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[ Performance Measure?

Problem setup: Dueling Bandits ]

Objective: Find the BEST arm(s)
[[ Regret minimization (or)
Atroundt=12 3..T PAC best-arm identification ]]

Regret :=

y ([0 3]+ [P0 - 5]

/ / 2
1 2 3 4 t=1
P: Preference Matrix (K = 5)

repeat Condorcet winner (i") —>- 05 053 054 056 06

Select two arms (x,,v,)

o | e [ Limitations of the Existing Framework ]
Observe (noisy) comparison o, € {0,1} R Regr‘e"' =
0.5 0.51
Yue et al. The K-armed dueling bandits problem. Jour. Of CSS 2012. | {[ P(i* x _l] n [ P(i* _1]}
[ Yue and Joachims. Beat the mean bandit. ICML 2011, | S T (,, ’ t) 2 ( o t) 2
t=1 2

[1. Fixed benchmark (i") over T
2. Stationary Preferences over T
3. No contextualization!!

Saha & Gupta, Optimal and Efficient Dynamic Regret Algorithms for Non-Stationary Dueling Bandits. ICML’22




[ Best-Response Regret!

P=2P—-1 i
[ A Strong Notion of Regret! ] (0-06,-0.09)
RN N NN ] | 2| s | s ]| s
e [ Fixed benchmark over T ] ] B - = o2 o
%!% = 0.47 05 05 05 0.6 - s | o as | e | o
S ;; Ol ) 046 047 05 054 057 — - o | s o B
i xe)—1 * y.)—1| Strongest opponent
STandar‘d Regr‘eT :- {[Pt(l xt) 2:|+|:Pt(r- yt) ilp ] = 04 0:42 0:45 0.5 051 - -012 -016 -008 0 002
e o1 P € [0,1]FK P e [—1,1]KxK
T Pt(ltrJ’t)—E }
Best-response Regret (BR-Regy) i= 2,;—1 Max : .

=1 ek 2 Preference matrix as a 2 player Zero-Sum Game

| However... |

Rock Paper Scissor I

Leanrer’s choice (x,y; ) 1 Adversary’s choice (i’)

I
0o 1 -1 I
P —|-1 o 1 (1,2) | (1) ... hence the Learner must randomize!
1 -1 0 (23) | (2)
(31) 1 (3) [ Best-Response Regret ]

Learner is always forced to suffer a loss of % = Regp = O(T) !

(too bad) {[B,(if, x)] + [P.(if, y )1}

2




Assume:

1T: Context » Arm

.83 05 093

J
2 K
n 0.50 0.07 05

0.44 0.02 0.40

0.43 0.09 0.47

f, = flcy) =P,y

e

Policy Regret

max

T E
t=1 " (x; ,y)~p¢

Contextual Best-Response DB ]

Regret

Best Response

0.98

0.60

0.5

0.41

|

[ Personalization: Contextual DB

.17 0.50 0.54 0.57

f: Context — Preference matrix;

053 054 056 06
I
n 047 05 093 098 091
“ 046 007 05 054 0.57
n 044 002 046 05 0.51

009 043 049 05

f, = f(c;) =P,

"Contextual” Regret:

Contextual Duels!
w2345

INENENEX ,

n 05 08 094 = -

n 017 05 043 018 071 - 021

“ 006 057 05 014 0.07 - 0.02

n 084 002 08 05 051 - 0.84

“ 094 029 093 049 05 - 0.84
f3=f(c;) = P3

f € M (f: Unknown, M: Known)

(Given C: Context Class)

2

{Lfe(m* (ce)xe) ]+[ft(7T*(Ct)J’t)]}]

Strongest opponent ]

[ft(l:' xt)] + [ft(l; yt)]}

2

where p; € Axxk

0.5 043 0.08 0.27

0.57 05 014 0.07
092 086 05 051

073 093 049 05

fy="1(cs) F4

Dudik et al. (2015)

Suboptimal

(or) Runtime in-efficient

But not BOTH

[=]
[=]

Dudik, Hofmann, Schapire, Slivkins. Contextual Dueling Bandits. COLT 15

Saha, Krishnamurthy. Efficient and Optimal Algorithms for Contextual Dueling Bandits under Realizability. ALT’22




Offline vs Online Regression Oracle

Offline Regression Oracle

Given a functionclass F C {f | f : Z — Y} andi.i.d. data
Dy, = {(zis yi)]’?:l’ (zia y‘t) ~ D,

the offline oracle outputs
fn — OﬂReg}'(Dn)'
Forany § € (0, 1], with probability at least 1 — &:

By | (Fol2) = 9)" — BE(£(2) ~ 9] < Eugr(8,m).

Online Regression Oracle

For the same class

FCA{flf:Z->D}

the online oracle receives an arbitrary sequence

{(2z6, y8) }is

and guarantees:

n

Z(ﬁt(zt) — ) — }Ieljf,__Z(f(zt) —y)?| < Eonr(n),

t=1

S|

where &, 7(n) = o(1).

Offline Oracle (OffRegr)

v Batch processing

v Higher accuracy potential

v Works only when test = train

v Easier to implement

Online Oracle (OnRegr)

v Real-time & adaptive

v Stronger guarantee (adversarial-robust)

v Distribution-free (no i.i.d.)

v Can convert to offline (not vice-versa)

X Harder to construct




[ Result (Finite Actions)

Algorithm 1 Double-Monster: Efficient Contextual Dueling Bandit with Offline Regressors

1: input Epoch schedule 0 = 79 < 73 < 73 < ... Confidence parameter §. Tuning parameter

Y1572, - -
2: Arm set: [K|. An instance of Of fReg for function class M

3: forepochm =1,2,... do

K
4: Let~y,, = (

\/goff,M (6/(2777/2)7 Tm—1 — Tm—2)
5:  Compute M,, + OffReg({(cT, TryYr), Op pom ! ) ie.

T=Tm-2+1

) (forepoch 1, v; = 1).

—~

M,, = argmingea »_ .7 (f(cr)[zr,yr] — 6,)? via the offline least squares oracle, Experiments

T=Tm—-2+1
where 0, = 20, — 1, forany 7 € [Ty—2 + 1, Tyn—1].

6: for round t = Trn—1 + ]_, e Tm do S —— g
7: Observe context c; € C. . ool B E 2
8: Compute p; ~ Cvx—-Constraint-Solver(c;, My, Ym) s.t. pr € Ak x i satisfies: ;: f %
. — . — . 2 1 5K? g f w
Vi, j € [K] : By | Mim(et)[i,]| + Byopy [Mm(ee)lji 9] + =~ < >—. A e e
t Y Pt(,7) Ym s o T o s
Figure 2: Comparing with Finite-armed Non-Contextual Baselines
9: Sample (x¢,y;) ~ p; and observe preference feedback o, ~ Ber(%).
10:  end for
11: end for

Theorem (Regret Analysis of Algorithm 1): With an epoch schedule 71, . . ., 7, such that 7,,, > 2™
for m < log T, with probability at least (1—4¢) for any § € (0, 1) the best-response regret (BR-Reg )
of Double-Monster after 7" rounds is bounded by:

m(T)
O (K S "\ /Eomt m(8/(2m2), T 1 — Ton2) (7 — Tim1)

m=1 for special classes!

~ O(K+/Tlog (|IM|T logT))




Continuous Action Spaces

Setup: Continuous decision (action) space X C R4

Context Embedding: ¢* : C — R%, ¢* € ® [Given ®: Embedding Class|
(Expected) Action Scores: E[s; | c: = ¢,x: = x| = (x,¢*(¢)), x e K,ceC
Preference Model: P;(x,y) = o((¢*(c), x — y)), o(z) =
Learner observes feedback o; ~ Ber(P;(x¢,¥¢)).

1
H?,ZER

Best-Response Regret:

T
* * 1 *
BR-Regd™ = S K, p [;{}ggg(x 6 @) - 50+ Y06 (@)
t=1

Main Algorithm
Algorithm 2 Double-Monster—-Inf (for Continuous Action Spaces)
1: input Epoch schedule 0 = 79 < 71 < 72 < ---. Confidence parameter 4. Tuning parameter 1,72, . . ..
2: Arm set: K C R%. An instance of Of fReg for function class ®
3: forepochm =1,2,... do
4:  Setym = ( vd ) (forepoch 1,v1 = 1).
2\/2503@((5/(27?12), Tm—1 — Tm—2)
5:  Compute ¢, OffReg({(cT, Xr,Yr), 07}12;;#2“), ie.
¢m = argmingegp y , "} 1 0((eler), xr —yr)) — 0.)? via the offline least squares oracle
6: forroundt=71,-1+1,---,7m do
7: Observe context x; € X.
8: Compute p; ~ Cont-CvxConstraint-Solver(Ti, ¢m,Ym) i.€.:
Pt <~ argmax ca,. [(abq: ¢m(c)) + ,Yim log det(Hq)],
where abg = E(a by~q[(a + b)/2], Hq = E(a,b)~q[(a — b)(a — b) "] + cla.
9: Sample (x¢,y:) ~ p: and observe preference feedback o; ~ Ber (a((qﬁ* (et), %t — yt))).
10:  end for

11: end for




G& [ Results

il

Theorem (Regret Analysis of Algorithm 2): Assume Ve € C, ||¢*(z)| < D, for some D > 0.
Then with an epoch schedule 74,...,7,, such that 7,,, > 2™ for m < logT, with probabil-
ity at least (1 — §) for any § € (0,1) the best-response regret in 7" rounds is bounded by:

m(T)
0 § \/dgoﬂ,®(5/(2m2)57m—l _Tm—2)(Tm - Tm—l) . ~ O(\/dT)
m=2 for special classes!
o Doub‘le—Monst'er-lnf 1000 Doub‘le-Monst'er—ln( .
éf: -~ _:_-...- < 200
) 2000 4?[?3@ mSO';'lO 8000 10000 0 2000 %e mSO(:O 8000 10000
Figure 1: (Left) Inst-1 (linear transformation) and (Right) Inst-2 (quadratic transformation)
Special Classes ]
* Finite class M: E,g 1(6,n) = O (%)

» Nonparametric class (with empirical entropy O(¢77)):

Eott m(6,m) = O (n~2/ @9 log(1/5))

* Linear predictors (d-dimensional): E,g a(6,n) = O(‘“L(”/d))

nd
* Deep MLP / ReLU nets (Sobolev smoothness 3):

Fu ul6,1) = O (/)

| Paper |
%
=1L

[ Poster + More ]




Thanks!

[ Looking forward :) ]

Follow-up/ questions?

aadirupa.saha@gmail.com

https://aadirupa.github.io/
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