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Abstract— The main objective of this paper is to improve the 

automatic Myanmar captions by learning the contents of images 

using NASNetLarge and Bi-LSTM model. Describing the 

contents of an image is a complex task for machine without 

human intervention. Computer Vision and Natural Language 

Processing are widely used to tackle this problem. This paper 

proposed a deep learning-based Myanmar image captioning 

system which used a NASNetLarge feature extraction model of 

CNN as an encoder and a deep Recurrent Neural Network 

(RNN) with Bi-directional Long Short-Term Memory (LSTM) 

as a decoder. For corpus construction, we created and annotated 

the Myanmar image captions corpus (consists of over 40k 

Myanmar sentences), which is based on Flickr8k dataset. 

Furthermore, two different types of segmentations such as word 

segmentation level and syllable segmentation level are studied in 

text preprocessing step. In this work, the proposed Bi-

directional LSTM model is compared with LSTM, GRU as well 

as the baseline model. Experiments on the updated dataset is 

presented that all of our models using syllable segmentation give 

higher and comparable BLEU scores than word segmentation 

for Myanmar image captioning system. NASNetLarge with Bi-

directional LSTM model using syllable segmentation approach 

achieved the highest BLEU-4 score 40.05% which is 12.5% 

better than word segmentation in this work and 15.67% BLEU-

4 score better than our previous work.  

Keywords—NASNetLarget, Recurrent Neural Network, Long 

Short-Term Memory, Gated Recurrent Unit 

I. INTRODUCTION  

Automatic description generation connects Computer 
Vision and Natural Language Processing which are two major 
fields in Artificial Intelligence. In order to produce qualitative 
image description must understand not only what objects are 
presented in an image, but also relationships between them. 
The image description generation system can be applied in a 
wide range of practical tasks, such as image search on the web, 
human-computer interaction, social media platform, help to 
visually-impaired people and several other natural language 
processing applications [6]. 

Today, state of the art models for image description 
generations are usually based on an encoder-decoder 
framework. The goal of an encoder part is to transform the 
vector representing for given images. The objective of a 
decoder part is to predict a sequence of token generating an 
image utilizing that features vector [7]. An image stored a 
large amount of information. Every day, a lot of image data is 
generated on social media. Deep learning methods can be used 
to automatically annotate these images, thus can be replaced 
in place of manual annotations done. This will be greatly 
reduced the human error as well as the efforts. Moreover, 
image caption generation task can be considered as a machine  

translation task that is used to transform from input image to 
a sequence of words with some language. 

For Myanmar language, VGG16 and LSTM-based 
language model (around 15k Myanmar sentences) is found 
publicly [5]. However, any segmenter is not used for text 
preprocessing step in this publication. Therefore, in this work, 
we   developed the more Myanmar image captions sentences 
(over 40k sentences) and also investigated how segmentation 
level affects the Myanmar image captioning system 
performance. More than that, different deep learning models 
such as NASNetLarge with GRU, NASNetLarge with LSTM, 
VGG16 with Bi-LSTM and NASNetLarge with Bi-LSTM are 
compared with baseline model[5]. The experimental results 
reveal that syllable level segmentation can give significantly 
better performance for Myanmar image description compared 
with the result of previous published work in [5] and state of 
the art model[20].The key contributions of this paper are 
described as follows: 

1) NASNetLarge feature extraction model and a multi-
task Bi-LSTM language generation model are applied for 
Myanmar image caption generation, that can accurately 
identify the objects in the images and also generate 
grammatically correct sentences with relevant images. 

2) The proposed model is evaluated on Myanmar 
image captions corpus, which has over fourty-thousand 
captions. The system performance significantly improved 
over previous work. The proposed model achieved an 
accuracy of 27.55% BLEU-4 score on word level and 40.05% 
on syllabel level compared with the baseline model of 
24.38% BLEU-4 score. 

The rest of paper is organized as follows, existing work 
flow of image captioning system is described in section II. 
Section III describes the encoder-decoder framework and the 
process flow of our system is explained in section IV.  Section 
V reports details of dataset and experimental setups. Result 
and analysis are presented in section VI. Conclusion and 
future improvements are concluded in section VII. 

II. RELATED WORK 

In the literature, there exists two types of approaches for 
generation image captioning task, the first one is the top-down 
approach [11][15] and the second one is the bottom-up 
approach [10]. 

The top-down approach starts from the input image and 
converts it into words while the bottom up approach first 
comes up with words which describe the various aspects of an 
image and combines them to generate the description. In the 
top-down approach, there is an end to end formulation from 
an image to sentence using the recurrent neural network, and 



 

all the parameters of the recurrent neural network are learned 
from training data. Limitations of the top-down approach are 
that sometimes fine details cannot be obtained which may be 
important to generate the description of an image. Bottom-up 
approaches do not have this problems they can be operated on 
any image resolution, but there is a lack of end to end 
formulation which is going from image to sentence. 

Bottom-up approach start with visual concepts, objects, 
attributes, words and phrases which are combined using the 
language models. Farhadi et al.[10] defined a method that can 
compute a score linking to an image. This score is used to 
attach a description to an image. 

Top-down approaches are the recent ones; in these 
approaches, image captioning problem is formulated as 
machine translation problem. In machine translation, one 
language is translated to another one, but in case of image 
captioning, the visual representation is translated to language. 
Bahdanau et al.[11] developed the encoder-decoder 
architecture for machine translation by allowing a model to 
automatically search the part of the source sentence that is 
relevant in predicting the target word. 

Cheng et al. [20] applied VGG16 and Alexnet as an 
encoder and Bi-LSTM model as a decoder on three 
benchmark datasets: Flickr8k, Flickr30k and MSCOCO 
datasets. Alexnet visual model is less powerful than VGG16. 
The authors achieved the highest BLEU-N (N=1, 2, 3, 4) 
scores 65.5%, 46.8%, 32.0% and 21.5% respectively using 
VGG16 with Bi-LSTM model on Flickr8k dataset. 

In this work, top-down approaches is used to solve the 
image captioning problem. For encoding part, NASNetLarge 
feature extraction model is applied to understand the contents 
of the images. GRU, LSTM and Bi-LSTM models are applied 
to generate the description with Myanmar language for 
decoding part. Furthermore, various experiments are 
investigated to know which approaches can give better 
performance for our system compared with the previous work. 

III. METHODOLOGY 

In this system, the pre-trained NASNetLarge model is 
used as encoder to compare the results obtained from each of 
them. The vector containing the output of the fully connected 
layer in each model is passed to language generation models 
as decoder to generate automatic Myanmar image captions for 
any given image. 

A. Feature Extraction Model 

The Neural Architecture Search (NAS) framework is 
proposed by [3] used to find good convolutional architectures 
on a dataset of interest. To the best of our knowledge, this is 
the first pre-trained feature extraction model used for 
Myanmar image descriptions. 

NASNetLarge: NASNetLarge is a pre-trained feature 

extraction model of Convolutional Neural Network (CNN). 

The model is trained on more than a million images from the 

ImageNet database. The network can classify images into 

1000 object categories. As a result, the network has learned 

rich features representations for a wide range of images. The 

features vectors of input images are defined to be 4032 

elements and the default input image size is 331x331 for 

NASNetLarge and then processed by a Dense layer to 

produce a 256 elements representation of the photo [2]. The 

output of last layer before the softmax function was removed 

to avoid classification of the image. This pre-trained model is 

used to extract the features vector of images within the dataset 

and saving the transfer-values in a pickle file so that we can 

be reloaded quickly for further computation [4]. 

B.  Gated Recurrent Unit (GRU) 

GRU was introduced by Kyunghyun Cho et al. [12] and 
applied successfully for machine translation and sequence 
generation. GRU is an improved version of the Recurrent 
Neural Network that is used to handle the vanishing gradient 
problem of standard RNN, it consists of update gate and reset 
gate. The behavior of the cell is controlled by these two gates. 

The core of the GRU model is memory cell which stores 
knowledge of every time step. Basically, the update gate and 
reset gate are the vectors responsible for deciding which 
information should be passed to the output. These two gates 
are trained to store the information from the previous time 
steps without wasting those as well as removing the pieces of 
information which are irrelevant for the prediction [13][17] 
[18]. 

C. Long Short-Term Memory (LSTM) 

Firstly, LSTM model is briefly introduced which is the 
center of Bi-LSTM model. The main motivation of applied 
LSTM network is that it designed to handle long-term 
dependencies and avoid quick exploding and vanishing 
gradient problems that suffers from traditional RNN during 
back propagation optimization. LSTM network consists of 
three gates mechanisms: input gate, forget gate and output 
gate. LSTM network takes the inputs from various sources: 
current input xt, the previous hidden state of all LSTM units 
ht-1 as well as previous memory cell state ct-1 at given time 
step t. At time step t, the updating of those gates for given 
inputs xt, ht-1 and ct-1 as follows: 

Input gates: it = 𝜎( Wxi xt + Whi ht-1 + bi)  (1) 

Forget gates: ft = 𝜎( Wxf xt + Whf ht-1 + bf) (2) 

Output gates: ot = 𝜎( Wxo xt + Who ht-1 + bo) (3) 

gt = ∅( Wxc xt + Whc ht-1 + bc)         (4) 

Cell states: ct = ft Θ ct-1 + it 𝛩 gt   (5) 

Cell output: ht = ot 𝛩 ∅( ct)   (6) 

  

Where W is the weight matrices learned from the network 
and b are bias vectors. 𝜎 is the sigmoid activation function, ∅ 
presents hyperbolic tangent and 𝛩 denotes the products with 
gate values [16][17][19]. 

D. Bidirectional Long Short-Term Memory (Bi-LSTM) 

Bi-LSTM network consists of an input layer, two hidden 
layers and an output layer.  

1) Input Layer: During the training phrase, the input layer 

takes the pre-segmented words in our corpus and their 

conrresponding image features from the previous feature 

extraction model. Word embedding layer transformed each 

word in the image captions sentences into one-hot encoded 

format. After that, the word embedding vector is the input 

parameters for the Bi-LSTM neural network model. 

2) Hidden Layer: The hidden layer consists of two 

separate LSTM networks - forward and backward, 

connecting to the same output layer. During training, both the 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

forward hidden sequences ℎ⃗ t = (ℎ⃗ 1, ℎ⃗ 2, …...ℎ⃗ k) and backward 

hidden sequences ℎ⃖⃗t = (ℎ⃖⃗1, ℎ⃖⃗2, …..ℎ⃖⃗k) use the same sequences 

of word vectors coming from the input layer to set the 

parameters of the system to accurately predict captions. The 

concatenation of forward and backward layer constructed the 

final encoded hidden vector .   

3) Output Layer: The output layer or dense layer picks 

the appropriate words based on the sequences of data 

from both hidden layers using a softmax activation function, 

which is effective in dealing with multiclassification and 

probability distribution problems. The output of this function 

is in the form of one-hot encoded word which is then 

converted back to word form in a high-level representation 

for image captions [16][17][20]. 

E. Beam Search 

Beam search is the best-first search algorithm which 

presents the final step to generate a caption with the highest 

likelihood of occurrence given the input image. This 

algorithm considered iteratively the set k of best sentences up 

to time t as candidates to generate sentences of size t+1, and 

then keep only the resulting best k of them [19]. In our 

experiment, the beam search size has been chosen as 3.  

IV.  MYANMAR IMAGE CAPTION GENERATION PROCESS 

Encoder-Decoder framework of Myanmar image caption 
generation process is described in Fig. 1. Data preprocessing 
is a vital role in every machine learning algorithm [1]. The 
image captioning system required two different types of data 
preprocessing: one for image understanding part using 
NASNetLarge feature extraction model as encoder and one 
for text understanding part using Bi-direction LSTM model 
as decoder. 

NASNetLarge pre-trained feature extraction model is a 
type of deep convolutional neural network as encoder, the 
input images must be resized to the expected format, i.e. 
(331,331) for NASNetLarge and (224,224) for VGG16. The 
image preprocessing module can be offered by Tensorflow 
that can access easier for them to be read into memory, 
decoded as jpg, jpeg and resized using pre-trained model.  

Data preparation for the deep Bi-LSTM network decoder 
required the preprocessing of the textual data i.e., Myanmar 
descriptions. In this work, we compared the results for both 

 
1 https://github.com/ye-kyaw-thu/sylbreak 

 

 

 

 

 

 

 

 

 

 

 
word segmentation and syllable segmentation in language 
understanding part. The preprocessing steps for Myanmar 
images captions in our corpus are performed with two 
different ways as follows: 

Word Segmentation: The sentences in Myanmar image 
captions corpus are not segmented correctly and some do not 
have almost no segmentation is essential for the quality 
improvement of Myanmar image captioning system. 
Therefore, UCSYNLP word segmenter [8] is used for 
Myanmar word segmentation and Myanmar syllable 
segmenter1 for syllable segmentation. After Myanmar image 
captions sentences are segmented by using UCSYNLP word 
segmenter, the “|” symbol from the segmented results is 
replaced with space. The process of word segmentation for a 
Myanmar image caption sentence in our corpus is described 
and the meaning is “A man is riding the wave”: 

Unsegmented sentence: လူတစ်ယယောက်ကယေလ ှိုင််းစ ်းယေတယ် 

Segmented sentence: လူ တစ်ယယောက် က ယေ လ ှိုင််းစ ်း ယေတယ် 

Syllable Segmentation: Syllable segmentation is a vital 
preprocessing step for Natural Language Processing.  In 
Myanmar language, words are combined with most of the 
syllables, and syllables are comprised more than one 
character. Regular Expression (RE) based Myanmar syllable 
segmentation tool is used in this work. For Myanmar syllable-
based neural image captioning model, "sylbreak" is used to 
segment the Myanmar image captions sentences into syllable 
level. After segmenting the Myanmar image captions 
sentences into syllable segmentation, the "|" symbol from the 
results is removed and replaced with white space and leading 
the trim process. The process of syllable segmentation for a 
Myanmar image caption sentence in our corpus is showed as 
follows and the meaning is “A man is riding the wave”: 

Unsegmented sentence: လူတစ်ယယောက်ကယေလ ှိုင််းစ ်းယေတယ် 

Segmented sentence: လူ တစ် ယယောက် က ယေ လ ှိုင််း စ ်း ယေ တယ် 

The pre-segmented sentences in our corpus feed forward 
to the word embedding layer of Bi-LSTM model for handling 
the text input which provides a dense representation of the 
words and their relative meanings. Word embedding vector 
is used to fit a neural network on the text data and given as 
input to the Bi-LSTM model. This model makes predictions  

 

Fig. 1. An Illustration of Bi-LSTM Image Captioning Model 



 

 

 

 

 

 

 

 

 

 

 

 
over the entire vocabulary for each word in Myanmar image 
caption corpus based on the previous images feature 
extraction vectors and word embedding vectors until the end 
of the sentence. 

V. DATASET AND EXPERIMENTS 

A. Image Captions Corpus Creation for Myanmar 

Language 

 We have used Flickr8k dataset [14] for our experiments 
which contains 8092 images and each of the image is paired 
with five different English captions which provide a clear 
description of the salient entities and events. Myanmar image 
captions corpus is constructed by using two different 
approaches. 

  In First approach, English captions are performed 
preprocessing to clean the description texts. All words in the 
sentences convert to lowercase and remove all punctuations 
to ease the calculation of number of unique words in the 
dataset. And then, all words that are one character (e.g., ‘a’, 
‘s’) and number in the sentences are removed. After 
preprocessing English captions are done, Attention based 
Neural Machine Translation model [10] is applied to convert 
English captions to Myanmar captions. This model is trained 
on UCSY corpus that has 220k English Myanmar paralleled 
sentences. In machine translation, due to the web news and 
conversations influenced on the domain of the training data, 
the translated results are not good enough to use directly 
image captioning model. Although the translated results are 
not good, the translated Myanmar sentences help to reduce 
manual captioning time for building Myanmar image 
captions corpus. 

In second approach, we tried to fix the translated 
Myanmar sentences to get the clean corpus. So, we manually 
checked and corrected the translated sentences one by one to 
match the captions with their relevant images. The total 
Myanmar captions sentences for 8092 images are 40460 
sentences in our corpus. The vocabulary size is 3350 words 
and the maximum sentence length is 24 for word level, 32 for 
syllable level segmentation. The dataset is divided into three 
parts, 7092 images for training, 500 images for validation and 
the rest of 500 images are used for testing. 

B. Experimental Framework 

All experiments are run on NVIDIA GeForce MX250, 
RAM 16GB laptop and implemented with Python by using 
Keras library, which is run on Tensorflow as backend. The 
system performance stabilized at the end of 12 epochs and 
saved the best learned model on the training dataset. Loss is 

 

 

 

 

 

 

 

 

 

 

evaluated using sparse softmax cross entropy which measures 
the probability error in discrete classification tasks. The 
optimizer used is adaptive moment estimation (Adam) 
instead of RMSprop optimizer for better results [6]. 
Regularization of 50 % dropout is used to reduce over fitting 
during the training time. The hyperparameters tuning list of 

Bi-LSTM Myanmar image captioning models’ architecture 

is shown in Table II: 

TABLE II.  HYPERPARAMETERS TUNING LIST OF OUR 
MODELS 

 

Parameters Values 

Embedding size 300 

Hidden layer size 256 

Max-sequence length 32  

Dense layer size 256 

Batch size 32 

Number of epochs 15 

Beam Search (k) 3 

Random Seed 1035 

 

C. Evaluation Metrics 

 Bilingual Evaluation Understudy (BLEU) is mostly used 
algorithm that checks the quality of generated text output by 
the image caption generation model. It evaluates the 
numerical translation similarity between the generated 
sentence and comparing the text to one or more the ground 
truth sentences. BLEU scores can measure the fraction of N-
grams (N=1, 2, 3, 4) in common and it is focus on the 
precision. The output of BLEU score range is always between 
0 and 1, value close to 1 show that the generated sentence is 
more analogous to the human-generated sentence. In our 
experiments, BLEU scores are evaluated as 

 

BLEU=min (1,
ℎ𝑦𝑝𝑜𝑡ℎ𝑒𝑠𝑖𝑠_𝑙𝑒𝑛𝑔𝑡ℎ

𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒_𝑙𝑒𝑛𝑔𝑡ℎ
) (∏ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖  )

4
𝑖=1

1
4⁄     (7) 

 

Where hypothesis_length is the generated caption length and 

reference_length is the ground truth caption length. 

 

Precision= 
𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑝𝑒𝑑 𝑛−𝑔𝑟𝑎𝑚𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑜 𝑜𝑓 𝑛−𝑔𝑟𝑎𝑚𝑠 𝑖𝑛 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
              (8) 

 

Models 

Word Segmentation (%) Syllable Segmentation (%) 

BLEU-1 BLEU-2 BLEU-3 BLEU-4 BLEU-1 BLEU-2 BLEU-3 BLEU-4 

Baseline [5] 64.14 48.58 39.86 24.38  -  - -  -  

Cheng et al. [20] 65.5 46.8 32 21.5  -  - -  -  

GRUN 66.45 50.36 40.65 26.4 69.35 57.34 50.97 38.2 

LSTMN 66.76 50.06 40.31 26.5 69.73 58.17 51.24 39.04 

Bi-LSTMV 65.37 49 39.13 25 69.81 57.69 50.87 38.06 

Bi-LSTMN 67.24 51.29 41.75 27.55 70.74 58.74 52.44 40.05 

 

TABLE I.  PERFORMANCE COMPARISON ON BLEU-N (HIGHER IS BETTER). THE SUPERSCRIPT ‘N’ MEANS 
THE NASNetLarge FEATURE EXTRACTION MODEL AND ‘V’ IS VGG16 MODEL, ‘-‘ INDICATES UNUSED 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D. Performance Discussion 

In Table I, we presented the results on Myanmar image 
captions corpus and provided a comparison with baseline 
model [5] and state-of-the-art model [20]. The BLEU scores 
results are achieved using four different models, namely 
NASNetLarge with GRU, NASNetLarge with LSTM, 
NASNetLarge with Bi-LSTM, and VGG16 with Bi-LSTM 
using two different segmentation process such as word level 
segmentation and syllable level segmentation. As can be seen 
in Table I, NASNetLarge with Bi-LSTM model using word 
segmentation achieved the best BLEU scores on 67.24%, 
51.29%, 41.75%, 27.55 for BLEU-1, BLEU-2, BLEU-3, and 
BLEU-4 respectively, compared with other models. 
Moreover, we found that NASNetLarge with Bi-LSTM 
model using syllable segmentation perform significantly 
better than recent method on Myanmar image captioning 
task. The highest BLEU scores of this model are 70.74%, 
58.74%, 52.44%, and 40.05% for BLEU-1, BLEU-2, BLEU-
3, and BLEU-4 respectively, compared with other models as 
well as baseline model. 

The baseline model VGG16 with LSTM performed 
64.14%, 48.58%, 39.86% and 24.38% of BLEU-1, BLEU-2, 
BLEU-3 and BLEU-4 respectively, in the previous work [5] 
on previous Myanmar image caption corpus (15k sentences). 
Nonetheless, the previous model is significantly decrease to 
3.17% of BLEU-4 score using Bi-LSTMN with word level 
and15.67% of BLEU-4 score using Bi-LSTMN with syllable 
level on updated corpus. The Bi-LSTMN model is also 
compared with other neural network models such as GRUN, 
LSTMN and Bi-LSTMV. These models are better performance 
than baseline model, but unfortunately, performance is not 
improved as well as Bi-LSTMN. 

 In recent interesting work [20], authors achieved the best 
BLEU scores results on 65.5% of BLEU-1, 46.8% of BLEU-
2, 32% of BLEU-3 and 21.5% of BLEU-4 respectively by 
combining VGG16 with Bi-LSTM model on Flickr8k 
dataset. By replacing VGG16 with NASNetLarge brings 
significant better performance on all evaluation BLEU scores 
in this work compare to previous work [5] [20]. Different 
feature extraction models are employed in different work, to 
make a fair and comprehensive comparison, we selected 
commonly used VGG16 to match NASNetLarge in this work. 
Furthermore, we found that NASNetLarge feature extraction  

 

 

 

 

 

 

 

 

 

 

 

 

 

 
model outperformed the accuracy than VGG16 model as 
showed in Table I. 

VI. EXPERIMENTS RESULT AND ANALYSIS 

In this section, we especially focused on the predicted 
captions generated by NASNetLarge model as encoder and 
Bi-LSTM network as decoder to compare the word 
segmentation results as well as syllable segmentation results. 
As we noted that in Fig.2. (a)(b) and Fig.3, the generated 
caption 1 is word segmentation result and generated caption 
2 is syllable segmentation result. The generated captions of 
other models are not different significantly. 

The generated results from NASNetLarge with Bi-LSTM 
using word segmentation and syllable segmentation are 
discussed in this section. In Fig. 2 (a) generated caption 1, the 
model effectively predicts the activities and information of 
the main objects, but generated caption 2 is more accurately 

identify like “သံ တေ််း” (“iron bar”) with syllable 

segmentation result although it fails to identify with word 
segmentation result in generated caption 1. Furthermore, in 
Fig. 2. (b) generated caption 1, it is noticeable that the 
prediction is not satisfied and cannot correctly identify the 

object like “ယ ော်ယတော်ဆှိုို င်ကယ်” (“Motorcycle”) because the 

contents of the image are difficult to identify accurately. 
Nonetheless, in Fig.2. (b) generated caption 2, we noticed that 
the model is correctly identified the object 

“ယ ော်ယတော်ဆှိုို င်ကယ်” (“Motorcycle) although the generated 

caption 1 cannot correctly identify this object.  
 In Fig.3 generated caption 1, where most of the objects 
are predicted correctively and also generated grammatically 
correct sentence but it fails to identify the number of objects 
like “ကယလ်း နှစ်ယယောက်” (“Two Children”). The model can 

capture only a boy instead of two children. On the other hand, 
in generated caption 2, we can be seen that the model 
accurately generated the major features, number of objects 
and relationship between these features within images and 
also generated grammatically correct sentence. 

 To conclude the experiments results, NASNetLarge with 
Bi-LSTM model for both segmentations can give the 
acceptable results for Myanmar image caption generation 
even with the open test images. NASNetLarge with Bi-LSTM 

 

 

a).  Generated Caption 1: ယခ ်း က တေ််း ကှိုို  ခို ေ် ယက ော် ယေတယ်  
               (In English: The dog is jumping over hurdle) 

      Generated Caption 2: ယခ ်း က သံ တေ််း ကှိုို  ခို ေ် ယက ော် ယေ တယ် 
               (In English: The dog is jumping over the iron bar) 

b). Generated Caption 1: လူ တစ်ယယောက် က စက်ဘ ်း စ ်း ယေတယ်  
(In English: A man is riding a bicycle) 

   Generated Caption 2: လူ တစ် ယယောက် က ယ ော် ယတော် ဆှိုို င် ကယ် စ ်း ယေ တယ် 
(In English: A man is riding a motorcycle) 

Fig. 2. Automatically Generated Caption by NASNetLarge with Bi-LSTM using Word and Syllable Level Segmentation. In two generated 

captions of each image, generated caption 1 is word segmentation result and generated caption 2 is syllable segmentation result 

 



 

 
  
 

 

 

 

 

 

Generated Caption 1: ယကောင်ယလ်း က က င််း ထဲ ှော ယ  ်း ယေတယ် 
  (In English: The boy is running in the field) 
Generated Caption 2: က ယလ်း နှစ် ယယောက်   က် ခင််း စှို ််း ယ ေါ်  ှော က စော်း ယေ တယ် 
  (In English: Two children are playing on the green grass) 

Fig. 3. Automatically Generated Caption by NASNetLarge with Bi-LSTM 

using Word and Syllable Level Segmentation 

using syllable segmentation is more identified the objects 
accurately according to the descriptions generated sentences 
of the images rather than word segmentation for Myanmar 
caption generation system. All of the Fig. 2 and 3, 
NASNetLarge with Bi-LSTM model automatically generated 
captions with Myanmar language without any human 
intervention. 

VII. CONCLUSION AND FUTURE WORK 

In this paper, Myanmar image captions corpus (over 40k 
sentences) is constructed based on the Flickr8k dataset and 
compared with baseline model as well as other various neural 
network models, namely NASNetLarge with GRU, 
NASNetLarge with LSTM, VGG16 with Bi-LSTM and 
NASNetLarge with Bi-LSTM models by analyzing BLEU 
scores. NASNetLarge feature extraction model performed 
better than VGG16 model as an encoder for the automatic 
Myanmar image caption generation task. According to the 
experiment results, we can be stated that encoder plays a very 
important role in image captioning system and can be 
significantly improved model without changing a decoder 
architecture. On the other hand, we can be seen that data 
preprocessing step plays a vital role in language modeling. In 
Myanmar image captioning system, syllable segmentation is 
significantly better than word segmentation. Based on the 
results showed above, NASNetLarge with Bi-LSTM using 
syllable segmentation gained better performance than other 
different models as well as baseline model on the updated 
dataset, especially for Myanmar language.  

In future work, new feature extraction model EfficientNet 
will be investigated as encoder and also plan to apply 
attention mechanism into our model to improve the system 
performance. 
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