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Inference-time scaling: three open questions

Sample k candidates Reward each: r(y;, x)
Input x|—» Y1, Y2, o0 Yk —> Softmax weights: N Select
from posterior p(y|x) \

qg; < exp(riy;, x)/T)

.

At test-time, judge LLM reward-weighted reranking of candidate answers are now standard. Open
qguestions remain regarding the number of inference time samples k, and the reranking softmax
temperature T depending on the quality of the judge LLM:

Q1 Imperfect judge: Q2 Imperfect judge: Q3 Perfect judge:

How large should k How to choose T? Best-of-k scaling law

be? best-of-k (T=0) vs uniform (T=co) when reasoning is

Does more sampling always help taken into account

or is there a finite optimal k ? Is there an optimal T, how does Even with very high quality judge
that change with quality of the how fast can inference time
judge? scaling improve generalization?
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General framework: any predictive, any reward

Setup. Arbitrary predictive p«(y), reward r(y,x), task loss /(y,x) Define the reward weighted reranked loss:

Z€ (Y, x)e r(¥:, %)/

l —
5 (%, T) = Ey, , . | 2L

L J=1 -
. . . (¢,r) k—11 where j1¢(x) := E,,_[((Y,%)], pr(x) := Ep_[r(Y,x)], and
Result. Expandlng in 1/T . (Sk (X, T) = Uy (X) + T T COVx (f T) Cov,, denotes covariance under Y ~ py.
e
9%2 T2 5 Cova (¢, (r — pir(x))?)

- Reranking is beneficial precisely when Cov (I, r) < O thatis, when a larger reward is correlated with smaller task loss.

- If Covx(l, (r — /,tr)z) > (, higher-loss draws tend to occur where the reward fluctuates more strongly around its mean.

In that case, aggressive reranking can over-amplify reward noise or reward misspecification, that can generate a finite optimal
temperature or a finite optimal sample budget.
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Predictions from the solvable model

Optimal k exists Optimal T exists Best judge # teacher

when the judge is misaligned for the reward sampler optimal reward differs from generator

6
T =78 kot =34 1.02 Expt. at ¢ = 90, Top/0? = 167.23 18 — Expt.att=>5
—— ¢=79,kopt =18 —— Expt. at t=10
- B —— Expt. at ¢ =85, Top/0? = 157.84 pL =
4 c=80, kopt = 15 P , 1.6 —— Expt. at t=20
?B . —— =81, kopt =17 1.01 Expt. at ¢ =80, Topt/0° = 148.85 Expt. at t=25
& —— =82, kopt=24 N —— Expt. at ¢ =75, Top/0? = 138.74 N 1.4 Expt. at t=30
L 2 =83, kopt = 13 S S PR
NG s Kop 3100 S V0 Expt. at t=35
& €=84, kopt = 12 STOAWNNNN oo ~=== A\, Th. opt
& =85, kopt = 18 12 i dl
0
— 0.99 ‘ —
1.0 — | —
-2
0.98 0.8
0 20 40 60 80 100 75 100 125 150 175 200 225 250 -2 -1 0 1 2 3 4
« T/o? 2¢0?/T

kot AT, Wi EWr

BLR: fz(y—,uT)Q, T:—(y—MR)Q' px:N(m782)

| 1
Y =Wyt x ~ NOS2), o~ N(O60), g = —— Wy X, iy = —— Wy X

ICML 2026 - Halder & Pehlevan d d d 4/8



Predictions verified in Llama-3-8B-Instruct on GSMSK

Reward model: Mistral-7B-Instruct-v0.3 - Dataset: openai/gsm8k
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Matches the predictions of the theory qualitatively
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Best-of-k limit: a coverage-driven general power law

T = 0: reward-weighted sampler = best-of-k : Y(R) .
BLR experiment (f§ = 0)
Local behavior of the predictive density near the reward target
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Better coverage (small B), faster decay of best-of-k generalization error (8) for the ideal reward model
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Power law fits LLM best-of-k data

Same functional form as theory fits real LLM best-of-k experiments when reasoning is taken into account
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e DeepSeek-R1-Distill-Qwen-1.5B data
e Meta-Llama-3-8B-Instruct data
—— DeepSeek Fit: 1+6 = 0.463 / k~0.063
—— Llama Fit: 1486 = 0.219/k™0.187
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Fit form

A
1+0 = 575

Extracted exponents
Llama-3-8B: 0.187 (6 =10)
DeepSeek-R1-1.5B: 0.063 (6=31)

Different from pass@k that
Only takes into account the final
prediction accuracy



Takeaways

A solvable model of LLM-as-a-Judge

Bayesian linear regression + quadratic reward + softmax sampler

Imperfect judge theoretical predictions, verified in LLMs
Optimal k - Optimal T

Best-of-k power law for nearly perfect judge, verified in LLMs
Coverage near the reward target sets the scaling exponent.

Thank you!



