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2. Machine Learning is
everywhere
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The Bussiness
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Only Big Whales
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Buy options
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Problems for Advertisers

— Audience?
— Price to buy Ads?
— Content that shows to the audience”?

— When?

D
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Performance Advertising

« The right ad at the right time to the right user »
E Background Colours
all originals 1 !

#repreeentu‘-h
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How we earn money?

* Clients pay us per click, sale etc.

* We buys advertisements from publishers (google, facebook, etc.) in
cost of displays.

* We earns the difference: Click * Cost per click - Cost of displays

» Booking.com

Google

CPM CPC

criteol .
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ML is everywhere

* We use ML for:
— Bidding
— Campaign selection
— Look&Feel optimization
— Product recommendation

D
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Campaign selection

* Choose the best client for current user

ll

PRIGENNISTER

M

e Choose max estimated reward
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Bidding

e Estimate the real value of a display
* The estimated value (estimated cost per display) could be varied for
different bussiness model (CPC/CRO/COS/Target COS)

© Can Stock Photo - csp9046331

AlCamp N\ T EBELEARI T (i M)



Example: prediction CPM based on CPC in bidding

Publisher Client

Co 0816 —» zalando

Sl ’CI’itGO' —= »35UiSSes

—— Booking.com

facebook.

Buy ? E[CPM] > CPM

E[CPM] = E[NbClicks| * CPC
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Recommendation

* Choose the best (Click Rate, Conversion Rate, Estimated Sales Amount)
products to show in the banner

CarCGurus .

@ .2.0” BMW 3 Series 328i SULEV il .";'1'.-':
h i i <3 Save 52,304. Space gray metallic, 328i... 13
I | 4 Greatear i

> $53 500 EE

Blouson mix m.. Dnudnune cot.._ Asus, X551mav-  Hp 950x/351  Google Nex

E ppy. 2011 BMW 3 Series 328i xDrive

Tg,ggE ng,gE RlUE: 15.67. High Yield... Lte T, 32g,b
I8 save 54,181, Black sapphire metallic
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Content2vec: Unified product representation for recommender systems

- Collaborative Filtering and e o e
others informations T

» Reach a unified product
representation that gathers
all information available on
the products to enable us to |
do better recommendations. I Text

Embedding
Module

Tille: The Silmarilion
Description: ..

D
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Contextual Recurrent Neural Networks for Recommendation

* RNN with context information

Current item Predicted item
Recurrent Qutput
s s
[:] | / Update / Module | ﬂrﬂ
Context Next context
Sale, 01/08 Sale, 02/08
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Dynamic rendering optimization

* Choose the look&feel of the banner

ColorSet:
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Life Cycle

Hadoop cluster

Model learning
using distributed
algorithms

Online serving

Online Performance

Evaluation Offline Evaluation
(ABTest Analyses)

e
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Data

« Stored on Hadoop Distributed File System

 Raw data:
 Compressed json
 Different data sources: displays, clicks, sales, etc..

* Refined data:
* Produced by Hadoop jobs (cascading, scalding)
« Combine different data types
« Exported in Parquet (column based) to accelerate reading

D
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Offline Evaluation

An internal tool that replays Prod traffic from logs with
different prediction models

Target:
Evaluation of new models offline before going to AbTest
Advance investigation of production models

i unt | 4 B Validation start date | 20/04/2015 00:00 Validation duration (hours) 24

D
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Offline Evaluation: In metrics we trust

My ABTest: +10% RevExTac on the first 2 hours
Could we trust this improvement or is it just noise?

0.55% ~ +2.55%

=2 +087%

Computing confidence interval:

AlCamp N\ T EBELEARI T (i M)



Offline Evaluation: Simulation

As prediction will impact bidding, so the data we receive,
simulation of acquired data should be done.

Using counterfactual estimators

Bid with a gaussian bias
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Online Serving
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3 Billion displays per day
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* More than 1000 billions predictions made every day !

« Some displays need up to 400 call to prediction API

« =>must be very fast (50us)
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Online Performance Evaluation (ABTest analyses)

* All Product changes are validated by an AbTest (performance is everything)
* Realtime monitoring: to secure AbTest in realtime
* AbTest analysis Framework: to validate AbTest with deep insight and confidential interval

Populations
0 RefSmall 005
1 RefBig 0.4
0.50
Recommended Conclusion
Ref: (4 e . ®
POSItlve Clicks US_NYC Clicks US_NYC
Show/Hide metrics
A+0.41% 4 +151% A +0.26% A +1.66% A +3.43% A +1.74% 3 +0.87% 3 +061%
AbTest analysis Framework Realtime monitoring

aaaaaaaSSSESESESGEGE S S S G S S E S S G G G G S G S S E S E
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Lesson learned

* Quality data is important

 Use offline tests to tune models

» Use abtest to secure and evaluate changes

D
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Learning: Click prediction modelling

E|NbClicks| = P{Click}E[NbClicks|Click]

gl 1

1+e— W

(logistic) / (geometric)
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Learning: Logistic Regression

* The output model is a vector of weights : double[]

TS A

Fraag,, 1

of 3 &8 E 8 &2
L

Convex Optimisation Solvable with iterative Gradient Fast Prediction at runtime
Descent Algorithms (L-BFGS)
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Learning: Need for scale

Learning a model (click prediction):
Several days of data
Billions of samples (after sampling)
Millions of features

... and we have ~200 of them
(click/sales/... x DCs x ABTests)...

.. and we want to refresh as much as possible..

AlCamp N\ T EBELEARI T (i M)



Learning with hadoop

Mappers Parsing,
Transformation,

sampling, fllterlng

Cache'in Cache'in
Reducers: , sanl=aglels Synchro after , e OL
Iterative algorithm = h iterati » Iterative algorithm
(L-BFGS) cach iteration (L-BFGS)
Output:

e
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Learning: Some numbers

» ~ 1300 models/day

* Ingesting 596 TB/day

- Consuming 6310 CPU day/day
 Learning time: [10min; 3h]

- Refresh rate: [3h; 6h]
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Learning: Lesson learned

- Balance your data
* Hash
- Tradeoff: reactive vs stable

D
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