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𝚀 : 𝚆𝚑𝚊𝚝 𝚒𝚜 𝚛𝚎𝚊𝚜𝚘𝚗𝚒𝚗𝚐 𝚒𝚗 𝚕𝚊𝚛𝚐𝚎 𝚕𝚊𝚗𝚐𝚞𝚊𝚐𝚎 𝚖𝚘𝚍𝚎𝚕𝚜?
𝙰 : 𝙾𝚔𝚊𝚢, 𝚜𝚘 𝙸 𝚗𝚎𝚎𝚍 𝚝𝚘 𝚏𝚒𝚐𝚞𝚛𝚎 𝚘𝚞𝚝 𝚠𝚑𝚊𝚝 𝚛𝚎𝚊𝚜𝚘𝚗𝚒𝚗𝚐

𝚒𝚜 𝚒𝚗 𝚕𝚊𝚛𝚐𝚎 𝚕𝚊𝚗𝚐𝚞𝚊𝚐𝚎 𝚖𝚘𝚍𝚎𝚕𝚜 (𝙻𝙻𝙼𝚜) 𝚒𝚜 . 𝙻𝚎𝚝
𝚖𝚎 𝚜𝚝𝚊𝚛𝚝 𝚋𝚢 𝚋𝚛𝚎𝚊𝚔𝚒𝚗𝚐 𝚍𝚘𝚠𝚗 𝚝𝚑𝚎 𝚚𝚞𝚎𝚜𝚝𝚒𝚘𝚗 . 𝚃𝚑𝚎

𝚞𝚜𝚎𝚛 𝚒𝚜 𝚊𝚜𝚔𝚒𝚗𝚐 𝚊𝚋𝚘𝚞𝚝 𝚛𝚎𝚊𝚜𝚘𝚗𝚒𝚗𝚐 …
𝚁𝚎𝚊𝚜𝚘𝚗𝚒𝚗𝚐 𝚒𝚗 𝚕𝚊𝚛𝚐𝚎 𝚕𝚊𝚗𝚐𝚞𝚊𝚐𝚎 𝚖𝚘𝚍𝚎𝚕𝚜 (𝙻𝙻𝙼𝚜) 𝚛𝚎𝚏𝚎𝚛𝚜

𝚝𝚘 𝚝𝚑𝚎𝚒𝚛 𝚊𝚋𝚒𝚕𝚒𝚝𝚢 𝚝𝚘 𝚐𝚎𝚗𝚎𝚛𝚊𝚝𝚎 𝚛𝚎𝚜𝚙𝚘𝚗𝚜𝚎𝚜 𝚝𝚑𝚊𝚝 𝚖𝚒𝚖𝚒𝚌
𝚜𝚝𝚛𝚞𝚌𝚝𝚞𝚛𝚎𝚍𝚕𝚘𝚐𝚒𝚌𝚊𝚕 𝚝𝚑𝚘𝚞𝚐𝚑𝚝 𝚙𝚛𝚘𝚌𝚎𝚜𝚜𝚎𝚜 𝚝𝚘 𝚜𝚘𝚕𝚟𝚎

𝚙𝚛𝚘𝚋𝚕𝚎𝚖𝚜 𝚘𝚛 𝚊𝚗𝚜𝚠𝚎𝚛 𝚚𝚞𝚎𝚜𝚝𝚒𝚘𝚗𝚜 .

ℒ(θ) = log ∑
(z,y,o)∈𝒵×𝒴×𝒪

ℙ(z, y, o |x, θ)

= max
ℚ∈Δ{ ∑

(z,y,o)

log ℙ(z, y, o |x, θ)ℚ(z, y, o |x, ψ) − ∑
(z,y,o)

log ℚ(z, y, o |x, ψ)ℚ(z, y, o |x, ψ)

:=ℒψ(θ)

}

ℙ(y, o |x, θ) = ℙ(z |x, θ) ⋅ ℙ(y |x, z, θ) ⋅ ℙ(o |x, z, θ)

ℚ(z, y, o |x, ψ) ← argmaxℚℒψ(θ) =
ℙ(z, y, o |x, θ)

∑(z,y,o) ℙ(z, y, o |x, θ)

Lemma: the optimal policy for an entropy-regularized token-level MDP


π⋆(ah ∪ {(si, ai)}H
i=h+1 |sh) ∝ exp( 1

β ∑
H

i=h
r(si, ai))

Set ! Then 
1
β

H

∑
i=0

r(si, ai) = log ℙ(z, y, o |x, θ) π⋆(sH |s0) = ℚ(z, y, o |x, ψ)

BRiTE — An EM-type Algorithm

Maximize  (difficult)  Maximize evidence lower bound  (easy)ℒ(θ) ⟹ ℒψ(θ)

Assumptions:  for a certain RKHS; fθ ∈ ℋ ℙ(z, y |x, θ) ∝ exp( fθ(x, z, y))

Theorem: convergence to optima


min
1≤t≤T {log

ℙ(x ∈ 𝒳, y ∈ 𝒴, o ∈ 𝒪 |x, θ*)
ℙ(x ∈ 𝒳, y ∈ 𝒴, o ∈ 𝒪 |x, θt) } ≤

𝔻KL(ℙ( ⋅ ∣ x, θ1)∥ℙ( ⋅ ∣ x, θ*))
T

Experiments
1.BRiTE Significantly Improves Existing Rejection Sampling Algorithms. 
2.BRiTE ≥ SFT with Human-Annotated Thinking Process.

4. BRiTE Enhances the Reasoning and Coding Capacity in RLHF Stage. 

3. BRiTE Generates High Quality Trajectories for Distillation.

Concrete Examples of BRiTE
Scope:
• , 
•  is the response space
•  is the latent space

o ∈ {0,1} 𝒪 = {1}
𝒴
𝒵

✦ 


✦ 


✦

ℙ(o = 1 |x, z, y) := exp(R(x, z, y)/β)

ℙ(z, y, o = 1 |x, θ) = ℙ(z, y |x, θ)ℙ(o = 1 |x, z, y)

ℚ(z, y |x, ψ) := ℚ(z, y, o = 1 |x, ψ)

Example (PPO) 

ℒψ(θ) = ∑(z,y)
log ℙ(z, y, o = 1 |x, θ)ℚ(z, y |x, ψ)

−∑(z,y)
log ℚ(z, y |x, ψ)ℚ(z, y |x, ψ)

= 𝔼(z,y)∼ℚ[R(x, z, y)/β − log
ℚ(z, y |x, ψ)
ℙ(z, y |x, θ) ]

Scope:
• , 
•  is the response space
•  is the latent space

o ∈ {0,1} 𝒪 = {1}
𝒴
𝒵

✦ 


✦ 


✦

ℙ(o = 1 |x, z, y) := 𝕀(y is correct for x) or  exp(R(x, y)/β)

ℙ(z, y, o = 1 |x, θ) = ℙ(z, y |x, θ)ℙ(o = 1 |x, z, y)

ℚ(z, y |x, ψ) := ℚ(z, y, o = 1 |x, ψ)

 





If , then it recovers  or 

max
ℙ {𝔼(z,y)∼ℙ(⋅,⋅|x,θt)[log ℙ(z, y |x, θ) ⋅ 𝕀(y is correct for x)]}

max
ℙ {𝔼(z,y)∼ℙ(⋅,⋅|x,θt)[log ℙ(z, y |x, θ) ⋅ exp(R(x, y)/β)]}

𝒵 = ∅ STaR and Reject Sampling Finetuning  RestEM

Intractable

Thought proposer

θt+1 = argmaxθℒψt+1
(θ)

= argmaxθ ∑
z,y,o∈𝒵×𝒴×𝒪

log ℙ(z, y |x, θ) ⋅ ℚ(z, y, o |x, ψt+1)

ℚ(z, y, o |x, ψt+1) ← argmaxℚℒψ(θt)

=
ℙ(z, y, o |x, θt)

∑(z,y,o) ℙ(z, y, o |x, θt)E M
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