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Motivation
Time series

Climate patterns

Epilepsy episodes from EEG
Human tasks

Gene expressions

ECG morphologies

Wave spectra
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Motivation

Records 103 and 105 of MIT-BIH Arrhythmia Database
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Motivation
Evolving morphologies

NN N VN N

Record e1302 from European ST-T Database
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Motivation
Emergence of new morphologies

How do they look like?

V R V L V V V L ! ! ! ! ! !

Record 207 of MIT-BIH Arrhythmia Database

When do they appear?
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Motivation
High variability

Records 102 and 104 of MIT-BIH Arrhythmia Database

Intra-patient

Inter-patient
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Scientific Hypothesis

We hypothesize that a Bayesian non-parametric (k=∞) approach with a 

hierarchical structure, where emission distributions are represented by 

Gaussian processes, and the latent space is characterised by Markovian linear 

dynamics, can adequately model the evolution of a previously unknown number 

of morphologies in time series, by splitting them based on similarity grounds.
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Background

Prior Posterior

Gaussian Processes (Rassmusen & Williams, 2006)
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Background
Linear Dynamical System (Kalman, 1960)
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Background
Switching Linear Dynamical System (Ghahramani & Hinton, 2000)
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Background

DP

...

Dirichlet Processes (Ferguson, 1973)
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Background

HDP

...

...

Hierarchical Dirichlet Processes (Teh et al., 2006)
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The HDP-GPC model
The hierarchical Dirichlet process – Gaussian process clustering model (HDP-GPC).
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Generative model

HDP

The HDP-GPC model
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GP

The HDP-GPC model
Generative model
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LDS

The HDP-GPC model
Generative model

16



Alignment GP

The HDP-GPC model
Generative model
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Observation

The HDP-GPC model
Generative model
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Generation

The HDP-GPC model
Generative model
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Inference



Inference

Our goal is to infer the posterior probability of the hidden variables conditioned on the time 

sequences.

Inference

What is inference?
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Variational Inference
Exact inference is intractable
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Variational Inference
Exact inference is intractable: Gaussian Process composition
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Variational Inference
Exact inference is intractable: HDP posterior is not available in closed form
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With                              ,                             ,                                and                         

and                                .               

Variational Inference

The mean-field approximation is:

Exact inference is intractable, methods as Gibbs sampling or stochastic variational inference could be 

considered. But in our case, we have sequential structure to exploit, so we adopt a scalable variational 

inference approach which looks for minimizing the KL divergence:

Inference method

And the optimum family is computed as:

19

Equivalent to maximize:



Variational Inference
Scalable variational inference approach.
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Variational Inference
Switching variable

Follows a Markov chain factorization:

where

We compute

Then use          to perform forward-backward recursion to compute 

EXTRA



Variational Inference
Transition matrix

We recognize a product of Dirichlet distributions

with updated parametersEXTRA



Variational Inference

As the LDS transformations remain linear

Latent and emission GPs

21
the GP structure of the latent process and the emission is 

preserved.



where        is the Kalman gain matrix weighted by responsibilities, and backwards step

Variational Inference

A message passing algorithm can be used, with forward step

Finally, the emission GP is defined as

Latent and emission GPs

where

where

EXTRA



Variational Inference
Stick-breaking weights

The update to          is not conjugate given the other factors. The usual 

approach, a point estimate 

Does not penalize empty clusters, then is suggested a proper Beta distribution

(Hughes et al., 2015)

then 

EXTRA



Variational Inference
GP alignment function

The log of the optimized factor is given by

Which does not hold a closed-form solution, we then use a maximum a 

posteriori (MAP) approach, maximizing 

And to ensure monotonicity, we parametrize the warping function as (Kazlauskaite et al., 2019)

EXTRA



Variational Inference
Dynamic parameters

The matrix-normal inverse Wishart prior

provides conjugates to the likelihood equations, then the optimized factor is 

given by

where

EXTRA



Variational Inference
Variational objective function

Maximizing the objective function can be decomposed as

where

and         is absorbed into the constant terms as the MAP estimate              is always 

degenerate.  
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Variational Inference
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Variational Inference

To deal with multi-output signals  a MOGP could be proposed, but the LDS 

update entangles output channels through latent function requiring block-structured LDS 

parameters.  

We assume a pragmatic simple approach: conditional independence across outputs given the 

discrete regime, defining an observation contribution as a geometric mean.

Where          is chosen depending on the application.

Multi-output
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Stability-Plasticity dilemma
Where should variability go?
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Stability-Plasticity dilemma
Hyperparameters of the model condition the behaviour of the clustering.

Plasticity  

Stability  
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Stability-Plasticity dilemma

Record e1302 from European ST-T Database

Motivation example of dynamic clustering

NN N V N
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NN N V

Stability-Plasticity dilemma

Record e1302 from European ST-T Database

Ventricular beat morphology

N

Our model captures correctly the nature of evolving morphologies

27



Applications



Applications: myocardial conduction 
analysis



Applications: myocardial conduction analysis

48 half-hour two-channel ambulatory 

ECG records

~110000 beat-level annotations

Complex combinations of arrhythmias

Morphological variations

Noise levels

MIT-BIH Arrhythmia Database
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Record 103 of MIT-BIH Arrhythmia Database

Lead I

Lead II

Signal-to-noise ratio (SNR) using the GP 

prototype

SNR

SNR

softmax

Multi-output SNR

Applications: myocardial conduction analysis
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Lead I

Lead II

Lead I

Lead II

SNR

SNR

softmax

Multi-output SNR

Record 103 of MIT-BIH Arrhythmia Database

Applications: myocardial conduction analysis
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Record 210 of MIT-BIH Arrhythmia Database

Applications: myocardial conduction analysis
Illustrative results
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Applications: myocardial conduction analysis
Results and comparison
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Applications: myocardial conduction analysis
Discussion

33

Interpretability emerges from the model structure

Cluster assignments

GP prototypes

Uncertainty bands

LDS dynamics

Warping functions
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Future work
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Where does variability go?

Cluster assignments

GP prototypes

Uncertainty bands

LDS dynamics

Warping functions



Applications: myocardial conduction analysis
Future work

33

Fully variational warp computation.

Truly multi-output modelling (tested in supervised degree’s thesis).

Explore different kernels to deal with artifacts as pacemakers.
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Interpretability
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Generative modelling enables new questions to be asked about how the observations have been 

generated. 
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Applications: breath estimation

We hypothesized that inspiration-expiration cycle causes a delay in the ECG signal due to the dielectric 

medium (air), added to the propagation medium, in the lungs.

Can we estimate the breathing signal from the ECG signal?

Interpretability

35



Appendix. Breath estimation
Uncover a relation between the warps and the corresponding breathing signal segment. 
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Applications: breath estimation

Reconstructing breath signal: Fantasia Database (250Hz)

y01

o03

Can we estimate the breathing signal from the ECG signal?

Ground truth

Reconstructed

37

10 s



Applications: breath estimation

Ground truth

Reconstructed

Period estimation in apnea records: Apnea Database (100Hz)

Signal

Period

Rolled mean period

Can we estimate the breathing signal from the ECG signal?

38
60 s

10min



Applications: breath estimation

39

Discussion and future work

Components encode physiology.

Can the signal be reversed, work as an input for the warp computation?

With enough data, may we be able to estimate a breathing pattern without any 

respiration signal? (maybe not amplitude, but period)
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Applications: takotsubo identification
Acute cardiac condition which mimics myocardial infarction early clinical features

Physical or emotional stress is frequent 

but not always present.

Uncommon but clinically relevant: 

estimated to be 1-3% of acute coronary 

syndrome presentations.

There is no gold standard diagnostic test.

Kurisu S, Sato H, Kawagoe T, et al. Tako-tsubo-like left 

ventricular dysfunction with ST-segment elevation: a novel 

cardiac syndrome mimicking acute myocardial infarction

Affects mostly post-menopause woman.40



SCAAR database. Multi-centre retrospective study from Stockholm, Sweden. ECG database 

with patients admitted to hospital with a suspicion of MI and an indication for coronary 

angiography. 

~500 Takotsubo cases

~15000 controls

Applications: takotsubo identification
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Graphical abstract

Applications: takotsubo identification
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Results and comparison on the different scenarios.

Applications: takotsubo identification
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Logistic regression provides interpretable features. 

Applications: takotsubo identification
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TTS vs suspected MI



[1]

[2]

[4]

[1][1,2,4]

[3]

[5]

[3,5] [1,2,4][1,2,4][1,2,3,4,5]Novelty

Applications: takotsubo identification
Criteria identified from the interpretable features.

45

Findings



Applications: takotsubo identification
Discussion and future work

46

External validation

Promising results using the GP mean, but what happens with the rest of the model parameters?

LDS parameters – encode dynamical information

Need of longer records
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Applications: wave spectra analysis
The surface wave field is affected by phenomena which ranges very different temporal and 

spatial scales.
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The directional component of the spectra could be integrated but we lose some information.

Applications: wave spectra analysis
Directional spectra
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Australian three-buoy dataset (Indian Ocean) during austral winter of 2024 July-August

Applications: wave spectra analysis

One coastal moored buoy: Hillarys

Two drifting buoys Sofar Ocean Spotter 

devices: Drift03 and Drift08

Point estimates fails due to asynchronous 

event registration due to drifting and 

asymmetric origin.
49



We worked with directional spectra using the multi-output inference method.

Applications: wave spectra analysis

We define the weights per direction using the energy 

proportion per direction

where

Multi-output approach
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Directional clustering Drift03

Applications: wave spectra analysis
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CLARA (Hamilton, 2010) comparison on Drift03

Applications: wave spectra analysis

Inconsistent criteria to select 

number of clusters:

52

Elbow on CLARA cost

Silhouette vs K



Event identification

Applications: wave spectra analysis
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Drift03

Drift08

Using a physics-based approach we defined an event similarity function composed by three 

terms: time-lag, angular mismatch and Kullback-Leibler divergence between prototypes.

Applications: wave spectra analysis
Event pair identification
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Applications: wave spectra analysis
Source location and prediction using paired events

Defining a loss function 

depending on information of the 

paired events we were able to 

estimate the source and the 

reaching time.
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Source location and prediction using paired events

Applications: wave spectra analysis

Copernicus Marine Service. Sea surface wave 

significant height [m] for 2024 August 05 05:00 

UTC.

Defining a loss function 

depending on information of the 

paired events we were able to 

estimate the source and the 

reaching time.
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Source location and prediction using paired events

Arrival time of wave front prediction Detection of local events

Applications: wave spectra analysis
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Applications: wave spectra analysis

57

Discussion and future work

Clustering becomes event discovery.

Directional spectra preserve multi-system wave structure.

HDP avoids choosing K as in classic approaches as CLARA.

LDS avoids artificial fragmentation.

Avoid observation-by-observation inconsistencies.

spectra regimes events physics

Future work

Joint buoy modelling / spatio-temporal GP representation.

Regime dynamics for arrival prediction.
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Applications: pedestrian trajectory clustering
Spatiotemporal Trajectories of Pedestrian Mobility at the Train Station

58



Time problem

Nested intervals

Overlapping intervals

Interrupted trajectories

Interrupted IDs

Time

No obvious information on the ordering

Applications: pedestrian trajectory clustering

Ordering is local within each trajectory, but not globally well-defined in the database.
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We can collapse all transitions rows to the global HDP weights,

so, assignments are exchangeable rather than Markovian. In addition, we can fix the dynamical 

matrices              . Observations are then emitted directly from the representative GP:

Applications: pedestrian trajectory clustering
Time problem

Ordering is local within each trajectory, but not globally well-defined in the database.
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Applications: pedestrian trajectory clustering
Clustering of PB-CAM6

61



Applications: pedestrian trajectory clustering

62

Discussion and future work

Assumptions – model decisions.

No route ground truth, exploratory analysis.

Longitudinal study – compare patterns between days.

Potential order and dynamical clustering.
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A domain-agnostic generative model was proposed covering each of the motivation 

challenges

Temporal structure becomes scientific discoveries 
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Conclusions

A domain-agnostic generative model was proposed covering each of the motivation 

challenges

Unknown number of regimes

Evolving morphologies

Uncertainty-calibrated functional representations

Explicit temporal alignment

Temporal structure becomes scientific discoveries
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Conclusions

A domain-agnostic generative model was proposed covering each of the motivation 

challenges

Temporal structure becomes scientific discoveries

Breathing estimation: alignment as physiological signal

Takotsubo: GP prototypes as common ECG representation

Wave spectra: temporal regimes as event segmentation

Pedestrian paths: modularity of the model

63



Conclusions
Future work

Domain extensions and validation

Human-motion

Gene expression

Climatology

UCR: spectrometry, pedestrian distributions

Latent spaces exploration: 

Does a deep temporal model learn an organized dynamical latent space?

Can we recover that organization?

64



Conclusions
Future work

Latent spaces exploration: 

Does a deep temporal model learn an organized dynamical latent space?

Can we recover that organization?
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data

encoder

latent space

decoder

output

HDP-GPC



Conclusions
Code & contact
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https://github.com/AdrianPerezHerrero/HDP-GPC/

adrianperezherrero1997@outlook.es



Model discussion
Related work

Nonparametric

Clustering

Alignment

Dynamics

GP 

emissions

Mixture models

Biernacki et al. (2000)

Bach et al. (2004)

Padhraic (1996)

Zhong (2003)

Parametric 

clustering

Khaleghi et al. 

(2016)

Kazlauskaite et al. 

(2016)

Concept drift

Chiu et al. (2022)

Kolter et al. (2007)

Qi et al. 

(2007)

Chakraborty et al. 

(2023)

Fox et al. 

(2011)

Frigola et al. (2014)

Damianou et al. (2011)

Latent force models

Álvarez et al. 

(2014)

Hensman et al. 

(2015)

Hartikainen et al. 

(2011,2012)

Leroy et al. 

(2023)

Mikheeva et al. 

(2022)
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Conclusions

Clustering time-series helps understanding 

complex systems, systems where

65 time itself matters
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Appendix
Sampling

Cluster 1 Cluster 3

Cluster 4 Cluster 8



Appendix. Group results MIT-BIH.

MIT-BIH Arrhythmia Database

BASELINE: 

[22] Castro D et al., A Method for Context-Based Adaptive QRS Clustering in Real Time. IEEE J Biomed Health Inform. 2015



Appendix. Performance results MIT-BIH.

MIT-BIH Arrhythmia Database



Appendix. Confusion matrix MIT-BIH.

MIT-BIH Arrhythmia Database



Appendix. Variational Inference. Offline.



Appendix. Variational Inference. Multi-output.
This observation contribution allows us to run the inference independently for each output channel but keeping 

a global assignment        and just iterating over leads



Appendix. Empirical complexity.



Appendix. Takotsubo ablation
Results takotsubo identification, sex ablation.



Appendix. Takotsubo ablation
Results takotsubo identification, mean ablation.
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