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Hidden MarkovModels [5]

Observa on model: p(yt|zt), where yt are the observa ons, emissions or output.

Homogeneous state model: discrete- me, discrete-state first-order Markov chain

zt ∈ {1, . . . , K} driven by p(zt|zt−1), where K is the number of latent states.

Heterogeneous state model: alterna vely, me-varying covariates xt ∈ RM may

be used to drive the transi on p(zt|ut, zt−1 = i) = so max(utβ
u
i ) [3].

Joint posterior density:

p(z1:T , y1:T ) = p(z1:T )p(y1:T |z1:T ) =

p(z1)
T∏

t=2
p(zt|zt−1)

 T∏
t=1

p(yt|zt)

 .

Generative models

1. Generate parameters according to the priors θ(0) ∼ p(θ). 2. Generate the

hidden path z(0)
1:T according to the transi on model parameters. 3. Generate the

observed quan es based on the sampling distribu on y(0)
t ∼ p(yt|z

(0)
1:T , θ(0)).

Inference & Learning

Several quan es of interest can be inferred via different algorithms. Our so ware

contains the implementa on of the most relevant methods for unsupervised data:

forward [1], forward-backward [1, 2] and Viterbi decoding algorithms [6].

Table 1. Hidden quan es & inference algorithm. Time complexity is O(K2T ) [4].

Name Hidden Quan ty Availability Algorithm

Filtering p(zt|y1:t) t (online) Forward

Smoothing p(zt|y1:T ) T (offline) Forward-backward

Fixed lag smoothing p(zt−`|y1:t), ` ≥ 1 t + ` (lag’d) Forward-backward

State predic on p(zt+h|y1:t), h ≥ 1 t (online) Forward-propaga on

Observa on predic on p(yt+h|y1:t), h ≥ 1 t (online) Forward-propaga on

MAP Es ma on argmaxz1:T p(z1:T |y1:T ) T (offline) Viterbi decoding

Marginal evidence p(y1:T ) t (online) Forward
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Sample use

devtoo l s : : i n s t a l l _ g i t h u b ( ” l u i sdamiano /BayesHMM” ) # Soon on CRAN

l i b r a r y (BayesHMM)

mySpec <− hmm(

K = 2 , R = 1 ,

observa t ion = Gauss ian (

mu = Gauss ian (mu = 0 , sigma = 10 , ordered = TRUE ) ,

s igma = Cauchy (mu = 0 , sigma = 10 , bounds = l i s t ( 0 , NULL ) )

) ,

i n i t i a l = D i r i c h l e t ( a lpha = c ( 1 , 1 ) ) ,

t r a n s i t i o n = D i r i c h l e t ( a lpha = c ( 1 , 1 ) ) ,

name = ” Un i v a r i a t e Gauss ian Dummy Model ”

)

myModel <− compi le ( mySpec )

myFit <− draw_samples (

myModel , y = ySim , # ySim i s numeric vector

seed = 9000 , i t e r = 500 , cha ins = 1

)

Sample visualizations
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Posterior predictive checks

Observed sample Posterior predictive samples

Sample printout

One-stop print func on: �Xmodel descrip on, �XMonte Carlo posterior es mates,

�Xelapsed me, �XMCMC convergence diagnos cs, �Xreproducibility notes.

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

UNIVARIATE GAUSSIAN DUMMY MODEL

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

Un i v a r i a t e obse rva t i ons ( R = 1 ) .

Observat ion model fo r Va r i a b l e 1 i n S ta te 1

Va r i a b l e Dens i ty : Gauss ian (− i n f t y , i n f t y )

Free parameters : 2 (mu, sigma )

mu : r e a l mu11 ;

P r i o r Dens i ty : Gauss ian (− i n f t y , i n f t y )

F ixed parameters : 2 (mu = 0 , sigma = 10 ) ,

s igma : r ea l < lower = 0> sigma11 ;

P r i o r Dens i ty : Cauchy [0 , i n f t y )

F ixed parameters : 2 (mu = 0 , sigma = 10)

Observat ion model fo r Va r i a b l e 1 i n S ta te 2

Va r i a b l e Dens i ty : Gauss ian (− i n f t y , i n f t y )

Free parameters : 2 (mu, sigma )

mu : r ea l < lower = mu11> mu21 ;

P r i o r Dens i ty : Gauss ian [mu11 , i n f t y )

F ixed parameters : 2 (mu = 0 , sigma = 10 ) ,

s igma : r ea l < lower = 0> sigma21 ;

P r i o r Dens i ty : Cauchy [0 , i n f t y )

F ixed parameters : 2 (mu = 0 , sigma = 10)

P Mean MCSE P SD PI2 .5 PI25 .0 PI50 .0 PI75 .0 PI97 .5 ESS Rhat

mu11 0.806 0.036 0.294 0.135 0.655 0.820 0.988 1.284 66.538 1.017

mu21 1.993 0.013 0.130 1.783 1.895 1.972 2.086 2.243 99.725 1.002

sigma11 1.037 0.017 0.146 0.767 0.944 1.008 1.097 1.407 76.824 0.993

sigma21 0.910 0.009 0.081 0.730 0.872 0.920 0.956 1.035 80.254 0.994

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

I n i t i a l d i s t r i b u t i o n model

P r i o r Dens i ty : D i r i c h l e t (− i n f t y , i n f t y )

F ixed parameters : 1 ( a lpha = [1 , 1 ] )

P Mean MCSE P SD PI2 .5 PI25 .0 PI50 .0 PI75 .0 PI97 .5 ESS Rhat

p i [ 1 ] 0.478 0.033 0.325 0.002 0.212 0.430 0.791 0.981 98.751 0.994

p i [ 2 ] 0.522 0.033 0.325 0.019 0.209 0.570 0.788 0.998 98.751 0.994

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

T r a n s i t i o n model

P r i o r Dens i ty : D i r i c h l e t (− i n f t y , i n f t y )

F ixed parameters : 1 ( a lpha = [1 , 1 ] )

P Mean MCSE P SD PI2 .5 PI25 .0 PI50 .0 PI75 .0 PI97 .5 ESS Rhat

A[1 , 1 ] 0.805 0.009 0.088 0.594 0.762 0.827 0.874 0.928 87.863 1.010

A[2 , 1 ] 0.090 0.007 0.063 0.026 0.051 0.075 0.115 0.225 89.778 0.992

A[1 , 2 ] 0.195 0.009 0.088 0.072 0.126 0.173 0.238 0.406 87.863 1.010

A[2 , 2 ] 0.910 0.007 0.063 0.775 0.885 0.925 0.949 0.974 89.778 0.992

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

Model ran on 2019−04−16 at 08:50:36 us ing seed 9000.

Sample s i z e : 250 kept i t e r a t i o n s (500 t o t a l , 250 warmup , t h i n every 1 ) .

Time e lapsed i n minutes :

− Chain 1 : warmup 1.126 , sample 0 .555.

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

Convergence d i a gno s t i c s

Chain 1 : 79 i t e r a t i o n s h i t t i n g max number of l e ap f r og s .

_ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _

Notes fo r r e p r o d u c i b i l i t y :

− Pr i n ted on 2019−04−16 at 08 :50 :36 .

− Ubuntu 18.04.2 LTS x86_64−pc−l i n u x−gnu (64− b i t )

− R ve r s ion 3 .5 .3 (2019−03−11)

− BayesHMM v0 . 0 . 1 ( Bu i l d R 3 . 5 . 3 ; ; 2019−04−16 13:48:47 UTC; un ix )

− r s t an v2 .18 .2 ( Bu i l d R 3 . 5 . 3 ; x86_64−pc−l i n u x−gnu ; 2019−04−08 00:19:31 UTC)

− BayesHMM 0 .0 . 1 , Rcpp 1 .0 .0

Choice of densities

Observa on model: univariate (Bernoulli, Beta, Binomial, Categorical, Cauchy,

Dirichlet, Gaussian, Mul nomial, Nega ve Binomial, Poisson, Student), mul vari-

ate (Gaussian, Student), Regressions (Bernoulli, Binomial, So max, Gaussian), prior-

only (LKJ, Wishart). Transi on model: Dirichlet, So max regression.
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