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Thesis Objectives

A Reinforcementearning
I Combinesptimizationandmachine learning
A ChallengeExisting methods are unreliable
I Hard to use, analyze, and trust
A Obijective:Develop more reliable methods that:
I Provide better guarantees
| Are easler taise analyze understand
A My approach:

1. Deepen understanding of basic principles
2. Build algorithms based on the basic principles



Application: Managing River Dam
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Application: Managing Blood

Inventories
A Managing blood inventory ~ chastc supoly
i Minimizeshortage¢ demand ! .
that is not satisfied —
. L L A O || AB
I Maximizeutilizationcuse
before it perishes Blood Bank

A Take advantage of bloed
type compatibility [ ‘ ] [ ]

Hospital 1 Hospital 2
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Domain Model

A Markov Decision Process
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Value Function and Policy

A True solutionpolicy

A Calculatepolicy 7 from VFU
| Take the best greedy action

A Calculate/Ffor policyv
I Add rewards for policy

A Policy visitation frequencies
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I How much time policy spends in a staie7r
I Upper bound (importance of a state)?/t
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Approximate Value Function

A Too largec mustapproximate

A Value function based on state
features

O:l‘:é].

A Linear value function
approximation

A Representablevalue functions
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Restrict The Space of Value Function

Small number ofeatures L, Regularization

A Value function represented A Large number of features
a small number of features A small volume

Representable value functions 12 ="

M= v =2>z|[z|1. <V}
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Value Function Approximation:
Objectives

A How good is a polic§y 72 Optimal 4

: lue functi
A Expectedpolicyloss @: Vrr —
A Robustpolicy loss  ||v* — vr||oo

A How good is aalue functiort)? i
i Quality of a greedyolicy 7T distribution

A Desirable bounds: for some

* _ < cmin |lv* — v
[0 = vell1,0 < c min o = vllos



Components of Value Function
Approximation
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Error Bounds Iin Value Function

M Approximation

[ Features 1 Z v M . ’U

Value
Algorithm Function H Policy }

Offline Error Online Error
Bounds Bounds

t ) t

How good is the How good isthe = How good is the
algorithm? value function? policy?
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Objectives
A If solved a problem using RL theatent it powel

2007

A Major challenge:Off-the-shelf methods that are
easyto use bynon-practitioners

A | propose algorithms guided by error bounds
| Strong guarantees & easy analysis
I Good practical performance
A Easier to use, because we know:
I When they work
I Why they do not work



Why [s It Difficult?

A Many components must interact;
balance errors:

I Representational errorDue to features [ FeatureSJ
1 Due to missing samples[ ]
o | N
I Algorithmic error. Due to approximate [ G ]
optimization

A Better understand components to
understand interaction



My Approach *

Classicdlterative Algorithms

e B . Bounds ??
gorithm RO wHow good is the result”
. * < i 2y
"T%So‘ép”'” —Uploo < Ilm%sotépm (c X Cp,yr{lganx||ei||p,v -+ )
Optimization-basedalgorithms
Algorithm ?? _ _
o Approximation Bounds
wHow to minimize the
bounds?

|7 — LT|oo < Jg\l}llv — Lo]|oo + €s(¥) + ()

Approximate Dynamic Programming = Value Function Approximai
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Main Contributions

A Bottom-up: From simple to

complex
A Newand improved method$or
1. Tight onlineerror bounds [Va|ue Funcuon]
2. VFA algorithms with strong [\
guarantees [ VFA Algorithm]

I[ i
4. Automatically selectinfpatures

[ Features J
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Outline
1. Framework

Value function approximation | vaiue Function|

2. Optimizatiorbased Formulations
Approximate linear and bilinear vra aigorithm |

programming A T

3. Sampling Bounds (_samples ]
How good are samples

4. Feature Selection (" Features |

How to select good features

June 7th 2010 16



[ Features ]

VFA Polic
Algorithm y

FRAMEWORK AND ITERATIVE
ALGORITHMS
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Bellman OperatorL

A Propagates the expected value backwards
I Transitionprobabilities 0.5

A Bellman residualy — Lv
I BR:[2¢(0.5510+0.5*20) | =8¢ 15 =7
I Measures seltonsistency of the value function
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Online Error Bounds:
RobustPoIicy Loss

Robust Polic Policy Approximate
Loss value functlo value functloq

L’UHOQ

Optimal
value functioq

Bellman residual

Discount factO|l
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Online Error Bounds:
ExpectedPolicy Loss *

Policy
value function

QO

Optimal
value function
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Online Error Bounds:
ExpectedPolicy Loss (Distribution) *

Approximate
value function

Policy
value function

_é| 1, < OfT

Upper boundon state
visitation frequencies

Optimal
value function
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Approximate Policiteration

A Difficulty: Bellman operator isonlinear
A API: Classical iterative VFA algorithm

Value Functlon

\ =

A Bellman operator ifinear for a fixed policy
A Based orpolicy iteration




Approximate Policy lteration

A No convergence guarantees
A Do not know when to stop
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Offline Bounds for API *

A Approximation Error Bounds

im sup|lv™—v_klec im sup||9,— LUk | oo
k—o0

A No convergence

A Large constants
I Possibly larger than value function

limsup ||v" — v_klleo > ¢
k—o00 ~
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[ Features

VFA Value Polic
Algorithm Function y

OPTIMIZATIOIBASED
FORMULATIONS

OOOOOOOOO



Main ldea

A Minimize online bounds the bounds should be
as tight as possible

A

<— Online error bound

\\ Policy loss

>

Value function

A For now assume that all samples are known
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Approximate Linear Programming

A Classical approximation m in ol

method © co
A Formulation s.t. Av>b—
| Cohstraints: transitions v E M 2 2
| Variables: features
A Guaranteed to converge Average

minimize 4 -« value

A Usually based on LP for

MDPs subject to B*U = U

Bellman constraints



Approximate Linear Programming as
an OptimizatioAbased Method *

A LP to minimize online error bounds

A Robustpolicy loss cannot be LP (P<NP)
1

lv* = vrlleo < T M0 = vlleo

A Expectedpolicy loss as LP
Jv* = vrll1,0 < @' (v* = 3) 4 g [§ — L3] 4

| Easy to formulate as an LP when is fixed
| Visitation frequencies;; depend on



ALP: Offline Error Bounds *

A Bound for optbasedALP

our1 .
[v* —vr|l1a < ; —W'y min [v* = v||eo

2
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ALP: Practical Performance *

A Applied to blood inventory management

Solutign qguality

GenericALP
Myopic

A The bound is tight

1
=099 — =100
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RALPAlternative Formulation*

A Minimize a tighteronline bound

1!)’25\!}( ( T —~P* — aT) (v —v*) TLv— v] 4
A Linear program:

min ch
v
S.t.
A Offline error bound
1
v — v X —— min |lv — v
| |1, T I oo

Does not depend orl /(1 — ~)?
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Approximate Linear Programming

A RALP: good performance =
A Alternatives necessary 1 |
i Bounds are loose I |
| -

I Needs prior knowledge 4
lv* = vrll1,e < ... 4 W) [ — L) 4

I Often does not work
AWhy use ALP?

| Easy to solve & analyze
I Sometimes works well

2

o

Optimal  RALP Myopic ALP

Blood inventory management
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Approximate Bilinear Programming




Approximate Bilinear Programming:
Derivation *

A Formulations forll online error bounds

A Robustpolicy loss

1 N -
HU* — UW”oo < 1 H’U — L’U”oo

A BExpectedpolicy lossrfo prior knowledge)

~ 1
[v" —vrll1,0 < @' (0" =) + =17~ L]l

A Bxpectedpolicy losgprior knowledge)
|v* = vrll1,0 < @ (vF =) + g [7 — L] 4



Approximate Bilinear Programming *



