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Abstract

When LLMs are given contradictory passages,
the generated response may appear decisive
while masking how internal signals behave un-
der conflicting evidence. Does it favor one
passage, blend both, or ignore both? We study
model behavior under inter-context contradic-
tion by introducing a white-box tracing frame-
work that extracts internal model signals based
on hidden-state shifts, counterfactual attribu-
tion via passage removal, and token-level un-
certainty during generation under two single-
passage prompts and one dual-passage prompt
with conflicting evidence. We evaluate four
open-weight LLMs from the LLaMA (8B and
70B), OLMo, and Qwen on WikiContradict,
a human-annotated QA benchmark with con-
tradictory passages. Each dual-passage answer
is labeled as committing to passage A or pas-
sage B, blending both, or fabricating an an-
swer unsupported by either passage. Com-
paring these labels with the extracted signals
shows that larger models reduce fabrication, but
hidden-state and probability-level signals can
disagree with the final answer. Moreover, fab-
ricated answers often remain high-confidence,
showing that confidence alone is unreliable for
identifying ungrounded behavior under contra-
dictory evidence. We further validate on Con-
flictBank, a larger misinformation-conflict QA
dataset, showing consistent disagreement pat-
terns across models. Finally, we test whether
pre-generation white-box signals are informa-
tive beyond interpretation by training classifiers
to predict output behavior. Classifiers using
white-box signals outperform probability base-
lines, showing these signals contain diagnostic
information about model behavior under con-
tradictory evidence beyond log probabilities.

1 Introduction

Large language models (LLMs) are increasingly
used for question answering settings where the pro-
vided evidence may contain conflicting informa-

Q: During the Battle of Fort Eben-Emael, how many
gliders did the German army use in the attack?
Passage A: During the battle of Fort Eben-Emael, for
reasons of security ...

Passage B: To prepare for the battle of Fort Eben-
Emael, Hauptmann Walter Koch divided ...

WikiContradict | Answer 1: 42

Answer 2: 41

@
Q: During the Battle of Fort Eben-Emael, how many gliders
did the German army use in the attack?

Open-weight LLM

Extract & Analyze
LLM Internal Signals

Passage A: During the battle of Fort Eben-Emael, for reasons of security ...

N Single Passage
Prompt
Cp1=(q,p7)

Single Passage
Promt

Cp2=(q,p2)

Generated Answer: forty-two

Q: During the Battle of Fort Eben-Emael, how many gliders
did the German army use in the attack?

Passage B: To prepare for the battle of Fort Eben-Emael,
Hauptmann Walter Koch divided ...

_ Generated Answer: 41

Dual-Passage | @ During the Battle of Fort Eben-Emacl, how many gliders
Ia'_!] Prompt did the German army use in the attack?
Caual =
(g, p1, p2)

Passage A: During the battle of Fort Eben-Emael, for reasons of security ...

Passage B: To prepare for the battle of Fort Eben-Emael,
Hauptmann Walter Koch divided ...

Generated Answer: 49

Figure 1: Evidence-conditioned prompting setup for
white-box analysis of contradictory evidence. For each
WikiContradict instance, we query an open-weight LLM
with each passage separately (C1, Cp2) and with both
passages together Cayal.

tion. Such conflicts are also common in retrieval-
augmented generation (RAG) scenarios, where re-
trieved passages may disagree. Knowledge con-
flicts can arise as context-memory conflict, where
external evidence conflicts with the model’s para-
metric knowledge; inter-context conflict, where
retrieved passages conflict with each other; and
intra-memory conflict, where conflicting knowl-
edge is encoded within the model itself (Xu et al.,
2024). This paper focuses on inter-context con-
flict: a setting where two passages provide con-
tradictory answers to the same question, as illus-
trated in Figure 1. Unlike standard factual QA,
there may be no single answer supported by all
provided evidence. A model may commit to one
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Figure 2: LLM white-box tracing pipeline. Each WikiContradict instance is converted into three evidence-
conditioned prompts and evaluated with an open-weight LLM. We then extract hidden state, probability, and output
level signals from the three conditions, and label the generated Cy,,1 answer using GPT-4-turbo. The extracted
signals and output labels are used to trace how internal behavior changes under contradictory evidence and how it

relates to the model’s final answer.

passage, commit to the other, blend both passages,
or generate an answer unsupported by either pas-
sage. For example, if one passage states that an
event involved 42 gliders while another states 41,
a model may answer “42”, “41”, blend both in-
consistently, or produce an ungrounded answer
such as “49”. This motivates our main research
question: how does model behavior differ be-
tween single-evidence and dual-evidence contra-
dictory conditions? Final-answer evaluation alone
cannot answer this question, because it does not
show how behavior changes relative to each pas-
sage separately. Probability-based signals are also
insufficient: they indicate how likely the generated
answer is, but not whether behavior follows one
passage, blends both passages, or produces an an-
swer unsupported by either passage. We therefore
use single-passage conditions as reference points
for analyzing the dual-passage conflict condition.

Prior work has studied uncertainty (Vashurin
et al., 2025), internal states (Orgad et al., 2025),
and knowledge conflicts (Xu et al., 2024) in LLMs.
However, it remains unclear whether white-box
signals, i.e., internal model signals such as hidden-
state shifts, context attribution, and token-level un-
certainty, differ between single- and dual-passage
contradictory evidence conditions, and whether
they provide diagnostic information about output
behavior beyond output log probabilities. We ad-

dress this gap through three research questions:

RQ1: How do hidden-state, context attribution,
and token-level uncertainty signals differ between
single-passage evidence conditions and the dual-
passage contradictory condition?

RQ2: What output behaviors do LLMs produce
when responding to contradictory passages: com-
mitting to passage A, committing to passage B,
blending both passages, or fabricating an answer
unsupported by either passage?

RQ3: Do pre-generation white-box signals pro-
vide information beyond output log probabilities
for interpreting and classifying output behavior un-
der contradictory evidence?

To answer these research questions, we intro-
duce a white-box tracing framework for open-
weight LLMs. As shown in Figure 2, we compare
two single-passage prompts with one dual-passage
prompt, extract these signals, and label each dual-
passage answer by its output behavior. Across four
open-weight LLMs, larger models reduce fabrica-
tion but do not eliminate cases where internal sig-
nals and output behavior point to different passages.
Fabricated answers can remain high-confidence,
showing that confidence is unreliable for detecting
answers unsupported by either passage. Finally,
classifiers using pre-generation white-box signals
outperform probability-only baselines, showing
that internal signals capture information beyond
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log probabilities. We further test generalizabil-
ity on ConflictBank (Su et al., 2024b), a larger
misinformation-conflict QA dataset, and observe
consistent cross-level disagreement patterns.

Overall, our contributions are threefold: (i) we
introduce a white-box tracing framework that ex-
tracts internal signals (hidden-state shifts, counter-
factual attribution, token-level uncertainty) under
single-passage and dual-passage conditions, en-
abling contrastive analysis of how contradiction
changes model behavior across four open-weight
LLMs: LLaMA (8B, 70B), OLMo, and Qwen;
(i1)) we show that fabrication, defined as an an-
swer unsupported by either passage, can be high-
confidence under contradiction, making confidence
unreliable for detecting unsupported answers; (iii)
we show that pre-generation white-box signals
provide diagnostic information beyond output log
probabilities: they improve output-behavior clas-
sification over probability-only baselines and help
interpret model behavior under contradictory evi-
dence, achieving macro-F1 of 0.641 for Qwen and
0.460 for OLMo.

2 Related Work

Internal signals for uncertainty and factual-
ity. Prior work uses hidden states and internal
activations to study uncertainty, factuality, and
hallucination-related behavior, including seman-
tic entropy (Farquhar et al., 2024), hidden-state
truthfulness signals (Orgad et al., 2025), real-time
hallucination detection (Su et al., 2024a; Obeso
et al., 2025), UQ benchmarking (Vashurin et al.,
2025). Our work differs by studying contradictory
evidence directly: we compare dual-passage be-
havior with single-passage baselines and analyze
whether hidden state, attribution, and token-level
signals align with the final answer.

Knowledge conflicts and context faithfulness.
(Xie et al., 2024) study the behavior under knowl-
edge conflicts: models are receptive to coherent
evidence but exhibit confirmation bias. (Xu et al.,
2024) survey three conflict categories (context-
memory, inter-context, intra-memory), and define
inter-context conflict as conflict among contextual
knowledge sources. (Hou et al., 2024) introduce
WikiContradict, a benchmark of 253 human-
annotated Wikipedia contradictions. (Ming et al.,
2025) benchmark faithfulness across unanswerable
and inconsistent contexts. However, most work fo-
cuses on final outputs rather than comparing white-
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Figure 3: Output-label distribution under the dual-
passage condition Cqya; across the four evaluated mod-
els. LLaMA-3.1-70B shows fewer FABRICATION cases
than the smaller models, while most outputs commit to
one of the two passages.

box diagnostic signals across single-evidence and
contradictory dual-evidence conditions.

Counterfactual attribution. Prior work studies
context attribution by estimating how input evi-
dence contributes to model outputs (Cohen-Wang
et al., 2024). We adopt a counterfactual attribu-
tion view for contradictory evidence using leave-
one-out log-probability changes: each passage is
removed in turn, and the resulting change in output
probability estimates its contribution to the gener-
ated answer.

3 White-Box Tracing of Contradictory
Evidence

We study contradictory-evidence question answer-
ing using WikiContradict, which consists of 253
human-annotated Wikipedia contradictions. Each
instance consists of a question g, two passages p;
and p, and two conflicting short answers a; and
ag, where p; supports a1 and pg supports ag. As il-
lustrated in Figure 1, for each instance we construct
three evidence-conditioned prompts:

Cp1 = (q,p1),
Cp2 = (Qap2)a
Cqual = (¢, p1,P2)-

The single-passage prompts Cp,1 and Cp2 provide
reference behavior for each passage, while the dual-
passage prompt Cqy,) €xposes the model to contra-
dictory evidence. Comparing Cgy,1 With Cp1 and
(2 allows us to analyze how white-box signals
and output behavior differ between single-evidence
and contradictory dual-evidence conditions.

As shown in Figure 2, our framework analyzes
this behavior across three levels: hidden-state sig-
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nals, probability-level signals, and final output be-
havior. We extract white-box signals from the
prompt conditions, label each Cy,,; answer as fol-
lowing Passage A, following Passage B, combin-
ing both passages, or producing an answer unsup-
ported by either passage, and compare these labels
with the extracted signals to analyze agreement be-
tween signal-based indicators and output behavior.
We evaluate four open-weight LLMs: LLaMA-3-
8B, LLaMA-3.1-70B, OLMo-2-7B, and Qwen2.5-
7B, using the same strict answer-only prompt for-
mat. The exact model checkpoints are listed in
Appendix D.3.

3.1 Evidence-Conditioned Prompt Templates

The answer-generation prompt template is provided
in Appendix A.l. In all three conditions, we use
the same strict answer-only instruction so that the
model returns a short answer phrase rather than an
explanation. The only difference between condi-
tions is the evidence provided: C,; contains pas-
sage A only, C2 contains passage B only, and
C4ual contains both contradictory passages.

3.2 Dual-Passage Answer Labeling

For each answer generated under Cgqy,1, we as-
sign an output-behavior label based on its rela-
tion to the two conflicting reference answers from
WikiContradict. GPT-4-turbo is given the ques-
tion, the two reference answers, and the model-
generated Cyu, answer, and is asked to select
one of four labels: PASSAGE_A, PASSAGE_B,
SYNTHESIS, or FABRICATION. We use an 8-shot
prompt, with two examples for each label; the full
prompt is provided in Appendix A.2. To validate
the labeling procedure, we manually annotated a
stratified sample of 50 instances. GPT-4-turbo
matched the human labels in 98.0% of validation
cases, with Cohen’s x = 0.965, indicating almost
perfect agreement. We therefore apply the same
labeling procedure to all generated answers in the
full dataset. Further details are provided in Ap-
pendix B.4. Figure 3 summarizes the output label
distribution for Clg,,; across WikiContradict for
each model.

Order-swapped label distribution. To check
passage-order sensitivity, we generate an order-
swapped condition Cqualswap = (¢, P2,p1) and
report output-label distributions in Appendix B.3,
Figure 4. This condition serves as a diagnostic ro-
bustness check. Because reversing passage order

Component Value

WikiContradict instance

Instance we_0020

Question ‘What year did Paul Fraisse become di-
rector of the Institute of Psychology of
the University of Paris?

Answer 1 1965

Answer 2 1952

White-box tracing outputs

Cp1 answer 1965

Cp2 answer 1952
Cdual answer 1961
Hidden-state Signals Passage B
Candidate preference ~ Passage A
Output label Fabrication
Disagreement True

Table 1: Example of cross-level disagreement. The Wi-
kiContradict instance provides two conflicting answers,
while the tracing outputs show that the dual-passage
answer is Fabrication and the internal signals point to
different passages.

may affect output-label distributions, we exclude
it from signal extraction and the main experiments.
The main analyses therefore use a single fixed pas-
sage order.

3.3 White-Box Signal Extraction

Building on the evidence-conditioned prompts, we
extract white-box signals under Cp1, Cp2, and
Cqual- Comparing the dual-passage condition with
the two single-passage conditions lets us measure
how internal signals and output behavior differ un-
der contradiction. We analyze three signal levels:
hidden-state representations, probability-level be-
havior, and the generated answer. In Section 4,
we examine which signals differ across conditions,
distinguish output labels, and provide diagnostic
information for output-behavior classification be-
yond output log probabilities.

3.3.1 Level 1: Hidden-States Signals

We extract hidden vectors hgf) at the last input
token position 7" from three depth-normalized lay-
ers, corresponding to approximately 25%, 50%,
and 75% of each model’s transformer depth. This
choice captures early, middle, and late representa-
tions while keeping the analysis comparable across
models with different numbers of layers. Prior
layer-wise analyses show that transformer layers
encode different linguistic and semantic informa-
tion at different depths (He et al., 2024). The
selected layers are {7,14,21} for Qwen2.5-7B,
{8,16,24} for LLaMA-3-8B and OLMo-2-7B,
and {20, 40, 60} for LLaMA-3.1-70B. Hidden drift
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Qwen2.5-7B LLaMA-3-8B LLaMA-3.1-70B OLMo-2-7B
Output Label n Disagree n Disagree n Disagree n Disagree
Passage A 123 68 (55.3%) 116 63 (543%) 132 68 (51.5%) 123 57 (46.3%)
Passage_B 94  3133.0%) 91 41(451%) 101 54(53.5%) 87 23(26.4%)
Synthesis 0 — 3 3 (100.0%) 5 2 (40.0%) 5 4 (80.0%)
Fabrication 36 18(50.0%) 43  20(46.5%) 15 5(33.3%) 38 20(52.6%)

Table 2: Cross-level disagreement rates by output label. Disagreement occurs when internal signals do not align in

selecting the same passage.

measures mean cosine distance:

DD ( e ) (M)
REECA N P [

where L is the set of selected depth-normalized
layers for each model, and C; € {C},1,Cpa}. We
derive a hidden state direction from the smaller
drift value: the representation points to Passage
A if drift(Cyyal, Cpl) < drift(Cyya, Cpg), and to
Passage B otherwise. This follows the intuition
that smaller cosine drift indicates greater represen-
tational similarity between the dual-passage con-
dition and the corresponding single-passage refer-
ence condition.

drift(cdual, C'

3.3.2 Level 2: Probability-Level Signals

For each generated token ¢ in the output sequence,
we extract three token-level signals:

logp,, = log p(ty | t<k, prompt),

entropy;, = — Y _ pylog pu,
veEY
gapr = Pa) — P2)-

where logp, measures token confidence, entropy,,
captures probability mass dispersion over vocab-
ulary V, and gap,, is the margin between the top
two token probabilities p(q) and p(z) at position k.
These token-level signals are averaged across the
generated sequence to obtain mean logprob, mean
token entropy, and mean token gap.

Candidate scoring. We use a common answer-
reranking approach: comparing the model’s log-
probability scores for the two reference answers
under Cqyua)- This indicates which reference an-
swer the model finds more probable when both
contradictory passages are present, and therefore
which passage dominates the model’s preference
under contradiction.

cand_score = log P(a1 | Cqual)
—log P(az | Cqual).-  (2)

Where Cgyal (¢,p1,p2), a1 and ay
are the two conflicting reference answers from
WikiContradict, p; supports aj, and py supports
ag. Positive values indicate preference for a;, and
negative values indicate preference for as.

Counterfactual attribution (Deltal.ogP). To es-
timate how each passage contributes to the gener-
ated answer, we use a leave-one-out counterfactual
attribution approach inspired by context attribution
work (Cohen-Wang et al., 2024). We compare the
log-probability of the generated answer under the
dual-passage prompt Cqua = (g, p1, p2) with its
log-probability when one passage is removed.

T

Alog Py = Z {log P(y: | Caual, y<t)
t=1
—l0g Py | Coay<)], )
T
Alog Pg = Z {log P(yt | Caual, y<t)
=1

—log P(y: | Cpu, y<t)} NG

Here, 1.7 is the answer generated under Cgyal.
Alog P4 measures how much the probability of
this generated answer changes when p; is re-
moved, while A log Pg measures the correspond-
ing change when p» is removed. We also compute
the siding score:

siding_score = Alog P4 — Alog Pg.

A positive siding score indicates stronger attribu-
tion to p;, while a negative score indicates stronger
attribution to ps.

3.3.3 Level 3: Output Level Uncertainty

We compute semantic entropy (SE) as an output-
level uncertainty signal. Semantic entropy esti-
mates whether the model produces semantically
diverse answers when sampled under the same

39244



Qwen2.5-7B LLaMA-3-8B LLaMA-3.1-70B OLMo-2-7B
Output Label n Higher conf. n Higher conf. n Higher conf. n Higher conf.
Passage A 123 37(30.1%) 116 30(259%) 132 35(26.5%) 123 21 (17.1%)
Passage_B 94 23 (24.5%) 91 24 (26.4%) 101 21 (20.8%) 87 19 (21.8%)
Synthesis 0 - 3 1 (33.3%) 5 1 (20.0%) 5 2 (40.0%)
Fabrication 36 13 (36.1%) 43  20(46.5%) 15 5(33.3%) 38 13 (34.2%)

Table 3: Higher confidence rates by output label. Higher confidence means the dual-passage conflict condition
Cluar has higher mean log-probability than the stronger of the two single-passage conditions, max(Cp1, Cp2). The
n column gives the number of outputs with each behavior label.

prompt (Farquhar et al., 2024). We sample K =10,
with decoding (temperature=0.7, top_p=0.9,
max_new_tokens=64). We cluster them using NLI
entailment nli-deberta-v3-small model (He
et al., 2023), and compute:

C C
SE:Z|K|log|K| (5)
C

where K is the number of sampled answers and
|c| is the size of semantic cluster c. If all sampled
answers express the same meaning, they form one
cluster and SE = 0. If the sampled answers are
distributed across several semantic clusters, SE in-
creases, indicating greater output level uncertainty.

4 Experiments

We evaluate our approach through two main
experiments on 253 WikiContradict instances
processed under Cqual, Cpi, and Cpo using
four open-weight models: LLaMA-3-8B-Instruct,
LLaMA-3.1-70B-Instruct, OLMo-2-7B-Instruct,
and Qwen2.5-7B-Instruct. The first experiment
analyzes how the extracted signals behave under
contradiction and whether they differ across output-
label groups (Section 4.1). The second experiment
evaluates whether pre-generation signals provide
diagnostic information for output-behavior classifi-
cation beyond log probabilities (Section 4.2). We
also include a generalization analysis on Conflict-
Bank (Su et al., 2024b) in Section 4.3. Code and
configurations are listed in Appendix D.

4.1 Signal Behavior Under Contradiction

Cross-level disagreement. We define cross-level
disagreement when the internal signals and output
behavior do not point to the same passage. For
each instance, we compare which passage is in-
dicated by the hidden-state signal (Section 3.3.1),
which passage is preferred by candidate scoring
(Section 3.3.2), and which passage is selected by
the output label (Section 3.2). Table 1 shows an

example of cross-level disagreement. Table 2 re-
ports disagreement rates across models and output
types: 26-55% when the model follows one of the
two passages and 33-53% for FABRICATION. Dis-
agreement rates vary across models: Qwen2.5-7B
shows the highest rate for PASSAGE_A, LLaMA-
3.1-70B shows the highest rate for PASSAGE_B,
and OLMo-2-7B shows the lowest rates for both
passage-following labels. This indicates that under
contradictory evidence, internal signals and out-
put behavior often point to different passages, with
different disagreement rates across models.

Confidence under contradiction. Table 3 re-
ports how often the model is more confident under
contradiction than under either single-passage con-
dition.

Let y§CT)C be the answer generated under condi-

tion C. We define the mean token log-probability
as:

Tc

_ 1

UC) = = D logp(yi™ | C,yD).
t=1

We then define confidence change under contradic-
tion as:

Aconf = Z(Cdual)
— max (€(Cp1), {(Cp2))-

A positive value means that the dual-passage
answer has higher mean token log-probability
than the stronger single-passage baseline. Across
all four models, FABRICATION often appears
with increased confidence: 46.5% for LLaMA-3-
8B, 36.1% for Qwen2.5-7B, 34.2% for OLMo-2-
7B, and 33.3% for LLaMA-3.1-70B. This shows
that ungrounded answers are not reliably low-
confidence under contradiction.

Statistical tests. We examine two questions: (1)
Does contradiction change the extracted signals?
(2) Do signals differ by output-label type? For
question (1), we run paired Wilcoxon signed-rank
tests to compare paired conditions (Cqyar Vs Cp1,
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Signal Qwen2.5-7B  LLaMA-3-8B LLaMA-3.1-70B OLMo-2-7B
Alog Pa < 0.001*** < 0.001*** 0.190 ns < 0.001***
Alog Pp < 0.001*** < 0.001*** < 0.001*** < 0.001***
Hidden drift from C,; < 0.001*** < 0.001*** < 0.001™** < 0.001***
Candidate margin < 0.001*** < 0.001*** < 0.001*** < 0.001***
Token entropy 0.047* 0.162 ns 0.439 ns 0.236 ns
Token gap 0.140 ns 0.067 ns 0.139 ns 0.474 ns
Hidden drift from Cp2 0.136 ns 0.492 ns 0.957 ns 0.073 ns

Table 4: Kruskal-Wallis test results comparing each signal across Cygya1 output label by (Passage_A, Passage_B,
Synthesis, Fabrication). Significant values indicate the signal separates output types. Significance codes: ***p <

0.001, **p < 0.01, *p < 0.05, ns = not significant.

Qwen2.5-7B LLaMA-3-8B LLaMA-3.1-70B OLMo-2-7B
Task Feature set
LogReg GBT LogReg GBT LogReg GBT LogReg GBT
A-class PreGen white-box 0.641  0.581 0.387 0429  0.352 0.365 0460  0.453
Logprob-only baseline ~ 0.497  0.569  0.364 0366  0.295 0.288 0.398 0.409
Binar PreGen white-box 0.614  0.532  0.525 0576  0.427 0.473 0.478 0.503
Y Logprob-only baseline ~ 0.507  0.482  0.447 0.519  0.437 0.470 0410 0.483

Table 5: PreGen white-box refers to the pre-generation signals set and Logprob-only baseline uses candidate margin.
Performance across the four evaluated models using macro-F1 with stratified 5-fold cross-validation.

Caual Vs Cp2) in the same instances for mean token
entropy, mean token gap, and mean log-probability
(all token-level signals averaged over the gener-
ated answer). We also test A log P4 and A log Pp
against zero (Appendix C.1, Table 7). Results show
that contradiction produces selective rather than
uniform signal shifts in most models. Token en-
tropy and log-probability show significant changes
for some single-passage comparisons, while token
gap is less consistent. However, OLMo-2-7B and
LLaMA-3.1-70B show significant changes across
all token-level signals, suggesting more consistent
token-level sensitivity to contradictory evidence.
Counterfactual attribution signals are significant in
most models for both passages. This indicates that
removing either passage often changes the model’s
probability for the generated answer.

For question (2), we run Kruskal-Wallis tests
comparing each signal across the four output labels.
Table 4 shows that the strongest differences across
output-label groups come from attribution and
preference-related signals. Alog P4, Alog Ppg,
hidden drift from (Y1, and candidate margin are
significant across most or all models. In contrast,
token entropy, token gap, and hidden drift from
Cp2 are less consistent. This indicates that output
behavior under contradiction is better separated by
passage-attribution and directional signals than by
generic uncertainty measures.

4.2 Classifying Output Behavior Using
Pre-Generation White-Box Signals

Setup. We evaluate whether answer-independent
pre-generation signals provide diagnostic informa-
tion for output-behavior classification under contra-
diction, beyond output log probabilities. To avoid
using information from the generated answer, we
restrict this experiment to signals available before
answer generation. We train Logistic Regression
and Gradient Boosted Trees using stratified cross-
validation on two feature sets: (1) PreGen white-
box signals, using signals available before answer
generation: hidden drift comparing Cgqya With Cpq
and Cp (extracted at the last input token position,
Section 3.3.1); and (2) logprob-only baseline, using
candidate margin only. We evaluate two settings.
The 4-class setting predicts the full output-behavior
label: PASSAGE_A, PASSAGE_B, SYNTHESIS, or
FABRICATION. The binary setting predicts whether
the answer is supported by at least one passage or
is FABRICATION.

Results. Table 5 shows that PreGen white-box
signals outperform the logprob-only baseline in the
4-class setting across all four models, indicating
that answer-independent white-box signals provide
diagnostic information about output behavior be-
yond output log probabilities. For 4-class classifi-
cation, Qwen2.5-7B improves from 0.497 to 0.641
with Logistic Regression and from 0.569 to 0.581
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Qwen2.5-7B LLaMA-3-8B LLaMA-3.1-70B OLMo-2-7B
Output Label n Disagree n Disagree n Disagree n Disagree
Passage_A 542 247 (45.6%) 714 190 (26.6%) 656 309 (47.1%) 608 53 (8.7%)
Passage_B 170 77 (45.3%) 6 1(16.7%) 50  35(70.0%) 83 28(33.7%)
Synthesis 0 — 3 1(33.3%) 30 8(26.7%) 37 12(32.4%)
Fabrication 38 17 (44.7%) 27 4 (14.8%) 14 6 (42.9%) 22 3(13.6%)

Table 6: Cross-level disagreement rates by output label on ConflictBank. Disagreement occurs when internal signals

do not align in selecting the same passage.

with GBT. LLaMA-3-8B improves from 0.364 to
0.387 with Logistic Regression and from 0.366 to
0.429 with GBT. LLaMA-3.1-70B improves from
0.295 to 0.352 with Logistic Regression and from
0.288 to 0.365 with GBT. OLMo-2-7B improves
from 0.398 to 0.460 with Logistic Regression and
from 0.409 to 0.453 with GBT. In the binary setting,
PreGen white-box signals also improve over the
logprob-only baseline for Qwen2.5-7B, LLaMA-3-
8B, and OLMo-2-7B, while performance is compa-
rable for LLaMA-3.1-70B. These results show that
answer-independent pre-generation signals contain
diagnostic information associated with output be-
havior under contradictory evidence, although the
overall performance remains moderate and varies
across models.

4.3 Generalization to ConflictBank

To test whether the observed cross-level disagree-
ment patterns generalize beyond WikiContradict,
we evaluate our framework on ConflictBank (Su
et al., 2024b), a large knowledge-conflict bench-
mark covering misinformation, temporal, and se-
mantic conflicts. We use 750 instances from the
misinformation-conflict QA subset. In this set-
ting, each instance pairs a default factual evidence
context with a synthetically generated misinfor-
mation context, creating an asymmetric conflict
between factual and misleading evidence. We ap-
ply the same prompting conditions, white-box sig-
nal extraction pipeline, output taxonomy, and dis-
agreement analysis used for WikiContradict. Ta-
ble 6 reports the corresponding cross-level dis-
agreement rates on ConflictBank. The results show
that cross-level disagreement persists on Conflict-
Bank across all four models. Although the out-
put distribution is skewed toward PASSAGE_A, es-
pecially for LLaMA-3-8B, disagreement remains
common even when the model selects the factual
evidence side. For example, LLaMA-3-8B selects
PASSAGE_A in 714 cases, of which 190 show in-
ternal disagreement. Qwen2.5-7B and LLaMA-

3.1-70B show even higher disagreement rates for
PASSAGE_A, at 45.6% and 47.1%, respectively.
These results support the main finding that final
answers can mask disagreement among internal
signals.

5 Discussion

Our experiments reveal how LLMs behave under
contradictory evidence.

Contradictory evidence creates different output
behaviors. Under Cy,1, a model can commit to
the answer supported by p1, commit to the answer
supported by ps, blend information from both pas-
sages, or generate an answer unsupported by either
passage. These behaviors are not captured by a
simple faithful/unfaithful distinction, because an
answer may be supported by one passage while
ignoring the conflict introduced by the other. We
therefore analyze behavior under contradictory evi-
dence rather than treating the task as standard hal-
lucination detection.

Final answers can mask disagreement among
internal signals. The cross-level disagreement
results show that internal signals and output behav-
ior do not point to the same passage. This occurs
not only for FABRICATION, but when the final an-
swer commits to one of the two passages. Thus,
the final answer does not capture how the model
responds to competing evidence sources.

Sampling uncertainty under contradiction. Se-
mantic entropy is useful, but for short-answer con-
tradictions it is often less discriminative than attri-
bution and hidden-state signals. Models may gener-
ate stable answers even when passages conflict; in
these cases, sampled-output uncertainty can remain
low, while internal signals show disagreement or
sensitivity to competing passages.

Confidence alone is unreliable under contra-
diction. A finding is that fabricated answers
are not always low-confidence. Across the four
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models, FABRICATION shows higher confidence
under contradiction in 46.5% of LLaMA-3-8B,
36.1% of Qwen2.5-7B, 34.2% of OLMo-2-7B, and
33.3% of LLaMA-3.1-70B cases. This means that
confidence-based filtering would miss a fraction of
unsupported answers. The result is important for
RAG-style settings, where retrieved passages may
conflict and a model may produce a fluent, high-
confidence FABRICATION answer, i.e., an answer
unsupported by either passage.

Pre-generation White-box signals provide diag-
nostic information. Across models, classifiers
using pre-generation white-box signals outperform
logprob-only baseline. This indicates that pre-
generation white-box signals contain diagnostic
information about output behavior that is not cap-
tured by log probabilities alone.

ConflictBank provides a complementary setting
to WikiContradict: while WikiContradict contains
human-authored contradictions without a single
designated gold passage, ConflictBank is asymmet-
ric and includes misinformation evidence. The con-
sistent disagreement patterns across both datasets
suggest that the proposed white-box signals capture
conflict behavior beyond the specific WikiContra-
dict setting.

6 Conclusion

We introduced a white-box tracing framework
for analyzing how LL.Ms behave under contradic-
tory evidence. Using WikiContradict, we com-
pare single-passage baselines, C},1 and Cp2, with
a dual-passage conflict condition, Cyya), across
LLaMA-3-8B, LLaMA-3.1-70B, OLMo-2-7B, and
Qwen2.5-7B. We label dual-passage answers as
PASSAGE_A, PASSAGE_B, SYNTHESIS, or FAB-
RICATION, and trace how these behaviors relate to
hidden-state drift, probability-level signals, coun-
terfactual attribution, and output-level uncertainty.

Three findings stand out. First, larger models
reduce fabrication (LLaMA-3.1-70B: 6% vs. 14—
17% for smaller models) but do not eliminate cross-
level disagreement between internal signals and
output behavior. Second, fabricated answers show
higher confidence in 33-47% of cases, making
confidence-based filtering unreliable for detecting
answers unsupported by either passage under con-
tradiction. Third, pre-generation white-box sig-
nals provide diagnostic information about output
behavior: they improve 4-class output-behavior
classification over the logprob-only baseline across

all four models. These results show that analyz-
ing output behavior under contradictory evidence
requires more than final answer analysis. It ben-
efits from combining diagnostic generation-time
analysis with pre-generation classification signals.
A further evaluation on ConflictBank, a larger
misinformation-conflict QA dataset, shows that
cross-level disagreement persists beyond WikiCon-
tradict. Future work should evaluate whether these
signals generalize to long-form, multi-hop, and nat-
urally retrieved RAG settings.
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8 Limitations

Our main experiments are conducted on WikiCon-
tradict, a controlled benchmark of short-answer
question-answering instances with paired contra-
dictory passages. We additionally evaluate on
ConflictBank to test generalizability in a larger
misinformation-conflict setting. However, both
datasets remain controlled benchmarks, and the
findings may not directly generalize to long-form
generation, multi-hop reasoning, or naturally re-
trieved RAG settings where conflicts are less con-
trolled. Our analysis is also limited to four open-
weight instruction-tuned models. Although these
models cover different families and sizes, addi-
tional models are needed to assess how broadly
the observed signal patterns generalize. Finally,
our experiments are intended to test whether white-
box signals contain useful information about out-
put behavior, not to claim a deployable detector
for unsupported answers. Explaining the causes
of model-specific differences, such as architecture,
training data, or instruction tuning effects, is left
for future work.

9 Ethical considerations

This work aims to analyze output behavior under
contradictory evidence, not to provide a deployable
safety detector. The proposed white-box signals
should not be interpreted as guarantees of factual
correctness. We use controlled benchmarks of con-
tradictory and misinformation-conflict evidence, so
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the findings may not fully generalize to noisier real-
world RAG settings. Output labels are obtained
with LLM-assisted annotation and manually vali-
dated on a stratified sample; although agreement is
high, some labeling errors may remain. We used
generative Al tools to assist with language pol-
ishing and clarity of presentation. All scientific
content, experimental design, analysis, and conclu-
sions were developed and verified by the authors.
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A Prompt Templates

A.1 Answer Generation Prompt

For each WikiContradict instance, we instantiate
the answer-generation prompt separately under
three evidence conditions: Cp1, Cp2, and Cgyal.

Answer Generation Prompt: Single-Passage Condi-
tion Cp1

System: You are given a question and optionally one
or two context passages. Return ONLY the shortest
answer phrase. Do not explain. Do not repeat the
question. Do not mention conflict. Do not use full
sentences unless the answer itself is a sentence. Do

not add prefixes like “Answer:”.
answer text.

Output only the

User:

Context: [PASSAGE_A]
Question: [QUESTION]
Answer:

. J
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Answer Generation Prompt: Dual-Passage Condition
Cdual

System: You are given a question and optionally one
or two context passages. Return ONLY the shortest
answer phrase. Do not explain. Do not repeat the
question. Do not mention conflict. Do not use full
sentences unless the answer itself is a sentence. Do
not add prefixes like “Answer:”. QOutput only the
answer text.

User:

Context 1: [PASSAGE_A]
Context 2: [PASSAGE_B]
Question: [QUESTION]
Answer:

A.2  Output Labeling Prompt

Output Labeling Prompt

Task: Given a question, two conflicting reference
answers, and a model-generated answer, assign ex-
actly one label describing how the generated answer
relates to the two reference answers.

Question: [QUESTION]

Answer 1: [ANSWER_1 from WikiContradict]
Answer 2: [ANSWER_2 from WikiContradict]
Model answer: [MODEL_ANSWER]

Labels:
* Passage_A: the model answer commits to An-
swer 1.
» Passage_B: the model answer commits to An-
swer 2.
* Synthesis: the model answer blends incompat-
ible evidence from both answers.
» Fabrication: the model answer is unsupported
by either answer.
Few-shot examples: The prompt includes eight ex-
amples, with two examples for each label.

Output format: Return only one label: Passage_A,
Passage_B, Synthesis, or Fabrication.

B Output Labeling and Label
Distribution

B.1 Output Label Definitions

Each Cgy,1 answer is assigned one of four labels:
PASSAGE_A if it follows the answer supported
by p1, PASSAGE_B if it follows pa, SYNTHESIS
refers to answers that combine incompatible infor-
mation from both reference answers into a single
response, such as returning a range, conjunction,
or hybrid answer that is not itself supported by
either passage alone. For example, if the two refer-
ence answers are “41” and “42”, an answer such as
“41-42” would be labeled as SYNTHESIS. FABRI-
CATION refers to an answer that is unsupported by
either reference answer, such as returning “49” in
the same example.

B.2 LLM-Assisted Labeling

We use GPT-4-turbo (gpt-4-turbo-2024-04-09)
to assign output-behavior labels. It receives the
question, the two conflicting reference answers
from WikiContradict, and the answer generated
under Cqy,1- We use an 8-shot in-context prompt,
with two examples for each label. The prompt is
shown in Appendix A.2.

B.3 Order-Swapped Dual-Passage Label
Distribution

To examine passage-order sensitivity in output be-
havior, we evaluate an order-swapped dual-passage
condition:

C1dua,l—swap = (q’ P2, P1 ) .

This condition uses the same two contradictory
passages as Cgyal, but reverses their order. We
use this analysis only for output-label distributions.
It is not used in the hidden-state, attribution, or
other experiments. Figure 4 shows the output-label
distributions.

B.4 Labeling Validation

We manually verified a stratified sample of 50 in-
stances to validate the GPT-4-turbo labeling proce-
dure.

The automatic labels matched the manually ver-
ified labels in 98.0% of the validation cases, with
Cohen’s k = 0.965, indicating almost perfect
agreement. Only one disagreement was observed.
The validation was performed by the authors; no
external participants or annotators were recruited.

Labeling disagreement example. We observed
one disagreement between GPT-4-turbo and the
manually verified label:
¢ Question: Was the total distance of the 1920
Volta a Catalunya less than 615 km (382 mi)?
* WikiContradict answer 1: Yes
e WikiContradict answer 2: No
* Cyual generated answer: 607 km (377 mi)
e Labels: GPT-4-turbo = FABRICATION; man-
ual = PASSAGE_A.

C Extended Experimental Results

C.1 Dual-Passage vs. Single-Passage Signal
Comparison

For token-level signals, we report the mean value
under Cqy,1 and the corresponding single-passage
reference condition. These means are descriptive
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Figure 4: Comparison of output-label distributions for the dual-passage condition Cqya1 = (¢, p1, p2) and the order-
swapped dual condition Cyyalswap = (¢, P2, p1). Each model has two stacked bars showing how reversing passage
order changes generated answer labels. Across both conditions, LLaMA-3.1-70B produces fewer Fabrication cases

than the smaller models.

summaries across instances. Statistical significance
is assessed using Wilcoxon signed-rank tests over
paired instance-level differences. Table 7 reports
complete Wilcoxon signed-rank test results from
Experiment 1.

D Reproducibility Details

D.1 Code and Data Availability
To support reproducibility, we provide a public
repository:

https://github.com/pelchafei/
whitebox-contradictory-evidence/.

D.2 Hyperparameters

Table 8 shows all settings and experimental hyper-
parameters.

Parameter Value
Signal extraction
do_sample False
Sampling semantic entropy
do_sample True
num_return_sequences 10
temperature 0.7
top_p 0.9
NLI clustering
Model cross-encoder/
nli-deberta-v3-small
Threshold 0.7
Hidden states
Qwen2.5-7B layers {7, 14,21}
LLaMA-3-8B layers {8, 16,24}
LLaMA-3.1-70B layers {20, 40, 60}
OLMo-2-7B layers {8, 16,24}
Classifiers
Logistic Regression
Penalty L2
max_iter 1000
class_weight balanced
Gradient Boosted Trees
n_estimators 100
random_state 42

Stratified 5-fold
StandardScaler

Cross-validation
Feature scaling

Table 8: Experimental hyperparameters.

D.3 Model Checkpoints

We use the following open-weight model versions:
* Qwen2.5-7B: Qwen/Qwen2.5-7B-Instruct
e LLaMA-3-8B:
meta-llama/Meta-Llama-3-8B-Instruct
e LLaMA-3.1-70B: hugging-quants/
Meta-Llama-3.1-70B-Instruct-AWQ-INT4
¢ OLMo-2-7B:
allenai/OLMo-2-1124-7B-Instruct
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Model Signal vs. Mean Cyqua1 Mean Reference (Cp1 or Cp2) Wilcoxon p,g;

Token entropy Cp1 0.230 0.186 0.002**
Token entropy Cpa 0.230 0.197 0.014*
Token gap Cp1 0.844 0.867 0.117 ns
Token gap Cho 0.844 0.857 1.000 ns
Qwen2.5-7B Mean logprob  Cir 0.110 -0.090 0.065 ns
Mean logprob  Clp2 -0.110 -0.101 1.000 ns
Alog Pa 0 6.645 - < 0.001™**
Alog Pp 0 7.047 - < 0.001***
Token entropy Cp1 0.438 0.404 0.322 ns
Token entropy Chpa 0.438 0.398 0.004™*
Token gap Ch1 0.715 0.734 1.000 ns
Token gap Cho 0.715 0.743 0.106 ns
LLaMA-3-8B M fean logprob  Cir 0210 -0.197 1.000 ns
Mean logprob  Clp2 -0.210 -0.191 0.044*
Alog Pa 0 5.385 - < 0.001***
Alog Pg 0 4.300 - < 0.001***
Token entropy Cp1 0.651 0.576 0.007**
Token entropy Cha 0.651 0.560 < 0.001***
Token gap Cp1 0.655 0.681 0.037*
Token gap Cho 0.655 0.691 < 0.0017**
LLaMA-3.1-70B  Mean logprob  Coy -0.279 -0.250 0.008**
Mean logprob  Chpa -0.279 -0.240 < 0.001***
Alog Pa 0 2.807 - < 0.001***
Alog Ps 0 3.097 - < 0.001***
Token entropy Ch1 0.558 0.442 < 0.001***
Token entropy Clhpa 0.558 0.463 < 0.001***
Token gap Ch1 0.736 0.783 < 0.0017**
Token gap Cp2 0.736 0.781 < 0.001™**
OLMo-2-7B Mean logprob  Cp1 -0.220 -0.171 < 0.001***
Mean logprob  Chpa -0.220 -0.173 < 0.001***
Alog Pa 0 5.669 - < 0.001***
Alog Px 0 3.777 - <0.001***

Table 7: Wilcoxon signed-rank results comparing Cyg,, With single-passage references for token-level signals,
where Wilcoxon p.gqj is computed from paired instance-level differences and Bonferroni-adjusted. A log P4 and
Alog Pp are tested against zero. Significance codes: ***p < 0.001, **p < 0.01, *p < 0.05, ns = not significant.
Mean columns are descriptive summaries across instances for the corresponding conditions and are not used directly
to compute the Wilcoxon p,q; values.
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