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Angry Birds in a Nutshell | @R

Angry Birds



Neural Networks B ) pemnow ceren,

input N output

output = Z weights - inputs
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Deep Neural Networks

INTERNATIONAL CENTER
FOR COMPUTATIONAL LOGIC

@ Bsackfed input Cell

@ woutca

@ noisynpurcet

@ vicdencel

@ Provovisic Hidden Cel

@ spiking Hidden Cell

@ outputcell

@ Match nput Ot cel

@ recurrent cell

@ wemory cell

@ oiferent Memory Cell
Kernel

© convolution or Pool

Amostly complete chart of

Neural Networks ........on

©201 Fiodor van Veen - asimovinstitute.org

o* o o

Long/ Short y

A AR

8

2K

Auto Encoder (AE)  Variational AE (VAE) Denoising A€ (0AE)

Deep Convolutional Inverse Graphics Network (OCIGN)

E

>0

o
ool
< of@fo >
o0 ¥ e

Deconvolutional Network (DN)

Markov Chain (MC)

Wy

o\
CRACR OB
Wi\

by, 9 9% '
NN

VaYaYaYaY
AV A A A

/26 Neural Networks

slide 6



. INTERNATIONAL CENTER
R |_ IN a N UtShel | .:] FOR COMPUTATIONAL LOGIC

(Environment)

state,

action
reward
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(Angry Birds)

image, shoot
score bird
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RL: Policy-based Methods B ] reavemcares,.

m

deterministic policy

stochastic policy
(with state approximation, gray states not distinguishable)
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RL: Value-based Methods o,

Value Estimator: Action 1: <valuel>

states ——> M table _— Act!on 2: <value2>
- neural network Action 3: <value3>

a greedy or e-greedy policy is used to act
(a.k.a. go to neighboring state with highest (Q-)value)

Reinforcement Learning



RL: Actor-Critic Methods o,

state 5 =—p —> actiona

E Critic
Q(S, a) ~€— states

(~value)

Combination of policy-based and value-based

Reinforcement Learning



Deep Deterministic Policy Gradient | @R
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DDPG: Learning - Part 1 B e s
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DDPG: Learning - Part 2 B e s

- Evaluation
Experience
Buffer Optimization
LTI
. Actor
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DDPG: Learning - Part 3 B e s

B Evaluation
Experience
Buffer Optimization
LLLLITTTT]
samplel_> action
s,a,s',r gradient

Loss(MSE):
Q(s, a)
r+Q(s', a')

backprop

Optimization: Backpropagation using chain rule across the two networks
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Dr. L. Bird: State B ) memanona cenren
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Dr. L. Bird: Action B ) memanona cenren
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Dr. L. Bird - Agent B emmeeres
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One Good Run B ) pemnow ceren,
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Tested Versions B ) pemnow ceren,

® DDPG loss function:

Q-Learning-based (off-policy)
Sarsa-based (on-policy)

TD-based (estimated value)
Monte-Carlo-based (cumulative return)

® Stochastic Policy Gradient:

policy-based
uses statistics of probability distribution
output (sampled for action):

® mean

® variance

® A3C (asynchronous advantage actor-critic)

actor-critic

stochastic policy

parallel (asynchronous) execution of multiple agents
advantage instead of Q-value (relative value of actions)

— no success so far
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Sources neural network schematics:
® http://www.asimovinstitute.org/neural-network-zoo/
® http://cs231n.github.io/neural-networks-1/

Source policy-based method example:
http://www0.cs.ucl.ac.uk/staff/d.silver/web/Teaching.html
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Discussion
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