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Enhancing Egocentric Narrations with EgoAVU

A person in a kitchen opened the drawer of |

the refrigerator, revealing various items such
as a bag of onions, lettuce, and other
vegetables. They picked up a shopping bag,
specifically a white nylon containing lettuce,

rustling and crinkling sound. The person then
picked up another bag, this time containing
onions, and put it on the counter as well. In
the process, they dropped the shopping bag,

and placed it on the counter, producing ai ***

A person in a kitchen held an orange and a
knife while watching something on a laptop
on the counter. The kitchen had various
items, including a sink, a stove with a pot, a
cutting board, and a wall with a window. As
they dropped the knife on the chopping
board, it made an tapping sound. The person
then started cutting the orange, creating a
chopping sound. Nearby, a kitchen sink,
laptop, plastic bags, bottle of oil, and other
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causing a thumping sound ... items were visible but not interacted with.
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Figure 1.

Benchmarking MLLMs on EgoAVU-Bench

Question (SSA): Identify the distinct sounds occurring between 320 seconds and 330
seconds, and describe the visible sources responsible for each in the video.

,,,—--| Qwen2.5 Omni

iAf 320 seconds, you hear a \"click\" sound. It could be from a switch or a button being i
ipressed. At 330 seconds, there's a \"squeak\" sound. This might be from a door hinge |

-| VideoLLaMA2

AN
The video shows a person cutting up various ingredients in a kitchen. The distinct sounds }
i from 320 seconds and 330 seconds are the crushing of of garlic and the chopping of of !
vvegetables These sounds are likely caused by the person using knife... ;

[

' Ours

v
Durlng the segment, two distinct sounds were heard. First, a tapping or impact sound
occurred when the person cut the pepper with the knife. Next, a water running sound
wus produced when the person turned on the tap.
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Overview of EgoAVU. We introduce EgoAVU, a scalable and automated data engine to enable egocentric audio—visual un-

derstanding. EgoAVU enriches existing egocentric narrations by integrating human actions with environmental context, explicitly linking
visible objects and the sounds produced during interactions or surroundings. Leveraging this pipeline, we construct EgoAVU-Instruct (3M
QAs) and EgoAVU-Bench (3K verified QAs), enabling systematic training and evaluation of MLLMs. Models finetuned with EgoAVU-

Instruct exhibit high audio-visual grounding in egocentric settings.

Abstract

Understanding egocentric videos plays a vital role for em-
bodied intelligence. Recent multi-modal large language
models (MLLMs) can accept both visual and audio in-
puts. However, due to the challenge of obtaining text labels
with coherent joint-modality information, whether MLLMs
can jointly understand both modalities in egocentric videos
remains under-explored. To address this problem, we
introduce EgoAVU, a scalable data engine to automati-
cally generate egocentric audio-visual narrations, ques-
tions and answers. EgoAVU enriches human narrations
with multimodal context and generates audio-visual nar-
rations through cross-modal correlation modeling. Token-
based video filtering and modular, graph based curation
ensure both the data diversity and quality. Leveraging
EgoAVU, we construct EgoAVU-Instruct — a large scale

training dataset of 3M samples, and EgoAVU-Bench — a
manually verified evaluation split of 3K samples. EgoAVU-
Bench clearly reveals the limitation of existing MLLMs:
they bias heavily towards visual signals, often neglecting
audio cues or failing to correspond audio with the visual
source. Finetuning MLLMs on EgoAVU-Instruct effectively
solves this issue, enabling up to 113% performance im-
provement on EgoAVU-Bench. Such benefit can also trans-
fer to other benchmarks such as EgoTempo and Egolllusion,
achieving up to 28% relative performance gain. Project
page: https://cs20s030.github.io/EgoAVU/

1. Introduction

Egocentric videos capture rich and dynamic first person au-
dio—visual information centered on daily human activities,

15805



such as cooking, painting, or assembling objects [15, 16,
28]. Understanding such data plays a vital role in embodied
intelligence and mixed-realities [26, 27, 32, 33].

The highly dynamic camera motion and the limited field
of view make comprehensive egocentric video understand-
ing challenging with solely visual cues [7]. This motivates
the use of audio information, which provides persistent con-
textual signals tied to ongoing events. Though recent multi-
modal language models (MLLMs) can accept both audio
and visual inputs [17, 29, 36, 38, 39], whether they under-
stand the joint dynamic of audio—visual signals in egocen-
tric videos remains an open question.

The main bottleneck to study this problem arguably is
limited data. For training, existing egocentric datasets,
such as MultiHop-EgoQA [8] and MM-Ego [42], are de-
rived mostly from the human narrations in Ego4D [15].
While these narrations provide valuable human supervi-
sion, they bias toward describing human—object interac-
tions and lack broader environmental context or the di-
versity of auditory signals in egocentric recordings. For
evaluation, existing benchmarks [10, 25, 30] focus mainly
on visual cues, limiting their ability to assess integrated
audio—visual reasoning. Though exocentric audio—visual
benchmarks [21, 24, 35, 41] exist, their multi-modal dy-
namics are fundamentally different.

To address these problems, we introduce EgoAVU, a
fully automated data engine that can generate diverse and
high quality audio-visual-language data from public ego-
centric datasets such as Ego4D [15]. EgoAVU comprises
four key components: (i) Enhancing egocentric narra-
tions by enriching human descriptions with environmen-
tal context, visual object details, and audio captions gen-
erated using diverse open-source MLLMs [3, 4, 38]; (ii)
Filtering videos with rich audio—visual dynamics by se-
lecting egocentric clips featuring varied action sequences,
human—object interactions, and a wide range of ambient
and foreground sounds; (iii) Generating fine-grained event
captions through audio—visual correlation by integrating
modality-specific cues such as actions, objects, and sounds,
and modeling their relationships to enhance multimodal
reasoning; and (iv) Curating diverse audio—visual under-
standing tasks that span grounding, temporal reasoning,
scene understanding, and audio—visual hallucination.

Leveraging EgoAVU, we construct EeQoOAVU-Instruct —
a large scale training dataset of 9K egocentric videos with
3M audio—visual-language samples, and EgoAVU-Bench
— an evaluation split of 900 videos containing 3K manu-
ally verified samples. The generated data features strong
multi-modal correspondence, long average video durations
(4min), open and close-ended questions capturing diverse
aspects of egocentric audio-visual understanding.

Comprehensive experiments show that existing MLLMs
perform poorly on EgoAVU-Bench, revealing significant

limitations in their joint audio—visual reasoning capabilities.
The seven models we tested show consistent bias towards
the vision modality, often neglecting audio cues or struggle
to connect them to the correct visual source. Fine-tuning
MLLMs such as Qwen2.5-Omni [38] on EgoAVU-Instruct
can effectively close this gap, resulting in up to 113% rel-
ative performance boost on EgoAVU-Bench. More impor-
tantly, the performance gain is transferrable to other ego-
centric benchmarks, such as EgoTempo [30] and Egolllu-
sion [34], achieving up to 28% relative performance im-
provement.

2. Related Work

Multimodal-Large Language Models. Recent advances
in Multimodal Large Language Models (MLLMs) [2, 11,
29, 36-39] have substantially extended the capabilities of
large language models [2, 3, 40] beyond text, enabling
unified understanding of visual and auditory inputs. De-
spite this progress, existing MLLMs face critical limita-
tions when applied to egocentric audio-visual understand-
ing. First, leading models developed for egocentric video
understanding, such as MM-Ego [42] and EgoVLPv2 [31],
lack the ability to incorporate audio cues, limiting them
to perform visual only tasks. Second, even models ca-
pable of handling viusal and auditory signals, including
Qwen2.5-Omni [38] and Video-LLaVA2 [11], remain pri-
marily trained and benchmarked on exocentric audio-visual
data [14, 41]. As aresult, they struggle to generalize to ego-
centric settings, which exhibit fundamentally different char-
acteristics such as dynamic camera motion, frequent self-
occlusions, and distinct audio profiles. These limitations
highlight a significant gap in current MLLMs’ to jointly un-
derstand audio—visual cues in egocentric videos.

Egocentric-Video Understanding. The field of egocen-
tric video understanding has gained increasing attention
due to its relevance in augmented reality (AR) [26, 27]
and embodied Al [32, 33]. Large-scale datasets such as
Ego4D [15], EPIC-KITCHENS [28], and Ego-Exo04D [16]
have driven progress by enabling the creation of egocen-
tric video—language corpora (e.g., MultiHop-EgoQA [8],
EgoTextVQA [45], QaEgo4D [6]) and benchmarks (e.g.,
EgoSchema [25], EgoTempo [30], Egolllusion [34]). How-
ever, these datasets are predominantly constructed from
textual narrations, focusing on human—object interactions
while overlooking environmental and auditory cues, critical
for accurately inferring actions, contextual dynamics, and
scene semantics in egocentric settings. Recent benchmarks
such as EgoTempo and Egolllusion attempt to enhance con-
textual understanding through visual captioning, but their
reliance on closed-source models (e.g., Gemini [36], GPT-
40 [2]) makes large-scale, reproducible data generation
challenging. In this work, we address these problems by
introducing a scalable data-engine capable of generating
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Figure 2. EgoAVU pipeline. EgoAVU consists of four key components. (1) For each egocentric video clip, EgoAVU enhances the raw
narration with detailed multisensory context using open-source MLLMs [4, 38]. (2) These enriched narrations are then used to select clips
that exhibit diverse audio—visual dynamics. (3) Next, EgoAVU constructs a Multimodal Context Graph (MCG), automatically generated
via open-source LLMs [3], to capture complex cross-modal relations. The MCG is parsed alongside the enhanced narrations to produce
coherent audio—visual narrations. (4) The generated audio-visual narrations are leveraged to generate high-quality audio—visual QA pairs,
forming both the instruction-tuning dataset EgoAVU-Instruct and the evaluation benchmark EgoAVU-Bench.

time-aligned joint audio-visual generation while utilizing
open-source MLLMs [3, 4, 38].

3. Method

Fig.2 provides an overview of EgoAVU. We begin by col-
lecting and organizing egocentric data (Sec.3.1). Next,
we enhance egocentric narrations using MLLM-generated
multi-modal context (Sec.3.2), and use the tokens of en-
riched narration to filter videos for temporal diversity
(Sec.3.3). We then introduce a multi-modal context graph
(MCG) that captures complex cross-modal relations, and
parse these graphs with open-source LLMs to fuse multi-
modal information into a single dense narration (Sec.3.4).
Finally, this fused narration is used to generate QA pairs for
joint audio-visual understanding (Sec.3.5). To ensure the
scalability, EgoAVU only utilizes open source models. Due
to the space limit, we provide example outputs and prompts
for each module in Appendix A.

3.1. Data Collection

We begin by collecting videos from the Ego4D dataset [15],
and filter out videos that lack audio tracks. Each video in
Ego4D is accompanied by a set of narrations that provide
first-person descriptions of the events, such as “#C C holds
a cup,” where “#C C” refers to the camera wearer. These

narrations can be represented as {N;, t; }fil, where N; de-
notes the narration text, ¢; is the corresponding timestamp,
and K is the total number of narrations in the video. To
obtain the temporal boundries of each narration, we use the
strategy proposed in prior works [23, 30], where temporal
boundries T for narration N, is defined as:

T, = {tj - 2%,@ + fa} (1)

[; represents the average interval between consecutive
timestamps ({7}, T +1}), and o denotes the global average
of (3; across the entire dataset. Since the segments asso-
ciated with each narration are short (on average 3s), they
are insufficient to capture fine-grained visual and auditory
information. Following [13], for each video v, we group
consecutive segments and their corresponding narrations to
form video clips v; of at least 10s and not more than 360s.

3.2. Narration Enhancement

After data collection, we generate descriptions about audio
and video frames to enrich the original egocentric action-
centric narrations. The goal of this stage is to obtain detailed
descriptions for both modalities, which paves the way for
diverse and fine-grained QA generation. The most straight-
forward approach is to input both video frames and audio
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tracks into an MLLM, and prompt it to generate the au-
dio and visual descriptions. However, our initial experi-
ments show that MLLMs, when provided with audio and
video inputs together, cannot capture important details due
to modality bias and hallucination.

Specifically, we evaluate open-source models, includ-
ing Qwen2.5-Omni [38] and MiniCPM-o [29], on 200 ran-
domly sampled video clips. Each model is first used in
a uni-modal setting, captioning visual and auditory infor-
mation independently, i.e., visual captioning without audio
input and audio captioning without video input. We then
perform joint audio—visual captioning by providing both
modalities simultaneously. After that, we manually com-
pare the consistency for both visual and audio modalities by
computing the ratio where an object/event captured in the
uni-modal output is also correctly appearing in the multi-
modal output. L.e., whether the multi-modal output can cap-
ture all the details as in the uni-modal settting.

We observe a consistent pattern where models either
omit various sounds or associate audio cues with incorrect
visual events. For example, Qwen2.5-Omni shows an error
rate of 54.3% for audio and 25.4% for visual consistency,
while MiniCPM-o yields 68.2% and 31.2%, respectively
(see Appendix C for examples). These findings show that
existing MLLMs struggle to maintain accurate and detailed
cross-modal grounding in egocentric contexts, motivating
a modular data engine that leverages specialized models to
process different modalities independently.

With this observation, we leverage a collection of
MLLMs to extract rich multisensory information from in-
dividual modalities separately. Specifically, for each video
segment, we first capture detailed spatial descriptions of
objects by applying an image captioner such as Qwen2.5-
VL [4] to the center frame. To model temporal dynamics,
including camera motion, action sequences, and auditory
events, we employ Qwen2.5-Omni in two complementary
modes. First, we use it as a video captioner, processing
video frames without audio, to generate coherent video-
level narrations. Then, we use the same model as an audio
captioner without visual inputs to produce detailed auditory
narrations that capture both foreground sounds closely tied
to human activities (e.g., impacts and hissing) and back-
ground sounds (e.g., bird chirping, wind blowing). This
process results in time-aligned uni-modal narrations that en-
capsulate both visual and auditory aspects of the scene.

3.3. Video Filtering for Diversity Enhancement

After obtaining the enhanced narrations, we use them to
compute lexical diversity, filtering videos with rich and di-
verse visual and auditory signals. Specifically, for each
video v, we combine the segment-level narrations into a sin-
gle narration that captures all objects, actions, and sounds
present in the video. We then tokenize this narration

into 7, = {t1,...,t,} and compute the Moving-Average
Type—Token Ratio (MATTR) [12], which averages the pro-
portion of unique words across sliding windows of size w:

n—w-+1

‘Unl(t“ .
2 T

i=1

1
n—w-+1

tiguw
MATTR(T,) = stivw-1)|

2
Higher MATTR scores indicate narrations that describe a
wider variety of objects, actions, and auditory events. We
retain videos whose MATTR exceeds a threshold 7 = 0.3,
effectively removing the bottom 25% of our distribution to
filter static or repetitive descriptions, leading to the final
video count of 9,900.

3.4. Audio-Visual Narration Generation

Our next objective is to generate a unified narration that

captures both auditory and visual information for each seg-

mented video clip. We do this leveraging text-based LLMs.

When synthetically merging unimodal narrations, the LLM

must first implicitly retrieve key details across modalities,

such as which objects the human interacts with, which re-
main in the background, and what actions or objects pro-
duce specific sounds. It must then integrate this informa-
tion into a coherent and perceptually grounded narration.

However, our preliminary experiments show that directly

prompting open-source LLMs such as LLaMA-70B [3] of-

ten fails to maintain consistent human—object interactions
and sound—source associations in their responses (See Ap-
pendix A for detailed comparison).

We design a two-stage pipeline that addresses this chal-
lenge. First, we organize audio-visual cues from uni-modal
narrations into a structured representation called the Multi-
modal Context Graph (MCG). As shown in Fig. 2, MCG
captures relationships between visible actions, objects, and
audible sounds. Each MCG is generated by prompting an
LLM (LLaMA-70B) with enhanced narrations to extract the
following information :

* Interacted Objects: Objects with which the person physi-
cally interacts, along with interaction types, inferred from
action narrations.

* Background Objects: Objects visible in the environment
but never interacted with, identified by comparing objects
and action narrations.

* Foreground Sounds: Human-induced action sounds cor-
related with specific actions (e.g., impact sound — “C
places the phone on the table”), or ambient sounds
grounded in visible scene elements (e.g., “dog barking”
aligned with a visible dog).

* Background Sounds: Sounds present in the audio track
whose sources cannot be visually grounded.

We find that MCG makes multi-modal relationships explicit

and easily inferable, which we utilize further to generate

joint audio-visual narrations.
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Category Example

Open-Ended

Source—Sound Asso-
ciation

What is the source of the sizzling sound heard in
the video?

Audio-Visual Dense
Narration

Describe in detail what the person sees, hears,
and does throughout the video.

Audio-Visual
ment Narration

Seg- Between 240 and 250 seconds, describe the per-
son’s surroundings, actions, and the sounds that

can be heard?

Close-Ended

Temporal Reasoning What happened before the person opened a
kitchen cabinet?. Choose the correct option

from the following options: ...

Audio-Visual Hallu-
cination

Is there a beeping sound coming from the mi-
crowave in the video?

Table 1. Question Prompts. Examples of open-ended and close-
ended questions in EgoAVU-Instruct and EgoAVU-Bench.

Dataset A&V #Test Avg. Dur. Q-Type # Ans.
EgoTaskQA [19] X 8k 25s OpenQA 13
EgoSchema [25] X 500 3 min CloseQA -
EgoThink [10] X 750 45s OpenQA 4
EgoTempo [30] X 500 45s OpenQA 10
Egolllusion [34] X 8k 3 min Open / CloseQA 3
EgoAVU-Bench(Ours) v/ 3k 4 min Open / CloseQA 200

Table 2. Benchmark statistics. Beside having QAs with high
audio-visual coherence, EgoAVU-Bench features large number of
QA pairs, longer egocentric videos with audio track, support both
open/closed QA type and consists of significantly longer and de-
scriptive responses.

Next, we leverage MCGs to guide the generation of
unified, high-coherence audio—visual narrations. The goal
is to fuse both visual and auditory details into the same
multi-modal coherent narration. As shown in Fig 2, we
provide the LLM (LLaMA-70B) with enhanced narrations
and MCGs, and prompt it to generate the combined nar-
ration. The prompt asks the LLM to first extract explicit
cues from the MCQG, including interacted and background
objects, grounded sound events, and their associations with
actions and visible sources, and then align these cues with
the corresponding temporal descriptions from the video and
action-level narrations.

3.5. QA Generation

Using the unified audio—visual narrations, EgoAVU synthe-
sizes question—answer pairs that probe diverse aspects of
egocentric audio-visual understanding.

EgoAVU Taxonomy. We design five categories of QAs en-
compassing both open-ended questions, where models must
produce descriptive responses integrating visual and audi-
tory cues, and closed-ended questions, which test precise
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multi-modal perceptual understanding through multiple-
choice or binary (Yes/No) formats. A detailed description
of each category is provided below.

* Open-ended QAs. These questions are primarily free-
form, requiring the model to develop a comprehensive un-
derstanding of temporal and spatial dynamics across vi-
sual and auditory cues in egocentric videos. The specific
categories include: (1) Sound—Source Association (SSA):
Identify various foreground sounds in the video and de-
termine their corresponding visible sources including hu-
man actions or various objects shown in the video. (2) Au-
dio—Visual Segment Narration (AVSN): Answer segment-
level questions by producing coherent and natural nar-
rations that describe what the person is doing, seeing,
and hearing, including both foreground and background
sounds, grounded within the specified temporal range. (3)
Audio—Visual Dense Narration (AVDN): Extend previous
task to the entire video, assessing the model’s ability to
maintain narrative coherence across the complete video.
Close-ended QAs. These questions are particularly use-
ful for adversarial testing. Close-ended QAs allow the
construction of fine-grained distractors and counterfac-
tuals to probe a model’s susceptibility to spurious cor-
relations in audio-visual understanding. We design two
main categories: (1) Temporal Reasoning (TR): Multiple-
choice questions with four options that assess the model’s
understanding of temporal relationships among multi-
modal events such as human actions, visual objects, and
auditory cues in egocentric videos. These questions focus
on reasoning about event ordering, for example identify-
ing which event occurred first or last, or answering be-
fore/after queries. (2) Audio—Visual Hallucination (AVH):
Binary (“Yes”/“No”) questions that evaluate the model’s
tendency to hallucinate when detecting visual or auditory
signals, such as verifying the presence of actions, objects,
or sounds throughout the video.



Models Size SSA AVDN AVSN TR AVH
S SMm M@ RM®M SM MM R@M) Ace () Ace (1)
Open-Source MLLMs
VideoLLaMA2 [11] 7B 1.51 1.88 3.65 8.32 1.71 750 13.89 37.00 20.32
Baichuan-Omni [20] 7B 1.49 1.92 4.82 9.75 1.79 8.34 14.21 39.85 21.10
Intern-Omni [9] 8.7B 1.47 1.95 520 10.11 1.82 8.69 14.70 41.22 21.75
Phi4-mm [1] 8B 1.42 1.59 8.79 13.13 1.69 12.17 16.90 45.04 22.89
MiniCPM-o [29] 8B 1.43 2.27 10.84 1477 2.06 9.68 12.19 26.44 21.76
Qwen2.5-Omni [38] 3B 1.45 2.17 8.55 13.45 1.85 8.63 13.08 46.40 26.28
Qwen2.5-Omni [38] 7B 1.50 2.37 10.69 1474 1.99 9.99 13.39 53.20 42.69
MLILM trained with EgoAVU-Instruct
OURS (10RA) 7B 3.15 260 1220 17.19 245 2253 28.34 64.31 61.69
OURS (Fun) 7B 3.20 2.66 1250 17.32 2.63 22.68 28.70 67.84 60.12
A(%) - +113.3 +122 +16.9 +17.2 +27.6 +86.5 +69.8 +27.2 +30.8

Table 3. Main result on EgoAVU-Bench. We compare seven MLLMs with joint audio—visual understanding capabilities against our fine-
tuned models across a diverse set of tasks in EgoAVU-Bench, including open-ended QAs: Source-Sound Association (SSA), Audio-Visual
Dense Narration (AVDN), and Audio-Visual Segment Narration (AVSN), as well as closed-ended QAs: Temporal Reasoning (TR) and
Audio-Visual Hallucination (AVH). For the open-ended tasks, we report LLM-as-Judge (S), METEOR (M), and ROUGE-L (R). For the
closed-ended tasks, we report Accuracy (Acc.). Additionally for each task, we compute the relative performance gain (A) between the best

open-source model and our fine-tuned models.

3.6. Dataset Overview

Leveraging EgoAVU, we construct the first egocen-
tric audio—visual dataset suite for training and evaluat-
ing MLLMs. Our large-scale instruction-tuning corpus,
EgoAVU-Instruct, comprises approximately 3M samples
with 9K egocentric videos, while the evaluation benchmark,
EgoAVU-Bench, contains 3K QA pairs with 900 distinct
videos. Both EgoAVU-Instruct and EgoAVU-Bench en-
compass a wide range of real-world visual scenarios, such
as cooking, painting, and other indoor/outdoor activities
(see Appendix D for detailed distributions). Extensive man-
ual verifications are conducted on EgoAVU-Bench to ensure
that the audio-visual information is correctly grounded. As
illustrated in Fig. 3, both EgoAVU-Instructand EgoAVU-
Bench covers all five question categories introduced earlier,
featuring a balanced mix of open- and closed-ended for-
mats. As shown in Fig. 3, the video length in both datasets
vary from 1 to 6 minutes, providing rich temporal diversity
for model training and evaluation.

Table 2 compares existing egocentric benchmarks with
our EgoAVU-Bench. Besides filling the gap of egocen-
tric audio-visual understanding, EgoAVU-Bench includes
a large number of QAs, features longer videos with syn-
chronized audio tracks, supports both open- and closed-
ended question formats, and provides significantly longer
and more descriptive responses.

4. Results

Implementation Details. We verify the effectiveness of our
instruction-tuning dataset, EgoAV U-Instruct, by fine-tuning
MLLMs such as Qwen2.5-Omni (7B) on it and compare the
finetuned model with baselines on EgoAVU-Bench. Fine-
tuning is performed using LLaMA-Factory [44], under two
settings: LoRA [18] and full fine-tuning. All experiments
are conducted on 64 H100 GPUs with a global batch size
of 64, training each model for 5 epochs. To ensure con-
sistent visual coverage across samples, during training, we
uniformly sample 300 frames per video. We also uniformly
sample data from each of the 5 tasks to achieve a balanced
performance (See Appendix E for additional details).
Evaluation Protocol. For close-ended QAs in EgoAVU-
Bench, we follow [43] and use regex-based string match-
ing, where we construct robust regular expressions and de-
sign a response-processing module to extract key phrases
such as option IDs (A, B, C, D), binary indicators (yes/no),
and conclusion phrases from long responses for accurate
answer matching. For open-ended QAs, similar to prior
work [30], we adopt the LLM-as-a-judge approach, em-
ploying Qwen3-235B-A22B-Instruct-2507 [40] as an open-
source judge for reproducibility. The model rates MLLM-
generated responses on a 1-5 scale (see Appendix E for the
evaluation prompt). We additionally report standard met-
rics used for dense response evaluation, including ROUGE-
L [22] and METEOR [5].
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Model EgoTempo [30] EgoSchema [25] Egolllusion [34]
Acc. (1) Ace. (1) Acc. (1)

Qwen2.5-Omni  16.25 67.43 56.32

OURS (LoRA) 20.83 5.1 67.34_.1% 60.36..7 29

OURS (rFui) 20.21 94 49 66.21 1 gy 60.24 7 oo

Table 4. Result on other Egocentric benchmarks. Finetuning
on EgoAVU-Instruct also benefits other egocentric benchmarks.

4.1. Main Results

Table 3 presents the main result on EgoAVU-Bench. The
key findings are summarized below.

MLLMs struggle to associate sounds with their visual
sources. This is evident from their low scores on the
Source-Sound Localization (SSA) task, where LLM-as-a-
judge (S) evaluations remain below 1.6 out of 5 across all
baseline MLLMs.

MLLMs struggle to produce coherent and temporally
aligned audio-visual narrations. In both the Audio-Visual
Dense Narration (AVDN) and Audio-Visual Segment Nar-
ration (AVSN) tasks, even the best-performing model,
Qwen2.5-Omni (7B), attains S scores of below 2.4, which
is consistent with low caption quality metrics such as
ROUGE-L (R) and METEOR (M).

MLIMs demonstrate limited temporal reasoning over
Jjoint audio-visual inputs. The highest Temporal Reasoning
(TR) accuracy, achieved by Qwen2.5-Omni (7B), is merely
53.2%, with models such as VideoLLaMA?2 and MiniCPM-
o performing considerably worse.

MLLMs frequently hallucinate during audio-visual rea-
soning, as reflected by their below 43% accuracy on the
Audio-Visual Hallucination (AVH) task.

Finetuning MLLMs on EgoAVU-Instruct effectively im-
proves egocentric audio-visual understanding. Our fine-
tuned model yields substantial and consistent performance
gains across all tasks. Compared to the best performing
baseline, we achieve up to 113.3% and 44.5% relative per-
formance improvement on open and close ended tasks re-
spectively. In addition, LoRA and full finetuning both pro-
vides considerable performance gain. This shows the pos-
sibility to achieve strong audio-visual understanding under
resource-limited scenarios.

Figure 4 compares the responses of VideoLLaMA?2 and
Qwen2.5-Omni (7B), with our fine-tuned model on both
open-ended and close-ended tasks. In close-ended tasks like
Audio-Visual Hallucination, when queried about a sound
source absent from the video, Qwen2.5-Omni often fabri-
cates a visually plausible yet non-existent source, whereas
our model effectively resists such misleading prompts
through improved audio—visual grounding. For open-ended
tasks such as Audio-Visual Segment Narration, our model
exhibits stronger sound—source coherence and more accu-
rate action-sequence understanding. (See Appendix E for

I.l.lllI.“l.\Illllllllll\lll.lllllll\lllllllvlllllllllllllll
e = B - *
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S Audio-Visual Hallucination (AVH)

Determine if the shattering sound was caused by a person’s movement.

Well, it could be that someone accidentally dropped a glass or a ceramic dish. You
know, sometimes in the kitchen, things can slip and fall. Maybe it was a bit of a
clumsy moment. What do you think?

None, as no shattering sound was heard

|

Between 190 and 200 seconds, describe the person’s surroundings, actions, and the sounds
that can be heard?

VideoLLaMA2
The video shows a person preparing food in a kitchen. The main source of sound in
the video is the crushing of of vegetables as the person chops them up.

v
A person wearing a white and black striped shirt stood in a kitchen with ... They held a
blue plastic bag in their left hand. The person start opening the bag, producing a
rustling sound. Nearby, a kitchen sink, dish rack, spoon, knife, ... were visible but not
interacted with.

Figure 4. Qualitative Analysis on EgoAVU-Bench. We observe
existing MLLMs, such as Qwen2.5-Omni and VideoLLaMA?2, ex-
hibit strong visual bias when answering audio-visual questions
from EgoAVU-Bench (highlighted in red). In contrast, our model
demonstrates superior sound—source coherence and a better under-
standing of action sequences (highlighted in green)

additional examples.)

4.2. Evaluating Existing Egocentric Benchmarks

To further evaluate the generalizability of our fine-tuned
model, we report its performance on additional egocen-
tric video—language benchmarks, including EgoTempo,
EgoSchema, and Egolllusion. As shown in Table 4, fine-
tuning on EgoAVU-Instruct leads to notable accuracy im-
provements on EgoTempo and Egolllusion, with gains of
up to 28.1%, while maintaining competitive performance
on EgoSchema, showing only a marginal decrease of 0.1%.
Note that LoRA performs slightly better than full finetuning
in terms of improving other datasets. These results demon-
strate that training on EgoAVU-Instruct enhances audio-
visual understanding without causing overfitting, and fur-
ther complements performance across diverse egocentric
video QA tasks. We also evaluate our finetuned model on
non-egocentric datasets. As shown in Appendix F, finetun-
ing MLLMs on EgoAVU-Instruct can maintain the perfor-
mance on non-egocentric datasets.

4.3. Error Analysis

Intrigued by the weak performance of current MLLMs
across all tasks in EgoAVU-Bench, we conduct a detailed
error analysis separately for the close-ended and open-
ended tasks to analyze their behavior patterns. Our key find-
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Models Size Action  Object  Sound

Ace. (1) Ace. (1) Acc. (D)

VideoLLaMA2 7B 21.36 20.32 19.27
Phi4-MM 8B 2245 21.74 24.49
MiniCPM-o 8B 24.49 24.46 16.33
Qwen2.5-Omni 3B 25.00 29.35 24.49
Qwen2.5-Omni 7B 44.39 50.00 33.67

OURS (1,ra) 7B 6020 6109 6378
OURS (puin) 7B 6132 6240  64.20

Table 5. Error Analysis for Audio-Visual Hallucination (AVH).

MiniCPM-0 2.6

77

Qwen2.5-Omni (3B)

VideoLLaMA2 o

Qwen2.5-Omni (78B) o

Ours (LoRA) o

Ours (Full) 4
EZ1 Sound [ZA Source

0 20 40 60 80

Error Rate (%)
Figure 5. Error Analysis on Sound-Source Association (SSA).
For open-ended tasks, MLLMs with high error rates primarily fail
to perceive sounds rather than identifying visual objects/events.
For less advanced models, identifying sound is a heavier issue.

ings are summarized below:

Close-Ended Tasks. Firstly, as illustrated in Table 5 and 6,
for close-ended tasks such as Audio-Visual Hallucination
(AVH) and Temporal Reasoning (TR), we evaluate MLLMs
ability to independently perceive multisensory inputs within
egocentric videos, specifically, human actions, visual ob-
jects, and sounds, including both foreground and back-
ground audio cues. This is achieved by separately evalu-
ate the accuracy on the 3 subsets of corresponding tasks.
Overall, our analysis reveals a consistent trend: MLLMs
struggle the most with identifying sounds, followed by hu-
man actions, while performing relatively better at recogniz-
ing visual objects. For instance, in the TR task, the best-
performing model, Qwen2.5-Omni, achieves only 36.1%
accuracy in identifying sounds, exhibiting substantial per-
formance gaps of 28.5% and 7.4% relative to visual object
and human action identification, respectively. Furthermore,
we find that model fine-tuned on our dataset, achieves a sig-
nificant boost in its ability to independently perceive mul-
tisensory inputs within egocentric videos. For example, in
the AVH task, compared to Qwen2.5-Omni, our fine-tuned
model shows a reduced hallucination rate of 15.9%, 11.0%,
and 30.0% when identifying human actions, visual objects,
and sounds, respectively.

Open-Ended Tasks. We further extend our analysis to

Models Size Action  Object  Sound

Ace. (1) Ace. (1) Ace. (D)

VideoLLaMA2 7B 45.88 38.38 38.30
Phi4-MM 8B 48.81 48.48 46.74
MiniCPM-o 8B 40.48 25.00 37.50
Qwen2.5-Omni 3B 44.44 69.70 31.91
Qwen2.5-Omni 7B 43.53 64.65 36.17

OURS (opa) 7B 5431 6890  52.45
OURS (g 7B 5529 6980  53.17

Table 6. Error Analysis for Temporal Reasoning (TR)

open-ended tasks such as Source-Sound Association (SSA)
in EgoAVUBench, aiming to determine which modality
contributes more to the overall error rate when models are
asked to produce joint audio—visual descriptions. Specif-
ically, we randomly sample 200 data points from the
SSA task and, for each incorrect response across different
MLLMs, manually annotate whether the error stems from
inaccurate sound perception or an incorrect source descrip-
tion (which may involve visible objects or human—object
interactions in the egocentric video). As shown in Fig. 5,
our model achieves a substantially lower error rate of 21.1%
compared to the next best model, Qwen2.5-Omni. Inter-
estingly, other MLLMs such as MiniCPM-o and Phi4-mm,
which exhibit much higher error rates, show that over 72%
of their errors stems from incorrect or missed sound de-
scriptions rather than misidentified human—object interac-
tions. This indicates that MLLMs primarily fail due to their
limited ability to accurately perceive and interpret sounds,
leading to incorrect associations with their visible sources.

5. Conclusion

We presented EgoAVU, a novel data engine to enhance ego-
centric audio-visual understanding by addressing the data
limitations. EgoAVU employed modularized MLLMs to
enhance egocentric narrations, and leveraged multi-modal
context graphs to generate diverse, high-quality audio-
visual QA pairs. Our evaluation benchmark EgoAVU-
Bench revealed for the first time that existing MLLMs ex-
hibit consistent vision bias, often neglecting or hallucinat-
ing audio information in egocentric videos. Our large-
scale training dataset EgoAVU-Instruct effectively miti-
gated this gap, significantly improved performance on both
EgoAVU-Bench and existing egocentric benchmarks. Im-
portantly, EgoAVU demonstrated the self-learning potential
of MLLMs: using uni-modal capabilities to improve the
joint-modal capability. In terms of limitation, our training
data, though with carefully designed filtering techniques,
still contains noise from open source MLLM outputs. We
believe this problem can be continually alleviated as the uni-
modal capabilities of MLLMs improve, and leave the devel-
opment of more soficsticated approaches as future work.
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