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Abstract
If datasets are the telescopes of our field1, then statistical power is their resolution, i.e., their ability to reveal a true
difference in model performance when one exists. Many NLP evaluations are underpowered, leading to overstated
claims of improvement. This paper introduces sk-power, an open-source Python library that helps researchers and
practitioners design well-powered evaluations. Built with familiar scikit-learn-style abstractions, sk-power
enables users to simulate evaluation scenarios, estimate minimum detectable effects, and assess the reliability of
reported gains. We also illustrate — via a post-hoc analysis of recent LLM benchmarks — what can go wrong when
power analysis is not carried out. Our goal is to position power analysis as a fundamental step in evaluation planning.
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1. Introduction

In this work, we address a basic question in em-
pirical NLP research: how large should a test set
be to know if a model truly outperforms another?
Previous work has shown that widely used bench-
marks are often too small to support strong claims
of improvement (Card et al., 2020a; Søgaard et al.,
2014).

Large Language Models (LLMs) make this prob-
lem worse for several reasons. High-quality eval-
uation data are scarce and expensive to produce,
making it tempting to test LLMs on only a limited
number of examples. Consequently, benchmarks
often saturate quickly, prompting the development
of smaller yet more challenging datasets that de-
mand substantial resources and expert effort to
construct. At the same time, many LLM evaluations
involve stochastic decoding or subjective human
judgments, both of which increase performance
variance, and therefore require larger sample sizes
to reliably detect genuine differences. Although sta-
tistical safeguards can mitigate these issues, many
practitioners still lack accessible tools or sufficient
statistical training to determine whether observed
differences are meaningful, leading to frequent over-
interpretation of small or noisy improvements (Dror
et al., 2017, 2018).

A natural way to estimate the appropriate dataset
size for an evaluation is through statistical power,
i.e., the probability that a model evaluation experi-
ment will detect a real difference between two mod-
els. To make such analyses accessible and repro-

1Attributed to Aravind Joshi, https://tinyurl.
com/mr6trr4j

ducible we introduce sk-power, a Python library
that estimates the dataset size needed to detect
meaningful performance differences by simulating
model evaluations and computing the power offered
by a benchmark.

Our contributions are as follows:

• We introduce sk-power, a modular Python li-
brary for conducting both pre-hoc and post-hoc
power analyses. It includes reusable low-level
components as well as task-specific interfaces
designed for common NLP evaluation scenar-
ios.

• We show how sk-power can be used to plan
evaluation designs under resource constraints,
helping researchers determine the dataset size
needed to detect differences of interest.

• We also apply sk-power in a post-hoc anal-
ysis of over 2,000 model comparisons from
the Open LLM Leaderboard (Beeching et al.,
2023; Fourrier et al., 2024), finding that many
claimed improvements in current practice are
not statistically reliable.

Together, these contributions aim to make power
analysis a standard part of model evaluation in
NLP, and to support more robust and interpretable
conclusions about model performance.

sk-power is available at https://github.
com/jogonba2/power-analysis

https://tinyurl.com/mr6trr4j
https://tinyurl.com/mr6trr4j
https://github.com/jogonba2/power-analysis
https://github.com/jogonba2/power-analysis
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2. Power Analysis for Evaluation
Design

When comparing two models on the same data,
each is evaluated using a performance metric M
(e.g., accuracy, win rate, or a human preference
score). The central quantity of interest is the dif-
ference in performance between the models on
that dataset. This observed difference reflects not
only any true disparity in model performance, but
also sampling variability, decoding randomness, or
annotator noise. Consequently, the observed per-
formance difference cannot be interpreted directly
as evidence that one model is genuinely better than
the other.

A statistical test provides a principled way to as-
sess whether the observed gap is larger than what
would be expected if the models would perform sim-
ilarly on average. Based on the observed data and
test results, we compute a p-value, the conditional
probability of observing a gap at least as large as
the one obtained, assuming there is no real differ-
ence. If this probability falls below a predefined
significance level α (e.g., 0.05), the test rejects the
null hypothesis and concludes that the difference
is statistically significant. This procedure bounds
the risk of a Type I error, i.e., incorrectly declaring a
difference when none exists. The complementary
risk is a Type II error, in which a true difference
goes undetected; its probability is denoted β.

The power of a test, defined as 1−β, is the prob-
ability that it will correctly identify a real difference
when one exists. Power depends on the size of the
effect of interest, the sample size, the variability of
the data, the employed test, and the chosen signifi-
cance level. In practice, it serves as a key design
quantity: by fixing the desired power (e.g., 0.8) and
the smallest meaningful improvement, one can de-
termine how many evaluation examples are needed
to make the experiment sensitive enough to detect
that improvement with high reliability.

2.1. Power Estimation through
Simulation

Although closed-form expressions for power ex-
ist for several tests, NLP evaluations rarely sat-
isfy their assumptions. Comparisons are typically
paired (i.e., same items for both models), metrics
are discrete or bounded (e.g., accuracy, win rate,
preference rate, etc.), and sample sizes are mod-
est. Non-parametric procedures (e.g., permutation
or bootstrap) are often preferred. In sk-power, we
estimate power by simulation, which offers a unified
approach that applies across different evaluation
designs without relying on fragile distributional as-
sumptions.

Crucially, we simulate evaluation outcomes, not

text. The simulator operates in the score space:
it draws synthetic realizations of the metric inputs
(e.g., correct/incorrect indicators, win/loss prefer-
ences) according to a simple data-generating pro-
cess calibrated to the evaluation setting, rather than
generating prompts or output text.

Given a candidate sample size N , a significance
level α, the number of iterations S, the procedure
is:

1. Specify a data-generating process (DGP).
Define a stochastic model that mirrors the eval-
uation setup, including each model’s marginal
success rate, their dependence (e.g., a dis-
agreement rate for paired accuracy), and vari-
ance components such as annotator disagree-
ment, decoding stochasticity, prompt variants,
or item difficulty.

2. Simulate evaluations. For each iteration s =
1, . . . , S, draw one synthetic evaluation of size
N from the DGP.

3. Compute metric differences. Apply the cho-
sen metric (e.g., accuracy) to the synthetic
predictions and compute the observed gap.

4. Apply the statistical test. Given a difference
in performance, is it due to chance? Test and
compute a p-value and record whether it re-
jects the null hypothesis at level α.

5. Estimate power. Compute the proportion of
simulations that reject the null hypothesis: this
is power.

6. Explore design trade-offs. Vary N or the
assumed true effect to produce power curves
(power vs. N ) and minimum detectable effect
(MDE) curves (smallest detectable improve-
ment at the desired power).

3. Library Design

The goal of sk-power is to make statistical power
analysis both accessible and reproducible for NLP
evaluation. The library follows a clear division of
responsibility. At the low level, it exposes modular
statistical components for users with a statistical
background who wish to define, validate, or extend
the base workflow. At the high level, it provides
task-specific, scikit-learn–style interfaces that let
practitioners answer concrete design questions.

Low-level API. This layer exposes the core build-
ing blocks of simulation-based power analysis as
presented in Section 2.1: (i) a data-generating pro-
cess (DGP) that samples evaluation outcomes un-
der specified parameters (e.g., paired predictions
with a given disagreement rate), (ii) an effect-size
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estimator that maps outcomes to a scalar differ-
ence (e.g., accuracy difference or Cohen’s g), and
(iii) a statistical test that maps outcomes to p-values
(e.g., McNemar’s test for paired accuracy, binomial
or bootstrap tests for preference data). Compo-
nents are retrieved from registries by name, inde-
pendently tested, and can be swapped or extended
without modifying the simulator.

High-level API. The high-level layer packages
these components into Tasks representing com-
mon evaluation setups (e.g., binary classification
on a shared test set, human preference win rates).
Each task behaves like a scikit-learn estimator:
users instantiate it with a few parameters and call
.compute_power() to obtain power curves and
MDEs. This design keeps the statistical machin-
ery correct and reusable while surfacing a simple
interface for day-to-day use.

3.1. Designing an Evaluation

A typical workflow begins with specifying the base-
line and the expected range of new model perfor-
mance, the candidate sample sizes, and the signif-
icance level. Listing 1 shows a minimal example
using the BinaryClassificationTask. This
code produces a power vs. accuracy difference
curve (see Figure 1) that visualizes how power re-
lates to effect sizes, across different number of test
items.

1 from power . tasks import
BinaryClassificationTask

2

3 task = BinaryClassificationTask (
4 acc_a =0.70 , # base

accuracy
5 acc_b =np. linspace ( # new

results
6 0.70 ,0.75 , 10) ,
7 dataset_size =[
8 10 , 20 , 50 , 100 , 500] ,
9 )

10

11 report = task . compute_power (
12 iterations =1000 ,
13 alpha =0.05)

Listing 1: Estimating power for a binary
classification setup.

The same interface can also be used to scan ef-
fect sizes (e.g., varying acc_b) or to request MDE
curves at a fixed power target; both are produced
by the same simulation engine.

Figure 1: Power curves across different sample
sizes (N). The dashed horizontal line shows the
80% power threshold, commonly taken as the min-
imum power required to conduct an experiment.

4. Post-hoc power analysis of recent
LLM Benchmarks

In recent years, leaderboard-driven evaluation has
become central to NLP research. As new LLMs are
released at an increasingly rapid pace, the ability
to assess whether leaderboard movements reflect
real improvements or are simply the result of statis-
tical noise, has become essential.

While sk-power was primarily designed to sup-
port pre-hoc evaluation design, its simulation-
based architecture makes it equally suitable for
post-hoc power analysis.

As an example, we examine a subset of mod-
els from the now-retired Open LLM Leaderboard
(Beeching et al., 2023; Fourrier et al., 2024). Our
analysis focuses exclusively on models that are
publicly available on the Hugging Face Hub2. We
group models into three categories based on their
parameter count: small (fewer than 1 billion pa-
rameters), medium (between 1 and 10 billion),
and large (more than 10 billion). The bench-
mark includes five datasets: IFEval (Zhou et al.,
2023), BBH (Suzgun et al., 2022), MATH Lvl 5
(Hendrycks et al., 2021), GPQA (Rein et al., 2023),
and MMLU-PRO (Wang et al., 2024). Table 1
lists the number of test examples in each dataset.
Datasets with more examples provide higher aver-
age statistical power in experiments.

Within each model size group, we compare each
model against the group baseline, defined as the
median performer. Figure 2 presents the results of
these pairwise comparisons. As expected, smaller
datasets such as IFEval tend to exhibit lower
power on average, making it harder to detect mean-
ingful differences. Additionally, smaller models,
which often perform close to the baseline, struggle

2https://huggingface.co/docs/hub/index

https://huggingface.co/docs/hub/index
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Figure 2: Each point represents a two-way test between a model and its corresponding median baseline,
with the vertical axis showing the difference in score relative to the baseline. The horizontal dotted line
denotes the performance of the baseline. Colors show the statistical power of the comparison.

Figure 3: Scores for medium-sized models on the Open LLM Leaderboard (June 6, 2024–March 13, 2025).
The purple line connects submissions that outperform their predecessor with at least 80% statistical
power.

to reach statistically significant improvements.

For an alternative view of the same data, we ex-
amine how model performance evolves over time.
We analyze the statistical power of Open LLM sub-
missions from June 2024 to March 2025, focus-
ing on medium-sized models for simplicity. Fig-
ure 3 shows the model scores over time across
the datasets that compose Open LLM. The pur-
ple trajectories highlight the few instances where

leaderboard progress is statistically reliable. Each
connected point marks a submission that achieves
a new top score with more than 80% power relative
to the previous best, indicating that the improve-
ment is unlikely to be due to chance. In contrast,
the dense gray clouds show that most reported
gains fall within the range of statistical uncertainty.
For smaller datasets such as IFEval, limited sam-
ple size appears to be a key constraint: even when
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size
IFEval 541
BBH 6511
Math Lvl 5 2648
MMLU-PRO 9497
GPQA 1252

Table 1: Overview of the datasets (instances).

models achieve modest improvements, the dataset
does not provide enough power to confirm these
differences as statistically reliable. Larger bench-
marks like BBH and MATH Lvl 5, by contrast, exhibit
more frequent power-supported gains, reflecting
their greater sensitivity to small but genuine perfor-
mance differences.

Overall, these patterns suggest that while leader-
board scores fluctuate continually, only a minority of
updates correspond to reliably detectable progress,
underscoring the importance of integrating power
analysis into evaluation design.

5. Related Work

A clear introduction to statistical power and its limi-
tations is given by Gelman and Carlin (2014). Build-
ing on simulation-based estimation (Efron and Tib-
shirani, 1994), our approach follows prior work in
NLP (Morgan, 2006; Yeh, 2000; Søgaard et al.,
2014) that advocates nonparametric, simulation-
based inference under realistic assumptions.

Several studies have argued that the approach to
statistical significance in NLP evaluation lacks rigor
and requires methodological improvement (Dror
et al., 2017, 2018). The closest sources to our
work are Card et al. (2020b) and Zhu et al. (2020);
the first one proposes a general algorithm and work-
ing code to estimate statistical power in NLP with
a generative process, while the latter inspired the
creation of an easy-to-use tool for power computa-
tion in NLP. We extend this work to account for the
recent advancements brought by LLMs.

Modern LLM benchmarks are often smaller than
those of the pre-LLM era, when evaluations could
be broad and large-scale. This creates a growing
tension: evaluation is becoming more costly and
selective, yet also more susceptible to statistical
noise. Many benchmarks still omit basic features
such as error bars, which are vital for conveying
uncertainty in performance estimates (Miller, 2024).
Even when uncertainty is reported, it typically relies
on asymptotic approximations like the central limit
theorem, which are unreliable with small samples
or skewed predictions (Bowyer et al., 2025). Practi-
tioners also frequently fine-tune models on narrow,
domain-specific datasets and report gains without
assessing their statistical significance. Our work

addresses these issues by providing a general-
purpose framework for power analysis that enables
rigorous evaluation in small-data settings.

While general-purpose tools like G*Power (Faul
et al., 2007, 2009) and scipy’s statistical functions
(Virtanen et al., 2020) are widely used for power
analysis across the social, behavioral, and biomed-
ical sciences, sk-power is designed specifically
for NLP evaluation. G*Power provides comprehen-
sive coverage of classical statistical tests through a
standalone desktop application, while scipy offers
low-level statistical primitives for Python users. In
contrast, sk-power addresses the distinct chal-
lenges of model evaluation in NLP: paired compar-
isons on shared test sets, discrete and bounded
metrics (accuracy, F1, win rates), and variance
from multiple sources including stochastic decod-
ing, annotator disagreement, and prompt selection.
By providing task-specific interfaces with familiar
scikit-learn-style abstractions, sk-power makes
it straightforward for NLP researchers to answer
practical questions without requiring deep statistical
expertise or manual parameter specification.

6. Conclusion

We introduced sk-power, an open-source Python
library. This work was driven by a simple ques-
tion: when designing an evaluation, how many test
examples are needed to detect a meaningful dif-
ference between models? The answer depends
on the task, effect size, data variability, and sta-
tistical test. sk-power provides a practical way
to explore this space and design evaluations that
are adequately powered. Applied to the Open
LLM Leaderboard, sk-power shows that many
reported improvements fall below standard power
thresholds, especially on smaller benchmarks and
among closely matched models. These results
highlight the need to integrate power analysis into
evaluation design.

Limitations

While sk-power offers a principled and simulation-
based framework for evaluating statistical power
in NLP settings, certain limitations remain. First,
although power analysis provides valuable insights
into whether observed differences are likely de-
tectable given an evaluation design, its frequentist
formulation does not directly quantify the probabil-
ity that one model truly outperforms another. Fur-
thermore, sk-power is still an early-stage library.
Although its core components are robust and ex-
tensively tested, the current implementation em-
phasizes a targeted set of evaluation settings and
statistical tests.
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