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Abstract

This paper introduces the Cross-Modal Conflict
Benchmark (CMC-Bench) to evaluate how mul-
timodal retrieval-augmented generation (RAG)
systems handle contradicting evidence between
retrieved text and images. Using 3,768 in-
stances from ChartQA and MMMU evaluation
splits, the study benchmarks four open vision-
language models (VLMs) across four conflict
types (factual, temporal, entity, and granular-
ity) and four evidence conditions: aligned
(both modalities support the gold answer),
image-correct (image supports the gold and
text contradicts it), text-correct (text supports
the gold and the image is wrong or swapped),
and both-wrong (neither modality supports the
gold). Key findings reveal that cross-modal
disagreement severely degrades performance,
with ∆Acc between 0.17 and 0.46 relative to
aligned evidence. Results show models often
exhibit a “modality lean” rather than reliable
arbitration, with text-leaning systems particu-
larly vulnerable when only the image is cor-
rect. Furthermore, merging abstention and fab-
rication into a single “hallucination” score ob-
scures critical behavioral differences; for in-
stance, Qwen3-VL-4B abstains on 31.7% of
conflicts, while Gemma-3n-E2B fabricates un-
supported answers in 51.9% of conflicts. Mul-
timodal RAG evaluation should explicitly dis-
tinguish abstention from fabrication to assess
reliability accurately.

1 Introduction

Multimodal RAG systems retrieve evidence
from diverse modalities—images, text, tables—to
ground answer generation (Lewis et al., 2020). De-
signs typically assume that retrieved evidence is
trustworthy and internally consistent across modal-
ities. In practice, pipelines can surface image–text
pairs that support different answers: a chart may
show 64% while a passage claims 41%; an image
may reflect 2023 while text describes 2021. Under

Figure 1: CMC-Bench overview. In the both-wrong
condition, neither retrieved source is correct (image:
2008, text: 2009). The VLM claims both sources agree,
receiving a BOTH label from the judge. The LLM-
as-judge classifies VLM responses relative to the two
source references—it does not receive the gold answer
and does not evaluate correctness. Section 4 shows the
five-way output space (VLM behavior); ABSTAIN is the
desired response in the both-wrong condition.

such cross-modal evidence conflict, grounded gen-
eration requires arbitration—using the modality
that is correct for the query and instance, or else re-
fusing when neither channel is adequate. It remains
unclear whether VLMs implement such instance-
wise adjudication or instead default to modality pri-
ors, shallow reconciliation, answers aligned with
neither source, or abstention.

Existing multimodal hallucination benchmarks
largely do not isolate this failure mode. Single-
image suites (e.g., POPE, HaloQuest, M-
HalDetect) test fabrication relative to one image
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(Li et al., 2023; Wang et al., 2024; Gunjal et al.,
2024). Work on conflicting image–text pairs (Liu
et al., 2024b) targets single-turn settings without
a retrieval framing. No benchmark systematically
studies VLMs when retrieved image and text ev-
idence disagree on the answer, as in multimodal
RAG.
CMC-Bench addresses that gap (Figure 1). It

comprises: (1) a taxonomy of four conflict types;
(2) controlled instances from ChartQA (Masry
et al., 2022) and MMMU (Yue et al., 2024) with
dataset-derived passages and wrong-image selec-
tion (942 examples, 3,768 instances); (3) four ev-
idence conditions per example; and (4) evalua-
tion of four open VLMs on accuracy, modality-
following, modality-preference bias, and explicit
separation of unsupported answers versus absten-
tion under an LLM judge (Section 4.2). Impor-
tantly, CMC-Bench constructs conflicts program-
matically from dataset templates rather than from
a live retrieval pipeline; it therefore isolates the
generator’s conflict-handling ability independently
of retrieval quality, and its claims should be in-
terpreted accordingly. Reproducibility materials
accompany the benchmark release.

2 Related Work

2.1 Multimodal RAG

Retrieval-augmented generation was introduced for
knowledge-intensive NLP (Lewis et al., 2020) and
has been extended to multimodal settings. The
first Workshop on Multimodal Augmented Genera-
tion via Multimodal Retrieval (MAGMaR 2025)
(Kriz and Murray, 2025) featured systems that
combine retrieval over text, images, tables, and
video. Kangur et al. (2025) present MultiReflect,
a multimodal self-reflective RAG pipeline for fact-
checking. Drushchak et al. (2025) propose a uni-
fied framework for information processing across
text, image, table, and video. You et al. (2025)
address cross-modal clustering-based retrieval for
scalable image captioning. These works assume
that retrieved evidence is trustworthy; no study ex-
amines inter-evidence conflict when image and text
disagree.

2.2 Source Data for Cross-Modal Conflict

Constructing a benchmark for cross-modal evi-
dence conflict requires source data that supplies
(image, question, gold answer) triples at scale, per-
mits plausible contradicting text from the same

dataset (e.g., same-type wrong answers), and al-
lows a wrong image to be drawn from the same
domain. Prior work clusters into several fami-
lies. Chart and plot QA datasets such as ChartQA
(Masry et al., 2022) and PlotQA (Methani et al.,
2020) support factual and temporal conflicts and
same-type passage pairing. Diagram-heavy suites
such as MMMU (Yue et al., 2024) and ScienceQA
(Lu et al., 2022) suit entity- and granularity-style
conflicts. General VQA (Goyal et al., 2017) offers
scale but heterogeneous answers, which compli-
cates controlled same-type contradictions. Table-
and document-centric QA differs from the image-
plus-passage setting in how layout and text are
mixed. None of these resources were built for
cross-modal conflict, and the sources used in CMC-
Bench are motivated in Section 3.2.

2.3 Multimodal Hallucination

Object and attribute hallucination in vision-
language models has been evaluated by bench-
marks such as POPE (Li et al., 2023), HaloQuest
(Wang et al., 2024), M-HalDetect (Gunjal et al.,
2024), FREAK (Yin et al., 2026), and evidential
conflict detection (Huang et al., 2025). Surveys
(Liu et al., 2024a) summarize the landscape. Liu
et al. (2024b) study intrinsic vision-language hal-
lucination in a single-turn setting with conflicting
image–text pairs, but not in a retrieval pipeline.
MVI-Bench (Chen et al., 2025) evaluates robust-
ness to misleading visual inputs and adversarial
framing, not to conflicting retrieved evidence. No
prior benchmark evaluates hallucination and model
behavior when retrieved image and text evidence
contradict each other.

3 CMC-Bench

3.1 Conflict Taxonomy

The taxonomy comprises four conflict types that
can arise when image and text evidence are pre-
sented together in a RAG setting.

Factual contradiction. The image conveys a
value or fact A while the text states a different
value or fact B (e.g., a bar chart indicates 64% for
a category whereas the text states “41% of respon-
dents selected this option”).

Temporal mismatch. The image depicts or
refers to period X (e.g., a chart titled “2023 Sales”)
while the text describes period Y (e.g., “In 2021,
revenue increased”). The model must recognize
the temporal mismatch rather than fuse inconsistent
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time references.
Entity confusion. The image depicts entity

A (e.g., a diagram of process P ) while the text
describes entity B (a visually similar or confus-
able process P ′), as commonly occurs in science
and business diagrams when labels or structure are
swapped.

Granularity conflict. The image presents a spe-
cific case or instance while the text states a general
rule, or vice versa (e.g., the chart shows data for
one country while the text claims “Across all re-
gions, the trend is...” without the image supporting
the generalization).

3.2 Construction Pipeline
Source datasets. Following the landscape sur-
vey in Section 2, ChartQA (Masry et al., 2022)
(HuggingFaceM4/ChartQA) serves as the pri-
mary source and MMMU (Yue et al., 2024)
(MMMU/MMMU) as the supplement. Only evalu-
ation splits are retained: ChartQA validation and
test (no training data) and MMMU validation and
test per subject. ChartQA pairs charts with veri-
fied answers that are mostly numeric or temporal,
which matches factual and temporal conflict con-
struction. MMMU supplies expert-level diagram
Q&A, with examples drawn from six Hub subject
configurations (Physics, History, Psychology, Com-
puter Science, Art, Economics), under per-subject
quotas to ensure subjects contribute evenly (counts
in Section 3.3). The MMMU visual field image_1
is treated as the image input. Each source yields
(image, question, gold) triples and admits wrong-
image selection from the same corpus under the
rules below.

Passage templates and conflict-type routing.
Aligned and contradicting passages follow fixed
templates (ChartQA: “According to the chart /
source, . . . ”; MMMU: “According to the figure /
source, . . . ”), with the aligned line stating the gold
answer. Conflict type is fixed by simple rules: for
ChartQA, temporal if the gold is a four-digit year
in [1900, 2100] and factual otherwise; for MMMU,
entity if the resolved gold is short non-numeric text
(under 80 characters) and granularity if numeric or
longer. On MMMU multiple-choice rows, letter
answers in answer are expanded via the options
column for gold text and typing.

Contradicting text and wrong-image sam-
pling. Contradicting ChartQA temporal answers
prefer another year within ±10 of the gold when
one exists, and otherwise sample another answer

of the same coarse type (year, number, yes/no,
text) from the pool. Contradicting MMMU values
come from the other options of the same item when
multiple-choice, and from same-type answers in
the same subfield when available (else the same
subject) otherwise. Wrong ChartQA images are
sampled within the same conflict-type pool (factual
vs. temporal); wrong MMMU images come from
the same subfield when present, else the same
subject configuration.

Quality control. Only dataset fields and the
rules above are used in construction, and 20% of
instances are reserved at random for manual quality
checks.

ChartQA MMMU

Factual

Temporal

Entity

Granularity

Aligned
correct img + txt

Image-correct
correct img, wrong txt

Text-correct
wrong img, correct txt

Both-wrong
wrong img + txt

( q, I, T, y, c )

SOURCES

CONFLICT
TYPES

CONDITIONS
×4 per example

OUTPUT INSTANCES

Figure 2: CMC-Bench construction. Source exam-
ples from ChartQA yield factual and temporal conflicts;
MMMU yields entity and granularity conflicts. Each
example is instantiated under four evidence conditions,
producing instances (q, I, T, y, c): query, image, text,
gold answer, and conflict type.

Figure 2 summarizes the pipeline. ChartQA ex-
amples are routed to factual or temporal types and
MMMU examples to entity or granularity types.
Each example is then instantiated under four evi-
dence conditions, yielding tuples (q, I, T, y, c).

Experimental conditions. Each example is
instantiated under four conditions (Figure 2):
Aligned (control)—image and text both correct;
Image-correct—image correct, text contradict-
ing; Text-correct—text correct, image wrong
or swapped; Both-wrong—image and text both
wrong. Each instance is presented with the same
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Table 1: Dataset statistics (released artifact).

Statistic Value

Total examples 942
Total instances 3,768

Factual (ChartQA) ex. / inst. 250 / 1,000
Temporal (ChartQA) ex. / inst. 250 / 1,000
Entity (MMMU) ex. / inst. 250 / 1,000
Granularity (MMMU) ex. / inst. 192 / 768

Source: ChartQA ex. / MMMU ex. 500 / 442
Passage length (mean ± sd, words) 10.7 ± 5.6
QC sample (instances) 20% random

prompt (query, image, and text); the model pro-
duces an answer. Which inputs are correct or con-
flicting is fixed by design; responses are classified
by the LLM-as-judge into one of five behavioral
labels (Section 4.2). This setup mirrors real RAG
settings, in which the retriever may surface contra-
dictory evidence, and model behavior is observed
without prior indication of conflict.

Scale. The construction targets 250 examples
per conflict type (1,000 examples, 4,000 instances
with four conditions each). The released build
meets that target for factual, temporal, and entity
types (250 each) and contains 192 granularity ex-
amples, for 942 base examples and 3,768 instances
overall (Table 1).

3.3 Dataset Statistics

Table 1 summarizes the released dataset. Instances
are one per (example, condition); four conditions
per example implies four instances per example
when all conditions are materialized.

4 Experiments

4.1 Models

Evaluation is conducted on four open-source VLMs
from distinct architecture families, running on a
MacBook Pro M3 Pro (36 GB unified memory) via
mlx-vlm (Canuma, 2024). Table 2 lists the models;
all use 4-bit quantization for efficient inference on
Apple Silicon (Bai et al., 2025; Amini et al., 2025;
Kamath et al., 2025; Wu et al., 2024).

4.2 Evaluation Protocol

Each VLM (Table 2) receives the query, the re-
trieved image evidence, and the retrieved text evi-
dence under the prompt: “Query: {question}. Re-
trieved image evidence: [IMAGE]. Retrieved text
evidence: {text_passage}. Answer the query us-
ing the provided evidence.” The model produces a

Table 2: Evaluated VLMs (all 4-bit, via mlx-vlm).

Model Params Company

Qwen3-VL-4B-Instruct 4B Alibaba
LFM2.5-VL-1.6B 1.6B Liquid AI
Gemma-3n-E2B-it 2B Google
DeepSeek-VL2-small 3B† DeepSeek
†Active parameters; MoE total is larger.

free-text answer; no multiple-choice constraint is
imposed.

LLM-as-judge. Free-form VLM outputs are
scored by an auxiliary LLM (commercial API;
fixed prompt version) given the question, image-
and text-supported references, and the model an-
swer. It must emit one JSON field label with
value in {IMAGE,TEXT,BOTH,NEITHER,
ABSTAIN}, mapped to behavioral flags for met-
rics. This handles paraphrase, mild numeric varia-
tion, and refusals more reliably than string equal-
ity. All four models are judged on the full 3,768-
instance split. Scoring uses OpenAI’s gpt-5-mini
behind a commercial API with a fixed deployment
and API version (2024-02-15-preview) for repro-
ducibility.

4.3 Metrics

All metrics are derived from judge-assigned labels
(Section 4.2). Let Dc denote the set of instances
under condition c, ℓ(i) the judge label for instance
i, and Cconf = {img-cor, txt-cor, both-wr} the set
of three conflict conditions.

Answer accuracy (Acc). For each condi-
tion, accuracy is the fraction of instances whose
judge label matches the gold for that condi-
tion: ℓ(i) ∈ {IMAGE, BOTH} under image-
correct, ℓ(i) ∈ {TEXT, BOTH} under text-correct,
ℓ(i) ∈ {IMAGE, TEXT, BOTH} under aligned,
and ℓ(i) ∈ {NEITHER, ABSTAIN} under both-
wrong. Let 1c(i) denote the corresponding indica-
tor:

Acc(c) =
1

|Dc|
∑

i∈Dc

1c(i) (1)

Modality-following rate (MFR). The fraction
of responses across all conflict conditions where the
model follows the evidentially correct source (in-
cluding abstaining under both-wrong, where NEI-
THER or ABSTAIN are the correct responses per
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Table 3: Main results (judge-based). Acc. = condition-wise accuracy; MFR = modality-following rate; MPB =
image/text share when exactly one modality is chosen; ConfabR / CDR = NEITHER / ABSTAIN rate on conflict
conditions; HR = ConfabR+CDR; ∆Acc = aligned minus mean conflict Acc. n=942 per condition.

Accuracy by Condition MPB HR decomposed

Model Aligned Img-Cor Txt-Cor Both-Wr Img Txt MFR ConfabR CDR HR ∆Acc

Qwen3-VL-4B .898 .409 .375 .675 .549 .451 .486 .189 .317 .507 .412
LFM2.5-VL-1.6B .925 .235 .870 .277 .467 .533 .461 .137 .050 .186 .464
Gemma-3n-E2B .599 .275 .193 .822 .569 .431 .430 .519 .187 .706 .169
DeepSeek-VL2-small .901 .334 .843 .279 .521 .479 .485 .132 .081 .213 .416

the accuracy metric):

MFR =

∑
c∈Cconf

∑
i∈Dc

1c(i)∑
c∈Cconf

|Dc|
(2)

Modality preference bias (MPB). Among con-
flict instances where the model commits to ex-
actly one modality (label ∈ {IMAGE, TEXT}),
let D⋆ = {i ∈ ⋃

c∈Cconf
Dc : ℓ(i) ∈

{IMAGE, TEXT}}. Then:

MPBimg =
|{i ∈ D⋆ : ℓ(i) = IMAGE}|

|D⋆| , (3)

MPBtxt = 1−MPBimg.

Values above 0.5 indicate a systematic preference
for the respective modality.

Hallucination rate (HR). Let H(i) = 1[ℓ(i) ∈
{NEITHER, ABSTAIN}]. The fraction of conflict
instances where the response neither aligns with
either source nor commits to one—encompassing
both unsupported fabrication (NEITHER) and ex-
plicit refusal (ABSTAIN):

HR =

∑
c∈Cconf

∑
i∈Dc

H(i)∑
c∈Cconf

|Dc|
(4)

Accuracy drop (∆Acc). The degradation from
baseline to conflict conditions:

∆Acc = Acc(aligned)− 1

|Cconf|
∑

c∈Cconf

Acc(c)

(5)
Confabulation rate (ConfabR) and conflict-
detection rate (CDR). NEITHER marks answers
unsupported by either modality whereas ABSTAIN
marks explicit non-commitment, so H(i) is split
into separate rates. Let Dconf =

⋃
c∈Cconf

Dc denote
the pooled set of all conflict-condition instances

(|Dconf | = 3n, n = 942):

ConfabR =
|{i ∈ Dconf : ℓ(i) = NEITHER}|

|Dconf |
,

(6)

CDR =
|{i ∈ Dconf : ℓ(i) = ABSTAIN}|

|Dconf |
.

(7)

ConfabR counts unsupported answers; CDR counts
abstention. By construction, HR = ConfabR +
CDR.

5 Results and Analysis

5.1 Main Results

Table 3 presents the main evaluation results for all
four models across the five metric categories.

5.2 Research Questions

RQ1: Accuracy degradation under conflict. All
four models suffer large drops from aligned to
conflict conditions. Accuracy drops range from
0.169 (Gemma) to 0.464 (LFM2.5), with means
computed over three conflict conditions: image-
correct, text-correct, and both-wrong. The smallest
model in the evaluation (LFM2.5-VL-1.6B, 1.6B
parameters) achieves the highest aligned accuracy
(0.925) yet also incurs the largest drop (∆Acc
= 0.464), confirming that strong baseline perfor-
mance does not protect against modality conflict
degradation; notably, parameter count is a poor pre-
dictor of either baseline performance or conflict
robustness in this evaluation. The both-wrong con-
dition produces variable accuracy (0.277–0.822),
which now correctly reflects each model’s NEI-
THER/ABSTAIN rate rather than its ability to re-
cover the gold answer: models score well here
either by explicitly detecting the impasse (high
CDR) or by confabulating answers that happen
to match neither wrong source (high ConfabR).
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Gemma’s high both-wrong score (0.822) falls al-
most entirely in the latter category. Gemma’s com-
paratively small ∆Acc (0.169) should therefore
not be interpreted as conflict robustness: it is an
artefact of confabulation inflating its both-wrong
accuracy, not a sign of effective conflict handling.

RQ2: Modality-following rate. Across all mod-
els, MFR falls between 0.430 and 0.486, meaning
models follow the correct modality in fewer than
half of conflict instances on average. This is a
strong negative result: even under an unambigu-
ous retrieval prompt, models systematically fail
to defer to the evidence-supported source. The
asymmetry is stark: LFM2.5 achieves 0.870 accu-
racy in text-correct but only 0.235 in image-correct,
indicating that its conflict resolution amounts to
near-unconditional text following rather than princi-
pled modality selection. The convergence of MFR
values across four architecturally diverse models
(range 0.430–0.486, a spread of only 5.6 points)
is unlikely to be coincidental. A model with a
fixed modality bias can follow the correct source
only in the single conflict condition that matches
its preference, imposing a structural ceiling near
1/3 of instances. The near-identical MFR values
suggest that none of the four models has learned
to track which modality is evidentially correct on a
per-instance basis; each instead expresses a static
prior whose ceiling is structurally similar across
architectures.

RQ3: Modality preference bias. LFM2.5-
VL-1.6B shows clear text preference (MPB-txt =
0.533). DeepSeek-VL2-small is marginally image-
preferring by MPB (MPB-img = 0.521, MPB-txt
= 0.479); however, its large condition-level accu-
racy gap—text-correct 0.843 versus image-correct
0.334—reveals a strong practical text lean in con-
flict resolution. MPB and condition-level accuracy
capture different facets of preference: MPB mea-
sures the label composition among single-modality
commits, whereas the condition gap measures how
much a model benefits from its preferred modality
being correct. Both Qwen3-VL-4B and Gemma-
3n-E2B show image preference (MPB-img = 0.549
and 0.569). Neither group reliably follows the cor-
rect modality; rather, each model has a static prior
toward one input channel that largely determines
conflict behavior regardless of which is eviden-
tially correct. Text-following models (LFM2.5,
and DeepSeek by condition accuracy) are penal-
ized heavily on image-correct instances; image-
biased models (Qwen3, Gemma) are penalized on

text-correct instances. The condition-level asym-
metry is striking: LFM2.5’s accuracy gap between
text-correct and image-correct conditions is 0.635
(0.870 vs. 0.235); DeepSeek’s gap is 0.509 (0.843
vs. 0.334). Image-biased models show a far weaker
pull: Qwen3’s gap is only 0.034 (0.409 vs. 0.375),
and Gemma’s is 0.082 (0.275 vs. 0.193). Text fol-
lowing is thus a much stronger attractor than im-
age following in this model set, suggesting that
text-modality bias is a qualitatively different and
more deeply entrenched phenomenon than image-
modality bias.

RQ4: Hallucination under conflict. Halluci-
nation rates diverge dramatically across models,
but the decomposition into ConfabR and CDR (Ta-
ble 3) reveals that HR alone is misleading. LFM2.5-
VL-1.6B produces the lowest HR (0.186) and the
lowest CDR (0.050): it almost never abstains and
almost never confabulates, but achieves low HR
by committing to text regardless of correctness.
Gemma-3n-E2B has the highest ConfabR (0.519)—
more than half of its conflict-condition responses
are fabrications unanchored to either evidence
source—with a CDR of only 0.187. DeepSeek-
VL2-small is similar to LFM2.5 (ConfabR = 0.132,
CDR = 0.081). Qwen3-VL-4B presents a strik-
ingly different profile: its HR of 0.507 decomposes
into ConfabR = 0.189 and CDR = 0.317—the high-
est conflict-detection rate of any model by a wide
margin. Crucially, Qwen3’s CDR scales with the
conflict’s irresolvability: 0.106 in image-correct,
0.346 in text-correct, and 0.500 in both-wrong.
This gradient is unlikely to be coincidental; it sug-
gests Qwen3 is sensitive to the degree of evidential
tension and increasingly likely to withhold com-
mitment as conflict deepens. This is exactly the
behaviour a reliable RAG system should exhibit.

5.3 Judge Label Distribution by Condition
Figure 3 visualizes judge-label proportions in the
image-correct condition (n = 942 per model), the
setting most diagnostic for modality bias. Marginal
label totals (available in judge_label_counts
per model) are misleading because, for example,
a large BOTH count may reflect predominantly
aligned-condition agreement rather than genuine
conflict resolution. The stratified view reveals the
mechanism underlying the headline accuracy fig-
ures: LFM2.5 assigns TEXT to 578 of 942 image-
correct instances, and DeepSeek assigns TEXT
to 436, while both assign the IMAGE label in
relatively few cases (198 and 296, respectively).
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DeepSeek-VL2-s

Gemma-3n-E2B

LFM2.5-VL-1.6B

Qwen3-VL-4B

0 .25 .50 .75 1.0
Fraction of instances

IMG TXT
BOTH NEI/ABS

Figure 3: Stacked judge-label proportions in the image-
correct condition (n=942 per model). Segments:
IMG (image-aligned), TXT (text-aligned under image-
correct), BOTH, NEI/ABS.

Qwen3 shows a more balanced split (IMAGE =
372, TEXT = 350), while Gemma assigns NEI-
THER to 331 instances, explaining its high hallu-
cination rate even in a condition where image evi-
dence is correct. A further observation concerns the
BOTH labels that appear in conflict conditions (e.g.,
LFM2.5: 23 BOTH in image-correct; Qwen3: 13).
By design, the image-supported and text-supported
gold answers differ in conflict conditions, so BOTH
logically should not occur. When it does, it indi-
cates either that the conflict in that instance was
insufficiently sharp (the image-supported and text-
supported references were similar enough that the
VLM’s answer fell within matching distance of
both) or residual judge leniency on near-match an-
swers. These cases serve as a useful calibration
signal: a higher BOTH rate in conflict conditions
suggests that some constructed conflicts may be
underspecified.

5.4 Qualitative Example

Table 4 shows one temporal ChartQA item (image-
supported gold 2008, conflicting text 2015) on
which the four models respectively receive IMG,
TXT, NEI, and ABS labels, in line with the aggre-
gate split in Table 3.

6 Discussion

Modality bias as a design concern. The cen-
tral finding is that none of the four models selects
the evidentially correct modality at above-chance
rates under conflict (MFR 0.430–0.486). Instead,
each model has a fixed modality preference: text-
following models (LFM2.5 by MPB; DeepSeek
by condition-level accuracy gap) reliably follow
the text passage; image-biased models (Qwen3,
Gemma) lean toward the image. This preference

Table 4: Qualitative example (temporal_5, image-
correct condition). Gold answer = 2008 (from image);
conflicting text passage claims 2015.

Model Response (truncated) Label

DeepSeek-VL2-s “2008” IMG

LFM2.5-VL-1.6B “. . . according to the provided evidence, is
2015.”

TXT

Gemma-3n-E2B “. . . the highest native-born employment in
Slovenia occurred in 2004.”

NEI

Qwen3-VL-4B “However, the chart shows data from 2004–
2012, and the text mentions ‘2015’—
which is outside the chart’s range. . . ”

ABS

Query: Which year recorded the highest native born employment in Slovenia?
Image gold: 2008. Text passage: “According to the source, the value is 2015.”

is not adaptive—it does not track which modality
is correct for a given instance. For multimodal
RAG systems, this implies that retrieval-quality im-
provements are necessary but not sufficient: even a
perfect retriever that surfaces the correct evidence
will be undermined if the generator cannot adjudi-
cate between modalities.

Conflict detection as an evaluable capability.
The HR metric conflates confabulation (NEITHER)
with explicit conflict acknowledgement (ABSTAIN).
We decompose these into ConfabR and CDR (Eq. 6–
7) and report both in Table 3. The decomposi-
tion substantially changes the interpretation of re-
sults: Qwen3’s HR of 0.507, which appears to
rank it second-worst, is driven primarily by a CDR
of 0.317—the model is withholding answers in
the presence of irresolvable conflict, not fabricat-
ing them. Gemma’s HR of 0.706, by contrast, is
driven by a ConfabR of 0.519—the model is pre-
dominantly confabulating. These are opposite be-
haviours that a single HR figure obscures entirely.
We argue that CDR should be treated as a pos-
itive metric in future multimodal conflict bench-
marks: a model that says “I cannot resolve this”
when evidence genuinely conflicts is exhibiting the
epistemically appropriate response for a grounded
generation system, and penalising it equally with
confabulation is an evaluation design flaw.

Hallucination under conflict. Gemma-3n-
E2B’s ConfabR of 0.519 is the most concerning fig-
ure in the evaluation: more than half of its conflict-
condition responses are fabrications unanchored
to either modality. LFM2.5 and DeepSeek, while
strongly biased toward text, at least commit to one
evidence source (ConfabR 0.137 and 0.132). A
low HR alone is therefore insufficient as a quality
signal: LFM2.5’s HR of 0.186 conceals the fact
that it almost never detects or flags conflict (CDR
= 0.050), it simply commits to the text channel
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regardless. The ConfabR/CDR decomposition is
necessary to distinguish a model that avoids fabri-
cation because it follows a channel faithfully from
one that avoids it because it recognises evidential
tension.

Accuracy drop asymmetry. LFM2.5-VL-1.6B
has the largest ∆Acc (0.464) despite the highest
aligned accuracy (0.925). Its near-unconditional
text following (text-correct 0.870; image-correct
0.235) generates a large image-correct penalty that
the modest both-wrong score (0.277) cannot off-
set. Qwen3-VL-4B posts the second-largest ∆Acc
(0.412): its image- and text-correct accuracies
(0.409 vs. 0.375) are the most balanced among the
four models but also the lowest in their respective
categories, consistent with the absence of a domi-
nant single-modality heuristic; the high both-wrong
score (0.675) reflects a mix of principled abstention
(CDR 0.317) and confabulation (ConfabR 0.189).
Gemma-3n-E2B’s ∆Acc of 0.169 is the smallest,
but its interpretation differs from a naive robustness
reading: Gemma’s both-wrong accuracy (0.822) is
the highest of any model, yet it is driven almost
entirely by confabulation (ConfabR 0.519) rather
than conflict detection (CDR 0.187). A model can
score well on the both-wrong condition by generat-
ing answers that fail to match either wrong source,
which is exactly what a high-ConfabR model does.
∆Acc should therefore always be read alongside
the ConfabR/CDR decomposition: a small drop
that co-occurs with high ConfabR is not a sign of
conflict robustness.

Limitations and future work. This benchmark
uses engineered conflicts constructed from heuris-
tic templates, which may not fully reflect the distri-
bution of naturally occurring cross-modal contra-
dictions in real retrieval pipelines. The domain is
chart-heavy (ChartQA contributes 500 of 942 base
examples) and English-only. Granularity conflict
is underrepresented relative to the other three types
(192 vs. 250 each) due to pipeline yield.

The evaluation is scoped to small, 4-bit quan-
tized open-source VLMs running on consumer
hardware; conclusions should not be generalized to
larger, non-quantized, or proprietary models with-
out further study. Future work should include at
least one stronger open model, a non-quantized
variant, and proprietary VLMs to establish whether
the observed modality-bias patterns persist at scale.

The LLM-as-judge protocol is central to every
reported metric; its reliability has not been formally
validated in this work. A human-labeled validation

set with human–judge agreement statistics and an
error analysis (particularly for BOTH labels ap-
pearing in conflict conditions) would strengthen
confidence in the behavioral metrics. The inci-
dence of BOTH labels under conflict conditions—
where image and text support different answers by
design—warrants manual auditing, as these cases
may reflect underspecified conflicts, near-match
answers, or residual judge leniency.

Policy baselines (always-follow-image, always-
follow-text, always-abstain, random) and prompt
ablations (image-only, text-only, conflict-aware
prompts that explicitly permit abstention) are ab-
sent from the current study. These would clarify
whether models are doing more than following triv-
ial heuristics, and whether apparent inability to
adjudicate stems from the evaluation setup rather
than a genuine architectural limitation.

Per-conflict-type disaggregation of results (fac-
tual, temporal, entity, granularity) is deferred to
future analysis, as it requires propagating conflict-
type labels into the behavioral output files. Future
work should include naturally sourced conflicts
from multi-modal search logs, multilingual settings,
and extended video evidence.

7 Reproducibility

The repository at https://github.com/
jaspercatapang/cmc-bench contains all 3,768
instances, prompts, the judge specification,
and aggregation code. VLMs were run with
mlx-vlm (Canuma, 2024) on Apple Silicon (4-bit
weights). The same gpt-5-mini judge setup as in
Section 4.2 was used for all reported behavioral
files.

8 Conclusion

Multimodal RAG presupposes coherent evidence;
when retrieved image and text conflict, generators
must arbitrate or abstain responsibly. The empirical
picture here is that open VLMs largely do not track
the evidentially correct modality per instance, and
that a single “hallucination” rate can misread prin-
cipled abstention as failure. This paper introduced
CMC-Bench, a benchmark for cross-modal evidence
conflict in a retrieval-style multimodal setting. The
released suite has 942 examples (3,768 condition-
level instances) from ChartQA and MMMU evalu-
ation splits, with construction as in Section 3.2. An
LLM-as-judge protocol assigns {IMAGE, TEXT,
BOTH, NEITHER, ABSTAIN} to each of 3,768
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responses per model. Across four open-source
VLMs: (1) accuracy degrades sharply under con-
flict (∆Acc = 0.17–0.46), with the smallest ∆Acc
co-occurring with the highest confabulation rate
rather than reflecting robustness; (2) modality-
following rates fall in a narrow band (0.430–0.486),
consistent with fixed modality priors rather than
per-instance adjudication; (3) text-biased models
show much larger image–text condition gaps than
image-biased models (up to 0.635); (4) HR splits
into ConfabR and CDR in ways that invert naive
rankings—Qwen3’s HR (0.507) is driven largely
by CDR (0.317), while Gemma’s (0.706) is driven
largely by ConfabR (0.519). Cross-modal conflict
resolution thus remains an open problem for multi-
modal RAG; benchmarks should not treat absten-
tion like unsupported fabrication, and should report
decomposition alongside modality-following accu-
racy. The dataset and evaluation code are released
for community use.
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