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What about text?

e Gaussian distributions can’t model text
¢ So typically use multinomial distribution as the base distribution

°* Remember multinomial:

! )
P(Nln,0)=%l_[0]{v’ (1)
it
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What about text?

e Gaussian distributions can’t model text [or can they?]
¢ So typically use multinomial distribution as the base distribution

°* Remember multinomial:

! )
P(Nln,0)=%l_[0]{v’ (1)
N
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Dirichlet Process Multinomial Mixture Model

® Break off sticks

‘/1! ‘/ZvNIId Beta(lra) (2)
k=1

Ge=Ve| Ja-w) (3)
j=1

Advanced Machine Learning for NLP | Boyd-Graber Bayesian Non-Parametrics | 3of1



Dirichlet Process Multinomial Mixture Model

® Break off sticks

Wi, Vo, -+ ~ijig Beta(1, ) 2)
k—1
Ce=Vi[ Ja-w) )
j=1
® Draw atoms
P, Py, ~jig Dir() (4)
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Dirichlet Process Multinomial Mixture Model

® Break off sticks

Wi, Vo, -+ ~ijig Beta(1, ) 2)
k—1
Ce=Vi[ Ja-w) )
j=1
® Draw atoms
P, Py, ~jig Dir() (4)

® Merge into complete distribution (i.e., © ~ DP(a, § it))
0= Cibs, (5)
k
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Dirichlet Process Multinomial Mixture Model

® Break off sticks

Wi, Vo, -+ ~ijig Beta(1, ) 2)
k—1
Ce=Vi[ Ja-w) )
j=1
® Draw atoms
P, Py, ~jig Dir() (4)

® Merge into complete distribution (i.e., © ~ DP(a, § it))

0= Cibs, (5)
k
® Draw document word counts (for n =1...D,)
$pa~0 (6)
Wan~Pa (7)
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Extending DPMM for text: HDP

¢ Topic models can use multiple topics per document
¢ Mixture model can only use one

e HDP is the non-parametric extension
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Hierarchical Dirichlet Process

e Draw a global distribution over topics (e.g., H = Dir(a))
Gy~ DP(y,H) (8)
e For each document d, draw distribution over topics

$a ~ DP(a, Go) 9)

o For each word wy , in the document, draw it from document
distribution

Wa,n ""pd (10)
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Chinese Restaurant Franchise

0, % 6,

0, 0,

8, 0, 9, s

6

0, 0, 0.,

6, 0., 0. 6, see
e]:eac

0, s

8, s se e

t: Assignment at global table
z: Assignment at document table
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Gibbs Sampling

nzdfa fwan %) k,j existing

. —77 —77 m:; . . .
pP(zan=k tan=jlz" /" t77") < a+‘fm'y+,’n‘f(wdn|\11j) k new, j existing

a+al’ldy, )’-f—me(wdn |H0) k1 J new

(11)
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Gibbs Sampling

rata f (Wan |9 k,j existing

T m; o
P(zan=k tan=jlz7V", 7)o | G vmm f(Wan |¥)) K new, | existing

a+0:7d,‘ y-[m‘ (wdl’l |H0) K, ] new

(11)

Number of tokens seated in lower-level table
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Gibbs Sampling

n . . .
o ndilfaflgfudn | W) k,j existing
pP(zan=k,tg,=jlz7 7 t77") o< aﬁld'_ y+,’”_f(wdn|\llj) k new, j existing

7 [ (Wan | Ho) K, j new

at+ng, y+m.

(11)

Number of tokens seated at higher-level table
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Gibbs Sampling

nZi{—ca fwan (W) k,j existing

oy —if i m; o
P(zan =k, tan=jlz ', 177" oc { o 2L f(wgn |¥;) K new, j existing

a+l;1dy, y-[m‘ (Wan|Ho) K, jnew

(11)

Lower-level concentration
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Gibbs Sampling

n’:,dfa f(wan [ ¥) k,j existing

T o ne-
p(zan =k tan=jlz7", t77) o { ZE— L f(wq, |W;) K new, ] existing

—afr{zd, —yfm, (Wan|Hy) K, jnew

(11)

Higher-level concentration
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Gibbs Sampling

g, +af Wan | V) k,j existing
T m; o
pP(zan=k,tg,=jlz7 7 t77") o< a+”;1d Y+m (Wan|¥;) knew, jexisting

a+01{1d V-Zm (Wan | Hy) Kk, jnew

(11)

Multinomial (or whatever base distribution)
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Discovers Dimensionality

Perplexity on test abstacts of LDA and HDP mixture Posterior over number of topics in HDP mixture
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¢ Discovers dimensionality
e Additional layers can capture different aspects of data

e But only unsupervised objective
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Inference

* Very similar to LDA
* Need to worry about truncation
e Can be slower
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