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Outline

• Announcements
• Time series modeling in healthcare

• Time-series data in the ICU
• Time-series data in for chronic disease care and management
• What can machine learning do? 

• Statistical models for time-series data
• Univariate models for capturing patterns
• Multi-variate models for high-dimensional data 
• Latent variable models for time-series data
• Clustering, forecasting and tackling clinical tasks



Announcements

• In two weeks, project proposals [10% of grade] are due:
• Start forming teams and brainstorming project ideas
• Create an outline for your project proposal 
• Link: csc2541hf-2021.github.io/assignments/projectproposal

• Sign up for student presentations [15% of grade]
• Present in pairs, first to TAs, then to the class
• First come first serve for papers
• csc2541hf-2021.github.io/assignments/paperpresentation
• See quercus announcement by Farnam

• Sign up for project presentation slots



Intensive care data Chronic disease registries

Time-series datasets

PhysioNet/MIMIC Multiple Myeloma 
Research Foundation

Parkinson’s Disease 
(PPMI)

Similarities

Multi-modality
Missingness

Sampling biases

Differences

Multi-modality
Missingness

Sampling biases



Tasks for machine learning

• Risk stratification with time-series data
• All the same techniques we saw previously except our conditioning set x now 

comprises a time-series

• Pattern discovery in time-series data
• K-means is easy to apply on static data
• What about noisy, missing, time-varying data? 

• Forecasting 
• Can we use statistical models to predict how a patient might evolve over time
• Counterfactual reasoning is an important topic

• Condition on aspects of the data that can change how observations behave over time



Challenges for machine learning 

• Clinical decision making is multi-modal
• Frequency of observations and interventions can vary dramatically: 

• Intensive care unit: Observations and interventions happening in real-time
• High-frequency data 

• Chronic disease management: Observations and interventions happen over 
the span of months or years
• Low-frequency data

• Missingness is rampant 
• ICU: sensor noise
• Chronic disease management: administrative errors, access to health 

insurance



Preprocessing for time-series data

• For static data:
• Z-scoring
• Min-max normalization

• For temporal data: 
• Normalization by standard reference measures (healthy values)
• Log-transformation 
• Removing the mean of a time-series
• Normalization to [-1 , 1]
• Outlier removal

• Not a good idea to remove if signal is in tails of the distribution

• Imputation for missing data:
• Feed-forward imputation
• Linear interpolation
• Polynomial interpolation
• We’ll see more advanced imputation strategies later in the class



Learning problems with time-series data

• One of the best ways to learn about statistical models for time-series 
data is to know what you can do with them, 
• Unsupervised learning

• Forecasting – predict time-series into the future
• Identify and detect patterns and clusters in time-series

• Supervised learning: 
• Make predictions from time-series

• Lets turn our attention to focus on forecasting
• To do forecasting, we often need a model of the time-series
• We’ll start with the task of modeling a single biomarker



Univariate models of time series data



Time-series regression with time-series
features

• Treat time-series modeling as a linear regression problem
• x: features (potentially time-varying)
• y: outcome of interest
• But what if we had no other features? 
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ARIMA [AutoREgressive Integrated Moving 
Average]
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• ARIMA(p,d,q) model
• p: order of autoregressive 

part
• d: degree of differencing
• q: order of moving average

Reference: Forecasting: Principles and Practice, Rob J Hyndman and George Athanasopoulos

Discuss on board Pro: Very flexible model of time-series data!
Con: linear additive model

https://otexts.com/fpp2/


Nonlinear models of univariate time-series 
data
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yt = f(xt�1, . . . , xt�k; ✓)

• Very general formulation for a broad class of time series problems 
with nonlinear models 
• Theta represent the parameters of this model
• Next, we’ll study a single case study of the use of a such a non-linear 

model to make predictions from electrocardiogram data



General rule: Decompose time-series

When you think about modeling 
time-series data, think about 
trends and patterns that exist 
and how to design models to 
capture different variation.



Multivariate models of time series data



What happens if we have more than one 
time-series to model?

• Simple option: Use D-different univariate time-series models to 
model the data
• Discussion – is this a good idea? What are alternatives?
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 Combining Possibly Related Estimation Problems

 By B. EFRON and C. MoRRIs

 Stanford University The RAND Corporation

 [Read before the ROYAL STATISTICAL SOCIETY at a meeting organized by the RESEARCH SECTION,

 on Wednesday, May 9th, 1973, Professor J. DURBIN in the Chair]

 SUMMARY

 We have two sets of parameters we wish to estimate, and wonder whether
 the James-Stein estimator should be applied separately to the two sets or
 once to the combined problem. We show that there is a class of compromise
 estimators, Bayesian in nature, which will usually be preferred to either
 alternative.

 "The difficulty here is to know what problems are to be combined together-
 why should not all our estimation problems be lumped together into one grand
 melee ?"

 GEORGE BARNARD commenting on the
 James-Stein estimator, 1962.

 Keywords: EMPIRICAL BAYES; JAMES-STEIN; SIMULTANEOUS ESTIMATION; COMBINING
 ESTIMATES; PARTIAL EXCHANGEABILITY

 1. INTRODUCTION

 SUPPOSE that the statistician wishes to estimate parameters 01, 02,.., 6k where each
 Gi is the mean of an independent normal variate xi,

 xi I Oi -X(0j, D)- (1.1)
 James and Stein (1961) have shown that for k k 3 the estimator

 Si= [1- (k2) ]xi (1.2)

 S= 1 x2, is uniformly better than the maximum likelihood estimator 8? = xi
 when the loss function is the sum of squared errors.

 The James-Stein estimator seems to do the impossible. The estimate of each 6i
 is made to depend not only on xi but on the other xj, whose distributions seemingly
 are unrelated to Oi, and the result is an improvement over the maximum likelihood
 estimator no matter what the values of 01, 02, ..., I k The reaction of the statistical
 community to this tour deforce has been generally hostile, the usual suggestion being
 that this is some sort of mathematical trick devoid of genuine statistical merit. Thus
 we have the "speed of light" rhetorical question, "Do you mean that if I want to
 estimate tea consumption in Taiwan I will do better to estimate simultaneously the
 speed of light and the weight of hogs in Montana ?" (For a recent example see
 Kempthorne's discussion following Lindley and Smith, 1972.)

 Of course saying that the parameters are unrelated does not make them so, no
 matter what names are attached to them. If they all happen to be near 0 then ipso
 facto they are related in that sense, and it is exactly in this situation that the estimator

This content downloaded from 
             128.100.3.72 on Wed, 22 Sep 2021 15:55:36 UTC               
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First-order Markov models
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p(x1, x2, x3) = p(x1)p(x2|x1)p(x3|x2)
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K-gram models
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p(x1, x2, . . . , x4) = p(x1)p(x2|x1)p(x3|x1...2)p(x4|x1...,3)



Recurrent Neural Networks
• Auto-regressive sequential models of data
• Forward recurrent neural network model

• Each hidden state summarizes all the variables in the past

p(x1, x2, x3) = p(x1|h1)p̂(h2|h1)p(x2|h2)p̂(h3|h2)p(x3|h3)
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<latexit sha1_base64="JxUN3OJwUOjEZ14Pd7srzMSA21w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh1H/sl+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVL1atXZfq9Rv8jiKcAKncA4eXEEd7qABTWAwhGd4hTdHOi/Ou/OxaC04+cwx/IHz+QP4j42Z</latexit>



Recurrent neural networks in action

x1

<latexit sha1_base64="3c+R7TUljyGse9TtnSD6PbvAzD0=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48V7Qe0oWy2k3bpZhN2N2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3H1FpHssHM0nQj+hQ8pAzaqx0/9T3+uWKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5 nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuql6tWrurVerXeRxFOIFTOAcPLqEOt9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AEN9o2n</latexit>

x2

<latexit sha1_base64="o3wFLFaKyKBrwbQ6JfdiLDWtk1E=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKQY9FLx4r2lZoQ9lsN+3SzSbsTsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMb6IaCGS6F4CwVK/pBoTqNA8k4wvp75nUeujYjVPU4S7kd0qEQoGEUr3T31a/1yxa26c5BV4uWkAjma/fJXbxCzNOIKmaTGdD03QT+jGgWTfFrqpYYnlI3pkHctVTTixs/mp07JmVUGJIy1LYVkrv6eyGhkzCQKbGdEcWSWvZn4n9dNMbz0M6GSFLlii0VhKgnGZPY3GQjNGcqJJZRpYW8lbEQ1ZWjTKdkQvOWXV0m7VvXq1fptvdK4yuMowgmcwjl4cAENuIEmtIDBEJ7hFd4c6bw4787HorXg5DPH8AfO5w8Peo2o</latexit>

x3

<latexit sha1_base64="2usqR2oczGZrEREbzbs5WH3GM8c=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokW9Fj04rGi/YA2lM120y7dbMLuRCyhP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp/ql30SuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx26oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uwys/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadog3BW3x5mTTPK161Ur2rlmvXeRwFOIYTOAMPLqEGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QMQ/o2p</latexit>

h1

<latexit sha1_base64="+Ms4+7gdJPDGk1Da5Op/x/6LZaI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpYTzwBuWKW3UXIOvEy0kFcjQH5a/+MGZphNIwQbXueW5i/Iwqw5 nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8NrPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbSvql6tWruvVRo3eRxFOINzuAQP6tCAO2hCCxiM4Ble4c0Rzovz7nwsWwtOPnMKf+B8/gD1h42X</latexit>

h2

<latexit sha1_base64="PwzKqzrbP3j5hxKa8gQ0U+Z5Fh4=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKQY9FLx4r2g9oQ9lsN+3SzSbsToQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WNza3tneJuaW//4PCofHzSNnGqGW+xWMa6G1DDpVC8hQIl7yaa0yiQvBNMbud+54lrI2L1iNOE+xEdKREKRtFKD+NBbVCuuFV3AbJOvJxUIEdzUP7qD2OWRlwhk9SYnucm6GdUo2CSz0r91PCEsgkd8Z6likbc+Nni1Bm5sMqQhLG2pZAs1N8TGY2MmUaB7Ywojs2qNxf/83ophtd+JlSSIldsuShMJcGYzP8mQ6E5Qzm1hDIt7K2EjammDG06JRuCt/ryOmnXql69Wr+vVxo3eRxFOINzuAQPrqABd9CEFjAYwTO8wpsjnRfn3flYthacfOYU/sD5/AH3C42Y</latexit>

h3

<latexit sha1_base64="JxUN3OJwUOjEZ14Pd7srzMSA21w=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh1H/sl+uuFV3DrJKvJxUIEejX/7qDWKWRlwhk9SYrucm6GdUo2CST0u91PCEsjEd8q6likbc+Nn81Ck5s8qAhLG2pZDM1d8TGY2MmUSB7YwojsyyNxP/87ophtd+JlSSIldssShMJcGYzP4mA6E5QzmxhDIt7K2EjaimDG06JRuCt/zyKmldVL1atXZfq9Rv8jiKcAKncA4eXEEd7qABTWAwhGd4hTdHOi/Ou/OxaC04+cwx/IHz+QP4j42Z</latexit>

• Widely used for time-series 
modeling 
• The parameterization of the 

functions that control how h 
behaves dictate the type of
recurrent neural networks:
• Long short-term memory 

(LSTM)
• Gated recurrent units (GRU)



Source: https://en.wikipedia.org/wiki/Long_short-term_memory



LSTM equations

Source: https://en.wikipedia.org/wiki/Long_short-term_memory



Latent factor models

<latexit sha1_base64="QRlFKTdZFTH2TZmCLuq5ispBsxg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VPP65UrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJjkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+ien53Xqld53EU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OdF6cd+dj3lpw8plD+APn8wcOno2p</latexit>x1

<latexit sha1_base64="ikzi6YRz8zRNydAzPBPL8udRcSs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7G6GG/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+ien53Xqld53EU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcRqo2r</latexit>z1 • Unsupervised models of (often high-
dimensional data)
• Z: unobserved latent variation (often lower 

dimensional) than X (observed data)
• You may have encountered many variations

of latent factor models:
• Linear models: 

• Probabilistic PCA
• Factor analysis

• Non-linear models
• Variational autoencoders



State space models

<latexit sha1_base64="QRlFKTdZFTH2TZmCLuq5ispBsxg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VPP65UrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJjkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+ien53Xqld53EU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OdF6cd+dj3lpw8plD+APn8wcOno2p</latexit>x1
<latexit sha1_base64="AR8bw1iLV+h/TJ1WtHIGvCZC5c0=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZtZICJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX6RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNStm7KFfvqqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8AECKNqg==</latexit>x2

<latexit sha1_base64="oHKEjBPa1NpTI9acyZHKjpoa4aI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOA0yYnd3M9BrJhk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+ci1EZF6wHHM/ZAOlOgLRtFK90/d826x5JbdGcgy8TJSggy1bvGr04tYEnKFTFJj2p4bo59SjYJJPil0EsNjykZ0wNuWKhpy46ezUyfkxCo90o+0LYVkpv6eSGlozDgMbGdIcWgWvan4n9dOsH/lp0LFCXLF5ov6iSQYkenfpCc0ZyjHllCmhb2VsCHVlKFNp2BD8BZfXiaNs7J3Ua7cVUrV6yyOPBzBMZyCB5dQhVuoQR0YDOAZXuHNkc6L8+58zFtzTjZzCH/gfP4AEaaNqw==</latexit>x3

<latexit sha1_base64="ikzi6YRz8zRNydAzPBPL8udRcSs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7G6GG/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+ien53Xqld53EU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcRqo2r</latexit>z1
<latexit sha1_base64="39CbZgeH7idn5xafE3bLj1DQTyg=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZtYECZ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX6RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNStm7KFfvqqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8AEy6NrA==</latexit>z2 <latexit sha1_base64="12Jo8gJdiW7DRNkK6glxVvClPHE=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOA0yYnd3M9Jrghk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+ci1EZF6wHHM/ZAOlOgLRtFK90/d826x5JbdGcgy8TJSggy1bvGr04tYEnKFTFJj2p4bo59SjYJJPil0EsNjykZ0wNuWKhpy46ezUyfkxCo90o+0LYVkpv6eSGlozDgMbGdIcWgWvan4n9dOsH/lp0LFCXLF5ov6iSQYkenfpCc0ZyjHllCmhb2VsCHVlKFNp2BD8BZfXiaNs7J3Ua7cVUrV6yyOPBzBMZyCB5dQhVuoQR0YDOAZXuHNkc6L8+58zFtzTjZzCH/gfP4AFLKNrQ==</latexit>z3

<latexit sha1_base64="eFq/XSkknCRVdhf1oz1GRMY5Xcc="></latexit>

p(x1, x2, x3) =

Z

z1,z2,z3

p(x1, x2, x3, z1, z2, z3)

=

Z

z1,z2,z3

p(z1)p(z2|z1)p(z3|z2)
3Y

k=1

p(xk|zk)

There are many different varieties 
of state space models. 

Each one makes different 
assumptions on how the 

probabilities behave and are 
transformed.



Hidden Markov Model

<latexit sha1_base64="QRlFKTdZFTH2TZmCLuq5ispBsxg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VPP65UrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJjkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+ien53Xqld53EU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OdF6cd+dj3lpw8plD+APn8wcOno2p</latexit>x1
<latexit sha1_base64="AR8bw1iLV+h/TJ1WtHIGvCZC5c0=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZtZICJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX6RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNStm7KFfvqqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8AECKNqg==</latexit>x2

<latexit sha1_base64="oHKEjBPa1NpTI9acyZHKjpoa4aI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOA0yYnd3M9BrJhk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+ci1EZF6wHHM/ZAOlOgLRtFK90/d826x5JbdGcgy8TJSggy1bvGr04tYEnKFTFJj2p4bo59SjYJJPil0EsNjykZ0wNuWKhpy46ezUyfkxCo90o+0LYVkpv6eSGlozDgMbGdIcWgWvan4n9dOsH/lp0LFCXLF5ov6iSQYkenfpCc0ZyjHllCmhb2VsCHVlKFNp2BD8BZfXiaNs7J3Ua7cVUrV6yyOPBzBMZyCB5dQhVuoQR0YDOAZXuHNkc6L8+58zFtzTjZzCH/gfP4AEaaNqw==</latexit>x3

<latexit sha1_base64="ikzi6YRz8zRNydAzPBPL8udRcSs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7G6GG/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+ien53Xqld53EU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcRqo2r</latexit>z1
<latexit sha1_base64="39CbZgeH7idn5xafE3bLj1DQTyg=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZtYECZ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX6RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNStm7KFfvqqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8AEy6NrA==</latexit>z2 <latexit sha1_base64="12Jo8gJdiW7DRNkK6glxVvClPHE=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOA0yYnd3M9Jrghk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+ci1EZF6wHHM/ZAOlOgLRtFK90/d826x5JbdGcgy8TJSggy1bvGr04tYEnKFTFJj2p4bo59SjYJJPil0EsNjykZ0wNuWKhpy46ezUyfkxCo90o+0LYVkpv6eSGlozDgMbGdIcWgWvan4n9dOsH/lp0LFCXLF5ov6iSQYkenfpCc0ZyjHllCmhb2VsCHVlKFNp2BD8BZfXiaNs7J3Ua7cVUrV6yyOPBzBMZyCB5dQhVuoQR0YDOAZXuHNkc6L8+58zFtzTjZzCH/gfP4AFLKNrQ==</latexit>z3

Z are discrete random 
variables (often 

categorical)

Edges denote 
transition matrices



Linear Gaussian State Space Model

<latexit sha1_base64="QRlFKTdZFTH2TZmCLuq5ispBsxg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VPP65UrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJjkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+ien53Xqld53EU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OdF6cd+dj3lpw8plD+APn8wcOno2p</latexit>x1
<latexit sha1_base64="AR8bw1iLV+h/TJ1WtHIGvCZC5c0=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZtZICJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX6RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNStm7KFfvqqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8AECKNqg==</latexit>x2

<latexit sha1_base64="oHKEjBPa1NpTI9acyZHKjpoa4aI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOA0yYnd3M9BrJhk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+ci1EZF6wHHM/ZAOlOgLRtFK90/d826x5JbdGcgy8TJSggy1bvGr04tYEnKFTFJj2p4bo59SjYJJPil0EsNjykZ0wNuWKhpy46ezUyfkxCo90o+0LYVkpv6eSGlozDgMbGdIcWgWvan4n9dOsH/lp0LFCXLF5ov6iSQYkenfpCc0ZyjHllCmhb2VsCHVlKFNp2BD8BZfXiaNs7J3Ua7cVUrV6yyOPBzBMZyCB5dQhVuoQR0YDOAZXuHNkc6L8+58zFtzTjZzCH/gfP4AEaaNqw==</latexit>x3

<latexit sha1_base64="ikzi6YRz8zRNydAzPBPL8udRcSs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7G6GG/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+p5vXLFrbozkGXi5aQCOeq98le3H7M0QmmYoFp3PDcxfkaV4UzgpNRNNSaUjegAO5ZKGqH2s9mpE3JilT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtOyYbgLb68TJpnVe+ien53Xqld53EU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OcF6cd+dj3lpw8plD+APn8wcRqo2r</latexit>z1
<latexit sha1_base64="39CbZgeH7idn5xafE3bLj1DQTyg=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZtYECZ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX6RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNStm7KFfvqqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8AEy6NrA==</latexit>z2 <latexit sha1_base64="12Jo8gJdiW7DRNkK6glxVvClPHE=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOA0yYnd3M9Jrghk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+ci1EZF6wHHM/ZAOlOgLRtFK90/d826x5JbdGcgy8TJSggy1bvGr04tYEnKFTFJj2p4bo59SjYJJPil0EsNjykZ0wNuWKhpy46ezUyfkxCo90o+0LYVkpv6eSGlozDgMbGdIcWgWvan4n9dOsH/lp0LFCXLF5ov6iSQYkenfpCc0ZyjHllCmhb2VsCHVlKFNp2BD8BZfXiaNs7J3Ua7cVUrV6yyOPBzBMZyCB5dQhVuoQR0YDOAZXuHNkc6L8+58zFtzTjZzCH/gfP4AFLKNrQ==</latexit>z3

Z are continuous valued 
random variables 

(Gaussian) <latexit sha1_base64="WJwveGw2vnps6eqbevEfsuJwu1E="></latexit>

zt = N (µt,�)

µt = Wzt�1 + b

� = C



Deep Markov Models

z1

<latexit sha1_base64="f4JAkaJV4cmKQlTHc1bgJFYupSE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48V7Qe0oWy2k3bpZhN2N0IN/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3H1FpHssHM0nQj+hQ8pAzaqx0/9T3+uWKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuql6tWrurVerXeRxFOIFTOAcPLqEOt9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AERAo2p</latexit>

z2

<latexit sha1_base64="FqpP9uCOdABFOj14AIByasx7unA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKQY9FLx4r2lZoQ9lsN+3SzSbsToQa+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMb6IaCGS6F4CwVK/pBoTqNA8k4wvp75nUeujYjVPU4S7kd0qEQoGEUr3T31a/1yxa26c5BV4uWkAjma/fJXbxCzNOIKmaTGdD03QT+jGgWTfFrqpYYnlI3pkHctVTTixs/mp07JmVUGJIy1LYVkrv6eyGhkzCQKbGdEcWSWvZn4n9dNMbz0M6GSFLlii0VhKgnGZPY3GQjNGcqJJZRpYW8lbEQ1ZWjTKdkQvOWXV0m7VvXq1fptvdK4yuMowgmcwjl4cAENuIEmtIDBEJ7hFd4c6bw4787HorXg5DPH8AfO5w8Sho2q</latexit>

z3

<latexit sha1_base64="5/sih4utI9Qflouo3SvzdI1+aqg=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokW9Fj04rGi/YA2lM120i7dbMLuRqihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtR1Sax/LBjBP0IzqQPOSMGivdP/UueqWyW3FnIMvEy0kZctR7pa9uP2ZphNIwQbXueG5i/Iwqw5nASbGbakwoG9EBdiyVNELtZ7NTJ+TUKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8MrPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadog3BW3x5mTTPK161Ur2rlmvXeRwFOIYTOAMPLqEGt1CHBjAYwDO8wpsjnBfn3fmYt644+cwR/IHz+QMUCo2r</latexit>

z4

<latexit sha1_base64="F1DsU+8Gkp1TxgyzoREBaK76ias=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0kkoMeiF48V7Qe0oWy2k3bpZhN2N0It/QlePCji1V/kzX/jts1BWx8MPN6bYWZemAqujet+O4W19Y3NreJ2aWd3b/+gfHjU1EmmGDZYIhLVDqlGwSU2DDcC26lCGocCW+HoZua3HlFpnsgHM04xiOlA8ogzaqx0/9Tze+WKW3XnIKvEy0kFctR75a9uP2FZjNIwQbXueG5qgglVhjOB01I305hSNqID7FgqaYw6mMxPnZIzq/RJlChb0pC5+ntiQmOtx3FoO2NqhnrZm4n/eZ3MRFfBhMs0MyjZYlGUCWISMvub9LlCZsTYEsoUt7cSNqSKMmPTKdkQvOWXV0nzour5Vf/Or9Su8ziKcAKncA4eXEINbqEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMVjo2s</latexit>

x1

<latexit sha1_base64="3c+R7TUljyGse9TtnSD6PbvAzD0=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoMeiF48V7Qe0oWy2k3bpZhN2N2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3H1FpHssHM0nQj+hQ8pAzaqx0/9T3+uWKW3XnIKvEy0kFcjT65a/eIGZphNIwQbXuem5i/Iwqw5nAaamXakwoG9Mhdi2VNELtZ/NTp+TMKgMSxsqWNGSu/p7IaKT1JApsZ0TNSC97M/E/r5ua8MrPuExSg5ItFoWpICYms7/JgCtkRkwsoUxxeythI6ooMzadkg3BW355lbQuql6tWrurVerXeRxFOIFTOAcPLqEOt9CAJjAYwjO8wpsjnBfn3flYtBacfOYY/sD5/AEN9o2n</latexit>

x2

<latexit sha1_base64="o3wFLFaKyKBrwbQ6JfdiLDWtk1E=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKQY9FLx4r2lZoQ9lsN+3SzSbsTsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMb6IaCGS6F4CwVK/pBoTqNA8k4wvp75nUeujYjVPU4S7kd0qEQoGEUr3T31a/1yxa26c5BV4uWkAjma/fJXbxCzNOIKmaTGdD03QT+jGgWTfFrqpYYnlI3pkHctVTTixs/mp07JmVUGJIy1LYVkrv6eyGhkzCQKbGdEcWSWvZn4n9dNMbz0M6GSFLlii0VhKgnGZPY3GQjNGcqJJZRpYW8lbEQ1ZWjTKdkQvOWXV0m7VvXq1fptvdK4yuMowgmcwjl4cAENuIEmtIDBEJ7hFd4c6bw4787HorXg5DPH8AfO5w8Peo2o</latexit>

x3

<latexit sha1_base64="2usqR2oczGZrEREbzbs5WH3GM8c=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokW9Fj04rGi/YA2lM120y7dbMLuRCyhP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp/ql30SuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx26oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uwys/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadog3BW3x5mTTPK161Ur2rlmvXeRwFOIYTOAMPLqEGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QMQ/o2p</latexit>

x4

<latexit sha1_base64="K7O9coyOMbx5PDqXhB3Kh+odSaw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0kkoMeiF48V7Qe0oWy2k3bpZhN2N2Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZemAqujet+O4W19Y3NreJ2aWd3b/+gfHjU1EmmGDZYIhLVDqlGwSU2DDcC26lCGocCW+HoZua3HlFpnsgHM04xiOlA8ogzaqx0/9Tze+WKW3XnIKvEy0kFctR75a9uP2FZjNIwQbXueG5qgglVhjOB01I305hSNqID7FgqaYw6mMxPnZIzq/RJlChb0pC5+ntiQmOtx3FoO2NqhnrZm4n/eZ3MRFfBhMs0MyjZYlGUCWISMvub9LlCZsTYEsoUt7cSNqSKMmPTKdkQvOWXV0nzour5Vf/Or9Su8ziKcAKncA4eXEINbqEODWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMSgo2q</latexit>

Emission
function

Transition
function

p(x|z; ✓)

<latexit sha1_base64="DYf5T5YspHmM2boAY6+yeLVVDhk=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69BItQLyWRgoKXohePFewHtKFstpt26WYTdyfFWvs7vHhQxKs/xpv/xm2bg7Y+GHi8N8PMPD8WXKPjfFuZldW19Y3sZm5re2d3L79/UNdRoiir0UhEqukTzQSXrIYcBWvGipHQF6zhD66nfmPIlOaRvMNRzLyQ9CQPOCVoJC8uPjw9Xraxz5CcdvIFp+TMYC8TNyUFSFHt5L/a3YgmIZNIBdG65ToxemOikFPBJrl2ollM6ID0WMtQSUKmvfHs6Il9YpSuHUTKlER7pv6eGJNQ61Hom86QYF8velPxP6+VYHDhjbmME2SSzhcFibAxsqcJ2F2uGEUxMoRQxc2tNu0TRSianHImBHfx5WVSPyu55VL5tlyoXKVxZOEIjqEILpxDBW6gCjWgcA/P8Apv1tB6sd6tj3lrxkpnDuEPrM8fab+R3w==</latexit>

p(zt|zt�1; ✓)

<latexit sha1_base64="VqUZINa5JSaccuLbzat26CKQ9Nk=">AAAB/nicbVBNS8NAEN3Ur1q/ouLJy2IR6sGSSEHBS9GLxwr2A9oQNtttu3SzCbsToY0F/4oXD4p49Xd489+4bXPQ6oOBx3szzMwLYsE1OM6XlVtaXlldy68XNja3tnfs3b2GjhJFWZ1GIlKtgGgmuGR14CBYK1aMhIFgzWB4PfWb90xpHsk7GMXMC0lf8h6nBIzk2wdxaezDw9hP4dSdXHZgwICc+HbRKTsz4L/EzUgRZaj59menG9EkZBKoIFq3XScGLyUKOBVsUugkmsWEDkmftQ2VJGTaS2fnT/CxUbq4FylTEvBM/TmRklDrURiYzpDAQC96U/E/r51A78JLuYwTYJLOF/USgSHC0yxwlytGQYwMIVRxcyumA6IIBZNYwYTgLr78lzTOym6lXLmtFKtXWRx5dIiOUAm56BxV0Q2qoTqiKEVP6AW9Wo/Ws/Vmvc9bc1Y2s49+wfr4BsaFlV4=</latexit>

u1

<latexit sha1_base64="FXfXo9ej6bXI1DIjZj3pFrH0zXE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkUI9FLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpIR14g3LFrboLkHXi5aQCOZqD8ld/GLM0QmmYoFr3PDcxfkaV4UzgrNRPNSaUTegIe5ZKGqH2s8WpM3JhlSEJY2VLGrJQf09kNNJ6GgW2M6JmrFe9ufif10tNeO1nXCapQcmWi8JUEBOT+d9kyBUyI6aWUKa4vZWwMVWUGZtOyYbgrb68TtpXVa9Wrd3XKo2bPI4inME5XIIHdWjAHTShBQxG8Ayv8OYI58V5dz6WrQUnnzmFP3A+fwAJZI2k</latexit>

u2

<latexit sha1_base64="0LAF+n1DgVbyAmVaEpZBnKj13Rg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKQY9FLx4r2g9oQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ7dzvPKHSPJaPZpqgH9GR5CFn1FjpIR3UBuWKW3UXIOvEy0kFcjQH5a/+MGZphNIwQbXueW5i/Iwqw5nAWamfakwom9AR9iyVNELtZ4tTZ+TCKkMSxsqWNGSh/p7IaKT1NApsZ0TNWK96c/E/r5ea8NrPuExSg5ItF4WpICYm87/JkCtkRkwtoUxxeythY6ooMzadkg3BW315nbRrVa9erd/XK42bPI4inME5XIIHV9CAO2hCCxiM4Ble4c0Rzovz7nwsWwtOPnMKf+B8/gAK6I2l</latexit>

u3

<latexit sha1_base64="DkA/tGTvdSpUvFSn2G44At0EvP0=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0oMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilh7R/2S9X3Ko7B1klXk4qkKPRL3/1BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+6pScWWVAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uw2s/EypJkSu2WBSmkmBMZn+TgdCcoZxYQpkW9lbCRlRThjadkg3BW355lbQuql6tWruvVeo3eRxFOIFTOAcPrqAOd9CAJjAYwjO8wpsjnRfn3flYtBacfOYY/sD5/AEMbI2m</latexit>

Structured Inference Networks for Nonlinear State Space Models, RGK, US, DS, AAAI 2017



Learning time-series models

Univariate time-series

Regression

ARIMA

Nonlinear regression via conv. nets

Multivariate time series

K-order Markov
models

Recurrent neural 
networks

State space models



Dataset (N=3)

Learning via maximum likelihood estimation

• Model parameters are learned via maximum likelihood estimation

<latexit sha1_base64="QRlFKTdZFTH2TZmCLuq5ispBsxg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VPP65UrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJ jkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+ien53Xqld53EU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OdF6cd+dj3lpw8plD+APn8wcOno2p</latexit>x1
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Solve this optimization problem to learn
the model. Often formulated as a minimization

of the negative of the log-likelihood function

Score function 
(high is good, low is bad)
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Recipes for learning via maximum likelihood 
estimation

• Usually: 
• Write down the log likelihood as a function of the model parameters
• Use stochastic gradient ascent to maximize log likelihood of observed data to 

learn parameters

• For latent variable models: 
• If the posterior distribution is tractable, often can write the log-likelihood in 

closed form or obtain an unbiased estimate via Monte-Carlo sampling
• Else: approximate inference

• Variational inference
• Markov Chain Monte Carlo 



Evaluation of time-series models

• Mean-squared error
• Forecasting on training data
• Forecasting on held-out data

• Held-out log likelihood
• Introspection of model parameters



Supervision with time-series models

• If we care about doing classification with time-series we can adapt 
approaches we have seen to modify them for time-series data

• Case study: 
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Supervised learning case study: Classification 
of time-seriesDetecting	atrial	fibrillation

The AliveCor ECG Device

● 3 generations of a single-channel (LA-RA lead I 
equivalent) ECG

● Transmitted to smartphone or tablet into the 
microphone (over the air) which digitizes at 44.1 
kHz and 24-bit resolution with software 
demodulation in real-time. 

● Frequency modulated with a carrier frequency of 
19 kHz and a 200 Hz/mV modulation index. 

● Stored as 300 Hz, 16-bit data with bandwidth 
0.5-40 Hz  with +/- 5 mV dynamic range. 

AliveCore ECG	
device
ECG	=	electrocardiogram



Classification of heart rhythmWhat	type	of	heart	rhythm?
Normal	rhythm

AF	rhythm

Other	rhythm

Noisy	recording

Classify short ECG data into:

[Clifford,	Liu,	Moody,	Mark.	PhysioNetComputing	in	Cardiology	Challenge	2017]

Why should we care about this 
problem? 

Atrial fibrillation (A-fib) is an 
irregular and often very rapid 

heart rhythm (arrhythmia) that 
can lead to blood clots in the hea



Traditional approaches to this problem

AND-combination of adjacent magnitude
values of the derivative. The MOBD of
the order N is then defined by
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In order to avoid a high feature signal
during noisy segments, an additional sign
consistency constraint is imposed; i.e.,
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where k N= −0 1 2, , ,K . A proposed value
for the order of MOBD is N = 4 [107].
The threshold Θ is set to the feature maxi-
mum zmax after the refractory period and
then halved whenever a fixed time period
is elapsed. The threshold is bounded by a
lower limit that is also adaptive.

The algorithms described in [41] and
[85] use basically the same preprocessor.
The ECG is bandpass filtered and after-

wards differentiated. The feature signal z n( )
is computed by squaring and averaging the
output of the differentiator. The bandpass
and differentiator use filter coefficients that
are particularly suited for an implementa-
tion on fixed-point processors with a short
word length. For the peak detection, a vari-
able v is introduced that contains the value
of the most recent feature maximum. Peaks
in the feature signal are detected by compar-
ing the feature againstv. If the feature drops
below v 2 a peak is detected. Then the cur-
rent value of v is taken as the peak height
andv is reset to the current value of the fea-
ture signal; i.e., v z n= ( ). The principle of
the peak detection is shown in Fig. 3. The
fiducial mark is set to the location of the
largest peak in the bandpass-filtered signal
in an interval from 225 ms to 125 ms pre-
ceding a peak detection. The fiducial mark
and the height of the peak are put into an
event vector that is further processed by the
decision stage. In the decision stage, a QRS
peak level LP and a noise level LN are esti-
mated recursively by

L n L n AP P P P P( ) ( ) ( )= ⋅ − + − ⋅λ λ1 1

(14)

L n L n AN N N N P( ) ( ) ( )= ⋅ − + − ⋅λ λ1 1 ,

(15)

where λN and λP are forgetting factors
(e.g., λ ≈ 0 98. ) and AP is the peak ampli-
tude. Depending on whether a peak is
classified as QRS complex or as a noise
peak, either the QRS peak level LP or the
noise level LN is updated using Eq. (14) or
Eq. (15), respectively. Eventually, the de-
tection threshold is determined from

Θ = + ⋅ −L L LN P Nτ ( ), (16)

where the positive threshold coefficient
τ <1 is a design parameter.

In [67] the feature signal z n( ) is com-
puted in a way similar to [41] and [85] but
using different filters. In contrast to [41]
and [85], the feature signal is divided into
segments of 15 points. The maximum of
each segment is compared to an adaptive
noise level and an adaptive peak level esti-
mate and classified depending on the dis-
tance to each of the estimates. The fiducial
point of the QRS complex is set to the loca-
tion within the QRS segment where the
maximum of the ECG and a zero crossing
in its first derivative occur at the same time.

Although [26] describes an ECG
waveform detection by neural networks,
the QRS detection is accomplished using
a feature extractor based on digital filter-
ing. The feature signal z n( ) is generated by
filtering the ECG with two different
bandpass filters and afterwards multiply-
ing the filter outputs w n( ) and f n( ); i.e.,

z n w n f n( ) ( ) ( )= ⋅ . (17)

This procedure is based on the assump-
tion that a QRS complex is characterized
by simultaneously occurring frequency
components within the passbands of the
two bandpass filters. The multiplication
operation performs the AND-combina-
tion. That is, only if both filter outputs are
high then the feature is high and indicates
a QRS complex. The location of the maxi-
mum amplitude in the feature is taken as
the location of the R-wave.

The use of recursive and nonrecursive
median filters, i.e.
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is proposed, for example, in [123]. The
median operator applied to a vector
x = [ , , ]x xN1 K means sorting the ele-
ments of the vector according to their val-
ues and then taking the midpoint
y N= xsorted ( / )2 as the filter output. In
[123] a combination of two median filters
and one smoothing filter is used to form a
bandpass filter. The additional signal pro-
cessing steps are similar to [41, 85].

Generalized digital filters for ECG
processing with the transfer function

H z z z K LK L( ) ( )( ) ,= − + >− −1 1 01

(20)
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3. Peak detector proposed in [41].

The detection of a

QRS complex is

accomplished by

comparing the feature

against a threshold.

[Kohler,	Hennig,	Orglmeister.	The	Principles	of	Software	QRS	Detection,	IEEE	
Engineering	in	Medicine	&	Biology,	2002]



Detection of Atrial Fibrillation Using Artificial Neural Networks 

SG Artis, RG Mark, GB Moody 

H-d-MIT 
Division of Health Sciences and Technology, Cambridge, MA 

Abstract 

Artificial neural network8 (ANN#) were used a8 pat- 
tern detectors to  detect atrial fibrillation (AF) in the 
MIT-BIH Arrhythmia Database. ECG data war repre- 
rented uring generalized interval tranrition matrices, an 
in Markov model AF detectors[l]. A training file war 
developed, uring there transition matricer, for a back- 
propagation ANN. Thir file conrirted of approzimately 
15 minuter each of AF and non-AF data. The ANN 
was ruccerfully trained uring thir data. Three rtandard 
databases were ured to  test network performance. Port- 
processing of the ANN output yielded an AF renaitivity 
of 92.86% and an AF positive predictive accuracy of 
92.34%. 

1 Introduction 

Cardiac arrhythmias may be classified using both mor- 
phology analysis, which classifies beats by shape, and 
timing analysis, which classifies beats by their arrival 
rates. Timing analysis is used to classify a subset of 
rhythms that includes premature beats, rapid heart 
rate, slow heart rate, and more generally, beats with ir- 
regular arrival times. Atrial fibrillation (AF) is a heart 
rhythm which is usually characterized by beats with 
normal morphology and with irregular arrival times. 
AF detection is most often based upon timing analy- 
sis. 

Atrial fibrillation detection is important because it is 
a common arrhythmia which often indicates underlying 
heart disease. AF can also complicate automated de- 
tection of other arrhythmias. This happens because it 
becomes impossible to define the prematurity of a beat 
in relation to its surrounding beats in AF. Because of 
this, atrial fibrillation detectors are usually included 
in automated arrhythmia analyzers. AF detection is 
difficult, however, because beat intervals in AF form 
no recognizable pattern, unlike other cardiac arrhyth- 
mias. Attempts have been made to detect AF based 

on R-R interval sequences using a variety of statistical 
methods [I] but there is room for improvement in these 
techniques. 

Pattern classifiers exist in many forms, and artificial 
neural networks ( ANNs) represent an important sub- 
set of these classifiers. ANNs are attractive for solving 
pattern recognition problems because few assumptions 
about the underlying data need to be made. The task 
of the operator of an ANN is to separate the data into 
subsets. The network wil l  be able classify these sub- 
sets according to type as long as they are distinct. Neu- 
ral network training requires appropriate training data, 
pre-processing and post-processing algorithms, an a p  
propriate network topology, and a training algorithm, 
as well as evaluation databases. This document will 
present the design and evaluation of a technique which 
detects AF in the presence of other cardiac arrhythmias 
using a backpropagation artificial neural network. 

2 Databases 

Three databases were used throughout this study. 
The first consisted of a subset of the MIT-BIH ECG 
database, summarized in table 1, which was used as a 
development database. A subset of this database was 
used for training of the ANN. The second database, 
used as an evaluation database and summarized in 
table 2, has been collected from Holter recordings 
specifically to test R-R interval-basedAF detectors. 
This database, called the MIT-BIH Atrial Fibrilla- 
tion/Flutter Database [2] contains 25 ten-hour records, 
each from a unique subject, and including over 300 
episodes of AF. The database consists of two anno- 
tation files for each recording - one containing QRS 
complex arrival times (for R-R interval measurements) 
and the other containing accurate rhythm change an- 
notations. In this database, beat labels indicate the 
time, but not the type, of each beat so the quantities 
of APBs, PVCs, Normal beats, and other beats are un- 
known. The third database was the AHA Database for 

17 3 
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Physionet 2017 challenge [~8K ECGs]

Winning	approach
• Training	data	in	2017	Physionet challenge:	~8500	ECGs
• Best	algorithms	use	a	combination	of	expert-derived	
features	and	machine	learning

[Teijeiro,	Garcia,	Castro,	Felix.	arXiv:1802.05998,	2018]

Best approach uses a combination of expert-derived and ML features



Diagnosing arrhythmia

[Rajpurkaret	al.,	arXiv:1707.01836,	2017;	NatureMedicine ‘19]

Use a Zio sensor to extract single-
lead ECG signals



Neural networks in a picture



Convolutions for 2D data



Using stacks of 1D 
convolutions to make 

predictions

Deep	

convolutional	

network

Cardiologist-Level Arrhythmia Detection with Convolutional Neural Networks

to-end on a single-lead ECG signal sampled at 200Hz and
a sequence of annotations for every second of the ECG
as supervision. To make the optimization of such a deep
model tractable, we use residual connections and batch-
normalization (He et al., 2016b; Ioffe & Szegedy, 2015).
The depth increases both the non-linearity of the compu-
tation as well as the size of the context window for each
classification decision.

We construct a dataset 500 times larger than other datasets
of its kind (Moody & Mark, 2001; Goldberger et al., 2000).
One of the most popular previous datasets, the MIT-BIH
corpus contains ECG recordings from 47 unique patients.
In contrast, we collect and annotate a dataset of about
30,000 unique patients from a pool of nearly 300,000 pa-
tients who have used the Zio Patch monitor1 (Turakhia
et al., 2013). We intentionally select patients exhibiting ab-
normal rhythms in order to make the class balance of the
dataset more even and thus the likelihood of observing un-
usual heart-activity high.

We test our model against board-certified cardiologists. A
committee of three cardiologists serve as gold-standard an-
notators for the 336 examples in the test set. Our model
exceeds the individual expert performance on both recall
(sensitivity), and precision (positive predictive value) on
this test set.

2. Model

Problem Formulation

The ECG arrhythmia detection task is a sequence-to-
sequence task which takes as input an ECG signal X =
[x1, ..xk], and outputs a sequence of labels r = [r1, ...rn],
such that each ri can take on one of m different rhythm
classes. Each output label corresponds to a segment of the
input. Together the output labels cover the full sequence.

For a single example in the training set, we optimize the
cross-entropy objective function

L(X, r) =
1

n

nX

i=1

log p(R = ri | X)

where p(·) is the probability the network assigns to the i-th
output taking on the value ri.

Model Architecture and Training

We use a convolutional neural network for the sequence-to-
sequence learning task. The high-level architecture of the
network is shown in Figure 2. The network takes as input
a time-series of raw ECG signal, and outputs a sequence
of label predictions. The 30 second long ECG signal is
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Figure 2. The architecture of the network. The first and last layer
are special-cased due to the pre-activation residual blocks. Over-
all, the network contains 33 layers of convolution followed by a
fully-connected layer and a softmax.

sampled at 200Hz, and the model outputs a new prediction
once every second. We arrive at an architecture which is 33
layers of convolution followed by a fully connected layer
and a softmax.

In order to make the optimization of such a network
tractable, we employ shortcut connections in a similar man-
ner to those found in the Residual Network architecture (He
et al., 2015b). The shortcut connections between neural-
network layers optimize training by allowing information
to propagate well in very deep neural networks. Before
the input is fed into the network, it is normalized using a

Cardiologist-Level Arrhythmia Detection with Convolutional Neural Networks

Train + Val Test
Class Description Example Patients Patients

JUNCTIONAL Junctional
Rhythm 2030 36

NOISE Noise 9940 41

SINUS Sinus Rhythm 22156 215

SVT Supraventricular
Tachycardia 6301 34

TRIGEMINY Ventricular
Trigeminy 2864 21

VT Ventricular
Tachycardia 4827 17

WENCKEBACH Wenckebach
(Mobitz I) 2051 29

Table 2. A list of all of the rhythm types which the model classifies. For each rhythm we give the label name, a more descriptive name
and an example chosen from the training set. We also give the total number of patients with each rhythm for both the training and test
sets.

Input

[Rajpurkaret	al.,	arXiv:1707.01836,	2017;	NatureMedicine ‘19] Output

• 1-D	signal	sampled	at	200Hz,	

labeled	at	1	sec	intervals

• 34	layers

• Shortcut	connections	(ala	

residual	networks)	with	max-

pooling

• Subsampled	every	other	layer	

(28 in	total)



Example	of	1D	convolution

1 0 1 1 0 1 1 0 1 1

Cardiologist-Level Arrhythmia Detection with Convolutional Neural Networks

Train + Val Test
Class Description Example Patients Patients

JUNCTIONAL Junctional
Rhythm 2030 36

NOISE Noise 9940 41

SINUS Sinus Rhythm 22156 215

SVT Supraventricular
Tachycardia 6301 34

TRIGEMINY Ventricular
Trigeminy 2864 21

VT Ventricular
Tachycardia 4827 17

WENCKEBACH Wenckebach
(Mobitz I) 2051 29

Table 2. A list of all of the rhythm types which the model classifies. For each rhythm we give the label name, a more descriptive name
and an example chosen from the training set. We also give the total number of patients with each rhythm for both the training and test
sets.

Input

2 3 1Filter

Output3 4 5 3 4 5 3

=	<1,0,1>*<2,3,1>	=	1*2	+	0*3	+	1*1	=	3.

?



EvaluationCardiologist-Level Arrhythmia Detection with Convolutional Neural Networks

Figure 4. A confusion matrix for the model predictions on the test
set. Many of the mistakes the model makes are not surprising.
For example, confusing second degree AV Block (Type 2) with
Wenckebach makes sense given the often similar expression of
the two arrhythmias in the ECG record.

One of the most common confusions is between Ectopic
Atrial Rhythm (EAR) and sinus rhythm. The main distin-
guishing criteria for this rhythm is an irregular P wave. This
can be subtle to detect especially when the P wave has a
small amplitude or when noise is present in the signal.

6. Related Work

Automatic high-accuracy methods for R-peak extraction
have existed at least since the mid 1980’s (Pan & Tomp-
kins, 1985). Current algorithms for R-peak extraction tend
to use wavelet transformations to compute features from
the raw ECG followed by finely-tuned threshold based clas-
sifiers (Li et al., 1995; Martı́nez et al., 2004). Because ac-
curate estimates of heart rate and heart rate variability can
be extracted from R-peak features, feature-engineered al-
gorithms are often used for coarse-grained heart rhythm
classification, including detecting tachycardias (fast heart
rate), bradycardias (slow heart rate), and irregular rhythms.
However, such features alone are not sufficient to distin-
guish between most heart arrhythmias since features based
on the atrial activity of the heart as well as other features
pertaining to the QRS morphology are needed.

Much work has been done to automate the extraction of
other features from the ECG. For example, beat classifica-
tion is a common sub-problem of heart-arrhythmia classifi-
cation. Drawing inspiration from automatic speech recog-
nition, Hidden Markov models with Gaussian observation
probability distributions have been applied to the task of

beat detection (Coast et al., 1990). Artificial neural net-
works have also been used for the task of beat detection
(Melo et al., 2000). While these models have achieved
high-accuracy for some beat types, they are not yet suffi-
cient for high-accuracy heart arrhythmia classification and
segmentation. For example, (Artis et al., 1991) train a
neural network to distinguish between Atrial Fibrillation
and Sinus Rhythm on the MIT-BIH dataset. While the
network can distinguish between these two classes with
high-accuracy, it does not generalize to noisier single-lead
recordings or classify among the full range of 15 rhythms
available in MIT-BIH. This is in part due to insufficient
training data, and because the model also discards critical
information in the feature extraction stage.

The most common dataset used to design and evaluate ECG
algorithms is the MIT-BIH arrhythmia database (Moody
& Mark, 2001) which consists of 48 half-hour strips of
ECG data. Other commonly used datasets include the
MIT-BIH Atrial Fibrillation dataset (Moody & Mark, 1983)
and the QT dataset (Laguna et al., 1997). While useful
benchmarks for R-peak extraction and beat-level annota-
tions, these datasets are too small for fine-grained arrhyth-
mia classification. The number of unique patients is in the
single digit hundreds or fewer for these benchmarks. A
recently released dataset captured from the AliveCor ECG
monitor contains about 7000 records (Clifford et al., 2017).
These records only have annotations for Atrial Fibrillation;
all other arrhythmias are grouped into a single bucket. The
dataset we develop contains 29,163 unique patients and 14
classes with hundreds of unique examples for the rarest ar-
rhythmias.

Machine learning models based on deep neural networks
have consistently been able to approach and often exceed
human agreement rates when large annotated datasets are
available (Amodei et al., 2016; Xiong et al., 2016; He et al.,
2015c). These approaches have also proven to be effective
in healthcare applications, particularly in medical imaging
where pretrained ImageNet models can be applied (Esteva
et al., 2017; Gulshan et al., 2016). We draw on work in au-
tomatic speech recognition for processing time-series with
deep convolutional neural networks and recurrent neural
networks (Hannun et al., 2014; Sainath et al., 2013), and
techniques in deep learning to make the optimization of
these models tractable (He et al., 2016b;c; Ioffe & Szegedy,
2015).

7. Conclusion

We develop a model which exceeds the cardiologist perfor-
mance in detecting a wide range of heart arrhythmias from
single-lead ECG records. Key to the performance of the
model is a large annotated dataset and a very deep convolu-
tional network which can map a sequence of ECG samples


