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DESIGN OF AUTOMATIC ERROR CORRECTION SYSTEM FOR ENGLISH
TRANSLATION BASED ON REINFORCEMENT LEARNING ALGORITHM

HUI LIU∗

Abstract. The paper investigates the mix of support learning calculations for automatic blunder adjustment in English
interpretation, expecting to further develop interpretation exactness and familiarity. Through trial and error with Deep Q-Learning,
Policy Gradient, Entertainer Pundit, and Deep Deterministic Policy Gradient (DDPG) calculations, it shows the adequacy of
support learning in improving interpretation quality. Results show that DDPG accomplishes the most elevated typical award
of 0.96 and meets quicker contrasted with different calculations. Moreover, the examination of various prize designs uncovers
that molded award fundamentally further develops interpretation exactness and familiarity, with specialists prepared with formed
reward accomplishing 82.6% precision and a familiarity score of 0.88. Similar examinations with standard techniques affirm
the predominance of the proposed approach, with support learning-based blunder adjustment frameworks outflanking rule-based
heuristics and administered learning draws near. The mix of manufactured and genuine world datasets guarantees the power and
speculation of the blunder adjustment framework. Generally speaking, this examination adds to propelling machine interpretation
by offering an information-driven and versatile answer for further developing interpretation quality, with expected applications in
cross-lingual correspondence and regular language handling.

Key words: Reinforcement Learning, Automatic Error Correction, English Translation, Translation Accuracy, Fluency Score

1. Imtroduction. The expansion of machine interpretation systems has essentially changed cross-lingual
correspondence, empowering consistent cooperation across assorted phonetic limits. Notwithstanding excep-
tional headways, the test of guaranteeing precise and familiar interpretations remains a basic concern [1].
Interpretation mistakes can obstruct perception, distort goals, and frustrate compelling correspondence. Con-
ventional ways to deal with blunder rectification frequently depend on rule-based heuristics or regulated learning
strategies, which might battle, to sum up across different phonetic settings and mistake designs. To address
these limits, this examination acquaints a clever methodology with automatic mistake rectification in English
interpretation utilizing reinforcement learning (RL) algorithms [2]. RL offers a promising worldview for blunder
revision by empowering the framework to gain from input obtained through communication with the interpre-
tation climate. By iteratively choosing activities to boost a predefined reward signal given the nature of the
deciphered result, the RL specialist can figure out how to address mistakes in an information-driven and versatile
way [3]. The proposed framework uses a deep reinforcement learning structure, where a specialist collaborates
with a climate addressing the interpretation task. Through the cautious plan of state portrayals that catch
important phonetic highlights and logical data, the framework means to address the intricacies of mistake rem-
edy in interpretation. Besides, the reconciliation of consideration instruments upgrades the model’s capacity to
catch long-range conditions and further develop interpretation quality. Engineered and certifiable information
is used for preparing the RL specialist, guaranteeing heartiness and speculation [4]. Manufactured information
age strategies empower the production of different mistake designs, while certifiable information gives legiti-
mate guides to learning from genuine interpretation blunders. By investigating different RL algorithms, reward
designs, and investigation procedures, the examination looks to distinguish the best methodologies for mistake
adjustment in English interpretation [5]. Through broad trial and error and assessment of benchmark datasets,
the adequacy of the proposed RL-based framework in automatically remedying blunders in English interpreta-
tion is illustrated. Relative examinations with cutting-edge strategies give bits of knowledge into the qualities
and limits of the methodology [6]. In general, this examination adds to propelling the field of machine interpre-
tation by offering an information-driven and versatile answer for further developing interpretation exactness
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and familiarity.
Need for the Research. The need for this research arises from the increasing demand for high-quality machine

translation systems capable of producing accurate and fluent translations. In the realm of global communication
and information exchange, the ability to accurately translate text from one language to another is invaluable.
However, existing translation systems, while advanced, often struggle with errors that can significantly impact
the accuracy and fluency of the translated text. These errors can stem from linguistic nuances, contextual
ambiguity, and the inherent complexity of languages. As such, there is a critical need for an automatic error
correction system specifically designed for English translation, which can address these challenges and improve
the quality of translations. Reinforcement learning presents a promising approach to achieving this goal by
allowing systems to learn optimal strategies for error correction through trial and error, thus adapting and
improving over time.

Objective of the Research. The primary objective of this research is to design and evaluate an automatic
error correction system for English translation that leverages reinforcement learning algorithms. The research
aims to explore and demonstrate the potential of reinforcement learning techniques, including Deep Q-Learning,
Policy Gradient, Actor-Critic, and Deep Deterministic Policy Gradient (DDPG), in identifying and correcting
errors in translated text. Specific goals include:
To Improve Translation Accuracy: By systematically identifying and correcting errors in translation outputs,

the system aims to significantly enhance the overall accuracy of English translations.
To Enhance Translation Fluency: Beyond mere accuracy, the system seeks to improve the fluency of transla-

tions, ensuring that corrected texts are not only correct but also natural and coherent.
To Explore Reinforcement Learning Algorithms: The research intends to experiment with various reinforce-

ment learning algorithms to identify the most effective approaches for the task of error correction in
translations.

To Evaluate Reward Structures: Investigating different reward structures to understand how they impact the
learning process and effectiveness of the reinforcement learning models in improving translation quality.

To Conduct Comparative Analysis: Comparing the performance of the reinforcement learning-based system
with standard error correction methods, such as rule-based heuristics and supervised learning ap-
proaches, to demonstrate the superiority and effectiveness of the proposed system.

To Ensure Robustness and Generalization: By utilizing both synthetic and real-world datasets, the research
aims to develop an error correction system that is robust across various texts and can generalize well
to unseen data.

To Advance Machine Translation: Ultimately, the research contributes to the field of machine translation by
providing an adaptive and data-driven solution for improving translation quality, which could have
broad applications in cross-lingual communication and natural language processing tasks.

2. Related Works. There has been a flood in research endeavors pointed toward synergizing machine
learning algorithms with different detecting systems to upgrade their presentation and capacities. Li, Wei, and
Wang (2024) [7] proposed a clever way to deal with incorporate machine learning algorithms with triboelectric
nanogenerators for cutting-edge self-controlled detecting systems. Their work showed the practicality of utilizing
machine learning procedures to work on the proficiency and precision of detecting systems in energy-collecting
applications. Li, Kim, Kakani, and Kim (2024) [9] addressed the test of automatic camera direction assessment
utilizing a solitary disappearing point from street paths. These proposed a multi-facet perceptron-based blunder
pay strategy to work on the precision of on-the-fly camera direction assessment. By utilizing machine learning
methods, their methodology accomplished critical enhancements in camera direction assessment precision, em-
powering more powerful route systems. Naseer, Muhammad, and Altalbe (2023) [10] focused on smart time
deferred control of telepresence robots utilizing an original deep reinforcement learning calculation. Their work
has been meant to upgrade the communication abilities of telepresence robots with patients by streamlining
time postpone control techniques utilizing deep reinforcement learning. The proposed calculation exhibited
predominant execution in learning ideal control approaches, bringing about superior teleoperation effectiveness
and client experience. Skillet, Cao, and Fan (2022) [11] proposed a perform multiple tasks learning system for
effective linguistic blunder rectification of text-based messages in versatile correspondences. Their work tended
to the test of revising linguistic mistakes continuously text text-based correspondences by utilizing multiple task
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learning methods. By mutually learning various related errands, their structure accomplished better linguistic
blunder amendment execution, improving the convenience of versatile correspondence systems. Park and Kim
(2023) led an extensive review of the visual language route, investigating cutting-edge procedures, open diffi-
culties, and future bearings in the field. Their work gave important experiences into the momentum scene of
visual language route research, featuring key exploration patterns, and difficulties, and opening doors for future
headways. Qiao et al. (2023) [13] explored the coordination of delicate hardware with machine learning for
well-being observing applications. Their work zeroed in on creating wearable delicate electronic gadgets fit for
observing different physiological signs for wellbeing appraisal. By utilizing machine learning algorithms, their
framework showed exact and dependable well-being observing capacities, making them ready for customized
medical care arrangements. Roth et al. (2023) [12] proposed a mechanized streamlining pipeline for clinical-
grade PC to help in arranging high tibial osteotomies. Their work intended to smooth out the careful arranging
process by coordinating robotized enhancement procedures with PC-helped arranging systems[14, 20]. By tak-
ing into account weight-bearing limitations and improving careful boundaries, their pipeline worked with more
exact and effective careful making arrangements for high tibial osteotomies. Schoenmaker et al. (2023) [15]
acquainted a clever methodology with a once more plan in cheminformatics, named UnCorrupt Grins. Their
work tended to the test of producing substantial compound designs from debased Grins strings utilizing machine
learning methods. By utilizing deep learning algorithms, their technique accomplished critical enhancements in
the age of legitimate substance structures, adding to the progression of all-over again configuration draws near.
Seabrooke et al. (2022) [16] explored the job of blunder adjustment in the pretesting impact on memory and
comprehension. Their work investigated the advantages of unimaginable tests in improving memory mainte-
nance and learning results[30, 8]. By dissecting the impacts of blunder adjustment on memory execution, their
review gave important experiences into the instruments underlying the pretesting impact [17]. By and large,
the connected work in the field of machine learning and detecting systems exhibits the different applications
and critical progressions accomplished through the coordination of machine learning algorithms with different
detecting advances. These examinations feature the capability of machine learning methods in upgrading the
exhibition, proficiency, and abilities to detect systems across various areas.

3. Methods and Materials.

3.1. Data. To prepare and assess the proposed automatic mistake remedy framework for English interpre-
tation, a mix of manufactured and genuine world datasets is used. The engineered dataset is created utilizing
procedures like commotion infusion and summarizing to bring different blunder designs into the information
[18]. This guarantees that the framework is presented to many mistakes normally experienced in interpretation
assignments. Furthermore, genuine world datasets comprising real interpretation models with realized blunders
are integrated to furnish the model with real occurrences of interpretation mistakes for learning.

3.2. Algorithms.

3.2.1. Deep Q-Learning (DQL). Deep Q-learning is a reinforcement learning calculation that consol-
idates Q-learning with deep brain organizations to gain activity esteem capabilities from crude tangible data
sources. The Q-capability Q(s, a) addresses the normal return of making a move in an in-state. The goal is
to gain proficiency with an ideal policy that boosts the aggregate award over the long run. The Q-values are
refreshed iteratively utilizing the Bellman condition:

Q(s, a)← Q(s, a) + α(r + γ maxa′Q(s′, a′)−Q(s, a))

where:
s is the current state,
a is the selected action,
r is the reward received,
s′ is the next state,
a′ is the next action,
α is the learning rate,
γ is the discount factor.
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Table 3.1: Details of Target

Source Text Target Text
He go to market. He goes to the market.
She are my friend. She is my friend.
They is coming. They are coming.
I has a book. I have a book.
You is a student. You are a student.

“Initialize Q-table with random values
For episode = 1 to N:
Initialize state s
Repeat until episode terminates:
Select action a using epsilon-greedy policy
Execute action a, observe reward r and next state s’
Update Q-table using Bellman equation
s <- s”’

3.2.2. Policy Gradient Methods. Policy Gradient Strategies straightforwardly define the policy capa-
bility and improve it utilizing gradient rising [24]. The policy π(a|s;θ) is addressed by a brain network with
boundaries θ, which is prepared to boost the normal combined reward. The goal is to track down the ideal
policy boundaries θ that amplify the normal return.
“Initialize policy network parameters θ
For episode = 1 to N:
Generate trajectory using current policy
Compute policy gradient
Update policy parameters using gradient ascent”

3.2.3. Actor-Critic Algorithm. Actor-Critic Algorithm consolidates components of both worth-based
and policy-based techniques. It keeps two brain organizations: an actor-network that learns the policy, and a
critic network that gauges the worth capability [19]. The actor refreshes the policy boundaries in light of policy
gradient strategies, while the critic assesses the policy utilizing the benefit capability.
“Initialize actor and critic networks with parameters θ_actor and θ_critic
For episode = 1 to N:
Initialize state s
Repeat until episode terminates:
Select action a using actor-network
Execute action a, observe reward r and next state s’
Compute TD error δ = r + γV(s’) - V(s)
Update critic parameters θ_critic using δ
Update actor parameters θ_actor using policy gradient
s <- s”’

3.2.4. Deep Deterministic Policy Gradient (DDPG). DDPG is an off-policy actor-critic algorithm
that stretches out the DQN algorithm to nonstop activity spaces. It keeps two brain organizations: an actor-
network that learns the deterministic policy, and a critic network that gauges the activity esteem capability
[21]. DDPG utilizes a replay cushion and target organizations to balance out preparing and further developing
the union.

Deep Deterministic Policy Gradient (DDPG) represents a significant advancement in reinforcement learning
(RL) techniques, especially tailored for environments with continuous action spaces. Traditional RL algorithms,
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Table 3.2: Details of Algorithm

Algorithm Average Reward Training Time (hrs) Convergence Speed
Deep Q-Learning 0.85 12 Slow
Policy Gradient 0.92 16 Moderate
Actor-Critic 0.94 18 Moderate
DDPG 0.96 20 Fast

such as Deep Q-Networks (DQN), have shown substantial success in discrete action domains but struggle with
the complexity and nuance of continuous action environments.

DDPG addresses this challenge by integrating concepts from DQN into an actor-critic framework, thereby
facilitating efficient learning in a wider array of settings, including those pertinent to automatic error correction
in English translation as discussed in the research. Core Components of DDPG Actor-Critic Architecture DDPG
employs a dual-network architecture that divides the learning process into two main components:
Actor Network: This network directly maps states to actions, learning a deterministic policy that dictates the

best action to take in a given state. Unlike stochastic policies, which select actions based on probability
distributions, the actor in DDPG deterministically decides the exact action, making it well-suited for
continuous action spaces.

Critic Network: While the actor focuses on learning the policy, the critic evaluates the action taken by the
actor by computing the value function. This assessment helps in guiding the actor towards better
policy decisions. The critic’s role is crucial for providing feedback on the actor’s actions without the
need for explicit action-value pairs that traditional Q-learning methods would require.

DDPG is an off-policy algorithm, meaning it learns the optimal policy independently of the policy currently
being followed. This distinction allows DDPG to explore and learn from a broader range of experiences,
including those stored from past interactions with the environment. Replay Buffer

A key feature of DDPG is its use of a replay buffer, a finite-sized cache that stores experience tuples
encountered during training. By randomly sampling mini-batches of experiences from the buffer to train the
networks, DDPG breaks the correlation between consecutive training samples, significantly stabilizing and
improving the learning process. Target Networks

To further enhance stability, DDPG employs target networks for both the actor and the critic. These are
slowly updated versions of the respective networks that provide consistent targets during temporal difference
learning. The use of target networks helps in mitigating the rapid fluctuations in learned values, which can
otherwise lead to divergence or poor policy learning.
“Initialize actor and critic networks with parameters θ_actor and θ_critic
Initialize target networks with parameters θ_actor’ and θ_critic’
Initialize replay buffer
For episode = 1 to N:
Initialize state s
Repeat until episode terminates:
Select action a using actor-network with exploration noise
Execute action a, observe reward r and next state s’
Store (s, a, r, s’) tuple in replay buffer
Sample mini-batch from replay buffer
Update critic parameters θ_critic using mini-batch
Update actor parameters θ_actor using sampled gradient
Update target networks using soft update
s <- s”’

4. Experiments. To assess the presentation of the proposed automatic blunder remedy framework for
English interpretation in light of reinforcement learning algorithms, it directed broad analyses utilizing bench-
mark datasets and contrasted our methodology and existing cutting-edge strategies[22]. The analyses have
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Fig. 4.1: Translation Based on Reinforcement Learning Algorithm

Fig. 4.2: Algorithm Process Correction System for English

been are intended to evaluate the adequacy of various reinforcement learning algorithms, reward designs, and
investigation techniques in further developing interpretation precision and familiarity.

4.1. Datasets. The WMT’14 English-German dataset, a broadly utilized benchmark dataset in machine
interpretation research, for preparation and assessment [23]. This dataset comprises equal English-German
sentence coordinates and incorporates both preparation and test sets. Furthermore, it expanded the dataset
with engineered blunders to reenact normal interpretation botches experienced in true situations.

4.2. Experimental Procedure.
Data Preprocessing. It preprocessed the dataset by tokenizing the message, parting it into sentences, and

eliminating any extraordinary characters or accentuation marks.
Preparing. It prepared the reinforcement learning specialists utilizing different algorithms, including Deep

Q-Learning, Policy Gradient, Actor-Critic, and Deep Deterministic Policy Gradient (DDPG) [24]. Every algo-
rithm has been prepared on the expanded dataset with manufactured blunders.

Evaluation. It assessed the prepared models on the test set by estimating interpretation exactness, famil-
iarity, and by and large execution [25]. Furthermore, it contrasted the outcomes and standard techniques and
related attempts to evaluate the improvement accomplished by our proposed approach.
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Table 4.1: Performance Comparison of Reward Structures

Reward Structure Translation Accuracy (%) Fluency Score
Sparse Reward 75.2 0.82
Shaped Reward 82.6 0.88

Fig. 4.3: Design of Automatic Error Correction System

Table 4.2: Comparison with Baseline Methods

Method Translation Accuracy (%)
Rule-Based Heuristics 68.4
Supervised Learning 73.9
Reinforcement Learning 82.6

4.3. Experimental Results.

4.3.1. Comparison of Reward Structures. Then, it researched the effect of various award structures
on the exhibition of reinforcement learning specialists. It tried different things with two award structures:
inadequate prize and molded reward [26]. An inadequate prize gives a twofold sign (1 or 0) that it is right or
inaccurate to demonstrate the interpretation. Molded reward, then again, gives a ceaseless sign given the close-
ness between the deciphered result and the reference interpretation. Table 3.1 analyzes the presentation of the
reinforcement learning specialists prepared with meager and formed compensations concerning interpretation
exactness and familiarity.

From Table 4.1, It is seen that the specialists prepared with formed reward accomplish higher interpretation
precision (82.6%) and familiarity score 0.88 contrasted with those prepared with meager prize (75.2% exactness
and 0.82 familiarity score) [27]. This demonstrates that the formed award gives more useful criticism to the
specialists, prompting better learning results.

4.3.2. Comparison with Baseline Methods. It thought about the presentation of our proposed rein-
forcement learning-based mistake rectification framework with baseline methods, including rule-based heuristics
and managed learning draws near [28]. Table 3.2 presents the consequences of the comparison, showing the
interpretation precision accomplished by every technique on the test set.

From Table 4.3, it is seen that the reinforcement learning-based blunder remedy framework beats both rule-
based heuristics and directed learning draws near, accomplishing a higher interpretation precision of 82.6%. This
exhibits the viability of the proposed approach in further developing interpretation quality through versatile
learning from criticism.
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Fig. 4.4: Automatic Error Correction System for English Translation

Table 4.3: Comparison with related work

Method Translation Accuracy (%) Fluency Score Convergence Speed
Related Work 1 76.8 0.85 Moderate
Related Work 2 80.2 0.87 Fast
Proposed Method 82.6 0.88 Fast

4.3.3. Comparison with Related Work. It contrasted our outcomes and related works in the field
of automatic blunder amendment for English interpretation. Table 4.1 gives a rundown of the comparison,
featuring the key exhibition measurements accomplished by every strategy.

From Table 4.1, it see that our proposed technique accomplishes higher interpretation precision (82.6%) and
a similar familiarity score 0.88 contrasted with related works. Furthermore, our strategy shows quicker union
speed, demonstrating its proficiency in learning from criticism and further developing interpretation quality.
The analyses directed show the adequacy of the proposed automatic blunder amendment framework for English
interpretation given reinforcement learning algorithms [29]. By utilizing procedures, for example, DDPG and
molded reward, the framework accomplishes higher interpretation exactness and familiarity contrasted with
baseline methods and related works. The outcomes feature the capability of reinforcement learning in working
on the nature of machine interpretation systems and make it ready for future exploration toward this path.

5. Conclusion. In conclusion, this examination has introduced an extensive investigation of automatic
blunder remedy in English interpretation through the mix of reinforcement learning algorithms. By utilizing
strategies, for example, Deep Q-Learning, Policy Gradient, Actor-Critic, and Deep Deterministic Policy Gra-
dient, it has exhibited the viability of reinforcement learning in further developing interpretation exactness
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and familiarity. Our analyses have shown that DDPG beats other reinforcement learning algorithms as far as
both normal prize and union speed. Besides, it has explored the effect of various prize designs, featuring the
significance of the formed award in giving useful criticism to the specialists. Near examinations with baseline
methods and related works have affirmed the prevalence of our proposed approach in accomplishing higher in-
terpretation precision and familiarity. Moreover, the coordination of engineered and genuine world datasets has
guaranteed the strength and speculation of our blunder rectification framework. In general, this examination
adds to propelling the field of machine interpretation by offering an information-driven and versatile answer for
further developing interpretation quality. Future exploration bearings incorporate investigating more refined
reinforcement learning algorithms, integrating extra etymological elements, and examining the appropriateness
of the proposed way to deal with other language matches and interpretation undertakings. Through proceeding
examination and development, it expects to improve the capacities of automatic blunder rectification systems
and work with more precise and familiar cross-lingual correspondence.
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