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Evolution of Revenue Management Models

Quantity-Based (80’s)

Demand for a product is captured by an exogenous random variable
Control through capacity allocation decisions

Price-Based (90’s)

Price charged for a product shapes the demand for the product
Control through pricing decisions

Choice-Based (00’s)

Customers choose and substitute among offered products
Control through assortment decisions
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N : Set of products
r. : Revenue of product i
¢i(S) : Choice probability of product i from assortment S

max { > i(S) fi}
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Dynamic Assortment Optimization

EeEREnERN

N : Set of products
. Revenue of product i

¢i(S) : Choice probability of product i from assortment S
x; : Remaining inventory of product i

i

Vilx) = max. { ; 6i(S) {1+ Vira(x—e)f + {1- 3 6:(9)} vm(x)}

ieN

N(x)={ie N:x; >0}
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Static Assortment Optimization

Multinomial logit, Markov chain choice models

Dynamic Assortment Optimization

Linear programming-based policies
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Multinomial Logit Model

N : Set of products
r. : Revenue of product i
vi : Preference weight of product i

If we offer assortment S, then a customer chooses
product i with probability

¢i(S) =

Vi
1+ yesve
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N : Set of products
r. : Revenue of product i
vi : Preference weight of product i

If we offer assortment S, then the expected revenue
from a customer is

Rev(S) = Z ri
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N : Set of products
r. : Revenue of product i
vi : Preference weight of product i

If we offer assortment S, then the expected revenue
from a customer is
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Multinomial Logit Model

N : Set of products
r. : Revenue of product i
vi : Preference weight of product i

Z' Fi vi
max i€S
SCN | 1+ Zies Vi



Optimal Assortment Through Dual Formulation
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Mixture of Multinomial Logit Models

~:<: kc.b‘j Z i

. Set of customer types

. Set of products

. Revenue of product i

. Market share of customer type j

. Preference weight a customer of type j attaches to product i

If we offer assortment S, then a customer of type j
chooses product i with probability

V,'j
1+ es Ve
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Mixture of Multinomial Logit Models

. Set of customer types

. Set of products

. Revenue of product i

. Market share of customer type j

. Preference weight a customer of type j attaches to product i

~:<: kc.b‘j 2 i

If we offer assortment S, then the expected revenue
from a customer of type j is
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. Set of customer types

. Set of products

. Revenue of product i

. Market share of customer type j

. Preference weight a customer of type j attaches to product i
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factor of 1/m



Assortment Optimization with Multiple Customer Types

mixture
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Markov Chain Choice Model

V, : Optimal expected revenue from a customer arriving
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V, : Optimal expected revenue from a customer arriving
with the intention to purchase product i
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JEN

optimal assortment optimal expected revenue
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Markov Chain Choice Model

V, : Optimal expected revenue from a customer arriving
with the intention to purchase product i
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N : Set of products

T : Number of time periods in the selling horizon

r. . Revenue of product i

¢; : Initial inventory of product i

S) : Choice probability of product i from assortment S
x; : Remaining inventory of product i

ieN

N(x)={ie N:x; >0}
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EeEREnERN

N : Set of products

T : Number of time periods in the selling horizon

r. . Revenue of product i

¢; : Initial inventory of product i

S) : Choice probability of product i from assortment S
x; : Remaining inventory of product i

ieN

opt = Vl(C) N(X) = {i e N:x; > O}
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z(S) : Total expected number of times assortment S is offered

max Z Z ri 9i(S) z(S)

SCN i€S
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z(S) : Total expected number of times assortment S is offered

max Z Z ri 9i(S) z(S)

SCN i€S

st qu,-(S)z(S) < ¢ VieN

SCN

primal policy

At each time period in the selling horizon, offer assortment S
with probability z*(S)/ T



Linear Programming Approximation

z(S) : Total expected number of times assortment S is offered

max Z Z ri 9i(S) z(S)

SCN i€S

st qu,-(S)z(S) < ¢ VieN

SCN

primal policy

At each time period in the selling horizon, offer assortment S
with probability z*(S)/ T

Total expected revenue of primal policy is at least

1 | min 1
max _,1_“ogc — opt
4 Cmin Cmin




References

Linear programming approximation

Gallego, lyengar, Phillips, Dubey (2004), Managing flexible products on a network

Liu, van Ryzin (2008), On the choice-based linear programming model for network revenue management

Kunnumkal, T (2008), A refined deterministic linear program for network revenue management with customer choice...
Zhang, Adelman (2009), An approximate dynamic programming approach to network revenue management with...
Meissner, Strauss (2012), Network revenue management with inventory-sensitive bid prices and customer choices
Tong, T (2014), On the approximate linear programming approach for network revenue management problems
Vossen, Zhang (2015), Reductions of approximate linear programs for network revenue management

Zhang, Samiedaluie, Zhang (2022), Product-based approximate linear programs for network revenue management

Asymptotically optimal policies

Gallego, van Ryzin, (1994), Optimal dynamic pricing of inventories with stochastic demand over finite horizons

van Ryzin, Talluri (1998), An analysis of bid-price controls for network revenue management

Jasin, Kumar (2012), A re-solving heuristic with bounded revenue loss for network revenue management with customer...
Feng, Niazadeh, Saberi (2020), Near-optimal Bayesian online assortment of reusable resources

Ma, Simchi-Levi, Zhao (2021), Dynamic pricing (and assortment) under a static calendar

Bai, El Housni, Jin, Rusmevichientong, T, Williamson (2023), Fluid approximations revenue management under high...
Li, Rusmevichientong, T (2023), Revenue management under calendar-aware and dependent demand: Asymptotically...
Bai, El Housni, Rusmevichientong, T (2023): Coordinated inventory stocking and assortment personalization

Bid-price policies

Rusmevichientong, Sumida, T (2020), Dynamic assortment optimization for reusable products with random usage...
Ma, Rusmevichientong, Sumida, T (2020), An approximation algorithm for network revenue management under...
Baek, Ma (2022), Bifurcating constraints to improve approximation ratios for network revenue management with...
Manshadi, Rodilitz (2022), Online policies for efficient volunteer crowdsourcing

Dynamic substitution

Mahajan, van Ryzin (2001), Stocking retail assortments under dynamic consumer substitution

Honhon, Gaur, Seshadri (2010), Assortment planning and inventory decisions under stockout-based substitution

T (2013), Joint stocking and product offer decisions under the multinomial logit model

Honhon, Seshadri (2013), Fixed vs. random proportions demand models for the assortment planning problem under...
Goyal, Levi, Segev (2016), Near-optimal algorithms for the assortment planning problem under dynamic substitution...
Aouad, Levi, Segev (2018), Greedy-like algorithms for dynamic assortment planning under multinomial logit preferences
Aouad, Segev (2022), The stability of the MNL-based demand under dynamic customer substitution and its algorithmic...
Zhang, Ma, T (2023), Assortment and inventory planning under stockout-based substitution: The many products regime



Estimation

More sophisticated demand models

Replenishment opportunities

Dealing with replenishment costs as well as revenues
Shopping in multiple product categories



Estimation

More sophisticated demand models

Replenishment opportunities

Dealing with replenishment costs as well as revenues
Shopping in multiple product categories

A THEMATIC PROGRAM

ON STOCHASTIC
MODELING:

A FOCUS ON PRICING AND
REVENUE MANAGEMENT

Assortment optimization under logit variants
Markov chain choice model
Dynamic assortment optimization

International Series in
Operations Research & Management Science

Guillermo Gallego
Huseyin Topaloglu

 Management
ricing Analytics

@ Springer



