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1

Social Networking Sites (SNS) e-

(e.g., Snijders and Nowicki, 1997; Airoldi et al., 2008)

(e.g., Handcock et al., 2007)

e-

(User-Generated-Contents UGC)

(e.g., Liu

et al., 2009; Bouveyron et al., 2018)

Igarashi and Terui (2020)
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(Snijders and Nowicki, 1997)

Igarashi and Terui (2020)

Igarashi and Terui (2020)

2

3 4

5 Twitter 6

2

2.1

(Stochastic

Block Models, SBM, Wang and Wong, 1987; Snijders and Nowicki, 1997) SBM

K i

zi ∈ {1, . . . , K} i j

ψzizj K ×K Ψ (zi, zj)
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SBM

Airoldi et al. (2008) SBM

(Mixed Membership Stochastic Blockmoldels, MMSB) SBM

MMSB

i j

i sij j rji

ψsijrji MMSB

SBM

(Hoff et al., 2002; Handcock et al., 2007; Krivitsky

et al., 2009)

Twitter

2.2

Twitter Facebook

Chang and Blei (2010)

(Relational
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Topic Model, RTM) RTM

Chang and Blei (2010) (latent Dirichlet

allocation, LDA, Blei et al., 2003)

Liu et al. (2009) Topic-Link

LDA

SBM

Liu et al. (2009)

K ×K

Bouveyron et al. (2018) SBM

Stochastic Topic Block Model (STBM)

SBM Zhu et al. (2013)

Zhu et al.

(2013)

Zhu et al. (2013)
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3

Igarashi and Terui (2020)

Karrer and Newman (2011) SBM

Karrer and Newman (2011)

1

5

Igarashi and Terui (2020) Airoldi et al.

(2008)

5



3

Igarashi and Terui (2020)

A

Bag-of-Words W

D A D×D

aij = 0

aij = 1

i aii = 0 Igarashi and Terui (2020) i j

i sij ∈ {1, . . . , K} K

j rji ∈ {1, . . . , K}
S = (sij), R = (rji)

sij | ηi ∼ Categorical (ηi)

rji | ηj ∼ Categorical (ηj) ηi = (ηi1, . . . , ηiK)
� i∑

k ηik = 1

H = (η1, . . . , ηD) H ηi | γ ∼ Dirichlet(γ)

γ = (γ1, . . . , γK)
�

i j aij sij rji aij | sij = k, rji =

k′,Ψ ∼ Bernoulli (ψkk′) ψkk′

k k′

K × K Ψ = (ψkk′)

ψkk′ | δkk′ , εkk′ ∼ Beta(δkk′ , εkk′) δ, ε Ψ

H
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p(A, S,R,Ψ | H)

= p(A | S,R,Ψ)p(S | H)p(R | H)p(Ψ | δ, ε)

=
D∏
i=1

{
D∏

j=1,j �=i

{p(aij | sij, rji,Ψ)p(sij | ηi)p(rji | ηj)}
}

K∏
k=1

K∏
k′=1

p(ψkk′ | δkk′ , εkk′). (1)

i

Bag-of-Words

Mi i m wim

xim ∈ {1, . . . , K} zim ∈ {1, . . . , L} L

X Z

Mi xim

xim | ηi ∼ Categorical(ηi) ηi xim

sij, rji ηi

zim | xim = k,Θ ∼ Categorical(θk) θk = (θk1, . . . , θkL)
�

k
∑

l θkl = 1

Θ = (θ1, . . . , θk) θk | α ∼ Dirichlet(α)

zim wim ∈ {1, . . . , V } V

wim | zim = l,Φ ∼ Categorical(φl)

φl = (φl1, . . . , φlV )
�

∑
v φlv = 1 Φ = (φ1, . . . , φL)

φl ∼ Dirichlet(β)

H
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p(W,X,Z,Θ,Φ | H)

= p(W | Z,Φ)p(Z | X,Θ)p(X | H)p(Θ | α)p(Φ | β)

=
D∏
i=1

{
Mi∏
m=1

{p(wim | zim,Φ)p(zim | xim,Θ)p(xim | ηi)}
}

K∏
k=1

p(θk | α)
L∏
l=1

p(φl | β). (2)

H 1 2

Igarashi and Terui (2020) 1 2 H

p(A,W, S,R,X, Z,H,Ψ,Θ,Φ)

=
D∏
i=1

{
D∏

j=1,j �=i

{p(aij | sij, rji,Ψ)p(sij | ηi)p(rji | ηj)}
Mi∏
m=1

{p(wim | zim,Φ)P (zim | xim,Θ)p(xim | ηi)}
}
×

D∏
i=1

p(ηi | γ)
K∏
k=1

K∏
k′=1

p(ψkk′ | δkk′ , εkk′)
K∏
k=1

p(θk | α)
L∏
l=1

p(φl | β). (3)

Igarashi and Terui (2020)

aij = 1 | sij = k, rji = k′ ∼ Bernoulli(ψkk′)

Igarashi and Terui (2020)

aij = 1 | sij = k, rji =

k′ ∼ Bernoulli(ψjkk′) ψjkk′

k k′

j j

8



k ψjkk′

K ×K Ψi = (ψikk′)

ψikk′ | δkk′, εkk′ ∼ Beta(δkk′ , εkk′)

Igarashi and Terui (2020)

H

(1)

p(A, S,R,Ψ | H)

= p(A | S,R,Ψ)p(S | H)p(R | H)p(Ψ | δ, ε)

=
D∏
i=1

{
D∏

j=1,j �=i

{p(aij | sij, rji,Ψj)p(sij | ηi)p(rji | ηj)}
K∏
k=1

K∏
k′=1

p(ψikk′ | δkk′ , εkk′)
}
. (4)

4

(collapsed Gibbs sampling, CGS, Griffiths and Steyvers, 2004)

CGS

H Ψ Θ Φ

4

Appendix A

S,R

X Z 4 Appendix
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A

p(sij = k, rji = k′ | aij, A\ij, S\ij, R\ji, X, γ, δ, ε)

∝
∫ ∫

p(sij = k | ηi)p(rji = k′ | ηj)p(xi | ηi)p(xj | ηj)p(ηi | S\ij, R\ji, X, γ)

p(ηj | S\ij, R\ji, X, γ)dηidηj ×
∫

p(aij | ψjkk′)p(ψjkk′ | A\ij, S\ij, R\ji, δ, ε)dψjkk′

=
Nik\ij +Mik + γk∑
t

(
Nit\ij +Mit + γt

) × Njk′\ji +Mjk′ + γk′∑
t

(
Njt\ji +Mjt + γt

)×
(
n
(+)
jkk′\ij + δkk′

)I(aij=1) (
n
(−)
jkk′\ij + εkk′

)I(aij=0)

n
(+)
jkk′\ij + n

(−)
jkk′\ij + δkk′ + εkk′

, (5)

p(xim = k, zim = l | W,S,R,X\im, Z\im, α, β, γ)

∝
∫

p(si, ri | ηi)p(xim = k | ηi)p(ηi | S,R,X\im, γ)dηi ×
∫

p(zim = l | θk)

p(θk | X\im, Z\,im, α)dθk ×
∫

p(wim = v | φl)p(φl | W\im, Z\im, β)dφl

=
Nik +Mik\im + γk∑
t

(
Nit +Mit\im + γt

) × Mkl\im + αl∑
q

(
Mkq\im + αq

) × Mlv\im + βv∑
u

(
Mlu\im + βu

) . (6)

5 Nik i D− 1

k Mik i

k n
(+)
ikk′ i D− 1

k, k′ n
(−)
ikk′

6 Mkl k

l Mlv v l

\

CGS 5 6

4
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5

5.1

Twitter

Twitter

2018 5 1

3

3,500

68,949

3,500

2017 9 1 2018 2 28 1

a the I

stemming

20 20

50

9,001

98.2

1 2018 3 Nintendo Direct

2018 2 28
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5.2

BIC (Handcock et al.,

2007; Saldaña et al., 2017) integrated completed likelihood (Daudin et al., 2008;

Bouveyron et al., 2018) (Latouche et al., 2012)

(widely applecable information criterion,

WAIC, Watanabe, 2010) WAIC

Appendix B 2 5 10

5.1 WAIC

5,000 2,000

αl = 0.1, ∀l βv = 0.1, ∀v γk = 1.0, ∀k
δkk′ = εkk′ = 0.1, ∀k, k′ 7 7

Twitter

2

10

1 blackclov hunterxhunt

jojosbizarreadventur 2

teamemmmmsi twitchkitten roku 3

vevo sprinrilla 4

critical role zeldathon 5

amread bookreview kindleunlimit 6
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digitalmarket smm contentmarket

7 oiler tfc 3

4 5

1 237

1 6 0 237 657 37

1

1 6

237 1 5

5.3

Airoldi et al. (2008) Igarashi and

Terui (2020) Airoldi et al. (2008) Igarashi and Terui (2020)

Igarashi and

Terui (2020)

5.2

D− 1 90%

10%
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Ĥ, Ψ̂

aij ∈ Atest

p(aij = 1) =
K∑
k=1

K∑
k′=1

η̂ikη̂jk′ψ̂jkk′ (7)

Airoldi et al. (2008) Igarashi and Terui (2020)

3 5 10

Area Under the Curve AUC

Hetero Igarashi and Terui (2020)

Homo

Airoldi et al. (2008)

MMSB Igarashi and Terui (2020)

K = 5, 6 Airoldi et al. (2008) AUC

K = 8, 9, 10 Igarashi and Terui (2020) AUC

Twitter

1

14



6

Twitter

(Hoff et al., 2002;

Handcock et al., 2007)
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Tables

1:

Blei et al. (2003) - -

Snijders and Nowicki (1997)

Airoldi et al. (2008)

Chang and Blei (2010)

Liu et al. (2009)

Bouveyron et al. (2018)

Zhu et al. (2013)

Igarashi and Terui (2020)

Karrer and Newman (2011)
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2: WAIC K L

L=5 L=6 L=7 L=8 L=9 L=10
K=5 4422206.32 4340879.93 4321068.95 4333535.35 4354814.11 4553144.83
K=6 4333313.32 4333488.66 4351008.38 4309479.01 4302773.27 4280703.13
K=7 4313265.58 4285253.01 4272682.48 4346780.91 4301005.75 4414800.13
K=8 4320416.87 4282485.37 4326300.05 4324393.23 4321806.29 4426226.19
K=9 4429170.84 4329997.66 4439594.82 4407656.85 4296128.61 4301655.85
K=10 4361219.83 4342899.53 4282056.30 4306509.44 4306244.12 4406655.34
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3: AUC MMSB Airoldi et al.
(2008) Homo Igarashi and Terui (2020) Hetoro

K L AUC

L
5 6 7 8 9 10

K=5
MMSB 0.897 0.897 0.897 0.897 0.897 0.897
Homo 0.896 0.900 0.890 0.883 0.905 0.890
Hetero 0.917 0.920 0.924 0.921 0.923 0.924

K=6
MMSB 0.913 0.913 0.913 0.913 0.913 0.913
Homo 0.904 0.908 0.910 0.909 0.908 0.906
Hetero 0.925 0.930 0.922 0.930 0.923 0.921

K=7
MMSB 0.907 0.907 0.907 0.907 0.907 0.907
Homo 0.920 0.900 0.895 0.900 0.903 0.911
Hetero 0.929 0.926 0.929 0.930 0.929 0.931

K=8
MMSB 0.904 0.904 0.904 0.904 0.904 0.904
Homo 0.925 0.918 0.916 0.921 0.897 0.916
Hetero 0.928 0.930 0.927 0.930 0.929 0.928

K=9
MMSB 0.912 0.912 0.912 0.912 0.912 0.912
Homo 0.920 0.922 0.918 0.917 0.922 0.920
Hetero 0.922 0.923 0.925 0.927 0.927 0.922

K=10
MMSB 0.906 0.906 0.906 0.906 0.906 0.906
Homo 0.923 0.926 0.923 0.925 0.920 0.917
Hetero 0.923 0.921 0.926 0.925 0.923 0.930
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Figures
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Appendices

A

?? 5 6

4

p(ηi | S,R,X, γ) =
Γ (

∑
k Nik +Mik + γk)∏

k Γ(Nik +Mik + γk)

K∏
k=1

ηNik+Mik+γk
ik (8)

p(ψikk′ | A, S,R, δ, ε) =
Γ(n

(+)
ikk′ + n

(−)
ikk′ + δkk′ + εkk′)

Γ(n
(+)
ikk′ + δkk′)Γ(n

(−)
ikk′ + εkk′)

× ψ
I(aij=1)
ikk′ (1− ψikk′)

I(aij=0) (9)

p(θk | X,Z, α) =
Γ (

∑
l Mkl + αl)

ΠlΓ(Mkl + αl)

L∏
l=1

θMkl+αl
kl (10)

p(φl | W,Z, β) =
Γ (

∑
v Mlv + βv)

ΠvΓ(Mlv + βv)

V∏
v=1

φMlv+βv

lv , (11)

B WAIC

WAIC

lpd(i) = log

(
1

G

G∑
g=b+1

D∏
j=1

p
(
aij | H(g),Ψ

(g)
j

) Mi∏
m=1

p
(
wim | H(g),Θ(g),Φ(g)

))
(12)

p
(i)
waic =

G

G− 1

(
1

G

G∑
g=b+1

(
D∑
j=1

log p
(
aij | H(g),Ψ

(g)
j

)2

+

Mi∑
m=1

log p
(
wim | H(g),Θ(g),Φ(g)

)2)

−
(

1

G

G∑
g=b+1

(
D∑
j=1

log p
(
aij | H(g),Ψ

(g)
j

)
+

Mi∑
m=1

log p
(
wim | H(g),Θ(g),Φ(g)

)))2
⎞
⎠
(13)

WAIC = −2
D∑
i=1

(
lpd(i) − p

(i)
waic

)
, (14)
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p
(
aij | H(g),Ψ

(g)
j

)
p
(
wim | H(g),Θ(g),Φ(g)

)
CGS g

p
(
aij | H(g),Ψ

(g)
j

)
=

K∑
k=1

K∑
k′=1

ηik · η(g)jk′ · ψ(g)I(aij=1)
jkk′ · (1− ψjkk′)

(g)I(aij=0) (15)

p
(
wim | H(g),Θ(g),Φ(g)

)
=

K∑
k=1

L∑
l=1

η
(g)
ik · θ(g)kl · φ(g)

lwim
. (16)
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