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Reinforcement Learning based NLP 

Gopi Krishna 

Abstract: In the field of Natural Language Processing (NLP), 

reinforcement learning (RL) has drawn attention as a viable 

method for training models. An agent is trained to interact with a 

linguistic environment in order to carry out a given task using RL- 

based NLP, and the agent learns from feedback in the form of 

rewards or penalties. This method has been effectively used for a 

variety of linguistic problems, including text summarization, 

conversation systems, and machine translation. Sequence-to- 

sequence Two common methods used in RL-based NLP are 

reinforcement learning and deep reinforcement learning. 

Sequence-to-sequence While deep reinforcement learning 

includes training a neural network to discover the optimum 

strategy for a language challenge, reinforcement learning (RL) 

trains a model to create a series of words or characters that most 

closely matches a goal sequence. In several linguistic challenges, 

RL-based NLP has demonstrated promising results and attained 

cutting-edge performance. There are still issues to be solved, such 

as the need for more effective exploration tactics, data scarcity, 

and sample efficiency. In summary, RL-based NLP represents a 

potential line of inquiry for NLP research in the future. This 

method outperforms more established NLP strategies in a variety 

of language problems and has the added benefit of being able to 

improve over time with user feedback. To further enhance RL-

based NLP's effectiveness and increase its applicability to real-

world settings, future research should concentrate on resolving the 

difficulties associated with this approach. 
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Abbreviations 

RL - Reinforcement Learning NLP - Natural Language 

Processing AI - Artificial Intelligence 

I. INTRODUCTION 

Artificial intelligence (AI)-powered conversational 

systems have aided in the automation of a variety of corporate 

operations, particularly those involving consumer contacts. 

Most of these operations include Natural Language 

Processing (NLP), yet it frequently faces functional 

challenges. Reinforcement learning is a technique for getting 

over these obstacles and streamlining NLP-driven business 

operations. With an emphasis on conversational systems, 

reinforcement learning is very beneficial and well suited to 

handle a number of commercial challenges. Numerous 

academic research publications have suggested a variety of 

reinforcement training model uses in NLP. Occasionally a 

blend of supervision and reinforcement 
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The most well-known NLP-based applications of this AI 

training technique will next be briefly explained. The 

machine learning technique known as reinforcement learning 

(RL) includes teaching an agent to base decisions on feedback 

it receives from its surroundings. The area of Natural 

Language Processing (NLP) has recently begun to pay more 

attention to RL as a viable method for developing models that 

are capable of handling challenging linguistic problems. 

In the past, supervised learning—in which a model is trained 

on a sizable dataset of labelled examples—has dominated 

approaches to natural language processing (NLP). Although 

this method has been effective in many NLP tasks, it has 

drawbacks when used to complicated language tasks, such as 

language translation, where the result may change depending 

on the context and where there may be numerous viable 

outputs. There was no comparison to typical structure 

learning approaches in the experiments [1]. 

By enabling the agent to learn from feedback in the form of 

rewards or penalties for its activities, RL offers a mechanism 

to get around some of these restrictions. The agent is trained 

to interact with a linguistic environment in RL-based NLP in 

order to complete a given goal. A text corpus, a conversation 

system, or another language-based system can all be used to 

represent the language environment. The agent's objective is 

to discover a strategy that, over time, maximizes its reward, 

where the reward signal is determined by the linguistic task 

being carried out. 

Deep reinforcement learning, which includes teaching a 

neural network the best course of action given a linguistic 

problem, is another well-liked method in RL-based NLP. The 

agent learns a representation of the state and action spaces by 

deep reinforcement learning and utilizes this representation to 

decide. In conversation systems, where the agent is trained to 

respond to user input with suitable linguistic output, this 

strategy has proved effective. 

Since RL-based models require a high number of samples to 

train from, sampling efficiency is one of the main problems. 

The lack of sufficient labelled data for RL-based NLP is 

another problem, as it is sometimes challenging to gather 

significant quantities of such data. A second topic that needs 

investigation is the improvement of exploration tactics and 

the creation of methods for dealing with uncommon or 

unexpected incidents 

II. RELATED WORK 

Reinforcement learning (RL) was used to automatic speech 

recognition (ASR) in "End-to-End Reinforcement Learning 

for Automatic Speech Recognition" by A. Graves et al. 

(2013). They improved the performance of an ASR system 

built on a neural network by using RL to optimize the 

decoding process.  
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A RL-based method for relation classification in NLP was 

proposed in "Reinforcement Learning for Relation 

Classification from Noisy Data" by S. Yao et al. (2017). They 

learned a policy for choosing pertinent features from noisy 

input data using a Q-learning method, and on multiple 

benchmark datasets, they outperformed the competition. A 

neural machine translation (NMT) system was trained using 

RL in "Reinforcement Learning for Bandit Neural Machine 

Translation with Simulated Human Feedback" by M. Ranzato 

et al. (2018). A RL-based strategy for active question 

answering was presented in "Reinforcement Learning for 

Active Question Answering" by R. Jain et al. (2019). They 

learned how to choose the most instructive questions to ask 

in order to increase the precision of a question-answering 

system using RL.RL was used to manage discourse in a 

conversational agent in "A Reinforcement Learning 

Approach to Interactive Dialogue Management" by J. 

Williams et al. (2017). They employed a deep Q-network to 

develop a strategy for deciding what to say next in a 

discussion, and their user trials showed encouraging progress. 

Liu et al.'s (2018) article "Deep Reinforcement Learning for 

NLP: An Overview" gave a thorough overview of RL-based 

NLP techniques. 

III. LITERATURE REVIEW 

One of the early efforts to apply reinforcement learning (RL) 

to finance was "A Deep Reinforcement Learning Framework 

for the Financial Portfolio Management Problem" by J. 

Moody and M. Saffell (1998). They employed RL to discover 

the best trading approach for a particular financial market. A 

innovative method for navigating a virtual world was 

presented in "Deep Reinforcement Learning with a Natural 

Language Action Space" by C. Williams and E. Raff (2018). 

This method employed natural language instructions as 

actions in an RL framework. J. Li et al.'s (2017) "Deep 

Reinforcement Learning for Dialogue Generation" employed 

RL to produce conversational answers. They demonstrated 

how RL may be used to balance relevance and diversity of 

produced answers. An RL-based method for fine-tuning 

sequence generation models was proposed in "Sequence 

Tutor: Conservative fine-tuning of sequence generation 

models with KL-control" by A. Fan et al. (2018). The method 

employed KL-control to limit the output of the model to the 

initial distribution of the training data. RL was used by M. 

Hausknecht and P. Stone in their 2015 paper "Learning to 

Navigate in Complex Environments" to teach participants 

how to navigate challenging virtual settings. They discovered 

a strategy for navigating a maze-like environment using a 

Deep Q-Network (DQN).The notion of meta-learning, where 

an RL agent learns to learn from several tasks, was first 

described in "Learning to Learn by Gradient Descent by 

Gradient Descent" by M. Andrychowicz et al. (2016). They 

demonstrated how meta-learning may speed up learning and 

improve performance on brand-new activities. 

IV. METHODOLOGY 

A branch of machine learning known as reinforcement 

learning (RL) based natural language processing (NLP) 

employs RL methods to create natural language processing 

and comprehension algorithms. The following steps are 

commonly included in the RL-based NLP methodology: 

a) Describe the issue: Defining the issue you wish to tackle is 

the first step in RL-based NLP. This could include 

language synthesis, machine translation, or text 

classification. 

b) Collect information: The next step is to gather information 

that is pertinent to the issue you are attempting to address. 

Text information from websites, social networking sites, or 

other sources might be used for this. 

c) After gathering the data, you must preprocess it to 

eliminate noise, transform text into a numerical 

representation, and carry out additional operations that will 

facilitate the RL algorithm's processing. 

d) Define the surroundings: Setting up the environment in 

which the RL algorithm will learn is necessary for RL- 

based NLP. This might be a computer-generated 

environment that mimics a real-world situation or a 

collection of guidelines that specify how an RL agent 

should interact with its surroundings. 

e) Define the reward function: A crucial element of RL- 

based NLP is the reward function. It outlines the aim that 

the RL agent is attempting to attain as well as the feedback 

that is given in response to its activities. The reward 

function might be as straightforward as giving correct 

answers a positive reward and erroneous responses a 

negative reward, or it can be more complicated and take 

into consideration things like sentiment analysis or 

semantic similarity. 

f) Select the RL algorithm: RL algorithms may be utilized 

for NLP in a variety of ways. These include Deep Q 

Networks (DQNs), SARSA, Actor-Critic, and Q- 

learning. The algorithm you choose will rely on the exact 

issue you're seeking to resolve, the features of the 

surrounding environment, and the reward function. 

g) Once the environment, reward function, and RL algorithm 

have been determined, you may start training the model. 

This generally entails interacting with the environment 

and progressively learning to maximize its reward using 

the RL algorithm. 

h) After the model has been trained, you must assess its 

performance using a test set of data. This will enable you 

to assess the model's ability to generalize to new data and 

its efficacy on the particular task you established in step 1 

as well as its generalizability. 

i) Tweak the hyper parameters: In order to enhance the 

performance of the model, you might need to tweak its 

hyper parameters. Hyper parameters, which may 

significantly affect the performance of the model, include 

things like learning rate, discount factor, and exploration 

rate. 

A. Solutions for Tackling Reinforcement Learning 

based NLP Challenges 

It's critical to characterize the issue and frame it as a Markov 

Decision Process (MDP) before RL is applied to an NLP 

issue. This entails specifying the system's states, actions, 

rewards, and transition probabilities.  
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Large volumes of data are necessary for RL algorithms to 

learn from. Due to the high complexity and sparsity of the 

data, this can be difficult in NLP. To produce additional data, 

approaches for data augmentation including data synthesis 

and transfer learning can be applied. In RL, the reward 

function is essential since it sets the agent's objective. Due to 

language's 

complexity, developing a reward function in NLP can be 

challenging. It is possible to direct the agent towards the  

desired behavior by using reward shaping and curriculum 

learning. The RL model's design plays a crucial role in 

capturing the relationships between the input and output. 

Deep neural networks may be used in NLP to mimic the 

sequential character of language, such as Recurrent Neural 

Networks (RNNs) and Transformers. To learn the best rules, 

RL algorithms must strike a balance between exploration and 

exploitation. This can be difficult in NLP owing to the vast 

search space of potential actions. Epsilon-greedy, Thompson 

sampling, and UCB techniques can be utilized to strike a 

balance between exploration and exploitation. 

To make sure the RL agent is picking up the appropriate 

behavior, evaluation and monitoring are crucial. This may be 

done in NLP by assessing the agent's performance on certain 

tasks or by employing human evaluation to assess the caliber 

of generated text. Transfer learning may also be utilized to 

transfer information from previously trained models to RL-

based models, which brings us to our final point. This can 

increase learning effectiveness and enable the RL agent to use 

the information gained from massive volumes of data. 

V. APPLICATIONS 

In Natural Language Processing (NLP), where it may be used 

to learn the best rules for making decisions in dynamic and 

sequential settings, reinforcement learning (RL) has a wide 

variety of applications. 

1. The use of RL in NLP is frequently applied in dialogue 

systems. Chatbot and virtual assistants may be taught to 

answer to user inquiries and carry on a discussion using 

RL. RL agents can learn to produce replies that are 

enlightening, entertaining, and suitable for the situation. 

2. Machine translation: RL may be used to train software 

programs that can convert text between different 

languages. Given the original text and the system's 

present state, RL may be used to learn the best policies 

for choosing the best translation. 

3. Text summarizing systems that can provide summaries 

of lengthy documents may be trained using RL. The 

most informative phrases or paragraphs can be chosen 

for the summary, with the least amount of repetition, by 

RL agents. 

4. Sentiment analysis: Systems that can categorize the 

sentiment of a given text as positive, negative, or neutral 

may be trained using RL. RL agents can learn to 

recognize key elements and context that impact the text's 

mood. 

5. Personalization: Based on a user's choices and interests, 

RL may be used to tailor material and suggestions for 

them. RL agents can learn to suggest items or content 

that the user will find interesting and relevant. 

6. Speech recognition: RL may be used to train systems 

that can convert spoken words into text for speech 

recognition. RL agents can train to improve 

identification accuracy by choosing the optimum 

combination of phonemes or words based on the speech 

signal's acoustic characteristics. 

A. Advantages 

A type of machine learning called reinforcement learning (RL) 

teaches an agent to make decisions by interacting with its 

surroundings and getting feedback in the form of rewards or 

penalties. RL offers various benefits in the context ofNatural 

Language Processing (NLP):  

1. Ability to learn from experience: RL algorithms are built 

with the ability to grow and develop over time. This 

makes them suitable for NLP tasks where the aim is to 

optimize a long-term objective, such as machine 

translation, language modelling, and dialogue systems . 

2. Flexibility and adaptability: RL algorithms may adjust to 

fit changes in the job at hand as well as changes in the 

environment. They are therefore advantageous for NLP 

applications where the distribution of the data or the 

demands of the task may alter over time. 

3. Numerous NLP problems require the optimization of 

complicated objectives, such as maximizing a sentence's 

probability given a context or lowering a dialogue 

system's mistake rate. Complex, non-linear objectives 

can be optimized well by RL algorithms. 

4. Exploration and innovation: RL algorithms have the 

capacity to sift through the universe of potential actions 

and provide fresh answers. This might be helpful in NLP 

jobs when the objective is to generate original and 

creative outputs, like text production. 

5. Ability to process sequential data: Processing phrases, 

paragraphs, or full texts is a common part of NLP 

activities. RL algorithms may be used to describe the 

temporal connections between words and sentences in a 

text since they are well-suited to handling sequential 

data. 

Overall, RL-based methods to NLP have shown encouraging 

results and hold great promise for advancing the state of the 

art in the discipline. 

VI. RESULT 

      Reinforcement learning-based natural language 

processing (NLP) had already showed promising outcomes in 

different NLP tasks as of my last knowledge update in 

September 2021. Specific outcomes, however, may vary 

based on the application, model architecture, and dataset 

employed. Up to that point, below are some broad trends and 

results in reinforcement learning-based NLP: Translation by 

Machine, Communication Systems, Analysis of Sentiment, 

Summarization of Text, Known as Entity Recognition, 

Language Creation. It's worth noting that the area of NLP, 

especially reinforcement learning-based techniques, has 

advanced rapidly, and newer results and breakthroughs may 

have appeared since my last update. Researchers continue to 

investigate new methodologies, create more advanced 

models, and apply reinforcement learning to a growing 

number of NLP tasks. 
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VII. DISCUSSION 

Exploring the merits, problems, and future prospects of 

reinforcement learning-based natural language processing 

(NLP) is part of a discussion of this intriguing and evolving 

topic. It is still difficult to ensure that RL-based NLP models 

generalize well across diverse languages and contexts. 

Models that excel in one language or area may struggle when 

applied to another. The field of reinforcement learning-based 

NLP is expanding rapidly. Improving sample efficiency, 

generating more interpretable models, resolving ethical 

concerns, and investigating fresh applications in fields such 

as healthcare, finance, and education may be future prospects. 

A. Setbacks 

Natural Language Processing (NLP) is one area where 

Reinforcement Learning (RL) has demonstrated promising 

outcomes. But there are also drawbacks to using RL to NLP: 

A. In order to find the best policies, RL agents must 

explore their surroundings, yet too much exploration 

might stall convergence or cause inferior policies to 

persist. 

B. In order to learn efficient rules, RL algorithms often 

need a lot of interactions with the environment. The 

production of high-quality data in NLP can be time-

consuming and expensive, rendering the sampling of 

RL-based NLP models ineffective. 

C. In NLP, the reward signal is frequently sparse and 

delayed, making it challenging to pinpoint precise 

behaviors that caused the reward. Because RL models 

may function as "black boxes," it can be challenging 

to comprehend how they make judgements. Because 

natural language tasks have such high stakes, this can 

be particularly difficult in NLP. 

D. Due to the stochastic nature of the environment and 

the learning process, RL algorithms can display large 

variation. This may lead to inconsistent performance 

and sluggish convergence in NLP. 

E. In order to create appropriate reward functions and 

model architectures for reinforcement learning, subject 

expertise is frequently required. Due to natural 

language's complexity and dynamic nature, this can be 

extremely difficult in NLP. 

Overall, RL has showed potential in NLP, but there are still 

major issues that must be resolved for it to be a practical 

method for natural language applications.  

VIII. CONCLUSION 

Finally, reinforcement learning-based natural language 

processing (NLP) is a promising and fast expanding 

discipline with the potential to transform how we interact 

with and interpret human language. This method combines 

the strength of deep learning with reinforcement learning 

algorithms to allow robots to learn and adapt to linguistic 

tasks through interaction with their surroundings. 

Nonetheless, current research and developments in this field 

are addressing these issues. We may expect reinforcement 

learning-based NLP to play a critical role in improving 

human-computer interaction, automating language-related 

tasks, and expanding our understanding of natural language 

in the next years. As research and development efforts 

continue, this technology will most certainly result in more 

efficient, adaptive, and intelligent language models that will 

benefit a wide range of applications across sectors. 

DECLARATION STATEMENT 

Funding/ Grants/ 

Financial Support 
No, I did not receive. 

Conflicts of Interest/ 

Competing Interests 
No conflicts of interest to the 

best of our knowledge.  

Ethical Approval and 

Consent to Participate 

No, the article does not 

require ethical approval and 

consent to participate with 

evidence.  
Availability of Data 

and Material/ Data 

Access Statement 
Not relevant. 

Authors Contributions 
I am only the sole author of 

the article 

REFERENCES 

1. Shu, R., Yoo, K., & Ha, J. (2021). Reward Optimization for Neural 

Machine Translation with Learned Metrics. ArXiv, abs/2104.07541. 

AUTHOR PROFILE 

Gopi Krishna here, a native of Guntur, Andhra 

Pradesh. I'm now pursuing a bachelors at Lovely 
Professional University in Punjab, India, in the 

Computer Science and Engineering track. I'm 

proficient in C, C++, Java, Python, and I have a 
rudimentary understanding of Kotlin. Front-end 

languages like HTML, CSS, and JavaScript(basic) 

are other things I'm familiar with. Inquire with me about my certifications 
in Python, Java, Data Science, AI, and Machine Learning at 

https://www.credly.com/users/guntamukkala-gopi- krishna/badges. As 

for my leadership experience, I took part in GDSC-LPU as a member of 
the A.I./ML team, where I helped machine learning in easier ways while 

mentoring the mentee and exploring various ML topics. My study focuses 

on artificial intelligence and its practical implications for this particular 

technology. 

 

 
Disclaimer/Publisher’s Note: The statements, opinions and 

data contained in all publications are solely those of the 

individual author(s) and contributor(s) and not of the Blue 

Eyes Intelligence Engineering and Sciences Publication 

(BEIESP)/ journal and/or the editor(s). The Blue Eyes 

Intelligence Engineering and Sciences Publication (BEIESP) 

and/or the editor(s) disclaim responsibility for any injury to 

people or property resulting from any ideas, methods, 

instructions or products referred to in the content. 

 

http://doi.org/10.35940/ijsce.J0476.0913423
http://www.ijsce.org/

