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Motivation

« Recent advancements have expanded capabilities toward human-like video
understanding through audio-visual Large Language Models (AV-LLMs)

« However, AV-LLMs are prone to cross-modal hallucinations:

« Hearing imaginary sounds from visual cues

* Perceiving fake visual events from audio cues

 Currently, no suitable benchmark exists to validate such hallucinations

A benchmark 1s needed to evaluate the perception and
comprehension capabilities of AV-LLMs regarding hallucinations



Audio-visual Hallucination Benchmark

* Propose Audio-Visual Hallucination Benchmark (AVHBench)

 Tasks in the benchmark (J: judgment / D: description)
 [J] Audio-driven video hallucination
* [J] Video-driven audio hallucination

* [J] Audio-visual matching

* [D] Audio-visual captioning

Audio-driven video hallucination Audio-visual matching

? Is the chirping bird visible in the video? ? Are the context of video and audio matching?

No, the chirping bird is not visible in the video. @ Yes, the context of video and audio are matched. @

Video-driven audio hallucination Audio-visual captioning

? Is the dog making sound in the audio? ? Describe what you see and hear.

No, the dog is not making sound in the audio. @ A black dog playing with a duck on a lawn. @




Semi-automatic dataset construction pipeline

Stage 1: Disentangle audio-visual information
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A bird is chirping in the background.

Audio Caption

Disentangled
information

[In-view] @

* Sound source : Man

* Sound: Man talking

* Silent object: Car, Road

[Out-of-view] >«
* Sound source: Bird

* Sound: Bird chirping

Stage 2: QA generation

Rule-based ]
%algorithm Judgement Question

“Is there a {car} in the video?”

“Is the {car} making sound in the audio?”

“Is there a {bird chirping} sound in the audio?”

“Is the {bird} visible in the video?”

Description Question

ChatGPT  “The manis talking in front of a car,

while a bird is chirping.”
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A bird is chirping in the background.

Audio Caption

Disentangled
information

[In-view] @
e Sound source : Man
* Sound: Man talking

* Silent object: Car, Road

[Out-of-view] >«
* Sound source: Bird

* Sound: Bird chirping

Stage 2: QA generation

Rule-based

%a lgorithm

ChatGPT

Human

v

Verification —

Judgement Question

“Is there a {car} in the video?”
“Is the {car} making sound in the audio?”
“Is there a {bird chirping} sound in the audio?”

“Is the {bird} visible in the video?”

Description Question

“The man is talking in front of a car,

while a bird is chirping.” '7
Human
Verification ——
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Overall dataset statistics

 Judgment tasks
* Total 2,136 videos with 5,816 QnA pairs

 Equally distributed yes/no answers

 Description task

« Total 1,238 videos with corresponding captions
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Results and analysis

Large Language Model

Video Adpt. Audio Adpt.
Text

Video Enc. Audio Enc. Tokenizer

ed e D

Video Input Audio Input Text Prompt

(a) Multi-modal Inputs

Audio-driven Video Hallucination

Video-driven Audio Hallucination

Model EACC. @) i Precision (1) Recall (1) F1 (1) Yes (%) EACC. (T)i Precision (1) Recall (1) F1 (1) Yes (%)
X-InstructBLIP 18.1 16.0 15.0 15.5 46.9 16.3 14.5 38.5 21.1 717.0
ImageBind-LLM | 50.3 50.2 87.1 63.7 86.7 i 50.0 50.0 99.3 66.5 99.3
Video-LLaMA 50.1 | 50.1 100 66.7 999 : 502 | 50.2 100 66.9 100
ChatBridge P 529 70.9 529 48.9 77.6 32.8 60.0 32.8 39.8 14.8
PandaGPT i 58.5 553 91.1 68.8 823 | 613 ! 574 86.6 69.1 75.5
OneLLM 53.7 | 58.6 64.8 49.8 63.1 | 443 i 50.2 39.4 49.8 55
Random Choice L 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. (1) Precision () Recall (1) F1 (1) Yes (%) METEOR (1) CIDEr (1) GAVIE-A (1)
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 9.5 2.29
ChatBridge 29.9 48.3 29.9 339 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 64.6 539 5.41 28.8 1.47
Random Choice 50.0 50.0 50.0 50.0 50.0 - - -

Q1. Are AV-LLMs robust against cross-modal hallucinations?
— No, they are vulnerable to cross-modal hallucinations
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Large Language Model

Results and analysis

Video Enc. Audio Enc. Tokenizer
. (@) Multi-modal Inputs
- 2

(a) Multi-modal Inputs

Audio-driven 60 °83 537

. . . Rand 50.3 50.1
Video Hallucination e I e e

(Accuracy (%)) 40

18.1
20
X-InstructBLIP ImageBind-LLM Video-LLaMA  ChatBridge PandaGPT OnelLLM
70
61.3

0RO e 500 02 e R

Video-driven o 3
Audio Hallucination 28

(Accuracy (%)) 63

10

X-InstructBLIP ImageBind-LLM Video-LLaMA  ChatBridge PandaGPT OnelLLM
Q1. Are AV-LLMs robust against cross-modal hallucinations?

— No, they are vulnerable to cross-modal hallucinations



Large Language Model

Results and analysis

Video Enc. Audio Enc. Tokenizer

: (@) Multi-modal Inputs c||||l- =)

: (b) Uni'mOdal |nputs Video Input Audio Input Text Prompt
(a) Multi-modal Inputs
80
Audio-driven 60 529 >8>
. . . Rand 503 50.1 ’
Video Hallucination e ANy e pmmmee g

(Accuracy (%)) 40

Large Language Model

Audio Adpt.
Text

Audio Enc. Tokenizer

© M B

(b) Uni- modal Inputs

18.1
20
X-InstructBLIP ImageBind-LLM Video-LLaMA  ChatBridge PandaGPT OnelLLM
70
61.3
50 RO 500 L E—
Video-driven o
Audio Hallucination 28
(Accuracy (%)) 63
10

X-InstructBLIP ImageBind-LLM Video-LLaMA  ChatBridge PandaGPT OnelLLM

Q2. Are multi-modal inputs really helpful?
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Large Language Model Large Language Model

Results and analysis

Text Text
Video Enc. Audio Enc. Tokenizer Audio Enc. Tokenizer
: (@) Multi-modal Inputs
) Uni = o BF @ o &
.. (b) Unl_mOdal |nput5 Video Input Audio Input  Text Prompt Audio Input  Text Prompt
(a) Multi-modal Inputs (b) Uni-modal Inputs
81.5
80 76.5
65.0

585

Audio-driven
Video Hallucination

(Accuracy (%))

PandaGPT OnelLLM PPLaVA
(video-only)

ChatBridge

64.1 672
61.3

Video-driven
Audio Hallucination

(Accuracy (%))

X-InstructBLIP ImageBind-LLM Video-LLaMA  ChatBridge PandaGPT OnelLLM I-_TU
Q2. Are multi-modal inputs really helpful? (audio-only)

— No, multi-modal signals tend to confuse the models’ perception
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Large Language Model

Video Adpt. Audio Adpt.
Text

Video Enc. Audio Enc. Tokenizer

- 2

Video Input Audio Input  Text Prompt

(a) Multi-modal Inputs

Results and analysis

: (@) Multi-modal Inputs
.: (b) Uni-modal Inputs
: (c) Caption-modal Inputs

Large Language Model

Audio Adpt.
Text

Audio Enc. Tokenizer

@ .Illl'. E
Audio Input  Text Prompt

(b) Uni-modal Inputs

Large Language Model
Text Tokenizer

Video Audio

Caption Caption Text

PLLaVA LTU Tokenizer

e M 3

Video Input Audio Input  Text Prompt

(c) Caption Inputs

Audio-driven
Video Hallucination
(Accuracy (%))

81.5
65.0
PandaGPT OnelLLM PPLaVA
(video-only)

[~y 2o)
A2 T4

613 64.1

Video-driven
Audio Hallucination
(Accuracy (%))

X-InstructBLIP ImageBind-LLM Video-LLaMA  ChatBridge
Q3. What could be the potential reason behind these hallucinations?

PandaGPT

OnelLLM

LTU

(audio-only)
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Large Language Model

Video Adpt. Audio Adpt.
Text

Video Enc. Audio Enc. Tokenizer

ed e D

Video Input Audio Input Text Prompt

(a) Multi-modal Inputs

Results and analysis

: (@) Multi-modal Inputs
.: (b) Uni-modal Inputs
: (c) Caption-modal Inputs

Large Language Model

Audio Adpt.
Text

Audio Enc. Tokenizer

@ .Illlll E
Audio Input  Text Prompt

(b) Uni-modal Inputs

Large Language Model
Text Tokenizer
Video Audio
Caption Caption Text
Tokenizer

PLLaVA LTU

e e

Video Input Audio Input  Text Prompt

(c) Caption Inputs

80 o 81.5
67.2 67.1 650 667
Audio-driven 60 28> _
Video Hallucination = 5y —— |1 e | E— o, o W
(Accuracy (%)) 40 S I
20 18.1
X-InstructBLIP ImageBind-LLM Video-LLaMA  ChatBridge PandaGPT OnelLLM PPLaVA
(video-only)
70 623 611 g13 041 °72 62.6 o2
>9.8 57.8 584 >9.6
50 Random __________  __________ 50.0_ 208 - 50.2. 1 . e I
Video-driven o » 3
Audio Hallucination : 328
(Accuracy (%)) 63 I
10
X-InstructBLIP ImageBind-LLM Video-LLaMA  ChatBridge PandaGPT OnelLLM LTU

Q3. What could be the potential reason behind these hallucinations? @)
— The LLM's limited capacity to handle complex multi-modal signals
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Results and analysis

- AV A—-V VoA VoA AV Audio-visual Captioning
Align. FT . . . .
(multi.) (uni.) (multi.) (uni.) Mat. METEOR (1) CIDEr (1) GAVIE-A (1)
- - 50.1 50.0 50.2 557 50.0 14.0 9.5 2.29
v - 52.8 50.4 58.1 63.5 51.3 9.5 18.9 3.49
- v 79.1 84.0 76.6 80.6 50.8 11.9 33.1 3.54
v v 83.9 85.2 77.3 81.1 55.6 12.2 35.6 3.82

Enhancing robustness against cross-modal hallucinations

Q4. Can AV-LLMs be improved against cross-modal hallucinations?
— Yes, by (1) enhancing the feature alignment, and (2) fine-tuning with LoRA



Results and analysis

Align. FT A-V A=V V=2A VA AV Audio-visual Captioning
) (multi.) (uni.) (multi.) (uni.) Mat. METEOR (1) CIDEr (1) GAVIE-A (1)
- - 50.1 50.0 50.2 55.7 50.0 14.0 9.5 2.29
v - 52.8 50.4 58.1 63.5 513 9.5 18.9 3.49
- v 79.1 84.0 76.6 80.6 508 11.9 33.1 3.54
v v 83.9 85.2 77.3 81.1 55.6 12.2 35.6 3.82
Enhancing robustness against cross-modal hallucinations
Align. FT VAST AVinstruct
METEOR (1) CIDEr(1) GAVIE-A (1) METEOR (1) CIDEr(1) ROUGE-L (1) BLEU-4(1) Acc. (%)
- - 18.2 0.2 4.04 45.9 14.5 35.3 12.8 43.6
oo 19.2 20.7 3.68 422 27.1 415 14.9 52.6
- v 18.7 13.4 2.58 53.5 76.4 52.3 25.1 442
oo 22.1 47.6 5.09 58.1 102.0 55.8 28.5 57.8

Generalization performance on other audio-visual reasoning dataset

Q4. Can AV-LLMs be improved against cross-modal hallucinations?
— Yes, by (1) enhancing the feature alignment, and (2) fine-tuning with LoRA
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Audio-driven Video Hallucination
Q. Is the bell visible in the video?

(a) Yes & @ MNO @

Video-driven Audio Hallucination

Q. Is the screen making sound in the audio?
(alYes 2 @ WiNo @@

Audio-visual Matching

Q. Are the contexts of audio and visual
content matching?

Wyess @F (N0 &2

Quiz Show

Audio-driven Video Hallucination
Q. Is the baby visible in the video?

W Yes @ ® (b) No &

Video-driven Audio Hallucination
Q. Is the bed making sound in the audio?

(a) Yes N @ 2

Audio-visual Matching

Q. Are the contexts of audio and visual
content matching?

WYes@ @@  ®)No

Baby Crying

ualitative results of AV-LLMs on AVHBench

‘ Green: correct answer
@:% AVHModel-Align-FT (ours) PandaGPT Video-LLaMA @ ChatBridge  Red: Incorrect answer

Audio-visual Captioning
Q. Describe what you see and hear.

@% “A man and a woman stand on stage
with a microphone, speaking to a large
audience.”

4 “A group of people are sitting at a
table with a dog on stage.”

;i; “A large crowd of people gathered in a
room, and they are all wearing black
and white clothing.”

“A man is standing on a stage in front
of a large audience ... and some people
are wearing name tags.”

Audio-visual Captioning

Q. Describe what you see and hear.

@% “A newborn baby crying in a hospital
bed.”

2 “A baby cries in a hospital bed with a
background of a woman'’s voice.”

(i] “A baby lying in a hospital bed, crying
and screaming.”

“A baby lying in a crib, wearing a pink
onesie and a white cap.”
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Which modalities do AV-LLMs attend to
answer?
« We visualize the attention maps of the LLM layers in the AV-LLMs

Q. Is the bottle making sound in the audio?

| Video-driven Audio Hallucination
@% Higher attention on audio modali%

E Lower attention on audio modality

. > Ours leverages the audio information

— Possibly driven by the audio feature alignment
00:10

R s L vvmreree A o-dri ; inati
Innnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnl i i AUd|O'drlven Vldeo HaIIUC|nat|0n
| L I 1
«"Ej» é } l_' ' | g o ; @% Lower attention on audio modalityﬁb
0000 Sudible Bt levents 00:10 : ; [ Higher attention on audio modality

—) Lo M < > Ours does not confused by the audio
Input Video & Audio willl 2 i = '
P oo e G e we e — Video-LLaMA is vulnerable to imaginary sound
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Conclusion

* Introducing AVHBench, a cross-modal hallucination benchmark for evaluating
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Conclusion

* Introducing AVHBench, a cross-modal hallucination benchmark for evaluating
recent AV-LLMs

 Analyzing the phenomena of AV-LLMs using AVHBench
 Susceptibility to cross-modal hallucinations when provided with multi-modal inputs

« Tendency to perform better with uni-modal or text-only inputs compared to multi-modal

« Enhancing feature alignment and the capacity to handle multi-modal signal
could improve AV-LLMs' robustness against hallucinations
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