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Abstract
In recent years, gig platforms like Uber and DoorDash have
implemented strategies to boost gig drivers’ earnings during
peak hours. Uber’s ‘back-to-back’ feature allows drivers to
accept new trips while still on route, and Uber Eats’ ‘Batch
Order Route’ initiative allows drivers to pick up multiple de-
liveries from different locations, which may result in multi-
ple tops before one order is delivered. Despite revenue gains,
these features lead to user complaints about extended wait-
ing times. In response, platforms introduce features like Uber
Eats’ ‘Priority Delivery’ and Uber’s ‘Priority’, where cus-
tomers pay an extra subscription fee for guaranteed reduced
waiting times. This paper focuses on designing matching
policies to enhance system revenue while limiting customer
waiting times. We present a hybrid model combining online
matching and queue theory for quantitative analysis of users’
waiting times. Additionally, we introduce an LP-based sam-
pling framework and a unified queue-theory-based method
for evaluating online performance. Comprehensive experi-
ments on real datasets validate our theoretical findings, high-
lighting the efficiency of our matching framework in promot-
ing profit and meeting committed waiting times.

1 Introduction
We have seen a flourishing gig economy during the last few
decades, from ride-hailing apps like Uber and Lyft to on-
line food ordering and delivery platforms like DoorDash and
Grubhub. Gig economy features connecting short-term free-
lancers to online orders through powerful digital platforms.
To promote the revenue especially during peak hours, a com-
mon strategy used is to assign multiple online orders to one
single gig drivers. For example, Uber Eats has launched a
feature, called Batch Order Route, which allows an Uber
driver to collect up to four different deliveries from differ-
ent locations, which can lead up to eight different stops be-
fore the food gets delivered (HghSsociety 2020). In the ride-
hailing business, Uber has tested a “Back-to-Back” feature
that allows drivers to accept a new trip before dropping off
their current passenger (Huet 2015). While these strategies
create more revenue for gig platforms, they also bring about
many complaints from users. Among all these complaints,
excessive waiting time is perhaps the most prevalent (Jan-
diss 2021; Matarese 2021; Kiwidrew 2017). In response to
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this, gig companies have taken a few initiatives to combat
the issue of prolonged waiting time. In June 2020, Uber Eats
has introduced a feature, called Priority Delivery, which re-
quires customers to pay an extra fee in exchange for a guar-
antee that they receive orders within the estimated delivery
time or even less (Uber 2020). Meanwhile, Uber has been
testing a new service option, called Priority, that requires
riders to pay more for a guaranteed reduced waiting time for
cabs (Sarwar 2021). These examples underscore the need to
minimize users’ waiting time in online matching.

Online (Bipartite) Matching has been a popular frame-
work widely used to study matching-policy design for gig
platforms. The overall picture is to use a bipartite graph
to model the network between gig drivers (called offline
agents) and online orders (called online agents) (Manshadi
and Rodilitz 2022; Ho and Vaughan 2012; Dickerson et al.
2024, 2021). A key feature there, called real-time decision-
making requirement, states that upon the arrival of an on-
line order, the decision-maker has to assign it to a then free
driver; otherwise the order is gone. This assumption, inher-
ited directly from the original model introduced by Karp,
Vazirani, and Vazirani (1990), ignores the practices recently
implemented by gig companies of assigning multiple orders
to one single driver for revenue-promotion purposes. As a
result, it is nearly impossible to quantitatively analyze re-
quest waiting times caused by preceding service delays in
the current online-matching framework.

In this paper, we propose a hybrid model combining fea-
tures from online matching and queue theory. We aim to de-
sign matching policies to promote profit in gig platforms,
while curbing users’ waiting time to guaranteed levels. We
formally state our model as follows.
Online Matching with Guaranteed Waiting Time
(OM-GWT). We are given an edge-weighted bipartite
graph G = (I, J, E), called compatible graph, where I
and J denote sets of types of offline servers and online re-
quests. There are specific spatial attributes associated with
each server type (e.g., preferred working areas) and each re-
quest type (e.g., starting and ending locations). Each online
request (of type) j arrives following an independent Poisson
process of rate λj over a time horizon [0, T ]. Each server i is
designated with a warranty of an expected waiting time ωi,
which means every request selecting service from i enjoys a
guarantee of an expected waiting time no more than ωi be-
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fore served by i. An edge e = (i, j) ∈ E suggests that server
i meets the waiting-time expectation from request j, in ad-
dition to spatial constraints such as j’s starting and ending
locations fall in i’s working areas. Each edge e = (i, j) is
associated with a weight ve > 0 representing the profit flow-
ing to the system from the match of e, which incurs a random
service time Ce denoting the time that i needs to complete
request j. 1 Note that all the information above is known
as part of the input, including the graph G = (I, J, E),
{λj , ωi}, {ve}, and distributions of {Ce}. By default, we
assume {Ce|e ∈ E} are all independent from each other.

The online process goes as follows. Upon the arrival of an
online request j, we should make an instant and irrevocable
decision: either reject it or assign it to a feasible server i with
(i, j) ∈ E. In the latter case, j will join a “virtual” queue Qi

maintained by server i. Note that (1) once a request j is as-
signed to i and joins the queue Qi, it cannot be kicked out;
and (2) each server i will process all requests on queue Qi

following the first-come-first-serve (FCFS) policy to main-
tain the fairness.2 By default, we assume every server has
a unit serving capacity, i.e., it can serve only one request at
any time. A policy ALG is called feasible if the queue main-
tained by each server i meets the designated waiting-time
warranty ωi. In other words, any request j that is assigned
to i is guaranteed an expected waiting time no more than ωi

on queue Qi before getting the service. Note that we con-
sider a robust version of expected-waiting-time guarantee:
The expectation of waiting time is taken only on the ran-
domness in the service time of requests before j on Qi, and
it is irrespective of randomness in the policy or the arriving
time of j. We aim to design an online policy, denoted by
ALG, such that it is feasible and achieves a total expected
profit as large as possible. The total profit is captured by
max

∑
e∈E ve · E[Xe], where Xe is the (random) number of

matches of e made by ALG over the time horizon [0, T ].
Connections to Existing Models. A model closely rele-
vant to OM-GWT is called Online Matching with (offline)
Reusable Resources (OM-RR) (Dickerson et al. 2021). It
shares a setting similar to OM-GWT except that every re-
quest accepts no waiting time, i.e., requests will leave sys-
tem if not served immediately. Thus, OM-RR can be viewed
as a special case of OM-GWT when there is one single
priority level with the waiting-time warranty being zero.
Note that our model assumes an independent Poisson ar-
rival process of homogeneous rate for each request type, a
common arrival setting in online-matching models (Huang,
Shu, and Yan 2022; Huang and Shu 2021; Ma, Xu, and
Xu 2022). Another discrete counterpart, called Known In-
dependent Identical Distributions (KIID), is widely studied
as well (Manshadi, Gharan, and Saberi 2012; Feldman et al.
2009). Note that these two arrival settings are asymptotic
equivalent (Huang and Shu 2021).
Other Related Work. There are quite a few follow-up stud-
ies on the model of Online Matching with (offline) Reusable

1Our setting of random service time is inspired by the work
of (Dickerson et al. 2021).

2These two observations are inspired and consistent with most
real-world scenarios in gig economy.

G Input network graph G = (I, J, E)
I(J) Set of server(request) types
Ei(Ej) Set of edges incident to i (j)
λj Arrival rate of request type j ∈ J
T Length of the time horizon
ωi Expected-waiting-time warranty on server i
ve Profit flowing to the system by the match e ∈ E
Ce (Random) service time taken by e = (i, j)
π∗
off An offline optimal policy for OM-GWT

x∗ An optimal solution to LP-P with Objective (1)

Table 1: A glossary of notations used throughout this paper.

Resources (OM-RR) especially in the Operations Research
community (Feng, Niazadeh, and Saberi 2020, 2019; De-
long et al. 2022; Gong et al. 2021; Goyal, Iyengar, and Ud-
wani 2020, 2021; Liu and Hajiesmaili 2025), among which
many have considered online assortment optimization under
the large-capacity assumption. In that context, each server
is an offline resource type with a large number of copies
(called inventory), and each request can occupy multiple re-
source types simultaneously for a random time before those
resources become available again. However, all of them as-
sumes no patience from requests, i.e., requester’s demand
should be accommodated upon her arrival.

We list a few recent studies on matching policy design in
gig platforms as follows. Better matching on gig platforms
can reduce revenue by revealing demand to workers, affect-
ing their participation (Liu et al. 2024). Nair et al. (2022)
aim to achieve that income guarantees while maintain a low
system cost. Ulmer et al. (2021) focus on minimizing the or-
der delivery time, while (Joshi et al. 2022) manage to map
the vehicle assignment problem to that of minimum weight
perfect matching on a bipartite graph. Most of them adopt
an offline setting where all agents are static. In contrast,
our model considers an online setting with requests join the
system dynamically. Additionally, there are many research
works applying queuing related models to study mechanism
design via pricing and/or manipulation of the waiting-list in
scenarios when non-linear utility function (e.g., submodular)
exists between offline and online agents and when waiting
time of online agent is associated with some cost (Bloch and
Cantala 2017; Thakral 2019; Ashlagi et al. 2020; Baccara,
Lee, and Yariv 2020; Ashlagi, Monachou, and Nikzad 2021;
Leshno 2022). In our paper, we consider linear utilities and
impose a waiting-time constraint on each server.

Preliminaries and Main Contributions
There is a large body of existing results related to queue the-
ory and related topics. Here we list only a few relevant to
this paper; see the book for more details (Gallager 2011).
Properties Relevant to Poisson Process. Let {Nj(t) : t ∈
[0, T ]|j ∈ J} be |J | independent Poisson processes such
that each Nj(t) has a homogeneous rate of λj > 0. Consider
a given subset S ⊆ J , and define NS(t) =

∑
j∈S Nj(t).

(P1) NS(t) is a Poisson process of rate λS :=
∑

j∈S λj .
(P2) For each arrival in NS(t), it belongs to Nj(t) with prob-
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ability λj/λS for each j ∈ S.

Properties Relevant to an M/G/1/1 queue (Bose 2013).
Consider an M/G/1/1 queue Q, where it admits a Poisson
arrival process of rate λ, a random service time C following
a general distribution, one single server, and a unit queue
capacity. Note that in this case, any arriving request has to
leave the system if the server is busy. (P3) Q has a mean
load ρ := λ · E[C], and it will be busy and free in the steady
state with probability ρ/(1+ ρ) and 1/(1+ ρ), respectively.

Properties Relevant to an M/M/1/L queue (Smith 2003).
Consider an M/M/1/L queue Q, where it admits a Pois-
son arrival process of rate λ, an exponentially distributed
service time C, one single server, and a queue capacity
of L. (P4) Q has a mean load ρ := λ · E[C], and it
has a equilibrium non-blocking probability equal to γ :=

1
1+1/(ρ−L+ρ−(L−1)+···+ρ−1)

, where γ can be interpreted as
the expected ratio of time when Q has a capacity less than L
(i.e., it can accept new arrivals) to the whole horizon.

Competitive Ratio (CR). Competitive ratio is a common
metric to evaluate the performance of online algorithms.
Consider an instance G = (I, J, E) of OM-GWT and a
given feasible policy ALG. Let π∗

off be an offline optimal
policy, which is also known as a clairvoyant optimal or an
optimal with hindsight. Here are a few similarities and dif-
ferences between ALG and π∗

off . First, π∗
off has full access

to the random number of arrivals of online requests for ev-
ery type in advance, while ALG does not. Second, neither
ALG nor π∗

off has access to the random realization of service
time Ce before matching e for every e ∈ E. Third, π∗

off as-
sumes all online requests arrive at time t = 0, and each of
them has an unbounded patience such that it will never leave
the system until matched. In contrast, ALG has to guaran-
tee an expected waiting time capped by ωi for every request
assigned to server i. Let E[ALG] and E[π∗

off ] denote the to-
tal expected profit achieved by ALG and π∗

off , respectively.
We say ALG achieves a competitive ratio of α ∈ [0, 1] if
E[ALG] ≥ α · E[π∗

off ] for any instance of OM-GWT.

Main Contributions. Throughout this paper, we assume by
default T ≫ 1, and part of our results are obtained when
T → ∞.3 In this paper, we present a general LP-based sam-
pling framework featuring two parameters: one is a feasible
solution to a benchmark LP; the other is a vector specify-
ing the queue capacity maintained by each server, which is
jointly determined by the service time distribution and the
waiting-time warranty claimed by the server. To analyze the
performance of our framework under different settings, we
propose a unified queue-theory-based approach for compet-
itive analysis. Our main results are stated as follows.

Theorem 1. [Section 3] There exists a 1/2-competitive pol-
icy when ωi = 0 for all i ∈ I (i.e., every request accepts no
waiting time if assigned). Our competitive analysis is tight.

3It is a common practice to assume the time horizon T ≫
1 in analyzing online algorithms under known distributions; see
e.g., (Brubach et al. 2020; Jaillet and Lu 2013; Manshadi, Gharan,
and Saberi 2012; Haeupler, Mirrokni, and Zadimoghaddam 2011;
Feldman et al. 2009).

Remarks on Theorem 1. (1) The assumption of ωi = 0
for all i ∈ I implies that each server admits a new request
only when it is free such that it can maintain the warranty
of zero waiting time. Thus, for each arriving request, we can
either assign it to a free neighboring server or reject it oth-
erwise. Under this assumption, OM-GWT gets reduced to
the model in (Dickerson et al. 2021). Compared with the
1/2-competitive policy there, our policy features its sim-
plicity: It is non-adaptive and remove the time-consuming
procedure of simulation-based attenuations (Dickerson et al.
2021; Feng, Niazadeh, and Saberi 2019). (2) Dickerson
et al. (2021) offered a hardness instance showing that no
non-adaptive policy can achieve a CR better than 1/2 when
T → ∞, showing our policy’s optimality among non-
adaptive ones and the tightness of the analysis.4

Theorem 2. [Section 4] There exists a policy achieving a
competitive ratio (CR) of at least 1 − 1/(1 + L) when all
service time is IID exponentially distributed, where L :=
1 + ⌊mini∈I ωi/E[Ce]⌋.

Remarks on Theorem 2. (1) When ωi = 0 for all i ∈ I ,
the result of Theorem 2 matches that of Theorem 1. (2) The
settings considered in Theorems 1 and 2 are incomparable:
The former assumes general edge-dependent service-time
distributions but a strict warranty of zero waiting time, while
the latter considers IID exponential service-time distribu-
tions but general guarantees of expected waiting time. (3)
One motivating example of IID service-time distributions
can be seen in the work by Dickerson et al. (2021), where
they analyzed real datasets from NYC Yellow Cabs and
found the majority trips shared a similar pattern and were
completed within 10 to 15 mins. (4) Exponential service-
time distributions are widely used in practice; see, e.g., (Kr-
ishnamoorthi and Wood 1966; Chakraborty, Muthuraman,
and Lawley 2010; Matyushenko and Ermolayeva 2021).

For the general case, we focus on the asymptotical CR
when the min waiting-time warranty goes to infinity. Intu-
itively, when ω := mini ωi → ∞, the performance of an
optimal online policy can match that of an offline optimal,
and thus, the resulting CR should approach 1. In light of this,
we investigate the asymptotical CR of our LP-based sam-
pling framework when ω → ∞, given all service time has a
constant bounded memory as defined in (6). For each e ∈ E,
let

βe := E[Ce], s
2
e := Var[Ce]/E

2[Ce],

where βe denotes the expected service time of the assign-
ment e, and s2e is called the squared coefficient of variation
of Ce.
Theorem 3. [Section 5] There exists a policy achieving
a competitive ratio (CR) of at least 1 − (1/η)(1 + o(1)),
where η = mini ηi with ηi = 2ωi/

(
maxe∈Ei

βe

(
1 +

max(1, s2e)
))

, and o(1) is vanishing when η → ∞.
Remarks. Note that when all service time are IID ex-

ponentially distributed, we have s2e = 1 for all e ∈ E.
4Note that Dickerson et al. (2021) also gave an upper bound of

1/2 for adaptive policies but for the case when each online request
is allowed to have heterogeneous arriving rates during the online
phase.
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In this case, the result of Theorem 3 can be simplified as
1−(1/mini ωi/E[Ce])(1+o(1)), where o(1) vanishes when
η = mini ωi/E[Ce] → ∞. This is consistent with the result
of Theorem 2. The parameter η serves a role analogous to L
in the IID case, representing expected queue capacity.

We implement our algorithms on a real dataset against
a few heuristics and some state-of-the-art algorithms such
as reinforcement-learning-based approaches (Xu et al. 2018;
Feng, Gluzman, and Dai 2021; Shi et al. 2021; Tong et al.
2021). Experimental results demonstrate the efficiency and
effectiveness of our proposed policies in promoting revenue
while curbing users’ waiting time to pre-specified guaran-
teed levels. All details can be seen in Section 6.

2 An LP-Based Sampling Framework and a
Meta-Competitive Analysis

Consider an offline optimal policy π∗
off . For each edge e ∈

E, let xe be the expected number of assignments of e av-
eraged on a unit time over [0, T ] in π∗

off . Consider the LP
below.

LP-P : max
∑
e∈E

ve · xe (1)∑
e∈Ej

xe ≤ λj , ∀j ∈ J ; (2)

∑
e∈Ei

xe · E[Ce] ≤ 1, ∀i ∈ I; (3)

0 ≤ xe, ∀e ∈ E. (4)

Throughout this paper, we use LP-P to denote the linear pro-
gram above with Objective (1) and Constraints (2)-(4). Let
OPTP be the optimal values of LP-P.

Lemma 1. The total expected profit achieved by an offline
optimal policy over [0, T ] is upper bounded by T ·OPTP .

Proof. We can verify that the total expected profit achieved
by π∗

off over [0, T ] is equal to T ·
∑

e∈E xe · ve. Thus, it suf-
fices to show that {xe|e ∈ E} is feasible to Constraints (2)-
(4) above. Constraints (2) are valid since the expected num-
ber of served requests (of type) j in a unit time should be
no larger than that of arrivals, which is equal to λj . Con-
straints (3) follow from the fact that the expected accumu-
lative service time on server i in a unit time should be no
larger than one.

Our main sampling framework is formally stated in Algo-
rithm 1, which takes as input two parameters. The first is a
feasible solution to Constraints (2), (3), and (4). Generally,
we will feed SAMP with an optimal solution to the bench-
mark LP-P. The second is a capacity vector L = (Li)i∈I ,
where Li denotes the queue capacity imposed on server i,
i.e., a cap on the number of requests admissible to i (includ-
ing the one receiving the service). Intuitively, each Li will
be determined based on the input waiting-time warranty ωi

designated on server i such that the resulting policy is fea-
sible, i.e., each request assigned to server i should enjoy a
guarantee of an expected waiting time of no more than ωi.

Algorithm 1 SAMP(x,L)

Two parameters: (x,L), where x = {xe} is a feasible so-
lution to Constraints (2), (3), and (4), and where L = {Li}
with Li denoting the queue capacity imposed on server
i ∈ I .

1: Let an online request of type j arrive at time t ∈ [0, T ].
2: Sample an edge e = (i, j) ∈ Ej with probability xe/λj

and reject j otherwise. (This is a valid sampling distri-
bution due to Constraints (2)).

3: Assign j to i if the queue on server i is not blocked,
i.e., there are no more than Li − 1 requests assigned to
i, including the one receiving the service then. Reject j
otherwise.

Throughout this paper, we use x∗ = (x∗
e) to denote

an optimal solution to the benchmark LP-P. Suppose we
feed SAMP with x∗ and a capacity vector L such that
SAMP(x∗,L) is feasible.5 Let γi be the equilibrium non-
blocking probability of queue on server i ∈ I , which can be
viewed as the expected fractional of time when i accepts a
new request over [0, T ] when T → ∞. The lemma below
suggests that we can reduce the job of lower bounding the
competitive ratio achieved by SAMP to that of the equilib-
rium non-blocking probability over all servers.

Lemma 2. SAMP(x∗,L) achieves a competitive ratio of
at least mini∈I γi, where γi is the equilibrium non-blocking
probability of queue on server i ∈ I .

Proof. Let γ := mini∈I γi. Consider a given edge e =
(i, j) ∈ Ei, and let Me be the random number of assign-
ments of e made in SAMP(x∗,L). Let SFi(t) = 1 indicate
that server i is not blocked at time t ∈ [0, T ], i.e., it can
accept new requests.

E[Me] = E
[ ∫ T

0

λj · (x∗
e/λj) · SFi(t) dt

]
= x∗

e · T ·
E
[ ∫ T

0
SFi(t)dt

]
T

= x∗
e · T · γi ≥ x∗

e · T · γ.

Let E[SAMP(x,L)] and E[π∗
off ] denote the total expected

profit achieved by SAMP(x∗,L) and π∗
off (an offline opti-

mal), respectively.

E[SAMP(x,L)] =
∑
e∈E

ve · E[Me] ≥
(∑

e∈E

ve · x∗
e

)
· T · γ

= OPTP ·T · γ ≥ E[π∗
off ] · γ,

where the last inequality is due to Lemma 1.

5Note that there always exists some choice of L to ensure the
feasibility of SAMP(x∗,L) in terms of fulfilling the expected-
waiting-guarantee of ωi on each server i ∈ I . For example, when
L = 1 (a vector of all ones), SAMP(x∗,L) will reject many re-
quests to guarantee that every assigned request has a zero waiting
time.
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3 The First Special Case: Serve-or-Go
Requests

We consider a special case when every request will leave the
system unless being served upon the arrival. In this case, we
essentially have one single priority level with ωi = 0 for all
i ∈ I . Thus, we need to assign every arriving request j to a
then free server i with (i, j) ∈ E upon her arrival; otherwise,
j will leave the system. In light of this, we feed SAMP with
L = (Li) = 1, a vector of length |I| with all entries being
one. This ensures that every request be assigned to a then
free server if getting served. Recall that x∗ is an optimal
solution to the benchmark LP-P. Next, we prove the main
theorem 1 by showing that SAMP(x∗,L = 1) achieves a
competitiveness of at least 1/2.

Proof of Theorem 1. Consider a given server i ∈ I , and
let Q be the virtual queue maintained by i in the policy
SAMP(x∗,L = 1). For the ease of notation, we drop sub-
scriptions i when the context is clear. The queue maintained
by i, denoted by Q, is an M/G/1/1 queue: (1) it admits a
Poisson arrival process of rate λ :=

∑
e∈Ei

(x∗
e/λj) · λj =∑

e∈Ei
x∗
e , which is due to Property P1 in Preliminaries; (2)

it has a service time C :=
∑

e∈Ei
Ce · Ie, where Ie is a

Bernoulli random variable of mean x∗
e/λ for each e ∈ Ei

(due to P2); (3) it has a unit system capacity and accepts a
new request only when it is free. We can verify that the mean
load on server i satisfies ρ := λ·E[C] =

∑
e∈Ei

E[Ce]·x∗
e ≤

1, which follows from Constraints (3). Thus, when T ≫ 1,
Q will enter a steady state, and it will be free with probabil-
ity γ := 1/(1 + ρ) (due to P3). As ρ ≤ 1, γ = 1/(1 + ρ) ≥
1/2, and the result follows by Lemma 2.

4 The Second Special Case: IID
Exponentially Distributed Service Time

Consider a special case when {Ce} are all IID exponentially
distributed. Set

β = E[Ce], L = {Li := ⌊ωi/β⌋+ 1|i ∈ I}; L := min
i∈I

Li.

(5)

Recall that ωi is the expected-waiting-time warranty des-
ignated on server i. Thus, L − 1 = mini∈I⌊ωi/β⌋ ≈
(mini ωi)/β, which can be viewed as the ratio of the min
expected-waiting-time warranty over all servers to the ex-
pected service time.

Lemma 3. The policy SAMP(x∗,L) with L defined in (5) is
feasible, ensuring that every request assigned to server i ∈ I
is guaranteed an expected waiting time no more than ωi.

Proof. Consider a given server i ∈ I , and Q be the virtual
queue maintained by i in SAMP(x∗,L). Observe that Q has
an exponential service time C := Ce and a finite system
capacity Li. Thus, for each request j assigned to i at any
time, there will be no more than Li − 1 requests before j
(including the one served by i then) on Q. As for the request,
say j′, served by i upon the assignment of j to i, we know
the expected remaining service time should be β due to the
memory-less property of exponential service time. Thus, the

total expected waiting time of j before getting the service
should be no more than (Li− 1) ·β = ⌊ωi/β⌋ ·β ≤ ωi.

The proof of Lemma 3 suggests that any policy is feasi-
ble if it maintains a queue capacity no more than Li on each
server i ∈ I , where L = (Li) is defined in (5). In the fol-
lowing, we prove the policy SAMP(x∗,L) with L defined
in (5) achieves a performance as stated in Theorem 2.

Proof of Theorem 2. Consider a given server i, and let Q
be the virtual queue maintained by i. For the ease of nota-
tion, we drop subscriptions i when the context is clear. Ob-
serve that Q is an M/M/1/L queue such that (1) it admits a
Poisson arrival process of rate λ :=

∑
e∈Ei

(x∗
e/λj) · λj =∑

e∈Ei
x∗
e; (2) it has an exponential service time C := Ce;

and (3) it has a system capacity of Li. We can verify that the
mean load on server i satisfies ρ := λ·E[C] =

∑
e∈Ei

E[Ce]·
x∗
e ≤ 1, which is due to Constraints (3). Thus, when T ≫ 1,

Q will enter a steady state, and it will have a non-blocking
equilibrium probability γi :=

1
1+1/(ρ−Li+ρ−(Li−1)+···+ρ−1)

.
Since ρ ≤ 1, we have γi ≥ Li/(Li+1) = 1−1/(1+Li). By
the setting of Li in Equation (5) and Lemma 2, we establish
the result.

5 The General Case
Consider the general case. To make our model tractable, we
assume every service time has a constant bounded memory,
which is defined as follows:

max
t≥0:Pr[Ce≥t]>0

(
E[Ce|Ce ≥ t]− t

)
≤ c̄i · E[Ce],

∀e ∈ Ei, with c̄i ≤ c̄, ∀i ∈ I,
(6)

where c̄ is a constant.6 Recall that x∗ = {x∗
e|e ∈ E} is an

optimal solution to LP-P with x∗
i :=

∑
e∈Ei

x∗
e . Let β̄i :=

maxe∈Ei
E[Ce] for i ∈ I . Set L(x∗) = {Li(x

∗)|i ∈ I},
where

Li(x
∗) =


1 If ωi < c̄i · β̄i;

2 +

⌊
ωi − c̄i · β̄i∑

e∈Ei
E[Ce] · x∗

e/x
∗
i

⌋
If ωi ≥ c̄i · β̄i.

(7)
We split the proof of Theorem 3 into the following two

lemmas. Recall that x∗ = (x∗
e) is an optimal solution to

the benchmark LP-P, and x∗
i :=

∑
e∈Ei

x∗
e for each i ∈ I .

Due to the space limit, we defer the proof of Lemma 4 and
Lemma 5 to the full version.

Lemma 4. SAMP(x∗,L(x∗)) is a feasible policy such that
every request assigned to any server i ∈ I will have an ex-
pected waiting time no more than ωi, where L(x∗) is defined
in Equation (7).

6The constant-bounded-memory property is a natural general-
ization of the classical memoryless property. We can verify that
most practical service distributions satisfy it. For example, Uni-
form and Exponential distributions both conform to it with c̄ = 1.
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Figure 1: Testing Zone for Didi Dataset in Haikou, China.

Parameters No. of Experiments
1 2 3 4 5 6 7 8

ω1 (sec.) 600 700 900 1100 1200 1300 1400 1500
ω2 (sec.) 900 1050 1350 1650 1800 1950 2100 2350

α 1 0.9 0.8 0.7 0.6 0.54 0.48 0.45
L 3 4 5 7 9 10 12 14
η 1.48 1.92 2.78 3.88 4.94 5.95 7.2 8.23

Table 2: Parameter settings. In the case of IID exponentially
distributed service time: L denotes the minimum queue ca-
pacity over all servers; In the general case: η denotes the
minimum η over all servers.

Lemma 5. Each server i ∈ I in SAMP(x∗,L(x∗)) will
have a non-blocking equilibrium probability at least γi :=
1 − (1/ηi)(1 + o(1)), where ηi = 2ωi/

(
maxe∈Ei

βe

(
1 +

max(1, s2e)
))

, and o(1) is a vanishing term when ηi → ∞.

Proof of Theorem 3. Observe that Lemma 4 justifies the
feasibility of the policy SAMP(x∗,L(x∗)). Results of
Lemmas 5 and 2 establish the competitiveness of
SAMP(x∗,L(x∗)) as stated in Theorem 3.

6 Experiments
Dataset Preprocessing. Our experiments use a real-world
Didi dataset7 containing millions of taxi trips collected in
Haikou, China, from May to September 2017. Each record
has 23 fields (e.g., pick-up/drop-off coordinates, times-
tamps, estimated fare). Following (Dickerson et al. 2021),
we focus on trips between 8:00–22:00, most of which fin-
ish within 20 minutes. We restrict the study area to lon-
gitude/latitude ranges (110.18, 110.48) and (19.90, 20.10),
partitioned into a 15× 10 grid (see Figure 1).

We construct a bipartite graph G = (I, J, E) as follows.
Each grid defines a driver type i whose working area in-
cludes its neighboring grids; each origin–destination grid
pair defines a rider type j, with arrival rate λj set to the
average number of daily requests in May 2017. Motivated
by Uber’s practice, we assign two priority levels—Priority
(P) and Normal (N)—and designate each driver and rider

7https://www.didiglobal.com/

as P or N with probabilities 0.2 and 0.8 (Koch 1998). For
serve-or-go requests (single priority level), we add an edge
e = (i, j) when j’s OD pair lies in i’s working area. For
the IID-exponential and general models, an edge is added
only if the spatial condition holds and i’s priority level is no
higher than j’s.

For each rider type j, let dj and τj denote the average trip
distance and duration. For each edge e, we set the profit ve =
5dj and assume the service time Ce ∼ Exp(ατj) with α =
1. For serve-or-go, we test T ∈ {3000, 6000, . . . , 21000}
with fixed warranties σ1 = 1200 and σ2 = 1800. For the
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Figure 2: Results of the serve-or-go case.
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Figure 3: Special case of IID exponentially service time.
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(c) Average waiting time on two priority
levels when η = 2.78.

Figure 4: Experimental results on the general case.

other models, we fix T = 18000 seconds and vary λL and
λη by adjusting σ1, σ2, and α (see Table 2).

Algorithms. We implement SAMP, which is short for
SAMP(x, L) and compare it against three baselines: a
greedy-based algorithm Greedy, a uniform-based algo-
rithm Uniform, and a reinforcement-learning-based algo-
rithm RODA (Xu et al. 2018; Feng, Gluzman, and Dai 2021;
Shi et al. 2021; Tong et al. 2021). Both Greedy and Uniform
share the same queue capacity as SAMP in the sense that
each driver i (or queue on i) is called unblocked if there
are no more than Li − 1 requests assigned to i with Li

as specified in SAMP. The difference lies in the sampling
phase: Greedy always assigns an arriving rider to an un-
blocked driver with the maximum profit, while Uniform-P
assigns an arriving rider to an unblocked driver uniformly
at random. Since RODA is not designed to tackle the same
problem as ours, we make the following adjustments: (1)
For each driver’s state, we add a parameter l to define the
driver’s real-time serving capacity. As long as the driver ac-
cepts an order, his capacity l gets decreased by one and the
state will transfer. (2) For each edge e = (i, j), we denote
the reward as ve (following our notation here), i.e., the profit
of assigning rider (type) j to driver (type) i. (3) We use a
replay buffer to store the experiment data (s, a, r, s′), where
s is the current state of driver; a denotes the action; r is the
reward; s′ denotes the state of driver after the execution of
action a. We record the experiment data by running Greedy
for 100 times, then put them into replay buffer, which is used
to get the value function iteratively.

We run all algorithms 100 times for each group of param-
eters and take the average as the final performance. We use
T ·OPTP as the performance of an offline optimal with re-
gard to profit. We compute the ratio of the performance of
each algorithm to the optimal value as the final competitive
ratio achieved. Additionally, we report another metric, called
curbing ratio, which refers to the ratio of the average wait-
ing time of riders of a given priority level to the designated
waiting-time warranty. Thus, a lower curbing ratio suggests
a higher effectiveness in reducing riders’ waiting time to the
guaranteed levels. Note that the curbing-ratio metric does

not apply to serve-or-go requests because both the average
riders’ waiting time and the waiting-time warranty are equal
to zero. All experiments are conducted on a PC with 3.2GHz
12th Gen Intel Core i9 processor and 128GB main memory.
Results and Discussions. Figure 2 shows that in the serve-
or-go setting, SAMP achieves decreasing CRs as T in-
creases, remaining consistently above the 1/2 lower bound.
When T > 9000, SAMP nearly reaches this bound, confirm-
ing the tightness of our CR analysis. In the IID service-time
case (Figure 3a), SAMP ’s CRs always exceed the lower
bound in Theorem 2, and its advantage over other baselines
grows with larger L, demonstrating its superiority in longer-
queue scenarios common in online food-ordering platforms
during peak hours.8 Greedy performs well with small queue
capacities but saturates as L increases, since it prioritizes
immediate matches over future demand, resulting in less ef-
ficient queue use. Figure 3b shows that SAMP significantly
reduces riders’ waiting times across priorities under profit
maximization, while all baselines stay below a curbing ratio
of 1. Similar trends appear in the general case (Figure 4),
where SAMP maintains CRs above the bounds in Theo-
rem 3, outperforms all baselines for any η, and reduces av-
erage waiting time by over 65% (Figure 4b).

7 Conclusion and Future Directions
In this paper, we proposed a hybrid model combining fea-
tures from both online matching and queue theory. We pre-
sented an LP-based sampling parameterized policies that
can effectively promote profit in gig platforms, while reduce
users’ waiting time to pre-selected guaranteed levels. Our
research opens a few directions. The first is to generalize the
current setting to heterogeneous arrival rates for online re-
quests. The second is to study the potential tradeoff between
profit and fairness within the current framework. We believe
strategies such as hybrid samplings from the LP solutions
for profit and fairness can lead to compromised but provable
performance on both objectives simultaneously.

8Gig platforms often relax waiting-time guarantees during peak
hours, leading to longer queues; see Equation (5) for their propor-
tional relation.
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