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Abstract—Image captioning is a rapidly growing field in
computer vision and natural language processing. Its goal is
to generate descriptive text for images, similar to human-level
captions, using deep learning techniques. This research utilizes
a full transformer model for image feature extraction through
a vision transformer and caption generation using a language
transformer. This study utilizes Nepali datasets from Flick8k
and Flickr30k. Transformers have shown promising performance
in vision and language tasks compared to CNN and RNN
models. Swin is used as a vision transformer and GPT-2 is
used as a language transformer. Experimental results on both
datasets demonstrate that while both models successfully generate
captions, the larger dataset shows better results in predictions
and accuracy. These findings contribute to the field of image
captioning by providing insights for developing effective models
tailored to the Nepali language.

Index Terms—image captioning, computer vision, natural lan-
guage processing, vision transformer, language transformer

I. INTRODUCTION

Image captioning is a challenging task that aims to automat-
ically generate descriptive and coherent textual descriptions
for images, bridging the gap between visual information
and natural language. The image captioning process involves
two fields to work together i.e. computer vision and natural
language processing [5]. This task requires vision processing
to extract the image features. The image features are further
processed in multiple steps in the natural language processor
for generating captions. Therefore, it is a challenging and
interesting problem to solve [6]. The applications of image
captioning are far-reaching, encompassing fields such as acces-
sibility, content retrieval, robotics, and aiding visually impaired
individuals, engaging descriptions of images in social media
and e-commerce platforms. While remarkable progress has
been achieved in image captioning for major languages, such
as English, many languages have limited research in this
domain [1] [3].

As most of the captioning task initially follows the CNN-
RNN model and recently with the development and success
of the transformer model in NLP, RNN is replaced by the
transformer model in the decoder portion due to its capability
of parallel processing and to solve the vanishing gradient

issue of RNN. The first work carried out in this domain in
the Nepali language uses the CNN-RNN model [3] showing
promising results but leaving room for improvement. Recently
released work has used the CNN-Transformer model to over-
come the limits of RNN [1]. As transformers are gaining
popularity, study on transformers for image classification also
increases, Vision Transformer uses transformer to classify
images without using any convolution algorithms [7], and
it performs admirably, especially after being pretrained on a
massive dataset, after which few papers have used transformer
in encoder portion in place of CNN and obtained good results
in captioning.

The proposed model’s foundation lies to use of the encoder
decoder based full transformer network for image captioning.
On the encoder end, vision transformer is used for generating
image feature vectors, and on the decoder end, the language
transformer is used for decoding the captions. The full trans-
former model has resulted in being better than the CNN-
Transformer model [5] [2]. Since the CNN-Transformer model
was successful in Nepali image captioning, we could utilize the
power of the transformer in the encoder part for vision process-
ing instead of CNN. By using vision and language transformer
architectures, we attempt to create an image captioning system
that grasps the intricate visual features within images and
generates contextually coherent Nepali captions. The rest of
this paper is organized as follows: Section 2 reviews related
works, Section 3 outlines the methodology used, and Section 4
presents the results and discussion, concluding with a summary
and suggestions for future research.

II. RELATED WORKS

Many research papers have been published by scholars
exploring diverse architectures for image captioning. These
approaches involve the utilization of CNNs to extract visual
features, coupled with RNNs or Transformer-based models
to facilitate language generation. Noteworthy contributions,
such as ”Show and Tell: A Neural Image Caption Generator”
authored by Vinyals et al. [8], along with ”Bottom-Up and
Top-Down Attention for Image Captioning and Visual Ques-
tion Answering” by Anderson et al. [6], have been pivotal in
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shaping the bedrock of multimodal image captioning systems.
Advancement in image captioning has been propelled by the
adoption of deep learning methodologies, notably CNNs and
RNNs. Researchers have proposed various improvements after
the Show and Tell model, such as attention mechanisms, multi-
modal fusion, and pre-training on large datasets. Recently,
transformer-based models have emerged, demonstrating state-
of-the-art performance across various benchmark datasets [5].

Stefanini et al. findings indicate that region-based visual
encoding methods outperform grid-based and global ap-
proaches, particularly evident in higher CIDEr and SPICE
scores. Transformer-based and BERT-like language models
consistently outshine LSTM-based and CNN-based counter-
parts across various metrics, showcasing the effectiveness of
self-attention and vision-and-language pre-training. However,
a trade-off emerges between caption quality and diversity [5].

Nepali exhibits a distinct sentence structure in contrast to
English, with a Subject-Object-Verb arrangement instead of
the typical Subject-Verb-Object structure found in English
[9]. Addressing the challenges of NLP in a morphologically
rich and intricate language like Nepali involves grappling
with its unique sentence structure, setting it apart from more
commonly studied languages like English [10]. Hindi, Bengali
Marathi, and Konkani exhibit analogous grammatical struc-
tures to Nepali, utilizing the Devanagari script. A contribution
authored by Adhikari and Ghimire introduces two encoder-
decoder models, one integrating visual attention and the
other omitting it. These models employ a ResNet-50 encoder
paired with LSTM/GRU decoders, with training executed on
MSCOCO datasets post-translation and preprocessing [3]. A
subsequent study by Subedi et al. unveils a CNN-Transformer-
based encoder-decoder model. Their evaluation encompasses
ResNet101 and EfficientNetB0 models coupled with a trans-
former. The reported BLEU1, BLEU2, BLEU3, and BLEU4
scores stand at 0.52, 0.42, 0.37, and 0.34, respectively, em-
ploying EfficientNetB0 as the CNN model [1].

A comparative study of models for image captioning in
Hindi utilizes Faster R-CNN, LSTM, GRU, and attention
mechanisms to enhance localized image recognition and
language modeling. By leveraging datasets like the Visual
Genome translated into Hindi, these approaches outperform
existing methods in generating dense image captions. Key ad-
vancements include a novel encoder-decoder attention mech-
anism with scaled CNN, achieving superior BLEU scores and
manual evaluation results. Another approach combines GRU
with EfficientNet, utilizing various attention mechanisms, such
as Bahdanau, X-linear, and Luong attention, highlighting the
versatility of the methods. CNN-Transformer model was able
to achieve highest BLEU score of B1 at 62.9 and B4 at 19
among other models [12].

Research in the Bengali language involves approaches in-
cludes encoder-decoder framework [13], Bahdanau Attention-
Based Bengali Image Caption Generation utilized various
CNN models and BiLSTM for caption generation [14]. Fur-
thermore, a study [15] merged the Flickr8k and BanglaLekha
datasets to propose a unified method for creating Bengali

image descriptions. By employing different architectures and
a blend of InceptionResnetV2 and Bidirectional Long Short-
Term Memory models showcasing B1 at 54 and B4 at 14.5.
Another system named TextMage [16], aimed at understand-
ing visual contexts in Bangladesh, was trained on a dataset
consisting of 9,154 photos and two annotations in VGG16
and LSTM resulting in B1 at 66.7 and B4 at 23.8. Image
captioning for Urdu has developed ResNet101-V2 and LSTM
model achieving a BLEU score of 0.83 [17]. And, another
researcher [18] introduces a new dataset and ResNet101 and
LSTM resulting with BLEU scores of 72.5, 56.9, 42.8, and
31.6 for generating Urdu image captions.

Transformers use a self-attention mechanism to model long
dependencies in input sequences for computer vision tasks.
This is unlike LSTMs, which process sequences recursively
and are limited to short-term context [19]. Transformers have
addressed the vanishing gradient problem in NLG by elimi-
nating recurrence and convolutions, which were problematic
for RNNs and LSTMs. The transformer architecture allows for
parallel training and captures longer sequence features, leading
to more comprehensive and effective language models [20].

A Generative Pre-trained Transformer is a language model
showcasing the significant impact of size and scale in
Transformer-based models, even without fine-tuning for spe-
cific tasks. GPT architecture has undergone transformations
in recent years. Transformer-based language models have
achieved groundbreaking results in NLG, but they differ in
their architectures and applications [20]. Language Transform-
ers, like BERT, GPT and others, leverage this architecture to
understand and generate human language.

The Visual Transformer (ViT) brings a breakthrough in
computer vision by rethinking how images are represented.
The ViT can better handle the challenges of modeling long-
range dependencies, capturing global context, and adapting
to different input sizes [21]. Researchers about applying
transformer to the computer vision field have attracted sig-
nificant interest. ViT consistently outperforms state-of-the-
art results on ImageNet, CIFAR-100, and VTAB’s 19 tasks
[7]. The CaPtion TransformeR (CPTR) model employs the
full transformer architecture for image captioning. Differing
from typical ”CNN+Transformer” methods, CPTR is an ef-
ficient approach circumventing the limitations of traditional
”CNN+Transformer” methods [2]. The Swin Transformer
builds a hierarchical representation by merging neighboring
patches starting from small-sized ones in deeper transformer
layers. The Swin Transformer performs self-attention locally
within non-overlapping windows, which divides an image
and achieves linear computational complexity to image size.
Unlike previous Transformer-based architectures that produce
feature maps of a single resolution and have quadratic com-
plexity, the Swin Transformer’s complexity is linear to the
image size making it better than ViT [22].

III. METHODOLOGY

The methodology begins with a dataset preparation con-
taining pairs of images and captions, followed by splitting the
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data. An encoder-decoder image captioning model based on
transformers is designed. Vision transformer is used in the
encoder end and language transformer is used in the decoder
end. Figure 1 shows the basic block diagram for this work.

Figure 1: Block diagram of the system

A. Dataset Preparation

1) Dataset Collection: The initial phase entails the compi-
lation of a dataset comprising well-curated images paired with
their respective Nepali captions. In pursuit of this objective,
the author employed the publicly accessible Flickr8k and
Flickr30k dataset, which boasts an extensive collection of over
8000 and 30000 images respectively. Notably, each image is
accompanied by five distinct captions. Although the dataset’s
origin is rooted in the English language, Subedi et al. [1] have
transformed it into Nepali. This study utilized the adapted
Nepali dataset to fulfill its purpose.

2) Dataset Cleaning: The captions might contain numerous
inaccuracies. Punctuation marks and numerical data are ex-
cluded from the captions. Extraneous characters and irrelevant
information within the captions are meticulously removed
during this phase.

3) Special Token Handling: Special tokens, such as the
beginning-of-sequence (BOS) token, end-of-sequence (EOS)
token, and padding token, are essential for the captioning task.
These tokens were properly handled to ensure that the model
understands where a caption begins and ends.

4) Language Model Training: We have trained the GPT
tokenizer to represent nepali word in vectors because the
tokenizer doesn’t encompass the Nepali language. This process
enables the tokenizer to acquire the ability to learn new
words. Furthermore, this fine-tuning adjusts the self-attention
weights of the language transformer, enhancing the model’s
understanding of sentence contexts. This, in turn, contributes
to savings in training time and complexity during the image
captioning task, as the optimizer can concentrate on refining
the cross-attention layers.

5) Dataset Splitting: Once the data was preprocessed, it
was divided into three subsets: training, validation, and test
data. Both datasets underwent through division of 75% for
training, 12.5% for validation, and 12.5% for testing.

B. Model Design and Implementation

The proposed model shown in Fig 2 is encoder-decoder
based image captioning model based on transformers. Vision
transformer is used in the encoder end for breaking down the
images into patches, flattening each patch, and processing it
to generate image feature vectors. On the decoder end, the
language transformer processes the feature vectors with the
reference captions to predict the caption. Swin is used in
the vision transformer and GPT-2 is used in the language
transformer. Using the combination of encoder and decoder

as transformer was motivated by the work done by Liu et. al.
[2].

Figure 2: The architecture of Swin + GPT-2 Model

The core architecture of the image captioning model re-
volves around the fusion of a Swin transformer encoder
and a GPT-2 transformer decoder. This allows the model to
capture dependencies between image regions and words in
the generated captions effectively. This method is devised
to generate textual descriptions for input images seamlessly.
Initially, the image is resized to a fixed resolution of 224 x
224. The image is then divided into non-overlapping patches,
with each patch considered a token. In this implementation, a
patch size of 4 x 4 is used, resulting in a feature dimension
of each patch being 4 x 4 x 3 = 48. A linear embedding
layer is then applied to this raw-valued feature to project
it to an arbitrary dimension. It employs window multi-head
attention and shifted window multi-head attention in the Swin
architecture block and hierarchical structure of merging of
feature vectors. The result of the Swin transformer is passed
onto the decoder cross-attention layer. The GPT-2 decoder
component functions as the textual description generator. As
shown in Figure 2, the GPT-2 processes comprising multiple
layers of self-attention and feed-forward networks. It takes
the visual features obtained from the encoder and generates
captions for the images through an autoregressive process,
predicting one word at a time based on prior predicted words.

3



IV. RESULTS AND DISCUSSION

The models are implemented using the HuggingFace library
and experimented on Flickr8k and Flickr30k dataset. Grid
search was used for tuning model hyperparameters. Table 1
shows the model parameters used in this work. The model
underwent through multiple experiments by changing number
of layers and number of attention heads in encoder and decoder
part for varied epochs.

Hyperparameters Value
Image size (224, 224)

Max Vocab size 39143
Batch size 24

Embedding size 128
Image patches 16
Learning rate 1e-4

Optimizer Adam
Loss function Cross Entropy

Table 1: Model hyperparameters

In multiple experiments, the model demonstrated that the
BLEU and METEOR scores improved as the number of
epochs increased. Enhancing the number of stages and atten-
tion heads in the encoder, as well as increasing the number
of layers in the decoder, also yielded positive outcomes. The
encoder configuration comprised depths of 2, 2, 18, and 2,
each associated with the corresponding number of attention
heads in multi-head attention: 4, 8, 16, and 32. The decoder,
consisting of 6 layers and utilizing a Nepali tokenizer, achieved
the best results. For the Flickr8k dataset, a batch size of 16 is
applied whereas, for the Flickr30k dataset, a batch size of 24
is applied. Due to the GPU’s memory limitations, executing
a larger architecture for the model was not possible, which is
a noted limitation of this study. The results of the model are
presented in Table 2 below.

Model Dataset B1 B2 B3 B4 M

Swin + GPT-2 Flickr30k 0.69 0.54 0.44 0.35 0.22

Flickr8k
0.59 0.43 0.32 0.23 0.19

Hyoju et al. [4] 0.35 0.32 0.18 0.10 -
Subedi et al. [1] 0.52 0.42 0.37 0.34 -

Table 2: Performance of different models

From the above table 2, we can say that the performance of
three models—Swin + GPT-2, Hyoju et al., and Subedi et al.
— using the Flickr8k dataset, evaluated with BLEU (B1, B2,
B3, B4) and Meteor (M) metrics indicate distinct strengths and
weaknesses. The Swin + GPT-2 model achieved the highest
BLEU-1 score of 0.59, BLEU-2 score of 0.43, and a Meteor
score of 0.19, indicating strong performance in capturing uni-
gram and bigram words while maintaining a balance between
precision and recall. Subedi et al., utilizing EfficientNetB0
and a transformer, excelled in generating longer, contextually
accurate phrases, achieving the highest BLEU-3 and BLEU-4
scores of 0.37 and 0.34, respectively. In contrast, Hyoju et al.,
employing ViT GPT-2, demonstrated the lowest performance
across all metrics, with a BLEU-4 score of 0.10, reflecting
challenges in generating coherent and contextually relevant

captions. Notably, training the tokenizer in the Nepali language
contributed in improving the evaluation scores whereas similar
model experimented by Hyoju et al., which did not use a
trained tokenizer, displayed lower performance metrics. With
an increase in dataset size from Flickr8k to Flickr30k, there
was a notable improvement in the performance of the Swin +
GPT-2 model. Specifically, the BLEU-1 score increased from
0.59 to 0.69, and the Meteor score increased from 0.19 to 0.22,
suggesting that the model benefits from more data in terms of
capturing words and achieving a better balance between pre-
cision and recall. These findings indicate that larger datasets,
such as Flickr30k, enhance the performance of models in
generating more accurate and coherent captions, datasets may
restrict the models’ ability to generate contextually rich and
longer sequences. Some of the predicted captions of this model
is presented in Figure 3.

This research develops an image captioning model for
the Nepali language using a full transformer architecture,
specifically Swin GPT-2. Unlike previous studies, such as
those by Adhikari and Ghimire with CNN-RNN models [3],
Subedi et al. with a CNN-Transformer [1], and Hyoju et al.
with a ViT GPT-2 model [4], our study shows capabilities
of the transformer. We employed Swin in the encoder and
GPT-2 in the decoder, trained the tokenizer in Nepali and
optimized through hyperparameter tuning involving various
depths, layers, and attention heads. Evaluation using BLEU
and METEOR scores on the Flickr8k and Flickr30k datasets
demonstrated that larger datasets significantly enhance model
performance. The Swin transformer effectively captures global
image dependencies, while GPT-2 excels in language mod-
eling, indicating that our full transformer model surpasses
previous CNN-Transformer approaches in generating high-
quality image captions in Nepali.

V. CONCLUSION AND FUTURE WORKS

In this study, a Nepali image captioning system based on a
full transformer architecture is implemented which is trained
using Flickr8k and Flickr30k datasets. The output of this
experiment demonstrates promising results, with models suc-
cessfully generating captions for images. Increasing the size of
the dataset and training the language model in Nepali resulted
in better predictions and accuracy. This study contributes to
the image captioning research, offering insights for developing
effective models in the Nepali language. Future work could
focus on refining the model architecture by exploring a range
of CNN, transformer, or hybrid models, such as ViT, BeiT,
DeiT, and GcViT for encoders, and ROBERTa, BERT, and
Phi for decoders. Expanding evaluation to metrics like CIDEr,
SPICE, ROUGE-L, and BERTScore, and incorporating human
evaluations and multimodal approaches, will improve semantic
understanding and caption diversity. Future studies could scale
up with larger datasets, such as MS COCO and ImageNet.
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Figure 3: Predicted captions of Swin + GPT-2 model
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