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Talk Outline

1. Hybrid MDPs
a) Why needed?
b) Why hybrid MDP planning crucial for RL?
c) The SPUDD approach

2. Symbolic Dynamic Programming

a) Closedform case and operations
b) Data structures (XADD)

3. Extensions



Why Hybrid MDPs?

A Many reaiworld problems have aontinuous
component ofstate, action, orobservations
I Time
I Space and derivatives
APosition and angle
A+Sf 20A08&% | OOSH
I Resources 8
ACdzSt = SySNHées X
I Expected statistics

ATraffic volume X
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Hybrid MDPs: Why Crucial for RL’

A Mixed Discrete / Continuous RL
| State (and action, observation) spaceé is

I Models help
AE.g., control theory

I How?
AExploration
ARelevance
AExploit structure

A But how to do planning / dynamic programming?



SPUDD: Discrete Factored MDPs and DI

A Represent MDP usirf@BNs and decision diagrams:
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A SPUDDHSHB, 1999factored valuadteration
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A solution to previous limitations:
Symbolic Dynamic
Programming (SDP

Joint work with:
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Symbolic Dynamic Programming (SDF
requires a closedorm symbolic
representation for DP computation:
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Answer: Piecewise Case Statement!



Piecewise Functions (Cases)

(x> 3 (y x): x+y| L Parition)

. 3) _(y>Xx): x2+ xy3

Consian | vae
= R

z=T1(x;y) =




A1:
A2:

Case Operationgs, A

f1©\A11 G _ ?

fo Ay: O "



Case Operationgs, A
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A Similarly forA
I Expressions trivially closed under +, *

A What about max?
I max(f, g,) not pure arithmetic expressiohn



max
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Case Operations: max
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Key point: still in
case form!
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All Case Ops for Dynamic Programmin

A Value lteration for h 0. H

I Regression step:
Qa"(Bx) = Ra(Bix) + °¢ )
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I Maximization step

Vh+ 1 = max Q)" (1 x)
a2A

i Almost there: weneedto defined , gnd it



SDP Regression Step

A Binary variablea

I As done in SPUDD: Hostyal, UAI99
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SDRContinuous Regression Step

w Continuous variablexq, assume det. transitions

¢ Hxi ylf (x)dx = f(y) triggers symbolisubstitution
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I If giscase needconditional substitution
AseeSannerDelgado, Barros (UAI 2011)
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) 4 Exact for any
A Value Iteration for h 0.H reward,
discrete noise
I Regression step: transition
QY (b x) = F(Q)a(b;%) +°¢ \ dylnamICS!/
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I Maximization step:

Vh+1 = max Q1" (1 %)
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Data Structures for
Continuous Planning

Case XADD

SDP needs an efficient data structure for
wcompact, minimal case representation
wefficient case operations



BDD / ADDs

Quick Introduction



Function Representation (Tables)

a b C F(a,b,c)
A How to represent o o o looo
functions: B- R?
0 0 1 0.00
A How about a fully 0o |1 [0 }0.00
Sy dzy SN} G SR |QF @t §x |1.00
1 0 0 0.00
AXhYX odzi ONWwy &S [P S|1.00
”
more compact” 1 11 1o looo
1 1 1 1.00




Function Representation (Trees)

A How about a tree? Sure, can simplify.
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Contextspecific
independence! "4




Function Representation (ADDs)
A Why not a directed acyclic graph (DAG)?

F(a,b,c)
0.00
0.00
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1.00
0.00
1.00
0.00
1.00

R IPIFPPIOOCIO|IO]LY
R IPIOIOIFR|F | OO
R IOk Ok O, |00

Think of BDDs as {0,1
subset of ADD range




Case XADD

XADD = continuous variablgtension
of algebraicdecisiondiagram

Efficient XADD data structure for cases
wstrict ordering of atomic inequality tests

compact, minimal case representation

C
C efficient case operations



XADDs

A Extended ADD representation of case statements

X1+ k> 100" xo + k> 100:
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XADD Maximization

ma @E» @») - <

\
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. X y
May introducenew
decision tests




Maintaining XADD Orderings |

A Max may get variables out of order

Decision
ordering

Newly introduced
node is out of order!




| wx>z X Z

Maintaining XADD Orderings Il

A Substitution may get vars out of order

Decision

ordering - s={zly} -
(root- leaf): \‘ . \4
x| |y /x| Iyllx] |y

Substituted nodes are
now out of order!




Correcting XADD Ordering

A ObtainorderedXADD fromunorderedXADD
I key idea: binary operations maintain orderings

Z IS out of order result will have z in order!
~ ~ N\ ~ ™
A ..
U VAN VAN
1 O 0 1
. J/  \\ J
1D, 1D,

applyingA, A produces

ordered result!

and IR} are ordered.

All operands ordered, so
[ Inductively assume D }




Similar to Penberthy & Weld, AAS4

XADD Pruning

Xty Xty




Takehome point:
SDP impossible without XADD

How well does it work?
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Results: XADD Pruning vs. No Pruning

Mars Rover Linear 3
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Mars Rover Linear 3
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Continuous Actions

A Inventory control

I Reorder based on stock,
future demand

i Action: a(¢); ¢ 2 RI®

A Needmax 4n Bellman backup

Vie 1 = max max Q1" (1 x; ¢)

aZzA ¢

A TrackmaximizingD substitutions to recovep



Max-out Case Operation

A max, case(xcan be done partitiorwise

I In asinglecase partition
Xmaxw.r.t. critical points

A DerivelB UBin case form
A DerivativeDer0in case form

LB @_, UB

A max( case(XB), @
case(xUB), SeeAAAI2012
case(xDer0 ) (Zamni Sanney Fang)
for details

I Can even trackubstitutions

to recover optimal policy First exact solutions

to multivariate
inventory in 50 years!




lllustrative Value and Policy
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Open problems
(some work In progress)



Nonlinearity and Continuous Actions

A Robotics
I Neednonlinear cos sin
I Can use cubic spline

4

A General path planning

I Not obvious, but .
requiresbilinear y
constraints for h=1
obstacle specification




