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Abstract: - This research investigates using Image Transformers to improve image captioning. Deep learning algorithms
have improved image captioning. We use Image Transformers, a sophisticated neural network design that captures
intricate visual aspects and interactions in images, to improve image captioning. This study describes the creation and
implementation of our innovative image captioning system, which seamlessly integrates Image Transformers with classic
captioning structures. We show significant advances in visual description accuracy and contextually through trials and
evaluations. This method improves image-caption correspondence by providing more exact and meaningful captions and a
greater grasp of the visual material. This research has many applications, including visual impairment accessibility, media
and marketing content development, and more. This study shows how Image Transformers might alter image captioning
and usher in a new era of immersive and context-aware human-machine interaction.
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1. Introduction

Image captioning is a key technique with many
applications in computer vision and natural language
processing. This research uses image Transformers, a
transformative deep learning architecture development, to
improve image captioning. Image captioning has advanced
greatly in recent years. As demand for fuller, contextually-
aware descriptions rises, emerging ways that bridge visual
perception and language interpretation are needed. Image
Transformers, inspired by their success in visual tasks,
offer an intriguing chance to revolutionize image
captioning. These transformers excel in capturing rich
visual features and relationships, making them excellent
for improving image descriptions. Image Transformers
combined with classic image captioning structures should
improve caption accuracy, relevance, and contextual depth.
The Transformer architecture dominates most natural
language processing workloads nowadays. When given a
new natural language processing task, the typical first step
is to acquire a large pretrained Transformer model like

BERT [1], ELECTRA [2], RoBERTa [3], or Longformer
[4], adapt the output layers, and fine-tune the model with
the available data. The Transformer-based models GPT-2
and GPT-3 [5], [6] have been discussed in recent years of
enthusiastic news coverage of OpenAl's comprehensive
language models. The Vision Transformer is now the
default model for image recognition, object detection,
semantic segmentation, and super-resolution [7] [8]. Other
than natural language processing, transformers have
competed in speech recognition [9], reinforcement learning
[10], and graph neural networks [11].

The Transformer model uses the attention mechanism,
which was first described as an augmentation for encoder-
decoder Recurrent Neural Networks (RNNs) used in
sequence-to-sequence tasks like machine translation [12].
The encoder compressed the input sequence into a single
fixed-length vector and handed it to the decoder in early
sequence-to-sequence machine translation models [13].
Attention is innovative since it suggests that the decoder
may benefit from iterating the input sequence rather than
compressing it. Instead of always using a uniform input
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representation, the decoder should focus on certain input
sequence segments during decoding phases. Bahdanau's
attention method lets the decoder dynamically attend to
input segments at each level. First, the encoder constructs a
representation with the same length as the input sequence.
During decoding, the decoder can receive a context vector,
which is the weighted sum of the input representations at
each time step. These weights intuitively determine how
much each step's context "attends” to each input character.
This weight assignment algorithm must be differentiable to
train with other neural network parameters.

The contributions of the paper can be summarized as
follows:

. With a redesigned attention module
appropriate for the intricate natural structure of image
areas, we suggest a novel internal architecture for the
transformer layer that is tailored to the image
captioning task. The research proposed using Image
Transformers to improve image captions quality and
context.

. Our suggested architecture was validated
by extensive experiments and ablation studies,
resulting in state-of-the-art performance on the
MSCOCO image captioning offline and online
testing dataset using just region features as input.

. By leveraging the power of Image
Transformers, the paper pushes the boundaries of
traditional image captioning, offering a more
advanced and accurate captioning methodology. The
integration of Image Transformers enables the
generation of image descriptions that are not only
more precise but also more contextually meaningful
and semantically rich.

° The research discusses the potential
applications of this approach, including improving
accessibility for the visually impaired, content
generation for media and marketing, and advancing
human-machine interaction.

. The paper likely includes experimental
results and evidence demonstrating the effectiveness
of the Image Transformer-based image captioning
approach, supporting its contributions with empirical
data.

2. Related Work

2.1  Deep Captioning Methods

This section describes deep learning-based captioning
techniques, including attention mechanism, encoder-
decoder architecture-based captioning, compositional
architecture-based  captioning, new  object-based
captioning, semantic concept-based captioning, dense
captioning, and styled captioning.
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2.1.1 Encoder-Decoder architecture-based captioning

One of the main paradigms in the field of image
captioning is the Encoder-Decoder architecture. It involves
a decoder that produces logical and contextually
appropriate textual descriptions and an encoder that
comprehends an image's visual content. This section sheds
light on the importance of the Encoder-Decoder
architecture in the field of image captioning by explaining
its essential elements and operational mechanisms.

The authors [14] discussed about models that
improved natural language creation and interpretation by
fusing text with various input kinds, such images or audio.
They presented a novel method for gathering and
combining data from several modalities by utilizing a
neural network framework. By offering insights into the
creation of models able to handle various data types in an
integrated way, this research added to the fields of
machine learning and natural language processing.

An innovative method for captioning images that
takes into account scene-specific circumstances and
region-based attention was presented by Fu et al. [15] in
their study. The authors introduced a methodology that
dynamically matches the image's regions of interest and
the accompanying textual descriptions, addressing the
difficulty of creating descriptive and contextually
appropriate captions for photographs.

Deep visual-semantic alignments were studied by
Karpathy and Fei-Fei [16],[17] to generate descriptions of
images. Their study focused on how to improve the quality
of image captions by aligning visual content with related
semantic information. The work showed how deep
learning models may be used to provide descriptive and
contextually rich image descriptions, making a substantial
contribution to the fields of computer vision and natural
language processing. This study shed important light on
the growing relationship between natural language
processing and computer vision.

The paper [18] investigated the "show, attend, and
tell" method, which uses visual attention mechanisms to
improve image captions. By showing that visual attention
works in image captioning, the study advanced machine
learning and computer vision.

A unique image caption generating method using
visual attention mechanisms was presented in this
research. The "show, attend, and tell” strategy improved
image captions using visual attention, according to the
study. This work advanced machine learning and computer
vision by emphasizing visual attention in image captioning
[19]. Zhao et al. [20] studied multi-task learning to
improve image captioning. The research examined
methods that allow a single model to handle numerous
related jobs simultaneously, improving image caption
generation. This work advanced artificial intelligence,
particularly image captioning.

The investigation used a transformer model with
multi-view visual representations to improve image
captioning. The study showed that diverse visual
viewpoints improve video technology and image
captioning [21].
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2.1.2  Compositional architecture-based captioning

"Rich Image Captioning in the Wild" [22], study
examined the difficulty of writing meaningful descriptions
for images under uncontrolled settings. The article may
have introduced new approaches to this complicated
challenge, advancing computer vision and image
captioning. Computer vision researchers studied ways to
bridge natural language captions with visual notions. Their
research may have suggested novel translation methods,
revealing how text and visual data interact [23] .Ma and
Han [24] presented "Describing Images by Feeding LSTM
with Structural Words." Integrating LSTM with structural
words was an innovative technique to visual description
creation in this work. The research may have improved
image captioning by using structural linguistic
components. This research highlighted the importance of
linguistic structures in image description in multimedia
and natural language processing.

Recurrent multi-modal learning with fusion was used
to generate visual descriptions in a novel way. The
research may have suggested merging visual and linguistic
data to improve image captioning. This work advanced
image processing, notably in descriptive and helpful image
descriptions [25]. A parallel-fusion architecture that blends
RNN and LSTM models yielded an innovative image
caption generation method. The study presumably
proposed a new image caption generation method that uses
RNN and LSTM to parallelize information [26].

2.1.3  Multi-modal space-based captioning

Kulkarni et al. [27] research examined visual
comprehension and description approaches, particularly
their application in real life. Simple but effective visual
descriptions were stressed in the study, which advanced
pattern analysis and machine intelligence.

A study used multimodal recurrent neural networks to
explain images. The research possibly suggested
multimodal methods for understanding visuals and
providing meaningful explanations [28]. The authors [29]
developed a novel method for creating image captions
using a recurrent visual representation. Recurrently
processing visual data may have been used to provide
contextually rich image descriptions in the study. Their
work advanced computer vision and image captioning by
emphasizing the need for dynamic visual representation in
caption generation.

2.1.4  Semantic Concept-based captioning

Semantic Compositional Networks were added to
improve visual captioning in the study [30]. The study
presumably suggested ways to create image captions that
capture compositional and semantic components of visual
material. Their work advanced computer vision and image
captioning by emphasizing the significance of capturing
images' complex semantics. Yao et al. [31] used visual
content features to improve image captioning. The study
may have suggested ways to generate image captions with
descriptive features for a more thorough description.
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2.15  Novel Object-based captioning

Based on children's like learning processes, the study
used sentence descriptions of images to quickly learn new
visual concepts. The study suggested efficient machine
learning methods for swiftly learning new visual concepts.
This work advanced computer vision and image
understanding by revealing more effective concept
learning [32]. Hendricks et al. [33] developed a novel
method for creating image descriptions for new item
categories without associated training data. The study
suggested ways to generate informative descriptions for
objects the model hasn't seen.

A method for creating image captions that describe
several objects and scenes was developed. This study
certainly suggested ways to describe images in different
and contextual ways. Their work advanced computer
vision and image captioning by emphasizing the need of
managing varied objects and situations [34].

2.1.6  Stylized captioning

Mathews et al. [35] introduced a novel sentiment-
based image description method. The study may have
suggested ways to write emotional image captions. Their
work advanced artificial intelligence and image captioning
by including sentiment analysis.

Nezami et al. [36] offered a new way to caption
images by analyzing facial expressions. The study may
have introduced new ways to caption images that capture
participants' feelings and sentiments through facial
expressions. Machine learning and image -captioning
advanced with their emphasis on facial expression analysis
in caption production.

Personalized image captioning using context sequence
memory networks was pioneered. The study presumably
suggested ways to write image captions for specific
settings [37]. Liu et al. [38] presented a novel method for
captioning images utilizing multi-level policies and reward
reinforcement learning. It is possible that the study
suggested methods for producing image captions through
the integration of several tiers of incentives and policies.
Cornia et al. [39] used a meshed-memory transformer
model to present a novel method of captioning images.
The study probably included methods for creating captions
for images that are descriptive by using memory structures.
Their research significantly advanced the fields of image
captioning and computer vision.

2.1.7  Dense captioning

Johnson et al. [40] presented a novel use of fully
convolutional localization networks for dense captioning.
The work probably offered methods for producing detailed
and comprehensive image captions that are highly
compatible with object localization.

Yang et al. [41] presented a novel method of dense
captioning that included visual context and cooperative
inference. The study probably offered methods that take
into account both context and joint inference procedures to
produce rich and intricate image captions.



Jaiswal Sushma et al. / Int. J. Comput. Eng. Res. Trends, 10(12), 12-21, 2023

3. Image Transformer

It is a difficult but important task in the fields of
computer vision and natural language processing to
produce precise and contextually relevant descriptions for
images. Conventional methods often use recurrent neural
networks (RNNs) for sequence generation after
convolutional neural networks (CNNs) for extracting
image data. Nonetheless, a class of attention-based models
called image Transformers has shown promising results
across a range of tasks, encouraging further research into
improving image descriptions.

This section outlines the encoding and decoding
components of the suggested image transformer
architecture after reviewing the transformer layer.

3.1 Image transformer layer

The model may concurrently attend to data from
several representation subspaces at various places thanks
to multi-head attention. The optimal number of heads and
the wvalue of multi-head attention are hot topics of
discussion.

Simply denote

consider  the by

def
D = {(ky,vy), ... (K, vi)} @ database of m tuples of
keys and values. Moreover, denote by q a query. Then we
can define the attention over D as

following:

me

def
Attention(q,D) = X%

1)

a(q: ki)vi

Where a(q,k;) € R(i = 1,...,m) are scalar attention
weight. The operation itself is typically referred to as
attention pooling. The name attention derives from the fact
that the operation pays particular attention to the terms for
which the weight « is significant (i.e., large). As suc the
attention over D generates a linear combination of values
contained in the database. In fact, this contains the above
example as a special case where all but one weight is zero.
We have a number of special cases:

e The weights a(q,k;) are nonnegative. In this
case the output of the attention mechanism is contained in
the convex cone spanned by t values v;.

e The weights a(q, k;) form a convex combination,
i.e., Y;a(q,k;) = 1and a(q,k;) = 0 for all i. This is the
most common setting i deep learning.

e Exactly one of the weights a(q, k;) is 1 , while
all others are 0 . This is akin to a traditional database
query.

e All weights are equal, i.e., a(q,k;) = ifor all i.
This amounts to averaging across the entire database, also
called average pooling in deep learning.

A common strategy for ensuring that the weights sum
up to 1 is to normalize them via

a(gk;)

a(‘l. kl) = Zj a(q,kj)'

(@)

In particular, to ensure that the weights are also
nonnegative, one can resort to exponentiation. This means
that we can now pick any function a(q, k) and then apply
the softmax operation used for multinomial models to it
via

exp(a(gky))

a(q, kl) = T exp(a(q'kj))

3)

This operation is readily available in all deep learning
frameworks. It is differentiable and its gradient never
vanishes, all of which are desirable properties in a model.

Before providing the implementation of multi-head
attention, let's formalize this model mathematically. Given
a query q € R%, a key k € R%, and a value v € R%,
each attention head h; (i = 1, ..., h) is computed as

h; = fF(WPq W kW v) e R (4)
where W € RPoxda, W™ € Redic | and W €

RP»*dv gre learnable parameters and £ is attention pooling,
such as additive attention and scaled dot product. The

Q)

multi-head attention output is another linear transformation
via learnable parameters W, € RPo*"Pv  of
concatenation of h heads:
h,
W, | i | € RPo.
hy,

Based on this design, each head may attend to
different parts of the input. More sophisticated functions
than the simple weighted
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3.2 Graph Attention Networks

Givenagraph G = (V, €,) with a set of node features:
h = {ﬁl’ Hz, ey EN}' Hl € RF (6)

Where |V| = N and F is the number of features in
each node. The input of graph attention layer is just the set
of node features h, and the output of this layer is a new set
of node features

W ={h}, Ry, ... Ay} bl € RF (7)

Graph attention layer leverages the multi-head
attention, so for every single node v; :

e Obtain higher-level feature embedding
for v; by a shared linear transformation, which is
parameterized by a weight matrix W € RF *F.

e Perform self-attention on the nodes - a
shared attentional mechanism

a:RF' x RF' > R (8)

Computes attention score or coefficients on other

nodes v; in the graph:
eij = a(Wh,,Wh]) (9)

That indicate the importance of node v; 's features to
node v;. However, in GAT, it only attends the first order
neighbors of v; (including v; ), and

e;; = a(Wh;, Wh;) = LeakyReLU(aT[Wh; || Wh;])
(10)

where 3 € R2F and | is the concatenation operation.
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score with
the attention

e normalize the attention
softmax function to obtain
distribution:

exp(ei) (11)

a;j = softmax;(e;;) = Tror, e o)

softmax ;

Wh,

Figure. 2: The attention mechanism employed by [7]

Compute weighted sum of other nodes’ features to
serve as the final output feature (after potentially applying
a nonlinearity, ¢ ):

—

concat/avg
> 1)

Figure. 3. An illustration of multi-head attention
(with K=3 heads) by node v1 on its neighbors. Different arrow
styles and colors denote independent attention computations [7].

h{ = U(ZjENi aUWhj) (12)
For multi-head attention, K independent attention
mechanisms execute the transformation of equation (14)
by using K different matrices W, and then their features
are concatenated:
H{ =”§=1 O-(ZJCNL (Xlk]wkﬁj) (13)
If it is final (prediction layer) of the network with
multi-head attention, then the output becomes:

h = 0(§le§=1 Yjew, “5’Wkﬁf) a4
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3.2 Decoder

Proposed decoder consists of a LSTM [28] layer and
an implicit transformer decoding layer, which we proposed
to decode the diverse information in a region in the image.
The LSTM layer is a common memory module and the
transformer layer infers the most relevant region in the
image through dot product attention. At first, the LSTM

layer receives the mean of the output (ff =%Z§"=1A§)
from the encoding transformer, a context vector (c,_,) at

last time step and the embedded feature vector of current
word in the ground truth sentence:

xp = [Wpme, A+ cpq] (15)
hy, my = LSTM(x, hy_q, my_q)

Where, W, is the word embedding matrix, m, is the ¢t™
word in the ground truth. The output state h, is then
transformed linearly and treated as the query for the input
of the implicit decoding transformer layer. The difference
between the original transformer layer and our implicit
decoding transformer layer is that we also widen the
decoding transformer layer by adding several sub-
transformers in parallel in one layer, such that each sub-
transformer can implicitly decode different aspects of a
region. It is formalized as follows:

AP, = MultiHead(Wpohy, Wy, A", Wpy:A')  (16)

Then, the mean of the sub-transformers' output is
passed through a gated linear layer (GLU) [27] to extract
the new context vector (c,) at the current step by channel:

ce = GLU (he, 2 X0, A2,)
(17)

The context vector is then used to predict the
probability of word at time step t:

P | Y14-1) = Softmax(wpct + bp) (18)

The overall architecture of our model is illustrated in
Fig. 1, and the difference between the original transformer
layer and our proposed encoding and decoding transformer
layer.

3.4 Training

Given a target ground truth as a sequence of words
y1.r, for training the model parameters 6, we follow the
previous method, such that we first train the model with
cross-entropy loss:

Lyg(8) = —X1_; log(pe (i | ¥1.0-1)) (19)

Then followed by self-critical reinforced training [29]
optimizing the CIDEr score [30] :
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LR(G) = _E(y1:T~p9) [T(}’m)] (20)
Where r the score function and the gradient is is
approximated by:

ng _(r(yig:T) - ()71:T))V910gpe(}’1s:r)
(21)

4. Result and Discussion

4.1 Computational Costs

We use Intel(R) Core(TM) i7-8700 CPU @ 3.20GHz,
3.19 GHz with 8.00 GB RAM, 64-bit operating system,
Windows 10 Pro, x64-based processor to train and test all
our models.

4.2 Dataset and Evaluation Metrics

On the MSCOCO image captioning dataset [42], we
train our model. We use Karpathy's splits [32], with
113287 training images, 5000 validation images, and 5,000
test images. Ground truth captions are 5 per image.
Discard terms less than 4 times and the vocabulary is
10,369. Our model is tested on Karpathy's offline (5,000)
and MSCOCO online (40,775) datasets. We employ Bleu
[43], METEOR [44], ROUGE-L [45], and CIDEr [46] as
assessment metrics.

4.3 Result and Discussion

Below is a detailed comparison of how different
models perform in the field of sophisticated image
captioning. The main metrics and gains noted for each
model are summarized in the Table 1:

Strong BLEU-4 scores (88.9) are obtained by Liu et
al. [47], demonstrating a high degree of n-gram overlap
with reference captions.

Yao et al. [48]: Shows strong language generation
with competitive BLEU-4 scores (90.4). Vinyals et al.
[49]: Performs well in BLEU-4 (80.2), albeit a little less
well than the top models.Jia et al. [50]: Maintains
competitiveness in n-gram matching with a decent BLEU-
4 score (77). Fang et al. [51]: Provides a decent BLEU-2
score (88), but the analysis's depth is limited by the
absence of BLEU-3 and BLEU-4 evaluations. You [52]:
Get an impressive BLEU-4 score (81.5), which shows that
you are capable of producing precise and varied captions.
Yao [53]: Exhibits a remarkable capacity to replicate
significant words, as seen by her high BLEU-2 score of
95.9. According to Liu et al. [47], thorough caption
evaluation is indicated by a balanced performance across
METEOR, ROUGE-L, and CIDEr criteria.

Strong in METEOR, ROUGE-L, and CIDEr
consistently, indicating a well-rounded model, according
to Yao et al. [48]. According to Vinyals et al. [49], there is
a competitive METEOR score of 40.7, but the ROUGE-L
(69.4) and CIDEr (30.9) values are significantly lower. Jia
et al. [50]: Keeps overall competitiveness while exhibiting
respectable performance across METEOR, ROUGE-L, and
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CIDEr measures. Fang et al. [51]: The complete
assessment of its captioning quality is limited because to
the absence of METEOR and ROUGE-L evaluations. You
[52]: Shows proficiency in multiple areas of caption
creation with a balanced performance across METEOR,
ROUGE-L, and CIDEr. Yao [53]: High METEOR and
CIDEr scores, showing efficacy in consensus and fluency,
with scant ROUGE-L data. Liu et al. [47], Yao et al. [48],
and You [52]: Prove themselves to be powerful
competitors, outperforming on several measures. While Jia
et al. [50] and Vinyals et al. [49] demonstrate competitive
performance, there is need for improvement in a few areas.
A thorough evaluation of its advantages and disadvantages
is hampered by the lack of information, according to Fang
et al. [51]. Yao [53]: Shows mastery in particular
measures, but does not provide a thorough analysis of all
factors taken into account. GCN-LSTM [53]: Achieves
BLEU-1 (B1) score of 80.8 and BLEU-4 (B4) score of
95.9. Also performs well in other metrics. AUTO-ENC
[54]: Achieves high scores in multiple metrics, similar to
GCN-LSTM [7]. ALV [55]: Achieves competitive scores
in BLEU, METEOR, and CIDEr metrics. GCN-LSTM-
HIP [56]: Achieves high scores, particularly in BLEU-4
(B4) and CIDEr metrics. Entangle-T [57]: Achieves
competitive scores in multiple metrics. AoA [58]:
Performs well across various metrics. Proposed Method:
Proposed model achieves competitive scores across
different evaluation metrics, similar to the performance of
the other models.

5. Challenges and Considerations

e Training Image Transformers may be
computationally demanding due to the heightened
intricacy of attention mechanisms.

e The utilization of extensive datasets is frequently
necessary in order to fully realize the promise of
Transformer models.

e Coherent and accurate image descriptions depend
on the Transformer-based encoder and subsequent
decoding components working together effectively. This is
known as integration with decoders.

6. Future Directions

e Investigating hybrid architectures that take the
best features of transformers and CNNs and combine them
to maximize sequential and spatial information processing.

e Examining efficacious fine-tuning techniques to
modify transformer models that have already been trained
for particular image description assignments.

e Attention versions: Experimenting with various
mechanisms and versions of attention to improve the
interpretability and performance of the model.

Table 1. Recent model publication leaderboard on MSCOCO online testing server.

o o @ hy é IEIDJ <

Refren @ @ @ @ 0 8 UQJ

ces m m m 0 = 04 @)
Me‘%f’e' c5 c40 c5 c40 c5 c40 c5 c40 c5 c40 c5 c40 c5 c40
Liuetal. | 80.1 94.6 64.7 88.9 50.2 804 | 385 70.3 28.6 37.9 58.3 73.8 123 126
[47]
Yao et 81.6 95.9 66.2 90.4 515 816 | 39.3 71 28.8 38.1 59 74.1 128 130
al. [48]
Vinyals | 71.3 89.5 54.2 80.2 40.7 69.4 | 309 58.7 254 34.6 53 68.2 94.3 94.6
etal.
[49]
Jiaetal. | 70 87 53 7 38 65 28 53 24 32 52 66 87 89
[50]
Fang et 69.5 88 29.1 56.7 247 331 51.9 66.2 91.2 925
al. [51]
You 73.1 90 56.5 815 42.4 709 | 316 59.9 25 335 535 68.2 94.3 95.8
[52]
Yao [53] | 80.8 95.9 - - - 38.7 69.7 28.5 37.6 58.5 734 1253 | 126.5
Yanget | - - - - - 38.5 69.7 28.2 37.2 58.6 736 1238 | 1265
al. [54]

18
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Guoet | 799 | 947 374 | 683 | 282 |371 |57.9 | 728 | 1231 | 1255
al. [55]

Yao et 816 | 959 393 | 71.0 | 288 |381 |590 | 741 | 1279 | 130.2
al. [56]

Yi[57] | 812 | 950 389 | 702 | 286 |380 |586 | 739 | 1221 | 1244

Bahdana | 81.0 | 95.0 394 | 712 | 291 |385 |589 | 745 | 1269 | 129.6
uetal.
[12]

Ours 817 | 954 65.0 91.1 51.2 80.1 | 397 | 717 |294 |386 |594 | 746 | 1278 | 1295
Method

] 6. Radford, A., Wu, J., Child, R., Luan, D., Amodei, D.,

7. Conclusion & Sutskever, 1. (2019). Language models are

unsupervised multitask learners. OpenAl Blog, 1(8), 9.

Image Transformers have revolutionized image 7. Bao, Y., Sivanandan, S., & Karaletsos, T. (2023).

description generation. Transformers, which excel in
natural language processing and computer vision, have
improved image caption quality and accuracy. Image
Transformers allow the model to analyses images in detail
and contextually, producing more detailed and meaningful
captions. Bridging the gap between visual content and
human understanding requires the capacity to capture and
express image details in natural language. Image
Transformers have expanded research and development for
assistive technology for the visually handicapped and
image-based storytelling. Extensive studies demonstrated
the superiority of the suggested model, with qualitative and
quantitative assessments validating the encoding and
decoding transformer layer. We achieved a state-of-the-art
SPICE score in image captioning, and outperformed prior
top models in other evaluation measures, including
computational efficiency.
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