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Abstract: How far can textual representations go in understanding images? In image understanding,
effective representations are essential. Deep visual features from object recognition models currently
dominate various tasks, especially Visual Question Answering (VQA). However, these conventional
features often struggle to capture image details in ways that match human understanding, and their
decision processes lack interpretability. Meanwhile, the recent progress in language models suggests
that descriptive text could offer a viable alternative. This paper investigated the use of descriptive
text as an alternative to deep visual features in VQA. We propose to process description—question
pairs rather than visual features, utilizing a language-only Transformer model. We also explored
data augmentation strategies to enhance training set diversity and mitigate statistical bias. Extensive
evaluation shows that textual representations using approximately a hundred words can effectively
compete with deep visual features on both the VQA 2.0 and VQA-CP v2 datasets. Our qualitative
experiments further reveal that these textual representations enable clearer investigation of VQA
model decision processes, thereby improving interpretability.

Keywords: visual question answering; textual representations; data augmentation; interpretability;
vision-and-language

1. Introduction

Understanding the visual world through language has been a fundamental challenge
in artificial intelligence. Computer vision systems have made remarkable progress in
tasks like object detection [1] and scene understanding [2,3], primarily relying on deep
visual features—mathematical representations of images learned through neural networks.
However, these features face two critical limitations [4-6]: they often struggle to capture
complex semantic relationships in images, and their decision-making process remains
opaque to humans [7].

The English proverb “A picture is worth a thousand words” suggests that visual
information can convey meaning more efficiently than verbal descriptions. However, re-
cent advances in natural language processing, particularly the emergence of powerful
language models, such as Transformer [8] and Transformer-based models [9-12], have
demonstrated remarkable capabilities in understanding and reasoning about textual infor-
mation, suggesting that concise textual descriptions might serve as an effective alternative
to image representation.

Current approaches to visual understanding tasks, such as Visual Question Answering
(VQA), have explored various ways to represent images. Traditional systems rely on deep
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visual features extracted by object recognition models [1], while more recent approaches uti-
lize Transformer-based models [13-20] like Vision Transformer [21] to learn representations
from image—-text pairs. Despite their widespread adoption, these visual representations
often struggle to capture detailed semantic relationships and lack human interpretability,
limiting their effectiveness in complex reasoning tasks like VQA.

In this paper, we explored a different approach to VQA that moves away from con-
ventional visual feature-based methods. Instead of focusing on improving image feature
extraction or visual processing techniques, we investigated the potential of using pure
textual descriptions to represent image content. Specifically, we investigated whether
well-crafted textual descriptions can serve as an effective alternative to traditional visual
features, potentially offering benefits in both performance and interpretability.

To address these challenges, we propose a novel approach that replaces image—question
pairs with image description-question pairs in VQA tasks. Our key research questions are
as follows:

* Can textual representations compete with or outperform deep visual features in

VQA tasks?

¢  How many words are actually necessary to effectively represent an image for machine
understanding?

¢ Can data augmentation techniques enhance the performance of text-based image
understanding?

We used RoBERTa [9], one of the most well-known Transformer-based language
models, as our VQA model. The input description—question pairs were jointly fed into the
model to predict an answer. In addition, with the success of data augmentation methods
on both VQA and NLP tasks [22-26], we investigated the use of synthetic samples on
language-only representations. As the aim of the study was to explore the viability of
language-only representations in VQA, we relied on already annotated descriptions from
two standard datasets [27,28]. Automatically generating the image descriptions, although
a necessary future step, is out of the scope of this paper.

Our work makes three key contributions:

*  We demonstrate that textual representations using approximately 100 words can match
or exceed the performance of deep visual features on standard VQA benchmarks,
challenging conventional wisdom about image representation.

*  We introduce a more interpretable approach to VQA, where the system’s decision-
making process can be readily understood by examining the textual descriptions
it uses.

e We present novel data augmentation techniques adapted for text-only VQA, includ-
ing a particularly effective back translation method for questions that significantly
improves performance.

The remainder of this paper is organized as follows: Section 2 reviews related work
in VQA, image representation, and data augmentation. Section 3 details our proposed
approach and methodology. Section 4 presents our experimental results and analysis.
Section 5 provides qualitative analysis and discussion of our findings, Section 6 discusses
the limitations of our approach and the benefits from our results, and Section 7 concludes
with implications for future research.

2. Related Work

Image Representations for VQA. Image representation plays a crucial role in vision-
and-language tasks. Traditional VQA approaches [29-34] rely on deep visual features
extracted by object detectors like Faster R-CNN [1], where each feature vector captures
information about a specific image region. Recent models utilizing Transformer-based ar-
chitectures [21] have shown promising results [13-15,35]. However, these approaches
face two key challenges: they often learn superficial correlations rather than true vi-
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sual understanding [4-6], and their internal representations remain difficult for humans
to interpret [7].

On the other hand, there has been a growing trend in studies utilizing textual repre-
sentations of images [18-20,36—40]. These approaches offer several advantages: they can
capture semantic relationships more explicitly, provide human-interpretable representa-
tions, and leverage recent advances in language understanding. Many works have adapted
Transformer models to fuse visual and textual information [13,16-19,41], achieving high
performance through pre-training with image-caption pairs. For example, Wu et al. [38]
generates question-relevant captions to provide additional context for answering. While
these approaches demonstrate the value of textual information, they typically treat text
as supplementary to visual features rather than as the primary representation medium.
This leaves open the question of whether textual descriptions alone could serve as effective
image representations.

Recent works have shown promising solutions to various VQA challenges: SCLSM [42]
effectively addresses language bias through contrastive learning, Atlantis [43] successfully
integrates aesthetic features for sentiment analysis, and studies on out-of-distribution
detection [44] improve system reliability. While these approaches advance VQA through
different learning strategies, our work takes a fundamentally different direction by investi-
gating the potential of pure textual representations for image understanding.

Data Augmentation for VQA. Data augmentation techniques for VQA have primarily
focused on addressing language bias [4-6], where models tend to exploit superficial corre-
lations between questions and answers in the training set. Chen et al. [23] demonstrated
the effectiveness of counterfactual sample synthesis by manipulating critical parts of input
images, while Gokhale et al. [22] showed that systematic manipulation of both images and
questions can improve model robustness. While these approaches have proven effective,
they require computationally expensive image manipulation.

Our work adapts these counterfactual generation principles to operate directly on
textual descriptions, preserving the benefits of data augmentation while reducing com-
putational costs. Furthermore, we extend these ideas by incorporating techniques from
NLP-based data augmentation, creating a framework that leverages the strengths of both
VQA-specific and text-specific augmentation methods.

Data Augmentation for NLP. The NLP community has developed diverse data aug-
mentation strategies to enhance model performance. Back translation [25,26,45] stands
as one of the fundamental techniques where text is transformed through intermediate
languages to create semantically equivalent but linguistically diverse samples. Another
significant approach is EDA (Easy Data Augmentation) [24], which has demonstrated
success in various text classification scenarios [46-50], particularly when training data are
limited. Recent methods have also explored contextual augmentation, where words are
strategically replaced or inserted based on their semantic context.

Given the text-centric nature of our approach, we investigated how these established
NLP augmentation techniques can benefit VQA tasks when applied to our textual represen-
tations. This novel integration of NLP-specific augmentation methods into VQA presents
an opportunity to leverage well-studied text manipulation strategies in a new context.

Distinction from Previous Work. While previous studies have made significant
progress in VQA, our approach differs in several key aspects. Unlike works that use
textual information as supplementary input [38,39], we explored the potential of using
text as the primary representation of visual content. Moreover, while existing data aug-
mentation methods [22,23] focus on image manipulation, our approach uniquely combines
VQA-specific and NLP-based augmentation techniques in a text-only setting. This not only
reduces computational costs but also provides better interpretability, as all operations are
performed in the human-readable text domain.
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3. Approach

We present a text-based model to explore the potential of language-only represen-
tations for VQA, as shown in Figure 1. The input, comprising a question and a detailed
image description, is processed by a Transformer model with multiple self-attention layers.
The Transformer’s output is then passed to a classifier to predict the answer. Additionally,
we employ data augmentation techniques to expand and diversify the training set.

brown
Answer
1 N
Classifier
Fomat | . f</s> fHere fwe ‘ ftree f</s>
Language-Only Transformer Model
o oot —t)
I I I I I
‘ <s> HWhat‘---‘ </s> || </s> ‘ Here H we “ tree H</s> ‘
Tokenize
Question Image Description
What color is the table? Here we can see a table, grass,
and tree. In the background
there is sky. ...
Image A brown wooden table some
(not input)

brown grass and a green tree

Figure 1. Model overview. Our language-only model takes a question and a description as the input
of a language-only Transformer model and predicts an answer accordingly.

3.1. Language-Only Data

Our language-only VQA framework utilizes the following: (1) questions and answers
from standard VQA datasets, (2) image descriptions representing the image content, and
(3) synthetic data generated through data augmentation techniques.

Questions and Answers. We use the VQA-CP v2 [4] and VQA 2.0 [51] datasets for
the questions and answers. VQA 2.0 consists of 1.1 M question—answer pairs across 204 K
images, while VQA-CP v2 contains 603 K question—-answer pairs from 219 K images. Both
datasets use images from the MSCOCO dataset [52]. Although VQA 2.0 is a standard for
natural image VQA, it has been shown to exhibit strong statistical biases in its training
distribution [4-6], allowing models to achieve high accuracy by focusing on the first few
words of a question. VQA-CP v2 mitigates this issue by reorganizing the training and
validation splits.

Image Descriptions. We source image descriptions from two corpora: COCO cap-
tions [27] and Localized Narratives [28]. COCO captions provide five short captions per
image in the MSCOCO dataset [52], with an average of 10.5 words per caption. These
captions focus on describing key elements in the scene, omitting less important details.
Localized Narratives, on the other hand, offer detailed image descriptions for several
datasets, including MSCOCO. Annotators generate these narratives by describing the im-
age aloud while highlighting the relevant regions with a mouse, capturing both prominent
and minor objects. This results in more comprehensive descriptions, averaging 42.9 words
per narrative.
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Original Description

Original Answer

Synthetic Description

Synthetic Answer

Hypernym Replacement Hyponym Replacement

A bottle on wine next to A young boy sitting on A white dog holding a
a glass of wine. a chair.

A bottle on alcohol next A young boy sitting on A white dog holding a
to a glass of alcohol.

Synthetic Data. To enhance the diversity of the training set in our language-only
framework, we generate synthetic samples using data augmentation techniques, catego-
rized into two types: Data Augmentation for VQA (Section 3.2) and Data Augmentation
for Language (Section 3.3). For Data Augmentation for VQA (DAV), inspired by recent
multimodal augmentation methods [22,23], which generate new images and questions by
altering objects in an image or question, we adapt these methods for our text-only approach
by creating synthetic descriptions instead of modifying images. For Data Augmentation
for Language (DAL), we employ well-established NLP techniques to enhance language
tasks, drawing from methods such as EDA, back translation, and others [24-26,45].

3.2. Data Augmentation for VQA

We utilize data augmentation methods for VQA [22,23] for our language-only input for
two reasons: (1) to generate diverse training samples that force the model to focus on essential
information rather than superficial patterns, and (2) to achieve this in a computationally effi-
cient way by manipulating text rather than images. While previous approaches [22,23,53,54]
required complex image manipulation through masking or GANSs [55], our text-based methods
achieve similar diversity through simple word-level operations.

Let s denote a training triplet, i.e., s = (q,d, A), where q = [q1,- - - , ] is a question
sequence with Q tokens, associated with a question type t, and d = [dy,--- ,dp] is a
description sequence with D tokens. The set A = {ay,-- - ,ax} contains N ground-truth
answers, with N being at most 10 for VQA 2.0 and VQA-CP v2 datasets, varying across
samples. We propose four data augmentation techniques: (1) hypernym and hyponym
replacement, (2) color inversion, (3) adversarial replacement, and (4) counterfactual samples.
Examples are illustrated in Figure 2.

Color Inversion Adversarial Replacement Counterfactual Samples

What is in the bottle? What is the boy sitting on? What color is the frisbee? What is this vehicle? What color is the fire hydrant?

In this picture we can
see a toy train.

Ayellow fire hydrant

purple frisbee. sits on the road.

wine chair purple train yellow

! ! ! ! !

In this picture we can
see a toy bus.

A <mask> fire hydrant

a wheelchair. green frisbee. sits on the road.

alcohol wheelchair green bus Not yellow

Figure 2. Examples of synthetic samples generated using our proposed data augmentation techniques
for VQA.

Hypernym and Hyponym Replacement. Following [22], we use hypernym and
hyponym replacement to create semantically meaningful variations in image descriptions
while preserving their basic truth value. For example, replacing “fruit” with its hypernym
“food” encourages the model to generalize across broader categories, while replacing it with
its hyponym “apple” allows the model to handle specific instances. In a real-world scenario,
if the description contains the word “car”, it might be replaced with “vehicle” (hypernym)
to generalize, or “sedan” (hyponym) to specialize. This technique forces the model to learn
more abstract or specific concepts, which reduces reliance on narrow language patterns and
helps in combating biases that arise from overfitting to common words in the training data.

To generate new samples, let A4 be the set of ground-truth answers a that appear in d.
We replace a € A4 with its hypernym h,(a) (or hyponym h,(a)) in both A and d. The new
triplet for hypernym replacement, sy, is defined as follows:

sh = (q, dn, An) (1)

Ap = A\ AqU {he(a)}sen, 2)
dh = [dl,‘ B ,dL] where d; = hg(ﬂ) if di =a, Vae Aq (3)
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Similarly, h,(a) is used for hyponym replacement. If h.(a) € A (or h,(a) € A), we
skip generating s, to avoid duplicates. Hypernyms and hyponyms are identified using
WordNet [56].

Color Inversion. For color inversion [22], we substitute a color word in a description
with another color word. For example, if the original description states that “the car is
white”, we replace “white” with “black”, resulting in “the car is black”. This method helps
the model handle different color schemes and ensures that it does not overly rely on specific
color cues, making it more robust in tasks that involve color-based questions or object
recognition.

We define a set of K color words, C = {cy,-- - ,ck}, and a set of question types related to
colors, Tc (T = {“what color”, “what color are the”, “what color is”, “what color is the”}).
For a training triplet s with question type ¢, if t € T and a ground-truth color answer
a € AN C appears in the description (i.e., d; = a for some i), we randomly replace the color
word a with a different color ¢ # a. The new training triplet s, is as follows:

Sc = (ql d., Ac) 4)
Ac=A\{a}U{c} (5)
dc = [dy, - ,di ] withd; =cifd; =a (6)

Adversarial Replacement. For Yes/No samples, we replace object words in the de-
scription with adversarial words. For instance, if the original description states “the cat
is on the sofa” and the question is “Is the cat on the sofa?”, we might replace “sofa” with
“chair”, resulting in “the cat is on the chair”, forcing the model to change the answer from
“yes” to “no”. This helps the model learn to better distinguish between subtle changes in
object references and makes it more robust in answering questions accurately when similar
but different objects are involved.

For Yes/No samples, i.e., s = (q,d, A) where {yes,no} N A # @, we replace object
words o € O in the description d with adversarial words. O is the set of 80 object classes in
MSCOCO [52]. Following [22], we define an adversarial word, w,q, (0), as the word most
similar to o but with a different meaning. If o (or its synonyms) appear in q, the answer is
switched from “yes” to “no”; otherwise, the answer remains unchanged. The new training
triplet s, is as follows:

Sa = (q/ da, Aa) (7)
no} ifoisin
4, =] i 4 (®)
A otherwise
da = [dll T /dL] with di = wadv(o) if di =0, (9)

where w,4y(0) is selected as the closest word to 0 € O based on the Euclidean distance
between their GloVe embeddings [57].

Unlike [22], we avoid generating adversarial samples from questions, as altering a
word in the question results in a new answer that cannot be automatically inferred, e.g.,
“How many bins?” —“How many pens?”.

Counterfactual Samples. Counterfactual samples [23] are generated by modifying
parts of the question or description to create alternative scenarios. For example, if the
original question is “What color is the car?”, and the description states “The car is red”,
we modify the description to “The car is blue” to generate a counterfactual sample. This
forces the model to understand changes in the input and adjust its predictions accordingly,
improving its ability to handle ambiguous or altered situations.
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Specifically, we generate counterfactual training samples (CSS) by adapting the method
in [23] for language-only description—question pairs. For a given training triplet s = (q,d, A),
we create counterfactual samples scssq and scss; from the query and description.

Scssq = (qcssqr d, Acssq> (10)
Scssq — (q/ dCSSd/ Acssd ) (11)
To generate scssq, we input q and d into a trained Transformer VQA model M and use

Grad-CAM [58] to find the contribution of each word in q to the answer set A. The top-D
words with the highest contribution form the critical set (2q. Two new questions, qjssq and

Qcss,, are created by masking words not in ()q and masking the words in (), respectively.

Assq = 91, g1

with g; = <mask> forallg; & Qq (12)
Qe, = 71, 1)
with g; = <mask> forall g; € Qq, (13)

where qc’SSCI serves as the question Qessq for the CSS sample; the first few words that indicate
the question type (e.g., “what color is”) are not masked, as in [23].

To determine Acss,, we feed ngsq and d back into M to score each candidate answer.
The top-] scoring answers are excluded from the original answer set. Specifically, letting
M; (qégsq, d) represent the top-] answers, the new ground-truth answers are given by

Acssq =A \ M](qérssqr d)' (14)

For scss,, the values of Qg, dd o+ dess,- and My(q, dgs ) are determined using the
same process.

3.3. Data Augmentation for Language

Given our text-only approach, we leverage established NLP augmentation techniques
that have proven effective in maintaining semantic meaning while introducing linguistic
diversity. We specifically select three complementary techniques: EDA for simple yet
effective transformations, back translation for generating naturally varied paraphrases,
and word replacement/insertion via contextual word embedding for ensuring semantic
coherence. These methods work together to create a robust training set that helps the model
better understand the relationship between textual descriptions and visual concepts. Each
technique is applied to either the description or the question in the input triplet s to create
new samples:

Sl’llpq = (qnlp/ d/ A) (15)
Snlpy = (q/ dnlp/ A) (16)

where qqp and dy, represent the question and description after applying one of the
transformations below. Examples of generated synthetic samples are provided in Table 1.
EDA (Easy Data Augmentation) [24] includes the following four operations:

*  Synonym Replacement randomly selects n words from the sentence and substitutes
them with their synonyms.

¢ Random Insertion inserts a random synonym of a randomly chosen word into a
random position in the sentence.

¢  Random Swap selects two words from the sentence and swaps their positions.

¢  Random Deletion removes words from the sentence with a probability of p.



Electronics 2024, 13, 4290

8 of 19

Table 1. Examples of Data Augmentation for Language when applied to questions.

Original Is This an Ocean Area? What Is the Giraffe Standing Behind?
EDA (Synonym Replacement) Is this an ocean region? What is the camelopard standing behind?
EDA (Random Insertion) Is this sea an ocean area? What is the giraffe abide standing behind?
EDA (Random Swap) Is this ocean an area? What is the standing giraffe behind?

EDA (Random Deletion) Is this an area? What is the standing behind?

Back Translation Is it a maritime area? What's behind the giraffe?

Contextual Word Replacement Is this an ocean top? What is the giraffe tree behind?

Contextual Word Insertion

Is this an urban ocean area? ~ What is the giraffe standing silently behind?

”

For example, using synonym replacement, the sentence “The cat is sitting on the sofa
can become “The feline is sitting on the couch”. This introduces variations in the input
data while keeping the meaning intact, making the model more robust to paraphrases and
improving its generalization across different language expressions. For each sample, one of
these four operations is applied at random.

Back Translation [25,26] translates a sentence into another language and then translates
it back into the original language. For instance, translating “The dog is playing in the
garden” to German and back into English might produce “The dog plays in the yard.” This
method introduces linguistic variety while preserving meaning, which helps to reduce bias
introduced by specific language patterns in the training data. By generating paraphrases
that use different sentence structures and vocabulary, the model is exposed to a broader
range of linguistic expressions, reducing overfitting to common phrases and thus mitigating
language bias. For back translation, we implement it using the Python library nlpaug [59],
which translates a sentence into German and back into English. If the sentence remains
unchanged after translation, we discard it.

Contextual Word Replacement/Insertion replaces or inserts words based on the sur-
rounding context. For example, if the original sentence is The dog is running in the park, the
word “park” might be replaced with “field” or “garden” based on the context. This helps
the model to generalize its understanding of different environments while maintaining
the overall meaning of the sentence, making it more robust to variations in language and
context. To obtain contextually appropriate words for replacement or insertion, we leverage
the Python nlpaug library [59], selecting random words from the description or question
and replace or insert the most contextually similar words. Pre-trained XLNet [60] is used
for generating the contextual word embeddings needed for these transformations.

3.4. Language-Only VQA Model

Unlike most VQA models that take image—question pairs as input, our language-only
VQA model uses description—question pairs. For the original VQA triplet (q, I, A), where I
is the image related to the question, we generate the image description d by combining the
narrative from Localized Narratives with the captions from COCO captions. Following the
sequence format of the RoBERTa’s implementation in Huggingface [61], the question and
image description are then merged into a single sequence, 1, by inserting a classifier token
<s> at the start, and sentence-ending tokens </s> as follows:

l=<s>4+q+</s>+</s>+d+</s> (17)

where “+” denotes concatenation. The resulting input sequence is then fed into our
Transformer-based language model T, producing the sequence of embeddings f, i.e.,

f="T7(1). (18)



Electronics 2024, 13, 4290

90f19

Then, the embedding corresponding to the classifier token <s> is passed into the
classifier C to generate the final prediction:

p = C(f<s>) (19)

List of Abbreviations
We summarize the abbreviations used in our approach and its explanations.

*  (CSS: Counterfactual Samples Synthesizing;
* EDA: Easy Data Augmentation;

*  VQA: Visual Question Answering;

e  NLP: Natural Language Processing.

Summary: This section introduced our approach of using textual representations
and a Transformer-based model, with the support of data augmentation techniques to
enhance performance.

4. Experiments

We conducted five main experiments to evaluate the effectiveness of textual represen-
tations in VQA: (Section 4.1) comparing various image descriptions, (Section 4.2) assessing
different data augmentation techniques, (Section 4.3) comparing textual representations
with deep visual features, (Section 4.4) examining the effect of data augmentation on
questions for models using deep visual features, and (Section 4.5) comparing different
language-only Transformers.

Setup. We chose RoBERTa [9] as the primary Transformer model for our experiments
due to its strong performance on a wide range of natural language processing tasks, includ-
ing question answering and its improvements over BERT [10], such as better pre-training
techniques and removal of the next sentence prediction objective. These optimizations lead
to better generalization and higher accuracy, making RoBERTa well-suited for VQA tasks
where both questions and image descriptions must be processed efficiently. While other
models like BERT and XLNet were also viable, RoBERTa consistently showed superior
results in our experiments (Section 4.5) . For RoBERTa hyperparameters, we used the large
variant with 24 layers and 355 million parameters. The model was trained with a batch
size of 32 and a learning rate of 1 x 10>, using the Adam optimizer with g; = 0.9 and
B2 = 0.999. The maximum sequence length for inputs was set to 512 tokens, and we used
dropout with a rate of 0.1 for regularization. Training was performed for 10 epochs, with
early stopping based on validation loss. As a classifier, we used a multi-layer perceptron
with two fully-connected layers and the Swish activation function [62] between them. We
used softmax cross entropy over the answer vocabulary for the loss function. The param-
eters for the data augmentation techniques were as follows: for counterfactual samples,
we set D = 10 to select critical words and | = 5 to assign new answers. For EDA, the rate
of words to be changed was set to 0.1, as recommended in the original paper [24]. Unless
otherwise specified, the input to our model included the entire sequence of the question,
narrative, and five captions. Results were presented in terms of accuracy, as in [51].

4.1. Describing an Image with Words

This experiment explored how different types and lengths of image descriptions im-
pact VQA performance. The goal was to determine whether more detailed descriptions
improve accuracy and to assess how much information is needed for optimal results. Un-
derstanding this helps to clarify the relationship between the richness of image descriptions
and the model’s ability to answer questions effectively.

Image descriptions. We began by evaluating the performance of different language-
only inputs, including the following: only the question, the question with one to five
randomly selected captions from COCO captions, the question with a narrative, and the
entire input (question, narrative, and five captions). The results, reported in Table 2, also
include the average sequence length.



Electronics 2024, 13, 4290

10 of 19

The complete input, which combined the narrative with five captions, averaging 95.3 to-
kens per sample, achieved the highest performance, indicating that both datasets provided
complementary information useful for VQA. When comparing captions with narratives, cap-
tions resulted in better accuracy with fewer words. For example, using just two captions
surpassed the performance of narratives, even though the word count was nearly half. This
suggests that the VQA dataset contains a large number of questions about general image
content rather than specific details, as COCO captions tend to focus on prominent elements of
the scene, unlike narratives. In other words, most questions that people ask about an image
pertain to its key elements. This tendency for humans to emphasize the prominent parts while
overlooking minor details is known as reporting bias [63,64].

Input length. We analyzed the relationship between input length and model accuracy by
progressively truncating the image descriptions at test time. The model was trained with the
full input (question, narrative, and five captions). To preserve context, we randomly shuffled
the sentences before truncating them and then returned them to their original order. The
question portion of the input remained intact throughout. The results, shown in Figure 3,
indicate a steady decline in accuracy as more words were removed from the input.

Accuracy decreased consistently up to a 60% truncation rate, after which performance
dropped more sharply. This suggests that while longer descriptions provided useful context,
the model struggled to process the input effectively if too much information was lost. This
trend aligns with the concept of diminishing returns, where adding more descriptive
information initially improves performance but eventually introduces noise or redundancy.
Since COCO captions focus on key elements in the image, truncating beyond a certain
point likely removes critical content, leading to a steep decline in accuracy after 60%.

Table 2. Performance of different language-only inputs on the VQA-CP v2 test set. Length represents
the mean number of tokens in the image descriptions.

Image Description Length  Accuracy
None (Question-Only) - 21.39
One Caption 10.5 35.31
Two Captions 21.0 38.49
Three Captions 31.5 40.09
Four Captions 42.0 41.93
Five Captions 52.5 42.34
Narrative 429 36.45
Whole (Narrative + Five Captions) 95.3 43.64

a4

Accuracy (%)
w w w » »
= [} -] o N

w
N

V] 20 40 60 80
Removal Rate (%)

Figure 3. Impact of input sequence truncation on VQA-CP v2 test set accuracy. The graph shows
how progressively removing words from the input sequence affected model performance.

4.2. Use of Synthetic Samples

This experiment aimed to evaluate the effectiveness of different data augmentation
techniques in improving VQA accuracy. By analyzing how synthetic samples generated
through various methods affected the model’s performance, we sought to determine which
techniques enhanced the model’s ability to generalize and handle diverse question types.
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We specifically tested the impact of these augmentations on the VQA-CP v2 training set,
using the full description with the narrative and five captions as input.

The results for each of the proposed data augmentation techniques are shown in
Table 3. While most techniques improved accuracy, back translation applied to questions
yielded the largest improvement, particularly for Yes/No questions, with a 17.30 point
gain. This boost of 17.30 points was calculated as the difference between the baseline
Yes/No accuracy of 45.13% and the Yes/No accuracy of 62.43% achieved when the back
translation was applied to the questions. This suggests that paraphrasing through back
translation introduced a diversity of linguistic structures while preserving the semantic
meaning, helping the model generalize better to question variations. In contrast, methods
like hypernym /hyponym replacement or color inversion generated smaller improvements,
likely because they involved limited word-level changes that did not sufficiently alter the
structure of the descriptions or questions to increase generalization significantly. Contextual
word replacement for descriptions even led to a performance drop, likely due to the
insertion of words that were semantically less relevant, confusing the model during training.

A notable observation is that applying data augmentation to questions consistently
produced better results than applying it to descriptions. Among the DAV techniques,
hyponym replacement stood out as the most effective, with a significant accuracy boost
of 1.62. Interestingly, combining hyponym and hypernym replacements did not improve
performance beyond hyponym replacement alone. This indicates that, in some instances,
combining synthetic samples from different augmentation techniques can be counterpro-
ductive, possibly confusing the model.

Table 3. Results of data augmentation techniques on the VQA-CP v2 test set, showing the impact of
different data augmentation methods on model accuracy for Yes/No, Number, and Other question
types. D indicates techniques applied to image descriptions, while Q indicates application to ques-
tions. The Gap column highlights the improvement in accuracy compared to the baseline, where no
synthetic data were used.

Input Data

Num. Synthetic Num. Total Yes/No Number Other Overall Gap

Narrative + Five Captions

- 438,183 45.13 20.06  49.33 43.64 -

w/ Hyponym Replacement 132,570 570,753 45.65 25.36  50.52 4526 +1.62
w/ Hypernym Replacement 23,869 462,052 47.28 17.69  49.10 43.70 +0.06
<>: w/ Hyponym and Hypernym Replacement 183,944 622,177 45.80 2146 51.15 45.06 +1.42
A w/ Color Inversion 19,308 457,491 45.61 19.93  50.60 4447 +1.06
w/ Adversarial Word Replacement 169,929 608,112 44.71 19.84 50.03 4393 +0.29
w/ Counterfactual Samples 438,183 876,366 44.20 19.84 52.07 4486 +1.22
w/ EDA (D) 438,183 876,366 44.68 20.64 50.08 44.02 +0.38
w/ EDA (Q) 438,183 876,366 46.86 23.50 50.62 45.39 +1.75
w/ Contextual Word Replacement (D) 438,183 876,366 44.69 19.40 48091 43.18 —0.46
é w/ Contextual Word Replacement (QQ) 438,183 876,366 46.09 2249  49.10 4416 +0.52
A  w/ Contextual Word Insertion (D) 438,183 876,366 45.15 19.31 48.86 4327 —-0.37
w/ Contextual Word Insertion (Q) 438,183 876,366 45.86 2144 51.10 45.05 +141
w/ Back Translation (D) 438,183 876,366 45.28 21.01 50.89 4470 +1.06
w/ Back Translation (Q) 293,811 731,994 62.43 27.15 51.84 51.16 +7.52

4.3. Comparison Against Deep Visual Features

This experiment evaluated the effectiveness of text-based representations in compari-
son to models using deep visual features. The key question was whether language-only
representations can encapsulate the necessary visual information as effectively as tradi-
tional visual features. The objective was to assess the potential of text-based approaches as
a viable alternative or complement to deep visual features in tasks like VQA, where the
understanding of both visual and textual elements is crucial.

We compared our language-only representations (question, narrative, and five cap-
tions) with top VQA models that use deep visual features on the VQA-CP v2 and VQA 2.0



Electronics 2024, 13, 4290

12 of 19

datasets. To ensure fairness, we excluded models designed to address language bias [32-34],
as these techniques can be applied to any model, including ours. Additionally, we did not
use data augmentation for this comparison. Despite the detailed visual information cap-
tured by models like VisualBERT, which is trained on image-text pairs, the results in Table 4
demonstrate that language-based models perform competitively. Our approach surpassed
many deep visual feature baselines, indicating that well-annotated textual descriptions can
effectively capture essential visual details.

One possible explanation for the strong performance of our model is that human-
generated image descriptions tend to focus on the most relevant aspects, filtering out
unnecessary details that deep visual features might capture. Moreover, text-based represen-
tations provide a level of interpretability that may help align the question and description
more accurately. However, NSM [65] achieves slightly better results on VQA-CP v2, likely
due to its ability to capture more intricate visual details, which can be challenging to
express purely through text. Overall, this comparison highlights the advantages of textual
representations in tasks where high-level semantic understanding is crucial. However,
deep visual features may still hold an edge in tasks requiring precise spatial reasoning or
detailed object localization, areas where textual descriptions may fall short.

Table 4. Comparison of language-only models with deep visual feature-based models, showing the
performance of various models on the VQA-CP v2 test and VQA 2.0 validation sets. Results marked

with * are our re-implementations.

VQA-CP v2 Test VQA 2.0 Val
Model Yes/No Number Other Overall Yes/No Number Other Overall
HAN [66] 52.25 13.79 20.33 28.65 - - - -
MuRel [32] 42.85 13.17 45.04 39.54 - - - 65.14
UpDn [29] 42.27 11.93 46.05 39.74 81.18 42.14 55.66 63.48
ReGAT [67] - - - 40.42 - - - 67.18
BAN * [30] 43.14 13.63 46.92 40.74 83.19 48.13 57.52 65.93
VisualBERT * [20] 43.30 15.07 47.83 41.51 84.55 48.19 57.29 66.33
NSM [65] - - - 45.80 - - - -
Ours (Narrative + Five Captions) 45.13 20.06 49.33 43.64 8791 56.47 59.43 69.74

4.4. Back Translation for Other Models

The results in Section 4.2 demonstrate that back translation significantly boosted
accuracy in our language-only setting. To assess whether this technique can generalize
to other models, we applied back translation to standard VQA models, such as BAN [30]
and VisualBERT [20], by adding synthetic back-translated samples to the training set. This
experiment aimed to test the generalizability of back translation as a data augmentation
technique. We investigated whether the improvements seen in our language-only model
also benefited models that incorporate deep visual features, helping to establish back
translation as an effective tool across diverse VQA architectures.

We present the results in Table 5. Training BAN and VisualBERT with synthesized
back-translated samples significantly boosted performance, with improvements of 2.83 and
5.06 points, respectively. This technique benefited all question types, particularly Yes/No
questions, where the improvement was around 12.65 points. These findings align with our
model’s results, demonstrating that adding synthetically varied questions with the same
meaning is highly effective for enhancing model performance.
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Table 5. Results of applying back translation to different VQA models in the VQA-CP v2 test set. Gap
denotes the improvement achieved by training with synthetic back-translated samples.

Model Yes/No Number Other Overall Gap
BAN [30] 43.14 13.63 4692  40.74 -
w/BT 47.87 16.27 4876  43.57 +2.83
Visual BERT [20] 43.30 15.07 4783  41.51 -
w/BT 55.95 17.11 49.74  46.57 +5.06

4.5. Comparison of Language Transformers

In this experiment, we compared the performance of various language-only Trans-
former models, including BERT [10], XLNet [60], and RoBERTa [9], in both their base and
large versions. All models were evaluated using the same input—question, narrative, and
five captions. The goal of this experiment was to determine which Transformer architecture
is most effective for handling textual representations in VQA. By analyzing the performance
of different models, we aimed to gain insights into how various language models manage
the complexity of this task.

The results are presented in Table 6. All models exhibited similar performance patterns,
with XLNET large achieving the highest accuracy, outperforming RoBERTa large by 0.59%.
However, the computational time for XLNET large was approximately 2.7 times longer
than for RoBERTa large. Given the minimal accuracy difference, RoBERTa large was a more
efficient choice, offering comparable results while significantly reducing training time.

Table 6. Performance comparison of language-only Transformer models on the VQA-CP v2 test set.
Bold values indicate the highest performance.

Model Yes/No Number Other Overall
BERT base 42.78 1753  46.99 41.27
BERT large 42.72 17.43 48.47 42.06
XLNET base 43.49 17.61 48.45 42.30
XLNET large 44 .58 20.67 50.52 44.23
RoBERTa base 44.39 17.46 48.74 42.70
RoBERTa large 45.13 20.06 49.33 43.64

Summary: Our experiments demonstrate that language-only models, when paired
with rich textual descriptions and effective data augmentation, can compete with deep
visual feature-based models in VQA tasks. Detailed captions enhance performance, while
back translation significantly improves accuracy, especially for Yes/No questions. We also
found that models like RoBERTa large provide a strong balance between computational
efficiency and accuracy, making them ideal for language-only VQA tasks. Overall, these
findings highlight the potential of textual representations as a robust alternative to deep
visual features, with wide applicability across different VQA models.

5. In-Depth Analysis of Textual and Visual Representations in VQA

In this section, we provide an in-depth analysis of the strengths and characteristics
of textual representations for images, compared to deep visual features. Specifically, we
focus on two key analyses: (Section 5.1) examining the overlap in predictions between our
language-only model and models using deep visual features, and (Section 5.2) conduct-
ing a qualitative analysis of visual examples. For both analyses, our model’s input is a
combination of the narrative and five captions.

5.1. Error Analysis

We compared our text-only model with models that incorporate deep visual features,
examining whether they make similar or different mistakes. We use BAN [30] and Visual-
BERT [20] as representative models for deep visual features. BAN is a strong pre-Transformer
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Q:What is the hand doing?
M

BAN: cooking X
VisualBERT: cooking X

In this image | see a man who is
wearing grey t-shirt and | see
few pans, boards and number of
utensils ... . Aman pointing to
pots hanging from a pegboard
on a gray wall.

Ours: pointing v
()

model, while VisualBERT uses multimodal Transformers and integrates both image and
caption inputs, making it an intermediate between BAN and our text-only approach.

Figure 4 shows the consistency of correct and incorrect answers across the models.
We used a binary accuracy metric for this comparison, where a prediction is considered
correct if it matches any ground-truth answer, as opposed to the original non-binary metric
used in the main paper [51]. Our model demonstrated high consistency, with similar rates
of correct/incorrect predictions for both BAN and VisualBERT. For 80% of the questions,
all models gave consistent results (blue part). For 12% of the questions, only our model
answered correctly (orange), while this dropped to 8% where only the baseline models
answered correctly (red). This supports the idea that textual image representations can
compete with deep visual features.

0 20 40 60 80 100

Only ours is correct

Both are correct Both are mcorrect Our baseline is correct

Figure 4. Answer overlap: comparison of prediction agreement between our language-only model,
BAN, and VisualBERT. Bar graphs show proportions of identical or differing answers.
5.2. Qualitative Analysis

We analyzed qualitative examples (Figure 5) comparing the predictions of our text-only
model, BAN [30], and VisualBERT [20], to identify cases where our method underperformed
and suggest potential improvements.

Q: How many ski boards are in the picture? Q: What is the last letter over the plane?

Q: What color plate is this?

BAN: white

BAN: 4 X
VisualBERT: white v~

VisualBERT: 4 X

BAN: ¢ X
VisualBERT: | X

This image consists of
skiboards, hanged to a stands.
At the bottom, there is snow. ...
Six snowboards are propped in
the snow on a rail. Snowboards

Here in this picture we can see
white colored airplane flying in
sky and we can see clouds
present all over there... A big
plane with AirFrance on the

In this image | can see a food
item on the plate with a knife,
also there is a cup with spoon
and sachets on the saucer, ...
A close up of a slice of cake on

sticking in the snow by a rack. side of it. a plate.
Ours: 6 \/ Ours: ¢ X Ours: blue X
) (3) “4)

Figure 5. Qualitative comparison: red boxes indicate object detection results by Faster R-CNN with
confidence scores over 0.5. Highlighted words in the descriptions correspond to key details relevant
to the answers.

In Example (1), our text-only model correctly predicted the man’s action based on
the description “A man pointing to pots...”, while both BAN and VisualBERT incorrectly an-
swered “cooking”, likely due to the presence of cooking tools in the scene. This demonstrates
how textual representations can more accurately capture actions by relying on explicit
information, while deep visual models may misinterpret object presence, underscoring our
model’s advantage in avoiding irrelevant visual cues.
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Example (2) highlights another strength of our method: object counting. The detailed
description “Six snowboards” enabled our model to correctly predict the answer, whereas
the object detectors used in BAN and VisualBERT missed detecting all the relevant objects.
This underscores the robustness of our approach in handling precise textual descriptions,
which can outperform deep visual features when object detection is incomplete.

However, Example (3) reveals a limitation: despite the description containing the word
“AirFrance”, our model failed to predict the correct answer. This indicates that our model
struggles with precise visual-text alignment, where deep visual features might provide
stronger spatial or contextual cues. Improvements could focus on better integrating context
from the image to reinforce textual grounding.

Lastly, Example (4) exposes another limitation of our model—handling incomplete
or insufficient text input. The lack of essential details in the description led to incorrect
predictions. This limitation suggests that future work should aim to enhance the model’s
ability to infer or handle ambiguity when text descriptions lack critical information.

Overall, this analysis highlights the advantages of our text-based model in capturing
detailed, action-related, and count-specific information, often missed by deep visual models.
However, it also reveals areas for improvement, particularly in integrating contextual cues
from images and addressing gaps in text descriptions for more robust performance.

Summary: In this section, we analyzed the performance of textual representations for
VQA compared to models that use deep visual features. Through error analysis, we found
that our text-only model can make competitive predictions, often outperforming models
that rely on visual features. Qualitative analysis further revealed that textual input excels
in capturing actions and counting objects, but struggles with precise visual-text alignment
and when descriptions are incomplete. This highlights both the strengths and limitations
of text-based models and points to areas for potential improvement.

6. Discussion

Summary of Results and Time Complexity. Our experiments demonstrate that language-
only models, particularly when combined with data augmentation techniques like back
translation, can achieve competitive performance compared to deep visual models. For
instance, back translation improved Yes/No question accuracy by 17.30 points, outperform-
ing most augmentation methods. While deep visual models like NSM slightly outperform
our model in some areas, the interpretability and semantic richness of text-based mod-
els present a distinct advantage, especially in scenarios requiring human-like reasoning.
Additionally, visual feature-based models like BAN and VisualBERT require more time
to train than our language-only model. This is due to the additional feature merging
module needed to combine image and textual features in these models. For instance, our
language-only model trains approximately 3.2 times faster than BAN, making it a more
efficient choice in terms of computational time while achieving competitive accuracy.

Comparison between text representation and deep visual features. Directly comparing
our language-only model with deep visual feature-based models is challenging due to
different inputs—our model uses human-annotated descriptions, while visual models rely
on extracted visual features. Human descriptions often align better with the questions,
offering a distinct advantage. Despite these differences, our results highlight the parallels
and distinctions between text-based and visual features. A key strength of our approach
is its interpretability, as human-readable descriptions help explain the model’s decisions,
making it a valuable baseline for VQA and showing the potential of textual representations
as a complement or alternative to visual features, especially when interpretability is key.

Future Research Directions. This study opens up new research avenues for VQA
and image understanding. One promising direction is to automatically generate image
descriptions as representations, either to supplement or replace deep visual features. This
could bridge the gap between textual and visual models, combining the interpretability of
text with the precision of deep visual features. Additionally, exploring how textual and
visual features can be harmonized to improve models’ ability to handle complex reasoning
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tasks, such as spatial relationships or fine-grained object recognition, is a logical next step.
Another direction could involve developing models that dynamically decide when to rely
on text versus visual input, optimizing performance based on the complexity of the task
at hand.

Additional baselines. While we acknowledge that including a wider range of baseline
models would provide a more comprehensive benchmark, the scope of this study focused
on representative models that are well-established in the VQA domain. Future work will
aim to incorporate a broader selection of models to further evaluate the generalizability
of our approach. Given the model-agnostic nature of our method, we anticipate that
the benefits observed in this study will extend to other VQA models as well, providing
additional insights into the effectiveness of language-based representations.

7. Conclusions

This paper investigated the use of textual representations of images as an alterna-
tive to deep visual features for VQA. We also applied data augmentation techniques to
both descriptions and questions to expand the training data and improve diversity. Our
experiments showed that the language-only model performs competitively with models
using deep visual features. Notably, back translation for questions significantly boosted
performance. Our findings suggest that machines do not need overly detailed descriptions
to understand images—concise, relevant text is sufficient.
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