IDENTIFYING COPELAND WINNERS IN DUELING BANDITS WITH INDIFFERENCES
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TL;:DR

Extension of Copeland winner identification in dueling bandits for indifference feedback with novel lower bounds and a worst-case nearly optimal learning algorithm

DUELING BANDITS WITH INDIFFERENCES LEARNING ALGORITHM THEORETICAL RESULTS

Setting POCOWISTA Lower bounds
e Given: Different arms (options) ay,...,a, <= 1,... ., n<—= A Idea of POtential COpeland Wlnner STays Algorithm (POCOWISTA): Informal Version: For P with min;_; |P£> - PS)\ > A the lower bounds are
e Action at time t: Choose a pair of arms 4y € A and j; € A\ {i;} L. Duel arm 7; having highest potentially Copeland score Q(n*/a?1In 1/s),
e Observation at time #: with arm j; having highest current Copeland score b P( ) pl2) P(g) he ord f pr P— 1 p-
| | o - | | 2. Conduct duel via efficient PPR-1V1 routine 2] to find mode of (Pi , PZ—] , P, ]) WHLETE R, 5l fosy j ATE R ELOTU CTSTaISUICS O, Al L5
either 4, = 7;, i.e., arm 4, is strictly preferred over arm 7, e POCOWISTA e : — ,
. o . . . gorithm W . — Formal Version: If A correctly identifies the COWI with confidence 1 — 9, then
or i; < J¢, l.e., arm j; is strictly preferred over arm i, 1: Input: Set of arms A, error prob. é € (0,1) Algorithm SCORES-UPDATE \ 1
. . : .. . . . . . 2: Imitialization: e ¢ or each 1 Se . | : A 7, decision k L2, . 1 .
or iy = jy, i.e., neither 1; is strictly preferred over j; nor the opposite (indifference ? E?:;:lu{;;m" { E{l {:Fjl;,_:ul;:._:,:"T“i,_d(:;mh.} _13 i;] EL:I t;i]? 4, ternary decision k € {1,2,3} E[7*(P)] > In 2. 45 JEA\Jin) C; J e L?%B]( )y Din(P)?
. ‘ T P(i ' l'.‘. ‘opeland score 3: CP CP +1 . : . : :
between ty and %) | o - TPOCO | ot oot s where C(P) = {i*} and in the case with indifforences
e Stochastic feedback assumption: Each possible explicit observations is deter- 3: while % s.t. CP(i) > CP(j)Vj € A\ {i} do 50 CP(i) « CP(i) + /2, CP(j) < CP(j) +1/2 D, (P) = {KL(U KL<2)}
mined by one of the following matrices P~, P~, P~ € [0, 1]™*" : 4 i, = argmax;e 4 CP(i) ? EIE;'PU)  OP()+ 1 Ik 0 S A
. . ~ oo 5 je = argmax;e a\p(,) CP () - end ; KL: KL((P:; P P P, P P
P =Pl =35) PS.=Pl;<35) P =P =) 6k« PPR-1VI(i.. j. a;(“)} &endif o ix = KL((P7, ) (P )
it Jt | | £t £t »  Sooams Upoarsii i il 9: fTEiJ “ D(i) U fgj.-'} ﬂ{g%:-_ D(j) U {i} KL(_) KL(( j2is . P Pﬁk) ( P S P P'}k)%
~ A problem instance is characterized by P = (P, P;;, P))i<; 8 e+ e+l 10: CP(i) = n —|D(@)] + CP(i) gk J N J
S 9: end while 11: CP(j) « n—|D()| + CP() O — (" 5”)
Goal 10: return argmax;. 4 (f'}:’{?] J (2-7%16&\5{(]-) (‘](Z?E|1_1)(| ()‘)1[[1 1]]+(|[( M)('L(lj_)‘l_l)l[[lzl]]’
(i) Finding a Copeland winner (COWTI), i.e., an element of TRA-POCOWISTA U(5) = {1 € {0,.. ... ()} x {0,.. ., |L()I} | i +20 > 2d; + 1}
C(P) = {1 € A[CP(P,:) = max; CP(P, j)}, What if the problem instance P is transitive? for any P with min, min{ 7. PJ w Piit > 0.
where Definition. P is transitive if for each distinct 7, 5, k € A holds:
CP(P, i) =  pr o poy 1P a2 ] 1. Transitivity of strict Breference . . Upper bounds
Z]#z |75 >max{ P, B 5t Z]#z [Fij>mad Py Fiji] If P> > maX(Pj,P_j) and Pfk > max(Pfk, PJ ), then P;,'_C > ma}x;(Pf,_C Pfk) . .
is the Copeland score of arm 7 € A 5 TP. tra,ns1 fivity. O Informal Version: Worst-case sample complexities have the order
(ii) Conducting as few as possible duels (low sample complexity) If P > max(P7, P7;) and P, > max(PZ, P=), then P~ > max(P3, PS) POCOWISTA TRA- POCOWISTA* SAVAGE™ 3] PBR-CCSO™ [1]
- 1,7 J> Jr7 ) 2 LR T LR/ n n2 1 n2 n? 1
. . . . 3. PI- trans1t1v1ty ln (\f i) 1“ (\f ) A In (5 5-) A In (% - 5-)
F 1 Goal: F bound 0 € (0.1) d loorithm A which - ~ ~ " " ™ "
ormal Goal: For a given error bound 9 € (0, 1) design algorithm A whic It P, > max (P, PE)and P]k>max(P<k,P>) then P7, > max (P=, P). o -
o uses 7°(P) duels in total such that E[74(P)] is small 4. Tran81t1V1ty of indifference. *if 'ft}lls tran81tlve_ diff
R A ~ ~ 1t there are no indifferences
o returns 1 € A . T P(i ¢ C(P)) < & If P > maX(Pj, P>) and P > maX(P;k, P;k), then P > maX(PZ.j{, Pﬁ)
T — (P~ <)), _. - '
for any problem instance P. — Updates can be made more efficient Foormal Vgrspn. Eor any P = ((P g P} . i» P5) i<y, such that there exists no pair
i, € Awith ¢ # jand P = P, =1/3, it Tolds
Algorithm TRA-POCOWISTA Algorithm TRANSITIVE-SCORE-UPDATE (1) for A = POCOWISTA thajt
1: Input: Set of arms A, error prob. é € (0,1) I: Input: Arms i, j, k € {1,2,3} )
2: Initialization: ¢ < 1 and for each i € A 2: if k =1 then_ ]P)(ZA - C( ) and TA(P) < If(f)7 5)) > 1 — 5,
D(i) « {i}, CP(i) - 0, CP(i) + n — 1 3: fP[s)f—i’*P(}+|W{J}LJI(J]|+1
REFERENCES Wi(i) « @ (set of defeated arms) 4: Wi(i) « W([E)UW(y U f J) U{j} where t(P, 5) S ZZ<] tO((Pja P i P<) /( ))
I(i) «® (set of indifferent arms) 5 D(i) « D(i) U W(J} )U {7} | 7
L(i) « ® (set of superior arms) 6:  L(j) + L(j) U L(i) U I }U{"} tO((pl D2 pg) 6) — 1 In ( V2epn) ) (1)
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Conference on Machfne Leamingg(]C’MLiiages 1094-1102, 2013. ’ ‘: j‘ _ 1:2:11 1:‘{ A ( : { )Pf { } 9: f f!’{ ] ‘0 lf P{:} -+ IHJ’{ }| + ],""2{] + |f{;]|} p<1) Z p(2> Z p<3) 15 the Ordef StatISth Of pl? p27 p37 Cl — 194077 and 62 — 7986
2] Shubham Anand Jain, Rohan Shah, Sanit Gupta, Denil Mehta, Inderjeet J Nair, Jian Vora, 6 L.: — ]}]1[{_11‘?{1?;;?3: 35},'”} 10: {”f’ (7) « C .!”I::J} FIW ()| + 1/2(1 + |1(3)]) (11) fOf A — TRA—POCOWISTA it P transitive that
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17: end if

18: Same steps as line 10 and 11 in SCORE-UPDATE




