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Introduction to Model-Based Reinforcement Learning

Why Model-based RL?

“If the organism carries a ‘small-scale
model’ of external reality and of its own
possible actions within its head, it is able
to try out various alternatives, conclude
which is the best of them, react to future
situations before they arise, utilise the
knowledge of past events in dealing with
the present and future, and in every way
to react in a much fuller, safer, and more
competent manner to the emergencies
which face it.”

—Craik, 1943, The Nature of Explanation

Slide adapted from https.-//sit%omﬂﬂﬁﬂférfl
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Introduction to Model-Based Reinforcement Learning
Why Model-based RL?
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Fazeli et al. (2019). See, feel, act: Hierarchical learning for Fisac et al. (2019). A General Safety Framework for Sadigh et al. (2016). Planning for autonomous cars
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Silver et al. (2016). Mastering the game of Go with deep Segler, Preuss, & Waller (2018). Planning Salas & Powell (2013). Benchmarking a scalable
neural networks and tree search. Nature, 529(7587), 484. chemical syntheses with deep neural networks approximate dynamic programming algorithm for stochastic
and symbolic Al. Nature, 555(7698). control of multidimensional energy storage problems.

? Warren Powell’s 2017 ECSO tutorial, “A Unified Framework for Optimization under Uncertainty”
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Introduction to Model-Based Reinforcement Learning
Model free vs. Model-based Reinforcement Learning

Asymptotic Rewards +

Computation at deployment + -/ +
Data efficiency - +
Speed to adapt to changing rewards - +
Speed to adapt to changing dynamics - +
Exploration - +
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Introduction to Model-Based Reinforcement Learning
What is a model?

= Quick recap: sequential decision making
= Qur goal:

argmax Y.reo Y R(ss, ag),
T
subject to: a; = n(s;), and

Se+1 = T(Se, ag)

= We collect data D = {S¢, g, Tr41, St41} =0
= Model-free RL: learn policy directly from data
D->m

= Model-based RL: learn model, then use it to learn or improve policy:
D->f-m

\
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Introduction to Model-Based Reinforcement Learning
What is a model?

Definition: A model is a representation that explicitly encodes knowledge about the structure of the environment and task.
But what knowledge to explicitly encode?

= Transition/dynamics model: St+1 = fs(s¢, ar)
* typically what MBRL is doing
= Reward model: Tee1 = f+ (St ap)
= Inverse dynamics model: ar = fi1(s¢, Sp41)
= Distance model: dij = fa(sis;)
= Future return model: Gt = Q(s¢,ap) or Gy = V(s)
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What is a model?
Parametric vs. non-parametric representations

= Parametric

Neural Networks Physics-based
= Non-parametric

A
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output, f(x)

! |
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0 5
input, x

|
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Gaussian Mixture

Gaussian Processes Decision Trees or
Models

Random Forests
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What is a model?
Model inputs: States

= Dynamical system states (classical control theory)

C.[1/m]
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o input, x
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B [m] &
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J C,
The Bicycle model is given by,
X = v,cos(v) — vysin(y) (2.31a)
Y = vgsin(eh) + vycos() (2.31b)
. vy
P = L+ tan(d) (2.31c)
miy = Fy + muyy) — 2F,;sin(8) — F, — Fr (2.31d)
mb, = — Mgt + 2(Fepcos(d) + Foy) (2.31e)
Iy = 2(1; F,ycos(8) — 1, Fer) (2.31f)

https.//de.mathworks.comy/help/ident/ug/modeling-a-vehicle-dynamics-system.htm/
M. I. Palmquvist et al.: Model predictive control for autonomous driving of a truck. KTH Royal Institute of Technology School of Electrical Engineering. 2016.
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What is a model?
Model inputs: States

Pre-processed sensor data, e.g.
= objects/bounding boxes extracted from images

h:
outputs Ca s
inputs P ° g ‘
hea X he
X
Layer Pointwize op  Copy

Legend:
input layer hidden layer output layer g B S

https://de.wikipedia.org/wiki/Deep_Learning https://en.wikipedia.org/wiki/Long_short-term_memory
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What is a model?
Model inputs: Observations

Raw sensor data (e.g., images or LIDAR scans)
= Note: not that common in real-world applications

skip

n O O e Compositing

' L] 'L Masks
I t : 5x5 _
Flow Field
. 48x64x16  24x32x32 12x16x64 6x8x128 12x16x64 24x32x32
48x64x3
48x64x2
tile
Actions
6Xx8x5
Convolution+ O
Bilinear Downsampling
D Convolution+
Bilinear Upsamplin
P piing Conv-LSTM

Ebert, Finn, et al. (2018); Finn & Levine (2017); Finn, Goodfellow, & Levine (2016)
https://bair.berkeley.edu/blog/2018/11/30/visual-rl/
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What is a model?
Model inputs: Latent States

Extract useful features from the raw observations and use them as inputs to the model
= Note: current practice

target: reconstruction Deep Autoencoder

(O o000 0

[N RSP
(RPN feature space
o @ ——
§ \“/ ~ Reinforcement
il m S wh Loaring
=15 o0 el AU ‘
i< K A :
g plag TEP IS policy
high-dimensional low-dimensional
ey maps feature
vectors to
actions

Lange et al.: Batch reinforcement learning. In Reinforcement learning (pp. 45-73). Springer, Berlin, Heidelberg. 2012.
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What is a model?
Model inputs: Latent States

Extract useful features from the raw observations and use them as inputs to the model
= Note: current practice
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Kaiser et al.: Model-based reinforcement learning for atari. arXiv preprint arXiv:1903.00374. 2019.
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What is a model?
Model inputs: Latent States
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= Extract useful features from the raw
observations and use them as inputs
to the model

= Note: current practice
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https://worldmodels.github.io/

What is a model?
Which model should we use?

Model desiderata
= Learning sample efficiency

We would like to interact with the real system as little as possible
(e.g., due to time and safety constraints, hardware wear and tear, etc.)

Multi-step accuracy

We require our model to be able to accurately predict several time-steps in the future (remember one-step rewards vs
discounted return)

Required engineering / domain knowledge
How easy it is to design a “simulator” for the real system using basic physics? How accurate such model would be?
Does it make sense from economical perspective?

Prediction speed
Can we deploy in real-time systems (e.g., drones)?

\
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What is a model?
Which model should we use?

Model desiderata

Name Features Speed of Speed of Domain Long-term
learning predictions knowledge accuracy
Dynamical system States Fast Fast High High
MLP States Med Fast Low Med
Observation Observations Slow Slow Low Low
State-space models Latent States Slow Fast Low Med

https://sites.google.com/view/mbri-tutorial

\
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Outline
Background Planning

= Motivation: why model-based RL?
= What is a model? What are its inputs? What is a good model?
= How can we use a model?
Background Planning
Environment data augmentation / simulation
Sample-efficient policy learning
Online Planning
Discrete Actions
Continuous Actions
Auxiliary tasks
= Real-world application
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Background Planning
Environment Data Augmentation

Dyna Architecture: Dyna-Q
= Use collected data to learn a transition and reward model

= Train a traditional RL algorithm (e.g., Q-Learning) using both environment data (real experience) and data generated from
the learned model (simulated experience)

s A}

Tabular Dyna-Q

Pollcylvalue functlons Initialize Q(s,a) and Model(s,a) for all s € § and a € A(s)
4 Loop forever:
p.lannmg update (a) S < current (nonterminal) state
direct RL simulated (b) A < e-greedy(S, Q)
update| i \experience (c) Take action A; observe resultant reward, R, and state, S’
" experience/ ¥ (d) Q(S, A) « Q(S, A) + a[R + 7 max, Q(S', a) — Q(S, A)]
m?g:rinng control (e) Model(S,A) + R, S’ (assuming deterministic environment)
(f) Loop repeat n times:
o S < random previously observed state
Model A < random action previously taken in S
[Environment] R, 57 <~ Model(S, A)
Q(S, A) + Q(S,A) + a[R + ymax, Q(S',a) — Q(S, A)]

Sutton, R. S., & Barto, A. G. (2018). Reinforcement learning: An introduction. MIT press.
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Background Planning
Environment Data Augmentation

Model-Based Policy Optimization

= Use collected data to learn pg(s’,r| s,a), i.e., a predictive model of the environment (transition model)
= Apply traditional policy gradient methods on synthetic model rollouts

= Take action in real environment

Algorithm 2 Model-Based Policy Optimization with Deep Reinforcement Learning

1: Initialize policy 7y, predictive model pyg, environment dataset Dey,y, model dataset Dpogel
2: for N epochs do
3:  Train model pg on Dy, via maximum likelihood

4:  for E steps do
5: Take action in environment according to mg; add to Depy
6: for M model rollouts do
7: Sample s; uniformly from D,
8: Perform £-step model rollout starting from s; using policy m4; add to Dyogel
9: for GG gradient updates do
10: Update policy parameters on model data: ¢ < ¢ — )\Wﬁquw(cb, Dinodel)

Janner et al.: When to Trust Your Model: Model-Based Policy Optimization. NeurlPS 2019.
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Background Planning
Environment Data Augmentation

Domain Randomization & Sim2Real

22

If we have an available simulator (model),
we can train an RL agent there

But the simulation will always be different
compared to the real system

Solution: learn a good policy on a
“distribution of similar environments”,
differing in some physical parameters
(e.g., masses or image textures)

This way, the real system will be
“another variation” for the policy

Note: seems super-simple but
works remarkably in practice!

Andrychowicz, OpenAl: Marcin, et al. "Learning dexterous in-hand manipulation.”
The International Journal of Robotics Research 39.1 (2020): 3-20.
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Outline
Background Planning
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Background Planning
Sample-efficient Policy Learning

Idea: train model and policy jointly end-to-end

= |n other words: do what successfully worked in other domains
(such as computer vision, speech recognition, etc.)

= Goal: maximize reward of parametric policy:

oo

J(0) = z th(St: ac), with a; = mg(sy) and spyq = T(s¢, ag)
t=0

= Just apply gradient ascent on policy gradient Vg].

= But how to calculate VgJ?

=  Remember REINFORCE
High-variance
Requires stochastic policy

\
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Background Planning
Sample-efficient Policy Learning

We can do more!
= Smooth models offer derivatives:

st+1 = fs(st, ar) re = fr(se ae)
vSt (St+1 )’ Vat (St+1)’ VSt (rt)’ Vat (rt)’ "

= How do small changes in action affect the next state?
= How do small changes in states affect the rewards?

\
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Background Planning
Policy Backprop

Back-propagate through the model to optimize the policy Backprop:

mgax Z Y R(st, ar)
t

r(s,a) r(s,a) r(s,a)

7 7 7

fo(s,a) m———= fo(s,a) =—= fy(s,a)

PSS!

5 (s) o (S) o (s)

Simple Algorithm:

1. Run a base policy my(as|s;) (e.g., a random policy) to collect data samples D{(s,a,s’);}
2. Learn a dynamics model fy(s, a) by minimizing X;||fs(si, a;) — si|?

3. Backpropagate through fy(s, a) into policy to optimize mg(as|s;)

Remember: Distribution Mismatch!

\
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Background Planning
Policy Backprop

Back-propagate through the model to optimize the policy Backprop:

r(s a) r(s,a) r(s,a) mgany R(se, ar)

7 7 7

fo(s,a) m———= fo(s,a) =—= fy(s,a)

PSS!

5 (s) o (S) o (s)

Run a base policy my(as|s;) (e.g., a random policy) to collect data samples D{(s,a,s");}
Learn a dynamics model fy(s, @) by minimizing Y|l fo (si, a;) — si |2

Backpropagate through fy (s, a) into policy to optimize mg(as|s;)

Run g (ac|se)

Append visited tuples (s,a,s") to D

AEEER I

27
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Background Planning
Policy Backprop

Back-propagate through the model to optimize the policy

1. Approximate transitions and rewards with differentiable models
2. Calculate policy gradient via back-prop-through-time (BPTT)

= Pros:
Long-term credit assignment
Differentiable transitions and rewards models = sample efficiency
Principles behind BPTT well understood
Deterministic & no variance involved

= Cons:
Similar problems to training long RNNs with BPTT - poor conditioning
Vanishing and exploding gradients
Unlike LSTM, we cannot just “choose” simple dynamics as dynamics are chosen by nature.
Prone to local minima

\

2 ~ Fraunhofer

s



Outline
Online Planning

= Motivation: why model-based RL?
= What is a model? What are its inputs? What is a good model?
= How can we use a model?
Background Planning
Environment data augmentation / simulation
Sample efficient policy learning
Online Planning
Discrete Actions
Continuous Actions
Auxiliary tasks
= Real-world application
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Online Planning

Background planning vs. Decision-Time planning

“Learn how to act for any situation”
So So
R malsp)
To\0) mo(s2)
o el s mg(s1)
."T.Jl |: .‘i] :' [l i l‘- 2 J
So
So
So
Optimization variables: shared parameters 6
(parameters of policy, or value, or ...)
: _ H .t _
e.g.. J(0) = Eg [Xt=ov el ar=mp(se)
30

“Find best sequence of actions for my
current situation”

1o

(1]

(l“

So

Optimization variables: ag, a4, ...,ay
(sequence of actions and/or states)

e.g.. J(ag,..,ay) = XL yin

https://sites.google.com/view/mbri-tutorial
Sutton and Barto: Reinforcement Learning: An Introduction.

= Fraunhofer
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Online Planning
Background planning vs. Decision-Time planning

Act on most recent state of the world -

+
Act without any learning - +
Competent in unfamiliar situations - +
Independent of observation space - +
Partial observability + -
Fast computation at deployment + -
Predictability and coherence + -
Same for discrete and continuous actions + -
Background Decision-Time
H H
J(0) = Eso[> A'rel,  ar = mo(se) J(ag, ...,am) = ) A're
t=0 t=0

https://sites.google.com/view/mbri-tutorial

\
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Outline
Online Planning with Discrete Actions

= Motivation: why model-based RL?
= What is a model? What are its inputs? What is a good model?
= How can we use a model?
Background Planning
Environment data augmentation / simulation
Sample efficient policy learning
Online Planning
Discrete Actions
Continuous Actions
Auxiliary tasks
= Real-world application
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Online Planning with Discrete Actions
Discrete Actions

Environments with discrete actions
= Here we usually have problems with discrete actions and states (e.g., games, supply chains, production optimization, ...)
= Their dimensionality is so large that it is impossible to enumerate the solutions

https://deepmind.com/research/case-studies/alphago-the-story-so-far

\
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Online Planning with Discrete Actions
Monte Carlo Tree Search

= In the heart of modern online planning methods lies Monte Carlo Tree Search (MTSC)

= This is the work-horse behind Alpha Go and all its derivative work

34

Backup

\
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Online Planning with Discrete Actions
Discrete Actions: Monte Carlo Tree Search

1. Selection

How do we do selection in an MDP?
- We follow a policy

In nodes we have seen before, select action
according to UCT' (UCB/Bandits):

In(N)
n;

a~Vl~+C

V; is value estimate at node i

C is tunable exploration parameter
N is number of visits of parent node
n; is number of visits at node i

We do this until we reach a leaf node
(where we don’t know what to do next)

35

1 Upper Confidence bounds applied to Trees
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Online Planning with Discrete Actions
Discrete Actions: Monte Carlo Tree Search

1. Selection
2.
We know the (transition) model so we know where

actions lets us end up in (or we do a bunch of
one-step simulations to know successor states)

\
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Online Planning with Discrete Actions
Discrete Actions: Monte Carlo Tree Search

1. Selection
2. Expansion
3.
Randomly a new child node

Play randomly (i.e., with a random rollout policy m,.)
until game finishes

\
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Online Planning with Discrete Actions
Discrete Actions: Monte Carlo Tree Search

Selection

Backup

We now have estimates of Q(s, a) of the leaf nodes

Backup Q-values and number of visits all the
way up to the root of the tree

38
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Online Planning with Discrete Actions
Discrete Actions: Monte Carlo Tree Search

39

Selection

Backup

We now have estimates of Q(s, a) of the leaf nodes

Backup Q-values and number of visits all the
way up to the root of the tree

In fact, we now know a lot more about the tree!

We so far used two policies:
A selection policy m, (that uses Q-values where we already have knowledge about)
A random simulation policy 7, (for leaves onwards where we don’t know anything)
We can update our selection policy mg now!

T IS getting deeper throughout the iterations of the algorithm and more accurate with backing up the information of
leave nodes over time

\
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Online Planning with Discrete Actions
Discrete Actions: Monte Carlo Tree Search

= Monte Carlo Tree Search is a planning algorithm, and we either
need a transition model, or we
need a way to do the simulation

= But should we stop?
In principle, we could run MCTS forever

There is a bunch of ways how to integrate planning and executing:
Run MCTS until convergence starting from current real-world state
take best action in real world
go back to 1.

We could specify a maximal computation time per MCTS run

or: we solve the whole MDP and then run the tree greedily in real-world...

40
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Online Planning with Discrete Actions
Discrete Actions: Monte Carlo Tree Search
= One more thing about the rollout policy =,

We approximate Q-values under the assumption that we are greedy w.r.t. g in knowledgeable states and that we
behave randomly in simulation (= we underestimate Q!)

Encode goal/success conditions and fail-by-termination (i.e., constraints)
Example from Pac-Man: eating dots vs. avoiding ghosts

= One more thing about UCT and the value range of Q:

. . In(N
General: Selection with UCT: a = argmax; V; + C %
l

In two-player zero sum games the value functions are assumed to be bounded within the [0, 1] interval. This
wi InN i choice allows us to combine value estimates with probabilities using the pUCT rule (Eqn 2). However, since in
In ma ny cases: a = argmax; — +c many environments the value is unbounded, it is necessary to adjust the pUCT rule. A simple solution would be
ng i to use the maximum score that can be observed in the environment to either re-scale the value or set the pUCT
\ constants appropriately [33]. However, both solutions are game specific and require adding prior knowledge to
the MuZero algorithm. To avoid this, MuZero computes normalized Q value estimates Q € [0, 1] by using the
H H 1 H minimum-maximum values observed in the search tree up to that point. When a node is reached during the
”WI nni ng ratl o selection stage, the algorithm computes the normalized Q values of its edges to be used in the pUCT rule using the

equation below:

@(Sk'—l,ak) - Q(Sk—lyak) v mins,aETr(:({ Q(s,a) (5)

maxs qcTree Q(S, @) — Ming aerree Q(8,a)
3In board games the discount is assumed to be 1 and there are no intermediate rewards.

Schrittwieser, Julian, et al. "Mastering atari, go, chess and shogi by planning with a learned model." Nature 588.7839 (2020): 604-609.
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo & Derivatives

— Domains Knowledge \
Human  Domain Known
AIPhaGO Go data  knowledge rules
D0 @
AlphaGo becomes the first program to master Go using
neural networks and tree search )
(Jan 2016, Nature)
Known
Go rules
AlphaGo Zero learns to play completely on its own,
without human knowledge
(Oct 2017, Nature)
Known
Go Chess Shogi 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)

https.//deepmind.com/blog/article/muzero-mastering-go-chess-shogi-and-atari-without-rules
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo

= Large breadth and depth (b = 250,d = 150)
= Main idea: enhance MCTS with a learning component
= RL Policy network: selects actions

= RL Value network: predicts win/lose for each position o) (o) (o
:
7]
4 RY4 N 7/ N\
a b
Rollout policy SL policy network RL policy network Value network Policy network Value network
P P, e, 2 g Py @ls) ")
o *
E
Policy gradie 1t Q L 3
Yy g L - S s
v
_ & IS, . .
N 65 @o? . o
2
O
O s s
H 1t positi Self-pl it
uman expert positions & elf-pla) sitions J )
Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search." nature 529.7587 (2016): 484-489.
https://www.davidsilver.uk/wp-content/uploads/2020/03/unformatted_final_mastering_go.pdf
=
" ~ Fraunhofer

s



Online Planning with Discrete Actions
MCTS in practice: AlphaGo

= Large breadth and depth (b = 250,d = 150)
= Main idea: enhance MCTS with a learning component

Stage 2:
Policy gradient through self-play

Stage 1: Stage 3:
Pre-training on expert data alue network regression

l l

[ \f Y4 )

a
Rollout policy SL policy network RL policy network Value network Policy network Value network

Py Py P, vy P, @ls) v, ()
*

M R ey B @ oo P

£ b .
@«Z} . °
s s
\ Human expert positions j k Self-pla sitions
J

Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search." nature 529.7587 (2016): 484-489.
https://www.davidsilver.uk/wp-content/uploads/2020/03/unformatted_final_mastering_go.pdf
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo

= Supervised Learning Policy network p,

Goal: predict good actions in states: maximize likelihood by SGD:
dlogp,s(als)
do ° ° °

Trained with state-action pairs from human experts (30M positions from KGS Go Server)

13-layer neural networks with conv-layers and ReLUs

Ao x

Accuracy of 57.0% (SotA was 44% at that time) - m
4 weeks training time on 50 GPUs using Google Cloud’ Mg ey
M)
aRoIIout policy | SL policy network RL policy network Value network ° Policy network Value network
P, B, P, 0 P, @ls) v, (8)

*

Iomau [einaN

l't‘ ﬁ:

& &

Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search."” nature 529.7587 (2016): 484-489.
https://www.davidsilver.uk/wp-content/uploads/2020/03/unformatted_final_mastering_go.pdf
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo

= Rollout policy network p,,
same initialization and training but faster and less accurate
network only uses linear softmax of small (hand-crafted) input features
Accuracy of 24.2% o) (o) (o
Forward pass only takes 2us (instead of 3ms for p,)

[r] [7]
T
LR
)
a b
Rollout policy SL policy network RL policy network Value network Policy network Value network
P, Py P, v, § P, @ls) v, (8)
E_) -
3
z
Policy gradient =l L <~
XN : m # L. :
[ =
%) £ @w” . .
0 Ly
: \/! g
O ’
Human expejt positions Self-play positions ° °
Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search."” nature 529.7587 (2016): 484-489.
https://www.davidsilver.uk/wp-content/uploads/2020/03/unformatted_final_mastering_go.pdf
|
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo

= Reinforcement Learning of policy network p,: self-play with random ancestor of p,,
Goal: maximize wins z; by policy gradient RL:

dlog pp(at|5t)
x

Z
6,0 t ° ™ °
Reward is O everywhere and z = +1 at the end depending on outcome
This already yields a very strong player: wins 80% against p,, 85% against Piachi’
1 week training time on 50 GPUs using Google Cloud' G B
initialized with fﬂ [ﬂ [ [ﬂ
4
( R ( )
a b 1 as of 2016 the strongest open-source Go program a sophisticated
Rollout policy SL policy network RL policy network Value network Policy network Value network Monte Carlo search program, ranked at 2 amateur dan on KGS

P, @ls) v, ()
*

= 29 | B o

9 . (3
4 £ 3 3
2 &y £ (] °
A l !
. >
- _
I s s
positions Self-plajy positions

Human expert
J .

Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search."” nature 529.7587 (2016): 484-489.
https://www.davidsilver.uk/wp-content/uploads/2020/03/unformatted_final_mastering_go.pdf
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0.50 ez
0.45 ‘

. . . i . EE 00T ™ - Accuracy of the position
Online Planning with Discrete Actions - =i evaluation of value function

MCTS in practice: AlphaGo B vs. MC rollouts

Move number

= Reinforcement Learning of value network vg: predict outcome from position under p,
Goal: minimize MSE on state-outcome pairs (s, z) and using SGD:

dvg(s)
A0 X ———(z — vg(s
30 ( 6(5)) TN
30M games of self-play as input
Neural network architecture like that of p,, but outputs single value
1 week training time on 50 GPUs using Google Cloud o i
m g PEg
CEEER
Pa Py P, P, @ls) v, (8)

*

Iomau [einaN

gk B % b ® QP
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Q@ 2 (4
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Human expert positions Self-play flositions

Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search."” nature 529.7587 (2016): 484-489.
https://www.davidsilver.uk/wp-content/uploads/2020/03/unformatted_final_mastering_go.pdf
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo

Deployment:
= Policy: Online MCTS!!!

a b
Rollout policy SL policy network RL policy network Value network Policy network Value network
z
[ P, P, vy o P, @ls) v, (8)

~ -
-
o
H

g . <
SR T

R
D
)
)
&
0,

W W e®

Human expert positions Self-play positions
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Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search." nature 529.7587 (2016): 484-489.
https://www.davidsilver.uk/wp-content/uploads/2020/03/unformatted_final_mastering_go.pdf
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Online Planning with Discrete Actions

MCTS in practice: AlphaGo

Deployment:

50

Policy: Online MCTS!!!

Run for a pre-defined
amount of time

Search Complexity

[s]
o — T
/\ /\
N v W s

i g T s S e
Mo R M @@@@@@@@@@@@@
R

Exhaustive search

Reducing depth
with value network

Reducing breadth
with policy network
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1 UCB = upper confidence bounds, a theoretical framework to tackle exploration (see lecture on exploration
strategies). We will not further go into details here. Important here is only the fact that we not simply take the
argmax-action but we add an exploration bonus on top that we calculate through a state-visitation counter.

Online Planning with Discrete Actions
MCTS in practice: AlphaGo

1. Selection

In nodes we have visited before, we select which action to take
based on the RL policy network action probabilities and the
Q-approximation in the tree nodes, in an UCB-like process'

o o (]
Predictor + UCB applied to trees (PUCT) with policy network as predictor/prior:
vV Z b N (S ,b ) C =5
ay = argmax,Q (s, a) + ¢ : SNg - ——7— puct [ T
a b
Rollout policy SL policy network RL policy network Value network Policy network Value network
Px E P, @ls) v, (8)
0t 1 et B @ P e
/ %x " : f
Human expert positions Self-play positions
Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search."” nature 529.7587 (2016): 484-489.
https://www.davidsilver.uk/wp-content/uploads/2020/03/unformatted_final_mastering_go.pdf
7
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It is worth noting that the SL policy network p,, performed better in
AlphaGo than the stronger RL policy network p,,, presumably because

O n I i n e PI a n n i n g W i t h D i Sc rete Act i o n s hqman; selelit a inefsebbeam of prorﬁising moveﬁ, threaszL oPti-
) ) mizes for the single best move. However, the value function
MCTS in practice: AlphaGo

1. Selection
2. Expansion
When we reach a leaf node, the SL Policy network is used

to assign a prior action probability. The tree is expanded o (o) (o
according to the most probable action of the RL Policy
network
[r] [7]
Mg Pm
a b
Rollout policy SL policy network RL policy network Value network Policy network Value network
P P, e, v g P, @ls) v, ()
m % % ] -
\ -
* O O
Human expert positions Self-play positions ° °
Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search."” nature 529.7587 (2016): 484-489.
https://www.davidsilver.uk/wp-content/uploads/2020/03/unformatted_final_mastering_go.pdf
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo

1. Selection
2. Expansion

3.
After the expansion, multiple simulations in parallel are performed o) (o) (o
The “fast” rollout policy is used to play the game until it finishes.
[r] 7]
mpPEg
a b
Rollout policy SL policy network RL policy network Value network Policy network Value network
P, P, P, Yy g P, @ls) v, (8)
\ i
e O S
Human expert positions Self-play positions ° °
Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search." nature 529.7587 (2016): 484-489.
https://www.davidsilver.uk/wp-content/uploads/2020/03/unformatted_final_mastering_go.pdf
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo

4. Backup:
The value of the previous leaf node that was expanded is
updated combining the RL value network and the final average
reward (z;) from the rollouts: AR A
V(sy) = (1 = Dvg(sy) + 1z
A1=05 [] B
The Q values and visitations of the tree nodes are updated B g PEg
as in the classical MCTS algorithm.
a b
Rollout policy SL policy network RL policy network Value network Policy network Value network
P Py P, vy g Py, (@ls) 7y ()
* O D
Human expert positions Self-play positions ° °
Silver, David, et al. "Mastering the game of Go with deep neural networks and tree search."” nature 529.7587 (2016): 484-489.
https://www.davidsilver.uk/wp-content/uploads/2020/03/unformatted_final_mastering_go.pdf
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo & Derivatives

55

Domains Knowledge

Human  Domain Known
Go data  knowledge rules

AlphaGo
L

(Jan 2016, Nature)

AlphaGo becomes the first program to master Go using
neural networks and tree search

Known \
Go rules

AlphaGo Zero learns to play completely on its own,
without human knowledge

(Oct 2017, Nature) )

Known
Go Chess Shogi 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)

https.//deepmind.com/blog/article/muzero-mastering-go-chess-shogi-and-atari-without-rules
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo Zero

AlphaGo Zero
= Main differences to AlphaGo:
No supervised initialization from human games

Only black & white stones (no hand-crafted features) o) (o) (o
Joint RL Policy and Value network
No simulation rollouts during deployment — rely only on networks
= Self-play against strongest version of the Policy/Value network LS 2 @ @mm
= Use MCTS also in training: 2 sarom ) . .
Train the RL Policy head of the network to mimic iﬂ ‘ /f& 2 ﬁ\**%ﬁ%
the powerful MCTS policy during training O On O 4 l l

Train the RL Value head of the network to
predict the outcome of the game
(as in Alpha Go)

Think of it as trying to distill the power of
MCTS search during training into the &8 & ¢
Policy/Value network S S S

Silver, David, et al. "Mastering the game of go without human knowledge." nature 550.7676 (2017): 354-359.
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Online Planning with Discrete Actions

ALPHAGO ZERO CHEAT SHEET

The training pipeline for AlphaGo Zero consists of three stages, executed in pardllel

rSELF PLAY R

(RETRAIN NETWORK

Create a ‘training set’

The best curvent player plays 25,000 games against iself.

See MCTS secfon fo understond how Alphalo Zeno selects each move.

At each move. the following information is stored

- 71 ¢

N—

The search probobiites
(from the MCTS)

N AN

Somple o mi

Optimise the network weights

A TRANNG LOOP
rom thelost 500,000 games

PREDICTIONS . ACTUAL

Aften every 1.000 troining loops, evaluote the network

x

KEVALUATE NETWORK

Test to see if the new network is stronger

Play 400 games between the latest neuncl network and the current best
neural nefwork

Latest player must win 55% of gomes fo be declared the new best playen

.

(WHAT IS A ‘GAME STATE'

Curvent positon of 19x19 x17 stack
black's stones.

¥y |

This stack is the input to the deep neural network

' THE DEEP NEURAL NETWORK ARCHITECTURE

How AlphaGo Zero assesses new positions

The network learns ‘tabula rase” (From a blank slate)

At o point s the network frained using human knowledge or expert moves

The network

The value head

‘ome vale for crrent layer

.

The policy head

A residual loyer

N N moEE
”] | Em =-mm fp——
7 N ooEm
EEETE E. ]
o g
N u-EE
: EEECE .

A convolutional layer
Em ©-Em
N N-E.

| EETE .

57

g

Stochasticaly ¢ watory play)
Choase the action from the curvent state from the dsirbution

- N%

where T s o fempenatune parameten controling explonation

“/MONTE CARLO TREE SEARCH (MCTS)

How AlphaGo Zero chooses its next move

First, run the following simulation
1.600 times..

Stort t the roof node of the free (ihe cument game state)

1. Choose the action that maximises...

2. Continue until a leaf node is reached

V  Vole of the state (for the current playen)

e attached fo the new feasbe

3. Backup previous edges

Other points

ge fhat was iroversed fo get fo fhe leaf node is updated

The sub-free from the chosen move is refaned

T B
N+800 N-600 for calculating subseauent moves
b E = Therest of the tree is dscarded
c ~
© O D
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo & Derivatives

— Domains Knowledge
Human  Domain Known
AIPhaGO Go data  knowledge rules
0@
AlphaGo becomes the first program to master Go using
neural networks and tree search
(Jan 2016, Nature)
Known
Go rules

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

[ AlapEze. Known
Go Chess Shogi 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)

https.//deepmind.com/blog/article/muzero-mastering-go-chess-shogi-and-atari-without-rules
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Online Planning with Discrete Actions
MCTS in practice: AlphaZero

= The “smallest” technical jump between versions
= Main differences to AlphaGo Zero:
Expand AlphaGo Zero ideas to other games

RL Policy and Value networks in AlphaGo & AlphaGo Zero o) (o) (o
exploited Go rules
Augmented data since Go board is invariant to
rotation and translation i o

Go games can end with win or lose (no draw like chess).
Training of AlphaGo (Zero) exploited this to estimate the
probability of winning
Self-play is now against the current version of the
networks and not against the strongest player so far.

yyyyyyyyyyyy

= See also “Alpha Zero and Monte Carlo Tree Search”:
https://www.youtube.com/watch?v=62ng4Zsn8vc !

Silver, David, et al. "A general reinforcement learning algorithm that masters chess, shogi, and Go through self-play.” Science 362.6419 (2018): 1140-1144.
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Online Planning with Discrete Actions
MCTS in practice: AlphaGo & Derivatives

60

Domains Knowledge
Human  Domain Known
AIPhaGO Go data  knowledge rules
D0 @
AlphaGo becomes the first program to master Go using
neural networks and tree search
(Jan 2016, Nature)
Known
Go rules
AlphaGo Zero learns to play completely on its own,
without human knowledge
(Oct 2017, Nature)
Known
Go Chess Shogi 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)

J

https.//deepmind.com/blog/article/muzero-mastering-go-chess-shogi-and-atari-without-rules
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Online Planning with Discrete Actions
MCTS in practice: MuZero

61

Does not assume zero-sum games (win/lose) but
general RL structure (rewards)

Policy is still MCTS, but uses learned model instead of game rules
Learns three components:
h: function that transforms observations to latent states
g: model that predicts next latent state and reward, based on
current latent state and action

f: function that predicts current policy
(from MCTS), and Value of latent state

All components are learned
end-to-end using real game
data stored in a replay buffer.
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Schrittwieser, Julian, et al. "Mastering atari, go, chess and shogi by planning with a learned model." Nature 588.7839 (2020): 604-609.
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