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A. Dataset
A.1. Data Source
For audio-visual captioning, while video captioning
datasets are abundant, it is challenging to find datasets with
human-annotated audio captions. Audio captioning is ex-
pensive and takes a lot of manual effort compared to visual
captioning. We source our samples from AudioCaps [29],
a standard benchmark for audio captioning derived from
YouTube videos. Each clip is paired with human-written
captions describing the sounds present, with 5 annotations
per sample. AudioCaps has become a de facto standard for
evaluating audio captioning alongside Clotho [15].

Figure 8. Factual Sample A video where the visual content and
audio content are highly correlated. The audio events in a factual
sample can potentially be inferred by using visual cues

Figure 9. Counterfactual Sample A video where the visual con-
tent and audio content are in conflict. The audio events cannot be
inferred from visual cues

To obtain visual descriptions, we generate captions us-
ing GPT-4.1 [46]. We manually review and correct these
generated captions where necessary. However, we find that
videos in AudioCaps tend to feature relatively simple vi-
sual scenes, and GPT-4.1’s outputs are generally accurate



Figure 10. World Sense Task An example task from World Sense.
These tasks couple perception and reasoning.

with minimal intervention required. Fig 8 depicts a sample
with ground truth video and audio captions.

A.2. Counterfactual Sample Curation
To evaluate whether AVLLMs genuinely process audio in-
dependently of vision, we construct counterfactual samples
where audio content conflicts with visible objects. While
such cases occur naturally (e.g., out-of-view sirens, back-
ground conversations), they are rare and difficult to scale
for systematic evaluation.

We therefore create them synthetically. To construct a
counterfactual sample, we take a video and pair it with an
audio track that cannot plausibly be inferred from the vis-
ible objects. Fig 9 depicts a counterfactual sample with
ground truth video and audio captions. We use audio and
video captions as a proxy for semantic content: by find-
ing audio-video pairs with dissimilar captions, we ensure
their soundscapes are likely incompatible with the visual
scene. Specifically, we embed all audio captions and GPT-
4 generated video captions using the Qwen3-Embedding-
8B [64] model. For audio, we compute embeddings for
all 5 ground-truth captions per sample and average them.
We then compute the cosine similarity matrix between all
audio–video caption pairs and apply the Hungarian match-
ing algorithm to find one-to-one assignments that minimize
similarity. This ensures paired audio and video samples are
semantically dissimilar.

Finally, we use FFmpeg to swap the original audio track
of each video with its matched dissimilar audio. The com-
plete procedure is detailed in Algorithm 1. From all gen-
erated pairs, we select 250 samples with lowest cosine
similarity (≈ 0.498), ensuring strong counterfactual mis-
matches. This yields 250 factual samples (original audio-
video pairs) and 250 counterfactual samples (mismatched
pairs) for evaluation.

A.3. Existing Benchmarks
Existing audio-visual benchmarks are insufficient for our
analysis. Benchmarks such as World Sense [23] (exam-

Algorithm 1 Counterfactual Dataset Construction

Require: Videos V = {vi}, Audios A = {ai}, Captions
C = {cij}, Encoder E

Ensure: Counterfactual pairs S
1: Step 1: Compute Semantic Embeddings
2: for i← 1 to N do
3: eai

← 1
5

∑5
j=1 E(cij) ▷ Centroid of 5 audio

captions
4: evi ← E(GPT-4.1(vi)) ▷ Vision-only caption

embedding
5: end for
6: Step 2: Global Assignment
7: M ∈ RN×N ← CosineSimilarity matrix between {ea}

and {ev}
8: π ← HungarianMatching(M) ▷ Optimal 1-to-1

mapping indices
9: Step 3: Filter and Construct

10: Scandidates ← {(A[π(i)], V [i]) | i ∈ 1..N}
11: Sort Scandidates by similarity score Mi,π(i)

12: S ← Select 250 pairs from Scandidates with score ≈
0.498

13: return Synthesize videos for S (swap audio tracks)

Figure 11. AVHBench Task An example task from AVHBench.
These tasks evaluate perception capabilities.

ple in Fig 10) couple perception with reasoning, requiring
AVLLMs to first perceive audio-visual events and then ap-
ply world knowledge to answer questions. Since we aim to
isolate perceptual capabilities and identify modality biases,
such reasoning-dependent tasks conflate multiple AVLLM
capabilities.

Other benchmarks like AVHBench [52] (example in
Fig 11) focus on perception through targeted questions
about specific audio or visual events, while the correspond-
ing video or audio cues attempt to mislead the AVLLM
and induce hallucinations. However, we observe that these
misleading cues are not sufficiently adversarial. For in-
stance, in AVHBench’s video-induced audio hallucination
category, models achieve 75.6% accuracy with both modal-
ities present. Removing the video component yields 73.0%
accuracy, indicating that the visual modality fails to mislead
the model. Such tasks do not create sufficient modality con-



flict to stress-test whether models genuinely process and in-
tegrate both modalities independently or exhibit bias toward
one modality over the other.

B. Evaluation
B.1. Human Evaluation Study
To validate our LLM-as-a-judge approach, we conduct a hu-
man evaluation study on 200 stratified samples (100 factual,
100 counterfactual). Two graduate students familiar with
audio-visual content independently rate each generated cap-
tion on a 0-1 scale for audio and visual fidelity separately.
Annotators are briefly introduced to the same rubric used by
the LLM judge and given the opportunity to clarify any am-
biguities. Following the LLM judge setup, annotators eval-
uate only the text captions (generated description, ground-
truth audio captions, and ground-truth video captions) with-
out access to the actual videos, ensuring scalability and con-
sistency with the automated evaluation.

We compute the correlation between human ratings and
LLM judge scores using Spearman’s ρ, obtaining ρ = 0.816
for audio caption fidelity and ρ = 0.732 for video caption
fidelity, demonstrating strong alignment between the LLM
judge and human judgment.

B.2. LLM Judge Prompts
We design prompts with in-context examples to calibrate
LLM-as-judge rating with human judgement. Fig 13 de-
tails the prompt used to measure audio caption fidelity and
Fig 14 details the prompt used to measure video caption fi-
delity.

C. Qualitative Analysis
In this section, we include additional qualitative results
(Fig 15 and Fig 16 of the existing AVLLMs in different sce-
narios, such as counterfactual samples and under the effect
of attention knockouts.

D. Additional Results
To demonstrate the generalizability of our findings beyond
Qwen-Omni [56] series of AVLLMs, we extend our analy-
sis to other representative AVLLMs, specifically MiniCPM-
o2.6 [24], VideoLLaMA 2.1 [63], and InternOmni [1].

D.1. Probing Audio Representations
We probe the intermediate audio representations of
MiniCPM-o2.6 and VideoLLaMA 2.1 to verify if the ”com-
petence gap”, where latent audio information exists but fails
to manifest in generation is generalizable to more AVLLMs.
Consistent with our main results, we observe a significant
difference between latent capabilities and generated out-
put. For MiniCPM-o2.6, in counterfactual samples we mea-

sure a latent audio recall of 75.4% compared to a gener-
ated caption fidelity of 22.1%. Similarly, VideoLLaMA 2.1
achieves a latent recall of 59.9% against a generated fidelity
of 34.1%.

Qualitatively, we observe that the decoded audio to-
kens in these models accurately describe sound events (e.g.,
”siren”, ”barking”). However, unlike Qwen2.5-Omni, we
do not observe multilingual token representations in the in-
termediate layers of MiniCPM-o2.6 or VideoLLaMA 2.1.
This suggests that the multilingual audio representations
observed in Qwen are likely specific to the model’s train-
ing data.

D.2. Investigating Information Flow

We replicate the attention knockout experiments on
MiniCPM-o2.6 and VideoLLaMA 2.1 to trace the cross-
modal information flow. The results are visualized in Fig-
ure 12b and Figure 12a. We observe integration patterns
very similar to those reported in the main paper: both au-
dio and visual information are processed primarily in the
deeper transformer layers. Crucially, we confirm the phe-
nomenon of visual interference: blocking the visual path-
ways (G ↛ V ) in these deep layers results in a recovery
of audio understanding performance, further validating that
visual representations actively interfere with audio cues dur-
ing the final stages of generation.

VideoLlama 2.1: Figure 12a shows the results of atten-
tion knockout experiments for VideoLlama 2.1. In video
understanding for factual samples, we observe that block-
ing audio has no observable impact. However, blocking
video does have minor impact, which is largely recovered
by compensating using audio cues. We see a similar trend
with audio understanding in factual samples. In video un-
derstanding for counterfactual samples, we observe almost
complete loss of video understanding upon blocking video.
For audio understanding in counter-factual, blocking video
in fact drastically improves audio understanding.

MiniCPM-o2.6: Figure 12b shows the results of attention
knockout experiments for MiniCPM-o2.6. In video under-
standing for factual samples, we observe a similar pattern
as before. Interestingly, even in factual samples, blocking
video leads to improvement in audio understanding perfor-
mance. Surprisingly, the drop in video understanding per-
formance in counterfactual suggests that cross-modal trans-
fer might not be restricted in deeper layers and the window
for this transfer stretches beyond the window size of 9 that
we use for knockouts. We observe a similar pattern in au-
dio understanding for counterfactual scenarios, where audio
understanding does improve, but not as drastically as in pre-
vious models.



D.3. Investigating Origins of Visual Bias
Finally, we investigate the origin of this visual bias by an-
alyzing InternOmni and its base model, InternVL [13]. In-
ternOmni is particularly relevant for this analysis as it is ex-
plicitly initialized from the InternVL checkpoint. We com-
pare the output token distributions of InternOmni (given
audio-visual input) against InternVL (given vision-only in-
put) using the metrics defined in Section 8.

We observe a low KL divergence of 0.46 between the
distributions. Furthermore, regarding audio-related tokens,
we find that 70.62% are unshifted (η = 1) and only 10.07%
are shifted (η > 3). This strong alignment indicates that In-
ternOmni’s generation remains dominated by the priors of
its vision-language base model. These findings reinforce
our conclusion that the modality imbalance in AVLLMs
could potentially be an inherited trait from the initialization
and alignment phases.
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(a) VideoLlama 2.1: Blocking audio-visual information flow, for both factual and counterfactual samples

(b) MiniCPM-o2.6: Blocking audio-visual information flow, for both factual and counterfactual samples

Figure 12. Comparison of Information Flow Blocking. Blocking audio-visual information flow, for both factual and counterfactual
samples in VideoLlama 2.1 (top) versus MiniCPM-o2.6 (bottom).



Figure 13. The prompt used to measure audio caption fidelity.



Figure 14. The prompt used to measure video caption fidelity.



Figure 15. Qualitative examples. We illustrate some outputs generated by VideoLlama along with its LLM-judge score and reasoning,
for factual and counterfactal samples and under attention knockout. The examples in the first row capture audio fidelity and the ones below
capture video fidelity



Figure 16. Qualitative examples. We illustrate some outputs generated by MiniCPM-2.6-o along with its LLM-judge score and reasoning,
for factual and counterfactal samples and under attention knockout. The examples in the first row capture audio fidelity and the ones below
capture video fidelity


	Introduction
	Related Work
	Preliminary
	Experimental Setup
	Investigating Attention Pattern
	Probing Audio Representations
	Investigating Information Flow
	Factual Audio-Visual Understanding
	Counter-Factual Audio-Visual Understanding

	Investigating Origins of Visual Bias
	Conclusion, Limitations, and Future Work
	Dataset
	Data Source
	Counterfactual Sample Curation
	Existing Benchmarks

	Evaluation
	Human Evaluation Study
	LLM Judge Prompts

	Qualitative Analysis
	Additional Results
	Probing Audio Representations
	Investigating Information Flow
	Investigating Origins of Visual Bias


