MULTI-THRESHOLDING GOOD ARM IDENTIFICATION WITH BANDIT FEEDBACK

Appendix A. Proof of Other Theoretical Results

A.1. Proof of Proposition 5

Proof For any 6 € (0,1), we have

€ [K],3s € [t], 95, — 9il > a(Ti(s),9))

<P (3i € [K],3s € [f) |tsi — illo, > a(Ti(s),9))  (Proposition 4)
P iy = ™| > a(Ti(s),9))

> a(T5(s), 6)) (Union Bound)

- (Hi € [K],3s € [t], 3m € [M],

SIDID IRl

1€[K] s€[t] me[M]

<2KM Z exp (_Ti(s)a(Ti(s),é)Q> (Proposition 2)

Al — ™

202
s€lt]
> ra(r,6)?
< 2KMZleXp (_M>
65 o= 1
=303 (By our choice of «)
=1

<4

A.2. Proof of Proposition 4
Proof Fix i€ [K] and ¢ € Ak arbitrarily, and let

AM_l = max {61 - Mgl)v cee 7£M—1 - ,UEM_U}

AM—l = max {61 - ﬂz('l)a s >§M—1 - :[I“EMil)} :
Then, by equation 1 it suffices to show that

‘AMfAM‘ < max{‘,ugl) fﬂgl)‘,..., /LEM) fﬂgM)’}.

We prove this by induction on M, (Basis) For M = 1:

[(VaL(x)); — (VaL(fr, ..., fix, @))il
= ‘max {51 - ,ugl)} — max {51 - /}51)}‘

= " - uf-l)’ :

(Induction Step) We assume equation (3) holds for M — 1,

i
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:max{AM 1, — u )} max{AMlﬁM ,uM)}‘
= |31+ & — i 4 |Ava — (6 — )]

_*[AMfl“v‘fM_ME +|AM 1— (Ep — M&M))H‘

= |max{An_1 — Ap1, 1§

- ugw};

< maX{‘AM—l — AM—I’ ;

< max {|u™ = VL™ = a1}

and for any a,b € R,

AZ(M) _ M(M)’}

a+b |a—1b|
4

la] = o] < |a — b]. (5)

max{a,b} =

The second and third equations hold for (4) while the first inequality stands over (5), and
others are standard algebra. |

A.3. Proof of Theorem 6

In the following, we abuse the notations and denote u( ™) = > z(m) /n, where t = min{s |
sET;(t)

Ti(s) =n} and T;(t) = {s € [t] | is = ¢}. Similarly, we write g,; = max{§; — /:LSZ, N S
an)} Gn,i = Jnji +a(n,0), and g, .= ni— a(n,d), respectively. Then, we give Proposi-
tion 13 and Lemma 14 for preparatlon.

Proposition 13 For any € > 0, arm i € [K] and n,

n62
P (|gi — Gnil > €) < 2Mexp [ —— | .
’ 202

Proof
P(lgi — gti| > ¢) <P (||th il o >6) (Proposition 4)
™ ) > )

e /,Lim)‘ > e) (Union Bound)

_p(3me
P (|

ne? .
< 2M exp 552 (Proposition 2).
o

IN

3

€[M]
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Lemma 14 For Algorithm 2, we have

P (U {Qm > 0}) < %, for any good arm i, and

neN

)
P (U {Gn; < 6}) < I for any non-e-good arm. i.

neN
Proof As for any non-e-good arm ¢ € [K],

P <U {Gn < e}) < Z P (g,; <€) (Union bound)

neN neN

< Z P (g,: < 9i) (gi> € for any non-e-good arm)

neN
n( [252 ln(szA1n2/35)>2

< z 2Me~ 202 (Proposition 13)

neN

T2 K Mn?2

eN

1) 1 2
< — B — < —]. 6
% (v Xe?) ©

Next, consider any good arm i € [K],

P (U {gn,i > O}) < Z P (gm > O) (Union bound)

neN neN

< Z P (Qn,i > gn,l) (g; <0 for any good arm)
neN

< (Same arguments as (6)).

K

Proof [Theorem 6] First, if no e-good arm exists, the failure probability is at most
P (32‘ € (K], {7, < e}> ) (7)
neN

by using the union bound and Lemma 14.
Similarly, if there exists a non-empty good arm set

_J .good .good
[Klaood = {5, i3



JIANG HASHIMA HATANO TAKIMOTO

then the failure probability is given as

P(a=_L1LUgs > e¢)

<P(a=1)4+P(gs >¢€) (Union bound). (8)

We give an upper bound for each term in (8). First,

gooda U {gm > 6}})

neN

<U {g,, ; > €} for a particular good arm z>

neN

< ? (Lemma 14). 9)

Then, for the second part,

P(ga > €)

<P (Elnon—e-good arm 17 s.t. U g; > e)
neN
< (K — 1)5,
- K
where the last inequality is obtained by using Lemma 14 and the fact that there are at most
K — 1 non-e-good arms since a good arm exists. Combining (8), (9) and (10) leads to the
result.

(10)

A.4. Proof of Theorem 8
Lemma 15 The following statements hold.

1. For any good arm i with ey be any number such that 0 < €9 < e—g; and anyn > t;(ep),

n602

P (Gn; >€) < Me 207 . (11)
2. For any non-e-good arm i with €y be any number such that 0 < eg < g; — € and any
n > ti(EO),
ne 2
P (gm. < e) < Me 27 . (12)

Proof Here, we only focus on (11), the proof for the other half is similar. By assumption,

402 8\/§UZWKM/(5 4\/37c?
In In )2 ,0 0.

€~ gi—€) 3(e—gi—e)”  3(e—gi— €0

n > t;i(ey) = max { (
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First, we show

902 In ©2EMn?
%<e—gi—60. (13)

Let a = (e — g; — €)* for simplicity. Since the left hand side of (13) is monotone decreasing
)

7T2 .
w.r.t. n, it is suffices to show that (13) is satisfied for n = t;(¢p) = % In %M/& with
8 2 4\3ro®\/KM/§
b = max Vo In V3no / , S . (14)
™ 3a 72\ /KM/s

For the case b = 2\/37“7/5, the inequality (14) holds trivially. Then, we consider the other

w2/ KM/§

part and let A = “Y>—"" and B = 7/(4v/30?). Then we have In by KM/ W = In Ab and

2 A
b=§1n§,
24 A
InAb=In—1In—
n Ab nB nB
A A
:ln§+ln2lng

A
<2In—==Bb (In2z<x),
B
by KMo ”?’fM/a < 7Tb/4\/§02.

which indicates In

2/ KM
lnm37/6<7rb/4\/§02
a
2
2 KM 212
- (Mlnwb ¢3/6> _
a

3

2
91 w2\ /KM]/s
KM (40 In 3a>

- . 20 KM
3da? 9da?
2
2 40.2 7T2b KM/(S
WKM(aan3a ) w2/ RENTTS
& n % <2l Yo r (15)
a
Then we have
— WQKM(% In 720 32(1\4/5)2
202 In ZEMRE _ 202 1n 35
n 402 1, TOV/EM/S
a 3a

402 In TEV KM/ ngM/é

2b/KM/§
402 In T2V M0
a

IN

(Inequality (15))

a
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<Va=¢e—gi—co,
which shows (13) holds. Next,

gn,i > €

202 In A Mn?
= gn,i > € — -7 36
n

= §ni > gi + € (Inequality (13))
:>3j€[ ]5] (])>§] /ng-l-Eo

’Vll*

Take the probability on both sides,

P (§M~ > 6)
< > P({a) =ul) -}
JjeM]

n€2

< Me 2% (Union bound and proposition 2).

|
Lemma 16 We have
1. For any good arm i with €y be any number such that 0 < €y < € — g;,
[ee]
2Mo?
Z [T >e} < tileo) + =5 (16)
n=1 0
2. For any non-e-good arm i with €y be any number such that 0 < ey < g; — €,
o0
2M o
> 1 [gm.gew <ti(eo) + 5 (17)
- €0
Proof Here, we give a proof for (16).
[ee] o0
E lZﬂ ([G0i > e]} <ti{eo)+ D P(Gui>e€)
n=1 n=t;(eo)+1

0 TLE2
< ti(eo) + Z Me™ 22 (Lemma 15)

n=t;(eo)+1
0 n62

< ti(eo) + ZM@ 202
n=1
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2Mo?
<ti(eo) + 20 (e*—1>afora>0).
€0

The proof of (17) is similar to the proof of (16).

Let €¢g be such that 0 < ¢y < € — ¢g; for any good arm ¢, and

TQ = Kllél[aéﬁ Lti(eo)J.

Lemma 17 E[¥52, 1 [iy = i*]] < tix (eo) + 242,

0

Proof We have

Z]l [ip =1i"] = ZZ]I[@t =", T« (t) = n]
=> 1 || J{ie =", T (t) = n}
n=1 t=1

:1+Z]1 [Gnie. > €,

n=1

where step (19) holds since if i,

(18)

(19)

i (arm ¢ is pulled at round t), then ¢ has not been

considered as a good arm and Vs < ¢ —1,g,,; > €. By taking expectations on both sides,

we have

B> Ui = i*]}
t=1

<E|) 1[g,; > e]}
n=1

2Mo?
< ti=(€0) + 20 (Lemma 16).
€

0

Lemma 18

To

Soufu#itg,, <o +el

t=1

E

2

i#i* — Gir — 260) €0

Proof

_ 2
< Z 40%In (KMTy)  2(K —1)Mo .
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To To
=3 >N Al =1i,Gi, < gir + 0. Ti(t) = 1]

i#i* t=1 n=1

To [ To
:ZZ]I U{’Lt—l gtltgg’b*—’_eﬂ? ( _n}:|

i#i*n=1 [t=1

To B
. 4021n (K Mn
<SS [y - TR

i£i* n=1
To M
402In (KMn
:ZZ]I gnz_ #<gz+<gﬁ_gi)+€0
ii* n=1
To 2
[4021n (K MTy)
Szz]l gnz 0 <g+ gz*_gi)+€0
i#i* n=1
402 1n(KMTO)
(9i—9:+—2¢0)” To
< o1+ > 1 [Gn: < gi — €0]
1F£* n=1 ne 402 In (K MTp)

(gifgi* 7250)2

By taking expectations,
Zﬂ it #7°,0{ < gi~ — 2€]

< Z 402 In ( KMTO ZZP gnl<gz_€0)

i — G~ 260 i#i* n=1
402 In(KMT,) (K—-1)M

G i —20)
402In (KMTp)  2(K —1)Mo?

<

(Proposition 13)

<
= 2
i (9i — gix — 2¢0) €0
Lemma 19
oo
K2M 4 2
E | > 1t < Tao) | < 3z © co?
To+1

Proof In this case, some arms are pulled at least [(t — 1)/K| times until round ¢.

o0

E| Y L[t < Tuopl]

t=Tp+1
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K o0
<E |’ ; L[Ti(t) = [(t = 1)/ KT, t < Titop]
i=1 t=Tp+1

<E|K ) ﬂ[ﬁz‘,ru—l)/m >€}
t=Tp+1

Since Ty > t;(ep) for all i € [K], then

[ee]

E|K ), ﬂ[ﬁi,[(t—n/m >€}
t=Tp+1

< KM Z =20 ([(t-1)/K]-1) (Lemma 15)
t=To+1

[ee]
< KM Z o260 ((t-1)/K—1)
t=Tp+1

< kM [ e2ed@-0/K-1) g
To

oo
:KM€4€02 o K e—ZEQZt/K
2602 Ty
— @64602672602%/1(
262
K2M

< e46026—2602 e [ti(eo0)]
— 2€02
< K2Me4602'
— 2¢92
[ |
Lemma 20
o0
o _ 20°M (K —1)K?M ,_»
E Z ]I[Zt 7é l*’t S Tstop;gt,it > gi* =+ 60] S 3 + ( )2 6460 .
=1 €0 260
Proof
o0
Z ]1 [Zt 7é Z*vt S Tst0p7§t,it > gi* + 60]
t=1
o) To
< Z 1fig # 4", t < Tipop) + Z 1[gt4, > gix + €0] (20)

t=Tp+1 t=1
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Take expectation over the first part of (20),

o)

E Z 1 [it 7é i*,t S Tstop]
t=Tp+1

< i Z E[1[t < Tstopl]]  (Union bound)

t=To+1 ii*
[ee]
< Y (K -DE[L[t < Tyop)]
t=Tp+1
K —1)K*M
< ¥e4602 (Lemma 19). (21)
2€02
As for the second part of (20),
To
E Z]l [gt,it > gi + 60]

t=1

To

R 202 1n (KMT;(t
ZZE 11 g, — ( ())>gi*+60
Ti(t)

t=1

To
< B0 (g, > gir + €]

t=1

T() t602
< Z Me™ 2. (Proposition 4)

t=1

202 M
< . 22
<2 (22)

Combining (21) and (22) leads to the result.

Proof [Theorem §]

oo

o
E[Tytop] = E {Z Uis = i*,t < Topop) + > iy # 7%, t < Tatop)
t=1 t=1
< E[Zn[it = "]
=1
o0
+ Z 1[i; # i, t < Tytop, Geiy < gi* + €0

t=1

0o
+ Z ]l[it # i*, t < Tstopvgt,it > gix + 60]:|
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To

+ Z]l[it #4%, Gi, < gir + €]
t=1

+ Z t < Tstop

+ Z]l[it # it < Titop, Gt,iy > 9i= + €0) |-

Then, the final result is obtained by combining lemma 17 to lemma 20.

A.5. Proof of Theorem 9

Proof Here, we let A C [K] be the active set of arms that have not been deleted.

oo
Tstop = Z 1 {Algorithm doesn’t stop at trial ¢}
t=1

e 10

1 [Neither conditions 1 nor 2 are satisfied at trial ¢]
oo

< Z [Condition 2 is not satisfied at trial t]
o0

= Z 1 [Condition 2 is not satisfied at trial ¢]

:Z]l[A;é@at the end of trial ¢]
K oo

gzzn[it:iamdiis not deleted at trial ¢]
K oo

=SS Wi = )1 [aus < (Ti(1), 8]
K oo oo

:ZZZ]I Zt—’l gtzga(frz(t)a(s)]

=1

:ii]l [gn’iﬁ()}

.
Il
—_
~+
Il
—
3

Taking the expectation,

E[Titop] < f) SR 1 g, <0]]
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2
< Z t; + KMo (Lemma 16).
]

2
iclK 0
|
A.6. Proof of Theorem 12
Definition 21 (Binary entropy function) A : (0,1) — R and p € (0,1),
hp) = —plnp—(1-p)In(1l-p), (23)

and h(p) <1In2.

Proposition 22 Let v and U be two bandits models with K arms and M objectives such
that for all i € [K] and m € [M], the distributions I/Z-(m) and ﬁgm) are mutually absolutely
continuous. For any almost-surely finite stopping time T and event &,

K M
DEIT(T) 3 KL, ™) > (€] By [€)),
i=1 m=1
where K L(v;,v;) is the Kullback-Leibler divergence between distributions v; and v;.

-----

as the i.i.d. samples observed from arm ¢. Let fl-(m) be the density function for distri-

bution Vi(m)

ya

with mean ,ugm) and define ?Em) similarly.

Pu(]:t)]
E |In
[ Py(Ft)
F Kt M (m),_(m)
_ c_ fi (zs )
=F ZZ]I(ZS i) lni(m) =)
Li=1 s=1 m=1 7 (zs )
[k ;) M f(m)(y(m))
=E[D) DY Y W= (24)
|i=1 s=1 m=1 fg )(Yi(;n))

By definition,

;S m)
E o |In St = KLw™, 7™
' i (Yis )

Thus, with Wald’s Lemma Wald (2004) we have

K M
24) =Y E[L)] S KL™, ™).
=1 m=1

Then follows the analysis of Kaufmann et al. (2016) gives the conclusion. [ ]
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Proof [Theorem 12] Here we only give details on the case when a good arm exists, and the
other case can be deduced in a similar way. For any ¢; > 0 and fix a good arm ¢*, consider
(1) (M)

a sequence of Bernoulli distributions associated with each arm i € [K] as {7,”,...,7,

with expectations {ﬂgl), e ,ﬁZ(M)} defined as

—(m) gm_el, ifi:i*,m:m;‘
Ui - m
KA

), otherwise,
where m € [M] and m; = m?}x\}}d(ugm),ﬁm). Hence, i* is a good arm under p,
me
and we denote the distributions with means {,uz(l), e ,,LL,EM)} as v; 1= {I/i(l), e VZ-(M)} for

convenience. Let &+ = {a = ¢*} and p;» = P (@ = i*) under distribution v; with expectation
;. From proposition 22, we obtain that
BT (D)KL (v 7)) > d(pre, mins, pie}). (25)

i*

The inequality (25) holds since &+ happens with probability ¢;+ < § under 7; and there is
a case study as follows,

Case 1: For § < pi«, d(pix,q) > d(pi,9).

Case 2: For § > pi«, d(pix,q) > d(pi,pix) = 0.

Then,
d(pye mingd, pi-}) = max { i In ———— — h(p)
Pi*, M1 O, Pj* = maXx 4 p;* In min{57 pZ*} D
1 .
+(1 *pz*)].n 1_111111{6’]91*}’0} (Deﬁnltlon 11)
> . e — <
> max {pl In min {0, pi] In 2,0} (h(p) <In2)

1
> max {pi* In 5~ ln2,0} .

Since i* is not a good arm under means {ﬁf*l ), . ,ﬁg,{w )}, for any good arm i, by definition

of (4, 0)-success
Di = ]EVH[K]good N {d}”
> Py[{a} C [Klgood]
>1-9,
where [Klgo0q € [K] is the set of good arms. Thus we obtain

Y E[(D)] = max E[T(T)] = P*
ZG[K] ZE[K]good
and solve the lower bound as a optimization problem P*

1

1

minimize ) max {pi In- —1In2, O} ,

T (e R
Zle[Kv]good ¢
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subject to p; > 1 — 6,
0<pi <1,
and reorganize the problem into

q

(m¥)
dp;, " &mr —
ie?lli?SEOd ( ' 7£ i 61)

subject to p; > 1—9,

minimize

Y

1
¢ 2 pilns—In2,

q=0,
0<p; <1l
Then, consider the dual problem
maximize (1—09)A— (In2)B—-C
1

max d (,ugmz), Emr — 61) ,

i€ [K}good

subject to B <

A—Bm%—CSQ

A,B,C>0.
Herein, we have the feasible solution given by
1 1
A= In -
(m) )
d . * —
i, (s =)
1
B—
(m})
d(\™ . -
(s =)
C=0.

Then put the results back into the objective function

(1-6)A— (In2)B—C

1 1 1
max S Emr — € max i s &mr —€
ie[K]good IUZ v ! 7'e[l<]good M !
1 1 1)
- (m?) 25~ (D
d o m¥ ot ySom* —
i A" e —a) 2 (" )

Since the existence of the duality gap, the result of the transformed problem is smaller than
the original one,
1 1 é
E[Tstop] 2 h’l -_— —

(m7) 20 (m7)
d i sy Sm¥ — d i ySm* —
i€lKgsoa (" =) i€l gson (" i =)
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max d
1€ [K]good

(ugm),fm - 61) 2

The final result is obtained by letting ¢; — 0.

5

Appendix B. Supplementary of Experiments

B.1. Additional Results

max d
1€ [K}good

uﬁm),fm - 61) .

Here, we provide other results not included in the main content. The error rate is the ratio

of repetitions where the algorithm fails to output a good arm, and the symbol ”—

” indicates

that the algorithm’s error rate is higher than 50%. The exact results on stopping times are
presented in Table 4, 5, 6 and 7. The error rates for medical data presented in Section 5
are shown in Table 6 and 7, and the standard deviations are in 10 and 11.

Table 4: Stopping Time w.r.t. § with Synthetic Data

5

| MultiAPT | MultiHDoC | MultiLUCB | MultiTUCB

0.005
0.010
0.015
0.020
0.025
0.030
0.035
0.040
0.045
0.050

67558.19
65445.56
64890.75
64149.97
63211.24
62911.17
62387.45
61927.60
61919.50
61754.00

44837.80
43764.69
43106.50
42792.54
42123.42
42188.60
41883.71
41853.96
41515.10
41357.94

62850.43
58366.11
56017.03
53833.43
52583.60
50985.18
50186.66
49157.64
48519.28
47518.73

37889.20
37184.51
36712.40
36359.47
36104.91
35887.75
35701.17
35557.45
35399.62
35263.71

Table 5: Stopping Time w.r.t. € with Synthetic Data

€

| MultiAPT | MultiHDoC | MultiLUCB | MultiTUCB

0.002
0.004
0.006
0.008
0.010
0.012
0.014
0.016
0.018
0.020

72142.25
68899.35
66254.14
63817.75
61281.93
59506.56
57565.94
55942.74
54355.53
53031.22

9351.76
46246.50
43463.51
41095.90
38898.29
37015.99
35212.57
33555.54
32076.11
30663.39

68861.26
64704.05
60994.38
07423.84
54010.93
51001.18
48344.01
45735.95
43349.82
41194.27

42323.90
39260.29
36619.35
34091.37
31832.58
29879.56
28139.68
26371.34
24910.16
23509.48
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Table 6: Stopping Time w.r.t. § with Medical Data

§ | MultiAPT | MultiHDoC | MultiLUCB | MultiTUCB

0.005 | 159612.14 1930.59 2950.43 1512.23
0.010 | 151168.96 1881.55 2664.67 1472.03
0.015 | 145659.37 1852.99 2516.41 1450.23
0.020 | 142957.35 1834.56 2406.29 1433.91
0.025 | 140266.20 1821.28 2316.79 1422.12
0.030 | 138247.26 1808.38 2221.46 1410.64
0.035 | 136898.94 1799.66 2154.06 1399.08
0.040 | 135402.13 1792.78 2079.05 1391.86
0.045 | 133913.38 1785.77 2039.52 1385.56
0.050 | 132941.90 1777.64 2006.03 1379.53

Table 7: Stopping Time w.r.t. € with Medical Data

e | MultiAPT | MultiHDoC | MultiLUCB | MultiTUCB

0.002 - 2041.31 3004.62 1625.77
0.004 | 173761.65 2025.90 2960.26 1594.22
0.006 | 137467.38 1986.86 2919.35 1545.89
0.008 | 108815.09 1933.00 2876.65 1505.27
0.010 | 90650.03 1884.11 2836.59 1462.63
0.012 | 76350.56 1828.88 2796.23 1426.91
0.014 | 65814.72 1778.66 2755.69 1392.24
0.016 | 57433.42 1729.29 2716.41 1354.44
0.018 | 50484.03 1683.60 2675.94 1327.58
0.020 | 45030.93 1639.93 2636.90 1300.06

Table 8: Error Rate (%) w.r.t. 6 with Medical Data

§ | MultiAPT | MultiHDoC | MultiLUCB | MultiTUCB

0.005 10.40 0.00 0.00 0.00
0.010 8.50 0.00 0.00 0.00
0.015 7.15 0.00 0.00 0.00
0.020 6.60 0.00 0.00 0.00
0.025 5.90 0.00 0.00 0.00
0.030 5.50 0.00 0.00 0.00
0.035 5.35 0.00 0.00 0.00
0.040 5.10 0.00 0.00 0.00
0.045 4.75 0.00 0.00 0.00
0.050 4.60 0.00 0.00 0.00




MULTI-THRESHOLDING GOOD ARM IDENTIFICATION WITH BANDIT FEEDBACK

Table 9: Error Rate (%) w.r.t. e with Medical Data
€ | MultiAPT | MultiHDoC | MultiLUCB | MultiTUCB

0.002 54.35 0.00 0.00 0.00
0.004 22.45 0.00 0.00 0.00
0.006 4.55 0.00 0.00 0.00
0.008 0.75 0.00 0.00 0.00
0.010 0.00 0.00 0.00 0.00
0.012 0.00 0.00 0.00 0.00
0.014 0.00 0.00 0.00 0.00
0.016 0.00 0.00 0.00 0.00
0.018 0.00 0.00 0.00 0.00
0.020 0.00 0.00 0.00 0.00

Table 10: Standard Deviation w.r.t. § with Medical Data
§ | MultiAPT | MultiHDoC | MultiLUCB | MultiTUCB

0.005 | 40630.09 5825.35 814.65 4378.73
0.010 | 39685.57 5680.28 776.37 4288.27
0.015 | 39149.34 5662.82 753.44 4277.31
0.020 | 38927.07 5606.34 736.62 4263.95
0.025 | 38662.88 5595.31 719.47 4260.32
0.030 | 38529.29 5590.93 712.07 4254.68
0.035 | 38365.54 5585.32 713.06 4252.60
0.040 | 38071.74 5583.01 691.61 4242.46
0.045 | 38105.41 5560.48 683.35 4241.99
0.050 | 38080.04 5546.13 675.84 4240.76

Table 11: Standard Deviation w.r.t. e with Medical Data
€ | MultiAPT | MultiHDoC | MultiLUCB | MultiTUCB

0.002 — 4201.73 831.45 1522.96
0.004 | 58647.06 24170.82 815.45 1453.56
0.006 | 36608.01 5176.59 807.75 4141.31
0.008 | 31141.33 4798.52 800.43 3673.10
0.010 | 26136.43 4356.11 788.47 3080.87
0.012 | 21819.32 3823.17 777.36 2591.56
0.014 | 18650.05 3452.81 763.97 2289.38
0.016 | 16375.48 3044.30 751.69 1925.62
0.018 | 14093.24 2760.02 739.96 1736.17
0.020 | 12723.03 2581.48 730.53 1631.91




