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Our Contribution

1. Follow-the-Perturbed Leader (FTPL) 1s as good as other OMD-based algorithms
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Our Contribution

1. Follow-the-Perturbed Leader (FTPL) 1s as good as other OMD-based algorithms

2. Show that FTPL can be easily generalized to various settings, giving:
* A near-optimal algorithm for episodic AMDPs with delays, and
* The first no-regret algorithm for weakly-communicating infinite-horizon AMDPs.
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OMD (Online Mirror Descent) VS FTPL (Follow-the-Perturbed-Leader)
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OMD (Online Mirror Descent) VS FTPL (Follow-the-Perturbed-Leader)

Online Mirror Descent Follow-the-Perturbed-Leader
B Flexible in Algorithm Design B Easier to Implement
B Studied More 1n the Literature B More Computationally Efficient
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OMD (Online Mirror Descent) VS FTPL (Follow-the-Perturbed-Leader)

Online Mirror Descent Follow-the-Perturbed-Leader
B Flexible in Algorithm Design B Easier to Implement
B Studied More 1n the Literature B More Computationally Efficient

Table 1: Comparison between OMD- and FTPL-Based Algorithms for Episodic AMDPs !

OMD-Based Transition  Feedback FTPL-Based
(Zimin & New,2013) ~ O(HVK)  Known Full-info  @(HVSAK)  (Even-Dar etal., 2009)
(Zimin & Neu, 2013) O(HVSAK)  Known Bandit  G(H2VAK/a) (Neuetal,2010)
(Rosenberg & Mansour, 2019) O (H2SVAK) Unknown  Full-info  @(H'SAVK) (Neuetal,2012)
(Jinetal.,, 2020) O(H?SVAK)  Unknown Bandit N/A (no such algorithm)

' K is the number of episodes, H is the episode length, S is the number of states, and A is the number of actions.
O hides all logarithmic factors. @ by Neu et al. (2012) is a parameter of a strong exploratory assumption.
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OMD (Online Mirror Descent) VS FTPL (Follow-the-Perturbed-Leader)

Online Mirror Descent Follow-the-Perturbed-Leader
B Flexible in Algorithm Design B Easier to Implement
B Studied More 1n the Literature B More Computationally Efficient
[ Better Regret Guarantees [0 Worse Regret Guarantee
Table 1: Comparison between OMD- and FTPL-Based Algorithms for Episodic AMDPs !
OMD-Based Transition  Feedback FTPL-Based
(Zimin & Neu, 2013) O(HVK) Known Full-info  O(HVSAK)  (Even-Daretal., 2009)
(Zimin & Neu, 2013) O(HVSAK)  Known Bandit  O(H?VAK/a) (Neuetal.,2010)
(Rosenberg & Mansour, 2019) O (H 2SVAK ) Unknown Full-info O (H L55AVK ) (Neuetal., 2012)
(Jin et al., 2020) O ( H2SVAK ) Unknown Bandit N/A (no such algorithm)

' K is the number of episodes, H is the episode length, S is the number of states, and A is the number of actions.
O hides all logarithmic factors. @ by Neu et al. (2012) is a parameter of a strong exploratory assumption.
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OMD (Online Mirror Descent) VS FTPL (Follow-the-Perturbed-Leader)

Online Mirror Descent Follow-the-Perturbed-Leader
B Flexible in Algorithm Design B Easier to Implement
B Studied More 1n the Literature B More Computationally Efficient
O Better Regret Guarantees? [0 Worse Regret Guarantee?
Table 1: Comparison between OMD- and FTPL-Based Algorithms for Episodic AMDPs !
OMD-Based Transition  Feedback FTPL-Based
(Zimin & Neu,2013)  O(HVK)  Known Full-info  O(H?*VK) (Wang & Dong, 2020)
(Zimin & Neu, 2013) O(HVSAK)  Known Bandit  O(H?VAK/a) (Neuetal.,2010)
(Rosenberg & Mansour, 2019) O (H 2SVAK ) Unknown Full-info @ (H 2SVAK ) (Wang & Dong, 2020)
(Jin et al., 2020) O (H 26+ /AK ) Unknown Bandit N/A (no such algorithm)

' K is the number of episodes, H is the episode length, S is the number of states, and A is the number of actions.
O hides all logarithmic factors. @ by Neu et al. (2012) is a parameter of a strong exploratory assumption.
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OMD (Online Mirror Descent) VS FTPL (Follow-the-Perturbed-Leader)

Online Mirror Descent Follow-the-Perturbed-Leader
B Flexible in Algorithm Design B Easier to Implement
B Studied More 1n the Literature B More Computationally Efficient
[ Better Regret Guarantees x [0 Worse Regret Guarantee x

Table 1: Comparison between OMD- and FTPL-Based Algorithms for Episodic AMDPs !
OMD-Based Transition  Feedback FTPL-Based
(Zimin & Neu,2013)  O(HVK)  Known Full-info  A(H?*VK) (Wang & Dong, 2020)
(Zimin & Neu, 2013) O (HVSAK) Known Bandit O (Hl's\/ SAK) (This paper)

(Rosenberg & Mansour, 2019) 0 (H 2SVAK ) Unknown Full-info O (H 2SVAK )  (Wang & Dong, 2020)
(Jin et al., 2020) O (H?SVAK) Unknown Bandit 0 (H?*S\AK) (This paper)

' K is the number of episodes, H is the episode length, S is the number of states, and A is the number of actions.
O hides all logarithmic factors. @ by Neu et al. (2012) is a parameter of a strong exploratory assumption.
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where ut(s,a) = Pr{s™ = s,a" = a | m} is the occupancy measure.
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RK=zml<unk,fk>—<un*'fk I

where ut(s,a) = Pr{s™ = s,a" = a | m} is the occupancy measure.
K K
_ ' 'R ' h
o z IE [<‘u”k’£k > o <‘u7Tk+1’£k >] + z e [<H7Tk+1’€k > o <'u7'£*’ fk >] :
k=1 k=1
Stability Term Error Term

(every single step controlled by (7 )?) (controlled by “be-the-leader” lemma)
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Technlcal Stuff

RK=zml<unk,fk>—<un*'fk I

where ult(s,a) = Pr{s" = s, ah = a | } is the occupancy measure.
K K

— ' ' ' h

Sl )~ ]+ 3 )~ 1)
Stability Term Error Term

(every single step controlled by (7 )?) (controlled by “be-the-leader” lemma)
2 (%)

[2 Pk () — Pie41 (1)) <.Un ) ” < nk [2 pi (1) <.Un ) > ‘ (Syrgkanis et al., 2016)
mell mell Lemma 10 2

Invalid when u* ¢ {0,1}¢ (non-binary feature)!

2 pi () denotes the probability of playing m in the k-th episode.
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Technical Stuff

R = > lfin, &) (- 22 )]

where ut(s,a) = Pr{s™ = s,a" = a | m} is the occupancy measure.
K K
— 'R 'R 'R h o
R [y I S [ Y P |
Stability Term Error Term
(every single step controlled by (H)!) (controlled by “be-the-leader” lemma)
_ 7o 1 (M)
E| > 0 = pena () (i 8 )| < 0E|( D121 ) ) e i 21 ) (This paper)
el h=1 el Lemma 3 2
Only loosen by H times.

2 pi () denotes the probability of playing m in the k-th episode.
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Beyond Episodic AMDPs
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Beyond Episodic

Feedback Delays? No Problem!

Table 2: Application to Episodic AMDP with Feedback Delays 3

Algorithm Regret
Delayed Hedge | G(H2SVAK + H5V/SD)
Delayed UOB-FTRL | (H2SVAK + H1SSAVD)
Delayed UOB-REPS | 9(H2SVAK + H>/*(SA)Y4VD)
This paper | O(H2SVAK + HY>SAVD)

3 D is the total feedback delay. The first three OMD-based algorithms are all
designed by Jin et al. (2022). Our algorithm is based on the second one.

Whether we can design FTPL-based algorithms using the “delay-adapted”
loss estimator introduced by the third algorithm is left for future research.

AMDPs

—
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Beyond Episodic AMDPs

Feedback Delays? No Problem! Infinite Horizon? Also Okay!
Table 2: Application to Episodic AMDP with Feedback Delays 3 Table 3: Application to Infinite-Horizon AMDPs #
Algorithm Regret Algorithm Regret
Delayed Hedge | O(H2SVAK + H'*V/SD) Neu et al. (2014) | §(¢!3VAT) (Ergodic)
Delayed UOB-FTRL | G(H2SVAK + HSSAVD) Dekel & Hazan (2013) | O(S3AT?/3) (Deterministic)
Delayed UOB-REPS | ((H2SVAK + H5/*(SA)Y/4\VD) This paper | 0(AY/?(SD)?/3T>/®) (Commu)
This paper | §(H2SVAK + H-5SAVD) Dekel et al. (2014) | Q(SY/3T?2/3) (Commu)
3 D is the total feedback delay. The first three OMD-based algorithms are all 4 For infinite-horizon AMDPs, assumptions about transitions are needed.
designed by Jin et al. (2022). Our algorithm is based on the second one. * Ergodic: the mixing time 7 exists (strong assumption).
* Deterministic: all transitions are non-random (s¢rong assumption).
Whether we can design FTPL-based algorithms using the “delay-adapted” * Communicating: the diameter D exists (the weakest assumption).
loss estimator introduced by the third algorithm is left for future research. Hence, our paper considers the weakest communicating assumption and is

the first to achieve a “no-regret” guarantee under bandit feedback.
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