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Abstract: Many complicated dynamical events may be broken down into simpler pieces and efficiently
described by a system that shifts among a variety of conditionally dynamical modes. Building on
switching linear dynamical systems, we develop a new model that extends the switching linear
dynamical systems for better discovering these dynamical modes. In the proposed model, the linear
dynamics of latent variables can be described by a higher-order vector autoregressive process, which
makes it feasible to evaluate the higher-order dependency relationships in the dynamics. In addition,
the transition of switching states is determined by a stick-breaking logistic regression, overcoming
the limitation of a restricted geometric state duration and recovering the symmetric dependency
between the switching states and the latent variables from asymmetric relationships. Furthermore,
logistic regression evidence potentials can appear as conditionally Gaussian potentials by utilizing the
Pélya-gamma augmentation strategy. Filtering and smoothing algorithms and Bayesian inference for
parameter learning in the proposed model are presented. The utility and versatility of the proposed
model are demonstrated on synthetic data and public functional magnetic resonance imaging data.
Our model improves the current methods for learning the switching linear dynamical modes, which
will facilitate the identification and assessment of the dynamics of complex systems.

Keywords: dynamic systems; state space methods; Kalman filter; Bayesian inference

1. Introduction

Complex systems frequently exhibit multiple levels of abstraction in their descrip-
tions [1]. For example, a computer program can be characterized by the collection of
functions it calls, the sequence in which it carries out statements or the assembly instruc-
tions it sends to the CPU. This assertion is true for a multitude of natural systems. Brain
activity can be classified based on either broad psychological states or the activation of indi-
vidual ion channels. The necessary amount of specificity may differ based on the particular
task being performed [2]. Through the identification of these behavioral units and their
interdependence, we can obtain a deeper understanding of the intricate mechanisms that
give rise to complex natural occurrences. Furthermore, modern machine learning offers
powerful tools to help model the dynamics of complex systems. The toolbox has recently
been improved to incorporate more versatile elements, such as Gaussian processes [3] and
neural networks [4], into probabilistic time series models.

Time series analysis encompasses several methodologies and models, such as station-
ary process models, spectral models, state space models, and non-linear models [5]. Among
them, the state space methods are regarded as more versatile and adept at addressing a
broader range of problems compared to the other models. Hidden Markov models (HMM)
and switching linear dynamical systems (SLDS) are two well-known state space models.
In numerous real-world time series situations, the present condition of a dynamic system
is connected to its condition in prior time intervals. Both HMM and SLDS can address
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such problems and have been widely used in several problem fields. Examples include hu-
man motion [6,7], computer vision [8], speech recognition [9], econometrics [10], machine
learning [11] and neuroscience [12,13].

HMM is a discrete Markov process with doubly embedded stochastic models, namely,
(i) an unobservable hidden process characterized by a Markov chain and (ii) an observation
process determined by hidden states. HMM-based models have garnered significant
interest and demonstrated their utility in the signal processing community for accurately
simulating the intricate temporal progression of signals. More precisely, HMM have a
lengthy track record in signal processing, particularly in the field of speech processing
where they have achieved notable success [14]. The SLDS allows for the modeling of
nonlinear time series data by dividing it into subsequences controlled by linear dynamics.
Indeed, the generative model of SLDS is slightly different from HMM, where there is an
additional set of latent variables between the switching states and the observations. In
addition, a SLDS differs from a HMM by choosing from a collection of linear Gaussian
dynamics that evolve continuously, instead of a standard Gaussian mixture density as in
HMM. The SLDS can be viewed as an expansion of the HMM, where each HMM state, or
mode, is linked to a linear dynamical process. One further benefit of SLDS is its ability to
handle time series data with high dimensionality. From a generative model perspective, it
can be claimed that high-dimensional time series can be cheaply represented by a dynamical
process specified on a low-dimensional manifold. This representation benefits from the
model structure of SLDS. Nevertheless, employing HMM directly on time series with high
dimensionality is likely to result in overfitting. [15]. Therefore, SLDS offers the potential
for increased descriptive capability [1].

Although SLDS offers advanced predictive models, the dynamics from the data are
only stated under certain conditions, which poses some shortcomings of the generative
model and may limit its application. First, the continuously evolving linear Gaussian
dynamics of latent variables is essentially equivalent to a first-order switching vector
autoregressive (VAR) process, i.e., VAR(1) process, which may not be suitable for the case
when there are higher-order dependency relationships in the time series. Higher-order
autoregressive interactions are more common in time series data [16,17]. Furthermore,
determining an appropriate autoregressive order must trade off the model likelihood and
complexity, constituting a non-trivial task in the applications [18]. Indeed, a restricted
VAR(1) process involved in the linear dynamics of latent variables limits the ability of SLDS
to recover the higher-order dependency relationships in dynamical phenomena.

Second, the switching state transition in SLDS follows the Markov assumption, which
means that the duration time (i.e., time interval spent in a certain state) is restricted to a
geometric distribution [19]. Thus, more weight is given to shorter consecutive time periods
within a certain state, which means states switch frequently. This may not be appropriate
when the system spends a long time in one state [20]. In addition, the state transitions
are based only on the previous state and are unrelated to the latent variables. If a discrete
switch happens when the system enters a particular area of the state space, the SLDS
cannot recognize this relationship. While hidden semi-Markov model (HSMM) based
on the semi-Markov assumption is an extension of the HMM that alleviates this issue, it
should be noted that state transitions in HSMM still have no associations with the previous
observations [20].

To address the mentioned limitations, an extension of SLDS, the recurrent switching
linear dynamical systems with higher-order dependence (HO-rSLDS), is presented. The
HO-rSLDS provides a new method that improves the modeling of dynamics from complex
systems, by enabling a higher-order dependence in the linear Gaussian dynamics of latent
variables and allowing the switching state transition probabilities to hinge on the preceding
values of the latent variables. Specifically, to address the first limitation, we enhance
the generative process of latent variables by directly making the current latent variable
depend on the state values at the previous several time steps, rather than only the previous
one time step. Therefore, the proposed model is feasible for capturing the higher-order
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autoregressive relationships in the data. To address the second limitation, we utilize
the stick-breaking logistic regression to determine the switching state transition [21]. In
addition, we leverage a Pélya-gamma augmentation approach [22] to improve block inference
updating. This enhancement transforms specific logistic regression evidence potentials into
conditionally Gaussian potentials, facilitating efficient Bayesian inference procedures. In
this way, the transition of switching states is directly associated with the previous switching
state and latent variable. Moreover, since the switching states and the latent variables are
mutually interdependent in HO-rSLDS, the symmetric dependency among them is recovered,
enhancing the generative process of both switching states and latent variables.

Similar to SLDS, the exact inference in an HO-rSLDS is intractable, which impedes
efficient model estimation and parameter learning [8]. In this study, the HO-rSLDS is
learned through variational inference, which is an approximate scheme to maximize the
evidence lower bound, i.e., minimize the Kullback-Leibler divergence between a restricted
family of functions of the model parameters and the actual posterior distribution [23].
Moreover, we propose message-passing algorithms about switching states and latent
variables in HO-rSLDS to evaluate sufficient statistics for further parameter updates.

The primary contributions of the novel approach suggested in this study are out-
lined below:

1.  HO-rSLDS assumes the linear dynamics of latent variables can be described by a
higher-order VAR process, which makes it feasible to dig out and evaluate the long-
term dependency relationships from dynamical phenomena;

2. Stick-breaking logistic regression is applied to determine the switching state transition
in HO-rSLDS. By this means, the transition probabilities are time-varying and can be
adjusted according to the previous latent variable, which overcomes the limitation
of restricted geometric state duration time by Markov assumption and recovers the
symmetric dependency between the switching states and the latent variable;

3.  The Pdlya-gamma augmentation strategy permits efficient Bayesian inference algo-
rithms. In addition, we propose message-passing algorithms, including a forward
Kalman filter and backward Kalman smoother for HO-rSLDS, which facilitates the
parameter update in variational inference.

The rest of this study is organized as follows. In Section 2.3, we discuss the related
models. In Section 3, we present the model learning algorithms in detail. In Section 4, we
demonstrate the performance of the proposed HO-rSLDS on simulated data. Our method
is applied to public functional magnetic resonance imaging (fMRI) data as well, and the
results are described in Section 5. Finally, we wrap up our conclusions in Section 6.

2. Methods
2.1. HMM and HSMM

HMMs are mathematical models that analyze dynamic systems by using random
processes with hidden states. A HMM is constructed using a Markov chain and is composed
of two layers: a layer representing hidden states and a layer representing observations.
The observed sequences are allocated to their respective hidden states according to the
observation probability distribution. In the context of HMM, the observations are solely
influenced by the current state and are not influenced by any preceding states [20]. The
entire state sequence can be presented as z;.1 = {zt}thl, which can be viewed as a sequence
over a finite set Z with cardinality |Z|. The state transition probability from state i to j
is defined as 71;; = p(z¢1 = j|zt = i). The distribution of observations y; € R" given a
specific state is denoted by p(y:|zt, 6;), where 6; denotes the emission parameters of state j.
Above all, the HMM can be described as:

z¢|zp—1 ~ T4, 1)
ytlze ~ F(0z,), )

where F(-) denotes emission distribution.
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Compared to HMM, the HSMM formalism improves upon the standard HMM by
incorporating a random state length time, chosen from a state-specific distribution, into the
generative process. The state remains constant until the period elapses, at which juncture
there is a Markov transition to a fresh state. By using this approach, the distribution of state
durations is not limited to a geometric form [24,25]. The random variable D; represents the
length of time that a state is entered at time t. The associated probability mass function is
denoted as p(D¢|z; = j) and the HSMM can be described as

Us|Vs_1 ~ 7Ty, (©)
Ds ~ g(ws), 4)
Zt};:tESJrl = Vs, (5)
Y1.4bs11 |Zt;;t§’$+1 ~ F(6y,, Ds), (6)

where v; indexes the state shared by state segment s. A graphical illustration of HMM
and HSMM is shown in Figure 1. HMM or HSMM typically uses a Gaussian mixture as
the emission distribution, which fails to capture potential dependencies in observed time
series. An effective approach to tackle this problem is to employ the VAR emission model,
which describes the behavior of time series through linear historical interactions among the
observed time series. In this way, the emission model in HMM or HSMM can be specifically
expressed as:

P
Yilze =k ~ N(Z Wk,lyt—lrzk)r @)
=1

where p denotes the maximum lag order, Wy ; are n X n dimensional matrices representing
the k-th state autoregressive coefficient matrices for lag / and the covariance matrix is .
Subsequently, we refer to the H(S)MM with VAR(p) emission model as the AR(p)-H(S)MM.

(a) HMM (b) HSMM

=1 to=D,+1 ts=T—Ds+1
th =D, t'y=D,+D, t's=T

Figure 1. Graphical model of HMM (a) and HSMM (b). An HMM typically consists of two layers: a
hidden state layer based on a Markov chain and an observation layer dependent on the current state.
An HSMM enhances the generative process of the standard HMM with a random state duration
time, which is drawn from some state-specific distribution when the state is entered. K denotes the
cardinality of the hidden state space, which can be a finite or infinite value.

2.2. SLDS

A SLDS Markov process differs from a hidden Markov model (HMM) by choos-
ing from a collection of linear Gaussian dynamics that evolve continuously, instead of a
standard Gaussian mixture density as in HMM. Therefore, SLDS offers the potential for
increased descriptive capability.
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Similar to HMM, at each time t = 1,2,...,T there is a discrete switching state
zt € {1,2,...,K} that evolves according to Markov dynamics:

zen|ze {0y ~ T, (8)

{nk},lle constitutes the Markov transition matrix and 71 € [0,1]¥ is its k-th row. The z; is
assumed to be sampled from an initial distribution 7ty parameterized by prior parameter
g, i.e., z1|ag ~ 7o(ap). Furthermore, a continuous latent variable x; € R™ follows condi-
tionally linear dynamics depend on the state values with at the previous time step, and the
switching state z; determines the linear dynamical system at time ¢ by:

0 iid 0
Xt+1 = Ag[ll Xy +0t, U N N(Or QgH),l)’ (9)
where Ag% € R™>™ denotes the coefficient matrix and Qg)zl € R™*™ ig covariance matrix.

At each time t, a linear Gaussian observation y; € R" is produced from the associated latent
continuous variable:

yi=COx +w, w ' N(0,5), (10)

where C(0) ¢ Rrxm g(0) ¢ Rnxn, Usually, n is much larger than m, such that the de-
pendence structure of high-dimensional observation data can be evaluated based on the
low-dimensional latent variable space. A graphical illustration of SLDS is given in Figure 2.

SLDS

R\
|
N
V)

V\ZIJ > 2 Switching States
Ti—2 =® Ty Latent variables

O

@ @ @ Observations

Figure 2. The graphical model of the SLDS, which consists of switching states (z;), latent variables
(x¢) and observations (y;). Note that we assume it does not contain a link from z; to y;.

In classical form, however, there are some shortcomings in the generative model of
SLDS, which may limit its application. First, the continuously-evolving linear Gaussian
dynamics of x; is essentially equivalent to a first-order switching vector autoregressive
(VAR) process, i.e., the VAR(1) process, which may not be suitable for the case when
there are higher-order dependency relationships in x; or y;. Substitute Equation (9) into

Equation (10) and assume C 0)7c) = I and w; approximately zero, one can immediately
obtain the conclusion that SLDS describes the dependency relationships by a VAR(1)

process since y; = C <0>A§?)c <0)Tyt,1 + C)9,. Second, the state transition of z; follows
the Markov assumption, which means that the duration time is restricted to a geometric
distribution [19]. Thus, more weight is given to shorter consecutive time periods within
a certain state, which means states switch frequently. This may not be appropriate when
the system spends a long time in one state [20]. In addition, the state z;; transitions
based only on the previous state z¢, and z;1|z¢ is unrelated to the latent variable x;. If a
discrete switch happens when the system enters a particular area of the state space, the
SLDS will not be able to recognize this relationship. To address these issues, the proposed
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HO-rSLDS enhances the generative process of x; and the switching state transition, which
is demonstrated in the following subsection.

2.3. Recurrent Switching Linear Dynamic System with Higher-Order Dependence

In this section, we describe the proposed HO-rSLDS comprising two main components
that are switching linear dynamic systems with higher-order dependence (HO-SLDS,
without recurrence) and the stick-breaking logistic regression as well as the Pélya-gamma
augmentation for HO-SLDS. Each component is demonstrated below.

2.3.1. HO-SLDS

The switching state transition in HO-SLDS is the same as that in SLDS. However, the
continuous latent variable x; € R™ follows conditionally linear dynamics depending on
the state values at the previous p time steps, rather than only the previous one time step,
and the switching state z; determines the linear dynamical system at time ¢ by:

_ iid
Xt41 = AZH_l Xt + 0, Ut £ N(Or QZH_l)/ (11)

where ¥; = [xll, e, xlp]T € R, Az, € R™P"and Q,,, € R™ ™. Indeed, the
evolution of the latent variable dynamics in x; can be considered as a VAR(p) process. The
initial ¥y given the initial discrete state zg is supposed to be normally distributed with
mean j and covariance X, i.e., ¥ ~ N (jig, Xo). Similarly, at each time ¢, a linear Gaussian
observation y; € R" is produced from the associated latent continuous variable:

iid
yt = Ctht + wt/ wt 1'.1\' N<0/ SZ;)/ (12)

where C;, € R"™™, S;, € R™". Note that here we assume C;, and S, are related to z;.
Usually, n is much larger than m, such that the dependence structure of high-dimensional
observation data can be evaluated based on the low-dimensional latent variable space. The
system parameters consist of the discrete Markov transition matrix and the collection of
linear dynamical system matrices, denoted as:

0 = 1o U {0, X0, 7, Ak, Qks Cks Sk}llle' (13)

2.3.2. Stick-Breaking Logistic Regression and Pélya-Gamma Augmentation for HO-SLDS

Another component included in HO-rSLDS is a stick-breaking logistic regression. We
utilize a Pélya-gamma augmentation technique to improve block inference updates [21].
This approach allows certain logistic regression evidence potentials to transform to condi-
tionally Gaussian potentials in an augmented distribution, which facilitates the Bayesian
inference algorithms.

Consider a logistic regression model with regressors x € R that maps to a categorical
distribution over the switching state z € {1,2,...,K}, denoted as:

z|x ~ meg(v), v=Rx+r, (14)

where R € RK~1*M represents a weight matrix and r € RX~! denotes a bias vector. We
use a stick-breaking link function 7tsg : RX~1 — [0,1]X, which transforms a real vector into
a normalized probability vector based on the stick-breaking process:

7TSB (1/) = (7'[5]3 (V)(l), ..., TISB (V)(K)), (15)

rré]];) =o(v) [To(=v)), (16)
j<K
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fork=1,--- ,K—1and 7'(53 = Hk i ! o(—vi) where vy represents the kth component of
vand o(v) = (1+e7")~ ! is the logistic function. The probability mass function p(z|x) is
given by

p(zlx) = TT o) o (—y)T==0), (17)

where I(+) is the indicator function.

The posterior density p(x|z) is non-Gaussian and does not allow straightforward
Bayesian inference for this regression model due to the likelihood p(z|x) not aligning with
a Gaussian prior density p(x). To solve this problem, we introduce Pélya-gamma auxiliary
variables w = {wy}r_; so that the conditional density p(x|z, w) becomes Gaussian [22].
Specifically, the conditional density of wy is distributed according to a Pélya-Gamma
distribution. A random variable X has a Pélya-Gamma distribution with parameters b > 0
and ¢ € R, denoted as X ~ PG(b, ¢), if

xb 1 ¥ Sk
T 2m ; (k—1/2)2 +c2/(4m2)’ (18)

where the ¢ ~ Gamma(b, 1) are independent Gamma random variables, and where 2
indicates equality in distribution. In particular, by choosing wg|x,z ~ PG(I(z > k), vg),
we have the following:

x|z, w ~ N(Q 71,071, (19)

where the mean vector QO 1x and covariance matrix Q~1 are calculated based on
the following:

Q = diag(w), (20)
K = I(z = k) — %]I(z > k). 1)

Thus allowing efficient block updates while maintaining Gaussian posterior distribution
p(x|z) in Bayesian inference.

The HO-rSLDS splits the latent space into K sections, with each section following its
own linear dynamics by including the recurrence (Equation (17)) in the transition density
of z;, which can be described as follows:

Zt+1|Zt, Xt, RZt/th ~ 7TSB(UI)/ (22)
Vp = Ry xp + 14, (23)

Moreover, we place Gaussian priors on R, and r,,. In this way, the probability mass
function p(z;41|x¢) can be expressed as:

=
iR

P(Zt+1|xt) = O'(Vk)H(ZHl:k)o'(_yk)H(Zt+1>k)

T
—_ =

(th,k)H(ZfH:k)
B 1 (1 + eVz,k)]I(th >k)” (24)

The Pélya-gamma augmentation focuses on exactly the above densities, utilizing the
following integral identity:

e’ h e o
(1(+Zv>b =27be "/0 e “"’prc;(w\b,o)dw, (25)
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where k = a — b/2 and ppg(w|b, 0) refers to the density of the Pélya-gamma distribution,
PG(b,0), which is independent of v [22]. Combing Equations (24) and (25), p(z41]xt)
can be expressed as the marginalization of a component in the probability distribution
p(z41|xt, we), where wy € RK-1 represents a vector of auxiliary variables. Dependent on
v, there is
K-1 1 )
p(zesr, xwr) o I eXP{ T WHkVik T Kt+1,kVt,k}/ (26)
k=1
where ;41 x = I(z411 = k) — 31(z441 > k). Hence,
p(zerr, xe,wp) < N (0O T, O, (27)

where (); = diag(w;) and ;41 = (K411, ..., K+1k—1). After augmentation, the condi-
tional density on x; becomes virtually Gaussian, simplifying the evaluation of the integrals
needed for message passing during the Bayesian inference. Finally, we summarize the
proposed HO-rSLDS as

21|60 ~ 71o(ag),

%0|0 ~ N (Xo|mo, o),

Zip1|ze, X, 0 ~ mep(vt), Ve = Ryxt + 13,

X1 | %, 241, 0 ~ N (xp1| Az B, Qz, ), (28)
yelxe, zt,0 ~ N (y|Cy,xt, Sz,),

6 = {ao, to, Zo} U {Ax, Qe Cr» Sk, R, T Foey -

To learn the HO-rSLDS utilizing Bayesian inference, we assign conjugate priors to
each component of the model parameters 6, given by

7'[0‘0(0 ~ Dil‘(ﬂéo),
(Ak, Qi) 17 ~ MNIW (77),
(C, St)|A ~ MNIW(A), (29)

K-1
RelZ ~ TT M (Refl2o),

i=1
relo ~ N (relp),
where Dir and MNIW denote Dirichelet and matrix normal inverse Wishart distribution,

respectively, Ry ; denotes the ith row of Ry. A graphical illustration of HO-rSLDS is given
in Figure 3.

HO-rSLDS

Switching States

Latent variables

Observations

Figure 3. The graphical model of the HO-rSLDS, where there is higher-order dependence involved in
xt (blue) and the recurrent dependence from x;_1 to z; (red).
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3. Variational Inference of HO-rSLDS

Now we describe the model learning inference of HO-rSLDS, which is fulfilled by
variational inference. In variational inference, a parameter is inferred by maximizing the
evidence’s lower bound, hence minimizing the Kullback-Leibler divergence as well as the
variational free energy. Specifically, we denote Y := y1.7, ® := {z1.1, (Yo, X1.7), w1.T, 0},
then the following decomposition holds:

Inp(Y) = £(3(0)) +KL(3(®)[|p(©]), (30)
where
_ r(,0)
£(4(®)) = [ q(©)1og” 75a0, (31)

KLG(©)|p(©lY) = - [ g(©)105 L0 e (32)

The exact evaluation of P(ZLT, X0:T, wltT\ylzT) where Xo.T = Xo U x1.7 in HO-rSLDS
is intractable. In this study, we leverage an approximate variational inference method
to assess the approximate posterior q(z1.7, Xo.7, w1.T|y1.T) in the proposed HO-rSLDS. In
order to obtain a tractable inference, a structured mean field approximation is adopted on
the generative model, given by

q(z1.1, 0.7, wi., 0ly1.1) = 9(21.7)9(x0:7)9(01.7)9(6)- (33)
Moreover, q(wy.7) further factorizes as:

T

glwrr) =11 If[ (W) (34)

t=1k

Given the factorized forms in Equations (33) and (34), we can obtain the optimal
solution of the factorized variational posteriors by maximizing the evidence lower bound

in Equation (31), i.e., q(z1.7), 9(x0.7), 9(w1.7) and q(8), given by

Ing(zi.r) < E_pz, ) In p(z1:7, X0:7, W1:7, 0, Y1:7), (35)
Ing(xo.7) & E_g(y,,p) In p(z1:7, X0:7, W1.T, 0, Y1:7), (36)
Ing(wy.r) o ]E_q(w”) Inp(z1.1, X0.7, W1, 0, Y1:7), (37)
Ing(0) < E_;g) Inp(z1.7, X0.7, W17, 6, Y1.7), (38)

where E_,(, y(-) := ]Eq(xozT)q(wl:r)q(G) (). Hence the joint log-likelihood is

In p(z1.7, X0.T, wi.T, 0, ¥1.7) = In p(z1.7, X0.T, W1.T, Y1.7]0) + I P (0). (39)

The conditional log-likelihood In p(z1.7, X0.7, w1.T, Y1.7|0) can be written as
In p(z1.1, Xo0., Wi.T, Y1:716) =

T
Inp(z1160) +Inp(o]6) + Y [In p(z¢|xp1,z¢—1, wi—1,0)1(t > 1) + In(x¢[%;_1, 2, 6)]
=1

T

+ ) p(yelzt, x4, 0) (40)
=1

o« Inp(z1|0) — %(fo —10) " (Z0) (%0 — po)

1 & _
-3 y [(Vt—l =0 L) Ty g (v — Q7 k)I(E> 1)
=1
+ (% — Asztfl)Tin,l (x¢ — Aztftfl)}

- = Z Cztxt Sztl(]/t — Czlxt). (41)
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The exact optimal solutions for q(z1.7) and g(xo.7) will not be explicitly evaluated;
rather, we use message passing algorithms to obtain the sufficient statistics with respect
to these factors. In the following subsections, we present the involved message passing
algorithms and the detailed derivations of update formula for each factor.

3.1. Update for q(xo.7)
Since E_ () Inp(0) is not a function of x.7, Equation (36) can be written as

Ing(xo:7) & E_y(yyp) In p(z1:7, X0:7, W17, Y2:716),

1 — _
< E_g(xor) _E(XO_VO)T(ZO) 1(3‘0—]40)]

1< _ _
+E_(x0r) 3 t;(wq — O o) Ty (v — Qtlth)}
1 & N P -
+E_j(xor) 5 Y o (xi—Anxq) Q' (xr— Ay %q)
=
1¢ To-1
TE ymn) |75 Yo (e = Coxe) ' SZ (v — Coxe) |- (42)
=1

From Equation (42) it can be observed that the structure of the variational posterior
In g(xo.7) resembles the joint log-likelihood function of a time-varying linear dynamical
system with higher-order dependence (HO-LDS). Thus, the In q(xo.7) can be re-expressed as

Ing(xp.r) o — — o) " (£0) "1 (%0 — fl0)

NI= N =

e

(2t — Atft—l)TQt_l(xt — A% 1)

-
Il
—_

(ye — Cext) TS (g — Comy), (43)

-
Il

NI =
»—nr1H

and the set of variational parameters involved in Equation (43) are defined as
. o 2T AT ;AT (anT
Bor = {0 B0, (A} AQ L ACH Ly {8 }- (44)

Each component in the éxm can be precisely determined by matching the coefficients
of each term in Equations (42) and (43). Algorithm 1 outlines an efficient scheme for
this purpose.

Algorithm 1: Obtaining 9,(0;
1 fort=T:1do

2 S:t_l <_AE*‘7(XO:T) [Sz_tl} ’
3 Ct SfE—q(xO;T) [S;lcz,])
4 Qt_l —
E*Q(XO:T) [Qz_fl + CZTtSZ_thZt] - CTT‘éT_"lCT’ t=T
E—q(x():r) [szl + Zle AZTHj (j)szijAZt+j (]) + CZTrSZjlczt + RZTthRZl:| ’
— L AL (NQ A () — 6 51C t<T
5 At — QAtEfq(xO:T) [Q;lAZJ;

6 end
7 251 By (20 + 410, 45] - AT QuAy
8 ﬁO <~ ZOE—q(Xo;T) [(20)71}40];

A

Output: Oy,
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Remark 1. A, %1 = Z;;l Az, (j)x;—j where Az, (j) is defined as the submatrix of Az, associated
with x;_jin Az %1.

Thus, we perform message passing on a time-varing HO-LDS parameterized by 0y, ,
to obtain the posterior distribution q(x¢.7) and sufficient statistics used in the update for
the other factors. To be concrete, the message passing comprises the generalized Kalman
filter and Kalman smoother for the time-varing HO-LDS, which are demonstrated by
Theorems 1 and 2. To prove the theorems, we need the following lemmas [26]:

Lemma 1. If random variables X and Y follow the Gaussian probability distributions:

X ~ N (m, P), (45)
Y|X ~ N(HX +u,R), (46)

then the joint distribution of X and Y, as well as the marginal distribution of Y, are provided by

() =2 (en'cs) Gl sri +2))

Y~ N (Hm +u, HPH + R). 47)

Lemma 2. If the random variables X and Y follow the joint Gaussian probability distribution

)~ 9)

then the marginal and conditional distributions of X and Y are as follows:

X ~N(a, A),
Y ~ N (b,B),

X|Y ~ N (a+CB} (Y —b), A~ CBICT),

YIX~ N (b+CTA (X —a),B—CT4IC). (49)

Now we demonstrate Theorems 1 and 2 in turn, which provides the Kalman filter and
smoother equations about g(x¢.r) in the time-varying HO-LDS.

Theorem 1. The Kalman filter equations for the time-varing HO-LDS (Equation (43)) parameter-

ized by Oy, can be evaluated in closed form, which results in Gaussian distributions:
plxilyra) = Nl 247), (50)
p(xelyne) = N (alp™ =), (51)
p(Eilyie) = N (xil™, =), (52)

The distribution parameters can be calculated using the following Kalman filter prediction, update
and merging steps detailed in the following proof. The recursion begins with the prior mean ug' and
covariance Xy’ (i.e., flg and ).

Proof. The Gaussian filter distributions (Equations (50)—(52)) can be obtained by the fol-
lowing steps:
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1. Prediction step. By Lemma 1, the joint distribution of x; and %;_1 given yq.4—1 is

px, Xe—1ly1:e—1) = p(xe|Xe—1) p(Ze—1|y1:0-1)
= N (x| Arziq, QAt)N@tlegTi,ZgTi)

— j\/( (ff1> y(l),z(l))’ (53)
Xt

yu):(ffi"i ) Zu):(FET{ AT ) (54)
A™) Az AzMAT + O

and by Lemma 2 the marginal distribution of x; is given by

where

plxlyre) = NGl 2), (55)
where
WP = Al T = AEAT + 0 £
2. Update step. By Lemma 1, the joint distribution of y; and x; given y1.;_1 is

p(xt, yelyre—1) = p(yelxe) p(xely1:e-1)
= N (| Coxt, SON (x| uP), 7))

(=)

]1(2)2 Agp) , »(2) — AZEP) . ZE”A)C;F ). (58)
Cenl?) ez GErET + 4

By Lemma 2 the conditional distribution of x; given y1.; is

where

p(xelye, yae—1) = p(xelyae)

_ N(xt|y("),2(”)), (59)

where
p = + =P ENCEPE + 807 i - Cnl?), (60)
20 —xP) _xPeT(GEPe +§)ex. (61)

3. Merging step. By Lemma 1, the joint distribution of ¥;_1, x¢, ¥ given y1.4_1 is

p(Xi—1, %t Yelyre—1) = p(yelxe) p(xe, B -1ly1:-1)
_ N(étxt, §t)N( (ftl) ‘V(l),2(1)>/

Xt
X1
= xt
Yt

u®, z<3>) , (62)
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where
3 m
ey (o
n® = ﬂé; =1 Am™ | (63)
) Cidn™)
3 3 3
o_(2h 3 I
S b T
Yy Xy Iy
=) " A nATC
= | A="}  AMAT + 0 (Az"AT +00¢T |- 6y
Ct/ltat(i”l) Ct(AtZETiAT + Q) Ct(AtZET; Al + QG + 5
By Lemma 2, the conditional distribution of %;_; and x; given y1.; is
p(Xe—1, Xt |y, Yae—1) = p(Ze—1, Xe|y1:t)
- N( _t—llxt|,u(4)/2(4))/ (65)
where
©) 5 (3)
n = <V%3)> + ( %§)>(Z§§))_l(yt—ﬂég))f (66)
Ha X3
3)
3 x 3)\—
0 ) - (55 ) (=0 =), @)
23
Finally, the marginal distribution of %; is
= = N(x (m) Z(m)
p(xelyre) = N (Zeluy ', Z7)
= N (% (20), 2 (5,)), (68)

where ¥ (%;) and Z* (%;) are marginal mean vector and covariance matrix of %;. [J

The Kalman filter for the time-varying HO-LDS in Theorem 1 calculates the estimates
based on measurements collected up to and including time step ¢. After obtaining the
filtering posterior state distributions, Theorem 2 outlines the results for calculating the
marginal posterior distributions for each time step based on all data up to the final time
step T, which is described as the following;:

Theorem 2. The Kalman smoother equations for the time-varing HO-LDS (Equation (43)) parame-
terized by Oy, can be evaluated in closed form, which results Gaussian distributions:

p(xelyrr) = N (xe] ™), =), (69)
p(Zt|yr.T) = N(ft\VESZ)th(SZ))/ (70)
(%1, xelyrr) = N (1, xe) [, £09)). (71)

The smoothing distribution and filtering distribution of the last time step are identical, allowing for
the recursive computation of the smoothing distribution for all time steps by beginning from the last
step and moving backward.
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Proof. Firstly by Lemma 1, the joint distribution of ¥;_1 and x; given y1.;_1 is
p(xt, Fe—1|y1e—1) = p(xe|®e—1) p(Ze—1|y1:0-1)
= N (x| Arziq, QAt)N@tlegTi,ZgTi)
— Y1) |,0) v
N((xt>y , 2 ), (72)
where
) — ( Jo ) 51 — ( =" ZMAT ) 73)
A" A" AEMA + &
According to the Markov property of the states, we obtain
p(Zi-alx,yrr) = p(T-lxe, i) (74)
Therefore, we have the conditional distribution as
p(Zi-1lxeyrr) = p(Ze-alxt,yi-1),
= N (% q|#®,20)), (75)
where
G = =" AT (A" Al + Q)
A = VE |+ Gi(xe — Amﬁ )
$@ —xm _ G, Az (76)
Then, the joint distribution of ¥;_1 and x; given all the data is
p(Xi-1, xtlyr.T) = p(%— 1\xt,y1 7)p(Xt|y1.T)
= N lp®) SN (™, 2
_ N( (x ) z“”) 77)
where
(s1) (m) _ ~ & ..(m)
) = (Gt” TS GtA”*f-l), (78)
My
(s1) ~T (2) y(1)aT
5 = (Gtz G(J 52 x! (Slc);t > 79)
e =
Thus, the marginal distribution of ¥;_; is given as
p(%alyrr) = Nz |pf?, =), (80)
where
u = G + ™) - GiAm"), (81)
=) = GGl + 5@, (82)
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The p(x¢_1|y1.7) will be directly obtained from p(%;_1|y1.7). Therefore, we have derived
the concrete expressions of the Gaussian smoother distributions (Equations (69)~(71)). O

Thus, we can obtain the posterior distributions of q(xo.7|y1.7) as well as the expecta-
tions involved in the update for the other factors, which are Ey ) (xt), Eq(x,1) (xtx] ) and
E . (J?th )

7(xoT) t+1
3.2. Update for g(w1.T)

g(w1.T) can be updated using a closed-form expression by the Pélya-gamma augmenta-
tion. Equations (37) and (41) results in the following update for q(wy.t) = [T}, H]Ifz_ll g(wrg):

Ing(wii) < E_ g0y Inp(ze41, wifxr)
*<E_ (. In p(zpi1|wr, x¢) + E_ g In PG(wix|I(zi41 > k),0).  (83)

Since E_ (¢, Inp(ze11|wr, xp) o< — %E_q(wlj) (V?,k)wt,k/ we have

q(CUt,k) = PG(CUt,k “Eq(Zl:T)H(Zt*Fl > k)/ ]E—q(wl:’r) (Vtz,k) ) * (84)

Moreover, the expectation of the posterior Pélya-gamma distribution is available in closed
form [22]:

E,, yL(zes1 > k) 1
q(z1.p) " \=H+1 2

tanh|=E_ ., a0 (Vip) |- (85)
2y (21r)g(erir)a(0) (Vi) 2 e

E(Wt,k) =

3.3. Update for q(z1.7)

Since E_, (., ,)Inp(0) is not a function of z;.7, Equation (35) can be written as

Ing(z1.1) < E_g(;, oy Inp(zir, xo.7, wr.T, Y1:7(0)

T T

<E_ 400 |In p(z116) + t;ln p(zt|xt-1,z¢-1,wp-1,0) + t; In p(xt|zt, 9)] - (86)

From Equation (86) it is evident that the resulting factor g(zj.7) has the form of an
HMM parameterized by g(x1.7,w1.1,0), and the expected sufficient statistics required
for updating the other factors can be obtained by message passing algorithms. We de-
fine In 7, := E—q(zlq) Inp(z110), Ina,,z,,, = ]E—q(zlq) In p(zs11|zt, xt, wi, 0), In Ezt(xt) =

E_q(zl:T)
have

In p(xt|zt,0) and the set of the HMM parameters is denoted as 8, .. Thus, we

T T

Ing(zy.r) < Iny + Y Indy, o (F—1)+ ) Inby, (x;). (87)
t=2 t=1

Note that the densities p(z1|0), p(z+1|zt, xt, wt, 0), p(xt|zt,0) belong to the exponential
family, these expectations can be evaluated in closed form. The computation of the HMM
parameters by Equation (86) is summarized in Algorithm 2.

We apply a standard forward-backward algorithm for an HMM where the forward
recursion is:

K

(i) := p(z¢ = i|x1y) o< bi(x) Eﬂétfl(]'), (88)
i=
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where a1 (i) o« 7;b;(x1) and the backward recursion is:

K
Bi(i) == p(xprr|ze = 1) o< ) Be(f)bj(xe) i (1) (89)
j=1
Algorithm 2: Obtaining éZm
1 fork=1:Kdo
2 g o exp{]Eq(Zl)(ln p(z1 = k\@))}
3 end
4 fori,j=1:Kdo
5 fort =1:Tdo
6 a;j(t) o exp{ — 3 L Eg ) Inw; — %Eq(wbxt,é}) (x/ R QuRxt)—
7 B (wrx0) (% R weri — %/ Rl x(zp1 = f)) —
5 LE .0 [ (ri = O k(210 = )T (i = O k(2100 = )] }
9 end
10 end
1 fork=1:Kdo
12 fort =1:Tdo
|| Ben) ocexp {0 [~3In1Q — §(x = Akkio1) T Qulwn — A1) }
14 end
15 end

Then we can obtain the sufficient statistics used in the update for the other factors
using the following equations:

Yi(i) == plzr = ilxr.r) o< ar(i)Be(i), (90)
&e(i,]) == p(zt = i, 241 = jlxrr) o ar(0)a;j(£)bj(xp41) B (j)- 1)

3.4. Update for q(0)

Given the sufficient statistics of g(z1.7) and g(x1.7) obtained by message passing, the
conjugate posterior distribution of the model parameters can be updated in closed form
by evaluating Equation (38). For each parameter, we present the optimized variational
distribution in the following:

e Update q(mp). Simplifying Equation (38) and extracting the terms related to 7y, we
have

Ing(7o) & Eg(_g) In p(z116) + In p(70), (92)
which results in
q(mo) ~ Dir(7o|ap), (93)
where af) = "‘6,1/' "f"‘é,k' . "/D‘(/),K] € RK and

agx = o+ 11(k), (94)

gk are prior parameters of p(7p).
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Update (po, Xo). The posterior (o, o) can be obtained by the expectations of g(xo.7),
given by
Ho < Eyxpp) (%0), (95)
X0 E’/](XO:T) (fofJ) - ]/lo(“uo)T. (96)

Update g(Ag, Q). Simplifying Equation (38) and extracting the terms related to
(Ag, Qx), we have

Ing(Ay, Q) o

Zt 1’)’t( )

L In|Qxf — 5 Z ve(k) (xr — A1) T Qp (e — AgErq)

+ lnp(Ak/ Qk)/ (97)

which results in

q(Ax, Qx) ~ MNIW (A, Qclr), (98)
where 77; := {M,E”/),<I>,(;7,),tl(jl),Al(;7,)},
’7l) (p+1)m+1 1 ) A1
(AL Q) & QI oxp { — 3 (a0, )

~ 5Tl - Mo A ML o9

The variational posterior parameters can be optimized as
T -1
(I)I(cn ) — <(q>l(<’7))1 +tzlEq<xO:T>(’)/t(k)ft_1f;r1)) ,

() () () S (),
Mk;7 = (qu (qu” )_1 + ZEq(xo;T) (’Yt(k)xtx: 1)>CD !
t=1
! T ! ! !
A]((’?) _ A]((’]) + ZEQ(XU;T) (’)/t(k)xtxt )+M( )(@( ))71(M}(€’7))T . M}({’? )((Dl(cﬂ ))71(M}(<’7 ))T’
t=1
) T
="+ Y mlv), (100)
t=1

where Mlgn), CDI(:]), t,((v), A](j) are prior parameters of p(Ay, Qx).
Update q(Cy, Si). Simplifying Equation (38) and extracting the terms related to (Cy, Sg),
we have

Inq(Cy, Sg)

Y1k 1& _
E_q0) _%t() In[S| — 3 t;(% — Cext) S (e — Crxr)
+1np(Ce, S6), (101)

which results in

q(Ck, Sk) ~ MNIW(Ck, Sk|)\;<), (102)
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Where )L;( = {MIE)\’),(D](C)\’), l]({A,),AI(C/\/) },
t(A’)+(p+l)m+1 1 ,
_ g HpADmA1 -
q(Cr, Sg) o [S¢| 2 exp { —5 Tr(A]SA )Sk 1)
1 )\/ _ )L/ B /\l
-5 T @) e - M) T (G — My )ﬂ}- (103

The variational posterior parameters can be optimized as
T -1
A A)y—
o) = ((@,E REEDY Eq(mﬂ(%(k)xtxm) :
t=
! T !
M) = <M£” (@) + L By (K )) o,
! T ! ! !
)= a1+ Lol + Y 00T )
t=
, T
t,((/\) = llsA) + Z 7i(k), (104)
=1

where M,EA), @,9), t,({/\), A,({A) are prior parameters of p(Cy, S).

Update q(Ry). Simplifying Equation (38) and extracting the terms related to Ry,
we have

Ing(Ry) o

171 B B
E 40|35 Y v (k) (Rexe + 1 — O Tiepn) T (Rexy + 1 — O M)
=1

K-1
+ ) Inp(Ry), (105)
i=1

which results in

K-1

q(Rg) ~ [ TN (R,

i=1

ki) (106)

@) 5@

where {} ; 1= { M X }, which can be optimized as

-1

’ -1 T
Zl(ci) — <Zl<ci>> + Z ]Eq(wl:Ter:T) <Xt’)/t (k)Qt/ixtT> , (107)
=1
@) _ @) | @O\ ©
Hri” = Zk,i ; Eq(wl:T)q(x():T) ('n(k)ﬂt,th,k,ixt) + <Zk,z’ ) My i }r (108)
_ T_ -1
Hix = [Hig1, s Higio o Hex-1l = Eg(rogtan) (”k - Kt+1)r (109)

and y,(fi), Zl(fi) are prior parameters of p(Ry ;). To derive Equation (107), just note that
R;QtRk = Zf;ll Rk,iQk,iRkT,i and use the matrix trace.

Update q(ry). Simplifying Equation (38) and extracting the terms related to i, we
have

Ing(ry) o
1 1 T 1
E 40|53 Y ve(R) (Rexe + 1 — O ien) T Qe (Rexe + 1 — QO M)
t=1

+1Inp(ry), (110)
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which results in
q(re) ~ N (relop). (111)
where p; := { y,(f /), Zl(f ) }, which can be optimized as
o) _ (s L5 B
) = (zkp ) + Y Eq(wm(%(k)ot)} , (112)
=1
/ / -1 T-1
=2 [(5) 0+ B (100 (05 w)) | 19
t=1
where 1", 2.¢) i t £
uy X, are prior parameters of p(r).

3.5. Initialization

To obtain a reliable variational inference, we initialized the model parameters and

latent states with reasonable values by using the following initialization procedure:

1.

2.

Probabilistic Principal Component Analysis (PPCA) [27] is conducted on the data, to
initialize the continuous latent variables, xo.7 and the parameters C;

Fitan AR(p)-HMM to initialize the switching states, z1.7 and the parameters, { A, Qx }.
The autoregressive order, p, is determined by AIC, BIC, and HQ criterion;

To alleviate the possible and undesirable dependence on ordering that arises from the
stick-breaking formulation during the inference, we adopt a strategy of greedily fitting
a decision list [21] to identify the most suitable permutation of the switching states for
the stick-breaking process. Specifically, we start by performing a greedy search on
permutations by creating a decision list based on (x4, z¢), z;+1 pairs, given by

op ifpy

0r if -p1 N p2
21 =1 : (114)

ok ifNE 1 (=py)

where (01,...,0k) is a permutation of (1,...,K), and py, ..., px are predicates that
rely on (x¢,z¢) and provide a true or false. In our framework, these predicates are
defined by logistic functions:

pj = U(ROT,]-xt) > ¢, (115)

where ¢ € (0,1) should be predetermined. To determine 01 and r1, we used the
maximum a posteriori estimate of the model for each of the K potential states. For
the kth logistic regression, the inputs are xo.7 and the outputs are y; = I(z;11 = k).
We chose the logistic regression model with the largest likelihood as the first output.
Then we excluded time points where z;,1 = 01 from the data and proceeded to K — 1
logistic regressions to predict the subsequent output, 02, and so on. After cycling
through all K results, we obtained the permutation of z;.7. In addition, the {RO,]- }]1:11

served as an initialization of the recurrence weights (R).

4. Numerical Experiments

To investigate the performance of the proposed HO-rSLDS, we generated synthetic

datasets through the following steps:
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Value

Benchmark model settings.We take AR-HSMM as a benchmark model to generate
synthetic time series. Specifically, the dimensionality of the synthetic time series
is n = 5, and the total length is T = 1000. The state number is K = 3, and the
autoregressive order p takes values {1,2,3}.

Generating (Ag, Q). (Ag, Qx) corresponds to the emission parameters involved in
the VAR process of latent variables x; (Equation (11)). The autoregressive coefficient
matrices Ay are generated with 50% sparsity (defined as the proportion of the zero
elements), i.e., 50% of the elements in A; are 0. The non-zero elements of Aj are
generated to be positive or negative with equal probability, and their absolute value is
sampled uniformly between 0.2 and 0.5. The covariance matrices Qy are generated
as Qx = PkT diag(cy, . ..,04) Py, with P, being an orthogonal matrix and o; assumed
positive. The matrix Py is constructed by orthogonalizing a random matrix whose
entries are simulated from a standard Normal, while each ¢; is uniformly sampled
in the interval [1,3]. Additionally, a rejection step is done to check that the sampled
(A, Q) constituted a stable VAR process.

Generating switching state sequence z1.7. To generate z1.7, we set the state transition
probabilities T t0 0.5, for j # k = 1,2,3. Note that in an HSMM, the self-transition
probability is 0. Furthermore, we simulate the state duration time in two cases.
In the first case, the state duration time is sampled from a geometric distribution
(the between-state transition probabilities are set to 0.1). In the second case, the
state duration time is directly sampled from {1,...,10} with specified sampling
probabilities. Since the second case does not correspond to a parametric distribution,
we denote these two cases as geometric and nonparametric, respectively. In addition,
the initial state is uniformly sampled from {1, ...,10}.

Generating (Cy, S¢). (Cy, Sx) corresponds to the emission parameters generating the
Gaussian observations y; (Equation (12)). We generate (Cy, Sy) in the same manner as
(Ak/ Qk)

Repeat the above procedure 100 times to obtain 100 synthetic data by setting different
random seeds when generating (A, Qk, C, Sk)-

Figure 4 displays all dimensions and the true state sequence of one synthetic dataset.

0 50 100 150 200
Time

Figure 4. Simulated time series with dimension d = 5 and total time points T = 1000 (the last
200 time points are exhibited). The five dimensions are displayed in different colors. The color
intervals indicate the state sequence.
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We investigated the performance of HO-rSLDS by comparing with the competing
models, while the estimation accuracy is evaluated by the normalized mean squared error
(NMSE) between the true and estimated emission model parameters and the signal-to-noise
ratio (SNR) of the inferred optimized switching state sequence (£1.7), given by

1 & NIG — Celle
NMSE = - ) 1%k~ ~klF (116)
K& IGr
T _ 2
SNR = Zi=t 1zt =2) H(;t =), (117)
where || - ||r denotes Frobenius norm, C and 2.7 are estimated values. For AR-HMM, the

NMSE is evaluated based on the true and estimated VAR emission parameters. To obtain
21,7, we set £; = argmax y¢(k). In addition, we avoid the optimization about discrete state

number (K) and thekdependence order (p) in HO-rSLDS by directly setting them to the
true value.

The results of estimated NMSE and SNR for the three models are summarized in
Tables 1 and 2, respectively. It is observed that HO-rSLDS outperforms AR-HMM and
SLDS with lower average NMSE and higher average SNR for all the autoregressive orders
and state duration distribution combinations. In addition, when p = 1, for both geometric
and nonparametric state duration, SLDS outperforms AR-HMM slightly, which may be
because the synthetic data are generated by a simulated extensive SLDS structure. However,
when p > 1 and there is long-term dependence involved in the latent variables or observa-
tion data, it is just the opposite, since AR-HMM with higher p can capture the temporal
relationships in the observation data while SLDS cannot. Moreover, when the transition of
the underlying discrete states is characterized by a nonparametric duration distribution,
the estimation accuracy of AR-HMM and SLDS is reduced, while HO-rSLDS remains stable
with good estimation accuracy. This is because state transitions in both AR-HMM and
SLDS are characterized by a Markov assumption and restricted to geometric duration
distribution. Thus, more weight is given to shorter consecutive time periods within a
certain state, which means the regimes switch frequently, which may not be appropriate in
cases without sufficient prior information about a geometric state duration. By comparison,
HO-rSLDS exhibits robustness to the state duration distributions since it improves the
state transition by leveraging the stick-breaking logistic regression. The current state z;
no longer depends on only the preceding state z;_1, but also the latent variable x;_1, and,
furthermore, the previous observations.

A more exhaustive comparison is illustrated in Figure 5 where HO-rSLDS outperforms
the competing models with better estimation accuracy and statistical significance in all the
cases (t-test, ** p < 0.01).

Table 1. NMSE derived from AR-HMM, SLDS, and HO-rSLDS based on the synthetic time series
with different state duration distribution and autoregressive order in the generative model. All the
results are the average of the 100 experiments (mean = std).

NMSE p=1 p=2 p=3
AR-HMM 0.25 £ 0.06 0.33 = 0.07 0.37 & 0.09
Geometric SLDS 0.23 £ 0.05 0.39 £+ 0.09 0.44 +0.11
HO-rSLDS 0.16 &= 0.04 0.17 £ 0.05 0.20 £ 0.06
AR-HMM 0.32 + 0.07 0.41 £+ 0.09 0.48 +0.11
Nonparametric SLDS 0.31 4+ 0.09 0.44 +0.11 0.49 +0.13

HO-rSLDS 0.18 + 0.06 0.20 + 0.05 0.21 £ 0.06
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Table 2. SNR derived from AR-HMM, SLDS, and HO-rSLDS based on the synthetic time series with
different state duration distribution and autoregressive order in the generative model. All the results
are the average of the 100 experiments (mean =+ std).

AR-HMM 0.79 £ 0.08 0.76 £ 0.07 0.69 £ 0.08

Geometric SLDS 0.85 4 0.06 0.68 & 0.09 0.64 & 0.09
HO-rSLDS 0.93 £ 0.04 0.92 £+ 0.05 0.90 & 0.05

AR-HMM 0.73 £ 0.08 0.65 & 0.07 0.59 +0.10

Nonparametric SLDS 0.80 £ 0.06 0.60 &= 0.09 0.54+0.11
HO-rSLDS 0.91 £ 0.04 0.87 £0.05 0.86 & 0.05

(a) NMSE derived from the three models
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Figure 5. Box-plot of NMSE and SNR derived from AR-HMM, SLDS and HO-rSLDS based on the
100 numerical experiments. HO-rSLDS outperforms the competing models with significant lower
NMSE and higher SNR on average for all the autoregressive order and state duration distribution
combination. (f-test, ** p < 0.01).

5. Dynamic Functional Connectivity Analysis in fMRI Data

To show that HO-rSLDS can also work well with real-world data, we evaluate the
performance of HO-rSLDS by comparing it with standard SLDS based on public functional
magnetic resonance imaging (fMRI) data. The data are collected in the Human Connectome
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Project (HCP) 1200 Parcellation Timeseries Netmats (HCP1200-TPN) dataset (Available
at https:/ /www.humanconnectome.org, (accessed on 6 March 2024)). Please see [28] for
a detailed explanation of the entire acquisition protocol. In this study, we apply HO-
rSLDS to data from 20 unrelated subjects with dimension d = 15 and times series length
To = 4800 for each subject included in the HCP1200-PTN release to perform dynamic
functional connectivity (DFC) analysis, which can be used to analysis the dynamical
temporal coherence among endogenous fluctuations in distributed brain regions [29,30]. In
general, HO-rSLDS and SLDS assume that there are metastable states with characteristic
connectivity pattern in the brain, while the connectivity pattern can be represented by the
statistical correlations directly. Specifically, by Lemma 1, the functional connectivity pattern
of state k in HO-rSLDS and SLDS can be obtained as

Y ve(k) [EC (Exex] — ExiEx/| )EC] + ESy]
Ty 7e(k)
In addition, there are two unknown parameters: the state number K and the depen-

dence order p. We use the mixture minimum description length (MMDL) considering
optimal code lengths for each state in a mixed model [31], given by

DEC,

. (118)

K
MMDL(K) := —In L(K) + %ln(T)K(K -1+ ) %m(mk)d% (119)
k=1

where £(K) is the variational lower bound evaluated during the model inference and
Yk := L1 7¢(k). The concept of MMDL may be elucidated by the minimal description
length principle in [32]. The state number K is determined by minimizing the MMDL on a
specified list of K. In addition, we fit VAR model on the fMRI time series and the optimal
dependence order p will be determined by AIC, BIC and HQ criteria [33], given by

AIC := In(det(%)) + ﬁ, (120)
BIC := In(det(2)) + M, (121)
HQ := In(det(Z)) + w, (122)

where £ is the estimated covariance matrix of noise in VAR model. To avoid the model order
too large to permit feasible computation, we choose the lag order on the condition when
AIC/BIC/HQ show no further substantial decreases at higher orders [34]. As illustrated in
Figure 6, we set K = 4 according to the minimal MMDL and p = 4 since the downward
trend of AIC, BIC and HQ tends to be flat with higher order.

In Figure 7, we present the DFC patterns derived from the proposed HO-rSLDS and
the standard SLDS. The 15 brain regions producing the fMRI time series are indexed by
numbers 1 to 15. The states are ordered by their fractional occupancy (defined as the
percentage of time allocated to that specific state); it is evident that the 4 states from SLDS
have a more average fractional occupancy distribution. Moreover, it is observed that DFC
patterns derived from SLDS are more similar than those from HO-rSLDS, where there is
only a slight difference in DFC patterns between State4 and the other three states from
SLDS. We use cosine similarity to measure the difference of the DFC patterns characterized
by each state, given by

Tr(F )
cos(F, b)) = ———4—, 123
(B B) = TR (123)

where F; and F, are square matrices. By this means, the averaged cosine similarity for
SLDS is 0.9189 while that for HO-rSLDS is 0.6731. Although the real DFC patterns of
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this fMRI data are unknown, compared to standard SLDS, HO-rSLDS can indeed dig out
more information about the DFC patterns by the model superiority. For example, the
State4 in HO-rSLDS, with the lowest fractional occupancy, can be considered as a strongly
connected state where the absolute functional connectivity is significantly larger than that
of the other three states. Moreover, compared with standard SLDS, there is significantly
positive or negative functional connectivity in the four states derived from HO-rSLDS.
In addition, there is similar functional connectivity between Statel and State2, which
results in a higher cosine similarity than the averaged value for HO-rSLDS (0.7776). The
similar functional connectivity is not exhibited obviously in State3 (such as the negative
connectivity between region 8 and regions 11, 12, 13). However, these findings cannot be

obtained by standard SLDS.

(a) State number determined MMDL
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Figure 6. (a) State number (K) determined by MMDL. The best K = 4 is chosen with respect to the
minimal MMDL. The y-axis has been logarithmically scaled to highlight the variation. (b) Dependence
order p is determined by AIC, BIC, and HQ criteria. The ideal p is set to 4 since there is no further
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6. Conclusions

In this study, we have established a new method named HO-rSLDS as an extension of
SLDS that improves the statistical modeling of dynamics from complex systems. First, HO-
rSLDS addresses the problem of discovering a higher-order temporal dependence involved
in the latent variables or observation data by allowing the current latent variable to be
associated with the measurements of several previous time steps as in AR-HMM. Second,
HO-rSLDS improves the switching state transition by utilizing stick-breaking logistic
regression and Pélya-gamma augmentation, making the transition dependent on the latent
variable and thus overcoming the limitations of the Markov assumption, leading to a
geometric distribution of state durations. Moreover, the symmetric dependency between
the switching states and the latent variable is recovered from the asymmetric relationships
as in standard SLDS. We have presented the detailed inference algorithms of the HO-rSLDS
for message passing and parameter learning. In numerical experiments, we concluded
that HO-rSLDS outperforms the competing models with higher estimation accuracy and
robustness. The utility and versatility of the developed HO-rSLDS have been demonstrated
on real-world data as well. The application of fMRI data for DFC analyses indicates the
superiority of the method in discovering abundant information about DFC patterns. A
potential limitation of the proposed HO-rSLDS is that the state number and dependency
order need to be predetermined in applications, while the hyperparameter optimization is
always a non-trivial task. Future research will improve the proposed model by utilizing
Bayesian nonparametric methods so that the complicated hyperparameter optimization
can be efficiently avoided [35]. The proposed model improves the current methods for
learning the switching linear dynamical modes, which will facilitate the identification and
assessment of the dynamics of complex systems.
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Abbreviations

The following abbreviations are used in this manuscript:

SLDS Switching linear dynamical systems

HO-SLDS  Switching linear dynamical systems with higher-order dependence
HO-rSLDS  Recurrent switching linear dynamical systems with higher-order dependence
HMM Hidden Markov model

VAR Vector autoregressive

AR-HMM  Autoregressive hidden Markov model

AR-HSMM  Autoregressive hidden semi-Markov model

NMSE Normalized mean squared error
SNR Signal-to-noise ratio
fMRI Functional magnetic resonance imaging

DFC Dynamic functional connectivity
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