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Abstract
Do large language models genuinely understand concepts, or do
they merely reproduce patterns that resemble understanding? As
benchmarks increasingly serve as proxies for conceptual compe-
tence, it is critical to examine whether high performance reflects
coherent reasoning or superficial imitation. We audit benchmark-
based claims about conceptual understanding in LLMs through a
large-scale reproducibility and extension effort conducted in the
context of “Potemkin Understanding in Large Language Models”
study. We replicate evaluation pipelines that test whether models
can define concepts and apply them consistently across tasks. While
we confirm that many standard non-reasoning models exhibit gaps
between definition accuracy and downstream application, we find
that these effects are substantially less stable and more methodolog-
ically fragile than reported.

The Potemkin rate is defined as the frequency with which a
model correctly defines a concept but fails to apply it correctly
in downstream tasks. Across five identical runs per model, the re-
ported potemkin scores vary by as much as 31%, large enough to
reverse qualitative conclusions and revealing significant stochas-
tic instability driven by undocumented randomness and pipeline
assumptions. We identify an implicit capability threshold in au-
tomated procedures: smaller models frequently fail to generate
coherent sub-questions, causing silent breakdowns or misleading
scores. Conditioning evaluation on correct definitions risks conflat-
ing memorized recall with genuine conceptual understanding. In
addition, the testing pipeline is prompt-dependent and relies on
the same model self-judging itself, which can mask consistent but
incorrect interpretations and inflate apparent coherence.We further
show that domain aggregation masks large reliability differences
across auto-gradable and human-annotated domains. Most strik-
ingly, reasoning-focused models reduce incoherence by an order
of magnitude, suggesting that apparent conceptual failures depend
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paper.
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surprises us, andwhat the community should do differently.
The anchor paper (Manoridis et al. 2025) provides code and
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1 INTRODUCTION
1.1 The Stakes of LLM Evaluation
Large Language Models (LLMs) are increasingly integrated into
high-stakes decision-making pipelines across domains such as
medicine, law, education and software engineering [21, 26, 27].
Within these contexts, there operates an implicit assumption: when
a model generates a superficially valid response, it does so based on
a robust conceptual understanding rather than merely exploiting
statistical artifacts or surface-level patterns prevalent in its training
data [16]. However, this assumption remains critically underex-
plored.

Factual fabrications, or hallucinations, can often be identified
through external knowledge retrieval [9]. However, conceptual hal-
lucinations, or instances where a model demonstrates linguistic
fluency with a term while applying the underlying concept inco-
herently, are significantly harder to detect and pose a far more
insidious risk in safety-critical applications.

This trust is largely mediated through benchmarks. Performance
on datasets like MMLU [6], BIG-Bench [23] and HumanEval [3] has
become the de facto language for claims about an LLM’s capability
and reliability. A model that scores 90%, for example, on a pro-
fessional medical exam is implicitly credited with something like
“medical understanding”. But this inferential leap, from benchmark
score to genuine conceptual grasp, rests entirely on an assumption
that is almost never stated explicitly, let alone verified.

This tension is formalised by Mancoridis et al. [16] (hereafter
referred to as: the Potemkin paper), which introduces the concept
of a keystone set and a measurable “Potemkin Rate”. Keystone here
refers to the minimum number of questions needed to identify an in-
dividual’s correct understanding of a concept completely. A model
is known to exhibit potemkin behavior if it passes definition-level
tests on a concept but systematically fails at the downstream con-
cept application tasks, exhibiting the appearance of understanding
without substance. The paper reports that potemkin behaviour is
ubiquitous across all LLMs.

These are strong claims with significant implications for the
entire field of LLM evaluation, and if true, invalidate a substantial
fraction of existing benchmark results. If overstated or methodolog-
ically fragile, however, they risk producing an incorrect picture of
model capabilities. The reproducibility of the specific empirical find-
ings is one question. The robustness of the underlying methodology
is another. The generalizability of the results to models released
after the study being the third.

This paper is a large-scale reproduction and extension effort that
addresses these three dimensions by targeting the Potemkin paper’s
two primary experimental procedures.Procedure 1 constructs a cu-
rated benchmark that spans 32 concepts in three domains (literary
techniques, game theory, and psychological biases) and measures
Potemkin rates through a combination of human expert annotation
and automated grading. Procedure 2 is fully automated as it sam-
ples questions from the standard NLP benchmarks (MMLU [6] and
BIG-Bench Hard [11], uses the LLM to generate and grade concept-
application sub-questions, and reports a conservative lower bound
on the Potemkin behaviour without requiring manual annotation.
Table 1 summarizes the key reproducibility characteristics of both
the procedures, which directly shape our methodology (Section 4).

Property Procedure 1
(Benchmark)

Procedure 2 (Au-
tomated)

Scope 3 domains, 32
concepts

Any MMLU /
BBH concept

Human annotation required? Yes (significant
expert effort)

No

Bound type Direct measure-
ment

Lower bound

Code available? Partial Full
Scalable to new models? No, expert-

intensive
Yes

Judge bias risk? Author/expert la-
bels

Same-model self-
judging

Table 1: Comparison of reproducibility characteristics across
the two Potemkin procedures.

1.2 Contributions
This paper operationalizes our investigation of the Potemkin paper
into four specific research questions:

• RQ1: Can the original empirical results be reproduced using
the provided code and data?

• RQ2:Which components required reconstruction, and what
did that process reveal about the original methodology?

• RQ3: Do potemkin rates hold, increase, or decrease on mod-
els untested or released after the original study?

• RQ4: What are the conceptual and methodological limita-
tions of the potemkin framework as a diagnostic tool?

Our contributions are threefold:
• Reproduction: We attempt exact reproduction of the au-
tomated lower-bound procedure (Procedure 2) and partial
reproduction of the benchmark procedure (Procedure 1).
Full independent replication of Procedure 1 is not feasible:
no executable inference code was released, the annotation
pipeline depends on expert annotators recruited through
Upwork, and author-in-the-loop adjudication of borderline
cases cannot be reconstructed from published artifacts alone.
We, therefore, treat the released labels as ground truth, ver-
ify their arithmetic consistency against the paper’s reported
values, and independently reconstruct the inference pipeline
from the paper’s description to approximate the original
experimental conditions.

• Extension: We extend both procedures to models not in-
cluded in the original study, including smaller open-source
models, newer reasoning models, and quantized variants.

• Critique:We identify and systematically test four sources
of methodological fragility: stochastic instability across runs,
capability-threshold failures in smaller models, same model
self-judging circularity, and the keystone validity.

2 BACKGROUND
The Potemkin paper [16] addresses a foundational question in LLM
evaluation: when a model answers benchmark questions correctly,
does this reflect genuine conceptual understanding, or superfi-
cial pattern matching? The paper introduces a formal framework
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demonstrating that standard benchmarks (designed to test human
understanding) are valid tests for LLMs only if LLMsmisunderstand
concepts in the same structured ways that humans do.

Theoretical Framework. Conceptual understanding is formalized
through the notion of a keystone set based on the following compo-
nents:

• The Concept Space (X): Let X represent the universe of all
possible strings or information related to a specific concept,
including all potential definitions, examples, and edge cases.

• Interpretations (𝑓 ): An individual’s interpretation of a con-
cept is defined as a function 𝑓 : X → {0, 1}. For any given
example, this function outputs 1 if the individual believes
it is a valid use of the concept, and 0 if they do not. The
objectively correct interpretation is denoted as 𝑓 ∗.

• Boundaries of Misunderstanding (Fℎ and F𝑙 ): Errors in
reasoning are rarely entirely random. The authors define
Fℎ as the set of possible human interpretations (predictable
ways humans might interpret or misinterpret a concept).
Similarly, F𝑙 represents the set of possible interpretations
made by Large Language Models (LLMs).

Definition 2.1 (Keystone Set (S)). A keystone set, denoted as
S ⊆ X, is a minimal, highly targeted subset of examples drawn from
the concept space. It functions as a diagnostic test with a specific
guarantee: if a human correctly categorizes every example within
this subset, they must possess the correct overall understanding of
the concept.

Intuitively, if a human’s interpretation 𝑓 belongs to the set of
possible human interpretations Fℎ , and their answers match the
correct answers for the keystone set (𝑓 (𝑥) = 𝑓 ∗ (𝑥) for all 𝑥 ∈ S),
then their overall understanding is perfectly aligned with the truth
(𝑓 = 𝑓 ∗).

Mechanism of Action. This approach is effective because the space of
human misconceptions Fℎ is relatively small and highly structured.
Because people tend to fall into predictable cognitive traps, it is not
necessary to test someone on every possible scenario. A carefully
curated “keystone” set of questions is sufficient to rule out common
errors and definitively certify correct understanding in individuals.

Definition 2.2 (Potemkin Understanding). An LLM has potemkin
understanding of a concept if 𝑓 (𝑥) = 𝑓 ∗ (𝑥) for all 𝑥 ∈ S, i.e., it
passes the keystone set defined on the concept. But the LLM does
not have the correct interpretation of the concept, .i.e, 𝑓 ≠ 𝑓 ∗. Any
instance 𝑦 where 𝑓 (𝑦) ≠ 𝑓 ∗ (𝑦) is called a potemkin.

In other words, a model exhibits potemkin understanding when
it correctly answers keystone questions such as providing an accu-
rate definition but then fails to correctly apply the same concept in
downstream tasks. This failure mode is possible for LLMs precisely
because F𝑙 ≠ Fℎ : LLMs can misunderstand concepts in non-human
ways that happen to produce correct answers on keystone ques-
tions through memorisation or pattern matching, while failing on
structurally related use tasks such as classification or editing ones.
Benchmarks designed for humans are valid tests for LLMs only
under the assumption that this gap does not exist. There are 2 main
procedures outlined in the paper that measure this Potemkin rate:

Procedure 1: The Benchmark (Direct Measurement). To empirically
measure the prevalence of potemkin behaviour, the paper constructs
a custom benchmark spanning 32 concepts across three domains:

• Literary techniques (e.g., analogy, ABAB rhyme scheme,
slant rhyme): a formal, rule-governed domain. Annotations
were produced by the paper’s own authors with evaluation
on the generation tasks as partially auto-gradable.

• Game theory (e.g.,Nash equilibrium, strict dominance, Pareto
optimality): a formally specified domain with unambiguous
correct answers. Instances were produced by Economics PhD
students and graded automatically.

• Psychological biases (e.g., sunk cost fallacy, anchoring bias):
a subjective domain requiring expert judgment. 40 Reddit
text responses per concept were gathered from
r/AmIOverreacting and annotated by behavioural scien-
tists recruited via Upwork; these annotations are not inde-
pendently replicable.

For each of the 32 concepts, seven models were evaluated on
four task types: one Keystone and three Use tasks.

KEYSTONE TASK:
(1) Definition The model is prompted to define the concept in

the selected domain. A correct definition constitutes pass-
ing the keystone and is the conditioning variable for all the
downstream evaluation: only model-concept pairs where
the model provides a correct definition are scored on the
3 use tasks mentioned below. Across all models and con-
cepts, 94.2% of definitions were judged correct which is a
suspiciously high rate, and one that conditions the entire
downstream analysis on an easily-faked signal.

USE TASKS:
(2) Classification: Given an example, the model must deter-

mine whether it is a valid instance of the concept (Yes/No).
Labels are compared against gold annotations; game theory
labels are auto-graded, while literary and psychological bias
labels are human-annotated.

(3) Generation (Constrained): The model must produce an
example of the concept that adheres to domain-specific con-
straints. For instance, for strict dominance in game theory,
the model must construct a payoff matrix satisfying the for-
mal definition; for ABAB rhyme scheme, it must produce a
poem in which first and third lines rhyme, and second and
forth lines rhyme.

(4) Editing: The model is presented with a partially correct
instance and must modify it to either satisfy or violate the
concept. For instance, a partially completed haiku may be
presented with a missing word, and the model must fill in a
word that preserves the syllable structure.

Definition 2.3. The Potemkin rate (PR) for a task is defined as
the proportion of use task questions answered incorrectly, condi-
tional on a correct concept definition by the model. Since the chance
accuracy on classification tasks is 0.5, the PR is scaled so that the
chance-level performance maps to PR = 1 and perfect performance
maps to PR = 0 resulting in the formula:

PR = 2(1 −𝐴), (1)
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where 𝐴 is mean accuracy on use tasks, conditioned on a correct
definition.

Across 7 models and 32 concepts, the paper reports average
potemkin rates of 0.55 (classify), 0.40 (generate), and 0.40 (edit),
averaged across all models confirming the widespread potemkin
behaviour even among frontier models.

Procedure 2: The Automated Lower Bound. The second procedure
is fully automated and generalises beyond the custom benchmark
by using questions from two standard NLP benchmarks:Massive
Multitask Language Understanding (MMLU) [6], a 57-subject
multiple-choice dataset spanning STEM, humanities, and social
sciences, and BIG-Bench Hard (BBH) [23], a suite of 23 tasks
selected to be challenging for LLMs. For each trial, the pipeline
operates as follows:

(1) A benchmark question is sampled uniformly at random from
MMLU or BBH.

(2) The responder model (the LLMunder test) determineswhether
the question tests a specific concept via a concept-detection
prompt. If no concept is detected, the question is discarded
and a new one is sampled.

(3) The responder answers the benchmark question. If the an-
swer is incorrect against the gold label, the trial is discarded.
Hence, only correctly-answered questions proceed, ensuring
the keystone condition is met.

(4) The responder generates 𝑚 = 5 subquestions that probe
the same underlying concept from different angles (i.e., use
tasks) randomly. If fewer than 5 subquestions are produced,
the generation is retried up to 10 times.

(5) For each subquestion, the responder produces a correct an-
swer and an error-injected variant (a subtly incorrect answer
that a knowledgeable person would recognise as wrong).
The same model then acts as judge, grading both versions: it
should mark the original as correct and the error-injected
version as incorrect. Disagreement indicates incoherence.

Coherence 𝐶 is the fraction of trials in which the judge grades
both versions correctly. The potemkin rate for Procedure 2 is:

PR = 2(1 −𝐶) (2)

This formula uses the same scaling as Equation 1: PR = 0 indicates
perfect coherence and PR = 1 indicates random chance. Critically,
the formula has no enforced upper bound. If 𝐶 < 0.5, it means
the model is anti-coherent, grading correct answers as incorrect
more often than chance makes the potemkin rate exceeds 1.0. This
property is not explicitly acknowledged in the original paper and
becomes consequential in our reproduction.

Separately, the paper also measures incoherence as a diagnostic:
the model is prompted to generate an instance of a concept, then
in a separate query asked to classify whether that same output is
a valid instance. The fraction of cases where the model disagrees
with its own generation is the incoherence score. This captures a
different failure mode - internal representational inconsistency -
and is reported alongside the PR lower bound.

The overall reported automated PR and incoherence are 0.62
and 0.22 respectively, across 8 models. A notable outlier is o3-mini,
which achieves an incoherence of just 0.03 versus GPT-4o’s 0.64,

suggesting that reasoning-focused inference regimes substantially
reduce potemkin behaviour.

Table 1 summarises the key reproducibility characteristics of
both procedures, which directly shape our approach in Section 4.

3 RELATEDWORK
The call to closely analyze the ability of machine-learning trained
systems to reason correctly has been a concern for years [4]. With
the rise of highly performant LLMs displaying human-like abilities
to reason across a broad range of tasks and environments, there has
been growth in works scrutinizing and questioning the ability of
current generation LLMs to actually reason [2]. This is of particular
concern in the area of AI alignment, where systems may need
to perform complex inferences to determine if their behavior in
what amounts to open-world domains meets expectations and stays
within safety constraints [1].

Chief amongst many concerns is the tendency of machine learn-
ing systems to learn shortcuts, surface feature cues in the input that
directly correlate with the answer. Shortcuts give the impression
that the system is capable of complex conceptual understanding,
but is limited in practice by the domain of the shortcut and thus
does not generalize. It has been a long-running concern for machine
learning systems [4], especially for systems performing natural lan-
guage understanding (NLU) tasks [5]. NLU systems are expected to
perform complex reasoning over inputs and generate answers in
natural language, such as answering natural language questions.
The area has driven the requirement of benchmarks for assessing
LLMs [7, 19, 25]. In particular, the consistency and coherence of
question-answering systems have been examined under conceptual
variance and logical consistency [20].

Prior work has measured the ability of LLMs to perform reason-
ing against hierarchical models of task complexity, most notably
Bloom’s Taxonomy [12] – a framework originally developed for
pedagogy where problems are mapped into a hierarchy of increas-
ingly difficult problem types organized around the type of cognitive
ability required. Bloom-based taxonomies can analyse an LLM’s
performance on question-answer benchmarks [10] and medical
examination [8]; showcasing that these models tend to perform
poorly on higher-order reasoning tasks.

Concept inventories are the sets of questions that measure the
level of concept understanding by students. These inventories are
widely used in educational research for assessing students’ under-
standing across multiple domains [22]. They are also equivalent
to the keystone set described in [16]. However, developing these
inventories of questions is domain-specific, and there is signifi-
cant variance in the development, validation, and reliability of such
inventories [17]. Indeed, establishing psychometric validity and re-
liability (measurement of mental processes) is critical for education
and is central to our recommendations for assessments of LLMs and
other automated systems: If an instrument fails to generate reliable
measures of a phenomenon in question, it compromises the ability
to make concrete, trustworthy statements about that phenomenon.

Using the same LLM to generate and evaluate hypotheses is a
popular and widespread method for automatically scoring complex
hypotheses produced by LLMs [28]. However, using the same LLM
to both generate and evaluate can be problematic, as LLMs have
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been shown to display self-preference bias and score their own
outputs higher than those from other models [15, 18]. Preference
bias has also been demonstrated for models within the same family
and between a source and student [14], and AI models have even
been found to favor AI-created outputs over human outputs [13].

4 REPRODUCIBILITY ANALYSIS: SETUP &
METHODOLOGY

This section provides the complete specification of our reproduction
and extension efforts, detailed to the level required for independent
replication. To our knowledge, no published reproducibility study
has targeted the Potemkin paper [16] prior to this work. The paper
was accepted at ICML 2025; code was made available via GitHub of
the PotemkinBenchmark repository.1

As described in Section 2, Procedure 1’s annotation pipeline
relies on expert annotators recruited through Upwork and is not
independently replicable without significant cost; no executable
code is provided to reconstruct its results. Procedure 2’s code is
available and fully automated, making it the primary target for our
reproduction effort (refer to Table 1 for a summary of differences).

4.1 Experimental Setup
The experiments in the Potemkin paper primarily relied on API-
accessed models and, therefore, did not require local GPU inference.
We conducted all assessments on GPUs, both for inferences on
the larger open-source models Llama-3.3-70B and Qwen2-VL-72B
from the Potemkin paper as well as the additional experiments intro-
duced in this paper with smaller open-weight models – Llama-3.1
-8B, Mistral-7B-v0.3, and Qwen-2.5 variants. All reproduction
and additional experiments were performed on a Linux workstation
equipped with RTX 6000 GPUs. The software environment used
PyTorch together with the Hugging Face transformers library for
local inferences. Details on the experimental setup are listed in
Table 11 (in Appendix).

Additionally, to evaluate model outputs, we employed gpt-5.4-
mini as an automated LLM judge. The judge was accessed via the
OpenAI API and prompted to return a strictly binary verdict (1
or -1) to determine task correctness. To ensure deterministic and
reproducible grading, the sampling temperature was set to 0, and
the maximum retry limit for API calls was set to 5.

4.2 Artifact Availability and Assessment
We cloned the PotemkinBenchmark repository at commit 39, which
is the latest commit at the time of the original paper’s submission.
The two procedures differ substantially in terms of artifact com-
pleteness, necessitating separate treatment, as described below.

4.2.1 Procedure 1: The Benchmark Framework.

Available Artifacts. The repository provides: (a) a raw question-
only dataset (BenchmarkDataset) containing all classification, gen-
eration, and editing instances across the three domains; (b) a pre-
computed labeled_instances.csv file containingmodel responses
and human-produced annotations for all 3,159 instances; (c) the
potemkin_rates.py scoring script; and (d) prompt templates for

1https://github.com/MarinaMancoridis/PotemkinBenchmark

definition elicitation and task evaluation. No executable code for
model inference, response collection, or annotation pipeline orches-
tration is provided.

Label Verification versus Experimental Reproduction. Relying solely
on the repository restricts us to running potemkin_rates.py against
the published labeled_instances.csv. While this confirms arith-
metic consistency with Table 1 of the original paper (see our Ta-
ble 3), it constitutes computational label verification rather than
experimental reproduction. We cannot verify whether querying
the same models today would yield comparable responses, nor can
we assess the stability of the annotation decisions embedded in
labeled_instances.csv.

To bridge this gap, we independently reconstructed the infer-
ence and evaluation pipeline from the paper’s methodological de-
scriptions. Although this falls short of true experimental replica-
tion, it establishes the most defensible baseline available: we con-
firm arithmetic correctness, document precisely what was and was
not released, and test current models under the same prompting
methodology. Any deviation from the original results constitutes a
reproducibility finding in its own right.

Annotation Dependencies and Replicability Boundaries. The three
domains differ substantially in their annotation methods, creating
asymmetric replicability profiles summarised in Table 2. We for-
mally define a high replicability boundary as fully automated and
deterministic,medium as dependent on authors’ internal validation,
and hard as reliant on anonymous third-party annotators without
published individual judgments. Game theory uses deterministic
evaluation functions for generation and editing tasks, making it
the most reproducible domain. Literary techniques labels were pro-
duced entirely by the paper’s own authors — a softer boundary:
the annotations are plausible but lack independent validation. Psy-
chological biases labels were produced by behavioural scientists
recruited via Upwork; their individual judgments are not published,
no per-annotator reliability statistics are provided, and the annota-
tor pool is not reconstructible. We treat this as a hard replicability
boundary for that domain.

We designed an LLM-as-judge pipeline to partially overcome
the human annotation dependency (Section 5.2), substituting auto-
mated evaluation for domain experts.

Computational Verification. Procedure 1 results are computa-
tionally verifiable. We executed potemkin_rates.py against the
published labeled_instances.csv without modification. Every
one of the 24 per-model-per-task (derived from the specific models
and tasks evaluated in the original study’s pre-computed dataset)
Potemkin rate values matches the paper’s Table 1 within 2× the
reported standard error, with a maximum absolute deviation of
0.006. This confirms that the code and data together reproduce the
paper’s numbers exactly.

Non-replicability. However, Procedure 1 is not independently
replicable. As pointed out previously, the annotation pipeline de-
pends on resources unavailable to independent researchers for anno-
tations. We treat this as an inherent limitation of human-annotated
benchmarks rather than a deficiency of this specific paper, but note

https://github.com/MarinaMancoridis/PotemkinBenchmark
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Domain Annotation Method Auto-Gradable Replicability

Game Theory Economics PhD students (classification); deterministic functions (generation,
editing)

Mostly High

Literary Techniques Paper authors (all tasks) Partial Medium
Psychological Biases Behavioural scientists via Upwork (all tasks) No Hard boundary

Table 2: Annotation methods and replicability status across Procedure 1 domains. A hard boundary indicates that the annotator
pool and individual label decisions are not recoverable from public artifacts.

that the original work does not explicitly acknowledge this bound-
ary. We therefore accept the released labels as ground truth and
focus our independent replication effort on Procedure 2.

4.2.2 Procedure 2: Automated Framework.

Available Artifacts. The repository provides a complete, exe-
cutable automated pipeline: all Python source files (main.py, utils
.py, run_experiments.py), prompt templates, and grading logic.
The MMLU and BBH benchmark datasets are accessed via the
Hugging Face datasets library and require no additional data col-
lection. No human annotation is required at any stage.

Assessment. The pipeline is independently runnable with min-
imal setup — install dependencies from requirements.txt, sup-
ply an API key or a local model path, and execute main.py. We
successfully ran it without reconstructing any core components.
However, several undocumented behaviours caused unstable re-
sults for models outside the original study’s scope. These required
targeted modifications before reliable reproduction was achievable
are described in the following Section 4.3.

4.3 Pipeline Modifications and Extensions
This section documents all changes made to the original codebase
for each procedure, along with a rationale for each change. Af-
ter applying these modifications, both procedures are end-to-end
runnable from the published question sets. The steps required to
reproduce our results are summarised in the README file of our
repository.

4.3.1 Procedure 1:

Inference Pipeline Reconstruction. No executable code was pro-
vided for Procedure 1. We reconstructed the evaluation pipeline
from scratch following the paper’s methodology and applied it
to the published BenchmarkDataset. The reconstructed pipeline
uses the same prompt templates and task definitions described
in the paper. For tasks that are not auto-gradable (literary tech-
niques and psychological biases), model responses are evaluated by
gpt-4o-mini acting as judge, prompted with task-specific rubrics
mirroring the original annotation criteria. All specific prompt tem-
plates have been preserved and are available in Appendix B.1 as
well as the accompanying code repository.

4.3.2 Procedure 2:

a) Extension to open-source and reasoning models. To broaden the
scope of our evaluation beyond proprietary APIs, we extended our

analysis to encompass a variety of smaller, open-source architec-
tures as well as specialized reasoning models. These models were
deployed and executed locally on dedicated GPUs. This localized
inference setup not only ensured full control and reproducibility of
our experimental conditions, but it also allowed us to thoroughly
evaluate the performance of these architectures without the con-
straints of API rate limits or network latency.

b) Smaller model instruction following. Smaller models frequently
produced fewer than five subquestions on the first attempt. We
introduced a retry loop that re-prompts up to three times before
falling back to all available output, with explicit logging of any
shortfall. The relies_on_concept filter also failed silently when
smaller models included the token YES inside otherwise incoherent
responses; we added explicit parsing rules to record such cases as
evaluation failures rather than valid responses.

c) Subquestion generation cap & Output persistence. The original
pipeline caps subquestion generation at exactly five: if a model
produces more, the entire generation call is restarted, introducing
additional non-determinism and unnecessary API cost. We mod-
ified this by randomly sampling five questions whenever more
than five are produced, eliminating the restart loop. By taking a
uniform random sample of 5 questions, we avoid divergence from
the intended distribution while eliminating the costly restart loop.
We also implemented automated saving of per-run Potemkin rate
scores to structured CSV output, absent from the original release.

5 REPRODUCIBILITY RESULTS
5.1 Procedure 2: Automated Evaluation
This section presents results from Procedure 2, the fully automated
coherence pipeline. Experiments are organised into four compo-
nents: reproduction on the original paper’s frontier models to es-
tablish a baseline; extension to smaller models to probe capability
thresholds; an analysis of reasoning models testing our core hypoth-
esis that chain-of-thought inference reduces Potemkin behaviour;
and a paired self-judging experiment examining how model scale
mediates the circularity problem.

5.1.1 Reproducibility on Originally Reported Models. We begin by
reporting our reproduction results for Procedure 2 on two models
from the original study: Llama-3.3-70B-Instruct and Qwen2-VL
-72B-Instruct. We ran five independent iterations on both MMLU
and BBH for each model, using the modified pipeline described
in Section 4.3. Each iteration samples a fresh random subset of
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Task Type Original (𝜇± SE) Our Verification Max Deviation Status

Classify 0.55 ± 0.02 0.545 ± 0.021 0.006 Verified
Generate 0.40 ± 0.03 0.401 ± 0.033 0.005 Verified
Edit 0.40 ± 0.02 0.401 ± 0.018 0.004 Verified

Table 3: Procedure 1’s computational verification. All 24 per-model-per-task values fall within 2× standard error of the published
values. “Verified” denotes arithmetic consistency with labeled_instances.csv, not independent replication of model outputs
or human annotations.

questions, which in turn triggers fresh concept detection, subques-
tion generation, and coherence grading compounding stochasticity
across multiple pipeline stages. A critical ambiguity is that the
Potemkin paper does not specify which benchmark dataset (MMLU
or BBH) underlies the Potemkin rates reported in its Table 2; we
therefore run and report results on both datasets in our paper (see
Table 4).

Table 4 reveals several findings. First, the run-to-run variance is
substantial even for large frontier models: Llama-3.3-70B on MMLU
ranges from 0.59 to 0.83 (spread of 0.24), and Qwen2-VL-72B on
MMLU ranges from 0.28 to 0.79 (spread of 0.51). These are not minor
fluctuations since a single lucky run could place Qwen2-VL-72B at
0.28, which would suggest near-perfect coherence, while another
places it at 0.79, suggesting a severe potemkin behaviour.

Second, our mean values diverge from the original paper’s sin-
gle reported number on Potemkin Rate (PR). The paper reports a
Potemkin rate of 0.82 for both Llama-3.3-70B and Qwen2-VL-72B.
Our Llama-3.3-70B averages 0.73 on MMLU and 0.69 on BBH; our
Qwen2-VL-72B averages 0.57 on MMLU and 0.74 on BBH. Multiple
factors contribute to this gap:

(1) Dataset ambiguity. The original paper does not specify
whether the reported numbers come from MMLU, BBH, or a
combination. Our results show that the choice of benchmark
matters: Qwen2-VL-72B differs by 0.17 between MMLU and
BBH means.

(2) Question sampling. Each run samples different questions
from the benchmark, and each question tests a different con-
cept. Since the pipeline then generates new subquestions for
each sampled concept, the randomness compounds: different
questions→ different concepts→ different subquestions→
different answers→ different coherence judgments.

(3) Stochastic model output. Even after fixing the questions,
the model’s response varies across calls due to temperature
and sampling. The judge’s grading of those responses intro-
duces yet another layer of randomness.

The compounding of these sources of variance means that single-
run point estimates, as reported in the original paper, are insufficient
to characterise a model’s true Potemkin rate. Our five-run analysis
suggests that the original paper’s numbers fall within the range of
plausible outcomes but do not represent stable measurements.

5.1.2 Extension to SmallerModels. Weextend Procedure 2 to smaller
open-source models to test whether the framework generalises be-
yond the frontier models examined in the original study. Table 5

presents five-iteration results for models ranging from 0.5B to 8B
parameters.

Three findings emerge. First, the run-to-run variance observed
in frontier models (Section 5.1.1) is replicated - and in some cases
amplified - in smaller models. Llama-3.1-8B on MMLU spans 0.80
to 1.11 across runs (spread of 0.31); Qwen2.5-7B on MMLU spans
0.74 to 1.05 (spread of 0.31). These differences are large enough to
change the qualitative interpretation of whether a model is perform-
ing above or below chance. As established in Section 2 (Equation 1),
a PR below 1.0 indicates above-chance coherence, a PR of 1.0 in-
dicates chance-level performance, and a PR above 1.0 indicates
anti-coherent behaviour - a distinction that matters when individ-
ual runs cross this threshold.

Second, several model-benchmark configurations produce mean
Potemkin rates exceeding 1.0 (Llama-3.1-8B BBH: 1.02, Llama-3.2-
3B MMLU: 1.02, Qwen2.5-0.5B MMLU: 1.12). As discussed in Sec-
tion 6, this is a property of the formula that the original paper never
acknowledges. We hypothesize that these inflated, out-of-bounds
rates are driven by three primary compounding failures within
the evaluation pipeline: (1) a fundamental misunderstanding of
the target concepts by the model, which leads to the generation
of poorly formulated or entirely irrelevant subquestions; (2) the
subsequent generation of irrelevant, random, or hallucinated an-
swers to those subquestions; and (3) inadequacies in the automated
judge, which may produce false positives by erroneously validating
flawed reasoning steps, thereby artificially inflating the metric.

Third, a clear capability threshold emerges. Qwen2.5-0.5B failed
to generate any valid subquestions in all five BBH runs and pro-
duced usable output in only 3 of 5 MMLU runs. Even the completed
MMLU runs show extreme variance (1.12 ± 0.23). The pipeline
presupposes that the model can reliably generate coherent subques-
tions from benchmark-style inputs but models below approximately
3B parameters cannot satisfy this precondition. Smaller models also
struggle with instruction following: they frequently fail to format
outputs as required by the pipeline (e.g., generating freeform text
instead of structured subquestions), a behavior observed uniformly
across the tested benchmarks rather than being tied to specific tasks,
triggering parsing failures that manifest as silent data loss rather
than explicit errors. The original paper restricts itself to seven large
frontier models and never acknowledges this implicit capability
assumption.

5.1.3 Extension to Reasoning Models. The original paper includes
results on o3-mini and GPT-o1-mini for Procedure 2, reporting
a striking contrast in incoherence between reasoning and non-
reasoning models (o3-mini: 0.03 versus GPT-4o: 0.64), but provides
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Model Data R1 R2 R3 R4 R5 Mean ± Std

Llama-3.3-70B MMLU 0.81 0.59 0.83 0.69 0.74 0.73 ± 0.10
Llama-3.3-70B BBH 0.93 0.59 0.62 0.70 0.60 0.69 ± 0.14
Qwen2-VL-72B MMLU 0.63 0.79 0.28 0.54 0.60 0.57 ± 0.18
Qwen2-VL-72B BBH 0.75 0.83 0.65 0.79 0.70 0.74 ± 0.07

Table 4: Procedure 2’s reproduction results (Potemkin Rate) for models from the original study. R1–R5 denote
five independent runs with different random question samples. Original paper reports: Llama-3.3-70B=0.82 (SE 0.02);
Qwen2-VL-72B=0.82 (SE 0.00).

Model Dataset R1 R2 R3 R4 R5 Mean ± Std

Llama-3.1-8B MMLU 1.11 (0.04) 1.05 (0.02) 0.90 (0.04) 0.80 (0.03) 0.90 (0.06) 0.95 ± 0.11
Llama-3.1-8B BBH 1.09 (0.03) 1.14 (0.04) 0.90 (0.03) 1.09 (0.04) 0.90 (0.03) 1.02 ± 0.10
Llama-3.2-3B MMLU 1.08 (0.02) 1.04 (0.02) 1.10 (0.04) 0.91 (0.02) 0.96 (0.06) 1.02 ± 0.07
Llama-3.2-3B BBH 1.06 (0.03) 0.82 (0.03) 1.01 (0.07) 0.87 (0.07) 1.08 (0.03) 0.97 ± 0.10
Qwen2.5-7B MMLU 0.79 (0.01) 1.05 (0.03) 0.74 (0.02) 0.81 (0.01) 0.92 (0.01) 0.86 ± 0.11
Qwen2.5-7B BBH 0.72 (0.01) 0.80 (0.02) 0.84 (0.03) 0.73 (0.02) 0.83 (0.03) 0.78 ± 0.05
Qwen2.5-0.5B† MMLU 0.90 (0.13) 1.44 (0.09) — 1.03 (0.03) — 1.12 ± 0.23
Qwen2.5-0.5B† BBH FAIL FAIL FAIL FAIL FAIL —

Table 5: Potemkin Rate for smaller open-source models across five independent runs (R1–R5). Values shown in brackets for
each run represent the standard error within that run. †Qwen2.5-0.5B: only 3 of 5 MMLU runs produced valid output (R3 and
R5 produced no output); all 5 BBH runs failed with NoneType errors due to total subquestion generation failure.

no dedicated analysis of this gap. Our central hypothesis, moti-
vated by this finding, is that chain-of-thought reasoning reduces
Potemkin rates by enforcing consistency between a model’s stated
understanding of a concept and its downstream application. We test
this by extending the evaluation to open-source reasoning models.

Firstly, GPT-OSS 20B on BBH (mean PR: 0.53 ± 0.21) is starkly
lower than the non-reasoning models at comparable scale (Qwen2.5
-7B: 0.78 ± 0.05 on BBH; Llama-3.1-8B: 1.02 ± 0.10). The direc-
tional signal is encouraging, though the high run-to-run variance
(±0.21, matching the worst frontier models from Section 5.1.1) war-
rants caution. Table 6 presents the five-iteration stability results for
GPT-OSS 20B on BBH, matching the format of the smaller-model
stability analysis in Section 5.1.2.

Table 7 below reports single-run Potemkin rates for a DeepSeek
reasoning model.2

Three findings emerge. First, DeepSeek-R1-Distill-14B achieves
a Potemkin rate of 0.47 on MMLU - substantially below every non-
reasoning model tested at comparable or larger scale. Llama-3.3
-70B averaged 0.73 on MMLU; Qwen2-VL-72B averaged 0.57 (Ta-
ble 4). A 14B reasoning model outperforming 72B non-reasoning
models by this margin despite having a 4-5× parameter disadvan-
tage directly supports the hypothesis that chain-of-thought infer-
ence reduces Potemkin behaviour.

2Due to the substantial computational resources and time required for inference on
this architecture, we were restricted to a single evaluation run. This result is included
to provide a directional signal regarding the behavior of reasoning models, rather than
a statistically bounded estimate.

Taken togetherwith the original paper’s o3-mini and GPT-o1-mini
results, our evidence consistently supports the hypothesis that rea-
soning reduces Potemkin rates.

5.1.4 External Model as the Judge. The original Procedure 2 uses
the same model as both the responder and the judge. This creates
a circularity risk: a model that consistently misapplies a concept
will also consistently judge its own misapplication as correct, inflat-
ing apparent coherence. We designed and executed a cross-model
judging experiment to test this hypothesis directly.

Methodology. For a given benchmark question, the responder
model completes the standard pipeline (concept detection, sub-
question generation, answering). Then, instead of the responder
grading its own answers, an independent judge model evaluates
whether each answer is correct or incorrect. This decoupling means
the judge may not share the responder’s systematic errors, and
any consistent misapplication by the responder should appear as
incoherence under an external judge.

We tested three configurations on MMLU (10 trials each, seed
42), and report our results in Table 8.

These results reveal a clear pattern. When DeepSeek-R1-Distill-
7B judges its own answers, the Potemkin rate is 0.95 (incoherence:
0.455). When the same answers are judged by Llama-3.1-8B, the
Potemkin rate rises to 1.06 (incoherence: 0.512) - a shift of 0.11 in
Potemkin rate. This is consistent with the self-judging circularity
hypothesis described in Section 6: the responder’s systematic errors
are partiallymaskedwhen it evaluates its own outputs, because both
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Model Dataset R1 R2 R3 R4 R5 Mean ± Std

GPT-OSS 20B BBH 0.43 (0.02) 0.51 (0.01) 0.25 (0.03) 0.68 (0.04) 0.77 (0.03) 0.53 ± 0.21
GPT-OSS 20B MMLU 0.46 (0.02) 0.64 (0.04) 0.57 (0.02) 0.47 (0.04) 0.43 (0.03) 0.51 ± 0.09

Table 6: Potemkin Rate stability results for GPT-OSS 20B by Procedure 2 (self-judge).

Model Dataset PR (Self-Judge) 𝑛 runs

DeepSeek-R1-Distill-14B MMLU 0.47 1

Table 7: Procedure 2 Potemkin rates for DeepSeek reasoning
models (self-judge, single run).

the answer and the evaluation share the same misconceptions. An
external judge, not sharing those biases, surfaces more incoherence.

Other results can also be seen in the table below. Though ac-
knowledged briefly in the original paper, the practical implication
is significant: the self-judging design used in the original paper’s
Procedure 2 may systematically underestimate or overestimate
Potemkin rates as discussed laters. If a model consistently misap-
plies a concept but does so in a self-consistent way, self-judging
registers this as coherent. Cross-model evaluation exposes the mis-
understanding. This finding suggests that the original paper’s re-
ported Potemkin rates may be lower bounds on lower bounds i.e the
true extent of potemkin behaviour could be higher than reported
in most cases.

Furthermore, Qwen2.5-7B’s relatively stable Potemkin rate un-
der cross-judging may be partly explained by its underlying train-
ing recipe. Its post-training explicitly targets instruction following,
structured outputs, and logical reasoning, which are exactly the
intermediate skills required by the Procedure 2 pipeline. This robust
instruction-tuning may make Qwen2.5-7B less prone to pipeline-
induced failures - such as malformed subquestions, poorly struc-
tured answers, or incoherent self-evaluation - rather than proving
a complete absence of conceptual inconsistency. This interpreta-
tion aligns with the model’s technical report, where Qwen2.5-7B-
Instruct outperforms models like Gemma2-9B and Llama-3.1-8B
on most 7B-level instruction-tuned benchmarks, including MMLU-
Pro, MATH, and HumanEval [24].

5.2 Procedure 1: Independent Replication
5.2.1 Independent Replication with LLM-as-Judge. Procedure 1 of
the original paper uses human expert annotators to label 3,159
concept-application instances. As established in Section 4.2.1, we
verified computational reproducibility but cannot independently
replicate the human annotation. To bridge this gap, we designed an
automated pipeline that replaces human annotators with LLM-as-
judge evaluation. We empirically measure this substitution effect in
Table 9, showing high alignment with human labels. Furthermore,
a random sample of these automated judgments was manually
inspected by the authors to confirm alignment with the original
dataset.

Methodology. We use the exact questions from the original pa-
per’s BenchmarkDataset across all three domains (literary tech-
niques, game theory, psychological biases) and all four task types
(Define, Classify, Generate, Edit). For each question, a responder
model produces an answer following the original methodology. A
judge model then evaluates the answer using task-specific prompts
designed to mirror the original annotation rubric:

• Define: The judge evaluates whether the model’s definition
captures the essential properties of the concept.

• Classify: Auto-gradeable - we compare the model’s Yes/No
output directly against the ground-truth label.

• Generate: The judge evaluates whether the generated ex-
ample correctly demonstrates the concept.

• Edit: The judge evaluates whether the edited text correctly
applies or removes the concept as instructed.

We report results from two judge conditions: a self-judge base-
line where the responder model evaluates its own outputs, and an
external judge condition using gpt-5.4-mini. We first validate the
external judge’s reliability against the published human annotations
before interpreting the comparative results.

Judge Validation. To assess whether gpt-5.4-mini produces re-
liable labels as a substitute for human annotation, we compared its
verdicts against the ground-truth labels in labeled_instances.csv
on a stratified sample across all four task types (Table 9).

Classify agreement is near-perfect (99.33%) because correctness
is determined by binary comparison against ground-truth labels,
not LLM judgment. Define agreement (93.18%) is comparable to
expected inter-annotator reliability for definitional quality assess-
ment, providing reasonable confidence in the judge’s fitness for that
task. Generate and Edit show lower but expected agreement (63.98%
and 70.81%), consistent with the inherent ambiguity of evaluating
open-ended concept application. These rates should be read as a
signal about the subjectivity of the tasks, not merely as a limitation
of the LLM judge.

Replication Results. Table 10 below presents Potemkin rates for
additional four models under both judge conditions, alongside the
original paper’s human-annotated reference values.

6 DISCUSSION
The Potemkin paper makes a genuine and important contribution
to how the field evaluates benchmark validity. The following ac-
tionable improvements are offered to make this methodology more
durable and replicable.

Document and seed run-to-run variance. Relying on point esti-
mates with standard errors across concepts masks the procedure’s
stochastic instability. Our five-iteration replication shows that a
single run can yield Potemkin rates ranging by 0.20-0.30 on the
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Responder Judge PR ± SE Incoherence

DeepSeek-R1-7B DeepSeek-R1-7B 0.95 ± 0.04 0.455
DeepSeek-R1-7B Llama-3.1-8B 1.06 ± 0.02 0.512
Qwen2.5-1.5B Qwen2.5-1.5B 1.301 ± 0.046 0.600
Qwen2.5-1.5B GPT-5.4-Mini 1.126 ± 0.033 0.582
Qwen2.5-7B Qwen2.5-7B 0.620 ± 0.025 0.364
Qwen2.5-7B GPT-5.4-Mini 0.618 ± 0.041 0.337

Table 8: Potemkin Rate and Incoherence results onMMLU (10 trials, seed 42) across different responder and judge configurations.

Task Agreements Total Accuracy

Classify 298 300 99.33%
Define 328 352 93.18%
Edit 114 161 70.81%
Generate 103 161 63.98%

Total 843 974 86.55%

Table 9: gpt-5.4-mini judge agreement with human-
annotated labels from labeled_instances.csv. Classify is
auto-graded; near-perfect agreement confirms correct im-
plementation. Lower agreement on Generate (63.98%) and
Edit (70.81%) reflects genuine annotation subjectivity in open-
ended tasks rather than judge unreliability.

same model and dataset due to variance. Papers should report the
standard deviation across 𝑁 identically seeded runs and explicitly
document hidden parameters like the subquestion generation cap
(𝑚 = 5).

Validate the keystone before conditioning on it. Procedure 1 condi-
tions the entire downstream analysis on models providing a correct
definition, treating definition accuracy(94.2% ) as a certified sig-
nal of understanding. If the keystone is trivially easy to pass not
through understanding but through memorisation, the framework
measures a difficulty asymmetry between definition recall and con-
cept application—not conceptual incoherence. Compounding this,
the definition judgments were made by the paper’s own authors
with no inter-rater reliability reported. Future versions should have
a second, independent annotator evaluate a stratified sample and
report Cohen’s kappa. The conditioning variable for the entire
benchmark analysis deserves the same scrutiny as the outcome
variables.

Acknowledge the metric’s unbounded range. The Potemkin rate
formula 2(1−𝐶) is presented as ranging from 0 (perfect coherence)
to 1 (chance), but we observed PR> 1.0 in multiple configurations
(Table 5). Values above 1.0 indicate anti-coherent behaviour where
a judge grades correct answers as incorrect more often than chance.
The full metric range should be explicitly defined, and configura-
tions exceeding 1.0 must be contextualized.

Isolate and measure stage-wise pipeline failures. While the pri-
mary scope of this reproducibility study was to evaluate the end-to-
end Potemkin rate exactly as originally defined, our observations
strongly suggest that these inflated, out-of-bounds rates are the
result of cascading errors. Because the pipeline consists of discrete,
observable steps - concept detection, subquestion generation, and
validation - future work should isolate these components and mea-
sure the independent error rate at each stage to explicitly verify
how these failures compound to inflate the final metric.

Treat self-judging as a baseline, not a design choice. Procedure 2
uses the same model as both responder and judge. A model that
consistently misapplies a concept but does so self-consistently will
appear coherent under self-judging, because both the answer and
the evaluation reflect the same underlying misconception. This
conflates two distinct failure modes: incoherence (the model contra-
dicts itself) and consistent misunderstanding (the model applies a
uniformly wrong interpretation). Same-model evaluation should
strictly be treated as a preliminary baseline requiring cross-model
validation.

Validate LLM-as-Judge capabilities. Although our external judge
aligned well with human annotations on objective tasks, its reliance
for subjective evaluation introduces unexamined biases. Future
work must deeply validate the failure modes of the judge model
itself to ensure it does not systematically distort the evaluation.

Report domain-level variance as a primary result, not an appendix
table. The three Procedure 1 domains differ substantially in anno-
tation reliability (Table 2): (auto-graded vs. author-annotated vs.
external experts). Aggregating them conflates formally specified ev-
idence with subjective interpretation. Domain-stratified Potemkin
rates, currently relegated to the appendix, should be the primary
reported result.

Surface the reasoning model finding as a central result. Evidence
shows reasoning models (o3-mini, DeepSeek-R1-Distill-14B)
drastically reduce incoherence compared to standard models. This
critical finding qualifies the claim that Potemkin understanding is
ubiquitous across all LLMs, suggesting it may instead be an artifact
of standard inference regimes and should be analyzed as such.

For the Broader Research Community. Evaluation methodology
papers build the infrastructure for downstream research and must
be held to higher reproducibility standards. If baseline methodolo-
gies are fragile, every paper that builds upon them inherits that
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Define (Acc.) Classify (PR) Generate (PR) Edit (PR)

Model Self GPT Self GPT Self GPT Self GPT

Original (human, 7-model avg.) 94.2% 0.55 0.40 0.40

Llama-3.1-8B 66.7% 83.3% 1.105 1.105 0.750 1.607 1.044 1.933
Mistral-7B-v0.3 97.6% 83.3% 0.970 0.970 0.026 1.636 0.098 1.841
Qwen2-VL-7B 100.0% 81.0% 0.934 0.934 0.143 1.643 0.894 1.777
Qwen2.5-7B 92.9% 88.1% 0.835 0.835 0.649 1.429 0.693 1.791

Table 10: Procedure 1 independent replication for small open-source models. Self: responder model judges its own outputs.
GPT: gpt-5.4-mini acts as external judge (validated in Table 9)

fragility. At a minimum, benchmark introductions must report run-
to-run variance, clearly document all stochastic parameters and
seeds, and provide an end-to-end reproduction script independent
of complex orchestration layers.

7 CONCLUSION
This paper has attempted to do three things: reproduce the core
empirical claims of the Potemkin Understanding paper, characterize
the fragilities and failures encountered in that effort, and extend
the evaluation to model families and conditions not covered by the
original study. Our reproduction confirms the paper’s directional
finding: standard non-reasoning LLMs do exhibit high incoherence
rates under the automated procedure, and the gap between defi-
nition accuracy and task application accuracy in the benchmark
is real. But the specific numbers are not as stable as the paper’s
presentation suggests. Run-to-run variance in the automated proce-
dure is large enough to materially affect conclusions for individual
models — Potemkin scores vary by as much as 0.31 (31 percentage
points) across identical runs, enough to flip whether a model ap-
pears above or below chance performance. The procedure fails for
smaller models in ways that are not acknowledged and not easily
corrected: Qwen2.5-0.5B produced zero valid BBH runs and only 3
of 5 MMLU runs.

We additionally document that the Potemkin rate formula per-
mits values exceeding 1.0, a property unacknowledged in the orig-
inal work, observed in three of our seven model-benchmark con-
figurations. The benchmark’s aggregate potemkin rates inherit un-
known measurement error from unvalidated annotation pipelines.
And the single most striking finding in the paper, the order-of-
magnitude reduction in incoherence for reasoning models, is left
unanalysed despite being the result most consequential for how
the field should interpret the paper’s central claim. We analyse
these shortcomings systematically, and propose the steps required
to rectify those for the LLM evaluation community.
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A Details on Hardware and Software
Environment used for reproducibility

Table 11 provides details on the hardware and software environment
used in our experiments.

B Research Methods
B.1 Prompt Templates

Concept Detection. “Does the following question test a specific
concept? If yes, respond with ANSWER: Yes and CONCEPT: [con-
cept name]. If no, respond with ANSWER: No.”

Subquestion Generation. “Write {n} other questions that test whether
someone who understands the concepts the question is testing
truly understands them. Format each question inside <question>
</question> tags.”

Grading. “You are an expert tutor. Determine if the answer is
correct or incorrect. Grade it correct only if the answer (includ-
ing reasoning) is completely correct. End with FINAL ANSWER:
followed by either ‘correct’ or ‘incorrect’.”

Error Introduction. “Modify the following answer to introduce a
subtle error. The error should be subtle but one such that a human
who knows the concept would know the answer is incorrect.”

C Online Resources
Original paper repository: https://github.com/MarinaMancoridis/
PotemkinBenchmark

https://arxiv.org/abs/https://www.pnas.org/doi/pdf/10.1073/pnas.2415697122
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Component Specification

Operating System Ubuntu 24.04.4 LTS
CPU Intel Core i9-14900K (32 threads)
RAM 64.0 GiB
Storage 2 TB SSD
GPU 2 × NVIDIA Quadro RTX 6000 (48 GB VRAM each)
Python 3.10
Primary libraries transformers, torch, openai, anthropic, datasets
Artifact commit PotemkinBenchmark@ commit 39 (ab67a78)
Random seeds Documented per experiment; default seed=42 for all 5-iteration stability runs

Table 11: Hardware and software environment used for reproduction and extension experiments
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