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Motivation

e Markov Decision Processes (MDPs) provide
a powerful framework for modeling sequential
decision problems under uncertainty.

e Robustness in MDPs decreases sensitivity

to parameter perturbations and provide

ocuarantees for worst-case situations.

e (oal:

bound estimate on the optimal value

Our goal is to optimize a lower

function.

e Applications: Most real world problems re-
quire robustness and safety guarantee for com-

puted policy:.

Contribution
e Provide an investigative study about L and
L, constrained rectangular ambiguity sets.
e Develop algorithm to optimize the shape of

an ambiguity set for a particular problem.

e [istablish new finite-sample guarantees to

construct ambiguity sets for transition
probabilities with L., weighted-L; and

weighted- L, norms.

Robust MDPs

e F'inite number of states S and actions A.

e Reward 75, € R if action a is taken in state

s. Discount rate .

e [ransition probability is uncertain, lies in an
Ambiguity set P: a set of possible transi-

tion kernels.

e A robust policy maximizes the worst-case

expected return:

O
max min It E v rs, A, |
wellp peP 0

where 11p is the set of stationary randomized
policies.

e The Bellman update for s, a-rectangular

RMDPs 1s defined as:

max min {TS,CL + 7 'pTU - lp _ps,aH < ws,a} :

ac A pcAS

Weighted Ambiguity Sets

weighted-L, constrained (s,a) rectan-

gular ambiguity set:

Ps,a — {p ~ AS : Hp _ps,a‘ll,w < %,a}-

Ps . 18 the nominal transition probability.
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Optimizing Weights

e Lower bound the expected value as:

q(z) = min {pTZ : Hp _i)s,aH < ws,a} -

pcAS

>p'z —min ¥ljz + A1, |
AER
where ||-]|, in line 2 is the dual norm to the
norm in line 1.
e Maximize the lower bound by choosing w:

S
max { p'z —sz — j\lHoo,l : Zw? = 1
il

S
welRY |

e Derive analytical solution by simplitying the

nonlinear convex problem.

- w* for Ly-norm: w; = bz‘/\/zs b2 .

1=1"7

1/3
- w* for Ly-norm: w; = b/ \/ ST b

Weighted Error Bounds

e Weighted L1 bound:

S—1 9
' nS a
P[E > 4 <2) jzszexp( 2>
e Weighted L bound:

S 2
nSCL
P[E > 1,4 <2) ﬁexp( 2—" )
w
i=1

where B/ = ||f93,a —p(’g@”x’w. Weights w € R? |

are sorted in a non-increasing order w; > W;4.
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Results

e Single Bellman Update: the guaranteed re-
turn for a monotonic value tunction v =
[1,2,3,1:, 5].

forming unweighted methods.

Weighted methods are outper-
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e Guaranteed robust return for inventory man-

agement problem. Weighted methods are bet-

ter.
Confidence — 0.5 0.95
Methods | Uniform Weighted Uniform Weighted
L1BCI 310 428 291 414
Bayesian
L BCI 177 278 153 258
LiHoeflding 192 245 180 238
L{Bernstein 121 200 106 188
Frequentist

L. Hoeflding 132 255 117 242

e Guaranteed robust return for cart pole prob-

lem. Weighted methods are better.

Confidence — 0.5 0.95
Methods | Uniform Weighted Uniform Weighted
L1BCI 41.11  47.33 4048  47.29
Bayesian
L BCI 39.95 47.48 3894 47.44

L1Hoeflding 9.89 45.11 9.14 45.09

L{Bernstein 1.01 44.26 1.00 44 38
Frequentist
L Hoeftding 37.52 47.35 3694 47.31

Conclusion

We proposed methods to compute problem
specific weights from rough estimates of value
functions. We have shown that weights can
help improve robust solutions with required

guarantees.
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