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Parameters
P(X|6) = Probability[data|pattern]
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Inference idea
data = underlying pattern + independent noise

Peter Orbanz & Yee Whye Teh 3/71



Parametric model

» Number of parameters fixed (or constantly bounded) w.r.t. sample size

Nonparametric model

» Number of parameters grows with sample size

» oo-dimensional parameter space

Example: Density estimation

Nonparametric
Peter Orbanz & Yee Whye Teh 4/71



Definition

A nonparametric Bayesian model is a Bayesian model on an co-dimensional
parameter space.

Interpretation
Parameter space 7 = set of possible patterns, for example:
Problem T
Density estimation | Probability distributions
Regression Smooth functions
Clustering Partitions

Solution to Bayesian problem = posterior distribution on patterns

Peter Orbanz & Yee Whye Teh [Sch95] 5/71
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Nonparametric regression
Patterns = continuous functions, say on interval [a, b]:

0:la,b] > R T = Cla,b]

Gaussian process prior
» Hyperparameters: Mean function and covariance function
m € Cla, b and k:[a,b] X [a,b] = R
» Plug in finite set s = {sy,...,s.} C [a,b]:

m(s1) k(si,81) ... k(si,sn)
m(s) = and k(s,s) =
m(sn) k(su,s1) <. k(sn,sn)

» Distribution of  is Gaussian process if

(O(s1), - ,0(s2)) ~ N (m(s),k(s,s))  foranys C [a,b]"
Peter Orbanz & Yee Whye Teh [RWO6] 7/71



Observation model

> Inputss = (s1,...,5)
> Outputs t = (¢1,...,1)
ti ~ N(e(si); Unoise)

Posterior distribution

» Posterior is again a Gaussian Process

» Quantifies prediction uncertainty

Predictions at test points s,
Test inputs S« = (Sx1y ..., Ssm)

m

k(S*, S) (k(S, S) + afuisel) _lt
k(S*, S*) - k(S*, S) (k(sa S) + o-foisel) B

1 a 8| L

k(s,sx)

=
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LEARNING CONTROL (C. E. RASMUSSEN & M. P. DEISENROTH)
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FINITE MIXTURE MODELS

Standard probabilistic model for clustering

» For each observationi = 1,...,n:
Data: Xilzi =k ~ F(¢x)
Cluster indicator: Zi~W

» Parameters:

o o
Mixing proporions;  w ~ Dirchle (%, .., )
ixing proportions: ~ w irichlet -, %

Cluster parameters:  ¢; ~ H

Learning and model selection

» ForeachK =1,2,3,...:

» While learning not converged:

> Update latent variables;
» Update parameter.

» Determine fit of model with K clusters.

Peter Orbanz & Yee Whye Teh
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PARTITIONS

Natural object of inference in clustering problems

> A cluster c is a subset of indices [n] = {1, ...,n}.
» A partition 7 is a set of clusters.

> Clusters are non-empty and disjoint;
» Union of clusters is [n].
X1

m={{1,6,7},{2},{3},{4,5}}

> Denote set of partitions of [1] by P,).

Bayesian nonparametric model for clustering

> Prior distribution over PJ,).

» Likelihood model for data.

Peter Orbanz & Yee Whye Teh



EXCHANGEABILITY

Data set 1:

> Exchangeability:

]P(Xl = Xly..- 7Xn :x,,) = P(Xl =Xo(1)y- - ,X,, :xg(,,))

P(m = {{1,6,7},{2},{3},{4,5,8}})
:P(ﬂ- = {{47 6, 3}a {8}’ {7}7 {17 5, 2}})

Peter Orbanz & Yee Whye Teh 14/71



115 {{1234}}
115 ({123} {(4}}
115 ({124} (3}}

115 ({12} {34}} >{{12} (33 315

1715 {{12} {3} {4}}

115 {{134} {2}}
Uniform distribution over P 115 (13 pay —————=in3 0251 3015

» Exchangeable. V15 {13} 23 41
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- 1 \
> Not self-consistent. V15 ({1} 23} (4)) —— ({1} 23} 315
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Preferential attachment

» Elements inserted into partition one at a time: 7 = {{1}}

> Inserted into an existing cluster, or 2¥/
» Into a new cluster.

= {{1},{2
» Example: " { } }}new
3

P(8 — {1,6,7}) = (1—19)
P(8 — {2}) = (1 —9)
P(8 — {3}) = (1 —9)
)= )
)=

™= {{17 6, 7}? {2}’ {3}? {45 5}}
Jlé—/‘/’/J

new

QR Q= = QW

P(8 — {4,5}) = (1—5

P(8 — new ——~

Q
(&)

» Typically not exchangeable.

Peter Orbanz & Yee Whye Teh 16/71
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m={{1,6,7},{2},{3},{4,5}}

» One customer enters the restaurant at a time:

» The first customer sits at the first table.
> Subsequent customer n + 1:

> Joins table ¢ with probability

le]
n+ o
> Starts a new table with probability

n
> Distribution over partitions that is exchangeable and self-consistent.

Peter Orbanz & Yee Whye Teh 17/71



™ ~ CRP(a) m={{1,6,7},{2},{3},{4,5}}

Forc € bc |~ H

Fori€c: x|m ¢" ~ F(¢))
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Gibbs sampling

» Update cluster parameters:

Forcem  p(¢r) =h(o!) []f(xlo0)

ic€c
» Update partition:
. . le—i| . :
Fori € [n]: pli € c—i) x n_1+af(xi|¢c)
p(iin new cluster ) oc ﬁf(x”(p:ew) // T
)
i=1...n

» Other samplers: split-merge [?], conditional sampling
[?, 2, ?], variational inference [?, ?].

Peter Orbanz & Yee Whye Teh [NeaOO] 19/71



Finite mixture model

» For each observationi = 1,...,n:
Data: Xilzi = k ~ F(6k)
Cluster indicator: i~ W

» Parameters:

o o
Mixi rtions: ~D"hlt<—,...,—)
1XIng proportions w 1ricnie X X

Cluster parameters:  ¢; ~ H

@4-

O-O+e-0

=1...K
Infinite limit 4
» Derive the induced distribution over partitions.
i=1...n
F K+ DN« F(|c| + a/K)
]P = =
=) = =y L

» Take K — oo.

Peter Orbanz & Yee Whye Teh [Nea92, Ras00, I1Z02] /7
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APPLICATIONS

Applications

Object of interest

Bayesian nonparametric model

Classification & regression

Clustering
Density estimation
Hierarchical clustering

Latent variable modelling
Survival analysis
Power-law behaviour
Dictionary learning
Dimensionality reduction
Deep learning

Topic models

Time series

Sequence prediction
Reinforcement learning
Spatial modelling

Relational modelling

Peter Orbanz & Yee Whye Teh

Function

Partition

Density

Hierarchical partition

Features
Hazard

Dictionary
Manifold

Features

Atomic distribution

Conditional probs
Conditional probs
Functions

Gaussian process

Chinese restaurant process

Dirichlet process mixture
Dirichlet/Pitman- Yor diffusion tree,
Kingman’s coalescent, Nested CRP
Beta process/Indian buffet process

Beta process, Neutral-to-the-right process
Pitman-Yor process, Stable-beta process
Beta process/Indian buffet process
Gaussian process latent variable model
Cascading/nested Indian buffet process
Hierarchical Dirichlet process

Infinite HMM

Sequence memoizer

infinite POMDP

Gaussian process,

dependent Dirichlet process

Infinite relational model, infinite hidden
relational model, Mondrian process




intensity
scales
magnitude

drug reinforcement
drive conditioning
brain
fear
density
recent
animals
inconsiste

selfesteem

Peter Orbanz & Yee Whye Téh schﬂa

23771



W

FYEF YR
PPEFPERT
wwwwwﬁ

g:gw~w

Fox et al [FSIW10] -./7



WORD SEGMENTATION
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WORD SEGMENTATION

you ® m @ /tr:e\ book

y u w ant tu s i D 6 b U k

yuwanttusiD6bUk

P R F BP BR BF LP LR LF
NGS-u 67.7 702 689 | 80.6 84.8 826 | 529 51.3 52.0
MBDP-1 | 67.0 694 68.2 | 80.3 843 823 | 53.6 513 524

Dp 619 476 538 | 924 622 743 | 57.0 575 572
NGS-b 68.1 686 683 | 817 825 821 | 545 570 557
HDP 79.4 74.0 76.6 | 92.4 83.5 87.7|67.9 58.9 63.1

Model | MSR CITYU | Kyoto
NPY(2) [80.2 (51.9) |82.4 (126.5) | 62.1 (23.1)
NPY(3) |80.7 (48.8) |81.7 (128.3) | 66.6 (20.6)
ZKO08 [66.7 (—) [69.2(—) —

Peter Orbanz & Yee Whye Teh Goldwater et al [GGJ06a], Mochihashi et al [MYUQ9] /i
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TWO-PARAMETER CHINESE RESTAURANT PROCESS

7
6 5
1 2 3 4 eee

» One customer enters the restaurant at a time:

» The first customer sits at the first table.
> Subsequent customer n + 1:

|| —d
n '

> Joins table ¢ with probability

d
> Starts a new table with probability o+ |l .
n+ o

» Distribution over partitions is still exchangeable, and has power-law properties.

Peter Orbanz & Yee Whye Teh [PPY92, PY97, GGJO6b, Teh06] o,



LANGUAGE MODELLING AND COMPRESSION

Language Modelling

T N-1| IKN MKN HDLM HPYLM Compression
2x10° 2] 1488 1441 1912 1443
4x10° 2| 137.1 1327 1727 1327 Algorithm | bits/byte
6x10° 2| 1306 1267 1623 1264 ozip 261
§x10° 2| 1259 1223 1547 1219 bzip2 2.11
10x 105 2| 122.0 118.6 1487 1182 CTW 1.99
12x10° 2] 119.0 1158 1440 1154 PPM 1.93
14x10° 2| 1167 113.6 1405 113.2 SM 1.89
14x10° 1 ]1699 169.2 1806 169.3
14 x 105 3| 106.1 1024 1366 101.9

Peter Orbanz & Yee Whye Teh [Teh06, GWTIO] 29



UNSUPERVISED PART-OF-SPEECH TAGGING

Language mkcls HMM 1HMM 18MM-LM Best pub. | Tokens Tag types

Arabic 58.5 571 62.7 67.5 - 54,379 20
Bulgarian 66.8 67.8 69.7 73.2 - 190,217 54
Czech 59.6 62.0 66.3 70.1 - 1,249,408 12¢
Danish 62.7 69.9 73.9 76.2 66.7* 94,386 25
Dutch 64.3 66.6 68.7 70.4 67.3 195,069 13¢
Hungarian =~ 54.3 65.9 69.0 73.0 - 131,799 43
Portuguese  68.5 72.1 73.5 78.5 75.3* 206,678 22
Spanish 63.8 71.6 74.7 78.8 73.2% 89,334 47
Swedish 64.3 66.6 67.0 68.6 60.61 191,467 41

Peter Orbanz & Yee Whye Teh Blunsom & Cohn [BC11] 3,7



Construction of complex Bayesian nonparametric models

» Graphical models.
» Hierarchical Bayesian models [TJ10].
» Dependent stochastic processes [GKMO5, Dun10].

oo

0=0=0
(v) () ()

Peter Orbanz & Yee Whye Teh Blunsom & Cohn [BC 117 5im
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ASYMPTOTICS



Model

Py outside model:
misspecified

Py = Py,

Peter Orbanz & Yee Whye Teh [Gh() 1 0, KVdV06] 34/71



COVERAGE OF NONPARAMETRIC PRIORS

Large coverage
» Support of nonparametric priors is larger (co-dimensional) than of parametric
priors (finite-dimensional).

» However: No uniform prior (or even “neutral” improper prior) exists on M(.X’).

Interpretation of nonparametric prior assumptions

Concentration of nonparametric prior on subset of M(X) typically represents
structural prior assumption.

» GP regression with unknown bandwidth:

> Any continuous function possible
» Prior can express e.g. “very smooth functions are more probable”

» Clustering: Expected number of clusters is...

» ..small — CRP prior
> ..powerlaw — two-parameter CRP

Peter Orbanz & Yee Whye Teh



Definition 1 (weak consistency of Bayesian models)

Suppose we sample Py = Pg, from the prior and generate data from Po. If the
posterior converges to dg, for n — oo with probability one under the prior, the model
is called consistent.

Doob’s Theorem
Under very mild conditions, Bayesian models are
consistent in the weak sense.

Problem

» Definition holds up to a set of probability
zero under the prior.

» This set can be huge and is a prior
assumption.

Definition 2 (frequentist consistency of Bayesian models)

A Bayesian model is consistent at Py if the posterior converges to dp, with growing
sample size.

Peter Orbanz & Yee Whye Teh [GhO 10] 36/71



Peter Orbanz & Yee Whye Teh

Objective

How quickly does posterior concentrate at 8y as n — co?

Measure: Convergence rate

» Find smallest balls B., (6) for which

n— o0
1

Q(Bs,, (00)|X1, . ,Xn) —_—

» Rate = sequence €1, &2, . . .

The best we can hope for

» Optimal rate is €, n~!/?

» Given by optimal convergence of estimators

» Achieved in smooth parametric models

Technical tools

Sieves, covering number, metric entropies... —  familiar from learning theory!

[Gho10, vdV98] /7



ASYMPTOTICS: SAMPLE RESULTS

Consistency

» DP mixtures: Consistent in many cases. No blanket statements.

> Range of consistency results for GP regression

Convergence rates: Example
Bandwidth adaptation with GPs:

> True parameter 6y € C*[0, 1], smoothness o unknown
» With gamma prior on GP bandwidth:

Convergence rate is n~®/ o+
Bernstein-von Mises Theorems

> Class of theorems establishing that posterior is asymptotically normal.

> Available for Gaussian processes and various regression settings.

Peter Orbanz & Yee Whye Teh [Sch65, GvdV07, vdVvZ08a, vdVvZ08b]
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Can we justify our assumptions?
Recall:

data = pattern + noise

In Bayes’ theorem:

[T=i p(x10)

dolxi,...,x,) = do

Q(dfx ) p(x1,...,x,,)Q( )

Exchangeability

X1, X, ... are exchangeable if P(X1,X>, ... ) is invariant under any permutation o

P(Xl =x1,X2 = x2,. ) = P(X1 =x,(1>,X2 = X5(2)s - )

In words:
Order of observations does not matter.

Peter Orbanz & Yee Whye Teh [Sch95] 40/71



De Finetti’s Theorem

oo

P(X) = x1,X2 = 12, .. /M(X) (He ) (d0)
(3

X1,X>, ... exchangeable

where:
» M(.X) is the set of probability measures on X

» 6 are values of a random probability measure © with distribution Q

Implications

» Exchangeable data decomposes into pattern and noise
» More general than i.i.d.-assumption

» Caution: 6 is in general an co-dimensional quantity

Peter Orbanz & Yee Whye Teh [SCh95, Ka105] 41/71



Random graph with independent

edges 0
Given: 6:[0,1)> = [0,1] symmetric
function
> Uy, Us, ... ~ Uniform|0, 1]
1 1

» Edge (i,/) present: 1
(i,j) ~ Bernoulli(8(U;, U;))
Call this distribution P(G|6).
Aldous-Hoover Theorem

Random graph G exchangeable

¢
PG) = /T P(G10)0(d0)

Peter Orbanz & Yee Whye Teh [Ald81, Kal05] /7



Random graph with independent

edges 0
Given: 6:[0,1> = [0,1] symmetric Pr{edge 1,2}
function

» Uy, Us, ...~ Uniform[0, 1]

» Edge (i,/) present:
(i,j) ~ Bernoulli(8(U;, U;))
Call this distribution P(G|6).
Aldous-Hoover Theorem

Random graph G exchangeable

¢
PG) = /T P(G10)0(d0)

Peter Orbanz & Yee Whye Teh [A1d8 1 ) Kalos ] 42/71



GENERAL THEME: SYMMETRY

Other types of exchangeable data

Data Theorem Mixture of... Applications

Points de Finetti Li.d. point sequences “Standard” models
Sequences  Diaconis-Freedman = Markov chains Time series

Partition Kingman "Paint-box" partitions Clustering

Graphs Aldous-Hoover Graphs with independent edges ~ Networks

Arrays Aldous-Hoover Arrays with independent entries  Collaborative filtering

Ergodic decomposition theorems
w(x) = [ wlxi® = élu(o)
Q

» Symmetry (group invariance) on lhs — Integral decomposition on rhs

» Permutation invariance on lhs —— Independence on rhs

Peter Orbanz & Yee Whye Teh [KalOS] 13/71



LLATENT FEATURE MODELS



INDIAN BUFFET PROCESS

Latent feature models

» Grouping problem with overlapping clusters.
» Encode as binary matrix: Observation n in cluster k. & Xy =1

> Alternatively: Item n possesses feature k & Xy =1

Indian buffet process (IBP)

1. Customer 1 tries Poisson(«) dishes.

2. Subsequent customer n + 1:

> tries a previously tried dish k with probability %,

. . « .
» tries Poisson [ —— | new dishes.
n+1

Properties

> An exchangeable distribution over finite sets (of dishes).

» Intepretation:
Observation (= customer) 7 in cluster (= dish) & if customer “tries dish k”
Peter Orbanz & Yee Whye Teh [GGO6, GG11]



DE FINETTI REPRESENTATION

Alternative description Wi Wi
X1t ... Xik
1. Sample wy, ..., wg ~iq Beta(l, a/K)

2. Sample Xk, . . . , Xuk ~ia Bernoulli(wy) X;v1 X1'v1<
We need some form of limit object for Beta(1, a/K) for K — co.

Beta Process (BP)

Distribution on objects of the form

0= Zwk5¢k withwy € [0,1] .
k=1

» IBP matrix entries are sampled as Xy« ~iqs Bernoulli(wy).
» Beta process is the de Finetti measure of the IBP, that is, Q = BP.

» @ is a random measure (but not normalized)

Peter Orbanz & Yee Whye Teh [GGO6, TJO7, Hjo90a] 16/71



DIRICHLET PROCESS



> Set[n] ={1,2,...,n}.
» Partition: 7 = {{1,2,5},{3,4}, {6}, {7,8,9}}.

Kingman’s representation

Exchangeable partitions <> Random probability measures

6 = Probability measure
Forie [n]: ¢i|60~0

i,jin the same cluster & ¢ = ¢;

Plr = 1) = /M , Flm = ri0e()

» Atoms in &: clusters with more than one element.

» Smooth part of 0: clusters with exactly one
element.

Peter Orbanz & Yee Whye Teh [Kln75, P1t06] 48/71



Chinese Restaurant Process for Clustering
m={{1,6,7}, {2}, {3},{4,5}}

> Full generative model:

6~Q
¢i|0~0
xi | gi ~ F(1)

» Prior Q is a Dirichlet process (DP) with mass parameter
« and base distribution H. i=1...n

» Two-parameter CRP: Pitman-Yor process (PYP) with
additional discount parameter d.

Peter Orbanz & Yee Whye Teh [Fer73, BM73, PPY92, PY97] .o/



DIRICHLET PROCESS

» All clusters can contain more than one
element = ¢ only contains atoms:

9 = Z Wj5¢j*
j=1

» What is the prior on {w, ¢; }?
» Stick-breaking representation:

¢ ~H -1
wj = vj 1—v;
vj ~Beta(l,a) ' JH( i)

i=1

Masses decreasing on average: GEM
distribution.

» Strictly decreasing masses: Poisson-Dirichlet
distribution.

Peter Orbanz & Yee Whye Teh
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PG

» Random probability measure with Dirichlet marginals:

(6(A1),...,0(Ar)) ~ Dirichlet(aH (A1), . . ., aH(Ax))

for Ay, ..., A partition of the space.

Peter Orbanz & Yee Whye Teh [Fer73, Orbl1] s/



COMPLETELY RANDOM
MEASURES



0=">" Wb
j=1

Measure

> 0(S) — mass in set S.

> A function 0 : Q — R with certain properties, e.g. if S, S’ disjoint sets,

O(SUS) =6(5)+6(s")

Random Measure

» A random function 0 : Q — R.

Completely Random Measure (CRM)

> If S, S’ are disjoint sets, then
6(S) 1.6(s")

Peter Orbanz & Yee Whye Teh [Kin67] 53/71



COMPLETELY RANDOM MEASURES

Infinitely Divisible Distributions

» Random variable X is infinitely divisible if for every n, there exists n iid random
variables X, ..., X, such that 37 X; = X.

» Examples: Gaussian, gamma, Poisson, negative-binomial, Cauchy, stable.

Example: Gamma CRM

| (o) |

Peter Orbanz & Yee Whye Teh
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COMPLETELY RANDOM MEASURES

A CRM can always be decomposed into 3
components:

e o] oo}
p=po+ > vibyr + Y widsr
i=1 j=1

> 1o is measure that is not random.

» Locations {¢;} are fixed, masses {v;} are
mutually independent and independent of
{wi, &7}

> {(wj, #7)} is drawn from a Poisson process
over Ry x @ with rate p(w, ¢) (the Lévy
measure).
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» Gamma Process
p(w,¢) = aw™'e”"h(¢)

» Normalizing a Gamma process = Dirichlet process.

» Beta Process [Hjo90b]
p(w,¢) = aw™'1(0 < w < 1)h(¢)
» Stable process [Kin75]
_ « —d—1
p0,9) = Fp g HO)

» Stable-beta process [KLO1, TG09, BJPar]

ol (14 B) —d—1 Btd—1

= — 1— 10<w<1
p0m0) = F argr a0 < w < Do)

» Generalized gamma process [?]

P 0) = e )
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T~
V[T ~ CRM(p|v(®) = T)
9=v/T Poisson
Kingman P(r) =
V(o ) TT W (e
. cem
Normalized Gibbs
Random Type
v~ CRM(p) Measure P
0 =v/v(®) N '/ \
Normalized i
Generalized Pitman-Yor F itl:;[tlexgir:izslfets
Gamma
Normalized ) l Normalized
Inverse Dirichlet Stable
Gaussian

s s e e 1 [Kin75, Pit03, LMPO5, GP06, JLP09, FW11] 5/



HIERARCHICAL PARTITIONS
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Phylogeny based on nucleotide differences in the gene for cytochrome ¢
human

dog horse donkey
mornkey rabbit kangaroo

?ﬁf I;P

chicken penguln

rattle-
. tutle snake  una
L s

_ ducl

moth

Candida
29,
)

Neurospora

Values are estimates of the

minimum number of nucleotide
substitutions that have occurred along the
lineages in the gene coding for this protein.

21

Encyclopedia Brittanica (Heredity)
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BAYESIAN HIERARCHICAL CLUSTERING

» Bayesian approach to hierarchical
clustering:

» Prior over hierarchies 7.
» Likelihood model for data.

» Necessarily nonparametric.
» Prior can be described by Markov chain ( 1 2|5 6 ) (3 718 9 ) @9 @

of partitions.
123456789 @
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FRAGMENTATION PROCESSES

> Start with o, = {[n]}.

> At each stage, fragment each cluster into
smaller clusters.

> A fragmentation can be described by
independent partitionings of clusters at
previous stage.

For each ¢ € g;: F. ~ CRP(a,d,c)

0i—1 = U F.

cEQ;

» Nested Chinese restaurant process
[BGJ10], tree-structured stick-breaking
[AGJ10].
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COAGULATION PROCESSES

> Start with o1 = [n].

@
=
®
Lo

789

=
()
(0)+—)
e)—{=)

> At each stage, coagulate clusters to form
larger clusters.

> A coagulation can be described by a

partitioning of clusters at previous stage. (3789)

C ~ CRP(«, d, 0i)

Qi+1—{Uc':c€C} <12|56> (37l89

—/

-3

)

=
=)

cec

» Chinese restaurant franchise [TJIBB06].
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Discrete iterations Continuum limit

Nested CRP,
tree-structured stick-breaking
Gibbs fragmentation tree
[BGJ10, AGJ10, MPWOS]

Dirichlet diffusion tree,
Pitman-Yor diffusion tree
[Nea03, KG11]

Fragmentation

. . Kingman’s coalescent,
. Chinese restaurant franchise &
Coagulation A-coalescent

[TIBBOG] [Kin82, Pit99, TDROS]
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L1
~ CRP(axd,d,[n])
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EDDE=D)

(

-
A [
.I-l- 2
1
A © i
©) ;
7
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B =
— C
-~ )
| Fragment 5
c 31 (4 &
FEJ RS R (9)
8
D _
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n -

[ A [

1

L&A ~ CRP(ad,yry) (©) i

) 6

2 © ,

7 Coagulate

\_JB =

T N\ ) ¢
=

~ CRP(0xd dy [n]) | * Fragment :

5 : 8 5

&Jc 31 (4 &)
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L1
~ CRP(axd,d,[n])
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L1
~ CRP(axd,d,[n])
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EDDE=D)

(

A

A
B
™

~ CRP(,d, ) (©)

©

Coagulate

B

C

D

Fragment

=
B
3 4
A Fz' Fs
8

F.| e, ~ CRP(-d,d,,T),c)

\lO*WN—)

DE=D

C

C
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» Fragmentation-coagulation duality implies:

G1|Gy ~ PYP(cv, d>, Go) @
G1|Go ~ PYP(ady, dydn, G
G>|Gi ~ PYP(ad,di, Gi) 2|Go (ady, didz, Go)

» Computational implication: sequence memoizer [WAG™09].

» Dirichlet Process case:

G1 |G0 ~ DP(Ot/d, Go)

=  G2|Go ~ DP(e, G
G2|Gy ~ PYP(a, d1, Gy) 2/Go ~ DP(a., Go) @
» Modelling implication: hierarchical Dirichlet process (HDP)

[TIBBO6].
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CONCLUDING REMARKS



Why Bayesian Nonparametrics?

World is complicated.

Objects of interest often infinite dimensional.
Alternative to model selection.

Flexible modelling language with interesting properties.

vV Vv v VY

Works well with finite data while enjoying asymptotic guarantees.
Technical Tools

» Stochastic processes.

» Exchangeability.

» Graphical, hierarchical and dependent models.
Open Challenges

» Novel models and useful applications.

> Better inference and flexible software packages.

» Learning theory for Bayesian nonparametric models.
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