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Abstract

Multimodal foundation models that integrate
audio, vision, and language achieve strong per-
formance on reasoning and generation tasks,
yet their robustness to adversarial manipula-
tion remains poorly understood. We study a
realistic and underexplored threat model: un-
targeted, audio-only adversarial attacks on
trimodal audio–video–language models. We
analyze six complementary attack objectives
that target different stages of multimodal pro-
cessing, including audio encoder representa-
tions, cross-modal attention, hidden states, and
output likelihoods. Across four state-of-the-
art models and multiple benchmarks, we show
that audio-only perturbations can induce severe
multimodal failures, achieving up to 96% at-
tack success rate. We further show that at-
tacks can be successful at low perceptual dis-
tortions (LPIPS ≤ 0.08, SI-SNR ≥ 0 dB) and
benefit more from extended optimization than
increased data scale. We evaluate the feasibil-
ity of these attacks under physically realistic
conditions by incorporating room impulse re-
sponse (RIR) modeling, showing that audio-
only perturbations remain effective under envi-
ronmental transformations and thus highlight
the practical risk of single-modality attacks in
real-world multimodal systems. Transferabil-
ity across models and encoders remains lim-
ited, while speech recognition systems such
as Whisper primarily respond to perturbation
magnitude, achieving >97% attack success
under severe distortion. These results expose a
previously overlooked single-modality attack
surface in multimodal systems and motivate
defenses that enforce cross-modal consistency.

1 Introduction

Recent progress in multimodal large language mod-
els has intensified research on their susceptibility to
adversarial attacks across multiple modalities (Liu
et al., 2025b). While these models demonstrate
strong capabilities in integrating audio, vision, and

Figure 1: Audio-only adversarial attacks on au-
dio–video–language models. An additive perturbation
applied solely to the audio stream propagates through
the model, resulting in incorrect outputs.

language, prior work has revealed critical vulner-
abilities in CLIP-based and vision-language sys-
tems (Zhang et al., 2025c; Mei et al., 2025; Xu
et al., 2024), with growing interest in audio-domain
attacks (Raina et al., 2024). Despite these ad-
vances, robustness against adversarial manipula-
tion remains largely unexplored in settings where
the attacker controls only a single modality within
a multimodal input pipeline.

Adversarial attacks on multimodal models
broadly fall into four categories: prompt injection,
jailbreaks, data poisoning, and adversarial per-
turbations (Liu et al., 2025b; Jiang et al., 2025;
Shayegani et al., 2023; Lu et al., 2025). Jail-
break attacks bypass safety mechanisms through
prompt engineering (Yi et al., 2024; Liu et al.,
2024) or gradient-based optimization (Wang et al.,
2024), while prompt injection embeds malicious
instructions directly into inputs such as images
or audio (Bagdasaryan et al., 2023). Data poi-
soning and backdoor attacks compromise training
pipelines (Walmer et al., 2022). Among these, ad-
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versarial perturbations pose a particularly unique
cross-modal threat: by modifying a single input
modality, they can indirectly influence model rea-
soning across all modalities without explicitly alter-
ing them (Kang et al., 2025a). This attack surface
remains insufficiently understood.

Existing work has predominantly focused on
unimodal or bimodal settings. Vision-language
attacks demonstrate that carefully crafted image
perturbations can manipulate model outputs across
downstream tasks (Zhang et al., 2025c; Mei et al.,
2025; Hao et al., 2025; Zhang et al., 2025a, 2022).
Separately, audio-domain attacks show that speech
recognition and translation systems can be silenced,
redirected, or manipulated through acoustic adver-
sarial examples (Raina et al., 2024; Ma et al., 2025;
Sadasivan et al., 2026; Liu et al., 2023). However,
these approaches treat modalities largely in isola-
tion, failing to capture the complex cross-modal
dependencies inherent to modern multimodal foun-
dation models.

A small number of multimodal attack studies
rely on simultaneous manipulation of multiple in-
put channels (Mustakim et al., 2025; Wang et al.,
2025; Tian and Xu, 2021) or require access to
training data for backdoor insertion (Walmer et al.,
2022; Han et al., 2024; Liang et al., 2024; Yu et al.,
2025; Liang et al., 2025). These assumptions limit
practical relevance: coordinating attacks across
multiple modalities is technically challenging and
easily detectable, while training-time attacks as-
sume access to training data. Moreover, targeted at-
tacks that aim to induce specific malicious outputs
often introduce conspicuous behavioral anomalies
that can be flagged by monitoring systems.

In this work, we investigate a more realis-
tic and underexplored threat model: untargeted,
audio-only adversarial attacks on audio-video-
language models. We emphasize that our attacks
are not per-sample optimizations, but shared per-
turbations learned through optimization over train-
ing data. We demonstrate that an attacker who
controls only the audio channel can systematically
degrade multimodal reasoning through gradient-
based optimization, without modifying visual or
textual inputs. This threat model is particularly
concerning because audio manipulation is easier
to deploy in real-world settings via compromised
microphones, environmental speakers, or transmis-
sion channels, while being significantly harder to
detect than visual perturbations (Choi et al., 2024).
We further extend this analysis to physically re-

alistic settings by incorporating room impulse re-
sponse (RIR) modeling, allowing us to simulate
environmental effects such as reverberation and sig-
nal propagation. Our results show that audio-only
perturbations remain effective under such transfor-
mations, reinforcing the practical relevance of this
threat model.

Our contributions are fourfold. First, we pro-
pose six complementary audio-based adversarial
objectives that target different stages of multimodal
processing, including encoder representations, at-
tention allocation, hidden states, and output like-
lihoods. Second, we conduct extensive evalua-
tions across four state-of-the-art audio-visual mod-
els on standardized multimodal benchmarks, re-
vealing model-specific vulnerabilities and limited
cross-model transferability. Third, we analyze
how attack effectiveness depends on training dura-
tion, data efficiency, perturbation magnitude, and
perceptual distortion, yielding practical insights
into both attack construction and defensive design.
Fourth, We evaluate the robustness of audio-only
adversarial attacks under physically realistic condi-
tions using room impulse response (RIR) modeling,
demonstrating their effectiveness beyond digital
settings.

2 Related Work

Foundations of Adversarial Attacks. The dis-
covery of adversarial examples fundamentally chal-
lenged prevailing assumptions about neural net-
work robustness (Szegedy et al., 2013; Nguyen
et al., 2015). Early investigations highlighted the
structural fragility of deep models under small, ad-
versarially chosen perturbations (Papernot et al.,
2016), while the Fast Gradient Sign Method demon-
strated how approximately linear behavior in high-
dimensional spaces gives rise to these vulnerabil-
ities (Goodfellow et al., 2015). Subsequent work
introduced increasingly precise optimization-based
attacks, ranging from DeepFool’s geometric for-
mulation (Moosavi-Dezfooli et al., 2016) to the
Carlini-Wagner attack (Carlini and Wagner, 2017),
establishing that adversarial robustness cannot be
achieved through superficial defenses alone. More
recently, these principles have been successfully
extended to large language models via projected
gradient descent on relaxed input representations,
enabling efficient and scalable attacks in previously
intractable settings (Geisler et al., 2024).
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Vision-Centric Multimodal Attacks. With the
rise of vision-language models, adversarial re-
search has increasingly focused on vulnerabilities
at the vision-text interface. Query-agnostic attacks
demonstrate that a single adversarial image can gen-
eralize across multiple downstream questions by
disrupting vision-language alignment (Zhang et al.,
2025c). Related work shows that targeting only
the vision encoder suffices to degrade performance
across diverse tasks, highlighting encoder repre-
sentations as a critical attack surface (Mei et al.,
2025). Scenario-aware and multi-loss attacks fur-
ther amplify these effects, achieving high jailbreak
success rates on commercial systems (Hao et al.,
2025). Scalability has been addressed through
self-supervised pretraining strategies that enable
transferable any-to-any attacks across tasks and
prompts (Zhang et al., 2025b). However, these
approaches primarily rely on visual perturbations
and do not examine how vulnerabilities propagate
across more than two modalities.

Audio-Domain Adversarial Techniques. The
audio modality introduces distinct adversarial chal-
lenges due to temporal structure, perceptual con-
straints, and physical-world variability. Universal
acoustic segments can suppress or terminate speech
recognition by mimicking control tokens (Raina
et al., 2024), while targeted perturbations enable
conditional manipulation based on speaker identity
or content (Ma et al., 2025). Over-the-air attacks
demonstrate that adversarial audio can remain ef-
fective despite environmental noise and reverbera-
tion (Sadasivan et al., 2026). Recent studies extend
these ideas to speech translation systems, showing
that both imperceptible perturbations and adver-
sarial music can induce malicious translations (Liu
et al., 2025a). Defense mechanisms such as SPIRIT
propose activation patching to mitigate such at-
tacks, but also expose the trade-off between robust-
ness and model utility (Djanibekov et al., 2025).
AdvWave further demonstrates that gradient shat-
tering in audio models can be overcome through
dual-phase optimization while preserving percep-
tual naturalness (Kang et al., 2025b). Notably,
these works focus primarily on speech-centric mod-
els and do not address multimodal reasoning.

Audio-Only Attacks in Multimodal Systems.
Table 1 summarizes how existing adversarial at-
tacks differ in their threat models and assumptions.
Prior work largely focuses on vision-language set-
tings, unimodal speech models, or attacks that re-

quire coordinated manipulation of multiple modal-
ities. As a result, these approaches either assume
access to multiple input channels, target specific
outputs, or operate outside truly multimodal rea-
soning settings. In contrast, SOUNDBREAK is
the first to study untargeted, audio-only attacks
in trimodal audio-video-language models under
a realistic threat model, while providing system-
atic analysis of encoder-space, attention-based, and
hidden-state level vulnerabilities. This positioning
highlights a previously unexplored attack surface
in multimodal systems.

3 SOUNDBREAK Setup

3.1 Problem Formulation
Let Mθ : Xa ×Xv ×Q → P(A) denote an audio-
video model that consumes a natural-language
question q ∈ Q together with synchronized au-
dio xa ∈ Xa (of length T ) and video xv ∈ Xv,
and returns a distribution p(· | xa, xv, q; θ) over
answers, where θ represents the model parameters.
We study a white-box, audio-only additive adver-
sary that seeks to alter the model’s answer in an
untargeted fashion. The adversary injects a pertur-
bation δ ∈ RT to produce x̃a = xa + δ subject to
a feasibility set

C = {δ : ∥δ∥∞ ≤ ε}, (1)

which captures the ℓ∞ norm constraint with ε de-
noting the attack budget.

Under the white-box assumption, the attacker
has full access to θ, model outputs, and internal
differentiable representations. The attacker may
therefore evaluate gradients∇δL(i) for each chosen
loss index i ∈ {1, . . . , k}. We define the iterative
refinement of the additive perturbation by

δ(k+1) = ΠC
(
δ(k) − η∇δ L(i)

(
p(· | xa + δ(k),

xv, q; θ), p(· | xa, xv, q; θ)
))

,

(2)

where δ(0) ∈ C, ΠC denotes projection onto the
feasible set C, and η > 0 is the step size. After
K iterations, the attack uses x̃a = xa + δ(K) as
the perturbed audio input. We further evaluate this
attack on other models in a black-box setting using
x̃a as the new audio input.

3.2 Attack Methodology
We design our attack methodology to systemat-
ically stress-test trimodal audio-video-language
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QAVA VEAttack Muting Whisper AdvWave Multimodal Attacks SOUNDBREAK

Targets Audio Modality ✗ ✗ ✓ ✓ ✓ ✓

Single-Modality Control ✗ ✓ ✓ ✓ ✗ ✓

Trimodal Setting (A+V+L) ✗ ✗ ✗ ✗ ✓ ✓

Untargeted Attack Objective ✓ ✓ ✓ ✗ ✗ ✓

Query-Agnostic / Task-Agnostic ✓ ✓ ✓ ✗ ✗ ✓

Realistic Threat Model △ △ ✓ △ ✗ ✓

Attack Interpretability Analysis ✗ ✗ ✗ △ ✗ ✓

Table 1: Comparison of prior adversarial attack methods on multimodal models. Existing work largely focuses
on vision-language or unimodal settings, targeted objectives, or simultaneous multi-modal manipulation. SOUND-
BREAK uniquely studies untargeted, audio-only attacks in trimodal models with systematic analysis of encoder-space,
attention-based, and hidden-state vulnerabilities, as well as transferability across models and encoders. △ denotes
partial support. Multimodal Attacks refer to the attack from (Mustakim et al., 2025).

models under deviations in the audio channel while
keeping visual and textual inputs fixed. We employ
a diverse set of adversarial losses that probe com-
plementary stages of the audio-to-output pipeline,
including representation learning, cross-modal in-
teraction, and internal attention dynamics. This
multi-view formulation allows us to disentangle
which computational components are most suscep-
tible to audio-only perturbations and how failures
propagate across modalities. Lastly, all attacks
optimize a shared audio perturbation rather than
per-sample adversarial noise, enabling analysis of
systematic model vulnerabilities. Detailed mathe-
matical formulations and algorithms are in appen-
dices C, D.

3.2.1 Negative Language Modeling Loss
A direct way to induce adversarial failure is to
reduce the model’s confidence in its original answer
under perturbed audio input. We implement this
by defining an objective derived from the language
modeling loss, which serves as a scalar proxy for
answer likelihood in multimodal generation.

Let a⋆ ∈ A denote the ground-truth answer
associated with input (xa, xv, q). The standard
language modeling loss under perturbed audio
x̃a = xa + δ is given by

LLM
(
p(· | x̃a, xv, q; θ), a⋆

)
=

− log p(a⋆ | x̃a, xv, q; θ).
(3)

To explicitly suppress the probability assigned to
the correct answer, we define the adversarial objec-
tive as

LnegLM = −LLM. (4)

This formulation is motivated by recent work show-
ing that directly optimizing inputs against the lan-
guage modeling objective is an effective mecha-

nism for attacking large language models using
projected gradient descent (Geisler et al., 2025).

3.2.2 Encoder-Based Cosine Similarity Loss
To directly probe vulnerabilities in audio repre-
sentation learning, we target the audio encoder
rather than downstream language components. Let
fa : Xa → Rd denote the audio encoder of Mθ,
which maps an input waveform to a d-dimensional
embedding. We define an encoder-space adversar-
ial objective that minimizes the cosine similarity
between the embeddings of clean and perturbed
audio:

L(cos)(x̃a, xa) =
fa(x̃a) · fa(xa)

∥fa(x̃a)∥2 ∥fa(xa)∥2
. (5)

This formulation is inspired by encoder-only ad-
versarial attacks in vision-language models, which
demonstrate that perturbing modality-specific en-
coders can induce downstream failure without rely-
ing on task supervision (Mei et al., 2025).

3.2.3 Vision Attention Suppression Loss
Attention mechanisms play a central role in multi-
modal models by mediating cross-modal alignment.
Prior work has shown that adversarial manipula-
tion of attention patterns can induce failures such
as jailbreaking and hallucination (Wang et al., a,b).
We design an objective that reduces the model’s re-
liance on visual evidence by suppressing attention
allocated to vision tokens.

Let Al,h,t(xa + δ, xv, q; θ) denote the attention
logit at layer l, head h, and target token position t.
Let Tv denote the set of token indices associated
with the vision modality. We aggregate the total
attention mass assigned to vision tokens as

Sv(δ) =
L∑

l=1

H∑

h=1

∑

t∈Tv
Al,h,t(xa + δ, xv, q; θ). (6)
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The adversarial objective is

L(visionatt)(δ) = Sv(δ), (7)

which is minimized during optimization to suppress
visual grounding.

3.2.4 Audio Attention Amplification Loss
Complementary to suppressing visual attention, we
consider an objective that explicitly amplifies the
model’s reliance on the perturbed audio stream. Let
Ta denote the set of token indices corresponding to
the audio modality. We aggregate the total attention
mass assigned to audio tokens as

Sa(δ) =

L∑

l=1

H∑

h=1

∑

t∈Ta
Al,h,t(xa + δ, xv, q; θ). (8)

To encourage the model to over-weight the attacked
audio channel, we define

L(audioatt)(δ) = −Sa(δ), (9)

which is minimized during optimization.

3.2.5 Attention Randomization Loss
Beyond re-weighting attention toward or away
from specific modalities, we consider an objec-
tive that directly disrupts the structure of attention
itself. For each layer and head, we construct a ran-
domized attention matrix Ãl,h with entries sampled
uniformly within the observed range of Al,h and
masked to preserve autoregressive structure:

Ãl,h = tril
(
(max(Al,h)−min(Al,h))

·Uniform(0, 1) + min(Al,h)
)
.

(10)

We then quantify the divergence using KL diver-
gence:

L(randatt)(δ) =
L∑

l=1

H∑

h=1

KL
(
softmax(Al,h)

∥∥∥

softmax(Ãl,h)
)
.

(11)
Minimizing this loss pushes attention toward ran-
domized configurations.

3.2.6 Hidden-State Similarity Loss
We define an adversarial objective that targets hid-
den representations across transformer layers. Prior
work shows that steering hidden states can induce
jailbreak behaviors in large language models (Shu

et al., 2025). Let hl(x) denote the hidden states
produced by layer l. We define

L(hidden-cos)(x̃a, xa) =
1

L

L∑

l=1

1

|hl|
∑

i

cos
(
h
(i)
l (x̃a), h

(i)
l (xa)

)
.

(12)
where cos(u,v) = u·v

∥u∥2∥v∥2 denotes cosine sim-
ilarity. Minimizing this loss pushes attacked hidden
representations away from their clean directions.

3.2.7 Combined Loss
We also consider a unified attack that jointly opti-
mizes all proposed losses:

L(combined)(δ) = LnegLM + L(cos)(x̃a, xa)
+ L(visionatt)(δ) + L(audioatt)(δ)

+ L(randatt)(δ)

+ L(hidden-cos)(x̃a, xa).

(13)

This combined formulation aggregates complemen-
tary failure modes into a single adversarial sig-
nal. Detailed mathematical formulations for all
loss functions are provided in Appendix C, and the
optimization algorithm is described in Appendix D.

4 Experimental Setup

4.1 Models
The primary model used for evaluation of all six
attack objectives is VideoLLAMA2 (Cheng et al.,
2024). We additionally use Qwen 2.5 Omni (Xu
et al., 2025a) and Qwen 3 Omni (Xu et al., 2025b)
to train attacks using LnegLM and L(cos) and to eval-
uate our attacks in the black-box setting. Video-
SALMONN2 (Tang et al., 2025) is also used for
testing the trained attacks in the black-box settings.
For Audio-Speech recognition evaluation, we use
Whisper Large-v2 on LibriSpeech (Panayotov et al.,
2015). Details about these models are provided in
Appendix A.1.

4.2 Datasets
We evaluate on three benchmarks: AVQA (Yang
et al., 2022) for multiple-choice question answer-
ing, AVSD (Alamri et al., 2019) for video-based
textual summarization, and Music-AVQA (Li et al.,
2022) for short answers on musical performances.
Further details are provided in Appendix B. Imple-
mentation details including hyperparameters and
reproducibility settings are in Appendix E.
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4.3 Evaluation Metrics
Attack Success Rate We evaluate an untargeted,
audio-only adversary using the Attack Success
Rate (ASR), defined as the fraction of originally
correct predictions that are flipped by the attack.
Let D = {(x(i)a , x

(i)
v , q(i), a⋆(i))}Ni=1 be the evalua-

tion set. For each example i, let x̃(i)a = x
(i)
a + δ(i)

denote the perturbed audio. We define

CleanCorrect(i) := 1
[
â(x(i)a , x(i)v , q(i); θ) = a⋆(i)

]
,

(14)
AttackSuccess(i) := 1

[
CleanCorrect(i) = 1 ∧

â(x̃(i)a , x(i)v , q(i); θ) ̸= a⋆(i)
]
.

(15)

The Attack Success Rate is then

ASR =

∑N
i=1AttackSuccess

(i)

∑N
i=1CleanCorrect

(i)
. (16)

Other Metrics To quantify imperceptibility of
audio perturbations, we use LPIPS (Learned Per-
ceptual Image Patch Similarity) (Zhang et al., 2018)
and SI-SNR (Scale-Invariant Signal-to-Noise Ra-
tio). LPIPS measures perceptual similarity be-
tween two signals using deep feature representa-
tions. Since LPIPS is originally defined for im-
ages, we compute it on log-mel spectrogram rep-
resentations of audio. For Whisper evaluation, we
use word error rate (WER). For AVSD, evaluation
is performed using LLM-as-a-judge (Zheng et al.,
2023). Instances where LLM judgment flips from
"CORRECT" to "INCORRECT" are considered
attack success. Further details about evaluation
metrics are in Appendix F, G.

5 Results and Analysis

We organize our findings into three categories: (1)
attack effectiveness and transferability, (2) percep-
tual and optimization analysis, and (3) attention
and hidden-state dynamics.

5.1 Attack Effectiveness and Transferability
ENCODER-SPACE ATTACKS DOMINATE. Attacks
that directly perturb audio encoder representa-
tions consistently outperform objectives operat-
ing at the output, attention, or hidden-state lev-
els. As shown in Table 2, the encoder-based cosine
similarity loss L(cos) achieves an ASR of 89.12%
on AVQA, substantially exceeding attention-based
and hidden-state objectives trained under identical

conditions. This dominance persists when training
on Music-AVQA (Table 4), where L(cos) attains
89.07% ASR on the source domain. These results
indicate that the audio encoder constitutes a critical
vulnerability bottleneck: small directional shifts in
encoder embedding space are sufficient to corrupt
downstream cross-modal reasoning.

Attack Objective AVQA Music-AVQA AVSD

LnegLM 10.27 10.74 50.43
L(cos) 89.12 12.92 57.03
L(visionatt) 18.72 7.94 49.34
L(audioatt) 56.21 9.81 43.85
L(randatt) 17.24 9.81 45.67
L(hidden-cos) 15.13 10.28 41.53
L(combined) 96.03 13.80 59.48

Table 2: Attack success rate (%) for different loss func-
tions trained on VideoLLAMA2 for 150 epochs on
AVQA. Evaluated on 2000 AVQA and Music-AVQA
samples and the full AVSD validation set.

LIMITED CROSS-MODEL TRANSFERABILITY.
Adversarial perturbations learned on one archi-
tecture fail to transfer effectively to other multi-
modal models. Table 3 shows that attacks trained
on VideoLLAMA2 achieve an ASR of 10.27% on
the source model but drop sharply when evaluated
on Qwen 2.5 Omni (4.61%) and Qwen 3 Omni
(3.62%). Similarly, perturbations optimized on
Qwen models yield low ASR when applied to al-
ternative architectures. This lack of transferability
suggests that attacks exploit model-specific rep-
resentational characteristics rather than universal
multimodal vulnerabilities.

Source Model VL2 Q2.5 Q3 VSAL2

VideoLLAMA2 10.27 4.61 3.62 5.97
Qwen 2.5 Omni 1.97 5.10 1.12 3.71
Qwen 3 Omni 1.80 3.80 4.40 3.12

Table 3: Black-box transfer results for LnegLM. VL2 =
VideoLLAMA2, Q2.5 = Qwen 2.5 Omni, Q3 = Qwen
3 Omni, VSAL2 = VideoSALMONN2. Bold indicates
source model (white-box).

LIMITED CROSS-DOMAIN TRANSFER. At-
tacks trained on one domain exhibit limited
transfer to domains with different acoustic char-
acteristics. From Table 2, attacks trained on
AVQA transfer reasonably to AVSD (59.48% for
L(combined)), but achieve only 13.80% ASR on
Music-AVQA, a dataset focused on musical per-
formances. Similarly, Table 4 shows that attacks
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trained on Music-AVQA achieve 89.07% ASR on
the source domain but only 2.30% and 24.55% on
AVQA and AVSD, respectively.

Attack Objective AVQA Music-AVQA AVSD

LnegLM 2.00 16.60 30.88
L(cos) 2.30 89.07 24.55
L(hidden-cos) 2.20 55.32 21.93

Table 4: ASR (%) for attacks trained on Music-AVQA
for 150 epochs.

ENCODER-SPACE ATTACKS DO NOT TRANS-
FER ACROSS ARCHITECTURES. Encoder-space
adversarial perturbations are highly specific to
the audio encoder on which they are optimized.
Table 5 shows that attacks trained on the VideoL-
LAMA2 encoder reduce cosine similarity to 0.50
on the same encoder, but yield higher similarity
when evaluated on Qwen 2.5 Omni (0.75), Qwen 3
Omni (0.70), or PANN (0.62) (Kong et al., 2020).
This pattern indicates that perturbations exploit
encoder-specific feature geometries rather than in-
ducing generic acoustic distortions.

Encoder VideoLLAMA2 Qwen 2.5 Omni Qwen 3 Omni

VideoLLAMA2 0.50 0.75 0.70
Qwen 2.5 Omni 0.77 0.74 0.75
Qwen 3 Omni 0.96 0.93 0.93
PANN 0.62 0.71 0.74

Table 5: Cosine similarity across different audio en-
coders for L(cos) attacks. Lower similarity indicates
stronger attack effect.

5.2 Perceptual and Optimization Analysis

EFFECTIVE ATTACKS CAN HAVE LOW PERCEP-
TUAL DISTORTION. Highly effective attacks
can be achieved with relatively small percep-
tual distortion to the original audio. Table 6 and
Figure 7 (see Appendix J for detailed waveform
analysis) show that encoder-space and attention-
based attacks such as L(cos) and L(audioatt) achieve
strong attack success while maintaining low LPIPS
(0.08 and 0.06) and near-zero or positive SI-SNR
(−1.77 and 0.33). In contrast, LnegLM incurs sub-
stantially higher distortion (LPIPS 0.22, SI-SNR
−11.48). These results demonstrate that adversar-
ial failures can arise from subtle, structured pertur-
bations rather than large or perceptually dominant
noise.

EXTENDED OPTIMIZATION OUTPERFORMS

LARGER DATASETS. Attack effectiveness is

Attack Objective LPIPS (↓) SI-SNR (dB) (↑)
LnegLM 0.22 −11.48
L(cos) 0.08 −1.77
L(visionatt) 0.07 −1.02
L(audioatt) 0.06 0.33
L(randatt) 0.06 0.05
L(hidden-cos) 0.06 0.56
L(combined) 0.14 −6.23

Table 6: LPIPS of log-mel spectrograms and SI-SNR for
each loss trained on VideoLLAMA2. Lower LPIPS and
higher SI-SNR indicate less perceptible perturbations.

driven more by sustained optimization than by
dataset size. Figure 2 shows that attacks trained
on relatively small datasets but optimized for many
iterations consistently achieve higher ASR than at-
tacks trained on larger datasets for fewer epochs.
Configurations with only a few thousand training
samples but extended optimization reach ASR val-
ues exceeding 80%, whereas attacks trained on
tens of thousands of samples with limited itera-
tions remain below 20% ASR. This indicates that
adversarial optimization benefits from repeatedly
exploiting consistent model behaviors present in a
small set of inputs. See App. H for exact values.
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Figure 2: Relation between total training iterations and
ASR for LnegLM. Each point corresponds to an attack
configuration, colored by training data size. Extended
optimization on smaller datasets yields higher ASR.

NON-MONOTONIC ATTACK BUDGET EF-
FECTS. Increasing the perturbation budget does
not monotonically improve attack effectiveness.
For attack budget analysis, each attack is trained
until it converges (conditions for convergence are
in Appendix E.3). Figure 3 shows that ASR im-
proves from 49.2% at budget 0.3 to 73.51% at bud-
get 1.0, even though both settings converge in a
similar number of epochs (213 vs. 209). In contrast,
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a mid-range budget of 0.7 underperforms substan-
tially (51.89% ASR) despite requiring more epochs
to converge than 1.0 (265 vs. 209). This pattern
suggests that the attack constraint interact with op-
timization dynamics in complex ways: some bud-
gets admit highly effective perturbations that are
also easier to optimize (budget 1.0), while others
converge to weaker solutions even with extended
training (budget 0.7).
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Figure 3: Attack budget vs ASR for L(cos) on VideoL-
LAMA2. Each attack was trained until convergence.

PHYSICAL-WORLD ROBUSTNESS VIA RIR
AUGMENTATION. Training with room impulse
response (RIR) improves robustness but physi-
cal attacks remain weaker than digital ones. To
evaluate the feasibility of our attack under realistic
acoustic conditions, we incorporate a room impulse
response (RIR) regularizer during training, which
simulates environmental effects such as reverber-
ation and signal propagation. We then compare
attack success rates for digitally applied and phys-
ically simulated (RIR) perturbation for the same
attack (Table 7).

Objectives Digitally Applied Attack Physical Attack (RIR)

LnegLM 82.32 39.27
L(cos) 81.18 22.22
L(visionatt) 39.44 32.32
L(audioatt) 82.58 98.12
L(randatt) 35.41 20.80
L(hidden-cos) 77.04 87.34
L(combined) 83.68 97.96

Table 7: Attack success rate (%) under digital and phys-
ically simulated (RIR) settings.

In most cases, physical attacks exhibit lower suc-
cess rates than digital ones. For example, LnegLM
drops from 82.32% to 39.27%, andL(cos) decreases
from 81.18% to 22.22%. Similarly, L(randatt) re-

duces from 35.41% to 20.80%, indicating that en-
vironmental distortions degrade adversarial effec-
tiveness. We hypothesize that this reduction arises
from the sensitivity of audio signals to environmen-
tal factors, where the recorded waveform depends
on room geometry, materials, and microphone char-
acteristics. However, certain objectives remain ro-
bust under physical transformations. L(audioatt) in-
creases from 82.58% to 98.12%, and L(hidden-cos)

improves from 77.04% to 87.34%, suggesting that
some attack mechanisms are inherently resilient to
acoustic variability. Notably, the combined objec-
tive achieves higher performance in the physical
setting (97.96%) compared to digital (83.68%), in-
dicating that RIR-based training can enhance ro-
bustness.

These results demonstrate that while physical de-
ployment introduces variability that weakens sev-
eral objectives, RIR-augmented training enables
attacks to remain effective in realistic acoustic envi-
ronments. Further discussion on the realism of the
threat model and broader implications is provided
in Appendix K.

5.3 Attention, Hidden-State and Output
Dynamics

ATTACK SUCCESS ARISES FROM DISTORTIONS,
NOT LOW BASELINE. High ASR is driven by
attack-induced distortions rather than low base-
line model performance. Table 16 shows that the
model maintains strong clean performance prior
to attack (AVQA: 0.956, Music-AVQA: 0.807).
Under adversarial perturbation, accuracy drops
sharply for effective attacks: L(cos) reduces AVQA
accuracy from 0.956 to 0.11, while the combined
attack causes degradation to 0.039. In contrast,
weaker objectives such as vision-attention manip-
ulation produce only marginal accuracy changes
(0.036 drop).

ADVERSARIAL RESPONSES MAINTAIN HIGH

CONFIDENCE. Adversarially induced responses
are generated with confidence levels similar to
clean inputs. Table 15 shows that under the com-
bined attack, the model’s confidence on AVQA
remains close between clean and adversarial in-
puts (0.93 vs. 0.85), despite a substantial ASR
of 96.03%. Several attacks exhibit small or even
negative confidence differences, indicating that ad-
versarial failures arise from internal misalignment
rather than uncertainty.

LAYER-SPECIFIC VULNERABILITIES. The ef-
fectiveness of attention and hidden-state attacks
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depends strongly on which layers are perturbed.
Table 8 shows that lower layers (1–10) contribute
most to audio-driven attacks, with audio-attention
and hidden-state losses achieving ASRs of 39.75%
and 32.85%. Mid-level layers (11–18) are most in-
fluential for video-attention manipulation (27.92%
ASR). Higher layers (19–28) yield consistently
low ASR across all attack types. When all lay-
ers are jointly optimized, attack success increases
substantially, confirming that different layer sub-
sets capture complementary vulnerabilities. See
Appendix I for layer-wise attention visualizations.

Layers Audio Attention Video Attention Hidden

1–10 39.75 2.25 32.85
11–18 11.98 27.92 2.90
19–28 2.04 2.20 2.62
All 56.21 18.72 15.13

Table 8: ASR (%) by layer subset. VL2 has 28 layers.
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Figure 4: Re lationship between attack effectiveness on
Whisper and perceptual distortion. Top: WER differ-
ence vs LPIPS. Bottom: WER difference vs SI-SNR.

AUTOMATIC SPEECH RECOGNITION SYS-
TEMS RESPOND TO DISTORTION MAGNITUDE.
Speech recognition models are primarily sen-
sitive to perturbation magnitude rather than
specific attack objectives. Figure 4 and Table 13
show that larger WER increases correlate strongly
with higher perceptual distortion (LPIPS). Losses
that induce substantial distortion, such as LnegLM
and L(cos), achieve high ASR on Whisper (98.20%

Attack Objective ASR% on Whisper ∆WER

LnegLM 98.20 0.972
L(cos) 97.38 0.959
L(visionatt) 17.99 0.100
L(audioatt) 9.25 0.047
L(randatt) 11.29 0.062
L(hidden-cos) 7.37 0.036
L(combined) 66.88 0.491

Table 9: Black-box transfer to Whisper Large-v2.
∆WER = WER(attacked) − WER(clean) on Lib-
riSpeech. Attacks with higher perceptual distortion
achieve higher ASR, indicating Whisper responds pri-
marily to distortion magnitude.

and 97.38%). In contrast, attention and hidden-
state attacks produce minimal distortion and corre-
spondingly low ASR. This indicates that automatic
speech recognition systems are more sensitive to
overall acoustic corruption than to structured ad-
versarial manipulations. Table 9 further quantifies
this trend: objectives that induce larger distortion,
such as LnegLM and L(cos), achieve near-complete
transfer to Whisper (98.20% and 97.38% ASR)
with large ∆WER (0.972 and 0.959). In contrast,
low-distortion objectives such as L(hidden-cos) and
L(audioatt) yield minimal degradation (7.37% and
9.25% ASR with ∆WER below 0.05). This rein-
forces that attack success is driven by distortion
magnitude, not the attack objective.

6 Conclusion

We present SOUNDBREAK, a systematic study of
audio-only adversarial attacks on trimodal audio-
video-language models. Our findings reveal that
carefully crafted audio perturbations can reliably in-
duce multimodal failures without modifying visual
or textual inputs. Encoder-space attacks constitute
a critical vulnerability bottleneck, achieving up to
96% attack success rate. We show that these at-
tacks exhibit limited transferability across model
architectures and encoder designs, while speech
recognition models respond primarily to distortion
magnitude rather than structured adversarial objec-
tives. Our analysis of layer-specific vulnerabilities,
optimization dynamics, and confidence patterns
provides practical insights for both attack construc-
tion and defensive design. Future work should ex-
plore adaptive defenses that monitor cross-modal
consistency and investigate attack persistence un-
der real-world conditions such as over-the-air prop-
agation and environmental interference.
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gies or cross-modal fusion mechanisms, cannot be
assumed without additional experiments. Third,
we do not evaluate potential defenses against our
attacks. Promising directions include input pre-
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A Experimental Setup Details

A.1 Model Architectures

We evaluate on three multimodal models and two
audio-only systems. Table 10 summarizes the key
architectural differences.

Model Layers Audio Encoder LM Backbone

VideoLLAMA2 28 BEATs Qwen2-7B-Instruct
Qwen 2.5 Omni 28 Whisper-style Qwen2.5
Qwen 3 Omni 28 Whisper-style Qwen3
video SALMONN 2 36 Whisper Qwen2.5-VL 3B based
Whisper Large-v2 32 - -
PANNs 14 CNN N/A

Table 10: Summary of model architectures used in our
experiments.

VideoLLAMA2. VideoLLAMA2 (Cheng et al.,
2024) serves as our primary evaluation model.
The architecture uses a CLIP-based visual encoder
and a separate audio encoder that extracts 128-
dimensional mel-filterbank features. Audio embed-
dings are projected into the language model space
and concatenated with visual tokens before process-
ing by a Mistral-7B backbone. The model has 28
transformer layers, which we partition into early (1–
10), middle (11–18), and late (19–28) subsets for
layer-wise analysis. The checkpoint used for Video-
LLAMA2 is "DAMO-NLP-SG/VideoLLaMA2.1-
7B-AV".

Qwen 2.5 Omni and Qwen 3 Omni. Qwen 2.5
Omni (Xu et al., 2025a) and Qwen 3 Omni (Xu
et al., 2025b) use a Thinker-Talker architecture
where the Thinker processes multimodal inputs
and the Talker generates text or speech outputs.
Both models use a Whisper-style audio encoder
with different tokenization than VideoLLAMA2.
We use these models to evaluate whether attacks
transfer across different audio processing pipelines.
Qwen 3 Omni is a more recent release with up-
dated training, providing a test case for transfer
to newer model versions. The checkpoints used
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for Qwen 2.5 Omni and and Qwen 3 Omni are
Qwen/Qwen2.5-Omni-7B and Qwen/Qwen3-30B-
A3B-Instruct-2507.

video-SALMONN 2. video-SALMONN 2 (Tang
et al., 2025) is an audio-visual large language
model designed for detailed video captioning and
question answering. The architecture processes
audio and visual streams using separate encoders,
followed by modality-specific aligners that project
features into a shared language model space. Audio
tokens and visual tokens are temporally aligned and
interleaved before being combined with text tokens
and passed to the LLM backbone for generation.
The model uses a Whisper-based audio encoder and
a visual encoder derived from a pretrained visual
LLM, while keeping the backbone frozen during
training. We use video-SALMONN 2 to evaluate
the transferability of our attack to different archi-
tectures. The checkpoint used is tsinghua-ee/video-
SALMONN2_plus_3B_full.

Whisper Large-v2. Whisper is an encoder-
decoder speech recognition model trained on
680,000 hours of web audio. The encoder pro-
cesses 80-dimensional log-mel spectrograms; the
decoder generates transcriptions autoregressively.
We use Whisper to evaluate black-box transfer of
attacks to speech-only systems outside the trimodal
setting.

PANNs. Pretrained Audio Neural Networks
(PANNs) (Kong et al., 2020) are CNNs trained
on AudioSet for general audio tagging. We use
PANNs as an external encoder to test whetherL(cos)

attacks transfer across encoder architectures or ex-
ploit VideoLLAMA2-specific features.

B Dataset Descriptions

This section provides detailed descriptions of the
datasets used for training and evaluating our adver-
sarial attacks. We select datasets that span different
audio-visual reasoning tasks to comprehensively
assess attack effectiveness and transferability.

AVQA (Audio-Visual Question Answering).
AVQA (Yang et al., 2022) is a large-scale audio-
visual question answering dataset introduced at
ACM MM 2022. The dataset contains approxi-
mately 57,015 videos sourced from VGG-Sound,
depicting real audio-visual scenes with natural
sounds and objects. Each video is associated with
one or more question-answer pairs, totaling 57,335

QA instances. The questions are designed such
that answering them often requires integrating both
audio and visual cues; many questions cannot be
answered correctly using a single modality alone.
This cross-modal dependency makes AVQA partic-
ularly suitable for evaluating whether audio-only
perturbations can disrupt multimodal reasoning
even when visual information remains unperturbed.
We use the original train/validation/test splits pro-
vided by the dataset authors. In our experiments,
AVQA serves as the primary benchmark for both
attack training and evaluation.

Music-AVQA. Music-AVQA (Li et al., 2022) is
a short-answer audio-visual question answering
dataset focused on musical performance videos.
The dataset requires fine-grained spatio-temporal
reasoning across modalities, with questions that
probe understanding of musical instruments, per-
former actions, and acoustic properties. Videos fea-
ture diverse musical performances including solo
instruments, ensembles, and various musical gen-
res. The acoustic characteristics of musical con-
tent differ substantially from the speech and envi-
ronmental sounds that dominate AVQA, providing
a challenging test case for cross-domain transfer.
We use Music-AVQA to evaluate whether attacks
trained on general audio-visual scenarios general-
ize to structured music-centric scenes with distinct
spectral properties.

AVSD (Audio-Visual Scene-Aware Dialog).
AVSD (Alamri et al., 2019) is a dialog-based
dataset from DSTC7/DSTC8 where models gener-
ate free-form, natural language responses grounded
in video content, audio information, and dialog his-
tory. The dataset is built over more than 11,000
videos from the Charades dataset, which depicts
people performing everyday activities in home en-
vironments. Each sample includes a 10-round di-
alog history plus a final summary describing the
video content. Unlike AVQA and Music-AVQA
which use short-answer formats, AVSD requires
generating extended natural language descriptions,
providing a complementary evaluation of attack
effectiveness on generative tasks. We use AVSD
to assess cross-dataset transferability within the
same domain, particularly for evaluating whether
attacks transfer across different output modalities
(multiple-choice versus open-ended generation).

LibriSpeech. LibriSpeech (Panayotov et al.,
2015) is a large-scale corpus of read English speech
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derived from audiobooks in the LibriVox project.
The dataset contains approximately 1,000 hours of
speech at 16kHz sampling rate, with high-quality
transcriptions suitable for training and evaluating
automatic speech recognition systems. The dataset
is partitioned into training, development, and test
sets with varying levels of difficulty based on
speaker characteristics and recording conditions.
In our experiments, LibriSpeech is used solely for
evaluating black-box transfer of adversarial per-
turbations to Whisper, enabling controlled analy-
sis of attack effectiveness in a speech-only setting
without the confounding factors of visual input or
multimodal reasoning.

C Mathematical Formulation of Attack
Objectives

This section provides detailed mathematical for-
mulations for each adversarial objective used in
our attack framework. We describe the theoreti-
cal motivation, precise mathematical definitions,
and implementation considerations for each loss
function.

C.1 Perturbation Model and Constraint Set

Let xa ∈ RT denote the clean audio waveform of
length T samples at sampling rate sr = 16kHz.
The adversary constructs a perturbation δ ∈ RTδ

of fixed length Tδ = 10 · fs = 160,000 samples,
corresponding to a 10-second audio segment. For
audio inputs longer than Tδ, the perturbation is
repeated cyclically:

δextended[t] = δ[t mod Tδ], t = 0, 1, . . . , T−1.
(17)

The perturbed audio is then computed as the
element-wise sum:

x̃a = xa + ·δextended[: T ], (18)

The notation [: T ] denotes truncation to the first T
elements.

To ensure bounded perturbation magnitude, we
constrain δ to lie within an ℓ∞ ball:

Cε = {δ ∈ RTδ : ∥δ∥∞ ≤ ε}, (19)

where ε > 0 is the attack budget. After each gradi-
ent update, the perturbation is projected back onto
Cε via element-wise clipping:

ΠCε(δ) = clip(δ,−ε, ε). (20)

Following perturbation application, the com-
bined waveform is normalized to prevent amplitude
overflow. We employ a normalization scheme that
preserves the relative contribution of the perturba-
tion:

x̃norm
a =

x̃a
max(|x̃a|) + ϵ

, (21)

where ϵ = 10−8 is a small constant for numerical
stability. This normalization ensures that the final
audio remains within the valid amplitude range
[−1, 1] while maintaining the adversarial signal
structure.

C.2 Negative Language Modeling Loss
The negative language modeling loss directly tar-
gets the model’s output distribution by minimizing
the probability assigned to the correct answer. Let
a⋆ = (a⋆1, a

⋆
2, . . . , a

⋆
m) denote the ground-truth an-

swer sequence of m tokens. The standard cross-
entropy language modeling loss under perturbed
audio is:

LLM(δ) = −
m∑

j=1

log pθ(a
⋆
j | a⋆<j , x̃a, xv, q),

(22)
where pθ denotes the model’s conditional proba-
bility distribution, a⋆<j represents the preceding
tokens, xv is the video input, and q is the question.

To suppress the correct answer, we negate this
loss:

LnegLM(δ) = −LLM(δ)

=

m∑

j=1

log pθ
(
a⋆j | a⋆<j , x̃a, xv, q

)
.

(23)
Minimizing LnegLM is equivalent to minimizing
the log-probability of the correct answer sequence.
Intuitively, this objective pushes the model’s prob-
ability mass away from the correct answer toward
alternative responses.

This formulation connects to recent work on at-
tacking large language models through projected
gradient descent on input representations (Geisler
et al., 2025). Unlike token-space attacks that re-
quire discrete optimization, our approach operates
in the continuous audio waveform space where
standard gradient methods apply directly.

C.3 Encoder-Based Cosine Similarity Loss
The encoder-based attack targets the audio rep-
resentation space rather than the output distribu-
tion. Let fa : RNf×128 → RNe×d denote the
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audio encoder that maps filterbank features to a
sequence of Ne embeddings of dimension d. We
further apply a modality-specific projection layer
ga : RNe×d → RNe×dlm that aligns audio embed-
dings with the language model’s hidden dimension
dlm.

For clean audio xa with filterbank features F and
perturbed audio x̃a with features F̃, we compute
the projected embeddings:

Eclean = ga(fa(F)) ∈ RNe×dlm , (24)

Eadv = ga(fa(F̃)) ∈ RNe×dlm . (25)

The cosine similarity loss aggregates pairwise
similarities across all embedding positions:

L(cos)(δ) = 1

Ne

Ne∑

i=1

Eclean[i] ·Eadv[i]

∥Eclean[i]∥2 · ∥Eadv[i]∥2
,

(26)
where E[i] ∈ Rdlm denotes the i-th embedding vec-
tor. Minimizing this loss pushes the adversarial
embeddings to be orthogonal to their clean coun-
terparts in the projected space.

The motivation for targeting the encoder rather
than the output stems from the observation that en-
coder representations serve as the foundation for all
downstream processing. By corrupting the audio
representation at this early stage, we can induce
failures that propagate through subsequent atten-
tion and decoding mechanisms without requiring
supervision from specific output targets.

C.4 Vision Attention Suppression Loss
Attention mechanisms in transformer models de-
termine how information flows between different
input components. In multimodal models, cross-
modal attention allows the model to ground its
reasoning in relevant modalities. We design an
objective that reduces the model’s reliance on vi-
sual information by suppressing attention to vision
tokens.

Let A(l,h) ∈ RN×N denote the attention matrix
at layer l ∈ {1, . . . , L} and head h ∈ {1, . . . , H},
where N is the total sequence length including
all modality tokens. Let Tv = {vstart, vstart +
1, . . . , vend} denote the indices of vision tokens in
the input sequence.

The total attention mass assigned to vision to-
kens is:

Sv(δ) =

L∑

l=1

H∑

h=1

N∑

i=1

∑

j∈Tv
A

(l,h)
i,j , (27)

where A
(l,h)
i,j represents the attention weight from

position i to position j. The vision attention sup-
pression loss is simply:

L(visionatt)(δ) = Sv(δ). (28)

Minimizing this loss reduces the total attention
directed toward visual tokens across all layers and
heads, effectively “blinding” the model to visual
information even though the video input remains
unchanged.

C.5 Audio Attention Amplification Loss

Complementary to suppressing visual attention, we
design an objective that amplifies attention to audio
tokens. The intuition is that by forcing the model to
over-attend to the perturbed audio stream, we can
maximize the influence of adversarial information
on the model’s reasoning process.

Let Ta = {astart, astart + 1, . . . , aend} denote the
indices of audio tokens. The total attention mass
on audio tokens is:

Sa(δ) =
L∑

l=1

H∑

h=1

N∑

i=1

∑

j∈Ta
A

(l,h)
i,j . (29)

To maximize this quantity, we define the loss as its
negation:

L(audioatt)(δ) = −Sa(δ). (30)

Minimizing L(audioatt) is equivalent to maximizing
Sa, thereby increasing the model’s reliance on au-
dio tokens.

This objective is particularly effective when com-
bined with encoder-space attacks. By simultane-
ously corrupting the audio representation and forc-
ing the model to attend to it, we create a com-
pounding effect where the model not only receives
corrupted information but is also compelled to rely
on it for reasoning.

C.6 Attention Randomization Loss

Beyond re-weighting attention across modalities,
we consider an objective that directly disrupts the
structure of attention patterns. The goal is to push
attention matrices toward random configurations
that lack the meaningful structure learned during
training.

For each attention matrix A(l,h), we construct a
randomized target Ã(l,h) as follows. Let amax =
max(A(l,h)) and amin = min(A(l,h)) denote the
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range of attention logits. We sample a random
matrix:

R(l,h) = (amax − amin) ·U+ amin, (31)

where U ∈ RN×N has entries sampled uniformly
from [0, 1]. To preserve the autoregressive structure
of causal attention, we apply a lower-triangular
mask:

Ã(l,h) = R(l,h) ⊙Mtril, (32)

where Mtril is a lower-triangular matrix of ones
and ⊙ denotes element-wise multiplication.

The attention randomization loss measures the
divergence between actual and randomized at-
tention using KL divergence over the softmax-
normalized distributions:

L(randatt)(δ) =

L∑

l=1

H∑

h=1

DKL

(
softmax(A(l,h))

∥∥∥

softmax(Ã(l,h))
)
,

(33)
where DKL(P∥Q) =

∑
i Pi log(Pi/Qi) is the

Kullback-Leibler divergence and the softmax is
applied row-wise.

Minimizing this loss pushes the attention pat-
terns toward the randomized targets. Since the
targets are sampled independently at each forward
pass, this objective effectively encourages atten-
tion patterns that are uniformly random rather than
structured around semantically meaningful relation-
ships.

C.7 Hidden-State Similarity Loss
The hidden-state attack targets the internal repre-
sentations at each transformer layer. Unlike the
encoder-based attack which operates only on the
audio encoder outputs, this objective propagates
through the entire model architecture.

Let hl(x) ∈ RN×dlm denote the hidden states
at layer l for input x. For clean input (xa, xv, q)
and perturbed input (x̃a, xv, q), we compute hidden
states at each layer and measure their similarity
using cosine distance:

L(hidden-cos)(δ) =
1

L

L∑

l=1

1

N

N∑

i=1

cos
(
h
(i)
l (x̃a), h

(i)
l (xa)

)
,

(34)
where h

(i)
l ∈ Rdlm denotes the hidden state at posi-

tion i in layer l.

This formulation requires computing a full for-
ward pass for both clean and perturbed inputs, then
comparing their hidden representations position-
by-position and layer-by-layer. Minimizing this
loss pushes the adversarial hidden states to diverge
from their clean counterparts throughout the net-
work depth.

The hidden-state attack is motivated by work
on representation engineering and activation steer-
ing in language models (Shu et al., 2025), which
demonstrates that manipulating internal represen-
tations can induce specific behavioral changes. By
targeting hidden states, we can potentially induce
more fundamental failures in the model’s reasoning
process compared to output-level attacks.

C.8 Combined Loss

To leverage the complementary failure modes in-
duced by different attack objectives, we combine
all losses into a unified objective:

L(combined)(δ) = LnegLM(δ) + L(cos)(δ)
+ L(visionatt)(δ) + L(audioatt)(δ)

+ L(randatt)(δ) + L(hidden-cos)(δ).
(35)

All loss components are combined with equal
weighting. We do not tune individual loss weights,
as our goal is to assess whether a simple combina-
tion of diverse objectives can outperform individual
attacks.

The combined loss aggregates signals from mul-
tiple stages of the audio-to-output pipeline: en-
coder representations, cross-modal attention alloca-
tion, internal hidden states, and output likelihood.
This multi-view formulation provides gradient in-
formation that can guide the perturbation toward
configurations that simultaneously disrupt multiple
computational mechanisms.

D Optimization Algorithm

This section presents the complete optimization
procedure for learning adversarial audio perturba-
tions. We decompose the attack into three modu-
lar algorithms: audio preprocessing (Algorithm 1),
single-step gradient update (Algorithm 2), and the
main optimization loop (Algorithm 3).

D.1 Audio Preprocessing

Algorithm 1 describes the audio preprocessing
pipeline that transforms raw waveforms into model-
ready features. This procedure handles perturba-
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tion application, amplitude normalization, and mel-
filterbank extraction.

Algorithm 1 Audio Preprocessing Pipeline

Require: Clean audio xa ∈ RT , perturbation δ ∈
RTδ

Ensure: Mel-filterbank features F
1: // Cyclic perturbation extension
2: for t = 0 to T − 1 do
3: x̃a[t]← xa[t] + δ[t mod Tδ]
4: end for
5: // Amplitude normalization
6: x̃norm

a ← x̃a / (maxt |x̃a[t]|+ 10−8)
7: // Scale to 16-bit range
8: w ← x̃norm

a · 215
9: // Mel-filterbank extraction

10: F← MELFILTERBANK(w, bins = 128, sr =
16kHz)

11: return F, x̃norm
a

The mel-filterbank computation uses the Kaldi
library with 128 mel bins, 25ms frame length (400
samples), and 10ms frame shift (160 samples) at
16kHz sampling rate. The entire pipeline is dif-
ferentiable, enabling gradient flow from the loss
function to the raw perturbation.

D.2 Gradient Update Step
Algorithm 2 describes a single gradient update step
for the perturbation. This modular formulation
separates the gradient computation and projection
from the outer optimization loop.

The gradient scaling factor γ stabilizes opti-
mization across different loss functions. We use
γ ∈ {1, 10−5, 104} depending on the magnitude of
raw gradients.

D.3 Main Optimization Loop
Algorithm 3 describes the outer optimization loop
with early stopping. The algorithm iterates over the
training dataset, accumulating gradients and track-
ing the best perturbation found during training.

Training terminates when the loss does not im-
prove for P consecutive epochs. We use P = 10 in
most experiments. This criterion prevents overfit-
ting to the training set and reduces computational
cost for attacks that converge quickly. The best per-
turbation is saved to disk after each improvement
for recovery in case of interruption.

Algorithm 2 Single-Step Gradient Update

Require: Current perturbation δ, sample
(xa, xv, q, a

⋆)
Require: Model Mθ, loss function L, budget ε
Require: Gradient scaling factor γ, optimizer

state
Ensure: Updated perturbation δ, sample loss ℓ

1: F, x̃a ← PREPROCESS(xa, δ) {Algorithm 1}
2: // Forward pass through frozen model
3: outputs←Mθ(F, xv, q)
4: // Compute adversarial loss
5: ℓ← L(outputs, a⋆, xa, x̃a)
6: // Backward pass
7: g← ∇δℓ
8: // Handle numerical instabilities
9: g[isnan(g)]← 0

10: // Apply gradient scaling
11: g← g · γ
12: // Adam update
13: δ ← ADAMUPDATE(δ,g, optimizer state)
14: // Project onto constraint set
15: δ ← clip(δ,−ε, ε)
16: return δ, ℓ
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Algorithm 3 Main Attack Optimization Loop

Require: Dataset D =

{(x(i)a , x
(i)
v , q(i), a⋆(i))}Ni=1

Require: Model Mθ, loss L, budget ε, learning
rate η

Require: Max epochs K, patience P
Ensure: Optimized perturbation δbest

1: // Initialize perturbation from natural audio

2: δ ← clip(BellSound,−ε, ε)
3: // Initialize Adam optimizer
4: optimizer← ADAM(η, β1 = 0.9, β2 = 0.999)

5: best_loss←∞
6: epochs_no_improve← 0
7: for epoch = 1 to K do
8: epoch_loss← 0
9: // Iterate over training samples

10: for (xa, xv, q, a
⋆) ∈ D do

11: δ, ℓ ←
GRADIENTSTEP(δ, (xa, xv, q, a

⋆))

12: epoch_loss← epoch_loss +ℓ
13: end for
14: epoch_loss← epoch_loss / |D|
15: // Track best perturbation
16: if epoch_loss < best_loss then
17: best_loss← epoch_loss
18: δbest ← δ
19: epochs_no_improve← 0
20: else
21: epochs_no_improve ←

epochs_no_improve +1
22: end if
23: // Early stopping check
24: if epochs_no_improve ≥ P then
25: break
26: end if
27: end for
28: return δbest
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E Implementation Details

E.1 Optimization Hyperparameters
All attacks use projected gradient descent with the
Adam optimizer. Table 11 summarizes the hyper-
parameter settings used across experiments.

Hyperparameter Value

Learning rate η 10−4

Adam β1 0.9
Adam β2 0.999
Adam ϵ 10−8

Batch size 1
Maximum epochs 150
Early stopping patience 10 epochs
Gradient clipping norm 1.0
Attack budget ε {0.3, 0.5, 0.7, 1.0}
Perturbation length 10 seconds
Sampling rate 16 kHz

Table 11: Hyperparameter settings for adversarial attack
optimization.

E.2 Perturbation Initialization
The choice of initialization for the perturbation
δ(0) affects both convergence speed and final attack
quality. We experimented with two initialization
strategies:

(1) Random initialization: Each element of δ(0)

is sampled uniformly from [−ε, ε]. This provides a
generic starting point but may require more itera-
tions to converge.

(2) Natural audio initialization: We initialize
δ(0) using the audio track from a natural video
in the dataset. Specifically, we use a recording
of bells ringing from the AVQA dataset, clipped
to the attack budget ε. This sample is removed
from the training set to prevent data leakage. We
found that natural audio initialization leads to per-
turbations that sound more natural when played
independently.

Unless specified otherwise, we use natural audio
initialization.

E.3 Convergence Conditions
For the attack budget analysis experiments, we al-
low the optimization to run until convergence rather
than fixing a maximum number of epochs. Conver-
gence is defined as no improvement in the training
loss for 10 consecutive epochs. Under this crite-
rion, different attack budgets require different num-

bers of epochs to converge, providing insight into
the optimization landscape at different perturbation
magnitudes.

E.4 Learning Rate Scheduling

We implement two learning rate scheduling strate-
gies depending on the experiment:

(1) Reduce-on-plateau: The learning rate is re-
duced by a factor of 0.1 when the loss does not
improve for a specified patience window. This is
used for experiments where we train until conver-
gence.

(2) Cosine annealing with warmup: For fixed-
epoch experiments, we use a warmup phase fol-
lowed by cosine annealing. The learning rate in-
creases linearly during warmup, then follows a co-
sine decay schedule:

ηt =

{
η · t

twarm
if t < twarm

η
2

(
1 + cos

(
π · t−twarm

T−twarm

))
otherwise

(36)
where twarm is the warmup duration and T is the
total number of training steps.

Unless specified otherwise, we use reduce-on-
plateau.

E.5 Hardware and Computational Resources

All experiments were conducted on NVIDIA GPUs
including H200, A100, L40s, and A40s mod-
els. The choice of GPU depended on availability
and memory requirements of specific experiments.
VideoLLAMA2 experiments used full precision
(FP32) to ensure numerical stability during gradi-
ent computation through the audio preprocessing
pipeline. Qwen model experiments used mixed
precision (FP16) to reduce memory consumption
and accelerate training.

The total computational budget for all experi-
ments reported in this paper is approximately 2,500
GPU-hours. Individual attack training runs range
from 20-25 GPU-hours depending on the dataset
size, number of epochs, and model complexity.
Evaluation on held-out test sets requires additional
compute for inference but is substantially faster
than training.

E.6 Reproducibility

All experiments use fixed random seeds for repro-
ducibility. We set:

(1) NumPy random seed: 42
(2) PyTorch CUDA seed: 30
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These settings ensure that perturbation initializa-
tion, data shuffling, and GPU operations produce
consistent results across runs. We found that attack
success rates are sensitive to random initialization,
making seed fixing essential for reproducible com-
parisons.

F Evaluation Metrics

This section provides detailed definitions and in-
terpretations for all evaluation metrics used in our
experiments.

F.1 Attack Success Rate
The Attack Success Rate (ASR) quantifies the frac-
tion of originally correct predictions that are flipped
to incorrect predictions after applying the adversar-
ial perturbation. This metric specifically measures
the attack’s ability to induce failures on samples
where the model would otherwise succeed, exclud-
ing samples where the model was already incorrect
on clean inputs.

Formally, given an evaluation dataset D =

{(x(i)a , x
(i)
v , q(i), a⋆(i))}Ni=1, we define:

CleanCorrect(i) = 1
[
â(x(i)a , x(i)v , q(i); θ) = a⋆(i)

]
,

(37)
where â(·) denotes the model’s predicted answer
and 1[·] is the indicator function. Similarly, for
perturbed audio x̃

(i)
a = x

(i)
a + δ:

AttackSuccess(i) = 1
[
CleanCorrect(i) = 1 ∧

â(x̃(i)a , x(i)v , q(i); θ) ̸= a⋆(i)
]
.

(38)
The ASR is then computed as:

ASR =

∑N
i=1 AttackSuccess(i)

∑N
i=1 CleanCorrect(i)

. (39)

This definition ensures that ASR measures gen-
uine attack-induced failures rather than being in-
flated by baseline model errors. An ASR of 100%
indicates that the attack successfully flips all cor-
rect predictions to incorrect ones.

F.2 LPIPS for Audio
We adapt the Learned Perceptual Image Patch Sim-
ilarity (LPIPS) metric to the audio domain by com-
puting it on log-mel spectrogram representations.
Given clean audio xa and perturbed audio x̃a, we
first compute their log-mel spectrograms S and S̃
respectively. These spectrograms are treated as

single-channel images and fed to a pretrained neu-
ral network such as AlexNet (Krizhevsky et al.,
2012) or VGG (Simonyan and Zisserman, 2015)
to extract deep features. LPIPS computes the dis-
tance between activations at multiple layers of the
network:

LPIPS(xa, x̃a) =
∑

l

1

HlWl

∑

h,w

∥∆l,hw∥22 ,

∆l,hw = wl ⊙
(
ϕl(S)hw − ϕl(S̃)hw

)
,

(40)
where ϕl extracts features at layer l, wl are learned
weights, and the sum is over spatial positions (h,w)
in the feature maps of height Hl and width Wl.

Unlike pixel-wise metrics such as MSE, LPIPS
captures perceptual differences by comparing high-
level features. Lower LPIPS values indicate higher
perceptual similarity between clean and perturbed
audio, while higher values correspond to increas-
ingly noticeable distortions. This comparison is
motivated by Chary and Ramirez (2025) where
authors use LPIPS for audio reconstruction.

F.3 Scale-Invariant Signal-to-Noise Ratio
Scale-Invariant Signal-to-Noise Ratio (SI-SNR)
measures the similarity between a reference sig-
nal and an estimated signal while removing any
global gain differences. This property makes SI-
SNR more robust than standard SNR for evaluat-
ing audio perturbations, as it focuses on waveform
shape rather than overall amplitude.

Given clean signal x ∈ RT and perturbed signal
x̂ ∈ RT , SI-SNR is computed as follows. First,
both signals are zero-meaned:

x← x− 1

T

T∑

t=1

xt, x̂← x̂− 1

T

T∑

t=1

x̂t. (41)

Next, we project x̂ onto x to obtain the signal-
aligned component:

xtarget =
⟨x̂,x⟩
∥x∥2 x. (42)

The residual error orthogonal to x is:

enoise = x̂− xtarget. (43)

Finally, SI-SNR is the logarithmic ratio of signal
energy to noise energy:

SI-SNR(x̂,x) = 10 log10

(∥xtarget∥2
∥enoise∥2

)
. (44)
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Higher SI-SNR values indicate closer alignment
between perturbed and clean signals. A value of 0
dB means the noise energy equals the signal energy.
Negative values indicate that the perturbation dom-
inates the original signal, though the original audio
may still be audible if the perturbation is structured
rather than random.

F.4 Word Error Rate
For evaluating attacks on automatic speech recog-
nition systems, we use Word Error Rate (WER),
the standard metric for transcription accuracy:

WER =
S +D + I

N
× 100%, (45)

where S is the number of word substitutions, D is
the number of deletions, I is the number of inser-
tions required to transform the predicted transcript
into the reference, and N is the total number of
words in the reference transcript.

We report both absolute WER on attacked audio
and the change in WER (∆WER = WER(attacked)
−WER(clean)) to quantify attack impact relative
to baseline performance.

G LLM-as-a-Judge Evaluation

For evaluating model predictions on the AVSD
dataset, we employ an LLM-as-a-judge approach
that automates the assessment of free-form text
generation quality. This section describes the eval-
uation protocol and provides the complete prompt
template.

G.1 Evaluation Protocol
The evaluation proceeds through the following
steps:

(1) For each sample in the AVSD validation set,
we collect the ground truth caption, summary, and
all conversation Q&A turns that describe the video
content.

(2) We generate predictions using both clean
audio and adversarially perturbed audio, obtaining
two descriptions for each video.

(3) Each prediction is independently evaluated
by the LLM judge against the ground truth infor-
mation. The judge assesses factual accuracy, con-
sistency with visual content, and absence of hallu-
cinations.

(4) The judge outputs a structured response con-
taining: a brief analysis explaining the reasoning, a
binary verdict (CORRECT or INCORRECT), and
a confidence level (HIGH, MEDIUM, or LOW).

(5) We compute the attack success rate as the
fraction of samples where the clean prediction was
judged CORRECT but the adversarial prediction
was judged INCORRECT.

This automated evaluation enables consistent
and scalable assessment across the full validation
set while maintaining alignment with human judg-
ment criteria. The structured output format allows
for reliable parsing of verdicts without manual in-
spection.

G.2 Prompt Template
Figure 5 presents the complete prompt template
used for LLM-as-a-judge evaluation.

G.3 Judge Model Selection
We use the openai/gpt-oss-20b model as the
evaluation judge. This model was selected for its
strong instruction-following capabilities and con-
sistent output formatting. The temperature is set to
0 to ensure deterministic evaluations across sam-
ples.
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LLM Judge Prompt Template

You are an expert evaluator for video description quality assessment. Your task is to determine
whether a model’s prediction accurately describes a video based on ground truth information.

=== GROUND TRUTH INFORMATION ===
**Video Caption:** {gt_caption}
**Video Summary:** {gt_summary}
**Detailed Q&A about the video:**
{conversation_context}

=== MODEL PREDICTION TO EVALUATE ===
{prediction}

=== EVALUATION CRITERIA ===
Evaluate the prediction on these dimensions:

1. Subject Identification: Does the prediction correctly identify the main person/people and their gender/age if
mentioned?

2. Action Accuracy: Does the prediction correctly describe what the person is doing (actions, activities)?

3. Object Recognition: Are the objects mentioned in the prediction consistent with ground truth (e.g., food items,
furniture, clothing)?

4. Setting/Location: Is the location/setting correctly identified (room type, indoor/outdoor)?

5. Factual Consistency: Are there any direct contradictions or hallucinations compared to ground truth?

=== JUDGMENT GUIDELINES ===
Mark as CORRECT if:

• The prediction captures the essential scene accurately

• Main actions and subjects are correctly identified

• No major factual errors or hallucinations

• Minor omissions or paraphrasing are acceptable

Mark as INCORRECT if:

• The prediction misidentifies the main subject or their actions

• There are factual contradictions with ground truth

• The prediction describes a substantially different scene

• Critical details are wrong (e.g., wrong objects, wrong location type)

=== OUTPUT FORMAT ===
Provide your response in this EXACT format:
ANALYSIS: [Briefly explain your reasoning in 2-3 sentences, comparing key elements]
VERDICT: [CORRECT/INCORRECT]
CONFIDENCE: [HIGH/MEDIUM/LOW]

Figure 5: Prompt template used for LLM-as-a-judge evaluation on AVSD. The judge evaluates predictions against
ground truth captions, summaries, and conversation context.
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H Additional Results and Numerical
Tables

This section provides exact numerical values for
all figures and additional analysis presented in the
main paper.

H.1 Training Iterations and Attack Success
Rate

Table 12 reports the relationship between total train-
ing iterations, dataset size, and attack success rate
for LnegLM. These results correspond to Figure 2
in the main paper.

Total Iterations ASR (%) Dataset Size

200k 1.93 20k
400k 73.64 20k
660k 75.18 20k
100k 2.16 10k
200k 78.82 10k
500k 93.15 10k
100k 5.91 2k
200k 6.84 2k
300k 10.27 2k
406k 72.3 2k
121k 36.76 1k
200k 64.07 1k
372k 87.00 1k
390k 78.4 1k

Table 12: Training iterations, dataset size, and attack
success rate for LnegLM on VideoLLAMA2. Extended
optimization on smaller datasets yields higher ASR than
brief training on larger datasets.

The results reveal that attack effectiveness de-
pends more on total optimization iterations than on
dataset diversity. Configurations with only 1,000
training samples but 372,000 iterations achieve
87% ASR, substantially outperforming configura-
tions with 20,000 samples but only 200,000 iter-
ations (1.93% ASR). This pattern suggests that
adversarial perturbations exploit consistent model
behaviors that can be identified through repeated
optimization on a small, representative subset of
the data. Training with 20k data samples converges
on 660k iterations, training with 10k data samples
converges on 500k iterations, training with 2k data
samples converges on 406k iterations, and training
with 1k data samples converges on 390k iterations.

H.2 Perceptibility Analysis

Table 13 reports perceptual distortion metrics
alongside attack effectiveness for each objective.
These values correspond to Figure 4.

Attack Objective ∆WER LPIPS SI-SNR (dB)

LnegLM 0.972 0.22 −11.48
L(cos) 0.959 0.08 −1.77
L(visionatt) 0.100 0.07 −1.02
L(audioatt) 0.047 0.06 0.33
L(randatt) 0.062 0.06 0.05
L(hidden-cos) 0.036 0.06 0.56
L(combined) 0.491 0.14 −6.23

Table 13: Perceptual distortion metrics and WER differ-
ence for each attack objective. Higher ∆WER correlates
with higher LPIPS, indicating that speech recognition
models respond primarily to acoustic distortion magni-
tude.

The encoder-space attack L(cos) achieves a fa-
vorable trade-off between attack effectiveness and
perceptibility. Despite inducing nearly as much
damage to Whisper as LnegLM (0.959 vs 0.972
∆WER), it maintains substantially lower percep-
tual distortion (LPIPS 0.08 vs 0.22, SI-SNR −1.77
vs −11.48 dB). This indicates that the encoder-
space attack exploits structured vulnerabilities in
the audio representation rather than relying on
brute-force signal corruption.

H.3 Attention Allocation Analysis

Table 14 reports the average attention mass as-
signed to audio and video tokens under different
attack conditions. Values are normalized by the
number of layers and tokens to enable comparison
across models.

Objective VL2-audio VL2-video Q2.5-audio Q2.5-video

Clean 9.01 15.50 13.01 39.04
LnegLM 9.55 14.94 12.96 31.86
L(cos) 13.55 13.96 13.03 35.00
L(visionatt) 14.03 13.49 13.50 34.42
L(audioatt) 21.49 13.85 12.88 32.73
L(randatt) 10.51 14.65 13.03 32.48
L(hidden-cos) 13.55 14.43 13.04 34.51
L(combined) 29.23 13.30 13.17 34.34

Table 14: Average attention logits assigned to au-
dio and video tokens for VideoLLAMA2 (VL2) and
Qwen 2.5 Omni (Q2.5), normalized by layer and token
count. The combined attack produces the largest shift
in audio-token attention on VideoLLAMA2 (29.23 vs
9.01 clean).
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H.4 Sequence Confidence Under Attack

Table 15 reports the average sequence confidence
of generated outputs under clean and adversarial
conditions. Confidence is computed as the expo-
nential of the mean log-probability of all generated
tokens.

The small confidence differences under attack
are notable. For example, the combined attack on
AVQA achieves 96.03% ASR while the confidence
difference is only 0.080 (0.930 clean vs 0.850 ad-
versarial). This indicates that the model produces
incorrect answers with nearly the same confidence
as correct answers, making adversarial failures dif-
ficult to detect through output uncertainty monitor-
ing.

H.5 Clean versus Attacked Accuracy

Table 16 reports model accuracy on clean and ad-
versarial audio across AVQA and Music-AVQA for
all attack objectives.

The results confirm that high ASR values re-
flect genuine attack-induced failures rather than
poor baseline performance. The model achieves
95.6% accuracy on clean AVQA inputs. Under the
combined attack, accuracy drops to 3.9%, repre-
senting a 91.8 percentage point degradation that is
attributable entirely to the adversarial perturbation.

I Layer-wise Attention Analysis

This section provides detailed layer-wise analysis
of attention patterns under different attack condi-
tions. Understanding how attacks affect attention
at different depths of the network provides insight
into the mechanisms by which adversarial pertur-
bations induce failures.

I.1 Summary Statistics

Tables 17 and 18 report summary statistics for at-
tention allocation to audio and video tokens across
the 28 layers of VideoLLAMA2.

I.2 Layer-wise Attention Patterns

Figure 6 visualizes the average attention mass as-
signed to audio and video tokens at each trans-
former layer under different attack objectives. Sev-
eral patterns emerge from this analysis.

Video attention exhibits a characteristic front-
loaded pattern across all conditions: attention is
highest in early layers (1–5), then stabilizes at
lower values through middle and late layers. This
pattern reflects the model’s processing of visual

information, where early layers encode low-level
features and later layers integrate them with other
modalities.

Audio attention behaves differently depending
on the attack objective. Under clean conditions and
weak attacks (LnegLM, L(randatt)), audio attention re-
mains relatively flat across layers. However, attacks
that explicitly target audio pathways (L(audioatt),
L(combined)) induce a global upward shift in audio-
token attention that is uniform across all layers.
This uniform elevation suggests that these attacks
modify how the model processes audio informa-
tion at a fundamental level, rather than targeting
specific computational stages.

The combined attack produces the most dra-
matic effect, with audio attention elevated to 25–30
across all layers compared to 5–17 under clean
conditions. This three-fold increase in audio atten-
tion correlates with the attack’s strong performance
(96.03% ASR), supporting the hypothesis that forc-
ing the model to attend heavily to corrupted audio
is an effective attack strategy.

J Perturbation Visualization

Figure 7 visualizes the waveforms of adversarial
audio obtained after optimizing different loss func-
tions, overlaid on the clean reference signal. Under-
standing the temporal structure of learned perturba-
tions provides insight into the attack mechanisms.

J.1 Initialization and Structure

All perturbations are initialized using a natural bell-
ringing sound sampled from the AVQA dataset.
The corresponding video is explicitly excluded
from training to prevent data leakage. This ini-
tialization provides a structured starting point with
temporal patterns that can be refined through op-
timization. The bell sound contains a mixture of
transient attacks (the initial strike) and sustained
resonances (the ringing decay), providing diverse
spectral content.

J.2 Perturbation Characteristics

Across loss functions, the learned perturbations
exhibit several common characteristics:

(1) Low amplitude: Perturbations remain visu-
ally similar to the clean signal in waveform plots,
with amplitudes constrained by the attack budget ε.

(2) Temporal smoothness: Unlike random noise,
the learned perturbations maintain temporal coher-
ence inherited from the natural audio initialization.
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Objective AVQA-Adv AVQA-Clean ∆ M-AVQA-Clean M-AVQA-Adv ∆ AVSD-Adv AVSD-Clean ∆

LnegLM 0.756 0.816 0.060 0.752 0.818 0.066 0.640 0.650 0.010
L(cos) 0.800 0.930 0.130 0.741 0.823 0.082 0.650 0.660 0.010
L(visionatt) 0.838 0.935 0.097 0.765 0.798 0.033 0.660 0.650 −0.010
L(audioatt) 0.712 0.935 0.223 0.770 0.813 0.043 0.660 0.650 −0.010
L(randatt) 0.713 0.798 0.085 0.770 0.816 0.046 0.650 0.650 0.000
L(hidden-cos) 0.822 0.930 0.108 0.737 0.800 0.063 0.650 0.640 −0.010
L(combined) 0.850 0.930 0.080 0.750 0.855 0.105 0.642 0.650 0.008

Table 15: Sequence confidence for clean and adversarial settings across datasets, computed for successful attacks
only. ∆ = Clean − Adv. Small or negative differences indicate that adversarial failures arise from internal
misalignment rather than model uncertainty.

Objective AVQA Clean AVQA Attack ∆ Music-AVQA Clean Music-AVQA Attack ∆

LnegLM 0.956 0.850 0.106 0.807 0.743 0.064
L(cos) 0.956 0.110 0.846 0.807 0.747 0.060
L(visionatt) 0.956 0.920 0.036 0.807 0.777 0.030
L(audioatt) 0.956 0.410 0.546 0.807 0.769 0.038
L(randatt) 0.956 0.910 0.046 0.807 0.758 0.049
L(hidden-cos) 0.956 0.795 0.161 0.807 0.766 0.041
L(combined) 0.956 0.039 0.918 0.807 0.750 0.057

Table 16: Accuracy comparison between clean and adversarial audio. ∆ denotes the accuracy drop (Clean− Attack).
High ASR is driven by substantial attack-induced degradation, not low baseline accuracy.

Attack Objective Mean Max Min

LnegLM 9.55 17.77 4.83
L(cos) 13.55 26.36 8.08
L(visionatt) 14.03 26.47 8.57
L(audioatt) 21.49 26.24 19.50
L(randatt) 10.51 20.91 3.36
L(hidden-cos) 13.55 25.06 5.42
L(combined) 29.23 30.34 25.96

Table 17: Summary statistics for audio token attention
across 28 layers of VideoLLAMA2. The combined at-
tack produces uniformly elevated audio attention (mean
29.23) with small variance across layers.

(3) Structured deviation: Effective attacks
(L(cos), L(combined)) introduce small but consistent
modifications that accumulate across time, rather
than isolated high-amplitude spikes.

The attention-based attacks (L(audioatt),
L(hidden-cos)) produce the least visible deviation
from the clean signal, yet still achieve measurable
attack success. This reinforces the finding
that structured, low-distortion perturbations
can be more effective than high-distortion ap-
proaches when targeting specific computational
mechanisms.

Attack Objective Mean Max Min

LnegLM 14.94 34.64 6.12
L(cos) 13.96 30.73 5.82
L(visionatt) 13.49 29.88 5.30
L(audioatt) 13.85 29.86 5.49
L(randatt) 14.65 34.81 5.96
L(hidden-cos) 14.43 29.66 6.53
L(combined) 13.30 28.34 5.23

Table 18: Summary statistics for video token attention
across 28 layers of VideoLLAMA2. Video attention
remains relatively stable across attack conditions com-
pared to audio attention.

K Realism of Threat Model and Societal
Implications

We discuss the practical realism of our threat model
and its broader implications. Our attack operates
under an untargeted, audio-only setting, where a
shared perturbation is learned across samples. This
design avoids assumptions required by targeted or
per-sample attacks, such as prior knowledge of
inputs or predefined malicious outputs. Instead,
the attack induces internal representation shifts that
lead to incorrect predictions, which are harder to
detect in generative settings.

A key aspect of realism lies in the single-
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(a) Audio Token Attention
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(b) Video Token Attention

negLM (cos) (visionatt) (audioatt) (randatt) (hidden-cos) (combined)

Figure 6: Layer-wise attention analysis for VideoLLAMA2. Left: Average attention mass on audio tokens per layer.
Right: Average attention mass on video tokens per layer. Different attack objectives induce distinct attention patterns
across the 28 transformer layers. The combined attack (L(combined)) shows uniformly elevated audio attention across
all layers.

modality constraint. Unlike prior multimodal at-
tacks that require simultaneous manipulation of
multiple inputs, our method assumes access only
to the audio channel, which is significantly eas-
ier to control in real-world environments. Audio
perturbations can be delivered through speakers,
embedded in media, or introduced as background
noise, making them difficult to detect and filter.

We further extend our evaluation to physically
motivated settings by incorporating room impulse
response (RIR) transformations during training.
This allows the perturbation to account for envi-
ronmental effects such as reverberation and signal
degradation. As shown in 7, RIR-based training
improves robustness of the attack under such trans-
formations, although physical attacks generally re-
main weaker due to environmental variability.

Societal Implications. Audio-only vulnerabili-
ties introduce risks in applications where multi-
modal reasoning is critical. These include assis-
tive systems, surveillance pipelines, autonomous
agents, and human-AI interaction platforms. Ad-
versarial audio signals could be embedded in public
environments or media streams, leading to incor-
rect system behavior without obvious perceptual
cues. This highlights the need for defenses that
enforce cross-modal consistency and improve ro-
bustness to adversarial perturbations in realistic
acoustic conditions.
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Figure 7: Waveform visualization of learned audio-only adversarial perturbations. Clean (blue) and attacked (red)
audio waveforms are overlaid for perturbations optimized using different loss functions. Sampling rate is reduced
for visualization clarity. Effective attacks produce perturbations that remain structurally similar to the clean signal.
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