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Abstract. Problem definition: A firm faces random demand for a service it delivers on a
given future date. To boost demand, the firm hires a sales agent who exerts unobservable
effort continuously over time. The firm is concerned not only with increasing current demand,
but also with smoothing demand over time to avoid losing goodwill if realized demand
exceeds available inventory. Methodology/results: We study the firm’s incentive design prob-
lem using a novel continuous-time principal-agent framework, in which demand drifts over
time in response to the agent’s unobserved effort, as well as the price the firm charges. To
induce the agent’s sales effort, the firm chooses an incentive scheme that depends on the
remaining inventory and the time to the service (e.g., time to departure in the case of airlines).
We characterize the firm’s optimal incentive scheme under both static and dynamic pricing
policies. Using parameter values calibrated from the airline industry, we numerically show
that under dynamic pricing, the use of a static incentive scheme helps the firm reap nearly all
the benefits of the corresponding dynamic incentive scheme. In contrast, the use of a fully
static strategy results in a significant loss of efficiency. Managerial implications: Comparing
partially dynamic strategies, we find that dynamic contracting outperforms dynamic pricing
when inventory is abundant. However, under limited inventory, the relative advantage
depends nonmonotonically on demand elasticity: dynamic pricing dominates over the empiri-
cally relevant range of moderate to high elasticity, whereas dynamic contracting becomes
more effective when elasticity is very low or in theoretical limits of extreme elasticity.
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1. Introduction
Businesses across many service industries rely on

perishable inventory, the problem of designing optimal
incentives for sales agents has received little formal

sales agents to drive revenue. In airlines, for example,
travel agencies remained the dominant sales channel as
recently as 2019, accounting for 44% of ticket sales, with
agency bookings “up and rising” (Montevago 2019).
The COVID-19 pandemic further highlighted their
value to customers and their central role in the indus-
try’s recovery (Kiesnoski 2021). At the same time, the
digital transformation has disrupted traditional busi-
ness models and heightened the importance of well-
designed incentives to motivate sales effort. Despite
this, in service industries characterized by limited and

attention.

Rigorous research on this topic remains limited for
two reasons. First, sales convert demand into revenue
only when inventory is available. The salesforce-
compensation literature (e.g., Basu et al. 1985, Lal and
Srinivasan 1993, Oyer 2000) studies incentives for
unobservable effort, but it typically assumes unlimited
inventory, so all demand can be served. Recent work
introduces inventory constraints (e.g., Li et al. 2020, Dai
et al. 2021, Song et al. 2024), but it largely relies on
single-period models and therefore abstracts from the
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intertemporal dynamics of supply-demand matching.
Second, dynamic pricing is central in industries with
limited and perishable capacity (e.g., airlines), yet most
salesforce-compensation models treat prices as fixed
and exogenous, making existing frameworks ill-suited
to settings in which pricing and inventory coevolve.

Moral hazard principal-agent problems are essen-
tially sequential games between a principal and an
agent. In these games, the principal first proposes an
incentive contract, and then the agent accepts/rejects
the contract and responds to the incentive scheme.
The incentive contract can depend on the performance
of the agent and, thus, dynamically adapt to the situa-
tion as it evolves in each period. We call such contracts
dynamic contracts. The main difficulties in solving dy-
namic contracts are the characterization of the contract
form and the curse of dimensionality. The more general
the contract form, the more likely it is to be globally opti-
mal, but the more difficult it is to solve. Such a trade-off
is prominent in static, discrete-time models.

Even a single-period moral hazard problem is hard
to solve: the optimization is infinite-dimensional (Dai
et al. 2021, p. 2215), the first-order approach is debated
(Laffont and Martimort 2002, p. 200), and the interac-
tion between contract and agent behavior makes the
optimal contract hard to characterize. (Section OA5 in
the Online Appendix shows that a single-period model
with limited inventory resists closed-form solution).
Extending to multiple periods yields a discrete-time
dynamic moral hazard model that is generally intractable
(Plambeck and Zenios 2000, p. 240). The continuous-time
approach of Sannikov (2008) overcomes these difficulties
by sidestepping the curse of dimensionality and decom-
posing the dynamic principal-agent problem into static
problems, yielding contract structures and managerial
insights hard to obtain in discrete time.

We develop a continuous-time framework that inte-
grates incentive design, dynamic pricing, and limited
inventory. Customers arrive over time, sales accumu-
late continuously, and the salesperson’s role is to boost
demand. A customer-centric firm cares beyond imme-
diate clearance: maintaining service availability and
maximizing cumulative revenue over the selling hori-
zon are central concerns. We address three questions:
What incentive scheme should the firm offer under
static pricing? How should incentives and prices jointly
evolve under dynamic pricing? And if only one instru-
ment can be dynamic, which should the firm prioritize?

To motivate our modeling framework, consider an
airline company’s sales process. For a flight on a given
departure date, the airline company has its own sales
channel and can observe its remaining inventory of
seats and dynamically adjust its price to influence the
demand process. In addition, the company works with
travel agents who interact with end customers and can
thus use its incentive scheme to influence their sales

efforts. The company’s problem can be viewed as
determining a booking limit that is higher than the
capacity. The firm can track bookings and continuously
adjust both prices and commission rates. For example,
Qantas recently announced that it would provide
travel agents with dynamic compensation through its
new distribution platform.1 In practice, Qantas can
raise agents” commission for high-inventory flights and
lower it when inventory is scarce. Because bookings
can be canceled before departure, airlines need not
stop accepting bookings at capacity; they can raise
prices or weaken incentives to throttle demand.

Another motivating example entails a deal-platform
website that relies on sales representatives to promote
discount coupons for local service providers. Generat-
ing excess demand is detrimental because, as Lee (2014,
p- 238) notes, “A salon and spa service requires dedi-
cated personal attention... excessive coupon sales cre-
ate a scheduling nightmare and many customers cannot
get timely service.” Indeed, a leading cause of com-
plaints on such deal sites is scheduling problems caused
by overcapacity coupon sales. Yet, commission-based
sales reps may be tempted to oversell coupons be-
yond the merchant’s capacity. In this scenario, the firm
can dynamically adjust the representatives’ incentive
scheme to prevent an overrun of demand.

Dynamic incentive adjustments are emerging in sev-
eral other industries facing similar constraints. Cruise
lines commonly implement tiered commission struc-
tures for travel agents, offering higher commission
rates as an agent sells more cabins and extra bonuses
for selling near-capacity or hard-to-sell voyages. This
motivates agents to help fill every ship to its berth
capacity. In online retail and services, affiliate pro-
grams vary commission rates in real time based on
performance. Affiliates that drive surges in qualified
traffic or sales temporarily earn higher percentages,
whereas low-performing affiliates receive lower
rates. These adjustments reallocate promotional effort
toward offers with higher marginal returns. Tradi-
tional sectors show similar patterns. Automobile deal-
erships use software that raises commission rates for
salespeople when higher volumes are targeted or
when specific models need to be cleared.” Hospitality
distributors apply dynamic commission rules that
increase payouts when room margins are higher or
when capacity is slack, steering attention to dates and
properties where incremental sales are most valu-
able.” These practices parallel our control: the princi-
pal increases (decreases) the instantaneous incentive
when capacity slack is high (low), shifting agent effort
to balance demand with limited inventory.

Our analysis starts with static pricing. We model ser-
vice demand as an arithmetic Brownian motion with
drift determined by the agent’s unobserved effort;
the effort-averse agent responds to a continuous-time
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incentive scheme. The optimal incentive depends on
both remaining inventory and time to service delivery,
and the firm’s value function is concave in remaining
inventory. The optimal incentive rises with remaining
inventory and may surge near the horizon’s end.

Next, we consider a problem in which the firm can
dynamically adjust both its incentive scheme and price.
In this more general setting, the firm’s demand follows
an arithmetic Brownian motion process with drift deter-
mined by the price that the firm charges to end custo-
mers as well as the agent’s unobserved effort level. The
firm thus has two levers—its incentive scheme offered
to the agent and its price—to influence the demand pro-
cess. These two levers do not perfectly substitute for
each other, because the agent’s effort is unobservable,
necessitating the firm’s rent sharing with the agent,
whereas the firm can unilaterally change its price at no
cost (apart from the change in the revenue rate).
We observe that under dynamic pricing, the expected
optimal incentive is relatively stable over the time hori-
zon. Related to this observation, we show that under
dynamic pricing, a static incentive scheme (i.e., a
dynamic-pricing-only strategy) provides the firm with
most of the benefits of a dynamic incentive scheme (i.e.,
a fully dynamic strategy). Our finding is consistent with
the observed practice in the airline industry that
whereas firms routinely engage in dynamic pricing, the
incentive schemes used for compensating sales agents
are mostly static and do not typically vary over time
(see, e.g., Alamdari 2002, Elmaghraby and Keskinocak
2003). Our model has implications across industries.
As shown in Section 5 and Figure 1, a low price elastic-
ity of demand favors a pure dynamic contracting strat-
egy over a pure dynamic pricing strategy. This pattern
is consistent with environments in which customers
are relatively insensitive to price, such as private avia-
tion and luxury hotels (HSMAI 2019, Canary 2025,
NetJets 2025). By contrast, over the empirically

Figure 1. (Color online) Firm’s Expected Profit Percentile vs.
the Price-Effect Parameter a
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relevant range of moderate to high price elasticity,
such as in the commercial airline industry, a pure
dynamic pricing strategy dominates. Although our
analytical results show that dynamic contracting can
theoretically regain the advantage at extreme elasticity
limits, dynamic pricing remains the stronger lever in
these calibrated settings.

Recognizing that a fully dynamic strategy may be
difficult to implement in practice, we compare two par-
tially dynamic strategies under which either pricing or
contracting (but not both) adjusts over time. The rela-
tive performance of these strategies provides guidance
on which lever a firm should prioritize, depending on
the characteristics of the industry in which it operates.

We then re-examine the value of dynamic incentives
in the setting of static pricing. Under static pricing, a
static incentive contract generates a substantial effi-
ciency loss relative to the dynamic incentive scheme.
Thus, when firms lack pricing power—for example,
because of competition or regulatory constraints—a
dynamic incentive structure becomes a powerful tool
for stimulating and smoothing demand.

To our knowledge, this paper is the first to study a
continuous-time incentive design problem that jointly
incorporates inventory and pricing considerations. In
doing so, we develop a modeling framework applicable
to settings faced by airlines, hotels, travel agencies, and
other service industries with limited and perishable
capacity. The remainder of the paper proceeds as follows.
Section 2 reviews the related literature. Section 3 first
studies the static-pricing benchmark to isolate the con-
tracting mechanism and build intuition. Section 4 then
returns to the general model with both dynamic contract-
ing and dynamic pricing and explains how the two levers
interact. Section 5 presents a calibrated comparison of the
two approaches in the airline industry. Section 6 con-
cludes. All proofs appear in the Online Appendix.

2. Literature

Most of the moral-hazard principal-agent literature,
following Grossman and Hart (1983) and Holmstrom
(1979), analyzes one-shot interactions; see Laffont and
Martimort (2002) for a comprehensive review. Depart-
ing from this tradition, dynamic contract theory has
been applied across fields, with Sannikov (2008) pro-
viding a seminal continuous-time framework. Building
on this framework, operations management and mar-
keting scholars study salesforce compensation (e.g.,
Rubel and Prasad 2016) and service contracting (e.g.,
Sun and Tian 2018). Related developments include
a general finite-horizon formulation with lump-sum
payments (Cvitani¢ et al. 2018), embedded incentives
in hierarchical investor-partner-manager relationships
(Keppo et al. 2024), contracts that reduce adverse-
event arrivals (Chen et al. 2020), and random-horizon
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extensions (Lin et al. 2020). On the practice side, dy-
namic commissions have been analyzed in platforms
and sales channels (Suryanarayana et al. 2019, Chu and
Hsu 2021, Martinez-de Albéniz et al. 2022, Zhang et al.
2022). Our model builds on Sannikov (2008) but intro-
duces three features salient for services with capacity
limits: (i) a finite inventory with an overbooking
penalty, making profits nonmonotone in agent-induced
demand; (i) joint control of dynamic pricing alongside the
dynamic compensation contract; and (iii) a finite-horizon,
continuous-time environment with limited capacity.

Our paper also contributes to a stream of operations
management literature that examines moral hazard
and—more broadly—incentive design problems, includ-
ing, for example, Alp and Sen (2021), Atasu et al. (2024),
Baiman et al. (2010), Balachandran and Radhakrishnan
(2005), Bastani and Cachon (2025), Dai and Jerath (2016),
Dai et al. (2021), Dai and Taylor (2025), de Véricourt and
Gromb (2018, 2019), Ke and Ryan (2018), Li et al. (2020),
Long and Nasiry (2020), Nikoofal and Gilimiis (2018),
Plambeck and Zenios (2000, 2003), Serpa and Krishnan
(2017), Song et al. (2024), and Yu and Kong (2020).
Among these papers, the work by Plambeck and Zenios
(2003) is a rare case with a continuous-time setup. They
study a make-to-stock setting in which the principal
employs an agent who chooses an unobservable produc-
tion rate. The principal seeks to minimize the cost of
holding inventory and backordering demand and uses
an incentive contract that depends on the inventory level.
Our paper differs from theirs in that we use a more stan-
dard continuous-time principal-agent framework that
was developed by Sannikov (2008), and we consider a
setting with perishable inventory that is prevalent in ser-
vice industries. Dai and Jerath (2016) and Dai et al. (2021)
study the effect of demand censoring, which arises when
demand in excess of inventory cannot be observed, on
incentive design in a setting in which a principal and an
agent interact exactly once. Unlike this literature, which
treats prices as exogenous, our paper builds on a
continuous-time principal-agent framework that exam-
ines both incentives and pricing.

In the past few decades, an extensive literature on
dynamic pricing under limited inventory has emerged;
see Elmaghraby and Keskinocak (2003) for a review.
Dynamic pricing has been a standard modeling feature
in the large body of pricing and revenue management
literature (e.g., Talluri and Van Ryzin 2004, Phillips
2005). We refer the reader to Chung et al. (2022), den
Boer and Keskin (2022), Harrison et al. (2012), and Lei
and Jasin (2020) for examples of recent advances and
reviews of the literature. To the best of our knowledge,
this literature does not consider the case in which the
firm employs sales agents to influence demand.
Accordingly, our paper incorporates an important con-
sideration that this literature has overlooked—moral
hazard in the sales-generation process. In doing so, our

paper establishes a novel link between dynamic pricing
and the moral hazard principal-agent theory.
Methodology-wise, we employ optimal control,
which remains uncommon in continuous-time moral
hazard models despite broad use elsewhere (e.g., Sethi
and Thompson 2000); cf. Dai et al. (2021). Related to
stochastic-calculus approaches (e.g., Keppo et al. 2008,
Décamps et al. 2017), our monotonicity results use Itd’s
lemma. The contribution is to connect revenue man-
agement with moral hazard in continuous time.

3. Incentive Design Under Static Pricing
This section studies the benchmark in which price is
fixed. We begin with this simpler environment to iso-
late the role of dynamic incentives; Section 4 reintro-
duces price as a second dynamic control and addresses
interactions between price and effort.

A firm (i.e., the principal) hires a sales agent (ie.,
the agent) to boost the demand for a service (e.g., air
flight) offered at time T. At the beginning of the time
horizon—that is, t = 0—the principal has an inventory
level Iy. The inventory level Iy is exogenous in this
model, which could be modeled as a decision variable
optimized by the principal. All inventory expires at
time T, and the firm cannot replenish during (0, T]. Fol-
lowing the principal-agent literature, we examine a sin-
gle principal and single agent with limited inventory
for one product (e.g., an origin-destination flight).

A standard Brownian motion B ={B;, F;0<t<T}
on {Q,F,Q} characterizes the uncertainties in the
demand process. Specifically, D;, the cumulative
demand quantity for the product up to time t € [0, T],
evolves according to

dD; = (El +At)dt +0dBs, (1)

where a corresponds to the firm’s demand rate through
its own sales channel, A; > 0 is the agent’s effort level,
and o is a constant diffusion term, which measures
the volatility of the demand-generation process. In
practice, agents have multiple avenues to influence
customer demand. For example, agents often bundle
airline tickets with complementary services (e.g., hotel
booking or car rentals), and they run tailored out-
reach (events and segmented campaigns) to deepen
engagement and stimulate purchases. Agents also
strategically prioritize certain flights, vehicle classes,
or properties when commission incentives make
those offers relatively more attractive. The Brownian
motion term (0dB;) may lead to a decline in the
demand quantity, which corresponds to cancella-
tions. Our model abstracts from the strategic behav-
ior of consumers whose cancellation decision may be
driven by dynamic pricing. The focus of this paper is
on the interaction between the principal and the
agent, and the potential strategic behavior of end
consumers is beyond our scope. The agent’s effort
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level A={A;,0<t<T} is a stochastic process by
itself. The agent is effort-averse and incurs a cost of
c(A¢) = A?/(2n), where the parameter 1 may be inter-
preted as the agent’s effectiveness. The cost function
implies the agent’s cost of effort is convex and rising in
A;. This is a standard assumption in the principal-agent
literature (see, e.g., Williams 2015), because it captures
the notion of increasing marginal costs of effort. More-
over, it aligns with the economic implication that the
agent has limited resources, making it increasingly chal-
lenging for the agent to exert additional effort.

Several dynamic pricing and revenue management
papers model demand quantity with a continuous-time
Poisson process (see, e.g., Farias and Van Roy 2010). Bar-
dina et al. (2000) show the Poisson process can be approx-
imated by a stochastic process driven by a Brownian
motion. More generally, Brownian-motion-driven sto-
chastic processes can approximate models with multiple
small independent and identically distributed changes
(see, e.g., Keppo et al. 2008). In this paper, we model the
demand process directly with the arithmetic Brownian
motion process in (1). Following the convention of the
continuous-time moral hazard literature (e.g., Sannikov
2008), we use an arithmetic Brownian motion to capture
demand uncertainty. Our main insights extend to the
case of a geometric Brownian motion.

Atany time t € [0, T, the principal observes the cumu-
lative demand up to time ¢ (D;) but not the agent’s effort
A;. The sales up to time ¢ is S; = min {Dy, Iy}, and the
available inventory level is Iy — S;. In our model, inven-
tory information is available to the firm but does not
directly influence the agent’s effort decision process. The
firm dynamically adjusts the incentive it provides to the
agent based on the remaining inventory, and the incen-
tive then drives the agent’s effort decision. Thus, whether
the agent has access to the inventory information does
not affect our analysis. Because the agent’s effort is unob-
servable to the principal, moral hazard arises.

Next, we consider the firm’s and the agent’s objective
functions. We denote by &1 the compensation plan that
the firm offers the agent. Stated differently, at f =0, the
firm commits to a take-it-or-leave-it compensation plan
that leads to a terminal payoff of {1 that depends on
the demand process D; the agent receives a payoff of
&r at the terminal time T if the agent accepts the com-
pensation plan. Both the firm and the agent are risk
neutral and share the same discount rate #; see Keppo
et al. (2024) for the case in which the agent is risk
averse. The agent chooses optimal effort A ={A;0<
t < T} by maximizing his expected utility:

T
V3(&r)= sup E [erTéT - / e”c(At)dt] ,
0

{At }(Usth)

where &1 denotes the agent’s terminal payoff, which is
specified by some stochastic process dependent on the
demand process D. The expectation in (2) is taken

under the Demand Dynamics (1). We assume that
the agent’s participation level is p,. We denote the set
of feasible contracts as E* which should satisfy the
agent’s participation constraint—that is,

E? = {&r 1 Fi-measurable such that V(&) > p,}. (3)

Anticipating the agent’s optimal response, the firm
chooses the terminal contract 7 to maximize expected
profits:

T
VP = sup E [ / e "dD, —e & —e (D — Ip)*|.
0

EreB?
4)
The expectation is taken under the demand dynamics
in (1), with the agent’s optimal effort given by (2).
The parameter 7= denotes the overbooking penalty, so
e~"Trt > 1 indicates that the discounted penalty exceeds
the unit price. Throughout this section, the unit price is
normalized to one. The three terms in (4) represent,
respectively, the present discounted value of revenue
from cumulative demand, the discounted terminal com-
pensation to the agent, and the discounted penalty for
terminal overbooking. The incentive-compatibility (IC)
constraint is the agent’s optimization problem in (2).
We write the agent’s value function at any time t €
[0, T] for a given terminal payoff £ as

T
V3= sup E[er(T’)ET / er(St)c(As)ds}, 5)
t

{As }tsssT

where the expectation is taken under the demand
dynamics in (1). By (5), the terminal payoff satisfies
&r = V3, so the contract is defined recursively through
the agent’s continuation value. As in Cvitani¢ et al.
(2018) and Keppo et al. (2024), we therefore consider
contracts induced by the dynamic programming prin-
ciple. Our setup differs from Sannikov (2008) in two
respects: we study a finite horizon rather than an infinite
one, and we impose a limited-capacity constraint on the
agent’s output, whereas his formulation assumes no such
constraint. Table 1 summarizes notation used through-
out the paper. Symbols specific to the dynamic-pricing
model—notably p;, a, and p—are introduced formally in
Section 4 and appear here as a single reference table.

To derive the agent’s optimal effort, we introduce
the Hamiltonian function (see, e.g., Cvitanic et al. 2018)
of the Agent’s Problem (5):

Ha(2) = sup h(z, A), (6)

AeR

where h(z,A) = (a+ A)z — c(A) for all z € R. Here, (a + A)z
is the instantaneous payment that the agent receives,
c(A) = ’24—2 is the instantaneous cost of the agent’s effort,
and, thus, h(z, A) is the instantaneous profit of the agent.
The agent chooses the optimal effort level A to maximize
the profit function h,(z,A) at each instant of time.
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Table 1. Summary of Notation

Symbol Description

Panel A: State variables
Dy Cumulative demand at time ¢
St Cumulative sales at time t, where S; = min{D;, Ip}
Ip =S¢ Remaining inventory at time ¢

Panel B: Firm decision variables
12 Price at time t, normalized to (0,1]
Zy Incentive intensity at time ¢ (pay-performance
sensitivity)

r Static commission contract
ag Base pay in the static contract
by Static commission rate

Panel C: Agent variables
Ay Agent’s effort at time ¢
&r Agent’s terminal compensation
P, Agent’s reservation utility
n Agent’s effort effectiveness

Panel D: Model parameters

T Terminal time (service delivery date)
Iy Initial inventory
a Baseline demand rate (firm’s direct channel)
a Price sensitivity of demand
B Effort sensitivity of demand
o Demand volatility
e Overbooking penalty per unit
r Discount rate

The maximum is attained at A(z) = zn given pay-to-
performance sensitivity z (we explain this variable later
in this section), and H, = nz%/2 + za.

We now introduce a subclass of contracts &r that
satisfies the participation constraint in (3). For any con-
stant Yy € R and any F-predictable process Z : [0, T] X
Q — R, consider the contract &t := Y}(“’Z, where the
process Y2 is defined by

t
Yo7 — vy + / (ZedD, — Hy(Zs)ds + Y2 ds), te[0,T).
0

@)

Here, Y, denotes the base compensation. We show
below that, under the contract &1 := Y}/O’Z, the partici-
pation constraint V(&r) > p, reduces to Yo > p,. The
function H,(-) is the agent’s Hamiltonian, and the maxi-
mizer is A(ZS) =1nZs for each s. Clearly,

B D@ ={Y V(YY) 2 p, ),

where E? is defined in (3), and €* is a subclass of

admissible agent contracts.

The next theorem shows that the two sets coincide
and identifies the agent’s value function and optimal
response.

Theorem 1. We have:
i. The agent’s contract & € B admits a unique represen-
tation &1 = Y’TKO’Z. In particular, 2% = €°.

ii. Under this representation, the agent’s value function
satisfies V2(&r) =Y, and hence, € = {YlT/“’Z Yo2p,},
with optimal effort

A(Z)=nZ, forallte[0,T]. 8)
As Theorem 1(i) shows, any contract acceptable to the
agent admits the representation in (7) and is fully char-
acterized by the pair (Yo, Z) € €°. Consequently, rather
than optimizing over the general set E°, the principal
can restrict attention to the subclass €°, parameterized
by the adapted incentive process Z. By Theorem 1(ii),
under the Contract (7), the participation constraint
reduces to a bound on the base compensation, Yy > p,.
Moreover, the agent’s optimal effort follows from the
Hamiltonian in (6): given the incentive Z; at time ¢, the
optimal effort is A(Zt) =nZ;. The process Z; can be
interpreted as the instantaneous incentive the firm
provides as a function of cumulative demand Dy; it
governs the sensitivity of the agent’s continuation
value to the demand process. Because Z is chosen by
the firm, a higher Z; strengthens incentives, inducing
greater effort and thereby increasing expected demand.
For details, see Section OA1 in the Online Appendix.

The contract & = Y}/o'z in (7) comprises a fixed com-
ponent Y and an incentive component that is linear in
the demand process D and net of the Hamiltonian—
that is, [; (Z,dD; — Ha(Z,)ds); the final term, [} 7YYo ds,
captures time discounting. The payoff process Yo%
tracks the agent’s continuation value, corresponding to
the “promised utility” in the dynamic contracting liter-
ature (see, e.g., Ljungqvist and Sargent 2004). As in
Sun and Tian (2018), Y; can also be interpreted as a
performance score that determines the agent’s utility
from continued employment. The incentive process Z;
parameterizes the contract in (7); it is F-predictable,
depends on time and realized demand, and is chosen
by the firm.

As Table 2 illustrates, the dynamic contract is imple-
mented via a schedule specified at the initial date and
held fixed throughout the sales period. The columns
list cumulative demand levels up to the capacity of 10.
Each cell reports the incentive level used in the payoff

Table 2. Illustration of Dynamic Contracting

Cumulative demand

Time 0 2 4 6 8 10
0 091 0.81 0.67 0.48 0.23 0.00
1 0.92 0.82 0.68 0.49 0.23 0.00
2 0.92 0.83 0.67 0.51 0.24 0.00
3 0.93 0.84 0.71 0.51 0.25 0.00
4 0.94 0.86 0.72 0.53 0.26 0.00

Note. In each element of the table, the number corresponds to the
state-dependent incentive (Z;) provided to the agent in the payoff
process.
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process—that is, the value of the incentive variable as a
function of time and cumulative demand (the entry in
row t and column d gives Z; evaluated at D;=d).
(Later, Table 3 of Section 4 provides a numerical illus-
tration of the resulting incentive and pricing policy.)
As shown in Figure 2, the mapping from cumulative
demand to the incentive Z; is nonlinear under the con-
tract in Table 2.

Observation 1. When time is fixed, the incentive
decreases monotonically with cumulative demand, as
evidenced in row 3. This can be shown theoretically.
Conversely, when the cumulative demand is fixed
(see, e.g., column (3), where demand equals four),
the incentive exhibits nonmonotonic behavior with
respect to time. This phenomenon stems from the
opposite effect between time discounting and capac-
ity constraint considerations. The discounting factor
motivates prioritization of immediate profit, whereas
capacity constraints necessitate a more balanced tem-
poral distribution of demand to mitigate overbook-
ing risk. The optimal incentive policy must therefore
balance these competing objectives, resulting in non-
monotonic time-varying incentive structures for
fixed cumulative demand. We validate this argument
by demonstrating that when the discounting factor
(r) equals zero, the incentive increases monotonically
with time.

Next, we solve the firm’s problem. Combining (4)
and Theorem 1, the firm’s value at time t € [0, T] is

VP=sup sup E

T
/ e_y(s_t) dD. e_r(T—t)YI):o,Z
Y020 AZskeert, 1 t

—ne" " (Dr - m)*} , 0

Figure 2. (Color online) Incentive Variable Z vs. Cumulative
Demand D in Period 2 Under the Dynamic Contract in
Table 2

0.8 4
0.6
N
(3
2
S
<
g 0.4
0.2 A
0.0 1
0 2 4 6 8 10
Demand

where the expectation is taken under (1) with the
agent’s optimal effort A(Z;) given by (8). For exposi-
tional clarity, we set the firm’s own sales channel to
a = 0; the case a > 0 is equivalent to a lower effective ini-
tial inventory Iy and can be analyzed analogously. A
simple way to avoid overbooking is to cap sales at
inventory and set the agent’s marginal incentive to
zero once demand reaches Iy. This approach, however,
ignores cancellations during the selling period. Because
cancellations are common in practice, some degree
of overbooking can mitigate revenue loss by reducing
the chance of ending the horizon with unused capacity.
Our framework accommodates the reduced-form
restriction Z;(D;) = 0 whenever D; > I as a special case
of the incentive process, but we emphasize that this
is not equivalent to a hard cap on realized demand:
under (1), the Brownian term ¢ dB; continues to move
demand, even when the incentive is shut off, so cancel-
lations and other shocks can still push D; above or
below Iy. A literal sales cap would instead operate
through the sales process S; = min{Dy, I}, which is the
convention used elsewhere in the paper. We therefore
use the restriction on Z only as a reduced-form way to
stop incentivizing additional demand near capacity.
Because this restriction narrows the set of feasible con-
tracts, it cannot improve upon the optimal dynamic
contract characterized in the paper.
By (1), (7), and (8), we rewrite the Firm’s Expected
Profit Function (9) at t € [0, T] as follows:
T
VP= sup E l / e dD, — e Ty Yok
Zssepr, 1) t

— ne*"(T*t)(DT — 10)+]

T
= sup E [/ e "D (nZs —nZ2/2)ds

{Zs}sert, m t

—ne” "Dy — Io)ﬂ ’

where the first equality above follows from the direct
observation that the optimal Yj is equal to the agent’s
participation level—that is, Y = p,. For simplicity, we
set p, = 0, because this does not affect the characteriza-
tion of the optimal incentive process. Because V¥ is a
function of time ¢t and demand Dy, by 1t6’s lemma, we
obtain the following Hamilton-Jacobi-Bellman (HJB)
equation:

P P 2y/P
0=sup{(17Zt —r]th/Z)—;’Vf+al+alnzt+18 Vi 02}.
Z

ot dD 2 9D?
(10)

From (10), we get the following theorem, which speci-
fies the optimal incentive variable.
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Theorem 2. The optimal incentive variable Z; is given by
P
arg sup,, {nZt —inz?+ %nzt} forall t €[0,T].

We denote the firm’s optimal incentive variable by
Z;. Note from (7) and Theorem 1 that Z; provides the
optimal compensation plan the firm offers to the agent.

To evaluate the efficiency of dynamic contracting,
we first characterize the firm’s first-best benchmark
in which effort is observable. In this case, the firm
directly chooses the effort path {As}c(; ) and therefore
faces no incentive-compatibility frictions. The princi-
pal’s expected profit is

/P T —r(s—t) AZ —r(T—t) +
Vi= sup E e dD, — Eds — e (Dr—1Iy)" |,
t

{Askse,

which, using the demand dynamics in (1), simplifies to

— T AZ
VP = sup E{ / e (AS——s)ds—ne”(T’”(DT—Ioﬁ].
(Adayn Lt 2n

(11)

In this first-best setting, the firm can condition compen-
sation directly on the chosen effort, so no agency rents
arise and no inefficiency is induced by moral hazard.
As the next lemma shows, the optimal dynamic con-
tract &7 characterized in (7) implements this allocation
and thereby achieves the first-best outcome even when
effort is unobservable.

Lemma 1. The optimal contract in (7) achieves the first-
best outcome—that is, V¥ = V¥,

To prove Lemma 1, let Z; = A, /n—that is, we invert
(8). Then, we get that (9) and (11) are equal, which gives
the above lemma.

To understand the intuition behind Lemma 1, note
that the continuous-time contracting environment allows
the principal to adjust incentives dynamically in response
to the state of the system. This flexibility eliminates the
usual wedge between the first-best and second-best

outcomes. In static or discrete-time models, moral hazard
almost always generates an efficiency loss because induc-
ing effort requires informational rents or distorts risk
sharing. Here, by contrast, the principal continuously
updates the agent’s incentive variable Z;—as a function
of time and the evolving state (e.g., remaining inventory
or cumulative demand)—to ensure that the agent’s mar-
ginal incentives are aligned with the principal’s objective
at every instant. When inventory is tight, incentives
weaken to temper sales intensity; when inventory is
abundant, incentives strengthen to stimulate effort. This
real-time adjustment keeps the agent’s effort choice first-
best throughout the horizon, and under our assump-
tions, no efficiency loss remains.

3.1. Numerical lllustration

We present a numerical example of the firm’s optimal
incentive-design problem in (9), solved using a tree-grid
method (Kossaczky et al. 2019). Figure 3 plots the opti-
mal incentive sensitivity Z; and cumulative demand D;
over time. Demand typically grows smoothly, whereas
the optimal Z; can vary sharply, especially near the end
of the horizon.

The contract is implemented through a state-dependent
incentive rule Z;(Dy), interpretable as pay-to-performance
sensitivity. This rule enters the continuation-value dynam-
ics in (7) and delivers terminal compensation &1 = Y5—
that is, a cumulative piece-rate component plus a fixed
component paid at time T. In Figure 3, path 1 illustrates
the mechanism: as realized demand approaches the
inventory level, the optimal Z; declines, inducing the
agent to reduce effort.

Next, we conduct comparative statics with respect to
demand volatility o, salesforce effectiveness 1), and the
discount rate r. As shown in Figure 4, average incentives
decline with volatility. Two further patterns emerge
from Figures 5 and 6.

Observation 2. Average effort is hump-shaped in the
agent’s effectiveness 7).

Figure 3. (Color online) Incentive, Demand Quantity, and Payoff Processes with Respect to Time
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(c) Payoff process vs. time.
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Figure 4. (Color online) Incentive and the Firm’s Expected Profit for Different Demand Volatility o
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Notes. Parameter values: p, =0,a =0, 7=0.025,1 =8, I = 10, and 7t = 2. (a) Incentive vs. time. (b) The firm’s expected profit vs. demand volatility o.

Early in the horizon, when inventory is ample, the
firm values demand growth and, therefore, offers more
effective agents higher-powered incentives. As time
passes and cumulative demand approaches capacity,
the marginal value of additional demand falls because
overbooking risk rises; accordingly, the firm tempers
incentive power more aggressively for highly effective
agents (see Figure 5(a)).

Observation 3. Average incentives increase in the dis-
count rate r early in [0,T] but decrease in r later.

A higher discount rate makes the firm place more
weight on early sales, leading it to front-load incen-
tives to accelerate demand. Because demand accumu-
lates faster when r is high, the firm subsequently
moderates incentives to limit expected overbooking
(see Figure 6(a)).

3.2. Structural Properties

We now present structural results that connect vari-
ous market-environment variables to the firm’s
Maximum Profit (9) and optimal incentive scheme in
Theorem 2.

First, we investigate the effect of the overbooking-
penalty parameter and the initial inventory level on the
firm’s maximum profit.

Lemma 2. The firm's expected profit function V¥ is (i)
weakly decreasing in its overbooking-penalty parameter 1
and (ii) weakly increasing in its initial inventory level I.

As the overbooking penalty 7t increases, the firm is
more concerned with situations in which the realized
demand is greater than the supply (i.e., the inventory).
Thus, all else being equal, the firm provides a lower-
powered incentive scheme to its sales agent, which
reduces the firm’s expected sales and profit. As the ini-
tial inventory level Iy increases, however, the firm has
more supply to satisfy the demand and is less likely to
overbook, all else being the same, which increases its
expected profit.

The next lemma gives the concavity of the firm’s
profit with respect to the cumulative demand. We illus-
trate the lemma in Figure 7.

Lemma 3. For any time t€[0,T], the firm’s expected
profit function V¥ is concave and decreasing in the cumula-
tive demand D;.

Figure 5. (Color online) Incentive, Agent Effort, and the Firm’s Expected Profit for Different Levels of Salesforce Effectiveness 1
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Figure 6. (Color online) Incentive Sensitivity and the Firm’s Expected Profit for Different Discount Rate r
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Notes. Parameter values: p, =0,a=0,17=38,I =10,0 =2, and 7 = 2. (a) Incentive vs. time. (b) The firm’s expected profit vs. discount rate.

As the cumulative demand D; increases, the firm’s
remaining inventory level (i.e., (Ip—D;)") decreases.
All else being the same, the firm’s expected profit
decreases. Consistent with this intuition, Lemma 3 states
that the firm’s expected profit decreases in the cumula-
tive demand. On the flip side, the firm’s expected profit
increases in the remaining inventory. Meanwhile,
Lemma 3 states that the firm faces a declining marginal
value of an additional unit of inventory, because trans-
lating a unit of inventory into sales becomes increasingly
costly due to the overbooking penalty.

The following proposition shows how the optimal
incentive variable varies in the cumulative demand
and the overbooking penalty.

Proposition 1. The optimal incentive variable Z; decreases
in the cumulative demand D, and the overbooking penalty .

Proposition 1 states that the firm should reduce the
incentive it offers to the agent when facing a lower

Figure 7. (Color online) The Effect of Cumulative Demand
on the Firm’s Expected Profit V}
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Note. Parameter values: r=0.025, n=8, [y =10, 0 =2, =2, T=1,
and t =0.5.

inventory level (as a result of a higher cumulative
demand) or a higher overbooking penalty. The single
crossing property and monotone comparative statics
(see, e.g., Milgrom and Shannon 1994) are the most
commonly used methods in economics for comparative
statics. Departing from these standard methods, our
monotonicity analysis in Proposition 1 derives from
the HJB equation in (10) and Ito’s lemma, similarly to
Décamps et al. (2017). The basic idea underlying the
proof of Proposition 1 (see the Online Appendix) is to
represent the firm’s expected profit function V¥ as a
function of parameter 7 and then take the first-order
derivative with respect to 7. To do so, we substitute the
optimal incentive variable Z; given by Theorem 2 into
the HJB Equation (10) and use Ito’s lemma to establish
Proposition 1.

4. Incentive Desigh Under Dynamic
Pricing
So far, we have assumed the price is exogenously given
and focused on the case in which the demand process
follows an arithmetic Brownian process, with drift
solely dependent on the agent’s unobservable effort.
We now extend the model to allow the drift to be
dependent on both the agent’s effort and the firm’s sell-
ing price. In this case, the firm’s problem consists of (i)
designing the incentive for the agent and (ii) selecting a
dynamic pricing policy for the product (or the service).
We start with the demand model. Let p; denote the
price of the product at time ¢, and, thus, {p:},¢[ 1 is the
price process. Without loss of generality, p; is scaled
and restricted to be in the range (0,1] at any time
t € [0, T]. The cumulative demand quantity follows

th = [(X(l — Pt) + ‘BAt]dt + GdBt, (12)
where 0 > 0 is the volatility of the demand, and « >0

and >0 capture the effects of price p; and agent’s
effort A; on the demand quantity, respectively. The
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term a(1 — p;) represents the direct effect of price on
demand. Specifically, a lower price stimulates demand.
The Brownian motion term (6dB;) may lead to negative
changes in the cumulative demand, which correspond
to cancellations. In our model, the firm sets the price.
This assumption is most natural for settings in which
price authority remains centralized and the agent pri-
marily affects demand through selling effort. In prac-
tice, agents in the industries we motivate in Section 1
(airlines, cruise lines, hospitality) may have limited
discretion to offer discounts, waivers, or bundles, but
such discretion is typically bounded rather than fully
unconstrained—for example, travel agents can release
prenegotiated discount fare classes but cannot alter
base fares; cruise consultants can package onboard
credits but cannot reprice cabins; hospitality affiliates’
commissions may scale with promotional placement
rather than with discretionary repricing. We therefore
view the baseline model as a benchmark with central-
ized pricing and delegated selling effort. A model with
full price delegation would require a richer dynamic
agency problem in which the agent controls both effort
and price, which is beyond the scope of this paper. We
assume an additive demand specification that sepa-
rates the direct effect of price from the indirect effect of
salesforce effort. This specification is standard in the
operations management and marketing literature and
aids tractability (see, e.g., Talluri and Van Ryzin 2004).
As a robustness check, we also analyze specifications
with price-effort interactions (multiplicative and more
general interdependent forms); see Section OA6 in the
Online Appendix. The extension supports the airline-
calibrated ranking and the main directional compari-
sons reported below; we do not use it to claim that
every comparative static is unchanged one-for-one.

Similar to Section 3, we consider a subclass of the
contracts where the agent’s terminal payoff satisfies
ér = Y%U’Z, as defined in (7), corresponding to the
Demand Process (12). The Hamiltonian function in (6)
is now given by

Ha(Zs) = sup h(Zs, As), (13)
As

where h(Z;, As) = Zs[a(1 — ps) + BAs] — c(As). Similar to
(6), the agent maximizes the profit function h(Z;, A;) at

each instant of time s. Then, we obtain the maximizer
and the corresponding Hamiltonian function in (13)

A(Z)=npZs and H,(Z,)=np*Z2/2+ Zsa(1—ps). (14)

By substituting (12) and (14), the payoff process yYo 2
in (7) can be reformulated as

t
Yoy, 4 / (ZodDs — Hy(Z,)ds + rY">2ds) for all ¢ € [0, T]
0

ot t
—Yo+ / (2222 + rYYoZ)ds + / Z.odB, (15)
0 0

where the agent’s terminal payoff satisfies & = Y777
Similar to Table 2, we provide an illustrative example
of dynamic pricing and dynamic contracting policy in
Table 3. More specifically, in each element of Table 3,
the two numbers correspond to the state-dependent
incentive and price. The incentive and pricing policy
in each period is determined based on cumulative
demand and time. For example, initially, Dy =0, and
the firm implements (zo, po) = (0.55,0.74), which influ-
ences the drift of the demand process in (12). As in
Table 2 and Figure 2, both the incentive variable Z; and
the price p; exhibit nonlinear relationships with cumu-
lative demand D; and time t.

By (4), the firm’s expected profitat t € [0, T] is given by

T
VP= sup E [ / e " pdD, — e T gL
t

{ps)sert, 11/ ETEE?

— ﬂ@ir(T?t)(DT - I())+

T
= sup E [/ e”(s’t)psst _ efr(T—t)Yp,Z
pskserr, 117 Zskser, 1y Yo2p, [/t

_ nefr(Tft)(DT _ IO)+

= sup

T
E |:/ e—r(s—t)psst N €7r(T7t)Y¥O'Z
pskser, 117 Zsserr, ) t

—ne""(Dr — Iof} , (16)

where the expectation is taken under the Demand
Dynamics (12) with the agent’s optimal effort A(Z;) =
npZs given by (14). The second equality uses a similar

Table 3. Tllustration of Dynamic Contracting and Dynamic Pricing

Cumulative demand

Time 0 2 6 8 10

0 (0.55,0.74) (0.48,0.78) (0.38,0.82) (0.27,0.87) (0.12,0.94) 0,1)
1 (0.57,0.74) (0.48,0.77) (0.39,0.82) (0.28,0.87) (0.13,0.94) 0,1)
2 (0.57,0.73) (0.49,0.77) (0.39,0.81) (0.29,0.87) (0.14,0.94) 0,1)
3 (0.58,0.73) (0.51,0.76) (0.41,0.81) (0.29,0.86) (0.13,0.93) 0,1)
4 (0.60,0.73) (0.52,0.76) (0.41,0.8) (0.3,0.86) (0.14,0.93) 0,1)

Note. In each element of the table, the two numbers correspond to the state-dependent incentive (Z;) and price (p;).
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argument as in Theorem 1 that all possible contracts
accepted by the agent can be represented by (15) and
characterized by the incentive process Z and a fixed
constant Yy that satisfies Y > p,. The last equality fol-
lows from the observation that optimal Yj is equal to
the agent’s participation level p,. Later, for simplicity,
we set p, =0, which implies Y = 0, because this does
not affect the characterization of the optimal incentive
and pricing processes. After substituting D; and Y}"%
with (12) and (15), (16) can be rewritten as

T
/ e "D (N Zs + aps — ap?)ds

t

P _
Vi= sup E
{Ps}se[:, T]s {Zs }se[t,T]

T
- / e " Ing2z2 )2ds — me " TN(Dr — Ip)*|. (17)
t

Pricing and incentives both affect the demand dynam-
ics in (12), but they enter the principal’s payoff in (16)
through different economic margins, so they are not
interchangeable. Pricing is a direct instrument: chang-
ing p; mechanically changes the margin on every unit
sold (including inframarginal units) and shifts demand
through the concave term a(p; — p?) in (17), so the profit
impact of a price change is inherently nonlinear and
depends on elasticity. Incentives are indirect: higher
demand requires inducing higher effort, which the firm
can do only by making the contract more performance
sensitive. This raises expected compensation, and in
our continuous-time implementation, the incentive cost
is convex in Z;, and compensation is a nonlinear func-
tion of realized demand through the continuation-value
mapping in (15). Limited inventory makes the differ-
ence sharper because the marginal value of demand is
state dependent: when demand is already high relative
to Iy, incremental demand increasingly translates into
expected overbooking losses via 7t(Dr — Ip)". Price cuts
are blunt in that region because they both erode margin
and can trigger large demand surges when « is high,
whereas incentives can be tapered as capacity tight-
ens by adjusting Z; with the state. Hence, pricing
and contracting are not perfect substitutes, which is
exactly why the ranking between dynamic pricing
and dynamic contracting can vary with elasticity and
inventory tightness.

By the dynamic programming principle and It6’s
lemma, the firm’s problem in (17) yields the following
HJB equation:

2 SR G p, OVI
sup | pinp°Zs + apr — ap; _Enﬁ Zi —1Vi o
Pty Zi
v 1V, _
+%(nﬁ Zt+0é—0€Pt)+§W0 =0. (18)

This leads to the following characterization of the
firm’s optimal controls.

Theorem 3. The firm’s optimal incentive Z; and price pj

satisfy

1
(Zi,p}) = argsup {Pmﬁzzr +ap,—apt 3 0p°Z}
Ziypi

P
+aalDt(r[‘BZZt—apt)}, te[0,T]. (19)

The HJB formulation yields several structural prop-
erties. First:

Lemma 4. The firm’s expected profit V¥ is decreasing in
the overbooking penalty .

To study the structure of the optimal price and incen-
tive scheme, we impose the following assumption:

Assumption 1. The price effect is bounded below; specifi-
cally, a > np°.

This condition ensures that price changes have a suf-
ficiently strong effect on demand—that is, demand is
sufficiently elastic. (As shown in Section 5, the parame-
ter values calibrated from the airline industry satisfy
this assumption.)

We next examine how the value function varies with
cumulative demand.

Lemma 5. The firm’s expected profit function V¥ is con-
cave and decreasing in cumulative demand D;.

As shown in Figure 7, lower cumulative demand D;
implies more remaining inventory (Ip — D;)* and, there-
fore, greater future sales potential. At the same time, the
marginal value of additional inventory declines as the
firm becomes more capacity-rich, giving rise to concavity.

The following proposition describes how the optimal
incentive variable changes with respect to the cumula-
tive demand and the overbooking penalty.

Proposition 2. Under a dynamic pricing and dynamic
contracting strategy,
i. The optimal incentive variable Z; decreases in both the
cumulative demand Dy and the unit overbooking penalty Tt;
ii. The optimal price p; increases in both the cumulative
demand Dy and the unit overbooking penalty .

As the cumulative demand D; increases, less inventory
becomes available. Then, the firm has a lower incentive
to boost its demand. Accordingly, it does not lower the
price or provide a higher incentive to the agent. As the
overbooking penalty parameter 7 increases, the firm is
motivated to avoid overbooking by inhibiting demand
growth. Therefore, the optimal incentive variable Z;
decreases and the optimal price p; increases in the unit
overbooking penalty .

4.1. Does a Static Incentive Contract Suffice?
We now illustrate the firm’s optimal pricing and incen-
tive policies using the numerical example in Figure 8.
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Figure 8. (Color online) Incentive, Price, Demand Quantity, and Payoff Process with Respect to Time
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Payoff process vs. time.

The figure shows how the firm adjusts both levers
dynamically to manage revenue while limiting the risk of
overbooking. Path 1, for instance, corresponds to states in
which the optimal price reaches the baseline price (nor-
malized to one). Although higher prices reduce the likeli-
hood of overbooking, they also dampen demand, so the
optimal price is not uniformly equal to the baseline.

A notable pattern in Figure 8 is that the expected opti-
mal incentive remains relatively stable under dynamic
pricing. This observation raises a natural question: how
well does a partially dynamic strategy perform relative
to the fully dynamic benchmark? Airlines, for example,
routinely employ dynamic pricing but adjust agent
incentives infrequently. Motivated by this practice, we
examine whether a static incentive contract suffices
when the firm is able to vary its price dynamically.

Consider now the case in which the firm offers the
agent a static commission contract of the form I' = ay +

fOT e "= Dpy (dD; — a(1 — p;)dt). Note that the static con-
tract compensates the agent only for the effort-driven
demand, not the price-driven portion a(1 — p;). This is

because the price-driven demand «a(1 — p;) is perfectly
observable and determined by the firm’s pricing deci-
sion. In addition, this demand component is not gener-
ated by the agent’s effort, and the firm does not pay
commission on demand the agent does not contribute
to. Substituting I' for &r in (5), the agent’s optimal
response is obtained by solving the value function in
(5), which yields the effort choice 4 =npby. We then
numerically compute the optimal pricing policy and
the optimal static incentive by (with ay set to satisfy the
agent’s reservation utility). As shown in Figure 9(a),
the performance gap between the fully dynamic strat-
egy (dynamic pricing with dynamic contracting) and
the partially dynamic strategy (dynamic pricing with a
static contract) is below 13%. Thus, dynamic pricing
alone captures the bulk of the gains from a fully
dynamic approach.

This result has practical significance. Implementing
dynamic contracts can be difficult in many industries.
In airlines, for instance, fare adjustments are made fre-
quently, but changes to sales-agent compensation are
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far less flexible (e.g., Alamdari 2002, Elmaghraby and
Keskinocak 2003). Our findings suggest that when
dynamic pricing is available, firms can extract most of
the value of a fully dynamic strategy even while keep-
ing salesforce incentives static.

Despite the theoretical appeal of dynamic contract-
ing, firms frequently choose static incentive schemes.
Two considerations help explain this pattern. First,
implementing dynamic contracts requires real-time
performance monitoring and the capability to update
incentives continuously, which entails infrastructure
and administrative costs. Second, our numerical
results show that under dynamic pricing, a well-
chosen static incentive scheme captures most of the
value of a fully dynamic contract. In such settings, the
added complexity of dynamic incentives can out-
weigh their incremental financial benefit, helping to
rationalize the prevalence of static incentives.

To be certain, dynamic contracting can be advanta-
geous when a firm lacks control over pricing (e.g., due
to market competition or regulatory reasons). The exam-
ple in Figure 9(b) demonstrates the value of dynamic
contracting in the presence of static pricing. In this case,
we show that relying on a static (albeit optimized) incen-
tive scheme can result in a significant loss of efficiency.

5. Comparison Across Strategies

When a fully dynamic strategy is hard to implement, a
firm may consider partially dynamic strategies, in which
either the pricing or contracting policy (but not both) is
dynamic. In this section, we compare four different
strategies: (i) fully dynamic (i.e., dynamic contracting
and dynamic pricing), (ii) dynamic-pricing-only (i.e.,
static contracting and dynamic pricing), (iii) dynamic-
contracting-only (i.e.,, dynamic contracting and static
pricing), and (iv) fully static (i.e., static contracting and

static pricing). As discussed in the previous section, the
dynamic-pricing-only strategy has been used in the air-
line industry, in which dynamic pricing—in the absence
of dynamic contracting—is the norm. Our comparison
across strategies in this section sheds light on how the
performance of different strategies depends on the oper-
ating environment.

We denote by Vi Vgp , Vgc, and Vlff the firm’s
expected profit under the fully dynamic, dynamic-
pricing-only, dynamic-contracting-only, and fully static
strategies, respectively. Note that the firm’s value func-
tion under a fully dynamic strategy, V{)d, is the same as
the firm’s value function in (16) in Section 4. More speci-
fically, the value functions are given as follows:

Vlf)d = sup
p={pttero, 11, Z={Zt }tejo, 1)

T
E [/ e "(pmp>Z: + ap; — ap?
0

— nﬁZZf/Z)dt — ne’rT(Dg’Z — Io)+] , (20)

T
= P Uo e " (pnp®bo + ap; — ap; — np*bo)dt
P=1Ptitelo,T]s Y0
— e (D" — Io)Jr} , (21)
T
vy = e g Vo e " (pnB*Zs + ap — ap® — np*Z7 /2)dt
Pri=1%Ltjielo,T]

— e "DV - IO)J'} , (22)

T
vy = subp E U) e " (pnp*bo + ap — ap* — np*bl)dt
Psbo

— e T(D™ — 10)+1 , (23)

Figure 9. (Color online) The Firm’s Expected Profit with Respect to Initial Inventory Level Under Different Contracting and

Pricing Strategies
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where we denote by D, DI, DV'?, and D”" the
controlled demand process under the fully dynamic,
dynamic-pricing-only, dynamic-contracting-only, and
fully static strategies, respectively. More spec1f1cally,
the demand processes evolve as follows de

(a1 — py) +np2Z)dt + 0dBy, dD]"™ = (a(l —py) + 1> bo)
dt +odBy, dDV"” = (a(1 — p) + np>Z;)dt + 0dB;, and dD!"™ =
(a1 —p) +nﬁzb0)dt+adBt. More details about how
we obtained (20)-(23) can be found in the proof of
Proposition 3 in the Online Appendix. Clearly, the
fully dynamic strategy dominates the others; that is,

fd dp fd de dp fs
Vp >V, Vp > Vp , and also, naturally, V," > Vp
and Vgc > Vlfos. Note when the firm searches over all

admissible fully dynamic strategies, it also considers
all admissible partially and fully static strategies. Com-
paring V&P and V¢, on the other hand, is not straight-
forward and depends on the interaction of pricing and
effort parameters. In the numerical analysis below,
we map this trade-off primarily on the pricing side,
while holding the benchmark effort sensitivity fixed at
np* = 10; accordingly, we interpret the numerical sec-
tion as a pricing-side decision map, rather than a full
numerical characterization over («, 8, 7).

The following proposition illustrates the effective-
ness of dynamic contracting, which allows the firm to
adjust the sales incentive in response to the realized
demand and the remaining inventory. For example,
when the current cumulative demand level D is high,
the firm might reduce the sales incentive to avoid over-
booking to match the initial inventory. Compared with
the case of a static contract, using a dynamic contract
incurs a lower instantaneous cost of incentivizing the
agent. More specifically, we compare the value func-
tions V! (under the fully-dynamic strategy) in (20) and
Vp dp (under the dynamic-pricing-only strategy) in (21).
For each unit of bonus provided, the instantaneous
incentive cost of the dynamic contract ns*/2 is half of
the static contract’s cost 1.

Proposition 3. In view of (20)—(23), the static contract
(ie, I'=ag+ fge_r(t_T)bo(th —
instantaneous incentive cost of np*b% to the principal,
whereas the dynamic contract defined in (7) induces an
instantaneous incentive cost of n>Z2 /2.

a(l — py)dt)) induces an

5.1. Numerical Analysis

We calibrate the model to conditions representative of
the airline industry, drawing on empirical evidence
from Perera and Tan (2019). We begin by defining
the parameter space. For each parameter pair, we com-
pute the optimal dynamic-pricing-only policy using
the tree-grid method (Kossaczky et al. 2019). We then
simulate demand using the Brownian-motion process

in (12), compare the simulated distribution with Perera
and Tan (2019), and choose parameters that minimize
the distance between the two. The estimated benchmark
values are r=0.025, n=10, Iy =150, 0 =13, a =354,
np* =10, and 7t = 2. For normalization, we set f =1 so
that ng? directly reflects the effect of effort on demand.

We compare the four strategies—defined in (20)-
(23)—over the price-effect parameter (), overbooking
penalty (1), initial inventory (Iy), and demand volatility
(0), while holding the benchmark effort sensitivity
fixed at np? =10 for the strategy-comparison figures
(Figure 10 onward). The results in Figures 1 and 10-13
therefore map the pricing side of the problem and the
role of inventory tightness and uncertainty around that
benchmark.

Figure 1 shows that when the price effect a is low,
dynamic contracting with static pricing outperforms
static contracting with dynamic pricing—that is, VOlC >

o". When «a is low, price changes have little 1mpact S0
dynamlc incentives are more effective. Figure 11 shows
how Iy shifts the crossover between strategies. With
lower inventory (Iy = 50), dynamic pricing dominates
over a broader range of «; with higher inventory
(Ip =200), dynamic contracting becomes relatively
more effective. Across Figures 1 and 11, the two levers
are mostly substitutes: either dynamic-pricing-only or
dynamic-contracting-only typically approximates the
fully dynamic benchmark.

One observation is that pricing dominates at moder-
ate elasticity, where price changes effectively balance
demand and capacity. When elasticity is low, price
has limited leverage on demand, so the dynamic-
contracting-only strategy can outperform dynamic-
pricing-only. This pattern aligns with settings such as
luxury hotels and private aviation, where demand is
relatively price-insensitive. At extremely high elasticity,
small price cuts can trigger demand surges that exceed

Figure 10. (Color online) Firm’s Expected Profit vs. the Over-
booking Penalty 7t
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Figure 11. (Color online) Firm’s Expected Profit Percentile vs. @ Under Different Initial Inventories
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inventory, raising overbooking risk. In this region,
dynamic contracting is preferable because it guides
sales effort without large price movements. For conver-
gence details at very high elasticity, see Section 5.2.

Under the airline calibration, Figures 10, 12, and 13
show that dynamic-pricing-only captures roughly 99%
of the fully dynamic value with a static incentive
scheme. It also outperforms dynamic-contracting-only
here, reflecting the stronger price effect on demand and
better smoothing of uncertainty. This matches industry
practice: airlines emphasize dynamic pricing and rely
largely on static agent incentives (see, e.g., Alamdari
2002, Elmaghraby and Keskinocak 2003).

A salient feature of our model is limited inventory.
Thus, investigating the effect of overbooking penalty
and initial inventory on the performance of various
strategies is of interest. Figure 10 shows that as the over-
booking penalty increases, the performance differences
between various strategies increase. Figure 12 shows

Figure 12. (Color online) The Firm’s Expected Profit Percen-
tile vs. the Initial Inventory Level (Iy)
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Note. All the parameter values are the same as in Figure 10, except
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that as the inventory constraint becomes tighter (i.e., as
Iy decreases), the performance differences between vari-
ous strategies widen. One factor accounting for the per-
formance difference is that, all else being equal, a lower
initial inventory leads to a higher probability of over-
booking. For this reason, the firm faces a trade-off
between boosting demand and avoiding overbooking
penalty term e ~"(Dr — Iy)". Thus, a dynamic strategy
helps achieve substantially better performance than
a static one. Because the price effect on demand is
greater than the effort effect, the dynamic-pricing-only
strategy performs better than the dynamic-contracting-
only strategy under the estimated parameters for the
airline industry.

Another salient feature of our model is demand
uncertainty, which is tightly linked to moral hazard:
without uncertainty, the firm could map outcomes to
effort one-for-one, and moral hazard would vanish.
Figure 13 illustrates how demand volatility shapes the

Figure 13. (Color online) The Firm’s Expected Profit Percen-
tile vs. Demand Volatility (o)
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relative performance of different strategies. As volatility
increases, the gaps between the fully dynamic strategy,
the two partially dynamic strategies (especially the
dynamic-contracting-only strategy), and the fully static
strategy widen. Moreover, when volatility is sufficiently
high, the dynamic-pricing-only strategy outperforms
the dynamic-contracting-only strategy. With a rela-
tively large price-effect parameter a—as in the airline
industry—dynamic pricing smooths the demand pro-
cess more effectively than dynamic contracting, making
it the dominant lever under high uncertainty.

5.2. Convergence Analysis

We now examine convergence properties that clarify
the relative performance of the dynamic-pricing-only
and dynamic-contracting-only strategies. The next
lemma characterizes their limiting behavior as key
parameters approach zero or infinity.

Lemma 6. We have the following limiting cases:

i. As the demand sensitivity in terms of pricing, denoted
by «a, approaches zero or infinity, the dynamic-contracting-
only strategy outperforms the dynamic-pricing-only strategy.

ii. As the demand sensitivity in terms of effort, denoted by
B, approaches zero or infinity, the dynamic-pricing-only
strategy outperforms the dynamic-contracting-only strategy.

iii. As the initial inventory Iy approaches infinity, the
dynamic-contracting-only and dynamic-pricing-only strate-
gies become equivalent to each other.

iv. As the volatility o approaches zero or infinity, the
dynamic-contracting-only and dynamic-pricing-only strate-
gies become equivalent to each other.

We now compare the performance of two strategies:
the dynamic-pricing-only strategy and the dynamic-
contracting-only strategy across different values of the
price effect parameter. To this end, by (21), we define
the firm’s expected profit under dynamic-pricing-only
strategy for a given price effect parameter as follows

T
Vgp(a) = sup E [/ e " (pmp*bo + ap: — ap?
p={pt}hieio, 11, bo 0
— npPRR)dt — me (DI — 1@*], (24)

where the expectation is taken under the Demand
Dynamics (12) with the agent’s optimal effort @ = nfby,
given the static contract I. Correspondingly, by (22),
the firm’s expected profit under dynamic-contracting-
only strategy for a given price effect parameter can be
written as follows:

d —
Vpc(a) = sup
0, Z={Zi}1e0,1)

T
E [ / e " (pnp*Z; + ap — ap?
0

— 1?22 /2)dt — e (DP” — m*], (25)

where the expectation is taken under the Demand
Dynamics (12) with the agent’s optimal effort A(Zy) =
nBZ;, given the dynamic contract &1 = YY" . We define
V() = ViP(a) - Ve(a). In the following proposition,
we characterize the relative performance of the dynamic-
pricing-only strategy and the dynamic-contracting-only
strategy across different values of the pricing effect
parameter .

Proposition 4. The dynamic-pricing-only strateqy does not
always outperform the dynamic-contracting-only strategy
when the price effect parameter « is high. In other words, the
function V(a) is not necessarily nonnegative when the price
effect parameter « is high.

By Proposition 4, the ranking Vgp(a) versus Vg“(a)
need not be monotone in a. In our airline calibration
(Figures 1 and 11), dynamic pricing remains the stron-
ger lever over the empirically relevant range; the high-
a reversal in Lemma 6(i) is therefore best interpreted as
a limiting result outside the benchmark calibration.
The following proposition sharpens Proposition 4 by
giving an analytical sufficient condition under which
the dynamic-contracting-only strategy dominates.

Proposition 5. Let k = np>. Fix a > 0, let b% be optimal in
(24), and let U™ (t,d) denote the correspondzng continua-
tion value with terminal condition Ut™ (T,d) = —n(d — o).
Suppose U™ is a classical solution of the associated HJB
equation and is nonincreasing in d. If, for all (t,d)e
[0,T) X R,

2(1 +UE")2 — kb (1 + UG™) + k(bP)?

J(a(i+ ub™) — kbde)y2

- 4o ’

then Vd“(a) >V lD(oz) Two sufficient conditions for (26)

are: (i) r]ﬁ > a, capturing the regime in which effort is at

least as productive as price; and (ii) the price-cap condition

Uh "(t,d) =1 —np*b® /a for all (t,d), under whzch the
dynamzc pricing-only policy is at the upper cap p; =

(26)

Intuitively, dynamic pricing creates local value only
when the net marginal value of demand 1 + Ub * is suf-
ficiently positive; when inventory is tight or the over-
booking penalty large, this margin is negative, the
policy saturates at p; =1, and dynamic contracting
dominates by retaining state-contingent incentives at
the lower quadratic cost n8?/2. The proof, via the com-
parison principle on the H]JB equations, appears in Sec-
tion OAL1 in the Online Appendix.

Remark 1 (Monotonicity of the Dominance Region). (i)
Dominance at large a* does not imply dominance for
all @ < a*: by Lemma 6(i), VSC dominates as &« — 0 and
as @ — oo, so any intermediate DP-dominance region

forces a two-sided crossing in V() = Vgp(a) - Vgc(oz).
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(if) However, if the price-cap condition in Proposition
5(ii) holds uniformly over an interval A CR,, then
Va(a) = Vgp(a) for every a € A. The apparent left-
ward monotonicity in our numerics thus reflects a
property of the price-cap region, not a global single-
crossing theorem.

The model identifies several practical settings where
dynamic contracting can dominate dynamic pricing,
despite high a. The price-cap condition in Proposi-
tion 5(ii) binds whenever the upper bound p; =1 is
the firm’s effective constraint, whether through
endogenous corner solutions (the firm optimally caps
prices because tight inventory makes the marginal
value of demand negative) or exogenous institutional
limits (the firm cannot raise prices, even if it would
want to). Concert and live-event ticketing and peak-
season cruise berths illustrate the endogenous case:
capacity is fixed, and the overbooking penalty is
large, so the optimal price saturates at the upper cap.
Price-regulated insurance markets illustrate the exog-
enous case: high price sensitivity is paired with legal
or reputational constraints that hold prices at the cap.
In both cases, the math at p; =1 is identical, and com-
missions or other contracting levers become the oper-
ative dynamic control.

6. Concluding Remarks

We unify two parallel literatures—dynamic pricing
under inventory constraints and salesforce incentive
design with exogenous prices—through a finite-horizon,
continuous-time principal-agent model in which a firm
with limited, perishable capacity jointly chooses prices
and incentives in real time. The framework shows when
dynamic contracts attain the first best and when simpler
mechanisms suffice.

Three main findings emerge: (i) Pricing and incentives
are not perfect substitutes for each other. Price reduc-
tions stimulate demand but erode margins, whereas
incentives raise effort but require compensation, and
both channels interact nonlinearly with the inventory
constraint. (ii) A simple elasticity-based decision map
determines which lever dominates. With moderate elas-
ticity, dynamic pricing best balances demand and capac-
ity. When elasticity is very low, price changes have little
bite, and dynamic contracting becomes more effective.
In our airline-calibrated numerics, dynamic pricing
remains the stronger lever over the empirically exam-
ined range; the reversals at the two elasticity extremes
formalized in Lemma 6 and Proposition 4—where
dynamic contracting dominates as o approaches either
zero or infinity—should therefore be interpreted as lim-
iting possibility results outside the benchmark calibra-
tion, not as the benchmark airline prediction. (iii) In
calibrations to airline settings, a dynamic-pricing-only
policy captures nearly all of the value of the fully

dynamic benchmark, consistent with the prevalence of
sophisticated pricing paired with largely static commis-
sions in practice.

The model yields concrete guidance. Firms in price-
insensitive or effort-intensive categories (bespoke,
high-touch markets) should rely on dynamic incentives
and keep prices stable. In the benchmark airline cali-
bration, the practical recommendation is to prioritize
dynamic pricing and pair it with simple static commis-
sions. Lean capacity widens the domain where pricing
dominates; slack capacity enlarges the domain where
incentives are more effective.
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1 See https: //www.travelweekly-asia.com/Travel-News/Airline-News/
How-Qantas-new-NDC-model-works-for-travel-agents. Accessed
May 24, 2026.

2 See https: //dlr360.com/leveraging-dynamic-commission-structures /.
Accessed May 24, 2026.

3 See https: //www.alliancereservations.com /hotel-rates-commission.
html. Accessed May 24, 2026.
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