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1 INTRODUCTION

Statistical speech recognition systems based on Hidden Markov Models (HMMs) have been suc-
cessfully applied to the transcription of carefully dictated speech (eg. [33]). However, their perfor-
mance degrades severely when confronted with conversational speech. For example, the DARPA
HUB4E Broadcast News Evaluation [10] includes both spontaneous and more formal utterances in
studio recording conditions: every system entered into the 1998 evaluation produced less accurate
transcriptions for the spontaneous speech condition (F1) than for the more formal, planned studio
speech condition (F0). [29] and [32] use a data set created by recording the same word-level tran-
script in a variety of speaking styles to con�r m that conversational speech poses greater dif�culty
to current recognizers. It has been widely hypothesized that modelling schemes more sophisticated
than HMMs will be required to achieve acceptable transcription performance on this type of data.
Our current research is investigating a more general class of models, based upon loosely coupled or
factorial HMMs [8]1. These models are theoretically appropriate for modelling parallel loosely cou-
pled time series, which for speech recognition tasks might comprise (for example) cepstra derived
from frequency subbands or perhaps phonological or articulatory features. Since speech is pro-
duced by a system of loosely coupled articulators, stochastic models which explicitly represent this
parallelism may have advantages for automatic speech recognition (ASR), particularly when trying to
model the phonological effects inherent in casual spontaneous speech. Papers [22, 23] use a simple
speech task to compare models in this family with more conventional speech models when using ex-
act estimation and decoding algorithms. However, exact algorithms for general factorial models are
potentially computationally expensive as the number of parallel time series increases or as the units
over which asynchrony between time series is to be allowed become longer. Therefore, approximate
schemes may be required to use these models for large vocabulary tasks.

The structure of the paper is as follows. Section 2 outlines the theory of factorial HMMs (FHMMs) and
then describes the speci�c factorial model investigated in this work: the Mixed-Memory Approxima-
tion to a FHMM (MMFHMM). Nock [23] derives an EM algorithm and generalized forward-backward
algorithm for exact MMFHMM estimation and likelihood calculations; Section 3 of this paper notes
that ef�ciency of the forward-backward calculations can be improved for one potentially useful spe-
cial case of the MMFHMM. Sections 4 and 5 describe approximate algorithms suitable for use in

1Papers investigating related models for speech applications include [17, 18, 35, 31, 16].
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MMFHMM decoding alone or in both training and decoding. Section 6 compares the exact and
approximate algorithms using a standard isolated word classi�cation task. The paper ends with con-
clusions and outlines future research.

2 FACTORIAL HMMS AND THE MIXED-MEMORY APPROXIMATION

Suppose we wish to model
�

loosely coupled time series, where the observations in each time series
(or stream) � , denoted ��� �������

	

��
�
�
��
���

� , are produced on the same time-scale and may be scalars or
vectors. These representations are assumed to comprise

�

loosely coupled time series, where each
time series might correspond to a position trace for a particular articulator or to a phonological feature
such as voicing, and observations in each time series are assumed to be produced on the same time
scale.

One obvious scheme for modelling such data combines the
�

observations at each time � into a
single observation vector ���������

�

�

��
�
�
��
���

���

and then builds a standard HMM. However, the resulting
model would not be a parsimonious representation of the data. Alternatively, we might model each
stream � independently by using a single HMM per stream. The individual likelihood scores from
the independent HMMs can be then combined in some fashion to obtain an overall score, as in the
multiband framework (eg. [20, 14]). However, this scheme can capture only weak coupling between
the different time series. An intermediate approach is to combine the

�

independent HMMs into
a joint model which can capture more of the coupling between different streams. We can form
a combined or factorial HMM in which (i) the hidden state space is the Cartesian product of the
state spaces of the individual HMMs (see Figure 1), and (ii) the observations �

� are formed by
concatenating the individual stream observations at time � , ie. �

�
�����

�

�

��
�
�
��
�
�

�
�

. We refer to the
Cartesian product hidden state space as the metastate space, to distinguish it from the state spaces
of the original independent HMMs for each stream.

B2,A1

B1 B2

A1 A2 A1,B1

A2,B1 B2,A2

Figure 1: Metastate Space From Combined Ergodic HMMs A, B

The combined model as just described is equivalent to a standard HMM, in which the metastates
and observations have internal structure. However, as

�

and � increase, estimation of a transition
matrix and output densities for this combined or factorial HMM will be intractable both computationally
and in terms of robust parameter estimation. Recent work in the machine learning literature handles
these dif�culties through additional conditional independence assumptions and approximations which
exploit the internal, combinatorial structure of the metastates and observations both to reduce the
number of parameters and as the basis for ef�cient, approximate training and decoding algorithms
(eg. [8, 30]). As discussed in the next section, under appropriate parameter reduction schemes
this general factorial or loosely coupled model contains several standard speech models as special
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cases, but also contains many more general models such as the MMFHMM2.

2.1 Parameter Reduction Schemes

We assume that each time series � comprises
�

-dimensional observations � �

�

and combined obser-
vations are denoted � � � � �

�

�

��
�
�
���� �

���

3. We generalize the presentation in the previous section to
allow � underlying Markov chains, where it is not necessary that � �

�

; hidden metastates therefore
comprise � hidden variables and are described by � -tuples � �����

�

��
�
�
������

�

and � � �
	

�

��
�
�
���	��

�

.
Each chain has � possible states4. 
 denotes probability mass functions (pmf), � denotes densities.
Using this notation, the parameters to be estimated in the factored model are the metastate priors

�

���

�

, the metastate transition matrix 
 ����� �

�

and the metastate observation distributions � � �������

�

; the
full set of MMFHMM parameters is denoted by � .

Several conventional speech models are obtained under the following basic conditional indepen-
dence (cond. indep.) assumptions:

� cond. indep. of initial metastate components: �

���

�

���

�

���

�

�

� �
	 �

�

� cond. indep. of metastate components given previous metastate: 
 ����� �

�

�
�

�

���

�


 �
	 ��� �

�

� cond. indep. of observation components given current metastate: � � �
�

���

�

�
�

�

���

�

� �����

�

���

�

By setting
�

��� ��� in this parameter-reduced model, we obtain the standard HMM. If we set
� ��� and set

�

to the number of output streams, we obtain the HTK synchronous multiple stream
model [34]. If we set � �

�

and make the additional conditional independence assumptions that
� � 	 �!� �

�

�"� � 	 �!� � �

�

and � �����

�

���

�

�#� � ���

�

� 	��

�

, then we obtain an asynchronous, independent streams
model in which each time series is modelled by a separate HMM. This model is related to the multi-
band model of eg. [20]. However, our real interest in factorial models lies in investigating new pa-
rameter reduction schemes to obtain tractable models that are still powerful enough to effectively
represent coupling between the

�

time series. Parameter reduction through the use of standard
maximum likelihood parameter tying schemes (similar to eg. [26, 25]) is one possibility that we are
investigating, but the work in this paper adopts the Mixed-Memory Approximation proposed in [30]5:

� approximate the prior-related conditional probabilities with a convex combination of cross-prior
matrices:

�

�

�
	

�

�

�

�
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�)(

�

�

�

%

�
	

�

�

(1)

2Factorial models may also be motivated as instances of the more general family of Directed Graphical Models [15, 11].
3It is straightforward to allow observations of different dimensionality in each stream * .
4It is straightforward to allow different numbers of states per chain + .
5A similar approximation is used in [27].
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� approximate the transition-related conditional probabilities with a convex combination of cross-
transition matrices:
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(2)

� approximate the observation-related conditional probabilities with a convex combination of cross-
emission distributions:

� � �
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The parameters �

�

%

� 	��

�

are
�

	

elementary ��� � cross-stream prior matrices, a total of
�

	

� prior
parameters. The parameters �

�

%

�
	 �!� �

%

�

are
�

	

elementary ��� � cross-transition matrices, a total
of

�

	

�

	

transition parameters. The
�

�

%

�����

�

� 	

%

�

are
�

	

� cross-emission output densities; for
�

-
dimensional observations and full covariance Gaussians, a total of

�

	

�

�

�����

�

�

observation-related
parameters. Parameters

&

� �)(

�

,
�

� �)(

�

are mixture weights. They are �x ed for a single model, and give
a measure of the dependency between different streams, using a total of 	

�

	

parameters. This
model thus has 
 �

�

	

���

	

� �
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free parameters vs. 
 ���
�

���
�

�

�

	

�

	

���

for the combined, full
metastate space model.

Use of the Mixed-Memory Approximation allows separate evaluation of the effects of making transition-
related or observation-related probabilities dependent upon full metastate identity, as well as the case
where both are dependent upon the full metastate identity [22, 23]. Later sections of this paper refer
to the special case of the MMFHMM in which only observation distributions are made dependent
upon metastates and underlying chains are assumed independent: this observation-only MMFHMM
(OMMFHMM) sets

&

to the
�

�

�

identity matrix.

2.2 Maximum Likelihood Estimation of the MMFHMM

Maximum Likelihood (ML) estimation of the MMFHMM may be achieved using the EM algorithm [7]
(assuming appropriate choice of observation distribution). Following [30], equations (1)-(3) are
viewed as mixture models, introducing two new types of latent variables � �

�

, � �

�

in addition to variables



�

�

denoting the metastate sequence taken through the model. The new latent variables encode the
identity of the cross-emission distribution and cross-transition matrix (ie. the distributions within each
mixture model) used in each stream � at each � . The information provided by the � �

�

and � �

�

variables
is illustrated in Figure 2. The posterior probabilities necessary for the resulting parameter updates
can be calculated using a (notationally complicated) generalization of the Forward-Backward Algo-
rithm. A derivation of both, for the case of multivariate Gaussian observation distributions, may be
found in [23].

Unfortunately, whilst the mixed-memory approximation does reduce the number of model parameters,
exact likelihood calculations and EM-based estimation for the MMFHMM still require calculation of
forward and backward probabilities in the metastate space of size �

� . The cost of the forward or
backward calculations is therefore 
 ���

	

���

�

. As
�

(the number of feature streams to model, such as
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Figure 2: Bold lines show information speci�ed by the hidden (vector) variables
�

���

� , �
� ,

�

� .

the number of phonological features) or � (the number of states in each chain) increase this becomes
intractable. The following sections consider approximate schemes allowing more ef�cient model
estimation and decoding. MCMC-based methods eg. [3]) are also applicable but not investigated
here.

3 MORE EFFICIENT FORWARD-BACKWARD ALGORITHM

Forward (and backward) calculations can be made more ef�cient for the special case of the OMMFHMM,
reducing complexity from 
 ���

	

�
�

�

for the standard forward (or backward) algorithm in the metastate
space to 
 �

�

�
���

�

�

�

. The details may be found in [23]. The speedup is similar to that proposed
in [8], presented in the context of an alternative parameter reduction scheme for factorial HMMs.
Readers familiar with the graphical modelling framework will �nd it obvious that such a speedup
should exist, observing that (1) the cost of the general inference algorithm for graphical models
scales as the sum of the sizes of the state spaces of the cliques, and (2) the sum of the sizes of the
state spaces of cliques in the observation-only coupled model are smaller than in the fully coupled
model [15, 11].

4 ALGORITHMS USING MOST-LIKELY METASTATE SEQUENCE

Large vocabulary ASR systems using HMMs generally assume in recognition that a single state
sequence ��� dominates likelihood calculations, ie. � �
	

���

� �
	 �
���

�

, where if � denotes the set of
length � state sequences through the model then ���������
������������� � � � � 	

�

. The optimal ��� is found
using the Viterbi algorithm. The Viterbi algorithm can also be applied directly to the MMFHMM to
�nd the optimal metastate sequence !

� , but for the general MMFHMM the computational order is
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the same as that of the forward and backward calculations, ie. 
 ���

	

� �

�

6. The Chain Viterbi al-
gorithm described below is a more ef�cient scheme yielding an approximation to ! � . The metastate
sequence ! � can also be used in a Viterbi training (or, when ! � is approximate, a Viterbi-training-like)
estimation scheme for MMFHMMs: this approach is analogous to the use of standard Viterbi train-
ing in HMM systems based on Gaussian mixtures, in which a single state sequence is assumed to
dominate but the Gaussian mixtures are trained using the EM algorithm. An alternative, not investi-
gated here, makes the stronger assumption that a single ��! � �

�

����� �

�

sequence dominates likelihood
calculations.

4.1 Chain Viterbi Metastate Sequences

A more ef�cient scheme for approximating !
� when the

�

time series are assumed weakly coupled is
proposed in [30]7. The algorithm iterates through each stream � in turn, �nding the optimal sequence
of hidden states through stream � given �x ed values for the hidden states of the other streams. The
state space is thus reduced to size � when doing the optimizations for stream � . The algorithm
can be initialized by (for example) computing a Viterbi state sequence for each chain individually or
by assuming a uniform segmentation of the observations for each stream. Iteration through all

�

streams continues until convergence, which is not necessarily to the optimal sequence ! � (see [24]
for a counter-example). Note that softer versions of this iterative scheme would also be possible,
using a subroutine where the state sequences corresponding to some subset of streams are �x ed
and a Viterbi-like decoding procedure applied to the remainder.

5 MEAN-FIELD VARIATIONAL APPROXIMATION

Parameter estimation algorithms based on variational methods are currently popular in the graphical
models community, where ML estimation using the EM algorithm is often intractable8. This section
outlines the basic arguments in the context of the OMMFHMM; [12] is a more general presentation.

Variational methods exploit one particular lower bound on the log likelihood of a set of data for likeli-
hood approximation and as the basis of a parameter estimation procedure. For the speci�c case of
the OMMFHMM, where hidden variables ! and � specify the metastate sequence and the speci�c

6Again, for the special case of the OMFHMM, speedups similar to those used by the modi�ed forward or backward algo-
rithms mentioned in Section 3 are possible.

7The approach is similar to the Iterative Conditional Modes algorithm for computing a MAP estimate of Markov Random
Field parameters [2].

8Inference in the general case is NP-hard [5].
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observation distributions used at each � , this lower bound is:

�
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	 � �
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where � denotes OMFHMM parameters,
�

� �

�

denotes the likelihood function,
�

�
! ��� � �

�

is some dis-
tribution over the hidden variables which has parameters � and

���

��� � �

�

denotes the lower bound
of interest. The third line follows by Jensen's inequality [28]. Note

�

� �

�

exceeds
�

�

��� � �

�

by ex-
actly

�

���

�

��!�� � � �

�

�
� � ��!�� � � 	 � �

���

, the Kullback-Leibler (KL) divergence between the distributions
�

��!�� � � �

�

and � ��!�� � � 	 � �

�

, which is a non-negative quantity [6]. The lower bound may be tight-
ened for each observation sequence 	 by adjusting the variational parameters � of the variational
distribution Q to minimize the KL divergence.

This bound may be useful where likelihood calculations are intractable; [21] observes that the lower
bound

���

��� � �

�

may also be usefully applied to ML parameter estimation problems using the follow-
ing coordinate ascent procedure. Denoting parameters of model � and of variational distribution

�

at
iteration � by �

� and �
� respectively:

Step 1 Maximize
���

��� � �

�

�

wrt � . Or, equivalently, minimize
�

���

�

��!�� � � �

�

� � � �
! ��� � 	 � �

�

���

wrt � ;

Step 2 Maximize
�

�

��� �
�

�

� �

�

wrt � .

The algorithm is guaranteed to increase the lower bound on the likelihood
�

�

��� � �

�

at each step,
although not necessarily the likelihood

�

� �

�

. Convergence of the algorithm may be assessed by
monitoring changes in the lower bound.

To examine the operation of the variational learning algorithm, consider �rst the case where
�

��!�� � � �

�

is allowed to range over all possible distributions over the hidden variables. In Step 1, the distribu-
tion minimizing the KL divergence is

�

��!�� � � �

�

� � ��!�� � � 	 � � �

�

, which results in a KL divergence of
zero [6]. Thus, Step 2 seeks

� �
�

�

�����
�����������

�
	 �

� �
! ��� � 	 � � �

�

��� � ��!�� � � 	 � �

�

which is equivalent to the standard EM algorithm [7].

More generally, the bound above is of utility for estimating models where standard EM estimation
would be intractable. For these cases, the family of distributions

�

��!�� � � �

�

is assumed to have a
form in which inference is more tractable than in the original model. For example, when working with
graphical models, a form for

�

allowing more tractable inference is often identi�ed by simplifying the
dependencies in the original graphical model � for which inference is intractable. This work adopts a
very simple family

�

; this mean-�eld approximation is a completely factorized approximation in which
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all hidden variables are assumed independent given the observations. Thus
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� �
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denotes a pmf with parameters �

�

�

�

� � �

�

�
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� 	 �����

�

�

and �

�

�

���

denotes the
probability of a particular outcome 	 � ;

�

�

�

�

�

� � �

�

� �

�

�

� �

denotes a pmf with parameter set �

�

�

�

� � �

�

�

�

%

� �
	#(�	

�

�

, and �

�

�

�

%

denotes
the probability of a particular outcome ( .

To simplify maintenance of positivity, ensure appropriate normalization and guarantee that no hidden
event is assigned probability zero, each variational pmf will be assumed to have a softmax form. So
for each 	 �����

�

�

�

�

�

�
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�

 

Minimization of KL divergence (for lower bound calculation or for Step 1 of variational learning) can
be implemented using, for example, a basic gradient descent procedure. The updates for model
observation-related parameters � are obtained using a derivation similar to that for the standard
M-step of the EM algorithm (eg. [23]). More details may be found in [24]. In this work, updates
are made only to the observation-related parameters

�

�
�)(

�

and
�

�

%

� �
�

�

� �

%

�

; the scheme provides a
computationally cheap means of integrating

�

independent HMMs which have been trained on the
�

streams individually. Finally, it is noted in passing that more structured variational approximations
are possible (see for example [12, 8]) but these typically have higher computational cost.

6 EXPERIMENTAL RESULTS

Experiments use the OGI ISOLET database [4], which comprises wideband recordings of isolated
utterances of single letters of the alphabet. Whilst far from the conversational speech motivating
the research, use of a simple testbed such as ISOLET facilitates an initial feasibility study of novel
models and algorithms without the additional complications introduced by continuous speech tasks.
We use Isolet1-4 (6240 utterances) to train and the speaker-disjoint Isolet5 (1560 utterances) to
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test9. For reference, performance of our baseline HMMs using a 39-dimensional observation vector
of full-band cepstra (including 0th) with delta and acceleration coef�cients is between

���


 	�� (3 state
HMM) and

���




�

� (10 state HMM) for this data set. The experimental task considered here is that of
modelling cepstra derived from frequency subbands (eg. [20, 31, 19]), rather than a more specula-
tive articulatory or phonological representation. There is evidence that asynchrony exists between
different frequency bands [20], making this a reasonable task for a feasibility study; however, there is
likely to be more asynchrony in articulatory or phonological representations, where the advantages
of factorial models are expected to be more evident.

The extraction of subband cepstra proceeds as follows. 25ms windows of speech are Fourier-
transformed and �ltered through a bank of 	�� overlapping, equally mel-spaced, �lters . Filtering
produces a vector of log spectral energies � � � �

�

��
�
�
��	�

		


�

. A choice of � frequency subbands
subdivides � into � subvectors �
� . A DCT

�

� is applied to each �
� to yield a vector of cepstra
�

�
�

�

�
�

� for subband � . Decreasing
�

� row dimensionality effects cepstral truncation, reducing
the dimensionality of

�

� from that of �
� : a � -tuple ���

�

��
�
�
������

�

denotes the truncation scheme,
where �

� indicates retention of cepstra � ��
�
�
����
���

� in subband � . Finally, observations for the
� -th subband stream ( �

�

�

in our earlier notation) are formed by appending the appropriate delta and
acceleration coef�cients to

�

� . The experiments below use cepstra from two or three subbands. Ob-
servations for the two-stream experiments comprise cepstra from two subbands 0-2 and 2-8kHz, with
cepstral truncation (7,6), yielding a 39-d combined observation vector 	

� . Observations for three-
stream experiments comprise cepstra from three subbands 0-0.9, 0.8-2.7, 2.7-8kHz, with cepstral
truncation (5,4,4), again yielding a 39-d combined observation vector 	

� .

6.1 Comparison: Appr oximate Decoding Schemes

This section uses OMMFHMM models to study the quality of the likelihood approximations and asso-
ciated classi�cation performance given by Chain Viterbi metastate sequences and by the Mean-Field
variational lower bound. Results obtained using Viterbi Decoding are included as a further baseline
for comparison.

6.1.1 Experimental Setup

Each experiment uses the same, �x ed set of observation coupled models, which were trained using
the EM algorithm.

Chain Viterbi Initialization : two schemes were investigated for specifying an initial metastate se-
quence. The �rst used a uniform segmentation of the observations in stream � against states in chain

� ; the second used the segmentation obtained by doing a Viterbi decoding of stream � observations
using the chain � -related parameters only (for each � ). Preliminary experiments found initialization
had little effect on results; results below are for the per-chain Viterbi initialization.

9This training set is twice as large as that used by [4, 13]. All experiments train a single, distinct model for each letter; this
differs from the HMM-based system of [13] which utilizes parameter sharing across members of the E-set of letters and also
uses an explicit silence model.
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Mean-Field Initialization and Thresholds : two initializations of the
�

�

�

�

� 	

�

distributions were inves-
tigated. Initial per-stream state sequences were either obtained using the uniform or the per-chain
Viterbi decoding schemes as described for the Chain Viterbi initializations; each

�

�

�

�

� 	

�

distribution
was then initialized with a soft version of this distribution, assigning mass � 


�

to the state occupied in
the Viterbi or uniform segmentation, and distributing mass the remaining mass equally amongst the
remaining states.

�

�

�

�

�)(

�

distributions were initialized as a uniform distribution. Preliminary experi-
ments found the per-chain Viterbi initialization gave considerably better results and so this was used
to produce the results below. The naive gradient-descent implementation also requires a stepsize: a
brute force search over a range of values was used and the results below correspond to the stepsize
yielding the highest value for the lower-bound on test set likelihood (not the stepsize giving the best
classi�cation performance, since this would constitute cheating).

6.1.2 Experimental Results

Tables 1 and 2 compare classi�cation %Correct performance when using exact full likelihood, Viterbi
and Chain Viterbi approximations and the Mean-Field Variational lower bound with a ML decision
rule. The tables also show results of tests for signi�cant differences between full-likelihood classi�-
cation and the approximate algorithms, calculated using the McNemar test [9]. Figure 3 compares
total test set likelihood under each class � - � with the values obtained from Viterbi and Chain Viterbi
approximations and from the Mean-Field Variational lower bound when modelling three subband cep-
stral streams. This and other graphs obtained all show that the Chain Viterbi likelihood approximation
is considerably closer to the exact likelihood than the Mean-Field Variational lower bound. The dif-
ference between classi�cation performance using full-likelihood and Chain Viterbi classi�cation is
rarely found to be signi�cant; it appears that the initialization used rarely leads to convergence to a
suboptimal local maxima. The mean-�eld approximation is less successful. This is presumably due
to the extreme nature of the mean-�eld assumption: a more costly but more structured variational
approximation might be more successful. Appendix A includes approximate execution times for the
different algorithms for the case of models with

�

� � ��� .

states Full Viterbi Chain Mean
per Likelihood Viterbi Field
stream %C %C %C %C

3 94.9 94.8 95.0 91.0*(���	� )
6 95.3 95.4 95.3 95.1
8 96.0 96.0 96.0 96.0

Table 1: 2-Stream Results: Decoding Schemes (*=signi�cantly different at 
 � � 
 � � level, with corre-
sponding � value in brackets)

6.2 Comparison: Appr oximate Training and Decoding Schemes

This subsection compares the classi�cation performance of OMMFHMMs trained and tested using
matched (exact or approximate) algorithms ie. EM training is used with full likelihood (FL) classi�ca-
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Figure 3: Approximations To Test-Set Likelihoods, 3 streams, 8-state models (X-axis corresponds to
classes A-Z, with A=1 through Z=26.)

tion, Chain Viterbi training is used with a Chain Viterbi approximation in classi�cation etc. Results
obtained using Viterbi Training and Decoding are included as a further baseline for comparison.

6.2.1 Experimental Setup

All training algorithms stop one iteration after the gain in data likelihood or the variational lower bound
drops below � � .

Chain Viterbi Initialization : the initial metastate sequence was obtained by doing a Viterbi decod-

states Full Viterbi Chain Mean
per Likelihood Viterbi Field
stream %C %C %C %C

3 94.9 95.0 96.2 91.7*(���	� )
6 96.4 96.3 95.0 95.2*(���	� )
8 96.4 96.3 96.2 95.3*(�

�

��� � �

�

)

Table 2: 3-Stream Results: Decoding Schemes (*=signi�cantly different at 
 � � 
 � � level, with corre-
sponding � value in brackets)
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ing of stream � observations using the chain � -related parameters only, since this proved a useful
initialization in the decoding-only experiments of the previous section.

Mean-Field Initialization and Thresholds : initial per-stream state sequences were obtained using
the per-chain Viterbi decoding schemes as in Chain Viterbi initialization; each

�

�

�

�

� 	

�

distributions
was then initialized with a soft version of this distribution, assigning mass � 


�

to the state occupied
in the Viterbi or uniform segmentation, and distributing the remaining mass equally amongst the
remaining states.

�

�

�

�

� (

�

distributions were initialized as a uniform distribution. The gradient-descent
stepsize used in training and decoding was �x ed to the value that was most effective in the decoding-
only experiments.

6.2.2 Experimental Results

Tables 3 and 4 compare classi�cation %Correct performance obtained using the exact and approxi-
mate schemes with a ML decision rule. The tables also show results of tests for signi�cant differences
between exact likelihood-based training and classi�cation and the approximate algorithms, using the
McNemar test [9].

states Full Viterbi Chain Mean
per Likelihood Viterbi Field
stream %C %C %C %C

3 94.9 94.9 94.2*(�

�

��� �

� �

) 93.9
6 95.3 95.4 95.2 95.0
8 96.0 95.8 95.9 96.0

Table 3: 2-Stream Results: Matched Training/Decoding Schemes (*=signi�cantly different at 
 � � 
 � �

level, with corresponding � value in brackets)

states Full Viterbi Chain Mean
per Likelihood Viterbi Field
stream %C %C %C %C

3 94.9 95.0 94.9 92.5*(���	� )
6 96.4 95.8 95.6 95.3
8 96.4 96.3 96.1 95.7

Table 4: 3-Stream Results: Matched Training/Decoding Schemes (*=signi�cantly different at 
 � � 
 � �

level, with corresponding � value in brackets)

Classi�cation performance achieved when training and decoding using the approximate algorithms
is not signi�cantly different to that achieved using the exact scheme in most cases. Results suggest
that the EM, Viterbi and Chain Viterbi algorithms all take a similar number of iterations to fall below
the relative change training termination threshold; the Mean-Field scheme takes fewer. Appendix A
includes approximate execution times for the different algorithms for the case of models with

�

�

� ��� .
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7 CONCLUSIONS AND FUTURE WORK

The results above suggest that the Chain Viterbi algorithm is an adequate approximate algorithm
appropriate for use in decoding, giving likelihood approximations very close to the true values. There
is a less marked difference between the two approximate schemes when used in both training and
testing; however, since the Chain Viterbi algorithm requires no 'tuning' parameters such as step sizes,
it would also be our algorithm of choice for use in future work.

Our current work is investigating an alternative to the mixed-memory approximation for parameter
reduction in factorial HMMs. Future work will consider methods for applying these models within
continuous speech recognition systems. The primary question still to be addressed relates to the
choice of modelling units and thus the degree of allowable asynchrony; other areas meriting investi-
gation include the incorporation of discriminatively-estimated exponent stream weights and the use
of alternative representations of speech.
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A Timing Comparisons

The timings in Table 5, given in seconds, represent the average time taken to decode the entire test
set using the model for a single class (ie. a letter). The timings in Table 6, given in seconds, represent
the average time taken to train the model for a single class. The average timings are included to give
an impression of general trends, but they are not completely accurate for two reasons. Decoding or
training corresponding to a single class was performed separately, using a CPU from amongst a set
of dual processor P3 machines with 256k secondary cache, running linux, but with differing processor
speeds between 700MHz-1GHz and with bus speeds of 100 or 133 MHz; the set of CPUs used by
any one algorithm may differ slightly. Execution time is also affected by the program executing on
the second processor and this can change execution times by 10-20%. In addition, few efforts were
made to optimize the implementations, so these �gures should not be interpreted as the best that is
achievable using any of the algorithms. For example, some researchers have found that use of �x ed
point iteration rather than gradient descent in the implementation of variational algorithms leads to
faster convergence [1].

A variety of gradient descent step sizes were investigated when calculating the mean-�eld variational
lower bound for use in decoding. The three timing numbers included here are for the largest, interme-
diate and smallest step sizes investigated. The gradient descent step-size for mean-�eld variational
training is �x ed to that which gave the highest lower bound in decoding-only experiments.

3 states per chain 6 states per chain 8 states per chain

FL 178 7442 37520
VIT 81 1424 7199
CVIT (Per-Chain Viterbi Initialization) 209 440 713
MF (Per-Chain Viterbi Initialization,

ordered by Step Size: Smallest; Intermediate; Largest) (2005;273;224) (4938;656;529) (11235;1424;990)

Table 5: Decoding Algorithms: Comparison of Execution Times (3 stream models)

3 states per chain 6 states per chain 8 states per chain

EM 690 28485 219488
VIT 97 1247 5501
CVIT (Per-Chain Viterbi Initialization) 86 181 294
MF (Per-Chain Viterbi Initialization) 7574 8373 13716

Table 6: Training Algorithms: Comparison of Execution Times (3 stream models)


