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ABSTRACT 

The rapid expansion of digital information has generated an increasing desire for intelligent systems that 

can produce abstract and relevance summaries from a large document corpus. Conventional 

summarization methods sometimes fail to address multiple documents effectively, particularly when the 

summaries should meet a specific user's query. Although significant advances have been made, several 

extractive summarization methods face challenges in preserving non-redundancy, coherence, and 

relevance, especially when dealing with different query information and multiple document inputs. 

Additionally, traditional methods lack mechanisms for balancing diversity and semantic similarity while 

creating summaries that align with the intention of queries. To address these challenges, this study suggests 

an extractive query-based summarization model that combines BERT embeddings, semantic clustering (K-

means), topic modeling (LDA), and Deep Reinforcement Learning (DRL), identifying a sentence and 

choosing it or skipping it based on a reward function that is designed with multi-objective integration of 

BERT-based coherence scores with Maximal Marginal Relevance (MMR). The proposed system was 

trained on the QuerySum dataset and tested on the CNN/Daily Mail dataset. The experimental results 

show that the proposed system outperforms traditional approaches in various measures. Combining the 

BERT-based coherence score and MMR for designing a reward function helps to improve ROUGE scores 

[ROUGE-1 (50.03%), ROUGE-2 (27.30%), and ROUGE-L (39.86%)] and increases the BERT score 

(88.70%). Additionally, the generated summaries were relevant, coherent, concise, and less redundant 

compared to existing approaches. 

Keywords-Maximal Marginal Relevance (MMR); Deep Reinforcement Learning (DRL); Recall-Oriented 

Understudy for Gisting Evaluation (ROUGE); topic modeling (LDA) 

I. INTRODUCTION  

The rapid expansion of information on the internet has 
made information overload a common issue. Capturing all 
information is impossible, especially with large text messages 
and massive news records. Therefore, access to prominent and 
critical information becomes a challenge [1]. Text 
Summarization (TS) represents a solution for these issues. TS 
is the process of generating a summary from a single or 
multiple documents, maintaining its meaning by effectively 
extracting the main information from the sources [2]. The 
summary provides a useful guide to draw attention to 
information, make a decision about whether a document is 
helpful or not, and help users reduce the time spent. As a result, 
it is necessary to improve automatic summary models.  

Recently, many attempts have been made in summarization 
methods [3]. Extractive summarization methods aim to choose 
prominent phrases, sentences, or words from the original 
documents, and are commonly used [4]. Before deep learning, 
traditional summarization approaches utilized simple statistics 
and handcrafted features for specific tasks. Since the advent of 
deep learning, various attempts have focused on training 
automated end-to-end summarization models. Multi-Document 
Summarization (MDS) is a set of related documents with the 
same topic that is summarized in one summary and is more 
complex than Single Document Summarization (SDS) [5]. 
Although several approaches have been applied to both MDS 
and SDS, there are major challenges in multi-document 
summarization, which must be addressed to generate high-
quality summaries [6].  
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The performance of general summarization approaches is 
constrained and does not meet the requirements. This is 
attributed to the mismatch between the evaluation criterion, 
Recall-Oriented Understudy for Gisting Evaluation (ROUGE), 
and learning. In query-based summarization, a summary is 
generated based on the user query, where the textual contents 
are investigated to match such a query. The learning aim is to 
maximize the probability of the ground-truth summary. 
ROUGE mostly depends on the lexical concordance between 
the candidate and ground-truth summaries. To address this 
problem, this study proposes a new hybrid model for extractive 
query-based summarization for MDS, using a topic model 
(LDA) [7] and a clustering algorithm (K-means) with Deep 
Reinforcement Learning (DRL), employing a Deep Q-Network 
(DQN) to train summarization models [8]. Using DRL, a 
reward function is designed using the Maximal Marginal 
Relevance (MMR) technique that guides learning toward goals 
beyond traditional reward functions. The proposed model 
improves coverage, coherence, relevance, diversity, and 
readability. The experimental results utilized the CNN/Daily 
Mail and Query Sum datasets, and the ROUGE measures were 
used to evaluate the performance of the model.  

Text summarization has been an active research area for 
many years. Previous research in Automatic Text 
Summarization (ATS) has focused on different methods to 
summarize large-scale textual content into brief yet useful 
summaries. In [9], the query-based summarization problem was 
addressed by combining transformer-based models and deep 
reinforcement learning. The proposed extractive model was 
unsupervised, based on clustering mechanisms and sentence 
ranking using cosine similarity and sentence embedding to 
determine the relevance of sentences to the query. In the RL-
based model, an agent chooses the main sentences based on the 
reward function. The proposed system was evaluated on the 
Debatepedia and DUC 2005-2007 benchmark datasets and 
evaluated using the ROUGE score. However, reinforcement 
learning was based on traditional reward functions, and this 
study did not use pretrained models, such as GPT or BERT, for 
contextual understanding and semantic representation. RL-
MMR [10] is an RL model for extractive MDS that combines 
the MMR precept from neural SDS in a hierarchical and 
comprehensive neural sentence representation approach 
utilizing a soft attention mechanism. This system implements a 
hierarchical encoder (Bi-LSTM+CNN) for document and 
sentence representation that is enhanced by leveraging an actor-
critic policy utilizing ROUGE-released final and intermediate 
rewards to support non-redundant and prominent summaries. 
Experiments on standard datasets (TAC 2011 and DUC 2004) 
demonstrated that RL-MMR outperformed both traditional 
neural (RNN-EXT+RL, PG-MMR) and baseline statistical 
approaches (e.g., Centroid, Lex Rank, DPP). However, this 
model was based on TF-IDF for embedding and was not 
generalized.  

In [11], an extractive text summarization framework 
combined coreference resolution, dynamic clustering, and 
BERT to generate optimal-length summaries. The BERT 
model was used to create sentence embeddings. Then, the k-
means algorithm was used to enhance representation, selecting 
the sentences that are nearest to the cluster's centroid. The 

number of chosen sentences from each cluster was dynamically 
satisfied by a regression model based on the Within Cluster 
Sum of Squares (WCSS), which represents the length of the 
created summary. The CNN/Daily Mail benchmark dataset was 
used to evaluate this model using ROUGE scores. However, 
this model's regression accuracy was limited by the fixed-
length and short gold-standard summaries in CNN/Daily Mail. 
In [12], an unsupervised technique for multi-document query-
based extractive summarization was based on a sense-oriented 
semantic relatedness measure, comparing the input text 
sentence with the query to enhance the accuracy of sentence 
choice. This approach suggested a Word Sense Disambiguation 
(WSD) approach to extract query-relevant sentences. The 
implementation involved the DUC 2005, DUC 2006, and DUC 
2007 datasets and was evaluated using ROUGE measures. 
However, this system did not use the BERT model for 
contextual meaning, relying on static lexical resources such as 
WordNet, and had a lack of adaptability.  

In [13], an interactive model was proposed for extractive 
query-based summarization to enhance the relevance and 
quality of summaries for scientific documents. This model 
applied Rapid Automatic Keyword Extraction (RAKE) to 
determine possible keywords. A Genetic Algorithm (GA) was 
used to expand the sentence group to ensure minimal 
redundancy and diversity by using the MMR method. This 
system was evaluated using different approaches, applying it to 
72,000 scientific documents from the Web of Science (AI 
category), and testing it with 45 graduate students in Artificial 
Intelligence (AI). This system was based on explicit user 
feedback and domain-specific evaluation, could not capture 
semantic meaning since it did not use state-of-the-art models 
such as BERT and SBERT, and required more computational 
time for GA. In [14], an unsupervised query-focused 
summarization system combined redundancy reduction 
approaches with transfer learning from a pretrained sentence 
embedding paradigm and classical information retrieval. This 
system utilized USE-DAN, USE-Transformer, and uSIF to 
establish syntactic and contextual relationships. In addition, a 
hybrid technique was used to linearly integrate semantic 
similarity with BM25 term-based retrieval to compute sentence 
relevance, and the MR technique was used to balance novelty 
and relevance for reordering candidate sentences. This model 
was used on the DUC benchmark datasets (2007, 2006, 2005) 
and assessed using the ROUGE scores. In addition, there were 
suggestions for using recent models, such as GPT-3 and T5, for 
text summarization issues and investigating transfer learning 
capabilities from pre-trained models for summary creation. 
However, this system suffered from a lack of coherence 
because it did not use embedding models to capture contextual 
meaning.  

In [15], a DRL approach was presented for interactive 
multi-document summarization, consisting of two models: 
MSumm for creating the initial summary and query-based 
expansions, and MSugg for generating dynamic lists of 
proposed queries to assist exploration. Based on an MMR 
reward strategy, MSumm selects the sentences that are relevant 
to the query to enhance semantic similarity based on ROUGE. 
MSugg works on the sentence level, utilizing RL to select the 
newly formed sentences that are salient and unexplored, 
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depending on their novelty and relevance. The model was 
trained and assessed on the DUC 2006/2007 datasets. 
However, this framework occasionally falls short of providing 
enough attention to the user's query, and the system's training 
with synthetically created queries cannot precisely represent 
actual user input. In [16], an unsupervised extractive 
summarization approach integrated topic modeling and 
clustering to create coherent and non-redundant summaries. 
This model was trained and evaluated using ROUGE measures 
on two benchmark datasets, CNN/DailyMail and Opinosis, 
performing well on small datasets. However, this system has 
several limitations, since LDA is more effective with multiple 
documents and is based on WordNet for semantic similarity, 
leading to a lack of capturing contextual dependencies. 

BERT is an effective deep learning model for NLP tasks, 
based on the transformer architecture [17], built to understand 
the context of words in a sentence bidirectionally, i.e., it takes 
the objective word and looks for the words that are before and 
after it, rather than looking in one direction as in traditional 
models. The pretraining processes that make BERT robust are 
Next Sentence Prediction (NSP)—where the model learns 
sentence-level coherence—and Masked Language Modeling 
(MLM)—where random tokens are masked and predicted. This 
dual-task setup supplies BERT with syntactic understanding 
and powerful semantic similarity, making it highly effective for 
downstream NLP tasks such as question answering, 
summarization, and text classification.  

In [18], a comparative investigation on the performance of 
unsupervised extractive summarization approaches was 
presented, assessing Probabilistic LSA (PLSA), Latent 
Semantic Analysis (LSA), and MMR on a Persian broadcast 
news dataset consisting of over 7,000 sentences and 115,000 
words. This system focused on query-based and generic 
summarization. Query Expansion (QE) was utilized for 
reducing the mismatch between the vocabulary issues in 
information retrieval, enriching ambiguous or short queries 
with extra terms.  

Classical methods, such as Rocchio and RM3, depend on 
pseudo-relevance feedback or BOW and fail to obtain deeper 
semantic relationships. Recent research has advanced through 
contextualized expansion techniques, leveraging pretrained 
transformer models. For instance, in [19], concept-based 
expansions (adding semantically related terms) were integrated 
with structural paraphrasing (e.g., converting short queries into 
full natural language questions), resulting in more powerful 
improvements. In [20], a three-phase model used BERT to re-
rank candidate documents, then select the most relevant tokens 
from the top-ranked documents, and finally combine them into 
an expanded query for a second re-ranking phase. BERT-based 
QE is most effective when expansion is not limited to 
additional keywords but instead includes semantic structure 
and contextual evidence. In [21], a supervised learning-to-rank 
system effectively combined global and local information for 
extractive MDS to enhance sentence choice. This method relied 
on a rich set of feature engineering to measure the significance 
of a sentence, and was evaluated on five benchmark datasets, 
both Vietnamese and English. In the Vietnamese datasets, 
ROUGE-1 results were 0.819 and 0.801, while on DUC 2004, 

ROUGE-1 was 0.3954. However, this system did not utilize 
contextual embedding models, was strongly based on manual 
feature engineering, and redundancy was addressed through 
constant similarity thresholds. 

The key contributions of this study are:  

• Builds a hybrid summarization model that integrates topic 
modeling, clustering, contextual embedding, and DLR, 
leveraging a cluster-specific query matching mechanism 
that ensures efficient and focused summarization by 
narrowing the search space to the most relevant cluster of 
documents to support short or ambiguous queries.  

• Leverages the Bellman equation in DRL and implements a 
BERT-based coherence scoring method that integrates the 
MMR principle in building the reward function. This allows 
the agent to generate logically consistent and semantically 
rich summaries.  

• Designs a DQN-based sentence selection model that uses 
BERT embeddings [22] to evaluate and optimize relevance, 
novelty, and coherence during summary generation. 

II. PROPOSED SYSTEM 

The proposed architecture, shown in Figure 1, incorporates 
several NLP techniques to generate a relevant and concise 
summary, each crucial in ensuring that the generated summary 
is query-focused and comprehensive while avoiding 
redundancy. The proposed system operates in six main steps. 

A. Input Stage 

The input for the training step of the system is a corpus of 
documents �  with multiple queries �  and multiple reference 
summaries. Testing is performed in the same manner but with a 
new corpus. 

B. Initialization Stage 

This stage integrates a topic model (LDA) and clustering 
(K-means algorithm). LDA is used to identify the distribution 
of topics within the document and align them with the query. 
Thus, each sentence and document has a probability 
distribution on these topics. This creates a pure understanding 
of topics in documents and helps solve the challenge of 
choosing the sentences that are most relevant to the query to 
generate the summary. Filtering out irrelevant topics, 
condensing the content to the most pertinent information, 
matching the topic distribution with the query, and analyzing 
the distribution of these topics help address some of the 
challenges in summarization. Based on the probabilistic 
distribution of topics identified by the LDA (�� , �� ,…, �� ), 
these documents are sorted using a k-means algorithm into a set 
of clusters (��, ��,…, ��). The idea is to group documents that 
are semantically similar and cover specific topics. The system 
tokenizes the documents in each cluster into sentences. The 
tokens are then transformed into vector numerical 
representations, i.e., embedding using BERT. Since BERT is 
bidirectional, it can efficiently learn the context of each word 
by examining its neighboring words, and utilizes an attention 
method for focusing on significant words. This helps in best 
understanding semantic relationships and generating context-
aware embeddings for each token.  
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Fig. 1.  The proposed system. 
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Each cluster contains vectors (sentence embeddings) 
created with BERT following the tokenization stage. Using 
cosine similarity between the query embedding and the 
centroid calculated for each cluster, rather than comparing with 
each sentence embedding, the proposed system reduces the 
time required to retrieve only the cluster that is most relevant to 
each query. Assume, for instance, that each cluster � has 	 
vectors, 
�, 
�,
�, where each vector 
� represents a sentence 
embedding. The following formula is used to determine the 
cluster's centroid �:  

� = �

� 
∑ 
��

���     (1) 

Applying the k-means with LDA addresses the relevance 
challenge faced by the summarization issue after retrieving the 
most relevant cluster. The initialization stage also helps to 
narrow the search space. 

C. Training Stage 

This stage utilizes a DRL model and a construct agent for 
unit (sentence) selection to generate a summary by training on 
the most relevant clusters [�� ���, ��, … , ��� , 
 �� ���, ��, … , ��� , … , �	]  with the corresponding queries 
���, ��, … ���. The output of the initialization stage is used in 
the testing step to generate an Extractive Query-Based 
Summary (EQBS). The combination of (� and �) represents 
an environment where each document includes �  sentences, 
with {��, �� … . , ��}  being the possibility of an action. The 
selected sentences and their relationships with the query 
represent the current state (�). An action (�) will either select 
or skip a sentence based on the current state. The reward 
function ( ) considers the relevance to the query based on the 
cosine similarity measure, novelty to avoid redundancy, and 
coherence. The main goal of this system is to create an EQBS 
by selecting �  of sentences from � , where ! =
{"#�, "#�, … , "#�}  and � < 	 . This summary must be 
prominent, should not have repeated sentences, and should be 
relevant to the query. 

First, preprocessing is applied, with a set of sentences 
{��, ��, … , ��} and a query � as input. Preprocessing involves 
removing noise such as stop words and special characters, and 
then converting the text to lowercase to ensure uniformity.  

The summarization environment is defined by employing 
DRL, where the summarization process is modeled as an MDP 
with the concepts State Representation, Action Space, and 
Reward Function. The combination of the selected sentence 
vector and query vector, resulting from the embedding stage, 
contributes to constructing an environment that an agent 
interacts with to generate a summary. The agent observes the 
current state representation (selected sentences and remaining 
candidates) and, from the action space, either selects the 
current sentence or skips it.  

The agent is built using two deep neural networks, a Deep 
Q-Network (DQN) and a target network with experience 
replay. The DQN agent is used to learn an optimal policy for 
selecting sentences to predict the long-term cumulative reward 
for each possible action (2). DQN uses a neural network to 
approximate the Q-value function to generate informative 

features to represent the states of the reinforcement Bellman 
model. DQN is used when the action space or states are huge. 
During training, a reward is mapped to an agent, taking into 
account relevance, novelty, and coherence. The agent learns 
which sentences maximize the reward, balancing query 
relevance and information diversity, and utilizing experience 
replay and policies to balance the exploration of new sentence 
combinations and the exploitation of known good policies. At 
the training step, an agent periodically selects sentences, 
updates the state, and receives rewards: 

�%�%&���
# #'�() = (� + + (� + + (� + ⋯ (2) 

where (�   is the instant reward after the first action, (�  
represents the reward after the second action, and (�  ,(- , …  
refer to rewards further in the future, and +  refers to the 
discount factor between 0 and 1 that controls how much future 
rewards are valued compared to instant rewards  

A target network is used to stabilize learning by reducing 
oscillations in Q-value updates. At each step, Experience 
Replay is employed to store tuples [state ("), action (�), reward 
((), next state("’)], which provide samples for training an agent. 
During the training stage, an agent periodically selects 
sentences, updates the state, and receives rewards. This allows 
the model to work in a sequential decision-making process to 
generate the summary.  

The reward given to an agent during training takes into 
account many factors, as shown in Figure 2.  

 

 

Fig. 2.  Reward factors. 

This model implements the MMR technique with a BERT-
based coherence model to build the reward function: 

(/ =  

0� ×  #&#
�	�# + 0� × 23
#&�4566666666676666666668
99: /;<=��>?;

+ 0- × �3ℎ#(#	�# (3) 

The 0� ×  #&#
�	�# + 0� × 23
#&�4  represents the 
implementation of MMR, which aims to handle some 
challenges faced by generative extractive summarization tasks, 
such as relevance (measured using cosine similarity between 
the query embedding and sentence embedding) and diversity, 
by reducing duplicates and ensuring that the selected sentences 
are distinct from those previously selected for inclusion in the 
generated summary. MMR guarantees that the final summary is 
comprehensive and varied, capturing various aspects of the 
query without repeating information (4). This process will 
finish when the required length of the generated summary is 
reached. 
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AA �"� = 0 × ����&�(��4�", �%#(4�56666666766666668 
:;B;CD�<;�E,F�

−

      �1 − 0� × ��I
JK∈E

����&�(��4�", "M�566666666676666666668
NOC;B/P��;QJ,EJ;B;</;R�

   (4) 

where � is the selected sentence, � is the query, "′: ∈ �J;B;</;R, 

and 0�, 0�, 0- refer to hyperparameters (weights). 

By design, the reward function also takes into account 
coherence to measure the Semantic Relatedness Between 
Adjacent Sentences, which is measured using the BERT-based 
coherence model equation (5): 

�3ℎ#(#	�#�"/T�, "/� = �

�T�
∑ �3" �"/T�, "/��T�

���  (5) 

D. Testing Stage  

This stage involves the trained DQN agent forming a 
concise final extractive summary for each query by 
concatenating selected relevant sentences tailored to the query. 
After training, a new corpus with the same structure as that 
used in training (multiple documents, multiple queries, and 
multiple reference summaries) is initially used to apply the 
LDA model and K-means to narrow the research space by 
retrieving the most relevant cluster for each query. The trained 
DQN agent uses the query and sentence embeddings achieved 
using the BERT model. The combination of sentence 
embedding and query embedding represents the state for the 
trained DQN agent to interact with an environment and select 
the sentence to be added into the generated summary or skip it 
to generate the extractive summarization for each query. 

E. Evaluation Stage 

The performance of the proposed method was assessed and 
compared with different text summarization methods using the 
ROUGE standard to evaluate validity and dependability. 
ROUGE has metrics that are used to determine a summary's 
quality by contrasting it with other people's summaries [23]. 
ROUGE fundamentally measures the overlap of n-grams, i.e., 
counts the number of words that interfere between the system-
created summaries and the summaries' references. ROUGE 
involves a variety of automatic metrics such as ROUGE-1, 
which measures the overlap of unigrams (single words), 
ROUGE-2, which measures the overlap of bigrams (two-word 
sequences), and ROUGE-L, which measures the Longest 
Common Subsequence (LCS) for two provided sequences. 
ROUGE-L estimates the proportion of the LCS of the 
generated summary to the LCS of the reference summary to 
determine how similar a reference summary and a candidate 
one are to each other. These metrics are typically used to 
evaluate how the proposed system captures important content 
from a reference summary.  

In addition, the proposed model was evaluated using the 
BERT score to measure the relevance of selected sentences to 
the user query using contextual embeddings (BERT similarity) 
[24], which is a recently suggested metric for the text 
summarization task to detect how two tokens of text are 
semantically similar to each other. This metric is more robust 
in extractive summaries, as it is necessary that sentences are 
extracted from the document but may not exactly match the 
reference, and are highly precise and relevant to the query. 

Additionally, human evaluation can be used to evaluate the 
proposed framework, taking into account its readability, 
diversity, and relevance to the query. 

III. DATASET AND QUERIES USED 

Two datasets were used. For DRL training, the QuerySum 
dataset was used because it directly supports query-based 
summarization tasks. The CNN/DailyMail dataset was used in 
the testing and comparative validation stage. These datasets 
were used to ensure that the proposed model not only learns 
from a query-focused dataset but also demonstrates 
generalizability and robustness when applied to an expanded 
summarization benchmark. 

The QuerySum dataset [25] is a large-scale benchmark for 
multi-document Query-Focused Summarization (QFS) tasks. It 
includes 27,041 high-quality samples, each including a natural-
language query (�), a human-validated summary (reference or 
gold summary), and up to 10 related multiple source 
documents, with an average of 5.5 per sample, retrieved 
primarily from Wikipedia. QFS simulates real-world 
requirements where the user introduces a question and the 
system retrieves the condensed and relevant information. 
Unlike classical summarization datasets, QuerySum has 
summaries dependent on user queries, which are complex 
questions across multiple documents. It focuses on non-factoid 
queries, such as "why," "what," and "how," that demand a 
deeper understanding and synthesis of information. This makes 
it more challenging and realistic compared to factoid-based 
Query Answering (QA) datasets. It is built using seed queries 
extracted from Answers.com and extended via Google Search 
to form query clusters, further annotated manually to define 
semantic relationships (synonymous, related, or unrelated). 
This structure supports deeper modeling of query intent and 
semantic generalization. 

 

 

Fig. 3.  Sample of Query Sum. 

The CNN/Daily Mail dataset [26], used for testing, contains 
CNN and Daily Mail news articles and a human-written gold 
summary. The dataset has 286,817 training pairs, 13,368 
validation pairs, and 11,487 test pairs. The training set has 766 
words across 29.74 sentences, while the summaries include 53 
words and 3.72 sentences.  
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The query is an essential part of the input stage, as it 
provides the context or intent that assists in selecting sentences 
from documents to generate an EQBS. This query is either 
already founded in the structure of the dataset, as in the 
QuerySum dataset (used in the training stage), extracted 
automatically using different approaches, such as Text Rank to 
extract keywords in short queries (as in the test stage with the 
CNN/Daily Mail dataset), or written by humans (i.e. written by 
users or experts in the domain).  

IV. RESULTS AND DISCUSSION 

The proposed extractive query-based summarization 
framework was evaluated using ROUGE and BERT scores. 
Initially, LDA was applied to obtain the topic distribution for 
each document, and Figures 4-5 show the results based on the 
distribution of topics for each document.  

 

 

Fig. 4.  Topic distribution per document (first 10). 

 

Fig. 5.  Heatmap of topic distributions across documents. 

Figure 6 shows a word cloud for the top words in each 
document. Based on these topic distributions, the documents 
were clustered using K-means, introducing a focused context 
for each query through the summarization process. Finally, 
Figure 7 shows documents in each cluster. 

 

Fig. 6.  Results of applying the LDA model. 

(a) 

 

(b) 

 

Fig. 7.  Documents in each cluster. 

A pretrained BERT model was used to tokenize the 
documents in each cluster, along with the queries. To 
determine the most relevant cluster for each query, the centroid 
for each cluster (representing the mean for all sentence 
embeddings) was calculated as shown in Figure 8. 



Engineering, Technology & Applied Science Research Vol. 15, No. 6, 2025, 30087-30096 30094  
 

www.etasr.com Hussien & Al Hameed: Topic Model and Deep Reinforcement Learning Applied to the Extractive … 

 

 

Fig. 8.  Calculation of the centroid for each cluster. 

The cosine similarity between each centroid vector and 
each query embedding was then calculated, retrieving the 
cluster that has the highest similarity to represent the most 
relevant context per query, as shown in Figure 9(a). Figure 9(b) 
refers to each query with its relevant cluster and describes the 
total number of documents that are grouped according to the 
LDA distributions within this cluster. 

 

(a) 

 

(b) 

 

Fig. 9.  Retrieving the most relevant cluster for each query. 

The DRL model, dependent on the DQN architecture with a 
target network and replay memory, was trained to choose or 
skip sentences from the relevance cluster. The reward function 
was built to balance various factors: sentence diversity 
(novelty), semantic relevance, and coherence calculated using a 
BERT-based coherence model, as shown in Figure 10. Table I 
shows a comparative evaluation of the proposed framework 
and various established benchmark approaches reported in the 
literature. The results of the proposed model were obtained by 
experimental implementation, while the baseline scores of 
other methods refer to their original publications. All models 
were evaluated using ROUGE-1, ROUGE-2, and ROUGE-L 
metrics, which calculate the overlap of unigrams, bigrams, and 
longest popular subsequences between the created and 
reference summaries. These results show that the proposed 

model consistently outperformed traditional approaches, where 
high ROUGE values indicate that the summaries generated by 
the proposed model preserve a readable structure, capture the 
main information (coverage), and align well with the reference 
or query (relevance) under comparable settings to ensure a fair 
performance comparison. 

 

 

Fig. 10.  Training sample. 

TABLE I.  COMPARISON OF THE PROPOSED SYSTEM 
WITH BASELINE APPROACHES 

Approaches  R1 R2 R-L 

Proposed model (DRL+LDA+K-means) 50.03 27.30 39.86 

Dynamic Clustering and Co-Reference 

on BERT [11] 
41.4 17.9 39.9 

Reinforcement Learning and 

Transformer Model [9] 
7.9 9.1 8.5 

K-means, Centroid-based Method, 

MMR, and Sentence Position [14] 
40.93 9.53 

37.05 

 

DRL(CNN-RNN) 

DRL(RNN-RNN) [27] 

39.3 

39.4 

15.8 

16.1 
/ 

 
The proposed model utilizes the BERT score to assess 

coherence by calculating the semantic similarity between the 
generated and reference summaries based on the embedding. In 
the reward function, the implementation of the BERT-based 
coherence model contributes to satisfying the logical cohesion 
and sentence transitions within the generated summaries. 
Diversity was validated by utilizing MMR, which rewards 
novelty while penalizing redundancy in sentence selection. 
Furthermore, when comparing sentence similarity scores, 
redundancy reduction indicates a lower redundancy rate and 
higher diversity.  

As shown in Table II, ROUGE-2, ROUGE-L, and 
ROUGE-1 scores were enhanced significantly when BERT-
based coherence and MMR were integrated in the reward 
function, with a BERT score of 88%, ROUGE-1 of 50%, 
ROUGE-2 of 27%, and ROUGE-L of 39%. This indicates that 
the summaries created by the trained agent not only involve 
relevant information but also reduce redundancy and preserve 
semantic context. These results highlight the importance of 
combining both diversity-aware selection mechanisms and 
coherence modeling in the reward function. Visualizations of 
training progression, such as sentence chosen positions and the 
mean reward for each episode, show that an agent learned to 
prefer top sentences that are semantically contextual and 
coherent. In general, the proposed system successfully 
integrates BERT-based coherence, unsupervised topic 
modeling, and DRL in a reward function with multiple factors 
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to create diverse, relevant, concise summaries for user queries. 
The improvement over classical methods in both BERT and 

ROUGE scores, along with readable, coherent summaries, 
demonstrates the effectiveness of the proposed framework. 

TABLE II.  RESULTS OF THE SUGGESTED SYSTEM COMPARED TO REFERENCE SUMMARIES 

Queries Generated summaries Reference summaries 
ROUGE BERT 

similarity score R1 R2 R-L 

a Chinese 

prison 

A high-level ministerial briefing exclusively 

obtained by Daily Mail Australia reveals an 

'unprecedented' number of Australians could face 

the death penalty in China for drug smuggling. 

The revelation follows widespread public anger 

at ……….. 

The number and seriousness of Australians facing the 

death penalty in China is 'unprecedented', that's according 

to a high-level ministerial briefing obtained by Daily Mail 

Australia under freedom of information laws. 

Many Australians arrested were for the drug 'ice'. As 

many as ………. 

39.7 19.5 26.8 86.4 

a further 

11 

dentists 

Britain's five highest-earning NHS dentists are 

paid average salaries of £690,000 a year. The 

sum is almost five times the Prime Minister’s 

£142,500 pay, thousands of ….. 

Highest-earning NHS dentists earn almost five times more 

than the Prime Minister’s £142,500 pay packet. A further 

11 dentists were paid between £400,000 and £500,000 a 

year. Lay bare huge …… 

60.50 42.74 47.06 90.13% 

three 

women 

Christopher Bridger, 25, from Stevenage, 

Hertfordshire, attacked three women after 

separate drinking sessions and was jailed for 12 

…. 

Christopher Bridger, 25, attacked three women after 

drinking sessions. 

An ambulance worker told women he was gay before 

assaulting them in bed. ……. 

48.65 21.92 39.19 88.76% 

shooters 

DARPA says the smart bullets will also help 

shooters who are trying, for example, to hit 

targets in high winds. The goals of the EXACTO 

are the safety of American troops, DARPA said. 

50-caliber bullets equipped with optical sensors can 

follow moving targets. 

The "smart bullets" can help shooters shooters a greater 

range and make American troops safer. 

51.22 25.00 46.34 89.44% 

 

V. ABLATION STUDY 

An ablation study was performed to assess the contribution 
of each technique in the proposed model. This approach 
systematically replaces or isolates one component at a time, 
maintaining the remainder unchanged, to measure the effect of 
each component (LDA, K-means, MMR, and BERT-based 
Coherence) on the performance of the summarization 
framework. The results in Table III show that all components 
contribute positively to the results of the proposed system. 
Specifically, MMR plays a major role in increasing diversity 
and reducing redundancy, and BERT-based coherence ensures 
logical sentence flow and overall readability. Removing topic 
modeling components (LDA and K-Means) negatively impacts 
the coverage and relevance of generated summaries, 
highlighting the significance of topic-aware clustering. These 
results emphasize that the combination of all components leads 
to the best summarization performance. 

TABLE III.  ABLATION STUDY RESULTS FOR DIFFERENT 
MODEL VARIANTS USING ROUGE AND BERT SCORE 

Model variants R1 R2 R-L 
BERT  

similarity score 

Proposed model 

(DRL+LDA+K-means) 
50.03 27.30 39.86 86.4 

Proposed model without 

LDA+K-means 
48.22 20.9 38.9 85.5 

Proposed model without 

MMR 
44.9 17.1 28.5 83.5 

Proposed model without 

BERT-based coherence 
41.44 13.53 37.05 80.2 

 

VI. CONCLUSION 

This study presented a comprehensive extractive query-
based summarization system that combines a clustering 
algorithm, topic modeling, and BERT for embedding. This 
system efficiently arranges documents based on topic 
distributions in coherent clusters by leveraging K-means and 

LDA. Representing both sentences and queries semantically by 
BERT embeddings helps to accurately retrieve the most 
relevant cluster for each query after calculating the cosine 
similarity with the centroid for each cluster. The reward 
function integrates BERT-based coherence with MMR, guiding 
the DQN-based summarization agent and training it to choose 
sentences that best match the query context. The results 
indicate that this model creates more coherent, less redundant, 
and more relevant summaries than baseline extractive 
approaches. The combination of multiple reward considerations 
and the use of topic-aware clustering highly improves the 
model's ability to focus on contextually appropriate content, 
resulting in enhanced performance during evaluation measures. 

VII. LIMITATIONS AND FUTURE WORK 

Although the proposed system demonstrated powerful 
performance, it suffers from several limitations, such as 
addressing ambiguous and very short queries, where the lack of 
query context makes it hard to identify the most relevant 
sentences or clusters, limiting scalability. Future work will 
investigate query expansion approaches to better support vague 
or short queries. 
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