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ABSTRACT

The ever-changing landscape of deep learning involves investigating novel tech-
niques for harnessing the wealth of information available in the real world. This
research dives into multimodal deep learning, a technology that overcomes the
limits of single-modality models by combining a variety of data sources such as
text, audio, video, and images. Considering these models’ resilience to distur-
bances, however, remains to be a critical challenge. In this study, we investigate
the robustness of multimodal deep learning models through the lens of Visual
Question Answering (VQA) tasks. I have leveraged Vision and Language Tran-
former (ViLT) for this task, specifically, I subject the model to perturbations pri-
marily focused on textual and cross modal inconsistencies. This experiment reveal
insights into the vulnerabilities of these models. Furthermore, I have analyzed the
models confidence levels before and after perturbations on model reliability and
statistically demonstrate a significant decrease in confidence, indicating the im-
pact of perturbations on model resilience and reliability.

1 INTRODUCTION

Machine Learning and Neural Networks were the cornerstone technology behind generating or un-
derstanding complex patterns. Deep learning emerges as a subset of Al, propelling the field toward
remarkable powers. It uses neural networks with numerous layers to extract information and patterns
from complex datasets{ﬂ In the field of health care, this capability has enormous potential to alter
diagnosis, treatment, and management of medical disorders. As we dive deeper into Deep Learning,
for example, in healthcare, the data could be medical images, text or tabular patient information, ge-
nomic data, or sensor readings. These various data kinds and formats were classified as Modalities
(Ngiam et al., [2011]).

These models can take use of complementary information sources by combining data from many
modalities, which enhances understanding and reasoning abilities (Wu et al., 2017). For instance,
Combining genetic data with medical imaging data, can reveal insights into the underlying molec-
ular pathways of diseases that inform treatment choices (Stahlschmidt et al., 2022)). Analogously,
(Mallick et al.,2022) mentioned about utilizing the Video Data and sensor signal data of the patients
to detect the risky situations for weak adults. Furthermore, (Venugopalan et al., |2021) mentioned
about early detection of Alzheimer’s disease stage by fusing the data from multiple modalities such
as Magnetic Resonance Images, Single Nucleotide Polymorphism Genetic Data, and clinical text
data to classify the patients into AD, MCI, and controls. Providing this extra information along with
MR images made the model see more patterns like hippocampus, RAVLT, amygdala brain areas
which significantly outperformed the conventional Deep Learning setup.

When we consider only the image and text modality into account the boundaries of the deep
learning models are significantly broadened enabling the model to more effectively comprehend

'https://shelf.io/blog/neural-networks-and-how-they-work-with-generative-ai/
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the semantic context of the text and accurately extract the relevant information of the associated
image (Gao et al.l [2015). The combination of these text and image modalities finds application
across various domains and tasks for example Object Detection (Redmon et al., [2016) sentiment
analysis (Majumder et al.l 2018)), Medical Diagnosis (Rajpurkar et al} 2017). Are these models
reliable? Investigating the reliabilty of these models is crucial across various domains including the
health care. The study by (De Fauw et al., |2018) exemplifies this by demonstrating the use of Deep
learning in identification of eye illness using retinus fundus images, while the research addresses
the challenges of employing deep learning model in clinical contexts highlighting the necessity of
model reliability and interpretability.

Hence, considering these all scenarios into account, my experiment aims at investigating the
robustness of a model by bridging the gap between both text and image modalities and perturbing
the model inputs to understand the model’s reliability. To achieve this, I have chosen the Visual
Question Answering (VQA) task where a question about an image is given and the goal is to
generate an answer from both text and image information. The initial data set were coined by |Antol
et al.| (2015)).

2 BACKGROUND

In the case of Modalities, we consider Image, Video, Audio and Text to be the most common modal-
ities used for the network (Ngiam et al., 2011)). Convolutional neural networks (CNNs) are highly
effective for processing visual data due to their inherent properties like translation invariance and
locality (Krizhevsky et al., 2012)). RNN is used for processing the text data, which is temporal, to
capture the semantic relationships and contextual information within the text (Graves & Schmidhu-
ber, [2005). In our research, attention mechanisms plays a major role, they employ the network to
focus on specific parts of the input, emphasizing relevant information while suppressing noise or
irrelevant information. For text input, the attention mechanism assigns higher weights to relevant
tokens, and lower weights to the irrelevant ones. Similarly for image input, it enables the model
to focus on specific regions or features within the visual data that are most relevant to the task. It
dynamically adjusts the attention weights assigned to different spatial locations or channels within
the image. (Vaswani et al., 2017). In the case of multiple inputs, they enable the model to focus on
relevant information from both modalities while performing joint learning, thereby improving the
model’s interpretability, performance, and robustness (Hori et al., 2017).

Furthermore, they facilitate the fusion of information from both text and image modalities by
allowing our model to attend to relevant features from both modalities simultaneously. It computes
cross modal attention weights, the model can dynamically adjust the importance of text and image
features based on their mutual relevance to the task (Ngiam et al., 2011).

Most widely used fusion techniques in the literature are mentioned below:

Early Fusion: Features gathered from individual modalities [Pawlowski et al| (2023), (Zhou
et al.} 2019) are concatenated before being fed into a single deep learning model. This technique
is efficient (Stahlschmidt et al., 2022), but it may not capture intricate relationships between
modalities.

Late Fusion: Features are analyzed separately (Gandhi et al., 2023) by deep learning models for
each modality, and the results are then fused using approaches such as attention processes or simple
concatenation (Pandey et al.l 2019) (Mehrish et al., |2023). This enables improved modeling of
modality-specific data (Banerjee et al., 2021).

Attention-based Fusion: Attention mechanisms dynamically weigh the value of elements from
many modalities, focusing on the information that is most important to the task. This has resulted
in considerable increases in performance (Vaswani et al.,|[2017).

Most recently, Transformers are used in the vision tasks in the case of multimodal inputs. We
deal with the concepts or principles in this journey of Multimodality starting with auto-encoding,
descriptive learning, contrastive learning, representation Learning, translation, alignment, fusion,
co-learning (Ngiam et al. [2011). Representation is the fundamental challenge in learning how to
represent and summarize multimodal data, the heterogeneity of the data makes it challenging to
construct such representations. For example, language is always symbolic, while audio and visual
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modalities will be represented as signals. The representations could be single, joint and coordinated
representations. The second challenge could be the mapping or translation of data from one modality
to another. The relationship between modalities is often open-ended, where there exists a number of
correct ways to describe or represent an image and one perfect translation may not exist (Baltrusaitis
et al.,|2018)). There are divisions, like example-based, like image captioning, and generative-based,
like video description.

3 RELATED WORK

Multimodal deep learning has developed as a powerful strategy for dealing with complex tasks
that require comprehending input from many sources. Multimodal deep learning models produce
outstanding outcomes in a variety of tasks, including image captioning, which is the process of accu-
rately generating written descriptions of photographs (Yu et al.,[2019). Video understanding entails
analyzing and extracting information from videos, such as object detection, action recognition, and
event summary. Answering inquiries with information from text, graphics, and other sources. Affec-
tive computing is the recognition and comprehension of human emotions through facial expressions,
speech, and text (Zheng et al.| [2018).

Transitioning into investigations or experiments conducted by scholars in recent years, some of the
following studies with the same design were presented below:

A Video Audio Text Transformer (VATT) (Akbari et al., 2021) takes raw signals as inputs and ex-
tracts multimodal representations that are rich enough to benefit a variety of downstream tasks. The
methodology introduces a convolution-free VATT architecture for multimodal learning, featuring
separate or shared backbone Transformers for each modality. Tokenization and positional encoding
handle raw signals, while Drop Token reduces computational complexity. Common space projec-
tion and contrastive learning align modalities, utilizing Noise Contrastive Estimation and Multiple
Instance Learning NCE loss objectives. They fine-tuned for video action recognition, image clas-
sification, Zero-shot text-to-video retrieval, and their VATT architecture outperforms the convnet.
Especially their vision transformer achieves the top 1 accuracy of 82.1% on kinetics-400, 83.6% on
Kinetics-600, 72.7% on Kinetics-700, and 41.1% on Moments in Time.

Similarly, Team from Google Deep Mind had a question: what can be learnt by looking at and lis-
tening to many unlabeled videos? To approach the solution (Arandjelovic & Zisserman), 2017) they
introduced audio-visual corresponding learning task as part of which they trained visual and audio
networks, without any additional supervision other than the raw, unconstrained videos themselves,
the network has three focus areas, starting with vision subnetwork to deal with the color image,
followed by audio subnetwork which will be converted to a log spectrogram and then treated as a
greyscale image which are then passed to a fusion network where the two 512-D visual and audio
features are concatenated into 1024-D to produce a two way classification output.

It has become more common to create multimodal representations by combining auditory wave-
forms and words from linguistic inputs. (Kiela & Clark, |2015)) examined grounding semantic repre-
sentations in the auditory data using evaluation like conceptual similarity and relatedness and then
implemented cross model zero shot learning using technique like partial least squares regression and
then projecting from one space to another and vice versa. The study concluded that multimodal rep-
resentations perform better than single auditory or linguistic representations on a musical instrument
clustering task.

Meng et al.|(2021) presented a deep learning model on Electronic Health Record data with a trans-
former architecture to predict the diagnosis of depression through Bidirectional representation learn-
ing. They summed up the input embeddings from the 5 dimensions, like codes, medication lists,
demographics, and topics, in a unified and temporal manner. To capture the contextual relationship
in the sequence they pretrained the model using masked language modelling and fine-tuned on a
specific dataset. Their model significantly reduced the false positives by 50%, with an average pre-
cision and recall of 0.94 and 0.84 respectively. The results illustrate the capacity of the two-stage
transfer learning strategy for EHR modeling to overcome restrictions in the amount of accessible
data, and bidirectional learning can provide higher performance versus unidirectional.

In the past few years, Researchers have been focused on applying it in all the applicable areas,
Venugopalan et al.| (2021) used this Multimodal approach to outperform the existing models in early
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detection of Alzheimer’s disease stage. The modalities are Clinical data consisting demographics,
cognitive assessments, medications and the second modality includes Cross sectional MR Imaging
data, and the third modality includes whole genome sequencing data. They used stacked denoising
auto encoders to extract the features from the clinical and genetic data and used 3-D CNN for
imaging data for the ADNI data set. The extracted features from each of the subnetworks are
simply concatenated and passed to the fully connected layer for classifying the input. They
demonstrated that this model outperformed the existing conventional Deep Learning models with a
single modality in terms of accuracy, precision, recall and F1 scores. Furthermore, the model has
identified hippocampus, and other brain areas which are considered as the top distinguished features.

Overall, multimodal deep learning is a fast-expanding discipline, with ongoing breakthroughs in
architectures, fusion techniques, and training methodologies. As research advances, we should
expect even more impressive outcomes and greater applications across multiple domains.

Vision Transformers (ViT) Introduced in 2020, ViTs revealed (Dosovitskiy et al.l [2020) the
promise of pure transformer for image classification problems, outperforming CNNs while provid-
ing more flexibility.

Hierarchical Transformers architectures (Liu et all 2021) combine the capabilities of CNNs
and transformers. CNNss thrive at local feature extraction, whereas transformers handle long-range
dependencies, demonstrated improved performance in picture categorization problems. Aside
from the transformer architectures, scholars pass multiple modalities on their specific networks
individually and extract the features and fuse them with different strategies in the later stages as
discussed above.

In terms of image modalities, natural images have different frequencies and when these are passed
through the convolution layers, the output feature maps also possess this mixture of information at
different frequencies. |Chen et al.|(2019) came up with an octave convolution operation to store and
process the feature maps by factorizing the feature maps by frequency and analyze slower feature
maps at lower spatial resolution to reduce the memory and computation power. The results showed
that substituting convolutions with octave convolutions improved accuracy for image and video
recognition.

In recent research focusing on the Visual Question Answering (VQA) task, there is a notable shift
towards utilizing only image and text modalities. Specifically, these studies explore how neural net-
works or models can swiftly identify objects and their attributes from images, comprehend complex
questions, and utilize this information to generate accurate answers. Initially introduced by |Mali-
nowski & Fritz|(2014), the concept of question answering has evolved significantly. |Gao et al.|(2023)
introduced a spatial-temporal transformer tailored for long-form VQA tasks. Their innovative archi-
tecture dissects traditional dense spatial-temporal self-attention into cascaded segment and region
selection modules. These modules adaptively choose frames and image regions relevant to the given
question, effectively reducing computational costs while enhancing performance. By incorporating
Multimodal Multi-grained features, such as image patches and segments, their model better captures
the relationships between visual concepts of varying granularities. Moreover, their approach facili-
tates temporal and causal reasoning by iteratively conducting selection and self-attention processes
across multiple events.

Number of studies within the domain have put forth datasets specifically designed for Visual Ques-
tion Answering (VQA) Krishna et al.| (2017), Ren et al.| (2015)), Tapaswi et al.[ (2016), |Shin et al.
(2016), VQA v2|Goyal et al|(2017), VQA-CP|Agrawal et al.| (2018)) and a few other datasets which
holds comprehensive contents like flicker30K [Plummer et al.| (2015), Visual Genome [Krishna et al.
(2017)) and models Xiong et al.|(2016), hierarchical question-image co attention|Lu et al.|(2016)), |Lu
et al.[|(2015),Saito et al.|(2017) etc.,

Recent work has combined symbolic program execution for reasoning with deep representation
learning for visual identification as part of the ongoing investigation in Visual Question Answering
(VQA). This novel method, called neural-symbolic VQA (NS-VQA) (Yi et al., 2018)), involves
extracting a program trace from questions and a structural scene representation from images. Then,
the program is run on the scene representation to extract responses. Three key benefits have been
identified by NS-VQA research: greater robustness against long program traces, as evidenced by
an astounding 99.8 percent accuracy on the CLEVR dataset; improved memory and data usage
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efficiency, demonstrating promising performance even with a small amount of training data and
less storage needs; and greater reasoning process transparency, enabling careful interpretation and
diagnostic analysis of each execution step. These developments highlight how NS-VQA can help
improve the functionality and interpretability of VQA systems.

Attention mechanisms were also used to the vision to language tasks. In vision-to-language activi-
ties, the issue of “where to look™ (Shih et al.| [2016) is addressed by the use of visual attention. In
VQA we use the question to search for the relevant regions in the image.(Yu et al.,2017) proposes a
stacked attention model which queries the image for multiple times to infer the answer progressively.

A novel model has been developed to enhance the interaction between vision and language modali-
ties, thereby improving performance on tasks such as VQA. The paper (Kim et al., 2021)) introduced
Vision and Language Transformer (ViLT), which aims to simplify the processing of both visual and
textual information within a unified framework. Unlike older methods that use complicated image
analysis techniques, ViLT simplifies things by treating images more like words. This makes it much
faster and still performs just as well or better on tasks like VQA. It suggests focusing future research
on making ViLT even better by using larger datasets and exploring new ways to teach it about images
and language. Additionally, [Kim et al.| (2021) highlights the importance of finding better ways to
improve ViLT’s understanding of images through techniques like masked modeling and smart data
augmentation.

4 PROPOSED METHODOLOGY

Understanding the model’s reliability and robustness is a major concern in my work. The proposed
approach involves the use of Vision-and-Language Transformer (ViLT) as the base model for
solving the problem at hand. By now, we knew that ViLT, a state-of-the-art model, is known for
its ability to process both visual and linguistic inputs simultaneously, making it an ideal choice for
tasks that involve understanding both images and text.

The model will be fine-tuned on a specific dataset relevant to the problem to ensure it learns
the necessary features and patterns. Fine-tuning involves adjusting the pre-trained parameters of
the VIiLT model using our dataset, enabling it to learn task-specific features and patterns (Howard
& Ruder;, [2018). The fine-tuning process will involve monitoring the decrease in loss to assess the
model’s improvement and adaptation to the dataset, as suggested by |Devlin et al.| (2018) in their
work on BERT.

Once the model is fine-tuned, the next step is to analyze its response to perturbations in the
inputs. This will involve interchanging the question-image pairs and observing the model’s
responses systematically. The aim is to understand how the model reacts to unexpected or altered
inputs, which can provide insights into its robustness and generalization capabilities. This approach
is inspired by previous studies that have used input perturbations to test and understand deep
learning models (Fong & Vedaldi, [2017), (Raffel et al.|[2020).

Lastly, to provide statistical evidence that the model’s confidence is affected when the inputs
are perturbed, we conducted a series of statistical tests. These tests will compare the model’s
confidence scores, which are the predicted probabilities on the original and perturbed inputs, which
were inspired by |Dror et al.|(2018) and followed by Hastie et al.[(2009). A significant decrease in
confidence scores for perturbed inputs would suggest that the model is sensitive to the changes of
the inputs made, giving a numerical estimate of the model’s reaction to a disturbance in the input.
This approach aligns with previous research that has used statistical testing to validate observations
in deep learning models (Nguyen et al.| 2015).

To conclude, by harnessing the power of the VILT model and employing a robust methodol-
ogy in this study aimed at contributing to a deeper understanding of how deep learning models
respond to input perturbations. The statistical evidence gained from our testing will not only
corroborate our findings but will also yield significant insights into the sensitivity of our models to
input variations and the underlying relationships. Thus, this knowledge could potentially catalyze
the development of exceptionally robust and reliable models in the future, enhancing their efficacy
across diverse scenarios and applications.
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5 EXPERIMENTS

In my experimental setup, I am considering the VQA v2 dataset El This dataset was introduced
to address the language bias in the original VQA dataset, where the model was answering the
questions correctly without even reading the images (Goyal et al.,[2017).

The dataset contains a balanced set of images and corresponding questions, with each ques-
tion paired with 10 human-generated answers. More than 200,000 photos from the COCO dataset
E| are included in the dataset. Three questions are linked to each image, for a total of more than
600,000 questions. A broad range of subjects were covered by the questions, including objects,
actions, quantities, attributes, and other spatial relationships in the image. Since the dataset is not
limited to a specific set of classes, models trained on VQA v2 will have a good understanding of
both visual and linguistic modalities and be able to reason the relationships so that the models could
accurately answer natural language questions about a given image, with the performance of the
model evaluated based on how well its answers match the human-generated answers (Goyal et al.,
2017).

For this I have utilized ViLT model, a vision and language Transformer. This Transformer model
completely bridges the gap between vision and language understanding by jointly processing visual
and textual information. Text information are tokenized into sequence of Tokens, each token
is then embedded using a word embedding matrix, which maps each token to continous vector
representation in a high dimensional space. To encode each token’s position in the sequence,
position embeddings are additionally appended to its embedding. This combination of word
and position embeddings represents a contextualized representation of text which is essentially
capturing both the semantic meaning of the tokens and their relative positions with in the sequence.
Similarly, the images are initially divided into patches and then projected into embeddings using
linear projection layers. Additionally position embeddings are added to each patch’s embeddings
to encode its spatial position within the image. Both the embeddings are then combined along the
embedding dimension which means embeddings from both the modalities are stacked together
side by side forming a single combined sequence of embeddings to form a single representation as
shown in the below image:

Image Text Matching Masked Language Modeling Word Patch Alignment
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Figure 1: ViLT Architecture

The speciality of this VILT design is that it enables the model to capture visual information
in the same manner as text eleminating all the traditionally Convolutional and preprocessing steps
making the process seamlessly faster and computationally efficient parallely enabling the model to
learn the complex relationships between both the modalities more effectively. Since the embeddings
are fused from different modalities it is termed as cross-modal fusion or multimodal fusion and
since the fusion is happening at input level this is termed as Early fusion or feature-level fusion or
input-level fusion (Baltrusaitis et al., 2018)). This unified representation is fed through a series of

Zhttps://visualqa.org/download.htm]
3https://cocodataset.org
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transformer layers which utilizes the self attention to attend the relative parts of the input sequence.
Finally, the output of the last transformer layer is pooled to obtain a single unified representation of
the entire multimodal input.

I have initialized the model with the pretrained ViLT weights, and used the same input represen-
tations with the training dataset of VQA-v2. To finetune it on this specific task, I have chosen the
Adam optimizer and other hyperparameters based on the similar work done by (Gonella) and op-
timized the model for our specific task by minimizing the task-specific loss function and manually
verifying the confidence of the model’s prediction over the epochs.

Upon successful fine-tuning the ViLT model on the dataset and confirming an improvement in the
model’s confidence, the subsequent involved in investigating the model’s response to perturbations
in the inputs which entailed in systematic perturbations to the input data, such as interchanging
the question-image pairs and vice versa, changing the order of the text in the question, providing
irrelevant questions in all the possible ways including the question types and observing how the
model’s predictions and confidence scores change in response aligning with the goal of how robust
the model is to different types of input attacks and identify the weakness in its performance.

To statistically validate the model’s response to perturbations, I have conducted hypothesis testing
to compare the model’s performance on the original and perturbed inputs which includes paired
t-test assuming the distribution between two groups to be Normal and the difference between the
pairs are independent which was inferred from the work of (Student, |1908)), and Mann-Whitney U
test which is non-parametric alternative which does not assume normality as mentioned in the work
of (Mann & Whitney,, [1947)). The p- value reflects the probability of obtaining the observed statistic
where it is compared over alpha, the alpha 0.05 which is the common threshold for statistical
significance (Fisher,|1970).

The Null hypothesis for the paired t-test was: “There is no difference in the means of the
model’s confidence scores between the original input data and the perturbed input data”.

Similarly for the Mann-Whitney U test the Null Hypothesis was defined as: “There is no difference
in the distributions of the model’s confidence scores between the original input data and the
perturbed input data”.

6 RESULTS

Based on the experiment performed, it can be observed that there is a noticeable decrease in loss
over epochs which could be seen from the image below. Initially started at 1600 and gradually
diminishing. However, it is noted that the reduction in loss becomes somewhat variable after
dipping below 100. The model was chosen at tenth epoch.

Training Loss Over Epochs

1600 - —— Training Loss
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1000 4
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]
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Epoch

Figure 2: Loss values

We can see the performance of the model after fine-tuning it where its confidence seems to be
increased as shown in the image below:
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What's present in the Image?

predicted - probabilty
‘sandwich' - 9.6967 Predicted answer: sandwich
“food' - @.1513 predicted - probabilty
‘burger’ - 0.0998 ‘sandwich' - @.8287
“hamburger® - 9.8273 ‘food' - @.0897
‘bun® - ©.8833 *| "burger’ 0.0489

. . ‘hamburger’ - ©.0883
Before Fine-Tuning ‘sub’ - ©.9032

After Fine-Tuning

Figure 3: comparision in predictions

Moving to the Statistical test, the below tables shows the results of both paired t-test, and
Mann-Whitney U test:

T-test Results Mann-Whitney U Test Results
t-statistic -3.55928207841195 U-statistic 23.0
p-value | 0.00447849391645557 p-value 0.005107905424995495
Table 1: T-test Results Table 2: Mann-Whitney U Test Results

The paired t-test [1908), the t-statistic, derived from the difference between the means of
two groups divided by the standard error of this difference, is resulted as -3.559. A more negative
t-statistic implies that the first mean is further below the second mean. The p-value reflects the
probability of obtaining the observed t-statistic, or a more extreme value, under the assumption that
there is no actual difference between the population means, which resulted to 0.0045.

For the Mann-Whitney U Test (Mann & Whitney}, [1947), the U-statistic serves as an indicator of the
discrepancy between the ranks of two groups, yielding a value of 23.0 in this instance. A smaller
U-statistic suggests that the ranks within one group trend towards being lower than those within
the other group. The p-value signifies the likelihood of observing the given U-statistic, or a more
extreme one, which is 0.0051 for this test.

7 DISCUSSION

Based on the results of my experiment, the loss curve indicates that the model is progressively
learning to better fit the training data. However, fine-tuning it across numerous epochs proved to
be computationally demanding, even the machine is still equipped with an Nvidia RTX 4060 GPU,
16GB of memory, with 3072 CUDA Cores. Additionally, manually perturbing the inputs and record-
ing them in the dictionary posed considerable challenges throughout the process.

The statistical test results shown above, with p-values of 0.004 and 0.005 are less than the alpha,
indicating the observed difference in means is unlikely to have occured by chance in the case of
paired t-statistic and observed difference in ranks is unlikely to have occurred by chance in the case
of Mann-Whitney U test. Establishing that they are statistically significant leading to the rejection
of null hypothesis (Fisher, [1970), (Neyman & Pearson}, [T933)). These results prove that the model is
senstive to changes in the inputs and its confidence decreases when its inputs are perturbed.

When observed practically, upon examination of the images and corresponding predictions from the
below:

Image ID | Question ID | Question Asked to the Model Truth Prediction | Perturbed | Probability
294 294007 What color is the man’s shirt? gray gray No 0.9988
294 1398000 What type of pants are those? No Pants jeans Yes 0.5868
1398 294001 What does the black machine next | Nothing Nothing No 0.2748

to the man produce?
1398 294003 What color is the wall? No wall red Yes 0.3584

An interesting observation can be made. The image depicted a man wearing a gray shirt and holding
utensils in a kitchen. When the model was asked “what color is the man’s shirt?” without any
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Image: 294 Image: 1398

Figure 4: Sample of Stored Predictions 1

perturbation, it correctly predicted “gray” with high confidence 99%. However, when the question
was perturbed with "What type of pants are those?” which was the image-question pair from the
second image, the model predicted “jeans” with only 58% confidence, despite the fact that the
image does not show the man’s pants at all. This tells that the model’s confidence decreases when
presented with perturbed inputs, and that the model may struggle to make accurate predictions when
the relevant information is not present in the input which tells how robust the model was.

Similarly in the other Figure as well:

Image ID | Question ID | Question Asked to the Model Truth | Prediction | Perturbed | Probability
1014 1014006 What are the boys doing? posing posing No 0.7877
1014 1025001 What is the heart drawn in? sand shirt Yes 0.4529
1025 1025000 What is the shape around the dog? heart heart No 0.7503
1025 1014006 What are the boys doing? posing sitting Yes 0.3584

Image id: 1014 Image id: 1025

Figure 5: Sample of Stored Predictions 2

The image depicts a dog sitting in the beach around a hand drawn heart symbol on the sand around
it. When the model was asked, what’s the shape around the dog” it predicted “heart” with 75%
confidence, but when it is subjected to perturbation, this time the question from the other image,
”What are the boys doing” was asked, it predicted “sitting” but with 38% confidence, which is
significantly less.

These really show that the model is reacting to changes in the subject of the inputs, yet it is inter-
esting to note that even when the model’s confidence decreased significantly under perturbation, it
still maintained a certain level of confidence in its predictions. This indicates that the model may
still be able to extract some information from the image or query, even if they are not immediately
relevant to each other?. However, it is unclear what specific features or cues the model is relying on
to make these predictions, and further analysis may be necessary to gain a better understanding of
its decision-making process.

Furthermore, it is critical to assess the model’s potential consequences in real-world applica-
tions, where inaccurate predictions with even low confidence can have serious effects. For example,
considering a medical diagnosis application where the model is trained to predict a disease based
on a patient’s symptoms and medical history, if the model predicts a mild condition with low
confidence, but the actual condition is severe, it could lead to a delay in providing appropriate
treatment, delayed diagnosis, or mismanagement of the patient’s condition, resulting in serious
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health implications for the patient. Therefore, it is crucial to thoroughly evaluate the model’s
performance and potential consequences.

8 LIMITATIONS

The performance of the model may be limited by the biases present in the dataset (Mehrabi et al.}
2021)), where the dataset doesn’t cover all the real world scenarios.

In my study I have considered only few types of perturbations. However, there are many other types
in the real world scenarios including the blurred images, lighting conditions, occlusions, adversarial
attacks (Kurakin et al., 2018), (Szegedy et al.,[2013).

The results obtained in this study were specific to the VILT model and the dataset used for fine-
tuning. The findings may not generalize to other models or datasets (Sculley et al., 2015)). It might
vary based on the training, the datasets, and other architectural changes!

The most crucial aspect, majority of the Deep Learning models are black box, which are not inter-
pretable and explainable (Fong & Vedaldi, 2017), (Samek et al., 2017). Especially in our study, the
model is trying to predict something with a certain confidence level even when subjected to pertur-
bation, as seen above, but it is difficult to understand what features the model is using to make a
specific decision or prediction!

9 FUTURE WORK

It would be interesting to explore how changes to the ViLT model’s architecture, such as adding
attention mechanisms or increasing the number of layers, affect its performance and robustness to
perturbations. Identify modality interactions and come up with better fusion strategies like project-
ing image embeddings to text token space (Kiela et al.,[2019).

Based on the findings of the study, it is evident that understanding the model in its prediction with
a certain confidence is of utmost importance. Therefore, a potential direction would be develop-
ing the techniques for improving the interpretability (Montavon et all [2018) and explainability
(Guidotti et al., 2018)) of multimodal models including identifying and visualizing the modality in-
teractions, visualizing the attention mechanisms. This would not only enhance our understanding on
the model’s behaviour but fairly increases the chance of robustness and reliability in its predictions!
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