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Model-based
Reinforcement Learning
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Finite MDP

X = X(5)

n(a|x)

b(a|x)

V,(5)

(X, W)
p(s’,r|s,a)
p(x'|s,a),r(s,a)
pX'|x,a), F(x, a)
X(X,a), 7(X,a)

Problem Setting

Criteria

Discount Reward Policy Evaluation

Feature vector of state s
Target policy
Behavior Policy
True value of state s under target policy
Approximate value of state s

Environment Dynamics

True distribution model (for value FA)
Approx. distribution model

Approx. sample/expectation model



Distribution

Expection

Model Choices

model projection

7(X,a) ® E )[R, |X,=X,A, =da]

ﬁ(Xll X, a) ~ Pr[Xt+1 — X'|X, = X, At = Cl]

r(X,a) ® E )[R, |X,=X,A, =da]

X(x,a) ~ p(x'| x, a)

r(X,a) ® B[R, |X,=X,A, =a]

X(X,a) = Ej[X,, X, =X,A, =d]

examples

Gaussian process
Mixture Density Networks
Time-varying Gaussian

Variational Inference
GAN

Our method

problems

1. We don’t have a
method to learn and
represent a general
distribution in a scalable
and efficient way.

1. The distribution would
still have to be learned
and represented.

1. Learning is
straightforward but in
general the information
is lost.

2. Rollout is not valid in
general



Expectation Models and
Linear Value Functions

Policy evaluation (via Approx. DP) with an approximate distribution model

Vs € &, x = X(5)

V(X, W) « Z n(a|x) [?(x, a) + y(X/, W)]

X

= aa|x) xa)+7 PICES “
= ¥ 2tal®)[Ax,a) + Tw]

Policy evaluation (via Approx. DP) with an approximate expectation model




Where Should We Build
Model Upon?

't change features.

tly change features,
rmation for feature updates.




Linear & Non-Linear
Expectation Models

Best Linear Expectation Model Best Non-Linear Expectation Model
x*(x,a) = F¥x X*(x,a) = E,[X'|x,a]
7(x,a) = b, 'x > cpy NOEX(S)|S =5,A = a

Fi = argmin E,[1(4, = 0)[|Gx, %113 (0
b* = arg min E,[I(A, = a)(u'x, — Rt+1)2] F*(x,a) = E,[R|X,a]
y E[IR|S =5,A =

b =[E,[I(A, = Cl)XtXtT]_l[Eb[ﬂ(A, = a)X,R ] p(x)




Dyna-style Planning
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Limitation of Linear Models

If G~ dp(+)

Ay~ m(- |¢k)
then in general

Wiinear # Wnon-linear = Yreal
where

Wiinear = I —7F ) 7'b* F* = [E[ijﬁbkéb/j][E[ﬁbkqﬁ/;r]_la b* = [E[Cbkéb;;r]_l[E[Cbkaljka]

Wnon-linear = E[@{(@r — r&*(¢. A)) "1 'E[F* (g, A, 4]
Wreal = ElpX/(x; — rx) 17 Elp,R;y 1X/]

0.8 0.2

— T
0.9 Wlinear = [0.953]

“@ 0.6 9 0.1 Wreal = [8.89]T

Use non-linear expectation models instead of linear ones!



Limitation of TD(0) Planning
with Linear Value Functions

A
‘ Baird’s Counterexample
¢k ~ db( . )
TD(0) with Linear Model Ak ~ ﬂ'( . |¢k)
7 M) — P Ap) + ¥R(d AW
RMSFE -

Gradient Dyna with Non-Linear Model
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Gradient Dyna

Mean Square Projected Model-Based Mean Square Projected
Bellman Error (MB-MSPBE) Bellman Error (MB-MSPBE)

MSPBE(w) = E[p,6,x,]'E[xx ] 'E[p,6,x,] MB-MSPBE(w) = E[A, ¢, ] El¢¢, 1 E[A ]
0,= R+ 7WTX:+1 — WTXr Ay =, Ap) +v WT?A((Cbka Ay — WTCbk

MB-MSPBE = MSPBE, if

Cbk"’db(')
Ay~ m(-|dy)
*

F=r*X



Gradient Dyna
VMB-MSPBE(w) = @k) — dd ]

Algorithm 1 Gradient Dyna Algorithm

Input: wg, policy 7, feature vector distribution (, expecta-
tion model {x, 7}, stepsizes oy, B for k =1,2,---
Output: wy,

fork=1,2,--- do

l:

2:  Sample ¢, ~ ((+)

3:  Sample Ap ~ 7(-|dr)
4.

Witl & Wi — ar VEAL P
Vi1 < Vi + Bi((7x(dr, Ar) — dr) b — Vidpdp )

5: end for




3

Loss (x107%)
2

Gradient Dyna

ALSTD = Elpx,(x, — th)T]

cLsTtD = Elp: Ry 1x/

loss = [|A_ gD - cLsTDI>

Four Rooms

GDP with Learned Expectation Model

GDP with Perfect Sample Model
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1)

2)
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4)

Take-home Messages

If the dynamics is stochastic and you want to use expectation model,
then in general you need to use linear state value function

you want to use non-linear expectation model instead of linear one
Gradient Dyna-style planning converges to min MB-MSPBE even if
your model is bad and the model training data distribution and model
testing data distribution are different.

iIf your model is perfect and there is no such distribution mismatch,
then MB-MSPBE = MSPBE



