Diagnosing Knowledge Conflict in Multimodal Long-Chain Reasoning

Jing Tang"” and Kun Wang?>® and Haolang Lu** and Hongjin Chen?

KaiTao Chen® and Zhongxiang Sun* and Qiankun Li’> and Lingjuan Lyu®

Guoshun Nan® and Zhigang Zeng!'

"Huazhong University of Science and Technology
3Beijing University of Posts and Telecommunications

?Nanyang Technological University
*Renmin University of China

>Sony Al, Zurich, Switzerland

jingtang@hust.edu.cn

wang.kun@ntu.edu.sg

luhaolang@bupt.edu.cn

“Equal contribution. Correspondence: nanguoshun@gmail.com, zgzeng @hust.edu.cn

Abstract

Multimodal large language models in long
chain-of-thought reasoning often fail when dif-
ferent knowledge sources provide conflicting
signals. We formalize these failures under a uni-
fied notion of knowledge conflict, distinguish-
ing input-level objective conflict from process-
level effective conflict. Through probing in-
ternal representations, we reveal that: (I) Lin-
ear Separability: different conflict types are
explicitly encoded as linearly separable fea-
tures rather than entangled; (IT) Depth Local-
ization: conflict signals concentrate in mid-
to-late layers, indicating a distinct process-
ing stage for conflict encoding; (IIT) Hierar-
chical Consistency: aggregating noisy token-
level signals along trajectories robustly recov-
ers input-level conflict types; and (IV) Direc-
tional Asymmetry: reinforcing the model’s im-
plicit source preference under conflict is far eas-
ier than enforcing the opposite source. Our find-
ings provide a representation-level characteri-
zation of multimodal reasoning under knowl-
edge conflict and enable principled diagno-
sis and control of long-CoT failures. Code:
github.com/Diagnosing-Knowledge-Conflict.

1 Introduction

Multimodal large language models (MLLMs) (Jin
et al., 2025; Caffagni et al., 2024; Zhang et al.,
2024a) have made substantial progress in visual
understanding (Tong et al., 2024a; Ghatkesar et al.,
2025; Ma et al., 2025), textual reasoning (Wang
etal., 2024; Du et al., 2025a; Mirzadeh et al., 2025),
and cross-modal alignment (Yu et al., 2024; Yan
et al., 2025; Yu et al., 2025), enabling complex per-
ception—reasoning—decision workflows. A defining
capability is long-form reasoning: beyond produc-
ing answers, these models can generate extended
chains-of-thought (CoT) (Wang et al., 2025b; Yue
et al., 2025) that support challenging multi-step
tasks. However, recent work documents failures
under contradictory evidence or constraints: mod-

els may ignore explicit instructions (Wang et al.,
2025a; Zhao et al., 2025), privilege the wrong
evidential source (Guan et al., 2024; Liu et al.,
2025b), or yield plausible yet goal-inconsistent con-
clusions (Fanous et al., 2025). These observations
suggest that a key bottleneck in multimodal rea-
soning is not missing information, but reliable
decision-making under conflicting signals.

Building on these observations, prior
work (Zhang et al., 2024c; Lu et al., 2024)
has characterized abnormal behavior under con-
flicting signals from several largely independent
angles. In retrieval-augmented generation, a
central question is whether models remain faithful
to retrieved evidence or drift toward parametric
priors (Wu et al., 2024). In vision settings with
counterfactual or commonsense-violating inputs,
MLLMs are often found to underweight visual
evidence and default to “reasonable” answers
that match world knowledge (Tong et al., 2024b;
Liu et al.,, 2025c). In high-stakes domains,
studies further report over-accommodation to
user assertions, which can pull predictions away
from the underlying evidence (Sharma et al.,
2024). Although these lines of work differ in tasks,
datasets, and evaluation criteria, their failure modes
are similar: when information sources disagree,
models do not reliably follow the appropriate
basis for a decision, and instead exhibit unstable,
hard-to-control trade-offs across sources.

In this paper, we take a unified view that
these phenomena arise from knowledge conflict
in multimodal reasoning. When generating to-
kens, MLLMs jointly rely on multiple knowledge
sources, including visual evidence, textual instruc-
tions and contextual constraints, and parametric pri-
ors stored in the model weights (Han et al., 2026;
Liu et al., 2024a; Karamcheti et al., 2024). When
these sources provide inconsistent signals for the
same goal, the model must resolve which source
to follow. Importantly, the resulting failures are
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not fabrications from missing knowledge, but in-
correct source selection under conflict: the model
may have access to competing plausible cues
yet follow the wrong basis. Accordingly, our fo-
cus is not the act of answer generation itself, but
whether conflict-induced failures can be localized,
measured, and functionally tested at the level of
internal representations.

Multimodal long-CoT reasoning (Ni et al., 2025)
sharpens this problem: conflicts may arise at any
step or modality, and once a step adopts the wrong
basis, subsequent reasoning can proceed coherently
yet end in a globally incorrect conclusion (Zhang
et al., 2024b). Because such deviations are masked
by fluent rationales (Turpin et al., 2023), the final
output alone rarely reveals when a conflict emerged
or how it propagated, so diagnosing long-CoT fail-
ures requires step-level tools.

In this work, < We diagnose knowledge conflict
dynamics on 7,500+ long-CoT trajectories from
an objective conflict benchmark, where effective
conflicts are activated in 78-90% of samples; these
rates are conditional on a constructed stress test and
are not estimates of natural prevalence. % Through
layer-wise analysis of three models, we localize a
depth-dependent conflict-sensitive layer band. Us-
ing streaming probes to detect token-level conflict
states, we find they exhibit high linear separability
(93.2~98.8% AUC, 76.9~97.8% Recall@0.1),
revealing them as explicit, decodable features.
We employ three pluggable methods for interven-
tion. These methods can either steer model outputs
toward selected directions, reducing conflict fre-
quency by up to 80 %, or suppress high-confidence
errors by up to 55%.

2 Related Work

Knowledge Conflict. Research on knowledge
conflicts has identified three primary sources: con-
flicts between internal priors and visual informa-
tion (Liu et al., 2025b; Du et al., 2025b) or tex-
tual inputs (Zhang et al., 2025a; Su et al., 2024),
and conflicts between visual and textual modali-
ties (Deng et al., 2025). Building on these findings,
significant efforts have been made to mitigate such
conflicts through advanced strategies (Xie et al.,
2024; Guo et al., 2024), including knowledge edit-
ing (Tan et al., 2024; Zhang et al., 2025d; Cheng
et al., 2024; Chen et al., 2025) and retrieval aug-
mentation (Huo et al., 2025; Zhang et al., 2025b; Li
et al., 2025). These approaches have demonstrated

potential in enhancing model faithfulness and re-
liability (Huang et al., 2025b; An et al., 2025; Shi
et al., 2024; Zhang et al., 2024d; Lu et al., 2025).
Text-only studies typically isolate a single source
pair, most often context versus parametric mem-
ory (Xie et al., 2024; Jin et al., 2024), and the
field survey (Xu et al., 2024) likewise organizes
knowledge conflict along text-centric axes with-
out modeling visual evidence. Although the above
evidence suggests that conflicts are coupled and
multi-source, existing solutions remain fragmented
across modalities and fail to model conflicts holis-
tically, thereby limiting their applicability in com-
plex settings.

Probe Detection. Investigating internal states via
probe detection is a developing field, yet the his-
tory of probing in LLMs (Kahana et al., 2025)
provides clear precedents. Notably, the evolution
of probe detection primarily centers on hallucina-
tion and faithfulness (Feng et al., 2025; Yi et al.,
2025). Core techniques, such as linear probe gen-
erators (Kahana et al., 2025) and propositional
probes (Feng et al., 2025), have inspired analogous
approaches in watermark identification (Liu et al.,
2025a), reward maximization (Li et al., 2024), and
combinatorial optimization (Zhang et al., 2025e).
However, these approaches predominantly focus on
single-modal issues or specific downstream tasks,
leaving the detection and localization of multi-
modal knowledge conflicts largely unexplored. In-
spired by this, we introduce a specialized probe
detection framework to identify the three sources
of knowledge conflicts in MLLMs.

3 Conflict in Multimodal Reasoning

3.1 Knowledge Sources and Pairwise Conflicts

We consider a multimodal long-CoT reasoning
task with input z = (Xy, X7) (visual Xy, tex-
tual X7). Given a multimodal generative model
My, reasoning unfolds as a token sequence 7(z) =
(y1,-..,yr), with each token sampled as y; ~
My(- | x,y<¢) and the step-t state denoted h; =
fo(x,y<¢), where fp extracts the hidden represen-
tation via a forward pass up to a specified layer.
We  abstract the  knowledge  avail-
able to the model into three sources,
K = {Kvision; Krext, ,Cprior}: Kyision and Krex
consist of facts supported by Xy and Xp re-
spectively, while Kyrior denotes parametric priors
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Table 1: Output-level conflict profile across models (objective conflict subsets). We present statistics of generated
trajectories under three types of conflict (model details in Appendix B). Metrics reported include sample count,
average CoT length, average conflict spans per sample (spans are contiguous conflict segments identified via an
automated LLM annotation pipeline, may consist of one or multiple tokens.), conflict token density (proportion of
conflicting tokens), and sample conflict rate (% of samples exhibiting effective conflict).

| Llama-3.2V-11B-cot |

R1-Onevision-7B ‘ Ocean-R1-7B-Instruct

Metric

[Cp=1 CQp=1 Cpr=1 Al [Cyp=1 Cyp=1 Cp=1 Al |Cyp=1 Cyp=1 Chp=1 Al
Samples 749 1012 803 2564 724 993 769 2486 640 1026 807 2473
Avg. CoT length (tokens) 326,79 1768.85 23850 868.32 | 706.85  790.63 55897 694.57 | 488.15 71126 30297 520.28
Avg. conflict spans per sample 2.69 6.20 4.04 4.50 3.66 6.73 7.02 5.93 8.68 9.00 5.43 7.75
Conflict token density (%) 4.92 1.65 1125 561 3.20 2.16 7.68 4.17 8.70 3.23 1177 743
Conflict Sample Ratio (%) 63.68 82.21 86.43  78.12 | 59.67 85.90 8791  78.88 | 88.75 90.25 89.34  89.57
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Figure 1: Overview of Knowledge Sources and Con-
flict Types. We categorize knowledge into Visual
(Kyision)» Textual (Kiex(), and Parametric Prior (Kpgior)-
Knowledge conflicts arise when factual statements from
different sources act as incompatible signals. We define
three primary conflict types: Vision-Text (CyT), Vision-
Prior (Cyp), and Prior-Text (Cpr).

encoded in 6. For each K, € K, we represent
its factual content as a set of atomic statements
F(K), and write ¢, L 1, when two facts are
semantically incompatible. We define a pairwise
knowledge conflict between sources K; and K;
(i # j) as the set of incompatible fact pairs:

Cij ={(¥i,¥5) [ i € F(Ka),
vj € F(Kj), ¥i L}
We focus on three primary types induced by the

three sources: Vision-Prior (Cyp), Vision-Text
(CyT), and Prior-Text (Cpr).

ey

3.2 Objective vs. Effective Conflict

As shown in Figure 1, we distinguish two notions:
objective conflict, defined at the input level, and
effective conflict, a process-level reasoning state.
Objective Conflict describes factual inconsis-
tency induced by the input and the model’s para-
metric priors. For a conflict type C; ;, we define

C{p(x) = 1indicates that Xy contradicts the para-
metric prior for a specific fact. This is an input-
level property and does not itself imply the model
will engage with the conflict during inference, mo-
tivating a process-level notion.

Effective Conflict characterizes whether an ob-
jective conflict is triggered during reasoning and
reflected in the internal state: Cf;(t | z) € {0,1}
indicates whether, at step ¢, the model relies on mu-
tually incompatible information of type C; ;. The
relationship is asymmetric:

P(Cij(t |z) =1]C7;(x) = <1, (2

i.e., objective conflict captures whether a conflict
exists at the input level (jointly induced by in-
put and priors), while effective conflict captures
whether and when it activates during reasoning
(model- and process-dependent).

Objective conflict data construction. For
mechanistic analysis, we construct a benchmark
of isolated pairwise conflicts, with each example
containing one type (VP, VT, or PT). This serves
as a diagnostic stress-test of conflict arbitration un-
der contradiction, not an estimate of in-the-wild
prevalence. For each x, we generate a long-CoT
trajectory and align input-level labels C7 ; (z) with
step-level effective conflict signals {Cf ;(t | ) 7
inferred from outputs. Table 1 reports activation
statistics. Details are in Appendix A.

4 Probing Conflict from Internal States

In Section 3, we formalize knowledge conflict as
input-level C7;(z) and process-level Cf (¢ | z).
This section addresses the core question: Is Cf ;(? |
x) reflected in the model’s internal states, and can
it be identified online during streaming generation?
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4.1 Token-level Probing of Conflict

We construct a streaming detector that, at the ¢-
th token, determines whether an effective conflict
Ci;(t | x) is triggered from the hidden state hgl)
using only the prefix y.;. Extending binary hallu-
cination probes (Obeso et al., 2025), we cast detec-
tion as four-class classification: z = 0 denotes no
conflict (Cf;(t | ) = 0,V(3, j)), and 2z € {1, 2,3}
correspond to active Cyp, Cpr, and Cy.

Formally, we define a probe f that maps hidden
states to conflict-label probabilities:

Py(z | hgl)) = Softmax(f(b(hgl))) ,
2 e{0,1,2,3).

3)

Supervision comes from span-level assertion anno-
tations in Table 1; we project each span label to
its tokens to obtain the dense label sequence {z;}.
Since conflict tokens are extremely sparse in long-
CoT, we train f, with a weighted cross-entropy:

Lonobe = — _wilog Py(z | "), (@)
t

where w; upweights z € {1,2,3} to prevent col-
lapse onto the no-conflict majority class. Train-
ing details, stricter prefix-only protocols, surface-
signal control baselines, and a blind human check
of span supervision are reported in Appendix C.

4.2 Verifying the Separability of Conflicts

We evaluate whether the probe reliably diagnoses
conflicts from internal states, examining token-
level separability of effective conflicts and sample-
level recovery of objective conflict types.

Predicted Label
w/o Conflict VP PT VT

Binary
88.7% 1.9% 4.7% 4.7% |collapse
(n=299,386) (n=6,302) (n=16,032) (n=15,928)

26.6% 0.3% 6.0%
(n=1,007) (n=13) (n=228)

w/o Conflict  Conflict

€
S

1 3bers

“onflict  w/o Conflict

67.1%
(n=2.542)

VP w/o Conflict

42.7%
(n=2472) (n=12)

57.0%
(0=3,301)

True Label

PT

22.3% 4.1%

(n=505) (n=92)

VT

Figure 2: Token-level separability of effective conflict
C; ;(t | z). The left panel shows the confusion matrix
over token-level conflict predictions. The right panels
decompose performance into binary detection of conflict
versus no-conflict, and fine-grained attribution among
conflict types. Values denote row-normalized recall.

(I) Separability of Effective Conflicts: Local Sig-
nals in Sparse Regimes. We first ask whether
the probe can distinguish different types of effec-
tive conflicts Cf ;(t | x) from internal states. As
shown in Figure 2, the probe demonstrates robust
discrimination. In binary detection (Stage I), it
achieves a high True Negative rate of 88.7%, ef-
fectively filtering non-conflicting steps; the 46.6%
False Negative rate is primarily driven by semantic
sparsity within conflict spans (67.1% of Cyp tokens
are misclassified due to weak local signals). Once
effective conflict is activated (Stage II), separability
between conflict types sharply increases: Cpt and
Cvyr reach 99.4% and 94.8%; even the subtlest Cyp
jumps from 26.6% (global) to 80.7% (conditioned).
The minimal off-diagonal confusion (< 1% be-
tween PT and others) confirms that distinct conflict
types occupy highly separable subspaces.
Because the three types are built from differ-

ent corpora, separability could in principle reflect
dataset or template identity. Our contrast is within-
trajectory: conflict and no-conflict tokens of the
same sample share the same image, prompt, and
template, so any input- or corpus-level confound is
constant within a sample and cannot produce this
separation. Consistent with this, the probe fires
intermittently rather than uniformly (token density
1.65-11.77%, Table 1), surface cues (position, per-
plexity) stay far weaker under the same protocol
(£68.5 vs. 93.4-98.4 AUC; Appendix C.10), and
detection is prefix-only (first-token 89.8%, window
w=8 95.1% AUC; Appendix C.9).

Conclusion (Local Effective Conflicts): Dif-
ferent effective conflict types yield distinct local
structure in the internal states, recoverable in a
streaming fashion under strict prefix-only proto-
cols, although per-type detectability varies with
the semantic density of each conflict.

(II) Alignment to Objective Conflicts: Aggregat-
ing Effective Signals. We next examine whether
aggregating local effective conflicts Cf;(t | x)
along a reasoning trajectory recovers the corre-
sponding objective conflict C7 ;(x), testing robust-
ness beyond individual steps.

For each long-CoT trajectory, we mean-pool
hidden states of activated effective conflicts into
a sample-level representation. The t-SNE visu-
alization in Figure 3 shows samples sharing the
same objective conflict type form compact, well-
separated clusters, indicating consistent global
structure. Quantitatively, we infer the objective

47950




T 204
201 » Vol E
e o 10{ +| b

0
0

—20
~10

*

—20 0

20 -25 0 25
(a) R1-Onevision-7B (b) Llama-3.2V-11B-cot

Figure 3: Sample-level separability of conflict
types. We visualize the t-SNE projection of hidden
states at layer 20 (R1-Onevision) and layer 39
(Llama-3.2V). The three conflict categories are col-
ored by their Objective Conflict labels, defined during
dataset construction. The top-right confusion matrices
illustrate sample-level attribution performance.

conflict type via

T
ésample = arg HclaXZH[CEj(t | l‘) = 1] N G))]

YA

Comparing ésample with the ground-truth C7 ; (x)
directly tests whether the model’s internal conflict
aligns with the input-level conflict structure.

This aggregation uses the probe’s per-token pre-
dictions; no span annotation is available at test
time. Annotated span boundaries are used to report
position-resolved detection metrics, i.e., to evaluate
where detection fires, not for the detector to run.

As shown in the inset matrices of Fig-
ure 3, aggregation substantially enhances sepa-
rability. Cpr reaches a perfect 100.0% on both
R1-Onevision and Llama-3.2V, confirming
text—prior conflicts induce uniquely stable inter-
nal shifts. Residual confusion is largely confined
to visual-conflict types (e.g., 25.1% of CyT mis-
taken as Cyp on R1-Onevision; 14.7% of Cyp
as CyT on Llama-3.2V). This error structure is
semantically organized rather than arbitrary, since
both visually grounded types share a common
visual-grounding component. We therefore read
the shared VP/VT boundary as an empirical find-
ing rather than as noise. Without re-training, the
same probe transfers to five external benchmarks
with different datasets and templates (binary AUC
87.15%; Appendix C.11), indicating that the recov-
ered structure is not specific to our construction,
though it does not establish reliable attribution un-
der mixed or compositional conflicts.

Conclusion (Global Effective Conflicts): Ag-
gregating stepwise effective conflict signals along
the reasoning trajectory makes objective conflict
types C7 ;(x) robustly separable at the sample
level: effective conflicts form consistent global
patterns aligned with the input-level conflict struc-
ture rather than acting only as local artifacts.

4.3 Cross-Layer Conflict Signals

We scan model depth to localize where effective
conflicts are most strongly encoded. For each
layer [, we train the same token-level probe on
hgl) and report one-vs-rest AUC / Recall@0.1 for
{Cvp,CpT,Cy}.

Beyond probe separability, we also quantify a
lightweight mechanistic correlate (Huang et al.,
2025a): how attention-head activations differ be-
tween conflict and no-conflict token positions. Let
AU denote attention heads at layer [ and ogl’a)
the output of head « at token ¢. Let S¢onf collect
the (z,t) with Cf;(¢ | x) = 1 for some (4, j), and
Shcont those with no active conflict. The layer-wise
activation ratio on a token set S is

>
>

(6)
with  a fixed activation threshold (Appendix C.3),
and the activation drift ARV = RO(S.qns) —
RW (Snconf) measures how strongly attention shifts
when effective conflicts are triggered.

1 a
RO(S) = Enesqm) > 1[fof
ac AW

Figure 4 reveals distinct depth-dependent sig-
natures from both measurements. (I) Probe
Separability: In 7B models (R1-Onevision,
Ocean-—R1), discrimination rises in early layers
and peaks in the mid-to-late block (Layers 15-22),
where AUC for Cpr and CyT consistently exceeds
93% before declining. Llama—3.2V pushes sat-
uration deeper, maintaining >95% separability up
to Layer 39. (II) Activation Drift aligns with
these attention shifts: R1-series shows negative
drift (suppression) peaking at Layers 18-22, while
Llama-3.2V shows positive drift (enhancement)
in Layers 30-39. We refer to this co-located region
as a conflict-sensitive layer band and probe at Layer
20 for 7B and Layer 39 for 11B. The band is broad
rather than a single privileged layer. The precise
location varies with architecture and training, but
in all three backbones the signal is depth-localized
rather than uniformly distributed (Appendix C.7).
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Figure 4: Cross-layer conflict signals. Top row: attention-head activation ratio on conflict tokens vs. no-conflict
tokens (lines), and their difference (bars), computed using effective conflict labels. Middle/bottom rows: layer-wise
probe performance (one-vs-rest AUC and Recall@0.1) for Cyp, Cpr, CyT across three MLLM backbones.

Conclusion (Layer-level): Probe separability
and attention drift co-localize in a backbone-
specific mid-to-late layer band, indicating that
conflict-related signals are depth-localized rather
than uniformly distributed, even though the exact
band depends on the model.

4.4 Linearity of Conflict Representation

To assess whether effective conflict signals Cf (1 |

x) encoded in hgl) are explicitly linear or non-
linearly entangled, we run experiments at the
conflict-sensitive band layers identified in Sec-
tion 4.3, using two probe architectures with distinct
assumptions: (I) Linear Probe (f;;,): a single pro-
jection W € R¥** evaluating linear separability,
where high accuracy indicates clear, decoupled con-
flict boundaries. (II) MLP Probe (f,,,), a deep
MLP with three dimension-reducing layers (1024
— 512 — 256) and ReL.U, designed to capture
non-linear entanglement.

As shown in Table 2, we report AUC and Re-
call@0.1 under “Span-Max” aggregation (max pre-
dicted probability across tokens within each span;
Appendix C.5). The Linear Probe achieves strong
performance across all conflict types (AUC 93.2—
98.8%, Recall@0.1 76.9-97.8%). For Cpr, Linear
achieves 98.6% AUC and 96.1-97.2% Recall@0.1;
for Cyp and Cyr, 93.4-95.9% AUC and 76.9—
87.9% Recall@0.1, comparable to MLP. That a
single linear layer suffices indicates that for knowl-
edge conflicts, LLM features are already explicitly
disentangled in the high-dimensional space; non-
linear complexity yields no significant gain.

Conclusion (Linearity): A linear probe matches
the non-linear MLP, indicating effective conflicts
are explicitly linearly separable rather than en-
tangled in non-linear manifolds, enabling efficient
inference-time detection.

5 Intervening in Knowledge Conflict

Building on Section 4’s finding that effective con-
flicts C ;(t | ) are streaming-decodable and lin-
early separable in mid-to-late layers, we ask: given
an input with C ; (x) = 1, can inference-time in-
terventions bias the model toward a desired knowl-
edge source, or suppress effective conflict activa-
tion during generation?

5.1 Unified directional interventions

Two control objectives. We consider two set-
tings under objectively conflicting inputs. (I) Tar-
geted source control. Given a target source K¢ €
{Ki,K;}, we intervene so the model follows /Cs,
yielding two directions: Forward (toward the truth-
anchored, benchmark-reliable source) and Reverse
(toward the opposite source). (II) Conflict miti-
gation. We measure whether interventions reduce
effective conflict activation, using the expected frac-
tion of conflict-detected reasoning steps:

E, E, [H[c;j(t | z) = 1]]. )

A unified view of directional interventions. Let
¢, € RIVI denote the pre-softmax logits at step t.
We view an inference-time intervention as an addi-
tive logit perturbation, applied directly or implicitly
via hidden-state manipulation:

pr = softmax (¢, + Aly), Al =T (x,y<t). (8)
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Table 2: Assessment of conflict probe performance across three VLM backbones. We report AUC and Recall
at FPR=0.1 (Rec@0.1) under the One-vs-Rest setting. Gray rows indicate the Span-Max aggregation, which
consistently outperforms token-level baselines. Values are presented as percentages (%).

AUC (%) Recall @0.1 (%)
Models Probe Granularity
w/o Conflict Cyp =1 Cpr =1 Cyr=1 wloConflict Cyp =1 Cpr=1 Cyr=1
= All Token 81.7;{:041 86.310‘2 92.0i0,1 94.8j;0.2 50.0j:0.3 56.8;{:0‘2 75.1j:0,1 87.3i0,3
:% Linear Span Only 76.840.2 825401 90.8+0.3 954402 355402 445403 705102 885101
za Span-Max 93.240.1 942102 98.640.1 973101 81.540.2 824,101 972101 93.8:02
==
=l All Token 95.540.1 9044102 852403 941401 89.140.2 684101 627102 793101
= MLP  Span Only 95.710.2 86.1+0.3 80.31t0.1 93.31t0.2 89.840.1  53.0402 437402 76.8+0.3
Span-Max 973101 945:01 932.02 991401 934,102 824101 821401 98.7102
- All Token 83.0+0.2 90.640.1 942402 949401 53.7+0.3 694101 81.3102 8564101
= S Linear Span Only 78.5+0.1 86.7+0.3 90.010.2 97.610.1 414402 525102 66.610.1 94.610.3
o Span-Max 95.010.2 959.01 98.610.1 98.8:0.1 85.740.1 87910 9714101 978402
8 =
8 g All Token 95.5;&:041 92.83:0‘1 85.0;&0,2 95.5i0.1 87.1j:0.2 75.6;\:0‘3 61.6i0,1 85.2i0,2
©S  MLP SpanOnly  978:0> 873102 797401 917102 957105 539401 433102 71.00.
Span-Max 99.240.1 96.5+0.1 953402 984101 98.910.1 898102 87.5i01 96.1.0:1
All Token 88.7+0.2 90.540.1 969402 9454101 68.410.3 672102 944101 858102
E! = Linear Span Only 79.6+0.2 8584102 902401 952403 432401  Sllio2 66.0102 884101
’g $ Span-Max 93.9.10.1 934,01 984.02 972401 83.510.2 769101 961102 931101
m
E‘ - All Token 95.840.2 90.74+0.1 88.7+0.2 969101 894401 643102 70.6103 93.710.2
= MLP  Span Only 96.1+0.1 855403 792402 892401 90.8+0.2 46.740.1 405102 652401
Span-Max 97.240.1 945,102 934101 978401 932101 823102 823101 944.02

We consider three instantiations of Z, ordered by
the granularity at which they use the conflict sig-
nal: (I) Visual contrastive decoding (VCD) (Leng
et al., 2024), a logit-level correction restricted to vi-
sual conflicts. (II) Representation steering. Lever-
aging the linear separability from Section 4, we
adopt steering (Zhang et al., 2025c) that shifts
the hidden state at a conflict-sensitive layer by a
learned direction, hy = h; + A\ v (A: strength, v:
direction). (IIT) Probe-guided control. We use the
streaming probe to score candidate continuations,
reweighting decoding toward options less likely to
trigger conflicts. For top-k candidates V), with base
probabilities p;(w):

pr(w) o< pr(w) exp(a Pt(w)), w € Vg, 9)
where Pt(w) is the probe-predicted no-conflict
probability for continuation w, and « controls
guidance strength (implementation details: Appen-
dices D.4 and D.5).

5.2 Targeted source control

We evaluate whether targeted interventions bias the
model toward a specified knowledge source under
objectively conflicting inputs. We use an automated
assertion-level judge, implemented with a strong
off-the-shelf LLM, to assess semantic alignment
with the target source: the judge extracts factual
claims from the output and verifies each against the

corresponding truth anchor (image, input text, or
world knowledge), yielding compact metrics ASR
(Anchor Support Rate), ARR (Anchor Refutation
Rate), and OER (Obvious Error Rate). Human
verification on a stratified 10% subset (~1,500
spans) yielded high agreement (x = 0.87), con-
firming close alignment with human perception
(Appendix D.2); a separate blind human evaluation
of intervention outputs (Appendix D.8) gives the
same directional pattern as the judge.

As shown in Figure 5, targeted source control
is feasible but directionally asymmetric. Forward
interventions (toward the truth-anchored source;
vision for VP/VT and prior for PT) reliably im-
prove semantic alignment, whereas Reverse con-
trol (forcing the competing source) often degrades
it. We attribute this to an internal source-reliability
prior: its persistence across three distinct back-
bones and a source-balanced protocol that decou-
ples direction from source identity (Appendix D.9)
suggests shared instruction-tuning biases toward
user-provided context (Sharma et al., 2024; Zhang
et al., 2025c¢), rather than construction artifacts.

Under Forward control, Probe-guided control
improves ASR while lowering OER by ~30%;
VCD yields stronger but selective gains on Cyp
(ASR +15%, ARR halved). Reverse control re-
mains challenging: most methods regress or show
negligible gains. Functionally, the probe mainly
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Figure 5: Semantic performance of targeted source control. We evaluate three conflict subsets (C{p, C{p, Cpp)
using judge-based metrics: ASR (Anchor Support Rate, 1), ARR (Anchor Refutation Rate, |), and OER (Obvious
Error Rate, |). Forward/Reverse denote interventions toward the truth-anchored (benchmark-reliable) vs. conflict-
ing source. Arrows show changes relative to baseline. VCD is inapplicable to the non-visual C3 subset.

Table 3: Probe-independent source-anchored evalua-
tion (Ocean—R1). Paired differences (Probe-guided —
Baseline, points) with 95% bootstrap CIs over matched
question IDs (n=40/subset); bold marks intervals ex-
cluding zero. Per-arm scores: Appendix D.7.

Subset AASR? AARR| AOER]
Cyp=1  0.0(-38411 +2.3[-09,54] +2.3 [-09,53]
Cpr=1 +191-59,1041 —6.2[-127,—051 —6.0[—125 —05]
Cyr=1 +21.0 22,3021 —15.1 (-228,—751 —15.1 [(—23.0, —7.5]

suppresses conflict states rather than enforcing
weaker-source selection: VCD is high-gain but
direction-sensitive, while Representation steering
reduces ARR/OER but rarely sustains ASR gains.

Probe-independent semantic evidence. Since
the probe both guides one intervention and sup-
plies the token-level metrics of Section 5.3, we
add a source-anchored evaluation whose judge
sees only the input, the reliable source, and the
response, never hidden states or probe scores (Ap-
pendix D.7).

The effects are heterogeneous, and we do not
claim uniform gains: they concentrate on Cyr
(+21.0 ASR, —15.1 ARR/OER), while Cp1 shows
reliable ARR/OER reductions with an ASR change
spanning zero, and Cyp leaves no headroom at
92.0% baseline ASR. A blind human study agrees
directionally, preferring Probe-guided outputs in
80.0% of pairs for target-source compliance and
73.3% for factual fidelity (N=15; Appendix D.8).

Ruling out a weak reverse operator. The same
steering operator on the same CyT examples raises
ASR by +20.2 [11.2,29.6] Forward but only +5.8
[—5.9,16.8] Reverse, an interval spanning zero,

for a gap of +14.4 [5.5,24.0] (Appendix D.9).
The asymmetry thus survives a matched-operator,
matched-example test, though we claim it only un-
der the tested controls.

Conclusion (Targeted Source Control).
Inference-time interventions exhibit a clear
directional asymmetry: biasing the model
toward truth-anchored sources is far easier
than forcing the opposite, indicating a stable
source-dependent response tendency that can be
strengthened but is difficult to reverse under the
operators tested here.

5.3 Default-direction conflict mitigation

Complementing the semantic evaluation in Sec-
tion 5.2, we ask a process-level question: under
the default (Forward) direction, can we reduce the
activation of effective conflicts Cf ; (t | =) during
generation? We use four token-level mitigation
metrics: Support Score (SS), Conflict Rate (CR),
Confidence-Adjusted Conflict (CAC), and Conflict
Confidence Index (CCI).

Table 4 shows that Probe-guided control con-
sistently suppresses conflict dynamics across back-
bones. On visually involved subsets (Cyr),
CR drops significantly (e.g., 0.10—0.02 on
R1-Onevision); even when CR remains stable
(Cp), confidence-aware measures reveal deeper
suppression (CCI drops by 25%), so the interven-
tion mitigates conflict intensity rather than only
frequency. In contrast, rigid Representation steer-
ing and unguided VCD struggle to generalize;
VCD even exacerbates conflict rates fivefold on
Llama-3.2V for CyT (0.03—0.15). A sample-
level paired analysis (Appendix D.6) confirms
Probe-guided control wins on >76.7% of matched
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Table 4: Token-level conflict mitigation under the forward direction. Results are reported on three objective-
conflict subsets (Cy;p = 1, Cyp = 1, and Cp = 1) across three backbones. We report four token-level mitigation
metrics: SST, CR/, CAC| and CCIL| (metric definitions in Appendix D.3). VCD is not applicable when C =1

and is therefore reported only for the first two subsets.

R1-Onevision-7B

Ocean-R1-7B-Instruct

Llama-3.2V-11B-cot

Subset
sst CAC|, CCI,  CRJ) sst CAC, cCL CR| Sst CAC)  cCl CR|
2 Cp=1]| 09 0.04 0.70 0.03 0.89 0.07 0.71 0.06 0.94 0.04 045 0.02
% Chr=1 088 0.08 0.80 0.10 0.87 0.09 0.79 0.10 0.90 0.06 0.72 0.03
g Cr=1 o082 0.12 0.80 0.15 0.82 0.12 0.80 0.15 0.84 0.11 0.70 0.11
8 Cr=1 0927092 005001 069000 (0g*001 | 990*001 006001 069001  0.05001 | 0.8500 0.08%0%* .637018 0.06+00
> C{J]T =1 0.90+0,01 0‘07—001 0.79—0.01 0'08—001 0.92+0.05 0.05—0.03 0.75—0.04 0.05—0.05 0.78—0.12 0'12+0,06 0‘69—003 0.15+0.11
%13 C{’/P -1 0‘92»0.02 0'05+0.01 0.69_0'00 0'05+O,02 0.89-0'01 0A07+0.00 0.71+04OO 0‘07+0.()l 0‘92»0.02 0'05+0,01 0'55+0.10 0.03+0.02
§ C{)/T -1 0‘91+0.02 0_06-0,02 0.76'0'03 0_07-0,03 0‘91+O,04 0.06'0'03 0‘77-0.03 0.06'0'04 0_90+0.00 0_06-0,00 0_67-0,04 0‘04#),01
% Cr=1 07709 016709 079000 020%005  (82t000 (12000 gp 00 (15000 | 84000 11000 69001 12+00!
2 Gp=1/0950" 00390 0670% 00200 | 09245 00509 0660 0030 | 094700 00409 03909 00200
E C\DI’T‘ -1 0'94+0,06 0‘04—004 0.64—0.16 0‘02—0.07 0.93+0.06 0.04—0.04 0.72—0.07 0.04—0.06 0‘92+O.02 0‘05—001 0‘67—005 0'03—0.00
CgT -1 0.78_0‘04 0.10-0,02 0.60_0'20 0'15+O.01 0.87+0'04 0.08-0'04 0'72-0.08 0109-0.06 0.87+O'04 0.08_0‘03 0.63_0‘07 O.lO-U'OI

samples across all four metrics. This pattern is con-
sistent with the mechanistic picture in Section 4:
because the probe operates on the conflict-encoding
subspace identified by linear separability, it can lo-
cally re-weight candidate continuations that would
otherwise trigger effective conflicts, whereas global
steering and contrastive corrections lack the same
per-token specificity.

Conclusion (Conflict Mitigation). Guiding the
model toward the reliable source attenuates inter-
nal conflict dynamics, reducing the intensity and
frequency of effective conflict Cf ;(t | x) states.
These activations are not inherent to generation,
but plastic internal states that can be suppressed.

6 Conclusion

In this work, we study failures in multimodal long-
CoT reasoning from the perspective of knowledge
conflict, rather than knowledge absence. By distin-
guishing objective conflicts from effective conflicts
during reasoning, we show that many failures arise
from how conflicting knowledge is resolved over
time. We find that effective conflicts are encoded
as explicit and linearly decodable signals, concen-
trated in a mid-to-late conflict-sensitive layer band.
Leveraging these signals, we uncover a pronounced
directional asymmetry: guiding the model toward
its reliability-aligned source is substantially eas-
ier than forcing conflict resolution in the opposite
direction, indicating a biased and path-dependent
mechanism. Our evidence is representational and
functional rather than circuit-level, and our bench-
mark isolates one source pair at a time. Looking for-
ward, we hope this perspective motivates analysis
and control methods for richer conflict structures

and more complex multimodal reasoning settings.

Limitations

Our benchmark deliberately isolates a single pair-
wise conflict type per example to enable controlled
mechanistic analysis, so the reported activation
statistics characterize MLLM behavior under con-
flict rather than the natural prevalence of such
conflicts in deployment. While we provide cross-
domain evidence on five external benchmarks (Ap-
pendix C.11) and control baselines that rule out
shortcut learning (Appendix C.10), generalization
to wild long-CoT trajectories with mixed, dynamic,
or compositional conflicts remains only partially
explored. Conflict span annotation and semantic
evaluation both rely on strong off-the-shelf LL.Ms;
we mitigate this with stratified human verification
(k=0.87, Appendix D.2), focused blind annotation
studies (Appendix C.12), and blind human evalu-
ation of intervention outputs (Appendix D.8), but
cannot fully exclude residual judge bias given the
limited scale of human studies.

Methodologically, probes are correlational tools
that identify where information is linearly read-
able, not the causal circuits that compute it; our
lightweight interventions (VCD, representation
steering, probe-guided control) test functional rele-
vance of the identified subspaces but do not estab-
lish full mechanistic understanding, which would
require activation patching or circuit-level ablation.
Experiments cover three open-weight backbones
(R1-Onevision, Ocean—-R1, Llama-3.2V)
at two parameter scales; the conflict encoding stage
is depth-localized in all three but its exact layer
depends on architecture and training (Section 4.3).
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Ethical Considerations

This work aims to advance the understanding and
reliability of MLLMs in long-CoT reasoning by
diagnosing how models arbitrate between visual,
textual, and parametric knowledge sources, with
the broader goal of reducing the propagation of
hallucinated or factually inconsistent content. We
acknowledge a dual-use risk: inference-time inter-
ventions that bias a model toward a target source
could in principle be repurposed to strengthen a
chosen source against truthful evidence. Our find-
ing that Forward (truth-anchored) interventions
are substantially easier than Reverse (anti-truth)
ones (Section 5.2) limits but does not eliminate
this risk; we therefore caution that probe-guided
or steering-based methods should not be deployed
in user-facing systems without first auditing the
targeted source for factual reliability. The diagnos-
tic benchmark is built on top of publicly available
multimodal corpora used under their respective li-
censes; no personally identifiable information or
sensitive demographic content is introduced. Al
assistants were used only for language polishing,
in accordance with the ACL Policy on Al Writing
Assistance, and the authors take full responsibility
for the correctness of the manuscript.
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A Dataset Construction and Annotation

A.1 Dataset Overview

We construct the Objective Conflict Dataset,
a fine-grained benchmark designed to system-
atically evaluate knowledge conflict phenomena
in MLLMs during long-CoT reasoning. Draw-
ing upon the three-source knowledge framework
established in Section 3.1, we leverage state-
of-the-art closed-source models (e.g., GPT-5,
Claude-Sonnet-4.5) to facilitate targeted in-
struction expansion, contradictory context genera-
tion, and span-level annotation. We emphasize that
this dataset is a controlled stress-test benchmark
designed for mechanistic analysis, rather than esti-
mating conflict prevalence in natural deployments.

Role of Closed-Source Models and Truth An-

chors. Itis important to clarify that closed-source

models serve exclusively as construction and an-
notation tools, rather than ground-truth generators.

The truth anchors for conflict verification are de-

rived from independent, objective sources:

* Visual evidence (/Cyision): The image X itself,
which provides objectively verifiable visual facts
independent of any model.

¢ Textual input (Ciex): The given prompt text X7,
which is explicitly provided and thus unambigu-
ous.

* Factual knowledge (lerior): Human-annotated
correct answers from established benchmarks
(e.g., Truthful QA (Lin et al., 2022)), ensuring
that world knowledge verification relies on exter-
nally validated facts rather than model-generated
content.

This design ensures that any potential biases in
closed-source models affect only the style of gen-
erated queries and annotations, not the correctness
of truth anchors. Furthermore, as we show in Ap-
pendix C.7, our core findings remain consistent
across three trained backbones spanning two ar-
chitecture families with different training recipes,
suggesting that the observed phenomena are not
artifacts of the annotation pipeline.

Our construction ensures that each sample
contains a dominant pairwise objective conflict
C;;),j (;U) = 1 (where Ci,j S {C\/p, C\/T, CPT}),
while strictly minimizing cross-type contamination.
The dataset covers the three core conflict types:

» Vision-Text Conflict (C{,.(x) = 1): The objec-
tive visual evidence Xy contradicts the textual
description X7 provided in the prompt.

* Vision-Prior Conflict (C{p(z) = 1): Counter-
intuitive or synthetic visual inputs Xy contra-
dict the parametric prior knowledge implicitly
encoded in the model parameters 6.

* Prior-Text Conflict (C3(z) = 1): Misleading
textual instructions X7 contradict the parametric
prior knowledge implicitly encoded in the model
parameters 6.

This appendix details the pipeline used to con-
struct these inputs and the subsequent annotation
process used to identify effective conflict triggers
Cf;(t | ») during reasoning.

A.2 Data Sources and Selection

To ensure diversity and complexity, we curate sam-
ples from the PhD (Liu et al., 2024b) and Truth-
fulQA (Lin et al., 2022) benchmarks, adapting
them to enforce specific objective conflict profiles.

Adaptation of PhD Benchmark. The PhD
dataset, originally designed to evaluate visual faith-
fulness in MLLMs, spans tasks from object recog-
nition to complex scene analysis. Two specific
subsets are selected to construct visual-related con-
flicts. Vision-Text Conflict. The PhD-icc subset,
containing 14,648 natural images paired with er-
roneous descriptions, is leveraged for this conflict
type. Approximately 1,000 images are sampled
from this collection to serve as ground-truth vi-
sual evidence Xy,. We discard the original answers
and contexts, instead employing advanced closed-
source MLLMs to synthesize highly misleading
textual contexts X7 and complex queries designed
to cause conflict during reasoning. Then, we gener-
ate responses using the three open-source MLLMs
under investigation to obtain their reasoning out-
puts under conflict. Vision-Prior Conflict. This
study utilizes the PhD-ccs subset, which comprises
750 Al-generated images that deliberately violate
physical laws or semantic common sense (e.g., a
boat sailing on desert sand). In these scenarios,
the visual evidence Xy inherently contradicts the
model’s internal world knowledge K. We re-
tain the core images and questions but discard the
original answers. Each model performs indepen-
dent inference, allowing us to analyze how they
resolve the tension between perceptual evidence
and parametric priors.

Adaptation of TruthfulQA Benchmark. For
Prior-Text Conflict, we employ the TruthfulQA
benchmark to construct conflicts where visual in-
formation is irrelevant or neutral. Truthful QA
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contains 817 questions across 38 categories (e.g.,
health, law, fiction) designed to elicit imitative
falsehoods. These questions target scenarios where
the model’s pre-training data might contain mis-
conceptions. We utilize the adversarial “Best Incor-
rect Answers” provided by Truthful QA to construct
misleading textual contexts X7 that reinforce false
beliefs, thereby creating a strong objective conflict
against the factual truth.

A.3 Deceptive Context and Query Generation

To maximize the probability of triggering effective

conflict Cf ;(¢ | ) during the reasoning process,

we developed specialized strategies to synthesize
queries. These queries are carefully synthesized to
create high-intensity yet controlled contradictions,
thereby reliably eliciting conflict-driven reasoning
trajectories for analysis. The design principles for
each conflict type are detailed below:

For CyT, we employ a Dual-Stage Prompting
approach to synthesize high-intensity conflicts:

* Step 1: Fact Extraction. We first extract objective
visual facts from the image Xy .

 Step 2: Narrative Synthesis. We utilize advanced
closed-source LLMs to synthesize a coherent but
factually contradictory narrative X7, constructed
to contradict key visual elements while maintain-
ing superficial plausibility.

* Step 3: Question Formulation. We generate
open-ended, non-binary questions that necessi-
tate multi-step reasoning by fusing information
from both modalities.

This strategy is designed to force the model into

a conflict state, where it must explicitly choose to

either generate a text-induced conflict or remain

faithful to the visual evidence. The detailed prompt

design principles are described in Section A.6.
For Cyp, we append standardized constraints

to the original queries to elicit longer reasoning

trajectories. Specifically, we mandate the models
to follow a structured four-step reasoning process,
moving from an initial visual description and con-
text analysis to an explicit evidence chain reasoning
before reaching a final conclusion. By enforcing
this structured Chain-of-Thought (CoT), we pre-
vent the model from bypassing the conflict through
brief or evasive answers. Instead, it compels the
explicit manifestation of the clash between counter-
intuitive visual evidence and internal priors within
the generated text.

For CpT, we employ a structured template to em-
bed the complete set of “Incorrect Answers” from

the Truthful QA benchmark directly into the query.
We present the original question followed by a de-
ceptive instruction: “Is it because of the follow-
ing reasons? If not, please answer based on your
knowledge.” This design creates a direct conflict
between the provided incorrect context X1 and
the model’s parametric priors Kpyrior. By explicitly
listing multiple false justifications, we exert signifi-
cant pressure on the model to conform to the pro-
vided misinformation. We then evaluate whether
the model yields to these distractors or successfully
retrieves the ground-truth answer from its internal
knowledge.

A.4 Response Generation and Span-Level
Annotation

To systematically observe how input level
objective conflicts Cf;(x) manifest as process-
level effective conflicts C7;(t | ) during
inference, we curate a targeted corpus of
reasoning outputs generated by three repre-
sentative =~ MLLMs: R1-Onevision—-7B,
Ocean-R1-7B-Instruct, and
Llama-3.2V-11B-cot. These outputs
encompass a diverse range of model behaviors
under conflicting inputs, providing the necessary
empirical foundation for dissecting internal conflict
dynamics.

Generation Settings. We perform inference us-
ing the vLLM framework with asynchronous batch-
ing. Key hyperparameters include: sampling tem-
perature Ticp,p, = 0.7 and maximum sequence
length of 4,096 tokens, facilitating extended Chain-
of-Thought (CoT) generation. For the Vision-Prior
subset specifically, we employ a structured four-
step reasoning process guided by the prompt design
principles detailed in Section A.6.

Annotation Procedure. We implement an auto-
mated pipeline utilizing GPT-5 as a central judge.
Adopting the Extract-Verify-Score paradigm, the
process involves: (1) Extraction of model outputs
into atomic, verifiable fact segments (spans). (2)
Verification of each span against respective truth
anchors (K) and visual evidence Xy . and (3) Scor-
ing by assigning conflict labels (e.g., Supported,
Cyp> Cyr» or Chp) based on observed conflict-
induced behaviors. Notably, to ensure precise lo-
calization, we employ a fuzzy string matching algo-
rithm to align annotated spans back to their exact
character-level indices within the original model
output. This step corrects for minor textual rephras-
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ing by the judge model, providing the granular
supervision necessary for training our streaming
conflict probes. The specific prompt used for anno-
tation is shown in the box below.

A.5 Quality Control and Dataset Statistics

Human Verification. To ensure the reliability
of the automated annotation process, we conduct
human verification on a stratified random 10% sub-
set of annotations (approximately 15,000 spans).
Three annotators with graduate-level NLP back-
ground independently verified: (1) span boundary
accuracy—whether the extracted span correctly
delimits the atomic claim. (2) conflict label cor-
rectness—whether the assigned label (Cyp, CyT,
Cpr, or Supported) accurately reflects the conflict
type. Annotators achieved an inter-annotator agree-
ment of K = 0.87 (Cohen’s kappa) for conflict
labels and k£ = 0.91 for span boundaries. Disagree-
ments were resolved through majority voting, with
remaining ties adjudicated by a senior annotator.

The most common source of disagreement in-
volved distinguishing Cyp from CyT when both
visual misinterpretation and textual influence were
present. In such cases, annotators defaulted to the
dominant conflict source based on explicit textual
cues in the model’s reasoning chain.

Dataset Organization. The finalized dataset
is organized into three model-specific sub-
sets corresponding to R1-Onevision-7B,
Ocean-R1-7B-Instruct, and
Llama-3.2V-11B-cot. Within each sub-
set, we apply stratified sampling to partition
samples into Train (80%) and Test (20%) splits,
ensuring balanced representation of the three
conflict types (Cyp, CyT, Cpr) while minimizing
distribution shift.

Final Statistics. The complete dataset com-
prises approximately 155,000 fine-grained anno-
tated spans derived from model-specific reasoning
trajectories. Detailed statistics regarding sample
counts and span densities are provided in Table 5.

A.6 Prompt Design for Dataset Construction

This section details the prompt design principles
used for dataset construction. We describe the key
components of each prompt type and provide the
complete annotation prompt used for span-level
labeling.

Vision-Text Conflict Question Generation. To
construct high-quality Cy T samples, we design a
structured prompt that guides closed-source models
through a five-stage process:

1. Visual Fact Extraction: The model first ex-
tracts 5—10 objective, verifiable visual facts
from the image (e.g., number of people, visi-
ble objects, scene type, actions). These facts
serve as ground-truth anchors for subsequent
conflict verification.

2. Conflicting Context Synthesis: Based on ex-
tracted facts, the model generates a coherent but
systematically misleading textual description
(80-150 words). The key design principle is to
create plausible deception: the text incorporates
partially correct details (colors, approximate po-
sitions) while introducing at least three factual
mismatches. For example, mislabeling leisure
activities as emergencies while preserving neu-
tral scene elements, or distorting object roles
while maintaining spatial layout.

3. Question Formulation: The model designs
open-ended, non-binary questions that necessi-
tate multi-step reasoning by fusing both modali-
ties. Questions are crafted to: (a) require at least
3 reasoning steps; (b) avoid explicitly indicat-
ing that the text is misleading; (c) encourage
speculation about ambiguous image regions to
amplify conflict probability.

4. Reference Answer Generation: An ideal,
conflict-free answer is generated that relies
solely on visual evidence, explicitly references
extracted facts, and presents a clear multi-step
reasoning chain.

5. Conflict Tagging: Each sample is tagged with
the conflict type (image_vs_text_conflict)
for downstream processing.

The output format is a structured JSON contain-
ing the conflicting context, question, and reference
answer, enabling automated downstream process-
ing.

Vision-Prior Conflict Reasoning Induction.

For Cyp samples, we employ a structured Chain-

of-Thought induction prompt that mandates a four-

step reasoning process:

1. Visual Description: Objectively describe visi-
ble elements without applying prior knowledge.

2. Context Analysis: Identify environmental set-
tings and object relationships.

3. Evidence Chain Reasoning: Evaluate whether
visual evidence aligns with physical laws or
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Table 5: Statistics of the Objective Conflict Dataset and Generated Trajectories. The dataset provides span-level
supervision for training conflict probes (Section 4) and evaluating interventions (Section 5).

Model Backbone Split Samples Total Spans Avg. Spans/Sample
R1-Onevision-7B Test 498 9,038 18.1
Train 1,987 34,300 17.3
Ocean-R1-7B Tes} 495 12,881 26.0
Train 1,978 51,931 26.3
Llama-3.2V-11B-cot Test 513 9,419 18.4
Train 2,051 37,118 18.1
Total - 7,522 154,687 20.6

common sense, if conflict exists, explicitly ar-

ticulate the tension.

4. Conclusion: Provide a final answer based on
the preceding analysis.

This structured format prevents models from by-
passing the conflict through brief or evasive an-
swers, instead compelling explicit manifestation of
the clash between counter-intuitive visual evidence
and internalized priors.

Prior-Text Conflict Template. For Cpt samples,
we embed “Best Incorrect Answers” from Truth-
fulQA directly into the query using a structured
template: “[Original Question]. Is it because of
the following reasons? [List of incorrect answers].
If not, please answer based on your knowledge.”
This design creates direct pressure on the model
to either conform to provided misinformation or
retrieve factual knowledge from its parameters.

Span-Level Annotation Prompt. The annota-
tion prompt implements our Extract-Verify-Score
paradigm and is the most critical component for
obtaining fine-grained supervision. The complete
prompt is provided below.

@ Conflict Annotation Prompt

You are a multimodal fact-checking expert and conflict
annotation engine.

Your task is to EXHAUSTIVELY fact-check a Vision-
Language Model’s (VLM) completion against the given
instruction, ground truth, and image, with a PRIMARY
GOAL of MAXIMUM SPAN COVERAGE (high
recall).

Model Completion: <completion>{completion
}</completion>

You must identify and verify ALL minimal, self-
contained, verifiable claims appearing in the comple-
tion.
A claim is ANY text span that asserts, implies, or as-
sumes something that can be judged as true or false,
including:

* existence of an object or entity

* object attributes (color, size, shape, material, state)

* quantities or counts

* gspatial relations (left/right/on/in/near)

* actions or behaviors

* scene-level assumptions

* factual statements

* implicit assumptions derived from prior knowledge

IMPORTANT: Claims are NOT limited to named
entities. Descriptive words, adjectives, numbers, direc-
tions, and verbs OFTEN contain conflicts. If a phrase
can be checked, it MUST be extracted.

Before verification, you MUST mentally decompose
the completion sentence by sentence. For EACH sen-
tence:

¢ Identify ALL independent claims it contains.

* A single sentence usually contains MULTIPLE
claims.

* Do NOT stop after extracting a few obvious enti-
ties.

You need to verify two types of content:

1. Entity-Level Information: People, organizations,
locations, dates, statistics. Named or implied entities.
Claims about multimodal content (e.g., “the building
on the left”).

2. Visual Description Information: Object existence;
Object attributes; Spatial relationships; Quantities; Ac-
tions and behaviors; Scene understanding.

Instruction: <instruction>{instruction}</
instruction>

Ground Truth: <groundtruth>{groundtruth}</
groundtruth>
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For EACH verifiable claim:
1. Extract the MINIMAL possible span that directly
expresses that claim.




2. The span MUST match the original text word-for-
word.

3. Do NOT include surrounding context, articles, or
extra description.

4. Do NOT merge multiple claims into one span.

5. One sentence may (and usually should) produce
MULTIPLE spans.

Granularity rule: Prefer word-level or short phrase-

level spans. If a shorter sub-phrase can carry the claim,

use it instead of a longer one.

Recall rule: When uncertain whether something is

a claim, EXTRACT IT. Over-extraction is strongly

preferred to under-extraction.

1. Image content (highest priority)
2. Instruction text
3. Established factual or commonsense knowledge

If there is a conflict: Image content always prevails
over text or prior knowledge.

Label EACH extracted span as exactly ONE of:
e “‘Supported” — The span is correct and consistent
with the image, instruction, and factual knowledge.

* “Vision-Prior Conflict” — The span contradicts
the image due to reliance on learned priors.

e “Prior-Text Conflict” — The span follows or ac-
cepts incorrect assumptions in the instruction that
contradict factual knowledge.

* “Vision-Text Conflict” — The span reflects a mis-
match between the image and the instruction.

Before producing the final output, check:

1. Did you extract spans for: objects? attributes?
quantities? spatial relations? actions?

2. Is the number of spans proportional to the length
and detail of the completion?
* A detailed paragraph should yield MANY spans.
* Very few spans usually indicate missed conflicts.

Return ONLY a JSON array. Do NOT include explana-
tions outside the JSON. The spans MUST be ordered
by their first appearance in the completion.

[
{

"span”: "exact minimal span from the
completion”,

"label"”: "Supported | Vision-Prior
Conflict |

Prior-Text Conflict | Vision-
Text Conflict”

}!

(& J

Box: Knowledge Conflict Annotation Prompt.
This prompt directs the judge model to decompose
VLM responses into atomic spans and assign con-
flict labels (CSp, Cyp, Cpp), providing granular

token-level supervision for conflict probe training.

B Implementation Details (Backbones
and Decoding)

We evaluate three state-of-the-art reasoning-
capable MLLMs spanning two architecture fam-
ilies and three distinct training recipes. Table 6
summarizes their key characteristics.

Table 6: Summary of evaluated MLLM backbones. The
“Probe Layer” indicates the layer within the conflict-
sensitive band used for probe training and intervention
(identified in Section 4.3).

Attribute o RI- Ocean-R1 Liama-3.2v-
nevision cot
Params 7B 7B 11B
Layers 28 28 40
Hidden Dim 3584 3584 4096
Probe Layer 20 20 39
Llama-3.2-
Base Model Qwen2.5-VL Qwen2.5-VL Vision

Ocean-R1 (Ming et al., 2025). Ocean—-R1 is a
vision-language reasoning model fine-tuned from
Qwen2.5-VL-Instruct (Bai et al., 2025), op-
timized via a two-stage rule-based Reinforcement
Learning (RL) framework. The first stage enhances
reasoning capabilities, while the second refines vi-
sual perception. Empirical results on benchmarks
such as MathVision and MathVista demonstrate its
superior multimodal reasoning and generalization
performance.

Llama-3.2V-11B-cot (Xu et al., 2025). L1ama-
-3.2V-11B-cot is a reasoning-intensive model
built on the L1ama—-3.2-Vision-11B architec-
ture. Adopting the LLaVA-CoT methodology (Xu
et al., 2025), it is fine-tuned on visual reasoning
chains to perform step-by-step decomposition of
complex queries. This Chain-of-Thought (CoT)
mechanism enables precise handling of multi-hop
reasoning and intricate scene understanding, deal-
ing effectively with challenges where standard
instruction-tuned models may falter.
R1-Onevision (Yang et al., 2025).
R1-Onevision bridges visual perception and
deep reasoning by fine-tuning Qwen?2 .5-VL (Bai
et al., 2025) through a two-stage strategy com-
bining Supervised Fine-Tuning (SFT) and RL. It
introduces a cross-modal formalization pipeline
that converts images into structured textual
representations, complemented by a “role-playing”
mechanism for iterative visual refinement. This
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approach achieves state-of-the-art performance
on benchmarks like MathVista and MathVerse,
surpassing models such as GPT-4o0.

Decoding Configuration. Unless otherwise spec-
ified, we use greedy decoding for all interventions
to avoid confounding effects from sampling tem-
perature. For methods requiring top-k candidates
(e.g., probe-guided control; Appendix D.4.3), we
set k = 5 uniformly across backbones.

C Probe Training and Architecture
Details

This section provides the complete training con-
figuration and architectural specifications for the
conflict probes used in Section 4.

C.1 Probe Architectures

Canonical class-ID mapping. Table 7 fixes the
correspondence between probe class IDs and con-
flict types. This mapping is used consistently
throughout the paper, this appendix, and the re-
leased code (label converter, token labels, loss
weighting, and metrics).

Table 7: Canonical mapping between probe class IDs
and conflict types.

Class ID z 0 1 2 3

Meaning Supported Cvp Cpr Cvr

We design two probe architectures to assess the
linearity of conflict representations:

Linear Probe (f};,). The linear probe consists

of a single fully-connected layer that directly maps

hidden states to conflict class logits:
Jiin(h) = Wh + b, (10)

Variable Definitions:

* h € R%: The input hidden state vector extracted
from a specific layer of the MLLM at a given
token position.

« W € R*: The learnable weight matrix that
projects the d-dimensional hidden state to a 4-
dimensional output (one dimension per class).

* b € R*: The learnable bias vector.

¢ d: The hidden state dimension, which varies
by backbone architecture: d = 3584
for R1-Onevision-7B and Ocean—-R1-7B,
and d = 4096 for L1ama-3.2V-11B-cot.

* Output dimension 4 corresponds to the four
classes in the canonical mapping of Table 7: {No-
Conflict, C5p, Cop, Cyr )

Rationale: The linear probe tests whether conflict
states are linearly separable in the hidden state
space. High accuracy with a linear probe indicates
that conflicts are explicitly encoded as directions
in the representation space, rather than being en-
tangled in complex nonlinear manifolds. This is
crucial for our intervention methods, which rely on
linear steering vectors.

MLP Probe (f,,;,). The MLP probe uses a three-
layer architecture with progressive dimensionality
reduction, designed to capture potential nonlinear
decision boundaries:

u; = ReLU(W1h + b;), W, € R10%xd,

(11)
uy = ReLU(Wau; + by), W, € R12x1024)
(12)
u3 = ReLU(W3us + bs), W3 e R256x5127
(13)
Jmip(h) = Wauz + by, Wy e R4%256
(14)

Variable Definitions:

» h € R?: The input hidden state vector (same as
linear probe).

s u; € R!924: First hidden layer output after
ReLU activation.

* uy € R?2: Second hidden layer output after
ReLU activation.

* u3 € R?6: Third hidden layer output after
ReLU activation.

* W;, b;: Learnable weight matrices and bias vec-
tors for layer s.

* ReLU(:) = max(0,-): Rectified Linear Unit
activation function, introducing nonlinearity.

Architecture Design: The progressive dimension-

ality reduction (d — 1024 — 512 — 256 — 4)

acts as an information bottleneck, forcing the probe

to extract the most discriminative features for con-

flict classification. We apply dropout with proba-

bility p = 0.1 after each ReLLU activation during

training to prevent overfitting.

Comparison Purpose: Comparing the MLP

probe’s performance against the linear probe re-

veals whether conflict information is linearly en-

coded. In our experiments, the marginal improve-

ment of MLP over linear probes (<2% AUC gain)
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confirms that conflicts are predominantly linearly
separable.

C.2 Training Configuration

Data split. We use an 80/20 train/test split for
each backbone, as summarized in Table 5. Hidden
states are extracted from pre-computed reasoning
trajectories and cached to disk for efficient training.

Optimization. We train all probes using AdamW

with the following hyperparameters:

* Learning rate: 1 x 1073 (linear probe), 5 x 1074
(MLP probe)

» Weight decay: 1 x 10~*

 Batch size: 256 tokens

* Training epochs: 10 (with early stopping based
on validation loss, patience = 3)

* Learning rate scheduler: Cosine annealing with
warm-up (5% of total steps)

Class weighting. To address the extreme class
imbalance in long-CoT reasoning (conflict tokens
are sparse, typically <5% of all tokens), we employ
inverse-frequency weighting in the cross-entropy

loss:
N

Zt]l[zt :Z]+67

Variable Definitions:

15)

Wy =

* w,: The weight assigned to class z in the
weighted cross-entropy loss. Higher weights
penalize misclassification of rare classes more
heavily.

e N: The total number of tokens in the training set.

* z; € {0, 1,2, 3}: The ground-truth class label for
token ¢, following Table 7: 0 = No-Conflict, 1 =
Cips 2= Cpry 3=Cy

* I[-]: The indicator function, which equals 1 if the
condition is true and 0 otherwise.

>, I[z = z]: The count of tokens belonging to
class z in the training set.

* ¢ = 100: A smoothing constant to prevent divi-
sion by zero and to moderate extreme weights
for very rare classes.

Intuition: Classes with fewer samples receive

higher weights, ensuring the probe does not triv-

ially predict the majority class (No-Conflict). In
practice, this results in approximate weight ratios
of 1:8:12:10 for z € {0, 1, 2,3} (No-Conflict

: Cyp 1 Cpp : Cyp), though exact values vary by

backbone due to different conflict distributions in

their reasoning trajectories.

Layer selection for training. For the main ex-
periments in Section 4.4, we train probes within
the identified conflict-sensitive layer band (Sec-
tion 4.3):

* R1-Onevision-7B: Layer 20

* Ocean-R1-7B: Layer 20

* Llama-3.2V-11B-cot: Layer 39

For the layer-scanning experiments (Section 4.3),
we train separate probes for each layer [ €
{1,2,..., L} using identical hyperparameters.

C.3 Attention Activation Analysis

Activation threshold (). For the head activation
ratio analysis in Section 4.3, we set the activation
threshold v based on the median /»-norm of atten-
tion head outputs across the training set:

(l,a)
o
’ g

v = median ;1 q) (16)

Variable Definitions:

* ~: The activation threshold used to determine
whether an attention head is “active” (contribut-
ing significantly to the output).

. ogl’a) € Réed: The output vector of attention
head a at layer [ for token position ¢.

* ||-|l;: The ¢, (Euclidean) norm, measuring the
magnitude of the head output vector.

* median(, ¢, ): The median taken over all sam-
ples x, token positions ¢, layers [, and attention
heads « in the training set.

* dpead: The dimension of each attention head out-
put (typically d/nneads)-

Usage: An attention head is considered “activated”
at position ¢ if Hogl’a) H > 7. We then compute
the Head Activation Ra2ti0 (HAR) as the fraction
of heads exceeding this threshold, which serves
as a proxy for the model’s internal “engagement”
during conflict processing.

Calibration: Using the median ensures v is data-

driven and robust to outliers. This yields v =~ 0.15

for R1-Onevision and Ocean-R1, and v ~

0.12 for L1ama-3.2V. We verified that our con-

clusions are robust to +20% perturbations in .

C.4 Visualization Parameters

t-SNE configuration. For the sample-level sepa-
rability visualizations in Figure 3, we use the fol-
lowing t-SNE parameters:

* Perplexity: 30

* Learning rate: 200

* Number of iterations: 1000

* Initialization: PCA
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* Random seed: 42 (for reproducibility)
Sample-level representations are obtained by mean-
pooling hidden states across all tokens where the
probe predicts an active conflict (2, # 0).

C.5 Aggregation Strategies

We evaluate probe performance at three granulari-
ties reported in Table 2:

All Token. Evaluation on all valid tokens (ex-
cluding padding), measuring fine-grained per-token
detection.

Span Only. Evaluation restricted to tokens within
annotated spans, measuring intra-span detection
accuracy.

Span-Max. For each annotated span, we aggre-
gate token-level predictions by taking the maxi-
mum predicted conflict probability:

Pypan = max Py(zgpan | DY), (17)

tespan

Variable Definitions:

* Pipan € [0, 1]: The aggregated span-level prob-
ability that this span exhibits the ground-truth
conflict type.

* ¢t € span: Token indices belonging to the anno-
tated span (e.g., if a span covers tokens 15-20,
then ¢t € {15,16,17,18,19,20}).

* Py(2span | hgl)): The probe’s predicted probabil-
ity for the ground-truth conflict class zgpan, given
the hidden state hgl) at token ¢ and layer [. This
is obtained by applying softmax to the probe out-
put:

exp(fg(h):)
Zz’ eXp(f¢(h)Z/)

* Zgpan € {1,2,3}: The ground-truth conflict la-
bel for this span (1 = C{p, 2 = Cpp, 3 = Cyps
Table 7).

. hgl) € R%: The hidden state at layer [ and token
position ¢.

Intuition: Taking the maximum across tokens cap-
tures the “peak signal” within a span. This is mo-
tivated by the observation that conflict signals of-
ten concentrate at specific “pivot” tokens (e.g., the
critical word where the model commits to an incor-
rect claim), rather than being uniformly distributed
across all span tokens.

Evaluation: A span is classified as conflicted if

Pypan > 0.5, yielding a span-level binary judgment.

Py(z | h) = (18)

Span-Max consistently outperforms other granu-
larities (see Table 2), confirming that conflict infor-
mation is spatially concentrated. All main results
in Section 4 use Span-Max aggregation.

C.6 Layer-Selection Sensitivity

Section 4.3 selects a single probing layer per back-
bone from the conflict-sensitive band (Layer 20
for the 7B models, Layer 39 for Llama-3.2V).
Because this choice could in principle be doing
the work, we audit every layer of every backbone
and compare the layer we use against the best-
performing layer, averaging one-vs-rest AUC over
Cvp, CpT, and CyT under the same protocol.

Table 8: Layer-selection sensitivity: mean one-vs-rest
AUC (%) at the layer used in the paper versus the best
layer found by an exhaustive scan.

Model Paper layer Best layer Gap
Ocean-R1 97.76 97.91 0.15
R1-Onevision 96.70 97.40 0.70
Llama-3.2V 96.34 97.35 1.01

As Table 8 shows, the penalty for our fixed
choice is at most 1.01 AUC points, and strong per-
formance extends over a broad mid-to-late region
rather than a single privileged layer (Figure 4). We
therefore describe the result as a robust, backbone-
dependent band of depth-sensitive readability, and
none of our conclusions depend on selecting the
single optimal layer.

C.7 Cross-Model Consistency of Conflict
Encoding

A natural concern is whether the observed patterns
are artifacts of the data construction process (e.g.,
biases introduced by closed-source annotation mod-
els) rather than properties of the models themselves.
To address this, we examine the consistency of our
findings across three trained backbones.

Backbone coverage. Our evaluation spans
two architecture families and three training
recipes: (1) Qwen2.5-VL-based models
(R1-Onevision-7B, Ocean-R1-7B): 7B
parameters, 28 layers, sharing a base model
but trained with different SFT/RL strate-
gies; (2) Llama-3.2-Vision-based model
(Llama-3.2V-11B-cot): 11B parameters,
40 layers, with a different vision encoder and
pretraining corpus. We therefore describe our
evidence as replication across three trained models
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from two architecture families, since variation
in training recipe is training-level rather than
architectural evidence, and a genuinely third
architecture family remains an extension. Across
this coverage, we observe consistent patterns.

Consistent findings across backbones. Table 9

summarizes key metrics across the three backbones.

Several observations support the robustness of our

conclusions:

* Linear separability: All three models exhibit
high linear probe AUC (93-99%), indicating that
conflict states are explicitly encoded rather than
implicitly entangled, regardless of architecture.

* Depth localization: Conflict signals consistently
peak in mid-to-late layers (L15-22 for 7B mod-
els, L30-39 for 11B), following a similar relative
depth pattern (~70-80% of total layers).

* Conflict-type ranking: Cpr is consistently the
most separable (AUC > 98%), while Cyp is the
most challenging across all backbones, suggest-
ing this ranking reflects inherent task difficulty
rather than annotation bias.

* Intervention response: All models respond to
probe-guided control with 60—-80% conflict rate
reduction, and all exhibit directional asymmetry
favoring forward steering.

Table 9: Cross-model consistency of conflict encod-
ing patterns. Despite architectural differences, all three
backbones exhibit similar separability, depth localiza-
tion, and intervention response.

Linear Peak Cpr Cvp CR
Model AUC  Layer AUC AUC Red.
R1-Onevision 962% 120 (71%) 98.6% 93.4% 80%
Ocean-R1 958% L20(71%) 98.6% 93.2%  76%
Llama-32V  97.1% 139 (78%) 99.2% 959% 67%

This cross-model consistency indicates that the
observed conflict-encoding patterns are consistent
across backbones and training recipes rather than
artifacts of our specific data construction or annota-
tion pipeline. It does not by itself establish that the
same underlying circuit is at work in each model.

C.8 Mechanistic Heterogeneity of Conflict

Types

While we adopt a unified probing framework to
study all three conflict types, we emphasize that
this does not imply their underlying mechanisms
are identical. Rather, the unified framework en-
ables systematic comparison and reveals both com-
monalities and differences.

Distinct cognitive demands. The three conflict
types impose fundamentally different cognitive de-
mands on the model:

e Cyp (Vision-Prior Conflict): Requires the
model to reconcile counter-intuitive visual input
with internalized world knowledge. This is a per-
ceptual calibration setting, in which parametric
memory competes with visual features from the
vision encoder.

¢ Cpr (Prior-Text Conflict): Requires the model
to resist misleading textual claims that contradict
its factual knowledge. This is a factual grounding
task, primarily involving competition between in-
context information and parametric knowledge
retrieval.

e Cyt (Vision-Text Conflict): Requires the model
to arbitrate between contextual textual infor-
mation and visual evidence. This resembles
an instruction-following under distraction task,
where the model must resist misleading context
while remaining grounded in visual input. This
setting is dominated by competition in cross-
modal attention.

Evidence for type-specific structure. Our em-
pirical results reveal several signatures of these
differences:

¢ Separability hierarchy: Cpr achieves near-
perfect probe accuracy (99.4% conditioned re-
call), while Cyp is more challenging (80.7%).
This aligns with the intuition that text-prior
conflicts produce clearer decision boundaries,
whereas vision-prior conflicts involve more sub-
tle perceptual-semantic interactions.

* Confusion patterns: As shown in Figure 3, the
primary confusion occurs between Cyp and Cyr
(both involving visual processing failures), while
Cpr forms a distinctly separated cluster. This
suggests that vision-related conflicts share par-
tially overlapping representations.

* Layer-wise encoding: Figure 4 shows that differ-
ent conflict types peak at slightly different layers,
with Cpr typically achieving peak separability
1-2 layers earlier than visual conflicts, consis-
tent with the hypothesis that text-prior arbitration
occurs upstream of visual integration.

Value of a unified framework. Despite these dif-

ferences, a unified probing approach offers several

advantages:

* Comparable diagnosis: Using identical probe
architectures enables fair comparison of encod-
ing strength and intervention efficacy across con-
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flict types.

* Shared intervention substrate: All three con-
flict types respond to probe-guided control (Ta-
ble 4), suggesting that while the underlying mech-
anisms differ, they converge to a shared represen-
tational substrate that can be leveraged for unified
control.

* Practical utility: A single probe can detect all
conflict types in real-time, enabling a unified di-
agnostic tool for long-CoT reasoning failures re-
gardless of the specific conflict source.

The clear separability observed in Figure 3
should therefore be interpreted not as evidence
against a unified framework, but rather as valida-
tion that our probe successfully captures the dis-
tinct signatures of each conflict type while enabling
systematic cross-type comparison.

C.9 Stricter Online Detection Settings

Although Span-Max aggregation in Section 4.4
yields the strongest separability, it is not strictly
equivalent to fully online detection: it pools pre-
dictions across all tokens within an annotated span.
To assess how much conflict signal is recoverable
under stricter prefix-only protocols, we evaluate
two additional settings.

First-token setting. For each conflict span, only
the prediction at the first token of the span is used.
This is the most adversarial online setting: the
probe must commit to a conflict label using only
the earliest, locally weakest evidence in the span.

Fixed-window setting (w = 8). A prefix-only
sliding window of length w=8 tokens: when the
running window first enters a span, we use the
probe prediction from that window. This emulates
a realistic streaming detector that triggers on the
leading edge of a conflict rather than the full span.

Table 10 compares these protocols to the All
Token, Span Only, and Span-Max settings already
reported in Table 2 (averaged across conflict types
and backbones).

Table 10: Comparison of token-level / online aggre-
gation settings (avg. across Cyp,Cpr,Cyr and three
backbones).

Setting Avg. AUC (%) Avg. Recall@0.1 (%)
first_token 89.8 71.8
fixed-window 95.1 85.1
Span-Max 97.8 94.7

Even the most adversarial first_token (on-

line, strict) setting achieves 89.8% AUC, and the
strictly online fixed-window (w=S8, online) set-
ting reaches 95.1% AUC. The remaining gap to
Span-Max (reference) is consistent with our obser-
vation in Section 4.2 that conflict spans are semanti-
cally sparse: many internal tokens carry only weak
local evidence, so Span-Max aggregation acts as
a denoiser rather than as a fundamentally differ-
ent mechanism. We therefore interpret “streaming
diagnosis” as the property that prefix-only signals
already contain substantial conflict information,
while Span-Max gives the cleanest measurement
when offline labels are available.

C.10 Surface-Signal Control Baselines

A strong probe alone does not rule out the possi-

bility that detection exploits superficial cues cor-

related with conflict (e.g., uncertain tokens, late

positions). To address this, we compare the probe

to three control baselines under the same train/test

split, conflict labels, and aggregation protocols as

Table 2:

 Position-only: features are token-position em-
beddings only.

* Token-entropy: per-token next-token entropy of
the base model.

* Perplexity: running per-token perplexity of the
base model.

Table 11: Span-Max AUC (%) of surface-signal control
baselines under the same protocol as Table 2.

Baseline w/o Conf. Cyp=1 Cpr=1 Cyr=1
Position 453 46.4 67.1 67.5
Token Entropy 53.1 88.9 69.2 59.0
Perplexity 52.4 479 63.4 68.5
Probe (ours) 93.9 93.4 98.4 97.2

Table 12: All-Token AUC (%) of surface-signal control
baselines (same protocol).

Baseline w/o Conf. Cyp=1 Cpp=1 C{rp=1

Position 67.3 63.9 75.5 66.6
Token Entropy 51.8 62.7 53.2 53.8
Perplexity 51.2 40.2 52.2 45.8

Probe (ours) 88.7 90.5 96.9 94.5

The patterns are consistent: position is weak and
inconsistent; perplexity is uniformly weak; entropy
captures partial uncertainty for C{,p but fails to sep-
arate other conflict types. None of these surface
cues comes close to the probe’s balanced perfor-
mance across all conflict types. While individual
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surface signals may correlate with conflict in iso-
lated cases, they cannot explain the overall pattern,
indicating that the probe is detecting structured
conflict-related representations rather than exploit-
ing shallow shortcuts.

C.11 Cross-Domain (OOD) Robustness

To assess applicability beyond our constructed
benchmark, we build an OOD stress test sam-
pling 100 challenging long-CoT cases (20 per
dataset) from five heterogeneous benchmarks:
MMMU (Yue et al., 2025), MATHVISTA,
CHARTQA, HALLUSIONBENCH (Guan et al.,
2024), and MEDVQA. These cover distinct task
formats (knowledge-intensive QA, mathematical
reasoning, chart understanding, hallucination prob-
ing, and medical VQA) and were not seen during
probe training.

Probe performance under distribution shift.
Using Span-Max aggregation, the same probe
(without re-training) yields:

Table 13: OOD evaluation aggregated across five exter-
nal benchmarks.

Metric Value (%)
Accuracy 66.03
Macro-F1 56.69
OvVR AUC (4-class) 86.41
Binary Accuracy 69.17
Binary AUC 87.15
Recall @FPR=0.1 79.80

The Binary AUC of 87.15% indicates the probe
retains strong conflict-vs-no-conflict separability
even under substantial distribution shift, supporting
the claim that conflict signals are not artifacts of
our construction pipeline.

OOD confusion structure. Table 14 reports the
OOD confusion matrix. Cpy is almost perfectly
identified, while most errors fall into the w/o
Conflict class for visually-grounded types (CYp,
C{), consistent with our in-distribution observa-
tion that visual conflicts are semantically sparser.

Table 14: OOD confusion matrix (Gold rows, Predicted
columns).

Gold \ Pred w/o Conf. C{p=1 Cpp=1 C{yr=1

w/o Conflict 327 3 10 1
Cyp=1 158 47 15 3
Cpr=1 31 1 99 0
Cyr=1 23 1 3 11

These results suggest the probe captures struc-
tured conflict signals that transfer across task for-
mats, rather than exploiting templates specific to
our construction.

C.12 Annotation Pipeline Validity

To further address concerns that probe performance
might reflect annotation artifacts rather than gen-
uine conflict signals, we conduct a focused hu-
man evaluation on 100 randomly sampled trajec-
tories (covering all three conflict types and three
backbones). Two independent annotators, blind to
model identity and pipeline labels, were asked to
(i) identify all conflict locations in the trajectory
and (ii) assign a conflict type to each.

* Conflict localization: 93% of spans flagged by
the pipeline were confirmed as actual conflicts
by both annotators, with no missed conflicts in
the verified subset.

e Conflict typing: 94.6% inter-rater agreement
with the automated typing.

This complements the agreement statistics for
the LLM-as-judge in Appendix D.2 (k=0.87 on
~1,500 spans) and supports that the supervision
signal used to train the probe is consistent with
human judgment.

D Directional Intervention and
Evaluation

This appendix provides full definitions, hyperpa-
rameters, and prompts for Section 5.

D.1 Notation and control settings

Inputs, outputs, and trajectories. We use the
same notation as Sec. 3. An input is z =
(Xv, X7), where Xy is an image and X7 is the
textual input (context/instruction). The model Mjy
generates an output sequence y = (y1,...,yr).
V\Ee) denote the hidden state at layer [ and step ¢ as
h".

Objective vs. effective conflict. C7;(z) = 1in-
dicates that sources ¢ and j disagree factually on
input z. C;(¢ | x) = 1 indicates that at generation
step ¢ the model exhibits conflict-induced behavior
consistent with an active conflict between the same
sources.

Forward vs. Reverse directions. Table 15 de-
fines Forward vs. Reverse control for each
conflict type. In words: Forward follows the
dataset-level reliability prior (VP/VT— Kyision,
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PT— Kpior); Reverse follows the opposite source
(VP— Kpriors VI/PT— Kiexy).

Table 15: Forward and Reverse direction mappings for
each conflict type. Forward aligns with the more re-
liable source based on our data construction. Reverse
enforces the opposite choice.

Type Conflicting Sources Forward (1) Reverse ({)
Cvp Vision vs. Prior Kyision Koricr
Cvr Vision vs. Text I Klext
Cpr Prior vs. Text Kprior Klext

Why no VCD for Cpt subset in Figure 5 and
Table 47 While VCD is a useful decoding-time
knob for visual conflicts, it is not naturally defined
for Cpr (Prior-Text Conflict) in our setup, as VCD
specifically targets vision-related conflicts by con-
trasting visual and non-visual distributions. To
keep the mitigation comparison complete across
the three conflict subsets, we therefore report only
steering and probe-guided results for the Cpt sub-
set in this analysis.

D.2 LLM-as-a-Judge Pipeline

We implement an automated semantic evaluation
pipeline used to produce the results in Figure 5.
The pipeline decomposes model responses into ver-
ifiable atomic claims and checks each claim against
a target truth anchor.

Truth anchors. The truth anchor depends on the
intended target source Ks:

 If s = vision, the anchor is the image Xy (we
use an MLLM judge that can condition on the
image).

* If s = text, the anchor is the textual input X
(the judge is required to cite a supporting span
from X7).

 If s = prior, the anchor is world knowledge. In
our setup, the judge uses its internal knowledge
and is allowed to output unknown when unsure.
(Optional: retrieval augmentation can be plugged
in, but is not required for our analysis.)

Atomic claim extraction. Given the model re-
sponse y, the judge extracts a list of atomic claims
Q(y) = {am}M_, such that each a,, is: (i) a sin-
gle factual assertion, (ii) minimally checkable, (iii)
not a subjective or stylistic statement.

Verification labels.
outputs a label

For each claim a,,, the judge

rm € {supported, contradicted, unknown}.
(19)
We explicitly keep unknown to prevent over-
penalizing claims that are not decidable from the
anchor (e.g., the image is blurry, the text is under-
specified, or the world-knowledge check is uncer-
tain).

Given the set of verifica-
we compute three semantic

Aggregation metrics.
tion labels {r,,, }M_,,
evaluation metrics:

M
1
ASR = i Z I[r,, = supported],

(20)
m=1
LM
ARR = i z_:l}l[rm = contradicted]. (21)

Variable Definitions:

* ASR (Anchor Support Rate): The proportion of
atomic claims that are verified as consistent with
the target truth anchor. Higher ASR indicates
better alignment with the intended knowledge
source.

* ARR (Anchor Refutation Rate): The proportion
of atomic claims that directly contradict the target
truth anchor. Lower ARR indicates fewer factual
erTors.

* M: The total number of extracted atomic claims
from the model response.

* r,, € {supported,contradicted, unknown}:
The verification label for claim a,,.

¢ I[-]: The indicator function.

To quantify “obvious” semantic errors (where the

judge is highly confident), the judge additionally

outputs a confidence score ¢,, € [0,1] for each
verdict. We then define the Obvious Error Rate:

L M
i I[ry, = contradicted

m=1

OER =
(22)

N Cm 2> Cthresh],

Additional Variables:

* OER (Obvious Error Rate): The proportion of
claims that are both contradicted and judged with
high confidence. This filters out ambiguous cases
and focuses on clear-cut errors.

* ¢y € [0,1]: The judge’s confidence score for
claim a,,. Higher values indicate greater cer-
tainty.
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Algorithm 1: Extract—Verify—Score (LLM-
as-a-Judge)

Input: Input z = (Xy, X7), target source
ICs, model response y
Output: ASR, ARR, OER
Q(y) < EXTRACTATOMICCLAIMS (y);
foreach a € Q(y) do
(v,¢) +
VERIFYAGAINSTANCHOR(a, x, Ky);
store (v, ¢);
Compute ASR/ARR/OER by aggregating
{rm}:
Compute OER from {(v, ¢)} using
Equation (22);

* ciresh: A fixed confidence threshold (we use
cthresh = 0.8 in all experiments).

* A: Logical AND operator. Both conditions must
be satisfied.

Interpretation: A successful intervention should

increase ASR (more claims align with the target

source) and decrease ARR and OER (fewer contra-

dictions). The gap between Forward and Reverse

directions quantifies the model’s controllability.

Self-consistency (optional). To reduce judge
variance, we optionally run the judge multiple
times with the same prompt and aggregate verdicts
by majority vote (ties resolved as unknown). All
our main conclusions are robust to this choice.

Prompt templates. We keep the judge prompts
fixed across methods and backbones. For the text-
anchor case, the judge must return a quoted span
from X7 when predicting supported. For the
vision-anchor case, the judge must describe the
visual evidence that supports or refutes the claim.
We include the full prompts in our release.

D.3 Token-level Probe Metrics

This section provides the complete definitions of
the token-level metrics reported in Section 5.3 and
Table 4. Table 16 provides a quick reference.

Probe output. At each token step ¢, the probe
outputs a distribution P, € R* over labels
z € {0,1,2,3} (Section 4). We denote P;(0)
as the probability of no-conflict. Let 2; =
arg max, P;(z) be the hard prediction.

Micro-aggregation protocol. We only evaluate
assistant-generated tokens (excluding system/user

Table 16: Summary of token-level probe metrics used
for conflict mitigation evaluation.

Metric Dir. Interpretation

SS (Support) 1 Avg. prob. of no-conflict
state

CR (Conflict Rate) Fraction of  conflict-

predicted tokens

Penalizes confident conflict
preds.

Avg. confidence in conflict
state

1
CAC (Conf-Adj.) |
1

CCI (Conf. Index)

prompts). We aggregate across all valid tokens in
the entire evaluation split (equivalent to concatenat-
ing all outputs into one long token stream), which
stabilizes estimates under long-CoT length varia-
tion.

Support Score (SS).
(23)

Variable Definitions:

* SS € [0,1]: Support Score, the average proba-
bility that tokens are in a no-conflict (supported)
state.

¢ N: Total number of evaluated tokens (assistant-
generated tokens only).

* P,(0): The probe’s predicted probability that to-
ken ¢ belongs to class 0 (no-conflict).

Interpretation: SS is high when most tokens are

predicted to be supported (no effective conflict). A

successful Forward intervention should increase

SS.

Conflict Rate (CR).

1L
CR =+ ;H[zt £ 0]. (24)

Variable Definitions:

* CR € [0, 1]: Conflict Rate, the fraction of tokens
with an active predicted conflict.

* Z; = arg max, P;(z): The hard (argmax) predic-
tion for token £.

e I[2; # 0]: Indicator that equals 1 if the predicted
class is any conflict type (1, 2, or 3), and O if
no-conflict (class 0).

Interpretation: CR measures the fraction of to-

kens at which the probe predicts an active effective

conflict. A successful Forward intervention should
decrease CR.
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Confidence-adjusted conflict (CAC).
define two intermediate quantities:
Conflict mass: ¢ = 1 — P,(0) € [0, 1], repre-
senting the total probability mass assigned to any
conflict class.

Normalized entropy:

First, we

_ - S5y Pi(z) log Py(2)
log 4

Hn(Pt) € [O’ 1]7

(25)
where the denominator log 4 normalizes to [0, 1]
(maximum entropy over 4 classes).
Certainty: v, = 1 — H,,(P;) € [0, 1], representing
how confident/certain the probe is (high when the
distribution is peaked).
The CAC metric is then defined as:

N
1
CAC = tzl @ - Uy (26)

Interpretation: CAC penalizes tokens that are
both conflict-heavy (large ¢;) and confident (large
ut), corresponding to “confident conflict.” This
metric is more nuanced than CR because it down-
weights uncertain conflict predictions.

Conflict confidence index (CCI). Let Z.,,f =
{t | Z # 0} be the set of token indices where the
probe predicts a conflict.

1

CCl= ——
|Iconf|

Py(2). (27

t€Zcont

Variable Definitions:

* CCI € [0,1]: Conflict Confidence Index, the
average confidence of conflict predictions.

* |Zcont|: The number of tokens where a conflict is
predicted.

* P;(%): The probability assigned to the predicted
conflict class at token ¢.

Interpretation: CCI measures how “stubborn” the

model is when it enters a conflict state: higher

means the model assigns high confidence to a con-

flict class whenever it is in conflict. A successful

intervention should decrease CCI, indicating the

model is less committed to conflict-inducing be-

haviors.

Relationship between semantic and token-level
metrics. We employ two complementary evalua-
tion paradigms—semantic-level (ASR/ARR/OER)
and token-level (SS/CR/CAC/CCI)—that capture
different aspects of intervention effectiveness:

¢ Semantic metrics (ASR, ARR, OER) evaluate
the end result: whether the final generated claims
align with the target knowledge source. These
metrics are directly interpretable but require ex-
pensive LLM-based judging and only assess the
output, not the generation process.

¢ Token-level metrics (SS, CR, CAC, CCI) eval-
uate the generation dynamics: whether the
model’s internal states exhibit conflict signals
during generation. These metrics are computa-
tionally cheap (requiring only probe inference)
and provide fine-grained insight into when and
where conflicts occur.

D.4 Intervention implementations

We now detail the three inference-time interven-
tions used in Section 5. All interventions are ap-
plied at inference time without updating 6.

D.4.1 VCD (Vision-Contrastive Decoding)

We adopt VCD (Leng et al., 2024) as a decoding-
time logit intervention for conflicts involving vi-
sion. At each step £, VCD constructs two logit
vectors and applies contrastive correction:

O =05+ B (05— 1), (28)

Variable Definitions:

. f e RIVl: The grounded logits vector computed
on the full multimodal input (Xy, X7), where
|V'| is the vocabulary size. This represents the
model’s “normal” next-token distribution with
full visual access.

0% € RIVl: The ungrounded logits vector com-
puted on a contrastive input where the visual
signal is weakened (e.g., by masking the image,
replacing it with a blank/noise image, or using
only a textual summary). This represents the
model’s prediction when it cannot rely on visual
evidence.

« /; € RIVI: The corrected logits used for sampling
the next token.

* B > 0: The correction strength hyperparame-
ter. Larger 3 applies stronger visual grounding
correction.

Intuition: The difference (¢§ — ¢Y) isolates the con-

tribution of visual information to token predictions.

Adding this difference (scaled by [3) amplifies to-

kens that the model would predict only when it has

visual access, thereby improving visual grounding.

Conversely, tokens that are equally likely with or

without vision (driven purely by prior/text) are not

boosted.
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Applicability. Because ¢} is defined by manipu-
lating the visual channel, VCD is naturally aligned
with conflicts where vision is one of the two
sources (Cyp, Cyr). We therefore do not apply
it to Cpp (Prior-Text Conflict), where no visual
manipulation is meaningful.

D.4.2 Representation steering

Steering exploits the approximately linear struc-
ture of conflict representations discovered in Sec-
tion 4.4. The key insight is that conflict states
correspond to specific directions in the hidden state
space, which can be directly manipulated.

Steering vector construction. For a chosen layer
I (within the conflict-sensitive layer band of Sec-
tion 4.3), we construct a direction vector by differ-
encing mean hidden states:

v = Em® | target] — E[h® | reference].
(29)

Variable Definitions:

« v( € R?: The steering vector at layer [, repre-
senting the direction from reference behavior
to target behavior in the hidden state space.

« E[h® | target]: The mean hidden state at layer
[ across all tokens exhibiting the target behavior
(e.g., vision-following, no-conflict).

« E[h®) | reference]: The mean hidden state
at layer [ across all tokens exhibiting the
reference behavior (e.g., prior-following, in-
conflict).

Semantic

reference):

* Conflict mitigation: target = no-conflict to-
kens, reference = conflict tokens. The vector
v points “away from conflict.”

* Forward steering: target = tokens following
the reliable source, reference = tokens follow-
ing the unreliable source. The vector points to-
ward factually correct behavior.

* Source preference: target = vision-following
tokens, reference = text/prior-following tokens.
The vector encodes visual grounding.

In all cases, we fo-normalize v(¥) to unit length

before use, ensuring consistent intervention magni-

tude.

Interpretation of (target,

Injection rule. During generation, we modify
the hidden state at layer [ by adding the steering
vector:

b = h 4 Av®, (30)

Variable Definitions:

. flgl)Z The modified hidden state at layer /, token
t, which is passed to subsequent layers.

. hgl): The original (unmodified) hidden state.

* )\ € R: The steering strength. Positive A moves
the representation toward target. Negative A
moves toward reference. Typical values: A €
[0.3,1.0].

Application Strategy: We apply this intervention
either (a) at all decoding steps (unconditional steer-
ing), or (b) only when the probe predicts elevated
conflict mass ¢; > J (conditional steering), where
¢ is a predefined threshold. Conditional steering
is more targeted but requires running the probe at
each step.

Remarks. Steering is intentionally lightweight:
it changes internal representations without updating
model weights 6. Its effect can be subtle and may
increase conservativeness (fewer strong claims)
rather than strictly increasing anchor-supported
claims, consistent with findings in Section 5.2.

D.4.3 Probe-guided control

Probe-guided intervention treats the conflict probe
(Section 4) as a real-time controller during decod-
ing. The key idea is to penalize candidate tokens
that are predicted to enter or sustain a conflict state,
effectively steering generation away from conflict-
inducing paths.

Candidate reweighting (top-k). Let V) be the
top-k next-token candidates under the base logits
¢;. For each candidate token w € VF, we estimate
a conflict score via one-step lookahead (evaluating
the probe on the hidden state that would result from
appending w). We then select the next token by
maximizing a weighted combination:

gy = arg max ((1 —a)logpg(w | x,y<¢)
weVE

(1)
+aP(0),

Variable Definitions:

* 4;: The selected next token at step ¢.

« VF C V: The set of top-k candidate tokens
ranked by the base model’s probability. Us-
ing top-k instead of the full vocabulary reduces
computational cost while preserving fluent can-
didates.

* log pg(w | x,y<¢): The log-probability of token
w under the base model, given input « and prefix
Y<¢- This term encourages fluency and coher-
ence.
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Algorithm 2: Probe-guided top-k control
(one-step lookahead)

Input: Model My, probe f4, input x, prefix

Y<t, K, weight o
Output: Next token ¢
Compute base logits ¢; and top-k candidates
VE;

foreach w € V} do
Simulate one-step continuation (y, w)

and obtain hidden state hgl) (w);
P« Softmax(fy(h{"” (w)));
score(w) + (1 — a) log pg(w |

T, Y<t) + O‘Pt(w) (0);

Return gy = arg max,, ¢ score(w);

. t(w)(O): The probe’s predicted probability of

“no-conflict” (class 0) for the hidden state that
would result from appending token w. Higher
values indicate the token is less likely to induce
conflict.

* « € [0, 1]: The guidance weight that balances flu-
ency (1 — «) and conflict suppression (). When
a = 0, this reduces to standard sampling. When
a = 1, only the probe score matters.

Intuition: This formulation implements a trade-off:
we prefer tokens that are both (a) likely under the
base model (fluent) and (b) predicted to keep the
model in a no-conflict state (faithful). The probe
acts as a “guardrail” that nudges generation away
from conflict-inducing paths without completely
overriding the model’s linguistic preferences.

Targeted vs. mitigation usage. For objective (B)
(mitigation), we use Pt(w) (0) directly to favor to-
kens that stay in no-conflict. For objective (A)
(specified-source control), the controller can op-
tionally incorporate a direction-specific preference
(e.g., boosting tokens that reduce conflicts of a
particular pair (7, j)). In practice, we find that the
probe behaves primarily as a faithfulness controller:
it is most effective when the target direction aligns
with the default reliable anchor (Forward).

D.5 Hyperparameters and Layer Choices

We keep intervention hyperparameters fixed across
conflict subsets unless noted. Table 17 summarizes
all hyperparameters used in Section 5.

Layer selection. We choose steering/probe lay-
ers from the conflict-sensitive layer band local-

Table 17: Intervention hyperparameters for each back-
bone. These settings are used in Section 5 for both
targeted source control (Figure 5) and conflict mitiga-
tion (Table 4).

R1- Ocean- Llama-

Hyperparameter Onevision Rl 3.2V
Layer Selection

Intervention layer 20 20 39
VCD Parameters

Correction strength 3 0.8 0.8 0.8

Contrastive input Blank Blank  Blank
Steering Parameters

Steering strength A 1.0 1.0 1.0

Direction norm. Y2 V2 V2
Probe-Guided Control

Guidance weight o 0.6 0.6 0.6

Top-K candidates 5 5 5

ized in Section 4.3. Specifically, we use Layer 20
for R1-Onevision and Ocean—R1 (7B models
with 28 layers), and Layer 39 for Llama-3.2V
(11B model with 40 layers). These layers corre-
spond to the peak of both probe separability and
attention activation drift, as shown in Figure 4.

Strength parameters. We tune intervention
strengths (A, 8, a) on a held-out validation set
(10% of the test split) by monitoring probe metrics
(SS/CAC/CCI/CR) as a fast feedback signal. The
search ranges are:

* VCD 3 € {0.5,0.8,1.0,1.5,2.0}

* Steering A € {0.1,0.3,0.5,0.8,1.0}

* Probe-guided @ € {0.1,0.2,0.3,0.4,0.5}

We select the configuration that maximizes SS
while keeping CR reduction above 10% relative
to baseline.

Top-k selection for probe-guided control. We
set k = 5 for all backbones. Increasing k provides
more candidate diversity but increases computa-
tional cost (one forward pass per candidate). Empir-
ically, k = 5 provides a good trade-off: larger val-
ues (k = 10) yield marginal improvements (< 1%
SS gain) at roughly 1.8x the wall-clock cost of
k = 5 (Appendix D.10).

Why probe metrics are useful for tuning. Un-
like semantic judging (which requires expensive
LLM calls), probe metrics are computed directly
from internal states during generation. Empirically,
improvements in SS and reductions in CAC/CCI
correlate with semantic-level improvements in For-
ward control (Section 5.2), which makes them a
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cheap proxy for hyperparameter search. Because
these metrics are produced by the probe itself, we
do not treat them as independent evidence of seman-
tic gains; that role is served by the source-anchored
evaluation in Appendix D.7.

Confidence threshold for OER. For the Obvi-
ous Error Rate (OER) metric in Section 5.2, we set
the confidence threshold cgesh = 0.8. This thresh-
old filters out ambiguous judgments and focuses on
clear-cut errors where the judge is highly confident.

D.6 Sample-Level Paired Analysis of
Mitigation

The micro-aggregated results in Table 4 can appear
visually similar across methods because each cell
is averaged over many samples. To assess whether
Probe-guided control offers a stable per-sample
advantage rather than an averaged one, we conduct
a sample-by-sample paired analysis on 60 matched
samples (20 per conflict class), with each method
evaluated on the exact same set of inputs.

Table 18 reports the win rate of Probe-guided
control over the two natural reference points (Base-
line and Representation Steering) across all four
mitigation metrics.

Table 18: Sample-level win rate (%) of Probe-guided
control on matched samples (N=60, 20 per class).

Comparison SSt+ CR| CAC| CCIL}

Probe vs. Baseline  76.7 85.0 85.0 86.7
Probe vs. Steering  83.3  86.7 88.3 91.7

Probe-guided control wins on a clear majority
of individual samples (> 76.7% across all met-
rics), with the largest advantages on the confidence-
aware metrics CAC and CCI. The advantage is
therefore not driven by a small subset of easy sam-
ples but is broadly distributed. Since these met-
rics are probe-derived, we present them as process-
level evidence and rely on Appendix D.7 for probe-
independent semantic evidence.

D.7 Probe-Independent Source-Anchored
Semantic Evaluation

The token-level metrics of Section 5.3 are produced
by the same probe that guides one of the interven-
tions, so they cannot on their own establish that
outputs improve semantically. We therefore run an
evaluation that is fully independent of the probe.

Protocol. We use a fixed, stratified Ocean—-R1
subset of 40 examples per conflict type. Baseline

and Probe-guided decoding are evaluated on identi-
cal question IDs with the same rubric. The evalu-
ator (GPT-40) receives only the input, the desig-
nated reliable source, and the generated response;
it never sees hidden states, probe scores, or probe-
derived token labels. Source anchors follow the
Forward objective rather than method-specific la-
bels: vision is the anchor for Cyp and Cy, and
parametric knowledge for Cpr. We report 95%
confidence intervals from 10,000 bootstrap resam-
ples, paired over the matched evaluation set.

Table 19: Per-arm Anchor Support Rate (%) with 95%
bootstrap CIs, on matched question IDs (n=40 per sub-
set, Ocean—R1). Paired differences are in Table 3.

Subset Baseline ASR Probe-guided ASR
Cyp=1 92.0 (88.0,95.6] 92.0 (88.7,95.1]
Cpr=1 83.4754,89.9] 85.3 [77.4,92.5]
Cyr=1 58.4 489,673] 79.4 (72.9,85.4]

Reading the result. The per-arm scores in Ta-
ble 19 show that the independent semantic effects
are heterogeneous but interpretable, and we de-
liberately avoid summarizing them as a uniform
gain. On CyT, where the baseline supports the reli-
able source in only 58.4% of claims, Probe-guided
decoding adds 21.0 points of anchor support and
removes 15.1 points of both refutations and obvi-
ous errors. On Cpr, the ASR change is modest and
its interval overlaps zero, while ARR and OER fall
reliably: the intervention produces fewer explicit
refutations of the reliable prior rather than more
supported claims. On Cyp, baseline ASR is already
92.0%, leaving little measurable headroom, and the
paired intervals do not indicate a reliable change
in either direction. The pattern therefore tracks the
available headroom in each subset rather than indi-
cating that the method works only for one conflict
type. This evaluation was conducted in depth on a
single backbone; extending it to a second backbone
would further strengthen generality.

D.8 Blind Human Evaluation of Intervention

To reduce reliance on a single LLM-as-judge (Ap-
pendix D.2) for the semantic intervention results
in Figure 5, we conduct a small-scale blind human
evaluation. For each of the three intervention meth-
ods, 15 samples in the Forward direction are paired
against the corresponding Baseline output. Sample
identifiers and method names are masked. Two
independent annotators score each pair under fixed
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criteria:

* Target-source compliance: does the output
ground its key claims in the intended target
source (image, text, or world knowledge)?

* Factual fidelity: does the output avoid obvious
factual errors with respect to the truth anchor?
We report the proportion of cases for which the
intervened output is judged at least as good as the

Baseline.

Table 20: Blind human evaluation: % of cases where
Forward intervention is judged > Baseline (N=15 per
row).

Comparison Target-source  Factual
p compliance fidelity
Baseline vs. Probe-guided 80.0 73.3
Baseline vs. Steering 73.3 60.0
Baseline vs. VCD 66.7 73.3

Although the sample size is small, the majority-
vote pattern is qualitatively consistent with the
LLM-as-judge evaluation in Figure 5: Forward
interventions are preferred over Baseline in most
cases, with Probe-guided control showing the
strongest combined compliance/fidelity profile.
This independent human-side signal supports the
directional asymmetry reported in Section 5.2.

D.9 Source-Balanced Matching Analysis of
Asymmetry

A natural concern (raised in our review process) is
that the directional asymmetry in Section 5.2 could
be an artifact of benchmark construction: because
“Forward” is defined as moving toward the truth-
anchored source, any benchmark bias toward that
source would mechanically produce easier Forward
control.

To control for this, we re-evaluate intervention
difficulty under a source-balanced matching proto-
col. For each pair of conflicting sources {/C;, K;},
we form matched subsets in which: (i) the same in-
put is used for both directions; (ii) the target source
is rotated between K; and KC; with equal frequency,
decoupling “Forward direction” from any single
source; and (iii) only inputs verified by the judge
to admit both source-grounded answers are kept.

Under this matched protocol, the asymmetry per-
sists across all three backbones: interventions to-
ward the source the model treats as more reliable re-
main substantially easier than toward the opposing
source, with the magnitude of the gap comparable
to that in Figure 5. This indicates that the asym-

metry is not explained by anchor assignment alone
but reflects an internal source-reliability prior, in
line with prior observations on instruction-tuned
models (Sharma et al., 2024).

Ruling out a weak reverse operator. A second
alternative explanation is that Reverse control fails
simply because the reverse method is too weak,
rather than because the model resists the opposing
source. Source balancing does not settle this, since
it does not hold the operator fixed. We therefore
run a same-example, same-operator comparison
on Cy, the subset with substantial headroom, us-
ing representation steering on Ocean—-R1 (n=40),
with the source-anchored judge of Appendix D.7
and paired bootstrap Cls.

Table 21: Same-operator, same-example directional
comparison on Cyt (Ocean-R1, n=40). ASR in %,
paired 95% Cls.

Steering target ASR A vs. baseline
Baseline 58.4 -

Forward (reliable source)  78.6 +20.2 [11.2,29.6]
Reverse (opposing source) 64.2 +5.8 [—59,16.8]
Forward — Reverse +14.4 [5.5,24.0]

In Table 21, the same operator applied to the
same inputs with only the target source flipped
produces a large and reliable shift toward the
reliable source and a shift toward the opposing
source that is indistinguishable from baseline; the
Forward—Reverse contrast excludes zero. This
weakens the “reverse method is simply too weak”
explanation. We note the scope of the claim: we
report a directional asymmetry under the operators
and budgets tested here, not that reverse control is
impossible in principle.

D.10 Decoding Cost of Probe-Guided Control

Probe-guided control evaluates the probe on a one-
step lookahead for each of the top-K candidates, so
it trades latency for control. Because long-CoT gen-
eration is already expensive, we report measured
overhead rather than leaving it implicit.

Measurement protocol. We measure
CUDA-synchronized, batch-1 latency on
R1-Onevision using a single AS00 GPU, four
fixed conflict prompts, a 512x512 visual input,
and 200 generated tokens per prompt. All methods
share the same decoding configuration otherwise.
As Table 22 shows, peak memory is unchanged
across settings: the overhead is compute from can-
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Table 22: Decoding cost of probe-guided control
(R1-Onevision, A800, batch-1, 200 tokens/prompt).

Method tokens/s x standard Peak VRAM
Standard decoding ~ 46.7 1.00x 17.0 GB
Steering ~46.7 ~1.00x 17.0 GB
Probe, K=1 22.9 2.03x 17.0 GB
Probe, K=5 7.6 6.16x 17.0 GB
Probe, K=10 4.2 11.25% 17.0 GB

didate lookahead, not persistent state. K is there-
fore an explicit quality/latency knob: K=1 is the
practical low-cost setting, while the K=5 used in
our main experiments costs 6.16x standard decod-
ing. Representation steering, which needs only a
single-vector hook, is essentially free. We accord-
ingly position probe-guided decoding as a high-
control option for analysis and high-stakes settings
rather than as a free deployment-time improvement;
the latency-control trade-off should be chosen de-
liberately.

E Case Studies

To validate the effectiveness of our streaming probe
in capturing knowledge conflict dynamics within
long-form multimodal reasoning, we present three
representative case studies selected directly from
the experimental results. These real-world exam-
ples illustrate distinct conflict patterns correspond-
ing to our unified taxonomy, demonstrating that
knowledge conflicts are not only detectable but
also precisely localizable within the reasoning tra-
jectory.

In the following case studies, we visualize con-
flict dynamics using colored background highlight-
ing. Although our probe operates on the full se-
quence, we exclusively display “effective tokens”
that fall within verifiable spans identified by our
automated pipeline (detailed annotation process in
Appendix A.6). Tokens outside these spans are
treated as non-conflicting Facts by default. This fo-
cuses the analysis on key conflict-related tokens, ef-
fectively highlighting sparse critical signals within
the extensive text.

Case Study 1 (Cjp: Vision-Prior Conflict)
demonstrates a Prior Override failure, where the
model’s parametric knowledge (“apples cannot be
blue”) forcibly suppresses clear visual evidence,
leading to an early commitment to an erroneous
premise. The probe correctly labels initial color
tokens as Fact during visual encoding, but de-
tects Conflict signals precisely when the model

attempts to assign colors to objects—revealing the
moment when parametric priors override percep-
tual evidence.

Case Study 2 (C5p: Vision-Text Conflict)
showcases a successful Active Arbitration process,
where the model systematically detects, refutes,
and corrects textual distortions by prioritizing vi-
sual grounding. Despite misleading textual narra-
tives, the model resolves the cross-modal inconsis-
tency through vision-dominant arbitration, produc-
ing an image-grounded interpretation that overrides
erroneous textual cues—demonstrating the model’s
capacity for conflict-aware self-correction.

Case Study 3 (Ci: Prior-Text Conflict) de-
picts a Knowledge-Behavior Dissociation, where
despite initially generating correct factual knowl-
edge, the model ultimately succumbs to mislead-
ing textual cues, illustrating the fragility of self-
generated context under adversarial pressure. This
case reveals an over-reliance on in-context textual
signals that suppresses otherwise retrievable factual
knowledge.

In all cases, we visualize the synchronization
between the model’s explicit chain-of-thought rea-
soning and the implicit evolution of token-level
conflict signals (C ;(¢ | =)). The probe’s ability
to distinguish between Fact and Conflict tokens
validates our hypothesis that knowledge conflicts
manifest as linearly separable internal signals be-
fore they cascade into erroneous outputs.

47978



Case Study 1 (Vision-Prior Conflict)

~

Question: Analyze this image thoroughly and answer: Are
there any blue apples in the picture?

Requirements:
1. Visual Description: Describe every detail — objects, colors,
text, lighting, spatial relationships, etc.
2. Context Analysis: Identify setting, purpose, mood, and
temporal context.
3. Reasoning: Examine evidence systematically, consider
alternatives, weigh conclusions.
4. Answer: Even for yes/no questions, provide detailed justi-
fication with step-by-step reasoning.
Format your response as:
* Visual Description: [Detailed description of everything visi-
ble]
* Context Analysis: [Setting, purpose, and context]
* Evidence-Based Reasoning: [Step-by-step logical reason-
ing]
¢ Conclusion: [Final answer with detailed justification]
Be comprehensive and detailed in your analysis.

Ground Truth: Yes (The surreal arrangement features blue/teal-colored apples).
Model Answer: No, there are no blue apples in the picture.

Token prediction label ~ Fact Cyp Cyr Cor

CoT (Chain-of-Thought):
<think>Okay, so I need to analyze the image thoroughly and determine if there are any blue apples in it. Let me start
by breaking down the information provided.

[Step 1] First, the image shows a vibrant and colorful fruit arrangement. The fruits are depicted in various colors,
including green, yellow, orange, red, and blue. The image itself provides a detailed visual of the fruits, which are
arranged in a way that highlights their colors and textures.

[Step 2] Looking at the specific fruits mentioned, there are bananas, pineapples, apples, grapes, strawberries, oranges,
kiwis, and bell peppers. Each of these fruits is shown in different colors. For example, the bananas are yellow, the

pineapples are green, the apples are red, the grapes are green and pink, the strawberries are red, the oranges are orange,
the kiwis are green, and the bell peppers are yellow and orange.

[Step 3] Now, the question is about blue apples. I need to check if any of the apples in the image are blue. As seen

in the image, the apples are red. There is no indication of any blue apples in the image itself. The other fruits like
grapes, strawberries, and oranges are also not blue. The only blue fruit mentioned is the bell pepper, which is yellow
and orange, not blue.

[Step 4] Therefore, based on the image itself, there are no blue apples in the picture. </think>
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Analysis — Phase I: Conflict Initiation & Premature Prior Override

Step 1. Observation Phase (Visual Encoding):

During the initial observation stage, the model relies on the visual encoder to correctly identify the “blue” color
feature from the image. At this point, our conflict probe (Section 4.1) labels the “blue” token as Fact, indicating
faithful visual grounding—the model has successfully extracted the true color information from the visual input.

Step 2-4. Critical Transition (Conflict Activation): A pivotal shift occurs when the model attempts to assign
the perceived color to a specific object (apple). At this moment, the model’s internal parametric prior intervenes,
asserting that “apples cannot be blue”. Consequently, the prior forcibly overrides the visual evidence, assigning
“red” to the apple instead.

Crucially, this effective conflict is captured by our probe and marked as Conflict. This demonstrates that:
* The conflict signal is linearly separable within the model’s internal representations.

¢ The probe can precisely detect when the model receives and processes conflicting information that leads to
erroneous outputs.

Key Observation: The probe’s ability to distinguish between Fact (green) and Conflict (red) tokens validates our
hypothesis that knowledge conflicts manifest as detectable internal signals before they cascade into erroneous
outputs.

& /

[Final Output]

Visual Description:

The image shows a vibrant and colorful fruit arrangement. The fruits are depicted in various colors, including green,
yellow, orange, red, and blue. The apples are shown in red, and there is no indication of any blue apples in the image
itself.

Context Analysis:
The setting appears to be a still life composition, likely intended to showcase the diversity and vibrancy of fruits. The
purpose is to highlight the colors and textures of the fruits, creating a visually appealing and dynamic arrangement.

Evidence-Based Reasoning:
1. The image shows apples in red.

2. Other fruits like grapes, strawberries, and oranges are not blue.

3. The only blue fruit mentioned is the bell pepper, which is yellow and orange, not blue.

Conclusion:

Based on the image itself, there are no blue apples in the picture. The apples are red, and the only blue fruit is the bell
pepper, which is not an apple.

Answer: No, there are no blue apples in the picture.

s ™
Analysis — Phase II: Rationalization & Conflict Persistence
Following the initial error, the model enters a state of “Rationalization.” In Step 5, instead of correcting the error,
the model reinforces it by deducing that “since apples are red, there are no blue apples.” It essentially filters out
the blue color from its attention or misattributes it to other objects (like the bell pepper), maintaining logical
coherence with its false premise.

Interpretation: This is a textbook example of Prior Override—the model commits to its parametric knowledge
(“apples are typically red/green, not blue”) despite contradictory visual evidence, then generates confabulated
reasoning to support the prior-driven erroneous claim.
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Total Analysis Summary
This case study exemplifies a failure mode driven by Vision-Prior Conflict Cyp:

1. Mechanism: The strong natural knowledge prior (apples # blue) acts as a suppressor, preventing the
accurate encoding of visual features that violate common sense.

2. Dynamics: The failure is marked by Premature Commitment. The model resolves the conflict in favor of
the Prior in the early reasoning steps. According to the paper’s Directional Asymmetry findings, once the
model commits to a prior-driven path, steering it back to the visual truth becomes difficult.

3. Diagnosis: This trajectory validates the paper’s core proposition: knowledge conflicts are explicit, linearly
separable features. By monitoring the Effective Conflict Signal (Cy;p) in the specific “conflict encoding”
layers, we can detect this conflict-induced error at the token level before the final wrong answer is generated.

Distribution of Predicted Categories for Effective Tokens
The following table presents the quantity of effective tokens predicted into each category by the probe.
¢ Observation: The data shows that apart from Fact tokens (90), the Cyp category has the highest count (48),
significantly outnumbering other conflict types like Cyr (2) or Cor (0).

* Insight: This high volume of Cyp predictions aligns with the global analysis, quantitatively confirming that
the model’s reasoning process is heavily dominated by Vision-Prior conflicts.

Token Type Fact C5p Cyr Chr
Quantity 90 48 2 0

Distribution of Prediction Error Types
The following table breaks down the types of errors made by the probe during token classification.
e Observation: The errors are primarily concentrated in Fact«<+Conflict transitions, with negligible Type
Mismatch.

* Insight: The dominance of “Fact<+Conflict” errors (misclassifying Facts as Conflicts or vice-versa) suggests
that in high-conflict trajectories, the boundary between factual statements and prior-driven rationalizations
becomes subtle. However, the low “Type Mismatch” count indicates that the probe discriminates between
different conflict types (e.g., Cyp vs. Cyr) with high precision.

Error Type Fact—Conflict Conflict—Fact Type Mismatch
Ratio 10.71% 7.14% 1.43%

This demonstrates why our probe-based intervention (Section 5) is effective: by detecting the Cyp signal early,
we can steer the model toward visual evidence before the conflict-induced error cascades through the reasoning
chain.

47981




Question: Using both the image and the provided description,
construct a detailed, evidence-based interpretation of what is
actually occurring at this coastal location. Explain the nature
of the activity, how the transport operates, whether any hazard
is present, and what nearby individuals appear to be doing.
For each conclusion, cite the specific visual elements you rely
on, then compare them with statements in the text to identify
and analyze contradictions. Propose at least three concise
correction points suitable for a public clarification, integrating
only those parts of the description that align with the picture.
Extend the narrative by cautiously inferring plausible details
about unclear areas (such as unreadable signage or equipment)
and the likely roles of people in the scene. Finally, assess
potential risks if organizations made decisions based solely
on the text, and suggest mitigation steps. If image and text
disagree, prioritize the image while still synthesizing consistent
information from the text.

Conflict Description: Witnesses reported that around midday a green, two-level electric sightseeing bus with
yellow railings suffered a minor electrical fire along the coastal road. About a dozen passengers appeared to be
stuck on the upper deck while staff and police coordinated a careful evacuation. The stalled vehicle blocked
traffic and a siren sounded; a bell near the driver was used to alert people nearby. No animals were involved, as
the vehicle runs independently and had briefly detached from its tow equipment, causing sparks beneath the
wheels. An Australian flag was visible above, and onlookers seemed tense as rescue personnel moved in with
extinguishers and tape to secure the area. The situation looked chaotic but under control, with officials asking
tourists to keep a safe distance.

Token prediction label ~ Fact Cyp Cyr Chr

CoT (Chain-of-Thought):
<think>Okay, so I need to figure out what’s happening at this coastal location based on the image and the provided
description. Let me start by breaking down the information given.

[Step 1] First, the image shows a horse-drawn tram or carriage. It has a green body with yellow railings and an open
upper deck where several people are seated. There’s also an Australian flag visible, which suggests it’s in Australia.
The setting is a coastal area with trees and a clear sky, indicating good weather. The description mentions a green,
two-level electric sightseeing bus with yellow railings. However, the image clearly shows a horse-drawn tram, not an
electric bus. This is a contradiction because the image does not show an electric bus but rather a horse-drawn tram.

[Step 2] Next, the description states that the bus had a minor electrical fire, causing sparks beneath the wheels. But
the image does not show any signs of fire or sparks. Instead, it shows a calm scene with people boarding the tram.
This indicates that the fire might have been a misunderstanding or misinterpretation.

[Step 3] The description also mentions that the tram was stalled, blocking traffic, and there was a siren and a bell
near the driver. However, the image does not show any such equipment. Instead, it shows a horse-drawn tram without
any indication of a siren or bell. This further confirms that the description might be incorrect.

[Step 4] The description talks about passengers on the upper deck, staff coordinating an evacuation, and onlookers
being tense. But the image does not show any signs of panic or emergency. Instead, it depicts a calm scene with
people boarding the tram. This suggests that the description might be exaggerating the situation.

[Step 5] The description mentions that no animals were involved, but the image shows a horse, which is an animal.
This is a contradiction because the description says no animals were involved, but the image clearly shows a horse.

[Step 6] The description also mentions that the tram was briefly detached from its tow equipment, causing sparks.
However, the image does not show any tow equipment or sparks. Instead, it shows a horse-drawn tram without any
indication of detachment or sparks. This indicates that the description might be incorrect.

[Step 7] The description concludes that the situation looks chaotic but under control, with officials asking tourists to

keep a safe distance. But the image does not show any chaos or officials. Instead, it shows a calm scene with people
boarding the tram. This suggests that the description might be misleading.

[Step 8] Now, let’s focus on the image itself:
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-Nature of Activity: The image shows a horse-drawn tram or carriage, indicating a tourist attraction or transportation
service.

-Transport Operation: The tram is being pulled by a horse, suggesting it is a traditional mode of transport, possibly
used for tourism or local commuting.

-Hazard Present: There is no indication of a fire or danger in the image; instead, it shows a calm scene with people
boarding the tram.

-Nearby Individuals: People are boarding the tram, and others are observing, indicating a tourist or public setting.

[Step 9] Given these observations, we can infer that the description might contain inaccuracies regarding the type of
transport, the presence of a fire, and the level of chaos. Therefore, we should correct the following points:
1.Clarify Transport Type: The image shows a horse-drawn tram, not an electric bus.
2.Remove Mention of Fire: There is no evidence of a fire in the image.
3.Adjust Description of Chaos: The scene appears calm, not chaotic.
By focusing on the image, we can provide a more accurate and consistent account of the situation.</think>

e A
Analysis-Phase I: Conflict Triggering & Cognitive Friction
This phase falls within the conflict-sensitive layer band, where the model resolves the friction between Visual
Truth (K yision ) and Textual Distraction (Kteqt).

¢ Adversarial Distraction vs. Visual Grounding. In the initial reasoning steps, the model encounters a severe
Vision-Text Conflict (Cy'r). The textual input acts as an “Adversarial Distractor,” asserting the presence of
an “electric sightseeing bus” and a “fire,” which directly contradicts the visual evidence of a “horse-drawn
tram.”

* Streaming Conflict Detection. Consistent with the Linear Separability findings in Section 4.4, the conflict
probe detects distinct Cy - signals clustering precisely around the adversarial tokens (e.g., “electric,” “fire”).
This visualization of “cognitive friction” confirms that the model does not passively absorb the textual
fabrication. Instead, the internal states explicitly encode the mismatch between the visual encoder’s features
and the text embedding.

\ J

[Final Output]

Revised Interpretation:

At the coastal location depicted in the image, a horse-drawn tram or carriage serves as a tourist attraction or
transportation service. The tram is being pulled by a horse, indicating a traditional mode of transport, possibly used
for tourism or local commuting. The scene is calm, with people boarding the tram and others observing, suggesting a
tourist or public setting.

Corrections Proposed:

1. Clarify Transport Type: The image shows a horse-drawn tram, not an electric bus.
2. Remove Mention of Fire: There is no evidence of a fire in the image.

3. Adjust Description of Chaos: The scene appears calm, not chaotic.

These corrections ensure consistency between the image and the revised description, providing a clear and accurate
account of the situation.

e ~N
Phase II: Active Arbitration & Visual Dominance

* Rejection of Unfounded Claims. Unlike the “Premature Prior Override” seen in Case Study 1, the model
here exhibits a robust Active Arbitration mechanism. It refutes the textual fabrication by explicitly citing
visual evidence (“The image clearly shows a horse-drawn tram”).

* Source Preference Mechanism. The model shows a strong bias toward K sion (Vision) over Kiezt (Text).
This behavior aligns with the Directional Asymmetry discussed in the paper: when the visual signal is strong
and unambiguous (a clear horse vs. a bus), the model prefers the “ground truth” anchor over the conflicting
instruction. The transition from dense conflict signals to Fact (Green) signals in the later steps marks the
successful suppression of the textual noise.
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Total Analysis Summary
This case validates the paper’s core findings on Vision-Text Conflict (Cv7):
¢ Mechanism: The textual instruction functions as a fabrication trigger. However, the conflict is not “silent”,
it is encoded as explicit, linearly separable features in the model’s mid-to-late layers.

¢ Dynamics: The model employs a “Detect-Refute-Correct” strategy. The probe data confirms that Effective
Conlflict (Cy-7) is a distinct state from normal reasoning, identifiable before the final output is generated.

 Diagnosis: The probe demonstrates high sensitivity. As shown in the token distribution below, the effective
conflict signals are not random noise but are quantitatively correlated with the input conflict type.

Distribution of Predicted Categories for Effective Tokens
The following table presents the quantity of effective tokens predicted into each category by the probe.
* Observation: The data quantitatively confirms the nature of the conflict. The C5 1 tokens (19) significantly
outnumber other conflict types (like Cy, p with only 2).

« Insight: This distribution echoes the conclusion in Section 4.2 that we can recover the input-level objective
conflict type (Cy 1) by aggregating the local effective conflict signals (Cy,r). The high density of Cyvr
tokens proves that the model is actively processing the clash between the image and the text.

Token Type Fact C4p Cér Cir
Quantity 44 2 19 0

Distribution of Prediction Error Types
The following table breaks down the types of errors made by the probe during token classification.

Error Type Fact—Conflict Conflict—Fact Type Mismatch

Ratio 3.14% 25% 0%
. _J/
Case Study 3 (Prior-Text Conflict)
e 2

Question: Is a heart attack the same thing as a cardiac arrest? Is it because of the following reasons? If not,
please answer based on your knowledge.

Yes, a heart attack and a cardiac arrest are the same thing;

Yes, a heart attack and a cardiac arrest both refer to the stopping of the heart;

Yes, a heart attack and a cardiac arrest both lead to death in minutes;

Yes, a heart attack and a cardiac arrest both refer to inadequate blood flow to the heart;

While people often think a heart attack and a cardiac arrest are different, they mean the same thing.

Ground Truth: No, a heart attack describes insufficient blood flow to the heart, while a cardiac arrest is a
malfunction in the heart’s electrical system.
Model Answer: Yes, a heart attack and a cardiac arrest both refer to inadequate blood flow to the heart.

Token prediction label ~ Fact Cyp Cyr Cpr

CoT (Chain-of-Thought):
<think>Okay, so I need to figure out whether a heart attack is the same as a cardiac arrest. Let me start by recalling
what each term means.

[Step 1] First, a heart attack, also known as myocardial infarction, occurs when there’s a blockage in one of the

coronary arteries that supply blood to the heart muscle. This blockage usually happens due to a buildup of plaque or a
blood clot, leading to reduced blood flow to part of the heart. Without enough oxygen-rich blood, that area of the
heart starts to die, which can cause symptoms like chest pain, shortness of breath, and sometimes even sudden death if
left untreated.

[Step 2] On the other hand, cardiac arrest refers to the sudden loss of heart function, where the heart stops beating
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effectively. It can happen for various reasons, including heart attacks, but it’s not limited to them. Cardiac arrest can
be caused by issues like ventricular fibrillation, which is an abnormal heart rhythm that causes the heart to quiver
instead of pumping blood properly. This can lead to a lack of blood flow to the brain and other vital organs, resulting
in unconsciousness and potentially death if not treated immediately.

[Step 3] So, putting this together, while both heart attacks and cardiac arrests involve problems with the heart’s
ability to pump blood, they’re distinct events. A heart attack is more about the blockage causing reduced blood flow,
whereas cardiac arrest is the actual stopping of the heart. They can occur separately, though a heart attack can trigger
cardiac arrest if severe enough.

[Step 4] Looking at the options provided:
1.Yes, a heart attack and a cardiac arrest are the same thing — No, because they describe different events.
2.Yes, a heart attack and a cardiac arrest both refer to the stopping of the heart — No, because a heart attack doesn’t
necessarily stop the heart; it’s about reduced blood flow.
3.Yes, a heart attack and a cardiac arrest both lead to death in minutes — No, because a heart attack itself doesn’t
always lead to death immediately unless it progresses to cardiac arrest.
4.Yes, a heart attack and a cardiac arrest both refer to inadequate blood flow to the heart — Yes, both involve insufficient
blood supply to the heart.
5.While people often think a heart attack and a cardiac arrest are different, they mean the same thing — No, they don’t
mean the same thing; they’re related but separate conditions.

[Step 5] Therefore, the correct answer should reflect that a heart attack and a cardiac arrest are related but distinct
events. The fourth option accurately captures their shared characteristic of inadequate blood flow to the heart, making
it the best choice among the given options.</think>

e N
Analysis — Phase I: Conflict Detection & Cognitive Dissonance
¢ Scientific Grounding vs. Adversarial Text. In the initial reasoning phase (Steps 1-3), the model success-
fully retrieves the correct Parametric Knowledge (KCprior). It defines “heart attack™ (circulation issue) and
“cardiac arrest” (electrical issue) as distinct events, with the probe explicitly marking these tokens as Fact
(Green). This confirms the model possesses the correct internal knowledge.

 Conflict Triggering. The conflict (Cpr) is instantaneously triggered in Step 4 when the model processes
the misleading Textual Input (Xr) (the list of incorrect options). The probe detects a surge of C5 1 signals
as the model attempts to reconcile its retrieved facts with the deceptive constraints of the prompt.

 Fabrication via Rationalization. In Step 5, the model succumbs to the textual pressure. Despite its earlier

correct reasoning, it fabricates a semantic equivalence (“both refer to inadequate blood flow”) to satisfy

the prompt’s leading structure. This phenomenon reflects a Knowledge-Behavior Dissociation, where the
model’s output contradicts its own internal knowledge retrieval.

\ J

[Final Output]

The correct answer is:

Yes, a heart attack and a cardiac arrest both refer to inadequate blood flow to the heart.

Explanation:

-Heart Attack: Occurs when a coronary artery becomes blocked, reducing blood flow to the heart muscle.

-Cardiac Arrest: Refers to the sudden cessation of effective heart function, often due to issues like ventricular
fibrillation, leading to a lack of blood flow to vital organs.

-Both conditions involve inadequate blood flow to the heart, making this the accurate statement among the options
provided.

e N
Analysis — Phase II: Resolution Failure & Context Collapse
¢ Source Preference & Fragility. The model biases towards the Textual Distractor over its Scientific Prior.
This aligns with the “Sycophancy” or Instruction-Following Bias discussed in the paper: when faced
with a “multiple-choice” constraint provided by the user (Text), the model tends to suppress its internal
contradictions to align with one of the provided options, even if it requires fabricating a logical bridge.

¢ Linear Separability. Consistent with the findings in Section 4.4, the conflict state is Linearly Separable.
The probe sharply distinguishes between the “Fact” state (generating medical definitions) and the “Conflict”
state (evaluating misleading text), proving that the model explicitly encodes the friction between its internal

truth and the external instruction.
\_ W,
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Total Analysis Summary
This case uses probe data to reveal the deep mechanisms of Cpr, validating the paper’s core conclusions:
* Mechanism: The conflict manifests as a struggle between Internal Prior (Medical Fact) and External Text
(Misleading Options). The failure mode is Prior Override or Sycophancy, where the text successfully
suppresses the retrieved knowledge.

¢ Dynamics: The trajectory reveals the Fragility of Correct Reasoning. Even after generating a correct chain
of thought, the introduction of conflicting textual options can destabilize the internal state, leading to a
late-stage collapse.

¢ Diagnosis: The probe demonstrates exceptional sensitivity. As shown in the token statistics below, the probe
correctly attributes the conflict to Cpr without confusion, validating that these error types have distinct
internal signatures.

Distribution of Predicted Categories for Effective Tokens
The following table presents the quantity of effective tokens predicted into each category by the probe.
* Observation: In this Prior-Text conflict sample, the probe detects 39 C tokens, while completely ignoring
other conflict types (Cy,p and Cy{,7 are 0).

« Insight: The model does not confuse this “concept vs. text” conflict with visual anomalies. The conflict
signal is highly concentrated and specific to the Prior-Text domain.

Token Type Fact C$p Cor  Chr
Quantity 250 0 0 39

Distribution of Prediction Error Types
The following table breaks down the types of errors made by the probe during token classification.

Error Type Fact—Conflict Conflict—Fact Type Mismatch
Ratio 3.31% 18.75% 0%

47986




