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Artificial intelligence (AI)-based English translation systems using large language models enhance translation
accuracy but rely heavily on large datasets, making them prone to bias and challenges in handling subtle
linguistic contexts. This study incorporates advanced Al techniques to improve the precision, accuracy, and
overall performance of English translation systems in addressing linguistic issues. A Scalable Sailfish-tuned
Adaptive Gated Recurrent Unit (55-AGRU) model is proposed to maximize translation accuracy while improv-
ing adaptability and efficiency. The dataset consists of multilingual parallel data containing diverse sentence
structures, idiomatic expressions, and domain-specific content to enable robust model training. Preprocessing
includes handling missing data, stopword removal, and tokenization to normalize text. Word2Vec is employed
to capture semantic relationships, while TE-IDF highlights term importance, enhancing input quality and model
performance. The proposed approach integrates AGRU with an optimized Scalable Sailfish (SS) algorithm,
improving sequence processing, contextual understanding, parameter optimization, and computational effi-
ciency. Experimental results demonstrate strong performance, achieving a BLEU score of 50.12, translation time
of 38.7 minutes, low TER of 0.337, and WER of 8.89. The SS-AGRU model outperforms baseline methods in
translation accuracy, contextual comprehension, and computational efficiency. Overall, combining SS-AGRU
with the optimized SS algorithm significantly enhances accuracy, flexibility, and computational performance in
Al-based language translation systems.
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1. Introduction

Neural network-based machine translation models are
increasingly replacing human translators by effectively
handling complex, high-dimensional multilingual data
[1]. Conventional translation methods struggle with low-
resource, on-demand tasks due to linguistic complexity,
including varied sentence structures and idiomatic expres-
sions, resulting in reduced accuracy [2]. Recent models like
GPT-3 leverage large datasets and self-attention to capture
long-range dependencies, enabling accurate, human-like
text generation and translation [3].

Multilingual translation systems of large scale are being

developed to develop universal models to run several lan-
guages with one model [4]. This saves on engineering work
and improves performance over conventional bilingual
models [5]. Bilingual terminology alignment and cross-
lingual representation remain challenging, addressed by
multi-level feature fusion using Transformer and BiLSTM
to improve semantic alignment and translation accuracy
[6]. Al-enhanced translation tools enhance coherence and
are able to reduce errors which are also making transla-
tion overall better [7]. This research uniquely integrates
SSA with AGRU, where SSA enhances hyperparameter
optimization through improved exploration-exploitation
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Fig. 1. Al-based English translation workflow with
multi-modal inputs and processing stages

balance, outperforming traditional methods like GA and
PSO to achieve better translation accuracy and efficiency.
Fig. 1 illustrates an Al-powered English translation system
that accepts text, audio, image and video inputs.

1.1. Study Objective

Objective of this research is to improve accuracy and flu-
ency of English translation system by applying advanced
Al techniques. It leverages LLM models to improve per-
formance and address linguistic complexities. Scalable
Sailfish-tuned Adaptable Gated Recurrent Unit method
is employed to successfully improve translation accuracy.
This research is highly effective because they can learn
complex patterns in datasets and improve translation by
understanding context, grammar and nuances in the source
language.

1.2. Key contributions

Key insights of this research are as follows:

* To collect data based on multilingual parallel corpora,
featuring diverse sentence structures, idiomatic ex-
pressions and domain-specific content.

To apply a preprocessing method that involved han-
dling missing data, stop word removal, and tokeniza-
tion to standardize text.

To determine which are the important features of the
received data by using Word2Vec and TF-IDF.

To perform the recognition method utilizing GRU (SS-
AGRU) toimprove translation accuracy and increase
translation task performance.

1.3. Paper Organization

The relevant studies are outlined in Section 2. Section 3
then discusses methodologies, research design and data
collection. Section 4 reveals the results. Section 5 discusses
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the conclusion, including its limits and potential future
applications.

2. Related work

This work evaluates and compares NMT and LLM transla-
tion performance using metrics like BLEU, CHRF, and TER
across different token sizes, directions, and language pairs
[8]. Translation systems have evolved from rule-based to
neural approaches, leading to LLM-based online English
translation methods [9].

The language training model, which improved the trans-
lation performance’s capacity for semantic understanding,
was introduced [10] using the random shielding technique.
Transfer learning enhances machine translation by improv-
ing transformer-based word alignment using corpus op-
timization, enabling flexible and accurate sentence con-
version [11]. On-demand translation faced word choice
accuracy issues, addressed by combining fuzzy decision
algorithms with deep learning, while recent advances in
LLMs further enhance translation quality and comprehen-
sion [12] to handle translation tasks more effectively than
NMT. According to the results, all of the chosen systems
generally translate non-literary texts better, and the trans-
lation quality of these LLMs was not appreciably better
than that of the NMT system. LLMs improve translation
quality through better context understanding and mul-
tilingual support, but face scalability challenges due to
high computational and data requirements. GRUs handle
sequential data more efficiently than LSTMs on smaller
datasets and are widely used in industry-level machine
translation models [13] using the English-German data-set
of WMT2021, which initially consisted of more strings from
German news with parallel English translations. Using
the quaternion cluster in the updated systems technique,
phrase antecedent and postscript probability were com-
puted. Integration of parallel English-Chinese corpora into
the semantic recognition system using semantic analysis
was performed [14]. Grammar, superficial and deep se-
mantic labeling were used in a Chinese-English translation
system, while an Al-based framework using ML models
like Gaussian Naive Bayes, Decision Tree, and Random
Forest was developed to improve investigative prediction
accuracy [15].

2.1. Research Gaps

Significant progress has been made in Al-based English
translation models, but challenges remain in adapting large
language models to real-time, in-context learning, partic-
ularly for complex languages like English and Chinese.
LLMs are great for adapting to domain-specific terms, but



Journal of Applied Science and Engineering 35 (2026) 26035044 3

often struggle with specialized translation needs for id-
iomatic or nonliterary texts. While combining Al with
human expertise can boost efficiency, finding the right bal-
ance between automation and human input is still unclear.
These issues highlight the need for more flexible models
to handle diverse linguistic challenges and deliver high-
quality translations. To address these challenges, proposed
S5-AGRU model aims to optimize translation accuracy and
improve model adaptability and efficiency.
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Fig. 2. Proposed SS-AGRU translation system with
preprocessing, feature extraction, and SSA optimization

3. Methodology

A brief explanation of processes comprised in this research
is provided in this section to compute the overall efficiency
of English translation system using Al By employing SS-
AGRU, enhanced model flexibility, translation accuracy,
and translation task performance are provided. Fig. 2 rep-
resents the steps involved in the proposed approach.

3.1. Dataset Description

The dataset known as Chinese-English Parallel Corpus
Data is utilized for analysis of English translation perfor-
mance. It was collected from a publicly available platform
called Kaggle [16]. This dataset provides parallel sentence
pairs for Chinese and English, enabling effective training
and evaluation of translation models. Language translation
studies, cultural research, and natural language processing
(NLP) tasks widely utilize such parallel corpora.

3.2. Data preprocessing

Preprocessing is an essential step that cleans, transforms,
and integrates raw data using techniques like missing data
handling, stop word removal, and tokenization to improve
DL-based translation quality.

¢ Handling Missing Data: Missing data patterns repre-
sent the values that are absent in an input data set. In
this method, any rows or columns that contain missing
values are removed from the dataset.

¢ Stop Words Removal: Common words like conjunc-
tions, and articles, are eliminated from the list of to-
kens in the subsequent text pre-processing step. The

following are the outcome of using the stop word re-
moval procedure on the aforementioned equation (1).

filtered oens = ( example, tokenization ) 1)

where token lists eliminated from the stop words. Elim-
inating stop words makes the vocabulary smaller, which
speeds up computation. Despite the potential influence
of the stop words elimination process on sequence-related
information in case of machine translations, this step is con-
ducted sparingly. Its influence on the resulting translation
output is limited due to the preservation of context-relevant

terms.

¢ Tokenization: Tokenization is a key preprocessing step
in text classification that directly impacts model perfor-
mance by converting text into tokens while removing
blank or whitespaceonly data before processing. The
term frequency (TF) of a term f in a document d is
calculated as, equation (2) is utilized.

fra
TF(t,d) = ' @)
(t) max (fy 4)
where f; ; denotes the frequency of term ¢t in document

d, and max (fy 4) represents the maximum frequency of
any term in the same document.

Tokenization can be done in various ways, such as word-
level tokenization, subword tokenization, and multilingual
techniques like BPE (Byte-Pair Encoding) and Sentence
Piece. Subword tokenization is especially useful for mul-
tilingual translation because it deals effectively with rare
words.

3.3. Feature Extraction

Feature extraction in an English translation model is ap-
plied to the process of identifying and selecting relevant
information from the input data that the model uses to
generate accurate translations in the target language. This
research involves word2vec and TF-IDF.

* Word2Vec: Word2Vec uses Skip-gram to represent
words as vectors capturing semantic and syntactic re-
lationships, with parameters like window size 5 and
embedding dimension 100 to balance efficiency and
translation accuracy.

¢ Inverse Document Frequency-Term Frequency: TF-
IDF measures word importance by combining term
frequency and inverse document frequency, giving
lower weight to common words like "the" while assign-
ing higher weight to rare, informative terms, though
it struggles to capture semantic relationships in multi-
lingual contexts.



Word2Vec and TF-IDF features are integrated to lever-
age both semantic and statistical representations of text.
Specifically, TF-IDF weights are applied to the correspond-
ing Word2Vec embeddings to emphasize important terms.

3.4. Proposed Scalable Sailfish Algorithm-tuned Adapt-
able Gated Recurrent Unit (SS-AGRU)

SSA, inspired by sailfish hunting behavior, is used for hy-

perparameter optimization in ML models like AGRU, com-

plementing AGRU'’s role in sequence-based tasks such as

language translation by efficiently exploring and selecting

g

optimal parameter sets.
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Fig. 3. Enlarged and clearly formatted structure of the
AGRU model showing update and reset gates with hidden
state transitions

3.4.1. Adaptable Gated Recurrent Unit (AGRU)

AGRU is a sequential learning model that integrates up-
date and reset gates with an attention mechanism, where
attention weights are computed using the previous input
and current hidden state to improve context understanding
in language processing tasks. The AGRU model’s structure
is shown in Fig. 3. In particular, it is possible to calculate
an attention weight by using equation (4).

AGRU's attention mechanism helps improve contextual
awareness by placing importance scores on relevant input
sequences. This feature allows the network to emphasize
critical words in the process of translating texts into their
desired form.

The ability of the AGRU network to learn long-range de-
pendencies is facilitated by the gating process in the recur-
rent cells, which controls the movement of information be-
tween different timesteps. Different from the transformer-
based networks that depend on positional encoding to
learn sequence information, the AGRU network maintains
the order of information via its hidden state in equation (3).

ys = 0 (Xy [ws, gs-1] +ay) 3)
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The attention weights are calculated for each time step
using a softmax calculation based on the alignment scores
that represent the relevance between the input being pro-
cessed and the previous hidden states. This gives the ability
to pay more attention to relevant tokens during the transla-
tion process.

Where, X, denotes ay, is the update gate bias and weight
of the update gate bias where o represents the sigmoid
function in equation (4).

gs = tang (Xg [ws, gs © gs—1] + ag) )

Here, tan ® is the function of the hyperbolic tangent,
Xz indicates the weights of the update candidates, g sym-
bolizes the bias of the update candidate value in equation

).

8 =YsO g1+ (1—ys) ©Fs ©)

Here, ys has the ability to regulate how much informa-
tion is ¢s based on the state that is hidden gs symbolizes
and g,_1 reset gate of the prior time and the candidate state
at time s. The hidden state update in the AGRU model is
computed as, ReLU explain in equation (6).

he =zt @h_q + (1—z) © by (6)

where h; is the current hidden state, /1;_; is the previ-
ous hidden state, z; is the update gate, Iy is the candidate
hidden state, and © denotes element-wise multiplication.

3.4.2. Scalable Sailfish Algorithm (SSA)

SSA is a nature-inspired metaheuristic optimization algo-
rithm that enhances global search and exploration diver-
sity, improves LLM-based English translation accuracy, and
avoids local minima issues compared to PSO and Genetic
Algorithms.

¢ Initialization of the location of the sardine and sailfish
populations: Finding the sardines and sailfish in the
search space is crucial for the population is created at
random in the solution space.

Elite selection method: Elites are known to attack sar-
dines and cause significant harm to them, making
them the least fit members of the sardine population.

Alternate strategy for attack: Sailfish behavior of hunt-
ing involves adjusting one’s posture based on where
other sailfish are in relation to sardines. The sailfish
position update formula is shown by equation (7).
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(s) _ yw(s—1) (s=1)
Wj - Welite - /\j
(s—1) . (s—1)
< [ rand x Welite Winjured . W{s—l)
2 j
)
Where, Wi(rfj;rl e> 4 represents the sardine that suffered se-

vere injuries in the s — 1 iteration, Wj(sfl) is the jy, sailfish

. . . (s—1)
in the s — 1 iteration. Welite

is the top-tier sailfish in the
s — 1 iteration.

e Evasion Method: In each iteration, sardines will evalu-
ate the position and attack power of the elite sailfish
and modify their positioning to evade the sailfish’s
pursuit. It is expressed by equation (8).

elite j

E;(S) = rand X (W(S_l) VA R(S_l)) ®)
RED =Bx (1-(2x(s—1) x &)

Here, E' ](.s> jin is the iy, sardine of s — 1 iteration, E’](.S)
is the repetition of sardine and RE=D shows how strong
a sailfish’s assault is in the s — 1 iteration, B and ¢ are

measures of assault strength.

¢ Hunting Method: The position of the captured sardine
is replaced with the sailfish when the sardine’s fitness
is lower than the sailfishes, as expressed in equation

©).

Wj(S) - W]{(S) i E (Wj(5)> > F (WJ{(S)> 9)

Where Wi(s) jin is the sailfish’s location within the s iter-

ation and Wj(s)z'th represents the sardine’s location in the s
iteration.

* Weight inertia: SSA’s alternating attack and pur-
sue procedure incorporates weight inertia, which en-
hances the ability of sardines and sailfish to hunt lo-
cally.

¢ Global search formula: To improve the algorithm’s
global search performance and prevent the SSA from
drifting toward local optimization.

¢ Levy flight Method: The Levy flight method, a random
search strategy that makes use of the Levy distribution,
broadens the diversity of the algorithm population.

SS-AGRU improves translation accuracy and efficiency
by using SSFO/SSA to optimize AGRU hyperparameters
such as learning rate, sequence length, and dropout rate

through iterative evaluation, enabling adaptive real-time
learning and reduced translation time. The optimized val-
ues of the hyperparameters are used during each iteration
of the optimization process and updated by SSA before
AGRU training. These parameters are introduced into the
training process before testing the model, as shown in Ta-
ble 1.

Table 1. Hyperparameter ranges used in the proposed
SS-AGRU model

Hyperparameter Range
Learning Rate 0.001-0.01
Sequence Length 100-1000
Number of Epochs 20-50
Iteration 1000-10000
Dropout Rate 0.2-0.5
Hidden State Size 64-256
Embedding Dimension 50-300

SSA optimization also tunes AGRU hyperparameters
such as hidden units and embedding dimensionality to ex-
pand the search space and improve accuracy, while keeping
the learning rate between 0.001 and 0.01 to ensure stable
convergence, faster training, and efficient translation per-
formance.

The pseudocode is structured to clearly represent ini-
tialization, fitness evaluation, iterative optimization, and
convergence steps to ensure consistency between theoreti-
cal formulation and implementation. The procedures and
techniques used in the suggested SS-AGRU for improving
the English translation systems using Al isdeliberated in
Algorithm 1.

4. Results and discussion

This section delivers the outcomes procured by the pro-
posed SS-AGRU model implemented in improving En-
glish translation performance. Certain performance met-
rics are involved to evaluate the performance and are also
discussed. Further, comparative analysis is provided to
compute the effectiveness of the proposed with other state-
of-art methods.

4.1. Experimental Setup

The system described is equipped with an Intel i7 CPU,
offering strong multi-core performance and making it well-
suited for demanding computation tasks with 16 GB of
RAM, and NVIDIA GTX 1050i GPU are the components of
a computer system environment that uses Python to per-
form its operations. The system utilizes CUDA support
(version 11.x) for GPU acceleration to improve training effi-
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Algorithm 1. SS-AGRU for Improving the English Translation Systems

Step 1: Define AGRU Model

def AGRU(input_sequence, hidden_state, weights, biases):
update_gate = sigmoid(weights['update’] @ [input_sequence, hidden_state] + biases[ update’])
candidate_state = tanh(weights['candidate’] @ [input_sequence, update_gate * hidden_state]

+ biases[’candidate’])

hidden_state = update_gate * hidden_state + (1 - update_gate) * candidate_state

return hidden_state

Step 2: Initialize SSA parameters

def initialize_SSA_population(n_sailfish, n_sardines, dims):
sailfish_population = random_initialize(n_sailfish, dims) # Random initialization for sailfish
sardine_population = random_initialize(n_sardines, dims) # Random initialization for sardines
return sailfish_population, sardine_population

Step 3: Evaluate fitness of each population

def evaluate_fitness(population, AGRU_model, data):

fitness_scores = []
for individual in population:

# Use the individual’s position (hyperparameters) to tune the AGRU model
hyperparameters = map_to_hyperparameters(individual)
AGRU_model.set_hyperparameters(hyperparameters)

performance = AGRU_model.evaluate(data) # Evaluate the model’s performance
fitness_scores.append(performance)

return fitness_scores

Step 4: SSA Main Loop

def SSA_AGRU_optimization(data, n_sailfish, n_sardines, dims, max_iterations):

Initialize populations

sailfish_population, sardine_population = initialize_SSA_population(n_sailfish, n_sardines, dims)

Evaluate initial fitness

sailfish_fitness = evaluate_fitness(sailfish_population, AGRU, data)
sardine_fitness = evaluate_fitness(sardine_population, AGRU, data)
Return the best hyperparameters from the elite sailfish after optimization

best_hyperparameters = elite_sailfish
return best_hyperparameters

Set the AGRU model with the best hyperparameters found by SSA
AGRU_model.set_hyperparameters(best_hyperparameters)

AGRU_model.train(data)
End

ciency. A batch size of 32 is used to balance memory usage
and computational performance during model training.

The current study utilizes a Chinese-English parallel
corpus, future work will incorporate multiple multilingual
datasets to further validate the generalization capability of
the proposed model across diverse language pairs.

4.2. Experimental Outcomes

Performance is evaluated using BLEU for translation qual-
ity (higher is better), TER and WER for error measurement
(lower is better), and translation time, collectively assessing
the efficiency and accuracy of machine translation outputs.
These metrics are tabulated in Table 2.

As inferred from the table, proposed SS-AGRU produces
BLEU (50.12), translation time (38.7 min), TER (0.337) and
WER (8.89). This demonstrates that the proposed model

procures high performance and improves the English trans-
lation accuracy.

The proposed SS-AGRU framework is also compared
theoretically to the architecture that uses transformers.
Transformers make use of self-attention and position em-
beddings to perform sequence modeling tasks. However,
despite their high level of effectiveness, transformer mod-
els have some limitations in terms of the required amount
of computational power and time to train. Comparative
analysis based on existing studies such as bidirectional
recurrent neural networks (Bi-RNN) [17], LSTM [17], con-
volutional neural network (CNN) [17]and GRU [17] and
the proposed SS-AGRU is implemented. Thus, the follow-
ing discussion is held regarding the outcomes generated
by each approach depending on evaluation variables. Ta-
ble 3 indicates the BLEU and translation time outcomes
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Table 2. Outcomes of Proposed Model

Metrics

BLEU Translation Time (min)

TER  WER

SS-AGRU [Proposed]  50.12

38.7 0337  8.89

Table 3. Outcomes of BLEU and Translation Time

Method GRU [17] CNN[17] LSTM[17] Bi-RNN[17] SSA-AGRU [Proposed]
BLEU 0.77 21.8 47.14 49.67 50.12
Translation Time (min) 39 205 43 40 38.7

generated by the proposed and existing model.

Both CNN [17] and GRU [17] models achieve TER =
0.826 and WER = 21.00. While LSTM [17] model performs
better than the GRU and CNN models, with TER (0.361)
and WER (10.00. Whereas, the TER (0.342) and WER (9.00)
was produced by Bi-RNN [17]. The proposed SS-AGRU
method achieves the best results with the lowest TER of
0.337 and WER of 8.89, demonstrating superior translation
performance with fewer errors.

4.3. Ablation Study

Ablation studies show that GRU performs poorly due to
limited contextual learning, while AGRU improves results
via attention mechanisms, and combining SSA with GRU
enhances accuracy by effectively optimizing model parame-
ters. In all aspects, the combination of the SS-AGRU model
gives the best results having the BLEU score of 50.12, TER
of 0.337 and WER of 8.89, as shown in Table 4.

Table 4. Performance Comparison for Ablation Study

Model Configuration BLEU TER WER
GRU (Baseline) 4710 0362 10.20
AGRU (without SSA) 4885 0350 9.75
SSA + GRU 4920 0345 940
SS-AGRU (Proposed) 50.12  0.337  8.89

5. Discussion

SS-AGRU outperforms GRU, CNN, LSTM, and Bi-RNN in
English translation by achieving the highest BLEU score
(50.12) and fastest translation time (38.7 minutes). It ef-
fectively balances translation quality and computational
efficiency through optimized AGRU and SSA-based param-
eter tuning. GRU and CNN show poor BLEU scores and
lower performance, with CNN also being unsuitable for
real-time use due to higher processing time. LSTM and
Bi-RNN perform better than basic models but still fall short
of SS-AGRU. Overall, SS-AGRU delivers superior accuracy,
speed, and contextual translation quality.

6. Conclusion and future scope

The proposed SS-AGRU-based English translation system
enhances both accuracy and fluency by integrating LLM
techniques with effective preprocessing, feature extraction,
and optimization strategies. The model utilizes Word2Vec
for semantic representation and TF-IDF for feature weight-
ing, along with SS-AGRU for improved sequence learning.
It achieves strong performance with a BLEU score of 50.12
, TER of 0.337 , WER of 8.89 , and a reduced translation
time of 38.7 minutes. These results clearly indicate that
the proposed approach provides a better balance between
translation quality and computational efficiency when com-
pared to existing models such as GRU, CNN, and LSTM.

The study is limited by the use of a single dataset, which
may restrict generalization and lead to potential overfitting
in specific translation domains. This can reduce the model’s
adaptability when applied to diverse linguistic contexts.
Future work can address these limitations by incorporating
larger and more diverse multilingual datasets to improve
robustness and generalization capability. Additionally, fur-
ther research can focus on integrating more advanced deep
learning architectures and optimization techniques to en-
hance translation accuracy, contextual understanding, and
real-world applicability of the model.
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