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Abstract

Multiple-choice question answering (MCQA) is
standard in NLP, but benchmarks lack rigorous
quality control. We present BenchMarker, an
education-inspired toolkit using LLM judges to
flag three common MCQ flaws: 1) contamina-
tion—items appearing exactly online; 2) short-
cuts—cues in the choices that enable guessing;
and 3) writing errors—structural/grammatical
issues based on a 19-rule education rubric. We
validate BenchMarker with human annotations,
then run the tool to audit 12 benchmarks, reveal-
ing: 1) flaws persist in MCQA benchmarks, es-
pecially automatically-made and crowdsourced
data—we detect 47% of Truthful QA appears
online and 100% of HellaSwag violates multi-
ple writing rules; 2) contaminated MCQs tend
to inflate accuracy, while writing errors tend to
lower it and change rankings beyond random;
and 3) prior benchmark repairs address their tar-
geted issues (i.e., lowering accuracy with LLM-
written distractors), but inadvertently add new
flaws (i.e. implausible distractors, many correct
answers). Overall, flaws in MCQs degrade NLP
evaluation, but education research offers a path
forward. We release BenchMarker to bridge the
fields and improve MCQA benchmark design. !

1 Grading Benchmarks like Educators

Progress in NLP relies on benchmarks (Voorhees,
2001) that are largely multiple-choice question an-
swering (MCQA) tasks, where models must pick the
answer to a question from input choices (Robinson
and Wingate, 2023). MCQs test whether models can
understand the question, recall related facts, and
use said knowledge to deduce the answer (Richard-
son et al., 2013), but only do so reliably when error-
free. MCQ flaws add noise unrelated to these skills,
undermining their construct validity (Smith, 2005).

MCQA datasets are notoriously flawed: MCQs
exist in LLM training data (Deng et al., 2024), have
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exploitable shortcuts (Gupta et al., 2025), and are
rife with writing issues (Palta et al., 2024, e.g.,
poor grammar). Educators detect, cull, and remedy
these errors when writing MCQs to ensure students
rarely face them (Campbell, 2011), but while NLP
researchers value MCQA for its similarity to human
testing (Zhuang et al., 2025), they rarely adopt edu-
cation’s standards: for 39 surveyed MCQA datasets,
23% report no quality control (Appendix A.1).

To address this, prior work has devoted extensive
resources to “correct” MCQA benchmarks (Wang
et al., 2024c; Chizhov et al., 2025). However, they
do not propose reusable metrics to check whether
rewritten MCQA benchmarks truly reduce errors.

We present BenchMarker, a toolkit for detect-
ing MCQ errors based on three metrics educators
value (Fig 1): 1) contamination—whether MCQs
appear online, a proxy for dataset leakage, similar
to ensuring students cannot cheat on exams (Tay-
lor et al., 2020, §2.1); 2) shortcuts—whether MCQs
have shallow cues that let strong LLMs answer with-
out the question, like students guessing via partial
knowledge (Lau et al., 2011, §2.2); and 3) writing
errors—grammar and structure violations on a 19-
rule rubric of educational MCQ writing guidelines
(Costello et al., 2018b, §2.3). We distil these in-
sights from decades of education research via NLP
advances in LLM-as-a-judge (Zheng et al., 2023),
validated across 23 models, six web search APIs, 13
MCQA datasets, and 8042 expert judgments (§3).

BenchMarker audits 12 MCQA datasets and pre-
dicts pervasive issues, especially with MCQs from
NLP annotation protocols, versus exams that edu-
cators design: 47% of Truthful QA appears online,
21% of ScholarIQA has shortcuts, and HellaSwag
always violates at least two writing rules (§4.1). Ed-
ucational theory informs that these flaws degrade
MCQA (Cronbach and Meehl, 1955), so we empiri-
cally assess their impact on LLM evaluation. LLMs
have higher accuracy on contaminated data splits
and lower accuracy on splits with multiple writing
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Figure 1: BenchMarker scores MCQA benchmark items across three axes with LLM judges: 1) contamination—
whether the item appears on the Internet; 2) shortcuts—whether models can use shallow shortcuts in choices to
solve the item without the question; and 3) writing errors—grammatical and structural issues based on a 19-rule
rubric derived from education research. We aggregate scores to audit datasets and return judge feedback on items.

errors; discarding MCQs with writing errors shifts
LLM rankings beyond random (§4.3), muddying
how researchers select models to train and deploy.
The writing errors from NLP and educational as-
sessments overlap—unclear wording and distrac-
tor quality—motivating these fields to collaborate
and jointly advance evaluations and student testing
(§4.4). Lastly, while past benchmark fixes resolve
targeted issues, they can add new ones: MMLU-
Pro uses LLM-written distractors to lower accuracy,
but this produces faulty distractors and more than
one correct answer (§4.5). Thus, MCQ correction
requires iterative refinement, which BenchMarker
can support via repeatable, automated scoring runs.
The quality of MCQA benchmarks is often over-
looked, but this erodes evaluation validity. Educa-
tion research can guide the design quality control
tools like BenchMarker and offer lessons to NLP
from student testing, so we champion more collab-
orations between these fields. We contribute:

1. BenchMarker, a toolkit to predict contamination,
shortcuts, and writing flaws in MCQs. We wrap it
in InspectAl, a library with judge logs, standard
prompts, and a UT to track runs (Appendix A.2).

2. Arigorous audit of 12 NLP benchmarks, showing
MCQA flaws are pervasive and impact LLM accu-
racy and rankings, especially writing errors on
crowdsourced and automatically written MCQs.

3. In-depth analysis on common writing flaws in
NLP’s and education’s MCQs, and evidence that
prior solutions do not fully address these issues.

4. A validation dataset of 8042 human judgments to
test LLM judge reliability in MCQ flaw detection.

2 BenchMarker: Marking MCQA Flaws

A multiple-choice question (MCQ) has a question
stem ¢ and choices C. Test-takers must pick the best
answer a € C and avoid distractors D = C \ {a}.
MCQs assess if test-takers can understand questions,
recall facts, and deduce choice correctness (Simkin
and Kuechler, 2005), but issues in MCQA datasets
undermine this goal (Chizhov et al., 2025). We thus
introduce BenchMarker (Figure 1), which builds
upon education research to detect benchmark flaws.

We design BenchMarker to detect flaws within
MCQs, leaving global issues like saturation (Vania
et al., 2021) and diversity (Uzunoglu et al., 2025)
as future work. For our blueprint, we review MCQA
work in education and NLP (Haladyna et al., 2002;
Balepur et al., 2025¢), informing us of three key
issues: contamination (§2.1), shortcuts (§2.2), and
writing errors (§2.3). We use LLM judges to predict
each issue, later shown to agree with humans (§3).

2.1 Contamination Detection

Educators typically write MCQs that students have
not seen before, testing the transfer of learning
beyond rote memorization (Roediger and Butler,
2011). Equivalently, NLP ensures that training and
testing dataset splits do not overlap (Larson, 1931),
assessing model generalization over memorization.

To score whether NLP systems can easily memo-
rize an MCQ, we check whether it exists online—a
practice educators use (Taylor et al., 2020). The in-
ternet is a reasonable proxy for pre-training? (Li
et al., 2024b)—such data is not fully disclosed but
likely on the web (Soldaini et al., 2024)—and tests
whether often-benchmarked retrieval-augmented

2Appendix A.9 compares to other contamination methods.



LLMs (Bragg et al., 2025) can cheat by finding the
MCQ and echoing its answer (Paleka et al., 2025).
We adapt Li et al. (2024b)’s web search check:
1) query a web API with question stem ¢ and gold
answer a as input; and 2) prompt an LLM to judge
whether the item is exactly/nearly-exactly in search
results, meaning it is contaminated. We do not flag
MCQs when the web pages have only the knowledge
linked to the answer (i.e. no explicit MCQA format),
since this would not lead to exact memorization.

2.2 Shortcuts Detection

MCQA is easy to score, as test-takers choose from
a list, but this can enable informed guessing (Frary,
1988): partial knowledge students can exploit short-
cuts in choices via meta-strategies to answer MCQs
(Lau et al., 2011, e.g., pick the “odd one out”, pat-
tern matching), subverting the MCQ’s validity. Like-
wise, NLP models reach above-random MCQA accu-
racy when answering using choices alone (Richard-
son and Sabharwal, 2020), spurring concerns that
MCQA benchmarks have superficial cues that fail to
assess true model abilities (Chandak et al., 2025).
A standard way to identify shortcuts is partial-
input studies (Poliak et al., 2018): isolating MCQs
that LLMs can solve with just the choices. Choices-
only accuracy is often equated with shortcuts
(Chandak et al., 2025), but this can be problem-
atic or benign. For example, in Figure 1 (middle),
when answering with the choices alone, the LLM
can guess which choice is the “odd one out” via
shallow cues (“Soda” is the only beverage in the
list, so it must be right), or more strategically infer
the original question (Styrofoam plates, motor oil,
and medicine are non-degradable, so the question
likely links to recycling and “soda can” is right).
The former is a concerning shortcut that lets models
bypass the MCQ, undermining benchmark validity,
but the latter is less problematic, since the model
effectively answers the original MCQ as intended.
To draw this line and see if models can shortcut
the MCQ in problematic ways, we prompt LLMs to
“think step by step” (Wei et al., 2022) to answer
with the choices and then guess the original ques-
tion, following Balepur et al. (2024b). An LLM
judge then evaluates whether the inferred question
is semantically equivalent to the true question. To
limit model variance when answering without the
question, we take a majority vote of three LLMs
with high choices-only accuracy from Balepur et al.
(2025a): GPT-5, Gemini 2.5 Pro, and Claude 4.5

Sonnet.? We predict the MCQ as having shortcuts
if: 1) LLMs solve the MCQ with just choices; and 2)
the inferred question does not match the original,
indicating that the MCQ has exploitable shortcuts.

2.3 Writing Error Detection

MCQs lose validity if authors add structural, seman-
tic, and grammatical errors while writing MCQs, as
they render the item misleading or unanswerable
(Haladyna et al., 2002). Analogously, if NLP mod-
els fail here, we cannot discern whether they lacked
skills MCQA tests or misinterpreted poor writing.

Educators have long recognized such errors and
have thus curated rubrics to rigorously assess MCQs
(Haladyna and Downing, 1989). Inspired by this,
we combine them with LLM judges (Hashemi et al.,
2024), which can follow rules to score outputs with
high human agreement (Kim et al., 2024). We take
the 19-rule Item-Writing Flaws rubric from Tarrant
et al. (2006), which avoids subjective rules in others
(Haladyna and Downing, 1989, e.g., “avoid trivial
material”) and has been used for over two decades
across domains in education—mostly higher edu-
cation (Schmucker and Moore, 2025). We prompt
LLMs to judge which rules an MCQ breaks, via 19
prompts with each flaw name, definition, and six ex-
amples (three flawed MCQs, three flawless MCQs).

The 19 rules ensure MCQs are clear (e.g., no am-
biguous terms like “mostly”, state questions clear-
ly/concisely in the stem), adhere to MCQA’s format
(e.g., have one right answer, make distractors plau-
sible), curb giveaways (e.g., the stem and choices
must be grammatically consistent), and are not mis-
leading (e.g., sort numerical options, avoid “none
of the above”); Table 8 has the full list. Some rules
may not always apply—work uses longer question
stems to test long-context abilities (Dua et al., 2019)
or “none of the above” for abstention (Elhady et al.,
2025)—but we use all 19, since our audited bench-
marks are more general (§4). We eventually reveal
the most pervasive issues are clarity and distractor
quality (§4.4), which apply to all MCQA datasets.

3 Validating BenchMarker’s Reliability

Before using BenchMarker, we ensure it reliably
predicts flaws. This section outlines datasets (§3.1),
annotations (§3.2), and baselines (§3.3) to confirm
BenchMarker agrees with human judgments (§3.4).

3We report per-model shortcut detection in Appendix A.10.



Dataset Domain Difficulty  Creation Strategy
Algebra Question Answering (Zhong et al., 2024, AQuA) Math Graduate Student Exams
AI2 Reasoning Challenge (Clark et al., 2018, ARC) Science Elementary  Student Exams
CommonsenseQA (Talmor et al., 2019, CQA) Commonsense  General Crowdworkers
HellaSwag (Zellers et al., 2019, HS) Commonsense  General = Model Generated
Multitask Language Understanding (Hendrycks et al., 2021, MMLU) Multi-Subject College Student Exams
Open Book Question Answering (Mihaylov et al., 2018, OBQA) Science Elementary ~ Crowdworkers
Physical Interaction Question Answering (Bisk et al., 2020, PIQA) Commonsense  General Crowdworkers
Question Answering via Sentence Composition (Khot et al., 2020, QASC) Science Elementary ~ Crowdworkers
Scholastic Aptitude Test (Zhong et al., 2024, SAT) Math High School = Student Exams
Social Intelligence Question Answering (Sap et al., 2019, SIQA) Commonsense  General Crowdworkers
Super Google Proof Question Answering (Du et al., 2025, SGPQA) Multi-Subject ~ Graduate Expert+Model
Truthful Question Answering (Lin et al., 2021, TQA) Commonsense  General Author-Written

Table 1: The MCQA benchmarks we mainly explore. We audit MCQs across varied domains, difficulties, and creation strategies.

3.1 Collecting MCQs for Human Review

We collect MCQs to assess BenchMarker from 12
MCQA datasets of varied domains, difficulties, and
creation strategies for dataset design (Table 1). We
could randomly sample MCQs, but this might omit
rare flaws. We instead run BenchMarker via GPT-5
as the judge on each benchmark’s training set, then
sample with stratification (Cochran, 1977; Zouhar
et al., 2025): for each metric, we sample up to ten
MCQs per dataset where GPT predicts the item is
flawed and up to ten GPT predicts are not flawed.
This sampling better surfaces positive and negative
cases, ensuring we have both labels for each metric.

BenchMarker is tailored for NLP datasets, but our
scores parallel what educators value when writing
MCQs (Haladyna et al., 2002), so we also test how
well LLMs judge MCQs designed for students. We
use Costello et al. (2018a)’s 4123 labels on the 19
writing rules from §2.3 on higher education exams
in computer science, humanities, health sciences,
psychology and math. This yields in-domain (for
NLP) and out-of-domain (for students) data for writ-
ing error detection. In total, we gather 229 MCQs to
label for contamination, 271 to label for shortcuts,
3419 to label for writing errors on NLP data, and
4123 human-written MCQs with existing writing
error labels, resulting in 8042 entries for validation.

3.2 Human Annotations on MCQs

‘We now collect human annotations on our MCQs to
validate judges. For contamination, annotators look
for the MCQ across four search engines (Google,
Bing, DuckDuckGo, and Brave), labeling it as 1
(flawed) if it exists exactly in any web page, 0 (not
flawed) otherwise. For shortcuts, annotators com-
pare GPT’s inferred question from just the choices
to the original question stem. They label the item
as 1 if the two do not semantically match—not test-

ing the same concepts—following Balepur et al.
(2024Db), and 0 otherwise. For writing errors, anno-
tators see a rule from the 19-item rubric and mark
whether the MCQ violates it via its definition and
examples, following Moore et al. (2023a).

We do not use crowdworkers to rate MCQ qual-
ity, since Moore et al. (2023a) show they have 25%
disagreement with experts. Thus, we use a proto-
col based on qualitative coding in HCI (Bingham,
2023): Author A—an English-speaking CS grad-
uate researcher with papers and annotation expe-
rience in MCQA—Ilabels each MCQ, and Author B
with the same background labels 50 random items
for each metric (50 labels for each writing rule, for
19 - 50 = 950 in all) to evaluate reliability. They
have >80% agreement per metric (Appendix A.5).

3.3 Baseline and Metric Selection

We now assess how well LLM judge predictions )
match humans () on our validation set. For short-
cut/writing errors, we use 23 open/closed LLMs
across seven families: 1) Gemini 2.5 (Comanici
et al., 2025, Lite, Flash, Pro); 2) GPT-5 (OpenAl,
2025, Nano, Mini, Base); 3) Claude 4.5 (Anthropic,
2025, Haiku, Sonnet); 4) Command (Gomez, 2024,
R, R+); 5) Qwen-3 (Yang et al., 2025, 0.6, 1.7, 4,
8, 14, 32B); 6) Gemma-3 (Team et al., 2025, 4, 12,
7B); and 7) LLaMA-3 (Dubey et al., 2024, 1, 3, 8§,
70B). We prompt LLMs with default parameters and
request a JSON with a prediction and explanation.
We also assess the Scalable Automatic Question
Usability Evaluation Toolkit (Moore et al., 2024,
SAQUET) for writing errors, which uses heuristics
and GPT-5 judges to detect the 19 writing errors we
study, but optimized on the out-of-domain valida-
tion set of student exams (§3.1). Contamination de-
tection relies on web search quality (§2.1), so we
only use our three best LLMs (Gemini Pro, GPT-5,



Shortcuts

Writing (In Domain, NLP)

Writing (Out of Domain, Human)

Method Accuracy F1 Score Cohen’s k | Accuracy F1 Score Cohen’s x | Accuracy F1 Score Cohen’s x
Gemini 2.5 Lite 0.76 0.74 0.51 0.68 0.56 0.35 0.71 0.28 0.18
Gemini 2.5 Flash 0.69 0.68 0.41 0.79% 0.62 0.47 0.85 0.38 0.31
Gemini 2.5 Pro 0.70 0.69 0.43 0.82 0.66 0.53 0.86 0.39 0.33
GPT-5 Nano 0.68 0.65 0.38 0.74 0.39 0.22 0.88 0.21 0.14
GPT-5 Mini 0.77 0.72 0.53 0.75 0.55 0.38 0.84 0.32 0.25
GPT-5 0.82x 0.75 0.61 0.81 = 0.63 0.50 0.87 0.37 0.30
Claude 4.5 Haiku 0.78x 0.73 0.55 0.72 0.58 0.38 0.76 0.31 0.22
Claude 4.5 Sonnet 0.81x 0.75 0.59 0.79x 0.63 0.48 0.83 0.36 0.28
Command R 0.74 0.72 0.50 0.77 0.53 0.38 0.89 0.37 0.31
Command R+ 0.72 0.70 0.46 0.76 0.53 0.36 0.88 0.36 0.30
Qwen-3 0.6B 0.71 0.64 0.39 0.73 0.05 0.00 0.90 0.06 0.02
Qwen-3 1.7B 0.62 0.64 0.31 0.76 0.25 0.16 0.91 0.16 0.12
Qwen-3 4B 0.42 0.55 0.05 0.73 0.49 0.32 0.88 0.32 0.26
Qwen-3 8B 0.57 0.61 0.24 0.70 0.54 0.33 0.79 0.29 0.20
Qwen-3 14B 0.61 0.64 0.30 0.71 0.55 0.34 0.80 0.32 0.23
Qwen-3 32B 0.73 0.71 0.48 0.71 0.55 0.35 0.80 0.33 0.25
Gemma-3 4B 0.50 0.59 0.16 0.63 0.46 0.20 0.74 0.25 0.15
Gemma-3 12B 0.61 0.64 0.31 0.75 0.04 0.03 0.92 0.11 0.09
Gemma-3 27B 0.74 0.72 0.50 0.75 0.03 0.02 0.93 0.03 0.02
LLaMA-3.2 1B 0.56 0.30 0.00 0.47 0.38 0.03 0.42 0.14 0.01
LLaMA-3.2 3B 0.58 0.62 0.26 0.68 0.37 0.16 0.81 0.19 0.09
LLaMA-3.1 8B 0.49 0.58 0.14 0.71 0.38 0.19 0.86 0.22 0.14
LLaMA-3.1 70B 0.61 0.62 0.28 0.64 0.47 0.22 0.73 0.23 0.12
SAQUET — — — | 0.78 0.40 028 | 093 0.52 0.48
Random (50/50) 0.50 0.42 0.00 0.50 0.34 0.00 0.50 0.13 0.00
Always Not Flawed ~ 0.64 0.00 0.00 0.74 0.00 0.00 0.93 0.00 0.00
Always Flawed 0.37 0.54 0.00 0.26 0.41 0.00 0.08 0.14 0.00

Table 2: Human—judge agreement for shortcuts and writing flaw detection. * on accuracy means the method has significantly
better predictions than all trivial baselines (McNemar, 1947, Mcnemar’s test, p < 0.05 with Bonferroni correction). Appendix A.6
has results grouped by each of the 19 writing flaws. The most reliable LLM judges are bold, informing BenchMarker’s design.

Method Accuracy F1 Score Cohen’s x
Google + Gemini Pro 0.70* 0.65 0.41
Google + GPT-5 0.71* 0.68 0.44
Google + Claude Sonnet  0.69* 0.64 0.40
Brave + GPT-5 0.54 0.28 0.14
Perplexity + GPT-5 0.64 0.53 0.31
Exa + GPT-5 0.59 043 0.22
Tavily + GPT-5 0.58 0.41 0.20
Serper + GPT-5 0.68 0.65 0.36
Random (50/50) 0.50 0.52 0.00
Always Not Flawed 0.46 0.00 0.00
Always Flawed 0.54 0.70 0.00

Table 3: Human—judge agreement for contamination detec-
tion. * means the method is significantly better than trivial
baselines (McNemar, 1947, Mcnemar’s test, p < 0.05, Bon-
ferroni correction). Appendix A.7 shows all LLM/API combi-
nations. Google with GPT-5 is the most reliable LLM judge.

Sonnet), and focus on testing six web search APIs:
Google, Bing, Perplexity, Exa, Tavily, and Serper.

We report accuracy (the proportion where [ =10,
F1 Score (harmonic mean of precision/recall, mea-
suring how well [ predicts [ with class imbalance),
and Cohen’s k (Cohen, 1960, non-random agree-
ment of [ and [). To interpret scores, we add trivial
baselines for each flaw type: randomly (50/50) pre-
dict O (not flawed) or 1 (flawed), always predict 0,
and always predict 1. Beating these baselines gives
confidence that judges informatively detect flaws.

3.4 BenchMarker Agrees with Human Judges

We now evaluate how well judges agree with hu-
mans. In contamination, Google is the best search
API, and GPT-5 surpasses Gemini and Claude at
using its web pages (Table 3). F1 is similar to
the “Always Flawed” baseline, but accuracy/Co-
hen’s x are much higher, and Google+GPT-5’s low
F1 mainly stems from low recall; precision is 0.86.
Manual analysis shows Google’s API gives a subset
of public search engine results—our annotations
flag contaminated MCQs APIs may not surface—so
we still deem our contamination detection strong.

In shortcuts/writing errors, many LLMs beat triv-
ial baselines (Table 2); the best models are closed-
source (GPT-5, Gemini Pro), but open-weight ones
compete (Command R, Qwen 32B), so future work
can study tuning smaller LLMs to close this gap for
efficiency/reproducibility. GPT-5 has higher mean
F1/Cohen’s k than SAQUET on in-domain and out-
of-domain data, making BenchMarker state-of-the-
art at detecting writing flaws versus existing tools.
BenchMarker’s competitive scores on educator-
written exams suggest it could also help educators.

We want BenchMarker to be useful across MCQA
datasets, so we also report its generalization. For
the best LLMs in Tables 2 and 3, accuracy’s stan-
dard deviation is 0.07 for shortcuts, 0.15 for con-
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Figure 2: Prevalence of flaws in MCQA benchmarks, grouped by whether the MCQs originate from student assessments. While
MCQs from exam-based benchmarks are more commonly found online (top left), they contain far fewer writing flaws (bottom).
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Dataset |  Flaw NoFlaw  AAcc| Flaw NoFlaw  AAcc |  Flaw NoFlaw ~ AAcc |  Flaw NoFlaw  AAcc
AQUA 0.74 £0.07 0.76 £0.02 +2.89 [ 0.75+0.05 0.76 = 0.02 +0.65 | 0.68 +£0.03 0.81 £0.02 +19.34|0.72 £0.03 0.81 £0.02 +11.52
ARC 0.90 £0.01 0.87 £0.01 -3.31 [0.85+0.02 0.88+0.00 +4.03 |0.86£0.01 0.89 £0.01 +3.62 |0.88£0.01 0.88 £0.01 +0.08
CQA 0.74 £0.04 0.78 £0.01 +4.71 [ 0.70 £0.05 0.78 £0.01 +11.49]0.77 £0.01 0.89 £0.03 +14.60|0.77 0.01 0.88 &= 0.04 +14.12
HS 0.87 £0.03 0.78 £0.01 -9.84 [ 0.74 £0.02 0.79 £ 0.01 +6.75 | 0.78 £ 0.01 — — 0.78 £ 0.01 — —
MMLU |0.85+0.01 0.75+£0.01 -11.20|0.76 £0.03 0.80 +0.01 +4.95 |0.77 £0.01 0.83+£0.01 +7.83 |0.79 £0.01 0.79 £0.02 -0.83
OBQA 0.86 £0.04 0.87 £0.01 +1.69 | 0.86+0.01 0.87 +0.01 +1.45 [0.86£0.01 0.92+0.01 +6.33 |0.87£0.01 0.92+0.01 +6.71
PIQA 0.90 £0.03 091 +£0.01 +0.73 | 0.86 +0.01 0.92 +0.01 +6.16 [0.90+£0.01 0.93 £0.01 +3.40 |0.90=£0.01 0.94£0.01 +3.95
QASC 0.59 £0.05 0.60 +0.01 +2.96 | 0.55+0.05 0.61 £0.01 +9.33 | 0.60 = 0.01 0.70 & 0.06 +17.20 | 0.60 £ 0.01 0.66 &+ 0.07 +9.00
SAT 0.74 £0.04 0.79 £0.01 +6.65 | 0.77 £0.04 0.78 £0.02 +0.99 [ 0.74 £0.05 0.79 £0.01 +6.71 |0.77 £0.03 0.80 £0.01 +3.91
SIQA 1.00 £ 0.00 0.80 £0.01 -19.86 [ 0.80 & 0.02 0.80 & 0.01 +0.12 [ 0.79 £0.01 0.97 £0.01 +22.4210.79 £0.01 0.97 £0.01 +22.74
SGPQA |0.47 +0.03 048 +0.01 +2.49 |0.53 £0.02 047 £0.01 -9.71 |0.4540.01 0.57 =0.01 +25.85|0.46 & 0.01 0.57 & 0.01 +24.02
TQA 0.76 £0.02 0.78 £0.02 +2.47 [ 0.60 & 0.06 0.78 & 0.01 +31.520.77 £0.01 0.93 £0.03 +21.53|0.77 £0.01 0.94 £0.04 +21.95
Micro v | 0.81 £0.01 0.76 £0.00 -6.90 |0.77 £0.01 0.77 £0.00 -1.03 [0.75£0.00 0.83 £0.00 +9.83 |[0.76 = 0.00 0.80 £ 0.01 +5.39
Macro p | 0.78 £ 0.04 0.76 £0.03 -2.48 | 0.73 £0.03 0.77 £0.04 +535 [0.75£0.04 0.84 £0.04 +12.17 |0.76 = 0.04 0.83 £ 0.04 +9.61

Table 4: LLM accuracy on flawed and not flawed MCQA dataset splits across each flaw type. Micro/macro averages show that
contaminated splits tend to have higher accuracy, and splits with two or more writing errors tend to have lower accuracy.

tamination, and 0.06 for writing errors; we later re-
veal writing errors are crucial for NLP to fix (§4.2)
and encouragingly, standard deviation is low.

3.5 Recommendation: LLMs in BenchMarker

Overall, LLMs predict MCQ contamination, short-
cuts, and each of the 19 writing errors with Cohen’s
x and accuracy matching standard LLM judge pro-
tocols (Zheng et al., 2023; Bavaresco et al., 2025).
When using BenchMarker for the rest of our analy-
ses (§4), we use the LLMs with the best Cohen’s x
in Tables 2 and 3 for the three flaw types. For writ-
ing errors, we pick the LLM with the best Cohen’s
k for each of the 19 errors types (Appendix A.4).
Most of BenchMarker’s cost comes from writing
flaw detection, which uses 19 LLM judges per item.
For researchers with limited resources, Gemini-2.5
Pro is likely too expensive; we recommend Gemini-
2.5 Flash, which is only 0.05 below Gemini-2.5 Pro
in Cohen’s k and is ~ i of the cost.* We provide a
more detailed cost breakdown in Appendix A.11.
Finally, for researchers without access to closed-

“https://ai.google.dev/gemini-api/docs/pricing

source LLMs, we recommend Cohere Command-R
for writing flaw detection; it has the best Cohen’s
 out of all open-weight LLMs. In Appendix A.12,
we run follow-up experiments on judge ensembling,
confidence calibration, and writing flaw detection
failures to further support this recommendation.

4 A Report Card for MCQA Benchmarks

Having validated BenchMarker, we now use it to
audit benchmarks (§4.1) and study how flaws im-
pact evaluation (§4.2, §4.3). We reveal writing er-
rors are rife (§4.4), unaffected by prior fixes (§4.5).

4.1 MCQA Benchmarks are Rife with Flaws

We run BenchMarker on up to 1000 sampled MCQs
from the test sets of 12 benchmarks in Table 1, pre-
dicting contamination, shortcut, and writing errors.
All datasets have flaws (Figure 2): we detect 47%
of Truthful QA exists online, 23% of SociallQA has
shortcuts, and on average, each item in HellaSwag
violates 44% of the 19 writing rules. In education,
MCQs violating 2+ writing rules are “unacceptable”
(Tarrant et al., 2006), but we suspect 7/12 datasets



Contamination Shortcuts 2+ Writing Errors Any Flaw

Model ‘ All No Flaw  Random ‘ All No Flaw  Random ‘ All No Flaw  Random ‘ All No Flaw  Random
Gemini-2.5 Lite [ 0.530 (10) 0.525 (10) 0.530 (10)|0.530 (10) 0.525 (10) 0.520 (10) | 0.530 (10) 0.542 (10) 0.489 (10)|0.530 (10) 0.505 (10) 0.469 (10)
Gemini-2.5 Flash | 0.562(9) 0.560(9) 0.568 (9) | 0.562(9) 0.559(9) 0.554(9) | 0.562(9) 0.585(9) 0.526 (9) | 0.562(9) 0.557(9) 0.514 (9)
Gemini-2.5 Pro 0.865(3) 0.857(3) 0.856(3) | 0.865(3) 0.862(3) 0.862(3) | 0.865(3) 0.961 (1) 0.909 (2) | 0.865 (3) 0.955(1) 0.894(2)
GPT-5 Nano 0.825(6) 0.815(6) 0.816(6) | 0.825(6) 0.823(6) 0.822(6) | 0.825(6) 0.927 (5) 0.868 (6) | 0.825(6) 0.911 (5) 0.850 (6)
GPT-5 Mini 0.858 (4) 0.848(4) 0.849(4) | 0.858 (4) 0.858 (4) 0.855(4) | 0.858 (4) 0.953 (3) 0.899 (4) | 0.858 (4) 0.942 (3) 0.883(4)
GPT-5 0.878 (1) 0.870(1) 0.871(1) | 0.878 (1) 0.877 (1) 0.875(1) | 0.878 (1) 0.958 (2) 0.916(1) | 0.878 (1) 0.950 (2) 0.902 (1)
Claude 4.5 Haiku | 0.832(5) 0.821(5) 0.823(5) | 0.832(5) 0.829(5) 0.828(5) | 0.832(5) 0.919(6) 0.872(5) | 0.832(5) 0.898 (6) 0.852 (5)
Claude 4.5 Sonnet | 0.874 (2) 0.863 (2) 0.864(2) | 0.874(2) 0.872(2) 0.871(2) | 0.874(2) 0.937(4) 0.908 (3) | 0.874(2) 0.916 (4) 0.890 (3)
Command R 0.699 (8) 0.686(8) 0.694 (8) | 0.699 (8) 0.699 (8) 0.694 (8) | 0.699 (8) 0.730(8) 0.705 (8) | 0.699 (8) 0.676 (8) 0.678 (8)
Command R+ 0.720 (7)  0.706 (7) 0.712(7) | 0.720(7) 0.719(7) 0.716 (7) | 0.720 (7) 0.766 (7) 0.738 (7) | 0.720 (7) 0.719 (7) 0.708 (7)
Spearman’s p ‘ — 1.000 1.000 ‘ — 1.000 1.000 ‘ 0.927 0.986 ‘ — 0.927 0.978

Table 5: LLM rank (in parentheses) correlation between full vs no flaw/random splits. Removing contamination and shortcuts
does not shift rankings, but filtering writing errors or any flaw does beyond random, confirmed via permutation tests (o« = 0.01).

have over 90% of items with 2+ writing violations.

Grouping items by their origin shows those from
educator-written student exams (blue, not hatched)
have fewer writing flaws than those written auto-
matically or by crowdworkers (red, hatched), show-
ing education’s value in MCQA design. Out of the
non-educator MCQs, SGPQA has the fewest writing
flaws; experts wrote them with LLMs, so human-AI
writing is a promising path to improve MCQs. De-
spite this benefit, educator-written MCQs are more
contaminated; annotation (§3.2) found many items
online as study aids (e.g., flashcards, tutor sites), so
LLM developers could filter websites linked to test
preparation to stop this (Soldaini et al., 2024). One
may expect contamination to link to release dates,
but older MCQs (HellaSwag) have 0 contamination
score while more recent ones (TQA) can be higher.

Lastly, choices-only accuracy can overestimate
shortcut prevalence (Fig 2, top right). While ARC,
TQA, and OBQA have high choices-only accuracy,
it often stems from non-problematic strategies—the
inferred question often matches the original. After
filtering these cases, shortcut prevalence drops (e.g.,
83% — 6% on TQA). Past work cites high choices-
only accuracy as evidence of dataset flaws (Chan-
dak et al., 2025), but without considering why mod-
els succeed, this metric alone overestimates them.

4.2 MCQA Flaws Degrade LLM Evaluation

Having exposed benchmark flaws, we now test their
evaluation impact, informing which issues to prior-
itize fixing. We evaluate 10 LLMs—GPT, Gemini,
Claude, and Cohere §3.3—on our MCQs. Given the
brittleness of LLMs’ first-token probabilities (Wang
et al., 2024a,b; Molfese et al., 2025), we instead
use a prompt that requests a structured response
with the model’s selected choice, implemented in
InspectAl (Appendix A.2). We report mean LLM

accuracy” on the “Flaw” vs “No Flaw” splits (§4.1)
to analyze how each flaw type relates to accuracy.

Scores differ per-dataset (Table 4), but: 1) Con-
taminated splits have higher accuracy, similar to
how memorized items are often easier for students
and LLMs (Ebbinghaus, 1913; Sainz et al., 2023);
(2) Splits violating 2+ writing rules have lower
accuracy, aligning with research revealing poorly
written items mislead test-takers (Schmucker and
Moore, 2025; Nahum et al., 2025); and while Gupta
et al. (2025) find filtering MCQs with choices-only
success lowers MCQA accuracy,® they do not con-
sider how success arises. But (3) Splits with short-
cuts have similar/mixed accuracy after correct-
ing for strategy, backing claims that choices-only
success alone overstates shortcut issues (Balepur
etal., 2025a). Viewing all flaws, writing errors tend
to dominate (Table 4, right), so lower MCQA scores
could stem from model failures in solving poorly-
written items, rather than what MCQA aims to test.

Across every flaw, we argue that writing errors
are most critical to fix, given their accuracy drops
(Table 4) and prevalence (Fig 2). We study the most
common writing flaws in §4.4 to guide future work.

4.3 McCQA Flaws Can Shift LLM Rankings

Users look at MCQA benchmark rankings to decide
which LLMs to use daily (Liang et al., 2023), and
researchers use them to select model checkpoints
for further training (Walsh et al., 2025). To study if
McCQ flaws could change these decisions, we run
the 10 LLMs in §4.2 over all 12 benchmarks using
the “Full” and “No Flaw” data splits. We also make
a “Random” split by uniformly sampling the same

SMean accuracy is used in NLP (Hofmann et al., 2025), but
using difficulty from Item Response Theory (Lord and Novick,
2008), an education tool, maintains claims (Appendix A.8).

®We reproduce this result in Appendix A.10.
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Figure 3: The five most common writing errors BenchMarker
predicts in MCQA benchmarks, grouped by whether they stem
from student exams. Most flaws relate to clarity and distractor
difficulty. Appendix A.6 has the full distribution of 19 flaws.

number of MCQs as in the “No Flaw” split,” testing
whether changes are just due to sampling variation.

LLM ranks on the “Full” and “No Flaw” splits
are identical for contamination and shortcuts (Ta-
ble 5), but ranks shift by up to two positions for
writing errors. These shifts exceed random sam-
pling: writing errors can change the models users
and researchers select. We speculate these changes
are starker when comparing LLMs of similar abili-
ties (e.g., LLM pre-training checkpoints). This fur-
ther backs our suggestion for NLP to devote more
time toward reducing writing errors in benchmarks.

4.4 The Writing Errors for NLP to Address

Writing errors are pervasive (§4.1) and shift LLM
ranks (8§4.2), so we advise researchers to focus on
fixing them. To inform these efforts, we now study
the most common writing errors in our datasets. On
student-based (standardized tests) and non-student-
based MCQs, five flaws emerge: ambiguous ques-
tion stems, indirectly asking questions, unclear
language, grammatical inconsistency in questions
and choices, and implausible distractors (Figure 3).
The first four lead to unclear MCQs, an issue text
simplification research has been working to rem-
edy (Chandrasekar et al., 1996). The last links to
distractor difficulty, matching recent education ef-
forts in LLM distractor generation (McNichols et al.,
2023; Lee et al., 2025). As similar writing errors
plague MCQs in NLP and education—and both are
building solutions—there is a clear opportunity for
the fields to collaborate on tools to fix these flaws.

4.5 The Trade-Offs of Benchmark Fixes

Prior work also finds writing errors in MCQA bench-
marks, spurring new versions. MMLU-Pro (Wang
et al., 2024c) and MMLU-Redux (Gema et al.,

7Averaged across 100 random seeds (0-99) for robustness.

Dataset Contam. Shortcuts Writing Accuracy
HellaSwag 0.00 0.31 0.42 0.78
GoldenSwag 0.00 0.34 0.44 0.84
MMLU 0.45 0.12 0.12 0.79
MMLU Pro 0.24 0.12 0.15 0.63
MMLU Redux  0.44 0.13 0.12 0.81

Table 6: BenchMarker scores on MCQA datasets and their
revised versions, along with the average accuracy of the 10
LLMs in §4.2. We score writing errors over all 19 rules. Re-
vised datasets fix what they intend to (e.g. lower MMLU-Pro
accuracy), but add errors (e.g. writing flaws in MMLU-Pro).

Model P2+ Errors) IP(Flawless) IP(New Error)
GPT-5.2 0.97 — 0.64 0.26 0.56
Claude Sonnet 0.97 — 0.64 0.32 0.68
Qwen 235B 0.97 — 0.68 0.26 0.62

Table 7: The proportion of MCQs with 2+ writing errors, no
writing errors, and new errors after prompting GPT, Claude,
and Qwen to fix writing errors in TruthfulQA. Simple prompt-
ing does not fully reduce errors and often introduces new ones.

2025) adjust MMLU to fix ambiguity and gold an-
swers; GoldenSwag revises HellaSwag to improve
grammar and distractors (Chizhov et al., 2025). We
now run BenchMarker to study these revisions.
We first verify each revision works: GoldenSwag
and MMLU-Redux fix labels, boosting accuracy,
while MMLU-Pro drops accuracy via LLM-written
distractors (Table 6). But GoldenSwag and MMLU-
Pro add writing errors, which can impact evaluation
(§4.2). Analyzing writing rules helps explain why.
GoldenSwag removes MCQs with multiple correct
answers (18% — 4%) and differences in choice
length (52% — 43%) as intended, but adds gram-
mar inconsistencies (68% — 79%), perhaps due to
its automated filtering. MMLU-Pro’s LLM-written
distractors lower accuracy, but we detect they are
less plausible (7% — 17%) and correct when they
should be incorrect (10% — 22%). For example,
one MMLU-Pro MCQ asks for an element’s change
in atomic number after emitting particles, with an-
swer “zero”. LLMs incorrectly create the distractor
“does not change”; this lowers accuracy, but only
because models are split on which answer to select.
Finally, we test whether LLMs can rewrite MCQs
to reduce the writing errors BenchMarker detects.
We prompt GPT-5.2, Claude Sonnet, and Qwen-
235B with MCQs from Truthful QA and the writ-
ing errors detected by BenchMarker, and ask each
model to return an MCQ that corrects these flaws.
Across LLMs, this does not eliminate errors and can
even introduce new ones (Table 7), motivating the



need for future work to explore novel approaches
beyond simple prompting for rewriting MCQs.
While these revisions take meaningful steps to-
ward reliable MCQA evaluation, they highlight that
benchmark correction is multi-objective: fixing one
flaw can add others. Robust MCQA correction thus
requires iterative refinement, and BenchMarker is
one way to track progress. Researchers can use our
tool to verify whether their targeted fixes improve
MCQs as intended or inadvertently add new errors.

5 Related Work

As we instantiate MCQA educational theory via NLP
methods, we review MCQA’s history in both NLP
evaluation (§5.1) and human assessments (§5.2)

5.1 Multiple-Choice Evaluation in NLP

Multiple-choice questions (MCQs) have historically
been used in NLP, with early work testing common-
sense (Levesque et al., 2012) and comprehension
(Richardson et al., 2013); solving these was an “Al
grand challenge” (Reddy, 1988). MCQA became
standard with the advent of LLMs; Robinson and
Wingate (2023) found one could prompt LLMs to
answer MCQs like students and easily score them,
spurring harder MCQs (Rein et al., 2024) and leader-
board use (Liang et al., 2023; Fourrier et al., 2024).

Despite this popularity, many NLP works show
issues in MCQA. Models unreliably solve MCQs—
brittle to symbolic (Alzahrani et al., 2024), logi-
cal (Kawabata and Sugawara, 2023; Balepur et al.,
2024a, 2025b), and language (Singh et al., 2025)
perturbations. MCQA datasets fall victim to contam-
ination (Li et al., 2024b), poor grammar (Mousavi
et al., 2025), plausibility errors (Palta et al., 2024),
and shortcuts (Balepur et al., 2024b; Balepur and
Rudinger, 2024). Prior research also argues that
MCQA misaligns with educational assessment goals
like commonsense (Davis, 2014), neglect real user
needs (Saxon et al., 2024; Balepur et al., 2025c¢),
and should be categorized by what the question
intends to evaluate (Rodriguez and Boyd-Graber,
2021; Rogers et al., 2023). We synthesize these in-
sights to prioritize flaws in BenchMarker’s design.

In response, previous work has designed tools to
improve MCQA benchmarks globally in diversity
(Perlitz et al., 2024b), efficiency (Hofmann et al.,
2025), and saturation (Polo et al., 2024), and at the
MCQ level via dataset-specific annotation protocols
(Wang et al., 2024c; Chizhov et al., 2025; Mousavi
et al., 2025). Conversely, we present BenchMarker

as a general toolkit for the latter and use it to audit
12 NLP benchmarks, study how flaws impact LLM
evaluation, and analyze prior correction strategies.

5.2 Multiple-Choice Testing in Education

MCQA is a long-standing format for students (Mon-
roe, 1917), but education researchers still look to
boost its construct validity (Cronbach and Meehl,
1955): ensuring MCQA tests what it intends to. This
has been achieved via new scoring (Finetti, 1965),
answer formats (Snow, 2012), and adaptive testing
(Lord, 1964)—all validated with students. We ar-
gue NLP can mirror this—testing how educational
theory alters evaluation—as done in BenchMarker.
The closest work to ours is MCQ quality estima-
tion (Wang et al., 2023). Such work often relies on
similarity metrics like BLEU (Mulla and Gharpure,
2023), custom rules (Moore et al., 2023b), or item
measures like perplexity (Raina and Gales, 2022),
but these disagree with expert judgments (Van der
Lee et al., 2021). Recent work has thus extended
stronger NLP methods like LLM-as-a-judge (Moore
etal., 2024), but usually target a single flaw type. In
contrast, BenchMarker flags contamination, short-
cuts, and writing errors, and we release all code and
annotations to aid future work in this sparse area.

6 Conclusion: BenchMarker’s Next Steps

Multiple-choice benchmarks are laced with flaws
that harm NLP, but BenchMarker offers a path to-
wards redemption: predicting MCQs with contami-
nation, shortcuts, and writing errors. While Bench-
Marker’s LLM judges are sufficient for benchmark
audits, further work remains in executing contami-
nation detection with cheaper search APIs, training
efficient LLMs to match closed-source judges, and
stress-testing BenchMarker’s generalization across
languages and domains. Our released code and an-
notated validation sets will facilitate these efforts.
Beyond diagnosis, our future work seeks to re-
pair these flaws; we believe optimizing prompts for
rewriting via BenchMarker-as-a-verifier (Opsahl-
Ong et al., 2024), running user studies in human—AI
rewriting interfaces (Cui et al., 2024; Wallace et al.,
2019; Sung et al., 2025a), and drawing on educa-
tional testing theory for construct validation (Ro-
driguez et al., 2021; Hofmann et al., 2025) are
useful next steps towards this. Overall, despite NLP
facing an “evaluation crisis” (Blodgett et al., 2024),
our paper shows educational standards are a valu-
able lifeline for rigorously assessing NLP systems.



7 Limitations

BenchMarker is currently designed to detect flaws
in NLP benchmarks, but does not currently offer
remediation strategies apart from flagging the item
for human review or completely discarding the
item. While still useful for improving NLP bench-
marks, we believe a necessary future step is using
these scores to refine MCQs. This step is outside the
scope of our paper, but there is extensive research
in automatically generating MCQs with LLMs (Lee
et al., 2025; Parikh et al., 2025), and we are excited
about applying these insights to future iterations of
BenchMarker, incorporating LLM rewrites for these
flaws without solely relying on human intervention.

While we have tested BenchMarker’s generaliza-
tion across our 12 MCQA benchmarks spanning dif-
ferent domains, difficulties, and creation strategies
(Table 1), there are other types of MCQA datasets
we did not explore, such as languages beyond En-
glish (Son et al., 2025; Li et al., 2024a), specific
domains like medicine (Pal et al., 2022) and coding
(Gu et al., 2024), and cultures (Chiu et al., 2025).
Some dimensions may arise in multi-domain bench-
marks like MMLU (Hendrycks et al., 2021) and
Super GPQA (Du et al., 2025), but they were not a
central focus of our experiments. By releasing our
toolkit publicly, we hope to collect feedback from
the NLP community on which areas BenchMarker
struggles in and learn how it can be improved.

There are are many other issues in MCQA bench-
marks that BenchMarker does not tackle, particu-
larly at the global level like saturation (Saxon et al.,
2024), efficiency (Perlitz et al., 2024a), and diver-
sity (Singh et al., 2025). To narrow BenchMarker’s
scope, we draw on prior critiques of MCQA evalua-
tions (Balepur et al., 2025¢; Chandak et al., 2025)
and education research (Haladyna and Downing,
1989) and focus on item-specific errors, leading to
our flaws of contamination, shortcuts, and writing
errors. As BenchMarker uses the InspectAl library
(UK AI Security Institute, 2024), it is simple for
researchers to extend our tool and add metrics they
value, designed as “scorers” in the library.

Finally, some argue that benchmark errors (e.g.
poor grammar) are representative of real-world user
queries, so they do not need to be remedied. We
counter that if reasoning over noisy inputs is part
of the task description, these should still be intro-
duced systematically and researchers should know
which items have these flaws—ideally as a separate
task (Guo and Vosoughi, 2024)—so researchers can

better understand where their models fail. Bench-
Marker facilitates these evaluation efforts by de-
tecting such flaws, allowing researchers to create
clean and noisy splits of their benchmarks (§4.2).

8 Ethical Considerations

Low-quality benchmarks can undermine NLP evalu-
ations, and BenchMarker takes steps to correct that
in MCQA datasets, offering a toolkit to flag flaws
in MCQs. However, our LLM judges are imperfect
(§3), so we advise against using BenchMarker as
the only tool to flag and fix quality errors of MCQA
benchmarks, especially without any human inter-
vention. As discussed in §6, we are excited about
integrating BenchMarker into online user interfaces
and running studies to understand how our toolkit
can best support NLP researchers and educators.
Generative Al (GenAl) was used in this project.
We used Cursor® to design plots and refactor code,
and GPT-5 to refine paper writing for brevity. We
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 Survey of NLP Evaluation

To motivate our design of BenchMarker, we first
survey Al papers that release MCQA benchmarks.
We search Google Scholar, Semantic Scholar, the
ACL Anthology, and query Deep Research tools
(ScholarQA) with keywords related to “multiple-
choice” and “benchmarks”, yielding 39 total papers
from 2013-2025 for manual review. For each paper,
we mark: 1) whether the authors report any dataset
quality control; and 2) whether the authors contex-
tualize this quality with respect to other datasets.
We find that 23% of benchmark papers report no
quality control, and 49% do not compare dataset
quality to other datasets. While comparing dataset
quality is nice to have, we believe reporting qual-
ity control is necessary—fortunately, BenchMarker
aids both of these goals. Several works that draw di-
rectly from human exams report no quality control,
assuming they are high-quality, but our analysis
reveals that even these questions can have flaws
(§4.1). Thus, we recommend that all researchers
review their MCQA benchmarks before release.

A.2 InspectAl Implementation

InspectAl” is a recent effort from the United King-
dom’s Al Security Institute to standardize NLP eval-
uations (UK Al Security Institute, 2024). Any In-
spectAl framework contains three parts:

1. Task: The data for the task. In our setup, these
are the question stem, choices, and answer of
the multiple-choice question.

2. Solver: The NLP system that solves the task.
In our setup, this is either a function that re-
turns the entire dataset when we are scoring
the dataset itself, or these are the LLMs from
§4.2 that we run LLMs on our dataset.

3. Scorer: How task success/failure is evaluated.
In our setup, these are either the contamina-
tion, shortcuts, and writing flaw judges used
in BenchMarker, or a standard accuracy score
when we run LLMs on our dataset.

InspectAl allows researchers to easily add their
own tasks, solvers, and scorers in a standardized
way, which in our case, will allow researchers to
extend BenchMarker more easily. It also provides
an easy-to-use UI, which could form the basis for
future user studies in LLM evaluation (Figure 4).
The library has been adopted in other benchmark-

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

ing efforts like AstaBench (Bragg et al., 2025), and
we use it in BenchMarker to motivate further use.
Appendix A.13 has the prompts used in Inspect.

A.3 Dataset Details

Out of the datasets in the paper, we use the training
sets of each dataset for judge validation, and the
test sets of each dataset for auditing. The common-
sense datasets (e.g., SociallQA) have fully held-out
test sets, so we instead use the validation sets; we
find it to be a positive sign that the validation sets
have low contamination rates, as this is likely an up-
per bound for test set contamination. For datasets
with more than 1000 MCQs, we sample 1000 uni-
formly for auditing. Exceptions are AQuA, SAT,
and TruthfulQA, which only have a single set of
questions, so we split them evenly between train
and test, yielding 127 test set items for AQuA, 104
test set items for SAT, and 409 test set items for
TruthfulQA. We take random samples, so our met-
rics are unbiased estimates of the full data.

All datasets are publicly available, so our exper-
iments are within their intended use. We did not
collect any datasets, so we did not check for PII.
To our knowledge, all questions are in English.

A.4 LLM Implementation Details

We run every LLMs using default parameters, both
for judge experiments and benchmark audits. We
use CPUs only when running LLMs via APIs, one
NVIDIA rtxa6000 GPU for open-weight LLMs below
8B parameters called via Huggingface, and eight
NVIDIA rtxa5000’s for all other open-weight LLMs
called via Huggingface. We allocate 24 hours for
each run. All results are reported from a single run.

In our experiments, we run all closed-source and
Cohere models using litellm'* and all other models
via Huggingface’s inference endpoint.'! The APIs
and Huggingface endpoints for our LLMs are:

* openai/gpt-5-nano-2025-08-07

* openai/gpt-5-mini-2025-08-07

* openai/gpt-5-2025-08-07

* anthropic/claude-haiku-4-5-20251001

* anthropic/claude-sonnet-4-5-20250929

* gemini/gemini-2.5-pro

* gemini/gemini-2.5-flash-lite

* gemini/gemini-2.5-flash

* cohere/command-r-08-2024

* cohere/command-r-plus-08-2024

lOhttps://www.litellm.ai/

"https://huggingface.co/docs/inference-
endpoints/en/index



* Qwen/Qwen3-0.6B
* Qwen/Qwen3-1.7B
¢ Qwen/Qwen3-4B
¢ Qwen/Qwen3-8B
* Qwen/Qwen3-14B
¢ Qwen/Qwen3-32B
* google/gemma-3-4b-it
* google/gemma-3-12b-it
* google/gemma-3-27b-it
The LLM used to evaluate each of the 19 writing
flaws are as follows:
* avoid_k_type: google/gemini-2.5-flash-lite,
 avoid_negatives: anthropic/claude-sonnet-4-
5-20250929
* avoid_repetition: google/gemini-2.5-pro
* clear_language: openai/gpt-5-2025-08-07
* equal_length_options: google/gemini-2.5-pro
* focused_stem: google/gemini-2.5-pro
» grammatical_consistency: google/gemini-2.5-
pro
* no_absolute_terms: google/gemini-2.5-pro

¢ no_all _of the_above: anthropic/claude-
sonnet-4-5-20250929
* no_convergence_cues: anthropic/claude-

sonnet-4-5-20250929

* no_extraneous_info: openai/gpt-5-2025-08-
07

 no_fill_in_blank: google/gemini-2.5-pro

* no_logical_cues: openai/gpt-5-2025-08-07

* no_none_of_the_above: google/gemini-2.5-
flash

* no_vague_terms: google/gemini-2.5-flash

* ordered_options: google/gemini-2.5-pro

* plausible_distractors: openai/gpt-5-2025-08-
07

* problem_in_stem: google/gemini-2.5-flash-
lite

* single_best_answer’: google/gemini-2.5-flash

A.5 Annotation Details

Our human annotation protocol draws on qualita-
tive coding in HCI (Bingham, 2023): three authors
label the three different metrics (one author per met-
ric), then a second author rates 50 random items to
compute agreement. The annotators are graduate
students in computer science with native fluency
in English, all with previous experience in evalua-
tion research and MCQ annotations. Contamination
yields 84% agreement, shortcuts yields 84% agree-
ment, and the lowest agreement on any writing flaw
is 85%. The annotation protocols for contamina-

tion, shortcuts, and writing flaws are in §3.2; the
rule definitions shown for writing flaws are in Ta-
ble 8. This annotation was deemed except by our
institution’s Internal Review Board (IRB).

A.6 Full Writing Flaw Results

Due to space constraints, we report writing flaw
scores aggregated over all flaws or with a standard
cutoff of violating two or more rules, but we now
analyze each individual rule. In Figure 5, we show
the score of each writing flaw across all datasets,
which provides interesting, dataset-specific quirks;
AQuA and SuperGPQA fail to sort their choices,
HellaSwag is the main culprit of using vague terms,
and Truthful QA is the only benchmark with perva-
sive convergence cues. Figure 6 extends Figure 3
to sort the prevalence of the 19 writing flaws across
student-based and non-student-based benchmarks,
which could inform education or NLP researchers
as to which issues are important to immediately fix.

A.7 Full Search Engine Results

Table 11 reports our contamination results across
all judge and search engine combinations. Along
with the GPT-5, Gemini-2.5 Pro, and Claude-4.5
Sonnet judges, we also assess: 1) an Oracle judge,
which makes a perfect/oracle decision if any search
results appear; and 2) a Simple judge, which classi-
fies the MCQ as flawed if any search results appear,
and not flawed if there are no search results. Ig-
noring the Oracle classifier, Google is consistently
the strongest search engine. The simple classifier
slightly surpasses GPT-5 at using Google’s search
results, but GPT-5 can also generate an explanation
that synthesizes all of the web pages; we personally
found this useful for debugging and expect other
researchers to feel similarly, so we use GPT-5 for
contamination detection in BenchMarker.

A.8 Results with Item Response Theory

Our analysis in §4.2 reports the average accuracy
of 10 LLMs to study the impact of flaws in LLM
evaluation—a proxy for the “difficulty” of an MCQ.
However, this measure could become more infor-
mative after considering model abilities. To illus-
trate, an MCQ answered just by GPT-5 Nano and
an MCQ answered just by GPT-5 would have the
same accuracy, but the latter is more difficult, as
we know GPT-5 tends to have higher accuracy on
average (Sung et al., 2025b). Item Response The-
ory (Lord, 1964, IRT) is a tool from educational



testing that controls for this; it estimates the diffi-
culty (how hard the MCQ is) and discriminability
(how well the MCQ discerns model skills) by learn-
ing the abilities of the models run on the MCQA
benchmarks.

While IRT is a standard metric to report when
validating education interventions (Schmucker and
Moore, 2025), and with recent growing interest in
NLP (Hofmann et al., 2025), we felt average accu-
racy would be more familiar and easier to interpret
for an NLP audience. To reap the benefits of IRT,
we replicate the analysis in §4.2 but with average
difficulty (Table 9) and discriminability (Table 10)
as the metrics, which do not alter our claims; con-
taminated items have lower difficulty and discrim-
inability, while items with shortcuts and writing
errors have higher difficulty and discriminability.

A.9 Contamination Detection in Pre-training

Prior work offers many ways to predict whether test
items exist in LLM training sets (Fu et al., 2025).
Some methods query black-box LLMs (Sainz et al.,
2023), but we desire a model-agnostic technique,
isolating MCQ contamination irrespective of model
behavior. Other methods search large corpora, but
these either rely on exact string matching (Xu et al.,
2025)—missing perturbed MCQs—or index entire
corpora (Elazar et al., 2024)—which is resource-
intensive. Instead, we use the Internet as a proxy
for training data, assuming if an MCQ exists online,
it likely exists in at least one LLM’s training data
(Balloccu et al., 2024). This is model-agnostic,
cheap, and uses relevance ranking for near matches.

While search engine APIs do not require intense
resources and can surface semantic matches (§2.1),
there are cheaper alternatives like Infini-Gram (Liu
et al., 2024): an n-gram (trillion) language model
with publicly-available indexes over common pre-
training corpora. To see whether Infini-Gram can
more efficiently replace our judges, we run the tool
indexed over varied corpora on our contamination
validation set—predicting the item as contaminated
when the question stem exists exactly at least once.
Overall, accuracy and Cohen’s x are significantly
lower (Table 12), demonstrating that our method is
a stronger way to detect whether MCQs exist online.

A.10 Shortcut Detection Across Models

Our shortcut detection strategy uses majority vote
of three strong LLMs that answer MCQs without the
question (§2.2), so we now test differences when
we use one LLM. In Figure 7 and Table 13, we repli-

cate Figure 2 and Table 4, evaluating the prevalence
of shortcuts and their impact on LLM evaluation.
Trends are consistent with majority vote—relative
shortcut prevalence is typically preserved across
datasets and items with shortcuts have weakly
lower accuracy—but there is model-specific noise,
motivating the benefits of an ensembling approach.
In Table 14, we also study LLM accuracy changes
when evaluating on MCQs with and without choices-
only success. We see items where models succeed
with choices-only have much higher accuracy—
reproducing Gupta et al. (2025)—which confirms
that accounting for how LLMSs achieve choices-only
success has substantially different implications on
evaluation. We also note that our choices-only ac-
curacy aligns closely with Balepur et al. (2025a).

A.11 BenchMarker Cost Analysis

We report the input tokens consumed and output
tokens produced in our BenchMarker runs across
datasets in Table 15. For each run, we also show
the estimated cost per item using the pricing for
Gemini-2.5 Flash and Pro.'?> While Gemini Pro is
a slightly more reliable model (Table 2), Gemini-
2.5 Flash has similarly Cohen’s x and significantly
cheaper, suggesting the latter is a strong choices
for researchers with limited computation budgets.

A.12 Open-Weight Configurations

To improve open-weight LLMs for writing flaw de-
tection (§3.5), we run experiments on ensembling,
confidence, and writing flaw failure taxonomies.

Ensembling. To test benefits of ensembling, we
test all combinations of three open-weight judges;
Command-R, Command-R+, and Qwen3-8B reach
the highest Cohen’s x of 0.391. However, this
is not much higher than Command-R alone (x of
0.376), so ensembling is likely not worth this extra
computation for writing flaw detection.

Confidence. To study the benefits of confidence
calibration, we analyze the 1-10 confidence scores
produced by LLM judges in Prompt A.5. In Ta-
ble 16, we show Cohen’s x and the proportion of
examples predicted (in parentheses) beyond dif-
ferent confidence thresholds. Overall, some open-
weight models are well-calibrated, with Command
R reaching Cohen’s Kappa as high as 0.67 when
giving a confidence score of 10.

Phttps://ai.google.dev/gemini-api/docs/pricing



Failure Taxonomy. The above analyses and re-
sults in Table 2 support that Cohere Command-R
is a strong open-weight model for writing error de-
tection, so we provide a breakdown of its Cohen’s
r across the 19 flaw types in Table 17 to see where
the model fails and succeeds. Command-R excels
in simpler judgments like detecting certain options
and option order, but disagrees with experts more
on complex, subjective criteria like extraneousness,
repetition, and convergence.

Recommendation. Cohere Command-R has the
highest agreement with humans in Table 17, is part
of the strongest judge ensemble, and appears well-
calibrated, so we recommend that researchers with
GPUs only use Command-R. If some API credits
are available, we recommend researchers to employ
stronger closed-source LLMs when Command-R
predicts confidence lower than 9, and for writing
error types the model tends to struggle with, like
convergent clues, extraneous info, and repetition.

A.13 Prompts

This section outlines our prompts. The prompt we
use for running LLMs on MCQA (Prompt A.1). is
taken directly from Inspect (UK Al Security In-
stitute, 2024), except we do not ask the model’s
answer to be preceded by the dollar sign charac-
ter ($); preliminary analysis found many LLMs
struggled with this, lowering scores more than nor-
mal. Prompts A.2, A.3, A.4, and A.5 are the LLM
instructions for detecting contaminated MCQs on
web pages, using LLMs to answer MCQs with just
the choices, detecting whether the inferred ques-
tion matches the original one, and following the
19-rule education rubric for writing flaws, respec-
tively. For contamination, we consider the item to
be flawed if the LLM judge outputs “partial_match”
or “no_match”, and for shortcuts, we consider the
item flawed if the LLM judge outputs “no_match”.



Name

Rule

Example Violation

Grammatical Consistency

All options must use parallel
grammatical structure and fit with the stem.

The moon orbits an object that orbits the
(D) mars

Focused Stem

The stem must present one clear,
focused question or problem.

What are social?

Problem in Stem

The stem must fully state the problem
rather than relying on the options to introduce it.

Winter in the Northern Hemisphere means

Single Best Answer

The question must have exactly one best
answer with no equally correct alternatives.

Where could you get something that is
made out of wool but cannot be worn?
(C) fabric store

(E) clothing factory

No Extraneous Information

The stem and choices must exclude text
not needed to answer the question.

After school, Alex took Sasha’s daughter
to the playground to play. The two were
good friends in the same class.

What will Sasha want to do next?

Avoid K-Type Options

Choices must not
combine items (e.g., “A and B only”)

(A) Wrong, Wrong

(B) Wrong, Not wrong
(C) Not wrong, Wrong
(D) Not wrong, Not wrong

Clear Language

All wording must be clear and unambiguous.

What lasts only as long as
the antibodies survive in body fluids?

Plausible Distractors

All distractors must be plausible
and relevant to the topic in the question stem.

[math question asking for probability]
E)15

Avoid Repetition

The correct answer must not repeat words
or phrases from the question stem.

In the morning you return to work, in the evening you?

Answer: leave work

No Logical Cues

Choices must not provide logical cues
that reveal the correct answer.

Who has blood and parents?
(A) person

(B) bloodbank

(C) vein

(D) capillaries

(E) hospital

No Convergence Cues

The correct answer must not combine elements
repeatedly appearing across distractors.

(A) an abundance of fire

(B) absolutely zero snow outside
(C) a plethora of snow (answer)
(D) frogs falling from sky

Equal-Length Options

All choices must have similar length and detail.

(A) a violent disturbance of the atmosphere
with high winds

(B) ideas in print media

(C) alarge jet engine

(D) a gas guzzling automobile

Ordered Options

Numerical choices must be in ascending order.

(A) 18cm
(B) 22cm
(C) 20cm
(D) 30cm
(E) 28cm

No Absolute Terms

Choices must not use absolute terms
unless the statement is truly absolute.

Will happen to the number of islands if
the planet’s temperature rises?

(A) they will increase

(B) nothing will happen

(C) they will shrink

(D) they will double

No Vague Terms

Choices must not use vague,
unquantified terms like “often” or “usually.”

When a water balloon is frozen, it will contain

(A) a much less amount of water
(B) a whole bunch of frozen ice-cream

Avoid Negative Stems

The stem must not be framed negatively
using terms like “NOT” or “EXCEPT.”

All of the following are ways in which

lobbyists attempt to persuade legislators EXCEPT...

No “All of the Above”

Choices should not include “All of the above.”

(D) all of these

No “None of the Above”

Choices should not include “None of the above”

(E) None of these

No Fill-in-the-Blank

The stem must not use blanks or require
choices to complete an incomplete sentence.

Experiments are performed in the ___.

Table 8: The 19 writing flaw rubric from (Tarrant et al., 2006) and example violations from MCQA benchmarks.
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1

SAMPLES

mcaa_metrics openai/gpt-5-2025-08-07

TASK  MODELS INFO JSON

INPUT

Which characteristic can a human offspring inherit?

2 Many horses grow a heavy coat in autumn and shed that coat in spring. Scientists were not sure if
temperature or the amount of daylight per day (called the photoperiod) caused the change. So, they
conducted an exoeriment and concluded that the chanae in photoperiod was responsible for the biolodical.

3 Whichis evidence of a chemical reaction?

4 Which energy resource is non-renewable?

5 Aclass s studying the density of rock samples. What scientific equipment do they need to determine the
density of the rock samples?

6 What do earthquakes tell scientists about the history of the planet?

7 How has burning fossil fuels most caused a decline to the quality of air that people breathe?

8 The best example of balanced forces is a

9 Organisms can be separated by their most basic characteristics into the broadest groups known as

10 Mrs. Gordon's class studies maple trees. Which property can the students measure with a meter stick?

11 Ababy horse will inherit all of these traits from its parents except

12 Anastronomer is studying two stars that are the same distance from Earth. Star X appears brighter than star
Y. Which statement best explains this observation?

< running

TARGET

A

writing_flaws
shortcuts (mean)

contamination (mean) 0.5

MEAN STDERR
0943 0009
0909 0063
0.109

FILTER @ SCORER: writing_flaws v SORT: sampleasc v
ANSWER SCORE
['pass’, 'pass', 'pass!, 'pass’, 'pass', 'pass|, 'pass|, 'pass), 'pass|, 'pass, 'pass’, 0.9473684210526315
‘pass', 'pass’, 'pass’, 'pass’, 'pass’, 'fail', ‘pass’, 'pass’]

['pass’, 'pass’, 'pass’, 'pass', 'pass', 'pass', 'pass’, 'pass', 'pass', 'pass', 'pass', 1

'pass, 'pass|, 'pass), 'pass!, 'pass|, 'pass|, 'pass’, 'pass']

['pass’, 'pass', 'pass!, 'pass’, 'pass', 'pass|, 'pass|, 'pass), 'pass', 'pass, 'pass’, 0.9473684210526315
'pass’, 'pass!, 'pass’, 'pass’, 'pass|, ‘pass’, 'pass’, 'fail']

['pass’, 'pass’, 'pass’, 'pass', 'pass', 'pass', 'pass’, 'pass', 'pass', 'pass', 'pass', 1

'pass, 'pass|, 'pass), 'pass', 'pass|, 'pass|, 'pass’, 'pass']

['pass’, 'pass', 'pass!, 'pass’, 'pass', 'pass|, 'pass', 'pass), 'pass', 'fail’ 'fail’ 'pass’, 0.8947368421052632
‘pass', 'pass', 'pass', 'pass', 'pass, 'pass', 'pass']

['pass', 'pass’, 'pass’, 'fail', 'pass’, 'pass, 'pass’, 'pass’, 'pass', 'pass', ‘pass', 'pass’, 0.8947368421052632
'pass, 'pass!, 'fail|, 'pass’, 'pass!, 'pass’, 'pass']

['pass’, 'pass', 'pass!, 'pass’, 'pass', 'pass|, 'pass|, 'pass), 'pass|, 'pass, 'pass’, 1

‘pass’, 'pass’, 'pass’, 'pass’, 'pass’, 'pass’, 'pass’, 'pass']

['pass', 'pass', 'pass', 'pass', 'pass’, 'fail', 'pass’, 'pass', 'pass’, 'pass', 'fail' 'pass', 0.8421052631578947
'pass, 'pass|, 'pass’, 'pass', 'pass|, 'fail, 'pass']

['pass’, 'pass', 'pass!, 'pass’, 'pass', 'fail,,'pass’, 'pass', 'pass|, 'pass 'fail’ 'pass', 0.8947368421052632

‘pass', 'pass', 'pass', 'pass’, 'pass, 'pass', 'pass']

['pass!, 'pass!, 'pass', 'pass', 'pass', 'pass', 'pass, 'pass', ‘pass’, ‘pass’, 'fail’, ‘pass',
'pass, 'pass|, 'pass), 'pass', 'pass|, 'pass|, 'pass']

['pass!, 'fail, ‘pass' ‘pass’ ‘pass’, 'fail, 'pass’, 'pass’, 'pass’, 'pass’, 'pass’, 'pass’,
‘pass', 'pass', 'pass', 'pass', 'pass, 'pass', 'pass']

['pass!, 'pass!, 'pass', 'pass', 'pass', 'pass, 'pass, 'pass, ‘pass’, ‘pass’, 'fail’ ‘pass',
'pass, 'pass|, 'pass), 'pass', 'pass|, 'pass|, 'pass']

0.9473684210526315

0.8947368421052632

0.9473684210526315

30 Samples

Figure 4: Interface from InspectAl for viewing BenchMarker runs. The overall scores are in the top right, and
researchers can click on specific MCQs to view LLM judge calls and feedback, supporting debugging and analysis.

Contamination Shortcuts 2+ Writing Flaws Any Flaw
Dataset ‘ Flaw NoFlaw AAcc IP(Flaw) ‘ Flaw NoFlaw AAcc [P(Flaw) ‘ Flaw No Flaw AAcc [P(Flaw) ‘ Flaw NoFlaw AAcc IP(Flaw)
AQUA | 0.007 -0.046 -742.1 17% ]-0.032 -0.038 +19.3 20% | 0.236  -0.252 -206.8 44% | 0.069 -0.218 -414.0 63%
ARC -0.616 -0.493 -19.9 38% |-0.410 -0.548  +33.8 6% -0.468 -0.595 +27.1 43% |-0.541 -0.539 -0.4 70%
CQA -0.096 -0.217 +126.0 6% 0.092 -0.221 -341.8 4% -0.193  -0.638 +230.2  96% |-0.196 -0.624 +217.9 97%
HS -0.501 -0.181 -63.8 0% -0.008 -0.212 +2666.1  14% |-0.182 — — 100% |-0.182 — — 100%
MMLU |-0420 -0.055 -86.9 45% |-0.102 -0.232 +127.7 9% -0.135 -0.372  +175.1  64% |-0.223 -0.204 -8.7 84%
OBQA [-0.501 -0.553 +10.3 4% -0.513  -0.561 +9.3 21% |-0.530 -0.734  +38.3 90% |-0.534 -0.749 +404  92%
PIQA -0.690 -0.725  +5.0 5% -0.543  -0.770  +41.9 20% |-0.714 -0.834 +16.8 92% |-0.715 -0.848 +18.6  94%
QASC 0491 0472 -39 6% 0.639  0.466 -27.1 4% 0485 0.082 -83.2 97% | 0479 0.257  -46.2 98%
SAT 0.073 -0.120 -2649  24% |-0.072 -0.075 +4.6 21% | 0.033 -0.111 -4403  25% |-0.040 -0.115 +188.1 54%
SIQA -1.096 -0.331 -69.8 0% -0.326  -0.333 +2.2 23% |-0.298 -0.993 +233.0 95% |-0.304 -1.004 +230.7 96%
SGPQA | 1.006  0.992 -1.4 6% 0.831 1.011 +21.6 10% 1.082  0.687  -36.5 77% 1.064  0.691 -35.1 81%
TQA -0.123  -0.181  +47.5 47% | 0.543 -0.195 -1359 6% -0.133  -0.823 +516.8  97% |-0.145 -0.863 +4959  99%
Micro p [-0.312  -0.114  -63.4 14% |-0.172 -0.138 -20.0 12% |-0.101 -0.348 +245.6 83% [-0.129 -0.250 +93.1 90%
Macro p | -0.205 -0.120  -41.7 17% | 0.008 -0.142 -18163 13% |-0.068 -0.417 +510.6 77% |-0.106 -0.383 +262.9 85%

Table 9: Impact of MCQA benchmark flaws on LLM difficulty, computed via Item Response Theory.

The trend is
consistent with Table 4; contaminated items have lower difficulty, while items with shortcuts and writing flaws have
higher difficulty.



Contamination Shortcuts 2+ Writing Flaws Any Flaw
Dataset ‘Flaw No Flaw AAcc ]P(Flaw)‘ Flaw No Flaw AAcc IP(Flaw) ‘ Flaw No Flaw AAcc ]P(Flaw)‘ Flaw No Flaw AAcc IP(Flaw)

AQUA |[1.282 1.249 -2.5 17% |1.236 1259  +1.9 20% | 1.217 1285  +55 44% 11232 1.294  +5.1 63%
ARC 1.384 1361 -1.6 38% |1.295 1374  +6.1 6% 1.376  1.366 -0.7 43% | 1.377 1.352 -1.8 70%
CQA 1.295 1.254 -3.1 6% 1.169 1260  +7.8 4% 1.255 1316  +4.9 96% | 1.255 1315  +4.7 97%
HS 1.075  1.235  +14.9 0% 1.167 1246  +6.8 14% | 1.235 — — 100% |1.235 — — 100%
MMLU |1.343 1.252 -6.7 45% | 1256 1.297 433 9% 1.282 1313  +24 64% | 1.300 1.258 -3.2 84%
OBQA 1297 1325 +22 4% 1.325 1.324 -0.1 21% | 1.317 1386  +53 90% | 1.317 1399  +6.2 92%
PIQA 1.357 1.321 -2.6 5% 1.284 1333 438 20% | 1.321 1.353  +2.4 92% | 1.321 1353  +2.4 94%
QASC [1.208 1.256  +4.0 6% 1.174 1257  +7.0 4% 1252 1.296  +3.5 97% | 1.253 1264 +09 98%
SAT 1.374  1.352 -1.5 24% | 1.357 1.358  +0.1 21% | 1.330 1.367 +2.8 25% | 1.347 1369  +1.7 54%
SIQA 1.485 1.252  -15.7 0% 1.241 1256 +1.2 23% | 1.244 1406 +13.0  95% |1.246 1411 +133  96%
SGPQA | 1.160  1.221 +5.2 6% 1.217 1217 +0.0 10% |1.214 1226 +09 77% | 1216 1220 +0.3 81%
TQA 1.256  1.280  +1.9 47% | 1.211 1272 +5.0 6% 1.268 1.302  +2.7 97% | 1.269 1.267 -0.2 99%
Micro p | 1.324  1.273 -3.8 14% |1.253 1284  +2.5 12% | 1.271 1330  +4.6 83% |1.277 1312  +2.7 90%
Macro p | 1.293  1.280 -1.0 17% |1.244 1288  +3.5 13% |1.276 1329  +4.1 77% | 1.281 1318  +29 85%

Table 10: Impact of MCQA benchmark flaws on LLM discriminability, computed via Item Response Theory. The
trend is consistent with Table 4; contaminated items have lower discriminability, while items with shortcuts and
writing flaws have higher discriminability.

Judge Classification Type Search Engine Accuracy FI1 Score Cohen’s

Oracle Google 0.8035 0.7761 0.6161
Oracle Brave 0.6026 0.4129 0.2456
Oracle Perplexity 1.0000 1.0000 1.0000
Oracle Exa 0.9825 0.9835 0.9650
Oracle Tavily 0.9694 0.9707 0.9388
Oracle Serper 0.7598 0.7120 0.5337
Simple Google 0.7293 0.7156 0.4653
Simple Brave 0.5852 0.4025 0.2105
Simple Perplexity 0.5371 0.6989 0.0000
Simple Exa 0.5546 0.7000 0.0458
Simple Tavily 0.5197 0.6784 -0.0305
Simple Serper 0.6463 0.6267 0.3019
GPT-5 Google 0.7118 0.6765 0.4358
GPT-5 Brave 0.5415 0.2759 0.1349
GPT-5 Perplexity 0.6419 0.5287 0.3122
GPT-5 Exa 0.5895 0.4268 0.2164
GPT-5 Tavily 0.5808 0.4074 0.2007
GPT-5 Serper 0.6725 0.6445 0.3560
Claude Sonnet Google 0.6900 0.6359 0.3965
Claude Sonnet Brave 0.5415 0.2657 0.1359
Claude Sonnet Perplexity 0.6332 0.5385 0.2919
Claude Sonnet Exa 0.5764 0.4049 0.1919
Claude Sonnet Tavily 0.5808 0.4000 0.2017
Claude Sonnet Serper 0.6507 0.6226 0.3127
Gemini Pro Google 0.6987 0.6497 0.4128
Gemini Pro Brave 0.5415 0.2657 0.1359
Gemini Pro Perplexity 0.6288 0.5304 0.2839
Gemini Pro Exa 0.5764 0.4049 0.1919
Gemini Pro Tavily 0.5983 0.4321 0.2340
Gemini Pro Serper 0.6638 0.6351 0.3389

Table 11: Contamination detection results across all judge and search engine combinations.
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Figure 5: Scores for each of the 19 writing flaws across each MCQA benchmark.
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Figure 6: Descending prevalence of all 19 writing flaws across exam-based and non-exam-based MCQA benchmarks.

Pretraining Corpus Accuracy F1 Score Cohen’s k

vd _olmo-2-0325-32b-instruct_llama 0.5590 0.6576 0.0837

v4_dclm-baseline_llama 0.5153 0.6626 -0.0306
v4_dolma-vl_7_llama 0.5284 0.5814 0.0441
v4_rpj_llama_s4 0.5415 0.6828 0.0238
vd_piletrain_llama 0.5459 0.6959 0.0257
v4_cdtrain_llama 0.5633 0.7059 0.0645

Table 12: Contamination detection agreement with human judgments when using exact question matches in pretraining corpora
via Infini-Gram (Liu et al., 2024). All methods have much lower accuracy and Cohen’s « than LLM judges with search APIs.

GPT-5 Claude 4.5 Sonnet Gemini 2.5 Pro
Dataset | Flaw No Flaw AAcc P(Flaw) | Flaw No Flaw AAcc P(Flaw) | Flaw No Flaw AAcc IP(Flaw)
AQUA 0.737 0.761 +3.3 21% 10.771  0.751 -2.6 27% 10.789 0.743 -5.8 28%
ARC 0.835 0.883 +5.7 9% 0.862 0.882 +2.3 15% 10.793 0.884 +11.5 5%
CQA 0.659 0.785 +19.0 6% 0.771  0.778 +1.0 11% |0.779 0.777 -0.3 8%
HS 0.770  0.787 +2.1 31% | 0.739 0.793 +7.3 21% |0.744 0.787 +5.8 12%
MMLU 0.743  0.801 +7.7 12% | 0.773 0.798 +3.2 16% |0.742 0.800 +7.8 10%
OBQA 0.848 0.877 +3.4 23% |0.879 0.866 -1.5 32% 10.850 0.876 +3.0 22%
PIQA 0.874 0.921 +5.3 31% |0.873 0916 +5.0 23% |0.874 0913 +4.5 18%
QASC 0.547 0.608 +11.2 8% 0.596 0.604 +1.3 10% |0.504 0.608 +20.7 5%
SAT 0.774 0.782  +1.0 25% 10.800 0.771 -3.6 30% |0.770 0.783 +1.7 21%
SIQA 0.749 0.816 +9.0 22% [0.833 0.785 -5.7 34% 0.809 0.799 -1.3 23%
SGPQA 0.524 0473 -9.6 12% |0.506 0.474 -6.3 17% |0.507 0.475 -6.3 13%
TQA 0.723  0.778 +7.6 9% 0.669 0.788  +17.7 13% |0.596 0.785 +31.7 6%
Micro-Average | 0.765 0.766  +0.2 17% |0.781 0.762 2.4 20% 10.763  0.767 +0.5 13%
Macro-Average | 0.732  0.773 +5.5 17% |0.756  0.767 +1.5 21% 10.730 0.769 +5.4 14%

Table 13: Accuracy on flawed MCQs with shortcuts and not flawed MCQs without them, across varied choices-only models.
The trend is relatively consistent per model: items with shortcuts tend to have lower accuracy, but the effect is relatively small.
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Figure 7: Shortcut prevalence on MCQ benchmarks with different models, depending on the model used to answer the MCQ
with just the choices. Overall trends are relatively consistent, but there are model-specific differences, motivating our design
choices of taking majority vote over these three LLMs.



Choices-Only Success

Dataset Flaw No Flaw AAcc IP(Flaw)
AQUA 0.746  0.759 +1.6 22%
ARC 0.899  0.853 -5.1 55%
CQA 0.840  0.767 -8.7 14%
HS 0.810  0.630 -22.2 84%
MMLU 0.823  0.765 -7.1 49%
OBQA 0.903  0.836 -7.4 51%
PIQA 0.923  0.788 -14.6 88%
QASC 0.758  0.580 -23.5 13%
SAT 0.786  0.776 -1.2 38%
SIQA 0.867  0.731 -15.6 52%
SGPQA 0.558  0.450 -19.3 27%
TQA 0.829  0.499 -39.9 83%
Micro-Average | 0.845  0.690 -18.3 49%
Macro-Average | 0.812  0.703 -13.4 48%

Table 14: Accuracy when shortcut flaws are defined by choices only success, without analyzing inferred questions.
We reproduce the results of Gupta et al. (2025): filtering MCQs with choices-only success lowers benchmark scores.

Dataset ~ Tokens In/Item  Tokens Out/Item  Gemini 2.5 Flash Cost / Item (USD)  Gemini 2.5 Pro Cost / Item ($)

AQUA 18949 6623 0.02 0.12
ARC 18836 5337 0.02 0.10
CQA 18109 5675 0.02 0.10
HS 20584 7340 0.02 0.13
MMLU 19549 5848 0.02 0.11
OBQA 18182 5515 0.02 0.10
PIQA 18558 4916 0.02 0.10
QASC 18333 7268 0.02 0.12
SAT 19592 6251 0.02 0.11
SIQA 18252 5326 0.02 0.10
SGPQA 22300 8951 0.03 0.15
TQA 19403 6189 0.02 0.11

Table 15: Token usage and estimated per-item cost across datasets for Gemini 2.5 Flash and Pro models.



Model

All  Confidence > 8 Confidence > 9 Confidence = 10

Command R 037  0.38(99%) 0.49 (63%) 0.67 (31%)
Command R+ 036  0.36 (99%) 0.50 (63%) 0.66 (31%)
Qwen-3 0.6B 0.00  -0.00 (30%) 0.00 (18%) 0.00 (18%)
Qwen-3 1.7B 0.16  0.08 (96%) 0.06 (89%) 0.00 (65%)
Qwen-3 4B 031 0.29 (90%) 0.15 (75%) 0.13 (41%)
Qwen-3 8B 033  0.33(99%) 0.35 (81%) 0.33 (52%)
Qwen-3 32B 035 037 (91%) 0.43 (63%) 0.60 (29%)
Qwen-3 14B 034  0.36 (90%) 0.32 (63%) 0.40 (46%)
Gemma-3 4B 020  0.20 (98%) 0.19 (93%) 0.24 (34%)
Gemma-3 12B 003  0.03 (99%) 0.02 (98%) 0.02 (98%)
Gemma-327B  0.02  0.02 (99%) 0.02 (99%) 0.02 (99%)
LLaMA-32 1B 0.03  0.04 (71%) 0.02 (39%) -0.00 (12%)
LLaMA-3.23B  0.16  0.14 (94%) 0.14 (82%) 0.11 (67%)
LLaMA-3.18B  0.19  0.19 (99%) 0.26 (60%) 0.38 (39%)
LLaMA-3.170B 022  0.22 (99%) 0.30 (56%) 0.26 (47%)

Table 16: Open-weight judge Cohen’s x when only considering predictions above varied confidence thresholds.
Values in parentheses indicate the proportion of samples retained at each threshold. Some open-weight models are
well-calibrated, with Command R reaching Cohen’s x as high as 0.67 when giving a confidence score of 10.

Writing Error Type Cohen’s k ({)
no_none_of_the_above 0.9437
no_all_of_the_above 0.8242
ordered_options 0.7379
avoid_k_type 0.5921
avoid_negatives 0.5903
no_fill_in_blank 0.4706
plausible_distractors 0.4044
no_logical_cues 0.3830
problem_in_stem 0.3671
grammatical_consistency 0.3652
no_absolute_terms 0.3576
clear_language 0.3496
equal_length_options 0.3391
focused_stem 0.3117
single_best_answer 0.2647
no_vague_terms 0.2167
avoid_repetition 0.1602
no_extraneous_info 0.1317
no_convergence_cues 0.0904

Table 17: Cohen’s k breakdown for Cohere Command-R across writing error types. Lower values indicate weaker
agreement. Command-R excels in simpler judgments like detecting certain options and option order, but disagrees
with experts more on complex, subjective criteria like extraneousness, repetition, and convergence.



Prompt A.1: Multiple-Choice Question Answering Prompt (§4.2)

Answer the following multiple choice question. The last line of your response should be of the following format: ’ANSWER:
LETTER’ (without quotes) where LETTER is one of [ letters ]. Think step by step before answering.

[ question]
[ choices ]

Prompt A.2: Contamination Detection (§2.1)

You are an expert evaluator of dataset contamination for multiple-choice questions (MCQs). You are given a set of candidate
source texts ("citations") and one MCQ. Your job is to determine whether the MCQ exists exactly, partially, or not at all in any
of the citations.

<multiple-choice question>

Question: [ question ]

Correct Answer: [ answer ]

</multiple-choice question>

<citations>
[ citations ]
</citations>

Use the following criteria to determine the match type:

<matching criteria>

- "exact_match": The question and correct answer appear verbatim or nearly verbatim in at least one of the citations

- "question_match": The question appears verbatim or nearly verbatim in at least one of the citations, but not with the correct
answer

- "partial_match": It is possible to come up with the correct answer to the question based on information in the citations

- "no_match": There is no information in the citations that can be used to answer the question

</matching criteria>

<general instructions>

- Use ONLY the information in the provided <citations>; ignore outside knowledge.

- When determining matches, do NOT consider punctuation or upper/lower casing.

- Check each citation independently.

- The citations index "i" is represented as <citation i></citation i>.

- Return every matching citation index in ascending order; if none match, return an empty list [].

- Provide a short, clear explanation for your decision, referencing the decisive overlaps when applicable.
</general instructions>

<format>
Return your output as valid JSON with the matching "result", the indexed "citations" that support your decision (empty list []
if "no_match"), and an "explanation" for your decision:
[ json format ]
Do not include anything else. </format>

\ J

Prompt A.3: Choices-Only Prompt (§2.2)

Answer the following multiple choice question just by using the choices and without access to the question. Use any strategy
possible to come up with the correct answer, and then guess what the original/missing question was.

<choices>
[choices]
</choices>

<format>
Return your output as valid JSON with the key "answer" which is one of letters, "explanation" which is how you arrived
at the correct answer, and "question" which is what you guess is the missing question. [ json format]
Do not include anything else.
| </format>




Prompt A.4: Question Similarity Prompt (§2.2)

You are an expert at determining whether a model was able to guess what the original multiple-choice question was just from
the choices.

You will be given a multiple-choice question and the model’s response. You need to determine whether the model was able to
guess what the original question was just from the choices.

Here is the multiple-choice question:
<original question>
[ question ]
</original question>
Here is the model’s response when answering just with the choices:
<response>
[ response ]
</response>

And the question that the model inferred
<inferred question>

[ inferred question ]
</inferred question>

To determine if the model successfully guessed the original question, use the following criteria:

- If the inferred question is an exact match or a semantic of the original question, return "exact_match"

- If a test-taker who knew the answer to the inferred question would likely be able to answer the original question, return
"knowledge_match"

- In any other case, return "no_match"

<format>
Return your output as valid JSON with the key "decision" which denotes the type of match between the inferred question and
the original question.
[ json format ]
Do not include anything else.
k</format>




Prompt A.5: Writing Flaw Prompt (§2.3)

You are an expert evaluator of multiple-choice questions (MCQs). You are given the following writing rule:

<rule>
[ rule ]
</rule>

Your task is to judge whether a given MCQ **follows this rule**. Here are some guidelines for this specific rule:

<guidelines>
[ guidelines]
</guidelines>

<examples>
[ examples]
</examples>

<general instructions>

- Think carefully about whether the MCQ adheres to the rule. - If the rule is clearly followed and there are no flaws in the
MCQ, return "pass".

- If the rule is clearly violated and there are no flaws in the MCQ, return "fail".

- In borderline cases where you are unsure, return "pass".

- Provide a confidence score from 1-10 for your pass/fail decision - how strongly you believe the MCQ follows or violates the
rule. 1 means not at all confident and 10 means very confident.

- Provide a short, clear explanation of your reasoning.

</general instructions>

Here is the MCQ to evaluate:
<multiple-choice question>

[ meq ]
</multiple-choice question>

<format>
Return your output as valid JSON in the following format:
[ format ]
Do not include anything else.
| </format>




