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Topic-based Vector Space Model

Keyword Search

A

CHEF Sl EMS0| FO{X| 2L, termit H|=St 2ME e A

—

rr

of =4
» Co-occurrence 7 8E AFESHY 2O[H 22 FAISH & HIH S5 7H4A 21X
> Document-term matrix2 £ A==l F2A HEHE2| HE2|E Cosine Similarity 2 78

» SHIE: HF sparse o HIEE AIE00] E &4

Basic Information Retrieval

ue [ [ | [ |
e Term1 | Term2 | Term 3

q.d A

(Ilqll-11dI) T
Doc 3 :

cos(q,d) =

Doc 1 [0.4 0.1 0.6 ]
Doc 2 [03 0.5 o.o]

Relevant [ i 1 :
documents Doc 3 [0.0 0.2 | 0.6 ]

Document retrieval system




Latent Semantic Indexing

Dimension Reduction

« Term-Document matrix & SHAIO| &= XIS

~
> SVD(Singular Value Decomposition) 7|82 At&5t0] A& 25| Topic €2 &
> WOl X2 2455 Hetof e A7[E0F B2 matrixZ2 #9 7ts
> A2t EolEE Qe X ELS(latent topic)0| ASS 7HE
A
£ £ T U E VT
wi a:: " i1 tir s 0 v11 Vin
: = : 0 :
Umi Umr : s Ur1 Urn
T Hi T
o - = mxr . XM
term . .
topic topic
1 100000 0.27
012 057 -032 0.00 -0.71 -0.24 298 0.00 0.00 0.00 0.0 0.00 :
0011100 044 -036 -041 071 000 -0.08 0.00 188 0.00 0.00 0.00 0.00 E::
0100010 _ 012 057 -032 000 071 -0.24 0.00 0.00 1.36 0.00 0.0 0.00 . o
doc = doc,3; 407 056 000 000 075 0.00 000 000 1.00 000 000 | LOPIC 053
0010001 044 -036 -041 -0.71 0.0 -0.08 0.00 0.00 0.00 0.00 1.00 0.00 097
0001101 0.69 030 037 000 000 055 0.00 0.00 0.00 0.00 0.00 0.87 0.49
1010111 6x6 6x6
6x6 Rkt B

0.46
0.61

-0.07
-0.38
-0.22

0.46

-0.07

0.04

-0.47

0.38

-0.61
-0.34

0.04
0.38

Documents

doc

0.00
0.00
0.711
0.00
0.00
0.00
-0.71

6Xx6

U:
V:

-0.71

0.00
0.00
0.00
0.00
0.71
0.00

mxm
nxn
X:

0.35
-0.56
-0.33
-0.18

0.44

0.35
-0.33

-0.30

-0.60

Terms

Latent
Concepts

Az gztge

mxn

0.30

0.00
0.60

0.30
0.00




Latent Semantic Indexing

Dimension Reduction

« Term-Document matrix & SHAIO| &= XIS

» SVD(Singular Value Decomposition) 7|'H& AHESH0] W&
> 0] 22 2452 Heto] el 37|20 M2 matrixE £H 7t
> A2 HOEZ A= X EEHS(latent topic)O| US2 7HE
A
o P
To91 Tz U11 Uy v11
. = : 0 :
T T Um1 Umr : Spp Ur1
mxmn mxr rXTr
term . .
topic topic
1 1 0 0 000
0.12 057 |-032 0.00 -0.71 -0.24 298 0.00 0.00 0.00 0.00 0.00
0011100 0.44 -036 |-041 071 0.00 -0.08 0.00 1.88 0.00 0.00 0.00 0.00
01000 10 0.12 057 |-032 000 071 -0.24 0.00 0.00 136 0.00 0.00 0.00
doc = doc 0.33 -0.07 | 056 0.00 0.00 -0.75 0.00 0.00 0.00 1.00 0.00 0.00
0010001 0.44 -036 |-041 -071 0.00 -0.08 0.00 0.00 0.00 0.00 1.00 0.00
0 001101 0.69 030 ]| 037 0.00 0.00 0.55 0.00 0.00 0.00 0.00 0.00 0.87
1010111 6X6 6Xx6
6X6 L2 K= HH

topic

0.27
0.08
0.49
0.30
0.53
0.27
0.49

0.46
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-0.07
-0.38
-0.22

0.46

-0.07

=5f: Topic €2 independent
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Latent Semantic Indexing

Dimension Reduction

« Term-Document matrix & A 0| E[= X2 EOILHO| XIHS R 7| H

> SVD(Singular Value Decomposition) 7|2 AESH0] W &Y

> 0| &2 A= HetHo] el 37|20 B2 matrix2 B 7t
> =AM O EZ e BN EZS(latent topic)O| A== 7HE
U2*32 : 2 A0 /= EHEHO[ & 32*V2T: Zf topicHl| A= EHOjE2 2%
012 0.57 Doc 1 0.3573 1.0707 0.08 0.6l
0.44 -0.36 508 0.00 0.4 -0.07
012 os57| | 298 000 _ Doc 2 131 06762 n.mn 1.33 030 -0.38
0.33 -0.07 0.00 1.88 Doc 3 0.3573 1.0707 ' ' 053 -0.22
0.44 -0.36 Doc 4 0.9825 -0.1315 0.27 046
0.69 0.30 0.4 -0.07
Doc 5 1.31 -0.6762
cute kitty eat rice cake hamster bread
Doc 6 2.0543 0.5635 #1  0.8038 0.2382 1.4588 0.8932 1.5779 0.8038 1.4588
#2  0.8641 1.1458 0.1315 07138 0.4132 0.8641 0.1315




Probabilistic Latent Semantic Indexing

Topic Modeling

- M Lo 5 07t S FES VPR 510 115

> LSA2| SVD(Singular Value Decomposition) 7| 2 & Q40| 2% 10| LL2B2 At &

=AMet EHol=2 A= B EEZ(latent topic)0| A== 7HE

-

>
> T2t ZM2 SA| 20 =& ZEE |
>

=Al 5 EHo] 20l =& ot EM ST Al Y HO = SEXEY ST A &F 'F_HH =9
d (M)
POw,d) =p(d)* P(wld)  ~@®
P(wld) = p(zld]* plwlzy ™
w, w
D p(ld) + p(wl2)
Wi w, w,
Ws W

f \ P(w,d) = p(d) = Zp(z|d) sp(wlz) @

Documents Terms
AR e

-l'P(z|d: 0) ,P(w|z:()\,
’

-
-
-
-
R
-

Latent
Concepts

* P(z|d): M BtLEZL FOI RS

=8 EHO| LIEtE =&

* P(wlz): EX SILI7F Joi M= M

=8 Ho7t LIEtE =&



Probabilistic Latent Semantic Indexing

Topic Modeling

‘ p(Z,ldy) = 0.6 :> p(w = gas|Z,) = 0.6 0.6 * 0.6 = 0.036

@ Z, p2,)d)=0.1 :> p(w = gas|Z,) = 002 0.1%0.02 = 0.0002
% Z; p(Zs|dy) =025 |:> p(w = gas|Z;) = 0.01 0.25 % 0.01 = 0.0025

Z, p(Z,ds)=0.05 :> p(w = gas|Z,) = 0.1 0.05 * 0.1 = 0.005

« OflAl

p(dy) = 0.003

Pw,d) =p(d) = ) p(zld)* P(wWl2) = 0,0001

0.003 0.0437




Probabilistic Latent Semantic Indexing

Topic Modeling

* E-Step: Posterior probability of latent variables (concepts)

/)( o )P(dlZ) /)( ”,‘ ) Probability that the occurence of term w
o . . 1)(31(1. u') = . : , < - in document d can be “explained" by
I — HHp(w”dJJn{w,,dj} Zz’GZ P(Z )P(d|z )P(wlz ) concept z
=11 n(ane.d) * M-Step: Parameter estimation based on “completed” statistics
m 1 k 1"
= d;|z )p( 2z )p(w;| = ST
H ];|1: {IZI:P( | :)P( I}P( ‘l I}} 1)( “.| - ) I ZdED ’Il(d, U!) P(“’ |({‘ U ) how often is term w associated with
=1 j= = Gt d. I_l?/) concept z ?

Y denwew ™Mdw)P(z

— Eme W n(d’ w) P(: ’(I' “") how often is document d associated
P(d|z)

n(w;, dj) =jH|_'|MH MO iHm THoj7t ST 2l - Zd'GD,wEW‘ n(d',w)P(;|(1/_ u_)) with concept z?

m7Z £HOf, n7H M, k7 ET(EL) > dep.wew Md, w)P(z|d, w)

P(z) =
ZdeD,weW' n(d, w)

how prevalent is the concept z ?




Probabilistic Latent Semantic Indexing

Topic Modeling

A O
- PLSA H[O|E 8! ALt
« oHA
= m H 57 —
> =AM W EL FE&= 10
Doc 1 Doc 2 Doc 3 Doc 4 Doc 5 Doc 6
Baseball 1 2 0 0 0 0
Basketball 3 1 0 0 0 0
Boxing 2 0 0 0 0 0
Money 3 3 2 3 2 4
Interest 0 0 3 2 0 0
Rate 0 0 4 1 0 0
Democrat 0 0 0 0 4 3
Republican 0 0 0 0 2 1
Cocus 0 0 0 0 3 2
President 0 0 1 0 2 3
Input

0jo

P(z)
Topic 1 | Topic 2 | Topic 3
0.525 0.407 0.068
P(d|z)
Topic 1 | Topic 2 | Topic 3
Doc 1 0.020 0.008 0.048
Doc 2 0.294 0.255 0.329
Doc 3 0.204 0.138 0.178
Doc 4 0.200 0.146 0.007
Doc 5 0.186 0.196 0.233
Doc 6 0.096 0.257 0.205
P(w|z)
Topic 1 | Topic 2 | Topic 3
Term 1 [ 0.022 0.016 0.010
Term 2 | 0.018 0.133 0.166
Term 3 | 0.242 0.058 0.133
Term 4 | 0.123 0.088 0.145
Term 5 [ 0.016 0.030 0.044
Term 6 | 0.020 0.167 0.056
Term 7 | 0.147 0.129 0.201
Term 8 | 0.188 0.156 0.039
Term 9 [ 0.146 0.114 0.008
Term 10 | 0.077 0.110 0.199

Topic 1 | Topic 2 | Topic 3
0456 0.281 0.263
Topic 1 | Topic 2 | Topic 3
Docl 0.000 0.000 0.600
Doc 2 0.000 0.000 0400
Doc 3 0.000 0.625 0.000
Doc 4 0.000 0.375 0.000
Doc 5 0.500 0.000 0.000
Doc 6 0.500 0.000 0.000
Topic 1 | Topic 2 | Topic 3
Baseball 0.000 0.000 0.200
Basketball 0.000 0.000 0.267
Boxing 0.000 0.000 0.133
Money 0.231 0.313 0400
Interest 0.000 0312 0.000
Rate 0.000 0.312 0.000
Democrat 0.269 0.000 0.000
Republican | 0115 0.000 0.000
Cocus 0.192 0.000 0.000
President 0192 0.063 0.000




Latent Dirichlet Allocation

Topic Modeling

« LDA: FO{T ZM0f CHSH 2f A0 O{H EX=0| O EX =2 ZXfot=X[0f et 2ts 2

> HX 2Mo| HHOjSE EWY Crojo] £, MY ETo| £ £ JiX| RE XX

> Cl2[2g-ttd 22 AR (k702 £E4- hyperparameter)
> U~ MEY B
2M 44 21y cho] 4 71
= o o e LDA inference
1 EAS ERS SR (FA8 =5 2 > 2M U HO[Z 7K1 E5jo| tol £:, BAlo £ET 2 X7
2. Of® EHOIZ £X| HYCH (T Hoj £;) S, - —— . _ o e .
3 oA M £ === =10 to| £mot 2M0| £T) 2mo| ZY HEO| AR =S B
23 M U OISO BE 21 AT 2Nt
SEECE: i Us MERY
= D e - LFDIX| EROj= 1Y AlZ) Af ¢ EHOjBHS WD £ X2
10] 77491 E +2 20 2y ot & . .
T o Lt L& & INE4 FZ251H H Q= tt C M 22 =H
hd e 50| 23 (a=0.1) CHof ShL A9l Al7| T FEehE HelEl Erofol cheh HA 2= 3
) BE EHolo] Coto] & JHx 22 ¥olo|s
10] 7749 R +2 Lo
B2 o ZeH(a=0.01)




Latent Dirichlet Allocation

Topic Modeling

- 6712 ALt SiE B

C Kitty And Hamster

D Eat Bread




Latent Dirichlet Allocation

Mo
x
10
J\l
r

Topic Modeling

THO{Ofl TSl 2= &

o M

(k=2 : 2702 EH)

1 - O
w kit | ham | eat | bre
27#1 #2 #1 #2 | #1 | #2 #2 #1 #1 | ¥ | #2 | #1 | #2 | #2 | #2 | #1 | #
#1 1.1 2.1 0.1 2.1 2.1 2.1
#2 1.1 1.1 2.1 0.1 1.1 3.1
P cute | kit eat | rice | cake | ham | bre | SUM
#1 1.001| 0.001| 2.001| 1.001| 3.001| 0.001, 2.001| 9.007
#2 1.001| 2.001| 1.001] 1.001f 0.001, 2.001| 1.001| 8.007




Latent Dirichlet Allocation

Topic Modeling

Jlot

2M A0 3H= OfH THoj mo| £ jof £ &E

= &M dof| &5t= E': EQ 3
C

4 S EQ 7 AX|St= HIE *
E4 jof £t BE EHo| & HO0l m
« 4. MO A W EHO| cuteE Scf YT

Of XtX[3t= HIS




Latent Dirichlet Allocation

Topic Modeling

24 A O £3t= ofH THol mo| £ joi £E 2E
= 2M dOf| £t 25 EE 5 EH j7t AX|St= HIS
EQ o] &8t TE | F THof mO| AHX|Ste H|E
- 5. MER2 ET H™
e A8 |[c[Dp[E]F . -
P cute | kit eat | rice | cake | ham | bre | SUM
#1 0.1 2.1 0.1 2.1 2.1 2.1 #1 | 0.001| 0.001| 2.001| 1.001| 3.001| 0.001| 2.001 8.007
#2 11 11 51 0.1 11 31 #2 | 1.001| 2001/ 1.001| 1.001| 0.001| 2.001| 1.001| 8.007

« 2M A0 £5= CHY| cute?t ET #10| £THX| ET #20| £ K| THCE

e« ZM A LHO| EE #10] S =HE =0.1/(0.1+1.1) = 0.083 , ET #1 LY2| TtO{7} cuteY =& = 0.001 / 8.007 = 0.00012
=A1 A LHO| EE #10| 2 =& x EE #1 LHQ| THO{ 7t cute =HE = 0.083 * 0.00012 = 0.00008
| 3t 5 =

0916 * 0.125 = 0.114

w eat | rice | cake| kit | ham | eat | bre cute | ham | eat | bre | cake
Z| #2 #2 #1 #2 #1 #2 #2 #1 #1 #1 #2 #1 7 #2 #2 #2 #1 #1

=AM A Lo E5 #20] IS =& x EY #2 L] TH0{7} cute




Latent Dirichlet Allocation

Topic Modeling

. 6. M| RE THO{of CHe) Hhe
» 2E HHo ohH ZOO|E otH 12| A MET OrFel, o] |/ Bh=otH 2= o7t HEoHA 7| EEE HOt B
eat | rice | cake | kit ham | eat | bre cute ham | eat | bre | cake

Z| #2 | #2 | #1 | #1 | #1 | #2 | #2 | #1 | #1 | #1 | 41 | #1 | #2 | #2 | #1 | #1 | #1

> AT 20 2N ELEE N3 ETY ol 2
e - B C D -I P cute | kit eat | rice | cake | ham | bre | SUM
#1 01l 31/ 01/ 21 31| 3.1 #1 | 0001/ 0001/ 3001 2.001| 3.001| 0.001| 3.001| 11.007
#2 511 o1l 211 o4l o4l 21 #2 | 2001/ 2001/ 0.001/ 0.001| 0.001| 2.001| 0.001 6.007

. 87
> MBS 0|8ot7| 20| ABAICHE ZIp7H LatE 4 US(EAM HBO| FHS4E, sparse F42 U A1l )
> Hojo] 2EBS XD ELE §7| (h20| MK ETWIE OHF 4 AU
> o 2A UOIM 2 £T] 20 GBS 4+ 98




Term-weighted LDA

Topic Modeling

THoo| TN
THO{OtEt 7+S K|

0% ge

> Ol Al: the vs topic

izl m | #2 | #1 #2 | #2 | #1 #1 | #1
=) |
0 cute | kit eat rice | cake | ham | bre | SUM
#1 [ 1601 0.001| 2.001| 1.001| 3.001| 0.001| 2.001| 9.007
#2 @M 2001 1.001| 1.001| 0.001| 2.001| 1.001| 8.007




Term-weighted LDA

Topic Modeling

V=SSN
> O|ZXIZF (0or1)
> HHEEZ): o CHo7t A e ™

> PMI: A HZE THoo| 7tEX|7t CHE
> 573 A0

MolM EofLt SSH 2

- 29| PMI -> HE TIEX|E

O 2 LtEfLE=X]

df: ol EHOj7F ERSE EMQf
N: T 2M2f +

oz Hy

Cra: X do| THOf m2| 7=
Cq: =AM do| A o] T4
C: ™A BHoof =

Cr: BFOI m2| TH| 7=



Term-weighted LDA

Topic Modeling

| [
- 2t A ds

» Average Precision(¥&tr): =& & EX 1} reference EX

Tokenization
Weighting Scheme Word Morpheme
Unweighted 0.505 0.544
log p(w|L) 0.616 0.641
PMI 0612 0.686
Weighting Scheme
LDA (no weighting) PMI-WLDA
Topic | 1 2 3 4 5 1 2 3 4 5
the the vanité as carcel under city coeur sat colére
et de vanidad comme prison S0 ville heart assis ira
and et vanity COImo o=l nog ciudad  corazon vent wrath
los  of Sl KAK prison e bogaed  cepaue wind anger
Terms | and cyera un TEMHHITY debajo ropox  cepaua viento furor
’ ¥ ¥ afhcelon a prisonmers | ombre  twelve s i sentado  rues
les de  pourswmte one TEMHHLLL bases douze =3 Berep  fureur
a H Jhal_y I o) bound basas doce wold tsall -
de la  prédicateur une prision sombra 8l s sitting  rHeea
of la e arly prisoners | dessous ropoga  cepaues cen contre

Table 3: Top 10 terms within top 5 topics for each of LDA and PMI-WLDA. Terms that appear twice within the same
topic {e.g. ‘la” in LDA topie 2) are words from different languages with the same spelling (here Spamish and French).




Project

Topic Modeling

X procej model
proce§s prior
I gaussian process model
gaussian pfocess prior yesnan
sparse gaus$ian processnferen sian network
gaussian process gp
gaus

procéss gp

amic' kK

gaussian process regression

°3ee bayesian netWwork structure

yesian learn

yesian

learn bayesian network
bayes

use gaussign process
gp Model
gaussia?cess latentdynamé@ sian network

process latent

bayesi twork

model baye§ian network
vex'! w bayesian nétwork model

model bayesian network model

Aol ET =& = M W key worde

O| networkE d2{E Xt

Topic 2

I ;\ 1 S —
m ance mm  interpretable topic word dirichlet distribution
rocant % model e ﬁ@ dirichlet
‘advants topic us@ran i e late,
i recent adfince topic SstmatBnistent, L = / " superviBe latent
’ m'ma chand® topicnodel @iscover ! o 'xw' o
s i actics V- "’“"‘“”‘9"
22" accurate pic model e - .chlﬂ
i unﬂ/ﬂmeon sida
st e g oo O/
o word param n sida
s topic ic pfébability -
correlate '-’-M-
= _ il latent @richlet
; topic@hodel = 7
e ——. < | e,
- fuzzy rille base e padd Ll"g‘ topyerpreb:la topic
veaninfful topic = ,.,,g.:al infer8hce topic model
paramEione  vise Wpi modpck \
modebmutts variationai befl SN
i R : rence topic
topicahare
new t model . ,..@mndal



Project

Topic Modeling

Topic 1 Topic 2

bill speual‘rest group

|g'|'nent bill

axe euro

o LD A culPerowprice O TG busumneSQ practlce
& SenicefFre_ o O ite@imo. B o0
“*i w‘;' - w& - Z "~ e :"2#.96 ection

.



Topic Modeling
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2
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- CHEFOf BI'EY HIOIH

E

o
0{0
Joill
|

IH

E1

=3
ki

ol

Ll
oI

]
160
Tl

it

—

fod

0.0
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Bt
TH

oI

=l

HoA 22

=
e

ol

B2 SIZE AN

. ETO| labeling®fl CHSt $H7 = OFEI7LX| @727} O]

> LDA2vec




