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Programmatic Advertising 
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Work		
with	Brand	

300 Million (US) consumer  
 

100 Billion 
bid requests per day 

Ad	
Exchange	

Measurement	

Conversion 
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Dstillery Data: 100 Billion events per day across devices 

buzzfeed.com 
3/20/16 

amazon.com 
4/11/16 

nytimes.com 
2/15/16 

50.240.135.41 

166. 216.165.92 

207.246.152.60 

108.49.133.218 

38.104.253.134 

208.76.113.13 

Mlb.com 
3/15/16 

Etrade.com 
4/25/16 

azure.microsoft.com 
4/10/16 

Zip 4  
10023-4592 

04/15/16 

Zip 4  
10023-6924 

04/20/16 

Zip 4  
10016-2324 

03/10/16 
03/14/16 

Web App 

Phone/Tablet 

Desktop 

Phone/Tablet 

com.mlb.atbat 
04/20/16 

com.rovio.angry 
02/26/16 

com.myfitnesspal.android 
3/25/16 
4/18/16 

IDFA 
31AB-26FC-
94AE-756B 
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Predicting events on pretty much everything 

buzzfeed.com 
3/20/16 

amazon.com 
4/11/16 

nytimes.com 
2/15/16 

50.240.135.41 

166. 216.165.92 

207.246.152.60 

108.49.133.218 

38.104.253.134 

208.76.113.13 

Mlb.com 
3/15/16 

Etrade.com 
4/25/16 

Zip 4  
10023-4592 

04/15/16 

Zip 4  
10023-6924 

04/20/16 

Zip 4  
10016-2324 

03/10/16 
03/14/16 

Web App 

Phone/Tablet 

Desktop 

Phone/Tablet 

com.mlb.atbat 
04/20/16 

com.rovio.angry 
02/26/16 

com.myfitnesspal.android 
3/25/16 
4/18/16 

IDFA 
31AB-26FC-
94AE-756B 

azure.microsoft.com 
4/10/16 
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SCALE? 
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Lets talk scaling? Most Limited resource? 
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Personally: Waiting for your model estimation sucks! 
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Tip of the iceberg … 
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World of Digital Advertising 

Automation beats scaling ML 
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Scaling the Solution, not the ML … 

Build/manage thousands of models with limited DS resources …  
•  All kinds of target/baserates:  

various types of conversion, click, viewability, video completion, store visits, purchases 

•  Typically low predictability 
•  Create additional model for new target with a flip of a switch in hours 
•  Manage the feature space and automate deployment 

 
Score ~200 Million examples daily against 10K models 
•  Less than 0.005 ms each 
 
Economic efficiency 
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DS Dashboard …  
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Automating Machine Learning 

Strategic ML Choices … 
 
 
 
 
 
 
 
Infrastructure  
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Automating Machine Learning 

Strategic ML Choices … 
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ML Strategy:  
robustness & interpretation beats peak performance 
•  Feature engineering 

•  Sparse binary or hostnames: easy to code all kinds of data 
•  ~100 Million (possible) features 
•  Stay ‘close’ to the raw data 
•  Hashing to ensure consistent feature space 
•  One MUST fit all … 

•  Algorithm 
•  Logistic regression (and some Naïve Bayes) 
•  Stochastic gradient descent 
•  Penalties & Heuristics for Learning Rate Estimate 
•  Constant refresh every ~3 days 
•  Stacking & Transfer Learning & Sampling 
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10	Million	Columns	

1-
50
K	
Po

si
<v

es
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Automating Machine Learning 

 
 
 
 
 
 
 
 
Infrastructure  
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Data Scientists 
•  Research 

Playground 

•  Efficient 
prototyping 
of new 
products 

Universal DataStore 
50 Trillion Record 
Consumer History 

Consumer 
Events: 

•  100B  Daily 
Events 

•  20+ data 
integrations  

•  Clickstream 

•  App usage 

•  Ecommerce 
sales 

•  Cash 
register 
sales 

•  Precise 
Location 

 

Consumer Event Logs 

Scoring System  
200 Million Devices Daily 

Scored against 10,000+ models 

Proprietary  
Augmentation  

Processes 
•  Crosswalk 
•  Homing 
•  Behavioral histories 
•  Location 

Machine 
Learning 
•  100% 

Automated 

•  Millions of 
features 

•  10,000 
models daily 

 

GeoSpatial 
Engine 

•  10M points 
of interest 

 EX
EC

U
TI

O
N

 L
A

YE
R

 

Pre 
Processing 
Layer 

•  Normalize 

•  Append 

•  Clean 

•  Primed for 
new Data 
Sources 

Extensible Rules 
Engine(proprietary 

software) 

•  Identify - events of 
interst 

•  Process - Define 
processes to invoke 

•  Store - route data to 
storage location 

Context 
Data: 
•  User 

•  Device 

•  Location 

•  URL 

•  IP 

Augmented 
Records 

•  Optimized 
for analysis 

•  Full 
consumer 
history 

•  Xx kb per 
record 

•  Customized 
for task 

 

Consumer Sensors Pipe 
Data Into .. 

Streaming Data Infrastructure Unlocking Access to 50 Trillion record Consumer 
History.. 

Empowering 
Scientists & Machines 
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Consumer Events Data 

•  Cleaning & consistent format 
•  Bot detection 
•  Appending contextual information 
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Sampler  

•  Extensible Rules Engine 
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Event Data Enrichment  



24	

Augmented Event Data (Json) 

Data describing current event.   Time, IP, etc. EventData 

GeoData 

DeviceData 

VisitData 

ScoresData 

LinkedData 

SegmentData 

Info derived from precise physical location. 

All data regarding the event device,  including historical observations. 

List of historical visits by this device. 

Thousands of propensity scores from the Dstillery machine learning system. 

List of linked devices as well as list of linked visits. 

Segments historically stored against device, as well as segments derived 
from all of the above augmented features. 
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DS Dashboard …  
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THE	PREDICTABILITY	PREDICAMENT:		
BEWARE	WHAT	YOU	ASK	FOR!	
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“Icing” on top of the Ice Berg? 
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How ‘predictable’ is a predictive modeling task? 
(given the data) 

Random Deterministic 

Sexual  
Orientation 

Pizza for   
Dinner? 
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For now let’s try to predict who is male … 
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Predicting Probability (Male)  in Facebook  

Data: 
Facebook public dataset with 200K 
anonymized users, their 
demographics and their likes 

  

Methodology: 
Logistic regression on sparse 
representation  

00000d41ed774823fca142945ec915c0,1,,,,,,,,,,,en_GB,,
00000dee02d70cf8c0d79f96b6d1c59d,0,,,,,,,,,,,en_US,,
00000f232abfe25a80156fe069395460,0,1992,20,2,2,,,,,,,,19,-5
00000f4ba0cff946b1c0e3b051287ede,0,1993,19,2,,,,,,,,en_US,310,8
0000130571654e3afaa62f4e9d2e4f63,0,,,2,2,,,,,,,en_US,193,7
00001544469ae9b408869a463a1dd77a,1,1984,28,2,,,,,,,,en_US,,-4

00001544469ae9b408869a463a1dd77a 100198443380917
00001544469ae9b408869a463a1dd77a 100248613695
00001544469ae9b408869a463a1dd77a 10050726267
00001544469ae9b408869a463a1dd77a 101021248409
00001544469ae9b408869a463a1dd77a 101054236602446
00001544469ae9b408869a463a1dd77a 101425333232551
00001544469ae9b408869a463a1dd77a 10148199466
00001544469ae9b408869a463a1dd77a 10150154095435553
00001544469ae9b408869a463a1dd77a 10161539667
00001544469ae9b408869a463a1dd77a 101844593108
00001544469ae9b408869a463a1dd77a 101936079845392
00001544469ae9b408869a463a1dd77a 101987301816
00001544469ae9b408869a463a1dd77a 102038567018
00001544469ae9b408869a463a1dd77a 102040023230884
00001544469ae9b408869a463a1dd77a 10212595263
00001544469ae9b408869a463a1dd77a 102168219824412
00001544469ae9b408869a463a1dd77a 1022548733

40% Men 
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Take 1: Predict Gender Based on age … 
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Gender based on age: very little signal … 

Overall Accuracy:   60%  
AUC: 58% 

p(male|age) 
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Gender based on age: very little signal … 

Overall Accuracy:   60%  
AUC: 58% 

Target the 1% with highest 
probability: 
Accuracy:  75%  

p(male|age) 
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From small to bigger data … 
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Take 2: Gender based all your likes  
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Predict gender base on all likes: a lot of signal … 

 
Overall Accuracy:   83% 

Target top 1% 
Accuracy:  100%  

p(male|likes) 
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Progression: from age to all ‘likes’ 

75% 86% 100% 

100% 100% 100% 

Age 
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But what happens if your problem is a mixture of both? 

Random Deterministic 
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Models tend to go where the signal is … 

©	2013	Foster	
Provost	
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Witness a spike in human predictability .. 

2 weeks in 2012 

M
ed

ia
n 

5%
 L

ift
   

2x 
Death of  
free will? 
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Oddly predictive websites? 
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URL’s that are very predictive for more than 10 brands  

www.womenshealthbase.com 
www.filmannex.com 
www.ffog.net 
www.drugsnews.org 
www.menshealthbase.com 
www.dailyfreshies.com 
www.hark.com 
www.gossipcenter.com 
www.articletrunk.com 
www.411answers.com 
www.dailyrx.com 
www.all-allergies.com 
www.knowvehicles.com 
www.chinaflix.com 

www.parentingnewsstories.com 
www.wrestlingnewz.com 
www.gourmandia.com 
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Traffic Patterns Are ‘Non - Human’ 

website	1	 website	2	50%	

Traffic overlap of cookies from Bid Request 
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Web Site Percent Common Users 
www.youtube.com 55% 
www.weather.com 28% 
www.foxnews.com 23% 
www.imdb.com 22% 
www.ehow.com 22% 
www.latimes.com 20% 
www.washingtonpost.com 19% 
wiki.answers.com 18% 
abcnews.go.com 18% 
www.forbes.com 17% 
www.dailymail.co.uk 14% 
www.examiner.com 13% 
premiumweathersite1.com 11% 
www.politico.com 11% 
www.nydailynews.com 11% 
www.usatoday.com 11% 
www.slate.com 10% 
content.usatoday.com 10% 
www.nypost.com 9% 
www.npr.org 9% 

 What website am I? 
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Answer: nytimes.com 



What website am I?  
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Web Site Percent Common Users 
www.filmannex.com 96% 
www.ffog.net 93% 
www.drugsnews.org 93% 
menshealthbase.com 89% 
www.womenshealthbase.com 85% 
www.hark.com 85% 
womenshealthbase.com 81% 
www.articletrunk.com 81% 
411answers.com 78% 
www.dailyrx.com 74% 
www.all-allergies.com 70% 
knowvehicles.com 67% 
modernbaby.com 63% 
parentingnewsstories.com 59% 
www.thefutoncritic.com 59% 
www.gourmandia.com 59% 
www.gossipcenter.com 59% 
dailyfreshies.com 56% 
www.greeting-cards.com 56% 
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Answer: hiphophavoc.com 





Boston Herald 
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Bots are executing conversion events 

 
• ‘Cookie Stuffing’ increases the value of the ad for  retargeting 
• Messing up Web analytics … 
• Messes up my models because a bot is easier to predict than a human 
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Percent bot traffic on conversion metrics 



57	

Two populations surfing the we: Bot vs. Human 

36% 

2015	
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Random Deterministic 
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Bot activity has more signal – higher predictions 
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Eliminate labels generated by bots ….  

60	

3 more weeks in spring 2012 

Pe
rf

o
rm

a
n

c
e

 In
d

e
x 
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What about Clicks? 

“Measure of consumers 
interest in the product’ 
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Model learned when people click accidentally: 
Fumbling in the dark … 
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‘Optimizing Clicks …’  
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Accidental clicks are more predictable than intentional 

Model learns to predict the accidental much more easily than the 
intentional ones … 

I will only target  
clicks that are  
likely to happen  
accidentally but 
not randomly … 

accidental 

intentional 
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Finding good audiences for luxury cars? 
Predict dealership visits? 



67	67	

buzzfeed.com	
3/20/16	

amazon.com 
4/11/16 

nytimes.com 
2/15/16 

50.240.135.41 

166. 216.165.92 

207.246.152.60 

108.49.133.218 

38.104.253.134 

208.76.113.13 

Mlb.com 
3/15/16 

Etrade.com 
4/25/16 

Potterybarn.com 
4/10/16 

Zip 4  
10023-4592 

04/15/16 

Zip 4  
10023-6924 

04/20/16 

Zip 4  
10016-2324 

03/10/16 
03/14/16 

Web App 

Phone/Tablet 

Desktop 

Phone/Tablet 

com.mlb.atbat 
04/20/16 

com.rovio.angry 
02/26/16 

com.myfitnesspal.android 
3/25/16 
4/18/16 

IDFA 
31AB-26FC-
94AE-756B 

Browsing history of your neighbor who hacked your WIFI? 

?

?
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Potentially three populations in the location prediction 

•  People who are indeed at dealership 
and their history 

 
•  People who are somewhere close 

•  People who hacked into your WIFI 
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Identify people who will  
go to Mercedes dealerships 
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‘In the market’ signal 
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Real Estate 
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Fitness … 



73	

How much randomness can a model absorb? 

We will randomly switch the gender value for increasing percentages  

00000d41ed774823fca142945ec915c0,1,,,,,,,,,,,en_GB,,
00000dee02d70cf8c0d79f96b6d1c59d,0,,,,,,,,,,,en_US,,
00000f232abfe25a80156fe069395460,0,1992,20,2,2,,,,,,,,19,-5
00000f4ba0cff946b1c0e3b051287ede,0,1993,19,2,,,,,,,,en_US,310,8
0000130571654e3afaa62f4e9d2e4f63,0,,,2,2,,,,,,,en_US,193,7
00001544469ae9b408869a463a1dd77a,1,1984,28,2,,,,,,,,en_US,,-4

00000d41ed774823fca142945ec915c0,0,,,,,,,,,,,en_GB,,
00000dee02d70cf8c0d79f96b6d1c59d,0,,,,,,,,,,,en_US,,
00000f232abfe25a80156fe069395460,1,1992,20,2,2,,,,,,,,19,-5
00000f4ba0cff946b1c0e3b051287ede,0,1993,19,2,,,,,,,,en_US,310,8
0000130571654e3afaa62f4e9d2e4f63,1,,,2,2,,,,,,,en_US,193,7
00001544469ae9b408869a463a1dd77a,1,1984,28,2,,,,,,,,en_US,,-4
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Performance is surprisingly stable even under random noise 

Percent	original	labels		

60.00%	

65.00%	

70.00%	

75.00%	

80.00%	

85.00%	

90.00%	

95.00%	

100.00%	

100%	 75%	 50%	 25%	

Percent	Men	in	top	1%	
50%	original	labels		

25%	original	labels		
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Identify people who will go to Mercedes dealerships? 

My predictions might be better 
than my ‘ground truth’ 
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Where do we find frequent traveler? 
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What do you think  
indicates people going to JFK? 

URL	 Logis)c	Parameter	
www.iglesiaelfaroinc.org	 2.38	
www.jumpseatnews.com	 2.25	
www.bluelineprop.com	 2.21	
www.ktxdtv.com	 2.14	
www.southjefffootball.org	 2.1	
www.unitedafa.org	 2.09	
www.parliamenthouse.com	 2.07	
www.yunghova.com	 2.06	
www.interlinetravel.com	 2.03	
www.aclin.org	 2.03	
www.swissport.com	 2.03	
www.gcsanc.com	 2.01	
www.swacu.org	 2.01	
www.airlinepilotcentral.com	 1.97	
www.homotrophy.com	 1.97	
www.beggsfuneralhome.net	 1.94	
www.tvathleFcs.org	 1.92	
www.2shopper.com	 1.91	
www.nextmagazine.com	 1.91	
www.dailyjocks.com	 1.87	
www.pullzone.com	 1.87	
www.diamondoffshore.com	 1.86	
www.myerspolaris.com	 1.86	
www.ryandeyer.com	 1.86	
www.okllo.com	 1.84	
www.ifihadtochoose.com	 1.83	
www.ivoirmixdj.com	 1.83	
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URL	 Logis)c	Parameter	
www.iglesiaelfaroinc.org	 2.38	
www.jumpseatnews.com	 2.25	
www.bluelineprop.com	 2.21	
www.ktxdtv.com	 2.14	
www.southjefffootball.org	 2.1	
www.unitedafa.org	 2.09	
www.parliamenthouse.com	 2.07	
www.yunghova.com	 2.06	
www.interlinetravel.com	 2.03	
www.aclin.org	 2.03	
www.swissport.com	 2.03	
www.gcsanc.com	 2.01	
www.swacu.org	 2.01	
www.airlinepilotcentral.com	 1.97	
www.homotrophy.com	 1.97	
www.beggsfuneralhome.net	 1.94	
www.tvathleFcs.org	 1.92	
www.2shopper.com	 1.91	
www.nextmagazine.com	 1.91	
www.dailyjocks.com	 1.87	
www.pullzone.com	 1.87	
www.diamondoffshore.com	 1.86	
www.myerspolaris.com	 1.86	
www.ryandeyer.com	 1.86	
www.okllo.com	 1.84	
www.ifihadtochoose.com	 1.83	
www.ivoirmixdj.com	 1.83	
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URL	 Logis)c	Parameter	
www.iglesiaelfaroinc.org	 2.38	
www.jumpseatnews.com	 2.25	
www.bluelineprop.com	 2.21	
www.ktxdtv.com	 2.14	
www.southjefffootball.org	 2.1	
www.unitedafa.org	 2.09	
www.parliamenthouse.com	 2.07	
www.yunghova.com	 2.06	
www.interlinetravel.com	 2.03	
www.aclin.org	 2.03	
www.swissport.com	 2.03	
www.gcsanc.com	 2.01	
www.swacu.org	 2.01	
www.airlinepilotcentral.com	 1.97	
www.homotrophy.com	 1.97	
www.beggsfuneralhome.net	 1.94	
www.tvathleFcs.org	 1.92	
www.2shopper.com	 1.91	
www.nextmagazine.com	 1.91	
www.dailyjocks.com	 1.87	
www.pullzone.com	 1.87	
www.diamondoffshore.com	 1.86	
www.myerspolaris.com	 1.86	
www.ryandeyer.com	 1.86	
www.okllo.com	 1.84	
www.ifihadtochoose.com	 1.83	
www.ivoirmixdj.com	 1.83	
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URL	 Logis)c	Parameter	
www.iglesiaelfaroinc.org	 2.38	
www.jumpseatnews.com	 2.25	
www.bluelineprop.com	 2.21	
www.ktxdtv.com	 2.14	
www.southjefffootball.org	 2.1	
www.unitedafa.org    	 2.09	
www.parliamenthouse.com	 2.07	
www.yunghova.com	 2.06	
www.interlinetravel.com	 2.03	
www.aclin.org	 2.03	
www.swissport.com	 2.03	
www.gcsanc.com	 2.01	
www.swacu.org	 2.01	
www.airlinepilotcentral.com	 1.97	
www.homotrophy.com	 1.97	
www.beggsfuneralhome.net	 1.94	
www.tvathleFcs.org	 1.92	
www.2shopper.com	 1.91	
www.nextmagazine.com	 1.91	
www.dailyjocks.com	 1.87	
www.pullzone.com	 1.87	
www.diamondoffshore.com	 1.86	
www.myerspolaris.com	 1.86	
www.ryandeyer.com	 1.86	
www.okllo.com	 1.84	
www.ifihadtochoose.com	 1.83	
www.ivoirmixdj.com	 1.83	



81	

URL	 Logis)c	Parameter	
www.iglesiaelfaroinc.org	 2.38	
www.jumpseatnews.com	 2.25	
www.bluelineprop.com	 2.21	
www.ktxdtv.com	 2.14	
www.southjefffootball.org	 2.1	
www.unitedafa.org	 2.09	
www.parliamenthouse.com	 2.07	
www.yunghova.com	 2.06	
www.interlinetravel.com	 2.03	
www.aclin.org	 2.03	
www.swissport.com	 2.03	
www.gcsanc.com	 2.01	
www.swacu.org	 2.01	
www.airlinepilotcentral.com	 1.97	
www.homotrophy.com	 1.97	
www.beggsfuneralhome.net	 1.94	
www.tvathleFcs.org	 1.92	
www.2shopper.com	 1.91	
www.nextmagazine.com	 1.91	
www.dailyjocks.com	 1.87	
www.pullzone.com	 1.87	
www.diamondoffshore.com	 1.86	
www.myerspolaris.com	 1.86	
www.ryandeyer.com	 1.86	
www.okllo.com	 1.84	
www.ifihadtochoose.com	 1.83	
www.ivoirmixdj.com	 1.83	
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Predict who goes to JFK? 

Random Deterministic 

People who 
work there … 
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Big	Picture?	
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Thank You! 

	
Claudia	Perlich	

Chief	Scien1st	
@claudia_perlich	


