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Abstract

Pre-trained vision-language (VL) models are highly vulner-
able to adversarial attacks. However, existing defense meth-
ods primarily focus on image classification, overlooking
two key aspects of VL tasks: multimodal attacks, where both
image and text can be perturbed, and the one-to-many rela-
tionship of images and texts, where a single image can cor-
respond to multiple textual descriptions and vice versa (1:N
and N:1). This work is the first to explore defense strate-
gies against multimodal attacks in VL tasks, whereas prior
VL defense methods focus on vision robustness. We propose
multimodal adversarial training (MAT), which incorporates
adversarial perturbations in both image and text modalities
during training, significantly outperforming existing uni-
modal defenses. Furthermore, we discover that MAT is lim-
ited by deterministic one-to-one (1:1) image-text pairs in VL
training data. To address this, we conduct a comprehensive
study on leveraging one-to-many relationships to enhance
robustness, investigating diverse augmentation techniques.
Our analysis shows that, for a more effective defense, aug-
mented image-text pairs should be well-aligned, diverse, yet
avoid distribution shift—conditions overlooked by prior re-
search. This work pioneers defense strategies against multi-
modal attacks, providing insights for building robust VLMs
from both optimization and data perspectives.

1. Introduction

Vision-language (VL) tasks require modeling the relation-
ships between images and texts; for example, image-text re-
trieval (ITR) retrieves the most relevant text given an image
query, and vice versa. Recent VL models such as CLIP [25]
achieve strong performance in these tasks; however, recent
studies revealed that they are vulnerable to adversarial at-
tacks [19, 37], which exploit nearly imperceptible input per-
turbations. Such vulnerabilities pose serious practical risks;
for instance, attackers may manipulate images or descrip-
tions to alter retrieval rankings, unfairly promoting or de-
moting entities in recommendation systems. As VL mod-

els are increasingly deployed, understanding and mitigating
their adversarial vulnerabilities is urgent.

However, existing defense strategies for VL models [21,
27, 34] primarily focus on image attacks (e.g., robust zero-
shot image classification), leaving other VL tasks unex-
plored. This is a considerable oversight for two reasons: (1)
Multimodal manipulation: Attackers can perturb both im-
ages and texts, requiring more complex defense strategies
than image-only methods. (2) One-to-many (1:N) cross-
modal alignment: Unlike classification with simple and
deterministic labels (e.g., “a photo of a {class}”), VL tasks
involve diverse, ambiguous sentences (e.g., “a man with
glasses” vs. “a man wears an orange hat and glasses”),
making robust image-text alignment more complicated. By
overlooking these aspects, existing defenses are limited in
their effectiveness beyond zero-shot image classification.

To address this gap, we pioneer defense strategies for VL.
models against multimodal attacks. Specifically, we study
how to robustly fine-tune VL models for downstream VL
tasks from both optimization and data perspectives, through
extensive analysis.

First, we propose Multimodal Adversarial Training
(MAT), which incorporates both image-text perturbations
during training. Perturbing both modalities is non-trivial
due to (1) the difficulty of simultaneous updates, (2) mul-
tiple objective choices for image-text attacks, and (3) in-
creased computational complexity. Through extensive anal-
ysis, we designed MAT to be both effective and reasonably
efficient, while also offering valuable insights for future
work. MAT significantly enhances multimodal robustness,
demonstrating the necessity of defense methods tailored for
multimodal attacks, an aspect overlooked by vision-only
unimodal strategies [21, 27].

Furthermore, we argue that MAT’s performance is lim-
ited by the inadequate approximation of the real data distri-
bution when using the deterministic (1:1) image-text pairs
contained in the training data. To address this, we leverage
the inherent one-to-many (1:N) relationships in VL data to
enhance robustness. Inspired by works in cross-modal am-
biguity modeling in ITR [14, 29], we explore augmentation
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Figure 1. Comparison of adversarial training (AT) methods for robust VL models. (a) Unimodal AT, such as TeCoA [21] and
FARE [27], robustifies a single modality via unimodal adversarial examples (AEs). However, it overlooks two key aspects of VL tasks:
multimodal attacks, where attackers perturb both modalities, and one-to-many cross-modal alignment, where an image has multiple valid
descriptions, and vice versa. (b) MAT addresses multimodal attacks by generating multimodal AEs during AT. (c) MAT+ further captures
the inherent ambiguity in image-text relationships via one-to-many augmentations.

techniques to create diverse one-to-many (1:N) and many-
to-one (N:1) image-text pairs. Our in-depth analysis reveals
that augmentations are effective when pairs are well-aligned
and diverse, without inducing distribution shift. Specifi-
cally, text augmentations outperform image augmentations,
since the higher dimensionality of images makes distribu-
tion shift harder to avoid. Moreover, cross-modal aug-
mentations (e.g., tmage — text) outperform intra-modal
ones (e.g., text — text) by generating better-aligned pairs.
These findings provide novel insights into multimodal ro-
bustness and complement the literature on unimodal adver-
sarial training.

Our contributions are summarized as follows:

First defense strategy against multimodal attacks in
VL models: We show that existing image-only defense
methods are suboptimal for robust VL tasks and pioneer
research in this new direction. Specifically, we investigate
strategies from both optimization and data perspective.
Proposed Multimodal Adversarial Training (MAT):
We designed MAT to be both effective and efficient,
through extensive analysis. MAT largely improves multi-
modal robustness, highlighting the importance of consid-
ering multimodal perturbations in VL data.

Leveraging one-to-many relationships for robust VL
tasks: We leverage one-to-many (1:N) image-text rela-
tionships via augmentations to enhance robustness, an as-
pect overlooked in unimodal adversarial training, which
assumes a deterministic image-to-label mapping.

2. Related work

Adversarial attacks on vision-language models. Adver-
sarial attacks on VL models are categorized into unimodal
and multimodal. Unimodal attacks, such as gradient-based
image attacks [20] and BERT-Attack for text [17], perturb
a single modality to mislead the models. In contrast, mul-
timodal attacks, which perturb both image and text modali-
ties, are significantly more effective [11, 19, 33, 37]. How-

ever, developing defense strategies against multimodal at-
tacks for VL tasks remains largely unexplored.

Adversarial defense for vision-language models. Ex-
isting defense strategies for VL models mainly focus on vi-
sion robustness, in which adversarial attacks perturb only
the image. For example, Mao et al. [21] and Wang et al.
[34] approached zero-shot image classification on CLIP by
proposing robust fine-tuning methods, which leverage uni-
modal adversarial training schemes to improve robustness.
Schlarmann et al. [27] also focused on image attacks only,
and proposed a method for fine-tuning CLIP’s vision en-
coder to improve robustness in several VL tasks (i.e., im-
age classification, image-text retrieval). Unlike the previ-
ous work, ours is the first to investigate adversarial defense
strategies against multimodal attacks. Specifically, we pro-
pose a multimodal adversarial training strategy to enhance
robustness against such attacks in VL models and tasks.
Furthermore, we leverage the one-to-many (1:N) image-text
relationships to further improve adversarial robustness.

Leveraging the one-to-many (1:N) nature of image-
text. Recent works aimed at modeling the ambiguity be-
tween image and text pairs; a sentence may have multi-
ple visual interpretations and an image may be described
in various ways, however, typically only one pair is used as
ground truth. Such deterministic 1:1 pairing is inconsistent
with the natural 1:N relationships in the data. To address
this, prior studies propose representing image-text samples
as probabilistic embeddings [5, 6], incorporating neighbor-
ing samples in the triplet loss [30], and generating multiple
diverse representations for each pair [14, 29]. Inspired by
these works, we leverage 1:N relationships to augment data
in adversarial training and enhance VL robustness.

3. Preliminaries

Vision-language models. Many recent VL models (e.g.,
ALBEF [15] and BLIP [16]) are fundamentally built on



CLIP, which learns joint image-text representations via
large-scale image-text contrastive learning. CLIP consists
of an image encoder fy, : R% — R and a text encoder
for ¢ R — R9= where 6 and O are their parameters,
d; and dr are input dimensions, and dg is the joint em-
bedding dimension. Given an image I € R% and a text
T € R%, CLIP is trained to map them into a shared em-
bedding space, maximizing the cosine similarity of image-
text embeddings Sy, (I, T") = cos(fo, (1), fo,(T")) for cor-
rect image-text pairs while minimizing it for incorrect pairs.
CLIP optimizes the InfoNCE loss for a batch of N image-
text pairs {(I;, T;)} Y, as:

eXp SeIT(I“T )/T)
1 exp(SelT(I“T )/ )

where 7 is the learnable temperature parameter. The over-
all loss is the average of the losses over images and texts,
given by Lerp = (Levpr + Levp-r)/2, where Lepp-r is
the InfoNCE loss over texts.

Multimodal adversarial attacks. We aim to defend VL
models against adversarial attacks, where both image and
text modalities are perturbed. The objective of (untargeted)
adversarial attacks on CLIP is to minimize the image-text
similarity Sy, (I, T') for the correct image-text pairs (I, T’)
to mislead the models’ predictions as:

Lerwa(I,T) Zl , (1)

(67,67) = argmin  Sp, (I +6;, T+67), (2
0r€EAL, dTEAT
(I'\T') = (I +0}, T+07). 3)

where J; and dt are image and text perturbations, and A
and Ar define the set of allowed image and text perturba-
tions. Image attacks maintain perceptual similarity between
I and I’ typically using the L,-norm. A common image
attack strategy is projected gradient descent (PGD) [20],
which iteratively updates I’ by taking a small step in the
direction of the gradient. Text attacks, such as BERT-
Attack [17], modify N tokens in the text 7" to maximize
the divergence between fy,(T') and fy,(7"). Multimodal at-
tacks perturb both image-text modalities to create (I',T");
Co-Attack [37] perturbs each modality sequentially, first
perturbing the image and then the text; SGA [19] enhances
Co-Attack by considering the set-level interaction between
multiple images and texts.

Adpversarial training for image classification. Adver-
sarial training (AT) [20] is a widely used defense against
adversarial attacks, where a model is trained on adversarial
examples. It solves a min-max optimization problem:

inEq )~ 6 , 4
arg min Bz y)~p (éfleaﬁ [foc (2 + d1) # y]) @)
where 0 represents the parameters of image classifier fg,.,
and (z,y) denotes an image and its corresponding class la-
bel drawn from the data distribution D.

Based on this, to improve CLIP’s adversarial robustness
in zero-shot image classification, TeCoA [21] adversarially
fine-tunes CLIP’s image encoder by minimizing the con-
trastive loss between adversarial images and the text expres-
sion of the corresponding class (“a photo of {*}”):

argefnm E,ry~p (glne% Levwpa(I + 51,T)) N G):

However, TeCoA only defends against image attacks.

4. Methodology

We propose Multimodal Adversarial Training (MAT) by
addressing the limitations of existing unimodal AT (Fig. 1).
First, we describe its practical optimization strategies via
image-text contrastive learning applicable to VL models.
Then, we introduce a data-driven approach that leverages
the one-to-many relationship between images and texts to
enhance robustness by more accurately approximating the
true multimodal data distribution.

4.1. Problem setup

To defend against multimodal attacks, we introduce MAT,
which perturbs both images and texts during AT. Follow-
ing the theory of unimodal AT (Eq. 4), we formulate MAT
objective as:

minE(; 7)~p- inax LyL(I +0,T+0dr) |, (6

Sr€AT

where D* represents the true data distribution, 6 represents
the parameters of a VL model, and Ly refers to the VL
training loss (e.g., Lcpp for CLIP).

4.2. Practical multimodal min-max optimization

4.2.1. Multimodal inner maximization

Directly solving the inner-maximization in Eq. 6 is highly
non-trivial due to the difficulty of updating both modalities
simultaneously, and the increased computational cost.

To address these challenges, we emphasize that exact
maximization is not always necessary; in fact, the basic
PGD-AT defense method [20] approximates maximization
with first-order adversaries. Our extensive analysis led us
to design MAT to be both effective and reasonably efficient,
while also offering insights for future multimodal defenses.

Specifically, we mainly adopt two practical strategies:
(1) Step-by-step perturbation: we generate adversarial ex-
amples (I’,T") by sequentially perturbing the text and im-
age modalities, and (2) Loss simplification: replacing Ly,
with effective yet efficient alternative.

Adversarial text generation. First, we generate ad-
versarial texts using a representative text attack, BERT-



attack [17]. BERT-attack identifies critical words contribut-
ing to the loss and replaces them with semantically simi-
lar, grammatically correct alternatives to maximize the loss.
However, this discrete optimization process is computation-
ally expensive, and directly maximizing Ly, over multiple
image-text pairs in a batch by repeatedly replacing words
would be prohibitively time-consuming. To address this,
we exploit the shared image-text alignment objective in VL.
models (e.g., CLIP, ALBEF, BLIP), and instead of direct
loss maximization, we maximize the divergence between
individual image-text embeddings as:

T’:T—kargmax— fGI(I)fGT(T+5T) ) (7
srear o (DIl for (T + 7))
Adversarial image generation. Next, given adversar-
ial texts 7", we generate adversarial images I’ using the
widely adopted PGD attack [20]. Unlike the discrete op-
timization in text attacks, image attacks involve continu-
ous optimization, where each update step requires a sin-
gle back-propagation to maximize a loss function. There-
fore, directly maximizing the loss Ly is practically fea-
sible. For CLIP, instead of maximizing Lcrp, we adopt
a simple approach by minimizing the cosine similarity be-
tween the image-text embeddings as:

I' = I + argmax — Jo(I+01) - for(T") .®
sear o (I + o)l for (Tl
For ALBEF and BLIP, we directly maximize their down-
stream objective functions, as they involve advanced tech-
niques that cannot be trivially simplified. Please see Ap-
pendix A.1 for details.

4.2.2. Multimodal outer minimization

To update the model parameters, we minimize the train loss
function Ly using the generated adversarial images and
texts. For CLIP, we minimize the InfoNCE loss between
the adversarial image I’ and text T7": ming Lcpp(I/,T7).
For ALBEF and BLIP, we fine-tune the models with their
original downstream-task-specific objectives.

4.3. Leveraging one-to-many relationships for ro-
bustness generalization

While MAT addresses the multimodality of VL tasks,
the robustness can be further improved by leveraging
also the one-to-many nature of image-text data. Thus,
we propose Multimodal Augmented Adversarial Training
(MAT+), which incorporates one-to-many augmentations to
better approximate the true multimodal distribution of im-
ages and texts. Notably, this data-driven strategy for en-
hancing robustness is applicable to any VL model trained
on image-text pairs.

4.3.1. Approximating the multimodal distribution by
modeling ambiguity via augmentations

The true distribution of the data D* is inaccessible, but the
dataset D serves as an approximation, and its quality affects
robustness significantly. In the field of image classification,
Gowal et al. [10] proved that adding image augmentations
to the training data Dy produces a D closer to D*. This
improves robustness under the assumption of a determinis-
tic closed-set image-to-label mapping. However, their the-
ory does not consider the ambiguity of VL data, where a
single image can have multiple valid descriptions and vice
versa (Fig. 1). Thus, for VL data, multimodal AT with
(1:1) image-text pairs only provides a limited D. To model
this ambiguity, we generate diverse one-to-many (1:N) and
many-to-one (N:1) image-text pairs through augmentations,
improving the approximation of Eq. 6.

Modeling the ambiguity of text descriptions. Let Dy
be a dataset of deterministic (1:1) image-text pairs (I, 7).
Relying solely on these pairs produces a weak D because
the original text 1" often provides only a partial or subjec-
tive depiction of the image I (Fig. 1). In other words, f)lr ap-
proximates the true image-to-text mapping g3 : R4 — Rr,
a “perfect” human annotator capable of generating detailed
descriptions. However, striving for a true g7 is neither desir-
able nor practical; language compresses visual information
by focusing on human interests, naturally involving ambi-
guity. Achieving g7 would require pixel-level descriptions,
which are linguistically unrealistic.

Thus, instead of relying on a single caption per im-
age, we embrace text ambiguity by generating one-to-many
(1:N) image-text pairs. In practice, given Dy with ground-
truth pairs (I,7T’), we can generate new aligned texts using
I, T, or both. Consequently, Eq. 6 is approximated as:

Ly (I + 61, Gro(1,T) +61) | |
(SIHéaA)I(’ vo(I + 61, g1, (L, T) + 07)

minE; 75,
~ oTEAT
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where gr ¢4 is the approximated image-to-text model, with
¢ capturing the inherent randomness (ambiguity) in gener-
ation, and & is the set of all possible random variables.

Modeling ambiguity of images. Similarly, a text de-
scription can correspond to multiple images, given the high
dimensionality and degree-of-freedom of the image data
space. For example, the description “a man with an orange
hat” could be simultaneously paired with various images,
such as a man with a green shirt or engaging in different
activities (Fig. 1).

Thus, as in the text case, we introduce image augmenta-
tions to create many-to-one image-text pairs to approximate
D*. Formally, Eq. 6 is approximated as:
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where g is the approximated text-to-image model, with 1)
capturing the inherent randomness, and ¥ denoting the set
of all possible random variables.

4.3.2. Conditions for effective augmentations

Not all ® and ¥ produce a model that can generate valid
image-text pairs Z x 7 C R% x R, that is, paired data
that effectively refine D toward D*. We can develop the
theory of Gowal et al. [10] for image classification to ad-
dress multimodal VL augmentations. Let p be the proba-
bility measure corresponding to D*, for which every valid
pair (I,T) € T x T has non-zero probability: p(I,T) > 0.
Similarly, let p be the probability measure corresponding to
D. The sufficient condition for D to be an effective approx-
imation is as follows:

Condition 1. (Accurate approximation) The approximated
data distribution D and true data distribution D* must be
equivalent: V(I,T) € Z x T,p(I,T) = p(I,T).

Ineffective one-to-many augmentations. Let us de-
note augmentations for image-text pairs (I,7) € Dy as
Iug = G1u(I,T) and Ty = g1,4(I,T). Then, when
adding an augmented pair (L, 7)) or (I, Tyy) to Dy, We
define three cases that result into ineffective augmentations,
violating Cond. 1.

Case 1. (Semantic mismatch) If augmented image-text
pairs are not semantically aligned, p diverges from p by
generating data in regions of zero probability; that is,
ﬁ(laug7 T) # p(Iaug7 T) =0or ]5(], Taug) # p([, Taug) =0,
meaning that the distributions D* and D differ.

Case 2. (Limited diversity) Even if augmented image-text
pairs are semantically aligned, trivial augmentations I ~
Ty or T' ~ T,,, do not provide enough variation to refine

D and capture the inherent ambiguity.

Case 3. (Distribution shift) Even if augmented image-text
pairs are aligned, excessive augmentations cause distribu-
tion shifts. This also applies to the unimodal case [10].

Our results in Sec. 6 show that MAT+ with well-chosen
augmentations avoiding these three cases significantly en-
hances robustness.

5. Experimental settings

We evaluate the multimodal robustness of defense methods
on VLMs (i.e., CLIP and ALBEF) in their original tasks
they were evaluated in, image-text retrieval (ITR) and visual

grounding (VG). We also include BLIP, a VLM capable of

text generation for image captioning (IC).

Datasets. We use the commonly used Flickr30k [24] and
the COCO [3] datasets for ITR. While these datasets con-
tain five captions per image, our baseline training uses 1:1
image-text pairs (taking the first annotated caption), reflect-
ing the typical setup when fine-tuning with real-world data,
such as data collected from the internet, where 1:1 pairings
are more common. For VG, we use RefCOCO+ [13], and
for IC, we use COCO. See Appendix A for details.

Evaluation metrics. We use the recall@k (R@k) for
evaluating ITR, including both image-to-text and text-to-
image retrieval. For VG we measure the accuracy in lo-
calizing the regions corresponding to the text descriptions,
while IC evaluates the quality of generated captions using
diverse metrics. Details are in Appendix A.

Adversarial attacks. We evaluate defense methods
against the multimodal adversarial attack SGA [19], with
perturbation constraints of €; = 2/255 (L ,-norm) for im-
ages and one token for text, following [19, 37]. Results on
unimodal attacks (PGD, BERT-Attack) and Co-Attack [37]
are in Appendix B.

Baseline defense methods. Since there do not exist de-
fense methods tailored for multimodal attacks, we compare
our method with the unimodal (image-only) AT methods
closest to our setting proposed for CLIP:

* FARE [27]: Anunsupervised (unimodal) adversarial fine-
tuning scheme for CLIP, which focuses on obtaining a
robust CLIP vision encoder. Since it is unsupervised, we
can apply it to our ITR setting as-is.

* TeCoA-ITR: Since the original TeCoA [21] is text-guided,
we extend it to be used in ITR. While the original TeCoA
fine-tunes the vision encoder with image classification
loss, TeCoA-ITR fine-tunes all parameters using cross-
modal objective of Eq. 8 to generate adversarial images.

Training details. We fine-tune the pre-trained CLIP-
ViT-B/16, ALBEF-14M, and BLIP w/ ViT-B models us-
ing MAT. Adversarial images are generated via 2-step-PGD
(perturbation size of 2/255 in [,-norm), and adversarial
texts using BERT-attack (1-token perturbation). Please see
the detailed hyperparameters in Appendix A.4. Computa-
tional cost details are in Appendix A.5.

Augmentation strategies. We consider two types of
augmentations: intra-modal and cross-modal. Intra-modal
augmentation enhances data points without considering
image-text interactions (text — text, image — image),
while cross-modal augmentation enhances data points by
leveraging the other modality (image <> text). Specifically,
we explore the following augmentation techniques:

» Text augmentations:

o Intra-modal: EDA [35] for basic word-level edits.
LLM-based rewriting [8] is shown in Appendix B.
o Cross-modal: Image-to-text (I2T) generation using di-



Flickr30k COCO
Method Img aug. Text aug. Clean SGA Clean SGA
TR@1 IR@1 TR@1 IR@1 TR@1 IR@1 TR@1 IR@1
Finetune 92.1 77.2 0.6 0.6 66.6 50.1 0.1 0.1
"FARE 759 610 271 210 452 323 91 69
TeCoA-ITR 83.1 68.2 27.5 17.6 58.0 41.6 9.6 6.2
(ours) MAT 84.6 67.7 36.4 24.9 55.8 40.7 17.7 12.3
" (ours) MAT+ ] Basic(EDA) 8544108 695418 39.1727 275426 559102 402,05 184107 129106
I2T(div-Caps) 84.710.1 69.2115 403139 27.8129 56.7109 39908 189112 12.510.2
12T(Human) 857111 71.9142 45.6192 322173 589131 43.1124  21.313.6 14.5122
Basic(RandAug) 84.1105 67.1 06 356108 244105 559101 40.7100 18.310.6 12.610.3
T2I(SD) 833113 684107 379115 252103 542116 38324 17.2]05 11.710.6
T-12I(SD) 83.8108 69.1 114 393129 258109 57.1113 41.7r10 18.811.1  12.6 102

Table 1. Comparison of CLIP trained on the Flickr30k and COCO datasets for image-text retrieval (ITR) under the no-attack
scenario (Clean) and multimodal attack (SGA), reporting R @k for text retrieval (TR @k) and image retrieval (IR @Xk).

Flickr30k COoCO
Method Img aug. Text aug. Clean SGA Clean SGA
TR@1 IR@1 TR@]1 IR@1 TR@1 IR@1 TR@1 IR@1
_Fetwmne ___________________& 85 _77___25 13 699 836 10 07
TeCoA-ITR 85.4 69.3 35.5 21.9 64.8 48.6 14.2 9.5
JowrMAT _____________8 820 __ 663 __ _471___329 639 _ 462 312 _ 212
Basic(EDA) 822102 679116 44.6 125 312117 639100 468106 31.5103 209 |o
I2T(div-Caps) 85.6 136 71.0148 488117 350121 66.0120 49.9+37 355143 203109
I2T(Human) 85.8 138 72.8165 529158 388159 685145 49.1130 36.2149 23.5122
(ours) MAT+  Basic(RandAug) 822102 672109 483112 334105 63.1 09 483121 30310 21.7104
T2I(SD) 83.7117 683121 5207149 362133 61524 46001 25359 18.6 26
T-121(SD) 85.113.1 698136 552181 37.6148 649109 47.1110 332120 224112

Table 2. Comparison of ALBEF trained on Flickr30k and COCO datasets for image-text retrieval (ITR) under the no-attack scenario
(Clean) and a multimodal attack (SGA), reporting R @k for text retrieval (TR @k) and image retrieval (IR @k).

verse prompts with InternVL [4] (“I2T(div-Caps)”),
and human-generated captions from the remaining 4
annotations of Flickr30k and COCO (“I2T(Human)”).
* Image augmentations:
o Intra-modal: RandAug [7], randomly applying affine
transformations and color distortions.
o Cross-modal: Stable Diffusion (SD) for text-to-image
(T2I) [26] and text-guided image-to-image (T-121) [22].
Each original data point is augmented four times, leading
to a x5 expansion, except for T-I2I(SD), where using only
two augmentations yielded better results. Please see Ap-
pendix A.3 for the detailed augmentation settings.

6. Results
6.1. Image-text retrieval (ITR)

6.1.1. Effectiveness of Multimodal Adversarial Training

Defending against multimodal attacks requires multi-
modal perturbations. With multimodal adversarial pertur-
bations, MAT consistently achieves significantly greater ro-
bustness against multimodal attacks than the unimodal AT
methods, FARE and TeCoA-ITR, which focus solely on im-
age perturbations during AT. The improvements are sub-
stantial and consistent for CLIP on Flickr30k and COCO

(Tab. 1), as well as ALBEF on both datasets (Tab. 2). These
results highlight the necessity of defense strategies tailored
for multimodal perturbations.

Extensive analysis towards efficient and effective
multimodal defense. Solving the inner-maximization in
Eq. 6 is non-trivial, since it requires updating both modali-
ties and involves a high computational cost. We conducted
ablation studies on key design factors—objective functions,
perturbation order, and perturbation strength—to make our
defense efficient and effective (Tab. 3).

* Objective functions: Crossmodal loss (cosine similar-
ity between image-text pairs) outperforms unimodal loss
(similarity between orig. and adv. samples), with image-
side objective being particularly critical since the image
modality is more vulnerable than text (MAT vs. (1-1)/(1-
2)). For text perturbations, optimizing the full CLIP loss
in BERT-Attack is prohibitively slow ((1-3)); disrupting a
single image-text pair suffices with much lower cost.

* Perturbation order: The order of T—I or I—=T has lit-
tle effect, while T—I introduced slightly better multi-
modal robustness (MAT vs. (2-1)). More sequences (e.g.,
T—I—T) slightly improves multimodal robustness but at
a higher cost ((2-2), (2-3)).



Adpversarial Training Config. Clean PGD (image) BERT-Attack (text) SGA (multimodal) Time cost
Order :é“gffg;:iﬁlf) (giif gﬁfﬁ) g:r‘:r‘:f ‘ IR@l TR@I ‘ IR@l TR@l IR@l TR@I ‘ [R@1 TR@I ‘ (secliter) (relative)
Finetune - - - Al 1921 772 1 119 101 754 31 1 06 06 1 113 x 0.13
"FARE 1 (Uni,PGD-10) - Vision | 759 610 T 697 551 532 402 r 271 210 T 781 %089
TeCoA-ITR I (Cross, PGD-10) . All 1 831 682 1 777 619 647 07 215 176 1 1029  x 117
MAT T—1  (Cross,PGD-2) (Cross, BERT)  All ' 837 615 ' 714 614 722 SI1_ 375 248 ' 879 -

" Objective ablation T e
(1-1) To1 (Uni,PGD-2)  (Cross, BERT)  All ' 906 765 ' 707 570 804 594 162 16 ' 845 x 0.96
(1-2) T—1  (Cross,PGD-2)  (Uni, BERT) All | 834 668 |, 793 642 710 494 | 333 28 | 874 x 0.99
(1-3) To1 (CLIP,PGD-2)  (CLIP,BERT) Al 1 - - - - - - 4607 % 520

" Perturbation order ablation T oo oo e
@-1) 15T  (Cross,PGD-2) (Cross, BERT) ~ All ' 844 687 ' 805 650 748 512 0 363 246 879 x 1.00
(2-2) T—1—T (Cross,PGD-2) (Cross, BERT) Al , 839 673 , 798 640 746 s31 381 259 | 1397  x 159
(2-3) I1—-T—1 (Cross,PGD-2) (Cross, BERT) All 1 823 65.7 1+ 799 62.7 69.3 49.1 1374 25.1 1 11.10 x 1.26

" Perturbation strength ablation T o oo
(3-1) T—1  (Cross, PGD-2) EDA All ¢ 862 715 ¢ 825 674 723 486 1 355 25 358 x 0.41
(3-2) T—1  (Cross, PGD-10) EDA All | 843 678 | 809 657 684 457 | 360 237, 1218 x 139
(3-3) T—1  (Cross,PGD-10) (Cross, BERT) All | 799 638 1| 780 616 682 477 1 385 247 1 1722 x 196

Table 3. Analysis of MAT’s strategies. Ablation study of CLIP trained on Flickr30k for image-text retrieval (ITR), comparing attack
objectives (Cross- vs. Uni-modal), perturbation order (“Order”), and attack strength (PGD-2 vs. PGD-10, EDA vs. BERT).

Method Aug. Clean SGA
TR@1 IR@1 TR@1 IR@1
[Einetner T 729 515 12 11
TeCoA-ITR 64.6 51.8 20.2 13.9
_lours)MAT 665 _ 499 313 _ 210
. I2T(Human) 71.0 141 543 145 35.6 143  25.7 14.7
(ours) MAT+ T-12I(SD) 68.211.3 50.5106 335122 229119

Table 4. Comparison of BLIP trained on COCO for ITR under
the no-attack scenario (Clean) and the SGA attack, reporting R@k.

¢ Perturbation strength: Image: Strength is controlled
by PGD iterations. While FARE and TeCoA-ITR use a
ten-steps PGD (PGD-10), MAT achieves comparable effi-
ciency by using PGD-2, sufficient for multimodal robust-
ness. Using PGD-10 further improves robustness, at the
cost of clean accuracy and efficiency ((3-3)). Text: EDA
(simple word edits) is an efficient alternative to BERT-
Attack ((3-1), (3-2)), since single-token perturbations in
the discrete space are largely covered by simple edits.

6.1.2. Effectiveness of one-to-many augmentations

Through our comprehensive analysis, we reveal that some
augmentations consistently enhance robustness, whereas
some do not. To identify key factors for effective augmenta-
tion, we analyze alignment, diversity, and distribution gap
based on our hypothesis for approximating the true image-
text distribution (Sec.4.3.2). To analyze this, we introduce
three measurable properties:

* Alignment: The semantic similarity between augmented
image-text pairs: Sp, ; (Laug, T') or Sp, 1 (1, Thug)-

* Diversity: The Kullback-Leibler (KL) divergence be-
tween the original and augmented samples: diy.(1, Joug)
or CZKL(T7 Taug)'

* Distribution gap: The Fréchet distance [9] between
the distributions of the original and augmented samples,
di(Dy, Daug), where Doy = (Luug, T), (I, Taug) . This
metric, widely used for evaluating generative models
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Figure 2. The relationships between the three properties of aug-
mentations, (i) alignment, (ii) diversity, and (iii) distribution gap,
versus Robust Accuracy against multimodal attack (the overall av-
erage of IR@1/TR@1 for CLIP/ALBEF on Flickt/COCO).

(e.g., FID [12]), quantifies the distribution gap.

High alignment reduces semantic mismatches (Case 1), suf-
ficient diversity captures image-text ambiguity, preventing
Case 2, and minimal distribution gap avoids generating out-
of-distribution samples, preventing Case 3.

Fig. 2 reveals that all properties, high alignment, high
diversity, and small distribution gap, is crucial for effective
augmentations.

Cross-modal augmentation outperforms intra-modal
augmentation due to higher image-text alignment. We
observe that cross-modal augmentations yield better robust-
ness than intra-modal ones, by considering the other modal-
ity and generating well-aligned image-text pairs. For exam-
ple, the alignment scores of RandAug and EDA are lower
than those of the original pairs (Fig. 2), indicating semantic
mismatch (Case. 1). Intra-modal augmentations struggle to
balance diversity and alignment: increasing diversity with-
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Figure 3. Analysis of the number of augmentations and robust-
ness against SGA attacks for: (a) image augmentations using T-
12I(SD), and (b) text augmentations using I2T(Human).

out considering image-text relationships disrupts alignment.
Fig. 2 shows that intra-modal augmentations appear in the
lower-left, achieving only one of alignment or diversity.

Achieving sufficient diversity while keeping the dis-
tribution gap minimal is crucial. Figure 2 indicates that
even if augmentations are well-aligned as well as suffi-
ciently diverse to expand the training data, they do not en-
hance robustness when there is a large distribution gap from
the original samples. For example, T2I(SD) introduces a
good diversity but also introduces a large distribution gap,
resulting in minimal robustness improvement.

Appendix D provides qualitative examples of the aug-
mentations generated for each technique.

Image augmentations are challenging. While both im-
age and text augmentations proved effective, text performs
better. This is because the high-dimensional image space
makes it difficult to generate augmentations that are di-
verse yet distribution-consistent, whereas the structured na-
ture of text allows controlled augmentation. Figure 2 shows
that text augmentations can introduce diversity while main-
taining a small distribution gap, unlike image augmenta-
tions. Additionally, Fig. 3 analyzes the number of augmen-
tations. Increasing text augmentations with I2T(Human)
improves robustness, as more captions better approximate
the data distribution, however, image augmentations using
T-I2I(SD) enhance robustness up to two additional augmen-
tations but can degrade it beyond that due to distribution
shift. These results suggest that developing image augmen-
tations with high diversity yet minimal distribution gap is a
promising direction for future research.

Many-to-many augmentations (N:N). Appendix B
shows that combining image and text augmentations (N:N)
did not enhance performance over text-only augmentations.
With two augmented images and four texts, original pairs
constitute only a 12.5% of the data, which makes (N:N)
augmentations prone to distorting the data distribution if
not designed carefully. Thus, while theoretically promising,
many-to-many augmentations require a dedicated method-
ology, which falls out of the scope of this work.

Method Aug. SGA
Val Test-A Test-B
[Einestunel B 3290 363 296
TeCoA-ITR 38.8 44.8 329
(ours) MAT 40.4 442 35.1

I2T(div-Caps) 43.2128 48.1139 37.112.1
(ours) MAT+  I2T(Human) 42.011.6 46.5123 35.7106
T-I21(SD) 41.1107 46.011.8 34.8 103
Table 5. Accuracy comparison using ALBEF on the RefCOCO+
dataset for visual grounding.

Method Aug. SGA
BLEU-4 ROUGE  CIDEr
| Wi ] I o BS |
FARE 23.6 49.0 77.8
(ours) MAT 21.8 46.8 74.4

(ours) MAT+ I2T(Human) 25.3135 499131 83.6 19.2

Table 6. Generated text quality comparison using BLIP evaluated
on the COCO dataset for IC.

Ablation study: MAT+ vs. naively increasing data
samples. Appendix B.3 (Tab. 14) presents controlled exper-
iments to disentangle the effect of data size from the one-to-
many (1:N) strategy. With the same number of data points,
MAT+ outperforms the naive 1:1 settings.

6.2. Additional tasks

Visual grounding (VG). We evaluate MAT in VG using the
model and dataset originally proposed for this task, ALBEF
and RefCOCO+ (Tab. 5). MAT proves to be the most ef-
fective in this task as well, while MAT+ further improves
robustness. This demonstrates the effectiveness of one-to-
many augmentations in VL tasks beyond ITR.

Image captioning (IC). We verify the effectiveness of
one-to-many augmentations in IC using the model and
dataset originally proposed for this task, BLIP and COCO
(Tab. 6). Since IC involves only image inputs, MAT does
not surpass FARE, the unimodal AT method tailored for
image attacks. Nevertheless, augmentations still enhance
robustness in this task, with MAT+ outperforming FARE.

7. Conclusions

This work is the first to study adversarial defense for vision-
language (VL) models against multimodal attacks in VL
tasks. Existing defenses fail against multimodal attacks as
they focus on image-only perturbations and overlook the
one-to-many nature of image-text pairs. To address this, we
proposed MAT, a novel defense framework that leverages
multimodal perturbations and one-to-many augmentations.
Through comprehensive analysis, we design efficient yet ef-
fective multimodal defenses from an optimization perspec-
tive and introduce a data-driven approach to further enhance
robustness. Our findings reveal key challenges, such as the
difficulty in complex optimization and the need for diverse
yet in-distribution augmentations, guiding future research.
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A. Experimental Details

A.1. MAT’s Inner Maximization Strategy

Model VL Task Inner maximization Outer minimization
Text Adv. Generation Image Adv. Generation
CLIP Image-Text Retrieval ~ maxs,. cos(for (T + 07), fo, (I)) mins, cos(fo,(I + 61), for(T))  Lcup
ALBEF  Image-Text Retrieval maxs,. cos(fo, (T + 1), fo,(I)) maxs, Lirc + Litm Lirc 4+ Lrm
Visual Grounding maxs, cos(for (T + 61), fo,(I)) maxs, Lirc + Litm Lirc + Limm
BLIP Image-Text Retrieval  maxs,, cos(fo,. (T + 07), fo,(I)) maxs, Lirc + Litm Lirc + Lrmm
Image Captioning maxs, cos(for (T + 67), fo,(I)) maxs, Lim Lim

Table 7. Summary of MAT’s strategies for each model and downstream task.

In the main text, we proposed MAT, a multimodal defense framework and practical optimization strategies. In our exper-
iments, we adaptively modify MAT’s inner maximization strategy for different downstream tasks, as summarized in Table 7.
We provide detailed explanations below.

A.1.1. Image-Text Retrieval (ITR)

MAT for CLIP generates text adversarial examples by maximizing the divergence between image-text embeddings, using
BERT-attack [17], while image adversarial examples are generated by minimizing their cosine similarity, following image
attacks in Co-Attack [37] and SGA attack [19].

The ALBEF and BLIP model architectures use a similar approach for ITR but include additional components, such as an
ITM module (Image-Text Matching) and multimodal encoders. ITC loss (Lyr¢) is the image-text contrastive loss, similar
to Lcpip, with the primary difference being whether momentum encoders are used to store previously seen representations.
ITM loss (Lirm) predicts whether an image-text pair is positive (matched) or negative (not matched), which is predicted by
a multimodal encoder in ALBEF and BLIP in addition to their unimodal image and text encoders. Please refer to original
papers [15, 16] for more details. Given the added complexity in ALBEF and BLIP, MAT for these models is designed as
follows:

o Text attack: Same strategy as training CLIP with MAT.
» Image attack: Directly maximize the downstream-task specific fine-tuning objective.

A.1.2. Visual Grounding (VG)

In our experiment, we evaluated the effectiveness of MAT on visual grounding (VG) using ALBEF. Since the fine-tuning
objective for VG is the same as for ITR, the inner maximization strategy of MAT is identical to MAT for ITR.

A.1.3. Image Captioning

In our experiment, we evaluated the effectiveness of MAT on image captioning using BLIP. The fine-tuning objective for
image captioning includes ITC loss and language modeling (LM) loss, and we maximize the sum of these objectives for
perturbing images.

A.2. Evaluation Settings

A.2.1. Image-Text Retrieval (ITR)

Dataset. We use Flickr30k, which consists of image-text pairs with a train/test split of 29,000/1,000 images, and COCO,
which consists of image-text pairs with a train/val/test split of 113,287/5,000/5,000 images. We use the default split for
training and testing. While each image has five captions, our baseline training approach uses 1:1 image-text pairs, reflecting
the practical setting for fine-tuning VL models.

Evaluation metric. We use R@Xk, which measures the recall of the correct image or text among the top-k retrieved candidates.
These metrics assess the model’s ability to correctly retrieve relevant images or texts when given a query.

A.2.2. Visual Grounding (VG)

Dataset. For training, we use MSCOCO'’s training set, following the ITR setting. For testing VG tasks, we use RefCOCO+,
which includes text descriptions of objects in images along with their corresponding bounding boxes. RefCOCO+ contains



141,564 expressions for 19,992 images from the COCO training set. This dataset was collected interactively through a two-
player game [ 13]. It consists of three test sets, Val, TestA, and TestB. Test Set A contains objects sampled randomly from the
entire dataset. Test Set B contains objects sampled from the most frequently occurring object categories in the dataset. Test
Set C contains objects sampled from images that contain at least 2 objects of the same category.

Evaluation metric. VG aims to localize the region in an image that corresponds to a specific text description. Following Li
et al. [15], we extend Grad-CAM [28] to acquire heatmaps, and use them to rank the detected proposals provided by Yu et al.
[36]. We measure the accuracy of the attention maps with the IoU threshold being 0.5.

A.2.3. Image Captioning

Dataset. We use the MSCOCO dataset for both training and testing. For training data, we follow the ITR setting.

Evaluation metric. We use various evaluation metrics to measure the quality of the generated captions, including BLEU [23],
METEOR [2], ROUGE [18], CIDEr [32], and SPICE [1].

A.3. Augmentation techniques

A.3.1. Text augmentations

EDA (Easy Data Augmentation). EDA randomly selects words in the text and performs the following operations: synonym
replacement, random insertion, random swap, or random deletion. We use the official implementation '. The hyperparameter
« controls the strength of the augmentation, where « determines the probability of each word being augmented. We use
«a = 0.3 for all experiments.

LangRW (Language rewrite). Language rewrite (LangRW) [8] is a method that rewrites the text data to improve the
robustness of the model, using a generative natural language processing model, such as Llama [31]. We used Llama-2-7B °.
In our work, we used slightly modified prompts from the original work to simultaneously generate four captions per image.
Given an original caption T, the prompt for generating additional captions are as follows:

Rewrite image captions in 4 different
ways.

{coco caption 1 for image 1i}

=> {coco caption 2 for image i}
=> {coco caption 3 for image i}
=> {coco caption 4 for image i}
=> {coco caption 5 for image i}

{coco caption 1 for image j}

=> {coco caption 2 for image 7j}
=> {coco caption 3 for image Jj}
=> {coco caption 4 for image j}
=> {coco caption 5 for image 7j}

{coco caption 1 for image k}

=> {coco caption 2 for image k}
=> {coco caption 3 for image k}
=> {coco caption 4 for image k}
=> {coco caption 5 for image k}

{original caption to be rewritten}
=>

where the coco captions are randomly sampled from the original captions from the COCO dataset [3].

I2T(div-Caps) using InternVL. InternVL [4] is a latest vision-language multimodal model. We use the InternVL-2.5-2B
model. We generate four captions per image using the following four prompts to ensure diversity:

* Details: “Describe the image in detail.”

* MainObj: “Describe only the one main object in the image, do not say anything about the other objects or background.”

* Background: “Describe only the background of this image, do not say anything about the foreground objects.”

Uhttps://github.com/jasonwei20/eda_nlp
Zhttps://huggingface.co/meta-llama/Llama-2-7b



* Style: “Describe the style or your feelings about this image, do not say anything about the objects in the image.”

The lower alignment of InternVL-generated captions compared to original image-text pairs (Fig. 2) is due to the fact that
captions generated with Background and Style are less aligned with images than the full captions.

Human. Human augmentation is a method that generates additional captions by human annotators. Since we use 1:1 image-
text pairs for training as default, we used the rest of the original captions included in Flickr30k and COCO datasets as
additional captions for each image.

A.3.2. Image augmentations

RandAug (Random Augmentation). RandAug [7] is an image augmentation method that applies a series of random trans-
formations to the image. We used the codes from ALBEF [15] *. We set the number of operations to 2 and the magnitude to
5 for all experiments.

Stable Diffusion (SD); Text-to-Image. We used SD-v2.1 * for text-to-image augmentations, using Huggingface’s default
hyperparameters.

Stable Diffusion (SD); Text-guided Image-to-Image. We used SD-v2.1, and use the pipeline for text-guided image-to-
image generation [22] from Huggingface’. We used a strength hyperparameter of 0.5, which controls the diversity of aug-
mentations. Larger strength increases diversity, however, caused a distribution shift that negatively impacted performance.

A.4. Hyperparameter Details

We fine-tune the pre-trained CLIP-ViT-B/16, ALBEF-14M, and BLIP w/ ViT-B. We generate adversarial images using 2-
step-PGD with a step size of 1.0/255 with the perturbation bound ¢; = 2.0/255. For adversarial texts, we generate with
BERT-attack, which replaces a word from top-k candidates with & = 10. We train for 5,000 steps on Flickr30k and 10,000
steps on COCO, with a batch size of 128. For CLIP, we train using the SGD optimizer, while for ALBEF and BLIP, we use
the AdamW optimizer. All models are trained with cosine learning rate scheduling, a learning rate of 0.0001, and a weight
decay of 0.0001.

A.5. Computational Cost

All experiments were conducted on a single NVIDIA A100 GPU.

Since multimodal defense requires perturbing both image and text modalities, naively combining PGD and BERT-Attack
nearly doubles the cost compared to unimodal adversarial training methods (e.g., FARE, TeCoA). More complex perturbation
sequences (e.g., T=I>T) are also computationally prohibitive. To address this, we carefully designed MAT to be both
effective and efficient.

Tab. 3 in the main text compares MAT’s training time with that of different ablations of our method. On the one hand, a
naive setting with ten-steps PGD (PGD-10) and BERT-Attack (MAT (3-3)) nearly doubles the cost. On the other hand, since
baseline unimodal defenses perturb only the image modality, their training time is faster. In comparison, when MAT adopts
PGD-2 for image perturbations and a single step-by-step sequence (T—1I), we achieve an efficiency comparable to that of
FARE and TeCoA-ITR while significantly enhancing multimodal robustness. Thanks to this, training time remains feasible
in practice (e.g., CLIP: 12h, BLIP: 24h on COCO); this modest overhead compared to previous—unimodal—approaches is
justified by the substantial robustness gains.

In MAT+, the cost of the augmentations depends on each technique. Cross-modal augmentations using generative models
(e.g., InternVL for captioning, Stable Diffusion for image-to-image generation) require more time, taking approximately 3
days on COCO. However, the augmentations are created in advance only once, so their generation has no effect on the actual
cost of the adversarial training.

3https://github.com/salesforce/ ALBEF
“https://huggingface.co/stabilityai/stable-diffusion-2-1-base

Shttps ://huggingface.co/docs/diffusers/api/pipelines/stable_diffusion/img2img


https://huggingface.co/docs/diffusers/api/pipelines/stable_diffusion/img2img

B. Additional Results
B.1. Image-text retrieval (ITR)

In this section, we present comprehensive results for image-text retrieval (ITR), evaluating defense methods against uni-
modal attacks (PGD [20] for image attack and BERT-attack [17]) as well as against multimodal attacks (Co-Attack [37] and
SGA [19]). Table 8 and Table 9 present the results of CLIP trained on Flickr30k and COCO, respectively. Table 10 and
Table 11 show the results of ALBEF trained on Flickr30k and COCO, while Table 12 presents the results of BLIP trained on
COCoO.

First, the results demonstrate that MAT consistently outperforms baseline unimodal AT methods in terms of multimodal
robustness, which is crucial given that multimodal attacks are significantly stronger than unimodal attacks in VL tasks. The
robustness against image attacks (PGD) is generally similar between image-only defenses (FARE or TeCoA-ITR) and MAT,
which aligns with expectations.

Second, the results indicate that effective augmentations, such as I2T(Human) for text augmentation and T-12I(SD) for
image augmentation, consistently improve multimodal robustness. The important factors that determines the effectiveness of
augmentations are described in Sec. 6: both I2T(Human) and T-12I(SD) augment well-aligned image-text pairs with sufficient
diversity, while keeping their distribution close to the original samples.

In addition to the main paper, we present results on many-to-many augmentation in Tab. 9, where we combine image
and text augmentations—specifically, T-I2I(SD) for image augmentation and I2T(Human) for text augmentation—aiming
at enhancing robustness. However, our results show that this combination does not provide further improvements over using
I2T(Human) alone, suggesting that the added image augmentation does not contribute to additional robustness. A possible
reason for this is that T-I2I(SD) introduces a slight distribution shift, which may offset its benefits. These findings indicate that
while many-to-many augmentations have theoretical potential, they require augmentation techniques that introduce sufficient
diversity while maintaining consistency with the original data distribution.

Unimodal attacks Multimodal attacks
Method Img aug. Text. aug. ; Clean ' PGD (image attack) BERT (text attack) Co-Attack SGA
: TR@1 IR@1 . TR@1 IR@1 TR@1 IR@1 . TR@1 IR@1 TR@1 IR@1
Finetune ' 92.1 772 | 119 10.1 754 531 110 6.7 0.6 0.6
FARE 759 61.0 1 69.7 55.1 53.2 40.2 1 41.8 30.7 27.1 21.0
TeCoA-ITR 1 83.1 68.2 ] 77.7 61.9 64.7 42.7 ] 529 31.9 27.5 17.6
_owryMAT _____________ (837 615 714 614 722 SLL 569 371 375 248
Basic(EDA) 1 854417 695120 1 795421 624110 757135 537126 ! 60.1132 395124 39.1t16 275127
T2T(LangRW) : 80.9 128  67.0 05 @ 742132 60.1 13 72.6104 513103 ' 589420 389419 40.0425 274126

|
|
I2T(div-Caps) | 84.7 110  69.2 1.7 : 79.0 116 64.513.1 748 126 514103 : 60.3134 39.6 126 403128 27.813.0
85.7120 71.9144 1 82.0146 659145 77.6 154 563152 1 633164 44.0169 45.6181 322174

|

|

|

|

(ours) MAT+ I2T(Human) |
Basic(RandAug) : 84.1 104 67.1 |04 ' 787113 61.6102 70.9 113 504 107 : 57.8109 373102 356119 244 04
T-I21(SD) , 83.8101  69.1116 | 77.7103 622108 753431 521110 | 59.7128 380110 393118 258110
T2I(SD) 1 83304 684109 1 76.1 113 615101 733111 522111 1 57.2103  37.8107 37.9104 25.2104

Table 8. Comparison of CLIP trained on the Flickr30k dataset for ITR under the no-attack scenario (Clean), unimodal attacks (PGD and
BERT), and multimodal attacks (Co-Attack and SGA), reporting R@k for text retrieval (TR @k) and image retrieval (IR@k).



Unimodal attacks

Multimodal attacks

Method Img aug. Text. aug. Clean PGD (image attack) BERT (text attack) Co-Attack SGA
TR@1 IR@1 TR@1 IR@1 TR@1 IR@1 TR@1 IR@1 TR@1 IR@1
Finetune 66.6 50.1 6.8 54 36.9 23.7 2.9 1.8 0.1 0.1
FARE 452 323 40.4 29.3 224 15.9 16.7 11.4 9.1 6.9
TeCoA-ITR 58.0 41.6 51.0 36.7 30.6 18.2 21.3 12.5 9.6 6.2
(ours) MAT 55.8 40.7 49.5 36.1 429 274 314 19.5 17.7 12.3
””””””””” Basic(EDA) 559102 40205 486,09 35308 411,18 270004 298116 195100 184107 129706
T2T(LangRW)  51.8 |40 37.7 130 457138 33525 38.7 42 26.1 113 28.7 |2 19.0 jo6  17.0 |0 12.6 10.3
I2T(div-Caps) 56.7109 39908 51.211.8 363102 40226 26.1 113 30310 19402 189112 125102
(ours) MAT+ 12T(Human) 589131 43.1124 522127 385124 447119 299124 33.6 122 219123 21.3136 14.5122
Basic(RandAug) 559101 40.7 0o 494 01  36.3102 41.7 112 272102 307 107 19.6101 183106 12.6103
T21(SD) 542 116 383124 46332 33427 39533 25915 28529 181015 15918 11.0113
T,I2I(SD) 57.1113 417110 49.7102 36.0 |01 419 109 283108 31.3 00 20.2107 18.8711.1 12.610.2
(N:N) T,I2I(SD) 12T(Human) 59.0132 433126 522127 38.0119 44.6t17 29.8123 340128 21.2117 20.8131 142119

Table 9. Comparison of CLIP trained on the COCO dataset for ITR under the no-attack scenario (Clean), unimodal attacks (PGD and
BERT), and multimodal attacks (Co-Attack and SGA), reporting R@Xk for text retrieval (TR @k) and image retrieval (IR @k).

Unimodal attacks Multimodal attacks
Method Img aug. Text. aug. Clean PGD (image attack) BERT (text attack) Co-Attack SGA
TR@1 IR@1 TR@1 IR@1 TR@1 IR@1 TR@1 IR@1 TR@1 IR@1
Finetune 89.5 71.7 48.8 34.0 79.1 55.0 323 18.4 2.5 1.3
TeCoA-ITR 85.4 69.3 78.7 63.1 72.1 48.9 61.0 38.1 35.5 21.9
(ours) MAT 82.0 66.3 78.0 63.8 77.1 56.1 73.0 54.0 47.1 329
T T T T T T Basic(EDA) 822102 679116 782102 63.8100 786115 581120 710119 52911 44605 31217
T2T(LangRW) 81.4 06 675113 76.0 20 62513 758 113 562101 70.0 30 51.1030 46308 324 05
12T(div-Caps) 85.6 136 71.0148 81.7137 66.6128 797126  60.1 139 75.6126 552112 48.8117 35.012.1
(ours) MAT+ 12T(Human) 85.8 138 72.8165 80.2122 67.6 138 81.5144 628167 775145 58.7147 529158 38.8 159
Basic(RandAug) 822102 672109 783103 632106 76902 562101 727103 532108 483112 334105
T-121(SD) 85.113.1 698136 817137 67.1133 794123 591129 749119 559118 552181 37.6148
T2I(SD) 837117 683121 795115 63.6102 767104 59.0129 724106 551111 52.0149 36.2133

Table 10. Comparison of ALBEF trained on the Flickr30k dataset for ITR under the no-attack scenario (Clean), unimodal attacks (PGD
and BERT), and multimodal attacks (Co-Attack and SGA), reporting R @k for text retrieval (TR @k) and image retrieval (IR @k).

Unimodal attacks Multimodal attacks
Method Img aug. Text. aug. Clean PGD (image attack) BERT (text attack) Co-Attack SGA
TR@1 IR@1 TR@1 IR@1 TR@1 IR@1 TR@1 IR@1 TR@1 IR@1
Finetune 69.9 53.6 30.0 17.4 49.0 31.4 17.2 9.1 1.0 0.7
TeCoA-ITR 64.8 48.6 49.5 38.1 48.5 28.5 38.2 19.4 14.2 9.5
(ours) MAT 63.9 46.2 60.2 38.3 554 36.9 52.9 32.1 31.2 21.2
T T T T Basic(EDA) 6397100 468106 532170 387104 54410 36405 50822 30912 315103 20903
T2T(LangRW)  59.7 |42 421 |41 46.6 135 31.0173 514141 32940 34618 239 182 254158 157 |55
I2T(div-Caps)  66.0 2.0 49.9 137 57.0 |32 379 104 56.61t12 3857116 475 54 26.4 156 355143 203 109
(ours) MAT+ 12T(Human) 68.5145 49.1130 64.9 147 373110 597143 399130 553124 293 28  36.2149 23.5122
Basic(RandAug) 63.1 09 483121 61.1109 46.0 177  54.8 |07 383114 52.1 08 357137 303110 21.7 104
T2I(SD) 61.5 124 46.0 01 58715 37.8 105 53.5120 3757106 50.6 123 33.011.0 253159 18.6 /26
T,I21(SD) 649109 47.111.0 61.8116 36.1 22 565111 38.1113 541112 29.2 29 332120 224112

Table 11. Comparison of ALBEF trained on the COCO dataset for ITR under the no-attack scenario (Clean), unimodal attacks (PGD and
BERT), and multimodal attacks (Co-Attack and SGA), reporting R@Xk for text retrieval (TR @k) and image retrieval (IR @k).

Unimodal attacks

Multimodal attacks

Method Img aug.  Text. aug. Clean PGD (image attack) BERT (text attack) Co-Attack SGA
TR@1 IR@1 TR@1 IR@1 TR@1 IR@1 TR@1 IR@1 TR@1 IR@1
Finetune 72.9 57.5 50.9 35.7 39.2 27.5 18.4 9.9 1.2 1.1
TeCoA-ITR 64.6 51.8 63.8 50.3 37.6 24.9 31.2 20.2 20.2 13.9
JlwsMAT 669 _ 499 678 495 547 3711 05 @ 328 313 210
(ours) MAT+ I2T(Human) 71.0 141 543145 68.6 108 52.1126 57.1124 404133 512107 353125 35.6143 25.7 147
T,I2I(SD) 682113 505106 62355 43.6160 55.0t02 37.000 47926 299 30 335122 229119

Table 12. Comparison of BLIP trained on the COCO dataset for ITR under the no-attack scenario (Clean), unimodal attacks (PGD and
BERT), and multimodal attacks (Co-Attack and SGA), reporting R@k for text retrieval (TR @k) and image retrieval (IR @k).



B.2. Visual grounding (VG)

Table 13 presents results of ALBEF trained on the COCO dataset for the VG task. The results highlight MAT’s effectiveness
beyond ITR task, as well as the effectiveness of one-to-many augmentations. We observe that I12T(div-Caps) outperforms
[2T(Human), which can be attributed to the design of the prompts used in I2T(div-Caps). Specifically, I2T(div-Caps) gener-
ates captions that focus on both foreground and background objects, providing a more comprehensive description of the image
(see Sec. A.3 for the prompt design). This makes I12T(div-Caps) particularly useful for the VG task, where understanding
diverse objects located in different areas of the image is crucial.

Method Img aug.  Text. aug. ‘ Clean SGA
1 val test-A test-B | val test-A test-B
Fine-tune I 50.2 57.6 40.6 : 32.9 36.3 29.6
TeCoA-ITR l 49.6 55.4 414 | 388 44.8 32.9
(ours) MAT | 48.8 53.3 40.7 ' 404 44.2 35.1
S I2T(div-Caps) ' 51.0122 57.0137 43.3 126 T 432128 481139 371121

(ours) MAT+ 12T(Human) : 50.611.8 559126 417111 | 420116 46.5123 35.7106

T,I21(SD) 1 49.610.7 559126 40.810.1 ' 41.1 107 46.0118 34.8 103

Table 13. Accuracy comparison of ALBEF trained on the COCO dataset for VG under the no-attack scenario (Clean) and multimodal
attack (SGA).



B.3. Effectiveness of MAT+ vs. naively increasing data samples
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Figure 4. Different ways of increasing the number of samples for adversarial training. (a) Original data samples (no increasing), (b)
Augmenting orig. data samples without 1:N modeling, (¢) Augmenting orig. data samples with 1:N modeling (MAT+), (d) Adding
new orig. data samples (oracle).

B.3.1. Experimental Settings

We conducted controlled experiments to disentangle the effect of data size from the one-to-many training strategy. Suppose

we have M image-text pairs and generate two augmented samples per modality, yielding M original and 2M augmented

images and texts (e.g., 30k original and 60k augmentations, in total of 90k). Then, we compare four settings (see Fig. 4):

* (a) 1:1 (base): M original ground-truth pairs.

e (b) 1:1 aug: Adding 20 augmentations and creating additional 1:1 pairs by directly combining augmented images and
texts.

* (c) 1:N aug (MAT+): Adding the same 2/ augmentations as in (b), but each original sample forms 1-to-3 and 3-to-1 pairs
with its two augmentations.

* (d) 1:1 (oracle): Adding 2M extra original ground-truth pairs (no augmentations), serving as an upper bound.



This setup enables a fair comparison between naively adding new augmentations (1:1) and using MAT+ (1:N) under the same
data (i.e., (b) and (c)), while also contrasting them with an upper-bound oracle.

The base set (M = 30k) was sampled randomly from COCO’s ~120k image-text training pairs. Then, we generated 60k
augmentations using “T-I2I(SD)” for images and “I2T(Human)” for texts, which were the best performing techniques for
each modality in our analysis. On the other hand, the oracle setting adds 60k randomly sampled ground-truth pairs, for a
total of 90k original pairs.

B.3.2. Results

Num Num
Orig. Augmentation Clean PGD BERT-Attack SGA
Aug.
(GT)
Img. Text IR@1 TR@1 IR@1 TR@1 IR@1 TR@1 IR@1 TR@1
(a) 1:1 (base) 30k - - - 45.0 32.0 41.0 29.8 322 20.9 10.8 7.3
(b) 1:1 30k 60k  T-I2I(SD) I2T(Human) 50.2 36.4 46.4 33.5 37.5 243 15.5 10.6

(c) MAT+ (ours) 30k 60k  T-I2I(SD) I2T(Human) 54.6 144 39.0 126 493 129 36.1 126 40.1 126 263120 163108 11.4+08

Augmentation ablation

30k 60k  T-I2I(SD) EDA 49.5 355 453 32.6 36.5 232 132 9.2
30k 60k  RandAug I2T(Human) 52.7 38.0 48.8 352 38.4 24.9 15.3 10.6
(d) 1:1 (oracle) 90k - - - 539 39.8 50.0 36.3 41.1 26.7 16.1 11.8

Table 14. Controlled experiments to disentangle the effects of data size and one-to-many (1:N) augmentation (see Fig. 4 for augmentation
types a~d). Compared to simply adding augmented pairs as 1:1 (b), using them as 1:N pairs (c, MAT+) yields larger robustness gains,
nearly matching the oracle 1:1 setting (d).

Tab. 14 shows that while adding synthetic data as 1:1 pairs improves robustness, using them as 1:N pairs yields substan-
tially larger gains, nearly matching the oracle 1-to-1 setting. This confirms that robustness improvements come not only from
increased data size but also from ambiguity modeling through 1-to-N alignment.

Besides ambiguity modeling, a key contribution of our work is identifying the properties of effective augmentations in
adversarial defense—high alignment, high diversity, and small distribution gap. In Tab. 14(c) Augmentation ablation,
naive augmentations (RandAug and EDA) yield only limited improvements compared with higher-quality augmentations
(T-12I(SD) and I2T(Human)).

In summary, naively increasing the number of multimodal pairs is suboptimal compared with our proposed method, whose
robustness is comparable to expanding the dataset by collecting new ground-truth samples. Also note that using MAT+ on
(d) further boosts the accuracy, as shown in the main text when using the entire COCO dataset.



C. Qualitative Results

Here, we present qualitative results for ITR. We compare the TeCoA-ITR baseline, a unimodal image defense method,
with our proposed multimodal defense method, MAT+, which incorporates [2T(Human) augmentations. Both methods are
evaluated against a multimodal attack (SGA). Figure 5 and Figure 6 illustrate the comparison for image retrieval and text

retrieval results, respectively.

Query text: a large wooden pole with a green street road hanging from it
TeCoA-ITR
Top 1

Top 2 Top 3 Top 4 Top 5

MAT+(Human)
Top 1

Query text: a small small holding a plate of tasty looking food
TeCoA-ITR
Top 1 Top 4

Top 4 Top 5

Figure 5. Qualitative comparison of image retrieval results under multimodal attack (SGA). We compare the TeCoA-ITR baseline
(unimodal defense) with our proposed MAT+ (multimodal defense using I2T(Human) augmentations). Images with a blue border indicate
correct retrieval, while those with a red border indicate incorrect retrieval.



TeCoA-ITR

Query Image Top 1 Top 2 Top 3 Top 4 Top 5
(WRONG) (WRONG) (WRONG) (WRONG) (WRONG)
the large small model a jumbo sized model a male flying a a person in the a lego flown in
jet has its landing with four engines in wing wing in an park playing with a large grassy open area
gear lowered the middle of flight open field blue new in thesky with numerous onlookers
MAT+(Human)

Query Image Top 1 Top 2 Top 3 Top 4 Top 5
(CORRECT) (CORRECT) (CORRECT) (WRONG) (WRONG)
model military with an a small blue blue an e2 se painted a lego flown in a small airplane flying
american insignia and stripes sitting on top of blue with black and large grassy open area through a blue red
on wings a field white stripes with numerous onlookers
TeCoA-ITR

uery Image

Query 9 Top 1 Top 2 Top 3 Top 4 Top 5
(WRONG) (WRONG) (WRONG) (WRONG) (WRONG)
orange lego walking across an orange cat sitting a little teddy sitting a the nest cat a independent sitting in
two red suitcases stacked on top of a on a suitcase on sleeps on a red a red basket cut
on floor each the floor desk chair in half
MAT+(Human)

uery Image

Query 9 Top 1 Top 2 Top 3 Top 4 Top 5
(WRONG) (CORRECT) (WRONG) (CORRECT) (CORRECT)
orange green walking across a new cat on a calico cat sleeping a someone standing on a cat is jumping
two red suitcases stacked top of stacked suit on an orange office red colored travel luggage off of a stack
on floor cases about to jump cat of and suppose

off

Figure 6. Qualitative comparison of text retrieval results under multimodal attack (SGA). We compare the TeCoA-ITR baseline (uni-
modal defense) with our proposed MAT+ (multimodal defense using I2T(Human) augmentations).

D. Visualization of Augmentations

This section visualizes each augmentation technique. Figure 7 and Fig. 8 show image augmentations, and Fig. 9 and Fig. 10
visualize text augmentations. These visualizations help in understanding image-text alignment, augmentation diversity, and
the distribution of augmentations. For example, Fig.7 and Fig.8 show that while I2T(SD) generates diverse images, they
differ significantly from the original images and often appear somewhat synthetic, potentially causing a distribution shift.
Additionally, Fig. 9 and Fig. 10 show that Basic(EDA), which is a basic word-level augmentation, can disrupt the image-text
alignment.



Caption Original Image Basic(RandAug) T2I(SD) T.,121(SD)

a woman wearing a net
on her head cutting a
cake

a young boy standing in
front of a computer keyboard

a boy wearing headphones using
one computer in a long
row of computers

amanisina
kitchen making pizzas

a woman in a room
with a cat

Figure 7. Visualization of image augmentations (1).



Caption Original Image Basic(RandAug) T2I(SD) T,121(SD)

two people on motorbike passing
by a clock facade

a bunch of birds sitting
in a bread basket

grey bird in a wooden
basket eating bread

a wooden bench sitting next
to an entrance

a dog watches an animal
on the television

Figure 8. Visualization of image augmentations (2).



Original Caption

a woman wearing a net
on her head cutting a
cake

a young boy standing in
front of a computer keyboard

a boy wearing headphones using
one computer in a long
row of computers

amanisina
kitchen making pizzas

a woman in a room
with a cat

Figure 9.

Basic(EDA)

a woman wearing a net
on her head bar womanhood
cutting a womanhood cake

a computer keyboard

a son wearing headphones using
one computer in a foresighted
row of computer

amanisina
kitchen progress to pizza pie

woman in a room a

12T(InternVL)

the image shows a person
wearing a red shirt and
a hairnet standing in what
appears to be a kitchen
or a bakery they are
holding a large knife and

the image depicts a young
child likely a student wearing
a white shirt with a
dark collar and a headset
on the child is focused
on a computer screen with

the image depicts a classroom
setting where students are seated
at desks each equipped with
a computer the students appear
to be focused on their
screens possibly engaged in an

the image depicts a cozy
rustic kitchen with a person
standing at the stove seemingly
engaged in cooking the kitchen
is well equipped with various
pots pans and utensils hanging

the image shows a woman
standing in a kitchen smiling
at the camera she is
wearing a brown sweater a
blue and white plaid skirt
and black boots she is

Visualization of text augmentations (1).

12T(Human)

a woman cutting a large
white sheet cake

a little boy wearing headphones
and looking at a computer
monitor

a little boy with earphones
on listening to something

man in apron standing on
front of oven with pans
and bakeware

a girl smiles as she
holds a cat and wears
a brightly colored skirt



Original Caption

two people on motorbike passing
by a clock facade

a bunch of birds sitting
in a bread basket

grey bird in a wooden
basket eating bread

a wooden bench sitting next
to an entrance

a dog watches an animal
on the television

Basic(EDA)

deuce people on motorbike passing

by a time facade

a lot of birds sitting
in a kale basket

grey in basket eating

a sitting to wooden next
bench an entrance

a animal watches an on
dog the television

12T(InternVL)

the image depicts a street
scene with a couple riding
a red motorcycle they are
wearing helmets and are traveling
past a grand ornate white
gate with intricate carvings and

the image shows a table
with a newspaper spread out
on it thereis a
wicker basket containing some bread
slices two small birds are
perched on the basket one

the image shows a table
with a newspaper spread out
in front of a wicker
basket filled with bread the
basket is placed on a
tablecloth with a blue and

the image depicts a quaint
stone building with a rustic
charm the wall is made
of rough uneven stones giving
it a textured and ancient
appearance on the left side

the image shows a brown
dog sitting on the floor
attentively watching a television screen
the tv is displaying a
scene with a dog in
a natural setting possibly a

Figure 10. Visualization of text augmentations (2).

12T(Human)

two people are riding a
red bike down the street

two birds perched on a
bread basked on a table

a basket of bread with
a small bird eating it

a green wooden bench in
front of a house

large brown dog facing away
watching tv with wildlife scene
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