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A OMITTED RESULTS

A.1 EXPERIMENTAL SETUP

In numerical experiments, we randomly generate a function space F = {(z — )" (a — ag)} with a
size of 50 by sampling x( and ag in R? from standard normal distributions, where d = 10. We then
randomly choose a function as the true reward function f* from F, and generate the reward as

Y = f*(X,A) + N(0,1),

where the context X is drawn i.d.d. from A(0, 1) and A is the selected action. The whole action set
A is randomly initialized from [—1, 1] with a size of 50. We repeat each instance 50 times to obtain
a smooth regret curve. The hyperparameters in algorithm 1 are set tobe =1 and § = 0.1

Test on graph quantities. To demonstrate the effectiveness of our algorithms, we introduce a
special type of graphs called clique-group (as shown in Figure 2). These graphs are designed such
that each block consists of a perfect graph, resulting in §;(G) = §(G) = a(G), as proven by Domke
et al. (2017). Therefore, both options of algorithm 1 are optimal regarding graph quantities in our
artificially constructed graphs. To showcase that our method does not scale with the size of the action
set |.A|, we start with an instance where the size of A is 100. We then iteratively reduce the size of
the action set to 80, 60, 40, 20. We report the average regret and its standard deviation at the final
round T = 2'* in table 3.

In Section 4, we implement algorithms in various graphs to verify our findings. These graphs
are created using our random graph generator, which is described in algorithm 4. To simplify the
following graphs, self-loops are omitted. We present these graphs in Figure 2.
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Fig. 2: Different types of graphs in order: a fully connected graph, a clique group, a k-tree, a random graph.

We also conducted numerical experiments on k-trees, where the graph has 6¢(G) = 1 and a(G) =
| A] — 1. In Figure 3, we observe that algorithm 1 with the first option has comparable performance
with the baseline FALCON. The scaled graphical quantities for algorithm 1 and FALCON are
V/|Al = 1 and /| A|, respectively. However, algorithm 1 with the first option exhibits less variance
as it occasionally reduces the size of the exploration set to 2. On the other hand, algorithm 1 with the
second option shows a significant gap compared to the first option, highlighting its smaller leading
constants in terms of regret.
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Fig. 3: Test on k-trees.
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def makeProblem(nactions):
import cvxpy as cp
sqrtgammaG = cp.Parameter((nactions, nactions), nonneg=True)
sgrtgammafhat = cp.Parameter(nactions)
p = cp.Variable(nactions, nonneg=True)
sqrtgammaz = cp.Variable()
objective = cp.Minimize(sqgrtgammafhat @ p + sqrtgammaz)
constraints = [
cp.sum(p) == 1
1+ 10
11 cp.sum([ cp.quad over_lin(eai - pi, vi)
for i, (pi, vi) in enumerate(zip(p, V))
for eai in (1 if i == a else 0,)
1) <= sqrtgammafhata + sqrtgammaz
for v in (sgrtgammaG @ p,)
for a, sgrtgammafhata in enumerate(sgrtgammafhat)
1
problem = cp.Problem(objective, constraints)
assert problem.is_dcp(dpp=True) # proof of convexity
0 return problem, sqrtgammaG, sqrtgammafhat, p, sqrtgammaz

Fig. 4: Python code of solving convex optimization problem in Zhang et al. (2023)
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estimator_reward = [3.

Gr = np.array([np.array(row) for row in Gr])
estimator_reward = np.array(estimator_reward)

20 problem, sgrtgammaG, sqgrtgammafhat, p, sqrtgammaz = makeProblem(K)
sqrtgammaG.value = Gr * np.sqrt(gamma)
sqrtgammafhat.value = (max(estimator reward) - estimator_ reward) * np.sqrt(gamma)
problem.solve(verbose=True)

Fig. 5: An example that cannot be successfully solved by the Python code in Figure 4

A.2 EXAMPLE OF NUMERICAL INSTABILITY

We use the Python code provided by Zhang et al. (2023) to solve the proposed convex optimization
problem. The full version is in Figure 4. In Figure 5, we provide an example that cannot be
successfully solved by the Python code in Figure 4.

B PROOFS

B.1 NOTATIONS

Our regret analysis builds on a framework established in Simchi-Levi & Xu (2021); Foster et al.
(2020), which analyzes contextual bandit algorithms in the universal policy space ¥ := [] . A.
In our work, we consider a subspace of ¥ reduced by graph feedbacks at each epoch and prove the
sampling probability p; satisfy good properties to attain low regrets. Specifically, we consider the
subspace ¥(.S) where the policy is supported on S. With abuse of notations, we define

R(m) = Eo[f* (2, 7(x))] and Reg(m) = R(ms-) — R(m).
The above quantities do not depend on specific values of z. The following empirical version of above
quantities are defined as
Ri(m) = Ea,[fin(oy (e, m(22))] and Regy(m) = Eo[Re(m

—~

foo) — Rl
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where m(t) is the epoch of the round ¢.

For any realization .Sy, y; and fm, let Q+(-) be the equivalent policy distribution for p; (-
H pt |l’ St) V’]T S ‘I/(St)

rzeX

), Le.,

The existence and uniqueness of such measure Q:(-) is a corollary of Kolmogorov’s extension
theorem. Note that both ¥ and @, (+) are H;_-measurable, where H;_; is the filtration up to the
time ¢t — 1. We refer to Section 3.2 of Simchi-Levi & Xu (2021) for more detailed intuition for Q;(-)
and proof of existence. By Lemma 4 of Simchi-Levi & Xu (2021), we know that for all epoch m and
all rounds ¢ in epoch m, we can rewrite the expected regret in terms of our notations as

E[Reg(T Z > Qu(m)Reg(n

t=1 eV
For simplicity, we define an epoch-dependent quantities

nTm 1
=1 m — ) Z 27
m=nr Vlog(é—wﬂmlogumn)m
$0 Yt = \/|St|pm(r) for m(t) > 2.
At the end of this subsection, we prove Lemma 3.1:

Proof.

e Due to the algorithmic construction, the set D; found by the greedy algorithm is an indepen-
dence set of G.., because there does exists connected edge in D;. Hence, the size of D; is
upper bounded by «(G}). Since the empirically best arm must be selected into D; and the
adjustment of D; does not change the size of S;, the size of S; is equal to | D;|, which is
bounded by a(G4).

e Due the algorithmic construction, the LP finds a set D, with its size

Eag[| D] = z Eqq[Bernoulli(zq)] = 07(G).
acA
The following adjustment only add new empirically best arm and modify the arms in place,
SO
Eag[|St]] < Eatg[| Del] +1 = 05(Gr) + 1.

O

To derive the regret upper bound, we also need to define the following high-probability events.
These high-probability events and their variants have been proved in literatures Foster et al. (2018);
Simchi-Levi & Xu (2021); Foster et al. (2020). These results still hold in graph feedback setting as
more samples only help concentration and sampling probability in both options can still cover all
actions (in expectation). To avoid repetition, we directly write down the following events:

Tm—1 ~ 1
I = Vm Z 2 - Z Eﬂt,at |: Z (f’m(t)(xtaa) - f Tt,a ‘Ht 1:| = 5
m—1 4 a€Na, (Gt) Pm

Since the data size up to round ¢ is at most |.A[t, it is straightforward to show T" holds with probability
atleast 1 — §/2. This is the result of the union bound and the property of the Least Square Oracle
that is independent of algorithm design.

B.2 IMPLICIT OPTIMIZATION PROBLEM

Lemma B.1 (Implicit Optimization Problem). For all epoch m and all rounds t in epoch m, Qy is a
feasible solution to the following implicit optimization problem:

Z Q(m Regt < VISt = 1/pm 3)

Tew

E., | <1841+ v/[SHpm Reg, (), ¥ € (S, @

pt(”(xtlﬂxtv St)}
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Proof. Let m and t in epoch m be fixed. We have

ZQt Rth )
Tew
=3 QuUMEs, [(fm(ae, 75, (20)) = Fn(r, m(22))]
Tew
—E,, lZZI{ﬂ 1) = a} Qu(m) (fom (w1, 7 <xt>>—fm<xt,a>>]
acAmevw

=E, [Z pi(alzy, St)(fm(xtvﬂfm (1)) — fm(xna))} :

acA
The first and second equalities are the definitions of ﬁe\gt () and Q¢ (), respectively.

Now for the context x;, we have

Z pt(“‘mt’ St)(fm(ajh Tfn (mt)) - fm(wt’ a))

acA

_ Z fm(mf,ﬂfm(xt))—fm@f,a)
a€Si—{n; (w0)} St + ve(fm(@e, 75 (20)) = fm (2, 0))

< (IS¢l = 1/

< V |St‘ - 1/pm-

The first equality is due to the construction of p(+|-), which is zero of actions outside S;. Taking
expectation over the randomness of x; and G, we have

3" Qu(m)Reg,(r) < \/1Si] = 1/pm.

TeW

The first inequality is Jensen’s inequality and the second one is due to Lemma 3.1 and the property of
the conditional expectation.

For the second inequality, we first observe that for any policy m € ¥(S;), given any context z; € X,

1 N ~
oSy~ 1o (@ 7, (@) = fm(@e (@),

if W(xt) 7£ 7Tfm (xt), and

1 1 . .
piraiae 80 = 175~ 1o e g, () = fnli (@)

if m(zy) = 75 (2). The result follows immediately by taking expectation over z; and G. O

Compared with IOP in Simchi-Levi & Xu (2021), the key different part is that |.S;| is replaced by the
cardinality |.A| of the whole action set. Another difference lies in the universal policy space ¥. Since
we only consider a subspace of W, it will be possible for us to reduce the dependence of action sizes
in regrets. These two points highlight the adaptivity to graph feedbacks and show how the graph
structure affects the action selection.

B.3 PREDICTION ERROR

Our setting do not change the proof procedure of the following lemma Simchi-Levi & Xu (2021),
because this lemma does not explicitly involve the number of action set. This lemma bounds the
prediction error between the true reward and the estimated reward.

Lemma B.2 Assume I holds. For all epochs m > 1, all rounds t in epoch m, and all policies
m € U(Sy), then

R 1
Ri(m) — Ri(m)| < 2Pm 1§sg?:§t)*1E

)

ps(m(@s)lzs, S5)
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where the expectation is taken with respect to the randomness of x5 and Ss.

Proof. For any fixed round ¢ and any policy = € ¥(S;), we have

Foralls =1,2,---

Ry(m)

s Tm(t)—1, W€ have

Eas\xs

2

a€N,, (Gs)

= Zps(a\xs,S

acA

>ps(m(xs)|xs, S

Specifically, we have

Easlms l

>Es. [p

Therefore, we have

max E

— Ri(7) = Ea, [fne) (e, m(w0)) — £ (e, w(22)))-

(fm(t) (fsva) - f*(xs; a))z‘Hs_l, S;|

D

a’ENG(Gs)

z (fm(t) (xm CL) - f* (9387 a))2

aENaS (G‘s)

s(ﬂ(x8)|x87

Tm(t)—1

Z B, z.

(fn(o) (s, 0') = f*(25,"))?

)(fm t)(.’Es, (l‘s)) - f*(.’lﬁs,ﬂ'(l’s)))Q-

Hs—l]

SS)}(fm(t) (s, m(ws)) — f* (s, 77(335)))2-

Z (fm(t)(xsaa) _f*(xsaa))z‘Hsl‘|

1<s<Tm(t)-1 W e (C)
Tm(t)—1
~ . )
= Z E 7T<,’178 |.’I,‘S7 S) Eas,xlgl Z (fm(t)(xg,a) 7f (1’57a)) Hs—1‘|
a€Na, (Gs)
= E;CSESS Y &5 El‘s]Eas\zs (fm(t)(xs,a) _ f*(msaa))Q‘Hs—ll
s=1 pS(ﬂ—(xSNxSvSs) aENas(Gs)
[ i 7 2
Tmi):71 1 Z -
> Ewb ESS — N o~ Eas|ws (fm(t) (.’IIS,CL) _ f*(xs,a))2 Hoq
s=1 L _ps(ﬂ—(xs)krsass)_ GGNaS(GS)
Tm(t)—1 r r -
> Z Eﬂ% ESS ; ESS S(W(xs”x&SS) (fm(t) (l‘s,ﬂ'(l’s)) - f*(xs;ﬂ'(xs)))?
s=1 L _pS(W(xs)Ws,Ss)_

N

s=1

Tm(t)—1

> > [Ri(m) = Ru(m))?

s=1

:Tm(t)—1|Rt(7T)

— Ri(m) %

Ea [ fntey @5 w(s)) — (s, m(as))])°

Here, the inequalities result from Cauchy-Schwarz inequality, the previous deduction, the Jensen’s
inequality and the convexity of L; norm, respectively. The final equality results from the i.i.d.
assumption on context distribution. Therefore,

[Ry(m) — Re()]

2

1 Tm(t)—1 R
< max E Ea, x. T (@s,a) — f*(xs,0))2 | He 1]
1<8<Tm (1)1 Ps(”(ms”xs,ss)]ﬂn (t)—1 ; G el )( @ ) (7s,0a))?|Hs1
We conclude the proof by plugging in the definition of I'. (|
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The third step is to show that the one-step regret Reg; () is close to the one-step estimated regret

@t (7). In the following lemma, we mainly focus on the first option. Thanks to Lemma 3.1, the
following results can be easily extended to the second option.

Lemma B.3 Assume I" holds. Let co = 4. For all epochs m and all rounds t in epoch m, and all

policies T € V(Sy),
Reg(m) < 2Reg,(7) + co\/Ec|a(G)]/pm. &)

Reg,(n) < 2Reg(m) + co\/Ec[a(G)]/pm. (6)

Proof. We prove this lemma via induction on m. It is easy to check
Reg(r) <1, Reg,(r) < 1,
asy; = 0 and ¢oE¢ [a(Gy)] > 1. Hence, the base case holds.

For the inductive step, fix some epoch m > 1 and assume that for all epochs m’ < m, all rounds ¢’
in epoch m/’, and all = € W, the inequalities (9) and (10) hold. We first show that for all rounds ¢ in

epochmand all m € U,
Reg(m) < 2Reg,(m) + cor/Eq[a(G)]/pm.-
‘We have

Reg(m) — Reg,(m)

=[R(ms-) = R(m)] = [Ru(m;, ) — Ra(m)]
<[R(ry) — R(m)] - [Rtmc) Re(m)]
<[R(mp+) = Ru(mp-)| + [R(m) — Ry(r))|

1
— max E
2pm 1SSSTTIL(t)—1

1
pS(T"f* (zs)|zs, Ss)

1
+ max E —_———————
20m \| 1<s<Tm(r)—1 lps(ﬂ(ms)lms, Ss)‘|

1 1
maX1gngm(t),1E{m] maXlSSﬁTm(t)—lE{m] 5vEg[a(G)]
5pm v/ Ecla(G)] 5pm v/ Ecla(G)] 8pm
The last inequality is by the AM-GM inequality.

<

From Lemma B.1 and Lemma 3.1 we know that

1 < Ec[(G)] + /Ea[a(G)]pm Reg,(r),

pS(Wf* (w4)|xs, S)
holds for all 7 € ¥, for all epoch m € [M] and for all rounds ¢ in corresponding epochs. Hence, for
epoch m and all rounds ¢ in this epoch, we have

max E
1<s<Tm(t)—1

1
MAX1<s<ry )1 B {pi(m:)\szs)}

SPm Ec [a(G)]
<Eelo(@)] +BalVal(@lom-1Reg(m) g 00p )
- 5v/Ec[a(G)]pm

<Bolo(G) + Boly/aC s BRlr)+ oy BT
B 5vEa[a(G)]pm
<Egla(G)] + EG[Q(G)]Pm 1[2Reg(m) + cor/Eg[a(G)]/ prm—1]
B Eq[o(G)]pm

séRegwﬁ””*wl;c‘H/ Gla(@)]

m

, (inductive assumption)

, (Jensen’s inequality)
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1
MaX1<s<r,, (1)1 [mﬂ_f* <z~s>|ws,ss>}
5pm\/Ecla(@)]

Combing all above inequalities yields

‘We can bound

in the same way.

Reg(m) ~ Regr) <0 RO 4 S () 4 L M
<Reg,(m) + (2(1+ 2) + g)EGp[a@”

<Reg,(m) + co

m

Similarly, we have

<[R(m; ) = Rulm; )|+ |R(x) — Re(r).

We can bound the above terms in the same steps.

Now it is time to prove the theorem of the minimax regret.
Proof. Our regret analysis builds on the framework in Simchi-Levi & Xu (2021).

Step 1: proving an implicit optimization problem for (J; in Lemma B.1.

Step 2: bounding the prediction error between Ry () and R¢(7) in Lemma B.2. Then we can show
that the one-step regrets Reg, (7) and Reg() are close to each other.

Step 3: bounding the cumulative regret Reg(T').
By Lemma 4 of Simchi-Levi & Xu (2021),

At the round ¢, the policy space ¥ shrinks to ¥(S;) so we only need to consider the polices in this
subspace. From Lemma B.3, we know

Reg(n) < 2Reg,(r) + cor/Ec|a(G)]/pm
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SO

T
E[Reg(T)] = Q:(m)Reg()

t=1 7€ W (S,)
T
<2y Q:(m)Reg, (m +ZCO\/EG )/ Py
=1 new(S,)
2 + Co EG
=1 Pm(t
[logy T']
<2+ co)VEcla(@)] Y \/10g(25*1|}"| 1082 T)Tm_1/1
m=1
\/ [logy T'] o L
<(2 + o) VEg[a(G)] log(26— 1| F|log* T) /0 _
mzl vV Tm—1
[log, T']

<2 + o) VEg[a(G)] log(26-1| F|log? T) /1 Z vz

<17.875/Ec[a(G)] log(26~ 1| F| log? T)T /.

O

We have completed the proof of the first option. For the second option, we only need to plug in the
expected upper bound E¢[0(G)]. The remaining steps do not change so we can still obtain the final
regret upper bounds.

B.4 INCORPORATING THE UNIFORM GAP

To incorporate the instance gaps, we define the following quantities that are used to show the regret
upper bound:

Gm = Egnp, [|A(@; Fr)| > 1]
Wi, = gm + tm

Similarly, we need to define the following high-probability event I'.

Lemma B.4 (Foster et al. (2018; 2020)) Let Cs = 161log(20 1| F||.A|*T?) and M = [logT]. De-
note the following events as I';,i = 1,2, 3, respectively.

1. Forallm € [M], for all B,, > 0,

Z Elt,at[ Z (fm(mh a’) - f*(wha))Q‘%t*l] S 05
t=Tm—2 aENn,t (Gy)
and
Vf Gfmﬂ Z ]ECEt,llt[ Z (fM(mt’a) _f*(xha'))QlHt*l] S 26m+0§
t=Tm—2 aENat(Gt)

2. Forallm € [M], we have f* € Fyr C Far—1 C -+ F1.

3. Forall m € [M], we have %wm < %wm < %wm.

Then with probability 1 — ¢, the event I' = ﬂg’:l T'; holds.

20
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Given the high-probability event I', we observe f,, € Fn, and f* € F,, for all m € [M]. Since
5] = 1, we must have 7y (x) = 7y« (z) = 7; (). Therefore, we only need to consider R ()

and R (7). Define the following quantities:
R () = EL{|S:| > 1} f*(x, m(x))] and R{* () = EL{|Se| > 1} fin (2, m(2))].

We conclude that » 4
Regy(m) = R{* (m-) = Ry ()

and o . .
Reg,(m) = R{"(mp+) — R{™ ()

when T" holds. Now we prove a proposition of selected quantities \,;, = Wy, /+/Win—1-

Proposition B.1 Assume that T holds. Then p,y, /Wy, is monotonically non-decreasing in m.

Proof. We have £+ = 0 form =1 and

Pm _ U(Trn 1 Tm 2)

Wi, W log (261 | F||A[PT?)
foralm=2,--- , M.

Clearly, the property holds for m = 2. Hence, for allm = 3,--- , M, we have

Pm—1 /pm _ wm—Q (Tm—2 *Tm—B) _ wm 2 /wm 2
UA)m,1 ’UA)m ’Li)mfl (Tmfl _Tm72) 2wm 1 2 X wm 1

The last inequality due to the fact that Fp; C Fpr—1---F1 and thus wy,—2 = @m—2 + fm—2 <
Gm-1+ m—-1 < Wrp—1.

O

Then we need to modify the proof of Lemma B.1 to incorporate the quantity ¢,,. We mainly focus on
the first option.

Corollary B.1 (Disagreement-based Implicit Optimization Problem). For all epoch m and all rounds
t in epoch m, Q; is a feasible solution to the following implicit optimization problem:

|: Z Qi(m Regt } < gmy\/E G/ pm (7

Tew

E {m} < 4nBEc[a(G)] + \/Ecla(G)pm Reg,(r), V7 € U(S).  (8)

Proof. From the proof of Lemma B.1, we know that

E[ Y Qu(m)Reg, (r)]

Tew

<E[\/[5:| = 1]/ pm
E[15t] = 1{[St| > 1} + E[\/[5:| = 1L{|S:| = 1}])/ pm
E[V1Si] = 1L{|S:| > 1}]/pm
E[V1Si] = 1L{|A(zs; Fim)| > 1}/ pm
=]E[\/ || = TE[L{|A(z; Fn)| > 1}|Gi]/pm
<gm\/Ecla(G)] = 1/pm.

The fourth inequality is due to the fact that I{|S;| > 1} implies I {|A(z; F,,)| > 1}. The last
equality is due to the independence of z; and G;.
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For the second inequality, we have

RUCESS
E :pt(”(l’t)\ﬂft,St)_
e[ L ] g[ Msi=1)
- (7 (24|20, 51). E {pt(ﬂ(xt”xt,&)}
) X /
- Lpe (7 ()|, Se) | P(|S;| =1)

<Es,[|Si]] + \/Ec[a(G)]pm Reg,(m) — P(|Si| = 1)
<Es,[|5:[1{|S:| = 1}] + Es, [|S:|T{|S:] > 1}] + /Eg[a(G)]pm Reg, (x) — B(|Si| = 1)
<amEcla(@)] + \Ecla(G)]pn Reg, (n).

d
For the second step, we directly write down the results as the proof does not involve any action sizes.

We can follow the similar proof steps as Lemma B.2.

Lemma B.5 Assume ' holds. For all epochs m > 1, all rounds t in epoch m, and all policies
7w € U(Sy), then

Ri(m) — Ru(m)| < Am max K

o 2pm 1§5S7-m(t,)—1

I{|Ss] > 1}
Ps (7"(555)|$57 S;)

)

where the expectation is taken with respect to the randomness of xs and S;.

The third step is to show that the one-step regret Reg; () is close to the one-step estimated regret
Reg, (). The following lemma states the result.

Lemma B.6 Assume I" holds. Let co = 4. For all epochs m and all rounds t in epoch m, and all
policies m € U(S}),

Regy(m) < 2Reg, (m) + cotim\/Ec[a(G)]/pm, ©)
Reg,(m) < 2Regy () + cotbmr/Ec[a(G)]/ pm.- (10)

Proof. We prove this lemma via induction on m. It is easy to check
Regi(m) < 1,§e\gt(7r) <1,

asy1 = 0 and coE¢ [a(G)] > 1. Hence, the base case holds.

For the inductive step, fix some epoch m > 1 and assume that for all epochs m’ < m, all rounds '
in epoch m/, and all 7 € W, the inequalities (9) and (10) hold. We first show that for all rounds ¢ in
epochmandallm € U,

Regy () < 2Reg, () + cottm\/Ec[a(Gy)]/pm.
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‘We have

Regy(m) — Regt (m)
=[RY () = R ()] = [R{™ (7, ) = R ()]

[RY(mpe) = RY (m)] — [RE™ (mpe ) — RE™ ()]
<RW (p-) = RE ()| + R () = R ()|

A'ﬂl m S
<o max E + A max E IS > 1}

2pm 1<s<Tm)—1 ps(ﬂ-f* (:Es)lxsws ) 2pm 1<s<Tm(t)-1 ps(ﬁ($5)|xs75 )

I{|Ss[>1} I{|Ss|>1}

<maX1§s§rmu>71E[ps(ﬂf*(xs)m,sd)] MAX] <5<, (1)1 E[pis(ﬂ(ws)‘ms,ss)} 5v/Eq[a(G)]im,
T SomyEe[o(G)]im -1/t 5pm v/ Ec[a(G)]tm—1/10m 8pm '

The last inequality is by the AM-GM inequality.

From Corollary B.1 we know that

I{|Ss| > 1} _
ety S e Eela(G) + Bl (@)l Reg (),

holds for all 7 € W, for all epoch m € [M] and for all rounds ¢ in corresponding epochs. Hence, for
epoch m and all rounds ¢ in this epoch, we have

I{|Ss|>1}
MAX1<s<Tn (1)1 E[ipsw(ms)lzmsn

5pm/ Ec[a(G)]dom—1 /1m
_ In1B[0(G)) + Baly/a(@)lpm 1 Regy ()
- 5VEG[a(G) pmtm—1/dom
<Qm71]EG[a(G)]+]EG[ (G)]pm-— 1[2R€9t ) + coWm—1y/Ec[a(G)]/pm-1]
- 5vVEq[a(G)] pmm—1/t0m
<qm—1]EG[CV(G)]+ Eg[a(G)lpm- 1[2R€gt ) + coWm—1v/Ec[a(G)]/pm-1]
- 5\/EG7pmwm—1/wm

2 m— A/ITL— m— Am— e
SgRegt(w)p pnl;wf)m L4 q5p,:1IJJ:nC,01u/)wm1 v/ Egla(G)], (Proposition B.1 and gy,—1 < w,y,)

g%Regt(w) + 4/3%1?% Ecla(G)]/pm.

1{]Ss|>1}
Maxi<s<r, oy 1 B [m«f* <ms)|ms,ss>}

50m\/Ecl(G)]Wm—1/m

max E {

1<s<Tm(t)—1

, (Corollary B.1)

, (inductive assumption)

, (Jensen’s inequality)

We can bound in the same way.

Combing all above inequalities yields

Reg(r) ~ Regu(r) < O SO | ey () P e
<Regy(m) + (205 + L) + Do, 2E
<Reg,(r) +co 2" %G[“(G”

Similarly, we have
R (wf,) = R ()] = R (p) = RY(m)
—R{*(m)] — R () = R (m)]

|

(
<IRT(m, ) = R (g )|+ [RY(m) = R ().
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We can bound the above terms in the same steps.

O

Lemma B.7 Assume I holds. For all epochs m and all rounds t in epoch m, and all f € F,,, we

have
Reg,(ny) < 6Wmr/Eg[a(G)M/pp,.

Proof. We rewrite Reg,(ny) as E[I{n;(x) # mp-} (f*(z,mp+(x)) — f*(x,7s(2)))]. Hence we
have

Reg.(my)
=E[I{ms(x) # mp(z)} (f* (2,75 (2)) — [ (2,74 (2)))]

=E[L{my(2) # 77 ()} (757 (2) = g () + S (2) = S ()
+ f(xvﬁf(x)) - f*(.%', 71—f(x)))
<E[{mp(2) £ 75 (@)} (7 (@)) = S (g @) + | (@) — flamp @)D
We now consider the term (Regq(s))? as following.

(Rege(my))?
SB[ {ms (@) # mp- @)} (7 (@ 7y (@) = f@smpe ()] + 1S (@ mp (@) = fla mp(@)])?

L{[S:] >1} L{[S] > 1} ) . 2
< _
_E —(ptl(ﬂ—f(x)l',st) +pt 1(7Tf ( )lx St) E93 ,a~pe_1(-|x, St)(f (x,a) f(xaa))
( L{[S:| > 1} I{|St| > 1} )} (28m + Cs)
<E +
\pe_1(mp(x)|2, S)  pei(mp=(x)|2, Sp) Ny /2
2
e [( M8 I{|st| > 1) )} 2001,
\pe—i(mp(z)|, St)  pe—r(mp-(2)|z, St)
From Corollary B.1 we know
{ I{|St| >1} ]
pi—1(ms(w)|z, St)
<gm-1Ec[a(Q)] + /E[a(G)] pm— 1Reg7m (mp)

<qm— IEG ) +2 E[Q(G)}pm 1R€g7_m 1 7Tf + ot — 1E[ (G)]
3
§§wm_1EG [(G)] + 24/E[a(G)]pm—1Reg,, _ (7f) + com-1E[a(G)].

and

B {pt f(ﬁtkﬂi}sﬁ)}

<qm- 1EG [a(G)]pm 1RegT . 7Tf )
<gn-1Ecla <G>] + 2\/E[a<G>]pm_1Re9m,l (m5+) + cotbm—1Ela(G)]
3
§§u§m_1Eg[a(G)] + 72, -1 Egla(G)].
Plugging the above two inequalities yields
(Regi(my))? < (24/Ecla(@)lpm—1Rege(my) + (2¢0 + 3)im—1Ec[a(G)))

which implies

2Mmi?,

A~ 2 M
Wm—1Pm

(Regu(p)? < (2/Eala(G)] 22221 Regy(ny) + (260 + 3) i -1Ecla(G)]) 2L

Wi, Wi —1p2,
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according to Proposition B.1.

Solving the inequality for Reg; (7 ) shows that

Regi(ns) < et log T/Ecla(G)]/pm,

where ¢; = 6.
O

At this point, we can bound the regret within each epoch using the above, which gives a bound in
terms of the empirical disagreement probability w,,,. To proceed, we relate this quantity to the policy
disagreement coefficient. Our proof can directly follow from that in Foster et al. (2020) by replacing

A with E¢[a(G)] and A/~ with \/Eg[a(G)]/pm. Our regret analysis builds on the framework in
Simchi-Levi & Xu (2021). Hence, we can directly write down the following lemma.

Lemma B.8 Assume that I" holds. For any fix € > 0 and every m € [M], we have
E[a(G)]log(26~ T2 256 log(4M /o

5 Qe Res(e) < ms [, 2L G N ORI TAFD | oot/
Tew m—1

where 0°°°(F,€) = sup,s., tPx(x € X : 3f € F such that wy(x) # w4 (x)) and F&© =
{f € FIR(rf-) — Rimy) < ).

9
Nm—1

Corollary B.2 Assume that T and Assumption 3.1 holds. For any fix € > 0 and every m € [M], we
have

Z Q:(m)Reg,(m) < max {GA,

Tew

207! (F, Ela(G) 10g<251T2|f|>} . 236loa(4M/5)

Anm—l Mm—1

Proof. We replace e/A with € in Lemma B.8. Since
A=A € FIR(mp-) = R(my) < eA},
we have
Py(z € X : 3f € Fcsuchthat mp(z) # mp-(2))A < R(myp+) — R(my) < €A
We conclude that
Py(x € X : 3f € Fesuchthat mp(x) # mp«(x)) <€
and thus
Py(xz € X : 3f € Fo such that my(x) # w5 (2))

csc ol
0°°°(F,eA) < :1215 A = 0P (F,e)/A.
]
Now it is time to prove the gap-dependent upper bound in Theorem 3.3.
Proof.
E[Reg(T Z > Q) (m)Regi(r)
t=1 wev¥
M Tm
<> Q:(m)Regy ()
m=1t=1p,_1+1 7V
M pol —12
<3 m, (max (A, 20! (F, €)E[a(G)] log(26—1T?) " 256 log(4M/5)>
m—1 An1n—1 Nm—1
M pol —172
< (max{eAnm, 2e2077(F G)E[QA(G)} log(20~ T )}+ 51210g(4M/5)>
m=1
pol —1p2
<max {EAT, 20207 (F, E)E[Q(Gﬁ log(207 T )logT} + 512log T'log(41og T'/4)
(]

Again, for the second option, we can directly replace E¢ [a(G)] with E¢[d(G)].
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B.5 LOWER BOUND

To establish tour lower bound, we synergistically combine the methodologies employed to prove
lower bounds in contextual bandits as described in (Foster et al., 2020), with the techniques utilized in
proving lower bounds for multi-armed bandit algorithms incorporating graph feedback, as presented
in (Buccapatnam et al., 2017). We introduce hyperparameters A and ¢ for our construction, which
will be determined later. For simplicity, we assume that the action set .A can be rewritten as [|.A]].

Contexts. We define d := [log(|F|)] and k& = |e~!]. The context domain, denoted as X, is
constructed from d disjoint partitions labeled as XV ... X(4)_ Each partition X'?) comprises the
set {240 (1) ... 2R for i € [d]. The total size of different contexts is d(k -+ 1). By taking
the union of these partitions, we obtain the complete context domain X'.

To define the context distribution D, we specify the probabilities assigned to each context in X'. Let
D* denote the distribution over X (). In D?, each context (/) for j € [k] is assigned a probability
of €, while the context (4% has a probability of 1 — ke > 0. To obtain the overall context distribution
D, we average D' over all d partitions: D = % ¢, D

Function space. We now choose a regression function class F. For each subset X’ @), we de-
fine a corresponding class of regression functions F(*) in the following manner. Initially, we set
FOO (289) ) = (1/2 + A, 1/2,---,1/2) for all 5. Next, for each b # a1 and I € [k], we specify:

FOLD) () ) = { %1 + Aer,j #1

51 + Aeb7j == l
Here, 1 denotes all-one vectors and e, is a basis vector where the b-coordinate is equal to 1. To obtain
the function class J, we stitch together (1), ... | F(@) over their respective subsets of the domain.

The function class F induces a policy space denoted as II. This policy space satisfies 7 (0) (z:(4:0)) =

1 and o
A(ilb) L, ifj#l,
b, ifj=1.
This class consists of all policies that deviate from a; on a subset of contexts of size at most d, with
the condition that this subset intersects with each X'(¥) at most once.

Regret decomposition. Let P("/%) denote the reward distribution given by r(a) ~
Bernoulli( /) (x,a)) conditioned on z for each z € X(®). We define p;(v,a) = P(a; =
alHt — 1,2, = z) and p(z,a) = 7 23:1 pi(xz,a). For any sequence v = vy, --- , 1y, where
v; = (v;,b;) with v; € [k] and b; € {2,---,|A|}, we let P, denote the distribution of H7 when
the reward distribution for X'(?) is given by P(:%::b:)  We sample the problem instance v from a
distribution defined as follows: for each 4, set v; = 0 with probability 1/2. Otherwise, select v;
uniformly from [k], and select b; uniformly from {2, - - - | |.A|}. According to Foster et al. (2020), we
have the inequality

AT d k '
E[Eu [Reg(T)]] 2 m Z Eﬂ:b(i,l‘b) ||]3 - W(Z’l’b) ||L1(D(77))-
i=1 I=1 b#a,
Let Z C [d] denote the set of indices ¢ for which
1 ; .
RIAT=T) 2 2 Erwnllp =Vl o) < ¢/32
1=1 b#a;

If |Z| < d/2, then
E[E,[Reg(T)]] > eAT/32.

For the other case, we have |Z| > d/2. In this case, such condition satisfies the requirement of the

Fano method with reverse KL-divergence in (Raginsky & Rakhlin, 2011). It implies that for P(+:9-0)
we have

In2 <

| =

k
> KLU PG vh = 2,3, | Al
=1

26



Under review as a conference paper at ICLR 2024

Note that

KL(P(i,O,O)H]p(i,l,b))
= KL(Bernoulli(L/2)|| Bernoulli(L/2 + 23))Eg..00 [O(z), )
< 4A2Ep(i,o,0) [O(fc(i’l)v b)],

where O(x(“)) b) is equal to the number of observing the rewards of the arm b when the context
26D occurs. Hence, we have

klog2
4A2 7

]EP(L',U,O) [O(X(l) — {1‘(i’0)}, b)} >

Denote N (X (@ — {z(:0)} b) the number of pulling the arm b when the contexts in X' () — {40}
occur. From the graph structure we know that

klog?2

Z gu,bEP(i,0,0) [N(.'L't c X(L) - {.'JC(L7O)}7U)] 2 E]}»(i,o,o) [O(:Tt S X(l) - {x(i70)}, b)] 2 W

uer

These lead to the constraints of the linear programming (2). Moreover, we have

d
E[E, [Reg(T)]] > AE |E, [ > 1{z, € X — {209} a; # ay,v; = 0})

t=1 i=1

Mg
M=

A
>
-2

Epeio0[I {xt e x® (g0} g, £ al}]

Il
-
-
Il

i 1

E]pu o, 0) X(i) - {$(i’0)}7 b)]
Fa1

w\|>
M&

I
—
>

The term 321 Eci0.0) [N (X@ — {29} b)] is the object of the linear programming, so

7 2,0 —
b; Epcio.0 [N X()—{x( )},b)] > A2 = TRAZ
ax

if Epio0) [N(XD — {z(00} 1)] > |A].

Combing all above inequalities yield

E[E, [Reg(T)]] =

where we can select a value e such that = > 2|1 ]. Therefore we have

E[E,[Reg(T)]] > min{%7 e;:r}'

91(G) (G) and obtain

E[E,[Reg(T)]] > 1/6¢(G)T/32.

Since the expectation is larger than /9 ;(G)T'/32, There must exist an instance such that the regret
on this instance is larger than /d;(G)T'/32.

Time-varying graphs. Now we consider the time-varying graphs. We divide the time horizon
according to the graph GG. We know that there exists an instance such that

E[Reg(Tc)] > \/0¢(G)Tc/32,

27
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where T is the number of times that the graph G occurs. Therefore,

We complete the proof.

E[Reg(T)] = Eg[» _ Eq[Reg(Te)|G]]

Geg
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C ADDITIONAL ALGORITHMS

Algorithm 2 ConstructExplorationSet - Option 1

Input: the adjacency matrix G, the adaptive set A(z; Fpp ), gaps Ag ¢ for a € A(zy; Fin)
1: Sort gaps in the ascending order
2: Initialize auxiliary set B; and the exploration set S; to be empty
3: for each arm a in A(xy; F,,) do
4: if the arm a is notin B; then
5: Put the arm a in S
6 Update B; = By UN,(Gy)

Output: An exploration set .S;

Algorithm 3 ConstructExplorationSet - Option 2

Input: the adjacency matrix G, the adaptive set A(xy; F,y, ), the empirical best arm G
1: Solve the (2) to obtain the optimal solution 2 for each a € A
2: Initialize the exploration set S; to be empty
3: for each arm a in A do
4: if Bernoulli(z})==1 then

5: Put the arm a in S

6: for each arm a in S; do

7. if Ny(Gy) N A(ze; Frn) = 0 then

8: Remove the arm a in S;

9: if [N, (Gy) N A(xy; Fr)| =1 then
10: Let the arm in N, (G¢) N A(z¢; F) be @
11: Remove the arm a in S; and add the arm a in S

12: Add the empirical best arm a, in .Sy
Qutput: An exploration set .Sy

Algorithm 4 A random graph generator

Input: The number of nodes K, a dense factor
1: Initialization: a K x K identity matrix G, a counter ¢
2: repeat
3: Uniformly sample two nodes u, v in [K]
4: Add the edge (u,v) and (v, u), i.e., G[u][v] = Gv][u] =1
5: t=t+1
6: until t >n x K?
Qutput: An adjacency matrix G

D CONCLUSION

In this paper, we have introduced a framework for incorporating side-observations into contextual
bandits with a general reward function space. We have derived instance-independent upper and lower
bounds on the regret and proposed a near-optimal algorithm that matches these lower bounds up to
logarithmic terms and constants. However, there are several avenues for future research and extension
of our work.

Firstly, it would be valuable to explore the possibility of capturing the gap-dependent upper bound in
a more precise manner than what is presented in Theorem 3.3. Assuming the gap condition:

P, (@) = fo(@a) > A,y Vo€ X,
we still lack a method to establish a gap-dependent upper bound specific to each arm, similar to

the case in MAB. Obtaining such gap-dependent upper bounds would allow us to more accurately
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Algorithm 5 An Adaptive Contextual Bandit algorithm with Graph feedback (AdaCB.G)

Input: time horizon T, confidence parameter J, tuning parameters 7
1: Set epoch schedule {7,,, = 2"™,Vm € N} and the sample splitting schedule ¢,, =
for epochm =1,2,--- ,[log, T'] do
Compute the confidence radius 3, = 16(logT — m + 1) log(2|F||A[*T?/6)
Compute the smoothing parameter s, = 641og(46~11og T)/(Tsn — Tin—1)
Compute the function

Tm+Tm—1

2

Tm—1

fm = arg mln Z Z (f(wn,a) — yn,a)2

n=1 a€Nag,, (Gn)

via the Offline Least Square Oracle
6: Compute

tm—1 tm—1

]:m: fEJ:‘Z Z (f(xnva)_yna S?Il Z Z (f(xn;a>_yn,a)2+6m
n=1 aeN., (G

n=1 a€eN,, (Gn)
7: Compute the instance-dependent scale factor
Eonp,, T{A(@; Fin) > 1} + pim
VEenn, T{A@; Frmt) > 1+ pn—1

where Dy, ~ unif(zt,, 41, o, _ ) (forthe firstepoch, \; = 1)

Am =

8: for roundt =7,,_1+1,---, 7, do
9: Observe the context z; and the graph G
10: Compute the best arm candidate set A(xz; Fyp)
11: if |A(z; Fn)| ==1 then
12: Let the exploration set be S; = {a:}, where G; = maxgea fm (2, a)
13: else
14: Call the subroutine ConstructExplorationSet to find the exploration set Sy
15: if | S| > | A(z; Frr,)| then
16: Let the exploration set S; be A(z; Fon)
17: Compute v = A/ %% (for the first epoch, v, = 0)
18: Compute the following probabilities
1 _ A~
S Ui FpGeay foralla € S —{a}
pi(a) = 0, foralla € A — Sy,

1 =3 4z, pt(a), fora = ay,

where 4; = max,e .4 fm (z¢,a)
19: Sample a; ~ p;(-) and take the action a;
20: Observe a feedback graph {(a, yt.q)|a € Ny, (G)} from G,
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balance the trade-off between the number of arms to explore and their corresponding gaps, as we
discuss in the first option and the second option.

Then, we aim to develop a best-of-both-worlds algorithm that can automatically adapt and perform
well in both stochastic and adversarial settings. This will enhance the practical applicability of our
framework and allow it to address a broader range of real-world problems. By designing an algorithm
that can dynamically adjust its behavior based on the environmental characteristics, people may
achieve superior performance across different scenarios.

Furthermore, we recognize the importance of studying uninformed graph feedback problems. While
our current framework focuses on the informed graph feedback setting, where the entire feedback
graph is known prior to each decision, many practical problems involve uninformed graph feedback,
where the graph is unknown at decision time. Investigating strategies and algorithms that can handle
this scenario effectively is an important direction for future research.

Additionally, we aim to derive gap-dependent upper bounds for more general types of feedback
graphs, such as weakly observable graphs. Our current approach may face limitations in constructing
an effective exploration set in these cases, and new techniques and strategies need to be developed to
overcome these challenges. By extending our framework to handle diverse types of feedback graphs,
we can enhance its versatility and address a wider range of real-world applications.
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