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Abstract
We introduce MMAR, a new benchmark designed to evaluate the deep reasoning
capabilities of Audio-Language Models (ALMs) across massive multi-disciplinary
tasks. MMAR comprises 1,000 meticulously curated audio-question-answer
triplets, collected from real-world internet videos and refined through iterative
error corrections and quality checks to ensure high quality. Unlike existing bench-
marks that are limited to specific domains of sound, music, or speech, MMAR
extends them to a broad spectrum of real-world audio scenarios, including mixed-
modality combinations of sound, music, and speech. Each question in MMAR
is hierarchically categorized across four reasoning layers: Signal, Perception, Se-
mantic, and Cultural, with additional sub-categories within each layer to reflect
task diversity and complexity. To further foster research in this area, we annotate
every question with a Chain-of-Thought (CoT) rationale to promote future advance-
ments in audio reasoning. Each item in the benchmark demands multi-step deep
reasoning beyond surface-level understanding. Moreover, a part of the questions
requires graduate-level perceptual and domain-specific knowledge, elevating the
benchmark’s difficulty and depth. We evaluate MMAR using a broad set of models,
including Large Audio-Language Models (LALMs), Large Audio Reasoning Mod-
els (LARMs), Omni Language Models (OLMs), Large Language Models (LLMs),
and Large Reasoning Models (LRMs), with audio caption inputs. The performance
of these models on MMAR highlights the benchmark’s challenging nature, and
our analysis further reveals critical limitations of understanding and reasoning
capabilities among current models. These findings underscore the urgent need for
greater research attention in audio-language reasoning, including both data and
algorithm innovation. We hope MMAR will serve as a catalyst for future advances
in this important but little-explored area.

1 Introduction
With the rapid advancements in large language models (LLMs) and audio processing technologies,
large audio language models (LALMs) [17, 9, 10, 7, 2, 3, 30] have emerged as a powerful paradigm
that combines an audio encoder for acoustic signal processing with an LLM for text processing. These
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Figure 1: Examples from the MMAR benchmark, illustrating challenges at the signal, perceptual,
semantic, and cultural levels. The examples span audio, speech, music, and their mix.

models have demonstrated impressive performance across a wide range of tasks, including automatic
speech recognition [38, 26], audio captioning [22, 1], and music analysis [4, 23]. Signi�cantly en-
hancing machine auditory capabilities, LALMs represent a critical step toward embodied intelligence
and the broader goal of arti�cial general intelligence (AGI). Recently, models such as OpenAI o1 [16]
and DeepSeek-R1 [13] have shown that scaling inference can substantially improve reasoning ability.
Inspired by this, a new wave of large audio reasoning models (LARMs) has been proposed, aiming to
tackle more complex reasoning tasks grounded in audio through prompt engineering [25], supervised
�ne-tuning [35], or reinforcement learning [18, 34]. However, the audio domain still lacks a rigorous
deep reasoning benchmark analogous to MMLU-Pro [32] in the textual domain. This absence poses
a signi�cant barrier to progress in evaluating and advancing audio deep reasoning capabilities.

To address this gap, we introduce MMAR, a new benchmark designed to evaluate the deep reasoning4

capabilities of Audio-Language Models (ALMs) across a diverse set of multi-disciplinary tasks. As
shown in Figure 1, MMAR includes questions that require multi-step reasoning over different types
of audio inputs, such as sound, speech, music, and mixed-modality (e.g., mix-sound-speech). We
de�ne a hierarchical taxonomy of tasks: Signal, Perception, Semantic, and Cultural layers, which is
co-developed through Human–LLM collaboration. Each question is also annotated with �ne-grained
sub-categories and a manually labeled Chain-of-Thought (CoT), which explicitly traces the reasoning
process and supports future research. The construction of the MMAR benchmark follows a detailed
pipeline involving expert question authorship, multi-stage re�nement, and rigorous quality control,
ensuring high-quality and reliable annotations.

Based on the MMAR benchmark, we evaluate 30 audio-capable models, including 24 open-source and
6 closed-source models, spanning LALMs, LARMs, Omni Language Models (OLMs), LLMs, and

4We de�neaudio deep reasoningas tasks that require expert-level perceptual understanding, multi-step logical
inference, and the application of contextual or domain-speci�c knowledge to interpret complex audio inputs.
These tasks are often challenging even for humans, typically demanding deliberate reasoning or specialized
expertise.
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Large Reasoning Models (LRMs) with audio caption inputs. Our analysis yields several key �ndings:
(1) The MMAR benchmark is highly challenging. None of the evaluated open-source LALMs
perform signi�cantly better than random guessing, highlighting the substantial dif�culty in MMAR.
(2) There exists a notable performance gap between open-source and closed-source models. Among
open-source models, Qwen-2.5-Omni [36] achieves the best results. However, Gemini 2.0 Flash [12]
outperforms all models, including cascaded reasoning pipelines, underscoring the advantage of tightly
integrated closed-source systems. (3) Across both end-to-end and cascaded settings, reasoning-
enhanced models consistently outperform non-reasoning models. This demonstrates the critical role
of explicit reasoning mechanisms in handling MMAR's deep reasoning tasks. These insights point to
an urgent need for the open-source community to develop stronger LARMs.

In summary, our contributions are as follows:

1. We present MMAR, the �rst benchmark speci�cally designed to evaluate deep reasoning
in the audio domain. MMAR features high-quality human annotations, mixed-modality
coverage, hierarchical task taxonomy, and different reasoning questions, making it a uniquely
comprehensive benchmark.

2. We benchmark 30 audio-capable models across �ve model categories, revealing that current
open-source models struggle signi�cantly with audio deep reasoning.

3. We conduct extensive analysis and comparison experiments, identifying key challenges
and architectural limitations. Our �ndings provide valuable insights for developing next-
generation LARMs.

2 Related Work

2.1 Audio-Language Models

Recent advancements in multimodal AI have led to the development of a variety of models that
accept audio as input and perform diverse downstream tasks. These models generally fall into three
major categories: (1) Large Audio-Language Models (LALMs), (2) Large Audio Reasoning Models
(LARMs), and (3) Omni Language Models (OLMs).

LALMs combine audio encoders with large language models to enable joint audio-text understanding.
Some models, such as Audio Flamingo [17], Audio Flamingo 2 [9], LTU-AS [10], and Qwen-
Audio [2], use a single encoder for all audio types. Other models, like SALMONN [30] employing
multiple encoders or GAMA [7] with several specialized projectors, better handle diverse audio do-
mains. To further enhance performance, Qwen2-Audio [3] applies reinforcement learning with human
feedback (RLHF) for better alignment with human reasoning. To tackle more complex inference tasks,
LARMs build on LALMs by incorporating explicit reasoning mechanisms. Representative models
such as Audio-CoT [25], Audio-Reasoner [35], and R1-AQA [18] are developed by augmenting
Qwen2-Audio-Instruct [3]. SARI [34], built upon by Qwen-2.5-Omni [36], performs better on audio
reasoning through a thinking process. OLMs are general-purpose multimodal models designed to
handle both multimodal input and output. While not speci�cally designed for audio, they show strong
generalization ability across modalities. Examples include open-source models like AnyGPT [39],
OpenOmni [24], Baichuan-Omni [19], and Qwen-2.5-Omni [36], as well as closed-source systems
like Gemini 2.0 Flash [12].

While prior benchmarks have primarily focused on evaluating only LALMs, our work goes further by
benchmarking all three model types, also including cascaded systems with LLMs and LRMs that
convert audio into text before reasoning.

2.2 Audio Understanding & Reasoning Benchmarks

Several benchmarks have been proposed to evaluate the understanding capabilities of LALMs,
such as Clotho-AQA [20] and CompA [8] for sound, MusicBench [27] and MuChoMusic [33] for
music, and LibriSQA [40] and Dynamic-SUPERB [14] for speech. Broader benchmarks such as
AudioBench [31], AIR-Bench [37], and MMAU [29] combine multiple audio domains. However,
these benchmarks primarily assess surface-level understanding tasks, with limited evaluation of
reasoning capabilities, particularly deep reasoning, which is the central focus of MMAR.

While audio deep reasoning is a critical yet underexplored component, what sets MMAR apart is
its comprehensive, multi-dimensional design. As illustrated in Table 1, MMAR offers several key
advantages over existing benchmarks:
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Real-world Mixed-modality Audio Coverage. Unlike prior benchmarks such as AudioBench [31]
and MMAU [29], which focus only on unimodal domains (i.e., sound, music, or speech), MMAR
includes naturally occurring mixed-modality audio. Although AIR-Bench [37] attempts to simulate
it, its audio is arti�cially synthesized by combining unimodal clips. In contrast, MMAR features
real-world audio scenarios where complex interactions among sound, speech, and music are inherent.
Some tasks even require models to reason jointly across all three modalities.

Explicit Evaluation of Deep Reasoning. While benchmarks like MMAU [29] include some
reasoning tasks, these are typically shallow in complexity. AIR-Bench [37] introduces LLM-generated
reasoning problems, but these lack human-level scrutiny and depth. Every question in MMAR
involves multi-step reasoning, and some require graduate-level perceptual and domain-speci�c
knowledge. This makes MMAR the �rst benchmark to explicitly focus on deep audio reasoning.

Newly Curated Data to Prevent Leakage. Many existing benchmarks reuse data from well-
known datasets such as AudioSet [6], which may have been seen by pre-trained models, especially in
LALM settings. In contrast, all audio data in MMAR is newly collected from online videos, ensuring
both diversity and no data leakage, thus providing a more reliable and future-proof evaluation.

In summary, MMAR not only advances the �eld by introducing mixed modalities, real-world audio
and deep reasoning challenges, but also sets a higher standard for data quality and originality in
benchmark construction.

Table 1: Comparison of audio-language model benchmarks across four key dimensions: (i)Domain
Coverage—whether the benchmark spans diverse audio types such as speech, sound events, music,
or mixtures; (ii)Task Scope—ranging from basic understanding to deep reasoning; (iii)Evaluation
Paradigm—whether the benchmark treats each task as a traditional task-speci�c evaluation or as a
sample-level assessment (Sample-As-A-Task); and (iv)Data Origin—whether the benchmark is
newly collected or sourced from existing datasets.47 indicates audio data or question-answer pairs
that are arti�cially synthesized, rather than in-the-wild or handcrafted by experts.

Benchmark
Domain Scope

Sample-As
-A-Task

Newly
CollectedSound Music Speech Mix Understanding

Graduate-Level
Understanding Reasoning

Deep
Reasoning

AudioBench [31] 4 4 7 7 4 7 7 7 7 7

AIR-Bench [37] 4 4 4 4 7 4 7 47 7 7 7

MMAU [29] 4 4 4 7 4 7 4 7 4 7

MMAR (ours) 4 4 4 4 4 4 4 4 4 4

3 The MMAR Benchmark

3.1 Overview

MMAR is a benchmark designed to evaluate the reasoning capabilities of Audio-Language Models
(ALMs). It consists of 1,000 meticulously handcrafted audio deep reasoning tasks, each requiring
multi-step inference, and some of these tasks demand highly challenging perceptual skills and
domain-speci�c knowledge. The questions were developed by domain experts and subsequently
re�ned and validated through expert review and quality assurance to ensure correctness and high
quality. Figure 2 illustrates MMAR's data distribution along two key dimensions: modality coverage
and task coverage, as well as audio and metadata statistics.

Domain Coverage. Unlike prior benchmarks that focus on unimodal audio types, such as sound,
music, and speech, MMAR incorporates a broader set of real-world, mixed-modality audio scenarios.
This re�ects the reality that natural audio environments often contain complex combinations of
sub-modalities. As shown in Figure 2a, MMAR includes seven distinct audio domain categories:
sound, music, speech, mix-sound-music, mix-sound-speech, mix-music-speech, and mix-sound-
music-speech.

Task Coverage. Leveraging expert brainstorming and Human–LLM collaboration, we constructed
a four-level hierarchical reasoning taxonomy ranging from concrete to abstract, as shown in Figure 2b.
These levels include the signal layer, perception layer, semantic layer, and cultural layer. Each layer
is further subdivided into multiple subcategories, representing a wide variety of reasoning tasks.
De�nitions and examples for each reasoning layer are provided in Appendix A.
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(a) Modality Distribution (b) Task Taxonomy

Statistics Number

Total Questions 1,000
Audio Domains 7
Task Categories 4
Task Sub-Categories 16

Avg. Ques. Length 9.87 words
Avg. Ans. Length 5.23 words
Avg. CoT Length 32.28 words
Avg. Audio Length 19.94 sec

(c) Benchmark Statistics

Figure 2:(a) The data distribution of single and mixed modalities in MMAR.(b) The hierarchical
taxonomy and data distribution of task categories in MMAR.(c) Data statistics of the MMAR
benchmark.

Table 2c presents key statistics of the MMAR benchmark. During the annotation process, expert
question designers were trained to formulate questions with high precision, provide concise answers,
and construct detailed chains of thought. The resulting average lengths of Question, Answer, and CoT
components are summarized in the table. In addition, considering that most current models require
input audio to be under 30 seconds, we instructed question designers to adhere to this constraint.
As a result, the average audio length in MMAR is approximately 20 seconds. In comparison, the
average audio duration in the previous MMAU [29] benchmark was around 10 seconds, suggesting
that MMAR audio clips contain signi�cantly richer and more complex information content.

3.2 Data Curation Pipeline

As shown in Figure 3, we constructed the MMAR benchmark through a �ve-stage pipeline:

1) Brainstorming. Given that deep reasoning on audio is a novel and complex task, which
requires sophisticated fusion of acoustic and linguistic information, high-quality question ideation is
particularly challenging. To address this, we organized multiple rounds of brainstorming sessions
with expert annotators, collecting a wide range of unstructured cognitive fragments and reasoning
sketches. The quali�cations of the expert annotators involved can be found in Appendix B.

2) Taxonomy Construction. We employed the LLM to extract and organize insights from the
brainstorming sessions, collaborating with experts to build a hierarchical taxonomy ranging from
abstract to concrete task levels. An initial set of sub-categories was also established during this phase.

3) Heuristic-Based Human Annotation. Leveraging the established taxonomy and brainstorm
outputs, annotators heuristically searched for relevant internet videos and manually labeled each data
instance. Annotations included: video URL and timestamps, question, answer, chain of thought,
audio modality, task category and sub-category, and spoken language (if present).

4) Raw Data Preparation. Based on the annotated metadata, we proceeded along two parallel
paths: (1) Audio data collection, which involved crawling and trimming audio clips for each question
and performing additional processing for complex cases (e.g., comparisons across clips, audio
reversal, etc.); (2) LLM-based content generation, where we re�ned and enhanced the original CoTs
and generated distractor options for multiple-choice questions. Most questions have four options,
while a minority (e.g., binary or ternary questions) have two or three. We also re�ned the task
sub-categories based on question content to ensure coherence. This stage produced a raw, unveri�ed
JSON �le along with the corresponding audio data.

5) Data Quality Inspection. Ensuring high data quality was central to the construction of MMAR
benchmark. We used a dedicated professional data annotation platform as shown in Appendix C,
and engaged domain experts for correction and quality inspection. We enforced a dual guarantee of
quality: (1) Separation of roles: Each question was independently authored, corrected, and reviewed
by different individuals; (2) Iterative revision: Any question that failed more than two rounds of
inspection was discarded. Ultimately, 1,000 high-quality questions were selected for inclusion in the
�nal MMAR benchmark.

5



Figure 3: A comprehensive pipeline for constructing the MMAR benchmark. The process includes:
(1) brainstorming challenging questions; (2) building a taxonomy through human-LLM collaboration;
(3) heuristic-based data collection and annotation; (4) crawling audio data and enriching metadata
content; and (5) performing iterative correction and quality inspection to ensure high data �delity.

4 Experimental Setup

4.1 Benchmarking Candidates
We evaluate �ve categories of audio-capable models: (1) Large Audio Language Models (LALMs),
designed for audio-text understanding; (2) Large Audio Reasoning Models (LARMs), which enhance
LALMs with explicit reasoning chains; (3) Omni Language Models (OLMs), supporting fully
multimodal input/output; (4) Large Language Models (LLMs) with audio captions, which process
Qwen2-Audio-Instruct-generated captions; and (5) Large Reasoning Models (LRMs), which perform
reasoning over captions using models with inference scaling. Further details and model con�gurations
are provided in Appendix E.

4.2 Evaluation Methods
Since all MMAR tasks are formulated as multiple-choice questions, we adopt classi�cation accuracy
as the evaluation metric. Speci�cally, we input the audio, question, and choices into each model and
evaluate whether the model selects the correct option. To determine correctness, we follow the same
approach as MMAU [29], using regular expressions and string matching to compare the model's
prediction with ground truth answers. For models without explicit reasoning, we directly evaluate the
model's �nal prediction. For models with explicit reasoning chains, we remove the thinking content
and evaluate only the �nal predicted answer to ensure fairness and consistency across model types.

5 Experimental Results
The results presented in Table 2 offer several key insights into the dif�culty of MMAR and the current
capabilities of audio-language models. All questions are multiple-choice tests with a variable number
of options. Models are evaluated on seven domains spanning single and mixed audio modalities, with
accuracy (%) reported.

First, the overall performance across all model categories con�rms that MMAR is a highly
challenging benchmark.As shown in Table 2, even the strongest open-source model, Qwen-2.5-
Omni (7B), achieves an average accuracy below 60%. Moreover, when analyzing performance
across different modalities, we observe that music-related tasks are particularly challenging, with
signi�cantly lower accuracy compared to other modalities. Figure 4 visualizes statistical signi�cance
using the Poisson Binomial distribution, highlighting whether model predictions are signi�cantly
better than random guessing. We apply the Bonferroni correction (see at Appendix N) to adjust the
p-value threshold for multiple comparisons. As the �gure shows, none of the open-source LALMs
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Table 2: MMAR results across �ve model categories: LALMs, LARMs, OLMs, LLMs, and LRMs
with audio captions as input. The best-performing models in each category are highlighted inbold,
and the second-best ones are underlined.

Models Size
Single Modality (%) Mixed Modalities (%)

Avg (%)
Sound Music Speech Sound-Music Sound-Speech Music-Speech Sound-Music-Speech

Random Guess - 29.39 25.88 31.48 25.00 29.30 31.10 28.13 29.32

Large Audio Language Models (LALMs)

Audio Flamingo [17] 2.2B 32.73 21.84 24.83 18.18 30.28 24.39 25.00 26.60
Audio Flamingo 2 [9] 0.5B 20.61 20.39 24.15 27.27 23.85 26.83 25.00 23.00
Audio Flamingo 2 [9] 1.5B 26.67 20.87 22.79 9.09 22.94 23.17 20.83 22.90
Audio Flamingo 2 [9] 3B 24.85 17.48 20.75 18.18 26.61 23.17 8.33 21.90
LTU [11] 7B 19.39 19.90 13.95 18.18 24.77 21.95 16.67 19.20
LTU-AS [10] 7B 20.00 14.08 19.05 9.09 20.64 28.05 12.50 19.00
MusiLingo [4] 7B 9.09 7.28 4.08 9.09 6.88 7.32 8.33 6.60
MU-LLaMA [23] 7B 13.94 13.59 14.97 9.09 12.39 14.63 16.67 13.90
GAMA [7] 7B 29.09 24.27 27.89 27.27 24.77 28.05 20.83 26.50
GAMA-IT [7] 7B 22.42 16.02 12.24 36.36 22.48 14.63 12.50 17.40
Qwen-Audio-Chat [2] 8.4B 27.88 20.39 22.11 9.09 25.23 25.61 20.83 23.50
Qwen2-Audio [3] 8.4B 33.94 23.30 32.99 9.09 33.03 26.83 33.33 30.40
Qwen2-Audio-Instruct [3] 8.4B 33.33 24.27 32.31 9.09 31.19 30.49 25.00 30.00
SALMONN [30] 7B 30.91 29.61 34.35 9.09 37.61 28.05 37.50 32.80
SALMONN [30] 13B 30.30 31.07 34.69 9.09 34.86 35.37 41.67 33.20
GPT-4o mini Audio [15] - 38.79 35.92 58.84 45.45 60.09 57.32 50.00 50.60
GPT-4o Audio [15] - 53.94 50.97 70.41 63.64 72.48 62.20 75.00 63.50

Large Audio Reasoning Models (LARMs)

Mellow [5] 167M 33.33 26.70 24.83 18.18 37.16 32.93 29.17 30.00
Audio-CoT [25] 8.4B 35.76 25.24 34.01 9.09 30.73 30.49 37.50 31.30
Audio-Reasoner [35] 8.4B 43.64 33.50 32.99 45.45 42.66 31.71 25.00 36.80

Omni Language Models (OLMs)

AnyGPT-chat [39] 8B 24.24 19.42 22.11 27.27 27.52 26.83 29.17 23.70
OpenOmni [24] 8B 20.61 22.33 35.37 18.18 27.06 23.17 25.00 27.00
Baichuan-Omni-1.5 [19] 11B 41.21 33.01 40.48 36.36 48.62 39.02 41.67 40.70
Qwen-2.5-Omni [36] 3B 53.94 46.12 53.74 36.36 60.09 57.32 58.33 53.80
Qwen-2.5-Omni [36] 7B 58.79 40.78 59.86 54.55 61.93 67.07 58.33 56.70
Gemini 2.0 Flash [12] - 61.21 50.97 72.11 81.82 72.48 65.85 70.83 65.60

Large Language Models (LLMs)

Caption + DeepSeek-V3 [21] 671B 42.42 40.78 56.12 18.18 50.00 45.12 37.50 47.60
Caption + GPT-4o [15] - 46.06 40.29 60.88 27.27 53.67 46.34 45.83 50.70

Large Reasoning Models (LRMs)

Caption + DeepSeek-R1 [13] 671B 46.67 49.5162.59 45.45 58.72 56.10 54.17 55.50
Caption + OpenAI o1 [16] - 48.48 43.20 63.61 18.18 56.88 45.12 45.83 53.00
Caption + OpenAI o3 [28] - 49.70 41.75 63.95 36.36 60.09 52.44 54.17 54.70

achieve statistically signi�cant improvements over random guessing. Additionally, in Appendix F,
we compare several competitive models on both MMAU and MMAR, showing that MMAR is
substantially more dif�cult across the board. This highlights MMAR's emphasis on multi-step
reasoning and rich audio content, placing it well beyond the scope of traditional audio question
answering benchmarks.

Figure 4: Poisson Binomial distribution illustrating the P-
Value of accuracy under random guessing. For LLMs and
LRMs, audio captions are provided. One-tailed right-sided
P-value is computed to test whether each model signi�cantly
outperforms random guessing. Solid circles mark the ob-
served performance of each model. A red star indicates the
Bonferroni-corrected signi�cance threshold (� = 0 :001).

Second, there exists a signi�cant
performance gap between open-
source and closed-source models.
Among open-source models, Qwen-
2.5-Omni (7B) achieves the highest
accuracy at 56.7%, clearly outper-
forming other LALMs and LARMs.
However, it still lags behind the
best-performing closed-source model,
Gemini 2.0 Flash, which reaches an
impressive 65.6%. Notably, Gemini
2.0 Flash outperforms all cascaded
setups (e.g., captioning followed by
LLM or LRM), demonstrating the ef-
fectiveness of well-integrated multi-
modal architectures.

Third, we observe that models with
explicit reasoning capabilities con-
sistently outperform those without,
regardless of whether the architec-
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