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Abstract

Recent multimodal large language models
(MLLMs), such as GPT-40, Gemini 1.5/2.5 Pro,
and Reka Core, have advanced audio-visual
reasoning capabilities, achieving strong perfor-
mance in tasks like cross-modal understand-
ing and generation. However, our DeafTest
uncovers unanticipated failures: most of the
state-of-the-art MLLMs struggle with very sim-
ple audio tasks, such as distinguishing louder
sounds or sound counting. This raises a fun-
damental question—does a deficiency in low-
level audio perception constrain higher-level
audio-visual reasoning? To address this, we
introduce AV-Odyssey Bench—a comprehen-
sive benchmark of 4,555 meticulously designed
problems that integrate text, audio, and vi-
sual modalities. Each task requires models
to unify cross-modal reasoning, leveraging
synchronized audio-visual cues to infer solu-
tions. By structuring questions as multiple-
choice, we ensure objective, reproducible eval-
uations without reliance on subjective human
or LLM-based judgments. Through compre-
hensive benchmarking of closed-source and
open-source models, we showcase: (i) current
MLLMs lack robust audio-visual integration
ability and (ii) performance on DeafTest (Pear-
son’s r = 0.945) strongly correlates with AV-
Odyssey accuracy. These findings challenge
assumptions about models’ multimodal profi-
ciency and highlight fundamental audio percep-
tion as a reasoning bottleneck. We believe that
our results provide concrete guidance for fu-
ture dataset design, alignment strategies, and
architectures.

1 Introduction

Multimodal reasoning has advanced significantly
through two key stages: vision-language models
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Question: Which audio is louder?
The first audio [audiol] or the
second audio [audio2]?

Question: Which audio has a higher
pitch? The first audio [audiol] or
the second audio [audio2]?
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Figure 1: Illustration of two out of four DeafTest tasks:
loudness and pitch comparison.

(VLMs) and their evolution into audio-visual exten-
sions. Early VLMs, such as GPT-4V (ision) (Ope-
nAl, 2023), pioneered visual perception capa-
bilities, enabling tasks like object counting (Xu
et al., 2023), numerical reasoning on tabular
data (Yang et al., 2023), and geometric problem-
solving (Zhang et al., 2025). Building on this
foundation, modern Multimodal Large Language
Models (MLLMSs)' integrate audio modalities, ex-
emplified by GPT-40 (Hurst et al., 2024), Gem-
ini 1.5 (Team et al., 2024a), and Gemini 2.5
Pro (Google, 2025). These models push the
boundaries of multimodal reasoning, achieving
strong performance in automatic speech recogni-
tion (ASR) (Hurst et al., 2024), cross-modal trans-
lation (Team et al., 2024a), and audio-visual cap-
tioning (Han et al., 2024; Zhan et al., 2024).
Benchmarking is a critical component of the
community, as it helps specify the development di-
rection. Prior work mainly focus on visual problem-
solving, such as general comprehension (Li et al.,
2024b; Liu et al., 2023c; Fu et al., 2023) and math-
ematical reasoning (Chen et al., 2021; Cao and
Xiao, 2022; Chen et al., 2022; Zhang et al., 2025;
Lu et al., 2023). On the other hand, audio-visual
benchmarks such as AVQA (Yang et al., 2022),

'In this work, MLLM s specifically refer to audio-vision
LLMs, distinct from vision-only VLMs.
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OmniBench (Li et al., 2025), and MusicAVQA (Li
et al., 2022) focus on testing MLLMs with audio-
visual tasks that require the simultaneous process-
ing and integration of visual and auditory informa-
tion.

In this paper, we directly test MLLMs’ ability
to listen instead of reasoning on simple low-level
audio task. This is inspired by the BlindTest (Rah-
manzadehgervi et al., 2024), which reveals that
powerful vision language models are still strug-
gling with very simple vision tasks that are easy
for humans. Concretely, we propose a DeafTest
benchmark (Fig. 1), including four extremely sim-
ple audio tasks inspired from Schwabach test (Huiz-
ing, 1975). We test a set of powerful MLLMs
like Gemini 1.5 (Team et al., 2024a), Gemini 2.5
Pro (Google, 2025), Reka (Team et al., 2024b), and
GPT-40 (Hurst et al., 2024) on these easy task that
only involve basic sound properties (e.g., loudness,
pitch, duration), as shown in Table 1. Our key
findings are:

* Despite their ability to recognize complex
speech content, MLLMs do not perform as
well as expected on sound counting tasks.
The best-performing model, Gemini 1.5 Pro,
achieves only 81%, while humans can eas-
ily score 100%. The sounds in these tasks
are monotonous and are clearly separated by
silent intervals within the audio clip.

* Most MLLMs appear to be insensitive to
sound loudness or sound pitch, except for
Gemini 2.5 Pro and Qwen-2.5-Omni-7B.
Models are required to distinguish the louder
sound or the higher pitch from two given
sounds. Several models perform under 60%,
while a random guess baseline is 50%.

* The duration comparison task presents models
with two sounds and asks them to determine
which has the longer duration. Model perfor-
mance varies significantly, where Gemini 2.5
Pro achieves a high score of 99.0%, models
such as Reka Core and Reka Edge perform
poorly, with scores of 40.0% and 44.0%, re-
spectively.

These findings are noteworthy: despite the strong
performance of proprietary models on complex
tasks such as automatic speech recognition, their
performance on basic audio perception tasks re-
veals a noticeable gap compared to human capa-
bilities. Notably, Gemini 2.5 Pro (Google, 2025)

generally outperforms other models. This raises
a critical question: Does a deficiency in low-level
audio perception limit a model’s ability to perform
higher-level audio-visual reasoning? Furthermore,
can the performance on DeafTest serve as a key in-
dicator of a model’s overall audio-visual reasoning
ability?

To address this, we introduce a novel and com-
prehensive benchmark AV-Odyssey to evaluate the
audio-visual reasoning performance of MLLMs.
This benchmark comprises 4,555 questions across
26 tasks, spanning a wide range of audio at-
tributes, each strategically engineered to require
cross-modal synergy (Fig. 3). Key design princi-
ples include: 1) multimodal necessity: questions
are filtered using VLMs and audio models to ex-
clude tasks solvable by single-modal reasoning; 2)
diverse scopes: coverage of sound attributes (tim-
bre, spatial dynamics), application domains (music,
transportation), and temporal reasoning; 3) objec-
tive evaluation: multiple-choice format eliminates
reliance on subjective human or LLM-based assess-
ments.

We benchmark closed-source (GPT-40 (Hurst
etal., 2024), Gemini 1.5 (Team et al., 2024a), Gem-
ini 2.5 Pro (Google, 2025)) and open-source mod-
els (Han et al., 2024; Lu et al., 2022; Zhan et al.,
2024; Wu et al., 2023; Su et al., 2023; Cheng et al.,
2024; Fu et al., 2024) on our proposed AV-Odyssey.
Combined with DeafTest results, the key findings
are:

* Overall, current MLLMs still fall short in pro-
cessing complex audio-visual information in-
tegration tasks.

* Performance on DeafTest strongly correlates
with AV-Odyssey accuracy with a Pearson’s
r = 0.945 (Fig. 2). In other words, mod-
els that perform poorly on simple audio tasks
(DeafTest) also consistently underperform on
AV-Odyssey.

* Error analysis (see Sec. 4.3) shows that most
audio-visual inference errors stem from mis-
perceiving audio inputs. This finding aligns
with findings on DeafTest, where models with
weak performance on simple auditory tasks
also underperform on AV-Odyssey.

To conclude, this work systematically investi-
gates the audio-visual comprehension capabilities
of current MLLMs through two complementary



2 Related Work

Multimodal Large Language Models. Large
language models (LLMs) have demonstrated re-
markable performance across diverse textual do-
mains (OpenAl, 2023; Radford, 2018; Brown,
2020; Touvron et al., 2023; Bi et al., 2024). The
success of these models has catalyzed signi cant
advancements in vision language models and mul-
timodal large language models. Inspired by the
Figure 2: Performance on DeafTest and AV-Odysseytextual prowess of LLMs, vision language models
showing a strong positive correlation. have emerged to extend computational capabilities
into visual comprehension. These models enable
LLMs to perform sophisticated visual tasks, includ-
Table 1: Results on four basic auditory tasks (DeafTest]ng visual question answering (Liu et al., 2023a; Li

The questions are designed as two-choice questiorb%t al.. 2023a: Zhu et al.. 2023: Liu et al.. 2023b: Ye
The random baseline performance is 50%. The nal B ' ! ' Ny ’

column shows the average performance across the 1‘0&I al., 2023; Dai .et al., 2023; I_Bal etal., 2023; Zhang
et al., 2023b), visual grounding (Peng et al., 2023;

tasks.

Wang et al., 2023; Chen et al., 2023a,b), document
Method C?)E‘rmgg Clz)%lg;\::(fn COsg(;rr‘\son Clg;r;\:ﬁ:m Average Understandlng (Ye et al, 2023, HU et al, 2024,
Random 500 500 500 500 500 Zhang et al., 2023c; Lv et al., 2023), long video
Gemini 1.5 Flash (Team et al., 2024a) 55.0 62.0 54.0 89.0 65.0 . .
g:m;::i;ggf{g:g;zgg;g;f’w 6%? 1??8580 9;;;(;9 §§§ 9:1915 understanding (Liu et al., 2024; Shen et al., 2024;
emini 2. ro oogle, .| . . " -
Pola Coe Tars o 2024 wo & & we @ Zhang et al, 20244; Li et al., 2024c; Ren et al,,

Reka Edge (Team et al., 2024b) 47.0 56.0 50.0 44.0 49.3

GPT-40 audio-preview (Hurst et al., 2024)  50.0 58.0 58.0 57.0 55.8 2024) BU|Id|ng upon ViSion-Ianguage achieve-

Qwen-2.5-Omni-7B (Xu et al., 2025) 60.0 100.0 86.0 80.0 815 )
ments, researchers have further expanded multi-
modal horizons by integrating the audio modal-

perspectives: DeafTest and AV-Odyssey Benchty (Han et al., 2024; Lu et al., 2022; Zhan et al.,
Our main contributions are as follows: (1) Deaf- 2024; Wu et al., 2023; Su et al., 2023; Fu et al,
Test provides the rst dedicated evaluation of 2024; Cheng et al., 2024; Chowdhury et al., 2024;
MLLMs' basic listening abilities (e.g., pitch and Xu etal., 2025; Lu et al., 2025) . These advanced
loudness discrimination), uncovering critical weak-models now accommodate audio inputs, further
nesses in fundamental audio perception. (2) Avexpanding the landscape of multimodal arti cial
Odyssey Bench introduces a large-scale and cortitelligence.

prehensive benchmark for advanced cross-modal Benchmarking Multimodal Large Language
reasoning, spanning diverse audio attributes, visuaflodels. The rapid development of vision language
contexts, and real-world scenarios. (3) We emmodels has been accompanied by the emergence
pirically demonstrate a strong correlation betweerof specialized benchmarks to assess their perfor-
fundamental audio perception and overall audiomance across various domains (Yue et al., 2024; Fu
visual reasoning performance, highlighting the deet al., 2023; Li et al., 2024b; Chen et al., 2021; Lu
pendency of higher-level multimodal reasoning onet al., 2023). A signi cant subset of these bench-
low-level perceptual skills. By explicitly linking marks focuses on vision comprehension (Yue et al.,
low-level perception to high-level reasoning, our2024; Fu et al., 2023; Li et al., 2024b,a) and math-
benchmarks offer the rst comprehensive diagnoematical reasoning capabilities (Chen et al., 2021;
sis of MLLMs' multimodal capabilities. We reveal Cao and Xiao, 2022; Lu et al., 2023; Zhang et al.,
that when pursuing strong audio-visual compreher2025; Yue et al., 2024; Seo et al., 2015). How-
sion ability, it's noteworthy to monitor the model ever, current audio-visual benchmarks (Yang et al.,
performance on fundamental audio perception pe2022; Li et al., 2022; Yun et al., 2021; Sun et al.,
formance. These resources provide a foundatioB024; Li et al., 2025; Leng et al., 2024; Sung-Bin
for targeted advances in dataset construction, aliget al., 2024; Tang et al., 2024) face signi cant limi-
ment strategies, and model architectures, ultimateltations in comprehensively assessing multimodal
paving the way toward truly integrated audio-visuallarge language models (MLLMs). First, they pre-
intelligence. dominantly focus on high-level visual tasks and




Figure 3: Overview of AV-Odyssey Benchmark. AV-Odyssey Bench demonstrates three major features: 1. Compre-
hensive Audio Attributes; 2. Extensive Domains; 3. Interleaved Text, Audio, and Images.

Table 2: Comparisons between MLLM benchmarks / datasets.

Customized Audio Attributes Multiple

Benchmark / Dataset Modality Questions Answer Type Interleaved

Question Timbre Tone Melody Space Time Hallucination Intrica[tg)c/’m"n5
MME Bench (Fu et al., 2023) Image 2194 Y/N 3 3 7
MMBench (Liu et al., 2023c) Image(s) 2974 A/BIC/ID 3 3 7
SEED-Bench-2 (Li et al., 2024b) Image(s) & Video 24371 A/B/CID 3 3 3
AVQA Dataset (Yang et al., 2022) Video & Audio 57335 A/B/CID 3 3 7 7 7 3 7 3 3 7
Pano-AVQA Dataset (Yun et al., 2021) Video & Audio 51700 de ned words & bbox 3 3 3 7 3 7 7 3 3 7
Music-AVQA Dataset (Li et al., 2022) Video & Audio 45867 de ned words 3 3 7 3 3 3 3 3 3 7
SAVE Bench (Sun et al., 2024) Image & Video & Audio 4350 free-form 7 3 7 7 3 7 7 3 3 7
OmniBench (Li et al., 2025) Image & Audio 1142 A/BICID 3 3 7 7 7 3 7 7 3 7
AV-Odyssey Bench (ours) Image(s) & Video & Audio(s) 4555 A/BICID 3 3 3 3 3 3 3 3 3 3

neglect to explore the basic auditory perceptiorthat MLLMs may not perform as well as expected
limitations. Secondly, they do not comprehensivelyon these basic tasks. This potential shortcoming
evaluate all attributes of the audio, comparison isrises from the training objectives of these models,
detailed in Table 2. This paper begins by evaluatwhich primarily focus on achieving high-level
ing basic audio tasks to highlight shortcomings insemantic alignment between different modalities.
auditory perception and introduces the AV-OdysseyConsequently, this approach tends to overlook the
benchmark, covering diverse audio attributes anéffective utilization of low-level auditory informa-
domains. By leveraging both evaluations, we retion, which is crucial for accurately processing and
veal key limitations of existing models and demon-understanding basic sound characteristics.

strate a strong correlation between low-level audio 1 count the Number of Sounds. This task

perception and higher-level cross-modal reasoningyajyates MLLMSs' ability to count distinct sounds

We e_mpha5|z_e that effe(?tlve audio-visual COMPrey audio clips containing 3 to 8 monotonous, clearly

hension requires attention to fundamental aUd'%eparated sounds. Despite strong ASR perfor-

perception, a factor not emphasized by previous,gnce (e.g., GPT-40's 3% word error rate (Ope-

work. nAl)), this tests basic auditory segmentation. Each

3 Method trial preseqts a two-choice question. We curate 100
guestions in total.

3.1 DeafTest Tasks 2. Discriminate the Louder Sound. In this
Drawing inspiration from the Schwabach task, we test the basic ability of MLLMs to distin-
test (Huizing, 1975), we introduce DeafTest, aguish between the loudness of sounds. The goal of
suite of four extremely simple auditory tasks MLLMs is to discriminate which sound is louder
that critically examine the fundamental audioout of two given audio clips. Speci cally, the deci-
perception capabilities of Multi-modal Large bel for quieter audio ranges from 30 dB to 60 dB,
Language Models (MLLMs). DeafTest includeswhile the decibel for louder audio ranges from 70
the determination of the number of soundsdB to 100 dB. We randomly sample decibels from
identi cation of the louder sound, recognition of these two ranges to create two audio clips. In addi-
the sound with a higher pitch, and detection oftion, we randomly switch the input order of the two
the sound with a longer duration. We hypothesizeaudio clips; that is, for some questions, the quiet



Table 3: Detailed statistics of the AV-Odyssey Bench-

mark.
Statistics Number
Total Questions 4555
Total Tasks 26
Domains 10
Multi-lmage, Single-Audio 2610
Single-Image, Multi-Audio 891
Single-Image, Single-Audio 434
Single-Video, Single-Audio 220
Single-Video, Multi-Audio 400
Correct Option Dist. (A:B:C:D) 1167:1153:1119:1116
Avg. Audio Time (s) 16.32
Avg. Image Res. (px) 1267 891
Avg. Video Res. (px) 1678 948
Avg. Video Time (s) 15.58 Figure 4: Overview of the 26 evaluation tasks, catego-

rized into 7 classes based on sound attributes.

audio comes rst, and for the rest, the loud audio
comes rst. Similarly, the question format is also a audio-visual capabilities of MLLMs. To ensure a
two-choice question. robust and unbiased assessment, all questions in

3. Discriminate the Higher Pitch. This task fo- AV-Odyssey are structured as multiple-choice, with
cuses on pitch differentiation. Clips feature lowerfour options per question, and options can be pre-
pitched sounds (100-500 Hz) vs. higher-pitchedented in various formats, including text, images,
ones (1000-2000 Hz), validated for human diser audio clips. To mitigate format-speci ¢ biases,
cernibility. Input order is randomized, with two- we have curated ve distinct multi-choice question
choice questions (100 total). types. Additionally, all inputs, including text, im-

4. Recognize the Duration of Sound. We also age/video, and audio clips, are fed into MLLMs in
test MLLMs with the duration of sound. In this an interleaved manner.
task, we simplify the question by giving two audio  We compare our AV-Odyssey benchmark with
clips of different durations. We sample the durationprevious MLLM benchmarks and datasets in Ta-
from 1s to 3s for the short audio, while we sampleble 2. It can be found that previous works suffer
from 4s to 6s for the long audio. Similar to task from certain limitations, such as restricted audio
2, we provide the MLLMs with two audio clips, attributes, which fail to capture the full spectrum
asking them to identify the longer one. of auditory complexity and the absence of inter-

The DeafTest results in Table 1 reveal signi cantleaved settings, crucial for assessing real-world
variation in model performance, with Gemini 2.5 multimodal integration capabilities. For instance,
Pro and Qwen-2.5-Omni-7B outperforming oth-OmniBench (Li et al., 2025) lacks multiple audio
ers. However, for all other models, performanceattributes, making it dif cult to comprehensively
falls far below expectations, with none exceedingassess the capabilities of MLLMs in audio-visual
62%, particularly on tasks such as loudness antasks. In contrast, our AV-Odyssey encompasses 26
pitch comparison. These ndings highlight substantasks across 10 diverse domains and spans 7 audio
tial limitations in basic auditory perception among attributes, with interleaved and customized ques-
current MLLMs. This raises the question: couldtions. The detailed statistics are shown in Table 3.
de ciencies in basic audio perception impair per-This design enables an exhaustive evaluation of
formance on higher-level audio-visual reasoningVILLMs, providing a nuanced and thorough assess-
tasks? To investigate, we introduce the AV-Odysseynent of their performance in complex, real-world
benchmark, which reveals a strong correlation beaudio-visual scenarios.
tween fundamental audio perception and overall Here, we will brie y introduce the task cate-

audio-visual reasoning, as shown in Fig. 2. gories that span a broad spectrum of audio at-
tributes, including Timbre, Tone, Melody, Spatial
characteristics, Temporal dynamics, and Hallucina-
Our AV-Odyssey Bench is a meticulously curatedtion detection. The detailed task distribution and
benchmark designed to comprehensively assess ti@sk examples are shown in Fig. 4 and Fig. 8 (in

3.2 Overview of AV-Odyssey Bench



appendix), respectively. omni-modal models, and there is already an array
Timbre Tasks. To test the concept of matching of visual benchmarks, we put our attention on the
across vision and audio modalities, MLLMs areattributes of sound in the benchmark construction.
required to match audio-visual pairs (e.g., lion'sWe rst design 26 tasks that cover a wide range of
roar sound with lion images) in timbre tasks. Inaudio attributes and application domains, then we
addition, we have designed advanced tasks that deranually curate each question.
mand internal expert-level knowledge learned from Data source. Our questions involve audio, im-
the large-scale pretraining data to solve, such asges, and videos. We use public datasets as an
singer recognition and bird species identi cation. important source of fetching audios (MISC; AY-
Tone Tasks. These tasks target evaluatingDEMIR; Microsoft). For example, we use the in-
MLLMs with speech sentiment analysis and memestrument audios from (MISC) and bird sound au-
understanding. For example, meme understandingios from (Microsoft). We mainly use images from
requires MLLMs to infer humorous reasons simulthe internet and manually Iter out low-quality im-
taneously from the voice tone and visual context. ages. The sources of videos are either from existing
Melody Tasks. For evaluating melody under- datasets (Shimada et al., 2024; Damen et al., 2018)
standing abilities, we propose melody tasks. Foor from the internet. For example, we download
example, the dance and music matching task regaeme videos from video websites to create a meme
quires the MLLM to understand the melody of the understanding question. We detail the data source
music and identify the one that aligns with theof each task in Table 9 in the appendix.
dance in a video. Quality Control. Each question-answer pair
Space Tasks. To test the spatial inference withis veri ed by two different experts. Duplicated
audio and visual information, space tasks requirgext information that describes visual inputs will
MLLMs to infer the distance of a certain object jnduce MLLMs to bypass the visual input to di-
producing a sound or to determine the 3D angle. rectly derive the answer by memorizing the an-
Time Tasks. These tasks test the cross-modadwer from the internet-scale training dataset (Chen
matching and temporal correlation abilities at theet al., 2024a). Inspired by this, we rst ensure
same time. For example, audio time estimationthat our text questions' context is as simple as
requires MLLMs to determine the start and endpossible. Then we Iter out those questions that
time of an action. have redundant images or audio clips by leveraging
Hallucination Tasks. Inspired by POPE (Li VILMs and audio LLMs. Speci cally, we test all
et al., 2023b) that indicates severe object halluhe curated questions with VLM: InternVL2 (Chen
cination existing in vision language models, weet al., 2024b), Qwen2-VL (Wang et al., 2024),
designed this task to assess the hallucination issuginiCPM-V 2.5 (Yao et al., 2024), BLIP3 (Xue
in audio-visual reasoning. etal., 2024), and VILAL.5 (Lin et al., 2024) and au-
Intricacy Tasks. These tasks challenge MLLMs dio LLM Qwen-Audio (Chu et al., 2023), Qwen2-
to perform integrated analysis or reasoning througiudio (Chu et al., 2024), SALMONN (Tang et al.,
both visual and audio inputs, leveraging multiple2023), and Typhoon-Audio (Manakul et al., 2024),
attributes. For example, action prediction requiresand Iter out those questions that either of these
models to infer actions based on visual elementgodels can solve. In experiment, 2.54% questions
alongside various audio attributes, such as timbrgre [tered out because they are solved by all audio

and timing. LLMs or VLMs
These diverse tasks provide a rigorous and mul-

tifaceted assessment of MLLMs" audio-visual in-4  Experiment
formation integration capabilities, systematically
probing the depth, nuance, and complexity of crosdModel Testing. We evaluate closed-source and

modal perception and reasoning. open-source MLLMs supporting text, image/video,
. and audio inputs. Experiments are conducted in
3.3 Data Curation Process a zero-shot setting (no netuning or few-shot

Data Collection. AV-Odyssey Bench is an audio- prompting) to assess inherent multimodal reason-
visual benchmark to evaluate whether MLLMsing capabilities. Prompt Design. Text prompts are
truly have audio-visual reasoning capability. Sinceminimized to exclude redundant information. To
the audio is the newly added modality by theseensure robustness: 1. Prede ne multiple question



templates, randomly selecting one per evaluation.
2. Conduct three trials per question to mitigate
stochasticity in model outputs.

4.1 Model Evaluation and Methodology

Evaluated Models. We assess 21 models: 9
closed-source (Gemini 2.5 Pro (Google, 2025),
Gemini 1.5 Flash/Pro (Team et al., 2024a), Reka
Core/Flash/Edge (Team et al., 2024b), GPT-
4o (Hurst et al., 2024)) and 12 open-source (Qwen-
2.5-Omni-7B (Xu et al., 2025), AV-Reasoner (Lu
et al., 2025), Uni ed-10-2 L/XL/XXL (Lu et al.,
2022), PandaGPT (Su et al., 2023), VideolL-
LaMA (Zhang et al., 2023a), OneLLM (Han
et al., 2024), AnyGPT (Zhan et al., 2024), NEXT-
GPT (Wu et al., 2023), VITA (Fu et al., 2024)).
Open-source models were tested using their late
checkpoints and default hyperparameters from
published code; closed-source models relied on
of cial APIs.

GPT-40 Workaround. Due to API limitations pre-
venting simultaneous multimodal inputs, we eval-
uate GPT-40 via two pipelines: 1. Audio Caption
Method: We use GPT-40-audio to generate audio
captions, then use the audio caption, question text,
and visual as the inputs of GPT-40. 2. Visual Cap-
tion Method: We use GPT-40 to generate visual
captions, then use the visual caption, question text,
and audio as the inputs of GPT-40-audio.

Baseline and Interpretation. A 25% random base-
line (corresponding to a four-choice task) is estab-
lished. Performance below this threshold indicates
the model's inability to tackle the task.

Figure 5: An example of audio understanding error.
ﬁore examples are provided in the Appendix F.

Figure 6: Comparison performance between each Deaf-

4.2 Experimental Analysis Test task and AV-Odyssey.

In this section, we analyze the performance ofevealing key limitations and providing insights for
MLLMs in our AV-Odyssey benchmark, as pre-future advancements.

sented in Table 4. We showcase the mean accuragy Comparison Between Audio Captions and

of each audio attribute. Detailed results and dat&isual Captions. It can be observed that GPT-40
distribution are provided in the Appendix A and B.audio caption achieves higher performance than
Our key ndings are as follows: GPT-4o0 visual caption as shown in Table 4. How-
1. Challenging Nature of AV-Odyssey. Table 4 ever, drawing conclusions from this comparison
shows that most MLLMs achieve barely aboveis challenging, as the captions are generated by
25% accuracy—only marginally better than ranthe model itself, introducing potential biases. To
dom guessing. The top-performing model, Geminiisolate the in uence of each modality, we further
2.5 Pro, reaches just 44.4%. These results higlnvestigate this phenomenon by providing ground-
light the rigor of AV-Odyssey, which evaluates ca-truth (GT) captions for both audio and visual tasks.
pabilities beyond the scope of current training datan this setup, GPT-40's performance improves to
By establishing demanding standards, AV-Odyssey 3.33% with ground-truth audio captions, while
serves as a crucial benchmark for assessing MLLMperformance with ground-truth visual captions in-
robustness and versatility in audio-visual reasoning;reases to 47.33%. These results suggest that the



Table 4: Evaluation results of various MLLMs in different parts of AV-Odyssey Bench. The highest performance is
highlighted in bold.T is the averaged accuracy across corresponding dimensionB;aisdthe rank based on the
averaged accuracy. “All Avg.” represents the averaged accuracy over all questions in our AV-Odyssey Bench.

Model LLM Timbre Tone Melody Space Time Hallucination Intricacy All Avg.
Sz TR, T R T R T R T R T R T R T R
Random 250 14 250 11 250 20 250 16 250 19 25.0 14 250 18 250 21
Uni ed-10-2 L (Lu et al., 2022) 1B 238 20 241 14 288 8 150 22 268 10 300 7 304 12 26.0 18
Uni ed-10-2 XL (Lu et al., 2022) 3B 243 17 232 16 278 9 225 19 253 18 315 4 348 5 263 15
Uni ed-10-2 XXL (Lu et al., 2022) 7B 263 9 227 18 264 14 325 6 268 10 245 16 338 8 272 9
3 OneLLM (Han et al., 2024) 7B 250 15 255 9 215 22 375 5 293 1 255 13 384 3 274 8
g PandaGPT (Su et al., 2023) 7B 235 19 232 16 276 12 450 1 238 21 280 12 239 20 267 13
(%] Video-llama (Zhang et al., 2023a) 7B 255 10 223 19 244 21 300 9 26.2 15 250 14 307 11 261 17
S VideoLLaMA2 (Cheng et al., 2024) 7B 241 18 255 9 264 16 30.0 9 27.2 9 33.0 2 345 6 268 12
8 AnyGPT (Zhan et al., 2024) 7B 246 16 250 11 264 17 275 14 29.2 2 29.0 8 257 17 261 19
NEXT-GPT (Wu et al., 2023) 7B 232 22 209 20 278 11 300 9 28.8 3 28.5 10 236 21 255 20
VITA (Fu et al., 2024) 8 7B 241 19 264 8 27.8 9 225 19 263 14 310 6 36.8 4 264 14
Qwen-2.5-Omni-7B (Xu et al., 2025) 7B 38.6 4 30.0 6 30.4 7 40.0 3 258 16 315 4 39.6 2 345 4
AV-Reasoner (Lu et al., 2025) 7B 425 2 31.4 4 28.3 9 40.0 3 265 12 325 3 43.4 1 36.4 2
Gemini 1.5 Flash (Team et al., 2024a) 272 7 250 11 288 8 300 9 253 18 285 10 312 10 278 7
o Gemini 1.5 Flash-8B (Team et al., 2024a) 251 13 245 13 289 6 275 14 275 5 29.0 5 302 13 26.8 13
o Gemini 1.5 Pro (Team et al., 2024a) 308 6 314 4 313 5 375 5 277 4 205 21 330 9 308 6
3 Gemini 2.5 Pro (Google, 2025) 53.6 1 40.0 1 41.9 1 325 6 238 21 405 1 37.8 3 44.4 1
fg Reka Core (Team et al., 2024b) 67B 26.7 8 27.7 7 264 15 225 19 265 12 240 17 34.3 7 269 10
I Reka Flash (Team et al., 2024b) 21B 255 11 241 14 272 13 30.0 9 275 5 315 4 241 19 263 16
o Reka Edge (Team et al., 2024b) 7B 238 21 205 22 263 18 225 19 255 17 225 19 36.8 4 250 22
O GPT-4o0 visual caption (Hurst et al., 2024) 37.4 5 28.6 6 32.3 4 275 14 255 17 230 18 289 14 323 5
GPT-40 audio caption (Hurst et al., 2024) 38.6 3 31.8 2 33.6 2 42.5 2 275 5 25.0 15 26.1 16 345 3

w/ GT audio caption

w/ GT visual caption

GPT-40

73.33%

47.33%

Table 5: GPT-40 with GT audio/visual caption on ran-
domly selected 300 Questions.

primary limitation of current models lies in their

audio understanding capabilities.

3. Correlation between each DeafTest task and

AV-Odyssey. We analyze the relationship between

performance on DeafTest and AV-Odyssey (Fig. 6)rigure 7: Distribution of 104 human-annotated errors
Notably, loudness and pitch perception show an the Gemini 1.5 Pro.

stronger correlation with AV-Odyssey performance,

as these fundamental auditory components are cru-

cial for accurate audio understanding. Tasks suchnq text (8%) understanding errors were less fre-
as audio length recognition and sound countinguent. This aligns with DeafTest ndings: de-
exhibit weaker correlations with AV-Odyssey per- cient audio perception undermines cross-modal
formance. This is because AV-Odyssey is designeghtegration. 2. Reasoning Errors (13%). In these
to evaluate comprehensive audio-visual understangases, Gemini 1.5 Pro correctly parsed audio/visual
ing. As such, tasks focused on isolated auditorynpyts but failed in logical inference (e.g., miscon-
features, such as temporal duration or discrete eveRfacting cause-effect relationships). 3. Other Er-

counting, are less strongly aligned with the broadeggrs (696). Mostly rejected responses (e.g., content
more integrated tasks within AV-Odyssey. agged for security).

4.3 Error Analysis

We analyzed 104 human-annotated errors (4 raf- Conclusion

domly sampled per task) to identify failure modes.

The error distribution is shown in Fig. 7, with caseIn this work, we introduce DeafTest and AV-
details in the Appendix F. Odyssey to evaluate multimodal large language
1. Perception Understanding Errors (81%). models from fundamental audio perception and
Most errors stemmed from awed input interpreta-audio-visual multimodal reasoning perspectives. In
tion, dominated by audio-related failures (63%). addition, we reveal the strong correlation between
For example, Fig. 5 shows a misidenti ed audiothe performance of basic audio perception and com-
clip leading to incorrect answers. Vision (10%) plex audio-visual reasoning.



6 Limitation Tom B Brown. 2020. Language models are few-shot
learners. arXiv preprint arXiv:2005.14165.
Our study does not yet address long video un-

derstanding (e.g., ve minutes or more)’ real-Jie Cao and Jing Xiao. 2022. An augmented benchmark

time interactive scenarios, or joint understand-
These directions remain

ing—generation tasks.
promising avenues for future work. While our

results underscore the importance of fundamen-

dataset for geometric question answering through
dual parallel text encoding. In Proceedings of the
29th International Conference on Computational Lin-
guistics, pages 1511-1520.

tal audio perception, additional factors in uencing Ji2di €hen, Tong Li, Jinghui Qin, Pan Lu, Liang Lin,

audio-visual reasoning are likely to exist and war-
rant further investigation.

7 Use of LLM

Chongyu Chen, and Xiaodan Liang. 2022. Uni-
geo: Unifying geometry logical reasoning via re-
formulating mathematical expression. arXiv preprint
arXiv:2212.02746.

Jiaqi Chen, Jianheng Tang, Jinghui Qin, Xiaodan Liang,

In this work, we use LLM to polish our text and
draft some experimental code.
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A Data Distribution ndings, a promising and practical strategy is to

In thi " t the detailed data di tjncrease model exposure to audio-visual reason-
nthis section, we present tne getalled data dis r5'ng data during training, either in the pretraining

bution of our AV-Odyssey Bench in Table 9. Ourstage or during instruction ne-tuning. Intuitively,

AV-Odyssey bench consists of 26 tasks covering %tronger supervision on audio-visual understand-

wide range of task categories. ing tasks may help models better align low-level

auditory signals with semantic reasoning.

To provide preliminary evidence for this di-
In this section, we provide detailed per-task resultsection, we conduct a simple pilot experiment.
of the evaluated methods on the AV-Odyssey benclSpeci cally, we ne-tune Qwen-2.5-Omni-7B on

B Breakdown Results

mark, as shown in Table 10 and Table 11. the AVQA-R1-6K dataset (Xing et al., 2025) for
_ ) one epoch, and then re-evaluate the model on our
C Human Baseline Evaluation AV-Odyssey benchmark. As shown in Table 7,

To estimate human-level performance on our benctfYeN this lightweight ne-tuning procedure yields a
gonsistent improvement, increasing accuracy from

marks, we recruited two volunteers, both graduat
34:5% to 36:1%.

students without domain-speci ¢ expertise, to com-* o )
plete both DeafTest and AV-Odyssey. The partici- These results suggest that audio-visual question
nswering supervision can partially mitigate the au-

pants answered all questions in a zero-shot setting, : _ :
i.e., without any prior training or exposure to the I0 perception bottleneck. We emphasize that this
benchmark data experiment is intended only as an initial proof of

Given the cost of human annotation. we conSPNcept rather than a fully optimized solution. We

ducted the human evaluation on randomly sample&io hot tune hyperparametgr_s, scale up the training
subsets of the benchmarks. For DeafTest, we sanQ-ata’ or expllore longer tr{;un!ng schedules. Never-
pled 20 questions for each task, resulting in 8dhe_le_ss, the |mp_rove_ment|nd|cates th_atdata—ceptrlc
questions in total. For AV-Odyssey, we sampledtra'n'_ng on gudlp-wsual understanding tasks is a
10 questions for each task, resulting in 260 que£r0m|5|ng direction for future work.

tions in total. These results should be interpreted'ame 7' A pi|ot experiment showing the effect of audio-
as a preliminary estimate of non-expert human pefisual QA ne-tuning on AV-Odyssey.

formance, given the limited sample size. We report

the average accuracy of the two human participants Method AV-Odyssey (%)
and compare it with representative state-of-the-art Qwen-2.5-Omni-7B 34.5
models in Table 6. + Fine-tuned on AVQA-R1-6K 36.1

Table 6: Comparison between the non-expert human
baseline and state-of-the-art models on sampled subsdts Answer Position Bias Analysis
of DeafTest and AV-Odyssey. Human results are aver-

aged over two participants. Table 8: Distribution of correct answer positions.
Method DeafTest (%) AV-Odyssey (%) Option Count Percentage
Human 100.00 47.70 A 1167 25.62%
Gemini-2.5-Pro 91.50 44.41 '

B 1153 25.31%
Cc 1119 24.57%
D 1116 24.50%

As shown in Table 6, humans achieve perfect

accuracy on the sampled subset of DeafTest, while We further examine the answer-position distribu-
Gemini-2.5-Pro achievedl:5% On AV-Odyssey, o 16 assess potential position bias in the bench-

the average human accuracy is 47:70%. mark. During annotation, we intentionally bal-
anced the correct answer positions across the four
options. As aresult, the nal distribution is approx-
Beyond identifying audio perception as a primaryimately uniform, as shown in Table 8. This bal-
bottleneck, it is also important to explore action-anced design helps mitigate answer-position bias
able directions for improving current multimodal and reduces the possibility that models can exploit
large language models (MLLMs). Based on oursuper cial positional patterns.

D Towards Improving Audio Perception



Figure 8: Sampled examples from our AV-Odyssey Benchmark.

Table 9: Detailed task statistics in AV-Odyssey Bench.

Task ID Task Name Task Category Class Number Data Source
1 Instrument Recognition Timbre 28 200 (MISC)
2 Singer Recognition Timbre 20 200 Internet
3 Gunshot Recognition Timbre 13 200 (AYDHER)
4 Bird Recognition Timbre 39 200 (Microsoft)
5 Animal Recognition Timbre 13 200 (Putthewad)
6 Transportation Recognition Timbre 8 200 (AKBAL et al., 2021)
7 Material Recognition Timbre 10 200 (Sterling et al., 2018)
8 Scene Recognition Timbre 8 200 (Heittola et al., 2019)
9 Hazard Recognition Timbre 8 108 (Kay et al., 2017)
10 Action Recognition Timbre 20 196 (Soomro, 2012)
11 Eating Sound Recognition Timbre 20 200 (Ma)
12 Speech Sentiment Analysis Tone 7 200 (Lok)
13 Meme Understanding Tone N/A 20 Internet
14 Music Sentiment Analysis Melody 7 197 (yash bhaskar)
15 Music Genre Classi cation Melody 8 200 (Andrada)
16 Dance and Music Matching Melody 10 200 (Tsuchida et al., 2019)
17 Film and Music Matching Melody 5 200 (Defferrard et al., 2016)
18 Music Score Matching Melody N/A 200 (zhang et al., 2024b)
19 Audio 3D Angle Estimation Space N/A 20 (Shimada et al., 2024)
20 Audio Distance Estimation Space N/A 20 (Shimada et al., 2024)
21 Audio Time Estimation Time N/A 200 (Damen et al., 2018)
22 Audio-Visual Synchronization Time N/A 200 (Tian et al., 2018)
23 Action Sequencing Time N/A 200 (Damen et al., 2018)
24 Hallucination Evaluation Hallucination 19 200 (Ostermann et al., 2023)
25 Action Prediction Intricacy N/A 199 (Damen et al., 2018)
26 Action Tracing Intricacy N/A 195 (Damen et al., 2018)




Table 10: Evaluation results of various MLLMs in “Timbre' part of AV-Odyssey Bench. The best performance is in
bold. The corresponding brackets for each task indicate the number of associated questions.

LLM Instrument Singer Gunshot Bird Animal Transportation ~ Material Scene Hazard Action Eating Sound
Model Size Recognition Recognition Recognition Recognition Recognition Recognition Recognition Recognition Recognition Recognition Recognition
(200) (200) (200) (200) (200) (200) (200) (200) (108) (196) (200)

Unied-10-2 L (Lu et al., 2022) 1B 20.5 225 255 185 27.0 26.5 23.0 28.0 21.3 20.9 26.5

Uni ed-10-2 XL (Lu et al., 2022) 3B 20.0 235 24.0 20.5 275 26.0 275 30.0 19.4 19.9 26.5

Uni ed-10-2 XXL (Lu et al., 2022) B 29.5 24.0 235 29.0 235 255 30.5 26.5 231 27.0 25.5

I OneLLM (Han et al., 2024) 7B 26.0 215 27.0 26.0 22.0 20.0 295 245 26.9 23.0 295
g PandaGPT (Su et al., 2023) 7B 20.0 215 23.0 175 26.0 26.5 28.0 27.0 231 21.4 245
n Video-llama (Zhang et al., 2023a) 7B 225 245 27.0 26.5 27.0 235 28.0 25.0 25.0 26.0 25.5
5 VideoLLaMA2 (Cheng et al., 2024) B 225 24.0 27.0 17.0 235 275 26.5 26.5 19.4 23.0 255
8‘ AnyGPT (Zhan et al., 2024) 7B 225 28.5 28.0 175 24.0 255 23.0 28.0 25.9 20.4 275

NEXT-GPT (Wu et al., 2023) 7B 21.0 235 255 215 255 25.5 21.0 240 194 23.0 24.0

VITA (Fu et al., 2024) 8 7B 22.0 20.5 245 215 275 25.0 235 285 21.3 19.4 29.5

Qwen-2.5-Omni-7B (Xu et al., 2025) B 52.0 26.0 240 28.5 66.0 34.0 325 335 45.4 61.7 23.0
AV-Reasoner (Lu et al., 2025) 7B 56.5 28.5 32.0 335 53.5 48.5 36.5 39.5 47.2 67.9 27.0
Gemini 1.5 Flash (Team et al., 2024a) - 245 24.0 235 17.0 325 26.0 225 295 343 48.0 215
o Gemini 1.5 Flash-8B (Team et al., 2024a) 16.5 225 240 19.0 28.0 26.5 27.0 29.0 26.9 32.7 245
g Gemini 1.5 Pro (Team et al., 2024a) - 33.0 26.0 29.0 25.0 255 26.0 295 30.0 38.0 57.7 225

3 Gemini 2.5 Pro (Google, 2025) - 79.0 41.0 39.5 21.0 76.0 60.5 39.0 44.0 65.7 87.8 425
2 Reka Core (Team et al., 2024b) 67B 325 20.0 26.5 25.0 240 27.0 30.0 27.0 25.0 34.2 215
4 Reka Flash (Team et al., 2024b) 21B 20.0 225 26.5 26.0 285 26.5 26.5 29.0 28.7 22.4 25.0
5} Reka Edge (Team et al., 2024b) 7B 215 240 30.5 20.0 195 225 20.5 25.5 25.9 235 29.0
GPT-40 visual caption (Hurst et al., 2024) - 33.0 30.5 24.0 26.5 43.0 42.0 325 39.0 49.1 67.3 30.5
GPT-40 audio caption (Hurst et al., 2024) - 40.0 38.0 275 26.5 45.0 42.0 27.0 41.0 42.6 62.2 355

Table 11: Evaluation results of various MLLMs in "Time', "Melody', "Space'. "Time', "Hallucination’, and

“Intricacy’ parts of AV-Odyssey Bench. The best (second best) is in bold (underline). The corresponding brackets
for each task indicate the number of associated questions.

Tone Melody Space Time Hallucination  Intricacy
Model LSL‘Q"E Speech Sentiment Meme  Music SentimenMusic GenreDance and MusiEilm and 3D Angl D Time Audio-Visual Action Hallucination Action Action
Analysis ~ Understanding Analysis  Classication Matching  Matching  Matching i Estimation  Esti izati Evaluation PredictionTracing
(200) (20) 97) (200) (200) (200) (200) (20) (20) (200) (200) (200) (200) (199)  (195)
Unied102L (Luetal, 2022) 1B 245 200 ) 310 275 325 245 150 150 280 255 270 300 271 338
Uni ed-10-2 XL (Lu et al., 2022) 3B 23.0 25.0 26.9 30.5 27.0 315 225 30.0 15.0 26.5 255 240 __ 315357 3338
8 Unied-l02XXL(Luetal,2022) 78 230 200 23.9 315 275 245 235 500 150 280 25.0 275 245 332 344
5 OneLLM (Han et al., 2024) 7B 26.0 20.0 20.8 235 26.5 185 18.0 45.0 30.0 315 29.5 27.0 255 417 34.9
3 PandaGPT (Su et al., 2023) 7B 235 20.0 216 280 27.0 325 260 __ 450 450 185 260 27.0 28.0 196 282
H Video-llama (Zhang et al., 2023a) 7B 23.0 15.0 258 24.0 20.0 250 ___ 280 45.0 15.0 285 235 26.5 25.0 28.6 328
§ VideoLLaMA? (Chengetal, 2024) 7B 26.0 200 26.8 20.0 255 305 205 450 150 285 265 265 33.0 286 405
AnyGPT (Zhan et al., 2024) 7B 255 20.0 234 295 255 26.0 26.0 40.0 15.0 305 __ 280 29.0 29.0 211 30.3
NEXT-GPT (Wu et al., 2023) 7B 215 150 237 26.0 28.0 310 280 450 150 315 240 310 285 206 267
VITA (Fu et al., 2024) 8 7B 245 45.0 26.8 26.0 275 _ 335 245 25.0 20.0 26.5 255 27.0 31.0 342 395
Qwen-2.5-0mni-7B (Xu et al,, 2025) 78 305 25.0 244 475 235 300 26.5 500 300 245 285 245 315 397 395
AV-Reasoner (Lu et al., 2025) 7B 29.0 55.0 228 40.0 245 315 225 55.0 25.0 25.0 275 27.0 325 51.3 35.4
Gemini 15 Flash (Team etal, 2024a) - 235 400 213 310 215 325 2860 300 300 275 235 250 285 276 349
ué Gemini 1.5 Flash-8B (Team et al., 2024a) - 245 25.0 25.9 33.0 275 32.0 245 40.0 15.0 31.0 255 26.0 29.0 25.6 349
S Gemini 15 Pro (Teametal, 2024a) - 20.5 50.0 25.4 425 28.0 285 200 35.0 400 300 245 285 205 322 338
g Gemini 2.5 Pro (Google, 2025) - 385 55.0 274 79.5 245 50.5 275 45.0 20.0 185 19.5 335 40.5 38.2 374
% RekaCore(Teametal,2024b) 678 285 200 228 245 215 300 255 25.0 200 300 255 240 24.0 387 349
8 Reka Flash (Team et al., 2024b) 21B 245 20.0 30.5 29.5 275 255 245 ___ 450 15.0 30.0 255 27.0 _315 19.1 29.2
Reka Edge (Team et al., 2024b) 78 205 200 249 245 275 300 240 300 150 300 255 210 25 #@mR
GPT-40 visual caption (Hurst et al., 2024) - 26.0 __ 550 244 48.0 27.0 345 235 25.0 30.0 215 225 325 23.0 32.2 25.6
GPT-40 audio caption (Hurst etal., 2024) - 28.0 700 244 565 275 325 225 300 35.0 235 255 335 25.0 302 220
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Figure 9: A sampled error case in the instrument recognition task.



Figure 10: A sampled error case in the singer recognition task.



Figure 11: A sampled error case in the gunshot recognition task.



Figure 12: A sampled error case in the bird recognition task.



Figure 13: A sampled error case in the animal recognition task.



Figure 14: A sampled error case in the transportation recognition task.



Figure 15: A sampled error case in the material recognition task.



Figure 16: A sampled error case in the scene recognition task.



Figure 17: A sampled error case in the hazard recognition task.



Figure 18: A sampled error case in the action recognition task.



Figure 19: A sampled error case in the eating sound recognition task.



Figure 20: A sampled error case in the speech sentiment analysis task.



Figure 21: A sampled error case in the meme understanding task.



Figure 22: A sampled error case in the music sentiment analysis task.



Figure 23: A sampled error case in the music genre classi cation task.



Figure 24: A sampled error case in the dance and music matching task.



Figure 25: A sampled error case in the Im and music matching task.



Figure 26: A sampled error case in the music score matching task.



Figure 27: A sampled error case in the audio 3D angle estimation task.



Figure 28: A sampled error case in the audio distance estimation task.



Figure 29: A sampled error case in the audio time estimation task.



Figure 30: A sampled error case in the audio-visual synchronization task.
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