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Segmentation with infinite HMM
 In HMM the likelihood of the observation ௧࢞ is modeled as:

ܲ ௧࢞ ௧ିଵݏ ൌ ݅, દ ൌ ෍ߨ௜,௞ܲሺ࢞௧|ࣂ௞ሻ
௄

௞ୀଵ

To relax the assumption of a fixed K in (1):

As ܭ → ∞, the hierarchical prior becomes a hierarchical Dirichlet process:

,ߛ଴~DPሺܩ ሻܪ ,ߙ௞~DPሺܩ ଴ሻܩ

Under stick‐breaking representation:

 Infinite HMM model:

Inference
 Direct assignment Gibbs sampler for inferring the posterior over sequence of
hidden states.
Resample :ࢀ:૚࢙ take out one ௧ݏ at a time and resample it from the posterior
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Resample :ࢼ

,ଵߚ … , ௄ାଵߚ 	~	Dirichletሺ݉ଵ,… ,݉௄, ሻߛ

 Definitions: 
 દ ൌ ሺࣂଵ, … , ௄ሻࣂ are emission parameters,
 ೕࣂߜ denotes an atom at ࣂ௝
 ߙ ൐ 0 is the local concentration parameter
 ߛ ൐ 0 is the global concentration parameter
 ܪ is the global base distribution over the component parameters of HMM
 ݂ is the observation model
 ௜௝ߨ ൌ ܲሺݏ௧ ൌ ௧ିଵݏ|݆ ൌ ݅ሻ, the elements of the transition matrix ࣊
 ଵ:୘࢞ ൌ ሺ࢞ଵ, … , ,௧࢞ … , 	ሻ்࢞ is the sequence of observations 
 ௧ᇲ࢞ denotes	all	observations	except	࢞௧
 ଵ:୘ݏ ൌ ሺݏଵ, … , ,௧ݏ … , 	ሻ்ݏ is the sequence of states 
 ௧ᇲݏ denotes	all	observations	except	ݏ௧
 ݊௜,௝ is the number of transitions from state ݅ to state ݆ excluding the time 

steps ݐ െ 1 and ݐ
 ݊௜,.stands for the total transitions from state ݅
 ܭ is the number of states in ݏ௧ᇲ
 ௄ାଵߚ ൌ ∑ ௞ஶߚ

௞ୀ௄ାଵ
 ݉௞ denotes the number of times the transition to state ݇ has been drawn 

from the global DP.

Experimental Setup
• Data set: 100 sustained vowel /a/ of length 20 s from Smartphone‐PD data set
• Acoustic features: 12 MFCCs + frame energy
• iHMM: Conjugate normal‐gamma prior over the Gaussian state parameters, 

hyper‐parameters ߙ ൌ 10 and ߛ ൌ 10
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Results
Comparison of the baseline systems 
and the proposed method. Results 
are in the form of mean ± STD (in %).
(TPR:  true positive rate, TNR:  true negative rate,

Acc: Accuracy)

Context Mapping 
• Using the multinomial naïve Bayes classifier to map the state indicators to 
the binary labels: 1 for adherence, and 2 for violation.

• Feature vector of the tth observation, ࣋௧ ൌ ሺߩ௧,ଵ, … , ௧,௄ሻ, is a histogramߩ

ොݕ ൌ arg	max
௬∈ሼଵ,ଶሽ

log ܲ ෤ݕ ൌ ݕ ൅෍ߩ௞ logሺ݌௞,௬ሻ
௄

௞ୀଵ

• ௞,௬is the probability of the ݇th݌ attribute being in class ݕ෤ ∈ ሼ1,2ሽ
• ܲ ෤ݕ is the prior class probability

Method TPR TNR Acc
VAD 84 96 90
NPSAR [1] 88 ± 9 91 ± 9 89 ± 8
Proposed 97 ± 2 96 ± 4 96 ± 2

Top: Segments hand‐labeled as adhering to the protocol. 
Middle: Generated states in different colors. 
Bottom: Mapping state indicators to adherence label  (in blue), and violation (in red).

Introduction
 The performance of voice‐based systems for remote monitoring of
Parkinson’s disease is highly dependent on the degree of adherence of
recordings to the test protocols, which probe for specific symptoms.

 In this paper, we propose a method to automatically identify the segments
of signals that adhere to/violate the test protocol:
 Fit an infinite HMM to the frames of the signal in the cepstral domain.
 Signal is split into variable duration segments.

 Apply a multinomial naïve Bayes classifier to the state indicator
 Identify segments that adhere to the test protocol.

The graphical model for the infinite HMM
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Conclusion
• The proposed algorithm is based on splitting signals into variable duration 
segments by fitting an infinite HMM to the frames of signals, and identifying 
segments that adhere to the voice test protocols by applying a classifier.

• Using a small amount of hand‐labeled data, the proposed approach can 
accurately identify protocol violations with a 0.2 second resolution.

For:   ݇ ൌ 1,2,… ,∞
ݐ ൌ 1,2,… , ܶ


