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Abstract:  
Question answering models are designed to automatically generate accurate and contextually 
relevant answers from a dataset. These models leverage advanced techniques in natural 
language processing, such as transformer architectures like BERT and RoBERTa, to 
understand and extract the precise information needed to formulate responses. This work 
presents a comparative evaluation of BERT and RoBERTa models, focusing on key 
performance metrices such as Exact Match (EM), BiLingual Evaluation Understudy (BLEU), 
and F1 Score. Start word score and end word score determine the precise boundaries of the 
answer within a passage. These scores reflect the ability of the model and its accuracy is 
crucial for high EM and F1 Scores. RoBERTa's advanced architecture and fine-tuning 
processes enable it to more accurately identify these positions, resulting in more precise and 
contextually relevant answers. This study highlights RoBERTa's superior performance, with 
an EM of 75%, a BLEU of 80%, and an F1 of 87%, outperforming BERT, which achieved 
70%, 75%, and 82% in the respective metrics. The findings of this study establish RoBERTa 
as the preferred model for question answering tasks, particularly in applications requiring high 
precision and exact answer identification. This research emphasizes the importance of start 
and end word selection in driving model performance and suggests areas for further 
refinement in question answering systems. 
Keywords: Question Answering, Start Word, End Word, Natural Language Processing, 
Transformer Model. 
1. Introduction 
Question-Answering (QA) based on Natural Language Processing (NLP) have emerged as a 
pivotal area of research, driven by the need for accuracy and efficiency. Traditional QA 
systems have predominantly focused on generating single-word or short-phrase answers, 
which, while useful in certain contexts, fall short in scenarios requiring more detailed and 
contextually rich responses. The development of large-scale datasets like SQuAD 2.0 has 
catalysed significant advancements in QA systems by providing a benchmark for the 
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development and evaluation of new schemes [1]. SQuAD 2.0 introduces more complex 
questions, often necessitating the identification of whether a question is answerable based on 
the provided text. This dataset has become a cornerstone for training QA models, yet it 
predominantly features single-word answers, limiting its applicability in real-world scenarios 
where nuanced, sentence-level responses are required. As such, there's a persistent need to 
advance beyond the current capabilities of QA systems to deliver more comprehensive 
answers. Extractive question answering involves selecting a specific span of text from a given 
passage that directly answers a query [2]. The model identifies and extracts the relevant 
portion of the text that most accurately responds to the question posed. The process flow of 
general question-answer model is illustrated in Figure 1. 

 
Figure 1: Extractive question-answer model 

Bidirectional Encoder Representations from Transformers (BERT) has the ability to 
comprehend the context and it has revolutionized the way machines process and understand 
language. Despite these advancements, the inherent design of BERT and similar models still 
gravitates towards providing concise answers, often missing the mark in generating elaborate 
responses [3]. The limitations of single-word answers are starkly evident in practical 
applications. There is a gap in NLP research that underscores the necessity for QA systems 
that can produce longer, more contextually relevant answers, enhancing their utility across 
various domains. This work proposes a novel pipelined architecture that extends the 
capabilities of BERT by incorporating Deep Learning (DL) classifiers for start and end score 
classification. This approach aims to generate sentence-level answers by leveraging the 
strengths of BERT in understanding and processing natural language, while addressing its 
limitations in answer length and contextuality [4]. The development of this model involves 
several critical steps. Initially, we train the baseline BERT model using the SQuAD 2.0 
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dataset, which serves as the foundation for our QA system. The training process is designed to 
enhance BERT's ability to identify the span of text corresponding to the answer. Next, we 
introduce a DL classifier that employs a softmax activation function to identify the start and 
end words. This classifier enhances BERT's precision in pinpointing the relevant portion of 
the text, thereby facilitating the generation of longer answers. 
The testing phase involves feeding customizable paragraphs and questions into the model, 
assessing its ability to adapt to various contexts and generate appropriate answers. By 
analysing the start and end word scores, we refine the model to improve its accuracy and 
reliability in producing sentence-level responses. By generating longer, contextually rich 
answers, our model can be deployed in diverse applications such as educational platforms, 
customer service, and virtual assistants [5]. These systems can provide detailed explanations, 
instructions, and solutions, enhancing user satisfaction and engagement. The integration of 
advanced DL techniques with transformer models like BERT/RoBERTa exemplifies the 
potential for hybrid approaches to overcome the constraints of individual methodologies. 
This research presents a comprehensive exploration of a novel pipelined architecture designed 
to enhance QA systems. By leveraging the strengths of BERT and integrating DL classifiers 
for start and end score classification, we aim to generate sentence-level answers that are more 
aligned with real-world requirements. This approach not only addresses the limitations of 
single-word answers but also contributes to the advancements of intelligent and responsive 
models. The following sections will delve into the literature review, methodology, 
experimental results, and conclusions drawn from this research, providing a detailed account 
of our approach and its implications for the field of NLP. 
2. Literature Review 
Transformer models have revolutionized NLP by enabling more accurate and contextually 
aware understanding of text, leading to substantial improvements in QA tasks. Previous 
research has focused on enhancing model architectures, fine-tuning strategies, and evaluation 
metrics to optimize performance in various QA scenarios. This review explores the evolution 
of QA models by highlighting the key contributions, methodologies, and findings. 
Seo et al. [6] developed a scalable document comprehension by utilizing phrase-indexed QA 
approach. This model ensures effective retrieval during the QA phase. The model enforced 
independency from encoders, which significantly enhanced the scalability and efficiency of 
the QA system. Tay et al. [7] presented a DL-QA model based on hyperbolic embeddings. The 
simplicity of HyperQA, requiring no feature engineering or complicated attention 
mechanisms, yet achieving competitive performance, is particularly noteworthy. Min et al. [8] 
incorporated essential sentences into the QA model, significantly reducing training and 
inference times. This approach not only enhances efficiency but also improves robustness to 
adversarial inputs, making the model more reliable in real-world applications. 
Devlin et al. [9] introduced a transformative approach in NLP by utilizing bidirectional 
training of transformer models to achieve a deep understanding of language context. The 
ability of BERT to understand previous and following words in a sentence significantly 
enhances its comprehension capabilities. Park et al. [10] introduced S2-NET neural network 
for machine reading comprehension that uses self-matching attention mechanisms. This 
model processes the passage and question with attention and self-matching strategies to 
capture the intricate relationships between them, allowing for better comprehension and 
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answer extraction. Yu et al. [11] integrated Convolutional Neural Networks (CNNs) and self-
attention mechanisms to improve reading comprehension. The model uses CNNs for local 
feature extraction and self-attention for capturing global dependencies, which improves the 
efficiency and accuracy of the QA system. This hybrid approach allows QANet to achieve 
faster training times compared to traditional NLP models. 
Ashish [12] developed an attention-transformer with the ability to handle long-range 
dependencies and parallelize computations makes it particularly effective for QA tasks. DrQA 
is an open-domain QA system developed by Chen et al. [13], that reads Wikipedia articles to 
answer questions. The system consists of reader and retriever, which work together to find 
relevant articles and extract answers. DrQA's approach of leveraging large-scale knowledge 
sources like Wikipedia demonstrates the potential of combining information retrieval with DL 
for robust QA performance. Seo et al. [14] introduced an attention flow scheme that focuses 
on relevant areas of passages and the questions simultaneously. This approach enhanced the 
question-passage interaction, leading to more accurate answer extraction. BiDAF's innovative 
attention flow mechanism has influenced many subsequent models in the QA domain. 
The SQuAD 2.0 dataset provides individual words as ground truths, which are then used by 
models trained on this dataset to generate predefined words as outputs. While these models 
excel within the confines of the dataset, real-world applications often require more than just a 
single word for an adequate response. In practice, answers need to be formulated as complete 
sentences to provide context and clarity, which is a significant extension beyond the dataset's 
original scope. This discrepancy highlights the need for models that can interpret and 
construct more complex and detailed responses suitable for practical use. 
3. Methodology 
To enhance the capability of answering systems to generate sentence-based responses, it's 
essential to develop a pipelined architecture that incorporates a transformer alongside multiple 
softmax classifiers. This design will facilitate the classification of both start and end scores, 
marking the borders of answers within a paragraph. By employing real-world text samples as 
training material, the system can learn to extract and formulate answers that are contextually 
accurate and complete [15]. The backbone of this architecture will be a pre-trained BERT 
model, which is leveraged for its powerful contextual embeddings and its proven 
effectiveness in understanding complex language patterns. This transformer-based 
architecture will enable more sophisticated interaction with text, where precise and 
comprehensive answers are required. The structure of the proposed question-answering model 
is depicted in Figure 2. 
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Figure 2: Architecture of proposed question answering model 

3.1. Questions and Answers for Training 
 
The foundational step in this architecture involves the preparation of train data (questions and 
corresponding answers). These pairs are utilized to train the proposed model in a supervised 
manner, allowing it to study the connection between questions and their respective answers 
within given text passages. The training data is typically sourced from large annotated 
datasets, such as the SQuAD 2.0 dataset [16]. This dataset contains passages from which 
questions are formulated, and corresponding answers are provided. Each entry in the dataset 
includes a Passage (P), a question (Q), and an answer (A). The answer (A) defined in 
Equation 3 is the text within P represented using Equation 1. The data is structured such that 
each Q represented by Equation 2 is linked to a specific A within P. The goal is to train the 
model such that given Q and P, it can accurately identify the span of A within P. Here, l is the 
token count in P, m is the token count of in Q. Here, I denote start index and j denotes end 
index of A within P. 
 

                                                                     (1) 

                                                         (2) 

                                                                  (3) 

 
3.2.  Supervised Learning Objective 
 
The objective of training is to reduce the error in predicting the correct start and end indices of 
A within P. For a given training example, the model should learn to predict i and j. The model 
uses these indices during the training phase to understand where A lies within P. This forms 
the basis for the model's ability to locate and extract the answer span accurately during 
inference [17]. By feeding a large number of such question-answer pairs into the model, it 
learns to generalize and accurately pinpoint answer spans for new, unseen questions posed 
against passages. This training process ensures that the model develops a nuanced 
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understanding of the context and can handle various forms of questions and answers, enabling 
it to perform well in real-world applications. 
 
3.3.  Tokenization 
Tokenization involves breaking down of text into smaller units and mapping these units to 
numerical indices that the model can understand. The question Q and answer A are converted 
into a sequence of tokens. The passage P containing the context from which the answer is 
derived is also tokenized. Tokenization of the passage follows the same process as for the 
question and answer, converting the text to individual words [18]. Every token is assigned a 
distinct index corresponding to its position in the model's vocabulary. For more flexibility and 
to handle out-of-vocabulary words, sub-word tokenization methods known as Byte Pair 
Encoding (BPE) is used. For example, the word "machine" might be split into ["mach", 
"##ine"], where "##" indicates that "ine" is a sub-word. Special tokens are added to the 
tokenized sequence to help the model distinguish between different segments. [CLS] is a 
special token indicating the start of a sequence. [SEP] is a separator token used to distinguish 
different parts of the input. After tokenization, Q and A are combined into a single sequence as 
provided in Equation 4. 

                                              (4) 
Let tokenize (𝑇) be the tokenization function that maps a text 𝑇 to a sequence of token 
indices. For given 𝑄 and 𝑃, the question token and passage tokens are represented using 
Equation 5 and Equation 6. The input sequence is formed by concatenating Qtokens and Ptokens 

with special tokens as represented in Equation 7. 
                                                                         (5) 

                                                            (6) 

                   (7) 

Tokenization ensures that the text is in a suitable format for the model to understand and 
process, which is essential for accurately identifying and extracting answers from the passage. 
3.4.  BERT Model  
The pre-trained BERT model is a crucial component of the proposed architecture. Question -
Answering experiments were performed using both BERT and RoBERTa models. BERT is a 
transformer-based models designed to understand the context of words in a sentence. It is pre-
trained on SQuAD 2.0 dataset for QA tasks. The architecture of BERT model for question 
answering is depicted in Figure 3. 
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Figure 3: Architecture of BERT Model 

The input to BERT is the tokenized sequence from the previous step defined by Equation 7. 
Each token in this sequence is converted into an embedding, which combines the token 
embeddings, segment embeddings, and position embeddings. Token embedding is the vector 
representations of each token. Segment embeddings distinguish whether a token is part of the 
question or the passage [19]. Position embeddings convey the position of a token within a 
sequence. The final input embeddings (E) represent the sum of these three embeddings. BERT 
is composed of several transformer layers with Feed-Forward Neural Networks (FFNNs) and 
multi-head self-attention. The embedding layer processes the input to produce the initial 
hidden representation, denoted as H(0), which is equal to E. The result from the lth transformer 
layer (H(l)) is defined by Equation (8).  

                                    (8) 
Self-attention enables a model to assess the significance of each token in a sequence in 
relation to all other tokens. It calculates attention scores by analysing the connections between 
each token and every other token in the sequence. Self-attention captures dependencies 
between tokens, regardless of their positions, enabling the model to consider the context 
provided by the entire sequence when encoding information about any individual token. This 
capability is especially crucial in tasks where the meaning of a token can be influenced by 
tokens that are not adjacent to it, allowing the model to build richer and more context-aware 
representations. Attention scores are computed from Key (K), Query (Q) and value matrix (V) 
using Equation 9. These values are derived from the input embeddings. The dimension of K is 
represented as dk. 

                                     (9) 
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FFNN is applied independently to the output of self-attention. After self-attention computes 
the weighted context, the FFN processes this context individually for each token without 
considering other tokens. This allows the network to further transform the token 
representations based on learned patterns. Mathematically, the FFN operates as per Equation 
10. 

                                  (10) 
Here, 𝑥 represents the input to the FFN, which in this case is the output from the self-attention 
for a particular token. The weight matrices, W1 and W2, are learned during training. Here the 
bias vectors (b1 and b2) are also learned during training. The first linear transformation 
xW1+b1 adjusts the dimensions of the input and applies a bias. The ReLU activation function 
introduces non-linearity, which enables the network to capture complex relationships in the 
data [20]. The second linear transformation W2 followed by the bias b2 further refines the 
token's representation. The final output from this process is a transformed representation of 
the token that incorporates both its original context and the influences from other tokens in the 
sequence. The output H from BERT after processing through multiple layers of self-attention 
and FFNN is a set of contextual embeddings. These embeddings are rich in information, 
capturing both the local and global context for each token, making them highly effective for 
question answering. 
When fine-tuning BERT on the SQuAD 2.0 dataset, additional classification layers are added 
to the model to enable it to predict the start and end words. To predict the start-position of the 
answer, a classification layer is added to BERT. This layer applies a linear transformation 
using a weight matrix Ws  and a bias vector bs to the hidden states H produced by BERT. The 
architecture of start token classifier is illustrated in Figure 4. 
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Figure 4: Start token classifier 

 
The result of this linear transformation is applied to softmax function, to generate a probability 
value across all tokens in the context, representing the likelihood that each token marks the 
beginning of the answer. Mathematically, this operation is expressed using Equation 11. Here 
S is the vector of probabilities for the start position. 

                                                (11) 
To predict the end-word, a classification layer is added to BERT. This layer applies a linear 
transformation using a weight matrix We  and a bias vector be to the hidden states H produced 
by BERT. The architecture of end token classifier is illustrated in Figure 5. 
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Figure 5: End token classifier 

The output from this linear transformation is processed through a softmax function, creating a 
probability distribution over all tokens in the context, which reflects the likelihood of a token 
to become the end word. Mathematically, this operation is expressed using Equation 12. Here 
E is the vector of probabilities for the end position. 

                                                (12) 
3.5. Training Phase 
During training, the model's predictions for the start position are compared to the true start 
positions using cross-entropy loss. The loss for the start position is calculated using Equation 
13. Here,  is a one-hot encoded vector representing the true start position, and si is the 
predicted probability for token i being the start. 

                                                 (13) 

Similarly, the loss for the end position is calculated using Equation 14. Here,  is a one-hot 
encoded vector representing the true end position, and ei is the predicted probability for token 
i being the end. 

                                               (14) 
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The total loss used for training the model is the sum of the start and end position losses 
defined in Equation 15. This combined loss ensures that the model is simultaneously 
optimizing for both start and end words.  

                                                       (15) 
3.6.  RoBERTa Model 
Robustly optimized BERT (RoBERTa) approach) is an improved BERT that incorporates 
several advancements in its training methodology. These enhancements make RoBERTa more 
effective and robust for question-answering tasks. The architecture of RoBERTa model for 
question answering is depicted in Figure 6. 

 
Figure 6: Architecture of RoBERTa Model 

RoBERTa introduces dynamic masking, where the tokens to be masked are selected randomly 
during each epoch of training. This ensures that the model sees different masking patterns 
during training, enhancing its ability to generalize. For a given input sequence X = {x1, 
x2,……., xn}, the masking process in RoBERTa can be represented using Equation (16). 

                                           (16) 
Where, Mt is the masking function at training step t, and mi is a binary mask indicator (1 if the 
token is masked, 0 otherwise). The masked input at step t can be represented using Equation 
17. 

                                 (17) 

RoBERTa focuses solely on the Masked Language Model (MLM) objective defined in 
Equation 18. This simplifies the training and allows the model to allocate more capacity to 
learning from the MLM task. Here  is the masked input sequence with the ith token 
masked, and xi is the original token. 

                                              (18) 
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RoBERTa employs Byte-Pair Encoding (BPE), which allows for more efficient sub-word 
tokenization. The BPE algorithm operates by repeatedly merging the most frequent pairs of 
characters or sub-words in a sequence. Given a sequence of characters C = {c1, c2, ……., cm}. 
BPE merges pairs (ci, ci+1) based on their frequency until the desired vocabulary size is 
reached. So, the merge operation can be represented using Equation 19. Here bk are the 
resulting sub-words after applying BPE. 

                                             (19) 
3.7. Testing Phase 
During inference, the model leverages the weights learned during training to forecast the most 
likely start and end words within the given context. When a question and its corresponding 
context are input to the fine-tuned BERT model, it first generates a set of contextual 
embeddings for each token. These embeddings capture the nuanced relationships between the 
tokens in the context, influenced by the given question. The testing phase of the proposed 
question answering model is illustrated in Figure 7. 

 
Figure 7: Training Phase 

 
The contextual embeddings H, generated for each token in the sequence, are fed into the two 
classification layers: one for predicting the start word and another for predicting the end word. 
The model selects the token with the highest probability in the S distribution as the start of the 
answer. This is achieved by taking the index of the maximum value in the S vector as defined 
in Equation 20. Here, si is the probability assigned to token i being the start of the answer. 

                                                        (20) 

Similarly, the token with the highest probability in the E distribution is chosen as the 
predicted end of the answer. This is calculated using Equation 21. Here ei is the probability 
assigned to token i being the end of the answer. 

                                                       (21) 

The model then combines the start and end positions ( , ) to extract the corresponding span 
of tokens from the context. This span is the final answer to the given question. Here  should 
ideally be less than or equal to , to form a valid span. After determining the most probable 
start and end positions, along with any necessary adjustments for no-answer scenarios, the 
model outputs the answer. If the start and end tokens correspond to meaningful text within the 
context, that text is returned as the answer. If a no-answer is determined, the model can return 
an indication.  
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4. Result and Discussion 
The input paragraph provides the context from which the model generates its answers. 
Understanding this context is essential for interpreting the model’s predictions and evaluation 
of performance. The input paragraph is a foundation for the model’s classification process. By 
examining the paragraph, it is possible to assess whether the model is correctly identifying the 
relevant portions of the text to answer the question. The structure, complexity, and content of 
the paragraph all play significant roles in how well the model performs. Analysing the input 
paragraphs in cases where the model performed poorly could reveal specific challenges the 
model faces, such as dealing with multiple potential answers, distinguishing between relevant 
and irrelevant information, or interpreting indirect language. Recognizing how various 
paragraph structures affect model performance is crucial for improving the model's training 
process. For example, if the model struggles with certain types of paragraphs, introducing 
more similar examples into the training set could improve its ability to handle these cases. A 
sample input paragraph used for evaluation is illustrated in Figure 8. 

 
Figure 8: Input paragraph for evaluation 

The start word scores and end word scores represent the model's confidence in selecting 
particular words as the beginning or end of the correct answer. The start and end scores are 
plotted as a distribution over the entire paragraph. Peaks in these distributions indicate where 
the model believes the answer starts and ends. If the scores peak sharply around the correct 
start and end words, it suggests that the model has a strong understanding of the context and 
can precisely pinpoint the answer. The start word scores and end word scores generated by the 
model are depicted in Figure 9 and Figure 10 respectively. 
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Figure 9: Start word scores 

 

 
Figure 10: End word scores 

 
High start and end word scores on the correct words reflect the model’s capability to correctly 
interpret the question and locate the relevant information within the paragraph. This is a 
strong indicator of the model’s effectiveness in question-answering tasks. In cases where the 
model assigns high scores to incorrect words, it’s essential to analyse why this happens. 
Potential reasons could include ambiguous phrasing in the paragraph, synonyms or related 
terms that mislead the model, or complex sentence structures that challenge the model’s 
ability to parse the context accurately. 
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The prediction visualization provides the answers generated by the model for particular input 
questions. Direct comparison between predicted answers and correct answers (ground truth) is 
essential for assessing the model’s efficiency. The comparison can be quantitative, using 
metrics like Exact Match (EM), BLEU and F1 Score. EM is particularly stringent, requiring 
an exact word-for-word match with the ground truth, while F1 allows for partial credit based 
on overlapping words. If the predictions closely match the ground truth, both in terms of word 
choice and answer span, it indicates that the model is functioning well. Sample answers 
predicted by the proposed model are illustrated in Figure 11. 

 
Figure 11: Answer predictions by the proposed model 

 
EM is a strict metric that evaluates whether the predictions match the reference answer word-
for-word. EM is particularly useful when the actual answer is a specific phrase or entity that 
the model needs to identify precisely. A higher EM score indicates that the model is accurate 
in producing the exact correct answer without any deviations. EM is computed using Equation 
22. 

                                             (22) 

The F1 score is particularly useful in QA when the answers can be partially correct, capturing 
overlay between predictions and references. F1 is calculated using Equation 23. 

                                                (23) 

The BLEU score assesses the quality of machine generated text by comparing it with the 
ground truth. BLEU is calculated up to 4-grams, meaning it considers sequences of up to four 
words, which helps capture the fluency and coherence of the generated text. A higher BLEU, 
closer to 1, specifies that the candidate text is very similar to the ground truth text, both in 
terms of content and structure. BLEU score is computed using Equation 24. Here, Brevity 
Penalty (BP) is applied to compensate for the smaller length of predicted answer compared to 
ground truth. The weight assigned to the n-gram precision (pn) is denoted as wn. 

                                                 (24) 
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The BERT model achieves an EM score of 70%, while RoBERTa model performs slightly 
better in terms of EM, achieving a score of 75%. A BLEU score of 75% suggests that BERT is 
quite good at generating answers that are close to the reference text, though there may be 
occasional differences in phrasing or word choice that reduce the score slightly. RoBERTa's 
BLEU score of 80% indicates that its generated answers closely match the reference text in 
terms of phrasing and word choice. The F1 score of 82% for BERT indicates that the model 
has a strong balance between precision and recall, effectively capturing relevant information 
while minimizing errors. The F1 score of 87% for RoBERTa is robust, showing that the model 
is even more effective at balancing precision and recall. The computation of performance 
metrices for input questions is illustrated in Figure 12. 

 
Figure 12: Performance matrices computed for the proposed models 

RoBERTa's higher EM score (75% vs. BERT's 70%) suggests that RoBERTa is generally 
better at producing exact matches with the reference answers. This improvement can be 
attributed to RoBERTa's more extensive training and better handling of contextual nuances. 
The BLEU score for RoBERTa (80%) is slightly higher than that for BERT (75%), indicating 
that RoBERTa tends to generate answers that are more closely aligned with the reference text 
in terms of n-gram overlap. This suggests that RoBERTa is better at capturing the correct 
phrasing and structure of the answers. The F1 score for RoBERTa (87%) is also higher than 
BERT's (82%), reflecting RoBERTa's superior ability to balance precision and recall. The 
performance comparison of proposed question answering models with existing models is 
described in Table 1. 

Table 1: Performance Comparison 
Metric BERT RoBERTa GPT-2 XLNet ALBERT 

Exact Match (EM) (%) 70 75 65 72 73 
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BLEU (%) 75 80 70 78 77 

F1 Score (%) 82 87 80 85 86 

 

 
Figure 13: Model comparison based on metric scores 

The performance comparison of proposed question answering models with existing models is 
illustrated in Figure 13. In this comparative study, the performance of five prominent natural 
language processing models—BERT, RoBERTa, GPT-2 [21], XLNet [22], and ALBERT 
[23]—was evaluated across three key metrics: EM, BLEU, and F1 Score. RoBERTa 
consistently outperformed the other models, achieving the highest scores across all metrics, 
with an EM score of 75%, a BLEU score of 80%, and an F1 Score of 87%. This indicates 
RoBERTa's superior ability to produce accurate, fluent, and contextually relevant text. 
ALBERT and XLNet also demonstrated strong performance, with both models closely trailing 
RoBERTa, making them reliable alternatives for tasks requiring precision and recall. BERT, 
while robust, showed slightly lower scores, reflecting its older architecture compared to its 
successors. GPT-2, although effective in generating coherent text, lagged behind in precision, 
with lower EM and BLEU scores, indicating that it may prioritize fluency over exact matches. 
Overall, this analysis underscores the advancements in newer models like RoBERTa, 
ALBERT, and XLNet, which offer significant improvements in performance, making them 
better suited for tasks requiring high accuracy and n-gram fidelity. The model comparison 
based on metric trends is illustrated in Figure 14. 
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Figure 14: Model comparison based on metric trends 

 
5. Conclusion 
This study proposed and assessed BERT and RoBERTa based models for the task of question 
answering, focusing on key performance metrics such as EM, BLEU, and F1-score. A critical 
aspect of this performance is the accuracy of the start word score and end word score, which 
determine the precise boundaries of the answer within the passage. RoBERTa demonstrated 
superior performance, with an EM score of 75%, a BLEU score of 80%, and an F1 Score of 
87%, significantly outperforming BERT, which achieved an EM score of 70%, a BLEU score 
of 75%, and an F1 Score of 82%. These scores, representing the confidence of model in 
predicting the start and end positions of the answer, are crucial for achieving high EM and F1 
Scores. RoBERTa's optimized architecture and fine-tuning allow it to more accurately identify 
these positions, leading to more precise and contextually appropriate answers. This study 
underscores RoBERTa's effectiveness in question answering tasks, making it the preferred 
model for achieving higher accuracy and overall performance, particularly in tasks where the 
exact identification of answer spans is critical. Future work may focus on further refining 
these models to enhance their ability to handle even more complex questions. 
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