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Abstract

Existing audio question answering benchmarks
largely emphasize sound event classification or
caption-grounded queries, often enabling mod-
els to succeed through short-duration cues, lexi-
cal priors, or dataset-specific biases rather than
reasoning. Thus, we present AUDITA (Audio
Understanding from Diverse Internet Trivia
Authors), a large-scale, real-world benchmark
to rigorously evaluate audio reasoning beyond
surface-level acoustic recognition. AUDITA!
comprises carefully curated, human-authored
trivia questions grounded in real-world au-
dio, explicitly designed to introduce adversar-
ial distractors, long-range temporal dependen-
cies, through probing queries that cannot be an-
swered from isolated text or sound cues alone.
A human average accuracy of 32.13% shows
both the challenge of the task while demonstrat-
ing meaningful comprehension of the audio. In
stark contrast, state-of-the-art audio question
answering models perform poorly, with average
accuracy below 7.97%. Beyond raw accuracy,
we apply Item Response Theory (IRT) to esti-
mate latent proficiency, question difficulty, and
expose systematic deficiencies of the models
and data.

1 Introduction

Question answering (QA) has a rich history in NLP,
originating from early evaluation campaigns such
as TREC QA (Voorhees and Tice, 1999) and ex-
panding well beyond its textual roots. Large-scale
benchmarks like SQuAD (Rajpurkar et al., 2016)
catalyzed rapid progress in text-based QA, enabling
large language models to achieve near- or superhu-
man performance on many tasks (Chowdhery et al.,
2023; OpenAl, 2023). However, this impressive
success has not uniformly translated across modali-
ties. Audio question answering (Audio QA), which
requires understanding and reasoning over complex
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auditory inputs, remains a significant challenge de-
spite advances in speech recognition (Baevski et al.,
2020), audio tagging (Kong et al., 2020; Gong et al.,
2021; Hershey et al., 2017), and multimodal mod-
eling (Guzhov et al., 2022; Elizalde et al., 2023).

Humans naturally perform intricate auditory rea-
soning tasks that go beyond simple acoustic recog-
nition. Yet, many widely used audio datasets fall
short of capturing this complexity. Existing bench-
marks like VGGSound (Chen et al., 2020) largely
focus on closed-set sound classification, e.g., la-
beling sounds as “engine” or “applause”’, empha-
sizing surface-level auditory features. Captioning
datasets such as Clotho (Drossos et al., 2020) pri-
oritize enumerating audible elements, rather than
posing probing questions requiring deeper reason-
ing. As a result, strong model performance on
these datasets often reflects proficiency in tagging
or leveraging language biases rather than true audi-
tory understanding.

Moreover, many existing Audio QA datasets rely
on synthetic or templated audio scenes (Fayek and
Johnson, 2020; Li et al., 2022) or predominantly
feature spoken language (Kim et al., 2019). Such
design choices enable models to exploit linguistic
regularities, sometimes producing correct answers
even with degraded or absent audio input (Agrawal
et al., 2016; Jabri et al., 2016). The prevalence
of templated or formulaic questions increases pre-
dictability, inflating model accuracy through lan-
guage priors rather than genuine auditory reasoning
(Section 2). Crucially, these datasets rarely include
systematic human performance baselines, making
it difficult to distinguish between model limitations
and dataset artifacts- a concern highlighted in re-
cent works advocating for Item Response Theory
(IRT)-based evaluations to improve benchmark re-
liability (Lalor et al., 2019; Cardoso et al., 2022).

In response to these shortcomings, we present
AUDITA (Section 3), a large-scale benchmark com-
posed of human-authored, probing audio trivia



questions sourced from real-world domains such as
trivia competitions, archival media, and podcasts.
Unlike prior work, AUDITA avoids fixed sound
classes, synthetic scenes, and templated question
formats. Instead, it focuses on naturally occur-
ring, challenging questions that require attentive
listening and auditory reasoning, with human re-
solvability as a core design principle.

The questions in AUDITA, carefully crafted to
probe (Rogers et al., 2023), use latent auditory com-
petencies beyond surface recognition or fact recall.
Examples include identifying a film from an orches-
tral theme or recognizing a speaker from a voice
excerpt. These tasks demand multi-cue integration
and cross-modal reasoning, spanning diverse au-
ditory phenomena such as music, language recog-
nition, speaker identification, and environmental
sounds. Importantly, AUDITA features natural lin-
guistic variability and adversarial question design,
explicitly avoiding formulaic patterns that could
inflate model performance via language biases. We
asked skilled humans to answer these questions,
and their reliable performance, measured as best-
per-category accuracy, establishes robust human
upper bounds.

Under this metric (Section 4), humans’ best-
per-category accuracy is 69.17% on open-ended
questions and 86.67% on multiple-choice ques-
tions, with near-perfect performance in categories
like person identification and musical elements.
In stark contrast, state-of-the-art audio and mul-
timodal models perform near chance, with accura-
cies below 7.97%, demonstrating a substantial gap
in auditory reasoning capabilities.

IRT analysis (Hambleton et al., 1991) further
elucidates this gap (Section 5), revealing a clear
separation between human and model ability, un-
derscoring that Audio QA remains far from su-
perhuman. This human-grounded psychometric
evaluation also helps identify ambiguous or under-
specified items. In contrast, models outperform
humans primarily on narrow tasks involving iso-
lated command recognition or highly structured
synthetic sounds-regimes that poorly represent the
demands of real-world Audio QA.

Our contributions are threefold: (1) a novel
benchmark that stresses open-ended, multi-cue
auditory reasoning over longer, diverse clips includ-
ing music, speech, and environmental sounds; (2)
human performance baselines revealing a wide
and consistent gap between expert listeners and
current models; and (3) psychometric evaluation

using IRT to provide detailed insights into question
difficulty, human-model agreement, and residual
model weaknesses.

2  Why Audio QA Requires Better
Questions

Recent advances in text-based question answer-
ing (QA) and large language model training have
underscored that dataset quality is as important
as model architecture. Poorly designed questions
introduce ambiguity (Min et al., 2020), false pre-
suppositions (Yu et al., 2023), unreliable super-
vision, and exploitable shortcuts, resulting in in-
flated model performance and unstable evaluations.
Consequently, text QA research has increasingly
emphasized careful question design, human cali-
bration, and adversarial evaluation to ensure bench-
marks truly test reasoning rather than dataset arti-
facts.

Many of these failure modes identified in text
QA also appear in audio question answering (Audio
QA) datasets. We uncover these issues specifically
by applying Item Response Theory (IRT), which
analyzes question difficulty (b) and discrimination
(a) parameters to reveal how well questions differ-
entiate between high- and low-ability models or
annotators.

Table 7 and 8 summarizes common issues across
several popular Audio QA datasets, illustrating
these problems with concrete examples and IRT-
based evidence. Ambiguity, a central challenge
extensively studied by (Min et al., 2020), occurs
when questions admit multiple plausible answers
or interpretations. For example, in Clotho-Audio
QA (Drossos et al., 2020), questions like “What
animal is making the sound?” receive different yet
valid responses such as “bird” or “dog”, as both
are in the corresponding clip reflecting overlapping
audio sources or vague wording. This ambiguity
results in low discrimination scores (e.g., a = 0.35
in VGGSound QA, Table 7, row 1) and low feasi-
bility.

False presuppositions, well-documented in text
QA (Yu et al., 2023), appear in Audio QA datasets
such as FSD50K (Fonseca et al., 2022), where ques-
tions assume the presence of pattern in the sound
clip (e.g., “What is the most notable thing about
the pattern of the sound event that we hear?”) that
may not occur in the audio clip. This misalignment
confuses annotators and models alike, leading to
unreliable supervision (Table 8).



IRT diagnostics further highlight weak ground-
ing and shortcut learning, particularly in caption-
derived datasets like AudioCaps QA (Kim et al.,
2019) and AudioSet QA (Gemmeke et al., 2017).
Questions such as “Is someone laughing?” or “Is
there music playing?” often exhibit low discrimi-
nation (a¢ ~ 0.28) and can be answered correctly
without audio by exploiting metadata or captions
(Table 7, rows 3 and 4). These shortcuts undermine
genuine auditory reasoning.

Underspecified answer keys also plague datasets;
for instance, multiple lexical variants (e.g., “dog”,
“puppy”’, “hound”) are treated as distinct answers
in MUSIC-21 QA (Christodoulou et al., 2025) and
Clotho-Audio QA, increasing noise and evaluation
difficulty.

Lastly, overlapping audio sources common in
real-world recordings exacerbate ambiguity, as
seen in VGGSound QA and AudioCaps QA (Ta-
ble 8, row 1). When multiple sounds occur simulta-
neously, it becomes difficult to isolate and identify
the target audio event, complicating annotation and
reducing question clarity.

Addressing these issues requires the design of
human-authored, probing questions with clear, ver-
ifiable, audio-anchored answers to enable robust
evaluation of auditory reasoning beyond superficial
pattern recognition.

3 Audio Questions for Triva Experts

We focus on a benchmark of human-authored
audio questions designed by knowledgeable ex-
perts to test auditory and multimodal reasoning
skills. This approach aligns with what Rogers
et al. (2023) call the “probing” paradigm and Ro-
driguez and Boyd-Graber (2021) term the Manch-
ester paradigm, where questions are crafted explic-
itly to evaluate human-level understanding. While
probing-style questions are common in text-only
QA datasets such as TriviaQA (Joshi et al., 2017),
they remain underexplored in the audio domain.

We scrape questions from publicly available on-
line audio tests, reflecting a broader practice across
various communities- such as educators, trivia en-
thusiasts, and researchers- that release question sets
to facilitate human study and benchmarking. This
openness aligns with the Manchester paradigm’s
emphasis on carefully crafted questions designed
to probe deep understanding.

However, unlike text-based questions, audio
question answering (Audio QA) requires additional

Total Unique Au- Avg. Ques. Avg. Audio Audio Duration Range

Ques- dio Clips Length Duration (s) (s)
tions (words)
9,690 8,713 12.47 36.98 0.42-478.33

Table 1: Summary statistics describing the scale and
structure of the AUDITA Benchmark Dataset.

effort to segment continuous audio content into dis-
crete, independently answerable questions that can
be posed one at a time to either humans or ma-
chines. For instance, many examples have text
instructions that apply to all of the following ex-
amples: e.g., “how many wheels to each of the
following vehicles have”, followed by the sound
that each of the vehicles makes.

Another difficulty is that many of the questions
are pyramidal. Pyramidal questions are structured
so that clues are presented sequentially, from broad
to specific, allowing participants to answer as soon
as they recognize the target answer. This format is
well established in text-based trivia, with QuizBowl
serving as a canonical example (Rodriguez et al.,
2019).

While text-based pyramidal questions consist of
clearly delineated sentences, audio pyramidal ques-
tions introduce additional complexity. They require
segmenting continuous audio streams into discrete,
ordered clues aligned with question prompts, pos-
ing unique challenges for both human and machine
comprehension.

In total, AUDITA contains 9690 audio-question
pairs, providing a valuable resource for studying
audio question answering. Tables 1 report the
dataset’s scale and structure.

Audio Pyramidal Trivia Two publicly available
repositories (Rodriguez et al., 2019) collect audio-
based pyramidal trivia questions originally created
for competitive human play. While inspired by the
QuizBowl tradition, these datasets differ from stan-
dard text QuizBowl corpora in that each question is
composed of multiple audio clips rather than a sin-
gle textual prompt. The clips are ordered to provide
progressively more distinctive evidence, mirroring
the pyramidal structure used in text QuizBowl. For
example, an artist-identification question may be-
gin with obscure recordings and end with a widely
recognized song. Most collections focus on mu-
sic, while the SoundTrack set emphasizes film and
television audio.

Quizmasters Website The Quizmasters web-
site (Quizmasters, 2025) hosts curated collections
of short audio clips organized by auditory skill



Statistic Pavements  Audio- Quizmasters External
Packets Sources
Questions (%) 6.94% 17.02% 42.70% 33.33%
Avg. Audio Duration (s) 63.42 65.25 41.81 13.75
Avg. Ques. Length 6.56 4.68 14.54 12.04

Table 2: Distribution of questions in the AUDITA Bench-
mark Dataset by source, with audio duration and ques-
tion length statistics.

category, originally created for pub quiz-style
challenges, but without accompanying questions.
These collections are designed to probe specific
listening abilities, such as recognizing transformed
audio (e.g., reversed or filtered signals) or identi-
fying less common musical material. We convert
these collections into an audio question answer-
ing format by attaching human-authored questions
aligned with each category’s intended challenge. In
addition to question—answer pairs, we retain clip-
level metadata such as duration and sampling rate.

PAVEMENT The PAVEMENT dataset (Pavao,
2025) consists of audio-based pyramidal trivia
questions written for human competition. Simi-
lar to text QuizBowl, questions are structured as
sequences of increasingly revealing clues, but are
realized through audio rather than text. Many ques-
tions include annotations specifying acceptable an-
swers or clarifications, which we preserve. For
evaluation, we segment each pyramidal question
into individual audio—question pairs corresponding
to its constituent clues.

To ensure correctness and consistency, we per-
form dataset cleaning and normalization, including
verifying audio—question alignment and standard-
izing formatting. Details of the scraping, clean-
ing, and normalization procedures are provided in
Appendix A. Table 2 presents the distribution of
questions by source.

Data Preparation

AUDITA is prepared in three stages: extraction
and alignment, normalization, and categoriza-
tion to ensure consistent, human-readable au-
dio—question—answer triples suitable for evalua-
tion. We extract and align question prompts and
answers with audio clips from diverse sources, cor-
recting indexing where needed. Normalization
cleans encoding artifacts, standardizes formatting
(e.g., QuizBowl markup removal), and uses GPT-
4o-mini for context-aware answer rewriting when
necessary (e.g., raw text: _201cPath00e9tique201d
Sonata_ [or _Beethoven2019s Piano Sonata No.

8_in C minor, _Op. 13_ (accept any underlined
part) — Pathetique Sonata or Beethoven’s Piano
Sonata No. 8 in C minor or Sonata No. 8 in C
minor ). Further details on these procedures are
provided in the Appendix A.

Categorization and consolidation. Because our
dataset- and audio question answering benchmarks
more broadly- span a wide range of auditory phe-
nomena and reasoning skills, we organize ques-
tions into semantic categories. This categorization
serves two complementary purposes. First, it en-
ables fine-grained analysis of model performance,
allowing us to identify domain-specific strengths
and weaknesses (e.g., music recognition versus en-
vironmental sound reasoning). Second, because
our human-centered QA task is designed for skilled
participants, category information allows humans
to select questions aligned with their expertise, sup-
porting more effective allocation of human effort.

We categorize every question. Each item is
initially assigned to one of six high-level cate-
gories with 26 total subcategories using GPT-4o-
mini. For evaluation and presentation, we then col-
lapse this hierarchy into six clearly defined, human-
interpretable categories that are exposed to partici-
pants and used consistently throughout the paper:
Cultural Geography in Sound, Name The Music:
Songs, Artists & Composers, Who’s Who? Name
That Persona, Elements of Musical Works, Pop Cul-
ture and Media, and Environmental and Acoustic
Sound Recognition. This mapping is one-to-one at
the main-category level and is applied uniformly
across all data sources (Table 3).

MCQ generation We create MCQ variants with
one correct answer and three human-authored dis-
tractors that are acoustically and semantically plau-
sible, sharing surface cues while differing in deci-
sive auditory evidence. This limits shortcut strate-
gies and ensures MCQ accuracy reflects audio rea-
soning rather than text bias.

Positioning relative to prior Audio QA bench-
marks Prior Audio QA resources typically em-
phasize: (i) closed-set recognition and event label-
ing, (ii) caption- or metadata-derived QA, (iii) syn-
thetic or templated audio scenes, and (iv) speech-
centric QA reducing to ASR plus text QA. MMAU
summarizes this landscape as spanning informa-
tion extraction and reasoning tasks, noting systems
remain far behind humans on a human-evaluated
split (Sakshi et al., 2024). AUDITA targets a miss-



Statistic Who’s Who? Cultural Geogra- Name The Music: Pop Culture and Elements of Musi- Environmental and
Name That Per- phy in Sound Songs, Artists & Media cal Works Acoustic Sound Recog-
sona Composers nition

% Questions 7.66% 4.56% 26.60% 19.13% 7.80% 34.24%

Avg. Audio Duration (s) 21.25 64.14 41.63 68.95 58.70 10.43

Avg. Question Length (words) 13.41 8.21 9.86 13.94 8.56 25.27

Table 3: Breakdown of questions in the AUDITA Benchmark Dataset by category, with average audio durations and

question lengths.

ing regime: probing audio trivia requiring audio-
to-referent grounding (linking audio to specific
real-world referents like songs or films) and long-
range cue integration, beyond short acoustic cues
or caption-level descriptions.

3.1 Dataset Composition

AUDITA contains 9690 questions: 6460 human-
authored questions designed for human evalua-
tion and 3230 questions from external benchmarks.
The human-authored portion consists of 2322
pyramidal-style questions (673 from Pavements
and 1649 from Audio-Packets) and 4138 trivia-
style questions from Quizmasters. All human-
authored questions are closed-ended with discrete,
verifiable answers.

The external portion comprises 2907 questions
from OpenAudio QA (90%) and 323 questions
from ClothoAudio QA (10%) (Gong et al., 2023b;
Lipping et al., 2022). By question type, the exter-
nal set contains 1,205 closed-ended questions (882
from OpenAudio QA and 323 from ClothoAQA)
and 2025 open-ended questions (all from Ope-
nAQA) that require semantic evaluation rather than
exact string matching.

Across the dataset, human evaluation collected
1517 human guesses-individual answer attempts by
participants- providing a reliable set of judgments
to benchmark model performance. In the next sec-
tion, we describe our evaluation framework, which
leverages these human guesses to jointly model
question properties and participant abilities.

4 How hard is AUDITA for Humans and
Computers

We evaluate the proposed dataset using both state-
of-the-art audio-language models and human par-
ticipants in order to characterize its difficulty, ad-
versarial nature, and suitability for evaluating gen-
uine auditory reasoning. We collect both free-form
text and multiple-choice (MCQ) responses from
humans and models to better understand question
ambiguity, scale difficulty, and keep the task engag-
ing. Free-form answers reveal the variety in how

people interpret questions- for example, synonyms
or partial answers-which helps identify ambiguous
or tricky items. MCQs, by contrast, simplify the
task and make it easier to scale evaluations, while
allowing us to test how well participants can choose
the correct answer among plausible distractors. Us-
ing both formats lets us capture richer data and
more precisely measure reasoning abilities. Both
models and humans are evaluated under the same
input and evaluation conditions.

4.1 Models

We evaluate 16 open-source audio—multimodal
models with mid-scale language backbones (ap-
proximately 4B—13B parameters), grouped into
three capability classes. Omnimodal models (6)
support unified understanding across text, audio,
vision, and video, with both text and speech gen-
eration. Audio—language models (4) focus on au-
dio understanding with text-only outputs, while
speech-capable models (6) emphasize speech
recognition and generation, including both speech-
first and modular architectures.

This taxonomy reflects the diversity of AUDITA
questions: some require speech or lyric understand-
ing, others test purely acoustic reasoning over mu-
sic or environmental sounds, and some benefit from
broader multimodal context. Evaluating across ca-
pability groups enables analysis of whether failures
are systematic or capability-specific, analogous to
how humans identify songs via lyrics or melody.
All models are evaluated using publicly released
checkpoints with recommended inference settings
and no task-specific fine-tuning. Full model details
are provided in Appendix B.

4.2 Answer Formats

We evaluate two answer settings:

Free-Response Question Answering. In the
free-response setting, models generate open-ended
textual answers. Generated responses are evaluated
using the PEDANT (Li et al., 2024) framework,
which determines semantic equivalence between



model outputs and reference answers through struc-
tured normalization and equivalence rules, rather
than relying on exact string matching.

Multiple-Choice Question Answering (MCQ).
In the MCQ setting, models are given a fixed set
of candidate answers and must select the correct
option. We convert model outputs to a choice via
either explicit option selection or scoring each can-
didate independently, depending on model capa-
bilities. Accuracy is reported as the fraction of
correctly answered questions.

4.3 Human Evaluation

To contextualize model performance, we also eval-
uate human accuracy. Human participants listen
to the same audio clips and answer the same ques-
tions under controlled conditions. Participants are
not given access to transcripts or external informa-
tion and are instructed to rely solely on the audio
content.

Human responses are collected for both the
multiple-choice and free-response settings. Accu-
racy is computed using the same evaluation criteria
applied to models for both MCQ and free-response.

To benchmark against prior work, we in-
clude minimally processed questions from Ope-
nAQA (Gong et al., 2023b) and ClothoAQA (Lip-
ping et al., 2022), applying filtering to remove unan-
swerable items.

4.4 Input Representation

To fairly evaluate both humans and computational
models on our audio question answering task, we
ensure consistent presentation of audio and ques-
tions. Each example consists of an audio clip paired
with a natural-language question, presented ver-
batim without templating or normalization. For
human participants, audio clips are provided in a
standardized playback format.

For computational models, audio inputs are uni-
formly preprocessed: audio is converted to mono
and resampled to the sample rate expected by
each model. Depending on the model’s input re-
quirements, we supply either raw waveform audio
or alternative audio representations such as log-
mel spectrograms or codec tokens, following each
model’s prescribed preprocessing pipeline. This
consistency supports fair comparison across diverse
model architectures and implementations.

5 Empirical Analysis of AUDITA

We analyze human and model responses to the fixed
audio—question pairs of AUDITA following the pro-
tocol in Section 4. While we report aggregate ac-
curacy for comparability with prior work, accuracy
alone is known to obscure important structure in
QA benchmarks.

Prior psychometric work shows that questions
vary substantially in difficulty and informativeness,
and that some items contribute little to evaluating
reasoning ability despite equal weighting in accu-
racy (Lalor et al., 2016). Related studies demon-
strate that apparent gains on leaderboards may
be driven by easy or artifact-laden items rather
than genuine improvements in reasoning or per-
ception (Rodriguez and Boyd-Graber, 2021; Ro-
driguez et al., 2021). Motivated by these findings,
we apply Item Response Theory (IRT) to character-
ize item difficulty and responder ability in Audio
QA.

Table 4 reports accuracy alongside IRT ability
estimates for humans and models. Humans sub-
stantially outperform all models under both met-
rics. System rankings are broadly consistent across
accuracy and ability.

To localize this gap, Figure 1 presents category-
level accuracy alongside mean item difficulty. Cat-
egories involving music recognition and environ-
mental sound inference combine high difficulty
with low model accuracy, while humans remain re-
liable. This alignment suggests that model failures
arise from intrinsic auditory challenges rather than
annotation noise or scoring artifacts.

Accuracy alone cannot distinguish uniformly dif-
ficult questions from systematic reasoning failures.
Figure 2 shows the IRT ability distributions for hu-
mans and models on a shared scale. Models cluster
in a narrower, substantially lower ability range than
humans, revealing limited robustness as question
difficulty increases.

We analyze item-level performance in Figure 3,
showing both humans and models do well on easy
items, but the gap widens as difficulty rises, with
humans outperforming models on hard questions.
Questions tend to be easier when they contain clear,
distinctive audio cues, familiar sounds, or require
minimal temporal integration. Such questions have
lower IRT difficulty (b) values, reflecting their rel-
ative simplicity for both humans and models. Ta-
ble 5 compares performance across prior Audio QA
datasets and AUDITA. While models achieve some-



System Accuracy (% )(Text) Ability 6 (Text) Ability SD MCQ Accuracy (%) Ability 6 (MCQ) Ability SD
(Text) o(MCQ)
Humans 32.13 0.05 0.26 60.16 0.08 0.25
Models 7.97 —2.91 0.55 12.98 -2.45 0.54
Model Text Accuracy (%) Text Ability (6) Text Rank MCQ Accuracy (%) MCQ Ability (6) MCQ Rank
Qwen2.5-Omni (Xu et al., 2025a) 10.01 -2.16 1 21.021 -1.76 2
AudioGPT (Huang et al., 2024) 8.98 -2.31 2 23.49 -1.61 1
OpenOmni (Luo et al., 2025) 7.99 -2.45 3 16.01 -2.06 4
Audio-Flamingo (Kong et al., 2024) 7.77 -2.49 4 13.99 -2.11 6
Phi-4-Multimodal (Abouelenin et al., 2025) 7.49 -2.54 5 15.73 -2.09 5
Qwen3-Omni (Xu et al., 2025b) 6.87 -2.62 6 18.89 -2.04 3
LTU-AS (Gong et al., 2023a) 6.69 -2.62 7 13.81 -2.11 7
Qwen-2 Audio (Chu et al., 2024) 6.53 -2.70 8 13.72 -2.31 8
Baichuan-Omni-1.5 (Li et al., 2025) 6.49 -2.71 9 13.63 =243 9
VITA-1.5 (Fu et al., 2025) 5.76 -2.81 10 12.59 -2.71 10
Mini-Omni2 (Xie and Wu, 2024) 4.85 -3.03 11 8.74 -2.78 12
SpeechGPT (Zhang et al., 2023) 3.99 -3.28 12 12.38 -2.71 11
SALMONN-2 (Tang et al., 2025) 2.77 -3.60 13 5.68 -3.31 15
SALMONN-2+ (Tang et al., 2025) 2.62 -3.61 14 6.28 -2.89 14
MU-LLaMA (Liu et al., 2024) 2.19 -3.61 15 7.48 -2.81 13
SALMONN (Tang et al., 2024) 1.99 -4.00 16 4.18 -3.40 16

Table 4: This table presents accuracy and IRT-based ability estimates with standard deviations for humans and
models on text and MCQ audio question answering tasks. Accuracy measures raw correctness, while IRT ability (6)
quantifies latent skill considering item difficulty. The data highlights the gap between human and model performance,

and variability in skill across systems.
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Figure 2: Distributions of IRT ability parameters ()
for humans (blue) and models (orange) are shown on
a shared scale. Kernel density estimates highlight that
humans cluster at higher 8, with dashed lines marking
each group’s ability range. This reflects humans’ supe-
rior performance and a clear latent ability gap between
humans and models despite model variability.

what higher accuracy on some earlier benchmarks
(like External Datasets), their estimated abilities
(0) cluster tightly with lower variability, suggesting
those datasets contain fewer difficult questions that
truly test reasoning. In contrast, AUDITA presents
a wider range of question difficulties and larger
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Figure 3: Item accuracy plotted against item difficulty
(b) for humans (blue) and models (orange). Humans
generally show higher accuracy than models across dif-
ficulties; however, some human accuracy values drop
to zero due to sparsity of responses on certain items.
The trend lines, highlight the widening performance gap
between humans and models.

gaps between human and model performance, high-
lighting more challenging items that better expose
model weaknesses. Table 9 presents top discrimi-
nator questions that best separate human and model
performance. Together, accuracy and IRT reveal
that current Audio QA models lag significantly be-



Text Questions

Dataset Modality Acc (%) Mean 6 SD o
Pavements Human 35.28 0.09 1.74
Pavements Model 4.26 -2.81 0.60
Audio-Packets Human 34.24 0.08 0.61
Audio-Packets Model 8.89 -2.03 0.67
Quizmasters Human 21.34 0.03 0.91
Quizmasters Model 1.58 -3.88 0.62
External Datasets Human 25.79 0.05 0.51
External Datasets Model 13.49 -1.45 0.51
MCQ Questions
Dataset Modality Acc (%) Mean 6 SD o
Pavements Human 53.90 0.11 1.75
Pavements Model 5.89 -2.33 0.61
Audio-Packets Human 61.21 0.13 0.62
Audio-Packets Model 11.76 -1.83 0.65
Quizmasters Human 50.31 0.10 0.93
Quizmasters Model 3.04 -2.70 0.62
External Datasets Human 74.30 0.15 0.49
External Datasets Model 20.59 -1.11 0.50

Table 5: Comparison of accuracy and mean ability (6)
across datasets, modalities (human vs. model), and ques-
tion types (Text vs. MCQ) shows humans consistently
outperform models. Pavements and Audio-Packets yield
moderate human accuracy (=30-60%) with positive
abilities, while models score lower with negative abil-
ities. Quizmasters is more challenging, especially for
models. External datasets show the highest human ac-
curacy, notably on MCQs. These results reveal clear
human-model gaps and varying task difficulty by dataset
and question type.

hind humans on difficult, real-world tasks—exactly
the challenge this benchmark targets.

Further analysis reveals variation across question
categories. Environmental sounds and complex
music are difficult for models, though humans per-
form well, showing models struggle with nuanced
audio. Models often confuse similar clips or miss
long-term cues. They do better on multiple-choice
questions but gaps remain. IRT shows models fail
more on hardest items, exposing limits in audio
reasoning. Human responses are consistent, vali-
dating the benchmark, while models show higher
variance, indicating room for improvement.

Interpreting human accuracy AUDITA consists
of open-ended audio trivia with a very large effec-
tive answer space, making chance performance in
free response effectively zero. In multiple-choice,
chance accuracy is 1/K (e.g., 25% for K = 4),
yet humans substantially exceed this baseline un-
der identical conditions. Open-answer scoring is
intentionally strict—many items admit plausible
near-misses (e.g., confusing franchise installments
or covers vs. originals)—so even moderate free-
response accuracy reflects meaningful auditory rea-
soning rather than guessing, consistent with human

baselines reported by MMAU (Sakshi et al., 2024).

6 Related Work

Audio Question Answering (AQA) is an emerg-
ing field with relatively few datasets, many of
which impose constraints limiting evaluation of
genuine auditory reasoning. Early datasets like
CLEAR (Lin et al., 2021) and DAQA (Fayek
and Johnson, 2020) use synthetic audio or fixed
vocabularies with templated questions, restrict-
ing linguistic diversity and encouraging short-
cut learning. More naturalistic datasets such as
ClothoAQA (Drossos et al., 2020) and Music-
AVQA (Li et al., 2022) still rely heavily on caption-
derived or formulaic questions, allowing models
to exploit text priors and metadata instead of true
audio understanding.

Existing benchmarks rarely provide human per-
formance baselines, complicating assessment of
difficulty and model shortcomings (Lalor et al.,
2019). Recent studies demonstrate that state-of-
the-art audio—language models remain vulnerable
to misleading textual cues and perform poorly on
open-ended, information-seeking questions requir-
ing multi-cue integration and real-world knowl-
edge (Wang et al., 2025a). Unlike textual and vi-
sual QA, adversarial human-authored Audio QA
datasets are scarce. Appendix C provides detailed
discussion and examples of limitations in exist-
ing Audio QA datasets and where models show
superhuman performance on narrow audio tasks
(Table 12). AUDITA fills this gap by providing
a large-scale, human-authored, adversarial bench-
mark with naturally occurring trivia questions that
require genuine auditory reasoning beyond surface
recognition or caption matching.

7 Conclusion

We present AUDITA, a benchmark of human-
authored, probing audio questions from real-world
sources that captures the complexity of genuine au-
ditory reasoning. Designed for human solvability,
it provides a clear baseline for evaluating model
understanding beyond synthetic or templated tasks.
Our evaluations show a clear gap between humans
and models, revealing limits in processing acoustic
cues, context, and time. IRT analysis highlights key
differences in reasoning. AUDITA helps pinpoint
model weaknesses and dataset challenges, guiding
future work toward better audio understanding.



8 Limitations

Our evaluation targets out-of-the-box performance
of locally runnable, open-checkpoint models in a
mid-scale regime, and we do not claim to cover
the full space of proprietary or cloud-only systems.
Larger closed models may improve absolute accu-
racy, but the scale question is discussed directly
in Appendix D.1, including why scale alone is
unlikely to close the gap we observe on a diffi-
cult, human-authored benchmark. We also do not
run full scaling sweeps across cloud-scale systems
because evaluating 9,690 items with audio inputs
would impose substantial cost.

We intentionally evaluate end-to-end model be-
havior without external tool augmentation. In par-
ticular, we do not benchmark pipelines that add
ASR plus retrieval, music fingerprinting, database
lookups, or web search. These systems are rele-
vant in practice and may reduce errors on referent-
linking items, but they measure a different capabil-
ity than the audio-grounded reasoning we aim to
isolate. Relatedly, we evaluate all systems in an au-
dio+question to text-answer setting for consistency,
even when a model can generate speech, which
may understate the value of speech-first interaction
designs in real deployments.

Our psychometric analysis depends on the
breadth and quality of human responses. While
IRT helps separate item difficulty from responder
ability, it can still be affected by annotator variabil-
ity and by items where the audio is noisy, overlap-
ping, or underspecified. Human participants are
also not uniformly “trivia experts,” so aggregate
human accuracy should be interpreted as a baseline
rather than a ceiling. Finally, although AUDITA is
deliberately sourced from real-world domains, it
is still shaped by the distribution of publicly avail-
able audio trivia and by English-centric question
writing, which may limit generalization to other
languages, accents, and niche audio domains.

AUDITA contains short audio clips (averaging
37 seconds) from publicly available trivia sources,
following practices established by multimedia QA
benchmarks such as TVQA (Lei et al., 2018). We
will release stable metadata and acquisition scripts
to support reproducibility.

9 Ethical Considerations

Human evaluation was conducted under Institu-
tional Review Board (IRB) approval and informed
consent. We collected participant email addresses

solely to deliver remuneration. Emails are stored se-
curely, are not used for analysis, and are not linked
to response data in the released benchmark or re-
ported results. Aside from compensation logistics,
we do not collect additional personally identifying
information, and we analyze results in anonymized
form.
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A Data Collection and Processing Details

Quizmasters Website The Quizmasters web-
site” publishes standalone audio clips grouped un-
der categorical umbrellas, but without associated
questions. These clips range from 3 to 40 seconds

2h’ctps ://www.thequizmasters.biz/
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in length and are organized into categories that ei-
ther apply audio transformations (e.g., reversal) or
present challenging identification tasks involving
less popular material. Since clips within a category
share common properties, we assign handwritten
questions appropriate to the category format. For
example, a clip from the National Anthems cate-
gory may be paired with the question “What coun-
try is this national anthem from?” Some collections
also include a corresponding reveal clip containing
the original, untransformed audio; because these
clips do not exhibit the intended transformation, we
instead assign identification-style questions such
as “Name the artist who recorded this song.” In
addition to question—answer pairs, we store clip-
level metadata including sampling rate, duration,
and other audio attributes.

PAVEMENT Processing Each dataset entry in-
cludes a notes field that preserves additional infor-
mation from the original QuizBowl questions, such
as alternative acceptable answers or clarifying re-
marks. These annotations are retained as part of
the source material. In the PAVEMENT subset,
QuizBowl questions are split into individual clues
for model evaluation.

Some questions refer to shared attributes across
clues, such as “What is the common number in the
titles of these songs?” or “What is the common
profession mentioned in the titles of these songs?”
While some tournaments, such as SoundTrack, pro-
vide clip descriptions in their GitHub repositories,
this practice is inconsistent and absent in PAVE-
MENT.

Our processing of PAVEMENT focused on data
integrity. Earlier scraped versions contained mis-
matches between audio clips and questions, or-
dering errors, and formatting issues. We there-
fore re-scraped the dataset to ensure correct ques-
tion—answer alignment and applied normalization
steps to make outputs human- and model-ready,
including resolving Unicode issues, inconsistent
notation, and formatting irregularities.

Data Preparation

We prepare AUDITA in three stages: (i) extraction
and alignment, (ii) normalization for evaluation,
and (iii) categorization for analysis. The goal is not
to change the underlying questions, but to make the
resulting audio—question—answer triples consistent,
human-readable, and robust to evaluation artifacts.
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Extraction and alignment. For GitHub-hosted
QuizBowl-style sources, we extract question
prompts and answerlines from the provided ma-
terials and align them with audio files using source-
specific directory conventions and indexing. For
Pavements, we correct earlier indexing mismatches
by enforcing consistent clip identifiers and align-
ment rules between prompts, answerlines, and au-
dio files. Table 3 reports the resulting category
distribution.

External benchmark preparation. To provide
a concrete comparison point to prior audio ques-
tion answering resources, we include questions
from OpenAQA and ClothoAQA. OpenAQA is
largely generated from captions and metadata
as part of LTU’s OpenAQA-5M pipeline, while
ClothoAQA is crowdsourced, which offers a small
human-written counterpoint to caption-derived
questions (Gong et al., 2023b; Lipping et al., 2022).
We do not rewrite the benchmark questions or an-
swers to make them more human-friendly. Instead,
we apply only minimal preprocessing needed for
evaluation consistency.

For OpenAQA, we run the filtering utilities re-
leased with LTU to remove unanswerable or hallu-
cinated question—answer pairs (Gong et al., 2023b).
In our snapshot, this removes 18.65% of candidate
items. We then sample proportionally across Ope-
nAQA’s constituent source datasets to preserve its
original mixture.

Normalization for evaluation. Raw answerlines
and prompts contain encoding noise and format-
ting conventions that can create spurious evaluation
failures for both humans and models. We apply
multi-stage cleaning that targets: (/) Character
normalization: mapping diacritics and special sym-
bols to ASCII equivalents and removing Unicode
artifacts introduced by heterogeneous source en-
codings. (2) Formatting normalization: stripping
QuizBowl markup, removing prompt instructions
and bracketed editorial artifacts, and rewriting alter-
native acceptable answers into a consistent “A or B”
form. (3) Context-aware cleanup: for cases where
rule-based edits are insufficient, we use GPT-4o-
mini to rewrite answers into a standardized, human-
readable form while preserving semantic content
and listed alternatives. When cleanup is uncertain,
we prefer conservative edits that preserve the origi-
nal label over aggressive rewriting.
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B Evaluated Models: Architectures,
Training Objectives, and Assumptions

We evaluate a diverse set of state-of-the-art open
checkpoint models runnable locally, covering mid-
scale language backbones (approximately 6B to
17B parameters in the language component) and a
variety of audio front ends. These include models
trained primarily on audio—text alignment objec-
tives, large multimodal foundation models with au-
dio inputs, and audio-specialized models adapted
for question answering. To address the varied na-
ture of questions—some requiring speech under-
standing such as lyrics or quoted lines—we cat-
egorize models into three groups: (i) audio-only
understanding, (ii) speech-aware models, and (iii)
unified audio+speech models, reporting results sep-
arately for each subgroup. For all models, we use
publicly released checkpoints and follow recom-
mended inference settings when available, with no
fine-tuning on our dataset.

We evaluate a diverse collection of state-of-
the-art open-checkpoint models designed for au-
dio and multimodal language understanding, span-
ning mid-scale language backbones ranging from
approximately 6 billion to 17 billion parameters.
These models differ widely in their training ob-
jectives, architectural designs, and audio process-
ing strategies. Among them are models primarily
trained for audio—text alignment, such as Qwen2.5-
Omni (Xu et al., 2025a) and AudioGPT (Huang
et al., 2024), which focus on aligning acoustic
features with language representations to han-
dle speech and audio understanding tasks. In
addition, we consider large multimodal founda-
tion models that incorporate audio inputs along-
side other modalities, including OpenOmni (Luo
et al., 2025), Audio-Flamingo (Kong et al., 2024),
and Phi-4-Multimodal (Abouelenin et al., 2025).
These models leverage powerful language back-
bones integrated with audio encoders, enabling
flexible multimodal reasoning across diverse in-
put types. Specialized audio language models
such as SALMONN-2 and SALMONN-2+ (Tang
et al., 2025) emphasize improved audio—language
alignment and training methods to enhance rea-
soning over complex auditory inputs, while mod-
els like MU-LLaMA (Liu et al., 2024) and the
original SALMONN (Tang et al., 2024) also con-
tribute to the landscape of advanced multimodal
comprehension. Other models, including Qwen3-
Omni (Xu et al., 2025b), LTU-AS (Gong et al.,



Family

Typical Construction

C Shortcut and What AUDITA Stresses

Typical Question Style & Exampl

Sound labeling
Caption-derived QA
Synthetic or templated
Speech-centric QA

AUDITA

Closed label sets, short clips, event tags

Questions derived from captions or metadata (e.g.,

OpenAQA (Gong et al., 2023b))

Generated scenes, fixed templates, constrained lan-

guage
Spoken content dominates, transcript-like supervision

Human-written questions with real-world referents

Salient cue detection, weak long context. AUDITA
uses longer clips and open answer space.

Lexical priors and caption artifacts. AUDITA uses
human-authored trivia not derived from captions.
Template regularities and limited linguistic diversity.
AUDITA uses natural, non-templated questions.

Can collapse to ASR plus text QA. AUDITA includes
speech but also music and non-speech audio.
Requires audio entity linking and multi-cue integra-
tion. This is the core target regime of AUDITA.

Example: Classify short environmental sounds
(e.g., engine, applause).

Caption-consistent attribute query. Example: Iden-
tify the sound source described by the caption.
Programmatic logic over fixed attributes. Example:
Count occurrences of a specified event.

Spoken content identification, often transcript-
based questions.

Probing trivia grounded in real referents. Example:
Identify a film theme, speaker, or cultural artifact

from audio cues.

Table 6: Positioning of AUDITA relative to common AQA benchmark designs, including typical dataset construction,
common shortcuts that models exploit, and representative question styles and examples.

Dataset Example Question Answer (Gold) IRT Difficulty / Issue / Notes
Discrimination

VGGSound QA (Chen “What type of animal is making the high-pitched The high-pitched and sharp sound is most Low difficulty, Simple audio classification task.

et al., 2020) and sharp sound described in the audio?” likely a bark produced by a dog. low discrimi- Some clips have overlapping sounds
nation (b = causing ambiguity.  Occasional
—2.1, a = metadata leakage possible, making
0.35) some questions answerable without

listening.

ClothoAQA  (Drossos “Is this outdoors?” Yes Moderate  diffi- Binary classification style question,

et al., 2020) culty, low dis- with limited complexity. Contextual
crimination (b = metadata sometimes gives away the
—0.6, a = answer. Not all questions require
0.42) detailed auditory reasoning.

AudioCaps QA (Kim “Create a brief audio description, create labels, Labels: Vehicle; Tire squeal; Car; Race Varied diffi- Open-ended captioning questions.

etal., 2019) caption next.”

car, auto racing. Audio caption: Race
car engines speed by, changing gears and

screeching.

culty, often low
discrimination
(b~ 0.1, a=
0.28)

Subjective answers complicate eval-
uation and lack precise metrics. Do
not constitute discrete QA.

“No listening needed”
Questions (e.g. Audio-
Caps QA (Kim et al.,
2019))

Examples: “What is the most likely reason for
someone to strike a metal trailer with a wooden
rod?” or “What is the significance of thunder in
mythology?”

There could be a variety of reasons, such

Very low diffi- Answerable without listening, often

as trying to get someone’s attention, test- culty, near-zero appearing in scraped or poorly fil-
ing the durability of the trailer, or making discrimina- tered datasets. Undermines auditory
a musical sound. and In many cultures, tion (b = reasoning benchmarks. Not typical
thunder represents the authority of gods —3.1, a = 0) of curated datasets but important to
and goddesses, and it is often associated and (b = highlight.

with power, strength, and fertility. —3.4, a = 0)

Table 7: Representative question examples from popular audio QA datasets, annotated with illustrative ranges of
psychometric (IRT) difficulty and discrimination, and highlighting issues such as reliance on metadata, low reasoning
complexity, and “no listening needed” questions. This underscores the need for carefully curated, human-authored

datasets that robustly evaluate auditory reasoning.

2023a), Baichuan-Omni-1.5 (Li et al., 2025), and
VITA-1.5 (Fu et al., 2025), further expand the di-
versity of architectures and training approaches
assessed.

For each model, we report performance on both
text-based and multiple-choice (MCQ) question
formats from our dataset, including accuracy per-
centages and item response theory (IRT) estimated
ability scores (#), which provide a latent measure
of model proficiency relative to question difficulty.
Models are ranked within each task format to facili-
tate comparative evaluation. All evaluations utilize
publicly released checkpoints with recommended
inference settings, without any task-specific fine-
tuning, ensuring an unbiased benchmarking en-
vironment. This comprehensive evaluation en-
ables us to analyze strengths and limitations across
modalities, task types, and audio reasoning capabil-
ities, thereby offering insights into current progress
and challenges in the field of audio question an-
swering.
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C Related Work

Audio question answering (Audio QA) Audio
Question Answering remains a nascent field with
relatively few datasets, many of which impose de-
sign constraints that limit their ability to evaluate
genuine auditory reasoning. Early efforts such as
CLEAR (Lin et al., 2021) construct synthetic acous-
tic scenes by layering individual musical notes
from the GoodSounds database. Questions are pro-
grammatically generated from logical templates
and target specific attributes, for example, “How
many times does the C note occur in this clip?”’
While this approach enables precise semantic con-
trol, it restricts linguistic diversity and limits rea-
soning complexity.

Similarly, DAQA (Fayek and Johnson, 2020)
composes variable-length audio clips from a closed
vocabulary of 32 sound classes (e.g., “dog bark,”
“car horn”) and asks questions such as “Does the
sound of a car horn occur more than twice in this
clip?’ Although DAQA allows limited temporal



Issue

Dataset(s)

Example Question & Answer

Notes

Ambiguity

Weak Grounding / Shortcut

Underspecified Answer Keys

False Presuppositions

Overlapping Audio

Synthetic Question Bias

Clotho-AQA (Drossos et al., 2020),
VGGSound QA (Chen et al., 2020),
AudioCaps QA (Kim et al., 2019),
FSD50K QA (Fonseca et al., 2022)

AudioCaps QA (Kim et al., 2019),
AudioSet QA (Gemmeke et al.,
2017)

MUSIC-21 QA (Christodoulou
et al., 2025), Clotho-AQA (Drossos
et al., 2020)

Speech Commands QA (Warden,
2018)

VGGSound QA (Chen et al., 2020),
AudioCaps QA (Kim et al., 2019)
AudioSet QA (Gemmeke et al.,

Q:
A:
Q:
A:

“What animal is making the sound?”

“bird” / “dog” (multiple audible)

“Where is the sound coming from?”
“indoors” / “outside” (disagreement among

participants)

: “What is the dominant sound in the clip?”
“siren” / “car horn” (subjective)

: “Is there a sound of laughter?”

“yes” / “no” (faintness ambiguity)

“Is there a vehicle sound?”

“yes” / “no” (ambiguous engine/horn sounds)
“Is someone laughing?”

“yes”

“Is there music playing?”

“yes”

“What instrument is playing?”

“piano”

“What animal can be heard?”

“dog” / “puppy” / “hound”

“Is the command ‘stop’ present?”

“no”

“What animal is making the sound?”
“dog”

“Is there music playing?”

Multiple overlapping sounds cause unclear targets; vague
or underspecified question wording leads to inconsistent
answers across annotators and models.

Questions answerable from captions or metadata alone with-
out listening; templated language encourages shortcut learn-
ing.

Multiple valid lexical variants treated as separate answers,
increasing noise.

Questions assume presence of commands that may not exist,
confusing annotators and models.

Overlapping sound sources cause ambiguity, complicating
correct labeling and answering.

Automated templated generation reduces linguistic diversity

PRZLOZROZRZQOZRZRZRZROZQ

2017) “yes”

and causes models to exploit shortcuts.

Table 8: Summary of common issues in audio QA datasets, including improved, concrete ambiguous question

examples from real datasets.

reasoning, its answer space is restricted to yes/no
or counts, constraining the evaluation of richer au-
ditory inference.

More naturalistic datasets attempt to move be-
yond synthetic audio. ClothoAQA (Drossos et al.,
2020) relies on crowd workers to write questions
about environmental sound recordings originally
collected for captioning. Questions such as “What
animal makes the sound in this clip?” or “Is the
sound recorded indoors or outdoors?” better re-
semble real-world queries. However, this process
introduces strong linguistic priors: models trained
on ClothoAQA perform competitively even when
audio is removed, indicating reliance on textual
cues rather than acoustic understanding. Music-
AVQA (Li et al., 2022) exhibits similar limitations,
using templates like “What instrument is playing?”
or “Is the tempo fast or slow?” These formats fur-
ther limit linguistic variability and encourage short-
cut learning, echoing issues observed in textual and
visual QA (Section C).

Audio Question Answering Benchmarks Exist-
ing AQA benchmarks provide important testbeds
for audio-language modeling but do not systemat-
ically expose failures in human-relevant auditory
reasoning. CLEAR and ClothoAQA primarily re-
duce to controlled attribute queries or implicit clas-
sification tasks, making it difficult to distinguish
true reasoning from surface-level pattern matching.
While foundational, these benchmarks are limited
in their ability to reveal nuanced model weaknesses
in realistic, probing scenarios.

More recently, the DCASE 2025 Audio Question
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Answering challenge (Yang et al., 2025) introduced
multi-domain QA subsets spanning bioacoustics,
temporal soundscapes, and complex real-world au-
dio. Although this effort broadens domain cover-
age, it remains centered on multiple-choice eval-
uation and lacks an adversarial, human-authored
component designed to surface model brittleness.

Complementary evidence from Wang et al.
(2025a) shows that large audio—language models
are highly sensitive to misleading or conflicting tex-
tual cues paired with audio, revealing robustness
gaps in current evaluations. Together, these find-
ings motivate benchmarks that deliberately incor-
porate adversarial examples and human-authored
questions to stress robust audio—language reason-
ing.

Adversarial Evaluation in QA and Multimodal
Tasks Outside of audio QA specifically, adversar-
ial evaluation has been successfully applied in other
QA domains. In multimodal QA such as Visual
Question Answering, human-in-the-loop adversar-
ial data collection (e.g., Adversarial VQA) has been
shown to produce questions that systematically ex-
pose model weaknesses by allowing annotators to
target model failure modes through iterative feed-
back. Studies on adversarial QA in text also re-
veal that without adversarial examples, models can
achieve high accuracy by exploiting dataset biases
rather than robust reasoning. These findings under-
score the value of adversarially collected questions
for diagnosing model behavior, but comparable ef-
forts are scarce for purely auditory content.

To address these gaps, we construct a human-



authored adversarial audio QA dataset grounded in
real audio recordings and designed to be easy for
humans but challenging for current models. Unlike
prior AQA benchmarks, our dataset emphasizes
semantic richness, adversarial focus, and natural
realism, enabling evaluations that reveal model brit-
tleness that structured or synthetic datasets fail to
surface. Multimodal Question Answering One of
the first large-scale multimodal datasets for ques-
tion answering was the VQA dataset (Antol et al.,
2015), which used image data to give models the
context to answer a natural language question. The
authors had crowd workers write questions about
images from the COCO dataset and synthetically
generated scenes to produce the data. Shortly after
VQA was released in 2015, Johnson et al. (2017a)
of the CLEVR dataset created a VQA task that uses
fully synthetic scenes to produce a comprehensive
visual reasoning test (Johnson et al., 2017b). One
of the key aspects of this dataset was that questions
were generated using a functional program, which
would inspire future Visual Datasets.

One of the main issues within the VQA task
was the presence of heavy priors within the data,
where emergent statistical patterns would under-
mine the goal of reasoning over the image and the
text. Many groups have been making efforts to
improve upon this. The VQA v2 dataset balances
the VQA dataset by introducing complements to
each data point, where the new image is similar to
the original but produces a different answer to the
corresponding question (Goyal et al., 2017). Later,
efforts were made to control the distribution of an-
swers by (Agrawal et al., 2018) of the VQA-CP,
who changed the splits of the VQA and VQA v2
datasets to alter the priors of the answer distribu-
tion. While remedies have been made to the origi-
nal VQA dataset to fix its issues with heavy bias,
other datasets have been introduced to overcome
these pitfalls. One such dataset is GQA, which uses
scene graphs based on images from COCO and
Flickr to build questions automatically (Hudson
and Manning, 2019). From the scene graph, ques-
tions and answers are built from a functional pro-
gram similar to what was used in CLEVR, which
further allowed the authors to smooth the answer
distribution for various groups of questions.

Outside of entirely image/text-based multimodal
QA datasets, several examples of datasets explore
different mediums and combine already popular
ones. For example, the Multimodal QA creates mul-
timodal questions by composing single modality
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questions about Wikipedia tables and the entities
linked within them (such as images or other ob-
jects) (Talmor et al., 2021). To compensate for the
algorithmic generation of questions, the authors
use crowd workers to rephrase the question into
a more natural alternative and have other workers
verify the question’s validity. Several video-based
datasets have also been released following the pat-
tern of looking at combinations of modalities. For
example, Yang et al. (2022) used videos from the
VGG-sound dataset and expert annotators to write
questions about each video for AVQA dataset. Sim-
ilarly, Li et al. (2022) released the Music-AVQA
dataset by collecting YouTube videos of music per-
formances and crowd workers produce questions
that followed a predefined template.

While many of these datasets utilize datasets
from adjacent tasks of similar modality, only a sub-
set of those available are web-curated. An advan-
tage of our dataset in this field is that humans have
already written the questions we collect outside of
the context of our research, which minimizes much
of the bias observed from directly using crowd
workers to produce data for a benchmark.

Audio Question Answering — AQA datasets
have been generally sparse over the past 6 years.
Major contributions were either synthetically gen-
erated like DAQA (Fayek and Johnson, 2020) and
CLEAR (Lin et al., 2021) or reliant on crowd
workers for annotations like ClothoAQA (Drossos
et al., 2020). One of the earliest examples of a
contemporary AQA dataset is the CLEAR dataset,
which shares many similarities with the CLEVR
dataset. In particular, the CLEAR datasets com-
bines individual musical notes from the Good-
Sounds database to generate an acoustic scene for
a model to analyze. Like CLEVR, CLEAR’s ques-
tions are constructed from templates represented as
a logical tree with a functional program associated
with them (Lin et al., 2021).

Using a similar methodology of combining
smaller events, the DAQA dataset constructs audio-
question pairs by stitching together several audio
events. The main difference between the two is that
DAQA uses events of variable length at various
frequencies, so they can ask questions about how
often a specific event occurs within a clip. While
this dataset can help test a surface level of reason-
ing, the answer space is very small, with only 32
classes, with many answers being yes or no. Later,
the Clotho AQA dataset was made, which takes
advantage of the Clotho audio captioning dataset



and uses crowd workers to produce new questions.
Regarding crowd work, the resulting dataset may
often contain heavy priors as quality control has
been difficult. There have been several attempts to
treat this issue in the VQA space (Anderson et al.,
2017); however, this hasn’t been extended to the
world of audio yet. Notably, this issue also skews
results from this dataset, as many of the experi-
ments conducted simply answering the question
yield higher performance than using the audio and
the question.

Adversarial Dataset Creation — As models
grow increasingly complex, it becomes signifi-
cantly more difficult to understand precisely why
a model makes particular decisions during its in-
ferences. A consequence of this trend is that un-
derstanding the weaknesses of a model turns into
a hard task, especially when it comes to black-box
models. The goal of adversarial dataset genera-
tion is to explore how robust models are to noisy
data and to look at ways models underperform
compared to humans. Thus, an important qual-
ity of adversarial questions is that they are hard for
computers but relatively easy for humans; if it is
very difficult for both groups, then it simply shows
the dataset may be too tough. For VQA, a group
of researchers made Adversarial VQA (AVQA),
which uses a human-in-the-loop approach to gen-
erate questions that challenge models. An impor-
tant aspect of their question creation interface is
that a SOTA VQA model is present to provide an-
swer feedback, so people can tweak questions until
the model is tricked (Sheng et al., 2021). After
the questions have been written, the model is re-
trained and given to the workers to write new, more
difficult questions. In an interesting case of co-
incidence, within the same year, Li et al. (2021)
produced a dataset called AdVQA using a simi-
lar technique. Although their annotation processes
differ, AAVQA doesn’t use model retraining. An
interesting example of intentionally designing a
challenging dataset is TriviaQA, a reading compre-
hension dataset that grounds its queries in trivia
questions (Joshi et al., 2017). Since Trivia ques-
tions are designed to test the ability of humans, they
are also a great way to benchmark models, as they
are written to find out the best of a group of people.
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D Result
D.1 Model Scale and Validity of Conclusions

Many audio-language models couple a pretrained
audio encoder to a pretrained text LLM by project-
ing audio features into the LLM token space, so the
language backbone is a key determinant of down-
stream instruction-following and knowledge-heavy
QA performance (Gong et al., 2023b). Evidence
from recent scaling analyses of speech-text and
audio-centric language models also supports the
general trend that larger backbones and stronger
decoders improve aggregate performance across
understanding and reasoning tasks, although gains
vary by task and domain (Cuervo and Marxer,
2024).

At the same time, scale alone does not necessar-
ily resolve failures caused by weak audio ground-
ing and over-reliance on textual priors, which can
manifest as confident but incorrect answers when
audio evidence is insufficient or ignored (Wang
et al., 2025b). This is consistent with MMAU,
which reports that even strong proprietary systems
remain far below human performance on its human-
evaluated test-mini split and are only moderately
separated from strong open models on the bench-
mark evaluation (Sakshi et al., 2024). For exam-
ple, MMAU reports human performance of about
82.23 on test-mini, while Gemini Pro v1.5 achieves
52.97 on the test split and strong open models such
as Qwen2-Audio-Instruct are comparable in sev-
eral settings (Sakshi et al., 2024). These gains are
meaningful, but they are not of a magnitude that
would plausibly convert near-chance behavior on a
difficult, human-authored benchmark into reliable
audio reasoning.

Accordingly, while our evaluation focuses on
open models in the mid-scale regime, our qualita-
tive conclusions about failure modes and dataset
difficulty are unlikely to be artifacts of model scale
alone. Exhaustively evaluating cloud-scale propri-
etary models across all 9,690 questions would also
impose substantial cost, which limits full scaling
sweeps in this study.



Top 10 Best Discriminator Questions (IRT)

# Question Answer
1 Name the title character of these movies. Sherlock Holmes
2 What is the name of the person who is speaking in this clip? Harry Styles
3 Name the character that inspired this music. Batman
4 Name the lead artist. Halsey
5 Give the common word found in the names of these lead artists. ASAP
6 Name the artist. beabadoobee
7 What country is this national anthem from? Bolivia
8  What TV show is this clip from? A Team
9 What TV show is this clip from? Happy days
10 Name the city where these movies are wholly or mostly set Paris
Top 10 Worst Discriminator Questions (IRT)
#  Question Answer
1 What is the language spoken in this clip? Chinese
2 What is the language spoken in this clip? German
3 What is the next line of lyrics that occurs after the song in the clip ends? Two and Two Were Four
4 What is the next line of lyrics that occurs after the song in the clip ends? On the Pages in Between
5 What country is this national anthem from? Iceland
6  Name the character. Siegfried
7 Name the mythical figure who is singing in these excerpts. Hades
8 Name the male lead of these movies Charlie Chaplin
9 What type of role do these characters have in common? Trouser role or Pants role or Breeches
role or Male roles played by women
10 What is the name of the person who is speaking in this clip? Bruce Forsyth

Table 9: Examples of the top 10 best and worst discriminator questions by Item Response Theory (IRT), including
their answers. High discrimination indicates questions that effectively differentiate between high- and low-ability
respondents, while low discrimination indicates poor differentiation power.
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Model

LLM Core

Inputs

Outputs

Rationale

Omnimodal models (6)

Qwen2.5-Omni

Qwen3-Omni

OpenOmni

VITA-1.5

Mini-Omni2

Baichuan-Omni-1.5

7B

30B-A3B

7B

7B

0.5B

text, audio, image, video

text, audio, image, video

text, audio, image

text, audio, image, video

text, audio, image

text, audio, image, video

text, speech

text, speech

text, speech

text, speech

text, speech

text, speech

Thinker—Talker architecture with
explicit reasoning—speech decou-
pling and unified multimodal sup-
port.

MoE-based omni model (30B to-
tal, ~3B active) optimized for
scalable multimodal reasoning
and streaming speech.
Language-pivot alignment with
progressive modality training and
preference-based speech tuning.
End-to-end omni model using a
three-stage training pipeline with-
out cascaded ASR/TTS.
Lightweight end-to-end omni as-
sistant with parallel text—audio
decoding and command-based du-
plex interruption.

Unified decoder with explicit au-
dio token modeling and staged
multimodal training, optimized
for Chinese-English bilingual
use.

Audio-language models (4)

Audio-Flamingo

Qwen2-Audio

LTU-AS

MU-LLaMA

1.3B

7B

7B

7B

text, audio

text, audio

audio, text

text, audio

text

text

text

text

Flamingo-style gated cross-
attention, sliding-window audio
features, ICL/RAG and multi-
turn dialogue.
Whisper-large-v3—initialized au-
dio encoder into Qwen-7B, uni-
fied prompting, SFT+DPO align-
ment.

Frozen Whisper perception +
TLTR time/layer aggregation,
continuous audio tokens + tran-
script, LLaMA-7B w/ LoRA.
Frozen MERT music encoder +
adapter injection into LLaMA-2
7B, MusicQA supervision for QA
and captioning.

Table 10: Evaluated models organized by capability grouping (Part 1 of 2). All models evaluated in audio-question

to text-answer setting.
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Model

LLM Core

Inputs Outputs

Rationale

Speech-capable models (6)

Phi-4-Multimodal 3.8B

SpeechGPT 13B
AudioGPT

SALMONN 13B
video-SALMONN 2

7B

video-SALMONN 2+ 7B

modular

text, audio, image, video text

text, speech text, speech

text, speech, audio, music, text, audio, video

image

text, speech, audio, music  text

text

text, audio, video

text, audio, video text

Mixture-of-LoRAs with frozen
language backbone, modality-
specific adapters, 128K context.
Discrete speech units expanded
into LLaMA vocabulary, three-
stage training with Chain-of-
Modality instruction tuning.
Modular orchestration system us-
ing ChatGPT to coordinate 16+
foundation models via ASR/TTS
interface.

Dual encoder (Whisper +
BEATS), window-level Q-
Former, activation tuning for
emergent abilities.

Frozen backbone with audio
branch, MrDPO for caption op-
timization, atomic event-based
quality metrics.
Caption-enhanced train-
ing via MrDPO-generated
data, SOTA on Video-
MME/WorldSense/AVUT
benchmarks.

Table 11: Evaluated models organized by capability grouping (Part 2 of 2). All models evaluated in audio-question

to text-answer setting.

Dataset / Paper

Example or Description

Why Models Excel

VGGSound (Chen et al., 2020)

Speech Command Recognition (benchmark
dataset) (Warden, 2018)
AudioSet Tagging (Gemmeke et al., 2017)

Models detect synthetic or repeated alarm/beep sounds perfectly. These sounds have
highly structured, repetitive waveforms easy for pattern matching.

Recognizing isolated spoken command keywords like “stop,” “go,” or “yes” —
models achieve >99% accuracy, often exceeding average human recognition.
Models detect environmental sounds like sirens, horns, or machine noises with very
high precision, sometimes outperforming humans in noisy clips.

Models trained on millions of audio clips memorize these
patterns and detect them with near-perfect accuracy, often
better than non-expert humans.

Limited vocabulary and clean synthetic data make these
tasks trivial for models.

Large training data and strong feature extraction enable mod-
els to spot subtle acoustic cues missed by humans.

Table 12: Examples of tasks where models demonstrate superhuman or near-superhuman performance in audio
question answering or classification.
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