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Improvements to RL from Human Feedback:
§ Direct Preference Optimization
§ Reward Guided Text Generation

LLM Reasoning (test time inference):
§ Chain of thought reasoning

§ Reasoning by searching
§ Self-reflection

Outline
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RLHF Improvements
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Rafailov, Sharma, Mitchell, Ermon, Manning, Finn (2023) Direct 
Preference Optimization: Your Language Model is Secretly 
a Reward Model, NeurIPS.

Direct Preference Optimization
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§ Recall RL objective:  
    max

!
𝐸"∈$%&%"'& 𝐸%~)!(%|")[𝑟- 𝑠, 𝑎 ] − 𝛽	𝐾𝐿 𝜋! ⋅ |𝑠 𝜋.'/ ⋅ |𝑠

§ Closed form solution (proof on next slide): 
                        𝜋! 𝑎|𝑠 = 0

1 "
𝜋.'/ 𝑎|𝑠 exp ." ",%

3

§ Isolate reward: 𝑟- 𝑠, 𝑎 = 𝛽 log
)! 𝑎 𝑠
)#$% 𝑎 𝑠 + 𝛽 log 𝑍(𝑠)

§ Plug into preference objective: 
      𝐿𝑜𝑠𝑠 𝜃 = − 0

4
5
𝐸 ",%&,%' ∈$%&%"'& log 𝜎 𝑟- 𝑠, 𝑎6 − 𝑟- 𝑠, 𝑎7

                     = − 0
4
5
𝐸 ",%&,%' ∈$%&%"'& log 𝜎 𝛽 log

)! 𝑎6 𝑠
)#$% 𝑎6 𝑠

− 𝛽 log
)! 𝑎7 𝑠
)#$% 𝑎7 𝑠

Bypassing RL
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argmax
(

𝐸)∈+,-,).- 𝐸,~0!(,|))[𝑟4 𝑠, 𝑎 ] − 𝛽	𝐾𝐿 𝜋( ⋅ |𝑠 𝜋5.6 ⋅ |𝑠

 = argmax
(

𝐸)∈+,-,).- 𝐸,~0!(,|)) 𝑟4 𝑠, 𝑎 − 𝛽 log 0!(,|))
0"#$(,|))

                         by KL definition

 = argmin
(

𝐸)∈+,-,).- 𝐸,~0!(,|)) log
0!(,|))
0"#$(,|))

− 7
8
𝑟4 𝑠, 𝑎 	 since max = - min

 = argmin
(

𝐸)∈+,-,).- 𝐸,~0!(,|)) log
0!(,|))

%
& ' 0"#$ 𝑎 𝑠 9:;

"( ',*
+

− log 𝑍(𝑠)    where 𝑍 𝑠 = ∑!𝜋"#$ 𝑎 𝑠 exp "! %,!
'

 = argmin
(

𝐸)∈+,-,).- 𝐸,~0!(,|)) log
0!(,|))

%
& ' 0"#$ 𝑎 𝑠 9:;

"( ',*
+

              since log 𝑍(𝑠) is independent of 𝜙

 = argmin
(

𝐸)∈+,-,).- 𝐸,~0!(,|)) log
0!(,|))
0!∗(,|))

       where 𝜋!∗ 𝑎|𝑠 = "
# $

𝜋%&' 𝑎|𝑠 exp %+ $,)
*

 = 𝑎𝑟𝑔min
(

𝐸)∈+,-,).- 𝐾𝐿(𝜋((⋅ |𝑠)||𝜋(∗ ⋅ 𝑠 )        by KL definition

 = 𝜙∗                                                                             since KL is minimized when both arguments are equal

Optimal Policy Derivation
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Rafailov et al. 2023

Empirical Results
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RLHF Improvements
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§ Utterance-level RL (learn reward function)
§ State: prompt
§ Action: response
§ Reward: score complete response
§ Horizon: 1 time step (no transition function)

§ Token-level RL (learn Q-function)
§ State: [prompt, partial response]
§ Action: next token
§ Reward: score complete response (0 for partial response)
§ Horizon: length of response

§ Deterministic transition function: 
T([prompt, partial response], next token) à[prompt, partial response, next token]

§ Q(s,a): score next token

Text Generation

PAGE  9CS486/686 Winter 2026 - Lecture 20 - Pascal Poupart



§ Recall closed form solution

                        𝜋? 𝒂|𝒔 = @
A 𝒔

𝜋CDE 𝒂|𝒔 exp C! 𝒔,𝒂
G

                                        = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 log 𝜋)*+ 𝒂 𝒔 + )! 𝒔,𝒂
/

§ Text generation:

Sequence Generation

𝒂 ∼ 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 log

𝜋CDE 𝒂@ 𝒔
𝜋CDE 𝒂H 𝒔
𝜋CDE 𝒂I 𝒔

…
𝜋CDE 𝒂J 𝒔

+

𝑟K 𝒔, 𝒂@
𝑟K 𝒔, 𝒂H
𝑟K 𝒔, 𝒂I

…
𝑟K 𝒔, 𝒂J

/𝛽
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§ Token-wise LLM modeling

                        𝜋? 𝑎L|𝒔, 𝒂@:LN@ = @
A 𝒔

𝜋CDE 𝑎L|𝒔, 𝒂@:LN@ exp O! 𝒔,𝒂":$

G

                                         = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 log𝜋CDE 𝑎L|𝒔, 𝒂@:LN@ + O! 𝒔,𝒂":$

G

§ Token generation:

Token Generation

𝑎6 ∼ 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 log

𝜋.'/ 𝑎06 𝒔, 𝒂0:690

𝜋.'/ 𝑎56 𝒔, 𝒂0:690

𝜋.'/ 𝑎:6 𝒔, 𝒂0:690
…

𝜋.'/ 𝑎;6 𝒔, 𝒂0:690

+

𝑄- 𝒔, 𝒂0:690, 𝑎06

𝑄- 𝒔, 𝒂0:690, 𝑎56

𝑄- 𝒔, 𝒂0:690, 𝑎:6
…

𝑄- 𝒔, 𝒂0:690, 𝑎;6

/𝛽
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§ Rashid, Wu, Fan, Li, Kristiadi, Poupart (2025) Towards Cost-Effective 
Reward Guided Text Generation, ICML.

§ Optimization problem:

§ In practice: alternate between minimizing two loss functions
§ 𝐿0 𝜃 = −𝐸 𝒔,𝒂,,𝒂- ∈.)/)$&/ log 𝜎 𝑄0 𝒔, 𝒂1 − 𝑄0 𝒔, 𝒂2

§ 𝐿5 𝜃 = 0
5𝐸 𝒔,𝒂 ∈$%&%"'&,6>|𝒂| 𝑄0 𝒔, 𝒂":4 − max

𝒂.,/: 𝒂
𝑄0 𝒔, 𝒂":4 , 𝒂41": 𝒂

5

FaRMA: Faster Reward Model for Alignment

max
-
𝐸 𝒔,𝒂=,𝒂> ∈$%&%"'& log 𝜎 𝑄- 𝒔, 𝒂? − 𝑄- 𝒔, 𝒂9  

Subject to 𝑄- 𝒔, 𝒂0:6 = max
𝒂&=?:|𝒂|

𝑄- 𝒔, [𝒂0:6, 𝒂6?0: 𝒂 ] 	∀𝒔, 𝒂, 𝑖
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FaRMA Pseudocode

Repeat
	 Repeat	for	each	(𝑠, 𝒂9, 𝒂:)	in	minibatch
	 	 𝐿; 𝜃 = log 𝜎 𝑄< 𝒔, 𝒂9 − 𝑄< 𝒔, 𝒂:
	 	 𝜃 ← 𝜃	 − 𝛼∇𝐿;(𝜃)
	 Repeat	for	each	(𝒔, 𝒂, 𝑖)	in	minibatch

	 	 𝐿= 𝜃 = ;
=
𝑄< 𝒔, 𝒂;:? −max

@"#$
𝑄< 𝒔, 𝒂;:?9;

=

	 	 𝜃 ← 𝜃	 − 𝛼∇𝐿=(𝜃)
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Empirical Results
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Reasoning LLMs

PAGE  15

Source: Pan, Ji et al. (2025) A Survey of Slow Thinking-based Reasoning 
LLMs using Reinforced Learning and Inference-time Scaling Law
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Chain of Thought (CoT) Prompting
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Credit: https://cameronrwolfe.substack.com/p/chain-of-thought-prompting-for-llms
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Impact of CoT
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Source: Wei et al. (2022) 
Chain of thought prompting
elicits reasoning in large
language models. 
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CoT with Self-Consistency
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Credit: https://cameronrwolfe.substack.com/p/chain-of-thought-prompting-for-llms
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Reasoning by Searching
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Source: Pan, Ji et al. (2025) A Survey of Slow Thinking-based Reasoning 
LLMs using Reinforced Learning and Inference-time Scaling Law
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Learning to Reason 
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Source: Pan, Ji et al. (2025) A Survey of Slow Thinking-based Reasoning 
LLMs using Reinforced Learning and Inference-time Scaling Law

PRM: Process Reward Model

ORM: Outcome Reward Model
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Reflexion: Verbalized Reinforcement Learning
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Source: Shinn, Cassano et al. (2023) Reflexion: Language Agents with Verbal Reinforcement Learning
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Improved Reasoning by Self-Reflection
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Source: Shinn, Cassano et al. (2023) Reflexion: Language Agents with Verbal Reinforcement Learning
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Inference Time Reasoning
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Source: Ke, Jiao et al. (2025) A Survey of Frontiers in LLM Reasoning
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