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S. Bubeck and A. Slivkins. The best of both worlds: Stochastic and adversarial bandits. In COLT 2012.
J. Zimmert and Y. Seldin. Tsallis-INF: An optimal algorithm for stochastic and adversarial bandits. Journal of Machine Learning Research, 2021.
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T. Lykouris, V. Mirrokni, and R.P. Leme. Stochastic bandits robust to adversarial corruptions. In STOC 2018.
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J. Kwon and V. Perchet. Gains and losses are fundamentally different in regret minimization: The sparse case. JMLR, 2016.
S. Bubeck, M. Cohen, and Y. Li. Sparsity, variance and curvature in multi-armed bandits. In ALT 2018.
T. Tsuchiya, S. Ito, and J. Honda. Stability-penalty-adaptive Follow-the-regularized-leader: Sparsity, Game-dependency, and Best-of-both-worlds, 2023.
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J. Kwon and V. Perchet. Gains and losses are fundamentally different in regret minimization: The sparse case. JMLR, 2016.

S. Bubeck, M. Cohen, and Y. Li. Sparsity, variance and curvature in multi-armed bandits. In ALT 2018.
T. Tsuchiya, S. Ito, and J. Honda. Stability-penalty-adaptive Follow-the-regularized-leader: Sparsity, Game-dependency, and Best-of-both-worlds, 2023.
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X. Chen et al. Online eco-routing for electric vehicles using combinatorial multi-armed bandit with estimated covariance. Trans. Res. D: Transport and Environment, 2022.
S. lto, T. Tsuchiya, and J. Honda. Adversarially Robust Multi-Armed Bandit Algorithm with Variance-Dependent Regret Bounds, In COLT2022.
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X. Chen et al. Online eco-routing for electric vehicles using combinatorial multi-armed bandit with estimated covariance. Trans. Res. D: Transport and Environment, 2022.
S. lto, T. Tsuchiya, and J. Honda. Adversarially Robust Multi-Armed Bandit Algorithm with Variance-Dependent Regret Bounds, In COLT2022.
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X. Chen et al. Online eco-routing for electric vehicles using combinatorial multi-armed bandit with estimated covariance. Trans. Res. D: Transport and Environment, 2022.
S. lto, T. Tsuchiya, and J. Honda. Adversarially Robust Multi-Armed Bandit Algorithm with Variance-Dependent Regret Bounds, In COLT2022.
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T. Tsuchiyq, S. lto, and J. Honda. Further Adaptive Best-of-Both-Worlds Algorithm for Combinatorial Semi-Bandits, In AISTATS 2023.
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Q. HEEBEL HSIBTICHNEEFTATES?

o ITORIZHFDO7ZILIY X LZEEAEE [T, Ito, Honda AISTATS 2023]
MEXRIRGS O(Zieﬁ (W(ﬂ)ai | c) log T)

A

I, min

oo |~ W(Q[) Gl-z W(Qf) 01'2
SHEHD B DEZXRPVIRIE O(Ziej*( —— 1) 10gT+\/CmZiEJ*( —— c) logT)

I, min [, min

O R 1 0<vka10gT ) (+ T—FRKEFLF)

T. Tsuchiyq, S. lto, and J. Honda. Further Adaptive Best-of-Both-Worlds Algorithm for Combinatorial Semi-Bandits, In AISTATS 2023.
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(Q2.2) MEBDHRERE, X—ILDORX/INLHIE

[Helmbold, Littlestone & Long 1992]
o X—JLiKNy 7 RITETcX—)LH

ZINLDINL (not R/NL) XK RIICHITE  C
ey AN N7 > Bl r et
o 3ED DITEIHFIE: —
J\IA? — Bl EEREHRE
. RINLE TNIURTT (P) Bl SRR
Slack

2. NI ETRILE (N)

3. ABEICEWT, IELWIRN)L (R/NLAor/\L) ZHZTHLED
= CDIGZEDODHIED TNz & ] gE

D. P. Helmbold, N. Littlestone, and P. M. Long, Apple tasting and nearly one-sided learning. In FOCS 1992.
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(Q2.2) MEBDHRERE, X—ILDORX/INLHIE

o X—JLiRkw T RICELAX—=)LH

[Helmbold, Littlestone & Long 1992]

ZIRALDINL (hot RINL) D EZFRBICHE - C
N— J— el g ZI)NL7? — Bl — ket
® 31_0@175%75\7?%: E

INLN? -
. RINLETNRILEIT (P)

2. NI ETRILE (N)

B SRR .
B SRR ..
Slack

3. ABICEAWT, IELWINRIL (R/NLAor/\L) ZHZTH
- ZDHBEDHAED TNz &R A8

CDE S BRFENLBGHRADHD S EERE

D. P. Helmbold, N. Littlestone, and P. M. Long, Apple tasting and nearly one-sided learning. In FOCS 1992.
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(Q2.2) E P ERAIFEREIC & [F7 D best-of-both-worlds 5K

o SPARVEREIBIBES — L [T, Ito, Honda ALT 2023]

MESRRYIRIE X R ERIE EHRD B MERIRIE
[Tsuchiya+ 2020] O(log T) NA NA
[Lattimore+ 2020} NA O(H/T) NA
jE 22k O((log T)?) O(ﬁ log T) O((log T)* + \/Z’ log T)

T. Tsuchiyaq, J. Honda, and M. Sugiyama. Analysis and design of Thompson sampling for stochastic partial monitoring. In NeurlPS 2020.
T. Lattimore and Cs. Szepesvdri. Exploration by optimisation in partial monitoring. In COLT 2020.
T. Tsuchiya, S. lto, and J. Honda. Best-of-Both-Worlds Algorithms for Partial Monitoring, In ALT 2023.

T. Tsuchiya, S. lto, and J. Honda. Stability-penalty-adaptive Follow-the-regularized-leader: Sparsity, Game-dependency, and Best-of-both-worlds, arXiv 2023.
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o SPARVEREIBIBES — L [T, Ito, Honda ALT 2023]

MESRRYIRIE X R ERIE EHRD B MERIRIE
[Tsuchiya+ 2020] O(log T) NA NA
[Lattimore+ 2020] NA O(H/T) NA
jE 22k O((log T)?) 0(ﬁ log T) O((log T)* + \/Z’ log T)

® ﬁiikﬁ’\]? U//\_l__[ '72_.&

MEERRIRES O VBRI 55D 8 B MHERRIREE
[Lattimore+ 2020} NA O(TP) NA
E 0 O((log T)*) O((T log T)*") O((log T)* + (Clog T)*")

T. Tsuchiyaq, J. Honda, and M. Sugiyama. Analysis and design of Thompson sampling for stochastic partial monitoring. In NeurlPS 2020.
T. Lattimore and Cs. Szepesvdri. Exploration by optimisation in partial monitoring. In COLT 2020.
T. Tsuchiya, S. lto, and J. Honda. Best-of-Both-Worlds Algorithms for Partial Monitoring, In ALT 2023.

T. Tsuchiya, S. lto, and J. Honda. Stability-penalty-adaptive Follow-the-regularized-leader: Sparsity, Game-dependency, and Best-of-both-worlds, arXiv 2023.
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