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Abstract

Converting different modalities into generalized text, which
then serves as input prompts for large language models
(LLMs), is a common approach for aligning multimodal
models, particularly when pairwise data is limited. Text-
centric alignment method leverages the unique properties of
text as a modality space, transforming diverse inputs into a
unified textual representation, thereby enabling downstream
models to effectively interpret various modal inputs. This
study evaluates the quality and robustness of multimodal
representations in the face of noise imperfections, dynamic
input order permutations, and missing modalities, reveal-
ing that current text-centric alignment methods can compro-
mise downstream robustness. To address this issue, we pro-
pose a new text-centric adversarial training approach that sig-
nificantly enhances robustness compared to traditional ro-
bust training methods and pre-trained multimodal founda-
tion models. Our findings underscore the potential of this ap-
proach to improve the robustness and adaptability of multi-
modal representations, offering a promising solution for dy-
namic and real-world applications.

1 Introduction
Text-centric multimodal alignment methods have emerged
as a powerful approach for integrating multimodal informa-
tion by converting diverse data types into text. This tech-
nique leverages the unique properties of text as a universal
modality space, enabling large language models (LLMs) to
process and understand visual, auditory, and other forms of
data, and have shown competetive performance compared to
other traditional embedding-based alignment methods (Tsai
et al. 2024). By transforming non-textual information into
textual descriptions, these methods facilitate the alignment
and integration of various modalities, enhancing the capa-
bility of LLMs to comprehend and generate contextually
rich responses. For example, LLaVA (Liu et al. 2023c) uses
expert models to generate captions, object detection loca-
tions, and textual descriptions from images. These are then
used as input to GPT-4 to create vision-text instruction-
following data as a substitute of actual collecting vision-text
instruction-following data, which is inherently difficult and
resource-intensive to obtain.
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Recent study (Wang et al. 2023b) discovered that Vi-
sion LLMs trained on pure synthetically generated high-
quality captions by image caption models to replace orig-
inal noisy data fall into model collapse (Robinson et al.
2021). This phenomenon can be explained by captioning
collapse (Vinyals et al. 2015; Wang, Zhang, and Yu 2020)
and the one-to-many problem (Young et al. 2014) in im-
age captioning. That is, when transforming images into text,
it generates fixed or similar captions for different images,
which limits diversity in the output and could potentially
jeopardize the downstream model training. This could cause
the learned multimodal representations to be less robust for
discriminative models (ex. classifier) and cause modality
collapse issue for generative models (ex. MLLMs). This
leads to the concern where text-centric alignment method
would be lead to less robust performance.

In this paper, we improve the modality robustness in text-
centric modality alignment methods. Specifically, we aim
to repair the modal collapse issue when transforming vari-
ous modalities into text leads to the generation of fixed or
similar outputs, resulting in information loss and reduced
diversity. This, in turn, compromises the robustness of the
learned multimodal representation. We further propose us-
ing adversarial prompting (Yang et al. 2024; Dong et al.
2023; Xu and Wang 2024) and formulate a text-centric ad-
versarial training approach to enhance the modality robust-
ness of text-centric multimodal alignment. Before convert-
ing different input modalities into text using expert models
and align these modalities within a similar semantic space,
we applied a LLM-based perturbation module on top and
increase the diversity and robustness of text representations.
This adversarial training procedure along with multimodal
alignment will optimizes for a more robust performance.
This can be easily understand as using LLMs as an adver-
sary to force improve the robustness of multimodal align-
ment and the downstream model.

In our experiment, different input modalities are con-
verted into text descriptions using expert foundation models
for each modality. To evaluate the robustness of these repre-
sentations, we follow the MULTIBENCH (Liang et al. 2021)
framework, which introduces varying levels of and imper-
fections. This approach simulates real-world conditions, al-
lowing us to assess how well our unified textual representa-
tions perform under scenarios of missing or noisy data. By
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Figure 1: Text-centric multimodal alignment, which converts different modalities into text to serve as input prompts for LLMs,
is a common method for aligning large multimodal language models when pairwise multimodal data is limited. The potential
model collapse phenomenon can jeopardize the robustness of the aligned representation.

rigorously testing under these conditions, we demonstrate
that our enhancement can significantly improve the modal-
ity robustness. Qualitative analysis also shows that modal-
ity summarization and reasoning augmentation with LLMs
offer significant advantages: 1) recovering dropped or cor-
rupted information, 2) transforming implicit relationships
into explicit text descriptions, and 3) compensating miss-
ing information using LLMs as external knowledge sources.
These enhancements contribute to the overall robustness and
utility of the multimodal representations.

Our contributions are summarized as follows:

• We are the first to investigate modality robustness in text-
centric alignment methods, revealing their inherent lack
of robustness.

• We propose an text-centric adversarial training to en-
hance the robustness for text-centric alignment that
demonstrates effective enhancement to modality robust-
ness, consistently outperforming the baselines including
traditional robust training methods and multimodal foun-
dation models.

• We provide a qualitative analysis illustrating how large
language models (LLMs) strengthen the robustness of
textual representations in multimodal alignment.

2 Related Work
2.1 Text-centric Multimodal Alignment
In recent advancements, several studies have demonstrated
the effectiveness of text-centric alignment. For instance,
LLaVA (Liu et al. 2023c) utilizes GPT-4 to generate captions
and textual descriptions from images, while VideoChat-
Text (Li et al. 2023) encodes video content into textual for-
mats. In the medical domain, models like OphGLM (Gao
et al. 2023) and ChatCAD (Wang et al. 2023a) extract infor-
mation from medical images and convert it into diagnostic
reports, seamlessly integrating visual data with textual in-
puts for LLMs. TAMML (Tsai et al. 2024) converts different
input modalities into text for downstream model training and
demonstrates significant improvements in handling unseen
and diverse modality at test time. These approach depends
on the quality of transformed text but offers a straightfor-
ward way to achieve multimodal integration.

2.2 Robustness in Multimodal Learning
Modality robustness (Ma et al. 2022) addresses the issue
of different modalities displaying various noise typologies
and the potential for real-world multimodal signals to suffer
from missing or noisy data in at least one of the modalities.
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Figure 2: Each raw input modality is transformed into text representations using a corresponding foundation model. Following
modality summarization and LLM reasoning are applied in parallel. Finally, the output texts are concatenated as the input to a
transformer model for downstream prediction. The inference phase follows a similar pattern. We apply a one-shot in-context
learning approach to adapt the linguistic style as anticipated during training.

Similar challenges have been identified in text-centric mul-
timodal alignment methods. Wang et al. (Wang et al. 2023b)
discovered that Vision LLMs trained on purely synthetically
generated high-quality captions by image caption models,
intended to replace original noisy data, suffer from model
collapse (Robinson et al. 2021). This phenomenon can be
attributed to captioning collapse (Vinyals et al. 2015; Wang,
Zhang, and Yu 2020) and the one-to-many problem (Young
et al. 2014) in image captioning. When transforming images
into text, these models generate fixed or similar captions for
different images, limiting diversity in the output and leading
to trivial solutions.

2.3 Adversarial Prompting
Adversarial prompting exposes vulnerabilities in large
language models (LLMs) by manipulating their outputs
through various techniques. One such technique, prompt in-
jection (Liu et al. 2023b), involves embedding malicious
instructions within prompts to alter the intended response
of the model, potentially generating harmful or inappro-
priate content. Another significant method is prompt leak-
ing (Perez and Ribeiro 2022; Hui et al. 2024), where crafted
prompts extract sensitive information embedded within the
model’s responses, compromising confidentiality. Jailbreak-

ing (Ma et al. 2024; Chao et al. 2023; Liu et al. 2023a) tech-
niques bypass the safety mechanisms of LLMs, enabling the
model to produce outputs that violate its ethical guidelines.

Additionally, adversarial prompting has been employed
to generate adversarial examples. Techniques such as the
Prompt-based Attack Approach (PAT) (Yang et al. 2024;
Dong et al. 2023; Xu and Wang 2024) generate adversar-
ial examples via mask-and-filling, exploiting the robustness
defects of LLMs. These methods have demonstrated high
attack success rates, producing diverse, fluent, and natural
adversarial examples that can used to significantly improve
the robustness of NLP models.

3 Robust Text-centric Multimodal Alignment
This section discusses how we convert raw inputs from dif-
ferent modalities (e.g., images, tabular data) into text repre-
sentations and apply adversarial prompting to improve the
model’s robustness. Section 3.1 introduce a text-centic mul-
timodal alignment module. It convert each modality’s in-
put into a text representation and align each input modali-
ties. Section 3.2 introduce a perturbation module designed
for improving modality robustness by adversarial prompt-
ing. The entire process is illustrated in Figure 2.
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Figure 3: To evaluate the robustness of our model under noisy conditions, we evaluated both relative robustness (top) and effec-
tive robustness (bottom) for three datasets. The results from these metrics consistently demonstrate that the text-centric method
exhibits superior robustness and resilience to noise when compared to other baseline methods, particularly as noise levels in-
crease. The evaluation was conducted using three different metrics: accuracy, MSE, and RMSE, tailored to each respective
dataset.

3.1 Text-centic Multimodal Alignment Module

The multimodal alignment module employs LLMs for data
transformation across various modalities, aiming to create
a unified semantic space. This process is conducted exclu-
sively through in-context learning. Initially, we transform
different modalities into text using specialized expert mod-
els. Following this, we conduct modality summarization
and engage LLMs in text-style translation across modalities.
This ensures that all textual representations adopt a consis-
tent linguistic structure, reducing the gap between different
modalities and aligning them within a closer semantic space.
This step also removes redundant information and mitigates
the heterogeneity inherent in text data from diverse sources.
Lastly, we include a reasoning augmentation step akin to the
Chain-of-Thought method (Wei et al. 2022), enhancing the
data with LLMs to boost prediction and judgment capabili-
ties. Moreover, we leverage LLMs as a source of large-scale
external knowledge, enriching data understanding and inter-
pretative depth (Chen et al. 2023).

Text Transformation In this study, we introduce unique
text-based representations for various modalities, enhanc-
ing model robustness through rule-based methods and a pre-
trained MLLM model. We convert raw inputs into a stan-
dardized text format, minimizing the need for modality-
specific adaptations and reducing data complexity. This
method captures vital information while filtering out noise,
boosting the model’s ability to handle diverse modalities.

For image data, we use a SOTA image captioning model
to produce detailed textual descriptions, converting visual
content into text. Textual data remains in its original form
to preserve linguistic integrity. For tabular data, we apply
a simple serialization method from TabLLM (Hegselmann
et al. 2023), structured as ”The column name is values,”
proven to surpass zero-shot learning in LLMs. The trans-
formed texts from each modality are then merged and used
as input for further processing.

Modality Summarization Although all types of data are
converted into textual representation, there are still syntac-
tic and semantic gaps between the transformed text across
different modalities. In this step, we extend similar lin-
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guistic styles text representations to all modalities , im-
proving information quality by facilitating interactions that
generate new insights, emphasize key shared data, and re-
move redundancies. The summary of these modalities is pro-
duced by LLMs. Our methodology involves two phases: ini-
tially, we collect samples using predefined linguistic styles
in prompts that guide the LLMs to merge information from
various modalities into a concise summary. Subsequently,
this output is integrated with our original prompts, form-
ing a demonstration for in-context learning applied to sub-
sequent samples that follow to the style established in the
initial phase.

LLM Reasoning and Augmentation We employ LLMs
for reasoning based on the Chain-of-Thought method (Wei
et al. 2022) and make LLMs as a large-scale external knowl-
edge source similar to (Chen et al. 2023) for data augmen-
tation. By assigning prediction tasks with clear instructions
and examples, LLMs analyze and augment the textual inputs
based on its external knowledge. The models generate pre-
dictions and detailed explanations for each input, enhancing
the data through this predictive reasoning process.

3.2 Text-centric Perturbation Module
Perturbation module aims at generating more natural, di-
verse and fluent adversarial examples in order to overcome
the model collapse issue and increase robustness. In this sec-
tion, we introduce two types of perturbation module Random
Perturbation and Adversarial Perturbation that both oper-
ates on text using LLMs. Random Perturbation is a naive
rule-based prompt perturbation as baseline that randomly
derives perturbed variants with Paraphrasing and dummy to-
kens. Adversarial perturbation employs a set of instruction
prompt to guide LLMs in generating adversarial prompts
that create the most disruptive examples for various robust-
ness scenarios, effectively shifting the semantics toward the
opposite label direction. Both are combined with tempera-
ture sampling.

Random Perturbation To generate varied inputs, we em-
ploy a paraphrasing technique that queries a language model
to produce k paraphrased versions of a given input x0. The
process is initiated by using the following prompt: ”Sug-
gest k ways to paraphrase the text above. Remain same se-
mantic. This approach efficiently generates k distinct para-
phrased inputs {xi}, for i = 1, . . . , k, from a single LLM
call, allowing for diverse representations of the original in-
put to be explored. In addition to paraphrasing, we introduce
randomness by edit operations including deletion, insertion
and substitution with dummy tokens to the original input x0.
These tokens, denoted by di, are selected such that they min-
imally influence the semantic content of the input. Examples
of such tokens include newline characters, tab spaces, el-
lipses, or additional punctuation marks like extra question
marks. The modified inputs are represented as xi = x0 + di
or xi = di + x0, where the random perturbations aim to test
the model’s sensitivity to minor, non-semantic noise.

Adversarial Perturbation We designed our adversarial
perturbation to simulate various scenarios that challenge the

modality robustness of text-centric alignment models. More-
over, the generated examples will intentionally manipulate
the input modalities and mislead the model’s prediction,
thereby creating the most challenging test cases. The process
involves crafting specific instruction prompts that guide the
language model (LLM) to introduce different types of per-
turbations into the input data. These perturbations can in-
clude noise injection, information dropout, and order per-
mutation, each of which is intended to disrupt the model’s
understanding and push its predictions toward incorrect la-
bels.

Our approach begins with the pre-generation of a diverse
set of instruction prompts specifically tailored for adversar-
ial purposes. These prompts are crafted to induce the LLM to
generate adversarial examples that effectively simulate chal-
lenging and unpredictable scenarios. The adversarial pertur-
bations are applied modality-wise, allowing us to evaluate
and enhance the robustness of the model across different
modalities. To systematically generate adversarial examples,
we follow these steps:
1. Random Initialization: We begin by applying random

perturbation to the original input x to create an initial
variation x′. This step ensures that the base input is al-
ready altered before applying further adversarial instruc-
tions, increasing the likelihood of generating a signifi-
cantly misleading example.

2. Instruction Selection and Parameterization: An in-
struction prompt inst is selected from our pre-generated
set, which may direct the LLM to perform tasks such as
adding noise, dropping critical information, or permuting
the order of elements within the input. Alongside the in-
struction, we set the temperature parameter T to control
the randomness of the LLM’s output.

3. Adversarial Example Generation: The LLM gener-
ates the adversarial example xadv by completing the in-
structed operation in a way that most strongly shifts
the semantic content towards the opposite label direc-
tion. The result is an adversarial example that chal-
lenges the model’s ability to maintain accuracy under
perturbations. express the process as a formula: xadv =
LLM(x′, inst, label, T )

This method systematically create samples that simulate
real-world scenarios where input modality may be corrupted
or misleading. Additionally, this approach supports the iter-
ative refinement of adversarial perturbation.

4 Experiment
We conduct experiments on three multimodal dataset and
compared baselines including MLLMs, robust training tech-
nique and text-centric approaches. We evaluate the robust-
ness under three different scenarios. In all experiments, we
use Mixtral 8x7B as default language model and GPT-4-
Vision for image captioning, unless specified otherwise.
For additional results involving different language models,
please refer to Table 3. Furthermore, all trials are run three
times and the average is reported. Adversarial training will
have maximum ten times more training iterations than regu-
lar training.
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4.1 Dataset
All dataset we used includes three modalities: text, image
and tabular. PetFinder.my Adoption Prediction (?) examines
what factors predict how quickly a pet is adopted after be-
ing listed. Airbnb Pricing Prediction (Cox, Morris, and Hig-
gins 2023) is composed of the following modalities used for
making a regression prediction of housing prices. Avito De-
mand Prediction (?) predicts the likelihood of an ad selling
something based on user item and context features.

4.2 Baselines
• MLLMs: We selected two state-of-the-art (SOTA) open-

source Multimodal Language Models (MLLMs) for ro-
bustness comparison: Kosmos-2 (Peng et al. 2023) and
Flamingo (Alayrac et al. 2022). This help show the com-
parison between large foundation models without robust
training.

• Robust Training: To evaluate the robustness of our text-
centric approach against traditional methods, we em-
ployed several robust training techniques for the down-
stream models. These included gaussian noise injection,
dropout, and adversarial training using Projected Gradi-
ent Descent (PGD) (Madry et al. 2017). These baselines
help demonstrate whether our text-based method, which
leverages LLMs, offers superior robustness compared to
traditional embedding-based methods.

• Text-Centric Approaches: We compared the effects of
naive(transform to text with no perturbation), random
perturbation and adversarial perturbation to determine
whether adversarial prompting provides greater robust-
ness than merely increasing input diversity and text trans-
formation.

4.3 Evaluation
Evaluation Protocol To evaluate the robustness of our mod-
els, we adopted similar methodologies outlined in MULTI-
BENCH (Liang et al. 2021). We define the following three
scenarios:
1. Noisy Modality: For images, we introduced Gaussian

noise at five different levels from 10% to 90%. For text
descriptions, we randomly dropped words with five lev-
els of probability from 10% to 50%. For table data,
we randomly dropped column features with probabilities
from 10% to 90%.

2. Dynamic Modality: Dynamically permute the order of
input modalities to test robustness. Text-centric align-
ment and token-based transformer models should exhibit
invariance to the order of tokens within a prompt.

3. Missing Modality: Randomly select modalities that
would be absent at test time. Zero vectors are filled in
for robust training.

Evaluation Metric Following our evaluation protocols de-
signed to mimic the modality-specific and multimodal im-
perfections described in MULTIBENCH, we evaluate both
Accuracy, MSE, RMSE under imperfections (relative robust-
ness) and the Drop ratio of performance when imperfections
are introduced (effective robustness).

Petfinder Airbnb Avito

ACC↑ Drop MSE↓ Drop RMSE↓ Drop

MLLM Kosmos2 .371 .883 .285 .954 .043 .953
Flamingo .374 .890 .283 .961 .044 .931

Robust Noise .296 .704 .478 .569 .080 .512
Training Dropout .313 .745 .430 .632 .067 .611

Adv .302 .719 .470 .578 .069 .594

Text Naive .386 .919 .277 .981 .042 .976
centric Random .390 .928 .280 .871 .043 .953

Adv .397 .945 .274 .992 .042 .977

Table 1: Dynamic Modality Evaluation. Both relative robust-
ness (left) and effective robustness (right) for three datasets
are shown. Text-centric adversarial prompting methods out-
performs all baselines and show strong invariance to dy-
namic input order. Robust training technique completely
failed as expected.

Petfinder Airbnb Avito

ACC↑ Drop MSE↓ Drop RMSE↓ Drop

MLLM Kosmos2 .302 .719 .320 .851 .050 .824
Flamingo .310 .738 .318 .855 .051 .803

Robust Noise .323 .769 .319 .852 .049 .836
Training Dropout .310 .738 .320 .850 .050 .824

Adv .330 .785 .308 .883 .048 .854

Text Naive .362 .861 .309 .880 .047 .872
centric Random .370 .881 .310 .877 .047 .871

Adv .378 .900 .302 .899 .046 .891

Table 2: Missing Modality Evaluation. Both relative robust-
ness (left) and effective robustness (right) for three datasets
are shown. Text-centric adversarial prompting methods out-
performs all baselines with a large margin.

4.4 Noisy Modality Results
Figure 3 illustrates that our method consistently achieves
the lowest drop ratio under noisy modality conditions, out-
performing other baselines, particularly at the highest noise
levels. For the Petfinder dataset, our text-centric adversar-
ial method experienced only an 11.3% drop, significantly
outperforming the robust training method at 15.2% and the
MLLMs, which saw a substantial drop of 28.5%. Simi-
lar patterns are observed in the Airbnb and Avito datasets,
where our method consistently surpasses all baselines. This
finding opens a future research direction to explore the text-
centric modality collapse problem.

4.5 Dynamic Modality Results
To evaluate the model’s invariance and robustness to differ-
ent modality input orders, we tested and averaged the re-
sults across all possible input permutations. Table 1 shows
that our method has the lowest drop ratio, outperforming
all other baselines. For the Petfinder dataset, our text-centric
adversarial method experienced only a 5.5% drop in perfor-
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Model Noisy Dynamic Missing
GPT-4o 0.4086 0.398 0.381
GPT-3.5-turbo 0.4037 0.398 0.379
Mixtral8x7b 0.4033 0.397 0.378
w/o alignment 0.3727 0.383 0.363
w/o perturbation 0.3659 0.386 0.362
w/o both 0.3342 0.373 0.302

Table 3: Ablation study on each module contribution and the
impact of different LLMs on PetFinder dataset. Both align-
ment module and perturbation module is necessary to per-
form well. GPT-4o offers the best performance, but the im-
pact between LLMs is not substantial and, at max, ∼2%.

mance, compared to 11.1% for the MLLMs, and far better
than robust training methods, which performed close to ran-
dom guessing, as expected. These trends are consistent in the
Airbnb and Avito datasets, where our method consistently
outperforms all baselines. The token-based, text-centric ap-
proach naturally provides an advantage in maintaining ro-
bustness against dynamic input orders, underscoring its ef-
fectiveness in various scenarios.

4.6 Missing Modality Results
To evaluate robustness under conditions of missing modal-
ities at test-time, we tested and averaged the results across
different combinations of dropped modalities. Table 2 shows
that our method achieves the lowest drop ratio, outperform-
ing all other baselines. For the Petfinder dataset, our text-
centric adversarial method experienced only a 10% drop,
which is significantly better than the robust training method
at 22.5% and the MLLMs at 26.2%. Similar observations are
made in the Airbnb and Avito datasets, where our method
consistently outperforms all baselines, reaffirming its supe-
rior robustness in scenarios with missing modalities.

4.7 Ablation Study
Module Ablation We examine the two primary compo-
nents of our method: the Alignment Module and the Per-
mutation Module. The results presented in Table 3 indicate
that both modules contribute almost equally to the overall
performance. When both modules are removed, the perfor-
mance drops significantly, nearing the levels observed with
standard MLLMs.

Language Model Ablation We adopted different LLMs
to test robustness across various LLMs and show that the im-
pact of model type and size is minor, with a maximum differ-
ence of around 2% in accuracy. Table 3 shows that GPT-4o
offers the best performance among all LLMs.

5 Qualitative Analysis and Findings
In this section, we delve into the qualitative aspects and ex-
plore how LLMs can effectively handle scenarios where in-
formation is either incomplete or lost across different modal-
ities and how LLMs compensate these lost information.
LLMs recover lost data from other modalities Figure 4
illustrates that even when critical information is lost from

Text with noise
The type of pet is Dog. The name of pet is Filo. The age
of pet when listed (in months) is 78.The color 1 of pet is
Brown. The fur length of pet is Short. The primary breed of
pet is Mixed Breed. The secondary breed of pet (if pet is of
mixed breed) is Unknown.
Summarization
This pet is a gentle and handsome 6-year-old mixed breed
dog named Filo. He has a light brown, short coat and soft
brown eyes.

Figure 4: The tabular data has dropped the color and fur
length column (gray). However, it was recovered (blue) after
applying alignment module with LLM that compensate the
information from input image.

Text with noise
Jack experienced it Jack dog even is He recovering but spe-
cial care skin which hair to Vet this was to Hopefully lover
who take good dog a
Summarization
Although the profile write-up for Jack Jack is somewhat
fragmented, it indicates that he has experienced some chal-
lenges but is on the road to recovery
Reasoning
3. **Health Condition**: Jack Jack has a minor injury and
is recovering. Potential adopters might be hesitant to take
on a pet that requires special care, even if the injury is mi-
nor.

Figure 5: This example demonstrates that alignment mod-
ule can compensate for noisy text input, transforming it into
clear descriptions.

one modality, our approach effectively leverages data from
other available modalities to reconstruct the missing content
and complementary information across different modalities
compensates for gaps, ensuring robust data recovery.
LLMs compensate missing information with knowledge
and transform implicit relations into explicit text de-
scription by reasoning. In scenarios where input text is
fragmented due to word dropout, and no relevant data is
available from other modalities, Figure 5 demonstrates how
our method utilizes the extensive knowledge embedded in
LLMs.

6 Conclusion
This study evaluates the robustness of text-centric multi-
modal alignment, revealing that it is less robust compared
to other robust training techniques. To address this, we pro-
pose a novel adversarial training approach specifically de-
signed for text-centric alignment, which outperforms exist-
ing baselines that demonstrates strong resistance to noise,
input permutation, and missing modalities. Ablation studies
further highlight both multimodal alignment and adversarial
permutation modules are crucial for enhancing robustness.
Additionally, our method is highly transferable across dif-
ferent LLMs. These insights contribute to the development
of more resilient multimodal alignment techniques.
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