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Abstract: Researchers and practitioners in the economic and financial field recently have a keen

interest in discovering new ideas by making full use of large-scale data, such as in the form of

document data of company valuation in online news and the form of numerical data of company

financial indices. One promising approach to analyzing such large-scale data is topic modeling,

typically by Maximum Entropy Discrimination LDA (MedLDA). MedLDA is a supervised topic

model that can improve accuracy of latent topic estimation by making use of the side information

associated with each document. In this paper, we generalize Multi-task MedLDA (MultiMedLDA)

that simultaneously addresses classification and regression tasks in an extension of MedLDA. In

this paper, we evaluate the effectiveness of MultiMedLDA through experiments with enterprise

evaluation documents associated with continuous labels of change rate of operating incomes and

discrete labels of categories of business, and discuss it compared with single-task MedLDA.
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MultiMedLDA
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2

MedLDA

2.1

Maximum Entropy Discriminated LDA(MedLDA)[3]

[6]

MedLDA

1 1 y

η

MedLDA

1. d(d ∈ 1, . . . , D) θ ∼ Dirichlet(α)

2. d Nd wd,n(n ∈ 1, . . . Nd)

(a) zd,n ∼ Multinomial(θd)

(b) wd,n ∼ Multinomial(βt)

3. D yd ∼ F (η, zd)(yd ∈
1 . . . R)

y MedLDA

2.2.1 2.2.2

1: MedLDA

2.1.1

MedLDA Re-

gression (MedLDA-Reg) MedLDA-

Reg

P1(MedLDA-Reg) :

min
q(Z,Θ,η),α,β,δ2,ξ,ξ�

L(q(Z,Θ, η)) + C
D∑

d=1

(ξd + ξ
d)

s.t.∀d :

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

yd − E[η�zd] ≤ ε+ ξd [μd]

−yd + E[η�zd] ≤ ε+ ξ
d [μ

d]

ξd ≥ 0 [vd]

ξ
d ≥ 0 [v
d]

μd, μ


d, vd, v



d [

]

Z =

{z1, . . . , zD},zd = {zd,1 . . . , zd,Nd
} Θ = {θ1 . . . , θD

} Y = {y1, . . . , yD} W = {w1, . . . , wD} wd =

{wd,1, . . . ,wd,Nd
} β = {β1, . . . , βK}

ξ, ξ


ε

MedLDA-Reg L

L(q(Z,Θ, η))=−E[logp(θ, z,η,Y,W|α, β, δ2)]
−H(q(z), θ, η)

(1)

H q(Z, θ, η)

H(q) = −∑ q log(q) P1
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q

q(Z,Θ, η|γ, φ)=q(η)

D∏
d=1

q(θd|γd)
N∏

n=1

q(zd,n|φd,n) (2)

γd φd,n γd
K φd,n

K EM

EM 2

1. E-Step

2. M-Step

P1

Lr

Lr=L(q)+C
D∑

d=1

(ξd,ξ


d)−

D∑
d=1

μd(ε+ξd−yd+E[η�Zd])

−
D∑

d=1

(μ

d(ε+ξ
d+yd−E[η�Zd])+vdξd+v
Dξ
d)

−
D∑

d=1

N∑
n=1

cd,n(

K∑
t=1

φd,n,t−1)

(3)

Lr

E-Step

• γ Lr : γ α φ

γd ← α+
N∑

n=1

φd,n (4)

• φ Lr : ∂Lr/∂φd,n = 0

φd,i ∝exp(E[logθ | γ] + E[logp(wd,n | β)]
+

yd
Ndδ2

E[η]

− 2E[η�φd,−iη] + E[η ◦ η]
2N2δ2

+
E[η]

N
(μd − μ


d))

(5)

φd,−i =
∑

n�=i φd,n φd,i

φ η ◦ η
η

• q(η) Lr : A

Z
�
d D×K ∂Lr/∂q(η) =

0

q(η)=
p0(η)

S
exp
(
η�

D∑
d=1

(μd−μ

d+

yd
δ2

)E[Z d]

−η�
E[A�A]

2δ2
) (6)

E[A�A] =
∑D

d=1 E[ZdZ
�
d ] E[ZdZ

�
d ] =

1/N2(
∑N

n=1

∑
m �=n φd,nφ

�
d,m+

∑N
n=1 diag{φd,n})

S q(η) Lr

max
μ,μstar

−1

2
a�Σa−ε

D∑
d=1

(μd+μ

d)+

D∑
d=1

yd(μd−μ

d)

(7)

a =
∑D

d=1(μd − μ

d + yd/δ

2)E[Zd]

SVM-light1

q(η), μ, μ


M-Step β δ2

• β Lr :

βk,w ∝
D∑

d=1

Nd∑
n=1

I(wd,n = w)φd,n,t (8)

I(wd,n = w) n w

βk,w

• δ2 Lr :

δ2 ← 1

D
(y�y− 2y�E[A]E[η] +E[η�E[A�A]η])

(9)

E[η�E[A�A]η] = tr(E[A�A]E[ηη�])
tr

2.1.2

MedLDA Classi-

fication (MedLDA-Cla) MedLDA-

Cla

P2(MedLDA-Cla):

min
q(Z,Θ),α,β,ξ

L(q(Z,Θ))(q)+KL(q(η)‖p0(η))+C
D∑

d=1

(ξd)

s.t.∀d :

⎧⎪⎪⎨
⎪⎪⎩
y �= yd

E[η��fd(y)] ≥ 1− ξd

ξd ≥ 0

1http://svmlight.joachims.org/
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Z = {z1, . . . , zD} zd = {zd,1, . . . , zd,Nd
}

Θ = {θ1, . . . , θD} Y = {y1, . . . , yD} W = {w1, . . . ,

wD} wd = {wd,1, . . . , wd,Nd
} β = {β1, . . . , βK}

ξ

KL

2

KL(q(η) ‖ p0(η)) =

∫
q(η)log

q(η)

p0(η)
(10)

MedLDA-Cla

L(q(Z,Θ)) =− E[logp(θ, z,Y,W | α, β, δ2)]
−H(q(Z,Θ))

(11)

�fd(y) = f(yd ,Z d)− f(y ,Z d) (12)

MedLDA-Reg P2

q

q(Θ, Z | γ, φ) =
D∏

d=1

q(θd | γ)
Nd∏
n=1

q(zd,n | φd,n) (13)

Lc

Lc

γ, β

MedLDA-Reg

Lc = L(q(Z,Θ)) +KL(q(η) ‖ p0(η))

+ C

D∑
d=1

ξd −
D∑

d=1

vdξd

−
D∑

d=1

∑
y �=yd

μd(y)(E[η��fd(y)] + ξd − 1)

−
D∑

d=1

Nd∑
n=1

cd,n(
K∑
t=1

φd,n,t − 1)

(14)

E-Step

• φ Lc : ∂Lc/∂φd,n

φd,n ∝exp(E[log θ | γ] + E[logp(wd,n | β)]
+

1

N

∑
y �=yd

μd(y)E[ηyd
− ηy])

(15)

2 MedLDA-Reg

• q(η) Lc :

q(η) =
1

Z
p0(η)exp(η

�μη) (16)

μη =
∑D

d=1

∑
y �=yd

μd(y)E[�fd(y)]

2.2

(dual decomposition)

arg max
y

f(y) + h(y) (17)

arg max
y

f(y) arg max
y

h(y)

arg max
y,z

f(z) + h(y) (18)

s.t. y = z (19)

L


L(u, y, z) = f(z) + h(y) + u(y − z) (20)

u L(u, y, z)

L(u) = max
y,z

L(u, y, z)

= max
z

(f(z)− uz) + max
y

(h(y) + uy)
(21)

y = z

L
 ≤ L(u)

L
 = min
u

L(u) (22)

minu L(u) u

1 du

du = y
 − z
 (23)

z
 = arg max
z

f(z)− uz (24)

y
 = arg max
y

f(y)− uy (25)

u

u ← u− μ(y
 − z
) (26)

μ L(u)

y
 = z


.
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3

3.1

2.2

MedLDA

MedLDA

(Multi-task MedLDA: MultiMedLDA)

MultiMedLDA

MedLDA

MultiMedLDA

1. d(d ∈ 1, . . . , D) θ ∼ Dirichlet(α)

2. d Nd wd,n(n ∈ 1, . . . , Nd)

(a) zd,n ∼ Multinomial(θd)

(b) wd,n ∼ Multinomial(βk )

3. D yrd ∼ F (ηr, zd)

ycd ∼ F (ηc, zd)

ηr, ηc

MultiMedLDA 2

2: MultiMedLDA

3.2

yr ∈ R yc ∈ {1, . . . ,M}

MedLDA-Reg MedLDA-Cla

1 2 3 4

1

2 3 4 5

6

P3(MultiMedLDA) : min
q(Zr,Θr,ηr),q(Zc,Θc,ηc),α,β,δ2,ξr,ξr�,ξc

Lr(q(Zr,Θr, ηr)) + Cr
D∑

d=1

(ξrd + ξr
d )

+ Lc(q(Zc,Θc, ηc)) + Cc
D∑

d=1

ξcd

subject to ∀d

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

yrd − E[ηr
�
zd] ≤ ε+ ξrd

−yrd + E[ηr
�
zd] ≤ ε+ ξr
d

ξd ≥ 0, ξ
d ≥ 0

yc �= ycd : E[ηc
��fd(y

c)] ≥ 1− ξcd

ξcd ≥ 0

φr = φc

Zr = {zr1, . . . , zrD} zr = {zrd,1 . . . , zrd,Nd
}

Zc = {zc1, . . . , zcD} zc = {zcd,1 . . . , zcd,Nd
} E[zrd,n] =

φr
d,n E[zcd,n] = φc

d,n Θ = {θ1, . . . , θD}
ξr, ξr
, ξc

ε

MedLDA-Cla �fd(y
c) = f(yc

d , zd)− f(y , zd)

f(yc , zd) (yc − 1)K +1 ycK

z 0

zd ← (1/Nd)
∑N

n=1 zd,n
1 2

L(R) 3 4 L(C)

L(U, φr, φc) = L(R) + L(C) + U(φc − φr)

U L(U, φr, φc)

φr, φc

L(U) = min
φr,φc

L(U, φr, φc)

= min
φr

(L(R)− Uφr) + min
φc

(L(C) + Uφc)
(27)
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P3 6 φr =

φc

L
 ≥ L(U)

P3 L
 =

maxL(U ) L(U) 1

dU φr
 φc
 U

dU = φc
 − φr
 (28)

φr
 = arg min
φr

L(R)− Uφr (29)

φc
 = arg min
φc

L(C)− Uφc (30)

U ← U − μ(φc
 − φr
) (31)

μ S

φr φc

L(U) φr
 = φc


φr
 φc


Multi-

MedLDA MedLDA

φr = φc −Uφr Uφc

φr φc

φr
d,n ∝exp

(
E[logθ | γ] + E[logp(wd,n | β)]

− 2E[η�φd,−iη] + E[η ◦ η]
2N2δ2

+
E[η]

N
(μd − μ


d)) +
yd

Ndδ2
E[η]− U

) (32)

φc
d,n ∝exp

(
(E[logθ | γ] + E[logp(wd,n | β)]

+
1

N

∑
y �=yd

μd(y)E[ηyd
− ηy]) + U

) (33)

4

4.1

3675 (2017 )

2014

2017 13

32

1

10 (

)

1 88

3

MeCab1

1

1:
Shikiho

Number of documents 2657

Number of words 437539

Size of vocabulary 6945

Number of labels 10

(2014 2015 2016 )

3 2015 2016

20%

60%

20%

4.2

MultiMedLDA

MultiMedLDA-Seq

MedLDA-Reg 3

3

MultiMedLDA-Seq

β η

2014

α = 0.1

l = 1 2

MedLDA-Reg MedLDA-Cla

burn-in

period 5

[8]

Cr Cc

Cr ∈ {0.25, 1, 4, 16, 64} Cc ∈ {0.25, 1, 4, 16, 64}
1http://taku910.github.io/mecab/
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2015 2016

RMSE 2015 2016 RMSE

Cr Cc RMSE 4.3.2

ε

2014 2015 2016

ε ∈ {0.01, 0.1, 1, 2, 4} 2015

2016 RMSE

2015 2016 RMSE

ε

Cr Cc ε

2015 2016

T ∈
{15, 20, 25} MultiMedLDA-

Seq MultiMedLDA MedLDA-Reg

4.3

4.3.1 Root Mean Squared Error RMSE

Root Mean Squared Error( RMSE)

RMSE

RMSE =

√√√√ 1

D

D∑
d=1

(yd − ŷd)2 (34)

yd ŷd
0

4.4

MultiMedLDA-Seq

MultiMedLDA MedLDA-Reg

Cr Cc ε

4

3 1

RMSE

T ∈ {15, 20, 25}
2 3 4

4.5

4.4 Cr Cc ε

RMSE

2: T=15
Cc Cr ε

MultiMedLDA-Seq 64 4 1

MultiMedLDA 0.25 16 1

MedLDA-Reg - 0.25 0.1

3: T=20
Cc Cr ε

MultiMedLDA-Seq 16 4 0.01

MultiMedLDA 64 1 0.01

MedLDA-Reg - 4 0.01

4: T=25
Cc Cr ε

MultiMedLDA-Seq 16 64 1

MultiMedLDA 4 0.25 0.01

MedLDA-Reg - 0.25 0.01

3 3

MultiMedLDA-

Seq MultiMedLDA MedLDA-Reg RMSE

MedLDA

MedLDA-Reg

MultiMedLDA

MultiMedLDA-Seq

MultiMedLDA RMSE

MultiMedLDA-

Seq

RMSE

T = 25

T = 15

MedLDA

MultiMedLDA

人工知能学会研究会資料 
 SIG-FIN-018

108



MedLDA-Reg

3: RMSE

5

Multi-

MedLDA MultiMedLDA

MedLDA

RMSE

MedLDA

MultiMedLDA

MultiMedLDA

MultiMedLDA

1

[9]

MultiMedLDA

(B)(15H02703)

[1] David M Blei, Andrew Y Ng, and Michael I Jor-

dan.: Latent Dirichlet Allocation, Journal of Ma-

chine Learning Research, Vol. 3, pp. 993–1022,

(2003)

[2] David M Blei and Jon D. McAuliffe.: Super-

vised topic models, Advances in neural informa-

tion processing systems, pp. 121–128, (2008)

[3] Jun Zhu, Amr Ahmed, and Eric P Xing.:

MedLDA: Maximum Margin Supervised Topic

Models, Journal of Machine Learning Reasearch,

Vol. 13, pp. 2237–2278, (2012)

[4] Vladimir Vapnik.: Statistical Learning Theory,

John Wiley and Sons, New York, (1998)

[5] Alex J Smola and Bernhard Schölkopf.: A tuto-

rial on support vector regression, Statistics and

Computing, Vol. 14, pp. 199–222, (2004)

[6] Tommi Jaakkola, Marina Meila, and Tony Je-

bara.: Maximum entropy discrimination, Neu-

ral Information Processing Systems, Vol. 12, pp.

470–476, (1999)

[7] Suvrit Sra, Sebastian Nowozin, and Stephen

J Wright.: Optimization for Machine Learn-

ing, Neural Information Processing Systems, Mit

Press, (2012)

[8] Yee Whye Teh, David Newman, and Max

Welling.: A Collapsed Variational Baysian Infer-

ence Algorithm for Latent Dirichlet Allocation,

Neural Information Processing Systems, Vol. 6,

pp. 1378–1385, (2006)

[9] Bei Chen, Jun Zhum Nan Yang, Tian Tian, Ming

Zhou, and Bo Zhang.: Jointly Modeling Topics

and Intents with Global Order Structure, arXiv

preprint arXiv, 1512, 02009, (2015).

人工知能学会研究会資料 
 SIG-FIN-018

109




