
To Model or not To 
Model; that is the 

question.



Administriva

¥ICES surveys today

¥Reminder: ML dissertation defense (ML for fMRI)

¥Tomorrow, 1:00 PM, FEC141

¥Topic for next week?



WhatÕs happeninÕ
¥Last time:

¥Notes on presentations

¥SARSA(! ): the pretty picture

¥Eligibility traces: why they work

¥Discussion of Abbeel et al.

¥Today:

¥More FP tips/suggestions

¥Model-free vs. model-based learning

¥The E3 algorithm



Tips on FP report

¥DonÕt be vague!

¥Reader should be able to go out and re-do your 
work/reach the same conclusions you did

¥Harder than it sounds

¥Get someone to proof-read for you

¥Make them ask you questions!



Tips on FP report

¥Proof read!

¥Be formal -- avoid contractions, slang, sentence 
fragments, etc.

¥Spell check!

¥Proof read (again)!



Common writing bugs
¥Misuse of i.e., e.g., et al., etc.

¥et al. /¨  note where the period is

¥Citation strings are not nouns

¥ÒAs Schmoe reports [10], the foo is bar.Ó

¥Not  ÒIn [10], Schmoe reports the foo is bar.Ó

¥Label axes, give Þgure legends, informative captions, 
etc.

¥ÒRefer to Figure 5...Ó vs. ÒIn the previous Þgure...Ó

¥Commas!



What do you know?
¥Both Q-learning and SARSA(! ) are model free 

methods

¥A.k.a., value-based methods

¥Learn a Q function

¥Never learn T or R explicitly

¥At the end of learning, agent knows how to act, but 
doesnÕt explicitly know anything about the 
environment

¥Also, no guarantees about explore/exploit tradeoff

¥Sometimes, want one or both of the above



Model-based methods

¥Model based methods, OTOH, do explicitly learn T 
& R

¥At end of learning, have entire M ="S,A ,T,R#

¥Also have ! *

¥At least one model-based method also guarantees 
explore/exploit tradeoff properties



E3

¥EfÞcient Explore & Exploit algorithm

¥Kearns & Singh, Machine Learning 49, 2002

¥Explicitly keeps a T matrix and a R table

¥Plan (policy iter) w/ curr. T & R !  curr. !

¥Every state/action entry in T and R:

¥Can be marked known or unknown

¥Has a #visits counter, nv(s,a)



E3

¥After every "s,a,r,sÕ# tuple, update T & R (running 
average)

¥When nv(s,a)>NVthresh , mark cell as known & 
re-plan

¥When all states known, done learning & have ! *



The E3 algorithm
Algorithm: E3_learn_sketch // only an overview
Inputs: S, A ,  $ (0<= $<1), NVthresh, Rmax, Varmax

Outputs: T, R, ! *
Initialization:

R( s)= Rmax  // for all s

T( s, a, sÕ)=1/| S|  // for all s, a, sÕ
known( s, a)=0;  nv( s, a)=0;  // for all s, a
! =policy_iter( S, A , T, R)



The E3 algorithm
Algorithm: E3_learn_sketch // conÕt

Repeat {
s=get_current_world_state()
a=! ( s)
( r, sÕ)=act_in_world( a)
T( s, a, sÕ)=(1+ T( s, a, sÕ)* nv( s, a))/( nv( s, a)+1)
nv( s, a)++;
if ( nv( s, a)> NVthresh) {

known(s,a)=true;
! =policy_iter( S, A , T, R)

}
} Until (all ( s, a) known)



Why does it work?

¥Initialization: Rmax

¥ÒOptimism under uncertaintyÓ

¥Tells agent: someplace you havenÕt been is always 
more exciting than where you are

¥Encourages exploration



Why does it work?
¥When you have explored some region ÒenoughÓ 

then can exploit it

¥Understand it well enough to navigate in it

¥Can either:

¥Wander in area you know and pick up reward

¥Escape from area you know into Ògreener 
pasturesÓ

¥ÒenoughÓ == NVthresh



Choosing NVthresh
¥Critical parameter in E3: NVthresh

¥Affects how much experience agent needs to be 
conÞdent in saying a T(s,a,sÕ) value is known

¥How to pick this param?

¥Want to ensure that curr estimate,                  , is 
close to true T(s,a,sÕ) with high prob:

¥How to do that?

!T(s,a, s!)

Pr[|T(s,a, s!) ! !T(s,a, s!)| " ! T(s,a, s!)] # "



5 minutes of math...
¥General problem:

¥Given a binomially distributed random variable, 
X, what is the probability that it deviates very far 
from its true mean?
Pr[|X ! øX | > ! øX ]



5 minutes of math...
¥General problem:

¥Given a binomially distributed random variable, 
X, what is the probability that it deviates very far 
from its true mean?

¥ R.v. could be:

¥Sum of many coin ßips:

Pr[|X ! øX | > ! øX ]

X =
n!

i = 1

xi



5 minutes of math...
¥General problem:

¥Given a binomially distributed random variable, 
X, what is the probability that it deviates very far 
from its true mean?

¥ R.v. could be:

¥Sum of many coin ßips:

¥Average of many samples from a transition 
function:

Pr[|X ! øX | > ! øX ]

X =
n!

i = 1

xi

X =
1

nv

n v!

i = 1

[[(s, a) ! s!]]



5 minutes of math...
¥Theor em  (Chernoff bound): Given a binomially 

distributed random variable, X, generated from a 
sequence of n events, the probability that X is very 
far from its true mean,     , is given by:øX

Pr[X > (1 + ! ) øX ] <
!

e!

(1 + ! )(1+ ! )

" øX

! Pr[(X " øX ) > ! øX ] <
!

e!

(1 + ! )(1+ ! )

" øX



5 minutes of math...

¥Consequence of the Chernoff bound (informal):

¥With a bit of Þddling, you can show that:

¥The probability that the estimated mean for a 
binomially distributed random variable falls very far 
from the true mean falls off exponentially quickly 
with the size of the sample set



Chernoff bound & NVthresh
¥Using Chernoff bound, can show that a transition 

can be considered ÒknownÓ when:

¥Where:

¥N<‡number of states in M , =|S|

¥%<‡amount youÕre willing to be wrong by

¥" <‡prob that you got it wrong by more than %

¥H<‡horizon time: how far ahead need to plan

N V thresh = O

!

"

#
N H !

max RH !
m ax

max

!

$ 4

Var max log(1/ " )

%

&



Poly time RL
¥A further consequence (once you layer on a bunch 

of math & assumptions):

¥Can learn complete model in at most

¥steps

¥Notes:

¥Polynomial in N, 1/" , and 1/%

¥BIG polynomial, nasty constants

O

!!
N H !

max RH !
m ax

max

!

"

log(N/ " )N V thresh

"



Take-home messages
¥Model based RL is a different way to think of the 

goals of RL

¥Get better understanding of world

¥(Sometimes) provides stronger theoretical leverage

¥There exists a provably poly time alg. for RL

¥Nasty polynomial, tho.

¥DoesnÕt work well in practice

¥Still, nice explanation of why some forms of RL 
work


