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Abstract
Many modern e-commerce businesses have a need to set item prices appropriately on a daily
basis, in order to optimize their inventory management process and improve profitability.
Large e-commerce retailers often carry over four hundred million items in their stock; and
they have a need to understand the right price-point to set for a particular item, to maximize
the revenue generated by it on a daily basis. It is easy in this connected world to study online
customer behavior and identify as to which items are consistently purchased together by
regular shoppers. Items which are purchased together can be classified as a ‘Basket’. Hence a
‘Basket’ can consist of {Coffee, Bread, Butter, Jam and Toothpaste} – Each item in the basket
has a specific price and an associated purchase quantity. It is clear that the basket needs to be
priced appropriately to make it attractive for consumers – pricing it too high could cause it to
remain unsold, while pricing it too low could reduce the revenue derived from it. This project
showcases as to how bandit algorithms (leveraging Thompson Sampling), can be used to
develop robust & effective dynamic pricing systems.
Keywords: Dynamic Pricing, Bandit Algorithms, Thompson Sampling, Pricing & Revenue
Management
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1. Introduction
Dynamic Pricing in an e-commerce environment, can be challenging due to the scale of
operations and unpredictable consumer behavior. Machine learning can be effectively used to
develop dynamic pricing algorithms. Thompson sampling can be used to develop an active
dynamic pricing algorithm and we explore in detail bandit algorithm (Thompson Sampling) for
dynamic pricing.
In a normal approach to dynamic pricing, the assumption is that it is of some parametric form.
The issue with a simple demand modelling function is that it assumes that demand is
stationary – this is rarely the case. The general demand function is of the form:
𝑝𝑖,𝑡 𝑝𝑟𝑖𝑐𝑒 𝑒𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦(𝑖)
𝐷𝑒𝑚𝑎𝑛𝑑𝑖,𝑡 (𝑝𝑖,𝑡 ) = 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝐷𝑒𝑚𝑎𝑛𝑑𝑖,𝑡 ∗ (
)
𝑝𝑖,𝑡−1
Here 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝐷𝑒𝑚𝑎𝑛𝑑𝑖,𝑡 is the demand forecast for an item i on day t, if the price of ‘item i’
on ‘day t-1’ is 𝑝𝑖,𝑡−1 , the price of ‘item i’ on ‘day t’ is 𝑝𝑖,𝑡 & the price elasticity of ‘item i’ is
price elasticity(i). Both the Baseline Demand and price elasticity of all items are determined on
a daily basis. Observations about the demand equation shown above:
• Price Elasticity of any ‘item i’ in a basket, is always less than or equal to -1.
• Price on any particular day for a normal good, is slightly greater than (or) in some
cases equal to the price on the previous day.
• Given that the price elasticity of any item is <= -1 and that price of an item on a
particular day is greater than the price set for the item on the previous day; the
second part of the RHS side of the equation becomes less than one; and hence
baseline demand calculated on any particular day effectively becomes the upper limit
for the demand on the same day – In the exceptional case when 𝑝𝑖,𝑡 is ‘equal to’
𝑝𝑖,𝑡−1 , the demand on a particular day becomes equal to the baseline forecast on
that particular day (this exceptional case happens in the case of sparse data when
multiple repetitions of the same price point can occur for an item on multiple
consecutive days).

1.1 Major Objectives
The major objective of the project is to draw out a comparison between Passive and Active
dynamic pricing algorithms. Major deliverables in the project are:
• Build a passive Max-Rev Optimization algorithm which uses historical forecasting
techniques like ARIMA to forecast future elasticities and prices.
• Build an active Max-Rev Optimization algorithm which uses Thomson Sampling to
update the elasticity vector and solve for the revenue maximizing price across the
shopping basket.
• Perform graphical comparison of the two algorithms, to assess their performance visà-vis one-another.
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2. Literature Review
The problem of solving Dynamic Pricing with an unknown demand model, was first explored in
the paper titled “Optimal Learning by Experimentation (June 1991)” by Philippe Aghion,
Christopher Harris, Patrick Bolton and Bruno Jullien. In this paper the dynamic pricing problem
was converted into a decision-making problem with discounted rewards – Bayesian dynamic
programming was used to solve the dynamic pricing problem and arrive at the optimal pricing
scheme. While approaches like these may on some occasions lead to obtaining the optimal
pricing scheme, measuring their effectiveness in practical scenarios can become intractable.
The problem of solving Dynamic Pricing (DP) under uncertain/unknown demand constraint
was first tackled in the paper titled "A partially observed Markov decision process for dynamic
pricing." by Aviv, Yossi, and Amit Pazgal. They assumed that the demand function is derived
from a family of parametric models, in which the values of the parameters are unknown. A
prior distribution is applied on the unknown parameters and posteriors are obtained through
the application of Bayes theorem. The objective was discounted revenue maximization with
an infinite horizon.
The first attempt at creating a non-myopic policy for dynamic pricing, when the actual
demand function is unknown was explored in the paper titled “Dynamic Optimization and
Learning: How Should a manager set Prices when the Demand Function is Unknown? (January
2005)” by Alexandre Xavier Carvalho and Martin Puterman. They proposed a variation of the
one-step lookahead policy which maximizes revenue for the next two steps, instead of the
next step – this one-step lookahead policy variant was used in conjunction with a binomial
demand distribution (which had a logit expectation). This semi-myopic one-step lookahead
policy was compared with other myopic policies and proved the superiority of one-step
lookahead policies in solving dynamic pricing optimization problems.
An innovative exploration-exploitation approach was first crafted by Besbes, Omar, and Assaf
Zeevi in their paper "Dynamic pricing without knowing the demand function: Risk bounds and
near-optimal algorithms." Many price-points were experimented with; and the demand
function was estimated at these price points, in the exploration phase. In the subsequent
exploitation phase an optimal price point is obtained by leveraging a ‘revenue maximization
approach’.
A study on various parametric models for the demand function was conducted in the paper
titled “Dynamic Pricing with an Unknown Demand Model: Asymptotically Optimal SemiMyopic Policies (January 2014)” which was authored by Bora Keskin and Assaf Zeevi. They
used maximum likelihood-based formulations to derive exploration-exploitation based
policies. The paper titled “Online Network Revenue Management using Thompson Sampling
(2016)”, authored by Kris Johnson Ferreira, David Simchi-Levi and He Wang – provided a
Thompson-Sampling based solution to maximize revenue for multiple items in a finite horizon,
given an unknown demand function and inventory constraints. The paper titled “Thompson
Sampling for Dynamic Pricing (February 2018)”, authored by Ravi Ganti, Matyas Sustik, Quoc
Tran & Brian Seaman from Walmart Labs – provided a showcase as to how to apply active
learning algorithms to develop an efficient dynamic pricing model for a real-life e-commerce
dataset.
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3. Model Description
For designing a dynamic pricing (DP) system, we need to identify the below listed three
components:
i. Modelling the demand component based on historical price and demand data.
ii. Based on the modelling in step one, we derive a demand function – This demand
function is leveraged to calculate optimal prices on a daily basis – We can extend the
forecasting to any number of time periods.
iii. Optimization Component which optimizes prices based on a pre-decided metric like
revenue.
3.1 Demand Modelling Component
It is a known fact that an optimal price point exists for every item in an online marketplace.
Increasing the price above the optimal price point often reduces the demand for the product,
below the desired value; while reducing the price below the optimal price point may increase
demand slightly, but adversely affects the overall profitability of the item. Hence the demand
function belongs to some parametric family; and the underlying parameters can be estimated
using historical data and statistical techniques. To create real world pricing systems, we need
dynamic demand functions rather than static/stationary demand functions. One commonly
used model to capture the demand of a particular ‘item i’ based on a certain baseline forecast
on a reference day is listed as: 𝑑𝑒𝑚𝑎𝑛𝑑𝑖 (𝑝𝑟𝑖𝑐𝑒𝑖 ) = (𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖 ) ∗ ((

𝑝𝑟𝑖𝑐𝑒𝑖 𝛾
∗,𝑖
𝑝𝑟𝑖𝑐𝑒0,𝑖

)

)

In the above function we know that for a 𝑝𝑟𝑖𝑐𝑒0,𝑖 on a given reference day, the demand is
𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖 . We compute the price elasticity of an item using historical data available
for a particular item – then we maximize the 𝑝𝑟𝑖𝑐𝑒𝑖 for which 𝑑𝑒𝑚𝑎𝑛𝑑𝑖 is maximized.
However, it can be clearly seen that this model lacks the flexibility to dynamically model
demand – Hence the above equation can be altered slightly to create a dynamic parametric
model which leverages price elasticity to the optimal price to be set for a particular item on a
given day.
𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 𝛾
𝑑𝑒𝑚𝑎𝑛𝑑𝑖,𝑡 (𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 ) = (𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 ) ∗ ((
) ∗,𝑖 )
𝑝𝑟𝑖𝑐𝑒𝑖,𝑡−1
This new demand function is dynamic as the price set on any particular day is designed to
maximize demand, given that the values of 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 and the price elasticity of
‘item i’ ( 𝛾∗,𝑖 ) can be computed using historical price and demand data for ‘item i’.
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3.2 Baseline Forecast Component
Online e-commerce stores and traditional brick-and-mortar e-commerce stores have access to
huge volumes of past sales information which includes demand information for a variety of
items at varying price points. Hence for a particular ‘item i’ we have access to a multitude of
{price, demand} tuples:
({𝑝𝑟𝑖𝑐𝑒1 , 𝑑𝑒𝑚𝑎𝑛𝑑1 } , {𝑝𝑟𝑖𝑐𝑒2 , 𝑑𝑒𝑚𝑎𝑛𝑑2 } , … {𝑝𝑟𝑖𝑐𝑒𝑡−1 , 𝑑𝑒𝑚𝑎𝑛𝑑𝑡−1 })
Using the above historical demand information, the 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 can be computed
using some suitable parametric equation. Similarly, a forecast for 𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 can be generated
using the historical price information – this price forecast however needs to be checked and
corrected in necessary to ensure that it maximizes 𝑑𝑒𝑚𝑎𝑛𝑑𝑖,𝑡 (𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 ) or
𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑖,𝑡 (𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 ) .
Ideally the ‘price set for an item i’ should maximize the revenue generated by the ‘item i’ at
any time-period ‘t’.
One method for forecasting 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 using historical demand data is -- by giving
recent historical demand data more importance than older historical demand data – this can
be modelled using the below equation:
0

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 = 𝑐0 + ∑ 𝛽 𝑡−𝜏 ∗ 𝑑𝑒𝑚𝑎𝑛𝑑𝑖,𝜏 + 𝜀𝑡
𝜏=𝑡−1

In the equation 𝑐0 can be a small constant in the range {0.1, 0.2}, 𝛽 can be a value which
gives lesser weight to a historical demand point, based on how farther away it is from the
current time period – It can be a value in the interval {0,1} like 0.5. 𝜀𝑡 is the probability
density function value of a standard normal distribution at any specific point on the curve and
acts as an error term associated with a baseline forecast at time ‘t’.
3.3 Price Elasticity
Each ‘item i’ in a ‘basket B’ has an associated price elasticity. To determine the price elasticity
of an ‘item i’ we need to create a linear model featuring the price, demand and baseline
forecast information of ‘item i’. The equation
𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 𝛾
𝑑𝑒𝑚𝑎𝑛𝑑𝑖,𝑡 (𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 ) = (𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 ) ∗ ((
) ∗,𝑖 )
𝑝𝑟𝑖𝑐𝑒𝑖,𝑡−1

can be approximated to
𝑑𝑒𝑚𝑎𝑛𝑑𝑖,𝑡 (𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 ) = (𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 ) + ((𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 − 𝑝𝑟𝑖𝑐𝑒𝑖,𝑡−1 ) ∗ (𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 ∗ 𝛾∗,𝑖 /𝑝𝑟𝑖𝑐𝑒𝑖,𝑡−1 ))

The above equation shows a regression relationship between historical demand and historical
elasticity data. Either the Ordinary Least Squares (OLS) or Robust Least Squares (RLS) approach
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can be used to estimate elasticity of a particular item. However, one has to note that price of
an ‘item i’ at ‘time t’ needs to be different from the price of an ‘item i’ at ‘time t-1’ for the
regression relationship to hold good. In case historical information of price elasticities exists at
distinct price points, then price elasticity estimation becomes easier. However, in reality for
many e-commerce products, the number of distinct price points across a series of timeperiods could be as low as five or even less in some extreme cases – Hence estimating price
elasticity using historical data, is a bigger challenge compared to demand estimation using
historical data – as the problem of data sparsity needs to be tackled in an effective manner.
3.4 Optimization Component
The most complicated aspect of the demand modelling system is the optimization component
and this varies based on the underlying algorithm. A Passive/static algorithm would have a
simpler optimization component compared to an active algorithm. The optimization
component of the demand modelling system is its most critical part and one which often
singlehandedly determines the extent to which the demand modelling component can set the
right prices for multiple items in a basket, on a particular day, by predicting the revenue (or)
demand maximizing price set for the basket.
Let 𝑝𝑟𝑖𝑐𝑒𝐵𝑎𝑠𝑘𝑒𝑡 = [𝑝𝑟𝑖𝑐𝑒1 , 𝑝𝑟𝑖𝑐𝑒2 , … ., 𝑝𝑟𝑖𝑐𝑒|𝐵| ] be the optimal price basket.
The revenue maximizing equation (MAX-REV optimization problem) -- which we are supposed
to solve is listed below (Equation 1):
𝑝𝑟𝑖𝑐𝑒𝑡,𝐵𝑎𝑠𝑘𝑒𝑡 = (arg 𝑚𝑎𝑥𝑝𝑟𝑖𝑐𝑒𝐵𝑎𝑠𝑘𝑒𝑡

∑
𝑖𝜖𝐵𝑎𝑠𝑘𝑒𝑡

2
(𝑝𝑟𝑖𝑐𝑒𝑖,𝑡
∗ 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 ∗ 𝛾∗,𝑖 )
)−
𝑝𝑟𝑖𝑐𝑒𝑖,𝑡−1

(𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 ∗ 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 ∗ 𝛾∗,𝑖 ) + (𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 ∗ 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 )

3.4.1 Passive Algorithm

Let us first look at the passive algorithm for demand modelling which uses ARIMA model to
forecast prices and price elasticities based on historical data. The algorithm for the passive
dynamic pricing engine is as listed below:
Algorithm 1: Passive Dynamic Pricing Engine (MAX_REV_PASSIVE)
Input: A basket B, and time period T over which we intend to maximize
cumulative revenue
• For 𝑡 ← 1 𝑡𝑜 𝑇 do:
o For each item 𝑖 𝜖 𝐵𝑎𝑠𝑘𝑒𝑡 calculate their demand forecasts using the demand
forecaster.
o For each item 𝑖 𝜖 𝐵𝑎𝑠𝑘𝑒𝑡 calculate their price elasticities 𝛾∗,𝑖 using ARIMA.
o Solve the MAX-REV optimization problem, shown in Equation (1) to obtain the
revenue 𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑡 .
• End
3.4.2 Active Algorithm

For going ahead with the Active Algorithm, we need to introduce a Gaussian Prior on the
elasticity vector as shown below (Equation 2):
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𝜋0 (𝛾∗ ) = 𝑁(𝜇0 , ∈0 )
Here 𝜇0 is the mean vector of elasticities of the base dataset, using which we project
revenues into the future; and ∈0 is the covariance matrix which can be defined as ∈0 = 𝑐𝐼
where ‘c’ is an appropriate constant in the range {0,1} and ‘𝐼 ′ is the identity matrix. ‘c’ should
be set adequately to perform exploitation. For demonstration purposes the value of ‘c’ is set
to 0.15.
We now define a vector 𝜃𝑡 as a vector comprising of all 𝜃𝑖,𝑡 equal to (Equation 3):
𝜃𝑡,𝑖

2
𝑝𝑟𝑖𝑐𝑒𝑖,𝑡
∗ 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡
=(
) − (𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 ∗ 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 )
𝑝𝑟𝑖𝑐𝑒𝑖,𝑡−1

We define another matrix (Equation 4) as:
𝜃𝑡 ∗ 𝜃𝑡𝑇
+ λ𝐼
𝜎2
In Equation 4, λ is a small positive constant. For demonstration purposes the value of λ is set
to 0.18.
𝑀𝑡−1 =

We constantly need to update the mean vector and covariance matrix of the gaussian prior
vector after each prediction as below (Equation 5 and Equation 6):
𝑚𝑒𝑎𝑛 𝑜𝑓 𝑏𝑎𝑠𝑘𝑒𝑡

−1
−1 −1
𝜇𝑡 = ((∈−1
𝑡−1 + 𝑀𝑡 ) ) ((∈𝑡−1 ∗ 𝜇𝑡−1 ) + ((

𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑡 − 𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑡
𝜎2

) ∗ (𝜃𝑡 )))

−1 −1
∈𝑡 = (∈−1
𝑡−1 + 𝑀𝑡 )

After updating mean vector and covariance vector in the above fashion, we can recompute
the new gaussian prior as listed below (Equation 7):
𝜋𝑡 (𝛾∗ ) = 𝑁(𝜇𝑡 , ∈𝑡 )
In every iteration we sample the price elasticities from the gaussian prior shown in Equation 7
– We only accept those price elasticities which are lesser than -1.
With all the notations in place now let us look at the algorithm for the active dynamic pricing
engine:
Algorithm 2: Active Dynamic Pricing Engine (MAX_REV_ACTIVE)
Input: A basket B, and time period T over which we intend to maximize
cumulative revenue
• Choose an initial price elasticity vector 𝛾∗ randomly where all values of 𝛾∗ are lesser
than -1.
• Initialize the gaussian prior on the above elasticity vector 𝜋0 (𝛾∗ ) as described in
Equation 2, above.
• For 𝑡 ← 1 𝑡𝑜 𝑇 do:
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o Keep sampling from 𝛾𝑡 → 𝜋𝑡−1 till all components of 𝛾𝑡 are lesser than -1.
o For each item 𝑖 𝜖 𝐵𝑎𝑠𝑘𝑒𝑡 calculate their demand forecasts using the demand
forecaster.
o Solve the MAX-REV optimization problem, shown in Equation (1) -- with
𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 , 𝑝𝑟𝑖𝑐𝑒𝑖,𝑡−1 and 𝛾𝑡 , obtained from solving the MAXREV optimization equation, to obtain the revenue 𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑡 .
•

End

3.4.3 Synthetic Data Generation Algorithm

We can run the MAX_REV_PASSIVE and MAX_REV_ACTIVE algorithms on both synthetically
generated and real-life datasets. To generate synthetic data another algorithm is listed below:
Algorithm 3: Synthetic Data Generation algorithm
Input: A basket B, containing B = ‘n’ items, a small constant 𝑐0 > 0, time period T and an
algorithm A (such as MAX-REV-ACTIVE or MAX-REV-PASSIVE)
• Choose an initial price elasticity vector 𝛾∗ randomly where all values of 𝛾∗ are lesser
than -1 but greater than -3.
• Set 𝛽 = 0.5, 𝑝𝑟𝑖𝑐𝑒𝑖,0 appropriately based on the kind of shopping basket you want to
create – set all values of 𝑑𝑒𝑚𝑎𝑛𝑑𝑖,0 randomly based on some limits and also set
𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,0 equal to 𝑑𝑒𝑚𝑎𝑛𝑑𝑖,0 . (The logic behind this is Baseline forecast can
only be derived when prior demand exists and there is no prior demand before period 0)

•

Initialize Baseline forecast array with 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,0 , demand array with
𝑑𝑒𝑚𝑎𝑛𝑑𝑖,0 and price array with 𝑝𝑟𝑖𝑐𝑒𝑖,0 .

•

For 𝑡 ← 1 𝑡𝑜 𝑇 do:
o Calculate the Baseline forecast for each item ‘i’ using the formula (Equation 8):
𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 = (𝑐0 ) + (∑0𝜏=𝑡−1(𝛽 𝑡−𝜏 ∗ 𝑑𝑒𝑚𝑎𝑛𝑑𝑖,𝜏 )) + (𝑒𝑟𝑟𝑜𝑟𝑡 )
o Use 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 and 𝛾∗,𝑖 & 𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 generated by algorithm A to
generate the demand vector for time period ‘t’ using the formula (Equation 9):
𝑝𝑟𝑖𝑐𝑒𝑖,𝑡

𝑑𝑒𝑚𝑎𝑛𝑑𝑖,𝑡 = 𝑀𝑎𝑥((𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 ∗ ((𝑝𝑟𝑖𝑐𝑒

𝑖,𝑡−1

)𝛾∗,𝑖 )) , 0) . (In some

exceptional case where the first part of the RHS term in equation 9, become less than zero –
the formula takes care of the situation)

o Add 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖,𝑡 to the Baseline forecast array.
o Add 𝑑𝑒𝑚𝑎𝑛𝑑𝑖,𝑡 to the demand array.
o Add 𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 to the price array.

•

o Observe the revenue 𝑅𝑒𝑣𝑒𝑛𝑢𝑒𝑡 generated by algorithm A and store it for
comparison.
End
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4. Results
Let us look at some results derived for some use-case datasets, which were used to compare
the performance of the ‘Passive Max-Rev’ and ‘Active Max-Rev TS’ algorithms, which were
described in the previous section.
4.1 Experiment 1
Initial Dataset was generated using the Synthetic Data Generation Algorithm described in the
previous section.
• Number of items in a Basket: 11
• Composition of price of items in basket: All items are in price range (10-20 price
units)
• Number of periods for which base dataset was created: 10 days
• Number of periods for which data was forecasted from the base dataset: 70 days
• Number of iterations: 10

Initial Price Dataset (Base)

Figure 1
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Initial Demand Dataset (Base)

Figure 2
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Initial Forecast Dataset (Base)

Figure 3
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Active Algorithm vs Passive Algorithm graph

Figure 4 - dotted line (Passive) and continuous line (Active)

In this case the active algorithm outperforms the passive algorithm, even though the price
points of all items in the basket are uniformly distributed in the range {10 to 20}.

4.2 Experiment 2
Initial Dataset was generated using the Synthetic Data Generation Algorithm described in the
previous section and was different from the one used in ‘Experiment 2’.
• Number of items in a Basket: 12
• Composition of price of items in basket: First item is in price range (5 – 15 price
units) | Items two to six are in price range (16 – 26 price units) | Items five to eight
are in price range (30-45 price units) | Items nine to 12 are in price range (48-70 price
units)
• Number of periods for which base dataset was created: 10 days
• Number of periods for which data was forecasted from the base dataset: 70 days
• Number of iterations: 20
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Initial Price Dataset (Base)

Figure 5
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Initial Demand Dataset (Base)

Figure 6
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Initial Forecast Dataset (Base)

Figure 7
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Active Algorithm vs Passive Algorithm graph

Figure 8 - dotted line (Passive) and continuous line (Active)

In this case it can be observed that the active algorithm consistently generates almost five
times the revenue generated by the passive algorithm, over a prediction period of seventy
days – Hence, active algorithm works effectively even when the price points of items in a
basket vary significantly.
4.3 Experiment 3
Ten price and demand points were taken from an E-commerce dataset (link:
https://www.kaggle.com/datasets/benroshan/ecommerce-data ).
• Number of items in a Basket: 10
• Composition of price of items in basket: Prices of items in the basket vary
significantly as they are taken from an e-commerce dataset.
• Number of periods for which base dataset was created: 10 days
• Number of periods for which data was forecasted from the base dataset: 60 days
• Number of iterations: 15
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Initial Price Dataset (Base)

Figure 9

Initial Demand Dataset (Base)

Figure 10
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Initial Forecast Dataset (Base)

Figure 11

Active Algorithm vs Passive Algorithm graph

Figure 12 - dotted line (Passive) and continuous line (Active)

It can be seen that for an e-commerce dataset, the active algorithm greatly outperforms the
passive algorithm (which is generating almost unchanged revenues even after 60 days). Hence
using the bandit algorithm (Thompson Sampling) can be recommended for actual e-commerce
datasets.
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5. Conclusions and Future Scope
From the experiments conducted in Section 4 it is clear that the active bandit algorithm based
on Thompson Sampling greatly outperforms the passive demand generation algorithm
whether:
• The price basket is comprised on items with price points in a defined range (or)
• The price basket is comprised of items with varying price points (or)
• The price basket is taken directly from an e-commerce firm’s historical demand and
price data.
The main reason for this is that in case of the passive demand generation algorithm,
elasticities are simply forecasted using historical values using some time-series model like
ARMA/ARIMA; whereas in the case of the active bandit algorithm which leverages Thompson
Sampling, elasticities are computed on a continuous basis by updating the Gaussian prior
(using latest forecasted optimal revenue). This clearly showcases the power of the active
algorithm.
Future investigations can include:
• Finding out the use-cases where the active bandit algorithm (Thompson Sampling),
underperforms compared to other datasets showcased above.
•

Instead of using revenue maximization as objective -- if ‘volume of sales’ is instead
used as an objective function then what would be the performance of active vs
passive dynamic pricing algorithms.

•

Testing the performance of other ‘Bandit Algorithms’ compared to the ‘Passive
Maximum Revenue Optimization Algorithm’.

•

Developing a framework for Regret Analysis, in an endeavor to better deal with
modelling demand under uncertainty.
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7. Appendix
The GitHub links for the code developed are listed below:
1. Revenue Optimization Passive vs Active for Synthetic Data:
https://github.com/HarideepakM/MAX_REVENUE_OPT_Passive_vs_Active/blob/m
ain/Max_Rev_Passive_vs_Active_main_Synthetic_Data.ipynb
2. Revenue Optimization Passive vs Active for Real Data:
https://github.com/HarideepakM/MAX_REVENUE_OPT_Passive_vs_Active/blob/m
ain/Max_Rev_Passive_vs_Active_main_Real_Data.ipynb
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