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Static Clustering 

•! How many clusters 
are there? 

•! How should model 
complexity grow as 
more data is 
observed? 

Mixture of Gaussians 



Dirichlet Process (DP) Mixtures 

•! Dirichlet processes define a prior distribution 
on weights assigned to mixture components: 
0 1 

Ferguson 1973, Sethuraman 1994 



Observations True mode sequence •! Markov switching 
models for time 
series data 

•! Cluster based on 
underlying mode 
dynamics 

Temporal Segmentation 

Hidden Markov Model modes 

observations 
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Issue 1: How many modes? 

•! Dirichlet process (DP): 
!! Mode space of unbounded size 
!! Model complexity adapts to 

observations 

•! Hierarchical: 
!! Ties mode transition 

distributions 
!! Shared sparsity 

Time 

M
od

e 

Infinite HMM: Beal, et.al., NIPS 2002 
HDP-HMM: Teh, et. al., JASA 2006  

Hierarchical Dirichlet Process HMM 



•! Global transition distribution:!

HDP-HMM 

sparsity of ! is shared 

•! Mode-specific transition distributions:!

Hierarchical Dirichlet Process HMM 



Issue 2: Temporal Persistence 

Hidden Markov Model 

True mode sequence HDP-HMM inferred mode sequence 



Sticky  HDP-HMM 
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Sticky  HDP-HMM 

mode-specific base measure 

Increased probability of self-transition 

sticky original 

Infinite HMM: Beal, et.al., NIPS 2002 



Direct Assignment Sampler 
•! Marginalize: 

!! Transition densities 
!! Emission parameters 

•! Sequentially sample: 

Conjugate base 
measure "" 
closed form 

Chinese 
restaurant 

prior 
likelihood 

Collapsed Gibbs Sampler 

Splits true 
mode, hard to 

merge 



•! Approximate HDP: 
"! Average transition density 
"! (" transition densities) 

•! Sample: 

Blocked Resampling 
HDP-HMM weak limit approximation HDP-HMM weak limit approximation 

•! Compute backwards messages: 

 

•! Block sample         as: 



Results: Gaussian Emissions 

Blocked 
sampler 

HDP-HMM Sticky HDP-HMM 

Sequential 
sampler 



Sticky  
HDP-HMM 

HDP-HMM 

Results: Fast Switching 

Observations 

True mode 
sequence 



Results: Discrete Data 

Test Predictions 



Results: Discrete Data 

Non-sticky HDP-HMM Sticky HDP-HMM 



Why a Global Base Measure? 



Why a Global Base Measure? 



Hyperparameters 
•! Place priors on hyperparameters and infer them from data 
•! Weakly informative priors 
•! All results use the same settings 
 

hyperparameters 

can be set 
 using the data 

Related self-transition parameter: 
Beal, et.al., NIPS 2002 
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Results: 21 meetings 

Overall 
DER 

Best 
DER 

Worst 
DER 

Sticky HDP-HMM 17.84% 1.26% 34.29% 
Non-Sticky HDP-
HMM 

23.91% 6.26% 46.95% 

ICSI 18.37% 4.39% 32.23% 
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Results: Meeting 1 

Sticky DER = 1.26% 

ICSI DER = 7.56% 



Results: Meeting 18 

Sticky DER = 20.48% 

ICSI DER = 22.00% 

4.81% 



HDP-HMM: Multimodal Emissions 

•! Approximate multimodal 
emissions with DP mixture 

•! Temporal mode persistence 
disambiguates model 

modes 

mixture 
components 

observations 



Why Complex Emissions? 



Results: Mixture Emissions 

•! 5-mode HMM 
"! # emission components 

"! Equal mixture weights  

•! Distance between 
observations not direct 
factor in grouping 
observations within mode 



Results: Mixture Emissions 

Sticky HDP-HMM DP emissions 

Chain 1 
Chain 2 
Chain 3 

HDP-HMM DP emissions 



Results: Mixture Emissions 

•! Improves predictive probability 
of test sequences 

•! Likely to see larger 
improvement in higher 
dimensions 



Is it Mixing? 



= set of dynamic 
parameters 

Issue 3: Complex Local Dynamics 

•! Discrete clusters may 
not accurately capture  
high-dimensional data 

•! Autoregressive HMM:  
Discrete-mode 
switching of smooth 
observation dynamics 

Switching Dynamical 
Processes 

modes 

observations 



Linear Dynamical Systems 
•! State space LTI model: 

•! Vector autoregressive (VAR) process: 



Linear Dynamical Systems 
•! State space LTI model: 

State space 
models 

VAR processes 

•! Vector autoregressive (VAR) process: 



Switching Dynamical Systems 
Switching linear dynamical 
system (SLDS): 

Switching VAR process: 



HDP-AR-HMM and HDP-SLDS 
HDP-AR-HMM HDP-SLDS 



Results: IBOVESPA 
•! Data: Sao Paolo stock index 
•! Goal: detect changes in 

volatility 
•! Compare inferred change-

points to 10 cited world events 

sticky HDP-SLDS non-sticky HDP-SLDS ROC 

Daily Returns 

Carvalho and Lopes, Comp. Stat. & Data Anal., 2006 
Hong Kong stock index falls 10.4% 



Dancing Honey Bees 



Honey Bee Results: HDP-AR(1)-HMM 

Sequence 1 Sequence 2 Sequence 3 

HDP-AR-HMM: 88.1% 
SLDS [Oh]: 93.4% 

HDP-AR-HMM: 92.5% 
SLDS [Oh]: 90.2% 

HDP-AR-HMM: 88.2% 
SLDS [Oh]: 90.4% 
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Wavelet Decompositions 

•! Bandpass decomposition 
of images into multiple 
scales & orientations 

•! Multiscale dependencies 
captured via latent 
quadtree structure 



Wavelets: Marginal Statistics 

Wavelet Coefficient 
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Smooth 
Surfaces 

Occlusion  
Boundaries 
& Texture 



Gaussian Mixture Models 

Gaussian Scale Mixture (GSM) 
Wainwright & Simoncelli, 2000 

Wavelet Coefficient 
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Binary Gaussian Mixture 
Computational advantages! 



Wavelets: Joint Statistics 
Pairwise Joint Histograms: 

Orientation Scale Vertical Horizontal 

Pairwise Conditional Histograms: 

Orientation Scale Vertical Horizontal 

Large magnitude wavelet coefficients! 
•! Persist across multiple scales 
•! Cluster at adjacent spatial locations 
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Denoising: Input 

24.61 dB 



Denoising: Binary HMT 

Crouse, Nowak, & Baraniuk, 1998 
29.35 dB 



Denoising: HDP-HMT 

32.10 dB 



Denoising: Local GSM 

Portilla et. al., 2003 
31.84 dB 



J%&<02(%+.(<-606<9++
&55%-&#/+%($0(0+,$)10#&)(+
/6..(<+0'&'(+5&K(%<0+-2+
#)(&<+6,&9(0+2-%+,&B6<9+

%-8$0'+5%(.6#1-<0+

3,56%6#&)+L&*(06&<+
&55%-&#/+(01,&'(0+

,-.()+5&%&,('(%0+2%-,+
'/(+<-60*+6,&9(+

S$4(*401&E+%*0&2(*1%$&



,%0"#$#01&S#0$6%#0&
7.(,N'

<ECOE'4;6'ECEPQ'

RSTURVA'
@A%"!,I+%G'

DOC>E'4;6'ECOOF'

;WMU0MV'
DOCX>'4;6'ECOFQ'

;VXS'
DOCF='4;6'ECOP='Y%(*(!"&'

RSTURVA''
@Z)KC';"N+,G'

DPCOF'4;6'ECPOF'



!*6./*+&KT%0%&,%0"#$#01&
7.(,N'

>C<F'4;6'ECEXX'

RSTURVA'
@A%"!,I+%G'

DOCPE'4;6'ECQ=F'

;WMU0MV'
DPCP='4;6'ECQDO'

;VXS'
DPCQF'4;6'ECQP<'Y%(*(!"&'

RSTURVA''
@Z)KC';"N+,G'

DFCDF'4;6'ECP<='



E"*$6&

!!M60$&))*+%+-.*!([++<&'$%&)+0#(<(+#&'(9-%6(0+
!!"##$%&'()*+,-.()+'/(+0'&101#0+-2+!"#$%"&',-+!+'-"#+*.%(+,+

D3%0&E".06/;& K6/%%6&

!*6./*+&KT%0%&E*6%1"/#V*4"0&

0."&,1+
W"/%$6& A*++&<.#+>#01&



=,J9=?A&KT%0%&?">%+&

!! E6..(<+0'&'(0+++++++++9(<(%&'(+7(#'-%0+-2+#)(&<+=&7()('+#-(>#6(<'0++++++++++
&'+,$)15)(+-%6(<'&1-<0G+-%+.(<0(+,$)10#&)(+FCNJ+.(0#%65'-%0+



X&)%/$.$&-*$%+#0%&=,J9<DW&

O-<5&%&,('%6#+L&*(06&<+(4'(<06-<+-2+PH"+0#(<(+,-.()0+QN(6:N(6+R+I(%-<&G+STTUV+
=/6#/+69<-%(+05&1&)+)-#&1-<0+-2+)-#&))*+(4'%&#'(.+6,&9(+2(&'$%(0+

RSTURVA' RSTU;Y\'



!.(-%/&"Y&K6*6%$&



203.6&2(*1%& =,J&=#>>%0&
?*/@")&A/%%&

=,J&<*1&"Y&W%*6./%$&

K*(3+%$&1#)%0&?:J&$6*6%$&



E*6%1"/#V#01&!*6./*+&KT%0%$&

'&))+8$6).6<9+
0'%(('+

-5(<+#-$<'%*+
,-$<'&6<+
6<06.(+#6'*+
/69/=&*+
2-%(0'+
#-&0'+

'&))+8$6).6<9+
0'%(('+

-5(<+#-$<'%*+
,-$<'&6<+
6<06.(+#6'*+
/69/=&*+
2-%(0'+
#-&0'+

'&))+8$6).6<9+
0'%(('+
-5(<+#-$<'%*+
,-$<'&6<+
6<06.(+#6'*+
/69/=&*+
2-%(0'+
#-&0'+

'&))+8$6).6<9+
0'%(('+
-5(<+#-$<'%*+
,-$<'&6<+
6<06.(+#6'*+
/69/=&*+
2-%(0'+
#-&0'+

RSTU;Y\']QPCX'^_'

RSTURVA']>ECQ'^_'

RSTU;Y\']>DCF'^_'

RSTURVA']>OCP'^_'

`"3+&+#'@,IKQG' Ma\A'


