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Abstract

Multimodal image-text models have shown remarkable performance in the past few years. However,
evaluating robustness against distribution shifts is crucial before adopting them in real-world
applications. In this work, we investigate the robustness of 12 popular open-sourced image-text
models under common perturbations on five tasks (image-text retrieval, visual reasoning, visual
entailment, image captioning, and text-to-image generation). In particular, we propose several new
multimodal robustness benchmarks by applying 17 image perturbation and 16 text perturbation
techniques on top of existing datasets. We observe that multimodal models are not robust to
image and text perturbations, especially to image perturbations. Among the tested perturbation
methods, character-level perturbations constitute the most severe distribution shift for text,
and zoom blur is the most severe shift for image data. We also introduce two new robustness
metrics (MMI for MultiModal Impact score and MOR. for Missing Object Rate) for proper
evaluations of multimodal models. We hope our extensive study sheds light on new directions for
the development of robust multimodal models. More details can be found on the project webpage:
https://MMRobustness.github.io.
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1 Introduction

Multimodal learning has drawn increasing attention, and many datasets and models are collected
and proposed to accelerate research in this field (Chen et al., 2020; Gan et al., 2020; Li et al.,
2022b, 2020b; Zhang et al., 2021; Radford et al., 2021; Kim et al., 2021; Li et al., 2021a, 2022a;
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Figure 1. Multimodal models are sensitive to image/text perturbations (original image-text pairs
are shown in blue boxes, perturbed ones are in red). Image captioning (Top): Adding image
perturbations can result in incorrect captions, e.g., the tabby kitten is mistakenly described as a
woman/dog. Text-to-image generation (bottom): Applying text perturbations can result in the
generated images containing incomplete visual information, e.g., the tree is missing in the two
examples above.

Yang et al., 2022; Dou et al., 2021; Ramesh et al., 2022; Wang et al., 2022b; Alayrac et al., 2022;
Radford et al., 2021; Yu et al., 2022). Despite the extraordinary performance and exciting potential,
we nd that multimodal models are often vulnerable under distribution shifts. In Figure 1, we
show interesting examples of image captioning under image perturbations using BLIP (Li et al.,
2022a), and text-to-image generation under text perturbations using Stable Di usion (Rombach
et al., 2022). For image captioning, we observe that by simply adding noise, blur, or pixelation
to the original image, the generated captions become incorrect. For text-to-image generation,
applying keyboard typos, OCR errors, or synonym replacements to the original sentence, can lead
to generated images containing incomplete visual information.

There is a sizable literature on robustness evaluation of unimodal vision models (Yin et al.,
2019; Zheng et al., 2016; Drenkow et al., 2021; Djolonga et al., 2021; Goyal et al., 2022; Paul and
Chen, 2022; Bhojanapalli et al., 2021; Mahmood et al., 2021; Mao et al., 2021; Aldahdooh et al.,
2021; Zhou et al., 2022; Wenzel et al., 2022) or unimodal language models (Wang et al., 2022c;
Chang et al., 2021; Wang et al., 2020; Rychalska et al., 2019; Goel et al., 2021; Singh et al., 2021,
Dong et al., 2021; Gui et al., 2021; Malfa and Kwiatkowska, 2022; Wang et al., 2021). Several
recent work (Galindo and Faria, 2021; Fort, 2021; Noever and Noever, 2021; Goh et al., 2021;
Daras and Dimakis, 2022) have unsystematically tested or probed a few pre-trained multimodal
models, including CLIP (Radford et al., 2021) and DALL-E 2 (Ramesh et al., 2022). However, the
robustness evaluation of multimodal image-text models under distribution shift has rarely been
studied. To our best knowledge, there is currently no benchmark dataset nor a comprehensive
study of how the perturbed data can a ect their performance. Hence in this work:

~ We build multimodal robustness evaluation benchmarks by leveraging existing datasets
and tasks, e.g., image-text retrieval (Flicker30K, COCOQ), visual reasoning (NLVRZ2), visual
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entailment (SNLI-VE), image captioning (COCO), and text-to-image generation (COCO).
We analyze the robustness of 12 multimodal models under distribution shifts, which include
17 image perturbation and 16 text perturbation methods.

We introduce two new robustness metrics, one termed MMI (MultiModal Impact score),

to account for the relative performance drop under distribution shift in 5 downstream

applications. The other one is named MOR (Missing Object Rate), which is based on
open-set language-guided object detection and the rst object-centric metric proposed for
text-to-image generation evaluation.

We nd that multimodal image-text models are more sensitive to image perturbations
than text perturbations. In addition, zoom blur is the most e ective attack for image
perturbations, while character-level perturbations show a higher impact than word-level and
sentence-level perturbations for text. In addition, we provided interpretations of performance
drop by di erent perturbation methods using Optimal Transport alignment and attention.

2 Related Work

Multimodal Learning has advanced quickly in recent years with appealing applications in
di erent elds, i.e., embodied learning (Bisk et al., 2020; Hu et al., 2019; Jain et al., 2022; Min
et al., 2022), multimedia image/video and language understanding (Zolfaghari et al., 2021; Erickson
et al., 2022; Rombach et al., 2022; Hu et al., 2022), and psychology (Liu et al., 2022b; Han et al.,
2022). Thanks to the larger datasets (Radford et al., 2021; Yuan et al., 2021; Schuhmann et al.,
2021, 2022; Patraucean et al., 2022) and larger transformer models (Zhai et al., 2022; Chen et al.,
2022; Brown et al., 2020; Chowdhery et al., 2022; Liang et al., 2022), many powerful multimodal
image-text models have been developed and shown great capability. However, unlike unimodal
models, the robustness study of multimodal models under distribution shift has rarely been
explored.

Robustness of Multimodal Models There is a sizable literature on robustness evaluation
of unimodal vision models (Yin et al., 2019; Zheng et al., 2016; Drenkow et al., 2021; Djolonga
et al., 2021; Goyal et al., 2022; Paul and Chen, 2022; Bhojanapalli et al., 2021; Mahmood et al.,
2021; Mao et al., 2021; Aldahdooh et al., 2021; Zhou et al., 2022) or unimodal language models
(Wang et al., 2022c; Chang et al., 2021; Wang et al., 2020; Rychalska et al., 2019; Goel et al., 2021,
Singh et al., 2021; Dong et al., 2021; Gui et al., 2021; Malfa and Kwiatkowska, 2022; Wang et al.,
2021). However, robustness evaluation of multimodal image-text models under distribution shift
has rarely been studied (Goh et al., 2021; Daras and Dimakis, 2022). Previous works Galindo and
Faria (2021); Fort (2021); Goh et al. (2021); Noever and Noever (2021) have unsystematically
tested some pre-trained models, i.e., CLIP Radford et al. (2021), by attacking with text patches
and adversarial pixel perturbations. Daras and Dimakis (2022) found that DALLE-2 (Ramesh

et al., 2022) has a hidden vocabulary that can be used to generate images with absurd prompts.
Fang et al. (2022) found that diverse training distribution is the main cause for robustness gains.
Cho et al. (2022) studied the text-to-image generative models about visual reasoning skills and
social bias. For benchmarks, Li et al. (2021b) collected an Adversarial VQA dataset to evaluate
the robustness of VQA models. Schiappa et al. (2022) studied the robustness of video-text models
under perturbations, but they only focused on one video-text retrieval task. In this work, we
conduct a systematic robustness evaluation of recent multimodal image-text models on 5 di erent
downstream tasks based on new datasets and metrics. (More related work can be found in
Appendix J).
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3 Multimodal Robustness Benchmark

Distribution shift is one of the signi cant problems of applying models in real-world scenarios (Taori
et al., 2020; Liu et al., 2022c). Distribution shift happens when the training data distribution
Pr (X j y) is dierent from the data distribution to which the model has applied at test time
Pe(X j ¥). A model is said to be robust on the out-of-distribution (OOD) data, if it still produces
accurate predictions on the test data. To evaluate the robustness of large pretrained multimodal
models under distribution shift, we start by building several evaluation benchmark datasets via
perturbing the original image-text pairs on either the image side or text side. We use these
perturbations to simulate distribution shifts of various intensities and use them to stress-test the
robustness of the given models.

3.1 Image Perturbation

To simulate distribution shifts for the image data, we adopt the perturbation strategies from
ImageNet-C (Hendrycks and Dietterich, 2019) and Stylize-ImageNet (Geirhos et al., 2019; Michaelis
et al., 2019). We include Stylize-ImageNet for its e ectiveness in perturbing the original image
by breaking its shape and texture (Geirhos et al., 2019). Examples of the perturbed images can
be seen in Figure 2. The perturbations are grouped into ve categoriesnoise, blur, weather,
digital , and stylize . Speci cally, we use 17 image perturbation techniques, (1) NoiseGaussian
noise, shot noise impulse noise speckle noise (2) Blur: defocus blur frosted glass bluy motion
blur, zoom blur; (3) Weather: snow, frost, fog, brightness (4) Digital: contrast, elastic, pixelate,
JPEG compression and (5) stylize. Note that real-world corruptions can manifest themselves
at varying intensities, we thus introduce variation for each corruption following (Hendrycks and
Dietterich, 2019; Geirhos et al., 2019; Michaelis et al., 2019). In our evaluation setting, each
category has ve levels of severity, resulting in 85 perturbation methods in total. More details
can be found in Appendix Sec. A. Note that these strategies are commonly considered synthetic
distribution shifts and can serve as a good starting point since they are precisely de ned and easy

to apply.

Figure 2: Examples of our 17 image perturbations. The original image is taken from the COCO
dataset and shown on the top left.
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3.2 Text Perturbation

To simulate the distribution shifts in language, we design 16 text perturbation techniques grouped
into three categories: character-level, word-level , and sentence-level . Examples of the
text perturbations are shown in Table 1. In detail, for character-level perturbation, we adopt 6
strategies from (Ma, 2019), includingkeyboard, OCR character insert (Cl) , character replace (CR),
character swap (CS) character delete (CD). These perturbations can be considered as simulating
real-world typos or mistakes during typing. For word-level perturbation, we adopt 5 strategies
from EDA and AEDA (Wei and Zou, 2019; Karimi et al., 2021), including synonym replacement
(SR), word insertion (WR) , word swap (WS) word deletion (WD), and insert punctuation (IP) .
These perturbations aim to simulate di erent writing habits that people may replace, delete, or
add words to express the same meaning. For sentence-level perturbation, (1) we rst adopt the
style transformation strategies from (Li et al., 2018; Etinger and Black, 2019; Schmidt, 2020;
Schiappa et al., 2022), i.e., transferring the style of text intoformal, casual passive and active;
(2) we also adopt the back translation method from (Ma, 2019). These perturbations will focus
more on language semantics, due to the di erences in speaking or writing styles, or translation
errors. Similar to image perturbations, we introduce severity levels to each strategy. For strategies
within the character-level and word-level perturbations, we apply 5 severity levels similar to
image perturbations, while for strategies within the sentence-level perturbations, there is only one
severity level. This leads to a total of 60 text perturbation methods. More details about each text
perturbation strategy can be found in Appendix Sec. A. We emphasize that these perturbation
techniques cover some of the actual text distribution shifts we encounter in real-world applications
(e.g., typos, word swaps, style changes, etc.). Models for text data that are deployed in real-world
settings need to be robust with respect to these perturbations.

Table 1: Example of our 16 text perturbations. The original text is taken from the COCO dataset
and denoted as clean in the rst row.

Category Perturbation \ Example
Original Clean \ An orange metal bowl strainer lled with apples.
Keyboard \ An orange metal bowk strainer lled wit] apples.
OCR \ An Orange metal bowl strainer lled with apples.
(¢]] \ And orange metal bowl strainer lled with atpples.
Character - -
R \ An orange metal towl strainer llet with apples.
CS \ An orange meail bowl stariner lled with apples.
CD \ An orang[X] metal bowl strainer I[X]ed with apples.
SR \ An orange bowl strainer lled with apples.
Wi \ An orange metal bowl strainer lled with apples.
WS \ An orange metal lled with apples.
Word WD \ An orange metal bowl strainer with apples.
P \ An orange metal bowl ? strainer lled with apples.
Formal \ An orange metal bowl strainer apples.
Casual \ An orange metal bowl is lled with apples.
Sentence Passive \ apples in an orange metal bowl strainer.
Active \ apples in an orange metal bowl strainer.
Back trans \ Apples an orange metal bowl strainer.
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Table 2: Evaluation tasks, datasets, models and metrics used in our study.

Task Datasets Models Evaluation metrics

Image-text Retrieval Flicker30K, COCO CLIP, ViLT, TCL, ALBEF, BLIP Recall R@K, K= f1;5;10g, and RSUM
Visual Reasoning NLVR2 ALBEF, ViLT, BLIP, TCL, METER Prediction accuracy

Visual Entailment SNLI-VE ALBEF, TCL, METER Prediction accuracy

Image Captioning [efe]efe} BLIP, GRIT, LLaVA, Mini-GPT4, BLIP2 BLEU, METEOR, ROUGE-L, CIDEr
Text-to-image Generation COCO Stable Di usion, GLIDE FID, CLIP-FID, MOR (ours)

Fidelity = To build a convincing benchmark, we need to ensure that the perturbed text has the
same semantics as the original one. Otherwise, for image-text pairs in multimodal learning, the
perturbed text will not match the original image and, hence, would no longer represent a meaningful
image-text pair. In this work, we use paraphrases from pretrained sentence-transformers (Reimers
and Gurevych, 2019) to evaluate the semantic similarity between the original and the perturbed
sentences. Speci cally, \paraphrase-mpnet-base-v2" (Reimers and Gurevych, 2019) is used to
extract the original and perturbed sentence embeddings for computing similarity score 5. Given a
prede ned tolerance threshold g, a higher score ¢ > o means the perturbed text still has similar
semantics with the original text. However, if s< ¢ indicating their semantics are di erent, we
will perturb the sentence again until the semantic similarity score meets the requirement, in a
reasonable looping timeNnhax = 100. Beyond Npnax , We will remove this text sample from our
robustness benchmark. More details about the delity control process can be found in Appendix
Sec. A. This procedure guarantees semantic closeness and ensures our perturbed data could serve
as a valid evaluation benchmark for multimodal image-text models.

4 Experiments

Using our multimodal robustness benchmark, we are able to answer the following questiong1)
How robust are multimodal pretrained image-text models under distribution shift? (2) What is
the sensitivity of each model under di erent perturbation methods? (3) Which model architecture
or loss objectives might be more robust under image or text perturbations?4) Are there any
particular image/text perturbation methods that can consistently show signi cant in uence?

4.1 Evaluation Tasks, Datasets and Models

As shown in Table 2, we select ve widely adopted downstream tasks for a comprehensive
robustness evaluation under distribution shift, including image-text retrieval, visual reasoning
(VR), visual entailment (VE), image captioning, and text-to-image generation. For each task, we
perturb the corresponding datasets, i.e., Flickr30K (Young et al., 2014), COCO (Lin et al., 2014) ,
NLVR2 (Suhr et al., 2017), and SNLI-VE (Xie et al., 2018, 2019b), using the image perturbation
(IP) and text perturbation (TP) methods introduced in Sec. 3. This leads to our 8 benchmark
datasets: (1) Flickr30K-IP, Flickr30K-TP, COCO-IP, and COCO-TP for image-text retrieval
evaluation; (2) NLVR2-IP and NLVR2-TP for visual reasoning evaluation; (3) SNLI-VE-IP and
SNLI-VE-TP for visual entailment evaluation; (4) COCO-IP for image captioning evaluation;
and (5) COCO-TP for text-to-image generation evaluation. We select 12 representative large
multimodal models, which have publicly released their code and pretrained weights: CLIP (Radford
et al., 2021), ViLT (Kim et al., 2021), ALBEF (Li et al., 2021a), BLIP (Li et al., 2022a), TCL (Yang

et al., 2022), METER (Dou et al., 2021), GRIT (Nguyen et al., 2022), LLaVa (Liu et al., 2023),
Mini-GPT4 (Zhu et al., 2023), BLIP2 (Li et al., 2023), GLIDE (Nichol et al., 2022) and Stable
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Di usion (Rombach et al., 2022). We appreciate the authors for making their models publicly
available.

4.2 Evaluation Metrics

We adopt standard evaluation metrics for each task. To be speci c, for image-text retrieval, we use
recall and RSUM (i.e., the sum of recall R@K metric (Wu et al., 2019)). As for visual reasoning
and visual entailment tasks, we use prediction accuracy. For image captioning, we use standard
text evaluation metrics, i.e., BLEU (Papineni et al., 2002), METEOR (Denkowski and Lavie,
2014), ROUGE-L (Lin, 2004), and CIDEr (Vedantam et al., 2015). For text-to-image generation,
we use FID (Heusel et al., 2017) and CLIP-FID (Kynkaanniemi et al., 2022; Parmar et al., 2022)
scores, and our proposed MOR (details will be introduced later) to evaluate the quality of the
generated images.

MultiModal Impact score (MMI) To evaluate the robustness of a model, it is crucial to
measure the relative performance drop between the in-distribution (ID) and out-of-distribution
(OOD) performance. Recall the example given by Taori et al. (2020), letd; be the ID dataset
(where the model is trained), andd, be an OOD dataset, then a modelm; should be considered
more robust than model m, if m;'s performance drop is less signi cant thanm, when evaluated
from d; to dy, even thoughm,'s absolute accuracy/recall ond, may still be higher than m1's.
To quantitatively measure the robustness of multimodal image-text models, we introduce a new
robustness evaluation metric, termedM ulti M odal | mpact score (MMI). We compute MMI as
the averaged performance drop compared with the non-perturbed performance (\clean"), i.e.,
MMI = (sc sp)=sc where sy is the perturbed score ands. is the clean score. Here, the score
can be any standard metric mentioned above, e.g., recall, RSUM, accuracy, FID, and CLIP-FID.
In the following experiments, we report both the standard evaluation metrics on the perturbed
(OOD) datasets as well as their corresponding MMI variants. More details about experimental
settings can be found in Appendix Sec. B.

4.3 Robustness Evaluation under Distribution Shift

Image-text retrieval We present the evaluation results under image perturbations in Table 3
[Top] and results under text perturbations in Table 3 [Bottom]. For simplicity, we only report the
RSUM scores here, and the detailed results on each recall (i.e., R1, R5, and R10) and perturbation
level can be found in Appendix Sec. C.

Inspecting Table 3 [Top], we observe that the performance of all models drops under image
perturbation. Although di erent perturbation methods have various impacts on di erent models,
we observe the following general trends. We nd that most multimodal models are most sensitive to
zoom blur. Additionally, we nd that glass blurand brightnessare the two \softest" perturbation
methods, where the performance of all evaluated models deteriorates the least. Comparing the
MMI score for both Flickr30K and COCO datasets, CLIP zero-shot (ZS) is more robust than other
models, possibly due to it being trained on the large WIT400M dataset (Radford et al., 2021).
As indicated in Taori et al. (2020), training models on large and diverse datasets often leads to
increased robustness. For text perturbations in Table 3 [Bottom], we also nd the performance of
all models drop. In addition, we observe the following general trends. Character-level perturbations
show more in uence than word-level and sentence-level perturbations. In particular.keyboard
and character replace (CR) consistently show a high impact on models' robustness, whilensert
punctuation (IP) , formal, and active are the least e ective text perturbations.



Benchmarking Robustness of Multimodal Image-Text Models under Distribution Shift

Table 3: Image-text retrieval. [Top] Robustness evaluations on Flickr30k-IP and COCO-IP.
[Bottom] Robustness evaluations on Flickr30k-TP and COCO-TP datasets. We report averaged
RSUM where the most e ective perturbation results are marked in bold, and the least e ective

perturbation results are underlined. The MMI impact score is marked in blue, the lower the

better.

Noise Blur Weather Digital Stylize

Dataset Method |Clean |Gauss. ShotimpulseSpeckle  PefocusGlassMotionZoom | Snow Frost Fog Bright  [ContrastElastic Pixel JIPEG [Stylize |ave | MMI

VILT FT 522.0 |413.0419.6 396.9 387.1 417.6 489.0 388.4 236.3 |332.7 453.1 455.8 496.9 372.2 461.7 277.4 487.6 |387.1 W08.7# 21.7%
CLIP ZS |533.7 |501.7 504.2 481.2 5155 502.1 530.1 509.7 457.8 |470.7 495.6 519.7 530.1 5154 510.4 469.5 524.6 [447.6 {499.2|# 6.5%
Flickr30K CLIP FT 544.3 |500.1503.8 479.1 522.1 493.3 536.9 513.3 444.4 |464.4 503.2 529.7 543.5 521.5 513.9 453.9 528.6 436.9 499.3|# 8.3%
TCL ZS 563.8 |464.9 467.0 458.4 498.0 429.8 506.6 388.5 251.3 |407.3 449.5 434.2 509.1 473.2 434.4 247.2 502.2 343.4 A27.4% 24.2%
TCL FT 573.4 |529.9 532.6 527.7 551.6 504.5 566.0 513.9 397.3 |521.7 551.0 554.1 568.0 557.1 421.0 372.0 555.4 [448.7 516.2# 10.0%
ALBEF FT |577.7 |533.8538.3 532.0 557.8 528.8 569.2 516.0 416.1 |532.0 558.1 560.4 572.0 550.6 538.7 435.9 559.8 464.1 B27.3|# 8.7%
BLIP FT 580.9 [536.2 538.9 528.6 560.8 529.4 571.6 525.7 412.1 |456.6 513.4 568.5 574.4 555.1 545.6 490.8 563.8 482.1 B27.2|# 9.2%

VILT 441.5 |372.2372.6 362.9 396.7 378.1 432.0 365.4 193.7 |281.1 366.1 398.1 422.4 327.1 402.2 229.8 425.8 333.9 356.5 19.3%

CLIP ZS |394.5|363.0361.2 330.2 368.7 358.7 391.6 362.2 294.6 [P94.7 329.0371.8 391.9 356.4 369.7 308.2 388.0 314.9 B50.3f 11.2%

CLIP FT 420.5 |367.2 365.3 331.7 3815 371.0 412.2 3744 291.0 P289.3 337.3389.9 413.9 371.7 379.7 306.4 402.1 310.2 B58.5¢ 14,7%

coco TCL ZS 477.2 |419.8 418.4 418.4 439.0 400.0 450.8 357.5 177.3 |316.5 372.0 400.6 452.2 416.1 369.0 190.3 442.7 280.1 B71.8§ 22.1%
TCL FT 497.2 |454.3 454.4 453.9 468.1 447.8 491.9 433.8 259.9 |408.9 443.2 470.1 489.1 467.8 438.2 309.1 474.9 360.9 #30.9f 13.3%

ALBEF FT |504.6 [460.0 460.6 460.3 376.4 447.1 493.0 436.5 282.2 |408.8 449.8 472.6 493.8 452.1 455.0 347.0 480.9 475.8 ¥38.3# 13.1%

BLIP FT 516.6 |471.9 472.1 467.7 489.5 466.1 507.2 451.7 291.6 |432.8 471.8 494.2 506.8 470.4 472.3 404.7 499.6 402.9 U58.7# 11.2%

Character-level Word-level Sentence-level

Dataset Method |Clean KeyboardOCR CI  CR CS  CD | SR Wi ws wbp P [FormalCasualPassiveActiveBack _trans |ave | MMI
VILT FT 522.0 | 385.3 461.9388.0 386.2 395.6 398.6 471.9 4922 480.1 489.8 507.7 510.1 504.5 488.1 508.3 500.1 60.5§ 11.8%
CLIP ZS 533.7 | 431.8 478.2450.5 435.2 444.6 4513 497.1 509.6 503.3 514.1 519.4 531.7 529.3 524.8 531.4 524.2 92.3|# 7.8%

Flickr30K CLIP FT 5443 | 458.4 500.1477.6 461.6 471.1 4755 515.4 530.4 526.0 531.1 536.4 545.8 542.1 537.9 545.1 537.3 12.0 |# 5.9%
TCL ZS 563.8 433.3 499.9443.3 4284 444.4 4489 |511.9 523.8 519.1 528.8 548.6 544.4 542.4 530.1 547.1 535.8 01.9% 11.0%
TCL FT 573.4 494.3 545.0504.9 4928 5019 5024 |554.7 566.4 560.0 564.2 573.4 571.5 569.6 562.8 572.1 566.5 43.9|# 5.1%
ALBEF FT |577.7 506.2 552.0516.2 505.0 511.7 513.0 |561.9 571.6 568.6 570.0 577.7 576.2 575.0 569.5 576.4 572.5 51.5|# 4.5%
BLIP FT 580.9 | 518.0 559.5527.3 518.0 526.4 525.7 |565.6 576.1 572.8 573.8 580.7 579.0 578.6 574.5 579.6 574.7 58.1|# 3.9%
ViLT 4415 | 319.2 386.2327.0 321.7 333.1 3341 397.8 4175 4044 4136 433.1 436.5 433.6 423.2 437.1 426.0 90.3f 11.6%
CLIP ZS 3945 | 2855 286.4286.1 2854 2856 2858 |347.5 363.8 3555 368.6 374.2 393.0 391.6 379.6 393.5 381.2 41.5 ¢ 13.4%
CLIP FT 420.5 316.1 316.7316.5 316.4 316.7 315.6 |376.2 394.6 389.9 395.3 406.6 417.3 415.2 408.7 419.4 406.2 70.5¢ 11.9%

coco TCL ZS 477.2 | 368.0 428.4381.3 368.4 382.0 3834 439.3 453.4 4457 450.9 477.2 474.4 471.8 464.7 4757 462.0 32.9|# 9.3%
TCL FT 497.2 | 397.8 455.1412.0 398.5 408.8 4105 463.7 481.3 471.8 477.7 497.1 494.6 493.0 487.3 496.0 483.5 58.0|# 7.9%
ALBEF FT |504.6 | 4045 461.7418.9 406.1 414.7 4155 471.4 4889 483.3 486.3 504.5 503.1 502.0 496.4 503.7 4913 65.8|# 7.7%
BLIP FT 516.6 | 429.1 479.1442.4 430.8 4413 4414 484.3 502.1 494.6 499.7 515.8 514.4 5136 508.1 5154 504.3 82.3|# 6.6%

For both image and text perturbations, we see that BLIP shows the best robustness performance
on two datasets, i.e., the lowest MMI score. We hypothesize that using an encoder-decoder
architecture and generative language modeling objective in BLIP is helpful for image-text retrieval.
Given the recent paradigm shift to using generative loss objectives in pre-training multimodal
models, e.g., BLIP (Li et al., 2022a), CoCa (Yu et al., 2022), SimVLM (Wang et al., 2022d)
PaLl (Chen et al., 2022), Uni ed-10 (Lu et al., 2022), OFA (Wang et al., 2022b), we believe this
observation could be generalized to other multimodal tasks.

We provide qualitative evidence by visualizing the cross-modal alignment between the image
patch and word query using optimal transport (Kim et al., 2021). As shown in Figure 3, when
using GT image-text pair, the retrieval model can accurately locate the image patches given word
guery. After image perturbations, in particular the ones with high impact like pixelate and zoom
blur, we can clearly see that the model has di culties nding the correct alignment. However,
for the \softest" perturbations like brightnessand glass blut the model is still able to generate a
transport plan (OT coupling matrix) between word and image patch. Similarly, in Figure 4 where
the text are perturbed, we can see the retrieval model cannot locate the correct word query under
keyboard and CR, but still functions well under IP and formal. Overall, the visualization of word
patch alignments in Figure 3 and 4 con rm the conclusion drawn from Table 3, showing that the
alignments are worst for perturbations that lead to highest performance degradation.
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Figure 3: Optimal Transport (OT) alignment  Figure 4: Optimal Transport (OT) alignment
visualization between text and perturbed visualization betweenperturbed text and im-
images, where pixelate and zoom blur are ages, wherekeyboard and character replace are
two high-e ective image perturbation methods, two high-e ective text perturbation methods,
brightness and glass blurare two low-e ective  insert punctuation and formal are two soft ones.
ones.

Visual reasoning and visual entailment These two tasks are commonly considered to be
multimodal classi cation problems. We present the accuracy results in Tables 11 & 13, and
Tables 12 & 14 (in Appendix Sec. D and Appendix Sec. E) under image and text perturbations,
respectively.

For both the visual reasoning (VR) and visual entailment (VE) task, we observe that zoom
blur consistently impacts the model performance the most. Character-level perturbations show
a stronger in uence than word-level and sentence-level perturbations, which conform to the
observation for image-text retrieval. Note that for visual reasoning, the most in uential text
perturbations are di erent across the di erent models, but they all belong to the character-level
perturbation category. Glass blur is the \softest" image perturbation for visual reasoning and
brightnessfor visual entailment. Regarding text perturbations, insert punctuation and sentence-
level perturbations like formal and active have the least impact on the model's performance for
both tasks.

Interestingly, when comparing the robustness of the di erent models, we make the following
observation. Despite TCL is closely related to ALBEF, its robustness performance in terms
of MMI score is signi cantly better. The major di erence between both models is that TCL
incorporates an intra-modal contrastive loss objective on top of ALBEF, which enforces the learned
representations to be semantic meaningful. Additionally to our ndings, it has been previously
shown that this strategy is also useful in mitigating the noise in training data (Yang et al., 2022).
Building on these observations, we recommend that we should consider both intra-modal and
cross-modal relations in multimodal representation learning to improve the robustness.

Image captioning In this section, we present the image captioning results of BLIP (Li et al.,
2022a) and GRIT (Nguyen et al., 2022) under image perturbations. We present the common
evaluation metric Bleu_4 and CIDEr in Figure 5 and leave other metrics and more results with
LLaVa (Liu et al., 2023), Mini-GPT4 (Zhu et al., 2023), BLIP2 (Li et al., 2023) to Appendix
Sec. F. As shown in Figure 5,zoom blur consistently has the most considerable impact across
all perturbations on both models. On the other hand, both models are least sensitive talass
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Figure 5: (a) Image captioning results of BLIP; (b) Image captioning results of GRIT; (c) Grad-
CAM visualizations on the cross-attention maps corresponding to individual words under image
perturbations, where zoom blur and pixelate perturbed images show worse word-image attention
alignment than the brightness perturbed image. For example, inzoom blur and pixelate, the
\door" and \glasses" words' attention maps are not matched with the correct image patches, while
in pixelate, all words' attention maps match correctly.

blur, brightness and JPEG compression In addition, we nd that across all considered six
evaluation metrics, the CIDEr scores are most sensitive to the perturbations, which suggests it is
an informative metric for robustness evaluation.

We provide further insights into the e ect of the perturbations by inspecting the Grad-CAM
(Selvaraju et al., 2017) visualization of BLIP in Figure 5 (c). Given an image, we expect that a
robust model is able to attend to di erent objects according to the word query. Con rming the
results shown in the bar plots of Figure 5, we nd that \hardest" perturbations, including zoom
blur and pixelate distract the attention of the model the most. For instance, BLIP cannot localize
the table or the glasses in the perturbed images. However, for \soft" perturbations like brightness,
BLIP is able to provide reasonable localization.

Text-to-image generation We present a robustness evaluation for text-to-image generation
using two popular generative models, Stable Di usion (Rombach et al., 2022) and GLIDE (Nichol

et al., 2022), under text perturbations. Due to limited space, we only show results and the analysis
for Stable Di usion here and present the results for GLIDE in Appendix Sec. G. Since diversity

is essential in text-to-image generation, we generate multiple images given one text for a proper
analysis. To assess the diversity, we provide three evaluation settings, where each caption in the
dataset is used to generate 4, 8, and 16 images. We adopt the common FID (Heusel et al., 2017)
score and CLIP-FID (Kynkaanniemi et al., 2022; Parmar et al., 2022) score as evaluation metrics
and report the mean and standard deviation.

As shown in Figure 6 (a) and (b), we surprisingly nd that even for the generation task,
character-level perturbations a ect the robustness of the models the most compared to word-level
and sentence-level perturbations. Furthermore, generating more images reduces the variance
under each perturbation (e.g., comparing the green against the blue bars). Additionally, we
perform a t-test on the generated images and nd them to be not correlated after perturbation
according to the p-value. This indicates that most text perturbations have an in uence on
text-to-image generation. Our nding is also corroborated by recent prompt engineering work,
where well-designed prompt components can produce coherent outputs (Liu and Chilton, 2022).
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