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Abstract

Evaluating generative models with open-ended
generation is challenging due to inconsisten-
cies in response formats. Multiple-choice (MC)
evaluation mitigates this issue, but generating
high-quality distractors is time-consuming and
labor-intensive. We introduce D-GEN, the first
open-source distractor generator model that
transforms open-ended data into an MC format.
To evaluate distractor quality, we propose two
novel methods: 1) ranking alignment, ensuring
generated distractors retain the discriminatory
power of ground-truth distractors, and 2) en-
tropy analysis, comparing model confidence
distributions. Our results show that D-GEN
preserves ranking consistency (Spearman’s p
0.99, Kendall’s 7 0.94) and closely matches the
entropy distribution of ground-truth distractors.
Human evaluation further confirms the fluency,
coherence, distractiveness, and incorrectness.
Our work advances robust and efficient distrac-
tor generation with automated evaluation, set-
ting a new standard for MC evaluation.

1 Introduction

Quantitative evaluation of generative models re-
mains challenging. Among widely used bench-
marks, MMLU (Hendrycks et al., 2021a) and Hel-
laSwag (Zellers et al., 2019a) adopt a multiple-
choice (MC) format, allowing direct extraction of
predictions from model logits. In contrast, bench-
marks like GSMS8K (Cobbe et al., 2021) and Hu-
manEval (Chen et al., 2021) rely on open-ended
answer generation, requiring heuristic methods to
extract answers. This often introduces false neg-
atives due to format inconsistencies (Zhang et al.,
2024), making evaluation less reliable. MC evalu-
ation mitigates this issue by enforcing structured
response formats and improves efficiency.
However, constructing MC datasets requires
carefully curated distractors. Existing approaches,
such as retrieval-based methods (Ren and Zhu,
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2020; Yu et al., 2024), rely on predefined distrac-
tors and are prone to bias, while human annotation
is costly and time-consuming. To address this, we
introduce D-GEN, an open-source Large Language
Model (LLM) specialized for distractor generation.

To verify the efficacy of D-GEN, it is crucial to
evaluate the quality of distractors. Existing meth-
ods struggle to quantify difficulty relative to the
correct answer, often relying on human judgment
or indirect proxies. In this study, we introduce two
novel methods for distractor evaluation. First, rank-
ing alignment test assesses whether D-GEN pre-
serves the ranking consistency of models with re-
spect to the ground-truth distractors. Next, entropy
analysis directly measures models’ confidence lev-
els over answer choices, ensuring that the generated
distractors induce similar confidence distributions.

Experiments confirm that D-GEN distractors
preserve ranking consistency and align closely
with ground-truth confidence distributions. More-
over, human evaluation validates fluency, coher-
ence, distractiveness, and incorrectness. Our results
show that D-GEN generates high-quality distrac-
tors across diverse domains, including humanities,
STEM, and social sciences, and is applicable for
tasks such as math, struct-to-text, and reading com-
prehension with commonsense reasoning.

Our contributions are as follows:

* We introduce D-GEN, the first open-source
distractor generator model, available in 8B
and 70B scales (§3).

* We propose Ranking Alignment (§4) and En-
tropy Analysis (§5) for distractor evaluation.

* We conduct a thorough evaluation to show the
effectiveness of our approach across different
domains and tasks.

All resources, such as source code and datasets, are
available through our open-source project.’

"https://github.com/emorynlp/D-Gen
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You are a helpful assistant specializing in generating plausible
distractors. Your task is to generate 3 incorrect but plausible distractors

"If a new moon occurred on June 2, | ["June 30", "June 28",
when will the next new moon occur?” "June 23", "June 15"]
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for the given question ... Provide the distractors as a single list.
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Question: "If a new moon occurred on June 2, when will the next new
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Figure 1: D-GEN Training: We fine-tune LLaMA using the auxiliary training set from MMLU. The model is
trained to generate a list of distractors for a given question and its correct answer.
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Figure 2: Filtering and Regeneration Process: The system automatically identifies and filters low-quality distractors

based on predefined conditions.

2 Related Work

Distractor Generation Traditional methods
used corpus features and syntactic rules for select-
ing distractors (Alhazmi et al., 2024). Features
such as part-of-speech (POS), phonetics, and mor-
phology were utilized to generate and filter distrac-
tors (Liang et al., 2018; Pino and Eskénazi, 2009;
Araki et al., 2016). Ontology-based-approach was
employed for multiple choice questions as well
(Stasaski and Hearst, 2017; Kumar et al., 2023).
Advances in neural networks and Pretrained Lan-
guage Models (PLMs) have transformed the trend.
For example, co-attention hierarchical networks
and transformer-based approaches have been ap-
plied to improve distractor generation (Zhou et al.,
2019; Shuai et al., 2021; Qiu et al., 2020; Qu et al.,
2024). Using Large Language Models (LLMs)
with well-designed prompts facilitated the genera-
tion of distractors (Bitew et al., 2023; Maity et al.,
2024). For example, Feng et al. (2024) used GPT
to generate plausible distractors for math problems,
and Wang et al. (2024) used GPT to augment the
number of distractors from four to ten. Few studies
have explored the potential of fine-tuning LLMs
specifically for distractor generation. Only Offeri-
jns et al. (2020) have fine-tuned gpt-2 to generate
distractors using RACE dataset (Lai et al., 2017a).

Distractor Validation Existing methods using
BLEU and ROUGE scores, evaluate the simi-
larity between generated distractors and human-

annotated ground truth distractors by measuring
their textual overlap (Qiu et al., 2020). Human
evaluation is a widely used approach as well (Yu
et al., 2024). Unlike these methods, our approach
directly evaluates how effectively distractors in-
duce uncertainty in the model’s predictions, pro-
viding a more objective and scalable metric for
assessing plausibility. Similarly, Raina et al. (2023)
evaluated distractor plausibility using the probabil-
ity distribution of a model’s predictions. However,
they focused on the reduction of the correct an-
swer probability for individual distractors, whereas
our approach considers the overall uncertainty (en-
tropy) of the entire probability distribution, implic-
itly capturing interactions among distractors.

3 D-GEN: Distractor Generator Model

3.1 Training Dataset

To train distractor generator model, D-GEN, we
use the auxiliary training set from Massive Multi-
task Language Understanding (MMLU) dataset
(Hendrycks et al., 2021a). Auxiliary training set,
size of 99.8K, includes multiple-choice questions
from existing datasets such as AI2 Reasoning Chal-
lenge (ARC) (Clark et al., 2018), RACE (Lai et al.,
2017b), MC TEST (Richardson et al., 2013), and
OpenBookQA (Mihaylov et al., 2018a). The train-
ing set covers topics such as English exams, read-
ing comprehension, math, science, and law. Figure
1 shows our data processing approach for training.
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MMLU Original MMLU D-GEN
Humanities  Social Sciences STEM Others Overall Humanities  Social Sciences STEM Others Overall

Models n-shot Acc % Stderr Acc % Stderr Acc % Stderr Acc % Stderr Acc % Stderr H Acc % Stderr Acc % Stderr Acc % Stderr Acc % Stderr Acc % Stderr
0 2597 0064 2883 0081 27.88 0079 2391 0077 2657 0037 | 2436 0063 2236 0075 2296 0075 2259 0075 2322 0036

gpt-neo-1.3B 5 2446 0063 2320 0076 2547 0077 2424 0077 2436 0036 | 2361 0062 2333 0076 2407 0076 2253 0075 2342 0036
0 2470 0063 2379 0077 2502 0077 2633 0079 2493 0036 | 2393 0062 2792 0081 2705 0079 2642 0079 2606 0037

gpt-neo-2.78 5 2559 0064 2756 0080 2598 0078 27.94 0080 2663 0037 | 2414 0062 2447 0077 2648 0078 2491 0077 2491 0036
0 4442 0070 5746 0087 4291 0086 5649 0087 4961 0041 | 4457 0071 5382 0088 4282 0086 | 5156 0088 47.75 0041

gemma-2-26 5 4799 0070 6289 0085 4611 0086 5842 0086 5314 0040 | 4378 0070 5590 0088 4342 0086 5307 0083 4841 0041
) 0 | 5073 0068 6724 0082 4875 0086 | 6440 0083 | 5693 0030 | 4950 0071 6107 0086 4722 0087 | 58.19 0086 | 5345 0041
gemma-2-2b-it 5 5027 0068  67.63 0082 49.10 0086 6337 0084 = 5671 0039 | 50.37 0072  60.84 0086 4608 0086 = 5671 0087 = 53.10 0041
Llama32.38 0 4874 0068 6243 0085 4478 0086  63.12 0083 5403 0040 | 4389 0068 5821 0088 4272 0085 5555 0087 4934 0040
i 5 5137 0069 6461 0084 4745 0086 6350 0083 | 5607 0040 | 4725 0070 6042 0087 4602 0086 5652 0087 5191 0041

P —— 0 [ 599 0070 6698 0083 50.11 0086 | 6585 0082 | 6033 0040 | 3322 0071 6373 0085 4995 0087 | 6144 0085 | 5661 0041
5 | 5656 0070 6805 0082 5106 0086 = 6505 0083 | 5972 0040 | 5401 0072 6422 0085  49.54 0086 | 60.15 0086 | 5664 0041

[ 0 4546 0070 5596 0087 3907 0085 5623 0087 4871 0040 | 44.89 0071 5249 0089 3873 0085 5040 0088 4639 0041
s 5 4563 0069 5817 0087 3980 0085 5800 0086 4981 0040 | 4285 0070 5421 0088 3920 0086 5130 0088 4639 0041

Quen2.575 0 [6261 0064 | 8271 0067 7025 0079 0072 10033 0068 | 7585 0076  62.13 0084 10080 10038
s 0065 | 8395 0065 7117 0078 0072 0035 0068 | 7615 0076 6407 0083 0081 0038

Quen2.57B-Instruct 0 0066 | 8271 0067 6851 0080 0073 10036 0068 | 7546 0077  60.77 0080 0081 10039
5 0065 | 8391 0065 7063 0078 0073 0035 0068 | 7628 0076 6226 0084 0081 0038

Mistal 7Bv03 0 5341 0067 6932 0081 4932 0086 | 6156 0081 _ 59.11 0030 | 4833 0068 6331 0085 4646 0087 | 6170 0085 = 5415 0040
- 5 | 5790 0068 7169 0079 5268 0086 | 7020 | 0079 | 6247 0039 | 5445 | 0071 6594 0084 4786 0086 | 6106 0085 | 5695 0040
Mistral 7B Imstract03 0 | 5430 0067 6994 0080 5043 0086 | 6%.27 0081 | 59.73 0030 | 5126 0070 6389 0085 4710 0087 | 6067 0085 | 55.18 0040
B 5 | 5817 0069 7202 0079 5116 0085 | 6855 | 0081 | 6193 0039 | 5367 0071 6419 0085 4665 0087 | 6070 0085 | 5595 0041
Minisual 8B Insract2410 O | ST77 0068 | 7433 0077 5649 0085 - 0079 | 6413 0038 || 5439 0070 = 67.70 0083  49.80 0086 | G479 0084 | 58.60 0040
5 5904 0067 7540 0076 5661 0085 0077 | 6485 0038 || 5473 0070 6883 0083 5106 0086 | 6427 | .0084 | 5901 | .0040

Llamas 188 0 | 5719 0066 7410 0077 5468 0085 | 70.97 | 0078 | 6338 0038 | 5203 0068 _ 67.60 0083 47.76 0085 0083 | 57.25 | 0039
: 5 | 59797 0068 7618 0075 5550 0085 0078 | 6511 0038 || 5467 0070 6890 0082  49.89 0085 0083 | 5909 0040
T 0 - 0067 | 77.02 0074 5858 0084 0075 | 6807 0038 || 5834 006 7104 0081 5379 0085 0082 | 6200 0039
5 0067 | 7735 0074 6023 0083 0077 0038 | 5930 | 0070  70.85 0081 5423 0086 0081 0040

0| 6038 0066 8089 0069 6397 0082 0075 0036 0068 | 7238 0080 55.88 0085 0082 | 6201 0039

gemma-2-9b 5 | 6310 0064 8252 0067 6480 0081 0074 0036 0069 | 7348 0079 5734 0084 0081 0039
) 0 0065 | 8365 0065 6536 0081 0073 10036 0069 | 7436 0078 5842 0084 10080 10039
gemma:2-9b-it 5 - 0065 | 8372 0065 6533 0081 0073 0036 0069 | 7472 0078 5744 0084 0081 0039
o131 0 5075 0068 6263 0085 4424 0086 6260 0083 10040 0071 5083 0087 4440 0087 5752 0086 52.64 0041
5 5205 0069 6480 0084 4481 0086 6292 0084 0040 0071 6029 0087 4421 0086 5742 0087  52.65 0041

Qwenz5-148 0 0063 | 8632 0061 7669 0073 10066 0033 0066 | 7865 0073 7041 0079 0077 0037
§ s 0061 | 8716 0059 7774 0071 0066 0032 0066 | 7946 0072 7057 0079 0078 0037
Quen2.5-14B-Instruct 0 0062 | 8671 0060 7707 0072 10067 10033 0066 | 7771 0074 6924 0080 0078 10037
5 0061 | 8746 0059 7770 0072 0066 0032 0065 | 7884 0073 7085 0079 0077 0037

0 | 6363 0063 8505 0063 6606 0080 0071 0035 | 5783 0067 | 7537 0077  59.02 0079 10038

gemma-2-27b 5 0063 | 87.03 0059 6781 0079 10069 0034 0067 | 7689 0075 5940 0083 0079 0038
) 0 0064 | 8638 0061 6803 0079 10069 0034 0069 | 7696 0075  59.09 0083 10079 10038
gemma-2-27b-it 5 0063 | 8661 | 0060 69.05 .0078 10069 0034 0068 | 7754 | 0074 59.78 0083 0079 0038

Table 1: MMLU Original and MMLU D-GEN results: We evalute the performance of 21 models using metrics such
as accuracy (Acc %) and standard error (Stderr) across four domains. The overall score is computed by averaging
across all individual test questions, not by averaging domain scores. Each accuracy value is ranked within its
respective column, and colors are applied in a heatmap style: darker colors represent higher rankings, while lighter
colors indicate lower rankings. The models are ordered by parameter size, and their citations are in Appendix D.1.

3.2 Models

For D-GEN, we train two foundational models,
which are Llama-3.1-8B-Instruct (Grattafiori
etal.,2024)’ and L1ama-3. 3-70B-Instruct?. For
the 8B model, we conduct full fine-tuning while
LoRA (Hu et al., 2021) training is applied for the
70B model. In this paper, we mainly use 70B model
but release both versions**. See Appendix A for
training hyperparameters.

3.3 Automatic Correction Process

We employ a systematic process to generate reli-
able distractors by iteratively filtering and regener-
ating data until all conditions are met. As shown in
Figure 2, we ensure each list contains three unique
distractors with no overlap with the correct answer
or among themselves. This refinement process
helps eliminate redundancy, thereby enhancing the
overall quality of the distractors.

2https://huggingface.co/meta-1lama/Llama-3.
3-70B-Instruct

3https://huggingface.co/SungJoo/DGEN-llama3.
1-8B

4https://huggingface.co/SungJoo/DGEN—llama3.
3-70B

4 Ranking Alignment
4.1 Dataset

We evaluate the effectiveness of our distractor gen-
eration model in various domains by using MMLU.
The data can be divided into four domain categories
(Humanities, Social Sciences, STEM, and Others)
with 57 sub-categories listed in Appendix B.

4.2 Method

To evaluate the effectiveness of our distractor gen-
eration model, we compare two test sets:

1) MMLU: The original MMLU. The original
distractors are considered as gold distractors.

2) MMLU-DGEN: A modified MMLU, where
the original distractors are replaced with new
distractors generated by D-GEN.

The 70B D-GEN model is used to generate three
plausible but incorrect distractors for each question
in the MMLU. (See Appendix C for examples.)
These distractors are refined through an automatic
correction process. After generating new distrac-
tors, the correct answer is randomly assigned to one
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Figure 3: Scatter plots comparing the ranks of 42 configurations (21 models evaluated at both 0-shot and 5-shot
settings) across MMLU Original and MMLU D-GEN. The diagonal dashed red line is the perfect alignment between
the ranks. If a blue point is above the red line, the model performed better on MMLU Original compared to MMLU
D-GEN; if below, the model performed better on MMLU D-GEN.

of the options (A, B, C, or D) while preserving the
original distribution of correct answer indices. This
ensures that differences in performance between
the MMLU and MMLU-DGEN are not influenced
by position bias (Zheng et al., 2023) of the models.
We evaluate 21 well-known models across differ-
ent families, sizes, and n-shot settings using Im-
evaluation-harness (Gao et al., 2024). By compar-
ing model rankings on both test sets, we assess
whether the newly generated distractors preserve
the relative performance order. This comparison
helps us validate the alignment and consistency of
the rankings, ensuring that our approach preserves
the difficulty level and discriminatory power of the
original ground-truth distractors.

4.3 Result

Table 1 shows the performance of 21 open-source
models like gpt-neo®, gemma (Team et al., 2024),
llama (Grattafiori et al., 2024), vicuna®, mistral
(Jiang et al., 2023), and gqwen (Qwen et al., 2025).
Colors are applied in a heatmap style, allowing for
a visual comparison of rankings between MMLU
and MMLU D-GEN. To quantitatively evaluate the
ranking alignment, we analyze the rank correlation
of model performance across domains. The results
in Table 2 show that the rankings are highly consis-
tent across all domains. Spearman’s Rank Correla-
tion Coefficient ranges from 0.9778 to 0.9918. Sim-
ilarly, Kendall’s Tau Rank Correlation Coefficient
ranges from 0.8862 to 0.9297. (See Appendix D.2
for p-values.) Figure 3 visualizes the rank align-
ment between the two datasets. The new distractors
effectively maintain the relative performance order

Shttps://www.eleuther.ai/artifacts/gpt-neo
https://lmsys.org/blog/2023-03-30-vicuna/

of models, which shows the utility of D-GEN as a
reliable distractor generation approach.

Category SpearmanR  KendallTau
Humanities 0.9778 0.8862
Social Sciences 0.9889 0.9227
STEM 0.9883 0.9297
Others 0.9901 0.9261
Overall 0.9918 0.9413

Table 2: Rank correlation analysis between the original
MMLU and MMLU D-GEN. The correlations are calcu-
lated based on rankings of 42 configurations (21 models
without distinguishing between 0 and 5-shot settings).

4.4 Analysis

Difficulty Level As shown in Table 3, the differ-
ences in accuracy between MMLU and MMLU-
DGEN vary across categories but remain relatively
small on average. While these differences gen-
erally do not significantly alter the overall diffi-
culty level compared to the original MMLU, the
observed minimum and maximum values suggest
that MMLU-DGEN is slightly more challenging.

Category Mean Min Median Max
Humanities -0.03  -0.10 -0.03 0.00
Social Sciences -0.06 -0.10 -0.07 0.04
STEM -0.05 -0.09 -0.05 0.02
Others -0.07  -0.10 -0.07 0.00
Overall -0.05 -0.09 -0.06 0.01
Table 3: Statistics of the accuracy difference

(MMLU D-GEN — MMLU Original)

Complex Answer Cases We manually review
the newly generated distractors and identify notable
patterns. The model consistently generates highly

3319


https://www.eleuther.ai/artifacts/gpt-neo
https://lmsys.org/blog/2023-03-30-vicuna/

appropriate distractors, especially for math or clas-
sification questions. Notably, MMLU-DGEN dis-
tractors closely mimic the format and syntactic
features of the correct answers (e.g., capitalization
and punctuation), enhancing their plausibility. Ex-
amples are in Tables 21, 23, and 49 in Appendix C.
We also analyze the performance of D-GEN in gen-
erating distractors for complex scenarios where the
correct answer is ‘all of these’ or ‘none of these’.
While it generally performs well (e.g., Table 61
in Appendix C), it sometimes includes incorrect
options for ‘all of these’ answers. This issue arises
because the model is primarily designed and trained
to generate incorrect distractors. This can be ad-
dressed by further fine-tuning the model to handle
these special cases, or by including specific con-
straints for such question types.

Statistical Acceptability in Tight Performance
Margins While the overall rank alignment is
quite strong, some rank differences likely fall
within statistical uncertainty (i.e., overlapping accu-
racy # stderr ranges). Rank swaps within the stan-
dard error bounds suggest that statistical variation
could have influenced the shifts rather than substan-
tial performance differences. Even the largest ob-
served rank gap (seven positions for Llama-3.2-3B-
Instruct, 0-shot, STEM) falls within overlapping
performance intervals (Appendix D.3 for details).

5 Entropy Analysis

5.1 Method

We aim to evaluate the plausibility of distractors
generated by D-GEN. To achieve this, we compute
the entropy of the predicted probability distribu-
tion over answer choices (A, B, C, and D). Entropy
quantifies the model’s prediction uncertainty, allow-
ing us to analyze how convincing the distractors
are based on the model’s confidence.

Let z = [z4, 2B, 20, 2zp] be the logits corre-
sponding to the four answer choices A, B, C, D.
The logits are transformed into a probability dis-
tribution p = [pa, pB, Pc, pp| using the softmax
function:

e

Pi = 2
2 je{AB.CD} €

where p; represents the probability assigned to
choice i. Using this probability distribution, we
compute the entropy as follows:

Hp)=- >

i€{A,B,C,D}

pilog(pi),

Entropy H(p) quantifies the uncertainty in the
model’s predictions by measuring how evenly
the probabilities are distributed across all answer
choices. Importantly, the model’s probability dis-
tribution p is influenced by the interactions among
all answer choices. Therefore, H(p) serves as a
holistic metric that captures these interactions, pro-
viding an overall evaluation of how plausible the
set of distractors appears. Since there are four an-
swer choices in this case, the entropy ranges from
a minimum of 0 (model is completely certain about
one choice) to a maximum of 2 (probabilities are
evenly distributed across all choices).

5.2 [Experiment

Entropy for both the original MMLU and MMLU-
DGEN datasets is calculated using three advanced
models: Llama-3.3-70B-Instruct, Qwen2.5-72B-
Instruct, and Mixtral-8x7B-Instruct-v0.1. Smaller,
lower-performing models may produce unreliable
probability distributions, failing to assign high
probabilities to correct answers and instead spread-
ing probabilities more evenly, inflating entropy val-
ues. We compare the mean entropy of the models’
predicted probability distributions for the original
distractors (Hyvru) and the newly constructed dis-
tractors (Hp.gen) across all subjects. If the entropy
for MMLU-DGEN is comparable to that of the
MMLU, it means that the new distractors effec-
tively challenge the model’s confidence in selecting
the correct answer, suggesting their plausibility.

5.3 Result

Table 4 reports the average entropy values of
each model when tested with MMLU and MMLU-
DGEN. Wilcoxon signed-rank tests are used to de-
termine whether a significant difference exists be-
tween Hymru and Hpgen for each model. The
Wilcoxon test, a non-parametric alternative to the
paired t-test, is chosen for its robustness when en-
tropy differences may not follow a normal distri-
bution. The null hypothesis states that the median
entropy values of the two sets are equal. The re-
sults show that for Qwen and Mixtral, the p-values
across all domains exceed 0.05, indicating no sta-
tistically significant entropy differences between
MMLU and MMLU-DGEN. (See Appendix E for
specific p-values.) The only exception is Llama in
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Domain |  Llama-3.3-70B-Instruct |

Qwen-2.5-72B-Instruct

| Mixtral-8x7B-Instruct-v0.1

| Humwu  Hpgen  p-value | Hyviuy  Hpgen  p-value | Hyviu  Hpeen  p-value
Humanities 0.878 0.907 > 0.05 0.507 0.528 > 0.05 1.060 1.058 > 0.05
Social Sciences 0.812 0.836 < 0.05 0.522 0.529 > 0.05 1.059 1.084 > 0.05
STEM 0.849 0.862 > 0.05 0.572 0.586 > 0.05 1.087 1.095 > 0.05
Others 0.849 0.857 > 0.05 0.553 0.568 > 0.05 1.079 1.087 > 0.05

Table 4: Domain-wise Entropy Averages and Corresponding p-values for Wilcoxon Signed-Rank Test Comparing

the Entropy Differences

the Social Sciences, which has a p-value of 0.0342,
indicating a statistically significant difference.

5.4 Analysis

Since models perform differently across do-
mains—Ilikely due to differences in training data
and domain knowledge—it is natural for entropy
values to vary. However, the consistent Wilcoxon
test results across models support the plausibility
of D-GEN’s distractors relative to the ground-truth
distractors. This entropy analysis not only eval-
uates distractor quality but also provides insights
into task difficulty. As discussed in Section 4.4, ac-
curacy comparisons suggest that MMLU-DGEN is
slightly more challenging than MMLU, a trend also
reflected in entropy values. While the difference be-
tween Hynvu and Hpgen is not statistically signif-
icant, the slightly higher entropy in MMLU-DGEN
indicates a modest increase in difficulty.

6 Task Applicability

Previous experiments have shown D-GEN’s effec-
tiveness in closed-book QA across domains. Here,
we extend it to seven additional tasks to evaluate its
robustness in contextual understanding, reasoning,
and multilingual settings.

6.1 Dataset

The FLAN collection (Wei et al., 2022; Longpre
etal., 2023) consolidates publicly available datasets
(Table 68) into an instructional format, covering
12 task clusters across language understanding and
generation. Among them, we test our approach on
seven different tasks, as listed in Table 5. Several
tasks like sentiment analysis and coreference are
excluded since most of the required answers are too
simple (e.g., ‘positive’ or ‘negative’). Since FLAN
reformats existing datasets into instructional tasks,
some already include predefined answer choices.
To ensure the generation of new distractors, we
remove these existing options. 100 instances are

randomly selected from each task, and the prompt
used for distractor generation is in Appendix F.2

Task Subtasks

Reading
Comprehension (RC)

Inference-Based QA, Unanswerable Question Detection,
Causal Relationship Extraction, Fact-Based QA

Commonsense
Reasoning (CS)

Story Completion, Temporal Ordering, Implicit Inference,
Cause-and-Effect Reasoning

Reading Comp. w/
Commonsense (RC+CS)

Contextual Cause-and-Effect, Ambiguity Resolution,
Implicit Motivation Inference, Perspective-Based QA

Translation (Transl.) Direct Translation, Transliteration & Script Conversion

Summarization
(Sum.)

Extractive & Abstractive Summarization,
Headline Generation, Summary Expansion

Structure-to-Text
(S2T)

Triple Extraction and Representation, Data-to-Text
Keyword-to-Sentence Generation, Keyword Extraction

Math Linear & Multi-Step Equation Solving, Variable Isolation

Table 5: Tasks and Corresponding Sub-tasks. Each task
consists of various subtasks that define problem types.

6.2 Human evaluation

We conduct a human evaluation of distractors using
the evaluation metric by Zhou et al. (2019). Scores
for each metric are assigned on a 1-5 scale. Fig-
ure 10 shows a screenshot of the user interface for
evaluation. GPT-40 (OpenAl et al., 2024) is used
as partial assistance for the translation task.

¢ Fluency: Assesses whether the distractor follows stan-
dard grammar and aligns with logic and common sense.

* Coherence: Evaluates if generations are relevant to both
the passage and question.

« Distracting Ability: Measures how likely the distractor
misleads test-takers in real exams.

* Incorrectness: Checks if the distractor is clearly incor-
rect and unambiguous.

6.3 Result

Table 6 provides examples of the generated distrac-
tors along with the scores for each task. Table 7
shows the average scores, while Figure 4 illustrates
the distribution of scores across different tasks. The
average scores generally range from the high 3s to
the high 4s, with most scores falling between 3 and
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Task Question Correct Answer D-GEN Distractors

Math Solve —22q — g = —14375 + 13455 for q. 40 10,25, 35

S2T Data: name = The Eagle, eatType = coffee shop, food = Chinese, The Eagle is a Chinese coffee shop near ‘The Eagle is a moderately-priced coffee shop near Burger
priceRange = high, customer rating = average, area = riverside, near Burger King in Riverside. It is high King in Riverside, with a below-average rating.’, “The Eagle
= Burger King. Can you generate a sentence about this data? priced with an average rating. is a highly-rated coffee shop near Burger King in Riverside,

offering low-cost American dishes.’, ...

RC (+ CS) Compose the next sentence for the paragraph. Zlatan Ibrahi- PSG will not sell Ibrahimovic. ‘PSG will sell Ibrahimovic if Milan pays enough.’, "Raiola
movic will not leave PSG despite links to AC Milan. Reports does not want Ibrahimovic to stay.’, >AC Milan is not inter-
suggest a return to Milan, but agent Raiola denies the rumors... ested.

Write a question about the following article ...The Melkonian ‘Where was the secondary school? ‘Egypt’, ‘Palestine’, “Turkey’

brothers funded a school near Nicosia for 500 Armenian Genocide

orphans, which later became a renowned secondary school.

Trans], Translate to German: ‘The BBC Music Awards seem to be the Die BBC Music Awards, die im vergan- ‘Die BBC Music Awards sind eine Fortsetzung der Brits.”,
: Brits by another name.’ genen Jahr starteten, scheinen The Brits

nur unter einem anderen Namen zu sein. .

‘Write a sentence not in English. Hyvi kepponen on hauska, mutta on pe- pposia ei ole olemassa.’, ‘Kepposen hyvyys ei
ruttavissa hetkessi. riipu siitd, onko se hauska.’, ...

cs Theo played drums for three years and wanted to level up. He Theo set up an audition. ‘He considered joining a choir.’, ‘He went back to playing
decided to find a band. After searching online, he found a good piano.” ...
option. Write the next sentence.

The student forgot to do her assi ‘What’s a pl le effect? She made up an excuse. ‘She did not turn in her homework.’,*She got in trouble.’, ...

Sum. ‘G.W. Bush appeared at the White House for his official portrait A more detailed account of the portrait ‘G.W. Bush was the 43rd president.’, ‘Barack Obama was

unveiling. Presidential portraits are traditionally selected by presi-

event and its historical significance.

the 44th president.’, ‘Bill Clinton was the 42nd president.’

dents and funded through donations.” Expand this summary.

Table 6: Examples of D-GEN distractors across various tasks. Low-quality distractors are highlighted in red. Refer

to Table 70 in Appendix F.2 for more examples.
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Figure 4: Proportion of the scores (1-5) across different
tasks and metrics. Task labels: A (RC), B (CS), C (RC
+ CS), D (Transl.), E (Sum.), F (S2T), and G (Math).

(A) Proportion of Distractors with at Least One Low Score

Sum 27%
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Figure 5: (A) Percentage of distractors with at least
one low score across any metric. (B) The total count of
low scores across all metrics. Unlike (A), which counts
distractors at the instance level, (B) breaks down the
specific metrics where low scores occurred.

Task Fluency Cohere Distract Incorrect
RC 4.98 4.54 4.42 4.81
CS 4.97 4.38 4.06 3.76
RC+CS 4.99 4.58 4.29 4.62
Transl. 4.91 4.06 3.99 4.51
Sum. 4.96 4.49 4.07 4.15
S2T 4.88 4.86 4.64 4.67
Math 5.00 5.00 4.98 5.00

Table 7: Score Analysis by Task Type. For detailed
scores of each source dataset, see Table 71.

5. This indicates that our model consistently gener-
ates distractors that are generally well-formed.

Figure 5 highlights cases where distractors re-
ceived low scores, 1 or 2. There is noticeable vari-
ation depending on the task. Math consistently
achieves the highest scores, and D-GEN also per-
forms robustly in Struct-to-Text and reading com-
prehension with commonsense reasoning. In con-
trast, summarization, commonsense reasoning, and
translation show challenges. In terms of evalua-
tion metrics, the results show that D-GEN consis-
tently generates fluent and grammatically correct.
However, it struggles to produce clearly incorrect
distractors, particularly in commonsense reason-
ing, where all low scores stem from issues with
incorrectness.

6.4 Analysis

Math D-GEN gives the highest scores on most
questions. The structured nature of mathematical
problems, where numerical constraints limit the
answer space, enables the model to generate dis-
tractors easily. No significant failures are observed.
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Struct-To-Text Struct-to-Text involves convert-
ing structured data—such as tables, entity at-
tributes, and key-value pairs—into natural lan-
guage. The clear constraints and well-defined se-
mantic relationships allow D-GEN to perform well.
The distractors typically modify key numerical val-
ues (e.g., dates), entity relationships, or categorical
attributes (e.g., locations) while maintaining gram-
matical correctness and contextual relevance.

Reading Comprehension (w/ Commonsense)
D-GEN performs well in Reading Comprehension
with Commonsense Reasoning, maintaining a low
error rate and high scores across all metrics. This
suggests it effectively understands both narrative
and factual contexts, generating plausible distrac-
tors without logical inconsistencies—likely due to
its extensive exposure to reading comprehension
tasks. The few errors occur in relevant question
generation or next-sentence prediction. Ideally, dis-
tractors should introduce slight irrelevance without
being nonsensical, but D-GEN sometimes gener-
ates completely incorrect options (e.g., unrelated
keywords like Egypt, Palestine, Turkey), lowering
coherence and distractibility scores.

Translation Translation reveals a distinct error
pattern in the ‘Write a sentence not in English’
question (8 out of 13 errors, 62%). The primary
issue arises from incorrectness failures, where dis-
tractors are generated in a language other than En-
glish. This likely stems from misinterpretation of
double negation in the instruction, leading to rea-
soning errors. Additionally, the base model llama-
3.3 lacks official support for languages in the WM'T-
16 dataset like Turkish, Russian, Finnish. Given
these inherent multilingual limitations, the results
are reasonable.

Commonsense Reasoning This task requires un-
derstanding causal relationships, plausible effects,
and world knowledge. Among these, questions
that involve identifying cause and effect exhibit the
highest rate of poor distractors (14 out of 22 errors,
64%). These failures are concentrated in the incor-
rectness metric, indicating that D-GEN struggles to
reason about causality while generating plausible
but incorrect responses. The model’s inherent rea-
soning limitations, combined with the complexity
of controlled misinformation, contribute to high
error rate. Incorporating explicit reasoning mod-
ules or training on datasets with structured logical
relations could address this issue.

Summarization Summarization poses the great-
est challenge for D-GEN. It performs well for sub-
task like “‘What best summarizes the article?’, but
struggles with email subject line generation (10
of 27 errors, 37%) due to ambiguity in the source
dataset. Correct answers such as ‘Huh?” or ‘If
you have time’ are vague and can be mistaken for
distractors, making it difficult for D-GEN to gen-
erate effective alternatives. It also underperforms
in summary expansion, frequently producing re-
sponses that are too short. These invalid expan-
sions are clearly incorrect but lack distractibility
and coherence, as they fail to introduce meaningful
distortions. D-GEN struggles with tasks requiring
precise control over length and structure, especially
when the correct answers are ambiguous. We be-
lieve reinforcement learning could better optimize
for distractibility and incorrectness while maintain-
ing coherence.

General Observations The observed error pat-
terns in our analysis tend to concentrate on specific
subtask types. Since a 3-shot setup is applied per
task, not all subtasks are effectively learned (Figure
9 in Appendix F.2). In-context learning with more
demonstrations could mitigate this issue, allowing
the model to adapt to a broader range of subtasks,
which we will explore to enhance the performance
for real-world application.

6.5 Baseline

To demonstrate the effectiveness of our proposed
method, D-GEN, we provide baseline results for
comparison. We generate distractors for 700
identical examples from the FLAN dataset us-
ing Llama-3.3-7@0b-Instruct without any fine-
tuning. We apply the same human evaluation pro-
cess. As shown in Table 8, the baseline performs
notably worse, indicating that the distractors gen-
erated by the base model are of significantly lower
quality compared to those produced by our fine-
tuned D-GEN.

Task Fluency Cohere Distract Incorrect

RC 4.98 3.67 (-0.87) 3.33(-1.09) 4.41 (-0.40)
CS 496 (-0.01)  3.63(-0.75) 3.25(-0.81)  3.63(-0.13)
RC+CS  495(-0.04) 335(-1.23) 3.63(-0.66) 4.27 (-0.35)
Transl.  3.44(-147) 3.02(-1.04) 3.87(-0.12) 4.70 (+0.19)
Sum. 494 (-0.02)  3.59(-0.90) 3.45(-0.62) 4.19 (+0.04)
S2T 491 (+0.03) 3.18(-1.68) 3.56(-1.08)  4.60 (-0.07)
Math 5.00 474 (-0.26) 4.18 (-0.80)  4.47 (-0.53)

Table 8: Baseline Results: Average Scores by Task Type.
Colored values indicate the difference from the D-GEN
results reported in Table 7.
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7 Conclusion

We present D-GEN, the first open-source distractor
generator LLM. To show the effectiveness of the
distractors generated by D-GEN, we conduct three
key assessments. First, Ranking Alignment Test —
The ranking of 42 model configurations remains
consistent when using ground-truth distractors ver-
sus D-GEN distractors, confirming the discrimi-
natory power. Second, Entropy Analysis — We
show that entropy values exhibit no statistically sig-
nificant difference between ground-truth and new
distractors, validating their plausibility. Lastly, Hu-
man Evaluation — Our distractors receive consis-
tently high scores in fluency, coherence, distracting
ability, and incorrectness. Overall, our findings
highlight that our approach is effective in generat-
ing high-quality distractors across various domains
and is extendable to certain tasks. By ensuring both
efficient distractors generation and fair evaluation,
our work contributes to robust multiple-choice as-
sessment.

Limitations

Our evaluation framework has certain limitations.
First, both ranking alignment and entropy analy-
sis require ground-truth distractors for evaluation,
which limits scalability since high-quality distrac-
tors must already exist for comparison. This de-
pendency limits the applicability of our evaluation
method to datasets without predefined distractors.

Second, we rely on human evaluation for task ap-
plicability experiment, since significant limitation
was observed in LLM-based evaluation when us-
ing GPT-40 (OpenAl et al., 2024). GPT exhibited
significant errors in coherence and incorrectness
that deviated from human judgments. Despite be-
ing instructed to assign higher scores to incorrect
answers, GPT occasionally penalized distractors
simply for being incorrect. Among 700 instances,
123 received scores of 1 or 2, and among them, 32
instances (26.02%) were deducted due to the incor-
rectness of the distractors. Coherence scores also
diverged from human assessments. In many cases,
distractors are intentionally designed to be illogical
or slightly irrelevant (e.g., including incorrect infor-
mation not mentioned in the question for summa-
rization tasks). However, GPT tended to assign low
relevance scores for these cases. This suggests a
false negative issue, where GPT misinterpreted the
intended nature of the distractors and unjustifiably
lowered the scores. We suspect that a false posi-

tive may also exist: cases where distractors were
actually correct but received higher scores, further
compromising the reliability of LLM-based eval-
uation. Due to the unreliability, we chose to rely
on human evaluation, using GPT only as partial
assistance for the translation task. The details of
our attempts, observed issues, and potential causes
are discussed in Appendix F.6.1 and F.6.2.

To address these limitations, future work will
explore evaluation methods that do not rely on
ground-truth distractors, enabling a more scalable
and flexible assessment. Also, we plan to refine
LLM-based evaluation criteria to better align judge
model’s scoring behavior with distractor quality.
This may involve fine-tuning model for distractor
assessment or designing new prompting strategies
to improve evaluation consistency.
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A  D-GEN Training MMLU questions, correct answers, and choices.
From Table 9 to 63 are the examples of MMLU-

We fine-tuned Llama-3.3-70B-Instruct using LoRA DGEN.

with r = 64, « = 16, and dropout= 0.1. The
model was trained for 3 epochs with a learning rate
of 8 x 1075, batch size of 2 per device, and gradient
accumulation of 64 steps. 6 * RTX A6000 were
used for 10 days. Figure 6 and 7 are the prompts
that we used for D-GEN training and inferencing.

B MMLU

Below are the categories and supercategories of
MMLU dataset (Hendrycks et al., 2021a).

* Humanities (13 Supercategories)

Formal Logic, High School European His-
tory, High School US History, High School
World History, International Law, Jurispru-
dence, Logical Fallacies, Moral Disputes,
Moral Scenarios, Philosophy, Prehistory, Pro-
fessional Law, World Religions

Social Sciences (12 Supercategories)

Econometrics, High School Geography, High
School Government and Politics, High School
Macroeconomics, High School Microeco-
nomics, High School Psychology, Profes-
sional Psychology, Public Relations, Security
Studies, Sociology, US Foreign Policy, Hu-
man Sexuality

STEM (19 Supercategories)

Abstract Algebra, Anatomy, Astronomy, Col-
lege Biology, College Chemistry, College
Computer Science, College Mathematics, Col-
lege Physics, Computer Security, Concep-
tual Physics, Electrical Engineering, Elemen-
tary Mathematics, High School Biology, High
School Chemistry, High School Computer
Science, High School Mathematics, High
School Physics, High School Statistics, Ma-
chine Learning

Others (13 Supercategories) Business
Ethics, Clinical Knowledge, College
Medicine, Global Facts, Human Aging,
Management, Marketing, Medical Genetics,
Miscellaneous,  Nutrition,  Professional
Accounting, Professional Medicine, Virology

C Examples of MMLU-DGEN

In this section, we will provide some examples of
the D-GEN-generated distractors with the original
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messages = [
{
"role": "system”,
"content”: (
"You are a helpful assistant specializing in generating plausible distractors.
Your task is to generate 3 incorrect but plausible distractors for the given question.
The distractors should be semantically related to the context of the question and
close to the correct answer, but clearly incorrect.
Provide the distractors as a single list.”
),
),
{
"role”: "user”,
"content”: (
f"Question: {question}”
f"Correct Answer: {answer}”
"Please provide three plausible but incorrect distractors in the form of a single list.”
),
i
{
"role": "assistant"”,
"content”: {choices}
I8
]

Figure 6: Prompt used to fine-tune D-GEN

messages = [
{
"role": "system”,
"content”:
"Your task is to generate 3 incorrect but plausible distractors for the given question.
The distractors should be semantically related to the context of the question and
close to the correct answer, but clearly incorrect.
You will be provided with one example to guide your response.
Provide a single list with three different elements (distractors).”
3,
{
"role": "user”,
"content”:
"Example Question: Statement 1 | Every integral domain has a field of quotients.”
"Statement 2| A polynomial of degree n over a ring can have at most n zeros counting multiplicity.”
"Example Correct Answer: True, False”
"Example Distractors: ["True, True"”, "False, True", "False, False"]"
"Example Question 2: In the laboratory, a cart experiences a single horizontal force as it moves horizontally in a straight line.
Of the following data collected about this experiment, which is sufficient to determine the work done on the cart by the
horizontal force?”
"Example Correct Answer 2: The mass of the cart, the cart's initial speed, and the cart's final speed”
"Example Distractors 2: ["The magnitude of the force, the cart's initial speed, and the cart's final speed”,
"The mass of the cart and the distance the cart moved”, "The mass of the cart and the magnitude of the force"”]"”
f"Question: {question}”
f"Correct Answer: {answer}”
"Please provide a single list with three different elements (distractors) without any other explanation.”
3
]

Figure 7: Prompt used to generate three distractors for MMLU questions using D-GEN
Question Subject Choices Answer D-Gen-distractors
Statement 1 | If a group has an element of order 10, abstract_algebra ["True, True", "False, False", True, False ["True, True", "False, True",
then it has elements of orders 1, 2, and 5. Statement 2 "False, True"] "False, False"]

| If a group has an element of order 2 and an element
of order 3, then it has an element of order 6.

Table 9: A sample distractors generated by D-GEN (abstract_algebra)

Question Subject Choices Answer D-Gen-distractors

Macrostomia results from failure of fusion of anatomy ["left and right mandibular pro- maxillary and ["maxillary process and lateral
cesses.”", "maxillary and fron- mandibular  pro- nasal prominence","mandibular
tonasal processes.", "mandibular  cesses. process and medial nasal promi-
and hyoid arches."] nence", "frontonasal and maxil-

lary process"]

Table 10: A sample distractors generated by D-GEN (anatomy)
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Question Subject Choices Answer D-Gen-distractors

The nebular theory of the formation of the solar system success- astronomy ["Planets orbit around the Sun the equal number ["the large size of the jovian plan-
fully predicts all but one of the following. Which one does the in nearly circular orbits in a flat-  of terrestrial and jo- ets compared to the terrestrial
theory not predict? tened disk.", "the craters on the vian planets planets", "the small size of the
Moon", "asteroids Kuiper-belt jovian planet Pluto”, "the large
comets and the Oort cloud"] number of moons around each jo-

vian planet”]

Table 11: A sample distractors generated by D-GEN (astronomy)

Question Subject Choices Answer D-Gen-distractors

the workplace involves empowering employees through, for business_ethics ["Re-invigorating", Rehumanizing ["Reorganizing", "Restruc-
example, "job enrichment" where employees are given a larger "Re-flourishing", turing", "Regenerating"]
scope for deciding how to organize their work or "job enlargement" "Revitalizing"]

where employees are given a wider range of tasks to do.

Table 12: A sample distractors generated by D-GEN (business_ethics)

Question Subject Choices Answer D-Gen-distractors
For very high force contractions lasting 1-2 seconds, the initial ~clinical_knowledge ["Glycolysis.", "creatine phos- ATP stores. ["glycogen","myoglobin", "crea-
energy source is from: phorylation.", "phosphocreatine tine phosphate"]

stores."]

Table 13: A sample distractors generated by D-GEN (clinical_knowledge)

Question Subject Choices Answer D-Gen-distractors

Which of the following is the best explanation for why net primary  college_biology ["The higher species diversity The availability of ["Warm temperatures in the trop-

productivity in terrestrial ecosystems tends to increase toward the in the tropics tends to increase water and warm ics foster respiration.”, "Cold

tropics? plant growth.", "There are lower temperatures in the temperatures in the tropics foster
metabolic costs to plant growth tropics fosters pho- respiration.", "The availability of
in the tropics.", "The tropics have  tosynthesis. water and cold temperatures in
more predators that minimize her- the tropics fosters photosynthe-
bivory."] sis."]

Table 14: A sample distractors generated by D-GEN (college_biology)

Question Subject Choices Answer D-Gen-distractors

The molecular geometry of thionyl chloride, SOCI2, is best de- college_chemistry ~ ["trigonal planar", "T-shaped", trigonal pyramidal  ["bent or V-shape", "tetrahedral",
scribed as "tetrahedral"] "trigonal planar"]

Table 15: A sample distractors generated by D-GEN (college_chemistry)

Question Subject Choices Answer D-Gen-distractors

A starvation-free job-scheduling policy guarantees college_computer_science ["Priority queuing”, "Shortest job  Round-robin ["First-come first-serve",
that no job waits indefinitely for service. Which of first", "Youngest job first"] "Shortest job first", "Prior-
the following job-scheduling policies is starvation- ity scheduling"]

free?

Table 16: A sample distractors generated by D-GEN (college_computer_science)

Question Subject Choices Answer D-Gen-distractors
If the finite group G contains a subgroup of order seven but no college_mathematics ["27", "28", "37"] 35 ["42", "28", "21"]
element (other than the identity) is its own inverse, then the order

of G could be

Table 17: A sample distractors generated by D-GEN (college_mathematics)

Question Subject Choices Answer D-Gen-distractors
Sauna use, sometimes referred to as "sauna bathing," is characterized by short-term passive college_medicine ["Decreased risk of Decreased rate of ["Increased rate of
exposure to extreme heat. This exposure elicits mild hyperthermia — an increase in the body’s core heart attacks.", "In- erectile  dysfunc- cancer", "Decrease
temperature — that induces a thermoregulatory response involving neuroendocrine, cardiovascular, crease in stroke vol-  tion. in blood pressure”,
and cytoprotective mechanisms that work together to restore homeostasis and condition the body ume.", "Improved "Reduced risk of
for future heat stressors. [text omitted for brevity] The physiological responses to sauna use are mental health."] psychosis"]

remarkably similar to those experienced during moderate- to vigorous-intensity exercise. In fact,
sauna use has been proposed as an alternative to exercise for people who are unable to engage in
physical activity due to chronic disease or physical limitations.[13]

According to the article, which of the following is NOT a benefit of sauna use?

Table 18: A sample distractors generated by D-GEN (college_medicine)
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Question Subject Choices Answer D-Gen-distractors

Light of variable frequency shines on the metal surface of a photo- college_physics ["work function of the metal is potential difference ["potential difference necessary
electric tube. Einstein’s theory of the photoelectric effect predicts proportional to the frequency”, necessary to stop to stop the emitted electrons is an
that the "work function of the metal is the emitted elec- exponential function of the fre-

proportional to the wavelength”, trons is a linear quency below the threshold fre-
"current in the tube is a linear function of the fre- quency", "current emitted by the
function of the wavelength"] quency above the electrons is a quadratic function
threshold frequency  of the frequency above the thresh-

old frequency", "number of elec-

trons emitted is directly propor-

tional to the frequency below the

threshold frequency"]

Table 19: A sample distractors generated by D-GEN (college_physics)

Question Subject Choices Answer D-Gen-distractors

began to show up few years back on wireless access points  computer_security ~ ["WPA2", "WPA", "WEP"] WPS ["WPA", "WEP", "Wi-Fi"]
as a new way of adding or connecting new devices.

Table 20: A sample distractors generated by D-GEN (computer_security)

Question Subject Choices Answer D-Gen-distractors

Imagine you're standing on the surface of a shrinking planet. If it conceptual_physics ["1/100 as much", "10 times as 100 times as much ~ ["10 times as much", "one-tenth
shrinks to one-tenth its original diameter with no change in mass much”, "1000 times as much"] as much", "the same"]
on the shrunken surface you"d weigh

Table 21: A sample distractors generated by D-GEN (conceptual_physics)

Question Subject Choices Answer D-Gen-distractors

How many parameters will be required to be estimated in total for ~econometrics ["12", "4", "3"] 36 ["12", "24", "48"]
all equations of a standard form, unrestricted, tri-variate VAR(4),
ignoring the intercepts?

Table 22: A sample distractors generated by D-GEN (econometrics)

Question Subject Choices Answer D-Gen-distractors
is the most detrimental impurity in the magnetic ~electrical_engineering ["Sulphur.", "Oxygen.", "Nitro- Carbon. ["Nitrogen.", "Oxygen.", "Hydro-
materials. gen."] gen."]

Table 23: A sample distractors generated by D-GEN (electrical_engineering)

Question Subject Choices Answer D-Gen-distractors
Find 1 over 6 + 1 over 8. elementary_mathematics ~ ["2 over 14", "1 over 7", "1 over 7 over 24 ["5/24", "9/24", "11/48"]
4

Table 24: A sample distractors generated by D-GEN (elementary_mathematics)

Question Subject Choices Answer D-Gen-distractors
Which of the given formulas of PL is the best symbolization of ~formal_logic ["P=D)=G","D+*G)DP", P=D-0G) ["P=D)=G","P=G)=D",
the following sentence? Pablo will go to the store if, and only if, "PDO(D*G)"] "P=(G*D)"]

his brother drives him and pays for gas.

Table 25: A sample distractors generated by D-GEN (formal_logic)

Question Subject Choices Answer D-Gen-distractors

As of 2017, what percentage of Indians live in urban areas? global_facts ["19%", "49%", "64%"] 34% ["28%", "39%", "45%"]

Table 26: A sample distractors generated by D-GEN (global_facts)

Question Subject Choices Answer D-Gen-distractors

The end product of the alcohol fermentation pathway is the alcohol  high_school_biology ["Fermentation provides CO2 for ~Fermentation ["Fermentation generates ATP.",
ethanol. A considerable amount of energy still remains in ethanol, photosynthesis.", "Fermentation —replenishes the "Fermentation produces pyru-
yet ethanol is a waste product for the yeast cells that produce it. provides CO2 for cellular res- NAD+ necessary vate.", "Fermentation provides
What, then, is the purpose of fermentation? piration.", "Yeast cells excrete for glycolysis to oxygen for cellular respiration."]

ethanol in order to provide a de- continue.
fense against invading bacteria."]

Table 27: A sample distractors generated by D-GEN (high_school_biology)
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Question Subject Choices Answer D-Gen-distractors

A student has a liter of a 0.100 M solution of a strong acid. To high_school_chemistry ["a strong acid", "a weak a weak base ["a weak acid", "an equal vol-

prepare a buffer, this should be mixed with acid", "a strong base"] ume of water", "a salt of the
conjugate base"]

Table 28: A sample distractors generated by D-GEN (high_school_chemistry)

Question Subject Choices Answer D-Gen-distractors

In Python 3, what is ["a", "Chemistry", 0, 1][1]? high_school_computer_science  ["a", "0", "1"] Chemistry ["a", "0", "1"]

Table 29: A sample distractors generated by D-GEN (high_school_computer_science)

Question Subject Choices Answer D-Gen-distractors

This question refers to the following information. "The substitu- high_school_european_history ["Neoclassicism", "Scholas- Neoplatonism ["Scholasticism", "Aris-
tion of Plato for the scholastic Aristotle was hastened by contact ticism", "Renaissance hu- totelianism", "Human-
with Byzantine scholarship. Already at the Council of Ferrera manism"] ism"]

(1438) ... [text omitted for brevity] ... which was largely devoted
to the study of Plato &...The humanists of the time, however,
were too busy acquiring knowledge of antiquity to be able to pro-
duce anything of value." Bertrand Russell, British philosopher,
History of Western Philosophy, 1946 According to the information
in the text, the schools founded by the Medici family most favored
a philosophy known as

Table 30: A sample distractors generated by D-GEN (high_school_european_history)

Question Subject Choices Answer D-Gen-distractors
The concentration of production activities and people spatially to high_school_geography ["the substitution principle.", agglomeration. ["concentration”, "aggrega-
benefit everyone is called "deglomeration.", "infrastruc- tion", "dispersion"]

ture."]

Table 31: A sample distractors generated by D-GEN (high_school_geography)

Question Subject Choices Answer D-Gen-distractors

‘Which of the following most ac- high_school_government_and_politics  ["The right to privacy is determined The Supreme Court ["The Supreme Court has ruled

curately describes the right of entirely by the states on a case-by- has ruled that the that the right to privacy is explic-

American citizens to privacy? case basis.", "The right to privacy right to privacy is itly stated in the Constitution.",
is explicitly granted in the Preamble implied by the Bill "The Supreme Court has ruled that
to the Constitution.", "Common law  of Rights. the right to privacy is not pro-
requires the government to respect tected under the Constitution.", "The
citizens" right to privacy."] Supreme Court has ruled that the

right to privacy is granted only to
individuals who are citizens of the
United States."]

Table 32: A sample distractors generated by D-GEN (high_school_government_and_politics)

Question Subject Choices Answer D-Gen-distractors

When a nation is operating at the natural rate of un- high_school_macroeconomics ["the inflation rate is zero.", there is no cyclical ["there is no frictional unem-

employment "there is no structural unemploy- unemployment. ployment.", "the labor market is
ment.", "the nation is experienc- in equilibrium.", "all unemploy-
ing a recession."] ment is structural."]

Table 33: A sample distractors generated by D-GEN (high_school_macroeconomics)

Question Subject Choices Answer D-Gen-distractors

What is the ones digitof 1-2-3-4-5-6-7-8-9? high_school_mathematics [, 2", "s"] 0 ["1","2", "8"]

Table 34: A sample distractors generated by D-GEN (high_school_mathematics)

Question Subject Choices Answer D-Gen-distractors

‘When a monopolist has maximized profit, high_school_microeconomics ["price is set equal to marginal cost, cre- price is set above ["price equals marginal cost, so there
ating zero economic profit.”, "output is  marginal cost, creat- is no allocative inefficiency.","marginal
set where price is equal to average to- ing allocative ineffi- revenue equals marginal cost, but price

tal cost.", "any short-run profit will be ciency. is less than average total cost.”, "the

eliminated through the long-run entry firm produces where P = ATC, so there

of new firms."] is neither allocative nor productive inef-
ficiency."]

Table 35: A sample distractors generated by D-GEN (high_school_microeconomics)
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Question Subject Choices Answer D-Gen-distractors

Data is collected in an experiment preformed on an ideal gas. high_school_physics ["The slope will be linearly propor- The slope will ["The slope will be directly propor-
In the experiment, temperature (in K) is the independent tional to the pressure of the gas and be inversely pro- tional to the pressure of the gas and
variable and volume (in m3) is the dependent variable. If the intercept will be 0 m3.", "The portional to the the intercept will be 0 m3.", "The

a plot is produced where the dependent variable is on the
vertical axis, which of the following is true about the slope
and y-intercept of the graph?

slope will be linearly proportional to
the pressure of the gas and the inter-
cept will not be 0 m3.", "The slope
will be inversely proportional to the
pressure of the gas and the intercept
will not be 0 m3."]

slope will be inversely proportional
to the pressure of the gas and the in-
tercept will not equal 0 m3.", "The
slope will be directly proportional to
the pressure of the gas and the inter-
cept will not equal 0 m3."]

pressure of the gas
and the intercept
will be 0 m3.

Table 36: A sample distractors generated by D-GEN (high_school_physics)

Question Subject

Choices

Answer D-Gen-distractors

Iconic memory refers to high_school_psychology

["olfactory sensory registries",
registries",

"frontal ~ sensory
"STM sensory registries"]

["visual
"auditory sensory registries
ditory long-term memory"]

short-term memory",

,"au-

visual sensory reg-
istries

Table 37: A sample distractors generated by D-GEN (high_school_psychology)

Question Subject

Choices

Answer

D-Gen-distractors

‘Which of these is the best description of a p- high_school_statistics

["The probability of making a Type

The probability of

["The probability that the null hypoth-

value? Terror.", "The probability of making getting a test statis- esis is true, given the observed data.",
a Type Il error.", "The probability of tic at least as ex- "The probability of rejecting the null
rejecting the null hypothesis if it is, treme as the ob- hypothesis when it is false.", "The prob-
in fact, false."] served test statistic, ability that the alternative hypothesis is
if the null hypothe- true, given the observed data."]
sis is true.
Table 38: A sample distractors generated by D-GEN (high_school_statistics)
Question Subject Choices Answer D-Gen-distractors

This question refers to the following information. Those who
came before us made certain that this country rode the first waves
of the industrial revolutions, the first waves of modern invention,
and ...[text omitted for brevity]...because that goal will serve to
organize and measure the best of our energies and skills, because
that challenge is one that we are willing to accept, one we are
unwilling to postpone, and one which we intend to win, and the
others, too. —John F. Kennedy, September 12, 1962 Kennedy"s
speech most directly led to which of the following?

high_school_us_history

["The Vietnam War", "The
Mutually Assured Destruc-
tion (MAD) nuclear strategy",
"The Great Society social pro-
grams"]

The Apollo space
program

["The development of the hy-
drogen bomb", "The develop-
ment of the Polaris missile
system", "The construction of
the Berlin Wall"]

Table 39: A sample distractors generated by D-GEN (high_school_us_history)

Question Subject

Choices Answer

D-Gen-distractors

This question refers to the following information. I don"t know
whether this world has meaning that transcends it. But I know that
I do not know that meaning, and that it is impossible just now for
me to know it. What can a meaning outside my condition mean to
me? I can understand only in human terms. Albert Camus, "The
Myth of Sisyphus," 1955 The author of the above passage was
most associated with which of the following movements?

high_school_world_history ["Religious fundamen-

Existentialism
talism", "New age syn-

cretism", "Liberation

theology"]

["Transcendentalism",
"Humanism", "Nihilism"]

Table 40: A sample distractors generated by D-GEN (high_school_world_history)

Question Subject

Choices Answer

D-Gen-distractors

A major difference between programmed and unprogrammed the- human_aging

ories of senescence is that programmed theories

Claim that senes-
cence follows a pre-
determined plan

["Attribute senescence only to en-
vironmental factors", " Are far too
difficulty to test", "Rely too heav-
ily on computer models"]

["Claim that senescence occurs
due to random damage", "Pro-
pose that senescence results
from the failure of cellular re-
pair mechanisms", "Suggest that
senescence is caused by an accu-
mulation of genetic mutations"]

Table 41: A sample distractors generated by D-GEN (human_aging)

Question Subject

Choices Answer

D-Gen-distractors

Staphylococcus aureus is...

human_sexuality

...a bacterium asso-
ciated with Toxic
Shock Syndrome

["...a hormone released during
menstruation", "...the term for
the follicle after it has ruptured”,
"...the term for the mass of cells
in the corpus luteum"]

["...a bacterium associated with
food poisoning”, "...an amoeba
that causes malaria", "...a virus
that causes influenza"]

Table 42: A sample distractors generated by D-GEN (human_sexuality)
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Question

Subject

Choices

Answer

D-Gen-distractors

What is the meaning of functional recognition?

international_law

["Recognition is a function as op-
posed to a power", "Recognition
is reciprocal between two States",
"Recognition is only afforded to
the government, not the State"]

Recognition is only
afforded to partic-
ular administrative
acts not to the en-
tity"s declared state-

["Recognition is afforded to
an entity by another sovereign
state”, "An entity is recognized
as having sovereignty over its ter-
ritory", "A sovereign state recog-

hood

nizes that another entity has the
right to govern itself"]

Table 43: A sample distractors generated by D-GEN (international_law)

Question

Subject

Choices

Answer

D-Gen-distractors

Which description below most accurately cap- jurisprudence

tures the distinction between Gemeinschaft

and Gesellschaft?

["Gemeinschaft is democratic
Gesellschaft, autocratic.",
"Gemeinschaft exists in civil
society, Gesellschaft in civic soci-
ety.", "Gemeinschaft refers to an
open government, Gesellschaft
to a lack of transparency."]

Gemeinschaft is a so-
ciety based on commu-
nity, Gesellschaft one
based on association

["Gemeinschaft is a society based on
association, Gesellschaft one based
on community", "Gemeinschaft is
a society based on individualism,
Gesellschaft one based on collec-
tivism", "Gemeinschaft is a society
based on equality, Gesellschaft one
based on inequality"]

Table 44: A sample distractors generated by D-GEN (jurisprudence)

Question

Subject Choices

Answer

D-Gen-distractors

Tan ah Tiat, forty-nine years old, a native of Kuala Lumpar,
Malaysia, was charged with possession of opium. Arguing for
acquittal, he told the judge that his opium habit did no harm, as he
was too old to work anyway. Asked how he lived, he replied that

he lived on the earnings of his grandmother.

logical_fallacies
"Appeal to Authority"]

["Straw Man", "False Dilemma",

Inconsistency

["Irony", "Ambiguity", "Lack of
evidence"]

Table 45: A sample distractors generated by D-GEN (logical_fallacies)

Question

Subject

Choices

Answer

D-Gen-distractors

Which of the following is/are true regarding
an SVM?

machine_learning

["In theory, a Gaussian kernel SVM can-
not model any complex separating hyper-
plane.", "For every kernel function used in
a SVM, one can obtain an equivalent closed
form basis expansion.", "Overfitting in an
SVM is not a function of number of sup-
port vectors."]

For two dimen-
sional data points,
the separating
hyperplane learnt
by a linear SVM
will be a straight
line.

["For two dimensional data points, the sep-
arating hyperplane learnt by a non-linear
SVM will be a straight line.", "A linear
SVM learns only one type of hyperplane -
the one that maximizes the margin between
classes.", "An SVM does not learn any
kind of hyperplane if there are no classes
present."]

Table 46:

A sample distractors generated by D-GEN (machine_learning)

Question

Subject

Choices

Answer

D-Gen-distractors

Which one is not an element in the primary
activities of a value chain?

management

["Inbound logistics", "Outbound logistics",
"Service"]

Procurement

["Technology development", "Human re-
source management", "Marketing & sales"]

Table 47: A sample distractors generated by D-GEN (management)

Question

Subject

Choices

Answer

D-Gen-distractors

Which of the following statements is correct?

marketing

["Marketing is the term used to refer only
to the sales function within a firm.", "Mar-
keting managers don"t usually get involved
in production or distribution decisions.",
"Marketing is an activity that considers
only the needs of the organization; not the
needs of society as a whole."]

Marketing is the ac-
tivity, set of in-
stitutions, and pro-
cesses for creating,
communicating, de-
livering, and ex-
changing offerings
that have value for
customers, clients,
partners, and soci-
ety at large.

["Marketing is the activity, set of institu-
tions, and processes for creating, commu-
nicating, delivering, and exchanging offer-
ings that have value for customers only.",
"Marketing is the activity, set of institu-
tions, and processes for creating, commu-
nicating, delivering, and exchanging offer-
ings that have value for customers, clients,
partners, and society at small.", "Marketing
is the activity, set of institutions, and pro-
cesses for creating, communicating, deliv-
ering, and exchanging offerings that have
value for customers, clients, partners, and
society at medium."]

Table 48: A sample distractors generated by D-GEN (marketing)

Question

Subject Choices

Answer

D-Gen-distractors

The common mutation in a-thalassaemia consists of:

medical_genetics
"a point mutation."]

["a duplication.", "an insertion.",

a deletion.

["a duplication.", "a frameshift
mutation.”, "a nonsense muta-

tion."]

Table 49: A sample distractors generated by D-GEN (medical_genetics)
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Question Subject Choices Answer D-Gen-distractors
Who kills Tony at the end of the film "West Side Story"? miscellaneous ["Riff", "Bernardo", "He kills Chino ["Bernardo", "Riff", "Doc"]
himself"]

Table 50: A sample distractors generated by D-GEN (miscellaneous)

Question

Subject Choices Answer

D-Gen-distractors

Which of the following is a kind of consequentialist theory that
explains right action in terms of the net balance of pleasure (or

lack of pain) produced by that action?

moral_disputes ["perfectionist ~ consequential-
ism", "rule consequentialism",
"By definition, consequentialist

theories do not mention pain."]

anism

hedonistic utilitari-

["rule utilitarianism", "deonto-

logical ethics", "virtue ethics"]

Table 51: A sample distractors generated by D-GEN (moral_disputes)

Question

Subject Choices Answer

D-Gen-distractors

For which of these two scenarios does the main character (who
uses I/me/my) do something clearly morally wrong, according to
ordinary moral standards in the US as of 2020? Scenario 1 | I stole
the audio equipment at the talent show. Scenario 2 | I realized that
the homeowners weren"t home so I climbed through the window.

moral_scenarios ["Wrong, Not wrong", "Not
wrong, Wrong", "Not wrong, Not

wrong"]

‘Wrong, Wrong

["Wrong, Right",
Wrong", "Right, Right"]

"Right,

Table 52: A sample distractors generated by D-GEN (moral_scenarios)

Question

Subject Choices Answer

D-Gen-distractors

On an average daily basis, the gross energy intake of a healthy
woman is 9279 kJ, the energy content of her faeces and urine
are 647 kJ and 318 kJ, respectively. Her average daily digestible

nutrition

kJ and 9279+647 kJ"]

energy intake and metabolisable energy intake would be, respec-

["647 kJ and 318 kJ", "9279-318  9279-647 kI and
kJ and 9279-647 kJ", "9279+318  9279-(647+318) kJ

["9279-647 kJ and 9279-318
kJ", "9279-318 kJ and 9279-
(647+318) kJ", "9279-647 kJ and
9279-647 kJ"]

tively,:
Table 53: A sample distractors generated by D-GEN (nutrition)
Question Subject Choices Answer D-Gen-distractors
‘What are some of the frequent frustrations in  philosophy ["Writers differ over what is ethically All of the above. ["Frequent frustration is that there is no

writing or reading about research ethics?

acceptable.”, "The same debates are re-
hearsed over decades.", "Cases of ethical
violation tend to be linked with certain re-
search methods."]

clear-cut answer.", "Frequent frustration is
that the answers are not simple or straight-
forward.", "Frequent frustration is that the
answers change over time."]

Table 54: A sample distractors generated by D-GEN (philosophy)

Question Subject

Choices Answer

D-Gen-distractors

What evidence is there that Neandertals
were hunters?

prehistory

Animal bones were found
showing stone tool cut
marks and no animal teeth
marks.

["Neandertal canine teeth showed that
they relied only on meat for their subsis-
tence.", "Bones of large animals, such
as elephant and horse, were found in
caves.", "Both A and C."]

["Animal bones were found showing
stone tool cut marks and animal teeth
marks.", "Stone tools were found near
animal bones showing no signs of cuts or
scratches.", "Animal bones were found
showing no signs of cuts or scratches."]

Table 55: A sample distractors generated by D-GEN (prehistory)
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Question Subject Choices Answer D-Gen-distractors

Two men held-up a liquor store in a city. During the professional_law ["granted, because the prosecutor denied, because the ["denied, because the delay
robbery, one of the participants shot and killed the owner is constitutionally required to press delay was not ex- was not excessive", "granted,
of the store. [text omitted for brevity] He would have charges, if at all, within a reasonable cessive and was for because the delay was exces-
testified that the defendant did not participate in the rob- time after probable cause is estab- a permissible pur- sive", "granted, because the
bery. The defendant"s motion to dismiss the indictment lished.", "granted, because the delay pose. delay was for an impermissi-
because of the delay between the date of the crime and in prosecuting the defendant actually ble purpose"]

the date of the indictment will most probably be prejudiced him.", "denied, because

pre-indictment delay does not vio-

late the Constitution, as long as it

does not exceed an applicable statute

of limitations."]

Table 57: A sample distractors generated by D-GEN (professional_law)

Question Subject Choices Answer D-Gen-distractors

A 35-year-old woman comes to the office because of a 3-day professional_medicine
history of severe right back pain. She has not had any fever, chills,
or weight loss. She has no history of major medical illness. [text
omitted for brevity] The patient asks the physician to order the
MRI indicating that she has neurologic findings. Which of the
following is the most appropriate initial action by the physician?

["Advise the patient to change Explain that the pa- ["Explain that the patient needs
insurance companies as soon as tient does not need the MRI and write a letter to the
she is able so that she can re- the MRI and thatit insurance company explaining
ceive more comprehensive med- is not appropriate to  the situation", "Order the MRI
ical care”, "Immediately inform  misrepresent her ex- and indicate in the chart that the
the patient"s insurance company amination findings  patient has neurologic findings",

about what the patient has asked
the physician to do", "Order the
MRI as the patient requests"]

"Tell the patient that you cannot
help her and refer her to another
physician"]

Table 58: A sample distractors generated by D-GEN (professional_medicine)

Question Subject Choices Answer D-Gen-distractors

Three types of prevention have been identified in  professional_psychology ["deal with problems before they reduce the severity ["reduce the number of prob-
community mental health. Secondary prevention occur", "prevent relapses of prob- of problems lems", "prevent problems from
attempts to lems", "prevent community dis- occurring", "increase the number

integration"] of problems"]

Table 59: A sample distractors generated by D-GEN (professional_psychology)

Question Subject Choices Answer D-Gen-distractors

A(n) campaign is a paid form of impersonal communication, ~public_relations ["public persuasive”, "public re- advertising ["public relations”,"sales promo-
concerned with selling specific products, services, brands, images, lations", "consumerism"] tion", "personal selling"]

and lifestyles to the public.

Table 60: A sample distractors generated by D-GEN (public_relations)

Question Subject Choices Answer D-Gen-distractors

How are US "military moms" im-  security_studies ["Mothers are not passive objects but the All of these.
portant to a critical reading of se- specific target of military recruiters who
curity? rely on their active engagement to fuel re-

cruitment.", "Examining the role of "mili-

tary moms" reveals the extent of gendered

strategizing that is required to raise and sus-

tain a military force.", "Mothers are indis-

pensable to the exercise of military power

but often overlooked in traditional security

analyses."]

["They embody the nation.",
"Their bodies are used to justify
war.", "Their bodies are used to
define peace."]

Table 61: A sample distractors generated by D-GEN (security_studies)

Question Subject Choices Answer D-Gen-distractors

In the 1990 reform of the National Health Service, sociology
hospitals became:

["state-controlled providers, dependent on  self-governing ["self-governing trusts compet-
funding from the central government”, "in- trusts competing ing for purchasing contracts from
creasingly detached from health authorities ~ for purchasing  general practitioners", "indepen-
and providers of private health care", "less contracts from dent businesses free to set their
inclined to run themselves efficiently, as health authorities own prices","state-owned institu-
demand for health care was falling"] tions under the direct control of

the Department of Health"]

Table 62: A sample distractors generated by D-GEN (sociology)

Question Subject Choices Answer D-Gen-distractors

Globally, the most deaths are caused by: virology ["Respiratory infections", Diarrheal diseases  ["Cardiovascular disease",
"Malaria", "Tuberculosis"] "Chronic obstructive pulmonary

disease", "Stroke"]

Table 63: A sample distractors generated by D-GEN (virology)
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D Ranking Alignment
D.1 Models Citation

Table 64 lists the models and their corresponding
reference URLs used in the experiment described
in Section 4.

D.2 Rank Correlations with p-values

Table 65 presents the exact p-values for Spearman’s
rank correlation (SpearmanR) and Kendall’s tau
(KendallTau). Most of these p-values exceed 0.05,
indicating that there is no significant difference in
entropy between MMLU and MMLU-DGEN.

D.3 Statistical Acceptability in Tight
Performance Margins

For the few ranking swaps observed between the
MMLU Original and MMLU-DGEN, we note that
these swaps are rare and the overall rankings re-
main highly aligned. Furthermore, even in cases
where ranking swaps occur, they can be attributed
to the extremely narrow performance margins be-
tween models. When accounting for the accuracy +
stderr ranges, these ranking differences fall within
statistically acceptable bounds. For example, mod-
els with rank differences as large as 7 (e.g., Llama-
3.2-3B-Instruct_Oshot) still exhibit overlapping per-
formance ranges, emphasizing that such swaps do
not reflect substantial differences in model perfor-
mance but rather statistical uncertainty inherent in
the evaluation process. In Table 66, we organize
cases where rank differences coincide with over-
lapping standard error ranges.

E Entropy Analysis

Figure 8 shows the detailed process of entropy cal-
culation for answer choices.

Table 67 shows the average entropy values and
p-values from Wilcoxon Signed-Rank Test for
Domain-wise Entropy Differences.

F Task Applicability

F.1 Dataset

We use the FLAN collection dataset for task appli-
cability experiment. Table 68 provides the selected
tasks and source datasets.

F.2 Distractor Generation

Figure 9 shows the prompt used for generating
distractors for various tasks. While the overall
format and instructions remain consistent across

seven different tasks, the few-shot demonstrations
vary depending on the task. All demonstrations are
from the validation set of the FLAN collection.

Table 70 are the examples of the distractors gen-
erated by D-GEN. We report both low and high
quality distractors.

F.3 Human Evaluation
F.4 Screenshot

We conduct human evaluation in addition to LLM-
based evaluation. Figure 10 is the screenshot of the
user interface used for human evaluation.

F.5 Results in Detail

Table 71 provides the detailed scores of each source
dataset evaluated by human annotators.

F.6 LLM-based Evaluation

F.6.1 Evaluation Prompt

We attempted LLLM-based evaluation for the study
using GPT-4o as the judge LLM. Figure 11 is the
prompt used to evaluate the fluency, coherence,
and distracting ability of the distractors generated
by D-GEN. The incorrectness metric is evaluated
separately using the prompt in Figure 12. This
was because when initially evaluated together with
other metrics, GPT occasionally incorrectly low-
ered the score for a distractor simply because it
was incorrect—contrary to our intended evaluation
criteria.

F.6.2 Errors of GPT Evaluation

Table 72 presents examples of errors made by GPT-
40 when evaluating distractors. We observed occa-
sional false negatives, GPT incorrectly deducting
points for distractors being incorrect, even though
they were intentionally designed to be incorrect.
We believe this problem stems from GPT’s ten-
dency to penalize incorrect answers. Among 700
instances, 123 received scores of 1 or 2 by GPT.
Among these, 32 instances (26.02%) were penal-
ized specifically for incorrectness, highlighting the
unreliability of LLM-based evaluation (See Table
73 for GPT’s explanations for assigning low scores).
Attempts to resolve it—separating the incorrectness
evaluation, prompt tuning, or using an advanced ol
model—were unsuccessful, so we ultimately relied
on human evaluation.
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Model Reference URL

gpt-neo-1.3B https://huggingface.co/EleutherAIl/gpt-neo-1.3B
gpt-neo-2.7B https://huggingface.co/EleutherAl/gpt-neo-2.7B
gemma-2-2b https://huggingface.co/google/gemma-2-2b

gemma-2-2b-it https://huggingface.co/google/gemma-2-2b-it

Llama-3.2-3B https://huggingface.co/meta-1lama/Llama-3.2-3B
Llama-3.2-3B-Instruct https://huggingface.co/meta-1lama/Llama-3.2-3B-Instruct
vicuna-7b-v1.5 https://huggingface.co/lmsys/vicuna-7b-v1.5

Qwen2.5-7B https://huggingface.co/Qwen/Qwen2.5-78B
Qwen2.5-7B-Instruct https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
Mistral-7B-v0.3 https://huggingface.co/mistralai/Mistral-7B-ve.3
Mistral-7B-Instruct-v0.3 https://huggingface.co/mistralai/Mistral-7B-Instruct-vo.3
Ministral-8B-Instruct-2410  https://huggingface.co/mistralai/Ministral-8B-Instruct-2410
Llama-3.1-8B https://huggingface.co/meta-1lama/Llama-3.1-8B
Llama-3.1-8B-Instruct https://huggingface.co/meta-1lama/Llama-3.1-8B-Instruct
gemma-2-9b https://huggingface.co/google/gemma-2-9b

gemma-2-9b-it https://huggingface.co/google/gemma-2-9b-it
vicuna-13b-v1.5 https://huggingface.co/lmsys/vicuna-13b-v1.5
Qwen2.5-14B https://huggingface.co/Qwen/Qwen2.5-14B
Qwen2.5-14B-Instruct https://huggingface.co/Qwen/Qwen2.5-14B-Instruct
gemma-2-27b https://huggingface.co/google/gemma-2-27b

gemma-2-27b-it https://huggingface.co/google/gemma-2-27b-it

Table 64: List of Models and Reference URLs

Category SpearmanR  SpearmanP KendallTau  KendallP
Humanities 0.9778 9.1015e-29 0.8862 1.3517e-16
Social Sciences 0.9889 8.9376e-35 0.9227 7.6056e-18
STEM 0.9883 2.7756e-34 0.9297 4.3053e-18
Others 0.9901 9.5817e-36 0.9261 6.2205¢e-18
Overall 0.9918 2.4495e-37 0.9413 1.6523e-18

Table 65: Spearman and Kendall Rank Correlations Across Categories

Entropy Calculation Process
Q: What is the capital of Korea?
Options A: Seoul B: Paris C: Madrid D: Rome

Step 1: Model Outputs Logits for Answer Choices

Logitsz= 2,-82 z5=212z,=1.8 zp=1.3

Step 2: Apply Softmax
p = py=0.95,pg =0.02, pc =0.02, pp =0.01

p

Step 3: Calculate Entropy
H(p) = — (0.95 x10g(0.95) + 0.02 x10g(0.02) + ...)

\ Entropy : 0.30

Figure 8: Entropy Calculation Process
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https://huggingface.co/EleutherAI/gpt-neo-1.3B
https://huggingface.co/EleutherAI/gpt-neo-2.7B
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https://huggingface.co/google/gemma-2-2b-it
https://huggingface.co/meta-llama/Llama-3.2-3B
https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
https://huggingface.co/lmsys/vicuna-7b-v1.5
https://huggingface.co/Qwen/Qwen2.5-7B
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/mistralai/Mistral-7B-v0.3
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
https://huggingface.co/mistralai/Ministral-8B-Instruct-2410
https://huggingface.co/meta-llama/Llama-3.1-8B
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://huggingface.co/google/gemma-2-9b
https://huggingface.co/google/gemma-2-9b-it
https://huggingface.co/lmsys/vicuna-13b-v1.5
https://huggingface.co/Qwen/Qwen2.5-14B
https://huggingface.co/Qwen/Qwen2.5-14B-Instruct
https://huggingface.co/google/gemma-2-27b
https://huggingface.co/google/gemma-2-27b-it

Model

MMLU Acc + Stderr DGEN Acc + Stderr MMLU Rank DGEN Rank Rank Diff

meta-llama/LLlama-3.2-3B-Instruct (0 shot)
google/gemma-2-2b-it (5 shot)
google/gemma-2-2b-it (0 shot)
Imsys/vicuna-13b-v1.5 (0 shot)
EleutherAl/gpt-neo-1.3B (0 shot)

0.5011 £ 0.0086
0.5027 £ 0.0068
0.4875 £ 0.0086
0.4424 £ 0.0086
0.2391 £ 0.0077

0.4995 £ 0.0087
0.5037 £ 0.0072
0.4722 £ 0.0087
0.4440 £ 0.0087
0.2259 £ 0.0075

27
33
30
35
42

20
28
25
31
39

7

W A W

Min Rank Difference: 1
Max Rank Difference: 7 (Llama-3.2-3B-Instruct (0 shot))

Table 66: Examples of Rank Differences with Overlapping Accuracy Ranges

Llama-3.3-70B-Instruct | Qwen-2.5-72B-Instruct | Mixtral-8x7B-Instruct-v0.1

Domain ‘

| MMLU MMLU-DGEN p-value | MMLU MMLU-DGEN p-value | MMLU MMLU-DGEN p-value
Humanities 0.878 0.907 0.0803 | 0.507 0.528 0.1361 | 1.060 1.058 0.9460
Others 0.849 0.857 0.2439 | 0.553 0.568 0.1677 | 1.079 1.087 0.2439
STEM 0.849 0.862 0.2935 | 0.572 0.586 0.0874 | 1.087 1.095 0.4180
Social Sciences | 0.812 0.836 0.0342 | 0.522 0.529 0.3804 | 1.059 1.084 0.0923

Table 67: Detailed p-values from Wilcoxon Signed-Rank Test for Domain-wise Entropy Differences

Task \ Source Dataset (Subtask)

OBQA (Mihaylov et al., 2018b)
DROP (Dua et al., 2019)
SQuAD (Rajpurkar et al., 2016, 2018)

HellaSwag (Zellers et al., 2019b)
StoryCloze (Mostafazadeh et al., 2016)
PiQA (Bisk et al., 2019)

CoPA (Gordon et al., 2012)

CosmosQA (Huang et al., 2019)
ReCoRD (Zhang et al., 2018)

WMT-16 EN/CS (Bojar et al., 2016)
WMT-16 EN/DE

WMT-16 EN/FI

WMT-16 EN/RU

WMT-16 EN/TR

AESLC (Zhang and Tetreault, 2019)

AG News (Zhang et al., 2015)

CNN-DM (Nallapati et al., 2016; Hermann et al., 2015)
Wiki Lingua EN (Faisal Ladhak and McKeown, 2020)
Multi-News (Fabbri et al., 2019)

Gigaword (Napoles et al., 2012)

CommonGen (Lin et al., 2020)

DART (Nan et al., 2021)

E2ENLG (Puzikov and Gurevych, 2018)
WebNLG (Gardent et al., 2017)

\ MATH (Hendrycks et al., 2021b)

Reading Comprehension

Commonsense Reasoning

Reading Comp. w/ Commonsense

Translation

Summarization

Struct to Text

Math

Table 68: Tasks and corresponding source datasets selected from the FLAN collection
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messages = [
{
"role": "system”,
"content”:
"Your task is to generate *xplausible but clearly incorrect distractors*x for the given question. "
"Distractors must challenge the user's comprehension by being semantically related to the question, but they must be clearly wrong. "
"Distractors must not paraphrase the correct answer and must avoid redundancy. "
"You will be provided with examples to guide your response. "
"Provide a single list with three distinct distractors.”
),
{
"role": "user”,
"content”:
"Example Question 1: The Greco-Turkish War of 1919-1922 was fought between Greece and the Turkish National Movement during the partitioning
of the Ottoman Empire after World War I between May 1919 and October 1922. It is known as the Western Front of the Turkish War of Independence
in Turkey and the Asia Minor Campaign or the Asia Minor Catastrophe in Greece. The Greek campaign was launched primarily because the western
Allies, particularly British Prime Minister David Lloyd George, had promised Greece territorial gains at the expense of the Ottoman Empire,
recently defeated in World War I. The armed conflict started when the Greek forces landed in Smyrna , on 15 May 1919. They advanced inland and
took control of the western and northwestern part of Anatolia, including the cities of Manisa, Balikesir, Aydin, Kitahya, Bursa and Eskisehir.
Their advance was checked at the Battle of Sakarya in 1921 by forces of the Turkish national movement. The Greek front collapsed with the Turkish
counter-attack in August 1922, and the war effectively ended with the recapture of Smyrna by the Turkish forces and the Great Fire of Smyrna.
As a result, the Greek government accepted the demands of the Turkish national movement and returned to its pre-war borders, thus leaving East
Thrace and Western Anatolia to Turkey. The Allies abandoned the Treaty of Sévres to negotiate a new treaty at Lausanne with the Turkish National
Movement. The Treaty of Lausanne recognized the independence of the Republic of Turkey and its sovereignty over Asia Minor, Constantinople, and
Eastern Thrace. Greek and Turkish governments agreed to engage in a population exchange.
Ask a question about this article.”
"Example Correct Answer 1: What was the reason for armed conflict in the Greco-Turkish War?”
"Example Distractors 1: ['When did the Treaty of Sévres establish the Republic of Turkey?', 'Who initiated the population exchange between
Greece and Turkey before the war?', 'What role did the Ottoman Empire play in the recapture of Smyrna?']"
"Example Question 2: Noether's theorem (1918) states that any differentiable symmetry of the action of a physical system has a corresponding
conservation law. Noether's theorem has become a fundamental tool of modern theoretical physics and the calculus of variations.
A generalisation of the seminal formulations on constants of motion in Lagrangian and Hamiltonian mechanics (1788 and 1833, respectively),
it does not apply to systems that cannot be modeled with a Lagrangian; for example, dissipative systems with continuous symmetries need not
have a corresponding conservation law. Try to answer this question if possible (otherwise reply 'unanswerable'):
When was Noether's theorem destroyed?”
"Example Correct Answer 2: unanswerable”
"Example Distractors 2: ['1918', '1788', '1833']"
"Example Question 3: Many aspects of Roman culture were borrowed from the Greeks. In architecture and sculpture, the difference between Greek
models and Roman paintings are apparent. The chief Roman contributions to architecture were the arch and the dome. Rome has also had a tremendous
impact on European cultures following it. Its significance is perhaps best reflected in its endurance and influence, as is seen in the longevity
and lasting importance of works of Virgil and Ovid. Latin, the Republic's primary language, remains used for liturgical purposes by the Roman
Catholic Church, and up to the 19th century was used extensively in scholarly writings in, for example, science and mathematics. Roman law laid
the foundations for the laws of many European countries and their colonies.
Try to answer this question if possible (otherwise reply 'unanswerable’):
What language was commonly used in scholarly mathematical writings prior to the 19th century?”
"Example Correct Answer 3: latin”
"Example Distractors 3: ['greek', 'unanswerable', 'roman']"
"Rules for Distractors:"
"1. Distractors must not simply paraphrase the correct answer.”
"2. Distractors must be plausible but wrong."
"3. Avoid redundancy in distractors.”
"4. If the correct answer is ambiguous, the distractors must be more definitively incorrect.”
f"Question: {question}”
f"Correct Answer: {answer}"
"Provide a single list containing distinct, plausible, but clearly incorrect distractors without any additional explanation."”
)
]

Figure 9: Prompt used to generate distractors for reading comprehension questions. Demonstrations vary depending
on the task.
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Task Source Question Correct Answer D-GEN Distractors Flu Coh Dis Inc

Data

CommonGen Generate a sentence that includes all the following The robber pointed the gun "The robber pointed the gun at the head of 5 5 5 1

SOT words: gun, head, point at the head of the bank man- the bank manager, who was not afraid.", "The
ager. bank manager placed his head in front of the
gun", "He put the gun on top of his head."

E2ENLG Write a sentence that about [PTC / NE17 OPEN- Punggol, station code PTC / "Punggol, station code PTC / NE17, closed 5 5 5 5
ING 29 January 2005; PTC / NEI7 STA- NE17, started operation on down its operations on 29 January 2005.",
TION_NAME_ENGLISH Punggol]. 29 January 2005. "The new train line opened on 29 January

2005, but Punggol station does not have the
code PTC / NE17.", "On 29 January 2005,
Punggol station changed its station code from
PTC/NEI6 to PTC/NE17."

E2ENLG Data: name = The Eagle, eatType = coffee shop, The Eagle is a Chinese cof- "The Eagle is a moderately-priced coffee shop 5 5 4 5
food = Chinese, priceRange = high, customer rating fee shop near Burger King near Burger King in Riverside, with a below-
= average, area = riverside, near = Burger King. in Riverside. It is high average rating.", "The Eagle is a highly-rated
Can you generate a sentence about this data? priced with an average rat- coffee shop near Burger King in Riverside,

ing. offering low-cost American dishes.", "The Ea-
gle is a moderately-priced American coffee
shop near Burger King in Riverside, with a
below-average rating."

WebNLG Here is some data: 11 Diagonal Street, location, 11 Diagonal Street is lo- "South Africa has a leader named Jacob Zuma 5 5 5 5
South Africa; South Africa, leader, Jacob Zuma; cated in South Africa, a who lives on Diagonal Street.", "Coloureds
South Africa, ethnicGroup, Coloured. country in which coloureds live on Diagonal Street in South Africa, a na-

Write a sentence that describes this data are one of the ethnic groups tion led by Nelson Mandela.", "Jacob Zuma is
and Jacob Zuma is the the mayor of Johannesburg, a city on Diagonal
leader. Street in South Africa."
Math MATH Write down the solution for this math problem: 45 "32", 42", 50" 5 5 5 5
Solve -84 = 16*] - 258 - 326 - 220 for 1.
OBQA Use this fact to answer the question: live birth means a calf emerging from a "a chicken hatching from an egg", "a kanga- 5 4 5 5
RC developing inside the mother instead of an egg. mother giraffe roo hopping out of its pouch”, "a butterfly
Live birth is exemplified in emerging from a cocoon”

OBQA Generate a sentence that contains a fact. a prism refracts light "light bends through a lens", "refraction oc- 5 5 5 1

curs with sound waves", "mirrors reflect light”

SQuAD Black Death: It is recognised that an epidemiologi- the lack of reliable statistics "the failure of the Domesday Book", "the lack 5 5 4 4
cal account of the plague is as important as an identi- from this period of information about the clergy", "the unrelia-
fication of symptoms, but researchers are hampered bility of the census”
by the lack of reliable statistics from this period...

Estimates of plague victims are usually extrapolated
from figures from the clergy.

Please answer a question about this article. If the
question is unanswerable, say "unanswerable". Why
are researchers struggling to identify the history of
the plague?

RC+CS CosmosQA  Apparently the power supply or some such shyte is What would not having "How can I fix the problem with the power 5 5 5 2
out on our computer. It just stopped working, so power to my computer supply?", "Why do I need to work on my
not much net access right now. I’ve been over at my cause problems with ? homework at my moms house?", "Is my mom
mom’s almost nightly working on my homework. helping me with my homework?"

Generate a question about the above context.

ReCoRD How does this story end? Democratic underscore how "Democratic elites remain popular among 5 5 5 5
(CNN) Many observers may scratch their heads won- tone deaf the party elites Americans.", "Many people believe that
dering how a crass billionaire can make inroads with have become. Democratic  policies benefit everyone
working-class voters, but their confusion misses a equally.”, "The Democratic party is poised to
critical point... Today’s rejoinders to criticism of win the upcoming election."
these policies from many establishment

AESLC "It’s good to hear from you even though you wrote Huh? "Hello From College", "The Wrong Nephew", 5 5 5 1
to the wrong nephew. How’s everything going in the "Thanks For Writing"

Sum big H. School is going pretty well, my cla are
going pretty well except one that really sucks bad.
Tell everyone I said Hello. I look forward to seeing
everyone at Thanksgiving, I'll relay the message
to Brad. Brandon. Propose a subject line for this
email?"

AG News ‘Which is this about? World "Sports", "Business", "Entertainment" 5 5 5 5
AP - President Bush is striking twin themes for a
second term, vowing to fight hard for his political
agenda while reaching across the aisle to Democrats.

CNN- (CNN)It was a typical practice day for the Washing- Rowing team at Washing- "Rowing team at Washington University res- 5 5 5 5

DM ton University of rowing team, but then danger came ton University attacked by cued after falling into lake.", "Washington
from beneath... Write highlights for this article. flying carp. Member of the University rowing team catches rare species

team caught the attack on of fish.", "Asian carp attack causes injuries
video. among Washington University rowing team."

Gigaword torino striker david di michele will be allowed to torino  striker david di "torino striker david di michele banned for 5 5 5 5
play friendly matches despite being banned for three michele allowed to play life due to betting scandal”, "david di michele
months for illegal betting. friendlies despite ban cleared of all charges related to match-fixing",

Summarize the aforementioned text in a single "italian football association lifts suspension of
phrase. torino player"

Multi- — George W. Bush made a rare public appearance Former President George W. "Barack Obama is the forty-fourth president 5 2 2 5

News today—next to Barack Obama, no less... Expand Bush had his official presi- of the United States.", "Bill Clinton is the
this summary. dential portrait unveiled at forty-second president of the United States.",

a special ceremony at the "George W. Bush was the forty-third president
White House today. It’s of the United States."

fairly standard issue: Bush

stands in the Oval Office...

Wiki Lin- Article: All toddlers benefit from having regular Incorporate exercise into "Develop a strict exercise schedule for your 5 5 4 5

gua EN routines. Set aside 1 or more specific times every your daily play routine. toddler.", "Use outdoor play to teach your

day when you and your toddler engage in active play
together...
What i

summary of what this article is about?

Dance with your toddler.
Play games that incorporate
physical activity. Let your
toddler play outside. Praise
your toddler when they ex-
ercise.

child discipline.", "Focus solely on structured
exercises for your toddler."
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(Continued from previous page)

Source
Data

Question

Correct Answer

D-GEN Distractors

WMT16
EN/DE

WMT16
EN/DE

WMT16
EN/DE

‘Write a sentence not in English.

"Der Titer verfolgte die Gruppe mit einem Pkw
bis zu deren Wohnung und fuhr dort demonstrativ
mehrfach vorbei.

‘Which language is this?"

Unter Fliichtlingskindern etwa gebe es deutlich
mehr unbehandelte Behinderungen, und bei den Ju-
gendlichen gehe es um HIV-Aufkléirung.

Translate this to English.

Eine Downing-Street-
Sprecherin sagte, dass der
Text wahrscheinlich von
Camerons Wahlkreisbiiro
gekommen sei.

German

Refugee children for ex-
ample clearly suffer from
more untreated disabilities,
and with young people it is
more a case of information
about HIV.

"Eine Downing-Street-Sprecherin sagte, dass
der Text wahrscheinlich von Camerons
‘Wahlkampfbiiro gekommen sei.", "Eine
Downing-Street-Sprecherin sagte, dass der
Text wahrscheinlich von Camerons Biiro
gekommen sei.", "Eine Downing-Street-
Sprecherin sagte, dass der Text wahrschein-
lich von Camerons Biirostuhl gekommen sei."
"French", "Italian", "Spanish"

"Refugee children have fewer untreated dis-
abilities compared to others, while youths
need more education on HIV.", "HIV aware-
ness among youth has led to a decrease in dis-
abilities among refugee children.", "Untreated
disabilities among refugees are a result of in-
adequate HIV education."

HellaSwag

StoryCloze

PiQA

CoPA

"This is a test of commonsense. Complete the next
sentence:

The guy seems to be practicing how high he can
jump by jumping over the pole many times, each
time a person raises the pole higher and higher to
see if the guy can jump over it. One jump the guy
knocked the pole down when he tried to hump over
it. the guy "

"Write the next sentence in this story.

Theo played his drums everyday for the last three
years. He had been feeling like he needed to take
it to the next level. He decided that finding a band
to join was his best option. After looking online
around he finally heard of a good choice. "

"Here is a goal: knives

How would you accomplish this goal? "

"Here is a premise:The man dressed in his best suit.
What is the cause? "

knock the pole down six
time out of all his jumps.

Theo set up an audition.

can reflect light from the
sun

He scheduled a meeting
with an important client.

"was able to jump over the pole every time.",
"tried to run away from the pole after knock-

ing it down.", "never jumped over the pole."

"Theo started calling different bands every
day.", "He thought about joining a choir in-
stead.", "He decided to go back to playing the
piano."”

"can help cut food", "are made of metal",
"have sharp edges"

"He was going to the grocery store.", "His
wife told him he had to wear it.", "It was re-
quired to go outside."
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Current Question: 1/700

Human Evaluation

Question: The bowling ball knocked over the bowling pins.
What is the cause of the preceding sentence?
Answer: The man rolled the bowling ball down the alley.

Distractors:

['A man placed the bowling ball on top of the pins., 'The man threw the ball into the air, which then landed

on the pins., 'The pins fell over when the ball was placed beside them.']

Fluency (1:poor ~ 5:excellent)

1

Coherence (1:poor ~ 5:excellent)

1

Distracting Ability

1

Incorrectness

1

Next

Figure 10: A user interface for human evaluation, where evaluators rate distractors generated by D-GEN based on
fluency, coherence, distracting ability, and incorrectness.

Task Source Dataset  Fluency Coherence Distract Incorrect
OBQA 5.00 4.70 4.58 4.58
Reading Comp. DROP 4.94 4.15 4.09 5.00
SQuAD 5.00 4.79 4.61 4.85
HellaSwag 4.88 3.88 3.44 4.24
Commonsense StoryCloze 5.00 4.56 4.32 3.68
PiQA 5.00 4.44 4.04 4.08
CoPA 5.00 4.64 4.44 3.04
CosmosQA 5.00 4.64 4.58 4.62
RC w/ Commonsense  p.coRD 4.98 4.52 4.00 4.62
WMTI16 EN/CS 4.90 4.35 3.95 4.80
WMT16 EN/DE 5.00 3.85 4.15 4.40
Translation WMT16 EN/FI 4.70 3.60 4.10 4.10
WMT16 EN/RU 5.00 4.35 4.00 4.55
WMTI16 EN/TR 4.95 4.15 3.75 4.70
AESLC 5.00 4.88 4.94 2.38
AG News 5.00 4.94 4.94 4.50
Summarization CNN-DM 5.00 4.06 3.56 4.88
4 Wiki Lingua EN  5.00 3.76 3.53 4.47
Multi-News 4.94 4.56 2.81 4.62
Gigaword 4.832 4.71 4.53 4.00
CommonGen 4.52 4.52 4.44 3.92
Struct to Text DART 5.00 5.00 4.64 4.76
ructto fex E2ENLG 5.00 5.00 4.56 5.00
WebNLG 5.00 4.92 4.92 5.00
Math Problem MATH 5.00 5.00 4.98 5.00

Table 71: Human evaluation scores for selected FLAN collection dataset
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You are an evaluator assessing the quality of generated distractors for a multiple-choice question.
Evaluate the distractors based on the following criteria:

1. *%xFluency*x: Does the distractor follow standard English grammar and make logical sense?

2. *xCoherence**: Is the distractor relevant to the given passage and question?

3. *xDistracting Abilityxx: Would the distractor likely be used in real exam questions to confuse
test-takers?

**xInstructions:xx
- Assign a score from *x1 to 5%x for each criterion.
- *%5: Excellent*x (Fluent, coherent, highly distracting)
- *%4: Goodxx
- *%3: Fairxx
- *%2: Poorxx
- *%1: Bad*x (Not fluent, irrelevant, not distracting)

Provide the scores in the exact format below, without explanations.

**Format: x*

Fluency: [ ]

Coherence: [ ]
Distracting Ability: [ 1]

*xInput Data:xx*

- *x*%Question*x: {question}

- x*%Correct Answer*x: {correct_answer}
- **Distractors**: {distractors}

Some aspects of the generated distractors received a poor rating (1 or 2).
Provide a **very short explanation** (no more than 15 words) explaining the issue.

**xInput:**x

- *xQuestion**: {question}

- xxDistractors*x: {distractors}

- xxLow Score Aspects**: {low_score_categories}

*xFormat (Output only the explanation, no extra text):xx
Explanation: [your short explanation here]

Figure 11: Prompt used for GPT evaluation of the distractors generated by D-GEN on various tasks of questions -
Fluency, Coherence, and Distracting Ability

You are an evaluator measuring how clearly incorrect the provided distractors are
compared to the correct answer. A higher rating means the distractors are
clearly incorrect and cannot be mistaken for the correct answer.

A lower rating means they are too close to the correct answer or confusing.

*xGuideline (Incorrectness rating)x:

- 1: Almost correct or very ambiguous

- 2: Partially incorrect but still possibly confusing

: Moderately incorrect

: Wrong enough that most people won't confuse it with the correct answer
: Definitely incorrect, no chance of confusion

oA w

**VERY IMPORTANT#*:
- Output must be exactly one single line in the following format (no extra text):
Incorrectness rating: [x]

**Input Datax*:

- Question: {question}

- Correct Answer: {correct_answer}
- Distractors: {distractors_str}

Figure 12: Prompt used for GPT evaluation of the distractors generated by D-GEN on various tasks of questions -
Incorrectness

3347



Question

Answer

Distractors

Explanation for
Low scores

Data: Agnes Kant, nationality, Nether-
lands; Netherlands, leader, Mark Rutte;
Socialist Party (Netherlands), colour,
Red; Socialist Party (Netherlands), leader,
Emile Roemer; Agnes Kant, party, Social-
ist Party (Netherlands)

Sentence about the following data:

Agnes Kant is a na-
tional of the Nether-
lands which is led by
Mark Rutte. She is a
member of the Social-
ist Party which uses
the colour red and is
led by Emile Roemer.

‘Agnes Kant is a Dutch
politician who leads the So-
cialist Party of the Nether-
lands.’, ‘Mark Rutte is
the leader of the Socialist
Party, which has the colour
red and Agnes Kant as its
member.’, ‘Emile Roemer
is a member of the Social-
ist Party, which is led by
Agnes Kant and is known
for using blue.’

Distractors contain
incorrect party
leadership and
color information.

What is a random fact?

as lightness in color
of an object increases
, the ability of that
object to reflect light
will increase

‘the ability of an object to
absorb heat decreases as
the color of the object dark-
ens’, ‘as the temperature
of an object increases, the
ability of the object to ab-
sorb light will decrease’,
‘an object can only absorb
light if the color of the ob-
ject is darker than black’

Distractors contain
scientifically incor-
rect or misleading

statements about
color, heat, or
light.

During the 1970s and sometimes later,
Western and pro-Western governments
often supported sometimes fledgling Is-
lamists and Islamist groups that later came
to be seen as dangerous enemies. Is-
lamists were considered by Western gov-
ernments bulwarks against—what were
thought to be at the time—more dan-
gerous leftist/communist/nationalist insur-
gents/opposition, which Islamists were cor-
rectly seen as opposing. The US spent
billions of dollars to aid the mujahideen
Muslim Afghanistan enemies of the So-
viet Union, and non-Afghan veterans of
the war returned home with their prestige,
"experience, ideology, and weapons", and
had considerable impact. If it is possible
to answer this question, answer it for me
(else, reply "unanswerable"): What did the
non-Afghan veterans returning home not
have in addition to their prestige?

unanswerable

‘experience’, ‘ideology’,
‘weapons’

All distractors are
mentioned as pos-
sessions, making
them incorrect an-
Swers.

Table 72: Errors in GPT evaluation : Deduction for Incorrect Distractors
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Flu Coh Dist Inc Explanation

W
~

Distractors should be varied and plausible, but all are numerically close and incorrect.
Distractors incorrectly represent categories; they mix nationalities with specific migrant groups.
All distractors are humid locations; incorrect for contrasting low humidity experiences.
Distractors are unrealistic or incorrect, lacking coherence and plausibility.

Distractors include partial and incorrect addresses, not comparable to the full correct address.
CSNET began operation in 1981, not 1982; distractors are factually incorrect.

Distractors are incorrect; they don’t relate to the 10% Tamil population mentioned.

Distractors inaccurately represent the passage’s context, diminishing their relevance.
Distractors inaccurately suggest actions unrelated to meeting "ex-Chez Pinapple party acolytes."
Distractors contain incorrect details about location, cuisine, or price inconsistent with the data.
Distractors include incorrect countries and dates, harming coherence with provided data.
Distractors provide incorrect information about the memorial’s location, designer, and purpose.
Distractors include incorrect information about family-friendliness, eat type, and price range.
Distractors contain inaccurate information and incorrect context regarding Chinabank’s identity.
The distractors inaccurately describe the number and characteristics of the airport’s runways.
Distractors contain incorrect party leadership and color information.

Last distractor incorrectly states the couple plans for another baby.

"Fianna Fail loses leadership" is incorrect; Cowen gains leadership, not the party losing.
Distractors inaccurately summarize key details about the movie release and threats.

Distractors inaccurately contradict the provided article about Parts Unknown’s final season.
Distractors incorrectly translate as negative, altering the sentence’s meaning.

Distractors inaccurately reflect the number retained, not omitted.

Distractors incorrectly state conditions or outcomes related to grant and denial of bail.
Distractors incorrectly convey buying instead of selling the company.

Distractors incorrectly translate or invert the meaning of "away win."

Distractors inaccurately translated "Hewlett Packard Enterprise” and omitted "enable" context.
Distractors incorrectly imply a celebration rather than special projects being carried out.

[ I N BV BV NV NV BV BV, BV, BV, BV, BV, BV, BNV, BV, BV, R SR BV BV EY BV BV, BV, BV, BV
DN B LW LW A OUPRENDWRERWPREPRNDPEPRDDOUVELW LW O RS~ U0 W
W WA B WDPRWWNLEPRWWNLDDRERREWWRND AR
el S NS S I SO I S T NS T, B S (ST (S B S A Y S VB S SR S SV I S )

Table 73: Errors in GPT evaluation: Incorrectness and even coherence and distracting ability scores are deducted
due to the incorrectness of the distractors.
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