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Abstract

Researchers use LLMs to create wrong answers
(i.e., distractors) for multiple-choice question
answering (MCQA) datasets, but whether LLM
distractors can replace human-guided ones is
unclear. We test this in three strong LLMs and
three MCQA benchmarks under two tasks: dis-
tractor generation from question—answer pairs
and distractor extension from MCQs. We score
MCQs via metrics in education research, show-
ing: 1) LLM distractors have trade-offs in how
well they challenge test-taker models, discern
model ranks, and adhere to writing quality; 2)
LLM distractors rarely match the original MCQA
benchmark items, so benefits are unlikely from
contamination alone; and 3) LLMs struggle to
balance plausibility, option length, and simu-
lated mistakes, which humans can help monitor.
From these analyses, we outline steps for rigor-
ously using LLMs to scale MCQA benchmarks.

1 Introduction

NLP evaluation relies on multiple-choice questions
(Clark et al., 2020, MCQs): models select the best
answer to a question while avoiding plausible but
wrong distractor choices. Writing MCQs is tedious,
so researchers now prompt LLMs for support: creat-
ing distractors for MCQs from an input question/an-
swer (Akter et al., 2026) or initial MCQ (Wang et al.,
2024). Despite this popular practice, work has not
tested trade-offs of using LLM distractors in MCQA
without human guidance (Alhazmi et al., 2024, §4).

Our short paper proposes a focused evaluation of
LLM distractors versus human-guided items with
three LLMs and three MCQA datasets in two tasks:
1) distractor generation from an input question/an-
swer pair; and 2) distractor extension from an exist-
ing MCQ (Figure 1, center). Drawing on education
research (Haladyna et al., 2002), we use three met-
rics to test distractors’ value for MCQA benchmarks
(Figure 1, right): difficulty—how well the resulting

MCQ challenges test-takers; discriminability—how
well the MCQ separates weak and strong test-takers;
and quality—how well the MCQ follows best writ-
ing practices. We instantiate (1) and (2) by fitting
Item Response Theory (Lord and Novick, 2008)—a
psychometrics tool—with responses from 14 test-
taker LLMs, and (3) via LLM judges equipped with a
19-rule rubric from education (Tarrant et al., 2006).
In distractor generation and extension, LLM dis-
tractors often exceed human-guided items in diffi-
culty, but can jointly sacrifice writing quality and
discriminability (§3.1). We detect few overlaps be-
tween human-guided and LLM distractors, suggest-
ing LLMs create unique distractors and are not just
recalling existing benchmark items (§3.2). Qualita-
tive analyses of such differences show weaknesses
in LLM distractors: relative to humans, LLMs tend
to generate distractors that are plausibly correct or
obviously wrong due to distinct length (§3.3) and
struggle to target high-level misconceptions (§3.4).
We validate LLMs as a promising tool for distrac-
tor generation, but find areas benchmark creators
must supervise. Thus, we end with a protocol for
using LLMs in MCQA design (§5). We contribute:
1) A comparison of LLM-only and human-guided
MCQA items across difficulty, discriminability, and
validity—metrics grounded in education research.
2) Evidence that LLM-written MCQs match human
analogues for NLP evaluation, but qualitatively dif-
fer across writing flaw types and distractor design.
3) A discussion of best practices for using LLMs to
support the generation of new MCQA benchmarks.

2 Experimental Setup

A multiple-choice question (MCQ) is a stem ¢ and
n choices C, with one right answer a € C; the rest
are plausible but incorrect distractors D = C \ {a}.
Distractor creation used to rely on humans, but now
work uses LLMs to replace this (Qu et al., 2024).
Our evaluation studies the value of LLM distrac-
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Figure 1: Experiment Overview. We compare MCQA distractors generated with human guidance versus LLMs alone in two
tasks: 1) distractor generation from a question-answer pair and 2) distractor extension from an existing MCQ. We assess ensuing
MCQs via metrics in education research: difficulty for test-taker models, discriminability of model ranks, and writing quality.

tors for NLP evaluation (Figure 1). We form tasks
(§2.1) where strong generator LLMs make distrac-
tors (§2.2) to test weaker test-taker models (§2.3),
scored across datasets and metrics (§2.4, §2.5).

2.1 Distractor Generation and Extension

Surveying Long et al. (2024), we test two common
tasks for constructing distractors (Figure 1, center):
1) Distractor Generation (D-GEN): For a ques-
tion/answer pair (¢, a), return n— 1 distractors D to
form an MCQ Q = (¢,PU{a}, a). D-GEN is used
to format open QA tasks as MCQA or make MCQs
via factual text (Su et al., 2025; Akter et al., 2026).
2) Distractor Extension (D-EXT): For an MCQ
Q = (q,C, a), create m extra distractors D’ to form
anew MCQ Q' = (¢,CUD’, a)—heightening MCQ
difficulty (Wang et al., 2024; Du et al., 2025).

We aim to compare distractors generated via D-
GEN and D-EXT with LLMs-only versus human-
guided items. We collect MCQS Qpyman = (¢,C, a)
in MCQA datasets with n = 4 choices (Fig 1, left,
datasets in §2.4) as the human-guided baseline for
D-GEN. As the LLM-only version, a generator LLM
(§2.2) executes D-GEN with (¢, a) € Qhyman as in-
put, yielding an MCQ Omodel With LLM distractors.

We study D-EXT under MMLU-Pro’s protocol
(Wang et al., 2024): LLMs make m = 6 extra dis-
tractors for an input MCQ. To collect LLM-only and
human-guided versions, we use Omodel a0d Ohuman
as task inputs for D-EXT, respectively; the latter is
human-guided, as humans write initial distractors.

2.2 Generator Models

Benchmark creation is a one-time operation, so re-
searchers use stronger LLMs for help (Wang et al.,
2024). We thus use three frontier LLMs as generator
models for §2.1: GPT-5.2 (OpenAl, 2025), Gemini-
3.1 Pro (Google DeepMind, 2026), and Qwen-3.5
397B (Qwen Team, 2026). We prompt models to
return three and six distractors in D-GEN and D-
EXT, and format outputs as JSON for parsing. In
D-EXT’s LLM-only setting, generator LLMs only

extend MCQs they generated in D-GEN. We run
LLMs in InspectAl (UK AISI, 2024) with default
temperature, 10k max. tokens, medium reasoning
effort, and two retries on errors (Appendix A.2).

2.3 Test-Taker Models

We have 14 LLMs answer MCQs from §2.2 as test-
taker models to test NLP evaluation impact (§2.5).
We use GPT-5.4-mini'! and 13 open-weight models
like Gemma-3 (Team et al., 2025, 4B) and Qwen-
3 (Yang et al., 2025, 4B). LLMs use up to 32,768
max output tokens. GPT uses high reasoning. Be-
fore evaluation, we shuffle McQ choices for posi-
tional bias (Wei et al., 2024). We evaluate models
with InspectAI’s MCQA prompt (UK AISI, 2024).
Appendix A.3 has all models/parameters/prompts.

2.4 Datasets

We use MCQs in three common benchmarks of var-
ied difficulty: 1) ARC (Clark et al., 2018), grade-
school science; 2) MMLU (Hendrycks et al., 2021),
57 college topics; and 3) GPQA (Rein et al., 2024),
graduate science. We sample 1000 MCQs in (1-2)
and all 448 in (3); we omit items where any genera-
tor cannot output JSON in D-GEN or D-EXT, yield-
ing 995/954/415 items in ARC/MMLU/GPQA.?

2.5 Multiple-Choice Quality Metrics

To score MCQs, we review work in education and
NLP (Haladyna et al., 2002; Balepur et al., 2025)—
what educators deem useful and what makes it ef-
fective for NLP evaluation—yielding three metrics:
1) Difficulty: how well the MCQ challenges test-
takers (Akhtar et al., 2026); 2) Discriminability:
how well it separates low/high-skill test-takers to
informatively discern their abilities (Polo et al.,
2024); and 3) Quality: how well it tests intended
skills versus confusing test-takers, based on writing
flaw count (Moore et al., 2022, e.g., ambiguity).

"https://tinyurl.com/gpt54-mini-api
2Omitted questions often require lengthy distractors infea-
sible to use an LLM for (Appendix A.1, e.g., DNA sequences).
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Figure 2: Differences in difficulty, discriminability, and writing quality of MCQs with generated or extended distractors using
LLMs alone compared to with human guidance. Positive differences mean the LLM distractors surpass human-guided ones in that
metric. Three LLM-generated distractor sets beat their human-guided analogues in all three metrics but only one is worse in all
metrics. Thus, deciding whether to use LLM distractors largely depends on which metrics the benchmark developer prioritizes.

We impl 1 d (2) by fitti I R GPT-5.2 Gemini-3.1 Pro Qwen-3.5 397B
e implement (1) and (2) by fitting an Item Re- ARC e TS =

sponse Theory (Lord and Novick, 2008, IRT, details MMLU  83% 15.8% 12.3%
in §A.4) model on test-taker responses in §2.3. IRT GPoA 19.4% 24.8% 214%
models each test-taker’s skill from their overall ac-
curacy, then combines that with the correctness of
model responses on each MCQ to learn latent per- .
item difficulty/discriminability scores. We measure cific, but we ﬁnd trends: GPT tends to a('ld writing
(3) with BenchMarker (Balepur et al., 2026), a tool flaws; LLM distractors on GPQA are easier.

that uses LLM judges to flag 19 writing flaws from Deciding to use LLM distractors depends on the
education research that mislead test-takers (Tarrant ~ Metric researchers value—test-taker scores (diffi-
et al., 2006)—like ambiguity, implausible distrac- culty), rankings (discriminability), or item Validity
tors, and many right answers. We report the number (writing quality). We later outline a decision proto-
of writing flaws, but study specific flaws in §3.3. col (§5) researchers can apply to their own datasets.

Table 1: LLM-only distractors in D-GEN that exactly match
an original benchmark distractor. LLMs create distinct MCQs.

3 Results: Do LLMs Write Useful MCcQs? 3.2 LLM Questions Are Not Just Recycled

If human-guided and LLM-only distractors are iden-
tical (e.g., contamination), studying them qualita-
tively or debating which to use would be moot. To
test this, we follow Du et al. (2025) and find few
LLM distractors in D-GEN that exactly match any
distractor from the original benchmark items (Ta-
ble 1)—based on a 0.90 cosine similarity threshold
via MiniLM-L6-v2 (Reimers and Gurevych, 2019)
for text-based distractors, and exact match for nu-
meric distractors. While this does not flag all over-
3.1 LLM-Created Distractors Have Trade-Offs  lap types (e.g., knowledge), it detects the simplest

We test how LLM distractors impact MCQA eval-  Ones and motivates qualitative analyses on differ-
ences in human-guided and LLM items (§3.3, §3.4).

We now answer our research question: can LLM dis-
tractors usurp human-guided ones in benchmarks?
We show LLM distractors have difficulty, discrim-
inability, and writing quality trade-offs (§3.1), so
this answer largely depends on metrics researchers
value. After finding LLMs do not copy benchmarks
(§3.2), we qualitatively reveal LLM issues in flaw
types and error simulation (§3.3, §3.4)—informing
our protocol for LLM use in MCQA creation (§5).

uation, studying differences in our metrics (§2.5)
over LLM-only and human-guided distractors (Fig-
ure 2). In nine generator-benchmark combinations,
two LLM distractor sets (Gemini on MMLU/ARC)  As LLM distractors differ from human-guided ones
beat humans over all metrics in D-GEN and one for  (§3.2), we now compare them qualitatively. We first
D-EXT (GPT on MMLU); only one distractor set  analyze the largest differences in writing flaw preva-
is worse in all metrics (GPT on GPQA for D-EXT).  lence between LLM and human-guided distractors,

LLM distractors often have trade-offs. In D-GEN,  based on the 19 writing flaw types we detect (§2.5).
8 LLM distractor sets exceed humans in difficulty, In D-GEN, LLM distractors have mixed effects
but 4 lower discriminability and writing quality; on ~ on writing quality over human-guided items (Ta-
ARC, GPT heightens difficulty by 0.4 but adds 0.6  ble 2). Reduced convergence cues limit shortcuts
writing flaws per item, so difficulty here may stem  test-takers can use to bypass the item (Yuan et al.,
from confusing quality issues (Moore et al., 2022).  2024), but LLMs negate this by adding long, obvi-
In D-EXT, metric differences are model/data spe-  ous distractors. LLMs lower implausible distractors,

3.3 LLM Distractors Contain Writing Flaws



D-GEN D-EXT
Writing Flaw Type Human LLM Human LLM
Unequal Option Length 204 28.0 375 37.0
Implausible Distractors 112 78 224 19.3
Has Absolute Terms 9.6 14.4 23.2 23.7
Multiple Best Answers 12.2 153 29.3 28.6
Has Convergence Cues 21.6 19.1 20.6 19.3

Table 2: Percentage of five writing flaws in human-guided and
LLM-only distractors in D-GEN and D-EXT. LLMs struggle
to maintain option length and limit plausible answers. D-EXT
tends to increase writing flaws. Appendix A.6 has all 19 flaws.

Model SOLVE SIMULATE RECALL SHALLOW REFINE
GPT 15% 82% 40% 13% 7%
Gemini  57% 83% 48% 12% 82%
Qwen  60% 88% 53% 12% 100%

Table 3: How often LLMs use varied reasoning trace strategies
when making 60 distractors in D-GEN on GPQA. LLMs mirror
educators: they re-solve MCQs, simulate mistakes, and recall
facts. Appendix A.8 has examples and MMLU/ARC results.

but more “many best answers” show they overcom-
pensate, struggling to weigh plausibility (Lee et al.,
2025). By applying NLP tools such as LLM judges
(§2.5) to LLM distractors, researchers can find areas
to intervene (e.g., shortening lengthy distractors).
In D-EXT, differences are tempered, as writing
flaws increase over all distractor sets. Researchers
using LLMs for distractor extension (Lee and Son,
2026) should report their increased writing flaws,
and evaluate how they influence test-taker accuracy.

3.4 LLMs Construct Distractors like Humans

We lastly see how LLMs create distractors via their
reasoning traces (Deng et al., 2025). We review 60
random traces for all generator LLMs on GPQA in
D-GEN and find five strategies LLMs often use: 1)
SOLVE the item, 2) SIMULATE test-taker mistakes,
3) RECALL relevant facts; 4) add a SHALLOW per-
turbation of the gold answer (e.g., negative sign);
and 5) REFINE distractors (Table 3). Except SHAL-
LOW, educators use similar strategies (Gierl et al.,
2017); future work can test whether education can
further steer LLM reasoning for distractor design.
While this is promising, generator LLMs do not
always aptly target test-taker errors in SIMULATE;
they often perturb steps in their own solution ver-
sus focusing on high-level mistakes real test-takers
would make. To illustrate, for one MCQ where test-
takers need to solve a physics equation with the
right answer 3pc, Gemini’s distractors drop a cor-
rection or temperature term, or invert the former
(Appendix Figure A.1). While still valid, PhD-level
test-takers—the expected skill level of GPQA—are
unlikely to make such simple errors. Thus, we ad-
vise researchers to study generator reasoning traces

for LLM distractors—ensuring they target failures
test-takers at their desired skill level would make.

4 Related Work

Distractor Generation: Distractor generators curb
MCQ writing effort. Early work used heuristics/neu-
ral models (Mitkov et al., 2003; Liang et al., 2018)
before LLMs (Bitew et al., 2023; Mucciaccia et al.,
2025). Most work uses such models for education
(Alhazmi et al., 2024; Feng et al., 2024; Lee et al.,
2025, e.g., student exams), but MCQA’s use in NLP
has motivated applying such methods to benchmark
items (Zellers et al., 2018; Liu et al., 2022; Wang
et al., 2024). We bridge these fields: drawing on
education to score LLM distractor quality for NLP
evaluation (Haladyna et al., 2002). Closest to us,
Byun and Choi (2025) train models on MMLU to
create distractors, but do not prompt stronger LLMS.
Synthetic Data: Synthetic data is rife (Long et al.,
2024), used to train models (Li et al., 2025; Nadis
et al., 2025), extend evaluations (Wang et al., 2024;
Zhang et al., 2025), or imbue model traits (Thrush
et al., 2026). Work increasingly tests the benefits
and risks of such data, including for AI capabilities
(Shumailov et al., 2024; Liu et al., 2024), biases
(Breugel et al., 2023; Rahmani et al., 2025), and
privacy (Liu et al., 2025; Xu et al., 2026). Comple-
menting this, we audit LLM-generated distractors.

5 Protocol: When to Use LLM Distractors

Our evaluation of generator models, MCQA bench-
marks, and education-grounded metrics shows the
potential and weaknesses of LLMs for constructing
distractors. Given our mixed results, we outline the
following protocol to help benchmark creators de-
cide when to use LLMs over humans for distractors:
1. Use humans to author a subset of distractors.
2. Adapt our evaluation protocol to score human-
written and LLM-generated distractors in diffi-
culty, discriminability, and writing flaws (§2);
evaluate distractor extension tasks if needed.
3. Compare metric trade-offs and locate which
model optimizes the metrics you value (§3.1).
4. Qualitatively analyze items, including writing
flaw breakdowns (§3.3) and reasoning trace
analyses (§3.4), to identify areas for improve-
ment or where human intervention is needed.
Creating MCQA benchmarks is tedious, but neces-
sary to make progress in NLP (Clark et al., 2020).
Our paper shows LLMs can facilitate these efforts
with distractor generation—if validated rigorously.



6 Limitations

LLMs are sensitive to prompting (Alzahrani et al.,
2024), so modifying our prompts for distractor
generation and extension (§2.2) and MCQA eval-
uation (§2.3) could impact our results. However,
we mostly argue that LLMs may already match the
quality of human-written MCQs for NLP evaluation,
so our results form a lower bound; improvements
to prompt design would only strengthen the trend.
Appendix A.3 has our prompts for reproducibility.
Further, while we identify no instances of con-
tamination (§3.2), we cannot eliminate the possi-
bility of generation models having already seen the
human MCQs without access to their training data
(Soldaini et al., 2024). Thus, as mentioned in §5,
we encourage future work to adopt our evalua-
tion setup on their own—and presumably unseen—
MCQA benchmarks. Such evaluations would also
strengthen the generalization of our analyses. We
open-source all code/data to facilitate these efforts.
Finally, we acknowledge many auxiliary dimen-
sions that we could focus our evaluation on—such
as generation model costs, the number of distrac-
tors, and studying inter-model versus intra-model
extension—that we did not consider due to resource
constraints. For the scope of a short paper, we
specifically target the question of the role of hu-
man guidance in MCQA benchmark design with the
strongest possible generator models—a useful pre-
requisite before exploring these follow-up analyses.
We release this paper to inspire such future work.

7 Ethical Considerations

While we show the benefits of using LLMs to sup-
port MCQA benchmark design, we never argue that
these items are sufficient for real student testing. In
fact, §3.4 reveals issues in LLM-generated MCQs
that may degrade usefulness in education settings,
so we urge researchers to more rigorously evaluate
MCQs before using them with real students. Further,
there exist other instantiations of MCQ quality for
NLP evaluation that our paper does not consider—
including shortcuts (Lai et al., 2021), biases (Wei
et al., 2024), and self-preference (Panickssery et al.,
2024)—that may be worth measuring before decid-
ing to release LLM-generated MCQA benchmarks.
Generative Al (GenAl) was used in this project.
We used Codex? to design plots and refactor code,
and GPT-5 to refine paper writing for brevity. We

3https ://openai.com/codex/

never use GenAl for writing text from scratch in
this paper. We take complete responsibility for any
GenAl errors. By discussing GenAl usage here, we
aim to encourage other researchers to do the same.
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A Appendix
A.1 Data

We initially sample 1000 random examples from
the test set of ARC-Challenge (Clark et al., 2018)
and MMLU (Hendrycks et al., 2021). MMLU ques-
tions were drawn from a pool of question seeds
used in MMLU-Pro (Wang et al., 2024). We use
448 examples of GPQA (Rein et al., 2024), the full
question set. All datasets are publicly available,
so our experiments are within their intended use.
ARC-Challenge and GPQA are licensed under CC
BY 4.0 and MMLU under MIT. We did not collect
any datasets, so we did not check for PII. To our
knowledge, all questions are in English.

We check for bad questions using automated
methods—check for missing question stems and
answer choices—and manual inspection. We filter
out one MMLU question (QA.1) and four GPQA
questions (QA.2, QA.3, QA.4, QA.S).

Additionally, we filter questions if a generator
model creating MCQs fails to produce a valid output
across any setting for a given human MCQ seed,
yielding 995 total items in ARC-Challenge, 954 in
MMLU, and 415 in GPQA.

We use datasets consistent with their intended
use in NLP research and evaluating model knowl-
edge and reasoning capabilities. We use this data
as seeds for downstream question generation. Any
generated data released with this paper should not
be used unsupervised or replacements for educa-
tional tests without additional review as mentioned
in recommended guidelines in Section 5.

We do not collect new human-subject data.
We manually inspect a portion of the generated
artifacts—stems, answer options, generated distrac-
tors, model traces—and to our best knowledge, we
do not find PII or offensive content.

A.2 InspectAl Implementation

InspectAl* is a recent effort from the United King-
dom’s Al Security Institute to standardize NLP eval-
uations (UK AISI, 2024). Additionally, we also
use InspectAl for initial creation of LLM-generated
questions, as described below. Any InspectAl
framework contains three parts:

1. Task: The data for the task. We have separate
tasks for (1) question generation and (2) test-
taker evaluation. For (1), each task is made

*https://inspect.aisi.org.uk/

up of a question stem, gold answer, and hu-
man distractor in the distractor set generation
setting and required distractors from the prior
setting for the distractor set extension setting.
For (2), each task contains the question stem,
randomized answer choices, the index of the
gold answer, and associated metadata for data
classification.

2. Solver: The NLP system that solves the task.
For (1), given an QA pair or complete MCQ,
the solver prompts a generator LLM to create
three distractors or six distractors, respectively.
Following generation, it checks JSON output
for invalid or duplicate distractors, shuffles
answer choices, and logs the question with as-
sociated metadata including model reasoning
traces. For (2), the solver prompts a test-taker
LLM with either a full question or choices-
only prompt and parses for an answer letter in
the generated JSON.

3. Scorer: How task success/failure is evalu-
ated. For (1) and (2), the scorer records if
an item successfully generated; additionally,
the scorer for (2) computes item accuracy and
records other information such as the gold
answer letter.

A.3 LLM Details

We access all models through InspectAl; mod-
els are passed through using provider-prefixed
model identifiers. Hosted models use InspectAl
provider strings such as openai/... for GPT
models, google/... for Gemini models, and
together/... for Qwen models. Open-weight
models are locally run using vl1m/. .. identifiers.

For generation, we use three generator LLMs:

* openai/gpt-5.2-2025-12-11

* google/gemini-3.1-pro-preview

* together/Qwen/Qwen3.5-397B-A17B

For generation, we specify the following param-
eters: maximum generation length of 10,000 to-
kens, default temperature, two model-call retries in
case of initial generation failure, and a maximum
for three parsing attempts for each item. When
supported by models, we use medium reasoning
effort. This corresponds to medium in GPT-5.2 and
Gemini-3.1-Preview, and goes unused for Qwen3.5-
397B-A17B (not supported). We instead enable
thinking mode through the binary toggle.

GPT-5.2 and Gemini-3.1 Pro are proprietary
models, so parameter counts are not publicly dis-



closed. Qwen3.5-397B-A17B is a mixture of ex-
perts (MoE) model with 397B total parameters and
17B active parameters.

For model evaluation, we use the following 14
test-taker models:

* openai/gpt-5.4-mini

* nvidia/NVIDIA-Nemotron-Nano-9B-v2

* google/gemma-3-4b-it

* google/gemma-3-12b-it
Qwen/Qwen3-4B-Instruct-2507
allenai/Olmo-3-7B-Instruct
cyankiwi/Olmo-3.1-32B-Instruct-AWQ-4bit
meta-llama/Llama-3.2-3B-Instruct
meta-llama/Llama-3.1-8B-Instruct
LiquidAI/LFM2-2.6B
LiquidAI/LFM2-1.2B
LGAI-EXAONE/EXAONE-4.0-1.2B
ibm-granite/granite-4.0-1b

* ibm-granite/granite-4.0-micro

For evaluation, we specify the following parame-
ters: maximum generation length of 32,768 tokens,
no temperature override, two model-call retries,
and no stop sequence override. Due to architectural
constraints of some models, we modify the max
model length for the following: Gemma (124k) and
certain LFM & older Qwen3 models (32k). GPT-
5.4-mini is run on high reasoning effort and the
remaining vLLM-based test-taker models are run
on medium reasoning. No used vLLM models sup-
port reasoning effort, but we enable thinking mode
if available.

Test-taker model sizes range from 1B to 9B, with
Olmo-3.1-32B-Instruct as the only exception. Ad-
ditionally, GPT-5.4-mini is proprietary and param-
eter count is not publicly disclosed.

We use CPUs only when running LLMs via APIs
and one NVIDIA rtxa6000 GPU for open-weight
LLMs below 8B parameters called via vLLM. We
allocate 12 hours for each run, though models jobs
are split into separate SLURM jobs by each setting
and dataset for parallel speedup. All results are
reported from a single run.

Across all generation and evaluation runs, exper-
iments use 657.1M tokens across 377.8 job-hours.
Generation runs used a collective 94.9M tokens
and 40.5 job-hours. Evaluation used 562.3M to-
kens across 337.3 job-hours. Token counts include
input, reasoning, and output tokens.

We do not perform a hyperparameter search over
sampling settings to keep settings consistent be-
tween different models in InspectAl. Generation
and evaluation settings, as described above, are

10

fixed for final runs.

A.3.1 Prompts

Prompts are based on prompts used by (Wang et al.,
2024) and general recommendations by InspectAl.
After testing prompts, we mainly change the output
format from looser labeled distractors to a formal
JSON format with a “distractor” list, containing
a list of exact choices depending on the input dis-
tractor count. We also move away from formal
forbidden structures through language such as “Do
not use any forbidden value listed below” and use
semantic guidance such as generating plausible
incorrect answers and avoiding synonyms of dis-
tractors in the returned set.

For final prompts used in all reported runs, see
Prompts A.2 and A.3 for generator model gener-
ation prompts and Prompt A.1 for the test-taker
model evaluation prompt.

A.3.2 Licenses

We follow original licenses and terms of use
of all models and other software used. We
use InspectAl under its MIT license and vLLM
and sentence-transformers/all-MiniLM-L6-v2 un-
der Apache 2.0. Hosted models APIs each have
relevant provider terms: OpenAl (GPTS5.2, GPT-
5.4-mini), Google (Gemini-3.1-Pro-Preview), and
Together Al (Qwen3.5-397B-A17B generation
through Together). For open-weight model, we
mainly obtain license details from the correspond-
ing HuggingFace model cards. These include li-
censes such as Apache 2.0 (Qwen, OLMo, IBM
Granite), Gemma terms, Llama 3.x terms, and
other model-specific licenses for Nemotron-Nano,
LFM2, and EXAONE.

A4 IRT Details

We use a 3PL. model fit over full-question model-
evaluation responses only. Given test-taker (j) and
instantiated item (i):

P(Yy

1) ¢+ (1 — Ci)O' (1702&1(03 —

bi)) .

such that (0;) is test-taker ability, (b;) is item dif-
ficulty, (a;) is item discrimination, and (c;) is the
guessing parameter (either 0.25 for 4-choice ques-
tions or 0.10 for 10-choice questions). The 1.702
scaling factor is a standard constant to minimize
the maximum difference between the normal and
logistic distribution functions (Camilli, 1994).
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https://www.llama.com/llama3/use-policy/

=
&
=
~

Test-taker model Relative ability

1 GPT-5.4-mini 2.591
2 Nemotron-Nano-9B-v2 1.349
3 Gemma-3-12B-it 0.543
4 Qwen3-4B-Instruct 0.487
5 Olmo-3.1-32B-Instruct-AWQ 0.361
6 Llama-3.1-8B-Instruct —0.002
7 LFM2-2.6B —0.219
8 EXAONE-4.0-1.2B —0.358
9 Gemma-3-4B-it —0.447
10  Olmo-3-7B-Instruct —0.487
11  Granite-4.0-micro —0.557
12 Llama-3.2-3B-Instruct —0.622
13 Granite-4.0-1B —1.050
14 LFM2-1.2B —1.589

Table 4: Relative abilities of each test-taker model based on
0; parameter. Ability estimates are centered by subtracting
the mean ability across the 14 test-taker models.

Dataset Source stems  Difficulty effect
GPQA 415 —0.046
MMLU 954 —0.723
ARC-Challenge 995 —2.493

Table 5: Relative abilities of each dataset based on 35}
sub-parameter. Larger estimates correspond to harder datasets.

Difficulty is further broken down into compo-
nents as:

b= B + B + B+ S

Each instantiated item is based on the dataset,
question stem, generator model, and setting.

We also include fit details:

¢ Observations: 496,440

¢ Test-taker models: 14

* Unique stems: 2,364

¢ Instantiated items: 35,460

e Parameters: 108,764

* Optimizer: L-BFGS-B

* Converged: YES, after 1,870 iterations

* Log likelihood: -169915.14

* AIC: 557358.27

e BIC: 1766293.83

Additionally, we provide per-parameters results:
Tables 4 (test-taker), 5 (dataset), and 6 (setting).

A.5 Full Quality Results

We report the full details of the delta differences
shown in Figure 2 in Figure 3. Difficulty and dis-
criminability are estimated with the IRT model
described in Appendix A.4; writing quality is the
average number of BenchMarker writing flaws per
item.

We also attempt to generate the complete ex-
tended distractor set all at once but found it was

Setting Difficulty effect
Extend Human 0.611
Extend Model 0.597
Extend Ablation 0.430
Generate Model 0.139
Generate Human 0.000

Table 6: Setting-level IRT difficulty effects based on Bf(‘;"g
sub-parameter. Using Generate Human as the reference set-
ting, larger estimates indicate that a setting increases item

difficulty relative to the reference.

Statistic Value
Mean flaws/item  2.641 4+ 0.009
SD 1.690
Median 2

IQR 14
Range 0-12
Zero flaws 7.7%

> 2 flaws 73.0%

Table 7: Overall flaw-count distribution.

worse than the two-step process (Figure 4).

A.6 Full Writing-Flaw Results

Table 7 and 8 have general flaw-count information
and a full BenchMarker writing-flaw breakdown.

A.7 Memorization Details

We test if LLM-generated distractors produce iden-
tical distractors to the original human distractors
and break down matches in Table 9.

A.8 Qualitative Analysis Details

We define the five annotated metrics as:

SOLVE The model re-derives the solution for the
gold answer from the question step by step.
SIMULATE The model attempts to simulate test-
taker mistakes such as wrong calculation, for-
mula misuse, etc. Then, the model assigns each

distractor to a specific error.

RECALL The model creates distractor based on
related-but-distinct subject information, such
as alternative reaction products, adjacent ele-
ments/compounds, parallel mechanisms, etc.

SHALLOW The model makes simple perturbation
of the correct answer, such as swapping signs,
adjacent integers, rearrange, etc.

REFINE The model reflects over the entire set and
critics distractors for aspects like, distinctness,
plausibility, and format. Then, it revises the
distractors.

Data in Table 3 is broken down into component

datasets in Table 10. We also provide the full trace

of the Gemini question referred to in 3.3: A.1.
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Figure 3: Per-model breakdown of MCQ question quality across three metrics: IRT difficulty (how hard is the question), IRT
Discriminability (how well does the question tell test-takers apart), and Average Writing Flaws (a proxy for question validity).

ARC Challenge MMLU GPQA
1.07 0.8
3o ol
2T 4o 0.01 06
Se -
oc ~0.1
£ 705 0.4
A 0.2
L -1.09
= 031
£5 .| 03 0.2
£ 0.4
—2.01 0.0
= = = - - = : - - -
G4 G4 G4 G4+ G4 G4 G4+ G4 G4
Extension Extension Extension Extension Extension Extension Extension Extension Extension
- (Human) (Model) (Ablation) (Human) (Model) (Ablation) (Human) (Model) (Ablation)
% 1.4 1
c© 1.4 13
oL )
S0 131
281 12
=0 1.2 1 ’
£ g 124
=
(9] 11
u & 1.1 1.14
Oy
B g 101 1.0 1o
- c
2 09- - =y =y 0.8° ~ =y =y 0.9 ~ - )
= G472 G4 G4 G4 G4 G4 G4 G4 G4
Extension Extension Extension Extension Extension Extension Extension Extension Extension
(Human) (Model) (Ablation) (Human) (Model) (Ablation) (Human) (Model) (Ablation)
o 41
2 T 3.01
B3 as 3
o8, ’
c.c 207
== 2 2
TE 151
= I
. 1.04 1
o5 14
Z z 051
= 007 - - - 07 = - - 0 - - -
G4 G4 G G4 G4 G4 G4 B4 G4
Extension Extension Extension Extension Extension Extension Extension Extension Extension
(Human) (Model) (Ablation) (Human) (Model) (Ablation) (Human) (Model) (Ablation)
I Human Guided W LLMOnly [ Ablation [ GPT EZ1 Gemini KXl Qwen

Figure 4: Per model measurements of difficulty, discriminability, and writing quality for extension setting. We find that
the two-step methods in 2.1 outperform the one-step ablation in generating the extended distractor set across most metrics,
particularly in overall MCQ difficulty.
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D-GEN D-ExT

Writing Flaw Type Human Model Human Model
Unequal Option Length 20.4+0.48 28.0+0.53 37.5+£0.57 37.0+0.57
Implausible Distractors 11.2+037 7.8+0.32 224+050 19.3+047
Has Absolute Terms 9.6+0.35 1444+0.42 23.2+£0.50 23.7+0.50
Unclear Language 87033 69+030 11.2+0.37 9.24+0.34
Multiple Best Answers 12.24+0.39 15.3+£0.43 29.3+0.54 28.6+0.54
Has Convergence Cues 21.6 £0.49 19.1 £0.47 20.6 £0.48 19.3 +£0.47
Has Extraneous Information 52.7 +0.59 51.4+0.59 50.0 +£0.59 50.4 £ 0.59
Unfocused Stem 284+0.54 285+0.54 286+£0.54 28.6+0.54
Problem Not in Stem 1224039 11.44+0.38 11.24+0.37 11.24+0.38
Unordered Options 11.3+0.38 11.24+0.37 11.3+0.38 11.54+0.38
Has Vague Terms 5.6+0.27 564027 12.24+0.39 13.0+0.40
Has Logical Cues 6.1+028 44+0.24 11.74+0.38 10.0+0.36
Grammatical Inconsistency 5.1 +£0.26 4.4+0.24 86+0.33 7.3+0.31
Has K-Type Options 3.0+020 24+0.18 95+0.35 81+0.32
Has Repetition 59+028 40£023 29£020 344021
Has Negatives 3.8+0.23 3.8+023 35+022 3.6+0.22
Has Fill-in-the-Blank 3.2+021 31+£021 33+021 3.3+0.21
Has None of the Above 0.1+0.04 02+0.05 07£010 0.6=+0.09
Has All of the Above 0.1+0.04 0.1+0.03 0.3+0.06 0.24+0.05

o

Table 8: Prevalence (%) of all 19 writing flaws in human-guided and LLM-only distractors across distractor generation and

extension tasks. Values are BenchMarker rule failure rates, so lower is better.

Dataset O matches 1 match 2 matches 3 matches

ARC 63.4% 21.1% 11.1% 4.5%
MMLU 74.8% 16.1% 6.8% 2.2%
GPQA 62.5% 18.7% 9.6% 9.2%

Table 9: Distribution of item-level distractor overlap, averaged over generator models. Most generated items share no distractors
with the original human-written item.

Dataset Model SOLVE SIMULATE RECALL SHALLOW REFINE

GPT 25% 70% 25% 35% 15%
GPQA Gemini 85% 75% 40% 25% 65%
Qwen  90% 90% 50% 25% 100%

GPT 10% 80% 25% 0% 5%
ARC  Gemini 10% 80% 25% 5% 90%
Qwen  15% 80% 30% 5% 100%
GPT 10% 95% 70% 5% 0%
MMLU Gemini 75% 95% 80% 5% 90%
Qwen  75% 95% 80% 5% 100%

Table 10: Reasoning-trace strategy use in D-GEN (% of 20 MCQs per dataset-LLM), split by dataset.

Question QA.1: MMLU-Pro:996 (Text Corruption)

Question: A homeowner resides downhill from a metal fabrication facility. She has sued both the owner of the facility
and the supplier of a solvent used at the facility. She contends that contaminants, consisting mostly of the solvent,
were released into the ground at the facility and have migrated and continue to migrate to her property, contaminating
the soil, the groundwater, and her well. She alleges various acts of negligence on the part of the facility owner in
causing the release of the contaminants into the ground. She also alleges that employees of the solvent supplier were
negligent in frequently the solvent supplier were negligent in frequently spilling some of the solvent onto the ground
while filling a rooftop tank at the facility. The solvent supplier has moved for summary judgment, arguing that if there
was any contamination, the facility owner and the supplier independently contributed indeterminate amounts to the
contamination and that therefore the homeowner cannot show how much damage each has inflicted on her. There is no
evidence that the facility owner and the solvent supplier acted in concert. Should the court grant the summary judgment motion?

Choices:

A. No, because concurrent tortfeasors are jointly and severally liable for an indivisible injury.

B. No, because the solvent supplier is vicariously liable for damage inflicted by the facility owner.

C. Yes, because there is no basis for allocating damages against the solvent supplier. damages against the solvent supplier.
D. Yes, because there is no evidence that the facility owner and the solvent supplier acted in concert.

L Correct Answer: A
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Question QA.2: GPQA:recDjE01bu72pPUU2 (Duplicate correct answer among distractors)

Question:

When 500 mL of PH3 is decomposed the total volume of the reaction mixture becomes 600 mL only. The H2 obtained in the
above reaction is used to create electricity in a fuel cell. Calculate the volume of unreacted H2 in the fuel cell when only 50
mL of O2 is used.

Choices:

A.200 mL

B. 100 mL

C. 180 mL

D. 200 mL

L Correct Answer: A

Question QA.3: GPQA:recZSGUkn56v9KEp1 (Duplicate distractor option)

Question:

Determine the product obtained when 3,4-dimethylhexanedial is reacted with the following set of reagents:
1. KOH, H20, THF, Heat

2. CH3CH2MgBr, H30+

3. PCC, CH2CI12

4. 03, H20

Choices:

A. 4,5-dimethylnonane-2,6,7-trione

B. 4,5-dimethylnonane-2,6,7-trione

C. 3,4-dimethyl-5,6-dioxooctanal

D. 3,4-dimethyl-5,6-dioxooctanoic acid
| Correct Answer: D

Question QA.4: GPQA:recnGEpF1srQpaqWq (Duplicate correct answer among distractors)

Question:

Which of the following molecules is formed when 5-butylnona-2,6-diene is heated?
Choices:

A. 5-ethylundeca-2,6-diene

B. 5-ethyl-4-methyldeca-2,6-diene

C. 4-ethyl-3-methyldeca-1,5-diene

D. 5-ethyl-4-methyldeca-2,6-diene

L Correct Answer: C

Question QA.5: GPQA:recnGEpF1srQpaqWq (Impractically long DNA sequence)

Question:

Congratulations, you just landed your dream job at one of the top structural biology labs at Stanford University in California.
Without further ado, the Principal Investigator explains that the priority of the moment is to produce in E. coli BL21 then
purify as quickly as possible the Human P53 protein.

The amino acid sequence of this protein is as follows:
MEEPQSDPSVEPPLSQETFSDLWKLLPENNVLSPLPSQAMDDLMLSPDDIEQWFTEDPGPDEA
PRMPEAAPPVAPAPAAPTPAAPAPAPSWPLSSSVPSQKTYQGSYGFRLGFLHSGTAKSVTCTY
SPALNKMFCQLAKTCPVQLWVDSTPPPGTRVRAMAIYKQSQHMTEVVRRCPHHERCSDSDGLA
PPQHLIRVEGNLRVEYLDDRNTFRHSVVVPYEPPEVGSDCTTIHYNYMCNSSCMGGMNRRPIL
TITLEDSSGNLLGRNSFEVRVCACPGRDRRTEEENLRKKGEPHHELPPGSTKRALPNNTSSS
PQPKKKPLDGEYFTLQIRGRERFEMFRELNEALELKDAQAGKEPGGSRAHSSHLKSKKGQSTS
RHKKLMFKTEGPDSD

You are given 4 plasmids containing 4 different sequences, which one are you going to use?
Choices: (cut off for brevity)

A. ATGGAGGAGCCGCAGTCAGATCCTAGCGTCGAGCCGCCTCTGAGTCAGGA. ..
B. ATGGAGGAGCCGCAGTCAGATCCTAGCGTCGAGCCGCCTCTGAGTCAGGA...
C. ATGGAGGAGCCGCAGTCAGATCCTAGCGTCGAGCCCCCTCTGAGTCAGGA. ..
D. ATGGAGGAGCCGCAGTCAGATCCTAGCGTCGAGCCGCCTCTGAGTCAGGA. ..

| Correct Answer: C
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Prompt A.1: Evaluation

Answer the following multiple choice question.

<question>
question
</question>

<choices>
choices
</choices>

<format>
Return your output as valid JSON with the key “answer” which is one of letters.
json_example
Do not include anything else.
L</format>

Prompt A.2: Generate given QA pair (Generation Setting)

You are an expert writer of plausible but incorrect distractors for multiple-choice questions (MCQs).

Given a question stem and an answer to this question, your job is to generate exactly count plausible but incorrect answer
choices that could be used as distractors to form a full multiple-choice question.

Here is the question stem and the correct answer:
<multiple-choice question>

Question: question

Answer: gold_answer

</multiple-choice question>

<distractor instructions>

- Each distractor option must be a plausible answer to this question that tests common misconceptions, but ultimately should
not be more correct than the provided answer

- Each of the distractor options must be distinct; they cannot be synonyms of each other

</distractor instructions>

<format>
Return your output as valid JSON with exactly one key: "distractors" - a list of exactly count incorrect answer choices
json_example
Do not include anything else.
| </format>
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Prompt A.3: Generate given MCQA (Extension Setting)

You are an expert writer of plausible but incorrect distractors for multiple-choice questions (MCQs).

Given a multiple-choice question stem, old_count existing choices for this question, and an answer to this question, your
job is to generate exactly count additional plausible but incorrect answer choices to form an expanded multiple-choice question.

Here is the question stem, the choices, and the correct answer:
<multiple-choice question>

Question: question

Choices:

choices

Answer: gold_answer

</multiple-choice question>

<distractor instructions>

- Each distractor option must be a plausible answer to this question that tests common misconceptions, but ultimately should
not be more correct than the provided answer

- Each of the distractor options must be distinct; they cannot be synonyms of each other

- None of the generated distractor choices should be synonyms with the provided answer choices above.

</distractor instructions>

<format>
Return your output as valid JSON with exactly one key: "distractors" - a list of exactly count incorrect answer choices
json_example
Do not include anything else.
| </format>

Trace A.1: Question (gpga:rec2xNOSZSiyfKb4E)

** Analyzing AGN Torus Radius Calculations and Potential Student Errors**

Okay, so we're looking at calculating the inner radius of an AGN torus using the Barvainis model, given a dust sublimation
temperature of 900 K, a bolometric luminosity of 1.5 x 10?6 erg/s, and a UV bolometric correction of 5. The correct answer,
we’re told, is 3 pc. Let’s break this down systematically.

The Barvainis model is the key here; it relates the dust sublimation radius to the UV luminosity. The formula is R ~

0.5
2.8 . L . L
1.3 (wﬁg e‘/rgls) ( 7 550 K) pc. First, we need to calculate the UV luminosity from the bolometric luminosity: Lyy =

Lot/ BC = (1.5 x 10*%) /5 = 0.3 x 10*® = 3 x 10*° erg/s. Let’s make sure we are clear about the parameters. Then we
plug that into the formula.

Substituting the values into the Barvainis formula, we have Lyv,4¢ = 0.3, T = 900 K, so Ti500 = 900/1500 = 0.6. The
radius becomes R ~ 1.3 x /0.3 x (0.6)_2‘8. Let’s calculate this step by step. v/0.3 ~ 0.5477, and 0.672-% ~ 4.18.
Multiplying everything together, we get R ~ 1.3 x 0.5477 x 4.18 ~ 2.97 pc. That is almost exactly 3 pc.

Now, let’s play "what if" and consider what common errors a student might make. If they forget to divide by the bolomet-
ric correction (a likely scenario), they’d use the bolometric luminosity directly: In that case, L = 1.5 x 10° erg/s, and
R =1.3x+/1.5 x (0.6) %% ~ 6.66, or around 6.7 pc.

If the student uses the bolometric correction backwards and mulfiplies, we get L = 1.5 x 10*6 x 5 = 7.5 x 10*°. The radius
would become R = 1.3 x /7.5 x (0.6) "2 ~ 14.89 pc, or about 15 pc.

If they forget the temperature dependence entirely, or assume a standard 1500K temperature, the calculation simplifies to
R = 1.3 x +/0.3 = 0.71, which is about 07 pe.

We can consider the Stefan-Boltzmann law and its 72 relation, instead of the Barvainis 728, If this happens, we get
R =1.3x+/0.3 x (0.6)72 = 1.3 x /0.3 x 2.77. Thus R ~ 1.97, which is about 2 pc.

Finally, what are plausible wrong answers (distractors)? We have 6.7 pc (no bolometric correction), 15 pc (multiplying by the
BC), 0.7 pc (no temperature dependence), and we’ve already done 1.6 pc (forgetting the square root) and 2 pc. The distractors
should also be formatted the same. I will go with "6.7 pc", "15 pc", and "0.7 pc".
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