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Abstract

Multiple-choice cloze questions are commonly
used to assess linguistic proficiency and com-
prehension. However, generating high-quality
distractors remains challenging, as existing
methods often lack adaptability and control
over difficulty levels, and the absence of
difficulty-annotated datasets further hinders
progress. To address these issues, we propose a
novel framework for generating distractors with
controllable difficulty by leveraging both data
augmentation and a multitask learning strat-
egy. First, to create a high-quality, difficulty-
annotated dataset, we introduce a two-way dis-
tractor generation process to produce diverse
and plausible distractors. These candidates are
filtered and then categorized by difficulty using
an ensemble QA system. Second, this newly
created dataset is used to train a difficulty-
controllable generation model via multitask
learning. Experimental results demonstrate that
our method generates high-quality distractors
across difficulty levels and substantially outper-
forms GPT-4o in aligning distractor difficulty
with human perception.

1 Introduction

The widespread adoption of e-learning platforms
has transformed traditional methods used in
education, enabling access to knowledge and
breaking down geographical and temporal barri-
ers (de Souza Rodrigues et al., 2021). Moreover,
with the growing number of learners, scalable and
effective assessment methods have become increas-
ingly critical. As such, cloze questions are be-
ing widely used in language proficiency evaluation
for their ability to assess diverse linguistic skills.
Specifically, this particular assessment format in-
volves the removal of specific words from a passage
and requires learners to fill in contextually appro-
priate terms (Taylor, 1953). Among their variants,

"This work was conducted while at POSTECH.

multiple-choice cloze questions are particularly fa-
vored for their ease of scoring and enhanced objec-
tivity in large-scale testing.

A key challenge in constructing such questions
lies in generating plausible distractors, or incorrect
options (Haladyna, 2004) that challenge students to
engage with the material and enhance reading com-
prehension by distinguishing the correct answer
from similar but incorrect choices. Distractors that
are neither too obvious nor overly misleading are
not only essential for maintaining assessment va-
lidity, but also serve as a critical determinant of
overall question difficulty (Rezigalla et al., 2024;
Susanti et al., 2017, 2016). However, manually
crafting high-quality distractors is time-consuming
and resource-intensive, which makes it impractical
for large-scale deployment.

Towards this, several studies have proposed auto-
mated distractor generation systems (Yeung et al.,
2019; Ren and Q. Zhu, 2021; Chiang et al., 2022;
Wang et al., 2023). While effective at replicating
distractors in the training data (Ren and Q. Zhu,
2021; Chiang et al., 2022; Wang et al., 2023), these
approaches struggle to generate distractors with
varying difficulty levels, which limits their use in
personalized learning environments. Although Ye-
ung et al. (2019) explored difficulty-aware distrac-
tor generation, they rely on predefined candidate
lists which limits diversity and difficulty range.

The challenge pertaining to difficulty control
arises from multiple factors. First, difficulty is in-
herently subjective and lacks a universally accepted
metric, which complicates its operationalization in
automated systems (AlKhuzaey et al., 2024). Sec-
ond, the limited number of distractors per question
in the dataset restricts the variety of examples avail-
able for training, which hinders the model’s ability
to generalize across a spectrum of difficulty levels.

To address these challenges, we propose a frame-
work for difficulty-controllable distractor genera-
tion that combines data augmentation and multitask
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learning. Since our framework targets language
proficiency assessment, we define difficulty based
on the semantic plausibility of the distractor within
the context, which is consistent with the existing
benchmark (Xie et al., 2018). This approach al-
lows for more objective control, independent of
individual learner differences such as vocabulary
size, thereby mitigating the subjectivity commonly
associated with difficulty modeling. Additionally,
since the most commonly used datasets for cloze
questions focus on word-level completions, and
modifying a single word to achieve a continuous
spectrum of difficulty poses inherent challenges,
we adopt a binary classification approach for mea-
suring distractor difficulty.

To construct a difficulty-annotated dataset, we
introduce a two-way distractor generation method
that incorporates an information restriction strat-
egy to produce diverse and contextually plausible
distractors. Candidates are refined through a fil-
tering stage to ensure semantic and grammatical
quality, and then clustered by difficulty using an
ensemble of QA models with score normalization
for improved accuracy. We then train a generation
model on the augmented dataset using a multitask
learning objective, enabling it to not only produce
distractors at specified difficulty levels but also to
distinguish between correct answers, easy, and hard
distractors.

Quantitative and qualitative evaluation results
demonstrate the effectiveness of our approach.
Our augmentation method expands the CLOTH
dataset (Xie et al., 2018) to an average of 12 distrac-
tors per question, and is categorized by difficulty.
We also observe that our high-attention informa-
tion restriction strategy allows for flexible control
over both distractor difficulty and semantic cover-
age. Our method significantly outperforms GPT-
40, with 73.25% and 64.23% difficulty accuracy in
generating hard and easy distractors, respectively.
Our model also significantly reduces the invalid
distractor ratio, with no invalid distractors in easy
distractors and 1.6% for hard distractors.

Our contributions are summarized as follows:

* We introduce a novel two-way data augmen-
tation pipeline that enables flexible difficulty
control via information restriction.

* We design a multitask learning strategy that
allows the model to distinguish answers from
distractors and assess their relative difficulty.

* Through comprehensive automatic and human

evaluations, we demonstrate that our proposed
method significantly outperforms GPT-40 in
aligning distractor difficulty while maintain-
ing a low invalid distractor ratio.

* We release both the augmented dataset and
the trained model to support future research.!

2 Related Work

Early studies used linguistic heuristics and domain-
specific resources for distractor generation (Pino
and Eskénazi, 2009; dos Santos Correia et al.,
2010). In particular, they leveraged thesauri, tax-
onomies, or predefined vocabularies to select dis-
tractors that were semantically related to the cor-
rect answer. However, the reliance on domain-
specific resources limited their applicability across
diverse subjects. To address the limitations of such
heuristic methods, subsequent studies incorporated
general-purpose knowledge bases. For instance,
Ren and Q. Zhu (2021) proposed a framework
that leverages knowledge bases like Probase (Wu
et al., 2012) and WordNet (Fellbaum, 1998) to gen-
erate candidate distractors. Their approach used
a learning-to-rank model to select distractors and
demonstrated improved performance across multi-
ple domains. Despite these advancements, the de-
pendency on structured knowledge bases still con-
strains the model’s adaptability in domains where
such resources are sparse or outdated.

Recent literature has shifted towards utiliz-
ing transformer-based pretrained language models
(PLMs) for distractor generation. For instance, Chi-
ang et al. (2022) used PLMs to generate distractors,
and Wang et al. (2023) formulated cloze distractor
generation as a Text2Text task and used PLMs en-
hanced with pseudo Kullback-Leibler divergence
to prevent generating distractors that were too sim-
ilar to each other. Nevertheless, these methods still
struggle with difficulty control, leading to limited
adaptability across varying educational needs.

As such, difficulty-controllable question genera-
tion has emerged as a relatively new research do-
main. With the growing popularity of PLMs, re-
cent works such as Uto et al. (2023), Tomikawa
and Uto (2024), and Park et al. (2024) combine
PLMs with Item Response Theory (IRT) to model
and control question difficulty. However, the cor-
relation between human and PLM-simulated IRT
parameters remains unverified in the cloze domain,
and validating this is challenging since reliable IRT

https: //github. con/ksh108405/DCDG
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Figure 1: Overview of the dataset augmentation pipeline.

estimation necessitates large-scale human response
data (Sireci, 1992), which is unavailable in public
datasets. Furthermore, such methods incur high
computational costs, often requiring hundreds of
models to simulate student responses (Tomikawa
and Uto, 2024). Given these constraints, we adopt
a more resource-efficient approach using a discrete
difficulty metric, which is calibrated with expert
annotations.

3 Methodologies

3.1 Dataset Augmentation

To augment distractors for cloze questions, we pro-
pose a three-step system designed to 1) generate, 2)
filter, and 3) cluster distractors by difficulty. Each
step is detailed in its respective subsections. This
augmentation process is illustrated in Figure 1.

Two-Way Candidate Generation In order to
generate diverse and high-quality candidates for
distractor augmentation, we adopt a two-way ap-
proach that integrates two distinct methods. First,
we use a distractor generator, which is a language
model fine-tuned on the distractors present in the
original dataset. Yet, as this generator is specif-
ically trained to replicate the characteristics of
ground-truth distractors, its output is constrained
by the semantic and difficulty distribution of the
training data, which limits the generator’s ability
to produce diverse distractors for novel contexts or
difficulty levels. Therefore, to address this limita-
tion, we propose an information-restriction genera-
tion technique. This method re-purposes an answer
generator, which was originally trained to gener-
ate correct answers, by strategically deleting its
available information to produce distractors. This
approach is built on two established findings; dis-
tractors deviate from the correct answer by contra-
dicting specific parts of the passage (Ondov et al.,
2024), and there exists a correlation in reading

patterns between humans and transformer-based
models (Zou et al., 2023; Bensemann et al., 2022).

Building on this insight, we repurposed the an-
swer generator in a two-stage process to generate
distractors. In the first stage, it processes the entire
passage and generates the answer autoregressively.
During this process, attention scores are computed
at each generation step by summing across all lay-
ers and heads, and then accumulated across all gen-
erated answer tokens to derive the final attention
scores for identifying crucial passage words. In the
second stage, the passage is selectively pruned by
removing words with the highest attention scores
until a predefined deletion ratio is met. The pruned
passage is then fed back into the answer generator
to generate distractors that intentionally conflict
with the passage. By adjusting the deletion ratio,
we control the degree of inconsistency with the
passage, thus producing distractors of varying diffi-
culty. Pseudo-code for this information restriction
is provided in Appendix B.

Candidate Filtering An essential property of ef-
fective distractors is that they must not align with
the passage more closely than the correct answer.
To achieve this, we use a two-step candidate fil-
tering process that verifies whether each distractor
is grammatically appropriate for the blank and en-
sures it cannot be a valid answer.

First, grammatically incorrect candidate distrac-
tors are eliminated using the rule-based Language-
Tool (Naber, 2003) grammatical error corrector.
Second, GPT-40 mini is used to assess the semantic
plausibility of the remaining candidates by prompt-
ing the model to judge whether a distractor could
serve as a valid answer in the given cloze passage.
Those considered plausible answers are removed
S0 as to retain only contextually inappropriate dis-
tractors. This two-step filtering process thus yields
distractors that are both well-formed and clearly
unsuitable as correct answers.
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Difficulty Clustering To measure distractor dif-
ficulty, we use an ensemble of PLMs as done in
prior studies (Yeung et al., 2019; Chiang et al.,
2022; Cavusoglu et al., 2024). Each PLM in the
system is fine-tuned with a multiple-choice cloze
QA setup to assign a score to each option, which
represents its likelihood of being selected as the
correct answer. To cluster distractors by difficulty,
we divide the entire pool into three equal-sized sub-
sets based on their scores. The hard distractor set
is comprised of distractors from the top third sub-
set, while the easy distractor set is derived from
the bottom third subset. To maximize diversity,
we computed STS using cosine similarity on sen-
tence embeddings from the all-mpnet-base-v2
model in the Sentence-Transformer (Reimers and
Gurevych, 2019). Specifically, we calculated a
pairwise cosine similarity matrix for all distractor
candidates and filtered out any option with a simi-
larity score exceeding 0.8 with any other selected
candidate. Distractors in the middle range are ex-
cluded from use, as they do not clearly align with
either difficulty category.

A key aspect of the ensemble system is the nor-
malization of confidence scores from each model,
which is critical for ensuring balance across mod-
els. Given that the confidence scores for distractors
exhibit a highly right-skewed distribution, we ap-
ply Box-Cox transformation (Box and Cox, 1964).
This transformation is applied independently for
each passage and model, with parameter A\ opti-
mized via maximum likelihood estimation to best
fit a Gaussian distribution. For details, see Ap-
pendix E.

3.2 Training Strategy

To effectively train our difficulty-controllable dis-
tractor generation model using the augmented
dataset and to enhance its understanding of distrac-
tor difficulty, we propose a novel multitask train-
ing strategy. This strategy consists of one main
task and two auxiliary tasks, all formulated in a
sequence-to-sequence (seq2seq) framework. Input-
output formats for each task are shown in Figure 2.

Main Task At the core of our method is diffi-
culty controllable distractor generation (DCDG),
where an LLM is fine-tuned on the previously aug-
mented dataset (§3.1). For each passage, the model
is trained separately on the entire set of distrac-
tors from both the hard and easy subsets, treating
each difficulty level as a distinct training instance.

Question Easy Distractors

Many young people now choose to Answer congratulating ||
get involved ..., while also

showing their civic participation contributing Hard Distractors

by _ to a cause. accustoming II

[Input]

Look at the given masked passage and the comect answer, and create 3 distractors (incorrect words)

of easy difficulty for the cloze question

Masked Passage

Many young people now choose to get involved ...,
participation by _ to a cause.

D6 | yrswer

contributing

[Output]

easy distractors:

congratulating, opposing, neglecting

while also showing their civic

[Input]
Look at the given masked passage and the options for the blank, and choose the most appropriate
answer to fill in the blank, then for the remaining options, provide the difficulty level in hard or easy.
Masked Passage:

Many young people now choose to get involved ...
participation by _ to a cause.

Options:

opposin

ASDE | accostoning

contributing

, while also showing their civic

[Output]

Answer: contributing

Distractor: opposing, Difficulty: easy
Distractor: accustoming, Difficulty: hard

[input]

Look at the given passage, and find the distractor (incorrect word) in the passage, then provide its
difficulty level in hard or easy.

Passage

DDDE Many young people now choose to get involved ...,
participation by opposing to a cause.

while also showing their civic

[Output]
Distractor: oppos ing, Difficulty: easy

Figure 2: Overview of training methods of difficulty-
controllable cloze distractor generation model. Tem-
plate variables are highlighted in red.

Specifically, given the cloze passage, the number of
distractors to generate, the desired difficulty level,
and the ground-truth answer, the model learns to
generate appropriate distractors that align with the
specified difficulty.

Auxiliary Tasks To enhance the model’s under-
standing of distractor semantics and difficulty, we
introduce two auxiliary tasks inspired by Wang
et al. (2023), and extend their formulation to ex-
plicitly incorporate difficulty signals. The primary
goal of this multitask setup is to align the diffi-
culty control tokens with the semantic plausibility
of distractors within the given context, to differ-
entiate between correct answers and distractors
while recognizing relative difficulty. In the first
auxiliary answer selection and distractor diffi-
culty estimation (ASDE) task, the model learns
to identify the correct answer and simultaneously
assess the difficulty of given distractors. It receives
a cloze passage with shuffled choices containing
the ground-truth answer and distractors of varying
difficulty. The model is trained to 1) identify the
correct answer and 2) label each distractor with an
estimated difficulty.

Unlike ASDE, in the distractor detection and
difficulty estimation (DDDE) task, the model is
given a cloze passage with a distractor word in-
serted into the blank. This task trains the model to
1) detect the distractor and 2) estimate its difficulty
level, thereby aligning its predictions with the diffi-
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culty annotated in the augmented dataset. Note that
the full dataset is used to train the main task, while
the auxiliary tasks are trained on their respective
converted subsets. All tasks are optimized using a
standard cross-entropy loss, calculated within the
unified seq2seq formulation.

4 Experiments

Experiments are conducted on the CLOTH
dataset (Xie et al., 2018), which is available for non-
commercial research purposes only. This dataset
consists of 7,131 unmasked passages and 99,433
cloze questions that are derived from middle and
high school English exams in China, and covers a
diverse range of topics and difficulty levels. Each
passage contains multiple blanks for completion
and is split into 5,513 passages for training, 805 for
validation, and 813 for testing.

Two-Way Candidate Generation To augment
the CLOTH dataset, we train Gemma 2 9B (Team,
2024) for both the distractor and answer genera-
tors. To prevent data leakage, we applied 5-fold
cross-validation. For each iteration, the model was
trained on four folds and performed inference ex-
clusively on the remaining held-out fold. This cy-
cle was repeated five times to augment the entire
dataset without any overlap between training and
generation data. To enhance the robustness of the
answer generator during information restriction,
50% of the passages were randomly modified dur-
ing training by removing words at varying rates
between 0% and 100%. We used deletion ratios of
[0.1, 0.2, 0.4] to create distractors of varying diffi-
culty. Additionally, words surrounding the blank
were preserved to avoid generating trivially easy
distractors. Training was done with two NVIDIA
A100-80GB GPUs, with a global batch size of 16
and a learning rate of Se-6.

Candidate Filtering To ensure the quality of the
augmented distractors, we applied a two-step filter-
ing process. For grammatical validation, we used
LanguageTool and deleted 2% of the candidates
which were ungrammatical or nonsensical. To as-
sess contextual correctness, we prompted GPT-40
mini in a 2-shot cloze QA format to detect distrac-
tors that fit the blank better than the original answer.
This filtering was repeated three times, resulting
in the removal of 21.31% of generated distractors.
Prompt templates are detailed in Appendix D.

Difficulty
30 —— Easy
— Hard

<)

Frequency

i 0.0 0.2 0.4 0.6 0.8 1.0
QA System Plausibility Score

Figure 3: QA system annotation scores across two diffi-
culty levels. The line represents the continuous distribu-
tion of the data using KDE.

Difficulty Clustering To determine the difficulty
levels of the distractors in the augmented CLOTH
dataset, we used a diverse set of small PLMs
across 11 model families. A total of 18 models
were trained and evaluated. To select the best-
performing models which aligns with target users,
a highly proficient ESL expert with over 20 years
of academic English experience annotated the cal-
ibration set. Specifically, the expert labeled 359
distractors from 10 randomly sampled questions
in the augmented validation set, categorizing them
into two difficulty levels (easy and hard) based on
perceived difficulty for ESL learners. Each model
was then evaluated using this labeled test set. For
the evaluation metric, we measure the degree of
separation between the two difficulty distributions
by computing the best balanced accuracy at the op-
timal threshold that maximally distinguishes them.

Among the top-performing model combinations,
we selected those with a standard deviation below
0.5% for stability. This led to the selection of six
models, including albert-xlarge-v2, albert-xxlarge-
v2, conv-bert-base, electra-large-dis, roberta-large,
and xInet-large. Similarly, a 5-fold training ap-
proach was applied to prevent data leakage. For
specific training details, refer to Appendix C.

Figure 3 presents the score distribution of the
QA ensemble system for human-labeled distractors.
The distribution of easy distractors is left-skewed
relative to that of hard distractors, indicating that
they tend to receive lower scores. This suggests that
the system effectively identifies easy distractors as
less plausible, demonstrating its ability to capture
and reflect varying difficulty levels in alignment
with human-labeled classifications.

Difficulty-controllable Distractor Generation
Gemma 2 9B is trained on the augmented data for
difficulty-controllable distractor generation using a
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Augmented

Dataset Original

Easy Hard
# of Distractors &  2.998 12.06  12.02
per Question 0063 3758 3.770
Similarity o 03504 0.2901 0.3592
with Answer o 0.1006 0.0600 0.0756

Table 1: Statistics of the augmented dataset. ;1 and o
denotes the mean and standard deviation, respectively.

single NVIDIA L40S GPU with a global batch size
of 16. The learning rate was set to Se-5 for DDDE
multitask training and 3e-5 for the others. We also
used early stopping to ensure proper evaluation
across training objectives. To enhance efficiency,
we applied low-rank adaptation (Hu et al., 2022)
with » = 16 and o = 16 and a 0.1 warm-up ratio
for efficiency and stability.

5 Results and Analysis

5.1 Dataset Augmentation

Dataset Statistics Table 1 demonstrates the dis-
tinct improvements over the original CLOTH
dataset in both distractor quantity and quality. The
augmented dataset contains a greater number of dis-
tractors per question, and thus provides a more com-
prehensive set. Additionally, STS analysis with the
all-mpnet-base-v2 shows that easy distractors in
the augmented dataset are less similar to the correct
answers compared to those in the original dataset,
whereas hard distractors exhibit greater similarity.
Moreover, lower standard deviation of similarity
scores across both difficulty levels suggests a more
consistent control over the range of distractor diffi-
culty.

Difficulty and Quality Evaluation We used
GPT-40 (OpenAl, 2024) to further evaluate the
quality and difficulty of augmented distractors.
From the CLOTH test set, we sampled 1,000 ques-
tions and presented GPT-40 with a cloze passage
alongside four options, which are the ground-truth
answer, one randomly selected original distrac-
tor, and one easy and hard distractor from the
augmented dataset. To assess relative difficulty,
GPT-40 ranked the options based on their fit in the
blank. Additionally, we measured the invalid ra-
tio by checking whether any option was equally or
more appropriate than the ground-truth answer. All
evaluations were conducted in a 1-shot setting for
consistency. The evaluation prompts are provided

Augmented
Dataset Original
Easy Hard

Hardest 26.53%  3.42%  70.05%
Relative ;
Difficulty Middle 52.56% 23.32% 24.12%

Easiest 21.21% 7317% 5.63%
Invalid Ratio 0.9% 0.0% 4.2%

Table 2: Relative difficulty and invalid distractor ratios
for ground-truth and augmented distractors.

Answer Distractor
Method ‘ Generator w/ IR  Generator
# of Distractors | 19.25 29.66
Semantic Diversity 0.6928 0.6684
Semantic Overlap 0.2908
Jaccard Overlap 0.1281

Table 3: Comparison of distractor statistics between
the answer generator with information restriction and
distractor generator. Both Jaccard and Semantic Overlap
quantify the relationship between the two generation
methods.

in Appendix G.

Table 2 reveals clear differences in difficulty
across distractor types. Augmented hard distrac-
tors were categorized as the Hardest 70.05% of
the time, compared to only 26.53% for original
distractors. Similarly, easy distractors were classi-
fied as the Easiest in 73.17% of cases, in contrast
to 21.21% in the original dataset. Even without
explicit difficulty calibration, more than half of
the original distractors fell between the augmented
easy and hard ones. The invalid ratio for hard dis-
tractors was low at 4.2%, and no invalid options
were found in easy distractors.

Analysis of Two-Way Candidate Generation
As shown in Table 3, the statistics of the generated
distractor candidates highlight the complementary
strengths of our two-way candidate generation ap-
proach. The Jaccard overlap, which is calculated
based on exact matches, i1s 12.81%. Moreover, the
semantic overlap, which is measured by the aver-
age STS score between distractors for each ques-
tion, is 0.2908. These relatively low values indicate
that the answer generator with information restric-
tion and the distractor generator produce distinct
and minimally redundant distractor sets. Moreover,
distractors that were generated from the answer
generator show slightly greater semantic diversity
compared to those from the distractor generator.
This suggests that applying information restriction
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Deletion Ratio | Diversity Plausibility

0.1 0.6554 0.3404
0.2 0.6635 0.3189
0.3 0.6682 0.3066
0.4 0.6710 0.2978
0.5 0.6734 0.2920

Table 4: Average statistics for generated distractors un-
der varying information deletion ratios.
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—®— Random

—— Highest attention

Answer Duplicate Rate (%)
P
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0.0 T T T
0.25 0.50 0.75
Deletion Ratio (%)

Figure 4: Duplication rate of generated distractors with
the correct answers.

on the answer generator increases the semantic
variety of the generated distractors and broadens
difficulty levels. Further details on the difficulty
distributions are provided in Appendix A.

Effect of Information Deletion Ratio To investi-
gate the impact of information deletion ratios on the
quality and diversity of distractors generated with
information restriction, we experiment with five
deletion ratios: [0.1, 0.2, 0.3, 0.4, 0.5]. For each
set of distractors generated from an input question
and answer, we evaluated two aspect of semantic
diversity and plausibility. Semantic diversity is de-
fined as one minus the average pairwise semantic
similarity among the generated distractors, while
plausibility is measured by the semantic similarity
between a distractor and the ground truth answer.

Table 4 shows that increasing the information
deletion ratio increases semantic diversity of dis-
tractors, while their plausibility with respect to the
ground-truth answer decreases. This indicates that
higher deletion ratios enhance distractor diversity,
while lower ratios enhance their plausibility. These
findings confirm that deletion ratio adjustments
provide a flexible means of controlling distractor
difficulty and semantic coverage.

Effectiveness of High-attention Deletion To fur-
ther validate the effectiveness of our highest atten-
tion deletion strategy in augmenting distractors,
we compared it with two alternative deletion ap-

proaches, which are random deletion and lowest
attention deletion. As shown in Figure 4, delet-
ing words with low attention scores or randomly
selected words frequently led to high duplication
rates of generated distractors matching the ground
truth answer, even at relatively high deletion ratios.
Specifically, these strategies resulted in more than
40% duplication rates when 25% of words were
deleted. In contrast, our proposed high-attention
deletion approach has significantly low duplica-
tion rates, which maintains an answer duplication
rate below 20% at the same deletion ratio. This
indicates that selectively deleting high-attention
words effectively prevents the answer generator
from reproducing the answer, thereby enhancing
the efficiency of augmenting plausible distractors.

5.2 Difficulty-controllable Distractor
Generation

Automatic Evaluation To evaluate the difficulty
of the generated distractors, we used GPT-40 to
assess their relative difficulty. Following the same
methodology as the augmented dataset, we pre-
sented GPT-40 with cloze passages containing four
options: the ground-truth answer, one original dis-
tractor, one easy distractor, and one hard distractor
generated by our model. Additionally, we com-
pared with those produced by GPT-40 in both O-
shot and 5-shot settings. In the 5-shot setup, we
provided examples from the augmented dataset, in-
cluding eight easy and eight hard distractors for five
randomly selected questions. The detailed prompt
and few-shot setup used for GPT-4o distractor gen-
eration are provided in Appendix F.

Table 5 highlights the effectiveness of multitask
training in generating distractors with distinct dif-
ficulty levels. The model trained with multitask
learning outperforms the one fine-tuned only on
the main task, showing a greater ability to differ-
entiate between the hardest and easiest distractor
categories. In the hard-difficulty setting, 73.25% of
the distractors from the ASDE + DDDE multitask
model classify as Hardest, an improvement from
70.35% in the single task setup. Similarly, for easy
distractors, the proportion categorized as Easiest
increases from 58.49% to 64.23%. On the other
hand, GPT-4o struggles with consistency, with only
33.54% (0-shot) and 46.39% (5-shot) of easy dis-
tractors classified as Easiest For hard distractors,
GPT-40’s Hardest rate remains at 56.77% (0-shot)
and 53.81% (5-shot), which is significantly lower
than the proposed approach.
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Relative Difficulty
Method Type
Hardest Middle Easiest
Original 13.64% 35.56% 51.31%
GPT-40 (0-shot) Easy 29.60% 36.36%  33.54%
Hard  56.77% 28.08% 15.15%
Original 24.35% 38.38%  37.78%
GPT-40 (5-shot) Easy 21.84% 31.06%  46.39%
Hard  53.81% 30.56% 15.83%
Original 20.40% 47.94%  32.36%
DCDG Easy  925%  32.06% 58.49%
Hard  70.35% 20.00%  9.15%
Original  19.64%  49.70%  31.66%
DCDG
+ ASDE Easy 8.22%  30.56%  60.72%
Hard  72.14% 19.74%  7.62%
Original  22.69% 43.98%  33.73%
DCDG
+ DDDE Easy 9.34%  32.63% 57.53%
Hard  67.97% 2339% 8.73%
Original  20.04% 51.80% 28.46%
DCDG p p
+ASDE, DDDE ~ Easy 6.71%  28.96% 64.23%
Hard  7325% 19.24%  7.31%

Table 5: Relative difficulty evaluation results of gener-
ated distractors. Original denotes the distractors in the
original CLOTH dataset.

Invalid Ratio

Method

Easy Hard
GPT-40 (0-shot) 6.8% 16.9%
GPT-40 (5-shot) 1.6% 6.8%
DCDG 09%  6.4%
DCDG with ASDE 01% 7.0%
DCDG with DDDE 05% 6.3%
DCDG with ASDE + DDDE  0.2% 5.1%

Table 6: Invalid distractor evaluation results of gener-
ated distractors.

As shown in Table 6, the proposed model with
multitask training also achieves notably low invalid
ratio of only 0.2% for easy distractors and 5.1%
for hard distractors. This significantly outperforms
GPT-40, where invalid distractors reach 16.9% (0-
shot hard) and 6.8% (5-shot hard).

Furthermore, we evaluated the quality of gener-
ated distractors by qualitative study and compared
our method against established baselines on the
original dataset, which confirmed their high qual-
ity and consistency. Finally, to further examine
the generalizability of our method, we conducted
additional experiments using other small LLMs
(sLLMs), which showed strong performance in
generating high-quality distractors at controlled
difficulty levels. For details, see Appendix L, H,
and I respectively.

S Ty Relative Difficulty Invalid

ource e .
P Hardest Middle Easiest Ratio

Original 28.8%  61.6% 9.6% 3.2%

Dataset Easy 16.8% 1.6% 81.6% 0.0%
Hard 544% 36.8% 8.8% 1.6%

Original 30.4% 51.2% 18.4% 1.6%

Model  Easy  24.0% 32% 72.8% 0.0%
Hard 45.6%  45.6% 8.8% 1.6%

Table 7: Human evaluation results of both our aug-
mented dataset and trained model.

. Chosen
Option Type Ratio
Ground-Truth Answer 89.6%
Hard Distractor (Ours) 8.6%
Ground-Truth Distractor 1.6%
Easy Answer (Ours) 0.2%

Table 8: Mean ratio of being chosen as the answer for
each option type.

Human Evaluation To assess the student-
perceived cognitive load of distractors, we recruited
five English as a Second Language (ESL) adult
learners. Each participant had less than five years
of experience using English. Additional details of
human annotation setup is detailed in Appendix J.

For evaluation, 50 questions were randomly sam-
pled from the CLOTH test set. Among these, 25
cloze questions were used to evaluate the distrac-
tors generated in the augmented dataset, while the
remaining 25 questions assessed distractors pro-
duced by the multitask-trained model using DCDG
with both ASDE and DDDE objectives. Partici-
pants were instructed to solve cloze questions be-
fore proceeding with the evaluation. Following
the methodology used in our automatic evaluation
with GPT-40, the participants were asked to com-
pare three distractors, which are the ground-truth
distractor, an easy distractor, and a hard distractor.
The evaluation consisted of two tasks:

1. Relative Difficulty Assessment: For each
distractor, participants ranked its difficulty as
“Hardest,” “Middle,” or “Easiest”.

2. Validity Check: Participants indicated
whether any distractors were more suitable
for the blank than the ground-truth answer.

Table 7 and 8 presents the results of human eval-
uation on distractor difficulty and validity. These
results align with GPT-40 assessments, confirming
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that distractors labeled Hard and Easy were consis-
tently perceived as the most and least challenging,
respectively. Furthermore, in terms of distractor
efficacy, ESL learners selected our Hard distractors
more often than ground-truth and Easy distractors.
This trend is notably more pronounced compared
to native experts (Table 15), validating the model’s
effectiveness for the target ESL audience. Addi-
tionally, the invalid distractor ratio remained at
or below 1.6%. The results demonstrate that our
augmentation method maintains and improves the
validity of the original CLOTH dataset.

In addition to evaluations with ESL users, we
also conducted a complementary study involving
ten proficient English speakers, which confirms
pedagogical validity and the consistency of diffi-
culty control across varying user proficiency levels.
For details, see Appendix K.

Agreement Between Automatic and Human
Evaluation To quantify the agreement between
automatic and human evaluation, we used the same
50 questions from the human evaluation. For
each question, the difficulty rankings from the five
ESL annotators were averaged to produce a mean
rank per distractor, and Spearman’s rank correla-
tion coefficient was computed against GPT-40’s
rankings across all questions. The resulting GPT-
Human correlation of 0.54 is comparable to the
inter-human agreement of 0.62. Given that this task
involves ranking only three distractors per question,
where even a single-position swap substantially af-
fects the rank correlation, the close alignment be-
tween GPT-Human and Human-Human agreement
demonstrates that GPT-40 serves as a reliable proxy
for human evaluation in this context.

6 Conclusion

In this paper, we have proposed a novel method for
generating difficulty-controllable distractors, and
addressed key challenges in automated assessment.
Our data augmentation pipeline improved distrac-
tor plausibility and diversity through a two-way
candidate generation strategy, and ensured qual-
ity via a filtering process. By incorporating an
advanced normalization method into the difficulty
clustering step, we were able to construct a cloze
distractor dataset that is annotated with varying
difficulty levels. We further designed a multitask
learning framework that enabled the model to gen-
erate distractors with controlled difficulty. The
resulting model outperformed GPT-40 in both au-

tomated and human evaluations, which produced
valid distractors that align closely with human-
perceived difficulty. This work contributes to scal-
able and adaptive assessment in e-learning, sup-
porting systems that tailor distractor difficulty to
learner profiles and domain-specific needs.

7 Limitations

Consideration of Passage Structure on Difficulty
While item difficulty is influenced by a wide range
of factors, including passage syntax and blank po-
sition, this study focuses exclusively on distractor
difficulty. We prioritized this dimension as it is a
critical factor in item development that is less de-
pendent on learner variability. Future work could
enhance the system by incorporating passage read-
ability metrics and syntactic-semantic analyses of
blank positions to achieve a more comprehensive
difficulty control.

Generalization to Other Question Types The
information restriction technique is designed for
cloze-style questions to assess language profi-
ciency, and its effectiveness for other formats, such
as open-ended or math domain questions, are areas
that require further study. Similarly, the deletion
ratio approach may require additional adaptation
to ensure meaningful distractor generation across
different structures. Future work could refine dele-
tion strategies or incorporate linguistic constraints
to enhance generalizability.

Control Over Continuous Difficulty Levels
While continuous metrics offer granularity, map-
ping them directly to pedagogically appropriate
levels poses another challenges. Given the lack
of prior research and benchmarks for difficulty
control, and to avoid arbitrary thresholding, we
adopted a binary classification approach grounded
in expert calibration. Future work could extend this
by leveraging normalized PLM ensemble scores
from our difficulty clustering module to define
finer-grained, pedagogically calibrated levels.

8 Ethical Considerations

Our system is designed as a teacher-centric author-
ing tool rather than a fully automated test generator.
Teachers are responsible for reviewing, revising,
and approving all content prior to use. The purpose
of the system is not to replace human judgment, but
to reduce the time and effort required for educators
to create high-quality distractors.
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A Differences Between Two Generation
Methods

This section focuses on the difficulty range of dis-
tractors generated by two distinct methods. We
assess the difficulty by calculating the QA ensem-
ble system scores for each method. To visualize
the difficulty distribution differences, we present a
histogram of the score differences between the two
generation methods.

Figure 5 illustrates that the answer generator
yields more distractors at both difficulty extremes,
indicating a broader difficulty spectrum. This find-
ing suggests that restricting the available informa-
tion allows the answer generator to generate both
easier and more challenging distractors compared
to the distractor generator, resulting in a more di-
verse and balanced set of options. This diversity
enhances the robustness of the augmented dataset
for training difficulty-controllable distractor gener-
ation models.

B Pseudo Code of Information
Restriction Generation

Algorithm 1 presents the procedure for gen-
erating difficulty-controlled distractors by selec-
tively restricting key information in a given passage.
The method begins by identifying important words
based on attention scores S assigned by the answer
generator M 4. The algorithm ranks the passage
words P in descending order of significance ac-
cording to these attention scores. By iteratively
removing a subset of the most influential words at
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Figure 5: Histogram difference of QA ensemble sys-
tem scores between two generation methods. Positive
values (blue) indicate higher frequencies for the answer
generator, while negative values (red) indicate higher
frequencies for the distractor generator.

Model Name Params LR  Eval Loss
albert-xlarge-v2 S8M 3e-06  0.6943
albert-xxlarge-v2 223M  5e-06 0.4712
bert-base-uncased 110M  3e-05 1.3764
bert-large-uncased 336M  1e-05 1.1166
conv-bert-base 106M  3e-05 1.2404
deberta-v2-xlarge 900M  1e-06 0.5639
deberta-v2-xxlarge 1.5B 1e-06 0.4986
distilbert-base 67TM 3e-05 1.8335
distilroberta-base 83M 3e-05 1.5995
electra-base-discriminator 110M  1e-05 1.3611
electra-large-discriminator ~ 336M  1e-05 0.6205
mpnet-base 133M  1e-05 1.0518
roberta-base 125M  7e-06 1.1444
roberta-large 355M  3e-06  0.9509
spanbert-base-cased 110M  1e-05 1.4093
spanbert-large-cased 336M  1le-05 0.9545
xInet-base 110M  1e-05 1.1867
xInet-large 336M  1le-05 0.7915

Algorithm 1 Information Restriction Generation
Input: Passage Words P, Answer Generator M 4,
Deletion Ratios R

Output: Distractors D

Step 1: Sort P with attention scores S
A, S < Mu(P)
Pyorieq < sort(P, S, descending)
D+ 0
for r € Rdo
Step 2: Remove key words from passage
n< [r-|P|]
P.+ P
for i = 1ton do
P. < P. — Psorted[i]
end for
Step 3: Generate distractors
13: dy +— Mu(P;)
14: D+ DuUd,
15: end for
16: Return: D

s A G S i s

—_ = =
N 22

varying deletion ratios r € I?, the algorithm creates
pruned passages P, with different levels of miss-
ing information. This ensures that the generated
distractors are influenced by controlled deletions
in contextual cues.

Once the key words are removed, the pruned
passage P, is reprocessed by the answer genera-
tor to generate plausible distractors d,. By vary-
ing the deletion ratio r, the algorithm produces a
diverse set of distractors with different levels of
semantic plausibility. This controlled variation sig-
nificantly enhances their suitability for difficulty-
tunable multiple-choice questions.

Table 9: Overview of the model candidates used in the
ensemble QA system, including the model names, pa-
rameter sizes, tuned learning rates (LR), and evaluation
loss on the validation set.

C Detailed Information of Ensemble QA
System

To construct a robust and accurate ensemble QA
system for estimating distractor difficulty, we eval-
uated 18 encoder-only models spanning 11 model
families with parameter sizes ranging from 67M to
1.5B. Each model was fine-tuned using a batch size
of 8 and early stopping, alongside an optimized
learning rate to enhance performance and prevent
overfitting. ALBERT and DeBERTa models were
trained on an NVIDIA RTX6000ADA GPU, while
all other models trained on an NVIDIA L40S GPU.
Table 9 presents a detailed overview of the models,
including their respective tuned learning rates and
evaluation loss scores measured on a validation set.

D Prompts for Candidate Filtering

The candidate filtering process use a two-shot
prompting approach with GPT-40 mini to refine
the set of distractor candidates by eliminating those
that were more suitable than the ground-truth an-
swer. The detailed prompt structure used for this
filtering process is presented in Figure 6. This
prompt instructed the model to evaluate each can-
didate independently, provide a justification for its
appropriateness, and identify a subset of acceptable
candidates. Finally, any distractors included in the
list were removed from the candidate pool.
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[SYSTEM]

Your task is to find every possible answer for the cloze question from the candidates
provided.

For each candidate, provide a brief explanation about the appropriateness of the candidate.

Then, at the end, *xmust** provide "Appropriate candidates”, with every candidate that could
be considered as correct, seperated by a new line.

Evaluate each candidate independently.

[USER]
Masked passage:
<passage with a blank indicated as >

Candidates:

If there is no appropriate candidate, provide "Appropriate candidates: None".

<a ground-truth answer and distractor candidates, separated by line break>

Figure 6: Prompt template used for filtering distractor candidates with GPT-40 mini.
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Figure 7: Raw confidence score distribution for each
PLM in a log scale.

E Normalization in QA Ensemble System

Normalization of confidence scores across multiple
PLMs is crucial to mitigate scale imbalances aris-
ing from model-specific and question-dependent
variations. Variations in model performance often
yield disparate confidence distributions, especially
across differing model capacities and question dif-
ficulties. To address this, we analyzed the confi-
dence distribution of distractors, which revealed
a pronounced right skew. We then compared two
normalization techniques, Box-Cox transformation
and ranking normalization, to evaluate their effec-
tiveness in stabilizing score distributions.

The confidence score distributions of distractors
across PLMs exhibit significant right skewness, as
shown in Figure 7, with the y-axis on a log scale.
The skewness and variations in model-specific dis-
tributions indicate inconsistencies in how PLMs
assess distractor plausibility. Such discrepancies
can reduce the effectiveness of an ensemble system
by introducing aggregation biases.

To address this issue, two normalization methods
are considered. Ranking normalization replaces
confidence scores with their ranks, effectively miti-
gating scale imbalance in a simple strategy. How-
ever, it only preserves ordinal relationships and
disregards absolute score differences. In contrast,
Box-Cox normalization transforms right-skewed
distributions into a Gaussian form, allowing the
retention of relative score magnitudes. To evaluate
their effectiveness, we compare the two methods
based on their ability to achieve optimal separation
in confidence distributions.

The results in Table 10 indicate that Box-Cox
normalization achieves a higher degree of separa-
tion compared to ranking normalization. Moreover,
model combinations with a standard deviation be-
low 0.5% consistently exhibit higher separation
scores under Box-Cox normalization, demonstrat-
ing its stability across multiple questions. These
findings suggest that Box-Cox normalization more
effectively balances score scales, improving the ro-
bustness of confidence-based ranking in the QA
ensemble system.

F GPT-40 Distractor Generation Prompt

To evaluate difficulty-controllable distractor gener-
ation with GPT-40, we adopted a 5-shot prompting
strategy. For each of the five few-shot examples,
we provided both ‘Easy’ and ‘Hard’ distractor sets,
resulting in a total of ten difficulty-labeled example
instances. This design allows the model to learn
specific difficulty boundaries by directly contrast-
ing the Easy and Hard examples within the context.

The system prompt which used for GPT-4o dis-
tractor generation is in Figure 8.
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Box-Cox Normalization

Ranking Normalization

Model List n o
albert-xxlarge-v2, bert-large, roberta-large, 0841 0.007
xInet-large

albert-xxlarge-v2, conv-bert-base, roberta-large 0.840 0.006
albert-xxlarge-v2, xInet-large 0.840 0.008
albert-xxlarge-v2, roberta-large, spanbert-base, 0840 0007
xInet-large

albert-xxlarge-v2, roberta-large 0.839 0.007
albert-xxlarge-v2, conv-bert-base, roberta-large, 0838 0.008
xInet-large

albert—xlarge—v.Z, albert-xxlarge-v2, conv-bert-base, 0837 0.004
electra-large-dis, roberta-large, xlnet-large

albert-xlarge-v2, albert-xxlarge-v2, bert-large,

conv-bert-base, deberta-v2-xxlarge, electra-large-dis, 0.836 0.004
roberta-large, spanbert-base

albert-xlarge-v2, albert-xxlarge-v2, bert-large,

conv-bert-base, deberta-v2-xlarge, electra-large-dis,  0.836  0.009
roberta-large, spanbert-base

albert-xxlarge-v2, conv-bert-base, roberta-large, 0836 0005

spanbert-base

Model List n o
albert-xxlarge-v2, bert-large, roberta-large, 0836 0.007
xInet-large

albert-xxlarge-v2, deberta-v2-xxlarge, mpnet, 0836 0.006
roberta-large, spanbert-base, xlnet-large

albert-xxlarge-v2, conv-bert-base, roberta-large, 0836 0007
xInet-large

albert-xxlarge-v2, conv-bert-base, deberta-v2-xlarge, 0836 0.005
roberta-large, spanbert-base

albert-xxlarge-v2, conv-bert-base, roberta-large 0.836 0.006
albert-xlarge-v2, albert-xxlarge-v2, mpnet, 0835 0.009
roberta-large, spanbert-base, xInet-large

albert-xlarge-v2, albert-xxlarge-v2, bert-large, 0834 0012
roberta-large, spanbert-base, xlnet-large

albert-xlarge-v2, albert-xxlarge-v2, spanbert-base, 0834 0.007
xInet-large

albert-xlarge-v2, albert-xxlarge-v2, conv-bert-base,

deberta-v2-xlarge, roberta-large, spanbert-base, 0.834 0.004
xInet-large

albert-xxlarge-v2, conv-bert-base, deberta-v2-xxlarge,
electra-large-dis, roberta-base, roberta-large, 0.834 0.004

spanbert-base, xInet-large

Table 10: Comparison of the top 10 model combinations by degree of separation under different normalization
methods. In the table ;1 presents the mean and o presents the standard deviation of performance. For each
normalization method, the best-performing model combination with o < 0.5% is highlighted in bold.

[SYSTEM]

’

At the end, you must write "Easy Distractors:'

[USER]
Masked passage:
<passage with a blank indicated as >

Answer:
<ground-truth answer>

Difficulty:
<'Easy' or 'Hard'>

Look at the given masked passage and the correct answer, then create 8 distractors (incorrect
words) of given difficulty ("Easy” or "Hard") for the cloze question.

or "Hard Distractors:”, then write down the

all the distractors you made, seperated by a new line.

Figure 8: Prompt template used for GPT-4o distractor generation with difficulty control.

G GPT-40 Evaluation Prompts

To ensure the effective evaluation of cloze question
distractors, we developed two structured prompt
templates designed for GPT-40. The prompt in
Figure 9 assesses the relative difficulty of distrac-
tors by ranking them according to how easily they
might be confused with the ground truth answer, by
providing explanations for why each distractor is
incorrect. The second prompt in Figure 10 detects
distractors that are equally or more appropriate than
the ground-truth answer, thereby filtering out in-
valid options that might compromise the overall
test’s validity.

H Consistency with Original Dataset

Since standard multiple-choice questions typically
provide only a limited number of distractors per
question, categorizing them into difficulty levels
results in severe data sparsity. Therefore, while
data augmentation is essential to overcome this
scarcity, it is still necessary to verify that the gen-
erated distractors remain highly consistent with
the original dataset. To address this, we evaluated
the alignment of the model with both the original
and the augmented CLOTH datasets by measuring
its ability to generate distractors that replicate the
distractor in each dataset.
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[SYSTEM]

order of x*relativexx difficulty.
answer.

[USER]
Masked passage:
<passage with a blank indicated as >

Options:
<four options, separated by line break>

The answer is: <ground-truth answer>

Given a cloze question consisting of masked passage, four options and correct answer,
evaluate the incorrect options by their *xrelativexx difficulty.

For each incorrect options, provide a brief explanation about their incorrectness.

Then, at the end, you must write "Results:"”, then write down the all incorrect options in the

Start by writing the incorrect answer that is most confusing to distinguish from the correct

Figure 9: Evaluation prompt template for relative difficulty.

[SYSTEM]

"Results: None".

[USER]
Masked passage:
<passage with a blank indicated as >

Options:
<three distractors, separated by line break>

Answer: <ground-truth answer>

Given a cloze question consisting of masked passage, three options and correct answer,
evaluate the option if they are equally suitable or just suitable as the correct answer.

For each options, provide a brief explanation about their incorrectness.

Then, at the end, you must write "Results:"”, then write down the all options that equally
suitable or just suitable as the answer, seperated by a new line.

If there is no options that are equally suitable or just suitable as the answer, provide

Figure 10: Evaluation prompt template for assessing invalid distractors.

Specifically, we generated distractors for the test
set using the trained model and measured perfor-
mance via F1 score under an exact match criterion
with both original and augmented distractors. Addi-
tionally, we compared the model’s performance on
the original dataset with the state-of-the-art meth-
ods (Chiang et al., 2022; Wang et al., 2023) to
examine the impact of training on the augmented
dataset. For the augmented test set, we further
analyzed performance across easy and hard diffi-
culty levels to assess the model’s ability to capture
difficulty-specific characteristics.

Table 11 shows that our models exhibit a slight
decrease in F1 score compared to state-of-the-art
on the original dataset, which is reasonable given
that our model was trained on more diverse data.
On the augmented dataset, our model significantly

performs better, achieving F1 scores of 26.93 for
easy distractors and 41.61 for hard distractors under
the ASDE + DDDE multitask setup. The lower
performance on easy distractors likely reflects their
broader semantic variability. These results show
that the model leverages augmentation to generate
controlled distractors while avoiding answers that
are misaligned with the original dataset.

I Experiments with Various sLLMs

To demonstrate the generalizability of our ap-
proach, we have conducted additional experiments.
We fine-tuned two other sSLLMs, Llama 3.1 8B and
Qwen 2.5 7B, on our augmented dataset using the
DCDG with ASDE + DDDE multitask training
strategy. We then evaluated the relative difficulty
and invalid ratio of the generated distractors using
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Eval

Dataset  Diff  Method F1@10
CDGP (2022) 15.37
Text2Text (2023) 14.05
Original DCDG 12.84
DCDG with ASDE 12.88
DCDG with DDDE 13.23
DCDG with ASDE + DDDE ~ 13.05
DCDG 26.42
Easy DCDG with ASDE 26.56
DCDG with DDDE 25.33
DCDG with ASDE + DDDE  26.64
Augmented
DCDG 41.76
Harg  DCDG with ASDE 41.73
DCDG with DDDE 41.05
DCDG with ASDE + DDDE ~ 41.98

Table 11: Distractor exact match results on test set of
original and augmented dataset. Diff denotes difficulty.

GPT-40 under the same experimental conditions.

As Table 12 and 13 show, when trained with our
proposed method, both Llama 3.1 8B and Qwen
2.5 7B demonstrate a strong capability to generate
distractors aligned with specified difficulty levels,
while maintaining a low invalid ratio. Although all
models perform well, Qwen 2.5 7B shows a slightly
better performance than Gemma 2 9B, which con-
firms the effectiveness and model-agnostic poten-
tial of our framework.

J Details of Human Annotation

For all human evaluations conducted in this study,
we recruited participants through the Amazon Me-
chanical Turk platform. To ensure ethical standards,
participants were explicitly informed that the col-
lected data would be used exclusively for research
purposes before beginning the tasks. We compen-
sated participants with a fixed hourly rate in accor-
dance with the legal minimum wage standards of
the authors’ nationality.

Participants were categorized into two groups
based on their English proficiency duration:

» Experts: Users with over 10 years of English
usage experience.

¢ ESL Learners: Users with less than 5 years
of English usage experience.

The demographic breakdown of the recruited
participants is detailed in Table 14.

Relative Difficulty

Method Type

Hardest Middle Easiest

Original 13.64% 35.56% 51.31%

GPT-40 (0-shot)  Easy  29.60% 36.36% 33.54%
Hard  56.77% 28.08% 15.15%

Original 24.35% 38.38% 37.78%

GPT-4o (5-shot)  Easy  21.84% 31.06% 46.39%
Hard  53.81% 30.56% 15.83%

Original 20.04% 51.80% 28.46%

Gemma 2 9B Easy  6.71% 28.96% 64.23%
Hard  7325% 19.24% 7.31%

Original 2224% 5040% 27.76%

Llama 3.1 8B Easy  6.81% 27.35% 65.53%
Hard  70.94% 2224% 6.71%

Original 19.64% 51.10% 29.46%

Qwen 2.5 7B Easy  681% 27.56% 65.33%
Hard  73.55% 21.34% 521%

Table 12: Relative difficulty evaluation results from vari-
ous sLLMs. In the table, Original denotes the distractors
in the original CLOTH dataset.

Invalid Ratio

Method

Easy Hard
GPT-40 (0-shot) 6.8% 16.9%
GPT-40 (5-shot) 1.6% 6.8%
Gemma 2 9B 02% 5.1%
Llama 3.1 8B 02% 5.2%
Qwen 2.5 7B 0.0% 4.2%

Table 13: Invalid distractor evaluation results from vari-
ous sLLMs.

K Evaluation with English Expert

In this section, we present our experiment results
from expert English users. We had recruited 10
proficient English users following Appendix J and
had them evaluate 50 questions by choosing the
most suitable answer from four options, which are
the ground-truth answer, the ground-truth distrac-
tor, our easy distractor, and our hard distractor.

Table 15 and 16 demonstrate that our model’s
hard distractors are sophisticated enough to be cho-
sen over the original dataset’s distractors even by
proficient users. The near-zero selection rate for
easy distractors confirms that our difficulty control
is effective across different user proficiency levels.
Additionally, while our hard distractors are chal-
lenging than the original distractors, their invalid
ratio remains low.
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Demographic Experts (N=10) ESL (N=5)
Region
North America 3 3
South America 5 2
Asia 2
Gender
Male 8 4
Female 2 1

Table 14: Demographic statistics of human annotators.

Chosen
ion T .
Option Type Ratio
Ground-Truth Answer 83.2%
Hard Distractor (Ours) 9.4%
Ground-Truth Distractor  7.0%
Easy Answer (Ours) 0.4%

Table 15: Mean ratio of being chosen as the answer by
expert English user.

L Qualitative Analysis

In this section, we present the results of two se-
lected questions from the CLOTH test set. For each
question, we provide the passage, the ground-truth
answer, three original distractors, eight augmented
distractors, and eight generated distractors on both
easy and hard difficulty levels.

Table 17 demonstrates an example from the
CLOTH-M subset, which is derived from middle
school English examinations. It can be observed
that both the augmented distractors and generated
distractors contain a diverse range of distractors
across easy and hard difficulty levels. The aug-
mented easy distractors primarily consist of neg-
ative words that contrast with the passage’s main
theme of diverse travel experiences. In contrast, the
augmented hard distractors include words that are
more consistent with the passage’s content. The
model-generated easy distractors show a diverse
semantic range but still include words that do not
align well with the passage. Meanwhile, the hard
distractors by the model exhibit a stronger semantic
connection to the passage than the easy distractors.

Table 18 presents a longer passage from the
CLOTH-H subset, which is based on high school
English examinations. Similar to the previous case,
a clear distinction in difficulty levels can be ob-
served among the distractors. The augmented hard
distractors contain words related to the passage’s
theme of holiday experiences, whereas the aug-
mented easy distractors, though grammatically cor-

. Invalid
Option Type Ratio
Hard Distractor (Ours) 8.4%
Ground-Truth Distractor  5.0%
Easy Answer (Ours) 1.0%

Table 16: Invalid ratio for each distractor type by expert
English user.

rect, are semantically unrelated to the main topic. A
similar pattern emerges in the generated distractors,
where the hard distractors include words associated
with holidays and time, while the easy distractors
mostly contain less relevant terms.
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Yesterday I was tidying up my room. I found an old box of my father’s. He gave it
to me two years ago. It was fascinating to discover some of my father’s childhood
photos. He once told me that he wrote to people all over the world, and they sent him
letters, too. As a result, he had a book of interesting stamps. People also gave him

Passage things from different countries, such as a silk from Japan, a little doll from England,
and a small model ship from Australia. My father even kept he tickets from his first
football match! It made me think about looking after my collection of pictures
books and magazines.

Answer different

Augmented Generated
Original
Easy Hard Easy Hard
new disappointing old difficult old
old difficult interesting easy beautiful
Distractors interesting disgusting travel funny interesting
bad colorful expensive new
cheap school small other
comic many common various
boring stamps same good
funny useful bad similar
Table 17: An example of augmented and generated distractors.
When I was a boy, every holiday that I had seemed wonderful. My parents took me
by train or by car to a hotel by the sea. All day, I seem to remember, I played on the
sands with strange excited children. We made houses and gardens, and watched the
tide destroy them. When the tide went out, we climbed over the rocks and looked
down at the fish in the rock-pools. In those days the sun seemed to shine always
brightly and the water was always warm. Sometimes we left the beach and walked
in the country, exploring ruined houses and dark woods and climbing trees. There

Passage were sweets in one’s pockets or good places where one could buy ice-creams. Each
day seemed a life-time. Although I am now thirty-five years old, my idea of a good

is much the same as it was. I still like the sun and warm sand and the sound
of waves beating the rocks. I no longer wish to build any sand house or sand garden,
and I dislike sweets. However, I love the sea and often feel sand running through my
fingers. Sometimes I wonder what my ideal holiday will be like when I am old. All I
want to do then, perhaps, will be to lie in bed, reading books about children who make
houses and gardens with sands, who watch the incoming tide, who make themselves
sick on too many ices.

Answer holiday

Augmented Generated
Original
Easy Hard Easy Hard
house house day party day
garden impression summer festival time
Distractors tide job time week trip
month fun job weekend
game experience work life
event weekend dream week
evening pleasure meal place
night life dinner vacation

Table 18: An example of augmented and generated distractors.
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