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Affinity Matching  › Height difference

Prob(	
  	
  	
  	
  	
  	
  	
  ) 4	
  -­‐	
  8	
  in

cm



Affinity Matching  › “Attractiveness”

Prob(	
  	
  	
  	
  	
  	
  	
  )



Affinity Matching  › Photo features



Affinity Matching  › Photo features



Affinity Matching  › Photo features



25% -­‐1%-­‐1% -­‐24% 20% 13%

9% -­‐5%-­‐5% -­‐27% 7% 0%9% -­‐5%-­‐5% -­‐27% 7% 0%

-­‐12% -­‐21%-­‐21% -­‐42% -­‐19% -­‐23%

19% 0%0% -­‐28% 28% 10%

9% -­‐11%-­‐11% -­‐35% 11% 44%

Affinity Matching  › Food preference



25% -­‐1%-­‐1% -­‐24% 20% 13%

9% -­‐5%-­‐5% -­‐27% 7% 0%9% -­‐5%-­‐5% -­‐27% 7% 0%

-­‐12% -­‐21%-­‐21% -­‐42% -­‐19% -­‐23%

19% 0%0% -­‐28% 28% 10%

9% -­‐11%-­‐11% -­‐35% 11% 44%

Affinity Matching  › Food preference













Affinity Matching  ›

~40M	
  registered	
  users

~10^7	
  matches	
  per	
  day

~10^3	
  a5ributes

...

...

Prob(          | data)

?
~10^8	
  daily

Prob(          | features)



Affinity Matching  ›

~40M	
  registered	
  users

~10^7	
  matches	
  per	
  day

~10^3	
  a5ributes

...

...

Prob(          | data)

?
~10^8	
  daily

Prob(          | features)

Unsupervised	
  features
(LDA,	
  classifiers)

Constructed	
  features



Affinity Matching  ›

~40M	
  registered	
  users

~10^7	
  matches	
  per	
  day

~10^3	
  a5ributes

...

...

Prob(          | data)

?
~10^8	
  daily

Prob(          | features)

Unsupervised	
  features
(LDA,	
  classifiers)

Constructed	
  features

L1	
  regulariza)on
transfer	
  learning
holdout	
  valida)on
subsampling
calibra)on



1TB RAM

RStudio server

genetic algorithms

YARN cluster

vowpal wabbit



Vowpal Wabbit (aka “vee-dub”)

multiclass LDAmulti
label

Contextual Bandit Top-k 
recommender

Matrix 
factorization

logistic squared hinge

Binary classifier

active 
learning

AllReducequantile
(skip) ngrams
hashing trick
quadratic, cubic

NN
SEARN

fast online learner

github.com/JohnLangford/vowpal_wabbit
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Modeling: Maestro

UserMatchCommunica)on

feature	
  expansion

Sparse	
  
ML	
  format

models
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Model	
  parameters
features
weights
tree	
  splits

Calibra)on	
  Spline

DSL



Affinity Matching: Scala DSL

“same_religion”:”${user.profile.religion}=={cand.profile.religion}”

“cmp_drinking”:”cmp(${user.profile.drinking},{cand.profile.drinking})”

<

“strict_distance_u”:”${user.profile.accepted_distance}<={pairing.distance}”
60miles



750M	
  Compressed
Protocol	
  Buffers

Production: Spring Conductor

Map-­‐side	
  joins
(TB)

Matching	
  User	
  Serice

Pairings	
  Browser	
  Service

1+G	
  Compressed	
  Protocol	
  Buffers	
  

Scorer
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Production: User Activity Service

User
Ac)vity
Service

10K	
  events/s

Matching
User

Service
~5ms	
  response

Event	
  Listener
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Delivering the right matches at 
the right time to as many people 
as possible across the entire 
network.

Compatibility Matching System®
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Match Distribution  › Graph optimization
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2005 2007 2009

542
eHarmony Members
Married Every Day
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Since	
  2005,	
  about	
  1	
  in	
  3	
  couples	
  
who	
  have	
  married	
  in	
  the	
  US	
  

have	
  met	
  online	
  (35%)

eHarmony Results  ›

*	
  according	
  to	
  survey	
  of	
  couples	
  married	
  between	
  2005-­‐2012	
  by	
  Harris	
  InteracFve	
  for	
  eHarmony

The eHarmony Impact



The	
  largest	
  number	
  
of	
  marriages	
  surveyed	
  

who	
  met	
  via	
  online	
  da)ng	
  
had	
  met	
  on	
  eHarmony	
  (25%)

eHarmony Results  › The eHarmony Impact
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  according	
  to	
  survey	
  of	
  couples	
  married	
  between	
  2005-­‐2012	
  by	
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  InteracFve	
  for	
  eHarmony



Rates of breakup or divorce

0%

2.0%

4.0%

6.0%

8.0%

eHarmony All Other Online Offline

*	
  according	
  to	
  survey	
  of	
  couples	
  married	
  between	
  2005-­‐2012	
  by	
  by	
  Harris	
  InteracFve	
  for	
  eHarmony



Rates of breakup or divorce

0%

2.0%

4.0%

6.0%

8.0%

eHarmony All Other Online Offline

*	
  according	
  to	
  survey	
  of	
  couples	
  married	
  between	
  2005-­‐2012	
  by	
  by	
  Harris	
  InteracFve	
  for	
  eHarmony

linkedin.com/in/petricek

bit.ly/jobateharmony


