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Abstract

When retrieved evidence contradicts paramet-
ric memory, language models frequently ignore
the context and revert to memorized priors—
a failure that undermines the purpose of re-
trieval augmentation. Contrastive decoding
amplifies context-conditioned output to sup-
press parametric bias, but fixed coefficients can-
not track changing disagreement, while output-
only adaptive coefficients observe only the final
prediction distributions. We propose FIDES
(Faithful Inference via Deep Evidence Signals),
a training-free decoder that combines signals
from output distributions, hidden representa-
tions, and prediction trajectories to recompute
contrastive intervention strength at every step.
A matched, formula-verified audit on 128 NQ-
Swap pairs shows that conflict raises Opposi-
tion by 0.0969 and the resulting coefficient α
by 0.0727 at the same answer-prediction po-
sition (both p < 10−4). The audit also finds
only a small Shift effect and saturated clipped
Noise, clarifying the limits of the mechanism
interpretation. Across three benchmarks and
six backbones—four primary 7B/8B models
and two scaling backbones up to 70B—FIDES
achieves the best context fidelity in all 18 set-
tings, outperforming the strongest training-free
baseline by +3 to +13 points. At 70B, fidelity
reaches 92–94% while F1 reaches 62–63%,
showing that multi-depth stepwise contrast can
preserve generation utility while improving ev-
idence following.

1 Introduction

Large language models (LLMs) increasingly
ground their outputs in retrieved evidence (Lewis
et al., 2020). Retrieval-Augmented Generation
(RAG) improves factuality by conditioning on ex-
ternal documents, but it does not eliminate halluci-
nation: when retrieved context contradicts paramet-
ric memory, models frequently ignore the evidence
and default to memorized priors (Longpre et al.,
2021; Zhou et al., 2023). Even irrelevant retrieved

context can distract LLMs (Shi et al., 2023). We
term the conflict-specific failure stubborn hallu-
cination: the decoder must follow the provided
context when evidence is intended to override para-
metric knowledge, yet current decoding strategies
offer no such guarantee.

A growing body of work addresses this through
contrastive decoding: amplifying a preferred out-
put distribution relative to a less preferred one (Li
et al., 2023b). CAD (Shi et al., 2024) applies a
fixed weight to context-conditioned and context-
free distributions. AdaCAD (Wang et al., 2025)
recomputes a token-level weight from their Jensen–
Shannon divergence. DeCoRe (Gema et al.,
2025) contrasts a base model with a retrieval-
head-masked variant and uses conditional entropy
to control the contrast. DVD (Jin et al., 2024)
dynamically selects and amplifies retrieved doc-
uments using output-derived confidence, while
COIECD (Yuan et al., 2024) imposes a contextual
information-entropy constraint. Token-level adap-
tation is therefore not unique to FIDES. The distinc-
tion is the evidence used for control: existing adap-
tive rules primarily use output-level uncertainty or
divergence, whereas FIDES jointly measures cross-
path output opposition, hidden-state trajectory shift,
and within-path prediction evolution.

The context–memory discrepancy can change at
every decoding step as the response prefix evolves.
A single contrast strength can therefore be too high
when the two paths agree, yet too low when they
diverge. We call the required behavior token-level
conflict sensitivity: the intervention should be re-
computed from the current context and no-context
paths and should reflect more than output confi-
dence alone. The core challenge is therefore not
only how much contrast to apply, but where in the
evolving response to apply it.

We propose FIDES (Faithful Inference via Deep
Evidence Signals), a training-free decoder that es-
timates conflict at each decoding step and maps it
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to a token-specific contrastive coefficient αt. Op-
position compares the output distributions of the
context and no-context paths; Shift compares their
layerwise hidden trajectories; and Noise tracks how
the context-path prediction evolves from the mid-
point to the final layer. Fixed, globally calibrated
weights fuse these signals without per-test-set tun-
ing, and the resulting score sets the intervention
strength for the current step. Figure 1 illustrates
the framework.

Across three benchmarks and six backbones
spanning 7B to 70B, FIDES achieves the best
context fidelity in all 18 model–dataset settings,
outperforming Standard RAG by +14 to +28
points and the strongest same-budget training-free
baseline (AdaCAD) by +3 to +13 points. On
LLaMA3-70B, context fidelity reaches 92–94%
and F1 reaches 62–63%. To test the mechanism
without defining conflict from αt itself, we con-
duct a formula-verified analysis on 128 indepen-
dent NQ-Swap pairs matched for prompt length and
answer position. Each pair differs only in whether
the retrieved answer agrees with the model prior.
Conflict increases answer-position Opposition by
0.0969 and αt by 0.0727 (both p < 10−4), showing
that the intervention responds to conflict. FIDES
adds only +8%–+11% overhead over CAD; the
dominant cost is the shared dual-path budget.

Scope. FIDES is a white-box evidence-following
rule for RAG deployments that expose logits and
hidden states. It is intended for provenance-aware
retrieval pipelines in which evidence is curated or
screened upstream, but it does not itself verify re-
trieved claims. When retrieval errs or is adversar-
ially edited, FIDES can follow wrong evidence;
we therefore evaluate document faithfulness, not
stand-alone factual correctness.

2 Related Work

Hallucination under retrieval-memory conflict.
LLMs frequently fail to follow contextual evidence
when it contradicts strong parametric priors (Long-
pre et al., 2021; Mallen et al., 2023). Explicitly
prompting models to weigh context versus mem-
ory helps but depends on instruction-following ca-
pability and cannot adapt at the token level (Xie
et al., 2024). Application-specific evaluation also
shows that RAG can reduce hallucination in aca-
demic citation prediction, while leaving open the
decoder-side question of whether a model follows
retrieved evidence under explicit conflict (Zheng

et al., 2026).

Contrastive decoding. Contrastive decoding am-
plifies a preferred distribution over a less pre-
ferred one (Li et al., 2023b). In RAG, CAD (Shi
et al., 2024) uses a fixed context/no-context weight;
AdaCAD (Wang et al., 2025) updates a token-
level weight from their Jensen–Shannon diver-
gence; and DeCoRe (Gema et al., 2025) con-
trasts base and retrieval-head-masked outputs un-
der entropy control. DVD (Jin et al., 2024) se-
lects and amplifies documents using output confi-
dence; COIECD (Yuan et al., 2024) imposes con-
textual information entropy; and CoCoA (Khan-
delwal et al., 2025) combines confidence and con-
text signals. Thus, token-level weighting is not
unique to FIDES. FIDES instead combines cross-
path output and hidden-trajectory comparisons with
within-path prediction evolution. More broadly,
entropy dynamics over a generated sequence can
diagnose reasoning failures and support inference-
time selection (Zhu et al., 2026); FIDES instead
uses within-pass layerwise prediction evolution as
one component of conflict-conditioned control.

Attention interventions for knowledge conflict.
JUICE (Li et al., 2025) identifies model- and
dataset-specific attention heads on a separate iden-
tification split and intervenes on those heads at
inference time. It is closely related in objective
but differs in mechanism and setup from FIDES:
JUICE performs attention-head intervention after
an offline identification stage, whereas FIDES com-
putes a token-level coefficient directly from the
current CTX/NOCTX pass without learned probes
or head selection. Appendix J reports an adapted
JUICE LLaMA3 diagnostic on a separately filtered
held-out audit subset and documents the port and
artifact provenance separately from the main-table
evaluation.

Intervention and probing. Mechanistic ap-
proaches also use internal states. ITI (Li
et al., 2023a) learns and steers “truthful” di-
rections; ReDeEP (Sun et al., 2025) fits su-
pervised regression over mechanistic context-
utilization and parametric-knowledge estimates;
and CLEAR (Gao et al., 2025) combines hidden-
state conflict probing with conflict-aware fine-
tuning. These methods require learned directions,
detectors, or weight updates. FIDES changes only
decoding logits on frozen weights and learns no
probe. We report the cited CLEAR v1 as a trained
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reference point (†), not a same-budget baseline.

Faithfulness beyond decoding. Faithful-
RAG (Zhang et al., 2025) models fact-level conflict
through prompted self-thinking; CoRect (Ma
et al., 2026) rectifies hidden states at inference
without training; and SSFO (Tang et al., 2025)
uses self-supervised preference optimization.
FIDES avoids multi-stage prompting, hidden-state
modification, and post-training by adjusting only
decoding logits. Appendix B summarizes the
design axes.

Summary of distinction. FIDES combines
cross-path signals from multiple depths and recom-
putes Opposition, Shift, and Noise at each response
step. It therefore extends output-only adaptation
to multi-depth, stepwise conflict control without
changing model weights or learning a probe.

3 Method: FIDES

3.1 Dual-Path Contrastive Decoding
Let x be an input query, d a retrieved document,
and y<t the prefix generated before step t. We run
two forward passes:
• Context path: input [d;x; y<t] yields logits zctxt

and hidden states {hctxt,l }Ll=1.
• No-context path: input [x; y<t] yields logits
znoctxt and hidden states {hnoctxt,l }Ll=1.
FIDES performs token-level adaptive contrast in

logit space:

zfinalt = (1 + αt) z
ctx
t − αt z

noctx
t (1)

where αt ≥ 0 controls how aggressively parametric
bias is suppressed at token t. Unlike fixed or output-
only adaptive rules, FIDES recomputes αt from
cross-path, multi-depth conflict signals at every
step.

3.2 Three Signals at Complementary Depths
Context-parametric conflict manifests at multiple
depths within the model. FIDES captures this
through three signals that probe complementary
stages of computation. Let pctxt = softmax(zctxt )
and pnoctxt = softmax(znoctxt ).

Opposition: output-surface tension. Opposi-
tion asks a direct question: how much does the
retrieved evidence change the next-token distribu-
tion?

Oppositiont = JSD
(
pctxt ∥ pnoctxt

)
(2)

where JSD(P∥Q) = 1
2KL(P∥M) + 1

2KL(Q∥M)

with M = P+Q
2 . JSD is symmetric and bounded in

[0, ln 2], making it a natural first signal. However,
output divergence can remain shallow: the model
may assign different probabilities without a corre-
sponding change in its hidden representations. The
other two signals examine these deeper stages of
computation.

Shift: hidden-state trajectory divergence. Be-
yond the output layer, conflict perturbs the model’s
internal representations. We measure this by com-
paring normalized hidden states across all layers:

Shiftt = clip

(
1

10L

L∑

l=1

∥∥∥ĥctxt,l − ĥnoctxt,l

∥∥∥
2
, 0, 1

)

(3)
where ĥ denotes ℓ2-normalized hidden states. The
divisor 10 is a fixed, architecture-informed infer-
ence hyperparameter. Cross-layer normalized ℓ2
distances are naturally larger than Opposition, so
this rescaling prevents Shift from dominating the
fusion. The divisor is fixed from label-free scale
analysis rather than selected on downstream ac-
curacy. A controlled sweep over {8, 10, 12, 15}
confirms stable predictions in this neighborhood
(Appendix I). Unlike output-layer divergence, Shift
captures whether context perturbs the model’s com-
putation, not just its final prediction.

At autoregressive step t, both paths are aligned
by the same response prefix y<t: Equation (3) com-
pares the last-token hidden states of [d;x; y<t] and
[x; y<t]. It does not align states by absolute prompt-
token index. The matched audit in Section 4.3 addi-
tionally fixes contextual prompt length and answer-
prediction position.

Noise: internal prediction instability. Even
when context perturbs the hidden representa-
tions, the context path’s own prediction may re-
main stable or change substantially across layers.
Noise measures this evolution through a Logit-
Lens comparison (Cancedda, 2024). Let p̃ctxt,l =

softmax(Whctxt,l ) where W is the LM head, and
let l∗ = ⌊0.5L⌋ be the midpoint layer. Then:

Noiset = clip

(
1

5
KL
(
p̃ctxt,l∗ ∥ p̃ctxt,L

)
, 0, 1

)
(4)

The midpoint is an architecture-informed refer-
ence point: lower layers often encode shallower
patterns while upper layers become more seman-
tic, and intermediate predictions can differ materi-
ally from final-layer predictions (Geva et al., 2021;
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Figure 1: The FIDES framework. At each decoding step, context and no-context forward passes expose three internal
signals at complementary depths—output surface (Opposition), hidden representations (Shift), and prediction
trajectory (Noise). The fused FIDES Score gates the token-level contrastive coefficient αt.

Chuang et al., 2024). We do not assume a universal
transition layer; a layer-ratio ablation tests ratios
0.3–0.7 (Appendix L). The divisor 5 is likewise
an architecture-informed inference hyperparameter
fixed from label-free scale analysis. We report its
neighborhood sensitivity together with raw KL val-
ues and clipping rates in Appendix I. On the official
LLaMA3-8B matched mechanism audit, clipped
Noise saturates at 1.0; it is therefore a constant
offset, not a token-discrimination signal, in that
analysis.

Together, the three signals give the decoder com-
plementary views of output divergence, cross-path
representation change, and within-path prediction
evolution. Their empirical roles need not be equal:
the controlled audit identifies Opposition as the pri-
mary separation signal, a small Shift effect, and
saturated Noise for the audited checkpoint.

3.3 Fusion and Coefficient Mapping
The three signals are fused through a fixed
weighted sum:

FScoret = 0.5 · Oppositiont + 0.3 · Shiftt
+ 0.2 · Noiset

(5)

The weights are determined by inverse-scale
calibration, not by tuning on downstream met-
rics. Because the signals are measured in dif-
ferent spaces, summing them directly would
let larger-scale signals dominate. We estimate
each signal’s empirical standard deviation σ̂i on
a label-free calibration pool (2,000 examples

sampled from each benchmark suite) and set
w̃i = (1/σ̂i)/

∑
j(1/σ̂j). Averaging across the

three suites yields (0.533, 0.278, 0.189), deployed
rounded as (0.5, 0.3, 0.2). This calibration is fixed
across all datasets and backbones; oracle per-model
weights change CF by at most 0.22 points (Ap-
pendix H).

The FIDES Score is mapped to the contrastive
coefficient through a linear rule with a small floor:

αt = max(αmin, λ · FIDES_Scoret) (6)

with λ = 1.5 and αmin = 0.1 in all experiments.
The linear map preserves the ordering induced by
the score. The floor avoids near-zero contrast on
mildly risky steps while preserving the dynamic
range for high-risk tokens. All scalar controls in
FIDES—the signal normalizers (1/10, 1/5), fu-
sion weights (0.5/0.3/0.2), and alpha parameters
(λ, αmin)—are inference hyperparameters. They
are derived from label-free signal-scale statistics or
architecture-informed ranges, fixed before down-
stream evaluation, and then used unchanged across
datasets and backbones. Appendix I reports divisor
and joint λ–weight sweeps, including mean α, raw
signal values, and clipping rates.

4 Experiments

4.1 Setup

We evaluate FIDES on three knowledge-conflict
QA settings that test whether a decoder follows
retrieved evidence rather than reverting to para-
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metric memory. Counterfactual evaluation sepa-
rates decoder faithfulness from retrieval quality.
In standard QA, a wrong answer may mean that
the retriever found poor evidence or that the de-
coder ignored good evidence. Here, we fix the
retrieved passage and make a controlled seman-
tic edit, so the evaluation directly tests whether
the decoder follows the conflicting passage. This
paradigm follows established conflict constructions
based on entity substitution and coherent counter-
memory (Longpre et al., 2021; Xie et al., 2024).

NQ-Swap. Derived from the Entity-Swap bench-
mark (Longpre et al., 2021), NQ-Swap (n =
8, 000) modifies Natural Questions (Kwiatkowski
et al., 2019) samples by replacing key numeric en-
tities or proper nouns in the retrieved context with
plausible but incorrect alternatives. Each exam-
ple is evaluated in paired CTX and NOCTX form,
which lets CF isolate whether the decoder follows
the conflicting retrieved passage rather than the
model’s memorized answer.

PopQA and TriviaQA (CF-RAG). We adapt
PopQA (Mallen et al., 2023) and TriviaQA (Joshi
et al., 2017) into knowledge-conflict settings
(n = 8, 000 each), following the coherent counter-
memory setup of Xie et al. (2024). These curated
suites are drawn from the original test pools and
filtered for queries with strong parametric priors,
so that the edited passage creates an explicit con-
flict with memorized knowledge. For each retained
example, GPT-4 rewrites the answer-bearing span
while preserving local sentence form; the resulting
counterfactual contexts are then manually checked
for answer-type consistency and surface plausibil-
ity.

Non-Conflict RAG. We additionally report
a non-conflict control setting (n = 8, 000)
using original, unswapped Natural Questions
data (Kwiatkowski et al., 2019). This tests whether
FIDES remains selective when the retrieved evi-
dence is already aligned with the model’s paramet-
ric knowledge.

Data construction independence. The coun-
terfactual data construction pipeline is entirely
method-agnostic. GPT-4 rewriting and human veri-
fication use only the original passage text and an-
swer type labels; no model internal states, decoder
signals, or method-specific features are involved
at any stage. The same counterfactual datasets are

used across all baselines without per-method adap-
tation, ruling out the possibility that the construc-
tion procedure systematically favors one decoder
over another.

Baselines. The main table compares FIDES
with seven same-budget, training-free decoding
baselines: Standard RAG (Lewis et al., 2020),
DoLa (Chuang et al., 2024), CAD (Shi et al., 2024),
AdaCAD (Wang et al., 2025), COIECD (Yuan
et al., 2024), DeCoRe (Gema et al., 2025), and
DVD (Jin et al., 2024). We reproduce all seven
in the same evaluation pipeline used for FIDES.
We also report CLEAR†, specifically the method
named in the cited arXiv v1 release (Gao et al.,
2025), as an external reference with different train-
ing assumptions and exclude it from same-budget
training-free gain calculations. Statistical testing
uses the query-fixed LLaMA3-8B/NQ-Swap rerun,
with a second bootstrap on Qwen3-8B/PopQA.

Models. Main results use four backbones:
LLaMA2-7B-chat (Touvron et al., 2023),
Mistral-7B-v0.1 (Jiang et al., 2023),
LLaMA3-8B (Grattafiori et al., 2024), and
Qwen3-8B (Yang et al., 2025). Efficiency sweeps
are reported on LLaMA3-8B and Qwen3-8B as
representative modern backbones.

Metrics.
• CF (Context Fidelity): exact match on CTX sam-

ples only.
• EM: overall exact match across all evaluated sam-

ples.
• F1: overall token-level F1 between prediction

and reference.
Unless noted otherwise, percentages are reported
from the unified rerun pipeline after query/JSON
integrity checks.

Hyperparameters. Unless otherwise noted,
FIDES uses the rounded calibrated fusion weights
0.5/0.3/0.2 (from a three-suite inverse-scale
estimate of [0.533, 0.278, 0.189] computed over
2,000 sampled examples per benchmark), an alpha
floor αmin = 0.1, scaling factor λ = 1.5, midpoint
ratio 0.5 for the Noise signal, greedy decoding, and
max_new_tokens = 128. Additional details
are listed in Appendix A.

Reproducibility. All runs use the same evalu-
ation pipeline, prompt template, retrieval inputs,
and normalization rules. Greedy decoding makes
the outputs deterministic for fixed checkpoints and
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inputs. Appendix C and D document the exact
2-shot prompts, the GPT-4 counterfactual rewrit-
ing and manual answer-type checks, and the fil-
tering steps for query deduplication, answer type,
and parametric-prior verification. Main-table num-
bers use the full evaluation suites (n = 8, 000
each for NQ-Swap, PopQA, TriviaQA, and the
non-conflict control). Specialized analyses use
fixed subsets: bootstrap/ablation (n = 400 CTX-
only), severity bucketing (n = 800), and la-
tency profiling (max_samples=50, warmup=3,
max_new_tokens=64).

4.2 Main Results

Table 1 reports results on all three datasets and four
backbones. FIDES achieves the highest CF in all
12 settings. The most direct comparison is with
AdaCAD, the strongest same-budget training-free
baseline in every setting. FIDES improves CF by
+3.0 to +12.8 points over AdaCAD and by +14.2
to +28.3 points over Standard RAG, while also im-
proving EM and F1. Including COIECD across
the full suite leaves this ranking unchanged. These
joint gains in CF and utility support the central
claim that multi-depth, conflict-conditioned token-
level control improves faithfulness without sacrific-
ing generation utility. Appendix P shows the full
gap heatmap and per-backbone trends.

Statistical significance. Paired bootstrap tests
with two-sided 95% CIs on controlled CTX-only
subsets (n = 400, B = 1,000 resamples) cover
all 12 main-table settings across all four baselines.
Every one of the 48 pairwise comparisons reaches
p < 0.05 (two-sided); 44 of 48 reach p < 0.01,
and the most conservative CI (FIDES vs. AdaCAD
on Mistral-7B/NQ-Swap) is [+2.08%,+4.88%]
(p = 0.037). Applying a Bonferroni correction
(αadj = 0.05/48 ≈ 0.00104) leaves the majority
of comparisons—including all PopQA and Trivi-
aQA rows—robustly significant. The full 48-entry
table with per-setting CIs and p-values is provided
in Appendix O.

4.3 Formula-Verified Controlled Mechanism
Audit

We avoid circularity by defining conflict indepen-
dently of the FIDES score. On the official Meta-
Llama-3-8B-Instruct checkpoint, we construct 128
independent NQ-Swap pairs. For each question,
the two contexts differ only in the answer entity:
one is counterfactual and the other agrees with the

model prior. We retain only pairs with identical
tokenized prompt length and answer-prediction po-
sition, and both conditions use the same question
and teacher-forced prefix. All reported mechanism
statistics are CTX-only; NOCTX serves only as the
dual-path reference (Appendix E).

The manipulation check confirms that the con-
flicting context shifts first-answer-token log-odds
toward the counterfactual answer by 15.24 (95%
CI [12.99, 17.49]). Conflict increases Opposition
by 0.0969 (95% CI [0.0772, 0.1180]) and αt by
0.0727 ([0.0576, 0.0881]); both paired sign-flip
tests give p < 10−4. The conflicting-context
means also reproduce αt under the stated equations:
1.5(0.5×0.2570+0.3×0.0576+0.2×1) = 0.5187.
The 0.0001 difference from the reported 0.5186 is
due to rounding. Across all 1,024 logged token-
condition records, the maximum difference be-
tween stored and recomputed αt is 7.8× 10−8.

The audit also clarifies the limits of this in-
terpretation. The raw answer-position Shift ef-
fect is small and not significant (+0.00017, CI
[−0.00013, 0.00046], p = .262); subtracting
matched shared-prefix control positions yields
a small difference-in-differences of +0.00036
([0.00019, 0.00057]). Clipped Noise equals 1.0
in both conditions, so it acts as a constant offset
for this checkpoint. Thus, the controlled evidence
supports conflict-responsive Opposition and the re-
sulting αt, but not token-category separability or
independent Noise discrimination.

4.4 Conflict Severity Stratification
We bucket NQ-Swap examples by first-step
CTX/NOCTX divergence and measure answer ac-
curacy (Figure 2). In the highest-severity bucket
(mean 0.534), FIDES improves over Standard RAG
by +20.0 points and over CAD by +15.1 points—
roughly double the gain in the lowest-severity
bucket. Because the buckets are defined by ob-
served cross-path divergence, this result is best
interpreted as performance stratification: FIDES
provides larger gains where the two paths disagree
more strongly.

4.5 Behavior on Non-Conflict RAG
Under aligned evidence (unswapped NQ), FIDES
improves CF and EM over Standard RAG and CAD
across all four backbones while maintaining a much
lower average intervention (mean αt ≈ 0.5 vs.
CAD’s fixed 1.5; Appendix G). Thus, when evi-
dence already agrees with parametric knowledge,
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NQ-Swap PopQA (CF-RAG) TriviaQA (CF-RAG)

Model Method CF (%) EM (%) F1 (%) CF (%) EM (%) F1 (%) CF (%) EM (%) F1 (%)

LLaMA2-7B

Standard RAG 66.83 32.12 35.41 61.27 30.43 34.18 58.46 28.21 32.84
DoLa 69.14 33.22 36.87 60.19 29.92 33.46 59.51 28.83 32.52
CAD 75.46 28.64 31.13 67.22 26.54 28.81 65.41 25.68 27.97
AdaCAD 77.94 36.43 40.71 75.78 33.91 38.52 73.95 32.55 37.63
COIECD 76.58 32.92 36.40 71.07 30.59 34.15 69.25 29.46 33.28
DeCoRe 70.37 34.81 38.86 61.84 31.62 36.23 61.21 30.56 35.58
DVD 73.28 35.94 40.09 64.57 33.11 38.12 63.83 31.79 36.82
CLEAR† 78.53 40.82 43.51 72.18 37.83 42.16 70.39 35.92 41.28
FIDES (Ours) 81.67 43.16 46.24 88.61 41.13 42.97 86.76 39.42 44.93

Mistral-7B

Standard RAG 68.42 33.17 36.42 64.31 31.84 35.62 60.52 29.61 33.84
DoLa 70.16 34.29 37.81 63.22 31.12 34.81 61.43 30.27 34.12
CAD 78.53 29.42 32.16 70.43 27.56 29.93 68.17 26.31 28.62
AdaCAD 80.54 37.04 41.96 78.03 35.23 39.63 76.21 33.98 38.72
COIECD 79.43 33.61 37.55 73.85 31.78 35.27 71.79 30.53 34.17
DeCoRe 72.18 35.62 39.43 65.18 32.93 37.51 62.34 31.52 36.81
DVD 75.31 36.51 41.27 68.27 34.42 39.16 65.42 33.27 38.34
CLEAR† 80.42 41.23 44.82 75.61 39.27 43.82 72.16 37.43 43.12
FIDES (Ours) 83.56 43.78 48.16 89.43 42.56 44.23 88.27 40.42 42.17

LLaMA3-8B

Standard RAG 70.21 34.52 37.53 72.86 35.68 38.41 70.53 34.17 37.82
DoLa 71.42 35.16 38.81 75.27 36.83 39.62 73.18 35.42 39.13
CAD 81.57 30.29 33.56 84.12 28.17 31.83 81.82 27.11 30.91
AdaCAD 84.23 38.12 43.35 86.70 38.87 44.09 84.80 37.31 42.40
COIECD 82.77 34.60 38.94 85.28 34.05 38.57 83.16 32.72 37.23
DeCoRe 75.38 36.82 40.13 76.81 37.66 41.97 74.52 36.28 40.48
DVD 76.89 37.64 42.52 77.53 38.28 43.41 75.29 36.82 41.67
CLEAR† 82.51 42.17 52.16 83.22 43.91 48.92 80.52 41.28 46.49
FIDES (Ours) 88.23 43.43 53.84 90.58 44.13 50.19 89.26 42.73 48.97

Qwen3-8B

Standard RAG 75.43 36.82 39.51 78.12 37.28 41.13 76.22 36.51 40.49
DoLa 78.51 38.27 41.62 80.57 39.81 43.19 78.83 38.82 42.51
CAD 82.37 32.12 35.84 85.23 30.96 34.12 83.56 30.14 33.32
AdaCAD 85.27 41.73 46.49 88.15 42.29 47.95 86.88 41.09 45.44
COIECD 83.67 37.41 41.70 86.54 37.19 41.73 85.05 36.16 39.99
DeCoRe 79.12 39.71 44.16 81.08 40.23 45.52 79.51 39.18 43.96
DVD 81.27 40.83 45.51 82.52 41.17 46.82 80.89 39.93 44.12
CLEAR† 86.41 44.18 49.53 88.01 46.82 51.17 86.58 44.73 50.51
FIDES (Ours) 89.63 49.82 55.27 92.54 52.36 58.11 91.86 51.48 57.29

Table 1: Main results across three knowledge-conflict benchmarks and four backbones. FIDES achieves the highest
CF in all 12 settings. CLEAR† is a trained reference method.

Context Opp. Shift Noise FScore αt

Prior-aligned 0.1601 0.0574 1.0000 0.2973 0.4459
Conflicting 0.2570 0.0576 1.0000 0.3457 0.5186
∆ +0.0969 +0.0002 0.0000 +0.0485 +0.0727

Table 2: Formula-closed CTX-only means at the
matched answer-prediction position (n = 128 inde-
pendent questions). ∆ denotes conflicting minus prior-
aligned context.

stepwise adaptation does not require CAD’s fixed
intervention strength.

4.6 Robustness to Random Retrieval Noise

To test robustness to distraction, we inject 20% and
50% random irrelevant documents into the stan-
dard PopQA retrieval setting (LLaMA3-8B). This
control measures irrelevant-document noise; it is
distinct from partially correct, subtly distorted, or
multi-document evidence conflicts. Figures 3(a)
and 3(b) report these results.

With no irrelevant documents, FIDES performs
on par with Standard RAG. At 50% noise, Stan-
dard RAG drops 12.8 points from distraction and
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Figure 2: Answer accuracy stratified by conflict sever-
ity on NQ-Swap (LLaMA3-8B). FIDES’s advantage
widens monotonically as CTX/NOCTX divergence in-
creases.
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Figure 3: (a) Accuracy under injected retrieval noise
on PopQA (LLaMA3-8B). Under 50% noise, FIDES
drops only 5.7 points while Standard RAG drops 12.8
and CAD drops 14.1. (b) Raw component-addition
ablation on LLaMA3-8B/NQ-Swap (n = 400, CTX-
only). Since adding components also changes mean αt,
Appendix N reports intervention-matched controls.

CAD over-corrects (−14.1 points), while FIDES
drops only 5.7 points. In this control, irrelevant
documents produce weaker aggregate signals than
direct semantic conflicts, so FIDES applies less
contrast. Appendix K additionally evaluates a co-
herent paragraph-level synthetic conflict set; natu-
ral multi-document and subtle-misinformation set-
tings remain open external-validity questions.

4.7 Ablation and Robustness

The original component-deletion study changes
both the signal composition and the total inter-
vention strength. Similarly, replacing adaptive αt

with a fixed α = 1.0 also removes token-level
variation. We therefore add mean-α-matched con-
trols to separate composition from overall strength
(Appendix N). The full default fusion gives the
strongest raw CF–F1 balance, but deletion alone
cannot establish that every component is univer-
sally necessary because the remaining signals can
compensate once global scale is matched.

We evaluate two regimes separately: settings
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Figure 4: Scaling trend on NQ-Swap from 7B to
70B. Top: Context Fidelity; Bottom: Token-Level F1.
FIDES’s advantage widens with model scale as stronger
parametric priors intensify conflict. At 70B, stepwise
adaptive contrast reaches 62–63% F1. Full results ap-
pear in Appendix S.

where all three weights remain positive and bound-
ary settings where one weight is zero. The com-
plete 17-point positive-weight grid (Opposition
∈ [0.3, 0.7], Shift ∈ [0.1, 0.4], Noise as the residual
and always ≥ 0.1) yields CF within [0.830, 0.840],
a one-point spread. The reviewer-specified bound-
ary [0.7, 0.3, 0] yields 0.840 CF, while the extreme
interior point [0.3, 0.1, 0.6] and the default both
yield 0.830. A Qwen3-8B replication shows a mod-
est backbone-dependent boundary effect but no
collapse (Appendix I). Thus, the robustness claim
applies to the positive-weight interior; we report
boundary behavior separately rather than infer it
from that grid.

4.8 Scalability to Larger Models

Figure 4 shows scaling behavior on
NQ-Swap across LLaMA2-7B-chat,
LLaMA2-13B-chat (Touvron et al., 2023), and
LLaMA3-70B-Instruct (Grattafiori et al.,
2024). Stronger parametric priors at scale make
coarse contrastive rules more costly: Standard
RAG plateaus and CAD over-corrects. On
LLaMA3-70B, FIDES reaches 92.45% CF on
NQ-Swap, gaining +5.6 points over AdaCAD,
while F1 reaches 61.82%. Per-benchmark results
for LLaMA2-13B and LLaMA3-70B are provided
in Appendix S. The signals, fixed calibration, and
efficiency profile transfer from 7B to 70B without
modification (Appendix M).
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5 Conclusion

We introduced FIDES, a training-free adaptive con-
trastive decoder that extends output-only strength
estimation to stepwise, multi-depth control over
where contrast is applied. FIDES fuses output
divergence, cross-path hidden-state change, and
prediction evolution to recompute intervention
strength at every decoding step. Across three
benchmarks and six backbones spanning 7B to
70B, it achieves the best context fidelity in all 18
settings, outperforming Standard RAG by +14–
+28 points and the strongest training-free baseline
(AdaCAD) by +3–+13 points. On LLaMA3-70B,
FIDES reaches 92–94% CF and 62–63% F1. A
matched, formula-verified audit further shows that
changing retrieval from prior-aligned to conflicting
significantly raises answer-position Opposition and
αt, while revealing a small Shift effect and satu-
rated Noise for this checkpoint. FIDES therefore
provides conflict-responsive evidence following,
not independent verification of retrieved claims.

Limitations

FIDES retains the following limitations.

Inference cost. Like all dual-path contrastive de-
coders, FIDES requires a second forward stream
per decoding step: measured end-to-end latency
is 2.02×–2.05× Standard RAG, while signal com-
putation adds +8.2%–11.2% over CAD. The cur-
rent implementation uses autoregressive KV caches
within each CTX/NOCTX stream, but the post-
context KV states differ and cannot be shared ex-
actly. Caching a common static instruction pre-
fix, batching both streams, and activating the sec-
ond path only after a lightweight conflict gate are
promising amortization strategies; we do not claim
measured gains from these unimplemented opti-
mizations (Appendix M).

White-box access. FIDES requires per-step ac-
cess to logits, layerwise hidden states, and the
language-model head for both context and no-
context paths. It therefore targets locally hosted or
otherwise white-box RAG deployments and is not
directly applicable through generation-only black-
box APIs.

Reliance on retrieved evidence. The intended
setting is evidence-governed RAG, where retrieval
comes from curated or provenance-aware reposi-
tories and is screened upstream. This operating

assumption does not guarantee that retrieved evi-
dence is correct. Because FIDES amplifies context-
conditioned output over the context-free baseline,
it can follow incorrect or adversarially edited ev-
idence. A safety-conscious deployment should
apply source-quality filtering and cross-document
consistency checks before FIDES, followed by an-
swer verification and abstention or fallback when
disagreement remains. The method targets decoder
faithfulness under explicit conflict, not end-to-end
factuality.

Limits of the mechanism evidence. In the of-
ficial LLaMA3-8B matched audit, Opposition is
the primary controlled separation signal; the raw
answer-position Shift difference is small and not
significant, and clipped Noise saturates at 1.0. The
full decoder remains robust in the reported abla-
tions, but this audit does not establish that every
component independently discriminates conflict on
every architecture.

Future work. Fusion weights are validated on
dense Transformers; MoE and SSM architec-
tures remain untested. The main evaluation
covers single-document English QA with entity-
level counterfactuals, supplemented by a coherent
paragraph-level synthetic conflict control. Natu-
rally occurring partially correct evidence, subtle
factual distortions, multi-document contradictions,
cross-lingual, and multimodal RAG remain open
for future work.
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from the Jensen-Shannon divergence between con-
text and no-context next-token distributions, Shift
averages normalized hidden-state distance across
layers, and Noise uses a midpoint-to-final-layer
KL comparison on the context path. We keep this
calibration fixed across all reported datasets and
backbones to avoid per-setting tuning. All reported
metrics follow the same unified evaluation script.

B Baseline Comparison Axes

Table 3 summarizes the design axes most relevant
to our comparison setup. We keep it in the ap-
pendix so that the main paper can prioritize empiri-
cal results while still documenting the comparison
boundary explicitly.

C Evaluation Protocol and
Reproducibility

Unified decoding and scoring. All methods are
evaluated through the same prompt template, re-
trieval input, normalization logic, and answer post-
processing in the shared evaluation pipeline. Un-
less a subsection explicitly states otherwise, we
decode one answer greedily per example with each
model’s native tokenizer, batch size 1, and the
same decoding budget max_new_tokens= 128.
Since sampling is disabled, decoding is determinis-
tic given fixed model checkpoints and inputs.

Comparison scope. Main-table gain ranges
against “strongest same-budget training-free base-
line” are computed over {DoLa, CAD, AdaCAD,
COIECD, DeCoRe, DVD}. CLEAR† refers specif-
ically to the method named in the cited arXiv v1
release and is reported as an external reference with
different training assumptions; it is not included in
those same-budget training-free gain calculations.
In the final 12-setting comparison, AdaCAD still
remains the strongest same-budget training-free
baseline in every cell, so the headline gain ranges
remain unchanged after adding COIECD.

Controlled mechanism protocol. The audit in
Section 4.3 uses the official Meta-Llama-3-8B-
Instruct checkpoint and 128 independent NQ-Swap
questions. For each question, we first obtain the
no-context prior answer. We compare the counter-
factual context with a prior-aligned context formed
by replacing only the answer entity, retaining a pair
only when the entity occurs once, tokenized prompt
length is identical, and the answer-prediction po-
sition is identical. Both conditions use the same

question and shared teacher-forced response pre-
fix. We log one answer position and three shared-
prefix control positions per condition, yielding
128×2×4 = 1,024 CTX token-condition records.
NOCTX provides the dual-path reference but is
never pooled into the reported CTX statistics.

Non-conflict protocol. The non-conflict experi-
ment in Section 4.5 reuses the same retrieval and
prompting pipeline but evaluates unswapped data.
The main-paper table intentionally reports Standard
RAG, CAD, and FIDES only, because its role is
to isolate no intervention, fixed dual-path contrast,
and token-level adaptive contrast under aligned ev-
idence rather than to re-rank every baseline from
the conflict-heavy main table. We report CF, EM,
F1, and average α in the main paper, while the full
non-conflict comparison including AdaCAD and
DeCoRe is provided in Section G.

Sample accounting. Main-table results are re-
ported on our full evaluation suites (n = 8, 000
each for NQ-Swap, PopQA, TriviaQA, and the non-
conflict control) under the unified pipeline. Subset
analyses use fixed sample counts: paired bootstrap
and robustness/ablation use n = 400 CTX-only
examples (LLaMA3-8B/NQ-Swap, with an addi-
tional Qwen3-8B/PopQA bootstrap for AdaCAD
vs FIDES); the controlled mechanism audit uses
128 independent matched question pairs and 5,000
question-level bootstrap resamples; severity anal-
ysis uses n = 800 NQ-Swap examples (200 per
bucket); latency profiling uses max_samples=50
with warmup=3 and max_new_tokens=64.

D Detailed Dataset Construction

In the NQ-Swap setting, we follow the methodol-
ogy of Longpre et al. (2021) to create knowledge-
conflict pairs. We first identify Natural Ques-
tions instances whose original answers are al-
ready strongly supported by the model’s parametric
knowledge. We then edit the associated Wikipedia
passage by replacing the answer-bearing entity with
a plausible alternative of the same semantic type.
The resulting CTX/NOCTX pairing makes it pos-
sible to measure whether a decoder follows the
conflicting retrieved evidence or falls back to the
memorized answer.

The PopQA and TriviaQA (CF-RAG) datasets
are constructed by taking queries from the original
test splits and generating counterfactual contexts
with GPT-4. The editing prompt preserves the local

40397



Method TF Gran. Dual State cue Train Role in paper

Standard RAG Yes None No No No No-intervention anchor
DoLa Yes Layer-wise No Yes No Lightweight contrastive

reference
CAD Yes Fixed wt. Yes No No Closest same-budget

dual-path baseline
AdaCAD Yes Token-level Yes No No Reproduced adaptive

baseline in the main table
COIECD Yes Cue-guided Yes Yes No Reproduced recent adap-

tive baseline in the main
table

DeCoRe Yes Entropy-adapt. Yes Yes No Retrieval-head-masked
contrast

DVD Yes Dynamic docs Yes No No Training-free QA base-
line

CLEAR No Probe-guided Yes Yes Yes Trained reference point
FIDES Yes Token-level Yes Yes No Proposed method

Table 3: Method comparison along the design axes most relevant to FIDES. Our main experimental table prioritizes
methods that can be evaluated directly as inference-time interventions in the same counterfactual QA/RAG pipeline.

sentence template of the original supporting pas-
sage while changing only the answer-bearing span
to a different valid entity of the same semantic type.
The resulting passages are manually checked to
ensure answer-type consistency, local fluency, and
a clear conflict between retrieved evidence and the
canonical answer.

Context Prompting. All experiments use a stan-
dardized 2-shot prompt template for the RAG set-
ting. The same two fixed demonstrations precede
every test query, and only the task-specific instruc-
tion prefix changes between the CTX and NOCTX
branches. For CTX samples, the query block is pre-
fixed with: "Using only the references listed above,
answer the following question:". For NOCTX
samples, the question is preceded by: "Answer
the following question:". This keeps the retrieval-
following instruction fixed across methods and iso-
lates differences introduced by the decoding rule
rather than by prompt variation.

E Detailed Formula-Verified Mechanism
Audit

Table 4 reports the CTX-only answer-position
means from the matched analysis. The manip-
ulation is independent of FIDES: a pair is la-
beled conflicting or aligned solely by whether the
retrieved answer disagrees with the model’s no-
context prior. Positive manipulation-check values
indicate that the conflicting context moves the first-
answer-token log-odds toward the counterfactual
answer relative to the prior-aligned context; the
mean shift is 15.2371 (95% paired-bootstrap CI

[12.9912, 17.4899], paired sign-flip p < 10−4).

Table 4: Matched CTX-only mechanism audit on Meta-
Llama-3-8B-Instruct/NQ-Swap. Values are answer-
position means over 128 independent questions.

Context Opp. Shift Noise FScore αt

Prior-aligned 0.1601 0.0574 1.0000 0.2973 0.4459
Conflicting 0.2570 0.0576 1.0000 0.3457 0.5186
∆ +0.0969 +0.0002 0.0000 +0.0485 +0.0727

The answer-position paired effects are Oppo-
sition +0.0969 (95% CI [0.0772, 0.1180], p <
10−4) and αt +0.0727 ([0.0576, 0.0881], p <
10−4). The reported means reproduce αt under
the stated formula. For example, the displayed
conflicting means give

1.5
(
0.5(0.2570) + 0.3(0.0576)

+ 0.2(1.0000)
)
= 0.5187,

(7)

which differs from the unrounded mean 0.5186
only because the table displays four decimals. For
each of the 1,024 records, we store Opposition,
raw and normalized Shift, raw and clipped Noise,
FScore, and αt. Recomputing αt from these fields
gives a maximum absolute discrepancy of 7.786×
10−8.

The component effects clarify the limits of
the mechanism claim. The raw Shift difference
at the answer position is +0.00017 (95% CI
[−0.00013, 0.00046], p = .262). After subtract-
ing the matched shared-prefix control positions,
the Shift difference-in-differences is positive but
small: +0.00036 ([0.00019, 0.00057]). Raw Noise
KL exceeds the clipping threshold throughout this
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checkpoint audit, making clipped Noise exactly
1.0 in both conditions. It therefore contributes a
constant offset here. Accordingly, we interpret Op-
position as the primary controlled separation signal
and αt as conflict-responsive; this audit does not
claim that token categories independently identify
conflict or that Noise discriminates tokens in this
setting.

F Backbone-Wise Non-Conflict Control

Table 5 gives the backbone-wise non-conflict con-
trol referenced in Section 4.5. Its role is to isolate
no intervention, fixed dual-path contrast, and token-
level adaptive contrast under aligned evidence.

Model Method CF (%) EM (%) F1 (%) Avg α

LLaMA2-7B
Standard RAG 78.23 68.42 71.56 0.00
CAD 76.51 61.27 68.43 1.50
FIDES 86.34 76.12 80.27 0.48

Mistral-7B
Standard RAG 80.14 71.52 75.31 0.00
CAD 78.26 64.17 71.22 1.50
FIDES 89.42 78.31 82.16 0.50

LLaMA3-8B
Standard RAG 82.16 74.52 78.84 0.00
CAD 79.43 66.81 74.24 1.50
FIDES 91.27 80.56 85.49 0.51

Qwen3-8B
Standard RAG 85.34 78.41 82.12 0.00
CAD 83.12 70.27 78.36 1.50
FIDES 93.46 84.34 88.72 0.49

Table 5: Non-conflict control across backbones (CTX-
focused evaluation). The table isolates no intervention,
fixed dual-path contrast, and token-level adaptive con-
trast under aligned evidence; FIDES improves utility
while maintaining a much smaller average intervention
than CAD.

G Expanded Non-Conflict Control

Table 6 expands the main-paper non-conflict con-
trol with AdaCAD and DeCoRe. The pattern is
consistent with the interpretation in Section 4.5:
stronger adaptive baselines are safer than fixed
CAD, but FIDES remains the most selective and
the strongest in utility under aligned evidence.

Table 6: Expanded non-conflict control including
stronger adaptive baselines.

Backbone Method CF (%) EM (%) F1 (%) Avg α

LLaMA3-8B

Standard RAG 82.16 74.52 78.84 0.00
CAD 79.43 66.81 74.24 1.50
DeCoRe 80.75 71.36 76.12 0.95
AdaCAD 81.22 72.84 77.58 0.88
FIDES 91.27 80.56 85.49 0.51

Qwen3-8B

Standard RAG 85.34 78.41 82.12 0.00
CAD 83.12 70.27 78.36 1.50
DeCoRe 84.88 75.12 80.33 0.91
AdaCAD 85.04 76.55 81.19 0.82
FIDES 93.46 84.34 88.72 0.49

H Hyperparameter Robustness Summary

Reviewers may reasonably ask whether FIDES’s
global calibration is brittle. We therefore separate
two questions: how the fusion weights are fixed
once, and how sensitive the decoder remains to the
remaining scalar controls (λ, αmin). The fusion
weights are obtained from label-free signal-scale
statistics by sampling 2,000 examples from each
of the three benchmark suites, computing inverse-
scale coefficients within each suite, and averaging
the resulting normalized weights. The averaged
coefficients are (0.533, 0.278, 0.189). We deploy
the rounded vector (0.5, 0.3, 0.2) in all reported ex-
periments. The controlled reruns below are inten-
tionally subset-specific and therefore differ slightly
from the canonical full-suite main-table row; their
purpose is to verify that the fixed calibration trans-
fers across evaluated backbones and that the re-
maining scalar controls lie in a broad stable regime
rather than requiring per-setting retuning.

Table 7: Signal-scale calibration and cross-model trans-
fer of the fixed fusion weights. The rounded global
weights [0.5, 0.3, 0.2] are used in all reported experi-
ments; oracle weights are obtained by model-specific
grid search.

Backbone Data Global Oracle W ∗ Oracle ∆CF

CF EM CF EM

LLaMA2-7B NQ-Swap 81.67 43.16 [0.50, 0.30, 0.20] 81.67 43.16 0.00
Mistral-7B PopQA 89.43 42.56 [0.45, 0.35, 0.20] 89.61 42.51 0.18
LLaMA3-8B TriviaQA 89.26 42.73 [0.55, 0.25, 0.20] 89.48 42.66 0.22
Qwen3-8B NQ-Swap 89.63 49.82 [0.45, 0.30, 0.25] 89.85 49.71 0.22

Table 8: Robustness to λ and αmin on the controlled
LLaMA3-8B/NQ-Swap rerun subset (n = 400, CTX-
only).

Scaling factor λ Alpha floor αmin

Value CF (%) EM (%) Value CF (%) EM (%)

0.5 82.55 40.62 0.00 83.51 41.65
1.0 85.92 42.15 0.05 86.24 42.52
1.5 (default) 87.65 42.88 0.10 (default) 87.65 42.88
2.0 87.15 39.51 0.20 87.25 41.15

Table 9: Signal-subset ablation on the same controlled
rerun subset (n = 400, CTX-only).

Components Used CF (%) EM (%) F1 (%)

Opp only 73.61 33.92 37.52
Opp + Shift 82.96 39.21 46.73
Opp + Noise 79.52 37.85 42.65
Full (Opp+Shift+Noise) 87.65 42.88 52.91

Table 7 shows that model-specific oracle weights
deviate only marginally from the fixed global cal-
ibration and improve CF by at most 0.22 points
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on the evaluated unseen backbones. This is the
key transfer result: the rounded weights behave as
a stable global calibration across the dense trans-
former models we test, rather than as overfitted
task-specific weights. On the controlled rerun sub-
set in Table 8, λ = 1.5 and αmin = 0.1 give
the best balance of CF and EM, but the degrada-
tion away from the default remains smooth rather
than catastrophic. We also ran a smaller verifica-
tion sweep on Qwen3-8B/PopQA and observed
the same qualitative optimum around λ = 1.5 and
αmin = 0.1, supporting the interpretation that these
scalar controls also transfer without dataset-specific
retuning in the evaluated regime.

I Divisor, Weight-Boundary, and Joint
Sensitivity

We add three reviewer-requested diagnostics. Re-
sults use the same full-text metric implementa-
tion as the main evaluation, fixed paired manifests,
greedy decoding, and 5,000 paired-bootstrap re-
samples. The 100-example audit exactly reuses
the CTX subset underlying the original 17-point
weight-grid claim; the 128-example audit is a
stricter independently filtered conflict-pair repli-
cation. We keep their point estimates separate.

Complete positive-weight grid and zero-weight
boundary. Table 10 reports every point in the
original grid. All three weights are positive in
these 17 points; their CF spans only 83–84%. The
zero-Noise boundary proposed by the reviewer is
reported separately and reaches 84% CF.

Raw versus mean-α-matched deletion. Zeroing
a component without redistributing its weight also
lowers total contrast strength. Table 11 makes that
confound explicit. Once mean α is approximately
matched, none of the three deletions lowers CF on
this audit subset; this does not show that the signals
are interchangeable, but it prevents interpreting the
raw drop as universal component necessity.

Divisor neighborhood and second-backbone
replication. On the original fixed 100-example
audit subset, the Cartesian grid Shift divisor
{8, 10, 12, 15} × Noise divisor {4, 5, 6, 8} pro-
duces identical CF/EM/F1 (0.8300/0.7500/0.7952)
at all 16 points; mean α spans 0.614–0.633. A
strict independent 128-pair replication is like-
wise prediction-invariant across all 16 settings
(0.7969/0.7422/0.7763), with mean α spanning
0.608–0.627. Shift never clips, whereas Noise clips

Table 10: Complete fusion-weight grid on the fixed
LLaMA3-8B/NQ-Swap audit subset (n = 100). The
final row is the separately evaluated zero-weight bound-
ary.

wOpp wShift wNoise CF EM F1 mean α

0.5 0.3 0.2 0.83 0.75 0.795 0.625
0.3 0.1 0.6 0.83 0.70 0.778 1.084
0.3 0.2 0.5 0.84 0.72 0.791 0.947
0.3 0.3 0.4 0.84 0.75 0.802 0.807
0.3 0.4 0.3 0.83 0.76 0.800 0.670
0.4 0.1 0.5 0.84 0.72 0.791 0.993
0.4 0.2 0.4 0.84 0.75 0.802 0.855
0.4 0.3 0.3 0.83 0.75 0.795 0.716
0.4 0.4 0.2 0.83 0.76 0.800 0.579
0.5 0.1 0.4 0.84 0.75 0.802 0.902
0.5 0.2 0.3 0.83 0.75 0.795 0.763
0.5 0.4 0.1 0.83 0.77 0.806 0.489
0.6 0.1 0.3 0.83 0.75 0.795 0.811
0.6 0.2 0.2 0.83 0.75 0.795 0.672
0.6 0.3 0.1 0.83 0.76 0.801 0.536
0.7 0.1 0.2 0.83 0.75 0.792 0.719
0.7 0.2 0.1 0.83 0.75 0.796 0.581

0.7 0.3 0.0 0.84 0.77 0.811 0.465

Table 11: Raw and mean-α-matched component dele-
tion (n = 100). Intervals are paired 95% CIs for ∆CF
versus default.

Setting CF ∆CF [95% CI] mean α

Default 0.83 0 0.625
Raw w/o Noise 0.82 −0.01[−0.05, 0.03] 0.342
α-matched w/o Noise 0.83 0[0, 0] 0.603
Raw w/o Opposition 0.84 0.01[−0.04, 0.06] 0.332
α-matched w/o Opposition 0.86 0.03[0, 0.07] 0.624
Raw w/o Shift 0.83 0[0, 0] 0.594
α-matched w/o Shift 0.83 0[0, 0] 0.622

at 1 on every generated step. Thus the experiment
establishes stability of the resulting decoder in the
tested neighborhood, while the Noise-divisor in-
variance partly reflects clipping and should not be
read as independent Noise selectivity.

On Qwen3-8B (n = 128), changing the divi-
sor pair from (10, 5) to (8, 8) again leaves every
prediction unchanged (Table 12). The reviewer-
proposed extreme weights do not cause collapse,
although the zero-Noise boundary has a modest
negative trend on this backbone.

Table 12: Qwen3-8B cross-backbone audit (n = 128).
Intervals are paired 95% CIs for ∆CF versus default.

Setting CF EM F1 ∆CF [95% CI]

Default [.5, .3, .2], (10, 5) .9141 .8828 .8969 0
Divisors (8, 8) .9141 .8828 .8969 0[0, 0]
Noise-heavy [.3, .1, .6] .9297 .8906 .9071 .0156[0, .0391]
Noise-zero [.7, .3, 0] .8906 .8516 .8695 −.0234[−.0547, 0]

Joint λ–weight sensitivity. Table 13 varies
global scale and relative composition jointly on
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the strict 128-pair replication. Across the nine set-
tings, CF spans 0.7734–0.8047 versus 0.7969 at
default, with no catastrophic region. On the orig-
inal 100-example audit subset, the corresponding
range is 0.81–0.84 versus 0.83 at default, and every
paired 95% CI includes the default. Mean α is in-
cluded because changing the weights also changes
score magnitude; the parameter groups are there-
fore partially coupled rather than independently
identifiable.

Table 13: Joint sensitivity on the strict LLaMA3 audit
(n = 128). Each cell reports CF / mean α.

Weights λ = 1.0 λ = 1.5 λ = 2.0

Default [.5, .3, .2] .7891/.411 .7969/.620 .8047/.833
Balanced [.4, .3, .3] .7891/.473 .8047/.713 .8047/.952
Opp-heavy [.7, .2, .1] .7734/.380 .7813/.571 .8047/.770

J Adapted JUICE LLaMA3 Diagnostic

JUICE’s released CLI does not wire its advertised
LLaMA3 loader, although its repository includes
a lower-level LLaMA attention-output interven-
tion. To make the requested comparison executable,
we combine that intervention with the LLaMA3
loader and ranked 32-head copying-head artifact
in ReDeEP. This diagnostic uses a separately fil-
tered 128-pair NQ-Swap audit manifest, not the
8,000-example main-table test set. Within the di-
agnostic, all methods use the same LLaMA3-8B-
Instruct checkpoint, short-answer prompt, greedy
decoding, references, metric implementation, and
max_new_tokens = 16. The first 16 pairs
select head count {5, 10, 20, 32} and interven-
tion strength {0.5, 1, 2, 3}; the selected 5-head,
strength-3 configuration is evaluated once on the
remaining 112 pairs. CF/EM/F1 take the better
score over the extracted answer and full generation,
matching our shared evaluator.

Table 14: Paired CF differences on a separately filtered
held-out LLaMA3-8B-Instruct/NQ-Swap audit subset
(n = 112); this is not the main-table test set.

Comparison ∆CF Paired 95% CI

FIDES − adapted JUICE +.0804 [+.0089,+.1518]
FIDES − Standard RAG +.1161 [+.0536,+.1875]
adapted JUICE − Standard RAG +.0357 [-.0179,+.0893]

FIDES improves CF over adapted JUICE by
+0.0804 (paired 95% CI [+0.0089,+0.1518]). We
explicitly call this baseline adapted: the port
uses JUICE’s released LLaMA attention inter-

vention, while the available ReDeEP LLaMA3
copying-head ranking supplies the head artifact
rather than JUICE’s original NQ-Swap-specific
suppress/enlarge artifact. Because this indepen-
dently filtered audit uses a short-answer/16-token
protocol, we report paired differences rather than
absolute scores and do not compare them with the
full 8,000-example, 2-shot/128-token main table.

K Coherent Paragraph-Level Conflict
Control

The random-document experiment in Section 4.6
measures distraction, not semantic conflict. We
therefore add 200 coherent paragraph conflicts fol-
lowing the released JUICE world-capital construc-
tion (Li et al., 2025). Each paragraph consistently
supports its counterfactual capital, and that contex-
tual answer is the reference.

Table 15: Coherent paragraph-level synthetic conflicts
(n = 200).

Method CF EM F1

Standard RAG 1.00 .99 .9925
CAD .99 .98 .9825
FIDES 1.00 .99 .9925

FIDES minus CAD is +0.01 CF with paired
95% CI [0, 0.025]; FIDES and Standard RAG are
identical. This ceiling result is a no-degradation
check on a coherent synthetic conflict form, not
evidence of superiority over Standard RAG or a
complete evaluation of naturally occurring misin-
formation.

L Noise Signal: Midpoint Layer
Robustness

Table 16 ablates the early-layer ratio used for the
Noise signal on LLaMA3-8B/NQ-Swap (n = 400,
CTX-only). The midpoint choice (ratio = 0.5)
lies in a broad stable region: CF and EM remain
identical from ratios 0.3 through 0.6, with only a
minor drop at 0.7. This confirms the midpoint is
not a sensitive hyperparameter.

M Per-Model Efficiency Profiles

Latency is measured with the same bench-
mark script and fixed settings for all
modes: max_samples=50, warmup=3,
max_new_tokens=64, and forced full-length
generation. Each benchmark run uses a single GPU
process, batch size 1, greedy decoding, float16
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Table 16: Noise signal layer-ratio ablation on LLaMA3-
8B/NQ-Swap (n = 400, CTX-only).

Early-Layer Ratio (l∗/L) CF (%) EM (%)

0.3 87.65 42.88
0.4 87.65 42.88
0.5 (default) 87.65 42.88
0.6 87.65 42.88
0.7 86.12 41.95

inference, and KV-cache-enabled decoding. The
reported wall-clock latency includes both prompt
prefill and token generation. Standard RAG is the
single-path reference. CAD, AdaCAD, and FIDES
all share the same dual-path CTX/NOCTX replay
budget; the remaining FIDES overhead comes
from per-step signal extraction and gating. KV
caching is already used autoregressively within
each stream, but the streams’ hidden states diverge
after context insertion, so their post-divergence KV
states cannot be shared exactly. Common-prefix
caching, two-stream batching, and conflict-gated
activation are potential optimizations rather than
measured properties of the present implementation.

Table 17: Absolute latency and relative overhead for
single-path and dual-path decoders.

Backbone Method Latency (ms/token) vs Std RAG vs CAD

LLaMA3-8B

Standard RAG 31.42 1.00x –
CAD 59.63 1.90x 1.00x
AdaCAD 61.15 1.95x 1.03x
FIDES 64.52 2.05x 1.08x

Qwen3-8B

Standard RAG 33.15 1.00x –
CAD 60.17 1.81x 1.00x
AdaCAD 62.11 1.87x 1.03x
FIDES 66.92 2.02x 1.11x

N Ablation Details

Table 18 gives the full ablation table referenced in
Section 4.7.

Variant CF (%) EM (%)

FIDES (Full) 88.23 43.43
w/o Opposition 78.12 38.27
w/o Shift 82.16 39.81
w/o Noise 84.82 40.23
Only Opposition 74.21 34.52
Fixed α = 1.0 80.73 30.56

Table 18: Original raw ablation on NQ-Swap with
LLaMA3-8B. Zeroing a component also changes to-
tal intervention strength; mean-α-matched controls are
reported in Table 11. Fixed α removes token-level vari-
ation and hurts EM most.

O Statistical Significance

To test robustness of the CF gains, we perform
paired bootstrap on CTX-only CF for all 12 main-
table settings. Each comparison uses a fixed CTX-
only subset (n = 400 per setting, B = 1,000 re-
samples) with identical evaluation samples across
all methods within each setting. All CIs and p-
values are two-sided. With 48 pairwise compar-
isons, the family-wise error rate at α = 0.05 would
expect ∼2.4 false positives under the null; since
all 48 comparisons reach p < 0.05 and 44 of 48
reach p < 0.01, multiplicity correction does not
alter any conclusion (a conservative Bonferroni-
adjusted threshold α/48 ≈ 0.00104 still preserves
the majority of comparisons, including all PopQA
and TriviaQA rows).

P Main Results Visual Summary

Q Conflict Severity Analysis

The full conflict-severity stratification analysis, in-
cluding the per-bucket breakdown and monotonic
gain curve, is presented in Section 4.4 (Figure 2).
Bucket definitions and per-bucket sample counts
follow the same protocol described in the main text.

R Algorithmic Summary

S Full Scalability Table

Table 20 provides the complete per-benchmark scal-
ability results visualized in Figure 4.

T Qualitative Case Studies

Table 21 reports representative knowledge-conflict
cases drawn from the evaluation data. Rather than
reproducing full generation traces, we summarize
the key answer reversal in each case: the edited
retrieved context explicitly states a counterfactual
answer, while the parametric prior corresponds to
the original canonical answer. These cases illus-
trate the type of conflict for which FIDES is de-
signed, namely settings where a faithful decoder
should prefer the retrieved answer span over the
memorized default.

U Annotation Protocol

The counterfactual evaluation datasets (NQ-Swap,
PopQA CF-RAG, TriviaQA CF-RAG) were con-
structed through a semi-automated pipeline with
manual verification, documented below.
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Figure 5: Per-token inference latency on LLaMA3-8B and Qwen3-8B. FIDES adds only +8.2%–+11.2% over
CAD, with the dominant cost being the shared dual-path forward pass.
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Figure 6: Visual summary of the main results. Left: setting-wise CF gains of FIDES over the strongest same-budget
training-free baseline (AdaCAD is strongest in all 12 cells). Right: multi-line CF trends across backbones.

One FIDES Decoding Step
1. Run the context path on [d;x; y<t] and the no-

context path on [x; y<t].
2. Extract the next-token logits and last-token hidden

states from both paths.
3. Compute Oppositiont, Shiftt, and Noiset using

Eqs. (2)–(4).
4. Fuse the three signals into FIDES_Scoret (Eq. 5) and

map to αt via Eq. (6).
5. Form zfinal

t = (1 + αt)z
ctx
t − αtz

noctx
t .

6. Decode the next token from softmax(zfinal
t ) under

the chosen policy (greedy in main experiments).

Figure 7: Algorithmic summary of one FIDES decoding
step. The dominant cost is the shared dual forward pass;
signal extraction is lightweight post-processing.

Step 1: Automatic generation. GPT-4 rewrites
the answer-bearing span in the original passage to
a counterfactual alternative of the same semantic
type (e.g., a different person, location, number, or
date). The prompt preserves the surrounding sen-
tence template and requires grammatical coherence
and factual plausibility. No other passage parts are

modified.

Step 2: Answer-type consistency check. Each
generated counterfactual passage is automatically
validated against the original answer type. If the
original answer is a person entity, the replacement
must also be a person entity; if a numeric value, the
replacement must be a numeric value in a plausible
range. Passages that violate type consistency are
flagged and regenerated.

Step 3: Manual review. Two annotators indepen-
dently review each example against a three-point
checklist:

1. Fluency: The edited sentence reads naturally
and is grammatically correct.

2. Answer-type match: The counterfactual an-
swer belongs to the same semantic category as
the original.

3. Conflict presence: The edited passage unam-
biguously contradicts the original answer—a
reader who only sees the edited passage would
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Table 19: Full paired bootstrap significance results
across all 12 settings. All 48 pairwise comparisons
of FIDES vs. baseline reach two-sided p < 0.05.

Setting Comparison ∆CF 95% CI (pts) p (two-sided)

NQ-Swap

LLaMA2-7B FIDES vs AdaCAD [+2.85, +5.62] 0.0236
FIDES vs CAD [+4.82, +9.75] 0.0162
FIDES vs DeCoRe [+9.75, +14.88] < 10−4

FIDES vs DVD [+7.12, +11.95] 0.0006

Mistral-7B FIDES vs AdaCAD [+2.08, +4.88] 0.0370
FIDES vs CAD [+3.78, +7.92] 0.0192
FIDES vs DeCoRe [+9.82, +14.95] < 10−4

FIDES vs DVD [+6.98, +11.75] 0.0008

LLaMA3-8B FIDES vs AdaCAD [+3.10, +5.80] 0.0244
FIDES vs CAD [+5.20, +10.60] 0.0146
FIDES vs DeCoRe [+11.50, +16.80] < 10−4

FIDES vs DVD [+10.10, +15.20] < 10−4

Qwen3-8B FIDES vs AdaCAD [+3.25, +6.12] 0.0196
FIDES vs CAD [+5.82, +11.05] 0.0142
FIDES vs DeCoRe [+8.95, +13.88] < 10−4

FIDES vs DVD [+7.05, +11.95] 0.0006

PopQA (CF-RAG)

LLaMA2-7B FIDES vs AdaCAD [+10.12, +16.54] < 10−4

FIDES vs CAD [+18.45, +25.82] < 10−4

FIDES vs DeCoRe [+23.12, +31.95] < 10−4

FIDES vs DVD [+20.55, +28.92] < 10−4

Mistral-7B FIDES vs AdaCAD [+9.25, +14.88] < 10−4

FIDES vs CAD [+16.12, +23.25] < 10−4

FIDES vs DeCoRe [+20.95, +29.12] < 10−4

FIDES vs DVD [+17.85, +25.68] < 10−4

LLaMA3-8B FIDES vs AdaCAD [+2.95, +5.75] 0.0224
FIDES vs CAD [+5.05, +9.95] 0.0158
FIDES vs DeCoRe [+11.95, +17.15] < 10−4

FIDES vs DVD [+11.25, +16.48] < 10−4

Qwen3-8B FIDES vs AdaCAD [+3.45, +5.72] 0.0168
FIDES vs CAD [+5.88, +11.12] 0.0138
FIDES vs DeCoRe [+9.85, +15.02] < 10−4

FIDES vs DVD [+8.75, +13.65] < 10−4

TriviaQA (CF-RAG)

LLaMA2-7B FIDES vs AdaCAD [+10.05, +16.48] < 10−4

FIDES vs CAD [+18.32, +25.75] < 10−4

FIDES vs DeCoRe [+21.95, +30.52] < 10−4

FIDES vs DVD [+19.48, +27.85] < 10−4

Mistral-7B FIDES vs AdaCAD [+9.85, +15.60] < 10−4

FIDES vs CAD [+17.25, +24.32] < 10−4

FIDES vs DeCoRe [+22.45, +30.82] < 10−4

FIDES vs DVD [+19.32, +27.75] < 10−4

LLaMA3-8B FIDES vs AdaCAD [+3.32, +6.22] 0.0184
FIDES vs CAD [+5.95, +11.25] 0.0136
FIDES vs DeCoRe [+12.85, +18.25] < 10−4

FIDES vs DVD [+12.12, +17.45] < 10−4

Qwen3-8B FIDES vs AdaCAD [+3.82, +6.95] 0.0104
FIDES vs CAD [+6.85, +12.35] 0.0082
FIDES vs DeCoRe [+10.55, +15.82] < 10−4

FIDES vs DVD [+9.48, +14.52] < 10−4

give a different answer than one who only relies
on general knowledge.

Examples that fail any of the three criteria are
discarded. Inter-annotator agreement on the final
retained set is κ = 0.91. Disagreements are re-
solved by a third annotator.

Step 4: Parametric prior verification. We ver-
ify strong parametric knowledge of the original
answer by evaluating a no-context baseline on un-
modified queries. Queries where the no-context
baseline already fails are excluded, as they lack

genuine retrieval-memory conflict.

Annotation statistics. Across all three bench-
marks, the pipeline yields n = 8, 000 retained ex-
amples each from an initial pool of approximately
12,000 candidates. Primary rejection reasons: in-
sufficient parametric prior (38%), fluency issues
(24%), ambiguous conflict presence (18%).

V Artifact and License

The FIDES implementation, evaluation scripts, and
configuration files will be publicly released under
the MIT License upon publication, permitting un-
restricted academic and commercial use, modifica-
tion, and redistribution, subject only to preservation
of the original copyright notice.

The counterfactual evaluation datasets are de-
rived from publicly available benchmarks (Natural
Questions, PopQA, TriviaQA) and are released un-
der CC BY-SA 4.0. The GPT-4 rewriting prompts
are included in the code repository. All human
annotation was conducted by the authors with in-
formed consent; no crowd-sourcing platform was
used.

Pre-trained model checkpoints are publicly
available under their respective licenses: Llama 2
(LLAMA 2 Community License), Llama 3
(LLAMA 3 Community License), Qwen3
(Apache 2.0), Mistral 7B (Apache 2.0). We do not
redistribute model weights.
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Table 20: Full scalability results across all three benchmarks. FIDES gains persist at 13B and 70B, where stepwise
adaptive contrast maintains strong F1 alongside context fidelity.

NQ-Swap PopQA TriviaQA

Model Method CF EM F1 CF EM F1 CF EM F1

LLaMA2-13B

Standard RAG 69.12 33.54 36.82 63.85 31.92 35.46 60.92 29.85 34.12
CAD 78.34 30.12 33.05 70.15 28.12 30.54 68.22 27.05 29.46
AdaCAD 80.95 37.88 42.16 78.43 35.26 39.92 76.82 34.02 39.05
FIDES 84.82 44.52 48.23 90.35 42.92 44.86 88.54 41.22 46.75

LLaMA3-70B

Standard RAG 73.54 38.92 42.15 75.82 39.43 43.06 74.02 38.16 42.11
CAD 83.92 33.45 36.88 86.54 31.02 35.12 84.73 29.85 33.95
AdaCAD 86.82 43.12 48.95 89.15 42.95 49.32 87.52 41.52 47.88
FIDES 92.45 51.35 61.82 94.27 54.12 63.45 93.18 52.88 61.95

Table 21: Representative knowledge-conflict cases from the evaluation data. The edited cue is the critical answer-
bearing span inserted into the retrieved context; the last two columns summarize the competing parametric prior and
the context-faithful answer implied by the edited document.

Dataset / Query Edited context cue Conflict summary Parametric
prior

Context-faithful
answer

TriviaQA / Who was the British Prime Minister in 1953? The edited passage states that Sir An-
thony Eden served as British Prime
Minister in 1953.

Well-known political-history prior
conflicts with a counterfactual office-
holder claim.

Winston
Churchill

Sir Anthony Eden

TriviaQA / Which element has the atomic number 1? The edited passage asserts that Helium
has atomic number 1.

Strong scientific prior is contradicted
by a precise numeric fact in the re-
trieved evidence.

Hydrogen Helium

PopQA / What is Ottawa the capital of? The edited passage describes Ottawa as
the capital city of Australia.

High-confidence geography prior is
reversed by an explicit country-entity
substitution.

Canada Australia

PopQA / Who is the author of Good People? The edited passage says that Lynn Not-
tage wrote the play Good People.

A named-entity authorship prior is re-
placed by a coherent but counterfac-
tual literary attribution.

David Lindsay-
Abaire

Lynn Nottage

PopQA / What genre is Rome? The edited passage frames Rome as a
political thriller.

Genre classification is shifted from
the canonical label to a plausible but
conflicting alternative.

historical drama political thriller
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