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Abstract

Audio comprehension-including speech, non-speech sounds,
and music-is essential for achieving human-level intelligence.
Consequently, Al agents must demonstrate holistic audio un-
derstanding to qualify as generally intelligent. However, eval-
uating auditory intelligence comprehensively remains chal-
lenging. To address this gap, we introduce MMAU-Pro, the
most comprehensive and rigorously curated benchmark for
assessing audio intelligence in Al systems. MMAU-Pro con-
tains 5,305 instances, where each instance has one or more
audios paired with human expert-generated question-answer
pairs, spanning speech, sound, music, and their combinations.
Unlike existing benchmarks, MMAU-Pro evaluates auditory
intelligence across 49 unique skills and multiple complex
dimensions, including long-form audio comprehension, spa-
tial audio reasoning, multi-audio understanding, among oth-
ers. All questions are meticulously designed to require de-
liberate multi-hop reasoning, including both multiple-choice
and open-ended response formats. Importantly, audio data is
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sourced directly “from the wild” rather than from existing
datasets with known distributions. We evaluate 22 leading
open-source and proprietary multimodal Al models, reveal-
ing significant limitations: even state-of-the-art models such
as Gemini 2.5 Flash and Audio Flamingo 3 achieve only
59.2% and 51.7% accuracy, respectively, approaching ran-
dom performance in multiple categories. Our extensive anal-
ysis highlights specific shortcomings and provides novel in-
sights, offering actionable perspectives for the community to
enhance future Al systems’ progression toward audio general
intelligence.

Datasets — https://sonalkum.github.io/mmau-pro

Introduction

Comprehensive audio understanding-from spoken language
to environmental sounds and music-is fundamental to hu-
man general intelligence. Correspondingly, Al systems must
possess comparable capabilities for effective real-world in-
teraction (Sakshi et al. 2025). Recent advancements in mul-
timodal large language models (MLLMs) have led to the
emergence of Large Audio-Language Models (LALMs),
demonstrating notable audio comprehension skills (Ghosh



Category

Example

Spatial QA

Q: Who’s order does the waiter take first? Opt: (A) The person to the left of the mic holder (B) The person
to the right... (C) The person in front... A: (A) The person to the left of the mic holder

Open-ended QA

Q: What is hyper-foreignism with respect to pronunciation according to the clip? A: When a speaker
changes the way they say a word to sound more like that of the stereotype they hold for a foreign language

Voice QA

Q: Answer the question in the audio. Opt: (A) It sounds like this decision carries a lot of weight... (B)
Perhaps the best approach is to systematically list... (C) Your tranquil state suggests... (D) Making major
decisions during emotional... A: Your tranquil state...

Long Audio

Q: What did the winning team get at the end of the game? Opt: (A) They choose the next vacation
destination (B) The other team has to get rid of their rooster (C) They win the other team’s apartment (D)
Tie... A: They win the other team’s apartment

Multi-Audio

Q: What effect needs to be applied to the first recording to achieve sound of the second recording? Opt:
(A) echo (B) distortion (C) phaser (D) reverb A: (D) reverb

Sound Q: What trend can be observed in the weight of the cloths thrown in the audio? Opt: (A) Increasing (B)
Decreasing (C) Constant (D) None A: (A) Increasing

Voice STEM QA  Q: Choose the correct option that answers the question in the audio... Opt: (A) 25% (B) 35% (C) 55% (D)
75% A: (B) 35%

Speech Q: In the audio with roughly the same phrase being repeated, explain how the different tone effects the

meaning... Opt: (A) Bored — enthusiastic — questioning — angry (B) Cheerful — playful — serious
— stern (C) Sarcastic — sincere — doubtful — irritated (D) Genuine — sarcastic — questioning —
frustrated. A: (D)

Instruction Fol-
lowing

Instruction: Explain what’s happening... contain a title wrapped in double angular brackets... Correct A:
<<Harmonica’s Ascending and Descending Scale>> This audio clip features a harmonica playing the C
major scale... Wrong A: This is an audio clip of a person playing the C major scale...

Music Q: Can you guess the singer in this song? Opt: (A) Jeff Beck (B) Tenacious B (C) Jimmy Hendricks (D)
Jack Black A: (D) Jack Black

Multicultural Q: What raag is this bandish composed in? Opt: (A) Bhimpalasi (B) Kannada (C) Durga (D) Malkaunse

Music (E) Bhairavi (F) Yaman Kalyan A: (C) Durga

Speech-Sound-
Music

Q: Which of the following songs is made according to the speaker? Opt: (A) Not Like Us (B) Star Boy
(C) All the stars (D) HUMBLE A: (D) HUMBLE

Table 1: Overview of the MMAU-Pro benchmark. MMAU-Pro provides comprehensive coverage across all three core au-
dio domains-speech, sound, and music-and extends evaluation to their mixtures. It further includes multi-audio reasoning,
long-form audio (up to 10 minutes), voice-chat QA, spatial audio understanding, open-ended QA, and multimodal instruction
following, offering a broad and realistic assessment of audio intelligence.

et al. 2024, 2025b; Goel et al. 2025; Gong et al. 2024; Desh-
mukh et al. 2023; KimiTeam et al. 2025; Xie et al. 2025a;
Xu et al. 2025; Chu et al. 2024). Despite numerous bench-
marks assessing progress toward Artificial General Intelli-
gence (AGI) through text, audio intelligence evaluation re-
mains notably underserved. Given audio’s inherent diversity
and complexity, we contend that progress toward AGI is in-
complete without strong audio intelligence capabilities-and
that their rigorous evaluation remains an open challenge.

Recently, several benchmarks have emerged to evaluate
LALMs. MMAU (Sakshi et al. 2025), a pioneering com-
prehensive benchmark, comprises 10,000 carefully selected
audio clips across speech, sounds, and music, with single-
turn, single-audio questions requiring knowledge and rea-
soning. Following MMAU, MMAR (Ma et al. 2025) in-
troduced more challenging queries, while MMSU (Wang
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et al. 2025b) expanded spoken language understanding
assessments. Domain-specific benchmarks like Speech-
IFEval (Lu, Kuan, and Lee 2025) focus on instruction-
following and CMM (Leng et al. 2024) focuses on hallucina-
tions. Nevertheless, existing benchmarks inadequately rep-
resent the complexity of realistic auditory scenarios - such
as multiple and overlapping audios, long-duration inputs,
open-ended answers, and culturally varied content-which
demand deeper comprehension and multi-hop reasoning be-
yond basic recognition.

Our Contributions. To this end, we present MMAU-Pro, a
novel benchmark consisting of 5,305 expert-annotated in-
stances designed to evaluate 49 distinct auditory intelli-
gence skills spanning speech, environmental sounds, and
music. MMAU-Pro presents challenges overlooked by prior
benchmarks, including long-form audio understanding (up



to 10 minutes), reasoning across multiple clips, spatial audio
perception, multicultural music interpretation, instruction-
following abilities, etc. All questions are crafted to require
deliberate multi-hop reasoning and include a balanced mix
of multiple-choice and open-ended formats. To address the
shortcomings of existing evaluation methodologies, we fur-
ther propose a retrieval-based evaluation framework that en-
ables more robust and reliable assessment. By emphasiz-
ing realistic and demanding auditory tasks, MMAU-Pro pro-
vides a comprehensive testbed to accelerate the development
of auditory intelligence in multimodal Al systems. To sum-
marize, our main contributions are:

* We introduce MMAU-Pro, the most comprehensive
benchmark to date for evaluating auditory intelligence. It
comprises 5,305 expert-annotated question—answer pairs
spanning 49 distinct skills across speech, environmen-
tal sounds, music, and their mixtures. MMAU-Pro in-
troduces novel challenges, including spatial audio rea-
soning, multi-clip audio reasoning, voice—chat compre-
hension, and tasks requiring prosodic, world-knowledge,
and STEM-based reasoning. All audio samples are drawn
from the wild, with durations up to ten minutes, signif-
icantly surpassing the short clips typical of prior bench-
marks where current models are near-saturated.

We benchmark over 15 open-source and proprietary mul-
timodal LLMs on MMAU-Pro, finding that even the
strongest models face substantial challenges. Gemini 2.5
Flash achieves only 59.2% accuracy; the best-performing
fully open-source model, Audio Flamingo 3, reaches
51.7%; and the strongest open-weights omni model,
Qwen2.5-Omni-7B-Instruct, achieves just 52.2%.

We provide an in-depth analysis of model responses,
uncovering key failure modes in auditory perception
and reasoning. These include shallow audio grounding,
degradation in text-only and STEM reasoning, poor per-
formance in multi-audio and spatial reasoning, and lim-
ited understanding of multicultural music.

Related Work
Large Audio Language Models

Recent advances in multimodal modeling have led to
(L)ALMs-models that pair audio perception with (L)LMs
to tackle complex audio tasks. Early systems such as Whis-
per (Li et al. 2024a; Peng et al. 2023) and CLAP (Wu et al.
2023; Elizalde et al. 2023; Elizalde, Deshmukh, and Wang
2024) focused on foundational tasks like transcription, cap-
tioning, and retrieval, but struggled with reasoning-centric
challenges. More recent models-GAMA (Ghosh et al. 2024),
Audio Flamingo (Ghosh et al. 2025b; Goel et al. 2025),
Mellow (Deshmukh et al. 2025), Phi-4MM (Abouelenin
et al. 2025) Qwen2-Audio (Chu et al. 2024), and Audio-
PALM (Rubenstein et al. 2023) proposed improved archi-
tectures and large-scale training, targeting deeper under-
standing. These efforts have culminated in large audio rea-
soning models (LARMs), including Audio-Reasoner (Xie
et al. 2025a), SoundMind (Diao et al. 2025), R1-AQA (Li
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et al. 2025b), and Audio-CoT (Xie et al. 2025b), which ex-
plicitly model step-by-step reasoning. In parallel, general-
purpose Omni-Language Models (OLMs) such as Qwen?2.5-
Omni (Xu et al. 2025), Baichuan-Omni (Li et al. 2024b,
2025c¢), and Ming-Omni (Gong et al. 2025) - though not tai-
lored for audio-have demonstrated surprising proficiency on
audio tasks. While progress is promising, robust benchmarks
remain essential to evaluate audio intelligence.

Audio Benchmarks

Existing benchmarks provide strong foundations but fall
short in evaluating holistic audio intelligence. MMAU (Sak-
shi et al. 2025) introduced 10,000 QA pairs across 27 skills
for speech, sounds, and music, but used existing datasets
and short, single-source clips-achieving only 52-60% accu-
racy. MMAR (Ma et al. 2025) added 1,000 real-world QA
triplets with hierarchical reasoning layers and rationales, yet
remained limited in scale and scope. AudioBench (Wang
et al. 2025a) unifies 26 datasets across 8 tasks, while Mu-
ChoMusic (Weck et al. 2024) probes 1,100 MCQs on
culturally diverse music, exposing models’ over-reliance
on text. MMSU (Wang et al. 2025b) tests 5,000 spoken-
language QA pairs across 47 speech skills. Beyond Single-
Audio (Chen et al. 2024b) evaluates multi-audio reason-
ing across 20 datasets, showing that most ALLMs struggle
when reasoning over more than one audio stream. Dynamic-
SUPERB Phase-2 (Huang et al. 2024) expands to 180 tasks.

While some recent models, such as Mellow (Deshmukh
et al. 2025) and BAT (Zheng et al. 2024), begin to address
multi- and spatial-audio tasks, benchmark evaluations re-
main shallow and fragmented. Moreover, no existing bench-
mark systematically tests instruction following or jointly
evaluates long-form (up to 10 minutes), multi-audio, spatial,
open-ended, and multicultural scenarios. Addressing these
gaps, MMAU-Pro offers the most comprehensive bench-
mark to date, targeting underexplored dimensions critical to
advancing real-world audio general intelligence.

The MMAU-Pro Benchmark

Overview

MMAU-Pro is designed to holistically evaluate audio intel-
ligence in Al systems. It comprises 5,305 expert-annotated
question—answer pairs covering 49 distinct skills. Table 2
summarizes the core statistics. Questions require multi-step,
multi-hop reasoning and were authored and validated by
domain experts to ensure high quality. To avoid data leak-
age, all audio (except our spatial subset) is sourced from in-
the-wild recordings. For spatial audio reasoning, we reuse
high-fidelity multi-channel recordings from the EasyCom
dataset (Donley et al. 2021).

While prior benchmarks such as MMAU and MMAR
primarily evaluate models using multiple-choice questions,
MMAU-Pro extends evaluation to include open-ended re-
sponses and MCQs with up to 10 options, thereby sub-
stantially reducing the likelihood of models succeeding by
random guessing. It also categorizes audio clips by dura-
tion: short (<30s), medium (30s—3min), long (3—8min), and
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Figure 1: Overview of dataset-construction pipeline for MMAU-Pro.

ultra-long (8—10min), enabling characterization and analysis
across varying temporal contexts.

Statistics Number
Total Questions 5,305
Domains 11
Speech Questions 891
Sound Question 1654
Music Questions 1618
Sound-Speech Mix 88
Music-Speech Mix 46
Sound-Music Mix 50
Sound-Speech-Music Mix 7
Spatial Understanding Questions 325
Voice STEM Questions 94
Voice Prosodic Questions 96
Voice World Knowledge Questions 100
Instruction Following Questions 87
Multi-Audio QA (sound:speech:music) 247:111:72
Multiple Choice Questions 4593
Open-ended Questions 625
Average Audio Length 123.78 s

Durations (short:med:long:ultra-long) 2589:1897:1307:348

Table 2: Core statistics of the MMAU-Pro Benchmark.

Data Curation, Annotation and Validation

Inspired by prior benchmarks in this space, we design a spe-
cialized multi-stage pipeline with more human involvement
in the process to construct high-quality data for MMAU-Pro.

1. Domain & Task Design: We define a diverse set of rea-
soning tasks across speech, sound, music, and their mix-
tures, including long-context comprehension, spatial rea-
soning, multi-audio analysis, and multicultural music un-

derstanding.

. Task Allocation: Domain experts (authors) are assigned
tasks based on specialization, guided by detailed instruc-
tions to ensure comprehensive domain coverage.
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3. QA Generation: The experts then manually collect au-
dio and craft QA pairs. The QA pairs are created with
an emphasis on multi-hop reasoning and real-world use
cases. We include both MCQs and open-ended questions
in the benchmark, with explanatory answers authored for
the latter. Annotators determine the appropriate format
based on factors such as susceptibility to elimination via
language cues and the added value of open-endedness for

deeper evaluation.

. Distractor Construction: For MCQs, experts create
challenging distractors that discourage superficial pattern
matching. Distractors are crafted to avoid trivial elimina-
tion and encourage careful audio grounding. Unlike other
benchmarks, which resort to LLMs for the generation of
distractors, experts carefully create distractors for each
question to pose a higher level of challenge to the mod-
els being evaluated.

. Annotation Verification: A second expert indepen-
dently verifies each QA instance for accuracy, clarity, and
reasoning validity. Discrepancies are resolved iteratively,
followed by grammar and style checks using both experts
and LLMs.

. Expert Review: Final review ensures cultural sensitiv-
ity, task appropriateness, and explanatory quality, partic-
ularly for open-ended responses.

. Benchmark Finalization: The finalized dataset balances
domain, task type, and audio length to ensure diverse and
representative coverage (Table 2).

Over 25 individuals were involved in this process of data
collection, QA categorization and design, validation, cura-
tion, and evaluation.

Comparison and Task Coverage

Table 3 compares MMAU-Pro with existing popular bench-
marks across core and novel evaluation dimensions. As
shown, MMAU-Pro introduces several key advancements,
including multi-audio reasoning, spatial audio understand-
ing, and STEM-based evaluation. In the following subsec-
tions, we describe these core innovations in detail.



Capability MMAU-Pro MMAU MMAR

AIR-Bench AudioBench MMSU DynSuperb-1

DynSuperb-2

Long Audio Understanding X
Multi-Audio Understanding
Spatial Audio Understanding
Open-Ended QA
Multi-Step Reasoning
Multicultural Music
Instruction Following
In-the-wild Audios
Voice Chat
STEM Reasoning

Fully Human-Annotated

X X X X

X
X
X

X
X
X

X

X
X X X X X

X

X

X X X X X
X

X X X X

X

Table 3: Comparison of MMAU-Pro with existing audio understanding and reasoning benchmarks across various statistics.

Long-Audio Understanding Previous benchmarks such
as MMAU (avg. 10.1 sec), MMAR (avg. 19.4 sec), and
MMSU (7.01 sec) primarily focus on short audio clips,
limiting evaluation to brief segments. Audio Flamingo 2
introduced long-audio perception with LALMs, motivated
by real-world applications such as video, podcast, and
movie analysis. This was followed by models like Qwen2.5-
Omni and Audio Flamingo 3. MMAU-Pro builds on re-
cent efforts such as LongAudioBench (Ghosh et al. 2025b)
and BLAB (Ahia et al. 2025) by incorporating long-form
audio inputs, categorized into four duration bins: short
(<£30s), medium (30s—3min), long (3-8min), and ultra-
long (8-10min), comprising 2,589; 1,897; 1,307; and 348
QA instances respectively. Long-form comprehension poses
unique challenges-such as locating sparse events (“needle in
a haystack™) and understanding narrative or temporal struc-
ture, which is explicitly tested in MMAU-Pro through spe-
cialized QA designs (more fine-grained stats and details in
Appendix B.4)

Multi-Audio Understanding While multi-image under-
standing has been extensively studied (Jiang et al. 2024;
Zhao et al. 2024; Li et al. 2025a), multi-audio understanding
remains largely underexplored. Although many real-world
use cases require understanding and reasoning over multi-
ple audio inputs, most frontier MLLMs with audio percep-
tion capabilities do not natively support multi-audio process-
ing. Chen et al. (2024c) make an initial attempt, and Audio
Flamingo 3 supports multi-audio multi-turn dialogue, but
lacks explicit multi-audio analysis support. MMAU-Pro ad-
dresses this gap by extending beyond single-audio QA. It in-
cludes 430 and 26 QA instances with two and three audios,
respectively, each requiring understanding all individual au-
dios for answering the QA correctly.

Multicultural Music Understanding

Most existing benchmarks evaluating music understanding
focus predominantly on Western music, overlooking the
rich diversity of global musical traditions. MMAU-Pro ex-
pands this scope by incorporating music from eight cultur-
ally distinct regions: African (21), Chinese (496), European
(54), Indian (112), Latin American (11), Middle Eastern (7),
Western (901), and Other Asian cultures (16). In Appendix
B, we show that models trained primarily on Western mu-
sic struggle with non-Western musical reasoning, highlight-
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ing the need to diversify training datasets for more inclusive
music understanding.

Spatial Audio Understanding Understanding properties
such as directionality, reverberation, and acoustic environ-
ment is a critical component of spatial awareness in au-
ditory intelligence. Unlike visual spatial reasoning, spatial
cues in audio often require multi-channel input. MMAU-Pro
includes 325 expertly curated QA pairs paired with binaural
recordings, designed to assess models’ ability to perceive
spatial relationships, such as sound direction and room char-
acteristics, requiring fine-grained spatial awareness.

Voice QA  As Al agents become more capable and widely
adopted, voice-to-voice interaction is poised to become the
default interface (Seaborn et al. 2021). However, enabling
faithful voice-based interaction requires more than just spo-
ken language understanding. It demands robust paralinguis-
tic comprehension, including age, emotion, demographic
cues, and urgency (Pias et al. 2024). Moreover, models
must process spoken content that extends beyond natu-
ral language-such as mathematical expressions and STEM-
related queries.

To evaluate these capabilities, MMAU-Pro introduces
questions that assess paralinguistic understanding, including
age, emotion, and urgency (see Appendix B.5). Additionally,
we convert STEM questions into spoken form using GPT-40
TTS to test voice-based comprehension of mathematical ex-
pressions. These tasks also allow us to probe the model’s
STEM reasoning abilities, a known challenge for MLLMs.
(see Section for analysis).

Instruction Following Enabling foundation models to
follow human instructions is essential for building con-
trollable and reliable AI assistants (Ouyang et al. 2022;
Chen et al. 2024a; Zhou et al. 2023a). However, evaluating
instruction-following remains challenging due to the open-
ended nature of many prompts (e.g., “Write a short poem
based on the sound you hear”) (Chen et al. 2024a; Wang
et al. 2024). To enable objective evaluation, we adopt the
constraint-based approach of Zhou et al. (2023b), framing
instruction-following as a verifiable subtask within MMAU-
Pro. Our design is further inspired by IFEval-Audio (Gao
et al. 2025), which introduced structured spoken instruction
evaluation for audio-language models.

We construct a dedicated subset with 87 constraint in-



Models Sound Music Speech Sound Speech Speech Sound-Mus. Spatial Voice Multi Open IF  Avg.
Music  Music  Sound Speech Audio ended
Random Choice 28.3 26.1 29.4 24.2 25.2 30.5 14.8 21.2 29.3 25.2 - - 234
Human 78.2 70.5 82.3 79.3 78.5 82.4 85.7 88.2 78.4 79.8 77.3 100 779
Large Audio Language Models
SALMONN 7B 322 44.9 38.3 22.0 34.8 28.4 28.6 26.5 36.5 11.4 312 339 345
SALMONN 13B 43.6 472 373 28.0 47.8 38.4 42.8 30.8 53.2 17.4 336 385 396
GAMA 454 412 29.8 24.0 27.9 27.3 14.8 12.0 28.4 20.2 242 317 332
DeSTA2 31.0 433 46.5 32.6 47.8 39.7 42.8 32.6 54.8 13.2 254 415 36.7
DeSTA2.5-Audio 357 48.2 49.9 22.0 36.9 35.2 28.6 28.0 51.0 19.8 364  46.5 40.6
BAT 28.9 22.7 259 30.0 23.9 25.0 14.8 23.7 24.5 20.2 246 31.8 248
Audio Flamingo 2 39.5 55.7 43.0 36.0 34.8 29.5 14.8 44.1 37.2 15.5 432 296 426
Phi4-MM 257 47.8 47.6 30.0 39.1 30.1 28.6 39.7 42.7 11.4 425 654 387
Kimi-Audio 46.0 57.6 522 46.0 54.3 48.9 42.8 43.7 50.6 17.2 345 423 46.6
Audio Flamingo 3 55.9 61.7 58.8 40.0 41.3 47.7 571 26.8 58.6 26.0 442 333 517
Gemma-3n-E2B-it 40.1 441 41.3 26.0 332 30.6 28.6 12.0 514 11.4 232 296 354
Gemma-3n-E4B-it 424 46.4 449 38.0 45.6 31.8 57.1 21.8 58.3 19.6 285 364 397
GPT4o-mini-Audio 402 597  66.1 353 422 559 . 428 120 527 224 416 197 483
GPT40-Audio 44.7 63.1 68.2 404 435 62.5 57.1 21.4 57.5 32.6 432 825 525
Large Audio Reasoning Models
RI-AQA 47.9 319 337 32.0 36.9 20.4 28.5 23.6 327 11.4 385 442 34.1
Audio-Reasoner 342 50.1 44.0 26.0 36.9 43.2 28.6 20.3 434 22.6 38.6 434 395
Mellow 27.6 329 27.9 24.0 34.8 27.3 14.3 23.7 28.3 20.8 214 235 275
Omni Models
Ming-Lite-Omni-1.5 47.9 56.2 49.1 30.0 39.1 454 42.8 31.7 44.5 374 4277 482 474
Baichuan-Omni-1.5 34.6 325 36.5 30.0 19.5 30.7 28.5 21.2 40.0 28.8 39.7 472 339
Qwen2.5-Omni-3B 38.5 60.3 53.9 40.0 45.6 46.6 42.8 28.9 46.5 11.4 47.6 584 46.1
Qwen2.5-Omni-7B 47.6 61.5 57.4 40.0 53.2 60.2 28.5 41.2 60.0 24.3 523 613 522
Gemini-2.0 Flash 484 569 695 396 576 559 28 346 686 265 668 942 557
Gemini-2.5 Flash 51.9 64.9 734 42.8 58.7 61.3 42.8 36.3 717 212 67.5 951 59.2
Cascaded Systems
Caption + GPT40 38.6 40.6 384 21.6 38.2 25.5 28.6 9.5 38.6 24.7 27.6 882 353
Captions + Qwen235B  36.4 41.3 36.1 18.6 37.4 24.5 14.3 5.8 35.6 22.5 256 855 337

Table 4: Accuracy of evaluated models on MMAU-Pro across single-modality tasks (Sound, Music, Speech), mixed-modality
tasks (Sound-Music, Speech—Music, Speech—Sound, Sound-Music—Speech), and specialized tasks (Spatial, Voice-chat, Multi-
Audio reasoning, Open-ended QA, Instruction-Following), along with overall weighted averages. Bold values highlight the
highest value and underlined values highlight the second-highest value in each category for each type of model.

stances drawn from 28 instruction types, grouped into
six categories (e.g., Length Constraints, Keyword Usage,
Format). Each instruction is paired with one of seven
open-ended prompt templates (e.g., “Describe the au-
dio”) and instantiated with variations to test robustness
across prompt styles. Final inputs are synthesized using
ChatterboxTTS (Resemble Al 2025), combining spo-
ken instructions with audio segments from the MMAU dataset
(e.g., speech, music, ambient sounds). We provide determin-
istic regex-based evaluation scripts for each constraint, en-
abling scalable, reproducible scoring in realistic conditions.

Experimental Setup

LALMs. We evaluate a wide range of Large
Audio-Language Models on the MMAU-Pro bench-
mark to assess their capabilities in long and short form
reasoning, spatial understanding, multicultural music
interpretation, and multi-audio comparisons.

Cascaded Systems. To evaluate the robustness of our
benchmark MMAU-Pro, we also conduct assessments on
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cascaded systems. In this approach, we first obtain captions
for sound and music, and transcripts for speech-based ques-
tions. Subsequently, we combine these captions and ques-
tions and pass them to text-only open and closed-source
Large Language Models (LLMs). These LLMs include
GPT-40 (OpenAl et al. 2024), one closed-source, state-of-
the-art LLM, and Qwen3-235B-A22B-Instruct (Yang et al.
2025), an open-source, instruction-tuned model. For obtain-
ing the captions of sound and music audios, we resort to
Audio Flamingo 3, and for obtaining the speech transcripts,
we use Whisper-Large-v3 (Radford et al. 2023).

Evaluation Strategy. To evaluate MCQs, we compute the
embedding of each answer choice using a pretrained trans-
former model, i.e, NV-Embed-v2 (Lee et al. 2024; Moreira
et al. 2024) in our case, and compare it to the model’s out-
put embedding for the question context. Rather than comput-
ing the question embedding directly, the model generates an
output vector representing its predicted response. This out-
put embedding is compared against the embeddings of all
available answer choices using cosine similarity. The choice



with the highest similarity is selected as the predicted an-
swer. The evaluation is then conducted by comparing this
prediction to the ground truth label. This embedding-based
selection strategy allows for semantically meaningful pre-
dictions even when explicit answer tokens are not generated,
and avoids reliance on string-based pattern matching. For
evaluating open-ended responses, we employ Qwen2.5-7B-
Instruct as a judge and provide it with the ground truth an-
swer and the prediction. We evaluate each model’s response
on 5 fronts - (i) Correctness: How factually accurate is the
response compared to the reference? (ii) Relevance: How
well does the response address the specific question asked?
(iii) Completeness: Does the response cover all important
aspects mentioned in the reference? and (iv) Clarity: How
clear and well-structured is the response? and we also ask
the LLM to assign an overall assessment score, which we re-
port in Table 4. For evaluating open-ended evaluations, we
first obtain scores on a scale of 1 to 5. Then, we convert
these scores into percentage values to ensure that all reported
scores remain on the same scale. We also evaluate LLM as a
judge vs Human annotation score, and find a high correlation
value to validate the strength of our LLM-as-a-judge frame-
work. We show these correlations on the MMAU-test-mini
and MMAR dataset in Appendix D. For evaluation of multi-
audio, for models that do not support multi-audio analysis,
we concatenate the audios with a silence of 2 seconds and
feed it to the model, and mention it in the prompt, whereas
for the models that support multiple audios, we feed them
sequentially.

Results and Discussion

Table 4 presents a comprehensive breakdown of model
performance across twelve main modalities. Several clear
patterns emerge. First, on the core single-modality tasks
(Sound, Music, Speech), most end-to-end LALMs achieve
only moderate accuracy (30-60%), with smaller models
such as SALMONN-7B and Phi4-MM-Instruct often be-
low 50%. Even the strongest open-source models Qwen2.5-
Omni-7B rarely exceed 65% on Music or Speech, indicating
that foundational audio understanding remains challenging.

Performance degrades further as tasks grow more com-
plex. On mixed modalities (Sound—Music, Speech—Music,
Speech—Sound, and three-way mixtures), accuracies typi-
cally fall into the 20-50% range. This suggests that models
cannot yet reliably fuse information across multiple audio
streams. A similar drop can be seen in the spatial audio un-
derstanding performance, where even the top models rarely
surpass 40%.

Voice-chat reasoning, which tests conversational and
world-knowledge, and STEM knowledge inference, also
exposes weaknesses, with most models scoring between
25% and 60%. Notably, Qwen2.5-Omni-7B and Gemini-2.5
Flash perform decently well on these tasks, scoring 60%
and 71.7% respectively, but smaller or less instruction-tuned
models often languish below 50%.

Multi-audio reasoning and open-ended question answer-
ing remain the most challenging tasks: no model surpasses
30% accuracy on the “Multi-Audio” subset, and open-ended
QA tops out at only 45% even for the largest models.
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For multiple-choice questions with four options, perfor-
mance may be inflated because models can rely on elim-
ination strategies or benefit from the higher probability of
guessing correctly (25%). To further stress-test this, we
expand certain questions to include 10 options and ob-
serve a substantial drop in accuracy as the number of op-
tions increases. Models like Mellow, Qwen2.5-Omni, and
AF3, which support multi-audio, still do not exceed 30%.
GPT4o0-Audio achieves slightly higher than 30%. Finally,
instruction-following (“IF”) is dominated by large closed-
source models.

In summary, while most closed-source LALMs can han-
dle many single-domain input tasks well, they still strug-
gle with nuances in audio like temporal understanding,
prosodic, and emotional reasoning. In addition, they strug-
gle much more with multi-audio analysis, spatial reasoning,
free-form answering, and instruction following. These areas
represent clear directions for future model and benchmark
development.

Do MLLMs Retain Skills Acquired from Text
Pre-training?

Performance on STEM QA. To examine whether mod-
els can effectively link audio understanding with text-based
knowledge and reasoning skills, we compare the STEM-
focused QA performance of AF3 (in “Think” mode) with
its base LLM, Qwen2.5-7B-Instruct. In this setup, Qwen2.5-
7B-Instruct is evaluated on the original text-only STEM
questions from the source dataset, while AF3+Think is eval-
uated on the corresponding audio-based MMAU-Pro Voice
STEM subset. Qwen2.5-7B-Instruct achieves 36.17% accu-
racy, whereas AF3+Think reaches only 31.91%. We identify
two possible causes: (i) AF3 may lose part of its text-based
math reasoning ability during audio fine-tuning—a gap that
could potentially be mitigated with high-quality instruction
tuning data; or (ii) an auditory perception gap, where the
model correctly interprets the audio and retains the neces-
sary reasoning skills, but fails to connect perception with
knowledge. Similar issues have been observed in LVLMs
(Ghosh et al. 2025a), where models demonstrate sufficient
reasoning ability in text form but struggle to bridge percep-
tion with understanding, a phenomenon described as the vi-
sual perception gap.

Instruction Following. We compare the performance of
AF3 and Qwen-2.5-Omni-7B on the instruction-following
subset of MMAU-Pro. For the Change Cases task, AF3 at-
tains 35.4% accuracy, whereas Qwen2.5-Omni-7B reaches
75.2%. On Detectable Format, AF3 fails to produce many
correct responses (8.6%), while Qwen2.5-Omni-7B cor-
rectly formats 40.3% of cases. In Length Constraints, AF3
scores 30.7% compared to 68.5% for Qwen2.5-Omni-7B.
AF3’s only relative strength appears on Detectable Content,
where it achieves 67.8% accuracy versus Qwen2.5-Omni-
7B’s 60.4%. The Keywords task again highlights the gap-
AF3 manages just 5.9% while Qwen2.5-Omni-7B succeeds
on 65.1%. Finally, for Multi-Part Response, AF3 records
55.6% accuracy compared with 60.8% for Qwen2.5-Omni-
7B. This consistent advantage for Qwen2.5-Omni-7B on five
of six subtasks underscores the crucial role of extensive text-



only pretraining and instruction-tuning: without a robust tex-
tual instruction corpus, AF3’s performance on language-
centric directives remains significantly weaker despite its
strong audio understanding and reasoning ability.

Conclusion, Limitations and Future Work

In this paper, we introduced MMAU-Pro, a comprehen-
sive benchmark designed to holistically evaluate general au-
dio intelligence in multimodal language models. MMAU-
Pro advances prior efforts by incorporating 5,305 expert-
annotated QA pairs spanning 49 diverse skills across speech,
sounds, music, and their combinations. The benchmark in-
troduces several key innovations, including long-audio un-
derstanding, multi-audio reasoning, spatial audio compre-
hension, multicultural music understanding, instruction fol-
lowing, etc. These tasks mirror real-world challenges and
require advanced perception, contextual understanding, and
complex reasoning. Our evaluation across open and propri-
etary LALMs demonstrates that even the strongest models
struggle across several categories. Of course, humans are
able to do amazing feats with the sound they hear, and to
truly benchmark an audio model’s ability to do all of these
will always be a work in progress, and we do not claim to
explore all dimensions of audio processing/reasoning ability
in the benchmark.

As part of future work, we plan to: (i) further expand the
scale of MMAU-Pro to include more languages and low-
resource acoustic environments; (ii) introduce dynamic and
interactive audio tasks, such as real-time reasoning over
streaming audio; (iii) refine instruction-following evalua-
tion with free-form generation and adversarial constraints;
and (iv) develop better metrics for evaluating paralinguistic
understanding and culturally-grounded reasoning. We hope
MMAU-Pro serves as a stepping stone toward developing
more capable and general-purpose audio-language models.
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