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ABSTRACT

Following the success of Large Language Models (LLMs), expanding their bound-
aries to new modalities represents a significant paradigm shift in multimodal under-
standing. Human perception is inherently multimodal, relying not only on text but
also on auditory and visual cues for a complete understanding of the world. In recog-
nition of this fact, audio-visual LLMs have recently emerged. Despite promising
developments, the lack of dedicated benchmarks poses challenges for understand-
ing and evaluating models. In this work, we show that audio-visual LLMs struggle
to discern subtle relationships between audio and visual signals, leading to hallu-
cinations and highlighting the need for reliable benchmarks. To address this, we
introduce AVHBench, the first comprehensive benchmark specifically designed to
evaluate the perception and comprehension capabilities of audio-visual LLMs. Our
benchmark includes tests for assessing hallucinations, as well as the cross-modal
matching and reasoning abilities of these models. Our results reveal that most ex-
isting audio-visual LLMs struggle with hallucinations caused by cross-interactions
between modalities, due to their limited capacity to perceive complex multimodal
signals and their relationships. Additionally, we demonstrate that simple training
with our AVHBench improves robustness of audio-visual LLMs against hallucina-
tions. Dataset: https://github.com/kaist—ami/AVHBench

1 INTRODUCTION

We live in the world filled with a rich tapestry of multi-sensory signals. We interact with the world
through our inherent multimodal perception, relying not only on language but also on auditory and
visual cues for a comprehensive understanding of the world. Enabling machines to process such varied
forms of information holds great potential for developing enhanced comprehension of the world.
Following this line of thought, recent advancements in Large Language Models (LLMs) (Chiang
et al., 2023; Touvron et al., 2023a;b; Zhao et al., 2023a) have motivated researchers to expand these
models with both visual and audio encoders, i.e., audio-visual LLMs (Zhang et al., 2023a; Han et al.,
2024; Su et al., 2023; Han et al., 2023; Zhao et al., 2023c). This integration offers a comprehensive
scene understanding, enabling audio-visual LLMs to interpret videos from both visual and auditory
information, similar to humans. Despite promising capabilities in video understanding, these models
face significant challenges in jointly handling these signals due to varying amounts of information
and inherent heterogeneity of the modalities. Specifically, we observe that audio-visual LLMs are
prone to hallucinations, as they may overly rely on one modality while neglecting the other.

Hallucinations, as illustrated in Fig. 1-[Left], denote that audio-visual LLMs hear imaginary sounds
from visual cues or perceive fake visual events from audio cues. In other words, multimodal signals
may lead to hallucinations caused by cross-interactions between modalities, referred to as cross-
modal driven hallucination. We hypothesize that this is due to the model’s inadequate capacity to
handle complex multimodal signals and their relationships. These hallucinations result in outputs
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Figure 1: Cross-modal hallucinations in audio-visual LLMs. Audio-visual LLMs tend to hallucinate by
perceiving non-existent sounds when presented with visual signals ( ) or imagining non-existent visual
events when given an audio signal (orange event), as illustrated on the left. To comprehensively assess these
phenomena, we propose AVHBench (depicted on the right), comprising 4 different tasks including the judgment
(J) and description (D) tasks. The red objects/event+object in the questions are queried to evaluate the model’s
perception and robustness against audio-visual hallucinations.

that do not accurately represent the information presented in the input videos and audios. Therefore,
assessing these undesirable hallucinations is essential for identifying potential issues, serving as an
initial step toward building robust models against hallucinations, and enhancing video understanding.

Despite its importance, there is currently no benchmark to assess audio-visual LLMs’ true under-
standing capabilities with combined audio and visual information. Previous works (Li et al., 2023b;
Hu et al., 2023b; Lovenia et al., 2023; Nishimura et al., 2024; Wang et al., 2023a; Liu et al., 2023a)
primarily focus on assessing hallucinations within either the audio or visual modality, but not both.
For instance, POPE (Li et al., 2023b) and CIEM (Hu et al., 2023b) construct a Question-and-Answer
(QnA) format with binary (Yes/No) answers to evaluate models’ ability to discern the presence or
absence of objects in visual inputs, while Nishimura et al. (Nishimura et al., 2024) analyze audio
hallucinations in models using pre-trained audio-text models. Although these assessments may
systematically measure the level and type of hallucinations in multimodal LLMs, they fall short
of evaluating the cross-modal driven hallucinations, as they benchmark within a single modality.
However, the true intention of a multimodal hallucination benchmark, specifically audio-visual
hallucinations, should involve assessing joint audio-visual inputs and their relationships.

In this work, we introduce AVHBench, an audio-visual hallucination benchmark featuring a dataset
of 5,302 QnA pairs and 1,106 audio-visual captions across four distinct tasks: Audio-driven Video
Hallucination, Video-driven Audio Hallucination, Audio-visual Matching, and Audio-visual Caption-
ing (See Fig. 1-[Right]). The first three tasks are judgment tasks that identify not only hallucinated
objects, as in earlier works, but also the events caused by the objects within the given signal. The
fourth task, Audio-visual Captioning, assesses the model’s ability to accurately describe the audio
and visual signals presented. To compile our hallucination dataset, we establish a semi-automatic
annotation pipeline that significantly lowers the cost of human labeling while ensuring high-quality
annotations. This pipeline operates in two main stages: (1) disentangling audio-visual objects and
events from given videos, and (2) generating QnA pairs tailored to each of the four tasks. The output
of this pipeline, our AVHBench, is used to analyze the current status of audio-visual LLMs with
respect to the phenomenon of cross-modal driven hallucinations.

Our evaluation results on AVHBench reveal that current audio-visual LLMs are prone to both audio-
driven and video-driven hallucinations. We observe that these models generally perform better with
unimodal signals or even with text-only inputs. This implies that the models’ limited capacity to
handle complex multimodal signals may be a potential factor in these hallucinations. Based on
insights from our hallucination analysis, we ablate the model with a simple training method using an
annotation-enriched training dataset generated by our annotation pipeline. Our findings indicate that
Low-Rank Adaptation (LoRA) fine-tuning, coupled with enhanced feature alignment, significantly
improves performance. This suggests that refining the attention mechanism of LLMs with audio-
visual signals may be one potential approach to enhance the robustness of existing audio-visual LLMs
against cross-modal hallucinations. Our key contributions are as follows:
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* ProposingAVHBench, the rst benchmark speci cally designed to assess cross-modal halluci-
nations in audio-visual LLMs, with proposing a semi-automatic annotation pipeline that reduces
manual labeling costs while ensuring high-quality annotations.

* Analyzing the presence of cross-modal hallucinations and investigating their potential causes using
our proposedVHBench on six recent audio-visual LLMSs.

« Demonstrating insights for enhancing the robustness of audio-visual LLMs against cross-modal
hallucinations, with improved feature alignment and capacity for handling multimodal signals.

2 RELATED WORK

Multimodal Large Language Models (MLLMs). Drawing inspiration from the remarkable
language abilities of Large Language Models (LLMs) (Achiam et al., 2023; Touvron et al., 2023a;b),
researchers have expanded into the eld of Multimodal Large Language Models (MLLMSs) to enhance
performance across diverse multimodal tasks. Primarily, MLLMs have achieved signi cant progress
in integrating vision modalities (Chen et al., 2023a; Dai et al., 2023; Liu et al., 2023b; Peng et al.,
2023; Zhang et al., 2023h)e., visual LLMs, such as image and video, by attaching visual perception
models to LLMs, which possess powerful understanding and reasoning abilities. In a similar way,
other types of MLLMs have developeelg, audio (Gong et al., 2024; Deshmukh et al., 2023), 3D
point cloud (Xu et al., 2023), user interface screens (You et al., 2024), scienti c diagrams (Hu et al.,
2023a), and fMRI signals (Xu et al., 2023). In this work, we focus on audio-visual LLMs (Su et al.,
2023; Han et al., 2023; Zhang et al., 2023a; Zhao et al., 2023c; Panagopoulou et al., 2023; Zhao
et al., 2023b), particularly those that incorporate video input, since they are favorable to modeling the
multisensory nature of human perception. These models are also typically designed by integrating
video and audio encoders with an LLM through the token interface, akin to other MLLMs.

Hallucinations in MLLMs. A signi cant issue with MLLMs is hallucination (Gunjal et al., 2024;
Lietal., 2023b; Liu et al., 2024; Wang et al., 2023b; Lovenia et al., 2023; Hu et al., 2023b; Wang

et al., 2023a; Hyeon-Woo et al., 2024; Ye-Bin et al., 2024), where the model generates text responses
not accurately re ecting the input signal but relying on its internal knowledge (preconception) of the
LLM. This tendency to disregard the input signal can lead to adverse outcomes in various real-world
applications. To evaluate and nd clues of these phenomena, numerous studies have been proposed.
One important line of research focuses on hallucination discrimination, aiming to assess MLLMs'
ability to identify hallucinations through judgment tasks, such as QnA evaluation. In the context

of the visual LLMs, POPE (Li et al., 2023b) and CIEM (Hu et al., 2023b) design binary (Yes/No)
guestions concerning the presence of objects in images, while NOPE (Lovenia et al., 2023) introduces
a Visual Question Answering (VQA) based method to evaluate MLLMs in discerning the absence
of objects in visual queries, where correct responses require negative statements. Another branch,
such as AMBER (Wang et al., 2023a) and GAVIE (Liu et al., 2023a), focuses on assessing generative
hallucinations by prompting models to produce open-ended captienslescription task. However,

these works primarily evaluate the hallucination issues related only to the visual modality with the
visual LLMs. In this work, our primary objective is to broaden the scope of hallucination evaluation

to include simultaneous audio-visual and text inputs. Speci cally, we introduce a comprehensive
benchmarkAVHBench, which includes both judgment and description tasks to assess the perception
and comprehension capabilities of audio-visual LLMs against cross-modal driven hallucinations.

3 AVHBENCH: CROSSMODAL HALLUCINATION EVALUATION BENCHMARK

Our goal is to assess the perception and comprehension capabilities of audio-visual LLMs. We
particularly aim to analyze the stability of existing models toward cross-modal driven hallucinations
and provide insights for developing more robust models with enhanced audio-visual comprehension.
As existing benchmarks predominantly focus on evaluating visual hallucinations, we introduce
AVHBench, designed to evaluate hallucinations in combined audio and visual signals.

Overview of AVHBench. We construct 4 different tasks that are fundamental for validating the
perception and comprehension of audio-visual LLMs. Inspired by hallucination benchmarks in the
vision-language domain (Li et al., 2023b; Lovenia et al., 2023; Hu et al., 2023b), our proposed
AVHBench includes botjudgmentanddescriptionhallucination tasks (Liu et al., 2024). Judgment
tasks assess the model's ability to identify hallucinated objects and events in the given audio-visual
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Task Type  Task #QnApairs #Yes #No #captions
Al V 1,136 568 568

Judgment VI A 2,290 1,145 1,145
A-V Mat. 1,876 938 938 -

Description  A-V Cap. - - - 1,106
Total 5,302 2,651 2,651 1,106

Figure 2: Dataset statistics. Our AVHBench dataset comprises 2,136 videos featuring 4 different tasks,
including 3 judgment tasks and 1 description task. X V! A, A-V Mat., and A-V Cap. denote Audio-driven

Video Hallucination, Video-driven Audio Hallucination, Audio-visual Matching, and Audio-visual Captioning
respectively. Our dataset contains a total of 5,302 QnA pairs, evenly distributed between yes and no answers,
along with 1,106 audio-visual captions.

signals or determine whether those signals correspond to each other. These tasks are structured as
binary (Yes/No) questions for intuitive evaluation, suggested in the prior works as a common form.

In AVHBench, three tasks are categorized into judgment taskstio-driven Video Hallucination
Video-driven Audio Hallucinationand Audio-visual Matching The description task evaluates
whether the model fails to accurately depict the given audio and visual signals. In particular, we focus
on Audio-visual Captioningevaluating whether the model outputs hallucinated description when
reasoning about the given audio-visual signals. Ovet&kBench comprises 2,136 videos, with

5,302 QnA pairs and 1,106 audio-visual captions. The dataset statistics are summarized in Fig. 2, and
more details about the statistics can be found in Appendix D.7.

3.1 TASK DEFINITION

We provide detailed descriptions and question formats for 4 different tasks below.

Audio-driven Video Hallucination. This task assesses whether the audio signal can cause the
model to hallucinate visual objects or events. For example, we evaluate whether the model perceives a
certain object as being seen, even though it is not visible but only making sound. The question format
is “Is fobject /event+object g visible in the video?” and théobject /event+object ¢

can be either positive, audible in the video, or negative, audible but not visible in the video.

Video-driven Audio Hallucination. Conversely, this task evaluates whether the model's auditory
perception is in uenced by the given visual signal. Although a certain object may exist silently,
the model may hallucinate that the object is making sound. The question formaf abjéxct ¢
making sound in the audio?” and thebject g can be either positive, making sound and visible in
the video, or negative, existing in the video but not making any sound.

Audio-visual Matching. This task evaluates the model's ability to recognize the correspondence
between audio and visual signals, determining its accuracy in associating related signals. The question
is “Are the context of video and audio matching?”. As the paired video and audio naturally match,
we randomly swap the original audio with audio from different videos to create a negative pair.

Audio-visual Captioning (description task). This task assesses the model's ability to accurately
describe combined audio and visual signals. The question is “Describe what you see and hear,” where
the model is prompted to generate a caption based on the provided audio-visual signals.

Refer to Fig. 1-[Right] for example QnAs related to each task; the summarized template for each task
is presented in the Appendix D.2.

3.2 DATASET CONSTRUCTION PIPELINE

We design a dataset construction pipeline with automated procedures to minimize human labor. The
entire pipeline, depicted in Fig. 3, consists of two main staggfsge ] disentangling audio-visual
objects and events from given videos, aStbge 2 generating QnA pairs on 4 different tasks.

Source video collection. One challenge in constructing the benchmark is collecting the source
videos and annotating ne-grained details for both video and audio. To address this, we repurpose
existing datasets, namely VALOR (Chen et al., 2023b) and AudioCaps (Kim et al., 2019), leveraging
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Figure 3: Dataset construction pipeline.To design a comprehensive hallucination benchmark, we devise

a dataset construction pipeline with automated procedures, consisting of two main stages: Stage 1 involves
disentangling audio-visual information, and Stage 2 focuses on Question-and-Answer (QnA) generation for four
different tasks. At the end of each stage, we verify and correct the automatically generated outputs by employing
a minimal number of human annotators.

their videos and annotations. VALOR contains 32K environmental videos with audio-visual captions.
AudioCaps, primarily used for the audio captioning task, features around 50K in-the-wild video.
Since both datasets offer either audio-visual or audio captions, we directly utilize their test split for
constructing our benchmark.

However, not all source videos consistently contain diverse audio-visual events. In other words, not
every video includes out-of-view sounds or multiple events occurring simultaneously. To further
facilitate studies on audio-visual comprehension, we have created more challenging synthetic videos
by swapping the audio from one video with another. These synthetic videos effectively introduce
natural mismatches between audio and visual signals, posing signi cant challenges for models to
accurately discern each signal. In total, our comprehensive test and validation sets comprise 1,106
real and 1,030 synthetic source videos.

Stage 1: Disentangling audio-visual information. The goal of this stage is to disentangle audio-
visual information from paired video and audio (see Fig. 3-[Stage 1]). Speci cally, we separate
visual and audio cues into distinct categories:lIfayiew sound sourcedicates visible and audible
objects, (b)in-view silent objectndicates visible but not audible objects, @yt-of-view sound
sourceindicates audible but not visible objects, (d)view soundndicates visible and audible sound
events, and (eQput-of-view soundhdicates audible but not visible sound events.

Disentangling such information directly from video and audio is challenging, thus we rely on the ne-
grained annotated captions provided by the VALOR and AudioCaps datasets. However, compared
to audio events, visual objects and events appear more frequently and may not be fully captured in
existing captions. Therefore, we utilize an off-the-shelf visual tagging model, RANZhang et al.,
2023c), to extract visual tags from the video. With both visual tagging and text descriptions (either
audio or audio-visual captions), we input these metadata into ChatGPT (particularly GPT4 (Achiam
et al., 2023)) to disentangle the audio-visual information. Leveraging ChatGPT to assist in construct-
ing the dataset has proven to be effective in previous works (Hyun et al., 2024; Gong et al., 2024; Liu
et al., 2023h). We prompt ChatGPT with human-annotated few-shot examples to help it understand
the task and perform disentanglement. Example of the Stage 1 oltpytdisentangled audio-visual
information, is illustrated in Fig. 3 and Appendix D.6. More details on the prompts for ChatGPT can
be found in Appendix D.1.

Stage 2: Question-and-Answer (QnA) generation for 4 different tasks.After disentangling the
audio-visual information, we use this information to construct QnA pairs for our benchmark, as
depicted in Fig. 3-[Stage 2]. For the judgment tasks, we employ a rule-based algorithm to directly
utilize the disentangled audio-visual information and form xed question formats of Yes/No QnA
pairs, as describe in Sec. 3.1. For the description task, we once again utilize ChatGPT to take
the disentangled audio-visual information and the existing captions (either audio or audio-visual
captions) to automatically generate a single sentence of ground truth audio-visual caption. Although
the VALOR dataset already provides audio-visual captions, we re ne those to be more readable with
ChatGPT. Examples of how to use the outputs of Stage 1 to generate questions for each judgment and
description task are showcased in Fig. 3. The output samples of Stage 2 are shown in Appendix D.6.
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Human veri cation. Although the automated pipeline produces high-quality annotations, we further
employ human annotators at the end of each stage to verify the automatically generated outputs. In
Stage 1, annotators ensure that audio-visual information is accurately disentangled, correcting any
inaccuracies they nd. In Stage 2, they verify that the QnA pairs correctly correspond to the given
audio and visual signals, editing incorrect answers or discarding ambiguous samples. With minimal
human labeling involved, the nal dataset becomes suf ciently clean for benchmarking purposes.
Additional details about human veri cation and quality controls are in Appendix D.3 and D.4.

4 CROSSMODAL HALLUCINATION EVALUATION

In this section, we begin by outlining the evaluation setup, detailing the baseline models used, and
the evaluation metrics. We then present a thorough analysis of the baseline models' performance on
our proposed benchmarkVHBench, providing insights into potential improvements to enhance
their robustness against cross-modal hallucinations.

4.1 BEVALUATION SETTINGS

Baseline models. AVHBenchis evaluated on six different recent audio-visual LLMs, mostly referred

to in current literature, and capable of processing both audio and visual signals simultaneously. The
baseline models are X-InstructBLIP (Panagopoulou et al., 2023), ImageBind-LLM (Han et al., 2023),
Video-LLaMA (Zhang et al., 2023a), ChatBridge (Zhao et al., 2023c), PandaGPT (Su et al., 2023),
and OneLLM (Han et al., 2024). Each model is con gured with a temperature setting of O to ensure
deterministic output. Given the zero-shot nature of the evaluation, we conduct inference with each
model over ve trials if a model fails to provide a de nitive “Yes” or “No” answer. Additional details

and information on prompting can be found in Appendix E.

Evaluation metrics. For judgment tasks, we utilize accuracy, precision, recall, and F1 score as
the evaluation metrics, by following the conventional metrics used for assessing vision-language
hallucinations (Li et al., 2023b; Hu et al., 2023b). Precision and recall indicate the ratios of correctly
answered questions with “Yes” or “No” responses, respectively. F1 score is computed by combining
the results of precision and recall. We further report the models' “Yes” answer ratio as a reference
for analyzing their behavior, with the yes and no answer ratios in our dataset balanced, as shown
in Fig. 2. For the description task, we evaluate using widely used captioning metrics, including
METEOR (Banerjee & Lavie, 2005) and CIDEr (Vedantam et al., 2015). Moreover, we employ
the GAVIE (Liu et al., 2023a) metric, known for its effectiveness in measuring the accuracy of
hallucinated captions using GPT4 (Achiam et al., 2023).

4.2 BEVALUATION RESULTS AND ANALYSIS

Based on our proposedlVHBench, we conduct evaluations to assess the level of cross-modal
hallucinations in audio-visual LLMs, analyze the potential cause for such phenomena, and explore
the promising solutions. Our extensive analysis aims to address four key questions.

1) Are audio-visual LLMs robust to cross-modal hallucinations?

To investigate this, we conduct

evaluations with baseline mod-

els on four different tasks in our

AVHBench. The baseline mod-

els are provided with multimodal

inputs (audio and video simulta-

neously, see Fig. 4 (a)) and asked

to answer questions. The results

are summarized in Table 1. In the Figure 4: Input modality types.

Audio-driven Video Hallucination task, most baseline models perform near or slightly better than
random chance, which is 50% accuracy. Furthermore, these models often exhibit overcon dence

The OneLLM model that we used for evaluation is not jointly trained as a multimodal model, as reported in
https://github.com/csuhan/OneLLM/issues/21 , and thus may not perform favorably.
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Table 1: Evaluation results on AVHBench. We evaluate various audio-visual LLMs on our proposed
AVHBench. Acc. denotes the accuracy and Yes (%) is the proportion of “Yes” answers among total responses.
Bold numbers stand for the best, and the random choice is provided as a reference.

Audio-driven Video Hallucination Video-driven Audio Hallucination
Model Acc. (') Precision{) Recall() F1(') Yes(%) Acc.() Precision() Recall() F1(') Yes (%)
X-InstructBLIP 18.1 16.0 15.0 15.5 46.9 16.3 14.5 38.5 211 77.0
ImageBind-LLM 50.3 50.2 87.1 63.7 86.7 50.0 50.0 99.3 66.5 99.3
Video-LLaMA 50.1 50.1 100 66.7 99.9 50.2 50.2 100 66.9 100
ChatBridge 52.9 70.9 52.9 48.9 77.6 32.8 60.0 32.8 39.8 14.8
PandaGPT 58.5 55.3 91.1 68.8 82.3 61.3 57.4 86.6 69.1 75.5
OneLLM 53.7 58.6 64.8 49.8 63.1 44.3 50.2 39.4 49.8 55
Random Choice 50.0 50.0 50.0 50.0 50.0 50.0 50.0 50.0 50.0 50.0

Audio-visual Matching Audio-visual Captioning

Model Acc. (") Precision() Recall() F1(") Yes (%) METEOR () CIDEr (") GAVIE-A (")
X-InstructBLIP 15.1 18.6 18.9 18.8 52.6 6.10 3.40 2.83
ImageBind-LLM 50.0 50.0 100 66.7 100 11.5 16.0 3.35
Video-LLaMA 50.0 50.0 100 66.7 100 14.0 95 2.29
ChatBridge 29.9 48.3 29.9 33.9 13.0 13.7 33.1 4.69
PandaGPT 51.2 53.6 18.1 27.0 16.8 11.7 14.1 2.70
OneLLM 60.1 67.7 61.9 64.6 53.9 541 28.8 1.47
Random Choice 50.0 50.0 50.0 50.0 50.0 - - -

Table 2: Evaluation on unimodal hallucinations. We evaluate baseline models on Audio-driven Video and
Video-driven Audio Hallucination tasks by feeding unimodal input to the models, thereby formulating the task
into assessing unimodal hallucinations, such as Video Hallucination and Audio Hallucination.

Video Hallucination Audio Hallucination

Model Acc. () Precision() Recall() F1(') Yes(%) Acc.() Precision{) Recall() F1(') Yes (%)
X-InstructBLIP 46.0 47.8 90.8 62.7 94.8 34.4 37.7 46.4 41.6 61.9
ImageBind-LLM 52.6 51.6 84.8 64.1 82.2 50.8 50.4 98.7 66.7 97.9
Video-LLaMA 50.0 50.0 100 66.7 100 58.4 55.7 933 69.8 86.2
ChatBridge 56.5 71.2 56.5 51.9 80.1 52.6 63.9 56.7 52.6 31.0
PandaGPT 65.0 60.1 89.2 71.8 742 64.1 60.4 81.6 69.4 67.5
OneLLM 76.5 75.2 79.4 77.3 53.1 59.6 73.6 55.8 63.5 47.6
PLLaVA (Video-only LLM) 81.5 77.9 87.8 82.6 56.3 - - - - -

LTU (Audio-only LLM) - - - - - 67.2 63.9 84.2 72.7 68.3

(or vice versa), resulting in high recall values despite poor performance. In the Video-driven Audio
Hallucination task, the overall performance of the baseline models degrades further. This indicates
that audio-visual LLMs are relatively more prone to audio hallucinations than to video hallucinations.
Similar trends are observed across the baselines in the Audio-Visual Matching task, where models
show high con dence levels (or vice versa), despite performing at random chance levels. Among
the baseline models, PandaGPT (Su et al., 2023) performs the best in the Audio-driven Video and
Video-driven Audio Hallucination tasks, OneLLM (Han et al., 2024) excels in the Audio-Visual
Matching task, while ChatBridge (Zhao et al., 2023c) shows favorable performance in the description
task. However, overall, existing baseline models struggle with cross-modal hallucinations, show-
ing undesirable performance. In conclusieristing audio-visual LLMs are indeed vulnerable to
cross-modal hallucinations

2) Is multimodal input really helpful? Ideally, as multimodal inputs provide more comprehensive
information, the model is expected to perform better compared to using unimodal input. However,
we nd that multimodal signals confuse the models' perceptian, evoking cross-modal driven
hallucinations To demonstrate this, we conduct the Audio-driven Video and Video-driven Audio
Hallucination tasks by feeding unimodal (audio or visual input only, see Fig. 4 (b)) signal to the
baseline models, as summarized in Table 2. By comparing the results between Table 1 (multimodal
input setting) and Table 2 (unimodal input setting), we observe that the performance of the model
improves when using unimodal inputs. This indicates that the existing models suffer from cross-modal
driven hallucinations when perceiving and processing multimodal signals simultaneously. Similar
phenomena have also been discovered in (Shon et al., 2019; Wang et al., 2020; Senocak et al., 2023),
indicating that networks processing multimodal signals struggle more to handle both signals, if they
are not properly designed to manage the complex relationships between audio and visual signals.

Based on the observations thus far, one might initially perceive that our propadéBench is
perhaps overly challenging, unachievable or not properly designed for the assessment. However,
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Table 3: Evaluation on cross-modal hallucinations with caption inputs.We evaluate baseline models on
Audio-driven Video and Video-driven Audio Hallucination tasks with multimodal input converted into text
descriptions, thereby formulating the task into text-only input format.

Audio-driven Video Hallucination Video-driven Audio Hallucination

Model Acc. (') Precision{) Recall() F1(') Yes(%) Acc.() Precision() Recall() F1(') Yes (%)
X-InstructBLIP 60.7 62.3 54.4 58.1 43.6 59.8 58.0 71.4 64.0 61.5
ImageBind-LLM 54.3 52.3 97.7 68.1 93.3 57.8 55.3 81.7 65.9 73.8
Video-LLaMA 67.2 76.2 67.2 71.4 43.3 62.3 69.2 62.3 65.4 40.6
ChatBridge 67.1 65.0 67.1 65.6 22.2 61.1 66.4 61.1 62.9 40.7
PandaGPT 66.7 84.6 40.8 55.1 24.1 67.2 66.7 68.9 67.8 51.6
OneLLM 76.6 75.4 79.6 77.4 53.2 62.6 68.9 73.9 71.3 67.5

we nd that AVHBench is indeed achievable to some extent. To demonstrate this, we utilize
existing modality-speci ¢ video LLM and audio LLM to conduct experiments on Audio-driven Video
Hallucination and Video-driven Audio Hallucination tasks, respectively. More speci cally, we use
PLLaVA (Xu et al., 2024), a video-only LLM, and LTU (Gong et al., 2024), an audio-only LLM.
As shown in Table 2, these models signi cantly outperform the existing audio-visual LLMs. These
results verify that our benchmark is suf ciently achievable and suggest that audio-visual LLMs have
considerable room for improvement.

3) What may be the potential problem for the cross-modal hallucinations? We suspect that

the LLMs' limited capacity to handle complex multimodal signals is one reason for hallucinations
To test this hypothesis, we reformulate the tasks into a text-only problem, providing more familiar
inputs for the LLMs to process (see Fig. 4 (c)). Speci cally, the input signals are converted into text
descriptions (captions) using LTU (Gong et al., 2024) for audio input and PLLaVA (Xu et al., 2024)
for video input, respectively These captions are then concatenated and fed directly to the LLM
component of audio-visual LLMs to answer to the questions without any further training.

We evaluate the performance of this text-only input approach on the Audio-driven Video and Video-
driven Audio Hallucination tasks, as summarized in Table 3. By comparing the results from Table 1
(multimodal input) and Table 3 (text-only input), using multimodal captions outperforms direct
multimodal inputs. Speci cally, PandaGPT (Su et al., 2023), Video-LLaMA (Zhang et al., 2023a), and
OneLLM (Han et al., 2024) show signi cant improvement in the Audio-driven Video Hallucination
task and Video-driven Audio Hallucination task, respectively. Through these results, we hypothesize
that the instability of the models against cross-modal hallucinations may be due to the LLMs' inability
to perceive the multimodal signals effectively and learn the relationships between these signals, such
as alignment, binding, or distinction.

4) Can audio-visual LLMs be improved against cross-modal hallucinations?Yes, audio-visual

LLMs can be enhanced by applying simple training methods if carefully designed. We observe that
several existing audio-visual LLMg.g, PandaGPT (Su et al., 2023) and Video-LLaMA (Zhang

et al., 2023a), are trained without incorporating any audio data. In other words, despite being audio-
visual models, they lack joint training using both audio and visual inputs, which may cause a weak
alignment between audio representations and the LLMs. Based on these observations, we attempt
to improve existing models from two perspectives: (1) enhancing the alignment of audio features,
and (2) Low-Rank Adaptation (LoRA) (Hu et al., 2022) ne-tuning. In these experiments, we select
Video-LLaMA as the baseline model

Audio feature alignment. To enhance the alignment between audio features and LLM, we pre-train
Q-former (Li et al., 2023a) and a linear layer that links the frozen audio encoder and LLM, while
keeping the video part xed. We utilize the audio-text paired datasets, such as AudioCaps (Kim et al.,
2019), Clotho (Drossos et al., 2020), and WavCaps (Mei et al., 2023), for training.

LoRA FT. For this, we collect a large, annotation-enriched audio-visual dataset using the semi-
automatic pipeline described in Sec. 3.2, without involving any human veri cation. This dataset
contains 10,327 videos with 87,624 QnA pairs, collected from the training split of the VALOR (Chen
etal., 2023b) and Audiocaps (Kim et al., 2019) datasets. We apply LORA ne-tuning to Video-LLaMA
using this acquired dataset, while the audio and video encoders are kept frozen.

2Note that these captions are generated, not ground truth, and therefore noisy.
3More details about training can be found in Appendix F.
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Table 4: Enhancing robustness against cross-modal hallucinationsAlign. represents enhancing audio
feature alignment with LLM, and FT denotes LORA ne-tuning on the training split ofAk&iBench dataset.
multi. and uni. stands for multimodal inputs and unimodal input, respectively.

Align. FT AlV ALV VIA VI A AV Audio-visual Captioning
: (multi.)  (uni) (multi) (uni) Mat. ETEOR ¢) CIDEr(") GAVIE-A (")
- 50.1 50.0 50.2 55.7 50.0 14.0 9.5 2.29
X - 52.8 50.4 58.1 63.5 513 9.5 18.9 3.49
- X 79.1 84.0 76.6 80.6 50.8 11.9 33.1 3.54
X X 83.9 85.2 77.3 81.1 55.6 12.2 35.6 3.82

Table 5: Generalized improvements on other benchmarksWe test the generalization performance of our
ablated variants on VAST captioning dataset (Chen et al., 2023c) and an audio-visual joint instruction dataset,
AVinstruct (Ye et al., 2024).

Align. FT VAST AVinstruct
METEOR (') CIDEr (") GAVIE-A(") METEOR(') CIDEr(") ROUGE-L (') BLEU-4(") Acc. %)
- 18.2 0.2 4.04 45.9 145 35.3 12.8 43.6
X - 19.2 20.7 3.68 42.2 27.1 41.5 14.9 52.6
- X 18.7 13.4 2.58 53.5 76.4 52.3 25.1 44.2
X X 22.1 47.6 5.09 58.1 102.0 55.8 28.5 57.8

Table 4 presents the results of the ablation study on these training schemes. Improving audio
alignment, in comparison to the original Video-LLaMA, results in enhanced performance on the
Video-driven Audio Hallucination task, as the model's audio perception becomes stronger and more
reliable. Moreover, LORA ne-tuning with our dataset shows signi cant improvement, indicating
that exposing the model to learn appropriate attention from both audio and visual cues is a crucial
training step for enhancing robustness against hallucinations. Combining enhanced audio alignment
with LoRA ne-tuning achieves further performance gains across all tasks. We also evaluate the
ablated variants on the VAST captioning dataset (Chen et al., 2023c) and AVinstruct (Ye et al., 2024),
an audio-visual joint instruction dataset. For AVinstruct, we provide results for both captioning
metrics (Banerjee & Lavie, 2005; Vedantam et al., 2015; Lin, 2004; Papineni et al., 2002) and the
accuracy of multiple-choice.gé., closed-ended) questions. Table 5 demonstrates the generalized
improvements in zero-shot scenarios by enhancing robustness against cross-modal hallucinations.

Finally, Fig. 5 shows the qualitative results of the existing audio-visual LLMs (Su et al., 2023; Zhang
et al., 2023a; Zhao et al., 2023c) and our nal modelfdrHBench. Several existing audio-visual
LLMs perceive imaginary “bell” from audio cues or fake sound of “screen” from visual cues, while
our nal model does not suffer from these cross-modal hallucinations. Moreover, the existing audio-
visual LLMs struggle to faithfully represent the provided audio and visual signals, often generating
objects or events that do not actually exist. Refer to Appendix B for more qualitative results.

5 LIMITATIONS AND FUTURE WORK

As a preliminary study on revealing audio-visual hallucinations, it is important to acknowledge the
limitations of this work. Given the complexity of multimodal signals and their relationships, including

the dynamics of sound emission and localization within visual events or objects, our evaluation may
not encompass all possible scenarios. Therefore, there is a need for a more diverse, complex, and
larger dataset with more comprehensive tasks. This expansion could be achieved by acquiring
additional data from a range of in-the-wild sources, such as egocentric videos, or by synthesizing
diverse scenes using simulation platforms.

Additionally, our primary focus is on assessing how one modality might in uence the perception

of another; consequently, our benchmark may not include more ne-grained evaluations, such as
hallucinations caused by multiple objects in the same scene or temporal reasoning within audio-
visual captions. We believe that incorporating such complex scenarios and providing appropriate
annotations would enhance the dataset's comprehensiveness, enabling ner-grained analyses. For
instance, extending the dataset with source video datasets that include temporal QnAs (Li et al.,
2022; Yang et al., 2022) could facilitate constructing audio-visual captions with temporal reasoning.
Moreover, while our current audio-visual captions effectively captures objects, actions, and sound
events within 10-second clips, longer and more complex videos may require extended audio-visual
captions to comprehensively capture all presented information.
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Figure 5: Qualitative results. We illustrate visible and audible objects/events in the video (on the left). Green
denotes the correct answers and Red denotes the incorrect answers produced by audio-visual L.LMs.

,and stand for our nal model, PandaGPT (Su et al., 2023), Video-LLaMA (Zhang et al., 2023a), and
ChatBridge (Zhao et al., 2023c), respectively.

Finally, we focus on “environmental sound” rather than speech, which might neglect how the content
in speech in uences hallucinations in video interpretation. A promising future direction could involve
using Automatic Speech Recognition (ASR) to integrate speech content into our dataset construction,
potentially exploring how speech in uences visual perception hallucinations.

6 CONCLUSION

In this paper, we introducAVHBench, a cross-modal hallucination evaluation benchmark designed

to assess the recent audio-visual LLM&/HBench contains four fundamental tasks for validating

the perception and comprehension capabilities of these models. We have developed a semi-automatic
annotation pipeline that signi cantly reduces human labor while maintaining high-quality annotations

of this benchmark. Using this benchmark, we observe that audio-visual LLMs are prone to cross-
modal hallucinations and tend to perform better with unimodal or text-only inputs, rather than using
multimodal inputs. Based on these analysis, we suggest that enhancing both feature alignment and the
capacity to handle multimodal signals could improve the models' robustness against hallucinations.

ETHICS STATEMENT

The proposed cross-modal hallucination benchmark in this work has undergone a human annotation
process, effectively mitigating negative biases through careful human review. Therefore, we do not
expect any potential ethical issues related to sensitive information in the dataset. However, since the
training set used to improve the stability of cross-modal hallucination is automatically annotated
without manual intervention, it may have potential negative biases from the data distribution of
the original AudioCaps (Kim et al., 2019) and VALOR (Chen et al., 2023b) datasets. Such biases,
including the over-represented urban environments and the under-represented rural settings, may
affect the model's reliability and fairness when deployed in various real-world settings. Therefore,
users should be aware of the potential for biased outputs and consider these factors when integrating
the models into larger systems.

REPRODUCIBILITY STATEMENT

We introduce the high-level semi-automatic dataset generation pipeline usd¥fBench in

Sec. 3.2, which includes details of each annotation stage, the source video datasets utilized (Chen
etal., 2023b; Kim et al., 2019), and the off-the-shelf models employed (Achiam et al., 2023; Zhang
et al., 2023c). A more detailed description of the pipeline, such as the ChatGPT prompts for audio-
visual information disentanglement in Stage 1 and audio-visual caption generation in Stage 2, is
provided in Appendix D. Since our dataset requires minimal human annotation, the annotation
interface and our approach for annotation quality control are described in Appendix D.3 and D.4.
For evaluation, the baseline models and evaluation setups are detailed in Sec. 4.1 and Appendix E,
while the training recipe and the dataset used for enhancing the model's stability against cross-modal
hallucination are outlined in Sec. 4.2 and Appendix F.

10



Published as a conference paper at ICLR 2025

ACKNOWLEDGMENTS

This work was partially supported by IITP grants (No.RS-2023-00225630, Development of Arti cial
Intelligence for Text-based 3D Movie Generation (15%); No.RS-2021-11212068, Arti cial Intelli-
gence Innovation Hub (15%); No. 2022-0-00124, No.RS-2022-11220124, Development of Arti cial
Intelligence Technology for Self-Improving Competency-Aware Learning Capabilities(15%)), and
the National Research Foundation of Korea (NRF) grant (No. RS-2024-00358135, Corner Vision:
Learning to Look Around the Corner through Multi-modal Signals (15%)) funded by the Korea
government (MSIT). A. Senocak and J. S. Chung were partially supported by the National Research
Foundation of Korea (NRF) grant funded by the Korea government (MSIT) (No. RS2023-00212845
(40%)).

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, llge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical report.
arXiv preprint arXiv:2303.087742023. 3, 5, 6, 10, 20

Rohan Anil, Sebastian Borgeaud, Yonghui Wu, Jean-Baptiste Alayrac, Jiahui Yu, Radu Soricut, Johan
Schalkwyk, Andrew M Dai, Anja Hauth, Katie Millican, et al. Gemini: A family of highly capable
multimodal modelsarXiv preprint arXiv:2312.118051, 2023. 19

Satanjeev Banerjee and Alon Lavie. METEOR: An automatic metric for MT evaluation with improved
correlation with human judgments. the ACL Workshop on Intrinsic and Extrinsic Evaluation
Measures for Machine Translation and/or Summarizat@e05. 6, 9

Jun Chen, Deyao Zhu, Xiaogian Shen, Xiang Li, Zechun Liu, Pengchuan Zhang, Raghuraman
Krishnamoorthi, Vikas Chandra, Yunyang Xiong, and Mohamed Elhoseiny. Minigpt-v2: large
language model as a uni ed interface for vision-language multi-task learrangiv preprint
arXiv:2310.094782023a. 3, 25, 26

Sanyuan Chen, Yu Wu, Chengyi Wang, Shuijie Liu, Daniel Tompkins, Zhuo Chen, and Furu Wei.
Beats: Audio pre-training with acoustic tokenizeasXiv preprint arXiv:2212.09058022. 25

Sihan Chen, Xingjian He, Longteng Guo, Xinxin Zhu, Weining Wang, Jinhui Tang, and Jing Liu.
Valor: Vision-audio-language omni-perception pretraining model and datas¥iv preprint
arXiv:2304.083452023b. 4, 8, 10, 20, 24

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 dataseAdiances in Neural
Information Processing Systems (NeurlP&)23c. 9

Zesen Cheng, Sicong Leng, Hang Zhang, Yifei Xin, Xin Li, Guanzheng Chen, Yongxin Zhu, Wenqi
Zhang, Ziyang Luo, Deli Zhao, and Lidong Bing. Videollama 2: Advancing spatial-temporal
modeling and audio understanding in video-llmsXiv preprint arXiv:2406.074762024. URL
https://arxiv.org/abs/2406.07476 .19

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, lon Stoica, and Eric P. Xing. Vicuna: An
open-source chatbot impressing gpt-4 with 90%* chatgpt quality, 2023. liRks://Imsys.
org/blog/2023-03-30-vicuna/ . 1,25,26

Yunfei Chu, Jin Xu, Qian Yang, Haojie Wei, Xipin Wei, Zhifang Guo, Yichong Leng, Yuanjun Lv,
Jinzheng He, Junyang Lin, et al. Qwen2-audio technical repoXiv preprint arXiv:2407.10759
2024. 19

Wenliang Dai, Junnan Li, Dongxu Li, Anthony Meng Huat Tiong, Jungi Zhao, Weisheng Wang,
Boyang Li, Pascale N Fung, and Steven Hoi. Instructblip: Towards general-purpose vision-
language models with instruction tuning. Anvances in Neural Information Processing Systems
(NeurlPS) 2023. 3

Soham Deshmukh, Benjamin Elizalde, Rita Singh, and Huaming Wang. Pengi: An audio language
model for audio tasks. IAdvances in Neural Information Processing Systems (Neurf@2g. 3

11



Published as a conference paper at ICLR 2025

Konstantinos Drossos, Samuel Lipping, and Tuomas Virtanen. Clotho: An audio captioning dataset.
In IEEE International Conference on Acoustics, Speech, and Signal Processing (ICR83R)3,
26

Yuxin Fang, Wen Wang, Binhui Xie, Quan Sun, Ledell Wu, Xinggang Wang, Tiejun Huang, Xinlong
Wang, and Yue Cao. Eva: Exploring the limits of masked visual representation learning at scale.
In IEEE Conference on Computer Vision and Pattern Recognition (CVRRB. 25

Rohit Girdhar, Alaaeldin EI-Nouby, Zhuang Liu, Mannat Singh, Kalyan Vasudev Alwala, Armand
Joulin, and Ishan Misra. Imagebind: One embedding space to bind them EHEEConference
on Computer Vision and Pattern Recognition (CVPRR3. 25, 26

Yuan Gong, Hongyin Luo, Alexander H Liu, Leonid Karlinsky, and James Glass. Listen, think, and
understand. Ihnternational Conference on Learning Representations (ICRB24. 3, 5, 8, 19

Anisha Gunjal, Jihan Yin, and Erhan Bas. Detecting and preventing hallucinations in large vision
language models. IAAAI Conference on Arti cial Intelligence (AAAI2024. 3

Jiaming Han, Renrui Zhang, Wengi Shao, Peng Gao, Peng Xu, Han Xiao, Kaipeng Zhang, Chris Liu,
Song Wen, Ziyu Guo, et al. Imagebind-lim: Multi-modality instruction tuniagXiv preprint
arXiv:2309.039052023. 1, 3, 6, 25

Jiaming Han, Kaixiong Gong, Yiyuan Zhang, Jiagi Wang, Kaipeng Zhang, Dahua Lin, Yu Qiao, Peng
Gao, and Xiangyu Yue. Onellm: One framework to align all modalities with languag&BE
Conference on Computer Vision and Pattern Recognition (CYERM. 1, 6, 7, 8, 25, 26

Shawn Hershey, Daniel P W Ellis, Eduardo Fonseca, Aren Jansen, Caroline Liu, R Channing Moore,
and Manoj Plakal. The bene t of temporally-strong labels in audio event classi cation, 2021. 26

Anwen Hu, Yaya Shi, Haiyang Xu, Jiabo Ye, Qinghao Ye, Ming Yan, Chenliang Li, Qi Qian, Ji Zhang,
and Fei Huang. mplug-paperowl: Scienti ¢ diagram analysis with the multimodal large language
model. arXiv preprint arXiv:2311.18248023a. 3

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and
Weizhu Chen. Lora: Low-rank adaptation of large language modelsitémational Conference
on Learning Representations (ICLRRD22. 8, 26

Hongyu Hu, Jiyuan Zhang, Minyi Zhao, and Zhenbang Sun. Ciem: Contrastive instruction evaluation
method for better instruction tuningrXiv preprint arXiv:2309.023012023b. 2, 3, 6

Nam Hyeon-Woo, Moon Ye-Bin, Wonseok Choi, Lee Hyun, and Tae-Hyun Oh. VIm's eye ex-
amination: Instruct and inspect visual competency of vision language maoat{s: preprint
arXiv:2409.147592024. 3

Lee Hyun, Kim Sung-Bin, Seungju Han, Youngjae Yu, and Tae-Hyun Oh. Smile: Multimodal dataset
for understanding laughter in video with language modelsFitdings of the Association for
Computational Linguistics: NAACL 2022024. 5

Chris Dongjoo Kim, Byeongchang Kim, Hyunmin Lee, and Gunhee Kim. AudioCaps: Generating
captions for audios in the wild. IAnnual Conference of the North American Chapter of the
Association for Computational Linguistics (NAACRP19. 4, 8, 10, 20, 24, 26

Bo Li, Yuanhan Zhang, Dong Guo, Renrui Zhang, Feng Li, Hao Zhang, Kaichen Zhang, Peiyuan
Zhang, Yanwei Li, Ziwei Liu, et al. Llava-onevision: Easy visual task transdeXiv preprint
arXiv:2408.033262024. 19

Guangyao Li, Yake Wei, Yapeng Tian, Chenliang Xu, Ji-Rong Wen, and Di Hu. Learning to answer
guestions in dynamic audio-visual scenarioslHRE Conference on Computer Vision and Pattern
Recognition (CVPRR022. 9

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-2: Bootstrapping language-image
pre-training with frozen image encoders and large language moddlstenational Conference
on Machine Learning (ICML)2023a. 8, 25, 26

12



Published as a conference paper at ICLR 2025

Yifan Li, Yifan Du, Kun Zhou, Jinpeng Wang, Wayne Xin Zhao, and Ji-Rong Wen. Evaluating object
hallucination in large vision-language models.danference on Empirical Methods in Natural
Language Processing (EMNLP023b. 2, 3, 6

Chin-Yew Lin. Rouge: A package for automatic evaluation of summarie¥exbsummarization
branches ouyt2004. 9

Fuxiao Liu, Kevin Lin, Linjie Li, Jianfeng Wang, Yaser Yacoob, and Lijuan Wang. Mitigating
hallucination in large multi-modal models via robust instruction tuningnternational Conference
on Learning Representations (ICLRP23a. 2, 3, 6, 26

Hanchao Liu, Wenyuan Xue, Yifei Chen, Dapeng Chen, Xiutian Zhao, Ke Wang, Liping Hou,
Rongjun Li, and Wei Peng. A survey on hallucination in large vision-language moaie{s/
preprint arXiv:2402.002532024. 3

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuningdvances
in Neural Information Processing Systems (NeurlPBp3b. 3, 5, 26

Holy Lovenia, Wenliang Dai, Samuel Cahyawijaya, Ziwei Ji, and Pascale Fung. Negative object
presence evaluation (nope) to measure object hallucination in vision-language metiéls.
preprint arXiv:2310.053382023. 2, 3

Xinhao Mei, Chutong Meng, Haohe Liu, Qiugiang Kong, Tom Ko, Chenggi Zhao, Mark D Plumbley,
Yuexian Zou, and Wenwu Wang. Wavcaps: A chatgpt-assisted weakly-labelled audio captioning
dataset for audio-language multimodal reseageiXiv preprint arXiv:2303.173952023. 8, 26

George A Miller. Wordnet: a lexical database for engli€©lommunications of the ACM995. 24

Taichi Nishimura, Shota Nakada, and Masayoshi Kondo. On the audio hallucinations in large
audio-video language modelatrXiv preprint arXiv:2401.097742024. 2

Artemis Panagopoulou, Le Xue, Ning Yu, Junnan Li, Dongxu Li, Sha g 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 reasardigpreprint
arXiv:2311.187992023. 3, 6, 25

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-Jing Zhu. Bleu: a method for automatic
evaluation of machine translation. Association for Computational Linguistics (AG2002. 9

Zhiliang Peng, Wenhui Wang, Li Dong, Yaru Hao, Shaohan Huang, Shuming Ma, Qixiang Ye, and
Furu Wei. Grounding multimodal large language models to the worlthternational Conference
on Learning Representations (ICLR023. 3

Arda Senocak, Junsik Kim, Tae-Hyun Oh, Dingzeyu Li, and In So Kweon. Event-speci c audio-
visual fusion layers: A simple and new perspective on video understandindEB Winter
Conference on Applications of Computer Vision (WAQ@R3. 7

Suwon Shon, Tae-Hyun Oh, and James Glass. Noise-tolerant audio-visual online person veri cation
using an attention-based neural network fusionHBE International Conference on Acoustics,
Speech and Signal Processing (ICASS®L9. 7

Yixuan Su, Tian Lan, Huayang Li, Jialu Xu, Yan Wang, and Deng Cai. Pandagpt: One model to
instruction-follow them all.arXiv preprint arXiv:2305.163552023. 1, 3, 6, 7, 8, 9, 10, 16, 17, 18,
25, 26

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. In
International Conference on Machine Learning (ICMRp24. 19

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Tigeoth
Lacroix, Baptiste Rodre, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and
ef cient foundation language modelarXiv preprint arXiv:2302.139712023a. 1, 3, 25

13



Published as a conference paper at ICLR 2025

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almabhairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al. Llama 2: Open foundation
and ne-tuned chat modelsarXiv preprint arXiv:2307.09288023b. 1, 3

Ramakrishna Vedantam, C Lawrence Zitnick, and Devi Parikh. Cider: Consensus-based image
description evaluation. IEEEE Conference on Computer Vision and Pattern Recognition (CVPR)
2015. 6,9

Junyang Wang, Yuhang Wang, Guohai Xu, Jing Zhang, Yukai Gu, Haitao Jia, Ming Yan, Ji Zhang,
and Jitao Sang. An lim-free multi-dimensional benchmark for mlims hallucination evaluation.
arXiv preprint arXiv:2311.0739,72023a. 2, 3

Junyang Wang, Yiyang Zhou, Guohai Xu, Pengcheng Shi, Chenlin Zhao, Haiyang Xu, Qinghao
Ye, Ming Yan, Ji Zhang, Jihua Zhu, et al. Evaluation and analysis of hallucination in large
vision-language modelsrXiv preprint arXiv:2308.151262023b. 3

Weiyao Wang, Du Tran, and Matt Feiszli. What makes training multi-modal classi cation networks
hard? InIEEE Conference on Computer Vision and Pattern Recognition (CVERD. 7

Lin Xu, Yilin Zhao, Daquan Zhou, Zhijie Lin, See Kiong Ng, and Jiashi Feng. Pllava: Parameter-free
llava extension from images to videos for video dense captiomirjy preprint arXiv:2404.16994
2024. 8,19

Runsen Xu, Xiaolong Wang, Tai Wang, Yilun Chen, Jiangmiao Pang, and Dahua Lin. Pointllm:
Empowering large language models to understand point cl@m$v preprint arXiv:2308.1691,1
2023. 3

Pinci Yang, Xin Wang, Xuguang Duan, Hong Chen, Runze Hou, Cong Jin, and Wenwu Zhu. Avga:
A dataset for audio-visual question answering on videoACQM International Conference on
Multimedia (MM) 2022. 9

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 (ECQ0R4. 9

Moon Ye-Bin, Nam Hyeon-Woo, Wonseok Choi, and Tae-Hyun Oh. Beaf: Observing before-after
changes to evaluate hallucination in vision-language modeEulopean Conference on Computer
Vision (ECCV) 2024. 3

Keen You, Haotian Zhang, Eldon Schoop, Floris Weers, Amanda Swearngin, Jeffrey Nichols, Yinfei
Yang, and Zhe Gan. Ferret-ui: Grounded mobile ui understanding with multimodaldida:
preprint arXiv:2404.057192024. 3

Hang Zhang, Xin Li, and Lidong Bing. Video-llama: An instruction-tuned audio-visual language
model for video understandingrXiv preprint arXiv:2306.02858023a. 1, 3, 6, 8, 9, 10, 15, 16,
17,18, 19, 25

Renrui Zhang, Jiaming Han, Chris Liu, Peng Gao, Aojun Zhou, Xiangfei Hu, Shilin Yan, Pan Lu,
Hongsheng Li, and Yu Qiao. Llama-adapter: Ef cient ne-tuning of language models with zero-init
attention.arXiv preprint arXiv:2303.161992023b. 3

Youcai Zhang, Xinyu Huang, Jinyu Ma, Zhaoyang Li, Zhaochuan Luo, Yanchun Xie, Yuzhuo Qin,
Tong Luo, Yagian Li, Shilong Liu, et al. Recognize anything: A strong image tagging model.
arXiv preprint arXiv:2306.035142023c. 5, 10, 20, 22

Wayne Xin Zhao, Kun Zhou, Junyi Li, Tianyi Tang, Xiaolei Wang, Yupeng Hou, Yinggian Min,
Beichen Zhang, Junjie Zhang, Zican Dong, et al. A survey of large language mautls.
preprint arXiv:2303.182232023a. 1

Yang Zhao, Zhijie Lin, Daquan Zhou, Zilong Huang, Jiashi Feng, and Bingyi Kang. Bubogpt:
Enabling visual grounding in multi-modal limarXiv preprint arXiv:2307.085812023b. 3

Zijia Zhao, Longteng Guo, Tongtian Yue, Sihan Chen, Shuai Shao, Xinxin Zhu, Zehuan Yuan, and
Jing Liu. Chatbridge: Bridging modalities with large language model as a language caaXist.
preprint arXiv:2305.161032023c. 1, 3, 6, 7, 9, 10, 16, 17, 18, 25

14



Published as a conference paper at ICLR 2025

APPENDIX

In this supplementary material, we provide comprehensive details about the data annotation procedure
of our proposed\VHBench dataset, the experimental setups, and additional experimental results
that were not included in the main paper.
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A DATA SAMPLES AND SOURCE CODE

We provide the data processing, annotation code, and a subsetAYb&iBench dataset through the
.zip le. The complete set of thAVHBench dataset will be released upon acceptance. Additionally,
please refer to the datasheet for A&idHBench dataset attached as an explicit PDF.

B ADDITIONAL QUALITATIVE RESULTS

In this section, we include additional qualitative results of the existing audio-visual LLMs and our
nal model on AVHBench. Moreover, we visualize the attention maps of the transformer layers in
the LLM from Video-LLaMA (Zhang et al., 2023a) and our nal model, to investigate which parts
the model focuses on to answer the cross-modal hallucination questions.
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Figure S1: Additional qualitative examples on AVHBench test datasetWe illustrate visible and audible
objects/events in the given video, witheendenoting the correct answers amdl denoting the incorrect ones.

The icons in the gure, , and (Ours) stand for PandaGPT (Su et al., 2023), Video-LLaMA (Zhang
et al., 2023a), ChatBridge (Zhao et al., 2023c), and our nal model, respectively.
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Figure S2: Additional qualitative examples on AVHBench test datasetWe illustrate visible and audible
objects/events in the given video, witheendenoting the correct answers amd denoting the incorrect ones.
Theiconsinthe gure, , and (Ours) stand for PandaGPT (Su et al., 2023), Video-LLaMA (Zhang

et al., 2023a), ChatBridge (Zhao et al., 2023c), and our nal model, respectively. The two examples above are
for real video samples, while the other ones below are for synthetic (swapped) video samples.
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Figure S3: Attention visualization of the LLM layers. We visualize the attention maps of the LLM layers to
identify which modality the model prioritizes to answer the cross-modal hallucination questions. In the rst row,

we show the attention maps of our nal model on each hallucination task. Additionally, we compare the attention
maps of our nal model and Video-LLaMA (Zhang et al., 2023a) on each hallucination task. We illustrate
visible and audible objects/events in the given video. The darker blue color in the attention maps denotes higher
attention scores. We represent the token indices for the audio, video, and text prompt inputs as orange, green,
and purple arrows, respectively.

Qualitative results. In addition to Fig. 5 in the main paper, we provide additional examples of the
predicted results in the hallucination tasks for our nal model and the baseline models (Zhang et al.,
2023a; Su et al., 2023; Zhao et al., 2023c) (See Example 1-6 for the real video samples and Example
7-8 for the synthetic video samples in Figs. S1 and S2). Note that all real videos inherently have “Yes”
as correct answers for Audio-visual Matching task, whereas synthetic videos generated by swapping
the audio only have “No” as correct answers. We depict visible and audible objects/events in the video,
with greenrepresenting the correct answers aed representing the incorrect ones. The illustrations

inthe gure, , and  (Ours) denote PandaGPT (Su et al., 2023), Video-LLaMA (Zhang

et al., 2023a), ChatBridge (Zhao et al., 2023c), and our nal model, respectively. The results indicate
that Video-LLaMA tends to consistently answer all questions in the judgment task as “Yes”, leading
to nearly random performance, as demonstrated in Table. 2 in the main paper. Our nal model shows
favorable accuracy in three judgment tasks, compared to Video-LLaMA, PandaGPT (Su et al., 2023),
and ChatBridge (Zhao et al., 2023c). PandaGPT and Video-LLaMA often represent the objects and
events that are not grounded on the given video, while our nal model and ChatBridge are less prone
to these cross-modal hallucinations when generating the audio-visual captions.
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