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PROBLEM

Motivation: more samples help, but parallel sampling wastes signal

Prompt

𝑥
LLM

𝝅𝑳𝑳𝑴

𝒂𝟏
𝒓𝟏 = 𝟎. 𝟓𝟐

𝒂𝟐
𝒓𝟐 = 𝟎. 𝟕𝟏

𝒂𝟑
𝒓𝟑 = 𝟎.𝟔𝟒

Reward

model

Select

𝒂𝒓𝒈𝒎𝒂𝒙 𝒓

Best-of-N (BoN) is the standard reward-model TTC 

recipe: generate N independent answers, score 

them, then keep the highest reward.

But every answer is sampled from the 

same initial distribution.

The reward scores are used only at the 

end.
No model updates Same reward model Question: is BoN optimal?
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WHY BON HAS A LIMIT

Key modeling insight: the LLM behaves like a mixture of reference policies

Pretraining

trajectories

𝝉 = 𝟏
concise style

𝝉 = 𝟐
elaborate style

𝝉 = 𝟑
optimal style

𝝅𝑳𝑳𝑴(· | 𝒉)
mixture posterior

BoN samples from

the initial mixture

Sequential histories 

can

infer the better policy

Goal: concentrate 

compute

on superior candidates

The gap appears because parallel sampling 

cannot change the distribution it samples from.

Theory formalizes this as a separation 

between parallel TTC and sequential sample-

and-evaluate algorithms.
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SAME GENERATION BUDGET N

Algorithm illustration: BoN vs. SeqBoN vs. RF-SeqBoN

BoN
Prompt

𝒙
𝒂𝟏

𝒓 = 𝟎. 𝟒𝟐
𝒂𝟐

𝒓 = 𝟎. 𝟖𝟑
𝒂𝟑

𝒓 = 𝟎. 𝟔𝟏
score

& select

best

answer

ℎᵢ = ⟨𝑥⟩ independent candidates

SeqBoN
Prompt

𝒙
𝒂𝟏

𝒓 = 𝟎. 𝟒𝟐
𝒂𝟐

𝒓 = 𝟎. 𝟑𝟏
𝒂𝟑

𝒓 = 𝟎. 𝟖𝟏
score

& select

best

answer

ℎᵢ = ⟨𝑥, 𝑎₁,… , 𝑎ᵢ₋₁⟩ all history is reused

RF-

SeqBoN
Prompt

𝒙
𝒂𝟏

𝒓 = 𝟎. 𝟒𝟐
𝒂𝟐

𝒓 = 𝟎. 𝟖𝟐
𝒂𝟑

𝒓 = 𝟎. 𝟖𝟕
score

& select

best

answer

ℎᵢ = ⟨𝑥, 𝑎𝑐𝑐𝑒𝑝𝑡𝑒𝑑 𝑎ⱼ⟩ only high-reward history

history: 𝒂₁ + 𝒂₂
(noisy examples stay)

reward gate 𝛄
accepted history: 𝒂₂ + 𝒂₃

RF-SeqBoN changes only one thing:

which generations are allowed back into context.
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ALGORITHM

RF-SeqBoN: a minimal reward-filtered sequential controller

start

ĥ = ⟨𝒙⟩

sample

𝒂ᵢ ∼ 𝝅𝑳𝑳𝑴(· | ĥ)

score

𝒓(𝒂ᵢ, 𝒙)
if 𝒓 ≥ 𝜸

append to ĥ
return

𝒂𝒓𝒈𝒎𝒂𝒙 𝒓

Input: prompt 𝑥, LLM 𝜋𝐿𝐿𝑀, reward 𝑟, 
threshold 𝛾, generation budget 𝑛

Initialize history  ĥ ← ⟨ 𝑥 ⟩
for 𝑖 = 1,… , 𝑛:

sample 𝑎ᵢ ∼ 𝜋𝐿𝐿𝑀(· | ĥ)
score  𝑠ᵢ = 𝑟(𝑎ᵢ, 𝑥)

if 𝑠ᵢ ≥ 𝛾 ∶ ĥ ← ĥ ∥ 𝑎ᵢ
return candidate with highest score

Same reward model

as BoN

Same generation

budget N

Bounded history

FIFO window

Threshold gamma controls the quality-efficiency 
tradeoff:
too low keeps noise; too high degenerates toward 
BoN.
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THEORY

Why filtering helps: histories concentrate on the optimal policy

Fixed 

prompt

𝒙

BoN

samples mixture

RF-SeqBoN

samples filtered 

history

parallel TTC limit

needs 𝑴𝑳𝑳𝑴 samples

sequential limit

𝑴𝝉∗ ≤ 𝑴𝑳𝑳𝑴

strictly smaller

when policies differ

Theoretical guarantee (informal):

RF-SeqBoN finds an 𝜀-optimal answer with 

sample complexity

𝒏 = 𝒑𝒐𝒍𝒚𝒍𝒐𝒈(𝟏/𝜺) · 𝜿(𝒙) · 𝑪𝑳𝑳𝑴
∗ (𝒙) / 𝜺

with 𝜿(𝒙) < 𝟏

Interpretation: filtering creates a reward-biased context, so 

later samples are drawn from a better proposal distribution 

rather than the original mixture.
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