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Outline: 

• Model-based vs Model -free RL

• Two-Player Games with Perfect 
Transitions

• Actor-Critic RL



Reinforcement Learning Approaches
• Value-Based:

• Learn value function
• Implicit policy (e.g. greedy selection)
• Example: Deep Q Networks (DQN)

• Policy-Based:
• No value function
• Learn explicit (stochastic) policy
• Example: Stochastic Policy Gradients

• Model-Based:
• Learn transition model
• Implicit policy
• Example: Dreamer

• Actor-Critic:
• Learn value function
• Learn policy using value function
• Example: Asynchronous Advantage Actor Critic (A3C)
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Model-Based vs Model -Free RL

Learn policy direct or learn transition first and then policy?
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Learning Policies vs Learning Transitions

• s → a → s’ → a’ → s’’ → a’’ → s’’’ → a’’’ → s’’’’

• Learning a policy s → a

• Learning how to react in an environment

• Learning a transition s → a → s’

• Learning how the environment reacts
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Learning vs Planning

• Learning

• Agent changing state in the environment

• Irreversible state change

• Forward Path s → a → s’ → a’ → s’’ → a’’ → s’’’ → a’’’ → s’’’’

• Planning

• Agent changing own local state

• Reversible local state change

• Backtracking Tree
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Model-Based RL
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Model-Based RL
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Learn policy directly

Learn model 
and then plan actions

Use experience to 
update both model and policy



Dyna [Sutton]
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Example Model-Free RL
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Example Model-Based RL
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Sample Complexity

• Model-based RL reduces sample complexity.

• As soon as Model has enough transition entries, the policy can be learned 
from the Model, for free.

• This free learning is called planning. It does not involve environment 
samples, hence, “free”.
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Why Planning?

• Internal to Agent

• Agent has state

• Agent can undo; allows to retrace your steps

• Agent can backtrack to try another action

• Planning is reversible learning

• Learning changes Environment state that the Agent cannot undo
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Trade-off Sample Complexity vs Model Quality

• Free planning concept only works if Model is perfect. When Environment 
is high dimensional, it will never be fully sampled, so Model will be 
imperfect.

• Learning T to reduce Env samples

• T is a function, a neural network

• With high dimensional problems, T is high capacity, so needs many 
samples to prevent overfitting

• Trade-off sample complexity vs quality of model
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Dealing with Imperfect Models

• Improving Model Learning

• Modeling Uncertainty

• Latent Models

• Improving Planning with Imperfect Model

• Trajectory Rollouts and Model-Predictive Control

• End-to-end learning and planning
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Modelling Uncertainty

• Gaussian Processes

• PILCO, GPS, SVG

• Works, but computationally expensive

• Ensembles

• PETS

• Knowing uncertainty allows better planning

• Do planning sampling from distribution, plan with locally-linear search or 
with stochastic trajectory optimiser

• Does not scale to high dimensional problems
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Latent Models

• Compress Observation Space into (smaller) Latent Space by modeling on 
value prediction

• Plan in small Latent Space [Dreamer]
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Latent Models

• Compression: Autoencoder

• Many networks, Complicated architecture, Good performance

• PlaNet, Dreamer, VPN
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Trajectory MPC

• Short trajectory rollouts

• Reduce lookahead depth

• Splits rollouts in near future (planned) and far-future (model free) -> 
MVE

• Model-predictive Control, Decision-time planning

• Highly non-linear function are often locally linear

• MPC: optimize model over limited time, and re-learn -> PETS
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End-to-End Learning/Planning

• Trend for programming by 
example

• Can a neural network do 
planning? (with backtrack?)

• Learn differentiable planning
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Value Iteration
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End-to-End Learning/Planning

• Value Iteration Network

• Each layer one step of Value Iteration

• Learn

• Learn different Mazes

Our main observation is that each iteration of VI may be seen as passing the 
previous value function V and reward function R through a convolution layer 
and max-pooling layer. In this analogy, each channel in the convolution 
layer corresponds to the Q-function for a specific action, and convolution 
kernel weights correspond to the discounted transition probabilities.
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End-to-End Learning/Planning

• Later: RNN/LSTM for state: VProp

• Latent and End-to-End:

• TreeQN, Predictron, MuZero, I2A, 
World Model

• Elaborate, Complex systems
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Learning and Planning
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Overview of Model-Based Approaches
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PILCO Uncertainty /Trajectory

• Gaussian processes

• Computationally expensive
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PETS Ensemble/MPC
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Value Prediction Network (Latent/ Traj)
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Latent PlaNet
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Dreamer (Latent/ Traj)
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I2A (Latent/E2E)
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I2A (Latent/E2E)
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MuZero (Latent/E2E)
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MuZero (Latent/E2E)
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MuZero (Latent/E2E)
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MuZero (Latent/E2E)
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Benchmark

• SAC and TD3 are model-free baselines

• Model-based is sometimes better
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Conclusions

• What does the overview tell us?

• Accuracy of transition model: Crucial

• Sample complexity trade-off: Success

• Results sometimes better than model-free

• Still brittleness, sensitive to hyperparameters

• Still active field of research
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What Transition Model Perfectly Known?

• Previous chapter showed that accuracy of model is important.

• What if we have a perfect transition function?

• What if we can also use it to learn?

• Then World Champions get beaten:

• Backgammon

• Go

• Chess

• Shogi

• Today is about Best Case, when everything fits together and works

2026 -04 -15TDDE78 RL - VT26 - Fredrik Heintz - LE3 Model-Based and Actor -Critic RL (Based on slides from Aske Plaat) 38



Self -Play is Old

• Most two-agent board game-playing programs choose (versions of) 
themselves as opponent for simulation or learning.

• Minimax (1949) is self-play

• Samuel’s checkers players (1950-1960) used self-play outcomes for 
modifying evaluation weights.

• TD-Gammon (1992) used self-play learning

• However, self-play is potentially unstable due to feedback and deadly triad

• It is overcome in AlphaGo in different ways
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AlphaZero –Three Levels of Self -Play

• Move-level self-play (minimax, MCTS)

• Example-level self-play (learning, Actor Critic)

• Game-level self-play (curriculum, self transcending player)
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Minimax

• Assume you play best move, and opponent has your knowledge

• Two-agent zero sum: my win is your loss

• Max/min/max/min/max/min

• Max: Square

• Min: Circle

• b=branching factor, d=search depth
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Minimax
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State Space Complexity

• 10^47… 1 ns/position -> 10^38 s -> 10^30 earth-year

• 10^21 times the age of the known universe/position
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Heuristics

• Material (pawns, bishops, knights, …)

• Mobility (# actions)

• Center control

• King Safety

• …
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Alpha-Beta Pruning

• A cutoff is an action (e) that is so strong for my opponent that I will not 
play b (because a is better) and hence we can stop searching b
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After Chess?
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Go!
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State Space Complexity

• Go even more complex than chess
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Heuristic Search

• Successful in games with tactical play, where efficient heuristics can be 
found

• Pieces move, and material is a good indicator of the score

• In Go, board is large, pieces do not move, material is typically balanced, 
and “influence” turned out to be difficult to program efficiently
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Traditional Go Programs

• Minimax

• Forward Pruning: 

• Only try “sensible” actions such as 
connect, defend, territory jump

• Like a knowledge-based expert system

• Influence calculation for scoring

• Weak amateur level (10 kyu)

• Years of no real progress

• Then: MCTS
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MCTS –Adaptive Sampling

• No Efficient Heuristics for influence

• Rigid Search does not work well in 
large, flat state space
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Monte-Carlo Playouts
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Monte-Carlo Playouts

• Chess: b=10. Full width

• Go: b=200. Forward pruning

• Playout: Not search Tree b^d but search Path d
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Monte-Carlo vs Minimax

• Minimax: Best of all actions

• Monte Carlo: Average of random playouts
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Monte-Carlo Tree Search

• Brügmann 1993 tried all playouts from the root (flat)
Results were better than random, but not great -> MC

• Coulom 2006 (after work of others) tried it recursively, in a tree. 
This did give good results -> MCTS

• Kocsis & Szepesvari 2006 suggested the UCT selection rule to balance 
exploration and exploitation. Based on extensive work in multi-armed 
bandit theory.
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4 Steps in MCTS
MCTS maintains a search tree and grows
it on each iteration using the following steps:

Starting at the root of the search 
tree, choose a move using the 
selection policy, repeating the 
process until a leaf node is reached 

Grow the search tree
by generating a new
child/children.

Perform a playout
from a child using
the playout policy. These 
moves are not recorded 
in the search tree

Use the simulation result
to update the utilities of
the nodes going back
up to the root.

After X times: Choose the best move from start state
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One Iteration of MCTS

• White has previously moved. 
• What should blacks move be (2nd level)?
• White has won 37 out of 100 playouts 

(37/100) done so far
• Suppose we will do 1000 iterations. What

does the 101th iteration look like?

• Black selects a node
where it has won 60 
of 79 playouts (60/79)

• Uses UCT selection metric
• Selection continues to a leaf 

node where black has won 27 
out of 35 playouts (27/35)

• Generate a new child node
labeled 0/0

• Execute a playout
• Black wins this simulation

• Results of the simulation are
back propagated up the tree
branch.

• Black won, so black nodes are
incremented in 
# of wins/# of playouts

• White loses, white nodes are
incremented in number of 
playouts only.

White

Black

Black

White

# of wins/# of playouts

White (current state of game)

Black moves

White moves

Black moves
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UCT: A Selection Policy

𝑈𝐶𝐵1(𝑛) =
𝑈(𝑛)

𝑁(𝑛)
+ 𝐶 ×

𝑙𝑛𝑁(𝑃𝑎𝑟𝑒𝑛𝑡(𝑛))

𝑁(𝑛)

UCT: upper confidence bound applied to trees
Ranks each possible move based on an upper confidence bound formula called UCB1:

• 𝑈(𝑛): Total utility of all playouts that go through 𝑛
• 𝑁(𝑛): The number of playouts through node 𝑛
• 𝑃𝑎𝑟𝑒𝑛𝑡(𝑛): The parent node of node 𝑛
•

𝑈(𝑛)

𝑁(𝑛)
-term: is the exploitation term. The average utility of 𝑛. For example win percentage.

• - term : is the exploration term.

• Numerator: 𝑙𝑛 of the number of times we have explored the parent

• If 𝑛 is selected some non-zero % of the time, the exploration term goes to zero as the counts 

increase, and eventually the playouts are given to the node with the highest average utility.

• Denominator: count 𝑁(𝑛)
• The exploration term will be high for nodes only explored a few times

• 𝐶: Constant that balances  exploitation and exploration. 

• Theoretically, 2 is best value for 𝐶, but this constant is often learned or chosen through trial and 

error.

• 𝐶 = 1.4 would choose the Τ60 79 (more exploitation) node in the example during Selection, while 

𝐶 = 1.5 would choose the Τ2 11 node (more exploration) during Selection.
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MCTS Impact on Go Programs Strength
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MCTS Go
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AlphaGo 1, 2, 3

• AlphaGo: The Champion

• AlphaGo Zero: Tabula Rasa
The Self-Learner

• AlphaZero: Three games: Chess, Shogi, Go
The Generalist
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AlphaGo Structure 

• 4 Nets

• Fast rollout policy

• Slow sl policy

• Slow rl policy

• Value net

• 3 Learning methods

• Supervised small patterns fast rollout policy

• Supervised database grandmaster games

• Reinforcement from database de-correlated self-play games
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Policy, Playout, and Value
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AlphaGo Performance

2026 -04 -15TDDE78 RL - VT26 - Fredrik Heintz - LE3 Model-Based and Actor -Critic RL (Based on slides from Aske Plaat) 68



2026 -04 -15TDDE78 RL - VT26 - Fredrik Heintz - LE3 Model-Based and Actor -Critic RL (Based on slides from Aske Plaat) 69



AlphaGo Zero

• Faster

• Days, not weeks

• Better

• Higher Elo

• Elegant

• 1 network
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AlphaGo Zero Self -Play

• Generate a sequence of training examples through self-play
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AlphaGo Zero Overview

• Zero-knowledge

• One net (double-headed)

• One learning method: Self-Play

• Tabula Rasa: 

• Only the rules and input/output layers, 

• zero heuristics, zero grandmaster games

• Curriculum learning
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AlphaGo Zero Performance
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AlphaGo Zero Performance
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AlphaGo Zero Performance
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AlphaGo Zero Structure

• 1 Net: 

• ResNet with policy head 
and value head

• Combined loss-function

• 1 Learning: RL Self-Play

• Tabula Rasa
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AlphaGo Zero Structure
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AlphaGo Zero Game State
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AlphaGo Zero – Stability 

• Stable

• Extra Exploration

• De-correlation

• How?

• MCTS & Noise & Exploration & Replay Buffer & Many games

• AlphaGo Zero’s nets are not optimized against themselves, but against 
MCTS-improved versions of themselves
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Curriculum Learning

• AlphaGo Zero learns better than AlphaGo

• AlphaGo Zero learns faster than AlphaGo. Why?

• Curriculum learning: Start with easy examples

• Many small steps are faster than one large step
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Learning to Play Go
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Learning to Play Go
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Learning to Play Go
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Curriculum
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AlphaZero

• Same net, same search, same tabula rasa self-play

• Different Input/Output layers

• Go, Chess, Shogi
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AlphaZero Structure
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AlphaZero Performance
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AlphaZero Performance
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AlphaZero Conclusions

• First time learning, neural nets, and MCTS work in Chess

• Decades of heuristic planning research are surpassed

• Three Games share a general essence, since same architecture works 
(except I/O)

• Not same net. Net trained for Chess does not work for Shogi

• First architecture achieving very high performance in three games
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MuZero: Learning Dynamics for Planning (2020)
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Reinforcement Learning Approaches
• Value-Based:

• Learn value function
• Implicit policy (e.g. greedy selection)
• Example: Deep Q Networks (DQN)

• Policy-Based:
• No value function
• Learn explicit (stochastic) policy
• Example: Stochastic Policy Gradients

• Model-Based:
• Learn transition model
• Implicit policy
• Example: Dreamer

• Actor-Critic:
• Learn value function
• Learn policy using value function
• Example: Asynchronous Advantage Actor Critic (A3C)
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Model-Based vs Model -Free RL

Learn policy direct or learn transition first and then policy?
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Actor-Critic  Deep RL

• An Actor that controls how our agent behaves (policy-based method).

• A Critic that measures how good the action taken is (value-based 
method).

• Two ideas to reduce variance

• Temporal difference bootstrapping

• Baseline subtraction
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Bootstrapping

• TD computes values step-wise (low variance)

• We can also use n-step values

• TD bootstrapping reduces variance of Monte Carlo at the cost of more bias
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Baseline  Subtraction

• Rewards are often skewed, such as, all positive, leading to high variance.

• Centering around zero would reduce variance

• When a baseline function is added to a function, the expectation does not change, 
and the variance is reduced

• The Value function is such a function for the Q function
A(s,a) = Q(s,a) - V(s)

• Advantage, the difference between the actual game outcome and the expected 
outcome. 

• The learning of the actor is based on policy gradient approach. In comparison, 
critics evaluate the action produced by the actor by computing the value function.
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Actor  Critic  RL
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Advantage  Variants
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A3C – Asynchronous Advantage Actor -Critic 

• Asynchronous: The algorithm is an asynchronous algorithm where multiple 
worker agents are trained in parallel, each with their environment. This allows the 
algorithm to train faster as more workers are training in parallel and attain a 
more diverse training experience as each worker's experience is independent.

• Advantage: Advantage is a metric to judge how good its actions were and how 
they turned out. This allows the algorithm to focus on where the network's 
predictions were lacking. Intuitively, this will enable it to measure the advantage 
of taking action, following the policy π at the given timestep.

• Actor-Critic: The Actor-Critic aspect of the algorithm uses an architecture that 
shares layers between the policy and value function.
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A3C – Asynchronous Advantage Actor -Critic

1. Fetch the global network parameters

2. Interact with the environment by following 
the local policy for n number of steps

3. Calculate value and policy loss

4. Get gradients from losses

5. Update the global network

6. Repeat
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Trust Region

• Vanilla REINFORCE is high variance (AC helps)

• Parameters  are pushed wildly

• Normally, we would mitigate variance by reducing step size of function 
input ()

• Trust Region is an approach using function output () to mitigate step size, 
using KL divergence (TRPO), or simple clipping (PPO)
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Proximal Policy Optimization (PPO)
• The idea is to improve the training stability of the policy by limiting the change at each training epoch: we 

want to avoid having too large policy updates.

• For two reasons:

• We know empirically that smaller policy updates during training are more likely to converge to 
an optimal solution.

• A too big step in a policy update can result in falling “off the cliff” (getting a bad policy) and having 
a long time or even no possibility to recover.

• Therefore, PPO updates the policy conservatively. 

• Measure how much the current policy changed compared to the former one using a ratio calculation 
between the current and former policy. 

• Clip this ratio in a range [1−ϵ,1+ϵ][1−ϵ,1+ϵ], thus removing the incentive for the current policy 
to go too far from the old one (hence the proximal policy term).
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Proximal Policy Optimization (PPO)
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Proximal Policy Optimization (PPO)

• Final PPO Actor-Critic Objective Function
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Trust Region

• PPO just clips L to a small range

• TRPO compares old and new policy (output)

• Limiting KL divergence (measure of distance of distributions)

• A small divergence allows larger step size, a large divergence contracts
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Entropy  / Exploration
• Too little exploration leads to local optima.

• Entropy is randomness. High entropy policies favor exploration

• Soft Actor Critic adds entropy H to the loss function
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Actor  Critic  Policy Methods

• (vanilla) REINFORCE - directly improving continuous policy, but high 
variance

• Actor Critic

• TD Bootstrap

• Advantage: A3C

• Trust Region: TRPO, PPO

• Entropy: SAC

• DQN-based: DDPG
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Reinforcement Learning Approaches
• Value-Based:

• Learn value function
• Implicit policy (e.g. greedy selection)
• Example: Deep Q Networks (DQN)

• Policy-Based:
• No value function
• Learn explicit (stochastic) policy
• Example: Stochastic Policy Gradients

• Model-Based:
• Learn transition model
• Implicit policy
• Example: Dreamer

• Actor-Critic:
• Learn value function
• Learn policy using value function
• Example: Asynchronous Advantage Actor Critic (A3C)
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RL LE3 VT2026:
Model-based vs Model -free RL

Two-Player Games with Perfect Transitions
Actor-Critic RL

www.ida.liu.se/~TDDE78
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