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Recommender Systems
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Selection + Matching + Re-Ranking

User

HUAWEI TECHNOLOGIES CO., LTD.

User Profile
- Similar users

Item Properties
- Similar items

Context

information
Location, time

User-Item

Interactions
Views, clicks, downloads,
purchase, ......

Features

Huawei Confidential

Candidate Generation

Matching Prediction

Re-Ranking
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Recommender System in Huawei
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Road Map of Recommendation Technique

---------- 2000-2006 Neighborhood based collaborative filtering AN

---------- 2007-2009 Matrix factorization and variants

---------- 2010-2015 Factorization machine and variants

---------- 2015-2017 Deep neural networks for user behavior prediction

---------- 2017-2018 Deep reinforcement learning for decision making

HUAWEI TECHNOLOGIES CO., LTD. Huawei Confidential Page 10 SVQ HUAWEI



CTR Prediction

*CTR = Click Through Rate

€ It may be different under different scenarios.

In online advertising, the advertisements are normally ranked by

CTRxBid:

€ CTR represents user satisfaction;
€ Bid represents revenue; (different platforms deploy different

bidding strategies):

OGoogle applies GSP (Generalized Second Price) ;

OFacebook uses VCG (Vickrey-Clark-Groves) ;

«Other ranking strategies may apply similar idea

€ Game Recommendation: CTRXLTV (Life Time Value) ;

€ Video Recommendation: CTRxWT (Watch Time) ;

HUAWEI TECHNOLOGIES CO., LTD.

Huawei Confidential
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CTR Prediction in Huawei App Store
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Training and Loss Function

In recommendation scenarios, there are categorical features and numerical features
Categorical features are represented by one-hot encoding:

x = [Weekday = Friday, Gender = Male, City = Shanghai]

/

x =1[0,0,0,0,1,00 0,1 0,0,1,0...0]

For input instance x; and a model M with trainable parameters 6, the prediction is
y; = M(x; 0), representing the probability that the input instance x; leads to a click.

Assume the ground-truth of input x is y; € {0,1}, where y; = 1 means click.

The objective function is to minimize the cross entropy of the predicted values and the ground-truth:
L= Z —y;logy; — (1 —y)log(1 —¥;)

Page 13 g’é HUAWEI
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Feature Interactions Are Important

User click is a complicated behavior to model:
- Both low-order and high-order feature interactions play important roles to model user click behaviors.
v People like to download popular apps = id of an app may be a signal for CTR

v' People often download apps for food delivery at meal time - interaction between app category
and time-stamp may be a signal for CTR

v' Male teenagers like shooting game or RPG - interaction of app category, user gender and age

may be a signal for CTR

« Some feature interactions can be easily understood and thus can be designed by experts (like the
instances above). Most other feature interactions are hidden in data and difficult to identify (e.qg.,
“diaper and beer” rule). They can be mined automatically by machine learning algorithms.

HUAWEI TECHNOLOGIES CO., LTD. Huawei Confidential Page 14 sré HUAWEI



Recommender Systems and CTR Prediction f
Wide Models for Modeling Feature Interactions e
Deep Models for Modeling Feature Interactions

AutoML Techniques for Feature Interactions

Conclusions and Future Directions
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Wide Models: LR (Logistic Regression)

» Binary Classification problem.
» The model outputs the click probability.

N
1 _ .
yr(x) = sigmoid <z w,x,-) =T Prediction function

i=1

R R A .
L(y,y) = —ylogy — (1 —y) log(1 — y) + 5 lwl? Loss function

0
S 1
¢(l)—ﬁ
205

-8 -6 -4 -2 0

HUAWEI TECHNOLOGIES CO., LTD.

Huawei Confidential

> Categorical Features are represented by one-hot encoding

x = [Weekday = Friday, Gender =’-Ma‘le, Clty = Shanghai]

x=1[0,0,00,1,00 0,1 0,0,1,0...0]7

* Feature Interaction : Non-linear relationship among
features are modeled by feature interactions.

Manually designed.
Cartesian product - dimension explosion.

* User.Install ® current Item
« User.Gender Q Item.Type
+ UserAge Q Item.Type

Tens of millions & Thousands of billions

» The most popular optimization algorithm for LR model is FTRL

*Ad Click Prediction: a View from Trenches. In KDD’13, from Google

Page 16 g'é HUAWEI



Wide Models: FM (Factorization Machine)

N N N N N
ypn () = slgn]old(wu + Z Wi+ Z Z (v, v )2 ) UFF‘u,[(’L) = sig Ill()ld(ll'c) i Z Wil Z Z ”: field(j): Uj field(i) >I';'-i',;)
1=1 i=1 j=1+1 =1 i=1 j=i+1
*Factorization Machines. In ICDM’10 *Field-aware Factorization Machines for CTR Prediction. In
Recsys’16
Represent each feature by a latent vector;
The interaction between two features is represented by the inner product of
corresponding vectors ;
FM is an extend version of MF (Matrix Factorization), with rich side information;
For x=[Weekday=Friday, Gender=Male, City=Shanghai]
ymr () = sigmoid (U'o + WEFriday + WMale + WShanghai
+ <’vb‘1'iday- 'Ul\lalc> + </Ul'<‘1'iday- UShanghai) + </U.\la'lo- vShauglmi))
UI"I’I\I(m) - Si%lll“i(l (”'l) + WFriday T WMale + WShanghai
+ (Umn.;-.( render s U.\lulp,\‘\wmuﬁ T <UF.~1.1;.A\~.('n_\-- lemnglmi.\\'mgkr]n,.\f>
+ <’l}.\laxlc-.(.'il}-'- vSlmng]mi.(_1’(:11(lu'))
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Deep Models for Modeling Feature Interactions

AutoML Techniques for Feature Interactions

Conclusions and Future Directions
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Difficulties for Neural Networks in CTR Prediction

Fully-connected layers {

Feature interaction layers [ OO0OOOOLLOLLOOOO J

Feature representation layers | O O O O] (O OO O] (OO0 O]

\ | App:AngryBirds City:Shanghai Occupation:Student

High-dimensional sparse raw features
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Design of Feature Interactions
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Product and Attention

Prediction 9
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PNN, ICDM2016
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RNN/CNN and Memory-based
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PNN

Prediction m

I e

Neuron operations in traditional
additive networks :

Weighted sum - activation function [ ]
Feature 1

/ ‘\'\

Product-based Neural Networks for User Response Prediction. In ICDM’16

TABLE I: Overall Performance on the Criteo Dataset.

Log Loss  RMSE RIG e

Model AUC
LR T1.48% 0.133  0362c4  6.680e-2 : <
FM 72.20% 0.1324 0.284-4  7.436e-2 ~Inner product”
FNN 75.66% 0.1283 0.030c-4  1.024e-1 S

CCPM 76.71% 0.1269 89384  1.124e-1

IPNN 71.79% 0.1252 8.803e-4  1.243e-1

OPNN 77.54% 0.1257 8.846e-4 1.211e-1 Occupation:Student

PNN* 77.00% 0.1270  8988-4  1.118e-

TABLE II: Overall Performance on the iPinYou Dataset.

Model AUC Log Loss RMSE RIG
LR 73.43% 5.581e-3 5.350e-07 7.353e-2
FM 75.52% 5.504e-3 5.343e-07 8.635e-2

FNN 76.19% 5.443e-3 5.285e-07 9.635e-2

CCPM 76.38% 5.522e-3 5.343e-07 8.335e-2

[PNN 79.14% 5.195e-3 4.851e-07 1.376e-1

OPNN 81.74% 5.211e-3 5.293e-07 1.340e-1

PNN* 76.61% 4.975e-3 4.819e-07 1.740e-1

Outer product

v Feature interaction is represented by Product Operation.

HUAWEI TECHNOLOGIES CO., LTD.

Huawei Confidential

City:Shanghai  Occupation:Student
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Wide & Deep

Wide & Deep Learning

Wide
Component
(LR)

N\
N\

Wide & Deep Learning for Recommendation Systems. In Recsys’16 workshop

Google Play

| Logistic Loss |

[ ReLU (256) | ] . Vi
Deep | R“”“s‘z’ | Corr\lN Ig:eﬁt

Component [ | | P

RelLU (1024)
(DNN) Cross Product
’ Concatenated Embeddings (~1200 dimensions) l Transformation
‘ Age ":gg lEngsg_emsem Demoug;:pmes Dce'r;i:: ..| User Installed Imp:’s:ion !

Model Offline AUC  Online Acquisition Gain
Wide (control) 0.726 0%
Deep 0.722 +2.9%
Wide & Deep 0.728 +3.9%

HUAWEI TECHNOLOGIES CO., LTD.

Huawei Confidential

Continuous Features Categorical Features

A second-order
feature interaction

Deep Component is learned by LR

Page 24 g'é HUAWEI




DeepFM: A Factorization-Machine based Neural Network for CTR P(ediction (IJCAI 201 7;Huawei) |

DeepFM Limitation of Wide & Deep Model: |
* Feature engineering is need for the input of Wlde Component
because of using LR model. |

I Logistic Loss

[ reves ] « What if using FM model as “Wide"? In the experlments we also
| —ioE | try replacing LR with FM (but the input data for them are - |
| | o= | | o separated).
e e DeepFM
o || | | [ e | o | [nen | e Using FM as the Wide Component, so feature engineering
Continuous Features Categorical Features IS not need.

« The same embedding supports both FM Component and
Deep Component.
« The parameters of embedding are trained via back-
propagation from both Wide Component and Deep

Component.
Table 1: comparison of deep models for CTR prediction
Pre-training | High-order | Low-order Feature
Feature Feature Engineering

FNN Yes Yes No No
PNN{1.23} No Yes No No

Wide & Deep No Yes Yes Yes
DeepFM No Yes Yes No

HUAWEI TECHNOLOGIES CO., LTD. Huawei Confidential Page 25 s% HUAWEI



DeepFM

Company * Criteo
AUC | LogLoss | AUC | LogLoss
LR 0.8640 | 0.02648 | 0.7686 | 0.47762
FM 0.8678 | 0.02633 | 0.7892 | 0.46077
FNN 0.8683 | 0.02629 | 0.7963 | 0.45738
IPNN 0.8664 | 0.02637 | 0.7972 | 0.45323
OPNN 0.8658 | 0.02641 | 0.7982 | 0.45256
PNN: 0.8672 | 0.02636 | 0.7987 | 0.45214
LR & DNN | 0.8673 | 0.02634 | 0.7981 | 0.46772
FM & DNN | 0.8661 | 0.02640 | 0.7850 | 0.45382
DeepFM 0.8715 | 0.02618 | 0.8007 | 0.45083

N BEHHRZ S

fencent Social Ads

model.

HUAWEI TECHNOLOGIES CO., LTD.

*The Champion team ensembles a set
of models, which includes DeepFM

4 PaddlePaddle

Huawei Confidential

]- wide models

deep models

} Wide & deep models

*It opensources our DeepFM.

*Only two deep models for CTR Prediction are
implemented by this platform: DeepFM, Wide &
Deep.

Page 26 g@ HUAWEI



Product-based Neural Networks for User Response Prediction over Multi-Field Categorical Data(TOIS 201§,Huawei)

PIN

Prediction
Fully Connected Layers Hidden Q
K—M State
Sub-net 1 Sub-net 2 Sub-net i FClayer Prod
roduct

— JK —~ Operator

e e T T T T T T N T N __ *

r . | F1 F2 F1*F2 . Embed

! Embedding N T ey A D~ -

I'| Embed 1 Embed 2 Embed N ||

| Layer |

-_———— - —_——_—————_—_ - —_——_-_———_—_ e — —

[ Feature 1] [ Feature 2] Feature N

ield2 ' Fieldn

Field 1

T
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PIN

Table 7. Overall performance. (Left-Right: Criteo, Avazu, iPinYou, Huawei)

Model | AUC (%) LogLoss | AUC(%) LogLoss | AUC (%) LogLoss | AUC (%) LogLoss

LR 78.00 0.5631 76.76 0.3868 76.38 0.005691 86.40 0.02648
GBDT 78.62 0.5560 77.53 0.3824 76.90 0.005578 86.45 0.02656
FM 79.09 0.5500 77.93 0.3805 77.17 0.005595 86.78 0.02633
FFM 79.80 0.5438 78.31 0.3781 76.18 0.005695 87.04 0.02626
CCPM 79.55 0.5469 78.12 0.3800 77.53 0.005640 86.92 0.02633
FNN 79.87 0.5428 78.30 0.3778 77.82 0.005573 86.83 0.02629

AFM 79.13 05517 | 78.06 03794 | 77.71  0.005562 | 86.89  0.02649
DeepFM | 79.91 05423 | 7836 03777 | 77.92  0.05588 | 87.15  0.02618
KEM 79.85 05427 | 7840 03775 | 76.90  0.005630 | 87.00  0.02624
NIFM | 79.80  0.5437 | 78.13 03788 | 77.07  0.005607 | 87.16  0.02620
IPNN | 80.13 05399 | 78.68 03757 | 78.17  0.005549 | 87.27  0.02617
KPNN | 80.17 05394 | 78.71 0.3756 | 7821  0.005563 | 87.28  0.02617
PIN 80.21  0.5390 | 78.72  0.3755 | 78.22  0.005547 | 87.30  0.02614

Accepted by TOIS 2019

HUAWEI TECHNOLOGIES CO., LTD. Huawei Confidential Page 28 syé HUAWEI



DeepFM and PIN: Online Experiments

Scenario: “fun games” in Huawei App Market and “guess you
like” in Huawei Game Center

Test users: 1% - 10% >30% > 90%

Metric: CTR

Conclusion: Improve CTR by more than 30% in average.

CTR of LR, DeepFM and PIN
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Outline
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AutoML in Deep Learning Models for RecSys
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«  Architecture of deep learning models for RecSys: Embedding + Feature Interaction + MLP
« AutoML techniques can be applied in all such three components.
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AutoGroup: Automatic Feature Grouping for Modelmg ngh-
order Feature Interactions
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<— Feature interactions

* Previous models learn featufé intéractions”by
enumerating them all and up to second order.
« We learn high-order feature mteractlons eff|C|entIy,

avoiding brute-force enumerating. ,
v' For each order of feature interactions, we select

several groups of features automatically.

v For each such group, generate corresponding
order of interactions.
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Madel Cnteo Avazu FmYou
AUC log loss Hl AUC log loss il AUC logloss | Rl

JR Y 78.00% 0.5631 +3.65% | 76.76% 0.3868 +335% | 7638% 0.005691 +2 BB
GRDT 78.62% 0.5560 +264% | 7753% 0.3824 +220% | 76.90% 0.005578 +1.55%
M 79.09% 0.5500 +181% | 77.93% 0.3805 +178% | 77.17% 0.005595 +1.52%
FIM 79.80% 0.5438 s0.80% | 7831% 0.3781 +122% | 76.18% 0.005695 +3.05%
AM 79.13% 0.5517 +193% | 78.06% 0.3794 +155% | 77.71% 0.005562 +0.87%
FNN T987T% 0.5428 +0.66% 7830% 0.3778 +1.19% T782% 0.005573 +0.90%
DeepFM 79.91% 0.5423 +0.59% | 7836% 0.3777 +114% | 7792% 0.005588 +0.97%
IPNN 50.13% 0.53%99 +0.23% T8.68% 0.3757 +067T% 78.17% 0.005549 +0.46%
PIN 80.18% 0.5394 s0.16% | 7872% 0.3755 +062% | 7822% 0.005547 +0.41%
xDeepFM 80 u % 0.5408 +0.36% | 7855% 0.3766 +087% | 78.04% 0.005555 +0.60%
FGCNN B022% 0.5389 +0.08% T8.82% 0.3747 +0.45% 7785% 0.005612 +122%

AutoGroup | 80.28% 0.5384** 79.15%%%  0.3729** 78.59% 0.005528™

Automatically decide feature groups
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AutoFIS: Automatic Feature Interaction Selectlon m
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Figure 2: Overview of AutoFIS
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Not all the feature interactions are useful Useless B
interactions may bring unnecessary noise and |
complicate the training process. :

We identify useful feature interactions beforehand in
an automatic way and then make the model focus on
learning over such useful interactions.

Model [ Avarn Criteo l Private |
AUC logloss | AUC fogloss | AUC Tog loss
M 1707793 03805 | 07909 05500 @ 08880 008881 |
FwEM 0782 03784 07948 05475 | 08897 008826
AFM 07806 03794 07913 05517 | 08915 008772
FEM | 07831 03781 07980 05438 | 08921 008816
DeepEM 07834 03776 | 07991 05423 | 08%48 008735
AutoFM 0.7833 03777 0.7965 05455 | 08944  0.08665
AutoDecpFM 07852 03766 | 05006 05407 05979  0.08560
Relalmpr: AutoFM vs FM | 05% 07% | 07% 08% | 07% 24% |
Relalmpr: AutoDeepFM vs DeepFM | 02% 03% 02% 03% 03% 20%
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AutoFeature: Searching for Feature Interactions and The‘ir .
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* In PIN model, all the feature interactions are modeled by

i ( Embed 1 Embed 2\ Emfaedecrling Embed N i . .
S e Y sub-nets with exactly the same architectures.
) . . N B * In AutoFeature model, we search automatically different
Featurel | | Feature2 Feature N architectures for different subnets.

- J - J . J

v' Complicated feature interactions are modeled by

complex architectures.
v Simple feature interactions are modeled by trivial

architectures.
v’ Useless feature interactions are not modeled.
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Conclusions and Future Directions

Learning Feature Interactions effectively is one of the key factors
iIn Recommender Systems.
Reinforcement Learning, AutoML and Graph Neural Networks are

promising future directions to explore.
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