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Abstract. Problem definition: We study a dynamicmarket over a finite horizon for a single
product or service in which buyers with private valuations and sellers with private supply
costs arrive following Poisson processes. A single market-making intermediary decides
dynamically on the ask and bid prices that will be posted to buyers and sellers, respec-
tively, and on the matching decisions after buyers and sellers agree to buy and sell. Buyers
and sellers can wait strategically for better prices after they arrive. Academic/practical
relevance: This problem ismotivated by the emerging sharing economy and directly speaks
to the core of operations management that is about matching supply with demand. Meth-
odology: The dynamic, stochastic, and game-theoretic nature makes the problem intractable.
We employ the mechanism-design methodology to establish a tractable upper bound on the
optimal profit, which motivates a simple heuristic policy. Results: Our heuristic policy is: fixed
ask and bid prices plus price adjustments as compensation for waiting costs, in conjunction
with the greedy matching policy on a first-come-first-served basis. These fixed base prices
balance demand and supply in expectation and can be computed efficiently. The waiting-
compensated price processes are time-dependent and tend to have opposite trends at the be-
ginning and end of the horizon.Under this heuristic policy, forward-looking buyers and sellers
behave myopically. This policy is shown to be asymptotically optimal. Managerial impli-
cations: Our results suggest that the intermediary might not lose much optimality by
maintaining stable prices unless the underlying market conditions have significantly
changed, not to mention that frequent surge pricing may antagonize riders and induce
riders and drivers to behave strategically in ways that are hard to account for with
traditional pricing models.
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1. Introduction
Market makers have long existed in many market-
places. The rise of the sharing economy has allowed
emerging marketplaces and market-making intermedi-
aries to tap into our daily lives. They select and pub-
licly announce their bid and ask prices. Buyers who are
willing to pay above the ask price would want to
buy from the intermediary, whereas sellers with an
opportunity cost below the bid price would want to
sell to the intermediary. Unlike the traditional mar-
ket makers such as used-car dealers (see, e.g., Amihud
and Hendelson 1980), the emerging market-making
intermediaries do not buy and sell assets with in-
ventory holding. Instead, they focus on enabling the
matching between buyers and sellers. For example,
Uber and Lyft crowdsource freelance drivers and
match them with riders by making pricing and
matching decisions. Postmates and Deliv pay free-
lance couriers or even travelers to deliver parcels
to end consumers. In most of those applications, the

intermediary needs to decide not only on the inter-
temporal ask and bid prices, but also on the detailed
matching decisions between buyers and sellers after
they agree on the prices. For instance, Uber seems
to implement a greedy matching policy that is on a
first-come-first-served (FCFS) basis along the tem-
poral dimension.1

Buyers and sellers can time their transactions based
on market prices and their expectation of the likeli-
hood of being matched. On the demand side, Chen
et al. (2015) observe that Uber’s customers often
choose to “wait out” the price surges. On the supply
side, freelance drivers can decidewhen towork. Then,
it is desirable to design the pricing and matching
policies that take into account the forward-looking
behavior of buyers and sellers.
In some two-sidedmarkets, such as the ride-hailing

market, we observe that different ride-hailing plat-
forms adopt different pricing strategies. On one hand,
Uber implements surge pricing with likely varying
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price for the same trip at different times. On the other
hand, Gett, another ride-hailing platform that oper-
ates in the United Kingdom, promises to passengers
that it sticks to no surge pricing even when demand is
high.2 Therefore,we aremotivated to explorewhether
the intermediary shall adopt a dynamic-pricing ver-
sus fixed-pricing strategy in the two-sided market
with forward-looking buyers and sellers. Although
our motivation is ride-hailing, for simplicity of ex-
posure, we abstract away the spatial dimension of the
practical context and focus on the temporal dimen-
sion. In particular, wemodel a dynamicmarket over a
finite horizon for a homogeneous product or service in
which buyers with private valuations and sellers with
private supply costs arrive following Poisson pro-
cesses. A single market-making intermediary decides
dynamically on the ask and bid prices that will be
posted to buyers and sellers, respectively, and on the
matching decisions after buyers and sellers agree to
buy and sell. Buyers and sellers can wait strategically
for better prices after they arrive. Our model does not
capture the spatial dimension of ride-hailing such as
driving to pick up a rider and the possible reentry of
drivers to the market at another or the same location
after dropping off a rider.3

1.1. Results and Contributions
Indeed, the ride-hailing industry provides a rich con-
text for studying operational problems. Very recently,
we have seen a large number of research papers on
this topic from various angles by applying different
tools (see Hu 2019a). It is challenging to realistically
capture all themain features of the practical context of
ride-hailing. Our model focuses on the forward-
looking behavior of riders and drivers along the
temporal dimension. The system, essentially a double-
ended queue when our heuristic control is imple-
mented, can be viewed as a transient (finite-horizon)
version of Taylor (2018) and Bai et al. (2018), both cast
in the context of ride-hailing, in which the spatial di-
mension is also abstracted away and the system has
reached a steady state. Moreover, the double-ended
queue can more accurately capture a matching market
where service providers do not come back after a
matching, for example, shoppers at a grocery store help
make a delivery for their neighbors and commuters pool
their car with riders on the way to work or home.

As far as we know, this is the first paper that studies
an intermediary’s two-sided pricing and matching
problem in which both buyers and sellers exhibit
forward-looking behavior. Themain technical challenge,
beyond the studies on one-sided revenue-management
problemswith forward-lookingbuyers, isdue toademand–
supply balancing constraint that the number of buyers
and sellers who transact at any point of time must be
equal along any sample path. This operational-level

constraint makes the two-sided pricing and matching
problem different from the revenue-management and
pricing problem with forward-looking buyers.
We obtain the following set of results and consider

the first two results as the most significant.
(i) We use the mechanism-design approach to es-

tablish a tractable upper bound on the intermediary’s
optimal profit. Because of the system’s stochastic
nature and buyers’ and sellers’ forward-looking
behavior, it is very challenging to compute the
intermediary’s optimal policy and profit. Therefore,
we establish a tractable upper bound on the inter-
mediary’s optimal profit, which serves as a bench-
mark to evaluate the performance of any heuristic
policy. This upper bound is obtained in the follow-
ing way. First, we randomly generate a sample path
of buyers’ and sellers’ arrival processes and their
valuations/costs. Second, for any such sample path,
we solve a deterministic assignment problem, which
is a special type of 0-1 integer program. Third, we
compute the expected optimal value of these deter-
ministic assignment problems. We show that this
procedure indeed provides an upper bound by a
mechanism-design approach. We begin by proving
that the platform’s optimal profit is upper-bounded
by the optimal value of an auxiliary two-sided dy-
namicmechanism-design problem.We then show that
the optimal value of this auxiliary problem is upper-
bounded by the expected optimal value of those
assignment problems mentioned above. Unlike the
counterpart in the revenue-management setting with
forward-looking buyers, establishing such an upper
bound for the two-sided market is technically chal-
lenging, which is a main contribution of this paper.
(ii) We propose a simple market-making pricing

and matching policy. On the pricing side, the market
maker posts fixed ask and bid prices plus a (time-
dependent) price adjustment as compensation for
the expected cost of waiting to be matched, and on
the matching side, the market maker implements the
greedy matching policy on a FCFS basis. Those fixed
prices balance demand and supply and can be
computed efficiently. The commitment to the fixed
base prices with a price adjustment for the expected
waiting cost induces the strategic buyers and sellers
to behave myopically. They will submit a request for
matching upon arrival without delay if the buyer’s
valuation is no less than the fixed ask price or the
seller’s cost is no more than the fixed bid price. The
intuition is as follows. First, the time-dependent price
adjustment on top of the fixed price for a buyer or a
seller arriving at a specific time is the expected cost
of waiting to be matched after submitting her match-
ing request. That is, the price-adjustment component
compensates buyers’ and sellers’ waiting disutilities.
As a result, the presence of the price adjustment only
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requires every buyer to simply compare her valuation
with the demand-side fixed-price component while
making the purchasing decision and every seller to
simply compare her costwith the supply-sidefixed-price
component while making the selling decision. Second,
because the fixed-price component does not change over
time, buyers and sellers have no incentive to delay their
decision making. The effective prices offered after
compensating for waiting are in general time-varying
and tend to have opposite trends at the beginning
and the end of the horizon. But we show that when
the volumes of demand and supply are large, the
compensation for waiting becomes negligible (more
specifically, it isO(1/n1/3), where n is the scaling of the
arrival rates) and the effective price trajectory tends to
be stationary; moreover, when customers are willing
to wait for a certain length of time without being
compensated,4 the heuristic price trajectory can be-
come stationary. The waiting compensation is due to
the randomness in the buyers’ and sellers’ arrival
processes and the fact that, even if buyers and sellers
are willing to transact, they may not be able to do so
because of the shortage on the other side, an issue that
does not exist in the revenue-management setting.
Characterizing the simple market-making pricing and
matching policy including the waiting compensation
is another main contribution of this paper.

(iii) We show that our proposed simple market-
making policy is near optimal. Put differently, we
show that the gap between the profit yielded under
our simplemarket-making policy and our established
profit upper bound mentioned above diminishes to
zero, as the arrival rates on both sides of the market
rise. The optimality gap is O(1/n1/2), where n is the
scaling of the arrival rates. This implies that the benefit
from contingent pricing—that is, making prices de-
pendenton the realizeddemandandsupply—is second-
order and diminishes as n grows. We conduct a series
of numerical experiments to show that our proposed
policy performs consistently well in a wide range of
market environments.

(iv) We conduct comparative statics analysis for the
fixed base prices and other corresponding perfor-
mance measures. We show that even in a market en-
vironment with demand and supply in large quantities,
the optimal fixed bid and ask prices should be updated
when the market environment significantly changes. In
particular, when buyers’ [respectively (resp.) sellers’]
arrival rate increases, both the optimal fixed bid
and ask prices should increase (resp. decrease), and the
resultingfluidmatching quantity and the corresponding
intermediary’s profit would increase (resp. increase).
These comparative statics are intuitive and desirable,
but may become ambiguous in alternative queuing
formulations (see, e.g., Bai et al. 2018 for comparative
statics of prices on the supply-side parameters).

1.2. Managerial Implications
Our asymptotic optimality result suggests that for a
market condition with large volumes, Uber may
not need to adopt rapidly contingent pricing (i.e., a
contingent and rapid micromatching of supply with
demand), when the underlying market conditions,
such as arrival rates and customer valuation and driver
opportunity-cost distributions, have remained stable.5

Our fixed-pricing formulae can be used to compute
the base fares of Uber, which balance supply and
demandat theaggregated level fora region.6 In contrast,
a fully contingent policy would respond to any re-
alization of the randomness in the arrivals of buyers
and sellers aswell as that in their valuations and costs.
There are two apparent downsides of a fully contin-
gent pricing policy. First, contingent pricing results in
price fluctuations that antagonize riders, regulators,
and sometimes evendrivers.7 Second, contingent surge
prices are usually adopted without taking riders’ and
drivers’ strategic behavior into account and may in-
duce them to behave strategically in ways that are
hard to account for. As one can see from our model
that considers riders’ and drivers’ strategic behavior,
it is unclear what the optimal contingent pricing
policy is, even in such a simplified model.8

Our asymptotic optimality result for the simple
pricing and matching policy implies that the un-
certainty in the arrivals and their valuations and
costs may not alone be sufficient to justify contingent
pricing, not to mention its potential downsides. It may
be safe to update prices less often for urban areas during
peak hours, because rigid pricing does not lose much
optimality for a thick market with large volumes of
demand and supply, in addition to many other benefits
of pricing stability—for example, to provide con-
sumers with clear price points. That advice is con-
sistent with the practice of Gett and Via, emerging
competitors of Uber in New York City, which charge
flat rates that do not surge in Manhattan and use the
practice as a competitive advantage in the competi-
tion with Uber.9 On the other hand, if the matching
platform is in its early stage or is operated in a thin
market with low volumes of demand and supply—for
example, in rural areas or off-peak hours—contingent
pricing may be of high value. Yet, as we show, the
additional benefits of contingent pricing are second-
ary, whereas the simple heuristic could have captured
the first-order benefit. In the long term, with machine-
learning tools to help better predict demand and then
preallocate drivers and with more autonomous vehi-
cles on the road that can be dispatched, the incentive to
adopt surge pricing shall be diminished over time.
Moreover, the simple heuristic has the advantage of

deterring strategic behavior by buyers and sellers,
whereas those contingent surge prices are usually
adopted without taking forward-looking behavior
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into account. This advantage is desirable in a matching
market in which it is hard to monitor the arrivals of
demand and supply.10 Strategic behavior is also hard
to detect11 and account for with pricing models. The
rapidly changing demand and supply may very likely
be an outcome, not necessarily the cause, of the rapid
changes in prices. Our heuristic brings in all possible
demand and supply for a homogeneous good or ser-
vice to a marketplace as they arrive, something that is
appealing to the market maker, who can then make
supply meet demand more efficiently.

The rest of the paper is organized as follows.
Section 2 provides a literature review. Section 3 in-
troduces our model. Section 4 presents an upper
bound on the intermediary’s optimal profit. Section 5
proposes a simple heuristic policy and analyzes its
performance. Section 6 conducts the comparative
statics analysis. Section 7 concludes the paper.

2. Literature Review
The following two papers are closely related to ours
regarding managerial implications. Riquelme et al.
(2015) study a two-sided platform’s pricing problem
in the ride-hailing context. The authors assume that
drivers can reenter the market after completing a
ride and make themselves available for another trip.
However, they do not consider riders’ and drivers’
forward-looking behavior. They show that a static
pricing policy is optimal in a so-called large-market
regime. However, their results also imply that with a
different market environment, there exists a differ-
ent optimal static price. Similarly, with a different
model, Cachon et al. (2018) also show that riders and
drivers are generally better off with different prices
contingent on varying demand and supply condi-
tions. We further confirm these managerial implica-
tions after taking into account the forward-looking
behavior of buyers and sellers.

It is extremely desirable to provide a simple solu-
tion to a complex system and yet show that the so-
lution can still be close to optimal. Gallego and van
Ryzin (1994) show that in the classic capacitated
dynamic pricing setting, a fixed-pricing policy may
perform nearly as well as a fully dynamic pricing
policy. Gallego and Hu (2014) extend this monopoly
setting to account for competition. Our model can be
considered as a two-sided extension of Gallego and
van Ryzin (1994) with the additional desirable feature
of taking both sides’ forward-looking behavior into
account. On the other hand, more recently, Kim and
Randhawa (2018) study the value of dynamic pricing
to maximize revenues in queueing systems. They
show that static pricing leads to a revenue loss of
order n1/2, while the dynamic pricing can mitigate the
loss to the n1/3-scale.

In the operations literature, there is a recent stream
of studies on two-sided pricing decisions of an inter-
mediary platform. Taylor (2018) studies an intermediary,
on-demand service platform that simultaneously de-
cides on a per-service price posted to customers and
a wage posted to independent agents as service pro-
viders. The author shows that the uncertainty in the
delay-sensitive customers’ valuations or the agents’
opportunity costs can lead to counterintuitive
insights—delay sensitivity can raise the optimal price
or lower the optimal wage. Complementing Taylor’s
work, Bai et al. (2018) focus on the impact of the
demand rate, sensitivity to waiting time, service rate,
and the size of available providers on the optimal
price, wage, and payout ratio (i.e., one minus the
commission rate; see also Hu and Zhou 2016b). The
authors show that the optimal price, wage, and payout
ratio increase in the potential customer demand rate.
Bimpikis et al. (2019) consider the joint price andwage
optimization for a network of locations over a finite
number of periods with deterministic patterns of
demand, supply, and spatial transitions among lo-
cations. Besbes et al. (2018b) consider a continuously
dispersed linear city where the drivers can reposition
themselves in a simultaneous-move game after the
platform sets location-specific prices andwages along
the city. Chen et al. (2016) consider a similar setting
of market making to ours. However, their paper is
distinguished from ours because it does not consider
buyers’ and sellers’ forward-looking behavior, and it
allows the intermediary to hold inventory.
On the other hand, because of the nature of strategic

interactions among the intermediary, sellers, and
buyers, our work contributes to a stream of studies
adopting the dynamic mechanism-design approach
for revenue-management problems with forward-
looking customers. Vulcano et al. (2002) consider im-
patient but strategic customers who arrive sequen-
tially over a finite horizon; they propose a modified
second-price auction for each period. Gallien (2006)
considers a discounted, infinite-horizon revenue-
management model with forward-looking customers.
The author shows that the optimal dynamic mecha-
nism can be applied as a sequence of increasing posted
prices. More recently, Board and Skrzypacz (2016)
consider a discrete-time revenue-management prob-
lem of selling an initial inventory of one product over a
finite horizon. The authors characterize the optimal
dynamic mechanism, which allocates a unit of the
product to the buyer with the highest valuation if her
valuation exceeds a cutoff. For the classic revenue-
management problem with private, possibly corre-
lated, customer time-discounting and price-monitoring
costs, Chen and Farias (2018) propose a class of
pricing policies, and, within this class, an efficiently
computable policy is guaranteed to achieve 29%
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optimality. Chen et al. (2019) further show that a static
pricing policy is asymptotically optimal, even in the
presence of forward-looking customers. One crucial
distinction between our paper and theirs is that the
supply capacity in ours stochastically evolves over
time, whereas the supply capacity in theirs is prefixed.
Therefore, in our setting, a buyer (resp. seller) who
arrives at the system and is willing to buy (resp. sell)
may not be instantly matched with a seller (resp.
buyer) because of the supply (resp. demand) shortage.
This feature is crucial and brings additional com-
plexities in our analysis of the two-sided market. The
first complexity arises from the upper-bound optimi-
zation problem. We have to take into account the
demand–supply mismatching cost. The presence of
this cost significantly makes the computation of the
upper-bound problem more difficult. The second com-
plexity arises from our proposed heuristic policy. To in-
duce each buyer to behave myopically as in Chen et al.
(2019), we have to introduce a price-adjustment term on
top of a static base price. This term is time-dependent
and depends on both the real-time number of out-
standing buyers and sellers at present and stochastic
arrivals of buyers and sellers in the future. Therefore,
quantifying and computing this term is not trivial.

Beyond the papers mentioned above, a variety of
algorithmic papers have studied a special class of
dynamic mechanisms for a monopolistic seller who
faces dynamically arriving forward-looking buyers—
anonymously posted dynamic pricing mechanisms.
See, for instance, Besbes and Lobel (2015), Borgs et al.
(2014), Liu and Cooper (2015), and Lobel (2017). In
particular, the paper by Myerson and Satterthwaite
(1983) studies a two-sided mechanism-design prob-
lem, but only in a static setting.

There is an emerging stream of research on the
sharing economy in the operations literature (see Hu
2019b for a collection of the latest research). First,
focusing on the effect of the sharing economy on
welfare and consumption, Benjaafar et al. (2019)
study an equilibrium model of product sharing in
which individuals make ownership decisions and
nonowners can rent the goods from owners on de-
mand. Second, a couple of papers show that opera-
tional efficiency in a matching market can be
detrimental to social welfare and emphasize the
moderating role of the intermediary platform. Allon
et al. (2012) study a moderating service platform
that can gain operational efficiency by pooling the
agents virtually; they show that such efficiency may
be detrimental to the overall efficiency of the mar-
ketplace because of intensified competition among
agents under pooling. Arnosti et al. (2015) show that
reductions in search costs in a matching market with
asymmetric information may decrease social welfare.
Third, like ours, a group of papers highlights the

importance of modeling individual agents on the
supply side as decision makers who also maximize
their own utility. This is a unique feature in the ap-
plications with crowdsourced freelancers. Gurvich
et al. (2015) and Ibrahim (2018) study the capacity
decision of a service provider who crowdsources
the supply of self-scheduling agents. Yang et al.
(2016) use the notion of mean-field equilibrium to
characterize a rational agent’s strategic behavior in a
resource-sharing setting. In contrast to these papers
on agent behavior, we focus on the intertemporal
behavior of sellers who can time their sales. Fourth, in
other sharing-economy settings, Shu et al. (2013),
Kabra et al. (2016), and Henderson et al. (2016) study
bicycle sharing; and He et al. (2017) study electric
vehicle sharing systems. Fifth, several papers study the
detailedmatching decisions of an intermediary. Gurvich
and Ward (2014) study the optimal control of matching
queues and propose a heuristic that asymptotically ach-
ieves an imbalance-based lower bound. Hu and Zhou
(2016a) focus on the matching policy at the operational
level for an intermediary who matches demand and
supply of different types, such as their geographic lo-
cations. For a ride-hailing system, Ozkan and Ward
(2016) establish the asymptotic optimality of a linear-
programming-based matching policy in a large-market
regime in which the drivers are fully utilized.
Finally, under our simple heuristic, the arrivals on

both sides behave myopically, and the system effec-
tively operates as a double-ended queue with constant
arrival rates on both sides. Double-ended queues are
often used to model matching markets. Kendall (1951)
introduces the double-ended queuing model, with
the example of customers and taxis independently
arriving at a taxi stand. Dobbie (1961) provides fur-
ther solution schemes for the double-ended queue
with time-dependent arrival rates. Zenios (1999) and
Boxma et al. (2011) apply double-ended queues with
abandonment to model the organ-transplant waiting
list in the United States. Afèche et al. (2014) apply a
double-ended queue with batch arrivals and aban-
donment tomodeling “dark pool” trading in financial
markets (see also the literature review therein for a
survey). The matching scheme in those papers is
FCFS, the same as our heuristic. However, our em-
phasis is not on performance evaluation under the
given arrival processes of two sides, as in those pa-
pers. We focus on designing profit-maximizing pric-
ing and matching schemes for the intermediary.

3. Model
Consider an intermediary who dynamically matches
demand and supply of a single-type product (or
service). Buyers and sellers have heterogeneous val-
uations and supply costs, respectively, and sequen-
tially arrive in the market over a finite horizon [0,T].
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The intermediary implements an anonymously pos-
ted price mechanism on both demand and supply
sides. That is, at each point of time t ∈ [0,T], the in-
termediary posts demand-side priceπd

t (i.e., ask price)
that she charges buyers for each unit of the product
and supply-side price πs

t (i.e., bid price) that she pays
to sellers for each unit of the product.

3.1. Buyers’ Behavior
Over the horizon [0,T], buyers arrive to the inter-
mediary according to a Poisson process with rate λd.
A buyer arriving at time t is endowed with a product
valuation v ∈ [v , v̄], as a realization from a willingness-
to-pay distribution. We denote by

φ≜
(
tφ, vφ

)
,

the “type” of an arriving buyer, which specifies her
arrival time tφ and valuation vφ. Every buyer pur-
chases at most one unit of the product. Buyers are
forward-looking and can strategically determinewhen
to request to buy the product. Specifically, for every
buyer φ, at each point of time after her arrival, she
decides to either continue to monitor price dynamics
or stop doing so by either sending a request to the
intermediary for buying the product or permanently
leaving the market without buying anything. We
denote by τφ ∈ tφ,T

[ ]
the time that buyer φ stops

monitoring price dynamics. We denote by aφ ∈ {0, 1}
the indicator function of whether buyer φ requests to
buy the product at time τφ. A buyer who requests to
buy the product keeps on staying in the market until
her demand is matched with a supply. As an ex-
ception, if a buyer’s demand cannot be matched by
the end of the horizon, she withdraws her demand
request from the intermediary and leaves the market.
We denote by sφ ∈ τφ,T

[ ]
the time when buyer φ

leaves the market. We denote by mφ ∈ {0, 1} the in-
dicator function of whether buyer φ’s demand re-
quest is successfully matched with a seller at time sφ.
Buyer φ pays pφ � πd

τφ
mφ to the intermediary—that

is, if buyer φ is successfully matched with a seller, she
pays the demand-side price posted at the time that she
requests to buy the product, πd

τφ
; otherwise, she makes

no payment to the intermediary.
This business rule is consistent with the practice of

the ride-hailing industry. In that setting, riders sub-
mit matching requests and then wait to bematched. If
a rider is not paired with any driver for some reason,
no payment will be made by the rider, and the rider
will typically not be compensated by the intermediary
for the wait. This treatment is also consistent with
alternative queueing formulations of the ride-hailing
market such as Taylor (2018) and Bai et al. (2018) and
more generally with the queueing economics litera-
ture in which the service provider does not com-
pensate customers for the wait and the customers

need to take into account the expectedwait when they
make the decision of whether to make a service re-
quest. It will be clear later that this setup is, in fact,
more complicated than other alternative settings such
as the intermediary compensates both sides out of
pocket for any wait after a matching request is sub-
mitted and before a matching is realized.
We define the tuple

yφ ≜
(
τφ, aφ, sφ,mφ, pφ

)
.

Buyer φ garners utility

Ud(φ, yφ) � vφmφ − pφ − b
(
sφ − tφ

)
,

where b ∈ R+ ≜ {x : x ≥ 0} is buyer φ’s per unit of time
disutility from staying in the system over [tφ, sφ],
hereafter referred to as the buyers’ waiting-cost pa-
rameter, which is assumed to be common knowl-
edge.12 In this paper, we follow many papers in the
literature—for example, Besbes and Maglaras (2009)
andChen and Frank (2001)—to assume that all buyers
have the same waiting-cost parameter b.
As mentioned, we allow for the heterogeneity of

buyer arrival times and valuations. A buyer’s arrival
time and valuation are pieces of private information
and are independent of each other. We denote the
cumulative distribution function (c.d.f.) of the buyer
product valuation by Fd(·) and the corresponding
probability density function (p.d.f.) by f d(·). We de-
note F̄d(·)≜ 1 − Fd(·). In addition to assuming F̄d(·) has
an inverse function, denoted by F̄d,−1(·) (see, e.g.,
Gallego and van Ryzin 1994), we make a standard
assumption on the valuation distribution:

Assumption 1 (Willingness-to-Pay). The buyer virtual

value function Vd(v)≜ v − F̄d(v)
f d(v) is increasing

13 in v ∈ [v , v̄].
This assumption is widely adopted in the literature;

see, for example, Myerson (1981), Gallien (2006), and
Gallego and van Ryzin (1994). Many commonly used
distributions, suchasuniform, exponential, andGumbel,
satisfy this assumption. All information above is com-
mon knowledge, except for that specified as private
information.

3.2. Sellers’ Behavior
Over the horizon [0,T], sellers arrive to the inter-
mediary according to a Poisson process with rate λs.
A seller arriving at time t is endowed with c ∈ [c , c̄], a
procurement, production, and delivery cost for a
good, or opportunity cost for providing a service. We
assume c ≤ v̄.14 We denote by

ψ≜ tψ, cψ
( )

,

the “type” of an arriving seller. Every seller sells atmost
one unit of the product. All sellers are forward-looking
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and can strategically determine when to request to
sell her product. For every seller ψ, at each point
of time after her arrival, she decides to either con-
tinue to monitor price dynamics or stop doing so
by either sending a request to the intermediary for
selling the product or permanently leaving the mar-
ket without selling anything.We denote by τψ ∈ tψ,T

[ ]
the time that seller ψ stops monitoring price dynam-
ics. We denote by aψ ∈ {0, 1} the indicator function of
whether seller ψ requests to sell her product at time
τψ. A seller who requests to sell her product keeps on
staying in the market until she is paired with a buyer.
Consistent with the demand side, as an exception, if a
seller cannot be matched by the end of the horizon, then
shewithdraws her supply request from the intermediary
and leaves the market. We denote by sψ ∈ τψ,T

[ ]
the

time when seller ψ leaves the market. We denote by
mψ ∈ {0, 1} the indicator function of whether seller ψ’s
supply is successfully matched with a demand at
sψ. The seller ψ is paid by the intermediary with
pψ � πs

τψ
mψ; that is, if seller ψ’s supply is successfully

matched with a demand, then the intermediary pays
her the supply-side price posted at the time that she
requests to sell the product, πs

τψ
; otherwise, she receives

no payment from the intermediary.
We define the tuple

yψ ≜ τψ, aψ, sψ,mψ, pψ
( )

.

Seller ψ garners utility

Us ψ, yψ
( ) � pψ − cψmψ − h sψ − tψ

( )
,

where h ∈ R+ is seller ψ’s per unit of time disutility
from staying in the system over [tψ, sψ], hereafter
referred to as the sellers’ waiting-cost parameter, which
is also assumed to be common knowledge.15 In ad-
dition, like the demand side, we assume there is no
heterogeneity in sellers’ waiting-cost parameter h.

As mentioned, we allow for the heterogeneity of
sellers’ arrival times and supply costs. A seller’s ar-
rival time and supply cost are pieces of private in-
formation and are independent of each other. We
denote the c.d.f. of the seller product producing and
delivering cost by Fs(·) and the corresponding p.d.f.
by f s(·). In addition to assuming that Fs(·) has an in-
verse function, denoted by Fs,−1(·), we make the fol-
lowing assumption on the supply cost distribution:

Assumption 2 (Willingness-to-Sell). Vs(c)≜ c + Fs(c)
f s(c) is

increasing in c ∈ [c , c̄].
This assumption is also widely adopted; see, for

example, Myerson and Satterthwaite (1983) and
Niazadeh et al. (2014). Many commonly used dis-
tribution functions, such as uniform, exponential, and
Gumbel, satisfy this assumption. This function can be
understood as the counterpart of the buyer virtual

value function on the supply side. We hereafter refer
to this function as the seller virtual-cost function. All
information above is common knowledge, except
for that specified as private information. In the rest of
this paper, we may put the subscript ψ on seller ψ’s
arrival time, tψ, and cost, cψ, to emphasize their het-
erogeneity among sellers.
As wewill see in the subsequent sections, similar to

the role of the buyer virtual-value function in com-
puting the intermediary’s expected revenue collected
from buyers, this seller virtual-cost function plays a
key role in computing the intermediary’s expected
cost that she pays to sellers. A near-optimal pricing
policy requires the intermediary to strike a delicate
balance between both demand and supply sides,
captured in terms of the buyer virtual-value function
and the seller virtual-cost function.

3.3. Game Dynamics and the Equilibrium
Before the start of the horizon, the intermediary de-
termines a pricing policy on both demand and supply
sides, π � (πd

t , π
s
t) : t ∈ 0,T[ ]{ }

, and a demand and
supply matching policy, M � {(sφ,mφ), (sψ,mψ) : (τφ ∈
[0,T], aφ � 1), (τψ ∈ [0,T], aψ � 1)}. The pricing policy
π and the matching policyM are, in general, dynamic
policies depending on the realized uncertainty up to the
decision point. The intermediary commits to implement
this pricing policy π and matching policy M over the
entire course of the horizon. The intermediary’s pric-
ing and matching policy is common knowledge for
all buyers and sellers. We denote by Ht ≜ {φ, ψ : tφ ≤
t, tψ ≤ t} the set of buyers’ and sellers’ types that arrive
up to time t. Define byφt ≜ {(τφ, aφ) : τφ ≤ t, aφ � 1} the
set of demand-side information that the intermediary
collects up to time t. Define by φt

M ≜ {(sφ,mφ) : sφ ≤ t}
the set of matching decisions the intermediary has
made on the demand side up to time t. Similarly, define
byψt ≜ {(τψ, aψ) : τψ ≤ t, aψ � 1} the set of supply-side
information that the intermediary collects up to time
t and by ψt

M ≜ {(sψ,mψ) : sψ ≤ t} the set of matching
decisions the intermediary has made on the supply
side up to time t. Define by πd,t ≜ πd

t′ : t
′ ∈ 0, t[ ]{ }

the
historic demand-side prices posted up to time t. Define
by πs,t ≜ πs

t′ : t
′ ∈{

0, t[ ]} the historic supply-side prices
posted up to time t. Define a filtration {^t : t ≥ 0}with
^t � σ(φt−,φt−

M , ψt−, ψt−
M , πd,t−, πs,t−). A feasible pricing

policy π requires πd
t and πs

t to be ^t-progressive.16

Denote by Π the set of all feasible pricing policies.
A feasible matching policyM requires {sφ ≤ t} and mφ,
and {sψ ≤ t} andmψ to be^t-progressive and to satisfy
the demand and supply balancing condition that∑

φ∈Ht

1 sφ � t,mφ � 1
{ } � ∑

ψ∈Ht

1 sψ � t,mψ � 1
{ }

,

∀ t ∈ [0,T].
Denote by } the set of all feasible matching policies.
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During the horizon, on the demand side, buyers are
forward-looking and employ (symmetric) stopping
and purchasing rules contingent on their types that
constitute a symmetric Markov perfect equilibrium.
The following information structure is mainly moti-
vated by the current practice of ride-hailing apps. Our
results would still hold under alternative informa-
tion structures with an update of the waiting time
compensation. For a given buyer φ, the information
available to her at time t ∈ [tφ,T] consists of demand-
side price dynamics that she tracks during her stay in
the system, {πd

t′ : t
′ ∈ [tφ, t]}, and the number of un-

matched supply during her stay in the system, {1s
t′− :

t′ ∈ [tφ, t]}, where 1s
t′− � ∑

ψ∈Ht′− 1{τψ < t′, aψ � 1, sψ ≥
t′}.17 Therefore, at each point of time t ∈ tφ,T

[ ]
, the

event associated with the stopping decision {τφ ≤ t}
and the purchasing decision aφ are adapted to σ(πd

t′ ,
1s

t′− : t′ ∈ [tφ, t]). Under the intermediary’s pricing
policy π and matching policy M, for a given buyer
type φ, the optimal stopping rule τπ,Mφ and the optimal
purchasing rule aπ,Mφ are the optimal solution to the
following optimization problem:

sup
τφ∈[tφ,T],aφ∈{0,1}

E
[
Ud(φ, yφ)|πd

tφ ,1
s
tφ−,φ

]
,

where the expectation assumes that other buyers use
symmetric stopping and purchasing rules.18

On the supply side, sellers are forward-looking and
employ (symmetric) stopping and selling rules con-
tingent on their types that constitute a symmetric
Markov perfect equilibrium. For a given seller ψ, the
information available to her at time t ∈ [tψ,T] consists
of supply-side price dynamics that she tracks during
her stay in the system, {πs

t′ : t
′ ∈ [tψ, t]}.19 Therefore,

at each point of time t ∈ [tψ,T], the event associated
with the stopping decision {τψ ≤ t} and the selling
decision aψ are adapted to σ(πs

t′ : t
′ ∈ [tψ, t]). Under the

intermediary’s pricing policy π and matching pol-
icy M, for a given seller type ψ, the optimal stop-
ping rule τπ,Mψ and the optimal selling rule aπ,Mψ are the
optimal solution to the following optimization problem:

sup
τψ∈[tψ,T],aψ∈{0,1}

E Us ψ, yψ
( )⃒⃒

πs
tψ , ψ

[ ]
,

where the expectation assumes that other sellers use
symmetric stopping and selling rules.

Our goal in this paper is to construct a price process
π ∈ Π and a matching policy M ∈ } and characterize
the corresponding buyer stopping rule τπ,Mφ and pur-
chasing rule aπ,Mφ and seller stopping rule τπ,Mψ and selling
rule aπ,Mψ tomaximize the intermediary’s expected profit

Jπ,M � E
∑
φ∈HT

pφ − ∑
ψ∈HT

pψ

[ ]
.

4. Benchmark
In this section, we establish a benchmark that serves as an
upper bound of all dynamic pricing policies Π and
matching policies }. Because it is difficult, if not im-
possible, to characterize the optimal pricing and
matching policy, the upper bound provides a bench-
mark and enables us to analyze the relative perfor-
mance of any dynamic pricing policy π ∈ Π and
matching policy M ∈ }.
Consider the following problem (B) that assumes

that the intermediary is clairvoyant and thus she
knows buyers’ and sellers’ arrival processes,HT, over
[0,T] at time 0:

max
{xφψ :φ,ψ∈HT}

∑
φ,ψ∈HT

Vd(vφ) − Vs(cψ)( − b(tψ − tφ)+

− h(tφ − tψ)+
)
xφψ

s.t.
∑
ψ∈HT

xφψ ≤ 1, ∀ φ ∈ HT,

∑
φ∈HT

xφψ ≤ 1, ∀ ψ ∈ HT,

xφψ ∈ 0, 1{ }, ∀ φ, ψ ∈ HT.

(B)

Because all information is known, problem (B) is sim-
ply a deterministic assignment problem. The term in the
parentheses of the objective function has the following
interpretation. If buyerφ and sellerψ arematched, then
the intermediary collects revenue from buyer φ with
the amount that is equal to her virtual value, Vd(vφ),
subsidizes seller ψ with the amount that is equal to
her virtual cost, Vs(cψ), and suffers from either buyer
φ’s waiting for seller ψ or vice versa, depending on
whoever arrives earlier. We denote by J̄(HT) the optimal
valueofproblem (B) conditional on buyers’ and sellers’
arrival processes HT. We have the following result:

Lemma 1. For any pricing policy π ∈ Π and matching
policy M ∈ }, we have

Jπ,M ≤ E J̄(HT)[ ]
.

It is worth discussing the salient properties of the
upper-bound function E J̄(HT)[ ]

. First, because HT is a
stochastic process, J̄(HT) is a random variable. There-
fore, E J̄(HT)[ ]

captures the randomness of buyers’ and
sellers’ arrival processes. Second, E J̄(HT)[ ]

captures
buyers’ and sellers’ waiting disutility. Finally, be-
cause problem (B) is simply an assignment prob-
lem, for each sample path HT, J̄(HT) can be efficiently
computed.
The proof of Lemma 1 consists of two steps. First,

we show that the intermediary’s optimal expected
profit is upper-bounded by the optimal value of
an auxiliary two-sided dynamic mechanism-design
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problem. Second, we show that the optimal value of
this mechanism-design problem is upper-bounded
by E J̄(HT)[ ]

.
The intuition behind the proof is as follows. First,

following from a dynamic version of the revelation prin-
ciple, we can show that the intermediary’s joint pricing
and matching problem can be equivalently formulated
as a two-sided dynamic mechanism-design problem.
Second, this mechanism-design problem has buyers’
and sellers’ incentive compatibility constraints. By
exploiting the structural properties of these con-
straints (e.g., applying the envelope theorem to these
constraints; see Myerson 1981), we can show that the
optimal value of themechanism-design problem is upper-
bounded by the optimal value of the intermediary’s pure
optimization problem in an idealized setting that she
knows every buyer’s valuation (resp. seller’s cost),
except that she replaces every buyer’s valuation (resp.
seller’s cost) with the virtual value function (resp.
virtual cost function) that captures the intermediary’s
lack of knowledge of every buyer’s valuation (resp.
seller’s cost) in our primary model. The detailed
analysis is available in the online appendix.

5. A Simple Dynamic Policy:
Asymptotic Optimality

In this section, we begin by characterizing the in-
termediary’s optimal policy in an auxiliary setting
wherein all uncertainties are washed away, and all
buyers and sellers behave myopically. We then use
this policy as a basis to develop another policy for the
primary setting that takes into account buyers’ and
sellers’ waiting disutilities.

5.1. Optimal Policy in an Auxiliary Setting
In this subsection, we consider an auxiliary version of
the primary stochastic model introduced in Section 3.
As we will see soon in the next subsection, the
intermediary’s optimal policy in this auxiliary setting
can easily motivate us to propose another simple
policy that can be proven to be near optimal in the
primary setting. In this auxiliary problem, the system
is entirely deterministic, and buyers and sellers are
infinitesimal and myopic. To be precise, in the aux-
iliary problem, the intermediary solves the following
optimization problem:

max
π̂∈Π

∫ T

0
λdπ̂d

t F̄
d π̂d

t

( )
dt −

∫ T

0
λsπ̂s

tF
s π̂s

t

( )
dt

s.t. λdF̄d π̂d
t

( ) � λsFs π̂s
t

( )
, ∀ t ∈ [0,T],

(D)

where π̂ � (π̂d
t , π̂

s
t) : t ∈ 0,T[ ]{ }

is an arbitrary mea-
surable function from [0,T] to R2+.

In problem (D), the intermediary determines the
demand-side price trajectory π̂d

t : t ∈ 0,T[ ]{ }
and the

supply-side price trajectory π̂s
t : t ∈ 0,T[ ]{ }

at time 0.
The intermediary’s pricing policy π̂ is feasible if it
clears the market at each point of time t, that is,
λdF̄d π̂d

t

( ) � λsFs π̂s
t

( )
. Under the pricing policy π̂, over

the entire season [0,T], the total revenue that the
intermediary collects from buyers is

∫ T
0 λdπ̂d

t F̄
d π̂d

t

( )
dt,

and the total cost that the intermediary incurs from
compensating sellers is

∫ T
0 λsπ̂s

tF
s π̂s

t

( )
dt. The inter-

mediary aims at maximizing her net profit over
the entire horizon.
Now, we characterize the intermediary’s optimal

policy and profit in this auxiliary setting.

Proposition 1 (Optimal Solution to the Deterministic
Problem). The optimal solution to problem (D) is that
the intermediary simply posts fixed prices p∗ and w∗ for
buyers and sellers, respectively, throughout the horizon,
where prices p∗ and w∗ always exist and are determined by
the following conditions:

(i) (Demand-supply balancing condition)

λdTF̄d p∗
( ) � λsTFs w∗( )≜μ∗; (1)

(ii) (Virtual value-cost balancing condition)

μ∗ � max μ ∈ 0,min λdT, λsT
{ }[ ]

: V μ
( ) ≥ 0

{ }
, (2)

where V
(
μ
)
≜Vd

(
F̄d,−1

( μ
λdT

)) − Vs
(
Fs,−1

( μ
λsT

))
.

Moreover, p∗ ≥ w∗. The optimal value of program (D) is

J̄∗ � p∗ − w∗( )
μ∗. (3)

We observe that the optimal price pair p∗,w∗( )
is

determined by Equations (1) and (2). Equation (1)
is the market-clearing condition. Under this condi-
tion, the number of buyers who purchase the pro-
duct is equal to the number of sellers who sell the
product. Equation (2) entails that either the inter-
mediary has matched the most number of buyers and
sellers under the optimal price pair p∗,w∗( )

, and it is
infeasible to match an additional pair of buyer and
seller, μ∗ �min λdT, λsT

{ }
, or although it is feasible to

match more pairs of buyers and sellers, μ>μ∗, by
adjusting the price pair p∗,w∗( )

, the marginal revenue
that the intermediary collects from enabling one
additional buyer to get the product, Vd

(
F̄d,−1

( μ
λdT

))
,

is less than the marginal cost that the intermediary
incurs from enabling one additional seller to sell the
product, Vs

(
Fs,−1

( μ
λsT

))
; that is, the intermediary’s

marginal net profit from matching one additional
buyer with one additional seller is negative, that
is, V μ

( )
< 0.20
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The intermediary’s optimal profit in this auxiliary
setting, J̄∗, has the following property.

Lemma 2. We have

E J̄ HT( )[ ] ≤ J̄∗.

That is, the benchmark bound E J̄ HT
( )[ ]

in Lemma 1
can be further upper-bounded by J̄∗. The upper bound
J̄∗ has the following notable features. First, J̄∗ is en-
tirely determined by buyers’ and sellers’ arrival rates,
the buyer virtual-value function, and the seller
virtual-cost function. The upper bound J̄∗ does not
depend on the buyer’s or the seller’s waiting cost,
which can be avoided in the deterministic world
with perfectly matched, myopic buyers and sellers,
in a continuous quantity. Second, J̄∗ has the intuitive
economic interpretation that the intermediary earns
the bid–ask spread (p∗ − w∗) from each matched buyer–
seller pair.

5.2. Waiting-Adjusted Fixed-Pricing Policy
In this subsection, we use the optimal policy in the
auxiliary setting, characterized in the previous sub-
section, to motivate a simple dynamic pricing and
matching policy and show that this policy is near
optimal. We begin by presenting the matching part of
our policy, the greedy matching policy, denoted by
Mg. Under this policy, the intermediary matches each
demand (resp. supply) request as soon as a supply
(resp. demand) is available on a FCFS basis. There-
fore, the intermediary minimizes demand and supply
mismatch at each point of time.21 Define

It ≜
∑
ψ∈Ht

1 τψ ≤ t, aψ � 1
{ } − ∑

φ∈Ht

1 τφ ≤ t, aφ � 1
{ }

.

Therefore, at each point of time t, the number of
unmatched supply is It( )+, and the number of un-
matched demand is It( )−. This matching policy is
natural, practical, and fair.

Along with the simple greedy matching part of our
policy, we next present the pricing part, the waiting-
adjusted fixed-pricing (FP) policy, denoted by πWFP �
πWFP,d
t , πWFP,s

t : t ∈ [0,T]
{ }

. This policy is constructed

in the following way. Recall from the previous sub-
section that the intermediary’s optimal pricing pol-
icy in the auxiliary deterministic myopic buyer and
seller model is to simply post fixed prices p∗ andw∗ on
the demand and supply sides, respectively. However,
in our original stochastic system, although this pol-
icy is easy to implement, it does not lead to simple
buyers’ and sellers’ behavior. The presence of buyers’
and sellers’ arrival uncertainties in the original model
can cause them to wait to be matched with waiting
disutilities, even though buyers and sellers do not

strategize their entry to the matching pool given fixed
prices. Therefore, if the intermediary posts merely
prices p∗ and w∗ on the demand side and the supply
side, respectively, then a buyer (resp. seller) cannot
make the purchasing (resp. selling) decision by merely
comparing her valuation (resp. cost) with p∗ (resp. w∗).
She has to take into account the joint effects of the
price p∗ (resp. w∗) and the waiting disutility. How-
ever, calculating the expected waiting disutility may
not be an easy job for buyers and sellers. Therefore, to
alleviate buyers’ and sellers’ computational burden
and ease their decisions, we require the intermediary
to adjust the fixed prices p∗ and w∗ by taking into
account thewaiting disutilities that buyers and sellers
incur, such that a buyer (resp. seller) canmake an easy
decision by merely comparing her valuation (resp.
cost) with p∗ (resp. w∗).
Formally, under policy πWFP, the prices posted at

each point of time t ∈ [0,T] on demand and supply
sides, respectively, are given by

πWFP,d
t � p∗ − b

EIt− sφ − tφ|tφ � t, vφ ≥ p∗, It−( )+[ ]
Pr mφ � 1|tφ � t, vφ ≥ p∗, It−( )+( ) ,

πWFP,s
t � w∗ + h

E sψ − tψ|tψ � t, cψ ≤ w∗[ ]
Pr mψ � 1|tψ � t, cψ ≤ w∗( ) ,

where p∗ and w∗ are determined byEquations (1) and (2),
respectively, and the expectations and the supply–
demand mismatch quantity It are computed under
the assumption that all buyers (resp. sellers) behave
myopically; that is, every buyer φ (resp. seller ψ)
makes her purchasing (resp. selling) decision at her
arrival time, τφ � tφ (resp. τψ � tψ), and decides to
purchase (resp. sell) if and only if her valuation (resp.
cost) is no less (resp. more) than p∗ (resp. w∗).22
The waiting compensation terms have the follow-

ing properties. First, the probability of being matched
for a buyer (resp. seller) is in the denominator of the
waiting compensation, because the monetary funds
exchange hands only when a match is realized. Sec-
ond, because of the different information structures
of buyers and sellers introduced in Section 3 (see also
Endnote 19), on the demand side, each buyer φ’s
expected time of staying in the system and the prob-
ability of being matched are conditional on the num-
ber of unmatched supply, (Itφ−)+. Because (Itφ−)+ is a
random variable, the demand-side compensation term
is random. As a result, the demand-side pricing policy
πWFP,d is a contingent policy. In contrast, on the supply
side, because a seller does not have the information
of the number of unmatched supply or demand at any
point of time, the seller’s expected time of staying in
the system and the probability of being matched are
not conditional on the number of unmatched supply
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or demand. Therefore, the supply-side compensation
for each point of time is deterministic. As a result, the
supply-side pricing policy πWFP,s is a deterministic
policy.23

Now, we establish an equilibrium stopping and
requesting rule for buyers and sellers when the in-
termediary follows the waiting-adjusted FP and the
greedy matching policy.

Theorem 1 (Strategic Myopia). Assume that the interme-
diary adopts the waiting-adjusted FP policy πWFP and the
greedy matching policy Mg. Then, there exists a perfect
Bayesian equilibrium (PBE), such that all buyers and sellers
behave myopically:24

(i) For each buyer φ, τπ
WFP,Mg

φ � tφ and aπ
WFP,Mg

φ �
1 vφ ≥ p∗
{ }

.
(ii) For each seller ψ, τπ

WFP,Mg

ψ � tψ and aπ
WFP,Mg

ψ �
1 cψ ≤ w∗{ }

.

In our model, the stochastic nature of buyers’ and
sellers’ arrival processes makes them wait to be
matched and hence to incur waiting disutilities. There-
fore, the waiting-adjustment terms play a vital role in
compensating their losses and then inducing them to
behave myopically.

So far, we have shown that with waiting compen-
sation, the two-sided pricing policy πWFP is dynamic.
The following proposition characterizes the vari-
ability of the pricing policy in an asymptotic sense.

Proposition 2 (Waiting Compensation). For any t ∈ [0,T)
and any k ∈ [0, 1), we have

EIt− p∗ − πWFP,d
t

[ ]
≤ b

min kT,T − t{ } + Tmin K, 1{ }
1 −min K, 1{ } ,

πWFP,s
t − w∗ ≤ h

min kT,T − t{ } + Tmin K, 1{ }
1 −min K, 1{ } ,

where K≜ 20
μ∗ min{k2,(1− t

T)2}. In addition, we have the fol-

lowing results:
(i) If buyers are fully patient—that is, b � 0—then

πWFP,d
t � p∗. If sellers are fully patient—that is, h � 0—

then πWFP,s
t � w∗.

(ii) Consider a sequence of systems. In the n-th system,
λd,(n) � nαdλd with αd > 0 and λs,(n) � nαsλs with αs > 0.
Denote α ≜ min αd, αs{ }. For any t ∈ [0,T), we have

lim sup
n→∞

EIt− p∗,(n) − πWFP,d,(n)
t

[ ]
≤ O

1
nα/3

( )
,

lim sup
n→∞

πWFP,s,(n)
t − w∗,(n) ≤ O

1
nα/3

( )
.

We make the following observations from this
proposition.

1. If buyers (resp. sellers) are fully patient—that is,
b � 0 (resp. h � 0)—they do not incur any waiting
disutility, although they may spend time in waiting

to be matched. Therefore, πWFP does not need to be
literally adjusted from the base fixed prices p∗,w∗( )

.
2. In the high-volume regime in which buyers’ and

sellers’ arrival rates grow large (scaled by n), re-
gardless of whether they grow at the same or dif-
ferent speeds (measured by αd and αs), the waiting-
compensation terms on both demand and supply
sides in the policy πWFP diminish to zero—that is,
the policy πWFP tends to be the fixed-pricing policy
p∗,w∗( )

. In addition, as n grows large, the variability of
πWFP decays to zero at a speed that is no slower than
1/nα/3.
Although it seems challenging to theoretically char-

acterize the monotonicity property of the waiting-
adjusted FP policy πWFP with respect to time, it is still
worthwhile making some discussions here. Let us
consider the demand-side expected price trajectory{
E[πWFP,d

t ] : t ∈ [0,T]}. First, consider the scenario that
time t is very far away from the end of the selling
horizon T. On one hand, a buyer who requests to buy
the product at time tneeds towait until all buyerswho
request to buy at earlier times have been matched. At
time t, the remaining unmatched demand and supply
are [ND(μ∗t) −NS(μ∗t)]+ and [ND(μ∗t) −NS(μ∗t)]−, re-
spectively, where ND(μ∗t) and NS(μ∗t) are two in-
dependent homogeneous Poisson processes with the
same rate μ∗t, representing the arrival processes of
buyers and sellers, respectively. As time goes by, the
expected numbers of unmatched buyers and sellers
who have arrived are increasing.25 On the other hand,
because t is much smaller than T, a buyer who re-
quests to buy the product at time t has sufficient
time and is very likely to be matched before the end
of the horizon. Therefore, as t increases, the waiting-
compensation term tends to increase, and, thus, the
demand-side expected price E[πWFP,d

t ] tends to
decrease.
Now, consider the other end of the spectrum,where

time t is very close to the end of the selling horizon T.
As t increases, on one hand, for a buyer who requests
to buy the product at time t, her maximum time of
staying in the system decreases as t increases. On the
other hand, because t approaches T, a buyer who
requests to buy the product at time t can be eventu-
ally matched only if the total number of supply re-
quests up to time T exceeds the total number of
demand requests up to time t. Under policy πWFP,
because the arrival rates of buyers who request to buy
the product and sellerswho request to sell the product
are the same, as t is getting close to T, the probability
that a buyer who requests to buy the product at time t
can be eventually matched is approaching 50%.
Therefore, as t increases, the waiting-compensation
term tends to decrease, and, thus, the demand-side
expected price E[πWFP,d

t ] tends to increase.
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Now, consider the supply-side price dynamics
πWFP,s
t : t ∈ [0,T]{ }

. First, consider one extreme that
time t is very far away from the end of the selling
horizon T. Following the similar arguments as above,
as t increases, thewaiting-compensation term tends to
increase, and, thus, the supply-side price πWFP,s

t tends
to increase. Consider the other extreme that time t is
very close to the end of the selling horizon T. Fol-
lowing the similar arguments as above, as t increases,
thewaiting-compensation term tends to decrease, and,
thus, the supply-side price πWFP,s

t tends to decrease. In
general, the effective ask-and-bid price processes

E[πWFP,d
t ] :

{
t ∈ [0,T]

}
and

{
πWFP,s
t : t ∈ [0,T]

}
may not

always demonstrate a consistently upward or
downward trend, and they tend to have opposite
trends in the beginning and in the end of the horizon.

As an illustration, Figure 1 plots the price dynamics

E[πWFP,d
t ], πWFP,s

t : t ∈ [0,T]
{ }

for a set of market en-

vironments in which both buyers’ and sellers’ arrival
rates are equal toλ. The results are consistent with both
Proposition 2 in that the variability of these two price
dynamics diminishes as the demand and supply
quantities grow up (λ increases) and our prediction
above on the temporal trends of these price dynamics.

5.3. Performance of the Waiting-Adjusted Fixed-
Pricing Policy

In this subsection, we analyze the performance of
the waiting-adjusted FP and the greedy matching
policy Mg. Under this simple heuristic, buyers and

sellers behave myopically, and, as a result, the in-
termediary faces a stochastic system that is effectively
a double-ended queue, with the arrival rates of both
sides being μ∗ and that starts with being empty at
time t � 0.

Theorem 2 (Performance Guarantee). Under the waiting-
adjusted FP policy πWFP and the greedy matching
policy Mg,

Jπ
WFP,Mg

E J̄ HT( )[ ] ≥ Jπ
WFP ,Mg

J̄∗
≥ 1 − 1 + 2

3
b + h( )T
p∗ − w∗

( )
1̅̅̅
μ∗√ .

In addition, consider a sequence of systems. In the n-th
system, λd,(n) � nαdλd with αd > 0 and λs,(n) � nαsλs with
αs > 0. Denote α ≜ min αd, αs{ }. Therefore,

Jπ
WFP,Mg,(n)

E J̄(n) HT( )[ ] ≥ Jπ
WFP,Mg,(n)

J̄∗,(n)
≥ 1 −O

1̅̅̅̅
nα

√
( )

.

Theorem 2 has the following implications. First, as
both buyers’ and sellers’ arrival rates grow large
(scaled by n), regardless of whether they grow up at
the same or different speeds (measured by αd and
αs), the simple, waiting-adjusted FP policy πWFP and
greedy matching policy Mg are asymptotically opti-
mal. Second, as n grows large, the relative profit loss
of implementing the simple heuristic policy, com-
paredwith the optimal mechanism, converges to zero
at a speed that is no slower than 1/

̅̅̅̅
nα

√
, where

α � min αd, αs{ }. Put differently, the relative additional
benefit of implementing any more sophisticated policy

Figure 1. (Color online) Price Dynamics

Note. Fd(·) ∼ U[0, 10], Fs(·) ∼ U[0, 4], b � h � 0.1 and T � 50.
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than our simple heuristic is nomore than amagnitude
of 1/

̅̅̅̅
nα

√
.

To better understand the impact of different market-
environment parameters on the performance loss of
our proposed simple heuristic policy, we conduct a
series of numerical experiments. In these experiments,
we use the following market environment as our base:
λd � λs � λ � 2, Fd(·) ∼ U[0, 10], Fs(·) ∼ U[0, 4], b � h �
0.1. For each market environment, we report the
performance of our heuristic against the performance
upper bound obtained by solving the clairvoyant’s
problem (B). We compute the sample means of these
two profit functions by randomly generating K =
10,000 sample paths of buyers’ and sellers’ arrival
processes.

First, we study the impact of the identical buyers’
and sellers’ arrival rate λ and the length of the horizon
T on the performance of our heuristic. We choose λ
from the set 1, 2, 5, 10{ } andT from the set 1, 2, . . . , 50{ }.
The results are reported in Figure 2. We observe that,
for a very short time horizon, the end-of-horizon
effect immediately kicks in, leading to the under-
performance of our heuristic. But the performance of
our heuristic stabilizes with a not-too-short horizon.
Even for a small-scale system with λ � 1 or 2, our
heuristic has a performance guarantee of more than
80% when T ≥ 15. Because we benchmark against
the performance upper bound from problem (B), the
actual performance should be even better. For a
system with λ � 10, our heuristic has a performance
guarantee of more than 90% when T ≥ 5.

Second, we study the impact of buyer (resp. seller)
waiting disutility rate b (resp. h) on the performance

of our heuristic. In Figure 3(a), we fix h � 1 and choose
b from the set 0.02, 0.1, 0.2{ }. In Figure 3(b), we fix b � 1
and choose h from the set 0.02, 0.1, 0.2{ }. We observe
that when the length of the horizon T is not very short,
the intermediary achieves a better performance when
buyers (resp. sellers) incur less waiting disutility—
that is, b (resp. h) is smaller. The intuition is as follows.
Under our heuristic policy, to induce buyers and sellers
to behavemyopically, the intermediary’s pricing policy
needs to include the waiting-compensation terms.
When buyers (resp. sellers) incur less waiting dis-
utility—that is, b (resp. h) is smaller—these waiting-
compensation terms become smaller—that is, the
intermediary can charge each buyer a higher price
that is closer to p∗ (resp. pay each seller a lower wage
that is closer to w∗). As a result, the intermediary can
capture more profit.
Third, we study the impact of the range of the

buyer’s valuation (resp. seller’s cost) on the perfor-
mance of our heuristic. We assume that the buyer’s
valuation (resp. seller’s cost) is uniformly distributed
with mean 5 (resp. 2). We choose the length of the
buyer’s valuation range (resp. seller’s cost range)
from the set 2, 4, 6{ } (resp. 0.8, 1.6, 2.4{ }). The results
are reported in Figures 4 and 5. We observe that
our heuristic performs consistently well regardless of
whether the buyer’s valuation (resp. seller’s cost) is
dispersed or concentrated. In addition, we also ob-
serve that the performance of our heuristic seems not
quite sensitive to the degree of the dispersion of the
buyer’s valuation (resp. seller’s cost).
In all numerical experiments mentioned above,

we randomly generate K = 10,000 sample paths of
buyers’ and sellers’ arrival processes. As mentioned,
we compute the relative performance of our heuristic
as the ratio of the sample mean of the profit under our
heuristic to the sample mean of the upper-bound
profit obtained by solving the clairvoyant’s prob-
lem (B), hereafter referred to as the “empirical relative
performance.” Therefore, wemay get different values
of the empirical relative performance when we gen-
erate K randomly drawn sample paths for multi-
ple times. Hence, we can use the sample coefficient
of variation26 of these different values to measure
whether the empirical relative performance com-
puted from K sample paths gives us an accurate and
reliable estimation of the true value of the relative
performance. In the following experiment, we study
the impact of the number of sample paths, K, on the
volatility of the empirical relative performance. We
choose K from the set {30; 100; 300; 1,000} and the
length of the horizon T from the set 1, . . . , 50{ }. For
eachK and T, we generateK sample paths for 30 times
and thus obtain 30 data points of the empirical
relative performance. We then compute the sam-
ple coefficient of variation of these data points.

Figure 2. (Color online) Impact of Buyers’ and Sellers’
Arrival Rates λ and the Length of the Horizon T on the
Performance of Our Heuristic

Note. Fd(·) ∼ U[0, 10], Fs(·) ∼ U[0, 4], b � h � 0.1.
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The results are reported in Figure 6. We observe that
when the number of sample paths increases, the
sample coefficient of variation of the empirical rela-
tive performance decreases. When K = 1,000 and T is
not too small, such a sample coefficient of variations is
less than 0.01. This result guarantees that in all ex-
periments above, the empirical relative performances
obtained with K = 10,000 are very robust. Also, we
observe that the sample coefficient of variation of the
empirical relative performance tends to decrease
when the length of the horizon T prolongs, which is
consistent with that the performance of our heuristic
is, on expectation, more stabilized for a longer hori-
zon (see Figure 2).

6. Effects of Market Conditions on
Pricing Heuristic

The pricing policy πWFP introduced in the previous
section depends onmarket conditions, such as themarket
size (characterized by buyer arrival rate λd and seller
arrival rate λs). In practice, the market conditions may
change over time. For instance, Uber’s market condi-
tions during rush hour and nonrush hour are quite
different. During rush hour, more people need rides,
and less so innonrushhour. Therefore, in this section,we
are motivated to explore the effects of market conditions
on the pricing policy πWFP, as well as the interme-
diary’s matched quantity and the resulting profit. We
notice that, in practice, an intermediary, such as Uber,

Figure 3. (Color online) Impact of Buyer (Resp. Seller) Waiting Disutility Rate b (Resp. h) on the Performance of Our Heuristic

Note. Fd(·) ∼U[0,10], Fs(·) ∼ U[0, 4].

Figure 4. (Color online) Impact of the Range of the Buyer’s Valuation on the Performance of Our Heuristic

Note. Fs(·) ∼ U[0, 4], b � h � 0.1.
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is typically operating in a high-volume regime where
the demand and supply sizes are sufficiently large.
Therefore, following from the asymptotic conver-
gence property established in Proposition 2 that πWFP

converges to fixed prices (p∗,w∗) and the asymptotic
optimality result established in Theorem 2, here, we
focus on the intermediary’s optimal pricing policy
and her performance in the fluid regime—that is, the
intermediary’s pricing policy is given by the fixed-
price pair (p∗,w∗), her matching quantity is given by
μ∗, and her profit is given by J̄∗.27

In this section, we focus on exploring the effects
of the market sizes (measured by λd and λs) on prices
p∗ and w∗, as well as on the intermediary’s matching
quantity μ∗ and her profit J̄∗.28

Theorem 3 (Comparative Statics on Market Sizes).
(i) (Seller’s Market) p∗ and w∗ are increasing in λd, and

μ∗ and J̄∗ are increasing in λd.

(ii) (Buyer’s Market) p∗ and w∗ are decreasing in λs, and
μ∗ and J̄∗ are increasing in λs.

As the demand rate λd increases and the supply rate
λs does not change, the market becomes more tilted to-
ward a seller’s market. The intermediary can address
this demand and supply imbalance by adjusting
prices on both demand and supply sides. On the
demand side, the intermediary raises up the price for
buyers (p∗ increases) to target a more selective fraction of
buyers who are willing to pay more. On the supply side,
the intermediary increases payments to sellers (w∗ in-
creases) to encourage more sellers to deliver the
product. As the demand rate λd grows, the interme-
diary can match more pairs of buyers and sellers (μ∗
increases) and gain a higher profit (J̄∗ increases).
As the supply rate λs increases and the demand rate

λd does not change, the market becomes more tilted
toward a buyer’s market due to the existence of more
excess supply. The intermediary can also address this
demand and supply imbalance by adjusting prices
on both sides. On the demand side, the intermediary
cuts down the price for buyers (p∗ decreases) to at-
tract more buyers to request the product. On the
supply side, the intermediary reduces payments to
sellers (w∗ decreases) to discourage more sellers to
deliver the product. As the supply rate λs grows, the
intermediary can again match more pairs of buyers
and sellers (μ∗ increases) and gain a higher profit (J̄∗
increases).
In summary, the matching quantity and profit im-

plications of a more considerable demand or supply
volume are unambiguously positive to the intermediary,
whereas the price implications can go either way, de-
pending on whether it is a seller’s or buyer’s market.

7. Conclusion
In this paper, we propose a simple heuristic pricing
andmatching policy that is proven to performwell for

Figure 5. (Color online) Impact of the Range of the Seller’s Cost on the Performance of Our Heuristic

Note. Fd(·) ∼ U[0, 10], b � h � 0.1.

Figure 6. (Color online) Impact of the Number of Sample
Paths K on the Performance Volatility

Note. Fd(·) ∼ U[0, 10], Fs(·) ∼ U[0, 4], b � h � 0.1.
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an intermediary who operates in a two-sided market
with forward-looking buyers and sellers. We show
that this simple policy is near optimal, as the arrival
rates on both sides of the market grow. Our re-
sults help identify practical market conditions under
which a market maker may not need much of a very
frequent dynamic pricing policy. For a market with
roughly constant rates of random arrivals of forward-
looking buyers and sellers who tend to have the same
distribution of willingness to pay and to sell, re-
spectively, fixed pricing with some waiting-cost ad-
justment and greedy matching can be good enough
when the numbers of buyers and sellers are large.

Our results may be extended in the following set-
tings in the presence of forward-looking buyers
and sellers. First, one may consider the time-varying
arrival rates of buyers and sellers. Second, one can
consider the matching of buyers and sellers of
multiple-type goods or services, where types can be
geographic locations. For example, in the ride-hailing
market, after a driver in one location accepts a bid
price, the matching policy can be more complicated
than that for buying and selling a homogeneous (such
as single-location) service, because the driver can be
routed to serve riders at different places. Third, one
may consider more than one intermediary platform
competing for both demand and supply. Such situa-
tions arise, for example, in the ride-hailing industry,
where Uber and Lyft compete with each other. The
mechanism-design problem for these situations in the
presence of strategic buyers and sellers is challenging.
It is worthwhile exploring whether asymptotic opti-
mality of some heuristic pricing and matching policy,
similar to our results, may be still attainable.
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Endnotes
1Uber seems to apply the match-to-the-closest greedy policy in the
spatial dimension. Hu and Zhou (2016a) show that, under some
special conditions—for example, when all travelers are going in the
same direction—this greedymatching policy in the spatial dimension
can be optimal.
2 See http://time.com/4953495/uber-london-alternative.
3Taylor (2018) and Bai et al. (2018) do consider the reentry of drivers,
but do not consider drivers transitioning in a network of locations.
Bimpikis et al. (2019) and Besbes et al. (2018b) focus on the drivers’
spatial transitions and repositioning in a deterministic setting. Besbes
et al. (2018a) take into account a driver’s travel time to pick up a rider
in a queueing setting. Afeche et al. (2018) also consider a queueing
formulation and focus on the performance impact of platform’s

repositioning control (or drivers’ self-repositioning) and demand-
side admission control.
4For example, Uber often maintains an estimated waiting time of
fewer than 5 minutes for riders (see Hall et al. 2015), and, according
to Uber’s latest policy, a driver will be compensated for having
to wait more than 5 minutes after arriving at the pickup location.
This suggests that a wait of fewer than 5 minutes on both sides of
demand and supply seems to be tolerable without the need of
compensation.
5Chen et al. (2015) suggest that under normal circumstances, Uber
appears to update prices every 5 minutes, which demonstrates some
level of pricing stability.
6The pricing formulae can also be used to compute the surge prices
for a given region under a particular market condition.
7Drivers who pursue surge prices may find that the surge is gone by
the time they arrive.
8A recent paper, Hu et al. (2018), studies the optimal contingent
pricing policy in a stylized two-period model with forward-looking
riders and drivers and shows that there could exist different types
of equilibrium pricing policies with qualitatively distinctive price
trajectories.
9Uber recently also offered a flat-fare price for a ride in the form of a
package of multiple rides for New York City.
10 It may be relatively easy for Uber to monitor the arrival of riders
and drivers because they all need to open the Uber app to make a
transaction. But that may not always be the case for other market
makers.
11For example, Carr (2015) reports that Uber drivers falsely trigger
surge pricing by conspiring to shut down and restart their apps.
12 In the ride-hailing industry, if rider φ starts to consider to have a
ride from time tφ and is eventually matched with a driver at time sφ,
then her disutility that arises from her waiting for a car is captured by
b(sφ − tφ). Over [tφ, τφ], rider φ not only incurs waiting disutility, but
exerts effort to track how the ride-hailing platform dynamically
changes prices. However, a rider can easily track price dynamics by
frequently refreshing the ride-hailing platform’s app. Therefore, a
rider’s disutility arising from the price-monitoring activity is negli-
gible relative to the disutility incurred from waiting for a ride.
13The monotonicity in this paper is in its weaker sense unless oth-
erwise specified.
14 If this condition is violated—that is, c> v̄—the intermediary cannot
make a positive profit given that buyers and sellers have the incentive
to participate in the market.
15 Similar to the demand side, in the ride-hailing industry, the term
h sψ − tψ
( )

captures driver ψ’s waiting disutility that is from the time
that she is available to serve, tψ, to the time that she is matched with a
rider, sψ. We assume that over [tψ, τψ], driver ψ’s disutility arising
from her price monitoring activity is negligible relative to the dis-
utility incurred from waiting to serve a rider.
16When the intermediary makes the pricing decisions at time t, the
information available to her consists of historic times at which buyers
inform the intermediary about their willingness to buy the product,
φt−, historic times at which sellers inform the intermediary about
their willingness to sell the product, ψt−, the intermediary’s historic
matching decisions, φt−

M and ψt−
M , and the intermediary’s historic

pricing decisions, πd,t− and πs,t−.
17When an Uber rider repeatedly refreshes her app, she can track the
dynamics of the fares quoted to her. When an Uber rider keeps the
rider app open, she can also track the dynamics of available cars that
are around her.
18We do not prove the existence of the equilibrium stopping time in
general. We only demonstrate the existence of such an equilibrium
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stopping rule for a specific class of pricing and matching
policies—that is, static prices with expected waiting-cost adjustment
and the greedy matching policy that matches a demand or supply
request on a first-come-first-served basis.
19When an Uber driver opens the driver app and sets the status to be
online, she can see a heat map. In the map, different colors in re-
gions represent different surge rates. The colors (surge rates) in the
heat map dynamically change over time. Although an Uber driver
is notified of the payment only after she completes a ride, before
accepting a riding request, she can still use the heat map to estimate
the fare that she will receive from Uber by offering a ride. Unlike an
Uber rider, whose app shows the available cars around her, the Uber
driver app does not tell a driver any information about the other
available cars around or how many riders in the neighboring region
are requesting rides and where they are located. An Uber driver can
only passivelywait for a riding request sent fromUber. Therefore, our
model does not assume that sellers can observe the number of un-
matched supply or demand.
20Consider any price pair p,w

( )
that clears the market—that is,

λdTF̄d p
( ) � λsTFs w( )≜μ. Therefore, the intermediary’s marginal

revenue from enabling one additional buyer to get the product is
d(pμ)/dμ�p + (dp/du)μ�p − F̄d(p)/f d(p)�Vd(p)�Vd(F̄d,−1(μ/(λdT))),
and the intermediary’s marginal cost from enabling one addi-
tional seller to sell the product is d wμ

( )
/dμ�w+ (dw/du)μ� w+

Fs w( )/f s w( ) �Vs w( ) �Vs Fs,−1 μ/(λsT)( )( )
. Therefore, the intermedi-

ary’s marginal net profit from matching one additional pair of
buyer and seller is Vd F̄d,−1 μ/(λdT)( )( )− Vs Fs,−1 μ/(λsT)( )( )�V(μ).
21 If there is more than one unmatched supply (resp. demand) request
that simultaneously arrives at the intermediary, then the interme-
diary randomly chooses one among them to match with a newly
arriving buyer’s demand (resp. seller’s supply).
22 In the presence of the waiting-compensation terms, we cannot
exclude the possibility that sometimes the demand-side price is
smaller than the supply-side price, πWFP,d

t <πWFP,s
t . However, as

we show in our numerical analysis (see Figure 1), for a wide range
of parameters, the demand-side price is always higher than
the supply-side price, which is also guaranteed to be true in
expectation.
23 If alternative information structures are assumed, our results
would not change after adjusting the waiting-compensation terms
accordingly.
24The PBE that we present in this theorem is one equilibrium. We do
not prove the equilibrium uniqueness. It is worth exploring whether
other equilibria exist.
25Note that the difference between two independent Poisson random
variables with the same mean μ follows the so-called Skellam dis-
tribution, which has mean 0 and variance 2μ. Hence, the class of
random variables ND(μ∗t) −NS(μ∗t) parameterized by t is a class of
mean-preserving spreads. Thus,ND(μ∗t) −NS(μ∗t) is increasing in t in
the convex order. Because both x+ and x− are convex functions, by the
definition of the convex order,E[ND(μ∗t) −NS(μ∗t)]+ andE[ND(μ∗t) −
NS(μ∗t)]− are increasing in t.
26The sample coefficient of variation is defined as the ratio of the
sample standard deviation to the sample mean.
27 It is tempting to derive comparative statics results for the matching
quantity and profit level in the original stochastic system. Because it is
hard to rank Poisson random variables in usual stochastic order even
though their means can be ordered, we analytically study the per-
formance measures in the fluid regime, with which the performance
measures in the original stochastic system are directly linked. For
example, the matching quantity in the stochastic system under our
simple heuristic is min(ND(μ∗T),NS(μ∗T)). We numerically study the
effect of the market conditions on the compensation terms in the
nonfluid regime with results reported in Figure 1.

28More studies on the effects of other market conditions are reported
in the online appendix.
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