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Topic models
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@ Probabilistic representations of grouped discrete data
@ lllustrative for text: words grouped in documents
e Latent topics (a.k.a. concepts, components) = cluster semantically
related words (Landauer and Dumais 1997; Giriffiths et al. 2007)
e Language = semantic meaning (topics) + noise
— Reduce vocabulary problem by discovery of semantic relations
— Reduce sparsity problem by dimensionality reduction < discrete
principal components analysis (Buntine and Jakulin 2005)
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Topic models — motivation and review
Networks of mixed membership (NoMMs)
Inference — a Gibbs “meta-sampler”

NoMM typology and design

Application to tag-enhanced expertise finding

Conclusions and outlook
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Towards Bayesian topic models: the Dirichlet distribution

Bayesian methodology:

@ Parameters generated
from prior distributions

@ Language data: popular
prior for the multinomial
/ discrete distribution:
Dirichlet distribution °
e Conjugacy:
straight-forward
mathematical form
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(a) Dir(4,4,2)

@ Bayesian topic model:
Latent Dirichlet
allocation (Blei et al.
2003)

o=1 =1

(d) Dir(8,4,3}

D=1 9-1

(‘b) Dir(.1,.1,.2) (c) Dir(1,1,1)
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Bayesian networks: Dirichlet-generated multinomials Latent Dirichlet Allocation

a I =1 Bayesian network
@ & ~ Dir(§| @) @

a 19/11
@ x; ~ Mult(x; | §) R .
i€ [l,N] l()‘l =1 ﬂj =1
Bayesian networks: Z
@ Graphical modelling of joint probability distributions \ @ @\
@ Node: random variable /.

@ Edge: conditional probability distribution o
@ Plate: repeated i.i.d. samples

document m

Draw word from term distribution of topic 2, “learning”
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Example document—topic distributions Example topic—term distributions

Document m = 42 (column): Traditional machine learning relies on the

availability of a large amount of data to train a model, which is then Topic k = 21 (row): data word feature label data scarce obtain...

applied to test data in the same feature space. However, labeled data are Top!c machmg learning train mode.l test feature space...
often scarce and expensive to obtain... Topic : computing support grant project system method...
Strongest topics: k = {25,21,48, ...} 1 term “data”
s -“.!l=.-' T T A e I T
: iy oo Sty Ky ot B TUEL T e el s
1 34 v . E-hy A "--_, 1 i = v b :1 et I3 £ iy 9.02%
: . . . L] :.-=-: |__-. _.!-I g B e -.,,1:_._ =k -'E__: CAR P
l-l|-.'.-_l r'l-:- v - -;I :.--_\. i I.\:r\. |I:- _'-_'_:.-__'?_)?25:
FEL g bli? dl T Efard, 4Rl G g
rows = topics, columns = terms

transposed view: rows = topics, columns = documents Figure: Excerpt from topic—term matrix ¢ (V = 200, K = 50).

Figure: Excerpt from document—topic matrix ¢ (M = 200, K = 50).
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Example: Text mining for semantic clusters Topic models: Example structures

Topic label Most likely terms according to ¢, = p(word|topic)
Politische Parteien CDU Partei Kohl Aufklarung Schauble Zeitung Union Krise Wahrheit Affare Christ- ( >
demokraten Glaubwiirdigkeit Konsequenzen
Bundesliga J.
e
Oren
Polizei / Unfall Polizei verletzt schwer Auto Unfall Fahrer Angaben schwer+verletzt Menschen Wa-
gen Verletzungen Lawine Mann vier Meter StraBe @ @ R
Tschetschenien Rebellen russischen Grosny russische Tschetschenien Truppen Kaukasus Moskau iK1 P relLK]
Angaben Interfax tschetschenischen Agentur mel1.M]

Politik / Hessen FDP Koch Hessen CDU Koalition Gerhardt Wagner Liberalen hessischen Wester-

welle Wolfgang RolandsKoch Wolfgang+ Gerharal (a) Latent Dirichlet allocation (LDA) (b) Author—topic model (ATM)

Wetter Grad Temperaturen Regen Schnee Stiden Norden Sonne Wetter Wolken Deutsch-
land zwischen Nacht Wetterdienst Wind @
Politik / Kroatien Parlament Partei Stimmen Mehrheit Wahlen Wahl Opposition Kroatien Prasident
Parlamentswahlen Mesic Abstimmung HDZ @7

Die Griinen Griinen Parteitag Atomausstieg Trittin Griine Partei Trennung Mandat Ausstieg Amt

Roestel Jahren Miiller Radcke Koalition @* ’. r

VelLK]

i

TelLIT)

el

Russische Politik  Russland Putin Moskau russischen russische Jelzin Wladimir Tschetschenien Rus-
slands Wladimir+Putin Kreml Boris Présidenten @»@

2l 9le
¢

KelL+ITI+1]

Polizei / Schulen Polizei Schulen Schiiler Tater Polizisten Schule Tat Lehrer erschossen Beamten o ! “‘T“”
Mann Polizist Beamte verletzt Waffe . 7”” . .
(c) Pachinko allocation model (PAM4) (d) Hierarchical PAM (hPAM)
Bigram LDA topics, 18400 German news messages, Jan. 2000 (Heinrich et al. 2005) (Blei et al. 2003; Rosen-Zvi et al. 2004; Li and McCallum 2006; Li et al. 2007)
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Typical derivation method (ls it really that complex?) Topic models — bottom line

[ 1P, ppu i, )ans, )
i

dp(@la) - dp(@IB) - dp(£ly) (E3)

[ B Plsins, @ Expanding research field with practical relevance
@ No existing analysis as generic model class

J

N,
. f ﬁ rew]| | [ 1pu s, s,
el net il

N @ £ e e
i _ o et g
R Er VR | e R
.

nell N < A K
mell,M] fl:I «Kunu

IL[ AGD +B) MG +y) l—‘l
&

15, ) s,

Q
o]

kell.K]

(ES)

— Conjecture:

e Important properties generic across models
e Simplifications in the derivation of model properties, inference

. (E6)

(e) Expert—tag—topic model (ETT)
(Heinrich 2011) Pz=k, x;=alw;

A8 Ac)

PED P

= (E.7) . .
algorithms and design methods
0.9, ¥la.B,y) = p(WIZ. D)p(PIB) - p(@ly, ¥)p(Ply) Llypwrey . i (E.8)
= - - A +p)
- p(y )p(Z1%, @)p(Bla) - p(¥|d) (E.1) ! . .
M N, Clny, + B T +VB) T+ ) T, + Ky £y
= ﬂ(]_[ PO, Ly + B Loy + VA 10, + ) T + Ka) ¢
=i\ =l :
_ M . X
[ T2t )P B ) s, ) " it VB e 10
-1
o)
- p(@la) - p(PIB) - p(Ply) (E2) Pk, xi=xic,=c.? Meeni 7Y Magmi ¥ O ‘s E12)

it V7 W 1 Ka
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Gonerc 0pic models — Nolis
LA INA LA
"t "t il

@ Topic models — motivation and review . N N
@ Networks of mixed membership (NoMMs)
@ Inference — a Gibbs “meta-sampler” . o .
o NoMM tvboloav and desian @ Generic characteristics of topic models:
. Yp 9y 9 o o Levels with multinomial components, generated from Dirichlet
@ Application to tag-enhanced expertise finding e Coupling via values of discrete variables
@ Conclusions and outlook — “Network of mixed membership” (NoMM): directed graph
e Compact, domain-specific alternative to Bayesian network e
e Node: Sample from mixture component, selected via
incoming edges LDA
o Terminal node: observation
o Edge: Propagation of discrete values to children
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NoMM level notation Topic models in NoMM representation
@7

N m Zm,n:k Winn=t

/

\, @ 6 N (a) Latent Dirichlet allocation (LDA)
L , kl AN xl . o B o
o= - Znn=k Winn=t
@ [T] i ) (e g @W’O

@ [K] (b) Author—topic model (ATM)

K

©

parameters + hyperparameters < nodes

— <

variables & edges

plates & indices + dimensions (d) Hierarchical pachinko allocation model (hPAM)

(Blei et al. 2003; Rosen-Zvi et al. 2004; Li and McCallum 2006; Li et al. 2007)
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Example NoMM generafve process: PAM4
& A & Topic models — motivation and review

. 9 Networks of mixed membership (NoMMs
TR T T M T P (o)

i w1y, ”

Inference — a Gibbs “meta-sampler”
NoMM typology and design

Application to tag-enhanced expertise finding

® m @ Conclusions and outlook
O

document super word
topic toplc

Sample from ¢, — word w = 1.
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Bayesian inference problem Collapsed Gibbs sampling

A

@ Bayesian inference: “Reverse generative process” x2 -
@ Estimate (distributions over) parameters @ and latent variables ox i
(“topics”) H given observations V and hyperparameters A.
— Find posterior distribution p(H, ®|V,A) — exponential complexity! Tl
i=1 XI=
9 9 9 @ Collapsed Gibbs sampling: stochastic EM / MCMC:
. . . o NoMMs: parameters @ correlated with H — integrated out

e For each data token i: Sample latent variables H; = (y;, z;, ... ), given
all other data, latent H_; and visible V:

H; ~ p(H:|H-;, V, A). )

e Stationary state: full conditional simulates posterior
(6!, H! g H?, | V., @ Faster absolute convergence for NoMMs than, e.g., variational
Bayes (Heinrich and Goesele 2009)
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Collapsed Gibbs full conditionals

m

® O
o T e R0

@ NoMM full conditionals can be generically derived (Heinrich 2009)
@ Typical case leads to weights with straight-forward factor structure:

—i [€]
n'+a
k,
pH Hop VA o | ]| = —— 2)
oL + Ta

@ ny; = count of co-occurrences between input and output values of a
NoMM level ¢

@ More generally: p(H;|-) « [T, [q(k, n]'" with 7 = set of values/edges
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Implementation: Gibbs “meta-sampler”

data = | validate data = deploy
R T_____‘ compileT
''| Java model |, C code
'| instance |, module
topic model : T i optimise T
specification \L ,
mixnet code | 1 generate C code

generator prototype
code /‘: ___________

templates

— ——— [ —
Java VM native platform

@ Code generator for topic models in Java and C

@ Separation of knowledge domains: topic model applications vs.
machine learning vs. computing architecture
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g-functions and Pélya urn

Figure: P6lya urn and multinomial parameters.

—t;
B(iiy + @) =1 M T @

qlk, 1) = ——= = — = smoothed ratio of co-occurrence counts
B + ) n'+Ta
Ui Vi ,
=uy) My T@ M tHat o(u—v)

; . ; 2qgk,ue®v
n]:”’ +Ta nl?v’ +Ta+1 q( )
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Example NoMM script and generated kernel: hPAM2

model = HPAM2 // hidden edge
for (hx = 0; hx < X; hx++) {
description: // hidden edge

Hierarchical PAM model 2 (HPAM2) for (hy = 0; hy < Y; hy++) {

mxsel = X * m + hx;

sequences: mxjsel = hx;
# variables sampled for each (m,n) if (hx == 0)
W, X, y :m n ksel = 0;
else if (hy == 0)
network: e ksel = 1 + hx;
# each line one NoMM node else
m >> theta | alpha >> X ksel = 1 + X + hy;
m,x >> thetax | alphax[x] >> vy pp[hx] [hy] = (nmx[m][hx] + alpha[hx])
X,y >> phi[k] >> W * (nmxy[mxsel] [hy] + alphax[mxjsel][hy])
# java code to assign k / (nmxysum[mxsel] + alphaxsum[mxjsel])
k:{ * (nkw[ksel][w[m][n]] + beta)
if (x==0) { k = 0; } / (nkwsum[ksel] + betasum);
else if (y==0) k = 1 + x; psum += pp[hx][hy];
else k =1+ X +y; } // for h
Ire } // for h
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Example document—topic distributions Fast sampling: hybrid acceleration methods

Serial: method model  parameters speedup (iter., converge)
@ Exploit saliency of few weights, e.g., Sxp4  LDA  K=100 6.3
" SxP4 LDA K =500 302
generalising (Porteous et al. 2008): I PAM4 K.L-4040 218 74
compute only few weights on average P4xI PAM4 K,L=40,40 787 24.1
+ estimate normalisation term SxPaxI PAM4 KL =40,40  163.2 49.8
SxP4xI  PAM4 K,L=20,100 143.6 435

@ Complex data structures, especially
for larger models

3000

Parallel:

@ Distribute local parameters 2500
(document-specific etc.)

perplexity

@ Need to sync global parameters:
t =500, converged different methods, e.g., generalising 200
(Newman et al. 2009)

@ Occupancy: balance communication
and computation (architecture-spec.) 1500

Figure: Excerpt from document—topic matrix 9 (M = 200, K = 50).

10' 10° 10°
iteration

Independence assumption: )
— Extend code generation to more

Hg 4 4
@ Reduce complexity: [T, T° > X, T complex implementations
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.% [f‘ °

@ Topic models — motivation and review
@ Networks of mixed membership (NoMMs) ® ®
@ Inference — a Gibbs “meta-sampler” ) . N
. Figure: Pdlya urn and multinomial parameters.
@ NoMM typology and design
@ Application to tag-enhanced expertise finding B(, + @) [1=1 n;’," +a
. q(k, 1) = - = - = smoothed ratio of co-occurrence counts
@ Conclusions and outlook B(ﬁ,:’ + Q@) n;n +Ta
=) n,?‘l’[" +a n,:'\’," ta+ou—v)
= —|L;,' : : - = Q(k, ud \,)
n'+Ta nt+Ta+ 1
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Tikelihood p for single token 1

NoMM sub-structure typolo
Dir-Malt 0
nodes, nar o Wi LDA [Blei et a. 2003b], PAM [Li & McCallum 2006]; LDCC
venched 0/ mo S 5061 1)
. o o o . - .
NI. Dirichlet-multinomial parameters  E2. Autonomous edges C2. Combined indices Omseved
parameters = = I'M [Rosen-Zvi et al. 2004]
N3 “I Ferty 2
N b gnn” -n -n b, : afferty 2007]
o - =2 e tions on_the simplex: lei & Lafferty 2( ¥, o
a z b e B s A s 008 Hercy of Dl pors |
@ ~ - e oy Vsicp: csimate
d Non- - o . GI. - O plv 16.)
—0 dv\t‘re‘le - s ‘orr-LDA [Barnard et al. 2003], GMM [McLachlan &
by 5
u =2 b
= f(x.y NsiEL @ o N5B)
q(a,z) q(z,b) q(a, x®y) q(x,b) q(y, ) q(a, x) q(b,y) q(k, ), k = f(x,y) e e,
et = 4 & Supervised LDA [Blei & McAuliffe 2007), Rela-
o Rty

O E2A glay; 58y, = ala, 585 e, 5y

limodal LDA [Ramage et al. 2009]

N2. Observed parameters E3. Coupled edges C3. Interleaved indices

rvations: Hidden relational model (HRM) [Xu et al. 2006],
2004]

)

e £ 0 k= i)
odees ces, relason: hPAN[Li e al. 2007al, HRM [Xu t al.
o . 3008a]
) - @A B )
¢ ~ 7~
U2 4(z,b) 9,29z b)q(z.0) =~ qla,z")q(b, 7)) q(z',c® &) q(Z%, ¢ 0) s e e
¢ proposed ere
Gibbs full conditional assembled via:
4
p(H;|") o | | [q(k, [)] (3) e e et
{7 coupling orrelation of submodels, relations: Simple relational component model
4 [Sinkkonen et al. 2008], Relational topic model [Chang & Blei 2009]
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Towards a design process Overview

- Defi Fi 1 C . . ) .
g modelling task - b B 1S @ Topic models — motivation and review
evidence " model terminals i : ;
d metrics assumptions predict properties H i
aemene - . - @ Networks of mixed membership (NoMMs)
A @ Inference — a Gibbs “meta-sampler”
‘ Generate Evaluate Optimise .
e and adapt ling et based on and integrate for @ NoMM typO|Ogy and deS|gn
NoMM script Gibbs sampler target metric test corpus target platform . . . o
@ Application to tag-enhanced expertise finding
Figure: NoMM design process. @ Conclusions and outlook
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Define evidence

@ Expertise finding in digital libraries
e Find authors from document content
e Semantic tags to disambiguate word
meaning and provide additional
retrieval method

Ama € [1,A]
¢ E)m
a m !
T~ 3 emy €11,C]
/v elLV]
a

@ Example: scientific community of
Neural Information Processing
Systems (NIPS) conference

2

Q

Propagation Algorithms for Variational
Bayesian Learning

CIN
{zoubin,n. bealJ0gataby ucl..ac.uk

Abstract

Tags: probabilistic methods,
variational inference, learning
algorithms
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Modelling assumptions

23 5

am

A“ 7
21 22

—»
a

Y3

Y2

(a) Expertise of authors weighted by the portion of authorship a,, 4.

(b) Expertise semantics expressed by topics z. Each author has a
single field of expertise (topic distribution).

(c) Tag semantics expressed by topics y. Tag topics y could be = z.
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Define tasks + metrics; set up terminals

@ Retrieval of experts a for term queries w and tag queries ¢ query
likelihood model: p(w|a) and p(¢|a) — measure retrieval precision

@ Topic quality — measure coherence score

@ Baseline: Author—topic model ATM (Rosen-Zvi et al. 2004), LDA

(Blei et al. 2003)

C_l)m Wm n
O—>{  p(ila)
? ]
m CW[
O—> p(@la) —>0

Figure: Model design: Terminals.

Gregor Heinrich A generic approach to topic models

34/50

Compose model

[(M]

p(...|d,w,J)«...

Starting from terminals
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Compose model Compose model

m Xm,n Winn m Xm,n Zm,n Wim.n
> O {M’Nm} . )( ) {M,Nm}
[M] m [An] ' vl (M] m [An] @ K] Vi

an Cm
—>0O
[C]

[C]

p(x9~" |) & am,xCI(X,- ) p(X,Z,- . |) &« am,xCI(X,Z)- .
Up-stream evidence d,, Each author only one field of expertise (topic distribution)
— observed parameter node samples word author x — g-term g(x, z) assigns topics to sampled author x (cf. ATM)

36/50
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Compose model Compose model

m xm,n Zm,n Win,n
M, N,
O 2 n D> (qon D2 DO 1Nl
(M] [Am] [K]
Cm
—>
[C] O
p(-x’ Z’ LR |) o am,x Q(X, Z) 6](2, W) L p(x’ < |) S am,x Q(x’ Z) Q(Z7 W) Q(Z, C)
Topic distribution over words — can connect directly via g(z, w) Incorporate tags via ¢(z, ¢) conditioned on the same topic
— Problem: How to determine tag ¢, for word?

A generic approach to topic models 36/50

Gregor Heinrich

36/50
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Compose model

P(X,2,¥1") & amxq(x,2®y) q(z,w) q(y, ¢)

— Incorporate tag topics y,,; on separate sequence (m, j)
— Tag boosting: adjust tag influence via tag sequence length J,,
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ETT1 model
Wm,n

——»() {M,Ny
Vi { }

m Xmnlj
[M] [Am] I Cm,j
O M, Iy}

[C]

Assembled g-terms:
P,z y|) o amx q(x, 2@ y) g(z. w) g(y, ©) (4)

Easy expansion to standard Gibbs full conditionals:

B
”;f/nmr N V[)’

Vm

p(xm,n=xs Zmn=< | ) o Amyx *

XY j
ney " Ha ny M4y

p(me=X7 Ymj=y |) o Amx oyl V)
n, "™ +Ka n, "+ Cy

Retrieval via query likelihood model:
p(ﬁ | Cl) = Hweﬁ'zzﬂa,z‘vﬁi.w

Gregor Heinrich A generic approach to topic models

P(3| a) = HcEZZyﬂa,yWy,c . (7)
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ETT1 model

Wi
W’O {M, Ny}
m
[M] Cm,j
M, Jy
[C] O ! ]

Assembled g-terms:
P, 2,y |°) o amyxqx,z®y) q(z, w) q(y, ¢) (4)

Easy expansion to standard Gibbs full conditionals:

1R 4

n,: +a  n,"+pB
p(xm,n=x’ Zm,n=Z| ) Amx * —{x,z} T T 7R (5)
nx XslSfm,n + K(Y ”: —+ \[)
nx"{‘.\’._‘ }IH./ +a ny’.z‘m‘/ + y
p(me=X, Ymj=y [) o<y R T Ty 6)
n, 0"+ Ka ny "+ Cy

Retrieval via query likelihood model:
p(ﬂ’; | a) = HWEV&ZZI(}U.:‘P?.\\' P(3| a) = HCEE"Zyﬁa.ywy,c . (7)
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Typical derivation method (ls it really that complex?)

PO3.2., %, A0 By) = jﬂ
.

Pt pp B, ), )
o1

dp(@la) - dp(@IB) - dp(Zly) (E3)

T &
f [T 1 i, )] | Py aiie
EEVE ket
" N s
f [_],u(g\ml—]p«:,m\ﬂ ), ]_[ PO, Vs, db,
et net ]

Y (E4)
\ il = o ag, e ag,
_— \{DAWU”“ % jDA(‘wHW“ U
kell.Kl | [ne Nl || kelLK] ; N
me[l,M] (E.5)
. *.(E6)
(a) Expert-tag—topic model 1 (ETT1)
(Heinrich 2011)
L pED  p@
POy pET)  pEy) =D
AGD+P) A, +a)
POV, E,d,%,2,0,P, Pla. B, y) = p(#Z. P)p(PB) - p(@¥. L)p(L1y) o = A Sl (E.8)
2 AGO +p) MG+ @)
PR, @I, O)p(Bla) - p(Rld) (E.1) ki . )
M N, T, + ) Ty + VB) T +a) T, + Ka) E9)
- ]‘[(]‘[ POV B PGl Vet T BT VD) TS, T + Ky
m=1 \ =l o
I Mgmi ¥ B Mg T @
[ 1ptn i, 0 i, a ) Tt VB @ Cmx €10)
iy, PO 0, ), g n? + Ka
=1
o)
- p(Bla) - p(@IB) - p(Ply). (E2) Pply=k, x=xlc;=c. 7 2 o Mo VY Mok O e, (E.12)
=k, xi=xle=c, 2., ) Y W v Ka
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Model evaluation Truncated average precision

The Efficiency and the Blind Separation of
"R Robustness of Natural il Filtered Sources Using
Multiplicative Updating Gradient Descent State-Space Approach,
le for Blind Separation [l L earning Rule,

* W semiparametric Approach]
to Multichannel Blind Receptive Field Formation
Deconvolution of in Natural Scene

Nonminimum Phase - Environments Comparison
‘Algorithms for
Systems,

f Single Cell L i
B ponens R 57 co e 1. 2. 3 4 s
_ Analysis and Higher 2
—  *Gites Order Statistics,

Derived from the Method -
»>
of Scoring, _Hies

/
aming Algorithm” 7=
Signal Separation 4

Search for Information |
Bearing Components in
Speech,

— — Jauthors

‘authors —
=— authors

< __ Differential Entropy for
Independent Component
Analysis and Projection

e

Data Visualization ana
Feature Selection New n

tes uthors Sparse Code Shrinkage. / / /
J—— Donctaing by Nonlinesr 1/2 +2/4  +3/5

Nongaussian Data, AP @ 5 =

Pursuit,

=0.533

Maximum Likelihood 3
L Estlmznon
/
/ source separation]
Extended ICA Removes \ [independent component aulhnrs
Artifacts from lysis]
" / Eney; One-unit Learning Rules
Electroencephalographic
Recordings, 7 o A m Independent

authors Componam Analysis,

|

Authors Teites

/
Blind Separation of

Delayed and Convolved

Sources, 4 —

= — Independent Component ']
Teite IR 1.1y for Identification 1/1 +2/2 +3/5

o= “ of Artifacts in P@S = - O 867
e . - SN rcrcsomcron A = 3 =0.

Using ICA, authors c Recordings,

aijors e — uthors uthors.
Independent Component Factorizing Multivariate’ 3 e ymplectic Nonlinear
Analysis of 'A Non-linear Information' [ Foction Ciasses. Component Analysis

Eiectroencephalographic f Maximisation Algorithm- [WEdgos are the - \\cn\i\ Maximum Likelihood Blind Figure: Average precision ats (3 relevant documents in COprS).
i A

Data that Performs Blind “Independent Source Sep:

§ ion
Separation Components" of Natural v Density Estimation by AT Context-Sensitive BEE D:
Scenes, Faithful Equivariant SOM, Generalization of ICA,

Unmixing Hyperspectrai
ata,

Figure: ETT1 example query in community browser.
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Retrieval and clustering results Topic coherence results
1f - 11 - Topic coherence (Mimno et al. 2011):
0.9r ! 0.9

@ ~ How often do top-ranked topic terms co-occur in documents?

e
|
|
|

l
|
0.8 1 08 . . L. ) .
<07l | Zo7 @ Re-enacts humaq judgement in topic intrusion experiments (Chang
%0.6* 1 906 et al. 2009; Heinrich 2011)
0.5t ‘ { <05
I . | I
0.4+ 0 e 1 04 e | ‘Words in topic (choose worst match (A-F) in every group): -150 o 1
0.3+ 1 0.3 - 1. A. orientation 2. A. likelihood 3. A.risk T : T
B. cortex B. mixture B. return -200 | | | l 1
0.2 ) ) ) ] 0.2 C. visual C. theorem C. stock ! | |
ATM ETTI/J20  ETTI/J100 ETT1/]20  ETTI/J100 D. ocular D. density D. trading g 2% 1
X i E. acoustic E.em E. processor 2 300 — 1
(a) Term queries (b) Tag queries F.eye F. prior F. prediction 8
4. A.language 5. A. circuit 6. A. validation E -350 ! | | | 1
. ) . . L. ) B. word B. bayesian B. set Jf:’; : | I I
@ Term retrieval improved by tag influence during training time C. stress C. analog C. variance e ! ! v
. . L. , i D. grammar D. voltage D. regression 450 L L ! |
@ Mutual information between a-priori tag clusterings p(c|a) and topic E. neural E.visi E. selection +
. F. syllabll F. chi F. bias |
clusterings p(z|a): ETT1 > 1.002 vs. ATM = 0.865. W o “ -500 oA A BITL0 BTG
@ Semi-supervised features: find relevant items with missing tags (a) Topic intrusion experiment (b) Coherence scores

@ Tag strength: bias towards strong tags in combinations
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@ Networks of mixed membership:

Goesele 2009), collapsed VB
@ Typology and design method:
o Model structure types: literature + novel
e Building blocks for design with predictable
properties
@ Application:
o Expert—tag—topic model demonstrates design
e Tags improve retrieval and topic coherence

Application to tag-enhanced expertise finding

Domain-specific compact representation Y Y

@ Inference: il L S
e Topic models — motivation and review ® Generic Gibbs sampling: ¢-functions as
@ Networks of mixed membership (NoMMs) ° CGelglt)r: lrg:tzrjggyn:;Icr:r?(iie*k;ﬁryai\:%optf;mentation
@ Inference — a Gibbs “meta-sampler” o Hybrid acceleration methods
o NoMM typology and design o Alternatives: variational Bayes (Heinrich and
°
°

Conclusions and outlook
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Towards an R-based Gibbs meta-sampler

@ R environment becoming popular for topic models, e.g.:
e topicmodels package implementing general and various special
cases (Grun and Hornik 2011), based on text mining package tm
e 1da package with LDA, supervised, relational topic models (Blei et al.
2003; Blei and McAuliffe 2007; Chang and Blei 2009)
@ Vision: Use Gibbs meta-sampler as front-end to create R-based
high-performance code < use R as experimental front-end

Control strudm= F——— Daa 10 http://arbylon.net/resources.html
Special distributions (N3-5) interfaces Visualisation
Analysis
NoMM Gibbs A

cript R environment
serip . meta-sampler

Q+A

Dirichlet—multinomial +
Observed nodes (N1,2)

@ Extend to non-parametric distributions, e.g., based on DPpackage
(Jara et al. 2012):

@ NoMMs as polymorphism of parametric and non-parametric models
(with different Bayesian networks)
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