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Abstract
Automated distractor generation is crucial
for creating effective multiple-choice ques-
tions. Traditional methods often require
fine-tuning language models with domain-
specific data, limiting adaptability and
scope control. This paper introduces a
new, non-parametric framework that uses
machine reading comprehension to gener-
ate contextually relevant yet incorrect dis-
tractors from hard negative passages, with-
out the need for fine-tuning. This approach
allows rapid deployment across various do-
mains and enables educators to tailor ques-
tions to specific content. Our framework
outperformed state-of-the-art models by 8
percentage points on in-domain datasets
and 75 percentage points on out-domain
datasets, offering greater adaptability and
controllability, making it more suitable for
educational use.

Keywords: Multiple-Choice Ques-
tions, Distractor Generation, Non-parametric
Framework

1 Introduction
Effective distractor selection are crucial in au-
tomated assessment systems for evaluating the
depth of a learner’s understanding. Creating
such distractors traditionally requires expert
human, making it a significant challenge in au-
tomated systems. Therefore, there has been
an increasing focus on automating distrac-
tor generation through research (Liang et al.,
2017, 2018; Chiang et al., 2022; Wang et al.,
2023).
The common setting of multiple choice ques-

tion (MCQ) is as shown in Figure 1. For au-
tomatic generation, the setting of distractor
generation (DG) task is to take (1) a question
stem Q and (2) the corresponding answer A as

Figure 1: A MCQ Test Example: the challenge
to MCQ test preparation lies in wrong option (dis-
tractor) selection.

input. The goal of the output is to have a set
of distractors (should be relevant but wrong
with respect to Q and A).

The existing DG methods, as discussed in
recent studies (Wang et al., 2023; Ren and
Q. Zhu, 2021; Chung et al., 2020), involve fine-
tuning language models (LMs) using special-
ized DG datasets (such as CLOTH (Xie et al.,
2017) or MCQ (Ren and Q. Zhu, 2021)), as
illustrated in the left part of Figure 2. De-
spite the progress in current DG methodolo-
gies, there is still significant room for enhance-
ment. First, fine-tuning approaches require
domain-specific adaptation when transitioning
to new fields. For instance, a DG model
trained for the medical field cannot be directly
applied to generate content for the scientific
domain. Second, certain educational scenarios
demand control over the question scope, such
as restricting the generated questions and dis-
tractors to a specific range or the currently
taught scope.
Addressing these limitations, we propose a

non-parametric framework that begins by re-
trieving relevant contexts and then extracting
wrong answers from these contexts. At the
heart of our framework is the use of an Extrac-
tive Reader. In the context of machine reading
comprehension (MRC) (Zhang et al., 2021), an
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Figure 2: Contextual Distractor Synthesizer: This figure contrasts our proposed non-parametric frame-
work (the left part of the figure) for distractor generation (right) with the existing fine-tuned Language
Models (LM) approach (left) (Wang et al., 2023; Ren and Q. Zhu, 2021; Chung et al., 2020). Our frame-
work operates by first retrieving contextually relevant passages that do not contain the correct answers. It
then extracts pseudo answers from these passages with a machine reading comprehension model, utilizing
them as potential distractor candidates.

Extractive Reader is a type of model designed
to answer questions by identifying and extract-
ing spans of text directly from a given docu-
ment. This approach assumes that the answer
to any question is a span of the document’s
text—typically a phrase or a sentence.
We utilized an Extractive Reader as the Con-

textual Distractor Synthesizer. Pre-selected
hard negative passages and question stems
were input into the Contextual Distractor Syn-
thesizer, enabling us to generate pseudo an-
swers—plausible but incorrect distractors.

Distractor Synthesis Process: Upon re-
ceiving a relevant passage (which does not con-
tain the correct answer) and a question stem,
the Contextual Distractor Synthesizer gener-
ates pseudo answers that are contextually rel-
evant to the question stem, using the passage’s
content to ensure their plausibility as distrac-
tors. These pseudo answers are incorrect by
design, serving as high-quality distractors.
The use of hard negative passages in our

methodology ensures a balance between rele-
vance and incorrectness, creating distractors
that are both challenging and convincing.
This approach significantly increases the cog-
nitive demands on learners, thereby improving
the quality of multiple-choice assessments.
The following features distinguish our DG

method:

• No Need for Fine-Tuning: Setting
our method apart from other DG mod-
els that require extensive fine-tuning, our
approach operates without the need for
specific training. This attribute allows for

swift adaptability across various domains,
as changing the knowledge corpus is suf-
ficient to tailor distractor generation to
different subject areas.

• Control over Question Scope: Our
framework offers the unique ability to
control the thematic scope of the ques-
tions. By exchanging the data corpora,
we can selectively focus on generating
questions within specific topic boundaries.
This aspect of our methodology resonates
with the practical necessities of educa-
tional contexts, where educators often
seek to limit question topics to relevant
subject matter. This level of control over
the question scope is a feature not read-
ily achievable in Text2Text models(Wang
et al., 2023).

2 Related Work
The landscape of distractor generation re-
search is currently delineated into two primary
frameworks, each with its distinct methodolo-
gies and advancements.
Generating and Ranking (GR) Frame-
work: This framework employs a general-
purpose knowledge base to create a candidate
set of distractors, followed by a feature-rich
learning-to-rank model for distractor selection.
The GR architecture operates in two stages:
initial generation of candidate distractors and
subsequent ranking based on semantic rules
and linguistic features. There are two preva-
lent approaches within this framework: one
utilizes a knowledge base (Ren and Zhu, 2021),
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Method Type Adaptability Controlability Model
Extractive Generative Type

Gao et al. 2019 Y RNN
Zhou et al. 2020 Y RNN
Araki et al. 2016 Y Y Non-neural model
Welbl et al. 2017 Y Random forests
Guo et al. 2016 Y Word2Vec
Kumar et al. 2015 Y Y SVM
Liang et al. 2017 Y GAN
Liang et al. 2018 Y Y neural/feature-based model
Chung et al. 2020 Y PLM
Ren and Q. Zhu 2021 Y Y Knowledge-base
Peng et al. 2022 Y PLM
Chiang et al., 2022 Y PLM
Wang et al., 2023 Y Text2Text
Our work Y Y Y Retriever-Reader

Table 1: An Overview of the Existing Distractor Generation Methods: Adaptability: the ability to swift
over various domains. Controlability: the ability to control over generated question scope

and the other leverages a language model (Chi-
ang et al., 2022). These approaches have
marked a significant improvement over tradi-
tional rule-based methods (Liang et al., 2017,
2018), offering enhanced quality and diversity
in distractors and are considered state-of-the-
art in DG.
Text2Text Generation Architecture: The
Text2Text generation framework formulates
distractor generation as a Text2Text task, di-
verging from the GR approach. It involves
concatenating the question stem with the cor-
rect answer and feeding this combined input
into a generative language model (e.g., T5 or
GPT). This architecture trains the model to
generate a set of distractors in a direct and
streamlined manner. Recent research adopt-
ing the Text2Text model (Wang et al., 2023)
has set new benchmarks in distractor gener-
ation, demonstrating state-of-the-art perfor-
mance.
Our Contribution - Contextual Distrac-
tor Synthesizer: Our work introduces a
novel paradigm in the field of DG, distinct
from both the GR and Text2Text architec-
tures. At the core of our methodology is
the use of a Machine Reading Comprehension
(MRC) Reader, adapted as a Contextual Dis-
tractor Synthesizer. Unlike the GR framework,
which relies on knowledge bases or LMs for
initial distractor generation, our approach uti-
lizes pre-selected hard negative passages that
are contextually aligned but factually diver-
gent from the correct answer. This method

allows for the generation of pseudo answers
that are inherently incorrect but contextually
relevant, enhancing the cognitive challenge in
assessments.
Another significant feature is that in the real

world, teachers often need to create exam ques-
tions within a specified range of topics. Pre-
vious research has not considered that gener-
ated distractors need to be within a designated
scope, which can cause differences between ex-
perimental results and real-world applications.
Our approach is corpus-dependent, ensuring
that by providing a specified corpus, the gener-
ated distractors will be 100% within the exam
scope. This method more closely aligns with
practical use cases.
Moreover, our approach does not require the

training associated with the Text2Text models.
By swapping out the knowledge corpus, our
method easily adapts to various domains, of-
fering flexibility and control over the scope of
questions. This feature is particularly advanta-
geous in educational settings where specificity
and relevance are the key.
For clarity of comparison, we summarize the

existing DG studies in Table 1. Our study is
the only one capable of adapting to domain
changes without requiring any processing or
retraining, while also customizing the scope of
questions for the same problem.
In Figure 5, although our performance on

the in-domain dataset was comparable to that
of the current SOTA DG method, we sig-
nificantly excelled in the out-domain dataset.
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This underscores the limited adaptability of
the SOTA DG method when applied beyond
its initial domain.

3 Methodology
3.1 Problem Setting and Assumptions
The methodology assumes the following inputs
:

• A knowledge corpus C, consisting of text
chunks relevant to the subject matter.

• A question stemQ, representing the query
to be addressed.

• An answer A, the correct response to the
question stem Q.

Additionally, the methodology utilizes two
functions:

• A document retriever F(), which fetches
text chunks from the corpus C.

• An extractive document reader R(Q),
which extracts answers from a fetched
text chunk given the question stem Q.

The details of the algorithm are presented in
Algorithm 1.

3.2 Retriever
The first stage of the process is the retrieval of
relevant text chunks, a critical step in identify-
ing suitable passages for distractor generation.
We use the BM25 algorithm to retrieve rele-
vant text chunks for distractor generation.

The passages containing the correct answer
and synonyms of the correct answer are filtered
out, and the remaining passages are referred to
as hard negative passages. This ensures con-
textually relevant yet misleading content for
effective distractor generation.

3.3 Extractive Reader as Contextual
Distractor Synthesizer

At this stage, a Extractive Reader is em-
ployed as a Contextual Distractor Synthe-
sizer (CDS). This approach deviates from
traditional reading comprehension question-
answering methodologies by shifting focus
from extracting accurate answers to gener-
ating contextually relevant yet incorrect dis-
tractors, termed as pseudo answer (PA) as

served as candidates for distractors. The
pseudoanswer are generated using the follow-
ing formula:

PCDS(PA | C,Q) =

n∏

i=1

P (pai | pa1, . . . , pai−1, C,Q; θ)

3.4 Formation of the Pseudo Answer
Set (PAS):

PAS, or the Pseudo Answer Set, is a collection
of all potential distractors generated by the
MRC Reader. It is formulated based on two
key parameters:

• k –the number of text chunks retrieved
by the Retriever

• h–the number of pseudo answers identi-
fied by the Reader for each text chunk.

Thus, PAS comprises a total of k × h pseudo
answers, each representing a potential distrac-
tor candidiate derived from the hard negative
passages.

Character-Level Rouge Score Evalu-
ation: To enhance the quality and diver-
sity of PAS, each pseudo answer undergoes a
character-level Rouge score evaluation before
adding into PAS by Considering each individ-
ual character as a complete word. This eval-
uation assesses textual similarity and ensures
that the pseudo answers are distinct from one
another. Specifically, If a pseudo answer can-
didate (pa) has a high Rouge score compared
to any existing item in PAS (PA∈PAS), indi-
cating a significant overlap, it is discarded to
prevent redundancy.

3.5 Distractor Evaluator
The culminating phase of our distractor gener-
ation process is the evaluation of the pseudo
answers by the Distractor Evaluator. This
component is critical for appraising the k × h
pseudo answers produced by the Contextual
Distractor Synthesizer, and its primary goal is
to determine the most appropriate distractors
for each question based on their relevance and
plausibility.

Scores of Pseudo Answers: The input to
the Distractor Evaluator comprises the ques-
tion stem Q, the hard negative article C, the
correct answer A, and the set of pseudo an-
swers PAS = {PAi}. The pseudo answers are
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Figure 3: Overview of our approach. We can decompose our architecture into the following components:
Retriever, Contextual Distractor Synthesizer, Distractor Evaluator. Initially, the retriever component
searches for relevant articles and filters out those containing the correct answers, leaving only the hard
negative passages. The Contextual Distractor Synthesizer component then generates pseudo answers
from these hard negative passages. Finally, the evaluator component ranks the top-n distractors.

ranked based on the Confidence Score given by
the following features:

• Retriever Score Sretr:

Sretr = retr(Q,C)

This score, represents the relevence be-
tween Q and C. Any value that can rep-
resent the relevance between Q and C in
sparse retrieval or dense retrieval can be
used.

• Confidence Score Sconfidence:

Sconfidence = pCDS(PA|Q,C; θ)

This score, reflects the confidence of the
Contextual Distractor Synthesizer (CDS)
in PA being a viable distractor.

Selection of Distractors: Each pseudo
answer PA receives a final score based on its
Sretr and Sconfidence scores:

score(PAi) = Sretr · Sconfidence

The distractors that achieve the highest
scores in this evaluation —the top-n scored
items —are selected as the final distractors.
This process ensures that the chosen distrac-
tors are both contextually relevant and suffi-
ciently challenging.

4 Experiment

5 Implementation Details

In our experiments with the MCQ dataset and
MEDMCQA, we utilized Wikipedia articles
as the corpus for our retriever. Each article
was divided into passages every five sentences,
with the article title appended to the begin-
ning of each passage. We used Pyserini to con-
struct our BM25 retriever model, effectively
identifying relevant passages from the corpus.
For the distractor synthesizer component of

our framework, we selected Llama-2-7b-hf, re-
leased by Facebook Meta on Huggingface, and
trained it over 2 epochs using two NVIDIA
RTX 3090 GPUs with the SQuAD dataset (Ra-
jpurkar et al., 2016). We used the question
answering task to train the model. After fine-
tuning the model, we can utilize relevant text
chunks and questions as model inputs to gener-
ate pseudo answers. All experiments are con-
ducted using two NVIDIA RTX GPUs.

5.1 Evaluation Metrics
We introduce the GPT-4 Distractor Effective-
ness Index (GDEI) to overcome the limitations
of traditional token-based metrics in evaluat-
ing distractor quality. Unlike token scores,
which often miss semantic and contextual de-
tails crucial for effective distractors and are
constrained by the dataset’s limited ground
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Figure 4: We aim to demonstrate the capability of
the GDEI metric. Given that DG-text2text(Wang
et al., 2023) which is the SOTA model employs
Multiple Choice Questions (MCQ) for training, we
tasked GPT-4 with comparing between the ground
truth in MCQ and distractors generated by the
DG-text2text. The results indicate that GPT-4 is
capable of correctly differentiate instances where
distractors generate by DG-text2text are lower in
quality than the ground truth.

truth, GDEI utilizes GPT-4’s advanced com-
prehension to assess distractor sets more holis-
tically.
In the evaluation process, GPT-4 is given a

question, the correct answer, and two sets of
distractors. It then determines which set is of
higher quality. To ensure fairness, the order
of the distractor sets is randomly alternated.
Detailed instructions are provided in Figure
10.

5.2 GDEI Validation through
Comparative Analysis

Our validation contrasts GDEI scores for
educator-crafted ground truth distractors
against those generated by T5 and BARTmod-
els. The results in Figure 4 favor ground truth
distractors, showcasing GDEI’s capability to
discern quality reflecting human expertise in
distractor design. This confirms GDEI’s effec-
tiveness as a nuanced evaluation tool for dis-
tractor generation.

5.3 Dataset

• MCQ dataset: MCQ dataset (Ren and
Q. Zhu, 2021) is a cloze-style dataset, that
includes the domains of science, vocab-
ulary, common sense, and trivia. Each
data is composed of a sentence contain-
ing ” **blank** ” of cloze stem, answer,
and distractors.

• MedmcQA dataset: MedMCQA (Pal
et al., 2022) MedMCQA is a vast dataset
of over 194k high-quality Multiple-Choice
Questions and Answers for medical en-
trance exam preparation. It covers 2.4k
healthcare topics and 21 medical subjects
from AIIMS and NEET PG exams. The
questions vary in length and complexity,
and each sample includes a question, cor-
rect answer(s), additional options, and a
detailed solution explanation.

• Harry Potter Novel questions: The
data from the Harry Potter novels can
serve as an excellent dataset for testing
Controllability of the generation method.
Each book in the series contains unique
plot elements not found in the others. We
utilized ChatGPT to generate 100 sets of
questions from the first book of the Harry
Potter series, with each set comprising
one question and one correct answer.

Since SOTA DG method (Wang et al., 2023)
utilized the MCQ dataset (Ren and Zhu, 2021)
for training, it is treated as the in-domain
dataset. We chose the MCQ test set, compris-
ing a total of 259 multiple-choice question sets,
as our testing dataset.
For the adaptability experiments, we used

the MCQ dataset (Ren and Zhu, 2021) as the
in-domain dataset, consisting of 259 multiple-
choice question sets. The MEDMCQA dataset
(Pal et al., 2022) served as the out-of-domain
dataset, with 100 question sets selected to test
the SOTA DG model’s adaptability in less re-
lated contexts.
In the controllability experiment, we gener-

ated 100 questions using ChatGPT based on
the first Harry Potter book, with the scope re-
stricted to this book only.
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Figure 5: Experiment results of our method compared to DG-text2text(Wang et al., 2023) on both in-
domain and out-domain datasets. While the margin of superiority in the in-domain dataset is modest,
our method significantly outperforms the DG-text2text(Wang et al., 2023) in the out-domain dataset.
This demonstrates the adaptability of our method across different domains.

5.4 Comparative Results Discussion
Our experimental analysis presents a compar-
ative evaluation of our distractor generation
method against SOTA DG model variants,
namely T5 and BART, using two datasets:
MCQ and MEDMCQA. The GDEI metric
serves as our evaluation criterion, quantifying
the effectiveness of the generated distractors.

5.4.1 Experiment : Adaptability
The overall result is shown in Figure 5.

• Performance on MCQ Dataset: In
the MCQ experiment, our comparison tar-
gets two state-of-the-art training methods
with different base models, namely T5-
text2text and BART-text2text, as well
as another method using the Pre-trained
Language Model - CDGP (Chiang et al.,
2022). In comparison with the state-of-
the-art methods, our method achieved a
GDEI score of 55, while the SOTA DG
T5-text2text scored only 45. Our method
also obtained a GDEI score of 53, whereas
the SOTA DG BART-text2text scored
only 47. In comparison with CDGP, our
method achieved a score of 80, signif-
icantly surpassing CDGP’s score of 20.
This indicates a clear preference for the
distractors generated by our method, sug-
gesting that our approach produces more

contextually relevant and challenging dis-
tractors.

• Performance on MEDMCQA
Dataset: The MEDMCQA dataset
further validates the superiority of our
method. It attained remarkably high
GDEI scores of 89 and 86, whereas the
SOTA DG models scored significantly
lower, with 11 for DG-T5 and 14 for
DG-BART. In comparison with CDGP,
our method achieved a score of 95,
significantly surpassing CDGP’s score of
5. The absolute contrast in the scores on
this dataset emphasizes the robustness of
our method in a specialized domain.

In practical educational settings, teachers
across various fields need models to generate
distractors. Insufficient model adaptability ne-
cessitates fine-tuning with specific distractor
datasets for each field, which can be costly.
Combining results from both in-domain and

out-domain datasets, our method slightly out-
performed the SOTA DG model in GDEI
scores within in-domain datasets but signifi-
cantly surpassed it in the out-domain MEDM-
CQA dataset. This illustrates the limita-
tions of traditional text-to-text methods on
out-domain data, which lack adaptability. In
contrast, our non-parametric architecture per-
forms consistently across different domains
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without requiring fine-tuning. This stabil-
ity and adaptability highlight our framework’s
alignment with practical educational applica-
tions, as it achieves strong performance across
various domains using relevant reference arti-
cles, eliminating the need for additional man-
ually annotated distractor datasets.

Generation Method Distractor-wise Question-wise
Llama 2 prompting 73% 58%
Llama 2 RAG prompting 79% 61%
Ours 100% 100%

Table 2: This table shows the probability that the
generated distractors are within the specified range.
The ”All distractors” column indicates the proba-
bility that all 300 generated distractors are within
the specified range. The ”All set” column indicates
the probability that all distractors for each of the
100 question sets are within the specified scope.

5.4.2 Experiment : Controllability
Performance on Harry Potter Novel
dataset: Since the state-of-the-art (SOTA)
distractor generation (DG) model was not
trained on Harry Potter data, it struggles to
generate relevant distractors for such content.
To address this, we compared our extractive
generation strategy with two prompting meth-
ods using Llama 2(Touvron et al., 2023) . The
first method, Llama 2 prompting, involved di-
rectly inputting the question and answer to
generate distractors. The second, Llama 2
RAG prompting, included a passage retrieved
by BM25 with the correct answer.
We aimed to simulate realistic scenarios

where teachers specify question scopes and
tested our method with 100 questions from
the first Harry Potter book, comparing it to
the two Llama 2 strategies. Besides evaluating
GDEI scores, we assessed how well the distrac-
tors matched the predefined scenario.
The results, presented in 6 and Table 2,

show that although our method’s GDEI scores
are lower or only marginally higher compared
to the state-of-the-art generation strategies,
this is likely due to our method’s constrained
scope, which limits the generation of higher
quality distractors outside this range.
Our method consistently met the specified

scope conditions 100% of the time, in contrast
to the Llama 2 prompting methods. With
Llama 2 prompting, only 73% of distractors
met the criteria of being from the first Harry

Figure 6: The comparative results of our method
against two generation strategies of SOTA DG
methods using llama 2 as the base model in Harry
Potter Novel dataset.

Potter book, and Llama 2 RAG prompting im-
proved this to 79%. When considering ques-
tion sets, both prompting methods produced
compliant distractor sets only 58% and 61% of
the time, respectively.
These findings suggest that while large

language models have parametric knowledge,
they lack effective controllability for real ed-
ucational scenarios. Our framework, despite
lower GDEI scores, more effectively aligns
with practical distractor design needs.

5.5 Case Study
5.5.1 MedMCQA case study:
In Table 3, we present a case study from the
MedMCQA dataset. We can observe that
in the first question, distractor set generated
by our method (’perphenazine’, ’penfluridol’,
’chlorpromazine’) is better for questions on re-
fractory schizophrenia treatment as it includes
drugs actually used for schizophrenia, requir-
ing deeper knowledge to identify the correct
answer. Distractor set generated by SOTA
DG model(’ibuprofen’, ’tricyclics’, ’Valium’)
includes less relevant drugs, making them less
effective distractors.
In the second question, distractor set gener-

ated by our method is superior as it includes
terms closely linked to protein folding, like
’Calnexin’ and ’aspaate.’ These are plausible
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distractors given their role in protein quality
control. While ’Ribosome’ is indirectly related,
(’Xerophyte’, ’Protist’, ’Emb’) lack relevance
to protein folding, making distractor set gen-
erated by SOTA DG model less effective.
In the third question, distractor set gen-

erated by our approach not only exhibits a
higher level of professionalism but also high-
lights the inadequacy of the SOTA distractor
generation method in terms of knowledge in
the out-domain scope. When encountering un-
familiar questions, the SOTA DG method may
also produce redundant distractors.

5.5.2 Harry Potter Novel case study
In Table 4, we present a case study from
the Harry Potter Novel experiment. In the
first question example, distractor generated by
our framework, is more effective because it in-
cludes items closely related to the Harry Pot-
ter universe that could be mistaken for some-
thing granting invisibility. The ’forgetfulness
potion’ and ’dragon egg’ are magical but do
not provide invisibility, making them plausi-
ble but incorrect. The ’mirror’ is slightly less
relevant but still within the magical realm.
On the other hand, distractor generated us-
ing Llama 2 prompting, includes ’wand’ and
’glasses,’ which are relevant but less likely to
be confused with an invisibility item, and ’crys-
tal,’ which is vague and less misleading. Dis-
tractor generated by our framework aligns bet-
ter with real teacher practices as it requires
students to distinguish between different mag-
ical items in the context of the story.
In the second question example, we observed

that our framework produces distractors simi-
lar with those generated using the parametric
knowledge of Llama 2. This demonstrates that
our method, which relies on pseudo-answers
extracted from the provided passages, yields
results similar to those achieved with Llama
2’s extensive parametric knowledge. These
findings validate the effectiveness of our ap-
proach in using hard negative passages to gen-
erate distractors.

6 Conclusion
In conclusion, our DG method stands out
for its unique features, notably the absence
of fine-tuning requirements and the unprece-
dented control over question scope. Unlike

other DG models, our approach operates ef-
ficiently without the need for extensive fine-
tuning, allowing for swift adaptation across di-
verse domains by simply adjusting the knowl-
edge corpus. The ability to selectively fo-
cus on generating questions within specific
topic boundaries addresses the practical needs
of educational contexts, providing educators
with a level of control over question scope
that conventional Text2Text models struggle
to achieve. These distinctive characteristics
position our DG method as a versatile and effi-
cient tool for generating targeted and relevant
questions across various subject areas.

7 Limitations
• Assessment of Distractor Quality Al-

though the GDEI provides a more com-
prehensive evaluation of distractors, it
may not capture all aspects of distractor
quality, such as the potential for a distrac-
tor to reinforce common misconceptions
or to be pedagogically useful.

• Dependence on Quality of Cor-
pus:The quality and diversity of the gen-
erated distractors are directly tied to the
richness of the knowledge corpus used. If
the corpus is outdated, biased, or lacks
depth, the distractors may not be as ef-
fective or may inadvertently introduce in-
accuracies.
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8 Appendix

A Ablation Study

A.1 Generation parameters
In figure 7, we tested three different k and
h settings: k=60, h=5; k=100, h=3; and
k=300, h=1. We observed that although the
GDEI scores for the three settings were close
when compared with SOTA-BART, the set-
ting of k=300, h=1 significantly outperformed
the other two settings when compared with
SOTA-T5. We speculate that this is because
we divided the corpus into small passages, each
containing a limited amount of information. If
h increases, it may result in meaningless dis-
tractor candidates. The optimal setting is to
examine as many passages as possible and gen-
erate one distractor at a time for each passage.

A.2 Corpus chunk size
In the experiment in figure 8, we divided the
corpus into chunks of varying sizes based on
the number of sentences to examine the im-
pact of chunk size on the generation results.
We used the llama2-based Contextual Distrac-
tor Synthesizer with a setting of k=300 and
h=1. Our data indicates that as the number
of sentences per chunk decreases, the quality of
the generated output improves. This outcome
might be due to the extensive knowledge con-
tained in each Wikipedia article, where each
sentence potentially includes valuable words
that can serve as distractor candidates. If
the chunk size is too large, many potential
distractors may be overlooked during genera-
tion. Conversely, smaller chunk sizes allow for
a more detailed generation of high-quality dis-
tractors from each sentence within an article.

A.3 Ablation Study on different base
model of the Contextual
Distractor Synthesizer

We tested the impact of different base mod-
els for the Contextual Distractor Synthesizer
on the generation results in figure 9. We
fine-tuned Llama2-7b and Mistral-7b (Jiang
et al., 2023) models for Contextual Distractor
Synthesizer. Llama2-7b slightly outperformed
Mistral-7b in both MCQ and MEDMCQA.We
attribute this difference to the variations in the
pre-training data of the lauguage model, which

lead to differences in the models’ s paramet-
ric knowledge. However, according to our pro-
posed framework, as long as a Reading Com-
prehension model is well fine-tuned, even a
smaller model can produce comparable gener-
ation results. With an adequately searchable
corpus, high-quality distractors can be gener-
ated with our framework.
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Algorithm 1 Distractor Generation Algorithm
1: Input: Knowledge corpus C consisting of text chunks, question stem Q, answer A to Q
2: Assume:
3: (1) a document retriever F() for fetching text chunks from C
4: (2) an extractive document reader R() for extracting an answer from a given text and

a question
5: procedure GenerateDistractors(C, Q,A)
6: κ← F(Q) ▷ Fetching Top-k text chunks
7: for all Ci ∈ κ do
8: if A is in Ci then
9: Remove Ci from κ

10: end if
11: end for
12: Let PAS be Pseudo Answer Set = {}
13: for Ci ∈ κ do
14: PseudoAnswer ←R(Ci, Q)
15: Compute Sretr for PseudoAnswer
16: Evaluate PseudoAnswer with character-level ROUGE-L score
17: if PseudoAnswer has low Rouge similarity with all items in PAS then
18: PAS.add(PseudoAnswer)
19: end if
20: end for
21: EvaluateDistractors(PAS, Q, A)
22: return Top-n scored items in PAS as final distractor set for Q and A
23: end procedure
24: function EvaluateDistractors(PAS, Q, A)
25: for all PAi ∈ PAS do
26: Compute Sconfidence for PAi

27: score(PAi)← Sretr · Sconfidence ▷ Computing final score
28: end for
29: Sort PAS based on score(PAi) in descending order
30: return Sorted PAS
31: end function
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Figure 7: Experiment results of different settings of k,h parameters in comparison to DG-text2text (Wang
et al., 2023) in MEDMCQA dataset.

Figure 8: Different chunk sizes on the generation results in comparison to DG-text2text (Wang et al.,
2023) in MEDMCQA dataset.
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Figure 9: The performance of different base model on the Contextual Distractor Synthesizer in comparison
to the SOTA DG model in MEDMCQA dataset.
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Distractors are designed to be plausible but incorrect choices. Evaluate the quality of a distractor
for the given sentence using the specified criteria.
Apply the following criteria for evaluation:
1. Exclusion from Correctness: distractors should not correctly fill the sentence.
2. Avoidance of Repetition: distractors should not be already mentioned in the sentence.
3. Relevance: distractors should be relevant to the question, not entirely unrelated or absurd
choices.
4. Misleading: distractors should contain elements that may lead the test taker to select them
incorrectly.
5. Alignment with Real Teacher Practices: Distractors must reflect the approach of real teachers
in
crafting questions tailored for students.
Question: {question}
Answer: {answer}
Distractor set 1: { distractor set 1 }
Distractor set 2: { distractor set 2}
From a teacher’s perspective, which of the following sets do you think is better: Distractor set
1 or 2.
Please output according to the following format.
reason: (up to 100 words)
choose:set 1 or set 2 or both are same

Figure 10: Prompt for GPT-4 distractor evaluation for adaptability experiment.

You are the author of Harry Potter
Distractors are designed to be plausible but incorrect choices. Evaluate the quality of a distractor
for the given sentence using the specified criteria.
Apply the following criteria for evaluation:
1. Exclusion from Correctness: distractors should not correctly fill the sentence.
2. Avoidance of Repetition: distractors should not be already mentioned in the sentence.
3. Relevance: distractors should be relevant to the question, not entirely unrelated or absurd
choices.
4. Misleading: distractors should contain elements that may lead the test taker to select them
incorrectly.
5. Alignment with Real Teacher Practices: Distractors must reflect the approach of real teachers
in crafting questions tailored for students.
Question: {question}
Answer: {answer}
Distractor set 1: { distractor set 1 }
Distractor set 2: { distractor set 2}
From a teacher’s perspective, which of the following sets do you think is better: Distractor set
1 or 2.
Please output according to the following format.
reason: (up to 100 words)
choose:set 1 or set 2 or both are same

Figure 11: Prompt for GPT4 distractor evaluation for Controllability experiment.
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question answer Distractor

FDA approved drug for refractory schizophrenia **blank**? Clozapine
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1.perphenazine 2.penfluridol 3.chlorpormazine
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Drug of choice of benzodiazepine poisoning is **blank**? Flumazenil
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1.Alcohol 2.Cigarettes 3.Alcohol

Table 3: Case study of our work comparing to the SOTA DG model in MEDMCQA dataset

question answer distractor

What magical item did Harry receive that made him invisible? Invisible cloak

ours:
1. forgetfulness potion
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Llama 2 prompting:
1. crescent
2. crystal
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Who is the caretaker of Hogwarts? Filch
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1. rubeus hagrid
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3. professor snape
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1. hagrid
2. dumbledore
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Johannes Welbl, Nelson F Liu, and Matt Gardner.
2017. Crowdsourcing multiple choice science
questions. arXiv preprint arXiv:1707.06209.

Qizhe Xie, Guokun Lai, Zihang Dai, and Ed-
uard Hovy. 2017. Large-scale cloze test
dataset created by teachers. arXiv preprint
arXiv:1711.03225.

Zhuosheng Zhang, Junjie Yang, and Hai Zhao.
2021. Retrospective reader for machine read-
ing comprehension. In Proceedings of the AAAI
conference on artificial intelligence, volume 35,
pages 14506–14514.

Xiaorui Zhou, Senlin Luo, and Yunfang Wu. 2020.
Co-attention hierarchical network: Generating
coherent long distractors for reading comprehen-
sion. In Proceedings of the AAAI Conference
on Artificial Intelligence, volume 34, pages 9725–
9732.

236


