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* Rendle S. Factorization Machines[C]. international conference on data mining, 2010.
* Rendle S. Factorization Machines with libFM[J]. ACM Transactions on Intelligent Systems and Technology, 2012, 3(3).
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Fig. 1. Example for sparse real valued feature vectors x that are created from
the transactions of example 1. Every row represents a feature vector x(%) with
its corresponding target y(%). The first 4 columns (blue) represent indicator
variables for the active user; the next 5 (red) indicator variables for the active
item. The next 5 columns (yellow) hold additional implicit indicators (i.e.
other movies the user has rated). One feature (green) represents the time in
months. The last 5 columns (brown) have indicators for the last movie the
user has rated before the active one. The rightmost column is the target —
here the rating.
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Fig. 2. FMs succeed in estimating 2-way variable interactions in very sparse
problems where SVMs fail (see section III-A3 and IV-B for details.)
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Figure 1: The spectrum of Wide & Deep models.

Cheng H T, Koc L, Harmsen J, et al. Wide & deep learning for recommender systems[C]//Proceedings of the 1st
Workshop on Deep Learning for Recommender Systems. ACM, 2016: 7-10.
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Figure 4: Wide & Deep model structure for apps
recommendation.

Table 1: Offline & online metrics of different models.
Online Acquisition Gain is relative to the control.

Model Offline AUC Online Acquisition Gain

Wide (control) 0.726 0% BEERNEEERE RS, WMOERE?
Deep 0.722 +2.9%

Wide & Deep 0.728 +3.9%

Cheng H T, Koc L, Harmsen J, et al. Wide & deep learning for recommender systems[C]//Proceedings of the 1st Workshop on Deep Learning
for Recommender Systems. ACM, 2016: 7-10.
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Figure 2: Factors in the factor model. Every cell
had its own factor matrices.

M. Jahrer, A. To scher, J.-Y. Lee, J. Deng, H. Zhang, and J. Spoelstra, “Ensemble of collaborative filtering and feature
engineered model for click through rate prediction,” in KDD Cup 2012 Workshop, ACM, 2012.
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Juan Y, Zhuang Y, Chin W, et al. Field-aware Factorization Machines for CTR Prediction[C]. conference on
recommender systems, 2016: 43-50.
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adUrlID - This is a property of the ad. The URL was
shown together with the title and description of an ad.
It was usually the shortened landing page URL of the
ad, but not always.

adID - The unique ID of an advertisement,
advertiserID - The unique advertiser 1D of the adID.
It is a property of the ad. Some advertisers might

produce more attractive advertisements than others.

depth - The number of ads displayed to the user in a
query session. The maximum depth is 3.

position - The position of the adID in & query session.
The maximum position is 3.

queryID - The unique ID of the query.

keywordID - A number representing a keyword used in
the ad.

titlelID - A number representing the ad title.

descriptionID - A number representing a description
of the ad.

userID - The unique ID of a user who conducts the
query.

Table 4: Models on raw upsampled data.

MODEL Qv Qa2 74t
BIAS MODEL 0.82719 0.82754 0.788
FACTOR MODEL 0.82989 (0.829394 0.7913

AFM MODEL 0.7673 0.7698 0.740
BAYESIAN MODEL 0.8430 0.8460 0.752
GBM 0.7860 0.7836 0.757
SV Mrer] 0.7961 0.7924 0.764
ANN 0.8012 0.8251 0.765

The bias model benefited greatly from an ID-specific learn-
ing rate and L2-regularization values. We found the values
in Table 3 by coordinate search. The optimized bias model
had leaderboard AUC = 0.78784.

M. Jahrer, A. To scher, J.-Y. Lee, J. Deng, H. Zhang, and J. Spoelstra, “Ensemble of collaborative filtering and feature
engineered model for click through rate prediction,” in KDD Cup 2012 Workshop, ACM, 2012.
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Juan Y, Zhuang Y, Chin W, et al. Field-aware

Factorization Machines for CTR Prediction[C].

conference on recommender systems, 2016:
43-50.

=3

Data Set | # instances # features # fields

. '
Criteo 45,840,617 10 39
Avazu 40,428,967 107 33
Model and implementation parameters “?:::;i ;:')m lo':llot::c s:tank gf‘il\;!’e s?ank
LM-SG n=02A=0t=13 527 | 0.46262 93 | 0.46224 91
LM-LIBLINEAR-CD s=Tc=2 1,417 | 0.46239 91 | 0.46201 89
LM-LIBLINEAR-Newton §=0,c=2 7,164 | 0.46602 225 | 0.46581 222
Poly2-SG n=02,A=008=10,t=10 12,064 | 0.44973 14 | 0.44956 14
Poly2-LIBLINEAR-Hash-CD | s =7,¢ =2 24,771 | 0.44893 13 | 0.44873 13
FM =005, A=2x10 ", k=40,t =8 2,022 | 0.44930 14 | 0.44922 14
FM 5 =005A=2x10"%k=100,t=9 4,020 | 0.44867 11 | 0.44847 11
LIBFM A =40,k = 40,t = 20 23,700 | 0.45012 14 | 0.45000 15
LIBFM A =40,k = 40,t = 50 131,000 | 0.44904 14 | 0.44887 14
LIBFM A= 40,k = 100,¢ = 20 54,320 | 0.44853 11 | 0.44834 11
LIBFM A = 40, k = 100, ¢ = 50 398,800 | 0.44794 9 | 0.44778 8
FFM =02 A=2x10 S kmdt=9 6,587 | 0.44612 3 | 0.44603 3
(a) Critec
Model and implementation parameters "‘("xﬁ(;"’)“"' lo:;::" el l‘;’;;o"::‘ el
LM-8G T9=02,A=0,t=10 164 | 0.30018 57 | 0.38833 64
LM-LIBLINEAR-CD s=Te=1 417 | 0.30131 115 | 0.38044 119
LM-LIBLINEAR-Newton |s=0,cm=1 650 | 0.39269 182 | 0.39%079 183
Poly2-SG n=02,A=0,B=10,t=10 911 | 0.38554 10 | 0.38347 10
Poly2-LIBLINEAR-Hash-CD s=Te=1 1,756 | 0.38516 10 | 0.38303 9
Poly2-LIBLINEAR-Hash-Newton | s = 0,c =1 27,202 | 0.38598 11 | 0.38393 11
FM n=005,A=2x10 " k=40t =8 574 | 0.38621 11 | 0.38407 11
FM 7 =005A=2x10"%k=100,t =9 1,277 | 0.38740 17 | 0.38531 15
LIBFM A=40k=40,t =20 18,712 | 0.39137 122 | 0.38963 127
LIBFM A =40k =40,t =50 41,720 | 0.39786 935 | 0.39635 943
LIBFM A =40,k = 100,¢t = 20 39,719 | 0.39644 747 | 0.39470 755
LIBFM A =40,k = 100,¢ = 50 91,210 | 0.40740 1,120 | 0.40585 1,126
FFM n=02A=2x10 " k=4,t=4 340 | 0.38411 6 | 0.38223 6
(b) Avazu

Table 3: Comparison among models and implementations on data sets Criteo and Avazu. The training sets used here are
CriteoTrVa and AvazuTrVa, and the test sets used here are CriteoTe and AvazuTe. For all experiments, a single thread is
used. The public set is around 20% of the test data, while the private set contains the rest. For Criteo, we do not list the
result of Poly2-LIBLINEAR-Hash-Newton, because the experiment does not finish after more than 10 days. Note that the we
use different stopping conditions for different algorithms, so the training time is only for reference.
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where we defined <?§t)2 Cey i)§f));= sum(p;’ oo 13;5)) (sum of element-wise products). ’

* Rendle S. Factorization Machines[C]. international conference on data mining, 2010.
* Blondel M, Fujino A, Ueda N, et al. Higher-Order Factorization Machines[C]. neural information processing systems, 2016: 3351-3359.
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where we defined (ﬁg?, ey ﬁgf)) = sum(i)gtl_) 0:::0 ﬁgf)) (sum of element-wise products). ’

ANOVA kernel A™p,x) = Y ]z (5)

j1u>"'>jl t=1

For later convenience, we also define A%(p, x) := 1 and A!(p, z) := (p, x). Then it is shown that

torm () = (w, ) + f:.Az (pgz),m) 4o+ %Am (pgm),m) : (6)
s=1 s=1

ANOVA kemnel JBHfEX R A™(p, &) = A™(p_;, T—j) + pjz; A" (p_;, T—;),

» Blondel M, Fujino A, Ueda N, et al. Higher-Order Factorization Machines[C]. neural information processing
systems, 2016: 3351-3359.
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