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@ Evaluate the LLM's mathematical reasoning ability.
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dataset response correctness

A live benchmark routinely updates its problem set over time.
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@ Accuracy varies significantly within the same live benchmark?® [1]
Accuracy by month

Model Reasoning  Nov 2025 Dec 2025 Jan 2026 Feb 2026  Overall
43} Qwen3.5-397B-A17B enabled 37.9% 23.1% 47.8% 36.0% 35.6%
® GPT-0SS-120B high 27.6% 26.9% 34.8% 26.0% 2

8.8%

A live benchmark routinely updates its problem set over time.
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@ Accuracy’s empirical estimator varies significantly within the same live
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Estimate accuracy.

Accuracy’s empirical estimator varies significantly within the same live
benchmark.

@ X: question;
Y': target model's answer;
G: ground-truth.

9 =E[1{Y = G}| € R: target parameter (accuracy).

@ Given N i.i.d. samples {(x;, i, &)}, the naive estimator is

N

/naive 1

gre = Nzﬂ{yizgi}~
i=1
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@ Estimate # = E[1{Y = G}]: a one-dimensional mean estimation problem.
@ MLE is the best.

Goal: construct an estimator with lower-variance.
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@ Estimate # = E[1{Y = G}]: a one-dimensional mean estimation problem.
@ MLE is the best.

Goal: construct an estimator with lower-variance.

What information?
Use additional information.

How to use?

@ Generative Al. Query the LLM.
@ Pairwise comparison: RLHF[2], DPO [3]. Judging is easier than generating.
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o Wi, Wh: two auxiliary responses.
@ V: target model’s pairwise preference.

o Z = (W, Ws, V): auxiliary information.
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o Wi, Wh: two auxiliary responses.
@ V: target model’s pairwise preference. How to use Z7

EIF.
o Z = (W, Ws, V): auxiliary information.
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@ Use Efficient Influence Function(EIF).

@ Query the LLMs to generate Z repeatly.

Definition 1 (Model Space for Al Evaluation)

M ={P: p(z| x) is known and fixed by the evaluation protocol} .

Proposition 1 (Efficient Influence Function)
Y(X, Y, 6,2) = (m(X) — 0) + (1{Y = G} - (X, 2)),
where T7(X,Z) = E[1{Y = G} | X, Z] and m(X) = E[1{Y = G} | X].
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High Variance I Minimum Variance

@ Estimate 7(X,Z) = E[1{Y = G} | X, Z] and m(X) = E[1{Y = G} | X] to

obtain 7 and .

0 Diviep = 5N 1y = &} — (%, z1) + M(x)-
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@ Result: Asymptotic normality.
\/N(él—step - 9) i> N(Oa Ugﬁ”)'

@ Our estimator attains the semiparametric efficiency lower bound.
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GT%

90.40
86.36
84.85
83.33
82.83
76.26
59.09
56.06
46.97
43.43

Naive%

92.00
84.00
94.00
88.00
78.00
82.00
60.00
60.00
32.00
40.00

One-step%

91.20
85.60
88.80
85.80
80.60
76.80
59.00
55.40
37.60
41.40

GT% denotes ground truth accuracy. Naive% and One-step% are computed with N = 50 samples.
= |Naive% — GT%| — |One-step% — GT%|. Config 1 uses GPT-5 mini for both auxiliary models.

Improv.

Improv.

+0.80%
+1.60%
+5.20%
+2.20%
+2.60%
+5.20%
+0.82%
+3.28%
+5.60%
+1.40%
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