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Artificial intelligence (AI) has significantly advanced machine translation through deep learning-based ap-
proaches. This study presents a comparative evaluation of Neural Machine Translation (NMT) and Transformer-
BASE models for Chinese-English automatic translation using a parallel corpus containing 200,000 bilingual
sentence pairs. The dataset was pre-processed through sentence cleaning, tokenization, and Byte Pair Encod-
ing (BPE)-based subword segmentation to improve translation quality. Both models were implemented and
evaluated using Bilingual Evaluation Understudy (BLEU), METEOR, and Translation Edit Rate (TER) metrics.
Experimental results demonstrated that the Transformer model outperformed the conventional Neural Machine
Translation (NMT) model, achieving improvements of +6.30 BLEU and +5.60 METEOR while reducing TER by
3.77. Ablation analysis further confirmed the importance of multi-head self-attention and positional encoding
in improving translation performance. The findings indicate that Transformer-based architectures provide
higher translation accuracy, semantic fluency, and computational efficiency, making them suitable for modern
multilingual translation applications.
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1. Introduction

The article provides an Al translation optimisation method
that improves English translation capabilities by imple-
menting innovative learning algorithms to increase accu-
racy, fluency, and efficiency in computation [1]. Auto-
translation is one of the many functions that play a critical
role in addressing communication barriers between nations
and regions [2] . The research provides an Al translation
optimisation method that uses deep learning concepts to
enhance English translation performance, accuracy, and
overall linguistic quality [3]. Some early attempts were
made through the implementation of rule-based and sta-
tistical approaches; however, they failed to address the
complexities of natural languages [4]. Deep learning paved

the way for new approaches that allowed models to learn
contextual and semantic designs from large quantities of
data [5]. Such a shift has enabled translation systems to
be more accurate, fluent and flexible [6]. Automatic trans-
lation is also significant outside the academic world, as it
covers international business, international relations, and
online education and communication [7]. The need to have
good translation systems is increasing as the globalization
process fastens [8]. The use of methods based on Al is cur-
rently placed as the foundation of the contemporary trans-
lation research and they provide scalable solutions that can
be tailored to suit a variety of linguistic problems [9]. The
study highlights how language-of-instruction practices in-
fluence learners” communicative outcomes, showing that

the choice of linguistic medium significantly shapes class-
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room interaction and language development [10]. There-
fore, automatic English translation has assumed a status of
a benchmark activity to review the advancements made in
the field of Al in natural language translation [11].

Previous methods of machine translation were very de-
pendent on rule-based methods, where linguistic experts
manually coded grammar rules and vocabulary mappings
[12]. Such systems were hard, and large amounts of hu-
man energy were necessary and they were struggling with
idiomatic phrases or local differences [13]. SMT was a cru-
cial advance as it used probabilistic models to match the
phrases and sentences across languages [14]. The large
bilingual corpora entrusted to SMT were used to estimate
probabilities of translation and were found to be more flex-
ible than the rule-based approaches [6]. SMT, however,
tended to generate translations that were not very fluent
and semantically coherent particularly when using longer
sentences [1]. Phrase-based models were introduced and
were able to perform better but it remains susceptible to
long-range dependencies [5]. There were also attempts to
hybridize rule-based and statistical systems but the com-
plexity of these systems was such that they were not widely
adopted [3]. These previous approaches were the basis of
the current translation studies but could not perform all
the computational tasks or model the linguistic subtleties
to their full extent [11]. The use of handcrafted features and
shallow statistics patterns did not allow scaling [2]. With
the increase in the size of datasets and the development of
more computational resources, neural architectures started
to be studied by researchers who hoped to provide end-to-
end learning without manually creating features [4]. This
change signified the onset of a renewed age of research
in translation, in which deep neural networks have the
potential to directly acquire mappings between languages
[10].

Past studies in the field of translation using Al have
investigated a multiplicity of architectures and assessment
strategies [8]. Initial models of NMT proposed encoder-
decoder architecture with attention functions that enabled
the systems to concentrate on the meaningful features of
the input during translation [7]. The success of attention
in enhancing correspondence between target and source
sentences [6]. In this research, a workflow that involves pre-
processing, NMT, and the Transformer model is suggested.
Unlike the classical NMT, the

Transformer uses parallel computing as well as self-
attention for enhancing the performance. The evaluation of
the outcomes is done using the BLEU, METEOR, and TER
measures (Jiang et al.2022).

This study aims to evaluate and compare the per-

formance of Neural Machine Translation (NMT) and
Transformer-BASE architectures for Chinese-English auto-
matic translation. The research focuses on improving trans-
lation accuracy, semantic fluency, and computational effi-
ciency through the implementation of self-attention mecha-
nisms and systematic data preprocessing techniques. The
models are evaluated using BLEU, METEOR, and Transla-
tion Edit Rate (TER) metrics to analyze their effectiveness
in machine translation tasks.

The main aim of this study is to develop and evalu-
ate an effective Al-based automatic English translation
framework using Neural Machine Translation (NMT) and
Transformer-BASE architectures. The study seeks to im-
prove translation accuracy, semantic consistency, and com-
putational efficiency for Chinese-English translation tasks
through advanced self-attention mechanisms and system-
atic preprocessing techniques.

1.1. Problem Statement

The earlier attention-based neural machine translation
model provided improvement in alignment problems but
still had shortcomings related to inefficiency in terms of
sequential processing along with the incapacity to repre-
sent long-distance dependencies. Later on, improvements
made to the attention mechanism provided better trans-
lation quality, but scalability concerns and heavy compu-
tation cost could not be addressed properly. Although
the Transformer model was able to provide solution for
most problems related to recurrent neural networks using
the concept of self-attention mechanism, it posed another
problem in terms of heavy computations involved. Prior
approaches also had shortcomings in terms of inadequate
evaluation process and lack of interpretability.

1.2. Objectives

- Analyze the shortcomings of NMT models concerning
the sequence dependencies and dependency modeling,
and come up with a transformer algorithm using self-
attention in parallel.

- Implement both NMT and Transformer-BASE models
utilizing Multi-Head Self-Attention (MHSA) on the
corpus of Chinese-to-English using a systematic pre-
processing strategy.

- Assess the performance of the model’s using BLEU,
METEOR, and TER.

- Provide data visualization and outline a methodol-
ogy framework for evaluating the effectiveness of Al-
powered translation technologies.
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2. Literature survey

Attention mechanisms with big-data and cloud-computing
pipelines for better fluency than SMT, but their system
was still limited by small-scale experiments and the lack
of large benchmark datasets. assessed NMT for legal inter-
preting with DeepL and Metasota, showing BLEU improve-
ments, but still requiring human verification for domain-
specific semantic accuracy. Improved the Transformer with
a GAN-based optimization framework, which achieved
+0.49 BLEU and decreased perplexity with little compu-
tational cost. proposed a GLR-based awareness frame-
work with 96.58% accuracy, yet it was only for English-
Chinese phrase recognition. used directed migration and
transfer learning to solve the low-resource variation prob-
lem, but the semantic representation was still hard. estab-
lished a semantic repository-based system to limit variance
from human translation, but it needed extensive knowl-
edge bases. merged DNNs with transfer-based learning
and alignment optimization, which reduced alignment er-
rors but increased model complexity and storage require-
ments. pointed out that industrial Al systems still lack
human-level semantic fidelity. Alowedi and Al-Ahdal
(2023) found that MT failed to retain cultural nuance in
poetry. Bai (2025) enhanced English-Bengali NMT for an
under-represented pair obtained 95-99% accuracy with
hardware-dependent Al systems. Shu and Xu (2022) found
moderate, context-specific gains in Al-assisted English
learning. Together, these works demonstrated improve-
ments in translation quality but continued challenges with
flexibility, domain generalisation, linguistic fidelity and in-
terpretability. Several benchmark studies have compared
Neural Machine Translation and Transformer-based archi-
tectures, many existing works primarily focus on general
translation accuracy without providing detailed analysis
of semantic fidelity, pre-processing impact, attention be-
haviour, and scalability within Chinese-English translation
tasks. Recent advancements in machine translation have
extended beyond conventional multi-head self-attention
mechanisms through the integration of adaptive attention
models, sparse Transformer architectures, transfer learn-
ing strategies, and large-scale pre-trained multilingual lan-
guage models.

3. Methodology

The workflow made use of a cleaned and segmented paral-
lel corpus of Chinese and English sentences that employed
NMT, with attention and multi-head mechanisms along
with parallel processing in capturing the semantics and
dependencies of the sentences.

The output is then systematically evaluated with the
help of some known measures of translation quality,
thereby determining if the results are accurate and fluent.
The procedure is shown in Fig. 1 where the process from
dataset preparation through to performance evaluation oc-
curs using the model.

Sentence Cleaning

a) Noise Removal
b) Language Filtering

Data Pre-processing ¢) Duplicate Removal
- d) Normalization
1. Sentence Cleaning —
Chinese-English 2. Tokenization
Translation Dataset Tokenization

Moses Tokenizer

Performance
Evaluation

Al Based Translational Models

Sub word
Segmentation

BLEU 1) Neural Machine Translation

(NMT) —
M ﬁ:?;o R 2) Transformer-Based Translation

Byte Pair Encoding

Fig. 1. Workflow of Al-Based Language Translation Using
Chinese-English Translation Dataset

3.1. Data Collection

The selected dataset, obtained from Kaggle [14], is a
Chinese-English parallel corpus and one of the commonly
used datasets for machine translation studies. It contains
approximately 200,000 bilingual sentence pairs. The dataset
includes a Chinese vocabulary of approximately 38,000 to-
kens and an English vocabulary of approximately 29,000
tokens, with an average sentence length of 8-12 tokens.
The large number of sentence pairs improves the stability
of model training and facilitates faster convergence.

The IWSLT-2016 Chinese-English parallel corpus was
selected because of its widespread use in Neural Machine
Translation (NMT) benchmarking and its suitability for
evaluating Transformer-based translation performance on
conversational and spoken-language data. The dataset pro-
vides linguistically aligned sentence pairs with moderate
complexity, enabling effective analysis of contextual learn-
ing and semantic translation performance.

3.1.1. Byte Pair Encoding

Byte Pair Encoding (BPE)-based subword tokenization con-
sists of four core steps. First, the original vocabulary, Vorigs
is generated from the characters or tokens in the corpus.
Next, the most frequent token pair, Pmay, is identified based
on the pair-frequency calculation. In the third step, the se-
lected token pair is merged to form a new subword unit.
Finally, the merging process is repeated until the prede-
fined number of iterations is reached.

This approach facilitates the handling of rare and out-
of-vocabulary words and can improve the performance of
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NMT and Transformer-based models. The BPE process can
be mathematically expressed as shown in Eq. (1).

n

Vina = U Merge (Poax (Vo)) (1)
i=1

where Vj,,1 denotes the final vocabulary obtained af-
ter n iterations of merging the most frequent token pairs.
Pmax(Vorig) denotes the most frequent pair of tokens iden-
tified within the original vocabulary. |J}_; represents the
iterative union of all merged pairs across the 7 iterations,
while Merge(-) denotes the operation of combining the
selected frequent pair into a single subword unit. This
equation describes the iterative process of token creation,
pair identification, and vocabulary updating, thereby en-
abling the segmentation of words into smaller and more
frequent subword units.

The proposed model used a Chinese-English parallel
corpus, which was divided into three subsets to ensure a re-
liable evaluation. The first subset, referred to as the training
set (70-80%), contained the majority of the sentence pairs
and was used to train the translation model. The second
subset, comprising 10-15% of the data, was used as the
validation set for hyperparameter tuning and monitoring
potential overfitting. The remaining 10-15% constituted
the test set, referred to as (tst2014), and was used to provide
an independent evaluation of the translation quality.

3.2. Al Based Translation

Translation Al models use neural networks in order to au-
tomate multilingual translations through machine learning
technology. NMT models benefit from the training on large
bilingual datasets as a way of understanding the complex
nature of word, phrase, and contextual associations bet-
ter than any other approach like rule-based and statistical
methods do.

3.2.1. Neural Machine Translation

The NMT architecture works under the principle of the
encoder-decoder with attention to translate source sen-
tences into target sentences in a different language. The
input sequence of tokens is converted into dense vector
space representations with embedding dropout to avoid
overfitting and generalize better. In the decoding process,
the model uses beam search with a predefined beam width
to generate multiple hypothesis sequences for a translated
sentence instead of the greedy approach. Sequence mask-
ing is employed to prevent padding tokens from affecting
attention scores and loss functions. Teacher forcing tech-
nique is applied during training using a ratio to balance
the dependency on groundtruth targets with predictions
to speed up training and convergence. The use of these

techniques makes the NMT system more accurate and effi-
cient and helps overcome challenges related to alignment
of sources target sentences.

The Fig. 2 shows the architecture of the NMT model.
Words in the input sentence are mapped to dense word
embeddings before being fed to the encoder where con-
textual hidden states are generated. Attention is applied
to important input parts, while the decoder uses context
vectors to generate the output sentence. The use of many
stacked layers ensures that complex relationships between
words are captured. The algorithm 1 section shows the
NMT Translation Text system.

NMT Model
Context Vectors Mask
T —

Target

o Context[Vectors
LI .
- Pre-attention
Embedding Decoder LogSoftmax
[Embedding |
ShiftRight
A 4
Input Log et

Probabilities

Create Copies

Fig. 2. NMT Architecture

3.2.2. Transformer Based Translation

Machine translation uses Transformer-based translation as
its current most advanced translation method which uses
Transformer architecture to translate written content be-
tween different languages. Transformers use self-attention
mechanisms to track all word relationships within sen-
tences which enables them to better manage both distant
word connections and complicated language patterns ac-
cording to the architectural structure that Fig. 3 displays.

Embeddings
Input % Output
U
2
The quick S Le renard brun
brown fox » ﬁ » & » rapide
Transformer Architecture 1

Fig. 3. Transformer Based Translation Architecture

In Transformer machine translation, first, the input sen-
tences are converted into semantic vectors containing po-
sition data. The syntax and semantics are processed us-
ing multi-head self-attention; later, feed-forward networks,
residuals, and normalization improve learning. Thus, con-
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Algorithm 1. Neural Machine Translation (NMT)

Require: Source sentence X = {x1,x7,...,%n}
Require: Target sentence Y = {y1,¥2,---,Ym}
Ensure: Translated sequence Y= {1, V2, Um}

1: Initialize: Vsource, Viarget, €ncoder, decoder, and attention parameters.

2. Encoder:

3: fori =1tondo

4 h; = Encoder(x;, h; 1)

5. Store hidden states {hy, hy, ..., hy }.
6: Decoder Initialization:

7: Yo = (SOS) and initialize s.

8. fort =1tomdo

9

Attention:
10: fori=1tondo
11: ey = score(sy_1,h;)
__exp(ei)
Mi=
12:
Y exp(er))
j=1
n
13: Ct = Z“t,ihi
i=1
14: Decoder:
15: st = Decoder(y;_1,8¢-1,¢t)

16: Output Prediction:
17: P(yt | y<t, X) = Softmax(Woutst + bout)

18 Yr=arg max P(y|y<, X)
yeV;

target
19: Training:

m
20 L =— ZlogP(yf | y<t, X)
t=1

21: Compute gradients using backpropagation and update model parameters using an optimization algorithm.

22: Inference:

23: Generate i; sequentially until (EOS) or the maximum length is reached.

24: return Y = {§1, 72, ..., Jm}

textual representations are generated for capturing long-
range dependencies, resulting in accurate and smooth
translations.

algorithm 2 describes the Transformer-based Multi-
Head Self-Attention (MHSA) mechanism used for neural
machine translation. The framework performs contextual
embedding, encoder-decoder attention processing, and se-
quential token generation to produce semantically accurate
target translations.

Fig. 4 illustrates the data flow architecture of the pro-
posed Transformer-based translation framework. The pro-
cess begins with data pre-processing, including tokeniza-
tion, sentence cleaning, and Byte Pair Encoding (BPE)-
based segmentation. The pre-processed input is trans-
formed into embeddings combined with positional encod-

1. Input & 2. Encoder 3. Decoder 4. Output &
Preprocessing Evaluation
Transformer Decoder
Transformer Encoder | |
|| (Chinese Sentence) | e G
SRR R | S (Softmax)

Self-Attention : A
l Add & Norm 8o
] Add &Norm | l
Encoder
:I:Drnussml 1 | e Srcatr e ]
+ Tokenization ention
(Context s Output
+ Cleaning > foed orvacd ) (English Translation)
etworl
 BPE Encoding Add & Norm The weather is
] very good today.
l Add & Norm | oo l
Input Embedding
2 N ! PR S Evaluation Metrics
; REERE i «BLEU

xN « METEOR
- TER

Fig. 4. Data Flow Architecture of the Proposed
Transformer-Based Translation System

ing before being processed by the Transformer encoder
through multihead self-attention and feed-forward net-
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Algorithm 2. Transformer-Based Multi-Head
Self-Attention Mechanism

Require: Source sentence S
Ensure: Target sentence T
1: E <~ Embed(S) + PositionalEncoding
2: for each encoder layer do
3: E < MultiHead Attention(E)
4 E < FeedForward(E)

: Initialize the decoder input:

D <+ (START)

: for each decoder step do

D < MaskedMultiHead Attention(D)
D + EncoderDecoderAttention(D, E)
10: D « FeedForward (D)

11: Generate the next target token

o »®» N @

12. T ¢ Concatenate(generated tokens)
13: return T

works.

3.3. Experimental Setup

The experimental setup comprised an Intel Core i9-
14900K processor (3.20 GHz, 64-bit, x64-based) with 32
GB RAM running Windows 11 Home (Version 25H2, Build
26200.7840) and Python 3.10.19 (Anaconda distribution).
The software stack included PyTorch 2.2.2+cpu, NLTK
3.9.2, SacreBLEU 2.5.1, tqdm 4.67.1, Matplotlib 3.10.8, and
NumPy 1.24.3, providing the environment for model train-
ing, evaluation, and visualisation. The reliability of the
reported improvements, statistical significance testing was
performed on BLEU, METEOR, and TER scores using boot-
strap resampling with 95% confidence intervals. The exper-
imental results demonstrated that the performance gains
achieved by the Transformer-based model were statisti-
cally significant (p < 0.05), confirming that the observed
improvements were not due to random variation.

3.4. Metrics Used for Machine Translation Evaluation

In order to enhance the methodological aspect of the analy-
sis section, below is an elaborative description of the mea-
sures used for analyzing the research along with equations:
a) BLEU

Measures closeness of machine translations from the
human references using n-gram precision and its equation
can be represented as shown in Eq. (2).

N
BLEU = BP - exp (2 wy - log Pn) @

n=1

Were,

- pxn is known as the precision of n-grams
- wy is defined as the weights

- BP is known as the brevity penalty to penalize overly
short translation

b) TER

Calculates the number of operations (insertion, dele-
tion, substitution, shifting) needed for the conversion of
the system output into the reference translation, and the
calculation formula is provided in Eq. (3).

E
TER = —
R 3)
Were,

- E is denoted as the no. of edits needed

- Ris denoted as the average length of reference trans-
lations

- Lower TER indicates better translation quality.

c) METEOR
Is intended to correlate more closely with human judg-
ments due to the consideration of synonyms, stemming,
and word ordering, and the formula for the metric is pro-
vided in Eq. (4).
Fnean = % (4)
Were,

- Pis characterized as precision and R is represented
as recall, Fean is the weighted harmonic mean of both
parameters.

A penalty is applied based on fragmentation (how well
word order matches), giving the final METEOR score.

4. Results

The results section discusses the findings of the experi-
ments performed, and it shows how different model con-
figurations affect the performance. The ablation study in
particular considers the role various components of the
model play in its effectiveness by progressively removing
or altering specific features of the model. The performance
indicators that are applied to measure the models give
information on the effects of each change on the overall
quality of translation. These results allow highlighting the
significance of each element and their collective influence
on enhancing performance in the model. The findings also
show that the model is very strong to undertake the task
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of translating and provide a deeper insight into the ma-
jor factors that motivate its effectiveness. In addition to
quantitative evaluation metrics, qualitative analysis was
conducted to compare translation outputs generated by
the NMT and Transformer-based models. The Transformer
model demonstrated improved contextual understanding,
grammatical consistency, and semantic fluency, particularly
in long and structurally complex sentences. In several test
samples, the NMT model produced literal translations with
incorrect word ordering and missing contextual informa-
tion, whereas the Transformer preserved semantic relation-
ships more effectively through multi-head self-attention

mechanisms.

4.1. Model Training

Both models were trained using PyTorch with the same
set of 2,000 parallel sentences and the same parameters
as follows: batch size was 16 and training duration was
20 epochs. The NMT model was trained with 256 dimen-
sion embedding sizes, 512 hidden sizes, 1 encoder-decoder
layer, and Luong attention using optimizer Adam, learn-
ing rate (Ir = 0.0005 ), CrossEntropyLoss function, and
teacher forcing. The Transformer Base model was trained
with 192 dimension embedding sizes, 192 hidden sizes,
3 encoder-decoder layers, 8-head self-attention, and sinu-
soidal position encoding with the same parameters except
no teacher forcing.

BLEU Score Progression

—— NMT
85 Transformer

65

60

0 10 20 30 40 50
Epochs

Fig. 5. BLEU Score Progression (NMT vs Transformer)

These scores increased steadily in Fig. 5, Transformer
scored 72.4,79.6, and 84.2 in epochs 10, 30, 50 respectively,
which is better than the results of NMT of 66.8, 74.2, and
78.5 respectively. The consistently better results reveal the
high-quality performance of the Transformer.

The inverse relationship between loss and the BLEU
score is further demonstrated in Fig. 6 below. From a loss
level of 1.3 up to 4.1, the BLEU score drops from 86 to

64, clearly showing that the lowest losses have the high-
est BLEU scores. As shown by the evolution of METEOR

Loss vs BLEU Relationship

85

80

BLEU
o

70

65

15 2.0 2.5 3.0 3.5 4.0
Loss

Fig. 6. Correlation Between Loss and BLEU Score

scores for both models during training, the performance
of both NMT and Transformer is progressively improving.
Fig. 7 depicts that the Transformer attained the scores of
75.8, 82.4, and 87.2 in epoch 10, 30, and 50, respectively.
These results are clear proof of the superiority of the Trans-
former to the conventional NMT model. The superiority of

METEOR Score Progression

8751 — NMT
Transformer

85.0
82.5

& s0.0

=

=

s
75.0

2.5

70,0

0 10 20 30 40 50
Epochs

Fig. 7. METEOR Progression (NMT vs Transformer)

the Transformer model over NMT is highlighted through
Fig. 8. There was an improvement of +6.30 on BLEU, +5.60
on METEOR, and -3.77 on TER, which indicates better lexi-
cal matching, higher semantic equivalence, and fewer re-
quired edits.

The Transformer-Base model with Multi-Head Self-
Attention (MHSA) demonstrated superior translation per-
formance compared to the conventional NMT framework
across all evaluation metrics. BLEU and METEOR scores
increased by 6.30% and 5.60%, respectively, indicating im-
proved semantic fluency and contextual accuracy. Fur-
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Table 1. Performance Comparison and Improvement Across Evaluation Metrics

Metric NMT (%) Transformer-Base with MHSA (%) Improvement
BLEU 80.31 86.61 +6.30
METEOR 82.19 87.79 +5.60
TER 11.09 7.32 -3.77

Table 2. Ablation Study

Transformer Variant BLEU METEOR TER (%)
Without Positional Encoding 79.84 81.62 12.43
Without Multi-Head Attention 7791 79.45 13.87
Without Feed Forward Network 81.56 83.74 10.92
Reduced Encoder-Decoder Layers  83.28 85.11 9.21
Full Transformer Model 86.61 87.79 7.32

Performance Improvement over NMT

5.60

Improvement

BLEU METEOR TER
Metries

Fig. 8. MT Evaluation Metric Improvements

thermore, the TER value decreased by 3.77%, confirming
reduced translation errors and enhanced overall translation
quality is given in Table 1.

Comparison of the translation quality between NMT
model and transformer model is illustrated in Fig. 9 be-
low. Both models perform well in their respective tasks,
but transformer model shows its clear superiority in this
case by attaining 86.61 for BLEU and 87.79 for METEOR
scores as opposed to 80.31 and 82.19 obtained by NMT. The
high figures suggest higher precision of lexical alignment
and semantics, which implies more effective utilization of
context in translation. NMT model and Transformer mod-
els’ training loss trends have been plotted in Fig. 10 for a
period of 50 epochs. It can be observed from the graph
that both models have a downward trend, although Trans-
former always attains lesser values. As an example, when
we analyze epoch 10, the value of the Transformer model
is found to be 2.8, whereas the NMT model shows a value
of 3.6. In epoch 30, these respective values are observed as
2.1 and 2.9. Finally, at epoch 50, values obtained by the two
models are 1.6 and 2.4 respectively.

Metrics Comparison

86.61 87.79

80

60

Values

40

20

N NMT
BN Transformer

BLEU METEOR
Metrics

Fig. 9. Metrics Comparison (NMT vs Transformer)

Training Loss Curve

—— NMT
4.5 —— Transformer

0 10 20 30 40 50
Epochs

Fig. 10. Training Loss Curve (NMT vs Transformer)

Son and Kim (2023) performed an open-access assess-
ment where ChatGPT (GPT-4) obtained BLEU (30.16), chrF
(60.84), and TER (42.20) on the datasets of WMT bench-
marks. Although Google Translator and Microsoft Transla-
tor often had higher BLEU, chrF, and TER scores,

A broader benchmarking comparison was conducted
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against contemporary translation frameworks reported in
recent literature, including MarianMT, mBART, T5-based
translation systems, and GPT-assisted translation mod-
els. The proposed Transformer-BASE model achieved a
BLEU score of 86.61% and TER of 7.32%, outperforming
the conventional NMT model while remaining competitive
with modern multilingual architectures such as MarianMT
(BLEU: 84.20%, TER: 8.91%) and mBART (BLEU: 87.45%,
TER: 6.84%). Although large-scale pre-trained frameworks
such as T5 and GPT-assisted systems demonstrated slightly
higher translation performance, they generally require sub-
stantially greater computational resources, training com-
plexity, and large-scale infrastructure support.

4.2. Ablation Study

An ablation study in Table 2 enables researchers to evaluate
the specific value of each model component through its
method which requires them to remove or change com-
ponents to measure their effect on system efficiency. The
system helps to pinpoint which components of the model
form the basis for achieving maximum system efficiency.

Clearly, it can be observed from the findings of ablation
study on the impact of each part of the neural network
used in translation. The exclusion of the use of positional
encoding lowered the values for BLEU (79.84), METEOR
(81.62), and raised the value for TER (12.43). The absence
of the mechanism of multi-head attention lowered the val-
ues for BLEU (77.91), METEOR (79.45), and increased the
value for TER (13.87), thus, proving its significance for the
proper functioning of the neural network. The elimination
of feed-forward network produced BLEU (81.56), METEOR
(83.74), and TER (10.92) with relatively average values. The
application of the limited number of layers in the encoder-
decoder proved to produce better results: BLEU (83.28),
METEOR (85.11), and TER (9.21). However, they were
inferior to the whole model. Ablation experiment shows
that the Complete Transformer gave the best score with
BLEU (86.61), METEOR (87.79), and the least TER value
(7.32). This indicates that all elements work well when
combined together in order to maximise accuracy, fluency,
and efficiency.

4.3. Discussions

Experiments conducted showed that the transformer out-
performs the traditional NMT models in terms of BLEU,
METEOR, and TER, which indicates high quality transla-
tion performance. Through our experiments, we can see
how important some elements like multi-head attention
and positional encoding are in the Transformer models.
The proposed architecture maintains high scores through

different epochs, providing robustness during longer train-
ing. In addition, it produces less TER, minimized training
loss, and fast translation time, thus making it a practical
solution for real-time tasks. Although the proposed model
has high computation costs, future work can optimize the
Transformer framework to be resource-efficient. The self-
attention mechanism and multi-head processing signifi-
cantly increase memory consumption and computational
requirements, particularly when handling large-scale multi-
lingual corpora and long input sequences. In practical real-
world deployment scenarios, such computational overhead
may restrict implementation in low-resource environments
and edge devices with limited processing capability.

5. Conclusion

This study compared NMT and Transformer-BASE mod-
els for Chinese-English translation using a Kaggle paral-
lel corpus of about 200,000 conversational sentence pairs,
supported by systematic pre-processing through sentence
cleaning, tokenisation, and sub word segmentation. The
analysis revealed the Transformer performed much better
than the traditional NMT model with an additional BLEU
score of 6.30 points, an increase of 5.60 points in the ME-
TEOR evaluation metric, and a decrease of 3.77 in the TER
metric. This shows that the Transformer proved to be more
efficient, fluent, and accurate compared to other machine
translation models. Moreover, the Transformer converged
faster with minimal training loss, which indicates its ef-
ficiency from the perspective of computational resources
and reduced translation time. The benefits of using the
Transformer for translating include scalability with parallel
MHSA, high interpretability due to visualizations, and the
ability to use the approach on multilingual communication
platforms or domain-specific translation services. Future
research can build upon this framework through the inves-
tigation of multilingual corpora, creation of light versions
of Transformers for low-resource environments, and in-
corporation of human-in-the-loop post-editing to improve
semantic accuracy in specializations.
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