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iIng for games

Model-based reason

Silver et al. (2016). Mastering the game of Go with deep neural

networks and tree search. Nature, 529(7587), 484.
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AlphaGo

Model-based reasoning for games

Silver et al. (2016). Mastering the game of Go with deep neural
networks and tree search. Nature, 529(7587), 484.
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AlphaGo becomes the first program to master Go using
neural networks and tree search
(Jan 2016, Nature)

Go

Known
rules

AlphaGo Zero learns to play completely on its own,
without human knowledge
(Oct 2017, Nature)

Go Chess Shogi

Known
rules

AlphaZero masters three perfect information games
using a single algorithm for all games
(Dec 2018, Science)

Go Chess Shogi Atari

MuZero learns the rules of the game, allowing it to also
master environments with unknown dynamics.
(Dec 2020, Nature)
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Reinforcement Learning Has Its Drawbacks

as a sample efficiency problem!
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Gradient based approaches are fast
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Finite Horizon Planning has Limitations

o0 H—-1
t t H Approximate infinite horizon return
g res, a) ; rr(s, @) Hr QoS ap) using learned O-function

Learned Q-function is common in model-free RL Best of both worlds!

FCAI fcai.fi

27



FCAI fcai.fi



Trajectory optimisation methods are open loop.
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Trajectory optimisation methods are open loop.
We can do better.
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Decision-time Planning
Model Predictive Control (MPC)

For each environment step

Any trajectory
optimisation method

H-1
—_— - '* Planja. ;|to maximise return Z y'r(s, a,) + }/HQQ(SHa ag)
=0

Observe state s

Execute a, and discard ay, ..., dy
And so on...
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Decision-time Planning
Model Predictive Control (MPC)

H-1
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Decision-time Planning

Main Takeaways

Common to use CEM

* Avoids local optima

e Can handle deterministic and stochastic dynamics
* Avoids exploding/vanishing gradients

Use MPC to make CEM closed loop

Consider infinite horizon via learned Qy(s, a)

FCAI fcai.fi
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Learning Objectives

Understand

Sources of uncertainty in model-based RL
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Rationale and insights for decision-making under uncertainty
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Sources of Uncertainty
Stochastic Environments
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Aleatoric uncertainty
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Sources of Uncertainty
Decision-making Under Uncertainty

RL objective:

J(r; f) : Z y'r(s;, ay) | Sev1 = J(spa) + €, a, = 7(s))
=0 ]

What is the expectation over?
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Sources of Uncertainty

Decision-making Under Uncertainty

RL objective:

J(7; f) = — ¢l Z Vt’"(sta a,) | Siv1 =JSpa) +€,a, = ”(St):

=0

Expectation is over transition noise, i.e. aleatoric uncertainty

Posterior over dynamics models:

p(f | D)

How should we use this?
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Model Averaging

PILCO, PETS, etc

4 Combats model bias

St+1

(St, ar)

Deisenroth et al. (2011). PILCO: A Model-Based and Data-Efficient Approach to Policy Search. ICML.

FCAI Kurtland et al. (2018). Deep Reinforcement Learning in a Handful of Trials using Probabilisitic Dynamics Models. NeurlPS. fcalfl
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Exploration via Upper Confidence Bound
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How to Quantify Uncertainty in Dynamics?
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FC AI Scannell et al. (2024). Function-space Parameterisation of Neural Networks for Sequential Learning. ICLR. fcalfl
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Learning Objectives
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Case Study: Dreamer (v2/v3)

World Model Learning
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Case Study: Dreamer (v2/v3)

World Model Learning

Latent dynamics with encoder/decoder
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X 32 classes each
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Case Study: Dreamer (v2/v3)

Actor Critic Learning
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Case Study: Dreamer (v2/v3)

Actor Critic Learning
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Case Study: Dreamer (v2/v3)

Actor Critic Learning
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Case Study: Dreamer (v2/v3)

Actor Critic Learning
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Case Study: TD-MPC2

enc enc enc

FCAI Hansen et al. (2024). TD-MPC2: Robust, Scalable World Models for Continuous Control. ICLR. fcalfl
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Case Study: TD-MPC2

Latent dynamics

enc enc enc

FCAI Hansen et al. (2024). TD-MPC2: Robust, Scalable World Models for Continuous Control. ICLR.
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Case Study: TD-MPC2

Latent dynamics

No decoder

enc enc enc
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Case Study: TD-MPC2

Latent dynamics

No decoder

enc enc enc
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Case Study: TD-MPC2

Latent dynamics

No decoder

enc enc enc

Decision-time planning

FCAI Hansen et al. (2024). TD-MPC2: Robust, Scalable World Models for Continuous Control. ICLR.
44
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Case Study: iQRL

Dynamics Model but Not Model-based RL? &

LR B}
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Case Study: iQRL
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Case Study: iQRL

Dynamics Model but Not Model-based RL? &
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Case Study: iQRL

Dynamics Model but Not Model-based RL? &

Use dynamics for representation learning
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1. Model-based RL is a powerful tool

2. Leveraging predictive models improves sample efficiency
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Outlook

1. Model-based RL is a powerful tool
2. Leveraging predictive models improves sample efficiency

3. Lots more exciting work to be done
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