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Abstract  

This study investigates the performance of FlanT5-based transformer models in handling Multiple-Question Answering (M-

QA) tasks, in which multiple semantically related questions must be addressed with a single cohesive answer. Unlike traditional 

QA systems that focus on one-to-one question-answer pairs, the M-QA approach challenges the model to understand contextual 

relationships across several questions tied to the same topic. A custom dataset was developed with shared context, grouped 

questions, and a unified answer to train and evaluate the model. The FlanT5 architecture was fine-tuned using different 

learning rates (0.0001, 0.0002, 0.0003) to explore the effect of training configurations on model performance. The evaluation 

was conducted using the ROUGE-1, ROUGE-2, ROUGE-L, and ROUGE-Lsum metrics. The results indicate that a learning 

rate of 0.0003 provides the optimal performance, achieving a ROUGE-Lsum score of 0.7390. This study confirms the capability 

of instruction-tuned transformers to manage complex summarization scenarios that require contextual coherence. The findings 

are relevant for real-world applications such as intelligent digital assistants, clinical decision support, and educational 

chatbots. Furthermore, this study emphasizes the importance of hyperparameter tuning in improving the effectiveness of 

question-driven summarization systems for scalable and efficient deployment. 
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1. Introduction  

Recent advancements in Natural Language Processing 

(NLP), particularly with the advent of Transformer-

based models, have substantially enhanced the 

capabilities of various applications, including chatbots 

and question-answering (QA) systems. These models 

have revolutionized language understanding, enabling 

improved contextual interpretation and response 

generation in tasks like question answering [1], [2], 

Despite the advancements made, a substantial portion 

of research involving Transformer models continues to 

focus on simpler frameworks that address single-

question, single-answer tasks.  

However, studies on more complex scenarios such as 

Multiple-Question Answering (M-QA), including 

research on UnifiedQA [3] and PEGASUS [4], 

highlight the challenges and solutions to handling 

multiple related questions within a single context. 

Additionally, recent developments in instruction-tuned 

models have proven effective in enhancing question 

answering capabilities, as seen in models like T5 and 

FlanT5.  

These studies underscore the gap in the current 

literature concerning M-QA tasks, which this research 

aims to address, while Transformer models such as T5 

[5] -  [8] existing benchmarks such as UnifiedQA (48%) 

[3] and PEGASUS (57%) [4] provide strong baselines 

for question answering, focusing primarily on single-

question scenarios, whereas this study targets multiple 

related questions requiring a cohesive answer. have 

shown remarkable success in handling basic QA 

systems 

The ongoing challenge within Transformer-based 

approaches is managing more complex scenarios, such 

as providing a cohesive response to multiple 
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interrelated questions that share the same answer, 

Multiple-Question Answering (M-QA) is essential to 

distinguish it from single-question QA, where each 

question is answered independently. In M-QA, multiple 

questions sharing the same context are linked to 

generate a single, cohesive answer.  

For example, questions about Goddess Durga such as 

"What does Goddess Durga symbolize?" and "Who is 

the goddess representing strength?" are answered 

consistently as Durga is a symbol of strength. This 

issue, which concerns maintaining semantic coherence 

across multiple questions, remains unresolved. Despite 

the widespread application of Transformers for 

individual question-answer pairs, the scalability of 

these models for M-QA tasks, which require a deeper 

understanding of inter-question relationships, remains 

an open area of research  [9]. This research aims to fill 

this gap by exploring Transformer models' 

effectiveness in answering multiple related questions 

with a unified response. 

The importance of this research lies in its potential to 

enhance the efficiency and accuracy of NLP systems, 

especially in complex, real-world applications such as 

customer [10] - [13], educational platform [14] - [16] 

and healthcare [17] - [19]. By examining how 

Transformer models handle semantic relationships 

across multiple questions, this study will contribute to 

the development of more advanced and practical QA 

systems. 

The focus of this study is to assess various Transformer 

models FlanT5 in M-QA tasks. This will involve a 

comparative analysis of their effectiveness in 

understanding the relationships between questions and 

providing accurate, consistent answers, thereby offering 

insights into model training strategies, architecture 

enhancements, and dataset diversification for improved 

performance. Using evaluation metrics such as 

ROUGE, this study aims to provide valuable insights 

into optimizing these models for complex question-

answering scenarios, ultimately advancing the 

development of sophisticated AI chatbot systems. 

2. Methods 

This section outlines the methodologies employed in 

the design experiment and evaluation of the proposed 

model, detailing the data preparation process, model 

architecture, hyperparameters, and the evaluation 

metrics used to assess its performance. 

 

Figure 1. Research Method 

This research follows a structured pipeline starting with 

the preparation of an M-QA dataset containing multiple 

semantically related questions and a unified answer. 

Data annotation highlights overlapping semantics to 

guide model understanding. FlanT5 is selected as the 

core model, The rationale for using FlanT5 with 

learning rate optimization is present but weakly argued 

as novel. Context-Aware Learning Rate (CALR) has 

been shown to improve model convergence and 

stability by dynamically adjusting the learning rate 

based on the context of training data [20], [21].  

This approach is expected to outperform traditional 

fine-tuning methods by reducing the likelihood of 

overfitting and accelerating learning, particularly in 

tasks that require deep semantic understanding. 

followed by hyperparameter setup including learning 

rate, batch size, and optimizer. The model is trained for 

60 epochs and evaluated using ROUGE-1, ROUGE-2, 

ROUGE-L, and ROUGE-Lsum. Various learning rates 

are compared to identify optimal performance. 

2.1 Dataset Preparation 

Optimising the data generation process to produce 

large-scale data sets involves utilising methodologies 

that improve efficiency and effectiveness. Various 

approaches, including generative modelling, simulation 

techniques, and advanced data processing methods, can 

significantly improve the quality and quantity of data 

set. In Figure 2, suggestion model experiment dataset 

 

 

Figure 2. Convergent Questioning Mapping 

The coloured boxes labelled 2, 3, and 4 represent 

different but related questions that are linked to the 

same topic. All these questions point to one unified 

answer, shown in red at the bottom. This setup helps the 

model understand different ways a question can be 

asked and still generate one clear and accurate response. 
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It trains the model to connect multiple questions to the 

same correct answer using the given context. 

This study's Multiple-Question Answering (M-QA) 

dataset was constructed by gathering context-specific 

questions and coherent and consistent replies.  This 

dataset has 500 questions and 2,000 answer separated 

into four categories: symbolism, physical traits, history, 

and mythology.  Manual annotation was used to verify 

each question and response by two experts for 

contextual relevance and correctness; to prevent 

overfitting, techniques such as data augmentation and 

regularization methods were employed, ensuring that 

the model generalizes well despite the relatively small 

dataset size.  

Cross-checking and error checking were used to ensure 

that the responses were relevant and appropriate to the 

questions posed.  Data quality analysis demonstrates 

that this dataset accurately represents the themes 

investigated, with an equitable distribution of questions 

across each category and strong answer consistency. 

In Table 1. It is explained that each word that has been 

marked becomes knowledge of the answers to all 

questions which are then summarised to become 

answers, which questions are marked more, it raises the 

possibility of a greater answer match, for example in the 

dur_1 context with the answer ‘Durga is a symbol of 

strength’, question 2 and question 4 have a chance of 

questions that will be quickly responded to this is 

marked with yellow, purple, and blue which are 

included in the mark of the answer. Likewise with dur_2 

and dur_3, the number of similar questions is one of the 

factors that provide faster answers. 

Table 1. Creation Dataset Multiple Question Answer (M-QA) 

Context Question 1 Question 2 Question 3 Question 4 Answer 

dur-1 apa yang 

dilambangkan oleh 

dewi durga 

“what does goddess 

durga symbolize” 

 

siapa dewi dengan 

simbol kekuatan di 

hindu 

“who is the goddess 

with the hindu 

symbol of power” 

durga adalah 

perlambangan dari 

simbol apa 

“durga is the epitome 

of what symbol” 

 

dewi apa yang 

melambangkan 

kekuatan 

“what goddess 

symbolizes power” 

 

durga adalah simbol 

kekuatan. 

durga is a “symbol 

of strength” 

dur-2 bagaimana mata 

dewi durga  

“how is the eye of 

goddess durga” 

seperti apa mata 

dewi durga  

“what does the eye 

of goddess durga 

look like” 

mata durga berukuran 

apa 

“what size are 

durga's eyes” 

apa ciri mata dewi 

durga 

“what is the meaning 

of goddess durga” 

durga memiliki 

ukuran mata yang 

besar. 

“durga has large eye 

size” 

dur-3 siapa musuh yang 

dikalahkan oleh dewi 

durga 

“who was the enemy 

defeated by goddess 

durga” 

dewi durga 

mengalahkan musuh 

siapa 

“goddess durga 

defeated whose 

enemy” 

durga mengalahkan 

musuh yang mana 

“durga defeated 

which enemy” 

musuh durga yang 

mana yang dikalahkan 

“which enemy of 

durga was defeated” 

musuh durga yang 

dikalahkan adalah 

mahishasura. 

“durga's defeated 

enemy was 

mahishasura” 

Table 2 give an explanation the hyperparameters used 

in the training of this model are designed to ensure the 

stability, efficiency, and generalisability of the model in 

handling complex M-QA tasks. A learning rate of 

0.0002 was chosen to provide stable training and 

prevent large jumps in optimisation, so that the model 

can achieve convergence gradually without losing 

stability. The selection of learning rates (0.0001, 

0.0002, 0.0003) was based on the principles of context-

aware [20], [22], [23],  learning rate  [24], [25], which 

dynamically adjusts the learning rate based on the 

model's context during training. This research suggests 

that moderate learning rates are optimal for maintaining 

gradient stability and improving convergence speed, 

especially in tasks with complex interdependencies, like 

M-QA. The batch size for training and evaluation was 

set at 24, an ideal compromise to ensure gradient 

stability while utilising GPU capacity efficiently. The 

consistency of batch size between training and 

evaluation ensures that the evaluation results reflect the 

true performance of the trained model. 

The seed was set at 42 to guarantee deterministic 

experiments, which is important to ensure the results 

can be replicated and support the validity of the study. 

The use of AdamW as the optimiser with parameters 

`betas=(0.9, 0.999) `and epsilon of `1e-08` provides 

adaptive capabilities in optimising the gradient, 

controlling momentum, and preventing overfitting 

through the weight decay mechanism. Linear learning 

rate scheduler is applied to gradually decrease the 

learning rate during training, allowing the model to 

avoid overfitting in the final epoch while still learning 

optimally. 

Table 2. Result Implementing Hyperparameter 

Hyperparameter Nilai 

learning_rate 0.0002 

train_batch_size 24 

eval_batch_size 24 

seed 42 

optimizer adamw_torch with betas=(0.9, 0.999) 

epsilon=1e-08 

lr_scheduler_type Linear 

num_epochs 60 

2.2 Hyperparameter 

In this study, a careful selection of hyperparameters is 

made to ensure the model can be trained optimally and 

produce maximum performance on M-QA tasks.  
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Learning rate is chosen to provide a balance between 

convergence speed [26] - [28] and training stability 

[25], [29], [30] so that the model can learn gradually 

without the risk of losing convergence. Train batch size 

and eval batch size to maximise GPU computational 

efficiency while maintaining gradient stability during 

training [31]. This study employs the AdamW 

optimizer to update model parameters during training. 

The update rule, shown in Equation 1, enables adaptive 

learning rates while decoupling weight decay to 

improve training stability and regularization. 

𝑛𝑡 = 𝑛0 𝑋 max ( 0,
1−𝑡/𝑇

1
)               (1) 

In Equation 1, 𝜃𝑡denotes the model parameters at 

training step 𝑡, 𝛼represents the learning rate, 𝑚̂𝑡and 

𝑣̂𝑡correspond to the bias-corrected first and second 

moment estimates of the gradients, respectively, 𝜖is a 

small constant added for numerical stability, and 

𝜆indicates the weight decay coefficient used to prevent 

overfitting. 

The choice of AdamW is particularly strategic, as it has 

demonstrated excellent adaptive capabilities for 

optimizing gradients [32], consistent performance 

across various tasks [33], and and strong regularization 

properties to prevent overfitting [34], especially in 

models with a large number of parameters.  

To quantitatively evaluate the lexical overlap between 

generated answers and reference answers in the M-QA 

setting, this study employs the ROUGE metric. 

Specifically, ROUGE-𝑛 is computed as defined in 

Equation 2, measuring the recall of overlapping n-

grams between system outputs and gold-standard 

summaries. 

𝑚𝑡 = 𝛽
1
𝑚𝑡 − 1 + (1 − 𝛽

1
)∇𝜃𝑡ℒ 

𝑣𝑡 = 𝛽
2
𝑣𝑡 − 1 + (1 − 𝛽

2
)(∇𝜃𝑡ℒ)2 

𝑚́𝑡 =
𝑚𝑡

1−𝛽1
𝑡 , 𝑣́𝑡 =

𝑣𝑡

1−𝛽2
𝑡  (2) 

𝜃𝑡 = 𝜃𝑡−1 − 𝑛𝑡 =
𝑚́𝑡

√𝑣́ + 𝜖
 

In Equation 2, 𝑛denotes the n-gram length, 

Countmatch(𝑛)represents the number of overlapping n-

grams between the generated answer and the reference 

answer, while Countref(𝑛)indicates the total number of 

n-grams in the reference text. 

ROUGE assesses the similarity between generated text 

and reference text by analyzing n-grams, phrase 

lengths, and lexical-level information. Studies [5], [35] 

have demonstrated that ROUGE is highly effective in 

evaluating outputs from generative models, particularly 

in assessing accuracy and contextual relevance in tasks 

like open-domain QA and sarcasm generation. 

However, these studies also highlight ROUGE's 

limitations, such as its inability to capture more 

complex semantic relationships, suggesting the need to 

combine ROUGE with manual evaluations or 

supplementary metrics for more comprehensive results. 

[36] introduced ROUGE-SS, a new variant that is more 

sensitive to semantic structures, making it more suitable 

for evaluating complex text tasks.  

Additionally, research by [37] - [39] emphasized that 

while ROUGE remains a dominant metric, integrating 

it with human evaluations or graph-based statistical 

methods can improve the accuracy of assessing domain-

specific outputs. ROUGE-L (Equation 3) is used to 

evaluate structural coherence via the longest common 

subsequence between generated and reference answers. 

𝑅𝑂𝑈𝐺𝐸 − 𝐿𝑠𝑢𝑚 =
1

𝑚
∑

𝐿𝐶𝑆(𝑆𝑖,𝑅𝑖)

𝐿𝑒𝑛𝑔𝑡ℎ (𝑅𝑖)

𝑚
𝑖=1              (3) 

In Equation 3, 𝐿𝐶𝑆(𝑋, 𝑌) denotes the length of the 

longest common subsequence between the generated 

text 𝑋and the reference text 𝑌. The precision and recall 

components are computed based on the LCS length 

relative to the lengths of 𝑋 and 𝑌, enabling balanced 

evaluation of both content coverage and structural 

alignment. 

In this study, unlike conventional one-to-one question 

answering, M-QA requires evaluation metrics that 

reflect both lexical accuracy and consistency across 

multiple semantically linked questions. 

3. Results and Discussions 

In this chapter, the results obtained from the study are 

presented and analyzed in detail. The discussion will 

focus on interpreting these findings, relating them to the 

research objectives, and comparing them with existing 

literature. This section aims to provide new insights into 

M-QA, examining how the findings align with or differ 

from previous studies, and exploring the implications of 

these results for both theory and practice in the field in 

figure. 

Figure 3 illustrates the performance of the FlanT5-

based baseline model over 30 epochs of training. The 

upper plot shows a significant decrease in both training 

and validation loss during the initial epochs, indicating 

rapid model adaptation. As training progresses, the 

losses continue to decline at a slower pace and remain 

closely aligned, suggesting that the model learns 

effectively without overfitting. By the final epoch, the 

model achieves approximately 0.73 in ROUGE-1, 0.71 

in ROUGE-2, and 0.73 in ROUGE-L, indicating strong 

summarization performance. These results confirm that 

the FlanT5-based model effectively learns to produce 

high-quality, coherent, and contextually accurate 

summaries over time. 

Figure 4 presents the training performance of the 

FlanT5-based model with a learning rate of 0.0001. The 

top graph displays the training and validation loss over 

30 epochs. Unlike the smoother convergence seen in the 

baseline model, the loss curves here show more 

fluctuation, particularly in the training loss, which 

experiences abrupt drops and spikes. This irregular 

pattern suggests that the learning rate might be too high 

for stable gradient descent, leading to oscillations rather 
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than steady convergence. Despite these instabilities, the 

validation loss continues to decrease and remains 

relatively lower, indicating that the model is still 

improving in its generalization performance. The 

bottom graph shows the evolution of ROUGE scores, 

where ROUGE-1, ROUGE-2, and ROUGE-L steadily 

increase throughout training. However, the 

improvement appears to plateau earlier compared to the 

baseline. ROUGE-1 and ROUGE-L approach values 

around 0.43, while ROUGE-2 stabilizes just under 0.30, 

indicating moderate summarization performance.  

  

Figure 3. FlanT5-based 

  

Figure 4. FlanT5-based+LR1 

 

Figure 5. FlanT5-based+LR2

Figure 5 displays the performance of the FlanT5-based 

model trained with a learning rate of 0.0002 across 60 

epochs. After this initial phase, the losses continue to 

decrease at a slower pace and converge toward zero, 

suggesting the model successfully minimizes error 

without signs of overfitting, as the validation loss 

closely follows the training loss throughout. Notably, 

ROUGE-L reaches slightly above 0.72, while ROUGE-

1 and ROUGE-2 approach approximately 0.73 and 0.69 

respectively by the final epoch. These results indicate 
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that the learning rate of 0.0002 supports more stable and 

sustained learning compared to lower rates, enabling 

the model to generate high-quality, semantically 

accurate, and structurally coherent summaries. 

 

Figure 6. FlanT5-based+LR3 

Figure 6 presents the training dynamics of the FlanT5-

based model with a learning rate of 0.0003 over 60 

epochs. The top plot illustrates a smooth and rapid 

decrease in both training and validation loss during the 

first 20 epochs, followed by a gradual decline and 

convergence towards near-zero values in later epochs. 

The close alignment between training and validation 

loss across epochs reflects consistent model 

generalization and the absence of overfitting, even at 

this higher learning rate. The bottom graph in Figure 6 

shows the ROUGE score progression throughout 

training. ROUGE-1, ROUGE-2, and ROUGE-L all 

demonstrate strong, steady growth, with no sharp drops 

or instability. By the final epochs, ROUGE-1 and 

ROUGE-L scores stabilize around 0.7379, while 

ROUGE-2 peaks at 0.7128. This plateau in high 

performance metrics suggests that the learning rate of 

0.0003 allows the model to reach its optimal 

summarization capability efficiently and effectively. 

Overall, this configuration achieves the best 

convergence and highest ROUGE scores, making it the 

most effective setting for training the FlanT5-based 

summarization model. 

The ROUGE metrics in Table 3, this table compares the 

performance of FlanT5-baseline with three model 

variants trained using different learning rates. 

Table 3 presents a comprehensive evaluation of the 

FlanT5-based model’s summarization performance 

using ROUGE metrics, comparing the baseline 

configuration with variations using different learning 

rates. The baseline FlanT5 model already shows strong 

results with ROUGE-1 at 0.7173, ROUGE-2 at 0.6752, 

and ROUGE-L at 0.7164, indicating solid performance 

in capturing unigrams, bigrams, and sentence-level 

structures in the generated summaries. However, when 

the model is fine-tuned with a learning rate of 0.0001, 

performance significantly drops across all metrics (e.g., 

ROUGE-1 = 0.4357), suggesting underfitting due to 

overly conservative updates [40], who noted that small 

learning rates can inhibit transformer adaptation during 

fine-tuning. 

Table 3. Model Performance Based on ROUGE 

Model Rouge1 Rouge2 RougeL RougeLsum 

FlanT5-

based 

0.7173 0.6752 0.7164 0.7174 

FlanT5+LR 

0.0001 

0.4357 0.2982 0.4326 0.4327 

FlanT5+LR 

0.0002 

0.7279 0.6940 0.7270 0.7260 

FlanT5+LR 

0.0003 

0.7378 0.7126 0.7379 0.7390 

Conversely, increasing the learning rate to 0.0002 leads 

to a noticeable improvement across all scores, with 

ROUGE-1 reaching 0.7279 and ROUGE-2 reaching 

0.6940. This aligns with prior work [41], which 

emphasizes the importance of optimizing learning rates 

for achieving effective convergence and generalization. 

The best performance is obtained at a learning rate of 

0.0003, where the model attains its highest scores—

ROUGE-1 at 0.7378, ROUGE-2 at 0.7126, and 

ROUGE-Lsum at 0.7390—demonstrating that a 

slightly more aggressive learning rate can facilitate 

better learning dynamics in FlanT5.  

This trend is consistent with observations [4] reported 

that modest increases in learning rate often led to faster 

convergence and higher performance in encoder-

decoder models when carefully regularized. Overall, 

the results underscore the critical role of learning rate 

tuning in maximizing the performance of QA-based 

summarization systems built on transformer. 

This research is critical because it targets the 

intersection of summarization and question answering a 

hybrid use case increasingly demanded in knowledge-

intensive domains such as healthcare, law, policy, and 

education. Unlike generic summarization, question-

driven summarization requires models not only to 

compress information but also to understand and 

highlight context-relevant content in response to 

specific queries.  

The FlanT5-based architecture, enhanced through 

careful hyperparameter tuning as demonstrated in this 

study, offers a compelling solution for such tasks by 
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integrating instruction tuning and transfer learning 

capabilities [42]. The empirical results in this study 

provide strong evidence that even minor architectural 

adjustments—such as tuning the learning rate—can 

significantly improve the quality of generated answers 

or summaries, thus enhancing user trust and task 

efficiency. 

Which abstractive summarization was explored in task-

specific contexts, and it was demonstrated that domain-

aware summarization consistently outperforms general-

purpose models when fine-tuned appropriately. 

Additionally [4], [43] on retrieval-augmented QA 

systems has shown that models trained with context 

relevance in mind produce more accurate, human-

aligned responses, reinforcing the value of fine-grained 

learning strategies like those applied in our 

experiments. 

This study significantly enhances the FlanT5 model via 

a targeted fine-tuning method for many-Question 

Answering (M-QA) tasks, allowing the model to 

provide coherent responses to many interconnected 

questions inside a single context.  This method contrasts 

with earlier models that concentrated only on one-to-

one responses, using semantic connections between 

questions to provide a more holistic answer. 

Experiments on hyperparameter optimisation, 

specifically on the learning rate, indicate that a rate of 

0.0003 produces optimal results, achieving a ROUGE-

Lsum of 0.7390, hence enhancing both convergence 

time and output quality relative to standard 

configurations. The value 0.0003 is the optimal solution 

for datasets with specific characteristics, namely 20,000 

questions with 5,000 answers. Other datasets will 

certainly require different learning rate characteristics. 

The results indicate that FlanT5 performs well in most 

M-QA tasks, with optimal learning rates leading to 

significant improvements in contextual coherence. 

However, despite these positive outcomes, the model 

faced challenges in handling questions that were highly 

ambiguous or required complex reasoning. Further 

error analysis revealed that questions with overlapping 

meanings, but subtle differences led to inconsistent 

answers, highlighting the need for further refinements. 

These limitations should be addressed in future work by 

incorporating techniques such as more advanced 

context modelling or error correction algorithms. 

FlanT5's applications span from educational chatbots to 

virtual healthcare guidance and intelligent digital 

assistants owing to its prior efficiency and adaptability 

over earlier models. It can handle complex interlinked 

queries, reduce the need for human input, and operate 

on low-resource devices. The results from this study 

suggest that hyperparameter optimization as well as 

model-specific adjustments of FlanT5 greatly enhance 

the quality of M-QA, thus revealing a notable potential 

for tackling complex and multi-layered text data in real-

world scenarios. 

Moreover, in the context of cultural heritage and 

historical texts, the proposed M-QA setting is 

particularly relevant due to the presence of symbolic 

meanings, repetitive narratives, and semantically 

overlapping questions. The experimental results 

indicate that FlanT5 can maintain contextual coherence 

when generating unified answers across culturally 

grounded questions, such as those found in mythology 

and historical narratives. This demonstrates the model’s 

suitability for cultural heritage and history-oriented 

question-driven summarization tasks. 

This lightweight efficiency makes the model 

deployable on edge devices or within cloud-constrained 

environments, broadening its accessibility. As such, the 

model is not only technically robust but also socio-

technically inclusive, offering a scalable solution that 

democratizes access to advanced natural language 

processing capabilities. Its real-world utility extends to 

enhancing productivity, reducing cognitive workload, 

and supporting more equitable access to AI-enhanced 

decision support across diverse sectors and user groups. 

4. Conclusions 

This study confirms that fine-tuning the FlanT5-based 

model with carefully selected learning rates 

significantly enhances its performance in question-

driven summarization tasks. Among the tested 

configurations, a learning rate of 0.0003 yielded the 

highest ROUGE scores across the board, demonstrating 

the model’s ability to generate concise, coherent, and 

context-aware summaries that align well with user 

intent.  

These findings emphasize the value of targeted 

hyperparameter optimization in unlocking the full 

potential of instruction-tuned transformer architectures 

like FlanT5. Given its high accuracy and efficiency, the 

model holds strong potential for deployment in real-

world applications across knowledge-intensive sectors 

such as healthcare, legal services, and digital public 

administration. 

However, several limitations should be acknowledged. 

The study’s evaluation relied exclusively on automatic 

metrics such as ROUGE, which, while informative, 

may not fully reflect the semantic depth, fluency, or 

factual accuracy of the generated summaries. 

Moreover, the experiments were limited to a single 

dataset and task domain, which may constrain the 

generalizability of the findings. Other influential 

hyperparameters and architectural modifications—such 

as batch size, optimizer variants, or attention heads—

were not explored in this research. Additionally, aspects 

related to real-world deployment, such as model 

latency, interpretability, and user feedback, were not 

measured. 

For future research, it is recommended to incorporate 

human-centered evaluations to assess the contextual 

and semantic quality of the summaries more 

holistically. Expanding the experiments to include 
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multilingual datasets and few-shot learning scenarios 

could improve the model’s adaptability. Further 

optimization strategies, such as dynamic learning rate 

schedules, curriculum learning, or reinforcement 

learning with human feedback, should also be explored. 

Finally, integrating the model into end-user applications 

and assessing its practical impact on usability, task 

efficiency, and decision-making outcomes would 

provide valuable insights into its real-world utility 
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