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DYNAMIC PRICING ALGORITHM REAL-WORLD APPLICATION

IDEA: If we face this problem using a single machine learning model, the learning complexity scales exponentially in the REAL-WORLD SETTING
Dynamic pricing refers to the number of thresholds, and cannot be addressed effectively in the presence of scarce data. A/B test involving ~ 300 products with ~ 300 kEuros of
practice of keeping pricing We decompose the problem of finding both volume thresholds and corresponding optimal prices in two sub-problems: turnover and ~ 83 kEuros of margin. The test is conducted
schedules dynamic in time. 1. Find the optimal average price for a given product without considering volume discounts. for 4 months in summer/fall 2021. The e-commerce special-
2. Build an adaptation scheme to obtain different prices for different volumes, whose (weighted) average is equal to the ists ask us to condsider 1 = 3 thresholds.

optimal price previously obtained.

We observe that

:
WHY THIS WORK? Optimal Price Estimation % 04 volume discounts
e E-commerce websites may face different kinds of users, 2 are fundamental,
both customers and businesses. S g given that most of
e Different kinds of users present different needs in terms p 2 the customers are
of item quantity. : i not loyal
0 { { { { { { { { {
100 0 2 4 6 8 10 12 14 16 18 20
e Business Customers Number of purchases
- 80- ®e oPrinate Customers -g Data-Driven (W
I A > Thresholds i l | RESULTS OVERVIEW
) = t1 :
2 2 - el l {, —————————————— T~ . We improve the performance of set A of 55% w.r.t. the set B
= Q
= an) A ; : | 400
= = Basket 5 - Thresholds 5 I | P ZtA | Test sot
: > ITractions > Fractions > Pit . x| controlset | We register in set A
\ = Estimation Estimation | ! : D .
300 400 500 | e e | Z 200 - the 47% of products
Basket Value Data-Driven | . P2t o D3 | S which increse their
. o I : : ..;4 .
e The kind of user the website will face is not known a priori. Buyback ! > : ot | = turnover, against
e We want to propose different prices for different volume Egggggﬁgn | | 0 the 25% of set B
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OPTIMAL PRICE ESTIMATION
SETTING AND GOAL VOLUME DISCOUNTS EFFECT
e We want to find the optimal price p; for every product inde-
SETTING pendently P PHEE Pt b The average discount applied for the algorithm are 10% for
e We want to price the products independently. . . - _— S Y OT UME DISCOUNTS T EARNING the second volume interval and 20% for the third one.
 We consider a setting in which only transaction data are ® foreacht m_t e past, we compute the total volumes v; and the Product NG NG NG Aunit
available. average price p, e We want to find n thresholds, and define the re- roduc & b2 Ps untes
 The demand curve is assumed to be monotonic in price. e Volume curves 0(p,t) are generalized using Bayesian Linear lated prices 1 32%  +10%  +22% +63%
COAL Rle.egressml(:1 from grlce (p) arclld time (t1)° related features to gener- e The idea of volume discount is to present a vol- 2 -262/0 +250% +1Oéo +43Z/0
At each time 7. find: alize over demand curve and seasonality ume discount policy which is build on top of the 3 '150 /o +40/ © +110/ ° +110/ °
' ' . e Price-related features are selected to be monotonic non- optimal price p; computed so far 4 -5% +1%  +4% +14%
e aset of volume thresholds w; := w1, ..., wy| € N . o thei ot distributi h i » M 10 59, 0% 959 33
* aset of prices p; := [p1¢,...,Pyt) € P ;I;C;‘Ie)iingl eir weight distributions are chosen with a positive e The main assumption is about users’ need: can -17.07%  +1U%  +J.07 || 3570
100 B . . e e
g e At a given time T, we can fix time-related feature, and sam- the need for a given item over time is fixed CONCLUSIONS AFTER THE A /B TEST
= 80- le usi Th S line-lik h A and can be satified in one or more purchase . _
> pleusinga 1hompson samping-like approach d cCutve vrs (P, 7) e After the A/B test, the e-commerce website decide to
5 00~ binding pricing and volumes — after the first purchase, a customer can full- adopt the solution.
igo 10 - e We estimate the best average price p* € arg max (p—c)-ors(p, 7) fill its need buying from us or thanks to a * The dynamic pricing algorithm is now pricing over 1200
& pEP competitor products for a total turnover of 1.5 MEuros.
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