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Setting LinUCB-CR (Convex Risk) A faster approximate algorithm: LinUCB-OGD-CR

Linear bandits
* Play action X, from a decision set &, < R%. Input: regularisation parameter a, projection operator II, Input: T, &, I1, (y?7") <7, OGD steps (g,) <7, episode length k> 0.

: : PP DTN NOGD 4 _ _
* Receive reward Y; ~ pg- x,y, where {p,} is a statistical model. sequence of exploration bonus functions (y;) sen. Initiahization: Set 65", £=1, n=1.
e Goal: minimise regret Z7 =Y.,_;maxp (pw@-.v) — 0 (Pe-x,) forr=1 T do for £=1,..., T do
' T =l g, PO ErG: S if t=nh+1 then
where p 1s a certain risk measure. = - ~ ~ ~ ~
P 0:cargmin ¥ L(Y,,(60, X)) +$1013 ;> ERM 090 = 990 — £,y (£4, 0L Vi e O, Xy i) + B3P
_ DERE s=1 A7OGD _ 1 v AOGD, . -
@ # existing settings: E[Y; | X;] = p ({07, X)) (generalised mean-linear) 0,=I10;) ;> Projection nen n;iz ].211'[(0]. ) ;B Average previous OGD steps
X = argrjggfxwt, x)+v:(x);> Play arm X, = argmggx(égGD,w +yY95P(x). ;> Freeze 09 for h steps
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Example: risk-aversion in agriculture — -

11 = ceer mean @ Numerical computation of 8, at each step! Regret of LinUCB-OGD-CR
- et . - 5 S

11 o == 5% expectile # mean-linear case: 0, = ( ; XX, +a Id) ; Y Xs. With probability at least 1 — 6, under stochastic arrival of action sets,
: : - #HmICB-06b _ (\/T X Polylog(T))
1 1 rft l Analysis if episode length satifies h = Q (d*logs).
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Bounded loss curvature: Vy, R, 0<m < e (V) )< M. Numerical experlments

Cumulative expectile regret Cumulative expectile regret
Supermartingale lemma Transportation of metrics
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Self-normalised concentration bound

0 4000 8000

Grain yield (kg/ha) with the local Hessian
f—1 H?(e*rét) 102
H;(0) = Z 0° L (Y, (0, XS))XSXST+a:Id =f01Hg(ue* + (1 — u)By)du
s=1
2 C - instead of the global Hessian
Elicitable risk measures - Lo
V= Z XSX;F +al,;. —=— LinUCB (mean) —=— LinUCB (mean)
Definitions s=1 LinUCB-CR (expectile) ; LinUCB-CR (expectile)
. o . 100 —&— LinUCB-OGD-CR (expectile) 10 —&— LinUCB-OGD-CR (expectile)
Risk measure elicited by a convex loss 2£7: R xR =R, 0 250 500 750 1000 1250 1500 0 250 500 750 1000 1250 1500
pz: pePR) — argminky.,[L(Y,)]. fime fime
Adanted loss {0 the 1 bandit if 5,6 y the statistical model {p. With probability at least 1 -9, Gaussian expectile bandit. Asymmetric Gaussian expectile bandit.
* Adapted loss to the linear bandit if p & is linear on the statistical model {p,}:
_ dimension of actions i i
P (p(p) = . ~ variance of 3.2(Y,, (6%, X,)) Cumulative entropic regret
H 0, X)) —— I zﬁ upper bound on || X;||, @ h .ﬂ f @
gplinUCB-CR _ 5 _UKd\/Tlog—TL 107 = L e
Examples of elicitable risk measures g vm d mgm u 8 mill ¥ Y a
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lower bound on 0°.%

T conjecture: x = constant in certain cases.

Name 5 L0 Example of adapted 10
p y . 5 . 2 . 5 .
statistical model @ #LnUB-R =@ (%\/ﬁd\/ Tlog %) under stochastic arrival of action sets.
Mean [E[Y] %(y_ 6)2 p(p(y) - \/%_nexp (_(y_z(p) ) 100 —i— LinUCB (mean)
LinUCB-CR (entropic)
— Take-home message — - LinUCB-0GD-CR (entropic

argminE[y, (Y —¢)] —— . ) . . 0 250 500 750 1000 1250 1500
p-expectile SeR p . =9 pp(y) = ﬁj}f ffp exp (—"’p(g“p)) The analysis of LiInUCB can be lifted from mean-linear to Time

Ypl2) = Ip—Locol2 elicitable convex loss with essentially the same regret bound. Bernoulli entropic risk bandit. 7= Full paper.

Remark: variance and CVaR are not (first-order) elicitable.
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