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Abstract
With large and growing datasets and complex models, there is an increasing nced for
scalable Bayesian inference. We describe two lines of work to address this need.

In the first part, we develop new algorithms for inference in hierarchical Bayesian
time series models based on the hidden Markov model (HMM), hidden semi-Markov
model (HSMM), and their Bayesian nonparametric extensions. The HMM is ubiquitous
in Bayesian time scrics models, and it and its Bayesian nouparametric extension, the
hierarchical Dirichlet process hidden Markov model (HDP-HMM), have been applied in
many settings. HSMMs and HDP-HSMMs extend these dynamical models to provide
state-specific duration modeling, but at the cost of increased computational complexity
for inference, limiting their general applicability. A challenge with all such models is
scaling inference to large datasets.

We address these challenges in several ways. First, we develop classes of duration
models for which HSMM message passing complexity scales only linearly in the ob-
servation sequence length. Second, we apply the stochastic variational inference (SVT)
framework to develop scalable inference for the HMM, HSMM, and their nonparamet-
ric extensions. Third, we build on these idecas to define a new Bayesian nonparametric
model that can capture dynamics at multiple timescales while still allowing efficient
and scalable inference.

In the second part of this thesis, we develop a theorctical framework to analyze a
special case of a highly parallelizable sampling strategy we refer to as Hogwild Gibbs
sampling. Thorough empirical work has shown that Hogwild Gibbs sampling works
very well for inference in large latent Dirichlet allocation models (LDA), but there is
little theory to understand when it may be effective in general. By studying Hogwild
Gibbs applied to sampling from Gaussian distributions we develop analytical results as
well as a deeper understanding of its behavior, including its convergence and correctness
in some regimes.

Thesis Supervisor: Alan S. Willsky
Professor of Electrical Engineering and Computer Science
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Chapter 1

Introduction

As datasets grow both in size and in complexity, there is an increasing need for rich,
flexible models that provide interpretable structure, useful prior controls, and explicit
modeling of uncertainty. The Bayesian paradigm provides a powerful framework for
approaching such modeling tasks, and in recent years there has been an explosion of new
hierarchical Bayesian models and applications. However, efficient and scalable inference
in Bayesian models is a fundamental challenge. In the context of large datasets and
increasingly rich hierarchical models, this inference challenge is of central importance
to the Bayesian framework, creating a demand both for models that admit powerful
inference algorithms and for novel inference strategies.

This thesis addresses some aspects of the Bayesian inference challenge in two parts.
In the first part, we study Bayesian models and inference algorithms for time series
analysis. We develop new efficient and scalable inference algorithms for Bayesian and
Bayesian nonparametric time serics models and we discuss new model genceralizations
which retain both effective algorithms and interpretable structure. In the second part,
we study a highly parallelizable variation on the Gibbs sampling inference algorithm.
While this algorithm has limited thceorctical support and does not provide accurate
results or even converge in general, it has achieved considerable empirical success when
applied to some Bayesian models of interest, and its easy scalability suggests that it
would be of significant practical interest to develop a theoretical understanding for when
such algorithms are effective. We develop a theoretical analysis of this sampling infer-
ence algorithm in the case of Gaussian models and analyze some of its key properties.

B 1.1 Efficient models and algorithms for Bayesian time series analysis

Bayesian modeling is a natural fit for tasks in unsupervised time series analysis. In such
a setting, given time series or other sequential data, one often aims to infer meaningful
states or modes which describe the dynamical behavior in the data, along with sta-
tistical patterns that can describe and distinguish those states. Hierarchical Bayesian
modecling provides a powerful framework for constructing rich, flexible models based
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on this fundamental idea. Such models have been developed for and applied to com-
plex data in many domains, including speech [30, 68, 18] behavior and motion [32, 33,
51], physiological signals [69], single-molecule biophysics [71], brain-machine interfaces
[54], handwritten characters [67], and natural language and text [44, 70]. At their core,
these models are built on a Bayesian treatment of the ubiquitous Hidden Markov Model
(HMM), a model structure which provides both a coherent treatment of the notion of
state and temporal dynamics as well as efficient inference algorithms based on dynamic
programming and message passing.

A significant advancement for such general-purpose models was the development of
the Bayesian nonparametric hierarchical Dirichlet process hidden Markov model (HDP-
HMM) [106]. The HDP-HMM allows the complexity of the model to be learned flexibly
from the data, and indeed allows the complexity of the representation to grow with the
amount of data. However, in the case of the HDP-HMM the flexibility of the Bayesian
nonparametric prior can lcad to models with undesirably rapid switching dynamics, to
the detriment of model interprctability and parsimony. The first work to address this
issuc was the development of the Sticky HDP-HMM, which introduced a global bias
to encourage state persistence [31, 30]. In Johnson and Willsky [60] we generalized
the Sticky HDP-HMM to the hierarchical Dirichlet process hidden semi-Markov model
(HDP-HSMM), integrating work on HSMMs to allow arbitrary state-specific duration
distributions in the Bayesian nonparametric setting. However, as with other HSMM
models, explicit duration modeling increases the computational cost of inference, scaling
quadratically with the observation sequence length while the cost of HMM inference
scales only linearly. This increased computational complexity can limit the applicability
of both the HDP-HSMM and the Bayesian HSMM even when non-gcometric duration
distributions provide a better model.

An additional challenge for all such Bayesian time scrics models is scaling inference
to large datasets. In particular, the Gibbs sampling and mean ficld algorithms developed
for the HMM and HSMM, as well as their nonparametric extensions, requirc a complete
pass over the dataset in each iteration and thus do not scale well. In contrast, recent
advances in scalable mean field methods require only a small number of passes over
large datasets, often producing model fits in just a single pass. However, while such
mcthods have been studied extensively for text topic models [53, 115, 17, 114, 92, 52],
they have not been developed for or applied to time scries models.

In this thesis we address these inference challenges in several ways. To address
the challenge of expensive HSMM inference, in Chapter 4 we develop a framework for
computing HSMM messages efficiently for some duration distributions. In particular,
we derive message passing recursions for HSMMs with durations that are modeled
as negative binomials or mixtures of negative binomials for which the computational
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complexity scales only linearly with the observation sequence length. We also give an
HSMM Gibbs sampling algorithm which exploits this efficient structure.

To address the challenge of scaling inference to large datasets, in Chapter 5 we de-
velop stochastic variational inference (SVI) algorithms for the Bayesian HMM, HSMM,
and their nonparametric extensions. In addition, we build on the framework of Chap-
ter 4 to develop fast approximate updates for HSMMs with negative binomial durations.
We show that, as with SVI for topic models, the resulting algorithms provide speedups
of several orders of magnitude for large datasets.

In Chapter 6 we build on these ideas to develop a Bayesian nonparametric time series
model that can capture dynamics at multiple timescales while maintaining efficient and
scalable inference. This model is applicable to settings in which the states of complex
dynamical behavior can be decomposed further into substates with their own dynamics.
Such behavior arises naturally in the context of speech analysis, where we may wish to
model dynamics within individual phonemes as well as the dynamics across phonemes
[68, 18], and in the context of behavior analysis, where complex movements can be
decomposed into component parts [51, 32]. While this model is significantly more
complex than the HDP-HMM or HDP-HSMM alone, we show how to compose the
ideas developed in Chapters 3, 4, and 5 to develop both cfficient Gibbs sampling and
scalable SVI inference.

B 1.2 Analyzing Hogwild Gaussian Gibbs sampling

Taking a broader perspective on scaling Bayesian inference, it is clear that some of
the workhorse Bayesian inference algorithms cannot scale to large datasets for general
models. Sampling methods in particular have proven to be hard to scale, and while there
is considerable ongoing work on scalable sampling inference [116, 42], new strategies
must be developed and analyzed.

Some lines of work aim to parallelize the computation of sampling updates by ex-
ploiting conditional independence and graphical model structure [42]. Though this
strategy can be effective for some settings, there are many models and collapsed sam-
plers in which there are no exact conditional independencies and hence no opportunities
for such parallclization. However, in some cases dependence may be weak enough so
that some degree of independent computation can be tolerated, at least to produce
good approximate updates. In particular, thorough empirical work has shown that an
extremely simple and highly parallelizable strategy can be effective, at least for one onc
popular hicrarchical Bayesian model: by siinply running Gibbs updates in parallel on
multiple processors and only communicating those updates to other processors period-
ically, one can effectively sample from the latent Dirichlet allocation (LDA) model [83,
82, 73, 7, 59].
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While the empirical success in the case of LDA is well-documented, there is little
theory to support this strategy. As a result, it is unclear for which other models or
datasets this stratcgy may be cffective, or how the organization of the computation,
such as the frequency of synchronization and the number of parallel processors, may
affect the results. However, developing a general theory may be difficult: even standard
sampling algorithms for general Bayesian models arc notoriously resistant to theoretical
analysis, and the parallel dynamics add another layer of difficulty.

Thercfore to begin to develop such a theoretical analysis we consider the case of using
this parallel strategy to sample from Gaussian distributions. Gaussian distributions
and algorithms are tractable for analysis because of their deep connection with linear
algebra, and we exploit this connection to develop an analysis framework that provides
an understanding of several key properties of the algorithm. We call this strategy
Hogwild Gaussian Gibbs sampling, and in Chapter 7 we describe our analysis framework
and prove several salient results concerning the convergence and correctness of Gaussian
Hogwild Gibbs sampling.

B 1.3 Organization and summary of contributions

In this section we provide an outline of the rest of the thesis and a summary of our
main contributions.

Chapter 2: Background

In Chapter 2 we provide a brief overview of the foundations for the work in this thesis,
including probabilistic graphical modecls, exponential family distributions and conju-
gate Bayesian analysis, hidden Markov models, and Bayesian nonparametric models
constructed using the Dirichlct process.

Chapter 3: The Hierarchical Dirichlet Process Hidden semi-Markov Model

We originally developed the HDP-HSMM in Johnson [59], and we include its develop-
ment here because Chapters 4, 5, and 6 build on it. There are new contributions in
this chapter as well; in particular, in Chapter 3 and Appendix B we provide a thorough
numerical study of the Gibbs sampler we proposed for the HDP-HSMM. The power
disaggregation application is also new, in addition to the factorial HDP-HSMM model.
Finally, the derivations of the Gibbs sampling algorithms are significantly improved.

Chapter 4: Faster HSMM Inference with Efficient Representations

HSMM message passing is much more computationally expensive than HMM message
passing, scaling as O(T?N +TN?) compared to just O(TN?) for a model with IV states
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and an obscrvation sequence of length T'. This computational cost can severcly limit
the applicability of models based on the HSMM, especially for larger datasets.

In Chapter 4 we develop a general framework for computing HSMM messages effi-
ciently for specific duration models, so that the computational complexity scales only
linearly with 7. The main practical result, which we use extensively in Chapters b
and 6, is an cfficicnt message passing recursion for HSMMs with durations that arc
modeled as negative binomial distributions or mixtures of negative binomial distribu-
tions. We also develop a Gibbs sampling algorithm for HSMMs with negative binomial
durations using thesc idecas.

The framework we develop is much more general, and includes new connections to
the theory of linear time-invariant (LTI) systems, which could yield efficient message

passing recursions for more duration models as well as new approximation schemes.

Chapter 5: SVI for HMMs, HSMMs, and Nonparametric Extensions

Since scalable inference is a fundamental challenge for Bayesian time series models, in
Chapter 5 we apply the stochastic variational inference (SVI) framework to develop
new algorithms for Bayesian HMMs, HSMMs, and their nonparametric extensions, the
HDP-HMM and HDP-HSMM. We show that these SVI algorithms can fit such time
series models with just a single pass over large datasets.

In addition, because the computational complexity of general HSMM message pass-
ing inference can be limiting even in the minibatch setting of SVI, we build on the
ideas developed in Chapter <4 to develop an approximate SVI update for models with
durations that are modeled as negative binomial distributions or mixtures of negative
binomial distributions. We demonstrate that this approximate update can effectively
fit HSMM models with time complexity that scales only lincarly with the observation
sequence length.

Chapter 6: Scalable Inference in Models with Multiple Timescales

In many settings we may wish to learn time series models that represent dynamics at
multiple time scales, such as speech models which capture both the dynamics within
individual phonemes and the dynamnics across phonemes. It is crucial for such models to
admit efficient and scalable inference algorithms, since such complex dynamics require
larger datasets to be learned effectively.

In Chapter 6 we develop a Bayesian nonparametric model for learning such dynam-
ics. We build on the HDP-HSMM developed in Chapter 3 so that explicit duration
modeling can be used to identify dynamics at the different timescales. Using the ideas
from Chapters 1 and 5 we also develop an efficient Gibbs sampler and a scalable SVI
algorithm. We demonstrate the effectiveness of both the model and the proposed infer-
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ence algorithms on an application to unsupervised phoneme discovery.

Chapter 7: Analyzing Hogwild Parallel Gaussian Gibbs Sampling

Scaling sampling inference algorithms to large datasets is a fundamental challenge for
Bayesian inference, and new algorithms and strategies arc required. One highly par-
allelizable strategy, which we call Hogwild Gibbs sampling, has been shown through
cmpirical work to be very effective for sampling from LDA models. However, there
is limited theoretical analysis for Hogwild Gibbs sampling and so it is difficult to un-
derstand for which models it may be helpful or how algorithm parameters may affect
convergence or correctness. Furthermore, sampling algorithms for general models are
notoriously difficult to analyze.

In Chapter 7 we develop a theoretical framework for Hogwild Gibbs sampling applied
to Gaussian models. By leveraging the Gaussian’s deep connection to linear algcbra,
we are able to understand several properties of the Hogwild Gibbs algorithm, and our
framework provides simple linear algebraic proofs. In particular, we give sufficient
conditions on the Gaussian precision matrix for the Hogwild Gibbs algorithm to be
stable and have the correct process means, we provide an analysis of the accuracy of
the process covariances in a low-order analysis regime when cross-processor interactions
are small, and we provide a detailed understanding of convergence and accuracy of
the process covariance, as well as a way to produce unbiased estimates of the exact
covariance, when the number of processor-local Gibbs iterations is large.

Chapter 8: Conclusions and Recommendations

In Chapter 8 we provide concluding remarks as well as some potential avenues for future
research.



Chapter 2

Background

In this chapter we provide a brief overview of the foundations on which this thesis builds,
particularly probabilistic graphical modecls, exponential family distributions, hidden
Markov models, and Bayesian nonparametric models constructed using the Dirichlet
process.

B 2.1 Graphical models

In this section we overview the key definitions and results for directed and undirected
probabilistic graphical models, which we use both for defining models and constructing
algorithms in this thesis. For a more thorough trecatment of probabilistic graphical
models, see Koller and Friedman [G5].

B 2.1.1 Directed graphical models

Directed graphical models, also called Bayes nets, naturally encode generative model
parameterizations, where a model is specified via a sequence of conditional distribu-
tions. They are particularly useful for the hierarchical Bayesian models and algorithms
developed in this thesis.

First, we give a definition of directed graphs and a notion of directed separation
of nodes. Next, we connect these definitions to conditional independence structure for
collections of random variables and factorization of joint densities.

Definition 2.1.1 (Directed graph). For some n € N, a directed graph on n nodes is
a pair (V, E) where V. =[n] = {1,2,...,n} and E C (V x V)\ {(i,i) : i € V}. We call
the elements of V' the (labeled) nodes or vertices and the elements of E the edges, and
we say (i,7) € E is an edge from i to j.

Given a graph (V, E), for distinct i,5 € V we write ¢ — j or j < ¢ if (i,j) € F
and write ¢ j if (i,4) € F or (j,i) € E. We say there is a directed path from iy to
in of length n — 1 if for some 4p,43,...,4,-1 € V we have i — 4o — -+« — 4, and an

undirected path if we have ¢ —io— -+ —1,,. We say node j is a descendant of node i

15
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Figure 2.1: An illustration of the cases in Definition 2.1.2. Shaded nodes are in the
set C.

if there is a directed path from i to j, and we say j is a child of i if there is a directed
path of length 1. Similarly, we say i is an ancestor of j if j is a descendant of i, and
we say 7 is a parent of j if j is a child of i. We use m¢(i) to denote the set of parents
of node i and cg(2) to denote its children.

We say a directed graph is cyclic if there is a node ¢ € V' that is its own ancestor,
and we say a graph is acyclic if it is not cyclic. For directed graphical models, and all
of the directed graphs in this thesis, we use directed acyclic graphs (DAGs).

Using these notions we can define the main idea of directed separation.

Definition 2.1.2 (Blocked/unblocked triples). Given a DAG G = (V, E), leta —b ¢
be an undirected path with a,b,c € V, and let C C V be a subset of nodes with C N
{a,c} =@. We calla —b — ¢ a triple, and we say it is blocked by C' in two cases:

1. if the structure is nota — b+ ¢, then be C

2. if the structure is a — b < ¢, and for all descendants b € V' of b we have b/ & C.
We say a triple is unblocked by C' if it is not blocked by C.

We illustrate the cases in Definition 2.1.2 in Figure 2.1, which shows six triples of
nodes, where nodes in the set C are shaded. In each of (a) and (b), the top triple is
unblocked while the bottom triple is blocked, corresponding to case 1 in the definition.
However, in (¢) the reverse is true: the top triple is blocked while the bottom triple is
unblocked, corresponding to case 2 in the definition.

Definition 2.1.3 (Blocked/unblocked path). Given a DAG G = (V,E) and a set
CcV,letig —ig — -+ — i, be a path with C N {i,i,} = @. We call the path
unblocked by C' if every triple in the path is unblocked by C. We call the path blocked
by C if it is not unblocked.

Note that Koller and Friedman [65] uses the term active trail for our definition of
unblocked path.

Definition 2.1.4 (d-separation). Given a DAG G = (V, E), for distinct i,j € V and
a subset C C V with C N {i,j} = &, we say i and j are d-separated in G by C
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if there is no undirected path between i and j§ that is unblocked by C, and we write
d-sep(4,§|C). Further, for disjoint subsets A, B,C C V with A and B nonempty we
write d-sep (A, BIC) if we have d-sepq(i, j1C) for alli € A and j € B.

In words, 7,5 € V may not be d-separated in G given C if there exists an undirected
path between ¢ and j in (G. However, the path must be unblocked, where if a node
on the path belongs to C it gencerally blocks the path cxcept when there is a “V”
structure a — b < ¢ on the path, in which case b blocks the path unless it or one of its
descendants is in C. This special rule is useful when defining probahilistic structurc in
terms of the graph because it models how independent random variables can become
dependent when they are competing explanations for the same observation.

Next, we give a definition of conditional independence structure in collections of
random variables that uses graphical d-separation.

Decfinition 2.1.5 (Markovianity on dirceted graphs). Given ¢ DAG G = (V, E) and a
collection of random variables X = {X; 1 i € V'} indexed by labeled nodes in the graph,
we say X is Markov on G if for disjoint subsets A, B,C C V we have

d-sep (A, B

C) — X, 1L XplXe (2.1.1)

where for S CV we define Xg = {X;:1 € S}.

Note that this definition does not require that the graph capture all of the condi-
tional independencies present in the collection of random variables. Indeed, a collection
of random variables can be Markov on many distinet graphs, and every collection is
Markov on the complete graph. Graphs that capture more structure in the collection
of random variables are generally more useful.

Conditional independence structure can be used in designing inference algorithms,
and a graphical representation can make clear the appropriate notion of local informa-
tion when designing an algorithm with local updates. A particularly useful notion of
local information is captured by the Markov blanket.

Definition 2.1.6 (Dirccted Markov blanket). Given a DAG G = (V, E), the Markov
blanket for nodei € V, denoted MB; (1), is the set of its parents, children, and childrens’
parents:

MBo(i) 2 {jeV :ij—iju{jeV iiojtu{jeV: Ik . i—k«j} (212

The Markov blanket for a sel of nodes A C'V contains the Markov blankets for all nodes
i A except the nodes in A itself:

MB(A) £ | MBg(i) \ A. (2.1.3)
€A
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O O Q/Q\O

Figure 2.2: An illustration of the directed Markov blanket defined in Definition 2.1.6.
Nodes in the Markov blanket of node i are shaded gray.

We illustrate Definition 2.1.6 in Figure 2.2. The nodes in the Markov blanket of
node ¢ are shaded gray.

Proposition 2.1.1. Given a collection of random variables {X; : i € V'} that is Markov
with respect to a DAG G = (V, E), we have

Xi UL Xs|XmBg (i) (2.1.4)

where S £ V '\ (MBg(i) U {i}).

Proof. By conditioning on the parents of node 4, all paths of the form a — b — i are
blocked. By conditioning on its children, all paths of the form i — b — ¢ are blocked.
By conditioning on the childrens’ parents, all paths of the form i — b < ¢, which
may have been unblocked by conditioning on b or one of its descendants via case 2 of
Definition 2.1.4, are blocked. [5]

Another common and convenient notion of probabilistic graphical structure is a
density’s factorization with respect to a DAG.

Definition 2.1.7 (Factoring on directed graphs). Given a DAG G = (V, E) on n nodes
and a collection of random variables X = {X; : i € V'} with density px with respect to
some base measure, we say px factorizes according to G if we can write

eV

where ng(i) 2 {j €V :j = i} denotes the set of parents of node i in G.
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Theorem 2.1.1. A collection of random variables {X; : 1 € V} with a joint density
(with respect to some base measure) is Markov on « DAG G if and only if the joint
density factorizes as in Eq. (2.1.5).

Proof. The proof is straightforward. In Koller and Friedman [65], Theorem 3.1 shows
Markovianity implies the densities factor and Theorem 3.2 shows the reverse. O

M 2.1.2 Undirected graphical models

Undirected graphical models, also called Markov random fields, do not easily encode
generative model specifications. However, they can be more useful for encoding soft con-
straints or local partial correlations. We use an undirected graphical model perspective
in our analysis of Hogwild Gibbs Sampling in Chapter 7.

As with directed graphical models, we first define undirected graphs and a notion
of separation of nodes, then give definitions that link the graphical structure to both
conditional independence structure in a collection of random variables and factorization

structure in the joint density for those variables.

Definition 2.1.8 (Undirected graph). For some n € N, an undirected graph on n
nodes is a pair (V, E) where V = |n] and E C {{i,j}:i,57 € V, i # j}.

Analogous to the definition in the previous section, there is a natural notion of an
undirected path between nodes. Given a graph (V, E), for distinct i,j € V we write
i—jif {i,j} € E, and we say there is an (undirected) path from i) to 4, of length n—1
if for some i4,43,...,4,.1 € V we have i; — iy — --- —i,. We say i is a neighbor of j
if {i,5} € E and denote the set of neighbors of node i as ng; (i) = {j € V : {i,j} € E}.
We say a pair of nodes is connected if there exists an (undirected) path from 4 to j.

The notion of undirected separation and corresponding notion of Markovianity on

undirected graphs is simpler than those for directed graphs.

Definition 2.1.9 (Undirected separation). Given an undirected graph G = (V, E), for
distinct i,j € V and a subset C C V with CN{i,j} = @, we say i and j are scparated
in G given C and write sepg (i, j|C) if there is no path from i to j that avoids C. For
disjoint subsets A, B,C C V with A and B nonempty we write sepo (A, B|C) if we have
sepg (i, J|C) for alli € A and j € B.

Definition 2.1.10 (Markovianity on undirected graphs). Given an undirected graph
G = (V, E) and a collection of random variables X = {X; : i € V'} indexed by labeled
nodes in the graph, we say X is Markov on G if for disjoint subsets A, B,C C V we
have

sepi (4, B|C) = X4 1L Xp|Xc. (2.1.6)
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As with Markovianity with respect to directed graphs, an undirected graph may
not encode all the conditional independence statements possible for a given collection
of random variables.

The notion of Markov blanket for an undirected graph is also simpler.

Definition 2.1.11 (Undirccted Markov blanket). Given an undirected graph G =
(V, E), the Markov blanket for cach node i € V, denoted MBg (i), is the set of neighbors
of node i:

MB¢ (i) £ ng(i) = {j € V : {i,5} € E}. (2.1.7)

The Markov blanket for a set of nodes A C 'V is the set of all neighbors to nodes in A
excluding those in A:
MBg(A) & | MBg(i) \ A. (2.1.8)
i€A

We can use this definition for an undirected analog of Proposition 2.1.1.

Proposition 2.1.2. Given a collection of random variables { X; : i € V'} that is Markov
with respect to an undirected graph G = (V| E), we have

X; L X

XMBg (1) (2.1.9)
where S £V \ (MBg(4) U {i}).

Proof. Because all the neighbors of ¢ arc in MBg(i), for any 5 € S there can be no
undirccted path from j to ¢ that avoids MBg (7). 0

We can also define a density factorization with respect to an undirected graph,
though we must first definc the notion of a clique. A cliqgue in a graph (V, E) is a
nonempty subset of fully-connected nodes; that is, a nonempty set C C V is a clique if
for every distinct i, 5 € C' we have {i,j} € F.

Definition 2.1.12 (Factoring on undirceted graphs). Given an undirected graph G =
(V,E) and a collection of random variables X = {X; : i € V} with density px with
respect to some base measure, we say px factorizes according to G if we can write

1
px(T1, .. ) = 7 H Yol(ze) (2.1.10)
ceC

Jor a collection of cliques C of G and nonnegative potentials or factors {yc : C € C}
indexed by those cliques, where

zZ 4 / I volze)v(d) (2.1.11)

ceC
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is a normalizing constant.

Note that cliques typically overlap; that is, we may have C; N C'; # @ for distinct
C;, C; € C. To remove many possible redundancies, without loss of generality one can
assume that C includes only maximal cligues, where a maximal clique cannot have any
other node added to it and remain a (fully-conuected) clique.

The correspondence between a collection of random variables being Markov on an
undirected graph and its joint density factorizing as Eq. (2.1.10) is not quite as simple as
that for directed graphs because deterministic relationships among the random variables
can prevent factoring the density, as shown in the next example.

Example 2.1.1. Using Ezample 4.4 from Koller and Friedman [65], consider four
binary random variables X = {X; 1 i = 1,2,3,4} with a PMF that takes value 1/8 on
the configurations of (x1,x2,x3,24) given by

(0,0,0,0) (1,0,0,0) (1,1,0,0) (1,1,1,0)
(0,0,0,1) (0,0,1,1) (0,1,1,1) (1.1,1,1)

and O elsewhere. Then X is Markov on the graph 1 —2 —3 -—-4 -- 1 but the density
cannot be factorized into pairwise potentials.

This issue cannot arise when we restrict our attention to strictly positive densities.

Theorem 2.1.2. Given a collection of random variables X = {X, : i € V} with a joint
density px (with respect to some base measure) and an undirected graph G, we have

1. If px factorizes according to G, then X is Markov on G.
2. If X is Markov on G and px ts strictly positive, then px factors according to G.

Proof. The proof for 1 is straightforward and is given as the proof of Theorem 4.1 in
Koller and Friedman [65]. The proof for 2 is the proof of the Hammersley-Clifford
theorem, given as Theorem 4.8 in Koller and Friedman [65]. ]

B 2.1.3 Exact Inference and Graph Structure

Given some specification of a probability distribution, inference for that distribution
means computing quantitics of interest such as marginals, conditionals, or expectations.
In the graphical model framework we can be precise about the computations required
to perform inference and their complexity, as we overview in this subscction. For
concreteness, we focus on undirected models with densities.

Consider an undirected graphical model specified by an undirected graph G = (V, F)
and a set of potentials {¢yc : C € C} on a set C of cliques of G. The joint density is
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proportional to the product of the clique potentials p(x) o [[rec ¥o(zc). We can

represent an arbitrary inference query in terms of a subset of nodes on which we con-

dition, a subset of nodes which we marginalize out, and a subset over which we want

to represent the resulting density; that is, we partition the set of nodes V into three

disjoint (possibly cmpty) subsets Aj, Ao, Az with A; U Ay U A3 = V and write
JTcec Yelzc)v(daa,)

pxa|za,) = ./p(IAHZEAgl.’L'A:;)V(diUAz) = Meee o) @ra o) (2.1.12)

Therefore to compute an arbitrary inference query we need only to compute integrals of
products of the factors in the density. To simplify notation, we write such computations
in the form

‘/‘IlnkﬂxcﬁddxA) (2.1.13)

cec
for some subset A C V.
Graph structure affects how we can organize a computation of the form (2.1.13) and
thus its computational complexity. Consider the special case of integrating out a single

variable x; by partitioning the sct of cliques into those which contain node j and those
which do not, C; £ {C € C:j € C} and Cy; £{C e C:j¢gC}, and writing

L“WWWMFIIWMW/H%WM%) (2.1.14)

cec C\J EC\J- C;ec;
= [I vc, (zc, )¥B(zB) (2.1.15)
C\iECy

where B £ {i € C; : Cj € C;}\ {4} is the set of all indices that share a clique with node
Jin G and ¢¥p is a new factor on the clique B resulting from the integral over z;. Thus
as a result of the integral there is an induced graph on V' \ {j} formed by eliminating j
by fully connecting its neighbors and deleting it from the graph.

When integrating over multiple variables, the process repeats: given an elimination
order, nodes arc climinated one by one from the graph, and each elimination introduces
a new clique in the graph and a corresponding new potential term in the density over
the remaining variables. The computational complexity of the process is determined
by the size of the largest clique encountered. In the case of PMFs with finite support,
the number of entries in the table encoding the new potential formed in (2.1.15) is
typically exponential in the size of the new clique; in the case of PDFs, the complexity
depends on the complexity of integrating over factors on cliques, where the clique size
determines the number of dimensions in the domain of the integrand, and the complexity
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of representing the result. The optimal climination order is itself NP hard to find for
general graphs.

Some classes of graphs have straightforward elimination orderings that avoid the
growth in clique size, and inference in distributions that are Markov on such graphs
avoids the corresponding growth in complexity.

Definition 2.1.13 (Tree graph). A directed or undirected graph G = (V, E) is a tree
if for each pair distinct nodes i,j € V' there is a unique undirected path from i to j in
G.

In an undirected tree G, we refer to the nodes i with only single neighbors [ng (i) = 1

as leaves. In a dirccted tree, we refer to the nodes with no children as leaves.

Proposition 2.1.3 (Markov on trees). A density p that factors on an undirected tree
(V. E) can be written in terms of pairwise factors {1;; : {,7} € E} as

1 g
plz) = 7 H Wij(wi, ). (2.1.16)
{ijlek
Proof. All of the maximal cliques in an undirected tree are of size at most 2. L]

Note that because the edges are undirected, v;; and 1;; denote the same object.

Given a density that factors according to an undirected tree specified in terms of its
pairwise factors {0y, : {¢,7} € E} we can convert it to a dirccted specification by local
normalization, i.e. by choosing a direction for each edge and computing

Wil ) '
S ij(xi, zy)v(day)

plag|zy) (2.1.17)

Note that a density that factors on a directed tree may not in general be written
purely in terms of conditional probability factors that depend only on pairs of nodes,
as shown in the next example.

Example 2.1.2. A density that factors according to the directed tree G = (V, E) with
V ={1,2,3} and edges 1 — 2 < 3 may include a factor p(xe|xi,xs). Such a density
is not Markov on the undirected tree G' = (V/, E') with V' =V and edges 1 —2 — 3,
and instead only factors on the complete undirected graph with edges 1 —2 —3 1.

Directed trees in which each node has at most one parent avoid this issue, and
we can convert freely between directed and undirected tree parameterizations for such

models.

Proposition 2.1.4. A density p that factors on a directed tree G = (V, E) in which
each node only has one parent, i.e. |mq(i)| < 1 fori € V, also factors with respect to
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the undirected tree G' = (V', E') formed by dropping the directions on the edges of G,
ie. V=V and E' = {{i,j} : (i,j) € E}

Proof. Set 1;(xs, x5) = p(xi|z;). -

With undirected trees and directed trees in which each node has at most one parent
we can perform elimination without introducing larger factors by using an elimination
order that recursively eliminates leaves. Furthermore, the corresponding partial sums
for all such climination orderings can be computed simultaneously with an efficient
dynamic programming algorithm, as shown in the next theorem.

For an undirected graph G = (V, E) and a subset of nodes A C V', we define G\ A
to be the graph formed by delcting the nodes A and the edges incident on nodes in 4,
i.c. the graph (V' E') where V' =V \Aand E' = {{i,j} € E :i,j ¢ A}. We say a pair
of nodes is connected if there exists an undirected path from 7 to j, and we say subsets
A, B C V arc connected if there exists an i € A and j € B that are connected.

Definition 2.1.14 (Tree messages). Given a density with respect to a base measure
v that factorizes on an undirected tree G = (V, E) of the form (2.1.16), we define the
message from node i to node j with {i,7} € E to be

'mj_n(;rz) = / H d}i/j/(:ci/,xj/)wij(mi,J:j)y(d.i:v/) (2118)

{.5" el?

where (V', E") is the subtree of G that is disconnected from node i in G\ {j}.

Theorem 2.1.3 (Tree message passing). For a density that factorizes on an undirected
tree G = (V, E) of the form (2.1.16), the result of any computation of the form (2.1.13)
can be written in terms of messages as

/ H ¢1](1’1,T] dClA H 1/71] -rz,l'g H’mj%k Tk (2.1.19)

{i,j}er {i,7}€E" keB

where (V' E') = G\ A is the graph over the the nodes that are not integrated out and B
is the set of nodes in V' that have edges to A in G, i.e. B={kcV':{k,j}c E,j€
A}, Furthermore, all messages can be computed efficiently and simultaneously via the
TECUTSIONS
mi—ji(x /1/)7] (@i, xj) H myjsk () )v(de;). (2.1.20)
keng(H\{i}

Therefore all inference queries in undirected trees can be computed in time linear in the
length of the longest path in the tree.

Proof. The theorem follows from applying climination to trees and expressing every
partial elimination result as (2.1.20). a
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We refer to an implementation of the recursion (2.1.20) as a lree message-passing
algorithm. We use tree message passing algorithms extensively as subroutines in the
inference algorithms for the time serics modecls that we develop in the sequel.

B 2.2 Exponential families and conjugacy

In this section, we define exponential families and give some of the properties that we
use in this thesis.

W 2.2.1 Definition and Basic Properties

Definition 2.2.1 (Exponential family). We say a family of densities p with respect to
a base measure v indexed by a parameter vector 0 is an exponential family of densities
if it can be written as

plelt) = hi) exp{((8), t(x)) = Z(n(6))} (2.2.1)

where (-, -) is an inner product on real vector spaces. We call n(6) the natural parameter
vector, t(x) the (sufficient) statistic vector, h(x) the base density, and

Z(n) & 1n /he<7”t(w)>h(w)z/(d17) (2.2.2)

the log partition function.

It is often uscful to paramecterize the family dircctly in terms of 7, in which case we
simply write the density as p(x|n). Note that marginalizing over part of the support of
an exponential family, such as marginalizing over one coordinate of x or of t(x), does
not in general yield another exponential family.

Given an exponential family of the form (2.2.1) we define the set of natural param-
eters that yield valid normalizable probability densities as ©, where

O 2{n:Z(n) < oo} (2.2.3)
and the set of realizable expected statistics as

M2 {EXNP(.1,,,)[t(X)] e (‘)} (2.2.4)

where X ~ p(-|n) denotes that X is distributed with density p(-|n). We say a family
is reqular if © is open, and minimal if there is no nonzero a such that (a, t(z)) is equal
to a constant (v-a.e.). Minimality censures that there is a unique natural parameter for
cach possible density (up to values on sets of v-measure 0). We say a family is tractable
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if for any 7 we can cvaluate Z(n) efficiently'and when X ~ p( - |n) we can compute
E[t(X)] and simulate samples of X efficiently.
For a regular exponential family, derivatives of Z are related to expected statistics.

Proposition 2.2.1 (Mean mapping and cumulants). For a regular exponential farily
of densitics of the form (2.2.1) with X ~ p( - |n), we have VZ : @ — M and

VZ(n) =E[t(X)] (2.2.5)
and writing p = E[t(X)] we have

ViZ(n) = Et(X)t(X)T] — ppe". (2.2.6)
More generally, the moment generating function can be written

My (s) £ E[el®¥)] = Z(ts)=2(n), (2.2.7)
and so derivatives of Z generate cumulants of X, where the first cumulant is the mean
and the second and third cumulants are the second and third central moments, respec-
tively.

Proof. Notc that we require the family to be regular even to define VZ. To show 2.2.5,
using v as the base mcasure for the density we write

VnZ(n) = Vyln / e by (dx) (2.2.8)
! n,t(z )
- [ ent@D bz (dr) /t(m)e<’t( )>}7,(TL’)V(d.r) (2.2.9)

:/t(.r)p(:zn)u(dsc) (2.2.10)
= E[t(X)]. (2.2.11)

To derive the form of the moment generating function, we write

Elef*X)] = / ¢S p(z)v(d) (2.2.12)
:/e<s"”>e<7”t(‘”)>Z(")h(m)u(d.r) (2.2.13)
= eZnts)=Z(n) (2.2.14)

We do not. provide a precise definition of computational efficiency here. Common definitions often
correspond to the complexity classes P or BPP [3].
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The cumulant generating function for X is then InMx (s) = Z(n + s) — Z(n). O

When a specific set of expected statistics can only arise from once member of an
exponential family, we say the family is identifiable and we can use the moments as an
alternative way to parameterize the family.

Theorem 2.2.1 (Exponential family identifiability). For a regular, minimal exponen-
tial family of the form (2.2.1), VZ : © — M is injective, and VZ : © — M° is
surjective, where M denotes the interior of M. Therefore VZ : © — M° is a bijec-
tion.

Proof. Sce Wainwright and Jordan [113, Theorem 3.3]. a

When parameterizing a regular, minimal exponential family in terms of expected
statistics p € M°, we say it is written with mean parameters, and we have n(p) =
(VZ)~! () using Theorem 2.2.1. Given a set of moments, the corresponding minimal
exponential family member has a natural interpretation as the density (relative to v)
with maximum entropy subject to those moment constraints [113, Section 3.1].

For members of an exponential family, many quantities can be expressed gencerically
in terms of the natural parameter, expected statistics under that parameter, and the
log partition function.

Proposition 2.2.2 (Entropy, score, and Fisher information). For a reqular exponential
family of densitics of the form (2.2.1) parameterized in terms of its natural parameter
n, with X ~ p( - |n) and p(n) 2 EE(X)] we have

1. The (differential) entropy is

Hlp) £ ~E[lnp(X|n)] = ~(n, () + Z(n). (2.2.15)

2. When the family is regular, the score with respect to the natural parameter is

v(w,n) =V, Inp(a|n) = t(x) — un) (2.2.16)

3. When the family is regular, the Fisher information with respect to the natural
parameter 18
I(n) & Eu(X.n)e(X,n)T] = V:Z(@). (2.2.17)

Proof. Each follows from (2.2.1), where 2.2.16 and 2.2.17 use Proposition 2.2.1. ]

When the family is parameterized in terms of some other paramecter 6 so that

n = n(#), the properties in Proposition 2.2.2 include Jacobian terms of the form dn/06.
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When the alternative parameter is the mean paramcter y, since n(p) = (VZ) () the
relevant Jacobian is (V?Z)~!. We use the Fisher information expression (2.2.17) in the
development of a stochastic variational inference (SVI) algorithm in Chapter 5.

We conclude this subscction with two examples of exponential familics of densities.

Example 2.2.1 (Gaussian). The Gaussian PDF' can be parameterized in terms of its
mean and covariance (1, %), where p € R* and ¥ € R4 with ¥ = 0, and can be
written

plel, £) = (20) 25 2 exp {—%( TS (e - u)}

= (271-)_‘1/2 exp {<&—%E_1, Yy, —%uTZ_];LZ,ExQ:T,x, 1),> - %ln |2] }
hy(z) e (E) tn (=) Zn(nx (1,5))

where ((A,b,c),(D,e, f)) = tr(ATD)+bTe+cf. Therefore it is an exponential family of
densities, and further it is a regular exponential family since © = {(Z,p) : X = 0, €
R%Y is open (in the standard product topology for Euclidean spaces). The family is
minimal because there is no nonzero (A, b, c) such that ((A,b,c),tn(x)) = 2T Az+b z+c
equal to a constant (v-a.e.).

Example 2.2.2 (Categorical). Consider drawing a sample X from a finite distribution
with support on (K} = {1,2,..., K}, where p(x = k|r) = my, for K € [K] and 7 satisfies
>, =1 and © > 0 element-wise. We can write the PMF for X as

K K
p(z|7) = ng[l':k] = oxp { Z Inmpllz = k]} = exp {{Inm, 1,.) } (2.2.18)
k=1 k=1

where the log is taken element-wise, I| - | is an indicator function that takes value 1 when
its argument is true and 0 otherwise, and 1j is an indicator vector with its ith entry
Ik = i]. We call this family of densities the categorical family, and it is an exponential
family of densities with natural parameter n(w) = Inw and statistic t(x) = 1,. (A
closely related family is the multinomial family, where we consider drawing a set of n
independent samples from the same process, v = {x; : i € [n]}, and defining the statistic
to be the counts of cach occurrence, i.e. the kth entry of t(x) is |[{z; : z; = k}|.)

Note that Z(m) = 0. The categorical family as written in (2.2.18) is not a regular
exponential family because © = {m € RX . S°.m = 1, 7 > 0} is not open. Since
the family is not regular, (2.2.16) does not apply. We can instead write the family of
densities as

p(z|r) = exp {(In7,1,) — In 3K 7} : (2.2.19)

where Z(n(7)) = In Z,[{zl 7; so that © = {7 € RX : 7 > 0} is open. However, neither
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(2.2.18) or (2.2.19) is a minimal exponential family, since the statistic satisfies (1,1,) =
1 for any x € [K]. As is clear from the renormalization in (2.2.19), the parameter is
not identifiable, so Theorem 2.2.1 does not apply.

While it is possible to write the categorical as a regular minimal exponential family
by removing one component from the parameterization, it is often easiest to work with
the categorical (and multinomial) in the form (2.2.18).

W 2.2.2 Conjugacy
In this subscction, we define a notion of conjugacy for pairs of families of distributions.
Conjugate families are especially useful for Bayesian analysis and algorithms.

Definition 2.2.2. Given two (not necessarily exponential) families of densities p(8]c)
and p2(x|0) indezed by parameters o and 6, respectively, we say the pair (p1,p2) arc a
conjugate pair of densitics if for all «, x, and 8 we have

p1(0)c)p2(x]0) o p1(8la’) (2.2.20)

for some o = &'(x,a) that may depend on x and «.
We can extend this definition to distributions without densities by considering in-
stead indexed families of laws [88, Definition 2.

Conjugate pairs are particularly useful in Bayesian analysis because if we have a
prior family p(8]a) and we observe data generated according to a likelihood p(x]d) then
the posterior p(f|z,«) is in the same family as the prior. In the context of Bayesian
updating, we call o the hyperparameter and o’ the posterior hyperparameter.

Given a regular exponential family likelihood, we can always define a conjugate

prior, as shown in the next proposition.
Proposition 2.2.3. Given a regular exponential family
pxjo(x]8) = hx (@) exp{{nx (), tx(2)) — Zx (nx(0)) (2.2.21)
= hx(x)exp{{{nx(0), —Zx(n(8))), (tx(z),1))} (2.2.22)
then if we define the statistic to(0) = (nx(0), —Zx (n(#))) and an exponential family of
densities with respect to that statistic as
p9|a(9\a) = hg(0) exp{{(na(x),t6(0)) — Zo(na(x))} (2.2.23)

then the pair (g, px|a) s o conjugate pair of families with
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p(Bla)p(10) o< hg(8) exp{ {ma() + (tx (2),1), ta(0)) } (2.2.24)

and hence we can write the posterior hyperparameter as o/ = n; "' (ng(a) + (tx(2),1)).
When the prior family is parameterized with its natural parameter, we have n' = n +

(tX(x)’ 1)'

As a consequence of Proposition 2.2.3, if the prior family is written with natural
parameters and we generate data {z;}]_, according to the model

0 ~ oy - n) (2.2.25)
0 X pxp(-10) i=1.2,...,n, (2.2.26)

where the notation x; i p( - ) denotes that the random variables z; are independently
and identically distributed, then p(6|{x;}}_,,n) has posterior hyperparameter n' = n +
(>-7  t(xs),n). Therefore if a prior family p( - |n) is tractable then the posterior under
the conjugate likelihood is tractable.

We conclude this subsection with two examples of conjugate pairs of exponential
families. A list of conjugate pairs can be found in Gelman et al. [38].

Example 2.2.3 (NIW-Gaussian conjugacy). Here we show that the normal-inverse-
Wishart (NIW) is a conjugate prior family for the Gaussian likelihood of Example 2.2.1.
The NIW density with parameter o = (Ao, po, ko, v0) and Ag = 0, kg > 0, vg > d is

1
(i, Bla) « |T|~(ro+d)/2+1) exp { — 3 tr(AgL 1) — %(/L — 1) TE N — o)}
= |E|°d/2+1 CXp {< (Ao + h",o/l,oy,g, KOO, K0, V0)s (—%Z-l, iy, —%/LTZ”lu, —% In|%)) >}
a/—/ N . >
hnrw (12,32) NTw (A, p0,K0,00) Enrw (1,5

where proportionality is over (p, £) and ((A,b,c,d), (E, f,g,h)) = tr(ATE)+bT f+cg+
dh.

The normal density from Example 2.2.1 is

p(z|u, L) = 27) P exp {((—387 1,2 1 ~4u"D ), (22T, 2, 1) ) = L[] )
—— e

A () O t(r) Zn(mn (1.5))
= (27r)*d/2 exp {< (—%E*I7 Y, —%MTE‘lu, A% In IE[)/,E.T.?:T, x,1,1) >}

—

hn(2) (1, 2),— Zi (1 (11,5))) (tn (), 1)
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The joint likelihood of n independent samples {x; %N(H«, ¥):ic[n]} s
p(z}i | 2) = [ [ plailn, ©)
i=1

Cnd): 1 8
= (2m) " exp { = S (1, 3), = (i ) Eil (), 1)) )
so we see that p(p, S|{x}_ |, @) is in the NIW family with o new natural parameter

INIW (A fns Kns Vn) = maaw (Ao, po, Ko, o) + D iy (En(), 1)
= (Ao + Kopoftg » Koko, Ko, vo) + (3xix] S i, n)
where it can be checked by writing ”hgllw that

Kp = Kgt+tn

v, =1y+n
Q) T

Hn = + z
Ko+n kKog+n

wron
Ap=NAo+ 8§+ —2
Ko+ N1

(% = po)(Z — o)

with =25 a; and S =3, (x; — 2)(w; — )7 as in Gelman et al. [38].
Example 2.2.4 (Dirichlet-categorical conjugacy). Here we show that the Dirichlet is
a conjugate prior family for the categorical likelihood of Example 2.2.2.

The K-dimensional Dirichlet density with parameter « & Rff where a > 0 can be
written

K K
r(Zizl ai) :L,c_x,fl
i

p(rla) = Dir(a) = —%= (2.2.27)
Hf‘:1 T'(ay) i=1
x exp{{o —1,Inm)}. (2.2.28)
Using the categorical density we have
p(7|x, o) x p(m|a)p(x|n) (2.2.29)
x exp{{a — 1,Inm)}exp{(lnm, 1,)} (2.2.30)
xexp{{a—1+1,,Inm)} (2.2.31)

where, as in Example 2.2.2, 1, is an indicator vector with its xth entry set to 1 and
its other entries 0. Therefore the posterior p(mw|x,«) is in the Dirichlet family with
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Algorithm 2.1 Gibbs sampling

Input: distribution X on graph GG with N nodcs, conditionals PX. | Xt i (zi|xMBG ()

Output: samples {#(")}
Initialize z = (x1, z2,...,2N)
fort=1,2,... do
fori=1,2,....N do
T NPX,;IXMBG(,;)( ’ IQSMBG(i))

M (r1,22,...,28)

parameter o + 1. Similarly, for the Multinomial likelihood
plz|m) = exp{(Inm,n,)} (2.2.32)

where n, = Y, 1z, so0 that the jth component is the number of occurences of outcome
J» the posterior p(m|z, ) is in the Dirichlet family with parameter o + n.,.

B 2.3 Bayesian inference algorithms in graphical models

Here we outline the standard Bayesian inference algorithms and how they relate to the
graphical model structure described in Section 2.1 as well as the exponential family
conjugacy structure described in Section 2.2. In particular, we describe algorithms
that arc compositional in terms of graphical model structure and that have particularly
efficient updatcs when the graphical model is itself composed of tractable exponential
family distributions.

B 2.3.1 Gibbs sampling

In Gibbs sampling, and sampling mecthods more generally, the task is to generate sam-
ples from a distribution of interest so that any probability or statistic can be estimated
using the sample population. For a Markov Chain Monte Carlo (MCMC) method such
as Gibbs sampling, to gencrate samples for some collection of random variables X the
algorithm simulates a Markov chain on the range of X such that the limiting distri-
bution or stationary distribution of the chain is the target distribution of X. In the
Bayesian context, the distribution of interest is typically an intractable posterior.

Given a collection of n random variables X = {X; : i € [n]}, the Gibbs sampling
algorithm iteratively samples each variable conditioned on the sampled values of the
others. When the random variables arc Markov on a graph G = (V, E), the conditioning
can be reduced to each variable’s respective Markov blanket, as in Algorithm 2.1.

A variant of the systematic scan of Algorithm 2.1, in which nodes arc traversed in
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a fixed order for each outer iteration, is the random scan, in which nodes are traversed
according to a random permutation sampled for each outer iteration. An advantage of
the random scan (and other variants) is that the chain becomes reversible and therefore
simpler to analyze [1, Section 10.1.2]. With the conditional independencies implied by
a graph, some sampling steps may be performed in parallel.

A Markov chain is called ergodic if has a unique steady-state distribution for any
initial state; see Robert and Casella [)1, Section 6.6.1] for a definition for countable
state spaces and Meyn and Tweedie [76, Chapter 13] for a definition for general state
spaces. If the Markov chain produced by a Gibbs sampling algorithm is ergodic, then
the stationary distribution is the target distribution of X [94, Theorem 10.6]. The
Markov chain for a Gibbs sampler can fail to be ergodic if, for example, the support of
the target distribution is disconnected [94, Example 10.7]. Many of the Gibbs samplers
we develop result in ergodic chains because all of the conditional densities exist and are
positive [94, Theorem 10.8]. The main performance criterion of an MCMC sampler is
its mizing time [94, Chapter 12], which measures the rate at which the distribution of
the chain’s state reaches the target distribution.

For a more detailed treatment of Gibbs sampling theory, see Robert and Casella
(04, Chapter 6, Chapter 10]. For a detailed treatment of Markov chain ergodic theory
for general state spaces, as required in precise treatments of Gibbs samplers for the
Dirichlet process, see Meyn and Tweedie [76].

B 2.3.2 Mean field variational inference

In mean field, and variational inference more generally, the task is to approximate an in-
tractable distribution, such as a complex posterior, with a distribution from a tractable
family in which inference can be performed efficiently. In this section we define the
mean field optimization problem and derive the standard coordinate optimization algo-
rithm. We also give some basic results on the relationship between mean field and both
graphical model and exponential family structure. For concreteness and simpler nota-
tion, we work mostly with undirected graphical models; the results extend immediately
to directed models.

Mean field inference makes use of several densities and distributions, and so we use a
subscript notation for expectations to clarify the measure used in the integration when
it cannot easily be inferred from context. Given a function f and a random variable X
with range X and density p with respect to a base measure v, we write the expectation
of f as

Epx) [f(X)] = /Xf(w)p(w)V(dw)- (2.3.1)

Proposition 2.3.1 (Variational inequality). For a density p with respect to a basc
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measure v of the form

p(x):%p(x) with 7 2 / B(z)(dz), (2.3.2)

for all densities q with respect to v we have

In Z = L[q] + KL(¢||p) > L[q] (2.3.3)

where

Llg) & Eqx) [hl %J = Eqx) In p(X)] 4+ Hlq] (2.3.4)
KL(q|lp) £ Ey(x) [ln Zgiﬂ : (2.3.5)

Proof. To show the equality, with X ~ ¢ we write

Llg] + KL(g||p) = Ey(x) [zé—g] + Eq(x) [ln %%J (2.3.6)
= Eyx) [m Z g;] (2.3.7)
=InZ. (2.3.8)

The inequality follows from the property KL(g||p) > 0, known as Gibbs’s inequality,
which follows from Jensen’s inequality and the fact that the logarithm is concave:

— KL(g||p) = Eq(x) [ln ;Eﬁ;] < ln/q(:v)gg—;u(dm) = (2.3.9)
with equality if and only if ¢ = p (v-a.e.). O

We call the log of p in (2.3.2) the energy and L[g] the variational lower bound,
and say L[g] decomposes into the average energy plus entropy as in (2.3.4). For two
densities g and p with respect to the same base measure, KL(q||p) is the Kullback-Leibler
divergence from q to p, used as a measure of dissimilarity between pairs of densities [2].

The variational inequality given in Proposition 2.3.1 is useful in inference because if
we wish to approximate an intractable p with a tractable ¢ by minimizing KL(ql|p), we
can equivalently choose ¢ to maximize £[g], which is possible to evaluate since it does
not include the partition function Z.

In the context of Bayesian inference, p is usually an intractable posterior distribution
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of the form p(f|z, o), p is the unnormalized pr'oduct of the prior and likelihood p(#) =

p(Bla)p(x]@), and Z is the marginal likelihood p(z = [ p(x|0)p(0|a)r(df), which
plays a central role in Bayesian model selection and tho minimum dLbLIlpthll length
(MDL) criterion [74, Chapter 28] [49, Chapter 7].

Given that graphical model structure can affect the complexity of probabilistic in-
ference, as discussed in Section 2.1.3, it is natural to consider families ¢ that factor
according to tractable graphs.

Definition 2.3.1 (Mean field variational inference). Let p be the density with respect
to v for a collection of random variables X = (X; :i € V), and let

2 {q:q() « [ ac(e)} (2.3.10)

cec

be a family of densities with respect to v that factorize according to a graph G = (V, E)
with C the set of maximal cliques of G. Then the mean field optimization problem is

* — arg max L[ 2.3.11
q" = argmax Lg] ( )

where L[q] is defined as in (2.3.1).

Note that the optimization problem is not convex and so one can only expect to find
a local optimum of the objective [113]. However, since the objective is convex in each
g individually, an optimization procedure that updates each factor in turn holding
the rest constant will converge to a local optimum [11, Chapter 10]. We call such a
coordinate ascent procedure on (2.3.11) a mean field algorithm. For approximating
families in a factored form, we can derive a generic update to be used in a mean field
algorithm.

Proposition 2.3.2 (Mean field update). Given a mean field objective as in Defi-
nition 2.5.1, the optimal update to a factor g4 fiving the other factors defined by
¢l = argmaxg, Llq] is

@a(xa) o< exp{E[lnp(xa, X )]} (2.3.12)
where the expectation is over X ae ~ qac with qae(x4¢) x HCEC\ adc(xe).

Proof. Dropping terms constant with respect to g4, we write

¢4 = arg min KL(g||p) (2.3.13)
qa
= arg qu/ixn E,, Inga(Xa)] +E;, [Eq,. logp(X)]] (2.3.14)

= argmin KL(g||pa) (2.3.15)
A
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where pa(za) o exp{E,,.[Inp(za, Xac)]}. Therefore, we achieve the unique (v-a.e.)
minimum by sctting g4 = pa. O

Furthermore, if p factors according to a graph then the same graph structure is
induced in the factors of the optimal g.

Proposition 2.3.3 (Induced graph structure). If p is Markov on a graph G = (V, E)
with the form p(x) o [[oee o (xe) for cliques C of G, then any optimal factor q4 with
A CV factors according to G\ A°. Furthermore, the update (2.3.12) can be computed
using only the factors on the cliques C' = {C € C : CN A # @}, i.e. the cliques on
variables in the Markov blanket of A.

Proof. Using (2.3.12) we have

ga(ra) < exp{E[lnp(z4, X )]} oc exp { Z E[in wC(Xc)]} (2.3.16)
cec’
where factors not involving the variables in A are dropped up to proportionality. ]

Because ¢ inherits the graphical structure of p, it is therefore natural to consider
tractable families Q that arc Markov on subgraphs of p. Note that when ¢ is a subgraph
of p, the variational lower bound is a sum of terms corresponding to the factors of
p. When the family Q is chosen to be Markov on the completely disconnected graph
G = (V,E) with E = @&, the resulting algorithm is called naive mean field. When
the tractable subgraph retains some nontrivial graphical structure, the algorithm is
called structured mean field. In this thesis we use structured mean field extensively for
inference in time series models.

Finally, we note the simple form of updates for exponential family conjugate pairs.

Proposition 2.3.4 (Mean ficld and conjugacy). If x; appears in p only in an exponen-
tial family conjugate pair (py, p2) where

PL(@i| g )) < exp{((Trgi)s H(@i) } (2.3.17)
P2(Teg(iy|@i) = exp{{t(x:), (H(Te))s 1))} (2.3.18)

then the optimal factor q;(x;) is in the prior family with natural parameter
2 By (X)) + Egl(H( o) ). (23.19)

Proof. The result follows from substituting (2.3.17) and (2.3.18) into (2.3.12). O
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29N

Figure 2.3: Dirccted graphical model for an HMM.

See Wainwright and Jordan [113, Chapter 5] for a convex analysis perspective on

mean field algorithms in graphical models composed of exponential families.

B 2.4 Hidden Markov Models

In this section we use the definitions and results from previous sections to define the
Baycsian Hidden Markov Model and give Gibbs sampling and mean field inference algo-
rithms. For simplicity, we refer only to a single observation sequence; the generalization
to multiple observation sequences is immediate.

A Hidden Markov Model (HMM) on N states defines a joint distribution over a
state sequence xy1.p and an observation sequence yr.7. It is parameterized by an nitial
state distribution 70 € Rf , a transition matriz A € Rf xN , and emission parameters
0 = {#D}Y . We use 719 to denote the ith row of A and collect the transition rows
and initial state distribution into m = {W('i)},{\; o for convenient notation.

Recall that for two random variables X and Y, we write X ~ Y to denote that
X and Y have the same distribution. For three random variables X, Y, and Z, we
similarly write X|Y ~ Z to denote that X|Y has the same distribution as Z. Finally,
recall that for a random variable X and a density p we write X ~ p(-) to denote that
X has density p. We use this notation to specify generative models, as in the following
definition.

Definition 2.4.1. We say sequences of random wvariables (x1.p,y1.7) are distributed
according to a Hidden Markov Model, and write (x1.p, y1.p) ~ HMM(7,0), when they
Jollow the generative process

wyp ~ (2.4.1)
Lppr |z ~ &) t=1,2,...,T 1, (2.4.2)
ye|zi ~ p( - 8)) t=1,2,....T. (2.4.3)

Figure 2.9 shows a graphical model for the HMM.

If each p(y|0')) is an exponential family of densities in natural parameters of the
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Algorithm 2.2 HMM Forwards Messages

Input: transition potentials A, emission potentials L, initial state potential 7(®)
Output: HMM forwards messages F'
function HMMFwDMEssacEs(A,L,x(0)
Fl,l « 70 ® Ll,;
fort=2,3,...,T do
Fy ZJ lFt leﬂLn
return F'

Algorithm 2.3 HMM Backwards Messages

Input: transition potentials A, emission potentials L
Output: HMM backwards messages B
function HMMBWDMESSAGES(A,L)

BT?; «—1

fort=1T-1,T — ,1 do
Btz A 27 1A7]BH-1 7Lt+1J

return B

form
p(yln™) = exp{(n),15) (1)) — Z,(n{")} (2.4.4)

then we can write the joint density as an exponential family:

p(riT,y1.1) = exp {(lnw ]1331 + Z ]lT A]leH + Z 77( ) My = i t(L)(yl»

(2.4.5)

Since the HMM is Markov on an undirected tree (more precisely, a chain), we can

use the tree message-passing algorithm to perform infcrence efficiently. The HMM

messages and recursions arc typically written in terms of forward messages F and
backward messages B, where

N
Ft,i £ P(?/l:tﬂ?t,) = ZAjithl,_jp(yt‘e(i)) (2-4-6)
j=1
N .
Bii 2 p(yrrorlar = i) = z Aiip(y1[09) Byy (2.4.7)

j=1

with the initial values Fy; = WEO)p(y1 160 and Br; = 1. Algorithms to compute these
messages arc given in Algorithms 2.2 and 2.3.
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Figure 2.4: Directed graphical model for a Bayesian HMM.

A Bayesian treatment of HMMs places priors on the parameters (7, 8) and includes
them in the probabilistic model. We use Dir(a) where o € RE for some K > 0 to
denote the Dirichlet distribution with parameter a.

Definition 2.4.2. We say (0, 7,510, y1.1) are distributed according to o Bayesian Hid-
den Markov Model with hyperparameters o = {aOYN | and X = (MY, and write
(0,7, xy.7,y1.7) ~ BayesHMM(a, N), when they follow the generative process

?

70 & Dir(a®) (2.4.8)

iy wd i .
0@ 25 p( - (XD (2.4.9)
(.Tl;']‘7y1;’j’)}7r79 ~ HMM(?T,G) (2410)

where HMM(7,0) is defined in Definition 2.4.1. Figure 2.4 shows a graphical model for
the Bayesian HMM.

Given an observation sequence §1.7 the task of interest is to perform inference in
the posterior 7, 60, z1.7|y1.7- Note In this section we develop both Gibbs sampling and
mean field algorithms for this inference task.

W 2.4.1 HMM Gibbs sampling

The HMM Gibbs sampler iterates sampling 6, n, and x,.7 from their respective con-
ditionals. To sample the state scquence xp.7 from its conditional, we exploit the tree
message-passing algorithm. Furthermore, since the Dirichlet is the conjugate prior to
the categorical from which each state is sampled, the conditional for 7 is also Dirichlet.
The HMM Gibbs sampler can then be written as Algorithm 2.4,

An alternative Gibbs sampler can be constructed by marginalizing the parameters
(m,0), which is tractable when the observation prior and likelihood form a conjugate

pair, and generating samples of xy.7|y1.7, @, A. While such collapsed samplers can be

advantageous in some settings, in the case of a Bayesian HMM eliminating = and 6
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Algorithm 2.4 Bayesian HMM Gibbs sampling
Input: o, A, y1.7
Output: samples { (1.7, 6, 7)1}
Initialize z;.1
fori=1,2,...do
fori=1,2,.... N do
7@ « sample Dir(a® + n;,) with ny = > zy =4, 2001 = j|
81) «— sample p(6]|\, {ye 1 e = 4})
7@ ¢ sample Dir(a(® + 1,,)
x1.7 + HMMSAMPLESTATES (1Y), A, L) with Ly ; = p(y,|0)
('f;llTv é? fr)(t) — (171:T; 0, ﬂ-)

Algorithm 2.5 HMM state sequence sampling
Input: =79 A L
Output: a sample z.7
function HMMSAMPLESTATES(A,L)
B <+ HMMBWDMESSAGES(A, L)
T < sample 7r§0)Bl77¢L1’7; over 1
fort=2,3,...,7T do
Ty <= sample Ay, | By ;L over i

induces a full graph on the remaining nodes, and so one cannot exploit trec message
passing to construct a joint sample of the state sequence and each z; must be resampled
onc at a time. Because the z; arc highly correlated in the model, the collapsed Gibbs
sampler is often slow to explore the posterior.

N 2.4.2 HMM Mean Field

Here we briefly overview a mean field algorithm for HMMs. For more details on the
HMM mean field algorithm, see Beal [6, Chapter 3].

We choose a variational family that factorizes as q(x,0,z1.7) = q(7,8)q(x1.7) so
that the parameters and state sequence are decoupled. The Bayesian HMM graphical
model then induces independences so that the variational family is

N
g(r,0,71.0) = [ a(@)q(0)q(@17). (2.4.11)

=0
Note that because 7"} is the ith row of the transition matrix A, i =1,2,....N, we
write g(zm(), ... ,T('(N)) equivalently as ¢(A) to simplify some notation. The variational

objective function is
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p(m, 8, 2,y) } [ p(ﬂ)} . { p(9)]
E [In =E i |[In—=| +E In —+= 2.4.12
dma@)an | = B [ gy | TR ey (24.12)
plerr, yi.7|7, 0) )
-+ Eq(l‘ly]v)q(r)q(O) [ln q(.’I;l:T) . (2413)

For more explicit updates, we agsume that cach observation prior and likelihood form
a conjugate pair of densities and that the prior family is written in natural parameters
with the form

p(OD|ng") oc exp{ (i 57 (09N} pl6D) = exp{(t) (09), (1,(1). 1))} (2.4.14)

Then the update for the factor g(aq.p) is

g (1) x Ellup(era, yir|0, 7)) (2.4.15)

= exp {(Eq(ﬂ)[lnw 1., + Z 1) yin ATy, |

+ 3 Byt (0], Ume = ity (ut?l»} (2.4.16)

t=1

and so, as expected, the optimal factor is also Markov on a chain graph.
For the conjugate updates to ¢(7) and ¢(#), we write the variational factors as

q(0%) (Xp{(n(, ),téi)(é?("’)))} g(7) = Dir(a\)). (2.4.17)
We can compute the expected sufficient statistics over ¢(ay.) by running the HMM

message-passing algorithm. Defining

7 & Eq(ﬂ)[lnﬂ'(”] Et,i 2 Eq0) [lnp(y,]()(i))], (2.4.18)

and defining A to be a matrix where the ith row is 7@ for i = 1,2,..., N, we compute



42 CHAPTER 2. BACKGROUND

Algorithm 2.6 HMM Mean Field

Initialize variational parameters 7“7{07/) a®, g
for t = 1,2,... until convergence do
F« HMMFWDMESSAGEb(A L, 70
B + HMMBWDMESSAGES(A, L)
Using F' and B, compute each fg), fégns,
with Egs. (2.4.19)-(2.4.21)
Update 7y, &9, & for i =1,2,...,N
with Eqs. (2.4.22)-(2.4.24)

and tinit

2 wZM—zt;‘W EFMBIZ' (g, 1)/2 (2.4.19)

-1 T—1
(fﬁilns)j 2 Eq(m];fr)zﬂ[wt =i, &1 = j] = ZFL,iAith+l,jBt+l,j/Z (2.4.20)
=1 =1
(finit)i é Eq(zl:,l,)]l[.’lll = Z] = %()B] ’j/Z (242])

where Z = Zf\; 1 Fr;. With these expected statistics, the updates to the parameters of
q(A), q(mo), and ¢(#) are then

5@ et 4 i (2.4.22)
&0 ol 4§ (2.4.23)

&0 o0 4§

init"

(2.4.24)

We summarize the overall algorithm in Algorithm 2.6.

M 2.5 The Dirichlet Process and Nonparametric Models

The Dirichlet process is used to construct Bayesian nonparamectric models, including
nonparametric HMMs such that the number of states is unbounded a priori. Bayesian
nonparametric methods allow model complexity to be learned flexibly from data and
to grow as the amount of data increases. In this section, we review the basic definition
of the Dirichlet process and the HDP-HMM.

Definition 2.5.1 (Dirichlet process). Let (Q,F, H) be a probability space and o > 0.
We say G is distributed according to a Dirichlet process with parameter aH, and write
G ~DP(aH) or G ~ DP(«a, H), if (U, F,G) is a probability space and for cvery finite
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partition {A; CQ:i € [r]} of Q

r

Udi=a i#j = An4;=g, (2.5.1)
i=1
we have
(G(Ar),...,G(A,)) ~ Dir(aH(A1),...,aH(A,)). (2.5.2)

By the Kolmogorov consistency theorem, this definition in terms of consistent finite-
dimensional marginals defines a unique stochastic process [3%]. Though the definition
is not constructive, some properties of the Dirichlet process are immediate.

Proposition 2.5.1. If G ~ DP(aH), then

1. G is atomic w.p. I, meaning it can be written
o
G=>_ mb, (2.5.3)
=1

for some atoms w; € Q and weights 7; € (0,1).

2. If0;|G Y a fori=1,2,...,N, then G|{0;}, is distributed as a Dirichlet process
with
N
GHO:}L, ~DP(aH 4+ &,). (2.5.4)

t==1

Proof. As shown in Ferguson [27], these properties follow from Definition 2.5.1 and
finite Dirichlet conjugacy. O

A construction that satisfies Definition 2.5.1 is the stick breaking process. In the
following, we use X ~ Beta(a, ) to denote that X has the density

p(z|e, B) oc 2271 (1 — z)P~ L, (2.5.5)

Definition 2.5.2 (Stick-breaking process). We say 7 = {m; : ¢ € N} is distributed
according to the stick-breaking process with parameter a > 0, and write 7 ~ GEM(a),
if

B; ~Beta(l,a), m=aJJ1-8), i=12... (2.5.6)

7<i

Theorem 2.5.1 (Stick-breaking construction). Let 7 ~ GEM(«) and 6; ad fori € N.
IfG = Zzoil midg, then G ~ DP(aH).
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Figure 2.5: Directed graphical model for an HDP-HMM.

Proof. See Sethuraman [103]. O

We can define Dirichlet processes that share the same set of atoms and have similar
weights using the hierarchical Dirichlet process construction [107]. This construction is
useful in defining a Bayesian nonparametric extension of the HMM.

Definition 2.5.3 (Hierarchical Dirichlet process). We say a collection of random mea-
sures {G; : j € N} are distributed according to the hierarchical Dirichlet process with
parameters o, 7y, and H if

Go~DP(e, H)  G; ¥ DP(v,Gy). (2.5.7)
We can use the stick-breaking construction of the DP to define a stick-breaking
construction of the HDP,

Definition 2.5.4. We say (7,0, z1.7,y1.7) are distributed according to an HDP-HMM
with parameters o,y > 0 and base measure H if

B~GEM(y), m ¥DP(afB), 6;%H, (2.5.8)

T~ Ty Y~ p( o [0r) (2.5.9)

where (3 is treated as a density with respect to counting measure on N and where we set
x1 = 0. We write (7,0, z1.7,y1.7) ~ HDP-HMM(ev, v, H).
Figure 2.5 shows a graphical model for the HDP-HMM.

There are several methods to perform sampling inference in Dirichlet process mod-
els. First, exploiting the conjugacy properties of the Dirichlet process, one can ana-
lytically marginalize the DP draws, as in the Chinese Restaurant Process (CRP) and
Chinese Restaurant Franchise (CRF) samplers for the Dirichlet process and hierar-
chical Dirichlet process, respectively [107]. However, as before, eliminating variables
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introduces many dependencies and can result in poor sampler performance for models
like the HDP-HMM. One can also work with a finite instantiation of the Dirichlet pro-
cess draws, so that the sampler only needs to work with the finite Dirichlet marginals,
as in the Direct Assignment sampler [L07], but such a construction still precludes tree
message-passing in an HDP-HIMM. The approach we take for most samplers in this the-
sis is based on approximating a DP prior with a finite symmetric Dirichlet distribution,

where the notion of approximation is made precise in the following result.

Theorem 2.5.2 (Weak limit approximation). Let (Q,F,H) be a probability space,
a > 0 be a positive constant, and f : Q2 — R be any (F, B(R))-measurable function.
Consider the finite model of size K given by

0; “h 7= (m,...,7x) ~ Dir(a) (2.5.10)

. - K -
and define the measure G =3 | Tidg,. Then as K — oo we have

/ F@) G (dw) = / F(w)G(dw) (2.5.11)

where G ~ DP(aH).

Proof. See Ishwaran and Zarepour [57, Theorem 2], which also gives rates of convergence
and bounds on the probabilities of some error events. O

Based on this approximation result, we can define Bayesian nonparametric models
and perform approximate inference with finite models of size K, where K becomes an
algorithin parameter rather than a model parameter. With these finite approximations
we can exploit graphical model structure and tree message-passing algorithms in both
Gibbs sampling and mean field algorithms for time series models defined with the HDP.
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Chapter 3

Hierarchical Dirichlet Process
Hidden Semi-Markov Models

H 3.1 Introduction

Given a sct of sequential data in an unsupervised setting, we often aim to infer mean-
ingful states present in the data along with characteristics that describe and distinguish
those states. For example, in a speaker diarization (or who-spoke-when) problem, we
are given a single audio recording of a meeting and wish to infer the number of speakers
present, when they speak, and some characteristics governing their individual speech
patterns [L08, 31]. Or in separating a home power signal into the power signals of
individual devices, we could perform the task much better if we were able to exploit
our prior knowledge about the levels and durations of each device’s power modes [66].
Such learning problems for sequential data are pervasive, and so we would like to build
gencral models that are both flexible enough to be applicable to many domains and
expressive enough to encode the appropriate information.

Hidden Markov Models (HMMs) have proven to be excellent general models for
approaching learning problems in sequential data, but they have two significant dis-
advantages: first, state duration distributions are necessarily restricted to a geometric
form that is not appropriate for many real-world data; sccond, the number of hidden
states must be set a priori so that model complexity is not inferred from data in a way
that scales with the size and complexity of the data.

Recent work in Bayesian nonparametrics has addressed the latter issue. In partic-
ular, the Hierarchical Dirichlet Process HMM (HDP-HMM) has provided a powerful
framework for representing a posterior over state complexity while maintaining efficient
inference algorithms [L0G, 5]. However, the HDP-HMM does not address the issue of
non-Markovianity in real data. The Markovian disadvantage is in fact compounded
in the nonparametric setting, since non-Markovian behavior in data can lead to the
creation of unnecessary extra states and unrealistically rapid switching dynamics [31].

One approach to avoiding the rapid-switching problem is the Sticky HDP-HMM [31],

47
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which introduces a learncd global self-transition bias to discourage rapid switching. In-
deed, the Sticky model has demonstrated significant performance improvements over
the HDP-HMM for several applications. Howecver, it shares the HDP-HMM'’s restric-
tion to geometric state durations, thus limiting the model’s expressiveness regarding
duration structure. Moreover, its global self-transition bias is shared among all states,
and so it does not allow for learning state-specific duration information. The infinite
Hierarchical HMM [50] indirectly induces non-Markovian state durations at the coarser
levels of its state hierarchy, but it is difficult to incorporate prior information or other-
wise adjust the duration model. Furthermore, constructing posterior samples from any
of these models can be computationally expensive, and finding cfficient algorithms to
cxploit problem structure is an important area of research.

These potential limitations to the HDP-HMM motivate this investigation into explicit-
duration semi-Markov modcling, which has a history of success in the parametric (and
usually non-Bayesian) setting. We combine semi-Markovian ideas with the HDP-HMM
to construct a general class of models that allow for both Bayesian nonparametric in-
ference of state complexity as well as general duration distributions. We demonstrate
the applicability of our models and algorithms on both synthetic and real data sets.

The remainder of this chapter is organized as follows. In Section 3.2, we describe
explicit-duration HSMMs and existing HSMM message-passing algorithms, which we
use to build cfficient Bayesian inference algorithms. We also provide a brief treatment
of the Bayesian nonparametric HDP-HMM and sampling inference algorithms. In Sec-
tion 3.3 we develop the HDP-HSMM and related models. In Section 3.4 we develop
extensions of the weak-limit and direct assignment samplers [106] for the HDP-HMM
to our models and describe some techniques for improving the computational efficiency
in some settings.

Section 3.5 demonstrates the effectiveness of the HDP-HSMM on both synthetic and
real data. In synthetic experiments, we demonstrate that our sampler mixes very quickly
on data generated by both HMMs and HSMMs and can recover synthetic parameters.
We also show that while an HDI>-HMM is unable to capture the statistics of an HSMM-
generated sequence, we can build HDP-HSMMs that efficiently learn whether data were
generated by an HMM or HSMM. As a real-data cxperiment, we apply the HDP-HSMM
to a problem in power signal disaggregation.

W 3.2 Background and Notation

In this scction, we review three main background topics: our notation for Bayesian

HMMs, conventions for explicit-duration HSMMs, and the Bayesian nonparametric
HDP-HMM.
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Figure 3.1: Basic graphical model for the Bayesian HMM. Parameters for the transi-
tion, emission, and initial state distributions are random variables. The symbol « rep-
resents the hyperparameter for the prior distributions on state-transition parameters.
The shaded nodes indicate observations on which we condition to form the posterior
distribution over the unshaded latent components.

W 3.2.1 HMMs

Recall from Section 2.4 that the core of the HMM consists of two layers: a layer of
hidden state variables and a layer of observation or emission variables, as shown in
Figure 3.1. The hidden state sequence, x = (wt);":l, 1s a sequence of random variables
on a finite alphabet, 2, € {1,2,..., N} = [N], that form a Markov chain. We focus on
time-homogeneous models, in which the transition distribution does not depend on t.
The transition parameters are collected into a row-stochastic transition matrix A where

Aij = p(ze1 = jloe = ). (3.2.1)

We also use {7(!} to refer to the set of rows of the transition matrix, and we write 7(%)
for the initial state distribution. We use p(y|0)) to denote the conditional emission
distribution, where 8% is the emission parameter for the ith state.

W 3.2.2 HSMMs

There are several approaches to hidden semi-Markov models [78, 118]. We focus on
explicit duration semi-Markov modeling; that is, we are interested in the setting where
each state’s duration is given an explicit distribution. The basic idea underlying this
HSMM formalism is to augment the generative process of a standard HMM with a
random state duration time, drawn from some state-specific distribution when the state
is entered. The state remains constant until the duration expires, at which point there
is a Markov transition to a new state.

A kind of graphical model for the explicit-duration HSMM is shown in Figure 3.2,
from Murphy [78], though the number of nodes in the graphical model is itself random
and so it is not a proper graphical model. In this picture, we see there is a Markov
chain (without self-transitions) on S super-state nodes, (zy) le. and these super-states
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" Ydy Ydi+1 yr

Figure 3.2: HSMM interpreted as a Markov chain on a set of super-states, (25)5

s=1"
The number of shaded nodes associated with each z,, denoted by dy, is drawn from a
state-specific duration distribution.

in turn emit random-length segments of observations. We refer to the index s as the
segment index or the super-state indez. Here the symbol d; is used to denote the random
length of the observation segment of super-state s, and we call the sequence (ds)J_, the
duration sequence. The “super-state” picture separates the Markovian transitions from
the segment durations.

We also define the label sequence (mt)z;l in terms of the super-state sequence and
duration sequence. Writing ¢, 4, = (24, T, 41, - . . , T1,) to denote the subsequence of x
with first and last indices f; and to, respectively, the label sequence is defined by

Ti(s)t(s+1)—1 = Zs 8= 1 2 (3.2.2)

t(s — 1) + ds_ 1
t(s)é{l(s = ‘j:l B B T (3.2.3)

Therefore there is one element of the label sequence for each element of the observation
sequence (1¢)]_;. While the observation sequence length 7' is observed, the number
of segments S is a latent variable. Note that while in some other work on HSMMs
the label sequence (:ct)?:l is referred to as the “state sequence,” it does not capture
the full Markov state of the system because it does not include the required duration
information; therefore, we take care to distinguish the label sequence (z;) and the
super-state sequence (z;), and we do not refer to either as the HSMM’s state sequence.

When defining an HSMM model, one must also choose whether the observation
sequence ends exactly on a segment boundary or whether the observations are censored
at the end, so that the final segment may possibly be cut off in the observations. In
the right-censored case, where the final segment may be cut off at the end, we have
E;S:l ds < T. We focus on the right-censored formulation in this chapter, but our
models and algorithms can easily be adapted to the uncensored or even left-censored

cases. For a further discussion, see Guédon [47].
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It is possible to perform polynomial-time message-passing inference along ann HSMM
state chain (conditioned on parameters and observations) in a way similar to the stan-
dard alpha-beta dynamic programming algorithm for standard HMMs. The “backward”
messages are crucial in the development of efficient sampling inference in Section 3.4
because the message values can be used to efficiently compute the posterior information
necessary to block-sample the hidden label sequence (), and so we briefly describe the
relevant part of the existing HSMM message-passing algorithm. As derived in Murphy
[78], we can define and compute the backward messages' B and B* as follows:

Bi(i) £ plyrpralee =i, 30 # 2441)
= Bi()plmesr = jla = i), (3.2.4)
J

BI (1) £ p(yesrir | = 1,00 # Teq1)

T4
=Y Buyali) p(Di1 = dlwrs = i) - pyeseyalins = i, Devi = d)
d=1 duration prior terimn likelihood term ’
+§)(Dt+1 >T — tleper = OpYrerr|2i41 = @, Dey > T — t)j (3.2.5)
censoring term
Bp(i) = 1, (3.2.6)

where we have split the messages into B and B* components for convenience and used
Yk, ky tO denote (Yr ..., Yky). Dig1 represents the duration of the segment beginning
at time t + 1. The conditioning on the parameters of the distributions, namecly the
observation, duration, and transition parameters, is suppressed from the notation.

We write 2; # ;41 to indicate that a new segment begins at t+1, and so to compute
the message from £ 41 to t we sum over all possible lengths d for the segment beginning
at t + 1, using the backward message at t + d to provide aggregate future information
given a boundary just after ¢ +d. The final additive term in the expression for By (i) is
described in Guédon [47]; it constitutes the contribution of state segments that run off
the end of the provided observations, as per the censoring assumption, and depends on
the survival function of the duration distribution.

Though a very similar message-passing subroutine is used in HMM Gibbs samplers,
there are significant differences in computational cost between the HMM and HSMM
message computations. The greater expressive power of the HSMM model necessarily
increases the computational cost: the above message passing requires Q(T?N + TN?)

'In Murphy [78] and others, the symbols 8 and #* arc used for the messages, but to avoid confusion
with our HDP parameter 3, we use the symbols B and B™ for messages.
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basic operations for a chain of length 7" and state cardinality N, while the correspond-
ing HMM message passing algorithm requires only O(TN?). However, if the support of
the duration distribution is limited, or if we truncate possible segment lengths included
in the inferencc messages to some maximum dy,, we can instcad express the asymp-
totic message passing cost as O(Tdyax N + TN?). Though the increased complexity of
message-passing over an HMM significantly increases the cost per iteration of sampling
inference for a global model, the cost can be offset when explicit duration modeling
is particularly informative, as shown in the experiments in Section 3.5. In Chapter 4,
we develop methods to reduce this message-passing complexity for specific duration
models.

W 3.2.3 The HDP-HMM and Sticky HDP-HMM

The HDP-HMM [106] provides a natural Bayesian nonparametric treatment of the
classical Hidden Markov Model. The model employs an HDP prior over an infinite
state space, which enables both inference of state complexity and Bayesian mixing over
models of varying complexity. We provide a brief overview of the HDP-HMM model
and rclevant inference algorithms, which we cxtend to develop the HDP-HSMM. A
much more thorough treatment of the HDP-HMM can be found in, for example, Fox
[30].

The generative process HDP-HMM(~y, v, H) given concentration parameters v, o >
0 and basc mcasure (observation prior) H can be summarized as:

8 ~ GEM(y), (3.2.7)
0 1 Dp(a, 8) o 1 g i=1,2,..., (3.2.8)
2y ~ 1), (3.2.9)
ys ~ F(8T)) t=1,2,...,T, (3.2.10)

where GEM denotes a stick breaking process [102] as in Section 2.5 and f denotes an
observation distribution parameterized by draws from H. We set z; = 1. We have
also suppressed explicit conditioning from the notation. See Figure 3.3 for a graphical
model.

The HDP plays the role of a prior over infinite transition matrices: each 7% is a DP
draw and is interpreted as the transition distribution from state j. The () are linked
by being DP draws parameterized by the samc discrete measure 3, thus E[W(j)] =4
and the transition distributions tend to have their mass concentrated around a typical
set of states, providing the desired bias towards re-entering and re-using a consistent
set of states.
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Figure 3.3: Graphical model for the HDP-HMM.

The Chinese Restaurant Franchise and direct-assignment collapsed sampling meth-
ods described in Teh et al. [106] and Fox [30] are approximate inference algorithms for
the full infinite dimensional HDP, but they have a particular weakness in the sequential-
data context of the HDP-HMM: each state transition must be re-sampled individually,
and strong correlations within the label sequence significantly reduce mixing rates [30].
As a result, finite approximations to the HDP have been studied for the purpose of pro-
viding faster mixing. Of particular note is the weak limit approximation, used in Fox
et al. [31], which has been shown to reduce mixing times for HDP-HMM inference while
sacrificing little in terms of approximating the infinite-dimensional HDP posterior.

The Sticky HDP-HMM augments the HDP-HMM with an extra parameter x > 0
that biases the process towards self-transitions and thus provides a method to encourage
longer state durations. The Sticky-HDP-HMM(~, «v, s, H) generative process can be
written

B ~ GEM(y), (3.2.11
7O 8 DP(a + 5, 5 + x0;) ORCE i=12,..., (3.2.12

)
)
Xy ~ lE=1), (3:2.13)
g ~ f(8@)) =12 o, T, (3.2.14)
where d; denotes an indicator function that takes value 1 at index j and 0 elsewhere.
While the Sticky HDP-HMM allows some control over duration statistics, the state
duration distributions remain geometric; a goal of this work is to provide a model in
which any duration distributions specific to each state may be used.
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H 3.3 HSMM Models

In this scction, we introduce the explicit-duration HSMM-bascd models that we use
in the remaindcr of the chapter. We define the finite Bayesian HSMM and the HDP-
HSMM and show how they can be used as components in more complex models, such
as in a factorial structure. We describe generative processes that do not allow self-
transitions in the super-state sequence, but we emphasize that we can also allow self-
transitions and still employ the inference algorithms we describe; in fact, allowing self-
transitions simplifies inference in the HDP-HSMM, since complications arise as a result
of the hicrarchical prior and an elimination of self-transitions. However, there is a clear
modeling gain by climinating self-transitions: when self-transitions arc allowed, the
“explicit duration distributions” do not model the state duration statistics directly. To
allow direct modeling of state durations, we must consider the case where self-transitions
do not occurr.

B 3.3.1 Finite Bayesian HSMM

The finitc Bayesian HSMM is a combination of the Baycsian HMM approach with
semi-Markov state durations and is the model we generalize to the HDP-HSMM. It
is instructive to compare this construction with that of the finite model used in the
weak-limit HDP-HSMM sampler that will be described in Section 3.4.2, since in that
case the hicrarchical ties between rows of the transition matrix rcquires particular care.

The generative process for a Bayesian HSMM with N states and observation and
duration parameter prior distributions of H and G, respectively, can be summarized as

iid

7D E Dir(a(1=6)) @D 9NEHxG i=1,2,...,N, (3.3.1)

2g ~o mFe1)) (3.3.2)

ds ~ g(9®)y, s=1,2,..., (3.3.3)
T(s)t(s+1)—1 = Zs) (3.3.4)
Yi(s)t(s+1)—1 & £ (3.3.5)

where f and g denote observation and duration distributions parameterized by draws
from H and G, respectively, and t(s) is defined in (3.2.3). As in Scction 3.2.2, we collect
the (" for i = 1,2,..., N into the rows of a transition matrix 4. We use Dir(a(1—§;))
to denote a symmetric Dirichlet distribution with parameter o except with the ith
component of the hyperparameter vector sct to zero, hence fixing A;; = 0 and ensuring
there will be no self-transitions sampled in the super-state sequence (zs).

Note, crucially, that in this definition the 7 are not tied across various i. In the
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HDP-HSMM, as well as the weak limit model used for approximate inference in the
HDP-HSMM, the 79 will be tied through the hierarchical prior (specifically via 3),
and that connection is necessary to penalize the total number of states and encourage
a small, consistent set of states to be visited in the super-state sequence. However,
the interaction between the hicrarchical prior and the elimination of self-transitions
presents an inference challenge.

N 3.3.2 HDP-HSMM

The generative process of the HDP-HSMM is similar to that of the HDP-HMM, with
some extra work to include duration distributions. The process HDP-HSMM(v, «, H, G},
illustrated in Figure 3.4, can be written as

B ~ GEM(v), (3.3.6)

70 2 DP(a, B) CRRIONNSN: e i=1,2,..., (3.3.7)

zg ~o T (3.3.8)

dy ~ g(91)) s=1,2,..., (3.3.9)

Li(s)ut(s+1)—1 — Zs, (3.3.10)
Yi(s)i(s+1)—1 " f(e(zs)) , (3.3.11)
where we use 7() £ lj’(izL) (I — d;5) to eliminate self-transitions in the super-state se-

quence (zs).
Note that the atoms we edit to eliminate self-transitions are the same atoms that
are affected by the global sticky bias in the Sticky HDP-HMM.

M 3.3.3 Factorial Structure

We can easily compose our sequential models into other common model structures, such
as the factorial structure of the factorial HMM [40]. Factorial models are very useful for
source separation problems, and when combined with the rich class of sequential models
provided by the HSMM, one can use prior duration information about each source to
greatly improve performance (as demonstrated in Section 3.5). Here, we briefly outline
the factorial model and its uses.

If we use y ~ HDP-HSMM(«, v, H, G) to denote an observation sequence gencrated
by the process defined in (3.3.6)-(3.3.11), then the generative process for a factorial
HDP-HSMM with K component scquences can be written as
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Figure 3.4: A graphical model for the HDP-HSMM in which the number of segments
S, and hence the number of nodes, is random.

y%) ~ HDP-HSMM (o, Y&, Hi, Gi) k=1 2y i K (3.3.12)
K

g 2 Zyg‘“) + w; t=1,2...,T, (3.3.13)
k=1

where wy is a noise process independent of the other components of the model states.

A graphical model for a factorial HMM can be seen in Figure 3.5, and a factorial
HSMM or factorial HDP-HSMM simply replaces the hidden state chains with semi-
Markov chains. Each chain, indexed by superscripts, evolves with independent dynam-
ics and produces independent emissions, but the observations are combinations of the
independent emissions. Note that each component HSMM is not restricted to any fixed
number of states.

Such factorial models are natural ways to frame source separation or disaggregation
problems, which require identifying component emissions and component states. With
the Bayesian framework, we also model uncertainty and ambiguity in such a separation.
In Section 3.5.2 we demonstrate the use of a factorial HDP-HSMM for the task of
disaggregating home power signals.

Problems in source separation or disaggregation are often ill-conditioned, and so one
relies on prior information in addition to the source independence structure to solve the
separation problem. Furthermore, representation of uncertainty is often important,
since there may be several good explanations for the data. These considerations moti-
vate Bayesian inference as well as direct modeling of state duration statistics.
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Figure 3.5: A graphical model for the factorial HMM, which can naturally be extended
to factorial structures involving the HSMM or HDP-HSMM.

B 3.4 Inference Algorithms

We describe two Gibbs sampling inference algorithms, beginning with a sampling algo-
rithm for the finite Bayesian HSMM, which is built upon in developing algorithms for
the HDP-HSMM in the sequel. Next, we develop a weak-limit Gibbs sampling algorithm
for the HDP-HSMM, which parallels the popular weak-limit sampler for the HDP-HMM
and its sticky extension. Finally, we introduce a collapsed sampler which parallels the
direct assignment sampler of Teh et al. [106]. For both of the HDP-HSMM samplers
there is a loss of conjugacy with the HDP prior due to the fact that self-transitions in
the super-state sequence are not permitted (see Section 3.4.2). We develop auxiliary
variables to form an augmented representation that effectively recovers conjugacy and
hence enables fast Gibbs steps.

In comparing the weak limit and direct assignment sampler, the most important
trade-offs are that the direct assignment sampler works with the infinite model by
integrating out the transition matrix A while simplifying bookkeeping by maintaining
part of 3, as we make clear in Section 3.4.3; it also collapses the observation and
duration parameters. However, the variables in the label sequence (x;) are coupled
by the integration, and hence each element of the label sequence must be resampled
sequentially. In contrast, the weak limit sampler represents all latent components of the
model (up to an adjustable finite approximation for the HDP) and thus allows block
resampling of the label sequence by exploiting HSMM message passing.

We end the section with a discussion of leveraging changepoint side-information to
greatly accelerate inference.
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B 3.4.1 A Gibbs Sampler for the Finite Bayesian HSMM
In this section, we describe a blocked Gibbs sampler for the finite HSMM.

Outline of Gibbs Sampler

To perform posterior inference in a finite Bayesian HSMM, we construct a Gibbs sampler
resembling that for finite HMMs. Our goal is to construct samples from the posterior

(), (69}, (7O}, {99} (n), H, G, ) (3.4.1)

by drawing samples from the distribution, where G represents the prior over duration
paramcters. We can construct these samples by following a Gibbs sampling algorithm
in which we iteratively sample from the appropriate conditional distributions of (z;),
{7}, (9@}, and {6D}.

Sampling {8} or {#™} from their respective conditional distributions can be eas-
ily reduced to standard problems depending on the particular priors chosen. Sampling
the transition matrix rows {7V} is straightforward if the prior on each row is Dirichlet
over the off-diagonal entries and so we do not discuss it in this section, but we note
that when the rows are tied together hierarchically (as in the weak-limit approxima-
tion to the HDP-HSMM), resampling the {n(!)} correctly requires particular care (see
Section 3.4.2).

In the following section we develop the algorithm for block-sampling the label se-
quence (2¢) from its conditional distribution by employing the HSMM message-passing
scheme.

Blocked Conditional Sampling of (1;) with Message Passing

To block sample (z;)[{8®}, {7}, {9®}, () in an HSMM we can extend the standard
block state sampling scheme for an HMM. The key challenge is that to block sample
the states in an HSMM we must also be able to sample the posterior duration variables.

If we compute the backward messages B and B* described in Section 3.2.2, then we
can easily draw a postecrior sample for the first state according to

p(z1 = klyur) o p(z1 = k)plyr.rl|: = k) (3.4.2)

= p(z1 = k)By(k), (3.4.3)
wherc we have used the assumption that the observation sequence begins on a segment,
boundary and suppressed notation for conditioning on parameters.

We can also use the messages to cfficiently draw a sample from the posterior duration



Sec. 3.4. Inference Algorithms 59

distribution for the sampled initial state. Conditioning on the initial state draw, zp,
the posterior duration of the first state is:

p(Dy = d,y1.1|21 = Z1)

p(D1 =dl|yrr, 1 =21) = : - (3.4.4)
p(yrrle = 21)
_ p(Dy =dlxy = 2)p(yra D1 = dy w1 = T1)p(Yarrr| Dy = d, 11 = 21) (3.4.5)
p(yl:Tl‘%l = ) o
_ p(D1 = d)p(yralD) = d, &y = Z1)By 5«‘1). (3.4.6)

Bj(z1)

We repeat the process by using zp, 41 as our new initial state with initial distribution
p(axp,+1 = t|z1 = 1), and thus draw a block sample for the entire label sequence.

In ecach step of the forward-sampling process a label is assigned in the label sequence.
To compute each label assignment, Eq. (3.4.6) is evaluated in constant time and, when
the duration expires, Eq. (3.4.3) is sampled in time proportional to the number of states
N. Therefore the overall complexity of the forward-sampling process for an HSMM with
N states and sequence length 7" is O(T'N) after computing the HSMM messages.

W 3.4.2 A Weak-Limit Gibbs Sampler for the HDP-HSMM

The weak-limit sampler for an HDP-HMM [31] constructs a finite approximation to
the HDP transitions prior with finite L-dimensional Dirichlet distributions, motivated

by the fact that the infinite limit of such a construction converges in distribution
(i.c. weakly) to an HDP:

Bly ~Dir(y/L,...,v/L), (3.4.7)
7D |a, B~ Dir(afy, ..., abL) i=1,...,L, (3.4.8)

where we again interpret 7(9 as the transition distribution for state i and 8 as the
distribution which ties state transition distributions together and encourages shared
sparsity. Practically, the weak limit approximation enables the complete representation
of the transition matrix in a finite form, and thus, when we also represent all parameters,
allows block sampling of the entire label sequence at once. The parameter L gives us
control over the approximation quality, with the guarantec that the approximation will
become exact as L grows; sce Ishwaran and Zarepour [56], especially Theorem 1, for a
discussion of theoretical guarantees.

We can employ the weak limit approximation to create a finite HSMM that approx-
imates inference in the HDP-HSMM. This approximation tcchnique often results in

greatly accelerated mixing, and hence it is the technique we employ for the experiments
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in the sequel. However, the inference algorithm of Section 3.4.1 must be modified to
incorporate the fact that the {w(i)} are no longer mutually independent and are instead
tied through the shared 5. This dependence betwcen the transition rows introduces
potential conjugacy issucs with the hierarchical Dirichlet prior; the following section
explains the difficulty as well as a simple algorithmic solution via auxiliary variables.

The beam sampling technique [110] can be applied here with little modification, as
in Dewar et al. [23], to sample over the approximation parameter L, thus avoiding the
need to set L a priori while still allowing instantiation of the transition matrix and
block sampling of the state sequence. This technique is especially uscful if the number
of states could be very large and is difficult to bound a priori. We do not explore beam
sampling here.

Conditional Sampling of {7} with Data Augmentation

To construct our overall Gibbs sampler, we nced to be able to resample the tran-
sition matrix 7 given the other components of the model. However, by ruling out
self-transitions while maintaining a hierarchical link between the transition rows, the
model is no longer fully conjugate, and hence resampling is not necessarily easy. To
observe the loss of conjugacy using the hierarchical prior required in the weak-limit ap-
proximation, note that we can summarize the relevant portion of the gencrative model
as

Bly ~ Dir(y, ..., ), (3.4.9)
7|8 ~ Dir(afi, ..., af) j=1,...,L, (3.4.10)
e {m DY, 2y ~ Ay, t=2,...,T, (3.4.11)
(3.4.12)
where 7; represents 7 with the Jth component removed and renormalized appropri-
ately:
(3 .
(1 = 8 1 i=
Tjs = ﬂ(—i where  §;; 2 e o (3.4.13)
1— 7r§‘7) ) 0 otherwise

The deterministic transformation from #() to 7U) eliminates self-transitions. Note
that we have suppressed the observation parameter set, duration parameter set, and
observation sequence for simplicity.

Consider the distribution of 7(1|(z;), 8, the first row of the transition matrix:
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(V2. 8) o p(a D B)p((re) V) (3.4.14)
(1)ya—1 (1)yad, -1 7_‘_‘()l) niz 71_ﬁ]) nyy,
O((ﬂ' )a 1— (71’ )a L= < 2 s
1 L 1_ ng) 1— 77%1)
(3.4.15)

where n;; are the number of transitions from state i to state j in the super-state sequence

(zs):

ng £ #{s €[5 1) 25 =i, 251 = j}. (3.4.16)

Essentially, because of the extra l—im termns from the likelihood without self-transitions,
¢

we cannot, reduce this expression to the Dirichlet form over the components of 7t and
therefore we cannot proceed with sampling m and resampling 5 and 7 as in Teh ¢t al.
[106].

However, we can introduce auxiliary variables to recover conjugacy [109], also called
a completion construction [94, Section 10.1.2]. We define an extended generative model
with extra random variables that, when the extra variables are marginalized out, cor-
responds to the original model. Then we show that conditional distributions simplify
with the extra variables, hence allowing us to cycle simple Gibbs updates to produce
an efficient sampler.

For simplicity, we focus on the first row of the transition matrix, namely 7). and
the draws that depend on it; the reasoning immediately extends to the other rows. We
also drop the parameter « for convenience, and to simplify notation, we write n; for
ny;, for i =1,2,..., N. We also define n. = >, n;. First, we write the relevant portion
of the generative process as

7|8 ~ Dir(3), (3.4.17)
zilnr) ~ (3.4.18)
yilzi ~ f(zi) i=1,...,1n. (3.4.19)

Here, sampling z; = k represents a transition from state 1 to state k. The {y;} rep-
resent the observations on which we condition; in particular, if we have z; = k then
y; corresponds to an emission from state k in the HSMM. See the graphical model in
Figurc 3.6(a) for a depiction of the relationship between the variables.

We can introduce auxiliary variables {p;}.- |, where each p; is independently drawn
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Figure 3.6: Simplified depiction of the relationship between the auxiliary variables
and the rest of the model; 3.6(a) depicts the nonconjugate setting and 3.6(b) shows the
introduced auxiliary variables {p;}.

from a geometric distribution supported on {0, 1,...} with success parameter 1 — ;TEI).
That is, we introduce ,r),j|7r§1) ~ Geo(l—'.frgl}), shown in Figure 3.6(h). Thus our posterior
becomes:

p(rOl{z}, {oi)) (3:4.20)
o< p(a)p({z}r)p({pi}l{m"}) (3.4.21)
1) \ "2 i
2 - iy T .
- (’J’Til))ﬁl 1 "'(anl))ﬁb 1 2—(1) (—L(j_)) (H(ng))pf_(l = ,‘Tgl)))
L=m 1 —m i=1
(3.4.22)
_ (ﬂ_gl))ﬁwz,pf—l(ﬁgl))ﬁz+ﬂ2—1 mas (71'1{"]})61‘“”'_1 (3.4.23)
x Dir ([31 +Zpi:62+n2...-,61;+n1;) : (3.4.24)

Noting that n. = ). n;, we recover conjugacy and hence can iterate simple Gibbs steps.

We can compare the numerical performance of the auxiliary variable sampler to
a Metropolis-Hastings sampler in the model without auxiliary variables. Figure 3.7
shows the sample chain autocorrelations for the first component of 7 in both samplers.
Figure 3.8 compares the Multivariate Scale Reduction Factors of Brooks and Gelman
[16] for the two samplers, where good mixing is indicated by achieving the statistic’s
asymptotic value of unity. For a detailed evaluation, see Appendix B.

We can easily extend the data augmentation to the full HSMM, and once we have
augmented the data with the auxiliary variables {ps}5_, we are once again in the
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Figure 3.7: Empirical sample chain autocorrelation for the first component of 7 for
both the proposed auxiliary variable sampler and a Metropolis-Hastings sampler. The
figure shows mean autocorrelations over 50 randomly-initialized runs for each sampler,
with the corresponding dotted lines showing the 10th and 90th percentile autocorrela-
tion chains over those runs. The rapidly diminishing autocorrelation for the auxiliary
variable sampler is indicative of fast mixing.
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Figure 3.8: Multivariate Potential Scale Reduction Factors for both the proposed
auxiliary variable sampler and a Metropolis-Hastings sampler. The auxiliary variable
sampler rapidly achieves the statistic’s asymptotic value of unity. Note that the auxil-
iary variable sampler is also much more efficient to execute, as shown in 3.8(b).

conjugate setting. A graphical model for the weak-limit approximation to the HDP-
HSMM including the auxiliary variables is shown in Figure 3.9.
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Figure 3.9: Graphical model for the weak-limit approximation including auxiliary
variables.

M 3.4.3 A Direct Assignment Sampler for the HDP-HSMM

Though the main experiments in this chapter are performed with the weak-limit sampler
developed in the previous section, we provide a direct assignment (DA) sampler as
well for theoretical completeness and because it may be useful in cases where there is
insufficient data to inform some latent parameters so that marginalization is necessary
for mixing or estimating marginal likelihoods. In the direct assignment sampler for the
HDP-HMM the infinite transition matrix = is analytically marginalized out along with
the observation parameters. The sampler represents explicit instantiations of the label
sequence (x;) and the prefix of the infinite vector 8y.x where K = #{x; :t=1,...,T}.
There are also auxiliary variables m used to resample 3, but for simplicity we do not
discuss them here; see Teh et al. [106] for details.

Our DA sampler additionally represents the auxiliary variables necessary to recover
HDP conjugacy (as introduced in the previous section). Note that the requirement for,
and correctness of, the auxiliary variables described in the finite setting in Section 3.4.2
immediately extends to the infinite setting as a consequence of the Dirichlet Process’s
definition in terms of the finite Dirichlet distribution and the Kolmogorov extension
theorem [19, Chapter 4]; for a detailed discussion, see Orbanz [87]. The connection to
the finite case can also be seen in the sampling steps of the direct assignment sampler
for the HDP-HMM, in which the global weights 3 over K instantiated components are
resampled according to (B1.x, Brest) | (1) ~ Dir(a+mny,...,a+ng, a) where n; is the
number of transitions into state i and Dir is the finite Dirichlet distribution.
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Resampling (1)

To resample each element of the label sequence (x;), we perform an update sinilar
to that of the HDP-HMM direct assignment sampler. As described in Fox [30], the
corresponding HDP-HMM sampling step for each element x; of the label sequence is to
sample a new label k£ with probability proportional (over k) to

(y[gk + a1k (¥/3x1,+1 =+ nl\,’,a,’hq + H[;L.tfl
oA Ny o+ ny. + Lz

k=]
k]

p(ze = kl(y), B) o

: fobs(yt’It = A’)
(3.4.25)

fork=1,..., K+1 where K = #{x; : t = 1,..., T} and where I is an indicator function
taking value 1 if its argument condition is true and 0 otherwise.? The variables n;j arc
transition counts in the label sequence excluding the transition into and out of x;; that
is, nyy = #{ar =darpp=j 7 e {1,...,T — 1} \ {¢t — 1,t}}. The function fos is a
predictive likelihood:

Fobs(Ue k) = plyelay = b, {yr : 2 =k}, H) (3.4.26)
= / p(yt|xe = k, 9("")) H pyrler = /s:,()(k)) p(H(k)]H) do)
Glk) > ~~ - N e’
likelihood Tt =k _,observation parameter prior

likelihood of data with same label

(3.4.27)

We can derive this step by writing the complete joint probability p((z,), (y,)|8, H)
leveraging exchangeability; this joint probability value is proportional to the desired
posterior probability p(x|(z\,), (y:), 8, H). When we consider cach possible assignment
xr = k, we can cancel all the terms that do not depend on k, nanely all the transition
probabilitics other than those to and from x; and all data likelihoods other than that
for y,. However, this cancellation process relies on the fact that for the HDP-HMM
there is no distinction between self-transitions and new transitions: the term for each ¢
in the complete posterior simply involves transition scores no matter the labels of 2,
and x;_ . In the HDP-IISMM case, we must consider segments and their durations
separately from transitions.

To derive an expression for resampling x¢ in the case of the HDP-HSMM, we can
similarly consider writing out an expression for the joint probability p((z:), (y:)|3, H, G).
However, note that as the label assignment of z; = k varies, the terms in the expression
change according to whether oy | =k or a0 = k. That is, if 2,1 = k or 2441 = k,

2The indicator variables are present because the two transition probabilities are not independent
but rather exchangeable.
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Figure 3.10: Illustration of the Gibbs step to resample x; for the DA sampler for the
HDP-HSMM. The red dashed boxes indicate the elements of the label sequence that
contribute to the score computation for £ = 1,2,3 which produce two, three, and two
segment terms, respectively. The label sequence element being resample is emphasized
in bold.

the probability expression includes a segment term for entire contiguous run of label k.
Hence, since we can only cancel terms that do not depend on k, our score expression
must include terms for the adjacent segments into which x; may merge. See Figure 3.10
for an illustration.

The final expression for the probability of sampling the new value of z; to be k then
consists of between 1 and 3 segment score terms, depending on merges with adjacent
segments, each of which has the form

B + N b s Tk i
p(ze = k|(z\1), 8, H, G) x T S .\a(l S Ficw
) Ttk hiansibion . sight-transition
“faur(fz — 11 4 1)« fobs (Ut 1K), (3.4.28)
N dur:tion obse;\:].tion

where we have used ¢; and t; to denote the first and last indices of the segment,
respectively.

The function fg,,(d|k) is the corresponding duration predictive likelihood evaluated
on a duration d, which depends on the durations of other segments with label k£ and any
duration hyperparameters. The function f,,s now represents a block or joint predictive
likelihood over all the data in a segment (see, for example, Murphy [79] for a thorough
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discussion of the Gaussian case). Note that the denominators in the transition terms
are affected by the elimination of self-transitions by a rescaling of the “total mass.”
The resulting chain is ergodic if the duration predictive score fgyu has a support that

includes {1,2, ..., dyax}, so that segments can be split and merged in any combination.

Resampling 3 and Auxiliary Variables p

To allow conjugate resampling of 3, auxiliary variables must be introduced to deal
with the conjugacy issuc raised in Section 3.4.2. In the direct assignment samplers, the
auxiliary variables are not used to resample diagonal entries of the transition matrix «,
which is marginalized out, but rather to directly resample 5. In particular, with each
seginent s we associate an auxiliary count pg which is independent of the data and only
serves to preserve conjugacy in the HDP. We periodically resample via

7o, B ~ Beta(aB, a1 — ), (3.4.29)
psir? 2y ~ Geo(1 — 7)) (3.4.30)

The count n;;, which is used in resampling the auxiliary variables m of Teh et al. [106]
which in turn are then used to resample 8, is the total of the auxiliary variables for other
scgments with the same label: n;; = > #5252, Pae This formula can be interpreted as
simply sampling the number of self-transitions we may have seen at segment s given 3
and the counts of self- and non-self transitions in the super-state sequence. Note the

diagonal entries 7r2-( ) are independent of the data given (z4); as before, this auxiliary
variable procedure is a convenient way to integrate out numerically the diagonal entries

of the transition matrix.

B 3.4.4 Exploiting Changepoint Side-Information

In many circumstances, we may not need to consider all time indices as possible change-
points at which the super-state may switch; it may be easy to rule out many non-
changepoints from consideration. For example, in the power disaggregation application
in Section 3.5, we can run inexpensive changepoint detection on the observations to get
a list of possible changepoints, ruling out many obvious non-changepoints. The possible
changepoints divide the label sequence into state blocks, where within each block the
label sequence must be constant, though sequential blocks may have the same label.
By only allowing super-state switching to occur at these detected changepoints. we can
greatly reduce the computation of all the samplers considered.

In the case of the weak-limit sampler, the complexity of the bottleneck message-
passing step is reduced to a function of the number of possible changepoints (instead of

total sequence length): the asymptotic complexity becomes O(Tf N+ N 2Cl}}mné_i‘.c) ,

hange
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where Tthange, the number of possible changepoints, may be dramatically smaller than
the sequence length T. We simply modify the backward message-passing procedure to
sum only over the possible durations:

B (0) £ p(yry1.1|Tiv1 = 3,1 # 2411)

= Z By (1) p(Dig1 = dlzyy = iZ'P(yt+1:t+d|xt+1 =1,Diq = d),
deb

duration prior term likelihood term

+p(Digy > T = tzgy = Op(yerrr|vies =4, Dy > T — )

)
o

(3.4.31)

censoring term

where p represents the duration distribution restricted to the set of possible durations
D c Ny and renormalized. We similarly modify the forward-sampling procedure to
only consider possible durations. It is also clear how to adapt the DA sampler: instead
of re-sampling each element of the label sequence (x;) we simply consider the block
label sequence, resampling each block’s label (allowing merging with adjacent blocks).

B 3.5 Experiments

In this scction, we evaluate the proposed HDP-HSMM sampling algorithms on both
synthetic and real data. First, we compare the HDP-HSMM dircct assignment sampler
to the weak limit sampler as well as the Sticky HDP-HMM direct assignment sampler,
showing that the HDP-HSMM direct assignment sampler has similar performance to
that for the Sticky HDP-HMM and that the weak limit sampler is much faster. Next,
we evaluate the HDP-HSMM weak limit sampler on synthetic data generated from
finite HSMMs and HMMs. We show that the HDP-HSMM applied to HSMM data
can efficiently learn the correct model, including the correct number of statcs and state
labels, while the HDP-HMM is unable to capture non-geometric duration statistics. We
also apply the HDP-HSMM to data generated by an HMM and demonstrate that, when
equipped with a duration distribution class that includes geometric durations, the HDP-
HSMM can also efficiently lecarn an HMM model when appropriate with little loss in
efficiency. Next, we use the HDP-HSMM in a factorial [40] structure for the purpose of
disaggregating a whole-home power signal into the power draws of individual devices.
We show that cncoding simple duration prior information when modeling individual
devices can greatly improve performance, and further that a Bayesian treatment of the
parameters is advantageous. We also demonstrate how changepoint side-information
can be leveraged to significantly speed up computation.
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Figure 3.11: (a) compares the HDP-HSMM with geometric durations direct assign-
ment sampler with that of the Sticky HDP-HMM, both applied to HMM data. The
sticky parameter x was chosen to maximize mixing. (b) compares the HDP-HSMM di-
rect assignment sampler with the weak limit sampler. In all plots, solid lines are the
median error at each time over 25 independent chains; dashed lines are 25th and 75th
percentile errors.

W 3.5.1 Synthetic Data

Figure 3.11 compares the HDP-HSMM direct assignment sampler to that of the Sticky
HDP-HMM as well as the HDP-HSMM weak limit sampler. Figure 3.11(a) shows that
the direct assignment sampler for an HDP-HSMM with geometric durations performs
similarly to the Sticky HDP-HSMM direct assignment sampler when applied to data
generated by an HMM with scalar Gaussian emissions. Figures 3.11(b) shows that the
weak limit sampler mixes much more quickly than the direct assignment sampler. Each
iteration of the weak limit sampler is also much faster to execute (approximately 50x
faster in our implementations in Python). Due to its much greater efficiency, we focus
on the weak limit sampler for the rest of this section; we believe it is a superior inference
algorithm whenever an adequately large approximation parameter L can be chosen a
priori.

Figure 3.12 summarizes the results of applying both a HDP-HSMM with Poisson du-
rations and an HDP-HMM to data generated from an HSMM with four states, Poisson
durations, and 2-dimensional mixture-of-Gaussian emissions. In the 25 Gibbs sampling
runs for each model, we applied 5 chains to each of 5 generated observation sequences.
The HDP-HMM is unable to capture the non-Markovian duration statistics and so its
state sampling error remains high, while the HDP-HSMM equipped with Poisson du-
ration distributions is able to effectively learn the correct temporal model, including
duration, transition, and emission parameters, and thus effectively separate the states
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Figure 3.12: State-sequence Hamming error of the HDP-HMM and HDP-HSMM
with Poisson durations applied to data from an HSMM with Poisson durations. In
each plot, the blue line indicates the error of the chain with the median error across
25 independent Gibbs chains, while the red dashed lines indicate the chains with the
10th and 90th percentile errors at each iteration. The jumps in the plot correspond to
a change in the ranking of the 25 chains.
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Figure 3.13: Number of states inferred by the HDP-HMM and HDP-HSMM with
Poisson durations applied to data from a four-state HSMM with Poisson durations. In
each plot, the blue line indicates the error of the chain with the median error across 25
independent Gibbs chains, while the red dashed lines indicate the chains with the 10th
and 90th percentile errors at each iteration.

and significantly reduce posterior uncertainty. The HDP-HMM also frequently fails to
identify the true number of states, while the posterior samples for the HDP-HSMM
concentrate on the true number; see Figure 3.13.

By setting the class of duration distributions to be a superclass of the class of geo-
metric distributions, we can allow an HDP-HSMM model to learn an HMM from data
when appropriate. One such distribution class is the class of negative binomial distri-
butions, denoted NegBin(r,p), the discrete analog of the Gamma distribution, which
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Figure 3.14: The HDP-HSMM and HDP-HMM applied to data from an HMM. In
each plot, the blue line indicates the error of the chain with the median error across 25
independent Gibbs chains, while the red dashed line indicates the chains with the 10th
and 90th percentile error at each iteration.

covers the class of geometric distributions when r = 1. (We discuss negative binomial
duration models further and develop specialized algorithms in Chapter 5.) By placing
a (non-conjugate) prior over r that includes » = 1 in its support, we allow the model
to learn geometric durations as well as significantly non-geometric distributions with
modes away from zero. Figure 3.14 shows a negative binomial HDP-HSMM learning
an HMM model from data generated from an HMM with four states. The observa-
tion distribution for each state is a 10-dimensional Gaussian, with parameters sampled
ii.d. from a Normal-Inverse-Wishart (NIW) prior, as defined in Example 2.2.3 of Sec-
tion 2.2. The prior over r was set to be uniform on {1,2,...,6}, and all other priors
were chosen to be similarly non-informative. The sampler chains quickly concentrated
at r = 1 for all state duration distributions. There is only a slight loss in mixing time
for the HDP-HSMM compared to the HDP-HMM. This experiment demonstrates that
with the appropriate choice of duration distribution the HDP-HSMM can effectively
learn an HMM model.

W 3.5.2 Power Disaggregation

In this section we show an application of the HDP-HSMM factorial structure to an
unsupervised power signal disaggregation problem. The task is to estimate the power
draw from individual devices, such as refrigerators and microwaves, given an aggre-
gated whole-home power consumption signal. This disaggregation problem is impor-
tant for energy efficiency: providing consumers with detailed power use information
at the device level has been shown to improve efficiency significantly, and by solving
the disaggregation problem one can provide that feedback without instrumenting every
individual device with monitoring equipment. This application demonstrates the utility



72 CHAPTER 3. THE HDP-HSMM

of including duration information in priors as well as the significant speedup achieved
with changepoint-based inference.

The power disaggregation problem has a rich history [119] with many proposed
approaches for a variety of problem specifications. Some recent work [64] has considered
applying factorial HSMMs to the disaggregation problem using an EM algorithm; our
work here is distinct in that (1) we do not use training data to learn device models but
instead rely on simple prior information and learn the model details during inference,
(2) our states are not restricted to binary values and can model multiple different
power modcs per device, and (3) we use Gibbs sampling to learn all levels of the model.
The work in Kim ct al. [64] also explores many other aspects of the problem, such
as additional data featurcs, and builds a very compelling complete solution to the
disaggregation problem, while we focus on the factorial time series modcling itself.

For our experiments, we used the REDD data set [66], which monitors many homes
at high frequency and for extended periods of time. We chose the top 5 power-drawing
devices (refrigerator, lighting, dishwasher, microwave, furnacc) across several houses
and identified 18 24-hour segments across 4 houses for which many (but not always all)
of the devices switched on at least once. We applied a 20-second median filter to the
data, and cach sequence is approximately 5000 samples long. See Figure 3.15 for an
example of the aggregated sequence data and its constituent sequences.

We constructed simple priors that set the rough power draw levels and duration
statistics of the modes for several devices. For cxample, the power draw from home
lighting changes infrequently and can have many different levels, so an HDP-HSMM
with a bias towards longer negative-binomial durations is appropriate. Refrigerators
tend to cxhibit an “off” mode near zero Watts, an “on” mode near 100-140 Watts, and
a “high” mode near 300-400 Watts, so our priors biased the refrigerator HDP-HSMM
to have fewer modes and set the power levels accordingly. We encode such modes in
the prior by adjusting the generative process so that some parameters are drawn from
distinct prior distributions. To encode a prior mode near some pg, we simply generate
a particular emission parameter as (9 = (0 ~ N (110, 03) with some uncertainty in the
mode value represented by 3. Other cmission parameters are gencrated independently
and identically from a fixed background prior.

Our priors are summarized in Table 3.1. We write Gauss(ug, 08; 0%) to denote a
Gaussian observation distribution prior with a fixed variance of 62 and a prior over its
mean parameter that is Gaussian distributed with mean pg and variance o3. We write
NegBin(«, 8; ) to denote a prior over duration distributions where p ~ Beta(a, 3) and
r is fixed, and durations are then sampled from NegBin(r,p). We did not truncate
the duration distributions during inference, and we set the weak limit approximation
paramcter L to be twice the number of expected modes for each device; for example,
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Figure 3.15: Example real data observation sequences for the power disaggregation
experiments.

for the refrigerator device we set L = 6 and for lighting we set L = 20. We performed
sampling inference independently on each observation sequence.
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Figure 3.16: An total power observation sequence from the power disaggregation
data set. Vertical dotted red lines indicate changepoints detected with a simple first-
differences. By using the changepoint-based algorithms described in Section 3.4.4 we
can greatly accelerate inference speed for this application.

As a baseline for comparison, we also constructed a factorial sticky HDP-HMM
[31] with the same observation priors and with duration biases that induced the same
average mode durations as the corresponding HDP-HSMM priors. We also compare
to the factorial HMM performance presented in Kolter and Johnson [66], which fit
device models using an EM algorithm on training data. For the Bayesian models, we
performed inference separately on each aggregate data signal.

The set of possible changepoints is easily identifiable in these data, and a primary
task of the model is to organize the jumps observed in the observations into an expla-
nation in terms of the individual device models. By simply computing first differences
and thresholding, we are able to reduce the number of potential changepoints we need
to consider from 5000 to 100-200, and hence we are able to speed up label sequence
resampling by orders of magnitude. See Figure 3.16 for an illustration.

To measure performance, we used the error metric of Kolter and Johnson [66]:

(i)

T K |l

p - Zz’:l yga) — Y
T _
2 1

Acc.=1—

where 7; refers to the observed total power consumption at time ¢, yt(i) is the true power

consumed at time ¢ by device i, and g}gz) is the estimated power consumption. We
produced 20 posterior samples for each model and report the median accuracy of the
component emission means compared to the ground truth provided in REDD. We ran

our experiments on standard desktop machines, and a sequence with about 200 detected
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o Power Disaggregation Accuracies
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Figure 3.17: Overall accuracy comparison between the EM-trained FHMM of Kolter
and Johnson [66], the factorial sticky HDP-HMM, and the factorial HDP-HSMM.

House | EM FHMM | F-HDP-HMM | F-HDP-HSMM
1 46.6% 69.0% 82.1%
2 50.8% 70.7% 84.8%
3 33.3% 67.3% 81.5%
6 55.7% 61.8% T7.7T%
Mean 47.7% 67.2% 81.5%

Table 3.2: Performance comparison broken down by house.

changepoints would resample each component chain in 0.1 seconds, including block
sampling the label sequence and resampling all observation, duration, and transition
parameters. We collected samples after every 50 such iterations.

Our overall results are summarized in Figure 3.17 and Table 3.2. Both Bayesian
approaches improved upon the EM-based approach because they allowed flexibility in
the device models that could be fit during inference, while the EM-based approach
fixed device model parameters that may not be consistent across homes. Furthermore,
the incorporation of duration structure and prior information provided a significant
performance increase for the HDP-HSMM approach. Detailed performance compar-
isons between the HDP-HMM and HDP-HSMM approaches can be seen in Figure 3.18.
Finally, Figures 3.19 and 3.20 shows total power consumption estimates for the two
models on two selected data sequences.

W 3.6 Summary

We have developed the HDP-HSMM and two Gibbs sampling inference algorithms, the
weak limit and direct assignment samplers, uniting explicit-duration semi-Markov mod-
eling with new Bayesian nonparametric techniques. These models and algorithms not
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Figure 3.18: Performance comparison between the HDP-HMM and HDP-HSMM
approaches broken down by data sequence.
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Figure 3.19: Estimated total power consumption for a data sequence where the HDP-
HSMM significantly outperformed the HDP-HMM due to its modeling of duration reg-
ularities.

only allow learning from complex sequential data with non-Markov duration statistics
in supervised and unsupervised settings, but also can be used as tools in constructing
and performing infernece in larger hierarchical models. We have demonstrated the util-
ity of the HDP-HSMM and the effectiveness of our inference algorithms with real and
synthetic experiments.

In the following chapters, we build on these models and algorithms in several ways.
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Figure 3.20: Estimated total power consumption for a data sequence where both the
HDP-HMM and HDP-HSMM approaches performed well.

In the next two chapters, we address issues of scalability in HSMM and HDP-HSMM
inference algorithms, including both the challenge of scaling HSMM message passing
to longer sequence lengths and the challenge of scaling inference to large datasets with
many observation sequences. In Chapter 6, we build on the HDP-HSMM and these
scalable inference techniques to define a new Bayesian nonparametric model.



Chapter 4

Faster HSMM Inference with
Efficient Representations

H 4.1 Introduction

In this chapter we address some fundamental scaling challenges for Hidden semi-Markov
Model (HSMM) inference. One reason HSMMs are not utilized nearly as often as the
ubiquitous Hidden Markov Model (HMM) is that the HSMM’s basic inference routines
are often too computationally expensive in practical settings. The time complexity of
HSMM inference scales quadratically with data sequence length while HMM inference
scales only linearly. The slowdown relative to HMM inference is due to the weaker
Markovianity properties in the HSMM state sequence, which require more expensive
message passing algorithms. For this reason, with growing dataset sizes and richer
hierarchical models requiring more data to be fit, HSMMs are often rejected even when
explicit durations provide a better model.

We address this challenge in two ways. First, we study HSMMs with a particular
natural family of duration distributions, the two-parameter negative binomial family,
and develop a message passing algorithm for these models with complexity that scales
only linearly with the sequence length. We derive the message passing algorithm in
terms of a general notion of HMM embeddings, which we define in Section 4.3 and which
improves upon previous work on expanded-state HMMs, as we discuss in Section 4.2.
We also develop a Gibbs sampling algorithim that uses this linear-time message passing
scheme. These algorithms immediately generalize to duration models that are mixtures
of negative binomials, a natural duration analog of the Gaussian mixture model. Second,
we give a linear time-invariant (LTT) system realization perspective that both gencralizes
the class of duration models for which HSMM message passing can be made efficient
and illuminates the limits of such an approach.

In subscquent chapters we build on these inference methods for HSMMs with nega-
tive binomial durations to develop scalable inference algorithms for hierarchical Bayesian

and Bayesian nonparametric models, including the stochastic variational inference (SVI)

79
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methods for the HSMM and HDP-HSMM described in Chapter 5 and both Gibbs sam-
pling and SVI algorithms for a new model described in Chapter 6.

The remainder of this chapter is organized as follows. In Section 4.2 we discuss
previous work and how it relates to the framework and methods we develop. In Sec-
tion 4.3, we provide our definition of HMM embeddings of HSMMs and give a general
result on computing HSMM messages in terms of the embedding. In Section 4.4 we give
a particular embedding for HSMMs with negative binomial durations and show how to
use the embedding to construct an HSMM Gibbs sampling algorithm for which the time
complexity of each iteration scales only linearly in the obscrvation sequence length. Fi-
nally, in Scction 4.5 we give a more general perspective on cfficicnt representations for
HSMM message passing in terms of LTT system realization.

B 4.2 Related work

The work that is most closely related to the ideas we develop in this chapter is the work
on expanded state HMMs (ESHMMs) [98, 97, 61, 48]. In the ESHMM framework,
non-geometric state durations are captured by constructing an HMM in which several
states share each obsecrvation distribution; the observations are gencrated from the
same observation distribution while the hidden Markov chain occupies any state in the
corresponding group of states, and so the effective duration distribution is modeled by
the Markov dwell time for the group of states. This technique is similar to the notion of
HMM embedding that we develop, but there are some key advantages to our approach,
both modeling and algorithmic. First, while an ESHMM is limited to a single HMM
of fixed size and transition topology, our definition of HMM embeddings as a way to
computec HSMM messages allows us to perform Bayesian inference over the HSMM
duration parameters and thus effectively resize the corresponding HMM embedding, as
we show in Section 4.4.2. Second, another consequence of using HMM embeddings to
compute HSMM messages is that the message passing recursions we develop require
significantly less memory than thosc for the ESHMM, as we describe in Section 4.3.
Finally, as we show in Section 4.5.2, our definition can be generalized to give efficient
HSMM message passing algorithms for duration models that cannot be captured by
ESHMMs.

Note that the HMM embedding we develop in Section 4.4 is most similar to the
ESHMM Type A model [97, 61], which can model a modified negative binomial duration
distribution with fixed r parameter and PMF given by

- — 1 s
p(k,‘rjp) = (Z B r)(l *p)rpkfr k= T,T+ 1,7‘+ 27 e (421)
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This distribution is not the standard ncgative binomial distribution which we usc in
Section 4.4, In particular, the PMF (4.2.1) has support starting at r, which can be
an artificial limitation when modeling duration distributions and particularly when
learning the r parameter, as we do in Section 4.4.

B 4.3 HMM embeddings and HSMM messages

In this section, we give our definition for HMM embeddings of HSMMs and show how
the HSMM messages can be computed in terms of HMM messages in the embeddings.
In Section 4.4 we use these results to derive efficient inference algorithms for HSMMs
with negative binomial durations, and in Section 4.5 we generalize these definitions.

As described in Chapter 3, there are standard HSMM forward and backward mes-
sages [78] analogous to those for the HMM. The forward messages (F, F*) and backward
messages (B, B*) are defined by

Fyi 2 plyra, o = 6,00 # Te41)
T—t—1

= Z Ftid,ip(d‘flit—d = )p(y—d|T—ax = 1) (4.3.1)
d=1

F;f«i £ ‘P(’ylzz’%ﬂ = L|~Lt #* 517t-|—1)

N
= Z Frip(wir = ilay = jyae # 2i41) (4.3.2)
Jj=1
Fi; & p(z =1) (4.3.3)
BL,’A' £ P(’!/L 1—1:'1’\171 =1,y # JJ¢+1)

i
] =

B ip(aerr = jloe = 4,2 # 2e41), (4.3.4)
-|

[
1l

Bf,f, S Pyl =420 # 2441)

T—t
= Z Bt+d,i7)(d'1‘t+1 = i)]’(?/t+1:z,+(1|-’1»'1,+1:t,+(1 = 1)
d=1
o0
+ Z pldlzer = Dp(yrrrr|eirr = 1), (4.3.5)

d=T—-t+1
Br; 21, (4.3.6)
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where 7' denotes the length of the observation sequence and NV the number of states.
These HSMM messages are expensive to compute because the expression for By, like
that for F};, involves summing over all possible durations, resulting in an overall time
complexity of O(TN? + T?N) compared to the HMM message passing complexity of
O(TN?). Thec HSMM algorithm’s quadratic dependence on the scquence length T
severely limits the settings in which HSMM inference can be performed and has led
many practitioners to prefer HMMs cven when geometric state durations are unnatural.

One way to interpret the HSMM messages mcessages is to embed the HSMM into
a much larger HMM that encodes the same generative process [78, 54]. The HMM
embedding includes the duration information in its Markov state. Here we give a more
general definition of HMM embeddings than considered in previous work, and use this
general definition to explore opportunities for more efficient representations.

Recall from Chapter 3 that we parameterize an HSMM on N states with a N x N
transition matrix A where A;; = p(x;41 = jlozs = ¢, 24 # 2441, initial state distribution
70| observation parameters @ = {#(V}Y | and duration paramcters 9 = {9V

Definition 4.3.1 (HMM embedding of an HSMM). Given an HSMM on N states with
paramelters (A,H,Tr(“),ﬁ) and an observation sequence length T, an HMM embedding
of the HSMM is an HMM on N = 2{21 NG states for some N with parameters
(4,0, 7'7(0)) that satisfy the following requirements:

(1) The HMM transition matriz is of the form

A I o ADT
A 5 &
AL2) | A
. — AT

A B(N)

N
[
+

(4.3.7)

for some nonnegative maltrices A of size N® x NO gnd nonnegalive vectors b
and ¢ of length N fori=1.2. ... , N. Entries shown as blank are zero.

(2) Indexing each HMM state as (i,7) fori=1,2,...,N and j = 1,2,...,N® the
HMM observation parameters are 83 = §() gnd the initial state distribution is
fr((S;) = ﬂ'go)cg-i). We can thus associate each HSMM state © with a collection of N

HMM states of the form (i,7), and we refer to each i as the state index and each

7 as the pseudostate index.

(3) The probability the HSMM assigns to any label sequence z1.7 — (x4)L_, is equal
to the total probability the HMM embedding assigns to all HMM state sequences
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of the form 1.0 = ((xr,e1))l_, for some sequence of pseudostate indices (e,); that
is, writing p(x1.p| A, 7 8,9) for the probability the HSMM assigns to o fived label
sequence T and p(:f:l;TIA,ﬁ'(o),g) for the probability that the HMM assigns to a
state sequence Ty with Ty = (x4, e4), we require

plarr| A, 7 D,0,9) =3 " p(z10] A, 7,0) =Y p((z, e, |A,7,0)  (4.3.8)
€ €

where the swm is over all possible pseudostate index sequences.

Note that by the construction in (1.3.7), for any HMM cmbedding of an HSMM,
each matrix

PO ‘
(cU)T 0) (4.3.9)

for i = 1,2,..., N is row-stochastic. Further, again decomposing cach z; = (a¢, ¢;) into
an HSMM state index and a pseudostate index, note that by Definition 4.3.1 we have

Egi) (o = (L )z = 420 # Tig) (4.3.10)

=p
B = pla # welz = (5,5)). (43.11)

Thus we refer to each &9 as the vector of entrance probabilities and to each b as
the vector of exit probabilities for the HMM embedding pseudostates corresponding to
HSMM state i. An HMM embedding captures the desired HSMM transition dynamics
because Z,IL(T Z?ﬁi) (T = (4,07 = (i, k), 2 # x441) = Ay Finally, note that
an HMM embedding models the HSMM durations in terms of the dwell times within
the group of HMM states corresponding to each HSMM state, as we make clear in
Proposition 4.3.1.

First, we give an example of a generic HSMM embedding from a construction given
in Murphy [78] (though not in terms of our definition of HMM embeddings).

Example 4.3.1. We can construct an HMM embedding for an arbitrary HSMM by
using N = TN total states with N = TN and
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0 1 0
0 1 0
AW = b = | : (4.3.12)
0 1 0
0 1
T = (p(d = T[9D) pd=T—119®) - pld=29D) p(d=1/9D)). (4.3.13)

In this HMM cmbedding, when the group of states corresponding to HSMM state i is
entered, a duration (censored to a maximum of T ) is sampled from the HSMM state’s du-
ration distribution encoded in ¢ ; if a duration d is sampled, the state with pseudostate
index T' — d is entered. Then the pseudostate index serves as a counter, deterministi-
cally incrementing until reaching the mazimum pseudostate index of T, at which point
a transition occurs and a new HSMM state is sampled.

While the construction makes it impossible to sample a pseudostate corresponding
to a duration greater than T, with the label sequence length fized at T it is impossible
for any duration longer than T to be represented in the HSMM label sequence. Thus
this HMM embedding directly models the HSMM generative process for label sequences
of length T'. Note that, in a sense we make precise in Section /.5, an embedding that
depends on the sequence length T' corresponds to an HSMM that does not have a finite-
size realization.

Example 4.3.1 also makes clear the computational complexity of HSMM message
passing and the rcason it scales quadratically with 7. The time complexity for message
passing on a generic HMM with TN states is O(T(T'N)?) because at each time one
must compute a matrix-vector product with a matrix of size (I'N) x (T'N). However,
due to the structure of A cach multiplication for the HMM embedding can be done in
O(N? + TN) time. Indeed, this generic HSMM embedding provides a way to derive
the HSMM messages in terms of the HMM messages on the embedding.

Proposition 4.3.1. Let (4,0, 7", 9) be an HSMM and let (A,0,7%)) be a candidate
HMM embedding satisfying conditions (1) and (2) of Definition 4.3.1. If for each i =
1,2,..., N we have

. _oand—=1 . )
GOl (A(”) ) = p(djoD) d=1,2,...,7 -1 (4.3.14)

. _aNT—=1_ . .
0T (A(z)) b9 = p(d > T[9D) (4.3.15)
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then (A, 6,70 is an HMM embedding of (A,0, 7% 9).

Proof. Note that the matrix expression in (4.3.14) gives the probability of absorption
in d timesteps for a Markov chain with transition matrix and initial state distribution

given by
A p) )
and (0T 1316
( 0 ) and (c O), (4.3.16)

respectively.  Therefore, by Definition 4.3.1, the expression gives the probability of
remaining in the pseudostates corresponding to HSMM state ¢ for exactly d timesteps.
Finally, note that, as in Example 4.3.1, the HMM cmbedding only needs to represent
the duration distribution for durations up to the observation sequence length 7. U

As we show in the next example, based on a construction from Hudson [54], HMM
embeddings of an HSMM are not unique.

Example 4.3.2. For an HSMM (A, 4, 70, ), using Definition 4.5.1 choose

0 1—p(d=1]9)
0 1—p(d=2|d>2,9()

A6 — (4.3.17)

0 1-p(d=T—1|d>T—1,01)
0
p(d:lh?(*))
e p(d:2\d2271‘)(t>) '
b)) = ; AT=(1 0 - 0 0). (4.3.18)
7)(diT—1\d.2T717f,9('))
1

This HMM embedding also uses the pseudostate index as a duration counter, bul instead
of counting down until the time an HSMM transition occurs, the pseudostate here counts
up the time since the previous HSMM transition.

Given any valid HMM embedding of an HSMM, we can compute the HSMM mes-
sages in terms of the HMM messages for the embedding, as we show in the following
proposition.

Proposition 4.3.2 (HSMM Messages from IIMM Embedding). Given an HMM em-
bedding for some HSMM, let I and B denote the HMM messages for the embedding as
in Egs. (2.4.6) and (2.1.7) of Section 2.4, so that

Bt,(i,j) = p(yerir|®e = (4, 7)) t=12,...,T (4.3.19)
Fy gy = oy, B = (i,5)) i=1,2,...,N, j=1,2,... NGO (4.3.20)
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Then the HSMM messages for each time t =1,2,...,T and each indexi=1,2,...,N
can be computed as

N N
Fiyri= Z BE'Z)F},,(i,_j)p(yt+1‘9(l)) F = Z FiiAj (4.3.21)
i1 =
NGO N
B, = Z 65'1)Bt+1,(i,j)p(?/t+l|9(1)) B = Z B Ay (4.3.22)
=1 =

Proof. Note that the cxpressions for Fy; and By; arc identical to those in (1.3.2)
and (4.3.4), so it suffices to check the expressions for Bf, and Fiy1,. Using (4.3.10)
and (4.3.11) we have

NG NG
ST E 6y p (e 169) ZP Wi, T = (6 7)p(@r # Te41|T = (4,5)) (4.3.23)
=1
= p(y1:t+1 T = 1,2 F# 1) = Fyp (4.3.24)
N N
> €1§i)Bt,+1,(z-,j>p(yt+119("’)) =Y p(yrrrrltes = (0,5))
7= = P(Fgr = (L) = 4,00 # 7041)  (4.3.25)
= pYt+170 |71 = i, # 2001) = By, (4.3.26)

|

Note that, since the full HMM messages do not need to be stored, the recursions
in Egs. (4.3.21) and (4.3.22) can offer memory savings rclative to simply computing
the HMM messages in the HMM cmbedding; instead, the recursions in Egs. (4.3.21)
and (4.3.22) require only O(T'N + N) memory to compute. In the case of the embedding
of Example 4.3.1, since multiplication by each A() only performs shifting, the HSMM
messages can be computed with O(7'N) memory, and indced in that case the com-
putation corresponds precisely to implementing the recursions in (4.3.1)-(4.3.5). The
recursions in Egs. (4.3.21) and (4.3.22) can be computed in time O(TNNZ,, + TN?),
where Npax = max; N@).

From the HMM embedding perspective, the HSMM message passing complexity is
due to generic duration distributions requiring each HSMM state to be augmented by
T pseudostates in the embedding. In the next scction we study a particular family of
duration distributions for which an HSMM can be encoded as an HMM using many
fewer pscudostates.
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B 4.4 HSMM inference with negative binomial durations

In this section, we develop an HMM embedding for HSMMs with negative binomial
duration distributions as well as a Gibbs sampler for such models. First, we develop
the HMM embedding in terms of the general results of the previous section, prove its
corrcectness, and state its message passing computational complexity. Next, we show
how to use the embedding to construct an HSMM Gibbs sampling algorithim in which
the overall time complexity of each iteration scales only linearly with the sequence
length 7. Finally, we show how to gencralize the HMM embedding construction to
include HSMMs in which the durations are mixtures of negative binomial distributions.

M 4.4.1 An embedding for negative binomial durations

The negative binomial family of discrete distributions, denoted NB(r, p) for parameters
r > 0 and 0 < p < 1, is well-studied in both frequentist and Bayesian analysis [33].
Furthermore, it has been recommended as a natural model for discrete durations [26,
1] because of it can separately parameterize mean and variance and because it includes
geometric durations as a special case when r = 1. In this section, using our formulation
of HMM embeddings from Section 4.3 we show that ncgative binomial distributions
also provide computational advantages for HSMM message passing and inference.
The negative binomial probability mass function (PMF) can be written'

E+r—2 ke
pir) = (7T e k=2 (4.4.)

When r is taken to be fixed, the family of distributions over p is an exponential family:

p(k|r,p) = hy (k) exp {n(p) - t(k) — Z-(p)} (4.4.2)

with
h, (k) = (k ;:i; 2) ) n(p) = Inp, (4.4.3)
tk) 2 k—1, Z.(p) = rin(1 - p). (4.4.4)

However, when considered as a family over (r,p), the negative binomial is no longer
an exponential family of distributions because the log base measure Inh,(k) has a

dependence on 1 that does not interact linearly with a statistic of the data. The

"While some definitions take the support of the negative binomial PMF to be {0,1,2,...}, for
duration modeling we shift the PMF to start at 1 because we do not want to include durations of 0
length.
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definition of the negative binomial can be generalized to any positive real r parameter
by replacing the definition of h,.(k) with the appropriate ratio of gamma functions,
but in this chapter we restrict our attention to the case where r is a positive integer.
This restriction is essential to the algorithms developed here and does not substantially
reduce the negative binomial’s expressiveness as a duration model. For a discussion of
general results on exponential families of distributions, see Section 2.2.

To construct an efficient HMM embedding, we use the fact that a negative binomial-
distributed random variable can be represented as a sum of 7 geometrically-distributed,
shifted random variables:

z~NDB(r,p) <= =z=1+ Z % with z * ShiftedGeo(1 — p) (4.4.5)
i=1

where z; Y ShiftedGeo(1l — p) denotes that the z; are independent and each has a
geometric distribution with parameter 1 — p shifted so that the support includes 0,
i.e. the PMF of each z; is given by

p(zlp) = p*(1 — p) z2=0,1,2,.... (4.4.6)

Therefore, given an HSMM in which the duration of state 7 is sampled from NB(r(i) , p(i)),
we can construct an HMM embedding by augmenting each HSMM state with N2 = (9
pseudostates and choosing

A0 — | £ _ e
p(t) 1 - p(’)
o 1—p
Binom(r(i) — 1|7«(11) _ Lp(y:))

Binom (r®) — 2[r() — 1,p)
: (4.4.8)

Binom(0r(" — 1, p(®)

where Binom(k|n, p) denotes a binomial PMF with parameters (n, p) and evaluated at
k, given by
Binom(k|n,p) £ (Z)pk(l —p)" k. (4.4.9)

In the next proposition, we show that this HMM embedding cncodes the correct dura-
tion distributions.
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Proposition 4.4.1. Using AW, 09 and &9 as in (4.4.7) and (4.4.8) in the HMM
embedding construction of Definition 4.3.1 gives a valid HMM embedding of an HSMM
in which the duration of state i is distributed as NB(r(), p(®).

Proof. By Proposition 4.3.1 it suffices to show that the probability of absorption af-
ter exactly d timesteps in cach Markov chain with transition matrix and initial state

A6 ) ,
(AO b1> and (E(Z)T o) (4.4.10)

respectively, is distributed as NB(7'('£),;1)(5)). To simplify notation, we drop the super-
script ¢ for the remainder of this proof.

distribution given by

Writing X to denote the random time to absorption from state r — j for j =
0,1,...,r—1 in the Markov chain parameterized by (1.1.10) , note that by the construc-
tion of the transition matrix we can write X; = 1+Y; +X;_; for j =1,2,...,r~1 and
Xo = 1+Yy, where Yj n Geo(p) for j = 0,1,...,7—1. Therefore X, = 1+j+2'}{::1 Y,
and so we can write the PMF of X as (kf(,;ij))(l —p)raph D for k=rr+1,...

Summing over the initial state distribution we can write probability of absorption
after k steps as

71

;2—% <7' ,—;i l) T=prr (k k(; ' j)> (1= p) pttrd) (4.4.11)
::2-:;(7i;i1> (lf —k(;]vj)>(1_p)rpk_1 (4.4.12)
N (T : f; 2) (L—p)p"! (4413)

where the last line follows from the Vandermonde identity [4]

CTEO) e

j=0
0

Note that we can compute matrix-vector products against each A in (9(7‘(i)) time.
Therefore with the HMM embedding given in (4.4.7) and (1.1.8) and Proposition 1.3.2,
for HSMMs with negative binomial durations we can compute the HSMM messages in
time O(TN? + TNR), where R = max; 7, This message passing computation avoids
the quadratic dependence on I’ necessary for generic HSMM messages.
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This embedding is not unique; indced, it can be checked that another valid HMM
embedding is given by choosing

p@ (1= p)(1 = (1 — phyr™)

AD = i he , ' (4.4.15)
pt (1 —p)(1 ?)(1—1)(”)2)
p K
(1—p@y® 1
Bl — L i) = (4.4.16)
(1—p)2
1 p®

As we describe in Section 4.5.2, with respect to the HSMM forward message recursions
these two alternative HMM embeddings for negative binomial durations are analogous
to LTI realizations in obscrvable canonical form and controllable canonical form, re-
spectively.

W 4.4.2 Gibbs sampling

Herc we show how the HMM embedding for HSMMs with negative binomial durations
can be used to construct an HSMM (or weak limit HDP-HSMM) Gibbs sampler. Un-
like the corresponding Gibbs sampler developed for HSMMs with arbitrary duration
distributions in Chapter 3, the time complexity of each iteration of this Gibbs sampler
scales only lincarly in T', requiring O(TN? + TNR) time for each update instead of
O(TN? + T2N).

We describe the resampling steps for both the HSMM label sequence and the neg-
ative binomial parameters; the other sampling updates to the observation parameters,
transition matrix, and initial state distribution are performed as in Section 3.4. We
placc priors of the form p(r® p(") = p(r(i))p(p(i)) over the negative binomial parame-
ters for cach 1,2,..., N. In particular, we choose the prior over cach r'¥ to be a generic
distribution with finite support {1,2,...,rpn.x} and parameter v € Rf, writing the
PMF as

p(r|v) o< exp {ln VT]IT} r=1,2,..., Tmax (4.4.17)

where 1, denotes an indicator vector of length N with its rth entry set to 1 and its
others set to 0. We place beta priors over cach p(?) with parameters (a,b), writing
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p(pla,b) = Beta(a,b) = exp {(a = 1)In{p) + (b — 1)In(1 — p) — In B(a,b)}  (4.4.18)

for p € (0,1), where B(a,b) is the beta function defined by

-1
Bmﬁy:/ 11— ). (4.4.19)
()

Resampling the label sequence . Using the sampled valucs of cach (7'('i),p(i)) and
the other HSMM paramcters, as outlined in the previous section we can use the HMM
embedding given in (4.4.7)-(4.4.8) and the message passing recursions given in Propo-
sition 4.3.2 to compute the HSMM backward messages in time O(TN? + TN R). Using
the HSMM backward messages and the forward sampling algorithm given in Section
3.4.1, we can then construct a block sample of the label sequence xy.p in time O(T'N).
These steps require a total of O(T'N + N R) memory to compute.

Resampling the negative binomial parameters (7'('i),;t)('i)). To derive a sampling update
for the negative binomial parameters (7*(i), p("")) for cach state 1 = 1,2,..., N given the
sampled label sequence x1.7, we first denote the set of durations of label ¢ in the label
sequence by {dlz;},?:17 where D is the number of times HSMM state i is entered in the
label sequence and we drop the explicit index ¢ from the notation. Then the task is
then to sample (7"(i), p(i)) conditioned on the {dy} and the hyperparameters a, b, and v.

Suppressing explicit conditioning on hyperparameters from the notation, we can
generate such a sample by first sampling 79|{d),} and then sampling p®[r® {d;}. We
can sample 7| {d,} according to the PMF

p(rl{de) [ plr)p@lp(ai) ) do (4.4.20)
Dot 2
= p(r) H ( kd,\,, 1 )

k=1

(B((ll b) / o {(“ + i di) () + (b4 rD)In(1 — p>} dp)
| (4.4.21)

D D "
<dk T 2) B ((1, + > e, b+ 1D> (1422

B(a,b)

for r =1,2,...,7max, where we have used the fact that, for cach fixed r, the Beta prior
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on p is conjugate to the negative binomial likelihood. Using each sampled value #(*) of
), we can then sample p(® according to

D
p(pl{di},r = #9) = Beta ((1, + Z di, b+ 'f'("‘)D> . (4.4.23)
i=1

Thus, using Eqgs. (4.4.22) and (4.4.23) we can resample the negative binomial parameters
(r(i),p(i)) for each HSMM statc ¢, completing the Gibbs sampler.

Note that by resampling the negative binomial parameters 7(%) we are effectively
performing infcrence over the size of the HMM embedding given in Section 4.4.1, which
we only use to computc the HSMM messages during the resampling step for the label
sequence ry.p. Thus, unlike the ESHMM approach discussed in Section 4.2, we can
learn a much broader class of duration distributions than those corresponding to only
fixed r(® parameters while maintaining cfficient message passing.

In Chapter 6, we extend the ideas used to derive this Gibbs sampling algorithm to
construct a scalable mean field inference algorithm for which approximate updates can
also be computed in time lincar in the sequence length T

B 4.4.3 HMM embeddings for negative binomial mixtures

Herc we show how to generalize the HMM embedding for ncgative binomial durations
to an HMM embedding for durations that are mixtures of negative binomials.
Suppose that the duration distribution for HSMM state 7 has the PMF

K@)

(Z»J) — 2]

N O ) o) d ‘

plalorr) = 3 (7 0T ey (14.2)
i=1

for mixture weights p(é9) and negative binomial parameters (7)) and p(»7) with ) =
1,2,..., K® where K is the number of mixture components. Then we can choose
the embedding

A1) plis1) ali:1)
@) A(i.2) - p(i:2) " #(1.2) ( |
AW = ] A . oM = . 4.4.25
ALK 5(1,1‘(07)) E(i,;}(n)

wherc
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plisd) 1 — plid)

pltd) 1 — z)Fi,,j)

p(’lh]) ] — p(le)
B1110n1(7'(i’j) - llr(""j) _ 17p(‘i,j))
Binom(r(""’j) — 2|7~(’5»J) — Lp(i,j))

alid) = plid) (4.4.26)

Binom(O]T(""D - 17p('i,j))

That is, we can construct an embedding for any mixture model by a simple composi-
tion of embeddings, where the entrance probabilities #%7) are weighted by the mixture
weights pld),

The time complexity for message passing in this HMM embedding is O(T'NR +
TN?) where now R = max; Zj #(43) The memory complexity is only O(TN + RN)
because, as with the other HMM embeddings, we do not need to store the corresponding
HMM messages. Gibbs sampling updates can be performed using standard mecthods
for mixture models [11].

B 4.5 Generalizations via LTI system realization

In this scction we extend the notion of HMM embedding of HSMMs developed in
Section 4.3 to a notion of LTI realization of HSMMs. The contributions in this section
are primarily of theoretical interest, though the framework we develop here may lead
to cfficient HSMM message passing for a greater variety of duration models or to new
approximation schemes. In addition, by making connections to LTI systems and positive
realization theory, we show the limits of such methods by giving both an example of
a duration distribution that can be represented efficiently as an LTI realization but
not an HMM embedding as well as an example of a duration distribution that has no
efficient representation of either kind.

The remainder of this scction is organized as follows. In Section 4.5.1 we review
basic definitions and results from LTT system realization theory. In Section 4.5.2 we
develop a definition of LT1 realizations of HSMMs and show some basic results, including
examples that show the limitations of such an approach to HSMM message passing.
We also show that HMM cmbeddings correspond to (normalized) positive realizations,
which are more constrained than general LT1 realizations.
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W 4.5.1 LTI systems and realizations

In this section we review some basic definitions and state some results from linear
system theory [86] and positive linear system theory [8, 25]. We use these definitions
and results to define LTI realizations of HSMMs in Section 1.5.2.

We consider discrete-time, single-input single-output (SISO) lincar systems of the
form?:

Ziy) = Az + buy z90=10
wy = ¢ 2 t=0,1,2,... (4.5.1)

for input signals u, output signals w, and internal state sequence z. We call the triple
(A, b,¢) the parameters of the LTI system, where A is a K x K matrix and b and ¢
arc vectors of length K for some 0 < K < oo. Note that the impulse response of the
system can be expressed in terms of the parameters as ¢' A*1b for t = 1,2,... and the
transfer function of the system is ¢' (2I — A)~'b for z € C.

Definition 4.5.1 (LTI realization). Given an impulse response hy with hg = 0, we say
a system of the form (4.5.1) is an LTI realization of hy if hy = &' A*"'b fort =1,2,....

Theorem 4.5.1. An impulse response hy has an LTI realization of the form (4.5.1) 4f
and, only if the corresponding transfer function H(z) = 3.2 hyz™" is a strictly proper
rational function of z.

Definition 4.5.2 (Positive realization [8]). An LTI realization is a positive rcalization
if for all nonnegative input signals the output signal and internal state sequence are
nonnegative, i.e. if Vt up > 0 == Vit w,, z; > 0, where z; > 0 is taken entrywise.

Theorem 4.5.2 (Theorem 1 [8]). A realization (A, b,¢) is a positive realization if and
only if A,b,& >0 entrywise.

As we make precise in the next subsection, HMM embeddings of HSMMs correspond
to positive realizations that are also normalized, in the sense that (4.3.9) is required to
be row-stochastic.

Definition 4.5.3 (Canonical realizations). We say an LTI system of the form (4.5.1)
is in controllable canonical form if the parameters (A,b,¢) have the form

“We use z; to denote the system’s internal state and w; to denote its output to avoid confusion with
the HSMM label and observation sequences 1.7 and yi.7, respectively.
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ayp az -+ K- ag 1 S
1 9
A= 1 b= = (4.5.2)
CK—1
1 CK
and we say it is in observable canonical form if the parameters have the form
aq 1 bl 1
a9 1 bg
A= b= e = (4.5.3)
A1 1 bl\;’—l
ak bk

We note that it is always possible to write LTI realizations of impulse responses corre-
sponding to strictly proper rational transfer functions in these two canonical forms.

Bl 4.5.2 LTI realizations of HSMMs

To motivate the definition of LTI realizations of HSMMs, we start from the definition of
HMM embeddings developed in Section 4.3 and show that we can relax the requirement
that the embedding parameters AW, 50 and 9 be nonnegative and normalized. In
particular, note that using the representation (4.3.7) and Proposition 4.3.2, we can
write the HSMM forward messages recursion as

N
Frpii=)Y_ BJ('/I/)Ft,(i,j)p(yH-l‘9(,”)) F Zfﬂl i (4.5.4)
J=1
NG
- L) £ Oy ) () = 0) (i -
Fiivag = ZAi-}FL,(i,j)p(yﬁ+1’9( )+ 65 F Py = )C§)~ (4.5.5)
k=1

These recursions can be represented as an interconnection of lincar systeins as shown
in Figure 4.1. The system labeled A simply applies right-multiplication by the HSMM
transition matrix A to its input vector. The block labeled by z~! denotes a delay block
applied to cach of its N inputs. Finally, the systems labeled D) are the single-input
single-output linear time-varying systems defined by
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Ft+1,1

D(Nvt)

Figure 4.1: A block diagram showing interconnected linear systems corresponding to
the forward HSMM message passing recursions in (4.5.1)-(4.5.5). The block labeled z~!
denotes a delay block. Fy; and F}; are the standard HSMM forward messages. Note
that the inputs and outputs of the blocks labeled z~! and A arc vectors of length N,
while the blocks labeled DU+ operate on each component of the vector.

Ziyl = A(i’t)zt + b0y, 2p=0

wy = 9Tz, t=0,1,2,.... (4.5.6)
for input signal © and output signal w, where
AGD — plyr o) AD 5 = p 095, (457

The corresponding recursion for the backward messages can be represented similarly.

While the linear systems defined in (4.5.6) are time-varying, as we show in the next
lemma to understand when any two such systems yicld the same HSMM messages it
suffices to compare two corresponding LTI systems.

Lemma 4.5.1. Let (A,b,¢) and (A, ¥,&) be two LTI systems and let dy # 0 be any
signal that is nonzero everywhere. The LTI systems have the same impulse response if
and only if the corresponding time-varying systems of the form

241 = dt(AZt + [_)Ut) Z;,+l = dt(AIZt + l—),’ll,t,) (458)

wy=¢'z w), =72, (4.5.9)
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with zg = 0 and z{, = 0, yield the sarne output signal w = w' given the same input signal
U.

Proof. Because the time-varying systems are linear, we can write [20] the outputs w

and w' as linear functions of the input w:

t—1 t—1
we =Y _d(t, )" A by w = d(t, )7 TA b (4.5.10)
£=0 =0

where d(¢,4) = H};:[ di. If we consider inputs of the form u, = §(k — ¢) for some k,
where 6(k) is 1if k is 0 and 0 otherwise, we see that the outputs wy and wj are equal for
all such inputs if and only if the terms in cach sum are equal for each £. However, these
terms are cqual if and only if we have T AU b= TA W forall t = 1,2,. ... O

Using Lemma 4.5.1, the following proposition gives a characterization of the pa-
rameters (A, b, ¢) that, when used in the recursions (4.5.4)-(4.5.5), compute the correct
HSMM messages. This proposition is analogous to Proposition 4.3.1 except it docs not
require that the realization parameters be entrywisc nonnegative or normalized, in the
sense that (4.3.9) need not be row-stochastic; it only constrains the system’s impulse
responsc and not its parameters or internal state.

Proposition 4.5.1. Let (4,0, 79 9) be an HSMM with N states and let (AD p() &)
be any (not necessarily positive) linear system for each i = 1,2,...,N. If the impulse
response of each system satisfics

d—1_

GOM (AU)) B = p(d|pD) d=1,2,....T -1, (4.5.11)

. o N\NT—-1_,. .
GOM (A@)) b = p(d > T9D) (4.5.12)

then using these systems in the recursions (4.5.4)-(4.5.5) yields the correct HSMM mes-
sages.

Proof. If cach linear system satisfies (4.5.11)-(4.5.12), then the first T" values of the
impulse response of each system equal the first T valucs of the impulse response for
the HMM embedding of Example 4.3.1. Since the immpulse responses are the same, by
Lemma 4.5.1 they yield the same HSMM messages when used in the recursions (4.5.4)-
(4.5.5). Therefore the linear systems (A, 5 &) yield the correct HSMM messages.

O

Proposition 4.5.1 motivates the following definition of an LTT realization of an
HSMM, which is strictly more general than the definition of HMM cmbedding be-
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cause it allows for parameters (/_l(i), Ho), &%) that are not necessarily nonnegative and
normalized and hence cannot necessarily be interpreted as encoding HMM transition
probabilities.

Definition 4.5.4 (LTI realization of an HSMM). Given an HSMM (A, 8,7 9) on N
states and an observation sequence length T, an LTI realization of the HSMM is a set
of N LTI systems of the form 4.5.1 with parameters (A® b D) fori=1,2,... N
such that

cOT ADd150) — 59 d=1,2,...,T -1, (4.5.13)
. _NT-1_,. ,
ol ( A(z)) B9 = p(d > T]9D). (4.5.14)

This definition generalizes the class of representations which can yield efficient
HSMM message passing and provides connections to LTI system realization theory.
In particular, it makes clear that HMM cmbeddings correspond to positive realizations
of the duration PMF (which are also normalized in the sense that (4.3.9) must also be
row-stochastic), for which the internal system state is required to remain nonnegative
(and real) for all nonnegative inputs. Decfinition 4.5.4 removes this requirement of in-
ternal nonnegativity, and thus broadens the scope of such efficient representations from
positive realizations to gencral LTI realizations. In particular, the internal state of an
LTI system is not required to remain nonnegative or even real-valued.

While this definition is primarily of theoretical interest for the purposes of this
chapter, the connection to system realization thcory may allow for new algorithms and
approximation schemes for HSMM message passing. There are also immediate compu-
tational advantages: by showing that the LTI system parameters need not correspond
to HMM transition probabilities, it is clear that one can parameterize the system so that
each matrix A® is in bidiagonal Jordan form, and hence the overall HSMM message
passing complexity reduces from O(TN? + TNK2,,) to O(TN? 4+ TNKpax + K3,
where K.y denotes the size of the largest matrix A®). This bidiagonalization is not
possible with HMM embeddings because HMM transition matrices may have negative
and even complex-valued eigenvalucs in general.

Definition 4.5.4 also leads to a natural interpretation of the alternative forms of
generic HMM embeddings given in Examples 4.3.1 and 4.3.2, as well as the alternative
forms of the negative binomial HMM embedding given in Section 4.4. In each of these
pairs of alternative embeddings either 5% or &% is chosen to be an indicator vector,
having a single nonzero entry. While these rcalizations are not precisely in control-
lable and observable canonical forms because the structure of the corresponding A4 is
not in canomnical form, the structures of ) and &9 are analogous to those given in
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Definition 4.5.3.

We conclude this section with some examples that use the connection to LTI and
positive realization theory to show the limits of both HMM embeddings and LTT real-
izations for constructing efficient HSMM message passing recursions.

Example 4.5.1. The Poisson distribution has PMF given by p(d|A) AL e X for

= @t
a parameter A > 0 and d = 1,2,.... Its probability generating function (PGF) can be
written as ZdZ]p(dI/\)zd = M=% Since its PGF is irrational, by Theorem 4.5.1

there is no finite LTI realization or HMM embedding of an HSMM with Poisson duration

distributions.”

Example 4.5.2. Adapting Example 4 of Benvenuti and Farina [8], consider a duration
distribution with PMF given by

1
p{d|y) = E(l + cos[(d — 1)¢))e™ d>1 (4.

oo
—
]
N

Jor some ¢ € R and o normalization constant Z. As shown in Benvenuti and Farina
[8], this duration distribution has an LTI realization with parameters

7 cosy siny 0 ! 1 0.5
A=e¢' | =siny cosyp 0 b= 7 é= 105 (4.5.16)
0 0 1 0.5

but, when ¥/ is irrational, it has no finite positive realization. Therefore an HSMM
with such duration distributions has a finite LTI realization but no finite HMM embed-
ding.

B 4.6 Summary

In this chapter we developed a general framework of HMM cmbeddings for HSMMs
and showed how to compute HSMM messages using HMM embeddings. The main
practical contribution, which we use in both Chapters 5 and 6, is the construction of
an HMM embedding for HSMMs with negative binomial duration distributions. Using
this HMM embedding, we showed how to compute HSMM messages in time that scales
only linearly with the observation sequence length, and we also derived a complete
Gibbs sampler for such HSMMs. The HMM embedding also generalizes to TISMMs
with duration distributions that are mixtures of negative binomial distributions.

*While there is no finite LTI realization or HMM embedding for all possible sequence lengths 7', the
generic embedding of Example 4.3.1, in which the number of pscudostates must grow with T and thus
message passing complexity is quadratic in 1, is always possible.
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As a theoretical contribution, we also provided a definition of LTI realizations of
HSMMs which is a strict generalization of the notion of HMM embeddings. This gen-
eralization may allow for the efficient computation of HSMM messages for a greater
variety of duration distributions, and the connections to LTI realization theory may
provide a basis for finding cfficient approximation algorithms for message passing.



Chapter 5

Stochastic Variational Inference for
HMMs, HSMMs, and
Nonparametric Extensions

Hicrarchical Bayesian time series models can be applied to complex data in many do-
mains, including data arising from behavior and motion [32, 33], home energy con-
sumption [60], physiological signals [69], single-molecule biophysics [71], brain-machine
interfaces [H4], and natural language and text [14, 70]. However, for many of these
applications there are very large and growing datasets, and scaling Bayesian inference
in rich hierarchical models to these large datasets is a fundamental challenge.

Many Bayesian inference algorithms, including standard Gibbs sampling and mean
field algorithms, require a complete pass over the data in each iteration and thus do not
scale well. In contrast, some recent Bayesian inference methods require only a small
number of passes [52] and can even operate in the single-pass or streaming settings [15].
In particular, stochastic variational inference (SVI) [52] provides a general framework
for scalable inference based on mean field and stochastic gradient descent. However,
while SVI has been studied extensively for topic models [53, 115, 17, 114, 92, 52}, it has
not been applied to time series.

In this chapter, we develop SVI algorithins for the core Bayesian time series models
of this thesis, namely the hidden Markov model (HMM) and hidden semi-Markov model
(HSMM), as well as their nonparametric extensions based on the hierarchical Dirichlet
process (HDP), the HDP-HMM and HDP-HSMM. Both the HMM and HDP-HMM are
ubiquitous in time series modeling, and so the SVI algorithins developed here are widely
applicable. However, as discussed in the previous chapter, general HSMM inference
subroutines have time complexity that scalcs quadratically with observation sequence
length, and such quadratic scaling can be impractical even in the setting of SVI. To
address this shortcoming, we use the methods developed in Chapter 4 for Bayesian
inference in (HDP-)HSMMs with negative binomial durations to provide approximate

101
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Algorithm 5.1 Stochastic gradient ascent

Initialize ¢(©)

for}f: 1,2,...do
k®) « sample Uniform({1,2,...,K})
q5([') — ¢(t) + P(t)KG(t)v¢g(¢(t‘1),g(k‘(t)))

SVI updates with time complexity that scales only linearly with scquence length.

In Section 5.1 we briefly review the basic ingredients of SVI. In Section 5.2, we derive
SVI updates for (finite) HMMs and HSMMs, and in Section 5.3 we apply the methods
derived in Chapter 4 to derive faster SVI updates for HSMMs with negative binomial

durations. Finally, in Section 5.4 we extend these algorithms to the nonparametric
HDP-HMM and HDP-HSMM.

B 5.1 Stochastic variational inference

In this section we summarize the general stochastic variational inference (SVI) frame-
work developed in Hoffman et al. [52]. SVI involves performing stochastic gradient
optimization on a mean field variational objective, so we first review basic results on
stochastic gradient optimization and next provide a derivation of the form of the nat-
ural gradient of mean field objectives for complete-data conjugate models. We use the
notation defined in Sections 2.3.2 and 2.4.2 throughout.

M 5.1.1 Stochastic gradient optimization

Consider the optimization problem

K

argmax f(6.7)  where  f(6.5) = Y g(6,7%) (5.1.1)

k=1

and where 7 = {gj(k')},f:l is a fixed dataset. Using the decomposition of the objective

function f, if k is sampled uniformly over {1,2,..., K}, we have
Ko R
Vof(®) =K  +Vag(s.gW) = K - E; [Wg(qx 7). (5.1.2)
k=1

Thus we can generate approximate gradients of the objective f using only one 7*) at
a time. A stochastic gradient ascent algorithm for a sequence of stepsizes pt*) and a
sequence of positive definite matrices G is given in Algorithm 5.1.

From classical results in stochastic optimization [93, 14], if the sequence of stepsizes
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Figure 5.1: Prototypical graphical model for stochastic variational inference (SVI).
The global latent variables are represented by ¢ and the local latent variables by z(¥).

satisfies 3 .7°, pl) = oo and 337, (p¥)? < oo and each G® has uniformly bounded
eigenvalues, then the algorithm converges to a local optimum, i.e. ¢* 2 limy_, o ¢
satisfies Vi f(¢*,y) = 0 with probability 1. If 3 is a large dataset, then each update
in a stochastic gradient algorithm only operates on one §*), or minibatch, at a time;
therefore, stochastic gradient algorithms can scale to the large-data setting. To make a
single-pass algorithm, the minibatches can be sampled without replacement. The choice
of stepsize sequence can significantly affect the performance of a stochastic gradient
optimization algorithm. There are automatic methods to tune or adapt the sequence
of stepsizes [104, 92|, though we do not discuss them here.

SVI uses a particular stochastic gradient ascent algorithm to optimize a mean field
variational Bayesian objective over large datasets ¢, as we review next.

B 5.1.2 Stochastic variational inference

Using the notation of Section 2.3.2, given a probabilistic model of the form
K
p(¢,2,9) = p(6) [ [ pz16)p(y™) =¥, 6) (5.1.3)
k=1

that includes global latent variables ¢, local latent variables z = {z(k) }ff:l, and observa-
tions y = {;t;(k)}f:], the mean field problem is to approximate the posterior p(¢, z|j) for
fixed data y with a distribution of the form ¢(¢)q(z) = q(¢) [ 1« q(z'*)) by finding a local
minimum of the KL divergence from the approximating distribution to the posterior
or, equivalently, finding a local maximum of the marginal likelihood lower bound

(b, 2, 7)

ﬂ@ﬂ@]gmw' (5.1.4)

A
C:&ww{m
SVI optimizes the objective (5.1.4) using a stochastic natural gradient ascent algorithm
over the global factors g(¢). See Figure 5.1 for a graphical model.
Gradients of £ with respect to the parameters of g(¢) have a convenient form if we
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assume the prior p(¢) and each complete-data likelihood p(z¥), y*¥)|¢) are a conjugate
pair of exponential family densities. That is, if we have

Inp(d)=(ng, t6(0)) = Zs(ns) (5.1.5)
In p(z(k) ’ y(k) |¢):<772?/(¢)7 tzy(z(k)7 ?/(k)» _Zzy(nzy((b)) (5' 1'6)

then conjugacy identifies the statistic of the prior with the natural parameter and log
partition function of the likelihood via t4(¢) = (1.4 (), —Z2y(n2y(®)), so that

P(0l2), 5 ®) o exp{(ms + (£ (=), 70), 1), 15(9))}. (5.1.7)

Conjugacy implies the optimal ¢(¢) has the same form as the prior; that is, without loss
of generality we have q(¢) = cxp {(74,t4(®)) — Z4(714)} for some variational parameter
g

Given this structure, we can find a simple cxpression for the gradient of £ with
respect to the global variational parameter 77,. To simplify notation, we write ¢(z,7) 2

Zle(tzy(z(k),g(k>), 1), 7 2 74, 1 = 1y, and Z £ Zg. Then we have

L = Egg)qz) Inp(@]z,7) — Ing(¢)] + const. (5.1.8)
= (1 + Eqy[t(2, )1, VZ(0)) — (0, VZ(1)))—Z (7)) + const. (5.1.9)

where the constant term does not depend on 77 and where we have used the exponential
family identity Eq4) [ts(¢)] = VZ(7)) from Proposition 2.2.2. Differentiating over 7, we
have

Vil = (V2Z(@) (n+ Eyolt(z 5] —7) - (5.1.10)

The factor V2Z(7) is the Fisher information of the prior p(¢) and, because the prior and
variational factor are in the same exponential family, it is also the Fisher information
of the global variational factor ¢(¢). The natural gradient 65 can be defined in terms
of the gradient [52] via Y~7,7 = (V2Z(ﬁ))7l V5, and so we have

Vil = (n+ Eq[t(z,9)] = 77) . (5.1.11)

Expanding g(z) = .]i q(z*)) and ¢ 2,7) 2 K: toy (2 55)) 1) we can write
i=1 k=1\lzy

p
Vil = (n + 3 By [tzH), 50)) - 77) (5.1.12)

k=1

and so the natural gradient decomposes into local terms as required for stochastic
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Algorithm 5.2 Stochastic Variational Inference (SVI)
~(1)

Initialize global variational parameter 5 4)1
fort=1,2,...do
k ¢ sample Uniform({1,2,..., K})
¢*(z0)) « Locat.MEANFIELD (O, 58, e.g. Bq. (5.1.14)

Ayt e (L= gD 499 (g = 5 By [0, 59)])

gradient optimization in (5.1.2).
Therefore a stochastic natural gradient ascent algorithm on the global variational
parameter 7, proceeds at iteration ¢ by sampling a minibatch ™) and taking a step of

some size p) in an approximate natural gradient direction via
Ty — (1 = p"ijs + p (w» 5 By [tz «g“*))]) (5.1.13)

where ¢*(x1.7) is defined below and where s scales the stochastic gradient update on
the minibatch to represent the full size of the dataset; that is, if &k is sampled uniformly
and we use |y| and |y*)| to denote the sizes of the dataset and minibatch, respectively,
we have s = |y|/|y*)|. In each step we find the optimal local factor ¢*(2*)) using the
standard mean ficld update from Proposition 2.3.3 and the current value of ¢{(¢), i.e. we
compute:

¢ (%) x exp {EM o p(2®) |¢)p(F* |2, (/))]} . (5.1.14)

We surmmarize the general SVI algorithm in Algorithm 5.2.

B 5.2 SVI for HMMs and HSMMs

In this section we apply SVI to both HMMs and HSMMs and express the SVI updates
in terms of HMM and HSMM messages. For notational simplicity, we consider a dataset
of K sequences each of length T, written § = {Hgk%},{‘zl, and take each minibatch to be
a single sequence written simply ., suppressing the minibatch index & for simplicity.
We also assume all sequences have the same initial state distribution 7(9),

N 5.2.1 SVI update for HMMs

Recall from Section 2.4 that a Bayesian HMM with N states defines a joint distribution

over an initial state distribution W(U), a row-stochastic transition matrix A, observation

s k
parameters 6 = {6;}"Y , and K hidden state sequences ;r,(l:,j),
ygl”} for k =1,2,..., K. We use 79 to denote the ith row of A (i = 1,2,...,N) and

7w = {m}, to collect the transition rows and the initial state distribution. When

and observation sequences
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convenient, we use the alternative notations p(r) = p(n(0)p(4) = Hfio p(7) to
denote the distribution over the initial state distribution and transition matrix and
p(f) = ]_LA_[: L p(0%) to denote the distribution over the observation parameters. The
joint density for a Bayesian HMM is then

K
p(n' H r1T77/1T 70 A, 6). (5.2.1)

In terms of the notation in Section 5.1.2, the global variables are the HMM parame-
ters and the local variables are the hidden states; that is, ¢ = (A, 7(?,8) and z = z,.7.
To derive explicit conjugate updates, we assume the observation model is conjugate
in that (p(6),p(y]0™)) is a conjugate pair of exponential family densities for cach
1 =1,2,..., N and write

p(r™) = p(rP)a®) = Dir(a) i=0,1,...,.N (5.2.2)
p(01) = pw“)lnéf’) =exp{” 150 = 20} i=12 N (523)
p(yi]0D) = exp{(t (09), (t§) (1), 1))} i=1,2,....,N. (524)
Correspondingly the variational family is g(7)q(A)q(6) Hk 1 4( 1:1 T) with
q(r) = ¢(x@)a®) = Dir(a'?) i=0,1,....,N  (5.2.5)

g(99) = g0y = exp{ S, 1200y — 20N} i=1,2,... N.  (5.2.6)

That is, each variational factor is in the same (conjugate) prior family as the corre-
sponding factor in the joint distribution p. Therefore we wish to optimize over the
variational parameters for the initial state distribution &®, the variational parameters
for the transition distribution &' (i =1,2,... N ), and the variational paramcters for
the obscrvation parameter distributions 7.

At each iteration of the SVI algorithm we sample a sequence 4.7 from the dataset
and perform a stochastic gradient step on g(A)q(m(%)q(#) of some size p. To compute
the gradient, we collect expected sufficient statistics with respect to the optimal factor
for q(z1.7), which in turn depends on the current value of ¢(A4)q(7(®)q(#). Recall from
Section 2.4.2 that we define

I [lnﬂ(i)} Lij 2 By [ln p(gjtw(i))] (5.2.7)
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Algorithm 5.3 HMM SVI

(1)

Initializc global variational parameters 7, ", a9 and av
fort=1,2,... do

Sample minibatch index k uniformly from {1,2,..., K}
Using minibatch J(A) (()mpute each t(L) z‘Eer, (md tffm

with Eqgs. (" 2.8)-(5.2.10)

Updatc cach 7, ), & and &)
with Eqgs. (5.2.11)- ().2.1,3)

and collect the 7 into a matrix A, where the ith row of 4 is 7. Then using the
HMM messages I’ and B defined in Section 2.4 we write the expected statistics as

‘l) LR ’q(rl I)ZH T = L ILE; ?/t ZFt 1Btz / (/f) l)/d (528)
t=1
. T-1 T—1 o
(fgil.ns)J 2 ]Eq(:rl:r)zﬂ[mt = 1* Tyl = J} = Zﬁwt,iAi,th-H,jBH—],j/Z (529)
t=1 t=1
(tinit)i = By ol =il = T0B1i/Z (5.2.10)

where I[ - | is 1 if its argument is true and 0 otherwise and Z is the normalizer Z =
Zi]\;] Frp.

With these expected statistics, taking a natural gradient step in the parameters of
q(A), q(mo), and ¢(@) of size p is

D (1= p)yiD + p(nf) + 5 -i9) (5.2.11)
G - (1= p)a? + p(aD 589 ) (5.2.12)
A0 e (1= p)a 0 4 p(0® s 1)) (5:2.13)
where s = |g]/|7%)| scales the minibatch gradient to represent the full dataset, as in

Section 5.1. When the dataset comprises K sequences where the length of sequence &
is T we have s = (Zf‘,zl TN TH),

We summarize the overall algorithm in 5.3.

W 5.2.2 SVI update for HSMMs

The SVI updates for the HSMM are similar to those for the HMM with the addition of

a duration update, though expressing the expected sufficient statistics in terms of the
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HSMM messages is substantially different. The form of these expected statistics follows
from the HSMM E-step (78, H4].
To derive explicit updates, we assume the duration prior and likelihood are a con-

jugate pair of exponential familics. Writing the duration parameters as 9 = {9}
we can write the prior, variational factor, and likelihood up to proportionality as

p(09) o< exp{(ny. £ (99}, (5.2.14)

p(dl9?) = exp{ (¢ (9D), (ta(d), 1))}, (5.2.15)

g(9%) oc exp{ (), ) (91, (5.2.16)

Using the HSMM messages (F, F*) and (B, B*) with L and A from the previous section,
we can write

T-1

(tAEQmJ] = Eq(m]:T)Z]l[IL't = i,:L't+1 = j,xt 7é JTH_ﬂ (5.2.17)
t=1
T—1 _
=Y F.iBi;Ai;)Z (5.2.18)
t=1

where Z is the normalizer Z £ Zf\i | Bayﬁgo)_
To be written in terms of the HSMM messages the expected label scquence indicators

1[x; = ¢] must be expanded to

1z, =] = Z Lzryr =4, 27 # 2rp1) — Loy = 4,2, # 2711). (5.2.19)
Tt

Intuitively, this expansion expresses that a state is occupied after a transition into it
occurs and until the first transition occurs out of that state and to another. Then we
have

Boorm Lmess = .00 # 2] = F B /7 (5.2.20)
By dler =i, 20 # 241] = Fy 3By /2. (5.2.21)

from which we can compute Eq(z,.y L[z = i], which we use in the definition of ffg’) given
in (5.2.8).

Finally, defining Dy & Eqe9) [p(d \19(i))] , we compute the expected duration statistics
as indicators on every possible duration d via
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Algorithm 5.4 HSMM SVI

Initialize global variational parameters ﬁ,(;) , ?}éi)
fort=1,2,...do
Sample minibatch index & uniformly from {1,2,..., K}

tAgi), #9 and £9

,a® and oW

Using minibatch §*), compute each i

dur? ‘trans? init,
with Eqgs. (5.2.8),(5.2.10), (5.2.138), and (5.2.23)
Update each %}1)7 "r}gl), a®, and atv
with Eqgs. (5.2.11)-(5.2.13) and (5.2.24)
(fﬁ‘ﬂr)d 2 Byl ) Zﬂ[’l‘c F Ti 1, T Lird = b Leydr1 7 4] (5.2.22)
t
T—d+1 N H—dN
= > DuiF}iBrrai([[ L)/ 2. (5.2.23)
t=1 1=t

Note that this step alone requires O(T?N) time.
With these expected statistics, the updates to the observation, transition, and initial
state factors are (5.2.11), (5.2.12), and (5.2.13). The duration factor update is

7

iy (1= o)) + o) + (S0 )a - (ta(d), 1)) (5.2.24)
d=1

We summarize the overall algorithm in 5.4.

While these updates can be used for any family of duration models, they can be
computationally expensive: as described in Chapter 4, both computing the HSMM mes-
sages and computing the expected statistics (5.2.22) require time that scales quadrati-
cally with the sequence length T, which can be severely limiting even in the minibatch
setting. In the next section, we apply the techniques developed in Chapter 4 to the
SVI algorithm to derive updates for which the computational complexity scales only
linearly with 7'

B 5.3 Linear-time updates for negative binomial HSMMs

General HSMM inference is much more expensive than HMM inference, having runtime
O(T?N + TN?) compared to just O(TN?) on N states and a sequence of length 7.
The quadratic dependence on T can be severely limiting even in the minibatch setting
of SVI, since minibatches often must be sufficiently large for good performance [52, 15].
In this section, we develop approximate SVI updates for a particular class of duration
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distributions with unbounded support for which the computational complexity is only
linear in 7.

Following the development in Chapter 4, we consider HSMMs with negative binomial
duration distributions. Each duration likelihood has parameters 7 and p with the form

k+r—2
p(klr,p) = ( ko1 ) exp{(k—1)Ilnp +rln(l — p)} (5.3.1)
for £ = 1,2,.... The negative binomial likelihood is not an exponential family of

densities over (r,p), and it has no simple conjugate prior. We use priors of the form
p(r,p) = p(r)p(p) with p(r) a finite categorical distribution with support {1,2, ..., 7max}
and p(p) an independent Beta distribution, i.e.

p(r) ocexp{(v,1;)}, p(p) = Beta(a,b) x exp{(a — 1)In(p) + (b — 1) In(1 — p)}.
(5.3.2)

Similarly, we define a corresponding mean field factor ¢(r,p) = q(r)q(p|r) as

q(r) o exp{(¥, 1)}, q(plr) = Beta(a, b)), (5.3.3)

Thus for N states we have prior hyperparameters {(1/(’3),0,(7"),17("‘))}1;{_ , and variational
parameters {(v(), {a(™) ) }rmeyIN Ty simplify notation, we suppress the indices
r and 7 when possible.

We write d(i)<.'131;’1‘) to denote the set of durations for state i in the state sequence
z1.7. Dropping indices for simplicity, the part of the variational lower bound objective
that depends on q(r, p) is

L2 Byl p)gtarr) |] [Lg(f%l—ﬂ)] (5.3.4)
p(d{x.7)|r,
= Faey E iﬂE (Maerrs d(z17)) + Eq(r) {Eq(pm In p(p)p(q((p!ii)T)l p)}
(5.3.5)

where h(r,d{z1.7)) £ 3 4c dzvor). In ( o1 2) arises from the negative binomial base mea-
surc term and Inp(d(zr7)|r,p) £ ¥ 40, (w1, (@ Inp+ 7l — p)) collects the negative
binomial PMF terms excluding the base measure.

First, we show that the SVI updates to each g(p|r) can be considered independent
of each other and of ¢(r) by taking the natural gradient of £. The only terms in (5.3.4)
that depend on ¢(p|r) are in the final term. Since the expectation over g(r) in the
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final term is simply a weighted finite sum, taking the gradient of £ with respect to
the parameters (5("),5(7')) for r = 1,2,. .., rnax vields a sum of gradients weighted by
cach ¢(r). Each gradient in the sum is that of a variational lower bound with fixed r,
and because g(p|r) is conjugate to the negative binomial likelihood with fixed 7, each
gradient has a simple conjugate form. As a result of this decomposition, if we collect
the variational parameters of ¢(r, p) into 7y 2 (7, @V, 6(), ..., (@lrmax) plruex))) then
the Fisher information matrix

T(09) 2 Erpymgtr) | (5, 0 a(r,2)(V, a(r, )] (5.3.6)

is block diagonal with the same partition structure as 7j3. If we denote the Fisher
information of q(p|r) as J(@™ (")) | then the (r + 1)th diagonal block of J(fjy) can
be written as ¢(r)J(@™,b5M), and so the q(r) factors cancel in the natural gradient.
Therefore the natural gradient updates to each (E("')7E("')) are independent and can be
computed using simple conjugate Beta updates.

Next, we derive updates to ¢(r). Since q(r) is a discrete distribution with finite
support, we write its complete-data conditional in an expounential family form trivially:

p(rlp,d(z,.7)) x exp{{v + t,.(p,d(z.7)), 1,)} (5.3.7)
(t (p,d(x17))), = P ded(an) Inp(pld',r) + ln h{r,d"). (5.3.8)

From the results in Section 5.1.2 the jth component of the natural gradient of (5.3.4)
with respect to the parameters of g(r) is

(VL) 5 = Vi Eaplr=patente (o dlwir) = (5.3.9)

Due to the log base measure term Inh(r,d’) in (5.3.8), these expected statistics re-
quire O(T?N) time to compute exactly even after computing the HSMM messages
using (5.2.23). The HSMM SVI algorithm developed in Section 5.2.2 provides an ex-
act algorithm using this update. However, we can use the efficient sampling-based
algorithms developed in Chapter 4 to compute an approximate update more efficiently.

To achicve an update runtime that is linear in 7', we usc a sampling method inspired
by the sampling-based SVI update used in Wang and Blei [114]. For some sample count
S, we collect S model parameter samples {(fr(éh5(@,7‘(5),]3(@)}?;1 using the current
global mean field factors according to

#O ~ g(r) 69 ~ 4(8) (#0, py ~ q(r, ). (5.3.10)
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and for each set of parameters wc sample a state sequence

#0 ~ plrrrlgir, #9, 00 70 p0), (5.3.11)

o
Ty
Using the methods developed in Chapter 4, cach such sample can be drawn in time
O(TNR + TNQ) We denote the set of state scquence samples as § = {:L1 35, and
we set G(z1.7) = 5 Z:ce s 0z(r1.r). As the number of samples S grows, the distribution
G(x1.7) approximates Eq(ﬁ)q(g)q(r » P(@rr|gir, 7, 0,7, p)], while the optimal mean field
update sets g(z1.7) o exp {IE Ya(@q(rpy M P(TLT|G1T, 7, 0,7, } As discussed in Wang
and Blei [114], since this sampling approximation does not optimize the variational
lower bound directly, it should yield an inferior objective value. However, Wang and
Blei {111] found this approximate SVI update yiclded better predictive performance
in some topic models, and provided an interpretation as an approximate expectation
propagation (EP) updatc. As we show in Section 5.5, this update can be very effective
for fitting HSMMs as well.

Given the sample-based representation ¢(z1.7), it is easy to compute the expecta-
tion over states in (5.3.9) by plugging in the sampled durations. The update to the
parameters of ¢(r?), p()) becomes

79 (1= )P 4 (M ts- gg)) (5.3.12)
a1 p)atn) 4 p (au) 1s. ,;gyr)) (5.3.13)
BEr (1= )b 4 (b(i) 1s. f}j«“) (5.3.14)
fori=1,2,...,Nand r = 1,2,...,7max, where

i & -;—}: > d-1) (5.3.15)

£€S ded() (x)
(i) a
b, & Z oo (5.3.16)
¢€S ded(? (i)
({$7)) = = Eqpirg(ar.r) { (p9d(i)('f71:7')):l (5.3.17)

= (@ +267) < 1) Eqppry ()] + (307 + 7 1) By [1n(1 = )]

£33 (d”_Q)_ (5.3.18)

3€S ded'i) (3)

Similarly, we revise Egs. (5.2.8)-(5.2.10) to compute the other expected sufficient statis-
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Algorithm 5.5 Negative Binomial HSMM SVI
~{ i)

Initialize global variational parameters 7//1;), /f)é
fort=1,2,...do

Sample minibatch index & uniformly from {1,2,..., K}
k)

,a@ and &9

Using minibatch 5%, generate state sequence samples
according to Eqgs. (5.3.10) and (5.3.11) and form §(z1.7)
Using ¢(x1.7), compute each {x(iix)lrv fg,i), f?ﬁ?ms, and fi(fl)it
with Egs. (5.3.19)-(5.3.21) and (5.3.15)-(5.3.18)
Update each ﬁf;), ﬁ((;‘), a®, and &
with Egs. (5.2.11)-(5.2.13) and (5.3.12)-(5.3.14)

tics using G(z1.7):

T
B 2 By Lz = it (51) (5.3.19)
t==1
T-1
(Fhns)i & Byt O My = 1,41 = j] (5.3.20)
t=1
(Finit)i = By Ilz1 = 1] (5.3.21)

We summarize the overall algorithm in 5.5.

M 5.4 Extending to the HDP-HMM and HDP-HSMM

In this section we extend our methods to the Bayesian nonparatmetric versions of these
models, the HDP-HMM and the HDP-HSMM. These updates essentially replace the
transition updates in the previous algorithms.

Using the notation of Section 2.5 the generative model for the HDP-HMM with
scalar concentration parameters o,y > 0 1s

B ~ GEM(7), 7 ~ DP(af), 61 1S p(o®) (5.4.1)
x1 ~ 70, Ly ~ I ye ~ ply|0@)) (5.4.2)

where 3 ~ GEM(v) denotes sampling from a stick breaking distribution defined by

v; a Beta(1,7), B = H(l — ;) Uy (5.4.3)
J<k
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and 7 ~ DP(af) denotes sampling a Dirichlet process
w~GEM(e) % %8 20 =3 ws,,. (5.4.4)

To perform mean field inference in HDP models, we approximate the posterior with a
truncated variational distribution. While a common truncation is to limit the two stick-
breaking distributions in the definition of the HDP [52], a more convenient truncation
for our models is the “direct assignment” truncation, used in [70] for batch mean field
with the HDP-HMM and in [17] in an SVT algorithm for LDA. The direct assignment
truncation limits the support of g(z1.7) to the finite set {1,2,..., M} for a truncation
parameter M, i.e. fixing g(z1.7) = 0 when any x; > M. Thus the other factors, namely
q(m), ¢(B), and (@), only differ from their priors in their distribution over the first
M componcents. As opposed to standard truncation, this family of approximations is
nested over M, enabling a search procedure over the truncation parameter as developed
in [17]. A similar search procedurc can be used with the HDP-HMM and HDP-HSMM
algorithms developed here.

A disadvantage to the direct assignment truncation is that the update to g(83) is
not conjugate given the other factors as in Hoffman et al. [52]. Following Liang et al.
[70], to simplify the update we usc a point estimate by writing q(3) = dz-(3). Since the
main cffect of B is to enforce shared sparsity among the 7(", it is reasonable to expect
that a point approximation for ¢(3) will suffice.

The updates to the factors ¢(f) and g(z1.7) are identical to those derived in the
previous sections. To derive the SVI updatc for ¢(7), we write the relevant part of the
untruncated model and truncated variational factors as

((ﬂ-l Mo rest)) = Dlr(a . (51:]\]’7 5rcst)) (545)
g((nlh 7)) = Dir(@?) (5.4.6)
where ¢ = 1,2,..., M and where Trfilt £ Z,\ 17rk and Brest L1 - k—] By

Therefore the updates to ¢(r7() are identical to those in (5.2.12) except the number
of variational parameters is M + 1 and the prior hyperparameters are replaced with
@ - (ﬂl:]V[: ﬂrcst)'

To derive a gradient of the variational objective with respect to 3*, we write
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_ . - p(B,7) .
Vﬁ*ﬁ = V/j* {Eq(ﬂ.> |:111 q(ﬂ)(](ﬂ)] } (047)
M .
= Vg~ {lnp(ﬁ*) + 2 Byt lllp(w(l)]ﬂ*)} (5.4.8)

i=1

where Inp(8*) = Inp, (v(8*)) +Indet § 67“ ynpy(v) = (v—1) >0, n(1—wy), and v,(B) =

. The Jacobian 2¢ is lower—trlangular, and is given by
= Zm, ; 08
0 1< j
5'11) 1 .
- = 7 1=j (5.4.9)
(8/3 IJ Zk<z [I\

—Bi i N
=S, 807 7

and so taking partial derivatives we have

d/j* ) Inp(B*) =2 Z In 5 Z - (v—1) Z In ¢ Z 5 (5.4.10)

J<t k 7<i

ag*ﬂ*? am (@184 = (@) — (@), ) VZMH B7) —vw(B).  (5.4.11)

We use this gradient expression to take a truncated gradient step on 8% during each SVI
update, where we use a backtracking line search! to ensure the updated value satisfics
the constraint g* > 0.

The updates for ¢(7) and ¢(3) in the HDP-HSMM differ only in that the variational
lower bound expression changes slightly because the support of each ¢(7®) is restricted
to the off-diagonal (and renormalized). We can adapt q(ﬂ(i)) by simply dropping the
1th component from the representation and writing

Q((Wig\,j\ivﬂﬁgn)) = Dir(&%}), (5.4.12)
and we change the sccond term in the gradient for 5* to

T@E) = (@ )y g0 B = v (B) kA
0 k=i
(5.4.13)
Using these gradient expressions for §* and a suitable gradient-based optimization
procedure we can also perform batch mean field updates for the HDP-HSMM.

%’:Eq(ﬂ) [Inp(#D|3%)] = {

'In a backtracking line search, for some fixed parameter x € (0,1), given an initial point x and an
increment A, while z + A is infeasible we set. A + gA.
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M 5.5 Experiments

We conclude this chapter with a numerical study to validate the proposed algorithms.
As a performance metric, we approximate a variational posterior predictive density
on held-out data; that is, for the HMM models we estimate

p(ﬂtestmtrain) - //p(gtcstlﬂ', 9)29(71', H{Qtrain)dﬂ'de (551)
~ Eq(ﬂ')q(@)p(gmstlﬂ'v 9) (552)

by sampling models from the fit variational distribution. Similarly, for HSMM modcls
we estimate p(Ziest|Uirain) = ]Eq(n)q(e)qw)p(@testlﬁ,9,?9)- In each experiment, we chose
p) = (t 4+ 7)7* with 7 = 0 and x = 0.6. Gaussian cmission parameters were generated
from Normal-Inverse-Wishart (NIW) distributions with ug = 0, Xg = I, kg = 0.1, and
vg = 7. For the HDP modecls, we set the truncation parameters to be twice the truc
number of modes. Every SVI algorithm examined uses only a single pass through the
training data.

First, we compare the performance of SVI and batch mean ficld algorithms for
the HDP-HMM on synthetic data with fully conjugate priors. We sampled a 10-statc
HMM with 2-dimensional Gaussian emissions and generated a dataset of 250 sequences
of length 4000 for a total of 108 frames. We chose a random subset of 95% of the
generated sequences to be training sequences and held out 5% as test sequences. We
repeated the fitting procedures on the training set 5 times with initializations drawn
from the prior, and we report the average performance with standard deviation error
bars. In Figurc 5.2, the SVI procedure (in blue) produces fits that arc on par with
those from the batch algorithm (in green) but orders of magnitude faster. In particular,
note that the SVI algorithm consistently converges to a local optimum of the mean field
objective in a single pass through the training set, requiring roughly the amount of time
needed for a single iteration of the batch mean field algorithm. This relative speedup
grows linearly with the size of the dataset, making the SVI algorithm especially useful
when the batch algorithm is infeasible.

Similarly, we compare the SVI and batch mean field algorithms for the HDP-HSMM.
We sampled a 6-state HSMM with 2-dimensional Gaussian emissions and negative bi-
nomial durations, where each of the negative binomial parameters were sampled as
p ~ Beta(1,1) and r ~ Uniform({1,2,...,10}). From the modcl wc gencrated a dataset
of 50 scquences of length 2000 and generated an additional test set of 5 sequences with
the same length. Figure 5.3 shows again that the SVI procedure (in blue) fits the data
orders of magnitude faster than the batch update (in green), and again it requires only
a single pass through the training set.
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Figure 5.2: A comparison of the HMM SVI algorithm with batch mean field. Algo-
ritm 5.3 is shown in blue and the batch mean field algorithm is shown in greemn.
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Figure 5.3: A comparison of the HSMM SVI algorithm with batch mean field. Algo-
rithm 5.4 is shown in blue and the batch mean field algorithm is shown in green.

Finally, we compare the performance of the exact SVI update for the HSMM with
that of the approximate update proposed in Section 5.3. We sampled a 6-state HSMM
with 2-dimensional Gaussian emissions and Poisson durations, where each of the Poisson
duration parameters is sampled as A ~ Gamma(40,2). From the model we generated
a dataset of 50 sequences of length 3000 and generated an additional test set of 5
sequences with the same length. We fit the data with negative binomial HDP-HSMMs
where the priors on the negative binomial parameters were again p ~ Beta(1,1) and
r ~ Uniform({1,2,...,10}). We set the number of state sequence samples generated in
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Figure 5.4: A comparison of HSMM SVI algorithms. The approximate update scheme
of Algorithm 5.5 is shown in blue and the exact update scheme of Algorithm 5.4 is shown
in green.

the sampling-based approximate update to S = 10. Figure 5.4 shows that the sampling-
based updates (in blue) are effective and that they provide a significant speedup over the
exact SVI update (in green). Note that, since the figure compares two SVI algorithms,
both algorithms scale identically with the size of the dataset. However, the time required
for the exact update scales quadratically with the minibatch sequence length T', while
the sampling-based update scales only linearly with T". Therefore this approximate SVI
update is most useful when minibatch sequences are long enough so that the exact
update is infeasible.



Chapter 6

Scalable Inference in Models with
Multiple Timescales

H 6.1 Introduction

In many settings we may wish to learn dynamics at multiple timescales. For example,
in the context of speech analysis, we may wish to model both the dynamics within
individual phonemes as well as the dynamics across phonemes [68, 18]. In the context
of modeling behavior, motion [51], or handwriting [67], it is natural to decompose
movements into steps, while still modeling the statistics of the sequence of movements.
Each of these modcling tasks involves dynamics at multiple timescales, and therefore it is
natural to consider dynamical models that can capture such dynamics while maintaining
tractable inference.

In this chapter, we develop a Bayesian nonparametric model and associated inference
algorithms applicable to unsupervised learning of such dynamics. We combine and build
on ideas developed in previous chapters. In particular, we extend the HDP-HSMM
developed in Chapter 3 to include Markovian dynamics within each of its segments. The
explicit duration modeling provided by the HDP-HSMM allows us to set duration priors
that can disambiguate short-timescale dynamics from long-timescale dynamics and is
important for identifiability in the unsupervised setting. Using ideas from Chapters 3
and 4, we develop efficient Gibbs sampling algorithms for our proposed model. Finally,
extending ideas from Chapter 5, we also develop a structured Stochastic Variational
Inference (SVI) algorithm, which allows inference to scale to large datasets. Developing
scalable inference with efficient updates is particularly relevant when fitting rich models,
since more data are often required to fit more complex models effectively.

The main contributions of this chapter are algorithmic, particularly in incorporating
the algorithmic techniques developed in previous chapters. While the model we propose
is new, as we discuss in Section 6.2 many similar models have been explored in the
literaturc. The key advantage to our model is its amcnability to the efficient inference
algorithms we develop. Our model also benefits from explicit duration modeling and a

119
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Baycsian nonparametric definition, which enable both explicit control over important
priors and flexible learning.

In Section 6.2 we highlight some key related work. In Scction 6.4 we develop several
Gibbs sampling algorithms for the model, including a collapsed direct assignment sam-
pler, a weak limit sampler, and a morc cfficient weak limit sampler when durations arc
modeled with negative binomial distributions. In Scction 6.5 we develop mean field and
SVI updates. Finally, in Section 6.6, we demonstrate our algorithms with an application
to unsupervised phoneme discovery.

This chapter synthesizes and cxtends results from previous chapters and so we rely
heavily on their notation and content.

B 6.2 Related work

The model we define in this chapter is most closely related to generalizations of HMMs
and HSMMs known as segment models, which can model sub-dynamics within an HMM
or HSMM state. Scgment models have a long history in the HMM literature; see
Murphy [78] and Murphy [80, Scction 17.6] and the references therein. Such models
have had considerable success in modeling multiscale dynamics, particular in modeling
speech dynamics at the level of words, phones, and sub-phones [80, p. 624]. Such
models have typically been explored in non-Bayesian settings. Our model can be viewed
as a Bayesian nonparametric segment model, where the Bayesian approach gives us
explicit control over duration priors and modeling of uncertainty, and the nonparametric
definition provides for flexible learning of model complexity.

A related class of models is the class of Hierarchical HMMs (HHMMs) [28] [80,
Section 17.6.2], which have also been studied extensively in non-Bayesian settings. A
Bayesian nonparamctric HHMM, the infinite HHMM (iHHMM), has been developed
and applied successfully to some small example datasets [51]. The model represents an
infinite number of dynamical timescales and is cxtremely flexible. However, it does not
provide explicit duration modeling and so it is not easy to usc priors to control timescales
in the learned dynamics. Furthermore, its structure is not particularly amenable to
scalable inference, and in its Gibbs sampling algorithm the hidden states at each level
must be sampled conditioned on the hidden states at all the other levels. The model
we proposc has only two timescales and so is less flexible than the iHHMM, but it
allows explicit prior control over duration distributions. In addition, the algorithms we
develop exploit more powerful message passing, and the SVI algorithm developed in
Section 6.5 allows inference in our model to scale to large datasets.

Finally, thc model that is most similar to ours is that of Lee and Glass [68], which
develops a Bayesian nonparamctric model for unsupervised phoneme discovery. Again,
a key difference is again that our model provides cxplicit duration modeling and al-
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lows much more scalable algorithms. In addition, we allow for the substate dynamics
themseclves to be modcled nonparametrically, while the model of Lee and Glass [68]
focuses on modeling each phoneme with fixed-size finite HMMs. While our model can
also use fixed-size finite HMMs for short-timescale dynamics, we focus on the fully
nonparametric specification.

M 6.3 Model specification

In this section, we define our generative model, composing both the HDP-HSMM and
HDP-HMM gencerative processes described in Chapter 3, particularly Sections 3.2.3
and 3.3.2. Recall that we write the prior measure on duration parameters as G and
the corresponding duration likelihood as p(dj9¥(?), and let a,v > 0 be concentration
parameters. According to the HDP-HSMM generative process, we generate the super-
state sequence (z,), the duration sequence (d;), and the label sequence (x;) as

8 ~ GEM(y) (6.3.1)

0 4 Dp(a, B) FIORNE: i=1,2,... (6.3.2)

zg ~ wlEm1) de ~ p(d9'*)) s=1,2,... (6.3.3)
ts—1)+ds 1 s>1 .

It(s):t(s—kl)—l = Zs f(") 2 {1 ) s —1 L= 17 27 s 7T7 (6‘34)

(#)

ki

where, as in Section 3.3.2, #(0) £ ﬁ(l — 6;7). While the HDP-HSMM generates the
!

observation sequence (y;) within a segment as conditionally independent draws from

an observation distribution, here we instead generate observations for each segment

according to an HDP-HMM. That is, for each HDP-HSMM state ¢ = 1,2,... we have

an HDP-HMM with parameters {5, 7(57) g >};J°-C:'l generated according to

B9 ~ GEM(y®) (6.3.5)
7@ B pp ) gy gl i gy i=12,... (6.3.6)

where H is the prior measure over observation parameters 8057 ol and '7(1") arc concen-
tration parameters, and each 719 is a transition distribution out of the corresponding
HDP-HMM'’s jth state. Then for a segment s in with HDP-HSMM super-state z, and
duration dg, we generate observations from the corresponding HDP-HMM via
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Figure 6.1: A graphical model for the HDP-HSMM with sub-HDP-HMM observations.
Note that it is not formally a graphical model because the number of nodes is random
due to the random durations.

Ty~ mPE-1) g p(y|0FE)) = t(s),t(s) +1,...,E(s+1) — 1, (6.3.7)

where 8(%:71) is the observation parameter from the corresponding HDP-HMM’s jth
state, and p(y|@®7)) is the corresponding observation likelihood. We call (z;)!_, the
substate sequence, and emphasize that it is distinet from the HDP-HSMM'’s super-state
sequence (zs) and label sequence (z;). See Figure 6.1 for a graphical model.

This model definition combines the explicit duration modeling and nonparametric
flexibility of the HDP-HSMM of Chapter 3 with HDP-HMM dynamics within each
HSMM segment. The HDP-HSMM states can model longer-timescale dynamics, such
as the dynamics between phonemes, while the HDP-HMM states can model shorter-
timescale dynamics, such as the structure within an individual phoneme. As we show
in the following sections, this model definition is also amenable to efficient inference.

While we have defined this model using Bayesian nonparametric priors for both
layers of dynamics, it is straightforward to adapt the definition so that one or both of
the layers is finite. For example, it may be desirable to use finite structured sub-HMM
models to exploit some domain knowledge [68]. Alternatively, it is also possible to
make the coarser-scale dynamical process a finite HSMM while allowing the substate
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dynamics to be generated from an HDP-HMM, thus enabling model selection via a
semiparametric approach [33].

B 6.4 Gibbs sampling

In this scction, we develop several Gibbs sampling algorithms for the model defined
in Section 6.3. First, we develop a collapsed direct assigninent sampler. This sampler
avoids approximating the posterior with a finite distribution but, as with the direct
assignment sampler developed in Chapter 3 and simulated in Figure 3.11(h), its mix-
ing rate is far too slow to be practically useful. We include it for completeness and
theoretical interest.

Second, we develop a sampler based on the weak limit approximation. Analogous to
the weak limit sampler developed in Chapter 3, this sampler can use message passing
to perform block sampling and therefore achieve much greater mixing.

Finally, we build on the results of Chapter 1 to develop a much faster weak limit
Gibbs sampler for negative binomial duration distributions. The message passing com-
plexity is greatly reduced, and in particular is only linear in the sequence length 7.

M 6.4.1 Collapsed Gibbs sampler

To develop a collapsed Gibbs sampler, we extend the HDP-HSMM direct assignment
Gibbs algorithm developed in Section 3.4.3. Essentially, we combine the HDP-HSMM
direct assignment sampler and the HDP-HMM direct assignment sampler.

The algorithm state for our direct assignment sampler consists of a finite prefix
of the HDP-HSMM § parameter and finite prefixes of each of the sub-HDP-HMM
B9 parameters. Tt also includes both the HDP-HSMM label sequence (z;) and the
substate sequence (Z;). That is, we write the sampler state as (81.n, /3E3\[(1),;I:1;T, T,
where we use N to represent the number of used HDP-HSMM states and N® 1o
represent the number of used states in the ith HDP-HMM. The other paramecters arc
integrated out analytically, including the HDP-HSMM transition parameters {79}, the
sub-HDP-HMM transition parameters {7}, the duration parameters {9}, and the
obscrvation parameters {#(57)},

The algorithm procceds by jointly resampling each pair (2, #) for t = 1,2,...,T
and by resampling the 3.5 and /Bﬁzv(i)'

Resampling the label and substate sequence. To resample each (x(,T,;) conditioned on
all the other variables and parameters, we extend the HDP-HSMM sampling step of
Section 3.4.3 That is, we resample (x;, Z,) by considering all possible assignments (k, k')
for k=1,2,...,N+1land & =1,2,...,N® 4+ 1 and evaluating up to proportionality
the conditional probability
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p((xe, 70) = (kK (), (200), 8, {89, (6.4.1)

where we suppress notation for conditioning on all the hyperparameters. Recall that
as we vary the assignment of the HDP-HSMM label x; we must consider the possible
merges into adjacent label segments, and as a result there are between 1 and 3 terms
in the expression for (6.4.1), each of the form

T — aﬁk + N srev K aﬁzne t + Nz 1.
P\L¢, T = k;’ k/ Ity T X b ? . X sTnext
(e, 24) = ( ¢ \tr Tye)) a(l = Bepes) F Mgy (1 — Br) + 1y,

~ o

left-transition right,—tr‘e’msition
) fdur(tZ - ZL'l + 1) 'fobs(yt1:t2|k729 (642)

s B
duration observation

where we have used t; and 3 to denote the first and last indices of the segment,
respectively, and (z\,) and (Z\;) to denote the label sequence and substate scquence
assignments excluding the tth index, respectively. See Section 3.4.3 for details. In the
case of the HDP-HSMM of Chapter 3, the term fobs(yi,:t,|k) is computed from the
independent observation model. For sub-HDP-HMM observations, we simply replace
this term with the appropriate score for HDP-HMM observations, incorporating not
only the data y,.,, but also the substatc assignment Z; = k' and the substate sequence
(Tye)-

Using the formula for the probability of an assignment sequence under an HDP
model [43, 106], we can writc the fops(yt, 1,1k, k') term for sub-HDP-HMM observations.
Let n;; be the number of transitions from substate ¢ to substate j in the kth sub-HMM,

k) ol . . .
and let n;. = Zjvz( | mij. In addition, for first and last scgment indices ¢; and o, let
Tij = Ny — #{t T =0, T = 5,0 St <ty = /{:} (6.4.3)

be the number of transitions from substate ¢ to substate j in the kth sub-HMM excluding

. _ ky .
those in the segment from ¢, to ¢z, and let 71;. = Zévzl n;;. Then we can write
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N() NG g —1
. Oz+nl) (k
f()bs(yflii2|kak/) = H IN¢ a—f—m) H H (()‘ﬁ )+€)
=1 f=n;;
</ Hp e 0FHFNpOFF) Ly 2y = K 2 = k},mo) dg'r) )
t=t1

(6.4.4)

where 179 is the corresponding observation hyperparamecter. By substituting (6.4.4)
for fons in (6.1.2), we can proceed with the HDP-HSMM sampling procedure of Sec-
tion 3.4.3.

Resampling 5.y and /31 wio-  Toresample g1 conditioned on the HDP-HSMM label
sequence (x¢), we use the same auxiliary variable method developed in Section 3.4.2.
To resample each 8 3\[( , for cach sub-HDP-HMM, ¢ = 1,2,..., N, we use the standard

HDP-HMM direct assignment update [1006].

H 6.4.2 Weak limit sampler

We can develop a more efficient sampling algorithm by using a weak limit approximation
and exploiting dynamic programming. In particular, we develop a weak limit sampler
that block resamples the label sequence and substate sequence jointly. We build on the
weak limit sampler developed in Section 3.1.2. We write the weak limit truncation level
of the HDP-HSMM as N and the weak limit truncation level of the ith HDP-HMM as
N,

Recall that the label sequence (x;) can be resampled by first passing HSMM mes-
sages backward and then sampling forward, as in Section 3.:.1, particularly equations
(3.4.3) and (3.4.6). From Section 3.2.2, the IISMM messages (B, B*) arc defined by

N N
Bt,z = Z B;ij(l'hq = j|.1[ = ’i,:L't+1 # .';L.f/) = Z BL*.J'AU’ (()45)
j=1 j=1
T—t
B, = ZBr+d1P(ds(t = d’zs(tJrl =1i) 1(yt+1:t+d\zs(t+1) =i,dyqp1y =d)  (6.4.6)
d=1 dulatlun prior term likelihood term
T—t—1
= Z Bt+d,iDd,iP(yt+1:t+d‘Zs(zﬂ) =i, dg s(t+1) = d) (64-7)
d=1

Br; =1, (6.4.8)
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where
Dd,i = p(dw(z)) Aij = p(.’[?t+1 = ]11‘,5 = i,LL‘t_H ;é a:t) (649)

and where s(t) denotes the segment index for time index #. In Chapter 3, the likelihood
term p(Yit1:04dl2Zse+1) = %, dspr1) = d) is computed as a product of independent, likeli-
hoods, while here we must compute it according to the HMM obscrvation model. If we
can compute these segment likelihood terms efficiently, we can usc them in Eqgs. (6.4.5)-
(6.4.8) to compute the backward messages over the HSMM and sample the HSMM
label sequence as in Section 3.4.1. Given the HSMM label sequence, we can then sam-
ple the substate sequence using the HMM state sequence sampling algorithm given in
Section 2.4.1.

Therefore it remains only to compute the segment likelihood terms efficiently. We
can exploit the Markov structure in the substate sequence to write these likelihoods in

terms of another set of messages. For each i = 1,2,..., N, we define the sub-HMM
backward messages for each t = 1,2,...,T as
N
(4,t) (i,t)
Z A t'+1 #Biy ik t'=12,...,t B ;' =1, (6.4.10)

where ng = p(y;|8%*)) is the observation likelihood for the jth substate of the ith

HMM and Ag.,g = p(Tyy1 = k|Ty = j,x¢ = 1) is the probability of transitioning from the
jth to the kth substate in the ith HMM. Similarly, we define the sub-HMM forward

messages for cach i =1,2,...,Nandt=1,2,...,T as
N
FD =N AgLo B, t=t+t+2, T F3 =200 (64.11)
k=1

where 709 is the initial state distribution for the ith sub-HMM. For any fixed time
index ¢ and superstate index 7, we can compute these messages in time O(T N (i)2) time,
and therefore we can compute all such sub-HMM messages in time O(NT?N (i)z) time.
Finally, we can use these messages to compute every segment likelihood term via

N®
P(Yttrd—1|2s0) = 8, dgry = ZF ¥ f+d (6.4.12)

for any ' =¢,t +1,...,¢{ +d — 1. To compute only the backward HSMM messages, as
required for the block sampling procedure, it suffices to compute only the sub-HMM
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forward messages.

Composing these expressions, we can write the overall HSMM messages as

T—1-t NO N
Bfi= 3" BiaiDui | > FLY, Bui=Y AyBj;. (6.4.13)
d=1 =1 Jj=1

Writing Ny, = max; N (i), these messages require O(TQN Nfub—i—TN 2) time to compute.
With these messages, we can block resample the HSMM label sequence and substate
sequence.,

The sampling updates to the other model parameters arc identical to those described

in Sections 3.4.1 and 2.4.1.

B 6.4.3 Exploiting negative binomial durations

While the weak limit sampling procedure developed in Section 6.1.2 is general, it can
be computationally expensive for long observation sequences. In this section we apply
and extend the ideas developed in Chapter 4 to write an update for negative binomial
duration models for which the computational complexity scales only linearly in 7" and
is generally much more efficient. As in Chapter 4, this algorithm generalizes immedi-
ately to models in which the duration distributions are mixtures of negative binomial
distributions.

Recall from Chapter 4 that with negative binomial durations we can compute the
HSMM messages with more efficient recursions because the duration can be represented
as an augmentation with a small number of Markov states. In particular, to represent an
HSMM with negative binomial parameters ('r(i)7 p(i)) fori=1,2,..., N, we constructed
an equivalent HMM on Zfil () states. We can similarly embed an HSMM with HMM
emissions and negative binomial durations in a stationary HMM on Zf\; rl NG gtates.
Using the notation of Chapter 4, we choose

AD = AD @ AD 0 =pD g1 D = 60 g gl (6.4.14)
where X @ Y denotes the Kronecker product of matrices X and Y, 1 denotes the
all-ones vector of size 7'("), and (A(i), (A)("), (?U)) denotes the HMM embedding parameters
for negative binomial durations given in Eqs. (1.4.7)-(1.4.8). Note that we can index
into the matrix A using the tuple (i,7, k), where ¢ = 1,2,..., N indexes the HSMM
state, 7 =1,2,... ,7'(i), indexes the duration pseudostate, and k= 1,2, ..., N indexes
the sub-HMM substate. By comparing this construction to that of the embedding
developed in Section 4.4, it is clear that it encodes the same dynamics on the HSMM

label sequence: if we simply sum over the sub-HMM substates, we recover the same
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embedding as that of Section 4.4. That is, if we use A to denote the transition matrix
of the HMM embedding of Section 4.4, then

NG NG

G = D D Ak (irg i) (6.4.15)

k=1 k'=1

Furthermore, the sub-HMM substate dynamics are faithfully represented: the last block
row of A®7) cnsures that the first substate of a segment is sampled according to 77,
and the substate transition probabilities are those of A% until the superstate changes.
Note that due to the structurc of the matrix A, the matrix-vector multiplications
required to perform message passing arc especially efficient to compute. In particular,

using the identity
(X ®@Y)vec(Z) = vee(XZYT) (6.4.16)

for any matrices X, Y, and Z of appropriate dimensions, we can compute the block
diagonal part of a matrix-vector product in O(N(R + N2)), where R = max; r(9.
Furthermore, using the structure in each A7) we can compute the off-block-diagonal
part of a matrix-vector product in O(N? + N Ng,). Therefore, using the methods de-
veloped in Chapter 4, we can use the embedding to compute the HSMM messages in
only O(TN(R+ N2,) + T'N?) time, avoiding the quadratic dependence on T'. Finally,
note that, using the methods developed in Chapter 4, this HSMM messages compu-
tation requires only O(TN + N RNg,,) memory, a significant savings compared to the
O(T'N RNgy1,) memory required to compute the HMM messages in the full HMM em-
bedding.

Given the HSMM messages, we can perform the block sampling update to the label
sequence and substate sequence described in Section 6.1.2 much more efliciently.

Bl 6.5 Mean field and SVI

In this section, we derive the key updates necessary to perform mecan field or SVI
inference in the model. This scction relies heavily on the notation used in Chapter 5,
and extends its results to the model developed in this chapter.

Following the notation of Chapter 5, we write our variational family as

N

N
) H 7 )q(@?) | a(8D)g(x") [T a(x)q(0%) | q(@rr, 21.0) (65.1)

j=1

where N is the truncation parameter for the HDP-HSMM and cach N9 is the trunca-
tion paramecter for the ith sub-HDP-HMM. The variational factors are defined analo-
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gously to those used in Chapter 5

a0 o oxp {4V @)} q(r) = Din(a) (6.5.2)
q(ﬂ'(i)) = Dir(&(i)) q(19('i)) X exp {(7]f9>, )(19 l)))} (6.5.3)
q(B) = 6p+(8) a(B9) = 8400 (89). (6.5.4)

The corresponding prior densitics on cach term are

5)

P00 o exp { (g1 04PN b p D) Byeo) = Dir(@ DB ye)

6.5
])(W(i)lﬂl:]\/) = Dir(af.n) p(ﬁ( )) X exp {(r/g t( ) l)( }
(6.5

We derive a mean field update to the variational factors over model parameters in
two steps: first, we define structured mean field message-passing recursions analogous
to those defined in Section 6.4.2; second, we show how to use the mean field messages
to compute the expected statistics necessary for the parameter updates.

As in Scetion 6.4.2, it is uscful to define sub-HMM messages foreach i = 1,2,..., N
and each time index t = 1,2,...,T":

N
ZA u+1 ABA('L+[)1 P t=1200 Ef(y) =1 (6.5.7)
N(l) .
lsl,JL) Z Alu LEI)jFl(’L LL K t=t+Lt+2,....T F,,(:L,;Lt) = %,E.L’O) (6.5.8)
where ‘
LELJ) =E i [111P(yt|9(i’j)} 7d) = Eqr) |:hl ’ﬂ'(i’j)} (6.5.9)

and where A1) is a matrix with its kth row as 7%, Then we can write the overall
message recursions as
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T—1—t N N
Bf;= Y BiiaiDa; ZF,L‘Z , Bii=> 4B, (6.5.10)
d=1 Jj=1
_ -l B N©® . . B N o
Fu= Y F giDai | Y B 7" Fr=" A, (6.5.11)
= =1 i
where
- ' N
Dd,?‘, = Eq(’ﬂ("’)) |:].np(d119(l))j| 7 = Z FI’,Z' (65'12)

=1

and where A is a matrix with its ith row as #@. As in Section 6.4.2, these messages
can be computed in time O(T?NN2, + TN?).

Next, we calculate expected statistics in terms of these messages. To simplify no-
tation, we write the event {®p4id—1 = 4, 2—1 # Tt # Ty1q} simply as {Tpiq 1 = i}
First, note that we can write

NG
Eoey iy Mt pamr = 4]] = F} Bt+d 1 (11 ZF” 3(7 ) /Z. (6.5.13)

This decomposition follows from the definitions of the HSMM messages. Using the
definition of the sub-HMM messages, we can similarly write

(i) FU) 6 )
(F Bt’+1 k41 kA] k

EQ(ILT@l:T) [H[i‘t' =1 Tyl = k' Tettd—1 = Z] = NG 7=(6,0) 3(6,0+d) (6.5.14)
¢=1 Frg By

forany t' =t,t+1,...,t+d—2. To compute the expected statistics, we compose these
two expressions and usc the basic identity that for any random variable X we have

E[I[X ¢ A]I[X € B]] =P[X € 4,X,€ B] (6.5.15)
=P[X € A]P[X € B|X € A] (6.5.16)
=E[I[X € A]] E[I[X € B)| X € A]. (6.5.17)

Therefore we can compute the expected statistics for each sub-HDP-HMM factor as
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T—1T-1-t t+d—1 o
£ £ By 210) [Z Y Mawa v =i Y IEe = j] (t;f)""’)v])]
t=1 d=1 1=t
T—1T—1--t o _ t+d—1
> (thiBHd_l,iDd,i)( ST R BITOL )> /Z (6.5.18)
t=1 d=1 t'=t
) T—1T-1—( thd—2
Fadtidt By | Y D Mreryar =4 D 1@y =, 2041 = K]
t=1 d=1 t'=t
T 1T7—1-¢ t+d—2
T I3 o Wt t+d e
= (Ft’iBhLd,l’iDd’é) ( Z F7 )B,(IZ+TL)Lf/2*'1 L ) /7 (6519)
t=1 d=—1 t'=t
' T—1T-1-t
(’igbinit)ff é tl Tropsyer) H ‘Lf dtd—1 — Z}H[l't - J]
t=1 d=1
T—1T—1-1t
_ (F,ZB,JF(; I,D(h) ( L”B(”*‘”) 1z (6.5.20)
t=1 d=1

Furthermore, we can compute the expected statistics for each HDP-HSMM factor as

(i’\(;]Z]) le 1) Z ‘Ll t+d — L
IAJN N ~ NMA,' o
=Y FiBiiaiDai | Y Fl(yz’t)BfféHd) /Z (6.5.21)
t=1 =1
T- L
(tncms> é q r1.) Z I [-/L't = Z.«,1[7t+1 = '}@ = Ft,iBZ:jAvﬁ,j/Z (6522)
=1 t=1
({;i“jt)[ = ]Eq(ml;T)H[a:l = L] = lj“l*,,lWS'm/Z (()523)

While these expected statistics expressions appear complex when fully expanded, the
expressions are in fact quite modular: each involves the expectation of an HSMM
scgment indicator, which is computed using the HSMM messages, and possibly an
expectation in terms of a sub-HMM statistic, which is computed using the sub-HMM
messages.

Using the notation of Chapter 5, the corresponding SVI updates to the variational
factors on the model parameters arc then
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Algorithm 6.1 Sub-HMM SVI

Initialize global variational parameters nwg(i’j), ah), &0, and ﬁf;)
fort=1,2,... do
Sample minibatch index k uniformly from {1,2,..., K}
Using minibatch %), compute sub-HMM messages using (6.5.7)-(6.5.8)
and HSMM messages using (6.5.10)-(6.5.11)
Using the messages, compute tAg” ), téuﬁi, fgu)bmlt, tgzl)lr, fg?ans,
using (6.5.18)-(6.5.23).

Update cach 7", &), a0 and ﬁf;) using (6.5.24)-(6.5.29)

and tinit

i (1= p)iig ™ + p(ny? + s £09) (6.5.24)
G0 (1= p)al 4 plal? + s E011) (6.5.25)
&00 (1= p)a 4+ pla® + 510 ) (6.5.26)
&0 (1= p)a® + pla+ 510, (6.5.27)
a0 (1= pa® + pla+s - 1) (6.5.28)
iy = (L= iy + p(n) + s(Ti (E5a - (tald), 1))): (6.5.29)

for some stepsize p and minibatch scaling s as in Section 5.1.2. We summarize the
overall algorithm in Algorithm 6.1.

B 6.6 Experiments

As discussed in Section 6.1, one natural motivation for models with multiple timescales
is speech analysis. Individual phonetic units, such as phonemes, have internal dynami-
cal structure that can be modeled by an HMM with Gaussian cmissions [58, 68]. At the
same time, it is desirable to model the dynamical patterns among the phonemes them-
selves. The model and inference algorithms developed in this chapter can be applied
to capture these two timescales of dynamics. Furthermore, by utilizing both explicit
duration modeling and a Bayesian approach we can casily incorporate informative prior
knowledge and encourage the model to learn interpretable representations.

Similar models have been applied successfully to tasks in speech analysis. In partic-
ular, Lee and Glass [68] develop a Bayesian nonparametric approach in which phonetic
units are each modeled as fixed-size HMMs and the number of such units is discov-
ered using a Dirichlet process mixture. The authors show that the discovered phonetic
units are highly correlated with English phones and that the model can be used for
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some speech tasks to achicve state-of-the-art performance relative to other unsuper-
vised methods. Our model can be viewed as a refinement of this approach in two ways:
first, our model admits explicit phonetic unit duration and transition modeling, and
second, the inference algorithms we develop allow our model and similar models to be
fit to large datasets much more efficiently. Indeed, our algorithms allow such models to
be fit in minutes or hours of computation time instead of days or wecks.

In this section we describe an application of our models and algorithms to semi-
supervised phonetic unit modeling based on the approach of Lee and Glass [68]. In
particular, we demonstrate the advantages of using explicit duration priors, of modeling
dynamics within phonetic units, and of using scalable inference algorithms.

The remainder of this section is organized as follows. In Section 6.6.1 we describe
the dataset and featurcs we use to train and evaluate the model. In Section 6.6.2 we
describe a general approach to set the hyperparameters for informative duration priors.
Finally, in Section 6.6.3 we describe our training procedure and experimental results.

Bl 6.6.1 Dataset and features

Our setup follows Lee and Glass [68] closely. We use the TIMIT dataset, which consists
of recordings of 630 speakers each reading 10 sentences, for a total of 6300 cxample
sequences. We process these recordings into 13-dimensional MEFCC features [21] using
sliding windows of width 25ms spaced every 10ms. We concatenate the MFCCs with
their first- and second-order numerical time derivatives to form a 39-dimensional fea-
ture vector. We also center and whiten these features to have zero mean and identity
covariance.

The resulting dataset contains 6300 sequences of 39-dimensional features, where the
sequence lengths vary from 90 to 777 with an average length of 305. See Figure 6.2 for
a histogram of sequence lengths. The total number of features is 1,925,362 frames.

In addition, we follow Lee and Glass [68] and use the changepoint detector of Glass
41] to accelerate our training algorithm. We include these detected possible change-
points while training our model to reduce the complexity of the message passing compu-
tation using the methods developed for the energy disaggregation application of Chap-
ter 3. See Figure 6.3 for a typical set of examples showing the detected changepoints
and the true changepoints.

The TIMIT dataset is also fully expert-labeled with phonctic units, and we make
usc of a small subset of these labels to set our priors and initialize our fitting procedure,
as we describe in the subscquent sections.
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Figure 6.2: Histogram of TIMIT sequence lengths.
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B 6.6.2 Setting informative duration priors

We wish to use informative duration priors to encourage the model to learn interpretable
phonetic units. In this subsection we describe a general method for setting duration
hyperparameters.

Phonetic units have durations that are well-modeled by negative binomial distribu-
tions; see Figure 6.4(a) for typical phonetic unit duration distributions from the labels
in the TIMIT dataset. Recall from Chapter 4 that a negative binomial distribution has
parameters (r,p), where r € {1,2,...,rmax} and 0 < p < 1. We use priors of the form



Sec. 6.6. Experiments 135

S Phone Durat!ons

2000 0.20 -

., 1s00- % 0.as
5 ]
3 b
“ 1000/ Z o0a10-

500 0.05

[ ——— ! 0.00 = i |
0 0 50 20 30 0 50
Number of Frames Number of Frames
(a) Ground-truth durations (b) Prior samples

Figure 6.4: Phonetic unit durations in the labeled dataset and informative priors set
using the method of Section 6.6.2

p(r,p) = p(r)p(plr) where
plr =jlv) = p(p|r = j) = Beta(a;, b;) (6.6.1)

where (v,a;,b;) for j = 1,2,...,rmax are the hyperparameters we wish to determine
from labeled examples.

A natural way to set hyperparameters is via empirical Bayes [38], in which one
chooses hyperparameters to maximize the likelihood of an observed training set. While
we have no training set of (r,p) parameter pairs available for such a procedure, we
can simulate an appropriate set of parameters by using the Gibbs sampling procedure
developed in Section 4.4.2 and some labeled durations. Using a set of durations {d;};_,

drawn from the expert labels in the TIMIT dataset, we collect samples of (r,p) pairs
1

from p(r, p|{d;},°,a% b°), where 1! = and o = W8 = 1 for 5 = 1,2, v, Fiuax
] 7 J

are chosen to be non-informative. Usin?é"dghese simulated samples {(fk,ﬁk)},{,{:l, we
then choose hyperparameters via maximum likelihood. We choose S, the number of
duration examples used to set the hyperparameters, to correspond to 2.5% of the labeled
examples, and we set K, the number of simulated samples, to be equal to S.

See Figure 6.4(b) for samples drawn from this prior. By comparing these duration
distribution samples to the histograms in Figure 6.4(a), it is clear that the prior sum-
marizes the empirical distribution over typical phoneme duration means and variances
well. In addition, the negative binomial duration distribution class is able to represent
the empirical phoneme duration distributions, which look substantially different from
the geometric durations to which we would be restricted with a purely HMM-based
approach.
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Table 6.1: Fit times and per-frame predictive likelihoods

Sub-HMM | Sub-GMM | HDP-HMM
Pred. Like. (nats) | -44.046 -47.599 -47.940
Fit Time (min.) 110 67 10

W 6.6.3 Experimental procedure and results

In this subsection we fit three alternative models, two of which are developed in this
thesis, and compare their performance both at prediction and on a phonetic unit seg-
mentation task. First, we fit the nonparamectric model developed in this chapter, which
we refer to as the HDP-HSMM Sub-HMM model. Second, we fit an HDP-HSMM with
Gaussian mixture model (GMM) emissions, which we refer to as the HDP-HSMM Sub-
GMM model. This second model is different from the first only in that by using GMM
cmissions instead of sub-HMM emissions, the internal structure of the phonetic units
is not modcled. Finally, we fit an HDP-HMM for comparison. The HDP-HMM does
not include the duration prior that the other two models can incorporate. Each model
has 39-dimensional Gaussian emission distributions, with Normal Inverse-Wishart pri-
ors with hyperparameters set as ug = 0, g = I, kg = 0.5, and vg = 45. For each of
the three models, we are able to scale efficient inference to this large dataset using the
algorithms developed in this chapter and in Chapter 5, allowing the modcls to be fit
orders of magnitude faster than previous methods.

Often in speech analysis there is an abundance of unlabeled data but only a very
limited amount of labeled data. In such settings, labeled data is used to sct priors and
initializations, while an unsupervised inference procedure is used with the large amount
of unlabeled data. Accordingly, we use the labels from 2.5% of the full dataset to set our
prior hyperparameters using Gibbs sampling. We also use this small subset of labeled
data to initialize our inference procedure. We perform inference over the unlabeled data
in a single pass over the dataset using a minibatch size of 50 sequences and a stepsize
sequence p) = (t + 7)~* where we chose 7 = 0 and & = 0.6.

Table 6.1 summarizes both the fitting runtimes and the predictive performance of
each model. We measure predictive performance by computing the per-frame predictive
likelihood on 20 held-out sequences, where a larger valuc indicates a higher average
likelihood assigned to each held-out frame and hence better predictions. The per-frame
predictive likelihoods are very similar, indicating that the alternative models perform
comparably well on predictive measures. However, their predictive performance does
not give any insight into the interpretability of the latent structure learncd, which we
discuss next.

To evaluate the quality and interprctability of the lcarned latent parameters, we
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Table 6.2: Error rates for the segmentation task

Sub-HMM | Sub-GMM | HDP-HMM
Missed Detections 22.0 21.9 24
False Positives 31.9 35.0 59.8

consider a segmentation task similar to the one considered by Lee and Glass [63]. On
the 20 held-out sequences and using no changepoint information from the changepoint,
detector, we compute the optimal variational factor over the label sequence (or state
sequence in the casc of the HDP-HMM) and then perform a Viterbi decoding to find the
most probable joint assignment according to that variational factor. Finding this most
probable label sequence (or state sequence) assignment evaluates each model’s ability
to discover modes that correspond to phonemes, where the HDP-HMM is unable to
distinguish the dynamics at multiple timescales present in the data. We then compare
the changepoints in the Viterbi sequence to the true changepoints and measure both
the missed detection and false positive error rates. Following Lee and Glass [68] and
Scharenborg et al. [100], we allow a 20ms tolerance window to compute detections.
We summarize the segmentation performance of the three models in Table 6.2,
We find that both of the models which include explicit duration modeling perform
significantly better than the HDP-HMM at both missed detection and false positive
error rates. In addition, we find that modeling the dynamics within each phonetic unit
with the Sub-HMM model further reduces the false positive rate. The HDP-HMM,
which cannot separate timescales because it lacks explicit duration modeling, tends to
over-segment relative to the intended phonetic unit segmentation, leading to a very high
false positive error rate. The Sub-HMM changepoints also perform well qualitatively;
in Figure 6.5 we show 5 typical examples of the changepoints detected by each model.
These experiments demonstrate advantages of both our algorithms and our modecls.
With our SVI algorithms we are able to perform inference in a single pass over the
dataset in the time it would require to compute a single Gibbs sampling or batch mean
field update. Thus our algorithms allow inference in cach of these models to scale to
large datasets efficiently, reducing the computation time by orders of magnitude and
cnabling cven larger datascts to be explored. By comparing three related models, we
also show that explicit duration modeling provides a significant boost to segmentation
performance, with the Sub-HMM model refinement providing a further increase in per-
formance. These models and algorithms may provide new tools for speech researchers
to analyze detailed structure while iinposing model regularities with interpretable prior

information.
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M 6.7 Conclusion

This chapter composes the ideas of Chapters 3, -1, and 5 to develop both new models and
new cfficient and scalable algorithms. In particular, it shows that the ideas developed
in this thesis can be readily extended. The flexible Bayesian nonparametric approach
to modeling dynamics at multiple timescales may provide new insights into complex
phenomena, and the algorithms we develop enable such rich models to be fit to large
cnough datasets. Finally, our speech application shows the promise and potential utility
of explicit duration modeling in a Bayesian framework, both for performance and for
interpretability.
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Chapter 7

Analyzing Hogwild Parallel Gaussian
Gibbs Sampling

B 7.1 Introduction

Scaling probabilistic inference algorithms to large datasets and parallel computing ar-
chitectures is a challenge of great importance and considerable current research interest,
and great strides have been made in designing parallelizeable algorithms. Along with
the powerful and sometimes complex new algorithms, a very simple strategy has proven
to be surprisingly useful in some situations: running local Gibbs sampling updates on
multiple processors in parallel while only periodically communicating updated statistics
(see Section 7.4 for details). We refer to this strategy as “Hogwild Gibbs sampling” in
reference to recent work [84] in which sequential computations for computing gradient
steps were applied in parallel (without global coordination) to great beneficial effect.
This Hogwild Gibbs sampling strategy is not new; indecd, Gonzalez ct al. [42]
attributes a version of it to the original Gibbs sampling paper (see Section 7.2 for
a discussion), though it has mainly been used as a heuristic method or initialization
procedure without theoretical analysis or guarantees. However, extensive cmpirical
work on Approximate Distributed Latent Dirichlet Allocation (AD-LDA) [83, 82, 73,
7, bS], which applies the strategy to generate samples from a collapsed LDA model
[12], has demonstrated its effectiveness in sampling LDA modecls with the same or
better predictive performance as those generated by standard serial Gibbs [83, Figure
3]. The results are empirical and so it is difficult to understand how model properties
and algorithm parameters might affect performance, or whether similar success can be
expected for any other models. There have been recent advances in understanding some
of the particular structure of AD-LDA [55], but a thorough theoretical explanation for
the effectiveness and limitations of Hogwild Gibbs sampling is far from complete.
Sampling-based inference algorithms for complex Bayesian models have notoriously
resisted theoretical analysis, so to begin an analysis of Hogwild Gibbs sampling we

consider a restricted class of models that is especially tractable for analysis: Gaussians.

141
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Gaussian distributions and algorithms are tractable because of their decp connection
with linear algebra. Further, Gaussian sampling is of significant interest in its own
right, and there is active rescarch in developing effective Gaussian samplers [72, 89,
90, 29]. Gaussian Hogwild Gibbs sampling can be used in conjunction with those
methods to allow greater parallelization and scalability, provided some understanding
of its applicability and tradeoffs.

The main contribution of this chapter is a linear algebraic framework for analyzing
the stability and errors in Gaussian Hogwild Gibbs sampling. Our framework yields
several results, including a simple proof for a sufficient condition for all Gaussian Hog-
wild Gibbs sampling processes to be stable and yield the correct asymptotic mean no
matter the allocation of variables to processors. Our framework also provides an anal-
ysis of errors introduced in the process covariance, which in one case of interest leads
to an inexpensive correction for thosc errors.

In Section 7.2 we discuss some related work in greater detail. In Section 7.3 we
overview known connections between Gaussian sampling and linear system solvers,
connections on which we build to provide an analysis for Hogwild Gibbs sampling.
In Section 7.4 we precisely define the parallel updating scheme. Finally, in Section 7.5
we present our analytical framework and main results on Gaussian models.

MW 7.2 Related work

There has been significant work on constructing parallel Gibbs sampling algorithms, and
the contributions are too numecrous to list here. One recent body of work [42] provides
exact parallel Gibbs samplers which exploit particular graphical model structure for
parallelism. The algorithms are supported by the standard Gibbs sampling analysis,
and the authors point out that while heuristic parallel samplers such as the AD-LDA
sampler offer easier implementation and often greater parallelism, they are currently
not supported by much theoretical analysis. Gonzalez et al. [42] attribute one version
(see Section 7.4) of Hogwild Gibbs to the original Gibbs sampling paper [39] and rcfer
to it as Synchronous Gibbs, though the Gibbs sampling paper only directly discusses
an asynchronous implementation of their exact Gibbs sampling scheme rather than a
parallelized approximation [39, Section XI]. Gonzalez et al. [42] also gives a result on
Synchronous Gibbs in the special casc of two processors.

The parallel sampling work that is most rclevant to the proposed Hogwild Gibbs
sampling analysis is the thorough empirical demonstration of AD-LDA [83, 82, 73, 7,
55] and its extensions. The AD-LDA sampling algorithm is an instance of the strategy
we have named Hogwild Gibbs, and Bekkerman et al. [7, Chapter 11] suggests applying
the strategy to other latent variable models.

The work of Ihler and Newman [55] provides some understanding of the cffective-
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ness of a variant of AD-LDA by bounding in terms of run-time quantities the one-step
error probability induced by proceeding with sampling steps in parallel, thereby allow-
ing an AD-LDA user to inspect the computed error bound after inference [55, Section
4.2]. In experiments, the authors empirically demonstrate very small upper bounds on
these one-step error probabilitics, e.g. a valuc of their parameter ¢ = 10™% meaning
that at least 99.99% of samples are expected to be drawn just as if they were sam-
pled sequentially. However, this per-sample error does not necessarily provide a direct
understanding of the effectiveness of the overall algorithm because errors might accu-
mulate over sampling steps; indeed, understanding this potential error accumulation
is of critical importance in iterative systems. Furthermore, the bound is in terms of
empirical run-time quantities, and thus it does not provide guidance regarding on which
other models the Hogwild strategy may be effective. Ihler and Newman [55, Section
4.3] also provides approximate scaling analysis by estimating the order of the one-step
bound in terms of a Gaussian approximation and some distributional assumptions.
Finally, Niu et al. [34] provides both a motivation for Hogwild Gibbs sampling as
well as the Hogwild name. The authors present “a lock-free approach to parallelizing
stochastic gradient descent” (SGD) by providing analysis that shows, for certain com-
mon problem structures, that the locking and synchronization nceded for a stochastic
gradient descent algorithm to converge on a multicore architecture are unnecessary, and
in fact the robustness of the SGD algorithm compensates for the uncertainty introduced

by allowing processors to perform updates without locking their shared memory.

B 7.3 Gaussian sampling background

In this section we fix notation for Gaussian distributions and describe known connec-
tions between Gaussian sampling and a class of stationary iterative linear system solvers
which are useful in analyzing the behavior of Hogwild Gibbs sampling.

The density of a Gaussian distribution on n variables with mean vector p and

positive definite! covariance matrix ¥ > 0 has the form

p(a) x exp {—5(:1: — ) Te (2 — /1,)} xexp{—sxTJo+hTa} (7.3.1)

where we have written the information parameters J £ %71 and h £ Ju. The matrix
J is often called the precision matriz or information matriz, and it has a natural
interpretation in the context of Gaussian graphical models: its entries are the coefficients
on pairwise log potentials and its sparsity pattern is exactly the sparsity pattern of a
graphical model. Similarly A, also called the potential vector, encodes node potentials
and evidence.

TWe assume models are non-degenerate, i.c. that covariances are of full rank.
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In many problems [113] one has access to the pair (J,h) and must compute or
cstimate the moment parameters ¢ and ¥ (or just the diagonal) or generate samples
from N (p, £). Sampling provides both a mcans for estimating the moment parameters
and a subroutine for other algorithms. Computing p from (J, k) is equivalent to solving
the linear system Ju = h for p.

One way to generate samples is via Gibbs sampling, in which onc iterates sampling
each x; conditioned on all other variables to construct a Markov chain for which the
invariant distribution is the target A (u,X). The conditional distributions for Gibbs
sampling steps arc

.o T . . . . T .
p(x;|z—;i = T—;) o< exp {_%(Il Tﬁz) (ju jjﬂ) (;11) _ (h'l h'ﬁz‘) (;Z)}

(7.3.2)

1
X exp {—§J”.1‘22 + (h,7 — e]j-ﬂjf—.j)fl:j} (7.3.3)

where the indexing z_; £ (x; 2 j # i) € R*! denotes all the variables other than z;
and J;—; £ (Jij : 7 # i) denotes the ith row of J with its ith entry removed. That is, we
update cach x; to be a scalar Gaussian sample with mean Ji(hz — J;i~i%;) and variance

]i or, equivalently,

1 4 1
€Xr; — *(hq — Ji_‘ifﬁi) +v; where v l'l\q’j N(O, —) (734)
Jii Jii
Since each variable update is a linear function of other variables with added Gaussian
noise, we can collect one scan for ¢ = 1,2,...,7n into a matrix cquation relating the
sampler statc vector at £ and ¢ + 1:

2D = _p Lzt — p1pTeM 4 pth 4 pa® (7.3.5)
50 5 A0, 1). (7.3.6)

where we have split J = L + D + LT into its strictly lower-triangular, diagonal, and
strictly upper-triangular parts, respectively. Notc that 2{!*1) appears on both sides of
the equation, and that the sparsity patterns of L and LT ensure that the updated value
xitﬂ) depends only on :ztff) and :c,(f“) for all @ > 7 and b < i. We can rearrange the

equation into an update expression:
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(I+D L)z = —p 170 L p=1h 4+ D=3y® (7.3.7)
2D — D+ L)L - (D+ L) h+ (D + L)_lD%U(O (7.3.8)

= D+ L)LY D+ L) h+ (D4 L) oW (7.3.9)

50 X A0, D). (7.3.10)

The expectation of this update is exactly the Gauss-Seidel iterative linear system
solver update [9, Section 7.3] applied to Ju = h, ice. 2tV = (D + L) 'LT2® +
(D + L)""lh. Therefore a Gaussian Gibbs sampling process can be interpreted as Gauss-
Seidel iterates on the system Ju = h with appropriately-shaped noise injected at each
iteratiomn.

Gauss-Seidel is one instance of a stationary iterative linear solver based on a matriz
splitting. In general, one can construct a stationary iterative linear solver for any
splitting J = M — N where M is invertible, and similarly one can construct iterative

Gaussian samplers via

2D = (MINYe D 4+ M M ® (7.3.11)
o8 A0, MT + N) (7.3.12)

with the constraint that M7 4+ N = 0 (i.c. that the splitting is P-regular [77]). For a
stationary iterative process like (7.3.11) to be stable or convergent for any initialization
we require the eigenvalues of its update map to lie in the interior of the complex unit
disk, i.e. p(M~IN) £ max; |\ (M~"N)| < 1 [9, Lemma 7.3.6]. The Gauss-Seidel solver
(and Gibbs sampling) correspond to choosing M to be the lower-triangular part of J
and N to be the negative of the strict upper-triangle of .J. .J > 0 is a suflicient condition
for Gauss-Seidel to be convergent [9, Theorem 7.5.41] {101], and the connection to Gibbs
sampling provides an alternative proof.

For solving linear systems with splitting-based algorithms, the complexity of solving
lincar systems in M directly affects the computational cost per iteration. For the Gauss-
Seidel splitting (and hence Gibbs sampling), M is chosen to be lower-triangular so that
the corresponding linear systemn can be solved efficiently via back-substitution. In the
sampling context, the per-iteration computational complexity is also determined by the
covariance of the injected noise process ’U(t), because at each iteration one must sample
from a Gaussian distribution with covariance M7 + N.

We highlight one other standard stationary itcrative lincar solver that is relevant
to analyzing Gaussian Hogwild Gibbs sampling: Jacobi iterations, in which one splits
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J =D — A where D is the diagonal part of J and A is the negative of the off-diagonal
part. Due to the choice of a diagonal M, each coordinate update depends only on
the previous sweep’s output, and thus the Jacobi update sweep can be performed in
parallel. A sufficient condition for the convergence of Jacobi iterates is for J to be a
generalized diagonally dominant matrix (i.e. an H-matrix) [9, Definition 5.13]. A simple
proof ? due to Ruozzi and Tatikonda [96], is to consider Gauss-Seidel iterations on a
lifted 2n x 2n system:

(D —A) G-S update < D! ) ( A> B ( D-1A )
~A D D'AD™! D! - (DL A)?
(7.3.13)
where zero entries arc left blank where dimensions can be inferred. Therefore onc
iteration of Gauss-Seidel on the lifted system corresponds to two iterations of the Ja-
cobi update D7'A to the latter n entries in the lifted system, so Jacobi iterations
converge if Gauss-Seidel on the lifted system converges. Furthcrmore, a sufficient con-
dition for Gauss-Seidel to converge on the lifted system is for the lifted matrix to be
positive definite, and by taking Schur complements we require D — AD 1A > 0 or
I~ (D_%AD_%)(D"'IZ'AD_%) > 0, which is equivalent to requiring strict generalized
diagonal dominance of .J [9, Theorem 5.14].

M 7.4 Hogwild Gibbs model

In this section, we definc the Hogwild Gibbs computational model and fix some notation
for the iterative process that we use for the remainder of the chapter.

As with standard Gibbs sampling, we assume we arc given a collection of n random
variables {x; : i € [n]} where [n] £ {1,2,...,n} and that we can sample from the
conditional distributions z;|x ;. Gibbs sampling is an iterative Markov process on the
state vector =P for times t = 1,2,... so that the stationary distribution is the joint
distribution of {z; : i € [n]}.

For Hogwild Gibbs, we assume we arc given a partition {Z1,Z;....,Zx} of [n] that
represents an allocation of the state vector to K processors, so that the kth proces-
sor updatcs the state values indexed by Z;. We assume each partition element Zy is
contiguous and ordered and we write z7, £ (x; : i € ;) to denote the corresponding
sub-vector of any vector x. We keep this partition fixed over time for the majority of
this chapter, though we describe a generalization in Theorem 7.6.2.

The Hogwild Gibbs algorithm is shown in Algorithm 7.1. We define two iterations:

outer iterations, which count the number of global synchronizations among the proces-

2 When J is symmetric one can arrive at the same condition by applying a similarity transform as
in Proposition 7.7.3. We use the lifting argument here because we extend the idea in our other proofs.
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Algorithm 7.1 Hogwild Gibbs
Input: Joint distribution over x = (x1,...,x,), partition {Z;,...,Zx} of {1,2,...,n}
Initialize z(1
fort=1,2,...do
for £ =1,2,..., K in parallel do
a‘:%fl) « LocarGiess(z), T, q(t, k)

function LocALGIBBS(z, Z, q)
for j =1,2,...,9g do
for i € 7 in order do
Z; ¢ sample x;|x-; = T
return

sors, and inner iterations, which count processor-local Gibbs scans. That is, during
outer iteration t (for each t =1,2,...), processor & runs a number ¢(¢, k) of inner iter-
ations, each of which consists of a systematic scan Gibbs update [94, Algorithm A.40)
of its variables indexed by 7. During the inner iterations on each processor, the pro-
cessors do not communicate; in particular, all inner iterations on processor & compute
Gibbs updates using out-of-date values of x; for i & 7;.. Processors synchronize values
once per outer iteration, and we write (! for the globally shared value before the inner
iterations of outer iteration t. For the majority of this chapter, we fix the number of
inner iterations performed to be constant for all processors and for all outer iterations,
so that ¢(t, k) = ¢, though we describe a generalization in Theorem 7.6.2.

There are several special cases of this general scheme that may be of interest. The
Synchronous Gibbs scheme of Gonzalez et al. [42] corresponds to associating one variable
to each processor, so that |Z,| = 1 for each £ = 1,2,..., K (in which case we may take
g = 1 since no local iterations are needed with a single variable). More generally, it
is particularly interesting to consider the case where the partition is arbitrary and ¢ is
very large, in which case the local Gibbs iterations can mix and exact block samples
are drawn on cach processor using old statistics from other processors for each outer
iteration. Finally, note that setting XK' = 1 and ¢ = 1 reduces to standard Gibbs
sampling on a single processor.

B 7.5 Gaussian analysis setup

Given that Gibbs sampling iterations and Jacobi solver iterations can cach be written
as iterations of a stochastic linear dynamical system (LDS), it is not surprising that
Gaussian Hogwild Gibbs sampling can also be expressed as an LDS by appropriately
composing these ideas. In this section we describe the LDS corresponding to Gaussian

Hogwild Gibbs sampling and provide convergence and error analysis, along with a
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B

A B C

Figure 7.1: Support pattern (in black) of the Hogwild splitting J = B — C — A with
n =9 and the processor partition {{1,2,3},{4,5,6},{7,8,9}}.

connection to a class of linear solvers.

Given a joint Gaussian distribution of dimension n represented by a pair (J,h) as
in (7.3.1), consider a block-Jacobi splitting of .J into its block diagonal and off-block-
diagonal components, .J = Dyq— A, according to the partition. A includes the entries of
J corresponding to cross-processor terms, and this block-Jacobi splitting will model the
outer iterations in Algorithm 7.1. We further perform a Gauss-Seidel splitting on Dyq
into (block-diagonal) lower-triangular and strictly upper-triangular parts, Dpq = B—C;
these processor-local Gauss-Seidel splittings model the inner itertions in Algorithm 7.1.
We refer to this splitting ./ = B — C' — A as the Hogwild splitting; scc Figure 7.1 for an
example.

For each outer iteration of the Hogwild Gibbs sampler we perform q processor-local
Gibbs steps, effectively applying the block-diagonal update B~'C repeatedly using
Az® £ h as a potential vector that includes out-of-date statistics from the other pro-
cessors. The resulting update operator for one outer iteration of the Hogwild Gibbs
sampling process is

—_

0 = (B0 + Y (BB (At 4 ot o) (7.5.1)

L=}

[
1l
[

vt S A (0, D) (7.5.2)

where D) is the diagonal of J. Note that we shape the noise diagonally because in Hog-
wild Gibbs sampling we simply apply standard Gibbs updates in the inner iterations.

B 7.6 Convergence and correctness of means

Becausc the Gaussian Hogwild Gibbs sampling iterates form a Gaussian lincar dynam-

ical system, the process is stable (i.c. its iterates converge in distribution) if and only
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if [9, Lemma 7.3.6] the deterministic part of the update map (7.5.2) has spectral radius
less than unity, i.e.

g—1
T2 (B ') + 12: (BlcyB A (7.6.1)

7=0
—(BYO) + (I — (B'O)YYI - (B~'C))'B7lA (7.6.2)
—B IO+ -B'O)YNB-0)"4 (7.6.3)
= Tiq + (I = T34) T, (7.6.4)

where

Twa 2 (B71C) Ty 2 (B-0C) 14, (7.6.5)

satisfies p(T) < 1. The term Tj,q is the block Gauss-Seidel update when A = 0 and the
processors’ random variables arc independent, while the term Ty is the block Jacobi
update, which corresponds to solving the processor-local linear systems exactly at each
outer iteration. The update (7.6.4) falls into the class of two-stage splitting methods
[77, 35, 34], and the next proposition is ecquivalent to such two-stage solvers having the
correct fixed point.

Proposition 7.6.1. If a Gaussian Hogwild Gibbs process is stable, then its mean s
~1
w=J “h.

Proof. If the process is stable the mean process has a unique fixed point, from (7.5.2)
and (7.6.4) and using the definitions of Ti,g and Tyek we can write the fixed-point
equation for the process mean piog as

(I - T)/LHog = (I - ﬂlld)([ - Ti)lock)ﬂﬂog — (I - ﬂlld)(B - C‘)ilha (766)

hence (I — (B — C) ' Aoy = (B = C) thand ppog = (B—C — A) th=J 'h. O

The behavior of the spectral radius of the update map can be very complicated. In
Figure 7.2, we compare p(T) for ¢ = 1 and g = oo for models generated from a simple
random ensemble. Each point corresponds to a sampled model J = QQT + naI with
Qij id (0,1) and r nd Uniform[0.5, 1], and the value of cach point’s vertical coordinate
is the spectral radius of the Hogwild update T' when ¢ = oo (i.c. T' = Tylock) While the
horizontal coordinate is the spectral radius of T when ¢ = 1. Hogwild Gibbs sampling
on the model is convergent with ¢ = 1 when the point is to the left of the vertical
red line, and it is convergent as ¢ = oo when the point is below the horizontal line.
The figure shows that, while convergence in the two cascs shows a positive correlation,
Hogwild Gibbs can be convergent when ¢ = 1 and not when ¢ = oo and it can be
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Figure 7.2: Comparing Hogwild stability on random models for extreme values of
the inner iteration count g. Each point corresponds to a sampled model, where the
horizontal coordinate is the spectral radius at ¢ = 1 and the vertical coordinate is the
spectral radius at g = oc.

convergent when g = oo and not when ¢ = 1. Therefore the behavior of the algorithm
with varying ¢ is difficult to understand in general.

Despite the complexity of the update map’s stability, in the next subsection we give
a simple argument that identifies its convergence with the convergence of Gauss-Seidel
iterates on a larger, non-symmetric linear system. Given that relationship we then
prove a condition on the entries of J that ensures the stability of the Gaussian Hogwild
Gibbs sampling process.

W 7.6.1 A lifting argument and sufficient condition

First observe that we can write multiple steps of Gauss-Seidel as a single step of Gauss-
Seidel on a larger system: given J = L — U where L is lower-triangular (including the
diagonal, unlike the notation of Section 7.3) and U is strictly upper-triangular, consider
applying Gauss-Seidel to a larger block k x k system:

(_IE] E _U) G-§ L—IlJl;iﬁl Lfl ( U ) ( LflU )
B f.ll}' L (LflU):k—lb—l L—lbr.L-l -1 (L1
(7.6.7)
Therefore one step of Gauss-Seidel on the larger system corresponds to k applications
of the Gauss-Seidel update L~'U from the original system to the last block element of
the lifted state vector.

Now we provide a lifted linear system on which Gauss-Seidel iterations correspond
to applying Gaussian Hogwild Gibbs iterations to a block component.
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Proposition 7.6.2. Two applications of the Hogwild update T of (7.6.4) are equivalent
to the update to the last block element of the state vector in one Gauss-Seidel iteration
on the (2gn) x (2qn) system

B A4C
E —-F\ _ h , ¢ B A .
(—F B ) I = (h> with F = ( ) F= ( f ) ) (7.6.8)
OB A

That s, if P = (0 - 0 I) is m X 2gn with an n X n identity as ils lust block entry,

then
-t -1 -+ .
plE FYptr_p E_l F2 PT =177 (7.6.9)
—-F FE (E7'F)

Proof. 1t suffices to consider E~1F. Furthermore, since the claim concerns the last block
entry, we need only consider the last block row of E~'F. E is block lower-bidiagonal
and hence E~! has the same lower-triangular form as in (7.6.7),

371
B! prosT B (7.6.10)
= . . . s 0.
(B-1Cyi—ip-1 .. B-lCB-t B

and the product of the last block row of E~! with the last block column of F yiclds

((Boy™'B .. (B'C)B™ BT)-(A+C A ... A) (7.6.11)
g—1 )
=B+ (B7'eYB'A=T. (7.6.12)
J=0
OJ

Proposition 7.6.3. Gaussian Hogwild Gibbs sampling is convergent if Gauss-Seidel
converges on the system (7.6.8).

To give a sufficient condition for the convergence of Gauss-Seidel on the lifted system
and hence the Gaussian Hogwild Gibbs process, we first state a standard result for
Gauss-Seidel and a simple corollary.

Lemma 7.6.1 (Theorem 6.2 [22]). If J is strictly diagonally dominant then its Gauss-
Seidel update matriz is o conlraction in max norm; that is, if for every i we have
| Jiil > 322 1ij] then letting J = L — U where L is lower-triangular and U is strictly
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upper-triangular we have

LUl < 1 where HAHooésuplI'ﬁxHoo B Z'A”' (7.6.13)
x£0 ||L oo

and where ||z||00 = max; |x;].

Note that the Gauss-Seidel update being a contraction in any induced matrix norm
immediately implies it is convergent since the spectral radius is upper bounded by any
induced norm; that is, p(A4) < ||A]| for any induced matrix norm || - || because if v is
the eigenvector corresponding to an eigenvalue of A that achieves its spectral radius
then

—su 1 Az]
41 2l = (o]

We can extend the lemma slightly by considering generalized diagonally dominant

= p(A). (7.6.14)

matrices and adapting the max norm accordingly.

Corollary 7.6.1. If J is strictly generalized diagonally dominant then its Gauss-Seidel
update matriz is a contraction in a weighted maz norm; that is, if there exists an r € R®
with v > O entrywise such that for every i we have ri|Jy| > 37, rjlJijl, then letting
J =L —U where L is lower-triangular and U is strictly upper-triangular we have

Ax|[7 1
IL7'WU|%, <1 where  ||A|[%, 2 sup ||H;IP'IJ°° = max - Z |Ailr; (7.6.15)

and where ||z||%, & max; - - L.

Proof. Let R £ diag(r) and note that JR is strictly diagonally dominant. Therefore by
Lemma 7.6.1 we have that

L |R LU R = ma ”R_IIILI;IIIUR:EHOO (7.6.16)
L URl
"R Tl (7.6.17)
||L IUH —1 r
= rgél(}){ e T =||L7U||% (7.6.18)

where we have used |||, = || '2]|o and on the last line substituted z +» R~1z. O
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With gencralized diagonal dominance as a sufficient condition for Gauss-Seidel con-
vergence, we can use the lifting construction of Proposition 7.6.2 to give a sufficient
condition for the convergence of Gaussian Hogwild Gibbs.

Theorem 7.6.1. If .J is strictly generalized diagonally dominant, that is if there exists
an r € R™ with r > 0 entrywise such that

ril il > il i), (7.6.19)
e

then Gaussian Hogwild Gibbs sampling is convergent for any fived variable partition and
any fired number of inner iterations. Further, we have ||T||L, < 1.

Proof. Since each scalar row of the coefficient matrix in (7.6.8) contains only entries from
one row of J and zeros, it is generalized diagonally dominant with a scaling vector that
consists of 2¢g copies of r. Gauss-Seidel iterations on generalized diagonally dominant
systems are convergent by Lemma 7.6.1 and so by Proposition 7.6.3 the corresponding
Gaussian Hogwild Gibbs iterations are convergent.

To show the stronger result that the update is a contraction, first we define T to be
the Gauss-Seidel update matrix for the system (7.6.8), i.e.

~ E F
T2 6.2
r B , (7.6.20)

and we define 7 to be 2¢ copies of r. For any z € R™ we have

lzlloe = [P (|5 > TP a|l5, 2> [|PTPT |5 = ||T2]|% (7.6.21)
where we have used the orthogonality of I and Corollary 7.6.1. Ol

Note that the lifting constrnction in (7.6.8) immediately generalizes to the case
where the number of inner iterations varies from processor to processor. Furthermore,
the proof of Theorem 7.6.1 shows that T is a contraction in || - ||5, regardless of the
partition or structure or inner iteration counts. Therefore we can immediately generalize
the result to the non-stationary case, where the numbers of inner iterations and even
the partition structure vary across outer iterations.

Theorem 7.6.2. If J is strictly generalized diagonally dominant, then for any inner
iteration schedule ¢ with 1 < q(t,k) < Guax (fort = 1,2,..., k = 1,2,...,K, and
any Gumax < 00) and any sequence of partitions 7t = {IY), e ./IX;)} Gaussian Hogwild
Gibbs is convergent.
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Proof. We write T for the set of all possible update maps T, where T() is a function
of both q(t, k) and ZM). The process is convergent if the joint spectral radius [95, 62]
of 7 satisfies

p(T) = lim sup{||T} - -Tg”% TieTl<1 (7.6.22)
{—o00
where || - || is any matrix norm. We usc the matrix norm induced by the vector norm

l| - ||5 defined in (7.6.15) and note that any induced norm is submultiplicative, so that
for any matrices 77 and T5

T Ta[ |5 < [IT0] Gl 72115 - (7.6.23)
Then, using the submultiplicative property and the contraction property from Theo-
rem 7.6.1, for any ¢ and any 71,75, ...,T, € T we have

UIT1- - Telle) t < (Il - I Tell) T <1 — € (7.6.24)

for some € > 0 using the fact that 7 is finite. Therefore p(7) < 1 and the process is
convergent. O

Generalized diagonally dominant matrices are also known as H-matrices [9, Defini-
tion 5.13]; see Berman and Plemmons [9, Theorem 5.14] for a long list of equivalent
characterizations. For an H-matrix to be a valid precision matrix it must also be posi-
tive semidefinite (PSD). Such matrices can also be described as having factor-width two
[13]; that is, a PSD H-matrix .J can be factored as J = GG where G is a rectangular
matrix in which each column has at most two nonzeros.

In terms of Gaussian graphical models, gencralized diagonally dominant models in-
clude tree models and latent tree models (since H-matrices arc closed under Schur com-
plements), in which the density of the distribution can be written as a tree-structured
sct of pairwise potentials over the model variables and a set of latent variables. Latent
tree models are uscful in modeling data with hierarchical or multiscale rclationships,
and this connection to latent tree structure is evocative of many hierarchical Bayesian
models. PSD H-matrices also include walk-summable matrices [75], for which the Gaus-
sian Loopy Belief Propagation algorithm converges and yields correct mean estimates.
More broadly, diagonally dominant systems arc well-known for their tractability and
applicability in many other settings [63], and Gaussian Hogwild Gibbs provides another
example of their utility.

Because of the connection to linear system solvers known as two-stage multisplit-
tings, these results can be identified with Theorem 2.3 of Frommer and Szyld [34], which
shows that if the coefficient matrix is an H-matrix then the corresponding two-stage

iterative solver is convergent. Indeed, by the connection between solvers and samplers
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one can prove these convergence theorems as corollaries to Frommer and Szyld [34,
Theorem 2.3] (or vice-versa), though our proof technique is much simpler. The other
results on two-stage multisplittings [34, 77|, including the results on asynchronous it-
erations, can also be applied immediately for results on the convergence of Gaussian
Hogwild Gibbs sampling.

The sufficient conditions provided by Theorems 7.6.1 and 7.G.2 are coarse in that
they provide convergence for any partition or update schedule. However, given the
complexity of the processes, as exhibited in Figure 7.2, it is difficult to provide general
conditions without taking into account some model structure.

B 7.6.2 Exact local block samples

Convergence analysis simplifies greatly in the case where exact block samples are drawn
at each processor because g is sufficiently large or because another exact sampler [90),
29] is used on each processor. This regime of Hogwild Gibbs sampling is particularly
interesting because it minimizes cormmunication between processors.

In (7.5.2), we scc that as ¢ — 0o we have T — Thjoek; that is, the deterministic part
of the update becomes the block Jacobi update map, which admits a natural sufficient

condition for convergence:

Proposition 7.6.4. If ((B — C)_%A(B — C)‘%)“) < I, then block Gaussian Hogwild
Gibbs sampling converges.

Proof. Since similarity transformations preserve cigenvalues, with A £ (B—C )75 A(B-
C)_% we have p(Tyew) = p((B — C)%(B —-C) TA(B - C)_é) = p(A) and since A is
symmetric A2 < I = p(A) < 1= p(Thiea) < 1. O

B 7.7 Variances

Since we can analyze Gaussian Hogwild Gibbs sampling as a linear dynamical system,
we can write an expression for the steady-state covariance e of the process when it is
stable. For a general stable LDS of the form 2D — 7 4 () with o) ~ N(0, Eiy5)
where i; is the injected noise of the system, the steady-state covariance is given by
the series Z?io thiantT, which is the solution to the linear discrete-time Lyapunov
equation ¥ = TETT + Linj in £ [20, 105].

The injected noise ¥y for the the Hogwild iterations is determined by the inner
iterations, which itself is a linear dynamical system with injected noise covariance D,
the diagonal of J. For Hogwild sampling we have Xy = (I — T )(B — O)~'D(B —
C)~'(I — T )T The target covariance is J ™' = (B — C — A)~".

Composing these expressions we see that the Hogwild covariance is complicated in

general, but we can analyze some salicnt properties in at least two regimes of particular
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Algorithm 7.2 Hogwild Gibbs with Symmetric Local Sweeps

Input: Joint distribution over x = (x1,...,x,), partition {Z1,...,Zx} of {1,2,...,n}
Initialize z(V
fort=1,2,...do
for k=1,2,..., K in parallel do
:i(It:’l) — LocarGies(z®"), Ty, q(t, k))
function LocALGIBBs(Z, Z, q)
for j=1,2,...,qdo
for ¢ € 7 in order do
Z; < sample z;|x; = T,
for i € 7 in reverse order do

Z; < sample x;|lx_; = T;
return r

interest: first when A is small so that higher-order powers of A can be ignored, and
second when local processors draw cxact block samples (e.g. when ¢ — oo).

MW 7.7.1 Low-order effects in A

Intuitively, the Hogwild strategy works best when cross-processor interactions arc small,
and so it is natural to analyze the case when A is small and we can discard terms that
include powers of A beyond first or second order. To provide an analysis for the low-
order regime, we first describe a variant of the Hogwild Gibbs algorithm that enables
morc detailed spectral analysis. We also fix notation for derivatives. The results in
this subsection assume that the Hogwild process is convergent, which is guaranteed for
small enough A by continuity of the spectral radius.

For the remainder of Section 7.7.1 we analyze a slight variant of the Hogwild Gibbs
algorithm in which processor-local Gibbs update sweeps arc performed once in order
and once in reverse order for cach local iteration, as shown in Algorithm 7.2. This
variant is more amenable to spectral analysis because its corresponding inner splitting
has more structure than the Gauss-Seidel inner splitting of Algorithm 7.1. To see the
difficulty with the Gauss-Seidel inner splitting, consider the splitting

-1
107 1 0.7 0 0.7
07 1 07| o7 1 07| = 072 07 |. (7.7.1)

0.7 1 0.7 1 0.7 0.7?
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This Gauss-Seidel update is not diagonalizable; its Jordan form is

0 07 035 & %\ (o 1 —035 & —&\
0.72 07 | = 0 05 0.5 0 0 0.5 05
0.7% 0.7° 0 035 —0.35 0.98 0 035 —0.35

(7.7.2)

and so there is no basis of eigenvectors for the invariant subspace with eigenvalue 0. In
general, a Gauss-Scidel update matrix may not be diagonalizable, and little can be said
about its eigenvalues.

The inner splitting update matrix for Algorithm 7.2 is that of symmetric Gauss-
Seidel, or Synunetric Successive Over-Relaxation (SSOR) with unit relaxation parame-
ter [22]. This update has much clearer spectral properties, as we show in the following
lemma. This lemma extends slightly a standard result that the eigenvalues of the SSOR
update are real [22, p. 299].

Lemma 7.7.1. Let J = 0 and let J = D — L — LT, where D is the diagonal of J and L
and LT are its strictly lower- and upper-triangular parts, respectively. The symmetric
Gauss-Seidel update matrixz

(D— LYY 'L(D— L) LT (7.7.3)

is diagonalizable, and furthermore its eigenvalues are real and in [0,1).

Proof. We first show (7.7.3) is similar to a positive semidefinite matrix whenever J

. . . . . . . . — > A

is symmetric. By applying the similarity transformation X — P~'XP where P £
1 _ .

(D — L)™'D2, we see (7.7.3) has the same eigenvalues as

DL (D—LTy 'D:D 2L(D - L)y 'D: =YZ (7.7.4)
where Y £ DféLT(D - LT)_ID% and Z & DféL(D - L)_lDé. Note that
L'D-LY'=DO-D-L"WD-LY'=D(D-L")"' =1 (7.7.5)

and similarly L(D — L) ! = D(D — L)™' — I. Hence

Z=D V(D —-L)y'DV? = DV¥D - L)y 'DY? | (7.7.6)
. . T . . T
- [DW(D —LTy"Lpie 1} - [D*WLT(D LT 1D1/Z} YT (777
and so YZ = YYT is positive semidefinite and has nonnegative (real) eigenvalues.

Furthermore, when J > 0 the eigenvalues have absolute value less than unity because

symmetric Gauss-Seidel is convergent on positive definite systems. O
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_ X

A cT C D

Figure 7.3: Support pattern (in black) of the splitting for Hogwild Gibbs with sym-
metric local sweeps, J = D — CT — C — A, with n = 9 and the processor partition
{{1,2,3},{4,5,6},{7.8,9}}.

To model Algorithm 7.2 with its symmetric Gauss-Seidel inner splitting, given a
precision matrix J we split J = Dpq — A into block diagonal and block off-diagonal
parts as in Section 7.5, then further split Dpg = D — CT — C into diagonal, strictly
lower-triangular, and strictly upper-triangular parts. Note that B = D — CT, and so
compared to the splitting presented in Section 7.5, we now split J =D -~ CT —C — A
instead of J = B — C — A. Additionally, though we have B—C = D — CT — C, in the
equations in this section we continue to use B — C for simplicity and consistency with
other sections. See Figure 7.3 for an cxample of the sparsity pattern of A, CT, C, and
D, and compare to Figure 7.1.

The inner-splitting update matrix for Algorithm 7.2 is then the block-diagonal ma-
trix S £ (D — C)"1CT(D - C¢T)~'C. Comparing to (7.6.4), the deterministic part of
the update map becomes

T2 894 (IS8T (7.7.8)

for the same definition of Tj, as in (7.6.5), and the discrete-time Lyapunov equation for
the Hogwild covariance remains

Tiiog = TSHogTT + Sij (7.7.9)

where now Ein = (I-S9)(B-C)~'D(B-C)~'(I-8%)7. Similarly, in other cxpressions
we can replace each occurrence of Tj,q = B™'C with S. In the following analysis, we
use the fact that S has a complete basis of eigenvectors and that its eigenvalues are real
and lie in [0, 1).

Next, we fix notation for derivatives, following the notation used in Pressley [91].
Let R™ ™ denote the space of real n x n matrices. For a function f : R™"? — R™*" we
write its derivative at X ¢ R™*” as the linear map Dy f : R"™*" — R™*" defined by

d |
Dxf(Y) £ Zf(X +1Y) VY e R (7.7.10)
L t=0
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where the differentiation is performed element-wise. Similarly, we write the second
derivative at X € R™"™ as the symmetric bilinear form D%(L £ RPX s RuEX oy RIXT
defined”® by
2
d*

DXF(Y,Y) = S5 f(X 4 1Y) VY € R, (7.7.11)
. t=0

Finally, we write the Taylor approximation for [ around the point 0 as
, . 1. . ‘
FX) = J0) + Dof(X) + 5 D5 (X, X) = O(||X]]*) (7.7.12)

where || - || is any submultiplicative matrix norm.

To analyze the Hogwild covariance error to low order in A, we write both the
cxact covariance and the Hogwild covariance as functions of the symmetric matrix A,
respectively X(A) and Xgag(A). We write the Taylor expansion of X, around 0 as

L.
Sttog(A) = E(0) + DoXnog(A) + 5052Hog(47 A)+ O(lIAl1%), (7.7.13)

where ©(0) = (B — C)7!, and compare it to the exact series expansion for the target
covariance ¥ = J ! given by

J =B -C-A4" (7.7.14)
—(B-oy - (B-cyiaB - o) i By (7.7.15)

= (B-C)F|[I+(B-C) 2 A(B - 0)
+((B—C‘)*%A(B—C)_é)erm} (B—C)% (7.7.16)

=%0)+(B-C)'AB - C) !
+(B-C)T"AB-C)TAB - O+ 0| AlP). (7.7.17)

In particular, to understand low-order cffects in A, we compare the lowest-order terms
that disagree in the two expansions.
We measure the total crror as || Xheg(A) — X(A)||p1vo, where

I1X|prro 2 [P EXP o and || X|[1re 2 tr(XTX) (7.7.18)

1 . . . . . 0 « o
and where P = (D — CT)71D72 is the similarity transformation used in the proof of

3A symmetric bilinear formm 12 on a vector space V is defined by the quadratic form Q with Qu) =
R{u, ) for all u € V via the polarization identity 4R(u,v) = Q(u + v) — Q(u — v). Thus to define the
second derivative it suffices to define the corresponding quadratic form, as in (7.7.11). In our analysis
based on Taylor series expansion, we only use the quadratic form.
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Lemma 7.7.1. In the following, we analyze the error on the block-diagonal and the error
off the block-diagonal separately, decomposing

[ St0g(4) — 2(A)]|pivo =
M (ZHog(A) — Z(A)||p.rvo + [Mobd (SHog(A4) — (AN || pivo (7.7.19)

where IIpq and Il,hq project to the block-diagonal and off-block-diagonal, respectively,
and we have used the fact that P is itsclf block-diagonal.

Block-diagonal error

To analyze the low-order effects of A on the block-diagonal error, we first differentiate
(7.7.9) to write an equation for DoEy,e(A):

DoXHog(A) — STDgT110g(A) 81T = AW — g9 AN GIT _ (1 — g AD(1 — §NT (7.7.20)

where AL £ (B—C)1A(B—-C)' = DyX(A) is the first-order term in the expansion
for the exact covariance in (7.7.16). Note, however, that because A is zero on its block-
diagonal, Ig(DoXHeg(A)) =0 = Hbd(g(l)) so the first-order terms in both expansions,
(7.7.16) and (7.7.13), are identical on the block-diagonal.

To compare second-order terms on the block-diagonal, we differentiate (7.7.9) twice
to write an equation for DgZHOg(A):

i (Dgzﬂog(A, A) — STDE D105 (A, A)qu) = 2l ((1 ~ §H)A@)(] - Sq)T)
(7.7.21)
where A(?) 2 (B—C)"A(B-C)'A(B-C)~! = 1 D2%(A, A) is the second-order term
in the expansion for the exact covariance in (7.7.16). Using (7.7.21) and the fact that
S has a complete set of eigenveetors, we can decompose the error in the second-order
terms as

1 ~
Hnbd <§D§>:Hog(,4, A) - A<2>)

=3 Y @R (17.22)

PFro ke[K] (5,5)c1?

where cach (X, Aj) is a pair of eigenvalues of a block of S, and @ a 2 (QTPTABP- TQ),
where @ is the orthogonal matrix such that QTP 1SPQ is dlagonal. The function
f:(=1,1)2 = R, is defined by

(3= =A)
LA

FON D) 2

1?7

(7.7.23)




Sec. 7.7. Variances 161

Figure 7.4: A plot of the function f defined in (7.7.23).

Hence we can understand the error by analyzing the values of f(A], A]) for all the pairs
of eigenvalues of S. For a detailed derivation, see Appendix A.

We plot the function f in Figure 7.4. In the figure, the color corresponds to the
value of f on a logarithmic scale, and we label some level sets of f. Note in particular
that f(0,0) = 0 and that 0 < f(zx,y) < 1 for (x,y) € [0,1)°. Due to Lemma 7.7.1, we
need only consider the nonnegative quadrant [0,1)?, which corresponds to the upper-
right of the figure. Using these properties of f and the decomposition (7.7.22) yields
the following proposition.

Proposition 7.7.1. Using || - || = || - ||PFre. we have
(1) For all g > 1, the block-diagonal Hogwild covariance satisfies
I Tba (Sriog(A) — £(A))]] < |[Tba (£(0) — Z(A))|| + O(|AIP); (7.7.24)
(2) The dominant (second-order) error term decreases with increasing q in the sense

that
||Mba (D3ZHog(A, A) — DEE(A,A))|| =0 (7.7.25)

monotonically as q — oco.



162 CHAPTER 7. GAUSSIAN HOGWILD GIBBS

Proof. (1) is immediate from the decomposition (7.7.22), Lemma 7.7.1, and the obser-
vation that 0 < f(z,y) < 1 for (z,y) € [0,1)2. To show (2), first we notc that since
limg ;o0 /\g = 0 for each eigenvalue A; of S and because [ is continuous at (0,0), we
have that limg_,00 f(AY, /\;1) = f(0,0) = 0 for every pair. Monotonicity follows from the
fact that if for any (zo.yo) € [0,1)? we define a path v(t) = (zf,y5)T for t € Ry, then
we have

d . AT
70 = (ln(ﬂco)aﬁo ln(yo)yo) <0 (7.7.26)
element-wise, and since
)2 _2\ T
Vf(T y) = (((11_:3;)2 ((llgx;)z) >0 (7727)

element-wise, we have % f(v(t) = (V f(mf),yé),%'y(t)) < 0 and f is monotonically
decreasing along -. O

Proposition 7.7.1 shows that, to second order in A, the block-diagonal of the Hogwild
covariance is always improved relative to simply ignoring cross-processor effects by ap-
proximating A = 0, and that the amount of second-order improvement is monotonically
increasing with the number of local iterations q.

Off-block-diagonal error

Returning to the first-derivative equation (7.7.20), we scc that both DoXpeg(A) and
AWM are nonzero off the block-diagonal, and therefore to analyze the off-block-diagonal
covariance error for small A we compare the first-order terms. Analogous to the argu-
ment in the previous section, as derived in Appendix A we can decompose the error in
the first-order terms as

HHobd (D()Zﬁog - /T(U)H;Fm = 3 3 S @V, A0 (7.7.28)

k?] ,kQE[K] ’iEIkl jeIA:Q
k1 ks

where each (A, ;) is a pair of eigenvalues from distinct blocks of S and we set Eigjl- )&
(QTp*lg(l)P‘TQ)i_j, where @ is the orthogonal matrix such that QT P~1SPQ is diag-
onal. The function ¢ : (—1,1)%2 — R is defined by

(1 -ANA - A
ESYY

9 4\ &
gAY = (7.7.29)

We plot the function g in Figure 7.5. In the figure, the color corresponds to the
value of g on a logarithmic scale, and we label some level sets of g. Notc in particular
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Figure 7.5: A plot of the function g defined in (7.7.29).
that ¢(0,0) = 1 and that 0 < g(z,y) < 1 for (z,y) € [0,1)?. Using these properties of
g and the decomposition (7.7.28) yields the following proposition.
Proposition 7.7.2. Using || - || = || - ||PFre, we have
(1) For all q > 1, the off-block-diagonal diagonal Hogwild covariance satisfies

| Toba (Siog(A4) — Z(A))I] < [[Moba (2(0) — S(A)| + O(IAl*)  (7.7.30)

where the inequality is strict if S has a nonzero eigenvalue;

(2) The dominant (first-order) error term increases with increasing q in the sense
that

|Moba (DoZrog(A, A) — DoE(A, A))|| = [|Toba (X(0) — E(A))]| (7.7.31)

monotonically as g — oo.

Proof. As in the proof for Proposition 7.7.1, (1) follows immediately from the decompo-
sition (7.7.28), Lemma 7.7.1, and the observation that 0 < g(z,y) < 1 for (z,y) € [0,1)%.
To show (2), note that limg_,o g(A7, /\?) = 1. By comparing the level sets of g to those
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of f, we see that if for any (zo,0) € [0,1)? we define y(t) = (zf,y§)T for t € Ry, then
we have Lg(v(t)) = (Vg(xh, v5), 4~(t)) > 0 and so g is monotonically increasing along
the path ~. U

Proposition 7.7.2 shows that, to first order in A, the off-block-diagonal of the Hog-
wild covariance is always an improvement rclative to the A = 0 approximation (assum-
ing S has a nonzcro eigenvalue), yet the amount of first-order improvement is monoton-
ically decreasing with the number of local iterations q. Thercfore there is a tradeoff in
covariance performance when choosing g, where larger values of g improve the Hogwild
covariance on the block diagonal but make worse the covariance error off the block
diagonal, at least to low order in A.

We validate these qualitative findings in Figure 7.6. Model families parameterized
by t arc generated by first sampling J = B — C' — A = QQ" with Q;; d (0,1) where
Q is n x n and then letting J(t) = B — C' — tA, so that t = 0 corresponds to a model
with zero off-block-diagonal entries and off-block-diagonal cffects increase with t. The
sampling procedure is repcated 10 times with n = 150 and a partition with K = 3 and
cach |Zy| = 50. The plotted lines show the average error (with standard deviation error
bars) between the block diagonal of the true covariance X(t) = J(#)~! and the block
diagonal of the Hogwild covariance Yo (f) as a function of ¢ for ¢ = 1,2, 3, 4, 100, where

varying q shows the effect of local mixing rates. That is, in Figure 7.6(a) cach line plots
the block-diagonal error ||Il,q(X(f) — Ei1og(?)) || pFro and in Figure 7.6(b) each line plots
the off-block-diagonal error ||IL,pq(33(t) — Btog(t))||prro- Note that separate black line
is plotted for [|TTq (3(t) — X(0))||pFro and |[Hapa(E(t) — £(0))|| p,Fro, respectively; that,
is, the black lines plot the respective crrors when ignoring cross-processor effects and
approximating A = 0.

Figure 7.6(a) shows that to first order in ¢ the block diagonal of the process co-
variance YXjog is identical to the truc covariance X, since all slopes are zero at t = 0.
Second-order cffects contribute to improve the Hogwild covariance relative to the A = 0
approximation. Furthermore, we see that the second-order effects result in lower errors
on the block diagonal when there is more processor-local mixing, i.e. larger valucs of ¢.
Similarly, Figure 7.6(h) shows that first-order effects contribute to improve the Hogwild
off-block-diagonal covariance relative to the A = 0 approximation. The Hogwild slopes
at £ = 0 are lower than that of the A = 0 approximation, and the relative improve-
ment decreases monotonically as ¢ grows and the slopes approach that of the 4 = 0
approximation. These features and their dependence on ¢ are described in general by
Propositions 7.7.1 and 7.7.2.

Figure 7.6(b) also shows that, for larger values of ¢, higher-order terms contribute
to make the Hogwild off-block-diagonal covariance error larger than that of the 4 = 0
approximation, especially for larger g. The setting where g is large and global commu-
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Figure 7.6: Typical plots of the projected error |[IL(X(t) — Xog(t))|| p,Fro for random
model families of the form J(t) = B — C —tA. In (a) II projects to the block diagonal;
in (b) 1I projects to the off-block-diagonal. The sampled models had p(S) ~ 0.67.
Hogwild covariances were computed numerically by solving the associated discrete time
Lyapunov equation [111, 112].
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nication is infrequent is of particular interest because it reflects greater parallelism (or
an application of more powerful local samplers [90, 29]). In the next subsection we show
that this case admits a special analysis and even an inexpensive corrcction to recover
asymptotically unbiased estimates for the full covariance matrix.

B 7.7.2 Exact local block samples

As local mixing increases, e.g. as ¢ —» oo or if we use an exact block local sampler
between global synchronizations, we are effectively sampling in the block lifted model
of Eq. (7.3.13) and therefore we can use the lifting construction to analyze the error in
variances.

Proposition 7.7.3. When local block samples are exact, the Hoqwild covariance 2 Hog
satisfies

S=(I+(B=C)""Auog and IS — Siegl| < I(B = C) " Al| |Sriegl| (7.7.32)

where & = J71 is the exzact target covariance and || - || is any submultiplicative matriz
norm. In particular, we may compute

Y = SHog + (B — C) 1 AZ g (7.7.33)

as a correction which requires only a large matriz multiplication and solving the processor-
local linear systems because B — C is block-diagonal.

Proof. Using the block lifting in (7.3.13), the Hogwild process steady-state covariance
is the marginal covariance of half of the lifted state vector, so using Schur complements

we can write

Shog = (B~ C) = A(B-C)14)! (7.7.34)
= (B-C)": [1 +((B-C)3AB - C) 1)
H(B=C)y 3AB - C) )t +-. } (B—C) 5. (7.7.35)
We can compare this series to the exact expansion in (7.7.16) to see that 3y, includes
exactly the even powers, so therefore
E—Tiiog = (B €)% [(B-C) 3 A(B-C)7})

H(B-C) 2AB=C) 2+ | (B-C)"% (7.7.36)
= (B —C) 'A% (7.7.37)
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O

Note that this result does not place any assumptions on the off-block-diagonal A.

B 7.8 Summary

We have introduced a framework for understanding Gaussian Hogwild Gibbs sampling
and shown some results on the stability and errors of the algorithm, including (1) quan-
titative descriptions for when a Gaussian model is not too dependent to cause Hogwild
sampling to be unstable (Proposition 7.6.2, Theorems 7.6.1 and 7.6.2, Proposition 7.6.:1);
(2) given stability, the asymptotic Hogwild mean is always correct (Proposition 7.6.1);
(3) in the low-order regime with small cross-processor interactions, there is a tradeoff
between the block-diagonal and off-block-diagonal Hogwild covariance errors (Propo-
sitions 7.7.1 and 7.7.2); and (4) when local samplers are run to convergence we can
bound the error in the Hogwild variances and even efficiently correct estimates of the
full covariance (Proposition 7.7.3). We hope these ideas may be extended to provide
further insight into Hogwild Gibbs sampling, in the Gaussian case and beyond.
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Chapter 8

Conclusions and Future Directions

This thesis presents two lines of work addressing some scaling challenges in Bayesian
inference. In the first we focus on inference algorithms for Bayesian time series models
based on the HMM and HSMM. We demonstrate that efficient inference in such mod-
els goes hand in hand with model strueture. Tn particular, in Chapter 3 we develop a
Bayesian nonparametric model that includes explicit duration modeling, and in Chap-
ter 11 we show that for duration modeling in long observation sequences it is crucial to
have eflicient representations so that message passing inference remains tractable. In
Chapters 5 we exploit message passing and efficient HSMM representations to build effi-
cient scalable inference algorithms in the SVI framework, which enables these Bayesian
models to be fit to very large datascts, and in Chapter 6 we demonstrate how these
models and algorithms can be composed to model extremely rich dynamical behavior.

In Chapter 7 we turn to a more general setting and develop a theoretical analysis
of Hogwild Gibbs sampling in Gaussian models. This highly-parallelizable strategy for
generating approximate samples using only Gibbs sampling updates has proven to be
very effective in some cases, and by a theoretical analysis of the Gaussian case we aim
to provide understanding of its performance and tradeoffs.

Here we summarize our main contributions and offer some thoughts on possible
future directions of research.

B 8.1 Summary of main contributions
In this section we provide an overview of the main contributions in each chapter.

Chapter 3: The Hierarchical Dirichlet Process Hidden semi-Markov Model
In Chapter 3 we define the HDP-HSMM, which is a generalization of the HDP-HMM to

allow arbitrary state-specific duration distribution modeling. We develop both collapsed
and wecak limit Gibbs samplers as well as an auxiliary variable scheme that makes the
sampling updates both simple and efficient. In addition, we show a composition of
HDP-HSMMs into a factorial structure, and apply this factorial model to an energy

169
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signal disaggregation task.

Chapter 4: Faster HSMM Inference with Efficient Representations

In Chapter 4 we develop a framework for representations of HSMMs that allow for effi-
cient message passing and inference. By defining HMM cmbeddings of HSMMs we refine
and extend previous idcas on embedded state HMMs (ESHMMs) and provide a general
algorithm for computing HSMM messages that is both time- and memory-efficient for
duration distributions that admit efficient representations. We then generalize further
to a notion of LTI realizations of HSMMs, and by building connections with LTT sys-
tems rcalization and positive realization theory, we show both the generality of the LTI
realization pcrspective as well as the ultimate limitations of such approaches. These
connections may also yield new approximation schemes for HSMM inference.

Chapter 5: SVI for HMMs, HSMMs, and Nonparametric Extensions

In Chapter 5 we usc the stochastic variational inference (SVI) framework to develop
scalable mean field variational inference algorithms for Bayesian HMMs, HSMMs, and
their nonparametric extensions, the HDP-HMM and HDP-HSMM. Building on the
ideas from Chapter 4, we also propose a more cfficient approximate update for HSMMs
with durations that arc modeled as negative binomials (or negative binomial mixtures).

Chapter 6: Scalable Inference in Models with Multiple Timescales

In Chapter 6 we synthesize the ideas in earlier chapters to define a new Bayesian
nonparametric segment model with cfficient and scalable inference algorithms. The
model is based on the HDP-HSMM, but instead of observations within each segment
being generated independently, observation segments are generated from HDP-HMMs.
While many similar models have been proposed, the main advantage to this new model
is that it admits efficient inference algorithms based on the ideas we develop in this
thesis. In particular, building on ideas from Chapters 3 and 4, we construct efficient
message passing and Gibbs sampling algorithms, and building on ideas from Chapter 5
we develop SVI updates that allow the model to be fit to large datasets.

Chapter 7: Analyzing Hogwild Parallel Gaussian Gibbs Sampling

In Chapter 7 we define the Hogwild Gibbs sampling algorithm based on a simple but
poorly-understood parallelization scheme for Gibbs samplers. We analyze this scheme
in the case of sampling from Gaussian distributions, and drawing on linear algcbraic
tools we provide several results on its convergence and correctness. In particular, in
Theorems 7.6.1 and 7.6.2 and Proposition 7.6.1 we give sufficient conditions for the sta-
bility of the stochastic process and the correctness of the process mean. To understand
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the errors introduced in covariances, in Propositions 7.7.1 and 7.7.2 we give an analysis
of the error in the process covariance when the model’s cross-processor interactions are
small, and in particular we show how the frequency of communication produces a trade-
off in the errors on and off the block diagonal. Finally, for the asymptotic case where
the frequency of cross-processor commmunication is minimized and parallel computation
is maximized, in Propositions 7.6.4 and 7.7.3 we give a more precise convergence con-
dition, an error bound on covariances, and even a correction so that the exact model
covariance can be computed efficiently from the process covariance.

M 8.2 Directions of future research

Here we suggest some lines of research that build on the ideas presented in this thesis.

Extending the HDP-HMM and HDP-HSMM to continuous-time

The flexible models and algorithms in this thesis include a wide variety of specific mod-
els with particular observation distributions or hierarchically tied paramcters. These
models and algorithms also accommodate standard extensions to include switching lin-
ear dynamical systems as well as time-inhomogeneous models, in which the transition
matrix or other paramecters may vary over time. However, these models are all discrete-
time models. Continuous-time versions of these models would be useful for settings
where the data sequence does not represent observations sampled at uniformly-spaced
intervals of time, i.e. where observations instcad cach have timestamps.

While there is some work on constructing continuous-time Bayesian nonparamet-
ric time series models [99], the HDP-HSMM offers a particular perspective on the
construction of such models which may allow for the transfer of algorithms from the
discrete-time setting to the continuous-time setting. Continuous-time Markov chains
are typically parameterized in terms of a continuous-time arrival process, which gen-
erates transition times, and a transition matrix which excludes self-transitions [35].
The HDP-HSMM construction of Chapter 3 similarly separates the HDP prior over the
transition matrix from the description of transition times, which are controlled by the
discrete-time duration distributions. Thercfore it may be possible to construct a cor-
responding continuous-time process, and corresponding Bayesian nonparametric prior,
using the same diagonal-truncated HDP construction as in Chapter 3 but exchang-
ing the discrete-time duration distributions for continuous-time ones. The advantage
to such a construction, in addition to its simplicity, is that many of the algorithms
we develop for the HDP-HSMM may be immediately applicable to the continuous-time
model. In particular, the auxiliary variable sampler for performing Gibbs sampling with
the truncated HDP prior developed in Chapter 3, the efficient duration representations
explored in Chapter 4, and the SVI methods derived in Chapter 5 could be adapted.
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Direct inference in efficient HSMM representations

In Chapter 4 we develop a framework for efficient representations of duration models
in HSMMs, particularly both HMM cmbeddings and LTT realizations. For particular
duration models, namely negative binomials or mixtures of negative binomials, thesc
representations led to much more efficient HSMM message passing and hence more
efficient inference algorithms. While mixtures of negative binomials can represent a
wide variety of potentially multi-modal duration distributions, it is natural to look for
other duration models that have cfficient representations yet are convenicent for Bayesian
inference over their parameters.

Negative binomial duration models (and their mixtures) are particularly convenient
for Bayesian inference over their parameters because, due to their regular structure, we
can develop simple priors and Gibbs sampling updates for their paramecters, as we show
in Section 4.4.2. However, it is not necessary to retain such simple parameter updates,
espcecially if there are potential gains for duration model expressiveness and efficiency.

One approach is to parameterize the efficient representations directly, either as HMM
embeddings or as LTI rcalizations. That is, in the case of HMM cmbeddings, one could
directly parameterize the pscudostate transition matrices A, the entrance probabili-
tics ¢V, and the exit probabilities 5. As duration models, this class of distributions
can be very rich, and the complexity of message passing inference using such representa-
tions is clear. Furthcrmore, one could perform Bayesian inference over the parameters
using generic algorithms such as Mctropolis-Hastings or Hamiltonian Monte Carlo [11].
Alternatively, one could exploit the HMM embeddings’ probabilistic interpretation to
develop an auxiliary variable sampler, in which, conditioned on a set of durations in-
terpreted as dwell times, one could alternate between resampling the pscudostate se-
quences that gave rise to those dwell times and the pseudostate transition matrix given
the complete pseudostate sequences. However, it remains unclear whether such dura-
tion distributions can offer significant modeling advantages over mixtures of negative
binomial distributions.

Compositional time series model learning

Recent work has explored automatic model gencration and selection in compositional
spaces [46, 24, 45]. In this line of work, a compositional modecl space may be specified
by a set of grammar rules, each of which can refine a model component to express more
detailed structure. More concretely, in Grosse [45, Chapter 3] models are expressed as
matrix decompositions while grammar rules correspond to further decompositions of
component factors. For example [45, Section 3.4.1], one might express a structureless
model for a data matrix as GG, where the symbol G denotes that the matrix cntrics
are gencrated independently and identically as Gaussians. By applying the production
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rule G — MG + G, where the symbol M denotes a “multinomial” matrix with one
Nnonzero entry per row, one can express clustering structure. Alternatively, by applying
the production rule G — GG + G, one can express low-rank structure. Grosse |45
shows that, by recursively applying these and other rules and using Bayesian modcl
selection criteria and a greedy search, one can automatically discover very rich models
from data.

These automatic model discovery and refinement techniques may prove a powerful
tool for exploratory data analysis, especially when developing models in the unsuper-
vised setting. The Bayesian models and algorithms for unsupervised time series analysis
developed in this thesis may also fit naturally into such a framework. Models with the
potential for dynamics at multiple timescales, such as those described in Chapter 6,
may be particularly relevant, since an automatic search procedure might identify how
detailed a dynamical model should be and what form those dynamics might take, in-
cluding discrete Markov state dynamics or latent linear dynamics.

More general stochastic variational inference

The SVI algorithms developed in Chapter 5 are applicable to many Bayesian time
series models, including HMMs, HSMMs, and their nonparamectric extensions paired
with any observation or duration models. However, the unbiased stochastic natural
gradient update relies on the assumption that the minibatches used to compute cach
update are conditionally independent given the global parameters. This assumption
would be violated if the overall graphical model were to have edges connecting the
latent variables of distinct minibatches.

Therefore to apply SVI to such models requires either an extension of the algorithm
or a refinement of the analysis to show that, at least for some models or in some regimes,
the existence of such cross-minibatch edges does not affect the convergence guarantees
of the SVI algorithm. A refined analysis is plausible because stochastic gradient algo-
rithms are known to converge under very weak assumptions [10]. Stochastic gradient
algorithms arc also known to converge even when the computation is aggressively par-
allelized or distributed among many infrequently-communicating processors [10, 84],
and it would be beneficial to study these computational regimes, both theoretically and
empirically, for SVI in Bayesian models.

Understanding Hogwild Gibbs for Non-Gaussian Models

Wahile the theory we develop in Chapter 7 only describes sampling in Gaussian models,
it may be possible to translate some of our results and techniques to non-Gaussian
settings.

In particular, several lines of work on developing scalable sampling algorithms rely
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on appeals to the Bayesian central limit thcorem [116, 1, 81], in which, as the amount of
data grows large while the number of parameters stays fixed, posterior distributions for
sufficiently differentiable models become Gaussian. Our Gaussian theory immediately
applies to these settings. However, this framing is limited because it docs not include
most nonparametric latent variable models in which the relevant latent dimension grows
with the amount of data. Settings in which the amount of data is sufficiently large to
completely overwhelm any prior also obscurce the utility of taking a Bayesian analysis
approach. However, it may still be of interest to employ Hogwild Gibbs or similar
samplers to quantify uncertainty in these regimes, and so it would be of interest to
extend our Hogwild Gibbs sampling theory to these cases and evaluate the performance
of such sampling methods empirically.

There are other avenues for extending Hogwild Gibbs analysis. In particular, it may
be possible to build on ideas from parallel and distributed nonlinear optimization [10] to
show convergence results for such samplers. A linearized analysis of covariance effects,
such as the one we developed for Gaussians in Section 7.7.1, may also be possible in
such settings.

Finally, it may be possible to develop an understanding of when Hogwild Gibbs
procedures may be corrected to produce exact samples, such as with the inclusion of
some Metropolis steps or other adjustments [94, 117].



Appendix A

Hogwild Gibbs Covariance Spectral
Analysis Details

Here we derive the expansions used in Eqs. (7.7.22) and (7.7.28). To unify the notation,

we drop the superseripts on A and A®) and write simply A since the argument is
identical in the two cases.

Recall from Lemma 7.7.1 that S can be diagonalized via
A=P 'SP where P '1=QTpP! (A.1)

in which @ is orthogonal and P is the matrix P £ B~'Dz. The columns of P form a
basis of R™, and

S 2 {[7717;'— : pi, pj are the ith and jth columns of ]5} (A.2)

is a basis for R"*". The maps X +» SXST and X +— (I — S)X (I —S)T are diagonal in
the basis S, since if A; is the eigenvalue of S corresponding to eigenvector p; then

Spip) ST = Ni\;pip,; (A.3)
(I = S)pip, (I —8)T = (1= N)(1 = \))pip, - (A.4)

The cocfficients a@;; arc then the coordinates of A in the basis . That is,

Av == Zauﬁlﬁj where ?i.ij = (ﬁilgﬁiT)ij. (A5)

()

The formula follows from the computation
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PAPT = > @ P ppi P T (A.6)
iJ

= Z&ijeie} (A.7)
4]

where ¢; is the ith standard basis vector with 1 in its ith coordinate and 0 elsewhere.
With this setup, Egs. (7.7.22) and (7.7.28) correspond to expanding Eqs. (7.7.21)
and (7.7.20) in the S basis. Finally, note that

||ZHP,Fr0 = HP_]/TP_THFrO = HQTP_IZP?TQHFN) - Zagj‘ (A.8)
\I 0J



Appendix B

Numerical Evaluation of
HDP-HSMM Auxiliary Variable
Sampler

H B.1 Overview

This appendix considers the problem of drawing samples from posterior distributions
formed under a Dirichlet prior and a truncated multinomial likelihood, by which we
mean a Multinomial likelihood function where we condition on one or more counts

being zero a priori. An example is the distribution with density

miq o
o, —1 T T
) [T\ T (75) (775 -
—————

i#£1 i#£2

prior likelihood

where m € A= {z eR}: Y, 2, =1}, a € R}, and Ry = {z € R: 2 > 0}. We say
the likelihood function has two truncated terms because each term corresponds to a
multinomial likelihood defined on the full parameter © but conditioned on the event
that observations with a certain label are removed from the data.

Sampling this posterior distribution is of interest in inference algorithms for hier-
archical Bayesian models based on the Dirichlet distribution or the Dirichlet Process,
particularly the sampling algorithm for the Hierarchical Dirichlet Process Hidden Semi-
Markov Model (HDP-HSMM) of Chapter 3, which must draw samples from such a
distribution.

We provide an auxiliary variable (or data augmentation) [109] sampling algorithm
that is casy to implement, fast both to mix and to execute, and easily scalable to high
dimensions. This appendix will explicitly work with the finite Dirichlet distribution, but
the sampler immediately generalizes to the Dirichlet Process case based on the Dirichlet

177
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Process’s definition in terms of the finite Dirichlet distribution and the Komolgorov
extension thcorem [87].

Section B.2 explains the problem in greater detail. Section B.3 provides a derivation
of our sampling algorithm. Finally, Section 13.4 provides numerical experiments in
which we demonstrate the algorithm’s significant advantages over a gencric Metropolis-
Hastings sampling algorithm.

Sampler code and functions to generate cach plot in this appendix are available at
https://github.com/mattjj/dirichlet-truncated-multinomial.

M B.2 Problem Description

We say a vector m € A is Dirichlet-distributed with parameter vector & € R if it has
a density

_ T (T @) 77 ot
p(ﬂ-|a) - H?:l P(al) H 7

=: Dir(r|a) (B.2)

(B.1)

with respect to Lebesgue measure. The Dirichlet distribution and its generalization to
arbitrary probability spaces, the Dirichlet Process, arc common in Bayesian statistics
and machine learning models. It is most often used as a prior over finite probability
mass functions, such as the faces of a die, and paired with the multinomial likelihood,
to which it is conjugate, viz.

Dir(7}e) - Mult(m|n) o« H 7ot H T (B.3)
X H goitmi-l (B.4)
x bir(w]a +m). (B.5)

That is, given a count vector m € N7}, the posterior distribution is also Dirichlet with an
updated parameter vector and, therefore, it is easy to draw samples from the posterior.

However, we consider a modified likelihood function which does not maintain the
convenient conjugacy property: the truncated multinomial likelihood, which corre-
sponds to deleting a particular set of counts from the count vector m or, equivalently,
conditioning on the event that they are not observed. The truncated multinomial like-
lihood where the first component is truncated can be written
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TruncMultyy (m|m) H( L ) | (B.6)

i1 1—m

= Mult(m/|m, {m; = 0}). (B.7)

In genceral, any subsct of indices may be truncated; if aset Z C {1,2,...,n} is truncated,
then we write

.
TruncMultz(m|r) = (41—~—> Hw'{””' (B.8)
1= ez mi :
78
where m. = >, m;.

In the case where the posterior is proportional to a Dirichlet prior and a single
truncated multinomial likelihood term, the posterior is still simple to write down and
sample. In this case, we may split the Dirichlet prior over Z and its complement
T := {1,2,...,n} \ Z; the factor over Z is conjugate to the likelihood, and so the
posterior can be written

Dir(7|c) TruncMultz(m|m) o Dir (L
L= ez ™

oz + mf>
(B.9)

Dir "z
x | =
g 1= ez i

from which we can easily sample. However, given two or more truncated likelihood
terms with different truncation patterns, no simple conjugacy property holds, and so
it is no longer straightforward to construct samples from the posterior. For a visual
comparison in the n = 3 case, sce Figure B.1.

For the remainder of this appendix, we deal with the case where there are two like-
lihood terms, each with one component truncated. The gencralization of the equations
and algorithms to the case where any set of components is truncated is immediate.

B B.3 An Auxiliary Variable Sampler

Data augmentation methods are auxiliary variable methods that often provide excellent,
sampling algorithms because they are easy to implement and the component steps arce
simply conjugate Gibbs sampling steps, resulting in fast mixing. For an overview, see
the survey [109].

We can derive an auxiliary variable sampler for our problem by augmenting the
distribution with geometric random variables k = (ki, k2) = ({k1;}, {k2;}). That is, we
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(a) The prior, Dir(m|a).

(b) The poste- (¢) The posterior pro-
rior proportional to portional to Dir(w|a)
Dir(w|a) - Mult(m/|x). TruncMult gy (m|r).

Figure B.1: Projected visualizations of the prior distribution Dir(7|a) for n = 3 and
a = (2,2,2) and the associated posterior distributions when paired with Mult(m/|r)
and TruncMult gy (m|m) where m = (0,2,0). In low dimensions, the posteriors can be
computed via direct numerical integration over a discretized mesh.

define for k;; = {0,1,2,...} a new distribution g such that

my. ma.
q(m,m, kla) x (H Wf“l) H ;- H Ty H ﬂ'iﬁj H w;% (B.1)
i j=1 j=1

i#1 i#2

where {m;} and {ma;} are sample counts corresponding to each likelihood, respectively,
and m;. ;=Y i M- Note that if we sum over all the auxiliary variables k, we have



Sec. B.4. Numerical Experiments 181

Z“”"’"”"’““(Hﬁi”) TTem | (T ) (T ) (TS

k i1 i#£2 J ki 7 ke
(B.2)
ol 77"1', My 7 mag B 4
AHW"‘ H l7n> H 1 —m2 (B:3)
2 i#1 1#£2
o p(r, m|a) (B.4)

and so if we can construct samples of 7, klm, o from the distribution ¢ then we can

form samples of w|m, o according to p by simply ignoring the values sampled for k.
We construct samples of 7, klm, a by iterating Gibbs steps between k|m,m, o and

7|k, m, . We see from (B.1) that each ki in k|m,m, o = Eklx,m is independent and

distributed according to

q(kijlm,m) = (1 — 7r,1;)7rik”. (B.5)

Thercfore, cach k;; follows a geometric distribution with success parameter (1 — 7;).
The distribution of 7|k, m, « in ¢ is also simple:

) mi; ) 9
k) < a; -1 _ T T B.6
i (1) (122" (2)™) o

i#1 i#2
mi. mo.
[T - ma | | JI - mo)ab (B.7)
j=1 j=1
o Dir(m|e + 1) (B.8)

where m is a set of augmented counts including the values of k. In other words, the
Dirichlet prior is conjugate to the aungmented model. Therefore we can cycle through
Gibbs steps in the augmented distribution and hence casily produce samples from the
desired posterior. For a graphical model of the augmentation, see Figure B.2,

B B.4 Numerical Experiments

In this section we perform several numerical experiments to demonstrate the advan-
tages provided by the auxiliary variable sampler. We compare to a generic Metropolis-

Hastings sampling algorithm. For all experiments, when a statistic is computed in terms
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X (8 4

(a) Un-augmented dis- (b) Augmented distribu-
tribution. tion.

Figure B.2: Graphical models for the un-augmented and augmented probability mod-
els.

of a sampler chain’s samples up to sample index t, we discard the first [%J samples and
use the remaining samples to compute the statistic.

Metropolis-Hastings Sampler We construct an MH sampling algorithm by using the
proposal distribution which proposes a new position 7’ given the current position 7 via
the proposal distribution

p('|m: B) = Dir(x’'|3 - ) (B.1)

where 8 > 0 is a tuning parameter. This proposal distribution has several valuable
properties:

1. the mean and mode of the proposals are both m;

2. the parameter 3 directly controls the concentration of the proposals, so that larger
[ correspond to more local proposal samples;

3. the proposals are naturally confined to the support of the target distribution,
while alternatives such as local Gaussian proposals would not satisfy the MH
requirement that the normalization constant of the proposal kernel be constant
for all starting points.

In our comparison experiments, we tune 3 so that the acceptance probability is
approximately 0.24.

Sample Chain Autocorrelation In Figure B.3 we compare the sample autocorrelation
of the auxiliary variable sampler and the alternative MH sampler for several lags with
n = 10. The reduced autocorrelation that is typical in the auxiliary variable sampler
chain is indicative of faster mixing.
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e First Component Autocorrelations
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3.0f -~ MH Sampler
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(a) Autocorrelations in the first (truncated) component.

s Second Component Autocorrelations

T

N — Aux. Var. Sampler
111 — MH Sampler

o 10 20 30 20 50 60 70
lag

(b) Autocorrelations in the second component.

Figure B.3: Autocorrelations for the auxiliary variable sampler and MH sampler
chains with ey; = 2, n = 10, § = 160. The solid lines show the mean autocorrelation over
50 randomly-initialized runs for each sampler, and the dashed lines show the 10th and
90th percentile autocorrelation chains over those runs. These plots can be reproduced
with the function autocorrelation in figures.py.
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The R Multivariate Potential Scale Reduction Factor The B statistic, also called the
Multivariatc Potential Scale Reduction Factor (MPSRF), was introduced in [16] and
is a natural gencralization of the scalar Scale Reduction Factor, introduced in [37]
and discussed in [36, p. 296]. As a function of multiple independent sampler chains,
the statistic compares the between-chain sample covariance matrix to the within-chain
sample covariance matrix to measure mixing; good mixing is indicated by empirical
convergence to the statistic’s asymptotic value of unity.

Specifically, loosely following the notation of [16], with gb() for denoting the ith
clement of the parameter vector in chain j at time ¢ (with 7 =1,...,n, 5 =1,..., M,
and t =1,...,T), to compute the n-dimensional MPSRF we form

V- I;_1W+ (H%) B/T (B.2)
where
] M T )
[ v gg bie =03 ) (je — )T (B.3)
1 M - B B B
B/T = 77— J;(’%’- — ) (). = )T (B.4)

The MPSRF itself is then defined when W is full-rank as [16, Eq. 4.1 and Lemma 1]

ey ’UT‘/}’U
R := —_— B.5
W (B5)
= Amax (W_ ‘7) (BG)

where Amax(A) denotes the eigenvalue of largest modulus of the matrix A and the last
line follows because conjugating by W3 is a similarity transformation. Equivalently
(and usefully for computation), we must find the largest solution A to det(AW — V) = 0.

However, as noted in [16, p. 446], the measure is incalculable when W is singular,
and because our samples are constrained to lic in the simplex in n dimensions, the
matrices involved will have rank n — 1. Therefore when computing the R statistic, we
simply perform the natural Euclidean orthogonal projection to the (n — 1)-dimensional
affinc subspace on which our samples lic; specifically, we define the statistic in terms of
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QT\A/Q and QTWQ, where Q is an n x (n — 1) matrix such that QTQ = I(, -1y and

—(n—1) 1 | 1
1 —(n—1) -+ 1 1
QR = ; (B.8)
1 1 1 —(n—1)
1 1 1 1

for upper-triangular R of size (n — 1) x (n — 1).

Figure I3.4 shows the MPSRF of both samplers computed over 50 sample chains for
n = 10 dimensions, and Figure B.5 shows the even greater performance advantage of
the auxiliary variable sampler in higher dimensions.

Statistic Convergence Finally, we show the convergence of the component-wise mean
and variance statistics for the two samplers. We estimated the true statistics by forming
estimates using samples from 50 independent chains cach with 5000 samples, effectively
using 250000 samples to form the estimates. Next, we plotted the £y distance between
these “true” statistic vectors and those estimated at several sample indices along the
50 runs for cach of the sampling algorithms. See the plots in Figure 13.6.
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MH and‘Aux. Var. Samplers MSPRF vs Sample Indices
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(a) The horizontal axis is the sample index.
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(b) The horizontal axis is elapsed time.

Figure B.4: The R Multivariate Potential Scale Reduction Factor [16] for the auxiliary
variable sampler and MH sampler with a; = 2, n = 10, and 8 = 160, with horizontal
axes scaled by sample index and elapsed time. For each sampler, 5000 samples were
drawn for each of 50 randomly-initialized runs, and the MPSRF was computed at 25
equally-spaced intervals. These plots can be reproduced with the function Rhatp in
figures.py.
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MH and Aux. Var. Samplers MSPRF vs Sample Indices
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(b) The horizontal axis is elapsed time.

Figure B.5: The R Multivariate Potential Scale Reduction Factor [16] for the auxiliary
variable sampler and MH sampler with a; = 2, n = 20, and 3 = 160, with horizontal
axes scaled by sample index and elapsed time. For each sampler, 5000 samples were
drawn for each of 50 randomly-initialized runs, and the MPSRF was computed at 25
equally-spaced intervals. These plots can be reproduced with the function Rhatp in
figures.py.
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Figure B.6: Component-wise statistic convergence for the auxiliary variable sampler
and MH sampler with a; = 2, n = 10, and 3 = 160, with horizontal axes scaled by
sample index and elapsed time. For each sampler, 5000 samples were drawn for each
of 50 randomly-initialized runs. The ¢; distances from estimated “true” parameters
are plotted, with the solid lines corresponding to the mean error and the dashed lines
corresponding to 10th and 90th percentile errors. These plots can be reproduced with
the function statistic_convergence in figures.py.



Appendix C

Spectral Learning of HMM
Predictive State Representations

This appendix is a summary explanation of the algorithm in ~A Spectral Algorithm
for Learning Hidden Markov Models™ (COLT 2009), though there may be some slight
notational inconsistencies with the original paper.

The idea is to maintain output predictions in a recursive inference algorithm, instead
of the usual method of maintaining hidden state predictions, and to represent the HMM
only in terms of the maps necessary to update output predictions given new data. This
approach limits the inference computations the algorithm can perform (it can’t answer
any queries about the hidden states since it doesn’t explicitly deal with them at all),
but it also reduces the complexity of the model parameters that are learned and thus
makes learning easier. The learning algorithm uses an SVD and matrix operations, so it
avoids the local-optima problems of EM or any other algorithms based on maximizing
data likelihood over the usual HMM paramcterization. The COLT paper includes error
bounds and analysis.

Notation. For a vector v in a subspace ¥ C R¥ and a matriz C with linearly inde-
pendent columns and range(C) 2V we use [v]° to denote the coordinate vector of v
relative to the ordered basis given by the columns of C, and [v] or simply v to denote the
coordinate vector of v relative to the standard basis of RE. Similarly, for a linear map
AV =V we use [A]S Lo denote the matriz of A relative to domain and codomain
bases given by the columns of C, and [A] to indicate its matric relative to standard
bases. For a matriz A we also use [A]y; to denote the (i, j)th entry.

189
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Definition C.1 (Hidden Markov Model). A4 time-homogencous, discrete Hidden Markov
Model (HMM) is a probability distribution on random variables {(z¢, ht) }ien satisfying
the conditional independences implied by the graphical model, where range(h) = [m] :=
{1,2,...,m} and range(z;) = [n] where n > m. The standard paramecterization is the
triple (T, O, ), where

T c Rmxm, [T]U = Pr[h,t = ilht;l = ]]
0Oc ]Rnxm, [0]7,] = PI‘[TIZ{ = 7|h1 = .]]
T R™, ml; = Prlhy = j].

We assume T and O to have full column rank and [7]; > 0Vj € [m].

Definition C.2 (Observation Prediction). An observation prediction for any time t is
a vector £, € R"™ defined in the standard basis by

[©¢]i = Prlay = iz1:0-1 = T1.-1] (C.1)
Jor some fized (implicit) sequence 1.4 1.

Claim C.1. Every observation prediction Iy lies in a subspace U = range(Q) C R™
with dim(U) = m.

Proof. By the conditional independences of the HMM, for any ¢ we have

Pr(z, =iz = Zraa] = Y Prlz; = ilhy = j]

j€lm]
‘Prlhy = jlzig—1 = T14-1] (C.2)
so therefore we can write
.’Et = Oi):t, [l_it}j = PI‘[’Z[ e ]”-'L'I:tfl = .f];t_]]. (C?))
Equivalently, we can say [#3]° = k. See Figure C.1. g

Claim C.2. The obscrvation prediction subspace U satisfies U = range(Pa 1), where
[Py1]ij = Prlze = 4,2 = j]

Proof. We can write the joint distribution over (xq,xs) as
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Figure C.1: We can view O as (the matrix of) a map from hidden state beliefs to
output predictions (with respect to the standard bases). Not shown is the fact that
both A and 7 lic in the simplices of R"™ and R", respectively, and that O maps the
simplex in R™ to (a subset of) the simplex in R™.

Prles =i,21 = j] = ZZPr[;ﬁg =i,21 = j,h1 = hi, hy = hs) (C.4)
hy hy
= ZPI'{hl = hy| Prlz; = jlhy = hy]
hy
-ZPr[hg = holhy = h1|Prize = ilhy = ho (C.5)
ha

and we can write that sum as Py, = OT diag*(7)OT, where diag*(-) maps a vector to
a diagonal matrix in the usual way. By our rank and positivity assumptions, we see
that Py satisfies range(Py 1) = range(O) = U. O

We can directly estimate P; with cmpirical statistics, and as a consequence of
Claim C.2 we can then get a basis for &4 by using an SVD of P, ;. Note that we aren’t
Y g 2,1
getting an estimate of O this way, but just its column space.

Claim C.3. Given an observation x; = Ty, there is o linear map Bz, - U — U such that

B:?:L<-ft) = Oéift+1 (C-ﬁ)

for some a = a(xy, &), a scalar normalization factor chosen to ensure lT:T?H_l = 1.
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Tdiag*(Ogz,.) heri

Figure C.2: The matrix T diag*(O;,.) is the matrix (relative to standard bases) of a
linear map that updates hidden state beliefs given an observation z;, up to renormal-
ization which the figure does not show. The linear map B;, is the update for output
predictions.

Proof. Following the usual recursive update for HMM forward messages, we have

Prlhiy = 4,214 = T14] = Z Pl‘[hzﬂ =ilhs = jl-f’r[ﬂft = Tilhy = jl

j€lml [ﬁ:‘j [Olz,
‘Prhy = j, 214-1 = Tra—1] . bE5)
(&)

Therefore we can write the map Bz, as an m x m matrix relative to the basis for U
given by the columns of O:

[Bz,]§ = T diag*(Ox,:) (C.8)

where Oy. denotes the vector formed by the kth row of O. We require 1T# . = 1, so
we have a = O] .%,.
See Figure C.2. O

Note. Renormalization always works because T diag*(Oy,.) preserves the non-negative
orthant of R™, and O maps the simplex in R™ to (a subset of ) the simplezx in R™. The
orthant preservation properties of these maps are an immediate consequence of the fact
that the matrices (with respect to standard bases) are entry-wise non-negative. In fact,
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instead of tracking vectors, we should be tracking rays in the non-negative orthant.

For any new observation x, the map B, implements the “belief update” on output
) ) P
predictions, up to a normalization factor which we can compute on the fly via 1T# = 1.

Note that we can also write B, as an n X n maftrix relative to the standard basis of R™:
where OF = (OTO)_lOT is the pscudoinverse of O. Recall & = Oﬁt and hence
hy = Oz,

We would like to write B, as a matrix without reference to the standard HMM

parameters (1',0, ), since we want to avoid learning them at all.

Claim C.4. Let U € R™™™ be o matriz whose columns form an orthonormal basis for
U. We can write B, as a matriz relative to the standard basis of R™ as

[B.'r} - -Pii,a:,lU(UT-P‘Z,lU)ilUT (Cl())

where

[Ri,u:,l]ij = Pl‘{.’];g = ’i,CL‘Q =T, r = j] Va € [’I'Z]. (Cll)

Proof. We can express the matrix P3| in a form similar to that for the matrix [B,] in
Equation (C.9):

-P:;,.T‘] =0T dlag*(OL)OT P_),l- (012)

(B.]

Intuitively, we want to remove the P on the right, since that would give us [B,] in
terms of quantities we can readily estimate, but we cannot form the inverse of 1% ;
because it is n X n and has rank m < n. However, % has row and column spacc U/
(intuitively, its restriction to U is invertible), thus we can substitute

Py =UUT P YU (C.13)

to get
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P31 = OT diag*(0,.)O'U(UT P, UYUT (C.14)

and hence
P \U(UT P U) UT = OT diag*(0,.) 0 = [B,]. (C.15)
O

Because we can estimate cach P31 as well as Py from data by empirical statistics,
and we can obtain a U using an SVD, we can now estimate a representation of B, from
data using the expression in Claim C.4. We can also directly estimate P; from empirical
statistics, where [P]; := Pr[z; = 7], and hence we can use these estimated quantities to
recursively compute Prlx¢|x1.4—1] and Pr[z;,_ 1] given observations up to and including
time ¢ — 1.

Since dim(U) = m < n, we can use the columns of U as our basis for U to get a
more economical coordinate representation of Z; and B, than in the standard basis of

R™:

Definition C.3 (HMM PSR Representation). For any fized U € R™™ with range(U) =
U and UTU = I,xm, we define the belief vector at time t by

b= [F)V =U"Z e R (C.16)

and in particular for t = 1 we have

b = U'Om. (C.17)

For each possible observation = € [n], we define the matriz B, € R™ ™ by

B, = [B,)Y, = (UTO)T diag*(0,.)(UTO)~". (C.18)

Finally, for normalization purposes, it is convenient to maintain the appropriate map-
ping of the ones (co-)vector, noting 1TOh = 1 if and only if 1Th = 1 because 17O = 17:

—

boo :=[1]Y =UTL € R™. (C.19)
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The box below summarizes the method for learning an HMM PSR representation

from data and how to use an HMM PSR representation to perform some recursive
T

inference computations.

Learning

U = ThinSVD(P,,)
EI = ﬁTﬁ;117,1((7Tﬁ2i1)T Vi € [’I),]
boo =UT1

Inference
(e =BT B § , o brobabili
Prizy:] = by By, b sequence probability

Pr(zizii—1] = f_)IcBIt by prediction

- By by )
1= o= recursive update
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