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Machine learning in Al

Machine learning is a great way to build
models for Al systems.

Al system will influence its environment
=> training data no longer representative.
=> |earned knowledge not valid.

How do we correct for this effect?



Recommender Systems

Very popular research topic (conference with
over 500 participants)

Widely used in practice.

Gap between academic research:

— uses fixed datasets collected without
recommendation.

and actual application:

— recommendations influence behavior.



News Recommendation

Abarnez-vous & partir e 1€

= e Le POint Tech & Net

Politigue Intemational E: e Te et Culture Débats ces Santé Sports Lifestyle Vidé

- e
it 5 Tt o mmea ® Ke e p Fea d ers on t h e

Twitter et Google renforcent leur alliance -

s3  Twitter et Google remarcent beur
Le partenariat entre le réseau social et le géant internet permet aux - ] °
messages postés sur le premier d'apparaitre dans les résultats de TsHO?
recherche du second.
SOURCE AFP baid

THs4  LescOlés oscurs de Windows 0
A WHIg  Ahiey Ve dorndes
- :.:
dumeregenent v []

Vorr toute lactuslté en diect

ABONNEZ-VOUS A PARTIR DE 1€

Le réseau sockal americain tle geant mternet G ant etendu vendred

L]
o *
-
[ ]

un partenariat parmettant awx ges publes sur le p er dapparaltre dans les L]
résultats de recherche du second. Les premiers “tweets” avalent COmMence courant
mai & tre Inclus dans les résutats de Google Search quand la recherche etalt
effectuée depuis un smartphane. Cette pratique ='étend deésarmais aux recherches

faite deguss un orinaeus de burea Le Point

Ceda a &t confirme par Ln echange sur Twitter entre les deux sociees - "Hey Pour
@ewamer, tete pour la recherche chez nous. Rendez-voLs ardinateurs de

° [}
bureau 7, a ecrit le géant Internet sur son compte oificlel, tier a accepte - -
Fivtation =it Je sien en promettant " apROFter les tweets”, J'en profite b b r O W S I n b e h a V I O r
[ ]
ANEPAS MANQUER + ¥aria pege bourse
h 1] 453,020 ]
= ¢ oritnms tunea on
] 431,530
e o 520,020
Pour Cambadélis, Intempéries:12 La gaffe de Les sacrifiés du
une victoiredu  départements Spotify, trop réve chinois °
FNentrainerait  maintenus en curieux pour ses
un risque de vigilance orange utilisateurs ' l S e r e a V I O r
"guerre civile” [

‘ Soyez le premier a réagir

Hépitaux
et cl‘mlques

Ce service est réservé aux abonnés.

Déja zbonné ? Connactez-vous  Abonmnez-vous a partr de I€

©2017 Boi Faltings



Online vs. Offline

* Online behavior: user behavior when exposed
to recommendations.

— Separate online data for each algorithm.

e Offline behavior: user behavior without
recommendations.

— Independent of algorithm: one online data
collection allows testing many algorithms.

* |s offline a good proxy for online?



Accuracy Metrics

e Offline: predict what the user will read next.

— success@k = 1 when next viewed article is in the
recommended set of size k.

e Online: observe what the user clicks.

— Click-through rate (CTR) is the number of clicks on
recommended articles over the total number of
displayed recommendations.



Recommendation Algorithms

Recommend the most popular items.
Recommend random items.

Recommend preferred items, as learned from
user behavior
— here: context tree (CT)

— variable-order Markov model continuously
adapted to new observations.
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Cumulative Online CTR
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Is random really that good?

* How can random recommendations be as
good as the learning algorithm?

e Learning requires data => cannot work on
short traces.

* When too little data, approaches most
popular (common issue with recommenders).



Random stronger on short visits
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Most visits are very short
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How could we do better?

e Offline evaluation completely wrong, but
online evaluation much too costly for
optimizing recommender algorithms.

* Collect data with random recommendations
=> all sequences present in data.
=> shows reaction for any recommendation.



Random Recommendations

e Solution explored by Li et al. (2011):
— collect logs with random recommendations

— given browsing history p,..p,, find log sequences
p,..p, and recommend most likely next item x

— predict CTR for x from CTR in log
 Works for Yahoo home page: only 20 items.

 Doesn’t work for news: thousands of items;
random generation only shows a few of them.



Algorithm Selection and Tuning

1) Ofﬂine Eva|uaﬁ0n 2) Regression

Algorithm 1 Model for CTR

Algorithm 2
Algorithm 3 EValual‘ion Online
Algorithm 4 Metrics Test Ng

Algorithm n
al 3) Pick optimal algorithm & parameters
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Evaluation Metrics

Considered 17 metrics grouped into:

e Accuracy: is recommended item chosen?
* Diversity: dissimilarity of recommendations.
* Coverage: are all items recommended?

e Serendipity: unexpected and useful?

* Novelty: is recommendation long-tail item?



Online experiment to find user model

* Test a few recommendation strategies.

 Measure their success rate, CTR and
evaluation metrics.

* Feature selection using least angle regression:
— Regularizer to minimize number of features.

— Decrease multiplier of regularizer.

— Order features by when they enter model.



Building Regression Model

* Feature selection (Swissinfo):

First to enter Avg. entry value
(x std. dev.)

Diversity Personalization 2.53£0.65
Serendipity Serendipity 2.71+£0.58
Accuracy Markedness 2.82+0.76
Coverage Shannon Entropy 5.94 +0.80
Novelty Novelty 10.27 £ 2.77

e Accuracy is only the third most important
predictor!
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Online CTR prediction

* Given an algorithm:
— Measure performance metrics on offline data.
— Apply regression model to predict CTR.

* Quite accurate:
— RMSE around 0.5% of actual CTR
— At least 2x better than accuracy alone.
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Methodology

* Develop broader performance features
besides accuracy.

* Train model to predict online accuracy from
these features.

e =>optimize online performance with offline
data.



Conclusions

Challenge for using machine learning in Al:
Training data not representative of application

Cleanest: collect data with random actions.

Common: incremental deployment, maybe
with reinforcement learning.

Alternative: learn model to map offline
performance to online performance.



