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Abstract

When a language model ignores retrieved evi-
dence and answers from memory instead, this
is not a knowledge failure as the correct infor-
mation is present. It is a routing failure: the
model commits to its parametric answer despite
the evidence signal. We show this distinction
is mechanistically meaningful, localizable, and
correctable at inference time without training
data or weight modification. This is an oracle-
conditioned mechanistic analysis: evidence and
parametric identities are gold-label-constructed
throughout, so the reported numbers charac-
terize an internal signature, not a deployable
system.

A single prefill-margin computation detects
routing failures (AUC ≥ 0.93 across six model-
dataset pairs) and gates a format-appropriate
logit-bias correction. On MedQA multi-
option conflicts, this achieves 77.5% restora-
tion at zero harm, exceeding the strongest
prompting baseline by 67.5 pp and match-
ing domain-matched ITI without training data.
On open-ended PopQA (3,141 items, three
models), balanced alias-promotion achieves
80–88% restoration at near-zero harm, Pareto-
dominating prompt-only baselines in five of
six cross-model conditions. The central mech-
anistic finding is that effective late-layer in-
tervention sites are structurally distinct from
the causal commitment locus (a five-head clus-
ter, joint flip rate 88.6%, p ≤ 3.0 × 10−8 vs.
matched controls), suggesting that steering can
succeed through residual-stream write access
without exactly identifying the full decision cir-
cuit.

1 Introduction

Retrieval-Augmented Generation (Lewis et al.,
2020) grounds language model outputs in exter-
nal evidence. Yet models frequently generate from
parametric memory even when the retrieved pas-
sage contains the correct answer (Longpre et al.,
2021; Li et al., 2023a).

The standard framing treats this as a retrieval or
prompting problem. We argue it is neither. When
a model ignores evidence it just read, the failure is
not that it lacks access—it has it. The failure is that
the model chose not to use it. This choice is made
inside the forward pass, at identifiable computation
sites, and is correctable without retraining if those
sites can be found.

We localize evidence routing to specific attention
heads via per-head logit-difference decomposition,
show that a single prefill-margin computation gates
the correction reliably, and demonstrate that the re-
sulting training-free intervention Pareto-dominates
prompting baselines across three datasets and three
architectures. The central finding is that the effec-
tive intervention site (any late-layer head) is struc-
turally distinct from the causal commitment locus
(a five-head cluster) confirmed by matched causal
activation patching. Current approaches modify
decoding-time output distributions (Shi et al., 2024;
Chuang et al., 2024) without engaging the internal
routing decision. The contributions are:

1. Site-locus dissociation: single-head patching
produces 3-6% flip rates (chance); joint top-5
patching achieves 88.6% (p ≤ 3.0×10−8, §6),
establishing with matched causal controls that
steering sites need not coincide with causal
decision sites.

2. Per-head logit-difference decomposition lo-
calizes routing heads (CounterFact: L27/H20,
DR= 6.1×) and reveals that localization is
task-specific—the same head ranks 664th on
MedQA (§4, §6).

3. Margin-gated intervention: 77.5% MedQA
restoration at zero harm, +67.5 pp over
prompting; 71.6 pp gap between label-space
and content-space confirms failure is in label
selection, not content understanding (§5).
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4. Cross-architecture + open-ended general-
ization: DR predicts intervention effective-
ness across Mistral/Qwen; balanced alias-
promotion achieves 80-88% PopQA restora-
tion at near-zero harm, Pareto-dominant in 5/6
cross-model conditions (§7, §8).

5. Belief-conditioned hallucination and bench-
mark validity: a per-item audit of parametric
belief shows hallucination under contradict-
ing evidence is concentrated where the model
already holds the parametric belief (odds ra-
tio 37.3, Fisher p = 9.3 × 10−74), and that
a large fraction of a standard conflict bench-
mark does not satisfy this precondition for
instruction-tuned models (§9).

This analysis is explicitly oracle-conditioned:
evidence and parametric token sets are built from
gold-standard answer identities (§3.4), so the re-
ported numbers characterize an internal signature
under idealized answer knowledge, not a deploy-
able conflict detector.

2 Related Work

Knowledge Conflicts in RAG. Longpre et al.
(2021) show that LLMs frequently ignore retrieved
evidence when it contradicts parametric memory.
Xie et al. (2024) construct ConflictQA to evalu-
ate this systematically. Wu et al. (2024) introduce
ClashEval for domain-specific evaluation. Bi et al.
(2025) study fine-grained knowledge reliance con-
trol through decoding-time probability adjustment,
but do not provide a mechanistic localization of
the routing decision. Our work provides a mecha-
nistic account of why models ignore evidence and
corrects it training-free.

Mechanistic Interpretability. The residual
stream decomposition follows Elhage et al. (2021).
Geva et al. (2023) localize factual recall to
attention heads. Meng et al. (2022) localize factual
associations to MLP layers via causal tracing
and propose targeted weight edits (ROME); our
approach modifies no weights. Hernandez et al.
(2023) show that relation decoding in transformer
LMs is approximately linear, supporting our
logit-lens attribution. Activation patching builds
on the causal mediation interventions introduced
by Vig et al. (2020) and is refined for circuit
discovery by Conmy et al. (2023). Wang et al.
(2023) demonstrate circuit-level IOI analysis; we
extend this line to the knowledge-conflict setting,

asking not where facts are stored but where the
decision to ignore retrieved evidence is made.

Inference-Time Steering. Li et al. (2023b) train
probes on attention head activations to steer truth-
fulness (ITI); we match domain-matched ITI with-
out training data. Zou et al. (2023) propose Repre-
sentation Engineering, adding activation vectors to
the residual stream; unlike RepE, our intervention
is per-example gated, confining modification to de-
tected conflict items. Turner et al. (2023) and Rim-
sky et al. (2024) apply activation addition globally,
without per-example gating; ungated global steer-
ing of this kind is liable to harm already-correct
examples, a failure mode the margin gate prevents.
Chuang et al. (2024) contrast early and late layer
logits to improve factuality; DoLa achieves 3.4%
CounterFact restoration with stability 0.250 against
our 0.172 restoration at stability 0.997. Shi et al.
(2024) amplify context-conditional logits globally
without a safety gate, producing stability failures
in our experiments.

Knowledge Editing. Meng et al. (2022) and
Meng et al. (2023) modify model weights to edit
factual associations, while Mitchell et al. (2022)
(SERAC) stores edits in an explicit memory and
learns to reason over them to modulate the base
model’s predictions, without editing its weights.
Our setting is complementary: we correct per-
inference routing failures without persistent modi-
fication.

3 Methodology

The framework has two stages. Localization identi-
fies which attention heads drive evidence routing
via per-head logit-difference decomposition. In-
tervention applies a margin-gated correction only
when the model’s internal state confirms parametric
preference.

3.1 Per-Head Logit-Difference Decomposition

The residual stream decomposes additively as
hL = h0 +

∑
l,h al,h +

∑
l ml, where h0 is the

embedding, al,h is the attention head output, and
ml is the MLP output. Since the unembedding
WU is linear, the logit difference LD = (WU [e]−
WU [p]) · hL decomposes as

LD = dep·h0+
∑

l,h

dep · al,h
︸ ︷︷ ︸

per-head attributions

+
∑

l

dep·ml, (1)

2194



where dep = WU [e]−WU [p]. Each term dep · al,h
measures how much head (l, h) pushes the resid-
ual stream toward evidence over parametric tokens.
Comparing these contributions across faithful and
hallucinated examples identifies the heads where
routing breaks down.

3.2 Margin Gate
The margin measures the model’s current prefer-
ence at the final prefill position:

M = logPE − logPP , (2)

PX =
∑

t∈X softmax(z)[t] for X ∈ {E,P}.

M > 0 indicates evidence preference; M < 0 in-
dicates parametric preference. The gate fires if and
only if M < τ . When the gate does not fire, the
model generates unmodified, so non-fired examples
see zero intervention-induced change by construc-
tion. Harm on already-correct predictions—the
fraction of C2-faithful items that flip to incorrect
under intervention—is an empirical property of the
operating point, not a structural guarantee. When
the gate fires, intervention strength is proportional
to the deficit, capped at λmax:

λ = min
(
α · |M |/gain, λmax

)
. (3)

In fixed-grid experiments, λpos and λneg are se-
lected by Youden’s J on the pilot set and held fixed
on the evaluation set without post-hoc adjustment.

3.3 Intervention Variants
OV-Circuit Steering (single-token recall). For
entity completion, the optimal steering direction
through head (L,H)’s output projection is:

v∗ = W⊤
O dep (4)

Adding λv∗/∥v∗∥ to the head output steers its
residual-stream contribution toward the evidence
token without modifying other components.

Label-Space Logit Bias (categorical decisions).
For multi-option decisions:

logits′[t] = logits[t] + λpos, t ∈ Eletter, (5)

logits′[t] = logits[t]− λneg, t ∈ Pletter. (6)

Token-Level Entity Bias (open-ended and cross-
architecture). For open-ended recall and cross-
architecture models, the same logit-space bias is
applied to the first tokens of all correct entity

aliases (Ealias) and suppressed for the parametric
entity’s first token (Pentity), following the same
form as Eqs. 5-6 with alias-specific token sets (Ap-
pendix D). The gate is computed from the localized
head or layer margin signal (§7).

3.4 Scope: An Oracle-Conditioned Analysis

E and P are constructed throughout from gold-
standard answer identities (known letters for
MedQA, known aliases/entity for PopQA, the cor-
rect versus incorrect direction of Eq. 1 for Coun-
terFact); every AUC, localization, and restoration
figure we report is therefore an oracle-conditioned
diagnostic of an internal mechanism, not a deploy-
able end-to-end detector. A non-oracle pipeline
would need E extracted automatically from the re-
trieved passage and P approximated without gold
labels—e.g. from the model’s own closed-book top
prediction; neither is evaluated here.

4 CounterFact: Single-Token Factual
Recall

4.1 Experimental Setup

We use 2,000 factual conflict items requiring
single-token entity completion from CounterFact
(Meng et al., 2022) for the primary Llama analy-
sis; cross-architecture results on Mistral and Qwen
(§7) use a separately drawn 500-item CounterFact
subset from the same corpus. Primary analysis
uses Llama-3.1-8B-Instruct (Aaron Grattafiori et
al., 2024) (32 layers, 32 heads), run on a sin-
gle NVIDIA H100 (80 GB), seed 1234, bfloat16.
We compare against DoLa (Chuang et al., 2024),
context-aware decoding (Shi et al., 2024), uncondi-
tional head amplification (ERHA), and ITI (Li et al.,
2023b). DoLa is evaluated on CounterFact only;
preliminary MedQA runs showed stability < 0.5
on the letter-token logit space, consistent with its
global contrastive decoding behaviour. Counter-
Fact items are counterfactual by design: the re-
trieved evidence contradicts real-world truth, test-
ing whether the model follows context even against
its correct parametric memory. This stresses the
mechanism in the opposite direction from PopQA,
where evidence is true and parametric memory is
wrong.

4.2 Progressive Margin Divergence and
Attention Gate Negative

The margin (Eq. 2) is computed at each layer (Fig-
ure 1). Faithful and hallucinated trajectories di-
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(a) Head importance. (b) Margin divergence. (c) Attn. gate: AUC≈ 0.50.

Figure 1: CounterFact localization results (Llama-3.1-8B). Left: L27/H20 is the only head with substantial faithful-
vs-hallucinated gap (DR= 6.1×). Centre: margin diverges at layer 20, peaks at L27 (AUC= 0.932, d = 2.041);
MLP blocks amplify only. Right: attention mass gate fails (AUC≈ 0.50) failure lies in OV write, not QK attention.

verge starting at layer 20 and peak at layer 27:
AUC = 0.932, Cohen’s d = 2.041. MLP blocks
amplify the margin monotonically without sign
change, confirming their role as amplifiers, not
decision-makers.

We test whether the attention weight from the
answer position to the evidence token at L27/H20
could serve as a gate. The gate fire rate is identi-
cal for faithful and hallucinated examples at every
threshold (AUC ≈ 0.50, Figure 1). The QK cir-
cuit attends correctly in both cases; the routing
failure lies in what the OV circuit writes from that
attended position. This dissociation motivates the
margin-based gate.

4.3 Intervention Results
Table 1 summarizes the results. The attention mass
gate (AG-ERHA) achieves zero restoration because
it cannot distinguish faithful from hallucinated ex-
amples. OV steering at L27/H20 achieves 17.2%
restoration overall (n = 279; 18.4% on the gated
population, n = 261, excluding 18 items with pos-
itive prefill margin that are never gated), at stabil-
ity 0.997. A λmax sweep (10 vs. 20, holding α, τ
fixed) shows restoration rises from 17.2% to 31.9%,
but the deepest restored prefill margin moves only
from −13.5 to −13.8—doubling the intervention
strength does not extend its reach in the model’s
own margin coordinate. No item with M < −13.6
restores at either operating point. Above that floor,
restoration is graded by margin depth (restored
items are shallower, Mann–Whitney p < 0.001
at λmax = 10) rather than by the magnitude of λ
applied (p = 0.99) or by parametric belief strength
(p = 0.65). This is inconsistent with restora-
tion being simple output-logit editing, for which
reach should scale with applied bias rather than
saturate at a fixed internal margin; it is consistent
with the intervention engaging a bounded routing
signal whose residual is not yet fully character-

Method Rest. Harm Stab.

AG-ERHA (attn. gate) 0.000 0.000 1.000
MG-ERHA (single head) 0.057 0.000 0.997
MG-ERHA (multi-head) 0.061 0.000 0.997
DoLa 0.034 — 0.250
OV Steering 0.172 0.33% 0.997

Table 1: CounterFact results (Llama-3.1-8B, n =
2,000). OV steering at L27/H20 achieves the highest
restoration; denominators and the harm definition are
discussed in the text. DoLa achieves marginal restora-
tion with severely degraded stability (0.250). Stab. =
fraction of initially-correct items remaining correct; a
drop in Stab. indicates harm on faithful items.

ized. DoLa achieves marginal restoration with
severely degraded stability (0.250), consistent with
its global application to all items including those
that do not require intervention. The full method
comparison including stability rates and the λmax

sweep are in Appendix L.

5 MedQA: Multi-Option Categorical
Decisions

5.1 Experimental Setup
Dataset. 500 engineered conflict items in a four-
option multiple-choice format, constructed from
MedQA-USMLE (Jin et al., 2021). Each item
contains a clinical guideline supporting the cor-
rect letter (A/B/C/D) and a parametric answer the
model favors from pre-training. This is not a medi-
cal benchmark; it is a controlled testbed for letter-
token commitment under retrieval conflict. A frozen
matched subset of 46 base-wrong items of 500
conflict items, these are the genuine parametric-
resistant cases where the model answers incorrectly
despite context is defined for main results; a hand-
audited clean subset of 40 items is used for kill-test
comparisons. All results report Wilson 95% CIs;
all paired comparisons use McNemar’s exact bino-
mial test.
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Token Sets. Eletter/Pletter: BPE variants of the
correct/wrong letter tokens. Econtent/Pcontent:
content tokens of the correct/wrong option texts.

5.2 PR Curve and Answer-Format
Dependency

Figure 2 sweeps τ ∈ {−2,−1,−0.5, 0, 0.5, 1, 2}
and bootstrap space ∈ {Econtent, Eletter}. Eletter
Pareto-dominates Econtent at every operating point.
At the optimal configuration (τ = 2.0, Eletter),
restoration reaches 76.1% [62.1, 86.1] with 6.3%
false-alarm rate and zero measured harm.
Finding: Content-space intervention achieves only 5.9%
restoration. The 71.6 pp gap is direct evidence that the
model has already computed the correct answer internally—
the failure is exclusively in the final label commitment step,
not in content understanding.

5.3 Kill-Test, ITI Comparison, and
Dose-Response

Prompt only baselines are C4 (authoritative-quote
reframing) and C5 (explicit answer injection + trust
instruction, the strongest prompting ceiling). ITI
with domain-matched probes (C6) achieves 90.0%
at zero harm, statistically indistinguishable from
C4 (p = 0.2668). ITI without domain data (C7) de-
grades to 32.5% with 75.4% harm, demonstrating
that training-free operation is a practical necessity
(Figure 3).

6 Causal Localization and Distributed
Commitment

6.1 MedQA-Specific Head Importance

Scoring all 1,024 heads by letter-margin contribu-
tion (Figure 4) reveals that L27/H20 ranks 664th.
The top-5 MedQA heads-L25/H15, L17/H24,
L24/H24, L30/H27, L23/H6-span layers 17–30.
Crucially, intervention at L25/H15 produces iden-
tical restoration to L27/H20 (76.1% in both cases,
overlapping Wilson CIs). The logit-bias interven-
tion is head-agnostic: it propagates through the
residual stream to the output distribution at any late-
layer site, decoupling the choice of intervention site
from the choice of localization head.

6.2 Single-Head Patching: Null Result

From the matched subset of 46 base-wrong items,
35 yield valid source–destination pairs: base-
correct source items with the same correct letter
exist in the dataset for these 35, enabling letter-
matched causal patching. Neither L27/H20 (5.7%
flip rate, p = 1.0 vs. controls) nor L25/H15 (2.9%

Figure 2: Precision-recall tradeoff over 14 gate config-
urations (τ× bootstrap space). Eletter (orange) Pareto-
dominates Econtent (blue) at every operating point. The
71.6 pp gap reveals the routing failure is in label se-
lection, not content understanding. Optimal: τ = 2.0,
Eletter 76.1% restoration, 6.3% false-alarm rate, zero
harm.

(a) Kill-test: all 7 conditions. (b) ITI collapses at α=15.

Figure 3: Left: MedQA kill-test (clean subset, n = 40).
C4 (mechanism) achieves 77.5% at zero harm; C2/C3
(prompting) cause 5.6–13.8% harm. C5 (mech+trust)
drops to 61.1% on the clean subset (n = 40); C4 sig-
nificantly exceeds C5 on the full matched set (n = 473,
p = 2.42×10−10), though this difference does not reach
significance at the smaller n = 40 scale (p = 0.23).
Right: ITI restoration collapses from 90% (α = 5)
to near-zero (α = 15); our method is stable across
λ ∈ [2.5, 10.0]. Dose-response curve in Appendix K.

flip rate, p ≥ 0.5) produces flips above chance, con-
firming that no single head causally carries MedQA
letter commitment.

6.3 Joint Multi-Head Patching: Positive
Causal Evidence

Simultaneous patching of all five top-ranked
MedQA heads achieves a flip rate of 88.6% [74.0,
95.5] (31/35 pairs, Figure 5). Controls (single-
head at L27/H20: 5.7%; single-head at L25/H15:
2.9%) show McNemar p = 3.7 × 10−9 and p =
1.9× 10−9, respectively.

Single-head controls leave open whether the
88.6% flip rate reflects head identity or simply the
larger activation volume moved by patching five
heads at once. We test this with four matched con-
trols on the same 35 pairs: 20 random-5 draws
restricted to the top-5’s own layers (volume- and
layer-matched); 20 random-5 draws from any late
layer; the five non-top-5 heads with letter-margin
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Condition Rest. Harm Train McN.

C1: Vanilla 0.0% 0.0% None —
C2: Trust instr. 10.0% 13.8% None 1.49× 10−8

C3: Auth. quote 2.5% 5.6% None 1.86× 10−9

C4: Mechanism 77.5% 0.0% None —
C5: Mech.+trust 61.1% 0.0% None 0.2266
C6: ITI (matched) 90.0% 0.0% 500 0.2668
C7: ITI (transfer) 32.5% 75.4% TQA 2.77× 10−4

Table 2: Kill-test on the clean subset (40 items). McNe-
mar p-values vs. C4. Restoration uses the n = 40 clean
subset; harm uses the larger set of matched baseline-
correct controls (n = 427; n = 372 for C5, whose
baseline is C2). (i) C2/C3 cause substantial harm (5.6–
13.8%), dropping accuracy below baseline. (ii) C4
achieves 77.5% at zero harm; the clean-subset (n = 40)
test vs. C2 has 27 discordant pairs, all in C4’s favour
(exact p = 1.49 × 10−8). (iii) C5 (mechanism + trust
instruction) drops to 61.1%. C5’s restoration is relative
to C2, not C1 (unlike all other conditions): C2 already
answers 4/40 correctly, so C5’s 61.1% is 22/36 of the
remainder—not directly comparable to C4’s 77.5% on
a shared denominator. C4 significantly exceeds C5 on
the full matched set (n = 473; 47 vs. 4 discordant,
p = 2.42× 10−10), but not on the smaller clean subset
(n = 40, p = 0.23)— likely reduced power at n = 40,
not a null effect. C6 matches statistically (p = 0.27)
but requires 500 labelled same-domain training items.
C7 shows training-free operation is a practical necessity,
not a convenience.

Figure 4: Head importance heatmap on MedQA (32×32
heads, scored by letter-margin contribution). L27/H20-
the CounterFact dominant head ranks 664th of 1,024 on
MedQA. Top MedQA head is L25/H15 (layer 25, head
15). CounterFact localization does not transfer to multi-
option letter decisions, motivating the dual-localization
finding (§6).

scores closest to the top-5’s (attribution-matched);
and the five lowest-scoring heads (Table 7, Ap-
pendix F). Volume, layer distribution, and attribu-
tion score are each matched by a control condition,
and none reproduces the effect: the best of 40 ran-
dom draws reaches 14.3%, against 88.6% for the
localized set. Head identity, not activation volume,
carries the commitment.

Figure 5: Causal patching results. Single-head patching
at L27/H20 and L25/H15 produces flip rates indistin-
guishable from controls (5.7% and 2.9%, p ≥ 0.5).
Joint patching of the top-5 heads achieves 88.6% [74.0,
95.5] (p ≤ 3.7 × 10−9 vs. both single-head controls).
Error bars are Wilson 95% CIs.

A disruption control patches from mismatched-
letter sources (source correct letter ̸= destination
correct letter): 60.0% of outcomes flip specifically
to the source letter, 0% to any third letter, 40.0%
unchanged. All four matched controls above show
this same zero-third-letter, bimodal pattern, includ-
ing the random and bottom-5 conditions—so this
reflects the categorical structure of the letter deci-
sion itself, not a property specific to the localized
heads, and we rest the causal claim on the flip-rate
separation in Table 7 alone (Appendix F).
Finding: No single head causally carries the commitment:
single-head patching produces 3-6% flip rates (controls),
and the best of 40 matched random controls (20 same-layer
+ 20 late-layer draws) reaches 14.3% (mean 6.1%). Joint
patching of the selected five late-layer heads achieves 88.6%.
Yet logit bias at any single late-layer head achieves 76%
restoration–the intervention propagates through the residual
stream regardless of which site is targeted. Effective steering
requires only residual-stream write access, not identification
of the exact causal site.

Full statistical definitions are given in Appendix E.

7 Cross-Architecture Routing Regimes

7.1 Three Qualitative Regimes
We extend analysis to Mistral-7B-Instruct-v0.3
(Jiang et al., 2023) (32 layers, 32 heads, standard
MHA) and Qwen2-7B-Instruct (Yang et al., 2024)
(28 layers, 28Q/4KV heads, GQA 7:1), evaluat-
ing on MedQA, CounterFact, and PopQA. Table 3
summarizes the three routing regimes

Regime 1 – Concentrated (Llama). A single
head dominates evidence routing (DR = 6.1). OV-
circuit steering at L27/H20 is effective.

Regime 2 – Distributed (Mistral). No single
head dominates (DR = 1.26). The margin AUC is
strong (0.999 on MedQA, 1.000 on CounterFact)
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Property Llama Mistral Qwen

Regime Concentrated Distributed GQA-Dist.
DR 6.1 1.26 —
Localization Head L27/H20 Head L29/H2 Layer L24
AUC (MedQA) 0.932 0.999 1.000
AUC (CF) — 1.000 1.000
AUC (PopQA) 0.959 0.994 0.985
OV hook ✓ ✗ ✗
Best impl. OV steering Tok. logit Layer/tok.

Table 3: Three routing regimes. DR = dominance ratio
(top head vs. mean). OV hook fails for Mistral (dis-
tributed, DR=1.26) and for Qwen (GQA shared KV
projections). Qwen gate uses layer-level L24 residual-
stream signal rather than a head-level margin (see Ap-
pendix Q). AUC ≥ 0.93 in all six measured settings
supports broad conflict-detection transfer.

but distributed. True single-head OV hooking fails:
0/57 restored on MedQA, because modifying one
head contributing ≈3.9% of the residual stream
cannot overcome the collective parametric signal.
Token-level logit-bias gated by the localized head
margin achieves strong restoration on CounterFact
and PopQA, while Mistral MedQA is a partial-
transfer case where strong explicit prompting com-
petes with the mechanism (discussed in §7.3).

Regime 3 – GQA-Distributed (Qwen).
Grouped-query attention (7:1 ratio) means
Q-heads share KV projections in groups of seven;
head-level localization was diffuse in this regime
(dominance ratios near 1.0, Section Q), so we did
not pursue single-head OV intervention as the
primary strategy. Instead, a layer-level margin
signal (L24, residual stream) is highly discrimi-
native (AUC ≥ 0.985). Architecture-appropriate
intervention achieves the highest per-dataset
restoration of any model.

7.2 Quantitative Cross-Architecture Results
Table 4 shows three headline patterns.

Broad detection transfer. Margin AUC ≥ 0.93
in all six measured cross-model margin settings
indicates the conflict-detection signal is not specific
to Llama, even when the intervention approach
must change.

Near-zero measured harm. The gated mech-
anism achieves zero measured harm in all Mis-
tral/Qwen cells and 0.07% on Llama PopQA (τ =
0.0, balanced). Prompt-only baselines incur 14–
35% harm on CounterFact (§7.4) and 1.7% on
Qwen CounterFact C5.

Pareto dominance on CounterFact and
PopQA. On PopQA the balanced mechanism

Pareto-dominates all prompt-only baselines for
all three models. On CounterFact, Mistral and
Qwen also Pareto-dominate. Significance: Mistral
PopQA C3 vs. C4 p = 8.1× 10−28; Qwen PopQA
C3 vs. C5 p = 2.5× 10−7. Full McNemar table is
in Appendix H. Additional cross-architecture plots
are in Appendices O and P. PopQA stratified anal-
yses are in Appendix N. Supra-threshold decom-
position controls are in Appendix G. Qualitative
samples are in Appendices B and C.

Note: In cross-architecture evaluation, C4 de-
notes the authoritative-quote prompt baseline and
C5 the explicit-answer injection baseline, follow-
ing the PopQA and CounterFact convention; these
differ from the MedQA kill-test condition labels in
Table 2.

7.3 Mistral MedQA: Negative Transfer
Confirms DR Prediction

Mistral MedQA is the one Pareto failure:
C3=35.1% vs. C4=75.4%, C5=91.2%, all at zero
harm. This is the exact result the dominance ra-
tio predicts: with DR= 1.26, each of Mistral’s 32
heads contributes ≈3.9% of the residual stream.
In closed MCQ, an explicit-answer prompt sup-
plies sufficient concentrated signal to override the
distributed parametric attractor; a single-head logit
correction cannot. The mechanism provides unique
value in open-ended settings where prompting
plateaus–Mistral PopQA (80.5%) and CounterFact
(91.7%) are both Pareto-dominant, and the DR
boundary is predictable before running any experi-
ment.

7.4 Harm Analysis for Prompt-Only Baselines

On CounterFact, authoritative prompt (C4) causes
17–35% harm. This is not a semantic failure but a
format disruption: the authoritative framing shifts
generation from bare entity completion (“Paris”)
to numbered-list format (“1. Paris”), changing the
first generated token. Under the strict first-token
evaluation protocol, this counts as harm. The gated
mechanism avoids this entirely because it fires only
on the 12–28 detected conflict items, leaving all
faithful items unmodified.

8 PopQA: Open-Ended Entity Recall

8.1 Setup

PopQA (Mallen et al., 2023) tests open-ended en-
tity recall (e.g., “Who directed The Doctor?”). Un-
like MedQA, the answer space is unconstrained
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MedQA CounterFact PopQA

Model Impl Rest. Harm Rest. Harm Rest. Harm Note

Llama-3.1-8B format-aware bias 76.1 [62–86] 0.0 17.2 [13–22] 0.3 88.1 [83–92] 0.1 primary

Mistral-7B token logit bias 35.1 [24–48] 0.0 91.7 [65–99] 0.0 80.5 [72–87] 0.0 partial†

Qwen2-7B layer/token bias 85.2 [68–94] 0.0 96.4 [82–99] 0.0 86.4 [76–93] 0.0

Best prompt-only baseline per model–dataset pair (shown for reference)
Mistral (C4) auth. quote 75.4 0.0 25.0 35.1 41.6 0.0
Mistral (C5) expl. inject. 91.2 0.0 83.3 14.0 40.7 0.0
Qwen (C4) auth. quote 59.3 0.0 14.3 17.1 45.5 0.0
Qwen (C5) expl. inject. 66.7 0.0 57.1 1.7 43.9 0.0

Table 4: Cross-architecture results. Mechanism harm is 0.0% in all cells except Llama CounterFact (0.33%, reported
as 0.3%; Table 1) and Llama PopQA (0.07%, reported as 0.1%; see §8). †Mistral MedQA is a partial-transfer case
(§7.3). C4/C5 harm on CounterFact reflects format drift from authoritative prompting (§7.4). Pareto dominance
(mechanism rest. > all baselines and harm ≤ all baselines) holds in five of six cross-model cells; Mistral MedQA is
the exception. CIs from Wilson 95% method; cross-architecture matched subsets differ from Llama (n = 57 for
Mistral MedQA).

with multiple valid surface forms and aliases. We
construct a C2-filtered conflict dataset per model
using a two-stage pipeline: (1) filter candidates
with parametric confidence ≥ 0.65; (2) retain only
items where the model still generates the paramet-
ric answer after context is provided (genuine C2-
parametric conflicts). This yields 243 genuine con-
flicts for Llama (7.7% of 3,141 evaluated), 113 for
Mistral, and 66 for Qwen. Evidence token sets in-
clude first tokens of all correct aliases rather than
only the canonical answer form.

8.2 Balanced vs. Suppression-Only Ablation

Table 5 shows that promotion is necessary, not
optional, for open-ended settings. Suppression-
alone displaces the model to a random alternative
rather than redirecting to the evidence token. The
44–51 pp gain from adding evidence promotion
directly answers whether restoration reflects the
mechanism or mere attractor removal: it requires
the mechanism to actively redirect, not simply sup-
press.

8.3 Llama PopQA Harm Analysis

The Llama balanced run achieves 88.1% restora-
tion on 243 genuine conflict items with 2/2,792
faithful-item harm (0.07%, CI: 0.01–0.26%). Man-
ual inspection: one alias-format drift and one false-
positive gate degradation neither reverts to the
parametric answer. Forcing zero harm requires
τ < −6.4, collapsing restoration to 22.6%; the cur-
rent operating point is Pareto-optimal. Restoration
comparison across all conditions and stratification
by entity popularity, parametric confidence, and
relation type are in Appendix M.

Model Mode C3 C4 Pareto

Llama Suppress-only 43.6% 80.7% ✗
Llama Balanced 88.1% 80.7% ✓

Mistral Suppress-only 29.2% 41.6% ✗
Mistral Balanced 80.5% 41.6% ✓

Qwen Balanced 86.4% 45.5% ✓

Table 5: Suppression-only vs. balanced intervention on
PopQA. Suppression-only fails Pareto dominance for
Llama and Mistral. Balanced intervention (promotion
+ suppression) recovers 44.5 pp on Llama and 51.3 pp
on Mistral, confirming that restoration requires active
evidence redirection, not mere attractor removal.

9 Analysis

9.1 Failure Mode and Routing Taxonomy

Of 40 MedQA clean-subset items, 9 are unrestored:
all have mean prefill margin < −3.0 (overwhelm-
ing parametric confidence) and semantic overlap
between correct and wrong options. These mark
the boundary of output-space logit correction.

The framework addresses routing failures: com-
mitment localized to identifiable token positions.
On ClashEval (Wu et al., 2024), a qualitatively dif-
ferent integration failure emerges: dosage commit-
ment is distributed across prose sentence construc-
tion (margin AUC= 0.583, intervention = 0%).
Margin AUC on a pilot sample correlates with
eventual intervention success across the five task-
model pairs evaluated here (AUC > 0.7 succeeds;
AUC ≤ 0.7 fails); we report this as a descriptive
pattern rather than a validated predictive rule, since
it is fit on a small number of cases and has not been
tested prospectively on a held-out task-model pair.
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The prefill margin achieves AURC of 0.0098
(MedQA) and 0.0146 (PopQA), against
0.0154/0.0267 for MaxProb, 0.0157/0.0270
for entropy, and 0.2884/0.2960 for self-consistency
a 29× gap (Appendix J, Figure 9). In three-mode
operation (answer / intervene / abstain), setting
τhigh and τlow achieves 94.4% selective accuracy
at 82.2% answer rate, 14.9% intervention rate,
2.9% abstention rate, and 0.2% harm on PopQA
(Figure 10).

9.2 Premise Validity and Internal Constraints

Two further analyses bound what the restoration
numbers mean. Premise audit: restricting to items
where the model’s no-context (closed-book) top
prediction matches the parametric answer used to
construct P , hallucination-under-evidence occurs
on 40.3% of items, versus 1.78% otherwise (odds
ratio = 37.3, Fisher’s exact p = 9.3 × 10−74)—
hallucination under evidence is strongly belief-
dependent, not an item-construction artifact. This
concentration is sharp at the rank level: 98.6% of
baseline hallucinations occur where the counterfac-
tual target ranks in the top 20 no-context predic-
tions (90.3% top 5), while items ranked below 20
produce almost none. Separately, 47.8% of items
fall in this no-belief stratum and 42.6% show a re-
fusal argmax (e.g. “I”, “There”): CounterFact was
built against base models that always complete a
prompt, so on an instruction-tuned model a sub-
stantial fraction of its items are not genuine knowl-
edge conflicts, since the model never held the belief
the counterfactual is meant to override—a caution
for how such benchmarks should be constructed
and audited going forward. We recommend per-
item belief verification as standard practice for fu-
ture conflict-benchmark construction. Repair vs.
correction: most restoration is achieved by di-
rectly biasing known target tokens at the output
layer (Eqs. 5-8, §3.4), which alone does not show
the internal routing decision was repaired rather
than overridden downstream. We do find a gen-
uine internal constraint: sweeping λmax well past
saturation (Appendix L) does not extend restora-
tion indefinitely—the achievable margin shift is
bounded by an internal floor at M ≈ −13.6 in the
model’s own margin coordinate, independent of the
applied bias magnitude, suggesting restoration is
capped by an internal representational limit rather
than by the size of the output-level bias.

9.3 Deployment Feasibility

The mechanism is practical: full gated inference
adds 1.33-1.73× latency on H100. The gate-only
prefill computation costs 0.31–0.71× a baseline
generation pass when cached activations are reused.
Memory overhead ranges from +0.4GB (Mistral,
token-logit bias) to +2.0GB (Llama/Qwen, acti-
vation cache). These figures characterize the inter-
vention step only, assuming E and P are already
available (§3.4). Full per-model breakdown is in
Appendix I.

10 Conclusion

The central contribution of this work is a refram-
ing: evidence routing failure is a mechanistically
tractable problem with a locatable, correctable in-
ternal signature—not a prompting or retrieval prob-
lem, with four empirical consequences.

First, the mechanism-as-gate design produces
77.5% restoration at zero measured harm on multi-
option decisions, while the strongest prompting
baseline achieves 10% and ITI without domain
data achieves 32.5% with 75.4% harm. The dose-
response analysis confirms stable performance
across a 4× range of λ.

Second, the effective intervention site is struc-
turally distinct from the causal commitment lo-
cus. Matched causal controls confirm this is a
property of head identity, not activation volume:
joint patching of the localized five-head cluster
achieves an 88.6% flip rate against a mean of 6.1%
(best 14.3%) across 40 matched random controls
(p = 3.0× 10−8). Logit bias at any late-layer head
achieves equivalent restoration (76.1%), making
deployment architecture-agnostic within a model.

Third, the conflict-detection signal (AUC ≥
0.93) transfers broadly, with DR predicting effec-
tiveness: high DR (Llama, 6.1) enables OV steer-
ing, while low DR or GQA requires logit-level
alternatives, achieving 80–96% Pareto-dominant
restoration in 5/6 conditions, with 94.4% selective
accuracy (AURC 0.0098 vs. 0.2884).

Fourth, a per-item premise audit shows baseline
hallucination is concentrated almost entirely where
the model already holds the parametric belief (odds
ratio 37.3, p = 9.3×10−74)—the routing account’s
central precondition—while also showing that a
substantial fraction of a widely used conflict bench-
mark fails this precondition for instruction-tuned
models, a caution for future benchmark construc-
tion and audit.
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Limitations

Constrained Output Format. All positive re-
sults operate where commitment is localized to
a single token (CounterFact) or fixed letter to-
kens (MedQA). Extension to free-form generation
(ClashEval prose) requires fundamentally different
commitment detection. Relatedly (§3.4), E and
P are gold-label- constructed throughout, so all
reported figures are oracle-conditioned diagnostics,
not measurements of a deployable end-to-end de-
tector.

Sample Size and Architecture Dependency.
The matched MedQA subset contains 46 base-
wrong items; effect sizes are large (p-values 10−9–
10−10, Wilson CIs throughout), but replication on
a larger corpus would strengthen statistical claims.
The framework also requires model-specific local-
ization; automatic regime classification from model
metadata is an important direction.

Mistral MedQA Partial Transfer. Mistral’s
token-logit-bias intervention (35.1% on MedQA)
is outperformed by prompting baselines (75.4%–
91.2%) at equal harm. This is consistent with the
distributed routing profile (DR=1.26); the mecha-
nism provides unique value in open-ended settings
where prompting plateaus below 46%.

Adversarial or Incorrect Evidence. We assume
retrieved evidence is correct; we do not evaluate
whether the gate rejects adversarial, poisoned, or
incorrect evidence. A deployed system without
an evidence-veracity check could amplify retrieval
poisoning or prompt injection—calibration, absten-
tion under source disagreement, and explicit adver-
sarial defenses are unaddressed here.
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A Artifact and Reproducibility Statement

We will release the full artifact accompanying this
paper, including all evaluation and analysis code,
configuration files for every reported condition, and
a statistic-to-source mapping that traces each num-
ber reported in the main paper and appendices to
the script and output file that produced it, at the
following repository upon publication:

https://github.com/sridurgesh007/
AACL-IJCNLP2026_Retrieval_
Conflict_Hallucination.git

Key reported statistics were checked against source
experiment output prior to submission; the released
mapping will let readers independently trace any
residual discrepancy to its source computation.

B Mechanism Input/Output Samples

Each sample below shows the complete input pre-
sented to the model (question + authoritative con-
text), the C2 output (model generates from paramet-
ric memory despite the context), and the C3 output
(margin gate fires, logit-bias intervention redirects
to evidence). All samples are drawn from the final
evaluation sets; no cherry-picking was performed.
The context is prepended using the same template
used across all evaluation conditions. C2 uses the
vanilla prompt variant with evidence context but
no intervention; C3 uses the same prompt with the
margin gate and logit-bias applied.

C Qualitative Examples

Question Param. C2 out C3 out Correct

MedQA
A 61-year-old
nurse presents with
recurrent UTI. . .
Which antibiotic?

A A D D

CounterFact
The Eiffel Tower is
located in

Paris Paris Rome Rome

PopQA
Who directed The
Doctor?

R.
Franklin

R.
Franklin

R.
Haines

R.
Haines

Table 6: Qualitative examples across three tasks. C2 =
context present, no intervention; C3 = mechanism ap-
plied. MedQA: model picks parametric letter A despite
guideline; C3 corrects to D (Nitrofurantoin).
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Figure 6: Sample 1: Input prompt with authoritative con-
text, C2 parametric output (wrong), and C3 mechanism-
corrected output (right).

Figure 7: Sample 2: Input prompt with authoritative con-
text, C2 parametric output (wrong), and C3 mechanism-
corrected output (right).

Figure 8: Sample 3: Input prompt with authoritative con-
text, C2 parametric output (wrong), and C3 mechanism-
corrected output (right).

D Detailed MedQA Configurations

The headline operating point uses τ = 2.0, Eletter,
λpos = 0.0, λneg = 2.5 (pure suppression at
saturation), selected by Youden’s J across the
14-cell PR sweep. The matched subset (46 items)
and clean subset (40 items) are fixed before any
results are computed. τ is selected by Youden’s
J: J = TPR − FPR, maximising the gap
between true conflict detection rate and false-alarm
rate on the pilot set. All results: seed 1234,
meta-llama/Llama-3.1-8B-Instruct,
bfloat16, single H100.

Cross-model Mistral MedQA uses a separately
constructed matched subset of 57 base-wrong
items (Mistral’s conflict-detection rate differs from
Llama’s, yielding a larger parametric-resistance set
from the same 500-item conflict corpus).

Token-Level Entity Bias (PopQA and cross-
architecture). For open-ended recall, the same
logit-space bias applies to the first tokens of all
correct entity aliases:

logits′[t] = logits[t] + λpos, t ∈ Ealias, (7)

logits′[t] = logits[t]− λneg, t = t∗(Pentity).
(8)

Here t∗(Pentity) denotes the first token of Pentity.
This differs from the MedQA label-space bias
(Eq. 5-6) only in the token sets: Ealias contains
the first BPE token of every valid surface form of
the correct entity, and Pentity is the parametric en-
tity’s first token. The gate and λ calibration are
identical to the MedQA variant.

MedQA Head Importance Scoring. Each head
(l, h) is scored by its contribution to the letter-
margin at the final prefill position:

score(l, h) = d⊤ℓ al,h,

dℓ = ū(Eℓ)− ū(Pℓ),

ū(S) =
1

|S|
∑

t∈S
ut.

(9)

Here Eℓ and Pℓ are the correct and incorrect letter-
token sets, and ut is the unembedding vector for
token t. This differs from the CounterFact scoring
(Eq. 1) in that dep is replaced by a letter-specific di-
rection, reflecting the categorical rather than entity-
recall nature of the task.

E Statistical Protocol

All proportions report Wilson 95% CIs. All paired
comparisons use McNemar’s exact binomial test.
The sub-threshold additivity finding uses paired
bootstrap with 10,000 resamples on per-item flip
indicators.

Wilson CI. For proportion p̂ = x/n, quantile
z = 1.96:

p̂+ z2/(2n)

1 + z2/n
± z

1 + z2/n

√
p̂(1− p̂)

n
+

z2

4n2
.

(10)

McNemar test. For discordant counts b, c, exact
two-sided binomial:

pMcN = min



1, 2

min(b,c)∑

k=0

(
b+c
k

)
2−(b+c)



 . (11)
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Selective prediction. Three-mode policy:
π(M) = answer if M ≥ τhigh; intervene if
M < τlow; abstain otherwise.

F Joint Patching Disruption Control

Patching from mismatched-letter sources (source
correct letter ̸= destination correct letter) on 35
pairs: 60.0% flip to source letter, 0% to destina-
tion correct letter, 0% to any third letter, 40.0%
unchanged. This bimodal, zero-third-letter pattern
also holds for every matched control condition be-
low, including the random and bottom-5 draws it
therefore reflects the categorical structure of the
letter decision itself, not a property specific to the
localized heads, and is not used as evidence for the
decision-carrying interpretation; that claim rests
solely on the flip-rate separation below.

Matched Controls. To rule out the possibility
that any five heads produce a comparable flip rate
through non-specific residual-stream disruption or
generic activation volume, we test four matched
controls on the same 35 pairs: 20 random-5 draws
restricted to the top-5’s own layers (volume- and
layer-matched); 20 random-5 draws from any late
layer; the five non-top-5 heads with letter-margin
scores closest to the top-5’s (attribution-matched);
and the five lowest-scoring heads (bottom-5).

Control Flip rate

Top-5 localized 0.886
Random-5, same layer (20 draws) 0.061 ± 0.045

(best of 20) 0.143
Random-5, late layer (20 draws) 0.076 ± 0.039
Attribution-matched non-top-5 0.086
Bottom-5 0.000

Table 7: Matched five-head causal controls (35 pairs
each). Separation between top-5 and the mean random-
same-layer control is 0.824 (bootstrap 95% CI [0.804,
0.844]). McNemar of top-5 against the best of all 40
random draws: p = 3.0× 10−8.

Volume, layer distribution, and attribution score
are each matched by a control condition, and none
reproduces the effect: the best of 40 random draws
reaches 14.3%, against 88.6% for the localized set.
Head identity, not activation volume, carries the
commitment.

G Supra-Threshold Decomposition

The 5 × 5 sweep over (λpos, λneg) ∈
{0, 2.5, 5, 7.5, 10}2 produces identical restoration
(0.37) across all non-zero cells. Item-level analysis

confirms byte-identical flip sets between pure
promotion and pure suppression at λ = 2.5,
establishing gauge equivalence in the saturation
regime.

H Cross-Architecture C4/C5 Pareto Table

Model Dataset C3 C4 C5 C3 harm Pareto

Llama PopQA 88.1 80.7 53.5 0.1 ✓

Mistral MedQA 35.1 75.4 91.2 0.0 ✗
Mistral CounterFact 91.7 25.0 83.3 0.0 ✓
Mistral PopQA 80.5 41.6 40.7 0.0 ✓

Qwen MedQA 85.2 59.3 66.7 0.0 ✓
Qwen CounterFact 96.4 14.3 57.1 0.0 ✓
Qwen PopQA 86.4 45.5 43.9 0.0 ✓

Table 8: Full Pareto table. Criterion: C3 restoration >
max(C4, C5) and C3 harm ≤ min(C4, C5). Holds in
6/7 cells; Mistral MedQA is the exception (§7.3).

Selected McNemar p-values: Mistral PopQA C3
vs. C4: p = 8.1 × 10−28; Mistral CF C3 vs. C4:
p = 2.3 × 10−12; Qwen PopQA C3 vs. C4: p =
4.6× 10−7; Qwen CF C3 vs. C5: p = 5.2× 10−13.

I Deployment Characterization

Model Base (s) Gate (s) Full (s) p95 (s)

Llama-3.1-8B 0.055 0.032 0.087 0.120
Mistral-7B 0.097 0.030 0.129 0.159
Qwen2-7B 0.042 0.029 0.072 0.092

Table 9: Latency breakdown (H100, 100 items, 10
warmup). Gate = margin only (cached prefill, cheaper
than generation). Memory: Llama +1,935MB, Mistral
+408MB, Qwen +2,032MB.

J Selective Prediction: Full AURC Table

The prefill margin substantially outperforms stan-
dard uncertainty signals as a conflict detector. Ta-
ble 10 reports the Area Under the Risk-Coverage
Curve (AURC, lower is better) for all four signals
on both MedQA and PopQA. The margin achieves
29–30× lower AURC than self-consistency, con-
firming it carries task-specific conflict information
rather than general uncertainty. In three-mode
deployment (answer / intervene / abstain), the
same margin signal without any additional clas-
sifier achieves 94.4% selective accuracy at 82.2%
answer rate with 0.2% harm.
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The Area Under the Risk-Coverage Curve
(AURC) is defined as:

AURC(s) =

∫ 1

0
R(κ) dκ,

R(κ) = 1−
∑

i 1[si ≥ qκ] yi∑
i 1[si ≥ qκ]

.

(12)

where si is the confidence score for item i, yi is
the correctness indicator, and qκ is the score thresh-
old for which coverage (the fraction of items with
si ≥ qκ) equals κ. Lower AURC indicates a better
conflict detector.

Uncertainty signal AURC (MedQA)↓ AURC (PopQA)↓
Prefill margin 0.0098 0.0146
MaxProb 0.0154 0.0267
Entropy 0.0157 0.0270
Self-consistency 0.2884 0.2960

Table 10: Area Under Risk-Coverage Curve (AURC,
lower is better). The prefill margin is a substantially bet-
ter conflict detector than standard uncertainty baselines.
Self-consistency is 29–30× worse on both datasets.

K Dose-Response and Gauge Equivalence

Figure 11 shows how restoration rate varies with in-
tervention strength λ under three modes: pure pro-
motion (λpos only), pure suppression (λneg only),
and balanced (λpos = λneg).

Below saturation (λ < 1.5), balanced inter-
vention significantly exceeds both pure modes
(p < 0.05 at λ ∈ {0.5, 0.75, 1.0, 1.5}, paired boot-
strap with 10,000 resamples). This confirms that
restoration requires both active promotion of the
evidence token and suppression of the parametric
token; neither alone is sufficient at low strength.

Above saturation (λ ≥ 1.5), all three modes
converge to identical flip sets. The 5 × 5 sweep
over (λpos, λneg) ∈ {0, 2.5, 5, 7.5, 10}2 confirms
byte-identical flip sets between pure promotion and
pure suppression at λ = 2.5, establishing gauge
equivalence in the saturation regime: the argmax
decision is determined by which token crosses the
softmax decision boundary first, and this is indepen-
dent of which direction (promotion or suppression)
achieves the crossing. Gauge equivalence also ex-
plains the C5 destructive interaction in Table 2:
combining prompting with intervention shifts the
margin distribution, moving items out of the gate-
fire region and reducing restoration from 77.5% to
61.1%.

Figure 9: Risk–coverage curves on MedQA and PopQA.
Prefill margin (AURC 0.0098/0.0146) substantially out-
performs MaxProb, entropy, and self-consistency (29×
gap vs. self-consistency).

Figure 10: Three-mode deployment policy (answer /
intervene / abstain). 94.4% selective accuracy at 82.2%
answer rate, 14.9% intervention, 2.9% abstention, 0.2%
harm. No additional classifier is trained.

Figure 11: Dose-response curve (Llama MedQA). Bal-
anced (green) exceeds pure promotion and suppression
below saturation (p < 0.05 at λ ∈ {0.5, 0.75, 1.0, 1.5},
paired bootstrap 10k resamples). Saturation at λ ≈ 1.5;
above this all three modes are gauge-equivalent on
argmax decisions.

L CounterFact: Full Method Comparison
(Llama)

Figure 12 shows the complete CounterFact method
comparison on Llama-3.1-8B, corresponding to Ta-
ble 1 in the main paper. All methods are evaluated
on the same 2,000-item CounterFact set used for
the primary Llama analysis (§4). Stability rate
(orange) measures the fraction of initially-correct
items remaining correct after intervention; a drop
below the yellow dashed line (stability target =
0.9) indicates collateral harm on faithful items.
DoLa shows the most severe stability degradation
(0.25), consistent with its global application to all
items. AG-ERHA achieves perfect stability at zero
restoration because the attention mass gate cannot
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discriminate faithful from hallucinated examples
(AUC≈ 0.50, Figure 1). OV Steering (LD Steering,
rightmost) achieves the highest restoration (17.2%)
with stability 0.997, confirming the margin gate
selectively fires only on detected conflict items.

Figure 12: CounterFact method comparison (Llama-
3.1-8B, n = 2,000). Blue = restoration rate; orange =
stability rate; green = restoration improvement. Yellow
dashed line = stability target (0.9). OV Steering achieves
the highest restoration at stability 0.997; DoLa degrades
stability to 0.25.

λmax τ Rest. Harm

10 −1.0 0.158 0.16%
10 0.0 0.172 0.33%
10 0.5 0.197 0.49%
20 0.0 0.319 0.49%
20 0.5 0.355 0.65%

Table 11: OV steering restoration and harm (under the
definition in §3) across the λmax/τ grid, n = 2,000.
Restoration and harm both increase monotonically with
λmax and τ ; the reported operating point (λmax = 10,
τ = 0.0) is the pilot-frozen configuration, not the post-
hoc optimum in this table.

M PopQA: Condition Comparison

Figures 13–15 show the full condition comparison
for Llama and Mistral on PopQA, complementing
the summary in Table 5 of the main paper. Each
bar chart shows restoration rate (blue) and harm
rate (red) for conditions C2 (context, no interven-
tion), C3 (balanced mechanism), C4 (authoritative
prompt), and C5 (explicit answer injection).

Three observations are consistent across both
models. First, C3 (balanced) substantially exceeds
suppression-only intervention: Llama +44.5 pp,
Mistral +51.3 pp. This confirms that evidence
promotion is necessary, not optional: suppression
alone displaces the model to a random alternative
rather than redirecting to the evidence token. Sec-
ond, C4 and C5 (prompt-only baselines) plateau at
41–81% restoration with near-zero harm on PopQA
for Mistral (0.0% both conditions) and small resid-
ual harm for Llama (C4 ≈ 0.25%, C5 ≈ 3.9%,

Figure 13), in contrast to their behavior on Coun-
terFact where they incur 14–35% harm via format
disruption (§7.4). This difference reflects the un-
constrained open-ended answer space: prompting
cannot selectively target conflict items and instead
applies uniformly, but in PopQA the uniform signal
does not disrupt the generation format. Third, C3
Pareto-dominates both baselines: higher restoration
at equal or lower harm, confirmed by McNemar
p-values in Appendix H.

Figure 13: Llama PopQA: restoration and harm across
all conditions (C2–C5). Balanced mechanism (C3)
Pareto-dominates prompting baselines at near-zero
harm.

Figure 14: Mistral PopQA: C3 (80.5%) Pareto-
dominates C4 (41.6%) and C5 (40.7%) at zero harm.

Figure 15: Mistral PopQA full results breakdown.

N PopQA: Stratification

To verify that results are not driven by selection bias
toward easy entities or specific relation types, we
stratify restoration and harm rates by three indepen-
dent axes: entity popularity, parametric confidence,
and relation type. All stratifications are computed
on the genuine C2-conflict subset (243 items for
Llama, 113 for Mistral) using the balanced inter-
vention operating point.

By entity popularity. Entity popularity (s pop
score from the PopQA dataset) measures how fre-
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quently the entity appears in Wikipedia. Figures 16
and 19 show that restoration is consistent across
low, medium, and high popularity buckets. The
mechanism does not rely on high-popularity en-
tities having stronger evidence signals; it oper-
ates equally on obscure and well-known entities
because the margin signal is computed from the
model’s own prefill probability, not from any cor-
pus frequency statistic.

By parametric confidence. Parametric confi-
dence measures how strongly the model’s para-
metric answer dominated before any context was
provided (probability of the parametric answer at
C1). Figures 17 and 20 show that higher parametric
confidence correlates with larger negative prefill
margins at C2 (the model resists the evidence more
strongly), which in turn produces stronger interven-
tion signal. Restoration is maintained even at high
parametric confidence, though a small number of
extreme-confidence items (margin < −6) fall in
the two harmed cases discussed in §8.

By relation type. Figures 18 and 21 stratify by
PopQA relation type (director, country, genre, au-
thor, sport, etc.). No relation type shows dispropor-
tionate failure or disproportionate harm, confirm-
ing that the mechanism generalizes across diverse
factual relation categories rather than exploiting
surface patterns specific to one type. The margin
distribution figure (Figure 22) confirms that all gen-
uine conflict items have negative margin at C2,
validating the two-stage conflict filter described in
§8.

Figure 16: Llama PopQA stratification by entity pop-
ularity (s pop). Restoration is consistent across low,
medium, and high popularity entities with near-zero
harm throughout.

Figure 17: Llama PopQA stratification by parametric
confidence. Higher parametric confidence correlates
with stronger prefill margin and higher restoration rate.

Figure 18: Llama PopQA stratification by relation
type (director, country, genre, etc.). No relation type
shows disproportionate failure, confirming generaliza-
tion across relation categories.

Figure 19: Mistral PopQA stratification by entity popu-
larity.

Figure 20: Mistral PopQA stratification by parametric
confidence.
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Figure 21: Mistral PopQA stratification by relation type.

Figure 22: Mistral PopQA prefill margin distribution for
genuine conflict items. All items have negative margin
confirming parametric resistance; intervention targets
this regime.

O MedQA Cross-Architecture Results

Figures 23–26 show the full condition comparison
(C1–C5) for Mistral-7B and Qwen2-7B on MedQA,
corresponding to the cross-architecture results in
Table 4 of the main paper.

Mistral MedQA. The accuracy and restora-
tion/harm figures confirm the negative transfer re-
sult discussed in §7.3. C3 (mechanism, token logit
bias at L29/H2) achieves 35.1% restoration at zero
harm, while C4 (authoritative prompt) and C5 (ex-
plicit answer injection) achieve 75.4% and 91.2%
respectively at equal zero harm. This result is not
a failure of the mechanism per se but a structural
prediction: with dominance ratio DR= 1.26, no
single-head logit correction can overcome the dis-
tributed parametric signal when a strong explicit
prompt is available. The C1 baseline (no context)
shows that Mistral’s baseline accuracy on the con-
flict set is substantially lower than Llama’s, reflect-
ing a different parametric prior distribution.

Qwen MedQA. Qwen2-7B achieves 85.2%
restoration at zero harm, Pareto-dominating both
C4 (59.3%) and C5 (66.7%). Despite the GQA
architecture leaving head-level localization diffuse,
the layer-level margin signal at L24 provides suf-
ficient discriminative power (AUC≥ 0.985) to

gate the logit-bias intervention accurately. The
Qwen MedQA result is the strongest single-dataset
restoration of any cross-architecture model, demon-
strating that the framework adapts effectively to
architectural constraints when the gate signal is
well-localized.

Figure 23: Mistral-7B MedQA: accuracy across condi-
tions C1–C5.

Figure 24: Mistral-7B MedQA: restoration and harm
across conditions C1–C5. C3 (mechanism) achieves
35.1% restoration at zero harm. C4/C5 prompting
achieves higher restoration (75.4%/91.2%) reflecting
the distributed routing profile (DR= 1.26).

Figure 25: Qwen2-7B MedQA: accuracy across condi-
tions C1–C5.

Figure 26: Qwen2-7B MedQA: restoration and harm
across conditions C1–C5. C3 achieves 85.2% restora-
tion at zero harm, Pareto-dominating both prompting
baselines.
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P CounterFact Cross-Architecture
Results

Figures 27 and 28 show the C2–C5 condition com-
parison for Mistral-7B and Qwen2-7B on Counter-
Fact, complementing Table 4.

CounterFact evaluation uses strict first-token
matching against the evidence entity token and the
parametric entity token. C4 (authoritative prompt)
and C5 (explicit answer injection) cause substantial
harm on CounterFact (14–35%) due to format dis-
ruption: the authoritative framing causes the model
to switch from bare entity completion to numbered-
list or prefixed format, changing the first generated
token even when the semantic answer is correct.
This is discussed in §7.4 of the main paper.

C3 (mechanism) avoids this entirely by firing
only on the 12–28 detected conflict items and leav-
ing all 472–488 faithful items completely unmod-
ified. Mistral achieves 91.7% restoration at zero
harm; Qwen achieves 96.4% restoration at zero
harm–the highest restoration rate of any model–
dataset pair across the entire evaluation. The Qwen
CounterFact result is particularly striking given
the GQA architectural constraint: the layer-level
gate at L24 provides near-perfect conflict detection
(AUC= 1.000) enabling nearly complete routing
correction with zero collateral harm.

Figure 27: Mistral-7B CounterFact: C2–C5 condition
comparison. C3 achieves 91.7% restoration at zero
harm. C4 authoritative prompt causes 35.1% harm via
format drift; C5 explicit injection causes 14.0% harm.

Figure 28: Qwen2-7B CounterFact: C2–C5 condition
comparison. C3 achieves 96.4% restoration at zero
harm, the highest restoration of any model–dataset pair.

Q Qwen2-7B Localization

Qwen2-7B uses Grouped Query Attention (GQA)
with a 7:1 query-to-key-value ratio: 28 query heads
share 4 KV heads, with 7 query heads per KV
group. Because query heads within a group share
identical K/V content, any conflict-routing sig-
nal carried in the attended value vectors is shared
across the group rather than isolated to one query
head, which is consistent with the diffuse head-
level localization observed below and is why we
did not pursue the same single-head causal inter-
vention that is effective for Llama.

Head-level localization (Figure 29). The head
importance heatmap, scored by letter-margin con-
tribution (formal definition in Appendix D, Eq. 9)
using the same per-head logit-difference decompo-
sition as Llama (Eq. 1), reveals no concentrated sin-
gle head. Unlike Llama where L27/H20 achieves a
6.1× dominance ratio, Qwen’s top heads have dom-
inance ratios close to 1.0, consistent with the uni-
form distribution of conflict-routing signal across
the GQA query groups. This confirms that head-
level localization does not yield a usable single
intervention site for Qwen.

Figure 29: Qwen2-7B head importance heatmap
(MedQA, scored by letter-margin contribution). Due
to GQA architecture (7:1 Q/KV ratio), no single head
dominates; layer-level localization at L24 is used for the
margin gate.

Layer-level localization (Figure 30). Scoring by
layer-level residual-stream contribution reveals that
Layer L24 provides the strongest conflict-detection
signal. The layer importance heatmap shows a clear
concentration at L24 with AUC≥ 0.985 when the
margin is computed from the L24 residual stream.
This layer-level signal is used as the gate for all
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Qwen experiments: the prefill margin is computed
at L24 and the token-logit bias intervention is ap-
plied at the output logit layer, sidestepping the dif-
fuse head-level localization entirely. The effec-
tiveness of this approach (85.2% MedQA restora-
tion, 96.4% CounterFact restoration, 86.4% PopQA
restoration, all at zero harm) demonstrates that
architecture-appropriate localization can recover
the full intervention benefit even when single-head
OV steering does not yield a usable localization
target.

Figure 30: Qwen2-7B layer importance heatmap. Layer
L24 (residual stream) provides the strongest conflict-
detection signal (AUC≥ 0.985), used as the margin
gate for all Qwen experiments.
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