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Abstract

Answering questions based on a reference text is a frequently employed comprehension assessment method that
enables teachers to effectively and efficiently evaluate students. Various tools and methods were developed to tackle
automated question generation, however, selecting valid answer candidates as a first step is less addressed. Thus, we
introduce a solution built on top of FairytaleQA and tailored for training a DeBERTa-based model to classify the quality
of each candidate to be part of a strong answer-question pair. First, we extract answer candidates by syntactically
parsing the context (i.e., selecting text spans from the reference text based on the nodes in the constituency tree); then,
questions are generated for the extracted candidates using a pre-trained LLM model on this task. Next, we assess a
candidate’s quality by relying on another fine-tuned model’s capability to answer the previously generated question for
that candidate. This enables us to categorize answers using a four-class system: very good, good, average, and unus-
able. A significant advantage of our method is that the encoder classifier can score all potential answer candidates in a
single inference step for the entire context. We compare our selection against both the answers from explicit questions
in the original dataset and a fine-tuned LLM for answer selection using an Elo ranking system. In addition, we propose
three strategies based on semantic similarity and text position to ensure coverage and diversity of candidates’ selection.

Keywords: answer extraction, large language models, constituency tree, single inference step

1. Introduction

Reading comprehension is an essential skill that de-
velops critical thinking beyond the understanding of
written texts. The concept is thoroughly discussed
in the educational literature (Oakhill et al., 2014),
stressing the importance of developing efficient
methods to help students improve their skills in com-
prehending what they read. Question-answering is
a frequently employed educational approach that
helps students develop strategies for understand-
ing texts by formulating and answering questions
through practice. Its primary goal is to foster the
development of comprehension strategies through
the process of generating and responding to ques-
tions. This is not a skill acquired instinctively, but it
is crucial for understanding the text’s structure and
synthesizing written information.

Educational professionals face time constraints
when evaluating their students due to the com-
plexity of creating question-answer pairs that fit
diverse contexts and scenarios. One popular, but
time-consuming, example is a strategy called Re-
ciprocal Questioning, which involves two readers
taking turns asking each other questions (Manzo,
1969). Relying on artificial intelligence technology
has proved an efficient method for improving read-
ing comprehension (Hidayat, 2024) and for person-
alized development (Ademola, 2024). This creates
the ideal environment for pursuing additional meth-

ods to make the process more efficient and achieve
better results.

Answer selection or generation from a support
text has emerged as an enhancement for two other
important tasks in Natural Language Processing:
question answering and question generation. Most
often, the methods used to extract the candidates
are named entity recognition, keyword extraction,
summarization, or paraphrasing. In most cases,
these methods provide a limited set of answers
extracted from the given text.

Despite its recent popularity, generating question-
answer pairs remains challenging because it is dif-
ficult to emulate human-like reasoning and ensure
that the most suitable options are considered. As
such, the diversity of selected answers from the ref-
erence text and their adequacy for creating relevant
questions remain important aspects to be tackled.

Hence, we propose a novel approach to address
these challenges and to facilitate the extraction
of text-based answer candidates in a single infer-
ence step for each context fed into the model. Our
method shifts the focus to answer selection from a
pool of candidates generated by syntactic parsing
of the context, enabling us to study every structure
available without external intervention. The next
step is to classify the selected text spans based on
their capacity to form answer-question pairs. The
final candidates are ranked according to the proba-
bility of being labeled as part of the very good class.
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This approach has two goals: offering teachers flex-
ibility to quickly generate a suite of question-answer
pairs for a given text and creating synthetic data
for future use in improving related tasks, such as
feedback-aware approaches or exploring the diffi-
culty of a pair.

To argue for our method’s effectiveness, we com-
pared it with the human-selected answers from the
original dataset and two other methods of generat-
ing candidates: a fine-tuned LLM and named en-
tities. Further, we evaluate the question-answer
pairs using an Elo ranking system (Elo, 1967),
where the answers are obtained via two methods:
our proposed solution and a fine-tuned model. We
compare the models against each other and against
human-generated pairs from the used corpus.

As main advantages of this approach, we identify
the diversity of the candidates and, implicitly, of the
generated questions, as well as the control over
the selection process. For each paragraph, we can
obtain all candidates at once and ensure that the
desired answer is within the provided context. As
such, we provide three selection strategies based
on text similarity and the positions of potential an-
swer candidates within the provided context.

Our main contributions are as follows:

• Introduce an encoder classifier that scores all
potential answer candidates in a single infer-
ence step for the entire context.

• Provide a diverse pool of explicit candidates
that can form question-answer pairs, without
external feedback.

• Introduce three pre-defined strategies (i.e., top
k filtered, k-means++, and top k sentences)
that ensure coverage of different options for
selecting candidates in a given text.

We release our code as open source on GitHub.

2. Related Work

2.1. Question Generation and Answer
Selection

Automated question generation is a popular task
in the educational field, playing an important role
in reading comprehension assessment. The meth-
ods used to automatically generate open-ended
questions evolved from RNNs (Bi et al., 2020) to
Transformers (Xu et al., 2022), and now leverage
the capabilities of Large Language Models (Li and
Zhang, 2024).

Strategies varied from using patterns and tem-
plates (Ali et al., 2010) to summarization, named
entity recognition, part-of-speech tagging, or based
on extracted concepts, as the relationship between
text elements. For example, Zhao et al. (2022)

used the type of question distribution in a para-
graph, such as causal relationships, outcome reso-
lution, and prediction, to control the summarization
of events in the given text. The summary is passed
to a transformer-based model to generate a ques-
tion. Another approach by Li and Zhang (2024)
leveraged LLMs to generate a plan based on anno-
tated labels for questions in a dataset containing
contextually important events. The plan helps an-
other model in building a suitable question for the
source text.

Willis et al. (2019) focused on answer extrac-
tion from the reference text and on evaluating the
obtained pairs. Their technique used an encoder-
decoder model to generate key phrases based on
part-of-speech tagging and named entity recogni-
tion. The conducted experiments found that this
method was better suited to factual questions, pro-
ducing key phrases composed of a single word.

On a similar note, Yao et al. (2021) generated
multiple answer-question pairs from a text using
heuristic-based rules for answer selection. The
methods used to extract the candidates include
noun chunks, named entities, and event descrip-
tions. The author ranked the output by evaluating
each question-answer pair against the samples
from the original dataset. Their results showed
that the probability of the system performing better
increases with a larger pool of potential top candi-
dates.

Other approaches used similar techniques to cre-
ate synthetic questions for the dataset augmenta-
tion (Lee et al., 2023; Nagumothu et al., 2023). Both
studies processed the reference text to express the
meaning more concisely and improve the quality of
the selected answer candidates. Lee et al. (2023)
followed a more traditional approach, summarizing
the text and extracting answers via named-entity
recognition. They concluded that this method pro-
duced a more specific question because a common
topic or fact typically relates to entities in the sum-
mary. Nagumothu et al. (2023) took a different ap-
proach by paraphrasing the initial context and using
Open Information Extraction to select triplets that
represent facts. They argued that their method en-
sured well-formed and effective training data. Both
techniques improved the question-answering task
on the used baselines.

Recently, the strategy has shifted towards prompt
engineering applied to LLMs. For example, Wang
et al. (2025) highlighted the importance of providing
examples similar to those expected, resulting in
better performance in education-related question
answering. However, finding the right prompt for
the diversity of texts a teacher can work with is not
straightforward.

https://github.com/upb-nlp/answer-candidates-extraction-QA/
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2.2. Using LLMs as a Judge
One of the most time-consuming aspects of eval-
uating a model’s performance is the shortage of
human evaluators. This type of evaluation is com-
plex and requires familiarity with the research topic.
Until recently, traditional metrics such as BLEURT
(Sellam et al., 2020) and ROUGE (Lin, 2004) were
used to assess performance. However, their draw-
backs include their inability to capture subtler nu-
ances and their reliance on similarity and lexical
overlap.

As a result, the idea of using larger LLMs to eval-
uate the output of other automated solutions has
become more popular. Zheng et al. (2023) pro-
posed a framework for performance assessment
using the latest models at that time, such as GPT-4.
They showed that LLM-as-a-judge achieves 80%
agreement with human evaluation, comparable to
agreement between humans alone.

The available approaches mainly rely on prompt-
ing engineering for evaluation because they do not
require additional training. Huang et al. (2024) ana-
lyze the benefits of fine-tuning models for this task,
but conclude that while the performance increases
for domain-specific tests, overall, general LLMs
have more benefits. For open-ended questions
related tasks, the evaluation method is pairwise
comparison, meaning the judge should choose the
better option from the outputs obtained from differ-
ent sources.

One major drawback of using an LLM as a judge
is that its reasoning and outputs can be biased.
Ye et al. (2024) performed an analysis of different
types of biases, such as position, verbosity, and
distraction. Their paper also emphasized the im-
portance of carefully crafting the prompt and en-
couraging the model to provide an explanation and
its reasoning as mitigation.

3. Method

Our main task is to select multiple text sequences
in a single step for a given context and rank them by
their potential to generate question-answer pairs.
Our workflow is presented in Fig. 1, with the main
steps (i.e., data generation, classification, and infer-
ence to select the best pairs based on the chosen
strategy) described in the following sub-sections.

3.1. Data Generation
For this study, we used the FairytaleQA dataset (Xu
et al., 2022), designed for narrative comprehension
by experts in the education sector. FairytaleQA
comprises 10,580 explicit and implicit questions
split into train, validation, and test partitions. Since
our method is scoped to the reference text and has
no external knowledge, we kept only the explicit

questions from the dataset. Also, we maintained
the original dataset split for all steps described in
the following sections.

The first step towards building the input expected
by the classification model is to create the con-
stituency tree for each story section in the original
dataset - here, we used the Berkeley Neural Parser
(Kitaev and Klein, 2018). As we explored all nodes
from the tree (i.e., leaves as words and all intermedi-
ary nodes), we obtained a large corpus containing
over 1M entries for the training split and around
100k entries for each validation and test set. Al-
though some nodes are obviously bad answers,
we decided to keep all of them in the dataset and
not add further filtering, since the model should
learn to distinguish between suitable and unusable
sequences.

The following two steps require fine-tuning a
Large Language Model (in our case, Llama 3.2
3B (Meta, 2024), chosen for its performance and
efficiency) on the original FairytaleQA dataset for
question generation (QGEN) and question answer-
ing (QA). The first model generates a question for
the context and the extracted candidate. The QA
model estimates answer quality by computing the
loss (sum of negative log probabilities) of the an-
swer for each question-answer pair, with the ques-
tion and the reference text being the input, while
the answer candidate is the target.

Next, the QA loss is used as a base to label our
candidates into four categories, as follows: very
good, good, average, and unusable. The labels
are assigned by sampling the training dataset and
correlating the computed score with what is tradi-
tionally considered a good and a bad candidate.
Answers we know generate well-formed questions
are usually one of the following functions in a sen-
tence: subject, direct object, or attribute. They are
correlated with who-what-how types of questions
and are easy to identify. In contrast, stopwords are
unusable candidates. Next, we ordered all candi-
dates for a given context by their loss and found
a pattern: illogical pairs were more often present.
Hence, the loss intervals empirically set for each
label on the FairyTaleQA dataset are: very good -
[0, 10], good - (10, 13], average - (13, 15], and unus-
able - (15,∞).

3.2. Building the Classification Model

As our main purpose is to generate multiple an-
swers for the same text, we decided to use a clas-
sification model that learns to differentiate between
usable answers (labeled as very good, good, and
average) and unusable text selections. The rea-
son for this decision is that computing losses for
all parts obtained by the syntactic parsing of the
reference text is very time-consuming due to the
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Figure 1: Solution workflow schema representing the difference in steps between the training phase and
the single inference step.

question-generation process. Thus, we aim to build
a quicker model based on the obtained data.

The classification model receives as input the
context and a mask indicating the positions where
each extracted sequence occurs in the context.
To capture the relationship between the reference
text and the candidate, we use and encoder-only
transformer model to process the context, and com-
pute the average hidden representation of the se-
quence using the mask. The classification output
is computed with a feed-forward network with 3
layers. This architecture, shown in Fig. 2, en-
ables efficient training and inference by passing
the text through the encoder only once and com-
puting the classes for all candidate answers in a
single step. For this scenario we build two versions
of the classification model based on DeBERTaV3
(He et al., 2020, 2021) and ModernBERT (Warner
et al., 2024), which are the standard for encoders.
DeBERTaV3 is more accurate for traditional tasks,
such as classification, and uses the data more effi-
ciently during training, while ModernBERT is a fast
solution that can handle large contexts (Antoun
et al., 2025).

For the training setup, both classifiers were
trained on the same data for seven epochs us-
ing Adam optimizer and starting from the Hug-
gingFace1 base encoders. While ModernBERT
accepts a larger input up to 8k tokens, the Fairy-
taleQA dataset has shorter texts that fall under
the 512 tokens threshold. We chose the different
learning rates based on the architecture type: 1e-
4(DeBERTaV3) and 2e-5(ModernBERT). To note

1https://huggingface.co/

that varying the learning rate for ModernBERT has
not improved the performance, nor increasing the
number of epochs.

Figure 2: The classification model architecture that
receives as an input the context and a list of possi-
ble answers to be classified in one of the classes:
1 - very good, 2 - good, 3 - average, 4 - unusable.

3.3. Inference of Best Answers
In the inference step, the context is parsed through
the same method described in 3.1 section, result-
ing in all possible sequences from the constituency
tree being classified, all at the same time, as very
good, good, average, or unusable. To further se-
lect the best candidates for the reference text, the
sequences are sorted by their probability of being a
very good answer (the softmax layer output for this
label). From these, we can select answers based
on a desired strategy.

https://huggingface.co/
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Figure 3: Example of how selection strategies can be applied to assure diversity and text coverage.

To emphasize the solution’s practical usability,
we defined a set of strategies, each focused on a
different aspect. All strategies can be applied in
one single step for a given text and follow the ap-
proach: the reference text is syntactically parsed;
the obtained sequences are processed by the De-
BERTa Classification model and assigned a label;
the selected candidates are ordered by the proba-
bility score of being in class 1 (very good answers);
selecting a strategy for selection and applying it. As
such, we introduce three strategies: Top K Filtered,
K-Means++, and Top K Sentences, all depicted in
Figure

For Top K Filtered, the first sequence after sort-
ing the candidates is chosen as a reference. Then,
we compute the BLEURT score to measure the
similarity between the reference sequence and the
other candidates. We then select the top K re-
sponses: the reference sequence and the top K =
1 less similar answers.

K-Means++ applies an approach similar to the
K-Means++ initialization of centroids while using
as a criterion a score that represents the average
between the semantic distance and the text dis-
tance. For the semantic distance, we use BLEURT
to compute the similarity and select the least similar
sequences. For the text distance, we use the num-
ber of characters between two candidates, divided
by the length of the context. We select the furthest
candidates that are less similar to the previously
selected answer candidates.

The last strategy, Top K Sentences, selects the
answer with the highest probability of being a very
good candidate among the most important K sen-
tences in the context. We use the Sentence Trans-
formers module (Reimers and Gurevych, 2019) and
the Mpnet model (Song et al., 2020) to compute
the similarity matrix between the sentence embed-

dings. We use PageRank as an extractive sum-
marization method to compute the final importance
score (Page et al., 1999) per sentence.

4. Results

We analyze the performance of the classification
model in the following scenarios:

• We use the automatically computed classes
with the QA loss as ground truth. We target
the classification’s overall performance based
on the reference data.

• We compare our generated answers with the
actual answers selected by experts for the
explicit linguistic questions from the original
dataset. Also, for reference, we add a fine-
tuned Llama 3.2 3B for answer selection. We
apply traditional metrics for this evaluation
step (i.e., BLEURT (Sellam et al., 2020) and
ROUGE (Lin, 2004)).

• We use Qwen3-Next-80B-A3B-Thinking (Yang
et al., 2025; Team, 2025) as a judge for
question-answer pairs and determine the bet-
ter pair for the context. We chose a model
from a different family than LLama to avoid
a bias towards our Llama Answer Selector
model which was fine-tuned on Llama 3.2 3B.
On top of that, this is a model tailored for rea-
soning and the Mixture-of-Experts architecture
allows it to be fast, while still being one of the
benchmarks large language models. Perfor-
mance was evaluated using an Elo ranking
system (Elo, 1967). This system is used to
calculate the score after two-players games
relative to their current ranking and difference
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in skills. After each game, the ratings are up-
dated based on the difference in scores, result-
ing in more points for a win against a better-
ranked opponent and fewer points for a loss
to a significantly weaker opponent.

All experiments are performed on the Fairy-
taleQA dataset.

4.1. Ground Truth Comparison
The DeBERTa Classification model achieves an
overall micro-F1 Score of 0.727 while taking into
account all possible answers. For a more realistic
usage scenario, we also evaluated the top-10 best-
scoring unique candidates. Out of the top-10 se-
lected candidates, 74% were considered very good,
20.6% good, 2.7% average, and 2.8% were unus-
able. For ModernBERT Classification model, we
obtained a micro-F1 Score of 0.697. ModernBERT-
based model selection for the top-10 candidates
has the following composition: 19.29% very good,
17.41% good, 28.91% average, and 34.39% un-
susable.

A Kruskal-Wallis test for the DeBERTa Classi-
fication model indicated that there was a signifi-
cant difference in loss value across 4 [category],
X2(3, N = 122876) = 193203.536, p < .001. The
mean rank of the loss function was 15893.69 for
category 1 (very good), 30976.75 for category 2
(good), 42342.26 for category 3 (average), and
74227.36 for category 4 (unusable). In compari-
son, for the ModernBERT Classification model, the
Kruskal-Wallis test reported loss value across 4
[category], X2(3, N = 122876) = 1316.0456, p <
.001. The mean rank of the loss function was
28941.19 for category 1 (very good), 30585.85
for category 2 (good), 53115 for category 3 (av-
erage), and 61863.38 for category 4 (unusable).
This shows us that the DeBERTa based model is
the better classifier because it clearly distinguishes
between each classes, while the ModernBERT has
a higher overlap between classes. In Fig. 4 and
Fig. 5 and we can observe the distribution of the
loss values for each category for both solutions,
which supports the conducted analysis. On top of
that we can observe that ModernBERT struggles
with the ’average’ class, with over 60% of this class
ground truth entries being classified as ’unusable’
by the model. Based on the above we conclude
that DeBERTa Classification model is more suitable
to our task and we will analyze it further, however
we will include the comparisons for ModernBERT
classifier for visualizing its performance.

4.2. Metrics Comparison
In the second experiment, we evaluated the model’s
performance on the top-10 candidates against hu-

man annotations in the original dataset and against
other methods for selecting spans from the given
text. The first baseline is represented by the list of
all named entities from the context, extracted with
spaCy’s NER model2. The second baseline is a
fine-tuned Llama model trained on the FairytaleQA
dataset to generate all answers simultaneously;
as such, no threshold on the number of retrieved
answers was imposed.

We apply the same evaluation to each model,
generating tuples of the form (label, candidate,
score) for all combinations of ground-truth answers
and candidates at the context level. The score is
either BLEURT or ROUGE (longest common se-
quence). Then, we constructed a weighted graph to
compute the maximum-weight matching, ensuring
that each entry is used exactly once. We com-
pute the average score for each context across
the dataset. As seen in Table 1, our classification
model obtained the best results, still comparable
to the fine-tuned Llama 3.2 3B model.

Figure 4: Distribution of loss by DeBERTa Classi-
fication model predicted label with: 1(Very Good),
2(Good), 3(Average), 4(Unusable).

Figure 5: Distribution of loss by ModernBERT
Classification model predicted with: 1(Very Good),
2(Good), 3(Average), 4(Unusable).

In Fig. 6, an example from the Fairytale dataset
illustrates the capabilities of the proposed solutions.

2https://spacy.io/models/en

https://spacy.io/models/en
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METHOD BLEURT ROUGE-L
NER Extraction 0.096 0.083
Llama Answer Selector 0.657 0.326
DeBERTa Classification 0.663 0.878
ModernBERT Classification 0.408 0.467

Table 1: BLEURT and ROUGE-L Scores (bold
marks the best result).

It can be observed that most answers fall in the very
good category, and the pairs are comparable with
the example from the original dataset. Also, we no-
tice that DeBERTa Classification selects answers
that produce more varied types of questions com-
pared to Llama Answer Selector, which extracted
mostly answers for "What" type questions. To note
that we ran the fine-tuned model ten times and ob-
tained only four different answers, from which one
was not present in the support text, and it was a
wrong interpretation of the context. The selected
answer "he was afraid to reject her" implies that
the prisoner was afraid of the woman who offered
to help him, instead of the prisoner being afraid
of death (from the context: " the full horror of his
coming death rushed upon the young man"). Thus,
despite our model being limited to selecting only
answers specifically mentioned in the context, we
ensure it is more reliable and avoids contributing
to irrelevant pairs.

4.3. Elo Ratings Comparison

For this experiment, we first used the Qwen3-Next-
80B-A3B-Thinking model to perform a pairwise
comparison between question-answer pairs, where
the answer is selected by our DeBERTa Classifica-
tion model, by the fine-tuned Llama Answer Selec-
tor model, or from the original Fairytale dataset.
The questions are generated using a finetuned
Llama 3.2 3B, except for those already present in
the dataset. We compare the two models against
each other and both against the human-generated
pairs in the dataset. For the comparison between
DeBERTa Classification and Llama Answer Selec-
tor, we select the top 10 answers and their ques-
tions for each context. For each such pair, we select
a new answer using Llama Answer Selector and
generate a question. For the comparison between
our model and the ground truth, we form all com-
binations of each top-10 pair per context with the
pairs in the dataset for the same context. Lastly, for
each pair in the dataset, we select an answer using
the fine-tuned model and generate its correspond-
ing question. We also replicate the experiments for
the ModernBERT Classification model with the ad-
dition that we also compare it against the DeBERTa
Classification model.

To mitigate biases and limitations that LLM dis-
plays when asked to act as a judge, we follow the

RANK MODEL SCORE
1 Ground Truth Dataset 1564.50
2 DeBERTa Classification 1512.06
3 Llama Answer Selector 1455.73
4 ModernBERT Classification 1425.33

Table 2: Overall Elo Rankings (bold marks the
best results besides the human ground truth).

recommendations from Ye et al. (2024). Thus, we
randomly permute the pairs given as input to the
model, thereby avoiding the tendency to select the
first answer, which would otherwise display a clear
preference for one option. The model is instructed
to provide its reasoning for the choice and to remain
impartial.

The judge’s task is to establish which question-
answer pair is better suited for the given text, con-
sidering the following criteria: the answer and the
question are based on the given text; the answer
addresses the question; the pair assesses under-
standing rather than simple recall. The model is
allowed to declare a tie only when the decision is
difficult; otherwise, it should declare a win if the first
pair is better or a loss if the second is better.

To evaluate the results, an Elo ranking system
(Elo, 1967) was built to assess LLM performance.
The algorithm has been proven to be efficient and
it was widely studied to be optimized for LLM eval-
uation, for example Boubdir et al. (2024) compared
the Elo ratings to human evaluation and drew con-
clusions about efficiency, especially about adjusting
parameters to reduce rating fluctuations and the
need to adjust the K factor (maximum possible ad-
justment per game) for rapid convergence for clear
winners. Similarly, a system based on Elo (Chiang
et al., 2024) is used for the Chatbot Arena LLM
Leaderboard3.

For our experiment, we used an initial rating of
1500 and a K-factor equal to 32. We compared the
models and also simulated a competition of random
matches among all three models.

In Table 2, we observe that our model ranks sec-
ond overall, with pairs from the original dataset
perceived as better. This is expected because our
top 10 selected answers may also include easier
options that do not always target the text under-
standing. Our model achieves a better score than
the fine-tuned Llama, which also has as a drawback
the fact that it can extract answers that are not in
the given context. The ModernBERT Classification
does not perform well compared to the other solu-
tions and to DeBERTa Classification, supporting
the other experiments conducted in this paper.

3https://huggingface.co/spaces/
lmarena-ai/chatbot-arena-leaderboard

https://huggingface.co/spaces/lmarena-ai/chatbot-arena-leaderboard
https://huggingface.co/spaces/lmarena-ai/chatbot-arena-leaderboard
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Figure 6: DeBERTa Classification model results compared with the original question-answer pair annotated
by humans in the Fairytale Dataset for the given context and with the Llama fine-tuned model. Note:
Questions 1-10 are generated for the answers selected by the encoder model (DeBERTa Classification),
H is used for the original question, and L for the answers extracted using the fine-tuned Llama Answer
Selector.

5. Discussion

The classification model and the empirically cho-
sen label ranges have proven efficient at generating
question-answer pairs using only the information
in the context. We chose to split the answers into
multiple categories to maintain a ranking of usable
answers and to illustrate that the current solution
will predominantly select answers from the best
class. However, this study focuses more on the
possibility of selecting diverse answers, rather than
strongly differentiating between the three usable
classes. On the performance gap between the two
classification models, we can identify that Modern-
BERT is affected by the labels imbalance in the
dataset, as the ’unusable’ class has more entries
than the others, representing around 55% from the
training set. It is a less sensitive model to changes
being suitable for larger contexts and being opti-
mized to be fast. Thus, for this classification task
we need a more precise model and DeBERTa’s
Disentangled Attention (separating content from

relative position) is a major advantage.

A couple of factors impact our overall perfor-
mance. First, the selected spans might contain
duplicate answers as the current method is not able
to distinguish between subtle changes in meaning,
such as ("under the hill," "the hill") or ("in a while," "a
while"), assigning them the same label and making
abstraction of the sense. This happens because
we use average hidden states to represent a se-
quence, which does not change significantly when
adding or removing a token. One solution is to use
a more complex aggregation function on top of the
hidden states, like a CNN or LSTM. In Fig. 6, we
illustrate this scenario for answer 7, which is part
of answer 3, leading to similar questions. This is
also the reason for selecting a classification model
rather than a regression model, since the latter was
unable to learn subtle differences. When adding
more strategies for answers selection, this issue is
solved, but improving this aspect results in being
able to select a greater diversity of candidates with
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less effort.
Second, when we established the correspon-

dence between the loss score and the assigned
label, we identified an anomaly: some of the longer
spans that could form a strong pair have loss scores
in the unusable category. One example is the fol-
lowing pair ("spreading kingdom," "his beautiful
palace and all its wonders," and "his power which
none disputed throughout the whole sea," "What
did the dragon king have?"), which was validated to
have sense in the given context. However, there is
no clear pattern, and including these outliers would
compromise the model’s overall performance, as
most unusable spans have a similar score.

6. Conclusions and Future Work

Our method successfully and efficiently extracts
candidates from a reference text comparable to the
human-annotated data in the original dataset. De-
spite similar performance to the Llama fine-tuned
model, we argue that the proposed model is lighter
(an encoder) and faster, processing all spans within
a single inference step. Furthermore, the fine-
tuned model lacks diversity, repeatedly selecting
the same answer from the given text. One aspect
that highlights the model’s strengths is its capabil-
ity to define diverse strategies for controlling the
selection of possible answers.

For future work, we aim to improve the metrics
that best define the relationship between a given
text and what constitutes a good question-answer,
without relying on human annotations. Also, we
would like to explore how to generate well-balanced
and diverse question-answer pairs. On the encoder
choice, we would like to explore further the capa-
bilities of ModernBERT and further fine-tuned the
model, due to its advantage of handling large con-
texts and faster inference, which makes it suitable
in low resources environments.

7. Limitations

We identify the lack of human evaluation on the final
test data as the main limitation. While an important
method of evaluation, it is not always available and
can be time-consuming. For generating question-
answer pairs, human evaluation remains the most
reliable option; however, comparing results with
LLM performance and state-of-the-art models is a
good compromise that speeds up the process, es-
pecially when the solution is intended to be further
integrated to boost the performance of other tasks.
While this study utilizes the Fairytale dataset to de-
velop the solution and evaluate its performance, our
approach can be easily applied to other datasets
because it is independent of the data. Ideally, we
only need to fine-tune the large language models

for each task (question generation, question an-
swering, and answer selection); however, a base
model would be enough for quickly integrating the
proposed solutions with other datasets.

While developing a methodology to evaluate the
classification model, we faced the challenge of find-
ing a suitable metric to capture the complex relation-
ships between outputs and targets. If the selected
candidate is not among the references, it can still
form a good question-answer pair. Hence, one lim-
itation is the lack of automatic evaluation, a topic
also addressed by Yao et al. (2021).

8. Ethical Considerations

This study is built exclusively on top of the Fairy-
taleQA dataset (Xu et al., 2022), a publicly avail-
able educational corpus. The dataset has been
designed for the text comprehension task and it is
sourced from the Project Gutenberg website which
abides by the copyright law4. The data has been
collected and released by the authors with the pur-
pose of research reuse. No additional human data
were collected. The dataset does not contain any
personally identifiable information.

All experiments were conducted using open-
source models and tools under their respective li-
censes. The study does not contain any sensitive
or private user data and no human subjects were
involved. Model outputs were analyzed solely for
research evaluation purposes.
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