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Introduction

® Recently, many firms have used sales data to determine prices that
maximize revenue.

— Itis called contextual dynamic pricing.
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Contextual dynamic pricing problem

Ateachtimer=1,...,T,
e X, € R?: the context vector of the product and customer
® P;: the price offered by the seller
® V; € R>¢: the customer’s valuation of the product (unknown)

e Y, = 1{V, > P,}: feedback on whether the customer purchases the
product

seller

@ !Pt % v Yi-1

X; customer X Yv.=0
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Contextual dynamic pricing problem (cont.)

® 7,: (pricing) policy at time ¢
® Goal: Design a policy {m;}’_, to minimize the cumulative regret over a
given time horizon 7"

T
R(T) = {ER(P},X,) — ER(P, X))},
=1

where ER(p, X;) is the expected revenue from offered price p given X;:
ER(p,X:) =E(p-YVi [ X)=p -P(Vi>p[X) =p-S(p|X),
and S(v | X;) is the survival function of V; given X;:
S| X)) =PV, >v|X),

and P; is the optimal price at time 7.
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Motivation: Discrete price

¢ In real-world applications, prices are often observed only on a discrete
set.

— Ex) magic number endings, fixed dicount levels

e However, much of the existing dynamic pricing literature focuses on
continuous price spaces,

— Thatis, P, € P, where P is continuous subset of R>.
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Summary of our contributions

® Question: Can we improve dynamic pricing performance by leveraging

discrete price information?

® Answer: Yes/

MODEL REGRET ‘ OPTIMALITY | ADAPTATION TO
METHOD FOR V} UPPER BOUND INT DISCRETE SUPPORT
FAN ET AL. (2024) LINEAR O((1d) iﬂfi) X X
LUO ET AL. (2024) LINEAR 5(’1% + 18 = 8*ILhT) X X
LUO ET AL. (2022) LINEAR O(T3d?) X X
LUO ET AL. (2022) LINEAR 5(’1'% d) X X
SHAH ET AL. (2019) | LOG-LINEAR 5(’1‘5d%) X X
CHOI ET AL. (2023) PH O(rid) e) X
= 1ty 1
OUR WORK PH O™ + (d1)3) (y < 1/3) 0O )

O(T3 + (dT)%) (v > 1/3)
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Discrete price setting

® Assume that P; is supported on a discrete grid

g::{gk:k:1,...,K}C[pmin,pmax] VIZ],...,T,
where
8k — 8k—1 =0, 0:=rT"7,
and v is (unknown) sparsity level of the grid.
— ~ = 0: (fixed) discrete regime; v = 1: continuous regime
g
r | | | | | 1
C | T | I T i
Pmin ﬂ—/ Pmax

® Goal: Propose the algorithm which adapts to .
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Model

e Y, = 1{V, > P,} is called case 1 interval-censored data in survival
analysis.

® We model the survival function of V, given X; using the Cox
proportional hazards (PH) model:

S(v|X,) = So(v)exp(X,Tﬁ)7

where So : [Viin, Vmax] — [0, 1] and 3 € R? are the parameters of
interest.
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Key role of discrete set G

e Since P; is supported on G, we can reduce the parameter space as
follows:

O = {6 = (S, B) € Sy x R%},
where

So=1{So = (So,1,---,S0k) € [0, 1] : 1> 8y >+ > S, > 0}.

S0 [Vminy Vmax] — [0,1] So = (So,1,50,2 - -+ 50,K)
A SO
So,p e ..,
So,2
»
........... Sox
...
gll 9.2 gIK
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Results

® We consider suitable prior II on Sy and 5.

THEOREM [Posterior convergence rate]
LetD, = {X;, P;,Y;}!_, bei.i.d. samples and II(- | D,) be the posterior. Let

o(n "5 + d/n) ify < 1/3,
O (n 3+ d/n) ity > 1/3.

€y =

Under some assumptions, we have
(IS0 — Sgll2 + 118 = B7[|2 = € | Da) < exp(—ne;),

with high probability.
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Algorithm: BayesCoxCP

We employ an epoch-based design policy.
® & C [T]: the set of time indices for epoch /
° = (S’é, /): the point estimator derived from the posterior II(- | D;)

® 7;: the policy for epoch / using gi—1

II IT 1I
Dl,1 Dl Dl+1

|- ! } Epoch! } |- |

(- | D;—1) II(- | Dy)

g1 u o 41
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Algorithm: BayesCoxCP (cont.)

® 7, 1is defined as:

7rI(Xt) =(1- 771) : 5’;,1—1 + n - Ug )
! ~——

provide necessary exploration

where f’ﬁ_l is the myopic price determined by -1

IA’f_l € argmax {p -:9\6_1 (P)eXp(X’TBH)} )
peG

and 1 is the epoch-specific exploration parameter:

. g il
nl:mln{m (m 2‘1_’1/\2 3) log211,1}.
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Regret analysis

THEOREM [Regret upper bound]
Under some assumptions, we have

R o(r+ + \/cﬁ) ify < 1/3,
<!

“lo T%Jr\/dT) ify > 1/3,
with high probability.

THEOREM [Regret lower bound for non-contextual pricing]

In a non-contextual discrete pricing problem, for any n > 0, no pricing policy
(algorithm) can achieve expected regret O(THTW”) ify < 1/3, and O(T%_n)
ify>1/3.
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Numerical experiments

® To highlight the benefits of leveraging discrete support information, we
compare our method with [Choi et al. 2023]!, which considers the PH
model in the continuous setting.
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