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"Written by three experts in the field, Deep Learning is the only comprehensive book on the subject.” --
Elon Musk, cochair of OpenAl; cofounder and CEO of Tesla and SpaceX

Deep learning is a form of machine learning that enables computers to learn from experience and

5 understand the world in terms of a hierarchy of concepts. Because the computer gathers knowledge
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~ Read more
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Jerome H. Friedman, Robert Tibshirani, and Trevor Hastie. “The Elements of Statistical Learning” . Springer 2009.
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Koren, Yehuda. "Collaborative filtering with temporal dynamics. “ KDD 2009.
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Home Rules Leaderboard Register Update  Submit  Download

NETELIX

A Welcomel!

The Netflix Prize seeks to substantially
improve the accuracy of predictions about
how much someone is going to love a
movie based on their movie preferences.
Improve it enough and you win one (or
more) Prizes. Winning the Netfix Prize
improves our ability to connect people to
the movies they love

Read the Rules to see what is required to
win the Prizes. If you are interested in
p joining the quest, you should register a
fce¥nidBe m
A
startba ta u should also read the frequently-
ked guestions about the Prize. And
eck out how various teams are doing
on the Leaderboard.

Good luck and thanks for helping!
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u,v € R"¥ls, t € R™HEHE .

1. fu,s+t)=f(u,s)+ f(ut) 3. f(u,As) = Af (u,s)
2. flu+v,s)=f(s)+ f(v,s) 4. f(Au,s) = Af (u,s)

O ExiB BRI I E RIS F2RERR () , AJLUESIE

(u,s) + (u, t) 3. (u,As) = A{u,s)
(u,s) + (v, s) 4. (Au,s) = A{u, s)

T. Chen et al. Feature-based matrix factorization. arXiv:1109.2271
http://svdfeature.apexlab.org/wiki/images/7/76/APEX-TR-2011-07-11.pdf
Open source: http://svdfeature.apexlab.org/wiki/Main_Page
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ElF o (Factorization Machine)

d d-1  d
y(x) =wp + z wix; + z 2 (Vi, V)X X;
i=1 i=1 j=i+1

0 B1ME ( 93K ) FERIERMARD
O B MNELFEERSHERIE
O frE R EEEREF

O EEIERYEIRE

Steffen Rendle. Factorization Machines. ICDM 2010
http://www.ismll.uni-hildesheim.de/pub/pdfs/Rendle2010FM.pdf
Open source: http://www.libfm.org/
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ElFoEN (Factorization Machine)

Y(X) = wy + z wiX; + z 2 (Ui, Vj)XiXj

=1 j=i+1

O BEXI2H v, KBERNSRA HTEE  HIRET

d—1 d AKFERNEZX , Zs=1
. Ss=difSHIKF TR
A v (Z > <vz»vj>-’viwj) XF L RHER
1=1 j=i+1
d s—1
= Vo, ( Z (vs,v)T52; + Z(vi,vsm,-xs)
j=s+1 1=1
ST T Z riv,
Jj=s+1
= Ty Z L;V; — mgvs
1=1
Steffen Rendle. Factorization Machines. ICDM 2010 65

http://www.ismll.uni-hildesheim.de/pub/pdfs/Rendle2010FM.pdf
Open source: http://www.libfm.org/



ElFoEN (Factorization Machine)

d d—1 d
y(X) = Wy + Z Wi Xi + z 2 (Ui, U])XLX]
=1 =1 j=i+1
O _ECHEIEZEN0 (kd?) , BILMEINTIEH, | BEZEFZEO (kd)
d—-1 d 1 d d d
z Z <’Uq;,vj>£171j217j = 5 (Z Z(’vz‘,’vj>$z’$j — Z(w,m)ﬁ)
i=1 j=i+1 i=1 j=1 i=1
1 d d d
= 5 (Z Z(wivi7wjv]> o Z<w2’vﬂ xzvl>>
i=1 j=1 i=1
1 d d 1 d
e <Z :civi,ijvj> Z<xzvz>mzvz>
2 i=1 j=1 i=1
Lk d ) LA
=5 Z (Z ’Uz'lib‘z') = Z szzlx?
=1 1=1 =1 i=1

Steffen Rendle. Factorization Machines. ICDM 2010
http://www.ismll.uni-hildesheim.de/pub/pdfs/Rendle2010FM.pdf
Open source: http://www.libfm.org/
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SEISEER (reviewSIHERREARSHIITIE )

O fge
AUC Log Loss
Model Linearity , — : —
Criteo IPinYou Criteo IPinYou
Rgggg;;gn Linear 71.48% 73.43% 0.1334 5581 e-3
ractonization | g jinear | 72.20% 75.52% 0.1324 5.504e-3
DEZQ\/C‘;‘Q?' I'i\‘noer;'r 75.66% 76.19% 0.1283 5.443e-3
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Yanru Qu et al. Product-based Neural Networks for User Response Prediction. ICDM 2016.
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