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Abstract

Audio-visual understanding is a rapidly evolving field that seeks to integrate and
interpret information from both auditory and visual modalities. Despite recent
advances in multi-modal learning, existing benchmarks often suffer from strong
visual bias — when answers can be inferred from visual data alone — and provide
only aggregate scores that conflate multiple sources of error. This makes it difficult
to determine whether models struggle with visual understanding, audio interpre-
tation, or audio-visual alignment. In this work, we introduce DAVE (Diagnostic
Audio Visual Evaluation), a novel benchmark dataset designed to systematically
evaluate audio-visual models across controlled settings. DAVE alleviates existing
limitations by (i) ensuring both modalities are necessary to answer correctly and
(i1) decoupling evaluation into atomic subcategories. Our detailed analysis of
state-of-the-art models reveals specific failure modes and provides targeted insights
for improvement. By offering this standardized diagnostic framework, we aim to
facilitate more robust development of audio-visual models.
<. Dataset: https://huggingface.co/datasets/gorjanradevski/dave

() Code: https://github.com/gorjanradevski/dave

1 Introduction

Large language models (LLMs) [Achiam et al.} 2023} |Chung et al.| 2024} Touvron et al., 2023alb,
Bai et al.l |2023]] have demonstrated remarkable proficiency in understanding and generating text.
Building on this success, recent work has extended these capabilities to other modalities through
multi-modal LLMs (MLLMSs) [Yin et al., [2023|, [Dai et al., [2023] |Li et al., |2023b), [Liu et al., 2024},
Lyu et al. 2023| Maaz et al.||2024| |[Team et al., 2024, |Su et al.,[2023]]. These models are designed to
process and combine information from multiple sources, including images, audio, and video. Despite
the rapid growth of MLLMs, there is still a significant lack of benchmarks tailored to rigorously
evaluate their multimodal integration abilities.

Existing benchmarks for MLLM evaluation [Li et al.}[2023al |Liu et al.,[2025| Xu et al., 2024} |Yu et al.,
2023|] predominantly focus on vision-language tasks, overlooking crucial multimodal interactions,
such as audio-visual understanding and integration. Notably, current audio-visual datasets like
MUSIC-AVQA [Li et al.} |2022]] and AVQA [Yang et al.l [2022]] are inadequate for assessing true
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Figure 1: Existing benchmarks (e.g., AVQA [Yang et al.,|[2022]) suffer from visual bias (left) while
DAVE (right) contains questions which are impossible to solve without both modalities.

multimodal alignment, as they exhibit a strong visual bias (see Fig.[I): i.e., their questions frequently
permit answers to be derived from the visual modality itself. This fundamental limitation compromises
the validity of performance metrics on these benchmarks, as high scores may reflect proficiency in
unimodal comprehension rather than multimodal integration capabilities (see Fig.[2). A particularly
significant gap exists in evaluating whether models understand the temporal alignment between visual
and auditory events: for instance, determining if a sound occurs at the precise moment relative to
an action event in a video. Without robust evaluation of this capability, it remains unclear whether
models are genuinely integrating information across modalities or merely exploiting isolated cues
from a dominant modality. Moreover, audio-visual comprehension encompasses multiple distinct
cognitive subtasks that vary in complexity: sound event detection, action recognition, temporal
alignment between audio and visual stimuli, cross-modal integration, and question comprehension.
Single-metric evaluations obscure this complexity, potentially masking critical weaknesses in a
model’s ability to meaningfully synthesize information from multiple modalities. To accurately assess
model performance, we argue that it is essential to decompose evaluation along these constituent
dimensions, enabling more precise identification of failures.

In response to these challenges, we introduce DAVE (Diagnostic benchmark for Audio Visual
Evaluation), specifically designed to evaluate audio-visual LLMs (AV-LLMs). DAVE is designed
around a key principle: each question requires information from both audio and visual modalities
simultaneously, ensuring that neither modality alone is sufficient. To derive DAVE, we employ a novel
semi-automatic data generation paradigm to generate multiple-choice questions and answers by lever-
aging Epic Kitchens [Damen et al.| [2022]] and Ego4D [Grauman et al.,2022]] datasets. Using DAVE,
we conduct comprehensive evaluations of several state-of-the-art AV-LLMs across several tasks.
Our results reveal significant limitations in current models’ ability to perform genuine multimodal
comprehension, particularly with respect to temporal alignment and cross-modal integration.

To summarize, our main contributions are:

(D We introduce DAVE, the first benchmark specifically designed to evaluate audio-visual synchro-
nization and true multimodal understanding of AV-LLMs.

(2) We propose a decomposition of audio-visual reasoning into constituent subtasks, enabling fine-
grained analysis of model performance beyond aggregate metrics.

(3 We comprehensively evaluate several state-of-the-art AV-LLMs using our benchmark, uncovering
limitations in multimodal integration and providing actionable insights for future model development.

2 Related work

The integration of multiple modalities, such as text, audio, and visual data, has become a key focus
in the development of large language models. Recent progress in this field has been driven by
improvements in model architectures, synthetic data generation, and training strategies.

In particular, AV-LL.Ms have made significant progress in bridging the gap between speech, envi-
ronmental sounds, and visual information. A common approach in the development of MLLMs
is aligning ImageBind [Girdhar et al., 2023|] — a joint embedding space for multiple modalities
— with an LLM to enable multimodal instruction-following. For instance, Panda-GPT [Su et al.|
2023]] integrates multimodal encoders from ImageBind [Girdhar et al., [2023] with Vicuna LLMs
[Chiang et al.,|2023]], enabling instruction-following and emergent cross-modal integration across
six modalities. Similarly, ImageBind-LLM [Han et al.l 2023] aligns LLaMA with ImageBind’s



joint embedding space via a learnable bind network, enabling multi-modality instruction-following
across images, audio, 3D point clouds, and video. Beyond ImageBind-based approaches, several
works utilize independently trained modality-specific encoders. Since the learned representations of
different modalities may not be directly compatible, these approaches often focus on finding effective
ways to align the multimodal representations. For example, X-InstructBLIP [Panagopoulou et al.,
2023]] aligns image, 3D, audio, and video to a frozen LLM, demonstrating emergent discriminative
reasoning without modality-specific pretraining. Video-SALMONN [Sun et al., 2024] introduces a
multi-resolution Q-Former to align time-synchronized audio-visual inputs with text. CAT [Ye et al.|
2024 aggregates question-related audio-visual clues to improve the clarity of responses. Macaw-LLM
[Lyu et al., 2023]] jointly learns to align multi-modal features with LLM embeddings, by combining
representation alignment and instruction tuning into a single step. VideoLLama2 [Cheng et al., 2024]
integrates spatial-temporal modeling and audio processing, and achieves strong performance across
video and audio-visual tasks. Meerkat [Chowdhury et al., 2024 introduces an audio-visual LLM
with fine-grained spatio-temporal understanding. Some models unify multiple modalities in a single
framework (e.g., One-LLM [Han et al.,|[2024])) using a universal projection module and progressive
alignment across eight modalities, eliminating the need for modality-specific encoders. In contrast,
we introduce a new audio-visual dataset and benchmark several of these models.

Audio-visual QA datasets. While numerous AV-LLMs have been proposed, the availability of
benchmark datasets to systematically evaluate their capabilities remains limited. This scarcity hinders
comprehensive analysis and comparison across models, slowing progress in the field. Effective
evaluation requires benchmarks that assess a model’s ability to understand, interpret, and integrate
multimodal information. In the domain of audio-visual question answering (AVQA), several datasets
have been proposed to support model training and evaluation.

MUSIC-AVQA [Li et al. 2022] is a large-
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standard deviations. more complex relationships. In contrast to these

datasets, our benchmark is built around a key
principle: each question is deliberately constructed to be impossible to solve using a single modality.
More recently, AVTrustBench [Chowdhury et al.,2025] introduced an audio-visual benchmark com-
prising 600K multiple-choice QAs over 9 tasks. It evaluates the trustworthiness of AV-LLMs in three
areas: adversarial attack, compositional reasoning, and modality-specific dependency. In comparison,
DAVE evaluates audio-visual synchronization capabilities in MLLMs, and is built on top of two
large-scale (egocentric) datasets: Epic Kitchens [Damen et al.| 2022]] and Ego4D [Grauman et al.,
2022]. By requiring genuine audio-visual integration, we establish a more demanding benchmark
pushing models toward true multimodal understanding.

Performance score

50- Audio + Video

3 DAVE e : Diagnostic benchmark for Audio Visual Evaluation

We focus on a multiple-choice AVQA problem, where n answer options are provided, and adopt
the “single-correct” setup, ensuring that only one of the options is correct. We present DAVE, a
novel benchmark consisting of 2426 carefully curated samples, designed to evaluate audio-visual
synchronization capabilities in MLLMs. A summary of the dataset statistics is shown in Fig.
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Figure 3: Dataset statistics. Left: Overview of the number of samples in DAVE Q, consisting of
2426 samples across three tasks and two source datasets. Middle: The 10 most common scenarios
(around 78% of the data) in our benchmark. Right: Distribution of labels.

3.1 Data generation pipeline

Data sources and preprocessing. DAVE is built on top of two established (egocentric) video
understanding datasets: Epic Kitchens [Damen et al.,[2022]] and Ego4D [Grauman et al.}[2022]). These
datasets provide natural human actions with rich temporal annotations, serving as an ideal foundation
for audio-visual alignment tasks. For audio events, unrelated to the ones present in Epic Kitchens and
Ego4D, we use the ESC-50 dataset 2015]], comprising 2,000 environmental sounds across 50
classes. We select 13 audio classes and all their respective audio files. See App.[A.2]for details.

Event selection and grouping. We define an event as a temporally localized segment containing a
narrated action (e.g., “opening a drawer”). The event extraction process follows these steps:

(i) For each video, we extract the events, ensuring that we preserve the temporal boundaries,
narrations, and action labels, which we then chronologically sort and merge consecutive events with
identical actions to avoid redundancy.

(ii) We filter the events using several criteria: minimum and maximum duration threshold (7,
and 7,,,,) to ensure sufficient length of each event; Elmaximum overlap constraint (w,, . ) between
consecutive events; narration quality filters to remove ambiguous descriptions where we remove
events which contain specific words (see App.[A3]for details).

(iii) Qualified events are organized into event groups, each containing four sequential events that
form a coherent activity sequence.

Multimodal sample generation. The procedure to generate audio-visual samples consists of:

(1) Video processing. Each event group is extracted as a continuous video segment while preserving
the original audio track. Thus, the temporal coherence of the original video is maintained.

(ii) Audio overlay. Within each event group, we select events exceeding a minimum duration
threshold (7Tovertay) Specified in seconds, for audio augmentation. We randomly select an environmental
sound class (e.g., dog bark, door knock) for each qualified event. The selected audio is precisely
aligned with the event’s temporal boundaries to ensure synchronization between visual actions and
auditory cues. We apply fade-in/fade-out effects (dgqe) to create natural transitions at the beginning
and the end of the overlay. To maintain perceptual balance, we carefully adjust the volume ratio
between original and overlaid audio using a scaling coefficient (ccale). See App. [A.4]for details.

This procedure creates a dataset where temporal alignment between visual actions and synthetic audio
events is precisely controlled, enabling rigorous evaluation of audio-visual integration capabilities.

Data filtering and enhancing actions diversity. To ensure high-quality samples and enhance
diversity, we implement a two-stage filtering pipeline:

(i) Narration enhancement and similarity filtering. Event narrations in egocentric video datasets
often contain abbreviated references (e.g., “C opens drawer”) that lack natural language fluency. We
employ an LLM (Gemini Flash 2.0 Lite) to rephrase these narrations into more human-readable
descriptions. This process replaces camera-wearer references (“C”) with natural alternatives (“The
person” or “They”’) while preserving the original meaning. Additionally, we identify and filter out

We observed that if the events are too short, it is difficult to recognize what action the person is performing.
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Figure 4: Illustration of the multimodal tasks in DAVE @ . Left: Multimodal synchronisation tests
if models can correctly identify actions occurring simultaneously with a specific sound (e.g., siren).
Center: Sound absence detection evaluates if models can recognize when a queried sound (e.g., car
horn) is absent. Right: Sound discrimination assesses if models can distinguish between different
sound types (e.g., distinguishing between dog and coughing sounds) and avoid incorrect associations.
Each task is multi-choice (correct answer with dashed line).

(D) measure a piece of cloth
:’ (E) none of the above E

event groups with highly similar actions that could introduce ambiguity into our evaluation. Using
the same language model, we compute a similarity score across narrations within each event group
(see App. [A.3] for details). Event groups exceeding a predetermined similarity threshold (7y;y,)
between the narrations are filtered out, ensuring that each remaining group contains only events with
sufficiently distinct actions — crucial for creating effective distractors in our questions.

(i1) Visual quality verification. In the second stage, we address potential visual ambiguity issues.
Even with clear narrations, some video segments may not depict the described action due to occlusion
poor lighting, or camera movement. To identify such cases, we employ Gemini Flash 2.0 LiteEI
to perform zero-shot action classification on each event segment. We frame this as a multiple-
choice question answering task: for each event, we present the model with the video segment and
four possible action categories from the four-event sequence, asking it to classify the action being
performed (see prompt in App [B.2). We then compare this classification against the ground truth
narration. Events where the model fails to correctly identify the action are flagged as potentially
ambiguous or unclear and filtered out from the final dataset.

This two-stage filtering process significantly improves the quality of our benchmark by: (i) ensuring
linguistic clarity through enhanced narrations, (ii) maintaining semantic diversity within event groups,
and (iii) verifying visual clarity of actions, thereby eliminating samples that could introduce noise
into model evaluation. The resulting dataset provides a reliable foundation for evaluating audio-visual
integration capabilities, as it minimizes ambiguity that could confound performance analysis. This
quality-focused approach is particularly important for diagnostic benchmarks such as ours, where the
goal is to isolate specific reasoning capabilities.

3.2 Question types

To effectively diagnose the multimodal understanding abilities of AV-LLMs, we decompose audio-
visual reasoning into three distinct subtasks and design question types that specifically target each
dimension (see Fig. d). The multiple-choice format enables clear quantitative evaluation while
requiring genuine cross-modal understanding.

Multimodal synchronisation. We test whether models can correctly link sounds to visual events
happening at the same moment in time, see Fig. ] (left). This requires the model to precisely align
what it sees with what it hears — a fundamental skill for multimodal understanding. Given a video
with an overlaid sound effect of a specific type, over a precisely segmented event associated with an
action, we ask the models: What [action] takes place when [sound effect] is heard? For an AV-LLM

*Note that Gemini Flash 2.0 Lite is not used in the experiments we conduct.



to answer this question correctly, it must recognize the audio interval when the sound occurs and link
that sound to the corresponding visual event — the person performing the action.

Sound absence detection. We evaluate if models can recognize when a sound is not present,
preventing them from hallucinating non-existent audio-visual connections, as shown in Fig. [d](middle).
This tests the models’ ability to avoid false positives in multimodal integration. Given a video without
any overlaid unrelated sound (i.e., the video is presented in its original form), we prompt the model
with the same question format as in multimodal synchronization. However, in this case, the model
needs to determine that the mentioned sound is absent and correctly answer “none of the above”.

Sound discrimination. We assess whether models can tell different sounds apart and avoid mixing
them up, as in Fig. [ (right). This helps us understand if models can correctly discriminate between
similar audio cues rather than making incorrect associations. We provide the models with a video
with an overlaid sound, but ask about a different sound that is not present in the video. This tests
whether models detect any distinctive audio artifacts or truly understand audio semantics and correctly
associate specific sounds with temporal video events.

3.3 Atomic tasks

In addition to the primary audio-visual understanding tasks (§3.2), we analyze three complementary
atomic tasks designed to isolate and evaluate specific components of audio-visual understanding. See
appendices [B.T|to[B.4|regarding the tasks’ setup (i.e., how the audio-visual models are prompted).

Action recognition task. This task evaluates models’ ability to recognize individual actions, inde-
pendent of multimodal integration. Models are presented with isolated event segments cropped from
the event group. Four multiple-choice options are provided, consisting of event narrations from the
same event group. Models must classify the action occurring in the segment.

Temporal ordering task. This task assesses temporal reasoning abilities without requiring audio
processing. Models view the complete event group video without the overlaid audio, and must
correctly order a shuffled list of events based on their temporal sequence. This tests the model’s
ability to track and sequence actions in time, independent of audio cues.

Audio discrimination task. This task isolates audio perception capabilities. Models are presented
with the full audio segment extracted from the video, including the overlaid sounds. Four multiple-
choice options are provided, comprising a random subset of audio classes used as overlays. Models
must identify which distinctive sound is present, testing semantic understanding of audio.

By decomposing the multimodal task into these atomic components, with DAVE we enable precise
diagnosis of model strengths and weaknesses across modalities. This approach reveals whether
performance gaps in the main audio-visual integration tasks stem from fundamental limitations in
unimodal recognition, temporal understanding, or true cross-modal integration capabilities.

4 Results and discussion

4.1 Experimental setup

Evaluation metrics. We measure accuracy across all setups. For the open-source models, we also
use an LLLM (Gemini 2.0 Flash Lite) to judge the scores (i.e., LLM-as-a-judge [Zheng et al.,|2023|])
for the scenarios where the tested model does not follow instructions and outputs the full answer
in natural text (see App.[C.I). We report the standard deviation obtained by a bootstrap procedure
(resampling with replacement) with 1000 iterations.

Models. We evaluate three categories of models on DAVE to assess the current state of audio-visual
integration capabilities across different architectures, discussed below.

(1) Closed-source end-to-end models. We test several large-scale AV-LLMs designed to jointly
process video and audio inputs — various versions of Gemini (1.5 Pro, 1.5 Flash, 1.5 Flash 8B, 2.0
Flash, and 2.5 Flaslﬂ). See appendices to for the prompts we used.

(i1) Closed-source pipeline models. We develop a modular pipeline approach that separates audio
and visual reasoning. First, an audio-specialized model processes the audio track to identify times-

*Gemini 2.5 Flash was released after the submission deadline and was added in the camera-ready version.



Table 1: Performance of multimodal models across DAVE question types. We report accuracy (%)
on the complete DAVE benchmark alongside performance on individual question types: multimodal
synchronisation, sound absence detection, and sound discrimination. This highlights model-specific
strengths and weaknesses in audio-visual reasoning. The error bars show standard deviation.

D @ Multimodal Sound absence Sound
AVE ¥ .. . . .. .
synchronisation detection discrimination
Human 84~74i2.26 85-75i2A43 79-47i6A43 813416‘14
Random 22~41i0485 22~21i0.88 22~54i3.05 23~29i2.86
Closed-source models
Gemini 2.5 Flash 58.73:‘:1‘04 59.15:&1'14 7069:|:338 44'21:t3.44
Gemini 2.0 Flash 50.8111‘01 59.86i1'09 8.50i2.10 2~75i1.10
Gemini 1.5 Flash 49.53411.04 54.4141 .14 31.714337 19.08 1976
Gemini 1.5 Flash 8B 28.64i0<93 30.66i1'01 22.38i3'03 14.85i2,52
Gemini 1.5 Pro 46.20:‘:1‘02 54.98:&1'10 1.03:‘:0‘77 2.78:{:1,14
Closed-source pipelines
GPT-40 27.3840.94 17.3410.85 60.1213 50 93.0941.74
Gemini 1.5 Flash Pipeline  35.3411 ¢5 35.4641 84 18.1044.78 49.8945.76
Open-source models
PandaGPT 18.82i0<80 16~52i0.81 30~05i3.29 30-25i3.26
video-SALMONN 17.12:‘:0‘77 20.09:&0.90 3.19:(:1_27 2.34:&1'04
Video-LLama-2 31.31:‘:0‘95 36.32:{:1'07 4~79:t1.56 7'37:&1.84

tamps where specified sound events occur, or outputs “None” if the sound is absent. The frames
corresponding to these timestamps are then extracted and passed to a Video-LLM, which uses the
visual information to determine the final multiple-choice answer. We implement this pipeline using
GPT-40 and Gemini 1.5 Flash. See appendices [B.5]and [B.6|for the prompts we use for these models.

(iii) Open-source models. We evaluate three open-source AV-LLMs: (i) Video-LLaMA-2 [Cheng
et al.| [2024], which extends LLaMA with video understanding capabilities; (ii) PandaGPT [Su et al.|
2023]], which combines language modeling with audio-visual perception; and (iii) video-SALMONN
[Sun et al., 2024], which specializes in speech and audio-language modeling for multimodal un-
derstanding. For each, we follow the implementation procedure as described in their respective
repository, and download the released checkpoints. E|

Human evaluation. To gain an intuition about the difficulty of the dataset for humans, we conduct a
small-scale evaluation with five participants not included in the project. The participants are presented
with the same audio-visual inputs as the models and asked to make predictions (see App. [E).

4.2 Performance across question types

In Table[I] we analyze model performance across question types in DAVE. Notably, we observe a
substantial gap between the best model (Gemini 2.5 Flash at 58.73% overall) and human performance
on this task (~ 85%). This gap highlights the considerable challenges in developing models that
effectively integrate and reason across audio and visual modalities with human-like proficiency.

[Insight 1. All models perform significantly worse than humans on DAVE across all question types. ]

Further, models like Gemini 2.0 Flash and 1.5 Pro perform relatively well on multimodal synchro-
nization (59.86% and 54.98% respectively), however their accuracy drops dramatically when tasked
with detecting sound absence (8.50% and 1.03%) and sound discrimination (2.75% and 2.78%). We
hypothesize that these models have been trained to actively seek and identify audio-visual correlations,
but lack the ability to recognize when such correlations are absent. In other words, these models are
biased toward making positive associations, even when the evidence does not support it.

Notably, Gemini 2.5 Flash avoids these catastrophic failures with more balanced performance across
question types (59.15%, 70.69%, 44.21%), suggesting architectural or training improvements that
enhance audio processing robustness. Additionally, we find that the GPT-40 pipeline model scores

>Two additional models which are suited for the specific task are Meerkat [Chowdhury et al.|[2024]] and CAT
[Ye et al.| [2024]. However, the authors have not released the checkpoints for these models.
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Figure 5: Left. Model performance on DAVE’s composite task vs. atomic component tasks. We
report accuracy (%) on the primary multimodal syncronisation task alongside performance on the
constituent capabilities: temporal ordering, audio classification, and action recognition. This analysis
reveals whether failures stem from weak component capabilities or true integration challenges (see
Table 8). Right. Impact of modality availability on DAVE performance. We report accuracy when
models have access to different modality combinations: full multimodal input (Audio + Video + Text),
Video + Text, and Audio + Text. The performance degradation without all modalities demonstrates
DAVE’s effectiveness at requiring genuine cross-modal reasoning (see Table E[)

particularly well for the sound absence detection and sound discrimination tasks, as it frequently
predicts “None of the above” (64.69% of samples) — a conservative strategy which is advantageous
for this specific evaluation scenario.

The tendency to infer spurious audio-visual correlations represents a fundamental limitation in current
multimodal architectures: the absence of explicit mechanisms to detect mismatches or missing
correspondences between modalities. Addressing this limitation provides an actionable direction for
improving model robustness: developing architectures with explicit “mismatch detection” modules
or training objectives that reward correct identification of absent correlations.

Insight 2. Most models perform better at multimodal synchronization than sound absence detection
and sound discrimination tasks.

4.3 Atomic task performance

We examine how models perform on the core functional capabilities needed for successful audio-
visual integration, and report these results in Fig. [5] (left). By comparing the performance of the
composite task against atomic subtasks, we can pinpoint whether failures stem from basic perception
issues (i.e., action or audio recognition) or higher-level integration challenges.

We observe that models demonstrate substantially higher performance in recognizing actions visually
than in performing multimodal integration. Across both closed-source and open-source models, we
observe consistent performance gaps between action recognition and multimodal synchronization
performance. For example, Gemini 1.5 Flash achieves 76.8% accuracy on action recognition (see
Table(8)), but only 49.51% on multimodal synchronization (a difference of around 25%). This disparity
suggests that current models have developed robust visual action recognition capabilities in isolation
but struggle significantly with the higher-order tasks of cross-modal integration. The bottleneck in
multimodal understanding appears not to be in the perception of individual modalities but rather in
integrating information across modalities with precise temporal correspondence.

This observation points to concrete improvement directions: future models should incorporate explicit
temporal alignment modules or adopt training objectives that reward precise synchronization.

[ Insight 3. Models perform well at visual action recognition but struggle with multimodal integration. ]




Table 2: Multimodal synchronization accuracy (%) conditioned on atomic task success (v'). We report
base synchronization performance and performance when conditioned on successful atomic tasks:
audio classification (AC), action recognition (AR), temporal ordering (TO), and their combinations.
This shows how improved atomic subtask performance affects overall multimodal capabilities. The
values in subscript indicate the performance change relative to multimodal synchronization.

Subtask-conditioned audio-visual performance

Model Multimodal ¢, AR TOv  AR&TOv AC&AR&TOV
synchronisation

Gemini 2.5 Flash 59.18 58.79,0_39 64.20+5_02 62.674,3_/19 67.78+8.60 66.68+7_5]

Gemini 1.5 Flash 54.40 55124072 61.824741 5442,001 5941500 64.9610.56

Gemini 1.5 Pro 55.00 56.66+1‘()‘7 60.724,5‘72 54.79,0_20 58.724,3,72 60.00+5_(}0

Video-LLama-2 36.30 36.344,0_0,1 49.32+13_02 35.6570_(;5 46.97+10_67 45~OO+8.7U

4.4 Modality ablation study

We investigate whether DAVE’s questions genuinely require multimodal reasoning by conducting
systematic ablation studies where we remove individual input modalities and measure the resulting
performance changes across different model architectures. Unlike existing benchmarks that can be
solved with single-modality shortcuts (see Fig. [2), we demonstrate that DAVE requires models to
integrate information across audio, visual, and textual inputs. We visualize these results in Fig.[3]
(right), while the full results are in Table El

The ablation study reveals that most models maintain above-random performance when restricted to
video + text input, but experience significant performance degradation compared to the case when
both audio and video are available’| For example, Gemini 2.0 Flash achieves 50.85% accuracy
with full multimodal input but drops to 37.14% with only video and text. This demonstrates that
DAVE effectively requires genuine multimodal integration.

[Insight 4. DAVE requires multimodal processing beyond single-modality cues for optimal performance.]

4.5 Subtask-conditioned performance analysis

In Table 2] we explore the relationship between success on atomic tasks (see §3.3) and performance
on audio-visual integration. This analysis helps us understand which atomic component capabilities
contribute most to improved multimodal understanding.

We observe that models show substantially larger gains in audio-visual understanding from correctly
identifying visual segments than from correctly classifying audio. Gemini 1.5 Flash improves by
+7.41% with correct visual segments, but only +0.72% with correct audio classification, while Video-
LLama-2 shows an even more prominent difference (+13.02% vs. +0.04%). This asymmetry suggests
that video understanding serves as the primary foundation for effective multimodal integration.

Future model development should therefore prioritize improving visual action recognition and
temporal alignment capabilities, as gains in audio classification alone yield minimal improvements
without strong visual grounding.

[ Insight 5. Visual understanding is more critical than audio classification for audio-visual performance.]

5 Conclusion

We introduced DAVE, a benchmark specifically designed to evaluate audio-visual understanding
capabilities in multimodal models. Unlike existing benchmarks that suffer from modality bias,
DAVE explicitly requires information from both auditory and visual modalities, ensuring that neither
modality alone is sufficient for correctly answering questions. Our comprehensive evaluation of

5We hypothesize that the better-than-random performance when using video and text only (without audio)
stems from a dataset bias. Models seem to exploit a correlation between event length and audio presence,
favoring longer video segments that more frequently contain the target audio. This systematic preference for
longer clips over shorter distractors enables models to succeed without integrating audio and visual information.



state-of-the-art Audio-Visual LLMs reveals several critical insights. First, all current models perform
significantly below expected human performance, highlighting the considerable challenges in devel-
oping systems that can effectively integrate and reason across modalities. Second, even though some
models demonstrate reasonable capability in multimodal synchronization, they struggle with sound
absence detection and sound discrimination, suggesting a bias toward making positive associations
even when evidence does not support it. Furthermore, our decomposition of audio-visual reasoning
into constituent subtasks reveals that models excel at isolated visual action recognition but struggle
with cross-modal temporal integration. The substantial performance gap between multimodal and
unimodal conditions confirms that DAVE requires genuine multimodal integration, validating it as
a robust evaluation benchmark. Our findings emphasize the need for improved training strategies
and architectures that can better handle temporal alignment between modalities, negative evidence
reasoning, and sound discrimination. We hope that DAVE serves as a valuable diagnostic tool for
the community, fostering progress in the development of more robust and truly multimodal learning
systems that can approach human-level capabilities in cross-modal understanding.

Limitations and future work. While DAVE provides a structured and systematic evaluation of audio-
visual models, it has certain limitations. First, our benchmark relies on a template-based question
generation approach, which ensures consistency, but may limit the linguistic diversity and complexity
of the questions compared to naturally occurring human-annotated questions. Second, DAVE is
focused on multiple-choice question-answering tasks, which offers clear, structured evaluation
metrics, but does not encompass all possible multimodal tasks, such as open-ended generation and
causal reasoning. Expanding beyond multiple-choice formats could provide a more comprehensive
understanding of model capabilities, and is left for future work. Third, we only evaluate a limited set
of audio-visual models, whereas many more are present in the literature [[Chowdhury et al.| 2024,
Chen et al.|[2023bJal Ye et al., 2024, |[Han et al., 2024, Su et al., 2023 |Lyu et al., 2023| |Panagopoulou
et al., [2023| |Cheng et al., 2024} |Sun et al.| [2024] Wang et al., [2024]]. However, the models we
evaluated represent a diverse selection of the ones that have publicly available checkpoints [Cheng
et al.,[2024} Su et al., [2023] |Sun et al., 2024]]. Finally, we build DAVE on top of datasets that feature
only egocentric videos, while future works could extend such setup to videos of any type.

Acknowledgments

This research received funding from the Research Foundation - Flanders (FWO) through project
G0G2921N and the Flemish Government under the “Onderzoeksprogramma Artificiéle Intelligentie
(AI) Vlaanderen” programme. The resources and services used in this work were provided by the
VSC (Flemish Supercomputer Center), funded by FWO and the Flemish Government. We are grateful
to Dina Trajkovska, Viktor Gagaleski, Andrej Popordanoski, Simona Ivanova Ignjatovikj, Ivana
Tushevska Tasevska, Dusan Grujicic and Dragan Simic for their help in establishing the human
baseline for DAVE.

References

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical report.
arXiv preprint arXiv:2303.08774, 2023.

Jinze Bai, Shuai Bai, Yunfei Chu, Zeyu Cui, Kai Dang, Xiaodong Deng, Yang Fan, Wenbin Ge,
Yu Han, Fei Huang, et al. Qwen technical report. arXiv preprint arXiv:2309.16609, 2023.

Sihan Chen, Xingjian He, Longteng Guo, Xinxin Zhu, Weining Wang, Jinhui Tang, and Jing Liu.
Valor: Vision-audio-language omni-perception pretraining model and dataset. arXiv preprint
arXiv:2304.08345, 2023a.

Sihan Chen, Handong Li, Qunbo Wang, Zijia Zhao, Mingzhen Sun, Xinxin Zhu, and Jing Liu. Vast: A
vision-audio-subtitle-text omni-modality foundation model and dataset. NeurIPS, 36:72842-72866,
2023b.

Zesen Cheng, Sicong Leng, Hang Zhang, Yifei Xin, Xin Li, Guanzheng Chen, Yongxin Zhu, Wenqi
Zhang, Ziyang Luo, Deli Zhao, et al. Videollama 2: Advancing spatial-temporal modeling and
audio understanding in video-1lms. arXiv preprint arXiv:2406.07476, 2024.

10



Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion Stoica, and Eric P. Xing. Vicuna:
An open-source chatbot impressing gpt-4 with 90%* chatgpt quality, March 2023. URL https:
//1lmsys.org/blog/2023-03-30-vicuna/|

Sanjoy Chowdhury, Sayan Nag, Subhrajyoti Dasgupta, Jun Chen, Mohamed Elhoseiny, Ruohan Gao,
and Dinesh Manocha. Meerkat: Audio-visual large language model for grounding in space and
time. In European Conference on Computer Vision, pages 52—70. Springer, 2024.

Sanjoy Chowdhury, Sayan Nag, Subhrajyoti Dasgupta, Yaoting Wang, Mohamed Elhoseiny, Ruohan
Gao, and Dinesh Manocha. Avtrustbench: Assessing and enhancing reliability and robustness in
audio-visual llms. arXiv preprint arXiv:2501.02135, 2025.

Hyung Won Chung, Le Hou, Shayne Longpre, Barret Zoph, Yi Tay, William Fedus, Yunxuan Li,
Xuezhi Wang, Mostafa Dehghani, Siddhartha Brahma, et al. Scaling instruction-finetuned language
models. Journal of Machine Learning Research, 25(70):1-53, 2024.

Wenliang Dai, Junnan Li, Dongxu Li, Anthony Tiong, Junqi Zhao, Weisheng Wang, Boyang Li,
Pascale Fung, and Steven Hoi. InstructBLIP: Towards general-purpose vision-language models
with instruction tuning. In NeurIPS, 2023.

Dima Damen, Hazel Doughty, Giovanni Maria Farinella, Antonino Furnari, Evangelos Kazakos, Jian
Ma, Davide Moltisanti, Jonathan Munro, Toby Perrett, Will Price, et al. Rescaling egocentric vision:
Collection, pipeline and challenges for epic-kitchens-100. International Journal of Computer
Vision, pages 1-23, 2022.

Rohit Girdhar, Alaaeldin EI-Nouby, Zhuang Liu, Mannat Singh, Kalyan Vasudev Alwala, Armand
Joulin, and Ishan Misra. Imagebind: One embedding space to bind them all. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pages 15180-15190, 2023.

Kristen Grauman, Andrew Westbury, Eugene Byrne, Zachary Chavis, Antonino Furnari, Rohit
Girdhar, Jackson Hamburger, Hao Jiang, Miao Liu, Xingyu Liu, et al. Ego4d: Around the world in
3,000 hours of egocentric video. In Proceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pages 18995-19012, 2022.

Jiaming Han, Renrui Zhang, Wenqi Shao, Peng Gao, Peng Xu, Han Xiao, Kaipeng Zhang, Chris Liu,
Song Wen, Ziyu Guo, et al. Imagebind-llm: Multi-modality instruction tuning. arXiv preprint
arXiv:2309.03905, 2023.

Jiaming Han, Kaixiong Gong, Yiyuan Zhang, Jiaqi Wang, Kaipeng Zhang, Dahua Lin, Yu Qiao,
Peng Gao, and Xiangyu Yue. Onellm: One framework to align all modalities with language. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
26584-26595, 2024.

Bohao Li, Rui Wang, Guangzhi Wang, Yuying Ge, Yixiao Ge, and Ying Shan. Seed-bench: Bench-
marking multimodal 1lms with generative comprehension. arXiv preprint arXiv:2307.16125,
2023a.

Guangyao Li, Yake Wei, Yapeng Tian, Chenliang Xu, Ji-Rong Wen, and Di Hu. Learning to answer
questions in dynamic audio-visual scenarios. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 19108-19118, 2022.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-image
pre-training with frozen image encoders and large language models. In International conference
on machine learning, pages 19730-19742. PMLR, 2023b.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. NeurIPS, 36,
2024.

Yuan Liu, Haodong Duan, Yuanhan Zhang, Bo Li, Songyang Zhang, Wangbo Zhao, Yike Yuan, Jiaqi

Wang, Conghui He, Ziwei Liu, et al. Mmbench: Is your multi-modal model an all-around player?
In European conference on computer vision, pages 216-233. Springer, 2025.

11


https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/

Chenyang Lyu, Minghao Wu, Longyue Wang, Xinting Huang, Bingshuai Liu, Zefeng Du, Shuming
Shi, and Zhaopeng Tu. Macaw-1lm: Multi-modal language modeling with image, audio, video,
and text integration. arXiv preprint arXiv:2306.09093, 2023.

Muhammad Maaz, Hanoona Rasheed, Salman Khan, and Fahad Khan. Video-ChatGPT: Towards
detailed video understanding via large vision and language models. In Lun-Wei Ku, Andre Martins,
and Vivek Srikumar, editors, Proceedings of the 62nd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers). Association for Computational Linguistics,
2024.

Artemis Panagopoulou, Le Xue, Ning Yu, Junnan Li, Dongxu Li, Shafiq Joty, Ran Xu, Silvio Savarese,
Caiming Xiong, and Juan Carlos Niebles. X-instructblip: A framework for aligning x-modal
instruction-aware representations to llms and emergent cross-modal reasoning. arXiv preprint
arXiv:2311.18799, 2023.

Karol J Piczak. Esc: Dataset for environmental sound classification. In Proceedings of the 23rd ACM
international conference on Multimedia, pages 1015-1018, 2015.

Yixuan Su, Tian Lan, Huayang Li, Jialu Xu, Yan Wang, and Deng Cai. PandaGPT: One model to
instruction-follow them all. In Devamanyu Hazarika, Xiangru Robert Tang, and Di Jin, editors,
Proceedings of the 1st Workshop on Taming Large Language Models: Controllability in the era of
Interactive Assistants! Association for Computational Linguistics, 2023.

Guangzhi Sun, Wenyi Yu, Changli Tang, Xianzhao Chen, Tian Tan, Wei Li, Lu Lu, Zejun Ma, Yuxuan
Wang, and Chao Zhang. video-salmonn: Speech-enhanced audio-visual large language models.
arXiv preprint arXiv:2406.15704, 2024.

Gemini Team, Petko Georgiev, Ving Ian Lei, Ryan Burnell, Libin Bai, Anmol Gulati, Garrett
Tanzer, Damien Vincent, Zhufeng Pan, Shibo Wang, et al. Gemini 1.5: Unlocking multimodal
understanding across millions of tokens of context. arXiv preprint arXiv:2403.05530, 2024.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Roziere, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and
efficient foundation language models. arXiv preprint arXiv:2302.13971, 2023a.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al. Llama 2: Open foundation
and fine-tuned chat models. arXiv preprint arXiv:2307.09288, 2023b.

Yi Wang, Kunchang Li, Xinhao Li, Jiashuo Yu, Yinan He, Guo Chen, Baoqi Pei, Rongkun Zheng,
Zun Wang, Yansong Shi, et al. Internvideo2: Scaling foundation models for multimodal video
understanding. In European Conference on Computer Vision, pages 396—-416. Springer, 2024.

Peng Xu, Wenqi Shao, Kaipeng Zhang, Peng Gao, Shuo Liu, Meng Lei, Fanqing Meng, Siyuan
Huang, Yu Qiao, and Ping Luo. Lvim-ehub: A comprehensive evaluation benchmark for large
vision-language models. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2024.

Pinci Yang, Xin Wang, Xuguang Duan, Hong Chen, Runze Hou, Cong Jin, and Wenwu Zhu. Avqa:
A dataset for audio-visual question answering on videos. In Proceedings of the 30th ACM
international conference on multimedia, pages 3480-3491, 2022.

Qilang Ye, Zitong Yu, Rui Shao, Xinyu Xie, Philip Torr, and Xiaochun Cao. Cat: Enhancing
multimodal large language model to answer questions in dynamic audio-visual scenarios. In
European Conference on Computer Vision, pages 146—164. Springer, 2024.

Shukang Yin, Chaoyou Fu, Sirui Zhao, Ke Li, Xing Sun, Tong Xu, and Enhong Chen. A survey on
multimodal large language models. arXiv preprint arXiv:2306.13549, 2023.

Weihao Yu, Zhengyuan Yang, Linjie Li, Jianfeng Wang, Kevin Lin, Zicheng Liu, Xinchao Wang,

and Lijuan Wang. Mm-vet: Evaluating large multimodal models for integrated capabilities. arXiv
preprint arXiv:2308.02490, 2023.

12



Heeseung Yun, Youngjae Yu, Wonsuk Yang, Kangil Lee, and Gunhee Kim. Pano-avqa: Grounded
audio-visual question answering on 360deg videos. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pages 2031-2041, 2021.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang,
Zi Lin, Zhuohan Li, Dacheng Li, Eric Xing, et al. Judging llm-as-a-judge with mt-bench and
chatbot arena. NeurlIPS, 36:46595-46623, 2023.

13



NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state our contributions and scope: we
propose a diagnostic question-answering benchmark designed to evaluate audio-visual
synchronization, propose a decomposition of the audio-visual task into subtasks, and com-
prehensively evaluate several state-of-the-art AV-LLMs using our benchmark.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Limitations are discussed in a separate paragraph in Sec. [}
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: The paper does not include theoretical results.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

 All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The semi-automatic procedure to create the dataset is explained in suffi-
cient detail in the main text (Sec. [3). App.[A]contains further details about the data gen-
eration procedure. The dataset is released at: https://huggingface.co/datasets/
gorjanradevski/dave, while the codebase is available at: https://github.com/
gorjanradevski/dave.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The dataset is released at: https://huggingface.co/datasets/
gorjanradevski/dave, while the codebase is available at: https://github.com/
gorjanradevski/dave, Both repositories contain a README.md file containing instruc-
tions to reproduce the main experimental results.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [NA]

Justification: We do not train any models per se, but we do provide details for our analysis
(e.g. the prompts we use for the LLMs) in App.[Al[C.I]and[B]

Guidelines:

» The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Almost all tables and figures in the main paper and the supplementary material
report mean and standard deviation values obtained using bootstrap (repeatedly resampling
with replacement and estimating accuracy on each subset). The only exception is Table 2}
where we omit the error bars to highlight the gap w.r.t. multimodal synchronization.

Guidelines:

* The answer NA means that the paper does not include experiments.
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8.

10.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Our experiments only involve inference using official APIs for Gemini and
GPT-40, and open-source models run on a single A100 GPU (details can be found in App. [C).
As such, compute requirements are minimal since we only perform model inference without
any training or fine-tuning.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: To the best of our knowledge, the paper conforms with the NeurIPS Code of
Ethics.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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11.

12.

Answer: [Yes]
Justification: Broader impact is discussed in App.[H
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our dataset is built on top of existing datasets — Epic Kitchens [Damen et al.}
2022] and Ego4D [Grauman et al.,|2022|] — both of which have established licenses, usage
agreements, and ethical review processes. We do not release any new raw video data or
personal-identifiable information beyond what is already publicly accessible under those
datasets.

Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We appropriately cite the creators of all datasets (Epic Kitchens, Ego4D,
AVQA, ESC-50) and models (Gemini, GPT-40, PandaGPT, video-SALMONN, Video-
LLama-2). Datasets licenses are explicitly mentioned in App[A.T} The GitHub repositories
for the open-source models are given in App
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13.

14.

15.

Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The paper contains sufficient information about the characteristics of the
dataset. We further provide detailed README . md documents describing how to load the
datasets, use the splits from different tasks etc.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: We provide details about the small human study and screenshots of our
interface in App[E]

Guidelines:
» The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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16.

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]

Justification: Our human study involved a small number of participants (n = 5) and posed
minimal risk since it involved only viewing publicly available video clips and answering
multiple-choice questions. We discuss this in App[E]

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]

Justification: We use LLMs for parts of our data generation pipeline (the exact prompts are
included in App. and evaluation of the open-source models (in App.[C.1).

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Supplementary Material
DAVE %: Diagnostic benchmark for Audio Visual Evaluation

The supplementary material is organized as follows:

* Details about the data generation procedure (App. [A).

» The prompts for each task: audio-visual, action recognition, audio classification, temporal
ordering, timestamp extraction, and event classification (App. B).

* Additional experiments and results on DAVE (App.[C).

* Qualitative examples of DAVE question types (App. D).
* Details about the human performance analysis (App. [E).
* Discussion of the societal impact (App. [F).

A Data generation

A.1 Datasets

Our dataset is constructed using the following publicly available datasets, each used in accordance
with its respective license and terms of use:

* Epic Kitchens [Damen et al.,|2022]: published under the Creative Commons Attribution-
NonCommercial 4.0 International License (CC BY-NC 4.0).

e EgodD [Grauman et al.,[2022]]: provided under a non-exclusive, non-transferable license for
academic and research purposes (Ego4D-License).

¢ ESC-50 [Piczakl 2015]]: available under the terms of the Creative Commons Attribution
Non-Commercial license (CC BY-NC 3.0).

A.2 Audio classes selection

From the ESC-50 dataset [Piczak, 2015]], we keep only the following sound events: “dog”, “crow”,

9 G % LEIT3 LLIT3

“clapping”, “chainsaw”, “church bells”, “clock alarm”, “car horn”, “laughing”, “crying baby”,

99 < CLINT3 9 <

“coughing”, “sneezing”, “siren”, “cat”. We chose these classes intentionally for the following reasons:

* Quality over quantity - We prioritized (and manually selected) audio classes that are clearly
distinguishable and contextually appropriate for the scenarios in Epic Kitchens and Ego4D.
This ensures high-quality diagnostic samples rather than a broad but potentially noisy audio.

* Specificity over breadth - Our primary goal is to evaluate audio-visual integration capabilities
rather than comprehensive audio recognition. The selected classes provide sufficient diversity
to test temporal alignment, sound discrimination, and absence detection without introducing
unnecessary complexity.

A.3 Words filtering

In order to ensure that the event descriptions are unambiguous, we filter all events, and thus, event

CEITs ELINY3 9 < LLIY3

groups, which contain one of the following words: “move”, “moves”, “moving”, “unsure”, “woman”,
“man”, “person”, “lady”, “talks”, “talk”, “walk”, “walks”, “stand”, “stands”, “converses”, “some-
thing”, “look™, “looks”, “hold”, “unknown”, “fix”, “fixes”, “adjusts”, “adjust”, “stares”, “turns”,

“turn”, “hand”.

These terms were excluded because they tend to be vague, overly generic, or refer to abstract or
non-visual concepts, which might lead to ambiguity in the context of audio-visual (egocentric) video
understanding.
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A.4 Implementation details

We intentionally use synthetically overlaid sounds that could naturally co-occur in real-world scenar-
ios. For example, a person opening a fridge while coughing, or collecting water outdoors while a car
horn sounds in the distance, are plausible everyday situations. We carefully selected audio classes
from ESC-50 to ensure plausibility despite the synthetic overlay.

To construct high-quality audio-visual event pairs, we applied carefully selected duration thresholds
and audio processing parameters. In particular, we empirically determine the minimum and maximum
duration thresholds based on several considerations:

* We want to retain as many events as possible, hence, a too high minimum duration threshold,
or too low maximum duration threshold will inevitably discard many events.

¢ If the minimum duration threshold is too low, we might end up with many events where it
is difficult to determine the action the person is performing (Page 4, footnote 2). On the
other hand, if the maximum duration threshold is too high, events may vary widely in length,
which could introduce biases — e.g., models could default to predicting the longest action.
Keeping event durations within a constrained range helps prevent the model from relying on
length as a cue.

* We measure the average audio duration (without silent regions) in ESC-50, which we find to
be 3.54 seconds.

Based on these considerations, we set event durations between 7Tp,in = 1.5 and 7y, = 10.0 seconds,
with full event groups limited to 60.0 seconds. We used a minimum overlay duration of Toyerday = 3.5
seconds, maximum event overlap of wy,x = 0.5 seconds, and an audio start offset of 1.5 seconds.
These thresholds were selected empirically to maximize event retention, while ensuring sufficient
action clarity and balanced segment lengths for fair multimodal evaluation.

For audio processing, we applied fade in/out effects of drg. = 0.3 seconds and set the audio scale
coefficient to acqe = 1.3, with each audio overlay processed to create natural transitions while
ensuring synthetic sounds are clearly discernible within the natural audio context. We filtered
narrations by removing events with ambiguous words (details below).

A.5 Narration enhancement and similarity filtering

Since some of the narrations in the Ego4D dataset contain ambiguous forms such as “C open’s the
fridge”, we rephrase the narrations using an LLM. Namely, we use a Gemini 2.0 Flash Lite model,
and we prompt it in the following way:

You are an advanced Al trained to process event narrations and make them more human-readable
while assessing their similarity.

**Task**

- You will be given a list of short event descriptions.

- In these descriptions, "C" refers to the camera wearer, who is also the person performing the
action.

- Your task is to rewrite each event description in a natural, human-readable way.

- Avoid using "C" in the rephrased output. Instead, use "The person," "They," or rewrite the
sentence naturally.

- Additionally, analyze the provided narrations as a group and assign a similarity score to the
set, reflecting how similar the events are to each other in terms of meaning.

- If the events are highly distinct, assign a low similarity score. If they are highly similar or
ambiguous, assign a high similarity score.

**Qutput Format™**

Provide a JSON object with the following keys:

- "score": A float value representing the overall similarity of the event descriptions.

- rephrased_narrations: A list of strings where each event is rewritten to be more natural and
readable.

- Ensure that all output follows correct JSON syntax.
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- Use only standard double quotes (") for strings.

- Do not include trailing commas or extra characters outside the JSON block. I need to load the
output using json.loads

**QGuidelines for Rewriting**

- Remove references to "C" and rewrite the event naturally.

- Ensure clarity and readability.

- Maintain the original event order and meaning.

- Ensure that each event is distinct and easy to understand.

- Use grammatically correct phrasing.

**Event Descriptions**

Here is a list of event descriptions:

[list_of_events]

Please rewrite them into a more human-readable format while maintaining their meaning.
Additionally, analyze their similarity and assign a similarity score indicating how much the
events resemble one another in meaning.

Return the output in a RAW JSON format with the specified keys."""

We consider the risk of bias or hallucination in the rewriting process to be minimal due to:

* The rephrasing task is straightforward and rule-based: replacing “C” with “The person” or
“They” and ensuring grammatical correctness. This could largely be achieved with simple
string replacement, but we use an LLM for language fluency.

The prompt contains eplicit instructions, output format constraints (JSON), and clear guide-
lines that minimize ambiguity (and thus potential for hallucination). Additionally, the
prompt explicitly instructs to “maintain the original event order and meaning”, preventing
substantial alterations to the action descriptions.

* In a subsequent step, visually ambiguous events are filtered out using zero-shot action
classification. To a large extent, we expect this to catch cases where rephrasing might have
introduced inconsistencies with the visual action.

* The changes to the narration are primarily syntactic (pronoun replacement, grammatical
corrections) rather than semantic, reducing the risk of introducing factual errors or biases.

Besides the rephrasing, the LLM returns a similarity score for the narrations themselves. In order to
filter highly similar narrations (most likely belonging to the same human actions), we simply remove
all instances for which the LLM score is above a threshold empirically set to 0.85. This filtering
approach addresses specific quality issues that arise with action sequences that feature both highly
similar and ambiguous narrations, which would create evaluation challenges. For example:

“C picks a cloth” — “C puts the cloth in the washing machine” — “C picks a bedsheet” —
“C puts the bedsheet in the washing machine”

 “C arranges them” — “C packs the spaghetti pieces” — “C packs another piece” — “C folds
the spaghetti package”

“C counts the papers” — “C puts some papers aside” — “C arranges the other papers” —
“C measures the papers with the ruler”

Such sequences present several evaluation problems where the differences between actions like “picks
a cloth” vs. “picks a bedsheet” or “packs the spaghetti pieces” vs. “packs another piece” are often
too subtle or vague to create reliable multiple-choice distractors. Further, these contain repetitive
patterns, such as (multiple “packs” or “arranges”) that make it difficult to establish clear temporal
boundaries. Finally, narrations like “arranges them” or “packs another piece” lack specificity, making
it challenging to create meaningful questions that test genuine multimodal understanding rather than
guessing.
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B Prompts for each task

B.1 Audio-visual task

What is the person doing when the [audio name] sound is heard in the background? Note that
the sound might not be present in the video, in which case the correct answer would be *None
of the above’.

(A) [Action description 1]

(B) [Action description 2]

(C) [Action description 3]

(D) [Action description 4]

(E) none of the above

Answer only with the letter corresponding to your choice in parenthesis: (A), (B), (C), (D) or
(E). Do not include any other text.

B.2 Action recognition task

Prompt: Watch this short first-person (egocentric) video clip carefully. From the options below,
select the action that most closely matches what the person is doing in the video. Choose the
most appropriate option, even if it does not appear to be an exact match.

(A) [Action description 1]

(B) [Action description 2]

(C) [Action description 3]

(D) [Action description 4]

Answer only with the letter corresponding to your choice in parenthesis: (A), (B), (C) or (D).
Do not include any other text.

B.3 Audio classification task

Listen to the following audio clip carefully. In this clip, there are several environment sounds,
but one of them is different or out of place. After listening to the audio, please identify which
sound is not like the others. Choose the correct option from the list of multiple-choice answers
below.

(A) [Audio class 1]

(B) [Audio class 2]

(C) [Audio class 3]

(D) [Audio class 4]

Answer only with the letter corresponding to your choice in parenthesis: (A), (B), (C) or (D).
Do not include any other text.

B.4 Temporal ordering task

The following are four actions that occur in a video. Your task is to order them based on their
temporal sequence as they happen in the video.

(A) [Action description 1]

(B) [Action description 2]

(C) [Action description 3]

(D) [Action description 4]

Provide the sequence of letters that represents the correct temporal order. For example:
(A)(B)(C)(D). Do not include any other text.
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B.5 Pipeline models: Timestamp extraction

Please listen to the audio. There are several kitchen-environment sounds, but one ([audio name])
is different or out of place. Please identify the timestamp (start and end) when [audio name]
occurs. Only output [timestamp start, timestamp end] in MM:SS format. Note that the sound
might not be present at all, in which case only output "None’.

B.6 Pipeline models: Event classification

These are frames from a video. What is the person doing in this video?

(A) [Action description 1]

(B) [Action description 2]

(C) [Action description 3]

(D) [Action description 4]

Answer only with the letter corresponding to your choice in parenthesis: (A), (B), (C) or (D).
Do not include any other text.

C Experiments

Implementation details. To evaluate the Gemini [Team et al.,[2024]] and GPT-40 [Achiam et al.,
2023]] models, we utilize their respective official APIs. For Gemini models, we directly pass the full
video sequence with overlaid audio sound, as they inherently support video inputs. In contrast, since
GPT-40 does not currently support raw video inputs, we adopt a pipeline approach: we first prompt
an audio model to identify the timestamps when a sound is heard, then extract the corresponding
video frames and present them alongside a multiple-choice question to classify the depicted action.
For the open-source models, we run inference on a single A100 GPU (40-80GB). We rely on the
official GitHub repositories for the model checkpoints and implementation code:

e PandaGPT [Su et al., 2023]] GitHub.
¢ video-SALMONN [Sun et al.} 2024] GitHubl
* Video-LLama-2 [Cheng et al.,[2024] GitHubl

In the following sections we report additional experiments.

C.1 LLM-as-a-judge

Since the open source models we evaluate often do not follow the instructions, we evaluate them
using the LLM-as-a-judge paradigm [Zheng et al.|[2023]]. For that, we use the Gemini Flash 2.0 Lite
model and the following prompt:

You will be given a multiple-choice question, the correct answer(s), and an LLM’s response.
Your task is to determine whether the LLM’s response is correct.

**Instructions: **

- If the LLM’s response matches any of the ground truth answers, return "Correct".
- If the LLM’s response does not match the ground truth, return "Incorrect”.

- Your response must be only "Correct" or "Incorrect" and nothing else.
**Question: **

prompt

**Ground truth:**

ground_truth

**L LM output:**

IIm_output

**Evaluation:**"""

25


https://github.com/yxuansu/PandaGPT
https://github.com/bytedance/SALMONN/tree/main/video_salmonn
https://github.com/DAMO-NLP-SG/VideoLLaMA2

Table 3: Performance of AV-LLMs across question types. We report LLM-as-a-judge accuracy (%)
on the complete DAVE benchmark alongside performance on individual question types: multimodal
synchronisation, sound absence detection and sound discrimination for the open source models.

@ Multimodal Sound absence Sound

DAVE ¥ R . Lo
synchronisation detection discrimination

Open-source models

PandaGPT 19-12iOA78 17~26i082 31~1713A45 30-39i3A01

video-SALMONN 17~78i0.76 21~31i0.86 3.18i1_31 2~32i1.03

Video-LLama-2 32.26i0'90 38.34i1,05 5-69i1.56 7~81i1.78

In Table [3] we report the performance as measured with an LLM-as-a-judge method [Zheng et al.
2023]], across different DAVE question types. The results indicate that performance remains largely
consistent with previous evaluations, suggesting that using an LLM-as-a-judge does not significantly
alter the assessment of model accuracy presented in the main paper.

C.2 DAVE breakdown per source dataset

DAVE question types. In Tables[d]and[5] we report a detailed breakdown across DAVE question
types, distinguishing performance across data samples sourced from Epic Kitchens and Ego4D,
respectively. This split allows for a more granular analysis across different data distributions.

Table 4: Accuracy (%) of various AV-LLMs on the DAVE benchmark derived from the Epic Kitchens
dataset across question types. This breakdown reveals model-specific strengths and weaknesses in
different aspects of audio-visual reasoning.

D e Multimodal Sound absence Sound
AVE ¥ . . C
synchronisation detection discrimination
Random 20.88:‘:1‘4[) 20.23i1'50 21.40:‘:5‘()4 27'84i5402
Closed-source models
Gemini 2.5 Flash 62.0611_71 6447811,86 67.4915_95 31.63:&5,39
Gemini 2.0 Flash 517511.76 62.25:&1_78 0.00 1.2911_27
Gemini 1.5 Flash 516911.66 58.65:&1_84 24‘2315_25 10-5813.58
Gemini 1.5 Flash 8B 30‘6611_50 35.13:&1_77 11.9714_00 5-3412.62
Gemini 1.5 Pro 45‘3311.62 54.16;&1_90 0.00 267;&1.82
Gemini 2.0 Flash Lite 53~29i1.67 52~21i1A94 72~75i5.45 44~61i5A83
Closed-source pipelines
GPT-4o 33214160 24771163 58.8015.99 89.3945 53
Gemini 1.5 Flash Pipeline 3541:{:1461 35-51i1.77 18.17:{:4.75 50-05:{:5486
Open-source models
PandaGPT 19‘43i1.39 17.121141 33~07i5.83 29-12i524
video-SALMONN 11.78i1_09 12~79i123 7~57i3.25 5-21;t2A60
Video-LLama-2 33.0541.63 39.5841.82 0.00 2.6241.86

DAVE composite tasks. In Tables [6]and[7] we report a breakdown per dataset for the composite
tasks: temporal ordering, audio classification, and action recognition. Overall, we observe that models
tend to achieve higher performance on the Epic Kitchens subset compared to Ego4D. This trend likely
stems from the higher quality of Epic Kitchens videos, which offer clearer visuals and better-curated
narrations, making them easier for models to process. In contrast, Ego4D contains more diverse and
less controlled footage, introducing additional challenges and leading to lower performance.

C.3 DAVE subtasks and modalities
In Table|8| we show the performance of the various AV-LLMs on the defined subtasks, whereas in

Table [0 we investigate the impact of the modality on DAVE performance. These tables serve as a
more detailed overview of the results presented in Fig. [}
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Table 5: Accuracy (%) of various AV-LLMs on the DAVE benchmark derived from the Ego4D dataset
across question types.

D @ Multimodal Sound absence Sound
AVE ¥ .. . e .
synchronisation detection discrimination
Random 2314:{:1406 23.36i1'14 23.46:‘:3‘76 20-90:{:3438
Closed-source models
Gemini 2.5 Flash 56‘8911_27 56.17:&1_34 721114.18 51-3514.18
Gemini 2.0 Flash 502911_32 58.74:&139 12.9313_09 3.63;&1_58
Gemini 1.5 Flash 48.26i1_23 520611‘38 35~85i4.18 23-52i3A67
Gemini 1.5 Pro 46~71i1.26 555011‘33 1.60i1_14 2.83i1A41
Gemini 1.5 Flash 8B 27.44i1‘13 28.24i1‘22 27~57i3.99 20-08i3A38
Gemini 2.0 Flash Lite 43.271106  37.6411.3: 81.344 545 62.51 1415
Closed-source pipelines
GPT-40 24-27i1407 13-31i0.95 61-29i4.28 95-01j:1,88
Gemini 1.5 Flash Pipeline 34-18i1418 34.62i1.31 18.64i3.53 43-23i4.12
Open-source models
PandaGPT 18~39;t(l95 16.20i1A02 28~45;t3.89 30-99i4A07
video-SALMONN 20~14i0498 23.981121 0.80i0,73 O-7O:t()‘69
Video-LLama-2 3031:&1418 34~59i1A35 7.3312,32 10-24i254

Table 6: Model performance on DAVE’s composite task versus atomic component tasks on the Epic
Kitchens-based dataset.

Multimodal ~ Temporal Audio Action

synchronisation  ordering  classification recognition
Random 20~97i1.42 2~69i0.61 23~56i1.58 31.3011(70
Closed-source models
Gemini 2.5 Flash 64~70i1.82 60-631189 46.131185 85.2911.31
Gemini 2.0 Flash 51.99:5:1_73 53-28:|:1.80 76.57;‘;1_59 90.573:1.13
Gemini 1.5 Flash 51.75:‘:1'71 32.88i1,75 27-58:|:1.67 83.56i1.38
Gemini 1.5 Flash 8B 30‘73i1A58 20~O711A51 20.83i153 77.9511.54
Gemini 1.5 Pro 45~32:l:1.64 46.84i1_92 29'01i1.73 84-10:|:1.38
Open-source models
video-SALMONN 11-71i1.10 5-17i0.85 26-34:|:1.68 5734:}:1.87
Video-LLama-2 33.1411'51 5-7410.87 91-10i1.10 48-21i1487
PandaGPT 19'44i1.33 5~20i0.84 13.761129 11.0811.19

C.4 Pipeline-based approaches

Finally, in Table [I0] we investigate the performance of the pipeline-based approaches for solving
audio-visual tasks. Specifically, we first prompt an audio model to extract the timestamps when a
sound is heard in the overlaid audio. These timestamps are then used to extract corresponding video
frames, which are subsequently processed by a video model to answer a multiple-choice question:
“What is the person doing?”. To assess the effectiveness of this approach, we evaluate performance
on two key subtasks: action recognition and timestamp accuracy. Our results provide insights into
how well each stage of the pipeline contributes to the final prediction. Note that we consider the
timestamps (start and end) to be correctly predicted if the Intersection over Union (IoU) with the
ground truth timestamps is greater than 0, i.e., at least some frames of the correct event will be
provided to the video model for further processing.

D Qualitative examples

In Fig.[6|we present qualitative examples from our proposed multiple-choice video question answering
dataset DAVE. Each example illustrates four video frames extracted from a short video segment and
paired with a specific sound-related question. The goal is to identify the correct action occurring
when the sound is heard (multimodal synchronization), or to determine that no matching sound is
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Table 7: Model performance on DAVE’s composite task versus atomic component tasks on the
Ego4D-based dataset.

Multimodal Temporal Audio Action

synchronisation  ordering  classification recognition
Random 23‘18i1A04 4'97i0A61 24.87i120 24.6311.21
Closed-source models
Gemini 2.5 Flash 56~11i1.38 46.03i1_37 48.0211.38 78.6611.09
Gemini 2.0 Flash 50-30i1.24 37.64:|:1,31 77.90:|:1_15 80.933:1.11
Gemini 1.5 Flash 48.28i1,24 30'51i1.29 28.13i1,22 73-10i1424
Gemini 1.5 Flash 8B 27~47i1.12 14-8710.98 25.231121 66.8811.31
Gemini 1.5 Pro 4659:5:1.22 35.82i1_32 29-58j:1.26 71~01j:1.28
Open-source models
PandaGPT 18.48i0_94 3-15:t0.48 9~85:t1.48 20.16i1.13
video-SALMONN 20‘09i1A02 2.69i()‘43 25»37i123 39.6511.40
Video-LLama-2 30.29:‘:1.13 5.62:‘:0.65 91.94;‘;0_75 58.68:‘:1.38

Table 8: Model performance on DAVE’s composite task versus atomic component tasks. We report
accuracy (%) on the primary multimodal syncronisation task alongside performance on the con-
stituent capabilities: temporal ordering, audio classification, and action recognition. This analysis
reveals whether multimodal integration failures stem from component perception deficiencies or true
integration challenges. The table presents a more detailed overview of Fig[5|(Left).

Multimodal Temporal Audio Action

synchronisation  ordering  classification recognition
Random 22‘37i0A83 4.13i()‘42 24'47i0A97 26.9510.98
Closed-source models
Gemini 2.0 Flash 5O~82i1.01 43'13i1.10 77.4610‘95 84.3210.79
Gemini 1.5 Flash 49'51i1.00 31'31:|:1.05 28-02:|:1.02 76.84:(:0.94
Gemini 1.5 Flash 8B 28.6110'88 16.64i0.83 23.64i0,95 70.77i1.00
Gemini 1.5 Pro 46.18i1.02 39~74i1A04 29.301102 75.6510.98
Open-source models
PandaGPT 18.81:‘:0.78 1.86:&0‘42 13'79i1.27 17-02:|:0.85
video-SALMONN 17-17i0.77 3.56i0_41 25-63:|:0.98 45.85i1.13
Video-LLama-2 31~27i0.91 5~71i0.53 91.6010,61 54.9911411

present (sound absence detection or sound discrimination). For more qualitative examples, see the
supplementary material where we provide 20 random samples from DAVE encompassing all three
question types described in the main paper.

E Human performance

We present 5 people with the interface in Figure [7]and ask each to solve around 40 questions, without
any further information about the task. Each person solves questions from the audio-visual task
(analogous to Table[I). We note that this is not meant as a full-scale human study, as this is beyond
the scope of this work, but rather a check to confirm that people can solve this task with high
accuracy. The study involved only viewing publicly available video clips and answering multiple-
choice questions. All participants were informed about the purpose of the study, the voluntary nature
of their participation, and how their data would be used.

F Broader impact

In this work, we conduct a comprehensive analysis of state-of-the-art AVLLMs to examine their
multimodal capabilities. Our study demonstrates that these models often struggle with audio-
visual synchronization. By identifying these limitations, we aim to shed light on the potential
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iflwr Kitchen sounds

‘*'I' Coughing

What is the person doing when the coughing sound (A)close fridge
is heard in the background?

Note that the sound might not be present in the
video, in which case the correct answer would be (C)take food container
‘None of the above’. Answer only with the letter
corresponding to your choice in parenthesis: (A), (B),
(C), (D) or (E). Do not include any other text. (E) none of the above

(B) put down food container

(D) take out cheese package

(a) Multimodal synchronisation

. y &'

liflwr Kitchen sounds

What is the person doing when the sneezing sound
is heard in the background?
Note that the sound might not be present in the

(A) close cupboard
(
video, in which case the correct answer would be (C) open cupboard
(
(

B) pick up pan
‘None of the above'. Answer only with the letter

corresponding to your choice in parenthesis: (A), (B),
(C), (D) or (E). Do not include any other text.

D) put down pan

E) none of the above

(b) Sound absence detection
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il Outdoor sounds

- Car horn

What is the person doing when the siren sound is (A) the person places the head pan on the poles.
heard in the background?

Note that the sound might not be present in the
video, in which case the correct answer would be (C) the person picks up the head pan from the ground.
‘None of the above’. Answer only with the letter
corresponding to your choice in parenthesis: (A), (B),
(C), (D) or (E). Do not include any other text. (E) none of the above

(B) the person collects water with a jug.

(D) the person pours water into the head pan.

(c) Sound discrimination

Figure 6: Qualitative examples from our proposed multiple-choice video question answering dataset
DAVE. Each example shows video frames corresponding to the four distinct events happening in
the video segment. The task is to identify the action that occurs when the specified sound is heard
(multimodal synchronization), or choose (E) “None of the above” in cases of sound absence (sound
absence detection) or when a different sound is overlaid (sound discrimination).
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Table 9: Impact of modality availability on DAVE performance. We report accuracy (%) when models
have access to different modality combinations: full multimodal input (Audio + Video + Text), Video
+ Text only, Audio + Text only, and Text only. The performance degradation without all modalities
demonstrates DAVE’s effectiveness at requiring genuine cross-modal reasoning. The table presents a
more detailed overview of Fig[5|(Right).

Audio + Video + Text  Video + Text  Audio + Text Text
Random 22~39:E0.85 20.25:&1'90 20'45:t1.79 20-0911.81
Closed-source models
Gemini 2.0 Flash 50.85i1,00 37.14;&2‘24 23.5011'97 17.8311.64
Gemini 1.5 Flash 49~51j:0496 28.60i2‘05 18.04:‘:1'76 16~21i1.68
Gemini 1.5 Flash 8B 28~61i()‘88 26.36i195 18.98;&1‘79 18.98i1,78
Gemini 1.5 Pro 46.16:&0'99 33'25i2.12 20~90:tl.80 16-51:E1.75
Open-source models
PandaGPT 18.8010'78 14-85i0474 16.4210'77 -
video-SALMONN 17.133:0‘75 21~47i0486 15.17:‘:1'31 -
Video-LLama-2 31.27i()‘95 33~79i1A05 7.28;“)‘59 -

Table 10: Performance of the pipeline-based approach on DAVE. An audio model first extracts
timestamps of the overlaid sound, which are used to select the corresponding video frames. Those
frames serve as input to a video model, which answers the multiple-choice question: “What is
the person doing in the video?”’. We report the accuracy of each stage. Note that we consider the
timestamps (start and end) are correctly predicted if the IoU with the ground truth timestamps is > 0.

Multimodal ~ Action Recognition = Timestamp accuracy

GPT-40 27-3910.87 11.65i0,71 4O~10i0.98
Gemini 1.5 Flash Pipeline  35.3641 ¢4 43.0541 .87 38.53+1.67

risks and challenges associated with deploying these models in practical settings, where accurate
synchronization between modalities is essential for reliable performance.

We believe our findings will be valuable to the community by highlighting areas where current models
need improvement. Our proposed dataset for testing multimodal synchronization offers a resource
for further evaluation and benchmarking of AV-LLMs, encouraging the development of models that
are better equipped to handle the complexities of real-world data. In doing so, we hope to contribute
to the advancement of more trustworthy and effective multimodal systems, promoting their safer and
more responsible use in critical applications.
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MULTIMODAL DATASET

MULTIMODAL DATASET

Please watch the short video ng of four distinct actions. After watching the video, please answer the

multiple-choice question bast

Please listen to the audio. You will hear several kitchen-environment sounds, but one of them is different or

at you saw.
out of place. Please identify which sound is not ike the others.

MULTIMODAL DATASET

MULTIMODAL DATASET

video clip carefully. From the options below, select the
the person is doing in the video.

Please watch th

Figure 7: Web interface for evaluating human performance on the audio-visual task. Participants use
this interface to answer multiple-choice questions without prior task-specific information, providing
a baseline for comparison with model performance.
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