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ABSTRACT

Recent breakthroughs in Omni-Multimodal Large Language Models (Omni-MLLMs), such as GPT-
40, have showcased remarkable progress in integrating visual and audio modalities with language,
bringing us closer to human-like audio-visual intelligence. However, a critical gap remains: the lack
of systematic benchmarks to rigorously evaluate these models’ audio-visual capabilities. Existing
evaluations are often fragmented, focusing on isolated tasks and overlooking the multifaceted nature
of audio-visual intelligence. To address this, we introduce AVI-Bench, a cognitively inspired bench-
mark designed to assess Omni-MLLMs across three stages: perception, understanding, and reason-
ing. Each stage comprises cross-modal tasks that require simultaneous interpretation of visual and
audio inputs, enabling fine-grained diagnostics of model strengths and weaknesses. To further ex-
plore models’ robustness against unfamiliar sensory inputs, we propose AVI-Bench-PriSe, an exten-
sion targeting the “primitive sensation” of Omni-MLLMs on unfamiliar-domain audio-visual inputs
with low-semantic stimuli, thereby probing their generalization beyond commonly used general-
domain training data. Through comprehensive experiments on both open- and closed-source mod-
els, AVI-Bench reveals critical limitations and bottlenecks of current Omni-MLLMs. Building on
these insights, we present a four-level taxonomy for classifying the audio-visual intelligence. Our
work provides the community with a principled evaluation framework that not only benchmarks
performance but also guides future development toward more robust, adaptive, and human-aligned
audio-visual intelligence.

1 INTRODUCTION

The pursuit of Artificial General Intelligence (AGI) (Goertzell, 2014; Goertzel & Pennachin, 2007) has witnessed new
momentum with the recent rise of Multimodal Large Language Models (MLLMs) (Fei et al., 2022 [Bubeck et al.|
2023; |OpenAl et al., 2024} |Hurst et al., [2024; Wang et al., 2025a), which leverage powerful Large Language Models
(LLMs) as central reasoning engines across diverse sensory inputs. While traditional MLLMs can process individual
non-linguistic modalities, such as vision, audio, or tactile input, they fall short of human-like capabilities at seamlessly
integrating multiple sensory inputs to support coherent, robust, and contextually rich cross-modal reasoning.

This gap has led to the development of Omni-Multimodal Large Language Models (Omni-MLLMs), which can jointly
processing text, visual, and audio modalities, thereby covering the majority of human perceptual inputs. These models
mark a critical step toward human-like audio-visual intelligence via cross-modal perception and reasoning (Wang
et al., [2025b; L1 et al., 2025d; [Fei et al, [2025). OpenAI’s GPT-40 notably exemplifies this evolution, demonstrating
sophisticated cross-modal capabilities and positioning Omni-MLLMs as promising candidates to drive the next stage
of AGl-oriented research.

However, meaningful progress in Omni-MLLMs demands rigorous, structured benchmarks that can holistically evalu-
ate cross-modal capabilities. Existing benchmarks are often modality-specific, such as MMMU (Yue et al.,[2024) and
SEED (Li et al., 2023) for vision-language tasks, or MMAU (Sakshi et al., 2024) for audio-language tasks, but they
fail to reflect the multifaceted nature of real-world cross-modal scenarios. To this end, recent efforts have been incor-
porating multiple non-linguistic modalities alongside language, with a focus on tasks such as audio-visual question
answering (Sun et al., [2024; |Yang et al., [2022)), captioning (Liu et al., [2024} |Sudarsanam et al.), and hallucination de-
tection (Sung-Bin et al.| |2024; [Chowdhury et al.| [ 2025)) for cross-modal comprehension assessments, thus representing
important steps toward more comprehensive evaluations of audio-visual intelligence in Omni-MLLMs.

Despite these advances, existing benchmark evaluations still exhibit critical limitations. While efforts such as Omni-
Bench (Li et al., [2025c) and AV-Odyssey (Gong et al.l 2024) have expanded the diversity of tasks, they fall short
of providing a unified evaluation framework for structured and multifaceted audio-visual intelligence. Consequently,
these benchmarks offer only a fragmented view of model capabilities and fail to capture how well Omni-MLLMs
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align with human-like audio-visual capabilities. Strong performance on isolated tasks is insufficient to establish these
models as credible milestones toward general intelligence. Instead, a comprehensive and fair assessment must involve
cognitively aligned evaluations that reflect the way humans perceive, integrate, and reason across modalities. Such a
structured framework is essential not only for advancing Omni-MLLMs toward human-like audio-visual intelligence,
but also for enabling adaptation to open-ended, real-world scenarios.

To bridge this gap and delineate the boundaries of audio-visual intelligence in Omni-MLLMs, we propose the Human-
like Audio-Visual Intelligence Benchmark (AVI-Bench), a cognitively inspired evaluation framework that systemat-
ically assesses Omni-MLLMs across three tightly integrated stages: perception, understanding, and reasoning. Each
stage targets a distinct aspect of audio-visual intelligence and comprises tasks that demand simultaneous processing
and interpretation of both visual and audio inputs. This design captures the structural complexity and diversity inher-
ent to human-like audio-visual intelligence within a unified evaluation framework. To further examine model adap-
tation beyond commonly used general-domain training data, we introduce AVI-Bench-PriSe, an extension to assess
whether these models exhibit “Primitive Sensation” when exposed to unfamiliar and low-semantic stimuli. In addi-
tion, building on insights gained from AVI-Bench, we propose a four-level taxonomy to categorize the current land-
scape of audio-visual intelligence, providing in-depth guidance for the advancing Omni-MLLMs across task-adaptive,
modality-adaptive, stage-adaptive and domain-adaptive dimensions. Together, these attributes establish a rigorous and
structured foundation for precise and comparative evaluations of Omni-MLLMs’ human-like audio-visual intelligence.

In summary, our key contributions are:

* We introduce AVI-Bench, a cognitively inspired benchmark that spans the stages of perception, understanding,
and reasoning with cross-modal tasks, alongside AVI-Bench-PriSe, an extension designed to assess adaptation to
unfamiliar-domain inputs beyond commonly used general-domain training data.

* We conduct comprehensive evaluations on both open- and closed-source Omni-MLLMs, revealing key challenges
that hinder progress toward robust and general audio-visual intelligence.

* Building on evaluation observations, we propose a four-level principled taxonomy for classifying the audio-visual
intelligence of Omni-MLLMs, offering a structured and interpretable view of the current landscape.

Altogether, this work advances the field beyond task-specific evaluations toward a principled framework for bench-
marking human-like audio-visual intelligence. It provides actionable insights for developing more robust and cogni-
tively aligned multimodal systems. We will maintain and expand AVI-Bench as a long-term community resource to
advance research on human-like audio-visual intelligence.

2 RELATED WORKS

2.1 MULTIMODAL LARGE LANGUAGE MODELS

LLMs such as ChatGPT (Brown et al., 2020 OpenAl et al.}[2024)), LLaMA (Touvron et al., 2023ajb; |Grattafiori et al.|
2024) and Qwen (Bai et al., 2023} [Yang et al.l |2024) series have demonstrated remarkable capabilities in handling
complex linguistic tasks (Wang et al., 2019; Cobbe et al., 2021; |Chen et al., [2021b; (Chiang et al., 2024). Building
upon these successes, recent research has extended LLMs into multimodal contexts by incorporating non-linguistic
modalities such as images, audio, and video. Early efforts in this direction focused on pairing language with individual
modalities. Vision-Language Models (Liu et al.,[2023;|Zhu et al.,[2023;/Wang et al., 2024bj;|OpenAlL |[2023)) and Audio-
Language Models (Chu et al.| 2024} Zhang et al.| 2023a; [Deshmukh et al.l 2023 Ding et al., [2025), which integrate
language with either visual or audio modalities, have demonstrated strong performance on tasks such as captioning
and question answering. However, these models largely addressed isolated modality combinations, limiting their
ability to perform joint multimodal reasoning. Motivated by the pursuit of AGI, the development of Omni-MLLMs
has aimed to integrate multiple sensory modalities, particularly vision and audio, within a unified framework that
more closely mirrors human perception. Pioneering models such as PandaGPT (Su et al.| 2023), VAST (Chen et al.,
2023), NExT-GPT (Wu et al. 2024), AnyGPT (Zhan et al., |2024), and VideoLLaMA (Zhang et al., 2023b) laid
the foundation for this paradigm by enabling cross-modal interaction. A major breakthrough was achieved with
models like Gemini-1.5 (Team et al.| [2024)) and GPT4o (Hurst et al., [2024)), which advanced the state of the art by
demonstrating robust comprehension across visual and auditory modalities. Subsequently, a new generation of Omni-
MLLMs, including Human-Omni (Zhao et al., 2025b), Baichuan-Omni-1.5 (Li et al., |2024), and Qwen2.5-Omni (Xu
et al.| 20235)), has emerged. These models demonstrate enhanced audio-visual understanding and stronger cross-modal
alignment, driving rapid advancements in the field. The continued evolution of Omni-MLLMs marks a pivotal step
toward AGI, as these models not only exhibit improved linguistic alignment but also increasingly demonstrate robust
reasoning capabilities across diverse non-linguistic modalities. By seamlessly integrating language, vision, and audio,
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Table 1: Comparison of key statistics across leading audio-visual benchmarks. AVI-Bench comprises 5,864 sam-
ples spanning 14 diverse tasks, evaluated using 13 metrics across three cognitively grounded stages: perception,
understanding, and reasoning, along with the AVI-Bench-PriSe extension for unfamiliar-domain adaptation evalua-
tion. AVI-Bench also features a broader range of question types such as cross-modal grounding tasks that are often
overlooked in prior works and evaluations.

Dataset Qualitative Quantitative
Year Modality Annotation Answer Grounding #Task #Sample #Metric #Stage
VALOR 2024 (TPAMI) TA,V New Open 2 3,500 7 1
SAVEBench 2024 ICML) T,A,V,I Repurposed MCQ/Open/Yes-No 6 11,908 5 1
WorldQA 2024 T,AV New MCQ 1 1,007 1 1
AVTrustBench 2024 T,A,V  Repurposed MCQ 9 181,000 1 1
AVCaps 2024 T,AV New Open 2 2,061 8 1
OmniBench 2024 T,AL New MCQ 8 1,142 1 1
AV-Odyssey 2024 T,A,V,1 New MCQ 7 4,555 2 1
OmnixR 2025 (ICLR) TA,V]I Hybrid MCQ 6 - 1 1
AVHBench 2025 (ICLR) TAV Hybrid MCQ/Open 4 5,302 7 1
. MCQ/Open/Yes-No
AVI-Bench 2025 T,A, VI Hybrid BBox/Number/List v 14 5,864 13 4

Omni-MLLMs are progressively closing the gap between artificial systems and human-like intelligence, positioning
themselves as foundational technologies for next-generation multimodal AL

2.2 BENCHMARKING OMNI-MLLMS

The rapid advancement of Omni-MLLMs has driven the efforts to benchmarks their multimodal capabilities, par-
ticularly in vision and audio, the two predominant non-linguistic modalities that account for the majority of human
perceptual input. Early evaluations largely relied on modality-specific benchmarks that assessed vision-language or
audio-language understanding in isolation. While effective for targeted evaluation, however, such benchmarks fall
short in capturing the inherently integrated and synergistic nature of human perception. To better capture the chal-
lenges of cross-modal cognition, recent benchmarks have increasingly incorporated audio-visual tasks for assessing
alignment and comprehension. Early efforts such as AVQA (Yang et al., 2022) and Music-AVQA (li et al., 2022)
focused on audio-visual question answering to probe multimodal understanding, whereas AVHBench (Sung-Bin et al.|
2024) and AVTrustBench (Chowdhury et al., [2025)) investigated hallucination phenomena under multimodal condi-
tions. SAVEBench (Sun et al., 2024) extended the scope to include both unimodal and cross-modal tasks, but its
coverage of audio-visual comprehension remained limited. More recent benchmarks, including AV-Odyssey (Gong
et all [2024), OmniBench (Li et al. 2025c|), and OmnixR (Chen et al., [2024), further scale the diversity of tasks,
domains, and modalities, thereby reflecting a broader spectrum of real-world audio-visual scenarios.

Despite these advancements, current benchmarks still exhibit notable limitations. Most existing efforts have focused
on increasing task diversity in isolation, without systematically assessing the development of audio-visual intelligence
across tasks. This gap hinders the diagnosis of failure modes and the identification of reasoning deficiencies. Fur-
thermore, crucial capabilities such as audio-visual grounding for localizing sound-emitting objects (Tian et al., 2018}
Zhou et al., 2022 Wang et al., [2024¢; (Guo et al.l [2025) and identifying language-referenced entities within audio-
visual scenes (Wang et al. [2024e;d) are often neglected. These grounding tasks are essential for evaluating both
perception and reasoning within spatially grounded contexts. In contrast, our work introduces a structured, cognitively
grounded benchmark that emphasizes both breadth and systematic evaluation. By aligning tasks with distinct stages
of human-like cognition, this benchmark facilitates a principled assessments of cross-modal intelligence and supports
a deeper understanding of the capacities and limitations of Omni-MLLMs.

3 AUDIO-VISUAL INTELLIGENCE BENCHMARK

3.1 BENCHMARK OVERVIEW

Table |1| presents the key statistics of AVI-Bench. As shown in Table |1} compared to other multimodal benchmarks,
AVI-Bench stands out for its comprehensive coverage of 13 metrics for 14 diverse tasks. These include complex tasks
such as multi-instance recognition and counting, spatio-temporal localization, and text-visual-audio grounding, which
are overlooked by existing benchmarks that primarily focus on simpler question types such as Multiple Choice Ques-
tions (MCQ), Yes-No, or Open-ended responses for question-answering (QA) and captioning. AVI-Bench organizes
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its evaluation into three stages that mirror human cognitive processes Perception, Understanding, and Reasoning, plus
a unique stage evaluating the Primitive Sensation of Omni-MLLMs on unfamiliar low-semantic audio-visual inputs.
By offering such a structured and thorough evaluation, AVI-Bench delivers deeper insights into audio-visual intelli-
gence in Omni-MLLMs across a wide range of capabilities. It is worth noting that we not only adopt a staged design
but also maintain a balance between visual and audio tasks within each stage. Specifically, each stage comprises audio-
dominant tasks (e.g., AMIC, VAR, AVH, ASQA), visual-dominant tasks (e.g., VMIC, AVR, VAH, VSQA), and tasks
requiring a higher degree of audio-visual collaboration. This structure enables a comprehensive assessment of the
model’s capabilities across both modalities, ensuring a well-rounded evaluation at each stage. Task name explanation
is described in detail in Section[3.2

3.2 STAGES AND TASKS: MOTIVATION AND DEFINITION

This section presents a detailed overview of the evaluation stages and corresponding tasks in AVI-Bench, each designed
to assess distinct dimensions of audio-visual intelligence in Omni-MLLMs. Representative data samples for each task
are illustrated in Figure|[T]

Perception: The perception stage focuses on evaluating the model’s ability to detect and recognize fundamental
semantic entities in unimodal and multimodal inputs. This includes identifying salient objects, events, or sources in
either the audio or visual stream, as well as aligning information across modalities at both local and global levels. As
illustrated at the top of Figure I} Audio Multi-instance Classification (AMIC) (Lee et al., 2009; Zaman et al.| [2023))
and Visual Multi-instance Classification (VMIC) (Naeem et al., 2023} |Pratt et al., |2023)) assess unimodal perception
capabilities by requiring the detection of multiple co-occurring audio or visual instances within a single sample. To
further examine cross-modal alignment, we include Audio-Visual Localization (AVL) (Chen et al., 2021a; Mo &
Morgado} 2022} |Zhou et al.| [2022), which requires identifying the spatial location of a sound source within a visual
scene, and Audio-Visual Matching (AVM) (Lee et al.,| 2022} |Sung-Bin et al.,[2024)), which probes the model’s capacity
to judge whether audio and visual inputs correspond globally. Together, these tasks form a foundation for assessing
how well models can perceive and align multimodal information at a fine-grained level.

Understanding: The understanding stage evaluates the model’s ability to integrate and reason over multimodal con-
textual information, which is essential for interpreting real-world scenes that involve rich temporal and semantic
dependencies. The Audio-Visual Captioning (AVC) task (Liu et al., 2024; |Sudarsanam et al.) serves as a measure
of narrative understanding by evaluating the model’s ability to generate coherent, context-aware descriptions based
on both audio and visual inputs. This task reflects the model’s semantic comprehension and expressive capacity
in natural language. In addition, cross-modal retrieval tasks, including Audio-reference Visual Retrieval (AVR) and
Visual-reference Audio Retrieval (VAR) (Zhang et al.,[2023c;|Liu et al.,|2024;Sudarsanam et al.), evaluate the model’s
ability to identify semantically aligned content across modalities. These tasks require the model to align temporally
and semantically relevant audio and visual segments, thereby probing its ability to construct cross-modal associations
grounded in context.

Reasoning: The reasoning stage probes the model’s ability to perform higher-order inference over integrated multi-
modal and linguistic information. This stage moves beyond recognition and contextual understanding, requiring the
model to synthesize information, draw conclusions, and make judgments based on complex semantic relationships
across audio and visual modalities. Specifically, Audio-Visual Question Answering (AVQA) (Yang et al., 2022; |Yun
et al., 2021} [li et al.l 2022) targets coarse-grained reasoning by requiring the model to answer questions that rely
on a holistic understanding of audio-visual events. In contrast, Audio-Visual Language Grounding (AVLG) (Wang
et al., [2024dje) focuses on fine-grained reasoning, requiring precise localization of objects or events referenced in
natural language. To further evaluate model robustness under ambiguous or conflicting input conditions, we include
Audio-reference Visual Hallucination (AVH) and Visual-reference Audio Hallucination (VAH) (Sung-Bin et al., [2024;
Chowdhury et al.,|2025). These tasks assess the model’s susceptibility to hallucination when exposed to cross-modal
inconsistencies, providing insights into its resilience and reliability in complex, noisy environments.

Primitive Sensation: While most existing Omni-MLLMs are trained on large-scale, curated datasets rich in semantic
content, it remains unclear whether they can adapt beyond such commonly used distributions to exhibit human-like
perceptual sensitivity. This raises a fundamental question: Can these models perform low-level sensory tasks that
are trivially easy for humans, such as detecting variations in color, volume, texture, or geometry, especially when
semantic context is minimal or absent? To investigate this, we introduce AVI-Bench-PriSe, a supplementary evaluation
suite designed to assess the primitive sensation capabilities of Omni-MLLMs. This component specifically targets
the model’s performance on naive, unfamiliar, and low-semantic audio-visual inputs that fall outside the scope of
conventional training data. As shown at the bottom of Figure |1| this stage includes three tasks: Audio Sensation
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Table 2: Dataset statistics across different tasks and stages.

Stage 1: Perception Count | Stage 2: Understand Count | Stage 3: Reasoning Count | Stage 4: Primitive Sensation Count
AMIC 518 | VAR 264 | AVH 250 | ASQA 542
VMIC 518 | AVR 264 | VAH 250 | VSQA-img 560
AVL 250 | AVC 280 | AVQA 469 | VSQA-vid 560
AVM 250 AVLG 501 | AVSQA 388
# 1536 | # 808 | # 1470 | # 2050

Perception

Understand

Reasoning

Primitive
Sensation

Audio Multi-instance Classification
(AMIC)

Question: How many different instances of
each category are making sounds?

‘ t ’ BA S ‘| Answer:
Answer: "horse": u2nY
"keyboard": "1", "man": "3"

"dog’: "2"

Visual-reference Audio Retrieval
(VAR)
Question: which sounds in the provided audio list contain the
objects corresponding to the image?
U

| w—

b - -

Answer: no

Audio-reference Visual Hallucination Visual-reference Audio Hallucination

Visual Multi-instance Classification

Question: How many different instances of | Question: Generate the
each category are making sounds?

(VMIC) (AVL)

Audio-Visual Localization

bounding-box  of
sound-emitting instances in the given image:

Audio-Visual Matching
(AVM)

Question: Are the contexts of audio and visual
content matching?

» ——— b

|

Audio-reference Visual Retrieval
(AVR)
Question: Which images in the provided image list contain
objects corresponding to the sound?

ST Answer:
“® "dog
143.0, 90.0],
"dog_:
177.0, 92.0]

1"{40.0,169.0, \’
Options:'yes', 'no’, 'not sure’
Answer: no

2"{423.0,67.0,

Audio-Visual Captioning
(AVC)
Question: Please describe what you see and hear in a single
sentence based on the given audio and video.

=
= e R

Answer:

Audio-Visual Question Answering

Answer: A black cat is playing with water in the sink while a man
and woman talk quietly in the background.

Audio-Visual Language Grounding
(AVLG)

Question: Localizing the object making the
loudest sound.

(AVH) (VAH) (AVQA)
Question: Is the motorcycle engine visible in Question: Is the race track making sound in | Question: Which is the musical instrument
the video? the audio? that sounds at the same time as the ukulele?
I " Ty ]
| " ke + < s [ TP RORRUT VP WTF-POROROUPP T W ) [ B
Answer: no Answer: no Answer: clarinet

Audio Sensation Question Answering
(ASQA)

Question: Which sound has a larger volume?

L

—

Options: [first', 'last', 'same’, 'not sure']
Answer: last

Visual Sensation Question Answering
(VSQA)
Question: What is the movement state of the smoothest object?

@' Cla

oe IZ"

Options: [rotation', ‘shrinking', ‘translation’, ‘enlarging’, 'no availa-
bel option', 'not sure']

Answer: rotation

| p

_ 4 - 5

[ Answer:
- { "frame_0" [ 452, 198, 433, 520 ], ...
"frame_3": [ 354, 120, 455, 600 ], ...

"frame_6": [ 208, 104, 890, 568 1, ...
"frame_9": [0, 54, 571, 666 ] }

Audio-Visual Sensation Question Answering

(AVSQA)
Question which object is making the sound for the longest
duration?
®
v

Options:['cube’,'pyramid','cone’, 'sphere’,'no availableoption’,
‘not sure']

Answer: pyramid

Figure 1: Data samples spanning the three cognitively inspired stages of AVI-Bench: perception, understanding,
and reasoning. Furthermore, we introduce AVI-Bench-PriSe, an extension aim at evaluating whether Omni-MLLMs

exhibit human-like audio-visual capabilities by adapting to unfamiliar and low-semantic data.

Question Answering (ASQA), Visual Sensation Question Answering (VSQA), and Audio-Visual Sensation Question
Answering (AVSQA). These tasks use controlled and low-semantic data to investigate the difference between authentic
human-like intelligence and mere pattern fitting. This stage offers a new lens for examining the foundational sensory

abilities of Omni-MLLMs, revealing limitations in their capacity to mimic core aspects of human intelligence.

3.3 TASK SAMPLE COUNTS

Table 2] further demonstrates the detailed sample counts across different tasks and stages. In AVI-Bench, 62% of
the data consists of fully manually constructed samples, covering tasks such as MAIC, MVIC, VAR, AVR, ASQA,
VSQA, and AVSQA, totaling 3,614 samples. Additionally, some tasks involve converting dense mask annotations
into bounding boxes with normalized width and height, such as AVL and AVLG, yielding 751 samples. Other tasks
restructure existing data into a unified JSON format while preserving the original content, including AVM, AVC, AVH,
VAH, and AVQA, comprising 1,499 samples.
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Table 3: Evaluation results of AVI-Bench across 28 Omni-MLLMs. All task scores are normalized to percentages for
unified comparison, with higher values indicating better performance.

Omni-MLLMs | Params | Perception | Understand | Reasoning | Primitive Sensation | av
- S X g.
‘ ‘ AMIC VMIC AVL AVM avg. VAR AVR AVC avg. AVH VAH AVQA AVLG avg. ‘ ASQA VSQA AVSQA  avg.
Gemini-2.5-pro - 4396 65.61 50.17 76.80 59.14 56.69 31.94 27.79 3881 8480 6880 69.72 21.79 6128 | 32.67 4721 14.95 31.61 48.81
Gemini-2.5-flash - 27.71 55778 39.18 6120 4597 3883 3457 29.78 3439 79.20 70.80 72.01 3279 63.70 | 23.11 44.04 2474  30.63 43.67
Gemini-2.0-flash - 2491 48.62 37.93 65.60 4427 39.26 30.75 27.75 3259 84.80 7520 68.51 27.61 64.03 | 21.51 40.13 26.80 2948 4259
Qwen2.5-Omni 7B 32.87 40.60 1936 7840 42.81 3549 2632 3598 32.60 8240 77.60 6429 08.74 5826 | 21.12  31.51 21.13 24.59 39.56
Qwen-Omni-turbo 7B 32.87 40.62 1921 7840 4277 3639 2624 36.06 3290 8040 7440 63.71 08.86 56.84 | 21.51 33.40 21.65 25.52 3951
Gemini-1.5-pro - 1296 5335 43.63 5680 41.69 25.17 2578 2722 2606 8520 6280 6723 29.54 61.19 | 17.93 2827 23.71 2330 38.06
GPT-40 - 24.18 4335 20.66 73.60 4045 39.70 52.69 27.66 40.02 87.60 6480 54.03 21.07 56.88 | 0040  40.27 09.75 14.07 37.85
Gemini-1.5-flash - 10.56  46.79 36.33 5440 37.02 16.80 27.72 2489 23.14 8480 6640 69.80 3029  62.82 | 2191 24.06 17.01 2099 3599
Ola 7B 30.54 4490 17.88 5720 37.63 28.02 09.50 30.06 2253 79.20 8320 5821 07.07 5692 | 11.95 2747 11.86 17.09 33.54
Baichuan-Omni 7B 2259 2096 12.89 5920 2891 28.14 39.42 2351 3036 74.00 5440 5559 0275 46.69 | 24.70  23.56 13.40 20.55 31.63
GPT-40-mini - 19.54 3272 1849 52.00 30.69 31.55 3295 2539 2996 74.80 3480 50.39 17.47 4437 | 00.00 25.85 06.19 10.68 28.93
Reka-flash 21B 1536 39.98 17.28 4840 30.26 17.08 2340 2821 2290 66.80 4840 57.55 2055 4833 | 2191 16.88 01.55 13.45 28.73
Phi-4-Multimodal 5.6B 07.35 3920 10.61 5240 2739 03.69 23.74 3249 1997 86.80 6040 5375 0227 50.80 | 01.59 33.26 00.52 11.79  27.49
Human-Omni 7B 26.54 3431 0196 52.00 2870 O01.78 06.56 33.79 14.04 86.00 5720 56.54 00.02 49.94 | 15.54 19.47 15.46 16.82  27.38
Ixc2.5-OL 7B 08.37 47.86 05.68 5240 2858 06.80 11.20 29.52 15.84 80.40 5840 53.23 1327 5132 | 0438 2543 01.03 10.28 26.51
Video-LLaMA2 7B 36.46 3825 0268 5240 3245 0000 0280 3043 11.08 4480 70.00 44.16 0086 39.95 | 24.30 15.06 21.65 2034 25.96
OneLLM 7B 09.55 38,67 0230 52.00 2563 00.00 07.29 28.02 11.77 79.60 60.80 40.59 00.00 45.25 | 24.70 10.85 19.07 1821 25.22
VITA-1.5 7B 05.70 38,55 12,54 4520 2550 0479 19.68 16.19 13.55 7400 58.00 34.11 01.45 41.89 | 00.40 31.74 03.61 11.92 2321
Video-salmonn 13B 1322 3845 02.04 5320 2673 0470 03.74 3335 1393 57.60 58.00 4273 01.38 3993 | 07.57 06.48 06.70 0692 21.88
PandaGPT 13B 1730 26.19 01.34 4240 21.81 2370 21.85 17.63 21.06 3880 5400 2822 00.08 30.27 | 13.15 15.55 07.73 12.14  21.32
PandaGPT 7B 0477 17.68 0146 42.00 1648 2492 25.69 1624 2228 4320 56.00 3512 00.08 33.60 | 10.76  08.59 07.73 09.03  20.35
UniMoE TBx4 00.00 22.09 0142 46.80 17.58 09.65 07.28 13.61 10.18 59.60 50.80 3443 07.36 38.05 | 18.33 14.77 05.67 1292 19.68
Imagebind-LLM 7B 17.30 1894 0142 41.60 19.82 1123 1228 23.11 1554 4040 5040 31.11 00.02 3048 | 03.98 01.29 0052 0193 16.94
Mergrez-Omni 3B 00.00 29.09 0143 2840 14.73 07.59 03.62 21.65 1095 38.80 26.80 40.44 0027 26.58 | 00.00 22.07 00.00 0736 14.90
X-instruct-BLIP 7B 00.00 1473 01.37 5240 17.12 05.18 07.00 25.53 12.57 3840 1520 36.07 00.00 2242 | 00.00 06.14 12.37 06.17 14.57
Human-Omni 0.5B 00.00 03.77 01.28 04.00 0226 00.77 05.52 24.87 1039 36.80 43.60 37.08 00.12 2940 | 00.00 04.56 14.43 0633 12.09
NExXTGPT 7B 00.00 00.00 01.28 28.80 07.52 00.00 13.86 12.90 0892 11.60 29.60 16.75 0147 14.86 | 11.95 12.40 07.73 10.69 10.50
R1-Omni 0.5B 00.00  00.00 05.01 18.80 0595 0432 06.15 02.02 04.16 1880 20.00 0736 00.00 11.54 | 00.00  03.35 00.00  01.12  05.69
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Figure 2: Heatmap showing the rankings of Omni-MLLMSs across different stages. Darker red indicates higher rank-
ings and stronger performance. The Gemini series consistently demonstrates strong performance throughout AVI-
Bench. Among open-source models, the Qwen-2.5-Omni series also exhibits notable audio-visual intelligence.

4 EXPERIMENTS

4.1 MODELS

AVI-Bench conducts a comprehensive evaluation of 28 Omni-MLLMs with audio-visual capabilities. The evaluation
encompasses both closed-source models such as GPT-4o (Brown et al.,2020) and the Gemini series (Team et al.,[2024),
and open-source counterparts, including Qwen-2.5-Omni (Xu et al.}2025), Ola (Liu et al.},[2025)), and Baichuan-Omni-
L.5 [2025Db). While most evaluated models have over 7 billion parameters, we also include a set of smaller
models, such as Human-Omni-0.5B (Zhao et al., [2025b)), R1-Omni-0.5B (Zhao et al.,[20254a), and Phi-4-Multimodal
(Abouelenin et al, 2023)), to investigate performance trends across different model scales.

4.2 RESULTS ANALYSIS AND OBSERVATIONS

Our evaluation of 28 Omni-MLLMs on AVI-Bench provides several critical insights into the current capabilities of
Omni-MLLMs and their potential to achieve human-like audio-visual intelligence:
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Observation 1: Synergy Across Cognitive Stages. As shown in Figure 2] the heatmap shows that darker red regions,
which indicate better performance, are primarily concentrated on the left side. This corresponds to higher scores across
the three cognitive stages: perception, understanding, and reasoning; the distribution suggests a positive correlation
among these stages. Models that excel in reasoning tasks also tend to perform well in perception and understanding,
indicating a synergistic relationship across cognitive levels and underscoring the interconnected nature of cognitive
skills in achieving comprehensive audio-visual intelligence.

Observation 2: Perception and Understanding Limit Reasoning. In addition to the synergy observed across stages,
we observe that perception and understanding are critical determinants of reasoning capabilities, often exhibiting a
bottleneck effect. When either perception or understanding is insufficient, reasoning performance correspondingly
declines. As shown in Figure 2} this issue is particularly evident in several open-source models, such as Baichuan-
Omni-1.5, PandaGPT-7B, and PandaGPT-13B, which demonstrate strong understanding but weak perception, resulting
in limited reasoning performance. Similarly, models such as Video-LLaMA?2, while stronger in perception, show
limited reasoning ability due to weaker understanding. These patterns suggest that advances in both perception and
understanding is essential for enhancing cross-modal reasoning.

Observation 3: Imbalance Between Audio and Visual Intelligence. As demonstrated in Table [3] most Omni-
MLLMs perform better on visual-dominant tasks, such as VSQA, VMIC, AVR and AVH, compared to audio-dominant
tasks, highlighting that audio intelligence remains a significant bottleneck in current Omni-MLLMs. This observa-
tion underscores the considerable potential for further research and improvement in enhancing the audio processing
capabilities of these models.

Observation 4: Model Scale Correlates with Performance. As expected, larger models consistently outperform
their smaller counterparts across nearly all tasks. For example, PandaGPT-13B surpasses PandaGPT-7B, and Human-
Omni-7B significantly outperforms Human-Omni-0.5B. Interestingly, Phi-4-Multimodal, which employs a mixture-
of-LoRA approach, outperforms several 7B models, suggesting that there is substantial room to optimize audio-visual
intelligence even within models with more modest parameters. This highlights the importance of model architecture
and training strategies in advancing multimodal capabilities.

Observation 5: Captioning Task Performance for Closed-Source Models. Table [3| reveals anotable finding in
the AVC task: no closed-source model achieves a score higher than 30.0%, which is significantly lower than the per-
formance of several open-source Omni-MLLMs, such as the Qwen series, Ola, and Phi-4-Multimodal. One possible
explanation is that closed-source models are often optimized for application-specific scenarios within proprietary plat-
forms, placing less emphasis on tasks such as captioning, which are more actively explored in academic research. In
contrast, open-source models often benefit from training on large-scale audio-visual alignment datasets (e.g., VALOR),
which leads to stronger performance on tasks such as AVC. This discrepancy highlights the advantage of open-access
resources for enhancing model performance on cross-modal tasks.

Observation 6: Grounding Remains a Persistent Challenge. As depicted in Table [3| tasks requiring grounding
capabilities, such as AVL and AVLG, remain highly challenging. Even the top-performing model, Gemini-2.5-Pro,
achieves only 52.9% on AVL and 25.2% on AVLG. Notably, no open-source model surpasses 20.0% in either AVL or
AVLG task. These results emphasize that fine-grained audio-visual grounding remains a major challenge for current
Omni-MLLMs, particularly for open-source ones.

Observation 7: Unfamiliar Domain Adaptation Remains a Challenge. Our comparison of performance on rea-
soning and primitive sensation tasks highlights the major challenges faced by current Omni-MLLMs. These tasks
assess model robustness using low-semantic inputs, which differ from the conventional training data. As shown in
Table [3| although the reasoning stage includes highly challenging tasks like AVLG, which lower the overall stage
score, no model showed superior performance in primitive sensation compared to reasoning tasks. The performance
gap between reasoning and primitive sensation ranges from 21.0% (Gemini-2.5-Pro) to 82.0% (Video-Salmonn), high-
lighting the difficulty these models encounter when handling low-semantic data, which differs significantly from the
commonly used training data. This underscores the need for further research to enhance the adaptability of Omni-
MLLMs and enable them to achieve true human-like audio-visual intelligence.

5 CLASSIFYING HUMAN-LIKE AUDIO-VISUAL INTELLIGENCE

As Omni-MLLMs advance in handling complex audio-visual tasks, there remains a lack of structured criteria to
quantify how closely their capabilities approximate human-like intelligence. While absolute task performance provides
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a partial view, it often overlooks crucial aspects like cross-modal balance, cognitive-stage synergy, and adaptation to
unfamiliar domains. To address this, we propose a hierarchical four-level classification scheme to characterize audio-
visual intelligence in Omni-MLLMSs. Each level represents a progressively stricter and more human-aligned criterion,
enabling systematic and interpretable assessments of model capabilities beyond surface-level task accuracy.

5.1 LEVEL-1: TASK-ADAPTIVE INTELLIGENCE

The first and most fundamental level, task-adaptive intelligence, denotes a model’s ability to achieve consistent per-
formance across a wide range of audio-visual tasks. This level establishes the baseline competency expected of any
Omni-MLLM.

Specifically, given a set of tasks 7 = {t1, %2, ...,t,}, where each task ¢; has an associated performance metric F(-),
the task-adaptive score St is defined as the average performance across all tasks:
Et-eT F (t%)
Sp=—7—"——", (1
T

where F(t;) denotes the performance metric for task ¢;, and | 7| is the total number of tasks. Sy aggregates per-
formance from various tasks to establish a baseline score, serving as the foundation for deeper and more structured
evaluation in subsequent levels.

5.2 LEVEL-2: MODALITY-ADAPTIVE INTELLIGENCE

As mentioned in Section .2} our Observation 3 reveals a pronounced disparity between the visual and audio intelli-
gence of current Omni-MLLMs, with most models exhibiting dominant proficiency in visual processing, i.e., effec-
tively acting as “visual specialists”. To mitigate this imbalance, the second level, modality-adaptive intelligence, seeks
to promote a more balanced and synergistic advancement across both visual and audio modalities. Let A and V denote
the performance on audio-dominant tasks and visual-dominant tasks, respectively. The modality-specific intelligence
difference A,,, quantifies the relative discrepancy between audio and visual modalities:

2, ifA+V =0,

Am = — (2)
2 %, otherwise

then the modality-adaptive score Sy is calculated based on the relative discrepancy A, and the fundamental task-
adaptive score St:

SM = (1 — Q- Am) : STa (3)
where the scaling constant « is set to 0.5, ensuring Sy € [0, 1]. The modality-adaptive score Sy is designed to
encourage both high task performance and balanced modality-specific abilities, promoting more robust audio-visual
intelligence.

5.3 LEVEL-3: STAGE-ADAPTIVE INTELLIGENCE

Based on Observation 2 outlined in Section[d.2] which highlights the bottleneck effect of perception and understanding
on reasoning capability, the third level, stage-adaptive intelligence, measures consistency and synergy across three
cognitive stages: perception, understanding, and reasoning, with Sp, Sy, and Si denoting respective average task
scores, respectively. The absolute differences between the reasoning score (Si) and the other two (Sp and Sy) are
first computed to measure their relative discrepancies:

Rp =|Sp —Srl, Ru=I[Sv — Skl 4)
Subsequently, the relative discrepancy A between these differences is defined as:
2, if Rp+ Ry =0,
As=1_ |Rp-Ryl . 5)
2. ———  otherwise.
Rp+Ru

Following Level 2 described in Section[5.2] the modality-adaptive score Sy is scaled by incorporating A to yield the
stage-adaptive score Sg:

Ss=(1—-a-Ag) -Su. 6)
Therefore, this measure emphasizes cross-stage synergy, encouraging models to overcome perception and understand-
ing bottlenecks and achieve stronger reasoning ability.
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Table 4: Comparison of Omni-MLLMs across the four-level audio-visual intelligence taxonomy. Level 1, 2, 3 and 4
represent the task-adaptive, modality-adaptive, stage-adaptive and domain-adaptive intelligence, respectively.

Models Params. Level 1 Level2 Level3 Level4 \ Models Params. Level 1 Level2 Level3 Level4
Gemini-2.5-pro - 54.54 51.58 20.19 38.07 | UniMoE 7Bx4 21.94 20.34 17.22 15.54
Gemini-2.5-flash - 48.02 45.61 34.38 34.88 | PandaGPT 13B 24.38 21.40 20.49 15.28
Gemini-2.0-flash - 46.96 46.09 35.58 34.25 | Phi-4-Multimodal 5.6B 32.72 28.95 24.99 13.86
Qwen-Omni-turbo 7B 44.17 42.89 31.76 30.89 | Ixc2.5-OL 7B 31.91 28.63 22.37 13.07
Qwen2.5-Omni 7B 44.56 43.62 32.79 30.44 | GPT-40-mini - 35.01 31.08 30.27 12.74
Gemini-1.5-pro - 42.98 39.97 28.53 28.38 | VITA-1.5 7B 26.98 22.71 16.65 12.91
Gemini-1.5-flash - 40.99 36.33 28.63 26.41 | PandaGPT 7B 24.12 20.41 16.25 12.28
Baichuan-Omni 7B 35.32 33.85 32.41 25.48 | Video-salmonn 13B 26.86 23.09 15.55 10.49
Ola 7B 39.03 39.01 28.03 22.09 | Mergrez-Omni 3B 17.42 15.26 13.16 08.11
Video-LLaMA2 7B 27.83 23.52 09.70 21.11 | X-Instruct-BLIP 7B 17.37 15.94 11.15 07.17
Human-Omni 7B 30.89 28.53 21.21 20.78 | Human-Omni 0.5B 14.02 11.65 09.59 06.75
OneLLM 7B 27.55 25.07 18.53 19.86 | NEXTGPT 7B 10.43 04.39 03.93 06.22
GPT-40 - 45.78 44.41 43.83 19.74 | Imagebind-LLM 7B 21.95 20.10 16.74 03.11
Reka-flash 21B 33.83 31.82 26.44 18.47 | R1-Omni 0.5B 07.22 06.78 05.84 01.49

5.4 LEVEL-4: DOMAIN-ADAPTIVE INTELLIGENCE

The final level, domain-adaptive intelligence, evaluates domain adaptation by distinguishing between familiar-domain
(FD) and unfamiliar-domain (UD) performance. First, the unfamiliar-domain score, denoted as Sy p, is computed
using the same method described in Equations [2] and [3| to compute the modality-adaptive score. Then, by defining
the familiar-domain score Spp = Sg, the domain-adaptive score Sp is computed as the harmonic mean of Sgp and
SU D-

0, if Spp + Syp =0,

2 %, otherwise.

Sp = (7

The domain-adaptive score Sp captures both familiar-domain performance and unfamiliar-domain adaptation, inte-
grating priors to provide a principled indicator of human-like audio-visual intelligence.

5.5 COMPARISON OF INTELLIGENCE

By comparing the model rankings in Table 3] and Table[d] we observe that the performance gaps among certain mod-
els, which appear close when evaluated using naive average scores on AVI-Bench, become significantly amplified
under our proposed four-level audio-visual intelligence taxonomy. For example, although Gemini-1.5-pro and GPT-
40 achieve similar overall performance with only a 0.21% score difference and a rank gap of 1 in Table [3| their
score difference expands to 8.64%, and their rank gap increases to 7 in Table[d] A similar pattern can be observed be-
tween UniMoE and PandaGPT-7B. This four-level taxonomy comprehensively assesses models across task adaptation,
modality adaptation, cognitive stage adaptation, and domain adaptation. Consequently, it provides a more nuanced
and in-depth evaluation of Omni-MLLMs’ human-like audio-visual intelligence than simple aggregated metrics.

6 CONCLUSION AND FUTURE WORK

In this work, we introduced AVI-Bench, a cognitively inspired benchmark designed to comprehensively evaluate the
audio-visual intelligence of Omni-MLLMs across the stages of perception, understanding, and reasoning. To fur-
ther assess models’ adaptation beyond curated training distributions, we proposed AVI-Bench-PriSe, a supplementary
testbed focused on evaluating performance under unfamiliar and low-semantic audio-visual stimuli. Through exten-
sive evaluation of 28 open- and closed-source Omni-MLLMs, we identified critical limitations in current models. In
particular, we observed synergistic dependencies across cognitive stages, with perception and understanding playing
a critical role in supporting reasoning. In addition, we identified persistent challenges in fine-grained perception and
reasoning as well as in robustness to unfamiliar domains. Building upon these insights, we proposed a four-level tax-
onomy for classifying and interpreting the development of audio-visual intelligence in Omni-MLLMs. We believe that
our benchmark and taxonomy provide a rigorous and unified framework for future research, laying a solid foundation
for pursuing human-like audio-visual intelligence and contributing to the broader advancement of artificial general in-
telligence. In future work, we aim to incorporate modalities with highly abstract semantic information, such as natural
language and speech, to further analyze the emergence of human-like general intelligence in Omni-MLLMs.
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A.1 ADDITIONAL BACKGROUNDS

A.1.1 AUDIO-VISUAL INTELLIGENCE AND HUMAN COGNITION

Audio-visual intelligence refers to the integrated ability to perceive, interpret, and reason about audio and visual inputs,
which are two primary sensory channels accounting for more than 90% of human perception in the real world (Stein &
Stanford, 2008). This ability supports essential cognitive functions such as scene understanding, event recognition, and
cross-modal reasoning. From the perspective of human cognition, the human brain processes multimodal information
through a hierarchical architecture. Early sensory processing, known as sensation, takes place in modality-specific
regions. The auditory cortex, located in the temporal lobe (NCBI, |a), encodes basic acoustic features such as pitch and
volume. Meanwhile, the visual cortex in the occipital lobe (NCBI, b) extracts fundamental visual features including
shape, edges, and color. These low-level signals are then transmitted to higher-order cortical areas where abstraction
and integration occur. For example, the inferior temporal cortex supports category-level semantic recognition (Con-
way, 2018)), and the parietal lobe contributes to spatial localization and alignment across modalities (Macaluso et al.|
2003). At the highest level, the prefrontal cortex coordinates semantic understanding, decision-making, and reasoning
across sensory modalities, enabling abstract and goal-directed multimodal cognition (Friedman & Robbins} 2022).

A.1.2 AUDIO-VISUAL INTELLIGENCE OF OMNI-MLLMSs

As illustrated in Table [5] we provide a concise summary of the tasks included in AVI-Bench, grounded in human
cognitive capabilities and their associated brain regions. However, in practical terms, current training methods for
Omni-MLLMs mainly involve data with high-level semantic tasks such as multimodal captioning and question an-
swering. As a result, these models tend to perform better on stages corresponding to perception, understanding, and
reasoning. To better reflect this fact, AVI-Bench repositions the initial stage of multimodal processing, traditionally
called sensation, to occur after reasoning. This adjustment enables a focused evaluation of the unfamiliar domain
robustness of Omni-MLLMs, following extensive training on semantically rich tasks in common domains. In particu-
lar, it evaluates the models on challenges involving geometry, texture, volume, and clarity, which humans can handle
effortlessly. This staged evaluation framework, inspired by human cognitive processes, offers a principled approach to
assessing how modern multimodal Al exhibit human-like audio-visual intelligence.

Table 5: A bottom-up task taxonomy for AVI-Bench, rooted in human cognitive principles and structured according to
the cortical processing hierarchy. It encompasses capabilities spanning from sensation to reasoning, covering multiple
distinct dimensions such as audio versus visual sensation, local versus global perception, acquisitive versus narrative
understanding, and fine-grained versus coarse-grained reasoning across both audio and visual modalities.

Task ID Task Name Modality Capability Brain Lobe
(Primitive) Sensation

ASQA Audio Sensation Question Answering A Audio Sensation Temporal

VSQA Visual Sensation Question Answering LV Visual Sensation Occipital

AVSQA Audio-Visual Sensation Question Answering ALV Cross-modal Sensation Temporal, Occipital
Perception

AMIC Audio Multi-instance Classification A Audio Perception Temporal

VMIC Video Multi-instance Classification I Visual Perception Temporal

AVL Audio-Visual Localization Al Cross-modal Local Perception Parietal

AVM Audio-Visual Matching AV Cross-modal Global Perception Parietal

Understanding

VAR Visual-ref Audio Retrieval Al Cross-modal Acquisitive Understanding Frontal

AVR Audio-ref Visual Retrieval Al Cross-modal Acquisitive Understanding Frontal

AVC Audio-Visual Captioning AV Cross-modal Narrative Understanding Frontal
Reasoning

VAH Visual-ref Audio Hallucination AV Cross-modal Resistance Reasoning Frontal Lobe

AVH Audio-ref Visual Hallucination AV Cross-modal Resistance Reasoning Frontal Lobe

AVQA Audio-Visual Question Answering AV Cross-modal Coarse-grained Reasoning Frontal Lobe

AVLG Audio-Visual Language Grounding AV Cross-modal Fine-grained Reasoning Frontal Lobe
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Table 6: Comparison of unimodal and multimodal performance on AVI-Bench. Only tasks that can be completed by
unimodal models are included. The models are listed in alphabetical order.

Model Parame, AVL | AVC | AVH | VAH | AVQA | AVLG | AVSQA
uni.  mm. | uwni. mm. | uni. mm. | uni. mm. | uni. mm. | uni. mm. | uni.  mm
Baichuan-Omni 7B 11.63 12.89 | 25.65 23.51 | 79.20 74.00 | 72.40 54.40 | 57.08 55.59 | 02.34 02.75 | 07.22 13.40
Gemini-1.5-Flash - 14.14 3633 | 25.11 24.89 | 86.00 84.80 | 68.80 66.40 | 68.55 69.80 | 31.35 30.29 | 02.06 17.01
Gemini-1.5-Pro - 26.53 43.63 | 27.61 27.22 | 8440 8520 | 62.40 62.80 | 67.51 67.23 | 29.17 29.54 | 05.16 23.71
Gemini-2.0-Flash - 13.25 3793 | 28.36 27.75 | 83.60 84.80 | 75.60 75.20 | 68.13 68.51 | 29.99 27.61 | 06.70 26.80
Gemini-2.5-Flash - 21.01 39.18 | 28.93 29.78 | 80.00 79.20 | 77.20 70.80 | 68.47 72.01 | 31.79 32.79 | 04.23 24.74
Gemini-2.5-Pro - 27.50 50.17 | 29.03 27.79 | 84.00 84.80 | 79.20 68.80 | 71.38 69.72 | 40.57 39.40 | 06.70 14.95
GPT-40 - 16.39 20.66 | 28.17 27.66 | 77.20 87.60 | 27.20 64.80 | 54.19 54.03 | 21.89 21.07 | 01.03 09.75
GPT-40-Mini - 13.86 18.49 | 2436 2539 | 79.20 74.80 | 08.00 34.80 | 49.69 50.39 | 17.13 17.47 | 05.16 06.19
Human-Omni 0.5B 05.62 01.28 | 19.21 24.87 | 30.00 36.80 | 00.40 43.60 | 38.89 37.08 | 00.07 00.12 | 06.62 14.43
Human-Omni 7B 05.86 01.96 | 25.80 33.79 | 86.40 86.00 | 71.60 57.20 | 52.63 56.54 | 00.03 00.02 | 06.19 15.46
ImageBind-LLM 7B 0521 0142 | 22.19 23.11 | 5040 4040 | 47.60 50.40 | 28.09 31.11 | 00.08 00.02 | 00.00 00.52
IXC2.5-OL 7B 07.07 05.68 | 29.22 29.52 | 78.00 80.40 | 07.20 58.40 | 55.09 53.23 | 13.24 13.27 | 00.00 01.03
NEXT-GPT 7B 05.58 01.28 | 20.65 1290 | 31.60 11.60 | 51.60 29.60 | 29.36 16.75 | 01.39 01.47 | 05.16 07.73
Ola 7B 16.76  17.88 | 25.34 30.06 | 67.60 79.20 | 81.20 83.20 | 60.97 58.21 | 06.77 07.07 | 00.52 11.86
OneLLM 7B 06.54 0230 | 28.23 28.02 | 85.20 79.60 | 62.40 60.80 | 39.23 40.59 | 00.00 00.00 | 08.25 19.07
PandaGPT 13B 05.73 0146 | 23.57 16.24 | 51.60 43.20 | 56.80 56.00 | 35.79 35.12 | 00.16 00.08 | 08.25 07.73
PandaGPT B 06.04 01.34 | 22.87 17.63 | 48.00 38.80 | 48.00 54.00 | 32.97 28.22 | 01.26 00.08 | 05.16 07.73
Phi-4-Multimodal 5.6B 07.98 10.61 | 32.14 3249 | 88.00 86.80 | 58.00 60.40 | 56.04 53.75 | 02.48 02.27 | 00.00 00.52
Qwen-Omni-Turbo - 11.76  19.21 | 32.14 36.06 | 76.58 80.40 | 72.16 74.40 | 63.52 63.71 | 08.80 08.86 | 13.92 21.65
Qwen2.5-Omni 7B 12.80 19.36 | 32.16 3598 | 79.43 8240 | 7577 77.60 | 63.71 64.29 | 08.69 08.74 | 13.92 21.13
R1-Omni 0.5B 06.27 05.01 | 17.81 02.02 | 09.20 18.80 | 08.00 20.00 | 25.04 07.36 | 00.00 00.00 | 04.12 00.00
Reka-Flash 21B 16.70 17.28 | 28.73 28.21 | 6440 66.80 | 58.40 48.40 | 54.03 57.55 | 22.73 20.55 | 00.00 01.55
UniMoE TBx4 08.22 01.42 | 1247 13.61 | 63.20 59.60 | 44.80 50.80 | 36.05 34.43 | 10.23 07.36 | 03.09 05.67
Video-LLaMA2 7B 06.61 02.68 | 28.44 3043 | 32.40 44.80 | 86.80 70.00 | 64.43 44.16 | 02.35 00.86 | 1546 21.65
Video-salmonn 13B 0594 02.04 | 30.99 3335 | 7520 57.60 | 61.60 58.00 | 42.03 42.73 | 00.71 01.38 | 07.73 06.70
VITA-1.5 7B 10.16 12.54 | 20.64 16.19 | 86.80 74.00 | 59.20 58.00 | 30.28 34.11 | 01.65 01.45 | 02.58 03.61
X-Instruct-BLIP 7B 05.64 01.37 | 27.32 25.53 | 32.80 38.40 | 49.60 15.20 | 36.32 36.07 | 00.00 00.00 | 13.92 12.37

A.2 ADDITIONAL EXPERIMENTS

A.2.1 UNIMODAL ABLATION

As shown in Table @ we conduct a unimodal ablation study across the AVL, AVC, AVH, VAH, AVQA, AVLG,
and AVSQA tasks to assess the actual contribution of audio-visual modalities to task performance. Specifically, for
the VAH task, we remove visual inputs and retain only audio. For all other tasks, we remove audio inputs and
preserve only visual information. As expected, incorporating multimodal information leads to substantial performance
improvements on the AVSQA task compared with unimodal inputs. However, for the AVH and VAH tasks, the
additional modality aims to introduce multimodal inconsistencies. By removing the modality responsible for these
inconsistencies, these tasks effectively simplify into single-modality VQA or AQA problems. This simplification
results in performance gains for most models under unimodal conditions. These findings suggest that although Omni-
MLLMs show promising results on AVH and VAH, their performance remains vulnerable to hallucinations caused by
inconsistent or even conflicting multimodal signals.

Results on the AVL task reveal a more nuanced pattern. Robust models, including those in the Gemini series, Qwen
series, Ola, and Reka-Flash, benefit from multimodal inputs and outperform their unimodal counterparts. In con-
trast, models with weaker baseline performance on AVL, such as UniMoE, Video-LLaMA?2, Human-Omni, and R1-
Omni, achieve better results when relying solely on unimodal inputs. This contrast indicates that high-performing
Omni-MLLMs can effectively leverage auditory cues to enhance visual grounding in this challenging setting, whereas
less capable models suffer performance degradation when additional modalities are introduced. A concerning trend
emerges from the AVLG results, where many models perform similarly or even better with unimodal inputs than
with multimodal ones. Further analysis of the AVQA task reveals a comparable pattern, with unimodal inputs fre-
quently yielding superior outcomes. These observations, especially in the reasoning-stage tasks, highlight significant
limitations in current Omni-MLLMs to execute complex spatio-temporal reasoning with cross-modal synergy. To
address these, future research should focus on improving the balanced audio-visual intelligence through enhanced
spatio-temporal modeling.

A.2.2 RESPONSE MASKING WITH DOUBLE-CONFIRMATION
For the primitive sensation evaluation stage, we adopt a multiple-choice question (MCQ) format to enable efficient
assessment. Due to the distinct characteristics of the unfamiliar domain data with low semantics, we introduce a
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double-confirmation mechanism with masked responses to enhance evaluation accuracy. Specifically, each question is
accompanied by an additional confirmation query, such as “Can you see any object?” or “Can you hear any sound?”
Both the original question and its confirmation include distractor options designed to verify whether the model truly
understand the visual or audio input, rather than relying on hallucination or guessing. Finally, a response is considered
correct only if the model answers both the original and the confirmation questions accurately.

As shown in Table [/} we present the results for the “Primitive Sensation” task under two conditions: using double-
confirmation or not (i.e., using a one-time response). The one-time response approach generally yields higher per-
formance scores. However, an intriguing and counterintuitive observation arises when comparing models such as
Human-Omni-0.5B and Human-Omni-7B, as well as PandaGPT-7B and PandaGPT-13B. In the absence of double-
confirmation, these smaller-parameter models outperform their larger counterparts. Notably, Human-Omni-0.5B, with
only 0.5 billion parameters, achieves a score of 31.47% on the ASQA task, surpassing the strong closed-source model
Gemini-1.5-Pro and is comparable to Gemini-2.0-Flash. By employing the double-confirmation mechanism, we aim
to minimize hallucinations on unfamiliar domain data and to explore the true adaptation capabilities of Omni-MLLMs.
Although this approach helps reduce erroneous assessments, completely eliminating such issues within the MCQ for-
mat remains fundamentally challenging. Future work should consider adopting more comprehensive and flexible
question-answering formats.

Table 7: Comparison of the use of a double-confirmation mechanism. “w/” indicates the use of double confirmation,
while “w/0” indicates no double-confirmation applied. Models are ranked according to their average performance with
double-confirmation.

Models Params. ASQA | VSQA |  AVSQA | avg.

w/ wlo | w/ wlo | w/ wlo | w/ w/o
Gemini-2.5-Pro - 32.67 4343 | 4721 68.33 | 1495 16.50 | 31.61 42.75
Gemini-2.5-Flash - 23.11 3426 | 44.04 64.84 | 24.74 24.74 | 30.63 41.28
Gemini-2.0-Flash - 21.51 31.47 | 40.13 59.80 | 26.80 26.80 | 29.48 39.36
Qwen-Omni-Turbo - 21.51 36.25 | 3340 5534 | 21.65 21.65 | 25.52 37.75
Qwen2.5-Omni 7B 21.12 3546 | 31.51 5534 | 21.13 21.13 | 2459 37.31
Gemini-1.5-Pro - 17.93 28.29 | 2827 5545 | 2371 27.32 | 23.30 37.02
Gemini-1.5-Flash - 2191 34.66 | 24.06 5540 | 17.01 19.59 | 21.00 36.55
Baichuan-Omni 7B 2470 39.04 | 23.56 43.89 | 13.40 20.10 | 20.56 34.34
Video-LLaMA?2 7B 24.30 30.28 | 15.06 36.00 | 21.65 30.93 | 20.34 32.40
OneLLM 7B 2470 30.68 | 10.85 2893 | 19.07 20.62 | 18.21 26.74
Ola 7B 11.95 27.89 | 2747 4682 | 11.86 14.43 | 17.09 29.71
Human-Omni 7B 1554 28.29 | 19.47 40.08 | 1546 40.72 | 16.82 36.36
GPT-40 - 00.40 02.79 | 40.27 60.27 | 09.75 04.12 | 16.81 22.39
Reka-Flash 21B 2191 3147 | 16.88 4532 | 01.55 17.01 | 1345 31.27
UniMoE 7Bx4 18.33 34.66 | 14.77 28.81 | 05.67 17.01 | 12.92 26.83
PandaGPT 13B 13.15 21.12 | 15.55 27.14 | 07.73 13.92 | 12.14 20.72
Vita-1.5 7B 0040 01.20 | 31.74 50.61 | 03.61 2990 | 11.91 27.23
Phi-4-Multimodal 5.6B 01.59 0598 | 33.26 53.25 | 00.52 2268 | 11.79 27.30
NExT-GPT 7B 11.95 13.15 | 1240 23.52 | 07.73 17.53 | 10.70 18.07
GPT-40-Mini - 00.00 01.20 | 25.85 44.07 | 06.19 11.86 | 10.68 19.04
IXC2.5-OL 7B 04.38 15.14 | 2543 4527 | 01.03 18.04 | 10.28 26.15
PandaGPT 7B 10.76  30.28 | 08.59 28.23 | 07.73 16.50 | 09.03 25.00
Video-salmonn 13B 07.57 25.10 | 0648 22.60 | 06.70 10.82 | 06.92 19.51
Human-Omni 0.5B 00.00 31.47 | 0456 20.57 | 1443 21.13 | 06.33 24.39
X-Instruct-BLIP 7B 00.00 15.14 | 06.14 26.77 | 12.37 13.40 | 06.17 18.44
ImageBind-LLM 7B 03.98 2271 | 01.29 23.14 | 00.52 17.01 | 01.93 20.95
R1-Omni 0.5B 00.00 2590 | 03.35 1247 | 00.00 07.73 | 01.12 15.37
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Table 8: Performance of multi-stage baselines across four levels.
Model L1 (Task-Adaptive) L2 (Modality-Adaptive) L3 (Stage-Adaptive) L4 (Domain-Adaptive)

ql-al_vl 22.52 21.27 16.16 8.58
ql-al_v2 22.35 20.87 14.35 8.73
ql_a2_vl 30.81 26.08 23.12 13.74
ql_a2_v2 29.87 25.28 21.05 13.15
q2-al_vl 23.75 23.31 19.01 13.66
q2-al_v2 23.88 23.16 19.63 15.41
q2.a2_vl 30.52 30.50 23.57 14.26
q2-a2_v2 30.92 29.87 24.56 16.42

A.2.3 MULTI-STAGE BASELINES

We designed eight multi-stage baselines by modularly combining three types of components. For the vision backbone,
we employed either Qwen2-VL (denoted as v1) or its successor Qwen2.5-VL (v2). For the audio encoder, we consid-
ered Qwen-Audio (al) and Qwen2-Audio (a2). Finally, for the language model, we adopted Qwen2.5 (q1) and Qwen3
(g2). These shorthand notations (v1/v2, al/a2, q1/q2) are used throughout this section to concisely describe different
model configurations.

As shown in Table[§] our results highlight two important insights. First, upgrading the language backbone (e.g., from
ql to g2) consistently enhances both stage-adaptive and domain-adaptive performance, even when the accompanying
audio or vision modules are relatively weak. This suggests that stronger language models provide a robust foundation
for multimodal reasoning, mitigating limitations from less capable modalities. Second, the combination of more
powerful audio and vision encoders with an advanced language decoder yields the most synergistic improvements,
leading to state-of-the-art performance across multiple evaluation stages. Together, these findings underscore the
critical roles of language modeling capacity and cross-modal synergy in building effective multi-stage baselines.

A.2.4 MULTIMODAL ENCODER VERSUS THE LLM BACKBONE

To better understand the impact of modality enhancements on audio-visual intelligence, we systematically compare
audio (al vs. a2) and visual (vl vs. v2) encoders across different backbone configurations. Results in Table
show that audio remains the primary performance bottleneck. Replacing the weaker Qwen-Audio (al) with Qwen2-
Audio (a2) consistently improves performance across all four levels of intelligence. For example, under q1, L1 score
increases from 22.52 to 29.87, and L4 score improves from 8.58 to 13.15. Similar gains are observed with q2 (L1:
23.75 — 30.92; L4: 13.66 — 16.42), highlighting the importance of stronger audio modeling, particularly when the
language backbone is weaker. In contrast, upgrades to the visual encoder yield only modest improvements. When
audio and language are fixed (e.g., q2_a2_v1 vs. q2_a2_v2), visual upgrades show limited gains, suggesting that visual
enhancements contribute to unfamiliar-domain adaptation but exert a smaller overall impact.

Comparisons of language backbones also reveal three key findings: First, Qwen-3 consistently outperforms Qwen-2.5,
particularly in stage- and domain-adaptive settings. Second, language strength is critical for reasoning and adaptation,
even when paired with weaker modalities. Finally, with strong encoders (a2_v2), Qwen-3 demonstrates enhanced
synergy and cognitive consistency.

A.2.5 HUMAN PERFORMANCE

While all dataset samples were manually verified, assuming ideal human performance, it remains important to evaluate
multiple human subjects to mitigate individual variability and obtain a reliable estimate of average human performance.
To this end, we conducted a pilot study with six participants on a subset of tasks and compared their performance with
the top-performing model, Gemini-2.5-Pro. Participants were allowed to freely replay audio and video stimuli before
submitting their responses. As reported in Table 0] human participants perform consistently well across all cognitive
levels. The largest performance gap occurs at the sensation level, particularly on AVSQA, where Gemini-2.5-Pro
achieves only 14.95 compared to the human score of 90.55. These results highlight both the difficulty of the benchmark
and the substantial gap that Omni-MLLMs must overcome to achieve human-level audio-visual intelligence.

However, we emphasize that “human-like” does not imply a direct performance comparison between humans and
models, as such comparisons can be misleading. This is especially evident as recent multimodal and language models
have outperformed humans across a variety of challenging tasks and benchmarks. Instead, our goal is to promote
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Table 9: Comparison between human performance and Gemini-2.5-Pro across cognitive levels and tasks.

Cognitive Task Gemini-2.5-Pro  Human
Perception ~ AMIC 43.96 86.34
VMIC 65.61 94.82
AVM 76.80 95.29
Understand VAR 56.69 90.47
AVR 31.94 89.63
Reasoning  AVH 84.80 97.00
VAH 68.80 99.50
AVLG 21.79 96.48
Sensation ASQA 32.67 86.11
VSQA 47.21 92.30
AVSQA 14.95 90.55

Table 10: Shapiro-Wilk normality test results for each stage.

Stage Statistic (W)  p-value
Perception 0.9828 0.9119
Understanding 0.9412 0.1187
Reasoning 0.9461 0.1581
Primitive Sensation 0.9627 0.4026
Overall Average 0.9856 0.9568

a methodological evaluation of Omni-MLLMs from a human cognitive perspective using our four-level framework
(task-, modality-, stage-, and domain-adaptive) to guide development.

A.3 ADDITIONAL ANALYSIS

A.3.1 SCORES AND RANKS

In this section, we provide supplementary results on task scores and ranks for each model across different evaluation
stages. As shown in Figures [3| and 4} models generally perform better on vision-preferred tasks, particularly in the
perception task VMIC, the reasoning task AVH, and the primitive sensation task VSQA. This observation supports
our finding that the current development of visual and audio intelligence in Omni-MLLMs is imbalanced, with most
models predominantly acting as visual specialists.

Furthermore, from Figure[3] it is evident that Omni-MLLM:s struggle on tasks centered around grounding capabilities,
such as AVL and AVLG. Notably, in the AVSQA task, the top-performing model Gemini-2.5-Pro achieves a score of
only 14.9%, which is significantly lower than its performance on other sensation tasks and even lower than models with
comparatively weaker overall capabilities (e.g., Gemini-2.5-Flash and Gemini-2.0-Flash). This indicates that Gemini-
2.5-Pro lacks robustness in unfamiliar audiovisual tasks. Moreover, the highest score achieved by any evaluated
model on AVSQA is only 26.8%, highlighting the difficulty Omni-MLLMs face in demonstrating strong audiovisual
intelligence under unfamiliar-domain conditions.

A.3.2 STATISTICAL SIGNIFICANCE

As shown in Table[I0} we conduct the Shapiro-Wilk normality test on the performance scores of each evaluation stage
as well as the overall performance to assess whether these data conform to the normality assumption. Specifically,
we compute the Shapiro-Wilk test statistic and corresponding p-values for the performance scores of the perception,
understanding, reasoning, primitive sensation stages, and the average performance. The results indicate that the p-
values for all stages and the overall scores are substantially greater than the conventional significance thresholds of 0.05
and 0.005, indicating no evidence to reject the null hypothesis of normality. Consequently, these performance scores
can be considered approximately normally distributed. Based on this finding, it is appropriate to apply parametric
statistical methods that assume normality for further correlation analyses and statistical inference, thereby ensuring
the scientific rigor and accuracy of the results. Moreover, the approximate normality of the data suggests that the
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Figure 3: Task scores per model across different evaluation stages. Zoom-in for better visualization.
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Table 11: Pearson correlation coefficients between each evaluation stage, overall average, and primitive sensation. r
and p represent correlation coefficient and p-value, respectively.

Stage Correlation with Overall Average (r, p) Correlation with Primitive Sensation (r, p)
Perception (0.974, 0.000) (0.854, 0.000)
Understanding (0.882, 0.000) (0.704, 0.000)
Reasoning (0.949, 0.000) (0.808, 0.000)

Primitive Sensation

(0.895, 0.000)

performance metrics are evenly distributed across samples without severe skewness or outliers, providing a robust
statistical foundation for comprehensive evaluation of model performance.

In addition, as shown in Table [T} we perform Pearson correlation analysis to quantitatively assess the linear relation-
ships between individual stage performances and the overall average performance. The motivation behind this analysis
is to understand how each stage contributes to or aligns with the overall model capability. Using Pearson correlation
coefficients, we compute the correlation strength (r) and statistical significance (p-value) between the scores of per-
ception, understanding, reasoning, and primitive sensation stages and the overall average. The results show strong
positive correlations (r values ranging from 0.704 to 0.974) with highly significant p-values (all near zero), indicat-
ing that performance across individual stages is closely aligned with the overall model performance. These findings

demonstrate the consistency and relevance of the model’s capabilities across different stages.

A.3.3 STABILITY AND REPRODUCIBILITY

All model evaluations in AVI-Bench were conducted using the same random seed (seed=42) and standardized
prompts to ensure fair and consistent testing conditions. This approach, also adopted by MMMU (CVPR’24 Oral)
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Figure 4: Task ranks per model across different evaluation stages
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Table 12: Impact of seed variation on baseline model performance across four evaluation levels.

Model L1 (Task-Adaptive)

L2 (Modality-Adaptive)

L3 (Stage-Adaptive)

L4 (Domain-Adaptive)

22.52
30.92
22.09
30.81

MT (s=42)
M2 (s=42)

MI (s=1024)
M2 (s=1024)

21.27
29.87
21.30
28.09

16.16
24.56
16.21
25.22

8.58
16.42
8.64
16.53

and General-Bench (ICML’25 Oral), avoids the complexity and subjectivity of tuning prompts per model. To test the

impact of random seed on performance differences, we compared two baseline configurations:

¢ Baseline M1: Qwen3 (text), Qwen2.5-VL (vision), Qwen2-Audio (audio)

¢ Baseline M2: Qwen2.5 (text), Qwen2-VL (vision), Qwen-Audio (audio)

Table[T2)indicates that seed variation has only a limited effect on relative model rankings. For fairness and consistency,
we therefore adopt a fixed seed, shared base prompt, and unified prompt format across all models. While our primary
focus is on audio-visual intelligence, we view instruction-following as a core capability that should be evaluated

without manual prompt tuning.

A.3.4 COUNTER-INTUITIVE OBSERVATION

Observation 5 described in Section [4.2]is counter-intuitive. In some vision captioning benchmarks, such as Dream1K
(Wang et al.}[20244)), closed-source models like Gemini-2.5-Pro typically demonstrate significantly better captioning
performance compared to open-source models. However, Dream1K is a vision-only captioning dataset. In contrast,
AVC task in AVI-Bench requires joint understanding of both visual and audio content. However, most omni-modal
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Table 13: Model version codes for API calls.

Omni-MLLMs \ Version Code
Gemini-1.5-Flash gemini-1.5-flash
Gemini-1.5-Pro gemini-1.5-pro
Gemini-2.0-Flash gemini-2.0-flash
Gemini-2.5-Flash gemini-2.5-flash-preview-04-17
Gemini-2.5-Pro gemini-2.5-pro-preview-05-06
GPT-40 gpt-40-2024-08-06
GPT-40-audio-preview gpt-4o-audio-preview-2024-12-17
GPT-40-mini gpt-40-mini-2024-07-18
GPT-40-mini-audio-preview | gpt-4o-mini-audio-preview-2024-12-17

Qwen-Omni-Turbo \ gwen-omni-turbo-2025-03-26

models, especially closed-source ones, are trained with far more vision-language data, making them less sensitive
to audio signals. Our informal survey of 25 users found that only 3 had ever used audio understanding features in
ChatGPT, suggesting real-world usage biases may further skew closed models toward vision. In comparison, open-
source models are typically trained on more balanced multimodal data for research purposes. Prior works (Wang et al.,
2024d; [Li et al., |2025a) also show that strong visual priors can undermine audio-visual alignment due to mismatched
training distributions.

A.4 EVALUATION DETAILS

A.4.1 MODELS

As shown in Table[I3] we present the versions of the closed-source models accessed via API calls. Note that OpenAl
has not yet released an omni-model API that integrates both visual and audio modalities. Therefore, we adopt a
cascaded approach: first, generating captions using the corresponding audio-preview version (e.g., GPT-4o0-audio-
preview and GPT-4o0-mini-audio-preview), and then passing them to the corresponding vision-language models (e.g.,
GPT-40 and GPT-40-mini).

A.4.2 MODEL OUTPUTS FORMATTING

Due to the inherent uncertainty in output formats and relatively limited instruction-following capabilities of LLMs,
especially early-stage multimodal models, we propose to employ a pure language LLM to standardize model outputs
for easier evaluation. Specifically, we employ GLM-4-Flash (GLM et al.,2024) as a text-formatting model. Given the

original outputs together with task-specific prompts containing format instructions, it generates unified and structured
outputs.

A.4.3 COMPUTE RESOURCE

For each model evaluated without API calls, the evaluation is performed on a single 80GB NVIDIA A800 GPU.

A.5 METRICS

A.5.1 TASK METRICS
A.5.1.1 AMIC

Given a dataset with [V samples, for the i-th sample, the model predicts a set of category-instance count pairs:

yi:{(élvﬁl)v(627ﬁ2)7"'}v (8)
where ¢; denotes the predicted category and 7 its corresponding instance count. The ground truth label is:
yi:{(Cl7n1)7(027n2)7"'}' )
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Semantic Matching Score: Define the predicted category set C; = {¢;} and the ground truth category set C; =
{cj}. LetC; = CA’l U C}, then for each category ¢ € C;, define binary label vectors:

; 1, ceC; ; 1, cedC;
(1) _ ) () ~ (1) _ ) (X] 10
Ye { 0, otherwise, Ve { 0, otherwise. (19)

The semantic matching score for sample i is defined as the F1 score between these vectors:

S(i)

semantic

=F1(y®, 3", (11)

then we get the overall semantic score based on the average over all samples:
1K
Ssemantic = N Z Ss((l:Znantic' (12)
i=1

Counting Error: For each sample ¢ and category ¢ € C}, let the ground truth count be ngi) and predicted count be
2% if ¢ € ¢, otherwise undefined.

Define the absolute counting error as:

i) (@)

. ( A
TR 1 e (13)
T, C ¢ Ci,
where 7 is a predefined penalty constant for missing semantic predictions.
The average counting error per sample is:
) 1 )
B0 = 37 e, (14)
|Cz| ceC;
The mean squared error (MSE) across the dataset is:
1 N
_ (4))2
MSE = N;(E )2, (15)
and the root mean squared error (RMSE) is:
RMSE = vMSE. (16)

Counting Score: The counting score is computed by applying a nonlinear transformation to the root mean squared
error (RMSE) between predicted and true instance counts. Specifically, it is defined as:

Scounting = 1 — tanh(k - RMSE), (17)

where RMSE > 0 is the root mean squared error, and & > 0 is a scaling hyperparameter controlling the sensitivity of
the score to the error magnitude.

Since RMSE is non-negative, the argument of the hyperbolic tangent function is always non-negative, resulting in:
tanh(k - RMSE) € [0, 1), and consequently Scounting € (0, 1]. The counting score is thus a monotonically decreasing
function of RMSE, approaching 1 as RMSE approaches zero. If RMSE is invalid or negative, the counting score is set
to zero.

Final AMIC Score: If the semantic score is zero, the counting score is set to zero, then the final AMIC score is the
average of semantic and counting scores:

S = Ssemantic '2"‘ Scounting ] (18)
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A.5.1.2 VMIC

VMIC evaluates multi-instance visual classification and counting, where the input is an image or video frame and
the model predicts categories present along with their instance counts. The semantic matching and counting error
definitions follow those of AMIC, with the following key differences.

Firstly, the semantic category set used for evaluation is restricted to the ground-truth categories only:
Ci =, (19)

reflecting the conservative nature of category annotations in the VMIC task. Due to the rich and complex visual
content, the annotation process selectively includes only the more salient categories and their instances as required
recognition targets. This approach ensures that the predicted categories and instance counts in both AMIC and VMIC
remain on comparable scales, despite the typically strong visual capabilities of multimodal models. Secondly, VMIC
uses recall instead of F1-score as the semantic classification metric. For the i-th sample, the semantic score is:

S = Recall(y®, y(®), (20)

semantic

where y(* and y(%) are binary label vectors over C; as defined in Equation [8|and @

A5.1.3 AVL

Given a dataset with NV samples, each sample consists of an audio input and a corresponding image. The task is to
localize sound-emitting object in the image given an audio reference.

Bounding Box Format and Preprocessing: Each ground truth bounding box is represented as g = [z,y, w, h],
where (x,y) is the top-left corner and (w,h) the width and height. These are converted to corner coordinates
[z1, Y1, T2, Y2] by:

g =[z,y,x +w,y+h 21

Predicted bounding boxes are normalized to [0, 1], representing relative positions within the image width and height.
To obtain absolute pixel coordinates, the normalized predictions are scaled by the original image dimensions W and
H:

p = [z1W,y1 H, 22W, y2 H]. (22)

Matching and Intersection-over-Union Computation: For each ground truth bounding box g; in sample %, the
algorithm searches among the unmatched predicted boxes of the same semantic category to find the one with the
highest Intersection-over-Union (IoU):

p; = arg m;(%) TIoU(g}, p), (23)
oIS i.
where e |
g, Np
IoU(g},p) = - (24)
! g} Up

If the maximum IoU is zero, the ground truth box g;- is considered unmatched. Once matched, p; is removed from the

unmatched set Z/{i(j ). The per-sample mean IoU is computed by averaging IoU over all ground truth boxes by assigning

zero IoU to unmatched instances:
|G|

1 /
where |G, | is the total number of ground truth instances in sample 1.

Instance Error: The instance error for sample 7 is the number of unmatched ground truth boxes:
EW =G| - M;, (26)
where M, is the number of matched ground truth instances.

The dataset-level root mean squared instance error (RMSE) is:

RMSE = Q27)
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Instance Score: The RMSE is transformed into an instance score S (i.e., the counting score) according to Equa-

tion[17]

Final Score: The overall final score combines the average mean IoU and the instance score with a weighting factor
a set to 0.7 by default:

N
1
Shnal = @ - i Z mloU; + (1 — «) - S. (28)

i=1
A.5.1.4 VAR AND AVR

Consider a dataset with IV samples for the VAR task. For each sample %, the model predicts a set Riof m images from
n candidates based on the given audio, and the ground truth relevant set is R;. In the case of the AVR task, we utilize
a similar evaluation framework, but the roles of the modalities are reversed. Here, the audio serves as the input, while
the related images are retrieved based on the audio reference.

Average F1 Score: The average F1 score over the dataset is computed directly as:

N A
— 1 2- ‘RZ n Rz|
F1=— § . (29)
N i=1 |Rz| + ‘Rz|
Recall@k Metrics: Recall @k measures the ability of the model to retrieve at least one relevant item within its top-

k predictions. For each sample ¢, we consider the top k predicted images ]%Elzk] and check whether there exists an
intersection with the ground truth relevant set R;. Formally, the per-sample Recall @£ is defined as

1, it R AR, £0,

. (30)
0, otherwise.

Recall@Qk; = {

This indicator equals 1 if at least one correct image is retrieved in the top £ results, and O otherwise. The overall
Recall@Fk metric is computed as the average over all samples:

N
- 1
Recall@k = N Z RecallQF;. 3D

i=1

Penalization and Confidence Adjustment: In practical settings, retrieval models may produce outputs that con-
tain a high degree of repetition or overly simplistic predictions, such as repeatedly returning the same images across
different queries or merely counting without considering semantic content. These behaviors indicate a lack of mean-
ingful understanding of the input data and degrade the quality of the retrieval. To mitigate such issues, we introduce a
penalization mechanism that reduces the evaluation scores of models generating repetitive or non-diverse outputs:

- NoliR o

where |{RZ}| denotes the number of unique predicted sets. To avoid overly penalizing minor repetition, a threshold 7
(default as 0.8) is imposed to clip the repeat rate:
r = max(7, 1), (33)
then we can compute the penalty P applied to final scores as:
P=1-(r—1), (34)

which yields a value in (0, 1]. As the repeat rate exceeds 7, the penalty decreases, thereby lowering final metric scores
for repetitive outputs.

Additionally, in our evaluation framework, we incorporate a confidence factor that reflects the reliability of each
model prediction based on the size of the predicted set. This design addresses a common issue observed in practice:
some models output an excessively large number of candidate indices, often including many irrelevant ones, which

dishonestly inflates performance metrics. Specifically, we define if the predicted set size \fﬂ | exceeds a predefined
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threshold b (set as 6 by default), the confidence assigned to that prediction is reduced to d (with 0.3 as the default);
otherwise, it is set to 1. Formally, the per-sample confidence c; is defined as:

d, if|R;| > b,
€= {1: 0tl|16r\!vise. (35)
The overall confidence score C used for metric scaling is the average over all samples:
1
czﬁgkb (36)

By combining the repeat penalty and confidence factor, the evaluation better reflects both the diversity and reliability
of model predictions, encouraging models to produce semantically meaningful and diverse retrieval outputs.

Final Metrics The final evaluation metrics for Recall@1, Recall@3, and F1 are scaled by the confidence and repeat
penalty terms:

Recall@] = Recall@1 x C x P, 37
Recall@3 = Recall@3 x C x P, (38)
F1=F1xCxP, (39)

and the overall average score is computed as:

Recall@1+Recall@3
seee et ) + 1
S= ( 2 ) : (40)
2
AS5.1.5 AVC
To evaluate the quality of generated captions in the audio-visual captioning task, we consider a dataset consisting of
M samples. For each sample i € {1,2,..., M}, the model generates a single caption ¢;, and the corresponding
ground-truth annotations are given by a set of IV; reference captions )V; = {yfl), y§2)7 e ,nyi)}. We compute four
widely-used evaluation metrics to assess the prediction ¢; against the references );:
| M
SMETEOR = i Zl METEOR(%:, i), 41)
M
S = — ROUGE_L(g;, Vi), 42
ROUGEL = 77 ; (93, Vi) (42)
1M
&M:M;mmwmm 43)
1M
Sseerr = 57 ; SBERT_Sim(4;, ;). (44)

The final captioning score is computed as the average of the four metric scores:

. 1
Caption Score = 1 (SmETEOR + SROUGE.L + SCIDEr + SSBERT) - (45)

A5.1.6 AVLG

In the AVLG task, given a video V' with 7" frames, accompanying audio, and a referring expression, the goal is to
localize the referenced object in each frame by predicting a bounding box. The ground truth (GT) provides, for each
framet € {1,...,T}, abounding box g;. The model outputs, for each frame, a predicted bounding box p; normalized
to the frame’s width and height.
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Bounding Box Format and Preprocessing: Ground truth bounding boxes are represented as:

g = [xta Yt, W, ht]7 (46)
which are converted to:
gé = [xt7yt7xt+wt7yt+ht]a (47)
denoting the (x1,y1, 2, y2) format.

Predicted bounding boxes are asked to be normalized by evaluated models as:
e = [B1,0, 910, B2, 2] € [0,1]%, (48)

meaning they represent the relative position and scale within the frame, with values ranging between 0 and 1. Then
during the evaluation, they are scaled back to original frame dimensions W, H like we mentioned in Equation [22}

Py = (&1, W, 01, H, Zo W, G2 H]. (49)

Per-Frame Intersection-over-Union (IoU): For each frame ¢, the Intersection-over-Union between ground truth
and predicted bounding boxes is computed as

|81 N bi

g: NPy

IoU; = =——H. (50)
gt U Pyl
If either the GT or prediction is missing for frame ¢, the IoU is defined as
ToU, — 1, if both .GT and prediction are none, 1)
0, otherwise.
Video-Level IoU Score: The video-level IoU score is the average IoU over all frames:
1z
ToUsigeo = 7 ) 10Uy, (52)
t=1
then given a dataset with /V videos, the final evaluation score is the mean video-level IoU:
(IR
ToUsna = > 10U . (53)
i=1

A.5.1.7 AVM, AVH, VAH, AVQA

Given a dataset containing N samples, each sample ¢ is associated with a ground-truth label y; and a predicted answer
y;. The prediction g; is considered correct if and only if it exactly matches the ground-truth label y;, i.e.,

]-7 if gl = Yi,
i = . 54
“ { 0, otherwise. >4

The overall accuracy is computed as the average of the per-sample correctness indicators:

N
1
Accuracy = i Z a;. (55)
i=1

A.5.2 STAGE METRICS
As presented in section [5] the main paper introduces our approach for evaluating models’ human-like audio-visual

intelligence. In this section, we provide a more detailed discussion of the rationale and motivation underlying the
design of these metrics.
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Table 14: Comparison of absolute and relative modality imbalance metrics. “Balanced” and “Unbalanced” refer to the
performance gap between audio and vision, while “High” and “Low” represents the model overall performance.

A-V
Model AV o A-v] B
Model A (Balanced, High) 09 09 0.0 0.000
Model B (Balanced, Low) 0.2 02 0.0 0.000
Model C (Unbalanced, High) 09 0.7 0.2 0.125
Model D (Unbalanced, Low) 0.3 0.1 0.2 0.500

Model E (Unbalanced, Low, reversed D) 0.1 0.3 0.2 0.500

Absolute Difference |A - V| Relative Difference Am

1.0 1.0

Model A (Balanced High| Model A (Balanced High|
° L]

0.8 0.8
Model C (Unb.alanced Hig 0.72 Model C (Unb.alanced Hig| 1.44 ;
— —_ +
v I <
o 0.6 0.60 c 0.6 1.20=
% s 8 =
s LT 5
z 0.48 < g 0.96 <
2 04f 204 N
> 0.36 > 0.72 1l
Model E [Reversed Unbalance) Model E Unbalance) £
4 <
Model B (Balanced Low) 0.24 | B (Balanced Low) 0.48
0.2 (] 0.2 L
Model D (Unb.alanced Low) 0.12 0.24
0.2 0.4 0.6 —0.00 0.6 0.00
A (Audio score) A (Audio score)

Figure 5: Visualized comparison of absolute and relative modality imbalance metrics among example data points.

A.5.2.1 LEVEL-2: MODALITY-ADAPTIVE

Definition: Evaluates the balance between the model’s performance on audio and visual tasks, encouraging the
development of synergistic “audio-visual” understanding rather than modality-specific specialization.

Motivation: Instead of using a direct penalty term like | A — V|, we adopt the metric

A, = (56)

based on two key considerations:
1. Consistent scalar range: This allows the metric to be combined with other levels while controlling for
penalty magnitude.
2. Relative difference: |A — V| only reflects absolute deviation, even under normalization. In contrast, A,
captures the relative imbalance between modalities, offering a more meaningful indicator of coordination.
We illustrate this with the following comparison:

Given the computation for Level-2:

Su=Q1-p)-Sr, p=A4an (57
which can be interpreted as a penalty coefficient that reduces the Level-1 score S based on modality imbalance. As
shown in Table and Figure even with the same |4 — V| = 0.2, Model C and D receive very different penalties:

* For Model C, the difference (0.2) represents ~ 22% for Audio (0.9) and ~ 29% for Vision (0.7), which is
relatively moderate.
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Figure 6: Visualized comparison of using harmonic mean and A-based penalty to calculate Level-4 score.

 For Model D, the difference (0.2) represents ~ 66% of Audio (0.3) and ~ 200% of Vision (0.1), which
indicates a substantially greater imbalance.

This shows that using A,, provides a more nuanced evaluation of cross-modal coordination than |A — V| alone.
Moreover, we choose A + V as the normalization base instead of using A, V', or max(A, V'), because we view audio
and visual performance as forming a collaborative system, not a competitive one.

A.5.2.2 LEVEL-3: STAGE-ADAPTIVE

Definition: Measures the model’s consistency and synergy across three cognitive stages: perception, understanding,
and reasoning.

Motivation: This design is motivated by Observation 2, which highlights the bottleneck effect of perception and
understanding on reasoning.

The calculation method follows the same principle as Level-2, effectively capturing relative inconsistencies across
cognitive stages.

A.5.2.3 LEVEL-4: DOMAIN-ADAPTIVE

Definition: Assesses the model’s ability to adapt its familiar-domain capabilities to unfamiliar-domain scenarios,
reflecting its potential for human-like cross-domain robustness.

Motivation: Level-4 focuses on robustness in unfamiliar-domains compared to mainstream training distributions. To
reflect this lower-bound performance emphasis, we use the harmonic mean (see Eq. (7)), unlike Level-2 and Level-3
which prioritize balance via relative difference.

As shown in Figure[f] we can compare Model B and Model E. When using a A-based penalty to compute the Level-4
score (right plot), the results become asymmetric between the two models. In contrast, the use of the harmonic mean
ensures that the overall score is determined by the weaker component, reinforcing the principle that a model should
perform well in both familiar and unfamiliar domains.

A.6 PIPELINE AND QUALITY CONTROL

As illustrated in Figure[7] we conduct the selection of tasks and capabilities to evaluate based on human cognition. For
tasks in the perception-understanding-reasoning chain, we collect publicly available, easily accessible, and modifiable
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Capabilities Grounded with Human Cognition

Task Definition and Selection

AMIC VAR AVH

VSQA vmIe AVR —
AVM AVQA
AVSQA

AVL AvC AVLG

22 B =B > @) AV
]

Figure 7: AVI-Bench construction pipeline. The media data collected online is assigned as familiar domain data with
high semantics, while the manually constructed media data is considered unfamiliar domain data with low semantics.
Both types will undergo manual verification, and for the online collected data, re-annotation and organization will be
required as necessary.

datasets from the web. These datasets are then restructured or re-annotated according to the task definitions specified
in AVI-Bench. For the primitive sensation evaluation, which involves unfamiliar domain data which is far different
from the commonly used training domain, we construct the dataset entirely from scratch to ensure that it remains
uncontaminated and unseen by any model.

To guarantee the data quality, regardless of whether the data are externally sourced (including both re-annotating and
preserving original annotations) or entirely self-constructed, every dataset undergoes meticulous manual verification.
We carefully screen all samples to remove erroneous or anomalous data present in the original sources. This rigor-
ous quality control ensures that only high-quality and reliable data are used for evaluation, thereby guaranteeing the
accuracy and fairness of the benchmark results.

In detail, we report the data source and quality control for both the familiar and unfamiliar domain data:

A.6.1 FAMILIAR-DOMAIN DATA

These datasets are sourced from the web and cover perception, understanding, and reasoning tasks. It reflects high-
level semantics typical in model training. Some subsets are repurposed from leading benchmarks:

« AVL: AVS-Bench (ECCV’22) 2022), AVISeg (CVPR’25) 2025)
¢ AVLG: Ref-AVS (ECCV’24) (Wang et al.} 2024€)
* AVM, AVH, VAH: AVHBench (ICLR’24) (Sung-Bin et al, 2024)

* AVC: AVCaps (Sudarsanam et al.), AVHBench
* AVQA: Music-AVQA (CVPR’22) (li et al [2022)

These datasets are widely adopted for training and evaluation in the audio-visual domain. All data are standardized
into the following JSON format:

{
"id": 0000,
"task": "AMIC",
"input": {
"question": {
"prompt": "...",
"text": "...",
"options": "..."
b

"video": "...",
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"image_list": ["..."],
"audio_list": ["..."]

by

"output": {
"question_answer": "...",
"pred_bbox": "..."

}

After standardization, Group-A manually reviewed all familiar domain data, verifying both auditory and visual ele-
ments to ensure accuracy through a rigorous double-checking process.

A.6.2 UNFAMILIAR-DOMAIN DATA (PRISE)

These datasets were constructed fully offline without reusing real-world content, focusing on low-semantic and rare
distributions.

* Group-B constructed all PriSe data offline, including custom-generated images, synthesized audio, and com-
posed videos, without using any real-world content.

* Before annotation, Group-C provided Group-B with example data for each task to ensure consistency.

* First review: Upon completion of 10% of the data, Group-C reviewed all samples, summarized issues, and
provided feedback to Group-B. Unqualified samples were discarded.

* Subsequent reviews: For every additional 25% completed, the same process as the first review was repeated.

* All data were manually verified, and no LLMs were involved in the annotation or validation process.

A.6.3 ANNOTATORS

All annotators held a Master’s degree and received standardized training organized by the project leads, including
task-specific demonstrations and clarification of domain-relevant concepts.

A.7 LICENSE STATEMENT

License Terms: Users are permitted to freely use, copy, and distribute this Benchmark, provided that this license
and copyright notice are retained.

Usage Rights: Users may use, copy, and distribute this Benchmark without restriction, as long as the license and
copyright information are preserved.

Modifications: Users may modify this Benchmark, provided that the original data and results remain unchanged.
Any modified versions must acknowledge the modifier’s name and contact information.

Commercial Use: For commercial use of this Benchmark, please contact the author for the official authorization.

Data Sources: This Benchmark comprises data from multiple sources, including self-created data and externally
sourced data.

» External data is used in accordance with the original datasets’ licenses.

¢ Self-created data is licensed under the Creative Commons Attribution 4.0 International License (CC BY 4.0):
https://creativecommons.orqg/licenses/by/4.0/.

Disclaimer: This Benchmark is provided “as is” without any express or implied warranties. Users assume all risks
associated with its use. The authors disclaim any liability for damages resulting from the use of this Benchmark.
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Modal Adaptive Stage Adaptive . .
Models demonstrate effective Models demonstrate strong Models illustrate strong performance Domain Adc\p'rlve
overall performance across a performance on both audio on both perception and understand Models show human-like
wide range of audio-visual tasks. and visual modalities. for better audio-visual reasoning. domain adaptation.

Figure 8: Overview of the design principles across the four levels in AVI-Bench.

A.8 USE OF LLMS

In this work, LLMs were used solely to refine and polish the authors’ manually written draft for better readability. No
LLMs were involved in idea generation or experimental execution.

A.9 BROADER IMPACTS

Figure[8]demonstrates the overview design principles of AVI-Bench. By introducing AVI-Bench, a benchmark inspired
by human cognitive processes, and its corresponding four-level audio-visual intelligence classification framework for
Omni-MLLMs, we encourage the community to move beyond isolated task evaluations toward more comprehensive
assessments of audio-visual intelligence. This shift promotes future research that not only targets task-specific perfor-
mance but also emphasizes modality-adaptive, cognitive stage-adaptive, and domain-adaptive capabilities, fostering a
deeper understanding of the adaptation and flexibility required for human-like audio-visual intelligence. In doing so,
AVI-Bench contributes to the emerging discourse on how to measure and interpret progress in human-like audio-visual
intelligence.

In the future, AVI-Bench will further explore the role of natural language, including both text and speech, as an
important bridge that connects multimodal information underlying audio-visual intelligence. It will also extend the
evaluation to more socially complex scenarios, such as communication and interaction, to assess audio-visual intelli-
gence in higher-level contexts of human civilization.

A.10 MULTIMEDIA FILES

We present examples of multimedia files from the dataset through an anonymous link.  Please visit:
https://sites.google.com/view/avi-bench/home.
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