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Micro-benchmarks reduce the size of evaluation datasets.

How reliably do micro-benchmarks echo the model
performance judgments of full benchmarks?

We introduce a meta-evaluation measure to quantify how well
micro-benchmarks preserve pairwise rankings of models as a
function of the accuracy difference between models.
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Meta-evaluation experimental design

Datasets: MMLU, MMLU-Pro, BIG-bench Hard,

Models: >400 evaluated on the Open LLM Leaderboard

Existing measures: mean estimation error, rank correlation

Micro-benchmarking methods:

evaluated on the full dataset

Goal: predict target model accuracy on
full dataset using just micro-benchmark

Random sampling: select examples uniformly at random

Anchor Points: cluster examples in space of model correlations

(Vivek et al., EACL 2024)

tinyBenchmarks: train example embeddings with an auxiliary

ltem Response Theory model and cluster these
(Polo et al., ICML 2024)
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Minimum Detectable Accuracy Difference (MDAD)

MDAD is the minimum accuracy B Micro-benchmarking technique
difference at which a micro-
benchmark agrees with the full
benchmark =80% of the time. a

Example: When selecting 10

~

If model A outperforms model B on the full benchmark,
does A also outperform B on the micro-benchmark?

|S| = 10 examples (0.2%) |S| =50 examples (0.8%) |S| =1000 examples (16.6%)
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Recommendations More in the paper!
1. Select a micro-benchmark size capable of distinguishing models at your desired resolution. - MDAD estimation error analysis

2. Larger micro-benchmarks are often needed to distinguish models with similar performances.

* Generalizing to new draws of datasets
* Explaining why top-ranked models can

3. Random sampling with several hundred examples is often enough to reliably echo the full benchmark. be predicted with few examples



