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An Display Ad Example

- Click or not?
PN AUEN : WIHETATAIE? ‘
TEEARFAE "HE36 AN WEE: BREnEErE mETRaRT RS gie.
35 A B A" BT : MR R R RO ‘ \
AT EE
e R = R = R || e T s g = T = g e e = N e
5 «RELFREAFRSN " WERAETH SHEEEMN
5 «EELMEFLERER " FEFENE T . SR ERMER EFJJ%R')_J
EERERS TSRS FEE SEEHCTI ool EEhEEE:
20165 5-20[REUANBREYE BTN (D HMFETERSR
Fig: hEeEE A eSS ST 2 it

SR AT B R BT TRt 2020031
e RIS wEER R —

ﬂ:iﬁfﬁcqlii%%w'\%ﬁ _ B TeTEATAERALE WA SR s S R
FREIRRAGaE G TREM : of BREA REST ERENE Y DEREED do: FEss BT BISTEEN S St
BEFT: BOAG <A™ LA BT SR AR FRRE LS HEMR ¥ ZS T ITRER
e GG 7 s B T e B RN DAIHERES
185 “EER L FIEERINE DS e FHhElS K. BEHT A=Y R B R AL
gzt =RE
T AR REEES

EEBH2005 AT FIFNRER EEIEE, YE TR A
TP 347 (B) ﬂ HHAEET Lk SRS EATS

PR {Erudr: 2602282

[http://news.ifeng.com]



User Response Estimation Problem

* Click-through rate estimation as an example

* Date: 20160320

* Hour: 14
 Weekday: 7
 |P:119.163.222.*

* Region: England

e City: London

* Country: UK » Click (1) or not (0)?
* Ad Exchange: Google

* Domain: yahoo.co.uk
 URL: h-ttp://www.vahoo.co.uk/abc/xyz.html Predicted CTR (0.15)
* 0OS: Windows

e Browser: Chrome

e Ad size: 300*250
 AdID:al890

e User tags: Sports, Electronics



http://www.yahoo.co.uk/abc/xyz.html

CTR and Data

* Click-Through Rate (CTR) Estimation is an essential task

* It predicts the probability of a user clicking an item based on the
logged behavior data

e Applications: e-commerce, online advertising, recommender
systems

e Data format: multi-categorical data with binary labels

USER ID CITY OCCUPATION ITEMID CATEGORY BRAND CLICK
Ul LA student 11 T-shirt Bl 1
U2 NYC student 11 T-shirt Bl 1
Ul LA student 12 cell phone B2 0
U3 London manager 13 cell phone B3 0

e CTR estimation as a binary classification formulation
l(z,y,0) = —ylogo(fe(x)) — (1 —y)log(l —o(fe(z)))

Weinan Zhang, Jiarui Qin, Wei Guo, Ruiming Tang, Xiugiang He. Deep Learning for Click-Through Rate Estimation. IJCAI 2021 (Survey Track)



CTR Models (2007 to 2021)

* Developing trend of CTR estimation models

* Feature engineering requirement * Model capacity

-

O shallow/early deep <> behavior modeling
-+ deep interaction automl

Developing
LR('07)
O ORIM(21)
OSIM('20)
POLY? ('16) OUBR(20)

Focus of this talk
DeepFM('17) DIEN('19)
+

Ms('10) AMER('20)

Feature Engineering Requirement

Weinan Zhang, Jiarui Qin, Wei Guo, Ruiming Tang, Xiugiang He. Deep Learning for Click-Through Rate Estimation. IJCAI 2021 (Survey Track)



Feature Representation

* Binary one-hot encoding of categorical data

x=[Weekday=Wednesday, , City=London]

L

x=(0,0,1,0,0,0,0 0,0,1,0...0]

High dimensional sparse binary feature vector

* Label representation

y =1 (click) or O (non-click)



Logistic Regression

e Prediction

1
] + e w'e

Y =
* Cross Entropy Loss

L(y,9) = —ylogy — (1 —y)log(1l —9)
 Stochastic Gradient Descent Learning

w < (1 = Nw+n(y—y)x

Lee et al. Estimating Conversion Rate in Display Advertising from Past Performance Data. KDD 12



Factorization Machines

* Prediction based on feature embedding

yFM(as) = 51gmold(wo —|—sz33 _|_$‘ Y 'Uz, ’03 L CCJ)

=1 j=1+1

For x=[Weekday=Friday, Gender=Male, ]
yrv () = sigmoid (-u-'o + WEriday T WMale T WShanghai

+ <vFric:Ia}-'- vI\-Iale> + <UF1‘ida.}-’- USha.nghai> + <UI\-'[a.le- UShamghai))
Rendle. Factorization machines. ICDM 2010.

Oentaryo et al. Predicting response in mobile advertising with hierarchical importance-
aware factorization machine. WSDM 14.



Combined Models: GBDT + LR

} Input Features

P~ Tree Splits

} Transformed Features

= Linear Classifier

He et al. Practical Lessons from Predicting Clicks on Ads at Facebook . ADKDD 2014.



Combined Models: GBDT + FM

@ @ nnz=13-39 GBDT nnz=30 N
feat=3 feat=30 x 27

NG

“nnz”" means the number of non-zero elements of each impression; “feat” represents
the size of feature space.

Rst

e

http://www.csie.ntu.edu.tw/~r01922136/kaggle-2014-criteo.pdf



Neural Network Models

CTR
o Difficulty: Fully Connected
Impossible to Hidden Layer (I2)
directly deploy Fully Connected

neural network
models on such
data Fully Connected

Hidden Layer (I1)

Hidden Layer (z)

Fully Connected but only
update weights on lines
connecting to postive units
when backpropagating

Sparse Features @

E.g., input features 1M, first layer 500, then 500M parameters for first layer



Review Factorization Machines

* Prediction based on feature embedding

yFl\I (:B) — 51%11’101(1(1130 _|_ Z w;x; _I_ Y Y vl ‘Uj L /Ej)

=1 j=1+1

 Embed features into a k-dimensional latent space

* Explore the feature interaction patterns using vector inner-
product

Rendle. Factorization machines. ICDM 2010.

Oentaryo et al. Predicting response in mobile advertising with hierarchical importance-
aware factorization machine. WSDM 14.



Factorization Machine is a Neural Network

click

latent layer

dense real vector @

embedding via
factorisation machine

sparse binary

vector ! !
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Factorization-machine supported Neural
Networks (FNN)

CTR O y = sigmoid(W sly + b3)
Fully Connected

Hiden Layer (12 O OO OO0 0O lo = tanh(Wli + bo)
Fully Connected J
Hiden Layer (I1)

1 = tanh(le + bl)

Fully Connected

Dense Real Layer (z) Zi; = (’wi, Uil, ’U?, ceey ’U,f{)
Initialised by FM's .
Weights and Vectors. = W (Z) . CE[StaI‘ti . endi]
Fully Connected within
each field

[Factorisation Machine Initialised]

Sparse Binary
Feactures (x)

Global |

Zhang et al. Deep Learning over Multi-field Categorical Data — A Case Study on User Response Prediction. ECIR 16.



Factorization-machine supported Neural
Networks (FNN)

Dense Real Layer (z) @ :

Initialised by FM's
Weights and Vectors.

Fully Connected within
each field

Sparse Binary
Feactures (x)

Global ! Field i

* Chain rule to update factorisation machine parameters

OL(y,§) OL(y,9) 0z  OL(y,
‘ (yy) _ ‘(y y) ; Z" _ ‘(y y)w[start?: . end’i}
oW, dz;  OW| 0z
OL(y,9)
82;?2

Zhang et al. Deep Learning over Multi-field Categorical Data — A Case Study on User Response Prediction. ECIR 16.

WBFWE)_W'

x[start; : end;].



But factorization machine is still different from
common additive neural networks

click

latent layer

dense real vector @

embedding via
factorisation machine

sparse binary

vector ' '
global field i ' field j

N N N
v () = sigmoid(wo -+ Z w;r; + Z Z (v;, vj}:r:?;xj)
i=1

i=1 j=i+1



Product Operations as Feature
Interactions

0000
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City:Shanghai  Occupation:Student City:Shanghai  Occupation:Student

Inner Product Operation Quter Product Operation

Yanru Qu et al. Product-based Neural Networks for User Response Prediction. ICDM 2016.



Feature Interaction

* Feature interaction operators

* Product operator
* PNN (IPNN, OPNN) [1], NFM [2], DeepFMI[: inner and outer

product

* PIN [3]: micro neural network as feature interaction operator
 DCN [4] (DCN V2 [5]), CIN [6]: cross network

(a) Product Operator

Convolution

\
\
\

Embeddings

Feature Maps

\ Pooling/Fully
AN Connected Layer

(b) Convolutional Operator

[1] Qu et al. Product-based neural networks for user response prediction. ICDM, 2016.
[2] He et al. Neural factorization machines for sparse predictive analytics. SIGIR, 2017.
[3] Qu et al. Product-based neural networks for user response prediction over multi-field categorical data. TOIS, 2018.
[4] Wang et al. Deep & cross network for ad click predictions. ADKDD, 2017.
[5] Wang et al. Dcn-m: Improved deep & cross network for feature cross learning in web-scale learning to rank systems.
[6] Lian et al. xdeepfm: Combining explicit and implicit feature interactions for recommender systems. KDD 2018.

Feature Intew
Attention Net

08 0080 - 080080

(c) Attention Operator



Feature Interaction

* Feature interaction operators

e Convolutional operators

* Use convolution networks to model the feature interaction on
the feature map

 CCPM [1], FGCNN [2]
* GCN: FiGNN [3]

Convolution Feature Interactions, ¢
A Feature Maps : /‘

\ Pooling/Fully :
AN Connected Layer

Embeddings

(a) Product Operator (b) Convolutional Operator (c) Attention Operator

[1] Liu et al. A convolutional click prediction model. CIKM, 2015.
[2] Liu et al. Feature generation by convolutional neural network for click-through rate prediction. WWW 2019.
[3] Li et al. Fi-gnn: Modeling feature interactions via graph neural networks for ctr prediction. CIKM, 2019.



Feature Interaction

* Feature interaction operators

 Attention operators

e Use attention mechanism to weight different feature
interactions: AFM [1], FiBiNet [2]

e Self attention: Autolnt [3], InterHAt [4]

Convolution i Feature Interactions, &
A Feature Maps : /‘

\ Pooling/Fully :
AN Connected Layer

(a) Product Operator (b) Convolutional Operator (c) Attention Operator

[1] Xiao et al. Learning the weight of feature interactions via attention networks. 1JCAI, 2017.

[2] Huang et al. Fibinet: combining feature importance and bilinear feature interaction for click-through rate prediction. RecSys 2019.
[3] Song et al. Autoint: Automatic feature interaction learning via self attentive neural networks. CIKM, 2019.

[4] Li et al. Interpretable click-through rate prediction through hierarchical attention. WSDM 2020.



User Behavior Modeling

* Basic structure of user behavior modeling based CTR
estimation

* Behavior feature is a special multi-value feature consists
of the item sequence one user has interacted with

gBM(ag) — MLPGb([Ula U2,y..., Um—laulﬁ(xm)])

* Model the temporal patterns inside the behavior
seguences

User Behavior Modeling aggregation

|
[ Behavior Modeling } foss
, \ ) :
Student| ... T-shirt | Behavioral Feature y

time fetch behaviors

l J

user behaviors { 1) most recent consecutive behaviors

2) retrieve the most relevant behaviors




User Behavior Modeling

e Attention based models:

* Attention is utilized to model the importance of different
behaviors of user to the prediction target

e DIN [1], DIEN [2] (GRU+Attention)
» Self-attention: BST [3]; Session-split behavior model: DSIN [4]

T ; Output
: Ure— T — Attention Score Softmax (2)
l u : PReLU/Dice (80)]

{h et — h = N PReLU/Dice (200) ]
: r EEEEEEEN
! AUGRU \ : Concat & Flatten

e ouTt
DIEN .3
*) Inner Product h*(T)
<) Product
Py s ) ) i § Interest
5 Auxiliary Loss 5 AUGRU ~{AUGRU}— - —{AUGRU] ~|AUJGR:\|] Evolving Layer
. 0 : N \ AN N
! Click Not Click S —
! 1 t ! Attention Attention Attention Attention Interest
Py . A e ¥ = I ,- I Extractor Layer
! / \ ! . 4« | ) .
‘m [ [ ] : — L L] - am am a-m
H H h(1 h(2) h(T-1 h(T)
ie(t+1) h(t) e(t+1) | G 1 (-1 v+ Behavior
bl ! Neg | GRL J GRU |- ~ —[ GRU [ GRU Layer
deceoo......Sampling i s am am nm
e(1) e(2) . e(T-1) e(T)
Embedding Layer
t f t t f t t
b(1) b(2) -~ b(T-1) b(T) Target Ad Context UserProfile

Feature Feature

user behavior sequence

[1] Zhou et al. Deep interest network for clickthrough rate prediction. KDD 2018.

[2] Zhou et al. Deep interest evolution network for click-through rate prediction. AAAI 2019.

[3] Chen et al. Behavior sequence transformer for e-commerce recommendation in alibaba. DLP-KDD, 2019.
[4] Li et al. Deep session interest network for click-through rate prediction. IJCAI 2019.



User Behavior Modeling

* Memory network based models:

_____________________________

! === Memory Update and Retainment

| — Knowledge Transferring
]

1 C) Layer-wise Memory Slot
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Memory Slots Memory Slots

(i=8) An Iteration of Memory Update

Use memory network to store
the user states and update
the states when new
behaviors happen

Model very long user
behavior sequence

HPMN [1], MIMN [2]

user representation

item 1 item 2 item T

O—O0—+—Q —

A _/
~

User Behavior Sequence

multi-layer
perceptron

——|:|—~ Pr(y|u,v,c)

context ﬂ
features

[1] Ren et al. Lifelong sequential modeling with personalized memorization for user response prediction. SIGIR 2019.
[2] Pi et al. Practice on long sequential user behavior modeling for click-through rate prediction. KDD 2019.



User Behavior Modeling

e Retrieval based models:

e Use retrieved relevant behaviors instead of recent
consecutive behaviors

e Especially useful for utilizing very long user behavior
sequences

* Build index structure for retrieving behaviors
« UBR[1], SIM [2], RIM [3]

user representation

item 1 item 2 itemT
- /
v
User Behavior Sequence multi-layer
perceptron
context @
features
1 1 =]
As already hinted in HPMN -'I]* r(ylu,v;c)

[1] Qin et al. User behavior retrieval for click-through rate prediction. SIGIR 2020.
[2] Pi et al. Search-based user interest modeling with lifelong sequential behavior data for click-through rate prediction. CIKM 2020.
[3] Qin et al. Retrieval & interaction machine for tabular data prediction. KDD 2021.
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