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§ Model-based RL

§ Dyna

§ Reinforcement Learning from Human Feedback (RLHF)

Outline
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Model-free Online RL
§ No explicit transition or reward models

§ Q-learning: value-based method
§ Policy gradient: policy-based method

Agent: update 
policy/value function

Environment

action
state

reward
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Model-based Online RL

§ Learn explicit transition and/or reward model
§ Plan based on the model
§ Benefit: Increased sample efficiency
§ Drawback: Increased complexity

Agent: update 
policy/value function

Environment
action

state
reward

Agent: update 
model

plan
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1 2 3 4
(1,1)à (1,2)à (1,3)à (1,2)à (1,3)à (2,3)à (3,3)à (4,3)+1
(1,1)à (1,2)à (1,3)à (2,3)à (3,3)à (3,2)à (3,3)à (4,3)+1
(1,1)à (2,1)à (3,1)à (3,2)à (4,2)-1

g	 = 	1

Reward is -0.04 for 
non-terminal states

P((2,3)|(1,3),r) =2/3
P((1,2)|(1,3),r) =1/3 Use this information in

We need to 
learn all the 
transition 
probabilities!

𝑉∗ 𝑠 = max
"
𝑅 𝑠, 𝑎 + 𝛾 ∑#! Pr 𝑠$ 𝑠, 𝑎 𝑉∗(𝑠$)

Maze Example
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§ Idea: at each step
§ Execute action

§ Observe resulting state and reward

§ Update transition and/or reward model

§ Update policy and/or value function

Model-based RL
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ModelBasedRL(𝑠)
    Repeat
        Select and execute 𝑎
        Observe 𝑠’ and 𝑟
        Update counts: 𝑛 𝑠, 𝑎 ← 𝑛 𝑠, 𝑎 + 1,
                                     𝑛 𝑠, 𝑎, 𝑠$ ← 𝑛 𝑠, 𝑎, 𝑠$ + 1
        Update transition: Pr 𝑠$ 𝑠, 𝑎 ← %(#,",#!)

%(#,") 	∀𝑠′

        Update reward: 𝑅 𝑠, 𝑎 ← )	+ % #," ,- .(#,")
%(#,") 	

        Solve: 𝑉∗(𝑠) = max
"
𝑅 𝑠, 𝑎 + 𝛾 ∑#! Pr 𝑠$ 𝑠, 𝑎 𝑉∗ 𝑠$ ∀𝑠

        𝑠 ← 𝑠′
    Until convergence of 𝑉∗
    Return 𝑉∗

Model-based RL (with Value Iteration)
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Complex Models

§ Use function approximation for transition and reward models
§ Linear model: 𝑝𝑑𝑓 𝑠$ 𝑠, 𝑎 = 𝑁(𝑠′|𝑤/ 𝑠

𝑎 , 𝜎0𝐼)
§ Non-linear models:

§ Stochastic (e.g., Gaussian process): 𝑝𝑑𝑓 𝑠! 𝑠, 𝑎 = 𝐺𝑃(𝑠|𝑤" 𝑠
𝑎 , 𝜎#𝐼)

§ Deterministic (e.g., neural network): 𝑠! = 𝑇 𝑠, 𝑎 = 𝑁𝑁(𝑠, 𝑎)
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Partial Planning

§ In complex models, fully optimizing the policy or value function at 
each time step is intractable

§ Consider partial planning
§ A few steps of Q-learning

§ A few steps of policy gradient
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ModelBasedRL(𝑠)
    Repeat
        Select and execute 𝑎, observe 𝑠’ and 𝑟
        Update transition: 𝑤/ ← 𝑤/ − 𝛼/ 𝑇 𝑠, 𝑎 − 𝑠$ ∇1"𝑇(𝑠, 𝑎)
        Update reward: 𝑤. ← 𝑤. − 𝛼. 𝑅 𝑠, 𝑎 − 𝑟 ∇1#𝑅(𝑠, 𝑎)
        Repeat a few times: 
            sample 𝑠̂, F𝑎 arbitrarily
            𝛿 ← 𝑅 𝑠̂, F𝑎 + 𝛾max

2"!
𝑄 𝑇(𝑠̂, F𝑎), F𝑎$ − 𝑄 𝑠̂, F𝑎

            Update 𝑄: 𝑤3 ← 𝑤3 − 𝛼3𝛿∇1$𝑄(𝑠̂, F𝑎)
        𝑠 ← 𝑠′
    Until convergence of 𝑄
    Return 𝑄

Model-based RL (with Q-learning)
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Partial Planning vs Replay Buffer

§ Previous algorithm is very similar to Model-free Q-learning with a 
replay buffer

§ Instead of updating Q-function based on samples from replay 
buffer, generate samples from model

§ Replay buffer: 
§ Simple, real samples, no generalization to other sate-action pairs

§ Partial planning with a model
§ Complex, simulated samples, generalization to other state-action pairs 

(can help or hurt)
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§ Learn explicit transition and/or reward model
§ Plan based on the model

§ Learn directly from real experience

Agent: update 
policy/value function

Environment
action

state
reward

Agent: update 
model

plan

state
reward

Dyna

CS486/686 Winter 2026 - Lecture 19 - Pascal Poupart PAGE  12



Dyna-Q(𝑠)
    Repeat
        Select and execute 𝑎, observe 𝑠’ and 𝑟
        Update transition: 𝑤/ ← 𝑤/ − 𝛼/ 𝑇 𝑠, 𝑎 − 𝑠$ ∇1"𝑇(𝑠, 𝑎)
        Update reward: 𝑤. ← 𝑤. − 𝛼. 𝑅 𝑠, 𝑎 − 𝑟 ∇1#𝑅(𝑠, 𝑎)
        𝛿 ← 𝑟 + 𝛾max

"!
𝑄 𝑠′, 𝑎′ − 𝑄 𝑠, 𝑎

        Update 𝑄: 𝑤3 ← 𝑤3 − 𝛼3𝛿∇1$𝑄(𝑠, 𝑎)
        Repeat a few times: 
            sample 𝑠̂, F𝑎	arbitrarily
            𝛿 ← 𝑅 𝑠̂, F𝑎 + 𝛾max

2"!
𝑄 𝑇(𝑠̂, F𝑎), F𝑎$ − 𝑄 𝑠̂, F𝑎

            Update 𝑄: 𝑤3 ← 𝑤3 − 𝛼3𝛿∇1$𝑄(𝑠̂, F𝑎)
        𝑠 ← 𝑠′
    Return 𝑄

Dyna-Q
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Task: 
reach G 
from S

Dyna-Q
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Large Language 
Models
Source: Tie et al. 
(2025) A Survey on 
Post Training of 
Large Language 
Models
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An LLM is a probabilistic model that
• takes as input a sequence of tokens and 
• predicts the next token

4
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Credit: https://developer.nvidia.com/blog/how-to-get-better-outputs-from-your-large-language-model/

What is a Large Language Model (LLM)?
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Recipe for Training LLMs
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Credit: https://aws.amazon.com/what-is/reinforcement-learning-from-human-feedback/
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Self-Supervised Learning for LLMs
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Encoder and Decoder Transformer

Credit: Vaswani et al., 2017Credit: https://huggingface.co/blog/encoder-decoder
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§   Agent: system
§ Environment: user
§ State: history of past utterances 
§ Action: system utterance
§ Reward: task completion, 

human feedback
Credit: https://www.twine.net/blog/what-is-reinforcement-learning-
from-human-feedback-rlhf-and-how-does-it-work/

Improving LLMs by RL

PAGE  19

“We posit that the superior writing abilities of 
LLMs, as manifested in surpassing human 
annotators in certain tasks, are fundamentally 
driven by RLHF, as documented in Gilardi et al. 
(2023) and Huang et al. (2023).”
Llama 2 Technical Report (Touvron et. al 2023)

“This behavior (re-evaluation) is not only a testament 
to the model’s growing reasoning abilities but also a 
captivating example of how reinforcement learning 
can lead to unexpected and sophisticated outcomes”
Deepseek-R1 Technical Report (Guo et. al 2025)
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Response Ranking
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LLM Alignment with Preference Data
§ Collect preference data: 𝐷 = 𝒔, 𝒂!, 𝒂" # #$%

&  
where        𝒔: user prompt         𝒂: system response
                  𝒂! is preferred to 𝒂" (i.e., 𝒂! ≻ 𝒂")

LLM

Instruction 
data

Domain 
data

Client 
data

Fairness 
data

Toxicity 
prevention 
data

…
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Reward Model
Stiennon, Ouyang, Wu, Ziegler, Lowe Voss, Radford, Amodei, Christiano 
(2020) Learning to summarize from human feedback, NeurIPS.

§ Reward function: 𝒓𝜽 𝒔, 𝒂 = 𝑟𝑒𝑎𝑙	𝑛𝑢𝑚𝑏𝑒𝑟
§ Consider several possible responses 𝒂" ≽ 𝒂# ≽ ⋯ ≽ 𝒂$ ranked by 

annotator
§ Training reward function to be consistent with the ranking:

                𝐿𝑜𝑠𝑠 𝜃 = − -
4
0
𝐸 #,"%,"& ∈6"7"#87 log 𝜎 𝑟9 𝒔, 𝒂: − 𝑟9 𝒔, 𝒂;
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Ouyang, Wu, Jiang, Wainwright, et al. (2022) Training language 
models to follow instructions with human feedback, NeurIPS.

§ Pretrain language model (GPT-3)
§ Fine-Tune GPT-3 by RL to obtain InstructGPT

§ Policy (language model): 𝜋! 𝑎|𝑠
§ Optimize 𝜋! 𝑠  by Proximal Policy Iteration (PPO)

max
<

𝐸#∈6"7"#87 𝐸"~>$("|#)[𝑟9 𝑠, 𝑎 ] − 𝛽	𝐾𝐿 𝜋< ⋅ |𝑠 𝜋)8@ ⋅ |𝑠

Reinforcement Learning
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Stochastic policy 𝜋+ 𝑎 𝑠 = Pr(𝑎|𝑠; 𝜙) parametrized by 𝜙. 

Policy Optimization
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Supervised Fine-Tuning Reinforcement Learning
Data { 𝑠-, 𝑎-∗ , 𝑠0, 𝑎0∗ , … }

(𝑎∗ denotes optimal action)
{ 𝑠-, 𝑎-, 𝑟- , 𝑠0, 𝑎0, 𝑟0 , … }

(𝑟 denotes reward for s,a pair)

Objective Maximum likelihood

max
<

U
%

log 𝜋<(𝑎%∗ |𝑠%)

Maximum expected rewards

max
<

U
%

𝛾% 𝐸>'[𝑟%|𝑠%, 𝑎%]

Policy 
update

𝜙 ← 𝜙 + 𝛼	𝛻< log 𝜋<(𝑎%∗ |𝑠%) 𝜙 ← 𝜙 + 𝛼	𝑮𝒏	𝛻< log 𝜋<(𝑎%|𝑠%)
where 𝐺% = ∑7B%C 𝛾7𝑟7
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REINFORCE Algorithm
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REINFORCE(𝑠!)
    Initialize 𝜋" to anything    
    Loop forever (for each episode)
        Generate episode s!, a!, r!, s#, a#, 𝑟#, … , 𝑠$ , 𝑎$ , 𝑟$ with 𝜋"       
        Loop for each step of the episode 𝑛 = 0, 1,… , 𝑇
  𝐺% ← ∑&'%$ 𝛾& 𝑟&
             Update policy: 𝜙 ← 𝜙 + 𝛼	𝐺%𝛻( log 𝜋" 𝑎% 𝑠%
    Return 𝜋"
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Proximal Policy Optimization (PPO)

PAGE  26

Initialize 𝜋< and 𝑉1 to anything
Loop forever (for each episode)
        Generate episode 𝑠D, 𝑎D, 𝑟D, 𝑠-, 𝑎-, 𝑟-, … , 𝑠E,-, 𝑎E,-, 𝑟E,- with 𝜋<       
        Loop for each step of the episode 𝑛 = 0, 1, … ,𝑁 − 1
                𝐺% ← ∑7B%E 𝛾7 𝑟7
                𝐴 𝑠%, 𝑎% ← 𝐺% − 𝑉1 𝑠%
                Update value function: 𝑤 ← 𝑤 + 𝛼1𝐴 𝑠%, 𝑎% 𝛻1𝑉1(𝑠%)
        Update 𝜋: 

        𝜙 ← argmax
F<

-
E
∑%BDE,-min

>(' 𝑎% 𝑠%
>' 𝑎% 𝑠%

𝐴 𝑠%, 𝑎% ,

𝑐𝑙𝑖𝑝
>(' 𝑎% 𝑠%
>' 𝑎% 𝑠%

, 1 − 𝜖, 1 + 𝜖 𝐴 𝑠%, 𝑎%

optimize by stochastic gradient descent

PAGE  26CS486/686 Winter 2026 - Lecture 19 - Pascal Poupart



Simplifying PPO
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Source: Shao, Wang et al. (2024) DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models
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Group Relative Policy Optimization (GRPO)

PAGE  28

Initialize 𝜋% and 𝑉& to anything
Loop forever 
        Generate set of episodes {𝜏', … , 𝜏()*}:
                Sample 𝜏+ = (𝑠'

+, 𝑎'
+, 𝑟'

+, 𝑠*
+, 𝑎*

+, 𝑟*
+, … , 𝑠,)*

+ , 𝑎,)*
+ , 𝑟,)*

+ ) with 𝜋%
              Evaluate: 𝑅-

+ ← ∑./-, 𝛾. 𝑟 𝑠.
+, 𝑎.

+ 	∀𝑛
        Loop for each episode 𝑔 and step 𝑛
                𝐴-

+ ← (𝑅-
+ −𝑚𝑒𝑎𝑛 𝑅-', … , 𝑅-()* )/𝑠𝑡𝑑({𝑅-', … , 𝑅-()*})

        Update 𝜋: 

        𝜙 ← argmax
0%

*
(
∑+/'()* *

,
∑-/',)*min

1!" 𝑎-
+ 𝑠-

+

1" 𝑎-
+ 𝑠-

+ 𝐴-
+

𝑐𝑙𝑖𝑝
1!" 𝑎-

+ 𝑠-
+

1" 𝑎-
+ 𝑠-

+ , 1 − 𝜖, 1 + 𝜖 𝐴-
+
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InstructGPT Results
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