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Abstract

Evaluating LLMs across many model variants—
quantized, fine-tuned, or deployment-specific—
requires running large benchmarks repeatedly,
a process that can take tens of hours per model
on edge hardware such as NPUs. Existing sub-
set selection methods reduce this cost but de-
pend on large calibration pools or learned pre-
diction layers. We introduce MINCE (Monte
Carlo Informed N-sizing for Compact Evalua-
tion), which uses Monte Carlo simulation over
per-item logs from a small set of calibration
models to find the minimum subset size that
bounds accuracy drift and then fixes a randomly
sampled subset at that size, with no predic-
tion layer needed. MINCE reduces IFEVAL
by 54%, MMLU by 89%, GSM8K by 70%,
and MMLU-Pro by 88% with maximum drift
≤2.62 pp on BF16 calibration models. The
frozen subsets generalize to held-out GPU mod-
els with mean drift ≤1.40 pp and to INT4 NPU
models with mean drift of 0.77–3.59 pp, while
delivering evaluation speedups of up to 8.1×
on the GPU models and evaluation speedups
of 1.7–3.4× on the NPU models. The method
is robust to calibration pool size and achieves
lower drift than tinyBenchmarks (12× lower
on MMLU, 3.3× on GSM8K) while using 42×
fewer calibration models.

1 Introduction

Rigorous evaluation of large language models
(LLMs) requires running increasingly large bench-
marks across a growing number of model vari-
ants. Standard benchmarks range from hun-
dreds of items (IFEVAL (Zhou et al., 2024), 541;
GSM8K (Cobbe et al., 2021), 1,319) to tens of thou-
sands (MMLU (Hendrycks et al., 2021), 14,042),
and practitioners must run them across many model
variants, such as quantized, fine-tuned, each re-
quiring validation before deployment. This cost
is especially acute on edge accelerators such as
NPUs, where inference throughput is orders of

magnitude lower than on datacenter GPUs. For
example, industry inference benchmarking suites
such as MLPerf Client and Mobile (Reddi et al.,
2020) utilize multiple benchmarks across many
model variants on edge hardware, making full eval-
uation a major bottleneck for model iteration.

Several methods reduce evaluation cost through
benchmark subsetting using IRT, genetic algo-
rithms, sparse optimization, clustering, or surro-
gate models (Polo et al., 2024; Kipnis et al., 2025;
Wang et al., 2026; Zhang et al., 2026; Yuan et al.,
2025). Many of these methods require large cali-
bration pools or introduce learned subset selection.
For newer benchmarks, such calibration pools may
not exist, and assembling them for each new bench-
mark is impractical for scalability. This raises a
practical question: can benchmark subsets be deter-
mined reliably from a small number of calibration
models, without learned item selection or predic-
tion layers?

In this work, we propose MINCE (Monte
Carlo Informed N-sizing for Compact Evaluation),
which reframes benchmark subsetting as asking
how many items to select rather than which ones.
We posit that if enough items are included to keep
subset scores close to full-benchmark scores, the
specific choice of items matters less. To this end,
MINCE determines the sufficient subset size for
a given benchmark and fixes a randomly sampled
subset at that size, requiring no learned item se-
lector. Specifically, given evaluation logs from 7
models in our main setting, MINCE uses Monte
Carlo simulation (Rubinstein and Kroese, 2008) to
measure worst-case accuracy drift, the gap between
subset and full-benchmark scores, at multiple can-
didate subset sizes and identifies the point of dimin-
ishing returns where adding more items no longer
meaningfully reduces drift. The resulting subset
size is benchmark-specific.

We evaluate MINCE across four benchmarks
(IFEVAL, MMLU, GSM8K, MMLU-Pro) using 7
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BF16 calibration models spanning 4 architecture
families, and validate that the frozen subsets gen-
eralize to 4 held-out GPU models (spanning up to
141B, and with FP8/FP8-KV quantization) and 3
held-out INT4 NPU models. Our contributions are:
1. We introduce MINCE, requiring

only 7 calibration models to reduce
IFEVAL/MMLU/GSM8K/MMLU-Pro by
54/89/70/88% with drift ≤2.62 pp on BF16
models. The frozen subsets generalize to
held-out GPU models (mean drift ≤1.40 pp,
up to 8.1× speedup) and INT4 NPU models
(mean drift 0.77–3.59 pp, 1.7–3.4× speedup)
(Section 5.1).

2. Compared to tinyBenchmarks (Polo et al.,
2024), MINCE achieves 12× lower mean drift
on MMLU and 3.3× on GSM8K while using
42× fewer calibration models (Section 5.5).

3. We provide practical calibration guidelines by
testing the robustness of MINCE as the cali-
bration pool shrinks. The selected subset size
remains stable even when reducing from 7 to 3
calibration models on MMLU/GSM8K, giving
practitioners flexibility to scale calibration effort
to their evaluation scenario (Section 5.4).

2 Related Work

IRT-based subset selection. Several methods
use Item Response Theory (IRT) to select infor-
mative benchmark items. tinyBenchmarks (Polo
et al., 2024) draws on item-level responses from
a pool of 395 previously evaluated models, using
75% (approximately 296 models) per experimental
split to fit IRT models and select 100 anchor items
via k-means clustering of IRT-based item embed-
dings. It then uses an IRT-based estimator to esti-
mate full-benchmark performance from responses
on those items. MetaBench (Kipnis et al., 2025)
calibrates IRT on >5,000 models, selects items via
Fisher information, and reconstructs scores with a
Generalized Additive Model surrogate. In contrast,
MINCE uses only 7 calibration models in our main
setting and uses Monte Carlo simulation to find the
subset size at which raw subset accuracy reliably
approximates the full-benchmark score.

Optimization-based approaches. Another area
of work uses optimization or proxy-based selec-
tion methods to determine which items to retain
in a subset. EssenceBench (Wang et al., 2026)
uses a genetic algorithm to search over candi-
date subsets, scoring each by how well a surro-

gate model reproduces full-benchmark rankings.
SparseEval (Zhang et al., 2026) formulates subset
selection as sparse optimization over the model–
item performance matrix using a learned MLP
proxy. TailoredBench (Yuan et al., 2025) constructs
model-specific coresets via K-Medoids clustering
over a large reference pool of pre-evaluated mod-
els. These methods typically require either large
pools of pre-evaluated models or learned optimiza-
tion/proxy models. Moreover, these methods pri-
marily focus on which items to keep under a given
evaluation budget, whereas MINCE instead asks
how many items are needed for accurate estimation
of full datasets. Our ablations suggest that, at the
subset sizes selected by MINCE, random sampling
performs comparably to stratified and embedding-
clustered sampling removing the need for large
calibration pools, specialized selectors, or learned
score-reconstruction layers (see Section 5.3).

3 Method

Figure 1 shows the MINCE pipeline. MINCE re-
quires, as input, per-item evaluation logs from a
small set of calibration models that have already
been evaluated on the full benchmark. The pipeline
then proceeds in two stages: (1) Monte Carlo
sizing determines the minimum subset size n∗ at
which accuracy drift between the subset and the
full benchmark is bounded (Section 3.2); (2) Sub-
set construction samples n∗ items and outputs a
frozen subset file reused for all future evaluations
of that benchmark (Section 3.3).

3.1 Problem Formulation

Let B denote a benchmark with N items and let
M = {m1, . . . ,mK} be a set of K calibration
models. Each model mk has been evaluated on ev-
ery item in B, producing per-item pass/fail results.
For a subset S ⊆ B of size n, accuracy drift is
defined as:

δ(S,mk) = |acc(S,mk)− acc(B,mk)| (1)

where acc(·,mk) denotes model mk’s accuracy on
the given item set. For benchmarks with multiple
metrics, such as IFEVAL (Zhou et al., 2024), drift
is computed per metric and the worst case is taken.
The worst-case drift across all calibration models
is defined as:

δ∗(S) = max
k

δ(S,mk) (2)
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Figure 1: Overview of the MINCE pipeline. Per-item logs from K models are used to identify n∗ via Monte Carlo
simulation. At n∗, three tested sampling strategies (uniform, stratified, k-means) yield comparable drift, allowing
MINCE to use random sampling by default. The final output is a frozen evaluation subset smaller than the original.

The goal of MINCE is to find the smallest sub-
set size n∗ at which adding more items no longer
meaningfully reduces worst-case drift. Concretely,
we sweep candidate sizes, measure drift at each
candidate subset size, and select n∗ as the first size
where the marginal gain drops below a threshold
τ :

n∗ = min
t

nt s.t. ∆(nt) < τ. (3)

where ∆(nt) = P95(nt−1) − P95(nt) is the
marginal gain, i.e., the reduction in 95th-percentile
drift between consecutive sizes. Classical sample
size formulas (Cochran, 1977) assume infinite pop-
ulations, independent draws, and a single metric,
which do not hold for many LLM benchmarks. We
therefore use Monte Carlo simulation to determine
n∗ empirically (Section 3.2).

3.2 Monte Carlo Sample Size Estimation
As shown in the first stage of Figure 1, the sizing
procedure sweeps candidate sizes {n1, . . . , nT }.
For each nt, we draw R=10,000 random subsets
uniformly without replacement. For each subset,
we compute δ∗(S) (Eq. 2) and retain the worst-
case drift across all calibration models. Taking the
95th percentile of these worst-case drifts across all
R draws gives P95(nt), meaning 95% of random
subsets at size nt produce worst-case drift below
P95(nt). We sweep candidate sizes at fixed incre-
ments of 50 for IFEVAL, 100 for GSM8K, and
500 for MMLU. We then select n∗ as the first size
where the marginal gain drops below τ (Eq. 3).
In practice, we set τ=1 pp per step. We show in
Section 5.2 that marginal gain diminishes beyond
this threshold, making 1 pp a practical choice. Ap-
pendix D provides a sensitivity analysis confirming

that n∗ remains stable at neighboring τ values. The
step size between consecutive candidate sizes is a
practitioner choice that controls the resolution of
this sweep, analogous to a grid spacing in a hy-
perparameter search. The resulting n∗ is validated
empirically in Section 5.

3.3 Subset Construction
Once n∗ is determined, items are sampled via
uniform random sampling, stratified random sam-
pling across natural categories (Balinski and Young,
2010), or k-means clustering on sentence embed-
dings. As we show in Section 5.3, all three produce
comparable drift at n∗, because the Monte Carlo
sizing already ensures bounded variance for ran-
dom draws. This is a key strength of MINCE, that
once the right subset size is determined, random
sampling suffices and stratified sampling or learned
sampling like k-means are not required.

4 Experimental Setup

We validate MINCE on benchmarks spanning
multiple-choice, instruction-following, and chain-
of-thought math, with evaluations conducted on
both GPUs (AMD Instinct MI210 and MI300X)
and edge NPUs (AMD RyzenAI).

Benchmarks. IFEVAL (Zhou et al., 2024)
(541 items, generative instruction-following),
MMLU (Hendrycks et al., 2021) (14,042 items,
multiple-choice, 5-shot), GSM8K (Cobbe et al.,
2021) (1,319 items, 0-shot). For the out-of-sample
GPU evaluation (Section 5.1), we additionally eval-
uate on MMLU-Pro (Wang et al., 2024) (12,032
items, 5-shot), a harder multiple-choice benchmark
where MMLU saturates for larger models. All
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benchmark accuracies are collected using lm-eval-
harness (Biderman et al., 2024). In practice, we fix
seed 42 for subset construction; Section 5.3 shows
that drift remains within bounds across 100 random
seeds.

Calibration models. We leverage 7 BF16
models spanning 3B–35B parameters and 4
architecture families: Llama-3.1-8B (base) and
Instruct (Grattafiori et al., 2024), Qwen2.5-
3B-Instruct, Qwen3-8B, and Qwen3.5-35B-
A3B (MoE) (Yang et al., 2025), Mistral-7B-
Instruct (Jiang et al., 2023), and Phi-4-mini-
Instruct (Abdin et al., 2024). These models
span 25%–89% accuracy across the benchmarks,
ensuring the calibration pool covers both weak
and strong model performers. In Section 5.4, we
further experiment with whether less than 7 models
can suffice for stable n∗ estimation.

Validation. We validate on three model groups:
(1) the 7 BF16 calibration models, verifying drift
at n∗ stays within an expected bound; (2) four out-
of-sample GPU models spanning larger sizes and
FP8 quantization: Hermes-4-70B and its FP8 vari-
ant, Llama-3.1-8B-Instruct-FP8-KV, and Mixtral-
8x22B-Instruct-FP8-KV (141B MoE); (3) three
held-out INT4 NPU variants (Llama-3.1-8B-Inst,
Phi-4-mini, Qwen3-8B), testing generalization to
unseen quantization and hardware.

K-means clustering. For benchmarks without
natural categories, and to test whether a learned
sampling strategy offers an advantage, we evalu-
ate k-means sampling via clustering on sentence
embeddings from Qwen3-Embedding-8B (Zhang
et al., 2025) (details in Appendix B).

5 Results

5.1 MINCE Overall Results

Table 1 presents full and n∗ subset accuracy for
all 7 BF16 models, along with per-model accu-
racy drift (|δ|) and aggregate mean and max drift
across all models. Overall, MINCE reduces IFE-
VAL by 54%, MMLU by 89%, GSM8K by 70%,
and MMLU-Pro by 88%, while bounding accu-
racy drift to a mean of 0.44–1.40 pp and a max of
≤2.62 pp across all models. These varying reduc-
tion ratios show that MINCE is benchmark-specific
and does not assume every benchmark can be re-
duced by the same amount. Instead, the Monte
Carlo sizing determines n∗ independently for each

benchmark based on its observed drift characteris-
tics. Model rankings are also preserved: Spearman
ρ = 1.0 on IFEVAL and GSM8K, and 0.96 on
MMLU and MMLU-Pro. Note, table 1 reports
IFEVAL drift on instruction-strict as a summary.
Full per-metric breakdowns for all 4 IFEVAL met-
rics are in Appendix C with no change in conclu-
sions. Tables 2 and 3 show that these results trans-
fer beyond the BF16 calibration models and that
the frozen n∗ subsets generalize to held-out INT4
NPU models and to larger GPU models under FP8
quantization.

Out-of-Sample NPU Validation Table 2 demon-
strates that BF16-calibrated subsets generalize
across the quantization gap by measuring drift on
3 INT4 NPU models held out from all calibra-
tion. Mean |δ| is 3.59 pp on IFEVAL (inst_strict),
0.77 pp on MMLU, and 0.77 pp on GSM8K.
MMLU and GSM8K drift remains low across all
models (≤1.48 pp); IFEVAL drift is higher for Phi-
4-mini-Inst (8.17 pp). Notably, the same model
drifts only 0.72 pp on MMLU and 0.82 pp on
GSM8K, indicating that the outlier is specific to
the combination of INT4 quantization effects and
IFEVAL’s generative instruction-following task.
For deployment-critical use cases where such task-
specific sensitivity may arise, practitioners should
consider tightening the marginal-gain threshold, ap-
plying per-metric calibration, or retaining a larger
subset.

Out-of-Sample GPU Validation Table 3 demon-
strates that BF16-calibrated subsets generalize to
larger and reduced-precision GPU models held out
from calibration: Hermes-4-70B and its FP8 vari-
ant, Llama-3.1-8B-Instruct-FP8-KV, and Mixtral-
8x22B-Instruct-FP8-KV (141B MoE), quantized
via AMD Quark1. Mean |δ| is 0.70 pp on MMLU,
1.55 pp on GSM8K, and 0.81 pp on MMLU-Pro,
on par with in-sample drift. FP8 quantization does
not degrade subset fidelity as Hermes-4-70B-FP8
drifts comparably to its BF16 counterpart.

Wall-clock Savings The benchmark reduc-
tions from MINCE yield meaningful evaluation
speedups under batch-size-1 sequential inference.
On GPU, median in-sample speedups range from
2.7× (IFEVAL) to 8.1× (MMLU), with GSM8K
at 3.3× (see Table 9 in the Appendix for per-model
breakdowns). Out-of-sample GPU speedups are

1https://github.com/amd/quark
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IFEVAL (n∗=250, 54%↓) MMLU (n∗=1500, 89%↓) GSM8K (n∗=400, 70%↓) MMLU-Pro (n∗=1500, 88%↓)

Model Full n∗ |δ| Full n∗ |δ| Full n∗ |δ| Full n∗ |δ|
Llama-3.1-8B (base) 35.13 34.03 1.10 65.39 65.00 0.39 25.63 25.00 0.63 35.63 35.07 0.56
Qwen2.5-3B-Inst 69.30 70.16 0.85 65.27 66.47 1.20 45.56 44.00 1.56 44.23 43.53 0.70
Mistral-7B-Inst 57.91 57.07 0.85 60.87 61.73 0.86 43.37 40.75 2.62 35.55 35.40 0.15
Phi-4-mini-Inst 75.66 77.49 1.83 67.90 68.27 0.37 75.66 74.50 1.16 46.56 45.07 1.49
Llama-3.1-8B-Inst 80.94 80.63 0.31 68.77 68.87 0.09 73.54 71.00 2.54 46.91 46.73 0.17
Qwen3-8B 88.85 87.43 1.41 72.01 71.93 0.08 56.10 55.25 0.85 63.17 63.13 0.04
Qwen3.5-35B-A3B 88.97 89.53 0.56 83.29 83.20 0.09 54.44 54.00 0.44 75.90 77.20 1.30

Mean |δ| (pp) 0.99 0.44 1.40 0.63
Max |δ| (pp) 1.83 1.20 2.62 1.49

Table 1: Full-benchmark, n∗-subset accuracy (%) and absolute drift |δ| for 7 BF16 calibration models across 4
benchmarks.

IFEVAL MMLU GSM8K Speedup (×)

NPU Model (INT4) Full n∗ |δ| Full n∗ |δ| Full n∗ |δ| IFEVAL MMLU

Llama-3.1-8B-Inst 26.74 29.06 2.32 62.65 64.13 1.48 15.23 16.25 1.02 1.6× 3.4×
Phi-4-mini-Inst 62.35 54.18 8.17 58.95 59.67 0.72 67.32 66.50 0.82 2.1× 2.0×
Qwen3-8B 84.53 84.82 0.29 73.57 73.47 0.10 58.98 58.50 0.48 1.7× 1.7×
Mean |δ| (pp) 3.59 0.77 0.77 1.8× 2.4×
Max |δ| (pp) 8.17 1.48 1.02

Table 2: Out-of-sample validation on 3 INT4 NPU models held out from calibration. Full and n∗-subset accuracy
(%), absolute drift |δ| (pp), and evaluation speedup on AMD Ryzen AI.

MMLU (n∗=1500, 89%↓) GSM8K (n∗=400, 70%↓) MMLU-Pro (n∗=1500, 88%↓) Speedup (×)

Model Full n∗ |δ| Full n∗ |δ| Full n∗ |δ| MMLU GSM8K MMLU-Pro

Hermes-4-70B 79.66 79.87 0.21 65.43 67.75 2.32 62.97 62.80 0.17 8.1× 1.2× 4.8×
Hermes-4-70B-FP8 79.13 79.47 0.33 65.28 67.00 1.72 62.77 61.53 1.23 7.6× 1.2× 3.7×
Llama-3.1-8B-Inst-FP8-KV 68.47 67.07 1.41 73.01 72.50 0.51 46.83 47.60 0.77 5.1× 1.1× 3.3×
Mixtral-8x22B-FP8-KV (141B) 75.46 76.33 0.87 68.61 70.25 1.64 55.40 54.33 1.07 7.2× 1.2× 3.6×
Mean |δ| (pp) 0.70 1.55 0.81 7.0× 1.2× 3.9×
Max |δ| (pp) 1.41 2.32 1.23

Table 3: Out-of-sample GPU validation on 4 larger and reduced-precision models not used in calibration. The
frozen n∗ subset is reused without re-sizing. Full and n∗-subset accuracy (%), absolute drift |δ| (pp), and evaluation
speedup on AMD MI300X.

comparable: MMLU 5.1–8.1×, MMLU-Pro 3.3–
4.8×, and GSM8K ∼1.2× (Table 3). On NPU
hardware, median speedups are 1.7× on IFEVAL
and 2.0× on MMLU, reaching 3.4× for Llama-3.1-
8B-Inst (Table 2).

5.2 Monte Carlo N-Sizing

Figure 2 shows the marginal gain in P95 drift
reduction, achieved by adding additional items
at each candidate subset size n. Each curve
represents the marginal gain for a single model.
The black curve traces the drop in worst-case
P95 drift between consecutive subset sizes. As
shown, beyond 1 pp the marginal gain dimin-
ishes sharply with each additional step. We
therefore set τ=1 pp, and n∗ is the first size
where the marginal gain drops below τ . IFE-
VAL reaches n∗=250 (marginal gain 0.9 pp/step),

GSM8K reaches n∗=400 (0.9 pp/step), MMLU
converges at n∗=1,500 (0.60 pp/step), and MMLU-
Pro at n∗=1,500 (0.60 pp/step). IFEVAL’s n∗ is
driven by prompt_strict, the highest-variance met-
ric. See Table 7 for per-metric drift details.

5.3 Subset Selection Strategy Ablation

Significant prior work relies on curated, learned, or
model-informed item selection (Polo et al., 2024;
Perlitz et al., 2024; Yuan et al., 2025), raising the
question of whether sampling strategy still mat-
ters once n∗ has been determined. To test this,
we compare three strategies, uniform random sam-
pling, stratified random sampling across natural
categories (IFEVAL: 25 instruction types; MMLU:
57 subjects), and sampling with k-means clusters.
For each strategy, we drew 100 subsets at n∗ (seeds
0–99) and measured drift on all 7 BF16 calibration
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Figure 2: Marginal gain in P95 drift reduction at each candidate subset size. Each curve represents one model; the
black curve traces worst case drift. n∗ is the first size where worst-case gain drops below τ=1 pp.

n∗ n∗ Mean Max
Benchmark (7 models) (3 models) |δ| |δ|
IFEVAL 250 200–300 1.13 5.94
MMLU 1500 1500 0.44 1.20
GSM8K 400 400 1.40 2.62

Table 4: Effect of reducing calibration from 7 to 3 mod-
els on n∗, tested across all leave-K-out combinations.

models.
Figure 3 shows that all strategies produce compa-

rable drift at n∗, with mean |δ| ranging from 1.37–
1.52 pp (IFEVAL), 0.85 pp (MMLU), and 1.48–
1.59 pp (GSM8K). This result is consistent with
the Monte Carlo sizing: at n∗, random sampling
variance is already small enough to bound drift, so
stratification has little additional variance to reduce.

5.4 Calibration Guidelines

In practice, calibration pool design involves choos-
ing both how many models to include and which
architectures to cover. Practitioners evaluating
variants of a single model family (e.g., quantized
iterations of one architecture) may need only a
few calibration models, while those benchmarking
across diverse architectures benefit from broader
coverage. To study how MINCE behaves as the
calibration pool shrinks, we run a leave-K-out
analysis. Specifically, we remove K of 7 calibra-
tion models and re-run MINCE with the remain-
ing calibration pool for all

(
7
K

)
combinations with

K ∈ {1, 2, 3, 4}.
Table 4 shows that MMLU and GSM8K are com-

pletely stable and n∗ does not change across any
combination. IFEVAL is mostly stable (87/98 com-
binations) and unstable cases shift n∗ by ±50 items
(see Appendix A). This suggests that calibration
stability is high, which is a practical advantage of
MINCE; practitioners can adjust both the number

and composition of calibration models to match
evaluation goals without any retraining.

5.5 Comparison to TinyBenchmarks

Among existing compact subsets, tinyBench-
marks (Polo et al., 2024) is the most widely
adopted, integrated into both the Open LLM
Leaderboard (Fourrier et al., 2024) and lm-eval-
harness. We compare with tinyBenchmarks on
MMLU and GSM8K via lm-eval-harness. IFE-
VAL is not supported by tinyBenchmarks and ex-
tending it would require assembling a large cali-
bration pool and fitting a benchmark-specific IRT
model. Figure 4 shows MINCE achieves 12×
lower mean drift on MMLU (0.44 vs. 5.26 pp) and
3.3× on GSM8K (1.40 vs. 4.68 pp), with substan-
tially lower max drift (1.20 vs. 17.05 pp; 2.62 vs.
8.28 pp), using 42× fewer calibration models. No-
tably, tinyBenchmarks drift varies widely across
models (0.1–17.0 pp on MMLU), suggesting that
the IRT++ prediction layer may still be sensitive
to individual model characteristics despite a large
calibration pool. The two methods occupy dif-
ferent points along three axes, including subset
size, calibration effort, and score reconstruction.
tinyBenchmarks minimizes subset size (100 items)
but requires a large calibration pool (∼296 mod-
els) and an IRT++ prediction layer to reconstruct
full-benchmark scores. MINCE accepts a larger
subset but requires only 7 calibration models, no
score reconstruction layer, and can be applied to
any benchmark, including new or proprietary ones,
without pre-existing large-scale calibration data. In
practice, tinyBenchmarks is valuable when existing
subsets are available and the large calibration pool
is already pre-defined, while MINCE is useful for
practitioners who want to create compact subsets
for new or internal benchmarks using only a small
calibration pool.
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Figure 3: Accuracy drift distributions for uniform, stratified, and k-means sampling strategies at n∗, evaluated across
all 7 BF16 calibration models (Section 4) and over 100 random seeds. All three strategies produce comparable drift,
with mean differences below 0.2 pp.

Figure 4: Per-model accuracy drift comparison between tinyBenchmarks and MINCE, showing that MINCE reduces
mean drift 12× on MMLU and 3.3× on GSM8K while using 42× fewer calibration models.

6 Conclusion

As practitioners iterate over many model variants,
the time cost of full benchmark evaluation com-
pounds, especially on edge hardware where each
run can take tens of hours. We introduce MINCE,
a Monte Carlo approach to efficient benchmark-
ing. Monte Carlo sampling enables MINCE to
choose subset sizes at which accuracy drift is
bounded, eliminating the need for learned item
selection or large calibration pools and reducing
benchmark sizes by 54–89% with drift ≤2.62 pp
on BF16 models. The frozen subsets generalize be-
yond the calibration pool to held-out GPU models
and INT4 NPU models without re-sizing, deliver-
ing GPU evaluation speedups of up to 8.1× and
NPU speedups of 1.7–3.4×. Our ablations show
that the method is stable across sampling strate-
gies, calibration pool compositions, and threshold
choices. Without requiring any learned model or

optimization procedure, MINCE gives practitioners
direct control over calibration effort, depending on
whether singe model evaluations or benchmarking
across diverse architectures are needed. As eval-
uation demands grow with new benchmarks and
hardware targets, MINCE offers a scalable founda-
tion for compact evaluation.

Limitations

Our calibration pool spans 7 models (3B–35B,
4 families) and does not include frontier-scale
(100B+) or non-transformer architectures; there-
fore, validating MINCE at that scale remains fu-
ture work. The 1 pp marginal gain threshold is a
practical heuristic but different applications may
warrant stricter or looser values, and sensitivity
analysis is important for safety-critical settings.
Each new benchmark requires its own calibration
run with prior per-item evaluation logs; for bench-
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marks whose scoring requires human annotation
or expensive external evaluation, this calibration
cost remains meaningful. Also, MINCE produces
a frozen subset that is applied uniformly to all mod-
els at evaluation time and cannot currently exploit
model-specific signal to further reduce items. Ex-
ploring hybrid approaches that combine a fixed
core with adaptive selection at evaluation time is a
promising future direction.
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Appendix

A Leave-K-Out: Full Results

This appendix provides the full leave-K-out results
summarized in Section 5.4.

For MMLU and GSM8K, n∗ is perfectly stable
across all 98 leave-K-out combinations (all values
of K), and the max held-out drift equals that of the
single worst-drifting model (1.20 pp for MMLU,
2.62 pp for GSM8K).

For IFEVAL, n∗=250 is stable in 87 of 98 com-
binations. The 11 unstable cases all involve simul-
taneously removing both Qwen2.5-3B and Mistral-
7B from the calibration pool. Table 5 lists these
combinations.

B K-Means Clustering Details

For the k-means clustering strategy in Section 5.3,
we embed each benchmark item using Qwen3-
Embedding-8B (Zhang et al., 2025) which re-
ports strong performance on MTEB embedding
tasks. We encode the full item text (question for
MMLU/GSM8K; instruction prompt for IFEVAL)
and select k by grid search over candidate values,
choosing the k with the highest silhouette score.

The low silhouette scores (0.01–0.05) show that
benchmark items do not form tight semantic clus-
ters. This is consistent with our finding that k-
means clustering does not improve over random
sampling at n∗ (see 5.3). This is because the subset
is already large enough for low sampling variance,
and the strata structure adds negligible benefit.

C IFEVAL Per-Metric Accuracy
Breakdown

Table 1 reports IFEVAL drift on inst_strict only.
Table 7 shows drift on all 4 metrics for com-
pleteness. All four metrics are consistent: mean
|δ| ranges 0.79–1.00 pp and max |δ| ranges 1.52–
2.16 pp, demonstrating that the conclusions from
the main table hold across all IFEVAL metrics.

D Threshold Sensitivity Analysis

MINCE selects n∗ as the first candidate size where
the marginal gain in worst-case P95 drift drops
below τ . We set τ=1 pp throughout the paper. Ta-
ble 8 sweeps τ from 0.5 to 2.0 pp and reports the
resulting n∗, benchmark reduction, and worst-case
P95 drift for each benchmark. Figure 5 visualizes
the relationship between τ and n∗.

Figure 5: Selected subset size n∗ as a function of the
marginal-gain threshold τ for each benchmark. Flat
segments indicate τ ranges over which n∗ is unchanged.

Three observations support the choice of τ=1 pp.
First, as shown in Table 8, MMLU produces iden-
tical n∗=1500 across τ ∈ [0.75, 1.25] pp, and
GSM8K produces identical n∗=400 across τ ∈
[1.0, 1.25] pp, because the marginal gain drops
sharply between consecutive candidate sizes with
no intermediate values near 1 pp. Second, Fig-
ure 5 shows that IFEVAL’s n∗ is stable across
τ ∈ [1.0, 1.5] pp at n∗=250, and varies gradually
outside this range—lowering τ to 0.75 pp increases
n∗ by only 50 items (to 300), while raising τ to
2.0 pp decreases n∗ to 150. Third, the P95 drift val-
ues in Table 8 are conservative upper bounds and
95% of random subsets at n∗ produce worst-case
drift below these values. The 100-seed random-
subset evaluation in Figure 3 confirms this: mean
|δ| is ∼1.5 pp for IFEVAL—well below the 4.5 pp
P95 bound. Practitioners can run a similar sweep
over τ values to select a threshold appropriate for
their application.

E GPU Evaluation Speedup Breakdown

Table 9 reports per-model GPU speedup ratios
(full÷subset wall-clock time at batch size 1) for
all 7 BF16 calibration models. NPU speedups are
reported in Table 2 in the main text. MMLU sees
the largest speedups (median 8.1×), consistent with
its 89% size reduction. GSM8K speedups are uni-
form across models at ∼3.3×, matching its 70%
reduction. IFEVAL speedups vary more widely
(2.1–9.2×) because generation length differs across
models.
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Models held out n∗

Qwen2.5-3B, Mistral-7B 300
Qwen2.5-3B, Mistral-7B, Llama-3.1-8B-Base 300
Qwen2.5-3B, Mistral-7B, Llama-3.1-8B-Inst 300
Qwen2.5-3B, Mistral-7B, Qwen3.5-35B-A3B 300
Qwen2.5-3B, Mistral-7B, Llama-3.1-8B-Base, Llama-3.1-8B-Inst 300
Qwen2.5-3B, Mistral-7B, Llama-3.1-8B-Base, Qwen3.5-35B-A3B 300
Qwen2.5-3B, Mistral-7B, Llama-3.1-8B-Inst, Qwen3.5-35B-A3B 300
Qwen2.5-3B, Mistral-7B, Phi-4-mini 200
Qwen2.5-3B, Mistral-7B, Phi-4-mini, Llama-3.1-8B-Base 200
Qwen2.5-3B, Mistral-7B, Phi-4-mini, Llama-3.1-8B-Inst 200
Qwen2.5-3B, Mistral-7B, Phi-4-mini, Qwen3.5-35B-A3B 200

Table 5: IFEVAL unstable leave-K-out combinations where n∗ differs from the 7-model baseline of 250. All
involve removing both Qwen2.5-3B and Mistral-7B; max drift is 5.94 pp (driven by Mistral-7B). When Phi-4-mini
remains in the calibration pool n∗ rises to 300; when Phi-4-mini is also held out, n∗ drops to 200.

Benchmark k range Best k Silhouette

IFEVAL 5–30 25 0.019
MMLU 5–60 55 0.048
GSM8K 5–30 25 0.028

Table 6: Number of clusters k selected by silhouette
score for each benchmark.

p_strict p_loose i_strict i_loose

Model Sub δ Sub δ Sub δ Sub δ

Llama-8B-Base 24.00 −0.21 26.40 +0.71 34.03 −1.10 35.86 −0.95
Qwen2.5-3B 61.60 +0.97 65.20 +0.87 70.16 +0.85 73.82 +0.92
Mistral-7B 46.80 −1.07 53.20 −1.14 57.07 −0.85 63.35 −0.56
Phi-4-mini 70.00 +2.16 72.80 +1.45 77.49 +1.83 80.10 +0.73
Llama-8B-Inst 73.20 −0.37 80.80 +1.69 80.63 −0.31 86.65 +1.52
Qwen3-8B 82.00 −1.55 86.80 −0.08 87.43 −1.41 90.58 −0.43
Qwen3.5-35B 84.40 +0.67 86.80 −0.45 89.53 +0.56 91.10 −0.39

Mean |δ| 1.00 0.91 0.99 0.79
Max |δ| 2.16 1.69 1.83 1.52

Table 7: Full per-metric breakdown of IFEVAL subset
accuracy (%) and drift δ in percentage points, using
seed 42 at n∗=250 with random sampling. Metrics are
reported at both prompt level (p_strict, p_loose) and
instruction level (i_strict, i_loose). All four metrics are
consistent, with mean |δ| ranging from 0.79 to 1.00 pp
and max |δ| from 1.52 to 2.16 pp.

IFEVAL (541) MMLU (14042) GSM8K (1319)
τ (pp) n∗ %↓ P95 n∗ %↓ P95 n∗ %↓ P95

0.50 400 26% 2.6 2000 86% 2.0 600 55% 3.0
0.75 300 45% 3.8 1500 89% 2.3 500 62% 3.4
1.00 250 54% 4.5 1500 89% 2.3 400 70% 4.1
1.25 250 54% 4.5 1500 89% 2.3 400 70% 4.1
1.50 250 54% 4.5 1000 93% 2.9 300 77% 5.0
2.00 150 72% 7.0 1000 93% 2.9 300 77% 5.0

Table 8: Sensitivity of n∗ to the marginal-gain thresh-
old τ , reporting the resulting subset size, benchmark
reduction, and worst-case 95th-percentile drift (P95) in
percentage points across all models and metrics. The
default τ=1 pp used throughout the paper is shown in
bold.

Evaluation Speedup (×)

Model IFEVAL MMLU GSM8K

Llama-3.1-8B (base) 4.1× 8.1× 3.2×
Llama-3.1-8B-Inst 2.7× 8.2× 3.2×
Phi-4-mini-Inst 2.6× 6.7× 3.2×
Mistral-7B-Inst 2.1× 10.5× 3.3×
Qwen2.5-3B-Inst 2.2× 5.8× 3.3×
Qwen3-8B 5.8× 7.8× 3.3×
Qwen3.5-35B-A3B 9.2× 8.9× 3.3×
Median 2.7× 8.1× 3.3×

Table 9: GPU evaluation speedup ratios (full÷subset
wall-clock time, batch size 1) for 7 BF16 calibration
models.
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