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Abstract

As AI models tackle increasingly complex problems, ensur-
ing reliable human oversight becomes more challenging due
to the difficulty of verifying solutions. Approaches to scal-
ing AI supervision include debate, in which two agents en-
gage in structured dialogue to help a judge evaluate claims;
critique, in which models identify potential flaws in pro-
posed solutions; and prover-verifier games, in which a ca-
pable ‘prover’ model generates solutions that must be verifi-
able by a less capable ‘verifier’. Evaluations of the scalability
of these and similar approaches to difficult problems benefit
from datasets that include (1) long-form expert-verified cor-
rect solutions and (2) long-form flawed solutions with anno-
tations highlighting specific errors, but few are available. To
address this gap, we present FindTheFlaws, a group of five di-
verse datasets spanning medicine, mathematics, science, cod-
ing, and the Lojban language. Each dataset contains questions
and long-form solutions with expert annotations validating
their correctness or identifying specific error(s) in the reason-
ing. We evaluate frontier models’ critiquing capabilities and
observe a range of performance that can be leveraged for scal-
able oversight experiments: models performing more poorly
on particular datasets can serve as judges/verifiers for more
capable models.

Code & Datasets —
https://github.com/modulo-research/findtheflaws

Extended Version — https://arxiv.org/abs/2503.22989

1 Introduction
As AI systems become more sophisticated, ensuring reliable
human oversight becomes a growing challenge: verifying
AI-generated solutions is often difficult, even for domain
experts. Limitations of human feedback reduce our ability
to trust AI in high-stakes scenarios and raise concerns about
robustness, reliability, and alignment (Amodei et al. 2016).
Researchers have therefore proposed protocols for ‘scalable
oversight’ (Amodei et al. 2016; Bowman et al. 2022; Irving,
Christiano, and Amodei 2018; Christiano, Shlegeris, and
Amodei 2018; Brown-Cohen, Irving, and Piliouras 2025):
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methods that could theoretically allow humans to effectively
evaluate AI systems’ outputs as AI capabilities increase,
even as the task of verifying these outputs becomes too dif-
ficult or costly for humans to accomplish directly.

Most scalable oversight protocols ultimately aim to help a
judge (a human or trusted model, such as an AI judge trained
to predict human judgments) to identify errors in arguments
produced by potentially misaligned or deceptive models.
However, accurate labels for errors in long-form reason-
ing are expensive and time-consuming to produce. As a re-
sult, existing work has largely focused on whether oversight
protocols can help judges arrive at correct binary decisions
about solution validity (Bowman et al. 2022; Irving, Chris-
tiano, and Amodei 2018; Kenton et al. 2024; Khan et al.
2024; Kirchner et al. 2024), with far less attention paid to the
key question of whether judges actually identify the true un-
derlying problems when they reject flawed solutions (but see
Lightman et al. (2023); Uesato et al. (2022)). While achiev-
ing correct judgments might seem sufficient, we cannot be
as confident that these approaches will generalize without
understanding the specific nature of the errors identified—
what it is about the argument that causes it to fail, which can
be described by a natural language explanation or an indi-
cation of which step of the argument is flawed. In the fol-
lowing paragraphs, we highlight how studies on the efficacy
of three families of scalable oversight protocols—critique,
debate, and prover-verifier games—could benefit from ac-
cess to this kind of ground-truth error information. We then
present our FindTheFlaws datasets as a resource for con-
ducting such analyses.

Critique models are trained to write natural language
assessments that identify potential flaws or limitations in
AI-generated outputs, aiming to help human or AI evalu-
ators more effectively assess complex solutions (Saunders
et al. 2022). Sun et al. (2024a) enumerate several works
that make use of LLM-generated critiques to improve LLM
outputs, and propose methods for automated evaluation of
critique quality which yield scores that are more correlated
with human judgments than direct quality rating by GPT-
4. While these results are promising, the tasks studied (like
topic-based summarization and boolean satisfaction prob-
lems) were relatively simple compared to more complex
problems where flaws are more open-ended, and require so-
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phisticated reasoning or deep domain expertise to identify.
In order to scale critique-based oversight to such domains,
we need datasets containing not just examples of correct so-
lutions, but also examples of flawed solutions where both the
presence and specific nature of the errors are known and val-
idated by domain experts. This would extend the approach
of using synthetic tasks with hand-coded oracles to more so-
phisticated settings, allowing researchers to directly measure
whether models’ critiques align with actual expert-identified
flaws in complex reasoning.

Debate is an approach that aims to enhance a weak
judge’s ability to evaluate claims and determine truth by
leveraging the power of two strong AI agents engaging in
a structured debate about the correct solution to a given
problem (Irving, Christiano, and Amodei 2018). Early em-
pirical results from debate experiments have demonstrated
that agents trained in debate settings can achieve higher ac-
curacy in identifying truthful claims compared to settings
where they view output from a single agent randomly as-
signed to advocate for a correct or incorrect answer (Kenton
et al. 2024; Khan et al. 2024; Michael et al. 2023), and that
judgment accuracy scales with the capabilities of the debate
models (keeping judge skill constant) (Kenton et al. 2024;
Khan et al. 2024). However, this trend may break down as
the difficulty of the problems that debaters are asked to con-
sider increases, especially if the agents start relying more
on heuristic reasoning and struggle to fully articulate their
decision-making process.

One approach to measure debate’s effectiveness as ques-
tion difficulty increases is to conduct multi-domain debate
studies in the vein of Kenton et al. (2024) with datasets of
varying difficulty levels to track performance degradation.
However, a decline in performance could stem from two dis-
tinct mechanisms: (1) judges might struggle more with eval-
uating debates, but without making systematic errors that in-
centivize debater dishonesty, or (2) agents on both sides of
the debate might increasingly attempt to convince judges of
incorrect or questionable claims; we would expect this to
occur if arguing on the side of the truth provides decreasing
advantage as question difficulty increases. Datasets contain-
ing information about the presence and nature of flaws in
solutions to challenging questions would enable researchers
to distinguish between the two scenarios by directly testing
whether debate models are identifying genuine flaws or per-
suading judges with specious arguments.

Prover-verifier games are a game-theoretic framework
involving two agents, a powerful but untrusted prover and
a computationally limited but trusted verifier (Anil et al.
2021). The prover’s role is to generate a “proof” (or justi-
fication) for a decision (for example, a classification) while
the verifier must independently check the provided evidence.
Kirchner et al. (2024) extended this setup by introducing a
training regime that explicitly encourages models to support
their generated solutions with reasoning that can be accu-
rately checked by human judges or smaller verifiers, a prop-
erty they call legibility. Brown-Cohen, Irving, and Piliouras
(2025) apply a similar framework to debate to address short-
comings identified in prior work.

Incorporating detailed error annotations could be rele-

vant to studies of the real-world usefulness of prover-verifier
games in two ways. First, carefully curated datasets contain-
ing correct and flawed solutions for difficult problems on di-
verse topics could provide empirical evidence on how well a
given verifier generalizes to challenging tasks across a wide
range of domains. Second, if future work shows that human
legibility decreases as problem difficulty increases, then dis-
tinguishing whether or not this decline is due to the help-
ful prover increasingly resorting to specious arguments will
be crucial for improving the scaling properties of prover-
verifier games as an oversight protocol.

Our contribution. Well-curated datasets containing both
detailed correct solutions validated by domain experts and
flawed solutions with annotated errors have the potential to
serve an important role in evaluations of scalable oversight
methods, allowing the research community to track progress
over time and ensure that improvements seen in controlled
experiments extend to more challenging problems. FindThe-
Flaws takes first steps towards addressing this need by pro-
viding diverse, expert-validated datasets that enable analysis
of how well different oversight approaches enable humans
or weak models to determine whether solutions to challeng-
ing problems are flawed. By including information about
the nature of errors in flawed solutions in addition to binary
correctness labels, our datasets enable researchers to assess
whether oversight methods are reliably identifying the actual
flaws in flawed solutions as opposed to developing heuristics
that will not scale well with problem difficulty.

2 Related Work
Scalable oversight. Ensuring reliable oversight of AI sys-
tems becomes increasingly challenging as these systems
tackle tasks whose solutions are difficult to verify. Bow-
man et al. (2022) investigated the performance of a simple
baseline—direct interaction with an LLM—using MMLU
(Hendrycks et al. 2021) and QuALITY (Pang et al. 2022).
Despite the approach’s simplicity, they found that human
judges interacting with models achieved higher performance
than either human judges or models alone. Other approaches
to scaling AI supervision include self-critique (Saunders
et al. 2022), debate (Irving, Christiano, and Amodei 2018;
Brown-Cohen, Irving, and Piliouras 2025), prover-verifier
games (Anil et al. 2021; Kirchner et al. 2024), market-
making (Hubinger 2020), and recursive reward modeling
(Leike et al. 2018). More background information on scal-
able oversight can be found in Grey et al. (2025).

LLM critique/evaluation benchmarks. While FindThe-
Flaws focuses on expert-annotated solutions with and with-
out flaws to test models’ verification abilities, benchmarks
such as CriticEval (Lan et al. 2025) focus on testing LLMs’
abilities to provide textual critiques and scalar-valued judge-
ments of LLM outputs. Benchmarks with similar goals in-
clude CriticBench (Lin et al. 2024), MetaCritique (Sun et al.
2024a), SummEval (Fabbri et al. 2021), and WMT-22 (Fre-
itag et al. 2022), although these cover a narrower range of
tasks or domains, as well as MT-Bench (Zheng et al. 2023),
which addresses the evaluation of multi-turn conversational
ability and instruction-following. There has also been work
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on error identification in process-based settings for mathe-
matical reasoning (Zheng et al. 2025; Song et al. 2025; Zeng
et al. 2024a), meta-reasoning in scientific and logical tasks
(Zeng et al. 2024b), and PaLM-2 errors in logical and arith-
metic tasks (Tyen et al. 2024). In contrast, FindTheFlaws
covers a wider range of domains with difficult questions,
contains frontier model and expert-generated flaws, and has
expert annotations for the location and nature of errors in
model reasoning.

Hallucination benchmarks. Various benchmarks have
been crafted to test LLMs on hallucinations, factual mis-
takes, and reasoning flaws hidden in otherwise plausible re-
sponses (Lin, Hilton, and Evans 2022; Lee et al. 2022; Min
et al. 2023; Yin et al. 2023; Li et al. 2023; Muhlgay et al.
2024). By the broad criteria outlined in a recent survey by
Huang et al. (2025), FindTheFlaws could be considered a
hallucination detection benchmark that annotates both fac-
tuality and faithfulness hallucinations. However, its focus on
errors that occur in answers to challenging questions and
require expert analysis to detect distinguish it from other
hallucination detection benchmarks enumerated in Huang
et al. (2025). SelfCheckGPT-Wikibio (Muennighoff et al.
2024), HaluEval (Li et al. 2023), and most other hallucina-
tion detection benchmarks in their survey consider faithful-
ness hallucinations only. The FELM factuality benchmark
(Zhao et al. 2023) covers multiple domains, annotates er-
rors of factuality as well as faithfulness, and provides er-
ror locations and explanations. The combination of all of
these characteristics makes it most comparable to CELS, one
of the five datasets that comprise FindTheFlaws. However,
FindTheFlaws is a substantially larger dataset and focuses
specifically on difficult questions requiring domain-specific
expertise to answer, as well as on outputs which include er-
rors that are egregious enough as to result in an incorrect
final conclusion, two characteristics highly relevant to scal-
able oversight research.

Synthetic flaw generation. In the prover-verifier setup of
Kirchner et al. (2024), a “sneaky” prover is trained to gen-
erate incorrect yet convincing solutions. Other researchers
have explored methods for training language models to gen-
erate text with undesirable properties that evade detectors
(Perez et al. 2022). The flawed examples in FindTheFlaws
were either identified through adversarial selection, or gen-
erated by prompting models to introduce flaws which were
manually reviewed and sometimes improved upon or rewrit-
ten by human experts. In addition, our expert-curated flaws
in GPQA Diamond Plus may explore different areas of the
space of possible errors than adversarial training alone.

3 Methods
In this section, we present the tasks we use to evaluate error-
detection capabilities of models using our datasets. Find-
TheFlaws contains novel modifications to existing datasets
(Chen et al. 2023; Rein et al. 2023; Puri et al. 2021; Jin et al.
2021) and a completely new dataset with sentence-level ex-
pert annotations on model-generated long-form reasoning in
various domains. Each dataset contains questions with their
correct final answers, one or more long-form ‘solutions’ la-
beled as either correct or flawed, and information about the

nature (location and/or description) of errors in flawed solu-
tions. We provide a summary of our datasets and the number
of samples in each in Table 1, and we include dataset con-
struction details in the extended version of this paper linked
on the title page.

We evaluate error detection capabilities of gpt-4o-
2024-11-20, o3-mini-2025-01-31 (medium), o3-2025-04-
16 (high), o4-mini-2025-04-16 (high), claude-3-5-sonnet-
20241022, claude-3-7-sonnet-20250219, claude-opus-4-
20250514, and Llama 3.3 70B models using all ‘reliable’
samples (details in the extended version) from our datasets
with the Inspect evaluation framework (0.3.114) on Win-
dows 11. The framework and documentation is offered by
the UK AI Security Institute (2024). For all datasets, we
create two tasks for the models to be evaluated on, of (1)
whether the model’s assessment of whether a long-form
reasoning solution is correct or flawed matches the ground
truth, and (2) if the solution is flawed, whether it can identify
the specific error in the flawed solution. Although the gen-
eral capabilities tested by our evaluations remain the same,
the task setup varies across the datasets. The following sec-
tions describe how these tasks have been implemented for
all categories of datasets.

Solution-level tasks Our basic evaluation setup consists
of a question and a proposed solution where we have ground
truth information about whether the solution is ‘CORRECT’
or ‘FLAWED’, and expert annotations identifying errors
in all ‘FLAWED’ solutions. The model being evaluated is
prompted to judge the reasoning of the proposed solution
and classify it as ‘CORRECT’ or ‘FLAWED’, and to iden-
tify any errors it finds in the solution (see extended version
for prompt templates). The model output is then used to eval-
uate performance on the following tasks:

• Match: Does the model’s assessment of whether a long-
form reasoning solution is ‘CORRECT’ or ‘FLAWED’
match the ground truth?

• Error-grading: If the solution is marked ‘FLAWED’ by
the ground truth, is the error identified by the model
equivalent to the error identified in a human expert’s
judgment of the solution?

For the error-grading task, we use Claude 3.5 Sonnet
(claude-3-7-sonnet-20250219) to classify whether the judg-
ment generated by the model is equivalent to the ground
truth judgment made by a human expert using an error-
grading prompt. For the Modified TheoremQA and GPQA
Diamond Plus datasets, we evaluate whether the model can
identify the first error in the solution. For the Adversarial
MedQA dataset, we evaluate whether expert descriptions of
the nature of the error identify the same problems as the
model. When we have error descriptions from multiple an-
notators for Adversarial MedQA samples, we only use the
primary annotator’s description as the ground truth. For re-
producibility, all random seeds are set to constants; code,
datasets, and full evaluation output is available at the “Code
and Datasets” link on the title page.

Python650 tasks We have broken down the Python650
dataset into three subsets based on the type of long-form rea-
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Dataset Name Description Nreliable Ntotal

Adversarial MedQA LLM-generated and expert annotated solutions to adversari-
ally selected questions from MedQA (Jin et al. 2021).

222 319

GPQA Diamond Plus Stepwise correct solutions and expert-written flawed solu-
tions to questions from GPQA Diamond (Rein et al. 2023).

382 396

Modified TheoremQA LLM-generated stepwise correct and flawed solutions to
questions from TheoremQA (Chen et al. 2023).

190 190

Python650 LLM-generated and expert-annotated arguments for and
against proposed solutions to Python800 (Puri et al. 2021)
questions.

1266 1296

CELS Law Sets of four LLM-generated solutions (13 sentences per so-
lution) to US contract law and evidence law questions along
with sentence-level expert annotations and critiques.

40 (522) 40 (522)

CELS Lojban Sets of four LLM-generated solutions (10 sentences per so-
lution) to Lojban questions along with sentence-level expert
annotations and critiques.

120 (1218) 192 (1938)

CELS Surgery Sets of four LLM-generated solutions (11 sentences per so-
lution) to surgery questions along with sentence-level expert
annotations and critiques.

212 (2282) 220 (2383)

Table 1: List of datasets in included in FindTheFlaws, along with number of samples marked as reliable (questions and choices
verified to be unambiguous and ready to use) by expert annotators. We report the total number of individually annotated
sentences for the CELS datasets in parentheses.

soning that the model is judging:
• Standard Python650: This setup contains a question

and a proposed solution, similar to the setup in Section
3. Due to the lack of ground truth data identifying the na-
ture of the errors, we only evaluate the match task for this
subset.

• Meta Python650: This setup contains a question, a pro-
posed solution, and an argument regarding the correct-
ness of the proposed solution. The model being evalu-
ated needs to check if the argument accurately describes
the correctness of the proposed solution (match task),
and to produce an explanation of why or why not. For
cases in which the argument does not accurately describe
the correctness of the solution, the model’s explanation
is compared to ground truth explanations made by hu-
man experts about the problems with the argument (error-
grading task).

• Alt Meta Python650: This setup is similar to Meta
Python650, but we first filter the samples so that we
only evaluate flawed arguments that accurately classify
the proposed solution as correct or incorrect, but which
do not correctly identify the actual errors in the solution.
Performance on the match task is not reported, as all sam-
ples in this set were pre-selected to correctly classify so-
lutions as ‘CORRECT’ or ‘FLAWED’.

We use the match and error-grading tasks described in
Section 3 to evaluate model performance on the three sub-
sets described above. Whenever we have multiple annotator
explanations for a sample, we only use a single explanation
as the ground truth for the error-grading task.

CELS tasks The CELS dataset contains expert annota-
tions for each sentence in the proposed solution, so we adapt

the tasks mentioned in Section 3 to sentence level labels and
judgments as follows:

• Match-all: Does the model correctly classify sentences
as ‘CORRECT’ or ‘FLAWED’ compared to ground truth
labels?

• Grade-all: Does the model identify errors in ‘FLAWED’
sentences that are equivalent to errors described in expert
judgments for each sentence?

Sentences that are not classified as ‘CORRECT’ or
‘FLAWED’ by a majority of expert annotators are excluded
from evaluation. We treat each sentence as a sample for the
evaluations, but we take into account the clustering intro-
duced by reusing the same question for different sentences
when we report scores in Section 4.3. Each evaluation was
conducted via a single run, i.e., there was no use of self-
consistency (Wang et al. 2023).

4 Results

We present the results of our evaluations for all datasets
grouped according to the tasks described in Section 3. Our
figures in this section only present F1 score for match tasks
(treating correct solutions as the positive class) and accu-
racy for error-grading tasks (the percentage of flawed solu-
tions where the model accurately identified the error in the
solution). Table 2 contains the best model performance com-
pared to baselines for all tasks we tested. Please refer to the
extended version of this paper for all metrics calculated to
capture model performance and for detailed descriptions of
the expert baselines used for each task.
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Figure 1: Performance of selected models, and expert baselines, on match/grading metrics for Adversarial MedQA, Modified
TheoremQA, and GPQA Diamond Plus. Claude 3.7 Sonnet and o4-mini (not displayed) are consistently slightly worse at the
tasks than Claude Opus 4 and o3 respectively. Expert baselines for Adversarial MedQA represent the performance of a human
clinician, while baselines for the other two datasets (error-grading only) represent agreement between o3 and the solution
authors about the location of the first error when o3 is provided with the labeled correct and flawed solutions developed by the
solution authors. 95% confidence intervals were calculated using a cluster-based block bootstrap approach (1,000 samples).

4.1 Solution-level results
We present evaluation results for the match and error-
grading tasks described in Section 3 for the Adversarial
MedQA, Modified TheoremQA and GPQA Diamond Plus
datasets in Figure 1. We find that the performance on the
match task is relatively close for the top models, but that
there is more variability on error-grading. In particular, GPT-
4o’s performance relative to other models is much poorer on
the latter task. This highlights that there can be a disconnect
between a model’s proficiency in identifying correct solu-
tions and its capacity to accurately characterize errors.

We also provide a baseline for Adversarial MedQA by
reporting the performance of a single human expert at the
same tasks given to the models being evaluated. We find
that almost all models outperform individual human experts
in both tasks, but it is possible that a stronger baseline de-
rived from the views of multiple clinicians (as was used to
create the ground truth for Adversarial MedQA) could have
achieved higher performance.

We do not have human baselines for the other two datasets
in this section. Instead, we create expert baseline analogs
for the error-grading task by providing o3 with the correct
and flawed solutions and prompting it to describe the first
error in the flawed solution. This description is compared
to the ground truth explanations used in our evaluations in
the error-grading task to check if both mention the same
first error. The differences between model performance and
these baseline analogs suggest that models miss certain er-
rors when judging flawed solutions which they are able to

find when provided with correct information. This suggests
that capabilities for error detection in long-form science and
math solutions still have room for improvement. More de-
tails about the rationale, construction, and interpretation of
these expert baselines and baseline analogs can be found in
the extended version.

4.2 Python650 results
We present the results for the Python650 evaluations in Fig-
ure 2. We do not report error-grading results for the stan-
dard Python650 dataset, due to a lack of ground truth argu-
ments identifying issues with the solutions. However, match
and error-grading tasks can both be computed for Meta
Python650.

We find that o3 achieves extremely high scores in the
match task for both datasets, even exceeding the expert base-
line for Meta Python650. We observe lower performance
from all models on the error-grading task. Given the low
expert baseline on this task, however, this discrepancy may
simply reflect the inherent difficulty of achieving consistent
error descriptions across evaluators, rather than an intrinsic
limitation in model capabilities.

Claude Opus 4 and o3 exceed baseline performance on the
error-grading task for the Meta Python650 dataset, followed
by Claude 3.7 Sonnet and o3-mini matching baseline perfor-
mance. The model and baseline performance drops signifi-
cantly for the Alt Meta Python650 dataset, but the relative
performance of the models follows the same trends. Man-
ual inspection of common failure modes on this dataset sug-
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Figure 2: Performance of selected models, as well as human expert baselines, on match task for Python650 and Meta-
Python650, on the error-grading task for two subsets of Meta-Python650, and sentence-level CELS Surgery and Lojban tasks.
Expert baselines represent the performance of a single human expert for CELS Lojban, and of a majority vote of three clini-
cians for CELS Surgery. Claude 3.7 Sonnet and o4-mini (not displayed) are consistently slightly worse at the tasks than Claude
Opus 4 and o3 respectively. 95% confidence intervals were calculated using a cluster-based block bootstrap approach (1,000
samples).

gested that models and annotators alike frequently missed
subtle errors in arguments that had issues but ultimately ar-
gued for the correct classification, suggesting that it is easier
for models to accurately find flaws in arguments that have an
incorrect final answer, compared to arguments with flawed
reasoning but a correct final answer.

4.3 CELS results
We present the evaluation results for the match-all (F1)
and grade-all (Accuracy) tasks for CELS Lojban and CELS
Surgery in Figure 2. The tasks track sentence-level error de-
tection capabilities of models, and the baselines have been
created using expert annotators performing the tasks for 20
arguments in each dataset (annotating each sentence in each
of these). Further details about the expert baseline are pro-
vided in the extended version.

Results for CELS Law are not shown due to space con-
straints and concerns about comparability with the other
datasets in the figure (due to its much smaller size), but
these are reported in the extended version of the paper. In
short, the Claude family and o3 outperform all other mod-
els on CELS Law, but error bars are very large due to the
small dataset size. Additionally, o3-mini performs unusually
poorly at CELS Law.

We find that model performance on the match-all task is
more clustered than for other datasets, where o3 and the
Claude family are frequently standout performers. Addition-
ally, we see that the expert baseline is much higher than
model performance for CELS Lojban (only matched by o3),

unlike for CELS Surgery. The grade-all task performance
varies across datasets, with the CELS Lojban expert baseline
well above all models except o3, performance being similar
across the board for CELS Surgery.

5 Discussion
5.1 Key findings
Our evaluation of frontier language models on FindThe-
Flaws yielded several observations. Model performance on
the match task (distinguishing correct from flawed solutions)
did not always reflect performance on error-grading tasks.
For example, while Claude Opus 4, o3-mini, and GPT-4o all
performed comparably well on the match task for GPQA Di-
amond Plus, GPT-4o’s performance was lower on the error-
grading task while Claude Opus 4 and o3-mini maintained
strong performance. This suggests that the ability to recog-
nize whether a solution contains an error is distinct from the
more demanding capability of identifying and explaining the
specific nature of that error. This distinction is particularly
relevant for scalable oversight protocols in which the goal is
sometimes to enable an overseer to identify particular flaws
rather than merely to detect their presence.

We observed that there were some task/dataset combi-
nations on which performance differed substantially across
frontier models. These have special utility for approaches
to scalable oversight evaluation such as ‘sandwiching’ with
LLM-based evaluators (Pung and Mukobi 2023; Kenton
et al. 2024; Khan et al. 2024; Arnesen, Rein, and Michael
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Subset Match (F1-score) Error-grading (Accuracy) Nsamples (CORRECT, FLAWED)

Model Baseline Model Baseline Model Baseline

Adversarial MedQA 0.937 0.548 0.804 0.344 (62, 160) (62, 160)
0.892–0.981 0.469–0.627 0.741–0.867 0.260–0.428

GPQA Diamond Plus 0.799 – 0.691 0.785 (191, 191) (0, 191)
0.752–0.846 0.624–0.758 0.727–0.844

Modified TheoremQA 0.872 – 0.874 0.905 (95, 95) (0, 95)
0.819–0.925 0.808–0.939 0.848–0.963

Standard Python650 0.981 0.984 – – (316, 317) (316, 317)
0.970–0.992 0.975–0.994

Meta Python650 0.970 0.890 0.768 0.596 (316, 613) (319, 633)
0.956–0.984 0.863–0.916 0.735–0.802 0.558–0.634

Alt. Meta Python650 – – 0.401 0.264 (0, 294) (0, 314)
0.741–0.867 0.217–0.312

CELS Law 0.901 0.907 0.819 0.587 (200, 196) (223, 196)
0.875–0.927 0.862–0.952 0.746–0.892 0.481–0.693

CELS Lojban 0.903 0.921 0.866 0.867 (399, 648) (83, 98)
0.873–0.932 0.883–0.960 0.834–0.897 0.848–0.886

CELS Surgery 0.936 0.940 0.819 0.846 (1245, 568) (129, 39)
0.921–0.951 0.920–0.960 0.760–0.877 0.744–0.948

Table 2: Best model performance metrics for all tasks tested in this paper. The match task was run using both ‘CORRECT’ and
‘FLAWED’ samples and the error-grading task was run using only ‘FLAWED’ samples. The CELS results are for the match-all
and grade-all tasks. 95% confidence intervals were calculated using a cluster-based block bootstrap approach (1,000 samples).
‘CORRECT’ = positive samples, ‘FLAWED’ = negative samples.

2024; Sun et al. 2024b), which requires gold labels, a weak
LLM to play the role of evaluator, and an LLM whose capa-
bilities exceed those of the evaluator but fall short of perfect
performance, to act as the system being overseen. For exam-
ple, the match task for Python650 and Meta Python650, and
the error-grading task for CELS Lojban, Meta Python650,
and Adversarial MedQA, all are examples of tasks for which
the expert baseline or the top model outperforms at least
one model, which is in turn underperformed by yet another
model. Claude Opus 4 and o4-mini generally demonstrated
strong performance, but o3 clearly led the pack distinguish-
ing correct from flawed solutions and grading errors for Ad-
versarial MedQA, GPQA, Python650, and Meta-Python650.
In contrast, Claude models showed strong performance on
the error-grading task in CELS Law, where o3-mini and
GPT-4o performed very poorly.

We find that for several datasets, particularly Adversar-
ial MedQA, top-performing models consistently match or
outperform human experts. Notably, CELS Lojban stands as
an exception, with all models except o3 performing signif-
icantly below human expert baselines. Finally, our results
highlight the difficulty of the Alt Meta Python650 error-
grading task, where models must identify flaws in explana-
tions that reach the correct conclusion through faulty rea-
soning. This represents a particularly challenging form of
verification, although the low degree of agreement among
human experts also suggests this task may involve inherent
ambiguities that make consensus difficult even for skilled
programmers.

5.2 Implications for scalable oversight

FindTheFlaws was developed to address a gap in existing AI
evaluation resources: the lack of datasets containing not just
examples of correct solutions to challenging problems, but
also flawed solutions where both the presence and specific
nature of errors are known and validated by domain experts.

Even in cases where current models exceed human perfor-
mance on certain tasks, these datasets remain valuable for
at least three reasons. First, they provide a diverse testbed
for evaluating whether oversight mechanisms can help weak
verifiers effectively evaluate outputs from more capable sys-
tems. Second, they enable researchers to analyze whether
oversight methods are identifying genuine errors or devel-
oping heuristics that may not generalize well with increasing
problem difficulty. Third, they allow performance baselines
for scalable oversight methods to be established across di-
verse domains that can help track progress as new models
and oversight techniques are developed.

The finding that models sometimes outperform human ex-
perts, particularly in the Adversarial MedQA dataset, high-
lights the fundamental challenge motivating scalable over-
sight research: as AI systems tackle increasingly special-
ized and complex tasks, naive approaches to human veri-
fication become not only more costly but also less able to
continue providing training signals that we can have con-
fidence in. The growing number of domains in which AI
systems match, exceed, or are quickly approaching human
expert performance suggests we may already be entering
the regime where the necessity for scalable oversight ap-
proaches is not merely theoretical but practical and imme-

37873



diate.
Finally, the gap between match and error-grading perfor-

mance for some models highlights that the ability (or ten-
dency) to determine whether a solution is correct is not al-
ways accompanied by the successful identification of the
specific nature of the errors. If assistant models within a par-
ticular scalable oversight protocol are more likely to present
flawed reasoning to judges when discussing questions that
are more difficult for the judge, this suggests potential scal-
ing limitations that might otherwise remain hidden until
more challenging domains are encountered.

5.3 Limitations and future work
Several limitations of our current approach warrant consid-
eration. First, the process of introducing flaws into solutions
inevitably involves some degree of artificiality. While some
errors exist due to limits in model capabilities (e.g., all errors
in Adversarial MedQA) and we took care to ensure errors
were validated by domain experts, the distribution of error
types may differ from those occurring in the output of de-
ceptive models, models trained in debate, etc. Future dataset
expansions could aim to make the distribution of errors more
representative of what might be expected from a scalable
oversight protocol involving adversarial training. Future ex-
ploration of the long CoT regime (Chen et al. 2025) will also
be important for elicitation with stronger models.

Our evaluation methodology, which uses Claude 3.5 Son-
net to determine whether model-identified errors match ex-
pert annotations, introduces another potential source of bias.
While this approach enabled efficient evaluation across large
datasets, it may systematically favor certain error descrip-
tions or explanation styles. Model performance is also likely
to be influenced by the specific prompt formulations used
in the evaluation. Subtle changes in how verification tasks
are framed could impact model responses, raising concerns
about robustness. Future research should explore prompt en-
gineering techniques that minimize sensitivity to phrasing
and improve the consistency of model performance.

The challenge of obtaining reliable expert judgments is
evident in the varying levels of inter-annotator agreement
across datasets. The expert baseline analogues created for
GPQA Diamond Plus and Modified TheoremQA highlight
the inherent ambiguity in identifying the locations of errors
even when both the correct answers and flawed answers are
known. This underscores the importance of multi-annotator
approaches and careful validation.

Finally, as previously noted, current frontier models al-
ready perform at or above our conservative estimates of hu-
man expert performance on most of the datasets in FindThe-
Flaws. While these datasets remain useful for testing scal-
able oversight protocols involving weaker judges, bench-
marks with error annotations in even more challenging do-
mains would facilitate improved evaluation of whether over-
sight mechanisms that appear effective today will continue
to be reliable as AI capabilities advance.

6 Conclusion
The FindTheFlaws datasets offer a resource enabling re-
searchers to evaluate oversight techniques by testing how

effectively model-assisted evaluators can spot errors in long-
form reasoning across various complex domains. For some
models, our analysis revealed a discrepancy between the
model’s ability to detect the presence of errors and its ca-
pacity to identify or explain those errors. This distinction
is relevant to oversight protocols in which the ability of the
protocol to scale effectively with problem difficulty is linked
to its ability to enable overseers to accurately identify spe-
cific flaws that may appear in invalid or deceptive reason-
ing. On several task/dataset combinations, Llama 3.3 70B
was the weakest model, and there was at least one additional
model with performance that clearly exceeded Llama’s but
fell short of the human expert baseline or best model. This
implies that these task/dataset combinations are well-suited
for experiments which require gold labels or a strong expert
model, a weaker model acting as judge, and a model of inter-
mediate performance to serve as the system being overseen.

Our findings also highlight the domain-specific nature of
model performance in oversight tasks, with relative error-
grading performance for models like o3-mini and Claude
4 Opus flipping between coding and scientific reasoning.
These domain-specific differences underscore the impor-
tance of evaluating oversight techniques across diverse prob-
lem domains rather than relying on performance in a single
area. As AI capabilities continue to advance, robust over-
sight protocols will become increasingly critical, and we
hope that FindTheFlaws will serve as a valuable resource
for this continuing effort.
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