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Abstract

The robustness of multimodal deep learning
models to realistic changes in the input text is
critical for their applicability to important tasks
such as text-to-image retrieval and cross-modal
entailment. To measure robustness, several
existing approaches edit the text data, but
do so without leveraging the cross-modal
information present in multimodal data.
Information from the visual modality, such
as color, size, and shape, provide additional
attributes that users can include in their
inputs. Thus, we propose cross-modal attribute
insertions as a realistic perturbation strategy
for vision-and-language data that inserts visual
attributes of the objects in the image into the
corresponding text (e.g., “girl on a chair” →
“little girl on a wooden chair”). Our proposed
approach for cross-modal attribute insertions
is modular, controllable, and task-agnostic.
We find that augmenting input text using
cross-modal insertions causes state-of-the-art
approaches for text-to-image retrieval and
cross-modal entailment to perform poorly,
resulting in relative drops of ∼ 15% in
MRR and ∼ 20% in F1 score, respectively.
Crowd-sourced annotations demonstrate that
cross-modal insertions lead to higher quality
augmentations for multimodal data than
augmentations using text-only data, and are
equivalent in quality to original examples. We
release the code to encourage robustness eval-
uations of deep vision-and-language models:
https://github.com/claws-lab/
multimodal-robustness-xmai.

1 Introduction

The ability to model the interaction of information
in vision and language modalities powers several
web applications — text-to-image search (He et al.,
2016), summarizing multimodal content (Zhu et al.,
2018), visual question answering (Antol et al.,
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Figure 1: We propose Cross-Modal Attribute Insertions
(XMAI) — an approach that leverages cross-modal in-
teractions in multimodal data to obtain meaningful text
augmentations that methods using text-only information
(e.g., CLARE) cannot provide. These augmentations
highlight vulnerabilities of multimodal models; in this
case, the corresponding image is retrieved at a worse
rank (104→ 506) for the modified caption.

2015), and editing images using language com-
mands (Shi et al., 2021). Ensuring satisfactory
user experience within such applications necessi-
tates the development of multimodal models that
can robustly process text and image data, jointly.

Existing research has demonstrated the brittle
reasoning mechanism of text-only and image-only
models by introducing variations in the inputs (Ev-
timov et al., 2020; Li et al., 2021a). Furthermore,
prior work have established controlled generation
methods for text (Ross et al., 2022), including
counterfactuals for model assessment (Madaan
et al., 2021; Wu et al., 2021). However, beyond
applying modality-specific perturbations to mul-
timodal (image + text) data (Qiu et al., 2022) ,
existing research has not studied the robustness of
models to likely augmentations in text that lever-
age cross-modal interactions. Specifically, current
research on text augmentation considers the fol-
lowing likely variations: skipping certain words,
introducing typographical errors, inserting noun or
verb modifiers, or using synonyms. Consequently,
to study the robustness of deep models, several
automated methods have been developed to intro-
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duce these variations in the text. However, while
these text-only perturbations can cover more varia-
tions, they are by no means exhaustive with respect
to multimodal data. In the context of multimodal
data, the text accompanying an image can be mean-
ingfully perturbed to include information from the
image. For instance, users can issue a query on
a search engine that specifies attributes of the de-
sired image(s); ‘a male driver posing with a red
car’ instead of ‘a driver posing with a car.’ Ex-
isting augmentation approaches can only model
text-only data and cannot introduce relevant cross-
modal information (like ‘male’ and ‘red’ in the
above example) while generating augmentations.

We propose novel text variations that leverage
the image modality to insert relevant information
into the text, which we call cross-modal attribute
insertions. Our method inserts attributes of ob-
jects that are both present in the image and men-
tioned in the text. To do so, cross-modal attribute
insertion uses object detection to capture objects
and their attributes in the image (Anderson et al.,
2018), and masked-language modeling to place
those attributes prior to the object’s mentions in
the text (Devlin et al., 2019) (see Figure 1). Addi-
tionally, we use embedding similarities to expand
the search space of possible augmentations, and
introduce an adversarial component to estimate the
robustness of multimodal models.

Our proposed approach is highly modular, con-
trollable, and task-agnostic. Different modules gov-
ern attribute selection from images, cross-modal
object matching, attribute insertion in text, and ad-
versarial strength of the augmented example. The
contribution of these modules toward the final aug-
mented text can be controlled using weights that
can be tuned as hyper-parameters. Finally, our
approach for generating augmentations does not
involve any parameter training, which makes it
task-agnostic and broadly applicable.

We demonstrate the applicability of our cross-
modal attribute insertion approach by generating
augmentations for assessing the robustness of mod-
els for two different multimodal tasks — (a) text-to-
image retrieval and (b) cross-modal entailment. To-
gether, these two tasks are representative of ranking
and classification multimodal tasks. Our evaluation
comprises assessing the robustness of state-of-the-
art multimodal learning approaches for these tasks
to our augmentations as well as quantifying the rel-
evance of generated augmentations to unmodified

examples. We contrast our cross-modal attribute
insertions with several baseline approaches that
model text-only information.
Our key contributions and findings are:
• We propose cross-modal attribute insertions as
a new realistic variation in multimodal data. Our
proposed approach introduces these variations in a
modular, controllable, and task-agnostic manner.
• We demonstrate that state-of-the-art approaches
for text-to-image retrieval and cross-modal entail-
ment are not robust to cross-modal attribute inser-
tions, demonstrating relative drops of ∼ 15% and
∼ 20% in MRR and F1 score, respectively.
• While being as effective as existing text-only
augmentation methods in highlighting model vul-
nerabilities, our approach produces augmentations
that human annotators perceive to be of better qual-
ity than the most competitive text-only augmenta-
tion method. Furthermore, our method matches
the quality of unmodified textual examples, while
being at least 9× faster than the most competitive
baseline across the two multimodal tasks.

Overall, we find that cross-modal attribute inser-
tions produce novel, realistic, and human-preferred
text augmentations that are complementary to cur-
rent text-only perturbations, and effectively high-
light the vulnerabilities of multimodal models. Fu-
ture work could employ our augmentation strategy
to evaluate and develop more robust vision-and-
language models.

2 Related Work

Text Augmentations in Multimodal Data: Exist-
ing research investigating the robustness of deep
learning models for natural language processing
has proposed several automated approaches to in-
troduce plausible variations in the text. Ribeiro
et al. (2020) and Naik et al. (2018) propose a com-
prehensive list of perturbations that NLP models
should be robust to — including distracting phrases,
URLs, word contractions and extensions. Many of
these perturbations are task-agnostic and hence can
be used to modify the text in multimodal (image +
text) data as well. Similarly, other task-agnostic ap-
proaches to modify text data include random dele-
tion, swapping, and insertion of words (Wei and
Zou, 2019) and replacing, inserting, and merging
words or phrases using masked language model-
ing (Li et al., 2021a). TextAttack (Morris et al.,
2020) provides a comprehensive categorization of
such methods and a framework to implement them.
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Figure 2: Schematic depicting cross-modal attributes insertion. For each input example (1), we find objects
that are depicted in the image and also mentioned in the text (2). Masked-language modeling is used to predict
potential words that could describe common objects, leading to candidate augmentations (3). However, the final
strategy takes into consideration the similarity of predicted words with the detected attribute for the object (4) and
the cross-modal dissimilarity between augmented text and the original image (5) using λi hyper-parameters. The
augmentation strategy is also presented as an algorithm in Appendix Alg. 1.

However, these methods lack in two critical ways:
(i) automated text augmentations often compromise
the semantic meaning to notable extents (Wang
et al., 2021), and (ii) they only rely on the informa-
tion contained in the text modality. In this work, we
introduce augmentations in the textual part of multi-
modal data using TextAttack methods and consider
them as baseline augmentations. Then to overcome
the flaws mentioned, we propose an approach that
leverages the information in the visual modality to
insert visual attributes in the textual modality (i.e.,
cross-modal attribute insertions).

Robustness of Multimodal Models: Previous
studies independently introduce unimodal pertur-
bations in the visual or textual part of the input to
study multimodal robustness. This could involve
introducing imperceptible adversarial noise in the
images and independently modifying the text using
the augmentation approaches discussed earlier (Li
et al., 2021a; Ribeiro et al., 2020; Wei and Zou,
2019). For instance, Chen et al. (2020) synthesize
counterfactual samples of multimodal data using
language models to modify the text. To ensure the
preservation of the semantic meaning in the aug-
mented text, Sheng et al. (2021) and Li et al.
(2021b) employ humans to perturb the textual ques-
tions to fool the state-of-the-art models for Visual
Question Answering (Antol et al., 2015). In a step
towards using cross-modal interactions in image-
text data to generate realistic variations, Verma et al.
(2022) proposed adding relevant information from
the image to expand the original textual description,
and assess the robustness of multimodal classifiers.
Our work proposes a different approach to leverage
cross-modal associations to augment multimodal

data. Instead of expanding the original text, we
insert attributes of objects in the image that are
also mentioned in the corresponding text to modify
the original text. Additionally, our work considers
more multimodal tasks by studying text-to-image
retrieval and cross-modal entailment.

3 Cross-Modal Attribute Insertions

Our approach for augmenting text in multimodal
data involves identifying objects in the image that
are also mentioned in the text, and inserting words
similar to their attributes in the text at relevant
places. An overview of our approach (XMAI) is
depicted in Figure 2.

We denote paired multimodal units as (I, T ),
where I represents the input image and T is the
text corresponding to that image. Our goal is to
transform T into T ′ such that the text includes rele-
vant information from I while effectively highlight-
ing the target model’s vulnerabilities. Our method
to infuse object attributes in the text can be broken
into four parts: (a) object and attribute detection in
I , (b) BERT-based [MASK] prediction in T while
ensuring (c) similarity of inserted tokens with de-
tected object attributes, and (d) enforcing dissim-
ilarity between modified text T ′ and I to obtain
robustness estimates of multimodal models.

Object and Attribute Detection: For each image
I we use a pre-trained bottom-up attention model
(Anderson et al., 2018; Yu et al., 2020) to extract ob-
jects and their associated attributes. The bottom-up
attention model identifies objects and correspond-
ing attributes with a one-to-one mapping. We use
these objects and attributes to modify T , by intro-



ducing masks (i.e., the [MASK] token), in front of
the mentions of the objects in T . However, a strict
matching criterion would ignore similar objects or
alternatively named objects in T . To address this,
whenever the text does not have any direct object
matches we use a Parts of Speech (PoS) tagger to
identify nouns that could represent image objects.

These identified nouns are compared to objects
using cosine similarity between the word embed-
dings. If the cosine similarity between a noun T
and a detected object in I is above some thresh-
old, t, then a [MASK] token is placed before that
noun. Overall, this step ensures that insertions are
made only for objects in T that are seen in the
corresponding image I to obtain T ′.

Mask Prediction: Next, we aim to fill in the
[MASK] tokens with contextually relevant object
attributes. To do so, we use the pre-trained lan-
guage model BERT (Devlin et al., 2019). We sam-
ple top-k predictions from the BERT model based
on probability scores that also meet the following
criteria: the predicted word should not be a stop
word and should not exist in the 3-hop neighbor-
hood of the current [MASK]. Furthermore, since
T may contain more than one [MASK] token,
we carry out this process sequentially for each
[MASK] to utilize newly introduced contexts. Fol-
lowing this process, we obtain k candidate inser-
tions that are contextually relevant for each of the
identified objects in T that also exists in I. In the
next step, to maintain cross-modal relevance, we
consider the similarity of these candidate attributes
with the attributes detected in I.

Attribute Similarity: To better select a word for a
specific mask that aligns well with information in
I , we only consider predicted tokens similar to the
attributes of the associated object detected in I. In
order to do so, we utilize embedding-based similar-
ities between each predicted token and the detected
attribute string. The image attributes can describe
the shape, size, color, or other characteristics (like
‘floral dress’) of detected objects.

Cross-Modal Dissimilarity for Estimating Ro-
bustness: Finally, to estimate the robustness of
multimodal models, we explicitly include a com-
ponent that encourages dissimilarity in the embed-
dings of the image I and the modified text T ′. For
each possible modified text T ′, we compute the
cosine distance between its embedding obtained
using the CLIP model (Radford et al., 2021) and
that of the corresponding image’s CLIP embedding.

While the mask prediction and attribute similarity
steps ensure that the attribute insertions are seman-
tically meaningful and maintain cross-modal rel-
evance, the cross-modal dissimilarity between T ′

and I ensures that we leverage the vulnerabilities
in the encoding mechanism of multimodal mod-
els. We use CLIP as the encoder for this step as
it is a strong representative of the state-of-the-art
vision-language models.

Text Augmentation Strategy: We now choose
the final augmentation of T by combining the
above four components ––– object and attribute
detection, mask prediction, attribute similarity, and
cross-modal dissimilarity for estimating robustness.
After placing [MASK] tokens in front of the iden-
tified objects mentions or similar nouns in T , we
consider the top-k BERT predictions for each of the
[MASK] words, denoted by wi ∀ i ∈ {1, . . . , k}.
We take the predicted probability scores of these k
words and normalize them to sum to one, denoting
each by pi. The attribute similarity step computes
the similarities for wi with the corresponding at-
tribute, which are then normalized to sum to one
and denoted by si. Finally, we create k augmen-
tations of T , each denoted by T ′

i , and compute
the cosine distance of their CLIP embeddings with
that of the corresponding image I. The distances
are also normalized to sum to one and denoted
by di. Mathematically, the cumulative score for a
predicted word wi is given as,

Swi = λ1 · pi + λ2 · si + λ3 · di (1)

where, λ1, λ2, and λ3 are hyper-parameters that
control the contribution of mask prediction using
BERT, attribute similarity, and cross-modal dissim-
ilarity, respectively. The word wi with the maxi-
mum score S is the word that is inserted in the place
of the [MASK]. For text with multiple [MASK] to-
kens, we repeat this process iteratively in the order
of their occurrence in T .

By design, our cross-modal attribute insertion
approach is modular as different components serve
complementary functions toward the final objective
of introducing semantically meaningful augmenta-
tions. It is also controllable using hyper-parameters
λ1, λ2, λ3, k, and t. Finally, our approach is
training-free and, therefore, can be applied to in-
vestigate several tasks and models.



4 Experiments

We study the effect of cross-modal attribute in-
sertions on two multimodal tasks: text-to-image
retrieval (i.e., retrieving images for a textual de-
scription) and cross-modal entailment (i.e., predict-
ing the relationship between textual hypothesis and
visual premise).

4.1 Text ! Image Retrieval

Task: Given a set of text and image pairs as input,
the goal is to retrieve the associated image for each
text. The retrieval occurs for each text over a set of
images, in our case we use a subset of 1000 text-
image pairs, with the objective being to rank the
original/ground-truth image the highest.
Axiom for Retrieval: Given an imageI in the
search repository and two search queriesQ1 and
Q2, such thatQ1 contains more speci�c details of
objects thanQ2, I should be retrieved at the same
or higher rank for queryQ1 than forQ2.

Dataset: For this task, we use the MSCOCO
dataset (Lin et al., 2014), which contains images-
caption pairs. Speci�cally, we use the image-
caption pairs from 2017's validation split. This
subset of the data contains5; 000unique images
and25; 010captions, where each image can have
multiple captions. To assess robustness, we per-
form augmentations on25; 010 captions one by
one while ranking all the images for each caption.

Model Under Investigation: For this task we con-
sider the CLIP model (ViT-B/32 ) (Radford et al.,
2021). CLIP is pretrained on 400 million image-
caption pairs using contrastive learning, resulting
in image and text encoders that produce unimodal
embeddings that lie in a common latent space. The
CLIP model has demonstrated great generalizabil-
ity to various downstream tasks, including zero-
shot and few-shot image classi�cation and cross-
modal retrieval. We obtain the CLIP embeddings
for each image and caption in the MSCOCO dataset
and rank all the images for a given caption based
on their cosine similarities. We then contrast the
ranking performance of the CLIP model using the
original and augmented captions as textual queries.

4.2 Cross-Modal Entailment

Task: Cross-modal entailment aims to determine
whether the relationship between a visual premise
and a textual hypothesis is `entailment,' `contra-
diction,' `neutral.' Speci�cally, `entailment' is ob-
served when the textual hypothesis is logically im-

plied (true) by the image while `contradiction' in-
dicates that the textual hypothesis is not implied
(false) by the visual premise. Finally, `neutral' rep-
resents an inconclusive or uncertain relationship
between the hypothesis and the premise.
Axiom for Entailment: If the relationship between
a visual premise and a textual hypothesis is `entail-
ment,' it should not change to `contradictory' if the
textual hypothesis is enriched with the information
from the visual modality.

Dataset: We perform this task on SNLI-VE (Xie
et al., 2019), a visual entailment dataset. We use
the test set of the dataset, comprising17; 859image
(premise) & text (hypothesis) pairs. For robustness
assessment, we augment all text hypotheses while
keeping the visual premise the same.

Model Under Investigation: We investigate the
pre-trained METER model (Dou et al., 2022),
which consists of vision-and-language transformers
that are trained end-to-end. The model's comprises
CLIP's vision encoder and RoBERTa (Liu et al.,
2019) as the text encoder. The model pretrain-
ing objectives consist of masked language mod-
eling and image-text-matching on four datasets:
MSCOCO, Conceptual Captions (Sharma et al.,
2018), SBU Captions (Ordonez et al., 2011), and
Visual Genome (Krishna et al., 2017). In addi-
tion, METER is �ne-tuned on SNLI-VE in order to
achieve competitive performance. We contrast the
performance of the model on the unmodi�ed SNLI-
VE dataset with the performance on the augmented
version of SNLI-VE dataset.

4.3 Baselines for Perturbations

We compare our cross-modal attribute insertion ap-
proach (XMAI) with competitive baselines that are
capable of introducing perturbations based on text-
only information. We utilize the TextAttack (Mor-
ris et al., 2020)1 framework for implementing all
the baseline perturbation strategies.
Deletion: A perturbation strategy that randomly
removes words from the text.
EDA (Wei and Zou, 2019): This approach com-
bines random deletion, random swapping, random
insertion, and synonym replacement to modify each
caption. We keep all parameters as default and set
the percentage of words to swap to20%.
CheckList (Ribeiro et al., 2020): Developed
to generate a diverse set of evaluation examples,
CheckList works by coalescing name replacement,

1https://github.com/QData/TextAttack



location replacement, number alteration, and word
contraction/extension.
CLARE (Li et al., 2021a): This perturbation strat-
egy uses language models to replace, insert, and
merge tokens in captions. We use TextAttack's
default fast implementation of CLARE.

4.4 XMAI Implementation Details

We choosek = 3 for the number of top-k pre-
dicted BERT words for each[MASK] token and
flair/pos-english-fast for PoS tagging
of text. Next, to compare the nouns in the text with
the objects identi�ed in the image, we use word
embeddings produced by a Transformer-based
model (bert-base-nli-mean-tokens on
HuggingFace (Wolf et al., 2020)). We set the
threshold,t, for cosine similarity between nouns
in T and objects inI to be 0:7. For [MASK]
�lling, we use the bert-base-cased model
on HuggingFace and the list of stopwords is
adopted from NLTK.2 To compute the similarity
between attributes detected inI and BERT pre-
dictions, we employ SpaCy's pretrained tok2vec
model (en_core_web_md ), which contains 300-
dimensional embeddings for� 500k words (Hon-
nibal et al., 2020). Lastly, the pre-trained CLIP
model (ViT-B/32 ) is used to compute image and
text embeddings in a common latent space. For
our main experiments, we set the values of� i as
� 1 = 1 , � 2 = 5 , and� 3 = 5 .

4.5 Evaluation Metrics

We measure the impact of perturbations in the text
on the capabilities of multimodal models using
task-speci�c metrics. We quantify text-to-image
retrieval performance using mean reciprocal rank
(MRR). For cross-modal entailment, we report stan-
dard classi�cation metrics (accuracy, precision, re-
call, andF1 score).

While the effectiveness of perturbations is im-
portant for highlighting model vulnerabilities, it is
also imperative to measure the relevance of aug-
mented textT 0 with original text T and image
I . To this end, we compute mean cosine similarity
Sim T �T 0 between original and modi�ed texts (i.e.,
T & T 0, respectively) using a sentence Transformer
model (all-mpnet-base-v2 ) (Reimers and
Gurevych, 2019). Similarly, we report BLEU (Pa-
pineni et al., 2002) and METEOR (Banerjee and
Lavie, 2005), using NLTK to further compare the

2https://www.nltk.org/

texts (considering n-grams of size upto4 in the case
of BLEU). Additionally, we compute the mean co-
sine similaritySim I�T 0 using CLIP (ViT-B/32 )
embeddings.

5 Results and Analysis

Recall that our primary goal is to use XMAI to
obtain a complementary and novel set of text aug-
mentations that can highlight the vulnerabilities of
multimodal models. To this end, we contrast the
performance of the models under investigation on
the original and the modi�ed examples, and quan-
tify the relevance of the modi�ed text with respect
to the original text and image. We recruit human
annotators to compare the quality of the augmen-
tations generated using our approach with (i) the
ones generated using the most competitive baseline,
and (ii) the original text.

Robustness of Multimodal Models: Table 1
shows that for the text! image retrieval task, our
cross-modal attribute insertions cause the greatest
drop in observed MRR; the MRR drops from an
original value of0:632 to 0:536. Similarly, Ta-
ble 2 shows that for the cross-modal entailment
task our approach performs second only to CLARE
— an observation that is consistent across all the
metrics, accuracy, precision, recall, andF1. It is
worth noting that our approach is the only one that
uses the information from the image modality to
introduce textual perturbations and hence the re-
sultant perturbed examples are characteristically
different than the ones that are produced using base-
line methods like CLARE. We will revisit this using
qualitative examples. Overall, results demonstrate
that state-of-the-art vision-and-language learning
approaches for text-to-image retrieval and cross-
modal entailment tasks are not robust to our pro-
posed augmentations.

Relevance of Augmentations: Tables 1 and 2 show
that XMAI produces augmentationsT 0 that main-
tain high-relevance with the original textT and the
imageI , in terms ofSim T �T 0 andSim I�T 0. It
is interesting to note that the BLEU scores for aug-
mentations generated by XMAI are notably lower
than that for the baseline augmentations. On the
contrary, METEOR scores show that XMAI's aug-
mentations are "closer" to the original texts com-
pared to most baselines. XMAI's poor BLEU
scores can be largely attributed to BLEU's tendency
to penalize novel insertions severely compared
to removals or replacements, as it is a precision-



Approach MRR # Sim T �T 0 " Sim I�T 0 " BLEU " METEOR "
Original 0.632 1.000 0.294 1.000 1.000
Deletion 0.581 0.948 0.288 0.758 0.910
EDA 0.570 0.914 0.287 0.647 0.931
Checklist 0.630 0.996 0.294 0.982 0.993
CLARE 0.567 0.899 0.285 0.749 0.947
XMAI (Ours) 0.536 0.924 0.283 0.623 0.969

Table 1: Results on the text-to-image retrieval task.The effectiveness of augmentation in highlighting the
model's vulnerability is noted by the drop in MRR with respect to the original MRR score.Sim T �T 0, BLEU, and
METEOR capture the relevance of augmented text with the original text andSim I�T 0 captures the relevance of the
augmented text with the original text. Best results are inbold; second best are underlined.

Approach Acc. # Precision# Recall # F1 # Sim T �T 0 " Sim I�T 0 " BLEU " METEOR "
Original 0.792 0.790 0.792 0.791 1.000 0.246 1.000 0.998
Deletion 0.742 0.742 0.742 0.740 0.892 0.240 0.632 0.853
EDA 0.719 0.719 0.719 0.718 0.878 0.241 0.541 0.900
Checklist 0.791 0.790 0.791 0.790 0.973 0.246 0.993 0.986
CLARE 0.632 0.652 0.631 0.618 0.804 0.238 0.592 0.911
XMAI (Ours) 0.643 0.682 0.643 0.625 0.873 0.235 0.621 0.963

Table 2: Results on the cross-modal entailment task.Augmentations that cause a greater drop in classi�cation
metrics are more effective at highlighting the lack of multimodal robustness, while the similarity metrics capture
their relevance with the original example. The best results are inbold and the second best results are underlined.

Figure 3: Qualitative examples comparing the augmentations produced by our XMAI method to both EDA and
CLARE on both MSCOCO and SNLI-VE tasks. Red text represents a drop in rank or misclassi�cation, green
text indicates improvement in rank or correct classi�cation, and blue marks when a change has no impact on rank.
Lastly, arrows and the words at either end of each arrow indicate swapping by EDA.

based metric (Banerjee and Lavie, 2005).3 In Ap-
pendix A.3 (Table 4), we further note that, on av-
erage, XMAI inserts1:660 (� 0:947) new words
in MSCOCO captions and1:269 (� 0:768) new
words in SNLI-VE hypotheses. This is consider-
ably higher than the rate of insertions made by other
methods, especially Checklist, where an obvious
consequence of making a fewer number of aug-
mentations is better text similarity across a corpus.

3Novel insertions inT 0 mean more `false positives' with
respect toT , indicating lower precision and BLEU scores.

We thus attribute the poor performance of XMAI
in terms of BLEU scores to BLEU's inability to
handle insertions appropriately. This is further sub-
stantiated by the human assessments.

5.1 Human Assessment of Augmentations

We recruit annotators using Amazon Mechanical
Turk (AMT) to answer the following two questions:
(i) do cross-modal attribute insertions lead to bet-
ter text augmentations than the most competitive
baseline (i.e., CLARE), and(ii) are cross-modal


