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Largest Accommodation Marketplace

- 130,000+ global destinations

- 28 million listings

- 43 languages

- Terabytes of data every day

- 100+ Machine Learning Models 

Deployed

- 50+ Recommender Systems 

Deployed



Recs 
& other ML

Modelling Experimentation ConclusionMain 
problems



Three problems...

Multi-dimensional 
Item space

High Stakes Zero query

- Destination

- Dates

- Properties

- Rooms

- Policies

- No “undo” option

- Trips are expensive

- Maximize Trust

- Optimal 

shopping 

experience 

with minimal 

info



...Three more problems

Rich Content Continuous 
Cold Start

Supply 
Constraint

- Photos

- Descriptions

- Reviews

- Destination 

endorsements

- Etc

- Guests

- Properties

- Availability

- Finite

- Dynamic

- Price

- Dynamic
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What kind 

of recs?



Recommender Systems.

Destinations
Plain Recommendations

Autocomplete

Similar Destinations

Multi-city Trip Destinations

Nearby Destinations



Recommender Systems.

Accommodations
Default Ranking

Click History

Personalized Ranking

Similar/Different

Low availability



Recommender Systems.

More
Filters

Attractions

Districts

Room Types / Policies



What do we 

want to 

recommend?

Recommender Systems are Complex.

Target Item Audience Framing KPI Data Feedback

Who are we 

recommending 

for?

When?

What is the 

role of the 

recs?

How do we 

measure 

effectiveness?

What data are 

we going to 

use?

How do we 

define user 

satisfaction?



other ML?



Travel Preference



Travel Preference

Price

LocationQuality



Travel Context



Semantic Layer

Enables EVERYONE to introduce

- new features

- personalisation

- persuasion



User Interface Optimization 



User Interface Optimization



What about 

Supply?



Content Curation



Content Augmentation
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Modelling.
ML problem Ground Truth Data

Algorithm Design 
Feature & 
Model Selection



ML Problem Construction.
ML problem

Idea

Ground Truth Data

Algorithm Design Feature & 
Model Selection



Model Construction Challenges.

- User Base Impact 
- class proportion of binary classifiers

- Learning Difficulty
- Bayes error rate
- Ranking VS random/popular



Model Construction Challenges.

-Data to Concept Matching
- e.g. “Multi-leg” destinations 
- e.g. “nearby” destinations



Offline VS Business.
Selection Bias

SEARCH

BOOK

STAY

REVIEW

CLICK



Offline VS Business.

BOOK

STAY

REVIEW

Predict

Labels Family Trip ? y

CLICK

SEARCH
X

Selection Bias - Family Trip 



Offline VS Business.
Selection Bias

PROBLEM: high variance in the region of the feature 
space where labels are missing



Offline VS Business.
Selection Bias

PROBLEM: high variance in the region of the feature 
space where labels are missing

SOLUTIONS: 
- more data reduces the production sample variance



Offline VS Business.
Selection Bias

PROBLEM: high variance in the region of the feature 
space where labels are missing

SOLUTIONS: 
- more data reduces the production sample variance
- propensity modelled feature selection
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Modelling for product development.
ML problem

Idea

Ground Truth Data

Algorithm Design Feature & 
Model Selection

Experiment

Monitoring



Correlated Models.



Correlated Models.



Correlated Models.

- Larger Outer Spaces (e.g. multiclass / ranking)
- Observation space (experiment per user - prediction per search)
- Per-prediction impact (same model in different features)



Latency

Latency is Critical.

A very Important 

Commercial Metric

Another very Important 

Commercial Metric



Performance Impact.

Blocked experimentation



Offline metrics are just a Health Check.

Offline

Online
Relative Improvements



Offline

Online
Relative Improvements

Offline metrics are just a Health Check.



Evaluate Systems as a whole

Including the model, the UI, and the 

audience

Expose wrong intuitions

More clicks is better, is it?

Show Improvement Direction

Analysing experiment results we can get 

concrete ideas about what to do next

Discover Causal Effects

Experiments are the ultimate piece of 

evidence for causality

Run Experiments

Offline

Online
Relative Improvements

Offline metrics are just a Health Check.
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What Matters?



What Matters?

Time

Impact



Not only ML Matters.

Impact

Time

Work closely with User Researchers, Designers and Copywriters



ML & Experimentation
 can help bridge the gap 

UX - Data



Thank you!

Questions?

booking.ai

Themis Mavridis

themistoklis.mavridis@booking.com 

https://booking.ai
mailto:themistoklis.mavridis@booking.com

