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Image captioning in Indonesian language poses a significant challenge due to
the complex interplay between visual and linguistic comprehension, as well as
the scarcity of publicly available datasets. Despite considerable advancements
in this field, research specifically targeting the Indonesian language remains
scarce. In this paper, we propose a novel image captioning model employing
a transformer-based architecture for both the encoder and decoder components.
Our model is trained and evaluated on the pre-translated Flickr30k dataset in the
Indonesian language. We conduct a comparative analysis of various transformer-
transformer configurations and convolutional neural network (CNN)-recurrent
neural network (RNN) architectures. Our findings highlight the superior per-
formance of a vision transformer (ViT) as the visual encoder, combined with
IndoBERT as the textual decoder. This architecture achieved a BLEU-4 score of
0.223 and a ROUGE-L score of 0.472.
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1. INTRODUCTION

Image captioning is a complex task that requires the seamless integration of visual and textual patterns
to generate coherent and contextually accurate descriptions. Many existing models have achieved remarkable
results on benchmark datasets in English [1]-[3]], but little work has been done on image captioning in other
languages, including Indonesia. As the fourth most populous country, Indonesia is home to a vast population
with a rich culture. Capturing the essence of images in its language is a crucial task that enables numerous
applications, including image retrieval, visual storytelling, and enhancing accessibility for visually impaired
individuals. Developing an accurate and effective Indonesian image captioning model not only holds significant
practical value but also has the potential to make a meaningful societal impact by bridging linguistic gaps.

Image captioning has been an active research area at the intersection of computer vision and natural
language processing. Numerous approaches have been developed to address this challenge, with encoder-
decoder models proving particularly effective in producing textual descriptions for images. A widely adopted
encoder-decoder strategy involves using a convolutional neural network (CNN) such as VGG [4], ResNet [3],
Inception [[6] as image encoders, and a recurrent neural network (RNN) such as gated recurrent unit (GRU) [7]],
long short-term memory (LSTM) [8]] as language decoders. These CNN+RNN architectures [9]-[11]] have
achieved impressive results on benchmark datasets such as the COCO [12] and the Flickr30k [[13]].

In the context of the Indonesian language, Nugraha et al. [14] proposed a CNN+RNN image caption-
ing model for the Indonesian language using InceptionV3 [[15] as the encoder and GRU [7] as the decoder. Their
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model successfully generated grammatically correct and contextually appropriate captions, although some cap-
tions occasionally failed to align with the image content. Furthermore, Mahadi et al. [16] proposed a different
encoder-decoder architecture using ResNet101 [5] as the encoder and LSTM [8] as the decoder. They also
added adaptive attention mechanism [17] to the decoder to decide which region are attended to generate the
next word for the caption. Patwari and Naik [18]] also used a similar architecture, with InceptionV3 as the en-
coder and GRU as the decoder along with attention mechanism, which produces similar results as [16]]. These
models however, rely on RNN architectures, which tend to perform poorly with long sentences.

Recently, transformer-based models [19] have shown impressive performance on a wide range of lan-
guage processing tasks, such as language modeling (LM) [20], machine translation [21]], and question answer-
ing [22]. This success is attributed to their ability to model long-range dependencies and capture contextual
information more effectively. Notable examples include generative pre-trained transformer (GPT) [23] and
bidirectional encoder representations from transformers (BERT) [24]]. Inspired by the success of the trans-
former architecture [19]], Al-Faruq and Fudholi [25] developed an image captioning model on COCO dataset
using CNN+transformer architecture, i.e., EfficientNet [26] as the encoder and transformer [[19] as the decoder.
The transformer architecture accelerates the learning process since it is no longer relied on RNN.

While all previous studies have explored the benefit of some transformer architectures, their architec-
ture is still partially relied on either CNNs or RNNs (including their architectural limitations). In contrast, our
research pursues the development of an image captioning model that operates solely on transformer architec-
tures, inspired by recent advances in vision transformer (ViT) framework. ViT is a pure transformer model
(without any CNNs mechanism) that can be applied directly to sequences of image patches. ViT has demon-
strated superior performance compared to state-of-the-art CNNs while significantly reducing computational
resources required for training [27]. This advancement presents a unique opportunity to create architectures
that can simultaneously process both visual and linguistic data using a unified transformer framework. In this
context, we propose a novel architecture for Indonesian image captioning, utilizing a pure transformer-based
architecture for both the encoder and decoder.

The main contributions of this paper include the development of an accurate and effective image cap-
tioning model for the Indonesian language based on transformer+transformer architecture. It also includes
evaluating its performance (both quantitatively and qualitatively) on the pre-translated Flickr30 dataset, and
comparing it with other state-of-the-art image captioning models. Our experiments demonstrate the effec-
tiveness of our proposed architecture in generating accurate and fluent Indonesian captions for images while
outperforming the other alternative baselines.

2. METHOD
The workflow of this paper is depicted in Figure[I|(a), with each part described in subsections below.

2.1. Dataset

The Flickr30k dataset [13] is a popular benchmark dataset in the computer vision community that
is widely used for evaluating image captioning models. The images were harvested from the Flickr website,
which cover a wide range of events, scenes, and activities. This dataset consists of 31,783 images, each paired
with 5 corresponding captions (obtained via crowdsourcing). In this paper, we used the pre-translated Flickr30k
dataset in the Indonesian language. The dataset (publicly available) was translated using Google Translate and
then corrected manually using the crowdsourcing method [[14].

2.2. Image preprocessing

As ViT expects each image to be of the same size (resolution), the images are resized into 224 x 224
pixels and the pixel values are normalized with average and standard deviation of 0.5. Resizing the images to a
fixed size ensures that they can be fed into the model without any compatibility issues. Normalizing the pixel
values ensures that the input values are within a certain range, which helps the model training convergence.

2.3. Caption preprocessing

We employed the BERT tokenizer to convert the captions into integer sequences that can be fed into
the model. The BERT tokenizer relies on WordPiece tokenization [28]], a subword tokenization method, that
adeptly addresses the challenge of handling out-of-vocabulary words encountered during training, while keep-
ing the sequence length reasonably compact. Before tokenizing the captions, we added special ”[CLS]” and
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”[SEP]” tokens to the beginning and end of each caption, to indicate the start and end of the caption generation
process. Additionally, we added a padding token "[PAD]” to ensure that all input sequences have the same
length. Finally, augmented sentences (with these special tokens) were converted into integer sequences.

2.4. Encoder (visual extractor)

The encoder plays a crucial role in image captioning, as it is responsible for extracting visual features
from the input image. We used the pretrained ViT to initialize our image encoder weight parameter. ViT is
a transformer-based architecture that has shown to be effective in capturing visual features from images [27].
ViT adapts the transformer’s encoder architecture [[19] to process 2-dimensional images. It first decomposes the
image input z into a sequence of 2D patches, denoted as x,,. These patches are obtained by dividing the original
image with resolution (H, W) and channel C' into non-overlapping patches of resolution (P, P). This results
in N patches, where N = HW/P?. ViT then flatten i-th patch into 1D sequence y; € RY *C and performs a

linear projection li using trainable parameters E into its base (0-th) layer embedding zfo) € RP. D is the size
of transformer latent vector in all of its layers. Similar to BERT tokenization process, ViT also prepend [CLS]
embedding (222 +s) that will serve as the whole image representation at the output of the encoder. In addition,

a positional embedding F,,s € RWTUXD is added to the tokens to retain positional information.

z§°) =ykE, Ec€ R(P*OxD M
2O = [0 2% 247520 + Epos @

The tokens are then passed to an encoder consisting of a sequence of L transformer layers. Each layer
[ consists of multihead self-attention (MSA), pre-layer normalization (LN), and multi layer perceptron (MLP)
blocks as in (3) and (). The model’s output is the class token embedding after layer normalization.

30 = MSALN(z4-D)) 4 20D 3)
20 = MLP(LN(z®)) + 30 (4)

Where () represents an intermediate pre-processed embedding for calculating the (1)-th layer embedding.

We initialized the encoder weight parameters using a pretrained ViT weight parameters, which had
undergone pretraining on the ImageNet-21k dataset and further fine-tuned on ImageNet 2012 (ILSVRC2012)
dataset. Afterward, we implement additional model fine-tuning on our dataset. This fine-tuning step is par-
ticularly crucial due to the presence of randomly initialized cross-attention layers, as elaborated in the sub-
section Moreover, this process equips the model with an internal representation of images, enabling it to
effectively extract essential features for image captioning tasks.

2.5. Decoder (text generator)

The decoder is responsible for generating a caption for the input image, based on the visual features
extracted by the encoder. In our model, the decoder weights are based on pretrained transformer-based encoder
(BERT) [24]. Specifically, this paper uses a specific pretrained BERT known as IndoBERT [29], which has
been trained on an extensive corpus of approximately 4 billion Indonesian words, with around 250 million
sentences. BERT is a well-known model for natural language understanding and generation tasks, and it is
adapted here to generate captions for the Indonesian language. Both ViT and BERT draw inspiration from the
encoder architecture of the original transformer model. As a result, they share a similar underlying architecture.
However, BERT still maintains the use of post-normalization, aligning with the original transformer’s design.
Specifically, original BERT embedding (¢(Y) employs post-normalization as shown in (5 and (6).

(W = LN(MSAC!D) + ¢t (5)
(W = LN(MLP(Y) + (W) (6)

Where ¢ represents an intermediate pre-processed embedding for calculating the (1)-th layer embedding.

However, BERT is originally designed as an encoder for various natural language processing tasks.
To adapt BERT as a decoder in our encoder-decoder model for image captioning, some modifications are
necessary. We employ a warm-starting approach to reconfigure the BERT model as the decoder, as implemented
by Rothe et al. [30]. There are mainly 3 modifications:
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— Unlike BERT’s original architecture, where it only relies on self-attention layers, the decoder needs to
be conditioned on the contextualized encoded sequence of the image features. To achieve this, cross-
attention layers need to be added between the self-attention layer and the two feed-forward layers in
each BERT block. As BERT does not inherently incorporate cross-attention layers, we added randomly
initialized cross-attention layers that necessitate subsequent fine-tuning.

— To enable auto-regressive caption generation, the bi-directional self-attention in BERT is replaced by
uni-directional self-attention layers, ensuring that the model focuses only on the previous tokens during
caption generation. While the key, query, and value projection weights of the decoder’s uni-directional
self-attention layers are initialized with those of BERT’s bi-directional self-attention layers.

— In order to define the conditional probability distribution of the output sequence, we need to add a LM
head layer on top of the last decoder block. The LM head layer is responsible for generating a sequence
of logit vectors. The weight parameters of the LM head layer correspond to the weight parameters of
BERT’s word embeddings, and hence, are not randomly initialized. The final encoder-decoder architec-
ture is depicted in Figure[T|b).
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Figure 1. The overall framework of the proposed model: (a) system flowchart and (b) ViT + BERT
architecture

2.6. Model evaluation

We used the Flickr30k dataset with the Indonesian captions to train and evaluate our model. We split
the dataset into training set (80%) and test set (20%). To evaluate the performance of our proposed model, we
used several standard metrics in image captioning, including BLEU and ROUGE scores. These metrics measure
the similarity between the generated captions and the ground truth captions. BLEU, which stands for bilingual
evaluation understudy, is a widely used metric for evaluating the quality of machine-generated texts, such as
machine translation or image captions [31]. It is designed to measure the similarity between the generated
text and one or more reference texts (ground truth). BLEU calculates a precision score, i.e., how much of the
generated text is present in the reference text, based on n-grams, which are contiguous sequences of n words,
e.g., BLEU-3 measures precision of trigrams. The BLEU score ranges from 0 to 1, with 1 indicating a perfect
match with the reference text. ROUGE, which stands for recall-oriented understudy for gisting evaluation,
is another set of metrics used for the automatic evaluation of text generated by natural language processing
systems [32]]. In contrast to BLEU, ROUGE places a specific emphasis on recall, which measure how much of
the reference text is effectively captured by the generated text. In this paper, we use ROUGE-N and ROUGE-L.
ROUGE-N measures the overlap of n-grams between the generated text and the reference text, while ROUGE-
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L calculates the longest common subsequence between the generated text and the reference text, rewarding
longer and more meaningful matches. Similar to BLEU, a higher ROUGE score indicates a better quality in
the generated text, with 1 being a perfect match with the reference text.

3.  RESULTS AND DISCUSSION
3.1. Model comparison

We compared the performance of our proposed ViT+IndoBERT model with other architectures, in-
cluding replicated versions of previous related works (InceptionV3+GRU [14]], EfficientNet+transformer [23]).
Since their original datasets are different, we reimplemented their models and evaluated them on our pre-
translated Flickr30k dataset using the same train-test split. This allowed us to perform a fair comparison across
all models. Since no pretrained RNN models in Indonesian are available, all RNN decoders were trained from
scratch using the training data. In contrast, the transformer decoders were fine-tuned from their pretrained
Indonesian models using the training data. Meanwhile, all encoders parameters were extracted from their
respective pretrained versions. The results are summarized in Table

As shown in Table[I] our proposed model (ViT+IndoBERT) achieved the highest BLEU and ROUGE
scores, indicating that it outperformed other architectures in generating accurate and relevant Indonesian cap-
tions for images. In general, the architectural combination of transformer encoder and transformer decoder
yields the best performance in comparison with other alternative encoder and decoder combinations. Specifi-
cally, transformer+transformer delivers the best performance, followed by transformer+RNN in second place
and CNN-+transformer in third, while CNN+RNN performs the worst. Additionally, combinations within the
same model family (e.g., ViT+LSTM and ViT+GRU) exhibit comparable performance.

Table 1. Model comparisons

Enc-Dec Architecture BLEU1 BLEU2 BLEU3 BLEU4 ROUGE1 ROUGE2 ROUGEL
InceptionV3+GRU 0.282 0.127 0.065 0.035 0.222 0.051 0.210
CNN + RNN ResNet+LSTM 0.467 0.292 0.176 0.104 0.377 0.168 0.355
ResNet+GRU 0.459 0.287 0.173 0.102 0.379 0.169 0.357
CNN + Tx EfficientNet+Transformer 0.484 0.304 0.185 0.111 0.380 0.170 0.358
Tx + RNN ViT+LSTM 0.516 0.342 0.217 0.133 0.417 0.205 0.394
ViT+GRU 0.516 0.342 0.216 0.133 0.417 0.205 0.394
Tx + Tx ViT+IndoBERT 0.585 0.414 0.287 0.199 0.476 0.261 0.453

Table 2] further illustrates this point by providing examples of captions generated by different archi-
tectures for the same image. In this example, the ResNet+LSTM model failed to identify the microscope, the
central object in the image, while the ViT+LSTM model struggled to differentiate which woman was looking
into it. The examples show that the proposed model captures contextual details more effectively than other ar-
chitectures. This result demonstrates the effectiveness of using transformer-based architectures for both image
and language representations in generating better captions.

Table 2. Example of Indonesian image captioning results from different architecture

Image Architecture Caption generated Google translation
ResNet+LSTM seorang pria dengan kemeja biru a man in a blue shirt and black
dan celana pendek hitam berdiri di shorts standing on a hill
atas bukit
ViT+LSTM seorang wanita dengan kemeja a woman in a white shirt is looking
putih sedang melihat melalui through a microscope
mikroskop
ViT+IndoBERT seorang wanita melihat melalui a woman looks through a
mikroskop sementara seorang pria microscope while a man looks
melihat

3.2. Encoder fine-tuning

In our experiments, we observed that fine-tuning the encoder part of our model further improved the
results. As Table [3] demonstrates, the fine-tuned model achieved higher BLEU and ROUGE scores compared
to the model using extracted image features, which shows the importance of encoder fine-tuning for language-
specific tasks. It aligns well with our objective of accurately captioning images in the Indonesian language.
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Table 3. Encoder fine-tuning
Fine-tune encoder BLEU1 BLEU2 BLEU3 BLEU4 ROUGE1 ROUGE2 ROUGEL
No 0.585 0.414 0.287 0.199 0.476 0.261 0.453
Yes 0.595 0.433 0.310 0.222 0.496 0.282 0.469

After fine-tuning the encoder part, we also conducted a comparison of our proposed encoder with
various other state-of-the-art pretrained vision transformer models, including data-efficient image transformer
(DEIT) [33]], BERT pre-training of image transformers (BEIT) [34], self-distillation with no labels (DINO) [335]],
and DINOV2 [36]]. This comparison aims to assess the performance of ViT encoder against other alternative
pretrained transformer encoders for image captioning (Table[). It’s worth noting that all transformer-based en-
coder models outperformed the traditional models (CNN+RNN) in terms of caption quality. This highlights the
superior performance of transformer-based encoders in the context of image captioning. While ViT emerged
as the best-performing model in this specific experiment, it is essential to recognize the overall effectiveness of
transformer-based encoders for this task.

Table 4. Comparison with other pretrained transformer-based encoder architecture

Encoder BLEU1 BLEU2 BLEU3 BLEU4 ROUGE1 ROUGE2 ROUGEL
ViT 0.595 0.433 0.310 0.222 0.496 0.282 0.469
DEIT(distilled) 0.568 0.407 0.287 0.203 0.476 0.265 0.449
DINO 0.534 0.374 0.259 0.180 0.452 0.243 0.425
BEIT 0.419 0.219 0.087 0.030 0.369 0.119 0.358
DINOvV2 0.562 0.402 0.283 0.200 0.471 0.260 0.443

3.3. Decoding with beam search

We also experimented with different decoding methods to enhance the quality of the generated cap-
tions. In particular, we applied beam search decoding to improve the fluency and coherence of the captions.
Table[5]summarizes the results of using various beam search widths, showing that a width of 2 provided the best
BLEU and ROUGE scores. By implementing beam search, we observed improvements of generated captions,
with more contextually relevant and coherent sentences due to exploration of multiple candidate words.

Table 5. Comparison of different beam search widths
Beam search width BLEU1 BLEU2 BLEU3 BLEU4 ROUGEI ROUGE2 ROUGEL

1 (Greedy search) 0.595 0.433 0.310 0.222 0.476 0.261 0.453
2 0.602 0.437 0.311 0.223 0.498 0.283 0.472
3 0.595 0.433 0.310 0.222 0.495 0.282 0.469
4 0.592 0.430 0.307 0.219 0.494 0.281 0.468

3.4. Qualitative inspection

To provide a qualitative assessment of our model’s performance, we present some image captions
samples generated by our ViT+IndoBERT model. Figures[2fa) to[2{c) displays few images from the test dataset
along with their corresponding generated captions. As shown in the figure, our model generated captions that
capture the essence of the images effectively. This qualitative evaluation reinforces the quantitative results and
demonstrates the practical applicability of our model for image captioning tasks in the Indonesian language.

3.5. Limitations

This study’s findings, while promising, are subject to several limitations that may affect the gener-
alizability and performance of the proposed model. The dataset used was derived from the English-language
Flickr30k dataset, with captions translated using Google Translate and subsequently corrected through crowd-
sourcing. Although this approach enabled us to create an Indonesian-captioned dataset, it introduces potential
translation inconsistencies that may affect the accuracy of the captions. Limited available Indonesian pretrained
transformer decoder models (IndoBERT, IndoGPT) also constraint us in experimenting other alternative trans-
former architectures. While IndoBERT was effective and chosen for this study, IndoGPT (not included in
this paper) performed poorly with less coherent captions. These limitations highlight the need for a native
Indonesian image-captioning dataset and the development of additional pretrained models for Indonesian.
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Figure 2. Generated image captions samples (a) sekelompok anak - anak duduk di kursi di ruang kelas (group
of children sitting on chairs in classroom), (b) dua pria dan seorang wanita duduk di lantai di sebuah ruangan
dengan banyak hadiah (two men and a woman sit on the floor in a room with many gifts), and (c) seekor
anjing putih berbulu melompat di udara di dapur (a fluffy white dog jumps in the air at the kitchen)

4. CONCLUSION

In this paper, we implemented a transformer+transformer architecture for image captioning in the
Indonesian language, utilizing the ViT for image encoder and modified IndoBERT for text decoder. Our
study demonstrates that transformer+transformer architectures (our proposed model) outperformed traditional
CNN+RNN architectures, as well as hybrid transformer+RNN and CNN+transformer approaches.
Additionally, we demonstrated that fine-tuning the encoder and incorporating beam search for decoding
further enhanced the model’s performance. Qualitative examples showcased the model’s ability to generate
coherent and contextually relevant captions. These results highlight the strong potential of transformer-based
architectures for image captioning, particularly when adapted to specific languages and fine-tuned for task-
specific nuances. However, the study faced limitations, including reliance on a translated dataset and limited
pretrained models for Indonesian, which may influence the consistency and generalizability of our findings.
Future research could benefit from native Indonesian datasets and an expanded range of pretrained models to
improve adaptability across diverse language contexts. Overall, our work advances the field of image caption-
ing by demonstrating its applicability to a broader range of languages and cultural contexts, specifically in the
Indonesian language.
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