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- Classic Exploration & Exploitation

(e.q., epsilon greedy, upper confidence bound)
Not enough!

Explore more carefully...
Risk of failures
Energy exhaustion
Side effect of a treatment in clinical trial




This Work:

We attempt to model this problem in the contextual bandit setting

We introduce extra risk associated with each action

The goal is to maintain small regret for reward while ensuring the
cumulative risk is small
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Setting:

Context (i.e., features): s; € S

Actions (finitely many): a; € [K]

Cost vector: ¢; € [0, 1] and Risk vector. r € [0,1]%
Pre-Defined Risk Threshold: 5 € |0, 1]

Environment Learner

No statistical assumptions on the generation of context, cost or risk....
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No constraint violation in a long-term perspective!
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Convex Loss: 44 (x)
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Environment Learner

No constraint violation in a long-term perspective!
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Option 1: O/ — {ZIZ c X : E ft ($) < O} Decisions satisfy average constraint

Option2: () = {.CE cX:f (QB) < O,Vt} Decisions satisfy every constraint

Option 1 seems quite natural.....
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T
Option 1: O = {:z’; c X : th(x) < O}
t=1

Claim: there exist a sequence of loss and constraints such
that for any sequence of decisions that satisfies the
average constraint:

lim sup,_, Z fi(x;)/t <0,

then, the regret grows //near/y When com,oet/ng against(’:

lim sup, . ZKL T;) — min li(x™)) = Q(t)

1=1 1=1

(Construction adapts a discrete two-player game in [Mannor, et.al, 09])
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Algorithm

z*ecO

> li(x) — min Y Ly(2*) < o(T)

S.1., Z ft(zt) < o(T)

where O ={z € X : fi(x) <0,Vt}

Convex-Concave formulation [Mahdavi et al.,2012]

L) = b)) - 2202, 5 et

)\ € RT dual variable
A€ 0, 00)
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Reduction to Online Mirror Descent + Online Gradient Ascent

At iterationt, T¢, )\t
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Algorithm

Strongly convex regularizer R(x)

Reduction to Online Mirror Descent + Online Gradient Ascent

At iterationt, T¢, )\t

Li(x, ) = L(x) + Nz 5“A2 6 € RT

e Lt )

VR(ft+1) = VR(ZEt) — ,uVEt(:L’, )\t)‘a::a:t >\t—|—1 — maX{O, )\t —+ Mv,Ct (th, )\)’)\:)\t}
Ti41 = argming . y Dr(x, Tiy1)
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Analysis

Apply classic OMD analysis on {[,t (CE )\t)}

a Dg(x,xq) L
Z Li(ze, ) — Li(T, M) < A VAN Ll Z |V Li(zy, A H2
t=1

H 20 t=1
Apply classic OGD analysis on {[:t (xt, )\)}
T T
)\2 9 5’£t(xt )\t
Li(x, Li(xe, Ae) < — + = ’
Z t\ Lt tz:; t(xt t) 10 T 9 ;( 8)\15

Combine them:



Analysis

Apply classic OMD analysis on {Ct (CE )\t

a2 Dgr(z,x1) ) L
Z Li(xe, At) — Le(x, M) < + — Z |V
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Special Case

Set regularizer: R(x) = Z x|t] In x|i]

xe|t] exp(—puV e Li(xs, A)|2])

T4l =

S xe[j] exp(—pV o Lo (e, M) [5])

>\t—|—1 — max{(), At + Mv,ct (il?‘t, >\)|)\:)\t}
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St

i € K]

Environment Learner

Ctlit), Tt |0t]

Expert Setting:

Finite Expert Set: 11 : 7(s) : § — A(K)

Decision Set: A(H) (all distributions over expert set)

Competing Against: P = {w € A(II) | ;o jrom; (s)Te1d] < B} VE}
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Black-Box Learner of OCP EXP4.R (EXP4
with Constraints - .
(R(w) set to negative entropy) with Risk
constraints)

Update to W¢4-1
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Under the assumption that P # 0, for any sequence of cost
and risk vectors, EXP4.R has the following guarantees:

T
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Algorithm

We also want high probability statement.
Use the trick in EXP3.P (and EXP4.P)

Lo(w,A) = w- (G + A3) — A2 /2

|Gt + A2e] = yr + Az

. —
AZp — liz

i) 2
k=1 )

EXP4.P.R (EXP4.P with Risk Constraints)
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Theorem: Under the assumption that P +# (), for any

sequence of cost, risk vectors and any € € (0,0.5), we have

with high ,orobab///ty 1-v:
T

> o~ 3 Bonegorioerdi) < O T2 K In(iTfo)

T
Z?"tCLt Tl 6/2\/K1I1 )

t=1

When € — (:  Average Regret-> O(1/v/T) Avg constraint violation-> O(1)
When € — (.5: Average Regret-> O(1) Avg constrain violation-> O(T7~1/4)

Challenge: or [Qt -+ )\tét] = Y + )\tZt

2
Var(AiZy) = )\—t At = O(ﬁ) — Var(A\iZy) =

Of
F VT

1
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Simulation
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Safe region

Context is the RBF feature with
respect to the nine way points.

We have 479 experts. Namely
each expert suggests one action
at each waypoint

We ran the EXP4.R with different
risk thresholds
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Conclusion and Future Work

. We consider sequential decision making problem with
additional adversarial constraints.

In our applications these constraints are used to model
safety related issues in decision making process.

Is there any algorithm that can achieve /' total regret and+/T’
total constraint violation simultaneously?

Is there better heuristic we can leverage to achieve tighter
regret and constrain violation in high probability?
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