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Abstract

Long-video Omni assistants often fail not by
inventing content, but by misbinding real evi-
dence: they hear the right utterance and see the
right event, yet attach it to the wrong speaker,
moment, or modality. These almost-true er-
rors evade standard video QA because local
evidence remains valid, so item-level scoring
can reward both a supported claim and its
near-counterfactual. We introduce a counter-
factual event-binding protocol that constructs
paired supported/counterfactual claims from
the same audio-visual event evidence and eval-
uates them by strict-pair accuracy. We instan-
tiate it as OmniHalluc-L, to our knowledge
the first benchmark for long-video Omni hal-
lucination, with 3,600 single-claim QA items
from 638 long-form videos averaging 24.16
minutes and covering 256.87 hours. Under
this protocol, open-weight Omni models re-
main weak at pair-level binding: Qwen2.5-
Omni-7B reaches 32.06% and Qwen3-Omni-
Instruct reaches 41.55%, versus 76.54% for a
closed-source reference. To narrow this gap,
we propose MPRC (Modality-Perturbation Re-
liability Calibration), a frozen-backbone cal-
ibrator that combines native confidence with
response shifts from selected audio-negative
probes. MPRC raises these two models to
36.22% and 51.09%, respectively, and im-
proves target-adapted MCQ accuracy on Om-
niVideoBench and WorldSense. The code is
available at https://github.com/ZexDong/
omnihalluclL-mprc.

1 Introduction

Omni assistants are moving from curated short
clips to minutes-long audio-visual streams such as
lectures, podcasts, and livestreams. At this hori-
zon, hallucination often means misbinding real ev-
idence rather than inventing content: a model may
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Figure 1: Motivation for strict-pair scoring. Supported
and counterfactual claims share the same real evidence
but differ in binding; OmniHalluc-L evaluates each
claim independently and credits a pair only when the
supported claim is accepted and the counterfactual is
rejected.

hear the right utterance and see the right event,
yet assign them to the wrong speaker, moment,
scene, or modality. The evidence is present, but
the claimed relation is false. Such almost-true er-
rors evade standard video QA because item-level
scoring can reward both a supported claim and a
minimally edited near-counterfactual.

Current evaluations ask adjacent questions.
Long-video benchmarks measure comprehension
and reasoning (Fu et al., 2025; Wu et al., 2024;
Zhou et al., 2025), hallucination benchmarks have
moved from images to vision-only video settings
(Lietal., 2023; Wang et al., 2024; Lu et al., 2025),
and Omni evaluations target broad audio-visual
understanding and real-world omnimodal reason-
ing (Li et al., 2026; Hong et al., 2026; Tao et al.,
2026; Goel et al., 2026). What remains missing is
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whether recurring evidence is attached to the right
source, time, scene, and modality in a long stream.

We address this gap with a counterfactual event-
binding protocol. Starting from real audio-visual
event evidence, we author a supported claim and
a minimally edited counterfactual that preserves
the evidence but changes its binding relation. Pair
identity is hidden: models verify one claim at
a time, and strict-pair accuracy credits only ac-
cepting the supported claim and rejecting the
counterfactual. This turns hallucination evalua-
tion from local plausibility checking into relation-
consistency testing.

We instantiate this protocol as OmniHalluc-L,
to our knowledge the first benchmark for long-
video Omni hallucination. It contains 3,600
claims from 638 long-form videos, organized
into 1,800 hidden supported/counterfactual pairs
across three evidence-binding families.  We
further propose MPRC (Modality-Perturbation
Reliability Calibration), a frozen-backbone cali-
brator that combines native confidence with re-
sponse shifts from selected audio-negative probes.

Experiments reveal a large reliability gap and
an actionable path to reduce it.  Qwen2.5-
Omni-7B reaches 32.06% SPA and Qwen3-Omni-
Instruct reaches 41.55%, while the strongest
closed-source reference reaches 76.54%. Without
updating the Omni backbone, MPRC lifts them
to 36.22% and 51.09%, outperforming the MAD
contrastive decoder (Chung et al., 2026). The
same audio-counterfactual signal improves target-
adapted MCQ accuracy on OmniVideoBench
(4+2.20) and WorldSense (+1.51) with Qwen3-
Omni-Instruct.

Our contributions are: (i) a counterfactual
audio-visual event-binding construction and strict-
pair evaluation protocol; (ii) OmniHalluc-L, a
3,600-item long-video Omni hallucination bench-
mark built under this protocol; (iii) MPRC, a
frozen-backbone reliability calibration framework
based on structured audio-negative probes; and
(iv) a systematic study of open-weight, frozen-
decoding, and closed-source Omni systems under
strict evidence-binding evaluation.

2 Related Work

Long-video understanding and Omni evalua-
tion. Long-video benchmarks test retrieval, sum-
marization, event localization, and reasoning over
extended temporal context (Mangalam et al., 2023;

Wau et al., 2024; Zhou et al., 2025; Fu et al., 2025;
Geng et al., 2025). Omni, speech-centric, and
inconsistency benchmarks evaluate audio-visual
understanding, real-world omnimodal reasoning,
speaker-level audiovisual grounding, and injected
conflicts (Nguyen et al., 2025; Tao et al., 2026;
Goel et al.,, 2026; Chen et al., 2026b). They
cover comprehension, perception, and inconsis-
tency handling broadly, but not the stricter ques-
tion of whether recurring real evidence is bound
to the correct speaker, moment, scene, or modality
under hidden supported/counterfactual pairs.

Multimodal hallucination benchmarks. Hallu-
cination benchmarks began with image-level ob-
ject and language-vision conflicts (Li et al., 2023;
Guan et al., 2024; Wang et al., 2023; Sun et al.,
2024), then expanded to video event, tempo-
ral, semantic-aggregation, and compositional fail-
ures (Wang et al.,, 2024; Zhang et al., 2024;
Li et al., 2025; Lu et al.,, 2025; Xing et al,,
2026). AVHBench and AV-ConfuseBench test
audio-visual confusion under altered or missing
sounds (Kim et al., 2025; Ye et al., 2026), while
AHA mines shared-evidence counterfactuals for
DPO-based short-clip audio reasoning (Chen et al.,
2026a). Related work covers omni-modal cap-
tioning and generation alignment (Wang et al.,
2026; Cao et al., 2026). Unlike these efforts,
OmniHalluc-L tests long-form claims that share
real evidence but differ in binding.

Frozen-model hallucination mitigation.
Training-free mitigation methods use decoding-
time calibration or contrastive signals without
updating the backbone (Shi et al., 2024; Manevich
and Tsarfaty, 2024; Leng et al., 2024; Huang et al.,
2024). Audio-visual decoders such as MAD and
AVCD compare native responses with perturbed
modality views (Chung et al., 2026; Jung et al.,
2025). These methods are useful frozen-decoding
references; however, long-form binding errors
are heterogeneous, so MPRC estimates reliability
over structured probes rather than relying on one
universal perturbation rule.

3 The OmniHalluc-L Benchmark

3.1 Counterfactual Claim Verification

OmniHalluc-L evaluates whether an Omni model
binds real audio-visual evidence to the correct re-
lation. Given a long video and a natural-language
claim, the model answers YES or NO. Each
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Figure 2: OmniHalluc-L construction pipeline. Long-form videos are temporally segmented, annotated through
isolated audio and visual views, authored into supported/counterfactual claim pairs, and validated by human verifi-
cation so that each pair differs only in the evidence-binding relation.

Dataset Hall. SPA

VideoHallucer
EventHallusion
VidHalluc
AVHBench
AV-ConfuseBench
ELV-Halluc
OmniVCHall
AVID

OmniHalluc-L

Long Omni

N X X AX X X X X
NAX X NN X X X
SN RN NENENENEN
N X X X X X X X X

Table 1: Benchmark coverage comparison. Long de-
notes average duration above 5 minutes; Omni de-
notes joint audio-visual input; Hall. denotes hal-
lucination, AV-confusion, or cross-modal inconsis-
tency evaluation; SPA denotes our strict hidden sup-
ported/counterfactual pair scoring.

instance belongs to a hidden strict pair p =
(vp,q, Gy ): g is supported by the video, while
q, preserves the same evidence but rebinds it to
the wrong speaker, scene, moment, or modality.
At test time, the model receives only one claim;
the pair identifier, paired counterfactual, and one-
positive-per-pair structure are hidden. The task
therefore tests whether a model can reject a false
relation over real evidence, not merely whether it
can detect that relevant evidence exists.

A pair is credited only when both sides are an-
swered correctly. The primary metric is strict-pair
accuracy:

1
SPA = — ]I[g(v Q) = 1]
[P pezp o )

1[g(vp,q,) =0].
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Figure 3: OmniHalluc-L dataset statistics over 3,600
verified QA items from 638 long-form videos. Pan-
els show subtype and family distributions, source-video
duration, evidence distance, and video type coverage.

SPA is 0% for constant YES/NO predictors and
25% in expectation for random guessing, mak-
ing answer-prior shortcuts visible rather than hid-
ing them inside item-level accuracy. Table 1 sit-
uates this protocol against vision-only hallucina-
tion, audio-visual hallucination or confusion, and
injected-inconsistency benchmarks.

3.2 Benchmark Construction

OmniHalluc-L is built from 638 long-form source
videos averaging 24.16 minutes and totaling
256.87 hours, a regime where speakers, sounds,
scenes, and events recur across many minutes. We
segment each video into overlapping 100-second
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CS-Temporal Spur. Co-occ. LH-Attr.
Model In. TI BM SM SMB CSS CSSM CSIC LRSC All
Open-weight Omni models
Qwen2.5-Omni-3B AV 14.98 18.09 2943 3483 31.82 25.00 23.32 38.61 25.50
Qwen2.5-Omni-7B AV 27.05 14.89  39.04  38.31 41.48 22.57 34.72 38.61 32.06
OmniVinci AV 2899 2128 3213 3781 42.05 25.35 31.09 30.69 31.17
MiniCPM-o0 4.5 AV 3575 2660 36.04 4129 4773 2431 37.82 48.51 36.22
Qwen3-Omni-Instruct AV~ 3792 3723 4307 38.19 44.83 40.28 48.44 47.00 41.55
Open-weight video-only models
Qwen2.5-VL-3B A% 14.49 18.09  28.23 3234  35.80 21.18 26.94 28.71 24.50
Qwen2.5-VL-7B v 19.57 19.15 2853 3134  30.68 19.10 38.34 33.66 26.33
Qwen3-VL-32B A% 28.02 2021 29.82  33.17 41.95 18.06 46.88 37.00 30.79
Closed-source Omni models
Gemini 3.1 Flash-Lite AV~ 50.00 3830 63.83 6244 5543 61.97 69.63 50.00 57.86
Gemini 3.0 Flash AV 6545 5532 7409 6131 69.14 65.61 81.25 60.00 67.83
Gemini 3.1 Pro AV 81.31 68.09 78.55 7475 7371 73.59 82.29 64.00 76.54

Table 2: Strict-pair accuracy (%) on the full OmniHalluc-L benchmark. All models follow the same single-query

protocol; pair identity is hidden at test time.

windows with a 50-second stride, limiting caption
drift while preserving boundary-crossing speech
and audio-visual cues.

Construction follows the same principle as
the evaluation protocol: keep the evidence real
and vary only the binding relation. We first
use modality-isolated annotation, describing audio
without visual context and visual content without
audio context, so the pipeline does not pre-solve
cross-modal grounding. Category-specific author-
ing protocols then produce a supported claim and
a near-counterfactual that changes only the re-
lation being tested. Human verification checks
entailment, false-but-plausible counterfactuality,
binding-only edits, and shortcut leakage; full in-
structions and filtering statistics are provided in
Appendix A.

The verified benchmark contains 3,600 single-
claim QA items across three relation-defined fam-
ilies. Cross-Stream Temporal tests timing and
boundary alignment between audio and visual
streams. Spurious Co-occurrence tests false
association among real scene, sound, and ac-
tion evidence. Long-Horizon Attribution tests
speaker attribution, identity continuity, and source
tracking across distant moments. Together, they
cover the timing, co-occurrence, and attribution
relations that long-video Omni models must pre-
serve. This relation-centric taxonomy makes near-
counterfactual evaluation possible: the local evi-
dence remains real, while the tested claim changes
only how that evidence is connected.

Evidence intervals are retained as diagnostic

metadata but are not provided to models. The eval-
vated task remains single-query verification over
the model’s normalized video input; subtype defi-
nitions, evidence metadata, and verification details
are reported in Appendix A.

3.3 Evaluation Protocol

Open-weight Omni models are scored from canon-
ical YES/NO logits using a binary margin and
softmax-normalized support score, while closed-
source systems are parsed from generated text
with bounded retries; token choices, API identi-
fiers, decoding settings, and failure-handling rules
are given in Appendix A.

The primary metric is SPA (Eq. 1); item accu-
racy, balanced item accuracy, and predicted-YES
rate are reported only as diagnostics because item-
level metrics can mask pair collapse. All held-
out evaluations use the same single-query setting.
For models with duration constraints, we apply
fixed query-agnostic temporal preprocessing and
256-frame sampling, with model-specific sidecar
or union-clip formatting where required; no evi-
dence span, retrieval window, or pair-level infor-
mation is selected per query.

3.4 Benchmark Results

Table 2 reports SPA on the full OmniHalluc-L
benchmark. Current open-weight Omni systems
remain far below the strongest closed-source ref-
erence: Qwen2.5-Omni-7B reaches 32.06% SPA
and Qwen3-Omni-Instruct reaches 41.55%, while
Gemini 3.1 Pro reaches 76.54%. The gap leaves
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Figure 4: MPRC overview. A frozen Omni backbone is queried under native audio-visual input and structured
audio-negative probes. Branch subsets and a lightweight calibrator are selected within video-level folds; held-out
claims are predicted independently from native confidence and branch-induced response shifts.

substantial headroom, while nontrivial video-only
baselines and stronger matched Omni results show
that OmniHalluc-L is not reducible to language
plausibility, visual recognition, or transcript-level
text alone (Appendix C). Errors span all three bind-
ing families, making OmniHalluc-L a targeted di-
agnostic for long-form evidence binding rather
than a generic video QA leaderboard.

4 MPRC: Modality-Perturbation
Reliability Calibration

Long-video hallucination is difficult to mitigate be-
cause the relevant evidence may already be present
in the model’s response pathway. The failure
is often relational: a real utterance is assigned
to the wrong speaker, a real sound is attached
to the wrong scene, or a true event is carried
beyond the moment that supports it. A single
audio perturbation cannot diagnose all such fail-
ures. Temporal shifts stress cross-stream align-
ment, segment swaps stress local co-occurrence,
and long-range dislocations stress attribution con-
tinuity. The same perturbation, however, can be
informative for one claim and irrelevant for an-
other. MPRC therefore treats audio perturbations
not as a universal contrastive recipe, but as relia-
bility probes for estimating whether the model’s
native binding judgment should be trusted. The
probe is not meant to replace the original evidence;
it asks whether the model’s support decision re-
mains coherent when the audio relation most rel-
evant to binding is disturbed.

MPRC is a frozen-backbone calibration frame-
work that keeps the visual stream fixed, queries
native audio-visual and structured audio-negative

views, and converts response shifts into support
features. A lightweight reliability layer, selected
within the training folds, combines native confi-
dence with selected audio-negative signals with-
out updating the backbone. This reframes mitiga-
tion as post-hoc evidence-binding calibration: the
model supplies perceptual and sensitivity signals,
while MPRC learns when those signals justify per-
claim support.

Reliability features. Let F' be the frozen Omni
backbone and let (v, q) denote a video-claim in-
stance. The native audio-visual query produces
ho F(v,q). From hgy, we extract ¢ay(ho),
including the parsed answer, support confidence,
Yes/No margin, and response uncertainty when
available. For an audio-negative branch b, let Ty, (v)
denote the same visual stream paired with a per-
turbed audio stream, and let hy = F(T,(v),q).
The branch feature ¢y, (hy, ho) contains the branch
answer and confidence as well as deltas in sup-
port score, margin, and uncertainty relative to the
native AV view. An optional text-prior block
Otext (F'(q), ho) measures whether the claim is an-
swerable from language priors alone; this block is
included only when selected by validation.

For a candidate branch subset B, the feature rep-
resentation is

5(0,0) = [Gav(h0); Grext (F(a), ho),
{6(ho, ho) boen |

with the text-prior block omitted unless selected
by validation. The representation remains claim-
sensitive through (v, ¢)-dependent response shifts,
while the branch subset is fixed by training-video

2
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selection and never chosen from test-time pair in-
formation.

Audio-negative probe bank. The probe bank is
designed to disturb audio-visual binding while pre-
serving the visual evidence. Short global shifts
and segment shifts probe Cross-Stream Tempo-
ral errors by changing the relative timing be-
tween speech, sounds, and visual events. Adjacent
segment swaps probe Spurious Co-occurrence
errors by keeping plausible local audio content
while attaching it to a neighboring visual context.
Long-range shifts and reversal probes target Long-
Horizon Attribution errors by breaking source
continuity and sequential integration. No branch is
assumed to be universally helpful. The candidate
bank includes these shift, swap, long-range, and
reversal probes; the exact subset used by a model
and fold is selected on training videos. Pilot com-
parisons with visual and audio+video pools did not
consistently improve over the audio-only bank (Ta-
ble 10).

Calibration and model selection. For each
video-level outer fold f, MPRC searches over
branch subsets, thresholds, and lightweight heads
including logistic-regression variants, extra-trees,
and gradient-boosted trees, using only training
videos. Each head maps x;(v;, ¢;) to an item-level
support estimate y; € {0, 1}; pair identifiers are
never input features. Model selection then uses
out-of-fold training predictions to optimize strict-
pair reliability:

lex
(B}, 1%, 7F) = argmaxmgyp,r,
s
mgp . = [SPAOOF, Accict)gf, (3)

— [p9°F — 0.5, —|8]|.

Here SPA®OY uses training-video pair identi-
fiers, Accoor is item accuracy, and pQOF is the
predicted-YES rate. The lexicographic rule pri-
oritizes SPA, item accuracy, balanced predicted-
YES rate, and compact branch subsets; ties prefer
the full feature mode. Because selection is video-
level, held-out videos cannot influence branch

choice, calibration, or threshold tuning.

Pair-blind test-time inference. After selection,
a held-out claim (v, ¢) in fold f is scored by

37(v,0) = 5 (x5 (0.)) -

g5 (v.q) =1Isf(v,q) > 77].

“4)

At test time, MPRC predicts each claim inde-
pendently. It receives no pair identifier, paired
counterfactual, evidence span, or query-specific re-
trieval window, and imposes no one-positive-per-
pair constraint. Pair identifiers are used only for
training-validation model selection and final eval-
uation, so deployment remains single-query and
pair-blind.

Frozen-backbone reliability layer. MPRC is
deliberately post-hoc. No gradients flow into the
audio encoder, visual encoder, or language model,
and no video evidence is relabeled at test time.
Following standard post-hoc calibration practice,
the method calibrates whether the backbone’s own
evidence-binding judgment is reliable under native
confidence and structured audio-negative sensitiv-
ity. The calibration target is relational rather than
merely probabilistic: branch-induced shifts test
whether support remains coherent when binding-
sensitive audio structure is disturbed. This separa-
tion is useful for long-form Omni models: as the
backbone improves, its confidence margins and
perturbation responses can become cleaner relia-
bility signals, while MPRC converts those signals
into stricter support decisions without changing
the model itself.

S Experiments

5.1 Experimental Protocol

All experiments use video-level five-fold splits:
every query from the same source video is as-
signed to the same fold, and trainable components
are fit only on training videos before evaluation on
held-out videos. We report held-out fold means,
with confidence intervals computed by video-level
bootstrap over out-of-fold predictions.

The central comparison is backbone-training-
free reliability improvement. Raw AV uses the
frozen model, MAD is the closest frozen-decoding
reference with contrastive strength selected within
training, and MPRC fits a lightweight reliabil-
ity layer on labeled training videos without up-
dating the Omni backbone. Because existing
mitigation methods are not designed for paired
long-form Omni verification, the comparison asks
whether a fixed Omni model can be made more re-
liable through post-hoc evidence-binding calibra-
tion. Additional details on MAD tuning and com-
parison scope are given in Appendix D.

The primary metric is strict-pair accuracy
(SPA). Item accuracy, balanced item accuracy,
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Model ~ Method C/S/IL All A Model ~ Method C/S/L All A
Raw AV 24.80/39.44/29.38  32.06(20.76,54.47] - Raw AV 37.80/42.13/44.14 41.55(30.10.44.03 -
Qwen25-0-7B. MAD  25.98/41.27/32.30 34.06(31 505642y +2.00  Qwen3-O-Inst. MAD  40.75/46.38/45.86 44.622.17.47.01 +3.07
MPRC  27.36/42.68/36.08 36.22(55 55557 +4.16 MPRC  43.31/52.34/56.38 51.09 15665505 +9.54
Raw AV 27.56/36.20/28.18  31.17 5 04 55.41) - Raw AV 34.06/40.42/32.99  36.22(s5.51.55.5 -

OmniVinci MAD  25.79/3831/29.55 31944015001 +0.77  MiniCPM-04.5 MAD  37.20/41.69/35.22 38.335.00.0.60 +2.11
MPRC ~ 27.95/38.56/30.29 32.89(30.64,55.17 +1.72 MPRC  38.19/45.49/39.35 414450 10,4555 +5.22

Table 3: OmniHalluc-L main results on the full benchmark (%). C/S/L denotes Cross-Stream Temporal, Spurious
Co-occurrence, and Long-Horizon Attribution. All entries report SPA with video-level bootstrap 95% confidence

intervals as small subscripts, and A is over Raw AV.

and predicted-YES rate are tracked as diagnos-
tics because item-level metrics can hide answer
priors and pair collapse. =~ We evaluate open-
weight Omni models including Qwen2.5-Omni-
7B (Xu et al., 2025a), Qwen3-Omni-Instruct (Xu
et al., 2025b), OmniVinci (Ye et al., 2025), and
MiniCPM-0 4.5 (Cui et al., 2026). We also include
Qwen2.5-VL and Qwen3-VL as video-only refer-
ences (Bai et al., 2025b,a). Closed-source Omni
models are reported only as Raw AV references be-
cause their logits and confidence features are not
exposed.

5.2 Main Results

Table 3 shows that fixed contrastive decoding is
useful but limited. MAD improves every open-
weight backbone (+0.77 to +3.07 SPA), show-
ing that modality perturbation exposes reliabil-
ity signal even without backbone updates. Ap-
pendix D further shows that some training-free
fixed branches are already competitive with MAD,
but the best branch is not stable across data
distributions and output formats. MPRC there-
fore learns a post-hoc reliability layer on training
videos. This raises Qwen2.5-Omni from 32.06%
to 36.22%, Qwen3-Omni-Instruct from 41.55% to
51.09%, OmniVinci from 31.17% to 32.89%, and
MiniCPM-o0 4.5 from 36.22% to 41.44%.

For Qwen2.5-Omni, the largest gain appears in
Long-Horizon Attribution, rising from 29.38% to
36.08% (+46.70). For Qwen3, gains are largest
in Long-Horizon Attribution, from 44.14% to
56.38% (+12.24), and similarly large in Spurious
Co-occurrence, from 42.13% to 52.34% (+10.21).
These are the cases where fixed item-level confi-
dence tends to blur who did what, when, and in
which context. Thus, MPRC is not merely cor-
recting low-confidence items; it is strongest when
real evidence must be assigned to the correct event,
source, or distant context.

Model Variant All Drop K
Full 3622  0.00 2.60

. wlo Geo. 34.67 1.55 1.40
Qwen2.5-0mni-7B e 3505 117 2.80
wio Aud. 3510 1.12 -

Full 51.09 0.00 4.00

. w/o Geo. 5098 0.11 4.00
Qwen3-Omni-Instruct - vy 5077 032 3.80
w/o Aud. 49.70 139 -

Table 4: Component ablation under the refined
component-isolation protocol. Drop is relative to
Full within this ablation setting; Geo., Unc., and
Aud. denote score geometry, uncertainty, and audio-
counterfactual features, and K is the mean selected
branch count.

The improvement also scales with backbone
quality. Qwen3 starts from a stronger Raw AV
baseline than Qwen2.5, yet receives the larger
MPRC gain. This suggests that stronger
backbones can expose cleaner confidence mar-
gins and more separable audio-counterfactual re-
sponses. Rather than making calibration unneces-
sary, stronger perception supplies better reliability
signals for stricter evidence-binding decisions.

5.3 Ablation Study

Table 4 isolates components under a refined abla-
tion protocol; the Full rows are diagnostic, not re-
placements for Table 3. The w/o Aud. variant is
a strong native-feature control: it uses the same
reliability layer but removes audio-counterfactual
branch features. Adding those features improves
SPA by 1.12 points for Qwen2.5 and 1.39 points
for Qwen3, isolating the incremental value of
binding-sensitive response shifts beyond native
confidence calibration. Score geometry, uncer-
tainty, and compact selected branch counts support
the design: MPRC benefits from structured probes
without using all probes uniformly.
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Figure 5: Frame-count and efficiency diagnostics on
per-model frame-count subsets. Panels (a) and (b) com-
pare Raw AV, MAD, and MPRC under 64, 128, and
256 input frames; panels (c) and (d) summarize latency
versus SPA. Thin traces show family-level trends.

5.4 Frame Count Analysis

Figure 5 tests whether denser visual sampling or
higher decoding cost can replace reliability cal-
ibration on per-model, subtype-balanced subsets.
Increasing frames improves Raw AV, but MPRC
remains higher at every density. Panels (c) and (d)
add the efficiency view: selected-branch MPRC is
faster than MAD while achieving higher SPA, be-
cause it evaluates only the training-selected probes.
Thus, broader visual coverage and heavier fixed
decoding help, but neither resolves which recur-
ring evidence should support the claim; evidence-
binding reliability still requires calibration.

5.5 Cross-Benchmark Generalization

Table 5 evaluates whether the reliability princi-
ple extends beyond paired Yes/No verification on
OmniVideoBench and WorldSense. These are not
zero-shot transfer experiments. For MCQ bench-
marks, we do not verbalize each option as a binary
claim; instead, MPRC calibrates choice-logit and
audio-counterfactual option features under video-
level target folds. The Omni backbone remains
frozen throughout. This format shift is useful:
it tests whether audio-counterfactual reliability re-
mains informative when the decision is expressed
through competing answer options rather than hid-
den Yes/No pairs.

The pure MPRC variant improves all four tar-

Model Raw MPRC Cal. Cal.+Opt.
OmniVideoBench

Qwen2.5-Omni-7B 3430 35.5041.20 34.80 34.8040.50
Qwen3-Omni-Instruct 39.50 41.7042.20 40.80 43.1043.60
WorldSense

Qwen2.5-Omni-7B 43.00 4524.224 44.07 48.36.5.36
Qwen3-Omni-Instruct 49.24 50.7641.51 50.32 54.1644.92

Table 5: Cross-benchmark MCQ adaptation accuracy
(%). Subscripts show gains over Raw. MPRC uses
audio-counterfactual MCQ decoding; Cal. adds video-
level target calibration; Cal.+Opt. further adds option-
position normalization.

get settings, with gains of 4+1.20 and +2.20 on
OmniVideoBench and 4-2.24 and +1.51 on World-
Sense.  Target calibration and option-position
normalization further improve Qwen3 on Om-
niVideoBench (43.60) and both models on World-
Sense (+5.36 and +4.92).

Although these gains are smaller than in-
domain OmniHalluc-L. improvements, their con-
sistent direction across benchmarks, backbones,
and output formats suggests that MPRC captures
a reusable reliability signal rather than a short-
cut tied to OmniHalluc-L’s pair format. This is
notable because the MCQ setting removes the
hidden-pair structure entirely: the model must ex-
press reliability through competing option scores
rather than a supported/counterfactual decision.
The positive direction therefore indicates that
audio-counterfactual sensitivity is not merely a
scoring artifact of OmniHalluc-L, but a portable
signal for long-form Omni reliability.

6 Conclusion

We presented OmniHalluc-L, a long-form Omni
hallucination benchmark testing correct audio-
visual evidence binding across speaker, moment,
scene, and modality. With 3,600 verified QA
items from 1,800 pairs and 638 roughly 24-minute
videos, OmniHalluc-L recasts hallucination evalu-
ation as strict supported/counterfactual testing and
reveals a reliability gap in open-weight Omni mod-
els. We introduced MPRC, a frozen-backbone reli-
ability layer calibrating AV confidence with audio-
negative response shifts. Gains on OmniHalluc-
L and target-adapted MCQ benchmarks suggest a
route to more reliable long-form Omni assistants.
We release the MPRC implementation and will re-
lease the benchmark annotations and evaluation re-
sources at the same public repository.
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Limitations

OmniHalluc-L evaluates long-form evidence bind-
ing through single-claim verification. This
makes supported/counterfactual consistency di-
rectly measurable but does not cover multi-turn di-
alogue, open-ended generation, or interactive ev-
idence seeking. Extending strict binding evalua-
tion to these settings remains future work. MPRC
is a post-hoc frozen-backbone calibration frame-
work, most applicable to models exposing confi-
dence signals or option scores; closed-source sys-
tems are therefore reported as Raw AV references
when these features are unavailable.

Ethical Considerations

The video clips comprising OmniHalluc-L are
gathered from publicly accessible online plat-
forms. In order to respect intellectual property
and align with standard copyright regulations, the
benchmark will be released under a restrictive li-
cense that limits its application exclusively to aca-
demic research.
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A Benchmark Construction and
Evaluation Details

Input normalization. OmniHalluc-L is sourced
from public long-form YouTube videos, while all
benchmark statistics and model inputs are reported
at the source-video level. All evaluations use a
fixed, query-agnostic video preprocessing policy.

For models with explicit duration or context con-
straints, the source video is compressed into the
longest input representation accepted by the model
interface. For models without such constraints,
we sample 256 frames uniformly from the origi-
nal source video. This normalization is performed
once per video and shared by all claims from that
video. It never uses evidence spans, claim-specific
retrieval windows, pair identifiers, or the paired
counterfactual claim.

This protocol separates benchmark scale from
model-interface constraints. The dataset statistics
describe the original long-form videos, while infer-
ence operates on a normalized input chosen only
by the model’s context budget. The frame-count
analysis uses per-model, subtype-balanced diag-
nostic subsets rather than the full benchmark, and
should be read as a controlled trend study of visual
coverage rather than as a replacement for the main
full-benchmark results.

Answer normalization. All benchmark items
are evaluated as binary YES/NO claim verifica-
tion. For open-weight Omni models, we do not
rely on free-form answer parsing. Instead, under
the same verification prompt, we read the logits of
the canonical YES and NO answer alternatives and
compute the binary margin

Mmygs = Lyps — 5N07

together with the softmax-normalized support
score

eXp(EYEs)
exp(lygs) + exp(no

PYEs = ) = U(mYEs)~
Here ¢ygs and ¢No are the model logits for the two
canonical answer alternatives. Raw AV uses this
binary score for the native decision, while MAD
and MPRC use the score, margin, and branch-
induced changes as reliability features before ap-
plying their corresponding decoding or calibration
rule.

For systems that expose only generated text,
such as closed-source APIs, we use the same
YES/NO verification prompt and parse the re-
sponse deterministically. The parser normalizes
case, whitespace, and punctuation, and accepts an
answer only when the response contains an unam-
biguous YES or NO decision. If the response is
verbose, contains both labels, refuses to answer,
or lacks a parseable binary decision, we retry the
same query up to three times. If all three attempts
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Name API model code Status  Temp.
gemini-3.1

Gemini 3.1 FL -flash-lite Stable 0
gemini-3

Gemini 3.0 Flash -flash-preview Preview 0
gemini-3.1

Gemini 3.1 Pro  -pro-preview Preview 0

Table 6: Closed-source Gemini API identifiers and de-
coding settings used for the Raw AV references. FL
denotes Flash-Lite.

remain unparseable, the item is marked incorrect.
Because these systems do not expose logits or con-
fidence features, they are reported only as Raw AV
references in the main tables. For reproducibil-
ity, Table 6 reports the exact API model identi-
fiers used for the closed-source references in Ta-
ble 2. The model names in the main tables are dis-
play names, while all API calls are issued to the
listed Gemini API model codes. All closed-source
calls use the same YES/NO verification prompt
as open-weight models, with temperature set to 0
when supported. We disable external tools, search
grounding, code execution, and URL context, and
request text-only outputs from audio-visual inputs.
Since these APIs expose generated text rather than
YES/NO logits or confidence scores, they are eval-
uated only as Raw AV references and are not used
by MAD or MPRC.

This rule is conservative: unparseable outputs
cannot accidentally receive credit, and a hidden
pair can be scored correct only when both of its
claims yield parseable and correct binary deci-
sions. The same parser is applied uniformly within
each closed-source system, and no parser deci-
sion uses the paired counterfactual claim, evidence
spans, or pair identity.

Implementation and efficiency notes. All
YES/NO verification runs use the same claim
wrapper and score only the answer alternatives.
For Qwen2.5-Omni-7B, we use 256-frame inputs
under the model’s 32K-token context budget
with greedy one-token decoding. Qwen3-Omni-
Instruct uses 256-frame inputs with a 64K-token
context budget and YES/NO logit scoring.
MiniCPM-o0 4.5 uses its validated 64-frame audio-
video setting with forced-logit YES/NO scoring,
while OmniVinci uses 256-frame video input
with forced logits. These settings reflect model-
interface constraints rather than claim-specific
preprocessing.

Efficiency diagnostics are reported within

model backends rather than as cross-hardware
speed comparisons. Qwen2.5-Omni timings are
measured on an A100-80G GPU, while Qwen3-
Omni timings use an H200 backend. Selected-
K MPRC timing sums selected branch calls and
should be interpreted as an unfused implementa-
tion cost; it does not assume a shared or optimized
multi-branch runner.

Subtype taxonomy. Table 7 expands the three
relation-defined families used in the main text.
The taxonomy is organized by the relation that
must be preserved rather than by surface video
content. This design allows supported and coun-
terfactual claims to share local evidence while dif-
fering only in how that evidence is connected.

Evidence metadata and verification. For each
verified pair, we retain evidence intervals as meta-
data for diagnostic analysis. These intervals sup-
port post-hoc studies of evidence distance, family-
level behavior, and long-range attribution effects.
They are never provided to models during evalua-
tion, calibration, or test-time inference.

Human verification checks that each supported
claim is entailed by the source video and that
the counterfactual remains plausible but false be-
cause of an incorrect binding relation. A valid
pair must satisfy three conditions: the two claims
share the same underlying audio-visual evidence,
the counterfactual differs by the tested binding re-
lation rather than by an unrelated factual change,
and the pair does not reveal its label through for-
matting or answer-side artifacts. This verification
step preserves the near-counterfactual structure of
the benchmark rather than making the task eas-
ier through evidence localization. Each candidate
pair was independently reviewed by two annota-
tors against five checklist items: positive entail-
ment, false-but-plausible counterfactuality, shared
underlying evidence, binding-only edit, and ab-
sence of formatting, language-prior, or single-
modality shortcuts. Disagreements (6.9% of pairs)
were adjudicated by a third senior reviewer over
the evidence interval and its surrounding con-
text. Pre-adjudication agreement on the final ac-
cept/reject decision was 93.1% (Cohen’s K =
0.84), with per-item agreement averaging 95.2%.
Of authored candidate pairs, 31.8% were rejected
(68.2% retained), led by shortcut leakage includ-
ing transcript-answerable items (26.8%), implausi-
ble or too-obvious counterfactuals (23.2%), sensi-
tive source content (16.6%), and incomplete entail-
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Family Subtype

Binding relation tested

Cross-Stream Temporal
Cross-Stream Temporal

TI: Temporal Inversion
BM: Boundary Misalignment

Event order across audio and visual streams
Boundary alignment between speech, sound, and visual events

SM: Scene Misassociation
SMB: Synchronous Misbinding
CSS: Cross-Segment Splicing

Spurious Co-occurrence
Spurious Co-occurrence
Spurious Co-occurrence

False association between real evidence and the wrong scene
Incorrect local binding among simultaneous cues
Spurious relation between evidence from different segments

Long-Horizon Attribution
Long-Horizon Attribution
Long-Horizon Attribution

CSSM: Speaker Misattribution
CSIC: Identity Conflation
LRSC: Source Continuity

Speaker attribution across distant moments
Identity consistency across recurring appearances
Continuity of source, speaker, or event across the video

Table 7: Subtype taxonomy used in OmniHalluc-L. Subtypes are grouped by the evidence-binding relation they

test.

ment (14.1%), with a tail of ambiguous evidence,
uncertain identity, and near-duplicates from over-
lapping segmentation. Candidate retention, rejec-
tion categories, and the agreement statistics ship
with the benchmark release.

Annotators. Human workers are involved at
two stages of the benchmark construction pro-
cess. First, trained crowd workers source can-
didate long-form videos according to predefined
collection guidelines, focusing on duration, audio-
visual clarity, and potential evidence for relation-
sensitive claim pairs. Second, an additional man-
ual review stage inspects supported/counterfactual
claim pairs together with the relevant video con-
text. Reviewers remove samples with ambigu-
ous evidence, incorrect labels, insufficient audio-
visual grounding, or overly obvious counterfactual
edits.

Annotator instructions. Annotators were given
the following verification instructions. For each
candidate pair, inspect the source video and the
provided evidence intervals before making a de-
cision. Accept a pair only if: (1) the supported
claim is directly entailed by the audio-visual ev-
idence; (2) the counterfactual claim is plausible
but false; (3) both claims reuse the same under-
lying evidence; (4) the counterfactual differs only
in the tested binding relation, such as speaker, mo-
ment, scene, source, or modality; and (5) the an-
swer cannot be inferred from formatting artifacts,
common sense alone, or a single modality when
cross-modal binding is required. Reject the pair
if the evidence is ambiguous, the speaker or event
identity is uncertain, the positive claim is not fully
supported, the negative claim changes an unrelated
fact, the edit is too obvious, or the item contains
sensitive/offensive content unsuitable for release.
Annotators were also instructed not to add private
personal information beyond what is visible or au-

Model SPA Item pY C S L

Qwen2.5-Omni-7B  7.56 53.08 5.75 4.72 9.44 7.73
Qwen3-Omni 6.30 5226 95.62 6.10 7.09 5.52

Table 8: Text-only sanity checks. SPA is strict-pair
accuracy, Item is item accuracy, pY is predicted-YES
rate, and C/S/L denote Cross-Stream Temporal, Spuri-
ous Co-occurrence, and Long-Horizon Attribution.

dible in the public source material.

B Text-Only Sanity Checks

Table 8 reports text-only probes for the two pri-
mary Qwen Omni backbones. The probe re-
moves video and audio evidence while keeping
the same YES/NO verification format. Both mod-
els fall far below the 25% random-guessing SPA
baseline, showing that the benchmark cannot be
solved from language priors alone. The opposite
predicted-YES rates also indicate that low text-
only SPA is not caused by a single shared prior:
Qwen?2.5 is highly conservative, whereas Qwen3
is strongly YES-biased without audio-visual evi-
dence.

C External Text-Side Baseline

To test whether OmniHalluc-L is solvable from
transcripts, we run an ASR-based entailment base-
line on the full benchmark (1,800 pairs) under the
same single-query, pair-blind protocol: transcripts
with speaker diarization are paired with each claim
and judged by an LLM-based NLI scorer. Speech-
only ASR+NLI reaches 3.78% SPA (item accu-
racy 51.64%), far below the 25% random-pairing
chance level and the weakest evaluated Omni
model (25.50%). The pair-level pattern exposes
the mechanism: 95.7% of pairs receive the same
answer on both sides (95.4% both-NoO, 0.3% both-
YES)—the transcript provides no signal separating
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Branch Operation Primary diagnostic role

Model Selection setting Audio Audio+Video Observation

sh30 Global audio shift by 30s
sh60 Global audio shift by 60s
segb0  Segment-level audio shift, 60s Local boundary disruption
seg90  Segment-level audio shift, 90s Longer segment disruption
swap6@ Adjacent audio segment swap, 60s False local co-occurrence
rev Reverse audio stream Source continuity disruption

Light temporal misalignment
Medium temporal misalignment

Table 9: Audio-negative branch definitions. Exact
branch subsets are selected on training videos within
each video-level fold.

a supported claim from its counterfactual. Alterna-
tive scorers behave alike: a fixed logit-margin vari-
ant reaches 4.83%, and a lexical-retrieval scorer
with the opposite answer prior (predicted-YES
~41% vs. 2.5%) reaches 5.39%. Per-family scores
are uniformly low (C/S/L: 3.77%/3.23%/4.44%),
including Long-Horizon Attribution, supporting
the effectiveness of the shortcut-screening crite-
rion in removing transcript-answerable items.

D Audio-Negative Probes and Diagnostic
Baselines

Audio-negative probe bank. MPRC uses audio
perturbations as reliability probes rather than as re-
placement evidence. Each branch keeps the visual
stream fixed and perturbs only the audio stream, so
changes in the model response expose sensitivity
to audio-visual binding rather than to visual per-
ception. Table 9 lists the candidate probes used by
the reliability feature bank.

The branch bank intentionally remains compact.
A larger perturbation pool is not automatically
better: overly broad banks can introduce noisy
or destructive views, especially when visual per-
turbations disturb perception rather than binding.
This motivates the main design choice of selecting
structured audio-negative probes instead of treat-
ing all possible modality corruptions as useful cal-
ibration features.

Why the main bank is audio-negative. We ex-
plored visual and audio-visual perturbation pools
during development. Table 10 summarizes repre-
sentative diagnostics. Adding visual perturbations
did not consistently improve over the audio-only
pool. This is expected: visual perturbations can
remove or distort the evidence needed to judge
the claim, whereas audio perturbations can stress
cross-modal binding while preserving the visual
scene.

These diagnostics support the final method de-
sign. MPRC focuses on audio-negative reliabil-

Qwen3  Best family in pool 44.26 43.37 Audio pool higher
Qwen3  Duration reliability top-K  43.27 42.77 Audio pool higher
Qwen2.5 Mean-z selection 34.22 32.45 Audio pool higher
Qwen2.5 Best family in pool 3533 35.33 No added gain

Table 10: Pilot comparison of audio-only and au-
dio+video perturbation pools. Results are diagnostic
development runs, not headline benchmark numbers.

ity because it provides a stable intervention on
binding while leaving visual evidence intact. The
calibration layer can then learn when an audio-
induced response shift is informative, without in-
troducing a second source of perceptual corruption
from visual negatives.

MAD comparison scope. MAD is a frozen-
decoding method, while MPRC keeps the Omni
backbone fixed and performs fold-level reliabil-
ity selection and calibration. We therefore use
MAD as the closest frozen-decoding reference and
complement it with component controls that iso-
late native-confidence and audio-negative features.
This comparison matches the question studied in
the paper: given a fixed Omni backbone, can
evidence-binding reliability be improved without
updating the audio encoder, visual encoder, or lan-
guage model?

For protocol consistency, the MAD row in the
main table uses the contrastive strength selected
within the training split. We also checked the v =
2.5 setting used in the MAD paper as a diagnostic.
Pilot checks showed that v = 2.5 can improve on
a small balanced subset but becomes less stable on
the larger diagnostic set. We therefore report the
training-selected MAD configuration in the main
benchmark table and treat v = 2.5 as a robustness
diagnostic rather than a replacement baseline.

Training-free fixed-branch diagnostic. To iso-
late whether audio-negative views contain useful
reliability signal on their own, we run a fixed-
branch diagnostic. In this diagnostic, a single pre-
specified audio-negative branch is used directly for
scoring. No fold-level selection or reliability cal-
ibration is applied. Thus, the diagnostic tests a
narrower question than the main MPRC results:
whether a fixed audio-negative view can expose
evidence-binding signal by itself.

Table 11 reports the diagnostic with Qwen2.5-
Omni-7B. Several fixed audio-negative branches
outperform MAD without learned calibration. For
example, fixed segment swap at 60 seconds
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Method / branch SPA A Time
MAD 36.33  0.00 20.12s
Fixed audio shift 60s 36.88 +0.55 13.05s
Fixed segment shift 60s  36.90 +0.57 13.20s
Fixed segment shift 90s  36.83 +0.50 12.70s
Fixed segment swap 60s 36.98 +0.65 12.62s
Fixed audio shift 30s 36.26 -0.07 13.78s
Table 11: Fixed-branch diagnostic with Qwen2.5-

Omni-7B. “Fixed” means that one pre-specified audio-
negative branch is used directly, without fold-level se-
lection or reliability calibration. The result is diagnos-
tic, runs on a subset, and does not replace the full-
benchmark main results.

reaches 36.98%, while fixed segment shift at 90
seconds reaches 36.83%, both above 36.33% for
MAD. This indicates that audio-negative evidence-
binding signal is already present before fold-level
reliability calibration.

This diagnostic also explains why the final
method does not hard-code a single audio-negative
branch. Although several fixed branches outper-
form MAD, the best branch is not guaranteed to
remain the same across data distributions, back-
bones, and output formats. A branch that is useful
in one setting can become weaker or slightly harm-
ful in another, as shown by the 30-second shift
variant. MPRC therefore treats audio-negative
branches as candidate reliability probes rather than
as a universal decoding rule. The branch subset,
calibration head, and decision threshold are se-
lected only from training videos, while test-time
inference remains pair-blind and uses no paired
counterfactual or evidence span information.

Together, the fixed-branch diagnostic and the
main results support a two-step interpretation.
Audio-negative views expose evidence-binding
sensitivity, and MPRC converts this sensitivity
into a more stable reliability layer through fold-
level selection and calibration.

E External MCQ Benchmark
Adaptation

We evaluate whether audio-counterfactual relia-
bility is useful beyond OmniHalluc-L’s paired
YES/NO format on two MCQ benchmarks intro-
duced in the main text. OmniVideoBench contains
1,000 multiple-choice questions across 628 videos
and evaluates broad video-Omni understanding.
WorldSense contains 3,172 multiple-choice ques-
tions emphasizing real-world audio-visual reason-
ing across diverse scenarios.

Field Value

Pair ID paper__v2_pair_001709

Video ID rgpTnugxfzZA

Subtype Cross-segment speaker misattribution
Evidence spans 00:29-00:37 and 18:48-21:20
Temporal gap 1102.90s

Text-only panel correct count 0

Table 12: Metadata for the long-range speaker-
consistency case study.

GT Claim Gemini

Yes The late subscription request is spoken by Yes
the same bearded desk host who introduced
himself as David near the beginning.

No  The late subscription request is spoken by a  Yes
different person than the bearded desk host
who introduced himself as David near the
beginning.

Table 13: Gemini 3.1 Pro accepts both sides of the
hidden pair. MPRC predicts the pair correctly with
Qwen2.5, Qwen3, and MiniCPM.

The MCQ adaptation does not convert each
option into an OmniHalluc-L-style binary claim.
Instead, each option is represented by choice-
score features from the native audio-visual view
and by option-score shifts under audio-negative
views. The feature map includes the raw option
score, centered score, margins against competing
options, audio-counterfactual option scores, and
branch-induced deltas. MPRC uses these features
for audio-counterfactual MCQ decoding. MPRC-
Cal adds video-level logistic calibration on the tar-
get benchmark, and Cal.+Opt. further adds option-
position features.

This setup is intentionally a format adapta-
tion rather than a zero-shot transfer claim. The
Omni backbone remains frozen, and all target-
benchmark adaptation is performed within video-
level folds before evaluation on held-out videos.

F Qualitative Cases and Closed-Source
Error Analysis

Long-range speaker-consistency case. This
case illustrates why strict-pair scoring is necessary
for long-form Omni hallucination. The pair is a
Long-Horizon Attribution example with a tempo-
ral gap of 1102.90 seconds. The evidence appears
near the beginning, where a bearded desk host in-
troduces himself as David, and near the end, where
the same on-camera host delivers the subscription
and support outro.

The failure is not a lack of local evidence. The
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Real evidence is present, but the relation must stay consistent across 18 minutes

X Long-range consistency & Cross-seg misattribution @ modality:both () textcorrect: 0

@ Video timeline and evidence

David infroduces himself
00:29-00.37 @

same host gives subscription outro
1102.90s gap

® 18:48-21.20

o)) Speaker: same host
©) Task: link early and
late evidence

Duration: 21:20
(1280s)

Evidence summary:
same visible speaker
established early
reappears in the
late outro

late evidence
I

b)) Supported / counterfactual pair oF i

@ o7-ves g | @ er=no

) ) same evidence
The late subscription request is

spoken by the same bearded desk
host who introduced himself as
David near the beginning.

The late subscription request is
spoken by a different person than
bearded desk host who infroduced
himself as David near the beginning

diff binding relation

Strict-pair evaluation

almost-true errors arise when local evidence is real but cross-segment binding is inconsistent

© Model outputs
4 Gemini 3.1 Pro ‘ 5 Quen2.5+MPRC 95 Quen3+mPRC (@) MinicPmeMPRC
o ) o TS aportclam(GT-ves) e

| @Pair incorrect| ||| @ Pair correct @ Pair correct @ Pair correct

Raw AV: 0 | MPRC: 1 Raw AV: O | MPRC: 1 Raw AV: O | MPRC: 1

@ correct decision

[No ] predictsno

€ incorrect decision [ Yes | predictsyes

Figure 6: Long-range speaker-consistency case study.
The same visible host appears in early and late evidence
spans separated by 1102.90 seconds. Gemini 3.1 Pro
accepts both the supported and counterfactual claims,
producing an inconsistent pair, while MPRC with three
open-weight backbones accepts the supported claim
and rejects the counterfactual.

model can recognize relevant fragments, but the
pair-level relation is inconsistent: accepting both
claims means the same late utterance is treated as
both spoken by David and not spoken by David.
MPRC corrects this pair by using audio-negative
reliability features that penalize unstable long-
range speaker binding.

Closed-source error type analysis. Figure 7 an-
alyzes residual errors from two closed-source ref-
erences. The dominant output-only attribution cat-
egory is temporal and boundary localization, ac-
counting for 46.3% of Gemini 3.0 Flash errors
and 37.7% of Gemini 3.1 Pro errors, followed by
audio-visual alignment errors. Speaker, identity,
source, scene, and event confusions are smaller
in isolation, but they remain important because
they often determine whether a locally plausible
claim is bound to the correct entity or moment.
The explanation-cue heatmap shows a similar pat-
tern: both models frequently mention temporal,
audio, and visual cues, but cover identity/source
and scene/event cues much less often. Thus, even
strong closed-source systems often retrieve rele-

vant evidence while under-specifying the relation
that makes the claim true or false. This supports
the central design of OmniHalluc-L: strict-pair
scoring is needed because long-form hallucination
is frequently a failure of relational attribution, not
a failure to mention evidence.

G Prompt Templates

This section records the prompt templates used
for claim verification, modality diagnostics, and
MCQ adaptation.

YES/NO claim verification.

Is the following statement about the
video correct: {query} Answer only ‘Yes’
or ‘No’. Do not include any explanation.

Modality diagnostic probe.

Question: {claim_question}
To answer this question, which modality
is needed (audio, video, or both):

Qwen system message.

You are Qwen, a virtual human developed
by the Qwen Team, Alibaba Group, capable
of perceiving auditory and visual inputs,
as well as generating text and speech.

MCAQ direct decoding.

Watch and listen to the video carefully.
Answer the multiple-choice question

using the video and audio evidence.
Select exactly one option. Do not
explain.

Question: {question}
Options:

(A) ...

@|) ...

) ...

D) ...

Final answer (A, B, C, D):

MCAQ option-score prompt.

Watch and listen to the video carefully.
Decide whether the candidate answer
correctly answers the question using
the video and audio evidence. Do not
explain.

Question: {question}
Candidate answer: {option_text}
Final answer (Yes or No):
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(a) Fine-grained output-only attribution (b) Explanation-cue coverage, multi-label
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Figure 7: Closed-source error type analysis. Panel (a) attributes residual errors to fine-grained output-only cat-
egories, and panel (b) reports multi-label explanation-cue coverage. Errors concentrate on temporal/boundary
localization and audio-visual alignment, while identity/source and scene/event cues are less consistently covered.

H Release, License, and Privacy

The MPRC code is available, and we will release
the benchmark annotations, prompts, and evalua-
tion scripts for research use. The released bench-
mark metadata includes source video identifiers,
claim text, labels, pair membership, subtype anno-
tations, and diagnostic metadata required for eval-
uation. Raw source videos remain governed by the
terms of their original hosting platform, and the
benchmark release does not redistribute raw video
content.

The benchmark is constructed from publicly ac-
cessible long-form videos and does not add private
personal metadata beyond what is already visible
or audible in the public source material. Annota-
tions are intended for model evaluation and relia-
bility research. When source videos become un-
available, the corresponding identifiers can be ex-
cluded or updated in downstream evaluation fol-
lowing the released protocol.
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