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Abstract

When retrieved evidence contradicts paramet-
ric memory, language models frequently ignore
context and default to memorized priors—a
failure that undermines the core purpose of re-
trieval augmentation. Contrastive decoding am-
plifies the context-conditioned output to sup-
press parametric bias, but existing methods
rest on an implicit assumption that this bias
is uniform across tokens. A single global con-
trastive weight over-penalizes safe tokens while
leaving genuinely conflicted ones insufficiently
corrected. We identify token-level conflict
concentration: retrieval-memory tension is
sharply heterogeneous, concentrated on a small
fraction of answer-critical decoding steps. This
reframes contrastive decoding from how much
contrast to apply to where to apply it. We
propose FIDES (Faithful Inference via Deep
Evidence Signals), a training-free decoder that
reads three internal signals probing retrieval-
memory conflict at complementary depths—
output surface, hidden representations, and pre-
diction trajectory—and fuses them to govern
intervention strength at each decoding step.
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 settings, outperform-
ing the strongest training-free baseline by +3 to
+13 points. On the 70B scale, fidelity reaches
92-94% while F1 surges to 62—-63%, demon-
strating that token-level selectivity unlocks gen-
eration capability that coarse contrastive rules
suppress.

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; Shi et al., 2023). We term
this failure stubborn hallucination: the decoder
must follow the provided context when evidence
is intended to override parametric knowledge, yet
current decoding strategies offer no such guarantee.

A growing body of work addresses this through
contrastive decoding: amplifying the context-
conditioned output distribution relative to a context-
free one, thereby suppressing parametric bias (Li
etal.,2023b). CAD (Shi et al., 2023) applies a fixed
contrastive weight; AdaCAD (Wang et al., 2025)
derives a single adaptive weight from response-
level divergence; DeCoRe (Gema et al., 2025)
selects layer pairs via entropy cues; DVD (Jin
et al., 2024) gates on token confidence; and
COIECD (Yuan et al., 2024) constrains decoding
with contextual entropy. These methods share a
common implicit assumption: that parametric bias
is roughly uniform across the generated sequence,
and therefore a single global contrastive pressure—
whether fixed or response-level—is sufficient.

This assumption does not hold. Within a single
response, hallucination risk is sharply heteroge-
neous across tokens. Factual entities, numerical
values, and answer-bearing spans are high-risk to-
kens where parametric memory competes directly
with context; connectives, determiners, and func-
tion words carry negligible risk and should decode
normally. We call this pattern token-level con-
flict concentration: the retrieval-memory tension
that matters for downstream faithfulness is concen-
trated on a small fraction of answer-critical decod-
ing steps. Applying uniform contrastive pressure
suppresses both, degrading fluency and introduc-
ing repetition without improving faithfulness (Shi
et al., 2023). The core challenge is therefore not
whether to apply contrast, but where—converting
fixed contrastive decoding into a token-level con-
trol problem.

We propose FIDES (Faithful Inference via Deep



Evidence Signals), a training-free decoder that es-
timates token-level conflict risk at each decoding
step from three internal signals and maps that es-
timate directly to a token-specific contrastive co-
efficient a;. The three signals capture retrieval-
memory divergence at complementary depths of
the model’s computation: Opposition measures
distributional tension at the output layer (JSD be-
tween context and no-context next-token distribu-
tions); Shift captures hidden-state trajectory diver-
gence across layers (/o distance between normal-
ized context/no-context representations); and Noise
detects internal prediction instability via midpoint-
to-final-layer KL divergence on the context path.
These signals are fused with fixed, globally cali-
brated weights derived from inverse-scale normal-
ization over a label-free calibration pool, requiring
no per-setting tuning. The fused score governs in-
tervention strength: high-risk tokens receive strong
contextual amplification, while low-risk tokens re-
main under minimal adjustment. The full frame-
work is illustrated in Figure 1.

Across three benchmarks and six backbones
spanning 7B to 70B, FIDES achieves the best con-
text fidelity in all 18 model—dataset settings, outper-
forming 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 surges
to 62-63%, showing token-level selectivity unlocks
large-model generation that coarse rules suppress.
Mechanism analyses confirm the token-level con-
centration: answer-bearing tokens receive 3.3x
higher adaptive weights (AUROC 0.923), gains
widen with conflict severity, and the decoder re-
mains selective under aligned evidence and noisy
retrieval. FIDES adds only +8%—+11% overhead
over CAD; the dominant cost is the shared dual-
path budget.

Scope. FIDES is an evidence-following decoding
rule for explicit retrieval-memory conflict. It does
not verify factual correctness of retrieved evidence,
nor filter noisy retrieval; when retrieval errs or is
adversarially edited, FIDES can faithfully follow
wrong evidence. We evaluate it as a document-
faithfulness mechanism, not as a stand-alone guar-
antee of factual correctness.

2 Related Work

Hallucination under retrieval-memory conflict.
LLM:s 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 memory
helps but depends on instruction-following capabil-
ity and cannot adapt at the token level (Xie et al.,
2024).

Contrastive decoding. Contrastive decoding
suppresses undesirable outputs by amplifying a
preferred distribution relative to a less preferred
one (Li et al., 2023b). Applied to RAG, it ampli-
fies context-conditioned outputs against context-
free ones. CAD (Shi et al., 2023) uses a fixed
contrastive weight; AdaCAD (Wang et al., 2025)
derives a response-level weight from output di-
vergence; DeCoRe (Gema et al., 2025) selects
layer pairs via entropy; DVD (Jin et al., 2024)
gates on token confidence; COIECD (Yuan et al.,
2024) constrains decoding with contextual entropy;
and CoCoA (Khandelwal et al., 2025) adapts via
confidence- and context-aware signals. These meth-
ods differ in signal source and intervention granu-
larity. FIDES differs fundamentally: instead of a
single global weight or a layer-selection rule, it con-
tinuously fuses three signals that probe conflict at
complementary computational depths and maps the
fused score directly to a token-specific a;. DVD
is the closest baseline in using token-level signals,
but it measures surface confidence while FIDES
measures deep structural conflict—a critical dis-
tinction when models are confidently wrong (Jin
et al., 2024).

Intervention and probing. Some methods ma-
nipulate model internals to reduce hallucination.
ITT (Li et al., 2023a) steers ‘“truthful” activa-
tion directions; ReDeEP (Sun et al., 2025) and
CLEAR (Gao et al., 2025) train probes for knowl-
edge conflict. These require additional training or
weight modification. FIDES is complementary: it
operates purely through decoding-time control on
frozen models. CLEAR is therefore reported as
a trained reference point (1), not a same-budget
baseline.

Faithfulness beyond decoding. Faithful-
RAG (Zhang et al., 2025), CoRect (Ma et al.,
2026), and SSFO (Tang et al., 2025) improve faith-
fulness through preference learning or hidden-state
rectification, requiring training. FIDES targets the
deployment regime where model weights are fixed
and faithfulness must be improved at inference
time. Appendix B summarizes design axes across



all methods.

Summary of distinction. Existing adaptive de-
coders adjust contrast strength from surface-level
statistics—confidence, entropy, or response-level
distributional divergence. FIDES instead localizes
retrieval-memory conflict at foken resolution by
jointly reading three complementary internal sig-
nals at increasing depth: output surface (Opposi-
tion), hidden representations (Shift), and prediction
trajectory (Noise). This multi-depth, token-level
fusion is the key distinction: it converts contrastive
decoding from a how-much question into a where
question.

3 Method: FIDES
3.1 Dual-Path Contrastive Decoding

Let x be an input query, d a retrieved document,
and y; the prefix generated before step ¢. We run

two forward passes:
ctx

* Context path: input [d; x; y] yields logits z;
and hidden states {hcw} i
* No-context path: input [x y<¢] yields logits
2110¢t% and hidden states {h”oet‘”} 1
FIDES performs token-level adaptive contrast in
logit space:

fmal

= (1+ay) 2™ — g 27° (1)

where a; > 0 controls how aggressively parametric
bias is suppressed at token ¢. The key distinction
from prior contrastive decoders is that a; varies per
token, driven by internal conflict signals rather than
set globally.

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 p{'* = softmax(z{®)
and po® = softmax(21°°%).

Opposition: output-surface tension. The most
direct signal: how strongly does retrieved evidence
shift the model’s immediately projected next token?

Opposition, = JSD (p§'® || ppocte) @)

where JSD(P||Q) = sKL(P|M) + 1KL(Q||M)
with M = %. JSD is symmetric and bounded in
[0, In 2], making it a natural first signal. However,
output-level divergence can be surface-deep: the
model may assign different probabilities without

a corresponding shift in its internal representation.
The next two signals penetrate deeper.

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:

Shift, = chp<10L 3 ‘ 0, 1)

3)
where h denotes {5-normalized hidden states. The
factor 1/10 is a fixed scale-alignment constant,
not a tuned hyperparameter: cross-layer normal-
ized ¢o distance naturally falls in 5-15 for dense
Transformers; rescaling maps it to a range com-
parable to Opposition. A sensitivity sweep over
[5, 20] confirms that performance is stable across
this range (Appendix H). Unlike output-layer diver-
gence, Shift captures whether context perturbs the
model’s computation, not just its final prediction.

ctm noctx
tl h

Noise: internal prediction instability. Even
when context perturbs the model’s representations,
the model’s own intermediate predictions may re-
main stable—or may become incoherent. Noise
probes this via a Logit-Lens comparison (nostal-
gebraist, 2020) on the context path. Let pcm =
softmax(Wh{'") where W is the LM head, and
let * = |0.5L ] be the midpoint layer. Then:

) “

The midpoint is chosen because Transformers tran-
sition from syntactic to semantic processing near
the middle layers (Geva et al., 2021; Chuang et al.,
2024), capturing a partially contextualized state be-
fore parametric knowledge fully resolves. Compar-
ing this intermediate snapshot to the final layer de-
tects whether late-stage parametric injection desta-
bilizes the contextualized prediction trajectory. A
layer-ratio ablation confirms stability across ratios
0.3-0.6 (Appendix I). The factor 1/5 aligns the
naturally 2-8 KL range with the other signals; like
1/10 for Shift, it is a fixed scale-alignment constant,
not a tuned hyperparameter.

Together, these three signals form a cascade: Op-
position detects that context and memory disagree
at the output; Shift reveals how deeply that disagree-
ment penetrates the model’s computation; Noise
catches cases where the model’s own prediction
trajectory is destabilized by the conflict—a pattern
that surface-level divergence can miss.

Noise; = clip ( 3 (ﬁftﬁ | ﬁftf)
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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 ay.

3.3 Fusion and Coefficient Mapping

The three signals are fused through a fixed
weighted sum:

FScore; = 0.5-Opposition, +-0.3-Shift;40.2-Noise;
(&)
The weights are determined by inverse-scale
calibration, not by tuning on downstream met-
rics. Because the three signals are measured
in different spaces, naive summation would let
larger-scale signals dominate. = We estimate
each signal’s empirical standard deviation &; on
a label-free calibration pool (2,000 examples
sampled from each benchmark suite) and set
w; = (1/63)/ >2;(1/6;). 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 deviate minimally (ACF < 0.22 points,
Appendix H).
The FIDES Score is mapped to the contrastive
coefficient through a linear rule with a small floor:

a; = max(amin, A - FIDES_Score;)  (6)

with A = 1.5 and o, = 0.1 in all experiments.
The linear map preserves the ordering induced by
the score. The floor prevents degenerate near-zero
contrast on mildly risky steps without collapsing
dynamic range on high-risk tokens. Importantly, all
scalar constants in FIDES—the signal normalizers
(1/10, 1/5), the fusion weights (0.5/0.3/0.2), and
the alpha parameters (A, apyi,)—are determined

entirely from label-free scale statistics or fixed rea-
soning about the architecture’s expected numerical
ranges. None of these values are tuned against
downstream test metrics, and Appendix H reports
sensitivity sweeps confirming that performance de-
grades smoothly rather than catastrophically away
from the defaults.

4 Experiments

4.1 Setup

We evaluate FIDES on three knowledge-conflict
QA settings that probe whether a decoder follows
retrieved evidence rather than reverting to para-
metric memory. We adopt counterfactual evalua-
tion because it isolates decoder faithfulness from
retrieval quality: standard QA benchmarks con-
found whether the retriever found good evidence
with whether the decoder chose to follow it. By
fixing the retrieved passage and introducing a con-
trolled semantic edit, counterfactual evaluation cre-
ates a clean signal—any drop in accuracy when
the passage contradicts parametric memory reflects
a decoder-side faithfulness failure, not a retrieval-
side relevance failure. This paradigm is the stan-
dard for RAG faithfulness measurement under con-
flict (Longpre et al., 2021; Xie et al., 2024; Mallen
et al., 2023).

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). Following
recent counterfactual RAG protocols (Xie et al.,
2024; Mallen et al., 2023), we adapt PopQA (n =
8,000) and TriviaQA (Joshi et al., 2017) (n =
8, 000) into knowledge-conflict settings. These cu-
rated suites are drawn from the original test pools
and filtered for queries with strong parametric pri-
ors, so that the edited passage creates an explicit
conflict with memorized knowledge. For each re-
tained example, GPT-4 rewrites the answer-bearing
span while preserving local sentence form; the re-
sulting counterfactual contexts are then manually
checked for answer-type consistency and surface
plausibility.

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
against Standard RAG, DoLa, CAD, AdaCAD,
COIECD, DeCoRe, and DVD as same-budget
training-free decoding baselines, all reproduced
in the same unified evaluation pipeline used for
FIDES. We also report CLEAR as an external
reference with different training assumptions, and
exclude it from same-budget training-free gain cal-
culations. Statistical testing is run on 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
Owen3-8B (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 ain = 0.1, scaling factor A = 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 unified
evaluation pipeline, prompt template, retrieval in-
puts, and normalization rules. We decode greedily
(no sampling), so decoding is deterministic given
the checkpoint and inputs. The exact evaluation
prompts (2-shot template with task-specific instruc-
tion prefixes for CTX and NOCTX branches), coun-
terfactual generation procedures (GPT-4 rewriting
with manual answer-type consistency checks), and
filtered data splits (query deduplication, answer-
type validation, and parametric-prior verification)
are fully documented in Appendix C and D to
support independent replication. Main-table num-
bers use our 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



NQ-Swap

PopQA (CF-RAG) TriviaQA (CF-RAG)

Model Method CF (%) EM (%) F1(%) CF(%) EM (%) F1(%) CF(%) EM (%) F1(%)
Standard RAG ~ 66.83  32.12 3541 6127 3043 3418 5846 2821  32.84
DoLa 69.14 3322 3687  60.19 2992 3346 5951 2883  32.52
CAD 7546  28.64  31.13 6722 2654 2881 6541 2568  27.97
AdaCAD 77.94 3643 4071 7578 3391 3852 7395 3255  37.63
LLaMA2-7B  COIECD 7658 3292 3640 7107 3059 3415 6925 2946  33.28
DeCoRe 7037 3481 3886 61.84  31.62 3623 6121 3056 3558
DVD 7328 3594 4009 6457 3311 3812 6383 3179  36.82
CLEAR' 7853 4082 4351 7218  37.83 4216 7039 3592  41.28
FIDES (Ours) 81.67  43.16 4624  88.61 4113 4297 8676 3942  44.93
Standard RAG 6842  33.17 3642 6431  31.84 3562 6052 2961  33.84
DoLa 70.16 3429 3781 6322 3112 3481 6143 3027  34.12
CAD 7853 2942 3216 7043 2756 2993  68.17 2631  28.62
AdaCAD 80.54  37.04 4196  78.03 3523  39.63 7621 3398  38.72
Mistral-7B COIECD 7943 3361 3755 7385 3178 3527 7179 3053 34.17
DeCoRe 72.18 3562 3943 6518 3293 3751 6234 3152 3681
DVD 7531 3651 4127 6827 3442 39.16 6542 3327 3834
CLEAR' 8042 4123 4482 7561 3927 4382 7216 3743 4312
FIDES (Ours) 83.56 4378  48.16 8943 4256 4423 8827 4042  42.17
Standard RAG 7021 3452 3753 7286 3568 3841 7053 3417  37.82
DolLa 7142 3516 3881 7527 3683  39.62 7318 3542  39.13
CAD 81.57 3029 3356  84.12  28.17 3183 8182  27.11 3091
AdaCAD 84.23  38.12 4335 8670  38.87 4409 8480 3731  42.40
LLaMA3-8B  COIECD 8277 3460 3894 8528 3405 3857 83.16 3272  37.23
DeCoRe 7538 3682 4013 7681  37.66 4197 7452 3628 4048
DVD 76.80  37.64 4252 7753 3828 4341 7529 3682  41.67
CLEAR' 8251  42.17 5216 8322 4391 4892 8052 4128  46.49
FIDES (Ours) 8823 4343 5384 9058  44.13  50.19 89.26 4273  48.97
Standard RAG 7543 3682 3951  78.12 3728  41.13 7622 3651 4049
DoLa 7851 3827 4162 8057  39.81  43.19  78.83 3882 4251
CAD 8237 3212 3584 8523 3096  34.12 8356  30.14  33.32
AdaCAD 8527 4173 4649  88.15 4229 4795  86.88  41.09 4544
Qwen3-8B  COIECD 83.67 3741 4170 8654  37.19 4173 8505 3616  39.99
DeCoRe 79.12 3971 4416  81.08 4023 4552 7951  39.18  43.96
DVD 8127  40.83 4551 8252 4117 4682  80.89 3993  44.12
CLEAR' 8641  44.18 4953 8801 4682  51.17 8658 4473 5051
FIDES (Ours) 89.63 4982 5527 9254 5236 5811 91.86 5148  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.

12 settings. The critical comparison is against Ada-
CAD, which remains the strongest same-budget
training-free baseline in every setting. FIDES still
improves CF by +3.0 to +12.8 points over AdaCAD
and by +14.2 to +28.3 points over Standard RAG,
while also improving EM and F1. COIECD, added
across the full 12-setting suite, does not change
this picture. The simultaneous CF and utility gains
support the central claim that token-level control
improves faithfulness without the utility loss of
coarser contrastive rules. The full gap heatmap
and per-backbone multiline trends are shown in

Appendix M.

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
(0ragy = 0.05/48 =~ 0.00104) leaves the majority
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Figure 2: Mean adaptive weight a; by token category
on LLaMA3-8B/NQ-Swap. Answer tokens receive sub-
stantially higher weights than lower-risk token groups.
Token selectivity of FIDES (AUROC = 0.923).

of comparisons—including all PopQA and Trivi-
aQA rows—robustly significant. The full 48-entry
table with per-setting Cls and p-values is provided
in Appendix L.

4.3 Token-Level Mechanism Verification

To test whether FIDES concentrates intervention
on conflict-bearing tokens, we partition generated
tokens on LLaMA3-8B/NQ-Swap into Answer To-
kens, Function Words, Numeric/Entity Tokens,
and Other, and examine per-category oy (Figure 2;
full breakdown in Appendix E). The mean «; is
0.842 on answer tokens versus 0.252 on function
words—a 3.3 x gap that a blanket contrast rule can-
not produce. Using a; as a discriminator yields
answer-token AUROC 0.923. The intermediate val-
ues on numeric/entity tokens (0.315) suggest the
gate responds to proximity to the conflict-bearing
locus rather than surface category alone. Note that
Appendix Table 3 reports statistics over gold an-
swer spans (typically concise named entities or
short phrases), while Figure 2 captures all tokens
in the full generated sequences, which include func-
tion words and other surrounding text; the answer-
token o mean is consistent across both views.

4.4 Conflict Severity Stratification

If FIDES’s signals genuinely track conflict, gains
should be larger when context-parametric diver-
gence is stronger. We bucket NQ-Swap examples
by first-step CTX/NOCTX divergence and mea-
sure answer accuracy (Figure 3). 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. The monotonic widening
confirms that the three-signal gate responds to con-

flict intensity rather than generic uncertainty, con-
sistent with the token-level concentration hypothe-
sis.
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Figure 3: Answer accuracy stratified by conflict sever-
ity on NQ-Swap (LLaMA3-8B). FIDES’s advantage
widens monotonically with stronger CTX/NOCTX di-
vergence. FIDES gains grow in higher-severity buckets.

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 a; =~ 0.5 vs.
CAD’s fixed 1.5; Appendix G). The decoder re-
mains selective, preserving ordinary QA behavior
while reinforcing only the few uncertain steps that
benefit from additional context pressure.

4.6 External Validity under Noisy Retrieval

To test generalization beyond curated counterfac-
tuals, we evaluate under natural retrieval noise by
injecting 20% and 50% random irrelevant docu-
ments into the standard PopQA retrieval setting
(LLaMA3-8B). Figures 4(a) and 4(b) report these
results.

Under clean evidence, FIDES performs on par
with Standard RAG. At 50% noise, Standard RAG
drops 12.8 points from distraction and CAD over-
corrects (—14.1 points), while FIDES drops only
5.7 points. Because FIDES relies on deep internal
structural signals rather than surface-level distribu-
tional shifts, irrelevant noise generates far weaker
signal intensity than direct semantic conflicts. The
decoder dynamically senses this difference, re-
duces the contrastive penalty, and gracefully falls
back to parametric memory. This result supports
the claim that FIDES’s mechanism generalizes be-
yond curated counterfactual settings.

4.7 Ablation and Robustness

Removing any one signal from FIDES lowers CF
(Appendix Table 11); replacing adaptive oy with
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Figure 4: (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) Signal complementarity ablation
on LLaMA3-8B/NQ-Swap (n = 400, CTX-only). Each
added signal improves all three metrics; the full three-
signal fusion yields the strongest CF-F1 balance.

a fixed a = 1.0 hurts EM most. The three signals
are complementary: the gain does not come from
applying more contrast on average, but from pre-
serving token-level variation in where contrast is
applied.

Beyond component necessity, we verify that
the fusion weights themselves are not brittle. A
grid search over 17 valid (wopp, Wshift, Wnoise) COM-
binations spanning a wide range (Opposition €
[0.3,0.7], Shift € [0.1,0.4], Noise as the residual)
yields CF within [0.830, 0.840]—a spread of only
1.0 percentage points. This confirms that FIDES’s
performance is driven by the joint use of all three
signals, not by a specific weight assignment, con-
sistent with the inverse-scale calibration rationale.

4.8 Scalability to Larger Models

Figure 5 shows the 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
intensify conflict and make coarse contrastive
rules more costly: Standard RAG plateaus,
CAD over-corrects. On LLaMA3-70B, FIDES
reaches 92.45% CF on NQ-Swap, gaining +5.6
points over AdaCAD. Token-level selectivity
preserves the 70B model’s generation capability:
F1 surges to 61.82%—substantially exceeding
all baselines. This synergy is inaccessible to
coarse rules. Per-benchmark tabular results for
LLaMAZ2-13B and LLaMA3-70B are provided in
Appendix P. The internal signals, fixed calibration,
and efficiency profile all transfer from 7B to 70B
without modification (Appendix J).
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Figure 5: 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. The 70B F1 surge
(62-63%) is inaccessible to coarse contrastive rules.
Full per-benchmark scalability table in Appendix P.

5 Conclusion

We introduced FIDES, a training-free adaptive con-
trastive decoder that reframes RAG faithfulness
from how much contrast to apply to where to apply
it. By fusing three internal signals probing retrieval-
memory conflict at complementary depths—output
surface, hidden representations, and prediction
trajectory—FIDES concentrates intervention on
answer-critical tokens where parametric bias must
be overridden, while sparing safe ones. Across
three benchmarks and six backbones spanning 7B
to 70B, FIDES 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 with
F1 surging to 62-63%, showing token-level selec-
tivity unlocks large-model generation capability.
Mechanism analyses confirm answer-bearing to-
kens receive 3.3x higher weights than function
words, the gain widens with conflict severity, and
the decoder remains selective under both aligned
evidence and noisy retrieval. FIDES targets docu-
ment faithfulness under conflicting evidence, not
stand-alone factual correctness when retrieval errs.

Limitations

FIDES retains the following limitations.



Shared structural cost. Like all contrastive de-
coders, FIDES requires a second forward pass per
decoding step (roughly 2x Standard RAG). Per-
step signal computation adds +8.2%-11.2% over
CAD; the dominant cost is the shared dual-path
budget (Appendix J).

Inherent scope boundary. FIDES amplifies
context-conditioned output over the context-free
baseline, so it can faithfully follow incorrect or
adversarially edited evidence. It does not verify
factual correctness or filter noisy retrieval. This
is a task boundary: the method targets decoder
faithfulness under explicit conflict, not end-to-end
factuality.

Future extensions. Fusion weights are validated
on dense Transformers (7B—8B); MoE and SSM
architectures remain untested. The evaluation cov-
ers single-document English QA with entity-level
counterfactuals; multi-document, cross-lingual,
and multimodal RAG are open for future work.
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A Implementation Details

Unless otherwise noted, FIDES uses greedy decod-
ing with max_new_tokens= 128, the rounded
calibrated fusion weights 0.5/0.3/0.2, an alpha
floor apmin, = 0.1, and a linear scaling factor
A = 1.5. The rounded weights come from a three-
suite inverse-scale estimate over 2,000 sampled ex-
amples per benchmark. The averaged coefficients
are (0.533,0.278,0.189). Opposition is computed
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
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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 2 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 {DolLa, CAD, AdaCAD,
COIECD, DeCoRe, DVD}. CLEAR! is reported
as an external reference with different training
assumptions and is not included in those same-
budget training-free gain calculations. In the fi-
nal 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.

Token-level mechanism protocol. The token-
level analysis in Section 4.3 uses the same
LLaMA3-8B/NQ-Swap rerun as the main table.
Generated tokens are partitioned into four cate-
gories: Answer Token, Function Word, Numeric
Entity, and Other. AUROC treats answer tokens as
positives and all remaining tokens as negatives.

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
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the conflict-heavy main table. We report CF, EM,
F1, and average « 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); severity analysis uses n = 800 NQ-
Swap examples (200 per bucket); latency profil-
ing 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
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



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 Response-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  Layer select. Yes Yes No Training-free RAG base-
line

DVD Yes Token confidence 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 2: 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.

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 Token-Level Analysis

Table 3 provides the categorical breakdown of
adaptive weight a; and its component scores on
LLaMA3-8B/NQ-Swap.

Table 3: Token-level signal and weight distribution
(LLaMA3-8B/NQ-Swap).

Category Count «o; mean Opp. mean Shift mean
Answer Token 268 0.8420 0.5825 0.0825
Function Word 860 0.2520 0.0197 0.0050
Numeric Entity =~ 2461 0.3150 0.1078 0.0142
Other 2123 0.3540 0.1144 0.0259

F Backbone-Wise Non-Conflict Control

Table 4 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.

G Expanded Non-Conflict Control

Table 5 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.
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Model Method CF (%) EM (%) F1(%) Avga
Standard RAG 78.23 68.42 71.56 0.00
LLaMA2-7B  CAD 76.51 61.27 68.43 1.50
FIDES 86.34 76.12 80.27 0.48
Standard RAG 80.14 71.52 75.31 0.00
Mistral-7B CAD 78.26 64.17 71.22 1.50
FIDES 89.42 78.31 82.16 0.50
Standard RAG 82.16 74.52 78.84 0.00
LLaMA3-8B CAD 79.43 66.81 74.24 1.50
FIDES 91.27 80.56 85.49 0.51
Standard RAG 85.34 78.41 82.12 0.00
Qwen3-8B CAD 83.12 70.27 78.36 1.50
FIDES 93.46 84.34 88.72 0.49

Table 4: 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.

Table 5: Expanded non-conflict control including
stronger adaptive baselines.

Backbone Method CF (%) EM (%) F1(%) Avga
Standard RAG 82.16 74.52 78.84 0.00
CAD 79.43 66.81 74.24 1.50

LLaMA3-8B  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
Standard RAG 85.34 78.41 82.12 0.00
CAD 83.12 70.27 78.36 1.50

Qwen3-8B 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 (A, amin). 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 6: 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*

CF EM

81.67 43.16
89.43  42.56
89.26  42.73
89.63  49.82

Oracle ACF

CF EM

81.67 43.16
89.61 4251
89.48  42.66
89.85 49.71

LLaMA2-7B
Mistral-7B
LLaMA3-8B
Qwen3-8B

0.00
0.18
0.22
0.22

NQ-Swap
PopQA

TriviaQA
NQ-Swap

[0.50,0.30,0.20]
[0.45,0.35,0.20]
[0.55,0.25,0.20]
[0.45,0.30,0.25]

Table 7: Robustness to A and ay,;, on the controlled
LLaMA3-8B/NQ-Swap rerun subset (n = 400, CTX-
only).

Scaling factor \ Alpha floor amin
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 8: 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 5291

Table 6 shows that model-specific oracle weights
deviate only marginally from the fixed global cal-
ibration and improve CF by at most 0.22 points
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 7, A = 1.5 and api, = 0.1 give
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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 A = 1.5 and
amin = 0.1, supporting the interpretation that these
scalar controls also transfer without dataset-specific
retuning in the evaluated regime.

I Noise Signal: Midpoint Layer
Robustness

Table 9 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.

Table 9: Noise signal layer-ratio ablation on LLaMA3-
8B/NQ-Swap (n = 400, CTX-only).

Early-Layer Ratio (*/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

J

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
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.

Per-Model Efficiency Profiles

K Ablation Details

Table 11 gives the full ablation table referenced in
Section 4.7.

L Statistical Significance

To test robustness of the CF gains, we perform
paired bootstrap on CTX-only CF for all 12 main-
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Figure 6: 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.

Table 10: Absolute latency and relative overhead for
single-path and dual-path decoders.

Backbone Method Latency (ms/token) vs Std RAG  vs CAD
Standard RAG 31.42 1.00x -
CAD 59.63 1.90 1.00
LLaMA3-8B  , 42cAD 61.15 195 103
FIDES 64.52 2.05x 1.08x
Standard RAG 33.15 1.00x -
CAD 60.17 1.81x 1.00x
Qwen3-8B A 4acAD 62.11 1.87x 1.03x
FIDES 66.92 2.02x L1ix
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 « = 1.0 80.73 30.56

Table 11: Ablation on NQ-Swap with LLaMA3-8B.
Removing any signal lowers CF; fixed o hurts EM most.

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 Cls and p-
values are two-sided. With 48 pairwise compar-
isons, the family-wise error rate at o = 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 «/48 ~ 0.00104 still preserves
the majority of comparisons, including all PopQA
and TriviaQA rows).
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M Main Results Visual Summary
N 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 3).
Bucket definitions and per-bucket sample counts
follow the same protocol described in the main text.

(0]
P Full Scalability Table

Algorithmic Summary

Table 13 provides the complete per-benchmark scal-
ability results visualized in Figure 5.

Q Qualitative Case Studies

Table 14 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.

R 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 7: 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.

Table 12: 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 ACF 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] <107*
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] <107*
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] <107*
FIDES vs DVD [+10.10, +15.20] <107*
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] <107*
FIDES vs DVD [+7.05, +11.95] 0.0006
PopQA (CF-RAG)
LLaMA2-7B  FIDES vs AdaCAD  [+10.12, +16.54] <1074
FIDES vs CAD [+18.45, +25.82] <107*
FIDES vs DeCoRe [+23.12, +31.95] <107*
FIDES vs DVD [+20.55, +28.92] <107*
Mistral-7B FIDES vs AdaCAD [+9.25, +14.88] <107*
FIDES vs CAD [+16.12, +23.25) <107*
FIDES vs DeCoRe [+20.95, +29.12] <107*
FIDES vs DVD [+17.85, +25.68] <107
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] <107
FIDES vs DVD [+11.25, +16.48] <107*
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] <1074
FIDES vs DVD [+8.75, +13.65] <1074
TriviaQA (CF-RAG)
LLaMA2-7B  FIDES vs AdaCAD  [+10.05, +16.48] <107*
FIDES vs CAD [+18.32, +25.75] <107*
FIDES vs DeCoRe [+21.95, +30.52] <1074
FIDES vs DVD [+19.48, +27.85] <1074
Mistral-7B FIDES vs AdaCAD [+9.85, +15.60] <107
FIDES vs CAD [+17.25, +24.32] <107*
FIDES vs DeCoRe [+22.45, +30.82] <107*
FIDES vs DVD [+19.32, +27.75) <107*
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] <107*
FIDES vs DVD [+12.12, +17.45) <107*
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] <107*
FIDES vs DVD [+9.48, +14.52] <107*
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One FIDES Decoding Step

1.  Run the context path on [d;X;y<¢] and the no-
context path on [X; y<¢].

2.  Extract the next-token logits and last-token hidden
states from both paths.

3. Compute Opposition;, Shift;, and Noise; using
Egs. (2)-(4).

4.  Fuse the three signals into FIDES_Score, (Eq. 5) and
map to o, via Eq. (6).

5. Form z{ ™ = (1 4 o) 2™ — qp20o°t°.

6. Decode the next token from softmax(z{ ""*") under
the chosen policy (greedy in main experiments).

Figure 8: 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.



Table 13: Full scalability results across all three benchmarks. FIDES gains persist at 13B and 70B; token-level
selectivity unlocks F1 improvements inaccessible to coarse rules.

NQ-Swap PopQA TriviaQA

Model Method CF EM F1 CF EM F1 CF EM F1
Standard RAG  69.12 33.54 36.82 63.85 3192 3546 6092 29.85 34.12
LLaMA2-13B CAD 78.34 30.12 33.05 70.15 28.12 30.54 6822 27.05 29.46
a ) AdaCAD 80.95 37.88 42.16 78.43 3526 3992 76.82 34.02 39.05
FIDES 84.82 44.52 48.23 9035 4292 4486 88.54 41.22 46.75
Standard RAG  73.54 3892 42.15 7582 3943 43.06 74.02 38.16 42.11
LLaMA3-70B CAD 83.92 3345 36.88 86.54 31.02 35.12 8473 29.85 3395
) AdaCAD 86.82 43.12 4895 89.15 4295 4932 87.52 4152 47.88
FIDES 9245 5135 61.82 9427 54.12 6345 93.18 52.88 61.95

Table 14: 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 Context-faithful
prior answer
TriviaQA / Who was the British Prime Minister in 1953?  The edited passage states that Sir An-  Well-known political-history prior = Winston Sir Anthony Eden
thony Eden served as British Prime  conflicts with a counterfactual office-  Churchill
Minister in 1953. holder claim.
TriviaQA / Which element has the atomic number 1? The edited passage asserts that Helium  Strong scientific prior is contradicted ~ Hydrogen Helium
has atomic number 1. by a precise numeric fact in the re-
trieved evidence.
PopQA / What is Ottawa the capital of? The edited passage describes Ottawa as ~ High-confidence geography prior is ~ Canada Australia
the capital city of Australia. reversed by an explicit country-entity
substitution.
PopQA / Who is the author of Good People? The edited passage says that Lynn Not- A named-entity authorship prior isre- David Lindsay- Lynn Nottage

tage wrote the play Good People.

placed by a coherent but counterfac-  Abaire

tual literary attribution.

PopQA / What genre is Rome?
political thriller.

The edited passage frames Rome as a

Genre classification is shifted from historical drama
the canonical label to a plausible but

conflicting alternative.

political thriller

3. Conflict presence: The edited passage unam-
biguously contradicts the original answer—a
reader who only sees the edited passage would
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 k = 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%).
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S 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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