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Tutorial outline
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What makes an AGI syst@m
A quickand-dirty intro to RL
Making the connection RLAGI

Challenges ahead
Closing thoughts
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What makes and AGI syst@m
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A Application domain independence

A Fusion of multimodal, hidimensional inputs
A Spatiotemporal pattern recognition/inference
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RL is learning from interaction
B —
Experience driven learning

Decisiofimaking under
uncertainty

Goal: Maximize a é

utility(oval ue®%j §¢£ t

A Maximize longerm rewards S
prospect

Unigque to Rlsolves the Sg;‘;';ﬂc

credit assignment problem Environment
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RL 1 s | earning fr

A form of unsupervised
learning

Two primary components
A Triatand-error

A Delayed rewards

Origins of RL: Dynamic
Programming

REEIS
Observations
Actions

Stochastic,
Dynamic

Environment
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Brief overview of RL
I [ —
Environment IS modeled as a Markov Decision
Process (MDP)
A SO state space

A A(S) & set of actions possible in stateS

A PSZ 0 probability of transitionindrom statestos 0
given that actiom Is taken

A R; 0 expectedreward when transitioning from state
tos given that actiom is taken

Goal is to find a good policyStatess Actions
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Backgammon example
N

~ullyobservable
oroblem (state is known)

Huge state set (board
configurations) ~ 19

Finite action se}
permissible moves

Rewards:Win +1

else O
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RL intro: MDP basics

N e —
An MDP Is defined by the state transition
probabllities

PL=Prs.,=s|§=sa =4
and the expected rewarc

R, =E{l.|S =S& =25, =S}

Agent 0s goal Il s t o max

R(t) =1, + 3., +g2rt+3 t...= a g[rt+l‘+l
£=0
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RL 1 ntr o: MDP Db .
B

Thestatevaluefunction for policy Is

e’ [%
V2(s)=E,[R |5 =9|= Epgg Il IS =)
=0

Alternatively, we may deal with tlstateaction
valuefunction

el [%
Q¥ (sa)=E,[R|s=sa =a|= Epgfi ... ls=sa =2y
=0

The latter I1s often easier to work with
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RL 1 ntr o: MDP Db .

Bellman equations
V7 () =& PR, + ov* (s)
() =4 PLR. + Q7 (s,@)

V(S) / rt+1\ W( s O )Temporal difference learning

V(S) = r‘t+1 +g/(st+1)
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RL intro: policy evaluation

11

We 0r e | o odptimalgolidy® that \&onld
maximizevA(s) " sl S

Dynamics unknown
Policy evaluation for somV/
s 3) ' S I
Via(9) = 8 PR + g, ()
o

RL problend solve MDP when environment model is
unknown

Key idead use samples obtained by interaction with th
environment to determine value and policy
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RL intro: policy improvement
T

For a given policy with value functiox”(s)
p'(s) =argmaxg P3|RE +v* ()]

The new policy Is always better

Converging iterative process (under reasonable
conditions)
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Exploration vs. exploitation

N

A fundamental tradeff iIn RL

Exploitatiorof actions that worked in the past

Exploratiorof new, alternative action paths so as to learn
how to make better action selections in the future

The dilemma is that neither pure exploration
nor pure exploitation is good

Stochastitasksd must explore
Reatworld is stochast&forces explorations
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