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Abstract: - This paper explores the potential of neural machine translation (NMT) in developing a translation system for low resource 

languages. The method utilised in this study builds upon the transformer framework by incorporating substantial enhancements to 

improve the translation. The modifications include data augmentation on the input sentence, initialization of embedding layer weights 

with pre-trained embedding and adding a new layer into the encoder block to fuse pre-trained context information with the local 

context encoding. A Khasi English language pair was considered to carry out translation in order to demonstrate our work. The 

translation system that is obtained exhibits an encouraging performance in terms of BLEU, METEOR, and ROUGE_L evaluation 

metrics. Additionally, a comparative analysis is conducted with other existing models, and our proposed model demonstrates superior 

performance compared to statistical machine translation (SMT) and long short-term memory networks (LSTM). Furthermore, a 

semantic score was calculated between reference and candidate sentences to facilitate semantic comparisons. The findings indicate 

that the suggested NMT approach has significant potential as an automated solution for translating low-resource languages. 

Keywords: Machine Translation (MT), Low Resource MT, Khasi- English MT, Khasi. 

 

I.  INTRODUCTION 

The 21st century has witnessed a pivotal communication advancement in machine translation, facilitating global 

interconnectivity. Neural Machine Translation (NMT), a deep learning paradigm introduced by [31] and further 

refined by [5], stands at the forefront of automated language translation. Despite its effectiveness, NMT has yet to 

encompass all languages due to the digital scarcity of certain languages, such as Khasi. While languages like 

English and French benefit from well-resourced translation systems, this paper addresses the low-resource 

challenges associated with languages like Khasi by leveraging NMT to establish translation capabilities between 

English and Khasi language pairs. 

The Khasi community, one of Meghalaya’s major tribes in northeastern India, presents a linguistic landscape 

characterized by intricate structures and diverse dialects. Traditionally oral and structurally complex, the Khasi 

language survived through narratives like myths of the land, legends, and folklore, all of which ensured 

sustainability in its linguistic evolution. This resilience, rooted in oral tradition, equips society to navigate life’s 

demands and nature’s intricacies. 

The initial foray into English-to-Khasi translation commenced with the translation of biblical segments. 

Missionaries from the Serampore Mission attempted to script the Khasi language, with William Carey’s 1824 

translation of the New Testament into the Shella dialect using the Bengali Script. However, the complexities of the 

Bengali script rendered it unviable for the community [30]. The subsequent adoption of the Roman script in the 

18th century, pioneered by Thomas Jones-I, facilitated the documentation of Khasi cultural facets. This script 

enabled the codification of customary laws, oral literature, and practices for scholarly pursuits. 

Khasi, classified as a low-resource and morphologically complex language, poses translation challenges. It 

exhibits independent words and bound morphemes, necessitating root words for meaning. Additionally, syntactic 

differences between Khasi and English, like adjective placement, further make translation challenging. Khasi’s 

socio-cultural context adds another layer of complexity, demanding comprehensive explanations of culturally 

embedded terms and practices. 

[22] emphasizes the fluency requirement in both linguistic and literary realms for effective translation, while 

[13] underscores the enrichment of Khasi through its linguistic heritage rather than mere English appropriation. 

Understanding the translation challenges serves as a litmus test for Khasi machine translation, enhancing 

comprehension of its linguistic and literary legacy. 
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Recent studies attest to NMT’s equivalence to human translation [35],[8], particularly for well-resourced 

languages. However, the lack of resources hinders the accuracy of low resource languages like Khasi [39]. The 

transformer model, a unique NMT approach introduced by [34], holds promise in natural language processing. 

Our paper delves into the investigation and experimental evaluation of an NMT system for English-to-Khasi 

translation. Section II reviews existing works on NMT and low-resource Indian languages. Section III offers a 

machine translation overview, followed by the methodology in Section IV. Corpus collection sources and tools are 

detailed in Section V. Sections VI, VII, and VIII cover implementation, results, and discussion. Finally, Section IX 

provides a concise summary of our work. 

II. RELATED WORK 

Advancements in self-attention techniques have notably elevated the quality of machine translation.[34] 

introduced the transformer model, a pioneering neural network architecture that exclusively employs attention 

mechanisms, supplanting the need for recurrence or convolutions. In this construct, the encoder maps the input 

sentence onto a hidden vector, and the decoder then transforms the hidden vector into the desired target sequence. 

The design’s parallelizability expedites training, necessitating substantially less time than alternative methods. 

Notably, the model achieved a new single-model state-of the-art on the WMT 2014 English-to-French translation 

task, attaining a BLEU score of 41.8. 

Recent research, like [38], introduced the BERT-fused model, which involves training word embedding through 

BERT and fusing them with each encoder/decoder transformer layer. Their experiments encompassed sentence 

and document level translations, demonstrating exceptional results across seven benchmark datasets. 

Addressing machine translation for North East Indian languages has involved diverse statistical and neural 

techniques. [10] harnessed NMT models for Manipuri-to-English translation, enhancing quality through fastText-

based pre-trained word embeddings. [7] explored Assamese and other Indo-Aryan languages with traditional 

phrase-based statistical machine translation (SMT) and advanced neural machine translation (NMT). [16] 

showcased their Assamese-Bengali NMT system, while [12] managed tonal words in NMT models, leveraging 

BERT-fused approaches for enhanced accuracy. 

In the realm of Khasi translation, [33] explored supervised and unsupervised techniques for Khasi-to-English 

translation. Their work with unsupervised neural machine translation [3], supervised models [14] and statistical 

machine translation [15] achieved varying BLEU scores. [29] delved into English-Khasi translation, while [32] 

extended their exploration to crosslingual language models, yielding promising BLEU scores. [11] implemented 

MT from English to Khasi using transfer learning-based NMT and achieved better results than the baseline NMT 

models. 

The present study aims to devise a low-resource translation system for English and Khasi language pairs, 

building upon the transformer model of [34] with tailored enhancements to yield improved translations. 

III. BACKGROUND 

The machine translation problem is a conditional probability modelling P(
𝑥

𝑧
) task, where z and x correspond to 

the source and target sentences within languages Z, X. The objective is to maximise the probability function for 

identifying the best-matching target sentence, x, given a source sentence, z. Bayes’ Rule articulates this translation 

task explicitly: 

( ) ( ) ( )
x z

x z
argmax P argmax P P x

z x
→        (1) 

Here, 𝑃 (
𝑧

𝑥
) denotes the translation model, and P(x) represents the language model. Equation (1) forms the 

foundation of statistical machine translation, while NMT directly learned the translation model 𝑃 (
𝑧

𝑥
). 

Two prevalent NMT techniques are recurrent neural networks (RNN) [31] and the transformer model [34]. 

Both are end-to-end translation systems that utilize encoder and decoder blocks to model 𝑃 (
𝑧

𝑥
). RNN follows a 

sequence-to-sequence architecture, while transformers rely heavily on parallelizable attention mechanisms. 

IV. APPROACH 

The proposed translation architecture mainly comprises encoder and decoder blocks (Fig. 1). We illustrate the 

architecture through an algorithm from which we draw influence from Formal Algorithms for Transformers [25], 

[2]. The encoder generates a contextual representation of the input sequence, which the decoder employs to learn 

relevant translations for target sentences. It has been observed that incorporating data augmentation techniques into 
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the input sequence, initialising the embedding layer with word embeddings from a pre-trained model, and 

appending the learned local context with pretrained contextual knowledge can significantly enhance the efficiency 

of learning, especially in the case of low-resource languages. 

 
Fig. 1.Proposed translation system 

 

Data augmentation is applied to the complete training and validation corpus [20], effectively doubling the input 

size. This approach aids in mitigating overfitting as augmentation is applied uniformly across the corpus, ensuring 

efficient data shuffling [9]. The TextAttack [19] package was used for the purpose of data augmentation. This 

augmentation process was exclusively applied to English sentences, based on the assumption that the Khasi 

language may have a smaller vocabulary compared to English. Consequently, while multiple English sentences 

can be augmented with different synonyms, we can expect to have only one corresponding translation in Khasi. 

Local context encoding is computed using an encoder block, as detailed in Section IV-A2. Within the multi-

headed attention and feed-forward sub-layer, word comparisons are performed across phrases to gauge word 

similarity. This fosters the discovery of word relationships, resulting in a robust contextual sentence representation. 

Input sentence pre-trained context is obtained from a pretrained [18] language model, described in Section IV-

A3. This context is concatenated with local contextual encoding using a gated context fusion technique [37], as 

detailed in Section IV-A4. 

The decoder undertakes translation to the target sentence upon obtaining the combined context, as elaborated 

in Section IV-B. Gate context fusion is not employed on the decoder side, as the inference process functions 

sequentially during translation. 

A. Encoder 

1) Input sentence and Positional Encoding: The source sentence undergoes conversion into lexical and positional 

representations. Word order is represented using Transformer’s word position embedding [34]. Algorithm 1 and 2 

illustrates the steps for obtaining word and positional embedding. We are the translation model’s learnable token 

embedding weight matrix. The positional embedding matrix Wp can be the individual token sequence in a sentence 

or use a mixture of sin() and cos() values, as mentioned in the original paper [34]. 

 

Algorithm 1: e   TokenEmbedding(v) 
/* Symbol Notation: Refer Appendix A */ 

Input: [ ]
V

v V N  , a token ID. 

Output: ed
e , the vector representation of the token. 

Parameters: v eN d

eW


 , the token embedding matrix. 

return e =  ,:
e

W v  
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Algorithm 2: ep   PositionalEmbedding( ) 
/* Symbol Notation: Refer Appendix A */ 

Input: max[ ] , a position of a token in the sequence. 

Output: e

p

d
e  , the vector representation of the position. 

Parameters: max ed

pW


 , the positional embedding matrix. 

return ep =  ,:pW  

2) Local context Encoding: The context embedding for each input sentence is generated through a stack of 

transformer layers (Fig. 1). As shown in algorithm 4, given a source sentence z, apply word and positional 

embedding to generate Z. Z represents query, key, and value, respectively, in the encoder block. The local context 

is computed using multi-head attention and a feed-forward layer as described in equation (2a), (2b), and (2c): 

MultiHead(SelfAttention( , , ))Z Q Z K Z V Z=         (2a) 

MultiHead( LayerNorm( imilarity( , ) ))
n n

n

Z Q S Q K V= +       (2b) 

 =  + LayerNorm(FeedForward( ))Z Z Z        (2c) 

Where SelfAttention(Q ≡ Z,K ≡ Z,V ≡ Z) in equation 2a denotes self-attention obtained by finding the 

similarity using a scale-dot product between a query vector Q and each key K0 < Ki < Kn, where 0 < i < N 

represents the order of key vectors for words in a sentence. The resultant similarity value is then multiplied with 

V0 < Vi < Vn to retain the originality of the word in a sentence, where 0 < i < N represents the order of value 

vectors for words in a sentence. According to [36], [21], applying layer normalization before a sub-layer makes 

the model more stable for training [4], as shown in equation 2b. Equation 2c shows how to obtain the local context 

of a sentence by combining feed-forward with multi-head attention. The algorithmic procedures outlined in 

Algorithms 3 and 4 provide a comprehensive breakdown of the steps involved. Equation (3) shows how to 

compute the softmax of a matrix A. One’s matrix is the Mask for bi-directional attention. The unidirectional 

attention value is [[tx ≤tz]], which is one’s lower triangular matrix used to prevent the network from seeing future 

values during training. 

x z
x z

z

exp [ , ]
softmax( )[ , ] :  

exp [ , ]
t

A t t
A t t

A t t
=


       (3) 

1   for bidirectional attention
M

u
 ask[ , ]

[[ ]]  for nidirectional attention
x z

x z

t t
t t

=






     (4) 

3) Pre-trained Contextual Encoding: The pre-trained context for Khasi sentences is obtained by training a 

RoBERTa [18] model with monolingual corpus data. However, a pretrained masked language model from 

Hugging Face is employed for English. Thus, an extra layer, built on top of local context encoding layers (Fig. 

1), computes the final context embedding by concatenating local and pre-trained contexts through a gated context 

fusion technique [37]. 

 

Algorithm 3: V   MHAttention(X, Z|W, Mask) /* Compute Multi-Head (mask) self-attention */ 
/* Symbol Notation: Refer Appendix A */ 

Input: ,x e z ed d
X Z

 
  , vector representation of primary and context sequence. 

Output: x ed
V


 , updated representation of tokens in X, folding in information from tokens in Z. 

Hyperparameters: H, number of attention heads 

Hyperparameters: Mask {0,1} x z
 , Refer equation (4) 

Parameters: W consisting of 

For h ∈ [H], 
h

qkvW consisting of: 

attnattn ,e
dd dh h

q qW b


  , 
attnattn ,e

dd dh h

k kW b


  , 
attnattn ,e

dd dh h

v vW b


  . 

attn ,e eH d d d

o oW b


   

1. For h ∈ [H]: 

2. attnT1 x dh h h

q qQ XW b Query


 +   

3. attnT1 z dh h h

k kK ZW b Key


 +   

4. 
T1 z edh h h

v vV ZW b Value


 +   
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5. 
T( ) x zh hS Q K Score


   

6. , , [ , ], [ , ]
x z

h

x z x zt t if Mask t t then S t t  −  

7. attnsoftmax( ).h h hY S d V  /* Note: 
1 2[ ; ;....; ]HY Y Y Y is a concatenated list*/ 

8.  return 
T1O oV YW b= +  

 

Algorithm 4: Z  Encoder(z, Pe|𝜃) /* Encoder transformer forward pass */ 

/* Symbol Notation: Refer Appendix A */ 

Input: 
*z V , is source token ID, z ed

eP


 , is a source token pre-training embedding. 

Output: z ed
Z


 . 

Hyperparameters: 
max enc mlp, , , ,eL H d d   

Parameters:  includes all the following parameters: 

v eN d

eW


 , max ed

pW


 , the token and positional embedding matrices. 

For l ∈ [Lenc]:  

| 
enc

lW , multi-head encoder attention parameters for layer l. 

| 
mlp mlp

mlp1 mlp1,ed d dl lW b


  , 2 2,
emlp e

dd dl l

mlp mlpW b


  , MLP parameters. 

1. length( )z z  

2. for [ ] :z tt e TokenEmbedding(z[t]) + PositionalEmbedding(t) 

3. 
T

1 2[ , ,...., ]
zl

Z e e e  

4. for l =1, 2 , …. , Lenc do 

5. 
encLayer_norm(MHAttention( , | ,Mask 1))lZ Z Z Z W +   

6. 
T T

mlp1 mlp1 mlp2 mlp2Layer_norm((ReLU( 1 )) 1 )l l l lZ Z ZW b W b + + +  

7. ContextFusion( , )eZ Z P , Refer equation 5. 

8.  return Z 
 

4) Gated Context Fusion: A gating mechanism integrates context for a source sentence. The final encoder 

representation h is calculated according to equations (5a) and (5b), following Zheng et al. (2020)’s approach [37]: 

 ( [ ; ])
g e

g W Z P=          (5a) 

 ((1 ) )
e

h LayerNorm g Z g P= − +        (5b) 

 

Algorithm 5: Z   ContextFusion(Z, Pe) 
/* Computes Context Fusion between Local and Global Embedding. */ 
/* Symbol Notation: Refer Appendix A */ 

Input: ,z e z ed d

e
Z P

 
  , is source token pre-training embedding. 

Output: z ed
Z


 , updated context embedding. 

Hyperparameters: H, number of attention heads. 

Parameters: max 2 2
,e ed d

g gW b


   

1. 
T

ReLU(([ ; ]) 1
em g g

g Z P W b + , ; is concatenation 

2. Layer_norm((1 ) ),
em

Z g Z g P − + is element-wise multiplication 

3. return Z  

B. Decoder 

The decoder’s purpose is to translate from source to target language utilizing the encoder’s hidden vector 

representation as a reference point; thus, the hidden representation Z (Algorithm 4) is fetched as input to the decoder 

block. Likewise, during training, the target sentence x is one of the primary inputs, which is transformed into word 

and positional encoding as shown in algorithm 6. The embedded representation X is fed into the masked multi-

head attention layer, which computes the self-attention for the target sentence as shown in 6a and 6b. 

MaskedMultiHead(SelfAttention( , , , )) D Q X K X V X Mask=       (6a) 
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MaskedMultiHead( LayerNorm( imilarity( , ) ))
n n

n

D Q S Q K V= +     (6b) 

Here, D is the self-attended embedding, and Mask is the target sentence masked input. Mask input will attend 

only to previously generated words and masked future words; see equation (4). Further, the hidden representation 

from the encoder block will be the value and key for the multi-head attention of the decoder’s block shown in 

equations (7a), (7b), and (7c): 

MultiHead(SelfAttention( , , )) T Q D K Z V Z=         (7a) 

MultiHead( LayerNorm( imilarity( , ) ))
n n

n

T Q S Q K V= +      (7b) 

ˆ LayerNorm(FeedForward( ))T T T= +        (7c)  

 T̂ is linearly projected to the dimension of the target vocabulary size. The probability distribution throughout 

the vocabulary size is then returned using a softmax function. The most likely word of the target sentence is picked. 

Algorithm 6 provides a comprehensive breakdown of the operational procedures involved in the functioning of the 

decoder block. 

 

Algorithm 6: P  Decoder(x, Z|𝜃) /* Decoder transformer forward pass */ 
/* Symbol Notation: Refer Appendix A */ 

Input: 
*x V , is target token ID, x ed

Z


 , is encoder context embedding. 

Output: (0,1) x vN
P


 , is the output probability distribution across the target vocabulary.  

Hyperparameters: 
max dec mlp, , , ,eL H d d   

Parameters:  includes all the following parameters: 
v eN d

eW


 , max ed

pW


 , the token and positional embedding matrices. 

For l ∈ [Ldec]:  

| 
dec

lW , multi-head decoder attention parameters for layer l. 

|
e

d
lW , multi-head cross-attention parameters for later l. 

| 
mlp

mlp3 mlp3,e mlpd d dl lW b


  , 
mlp

mlp4 mlp4,
ee

dd dl lW b


  , MLP parameters. 

e vd N

uW


 , the unembedded matrix. 

1. length( )x x  

2. for [ ] :x tt e TokenEmbedding(x[t]) + PositionalEmbedding(t) 

3. 
T

1 2[ , ,...., ]
xl

X e e e  

4. for i =1, 2 , …. ,Ldec do 

5. 
decLayer_norm(MHAttention( , | ,Mask[ , ] ))lX X X X W t t t t  +    

6. Layer_norm(MHAttention( , | ))
e

d
lX X X Z W +  

7. 
T T

mlp3 mlp3 mlp4 mlp4Layer_norm((ReLU( 1 )) 1 )l l l lX X XW b W b + + +  

8. return Softmax( )uP XW=  

 

C. Inference 

Inference/translation steps are very similar to training except that the input to the decoder begins from the start 

of a sentence <sos> symbol. Then the model continuously predicts the next word of a sentence in a sequence-to-

sequence fashion till it encounters an end of a sentence <eos> or maximum sequence size. 

V. CORPUS 

A Python library called Beautiful Soup was used to scrape data from local newspapers (U Rupang, Kynjatshai, SP 

News Agency, Syllad), NGO portals, other organization websites and district-level government websites to create a 

monolingual corpus. The parallel corpus contains web scraps of the Bible, books, articles, newspapers, and magazines, 

among other publications. We perform manual and automated pre-processing on the obtained corpora using regular 

expressions in Python scripts to further ensure a high-quality corpus. A summary of the corpus size for training, 

validation, and testing data can be found in Table I. The size of the monolingual corpus for the Khasi language is 296.1 

megabytes. 
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Type Augmentation No. of sentences 
Size(MB) 

Khasi English 

Test No 11476 1.1 0.89 

Validation No 8730 0.9 0.73 

Yes 17242 1.79 1.48 

Train No 78578 8.1 6.57 

Yes 155182 16.11 13.32 

Table 1: Parallel Corpus 

VI. IMPLEMENTATION 

The translation system is implemented in the PyTorch framework using Google collaboratory5 [24]. For the 

Khasi language, the hugging face transformer Byte-Pair Encoding(BPE) [28] model was trained using a 

monolingual corpus, and a pre-trained BPE model for English was used for tokenization and vocabulary 

construction. The Khasi language model is trained using RoBERTa language model, and an English pre-trained 

language model from the Hugging Face community is used. Further, TextAttack library [20] is used for automatic 

data augmentation. It is restricted to English sentences, and the Khasi phrases are left as they are, with the 

assumption that Khasi has a smaller vocabulary compared to English; hence, variations of an English sentence will 

have the same Khasi translation. 

The best hyperparameter for training the neural networks should be found before the translation model is 

trained. Hence, the network is initially trained for two epochs. Table II shows the parameters considered when 

training the system. We discovered that shuffled data with a learning rate 0.0001 and a batch size of 128 is the best 

potential setup. The actual translation system is trained for around 34 hours. 

 

Parameter Values 

Batch Size 8, 64, 128, 512 

Learning rate 0.1, 0.001, 0.0001, 0.00001 

Shuffle Yes, No 

   Table 2: Possible Hyperparameters Settings 

After determining the best hyperparameter, examining the network’s weight distribution is critical. An 

illustration of the bias and weight distribution in the 4th layer of the encoder block’s layer can be seen in figure 2. 

X-axis shows the actual weight or bias value, y-axis shows the epoch number, and z-axis shows the number of 

weights. The model does not learn if the histogram remains constant across all epochs. Figure 2 shows that the 

weights and biases change continuously, indicating that the network is learning appropriately. It is also critical to 

look at training accuracy and loss. From Figure 3, training accuracy should increase with increasing training steps, 

while training and validation loss should decrease. As a result, the network is learning effectively. 

 
Fig. 2: Layer 4 self-attention weights and bias distributions in encoder’s block. 

 
5 https://github.com/jefson08/KhasiNMT.git 
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Fig. 3: Train and loss accuracy 

VII. RESULTS 

The translation quality is assessed using a variety of metrics. The results in Table III indicated several metrics 

tested on English-to-Khasi and Khasi-to-English translation systems. The candidates’ sentences generated by the 

system are compared to a pre-translated reference sentence. Metric values for BLEU, METEOR, and ROUGE_L 

vary between 0 and 1, with values closer to 1 suggesting a better or more acceptable translation. In this paper, all 

Metrics values are converted to equivalent percentages. BLEU reflects the similarity of the candidate text to the 

reference text, with higher values indicating greater similarity [23]. It gives a general assessment of the model’s 

quality. ROUGE_L refers to how much of the reference summary is recovered or captured by the candidate 

summary [17]. METEOR claims to have a higher correlation to human judgement [6]. 

 

Khasi - English translation 

Pretrained 

Context 

Pre-trained 

Embedding 

Data 

Augmentation 
Bleu METEOR ROUGE_L 

No No No 56.98 43.12 65.14 

No Yes Yes 57.20 44.40 63.76 

Yes Yes Yes 57.43 45.80 65.47 

Hybrid 59.06 45.95 66.86 

English - Khasi translation 

No No No 46.87 39.95 62.44 

No Yes Yes 49.05 42.09 65.45 

Yes Yes Yes 49.29 42.54 65.54 

Hybrid 49.82 41.99 64.04 

Table 3: Metrics Score 

  Table III shows two different translation systems from Khasi to English and from English to Khasi. 

Many different combinations of hyperparameters were considered during training. A model that included pre-

trained context encoding, pre-trained word embedding initialization, and the augmentation of input sentences is 

the best translation system, as the third row of Table III illustrates. It was found that a model without pre-trained 

context encoding, pre-trained word embedding initialization, and input sentence augmentation gives better 

translation results for short sentences. Conversely, longer sentences are best translated using a model equipped 

with pre-trained context encoding, pre-trained word embedding initialization, and input sentence augmentation. 

Thus, a hybrid system determines which translation model to use during translation based on the sentence input’s 

length. This is shown in the fourth row of Table III. 

 Figures 4 show a graphic representation of the various metrics scores of our trained models, which will be 

discussed further in Section VIII. Table IV also compares the BLEU and semantics scores. Semantic scores are a 

sentence embedding method that demonstrates the similarity between two sentences [27]. Hugging Face’s 

SentenceTransformer library is used to accomplish this. A more detailed analysis is discussed in Section VIII. 
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Fig 4: Translation Metrics 

 
Fig 5. Average semantic similarity scores between reference and candidate sentences. 

 

Khasi (Source) kumta u la kyntait hit ïa ki briew jong u 

Reference so he rejected his people completely 

Predicted so he rejected his people. 

Bleu 50.81 

Semantic score 96.33 

Khasi (Source) Balei U Blei um ai ha nga ia kaba nga pan? 

Reference Why won’t God give me what I ask? 

Predicted Why should God give me what I requesting for? 

Bleu 46.71 

Semantic score 81.52 

Khasi (Source) U la iarap ïa nga ban lait na ka jingma 

Reference He helped me out of danger 

Predicted He helped me to escape from danger. 

Bleu 22.08 

Semantic score 91.57 

Table 4: BLEU and Semantic Similarity 
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Additionally, the proposed model is compared to the existing SMT model using the Moses Toolkit [15] and 

the LSTM model using the PyTorch version of openNMT [14]. From Table V, it was observed that our proposed 

model outperformed both SMT and LSTM models. Furthermore, Figure 5 depicts the average semantic scores 

for the different models. The semantic score ranges from 0 to 1, with a higher score indicating greater semantic 

similarity between sentences. When translating sentences with more than 15 words, a model with pre-trained 

context knowledge, initializing embedding layer weights with pre-trained embeddings, and incorporating data 

augmentation contribute to better semantic scores. In the case of sentences with less than 15 words, translation 

gives better semantic scores without incorporating the above parameters, as shown in Figure 5. Finally, the results 

of the comparison between the experimental model and ChatGPT4o [1] are shown in Table VI. It shows the 

BLUE score, the chrF score [26], and the semantic similarity. Section VIII further examines these comparisons. 

Khasi - English translation 

Models BLEU Score 

LSTM 43.75 

SMT 47 

Transformer with context embedding 57.43 

English - Khasi translation 

LSTM 48.11 

SMT 48.07 

Transformer with context embedding 49.29 

Table 5: Statistical Vs Neural Machine Translation Comparisons 

 

Model BLEU chrF Semantic Similarity 

ChatGPT4o 36 57 70 

Experimented model 63 76 81 

Table 6: Khasi to English Translation: A Comparison with ChatGPT4o 

VIII. DISCUSSION 

The models with pre-trained contextual encoding, pretrained word embedding, and adopting data 

augmentation generated the highest BLEU score of 57.43, as seen in Table III and Figure 4. This is primarily due 

to two factors. Firstly, the pre-trained language model could capture more contextual information about the input 

sentence because it was trained using a more readily available monolingual corpus. Secondly, data augmentation 

can increase the training or validation corpus’s size, thereby increasing the data’s diversity and thus contributing 

to effective learning. METEOR score on the same model is 45.80, which shows how similar the sentences 

manually translated are to the predicted sentences. The degree to which the candidate captures the reference or 

predicted translation is indicated by the ROUGE_L score of 65.47. 

According to our findings, the model incorporating pretrained context encoding, initializing pre-trained word 

embeddings, and adopting data augmentation to the input sentences performs better for longer sentences. The pre-

trained context encoding of a source sentence is extracted from the language model trained from a more readily 

available monolingual corpus. Therefore, the translation model will be able to capture a greater variety of 

meanings for a given input sentence. In contrast, the model performs well for shorter sentences without the above 

parameters. Thus, a hybrid system can determine which translation model to deploy depending on the length of 

the input sentence, as shown in Table III. 

Adopting one of the best-determined parameters, the translation systems from English to Khasi attain a 

BLEU, METEOR, and ROUGE_L score of 49.82, 41.99, and 64.04, respectively. The limited monolingual data 

available for Khasi to train a language model for extracting pre-trained contextual information may have 

contributed to a lower metric score when translating English to Khasi. 

Furthermore, since the above metrics (BLEU, METEOR, ROUHE_L) does not check the sentence’s semantic 

meaning, using them alone to judge the translation quality may be insufficient. Therefore, as shown in Table 6, 

we used a semantic score. It is observed that the above metrics perform poorly when the models make predictions 

using different synonyms, so semantic similarity aids in a deeper understanding of the translation system. For 

instance, the BLEU score between the reference sentence "so he rejected his people completely" and the predicted 

sentence "so he rejected his people." is 50.81, while for the same sentences, the semantic score is 96.33. Figure 5 

shows the average semantic score between reference and predicted sentences. 
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Upon comparing the optimal model from the current experiment with the most recent ChatGPT4o, Table VI 

reveals that ChatGPT lags behind in all metrics, potentially because the test sentences align more closely with the 

experimental model. Generally, we observed that the ChatGPT4o model excelled in translating commonly used 

texts, yet it frequently failed to capture the subtle meaning, cultural context, and unique Khasi expressions, a task 

that the experimental model typically accomplished. Moreover, ChatGPT4o was very accurate in translating 

biblical texts as compared to the other model. 

IX. CONCLUSION & FUTURE WORKPYRIGHT 

This work is based on the transformer model, a neural machine translation technique. We developed an 

approach that extends the functionality of the transformer by incorporating some modifications to the basic model. 

The modifications include data augmentations to the parallel corpus, initializing the embedding layers with pre-

trained word embedding, and appending the input sentence learned encoding with a contextual encoding from a 

pre-trained RoBERTa language model. It is found that incorporating these three functional components resulted in 

a significantly improved translation system concerning low-resource languages like Khasi. The proposed model 

for Khasi to English translation achieves a BLEU, METEOR and ROUGE_L score of 59.06, 49.95 and 66.86, 

respectively. English to Khasi obtained a BLEU, METEOR, and ROUGE_L score of 49.82, 41.99, and 64.04, 

respectively. There is a possibility that the limited monolingual corpus size used to train the language model may 

have influenced the low scores for English to Khasi translation. In comparison, the suggested model outperforms 

the SMT and LSTM translation models. Our findings suggest that the model with no pre-trained context encoding, 

no pre-trained word embedding initialization, and no data augmentation of input sentences perform better for 

shorter sentences. In contrast, the model performs well for longer sentences using the above parameters, enhancing 

sentence predictability and resulting in higher accuracy. Thus, a hybrid system can determine which translation 

model to adopt depending on the length of the input sentence, as shown in Table III. Finally, the semantic similarity 

between the reference and predicted sentences is measured by computing a semantic score.  

Lastly, we compare the optimal model from the current experiment with the latest ChatGPT4o version as shown 

in Table VI. The test data’s greater alignment with our model could explain why ChatGPT4o’s metrics scores were 

lower than those of the considered model. The paper does not claim that the model under consideration is better 

than ChatGPT, but it does indicate that even with comparatively few resources, the model can achieve a relatively 

quality translation. 

In the future, expanding both the monolingual and parallel corpora will be necessary. Additionally, it is worth 

considering the implementation of automatic text post-editing as a potential solution to address the occasional 

translation of duplicate words or groups of words within the proposed system. 
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APPENDIX A: LIST OF NOTATION 

 

Symbol Type Explanation 
[N] := {1,….,N} Set of integers 1, 2, … , N-1, N 
i, j  Indices 
NV   Vocabulary size 

V [ ]
V

N  Vocabulary 

V* 

0

V



=

=  Set of token sequence 

Pe ed
  Token sequence pre-trained embedding 

max    Maximum sequence length 

 max[ ]  Length of token sequence 

t [ ]  Index of a token in a sequence 

x [1: ]x  [1] [2]... [ ]x x x V  , Primary token sequence 

z [1: ]z  [1] [2]... [ ]z z z V  , Context token sequence 

d   Dimension of various vectors 

[ ,:] [ ]M i M i  d   i-th row of matrix M ∈
d d 

 

[:, ]M j  d  j-th column of matrix
d dM

  

e ed
  Vector representation/embedding of a token 

enc dec, ,L L L    Number of network (encoder, decoder) layers 
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l [ ]L  Index of network layer 

H   Number of attention heads 

h [ ]H  Index of attention head 

eW  V eN d
  Token embedding matrix 

pW  max ed
  Positional embedding matrix 

uW  e vd N
 Unembedding matrix 

qW  attnxd d
  Query weight matrix 

qb  attnd
  Query bias 

kW  attned d
  Key weight matrix 

kb  attnd
  Query bias 

vW  outed d
  Value weight matrix 

vb  outd
  Value bias 

oW  out outHd d
  Output weight matrix 

ob  outd
  Output bias 

mlpW  1 2d d
  Weight matrix corresponding to an MLP layer in a Transformer 

mlpb  1d
  Bias corresponding to an MLP layer in a Transformer 

,   
d  Collection of all learnable/learned Transformer parameters 

 

 


