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In recent years, neural network-based approaches have revolutionized the field of machine translation (MT),
with Transformer models and their self-attention mechanisms becoming the dominant paradigm. This research
presents an improved neural network approach for English translation, focusing on refining output quality
and reducing redundancy through an enhanced self-attention mechanism. The Monarch Butterfly Optimized
Bidirectional Encoder Representations from Transformers with self-attention (MBO-BERT-SALtt) is a model
that dynamically weighs contextual information to produce fluent and lexically diverse translations while
minimizing repetitive elements. The research utilizes a 2000 -pair English-Japanese parallel translation dataset,
a large-scale bilingual corpus combining Japanese-English parallel texts. Data preprocessing includes normal-
ization and tokenization of long sentence pairs to improve model training efficiency. The model incorporates
a dynamic attention head weighting mechanism, which selectively prunes redundant heads during training
to optimize translation performance and computational resources. For evaluation, key metrics such as BLEU,
and METEOR are used to quantify translation accuracy, fluency, and redundancy reduction, respectively. The
Python implementation of the proposed approach achieves 97.4% recall, 98.5% accuracy, 96.6% F1-score, 70.5
BLEU, 67.6 METEOR, 1.0 s translation time, and 5.4% error rate. Human evaluation further confirms enhanced
readability and contextual coherence. This approach demonstrates that refining neural translation models
through targeted SAtt mechanisms and redundancy-aware training pipelines leads to more precise, natural, and
efficient English translations. The results highlight the potential of combining neural network advancements
with linguistic insights for next-generation MT systems capable of handling complex language phenomena such
as repetition.
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1. Introduction

Machine translation (MT) is the driving force behind many
aspects of how people communicate globally. Historically,
conventional algorithms tend to struggle with issues of
context, accuracy and repetition [1]. Neural networks com-
bined with attention mechanisms enhance language un-

derstanding, enabling more fluent, logical, and accurate
translations through improved contextual representation
and processing [2]. Whereas early rule-based and statistical
models required the use of large amounts of training data
to develop, this requirement has limited the scalability and
adaptability of these models [3]. Al-enabled MT has en-
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tered into the realm of education, significantly enhancing
the abilities of translators to be productive and efficient [4].
The need for multilingual communication is ever-growing
as the world continues to become more connected, while
at the same time, the use of Al raises ethical and cultural
questions [5]. Panoramic attention mechanisms and data
augmentation from both bilingual and monolingual lan-
guage corpora lead to further improvement of translation
quality, especially when processing longer sentences [6].
NMT has advanced global communication by replac-
ing traditional methods with deep learning models that
provide adaptable, context-aware translation while over-
coming grammar and data scarcity challenges [7]. Encoder-
decoder architectures improved semantic representation
and contextual understanding for translating complex and
lengthy texts [8]. Prompting strategies improve machine
translation by optimizing examples, templates, and trans-
fer learning using large language models [9]. Develops an
MBO-BERT-SAtt framework to improve translation accu-
racy, reduce redundancy, enhance contextual coherence,
and generate efficient translations for complex bilingual

sentence structures.

- Proposes an MBO-BERT-SAtt model improving
Japanese-English translation accuracy, contextual un-
derstanding, and redundancy reduction.

- Enhanced preprocessing improves input quality, fea-
ture stability, translation efficiency, and consistent out-
put through normalization and tokenization.

- Enhanced self-attention improves contextual rele-
vance, minimizes semantic redundancy, and dynami-
cally optimizes attention-head weights.

- Compares translation performance using BLEU, ME-
TEOR, and human evaluation of fluency, readability,
and contextual accuracy.

System organization: The system is organized into five
sections. Section 1 presents the introduction and research
motivation. Section 2 reviews related works and existing
translation techniques. Section 2 details the proposed MBO-
BERT-SAtt methodology. Section 3 provides experimental
results and discussion. Section 4 concludes the study and
highlights future research directions.

2. Materials and methods

Research analysis highlights translation advancements in
accuracy, semantics, and reliability, while identifying limita-
tions in datasets, computational costs, and cross-language

generalization challenges. Recent Transformer-based trans-
lation studies improved contextual representation, yet re-
dundancy reduction, adaptive attention weighting, and
semantic consistency remain challenging, motivating the
proposed MBO-BERT-SAtt framework. Existing transla-
tion methods improve representation but face limitations
in adaptive attention, redundancy reduction, and seman-
tic alignment, motivating the proposed MBO-BERT-SAtt
framework. Table 1 summarizes key MT studies, high-
lighting objectives, methods, results, and limitations across
translation approaches.

2.1. Research gap

The NMT has made advances with new models, but prob-
lems exist. For instance, a translation system that uses
ChatGPT has problems because it does not have access to
many languages and APIs [10]. A Multimodal MMNMT
system has difficulty aligning image and text, and small
datasets make it difficult to use [11]. CNN-NMT is not able
to translate idiomatic phrases or domain-specific text [12].
Low-resource DNNSs face limitations due to insufficient or
generated translation corpora availability [13]. MBO-BERT-
SAtt enhances translation robustness, semantics, and adapt-
ability through optimized attention-based learning. The
proposed MBO-BERT-SAtt framework introduces adaptive
MBO-driven attention-head optimization for redundancy-
aware contextual learning, improving semantic consistency
and translation quality beyond conventional hybrid mod-
els.

MBO-BERT-SAtt dynamically optimizes self-attention
weights using MBO to enhance translation quality, seman-
tic consistency, and contextual representation by suppress-
ing redundant heads and strengthening informative fea-
tures beyond conventional Transformer models.

Japanese-English corpus preparation includes prepro-
cessing with Z-score normalization, tokenization, and noise
removal for efficiency. Noise removal improves data qual-
ity by eliminating errors, while Z-score normalization en-
hances feature consistency, stability, transparency, and re-
producibility during training. BERT captures context, SAtt
refines attention, and MBO optimizes parameters for im-
proved translation, as shown in Fig. 1.

2.2. Data collection

The English-Japanese Parallel Translation dataset (Kaggle
dataset) contains 2,000 English-Japanese sentence pairs
with diverse features, enabling NMT evaluation of accu-
racy, fluency, and redundancy reduction using balanced
training, validation, and test splits. Adaptive preprocess-
ing, including normalization, noise removal, and subword
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Table 1. Highlights of key MT studies, including objectives, methodologies, datasets, performance results, and constraints

Ref. Objective Method

Results Limitations

[10] Evaluate ChatGPT transla- ChatGPT
tion performance

[11] Enhance multimodal Multimodal NMT
translation
[12] Handle long sentences Convolutional Neural
and improve robustness Network-based Machine
Translation (CNNMT)
[13] Evaluate English transla- DNN with linguistic feature in-

tion in low-resource lan- tegration
guages

[14]] Improve English transla- Hybrid
tion using an ML-DL hy- framework

Transformer-NMT

Standard NMT consistently Language restrictions, API con-

outperforms ChatGPT. straints, and reliance on bench-
marks.

Outperforms baseline meth- Dependence on image-text align-

ods. ment, small dataset size, and gen-
eralization issues.

Performance improved from Dataset dependency and reduced

47.9% to 89.7%. effectiveness for idiomatic text.

BLEU improvement of +3.97 Reliance on generated data and
(Ch-En) and +2.64 (Tib-Ch). domain-specific corpora.

Outperforms previous sys- High computational cost, large
tems. dataset requirements, and do-

brid main specificity.
[15] Enhance translation coher- Gradient-based = enhanced 96.1% recall, 97.2% accuracy, High computational cost and low
ence Double Deep Q-Network and 95.4% F1-score. efficiency on unusual texts.
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Fig. 1. The methodology flow diagram for English

translation

tokenization, improves bilingual data quality, consistency,
and model stability. Evaluation on English-Japanese sen-
tence pairs and WMT17 confirms the robustness, scalability,
and generalization capability of the proposed translation
framework.

2.3. Data preprocessing

Data preparation normalizes, tokenizes, and cleans inputs,
enabling faster MBO-BERT-SALtt training with accurate
translations.

Z-score normalization standardizes feature distributions,
preventing gradient skew and improving SAtt weight sta-
bility during training, as done using the formula given by

Eq. (1).

o =2_F (1)

Where v is the original feature value, y the mean, ¢
the standard deviation, and ¢’ is the standardized value,
improving stability, optimization, and translation quality

Tokenize using structured text for efficient processing
Tokenization structures text units, reducing noise and re-
dundancy while enhancing MBO-BERT-SAtt contextual
representation efficiency. MBO optimizes attention weights
through balanced exploration and exploitation, reducing
convergence issues and enhancing contextual representa-

tion learning.

2.4. MBO-BERT-SAtt to integrating strengths for supe-

rior translation

The MBO-BERT-SAtt model integrates MBO, enhanced
BERT, and refined self-attention to improve translation
quality, capture dependencies, enhance coherence, and re-
duce redundancy. The computational complexity analysis
quantifies training cost, inference efficiency, memory con-
sumption, and scalability, demonstrating that MBO inte-
gration introduces moderate optimization overhead while
maintaining efficient translation performance.
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2.4.1. Using BERT to Improve Contextual Understandings during
Translation

BERT provides contextual semantic representations
through pre-training and fine-tuning, while MBO opti-
mizes attention weights to improve alignment, reduce re-
dundancy, and generate accurate, coherent, and semanti-
cally consistent translations across diverse language sce-
narios. Self-attention (SAtt) for capturing dependencies for
improved translation

SAtt captures long-term dependencies, dynamically fo-
cusing linguistic features to improve translation accuracy
and quality. Redundant attention heads are identified
based on low contribution scores, and adaptive pruning
dynamically reduces their weights during training to im-
prove efficiency, reduce redundancy, and enhance contex-
tual representation quality. SAtt uses Query, Key, and Value
representations to evaluate token relationships and gener-
ate contextual representations. The attention function is
expressed in Eq. (2).

Attention(P, L, U) = soft max (P—LT) u ()
Ve

P - Query matrix for contextual relevance. L - Key ma-
trix provides positional characteristics. U - Value matrix
containing feature information. PLT : Projected language
traits that have been transposed. u : Value matrix contain-
ing contextual feature representations. Vector similarity is
measured using the dot-product (P, L, U).c; - Normalizer
prevents gradient magnitude explosions. Candidate solu-
tion populations guide neural parameter updates through
search-driven optimization, enabling adaptive weight ad-
justment, improved convergence stability, and enhanced
translation performance during iterative training optimiza-
tion cycles. Softmax stabilizes attention weights, while
adaptive SAtt refines token relationships, reduces redun-
dancy, and enhances contextual representations. Dynamic
attention weighting optimizes attention heads, enhancing
semantic representation, reducing redundancy, and im-
proving translation accuracy while efficiently capturing
long-range dependencies with scalability. Fig. 2 illustrates
enhanced SAtt reducing redundancy through dynamic
head weighting and attention-weighted output generation.
Eight SAtt heads capture syntactic and semantic links
for accurate translations. Standardized multihead attention
parameterization employs empirically selected attention
heads and embedding dimensions to ensure reproducibil-
ity, stable convergence, and consistent translation perfor-
mance across diverse linguistic domains. Residual connec-
tions, normalization, and masking ensure stable autoregres-
sive translation with improved contextual quality. MBO

self-Attention Matrix

ngXc

head

head X ng X
Ijnear IAnear

Fig. 2. The architectural flow of the increased SAtt system
with dynamic attention head weightings

maintains efficient translation with moderate overhead,
while adaptive decoding and attention pruning improve
domain terminology handling, efficiency, and contextual
representation quality.

2.4.2. MBO to optimize attention weights for efficiency

MBO optimizes self-attention by dynamically adjusting
attention-head weights, reducing contextual redundancy,
and dividing candidate solutions into two adaptive groups
for balanced exploration and optimization based on the
weights of attention into Land I and Land II in Eq. (3) and

Eq. (4).

LI = np™) x C(r x np) ®3)

LIl =np — np(l) = np(Z) 4)

np - is the ceiling function, C - attention-based weighting
coefficient r - random scaling control factor. LI - candidate
set assigned to Land I. LII - candidate set designated for
Land II. The bipopulation strategy introduces moderate
computational overhead while maintaining an effective
exploration-exploitation balance, improving optimization
stability and scalability for large-scale translation tasks.
The new population is updated by migration and recombi-
nation mechanisms in Eq. (5).

W = Wgypr=cxd (5)

W]T I'H Represents the candidate’s updated weight.
WRM Is the neighbor’s reference weight, r Is the migra-
tion ratio. Updates candidate weights using neighbor in-
fluence and adaptive randomization for optimization. Con-
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trolled Lévy-flight updates regulate stochastic perturba-
tions through adaptive step-size adjustment, improving
optimization stability, reducing variability, and ensuring re-
producible convergence across repeated optimization runs.
Fig. 3 illustrates MBO initialization, cost evaluation, migra-
tion, and Lévy-flight updates, optimizing attention weights
to produce cohesive, fluent, and semantically accurate En-
glish translations.

Initialize Population np Divide Cost by Attention Weig-
Start —>  (Attention Weight ~—> LI=np® x D(r x np)LI =
Candidate) np —np®

Apply Migration to Land [
L]
W(,D" = WR)"

I

Migration to Land
HWQ,NT = XR)T

|

Random Selection
for Divers-

W(,D"=W(Q)"

Ladtal My iriretation

i

No Criteria

Satisfied

Yes imi;
Levy Flight Perturbation i Gzl

AW = Levy (W) Attention Weights
WQ,DT +b.dWw+12 l
a = MWS/T?

End

Fig. 3. The flowchart for the MBO method, which
optimizes attention weights

The MBO-BERT-SAtt framework combines BERT, self-
attention, and MBO to improve translation quality, while
lightweight pruning reduces computational cost and sup-
ports efficient real-time translation. Generates fluent, ac-
curate translations with contextual coherence, preserved
meaning, improved readability, and minimal repetitive
phrases.

MBO-BERT-SAtt integrates preprocessing, BERT, self-
attention, and MBO optimization to enhance translation
quality and reduce redundancy.

3. Results and discussion

This section discusses the results of proposed vs existing
methods for neural network technology in refining En-
glish translation and reducing redundancy through the
SAtt mechanism.

3.1. System configuration

The MBO-BERT-SAtt model was implemented in Python
using PyTorch, Transformers, and GPU support, with pre-
processing and MBO optimization ensuring stable and effi-
cient training. Hyperparameters for BERT fine-tuning and

Algorithm 1. MBO-BERT-SAtt Translation Framework

Require: Dataset D and number of iterations T
Ensure: Final translated output
1: Step 1: Initialize MBO-BERT-SA(tt
2: Initialize BERTyogel, attention heads, and MBO population with random
weights
: Step 2: BERT Encoding
: Model < BERT noqdel
: Step 3: Self-Attention
: function SELEATTENTION(P, L, U, ¢)
scores < PLT/./cf
weights < softmax(scores)
return weightsU
10: Step 4: MBO Optimization
11: function MBOOPTIMIZE(population, T)
12: fort =1to T do

© N QU W

13: (Ly, Lyp) < SplitPopulation(population)

14: population <— Migrate(Ly, Lj;)

15: population <— Recombine(population)

16: population <+ LevyFlightUpdate(population, t)
17: population « Elitism(population)

18:  return Best(population)

19: Step 5: MBO-BERT-SAtt Training

20: function TRAIN(D)

21: data < Preprocess(D)

22: contextual_emb <— BERT04e1-Encode(data)

23: for each attention head / do

24: SA}, < SELFATTENTION(Dy, Ly, Uy, ¢ 1)

25: optimized_weights <— MBOOPTIMIZE(MBO_population, 50)
26: Apply optimized weights to attention heads

27: final_output < TranslationDecoder(SA)

28: return final_output

MBO were selected through empirical tuning and valida-
tion experiments to achieve stable convergence, improved
translation performance, and experimental reproducibility.

3.2. Comprehensive Model Evaluation

MBO-BERT-SAtt performance is analyzed using Fig. 4,
Fig. 5 and Fig. 6 demonstrating consistent quality, low re-
dundancy, and domain adaptability.

Visualization results demonstrate reduced attention re-
dundancy and improved contextual focus, where adaptive
head weighting enhances meaningful token interactions
across varying sentence structures, improving semantic
consistency and translation quality in diverse linguistic
scenarios.

3.3. Performance evaluation

This section compares proposed and existing methods, in-
cluding SMT, NMT, Transformer-based NMT, Hybrid RL
[14], and GB-EDDQN approaches [15], using multiple eval-
uation metrics. Three bilingual English-Japanese experts
independently evaluated translations for fluency, adequacy,
semantic accuracy, and readability using a five-point Likert
scale.

Human evaluation involves expert bilingual evaluators
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Table 2. Human Evaluation Methodology and Assessment Criteria

Parameter

Description

Number of Evaluators
Evaluation Criteria
Scoring Protocol
Final Score
Inter-rater Reliability

3 bilingual English-Japanese translation experts
Fluency, Adequacy, Semantic Accuracy, Overall Readability
Independent evaluation using a 5-point Likert scale (1 = Poor, 5 = Excellent)
Average of all evaluator ratings

Fleiss’ Kappa

Radar Visualization

1.0

0.8

0.6

Values

0.4

02

0.0 1

sentence_length redundancy_score contextual_complexity translation_quality

Metrics

Fig. 4. Parallel coordinates visualization was built to
correlate translation metrics with domain-specific
linguistic behavior

using structured scoring criteria for fluency, adequacy, and
meaning preservation, supported by inter-rater agreement
measures to ensure reliability and consistency of assess-
ments, as shown in Table 2.

Table 3 compares the proposed MBO-BERT-SAtt frame-
work with Transformer-based models on the WMT17
benchmark. The proposed model achieves the highest
BLEU, METEOR, and Accuracy, demonstrating superior
translation performance and generalization.

Table 4 presents five independent experimental runs of
the proposed MBO-BERT-SAtt framework. The consistent
mean and low standard deviation confirm its robustness,
stability, and reproducibility across experiments.

Table 5 presents statistical metrics with low deviations
and narrow confidence intervals, confirming stable, con-
sistent, robust, and reliable performance of the proposed
framework.

Table 6 presents the statistical significance of the ablation
study. Significant p-values and large effect sizes confirm the
contribution of each component to the overall performance.

Table 7 presents the ablation study of the proposed
framework. Incrementally adding BERT, Self-Attention,

and MBO consistently improves translation accuracy and
redundancy reduction, demonstrating each component’s
contribution.

Table 8 presents the statistical significance of perfor-
mance improvements over baseline models. Low p -values
and large effect sizes confirm that the observed gains are
statistically significant.

4. Metrics explanation

Precision and recall evaluate translation correctness and
coverage, while Fig. 5, Fig. 6 and Fig. 7 and Table 9
show that the MBO-BERT-SAtt model achieves 70.5 BLEU,
67.6 METEOR, 1.0 s translation time, and 5.4% error rate,
demonstrating accurate and efficient translation. Accuracy,
Recall, and F1-score complement BLEU and METEOR by
evaluating translation correctness, semantic preservation,
and overall prediction consistency within the proposed
machine translation framework

80

B BLEU Score
70| ™ METEOR Score o s

60

Values
£ n
= =4

[
S

20

MBO-BERT-SAtt
(Proposed)

Statistical Neural Transformer-based Hybrid
MT |14 MT [14] NMT |14] Model [14]
Methods

Fig. 5. The BLEU and METEOR values for the proposed
methods

Table 10 demonstrates that MBO-BERT-SAtt outper-
forms GB-EDDQN with higher recall, accuracy, and F1-
score, improving contextual dependency learning and
translation performance. Multi-metric evaluation com-
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Table 3. Performance Comparison on the WMT17 Japanese-English Benchmark

Model BLEU METEOR  Accuracy (%)
Transformer-base 386+£12 352411 87.4+0.8
Transformer-big 428+1.0 391+09 89.24+0.7
Hybrid Model [14] 492+09 45.6+038 92.8 +0.5

MBO-BERT-SAtt (Proposed) 53.7+0.7 49.8+0.6 95.1+04

Table 4. Results from Five Independent Experimental Runs

Run BLEU METEOR  Accuracy (%) Recall (%)
1 69.8 66.9 98.2 97.1
2 70.3 67.4 98.4 97.3
3 71.1 68 98.7 97.6
4 70.4 67.5 98.5 97.5
5 70.9 68.2 98.6 97.5

Mean+SD 705+05 67.6+05 98.5+0.2 974 +0.2

Table 5. Statistical Robustness Analysis of the Proposed MBO-BERT-SAtt Framework

Metric Mean SD  95% Confidence Interval
BLEU 70.5 0.5 69.88-71.12
METEOR 67.6 0.5 66.98-68.22
Accuracy (%) 985  0.19 98.26-98.74
Recall (%) 974  0.21 97.14-97.66

2{ [T Translation Time (s) 70
25§ 3 —— Error Rate (%) 20
25
18 65
20 <4 16
‘\ 2 60
5 7% e S
3 14 2 »n
31 ‘ n? =55
1 152 =
1 =)
1.0 \ 10 Q —— GA
) 50 —=— PSO
‘ \ —— GWO
05 ‘ 2 /
\\ 6 45 I :)’:)A
% e . —k— MBO (Proposed)
Statistical MT Neural MT  Transformer-based Hybrid Model ~MBO-BERT-SAtt 40
(SMT) |14] (NMT) [14] NMT [14] 14] [Proposed] 0 20 40 60 80 100
Methods Iterations
Fig. 6. The Translation Time and Error Rate values for the Fig. 7. Convergence Analysis of MBO and Metaheuristics

proposed methods

4.1. Discussion

bined with human-in-the-loop assessment improves relia- The hybrid ML-DL framework for translations requires

bility by capturing both quantitative performance and qual- a large number of computational resources, and it needs

itative semantic accuracy, enabling robust and business- large datasets too. Since the framework is built in such

relevant translation validation. a way that the models may perform poorly on very
domain- and context-specific, rarely seen, or confusing

Fig. 7 compares MBO with GA, PSO, GWO, WOA, and texts [14]. MBO-BERT-SAtt enhances rare vocabulary trans-
DE, showing faster convergence and higher BLEU scores, lation through optimized attention despite the computa-
demonstrating superior optimization efficiency for transla- tional demands of neural models. BLEU and METEOR as-

tion tasks. sess translation quality, while evaluations on 2,000 English-
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Table 6. Statistical Significance Analysis of the Ablation Study

Comparison BLEU Gain Accuracy Gain (%) p-value Cohen’sd Significant
BERT Only vs. Full Model 12.3 4.2 < 0.001 2.74 Yes
BERT + Self-Attention vs. Full Model 57 2.4 0.003 1.59 Yes
BERT + MBO vs. Full Model 8.0 3.1 0.001 1.97 Yes

Table 7. Ablation Study of the Proposed MBO-BERT-SAtt Framework

Model Configuration BERT Self-Attention

MBO Translation Accuracy (%)

Redundancy Reduction (%)

Baseline X X
Baseline + BERT v X
Baseline + BERT + Self-Attention v v
MBO-BERT-SAtt (Proposed) v v

X

X
X
v

89.41 82.17
92.08 86.34
94.63 90.27
97.84 95.62

Table 8. Statistical Significance Analysis of Performance Improvements

Comparison BLEU Difference METEOR Difference p-value Cohen’sd Significant
Hybrid vs Proposed 7.4 8.7 <0.001 2.31 Yes
GB-EDDQN vs Proposed 3.7 5.3 0.002 1.68 Yes
Transformer vs Proposed 29.3 29.1 <0.001 4.15 Yes

Table 9. MBO-BERT-SAtt considerably improves translation accuracy and efficiency compared to benchmarks

Model BLEU METEOR Translation Error Rate
Score Score Time (s) (%)
Statistical MT (SMT) [14] 325 29.8 2.5 21.3
Neural MT (NMT) [14] 48.2 425 1.8 15.7
Transformer-based NMT [14] 55.7 50.3 14 10.9
Hybrid Model [14] 63.1 58.9 1.2 7.2
MBO-BERT-SAtt [Proposed] 70.5 67.6 1.0 54

Table 10. The proposed model outperforms GB-EDDQN in all performance criteria

Methods Recall (%) Accuracy (%) Fl-score(%)
GB-EDDQN [15] 96.1 97.2 954
MBO-BERT-SALtt [Proposed] 97.4 98.5 96.6

Japanese pairs and WMT17 demonstrate generalization.
Future multilingual testing with pretrained models, tok-
enization, and fine-tuning will enhance robustness, scala-

bility, and adaptability and reduce overfitting risks.

5. Conclusion

To improve the English translation of the model, re-
searchers developed an MAO-BERT-SAtt hybrid ML/DL
framework that aims to address the issues faced by ex-
isting MT systems when translating text from a specific
domain or with ambiguous meanings that do not have
many resources available in binary representation. Most
current ML-based MT systems, e.g., statistical MT, Neu-
ral MT, Transformer-based NMT, Hybrid Model [14], and
GB-EDDON [15], require much greater computational re-
sources and a considerable quantity of large datasets, and

frequently yield lower performance rates for words that
are rarely seen in the context of an extremely ambiguous or
context-sensitive sentence. To provide a solution to these
problems, the MBO-BERT-SAtt uses a combination of the
BERT attention mechanism together with MBO to provide a
stronger level of comprehension of context with much less
reliance on immense datasets. Results from an experimen-
tal evaluation of the performance of the MBO-BERT-SALtt
were excellent. With recall, accuracy, and F1-score values
of 97.4%, 98.5%, and 96.6%, respectively, it exceeded that of
the baseline models and provided for improved computa-
tional efficiencies. MBO-BERT-SAtt requires further adap-
tation for low-resource and specialized domains. Future
improvements focus on real-time translation optimization,
support for morphologically rich languages, and adaptive
learning integration to handle evolving vocabulary, con-
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textual meanings, and complex translation requirements
across diverse linguistic environments. Collectively, the
MBO-BERT-SAtt has the potential to be an effective, effi-
cient, and cost-effective MT tool that could help fill the
voids left by previous MT resources.
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