= RDXN V e RDX]\/f

i—1 j=1

g9(z) = 1/(1+4exp(-x))

N M I;;
p(RIU.V.0%) =]]1] [N(RijUEVj, o?)
i=1 7=1
M N
p(Vley) = | [ N(V;10,0¢1) p(Ulot) = | [N (U0, 07 1)
j=1 i=1

1 m n AU AV
min L(R,UV) = 5> 3 IRy —gUV)? + SUIE + VI

x A

i
A iy

%’ W Wy,
ay
% 1952 R D




N M
& & 1 1
: 2 2 2 T T T
Inp(U, VIR, 0%, 0%y, 07) = — 5.7 E E Lij(Ryy — UV;)? — —‘ E U7 U; — Y] E ViV

j=1
N M
— % ((Z ng) Ing? + ND lna% + ﬂ[DlIlU%f) + C, (3)
i=1 3=1
N M I, Oy Oy
(RIU,V,0*) =] [N (Ri; UV a*z)] |
i=1j=1 @
M N
p(Vioy) = | [N(V;10,08T)  p(U|o?) = [[N(Uil0,02T)
j=1 i=1
y'd
i=1,....N
j=1,...,M
N M A R
U f v G
ZZLJ — UMV + DU e + 5 D Vi v
i=1 =1 1=1 j=1

/\U:U2/O'(2j )\V:O'Q/O'%/



N \\\\UIHA‘«//
Wy

oo %

Social Recommendation

Collaborative Topic Regression

2018.10.17



Reference

SoRec: Social Recommendation Using Probabilistic Matrix Factorization CIKM 2008

Learning to Recommend with Social Trust Ensemble SIGIR2009

Recommender Systems with Social Regularization WSDM2011

An Experimental Study on Implicit Social Recommendation SIGIR2013

Exploiting Local and Global Social Context for Recommendation 1JCAI2013

Social Collaborative Filtering by Trust 1JCAI2013

Collaborative Topic Modeling for Recommending Scientific Articles KDD2011

Collaborative Topic Regression with Social Matrix Factorization for Recommendation Systems ICML2012



SoRec: Social Recommendation Using Probabilistic Matrix Factorization CIKM 2008

Traditional recommender systems assume that users are i.i.d. (independent and identically
distributed); this assumption ignores the social interactions or connections among users.

p(U, Z|C, 02, 08,0%) o« p(CIU, Z,0¢)p(Ulot)p(Z|oy)
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Learning to Recommend with Social Trust Ensemble SIGIR2009

Propose a novel probabilistic factor analysis framework, which naturally fuses the
users’ tastes and their trusted friends’ favors together.
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U Recommendations by Trusted Friends
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Recommender Systems with Social Regularization WSDM2011

Average-based
Regularization
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Individual-based .
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It indirectly models the propagation of tastes.
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An Experimental Study on Implicit Social Recommendation SIGIR2013

Explicit social information is not always available in most of the recommender
systems, which limits the impact of social recommendation techniques.

Implicit User Social Relationships

In the case of missing explicit social information, we can always compute another set of Top-N
similar users and then plug in those similar users to the aforementioned social recommendation
matrix factorization framework.
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Item Social Relationships
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A Unified Model
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Exploiting Local and Global Social Context for Recommendation 1JCAI2013

Exploiting Local Social Context

Since users with strong ties are more likely to share similar tastes than those with weak ties,
treating all social relations equally is likely to lead to degradation in recommendation performance.

23 Ris Ry for u, € N;
min Y (R —u/ v;) 2+ A([UIL +[[V]3)  Su=1< VERIVERL L
0 for uy & N;.
(uiv;)€0
minz Z (Sir — u; Huy,)? min [T ® (S — U'HU)|%

1=1 up EN;

Exploiting Global Social Context

The solution to capture global social context is to weight the importance of user ratings according to their
reputation scores.



PageRank
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Social Collaborative Filtering by Trust 1JCAI2013

L= Z(i,j)ea(UiTVj o RU’)Z t A(Za'nui ”UL’”% + ZJ' My, ”VJHIZ:)

Matrix Factorization of the Trust Network

2
L =Y amew(BI Wy — Ty)” + 20IBIZ + W13

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

Truster Model —
(D)

2 2 \I‘.‘
L=Yinea(BiVi—Ri;) +Ar Diwyew(B{ Wi — Tix)™ + Tap | D affects A
AUIBIE + IVIIE + IWIIE) f

Rp, (A)' B4

2 2
L= Z (9(B{V)) —Rij)" + A7 Z (9(BI{Wy) — T)™ +
(i,))en (i,k)EW Ry=?

A (B, +mp) B3 + 2y, IV + Siemu, IWlI3)

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



Trustee Model

Distinct from truster model, this time we choose the trustee-specific feature matrix

W as the latent space commonly shared by R and T.

2 2
L= Z (Q(WiTVj) - Rij) +A7 Z (Q(BEWL') - Tki) +
(i,j)en (k,i)ew

A (i, + mu) IWilE + 25, V1 + Sicme, 1B,1)

Synthetic Influence of Trust Propagation

ViT+V ;€

~ B} +Wf
Rij :g(( 5 )T(j 5 . ))'Rmax

V" be the item-specific vector learned by algorithm
Truster-MF. Vje be the item-specific vector learned by
algorithm Truster-MF.

——————————————————————————————————————————————————

__________________________________________________

the WATVj indicates how other users follow

user A to rate item j, which is the
approximation of real score R;; as well.
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Collaborative Topic Modeling for Recommending Scientific Articles KDD2011 <¥:
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1. For each user i, draw user latent vector u; ~ N (0, A, L7 K).
2. For each item j, draw item latent vector v; ~ N (0, A\, " Tx).

3. For each user-item pair (¢, 7), draw the response
—1
rij ~ N ( Vi, Cii ),

where c¢;; 1S the precision parameter for r;;.

Proportions . _Per-word
parameter opic assignment
Per-document Observed g Topic
topic proportions word Topics  parameter
LDA
1. Draw topic proportions #; ~ Dirichlet(a). ! !

2. For each word n,

(a) Draw topic assignment z;,, ~ Mult(6;). Qﬂ%‘ () {)

(b) Draw word wj,, ~ Mult(3.., ). a Os | Zin Wan Bi "




1. For each user i, draw user latent vector w; ~
N(O, )\JlfK) @

2. For each item j; @ @
(a) Draw topic proportions #; ~ Dirichlet(c) “‘“-——-@

)
©

(b) Draw item latent offset e; ~ N(0,A\;1If)
and set the item latent vector as v; = €; + 6,
(c) For each word wj,,
i. Draw topic assignment z;, ~ Mult (0)
ii. Draw word w;, ~ Mult(3.,, )
3. For each user-item pair (i,j), draw the rating E[ri;|ui, 0, €] = u; (9 +¢5)

Tij ~ N(U?Uj, c;jl)

The key property in CTR lies in how the item latent vector v; is generated, we assume the item
latent vector v; is close to topic proportions 6;, but could diverge from it if it has to.
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Collaborative Topic Regression with Social Matrix Factorization for
Recommendation Systems ICML2012
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P(Ulo}) = [[NWil0,031)  P(Slog) = | [ M(Sk]0,031) p(UV,S|Q,R,0%),0%,0%. 0%, 0%)

i=1 x p(R|U,V.op)p(Q|U. S,07)

p(U.S|Q, 05,00, 0%) x p(Q|U, S, 03)p(Ulot )p(S|os) <p(Ulot)p(V]es )p(S|os).
Prediction

P(V]ov) ~ N (0, Ay i)
Elriy| D) ~ E[u| DI (£10;1D] + Elej| D) E[ri;|D] = Elui| DI (£]0;1D))
* Tt i~ (ul)h e

r'ij ~ (u'i J 29



