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Problem Formulation

e Growth of e-commerce shift the way customers discover and engage with
products and services.
e Recommender systems provide personalized suggestions.

e Tendto rely on historical data.

Hence

e Struggle with new customers and items due to a lack of data.
e |eads to suboptimal recommendations

Focus on cold start problem in items only — in our case is the properties we suggest.



The Closed Loop Feedback

FEEDBACK
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OUR GOAL

Address the property cold start problem by
balancing two objectives:
e Increasing exposure for cold properties to
enable them to compete with existing listings.
e Ensuring customers see the most relevant
properties based on their specific search

criteria.
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Ranking System

e Deep Cross Networks - DCN for modeling complex

interactions

2,450 places 10 stay

e Embedding handling high-cardinality features in large-
scale systems

Catalonia Darcolona Plaza
s2.10 Relevant Features:

Marcedes Mentage Bast
Barcelona Apartments

e |temlID: unique id of the property

$1.342

& Coamo Apartments Sants

52478 e [temID CVR: conversion rate from impression to book of

item (for different time intervals)

Hotel Casa Fuster G.L
Moramento
B5% Whe 4

e Customer Context: search context of the customer: length

of stay, destination, device type etc.
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Multi-Funnel RS Architecture

Cold start funnel : Focus of
this presentation.




Cold Item & Cold Model

e Cold item definition:

o Properties in their first 30 days after

joining the platform
e Cold Model:

o  Similar features and architecture to the
main model while omitting itemID
embedding

o itemID CVR features are kept during
training, and replaced with an estimate
based on warm items during inference.

Cold Model Against Baselines

Evaluation data

NDCGE10
Cold Model
Relative to Main model

NDCGE@I0
Cold Model
Relative to least expensive

Cold reservations -

Cold supply

085 £ 1.04%

23% £ 1.6

All reservations -
fuall il.l:pp-h_r'

-0.9% + 0,037
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Deduplication Logic

e Cold item ranking
e Cold item - Main model

e Cold item - Cold model

e Maximum of boosted items =1

51 S . 0 -
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Experiment Design

First - Traveler Facing Experiment

e A/B Experiment: Half of travelers exposed to boosting, half are not.
e Hypothesis: Negative short-term impact on conversion rates expected.

Second - Supply Facing Experiment

e A/B Experiment: Half of cold properties are boosted, the other half are not.
e Hypothesis: This will increase long-term retention, outweighing the negative conversion
impact.
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Online Results - Traveler Experiment

Experiments Metrics
Traveler facing Conversion rate
Supply facing Cold properties with at least one booking

Retention rate

Value
-0.09% = 0.07%
Positive

Inconclusive
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Next Steps

Effect on retnetion rate

Effec
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Conversion rate uplift
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Limiting this boosting mechanism to less
sensitive customers can potentially reduce
boosting costs.
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Conclusion

e Problem:
o Balancing between traveller and property owners interests in a two sided marketplace.
e Approach:
o A multi-funnel Recommender System boosting personalized properties while controlling the
rate of this boost.
e Results and next steps:
o A move in the right direction but a desired balance is still not achieved yet
o Aroom forimprovement by :
m Focusing on properties that respond positively to increased exposure.

m Targeting customers who are less sensitive to properties without reviews.
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