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ABSTRACT

We introduce contextual queueing bandits, a new context-aware framework for
scheduling while simultaneously learning unknown service rates. Individual jobs
carry heterogeneous contextual features, based on which the agent chooses a job
and matches it with a server to maximize the departure rate. The service/departure
rate is governed by a logistic model of the contextual feature with an unknown
server-specific parameter. To evaluate the performance of a policy, we consider
queue length regret, defined as the difference in queue length between the pol-
icy and the optimal policy. The main challenge in the analysis is that the lists of
remaining job features in the queue may differ under our policy versus the opti-
mal policy for a given time step, since they may process jobs in different orders.
To address this, we propose the idea of policy-switching queues equipped with a
sophisticated coupling argument. This leads to a novel queue length regret decom-
position framework, allowing us to understand the short-term effect of choosing
a suboptimal job-server pair and its long-term effect on queue state differences.
We show that our algorithm, CQB-¢, achieves a regret upper bound of (’)(T‘l/ 4.
We also consider the setting of adversarially chosen contexts, for which our sec-
ond algorithm, CQB-Opt, achieves a regret upper bound of (’)(log2 T). Lastly, we
provide experimental results that validate our theoretical findings.

1 INTRODUCTION

Queueing systems play an important role in modern service platforms such as cloud job sched-
ulers, personalized recommendation systems, ride-hailing, delivery marketplaces, call centers, and
large-scale LLM inference (Neely, 2010; Aksin et al., 2007; Yang et al., 2024; Fu et al., 2024;
Mitzenmacher & Shahout, 2025; Lee et al., 2024a). A central difficulty in these platforms is the
necessity to account for individual jobs with diverse features and contexts, such as job sizes, power
usage, user profiles, and compatible devices, when assigning them to processors. Providing such
context-aware service is crucial to improving overall service quality. However, once heterogeneous
contextual features are allowed for different jobs, assuming a priori knowledge of service (departure)
rates for all job—server pairs is unrealistic. This motivates real-time scheduling algorithms that si-
multaneously learn unknown context-dependent service rates from observed queue dynamics while
making job-server assignments in real time.

There has been a substantial body of work on scheduling in uncertain environments, where the
scheduler must simultaneously learn unknown system parameters while making job—server alloca-
tion decisions. Among these efforts, approaches that model the problem of learning unknown service
rates using multi-armed bandit formulations have received significant attention (Krishnasamy et al.,
2016; Gaitonde & Tardos, 2020; Choudhury et al., 2021; Stahlbuhk et al., 2021; Sentenac et al.,
2021; Hsu et al., 2022; Freund et al., 2022; Yang et al., 2023; Huang et al., 2024; Krishnakumar
& Sinha, 2025). In particular, frameworks that minimize the notion of queue length regret (Krish-
nasamy et al., 2016; Stahlbuhk et al., 2021; Krishnakumar & Sinha, 2025), defined as the difference
in queue length under a given policy versus the optimal policy, provide a useful lens for developing
and analyzing algorithms that ensure stability even when service rates are unknown. However, these
existing works on queue length regret do not take into account individual job contexts.

Recently, Kim & Oh (2024) consider a context-aware approach in which each queue is assigned a
fixed contextual vector, and all jobs within the same queue share the same context. Then a job in
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Figure 1: Illustration of the queueing processes under our policy 7 and the optimal policy 7*
contextual queueing bandits with three servers. Due to a suboptimal choice by our policy 7 in round
t + 1, the queue states diverge in round ¢ + 2, where we call this queue state misalignment.

a queue is allocated to a server whose service rate is determined by the contextual vector and the
unknown parameter of the server. However, since it is required for their model to fix the number of
distinct queues, it does not fully support heterogeneous contexts for different jobs. Another issue is
that they define regret to maximize the cumulative weight sum for the MaxWeight algorithm, which
is far from capturing queue length regret.

Motivated by these limitations, we propose contextual queueing bandits, a new context-aware frame-
work to learn unknown service rates where jobs arrive with heterogeneous contextual features, the
agent selects a job—server pair for assignment in each time step, and the service/departure rate is de-
termined by a logistic model with the contextual feature and the unknown server-specific parameter.
We present two algorithms, CQB-e and CQB-Opt, and evaluate the policies via the notion of queue
length regret. Unlike previous work that assumes a fixed context for each queue, allowing heteroge-
neous contexts brings about a specific challenge. That is, the context features of the remaining jobs
in a queue under our policy may differ from those under the optimal policy, since the two distinct
policies may take different job processing orders. We call this phenomenon queue state misalign-
ment, illustrated in Figure 1. Addressing this issue is the main challenge in analyzing algorithms
designed to minimize queue length regret. Our contributions are summarized below in detail.

* We introduce contextual queueing bandits, a novel context-aware framework for schedul-
ing and queueing system control while simultaneously learning unknown service rates.
Jobs carry heterogeneous context information, based on which the agent selects a job and
assigns it to a server so that the departure rate is maximized. The departure rate is given
by a feature-based logistic model, whose parameter is unknown to the agent. To evaluate
policies, we take queue length regret, which is defined as the difference in queue length
under a given policy versus the optimal policy. This is the first work to establish a provable
decay rate for queue length regret under contextual queueing bandit settings.

* The main challenge in analyzing queue length regret is that, for a given time step, the list
of remaining job features in the queue under our policy may differ from the remaining
feature list under the optimal policy. This happens because our policy may process jobs
in a different order from the optimal policy. We refer to this as queue state misalignment,
which makes it difficult to compare the queue states under two distinct policies for a given
time step. To address this, we take policy-switching queues which follow our policy up to a
certain round and then switch to the optimal policy thereafter. This lets us decompose queue
length regret into a telescoping sum, each of whose terms is the difference in queue length
between two policy-switching queues whose moments of switching differ by exactly one
round. Under this alignment technique, equipped with a sophisticated coupling argument,
we can provide an upper bound on each term given by the product of (i) the difference in
departure rates for the round when two consecutive policy-switching queues apply different
policies and (ii) the long-term impact of queue state differences at the end of time horizon.

*+ We show that our algorithm, CQB-¢, achieves a queue length regret bound of O(T~1/4),
which vanishes for large T'. To achieve the decaying bound, our algorithm proceeds with
two phases; it goes through a pure-exploration phase first and switches to an e-greedy
policy. We can argue that the gap between service rates for the job-server pairs under the
algorithm and the optimal policy is nonincreasing. Furthermore, we show that the impact
of policy switching in one round on queue state differences at the end of time horizon
is nondecreasing. Combining these two via Chebyshev’s sum inequality, we provide the
desired queue length regret upper bound.
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* We also consider the setting where job contexts are chosen by the adversary. For the ad-
versarial setting, our second algorithm, CQB-Opt, achieves a queue length regret upper
bound of (’)(log2 T'). The main difficulty for the analysis is that it is hard to uniformly con-
trol the uncertainty term, which is defined to capture the magnitude of the selected feature
vector relative to the previously chosen ones and its directional deviation from them. In
contrast, for the stochastic setting, we observe a smooth transition from a phase where the
uncertainty term is large to another phase where it is small, based on which we develop
the two phase structure of CQB-¢. However, for the adversarial setting, the uncertainty
term can still be large even towards the end of time horizon. To get around this issue, we
instead count the total number of such rounds and analyze the underlying randomness in
their occurrence. This lets us apply the coupling-based queue length regret decomposition
technique, subject to incurring a poly-logarithmic term in the regret upper bound.

We again emphasize that our analysis and proof techniques are novel, developed to characterize
queue length regret under queue state misalignment. In particular, our queue length regret decom-
position approach lets us understand the short-term effect of choosing a suboptimal job-server pair
and its long-term effect on queue state differences, which is of independent interest.

2 RELATED WORK

Queueing Bandits. Krishnasamy et al. (2016) introduce the framework of queueing bandits for
modeling queueing system control problems where learning unknown service rates is required while
scheduling jobs. By leveraging connections with multi-armed bandits and, at the same time, discov-
ering queueing-specific dynamics, they establish a decaying upper bound on queue length regret.
This work has motivated a significant body of follow-up work on designing algorithms for schedul-
ing while learning unknown service rates based on bandit learning, such as learning with dispatching
and MaxWeight-based algorithms (Krishnasamy et al., 2016; Gaitonde & Tardos, 2020; Choudhury
et al., 2021; Stahlbuhk et al., 2021; Sentenac et al., 2021; Hsu et al., 2022; Freund et al., 2022; Yang
et al., 2023; Huang et al., 2024; Krishnakumar & Sinha, 2025). However, these do not consider het-
erogeneous contexts for individual jobs, limiting their applications in modern personalized service
platforms. Recently, Kim & Oh (2024) consider a context-aware queueing bandit problem based
on the multinomial logit model. However, their setting still limits the number of distinct contextual
feature vectors, and they study a proxy notion of regret, missing a queue length regret analysis.

Logistic Bandits. We assume that the service rate of a server allocated to a job follows a logistic
model of the job’s contextual feature vector and the server-specific unknown parameter. Hence, the
problem of learning unknown server parameters relates to logistic bandits. Starting from the seminal
work of Filippi et al. (2010), there has been a flurry of activities to characterize and improve regret
bounds for logistic bandits (Faury et al., 2020; Li et al., 2017; Jun et al., 2021; Abeille et al., 2021;
Lee et al., 2024b; Bae & Lee, 2025). However, there are fundamental differences between logistic
bandits and our contextual queueing bandits framework, which makes it difficult to directly apply the
regret analyses for logistic bandits to our setting. First, logistic bandits consider exogenous action
sets shared by all policies, but action sets in our setting are endogenous and policy-dependent. To be
more precise, actions taken in previous rounds affect the queue state in the current and future rounds.
This leads to the phenomenon of queue state misalignment under our policy versus the optimal
policy. Moreover, we investigate queue length regret instead of cumulative reward regret, reflecting
the objective tailored to achieve queueing system control. These differences in the dynamics of
action sets and the regret definition require new techniques.

3 PROBLEM SETTING

We consider a discrete-time contextual queueing system with a single queue and K servers, given
as follows. In each round ¢ € [T'], the agent observes a queue state X; € X C R?, given by the set
of contextual feature vectors of remaining jobs, chooses a job (with feature) z; € X}, and matches
it with a server k; € [K]. Let Q(¢) be the queue length at the beginning of round ¢, i.e. Q(t) = |X}].
Let A(t) € {0, 1} indicate the random arrival of a job at time ¢ with mean X, and let D(¢) € {0,1}
denote the random departure at time ¢ with mean ju(z/ 05 ) where yu(z) := (1+e~*) ! is the logistic
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function and 0}, € R is the unknown parameter of server k;. When A(t) = 1, we denote by z(*)
the feature of the job arriving at time ¢. Then

Xip1 =X\ {z: D(t) =110 {2V - A() =1}, Q(t+1) = [Q(t) + A(t) — D(1)]*,
where [¢]T = max{0,q}T. For technical convenience, we assume that a dummy job zq € R? is
chosen when the queue is empty, while ignoring the feedback of the queueing process to avoid unfair
advantage. We denote by F(t) € {0, 1} the random variable that indicates whether we run random
exploration in round ¢+ 1, used in Algorithm 1. We define the arrival tuple and the departure tuple as
A(t) == (A(t),z®), D(t) := (D(t), (1, kt)), where %) is a masked feature defined as ) = T
if A(t) = 0 where & € R? is a fixed symbol for the sign of no arrival, and ) = z(® if A(t) =1.
Then we define the filtration F; := o(X1, A(1), D(1), E(1),..., A(t —1),D(t — 1)) for ¢t € [T].

Our goal in this paper is to characterize how large the queue length can be under our policy 7 at
the end of the horizon, compared to the queue length under the optimal policy 7* that runs with
prior knowledge of 05 for all k& € [K]. Here, given a set of remaining feature vectors ) C X,
7" chooses a job-server pair that maximizes the departure rate given by max,cy re(x] ,u(z:TGZ). If
there is a tie, we assume that the job entering first is taken. Then queue length regret is defined as
Ry =E[Q(T) — Q*(T)], where Q*(t) is the queue length at the beginning of time step ¢ under the
optimal policy. Lastly, we state some standard assumptions for logistic and queueing bandits:
Assumption 3.1. |z||2 < 1forall x € X, and for some known constant S, 8} € © := {0 : ||0||2 <
S} forall k € [K).

Assumption 3.2. There exist k, R > 0 such that 1/x < i(z70) < R forall x € X and 6 € ©.
Assumption 3.3. The features of newly arriving jobs are assumed to be independently and identi-
cally distributed (i.i.d.) from an unknown distribution D. Moreover, there exists ¥ > 0 such that
Epuplzz '] = S with 02 := Apin(Z) > 0.

Assumption 3.4. There exists some traffic slack ¢ > 0 such that for each ©x € X, there exists a
server k* € [K] with u(z705.) — A > e.

Assumptions 3.1 and 3.2 are standard in the logistic bandit literature. Here, Assumption 3.2 provides
problem-dependent parameters to control the local behavior of fi(+). Assumption 3.3 is also standard
in sampling-based approaches for logistic bandits. Algorithm | works under Assumption 3.3, but
for the adversarial setting and Algorithm 2, we lift the assumption. Assumption 3.4 applies traffic
slack to guarantee stability, which can also be found in Kim & Oh (2024).

4 CHALLENGES AND NEW TECHNIQUES

Queue State Misalignment. To describe the challenge of the problem and motivate our approach,
we start with the simplest case where all new jobs share a single fixed context x;, which can be
viewed as the setting of previous work due to Krishnasamy et al. (2016); Kim & Oh (2024). Note
that in such a case, the queue state X; under our policy and the optimal queue state X}* have no
difference in the types of features. Now, a key measure for assessing the performance of a policy is
(the conditional expectation of) the gap between the departure rates D*(t) for the optimal queue and
ours D(t), given by E [D*(t) — D(t) | F¢] = max,e x> pepr] # (z705) —p (2] 05, ). An optimistic
algorithm for the logistic bandit would choose z;, k; maximizing the upper confidence bound (UCB)
based on computing arg max,¢ v, re(x| w(xT0;_1 ) + be(z, k) where é\t—l,k is the estimated pa-
rameter of server k, and b;(x, k) is a bonus term. Choosing the bonus term as an upper bound on
the prediction error [p(z 60,1 ) — p (z76;) | forall z € X and k € [K], the gap can be bounded
from above as

max  p(@T0;) - p(@l67,) < max  (u(a"G1s) + bole, k) — p(al6},)

reX) kE[K] reX) kE[K]

Ty T p*
e (@ Or—r,k) + be(x, k) — pu(zy 0,)
= (@] O k,) + be(we, ki) — (] OF,) < 204 (e, ke)
where the first and last inequalities are due to the definition of b;(z, k), and the first equality holds
because X;* = X;. Then we may apply results on choosing b;(x, k) which leads to a sublinear upper
bound on the cumulative sum of gap terms. However, the result is viable only when X} = X} or
X[ C X;. The condition does not necessarily hold as soon as we allow two distinct features.
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Aligning Queue States via Policy-Switching Queues. Taking a detour from the issue of queue
state misalignment, we introduce our new approach to analyze queue length regret. It is two-fold;
we consider policy-switching queues, and to compare their queue length at the end of horizon, we
develop a coupling argument.

We define Q(t1,t2) as the length of the queue at the beginning of time step ¢ under our policy
applied from time steps ¢ = 1 to ¢; and the optimal policy applied from ¢t = ¢; + 1 to t2 — 1. In other
words, for Q(t1,t2), we switch from our policy to the optimal policy at time ¢; + 1. By definition,
Q(ta — 1,t2) = Q(t2) and Q(0,t2) = Q*(t2). Moreover, we may decompose queue length regret
as Ry = E[Q(t) — Q*(t)] = X215 E[Q(t,T) — Q(t — 1,T)]. Here, Q(t,T) — Q(t — 1, T) is the
length difference between two consecutive policy-switching queues whose moments of switching
differ by exactly one round.

To bound the gap Q(¢,T) — Q(t — 1, T) for two consecutive policy-switching queues, we construct
a coupling process for Q(¢,T) and Q(t — 1,T) to align them. We denote by Q™ (¢) and Q~ () the
coupled queue lengths of Q(¢,T) and Q(t — 1,T). We use notations AT (t), A~ (¢) for their job
arrivals and D™ (t), D~ (t) for job departures. For job arrival in each round i € [T], we draw a
shared random variable U; ; ~ Unif(0, 1). The two queues receive the same new job if U; 1 < A,
ie, AT(i) = A= (i) = 1,and if U; ; > A, they receive no job, i.e., A (i) = A~ (i) = 0. Similarly,
for job departure in each round i € [T], we draw a shared random variable U; o ~ Unif(0, 1).
The server k;" assigned to the first queue succeeds, i.e., D (t) = 1, if U; o < ,u((a:;r)TGZf), and
DH(t) = 0if Uiz > p((2;)"0r ). Likewise, we have D™ (t) = 1if U; 2 < p((z; )67 ) and
D~ (t) = 0 otherwise, where k; is the server assigned to the second queue. This coupling process
preserves the marginals as E[Q(¢,T)] = E[Q™ ()] and E[Q(t — 1,T)] = E[Q (¢)], implying in
turn that Ry = Y1 E[QT (t) — Q~ ()]

Therefore, to establish an upper bound on R, it suffices to consider

(t,T) = Q" (t) - Q™ (1)
As the two coupled queues follow the same policy up to round ¢ — 1, their queue states at time step
t are identical. With this alignment, we can characterize ¢ (¢, T') as follows.

Lemma 4.1. We have ¢(t,T) € {—1,0,1} forall t € [T).

Moreover, the expected value of (¢, T') can be bounded from above as follows.

Lemma 4.2. Let (z},k{) € argmax,cy, re(x] w(z05), let FiF := o(F, U{E(t — 1), A(t)}),
and let (t,T) == B[ (t,T) | F;*, D (t) = 0,D~(t) = 1]. Then

Ef(t,T)] < %E [(u (twr)76z,) — (x!ezt))z} e [3(t.7)]

=:mq

We prove these lemmas in Appendix B. From the bound in Lemma 4.2, m; represents the immediate
error incurred when choosing a suboptimal job-server pair, and §; captures the long-term effect of
the difference in the queue states at time step ¢ + 1 of the two consecutive policy-switching queues.
Note that Ry < th:ll m.d;, and we may deduce an upper bound on the right-hand side by taking

the Cauchy-Schwarz inequality, applying the elliptical potential lemma (Abbasi-Yadkori et al., 2011,
Lemma 10) on ZtT:_ll m?, and using Lemma 4.1 to get ZtT:_ll 82 < T. This approach would give
us an upper bound of (’)(\/T) on Ry, which matches typical regret upper bounds for contextual
bandits. However, such a bound is not sufficient, as we hope for a decaying bound.

In the following section, we take a more refined analysis and characterize some monotonic behaviors

of the sequences of m; and J;, based on which we prove a decaying upper bound of 6(T’1/ 4) on
queue length regret. This establishes that the queue length difference vanishes as T gets large.

5 DECAYING REGRET FOR CONTEXTUAL QUEUEING BANDITS

Idea and Outline. Recall that m, represents instantaneous regret, so as we keep updating our es-
timators close to the true parameters, we expect to reduce it as ¢ increases. d; captures the long-term
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Algorithm 1 CQB-e

Initialize: € = T~ '/2,p=0,Vor = kNLk=1,..., K
1: fort=1,...,7 do
2 ift € [1,7] and A(t — 1) = 1 then > Pure-exploration

3: 2Dk —p+1
4: p<4+p+1 (mod K)
5: elseift € [+ 1,T]and E(t —1) = 1 and A(t — 1) = 1 then > e-exploration
6: zy 2t ky ~ Unif([K])
7: else > Exploitation
8: (wt, ke) < argmax,ex, peqr) M@ 0i-14) + Bi-1 lly, -
9: end if ’
10: Match (¢, k¢) and receive 7,
11: fork=1,...,K do
12: ifk =k then
13: Update 0 j, as in Section 5, and f3; ;, as in Equation (1)
14: ‘/t’k — Vvt,l’k + xt:ctT
15: else .
16: O <= 0115 Bk < Br—1,k> Vek — Vici
17: end if
18: end for
19: Sample E(t) ~ Bern(e)
20: end for

effect of the disagreement between two consecutive policy-switching queues, so one can anticipate
that §; will increase in ¢ since an early disagreement (a small ¢) will wear off as they follow the same
optimal policy for the remaining 7'—t— 1 rounds. In fact, we will show that our algorithm, described
in Algorithm 1, guarantees that m; < M; where {M;},c[7) is a nonincreasing sequence and that
0y < Ay where {A; }4¢(r) is a nondecreasing sequence. Then we apply Chebyshev’s sum inequality

to deduce Ry < (7' My)(3]—" Ay)/(T — 1). Lastly, we show that 3, M, = O(T3/4)
and Zg;l A = O(log(T)), which leads to a decaying upper bound on queue length regret.

Algorithm. Algorithm 1 consists of two phases. It starts with a pure-exploration phase
where, if a new job arrives, we select it while choosing a server in a round-robin man-
ner. After the pure-exploration phase, we apply the e-greedy policy which, if a new job
arrives, explores it with probability € and chooses a job-server pair optimistically by max-
imizing the UCB term as in Line 8. For both phases, we take an exploration step only
when a new job arrives, in which case the new job has to be chosen for exploration. Af-
ter a job-server matching, we receive binary feedback r; on whether the server completed the

job. Then we update the estimator 0, ; by maximizing the regularized cross-entropy loss as
1
0% = argmax, {1, 1{ki = k} [rilog p(x]0) + (1 — i) log(1 — u(x]6))] — (A/2)[|6]3} and

then projecting it onto the parameter set as é\tk = argmingcg || 2221 1{k; = k}u(z]0) —
u(:c;rgt(lk) )]s ”V}l' Lastly, we update the confidence radius j3; ;, as
t
1 SV
Brw = oy | 2dlog [ 1+ —— " 1{k; = k} | + log(K/8) + "3 2(9( dlog(T>)- (1)
2 Iﬁ:)\od =1 2

We note that the choice of estimators for the logistic model parameters and the confidence radius is
due to Faury et al. (2020), thus we may obtain the following prediction error bound.

Lemma 5.1. It holds with probability at least 1 —§ that |u(xT§t_1,;€) —pu(xT0;)| < Be—1xllz|ly -1 .
’ t—1,

forallt € [T), x € X, and k € [K].

In fact, we may take more recent parameter estimation frameworks developed for logistic bandits,

such as those that avoid a projection step and guarantee tighter confidence bounds. Nevertheless, we
take the basic estimation method for simpler presentation, letting us focus on the queueing part.
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Regret Analysis. Let 3, := (k/2)/2dlog(1 +t/(k\od)) + log(K/0) + rSv/Ao/2, and let the
length of pure-exploration 7 be given by
203K (d+log(K/$ 16532 log(1/4 dlog(T
;e 20 <+0g4(/)+ QGﬁT 2>+Og(2/)—(9<0§( )>
A o o(e — 2¢) 2X

o5€?
for some absolute constant C'5 > 0. Then we can argue that after the pure-exploration phase, the
uncertainty term, defined as ||z||;,—1 , can be uniformly bounded.
t—1,k

2

Lemma 5.2. It holds with probability at least 1 — 20 that Hx||v_711 < 42:721516 forallt € [T+1,T),
x € X, and k € [K]. '

Next, we argue that random exploration steps by the e-greedy policy reduce the uncertainty term
while its optimistic exploitation rounds successfully control instantaneous regret with the uncertainty
term. Combining these, we show that (conditional) expected instantaneous regret can be upper
bounded by a nonincreasing function in ¢t. We define the good event, denoted &£, as the event when
both Lemmas 5.1 and 5.2 hold.

Lemma 5.3. Under the e-greedy policy, the expected instantaneous regret conditioned on the good
event £, is bounded from above as

El(u((@3)"0r;) — n(205,))* | €] < min {1, Ae +4pFw(t — 1)}

2 2

Vt € [T+ 1,T], where v(t) :== (Ao + %)_1 +x exp(—%) + = exp(—%).

Lastly, the following lemma shows that the expected difference between Q1 and Q™ is upper-
bounded by a clipped exponential ramp, exhibiting an exponential growth until a certain round
(the threshold round) and then clipped to 1, which is nondecreasing in ¢. We carefully choose the
threshold round based on the length 7 of the pure-exploration phase, where the uncertainty term can
be large. Consequently, if the number of remaining rounds 7" — ¢ — 1 is large compared to 7, the
impact of disagreement in D™ and D~ will disappear with high probability. When T' — ¢ — 1 is

small, we still have that 1(¢, T) < 1 by Lemma 4.1.
Lemma 5.4. Letw := 47 /¢, and let C,, := 1+ 16 /€.

E[J(t7T)Eg}<{rlnm{1’ 2C, exp (—2 (T —t —1—-w) /8)} Zii?iii

Here, T' — w — 1 is the threshold round. Now we are ready to show an upper bound on queue length
regret under Algorithm 1.

Theorem 5.5. Let § € (0,772, let T be given as in Equation (2). For T > max{r,4/e?}, the
queue length regret of Algorithm I is bounded from above as

T 10g®(T)  dT~Y*1og(T) — d3/2T—/410g®>(T) ~ d>T—1/210g®*(T
RT:O( og*(T) | og(T) | 0g”(T) og”*(T)

8 5 4.3 5.3 6.3
oy€° og€ og€ o€

Proof sketch. Let us consider the case where the good event £, holds. We know that m; < 1
t € [1,7],and for t € [T + 1, T}, we apply Lemma 5.3 to deduce

1 ift<r
min {1, V33 + e + 4B~ 1)} ift >’

mtSMt::{

Next, by Lemma 5.4,
5 A, min{1,\/375+1/20,,exp(f62(Tftf1fw)/16)} ft<T-w-1
1 ift>T—w—1

Since {M;}4c[r) is nonincreasing in ¢ and {A; };¢ (7 is nondecreasing in ¢, it follows from Cheby-
shev’s sum inequality that R, < 371 ' m.6; < 31 MyA, < (0 M) (1 A /(T —1).
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Algorithm 2 CQB-Opt

Initialize: Vy, = kXL k=1,..., K
1: fort=1,...,7T do

2: Ty, ky < argmax, e v, pe(k] w(xT0, 1 1) + ﬁt,l,kaHth .
3: Match (x, k;) and receive 7,

4: fork=1,...,Kdo

5: if k = k; then

6: Update 0 j, as in Section 5, and f3; ;, as in Equation (1)
7: Vik < Vic1k + ez

8: else R

9: Ok Or—1,ks Bk < Bi—1k> Vi — Vic1k

10: end if

11: end for

12: end for

For the summation of M;’s, we split it into two parts. Regret incurred from the first 7 rounds is at
most 7 = O(dlog(T)/(c4e?)). Fort > 7, we have M; = O(T~! + /e + 1/+/et). Hence, the
sum is bounded from above by O(T'\/e + /T /€), and taking e = T~/ yields O(T"/*). For the
summation of A;’s, the first T'—w — 1 terms give rise to a geometric sum, which we show is bounded
by O(1/€?®), and for the rest of w rounds, A; < 1. Hence, in total, the sum is bounded above by
O(dlog(T)/(cg€®)). Combining these, we obtain the desired bound on queue length regret, while
the full proof is presented in Appendix E.1. O

6 POLYLOGARITHMIC REGRET IN ADVERSARIAL CONTEXTS

In this section, we present Algorithm 2 for the setting of adversarial contexts, without Assump-
tion 3.3, and show that it achieves a polylogarithmic regret bound.

Bad Rounds. We say that t € [T is a bad round if ||x¢|,,-1 > €/(4f;—1,k,) and take B’ as
t—1,ky

the collection of bad rounds. We call [T] \ B’ good rounds. Hence, in a bad round, the uncertainty
term is large. Under Assumption 3.3, Lemma 5.2 shows that the uncertainty term can be uniformly
bounded after 7 rounds of pure exploration. However, without the assumption, bad rounds can arise
even toward the end of horizon. As a result, for the adversarial context setting, we have to count the
number of bad rounds. For this, we use the counting version of the elliptical potential lemma.

Proposition 6.1. We have |B'| < 3282 Kdlog(1 + T/(dKk)g))/e? = O(d*log?(T)/e?)

Another issue is to deal with the underlying randomness of whether or not a given round is a bad
round. Under Assumption 3.3, we designed the pure-exploration phase so that after 7 rounds, each
time slot is a good round deterministically. The randomness complicates the derivation of a tail
bound for Q(t), while such a bound is crucial to determine how many jobs are backlogged in
the round of policy-switching for Q(¢,T). To handle the randomness, we define a G;-measurable
weighted process, given by V(t) = a B (t=DenQ®) for some constant a > 1,7 > 0, where
Gi := o(X, A(1), D(1),...., A(t — 1), D(t — 1)) and B'(t) = |{[t] N B'} .

Regret Analysis. As in the stochastic setting, we take w’ to define the threshold round for studying
the expected difference in the queue lengths of two consecutive policy-switching queues, based on
the number of bad rounds in Proposition 6.1:

w' = 1283 Kdlog(1 + T/(dKk\y))/€* = O (d*log*(T)/€?) 3)
Let us define the good event &, for the adversarial setting as the event when Lemma 5.1 holds.

Lemma 6.2. Let G := o(G,U{A(t)}), and let ' (t,T) := E[y(t,T) | G, D*(t) = 0, D~ (t) =
1]. Then

E[J(T) 18] < {Ilnin{L e (CET—t=1=u) [} ST o0
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Now we state a polylogarithmic upper bound on queue length regret under Algorithm 2.
Theorem 6.3. Set § € (0, T~]. The queue length regret of Algorithm 2 is bounded from above as
d?log*(T) ~ dlog(T
RT:(’)( 0g”(T) | dlog( )>.

el 2

Proof sketch. As in Lemma 4.2, we may deduce a similar upper bound on queue length regret, by

replacing {E(t, T) with g (t,T). For my, since we always choose the job-server pair following the
optimistic rule, the difference in departure rates can be bounded from above by 2 times the bonus

term. Applying the elliptical potential lemma yields ;" m2 = O(dlog(T))). To bound 3", " 62
with ¢’ (¢, T), we apply Lemma 6.2 as before. The full proof can be found in Appendix E.2. O

7 EXPERIMENTS

In this section, we empirically evaluate the performance of our algorithms.

800 F 350 350

—e— CQB-¢ i} /' ~o— CQB-¢ (¢ =0.05) —8— CQB-Opt (¢=0.05)
700 —m— CQB-Opt K7 300 CQB-¢ (£=0.1) 300 ~@~ CQB-Opt (£=0.1)
600, == Optimal Policy 74 CQB-€ (£=0.15) —&— CQB-Opt (£=0.15)
=4 Random Policy :, ,,,, 250! 250
500 CQB-£-opt s e
- e CQBThS P JRE __200 200
5 . ~ =)
o o3 o

Z400 = Q-UCB e
QThs T‘ -

AN L [ | o
0 1000 2000 3000 2000 5000 0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
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Figure 2: Average queue length across algorithms and settings. (Left) CQB-£ and CQB-Opt versus
a random policy, the optimal policy, and additional baselines. (Middle) and (right) performance of
CQB-¢ and CQB-Opt, respectively, for e € {0.05,0.1,0.15}

We generate random instances with A = 0.7, ¢ = 0.1, K = 5, d = 5, and k = 10. Feature vec-
tors z € R? and server-specific parameters 0; € R? for k € [K] are sampled from Unif (-1, 1).
For each algorithm, we evaluate N = 10 instances over 7' = 5000 rounds and report the av-
erage queue length at time 7" with 1 standard deviation across runs. For Algorithm 1, we set
7 = Cd3log(T)K\~! (e — 2¢) =2 with constant factor C' = 3e — 4. The first plot of Figure 4 com-
pares our algorithms (Algorithms 1 and 2) against (i) a random policy and (ii) the optimal policy
(iii) four additional baseline algorithms; further details are provided in Appendix A. The random
policy chooses a job—server pair uniformly at random, while the optimal policy selects, in every
round, the job—server pair with the maximum departure rate. We observe a linear increase in queue
length under the random policy, whereas both of our algorithms decrease toward the optimal level
after a certain time. The second and third plots show how the performance of Algorithm | and Al-
gorithm 2, respectively, varies with € € {0.05,0.1,0.15}. In the second plot, Algorithm 1 exhibits
longer pure-exploration rounds for small e, as dictated by 7, followed by a sharp decrease in queue
length. Our results in Figure 4 demonstrate that as € increases (i.e., under lower load), our algorithms
converge faster toward the optimal queue length, consistent with our theoretical results. Additional
experiments varying K and d are provided in Appendix A due to space constraints.

8 CONCLUSION

We introduced contextual queueing bandits, a new context-aware framework for learning-while-
scheduling with logistic service models. Using policy-switching queues and a coupling argument,
we decompose queue length regret into the short-term effect of choosing a suboptimal job-server
pair and its long-term effect on queue state differences. We proved that CQB-¢ attains O(T~/4)
regret under stochastic contexts and CQB-Opt achieves O(log2 T') regret against adversarially cho-
sen contexts, corroborated by experiments. Future directions include (i) establishing lower bounds
for queue length regret, (ii) extending the framework to multiple queues, and (iii) incorporating
operational constraints such as a maximum waiting time (time in queue) constraint.
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A ADDITIONAL EXPERIMENTS
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Figure 3: Average queue length across varying K and d. (Top-left/right) CQB-e/CQB-Opt for
K € {3,5,7,9}. (Bottom-left/right) CQB-£/CQB-Opt for d € {3, 5, 10,20}.
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Figure 4: Average queue length across algorithms and settings. (Left) shows the average queue
length for MNIST. (Middle) and (Right) show the performance for Heart Disease and In-Vehicle
Coupon Recommendation, respectively.

Baseline algorithms. We introduce four additional baselines as follows:

* CQB-¢-Opt: We follow the same algorithm as Algorithm 2, while performing random
exploration in every round with probability e = 7—1/2.

* CQB-TS: We follow the same algorithm as Algorithm 2, except that we replace the decision
rule by sampling rewards for all z € X}, k € [K] as

R ) ~ N (27001 BB kllel? )

and then choosing the job-server pair as (¢, ki) = argmax, c v, rex] 7t (2 k).

e Q-UCB (Algorithm 1 of Krishnasamy et al. (2021)): In every round ¢, we explore with
probability Bern(min{1, 3K (log t)/t}). We choose z; as the first-in job, and then choose

~ log? t
ki := argmax i (t) + | ———,
t Re[K] *) 2T (t — 1)

where iy (1) = 301 1{k; = k}ri/Ti(t — 1) and T (t — 1) = 3211 1{k; = k}.

12
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* Q-ThS (Algorithm 2 of Krishnasamy et al. (2021)): In every round ¢, we explore with
probability Bern(min{1, 3K (log”t)/t}). We choose z; as the first-in job. For every k €
[K], we sample

ri(x, k) ~ Beta(u () Th(t — 1) + 1, (1 = 5k () T (¢ = 1) + 1),

and choose k; := arg max¢ () 7+(7, k), where we use the same definitions of iy (t) and
T (t — 1) as above.

Notice that Q-UCB and Q-ThS are the algorithms proposed by Krishnasamy et al. (2021), which is
the first work to study the queueing bandit problem and queue length regret in a multi-armed bandit
framework without contextual information.

Varying K and d. Figure 3 illustrates how varying values of K and d affect the performance of
Algorithms 1 and 2. In Figure 3 (top-left) and (top-right), we vary K € {3,5,7,9} for CQB-& and
CQB-Opt, respectively holding all other parameters fixed. In Figure 3 (bottom-left) and (bottom-
right), we vary d € {3,5,10,20}, for CQB-£ and CQB-Opt, holding all other parameters fixed.
Consistent with our theoretical expectations, performance deteriorates as & and d increase.

Real-world dataset. For MNIST, we normalize each 28 x 28 image by dividing pixel values by
255, downsample by averaging over non-overlapping 4 x 4 blocks to obtain a 7 x 7 feature map,
and flatten this map into a 49-dimensional feature vector used as the context X. We set the average
arrival rate to A\ = 0.15. For the Heart Disease dataset (UCI), we start from 297 records, remove
rows with missing values, apply one-hot encoding to categorical features, and standardize numerical
features. The class labels are imbalanced (from 160 samples in Class 0 to 13 in Class 4), so we apply
the synthetic minority oversampling technique (SMOTE) to obtain approximately balanced K = 5
classes and then sample 4000 instances with replacement for our simulations. We set A = 0.2.
For the In-Vehicle Coupon Recommendation dataset (UCI), we remove rows with missing values,
one-hot encode all categorical features (120 features in total), standardize numerical features, and
convert the target into a binary label (accepted = 1, rejected = 0). We randomly sample 4000
instances from the processed data and set A = 0.5. We comfortably used 7 = 7'/10 for Algorithm 1
because real-world datasets typically have high dimensionality, which would cause unnecessarily
large exploration. The results in Figure 4 show that Algorithm 1 achieves the best performance on
all three datasets (MNIST, Heart Disease, and In-Vehicle Coupon Recommendation).

B PROOFS FOR SECTION 4

In this section, we prove Lemmas 4.1 and 4.2.

B.1 PROOF OF LEMMA 4.1

In fact, we prove the following lemma, which is a refined version of Lemma 4.1. Note that D™ (t) <
D~ (t) holds for each ¢ € [T by definition of the coupling process, so Lemma 4.1 is a direct
consequence of Lemma B.1.

LemmaB.1. [f Dt (t) = D= (t) = 0o0or DT (t) = D~ (t) = 1, we have ¥(t,T) € {—1,0}, and if
DT(t) =0, D~ (t) =1, we have ¢(t,T) € {0,1} forall t € [T).

Proof. For jobs x1, x2, we say that 1 has higher priority than x5, denoted as x; > zo, if
* maxge(x) p(x]0f) > maxge (k) (5 65), or
* maxe(x) 1(x]0}) = maxyer) p(z] 0;) but job z1 enters the queue earlier than job 5.

In particular, the optimal policy chooses the job with the highest priority with respect to the binary
order >.

Recall that QT (¢) and Q~(t) are what are obtained after coupling the two consecutive policy-
switching queues defined for Q(¢,7) and Q(¢ — 1,T). To characterize v (¢t,T), we understand
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the dynamics of the coupled queues for time steps @ € [t + 1,T]. Note that X;7 = X;”. For
1€ [t+1,T], let Xi+ and X, denote the queue states of the two coupled policy-switching queues
for round i. For i € [t + 1, T, let us consider the following five states.

Sio={X" =27},

S;,rl ={&t =27 u{z}},

5;,1 = {Xf = X;r U {x:}} )

S;,B = {Xi+ \XT =AY, A\ =A{z7}, 2 - 332‘_}7
Sij2 = {Xf \ X = {x;r}v X \X;r = {z; }, xj = x;}

Then we show that for Xf and A&, it is sufficient to consider transitions between these five states.

For round ¢, note that X;” = X,”. As Dt () < D~ (t), we consider two cases: (i) DT (t) = D~ (t)
and (ii) DT(t) = 0, D=(t) = 1. f D*(t) = D~ (t) = 0, then X}, = " = X7 = X7, in
which case we observe S;1 at time ¢t + 1. If DT (¢) = D~ (¢) = 1, the two policy-switching
queues have the same number of jobs at time ¢ + 1, and moreover, X, ; is obtained from X, after
the optimal policy processing a job in X, . Therefore, when D (¢) = D~ (¢) = 1, the two possible
states for round ¢ + 1 are S; 11 ¢ and St++1,2~ If DT (t) = 0 and D~ (t) = 1, then round ¢ + 1 would
be in state S, ; ;.

Next, we consider round ¢ € [t + 1, T'] for which X;‘ and X are given. Assume that round 7 is in
one of the above five states. Then we will argue that so is round ¢ + 1. As¢ > ¢ + 1, both X;r and
X, take the optimal policy.

(C1) If round 7 is in state S; o, then Xf = X, so the optimal policy would choose the same
job. As a result, round ¢ + 1 would be in state S; 1 .

(C2) Ifround i is in state SZ‘ 1 it falls into the following two cases, based on whether the optimal
policy chooses z; for X;".

(C2-1) If the optimal policy selects xj for Xf, this means that DT () > D~ (4). Therefore,
there are three possibilities. When D (i) = D~ (i) = 0, as the queues keep the same
sets of jobs for round ¢ + 1, we have Sitl,l forround i + 1. If DT (i) = D~ (4) =1,
as the optimal policy would choose another job in X", we still have state S’jﬂ’l for
round i + 1. When D% (i) = 1 and D~ (i) = 0, round ¢; would be in state S; ;1 0.

(C2-2) : If the optimal policy does not choose o:j' from X;‘, then it chooses the same job for

X;" and X;”, which means that round i + 1 would be in state S} | ;.

. + . .
To summarize, for case (C2), we have S; ;1,0 or S; "1 inround i+ 1.

(C3) If round 7 is in state S; , by the symmetry between S;f 1 and S;, we may argue that we
have S 41,0 or S;; ; inround ¢ + 1 with a similar argument as in case (C2).

(C4) Ifround 7 is in state Si‘f 5, it falls into the following two cases, based on whether the optimal
policy chooses z; for X;".

(C4-1) If the optimal policy selects xj for Xf, this means that DT () > D~ (4). Therefore,
there are three possibilities. When D7 (i) = D~ (i) = 0, as the queues keep the same
sets of jobs for round ¢ + 1, we have S;;LQ forround i + 1. If DT (i) = D~ (4) =1,
the optimal policy would choose another job in & . If the optimal policy chooses ;"
from X, we have state S; 1 ¢ in round ¢ 4 1. If not, round 7 + 1 would be in state
Si1.0- When D* (i) = 1 and D™ (i) = 0, round i; would be in state Siv11-

(C4-2) If the optimal policy does not choose a::r from X;“, then it would not choose z;” from
X, either. Hence, the optimal policy chooses the same job for X;" and X;”, so round
i + 1 would be in state Si—:l,?

14
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In summary, for case (C4), we have S; 19 0or S, ; or St iy1,2 inround i + 1.

(C5) If round i is in state S ,, by the symmetry between S:' o and S;,, we may argue that we
have S; 1 or S;:Ll or S; ., o inround 7 + 1 with a similar argument as in case (C4).

Recall that if DF(¢t) = 0 and D~ (t) = 1, then round ¢ + 1 would be in state 5;11,1- Due to our
case analysis above, we have Sy 2 o or 5;2’1 for round ¢ + 2. If the state of round ¢ + 2 is Sy420,
then we have S; o for each round ¢ > ¢ + 2, in which case ¢ (¢, 1) = 0. If we have Sttr2,1 for round

t + 2, we repeat the same argument as for state ¢ + 1. If we observe S;C ; for round T, then we have
(¢, T) = 1. Otherwise, round T" would be in state S, in which case (¢, T) = 0.

Moreover, if Dt (t) = D~ (t), then round ¢ + 1 would be in state S;;1,0 or St++1,2~ By our case
analysis above, we have Syi20 or Sy 5, or 5;2,2 for round ¢ + 2. If the state of round ¢ + 2 is
St42,0, then we have S; ¢ for each round ¢ > ¢ + 2, in which case ¢(t,T") = 0. If we have S, ,
for round ¢ + 2, we have S; 39 or S, 5 ; forround ¢ + 3. If Sy 3 o is the state of round ¢ + 3, then
as before, we deduce ¥ (¢,T) = 0. It the state is St:,-S,l’ we repeat the same argument as for state
t + 2. If we observe Sy ; for round 7', then we have Y(t,T) = —1. Otherwise, round T" would be
in state St 0, in which case (¢, T') = 0. If we observe S;" "o for round ¢ + 2, then we again repeat
the argument as for round ¢ 4 1 to argue that ¢(¢,7) € {0, —1}.

This finishes the proof of Lemma B.1. O
B.2 PROOF OF LEMMA 4.2

Recall the definition of filtration given by ;' := o (F;, U{E(t — 1), A(t)}) for t € [T, and notice
that x4, k; are F, -measurable.

By the regret decomposition Ry = tT;ll E [(t, T)], we deduce that
T-1
Rr =) E[E[y(tT)|F]]
t—1
T—
ZE )=0,D"(t)=0| FE[¥(t,T) | FF D" () =0,D(t) =0]]
t=
T-1
+Y E[P(D*(t)=1,D"(t)=1| F)E[W(ET) | 7, D" () =1,D(t) =1]]

o+
Il

+ 9 E[P(D*(t)=0,D"(t)=1|F")E [yt T)|F D" (t)=0,D(t) =1]]

!

where the first equality holds due to the tower rule and the second equality holds since DT (¢) <
D~ (t) by our coupling process, which prevents the case where D (t) = 1 and D~ (¢) = 0. For the
first part of the right-hand side, it follows from Lemma B.1 that

E[4(t,T) | F,D"(t) =0,D(t) =0] <0,
E[y(tT) | F" D" (t)=1,D"(t) =1] <0.

Next, for the second part, notice that the departure disagreement event with D (¢) =0, D~ (¢) = 1
occurs when

" ((@)Te;;?) <Us < p ((I;)T92;> . Uso ~ Unif(0, 1).

Moreover, as Q1 () = Q(t) and (x},kf) € argmax, ¢y, pe(x) #(x " 07), we know that /" = x4,
ki =k and x; = x}, k; = k}. Therefore, we have

P(D*() = 0,07 (1) = 1 | F) = ()01, ) — (a7 07,)

15
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Plugging in these observations to the above decomposition of Rz, we obtain

Ry < ZE [( ( z;) "0} ) (sctTe,’;t))lE [W(t,T) | FF, DY (t) = 0,D™(t) = 1]}

< Z E {(u (@1)7ey) u(ﬁo;ﬁ)ﬂ \/]E [E [6(t,7) | 77, D*(t) = 0,D-(1) = 1]

where the second inequality follows from the Cauchy-Schwarz inequality. For the second square
root term,

E[E[w(tT) | 7, D* () = 0,D7(t) = 1]’]
<E[E[@w(t, 1) ‘ FFDH() = 0,07 (1) = 1] E[X|F]? < E[X2|F))
=E[E[¢tT) | F" D) =0,D(t) =1]] (Lemma B.1)
= E |3(1,7)]
This finishes the proof.

Remark B.2. Notice that the same proof can be applied for the adversarial setting by replacing the
filtration F;* with G;". To be more precise, we may prove that

B[ (t,T)) < %E (i (o) - neTor)) | e [Pe )]

where GF 1= o(G,ULA()). (1, T) = B(1T) | G D(1) =0.D~(1) = 1) and (5. 17
arg MaXge x, ke[K] p(x o).

C PROOFS FOR THE LEMMAS IN SECTION 5

In this section, we provide our proofs of Lemmas 5.1 to 5.4. The proof of Theorem 5.5 is deferred
to Appendix E.1.

C.1 PROOF OF LEMMA 5.1

Recall the definition of @_1, & which is the projection of the maximum likelihood estimator éﬁljl’ &
following
R t—1
0;_1 x = arg min Z {,u (x;rﬁ) — I (x;rﬁgl_)lkﬂ T
0cO i—1 V-1
t—1,k
Forall z € X, t € [T], we have
’u (l’Tat—l,k) — n(2T0F)
<R ‘xT (é}_l,k _ 9;)‘ (R-Lipschitz)
< Rlzlly - . @,Lk -0l _, (Cauchy-Schwarz)
bk Vicix

¢

1

=:Bt—1,k
(Lemma F.3, R < 1/4)

where for the last inequality, we replaced ¢ with the actual number of the update for server k, which
is 3¢, 1{k; = k}, then the last line holds with probability at least 1 — /K. Taking the union
bound for all k£ € [K] finishes the proof.

16
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C.2 PROOF OF LEMMA 5.2

Forall ¢ € [t + 1,7, we have

4)

]l ]l
”xHV_1 < 1/2 = /2 :
e )\m/in (‘/;5*1,’0) )‘m/in (V‘Fyk)

Let N > 0 be the number of jobs matched to server k& € [K] during the pure-exploration period
[1,7]. We first show that if N is large enough, the minimum eigenvalue of V. ;. is reduced enough
to show the proof.

Recall that in the pure-exploration phase, we immediately choose the newly arriving job with the
server in a round-robin manner. Then, we can see that N features inside V. j, are i.i.d. samples from
the unknown distribution D. Here, if

. (Clx/mczmog(f(/a))Q 28

2 +— )

%0
for some B > 0, it follows from Proposition F.5 that
Amin(Vr k) > B
holds with probability at least 1 — §/ K. Based on this, set B = 1632 /(e — 2€)?. Then, if

N>C <d+log(K/5) N 16532 ) _0 (dlog(T)) ©)

op o2(e — 2¢)? og€?

for some absolute constant C's > 0, we have

Amin(Vrk) > 1667 (€ — 2¢)?

Then, considering Equation (4), with probability at least 1 — §/K and forall ¢ € [t + 1,T],

1|2 €—2e €—2e

(7

2l <
| ||Vt_117k =12 (Vo) ~ 4Br T 4Bk,

min
and the desired result is achieved.

Now, we show that by our definition of 7, each of the K servers is guaranteed to get at least 7 > 0
i.i.d. features (K7 in total) up to round 7 with probability at least 1 — §, where

. d +log(K/9) 1632
T = Cg( Ué +Ug(€—28)2 .

Since in a pure exploration round, we always choose the newly arriving job for the random explo-
ration. Therefore, the total number of arrivals until round 7 becomes the number of the i.i.d. features
inside V7 ;. Now, consider the sum of A(t). Since };_; A(t) are the summation of i.i.d. Bernoulli
random variables with mean A7, applying Hoeffding’s inequality

T —2(\r — K7)?

P<§ A(t)—AT<K?—AT><exp (%T)

t=1 —_——
By

if K7 < A7 holds. To represent the probability in d, setting B; < log(d), we have
1
N2 — (2AK?+ 3 10g(1/6)> T+ K% >0,

Solving the quadratic inequality for 7, and choosing 7 as

2 2
oA A VAT A, (dlog(T)) |

T T 22

4.2
0p€

17
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where

1
A} = 20\KT + 3 log(1/5), Ay = K?72

. .. . Aj4+/A2—4X2A = ~
We can also see that 7 satisfies the condition since A7 > = + 21)\ z > 2)5{\{ T = K7. Therefore
by our choice of 7 and 7

P (Z A(t) > K?) >1-90. (8)
t=1

Finally, we gather the results. By Equation (8) we get at least K7 i.i.d. features during the initial
7 rounds with probability at least 1 — 4. By round-robin assignment during the pure-exploration,
each server receives at least 7 i.i.d. features. Since 7 satisfies the condition in Equation (6), for each
server k € [K |, with probability at lest 1 — § /K, Equation (7) holds. Lastly, taking the union bound
for all servers and for Equation (8) finishes the proof.

C.3 PROOF OF LEMMA 5.3

Before we prove Lemma 5.3, we need to establish several technical results first. By our e-greedy
policy and Assumption 3.3, we deduce following proposition.

Proposition C.1. Under the e-greedy policy

E [ztxﬂ = XX, E [l{kt = k}xtzﬂ - %2'

Proof. e-exploration occurs with probability of € when the new job 2~ arrives and A(t—1)=1.
Therefore, by Assumption 3.3,

E [z2]] = P(A(t—1) =1, E(t—1) = 1)E [x(tl) (a:<“>)T] = AeX.

Also, since we choose the server uniformly,
E [1{k = k}z2{] = (\e/K)Z,

as required. O

Now we provide a high probability lower bound on the minimum eigenvalue of the design matrix.

. 1. Ae(t—T)
Lemma C2. Fort € [t + 1,T],k € [K], with probability at least 1 — exp (—687[{) -
d ( )\s(t—T)ag)
XP\ =" 16r )

Ae(t —T)od

i >
)\mm(Vvt,k) = )\O + 4K

Proof. Consider V; ;.. We will first show a high probability bound that for some N > 0, the number
of i.i.d. sampled features inside V; j, from 7 + 1 to 7" is larger than /N > 0. Then we will show that

if there are N (or more) i.i.d. sampled features {z;} ,, then )\min(zzj.vzl x;x]) is larger than M
for some M > 0 with high probability. Lastly, applying the union bound by considering that both
events hold, we obtain the desired result of Apyin (V1) > M with high probability.
First, define the total number of random explorations for server k& from 7 4 1 up to round ¢ inside as
t
Ep= > MA@i-1)=1,E(i—1)=1k =k} ~Bin(t — 7, A\e/K)
1=7+1

Since E[E, ;] = Ae(t — 7)/ K, set

1 Xe(t —7)

=5 n=EE ="

N=5¢
5 H

18
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and apply the Chernoff bound (Lemma F.0), we have

P(Et,kZN)_lp(Et’kSN)Zlexp()‘e(;I;T)). o)

Next, consider the case where F, ;, > N. Choose those i.i.d. sampled features and define a new
design matrix V; ;, which consists of them as

t
Vie =Y LA - 1) = L,EG — 1) = Lk = k}a,a]
i=1

Now we apply the Matrix Chernoff bound (Lemma F.7), on XA/M with

= 3 n' =N, M=¢n'o}
Then
P (Amin(‘/}t,k) 2 M ’ Et,k Z N) Z P ()\min(‘/}t,k’) Z M ‘ Et,k == N)

=1=P (Auin(Ve) < M | By = N)

_ 2
> 1~ dexp <)‘E(t16KT)UO> (10)

Now we consider the case when both Equations (9) and (10) hold. By Equation (9) we have F; ;, >

% which means that there are at least % i.i.d. features inside V4 j with high probability.
Next, by Equation (10), if the number of i.i.d. features inside V; j, is larger than )‘Egtgﬂ , we have
Amin (O, 1{ki = k}mia]) > % with high probability. Then
t
e(t —1)od
Amin(Vek) = Amin <AOI + 2_:1 ki = k}m})) > o+ %
Next, considering the probability of both cases holds together,
P (Et,k > N, Amin(rft,k) > M)
=P (B = N)P (huin(Vi) = M | Fype 2 N)
Ae(t — 1) Ae(t —7)od
>1- ———— ) —d -
=1 Tew ( SK ) P ( 16K
finishing the proof.
O

Proof of Lemma 5.3. Now we are ready to start the proof. Define the good event & ; when
Lemma C.2 holds. Then under &; 1, forany z € X, t € [t +1,T],

-1
I ¢ (34 2o 20

2
||:I"||‘/'*1 4K

t—1,ky m B
If & 1 does not hold, we have ||{,C||‘2/_1 < 1/X¢. Taking expectation,
t—1,k¢

o R R N B e [ P

g2\ !
<(AO+W47K1>%>
1 (t=1-1))e _(t—T—l))\EU%
+Ao<exp< (or e >+dexp( O )) (a1

19



Under review as a conference paper at ICLR 2026

where the inequality follows from Lemma C.2. Recall the definition of v(¢ — 1) which is the right-
hand side of Equation (11). Now we consider the expected value of instantaneous regret under &;.
Let event & 5 hold when A(t — 1) = 1 and E(¢t — 1) = 1 where e-exploration is applied in round ¢.
Notice that if e-exploration is not applied, we choose the job and matching server optimistically by
choosing the maximum UCB value. Therefore,

E [(u (@)65;) — n(T6,)) Sg]

2
=P(&2|E) + P(E 2|8 E {(M ((xf)TQZ;) — M (xtTeZt)) ’ 597522}

<Xe+1xE {4ﬁ31’k||xt|2vtll )

&y, 552} (P(&:2|€9) = P(&:,2), Equation (20))

For the last inequality, &; 5 affects the chosen job-server pair for round ¢t € [t + 1,T]. However,
under the event &, since Lemma 5.1 holds forallz € X, k € [K], and Lemma 5.2 only considers
t' € [1, 7]. Therefore, we can see that £, and &; 5 are independent, so we have P(&; 2|&,) = P(&;.2).
Now, for the second term,

B 152 1 alally | €0 0a] < B [maast el |

2 2
< 43E ool |
<4B2v(t—1)

where the second inequality holds since x is independent of £, and we removed the dependence
of &, by taking the maximum of z, the first inequality holds since Sr > B;—1 > Bi—1x, and
the last inequality holds since Equation (11) holds for all x € X, therefore we can apply the same
upper-bound for this expectation. Substituting the result and taking min{1, -} on both sides finishes
the proof.

C.4 PROOF OF LEMMA 5.4
For simplicity, in this section, we assume Lemmas 5.1 and 5.2 always hold (£, always holds) and
skip the conditional notation for it.
Recall the definition of the filtration
Fi:=o0(X1,A(1),D(1), E(1), A(2),D(2),E(2),...,A(t —1),D(t — 1))
Note that F; shorts of E(t — 1) therefore Q(¢) is still F;-measurable, while x; is not.

Bad rounds. Now we define J;-measurable bad rounds. Let us use notations
UCB(w, k) = 1 (¢ 010 + Bovallally,

and

x§+),k§+) := argmax UCB(z, k).
rEX;,ke[K]

Then

-2
B:=dtell], x§+),k§+) : “x,ng)” . e
VL 4Bt—1,k§+>
Tt
Under F;, note that x4, k; can be different from x£+), kt(Jr) since the unseen E(t — 1) could choose

random exploration. However, since Q(t) is F;-measurable, X;, and x§+)7 kzgﬂ

We also introduce notation

also J;-measurable.
B(t) == [{[t N B}
Next, we establish that for good rounds, there is a negative drift as described in the following propo-

sition.
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Proposition C.3. Forallt ¢ B,

E[A(t) — D(t) | F¢] < —¢/2
Proof. Consider Q(t — 1,T) which corresponds to the policy-switching queue of following our
policy up to round ¢ — 1 and switching to the optimal policy at round ¢. As explained in Section 4,

we may applying the coupling argument on Q(t) and Q(¢ — 1,T'). As they follow the same policy
up to time step ¢ — 1, two coupled queues for Q(t) and Q(¢ — 1,7T’) have the same queue state in

round ¢. Let D(t) and D(t — 1,t) denote the random job departures of the two coupled queues at
round ¢ for Q(t) and Q(¢t — 1,T'). Note that

E[A(t) - D(t) | Fi
—E[A(t) - D(t—1,t) | F] +E[D(t - 1,t) - D(t) | 7]

<—e+P(E(t-1)=1|F)

D

YP(E(t—1)=0|F)E[D(t —1,1) (t)’]-},E(t—l):O}

* * + *
S —etetp ((fft)Tok;) —H <(Jj:(s )) k£+))
S —ete+28 )H -1

o LANeS
< —€/2

where the first inequality holds because E(t —1,t) is due to the optimal policy and Assumption 3.4

holds, the second inequality holds because our algorithm takes x§+), k§+) under E(t — 1) = 0, the
third inequality is due to our optimistic choice rule, and the last inequality follows from definition
of B. O

Proposition C.4. We have

Proof. The result is a direct consequence of Lemma 5.2 and the definition of 5. O

Queue length difference under disagreement. In this paragraph, we give the upper bound for the
expected queue length difference between two consecutive policy-switching queues. For notational
convenience, we assume that Q(¢,T') for ¢ € [T are coupled based on our discussion in Section 4.
Then we study the expected queue length difference Q(¢t,T) — Q(t — 1,T) given the disagreement
event where Q(t, T') fails and Q(¢t — 1, T') succeeds in round ¢. Recall the definition of .7-'; ,

Fr=o(FU{E(lt-1),A@)})
Lemma C.5. We have
E[y@tT)| F DT t)=0,D"(t) =1,Qt+1) < (T —t —1)e +1]

Qt+1)—1—(T—t—1))?
SeXp<_ 2T —t—1) )

Proof. Consider the conditional expectation

E[v(t,T) | F,Dt(t)=0,D(t) =1]

By Lemma B.1, if D" (t) = 0, D~ (t) = 1, the value of 1 (¢, T) is in {0, 1}. Now we only consider
the case for (¢, T) = 1. ¢(t,T) = 1 means there is a disagreement event in round ¢ as D" () = 0
and D~ (t) = 1, and the difference of queue length is preserved until round 7. Notice that if
the queue with an extra job @ hits O queue length before round T, the queue length difference
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between QF and Q~ will always become 0 thereafter by our coupling process. This implies that
the probability of Q™ (t) or Q(¢, j) never hitting length 0 for all j € [t + 1,77 is larger than the
probability that the queue length difference is preserved until round 7'. Then, we have,

P(y(t,T)=1|F",D"(t)=0,D"(t) =1)
<P(Q(t,j)>0,Vj€t+1,T] | FF,D*(t) =0,D(t) = 1)

dynamics, the probability of Q(¢,j) never hitting length 0 for all j € [t + 1,7] can be upper

(
Next, notice that Q(t + 1) is a realized value under F,;", D*(t) = 0, D~ (t) = 1. By the queue
t
bounded by the probability that the cumulative net service cannot exceed Q(t) — 1, which is

P(Q(t,j) >0,Vj € [t+1,T) | FF, DT (t)=0,D(t) =1)

<P <q+ z_: (A(i) = D*(i)) > 1

i=t+1

Fr,DY(t)=0,D(t) = 1) .

Combining results, we have
E[t,T)|F Dt (t)=0,D"(t) =1,Q(t+1) < (T —t — 1)e + 1]
<P(Q(t,j)>0Vje[t+1,T) | F",DY(t)=0,D"(t) =1,Q(t+1) < (T —t —1)e+ 1)

T-1

< P<Q<t+1)+ Y (A() - D) =1

i=t+1

FrDY#)=0,D"(t)=1,Q(t+1) < (T —t—1)e+ 1)

T-1
= n»( D (D)~ AW) ~ (T~ 1= 1)e

<QU+1)—1—(T—t—1)

FH DY) =0,D"(t) =1,Q(t+1) < (T —t —1)e + 1)

Qt+1)—1—(T—t—1))?
SeXp(‘ 2T —t-1) )

(Assumption 3.4, Hoeffding inequality)

where the condition of Hoeffding inequality Q(t + 1) < (T —t — 1)e + 1 always holds, and the last
inequality follows since Q* follows the optimal algorithm after round ¢, thereby satisfying traffic
slackness of Assumption 3.4. O

Tail bound for Q(¢). The result of Lemma C.5 shows that the queue length difference under the
disagreement event can be upper-bounded by the exponential term of remaining rounds (7' —t — 1)
(which suits our goal to upper bound the queue length difference with the exponential ramp) and the
queue length Q(¢ + 1). Therefore, in this paragraph, we control the value of Q(¢ + 1) by giving the
exponential tail bound for it.

Lemma C.6. Setn € (0,¢/2], p = e "% 3 = €. For some a > %log (%) and b > 0, we have

P(Q(t) > aB(t — 1) +b) < (pt—lE [enQ(l)] n 11/)) —

=:C,
Remark C.7. For simplicity, assume the queue starts with an empty state QQ(1) = 0. Set n = €/2,
p=e"/8 Sincel — e > /2 for x € [0,1), then we can simplify C,=1+16/¢.

Proof. We start with the one-step bound for the moment generating function (mgf) of Q(t). For
some 7 € (0,€/2],

E [e”Q““) ‘ft] ) {eﬂ[Q@HA(t)—D(t)ﬁ Ft]

<14 ROE {enm(t)fD(t)) ’ ft} ,
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where the inequality follows by considering both cases, where Q(t) + A(t) — D(t) < 0 gives
eNQW+AM-DMOI™ = 1 and Q(t)+A(t)—D(t) > 0 gives e"QOTAM=DOIT — gnQO)+A®)-D(),
We split into 2 cases for E [e7(A"—-LO) | 7).

(Cl): If t ¢ B, by Proposition C.3 we have
E[A(t) — D(#)[F] < —e/2,
Therefore

E [enA®-D@) ’ ;t} — oMe/2R [en(A(t)—D(t))+776/2 ’ ;t}

< ene/2n" /2 (JA(t) — D(t))| < 1, Hoeffding lemma)
< e e/t (n € (0,¢/2))
=p

(C2): If t € B, we give a naive bound of
E [e1A0-P) | F] < et = B (4@ D) < D

Substituting results for both cases yields
E [e"W“) ‘ ft} <140 (p1{t ¢ B} + p1{t € B}). (12)

Remark C.8. By the initial pure-exploration round in Algorithm 1, rounds T + 1 to T are good
(Proposition C.4). However, for rounds 1 to T, whether a round is good or bad is not deterministic,
which means 1{t € B} is F;-measurable. This makes it hard to find a relation between e+ and

eQ® from Equation (12), because €' and (p1{t ¢ B} + S1{t € BY}) on the right-hand side are
dependent.

Readers might think of a simple workaround: treat all rounds up to T as bad. This is viable since
(p1{t ¢ B} + p1{t € B}) < S5 and the number of bad rounds is upper bounded by Proposition C 4.
Doing so yields a deterministic set of bad rounds. Thus 1{t € B} is not a random variable. Taking
expectations on both sides of Equation (12),

E[E [e2+) | 7] =B [e1900] <1+ (o1{t ¢ B} + B1{t € B} E [0

resulting in a simple relation between E [e"?+D] and E [e9M)].

However, we do not take this detour. Instead, we provide the proof assuming 1{t € B} is an F;-
measurable random variable. The reason is to align with the proof of Algorithm 2, where, in an
adversarial context setting, 1{t € B'} is a G,-measurable random variable that cannot be known
beforehand.

Assume that 1{¢ € B} is a random variable which is F; measurable. Therefore, directly applying
expectation on both sides of Equation (12) will not separate ¢"?(*) and (p1{t ¢ B} + B1{t € B})
on the right-hand side, making it hard to apply the recursive relation between E [e"?(*1)] on the

left side and E [e"Q(t)] on the right side. Therefore, we design a new weighted process V' (¢) to
avoid such problems. Define the weighted process as

V(t) = </3)BM Q)
p

Lemma C.9. We have
1

E[V()] < o' 'E [¢20)] + T
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Proof. Recall that x,(fﬂ, k:gﬂ, and 1{t € B} are F;-measurable. Therefore,
E[V(t+1) | F]

—B(t)
<B> enQt+1)
p

_ (i) ~B(t-1) (f) ~1{teB} . {e"Q(Hl) ’ ]_-t}

ﬁ —B(t—1) 5 —1{teB}
< (p) (p) (1 +e"%0 (p1{t ¢ B} + B1{t € B})) (Equation (12))

—E A

Since

3 —1{teB}
<p> (p1{t ¢ B} + 1{t € B}) = p,

we have

p
<pV(t)+1 B/p=1)

Taking the expectation on both sides and applying the tower rule on the left-hand side gives

E[V(t+1)] < pE[V(£)] + 1

—B(t—1) _B(t)
B+ 7l <p(D) ey (2)

Solving a linear recursion, we have

t—2 [e%s)
| . 1
EV(#H)] <o EVL)]+Y 0 <o E {e"Q(l)} +5 0 < plE [e”Q(l)} +
; ; —p
1=0 =0

finishing the proof. O

Based on the results, we have

P(Q(t)>aB(t—1)+b) =P (e”Q(t) > e"(aB(Fle))

—B(t—1)
) (V(t) > (ﬁ) en(aB(t—1)+b))
R

<P(V(t)>e™)

where the last inequality follows from by choosing a > % log (%) Under the condition of b > 0,
applying Markov inequality to the right-hand side yields

E 1
P (V(t) >e™) < Vo) p''E {e”Q(l)} + e (Lemma C.9)
end 1—p
Substituting the result back finishes the proof. O

Proof of Lemma 5.4. Now we are ready to start the proof. Recall the definition of F;", ¥(t, T)
and the result of Lemma C.5

E[yt,T)|FDY(t)=0,D"(t) =1,Q(t+1) < (T —t — 1)e + 1]

Qt+1)—1— (T —t—1)e)?
<eXp<_ 2T —t—1) )
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Our goal is to get an exponential decay of this value in terms of the number of remaining rounds
(T —t — 1) and avoid the dependence of g. Therefore, we split into 2 cases where Q(t + 1) <

Lﬁ and Q(t +1) > E(T;é which gives
$(t,T) =E[¢(t,T) | 7, D*(t) =0,D=(1) = 1]

= 1{Q(t+ 1)< 6(T_;_l)}]E [(t,T) | Ft,DF(t) =0,D(t) =1]

By
+ 1{Q(t+ 1) > 6(T_;_l)}]E [(t,T) | 7', D*(t) =0,D(t) = 1]

For term By,

E [yt T)| F D (t)=0,D"(t) = 1]

= (1{Q(t+1)§e(T—t—1)+1}

xE[Y(t,T)| F DY) =0,D7(t) =1,Q(t+1) < e(T —t — 1) + 1]
+1{Qt+1)>e(T—t—1)+1}

xE [yt T)| F DY) =0,D7(t) =1,Q(t+1) > (T — t — 1)+1]>

Multiplying this with 1{Q(t +1)< %} yields

e(T —t—

aw+n < = e wen) | 75070 =000 =1

<E {@[;(t,T) ‘ FH,DYt)=0,D(t) =1,Q(t +1) < E(T;D]

Substituting a result back gives
it T—-t-1
P, T) <E {w(t,T) ’ FDT()=0,D"(t) =1,Q(t+1) < 6(2)}

+ 1{Q(t +1) > G(T_;_l)}E [4(t,T) | F", DT (t) = 0,D(t) = 1]

Qt+1)—1— (T —t—1)e)? e(T—t—1)
Sexp(— ST —1—1) >+1{Q(t+1)>2}

(Lemma C.5. Lemma 4.1)

where we can see we also meet the condition of Q(t + 1) < (T — ¢t — 1)e + 1 while applying
Lemma C.5. For the first term on the right-hand side, with Q(¢t + 1) < e(T —t — 1)/2,

exp ((Q(t+1)1(Tt1)e)2) “ e ((;(T—t_1)6+1>2>

2T —t—1) 2T —t—1)
(T—-t-1
<exp (6()) (13)
8
Substituting the result, taking the expectation on both sides, and applying the tower rule yields
~ T—t-1 T—t—1
E W(t, T)} < exp (6(8)) +P <Q(t +1) > 6(2)> . (14)
B,

Next, we are going to apply the exponential tail bound of Lemma C.6 to term B,. Recall the lemma

P(Q(t) > aB(t — 1) +b) < Cpe™
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and the condition of a, b which are
1
a>10g<ﬂ), b>0
n P
Set a = 2 then
1 1 _ne 1 I}
a>14¢€/4=—-(n—(—nme/d :f(log e flog(e 4)) log(>.
/ n( (—ne/4)) ; (e”) ; P
We need the condition of b > 0. In order to control this, we set a threshold value w of the remaining
rounds as
2a7 _ 2aB(T)
=—2

€ €

w

and split into 2 cases.

(Cl): If (T —t—1) < w, we do not apply Lemma C.6, since it means that there are not many rounds
remaining to reduce the queue length difference by emptying the queue with an extra job. Therefore,
we give a naive bound of

E [J(t,T)} <1
(C2): If (T —t—1) > w, it means that (T —t — 1) > 2a3(T') /e, then

B =P (Q(t +1) > aB(t) + (E(T_Qt_l) - aB(ﬂ))

<P (Q(t +1) > aB(t) + <E(T;1) - aB(T))>

<P|QE+1)>aB(t)+ (G(T_t_l_w)>

2

>0

F(T—t2—1—w))

< e (Lemma C.6, b > 0)

Substituting this to Equation (14) and taking min{-, 1} on both sides (by Lemma 4.1) gives

E [&(t,T)} < min {1, exp (-W) +C,exp (_Wé(T - t2— 1— w))}

2
Smin{l, 2C, exp <—68(T—t—1—w))} (C,>1,m=¢/2)

Combining the results of both cases yields the desired result.

D PROOFS FOR THE LEMMAS IN SECTION 6
In this section, we provide our proofs of Proposition 6.1 and lemma 6.2. The proof of Theorem 6.3
is deferred to Appendix E.2.
For the adversarial setting, we switch the definition of the filtration to exclude E(t) as
gt = U(X17 A(l)v D(l)v A(2)7D(2)a R A(t - l)a D(t - 1))

Note that Q(t) and z; are G;-measurable. Now we define G;-measurable bad rounds and the notation
as

€

B :=3te[l]: - >——— 5%, Bt :=|{[t]nB}.
{remaly, > 55} 80 =1mHnE)
We first introduce the negative drift for the good rounds
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Proposition D.1. Forallt ¢ 3,
E[A(t) — D(t) | Gi] < —¢/2 (15)

Proof. We show there is a negative drift in good rounds ¢ ¢ B’: Recall the definition of D(t) and
D(t — 1,t) in the proof of Proposition C.3, which are coupled to each other. Then we have

E[A(t) - D(t) | Gl =E[A(t) - D(t - 1,t) | G| + E[D(t = 1,0) - D®) | G1]
< —e+p ((xf)TGZt) — (2] 0;,)  (Assumption 3.4, coupling process)
< —e+ 281k Ml (Equation (20))
< —€/2. h (t¢B)
O

D.1 PROOF OF PROPOSITION 6.1

‘We show that there are few bad rounds.

#1(5) < p () )

(Br > Bik» (Be)e increasing in t, 467 > 1,1 > € > 0)

T
< : 1 2 B /
_;mln{ ’|xtvt—11,kt} (teB)
< 2Kdlog(1+T/(dKKXo)). (Lemma F.1)

Moving the term on the left-hand side yields the result.

D.2 PROOF OF LEMMA 6.2

The proof follows the same argument as Lemma 5.4. We therefore omit the details when the process
of the proof is identical. We again assume that &£, holds for this section and skip the conditional
notation of it.

First, define a filtration as
G =0 (G U{A(1)})
Now, consider the queue length difference under the disagreement (with the condition of Q(t+1) <
(T'—t—1)e+ 1), defined as
E [yt T)| G DT (t)=0,D"(t) =1,Q(t+1) < (T'—t — 1)e + 1]

Recall the previous definition of the filtration and the corresponding queue length difference under
the disagreement for Algorithm 1, which are

Fri=o(FU{E(t-1),A)}),

E[yt,T)|F DY) =0,D"(t) =1,Q(t+1) < (T —t — 1)e + 1]
The expected value is conditioned on F;", D (t) = 0, D~ (t) = 1, and Q(¢ + 1), which means
the value of the conditional expectation is only affected by the situation after round ¢t. Meanwhile,
from round ¢ 4 1 to 7', v (¢, T") follows the optimal policy and is irrelevant to whether we followed

Algorithm 1 or Algorithm 2 until round ¢. Thereby, we can simply follow the same proof and reuse
the result of Lemma C.5, which is

E[¢tT) |G D) =0,D(t) =1,Q(t +1) < (T —t — 1)e + 1]

(Qit+1)—1— (T —t—1)e)?
< exp (_ 2T —t—1) (16)
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Next, we consider the tail bound for Q(¢). Recall that Q(¢) and B'(t) are G;-measurable random
variables. As noted in Remark C.8, although in Algorithm 1, 1{¢ € B} is deterministic by the
pure-exploration round, we develop the proof as if it is F;-measurable random variable. Also in
Proposition D.1, we show the negative drift in good rounds conditioned on G;. Therefore, we can
exactly follow the proof of Lemma C.6, simply replacing B with B’, and F; with G; and get the
same result of

P(Q(t) > aB'(t— 1)) +b) < Cpe ™ (17)
Now we are ready to start the proof. For the queue length Q(¢ + 1), we split into 2 cases where
Qt+1) < E(T%_l) and Q(t + 1) > E(T_Qil) and proceed as

E [4(t,T) | G}, D (t) =0, D*( ) =1]
:1{Q(t+1) (T - 2 )}]E[ (t,T)| G, D (t) =0,D(t) = 1]
+ 1{Q(t+ 1) > }]E .T)| G, Dt (t)=0,D(t) = 1]
< exp (_8(7“—;—1)) + I{Q(t +1) > E(T_;_l)} (Equations (13) and (16))

Recall the definition of ¢/ (t,T) := E [¢(t,T) | G, D*(t) = 0, D~ (t) = 1]. Taking the expecta-
tion on both sides

E [J’(t, T)} < exp (—EQ(T;U) +P <Q(t +1) > €(T2tl)> (18)

Set a = 2 and a threshold value w as

€

W= 2; <2Kdlog(1 +T/(dKKNg)) (4'8:>2> > 2a8(T) (Proposition 6.1)
Now for the second term of Equation (18), we split into 2 cases.
(C1): If (T —t — 1) < w’, we give a naive bound as
E[§¢.n)] <1
(C2): If (T —t—1) >/, then
P(Q(t+1) (T t=1) ) IP’(Q (t+1) > aB(t) + <€(Ttl)aB’(t)>>

2
]P’(Q (t+1) >aB'()+<€(T_2t_1)—aB’(T)>>
>0
((T t—1— w)) .
<Ce (Equation (17), a = 2,b > 0)

Substituting the result to Equation (18) and taking min{-, 1} on both sides yields

E|§'(t,T)]
2 - - — _ _ !/
Smin{l’ exp (ﬂ;”)+cﬂexp <77€(T t2 ]_ w))}
2
= {1’ 2O exp (ES(T S ”/>> } (Cp =10 =c/2)
finishing the proof.
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E REGRET ANALYSES

E.1 PROOF OF THEOREM 5.5

Recall the definition of the good event £, where both Lemmas 5.1 and 5.2 hold. Then, by the union
bound, P(&,) > 1 — 34. By the regret decomposition result given in Lemma 4.2,

Rr < Tz:_l E [(u ((Z;)TGZZ‘) - (a:tngt))T E [{j(t,T)} :
t=1 N————

=:0¢

=:mqy

Let us consider m;. For t € [1, 7], we give a naive bound of 1. For t € [7 + 1, T,

2 T T 2
m? < P(ES) + P(£,)E {(u (@70, ) = e (aT6;,) ) ’ 54
< 30 + min{1, \e + 452v(t — 1)} (Lemma 5.3)

Applying square root and min{1, -} on both sides

my < min{l, V36 + \/)\e+4ﬁ%u(t— 1)}

Combining these, we obtain

1 ift<r
min{l, V30 + /e +4BZv(t — 1)} ift > 7,

mtSMt::{

where { M },¢[r) gives rise to a nonincreasing sequence.

Next we consider term 6;. Fort > T — w — 1, we give abound of 1. Fort < T — w — 1, we have
52 < P(ES) +P(E,)E [{/I(t, )| gg} (Lemma 4.1)
2
< 3(5+min{1, 20, exp (—;(T—t— 1—@)}. (Lemma 5.4)

Applying square root and min{1, -} on both sides

2
o < rnin{l7 V36 4 1/2C, exp <_;6 (T—t—l—w))}
Then we deduce that

5< A, {;nin{l, m+./20,,6xp<f§—26(T7t717w))} ifE<T—w—1

ift>T—w-—1,
where {A;}4¢|7) gives rise to a nondecreasing sequence. Consequently, we obtain

T-1

Ry < Z M, A,.
t=1

Since { M} }er) is nonincreasing in ¢ and {A¢};¢[7) is nondecreasing in ¢, applying Chebyshev’s
sum inequality (Lemma F.4) gives

T—

et (S (85

t=1 t=1
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For the summation of M,;’s,

T-1 T T-1
Z Mt = Z Mt + Z Mt
t=1 t=1

t=7+1

T—-1
<TH+(T—-7-D)OT ) +(T—7-D)VAe+28r > Vu(t—1)

t=7+1
T-1 —1/2
dlog(T Ae(t — 7 — 1)
<0 ( o8l )> +OM)+TVAe+28r Y. ()\0 + M)
og€ W 4K
B
T-1
1 (t—7—1)Xe (t—7—1))\ecd
+ 267 Z (eXp (—) +Vdexp (— .
= Vo 16K 32K
B,
For term B,
e(t—7—1)a2\ ? 1 AK
R T PR
! i 4K = Vo cro\/)\r-:

For term B,, by applying the geometric-series formula, we obtain

B < 1 1 N d _ 1 16K+32\/&K
2= Vo \T — e Xe/(6K) T 1 " oxeod/(32K) ) = (/30 \ Ae | Aeod

where the second inequality holds because 1 — e~ > /2 for z € (0, 1]. Using the bouns on B
and B, with e = T—1/2 yields

ZM <o<dlog( >) O1)+TVie

+2BT< 14K ﬁ)+25T (16K+32\/EK>

\/ ooV e vV AO AE )\50'(2)
dlog(T d\/?T3/410g"2(T)  dT*/?log"/*(T
:O< o5(T) | g1, og"*(T) | dT'/210g*(T)
€ 0o og
Next, for the summation of A;’s,
T-1 T—w—1 2
ZAt<W+(T w—10 )+ Z \/ZC’pexp<—16(T—t—l—w)>
t=1 t=1
2at V2C,
<o POWF T e
dlog(T) 1 .
:O( v +5 l—-e*>z/2,2€(0,1])
dlog(T)
=0 < oged
0

Finally, plugging in the bounds on the summation terms to Equation (19), we have

21002 3/4 3/28/4 7 53/2 21/2 70 53/2
Ry < 1 O(d log*(T) dT log(T)+d T°%/*log (T)+dT log (T)>

- T-1 ofed oged oped oled

8.5 4.3 5.3 6.3
Op€ 0p€ Op€ Op€

_o (dzT1 log?(T') N dT—"/*1og(T) N d3/2T=1/410g3/%(T) N d2T1/210g3/2(T)> 7
as required.
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E.2 PROOF OF THEOREM 6.3

Recall the definition of the good event £, where Lemma 5.1 holds. We have P(£;) > 1 —4. By a
modification of Lemma 4.2 for the adversarial setting explained in Remark B.2, we deduce that

res 3 B[ (s (o) - }W

| (n (@)70z,) ~ e e701,)) | Y

IN

1
IE 1/1’ (t, T )} (Cauchy-Schwarz)
1

t=

For term By,

E [(u ((m;‘)m;;) iy (xje;;t))z} < P(E) +P(E)E [(u ((mI)TGZ;) — (9«“397;))2 ‘ 5;}
<0 @) B | (u(@70;) -~ n(eT01)" | &)

as P(£)°) < dand § € (0, T~"]. For the second term on the right-hand side, under the event &/,

(@705 ) = (@T0r) < i (@0 O ) + B llilly s = w(a76,)

S p ((J?t)Tet—l,kt) + Bt—l,kt”xtHVtill‘kt —H (CUtTGZt)

< 25t71,kt||xt||vt:11ka«

where the second inequality holds due to our optimistic choice. As the left-hand side is at most 1 as
well, it follows that

" ((x:)TQZ;) — u(2763,) < min {1, 21 el } . (20)

g;]

Combining the bounds,

T—-1
> min {1,452, ol |

t=1
54

where the second inequality follows from the fact that 5; > 3; x and {;};c[r) is monotonically
increasing in ¢, while the third inequality is due to Lemma F.1. Moreover, we have

<2B87,|O(1)+E

T-1

: 2
Z min {1, ||$t||v;11=kt }
t=1

< 2Bpy/O (1) + 2K dlog(1 + T/(dK kX))
= O (dlog(T))

481 > 64R*K%log(1/6) > 32log(T) > 1,

for all § € (0,1/+/T] and T > 2. Thereforem we can use min{1,ab} < amin{1,b}ifa > 1to
pull out 7 out of min{1, -}.
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Next, for term B,,

(B2 = S E[J/(t,7)]

=
i

—

1: T—-1
+ E[¢’(tT\g’]+ZE[ tT|5']
=T—

t=1 t w

T—w—-1 2
SOM+w+ Y, ZC'peXp<€8(Tt1w)>

t=1
d2 10g2(T) 1 e—EQ(T—UJ—l)/S
SO( e’ ) 20 1 —e—</8

2 2
<0 (d log (T)> 4 32 1—e>a/2,2€(0,1)

_o (d2log2(T) +1>

€3 et

where the first inequality follows from Lemmas 4.1 and 5.4 while the third inequality holds since
€2/8 < 1. Substituting term B; and term B, back gives

d?1og®(T)  dlog(T
rr—o (TR, Dog)),

F AUXILIARY LEMMAS

Lemma F.1. We have

t
> :min{1,||$i||%/1 } < 2Kdlog (1 +t/(dKK\g)) .
N i—1,k;

Proof. Recall the definition of V; j, = koI + 22:1 1{k; = k}x;z]. Then,

t

Zt K
i . 2 = pp— . ) 2
i=1 mln{17||xz|vill,ki} Zzl{kz k} mln{l, ||xz||vi:11,k}

k=11i=1

K
det V; g
<25 log —LVek
kzzlogdetmol

K
1
<2 <K log det (K ; Vt,k> — Klog det(m\oI)>
‘L1
=2K1 ] +1
og det (; Kﬁ)\oxle + )

< 2Kdlog (1 +t/(dKkAo)),

where the first inequality follows from the elliptical potential lemma (Lemma F.2), the second
inequality follows from the concavity of logdet(:), and the last inequality follows from the
determinant-trace inequality (Lemma 10 of Abbasi-Yadkori et al. (2011)). ]

Lemma F.2 (Elliptical potential lemma, Lemma 11 of Abbasi Yadkori et al. (2011)). Forany A > 0
and sequence {xt}t | € RY, define Z, = NI + Z _, zx; . Then, provided that ||z||2 < L holds
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forallt € [T), we have

T
det Zp Tz
1 2 } <9] <2dlog |1+ —+
tz—;mm{ ) ‘|$t||zt,1 = 2108 det \I — og< * dA )

Lemma F.3 (Lemma 12 of Faury et al. (2020)). Let the maximum likelihood estimator of the regu-
;"

larized cross-entropy loss as and define its projection as

t

> 1 T0) —u (2T67) ]

i=1

f; = arg min
0cO

Vfl

where Vi = Aol + Z§=1 x;x]. Define a confidence set and f; as

C,=1l0co: Ha—@ < 2B Y, B = /2dlog [ 14+ —— ) +log(1/6) + Sv/ .
Vi H)\()d

Then, with probability at least 1 — 6,
Vt>1, 0*eC.

Lemma F.4 (Chebyshev sum inequality). If (a;)i_; is nondecreasing and (b;)!_, is nonincreasing,
and a;,b; > 0, we have

t 1 t t
ab; < — a; bi | .
Sn <1 () (20)
Proposition E.5 (Proposition 1 of Li et al. (2017)). Define V; = 22:1 1:1sz where x; is drawn i.i.d.
from some unknown distribution v with support in the unit ball, BY. Furthermore, let ¥ := E[z;x]]
be the second moment matrix, and B and § > 0 be two positive constants. Then, there exists absolute
constants C, Cy > 0 such that Ayin (V) > B with probability at least 1 — 6, as long as

CWd+ Con/log(178)\. 2B
tZ ( )\min(z) > * )\min(z)'

Lemma F.6 (Multiplicative Chernoff bound). Suppose X1,...,X,, € {0,
dom variables. Let X denote their sum and p = E[X]. Then for any 0 <

P(X < (1—8)u) < exp (=5°p/2).

1} are independent ran-
<1

Also, for any § > 0,

P(X > (14 6)p) <exp (—6%u/(2+6)).

Lemma F.7 (Matrix Chernoff bound). Let X € R? be a random vector with | X ||z < 1 and
E[XXT] = 021 for some oy > 0. Suppose Xi,...,X,, be i.id. sampled vectors and define
V=0 Xi X Then forany 0 < § < 1,

-0 "o 5?no?
. < — 2 < € < _ 0
P (Amin(Va) < (1 = 0)nog) <d ((1 — 5)15) < dexp ( 5 )

G DISCUSSIONS

Algorithm design and regret bounds. We clarify the design of CQB-¢ and its relation to classical
explore-then—commit (ETC) strategies. At first glance, CQB-¢ resembles ETC, which is known
to be suboptimal in instance-independent regret compared to UCB- or Thompson sampling—based
approaches, but its structure is different.

CQB-¢ has two phases: phase 1 is pure exploration and phase 2 is mainly exploitation, yet still
enforces exploration via uniform exploration steps and UCB-based job—server selection. Unlike
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classical ETC, we do not assume a large gap A between the best and second-best arms, and phase 1
is tuned to create a negative drift rather than to shrink uncertainty below A /2. Without a large-gap
assumption, pure exploitation in phase 2 is impossible, which motivates the UCB-based rule.

Now for the regret, our analysis relies on the bound Ry < Zthl ERA ] \/E[¢(t,T)], where

1At 1s the instantaneous service-rate gap and 1; (t,T) measures how a decision at time ¢ propagates
through the queue up to horizon 7'. The e-exploration in phase 2 is specifically designed to enforce

opposite monotonic behavior in E[ua ¢] and E[¢)(t, T')], which allows us to minimize this weighted
sum and apply Chebyshev’s sum inequality, yielding the decaying queue length regret of order
o(T—1/4).

If one were to apply a vanilla ETC or UCB algorithm directly to the queueing bandit problem,
this monotonicity structure would not hold and the above decomposition would not give a decaying
queue length regret; for UCB, one instead obtains a non-decaying bound of order O(log2 T), as in
Algorithm 2. This explains why our regret rates are neither O(7~'/3) (classical ETC) nor O(T~1/2)
(standard contextual bandits), but rather O(T~/*) for CQB-¢ and O(log? T') for CQB — Opt.

RL with queueing states. We briefly relate our framework to the recent work of Murthy et al.
(2024), which studies RL with queueing states in a countable state-space average-cost setting. While
their problem is close in spirit to queueing bandits, their formulation does not directly encompass
ours for the following reasons.

First, Murthy et al. (2024) assumes a countable state space, whereas contextual queueing bandits
naturally lead to an uncountable state space: our framework allows arbitrary context vectors from
a continuous domain, and each state is represented by the list of remaining job context features.
Second, their regret bound contains an approximation term arising from )-function estimation via
neural networks, of the form ¢”’T" where ¢’ upper-bounds the approximation error. If this black-
box error is non-negligible, the resulting regret bound can be large and even grow linearly in 7. In
contrast, our analysis does not rely on a generic function approximator. Third, their regret notion
is defined via the cumulative average queue length, whereas our queue length regret is the instanta-
neous gap between the queue length under our policy and that under an optimal policy in expectation.
It is not clear whether a sublinear bound under their metric would translate into a decaying bound
under ours.

Coupling argument in multi-queue setting. This suggests an interesting direction for future
work. At a high level, defining a coupling argument for the multi-queue setting is straightforward.
However, the real difficulty arises when checking whether the good structural properties for the
single-queue case would still continue to hold. Lemma 4.1 states that ¢)(¢, T) € {—1,0, 1}, i.e., the
difference between the queue lengths under two consecutive policy-switching queues is always in
{—1,0,1}. However, when we allow multiple queues, it is not as straightforward to control (¢, T),
making it difficult to directly extend our analysis to the multi-queue setting.

To illustrate this difficulty, let us consider a discrete-time system with two queues and one server.
In each time slot, the server can serve one job from a chosen nonempty queue, and service is de-
terministic. The two coupled systems see identical arrivals. Define the policy 7* as follows: in
state (Q1(t), Q2(t)), if Q1(t) < Q2(t) serve queue 1, if Q2(t) < Q1(t) serve queue 2, and if
Q1(t) = Q2(t) > 0 serve queue 1. Initially, Q@ (0) = Q7 (0) = 2 and Q7 (0) = Q5 (0) = 2.
In time slot ¢ = 1, 7* serves queue 1, while our policy makes a mistake and serves queue 2, and
there is no job arrival. Thus (Q; (1),Q5 (1)) = (1,2) and (Q7 (1),Q7 (1)) = (2,1). Fort > 2
both systems use 7*. The arrivals are (A;(2), A2(2)) = (0,0) and (A (t), A2(t)) = (1,1) for
all ¢ > 3. One checks by induction that for all £ > 2 we have (Q] (£),Q5 (t)) = (0,t) and
(@1 (t),Q3 (1)) = (t,0), hence Q (t) — Q1 (t) = ¢.

Define ¢;(1,T) := Qf (T) — Q; (T) fori € {1,2}. Then for all T > 2 we get 11 (1,T) = T, so
the per-queue difference grows linearly in 7" even though the two systems differ only at a single time
slot. In this example, we know that ¢1 (1, T") + 12(1,T") = 0, but the individual terms ¢4 (1,T") and
19(1,T) are not necessarily bounded. This suggests that we need a more sophisticated analysis for
the multi-queue setting. Therefore, it seems difficult to directly carry over our single-queue analysis

34



Under review as a conference paper at ICLR 2026

to the multi-queue setting and still obtain meaningful bounds. Handling such multi-queue systems
is a non-trivial but important problem, and we leave it as future work.

Dependence on the slackness parameter. We briefly comment on the role of the slackness pa-
rameter in our pure-exploration phase. In our analysis it is sufficient to know a lower bound on ¢ in
order to relax the corresponding condition. We also view it as an interesting direction for future work
to design algorithms that achieve a decaying queue length regret even when no such lower bound is
available. Possible approaches include shifting the dependence on ¢ to an external parameter (e.g.,
designing algorithms guaranteed to work when T is chosen as a function of 1/¢), or developing
procedures that adaptively estimate € over time.

Preemptive policy class and work conservation. We clarify here which policy class we study
and how it relates to the non-work-conserving routing policies in Jali et al. (2024); Lin & Kumar
(1984). Our model follows the queueing bandit framework of Krishnasamy et al. (2016), where in
each time slot a single job is selected from the central queue and assigned to a server. This is directly
analogous to a multi-armed bandit problem, and our contribution is to enrich this framework with
contextual information for individual jobs. In this baseline formulation, one can view the system
as having a single active server per time slot, so our analysis indeed focuses on work-conserving
policies that always serve a job whenever the queue is nonempty.

The framework can be extended to multiple servers by selecting, in each time slot, a maximum-
weight matching between jobs and servers based on their contextual service rates. Since our model
permits preemption, idling an available server while jobs are waiting does not improve performance,
so it suffices to focus on work-conserving policies in this preemptive setting.

By contrast, Jali et al. (2024); Lin & Kumar (1984) study non-preemptive scheduling, where once a
job is assigned to a server it cannot be interrupted. In that setting, non-work-conserving policies can
indeed be beneficial for queue length and latency: a job may prefer to wait in the central queue for a
better-matched server rather than being routed immediately to a sub-par one. Thus, the main distinc-
tion is that our preemptive queueing bandit model justifies focusing on work-conserving policies,
whereas the non-preemptive models in Jali et al. (2024); Lin & Kumar (1984) naturally motivate
non-work-conserving routing rules.

H USE OF LARGE LANGUAGE MODELS

This manuscript is reviewed and edited for grammar and clarity using ChatGPT-5.
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