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Age of Information Explosion Information overload

_eBa
P77 ®

Recommender
Systems

Items can be Products, News, Movies, Videos,
Friends, etc.
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Recommendation has been widely applied in online services:
- E-commerce, Content Sharing, Social Networking ...

amazon
N

BEM i
Taobao.com Jb.COM

Total price: $208.9

[ Add all three to Cart ]

[ Add all three to List }
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Recommendation has been widely applied in online services:
- E-commerce, Content Sharing, Social Networking ...

You (?) Pinterest
o) TikTok

News/Video/Image Recommendation

E CrazyFrogVEVQRecommended channel for you

For you

. More For you
Recommended based on your interests

CrazyFrogVEVO B3
113,914,131 views * 6 years ago

This Research Paper From Google Research Proposes A 'Message a_._u
Passing Graph Neural Network' That Explicitly Models Spatio-Temporal |

Relations
MarkTechPost - 2 days ago

B 1

Tested: Brydge MacBook Vertical Dock, completing my MacBook Pro
desktop

9toS5Mac - 21 hours ago
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Recommendation has been widely applied in online services:
- E-commerce, Content Sharing, Social Networking ...

5

S\ .
) RS

weibo.com

facebook
Linked [}

Friend Recommendation
facebook

(@) Are They Your Friends Too?

Andrew Torba . . .
“ These people now have 1 or more friends in common with you.
FAVORITES
[7] News Feed
&) Messages ¥
Events 2 i:%";:' .
&4 Find Friends 17 =
_ DR, e
ted Tech.li 1 mutual friend foao = 39 mutual friends
E Kuhcoon L Add Friend 67 mutual friends L Add Friend 3L Add Friend
5 &l Add Friend
-

] S See All Suggestions

PAGES
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I Problem Formulation oy qb W2 .

Historical user-item interactions or Predict how likely a user would
INPUT  additional side information (e.g., OUTPUT interact with a target Item (e.g.,
social relations, item’s knowledge, etc.) click, view, or purchase)

User-item Interaction History

e e e e e e e e e e e e e e e e

./" Spider Captain To L 7 . ) )
) America ' ronMan  Minions®. Side information
! ‘ et It it 1
' m items . , L em se year, genre, actor, |
| (movies) NG 3 Br Ao I reviews, etc. !
: iR ) 3 . L _Teviews, ete.
; . !
I .-
! I
, ;
: ! Side information
| -
| ol o e e mm mm mm mm mm mm mm mm mm mm mm
! | |
' 1 users ‘Ll ﬁ e @ !f, i FUser set | social relations, age, |
‘- < » - ! gender, occupation, etc. :
N Lily Peter David Lala 7 e e e e - -




I Recommender Systems

@ Collaborative Filtering (CF) is the most well-known technique for recommendation.

- Similar users (with respect to their historical interactions) have similar preferences.
- Modelling users’ preference on items based on their past interactions (e.g., ratings and clicks).

® Learning representations of users and items is the key of CF.

User-item Rating Matrix R

Spider Captain  Toy — yonMan  Minions
Man America  Stol
User-item Interaction History \ B
Pt e g - s ...
. Spider Captain Toy Iron Man Minions>. [ >
Man America Story o \ -
[ ; & b & MINeNS . -
' mitems VLS =~ AR/ g y Ly l(l 5|47 ?2|?
' (movies) & eapTanT incRIch alra ana v G . (= N e
' -y Y j e ' 1212 2| ?

1
1
1
1
1
1
1
1
\

; |:> ; L 1 users

£(5(2?]? 51
< | ' L. 2|2
© N users - - . @ ” ' 5 |5
- < » -~ i - i
N Lily Peter David Lala R L . )

N i e et s e s et .

m items (movies)

Task: predicting missing movie ratings in Netflix.

items

users
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feature extraction classification
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Accuracy (Top-5 error)
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Recommendation
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Object Detection
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Image Classification

Voice Recognition  Language Translation
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I Deep Recommender Architecture af & V-

Loss Function

1
Y
Output @
556
Q00O
Feature s T

Interaction @ @ @

f: Interaction function

Feature
Fields

Input —
Input
Features

User Item Context Interaction
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Interaction Components

Embedding Components _

Loss Function

1
Yy
Output @
| febiz atatipe L"""I
it { X I ;
000
e
Feature e oo
Interaction @ @ @

f: Interaction function

.................................................

Empeddings | @00 - 0O00 - @000 |
! ! !
Fe'ature o= = leg == ¥ |0 |«
Fields Field Field i Field m
Input
Features

User Item

Context Interaction

System Design



I Deep Recommender Architecture

Interaction Components
Pooling, convolution, and the
number of layers, inner product,
outer product, convolution, etc.

Embedding Components |

High/low-frequency features
embedding sizes

-

Output

MLP

Feature
Interaction

Loss Function

f: Interaction function

Feature
Fields

Input
Features

.........................................................................
[l

T

Field

Item

Context Interaction

System Design
hardware infrastructure,
data pipeline, information
transfer, implementation,
deployment, optimization,
evaluation, etc.
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Loss Function

! v' Advantages
Output @ * Feature representations of users and
/)CL)/\ .......... ItemS
A ) 4 . . .
ke 00O * Non-linear relationships between
-_______*_____4.' .
Feature e users and items
Interaction OO O
f: Interaction functon o TrETTTTToTTTTARIITe
Embeddings| @00 - 0000 - @009 i , ,
e ¢7 ----------- — TST » Manually designed architecture:
I I I . .
Fe.ature olo|-|1 = lald =<8 1|0 |8 ¢ eXtenSIVe expert|se
Flelds Field Field i Field m * substantial engineering labor and
_ I -------------- I l ----------- time cost
npu D 63 ] )
Features | % BT = * human bias and error

User Item Context Interaction
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* Deep architectures are designed by the machine automatically
* Advantages

v Less expert knowledge

v’ Saving time and efforts

v Different data ->different architectures

Human Experts

Automated Recommendation System

n

s
e

T VOptimizatibn\\ aluation 7"7\erloyment
v il ' \4

8 in| 1 B

O e -\ )
.4, ' Opw‘

g Sk
TP R . . R . o B . J
Data collection Feature e?fglneer:ng, Model selection, Algor/thnﬁt‘*seLeggon L /;5/“‘
S Prior construction  Architecture search, Hyper- E— ;:;;@
H\,. T— ) . T — N“"i g
~—— parameter optimization I

Generating final recommendations

Image: Huan Zhao



I Automated Machine Learning for Recommendations <%y Q"g’} W

HUAWEI

 Agenda

D

D
D

VVVVY

ntroduction to Deep Recommender System (Wenqi Fan)
Preliminary of AutoML (Xiangyu Zhao)

RS Embedding Components (Bo Chen)
RS Interaction Components (Bo Chen)

RS Comprehensive Search & System (Yejing Wang)

» Conclusion & Future Direction (Xiangyu Zhao)
»Q&A

Automated Machine Learning for Deep Recommender Systems: A Survey.
arXiv:2204.01390

Tutorial Website (Slides): https://advanced-recommender-systems.github.io/AutoML-Recommendations/
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 |Introduction
« Background

* Preliminary of Automated Machine Learning (AutoML)
* Neural Architecture Search (NAS)
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Astronomy

Energy

Image
Recognition

Manufacturing

Maintenance
Prediction

Media

Robotic
Creative
Arts
Game Play Search
Weather
Prediction Product
Recommendation
Service
Traffic Retall
Prediction
Media
Social

Teaching

Material
Design

Chemistry

Health
Care

Physics
Drug

Discovery

Financial
Services

Summary
Generation

Credit
Assignment
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I Machine Learning Pipeline af &

Iterative Manual Tuning

Identify Data | w. Data Feature Model Benlbvrient
Task ollectio cleaning Engineering Training ' ploy

Machine Learning Pipeline
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I Preprocessing? af & V-

/ Preprocessing / Reduction \ // Hyperparameters\
Standardization PCA / #components

Feature Selection Kernel PCA Kernel
Outlier Removal ICA degree

[ Missing Feature | [ A [ A

Imputation . LDA ) . coeft )
Embeddings NMF alpha

Feature | [ A [ A

\ Reduction J ; Truncated SVD , \ solver )

— We might want more than 1 data preprocessor!
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S

Hyperparameters
Technique °

Preprocessing
Area

Naive Assumptions:
only 3 decisions at each level
Possible options: 3 x 3 x 3 =27

More realistic assumption:
at least 10 decisions at leach level
Possible options: 10 x 10 x 10 =1000

Choose 3 preprocessors instead of 1
— 1000 x 1000 x 1000 =
1 000 000 000

Still naive!
— Hyperparameters are often

continuous and not discrete
— infinite amount of settings!
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J From Manual ML to Automated ML a &

Iterative Manual Tuning

Identify Data Data Feature Model Penlovrent
Task ollectio cleaning Engineering Training [ ploy

Machine Learning Pipeline

Id‘l?anstll(fy AutoML | Deployment
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>

( classifier

AdaBoost (AB)
Bernoulli naive Bayes
decision tree (DT)
extreml. rand. trees
Gaussian naive Bayes
gradient boosting (GB)
kNN

LDA

linear SVM

kernel SVM
multinomial naive Bayes
passive aggressive
QDA

random forest (RF)
Linear Class. (SGD)

(S I S NS R

N WNdE R Wo

S

Algorithms

\_

Y

_/

Architecture

\_ Design

/

[ preprocessor

extreml. rand. trees prepr.
fast ICA

feature agglomeration
kernel PCA

rand. kitchen sinks
linear SVM prepr.

no preprocessing
nystroem sampler
PCA

polynomial

random trees embed.
select percentile
select rates

y

one-hot encoding
imputation
balancing
rescaling

e R [P RLODUVT LDV E ROV

Pre-

~

Hyper-

\_ processing /

\_ parameters /
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I Neural Architecture Search (NAS) oy & v

* Find neural architecture A such that deep learning works best for given data

* Measured by validation error of architecture A with trained weights w*(A)

mingc 4 Lya(w*(A), A)

s.t. w*(A) € argmin,, Legin(w, A)

 Famously tackled by

Number of papers on NAS published in conferences, journals and arXiv

reinforcement learning [Zoph & Le, ICLR 2017]
e 12.800 architectures trained fully
e 800 GPUs for 2 weeks (about $60.000 USD)

Number of Papeis
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« Search Space:

» A set of operations (e.g. convolution, fully-
connected, pooling)

* how operations can be connected to form
valid network architectures

Search Search
Algorithm
e identity e 1x3 then 3x1 convolution
e 1x7 then 7x1 convolution e 3x3 dilated convolution :
e 3x3 average pooling e 3x3 max pooling Evaluation
e 5x5 max pooling e 7x7 max pooling Method
e Ix1 convolution e 3x3 convolution
e 3x3 depthwise-separable conv e 5x5 depthwise-seperable conv
e 7x7 depthwise-separable conv Update parameters
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« Search Strategy

« Sampling a population of network
architecture candidates (child models)

* Rewards: child model performance metrics
(e.g. high accuracy, low latency)

Search

Strategy
 Algorithms
* Random Search Evaluation
* Reinforcement Learning Method

« Gradient descent
 Evolutionary Algorithms

Update parameters
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 Evaluation Strategy

* WWe need to estimate or predict the
performance of child models

* |n order to obtain feedback for the search
algorithm to learn

* Methods
 Training from Scratch Evaluation
* Proxy Task Performance Strategy

« Parameter Sharing
* Prediction-Based

Update parameters



I NAS with Reinforcement Learning

* NAS with Reinforcement Learning [Zoph & Le, ICLR 2017]
e State-of-the-art results for CIFAR-10, Penn Treebank

* Large computational demands:

800 GPUs for 3-4 weeks, 12.800 architectures trained

Sample architecture A
with probability p

[

The controller (RNN)

1

'

Trains a child network
with architecture
A to get accuracy R

J

Compute gradient of p and
scale it by R to update
the controller



I NAS with Reinforcement Learning ay & .

[Zoph & Le, ICLR 2017]

* Architecture of neural network represented as string e.g., [“filter height: 5”, “filter width:
3”7, “# of filters: 24”]

e Controller (RNN) generates string that represents architecture

Softmax classifier

N\

Number‘ Filter _ Filter . Stride . Stride _ Number_ Filter .
" |of Filters[' | Height [, | width [\ | Height [+ | Width [\ |of Filters|: | Height [\

N I I I I IO
F AT T §F 1T 8T i1

:
i
:
l

'l ‘| ‘l 'l .u ?l l’ ‘ .I
e ORF o F B W W
s » < P —
Layer N-1 Layer N Layer N+1

Embedding



| Training with REINFORCE at

Accuracy of architecture on
Parameters of Controller RNN held-out dataset

/
'](90) = EP(G-1:T;9C)[R]

/

Architecture predicted by the controller RNN
viewed as a sequence of actions
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I NAS as Hyperparameter Optimization «f & ¥ -

[Zoph & Le, ICLR 2017]

* Architecture of neural network represented as string e.g., [“filter height: 5”, “filter width:
3”7, “# of filters: 24”]

* We can simply treat these as categorical parameters
e E.g., 25 cat. parameters for each of the 2 cells in [Zoph et al, CVPR 2018]

Number_ Filter _ Filter _ Stride . Stride _
of Filters|. | Height |\ | Width |\ | Height [\ | Width [\
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* Neuroevolution

(already since the 1990s [Angeline et al., 1994; Stanley and Miikkulainen, 2002])
* Mutation steps, such as adding, changing or removing a layer

[Real et al., ICML 2017; Miikkulainen et al., arXiv 2017]

test accuracy (%)

226

0.9 28.1 70.2 wall time (hours) 256.2
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Dataset:
CIFAR-10

Reference Error (%)  Params GPU
(Millions)  Days
Zoph and Le (2017) 3.65 37.4 92,400 Going to
cell search

1 | Zoph et al. (2018) 3.41 3.0 2,000 Space
o

Real et al. (2017) 5.40 5.4 2,600
5

Real et al. (2019) 3.34 3.2 3,150

[Wistuba et al., preprint 2019]
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I Overview of NAS Speedup Techniques «ff & ¥ .

* Weight Inheritance & Network Morphisms
e Local changes in architecture, followed by fine-tuning steps
e [Cai et al, 2018; Elsken et al, 2017; Cortes et al, 2017; Cai et al, 2018, Elsken et al, 2019]

* Weight Sharing & One-Shot Models
 ENAS [Pham et al, 2018], DARTS [Liu et al, 2019] and many follow-ups

* Meta-Learning
e Learning across datasets
* To initialize architectural weights of DARTS [Lian et al, 2020; Elsken et al, 2020]
* Prior for blackbox optimization methods [Wong et al, 2018; Runge et al, 2019; Zimmer et al,
2020]
* Multi-Fidelity Optimization
* Exploit cheaper proxy models for blackbox optimizers, in particular Bayesian optimization
e [Jamieson & Talwalkar, 2016; Li et al, 2017; Falkner et al, 2018; Zela et al, 2018; White et al, 2021]



} Network Morphisms o

* Network morphisms [Chen et al., 2016; Wei et al., 2016]

e Change the network structure, but not the modelled function (i.e., for every input,
the network yields the same output

* as before applying the network morphism)

@* e =

e Can use this in NAS algorithms as operations to generate new networks
* Avoids costly training from scratch
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* Weight Inheritance & Network Morphisms
e Local changes in architecture, followed by fine-tuning steps
e [Cai et al, 2018; Elsken et al, 2017; Cortes et al, 2017; Cai et al, 2018, Elsken et al, 2019]

* Weight Sharing & One-Shot Models
 ENAS [Pham et al, 2018], DARTS [Liu et al, 2019] and many follow-ups
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0

Candidate operations

identity

1x7 then 7x1 convolution

3x3 average pooling

5x5 max pooling

1x1 convolution

3x3 depthwise-separable conv
7x'7T depthwise-separable conv

[Liu et al at ICLR 2019]

1x3 then 3x1 convolution

3x3 dilated convolution

3x3 max pooling

7x7 max pooling

3x3 convolution

5x5 depthwise-seperable conv
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% ILiu et al at ICLR 2019]

(@) (b)

* Relax the discrete NAS problem (a->b)
— One-shot model with continuous architecture weight a for each operator

(d)

(4,5)
— Mixed operator: ot (z) = exp(ao zij) o(z)
o€ ZO'GO exp(ao,’ )

* Solve a bi-level optimization problem (c)

min  Lyq(w*(a), a)

st w(a) = argming Livuinlw;a)
* Inthe end, discretize to obtain a single architecture (d)
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* DRS Embedding Components

« Single Embedding Search
* Group Embedding Search




I Background ay & o

Loss Function

\
y
Output @ Embedding Table
506 AE e RV
b
Feature S s Number of Feature Values Embedding Size
Interaction @ @ @ J

f: Interaction function

[Embeddingsg-@ééd - ----- - 0000 [OOOO]] « The Embedding layer is used to map the high-
*

4 3 | dimensional features into a low-dimensional latent
Feature =g = g (el w | ¥ o =il Space.
Flelds Ze TF'e'd' T F'Te'dm - The cornerstone of the DRS, as the number of
parameters in DRS is concentrated in the embedding
L 224 = table.
Features == N
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Feature Feature Embedding
(T T T i :
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Il . | Embedding
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R 3
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30

v " Frequency 2
Candidate dimension

To improve the prediction accuracy, save storage space and reduce model size, AutoML-
based solutions are proposed for the learning of feature embedding.

1. Single Embedding Search —— search for each feature value
2. Group Embedding Search —— search for a group of feature values
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To improve the prediction accuracy, save storage space and reduce model size, AutoML-based
solutions are proposed for the learning of feature embedding.

1. Single Embedding Search search for each feature value
2. Group Embedding Search —— search for a group of feature values
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J Single Embedding Search-AMTL a S

« Search space: dv (d is the embedding size and V' is the vocabulary size)

« Twins-based architecture to avoid the unbalanced parameters update problem due to different
frequencies.

« The twins-based architecture acts as a frequency-aware policy network to search the optimal
dimension for each feature value - relaxed to a continuous space by temperature softmax.

mz| 1 I 1 | 1 | 0 | 0 | Mask Generate

; = IF :' t; [0]o]1]ofo] sme
€. 0.7 o> . 1
| | Embeddzinec Pt |o1loo|o7|01|02| gﬂ;‘::‘ed
‘ 5 ic

User ID Adaptive Dimension
|F|| | Embedding

d2

- < I Ha-
I - e TSR i |
dlm uniform assign dim: human design dim: dlscrete search dim:continuous adjustment 'f|1'4|1'8|°'7|°'3lo'2 ' h-AML I-AML weight score
initial: random start  initial: random start initial: random start initial: warm start Embedding Vector

(@) Standard  (b) Rule-based (c) NAS-based (d) AMTL (Ours) Raw Dimension @

Feature Frequency

Dim Candidate Set
E 8 E I H'
Feature Frequency

|
|
A : AMTL :: : Welghted Sum 1—a;
] I

|
|
|
Embedding Layer | segmmd (norm(q;))
|
|
I

S; | Frequency Vector |

Frequency value

__________________________

Figure 2: The framework of AMTL.

S S S U A S S S ——————————————

Feature Value @ e.g. User ID:321

Learning effective and efficient embedding via an adaptively-masked twins-based layer. CIKM 2021.
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* Pruning-based Solution by enforcing column-wise sparsity on the embedding table with L,
normalization.

« Search Space: 2V4 (d is the embedding size and V is the vocabulary size)

dense sparse
d, d,
~ 2 N\ p—
0.1]0.3]-0.2|-0.4f 0.4 vV, .3 -0.2(-0.4] 0.4 f §‘
Ap— [0
0.3]-0.1]-0.4]-0.1f 0.2 Pruning vV, @E\nb %
—
0.1]-0.1f 0 fo.05f0.12 (GG 2015 V3 nnnn 5
: g = sigmoid : . §
oifoz2fos|-03]or| TTTTTTTT V@o.z 05]-09] 0 i
\% S(V, D) ¢

PEP: Learnable Embedding Sizes for Recommender Systems. ICLR 2021.

Figure 1: The basic idea of PEP.

min L, s.t. ||Vl]|p <k, NP-hard

!

Soft threshold re-parameterization

e

T S(V,s) = sign(V)ReLU(|V| — g(s)),

\N =

min £L(S(V,s),0,D).



|/
~

J Single Embedding Search ay & e I

» The search space of PEP and AMTL is highly related with the embedding size d.

 To reduce the search space, AutoEmb and ESPAN divide the embedding dimension into several
column-wise sub-dimensions.

Solution 1: Sub-dimension1 Sub-dimension2

column-wise sub-dimensions
Feature \LFeature EmI}SAJ

E m be d d | n g Ta b I e fl e 0.1 | 015 [ 0.08 ||t0.2 | 0.12 | 0.04 | .01 | 0.21 Slng Ie
N === Embedding
\ E X i e, : 016 | 02 | 01 |lpas [ 021 | o | a3 | -02 : "
| roup
[]]023| o |o023|p36|-01|014](@o02]031]]
s = | | || Embedding
Number of Feature Values Embedding Size el o e i ol Wil ol Kl
|
| S IR < ™ o e T e o S
’ fr-1 €ey_1||o01s o009 | 02 |lo1 | 026 |o00a| o1 | 01 LQOEITE'V_VEC_BLOEI(_:
y ey o | 02 |06 Ia.oa 0.05 | -01 | jo.sa | 0.02 |r__R_0v_v-;vge_ B_lo_ck_ _:

Candidate dimension
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* Reduce the search space by dividing the embedding dimension into several candidate sub-
dimensions

« Embedding dimension often determines the capacity to encode information.
* Dynamically search the embedding sizes for different users and items
« Optimal recommendation quality all the time
* More efficient in memory

b

hidden layer M
A

0.23

A
| hidden layer 1
A

0.21

0.20
0.69 0

10 ' 20 ' 30
T T T T

Accuracy
3

® Frequency © = ° AutoEmb & ESPAN

ESAPN: Automated Embedding Size Search in Deep Recommender Systems. SIGIR 2020.
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« Search Space: From dV to a" (d is the embedding size and V is the vocabulary size, and a is the number of

sub-dimensions for each feature)

« Two controller networks to decide the embedding sizes for users and items via end-to-end

differentiable soft selection.

« Sum over the candidate subdimensions with learnable weights. (Soft Selection)

u;
Hard Selection / e y_\

(" Transformed I . . .
: Activation
: BatchNorm
I
| Linear Transform | @, e’ eV
\ r A

Embedding Lookup Ea% e’ ] . \ el

AutoEmb

Output
Layer

Hidden
Layers

Input
Layer

6]\'1 |@'I
@ W

G

softmax

T T 1
hidden layer M
7§

=)
'\Z>

A

hidden layer 1

f

popularity + context

Controller network

AutoEmb: Automated Embedding Dimensionality Search in Streaming Recommendations. ICDM 2021.
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5

 Two Components
* Deep recommendation model

« Embedding Size Adjustment Policy Network (ESAPN) - RL (Hard Selection)

{ Deep Recommendation Model

user
emb

item
emb

uuojsues} Jeaur

o8
e
g5
O
@) O
o) o
o|—"10
(@) O
T

—

users 3 user 1 & user 2
items i item 1 E item 2

3 user k 8 user k+1
[ item k| [ item k+1

g user, —»

ﬁ iteny, —*

Policy | — emb size™ Embedding
Network —_ emb size([k) Table
user, l . \ item,
emb l
Reward .
Function ' prediction «—— | Recommender
Policy Network

Hidden Hidden
— sas — Iayer m

layer 1

xewyog/plowsbig

Concatenation

Multilayer Perceptron

— prediction

frequency —>

i Hidden Hidden
N —_— amm

8 layer 1

Xewyos

L Q enlarge

‘ unchange :
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Feature Feature Embedding
_______ o, ¥
i ! Single
f 1 el -0.1 | 0.15 | 0.08 |-0.2 0.12 | 0.04 | 0.01 | 0.21 —> "
sy - === anmEmm—‘: — —Embelld% \
1 016 | 02 | 0.1 |loas | 021 | o |0a13 ]| -02 .
2 € | | | : Embedding Table
: f3 e; | | 1o23| o |o23 :0.36 01 | 014 [ 002 | 031 | | == Group_ : \
| — I ; | Embedding | E X
Al ol |l sl e |
S - p—— S e S - / _ _
| : s ————— Number of Feature Values Embedding Size
fv- ey_1!|o1s | 0os| 02 |01 | o026 | 00a| 01| 02 | | Column-wise Block
V-1 | o | ey || Rl B | e RiR.se e na g
I R e i
j ey |\ o | 02 [ o016 :o 04 | 005 | -01 | 04 002 | | _R_OV_V-XVEe_ B_lo_ck_ |
Candidate dimension

To improve the prediction accuracy, save storage space and reduce model size, AutoML-based
solutions are proposed for the learning of feature embedding.

1. Single Embedding Search —— search for each feature value
2. Group Embedding Search search for a group of feature values
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 AutoEmb and ESAPN shrink the search space by dividing the embedding dimension into

candidate column-wise sub-dimensions.

« Group the feature values of a field based on some indicators (e.g., frequencies) and assign a
row-wise group embedding dimension for all the values within the group.

Solution 2:

row-wise group embedding dimension

Embedding Table

e

Number of Feature Values

7

Embedding Size

Feature Feature Embedding
(T i :
| ! Single
e ey | |01 |os |oos |02 | o012 004 00102 > :
(=r=re=e=r====—==._ | Embedding
i’ e, || |0 | 02 |-01]|loisfo2n| o |o013]-02 |
’ i ' ! G
f e; !l |ozs| o [oz :0.36 01 | 014 002|031 || I‘Ollp.
1 i || | Embedding
A D11 | e E
| |
| : r—— e
fr-1 ey_1 : 015 | 009 [ 02 ||-01 | 026 | 0.04 | 01 | 01 LC_"EITE'V_"Ee_Bloka
f e b e o
;o e : o | 02 |06 [loos | o00s|-01| 04 [002| | Row-wise Block :
74 4 VR T] i O (W R | N | A e S

. — —— — ——

Candidate dimension



I Group Embedding Search-AutoDim oy & §"é %

* Pre-defines several candidate sub-dimensions like output P

ayer
AutoEmb. !

« Setting the number of groups b = 1 and searching a - ~ ~ —~
global embedding dimension for all the feature  component o = .
values of the field.

» Search Space: From a" to a™ (where d is the embedding ~ Ereeidne
size and V is the vocabulary size, and a is the number of sub-
dimensions for each feature, m is the number of feature fields) e oW W9 L.AUG:

Fields Field 1 Field m Field M
S P =1
Cuser Item  Context Interaction
Goal:

Selecting embedding dimensions to different feature fields automatically in a data-driven manner.

AutoDim: Field-aware Embedding Dimension Search in Recommender Systems. WWW 2021.
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Two-stage framework

AV, U
s _ _ _ _ _
_/ _/ _/ _ _/ _

A X 7 L3 . A X
0.7 0.3 0.2 0.8 Weights 0.6 0.4
/ \ / \ / \
Transformsl l !
L R R R —-— - e wem| Teemsfomms
/ + ! ! + T- ! \ 2 6 :
] W - o
g Embedding
I \-/ ______________ \ _____ / ______________ \ / Lookup I Lookup, ------ T __________________________ T .......................... T _______
10 0 1 e+ 1 0 0 . 0 0 l 10 0 1 1 0 o 1 0
< Field 1 Field m Field M I Field 1 Field m Field M
(a) Dimensionality Search (b) Parameter Re-training

AutoDim searches dimensions for feature fields in a soft and continuous fashion via Gumbel
Softmax, reducing to a smaller serach space: 5 candiate for each feature field.
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Two-stage framework

AV, U
s _ _ _ _ _
_/ _/ _/ _ _/ _

A X 7 |3 A X
— 7 g E— ) Em () e \pEfghie PR = gy
{ / \ / \ / \
Transforms
I T T T _____ T _________ T TTransforms I l l !
1 | R l @ i
D - S — — ] - o m /WEMbRAGING  Embedding Bl S S R S
PR N __&_\ _____ 71 ______________ \ ----<---. Lookup Lookup, ------ T __________________________ T .......................... T
"0 0 1 1 0 0 0 1 o0 00 1 1 0 0 o 1 0
Field 1 Field m Field M Field 1 Field m Field M
(a) Dimensionality Search (b) Parameter Re-training

AutoDim searches dimensions for feature fields in a soft and continuous fashion via Gumbel
Softmax, reducing to a smaller serach space: 5 candiate for each feature field.
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I Group Embedding Search-AutoDim ay & .

Two-stage framework

U U
/ _______________ \
[ \
_/ _/ _/ I _/ _/ _/
|
l |
_/ y y = I y 7 y y =
|
I #{>
| A X ok , A X
9.7 0.3 9.2 0.2 Weights 3.6 0.< I
‘ Transforms
\ /
:_T: —_— - - —,__T_T__—___—,___—_T___—, — dFaneforms | .
\ / \ / \ Embedding  Embedding T e T T
pr el S o /. LOOKUD Lookup; - - - - - ool
"0 0 1 1 0 0 0 1 o0 00 1 1 0 0 . 0o 1 o0
Field 1 Field m Field M Field 1 Field m Field M
(a) Dimensionality Search (b) Parameter Re-training

AutoDim searches dimensions for feature fields in a soft and continuous fashion via Gumbel
Softmax, reducing to a smaller serach space: 5 candiate for each feature field.
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Two-stage framework
U U
_/ _/ _/ _/ _/ _/
_/ _/ _/ _/ _/ _/
' A4 Y~ 7 X
0.7 0.3 0.2 0.4
4 o 4 o Transforms| 2 d | 3 d ' 2 d
T T T TTransforms ____l___,- ______ L- ____l___,-
: )\ bedd beddi I""‘F'": """ ‘} B S
2_3-/ ______________ \3_d _______ z\d ____Fnljosku;)ng ETOSku:::,. ______ .. L.
1 10 . 0 0 1 10 0 o 1 o0
Field 1 Field m Field M Field 1 Field m Field M

(a) Dimensionality Search (b) Parameter Re-training

AutoDim searches dimensions for feature fields in a soft and continuous fashion via Gumbel
Softmax, reducing to a smaller serach space: 5 candiate for each feature field.
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« Split the features into multi-groups based on the
feature frequencies or clustering. Prediction

« Search space: from 2V4 into 209 (where b is the T
Interaction
number of groups) Dy

« Search for mixed feature embedding dimensions iN e c s

a more flexible space through continuous :' gn:'i‘;:ins :t 00O [OOO‘ - (@®® ‘:
relaxation and differentiable optimization. :g ______ VN, Al Weline| S
e [000) (000 - [000)

E;"y':"d‘"g e (OO0) (O00] -~ (0O0]

Search stage: €; =e; © ay,
(b) Model structure.

Derive stage: E;; =

-~

X =)
- 0, if |E;j| <te,
E; j, otherwise

DNIS: Differentiable Neural Input Search for Recommender Systems. In Arxiv.
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* Input component assigns embedding vectors to each item of these discrete features,
which dominate both the size and the inductive bias of the model.
The vocabulary and embedding sizes for discrete features are often selected heuristically.

Solution 3:
column-wise sub-dimensions
row-wise group embedding dimension

0.1M x 512
" Head Feature

* More data, more information
* Needing larger embedding size

0.3M x 256

0.4M x 128 [N

Tail Feature
* Less data, less information
« Small embedding size is enough

1.2M x 64

NIS: Neural Input Search for Large Scale Recommendation Models. KDD 2020.
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RL-based AutoML approach

* Main model is the deep recommendation model
» Controller learns to sample embedding dimensions
that generate higher reward.

» Reward:
R=Rg—X*xCy vaxdpgc
FeF
(7M, 192)
64 64 64 64 64 64 64 64

Head items ™ | | | | | | | | || | | | | Il LY
2M 2M 2M
2M 2M 2M
2M 2M M

S
Tail items 3M 3Mm M

(a) (b)
Single-size Embedding (SE)

/[ Main Model }\
\

/

Sample \‘ ) Reward
\ ,
\ /
\[ Controller J‘/
Mg
>3 ur xdr <€
FeF i=1

[(3M, 192), (7M, 64)]

64 64 64 64

—

| N

(c)
Multi-size Embedding (ME)

Embedding Blocks: discretizing an embedding matrix of size v x d into S x T sub-matrices
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Existing methods for numerical feature representation have some limitations:

1. Category 1: No Embedding

* Low capacity: difficult to capture informative knowledge of numerical fields.

« Poor compatibility: difficult to adapt to some models (e.g., FM).

2. Category 2: Field Embedding

« Low capacity: single shared field-specific embedding. Age: 18

Height: 173.8

« TPP (Two-Phase Problem) et
« SBD (Similar value But Dis-similar embedding)
« DBS (Dis-similar value But Same embedding)

TPP

SBD

Limitation 3: DBS

child

0
teenage 1
mid-age 0

0

older

Phasel: Discretization

3. Category 3: Discretization Limitation 1:

[l

: /tg_enagLK_I-\ mid-age |
§ A, T
| 18 ﬁ.....\40,|£.¢... 64 65
P S, s g S s

Discretization Rule

AutoDis: An Embedding Learning Framework for Numerical Features in CTR Prediction. KDD 2021.

Phase2: CTR Model Training
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[

%

AutoDis is a numerical features embedding learning framework with high model capacity, end-
to-end training and unique representation properties preserved.

Feature <

Interaction

Embedding <

AutoDis

A
Input { Age: 18

AutoDis | |

01

Aine
Height: 17334~ | Gender

Aggregation Function

Meta-embeddings

0100000

Day

ej =f@°(xjih4ﬂ)]/

Automatic Discretization

Automatic

Input

Meta-Embeddings <

Discretization

{
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I Summarize DRS Embedding oy & W

Model Feature Field Search Space Search Strategy
AMTL Categorical dv Gradient
Slngle_ PEP Categorical 2va Regularization
Embedding _ v _
Search AutoEmb Categorical a Gradient
ESPAN Categorical a’ Reinforcement Learning
Group AutoDim Categorical a™ Gradient
Embedding DNIS Categorical 2bd Gradient
Search
NIS Categorical b? Reinforcement Learning
- AutoDis Numerical 2km Gradient

* d is the embedding size, V is the vocabulary size, m is the number of feature fields, a is the number of sub-dimensions,
b is the number of groups, k is the number of meta-embeddings. (a < d, b<<V)
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Effectively modelling feature interactions is important.

Loss Function

1
Y
= Both low-order and high-order feature interactions
Output play important roles to model user preference.
OCL)O = People like to download popular apps = id of an
MLP 000 app may be a signal
e S = People often download apps for food delivery at
[ Intera‘gion 101616} ] meal time - interaction between app category and
f: Interaction function S TR time_stamp may be a Signal
Vv v i e e e I T T B = Male teenagers like shooting game - interaction of
Embeddings | @@@@® -~ OO00 - 0000 : .
;J ---------- FT ------ ST app category, user gender and age may be a signal
Feature s |y =93 [Ele |9 |0 . . . .
Fields = = . = Most feature interactions are hidden in data and

I I 1 1 difficult to identify (e.g., “diaper and beer" rule)

Input 3 i
e 8 8 & =
Features = R .

User Item Context Interaction




I Background

The challenges of modelling feature interactions:

1) Enumerate all feature interactions
« Large memory and computation cost
« Difficult to be extended into high-order interactions
» Useless interactions

2) Require human efforts to identify important feature interactions
» High labor cost
* Risks missing some counterintuitive (but important) interactions

3) Require human efforts to select appropriate interaction functions
* Human expert knowledge
» Global interaction function for all the feature interactions
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Automatically select important feature interactions with appropriate interaction functions

Interaction Block
Search R P @ ®2®® @ .
" @ o0
AW

Feature Interaction
Search

Second-order Interaction L High-order Interaction

<e1,ez> <e1,ev> <el, 82, ev>

@@Q@”@@®®f@@®@

Interaction Function |

Search \k/ |
e =—— T e e o e S e e ] e e e T 5 +"————-\I e
:E‘EIIIIIm (|

€1 €, €y

AutoML for feature interaction search:

1. Feature Interaction Search —— search beneficial feature interactions

2. Interaction Function Search —— search suitable interaction functions

3. Interaction Block Search —— search operations over the whole representation
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Automatically select important feature interactions with appropriate interaction functions

Interaction Block @ @
Search @ Z ® ®
® D ;
SH,

- R @) @ SO0
{ ™ Feature Interaction . (@ T T mm I
| Sariah Second-order Interaction High-order Interaction 1
1 <eq ey> <e, ep> <e,, ey eyp> j
RPEOD - (PO ~ (PO D)
_______________ L. ¢
|

AutoML for feature interaction search:

1. Feature Interaction Search search beneficial feature interactions
2. Interaction Function Search —— search suitable interaction functions
3. Interaction Block Search —— search operations over the whole representation
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* Not all the feature interactions are useful.

« ldentify such noisy feature interactions and filter them.

e e e .

e et e s s e e W e s e e G s s s el s s e s S s S e S e el

Field 1

Field 2
(a) FM

Field m

P / [
[__;'_ { | .. |
‘l‘ XX --->$v}lnteractio . 3. MLP
N S SR |
| ,//‘\ \ S et tiaa e,
e © . Gl 8 B e _ R
| |
{L }Embedding
e e =
L___IL_:____E ___________ 1__:'___1 Input
Field 1 Field 2 Field m
(b) DeepFM

V_outpur
- > A
I oo } MLP
| & |
|- W |
f 1
}:— X )2} Interaction
e — _.,'_..a-_-__:_f‘t::____
{ IEmbedding
| Sy pp——————— e —— e ———————
T R : RERAE s
v1 .9 10.09..9 }_'_"___; Input
Field1 Field Field m
(c) IPNN

AutoFIS: Automatic Feature Interaction Selection in Factorization Models for Click-Through Rate Prediction. KDD 2020
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« Search Stage

* Detect useful feature interactions

« Retrain Stage

* Retrain model with selected feature interactions
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Search Stage:

« Gate for each feature interaction
* Huge search space 2Ch (m is the number of feature field)
« To make such process differentiable, AutoFIS relaxes the discrete search space to be
continuous, by defining architecture parameters a.
« Batch Normalization to eliminate scale coupling
« Using GRDA Optimizer to obtain stable and sparse architecture parameters

m m
EEEEEEEEE 1
IanutoFIs = (w,x) + Z Z A(i,) (ei, ej> [F | Next Layer
=1, i T "1
Indi -0 1 QR Selection Gate
ndicator a =0 or a(1,2)| X (1,m) @ (m-1,m»_ Architecture Parameters
Retrain Stage: N i Batch Normalization
A
* Abandon unimportant feature interactions X Interaction

1
| Embedding
|

 Retrain model




I Feature Interaction Search-AutoGroup <% & ¥

The limitation of AutoFIS:

 When searching high-order feature interactions, the search space of AutoFIS is huge,
resulting in low search efficiency.

Solution of AutoGroup:

» To solve the efficiency-accuracy dilemma, AutoGroup proposes automatic feature grouping,
. p
reducing the pth-order search space from 2%m to 29™ (g is the number of pre-defined groups)

AutoGroup: Automatic Feature Grouping for Modelling Explicit High-order Feature Interactions in CTR Prediction. SIGIR 2020
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— - —

\ Features

Feature Grouping Stage:

"\, Output
&7 =7
MLP - & & & a & a
” )
1*" order pt" order q™" order
I_l_\ 1 2 N
IP Ip IP '
@ /7> Sr
@) ‘
/ p/i’roduct at p%m
9 ) 92 5 I
000® CO@O| --- OO
A
IR R ,“f\_\_’fi.gl?t.eﬁl_5}?!?¥. L sea e ey
Interactio - 3
5 ‘e
4 Embedding | #|&
;eZ —

- e o

‘ (%),

Each feature is possible to be selected into the feature sets of each

order.
. HE]. € {0,1}: whether select feature f; into the jt* set of order-p.

To make the selection differentiable, we relax the binary discrete value
to a softmax over the two possibilities:

I

Yo tvexp(-ap) B 1vexp(-af))

p
a-1?).

To learn a less-biased selection probability, we use Gumbel-Softmax:
log a, + G,
exp(———)

loga,, + G,,

where o € {0,1}.

f
! - 1
... @
: .. 48 : Lorefo1) €XP( T )
Automatic | ~----- N ! p
Feature Grouping NG ; 1 eXp(_ai.j )
Grouping R Learnable Structure |1 ag = D a, =
\ ——»: connected 1 1+ exp(—af. —oP
: disconnected || p( LJ ) 1+ €Xp ai,j

Field m

Field 1 Field 2 Field 3

! G, = —log(—logu) where u ~ Uniform(0,1)

Trainable Parameters: {afj}
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Interaction Stage:

MLP
1 "
1 Interactio
! n
1
1
1
\

Automatic |
Feature Grouping

Input

"\, Output
&7 7
&7 £ &7 & & &A
1" order p" order q*" order
o i i
0O ‘
5 p/i’roduct at p%mp
g, B gz gnp

________

1
1 1
... @ .
S
= 1
\\i‘\‘%:l:‘:?~:: =
Grouping \\ ™ Learnable Structure
N — . connected
N\ : disconnected
Features

Field m

Field 1 Field 2 Field 3

Feature set representation:

b _ p
gf—Zwi “

b
€S’
fi S]

s}’: the jt* feature set for order-p feature interactions.
e;: embedding for feature f;

i

wf: weights of embeddings in feature set s?.

Interaction at a given order:
« The order-p interaction in a given set sjp Is:

7
J

<

@P - D, (we) R p=2
f,-esjl.)

gfeRk.

p=1
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The limitation of AutoGroup:
» Solve the efficiency-accuracy dilemma via feature grouping

 Ignore the Order-priority property
» The higher-order feature interactions quality can be relevant to their de-generated low-order ones

Solution of FIVES:

» Regard the original features as a feature graph and model the high-orger feature interactions by the
multilayer convolution of GNN, reducing the pth-order search space from 2¢m to om*,

« Parameterize the adjacency matrix and make them depend on the previous layer.

10 000
0. 00 @0
rossing

— —_—
@ H Qc crossing crossing
original features 2-order features 3-order features

FIVES: Feature Interaction via Edge Search for Large-Scale Tabular Data. KDD 2021
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« With an adjacency tensor A, the dedicated graph convolutional operator produces the node
representations layer-by-layer. For the k-order:

nlgk) _ pl(k) . nlgk—n

where pgk) = MEANj 1{WJ~n§.O)}~.

(k) _
|Ai’j _

* The node representation at k-th layer corresponds to the generated (k + 1)-order interactive
features:

(k—1)

nl.(k) = MEANJ, {anﬁ.o)} On;

AR =1
L]
~ MEAN(cl,...,ck) A 21 j=1 k{fcl ® - ® fer ® fil,
Y o B
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« The task of generating useful interactive features is
equivalent to learning an optimal adjacency tensor A,

namely edge search.

« The edge search task could be formulated as a bi-level

optimization problem:
m}n L(DyalA, 0(A))

5.t ©(A) = arg meinL (DyrainlA4, ©)

* To make the optimization more efficient, FIVES uses a soft
A% for propagation at the k-th layer, while the calculation

of A®still depends on a binarized A%—1:
AW & (DK=D)T" (40D g(H ()

Degree matrix of A~1) l Interactions at k-th layer
Binarize the soft Ak—1)

(3)

(4)

Feature

Graph AD

ny g
| 4+

NP

nj Ny

Generated
Features

L ® Lk
h ® f

fa ® L

A®@)

ny

n,

AN

ns

L®f
fi®f

Ny

® fa
®  fa

AB®

i®f ® f
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Automatically select important feature interactions with appropriate interaction functions

Interaction Block
Search R P @ ®2®® @ .
" @ o0
AW

Feature Interaction ) 1 : .
Sariah Second-order Interaction High-order Interaction
___________ <€.ex> _ _____eney>______X<e.e,ey> _ _
(
. ROO P -
1

N o o o e e i — — — — — — — — — — — — — —— — ———— —————————

AutoML for feature interaction search:
1. Feature Interaction Search —— search beneficial feature interactions

2. Interaction Function Search search suitable interaction functions
3. Interaction Block Search —— search operations over the whole representation
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« Generate embedding vectors for users and items

« Generate predictions by an inner product between embedding

vectors

« Evaluate predictions by a loss function on the training data set

Interaction function:

How embedding vectors interact with each other?

N
users

IFC operation space predict time | recent examples
(ui,v;) inner product | O((m + n)k) O(k) | MF[28], FM [37]
U —v; plus (minus) O((m + n)k) O(k) CML [19]
human-designed max (u,, v,—) max, min O((m + n)k) O(k) ConvMF [25]
(on ([ui: v ,-]) concat O((m + n)k) O(k) Deep&Wide [9]
o(wiov;+Hluzv|) | mult,concat | om+mk) | O®) NCF [17]
Ui *v; conv O((m+ n)k) | O(klog(k)) ConvMF [25]
UV, outer product O((m + n)k) o(k*) ConvNCF [16]
AutoML SIF (proposed) searched O((m + n)k) O(k) —

Collaborative filtering
M

items

Is there an absolute best IFC? : NO, depends on tasks and datasets [']

Efficient Neural Interaction Function Search for Collaborative Filtering. WWW 2020

2N =~
- 1
& 3
§ & 5
* 2
F X



I Interaction Function Search-SIF

e SIF selects different interaction functions across different datasets.

IFC operation
(i,v)) inner product
U —V; plus (minus)
max (u,-, v,—) max, min
o ([u,-; y j]) concat
a(u,- Ovj+H hu,-;v,-‘) multi, concat
U * v, conv
Ui®v; outer product

Cut the search space into two blocks

 fl (e @ ray. . (i) 4 (rad)

-wise

_—_____,_ ____________________

; "'[“1“1“1“] [“I“I“I )|
E 9 g
Ejselr veIctol' u]- [;_I It I__]

* Vector-level: simple linear algebra operations

* Elementwise: shared nonlinear transformation
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* Not all the feature interactions between each pair of fields need to be modeled.
* Not all the useful feature interactions can be modeled by the same interaction functions.

Prediction ?

Fully Connected Layers

//—______77A\\______\\\ Hidden <::>
State

Sub-net 1 Sub-net 2 Sub-net i
FC layer

ST s [ . A

! [ Embed 1 ] [ Embed 2] L g Embed | — —

| ayer | F1 F2 F1*F2

[ Feature 1] [ Feature 2] Feature N

[ HoEme “H 1
device_ip device_id mday c21 site_id banner_pos wday

AutoFeature: Searching for Feature Interactions and Their Architectures for Click-through Rate Prediction. CIKM 2020
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AutoFeature automatically designs a different sub-net for each pair of fields.

 Train a Naive Bayes Tree to classify different network structures, where the tree tends to
classify the most well-performed network into the leftmost leaf subspace, such that the next
generation can be more effective.

« Sample leaf nodes from these leaf subspaces based on the Chinese Restaurant Process

: \ Prediction : i
it ~ o~ d
2 S 9 § :
% _/ _/ &y DNN acc>T, acc<T
."1 .V: 9 7= - -
1St order 3 orderS i pth order @ 5 4 A
< : ' ' Product =2k
@...@ é-'.@@ @ @...@ B ,@@...@ Layer acc>T, acc<T, acc>Ty acc < Ty
2ndorder /- > ‘ e Y iy
1 \
: | (== |
= 3 ; Embedding 1 _ |
® ® s ® Layer 1 ; / 1
i A 2. A embedding lookup Ve ! : !
> , One-hot | 1
XX XX X XK I I Ir rl T I

features
Feature 1 Feature 2 Feature S @ e e e e e e e e e e e e e e e e e /
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« The top two samples with the highest accuracy will be picked to perform a crossover operation
at the midpoint of the architecture string, which is followed by g mutations.

« Check if the resulting architecture belongs to the subspace represented by the leaf node. If this
is not the case then the procedure is repeated.

* The whole search procedure continues until the desired accuracy is achieved or the maximum
number of steps is reached.

Learn the Tree Select Leaf Sample from Leaf Update Node Population
: P P(xns1= kl€) = nk / N+1 s
X leaf_id ~ CRP(c) ) Q i

Di=Dy arch_string,accuracy}

- ! - 1
__________ O & Train ‘arch_string L
324300,..31,1 017 ; —»>
124888111 0 43113380 Gm Get 'accuracy
11111 3,08,...0,00 &% = 134400,..1,1,1 08
1IAAL0,. L1 8.20 -
D=l 144000,-.22.2 0261 () Q
3,3,3,380,..044 0.77 333,100,000 0061
AAADS. 111 0. 244400,..,1,1,1 0002 W R 1 -
acnT, acc < T, .
D Z}A.tﬁ:g,.‘:;.u g;k'u " ir n "
= 111100, 044 071 A% .
" 2aaAn0 30 00 Dir=Dir {arch_string,accuracy}
i = - Algorithm 1: Sample(lr‘,D|r) —> arch_string = [4,3,0,1,0,...,4,1,0]
=124.8080,..1,1,1 &.002 _234400..2.11 070 —324300..181 071 1y = 1AAR00,.232 0368
DII=yxs1ee"a0o em Dir=iiiisa——aas am D=usiasasade am D=3 ias-408 30 Update ¢
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Automatically select important feature interactions with appropriate interaction functions

- e R Rm R M e REm R M R REm R M e REm R M e REm R M e Rm R M e e e e e oy,

i Interaction Block
: Search ® @

Second-order Interaction ngh order Interaction
<e1 62> <61 ev> <91 e,, ev>

@ @ [S D) ~ (R DO @] ___[@_@ Q ®)

e - - -

\

Search

Interaction Function
Search______ :,,,___-;Zf'-_-\;::_'""_";,:-_--_ ___________ | — p
Eé] (I [ - NN
““““ e, e, T TTTTTTTTTTTe, T
AutoML for feature interaction search:
1. Feature Interaction Search —— search beneficial feature interactions
2. Interaction Function Search —— search suitable interaction functions

3. Interaction Block Search search operations over the whole representation
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Hierarchical Search Space
* Properties: functionality complementary, complexity aware, ...
« Examples: MLP block, dot-product block, factorization-machine block, ...

e B B OO |
N T

f [ Addition ) \ 4 )
| Inner products | / Sz
[ Additon | | Inner products |
(oo (000 - (00O _ )
(oo (000 - -
g /

Towards Automated Neural Interaction Discovery for Click-Through Rate Prediction. KDD 2020
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Search space construction

« DAG of virtual blocks and grouped feature embeddings
» Both block hyper-parameters and connection among blocks are to be searched

Dense feature
concatenation

Sparse feature
embeddings

.‘
-
@)

#‘_

—

E=Eo

A
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Multi-Objective Evolutionary Search Algorithm
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All the Explored Architectures
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Multi-Objective Evolutionary Search Algorithm

4 All the Explored Architectures )

O @
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Multi-Objective Evolutionary Search Algorithm

-

All the Explored Architectures
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Multi-Objective Evolutionary Search Algorithm

( All the Explored Architectures ) cuided
S O Add @ mutation
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Search
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Search Space
« The interaction cell formulates the higher-order feature interactions
« The ensemble cell formulates the ensemble of lower-order and higher-order interactions

D Input node I Output node @ Interactive Operation — Fixed Connection
I:I Intermediate node (X)) Convolution ) Concatenation - - - Searchable Connection ° Skip_connectionﬂ] « SENET Layer[.?]
o [ o o
ures ing ing k / ! ! ’ k
i---T----------j----i Prediction :'"“"“ “"“": E’ - Oskip(E) = (= Rmx E = [a] * &, a'2 - e 7am e mm] = Rmx
[ ] : :
& @ & ; |
| A | = i °
E : T : : + Self-attentionl® R
l | _ Details ' ] i : ={(z; - =;)}
; St Ensemble Cell ; i E' = [eRes gRes ... oRes] o pmxk p 3" %5 j)er,
i i A i i [ E o @ v ] st. R, = {(ivj)}i€{l,~--,m}Je{l,--~,1n},i<j
s a s i
: : | i
i ! Interaction | Detais i i « FC Laver .
! | [ Imemon o, | y 1D Conv
] @ | A ; i ’
oo i.----_-.g?_-_-__i E - WFC {C(') = Rlxlxm}xé{l.---.m}
Featuras
0000 - 0000 - 0000 | (0000 - 0000 - 0000 | High-order

Featuras

Embedding For Low-order Features Embedding For High-order Featuras

A General Method For Automatic Discovery of Powerful Interactions In Click-Through Rate Prediction. SIGIR 2021
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Search Strategy
* Continuous relaxation

fFOI(EO) 0
4 ; \\ 0
f“'3)(E(”) 9 1(2.3) (E(2)) 1® : \ Pl e %
' 1 @ \\ // 4 : \ \\
1 ! 2 - ‘\ \‘~ ’/ I/ i \\ \\
T ! T ,‘ \ : \ IO T— ! R U W
\ | ! \ ! -
\ - 3(0 3) ’ & i oaw(-) OSIdo() orc(s) | opm(-) ‘
) ! 3\ /
1,3) s L B(2,3) \ al03) % o’(;:.«i) 3 ( a03) /403
B( 3) \\\~' ; 4”,,, ﬁ \\. -® ,’, OAwe \\\\-‘:!‘ \\« ; /,/ :,,:-//, O
= = it “a=-"-
Softmax(-) S Softmax(:)
3 4 3

Continuous relaxation visualization

By introducing the operator-level and edge-level architecture parameters for
continuous relaxation, a differentiable objective function will be obtained:

mipn Cva[ (w'(a9 p)’ a, ﬂ)

s.t. w*(a, p) = argmin,, Lin (W, @, f)
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Type Model Search Space Search Strategy
AutoF1S 2Ch Gradient
Featurseezrtsr:actlon AutoGroup 29m Gradient
FIVES pm? Gradient
Interaction Function SIF b? Gradient
Search AutoFeature bCm Evolutionary
Interaction Block AutoCTR b? Evolutionary
Search AutoPI b? Gradient

* m is the number of feature fields, p is the order, g is the number of pre-defined groups, a is the number of pre-defined
bolcks, b is the number of candidate interaction functions.
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Loss FLAmction

Output @
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QOO
MLP
Q00O
Sttt
Feature = She sy
Interaction i ® ®

f: Interaction function

Embeddings |[©000)| -~ [OOO0 - [©00J
A s y oo
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Feature 0/ 0 | B |1 [«=|0 110]-
Fields Field Field i Field
Input
Features

Item

Context Interaction

« Comprehensive search:

Searching for several parts of DRS

« System design:

Searching for architectures other than

aforementioned parts
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Search Space Search Strategy
Comprehensive AMEIR Sequential model, Feature interaction, One-shot
Search MLP Random Search
AIM Embedding Dimension, Intearaction Gradient
Function, Feature Interaction
AutolAS Embedding Dimension, Projection Reinforcement
Dimension, Interaction Function, Learning
Feature Interaction, MLP
System Design AutolLoss Optimization: Loss Function Gradient
AutoGSR Structure Design: GNN Architecture Gradient
AutoFT Parameter Tuning: Fine-Tune or Not Gradient

(For pre-trained models)
*More related work please refer to our survey: https://arxiv.org/pdf/2204.01390.pdf
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} AMEIR al & -

Loss Function

* Motivation: !
« 3 parts: sequential, non-sequential, MLP @
o . Output
* Unified model for all scenarios
» Restricted search space + Wi QQ O
. Q0O
Feature f e T
Interaction @ @ @
= Inteaction funetion smsal s oo A
* Target: B L e o i
» Searching for 3 parts Embeddings | ©@@OQ) - [OOO0 - OO0
. Behavior Modeling 2 5 g
« Adaptive model A | | |
| Fe'ature olo|-]|1 w0 | el 1lol-|0
s{“’l’m? 1';7“%} fields  Field Field Field m
equential features Non-Sequential features T T T T
Input
Features

User Item Context Interaction

AMEIR: Automatic Behavior Modeling, Interaction Exploration and MLP Investigation in the Recommender System
IJCAI, 2021
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« Subspace 1 (Behavior modeling)

« Searching for a fixed number of layers (L) A;t T————
. . . . th Linear : dj,_; —
« Normalization {Layer normalization, None} Layer A o
« Layer{Conv, Recur, Pooling, Attention} N:m A
* Activation {ReLU, GelLU, Swish, Identity} - T
Hf = Act} (Layer{ (Norm{ (H{ ,))) + Hj , +
- Subspace 2 (Interaction exploration) SSECESERAESNESE
* Interaction function: hadamard product (fixed) T Inpi o
« Feature interaction candidates A i D T
' + Stage 3: MLP investigation
» Subspace 3 (MLP investigation) R S
 MLP dimension A
« Activation: {ReLU, Swish, Identity, Dice} Origin embedding Jev, - e

Stage 2: Feature interaction search

AMEIR: Automatic Behavior Modeling, Interaction Exploration and MLP Investigation in the Recommender System
IJCAI, 2021
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» Overall search strategy: One-shot random search
« Step 1: Using a predefined MLP, search for the optimal architecture.

» Step 2: Combined with SMBO, progressively expand the interaction sets, also
use a predefined MLP.

« Step 3: Using a weight matrix of maximal dimension to realize one-shot search

Kth Linear : dj,_1 — d,

Kth Order Interaction:lel34_ 3T €him A
Act .
A ? !
. 2nd Linear : dy — d»
Layer
A A A
Norm 1st Order Interaction:|e;s, - - , €;; 1st Linear : do — dy
Block * Input: dy
H} = Act} (Layer;‘ (Norm;‘ (H;‘_l))) +Hy Origin embedding :leq,-- -, e; Constrain:d; .1 = {0.1,0.2,....1}d;
Stage 1: Behavior Modeling Search Stage 2: Feature interaction search Stage 3: MLP investigation

AMEIR: Automatic Behavior Modeling, Interaction Exploration and MLP Investigation in the Recommender System

|IJCAI, 2021
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AIM: Automatic Interaction Machine for Click-Through Rate Prediction, TKDE
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S
TT; mmm=p Sample S; from probability distribution ;
Chosen structure

CTR Prediction Model Search Space

Unchosen structure

' d
{ __________________ [ \\
i The Architecture : Wi |
I I \ |
! Generator Network | | [ | MLP Structure
I 0 I \ , :
I I \ |
I [ | l
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X
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« Search space:
 Embedding size
Projection size
Feature interaction candidates
Interaction function
 MLP:

« The number of layers
» Layer dimensions

 Strategy:
* Knowledge distillation
* Reinforcement learning

AutolAS: Automatic Integrated Architecture Searcher for Click-Trough Rate Prediction, CIKM, 2021
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Loss Function

0
* Motivation: A
« Predefined and fixed loss function Output
« Exhaustively or manually searched fused loss Qé@
MLP 56 O
Feature e T
Interaction @ ® @
= Interaction [UNCHION -cnsenrin st o N
* Target:

« Searching for loss function

« Considering convergence behavior

Fefature olo|-]|1 o |0 |1 sl 110/l-|0
Fields Field Field i Field m

...........................................................

Input N % =
Features g _"é{ oc6e N

User Item Context Interaction

Autoloss: Automated Loss Function Search in Recommendations, KDD, 2021
Author Slides Link: https://zhaoxyai.qithub.io/paper/kdd2021slides.pdf
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I AutolLoss — Forward-propagation ay & W

« Step 1: the DRS makes predictions

« Step 2: calculating candidate losses

« Step 3: the controller generates weights(probabilities) according to predictions
« Step 4: calculating the overall Loss (Weighted sum)

| DRS Network : | , P
I l I I Step 3
6‘6 ml I | g\l brObabiIities Y 2)) .
W —> (Y | ——> M
4 2 N
I e \\
l P .

I
|
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e e p— — - I ,1 %
| | I | o
g S ey |52 gt
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(. I I = J* — *\ ’ | .I.'.

Autoloss: Automated Loss Function Search in Recommendations, KDD, 2021
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I AutolLoss — Backward-propagation af & V-

* DRS network: updated based on training error

» Controller: updated based on validation error
validation error

—_— e _
e e - , Controller |
| DRS Network | . : &
|
6-6 1 l g : probabilities P> 9
&/ W2 — @~
A I I I ...'.." Y .
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training error

Autoloss: Automated Loss Function Search in Recommendations, KDD, 2021
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 Target: searching for GNN architectures Session graph Aggregation function
EOP Multigraph EOPA [3]
_ . Shortcut Graph SGAT [3]
* Motivation: Relational Graph Relational GAT [30]
« 3 kinds of information EOP Relational Graph | Relational GGNN
Mixup Graph Mixup
* 5 popular GNNs
Long-range Dependency — — —>
Review Repeat Item-
Click Click transition
Local-context relation
Do | | é\ ; i Dove Dave
------ — —>f%m!—>g—)/\ —> F =8 —> 7
® @ g 3 o ) @)
B R hmeo e Dbl Dy

AutoGSR: Neural Architecture Search for Graph-based Session Recommendation, SIGIR, 2022
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« Search space:
« Session aggregation: 5 popular graph types.
« Layer aggregation: mean, max, concat, sum & highway & skip.

« Strategy: continuous relaxion & gradient

uo14piuasauday uoIssas
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AutoGSR: Neural Architecture Search for Graph-based Session Recommendation, SIGIR, 2022
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 Target: transfer learning DRS
Prediction
Layer
« Search space:
* Field-wise transfer o
 Layer-wise transfer g
« Strategy: gradient o e

Pre-trained Model
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AutoFT: Automatic Fine-Tune for Parameters Transfer Learning in Click-Through Rate Prediction
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I Conclusion oy &
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Automated Machine Learning contribute to improving the performance of deep recommender
systems in a data-driven manner.

« Search embedding dimensions to better model feature representations
« Design deep networks to better capture feature interactions
« Design comprehensive system architectures to better improve performance

Automated Machine Learning

iii- Dataset - ]

—
M Optimization > @ >

Metric -
Automated Machine Learning
Machine Learning Model

— O o . . S e e e e e e e

Constraints
[ | (Time & Cost)
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AutoML advantages:

» Different data - different architectures
» Less expert knowledge

e Saving time and efforts

Human Experts

AutoML (computer program)
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Applying to real applications
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I Summarize DRS Embedding oy & W

Model Feature Field Search Space Search Strategy
AMTL Categorical A4 Gradient
Slngle_ PEP Categorical 2va Regularization
Embedding : v :
Search AutoEmb Categorical a Gradient
ESPAN Categorical a” Reinforcement Learning
Group AutoDim Categorical a™ Gradient
Embedding DNIS Categorical 2bd Gradient
Search
NIS Categorical b? Reinforcement Learning
- AutoDis Numerical 2km Gradient

* d is the embedding size, V is the vocabulary size, m is the number of feature fields, a is the number of sub-dimensions,
b is the number of groups, k is the number of meta-embeddings. (a < d, b<<V)

« The search space of Group Embedding Search is less than Single Embedding Search.
« Limited approaches for embedding learning of numerical features.
« Gradient-based is more popular as it has higher efficiency.
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Type Model Search Space Search Strategy
AutoF1S 2Ch Gradient
Featurseegrtsr:actlon AutoGroup 29m Gradient
FIVES pm? Gradient
Interaction Function SIF b? Gradient
Search AutoFeature bCm Evolutionary
Interaction Block AutoCTR b? Evolutionary
Search AutoPI b? Gradient

* m is the number of feature fields, p is the order, g is the number of pre-defined groups

bolcks, b is the number of candidate interaction functions.

, a is the number of pre-defined

« The search space of Feature Interaction Search and Interaction Function Search are

larger than Interaction Block Search.
« Gradient-based is more popular as it has higher efficiency.
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Search Space Search Strategy
AMEIR Sequential model, Feature interaction, One-shot
MLP Random Search
_ AlIM Embedding Dimension, Intearaction Gradient
Comgreherr:swe Function, Feature Interaction
earc
AutolAS Embedding Dimension, Projection Reinforcement
Dimension, Interaction Function, Learning
Feature Interaction, MLP
AutolLoss Optimization: Loss Function Gradient
_ AutoGSR Structure Design: GNN Architecture Gradient
System Design _ _ _
AutoFT Parameter Tuning: Fine-Tune or Not Gradient

(For pre-trained models)

« Comprehensive search: separately search
« System design: AutoML is widely appied.
« Gradient-based is more popular as it has higher efficiency.
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1) Feature Embedding
« Combine the feature representation learning with model compression or quantization
« Multi-modality feature representation learning, such as text, pictures, audio, and video

2) Feature Interaction

* Personalized feature interactions search for different users
* Introduce complex interaction operators for generating more diverse interaction functions

3) Comprehensive system architectures
« Searches for multiple components (embedding, interaction and MLP) simultaneously
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4) AutoML Algorithm

* Design AutoML algorithm (search and evaluation strategy) that is more in line with the
recommendation scenario

5) Model Selection

« Search different sub-models/sub-architectures according to different requests adaptively

6) Muti-task learning

« Multi-task learning is one of the most important techniques in industry recommendation for
considering different revenue targets (e.g., ctr, cvr, vv). Designing an automatic algorithm for
recommendation based on muti-task Iearnlng

/) User Behavior Modeling

 User history behaviors contain different dimensions of interests. Automatically retrieve beneficial
history behaviors for modeling user preference
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Automated Machine Learning for Deep Recommender Systems: A Survey
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