
A REINFORCEMENT LEARNING 

PERSPECTIVE ON AGI

ItamarArel, Machine Intelligence Lab   (http://mil.engr.utk.edu)

The University of Tennessee



AGI 2009 UT Machine Intelligence Lab http://mil.engr.utk.edu

Tutorial outline

Ã What makes an AGI system?

Ã A quick-and-dirty intro to RL

Ã Making the connection RL ª AGI

Ã Challenges ahead

Ã Closing thoughts
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What makes and AGI system?

ÃDifficult to define òAGIó or òCognitive Architecturesó

ÃPotential òmust havesó é

ÄApplication domain independence

ÄFusion of multimodal, high-dimensional inputs

ÄSpatiotemporal pattern recognition/inference

ÄòStrategic thinkingó ðlong/short term impact

Claim- If we can achieve the above, weõre 

off to a great start é
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RL is learning from interaction

Ã Experience driven learning

Ã Decision-making under 

uncertainty

Ã Goal: Maximize a 

utility(òvalueó) function

Ã Maximize long-term rewards 

prospect

Ã Unique to RL: solves the 

credit assignment problem
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RL is learning from interaction (contõ)

Ã A form of unsupervised 

learning

Ã Two primary components

ÄTrial-and-error

ÄDelayed rewards

Ã Origins of RL: Dynamic 

Programming 
Stochastic, 

Dynamic 

Environment
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Brief overview of RL

Ã Environment is modeled as a Markov Decision 

Process (MDP)

ÄSðstate space

ÄA(s)ðset of actions possible in state sÍS

Ä ðprobability of transitioningfrom state s to sô

given that action a is taken

Ä ðexpected reward when transitioning from state s

to sôgiven that action a is taken

Goal is to find a good policy: States­ Actions
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Backgammon example

Ã Fully-observable 

problem (state is known)

Ã Huge state set (board 

configurations) ~ 1020

Ã Finite action set ð

permissible moves

Ã Rewards: Win +1

Lose -1

else 0
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RL intro: MDP basics

Ã An MDP is defined by the state transition 

probabilities

and the expected reward

ÃAgentõs goal is to maximize the rewards prospect
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RL intro: MDP basics (contõ)

Ã The state-valuefunction for policypis

Ã Alternatively, we may deal with the state-action 

value function 

Ã The latter is often easier to work with
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RL intro: MDP basics (contõ)

Ã Bellman equations
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Ã Weõre looking for an optimal policyp* that would 
maximize Vp(s) "sÍS

Ã Policy evaluation ðfor some p

Ã RL problem ðsolve MDP when environment model is 
unknown

Ã Key idea ðuse samples obtained by interaction with the 
environment to determine value and policy
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Dynamics unknown
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RL intro: policy improvement

Ã For a given policy pwith value function Vp(s)

Ã The new policy is always better

Ã Converging iterative process (under reasonable 

conditions)
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Exploration vs. exploitation

A fundamental trade-off in RL
Â Exploitationof actions that worked in the past

Â Explorationof 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

Stochastictasks ðmust explore

Real-world is stochastic ðforces explorations
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