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Motivation and Background

* In real world, the states and action

. . AGENT S ENVIRONMENT
space can be infinite. s B
* We consider linear MDPs.
* Linear bandits 1s the simplest case of ~ \

linear Ps.
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Heavy-Tailed Rewards v.s. Bounded Rewards

* Current literature assumes that rewards are either uniformly bounded
or sub-Gaussian.

* Therefore, their algorithms can’t handle heavy-tailed behaviors in real-
world problems.

 To name a few:
* stock returns in financial markets

* advertiser values in online advertising



Our Contributions

Linear Bandits

.. C e . Heavy-
. Instance- Minimax | Deterministic- .
Algorlthm Regret dependent? | Optimal? Optimal? Rg‘;:::lls,?
OFUL (Abbasi-Yadkori et al., 2011) O (d\/T) No Yes No No
IDS-UCB (Kirschner and Krause, 2018) No
Weighted OFUL+ (Zhou and Gu, 2022) O (d\/zf_l o2 + d) Yes Yes Yes No
AdaOFUL (Li and Sun, 2023) €=
MENU and TOFU (Shao et al., 2018) O (drv+) No Yes No Yes
~ 1—e¢ l1—e¢
HEAVY-OFUL (Ours) 0, (dTQ(HE) \/23:1 v+ dTQ(Hf)) Yes Yes Yes Yes




Our Contributions

Linear MDPs

. Central Fict. | Minimay | COmPuta- | Heavy-
Algorithm Hosret Depmentz | OMder? | Optimai? | on, | T
LSVI-UCB(Jin et al., 2020) O (VPH'K) No No No Yes No
FORCE (Wagenmaker et al., 2022) O (\/ d3H3V*K ) No Yes No No No
Joa e« 35 | o) | e | e | e | v |
VARA (Li and Sun, 2023) O(dVHGK) Yes Yes | Yes Yes e=1
HEAVY-LSVI-UCB (Ours) O (d\/Hiz/{*Kl%re + dm) Yes Yes Yes Yes Yes




Adaptive Huber Regression

* Solve 6, as follows

0, = arg m@in L:(0)

—— Square Loss
—— Huber Loss

2 Re—(d<.0
where L¢(8) = 2116112 + X, fTs( (¢ ))

Og

£-(x) is Huber loss (Sun et al., 2020), which is

defined as 2-
r 2 .
() = + 5 2 if |z| < 7, 1]
kfr\aj\ — 5 ifjz| >
O_
When T = oo, it 1s reduced to weighted -3 -2 -1 0 1 2 3

regularized least-squares regression



[Linear Bandits

Algorithm 2 HEAVY-OFUL

Require: Number of total rounds 1T', confidence level §, regularization parameter A\, omin, parameters

for adptive Huber regression cgy, ¢, 79, confidence radius j3;.

1: & = dlog(1+ -1k—), Cy = By(B), Ho = AL
2: fort=1,...,T do

3:  Observe Dy.

4 Set (¢t,-) = argmaxyep, gee, ,(P:0)-

5:  Play ¢; and observe Ry, v.

el py—1 — 1
6: Set o, = max {Vt,(fmim = =L 3 LBl ||qbt||;_rl }
cr (2r)4 t—1
/ 2 l—e¢
7. Set 7, =79 i::wt t20+9 with w; = qut/ot||H;11.

8: Update Hy = H;_1 + U;2qbtqth.
9:  Solve for 8; by Algorithm 1 and set C; = {8 € RY|||0 — 8|/ r, < B:}.
10: end for




Result of Linear Bandits

* Regret:

1—e€ T 1—€
Ol dT21+e) 2 Vtz 1+ 4dT2@0+e)
\ t=1

* Worst-case regret:

0 (dTﬁ) , Q) (dTﬁ)

* Deterministic-case regret:
0(d), (d)



[Linear MDPs

adaptive Huber regression
weighted ridge regression
value 1teration scheme

rare-switching policy

Compute 0y_1 p, Wy_1p and wy_; p, via (6.1) and (6.8).
if UPDATE then
Q) = (@) Ox—1 + Wr—1n) + Bror—1l|BC, g1+ Brlldl g1 -
Qr(--) = (P(-,-), Or—1.h + Wr—1,) — Bri—1llo(, MNeg-r = Bvlot: s

Qﬁ(a ) = min{Qﬁ(': ')7 Qﬁil(': ')vH}v Qifi(v ) = maX{Q;i('v ')v Qﬁil('v ')v 0}'7 |
Set klast = k?

else
Qﬁ(? ) - Qi_l('a ')? Qi(a ) — Qi_l('i )

end if

Vh‘f“() = max, Qﬁ(-,a), f/;f() = max, Qﬁ(-,a), Wﬁ(-) = argmax, Qﬁ(-,a).




Result of Linear MDPs

* Regret:
6 (VT KT+ + aVIVE)
* First-order regret:
0 (d \/HZVfK)
* Worst-case regret:
0 (dHKﬁ + d\/ﬁ)

 Lower bound:

QO (dHKﬁ + d\/ﬁ)



Experimental Result
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Thanks for listening!



