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1.3. §AI EFPll(Look-alike)
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1.3. S AL ER2HI(Look-alike)
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2.1.1. Offline part
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2.1.2. Online part
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3.1. Offline Part =&
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3.2. User Embedding Model
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3.2. User Embeading Moael
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3.2. User Embedding Model

Dataset Al
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Input X

Label Y

User A Siis G|O|E]

[0,0,0,1,0,0, -0, 0]

User A Siis G|O|E]

[0,0,0,0,0,1,--,0,0]

User A Siis G|O|E]

[1,0,0,0,0,0, -, 0, 0]
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3.2. User Embedding Model

Dataset 4i-d: Negative sampling

Input X Label Y (2F 6007H) Input X Sampled Label Y (1+107H)
User A= O[O ([0, 1,0,0,0,0, -, 0,0] User A= O[O ([0, 1,0,0, -, O]
User A8 GOl |[0,0,0,1,0,0, -0, 0] } User A& C|Oo[E|  |[0,0, 1,0, -, 0]
User A 2l O|O| E [1,0,0,0,0,0, ---, 0, O] User A 3iE |0 E [1,0,0,0, -, 0]

- 1:10 negative sampling
- Sampling distribution: approximately log-uniform distribution

~ log(k+2)-log(k+1)
p(xi) B log(D+1)

(k: PHE|DE| x; S Yl =9, D: FA| IHH| 22| )




DEVIEW

2021
Softmax > | Cross Entropy‘
Mode| 2) 7| QIoh +85t= task
—— (> |
3) Y11 X} 5= CHA ‘ User Embedding ‘ Ctgr Embedding O
T Ctgr Embedding 1
‘ MLP ‘
| Attention Merge Layer‘ Ctgr Embedding N
h( a1 h 7an n+‘|\hn 1 n+m \hn+m
[ |
Average Pooling ‘ Average Pooling \ ‘ \ ‘ \
_L _L Continuous feature 1 Continuous feature m

Embedding A~ 4 A 1) Feature input

Categorical feature 1 Categorical feature n




Model




Model

A

‘ Average Pooli

kS

1

“HO & 00 O

|
?

Categorical feature 1

A

‘ Average Pooling‘ ‘

| A

L3

L3

kS

Categorical feature n

Continuous feature 1

£
| |

Continuous feature m

DEVIEW
2021



Model

-

FC

A

‘ Average Pooli

kS

1

“HO & 00 O

?

Categorical feature 1

—

FC

A

‘ Average Pooling‘ ‘

—

|

N
c ]
£

L3

L3

kS

Categorical feature n

Continuous feature 1

Continuous feature m

DEVIEW
2021



Model

A

Attention Merge Layer‘

A

I Average Pooli

kS

1

00 O

Categorical feature 1

e

. -

| FC

A

‘ Average Pooling‘ [

L3

kS

O O

Categorical feature n

-
T

Continuous feature 1

nnnnn

Continuous feature m

DEVIEW
2021



Model

| A

Continuous feature 1

A
MLP
| : |
Attention Merge Layer
A
‘ h a1 I - Fan‘ a””\hn:
FC FC FC
A o A |
‘ Average POO”? ‘ Average Pooling‘ ‘
4+ 1 L S S 3

“HO & 00 O

Categorical feature n

Categorical feature 1

nnnnn

Continuous feature m

DEVIEW
2021



Model

‘ Softmax | )l Cross Entropy
I' I
I User Embedding ‘ Ctgr Embedding O
T Ctgr Embedding 1
‘ MLP ‘
\ Attention Merge Layer‘ Ctgr Embedding N

. -

h( " hr anﬂ\h; o \hn+m
‘ FC ‘ I FC ‘ FC ‘ ‘ FC ‘
A

A | A % A

‘ Average Pooling \ ‘ Average Pooling ‘ ‘ ‘ ‘ ‘
_L _L _f_ _f_ _L Continuous feature 1 Continuous feature m

DO & 00 O

Categorical feature 1

Categorical feature n

DEVIEW
2021



DEVIEW

3.3. User Embedding X%
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3.4. User Embedding A|2f2}
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4.2. PU Learning
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4.2. PU Learning
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4.2. PU Learning
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4.2. PU Learning
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6.Experiments & Results
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Appendix

JAB(Interactive Advertising Bureau)
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