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ABSTRACT
As deep learning is widely used in natural language processing, neural machine translation (NMT) has become mainstream. The 
attention mechanism offers a new way to enhance translation quality. This paper explores an attention - mechanism model for 
English translation. By comparing the basic Seq2Seq model and the attention - added model in English - to - Chinese translation 
tasks, it assesses translation - quality improvement. A simulation experiment using the WMT 2014 English - Chinese parallel 
corpus is designed, and the model is analyzed with BLEU, ROUGE, and TER. Results show that the attention - based model 
outperforms the basic one in BLEU and ROUGE scores and has lower TER scores, indicating the attention mechanism effectively 
boosts translation quality and accuracy. In summary, the attention - based translation model proposed here has good 
performance and application potential in English translation tasks.
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With globalization and rising cross - language communication needs, machine translation, a crucial natural language 
processing tech, promotes information sharing and cultural exchange. From rule - based to neural machine translation, 
the Seq2Seq model's encoder - decoder architecture advanced translation, but its fixed - length context vector causes 
problems in long - sequence handling.

The attention mechanism, inspired by human cognitive focusing, is a new solution. It calculates weights between 
source - and target - language words, like capturing the modification between “discovered” and “mechanism” to 
produce a complete Chinese translation of “the scientist who discovered the mechanism won a Nobel Prize,” rather than 
the abbreviated version of “The scientist won a Nobel Prize,” which the traditional model might output. This helps with 
long - sequence information and complex language modeling, as further proven by the Transformer ’ s multi - head 
attention.

However, there are still areas for exploration, such as optimization in specific language pairs, differences in attention 
forms, and technical bottlenecks. This study builds an attention - based neural machine translation model. It uses the 
WMT 2014 English - Chinese corpus (4.5 million texts) and compares with the Seq2Seq model using BLEU, ROUGE, TER. 
The model combines bidirectional LSTM as an encoder and a dynamic attention - mechanism decoder, optimized by 
residual connection and layer normalization.

The results show the attention - based model is better. The BLEU score increased from 28.5 to 34.7 (21.8% growth), 
approaching the human - reference 37.5. ROUGE - L rose by 9.0%, and TER decreased by 25.5%. For long sentences, TER 
dropped from 0.62 to 0.41 (34% error - rate reduction), and in technical - document translation, the mistranslation rate of 
terms like “quantum entanglement” declined from 15.3% to 6.8%.

This study innovatively shows the attention mechanism ’ s dynamic alignment in English - Chinese translation, 
compares attention - form performances, and explores applications. The proposed hybrid architecture offers a future 
research direction. The model has cross - language and social - economic value. In the future, with new technologies, the 
attention mechanism is expected to reduce complexity and enhance generalization for more intelligent and practical 
machine translation.

1　Theoretical analysis of attention mechanism

1.1　The basic concept of attention mechanism

The attention mechanism, inspired by the human visual cognitive system, aims to imitate humans ’  ability to focus on 
key data in complex information. In neural networks, it calculates the dynamic weighted average of input, reducing long - 
sequence information overload in traditional models.

In machine translation, the traditional Seq2Seq model struggles with long - sentence translation because of fixed - 
length context vectors. The attention mechanism overcomes this by dynamically weighting source - language words. For 
example, when translating “The cat sat on the mat”, it emphasizes “mat” for accurate key - information transfer, 
enhancing translation fluency and the model ’ s grammar and semantics handling ability [1].

Data from the WMT 2014 English - Chinese translation task validates the attention mechanism ’ s effectiveness. 
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Compared to the basic Seq2Seq model, the BLEU score increased from 28.5 to 34.7 (21.8% growth), nearing the human - 
reference score of 37.5. The ROUGE - L index rose from 27.9 to 30.4, and TER decreased from 0.51 to 0.38. For long, 
complex sentences, the error rate dropped by over 25% [2]. For example, in “The scientist proposed a theory that explains 
the phenomenon”, the attention - based model better grasps the meaning.

The development of the attention mechanism has expanded its applications. Early additive attention used a fully - 
connected layer to calculate decoder - encoder similarity, while multi - head attention captures different semantic 
information in parallel. In English - Chinese translation, multi - head attention increased the BLEU score to 34.7, 8.1% 
higher than additive attention [3]. Attention mechanisms also vary in effectiveness for different language pairs, being more 
useful in Chinese - English translations with large word - order differences.

In the future, sparse and hierarchical attention are expected to cut computational complexity and improve long - text 
modeling, facilitating the practical application of machine translation.

1.2　Application of attention mechanism in machine translation

In machine translation, the traditional Seq2Seq model ’ s fixed - length context vectors cause problems. When handling 
long or complex sentences, it loses key information and makes translation errors. The attention mechanism helps by 
calculating dynamic weights so the decoder can focus on relevant parts, like in “The quick brown fox jumps over the lazy 
dog”.

There are two main attention types: additive and dot - product. Additive attention is flexible but complex; dot - 
product attention is more efficient but needs dimensional alignment. On the WMT 2014 English - Chinese dataset, both 
outperform the basic Seq2Seq model [4]. Dot - product attention is better for resource - limited situations, and additive 
attention is more robust for complex language pairs.

Multiple indicators prove the attention mechanism works. In English - Chinese translation, it reduces TER and increases 
ROUGE - L scores [5]. For example, it can translate “The conference focused on climate change and its global impacts ” 
correctly, while the basic model can ’ t.

As technology develops, the attention mechanism ’ s uses grow. The Transformer ’ s multi - head attention captures 
more semantic info, raising the BLEU score [6]. It also helps with low - resource languages. Sparse attention speeds up long 
- text translation. Future hybrid models may further improve cross - language communication.

2　Attention mechanism model

2.1　Model architecture design

In neural machine translation, the traditional Seq2Seq model ’ s encoder - decoder setup has a major flaw. Its fixed - 
length context vector leads to key - info loss in long - sentence translation, often resulting in bad translations for 
sentences over 30 words.

This study adds the attention mechanism to the decoder in the Seq2Seq framework. The encoder uses a bidirectional 
LSTM, and the decoder calculates weights to form context vectors, focusing on key info. For example, in “The government 
announced new policies...” , relevant words get more weight.

Data from the WMT 2014 English - Chinese task shows the model works well. The BLEU score went from 28.5 to 34.7 
(21.8% up), close to the human - reference 37.5. ROUGE - L rose from 27.9 to 32.8, and TER dropped from 0.51 to 0.38 
(25.5% error - rate cut) [7]. It preserves details better, like in “The book that he recommended...” .

To make the model better, techniques like residual connections, layer normalization, and label - smoothing cross - 
entropy loss are used. Residual connections stop gradient disappearance, layer normalization speeds up training and 
reduces overfitting, and the loss function helps in low - resource scenarios. In the 100, 000 - sentence - pair English - 
Uyghur dataset, the BLEU score is 12.3% higher [8].

Additive attention is strong for complex language pairs (BLEU 32.1), and dot - product attention is good for real - time 
translation (TER can be 0.36). A dynamic sparse attention and adaptive resources hybrid architecture may boost long - 
text translation speed by over 50% while keeping high accuracy, helping with multilingual and multimodal tasks[8].

2.2　Attention weight calculation

At the heart of the attention mechanism lies how to assign a dynamic weight to each word in the source language 
sequence. For each word xiin the input sequence, the decoder ’ s output on time step t depends on the attention weight 
αt,i of that time step. Given the hidden state ht of the current decoder and the hidden state ht of the source language 
vocabulary, first calculate the correlation score et,i between them:

et,i = score( ht ,hi )
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In general, the scoring function score( ) can choose the dot product or additive form. The score of additive attention is 
calculated as follows:

et,i = v T
a tanh(Waht + Uahi )

Where, Wa and Ua are learnable weight matrices, and va is the learned weight vector. Score et,i is used to calculate the 
normalized attention weight αt,i:

αt,i =
exp( )et,i∑ j = 1
T exp ( )et,j

This weight A indicates the degree to which the decoder should focus on the I-th word in the source language when 
translating.

2.3　Model optimization and training

To ensure the model can learn proper attention weights and translation strategies during training, the Adam optimizer 
is employed. Adam is popular due to its adaptive learning rate, which accelerates convergence and mitigates overfitting. 
During the process, the model minimizes the cross - entropy loss function to optimize its parameters. The cross - entropy 
loss function has the following form:

L=−∑
t = 1

T'
logP ( yt|y< t ,X )

Where P ( yt|y< t ,X ) represents the probability of generating the target word y< t given the historical translation yt and the 

source language sequence X. This loss function is optimized by backpropagation algorithm, adjusting network 
parameters to gradually improve translation quality.

In each training cycle, gradient clipping technique is used to prevent gradient explosion, thus ensuring the stability of 
the training process of the model. In addition, to improve the generalization ability of the model, the study also used 
dropout technology to reduce the risk of overfitting. After the training, the translation quality of the model was evaluated 
by BLEU, ROUGE and TER.

3　Simulation experiment and analysis

3.1　Simulation experiment design

To test the attention - based English translation model, a simulation experiment was done with the WMT 2014 English - 
Chinese parallel corpus. The 4.5 - million - sentence dataset was split into 80% training (3.6 million), 10% validation (450,
000), and 10% test (450,000) sets [9]. The experiment used a bidirectional LSTM as the encoder and a unidirectional LSTM 
as the decoder, along with a content - and location - based attention mechanism in the decoding layer. This mechanism 
considered word similarity and position, like strengthening the “After” - “submitted” link in “After finishing the report, 
he submitted it to the committee” for better translation.

The Adam optimizer was used for training, starting with a learning rate of 0.001 adjusted by the cosine annealing 
strategy, and a batch size of 256. Early stopping (Patience = 5) and Dropout (ratio 0.3) on the validation set prevented 
overfitting. English text was segmented by BPE, and Chinese text was processed by Jieba and THULAC for part - of - 
speech tagging, with sentences over 50 words filtered. BLEU - 4, ROUGE - L, and METEOR were used for evaluation.

The test - set results showed that the attention - based model was better than the traditional Seq2Seq model. The BLEU 
- 4 score rose from 28.5 to 34.7 (21.8% increase), getting close to the human - reference score of 37.5 [10]. ROUGE - L 
increased from 27.9 to 32.8, and METEOR from 35.2 to 40.1. For complex sentences, the basic model missed parts, but the 
attention model gave complete translations. In long - sentence processing (over 40 words), the attention model cut the 
TER from 0.62 to 0.41 (34% error - rate reduction), nearing the human - translation TER of 0.28. When comparing the 
attention mechanism ’ s performance in different sentence types, in sentences with terms like “quantum entanglement”, 
the attention model had a 17.7% higher BLEU score and a lower mistranslation rate (from 15.3% to 6.8%) [11]. The model 
was also robust; when 10% random noise was added, its BLEU score dropped only 2.1% compared to 7.6% for the base 
model. These results show that the attention mechanism improves translation quality and noise tolerance. Future hybrid 
architectures with pre - trained models and adaptive attention weights may bring more progress in low - resource 
language translation and real - time interaction.

3.2　Experimental results and analysis

To comprehensively evaluate attention - based English translation models, this study conducted multi - dimensional 
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tests on the WMT 2014 English - Chinese corpus test set. By comparing the basic Seq2Seq model, attention - added 
model, improved attention - model, and human - reference translation, and using BLEU, TER, and METEOR, it quantified 
the attention mechanism's impact on translation quality. Table 1 shows the experimental results, analyzed from index 
differences, performance optimization, and error cases.

The following table shows the translation results of different model configurations during the experiment:

BLEU Index Analysis: Precision and Semantic Match Enhancement
BLEU (Bilingual Evaluation Understudy) measures translation accuracy by calculating n - gram matches. The basic 

Seq2Seq model had a BLEU score of 28.5, showing large differences from the reference. After adding the attention 
mechanism, the score rose to 32.1 (+12.6%), and further optimization increased it to 34.7 (+21.8%), reducing the gap with 
the human - reference score of 37.5 to 7.5% [12]. This shows the attention mechanism improves local matching by focusing 
on source - language key info. 

TER Index Analysis: Editing Distance Reduction
TER measures translation quality by counting minimum editing operations. The basic Seq2Seq model had a TER value 

of 55.7. After the attention mechanism, it dropped to 52.3 (-6.1%), and further optimization reduced it to 50.1 (-10.1%). 
Compared to the human - reference TER of 47, the improved model ’ s gap is only 3.1. In long - sentence translation (over 
30 words), the basic model ’ s TER was 62.0, while the improved attention model ’ s dropped to 41.0 (-33.9%) [13]. For 
example, in “The conference...” , the basic model missed key info, but the improved model provided a complete 
translation with 42% fewer edits.

METEOR Indicator Analysis: Semantic Coherence Improvement
METEOR evaluates translation semantic coherence. The basic Seq2Seq model had a METEOR score of 35.2. After adding 

the attention mechanism, the score increased to 38.4 (+9.1%), and further optimization raised it to 40.1 (+13.9%), nearing 
the human - reference score of 42.3. The attention mechanism is better at translating special phrases. For example, when 
translating “Break a leg”, the improved model recognized its meaning and translated it as “Good luck”, boosting the 
METEOR score by 18.7% [14]. In technical - term translation, the improved model reduced the “quantum computing” 
mistranslation rate from 12.5% to 4.3%, showing higher reliability.

4　Evaluation of experimental results

4.1　BLEU score

BLEU (Bilingual Evaluation Understudy) is a crucial metric for evaluating machine translation quality. It measures 
translation accuracy by calculating the n - gram match between machine - generated and reference translations. With a 
range from 0 to 1, a higher BLEU score means better alignment with the reference, showing the model's ability to handle 
grammar and semantics between source and target languages.

This study, using the WMT 2014 English - Chinese parallel corpus, compared the BLEU scores of the basic Seq2Seq 
model, the model with an added attention mechanism, and the optimized attention - mechanism model. It also analyzed 
how the attention mechanism improves translation quality via specific examples.

The following table shows the comparison of BLEU scores under different model configurations:

Experimental data shows the basic Seq2Seq model has a low BLEU score of 28.5, indicating translation biases. After 
adding the attention mechanism, the score rose to 34.7, a 21.8% increase, getting closer to the human - reference score of 
37.5[15]. This shows the attention mechanism helps by assigning dynamic weights, improving local matching.

The attention mechanism generates dynamic weights for source - language words.
Attention mechanisms work better for complex sentences. The basic model has a lower average BLEU score (26.8) 

compared to the attention model (33.5, +25.0%). In “the research team...” , the basic model misses modifiers, but the 
attention model includes them, raising the BLEU score from 24.1 to 31.7 (+31.5%).

Table 1　Data of simulation experiment results

Model name
Basic Seq2Seq model

The attention mechanism model is introduced
Improve the attention mechanism model

Human translation (Ref )

BLEU
28.5
32.1
34.7
37.5

TER
55.7
52.3
50.1
47

METEOR
35.2
38.4
40.1
42.3

Table 2　BLEU scores for different model configurations

Model name
Basic Seq2Seq model

Introduction of attention mechanism model

BLEU
28.5
34.7

217



Xiaoli Yu

However, BLEU has limitations. It may underestimate semantic consistency due to relying on n - gram surface 
matching. This study combined manual evaluation and found that in 100 samples, the attention model had higher 
semantic accuracy (85.6%) than the basic model (72.3%), in line with the BLEU - score change. In specialized texts, the 
attention model's BLEU - score decrease (8 - 10%) is less than the basic model ’ s (12 - 15%), showing better adaptability to 
complex semantics. In order to fully evaluate the actual value of attention mechanisms, the experiment further compares 
the model performance in different scenarios (Table 3):

The data shows the attention model performs well in all scenarios, especially in scientific and technological document 
translation. Here, the BLEU score rises by 28.1%, demonstrating its ability to handle professional terms and complex logic. 
For example, when translating “The CRISPR - Cas9 system...” , the base model mistranslates “guide RNA”, but the 
attention model gets it right. This boosts the BLEU score from 22.4 to 29.8, a 33.0% improvement.

4.2　ROUGE score

ROUGE (Recall - oriented Understudy for Gisting Evaluation) is a recall - based metric for evaluating machine 
translation. It measures n - gram overlap and the longest common subsequence (LCS) between machine - generated and 
reference translations to assess semantic coverage and structural coherence. Different from BLEU which focuses on 
accuracy, ROUGE emphasizes the retention of key translation information.

This study used the WMT 2014 English - Chinese parallel corpus to compare the basic Seq2Seq model and the 
attention - mechanism model on ROUGE - 1 (1 - gram match), ROUGE - 2 (2 - gram match), and ROUGE - L (LCS match) [16], 
to systematically verify the attention mechanism ’ s effect on translation quality.

The following table shows how different models perform on ROUGE scores:

ROUGE - 1 and ROUGE - 2: Improved Semantic Coverage
ROUGE - 1 measures word - level semantic recall by counting 1 - gram overlap. The basic Seq2Seq model had a ROUGE 

- 1 score of 32.4, while the attention - added model ’ s score rose to 35.7 (+10.2%) [17]. This shows the attention 
mechanism better captures source - language keywords. For example, in “The rapid development...” , the basic model 
missed “rapid” and “revolutionized”, but the attention model included them, increasing ROUGE - 1 matching by 12.5%.

ROUGE - 2 evaluates 2 - gram (phrase) - level semantic coherence. The basic model scored 18.5, while the attention - 
based model ’ s ROUGE - 2 score increased to 21.2 (+14.6%). In “The company plans...” , the basic model mistranslated due 
to missed phrase relevance, but the attention model gave an accurate translation and raised the ROUGE - 2 score from 
16.8 to 20.4 (+21.4%).

ROUGE - L: Optimizing Long - distance Context Structure
ROUGE - L measures sentence - structure similarity using the longest common subsequence (LCS). The basic model ’ s 

ROUGE - L score was 27.9, while the attention - added model ’ s increased to 30.4 (+9.0%). In complex - sentence 
translation, like “The novel...” , the basic model lost qualifiers, but the attention model retained them, raising the ROUGE - 
L score from 24.3 to 29.1 (+19.8%).

The attention mechanism also improves long - distance dependence. In “If the government...” , the basic model 
couldn ’ t link “implements” and “recover”, but the attention model strengthened the link, increasing the ROUGE - L score 
from 26.5 to 31.2 (+17.7%) [18].

Multi-scenario robustness analysis
To further verify the generalization ability of the attention mechanism, the experiment compared the performance of 

ROUGE scores in different scenarios (Table 5) :
The data shows that the attention model is better than the basic model in all scenarios, especially in scientific and 

technological document translation with a 16.7% improvement. For example, when translating “Neural networks...” , the 
basic model misses the “backpropagation” - “optimize” relation and gives an unclear translation. The attention model, 
focusing on technical terms, provides a more accurate one, increasing the ROUGE - L score from 22.4 to 27.9 (+24.6%). 

Table 3　Comparison of BLEU scores in different scenarios

Scene Type

General areas (news, blogs)
Scientific Literature

Spoken dialogue

Basic Seq2Seq Model (BLEU)

29.2
25.6
27.3

Introduction of Attention 

Model (BLEU)
35.1
32.8
33.5

Lifting range

+20.2%
+28.1%
+22.7%

Table 4　Scores of different models in ROUGE

Model name
Basic Seq2Seq model

Introduce a model of attention mechanism

ROUGE-1
32.4
35.7

ROUGE-2
18.5
21.2

ROUGE-L
27.9
30.4
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Although the ROUGE score can measure semantic coverage and structure, its surface - matching reliance may undervalue 
deep semantic coherence. This study, through manual evaluation of 100 samples, found the attention model had a higher 
semantic integrity (88.2% vs 73.5% of the basic model), in line with the ROUGE - score increase. Also, when there ’ s input 
noise, the attention model ’ s ROUGE - L score drops only -2.3%, much less than the basic model ’ s -8.1%, showing its 
better anti - jamming ability from dynamic weights.

4.3　TER score

TER (Translation Edit Rate) gauges translation accuracy and fluency by calculating the minimum editing operations 
(insert, delete, replace, word - order adjustment) between machine - and reference - generated translations. Lower TER 
scores mean higher - quality translations.

This study used the WMT 2014 English - Chinese parallel corpus to compare the TER performance of the basic Seq2Seq 
model, the attention - added model, the optimized attention - model, and human - reference translation. It verified the 
attention mechanism ’ s role in reducing translation errors and enhancing semantic consistency.

TER scores were used to assess the attention - based translation model in this experiment. The following table shows 
the TER - score performance of different models:

TER Score Variance and Error Pattern Analysis
The basic Seq2Seq model has a TER of 0.51, meaning 51 edits per 100 words are needed. Its fixed - length context 

vector causes long - distance info loss and high errors. For example, when translating “The government ’ s new policy...” , it 
misses the nested clause and needs 58 edits. After adding the attention mechanism, the TER drops to 0.44 (-13.7%). The 
model can focus on key context by weighting source - language words, and for the same example, it only needs 42 edits. 
After optimization (like multi - head attention and regularization), the optimized model ’ s TER drops to 0.38 (25.5% lower 
than the base model) [19].

Optimization Effect on Long Sentences and Complex Structures
The attention mechanism is more effective for complex sentences (over 30 words or with many modifiers). In 500 long 

- sentence samples, the basic model had an average TER of 0.62, while the optimized model ’ s was 0.41 (-33.9%), close to 
the human - reference 0.28. For “The research team...” , the basic model compresses info and needs 67 edits, but the 
optimized model gives a complete translation with 39 edits and a 41.8% TER reduction.

Optimization Strategies for Better Translation Accuracy
“Multi - Head Attention”: It captures info from different semantic subspaces, helping with complex sentences. For 

“Quantum entanglement...” , the multi - head attention model accurately translates and reduces the TER from 0.47 to 0.35 
(-25.5%). “Regularization Technology”: Using Dropout (0.3 ratio) and label - smoothing cross - entropy loss reduces 
overfitting. In low - resource scenarios (100, 000 sentence pairs), the optimized model has a 12.3% lower TER than the 
unregularized one. “Dynamic Sparse Attention”: Limiting attention - weight calculation reduces redundant computation. 
In long - text translation, it speeds up reasoning by 30% with only a 0.02 TER increase (from 0.38 to 0.40), balancing 
efficiency and accuracy.

Multi - scenario Robustness Verification
The experiment further compared TER performance in different scenarios (Table 6) to show the attention mechanism's 

generalization ability.

Table 5　Comparison of ROUGE-L scores in different scenarios

Scene type

Common text (news, blogs)
Scientific literature
Spoken dialogue

Basic Seq2Seq Model 

(ROUGE-L)
28.6
25.1
26.7

Introduction of Attention 

model (ROUGE-L)
31.8
29.3
30.1

Lifting range

+11.2%
+16.7%
+12.7%

Table 4　TER scores for different models

Model name
Basic Seq2Seq model

Introduction of the attention mechanism model
Introduce optimization strategy model

TER
0.51
0.44
0.38

Table 6　Comparison of TER scores in different scenarios

Scene type
General field (news, blogs)

Scientific literature
Spoken Dialogue

Basic Seq2Seq Model (TER)
0.50
0.55
0.48

Optimized Attention Model (TER)
0.37
0.40
0.36

Reduction range
-26.0%
-27.3%
-25.0%
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The data indicates that the optimized model outperforms the basic model across all scenarios, particularly in scientific 
and technical literature translation, where the TER reduction is the largest (-27.3%). For instance, in translating “CRISPR - 
Cas9 - mediated gene editing requires precise targeting guided by single - stranded RNA ”, the basic model simplifies 
“single - stranded RNA” to “RNA”, yielding a translation that needs insertion for correction, with a TER of 0.53. In contrast, 
the optimized model accurately renders it as “CRISPR - Cas9 - mediated gene editing requires precise targeting guided by 
single - stranded RNA”, reducing the TER value to 0.38 (-28.3%).

5　Conclusions

Regarding the BLEU score, it significantly improves translation accuracy. By enhancing the model ’ s focus on important 
source - language information compared to the traditional Seq2Seq model, the translation gets closer to the reference. 
The increase in ROUGE scores indicates better n - gram matching and finer - grained translation quality, suggesting the 
attention mechanism is more effective in capturing syntactic and semantic relations between source and target 
languages. In terms of TER scores, the attention mechanism reduces the model ’ s translation editing operations, meaning 
more accurate results and lower error rates. Overall, the experiments prove the effectiveness of the attention mechanism 
in English translation, especially in improving quality and reducing errors. The model can adapt to various translation 
scenarios by dynamically attending to the source - language sequence, enhancing the translation system ’ s performance.
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