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Abstract

We consider dynamic pricing strategies in a streamed longitudinal data set-up where
the objective is to maximize, over time, the cumulative profit across a large number of
customer segments. We consider a dynamic model with the consumers’ preferences as well
as price sensitivity varying over time. Building on the well-known finding that consumers
sharing similar characteristics act in similar ways, we consider a global shrinkage structure,
which assumes that the consumers’ preferences across the different segments can be well
approximated by a spatial autoregressive (SAR) model. In such a streamed longitudinal set-
up, we measure the performance of a dynamic pricing policy via regret, which is the expected
revenue loss compared to a clairvoyant that knows the sequence of model parameters in
advance. We propose a pricing policy based on penalized stochastic gradient descent (PSGD)
and explicitly characterize its regret as functions of time, the temporal variability in the
model parameters as well as the strength of the auto-correlation network structure spanning
the varied customer segments. Our regret analysis results not only demonstrate asymptotic
optimality of the proposed policy but also show that for policy planning it is essential to
incorporate available structural information as policies based on unshrunken models are
highly sub-optimal in the aforementioned set-up. We conduct simulation experiments across
a wide range of regimes as well as real-world networks based studies and report encouraging
performance for our proposed method.
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1. Introduction

Due to the ubiquitous reach of digital marketing, dynamic pricing settings are extensively
studied by firms that sell a significant fraction of their inventories over online marketplaces
and through digital advertisements (see Cohen et al., 2020; Keskin and Zeevi, 2016; Ban and
Keskin, 2021; Bimpikis et al., 2019; Javanmard, 2017; Leme and Schneider, 2018; Javanmard
and Nazerzadeh, 2019 and the references therein). As such it is a vibrant topic of research in
online machine-learning (Zhou et al., 2019; Cesa-Bianchi et al., 2015), operations research
(Golrezaei et al., 2020; Cheung et al., 2017), information (Cui et al., 2021), marketing
(Schwartz et al., 2017; Choi et al., 2020) and management sciences (Farias and Van Roy,
2010; Broder and Rusmevichientong, 2012; den Boer and Zwart, 2013). For fuller references
see Sec 1.3.

In this work, we study the problem of a firm selling a product to customers who arrive
over time. The firm has the opportunity to set different prices not only over time ¢ but also for
different customer segments [ = 1,..., L. We consider setting the prices across these customer
segments in a dynamic manner such that the expected cumulative revenue, aggregated over
the customer segments as well as time is maximized. As a motivational example, consider
the digital marketing problem (Liu-Thompkins, 2019) where an advertisement of a product
priced at py is shown to ny customers in segment [ at time t. Let y;, k = 1,...,ny denote
the binary variables corresponding to conversion based on the advertisement, i.e., y;, = 1 if
the k-th advertisement in the I-th segment at time ¢ led to a purchase, and y;;;, = 0 otherwise.
Often in these problems, the firm also has the opportunity to access other covariates x;; such
as demographic information for the customer segment [ at time ¢.

As time t progresses, the goal is to explore and set prices py; optimally based on the
current covariates zy; as well as on the previous customer responses {ys : 1 < s < t} and
their associated prices and covariate information. The goal is to optimize the cumulative
revenue

T L n
> i where, yie = > ik (1)
k=1

t=1 [=1

1.1 Streamed Longitudinal Probit Set-up

Demand heterogeneity (Bimpikis et al., 2019; Chintagunta et al., 2002) is traditionally
tackled by segmenting consumers who have similar purchasing propensity as well as similar
responses to price changes. Though truly homogeneous segments of consumers do not exist,
the approximation provides a reasonable interface to design differential pricing strategies that
optimally target each customer segments. Modern online trading platforms, marketplaces
and lead generation systems, facilitate implementing price differential strategies across a wide
range of segments. Often advertisers have access to the geographical location of the consumer
and these segments based on zip-codes of the consumers (Train, 2009). Another popular
choice is segmenting customers based on the different marketing channels by which they were
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approached (Berman and Thelen, 2018). In accordance with these modern applications, we
consider the number of segments L to be large. In the existing literature (Javanmard, 2017),
the overall revenue in (1) is optimized for probability models based on rational choice theory,
which assumes that consumers are rational and make choices that maximize their utility.

Let the utility function Uy for the kth customer in the Ith segment at time ¢ be given
by the following additive model:

Ui = o + Bepie + o + 0 Zyye (2)

where k£ = 1,...,ny; as are the preferences of the customers that vary across both time
and segments; (s are the price-sensitivities of the customer. Vectors p are coefficients
corresponding to the non-priced covariates and vary over time but invariant across segments.
Zs are independent and identically from Gaussian distribution with mean 0 and has variance
1. Based on rational choice theory, if Uy, > 0 then a sale occurs, i.e., Yy = 1; else, Y, = 0.
Let Y;; = Ezl: 1 Yiur, be the count of sales for segment [ at time ¢. Then,

Y): ~ Binomial(ny, qit) ,

where q; = ®(0 (ay + Bipir + ) p1)) and @ is the cumulative distribution function of
standard Gaussian distribution. Note, that ¢;; is not only a function of the model parameters
but also depends on the price. We use capital letters for random variables, small letters for
the values a random variable takes, and boldface letters for vectors and matrices.

Note that at each time ¢ we advertise the product at price p;; based on the covariates
x;; and observe the total sales across the segment Yj;. It is crucial to note that we do not
directly observe the utilities associated with each segment. This diverges from the classical
bandit framework, where complete losses, or utilities in this case, are observed. Instead, in
our scenario, we only receive partial information, specifically whether the utility was positive
or negative depending on whether a sale was made. Based on the sales information, the joint
log-likelihood across all segments at time ¢ is given by

L
G(A) = yilog g + (e — yie) log(1 — que), (3)
=1

where A = { ¢ := (o, B, pe) 1t =1,...,T} and oy = (g, ..., ap). The expected revenue
from segment [ subjected to price p;; at time ¢ is,
Rev(A, 1, t,pit) = pi Ex(Yie) = nae pus que
= nupu® (0™ (cur + Bepu + Thpmt)),

and the goal is to maximize the cumulative revenue

L T
Rev(A,p) = Y Rev(\, 1,1, pu)

=1 t=1

over the prices p = {pyy : 1 <1< L,1 <t < T} that the firm can set. Conditioned on the
parameters A, maximizing Rev(A, p) decouples into separate maximization of the revenue of
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each segment at each time point. The first-order condition for optimal price pj, conditional
on the set of parameters is

1 2(0 (aus + Bepfy + @y pt))
¢(o~Haur + B vy, + xypt))
As p;, depends on the unknown model parameters A, we call this the oracle price and

Rev(A, p*) imposes the highest theoretically achievable upper bound on the revenue. For
any other pricing policy p we define its regret over the oracle strategy as:

(4)

pft =—0B

L T

R\, p) = Z Zth(A,p), where

=1 t=1

th(Aa p) = Rev()‘7 la t)pikt) - RGV(A, lv ta ﬁlt)'

1.2 SAR based global Shrinkage Structures

We impose the following regularity condition on the temporal changes in the price sensitivity
and the covariate effects:

T—1 T—-1
> 1B — Bl < Chand Y 1 — pell2 < Cj (5)
t=1 t=1

Note that these cumulative temporal changes in price sensitivity and covariate effects CE
and C}; are not constant and can grow over time. Unlike the price sensitivity, the preference
coeflicients a; however greatly depends on the state of the current inventory and can highly
fluctuate over time. However, it is well known that people who are close to each other in
some networks often reflect highly corrected preferences (Bradlow et al., 2005; Ma et al.,
2015). Spatial models provide a natural way to model this correlation between different units
of analysis based on their contiguity in a network (Banerjee et al., 2014; Gelfand et al., 2010;
LeSage, 2004). Geographic closeness is a proxy for many socio-demographic variables like
income, education, wealth and property values, which are also related to consumer purchase
behavior, and has been the primary focus of a large number of existing pricing models (Yang
and Allenby, 2003; Jank and Kannan, 2005; Bimpikis et al., 2019). Networks based on
non-geographic metrics can also capture preference similarities among customers (Karmakar
et al., 2021). Consider the following Spatially Autoregressive (SAR) structure (see ch. 6 of
Anselin, 2013 and ch. 2 of Banerjee et al., 2014) on the ay:

L
Qe = py Z wijoe + Te, (6)
j=1
where w;; > 0, € are i.i.d N(0,1) and 7 > 0. In its most basic form, (6) imposes a global
hierarchical structure with the auto-correlation parameter p; regulating the level of global
spillovers (and hence connectedness) among the units. Relation (6) implies having the
following hierarchical prior on the preference parameters:

o ~ Np(0, 7% (I — p,W)™?). (7)
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We consider the network structure and its associated contiguity matrix W to be invariant
over time. SAR models such as above have been very successful in assimilating spatial
network information in real-world datasets (Manski, 1993; Anselin, 2013). In Bramoullé
et al. (2009), SAR is used in modeling recreational services consumption by secondary school
students, whereas Hsieh and Lee (2016) used SAR to incorporate friendship networks of
high school students in predicting their academic performances. In Zhou et al. (2017), SAR
is used to model user activity on social media regarding transportation services in China.
We allow the auto-correlation parameter p; to vary over time while satisfying the regularity
condition

-1
Z lpt+1 —pe| < Cp. (8)
t=1

Since o is a random variable, our defined regret R(A, p) is also random. We define a
parameter set @ = {0, := (pt, B, pe) : t = 1,..., T} which we utilize to establish a Bayes
regret, based on the prior on ay in equation (7) as follows:

B(G,p) - E{R(}\,p)}, (9)

where the expectation is over randomess associated with the distribution of a; governed by
(7). Let © be a set of parameter 0 satisfying (5) and (8). For this set of parameters, we
consider developing dynamic pricing strategies p that minimize the Bayes regret in (9).

1.3 Our Contributions and Related Work

We develop a Projected Stochastic Gradient Descent (PSGD) algorithm based on the
logarithm of the marginal likelihood ¢;(0) = log{E{exp ¢;(X\)}} which is the convolution of
the likelihood in (3) with the prior in (7). We show that the proposed algorithm controls the
Bayes regret at the order of O(v/T). We also show that for any data-driven pricing strategy
the Bayes regret can not be of the lower order of O(\/T ). Thus, as T — oo, the proposed
algorithm is asymptotically rate-optimal. Our main result, Theorem 2 is provided in Section
3.

An important attribute of Theorem 2 is that, we provide an explicit characterization of
the Bayes regret of the proposed PSGD algorithm in terms of not only time T but also as
functions of the model parameters and the underlying heterogeneity (difference in the ny) in
the data. We show how the regret of the proposed algorithm depends on temporal variability
in the model parameters as well as on the strength of correlation among the segments. Our
upper-bound on the regret of the prescribed method (see (23)) depends on the spectral radius
of the SAR structure in (9). It is sensitive to the magnitude of the autocorrelation parameter
and greatly contracts as the correlation increases.

In Corollary 6, we show that any unshrunken pricing policy that does not borrow strength
across the customer segments is highly sub-optimal with respect to the proposed strategy.
This is in accordance with classical statistical shrinkage theory results (Fourdrinier et al.,
2018) that are based on non-dynamic set-ups. To see the connections consider the penalized
likelihood criterion:
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Penalized Likelihood Solution
4N + W[ = pW)eu[3

Principle Components
of I — pW

Likelihood Curves

6(A)

Regularization Region
T = peW)eu3

Figure 1: Schematic on the working principle of proposed PSGD. The red path are the
PSGD updates on the marginal likelihood with penalty.

T
PL(A;w) = Y {&(N) + wll(T — peW)eu 3 }. (10)
t=1

Running a vanilla stochastic gradient descent (with projection on ©) based on this
penalized criteria is asymptotically equivalent to applying the proposed PSGD algorithm on
the marginal log-likelihood. However, the same algorithm based on the unpenalized likelihood
PL(A;0) will have higher estimation error in the estimates of oy when L is large, which
would in turn yield a significantly higher regret. In this context, it is crucial for any decent
pricing policy to shrink its oy estimates towards the ellipsoids {ay : [[(I — peW)a||2 < sw}-
Figure 1 shows the schematic for this essential shrinkage effect on the a;. The rigorous
mathematical proof is provided in Corollary 6.

Our research is connected to and builds on recent works in statistical shrinkage theory,
online machine learning and econometrics theory on demand modeling. Next, we list the
relevant literature in these research and also briefly mention our contributions.

1) Dynamic Pricing with Online Learning There exists a growing body of research on
dynamic pricing with learning (den Boer, 2015; Farias and Van Roy, 2010; Harrison et al.,
2012; Cesa-Bianchi et al., 2015; Ferreira et al., 2018; Cheung et al., 2017). The classical
formulations of this problem Broder and Rusmevichientong (2012); den Boer and Zwart
(2013); Besbes and Zeevi (2009) consider parametric model for the demand-price curve, which
is unknown and the learner aims to learn, via exploration-exploitation of prices, while aiming
to obtain a low regret in revenue. These works focus on non-contextual settings (no features
for customers), and are relevant to applications where a seller is offering an unlimited supply of
a single product to the market. Recently, there was significant interest in contextual-models,
which use the customers and products attributes to model willingness-to-pay of the buyers
for the products, potentially in a heterogeneous way and offer personalized pricing (Leme
and Schneider, 2018; Cohen et al., 2020; Ban and Keskin, 2021; Javanmard and Nazerzadeh,
2019; Lobel et al., 2016; Golrezaei et al., 2021). In addition, some of the recent works in
this area (Javanmard, 2017; Keskin and Zeevi, 2017) aim to model the temporal behavior of
buyers, by considering time-dependent demand models.
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Closer to our analysis is the notion of dynamic regret, which has been used in online convex
optimization to evaluate the performance of a learner against a dynamic target Zinkevich
(2003); Yang et al. (2016); Jadbabaie et al. (2015); Besbes et al. (2015). However, the general
framework of online optimization does not directly apply to our setting, since in the former
framework, after taking an action each step the learner observes the incurred loss (or some
first order information on it), which can be used in next rounds. In contrast, in our setting
the firm only observes the count of sales at each segment, and not the utility of customers.
Our work is the first to propose and analyze a dynamic contextual demand model, which
accounts for temporal behavior of consumers as well as the network effect among them via
spatially autoregressive structure.

2) Dynamic Hierarchical modeling. Hierarchical modeling provides an effective tool for
pooling information across similar units and is one of the most popular approaches for
modeling large and complex data sets (Fourdrinier et al., 2018; Banerjee et al., 2014; Kou and
Yang, 2017). Here, (7) imposes a dynamic hierarchical structure on the customer preference
coefficients that are linked through a time-invariant non-exchangeable network structure
in the second-level prior on (2). Recent applications of hierarchical modeling to consumer
responses in digital products Banerjee et al. (2022); Mukhopadhyay et al. (2022); Banerjee
et al. (2021) have been very successful in analyzing structured longitudinal data-sets abet in
a non-dynamic set-up. Here, we provide an extensive characterization on the operational
characteristics of PSGD in a streamed longitudinal set-up and thereby provide theoretical
support for the popular PSGD approach for hierarchical modeling in dynamic set-ups.

3) Modeling Demand Heterogeneity. Spatial models are very popular in operations
management and information sciences to capture non-stationarity in demand (Karmakar
et al., 2021; Bimpikis et al., 2019; Jank and Kannan, 2005). In (2)-(7) we have a dynamic
spatial model that is governed by changes in the auto-correlation parameter. An important
feature of our contributions is that we show PSGD is able to track the variation of the auto-
correlation parameter over time and yield asymptotically rate-optimal regret in a dynamic
spatial model.

4) Shrinkage prediction under heterogeneity. It is now commonplace to use notions
of shrinkage to improve predictive performances of algorithms in multi-parametric set-ups
(Hastie et al., 2009; Efron and Hastie, 2021). Recent results in (Xie et al., 2012; Tan, 2015;
Weinstein et al., 2018; Brown et al., 2018) have brought to light new shrinkage phenomena
in heteroscedastic models. Here, we study shrinkage prediction in a heteroscedastic dynamic
set-up; ny; — the number of customers in segment [ approached at time ¢ can greatly vary
over [ and t. This is an important aspect of our model. It entertains high imbalance
across the design matrix but greatly increases applicability. Particularly, in “pull” marketing
systems unlike “push” systems (Peter et al., 2000) the firm has no control on the number
of customers who visits the site/store and does a price check. Thus, n; will be large in
some zip-codes/demographics and quite low in others. Due to the SAR structure in (7) it is
possible to learn the preferences ay; with high precision even in segments with very low nys.
In Section 3 and 4, we illustrate the impact of the heterogeneous ny;s on the regret bounds.

5) Spatial models and applications. Spatial models provide a natural way to model the
correlation between different units of analysis based on how close they are in a similarity
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space. Spatial models based on correlated customer preferences have been successfully
employed in marketing and economics to model real-world sales data with high predictive
accuracy. Jank and Kannan (2005) used a spatially correlated preference model to model
consumer choices of two product forms of a book —print or PDF. Yang and Allenby (2003)
estimate a binary choice model akin to ours in which consumer preferences for a vehicle’s
country-of-origin (Japanese/non-Japanese) are spatially correlated based on the distance and
demographic similarity between consumers. Ma et al. (2015) models consumers’ decision of
whether or not to purchase a callback ringtone. In several non-marketing data applications
also, spatial autoregressive (SAR) models have been very successful in assimilating spatial
network information in real-world datasets (Manski, 1993; Anselin, 2013). Bramoullé et al.
(2009) used SAR to model consumption of recreational services such as participation in
artistic, sports and social activities by secondary school students, whereas Hsieh and Lee
(2016) used SAR to incorporate the friendship networks of high school students to predict
academic performance. Zhou et al. (2017) used SAR to model user activity on social media
regarding transportation services in China. Based on this existing literature which shows
that SAR can well capture the correlation among customers and users in economic and social
real-world data, we feel that the proposed model will be good for real-world applications in
dynamic set-up.

2. Proposed PSGD Algorithm

2.1 Assumptions

We make some assumptions on the covariate and the parameter space to simplify the
presentation of our results. The covariates are normalized such that ||| < 1. Similarly the
parameters p; are such that ||p|| < Cy, where C, is a known constant. This gives a ball of
radius C}, in which the parameters reside. We can even allow the parameter to belong in
any convex set ©,. The results would then depend on the size of the parameter space up to
a constant factor.

Based on (2), we also assume that the price sensitivity f; should be negative i.e. an
increment in price decreases the utility of the product for the consumer. We also make
an assumption on the lower and the upper bound on the magnitude of price sensitivity
cg < |Bi] < Cg. These restrictions inherently create the restricted space ©,, and O for our
model parameters.

We also make two key assumptions on the SAR structure and auto-correlation parameter.

Assumption 2.1. W is a symmetric, positive semidefinite (PSD) kernel e.g. radial basis
function (RBF) kernel.

Since W denotes a distance matrix across the L segments, it is natural that W is
a symmetric matrix. It is also worth noting that the common choices of kernels in non-
parametric estimation are PSD (see Tsybakov (2008), Section 1.2).

Assumption 2.2. The interaction parameter p; for all time periods is positive and uniformly
bounded away from the reciprocal of the maximum eigenvalue of the interaction matrix
i.e. de > 0, such that p; < (1 —€)/w*, where w* is the largest eigenvalue of the known
interaction matrix W.



STRUCTURED DYNAMIC PRICING: OPTIMAL REGRET IN A GLOBAL SHRINKAGE MODEL

The spatial autoregressive structure of the preference coefficients oy in equation (6) with
the Gaussian noises implies the joint Gaussian nature of the preference coefficient with
variance (I — p;W)~2 in (7). Since covariance matrices are always positive semi definite, so
I — pyW is positive, hence, p; < 1/w*. With this assumption, we imply the inequality to be
strict. Otherwise, the model becomes degenerate (i.e. covariance of Gaussian distribution
becomes rank-deficient) and in that case one can work with the lower-dimensional space
where the SAR covariance is full-rank.

2.2 Reparameterization

The hierarchical prior in (7) can be used to write the explicit value of ay; in terms of prior
hyperparameters p;, 7 and standard multivariate normal noise € as oy = 7{e;, (I —p;W)~Le),
where e; denotes the [*" basis vector. Substituting oy in the utility model , we can rewrite
(2) in terms of 8 as

Uik = Bepie + Tpypte + 0 Zyr + 7(er, (I — pW) ™ Le). (11)

This produces a marginal model, where the utility for each segment [ can be described as a
normal distribution with variance V;? = ||(I — p;W)'e||*? + 02. Next, normalizing the
utility to have unit variance we consider the following reparameterized utility model

Ui, = bi pue + )y + Zig,, (12)

where, by = 5;/Vi; and my; = py/Vie. We use this marginal utility model for describing our
policy.
2.3 Optimal Pricing

Since the noises in (4) are distributed as standard Gaussian, it follows that the optimal price
pj; is the solution to the equation:

512 (bu iy + ) .
i (Z) (blt pzkt + mgtmlt)

P = (13)
The optimality condition in (13) can be restructured as ¢(—by pj, — x;,my) + x;my =0
where p(v) = v — ®(—v)/¢(v) is the virtual valuation function (Myerson, 1981). With the
use of the valuation function, we can explicitly describe the optimal price p;, as a function of
the utility model parameters

—1 ! /
¥ (*xltmlt) + xpmy
byt

P = g(bi, my) = — (14)

Proposition 1 Consider the definition of marginal variance Vi2 = ||(I —pW )™ e, ||>7% + 02,
Under Assumptions 2.1 and 2.2, the variance V}% satisfies

cv < Vi <Cy,

where ¢} = 72 + 0% and C% = 7% /e* + 0. Additionally, the optimal prices satisfy pj, < M,
where M = cg 72Oy (Cpueyt — 0.56(0)).
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Algorithm 1 PSGD based Dynamic Pricing Policy

Data W : known segment structure
Initialize p; = c, , by € O, and v € O, Vi
fort=1,2,... do
Data y;, ;441 : Longitudinal data stream
1. Compute the gradient L, (1, Blt) (16) for each segment [
2. Update parameters by moving in the opposite direction of gradient with step size 7

and then projecting onto the restricted space (19)

bioyr = o, (b —mVLY); My = o, (i — 0/ VL)

3. Set price p; 441 using the optimal pricing function p; ;41 = g(l;l,tH, My t41)

2.4 Proposed Pricing Policy

We propose a pricing policy based on a projected stochastic gradient descent on the loss
function described in (15). With the PSGD, we aim to estimate the reparameterized
parameter set (by, my;) for every segment.

Based on the assumptions ||p|| < Cy and |5¢| < C we first define ©, := {8/cy : € O}
and O,, := {p/cv : p € O,}, the restricted space of the new parameters b, m. These are
natural extensions to the assumptions since by = 3;/Vj; and cy is the lower bound on Vj;.

Next, define the loss function as the negative of the log-likelihood function for the utility
model (12).

L
LoA) == ylogqu + (nu — yue) log(1 — que), (15)
=1

with g = ®(by pi + x};my;). Each summand in the loss (15) is the loss for a specific
segment [. Let L;; denote these losses,

Ly = =y log qip — (nlt - ylt) 10%(1 - Qlt)-

We compute the gradient of loss functions: L£j,(by, my) = (Vﬁl(f ), V[Zl(;n )) for each segment

as

® _  ¢(up) d(—uf)
VL, = yltq)(u(l)t) + (e ylt)q)(_u?t)pltv (16)
m) _ - puf) o)

At time point ¢, we move in the opposite direction of the gradient with step size 7. The
resultant estimates are then projected onto the restricted space ©yp, ©,, based on the
assumptions on the size of the parameters to get the successive estimates:

Bl,t-f-l = H@b(i)lt - UtVE?t)v (18)
my 41 = e, (Mmy — VLY, (19)

10
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where, Ig,(.) and Ilg,, (.) are the projection functions on to the convex set ©, and O,,
respectively. The policy finally uses these estimated parameters and the optimal pricing
function g(-, ) defined in (14) to set the price for the next period. The method is summarized
in Algorithm 1.

Remark: Our valuation model assumes the knowledge of interaction matrix W, yet
in many real-world applications, access to such matrices is not readily available. In these
scenarios, we can utilize covariates that describe the segments to construct the interaction
matrix. However, please note that, these covariates however can not be used in the utility
model (2) again as that would make the covariates in the utility model and W correlated
which is not covered in the paper. An example of this is demonstrated in our simulations,
Section 5 (setups 3-7), where the segments consist of 48 US states, and we use 15 demographic
and socio-economic variables such as age, average income, and unemployment rates to create
the interaction matrix W.

Once we possess the covariates that define the segments, we can employ kernel functions on
these covariates to define a similarity matrix W. These kernel techniques require estimation
of a bandwidth (tuning parameter), which we can determine using cross-validation. To
perform cross-validation, we utilize past sales data where the prices were not dynamically
changed and create a train/test split. Next we select a fixed bandwidth to generate an
interaction matrix W, and estimate our model on the training data based on W. Finally,
based on the log-likelihood of our fitted model on the test split, we select the optimal
bandwidth.

3. Theoretical Results

In this section, we provide the bounds on the regret for the dynamic pricing policy we employ.
We show that under regularity conditions on the temporal nature of the parameters 3, u
and p, the regret as defined in (9) has order square root of the time horizon 7. We also show
the optimality of the bound by showing that no policy can achieve a worst-case regret better
than the same rate.

3.1 Upper Bound on Regret of the Proposed Algorithm

We present an upper bound on the regret of the proposed pricing policy in terms of the
reparameterized model parameters in (12). Later, through lemma 3, we create a link between
the actual parameters and the reparameterized ones. Finally, we show that when the step
sizes ny o< 1/+/t, we achieve O(V/T) regret.

Theorem 2 For any 0 € O defined below (9), the regret of our proposed policy satisfies:

B(6,p) <Ri+ Ra+ Rs+ Rs+ O(logT), where, (20)

11



BHUYAN, JAVANMARD, KiM, MUKHERJEE, ROSsI, YU AND ZHAO

T L
Ri=Cr Y Y ny Hbrasr — bul,

=1 =1
T L
1
Ro =Co § E Ny Mg — my g2,
=1 =1
T L T
2 2
Rz =Cs § E neng < Cs E mng, and,
=1 =1 =1

Ra=Cy T]j_le L.
C4, Cy, C3 and Cy are constants independent of T', n, L and the model parameters.

The detailed proof of the theorem is presented in the Appendix. We present a brief overview
of its proof in Section 4. We next concentrate on further explaining the terms on the right
side of (20). We simplify the first two terms R, Ro in Theorem 2 and provide a key lemma
3. For ease of notation we define d;, = ||v441 — 14]| for any parameter v. This helps us
transform our regret from the reparameterized quantities b, m to the original parameters 3,
p and p.

Lemma 3 Let w, be the smallest eigenvalue of W, then under Assumptions 2.1 and 2.2,
the variation across the parameters in the utility model (12), can be bounded as

bre+1 — bir| < 7711 = prwi)dis + Cs6tp (21)

M1 — mullz < 7711 = prwi) Sy + Csdip. (22)

Next, we demonstrate the implications of the above result in a simplified setup with any
network structure W. The goal is to understand the effect of the network structure and the

auto-correlation (p;) on the upper bound of the regret in (20). We provide the following
corollary that explicitly shows the relation of regret with the auto-correlation parameter.

Corollary 4 If n; < 1/\/t, and p; = p for all t, then the dynamic pricing policy based on
Algorithm 1 has regret

T
B(6,p) < Com (1 — pwi) Y VE(Sip + 61) + O(VT). (23)
t=1
Corollary 4 shows that the regret has two parts, one with order /T, while the other
part depends on the temporal nature of price sensitivity and customer preferences. The
regret occurred in this part depends on the strength of the network inversely, i.e, higher the
strength of the network (higher the p) lower the regret and vice-versa.
Note that if p; was varying across time, we can extend the bound in Corollary 4. Assume
that p, = min; p;, then the bound on regret can be modified as

T T
B(0,p) <Cor ' (1 = paws) > VE(Bys + 61) + Cr Y V61, + O(VT), (24)
t=1 t=1

where Cg and C7 are constants. The bound above behaves similarly to Corollary 4 if the
temporal changes across auto-correlation is small.

12
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3.2 Lower Bound on Regret of Any Data-driven Policy

We show that the bound in corollary 4 is indeed tight in terms of dependence on the time
horizon. In the next theorem we show that there exists parameters in the space © such that
under the demand model with these parameters, the regret of any policy is of the order at
least v/T. The detailed proof is provided in the Appendix.

Theorem 5 Consider the utility model (12) and let Ny := Zthl Elel ny be the total
number of costumers across all segment and times up to T. For any fixed graph W, the
worst-case risk of any data driven pricing policy D satisfies

min max B(6, p) > CsVT(1 4 log(N¢/T)),
P S

for some constant Cg. In particular, if ny > 1 for all I, t, we have

min max B(6, p) > CsVT(1 + log(L)) .
b 0e6

Theorem 5 along with (24) implies that our pricing policy in algorithm 1, is optimal, if
the temporal changes across the price sensitivity, customer preferences and auto-correlation
is of the order VT, i.e. if Ethl Vt(8i5+ S+ 0tp) = O(V/T), then our policy is order optimal.
Below we give examples of two such scenarios where our pricing policy is order optimal. The
first example illustrates a scenario with smooth variations, and the second one illustrates a
scenario with bursty changes.

Consider a case where the core parameters u, 5 and p are perturbed at each time ¢ such
that d;y, oc 1/, ;5 oc 1/t and &, o< 1/t. In such a scenario, the upper bound on regret using
(24) is of the order Z?zl Vt(8i + 6ty + 61p) + O(VT). Since the perturbations across all
the parameters is inversely proportional to ¢, the sum Zthl V(g + Oty + 61p) simplifies
to 23;1 1/+/t which is O(v/T). In this case, both the upper bound and lower bound are
of (’)(\/T ) showing optimality. Please note that, in this setting we can replace the order of
perturbations to any function of ¢ smaller than 1/t and the regret of our policy will still be
optimal.

Next, consider a case where d;, = ¢, ;3 = ¢ and 0y, = ¢ for some constant ¢ whenever
t € {20,222 ...} and 0 otherwise. In this discrete case, the size of perturbations is
the same while the duration across the perturbations keeps increasing. Again, using (24),
the upper bound on regret is of the order Y1 V(8 + 0t + 61) + O(VT). The sum

Z?zl V(815 + 61 + 61p) can be bounded by cf(}ogQTQ“’/Qdm which is O(v/T). Thus, our
pricing policy is optimal in this discrete case as well.

3.3 Sub-optimality of Unshrunken Pricing Policies

Next, we consider unshrunken policies that do not incorporate the structure (7) on the ays.
Such unshrunken policies suffer from severe noise accumulation in estimating o, as free
parameters at every time point. The following result whose proof is provided in Section C.4
of the appendix shows that the Bayes regret from any unshrunken pricing policies based on
the unpenalized likelihood is highly sub-optimal as compared to the proposed strategy p.
Consider a parametric space © such that any @ € © satisfies that Z;‘FZI Vs, Z;‘FZI N

13
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and Zthl \ﬁé_tp are O(v/T). The following result shows sub-optimality of unshrunken pricing
policies over ©.

Lemma 6 For any 0 € ©, the regret of any data-driven policy py based on the unpenalized
likelihood in (10) satisfies
B(6.pv)/B(8,p) = AVT).

4. Outline of Proofs and Overview of Techniques

For the detailed proofs of all the results, we refer to the appendix. In this section, we
delve into the intuition and the intermediate steps used in proving the two main results in
Section 3.

4.1 Proof Sketch of Theorem 2

The crucial idea is to bound the revenue loss (regret) with the parameters in the model. To
achieve that consider the revenue function with the utility model (12)

Revie(pit) = nupu® (bupy + xjm). (25)

The revenue loss using our policy is then the difference between Revy(pjf;) and Revy(pi)
where pj, is the optimal price for the model true parameters and py; is the price posted with
the dynamic pricing policy.

Proposition 7 There exists a constant Cy such that the regret of our policy on segment | at
time t can be bounded as

Rt = Revi(pj,) — Revie(pir) < Conu(pie — pji)? (26)

where py is our posted price and py, is the optimal price that mazimizes the revenue under
known parameters.

We simplify the regret bound term (p; — pj;)? on the right hand side of (26) in our next
lemma. The idea is to use the optimal pricing function g(-,-) defined in section 2.3. The
prices pj, and py can then be defined as pj, = g(by, my;), the optimal price based on the true
parameters and py = g(lA)lt, my;), the optimal price with respect to the estimated parameters
that our proposed policy posts. The lemma then hinges on the fact that the function g(-,-)
defined in (14) is Lipschitz.

Lemma 8 For model (12), under the true parameters by, my; and the output Blt,mlt from
our PSGD pricing policy, the following holds true:

(pie — Py)* < Cho{eie, muy — 1ue)? + Cropiy (b — bir)? (27)
for some constant C1g > 0.

The Ry, terms in (26) are the building blocks for our total regret B(6, p) as in (9) where
B(6,p) = . S°F | Ry;. The above two lemmas relate the revenue regret occurred by the
policy with the estimation error of the parameters in the model (12). The final step involves
creating a link between this estimation error and the temporal nature of the parameters to
achieve the regret bound as in Theorem 2.
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4.2 Proof Sketch of Theorem 5

For the lower bound, we want to find worst case scenarios in terms of parameters. In this
case, we use the idea of “uninformative prices” (Broder and Rusmevichientong, 2012). These
are prices where the purchase probability curves for all different sets of parameters intersect.
Such prices do not reveal any information about the parameters since all the purchase curves
contain the point. These uninformative prices become an issue when they are also the optimal
prices for some set of parameters. If a policy wants to learn the parameters fast, they need to
do exploration away from these uninformative prices. But during the process of exploration
it chooses parameters farther from the actual parameters and thus increases regret.

The general idea of such proofs is to create a setting where these optimal prices are indeed
uninformative. In the proof, we show existence of such parameters and their corresponding
optimal “uninformative prices”. Calling these parameters g, the proof hinges on two relations,
one showing that learning the utility model parameters closely is expensive in terms of regret:

C T iy
2 KL (f770 f77) (28)

Regﬂ'a'YO >
r (o —7)

where f;"7 is the density of purchases for all consumers until time ¢, provided that the policy
7 is employed. An interpretation of the KL-divergence KL (f"7°; f;7) is the certainty level of
the policy 7 about the true model parameters 7g, over some other counterfactual parameter
~. So the above bound implies that increasing certainty about the underlying model is costly.

The next bound shows that if the policy can not differentiate between two parameters
that are “close” to each other (in other words to increase its confidence in one), then again it
incurs a large regret. Specifically, if v, = vo + 1/(4T/4),

Reggﬂo + Reg;m > ClgﬁeiKL(f;‘m;f;Wl). (29)

Intuitively, the first equation shows that exploitation is necessary (choosing the optimal
parameter 7 to have small KL-divergence) and the second one asks for exploration to stay
away from uninformative prices, so as to gain information about the model parameters and
increase the certainty about it, as measured by KL-divergence.

5. Numerical Experiments

We study the performance of the proposed algorithm using numerical experiments based
on synthetic as well as real-world based networks. We consider a wide range of regimes
with varying (a) temporal variation of the model parameters (b) strength and nature of the
network (c) sampling heterogeneity across sectors, and (d) noise distributions.

Set-up 1. Consider L = 10 segments and a time-invariant sampling policy with different
sampling rates across two segment groups: for any t > 1, njy = 50 for [ = 1,...,5 and
ny = 200 for [ = 6,...,10. We use a time-invariant network W that was generated
using radial basis function (RBF') kernel of width one on independent standard Gaussian
feature vectors, drawn from input space R!?. We use bivariate covariates x;; generated from
standard exponential distribution and set 7 = 1,0 = 1in (2)-(6). The price sensitivity and the
customer preferences are assumed as 1 = —0.4 and pq = (0.1,0.15). With change in time the
parameters change as follows, Bi11 = B¢ +0di8;  Me+1 = pe + O¢y, Where 65 = t_bZ~t/(10|Z~t])
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Figure 2: Regret plots of the proposed policy in Set-up 1 as b which governs the shift in
the model parameters over time changes. The plots for b = 0.5, 1, 00 are in red,
green and blue respectively. In panels (a) Regret in original scale (b) log(Regret)
vs log(T). The dotted lines in panel (b) are the best fitted line with slope 0.5.

and &, = t™°Z;/(10||Z;||) where Z; and Z; are standard Gaussian random variables of
dimension 1 and 2 respectively.

We set p; to 0.5 for all £ > 1 and consider three cases, b = 0.5, 1, 0o, for the temporal
variations across [3; and p:. Note that the case of b = oo corresponds to the scenario where
the parameters do not change over time.

Recall from Corollary 4 that the regret is upper bounded as

T
B(6,p) < Com (1 — pwi) Y VE(Si5 + 61) + O(VT).

t=1

For b = oo, the first two terms equate to 0 and the regret is thus O(v/T). In the second case
when b = 1, then &, o< 1/t, ;3 o< 1/t. The second term in the sum is thus 0(25:1 1/vt)
which is O(v/T) as well. Finally, when we set b = 0.5, 8ty o< 1/V/t, 815 o< 1/4/t and the
second term is O(ZtT:l VT/NT) = O(T).

In Figure 2, we plot the regret (cumulative revenue lost to the oracle policy) over time
for the three cases. From the figures it is evident that when b = 0.5, the regret from the
proposed method eventually grows linearly where as in the other two cases its is controlled
at O(VT).

Set-up 2. Here, we aim to study the performance of the proposed method as the strength
of the network varies due to change in auto-correlation parameter. We consider a simpler
setting than set-up 1 with L = 4 segments with a homogeneous sampling rate n; = 50 for all
I,t. We consider b=1,p, = p for all ¢ > 1 and vary p = 0.1,0.3 and 0.5 across 3 experiments.
Note that, the first two terms R; and Rs in Theorem 2 depend on p while the third term
Rs3 increases with ny. This means that as nys increase, R3 grows very large and the effect
of R; and R (effect of p) on the regret is significantly less. Hence, to see the effect of py,
we consider moderate nys here. We plot the regret in Figure 3 (a) and see a significant
improvement in terms of regret as p increases gradually. In Figure 3 (b) we fix p = 0.5 and
compare the regret of our policy with the unshrunken policy based on (10). We see that the
regret of the unshrunken policy has linear trend and is quite sub-optimal as T" exceeds 20000.

Set-up 3. In this set-up, unlike set-up 1 and 2, we do not consider a randomly generated
synthetic network but consider a real-network based on US census data Bureau (2008). Here,
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Figure 3: Regret plots for Set-up 2 (a) Regret of proposed policy for p =
0.5 (blue), 0.3 (green),0.1 (red) varies (b) Regret of proposed policy (continuous
line) and an unshrunken policy (dotted line) for p = 0.5.

we consider L = 48 segments. Fach segments constitute a US state. For ease of analysis and
presentation, we remove Hawaii and Alaska from the analysis. We choose 15 demographic
and socio-economic variables such as percentage of residents in the age group 5-65, average
income, unemployement rates, etc for making the network matrix W among the L segments.
We use an RBF kernel of width two and threshold the resultant network at 0.05 level, i.e.,
edges with weight less than 0.05 are deleted from the network. Figure 4 shows the network.

We generate the covariates x;; using standard exponential distribution. We apply model
(1)-(2) in the main paper in the context of conversion from leads. Consider the problem where
at time t, the firm purchases leads n;; for segment [ from other lead generation companies
and shows pricing p;; which lead to conversion Yj;. We consider that the number of leads ny
is fixed over time t. Let n; = n. For this set-up, we vary n = 1000, 2500, 5000, 10000, 20000.
We set

ny; o< Population size; X Median Incomey,

i.e., the number of leads in each state is proportional to the population of the state as well as
the median disposable income per household in the state. Similar to the analysis in Section 5,
we consider the three cases , b = 0.5, 1, 0o, for the temporal variations across 5; and p¢. In
Figure 5, we plot the regret for the three cases. We see that the results perfectly match the
results in Set-up 1 where we had a random network: with b = 0.5, the regret grows linearly,
whereas with b = 1 and b = oo, the regret is O(V/T).

Set-up 4. In the previous setting we assumed that the number of leads in each segment
is proportional to the population and the income levels. But for most firms it is highly
unlikely that they have good penetration and market share in all the US states. We consider
the scenario where the firm has a stronger customer base in some states compared to others.
Thus, there will be difference in leads across states. Particularly, in states [ where the firm
has low penetration, nys will be very low. An interesting attribute of this exercise is that
the presence of the network structure in (1)-(8) makes the preferences correlated and the
preference coefficients from states with low nys can also be efficiently learnt by the prescribed
method by leveraging the information from states with high penetration.

To study this through numerical experiments, we create an imbalanced design. We divide
the states into two groups L1 and Lo of equal sizes. Here, n; are not only proportional to
population and income as in Set-up 3 but states in L; are given more weightage that those
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Table 1: Performance of the prescribed method relative to Unshrunken policy in Set-up 4 as
v1(1 — v1) varies across columns. (negative implies worse performance)

| mn | T | 07 | 0.8 | 0.9 |

100 | -1.3% -4.4% -0.8%
500 | 3.2% -0.8% -0.8%
1000 | 15.0% 13.9% 12.5%
5000 | 50.5% 50.5% 48.5%

100 | -2.9% -5.0% -5.3%
500 | 22% 0.8% -1.4%
1000 | 17.1% 14.8% 11.8%
5000 | 51.2% 50.3% 48.2%

100 | -22% -54% -3.1%
500 | 5.1% 1.7"% -0.1%
1000 | 18.0% 15.0% 12.0%
5000 | 52.3% 49.8% 48.1%

100 | -24% -4.9% -3.8%
500 | 3.0% 1.1% -1.4%
1000 | 16.3% 15.0% 10.8%
5000 | 51.3% 50.3% 47.5%

100 | -1.9% -4.9% -4.4%
500 | 4.5% 1.1% -1.5%
1000 | 17.3% 15.0% 10.9%
5000 | 51.8% 50.3% 47.7%

1000

2500

5000

10000

20000
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Figure 4: A network on L = 48 US states barring Hawaii and Alaska. This network is based
on similarity between states across 15 demographic and economic variables and is
thresholded at 0.05. The network is used in experiments for set-ups 3 and 4.

in Lo, ie, v1 =2 cr mu(der, ni) L > 1. With the same network structure as in set-up
3, we compare the regret of the proposed policy compared to an unshrunken policy at three
different levels of v1. The first level is 0.7 : 0.3. The second and third level of imbalance is
0.8:0.2 and 0.9:0.1.

We compute the cumulative regret for all three imbalanced cases for different values of
total number of customers n; = n and time horizon T'. We report the relative regret (in
terms of percentage) by our proposed policy against the cannonical unshrunken policy in
Table 1. Relative to the unshrunken policy, the performance of our PSGD based policy is
always observed to be superior for moderately large T'. The relative performance at higher
imbalances is still very high.
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Figure 5: Regret of the proposed policy in Set-up 3 for different values of b.

We also report the performance of our policy in these imbalanced design compared to an
unshrunken policy in a balanced design regime. We compute the regret of the unshrunken
policy in the balanced setting as n; varies and compare with the efficacy of the prescribed
PSGD based policy in the imbalanced setting in Table 2. We see that with this imbalanced
design our policy still outperforms the unshrunken policy in a balanced design regime.

Set-up 5. Next, we want to study the regret behaviour under a different network on the
segments. Unlike Set-ups 3 and 4, we create a network on the US states based only on the
demographic variables. Based on the demographic variables, we create the similarity matrix
W using an RBF kernel of width two and threshold the edges at 0.05. Figure 6 shows the
network.

We study the regret of the imbalanced design in this network regime. Similar to the
set-up 4, we compare our policy in the imbalanced setting against (a) unshrunken policy in
the balanced setup and (b) unshrunken policy in the imbalanced setting. The results are
presented in Table 3. At smaller T’s our policy performs worse than an unshrunken policy,
but as T' grows larger, our policy performs significantly better (more than 50%) compared to
the unshrunken policy, both with balanced and imbalanced design.

Set-up 6. We use a network that is based on the similarity across economic variables
only. We create the network of the US states based only on the economic variables using an
RBF kernel of width two and thresholding the edges at 0.05. Figure 7 shows the network.

We study the performance under this network regime in the imbalanced setting with
the two scenarios as above. The results are reported in Table 4. We see that overall, in
all imbalanced settings our policy performs much better than the unshrunken policy in the
imbalanced as well as the balanced setting.

Set-up 7. With the W used in Set-ups 3 and 4, we setup an extremely unbalanced
design with total number of customers fixed at ny = 1000. In this setting, 10 states have 5
leads each, while the remaining 950 leads are distributed similarly among the remaining 38
states. We specifically study the regret from the 10 states with very low leads.

Consider the two cases here (a) the ten states with very-low-leads are chosen such that
they are least connected states (sum of the edge weights is least) in the network (b) the ten
states with very-low-leads are chosen such that they are are the most connected 10 states
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Table 2: Performance of the prescribed method in imbalanced designs relative to Unshrunken
policy in balanced design in Set-up 4 as v1(1 — vy1) varies across columns. (negative
implies worse performance)

n | T [ 07 | 08 | 09 |
100 | -6.6%  -7.6% -16.3%
Logo | 300 | L% -0.2% -22.0%
1000 | 105%  6.1%  -6.4%
5000 | 47.9%  44.9%  35.8%
100 | -8.3%  -18.2% -35.9%
os00 | 500 | 29%  -128% -321%
1000 | 12.8%  4.1% -13.6%
5000 | 48.7%  43.4%  31.8%
100 | -7.6%  -20.1% -40.1%
000 | 500 | 01% -191% -36.9%
1000 | 13.7%  -24% -19.1%
5000 | 49.8%  38.4%  28.8%
100 | -7.8% -128.6% -36.1%
500 | -2.1% -127.6% -33.7%
10000 1 5000 | 11.9%  -95.8% -17.2%
5000 | 48.8%  -16.8%  29.9%
100 | -7.2%  -16.5% -39.3%
500 | -05% -16.6% -36.4%
20000 | 1000 | 13.0%  -01% -19.0%
5000 | 49.3%  40.3%  29.1%
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Table 3: Performance of PSGD in Set-up 5 relative to (a) unshrunken policy in the balanced
designs and (b) unshrunken policy in the imbalanced designs (negative implies
worse performance)

\ \ \ 0.7 \ 0.8 \ 0.9 \
‘ n ‘ T ‘ Balanced ‘ Imbalanced ‘ Balanced ‘ Imbalanced ‘ Balanced ‘ Imbalanced ‘
\ | 100 | -9.1% -12.4% | -8.2% 21.7% | -6.1% -34.0% |
| | 500 |  -13.5% 16.9% | -18.0% 355% | -20.8% -59.1% |
| 1000 4000 | -1.0% 1% | -3.2% 205% | -4.4% ~42.7% |
\ | 5000 |  54.8% 534% |  54.3% 50.0% | 55.7% 49.8% |
| | 100 | -5.4% -8.6% | 2.1% 21.1% | 3.2% -32.5% |
\ | 500 | @ -13.8% -172% | -10.2% -274% | -10.8% -53.6% |
| 2500 | 4000 | -3.9% 0% | 0.5% 13.8% | 0.9% -40.0% |
| | 5000 | 45.1% 434% | 48.7% 49.9% | 51.5% 48.8% |
\ | 100 | -8.0% -11.2% | -7.3% -19.3% | -2.3% -31.3% |
\ | 500 |  -15.6% -19.0% | -15.9% 27.9% | -13.2% -45.5% |
| 5000 | 1000 | -38% 6.9% | -3.3% 13.9% | 0.7% -30.3% |
\ | 5000 |  46.8% 452% | 48.3% 497% | 522% 52.3% |
| | 100 | -7.9% -11.2% | -4.3% -22.1% | 0.6% -30.0% |
\ | 500 | @ -12.4% -15.8% | -12.0% -30.1% | -10.4% -47.9% |
| 10000 1 1000 | -04% -3.4% | 1.3% -15.7% | 3.3% -34.5% |
| | 5000 | 48.5% 47.0% | 51.0% 50.6% | 54.0% 51.5% |
| | 100 | -6.9% -10.1% | -2.4% -21.0% | 1.8% -31.3% |
\ | 500 | @ -13.9% -173% | -104% -20.6% |  -10.8% -49.6% |
| 20000 4000 | -21% -5.2% | 1.9% 16.0% | 2.2% -36.2% |
| | 5000 | 46.2% 44.6% | 49.9% 48.8% | 52.5% 50.6% |
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Table 4: Performance of prescribed method in Set-up 6 compared to (a) unshrunken policy
in the balanced setup and (b) unshrunken policy in the imbalanced setup (negative
implies worse performance)

\ \ \ 0.7 \ 0.8 \ 0.9 \
‘ n ‘ T ‘ Balanced ‘ Imbalanced ‘ Balanced ‘ Imbalanced ‘ Balanced ‘ Imbalanced ‘
\ | 100 | -4.2% 2.1% | -7.3% -2.3% | -4.3% -3.8% |
| | 500 |  4.9% 6.8% | 2.0% 6.6% |  3.6% 4.3% |
| 1000 15000 | 10.7% 125% | 8.8% 126% | 10.3% 10.3% |
\ | 5000 |  29.3% 30.7% | 27.7% 308% | 29.1% 29.2% |
\ | 100 | -6.2% -4.0% | -6.2% -3.0% | -9.4% -5.9% |
\ | 500 | 4.8% 6.7% | 3.4% 6.9% | -1.1% 3.0% |
| 2500 | 4000 | 11.7% 135% | 10.1% 129% | 6.4% 9.4% |
\ | 5000 |  30.8% 322% | 28.9% 312% | 25.9% 28.5% |
\ | 100 | -7.4% -5.2% | -6.1% -2.5% | -9.8% -5.6% |
\ | 500 | 3.7% 5.6% | 3.4% 6.9% | -1.0% 3.0% |
| 5000 | 000 | 102% 12.0% | 10.2% 13.0% | 6.2% 9.5% |
\ | 5000 |  29.9% 31.3% | 29.1% 314% | 25.9% 28.7% |
| | 100 | -6.5% -4.4% | -2.4% -2.8% | -4.7% 6.1% |
| | 500 | 4.5% 6.4% | 7.0% 6.7% | 3.7% 2.9% |
| 10000 1 5000 | 11.0% 12.8% | 13.4% 128% | 10.8% 9.4% |
| | 5000 | 30.0% 31.4% | 31.4% 31.0% | 29.8% 28.9% |
| | 100 | -5.8% -3.7% | -3.5% -2.8% | -6.8% 5.7% |
| | 500 | 4.6% 6.5% | 6.1% 6.9% | 1.6% 3.0% |
| 20000 4000 | 11.0% 12.8% | 12.7% 131% | 8.7% 9.3% |
| | 5000 | 30.2% 31.6% | 3L.0% 31.4% | 28.0% 28.6% |
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Figure 6: A network on 48 US states (barring Hawaii and Alaska) based on demographic
variables. It is used in set-up 5.

in the network. In Figure 8, we plot the relative regret of the prescribed policy from the
very-low-leads states with respect to an unshrunken pricing policy.

From the figure we see that in the case (b), the prescribed policy pools information from
the other connected states and perform much better compared to an unshrunken policy. On
the other hand in case (a) as the low-lead-states are not very well connected with the other
states, the prescribed policy perform on a similar level compared to the unshrunken policy
and does not provide any benefit.

Set-up 8. Throughout our experiments so far, we have assumed that the noises are
Gaussian. Here, we study the performance of our proposed algorithm when the noise in
model (2) follows Laplace distribution.

We consider the same synthetic data regime as in setup-1. We have L = 10 segments
where for any t > 1, nj; =50 for = 1,...,5 and n; = 200 for [ = 6,...,10. The network
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Figure 7: A network on 48 US states (barring Hawaii and Alaska) based on economic variables.
It is used in set-up 6.

matrix W is generated using an RBF kernel of width one on independent standard Gaussian
feature vectors, drawn from input space R'9. The covariates x;; are generated from standard
exponential distribution and set vy to 0.5 for all ¢ > 1. The price sensitivity and the customer
preferences are assumed as 1 = —0.4 and p; = (0.1,0.15). We simply generate Zj; in (2)
as standard Laplace observations rather than Gaussian observations.

We study effects of the temporal variations across B; and u; by varying b as before. Recall
that the case of b = oo corresponds to the scenario where the parameters do not change over
time. Since the noise distribution is Laplace (log-concave), following from Corollary 4, the
regret for the two cases of b = 1, 0o should be of order O(+v/T), while the regret for b = 0.5
should be O(T). In Figure 9, we plot the regret (cumulative revenue lost to the oracle policy)
over time for the three cases. From the figures it is evident that when b = 0.5, is linear where
as in the other two cases its is controlled at O(v/T).
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Figure 9: Regret plots of the proposed policy in Set-up 8 as b which governs the shift in
the model parameters over time changes. The plots for b = 0.5,1, 00 are in red,
green and blue respectively. In panels (a) Regret in original scale (b) log(Regret)
vs log(T). The dotted lines in panel (b) are the best fitted line with slope 0.5.

Set-up 9. We extend our study to a setup where the noises are i.i.d. from Student’s t
distribution. The setup of this experiment is same as set-up 8, with the only change being
the distribution of the noise terms. Here, noises follow Student’s t distribution in place of
the Laplace distribution. We study the regret of our proposed policy under this setting by
varying b. We see the effect of the temporal variations of parameters in Figure 10. We see
similar growth of regret, where for b = 1, 0o, the regret is O(v/T) and for b = 0.5 the regret
grows linearly. While theoretically the results hold for Gaussian noises, these experiments
show that our policy is applicable to a broader family of noise distributions.

6. Discussion and Future Work

This work studied dynamic pricing strategies in the streaming longitudinal data setting where
the goal is to maximize the cumulative profit over time across a large number of customer
segments. We proposed a pricing policy based on penalized stochastic gradient descent and
provided regret bounds demonstrating the asymptotic optimality of the proposed policy. In
particular, we showed that our PSGD algorithm controls the regret at the order of O(v/T)
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Figure 10: Regret plots of the proposed policy in Set-up 9 as b which governs the shift in
the model parameters over time changes. The plots for b = 0.5, 1, 00 are in red,
green and blue respectively. In panels (a) Regret in original scale (b) log(Regret)
vs log(T). The dotted lines in panel (b) are the best fitted line with slope 0.5.

and that for any pricing policy, the Bayes regret cannot be of the lower order of O(\/T ).
Hence, as T — oo, the proposed algorithm is asymptotically rate-optimal. Our results show
that for policy planning it is essential to incorporate available structural information as
policies given by unshrunken models are highly sub-optimal.

There are several important future directions of our work. In future work, it will be
useful to derive the regret of the proposed algorithm when the noise is non Gaussian, e.g.
heavy-tailed distributions as such noise characteristics are often associated with observed
demand data. Theoretically, it will be interesting to calculate the benefits of a batched
version of the proposed algorithm 1 that is equipped for price exploration within segments
though it might not be practically feasible due to spill-over effects. Also, here we have
considered global spatial structure in the form of the SAR model in (7). In the future, it will
be interesting to study the performance of PSGD in the presence of local shrinkage structures
such as geographically weighted regression models (Fotheringham et al., 2003). Finally, it
will be useful to evaluate the optimal regret in time-varying networks where the contiguity
matrix W also changes over time.
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Appendix A. Organization of the Appendix

Here, we first present the proofs of results discussed in Section 3 of the main paper. The
detailed proofs of the main results, Theorems 2 and 5, are provided in Section B of the
appendix. All the other proofs of the intermediary results is provided in Section C of the
Appendix.

Appendix B. Detailed Proofs of Theorem 2 and 5
B.1 Proof of Theorem 2

The total regret B(0, p) can be written down as the sum of regrets over all the segments and
time period:

T L
YR
t=1 =1

Using Proposition 7 and Lemma 8, we can bound the regret as

T L T L
B(0,p) = CoCuro Y Y muy(ayy, muy — vivy)® + CoCro > > e (pue (b — bu))”.

t=1 =1 t=1 I=1

Takmg a maximum on the constants, we can rather bound the sum of the two terms

Zt:l lel ny (g, My — mye)? and thl 21:1 ny (plt(blt — blt)) to get a final bound on the
regret.

We do the analysis for a fixed segment [ first and then combine the regret across all the
segments.

Lemma 9 Consider model (12), true parameters my, by and the output My, f)lt from our
PSGD pricing policy, the following holds with probability at least 1 — T2

T
Z nlt<<ﬂ3lt7 my — Thlt>2 + (plt(blt - Blt))2>
t=1

T T

T
1 1 Cy
<C Z — M1 — myl2 + Co Z —|bri+1 — bie| +C3 Z nng, + —— + O(logT).
i —_ =1 Nr+1

With this lemma we have with probability at least 1 — L/7T°2,

T L
Z ant< (T, s — Mug)® + (plt(blt - I;lt))Q)

t=1 I=1
T L
Cl ZZ |ml t+1 — mltHQ + CQ ZZ *’bl t+1 — blt‘ + 03227],571” + (’)(log T) .
t=11 1 t=1 = 1 t=1 =1

Define the RHS as I.
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Consider G to be the probabilistic event that the above is true, then P(G®) = L/T2.

Also, since the maximum price is M and we set a positive price, hence the maximum
revenue lost on the event G© is Zt 1 e M. Assuming that np® = max;<7 n¢, we have the
maximum regret in the event GCis TM np.

The total regret is thus,

ML max
B(0.p) = B(0.p|0) + B(8.p|g7) < IB(G) + Tnf™PB(G) < A+ =5
Since the last term is O(1/7T), we have the required terms of the regret bound. [

B.1.1 PrROOF OF LEMMA 9

Let vy = (my, byy) be the combined parameter space and Q = (x4, pir) be the covariates
and the price posted.

By Taylor expansion of the loss function we get, for some zz;lt between {plt and Yy,

. . . 1 - ..
L) — Li(Yu) = (VL (Y1), e — i) — §<¢lt — P, V2L (1) (e — b)) . (30)
Simplifying the loss function in terms of v, and Qy; gives us

ﬁlt(lb) = (ylt log ‘I’(Qlt¢) + 9t log ‘I’(—Qltlb)) )

where 4;; = ny — y;3. The second derivative of the loss function can thus be computed as
’C T 9 1ogd 7 T 0 1ogd
VoLu(¢P) = — mQuQis 57 1o (Dle=quw + 9uQuQir 5 log (Dle=—quw | -

Let ¢ = min{ 3¢z log D(C)|c=Quep> — BCQ log (¢ )’C=—ta¢}- Based on our assumptions,
Q; and 1 are bounded and so there exists ¢ such that |Qu1| < c. Since @ is log-concave
hence the second derivative is negative and — acg log ®(¢) > 0. Particularly since the second
derivative only approaches 0 when ¢ goes to oo or —oo, hence on the bounded set with
IC| < ¢, second derivative is bounded away from zero implying ¢z > 0.

Then,

0 15)
V2Lu(y) = — (yththzj;w log @(¢)|c=qu + ?jththZTCQ log q’(C)k—Qu'lP)

0 _
= (@@t (O + 1Qu@ ( 516 2Ol—au) )

- . 0
2 (ylt + ylt>Qth£ min { 8(2 lOg Q( )’CZQ”’(JM - 8C2 lOg Q( )’C:Qlt'ﬂb}
= nthuQﬁq .

Where the last equality follows since y;; + 95 = nyz.
Using this in (30)
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Lt (Y1) — Lt (e) < (VL1 (), e — i) — *<¢lt — i, e QuQl (i — ir))
= (VL (Y1), Yur — ) — nltcﬁ (P — Pu, Que)*
= (VL (), 'lz)l,t+1 — Py) + <V£lt(¢lt)7 iy — ’¢l,t+1>

ltCL’

(W1 — i, Qui)* .
(31)

Our update rules in (19), gives us

bies = e, (b — mVLY)
my 1 = e, (M — VL) .

The updates defined are common OMD updates and can be rewritten as
. . . 1 -
Y1 = argmin(V Ly (i), ) + 519 — ul|”
P 21,
Since the above loss function is convex and {pl,tH is the minimizer, we get

(W — Pros1, eV Lip(Pre) + Yroe1 — i) > 0.

Putting 1 = 1y, above, we get <"Tbl,t+1 — P, eV Lo (i) < (P — %Ll,t+1a {Pl,t+1 R ny
Also, note that

(Wi — Y1, Yreer — Yu) = % (H";blt — Pl — 1% — Yoo — | Pres1 — '{pltH2> :

With the above two equations the first term in (31) is bounded as:

<v£lt(12’lt)7'(2’l,t+l Yy) < (H¢lt — | — || — {Pz,tﬂHQ - H"Z’l,tJrl - ’{pltH2> .

2

Using the inequality ab < (a? + b%)/2, the second term in (31) can be bounded as,

. . 1 . . .
(VL (i), Y — Yri41) < E“"plt —ahe|? + %HVEZt(ﬂblt)Hz : (32)

Also, VL (th) = — (ythzta% log ®()lc=quy — Qi 2z log (¢ )Ic:—Qw)-
Let Cr = max{—a%2 log ®(¢)|¢c=Qy» 6%2 log ®(¢)|¢c=—q,,+ } in the restricted space. Hence,
IV Lar(hue) |1* < C2ni3 | Que*-

Combining all the parts we have,

nitCe

- 1 ~ 1 N
Ly (i) =L () < TmHT/’lt—iﬂZtHQ—TmHiﬁlt—lbl,tﬂHQJr%C%antHtaHQ (Pr—iz, Qui)* .
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Adding and subtracting ||y ;41 — 1}17,5“”2 to above we get

Ly (i) — Lig () < 2177t <H¢lt — Puell® — [[rg1 — 12’z,t+1|!2)

1 ~ ~
+ me (”¢l,t+1 - Tl’l,tﬂHQ o HT/Jlt - ¢l,t+1H2)
n c[;
+%c 03| Quell? — “EE (b — b, Qui)? - (33)

The second term can be simplified as

11— | =1 —re1]|? = Wros1+0u—20101, Yoo —i) < ACy 1Y 1 —iella s

where Cy is max ||9| and Cy < 2Cy + 2C),, since ¢ = (m, b).
Summing both sides of (33) over t = 1,...,T, we get >.i, (Ezt('{#lt) - Elt(¢t)) is
bounded above by:

8l S sl (5

t=2

140, ST —
) Qj L e — s

T T
n ny C[,
—i—E é Zng || Qull® — g S5 (e — i, Que) .
t=1

t=1

Under the assumption that 7; are non-decreasing,

T 2
%11 — b | ( 1 ) cy, o < ) AC3
+ E - —— =< > = :
2m e = 2my 2771 “ = \ 2041 2 20741

t=2

Hence, we finally have

i (Lu(@bu) — Lu(wn) <

EN
e — Yuell2
—1 2n

=1 20741

a Mt T npC
1tCr

25 nl2t||Qlt||2_Z L (i — i, Que)-

=1 t=1
Define
AC, Mo ,
A= 20741 ’Pzi”‘zblz%l ¢ltH2+Z nlt”Qlt”‘ (34)

Since, [[9h0+1 — tuella < 2([|m 1 — muell2 + |brea — bie|) and [|Qu|* is bounded, we
can simplify A as

T T T =

. 1 - 1 ~ Cy
A=Cr) EHml,t—H —muylla+Ca ) E’bl,t—&-l — byl +Cs > mynjy + p—

t—1 t—1 t—1 +1
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Note that in order to prove the lemma we need to show a bound on ZZ;I o <<$lt, my —
. £ \2 . . 5
my)? + (plt(blt — blt)) ) which is same as showing a bound on Zthl (P — P, Que)?,
since ¥y = (M, by) and Q= (xyy, put)-

We next provide a lower bound on the cumulative difference Zthl <£lt({blt) - Elt(zl)t)>.
Write

Li(WYu) — Lk (i) < (Y Luae (1), Yue — i) := D, (35)

using convexity of the loss L. We also have

VLyk(p) = (yltkf log ®(Q¢p) — (1 — yltk)f log ®(—Qu))

o o
_ o Quyp) _ P(—=Qub)
= Qut ( yztki(b(Qmﬁ) + (1 =y k) (= Qlﬂb))

Let F; be the o-field generated by the noise till time ¢. Then, since 12)” only depends on
noise till time ¢, E[Dy|Fi—1] = (E[V Lyk| Fi-1], Y1 — ¥i). In addition, E[VLyk|Fi—1] =0
using the fact that P(Y;, = 1) = ®(Qu¢p) and P(Yy, = 0) = ®(—Qp1p)). Therefore, the

partial sums of Dy is a martingale with respect to the filtration F;.

Also, as described above < Yitk (D((glltw) + (1 — yux) g(( giﬁ%) is bounded above with C.

Hence |Dy| < B; := Cr|{Qu, Il)lt —by)|. Using convexity of e, for any A € R we have

Bt Dy, oA Bt + Dy, )
E[)\Dtk 7]<E Be Bl T,
e | Fie1| < 25, + — 2, | Fi—1
|: 7)\61 + e)\ﬁt efAﬁt + 6)\6t
—E|— " -
28

where 5, = Cr|(Q, by — y)|. We next use the following result from (Javanmard, 2017,
Proposition C.1).

N

> = cosh (A\B;) < NBE/2

Proposition 10 (Javanmard, 2017, Proposition C.1) Consider a martingale dzﬁerence
sequence Dy adapted to a filtration Fi, such that for any A > 0,E [ ADe | Fy 1} < Mo/,

Then, for D(T) = thl Dy, the following holds true:
P(D(T) > ¢) < /(2 07)
We apply the above theorem with D(T") = 23;1 >ortt, Dy, Invoking (35), this gives us,
T ) T o 1/2 .
P> (ﬁlt(iﬁlt) - ﬁlt(¢t)) < —2Ccy/logT {Znu <Qlt7'¢’lt - ¢1t> } <73
t=1 t=1
Hence with probability at least 1 — 1/72,
T T L 1/2
>~ (Lulbu) — Luw)) = =20 \/logT {th (Qustpue — ) } .
t=1

t=1
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Let B = Zthl nlt@blt — 1y, Q)?, then with the complete analysis till now we have

T
. c
~20c\/BlogT <Y (L) = Lul¥he)) < A= 5B,
t=1
Hence, B — (4C¢/ce)v/BlogT < (2/cp)A. Consider two cases:

Case 1: v/BlogT < (¢/8Cr)B, then B < 4A/c.

Case 2: \/BlogT > (cz/8C,)B, then B < (8C,/cz)?logT.
Combining the two cases, we have

B < 14 + O(logT).
C

L
Substituting for
T ) T R
B=> nu(thu — tu, Qu)> =Y _nu ((3%, my; — 1) + pi (b — blt)Q) )
t=1 t=1
and A from (34) we obtain the desired result. [

B.2 Proof of Theorem 5

Recall the varaince of segment [ in the utility model given by V;? = ||(I — pW )~ te||>7% + o2
We assume that we have a known fixed p, the auto-correlation parameter, and so the variances
do not change over time.

Indicate the variances of segments by Vi, Vo, -+, V. Our utility model is thus
7 /Bt ; Mt
Uy, = — xry— + Zik -
=y Pt + Ty v + Zitk

Without loss of generality, assume that xj; is of dimension one. We would give a small
variation that would work for any dimension as well. Let vy,v2,--- , vy, be the inverse of the
fixed variances. The model is thus,

Ui = Beor pie + wiepueor + Zig:.

Assume that —f; = ur = 7, i.e. the parameters do not change over time and are negative
of each other. In this setup ng = vyy(zi — pit), the noiseless utility. Here setting py = xy
would be uninformative since we would just observe noise, and we cannot get any information
about the unknown parameter . In addition, in our model a price p;, is optimum if it
satisfies

. _ 1 @Bupf+ Ty ftpvy)
Byoy ¢(Brvr by + Tiepuvr)

by =
Under the assumption that —3; = u; = -, this reduces to

1 ®(uy(zu —py))
yor p(ory(zy — pjy))

* o
by =
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Therefore, for v := (vjz1;) "1 ®(0)/¢(0), the uninformative price is optimal prices, i.e.,
P (70) = Tz

Note that if z;; was of higher dimension, we could set x;; = (a/d,a/d,a/d,--- ,a/d) with
d the dimension of xj; and set py = (7,7,7,- - ,7) to get the exactly same result: pj,(v0) = a
for 49 = (v;a) ~1®(0)/¢(0) is an uniformative price.

Now that we know the existence of a setting where the uninformative prices are optimal
prices, we can show that the regret is at least of the order of v/7T.

We construct a problem class (I', {Py}), for l=1,..., L, t =1,...,T as follows. Recall
7o the parameter for which the optimal price is uninformative. We use the shorthand ry(p, )
to denote the expected revenue obtained from a typical customer from segment [ at time ¢, if
the model parameter is 7. Therefore, recalling our utility model Uy, = viy(xie — pi) + Zik,
we have 7;(p,v) = p(®(v;y(xi —p))). By optimality of pj; (o), we have r},(p};(70),70) < —2¢
for some constant ¢ > 0, and by continuity of 7], we can find a neighborhood Py around
P (70) such that 77, (p,70) < —c for all p € Pj;. We next consider the mapping v — pj,(7).
By continuity of thls mapping, we can find a small enough neighborhood Flt around 7y such
that the optimal prices pj,(v) € Py for all v € I'y. Finally, we take I' :== nE, ﬁl 1 Tie. Note
that I' is non-empty because vy € I'. Furthermore, by our construction we have the following
properties for the problem class (I, {P}y), for i =1,...,Land t =1,...,T:

e For all vy € T', we have pj,(v) € Py.
e For all prices p € Py, we have 7;(p, ) < —c.

For any pricing policy 7 and a parameter v € T, let f[7 : {0,1} — [0,1] be the
probability distribution function for all the consumers purchase responses Y = (Y, { =

SLj=1,...,t,k=1,...,n;) until time ¢t. Here, N; = E;:l Zle ny;, under policy 7
and model parameter . The pricing policy uses all the sales data till time t — 1 to give a
price pj;. We use y; € {0,1}™"* to denote all sales data till time ¢. So, if the pricing policy
gives the prices py := m(y;—1) for all the time periods, then

t L nij
=TT T II @)% (1 = aii (i v)) %
J=11=1 k=1

where q;;(pij,v) = ®(vy(x; — pij)). We next want to show that for g, the parameter for
which the uninformative price is optimal, any policy incurs a large regret if it tries to learn
0. Formally, we aim to show that

™ 1 YO g7,y
Rt (70) > C('YO — 7) (ft 7f )

We employ the chain rule for KL divergence (Cover and Thomas, 1991),

34



STRUCTURED DYNAMIC PRICING: OPTIMAL REGRET IN A GLOBAL SHRINKAGE MODEL

t
KL (fF705 f77) =D KL f77 V)
s=1

DY f”“(ys)log<fs e |y

s=1y,€{0,1}Ns (ylsk | Ys— 1)

L Nis

fsﬂ-ﬂo (ylsk ‘ YSfl)
Z Z 770 ys 1 ZZ Z 7T’Yo ylsk ‘ yg—1)10g<f7r,fy( >
s=1y,_1e{0,1}Ns—1 I=1 k=1y;5,€{0,1} o7 sk 1 ¥5-1)
L mnys

=Z S Y (e ZZKL(f”“ (o | ¥o1) 1 ST sk | ¥51) )
=1k

s=1 y5716{071}NS_1

Based on the definition of f7, f&7°(y;sx) is distributed as Bernoulli g;s(pis,v0) and
F& 7 (yisk) is distributed as Bernoulli q;s(ps,7y). Using the fact that for Bernoulli random

variables By ~ Bern(q1), B2 ~ Bern(qa), we have KL(By, By) < 5131(1 qf]l) we get

L nyg

t 2
T T 2 : 2 : 2 : QIS plsa Y0) — Qis\Pis, Y
L (ft 770; ft 77) S f 770 ys— ) ( ))

Ty oY =~ qis(pis, ) (1 = qs(pis, 7))

- - ) — (s, 7))?
:Z Z FT0 (yey Z (qus(P1s; 10) — @us(Pus, . (36)

s—1 y571€{0’1}NS_1 =1 QIS plsa 7)(1 — (s (p157 7))

Since the prices and the parameters are bounded, and ¢ is the normal distribution
function, g;; is bounded away from zero. Hence, there exists constant C' such that ¢;s(1—qs) >

C.

Also, qis(ps,y) = ®(vry(ws — pjy)) and qs(pjs, v0) = P(viyo(xs — pj,)). Since we are
working on a bounded set, the distribution function ® is Lipschitz as well. Hence,

Qs (P1s, 70) — @1s(Pis, v) = (o (s — pis)) — @(viy(Tis — pis))
< Cluryo(zis — pis) — vy (s — pis))
= Cvi(vo — 7)(z1s — pis)
= Cu(vo — 1) (P (v0) — pis) »

where pj,(70) is the optimal price for when the parameter is 79. Recall that by the
definition of g, the optimal price for g is ;. We thus have

(1s(P1s, Y0) — @is(P1s,7))* < C(vo — 7)2 (s (90) — 1s)* -

Using the above bound in (36), we get

L
L7 7)) < Cly—0 Zzznzs Z S0 (1) (i (0) — pis)? -

s=1 [=1 ys_1€{0,1}N5*1
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The inner summation is indeed the expectation with respect to 7y, by noting that p; is
a measurable function of ys_;. Hence, we have

t L
KL 7)< Cly =100 D 0D musBag (p75(v0) — pis)? (37)

s=1[=1

By the construction of problem class (I', {Py}), we have 7, (p,v0) < —¢, for v € I and
p € Py;. Therefore, by Taylor expansion of r;4(p,y) around pj,, we obtain

% * * 1 ~ *
r1s(P1s,Y0) = 115 (015(70):70) + 715 (Pfs (0)5 v0) (D1s — pis(70)) + 57“2’5 (B, 70) (215 — pis(70))?

for some p between p;s and p;,. By optimality of p}, we have 7/, (p};(70),70) = 0. In addition,
since p € Pys, we have 77.(p, 7o) < —c¢, which implies that

(e = p1.0))? = = (10081, (20),70) = 71510, )

Using the above bound in (37), we arrive at

t L

KL (T ) < Cly =002 D0 - nisBag[ris (97 (1), 70) = 715 (Prss 70)] < C(y = 70)* Regy
s=11=1

(38)

which completes the proof (28).
We next proceed with our proof for bound (29). Recall the optimality condition

@ (vry(ze — pj(7)))
o(ury(zi — pfy(7)))
Differentiating with respect to v on both sides we get,

vyp () =

vy () + vw@plt(v) = (mw () — dvm(v)) k()
where

o*(oy(zy — P (7)) — @y (@ — pi (7))@ (vry (@ — pj(7)))
O (vey(zu — P (7)) '

k() =

By rearranging the terms we have

d . 1 . k(v)
apztﬁ) =5 <Plt(7) + Hk(v)) :

Since we are working on finite sets, we can restrict the problem class I", such that ]%p(’y)\ > C,
for some constant C' and all v € I'. Therefore, by an application of the Mean Value Theorem,
we have

Ip3(v) = pir(v0)| = Cly — 0! .-
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Let 1 := 70 + 1/(47"/%). Using the above bound, the optimal prices for 7o and v, are apart
by at least C/(4T/%).
Consider two disjoint sets D1 and Dg of prices, as follows:

D, = {p: Ip — piz(0)| < 10T1/4} ) Dy, = {p: p = pr(m)l < 10:[’1/4}’

Note that D, and D.,, are disjoint since |p};(v1) — pj;(70)| > C/(4T"/4).
For v € {0,71}, if the posted price py; is not in the set D.,, then the instantaneous regret
is at least

2
¥ cC 1
(P (7),7) — ru(pie, ) = 2(p,,g(v) — i) > <20> g
Hence following a similar proof strategy as in (Broder and Rusmevichientong, 2012, Lemma
3.4), we have

2 L
cC 1
Regh” + Regp " > (20) W Z Zn Pao(pit ¢ Dyy) + Py (o1t ¢ Do) -
t=1 1=1
Note that pj; is measurable with respect to measure f;”7 under the model 5. Therefore, by
using a standard result on the minimum error in a simple hypothesis test (Tsybakov, 2004,
Theorem 2.2), we have

T L
Reg? " + Regp ™ > — Z ante_KL(ftle; 1)
t=1 i=1

> ﬂNTe—KLw;”O;f;“)

Wi ,

Where in the second step we used the fact that KL (f;"7°; f["") is non-decreasing in ¢ and
thl El:l ny;. Previously we established the lower bound (38), which reads as

(39)

G
(70 — 7)?

7'70

Regy LA A7)

Putting, 7 = v1 = v + 1/4T/* we get Regr:”® > Cov/TKL (f77°; 7). Combining this
bound with (39), we get

max Reg] — (Reg} " + Regi ™
v€{v0:711} o1 2 ( &1 5T )
Z C\/T (KL( ero 7r'yl) + ]\;T —KL(fwvo fw“/l))
> CVT (1+log(Np/T))
where in the last step we used the inequality ae™® 4+ b > 1 4 log(a). [ |
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Appendix C. Proofs of all other results and intermediate steps
C.1 Proof of Proposition 1

Recall that Vi? = ||(I — pW ) Le;||?r% +02. Since W = 0, and p; > 0, we have I — p,W < I.
In addition, by Assumption 2.2, we have I — pyW = eI. Therefore, since ||e;|| = 1,

from which we obtain the result.
Next, to prove the upper bound on the optimal prices, we recall that

lleell

0<:12 my < ||xl||| ]| < .
16my < ||| | Ve S

Invoking relation (14), and noting that 5; and so b; are negative, we arrive at

1

Z‘t = —7blt (<p_1(—m§tmlt) + mgtmlt) < Cglcv(cucal - 0~5¢(0)) )

p

1

where we used that ¢! is increasing, z;; > 0, and ¢~1(0) = —0.5/¢(0). [ |

C.2 Proof of Lemma 3

By definition, V;Z = ||[(I — psW ) 1e;||*7? + 0. Hence, if w, is the smallest eigenvalue of W,
then Vj? > 72/(1 — pws)?.
We want to bound the b 411 — by| and [[my 441 — my|2.

Pit1 M
Hml,tﬂ —myll2 = H oLt
Vigrr  Vielly

H Hi+1 —
Vii+1

. { 1 1}
“ —_—
o T Vi Vi

AL il
N /(1_th*) a Vit+1 Vie )

Further, the second term can be simplified as

{ 1 1 } _ Vie = Vi1 Vii - Vl2t+1

Vit+1 a 7lt Vigr1Vie B Vl 41 Vie(Vie + Viggr)

< % 3 (Vlt Vl,2t+1)
2

< 53 (I =pW)~ ter]? = (I = pera W) el]|*) < OBy
14

The same analysis can be done for |b; ;41 — by| as well. [ ]
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C.3 Proof of Corollary 4

The corollary follows directly by applying the results from Lemma 3 in Theorem 2. Since
pt = p for all ¢, hence 4y, = 0.
Since n; oc 1//t, we get

o Ry =LCICT V(1 — pw.) Yoy Vidig,

o Ry =LCCT (1= pwi) N1, Vbi,

e Ry =C3C Y ni/VE=O(WT),

e Ry=CyCLICy+ Cp)VT +1=0KT).

Changing the constants appropriately gives us the corollary. |

C.4 Proof of Lemma 6

Consider the particular set-up when pu; = 0, 8y = 8, pr = p and 0 = 1 in (2). Further,
assume ny; = n for all [, and n — co. The proof can easily be extended to the generic set-up.
Under these parametric assumptions, first note that, Rev(A,l, ¢, pi) = npp® (o + Bpir). The
optimal pricing strategy pj, maximizes Rev(X,l,t,py) over py for any fixed A.

Now, consider an arbitrary pricing policy p based on the unpenalized likelihood PL(A,0).
Such a policy will be dominated by its oracle counter-part p° which already knows the price
coefficient 8 and also, knows the latent utility Uj;;. Note that, the revenue of any pricing
policy p based on the unpenalized likelihood is always dominated by the revenue of this
oracle strategy, i.e., Rev(A, p) < Rev(A, p°"). Subsequently, the oracle strategy p°* will have
a lower regret. Next, we concentrate on the regret of p°.

For this calculation note that based on model (2), the only unknown parameters for the
oracle strategy p°" are the ays. Under this framework consider ays being best estimated by
apy.

Now, note that as we do not have any structural assumption between a; and ay41 over
t=1,...,T, for any t, ajf will be estimated based on {Uyy : l = 1,...,L;k =1,...,n}.
As the prices pj; are known (based on the filtration F;_; which contains all information
upto time ¢ — 1) this further reduces to estimating the the L means a; from uncorrelated L
dimensional Gaussian location model where we observe n ! iy Unk — Bpy for 1 =1,..., L.
From the Cramer-Rao lower bound for Gaussian family, it follows that for all [ =1,..., L,
we will have the following error bound on any estimate d&y;:

Ex(dys — ay)®> > n 1

As such consider the aps under the oracle framework to be estimated by the MLE. Let
0t = &ff — ag. Then, noting that the MLE is asymptotically rotation invariant in this case,
we have for any A:

Ex ;67 =n~'I; and Eyd; — 0 as n — co. (40)
Now, note that for the oracle strategy,

Rev(A, 1, t,ppy ) = maxnp (&) + fp) = maxnp @(5” + oy + Bp) .
p=>0 p=>0
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Let f(I,t,p) =np CI’(Slt + agt + Bp). Consider Taylor-Series expansion:

F(l,t,p) = np ®(ay, + Bp) + ndy p dlaus + Bp) + 2 np 62 ¢ (cus + Bp) + r(l,t,p),

where 7(l,¢,p) contains third and higher order terms. Now, we have L™!'>", f(l,t,py)
converges in probability to

1 1 A 1 ~
7 Zz: npi P(our + Bpie) + 7 Zz: nprd(our + Boie) Exdy + Y7 Zz: npyd (s + Bpie)ExOR,

as L™, r(l,t,pir) — 0 in probability as n]EAngtJ’m = O(n~™/?), for m > 1. Using (40),
the second term in the above expression vanishes and the third term gets further simplified,
resulting in the following asymptotic result:

*Zf (Lt pi) = n[ Zplt (cur + Bput ] + %Zplt¢/(alt+ﬁplt) +o(1) .
l

Thus, the regret of p° at time ¢ is given by

L
L7V Ru(A,p™) > (A= B)/L+o(1), (41)
where,
A= » o [Z npy ®(ay + ﬁplt)} and
It-
b= Pt l 1 [Z npi ®(oa + Bpu) — 27 Zplt s + Bpi)p(cur + Bowe) |-

Note that, the expression in B is simplified using ¢'(u) = —u¢(u). Now recall that 3, being
the price sensitivity, is negative. Based on model (2), for the utilities to be positive we have
the following assumption of the price: ay + Bpyz > 0 for all [ and t. Let the prices be selected
such that inf; oy + Bpir > € for some prefixed small ¢y > 0. By Proposition 1, the optimal
prices are bounded and so are sup; ay; + Bpy < My. Then,

A—-B> Z_IGZpZ‘t,
l

where pj; is the optimal price based on criterion B, and € = ming, << u¢(u). Thus, the
cumulative regret of p°" over time is given by

T L
ROAPT) =) Ru(A,p”) = QLT).

t=1 I=1

Thus, we have,

B(0,py) = QLT).
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Now, consider the regret from the proposed strategy. Based on (24), we have
T T
B(0,p) <Cor (1 — paws) Y VE(Ses + 61) + Cr Y Vi, + O(VT) = O(VT),
t=1 t=1

where, the second asymptotic result follows as Zthl \/55,5,3, Zthl \/E(St# and Z;le ﬁétp are
all bounded above by O(v/T). Comparing the above two displays the result follows. |

C.5 Proof of Proposition 7

Consider the revenue function given by (25), Revy(p) = nup®(bup + j,my;). By definition,
p;, is the maximizer of Revy(p) and hence Revy,(pj;) = 0. Using Taylor series expansion
around py,, we get

1
Ris = Reviy(pfy) — Revi(piy) = §R6V22(P) (pir — p})?,

for some p between p;; and pj,. The second derivative can be bounded as

2by ¢ (bup + ) mys) + pbi ¢ (bup + @)my;) <
¢ <

1
iRer/t (p) =mn 9

¢(0)>
Cpp(0) + MCE—= | muz.
< b#(0) bz )
Setting Co = Cpp(0) + MC&% completes the proof. [ |

C.6 Proof of Lemma 8

We have the true parameters by, my; and the output Blt, my; from our PSGD pricing policy.
Also, py; and pj, are the price based on our policy and the optimal price based on the true
parameters, respectively.

As discussed in section 2, we can write the prices in terms of the utility model parameters
using the function g(-,-), as follows:

-1
o~ (—xymy) + xpmy,
bt ’
-1 /s /oA
o (—xpmy) + x) 1y,
by

pz‘} = g(bltamlt) = -

pi = g(bie, ) = —
Now, note that,
(bre —pi)* = {(90_1(_“’275"1“) + awpmy) byt — (@7 (—@y ) + T ) l;lt_l}2 = {A+ B})?,
where, the right side above is decomposed as

A= (¢*1(—w;tm,t) + zpmy) byt — (go’l(—a:;tmlt) + @)y b1, and,
B = (¢~ (~zpnu) + xjmiug) (1/by — 1/by).
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Using the naive bound {A + B}? < 2(A? + B?) first and then the bound |by| = |B:|/Vis >
cg/Cy and the policy rule p = g(by, ™my), it follows that (p; — QDZ})2 is bounded above by

2025 {(¢ ™ (—ahmu) + ajmuy) — (¢~ (—afyriue) + afyriug) )+ 29302 (b — D)
Since, ¢~ (—v) + v is 1-Lipschitz, we have
(™" (—xpmue) + mpmy) — (' (—ap i) + x;tmlt>)2 <z, myp — )
Therefore, we have
(pre — Pi)? < 205> (@, muy — vi)? + 205 ¢5 iy (b — bue)?

Setting Cp = 20‘2/0/;2 proves the lemma. |
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