dx% PN 5 T Tﬁ
lﬁns?r‘y ‘ Artificial Intelligbence Zsl:itute MJT m -

Al007 {ATIEHE) Week08

HEFERG

Recommender Systems

HFEes
FEREARE - ALEEHRE
2021F11H4H

Major Ref: https://deeprs-tutorial.github.io/
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#ETF5 49 (Recommender Systems ) UESHERKEZRAFFER , — A ESBAFRZIIXBC
EMENEER , B—HELEEEEEINEN ERISEBIAFER , NTIEICHEFRMNEENEE
hATER CBEREK,




WHFZES (Recommender Systems ) [ iZNBTFREAEEHETER. ATDEFE. LXK

amazon eb Y |

Total price: $208.9

Add all three to Cart ]

Add all three to List




HTFZH S (Recommender Systems ) [ ZNAFEATEELZHEHETS. ABREESR. HRXNE

Youlm™ (@) Pinterest
'TikTok

News/Video/Image Recommendation

For you
Recommended based on your interests

More For you

This Research Paper From Google Research Proposes A 'Message '_._“
Passing Graph Neural Network' That Explicitly Models Spatio-Temporal "o~ ™ Il
Relations o&

MarkTechPost - 2 days ago

Construction Fail Compilation Truck Fail Compilation 2015 Construction Fail Compilation
2015 NEW! -
Paplaa

1,382,590 views * 1 3 2, 47 views * 1 year ag

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

desktop
9toSMac - 21 hours ago

0 }
\
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WHFEZES (Recommender Systems ) [ iZNBFEREAREXEETS. ABHDEYE. HZMLE

facebook
Linked [}

facebook

HTRIAIE

weibo.com

Andrew Torba

[7] News Feed
(57 Messages
Events 2
&0 Find Friends 17
el Tech.li
E Kuhcoon

I
oe___________ ¢

Are They Your Friends Too?

These people now have 1 or more friends in common with you.

S !
ﬁ: e
v : 2

—
1 mutual friend L] 39 mutual friends 47 mutual friends
€&} Add Friend 67 mutual friends <gl, Add Friend €8l Add Friend

<8} Add Friend

See All Suggestions



IEZRS| 22 vs HETFS|ZE A TR

Artificial Intelligence Institute

JEEEI%E
- AP BRIE , JEERFTEKAEW G HERKET
- APSTEERSIZERESN

e oo ‘ \ eBs
. BRI , ISR TP S 2T & _
ERSETT | O TRTEEAS. | l K

HFSIE

- BAFixERHER |, BE BRVEMRY

- EBYAEPHESEITAEERFPRXB R EEBEFPRA
Déffi‘l’%ﬁ'— %?E;Eiiéé?&ﬁ%ﬁ% ::t:;r:lsdz:'slztife: Products, News, Movies, Videos,

- APSTEERSIZEREIN




A LERERt
4 ation
m 1
. ithm drives 35% o
algor

3] WWW.amazop, de
Sk en

Tur Vamen Over Tur

Damen

Marikoo Damep, Mante|

Wintermantel Wintelparka
Rose (vegan hergestellt) 5
Farben...

von M.mkoo
EUR 89,9, _ [37)
Einige GroBen e

f
R 99,90 vprime s
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Netflix says 80 percent of watched content 1s based
on algorithmic recommendations

It's not just about subscribing to Netflix, it's about trusting it too

@ By Sameer Chhabra @SameerChhabra94 AUG 22, 2017 8:00 AM EDT 3 COMMENTS
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E FIF-TRE Z B s B AT E B S e S EAE
INPUT  ShAGRSERER (AIMARR , AR OUTPUT  gepk (4npck, kS, MSE)

User-item Interaction History

W oW r o d s s o M s M s mm s Mk M s f M S s M M s M M f M S M M d e s e s e s

7 Spider Captain To ey 7 " : :
’ e 4 on MRS, Side information
I ; e R ¢ | e g G T e e e 1
JS— n : ltem set ! year, genre, actor, I
' (movies) & o i I reviews, etc. :
! S R
, ;
! T
! I
! i
: S : Side information
. I -
: I [ i o i e e i
| o Rerce ,'IF’ | User set social relations, age, 1
\ = S % . 1
A - L gender, occupation, etc. |
e Lala R N i i i M G

10
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VRS Fil

EEF—REIFEI AP YIGREIEEITES |, FUFEFE amtﬂﬂw’a‘ﬁ?ﬁ%\
NYIEmFTE s BEBRTELZIUL. SRERSUHET. o TRNAISER T,
—REIdIERiIRZE ( RMSE ) FINEYETIRE ( MAE) frm X FMiEE T =
N— 1R u il i, < ry RBEFPuIYIGIBISCERFD | M fy BHEFRFLSEH
AUy , M RMSE 1 MAE BYTEN 9 :

~

RMSE = Zu,iET(Tui e fui)z MAE = Zu,iET | Cyui — Tyi
\ IT1 7]

11
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S SRR

TopN ET=

LETTE—RRAE D

, T/

Y EnHEEXIF IR THEF |

H

T(u) =&

Recall =

2 (recall ) #1 F1 18 ( FEr9o
IR ENRE_ERY1T AR,

2uev |R(W) N T(w) |
2uev | T(wW) |

Precision =

IPIRE— T MEHEFY IR

Artificial Intelligence Institute

ORTHEE

1EEVE AR N MIREFS
B, IR, BEAMI SHEE. TopN HEF—REIT/ERE ( precision ) . &3

%& ) Jgio %\ R(u) ZEE?Q

Yuev | R(w) N T(w) |
Zueu | R(u) |

_F' , BRERBTETF

IPHEFRIYImY IR

Precision - Recall

Precision + Recall

12
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| emssm

EFABMES { 2T Pt it i |
2T idieny BTt R |
s 2T I B B F5dy
RS  E i A ,
E T AR T
e f2iE (A
BB MR HEE
2T B
55 RESMR |

Ref: https://zhuanlan.zhihu.com/p/27502172 13



HINESBIHETEE ( Content-based Recommendations,
CB) RUSRE—RREELUAT=2 ¢

1. Iltem Representation : A& itemifENHH—LL4%
1iE (BHiRitemiicontents ) FRitkitem ;

--------------

2. Profile Learning : FIJFf— AP EEER ( KA e Eé?,'s,a?% """ " ok
=R ) WitemBORHTEEE | S HIL AP R4 A RSaT

fif ( profile ) ; . e \'

3. Recommendation Generation : JEIELIE E— / | emC ' _1 tﬁmg
BRIMPpofile SIRemiOISE , JlLAFIEE

—HBEX MR KHitem,

14
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Bz - NS ERPEEEE]
HRBRIRBFNTF L AEE TR

St
=

lig

33§ ( Collaborative filtering , CF)

TR
L EIRARLE

1%

=i
3.

A

=HYDESRHIT.

P A RSKERIINE.

C{E

/R

HRIKEBAIE D

=,

\/ A AN C - -
U’) \LEI\J Wﬁ?&ﬁgn User-based filtering

Item-based filtering

15



—IRARIBEA |, ABRPNBEEEFEETERFZEREES |, AR ABRREF&AAE

AP XS I RIS ERTTN B s XS EEmiEFEE | RENMRIEX—E5

XIBirAFE TR | BREERZIAF-INA ( User-ltem , Ul) 1B[FRIER.

'mitems 73§ &
! (movies) &
|

o T TS R pa

User-item Interaction History

Captain Toy
America Story

CAPTAIV AMERICA

™ Q ~y

~— <> -

Peter David Lala )
Task

~
Iron Man Minions®.
\

User-ltem Ratmg Matrix R

= items

— n.users

users

m items (movies)

: predicting missing movie ratings in Netflix.

SRR

16
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- BEFiciZrImREZiE ( Memory-Based CF )
« EF AP (user-based)AiHREIIE

7R

PRI T AR R B AEHEF A P Rl Re Rk BRI R IR

- BEFInH (item-based)RINEITIE :

)

IEELEERITREIB ZENEIE | AARFHEFESUSRIR

- EFRBIAIEENSE ( Model-Based CF )

7R
BRRY “

IPXIIMBRYRETA , WERFSIEZERIKRERRN | FlsRA~

JF-IRE" ZIERN SRR

=S

17
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I8 (e B ER R B P RSB R m. %?%%%—AEHFALFHET—“HUL Bt %3
MAKBRUBIARSESU , R, BESUFAFPRKEMALE MRSV RS
S8 (1) ITERPZERIRLE | iEEEEENTAR (2) *ETE@MEﬁ%ﬁHF&FD

Alice 5 3 4 4

Userl 3 1 2 3 3 sim = 0,85
User2 4 3 4 3 5 sim = 0,00
User3 3 3 1 5 4 sim=0,70
User4 1 5 5 2 1 sim =-0,79

18
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1B

. BZIRFRIERZAZEL. Spearman fHXZEZEL. Rz

i
4
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I
11

B8 . S APHEEM IR =R BRI R | XERMRABE LI EMNIRNRSAEL LR , MEET
—iRIE | EXMIEARNRAR XS ERY B REYI AT EBHEIA,
LB (1) iTERBUE , SHEBUEINANMISR ;. (2) BIEEUEITERF TS

Alice 3 4

Userl dt 3 i 1 2 £ 3 f 3 b
User2 3 4 [ 5
User3 3 1 5 4
User4 5 = 1




I
11

INEEAERAN © RIZABIUE

cos(a) =

> »
Em

rating by Bob

>

rating by Alice

>
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S(E2%% ( Singular Value Decomposition, SVD )
X U S VT
0

[z Tz ... Tin s
U11 e Uiy 11 Y11 ... Uin
21 r22 ... . 0 .
' ' ' Um1 u : v v
\ Pt T ) m mr . Sy rl rn

Note: EXEFEETRZHY , BIFEMFERTTHEREIFE | GUHIABEZRESVD O,
XITFHRA(E , SR EEE RS E AR TR

22
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User-item Rating Matrix R

Spider Captain Toy

Man  America Story Iron Man Minions

21 ?

eee ? >

David @ 5 ? 5 1
A~ 4

Lala n ? ? 2 5
N 4

|

m items (movies)

FunkSVD : 15

n users

N

P IR A B
JI2MEFRBIAEF. TiEERE

&

Items representations
QT = Rdxm

Artificial Intelligence Institute

Spider  Captain

Man  America Iron Man Minions

User representations

P € R™*4 5 B .
Lily a =
o
Peter -« X L d <« min(n, m)
< ()] : .
David S qJ
i 3 PEHEEEROE S e ORI S R \’\
[
‘ Y J | R ~ P X QT i
d ! Predicted rating of item j for user i : 5
| d :
I N :
I hj=piq; = zpikq]'k :
\ k=1 :
/

m s mmm s mEm s R mES R EEE F EE E WM N EEE § EE F EEE F M EE R EEm N s §

23
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. . . User representations Item representations
User-item Rating Matrix R P € R™%4 Q' € R4xm
5(4
5

e
m —
(7]
=
<

5 5|1

2|5

1
| d < min(n, m) Given nXm matrix R, the goal is to learn:

MEtEmE{movies) Users/Items representations: P € R"*¢, Q € R"™*4

Observed user-item interactions (known): S

Objective with rating reconstruction error:

minp, q Z (ryj —Tij)* = Z (rij — P 4;)*
/e:/' \i,jes
FunkSVD . ){%_ ] FIﬁE%EBEﬁj\% y predicted rating score ;

observed rating score
72 MEFRRIAR . TIE M




@) %BEPESEE (Matrix Factorization )

[
.
it

[ENIAAYFunkSVD : it X LNEEEE IS
» WEERREIG D EPMF © FunkSVDRIBIZRERIEIRA
- BiasSVD : EIITESRE

» SVD++ : i FIENNEEIER |, Q0KGE
» timeSVD : o ERAREIHIRRZL

» NMF : /o B3FRLIRAYAEE DR

» ConvMF : IFCNNSEMFEES | HIEMEHEFEPH L TXER

25
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k=% ( Tensor Factorization )

\‘t
\*\
Users ™

| o

Locations Locations

A

Users
=
]

Users

Users

Features Activities

D

Locations
(@'
Activities

Figure 2: Model illustration in a tensor/matrix form.

AAAI 2010: Collaborative Filtering Meets Mobile Recommendation: A User-Centered Approach

-~ market -~

Fruit 3
Smoathie - Stog‘l(rreportAAPLFB :
Aople , appiﬁmo te‘aigple orange
TWTR it 600G
- nu_mnjr(“" —_—
receipt'
Tasks ! lf
Task: read financial news o
R— X User-Term
\ SSK- Mmake ul .HIOUJ\VE‘ Ma‘fix
¢ | User-Topic-Task
Task: find NBA game schedule $ Tensor
Terms

26
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BT REFINEFERSR o s

- -
~ Prediction layer
£ % &7 =
o 2 = L Hidden layer
(e.g., MLP, CNN, RNN, etc. )
P oo — i~ Embedding layer
CRed1 Feldm Fedm

User Item Context Interaction

28



One-hot 4§35

Label Encoding

N L BEWE S

Artificial Intelligence Institute

One Hot Encoding

Food Name Categorical # | Calories
Apple 1 95
Chicken 2 231
Broccoli 3 50

Apple | Chicken | Broccoli | Calories
1 0 0 95

0 1 0 231

0 0 1 50

29



Deep Crossing {252

Deep Crossing : BT
201651 , BTHEZRS|ZE
BingHRYE R SiE=FT=.
Deep Crossing5es& 1 iRE=F>]
EHEF USSP AR |
R T —EREZERIMNGIETE.
HMEEREN. SEHERM
EHITIC B SRR TS
£ AR T ZHEHIALFHLE
TFEAYET,

(ynid=
AR

Scoring/z

Multiple Residual Units/Z

Stacking/=

}_
}>

| Embedding #1 |

Feature #1

Feature #2

Embedding #n

Feature #n

Ying Shan, et al. Deep Crossing: Web-Scale Modeling without Manually Crafted

Combinatorial Features. SIGKDD 2016

N L BEWE S

Artificial Intelligence Institute

ScoringZ:5mt R, MEMHERT,
CTRIU& XM — 55 3K o) B E1{EFH
LR, Z%3K{ERsoftmax

ZEEZENZ(Multi-Layer Residual
Network): 34 FEEEZ TN HEEHER
X, REFFEMISERASISFIRER

Stacking/Z(concatenateZ):H1ZA G
HIEmbedding4FAEFEBEBUFAE, FZRL
FHVE 2 2RSS

Embedding B & HRAIE 545
/IE EY.*B__M heddi =} E-y
! %ﬁfgrf_«}za?“e 'nﬂl;jl%:.——l

o) — I'/‘_ ==

30
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NeuralCFE—MHEENETFREZIEEFRE. 85 S EREND EINZ ER
04, ATLAEIRHEREF NS 4ERFIE , BEENEATHEFERER,

Score [ J,i 1+ Training -}:m' Target

k- Log loss
/// o —
/ e / \ g \
NeuMF Layer )
Concatenation
l MLP Layer X ]
[ GMF Layer I ’ RelU
4
[ MLP Layer 2 ]
4 RelU

MLP Layer 1

MF User Vector MLP User Vector MF Item Vector MLP Item Vector
o[o]o W o] o] - olof[o[ofa] o] -
User (u) Item (i)

Neural Collaborative Filtering, WWW, 2017 »



NeuralCF &8 e et

« GMF (Generalized Matrix Factorization) EINEFBF id FI¥5 id , L2 T— 1w ANE |, BEEE(W AR
FHERETVIGRISIERE | REBAPFIIRERFIEREX 83k , 5% GMF &,

« MLP (Multi-Layer Perceptron) M NEEHEREF id F#6 id SITBRNEERINGNANFIERE. FEED
D RZNEEREREKERANEEIEmEIN_ E— N EIEREL (Relu) , EIIEEEXRER.

- BE% GMF Ef MLP B#{TiERE: | AR RE—1NEERED sigmoid I2iEEE | #ii— 1 0% 1
Z [BRYHETFE. Score (e TrRININE 730 oo ey

Log loss

St

/ = NeuMF Layer N 7 \

Concatenation
MLP Layer X |
¥

GMFlayer | .l RelU

| 4
lement-wisé { MLP Layer 2 ]
Product £ Relv
MLP Layer 1
\ Concaten:h\ /
/ e N S
| MF User Vector | | MLP User Vector | | MFitem Vector | | MLP Item Vector |
olo]o olol . olo]o|ofa] o] -

User (u) Item (i)

Neural Collaborative Filtering, WWW, 2017 "
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CTR
2016 FEHIPNNIEEITE ?

Hidden Layer 2

Deep&Crossing &M _E {55 Fully Connected 2| O00 -~ OO0
FRAV=(Product Layer fUE el .« [00 <>T ------ 00
Stacking/Z. BIAE4FIERY T
EmbeddingRIEFEBEREE il Bleekgamesied Le = 4d |°
HIHHEE | MBI Product s

VERIRIASEL, IXEEAUProdUCt rieidwioy conmorted
ERAFR MM « RFEIER

HMRER(E,

......

Feature2 | e Feature N

Feature 1

Input Field 1 Field2 | - Field N

Fig. 1: Product-based Neural Network Architecture.

Qu, Yanru, et al. "Product-based neural networks for user response prediction." ICDM, 2016. 33



Wide&Deep &8 i EWIEDE

Memorization vs Generalization

- Memorization:
ZBIAMERBEBMANGIER . BEEMHERE + 151ERX . BIIIFIER X 8ET% R RIFAIRH
BrIfgRME, {B&Generalization ((ZXEES) BEEEZMATFHELIE,

- Generalization:
HEEZT, DNNJLFARZEIFIELIE. BN RS E R dense embeddingi#{TAHS R LAFE S 2
ERBRRESHE, B2, BRaEF mover-generalize (TEZH) . ERAPRIA: |
AP EERERABXNMGE, LHRuser-itemiEfE LR ERF B 2high-rank (S#5E%)

34
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- Wideffss : FIBTT NEIHRE | iIRSAIRFEIE,

ERMEINESHEF RS |, logistic regressionf FIFET 2 , RANEBESR. ZT E. I@EE, LRINEBAS
F R {EtSRIone-hotfEEIFE. MemorizationRIEIES EREASHIE L MASHIERS RS , 40
user_installed_app=netflix , impression_app=pandora , Huser_installed_app5impression_appRYEBEER
H1ET , HEBE4HHEAND(user_installed_app=netflix, impression_app=pandora)fdENI71 , FRAO,

R : TEFIEMASIFIE , FEFEHIT AT LRE.

. Deepfi$) : EBRAMINGERREMSHASISE.
Embedding-basedZEIAJLAERPDIIFHE TR T, BIFI—ME4ERIembedding vectorsRZE3IIgREE
PMKRIIRIEEIFE. Fa0 , FMSDNN, AHEEHITEZRAMFIETIE.

R : Squery-itemfBMEERERFEZhigh-rankfIid{x ( EfluserBRFRRVEYF | BhitemECBUNR ) |, 1RMESF
BRI HEEENERR. XMERT , KEoBquery-itemEBigBHAKXEK. {BREdense embeddings
SEULFRArARquery-itemFTIHEERZIFORY , XIS T HFIEZ , SEF LA BBATBXAMIMR.
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Output Units

Hidden Layers Standard MLP

Dense Embedding
Embeddings  copcatenation

Sparse Features

Wide & Deep Models

O The wide linear models can memorize seen feature interactions using cross-product feature
transformations.

O The deep models can generalize to previously unseen feature interactions through low- dimensional
embeddings.

Wide & Deep Learning for Recommender Systems, 1st DLRS, 2016
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Deep&Cross &8 o A EWEDE

Deep&Cross : HﬁiEWEEﬂIIGoogIeé‘{’EE—-Wide&Deepﬁgﬂﬁﬁo FERERE(FERHCrossi
mEAWideEl> , BIVZIBII2ZE3 X (Cross layer)SENIFEHIEZ BIRYAZEJIE ; Deep
=gl '5W|de&Deep1%F} M.

Output Feature Crossing Bias Input

‘o @-i000i0" (@ (O]

CHER ) O +!@®i+:0!

@ @ o) @ O]
- /

Yy =+ o ~w + b + x

Figure 2: Visualization of a cross'layer.
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2017FRIE T A&ENIEY |, (FHEFMERWide&DeepfiWideZRsy , TIEEiIXEMKZAE SIS,
DeepFMBYHKGHE HAYF1Deep&CrossfIBRIE—ERY . REFRBRIFERAE.

FM component (low-order) Deep component (high-order)

— e — ———— e e — — e — — — — — — —

___________________

Output Units :

|
Output Units |

FM Layer :
_____ Dense |
SN A ______ Fnbeddings | | CEmbeddings A" " ___
___________________ Sparse Features| parse Featurs® @ -0 0 0...0 ... © 0-..0
Sollh _Fl_el_d—l = = —Fl—e;i—‘] -— —. :— . —I;;d—m ————————— Field i Field j S Field m
SN a® = e, e B
yem = (w,a)+ Y Y (Vi Vy) s, - g, 1,25 -0y Em
e a0+ — (W00 4 pO)

YDNN = U(W|H|+1 .ol + b|H|+1)

Prediction Model: :& — sz’gmoz’d(yFM + yDNN)

DeepFM: A Factorization-Machine based Neural Network for CTR Prediction, 1JCAI, 2017
38
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201 7N E I KR HNeuralFMIEEY | BAY

ZEE1§}EE %Eﬁﬁléjj EBIEE,‘J @é&g}ﬁgj—( FM EF' — Bfl\lzl%\ ____________ @ ____________ Prediction Score
[AENFRRYERD et

Hidden Layers

“Deep layers” learn higher-order feature [ tayern ]

r\
_
1]

- —»fh =
-
N

interactions only, being much easier to train.
Bi-Interaction Pooling B-Interaction Layer
. : ) Vv, V, Vv, Embedding Layer
Bilinear Interaction Pooling:
n n
1 \ 0/1(0(1 0|0]02 ... Input Feature Vector (sparse)
fe1(Vy) = 2 , 2 ' Xi Vi ijvf categorical variables

i=1 j=it+1

Neural Factorization Machines for Sparse Predictive Analytics, SIGIR, 2017
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ISequentiaI (Session-based) Recommendation

user’s sequential behavior 0.8 0.6
6 s e & ‘. "
| ?@F —9F° [
| —_— —_— —_
]
IO o e o S e it e i St i e ) i - \ g ) o
Next Item f
Projection
............................................................ hy T”f-l hi
UTZ th Ut T+ 1 Trm £ Trm Trm
GRU — --- —| GRU -/ GRU Transformeer< : : ; :
J\ Jy Jy . Layer = . 5 :
: Trm Trm Trm
...... ’U lvt_lvt gh v Vi1 o
GRU based sequential recommendation method ?é: + i +
(GRU4Rec) B
U1 e Vt-1 [mask]
BERT4Rec
Session-based Recommendations with Recurrent Neural Networks, ICLR, 2016.
40

BERT4Rec: Sequential Recommendation with Bidirectional Encoder Representations from Transformer, CIKM, 2019.
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T ————— — — —— o S S S S S S S S S S S Sy O ST 7 [ i ES . S o e SN B S SR A S e A o ~
y RN y RN g R
N oy \ / \
/
[ watched by both users \ [ Users Items \ I ~, \
- L e e e N | I
I - -~ | | u ' O [ ;! |
. == 2 el ) 1 ! .
| = [ e S I
i @ . .
| : | :-__]; ___________ 1{ 3-' I I I
I similar users | S e 3 | ! — — — I
l : [

' ! ! u ) Ov, | ! !
| ” | L T e E e e b e 1 | |
I / I Y W b | I |
I watched recommended l u3 vl i I | ;
i by her to him I T L AR g P W N ey S e W
| — | S | FOOO - ¢ 00 - 000]
! !
[ : | i Field 1 Field m FieldM
: | ' ! !
| | : ! l
[ I | :
! | l / /

|
MRS pR B EZ5F R : SR IR
s g s . = |
. B AFRSHREEHEER : [ —
\ . SSHAENR F N M, BEETREREK /
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Bix : 1IBESERISHE (Actions ) |, £1S[EHz ( Rewards ) & X1

'_l Agent ||
slate reward aclion

S, | IR X
K.
S., | Environment ]4—

\

HF{H ( Value-Based ) RIia{LFS

T let +2/
. Value of
-- B mp [ orght 1 - taking the
: action
— fire -1

pixels

43



BiF . EESERSIE (Actions ) |, {5E15[0

slale reward
A\ R,

R
‘1
3,

'_l Agent l

N L BEWE S
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g ( Rewards ) ;

action

.‘"'

~

-

Environment ]4—

EF5R0E ( Policy-Based ) BUsE{tF>

- -

» _ T right O

1> left 0.

—» fire O.

pixels

=AM

Probability

-2\/ — of taking

the action
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Bix : 1IBESERISHE (Actions ) |, £1S[EHz ( Rewards ) & X1

'_l Agent |

slale reward
S R,

5 S

R.(

\.

Environment ]4—

Actor-Critic &3

Value Function Policy

Actor ‘

| Value-Based Critic Policy-Based

aclion

A,
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SRS S] + HFERSR ? S
ERPSREMSXEISER , SEEREEE ?

Recommender )
Agent J
_

AA 4

state sy || rewardr, action a;

Tt+1
St+1 &

Users

g v St

46



d ° o

D

Recomm

ender “

Systems User
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" Three types of information
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El#hZZM4E ( Graph Neural Networks, GNN )
Key idea : FIFAREMBRE "MWE/E" aY e
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Node feature  /.¢5rmation Propagation

Inductive Representation Learning on Large Graphs, NeulPS, 2017.
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e Initial 0-th layer embeddings are equal to node v’s features

0 _
h; = x,

Non-linearity (e.g., ReLU or tanh)

trainable matrices (i.e., what we learn) Previous layer embedding of node v

4/1(1\.
hk = o [ WK z + WEhk-1
\ Uu€eN(v) \/lN(u)l
k-th layer embedding of node v \

Average of neighbor’s previous layer embeddings

hk
\ Embedding after k layers of neighborhood aggregation.

Semi-supervised Classification with Graph Convolutional Network, ICLR, 2017. 65
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» Simple neighborhood aggregation:

hk—l
h=o (WE ) ——+ Wi

» GraphSAGE:
hy

o ([W§ - AGG ({hk~1, v, N(w)}), W§ - h¥])

Generalized Aggregation: mean, pooling, LSTM

h =0 ( Z Ay WE h{‘t"l)
UeN (v) \

Learned attention weights

> GAT:

Inductive Representation Learning on Large Graphs, NeulPS, 2017.
Graph Attention Networks, ICLR, 2018 a6
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0 Users’ preferences are similar to or influenced by the people around them (nearer neighbours)
[Tang et. al, 2013]
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Graph Data in Social Recommendation

N Ny
User-ltem; "ﬁ\g'i:/ ;Social Graph

Graph

User-ltem Graph Social Graph

Graph Neural Networks for Social Recommendation. WWW 2019. 72
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Three Components:
o User Modeling
o ltem Modeling -ﬁi

o Rating Prediction %

| Rating Prediction I

User Modeling | B L. | Item Modeling
e : e B
= " I @ st 2 |
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2 / T User Aggregation
- i’/g e i
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Graph Neural Networks for Social Recommendation. WWW 2019. 73
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Heterogeneous Graph:
» Nodes: entities (Items)

» Edges: relations

Triples: (head, relation, tail)
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(items) -
A
N /
R iy
. ~ :
H <——/—4 IN
. H 1 - -
Cast Away | i Interstellar
| :
’ I
® = L
@ g \_ starred "
H_H starre
Backto 1 | [Forrest Gump
the Future | : N
directpd :
: \ / I
: — direct —
. Robert '
The Green Mile ! Faraeckls Ssggl\i)eenr | Raiders of
\\____________________P____g _______ ) the Lost Ark
Movies the user Movies the user

e ian Knowledge Graph may also like

Knowledge Graph Convolutional Networks for Recommender Systems, WWW 2019.
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Score Prediction
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Item-space: Item-space User Latent Factor
Social-space: Social-space User Latent Factor
User-space: User-space Item Latent Factor
Item2item-space: Item2item-space Item Latent Factor
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A Graph Neural Network Framework for Social Recommendations, TKDE 2020
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