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Abstract

The rapid advancement of large language mod-
els (LLMs) and the development of increas-
ingly large and diverse evaluation benchmarks
have introduced substantial computational chal-
lenges for model assessment. In this paper, we
present EffiEval, a training-free approach for ef-
ficient benchmarking that effectively addresses
data redundancy while maintaining high eval-
uation reliability. Our method is specifically
designed to meet three key criteria for high-
quality evaluation: representativeness, by en-
suring comprehensive coverage of model capa-
bilities; fairness, by remaining independent of
model performance during sample selection to
avoid bias; and generalizability, by enabling
flexible transfer across datasets and model fam-
ilies without reliance on large-scale evalua-
tion data. Unlike traditional methods that rely
on absolute performance or require extensive
evaluation data, our approach adaptively se-
lects high-quality representative subsets based
on the Model Utility Index (MUI). Extensive
experiments on multiple public benchmarks
and diverse LLMs demonstrate that EffiEval
achieves strong ranking consistency with full-
dataset evaluation using only a small fraction
of the original data. Furthermore, our method
is flexible and scalable in size, allowing users
to balance evaluation efficiency and represen-
tativeness according to specific needs. Overall,
EffiEval provides a practical and generalizable
solution for reliable, fair, and efficient evalua-
tion in the era of LLMs.

1 Introduction

Based on the training scaling laws (Kaplan et al.,
2020), large language models (LLMs) are becom-
ing significantly more capable as computational re-
sources, model parameters, and training data scale
up continuously. This trend has driven researchers
to construct increasingly large and diverse bench-
marks for comprehensive model evaluation, such
as MMLU (Hendrycks et al., 2020), HELM (Liang

et al., 2022), and BIG-Bench (Srivastava et al.,
2023). However, the scale of these benchmarks
introduces substantial evaluation costs. For exam-
ple, on the HELM benchmark, evaluating a sin-
gle model can require over 500 GPU hours (Liang
et al., 2022). This computational burden is fur-
ther increased by the growing adoption of test-time
scaling (OpenAl, 2024; Guo et al., 2025), where
longer inference times are used to boost perfor-
mance. Worse still, the rapid iteration and frequent
updating of LLMs further intensify this evaluation
cost. Therefore, improving evaluation efficiency
while ensuring high quality has become an increas-
ingly important challenge in the era of LLMs.

We assume that traditional evaluation datasets
contain a certain degree of redundancy. Therefore,
it is possible to down-sample the data to achieve
efficient benchmarking — that is, to intelligently re-
duce the computational cost of evaluation without
compromising its reliability (Perlitz et al., 2023).
This reliability can be defined in two ways: 1) the
absolute value of performance metrics remains the
same, which is emphasized in previous works (Polo
et al., 2024; Kipnis et al., 2024), or 2) the ranking
of multiple models is preserved, which we pre-
fer because preserving the absolute values of per-
formance metrics is unnecessary. First, absolute
scores are more sensitive to data distribution shifts.
Suppose a model performs particularly well on cod-
ing questions, which make up 70% of the dataset.
If the proportion of coding questions decreases, the
model’s absolute performance score will naturally
decline. However, such changes do not necessarily
indicate that the selected subset is of poor quality
— it may simply reflect a shift in the data distribu-
tion. Second, scores are affected by the difficulty
of the sample. When easy questions are removed
and the difficulty gap is widened, absolute scores
will inevitably drop. Therefore, we adopt the rela-
tive ranking among multiple models as the primary
measure of this new task setting.



To accomplish the task of efficient benchmark-
ing, we highlight that a high-quality subset should
also meet additional criteria to ensure that it
remains representative, fair, and generalizable.
Specifically: 1) It should still cover the diverse ca-
pabilities of models as much as possible to ensure
comprehensive evaluation. For example, (Perlitz
et al., 2023) apply stratified random sampling based
on the scenarios defined in the original benchmark.
However, this approach is heavily influenced by
the original data distribution, making it difficult to
adequately sample from sparse categories or do-
mains, which may even be entirely missed during
sampling. 2) It should be uncorrelated with model
performance, to avoid introducing bias. Clearly,
when the sampling process is correlated with model
performance — such as selecting samples where
models differ the most — it may introduce evalu-
ation bias. 3) It should exhibit a certain level of
generalizability. For example, if generating the
subset requires evaluating all data on all evalu-
ated models beforehand and cannot adapt to new
model evaluations, then it does not truly improve
evaluation efficiency. Previous statistic-based ap-
proaches (Polo et al., 2024; Kipnis et al., 2024) rely
on large amounts of evaluation data to select infor-
mative samples, making them difficult to transfer to
new datasets or adapt to unseen evaluation settings.

In this paper, we propose a training-free efficient
benchmarking method, EffiEval, which satisfies
the above three criteria. Previous work (Cao et al.,
2025b; Pan et al., 2024; Templeton et al., 2024) has
pointed out that different neurons in a model reflect
distinct capabilities; specifically, the work in (Cao
et al., 2025b) demonstrates that evaluating more
capabilities activates a larger number of neurons.
Inspired by this, our core idea is to reduce data re-
dundancy by maximizing the number of activated
neurons through the model’s internal mechanism,
while simultaneously preserving the diversity of
covered capabilities. Unlike traditional diversity-
based criteria (e.g., domains or predefined capabil-
ities), our method is model-specific — it selects
evaluation samples that are diverse with respect to
a given model, ensuring a broad and representa-
tive assessment. To mitigate the performance bias
issue, our approach does not rely on large-scale
evaluation data to train sample representations or
performance predictors. This ensures that the se-
lection process remains independent of the model’s
actual performance, while also being efficient and
easily transferable to new datasets. In later ex-

periments, we demonstrate the generalizability of
our selected subsets: subsets chosen based on one
model can also provide reliable evaluation results
for other models. We argue that, despite differences
in training data and architectures, many models
share similar distributions of capability diversity,
which contributes to the observed generalization.
In this sense, our approach can also be viewed as
a form of meta-evaluation, enabling a quantitative
assessment of dataset redundancy or diversity.

In our experiments, we observe the following
findings: 1) Using as little as 5% of the original
data, our method achieves an average Kendall’s 7
greater than 0.9 across multiple benchmarks, indi-
cating strong preservation of evaluation rankings;
2) When increasing the subset to 10%, the average
Kendall’s 7 exceeds 0.95, reflecting even stronger
consistency with full-data evaluation; 3) Unlike
prior approaches that require predefining the sub-
set size or searching across all possible sizes, our
method dynamically determines the subset size
based on the desired coverage or performance cor-
relation.

Our contributions can be summarized as follows:

* We highlight the task of efficient benchmark-
ing and argue that a high-quality subset must
meet several key requirements to ensure rep-
resentativeness, fairness, and generalizability.

* We propose a training-free subset sampling
method EffiEval that balances evaluation ef-
ficiency and data representativeness, without
relying on large-scale evaluation data, thus
enabling easy transferability to other datasets.

» Extensive experiments demonstrate that our
method can adaptively select a representative
subset that not only covers diverse model ca-
pabilities but also preserves the performance
ranking among models.

2 Related Work

Efficient and Generalizable Evaluation. As
LLM capabilities grow rapidly, fixed test datasets
and static metrics can no longer keep up (Cao
et al., 2025a). This growing mismatch calls for
more generalizable and adaptive evaluation meth-
ods. One common direction takes the evaluator
perspective, where LLMs themselves are leveraged
as evaluators to reduce the cost of data construction
and annotation, and to enable more up-to-date and
scalable evaluation (Bai et al., 2023b; Ying et al.,



2024a). Another line of work focuses on estimat-
ing model performance based on low-cost prox-
ies, such as model size and training token count
(i.e., scaling laws (Kaplan et al., 2020)), or per-
formance on a carefully selected, representative
subset of data (Polo et al., 2024; Pacchiardi et al.,
2024; Kipnis et al., 2024)—the latter being a form
of evaluation data selection.

Evaluation Data Selection. Evaluating models on
large benchmarks is time- and resource-intensive.
To address this, several studies have proposed se-
lecting a representative subset for evaluation and
extrapolating the full dataset performance. For ex-
ample, (Vivek et al., 2023) leverage confidence
scores on classification benchmarks to select sam-
ples with the highest correlation in scores with the
rest of the dataset. (Polo et al., 2024) fit an Item
Response Theory (IRT) model using prior LLM
performance, then apply K-Means clustering on the
estimated item parameters to select representative
samples. (Pacchiardi et al., 2024) follow a similar
pipeline but use sample embeddings obtained from
the OpenAl API. (Kipnis et al., 2024) also adopts
an IRT-based approach but uses Fisher Informa-
tion to filter out less discriminative samples. These
methods rely on extensive performance data (from
400 to 5000 models on a single dataset), causing
substantial computational overhead and potential
bias. In contrast, our method requires minimal
evaluation data yet still generalizes well, achieving
high correlation between subset and full-dataset
performance.

3 MUI Based Evaluation Data Selection

3.1 MUI Computation

Inspired by prior efforts to quantify model effi-
ciency, the Model Utility Index (MUI) (Cao et al.,
2025b) is proposed as the foundation of our work
to measure the amount of effort a model expends
to achieve a given outcome. The MUI is defined

as:
N, activated (t)

N, total

where Ny denotes the total number of capabil-
ities (e.g., neurons or features) of the model, and
Nactivated () represents the number of activated ca-
pabilities when the model completes task ¢. Built
upon interpretation techniques, MUI can naturally
measure the extent to which a model’s capabili-
ties are exercised by specific tasks, as studies (Pan
et al., 2024; Templeton et al., 2024) have shown

MUI(t) = (1

that different types of knowledge and abilities are
associated with distinct sets of key neurons or
features. To ensure broader applicability, in this
work, we adopt a neuron-based MUI calculation
for all experiments. Specifically, Given an input
sample x and its corresponding model prediction
y = (91,92, -.,9), Cao et al. (2025b) defines the
neuron-based contribution score foeuron(?, 1, 9; |
x) € R of the i-th neuron in layer [ to the predic-
tion of token ), as

Frewon(i 1,55 | #) = (W Why oo (Wl (x1))7) . (2)

0,95

where o is an activation function, W) and W'

are the input/output projections in FFN, W, is the
unembedding matrix transforming the hidden states
into scores over the vocabulary, o is an element-
wise product with broadcasting, and x' ; denotes
the input of FFN in the last token before predicting
7 at [-th layer. For a given threshold 7, the key
activated neurons for task sample ¢ = (z,y) is
defined as:

A‘Vaclivuled(t) = {(1~1) | 31}7 € yiafneurun (ivlw .@_7 ‘ T .77<j) > 77}7 (3)

Where: y<; = (91, 92, ..., §j—1) denotes the
partial response sequence before the j-th token
9;, 1 = 1,2,..., L represents the layer index, and
1 =1,2,..., N indicates the neuron index in each
layer. Thereby, MUI in Eq. (1) can be revised as

o | N, activated (t) |

MU Leuron (t) = NI “)

These definitions can be naturally extended to

multiple samples 7 = {t1,t2,...,tx} as:
K
> Naci t;
MUIneuron(T) — ’szl jilfzvated( ’L)| (5)

3.2 EffiEval

Using MUI as a guiding signal, our objective is
to select a subset of k representative samples S =
{tir, ..., ti, } from the K-sized full dataset 7 =
{t;}K | (where k < K), such that the selected
samples collectively maximize the coverage of the
model’s capabilities. This objective is equivalent to
maximizing the total MUI over the selected subset:

S = MUI S
arg max neuron (5)

(6)
U N, activated (t)

tesS

= arg max
SCT



Indicator Neuron

__________

Dataset

network layer protocol?

[
g3: In which of the following the §
idea of ‘natural law’ first appeared? €
€
&
g4: What does it mean to "be =
stealthy" during a penetration test? ~°5,,
= é\/ é‘/
N , o &K
NERNERN

]
¢ O
] oo
q1: Which of the following is not a V!
transport layer vulnerability?
O
g2: Which of the following is not a 1 O

__________

|I| Full Dataset

11—

Efficient Benchmarking

__________

|0 I 0# 0O !0
1011 0 E\o olio
o o o0 o
o o! {o"0 oI

High Correlation

Subset Performance

R
O
& ((\0 @0

N X
2
)2

&O

Figure 1: Framework of our method EffiEval. By computing the evaluation coverage of the indicator model, we
select samples that maximize the set of covered capabilities, thereby constructing a representative evaluation subset
as a substitute for the full benchmark. To maximize the coverage of model capabilities, we select a subset that
activates the broadest range of indicator neurons. In this example, {¢3, g4} is selected due to its diverse neuron
activation patterns. The detailed algorithm is in Algorithm 1.

Given that the calculation of MUI depends on the
specific model, we refer to the model used for this
calculation as the indicator. Owing to shared capa-
bilities across models, the resulting coverage has
strong generalizability: the evaluated capabilities
covered by the indicator are also tested when using
the representative subset on other models. Detailed
quantitative analysis and further discussion of this
generalization are provided in the experiments.

Algorithm 1 MUI Data Selection

Input: Key neuron set of original dataset { Nactivated (tl)}fil
Parameter: Subset size k
Output: Selected samples S = {t;,, ..., t;, }

: Initialize S <— 0, Neoverea < 0

:fort =1 to kdo
Select t;+ = argmaXxy; ¢s |Ncovered U Naclivated(ti)‘
S+ SU{ti}
Ncnvered — Ncovered @] Nactivated(ti*)

end for

return S

A A ol ey

Given the optimization objective in Eq. (6), this
problem can be formulated as a Maximum Cover-
age Problem (MCP). Although NP-Hard, it admits
an efficient greedy algorithm that iteratively se-
lects the element providing the largest marginal
gain. Despite its simplicity, the greedy approach
with random sampling guarantees a (1 — 1/e) ap-
proximation ratio (Nemhauser et al., 1978). In
this work, we adopt this method to solve the max-
imum coverage problem, as illustrated in Algo-
rithm 1. The overall process of EffiEval is shown
in Figure 1. Suppose we are given a full dataset
T ={q1,92, 43,94} Each question ¢; € T is first
mapped to its corresponding set of activated indica-

tor neurons Nyctivated (i ), Which represent the latent
capabilities of the model triggered by that sample.
For instance, q1, g2, and g4 (from the network secu-
rity domain) activate overlapping neurons, while g3
(from the legal domain) activates a distinct region.
Our goal is to select a subset S' that maximizes
the total MUI, i.e., the union of activated neurons
across selected samples. Under this objective, the
subset {¢3, g4} achieves broader neuron coverage
and thus better represents the model’s full capabil-
ity spectrum.

4 Experiments

To comprehensively evaluate the effectiveness of
our selected subsets as representatives of the full
datasets, we conduct extensive experiments across
four widely used benchmarks and 17 models, in-
cluding both open-source and proprietary models.

4.1 Experiment Setting

Baselines. We compare the following baselines:

* Random Selection, where the samples are
randomly selected from the full dataset.

* Representation-Based Clustering, where
representative samples are selected based
on clustering results. Specifically, we com-
pute question representation embeddings us-
ing text-embedding-3-large, and then per-
form k-means clustering to group the ques-
tions, following (Pacchiardi et al., 2024)
(marked as K-Means).



Method GSMSK (k = 100) ARC (k = 100) Hellaswag (k = 100) MMLU (k = 100)
rs TK MAE | rs rK MAE | rs TK MAE | rs TK MAE |
Random 953 874 288 | 954 865 288 | 978 91.0 335 | 957 858 3.9
K-Means 950 870 276 | 958 872 278 | 98.1 915 330 [958 865 459
tinyBenchmarks | 89.5 79.6 212 | 954 851 329 | 983 912 678 | 968 878 295
EffiEval | 992 959 407 | 960 874 227 | 983" 925" 3.09" | 969 891 345

Table 1: Comparison between EffiEval and tinyBenchmarks in terms of 1) correlation (rg, k) between the
evaluated model performances on the selected subset and those on the full dataset, and 2) MAE. Entries marked with

a dagger (1) indicate results obtained using Qwen2.5-7B

-Instruct, which is used in place of LLaMA due to safety

restrictions that significantly degrade LLaMA’s performance. Our method outperforms the baselines with higher
correlation and lower MAE. The best results are highlighted in bold, and the second-best results are underlined.

Method GSMSK (k = 237) ARC (k = 145) Hellaswag (k = 93) MMLU (k = 96)
Ts TK MAE l Ts TK MAE J, Ts TK MAE \L Ts TK MAE i
Random | 974 913 175 | 954 858 217 | 978 911 341 [955 857 471
K-Means | 98.0 914 175 [955 858 250 | 982 919 349 [958 865 474
metabench | 97.0 893 230 | 988 937 327 | 965 855  3.02 | 985 933 659
EffiEval | 985 937 362 | 971 878 277 | 984" 928" 320" |97.1 885 3.63

Table 2: Comparison between EffiEval and metabench. The evaluation setting is consistent with Table 1, except that
the subset size k for each dataset is set to match the value used in metabench.

* SOTA methods: for other publicly avail-
able selection methods, such as tinyBench-
marks (Polo et al., 2024) and metabench (Kip-
nis et al., 2024), we directly compare our
method with their released subsets!'?.

Datasets. To comprehensively evaluate the ap-
plicability, following (Polo et al., 2024; Kip-
nis et al., 2024; Ying et al., 2024b), we se-
lected four benchmarks covering diverse domains:
GSMSK (Cobbe et al., 2021) for math reasoning;
ARC-Challenge (Clark et al., 2018) for scientific
reasoning; Hellaswag (Zellers et al., 2019) for com-
monsense inference and MMLU (Hendrycks et al.,
2020) for general tasks. The detailed statistics re-
sult is shown in the Appendix.

Comparison Models. To thoroughly evaluate our
method, we select 17 models of varying scales from
diverse sources, including both open-source and
closed-source models. The selection covers both
models with significant capability gaps and those
with similar performance to simulate real-world
scenarios. We assess the data sampling method
by comparing the relative performance of these
models on the original dataset versus the sampled
subsets. The evaluated models include: (1) Qwen
series (Bai et al., 2023a; Team, 2024; Yang et al.,
2024; Team, 2025); (2) LLaMA series (Chiang
et al., 2023; Touvron et al., 2023; Grattafiori et al.,
"https://huggingface.co/tinyBenchmarks

2h'ctps ://huggingface.co/datasets/HCAI/
metabench

2024; Guo et al., 2025); (3) Gemma series (Team
et al., 2024); (4) proprietary models (OpenAl,
2024; DeepMind, 2025). See Appendix for de-
tailed model list and generation settings.

Metrics. To evaluate how well the selected subsets
represent the full datasets, we consider several met-
rics to quantify the discrepancy between the subset
and the original data. Specifically, we report Spear-
man’s correlation (rg) and Kendall’s 7 () be-
tween model performances derived from the se-
lected subset and those from the full dataset (i.e.
relative ranking), following previous work (Vivek
et al., 2023; Polo et al., 2024). In addition, we mea-
sure prediction fidelity using the Mean Absolute
Error (MAE) between model performance on the
subset and on the full dataset (i.e. absolute perfor-
mance). We use the correlation coefficient as the
primary metric, as discussed in the Introduction.
Following (Polo et al., 2024), for methods involv-
ing randomness (Random, K-Means and EffiEval),
we repeat them ¢ = 5 times and average the above
metrics results to ensure robustness.

Implementation details For the threshold 7 of
MUI in Eq. (3), we adopt a layer-wise top-k%
threshold following (Cao et al., 2025b). See Ap-
pendix B for details. For the selection of k in Al-
gorithm 1, we set the subset size to match the sizes
of publicly available representative datasets to en-
sure fair comparison with baselines. Since existing
representative subsets may not fully cover the eval-
uation capabilities of the full benchmark , we also


https://huggingface.co/tinyBenchmarks
https://huggingface.co/datasets/HCAI/metabench
https://huggingface.co/datasets/HCAI/metabench

consider an adaptive coverage-based k setting: that
is, we select the smallest data size that achieves
a predefined coverage threshold of » = 0.8, for-
mally:

k* = mink{k7 |Ncovered(k)|/|Ncovered(K)‘ > T} (7)

Unless specified, we choose LLaMA3.1-8B-
Instruct as the indicator model. For more experi-
ments using more different models, please refer to
Section 4.5.

4.2 Effectiveness of EffiEval

For a fair comparison, we follow the settings of
SOTA methods and sample the same number of
evaluation samples from each original benchmark
as they do. Note that this number may not be opti-
mal for our method, and we will discuss the issue of
subset size in later sections. The correlation results
across the 17 selected models shown in Table 1
and Table 2 indicate that: 1) Our method achieves
strong relative correlation across all datasets, with
low correlation variance (please refer to the Ap-
pendix for details), demonstrating the effective-
ness of our approach; 2) In the ARC and MMLU
datasets shown in Table 2, our selection process
exhibits slight sensitivity to the subset size and
does not achieve optimal results. This may be be-
cause, when the number of samples is relatively
small in these challenging datasets, the model’s ca-
pabilities cannot be consistently and fully covered,
leading to certain fluctuations. 3) On the MAE met-
ric, the results vary significantly across different
methods, suggesting that it may not be a reliable
indicator — consistent with our earlier discussion
on relative versus absolute performance scores; 4)
Compared to rg, the rg metric is generally less
sensitive to pairwise ranking errors, leading to con-
sistently higher scores across different methods. In
contrast, 7 provides a more fine-grained character-
ization of how well the sampling method preserves
model rankings, and its values are generally lower.
For example, on certain datasets such as GSM8K,
even SOTA methods achieve only 89.3%. 5) The K-
Means baseline does not show a significant advan-
tage over the random baseline, yet it incurs higher
computational overhead. This demonstrates that
the random strategy is already a strong baseline.
However, the effectiveness of the random method
may be overestimated, as repeated sampling effec-
tively increases the actual size of the subset. For the
variability comparison, please refer to Appendix E.

4.3 Capability Coverage

SOTA methods typically select fixed, and small
benchmark subsets (e.g., tinyBenchmarks with only
100 samples). We argue that the fixed size of these
subsets makes it difficult to dynamically adjust their
size, and that their selection is often insufficient to
capture the full dataset’s content coverage. In our
in-depth analysis, we quantitatively examine the
representativeness issues arising from such limited
data. For example, as shown in Figure 2, the 100
representative samples selected by tinyBenchmarks
and metabench cover only 46 and 37 out of 57
sub-tasks in the MMLU benchmark, respectively.
From the perspective of model capability activa-
tion, the MUI activated by these subsets accounts
for approximately 10% of that activated by the full
dataset for the indicator model (see Table 12 in the
Appendix for more details). These observations
suggest that such SOTA methods fail to select
a representative subset with both appropriate
size and distribution to ensure adequate cover-
age of model capabilities. In contrast, selecting
data based on MUI capability coverage can read-
ily address the insufficient capability coverage of
existing methods. Instead of searching for an ap-
propriate subset size k for each target benchmark,
we iteratively add data samples to the subset S
using EffiEval until the coverage ratio reaches a
threshold r. For example, when r = 0.8 is set
to ensure high data quality, our method achieves
complete category coverage on the MMLU dataset,
covering all 57 subtasks. Importantly, this process
allows the threshold to be flexibly adjusted based
on efficiency requirements. Furthermore, from the
perspective of effectively substituting for the origi-
nal dataset, the results in Table 3 show that subsets
selected by EffiEval demonstrate clear advantages
over both random selection and K-means clustering
approaches, yielding superior performance. Over-
all, these results highlight the effectiveness and
scalability of our approach.

4.4 Determine Subset Size Adaptively

By selecting data to achieve a coverage ratio of
r = 0.8, we have already demonstrated that the
resulting subsets can effectively serve as substi-
tutes for the full dataset. In this section, we further
investigate the relationship between different cover-
age thresholds and the effectiveness of the selected
subsets. To investigate this, we evaluate the effec-
tiveness of representative subsets selected under
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Figure 2: Category coverage of the representative dataset baselines and EffiEval (with sample number set to fixed
k = 100) on MMLU (57 categories in total). Each cell’s color intensity reflects how many samples are selected in
the corresponding category. The heatmap illustrates that previous methods do not fully cover the categories of the
dataset, indicating that the subset size k of these baselines may be improper. The horizontal axis corresponds to the
57 category labels of the MMLU dataset, while the vertical axis lists the different selection methods.
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Figure 3: A dual-axis plot of 7k (green) and rg (blue) versus coverage on four benchmarks. Gray vertical dashed
lines mark the coverage levels corresponding to evenly spaced values of sample size k, with the step size indicated
at the first line. The figure illustrates how much data is needed for different datasets to achieve a trade-off between

correlation and evaluation efficiency.

Method Dataset k(k/K) rs rk  MAE ]
Random 98.9 94.6 1.03
K-means GSMS8K 446 (33.8%) 99.2 96.1 1.40
EffiEval 99.3  96.3 1.99
Random 98.6 93.8 147
K-means ARC 332 (28.3%) 98.7 94.3 1.52
EffiEval 99.0 95.6 1.48
Random 97.9 91.1 3.18
K-means Hellaswag 125 (1.2%) 98.2 92.0 3.11
EffiEval 98.57 9237 2781
Random 994  96.8 0.94
K-means MMLU 2082 (14.8%) 99.7 98.0 1.97
EffiEval 99.8 98.5 0.94

Table 3: Effectiveness of the representative subset based
on a coverage ratio r = 0.8. The efficiency is quantified
by the ratio of the selected subset size to the full dataset
size (k/K).

different coverage thresholds, following the experi-
mental settings in Experiment Setting Section. The
result shown in Figure 3 indicates that when 7 is
small, the selected subset fails to sufficiently rep-
resent the full dataset, leading to low correlations.
As r increases, the correlation improves, finally
converges to 1. Moreover, Figure 3 reveals large
variation in information density across benchmarks.
For example, on Hellaswag, selecting just 125
samples (1% of the original dataset) covers over

80% of the neurons activated by the full dataset,
whereas MMLU requires approximately 2000 sam-
ples (14.8% of the original dataset) to reach the
same coverage. Notably, on certain benchmarks
(e.g., MMLU), high correlations can be achieved
even at lower coverage thresholds (e.g., » = 0.6).
We hypothesize that this is because some capabil-
ities — though controlled by different neurons —
are highly interrelated. As a result, it is possible to
adaptively select an efficient coverage threshold
based on the characteristics of different datasets,
while still maintaining high evaluation effective-
ness. This highlights the flexibility and adapt-
ability of our approach. To select a value of k that
balances evaluation efficiency and reliability, we
search across all possible & values for a window in
which the correlation remains both high and stable.
Specifically, we identify the earliest window of 200
consecutive k values that satisfies the following
two conditions: 1) Reliability: Each k in the win-
dow yields a Kendall’s 7 correlation above 0.9; 2)
Stability: The correlation values within the window
are stable, meaning their Kendall’s 73 with respect

3Note that this Kendall’s 7 measures the stability of the
correlation sequence, and is different from the one used as our
primary evaluation metric.



to a monotonically increasing index is less than 0.1
in absolute value. The midpoint of this window is
then selected as the final value of k. Table 4 sum-
marizes the evaluation metrics under this setting
of k values. Compared with fixed-r selection, this
strategy further reduces the subset size—by up to
95% — without sacrificing too much correlation.

Method Dataset k(k/K) rs rxk  MAE|
Random 96.3 89.5 2.37
K-means GSMS8K 140 (10.6%) 96.6 89.7 244
EffiEval 98.2 93.7 438
Random 98.6 93.8 1.33
K-means ARC 409 (34.9%) 99.3 96.6 1.08
EffiEval 98.7 94.1 1.60
Random 982 919 272
K-means Hellaswag 149 (1.5%) 98.2 92.2 2.76
EffiEval 98.5" 92,67 3.327
Random 98.8 95.1 1.88
K-means MMLU 669 (4.8%) 99.1 953 1.63
EffiEval 99.5 971 1.55

Table 4: Effectiveness of the representative subset based
on stable sliding window.

4.5 Ablation Study

Independence between EffiEval and perfor-
mance. A good selection process should be or-
thogonal to the models’ performance, otherwise
it could introduce bias. To verify that EffiEval is
performance-independent, we repeatedly sample
10% of the smaller group between the correct and
incorrect samples from four benchmarks, and re-
peat this process 10 times, then compute MUI of
the indicator model on the two sets, finally con-
duct Mann-Whitney U test to verify that there is no
statistically significant difference between the two
distributions. As shown in Figure 4, no significant
difference is observed across performance-based
groupings, demonstrating that MUI is independent
of model performance. This property guarantees
that EffiEval selects representative samples in a
performance-agnostic manner.

Correct [ Incorrect

5.0
4.0

3.0

MUI(%)

20
1.0

0.0

GSM8K ARC Hellaswag MMLU

Figure 4: MUI of correct samples and incorrect samples
on four benchmarks. The Mann-Whitney U test fails
to reject the null hypothesis, suggesting that there is no
significant difference between the two distributions.

Switching the indicator model. In the exper-
iments above, we mainly use LLaMA-3.1-8B-
Instruct to identify key neurons, suggesting that
a single model is sufficient to select a represen-
tative subset that covers the capabilities of other
models. We hypothesize that this may be due to
a high degree of correlation in capability distribu-
tions across different models. To further investigate
this, we explore how much the choice of model af-
fects the selection outcome. For this purpose, we
conduct additional experiments on selected bench-
marks with Qwen2.5-7B-Instruct and Qwen-1.5-
7B-Chat, with k set identical to those in Table 3.
The experiment results are shown in Table 5. In
most cases, replacing the indicator model still suc-
cessfully guides the data selection process, achiev-
ing strong performance correlations. For the Qwen
series on the MMLU benchmark, some of the se-
lected questions are relatively simple, making it
difficult to distinguish between models and result-
ing in low correlation scores. For further discussion
of this phenomenon, see Section 6.

GSMSK (k = 446) MMLU (k =2082)

Method rs  rx MAEL | rs rx  MAE]
Random 989 946 103 |994 968 094
K-Means 992 961 140 |997 980 197

LLaMA3.1-8B | 99.3 96.3 199 [99.8 985 094
Qwen2.5-7B 989 947 232 |969 888 10.85
Qwenl.5-7B 99.1 952 1.09 | 979 912 94l

Table 5: Comparison between different indicator mod-
els. The selection remains effective when switching the
indicator model, showing strong performance correla-
tions and supporting the generalization of our method.
Results on other benchmarks are provided in Table 15
in the Appendix.

5 Conclusion

In this paper, we address the urgent need for effi-
cient and reliable evaluation in the era of LLMs.
We propose EffiEval, a training-free approach for
benchmark subset selection that maximizes inter-
nal capability coverage as measured by the MUL
Our method is specifically designed to satisfy three
key criteria for high-quality evaluation: representa-
tiveness, fairness, and generalizability. Extensive
experiments on multiple public benchmarks demon-
strate that EffiEval consistently achieves strong cor-
relation with full-dataset evaluation. Moreover, our
approach is flexible and scalable, enabling users to
adjust the trade-off between evaluation efficiency
and coverage.



6 Limitations

Despite the effectiveness of our method, several
limitations remain and deserve further exploration.
1) Regarding data distribution. Data distribu-
tion is vital for evaluation. Different scenarios
or different stages of model training (e.g., eval-
uating pretrained vs. post-trained models) may
require evaluation sets with distinct distributions
(e.g., more diverse or more challenging and dis-
criminative questions). In this paper, we prioritize
diversity from the perspective of capability cov-
erage, thus favoring a more diverse distribution.
Under this setting, when the original data distribu-
tion contains redundant assessments of certain ca-
pabilities, our sampling method alters the original
evaluation set’s distribution, leading to a significant
drop in correlation metrics. Although controlling
the difficulty distribution can be achieved by incor-
porating penalty terms into the sampling method,
future work should explore more reasonable and ef-
fective evaluation strategies that explicitly account
for redundancy, diversity, and the actual capabili-
ties being tested. 2) Regarding the selection of
the indicator model. In Section 4.5, we observe
that the MUI produced by the Qwen models on
the MMLU dataset exhibit minor differences be-
tween correct and incorrect samples. This results
in selected subsets that are overly easy, making it
difficult to distinguish between different models
and consequently reducing correlation metrics. We
suggest selecting an indicator model whose MUI
scores are more evenly distributed across correct
and incorrect samples. Additionally, we plan to ex-
plore methods to mitigate this bias in future work.
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A Generation Settings

In all experiments, we adopt consistent decoding
settings to ensure fair comparison across models.
Specifically, we set the maximum number of newly
generated tokens (max_new_tokens) to 8192 for
reasoning models (DeepSeek-R1-Distill-Qwen-7B,
DeepSeek-R1-Distill-LLaMA-8B and Qwen-3-8B
with thinking enabled), and 1024 for all other mod-
els. We use top-p sampling with top_p = 1.0, and
fix the temperature to 0.0 to disable sampling and
enforce deterministic generation.

B Implementation for Threshold
Function

In this paper, we adopt a layer-wise top-k% thresh-
old function for key neuron selection, i.e.

Where V/ is the sorted (in descending order) activa-
tion scores on all neurons and in output tokens in
layer [, topk € (0, 1) is the threshold hyperparame-
ter, IV is the neuron number per layer. In all experi-
mental settings, we set topk = 0.1%. This approach
can alleviate discrepancies due to different model
architectures when calculating the MUI (Cao et al.,
2025b).

C Computation Cost Analysis

EffiEval can be divided into two stages: (1) neu-
ron score computation and (2) solving the Maxi-
mum Coverage Problem. For Stage 1, according
to Eq. (2), based on the forward pass, computing
the neuron scores only requires two additional ma-
trix multiplications (note that the term W} (x! )
is computed along with the forward pass). This
overhead is negligible compared with the cost of
the forward pass. On our computing hardware (see
Appendix G), these extra computations take ap-
proximately 2 seconds for a batch of size 4 with
sequence length 1024. For Stage 2, the time com-
plexity of Algorithm 1 is O(k - KN), which is
proportional to the subset size k. As an example,
we list in Table 6 the computational time overhead
of the subset selection process outlined in Table 3.
Overall, our method does not introduce substantial
computational cost.

D Case Study

In this section, we illustrate the execution process
of EffiEval to better demonstrate how the algorithm
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GSM8K ARC Hellaswag MMLU

446 332 125 2082
74 55 21.8 124.8

Subset size k
Cost (s)

Table 6: The computational overhead (seconds) of Stage
2 in Table 3. Our method does not introduce significant
computational overhead.

selects samples with previously uncovered capabil-
ities. For each candidate sample, we present its
most similar counterpart (i.e., a sample whose ca-
pabilities have already been covered) and its most
dissimilar one (i.e., the sample most likely to be
selected by EffiEval in the next step). The similar-
ity metric is defined as the Jaccard distance J (-, -)
between the sets of activated neurons:

diSt(ti s tj ) = J(Nactivated (tz) » Nactivated (tj ) )

Case Study on GSM8K

Prompt:

Digimon had its 20th anniversary. When it
came out John was twice as old as Jim. If
John is 28 now how old is Jim?
(One-variable linear equation)

Most similar prompt:

Liam is 16 years old now. Two years ago,
Liam’s age was twice the age of Vince. How
old is Vince now?

(One-variable linear equation)

Most dissimilar prompt:

My kitchen floor has a total area of 200
SqFt. I want to install new square floor tiles
that cost $12 each, and each tile side is 1ft
in length. How much will it cost me to
renovate my kitchen floor?

(Area Computation)

\_ J

Case Study on ARC-Challenge

Prompt:

A student pushed a large rubber ball on a
flat, frictionless surface. The ball rolled
at a speed of 1 meter per second. Which
statement best describes the motion of the
ball when the student stopped pushing the
ball?

A. The ball accelerated.

B. The ball did not move.

C. The ball changed direction.




D. The ball continued to move in the same
direction.
(Physics)
Most similar prompt:
Two girls are pulling on opposite ends of a
thick rope. Both girls pull on the rope with
the same force but in opposite directions.
If both girls continue to pull with the same
force, what will most likely happen?
A. One girl will pull the other toward her.
B. Both girls will stay in the same place.
C. Gravity will cause the rope to sag.
D. The rope will break.
(Physics)
Most dissimilar prompt:
Which question about tulips could best be
answered by scientific research?
A. Are tulips better than other flowers?
B. What genes determine tulip petal color?
C. Why do people like to look at tulips?
D. Which color of tulips is the prettiest?
(Biology)

.

J

Case Study on Hellaswag

Prompt:

[header] How to use and install a live cd
of linux [title] Make sure your computer is
booting from the cd drive. [substeps] Either
turn on or restart your computer. While
doing this, hold the delete button to enter
the bios.

1. [title] Once you’ve backed up your com-
puter, press a. [step] After a few seconds
the bios should pop up on your screen.

2. If you don’t hear any result after a few
seconds of working (or if the cd drive isn’t
booting freely from the computer), you may
need to reboot your computer. [title] Run
the cd containing the bios.

3. Use your left and right arrow keys to
navigate to the boot tab. * once on the boot
tab use your down arrow keys to navigate
to the “boot device priority” menu.

4. The program is now on the cd drive and
it cannot be added to the system at any time.
To quit the program via the bios), enter the
status key and select restart the computer.
(Operating System)

Most similar prompt:

12

\_

[header] How to reformat windows 7 [title]
Backup all your files, drivers and settings so
that you can restore them later. [title] Find
all your installation discs or product keys
for the programs you want to keep so that
you can restore them after the installation is
complete. [title] Partition your hard drive.
1. [step] For windows 7 you will need to
partition all of your data, but this is optional
as your computer needs your hard drive.
[substeps] Right-click your drive and select
partition all.

2. [step] Partition your hard drive to re-
move your usb storage device from cd or
dvd. [title] Finish the process using back up
documentation if you wish to keep a backup
device.

3. [step] This means dividing the hard drive
into parts and making the parts available to
the os (operating system). [title] Click on
“start” and then control panel.

4. [step] This helps to prevent any lost
drives. You can also patch any issues that
you have with windows 7.

(Operating System)

Most dissimilar prompt:

A woman is bent over holding a weight bar.
She picks the weight up and holds it at her
shoulders. she

1. then pushes off the bar.

2. bends down and begins exercising using
the weight bar.

3. then lifts the weight over her head.

4. lifts it to her chest and works out.
(Commonsense Understanding)

J

Case Study on MMLU

Prompt:

In the absence of intervention, imperfect
competition, externalities, public goods,
and imperfect information all result in
which of the following?

A. Demand curves that should be added
vertically

B. Market failure

C. Prices that are too low

D. Quantities of output that are too high
(High School Microeconomics)

Most similar prompt:




A negative externality in the market for a
good exists when

A. the market overallocates resources to the
production of this good.

B. spillover benefits are received by society.
C. the marginal social benefit equals the
marginal social cost.

D. total welfare is maximized.

(High School Microeconomics)

Most dissimilar prompt:

In the current year Vinton exchanged unim-
proved land for an apartment building. The
land had a basis of $300000 and a fair mar-
ket value (FMV) of $420000 and was en-
cumbered by a $100000 mortgage. The
apartment building had an FMV of $550000
and was encumbered by a $230000 mort-
gage. Each party assumed the other’s mort-
gage. What is Vinton’s basis in the office
building?

A. $300,000

B. $320,000

C. $430,000

D. $550,000

(Professional Accounting)

\.

E Variability Analysis

In this section, we verify the variability of the selec-
tion process using the Generalized Jaccard Index,
which is defined as

1Ny S
UL, i

where S; denotes the sample index set obtained
from the i-th run of the random selection process. A
lower value of this metric indicates that the selected
subsets vary more across different runs, suggesting
that the selection process is less stable. Conversely,
a higher value implies greater stability and consis-
tency in the selected samples. We fix £ = 100 and
repeat the random selection process ¢ = 5 times.
The results are shown in Table 7. As indicated by
the Generalized Jaccard Index, our method con-
sistently selects highly overlapping subsets, even
when the subset size is small, demonstrating a high
degree of stability.

J(S1, 52, ..., 5¢)

F Separability Analysis

In this section, we assess the effectiveness of var-
ious data sampling strategies in distinguishing
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Method  GSM8K ARC Hellaswag MMLU

Random 0.0 0.0 0.0 0.0
K-Means 1.1 1.5 6.1 8.0
EffiEval 60.5 79.6 59 44.5

Table 7: Generalized Jaccard Index of different selection
methods across ¢ = 5 runs on four benchmarks (k =
100). A higher Jaccard Index reflects greater stability in
the selected subsets.

model performance using the Separability with
Confidence metric (Li et al., 2024). This metric
quantifies how confidently a benchmark can sepa-
rate different models by computing the proportion
of model pairs whose performance intervals do not
overlap under repeated evaluations. Specifically,
we apply each sampling method multiple times to
generate subsets of evaluation data, and measure
how often the subset can reliably identify a perfor-
mance difference between two models. To obtain
reliable percentile estimates for the confidence in-
tervals, we set the number of sampling repetitions
to t = 50. A higher separability score indicates
that the sampling method tends to produce subsets
that preserve meaningful model distinctions, pro-
viding stronger signals for model comparison. As
shown in Table 8, our method achieves a higher
separability score compared to random baselines,
indicating a more stable and confident distinction
between model performances. This suggests that
our selected subsets tend to yield more consistent
model rankings across repeated evaluations.

Method  GSM8K ARC Hellaswag MMLU
Random 55.2 52.2 68.4 449
K-Means 60.3 55.2 77.9 55.2
EffiEval 83.8 89.0 73.5 824

Table 8: Separability with Confidence scores of different
sampling methods across four benchmarks (k = 100,
confidence level=95%). Our method outperforms the
random baseline on all benchmarks and achieves signifi-
cantly higher separability than K-Means on three out of
four benchmarks, with one benchmark showing slightly
lower performance than K-Means. Overall, this demon-
strates the strong and stable capability of our method to
distinguish model performances across diverse tasks.

G Computing Infrastructure

All experiments were conducted on a server run-
ning Ubuntu 22.04.5 LTS, equipped with an In-



tel(R) Xeon(R) Platinum 8480+ CPU, 2TB of
RAM, and a 96GB NVIDIA H20 GPU.

H Use Of Al Assistants

During the preparation of this manuscript, we used
large language models (LLMs) solely for assistance
with grammar correction and phrasing improve-
ments. All scientific content, experimental analy-
ses, methodological decisions, and citations were
conceived, critically reviewed, and validated en-
tirely by the authors, who retain full responsibility
for the integrity and accuracy of the work.
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Method GSMSK (k£ = 100) ARC (k =100) Hellaswag (k = 100) MMLU (k = 100)
std.(rg) L std.(rg) | | std.(rg) | std.(rx)d | std.(rg) ] std.(rg) ] | std.(rg) | std.(rx) |
Random 2.70 4.55 2.49 4.78 1.11 3.61 2.20 4.82
K-Means 2.99 4.92 173 3.76 0.65 2.37 1.63 3.65
EffiEval 0.33 1.15 0.66 1.03 0.37 0.84° 0.44 1.66

Table 9: Standard deviation(std.) of correlation(rg, 7 ) in Table 1. Compared with random baselines, our method is
more stable to select a representative subset.

Method GSMBSK (k = 446) ARC (k =332) Hellaswag (k = 125) MMLU (k =2082)
std.(rg) | std.(rg)d | std.(rg) } std.(rg)d | std.(rg) | std.(rx) ] | std.(rg)d std.(rx) |
Random 0.86 2.55 0.72 2.34 0.99 3.69 0.33 1.44
K-Means 0.41 1.27 0.61 1.91 0.82 3.72 0.36 1.76
Llama3.1 0.25 1.16 0.27 1.24 0.50 1.46 0.18 1.10
Qwen2.5 0.20 0.68 0.18 0.62 0.37 1.44 0.45 0.72
Qwenl.5 | 0.19 0.57 0.13 0.91 0.42 1.57 0.11 0.99

Table 10: Standard deviation(std.) of correlation(rg, rx) in Table 3 and Table 5. Compared with random baselines,
our method is more stable to select a representative subset.

Method GSMSK (k = 140) ARC (k =409) Hellaswag (k = 149) MMLU (k = 669)
std.(rg) | std.(rg) d | std.(rg)l std.(rg) | | std.(rg) ] std.(rx) | | std.(rg) ] std.(rx) |
Random 1.37 2.87 0.45 2.19 0.51 2.06 0.91 2.66
K-Means | 1.07 3.01 0.63 232 0.52 1.53 0.72 2.83
EffiEval 0.26 1.34 0.16 0.57 0.181 0.90" 0.11 0.64

Table 11: Standard deviation(std.) of correlation(rg, i) in Table 4. Compared with random baselines, our method
is more stable to select a representative subset.

Method GSMS8K ARC Hellaswag MMLU
Random 30.1 31.6 60.87 11.5
K-Means 30.3 29.9 60.51 10.9
tinyBenchmarks ~ 30.6 33.8 61.0f 11.0
metabench 46.0 39.5 60.71 10.6

Table 12: Neuron coverage ratio r of the baselines in Table 1 and Table 2. Except for metabench, whose k is set to
its originally selected value, all other entries use a fixed k£ of 100.
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Model Name

Model Series
Qwen-1.5-7B-Chat (Bai et al., 2023a)
Qwen-2.5-1.5B-Instruct
Qwen-2.5-7B-Instruct
Qwen Qwen-2.5-14B-Instruct

Qwen-2.5-32B-Instruct (Team, 2024)
Qwen-2.5-Math-7B (Yang et al., 2024)
Qwen-3-8B (thinking mode on/off) (Team, 2025)
DeepSeek-R1-Distill-Qwen-7B

Vicuna-7B-v1.3 (Chiang et al., 2023)
LLaMA-2-7B-Chat
LLaMA LLaMA-2-13B-Chat (Touvron et al., 2023)
LLaMA-3.1-8B-Instruct (Grattafiori et al., 2024)
DeepSeek-R1-Distill-LLaMA-8B (Guo et al., 2025)

Gemma-2-9B-it (Team et al., 2024)

Pronrietar GPT-40-2024-11-20 (OpenAl 2024)
PUCRY " Gemini-2.5-Flash-Preview-04-17 (DeepMind, 2025)

Gemma

Table 13: List of evaluated models.

GSM8K ARC Hellaswag MMLU  Total
10042 14042 26575

Statistic
# samples 1319 1172

Table 14: Statistics of datasets.
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GSMSK (k = 446) ARC (k =332) Hellaswag (k = 125) MMLU (k =2082)

Method rs rx  MAEL | rs rx MAE] | rg re MAE] | rs rx MAE]
Random 989 946 103 | 986 938 147 | 979 911  3.18 | 994 968 094
K-Means 992 961 140 | 987 943 152 | 982 920 311 | 997 980 197

Llama3.1-8B | 99.3 96.3 1.99 99.0 95.6 1.48 95.17 86.77 2947 | 99.8 985 0.94
Qwen2.5-7B | 98.9 94.7 2.32 98.8 945 2.76 98.5 92.3 2.78 96.9 88.8 10.85
Qwenl.5-7B | 99.1 95.2 1.09 98.9 949 1.90 99.0 95.9 4.23 979 91.2 9.41

Table 15: Comparison between different indicator models on all four benchmarks. Due to safety constraints, LLaMA
refuses to answer certain samples in Hellaswag (marked with ~), making it unable to effectively guide the data
selection process.
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