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Q: Recognize the key moments during the painting and
discuss the possible reasons behind these actions.

Q: What did this person pick up after putting the phone
on the table?
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EgoSchema

EgoTempo

From EgoBlind

Q: How many people immediately commented after
hearing the alpaca‘s humming? (Counting)

Q: What visual detail most likely prompted the user’s
comment that these are nice? (Causality)

Audio - Visual
From Ego4D

Figure 1. EgoSound vs existing egocentric Video Question Answering (VideoQA). Prior datasets (left) [23, 27] focus solely on
vision-centric question answering with no awareness of audio, whereas EgoSound (right) constructs a more complex and comprehensive
audio-visual QA dataset tailored for sound understanding. It is built from two dataset sources [13, 36], includes 900 videos and 7315
high-quality QA pairs, and spans seven task categories—making it a benchmark that can both listen and see.

Abstract

Multimodal Large Language Models (MLLMs) have re-
cently achieved remarkable progress in vision-language un-
derstanding. Yet, human perception is inherently multi-
sensory, integrating sight, sound, and motion to reason
about the world. Among these modalities, sound pro-
vides indispensable cues about spatial layout, off-screen
events, and causal interactions, particularly in egocen-
tric settings where auditory and visual signals are tightly
coupled. To this end, we introduce EgoSound, the first
benchmark designed to systematically evaluate egocentric
sound understanding in MLLMs. EgoSound unifies data
from Ego4D and EgoBlind, encompassing both sighted and
sound-dependent experiences. It defines a seven-task taxon-
omy spanning intrinsic sound perception, spatial localiza-
tion, causal inference, and cross-modal reasoning. Con-
structed through a multi-stage auto-generative pipeline,
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EgoSound contains 7315 validated QA pairs across 900
videos. Comprehensive experiments on nine state-of-the-
art MLLMs reveal that current models exhibit emerging
auditory reasoning abilities but remain limited in fine-
grained spatial and causal understanding. EgoSound es-
tablishes a challenging foundation for advancing mul-
tisensory egocentric intelligence, bridging the gap be-
tween seeing and truly hearing the world. Project page:
https://groolegend.github.io/EgoSound/.

1. Introduction

Multimodal Large Language Models (MLLMs) have re-
cently demonstrated remarkable progress in integrating vi-
sion and language, enabling sophisticated visual under-
standing and reasoning. Yet, true human-like perception
extends far beyond vision—it is inherently multisensory,
grounded in the seamless integration of sound, touch, and
motion. Among these, sound plays a particularly vital role:
it conveys spatial cues, reveals off-screen events, and en-
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codes the causality and intent behind interactions. This be-
comes especially critical in egocentric settings, where the
auditory and visual streams are deeply intertwined, captur-
ing the world as directly experienced by the wearer.

Despite this importance, research in egocentric percep-
tion has remained overwhelmingly visual-centric. Most
prior works [4, 9–12, 15, 18–22, 25, 27, 29, 35, 36, 42, 44,
47] focus on recognizing and predicting events visible in
the scene, while treating audio as secondary—or ignoring it
entirely. Perceiving the world egocentrically without sound
is akin to navigating a silent world, fundamentally limiting
the depth of understanding. For instance, the sharp hiss of
steam or the sudden clatter of metal carries vital informa-
tion that vision alone may miss. Likewise, for individuals
with visual impairments, sound is not auxiliary but essential
for navigation and situational awareness.

To fill this gap, we introduce EgoSound, a new bench-
mark that systematically evaluates the egocentric sound un-
derstanding capabilities of MLLMs [5, 7, 31, 37, 38, 41].
EgoSound is the first dataset explicitly designed to study
nuanced audio-visual reasoning from a first-person per-
spective, encompassing both environmental sounds from
human-object interactions and human dialogues that drive
contextual understanding. Its mission is simple yet pro-
found: to enable models that can hear, not just see,
from a first-person viewpoint. A distinguishing feature
of EgoSound is its multi-source design, which integrates
videos from both the large-scale Ego4D dataset [13], cap-
turing a wide range of everyday activities, and the EgoBlind
dataset [36], focusing on scenarios where auditory percep-
tion is essential for understanding, interaction, and naviga-
tion. This combination provides a comprehensive coverage
of egocentric experiences, spanning from visually guided to
sound-dependent contexts.

We further propose a novel taxonomy of seven egocen-
tric sound tasks that span both unimodal and multimodal
reasoning—from intrinsic sound properties (e.g., Sound
Characteristics, Counting, Temporal Attribute) to com-
plex audio-visual reasoning (e.g., Spatial Location, Source
Identification, Inferential Causality, Cross-Modal Reason-
ing). To construct EgoSound, we develop a multi-stage
data curation pipeline leveraging modern generative mod-
els (Qwen2.5-VL [2], Gemini-2.5 [7], GPT-4o [17]). The
pipeline first identifies key human-object interactions, then
generates rich audio-centric captions, and finally constructs
high-quality, open-ended question–answer pairs focused on
sound-related reasoning. The final dataset comprises 7315
validated Q&A pairs over 900 rigorously filtered videos, en-
suring strong fidelity and task diversity.

We evaluate eight state-of-the-art MLLMs, including
models from the Qwen-Omni [37, 38], video-SALMONN
2+ [31], VideoLLaMA2.1 [5], and MiniCPM [41] fami-
lies, as well as the egocentric-specialized EgoGPT [40].

Our comprehensive experiments reveal that while current
MLLMs exhibit emerging auditory reasoning abilities, they
still struggle with fine-grained spatial, temporal, and causal
inference based on sound. EgoSound thus establishes
a challenging, high-quality benchmark for multisensory
egocentric intelligence—bridging a critical gap in current
MLLMs and paving the way for future research toward
models that can listen, understand, and reason about the full
multisensory world.

Our main contributions are summarized as follows:
• EgoSound: The first large-scale benchmark for egocen-

tric sound understanding in MLLMs, featuring data from
both sighted (Ego4D) and blind (EgoBlind) perspectives.

• A Novel Task Taxonomy: Seven tasks covering intrinsic
sound perception, spatial reasoning, causal inference, and
cross-modal understanding.

• High-Quality Dataset: 7315 validated open-ended Q&A
pairs created via a rigorous, multi-stage curation pipeline
centered on sound events.

• Comprehensive Benchmarking: Evaluation of nine
cutting-edge MLLMs, uncovering key challenges in ego-
centric audio-visual reasoning and establishing strong
baselines for future research.

2. Related Work
Egocentric Video Question Answering. To advance
video question answering (VideoQA) on egocentric videos,
numerous datasets [8, 14, 16, 26, 34, 36] and bench-
marks [4, 9, 12, 18, 20, 23, 27, 29, 39, 40, 44] have
been proposed. Early and representative ones include
EgoVQA [9], EgoTaskQA [18], and EgoSchema [23], each
focusing on different aspects and characteristics of first-
person understanding, covering a range of tasks such as
descriptive, predictive, explanatory, and counterfactual rea-
soning. More recently, several complementary benchmarks
have also been introduced, broadening the evaluation scope.
For example, EgoThink [4] assesses models’ ability to
“think” from a first-person perspective across multiple rea-
soning dimensions; AMEGO [12] emphasizes long-term
temporal reasoning and memory over extended egocentric
videos; EgoTempo [27] focuses on temporal understanding
through long-horizon questions; EASG-Bench [29] intro-
duces scene-graph-based QA to capture spatio-temporal re-
lations; EgoCross [20] explores cross-domain generaliza-
tion across diverse first-person scenarios such as surgery
and sports; Despite covering diverse visual and cognitive
skills, most existing egocentric QA benchmarks rely solely
on visual cues, overlooking the rich auditory context in first-
person videos. In contrast, EgoSound focuses on auditory-
(visual) cues to promote a more comprehensive understand-
ing of egocentric scenes. Tab. 1 provides a multidimen-
sional comparison between EgoSound and prior egocentric
QA benchmarks.
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Dataset Video Length Clips QA Pairs Categories Sound Questions Multiple Sources Open-ended

EgoVQA [9] (25, 100)s 520 0.6k 5 ✗ ✗ !

EgoTaskQA [18] 25s 2336 40k 4 ✗ ✗ !
EgoSchema [23] 3min 1981 5k - ✗ ✗ ✗

EgoThink [4] - - 0.75k 6 ✗ ✗ !
AMEGO [12] 14min 100 20.5k 8 ✗ ✗ ✗

EgoTempo [27] 45s 365 0.5k 10 ✗ ✗ !

EASG-Bench [29] 3.1min 221 1.8k 5 ✗ ✗ !

EgoCross [20] 22.5s 798 0.95k 4 ✗ ! !

EgoSound (ours) 59s 900 7.3k 7 ! ! !

Table 1. Comparison with existing egocentric video QA benchmarks. EgoSound is distinguished by its focus on sound-centric reasoning.

Audio(-Visual) Question Answering. Audio-based
Question Answering (Audio-QA) aims to reason about
spatial and semantic information from audio or au-
dio–visual observations to answer natural language queries.
Early research on audio reasoning primarily focused
on localization and detection rather than QA, such as
STARSSS23 [30]. Subsequent work shifted toward ques-
tion answering with explicit spatial reasoning benchmarks.
SpatialSoundQA [45] and AQAPHY [33] introduced
different benchmark for Audio-QA, with distinct focuses of
reasoning tasks. SAVVY [3] and Magnet [6] further extend
to audio–visual QA, emphasizing the joint understanding
of auditory and visual modalities. Despite these advances,
Audio(-Visual) QA in the egocentric domain remains
largely unexplored, overlooking the fact that audio plays a
crucial role in understanding and grounding the world from
a first-person perspective.

Multimodal Large Language Models. Multimodal large
language models (MLLMs) have advanced rapidly, with
a surge of commercial systems (e.g., GPT-4 [1], Gem-
ini 2.5 Pro [7]) and open-source counterparts (e.g.,
Qwen2.5-VL [2], InternVL [48], Video-LLaMA [5, 43],
MiniCPM [41], video-SALMONN [31], and Qwen-
Omni [37, 38]), which demonstrate strong reasoning ability
across benchmarks including MLVU [46], LVBench [32],
and EgoSchema [23]. In the egocentric domain, concur-
rent progress in both models and datasets has led to several
pretrained egocentric MLLMs, such as EgoVLPv2 [28] and
xEgoGPT [40], However, audio, a key cue for human per-
ception and situational awareness, remains underexplored
in both model design and evaluation. Therefore, in this
work, we focus on evaluating how MLLMs perceive and
reason over sound cues and joint audio–visual cues under a
first-person perspective.

3. EgoSound Dataset

We introduce EgoSound, a novel benchmark to systemat-
ically evaluating performance of MLLMs across a variety

of egocentric sound understanding tasks. Egosound covers
both sighted and blind perspectives, and consists of ego-
centric videos spanning various visual scenarios. In this
section, we provide a comprehensive introduction to the
EgoSound benchmark. We begin by discussing the video
data selection, and the taxonomy of question-answering
tasks, followed by an explanation of the data curation
pipeline, and conclude with dataset statistics.

3.1. Data Collection and Filtering
The videos included in EgoSound are carefully sourced
from egocentric datasets with rich audio, including
Ego4D [13], and EgoBlind [36]. This selection ensures
a broad spectrum of acoustic environments and contexts.
Ego4D [13], as the most extensive egocentric video dataset,
contributes a wide variety of scenarios from daily life
and work. The inclusion of EgoBlind [36] is particularly
unique, offering data recorded by blind individuals where
auditory cues are often central to daily navigation and inter-
action. Collectively, these sources ensure that our dataset
covers a wide range of human activities such as sports,
learning, doing chores, cooking, commuting, driving, shop-
ping, playing instruments, and filming, across numerous in-
door and outdoor environments. The videos in EgoSound
span a broad range of durations, from short clips of 5 sec-
onds to extended recordings of up to 5 minutes, capturing
both brief atomic sounds and more complex, temporally
evolving acoustic events.

To ensure data quality, the construction of EgoSound in-
volved a rigorous filtering process for both audio and vi-
sual streams. For the audio, we first discarded videos with
extended silence, excessive background noise, or unintel-
ligible speech. The remaining clips were then carefully
trimmed to retain segments rich in meaningful sound events.
This process concentrates the data on high-quality sound
suitable for generating audio-centric question-answer pairs.
Visually, we removed clips that were static or monotonous.
We specifically retained segments that feature dynamic hu-
man activities and rich object interactions. Through this
dual filtering strategy, we curated 900 egocentric videos
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<prompt>

Identify all
interactions

Captioning
videos using
interactive
annotations

<prompt>

...
00:43 - 00:44: The 
user gently pats the 
dog's back, generating 
a soft patting sound, 
and lovingly calls out, 
"Jasmine!”

...

Human 

Interaction 

Annotation

Generating
Q&A pairs
across seven
core tasks

Q&A  Pairs

Q: What cause the soft 
rustling and scraping 
sound at the beginning.

A: The user and another 
person begin to pull 
weeds from the soil.

Q: What does “jasmine”
refer to?

A: The dog’s name.

Identification

Cross-Modal

...

Video frames caption

Egocentric Video
<prompt>

Figure 2. Overview of the EgoSound data curation pipeline. We first identifies human interaction events, then generates interaction-
grounded and sound-centric audio-visual captions, and finally build visually-verified OpenQA pairs corresponding to the seven core tasks.

featuring rich and complex audio-visual scenarios. The fil-
tering process is crucial for creating challenging and high-
quality queries to effectively evaluate the audio-visual un-
derstanding capabilities of MLLMs.

3.2. Task Taxonomy

Design Principles. Our taxonomy follows three princi-
ples: a) Literature Grounding: We adapt established Au-
dioQA and egocentric VideoQA tasks in Sec. 2, structur-
ing them into sound-dependent vs. audio-visual categories;
b) Comprehensive Assessment: We select diverse, com-
plementary categories to ensure holistic evaluation; and c)
Practical Relevance: We value tasks central to real-world
scenarios aiming to support downstream applications. As
illustrated in Fig. 3 (d), we curate seven egocentric sound
tasks that target core capabilities essential for audio-visual
understanding. These tasks not only investigates the intrin-
sic properties of sounds, but also explores multimodal per-
ception and reasoning. The intrinsic sound properties in-
volve Sound Characteristics, Counting, and Temporal At-
tribute, while the multimodal perception and reasoning as-
pects cover Spatial Location, Sound Source Identification,
Inferential Causality, and Cross-Modal Reasoning.

• Sound Characteristics. These tasks assess models’ abil-
ity to describe the intrinsic acoustic properties of a sound,
such as its perceived volume, texture, or timbre.

• Counting. Counting tasks are designed to evaluate mod-
els’ ability to track and enumerate distinct instances of
auditory events or the repetitions of a specific sound. It
also includes the number of times a particular word or
phrase is mentioned in speech.

• Temporal Attribute. Temporal tasks are proposed to
evaluate models’ ability to analyze the temporal dynam-
ics of a sound, including its duration, specific timing, and
how its acoustic features evolve over time.

• Spatial Location. Location tasks test models’ ability to
localize a sound source in three-dimensional space rela-
tive to the egocentric observer, identifying both its direc-

tion and approximate distance.
• Sound Source Identification. Identification tasks evalu-

ate models’ ability to identify the specific object or action
that produced a sound, requiring the model to ground au-
ditory signals to their corresponding visual events.

• Inferential Causality. Causality tasks test models’
higher-level ability to reason about the underlying cause
or intent behind an auditory event by synthesizing infor-
mation from the surrounding audio-visual context.

• Cross-Modal Reasoning. Cross-Modal tasks assess
a models’ ability to integrate information across both
modalities for complex inference. This includes using
audio to interpret visual events (Audio-Guided Visual
Reasoning) and using visual context to explain auditory
events (Visual-Guided Audio Reasoning).

While the source egocentric video data provide meta an-
notation [13] or question-answer (Q&A) pairs [36], these
annotations are predominantly focused on visual content.
Consequently, they are insufficient for our primary goal of
facilitating a deep and nuanced evaluation of sound event
understanding. To address this gap, we designed a multi-
stage data curation pipeline to generate high-quality, audio-
centric Q&A Pairs for EgoSound dataset. We illustrate our
data curation pipeline in Fig. 2. Our pipeline consists of
three key stages: Human Interaction Annotation, Audio-
Visual Caption Generation, and Q&A Pairs Construction.

3.3. Data Curation Pipeline

Human Interaction Annotation. Directly prompting an
omni model for a general description of an egocentric video
often results in captions that overlook significant scene de-
tails. Recognizing that physical interactions are the pri-
mary source for meaningful sound events, the first stage
of our pipeline is designed to systematically annotate these
key moments. To achieve this, we leverage the Qwen2.5-
VL [2] to perform automated annotation of human-object
and human-human interactions. This process generates
temporally-grounded labels that capture specific actions
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Sound 
Characteristics

Q: How is the sound from rotating the wooden 
frame described at 00:11 - 00:13? 
A: A slight creaking or dragging sound.

[00:11 - 00:13] Rotating the wooden frame causes a 
slight creaking or dragging sound.Characteristics

Counting Sound Event 
Counting

Q: How many speaking turns occur between 00:00 
and 00:03?
A: Three speaking turns: employee, camera holder, 
then employee.

[00:00 - 00:03] Employee: "Come on, come on... come 
with me." Camera holder: "Okay, thanks." Employee: 
"It's nothing."

Temporal Temporal 
Information

Q: Over what time span did the other person's 
instructive guidance occur?
A: From 00:09 to 00:19 (about 10 seconds).

[00:09 - 00:19] The other person provides clear, 
instructive guidance in a calm voice on how to use the 
dough cutter properly.

Location
Q: What was the location of the shopkeeper's call 
relative to the camera?
A: From the right side, about 2 meters away.

[00:09 - 00:12] The beverage shop is on the right, and 
the shopkeeper calls out from approximately 2 meters 
away.(Direction & Distance)

Spatial Location

Causality
Q: Why did the female player call the other player 
"You stupid"?
A: Because she believed he made a suboptimal move.

[00:12 - 00:24] A female voice from the right, with a 
slight chuckle, says, "You stupid." Moments later she 
explains, "Cuz you could've done one, two, three, four."

Inferential 
Causality

Q: While responding "One of these days," what 
expression accompanied the male speaker's words?
A: He smiled.

[00:21 - 00:26] The user jokingly warns the male 
speaker. The male speaker, now fully visible and wearing 
sunglasses, smiles and responds, "One of these days."

Sound to Visual  
Visual to SoundCross-Modal

(d) Q&A examples for each core task.

Sound Source 
Identification

Q: What generated the "clink" sound at 00:04?
A: A yellow Connect 4 disk dropping into the blue 
game board.

[00:04] The woman's right hand drops a yellow Connect 
4 disk into the blue game board, producing a clear, 
medium-volume "clink" as it falls into place.

Identification

Task Type Core Task                             Q&A Example                                                   Audio-Visual Caption Video Frames

(a) Distribution of video duration (b) Distribution of question types (c) Distribution across seven core tasks

Figure 3. Overview of the EgoSound task taxonomy and statistics. (Top) Statistics on video length, question type, and the number of
questions for each task category. (Bottom) A selection of representative examples for each core task of EgoSound.

(e.g. “At 3s, a girl in a red dress picks up the camera.”,
“From 45s to 48s, a man in a white shirt drives a black
car past the camera wearer.”). These structured, interaction-
focused annotations serve as a rich contextual foundation.
They are used as conditioning prompts to guide the model in
generating comprehensive audio-visual captions in the next
stage, ensuring that the descriptions are anchored to the spe-
cific events that produce sound.

Audio-Visual Caption Generation. With egocentric
sound understanding as the primary goal, the second stage
of our pipeline generates audio–visual captions that cen-
ter on sound while using visual human interaction labels as
auxiliary context. Rather than describing the video broadly,
we leverage the interaction annotations to disambiguate and
refine the interpretation of audio, steering the model across
seven sound-centric tasks (Sec. 3.2). Concretely, for each
annotated interaction, we prompt Gemini-2.5 [7] to describe

the corresponding audio by linking each sound to its source,
its acoustic traits, how many sources are active, when it
occurs, how long it lasts, where it is in space, why it oc-
curs, and how visual context helps explain audio. Addition-
ally, all spoken words are also transcribed into the caption.
Specific prompts are provided in the Supplementary. This
yields captions grounded in first-person scenes but opti-
mized for fine-grained, source-aware audio annotation, sup-
porting high-quality audio–visual Q&A in the final stage.

Q&A Pairs Construction. To construct high-quality
question–answer pairs while reducing potential halluci-
nation effects in Gemini [7], we instruct GPT-4o [17]
to generate meaningful Q&A samples based on detailed
audio–visual captions and their corresponding video clip
frames. We prompt GPT-4o [17] to ask questions across
seven core sound-centric tasks (Sec. 3.2), with answers de-
rived directly from the captions or inferred within their con-
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textual bounds. As a double validation, every Q&A pairs
should be supported by visual evidence found in the video
frames to ensure factual consistency.

To ensure the rigor of the evaluation and prevent
guesswork, we adopted an open-ended question-answer
(OpenQA) format, requiring the tested model to give de-
scriptive answers rather than selecting from a list of op-
tions. Following this pipeline, we constructed a total of
7315 validated QA pairs to comprehensively evaluate the
audio-visual comprehension capabilities of MLLMs.

3.4. Dataset Statistics
Tab. 2 summarizes the data sources of EgoSound. The
dataset comprises 900 egocentric videos, including 640
clips from EgoBlind and 260 from Ego4D. These videos
vary in duration, ranging from 5 seconds to 5 minutes, with
an average length of 59 seconds. The overall distribution of
video durations is shown in Fig. 3 (a). In total, 7315 QA
pairs are included, of which 4,969 are derived from EgoB-
lind, and the remaining ones from Ego4D. The proportions
of QA pairs corresponding to the seven task categories are
illustrated in Fig. 3 (c). We further analyze the distribution
of question types, as shown in Fig. 3 (b).

Dataset Clips QA Pairs Dur.(s)

EgoBlind [36] 640 4969 40.5
Ego4D [13] 260 2346 105.6

EgoSound 900 7315 59.3

Table 2. Data source statistics for EgoSound.

3.5. Human Verification
From over 7000 QA pairs, we balancedly sampled 350 QA
pairs to conducted human verification study, with 50 pairs
for each of the seven tasks. To ensure fairness and di-
versity, we prioritized videos containing a wide range of
question types and maintained variation in average video
duration during selection. Annotators verified the correct-
ness of the QA with video alignment and assigned a quality
score (0–5). Results confirm the reliability of our pipeline,
achieving 92.1% accuracy and an average score of 4.3.

4. Experiments
In this section, we present our experimental results. We de-
scribe our experimental setup in Sec. 4.1, where we intro-
duce the models used and the evaluation setting. The main
results are presented in Sec. 4.2. Finally, we further discuss
the audio-only evaluation in Sec. 4.3.

4.1. Experimental Setup
Evaluated MLLMs. We evaluate our benchmark on
a range of state-of-the-art omni-models that can jointly

process audio and video signals. Specifically, the eval-
uated models include VideoLLaMA2.1-AV [5], video-
SALMONN 2+ (7B, 72B) [31], MiniCPM-o 2.6 [41],
Qwen2.5-Omni (3B, 7B) [37], Qwen3-Omni-30B (Instruct,
Thinking) [38]. These models range in size from 3B to 72B
parameters, covering a broad spectrum of model capaci-
ties. In addition, we evaluate EgoGPT [40], a model specif-
ically tailored for egocentric video understanding. For fair-
ness, we exclude Gemini [7] from evaluation, since the cap-
tions in our dataset were annotated using Gemini 2.5 Flash,
which may introduce potential bias.

Evaluation Metrics. Since the QA pairs are in open-
ended form, we employ GPT-5 [24] as an automatic val-
idation tool to assess model performance on EgoSound.
GPT-5 [24] evaluates the factual consistency between each
model’s predicted answer and the ground-truth reference
(correct answer). Following prior work [5, 36], we define
two evaluation metrics for model predictions: Accuracy
(0–100%), the percentage of predicted answers judged as
“correct”; and Score (0–5), the degree of semantic consis-
tency between the predicted and reference answers, where 5
indicates a fully correct answer and 0 is completely wrong.

Human Evaluation. We recruited two English-proficient
evaluators, each holding a bachelor’s degree and possess-
ing solid research experience in computer vision, to con-
duct the human evaluation of our benchmark. Following the
protocol in Sec. 3.5, we sampled a subset of 350 QA pairs
for evaluation. Additionally, we randomly shuffled the QA
pairs to prevent similar questions from appearing consecu-
tively. The human evaluation results are shown in Tab. 3.

4.2. Main Results
We benchmark nine representative MLLMs on the
EgoSound, and the quantitative results are summarized
in Tab. 3. Overall, our experiments reveal that egocen-
tric sound understanding remains a formidable challenge
for current MLLMs, despite their strong progress in vi-
sion–language integration.

① EgoSound poses a significant challenge in current
MLLMs. Human evaluators achieve an average accuracy
of 83.9%, whereas the best model, Qwen3-Omni-Thinking-
30B [38], reaches only 56.7%, indicating a large gap of over
27 points. This demonstrates that while MLLMs can align
vision and language, they still struggle to ground sound cues
for reliable perception and reasoning. The performance
gap confirms the unique difficulty of multisensory under-
standing in first-person settings, where sound and vision are
deeply entangled.

② Well-validated ability drops on audio. Existing
MLLMs are well-known for their strong perception abil-
ity within the visual domain, such as recognizing ob-
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Methods Characteristics Counting Temporal Location Identification Causality Cross-Modal Average

Human 95.6 / 4.4 82.5 / 4.0 67.5 / 3.3 81.6 / 3.8 69.7 / 3.6 95.2 /4.3 90.5 / 4.1 83.9 / 3.9

Open-source Models

VideoLLaMA2.1-AV-7B [5] 15.5 / 1.3 27.7 / 1.4 29.1 / 1.7 21.7 / 1.2 19.4 / 1.1 16.5 / 1.1 13.6 / 0.9 20.5 / 1.3
video-SALMONN 2+ -7B [31] 29.2 / 2.0 40.1 / 2.1 31.5 / 1.8 26.9 / 1.5 34.1 / 1.8 46.9 / 2.5 40.6 / 2.2 36.0 / 2.0
video-SALMONN 2+ -72B [31] 38.4 / 2.5 51.3 / 2.8 37.3 / 2.1 35.4 / 1.9 43.7 / 2.3 63.5 / 3.3 51.1 / 2.8 46.6 / 2.5
Qwen2.5-Omni-3B [37] 28.3 / 1.9 48.7 / 2.5 31.5 / 1.8 26.7 / 1.5 17.7 / 1.0 46.8 / 2.4 33.7 / 1.9 33.9 / 1.9
Qwen2.5-Omni-7B [37] 34.1 / 2.1 56.3 / 2.9 31.4 / 1.7 30.7 / 1.6 23.4 / 1.3 55.3 / 2.8 42.6 / 2.3 39.8 / 2.1
MiniCPM-o 2.6-8B [41] 33.5 / 2.2 50.7 / 2.7 36.4 / 2.0 26.5 / 1.4 41.6 / 2.2 48.6 / 2.5 42.2 / 2.3 40.4 / 2.2
Qwen3-Omni-Instruct-30B [38] 45.8 / 2.8 55.0 / 2.9 50.8 / 3.0 40.1 / 2.2 49.8 / 2.6 65.2 / 3.4 51.6 / 2.8 51.9 / 2.8
Qwen3-Omni-Thinking-30B [38] 55.0 / 3.1 49.0 / 2.6 46.7 / 2.7 50.0/ 2.6 59.5 /3.0 73.3 / 3.7 54.5 / 2.9 56.7 / 3.0

Egocentric Models

EgoGPT-7B [40] 21.2 / 1.8 52.6 / 2.8 38.7 / 2.2 26.1 / 1.5 26.7 / 1.4 41.9 / 2.2 28.9 / 1.7 34.3 / 2.0

Table 3. Evaluation results of MLLMs on EgoSound. The best results are marked in bold, and the second-best are underlined. Charac-
teristics, Counting, and Temporal measure the model’s ability to perceive the intrinsic properties of sound. Location, Causality, Reasoning,
and Cross-Modal go beyond this, further evaluating the model’s multimodal perception and reasoning capabilities.

ject characteristics or identifying approximate locations.
However, when evaluated on audio-centric tasks, these
well-validated abilities show a clear performance degrada-
tion. For instance, models including VideoLLaMA2.1-AV-
7B [5], Video-SALMONN 2+ [31], Qwen2.5-Omni [37],
and MiniCPM-o [41] perform notably worse on tasks in-
volving sound characteristics and spatial localization, often
even below their results on counting, causality, or cross-
modal reasoning. This reveals that despite supporting audio
inputs, current MLLMs still lag significantly in fine-grained
auditory perception.

③ Model scale’s impact on performance. Larger mod-
els generally show improved performance, but this scaling
advantage does not eliminate all performance gaps. For in-
stance, video-SALMONN 2+ 72B [31] significantly outper-
forms its 7B counterpart (46.6% vs. 36.0%), and Qwen2.5-
Omni-7B [37] exceeds the 3B version by 5.9% percent-
age points. Similarly, models with a larger scale (e.g.,
30B) perform better than those in the smaller scale range
(3B/7B/8B). This is likely because larger models are often
trained with more diverse data, leading to better generaliza-
tion ability. However, this trend is not absolute. The per-
formance difference between VideoLLaMA2.1-AV-7B [5]
and Qwen2.5-Omni-3B [37], as well as the fact that Video-
SALMONN 2+ 72B [31] fails to surpass Qwen3-Omni-
Instruct/Thinking-30B [38], clearly indicates that simply in-
creasing model size does not guarantee superior results.

④ Egocentric pretraining does not help. The EgoGPT-
7B model [40], which is specifically adapted for egocen-
tric data, achieves an average accuracy of 34.3%, substan-
tially lower than the best Qwen3-Omni-Instruct/Thinking-
30B [38] models (above 50%) and even inferior to other
models of comparable scale. Although this is not an abso-
lutely fair comparison, the relatively poor performance of
EgoGPT-7B suggests that pretraining or finetuning on ego-

Figure 4. Accuracy comparison on EgoSound for Qwen3-
Omni-Thinking [38] with audio–visual vs audio-only input.
Sound-dependent three tasks results are shown in the left (orange),
while the right (blue) shows the results for other four tasks that de-
pend on both visual and audio input.

centric data alone does not directly address models’ lim-
itations in sound-related understanding. This observation
further underscores the importance of developing modality-
balanced MLLMs that can jointly reason over vision, lan-
guage, and audio. We also note that a broader conclusion
would ideally rely on multiple egocentric models; however,
the current availability of open-source egocentric models
remains limited. This again highlights the need for more
egocentric-oriented MLLMs to advance research in multi-
sensory egocentric understanding.

4.3. Audio-Only Evaluation
To investigate the role of visual information in EgoSound,
we conduct an audio-only ablation that removes visual in-
puts while keeping all other settings identical. Specifically,
we feed the same questions to the same model, but instead
of providing both RGB frames and audio, we retain only
the audio track during inference. Following the results in
Tab. 3, we select the best-performing model, i.e., Qwen3-
Omni-Thinking-30B [38], to perform this ablation. A com-
parison between dual-modality (audio + visual) and single-
modality (audio-only) performance is summarized in Fig. 4.
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Question: Following the blanket’s rustling sound, what did the attendant do? Answer: She draped the blanket over the passenger’s lap.

Qwen3-Omni-Thinking: Following the blanket‘s rustling sound, the attendant
adjusted the blanket on the passenger’s lap and legs.

Qwen3-Omni-Instruct: She placed a blue and white striped blanket on the
passenger’s lap.

Qwen2.5-Omni-7B: The attendant gave the person a blanket.
Qwen2.5-Omni-3B: The attendant put a blanket on the seat.
MiniCPM-o 2.6: The attendant adjusted the blanket, smoothed it out, and then

covered a person with it.
VideoLLaMA2.1-AV: After the blanket's rustling sound, the attendant handed out

plastic-coated paper to passengers.

Qwen3-Omni-Thinking: Following the blanket‘s rustling sound, the attendant made
a public announcement for Route 35.

Qwen3-Omni-Instruct: After the blanket was rusted, the attendant placed it down,
saying, "I'll put it down for you over here.”

Qwen2.5-Omni-7B: The attendant put the blanket on the seat.
Qwen2.5-Omni-3B: The attendant said “Okay” and then said, “We will serve the meal

after we take off.”
MiniCPM-o 2.6: After the blanket rustled, the flight attendant said, "Okay, thank 

you."
VideoLLaMA2.1-AV: The attendant did not do anything.

Figure 5. Comparison of Cross-Modal Reasoning with and without visual input. The video shows an egocentric airplane scene in
which a flight attendant handles a blanket for the passenger. The question asks what happens after the rustling sound produced during this
action. The left side presents model outputs with audio-visual frames; the right side presents outputs with audio alone.

From the results, we highlight two main observations:
1) Sound-dependent tasks remain stable. For sound-only
QA tasks (Characteristics, Counting, and Temporal) , the
model maintains relatively stable performance, with only
slight drops from 50.3% to 44.3% on average. This is con-
sistent with intuition: when a task depends solely on audi-
tory cues, removing visual inputs should not substantially
affect model accuracy. 2) Audio-visual tasks degrade sig-
nificantly. For tasks requiring joint reasoning (Location,
Identification, Causality, and Cross-Modal) , we observe
a significant decline in performance under the audio-only
condition. For example, performance dropped by 28.1 and
24.9 points in Localization and Causality respectively, and
the average accuracy also decreased by more than 20%.
These findings validate that our audio-visual tasks indeed
require integrated reasoning over both modalities, rather
than relying on audio alone. Finally, we note that although
the model’s performance on audio-visual tasks drops no-
ticeably under audio-only input, it does not completely fail.
This mirrors the human condition where visually impaired
individuals can still interpret the world through auditory
cues alone, suggesting that partial reasoning remains pos-
sible even without visual modality.

Further analysis of the visual modality. To further il-
lustrate why visual signals is essential for joint reason-
ing, we visualize representative examples in Fig. 5, com-
paring model predictions under different input modali-
ties. With dual-modality input (left), the strongest models
(Qwen3-Omni-Thinking [38], Qwen3-Omni-Instruct [38],
and MiniCPM-o 2.6 [41]) successfully associate the rustling
sound with the moment the blanket is being adjusted and
correctly ground the subsequent action, identifying that the
attendant places or drapes the blanket over the passenger’s
lap. In contrast, under the audio-only setting (right), all of
these models fail to provide the correct answer. This gap

clearly demonstrates the importance of cross-modal coop-
eration for comprehensive first-person scene understanding.
Additionally, we observe that weaker models fail under both
input conditions, often mislocalizing the action or halluci-
nating unrelated events. These observations confirm that
our QA tasks pose significant challenges to current MLLMs
and serve as a realistic and demanding testbed for multisen-
sory egocentric reasoning.

5. Conclusion

In this work, we introduced the EgoSound, the first bench-
mark designed to systematically evaluate egocentric sound
understanding in Multimodal Large Language Models. By
unifying the data from Ego4D and EgoBlind and estab-
lishing a seven-task taxonomy, spanning sound character-
istics, sound event counting, temporal information, spatial
location, sound source identification, inferential causality,
and cross-modal reasoning, EgoSound offers a comprehen-
sive and realistic testbed for multisensory egocentric intelli-
gence. Through large-scale evaluation across nine state-of-
the-art MLLMs, we reveal that while existing models ex-
hibit emergent auditory reasoning abilities, they continue to
struggle with fine-grained audio perception and first-person
multimodal joint reasoning. Our audio-only ablation stud-
ies further highlight the indispensable role of visual cues
in many sound-related reasoning scenarios, reinforcing the
need for balanced multimodal learning across vision, audio,
and language. EgoSound aims to spark deeper exploration
into multisensory modeling, especially in the first-person
perception domain, for boosting better and robust human-
aligned intelligence. We hope this benchmark not only ex-
poses current limitations but also catalyzes progress toward
next-generation MLLMs that can truly see, hear, and under-
stand the world from a first-person view.
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