Hierarchical Dirichlet Processes

AMS 241, Fall 2010
Vadim von Brzeski
vvonbrze@ucsc.edu



Reference

 Hierarchical Dirichlet Processes, Y. Teh,
M. Jordan, M. Beal, D. Blel, Technical
Report 653, Statistics, UC Berkeley, 2004.

— Also published in NIPS 2004 : Sharing
Clusters among Related Groups: Hierarchical
Dirichlet Processes

e Some figures and equations shown here
are directly taken from the above
references (Indicated If so)



The HDP Prior

'G[_'; ‘ "}-‘.H ~ DP(“‘%H)

Grj' ‘ CX(). G‘{] ~ DP((T{]- Gﬁ[])

group index

A

G, Is discrete :
G; DPs necessarily
share atoms !

3
Source: Teh, 2004.



Stick Breaking Construction:

1st Level : Go = E B0, 0. ~ H
k=1 1
Bp ~ Beta(l,y)  B=70]]0-4)
=1
2nd Level : Gj = E ?lek.f)‘ak
k=1
Going back to original definition of DP, we can derive relationship between 3 and 1 :
(Gj (;—’ll)j Gj (ATD ~ Dirichlet (G'DGD (Al)? &'DGQ(AT))
( Z s pi s Z ?rj;f) ~ Dirichlet (ag Z B, ..., O Z ,:'3;g) Ki={k:6i € A}
ke Ky kel ke Ky keK .
) k—1
) /
’N; . ~ Beta | apfg, a0 | 1 — E 3 Tjk = Tk H( 1 — ’f*':;f.)
=1 =1

Source: Teh, 2004.



G_0 :1st 100 Stick Weights

G_j (j=2):1st 100 Stick Weights

G_D : 1st 100 Stick Weights

G_j(J=2):1st100 Stick Weights

@ wn
@ | o 4 =
=4
" 1 g +
o ] = o
;’ 7 h =] | Q T
5 oo z o £ 21 5
El B g _ Er
o~ o | = 7
(=T [=] =}
_ _ N -
;| - | J “ ' )
g-J* S - s |l Al hLLllI o
g =
T T T T T T T T T T T =T T T T T T T T T T T
=1 0 20 40 &0 & 1m0 20 40 &0 B 1m0 0 20 40 60 a0 100 0 20 40 60 80 100
Y Index Index 1 0 0 It Incdex
G_j (j=1):1st 100 Stick Weights G_j (j=3):1st100 Stick Weights a — 1 G_j (j=1):1st100 Stick Weights G_j (j=3):1st 100 Stick Weights
o 0
@ =
a 7 Z 4 5
S 2
w | =
=
B o | 2
| = =
- . o
£ 5 = £ 54
N L g ¥ -
= o
34
o w =
S o S s 4
=
= = o | . 2 L
T T T T T T T T T T T [=] T : T . : T o T : : T :
0 @ 4 &0 8 100 o 0 &0 80 100 i 20 40 &0 80 100 0 20 40 &0 a0 100
G_D : 15t 100 Stick Weights G_j (j=2):15t 100 Stick Weights G_0 : 15t 100 Stick Weights G_j (j=2):1st 100 Stick Weights
=
g
w 5] N =
= B
e
w ) 8 N L)
o o o o
5
) g
£ £ 527 £ 2
£ 7 H H i H
E E
D_Jp o il. § l J JJ ‘t hLlllllI 38 | JI." |‘||I|LIILJ|_ LIk U
=L . . . . . =1 . . . . . = T T T T T = 5 T T T T T
0 20 40 &0 80 100 0 20 40 &0 80 100 o 20 40 &0 &0 1oa o 20 40 &0 &0 1oa
Y = 1 e Incex Y = 1 00 Incless Incless
Qo = 100 Gj(j=1):1st100 Stick Weights G_j(j=3):1st 100 Stick Weights Qg = 100 G (J=1):1st 100 Stick Weights G (i=3):1st 100 Stick Weighis
o =i )
= =g Z
o | | 5
- i g 4
Z A 3 .- s
z 4 T H i H “g' i
o o 2
oo = = o l
|
S -
_ i E “JJ l J J]l |..h|.1.1||. 1 4L E h h_ -I JJLJ LLLLJJLLLLM
e = = 5 T T T T T = 5 T T T T T
J T T j T J J T T J T J i 20 40 &0 80 100 i 20 40 &0 80 100
i 20 40 &0 a0 100 il 20 40 &0 a0 100
Incles Incles
Inclex Inclex




1.0

00 02 04 06 08

1.0

00 02 04 06 08

H : Normal(0,1)

G_0 and G_j draws (via stick—breaking)
alphal = 1 gamma= 1

G_0 and G_j draws (via stick—breaking)
alphal = 100 gamma= 1
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G_0 and G_j draws (via stick—breaking}
alphal = 1 gamma= 100

G_0 and G_j draws (via stick—breaking)
alphal = 100 gamma= 100




1.0

00 02 04 06 08

1.0

00 02 04 06 08

H : Dirichlet(0.1,0.1,.....,0.1), dim V=10

G_0and G_j draws (via stick-breaking)
alphall = 1 gamma = 1
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G_0 and G_j draws (via stick-breaking)
alphal = 100 gamma= 1
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G_0 and G_j draws {via stick—breaking)
alphal = 1 gamma = 100

_0 and G_j draws (via stick—breaking)
alphal = 100 gamma = 100




Prior and Data Model

'G[_'; ‘ "}-‘.H ~ DP(“‘%H)
Grj' ‘ CX(). G’{] ~ DP((_T{]. G‘[])

Dji | G’j = (":j‘
rji | @; ~ F(0j)

ith datum in group j
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Source: Teh, 2004.



Polya Urn Sampling via Chinese Restaurant (Process) Franchise :

Wit

@ji | Dj1,-..,05i—1,00,Gp ~ E

11, W12

existing table
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Source: Teh, 2004.



Application : Topic Modeling

o Topic = (multinomial) distribution over words
— Fixed size vocabulary; p(word | topic)
— F : Multinomial kernel, H : Dirichlet()

 Document = mixture of one or more topics
« Goal = recover latent topics; use topics for clustering,

finding related documents, etc.

7
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Study Model Inference Using Simulated Data

Word Probabilities in Component (Topic) 3
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Inference via Gibbs Sampling
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Source: Teh, 2004.



True Multinomial Parameters Per Component k = {1,2,3}
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plvl

plv]

Simulated Data Histograms vs. Est. Posterior Predictive : E[ 8,; | data ]

For each doc j : avg (over states b = 1..B) draws of 6,,) via CRP config @ state b.
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Simulated Data Distributions vs. Est. Posterior Predictive for New Observation X;,

Data histogram
™ Document 1 Document 2 Document 3

Data density est.
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R Code Avallable

* Works, but SLOOOOOOOOOW....

http://www.numberjack.net/download/classes/ams241/project/R
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