.8 - 834

distracting AS-Head (weighted) 2.1 3.1 20.5 33.2 41.2
AS-Head (unweighted) 1.4 2.2 154 29.0 52.0
Random head (matched) 0.4 1.0 6.3 18.3 74.1
All non-AS Heads 0.2 0.4 4.1 16.4 78.8

QOwen2.5-7B (N=538, |.A|=35)

clean AS-Head (weighted) 9.2 2.2 49.8 - 38.9
AS-Head (unweighted) 6.3 2.0 40.7 - 51.0
Random head (matched) 1.8 1.1 23.3 - 73.8
All non-AS Heads 0.7 0.5 17.2 - 81.5

distracting AS-Head (weighted) 1.6 1.6 18.7 47.8 30.4
AS-Head (unweighted) 1.2 1.2 14.7 43.4 39.4
Random head (matched) 0.4 0.5 7.6 20.1 62.4
All non-AS Heads 0.1 0.2 43 22.0 73.3

Llama-3.1-70B (N=255, |A|=23)

clean AS-Head (weighted) 11.1 3.1 43.8 - 42.0
AS-Head (unweighted) 7.1 2.4 39.1 - 51.4
Random head (matched) 1.0 0.8 13.0 - 85.3
All non-AS Heads 0.4 0.4 7.9 - 91.3

distracting  AS-Head (weighted) 2.1 2.6 18.8 40.9 35.6
AS-Head (unweighted) 1.4 1.9 15.4 39.3 42.0
Random head (matched) 0.3 0.5 4.8 17.6 76.8
All non-AS Heads 0.1 0.2 2.3 11.5 86.0

Owen2.5-72B (N=496, |A|=29)

clean AS-Head (weighted) 10.8 14 37.8 - 50.0
AS-Head (unweighted) 9.1 1.4 325 - 56.9
Random head (matched) 2.2 1.1 21.7 - 74.9
All non-AS Heads 0.7 0.4 114 - 87.5

distracting AS-Head (weighted) 1.7 1.4 14.8 34.8 47.3
AS-Head (unweighted) 1.5 1.3 12.4 31.7 53.2
Random head (matched) 0.4 0.7 7.1 25.6 66.3
All non-AS Heads 0.1 0.2 3.0 14.8 81.8

Table 16: Total per-category attention mass at the final query position, disrupted subset. Each row is a probability
distribution over destination-token categories (Distractor on clean is “—” since clean prompts contain no distractor
paragraphs). Head-set aggregations: AS-Head (weighted) averages answer-selection heads with ACPy,q weights;
AS-Head (unweighted) averages them uniformly. The two controls are Random head (matched), the mean over
1,000 Monte-Carlo draws of a layer-matched random subset of heads outside A (each draw picks, in every layer that
contains AS-Heads, the same number of non-AS heads as .4 has in that layer, uniformly without replacement), and
All non-AS Heads, the uniform mean over every head outside .A. Answer-selection heads attend ~ 1.5-5x more to
supporting and distractor content than even the matched random head control on every category and condition.
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Clean Distracting
Distracted Resistant Distracted Resistant
Class mean peak mean peak mean peak mean peak
Llama-3.1-8B  (N4ist=388, Nyes=324, |A|=19)
final (gold) 281 589 281 621 058 129 1.14 278
bridging 0.72 1.80 0.55 1.50 0.70 2.06 0.51 1.68
supp_title_excl 022 095 021 1.00 0.14 0.67 0.15 0.75
supp_body_excl 0.20 9.11 0.19 9.01 0.10 5.36 0.11 6.51
distr_title — — — — 005 1.22 0.05 1.09
distr_body — - - - 002 339 0.01 2091
Owen-2.5-7B  (N4ist =538, Nres=329, |.A|=35)
final (gold) 248 631 251 6.20 045 1.12 1.29 3.25
bridging 044 139 041 139 029 113 0.26 0.92
supp_title_excl 025 133 026 1.51 0.12 0.65 0.11 0.78
supp_body_excl 0.21 17.18 0.18 1748 0.08 6.98 0.10 10.30
distr_title - - - - 007 196 0.05 1.37
distr_body - - - - 002 864 0.02 6.17

Table 17: Mean vs. peak per-token attention at the answer-selection heads on the disrupted and resistant subsets.
Values are percentages of the head’s final-query-position attention, AP-weighted across the answer-selection-head
set (same aggregation as AS-Head (weighted) in Table 16). mean averages attention over all tokens of class ¢, while
peak reports the maximum on any single token of class c.

top-k Llama-3.1-8B  Qwen-2.5-7B Llama-3.1-70B Qwen-2.5-72B
by ACP#wa (L-H=1024) (L-H=784) (L-H=5120) (L-H=5120)
1 L17H24 /1 L23H11/16 L35H19/2 L64H12 /60
2 L16H1 /17 L24H21/5 L35H43/8 L64H8 / 54
3 L15H11 /906 L22H24 /1 L35H17 /7 L60H9 /1
4 L18H20/6 L22H1 /46 L39H40 /5 L56H41 /3247
5 L18H23 /35 L20H5/ 171 L39H43/3 L63H52 /2148
median rank 17 16 5 60
median percentile top 1.7% top 2.0% top 0.1% top 1.2%

Table 18: Top-5 answer-selection heads by ACPyq4 and their rank within the full L- H population by attention-
selectivity s = Qiny — max, @, on clean prompts (max over the supporting NER-entity classes). Each cell is
head / selectivity rank, with bold ranks marking population top-1/top-2.

Model Full-validation comparison AEM [95% CI] AF1 [95% CI]
AS — Retrieval 10.91[-0.46,2.23] +0.81 [0.54,2.13

Llama-3.1-8B x¢ _ Random 12.32[1.08,3.52]  +2.52[1.27,3.72
Owen2s.7p  AS — Retieval 4046 [~0.83,1.74] —0.17 [~1.40,1.08
: AS — Random +4.92[3.56,6.33]  +5.26 [3.89,6.63

AS — Retrieval 41.86[0.54.3.27]  +1.34 [0.06,2.62

Llama-3.1-70B ¢ _ Random 46.12 [4.59,7.70]  +6.59 [5.08,8.09
AS — Retrieval 41.03[-0.29,2.32] +0.77 [-0.51,2.03

Qwen-2.5-72B x5 _ Random 42.73[1.36,4.14]  +2.86 [1.53,4.19

Table 19: Paired-bootstrap differences for the equal-weight context-filtering comparison in Table 5 (10,000 resam-
ples, seed 42). Positive values favor AS-Heads. AS-Heads significantly exceed matched random heads on both
metrics for all four models; their smaller advantage over retrieval heads is significant only on Llama-3.1-70B.

Model Comparison AEM [95% CI] AF1 [95% CI]
Llamagg AS — QR +0.91 [0.04,1.78]  40.94[0.09, 1.78]
AS — Refrieval ~ +0.91 [0.04,1.82] +0.78 [~0.14,1.72]
Owen7B AS — QR —0.29 [~1.24,0.66] +0.07 [0.87,1.00]
AS — Retrieval +0.46 [~0.46,1.32]  +0.94 [0.02, 1.82]

Table 20: Full-validation paired-bootstrap differences for native per-head weighting (Table 6; 10,000 resamples,
seed 42). Positive values favor AS-Heads. Most differences are statistically indistinguishable; significant differences
are Llama AS—QR on both metrics, Llama AS—Retrieval on EM, and Qwen AS—Retrieval on F1.
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Model Setting 7 Filtered Full EM Disrupted EM Resistant EM
No intervention - 0.0% 21.4 4.5 75.5
Llama-3.1-8B  Always filter - 100.0% 24.5 31.3 54.7
Confidence-gated 0.4 65.6% 24.5 24.2 62.9
No intervention - 0.0% 26.1 0.7 79.4
Llama-3.1-70B  Always filter - 100.0% 28.6 31.9 67.6
Confidence-gated 0.3 41.1% 28.1 18.8 75.3

Table 21: Held-out confidence gating on the disjoint test half of MuSiQue validation.

Disrupted Resistant  Full val Disrupted Resistant  Full val Disrupted Resistant  Full val
Method EM FI EM Fl1 EM Fl Method EM FI EM Fl EM Fl Method EM FI EM Fl1 EM Fl
Llama-3.1-8B Llama-3.1-8B Llama-3.1-8B
No intervention 3.6 15.6 69.1 82.1 17.3 28.5 No intervention 3.6 15.6 69.1 82.1 17.3 28.5 No intervention 3.6 15.6 69.1 82.1 17.3 28.5
Oracle (clean) 83.5 93.1 75.3 87.0 38.8 50.9 Oracle (clean) 83.5 93.1 75.3 87.0 38.8 50.9 Oracle (clean) 83.5 93.1 75.3 87.0 38.8 50.9
QR-head 25.3 33.8 43.2 56.8 18.8 29.0 QR-head 31.7 40.7 49.7 61.5 21.1 31.0 QR-head 29.6 39.2 53.1 65.2 21.6 31.9
AS-Head (ours) 22.7 31.6 46.3 60.3 18.3 28.6 AS-Head (ours) 31.2 40.7 49.1 62.3 21.2 31.7 AS-Head (ours) 34.0 43.8 52.8 66.4 22.8 33.6
Qwen-2.5-7B QOwen-2.5-7B Qwen-2.5-7B
No intervention 3.0 11.2 68.7 79.4 16.3 27.1 No intervention 3.0 11.2 68.7 79.4 16.3 27.1 No intervention 3.0 11.2 68.7 79.4 16.3 27.1
Oracle (clean) 88.5 95.5 75.4 86.2 47.0 59.1 Oracle (clean) 88.5 95.5 75.4 86.2 47.0 59.1 Oracle (clean) 88.5 95.5 75.4 86.2 47.0 59.1
QR-head 19.3 27.4 459 57.2 189 29.5 QR-head 26.6 34.8 51.1 62.3 22.6 33.1 QR-head 26.2 34.0 529 63.9 22.1 32.3
AS-Head (ours) 19.7 27.5 47.7 58.9 19.1 29.3 AS-Head (ours) 27.7 35.4 52.3 64.1 23.0 33.2 AS-Head (ours) 26.2 34.2 55.6 65.4 22.9 32.7
Llama-3.1-70B Llama-3.1-70B Llama-3.1-70B
No intervention 1.6 129 749 844 194 31.8 No intervention 1.6 12.9 749 84.4 194 31.8 No intervention 1.6 12.9 749 844 194 31.8
Oracle (clean) 90.6 96.4 81.3 88.4 35.6 44.0 Oracle (clean) 90.6 96.4 81.3 88.4 35.6 44.0 Oracle (clean) 90.6 96.4 81.3 88.4 35.6 44.0
QR-head 17.3 21.8 46.7 53.5 15.7 22.7 QR-head 25.5 30.5 54.2 60.1 18.9 254 QR-head 259 323 57.6 644 21.3 29.0
AS-Head (ours) 18.0 21.8 48.1 54.9 16.1 23.1 AS-Head (ours) 25.1 30.5 52.4 59.5 18.1 25.0 AS-Head (ours) 27.5 32.2 56.8 64.2 21.0 29.0
QOwen-2.5-72B QOwen-2.5-72B QOwen-2.5-72B
No intervention 14 9.3 57.9 79.6 22.8 36.3 No intervention 1.4 9.3 57.9 79.6 22.8 36.3 No intervention 14 9.3 57.9 79.6 22.8 36.3
Oracle (clean) 72.0 88.4 63.6 83.9 464 63.5 Oracle (clean) 72.0 88.4 63.6 83.9 464 63.5 Oracle (clean) 72.0 88.4 63.6 83.9 464 63.5
QR-head 16.7 26.1 55.7 66.2 27.2 38.2 QR-head 27.2 357 63.0 73.2 33.1 43.7 QR-head 26.2 36.1 65.3 75.9 33.5 449
AS-Head (ours) 18.8 27.9 56.5 66.6 28.3 39.0 AS-Head (ours) 25.0 32.7 63.1 72.4 32.6 42.7 AS-Head (ours) 24.6 32.8 66.0 75.6 33.4 442

@k=1 b k=2 k=3

Table 22: Fixed-k context-filtering on the full MuSiQue validation set for k£ € {1, 2,3} (paragraphs kept), one
subtable per k. All rows use equal-weight votes, matching the aggregation in Table 5. No intervention is the model
on the full distracting prompt; Oracle (clean) is the supporting-paragraphs-only oracle.

Head set Ist Mid Final Distr. 1st Mid Final Distr. 1st Mid Final Distr.
Llama-3.1-8B (N =388)
All heads 7.7 1.8 10.8 79.6 147 24 166 662 149 2.1 150 68.0

Random head 27.3 4.1 235 45.1 232 3.6 183 548 193 34 17.6 59.7
Entrainment 10.7 1.6 134 743 141 19 159 68.1 143 2.0 13.8 69.9
Retrieval 351 4.1 30.7 302 235 39 224 503 17.7 41 179 603
QRHead 33.8 46 289 327 242 47 22.6 48.6 192 39 18.6 583
AS-Head (ours) 32.0 44 29.6 34.0 23.6 32 214 51.8 204 34 198 564

weighted 39.7 41 289 273 28.6 4.6 295 372 229 45 247 479

Qwen2.5-7B (N=538)
All heads 52 19 54 875 95 20 109 77.7 10.1 24 11.1 76.5
Random head 134 19 175 672 128 2.0 145 70.8 128 22 13.1 71.9
Entrainment 54 19 54 873 9.1 19 118 772 93 2.1 119 76.7
Retrieval 229 2.8 233 510 18.1 29 189 60.1 152 2.8 155 66.5
QRHead 234 3.0 23.8 49.8 18.7 3.0 19.5 588 15.1 2.7 162 66.0
AS-Head (ours) 20.8 2.2 234 535 175 2.6 209 59.0 149 25 169 65.7
weighted 21.4 33 234 519 178 32 234 557 154 3.1 19.8 61.7

Table 23: Hop-role distribution of the paragraphs voted in by each head set on the disrupted subset (MuSiQue
validation, fixed k € {1, 2, 3}). Each retrieved paragraph is labelled against the question’s decomposition as Ist-hop,
Mid-hop, Final-hop (the gold-answer paragraph), or Distractor. Cells are paragraph-share percentages and each
k-block row sums to 100. Primary rows use unweighted votes; the indented weighted row shows AS-Head with
ACPryyq-weighted votes. Bold marks the highest Final-hop share and the lowest Distractor share per (k, model)
among the equal-weight primary rows.
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Head set Ist Mid Final Distr. 1st Mid Final Distr. 1Ist Mid Final Distr.
Llama-3.1-70B (N=176)

All heads 62 1.1 6.8 858 80 14 60 847 98 15 6.1 826
Random head 8.0 0.6 10.8 80.7 12.8 1.7 10.8 747 13.7 2.7 11.8 71.8
Retrieval 307 23 199 472 222 2.6 159 594 17.1 2.7 142 66.0
QRHead 30.7 34 250 409 227 40 21.0 523 186 39 18.8 58.7

AS-Head (ours) 25.6 3.4 27.8 432 219 3.1 222 528 184 3.6 17.6 60.3
weighted 30.7 2.8 244 420 236 3.7 241 486 184 44 203 570

QOwen2.5-72B (N=275)

All heads 76 25 76 822 84 22 73 822 90 21 82 807
Random head 27.6 1.5 229 48.0 209 25 17,5 59.1 17.0 1.8 148 66.4
Retrieval 269 1.8 222 49.1 225 1.6 19.1 56.7 182 19 165 633
QRHead 356 1.8 189 43.6 251 2.6 19.5 52.8 20.7 23 17.1 59.9

AS-Head (ours) 25.1 2.2 23.6 49.1 19.6 1.8 18.7 59.8 15.6 2.1 163 66.1
weighted 21.8 1.8 233 53.1 204 2.0 21.1 565 17.5 1.8 18.8 61.9

Table 24: Companion to Table 23 on Llama-3.1-70B and Qwen2.5-72B, with the same procedure, definitions, and
bolding scheme.

Model A ASNQR  ASNRet QRMRet

Llama-3.1-8B 19 3(0.09) 2(0.06)  4(0.12)
Qwen25-7B 35 9(0.15) 12(0.21) 19(0.37)
Llama-3.1-70B 23 5(0.12)  2(0.05)  5(0.12)
Qwen-2.5-72B 29 3(0.05) 2(0.04) 7(0.14)

Table 25: Pairwise overlap between the three answer-selection-style head sets per model: the answer-selection set
A (AS), top-|.A| QR-heads by the query-focused score of Zhang et al. (2025), and top-|.A| retrieval heads by the
copy-during-decoding score of Wu et al. (2025). Cells report intersection size and Jaccard index. The three sets are
largely disjoint: AS-Head shares at most 0.21 Jaccard with either baseline.

Family Base / Instr. heads Jaccard Base retained Focal head Patch/random Distracted AEM / AF1
Llama-3.1-8B 19/19 0.58 14/19 L17H24 67.7/<3.7 +28.6/ +27.6
Qwen-2.5-7B 35/22 0.54 20/35 L23H11 72.9/<4.9 +28.3/ +27.5

Table 26: Replication on instruction-tuned models. Heads are independently localized on each Instruct model rather
than transferred from its base counterpart. Patch is rank-1 gold recovery (%); random is the maximum matched
non-AS-Head control. AEM/AF1 measures the context-filtering lift over no intervention on the disrupted subset
(N=493/594 for Llama/Qwen).

Benchmark Model N AS-Head EM [95% CI] A vs. matched random [95% CI]
RGB Llama-3.1-8B 46 50.0 [34.8,65.2] +28.3 [+10.9, +45.7]
RGB Qwen-2.5-7B 73 68.5 [57.5,79.5] +39.7 [+27.4,452.1]
QASPER Llama-3.1-8B 97 45.4 [35.1, 55.7] +22.7 [+11.3,+34.0]
QASPER Qwen-2.5-7B 66 54.5 [42.4,66.7] +16.7 [+1.5,4+31.8]

Table 27: Transfer of unchanged MuSiQue AS-Heads to non-Wikipedia RAG benchmarks. RGB uses web-search
news passages with topically related noise; QASPER uses scientific papers with same-paper distractor paragraphs.
N is the clean-correct-to-distracting-wrong cohort. Confidence intervals and differences use 10,000 paired-bootstrap
resamples; all difference intervals exclude zero.
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