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Outline
= Model-based RL

= Dyna

= Reinforcement Learning from Human Feedback (RLHF)
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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

state

reward action

Environment }
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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

plan

— Y
Agent: update} &J Agent: update

model olicy/value function

state
reward

. action
Environment
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Maze Example

slr|r|r|+1

y =1 We need to
21u u -1 Reward is -0.04 for learn.a.ll the
-terminal states trans1t1.o n
tfu | 1|1 ] 1]hon probabilities!

1 2 3 4

(1,1)-> (1,2)2> (1,3)2 (1,2)2 (1,3)~2 (2,3)2 (3,3)2 (4,3)+1
(1,1)=> (1,2)=> (1,3)2 (2,3)> (3,3)2 (3,2)2> (3,3)2 (4,3) 1
(1,1)=> (2,1)2 (3,1)2 (3,2)2> (4,2),

P((2,3)[(1,3),r) =2/3 o o
P((1,2)|(1,3),r) =1/3 } Use this information in >

V*(s) = mC?XR(S, a) +y Yy Pr(s’|s,a) V*(s")
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Model-based RL

« Idea: at each step
= Execute action
= Observe resulting state and reward
= Update transition and/or reward model

= Update policy and/or value function
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Model-based RL (with Value Iteration)

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,as’) +1

Update transition: Pr(s’|[s, a) « NEAS) g

n(s,a
. r + (n(s,a)—1)R(s,a)
Update reward: R(s,a) < 5.2)

Solve: V*(s) = mc?xR(s, a) +y Yy Pr(s’|s,a) V*(s') Vs

Ses'
Until convergence of V*
Return V~*
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Complex Models

= Use function approximation for transition and reward models
» Linear model: pdf(s'|s,a) = N(s'|wT [Z] ,a%1)
= Non-linear models:

« Stochastic (e.g., Gaussian process): pdf (s'|s,a) = GP(s|w’ [2] ,0%])
= 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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Model-based RL (with Q-learning)

ModelBasedRL(s)
Repeat
Select and execute a, observe s’ and r
Update transition: wy « wr — ar(T(s,a) —s')V,,.T(s, a)
Update reward: wg < wg — ag(R(s,a) — 1)V, R(s,a)
Repeat a few times:
sample §, a arbitrarily
§ <« R($8,a) +ymaxQ(T(8,a),a’) —Q(S,a
Update Q: wq « wo — g8V, Q(3, @)
S« s

Until convergence of Q
Return Q
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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)

w UNIVERSITY OF
CS486/686 Winter 2026 - Lecture 19 - Pascal Poupart PAGE 11 @ WATERLOO



Dyna

= Learn explicit transition and/or reward model
= Plan based on the model

= Learn directly from real experience

plan
/ \
Agent: update Agent: update
model f olicy/value function
state
reward
state .
reward Environment action
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Dyna-(

Dyna-Q(s)
Repeat
Select and execute a, observe s’ and r
Update transition: wy « wy — ar(T(s,a) —s')V,,.T(s, a)
Update reward: wg < wg — ag(R(s,a) —1)V,, R(s,a)
§ «r+ymaxQ(s,a) —Q(s,a)
Update Q: S/Q < wo — ag6V,,,Q(s,a)
Repeat a few times:
sample §, a arbitrarily
5 « R(3,@) +ymax Q(T(3,a),a") — Q(3,a
Update Q: wq « wy — ag8V,,Q(3, @)
S« s
Return Q
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Dyna-(

Task:
reach G
from S

Steps
per
episode
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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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Figure 3: Timeline of post-training technique development for Large Language Models (2018-2025), delin-
eating key milestones in their historical progression.
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.
What is a Large Language Model (LLM)?

An LLM is a probabilistic model that
* takes as input a sequence of tokens and

» predicts the next token

More likely
blue = -0.96
clear =-1.60
The sky is ——> /55500 usually = -2.47 — The sky is blue
the =-3.40
LLM <=-347
Less likely

Total: -0.96 logprob on 1 token
(73.18% probability covered in top 5 logits)

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

Step 1 Supervised Fine-Tuning Step 2 Training a Reward Model

-
- /’ w - Y-ml
Prompt aao

T Answer 2

Answer 1 Answer 2

@ T GR
& [ S . o
Collect human SF

demonstration data Collect human preference data

~—
é Supervised . é é Supervised
tﬂl Fine-tune tml tﬂl Fine-tune tm;l.
o o o o K

Base LLM SFT Base LLM RM

Credit: https://aws.amazon.com/what-is/reinforcement-learning-from-human-feedback/
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Step 3 Optimize Policy

Prompt

Reward <«—

PPO
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Self-Supervised Learning for LLMs

Encoder and Decoder

.711
?
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Transformer

Output
Probabilities

Linear

L

(¢ ™\
Add & Norm
Feed
Forward
g ’_.—N Add & Norm
e Multi-Head
Feed Attention
Forward 7 ) Nx
N —
Nix Add & Norm
f-" Add & Norm . NeEkaa
Multi-Head Multi-Head
Attention Attention
AT | S
a— J _ p—
Positional ositional
RSl @_? o Pos tiona
£ncoaing Encoding
Input Output
Embedding Embedding
Inputs Qutputs
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Credit: https://huggingface.co/blog/encoder-decoder
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Improving LLMs by RL

Prompt/Data

= Agent: system
=  Environment: user
= State: history of past utterances

Evaluation

= Action: system utterance o
= Reward: task completion, "o I

Update the LLM

human feedback

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

“We posit that the superior writing abilities of . . —

LLMs, as manifested in surpassing human “This behavior (re-evaluation) is not only a testament
annotators in certain tasks, are fundamentally to the model’s growing reasoning abilities but also a
driven by RLHF, as documented in Gilardi et al. captivating example of how reinforcement learning
(2023) and Huang et al. (2023).” can lead to unexpected and sophisticated outcomes”
Llama 2 Technical Report (Touvron et. al 2023) Deepseek-R1 Technical Report (Guo et. al 2025)
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Response Ranking

ﬂ Explain reinforcement learning in three sentences.

12> Reinforcement learning is a type of machine learning where an agent learns to make
decisions by receiving feedback in the form of rewards or punishments. The agent's goal
is to maximize its cumulative reward over time by exploring different actions and learning
which actions lead to the highest rewards. Reinforcement learning has been successfully
applied to a variety of tasks, including game playing, robotics, and recommendation

systems.

<2/2 Reinforcement learning is a type of machine learning that focuses on training an agent to
make decisions based on trial and error. The agent receives feedback in the form of
rewards or penalties for each decision it makes. By learning from this feedback, the agent

can improve its decision-making abilities over time.

Was this response better or worse? {3 Better (P Worse = Same X
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LLM Alignment with Preference Data

» Collect preference data: D = {(s,a,,a_); }r-1
where  s:user prompt a: system response
a, is preferredtoa_ (i.e.,a, > a_)

@ Domain
data

Instructlon Chent
data \ data
T0X101ty/ @\ Fairness
preventlon data
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Reward Model

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

= Reward function: ry(s, a) = real number

= Consider several possible responses a, > a, > :-- > a; ranked by
annotator

= Training reward function to be consistent with the ranking:

[ Loss(0) = — (Tl) E(s,ai,aj)EDataset logo (TG (s,a;) — 19 (S' aj)) ]

2
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Reinforcement Learning

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): 4 (als)
= Optimize 74 (s) by Proximal Policy Iteration (PPO)

[ max Escpataset | Fa-rg(als)[70 (5, @] = B KL(Tg ( 19)[res - 15))) ]
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R
Policy Optimization
Stochastic policy w4 (als) = Pr(als; ¢) parametrized by ¢.

Supervised Fine-Tuning Reinforcement Learning
Data {(51, a;{), (52, a;), } {(Sl, al,‘l‘l), (52, az,rz), }

(a* denotes optimal action) (r denotes reward for s,a pair)
Objective Maximum likelihood Maximum expected rewards

max ) 10g7y(@rlsn) max }"y" Ex, [lsn, an]
n n

Policy ¢ <« ¢+ alVylogmy(an|sy) ¢« ¢+ab,Vylogmy(ay|sy)
update where G,, = Y2, v
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REINFORCE Algorithm

REINFORCEC(s,)
Initialize 4 to anything
Loop forever (for each episode)
Generate episode sy, ag, rp, S1,a4, 71, -.., Sy, Ar, 'r With g
Loop for each step of the episoden = 0,1, ...,T
Gn < Xi=nV¥ 1t
Update policy: ¢ « ¢ + a G,Vy logmy(a,|s,)
Return
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Proximal Policy Optimization (PP0)

Initialize 74 and Vj, to anything

Loop forever (for each episode)
Generate episode sy, ag, 7o, S1, A1, 71, -+, SN—1, AN—1, Ty—1 With T4
Loop for each step of the episoden =0,1,...,N — 1

Gp < Zt ny Tt
A(Sn' an) « Gy — VW(STL)
Update value function: w <« w+ a,,A(s,, a,)V, V., ()

Update 7: optimize by stochastic gradient descent
| An S
/ [ ?Ea":;"% A(sy, an), ‘
¢ <—argmax—2 Zo min{ e .
¢ cli (na(an|sn) 1—¢1+ E)A(s a,)
k p 7T¢(an|sn), ) n “*n J
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Simplifying PPO

Source: Shao, Wang et al. (2024) DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models

( Reference
Model
PPO _ Mode
Reward
@_{ Policy . Model
Model r N
;//Ial;el Trained
= o Models
KL Frozen
GRPO
Reference B Models
Model |
Policy 0, Reward \_» 7, Group A,
Model . Model ‘— Computation —
OG rG AG

Figure 4 | Demonstration of PPO and our GRPO. GRPO foregoes the value model, instead
estimating the baseline from group scores, significantly reducing training resources.
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Group Relative Policy Optimization (GRPO)

Initialize 74 and V, to anything
Loop forever
Generate set of episodes {ty, ..., Tg—1}:
Sample 7, = (sy,ag, 75,517,071, ) Sny_1, Ay_1, Ty —q) With 74
Evaluate: Ry « YN, y'r(s?,a) vn
Loop for each episode g and step n
AT < (RY —mean({RY, ..., R§™}))/std({RY, ..., R§1})
Update m:

(s,
n¢(a,€|sg) n

o ag|sg)
li o [Sn ,1—€,1+ )Ag
P (n¢(aﬁ|sﬁ) SETE)

1v6-11vyN-1_.;
¢ <—arg£nax52g=oﬁ n—=o Min 1

Y
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InstructGPT Results

RLHF
RLHF-v5
80% .
o FT RrLH ' (with PPO)
e supeV RLHF-v5
0 06 GPT-3 + > 70% (no PPO)
- | / I
E — o RLHF-v4
u :
D Jper Jised fine g RLHF-v3
17 GPT-3 +° c  50% SFT-v2 RLHF-v1
= ' *  *RLHF-v2
-5 0.4 p(omp“ng 2 RLHF-v
= P13~ £ 40%
e T
© 30%
p GPT-3
= SFT-v1
; 02" 200/ : : ] :
°  Supervised finetuning
i L ‘ 10%
1.3B 6B 1758 10% 20% 30% 40% 50% 60% 70% 80% 90%
Model size
Helpfulness
Source: InstructGPT paper, https://arxiv.org/abs/2203.02155 Source: Llama 2 paper, https://arxiv.org/abs/2307.09288
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