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ABSTRACT
This paper presents a novel solution to the problem of isolated digit recognition in
non-stationary noise. A Factorial Hidden Markov Model (FHMM) architecture is
proposed that accurately models the simultaneous occurrence of two independent
processes, i.e. an utterance of a digit and a clip of non-stationary noise. The FHMM is
implemented with its equivalent HMM by extending Nadas’ MIXMAX algorithm to a
mixture of Gaussians PDF. The proposed system is tested on the recognition of two digits
spoken simultaneously by different talkers as well as on the recognition of isolated digits
mixed with background music. At 0 dB SNR, the simultaneous recognition accuracy is
improved by 105% over baseline. The system also shows a relative improvement of up to
170% over baseline in the recognition of isolated digits immersed in music at 0 dB SNR.

ii

TABLE OF CONTENTS

1.

INTRODUCTION .................................................................................................. 1

2.

THEORETICAL BACKGROUND........................................................................ 5

3.

4.

2.1

Hidden Markov Models .............................................................................. 5

2.2

Front-End Speech Processor ....................................................................... 6

2.3

Factorial Hidden Markov Models............................................................... 7

MATHEMATICAL IMPLEMENTATION ........................................................... 9
3.1

Computation of the Transition Matrix ........................................................ 9

3.2

The Output Probability Distribution ......................................................... 10

3.3

Extension to a Mixture of Gaussians PDF................................................ 11

3.4

Computational Complexity....................................................................... 12

EXPERIMENTAL SYSTEM ............................................................................... 13
4.1

Isolated Digit HMM.................................................................................. 13

4.2

Classical Music HMM .............................................................................. 14

4.3

4.2.1

Training Procedure....................................................................... 14

4.2.2

Power Scaling ............................................................................... 15

4.2.3

The Optimal Model ....................................................................... 16

Simultaneous Multiple Digit Recognition ................................................ 16
4.3.1 Recognition of a ‘Signal’ Digit Given an ‘Interference’ Digit ..... 17
4.3.2

4.4
5.

6.

Simultaneous Double-Digit Recognition ...................................... 18

Recognition of Isolated Digits in Music ................................................... 18

DISCUSSION ....................................................................................................... 20
5.1

Simultaneous Multiple Digit Recognition ................................................ 20

5.2

Isolated Digit Recognition in Music ......................................................... 21

5.3

Limitations ................................................................................................ 21

CONCLUSION..................................................................................................... 22
REFERENCES ..................................................................................................... 23

iii

1. INTRODUCTION
The problem of automatic speech recognition has been effectively solved by the use of
Hidden Markov Models (HMM). Quick and efficient algorithms have been developed that
perform the necessary recognition tasks accurately. However, these algorithms are only effective
for clean speech in very quiet environments. Most methods for clean speech recognition fail even
at moderate signal-to-noise ratios (SNR).
Figure 1.1 illustrates the drop in performance of an HMM-based isolated digit recognizer
on spoken digits mixed with classical music at different levels of SNR. The HMM system
performs perfectly down to about 35 dB SNR. Any decrease in SNR beyond that point
dramatically decreases its performance (recognition accuracy.) At 0 dB SNR, i.e. when both
speech and noise have equal power, the recognition accuracy is only about 24%.
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Figure 1.1. Drop in recognition accuracy of an HMM isolated digit recognizer with decrease in
signal-to-noise ratio. Five utterances of each of the digits 0 through 6 were mixed with clips from
Mozart’s second Divertimento (third movement) at different SNRs to create the test set.
Because of such sensitivity to noise, a large number of techniques, such as spectral
subtraction and Weiner filtering, have been developed to make speech recognition robust in
noisy environments [1]. However, almost all of these techniques can only be applied to
stationary noise, such as white noise, talking crowds or noisy machines. They do not work for
noise such as music or interfering speech which is highly non-stationary. Figure 1.2 illustrates
the fundamental difference between stationary noise and non-stationary noise and why
techniques applicable to the former cannot be used on the latter.
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Figure 1.2. An illustration of the differences between speech in stationary noise (white noise) and
speech in non-stationary noise (background string quartet). Each diagram represents an MFSC
observation sequence of the process. The bottom two figures represent the digit ‘seven’ spoken
in a stationary and a non-stationary noise environment respectively.
This paper proposes a Factorial Hidden Markov Model (Factorial HMM or FHMM)
approach to solve the problem of recognition of isolated digits in non-stationary noise. The
FHMM accurately models both the desired speech and undesired speech or music simultaneously
to create an effective speech recognizer in non-stationary noise, even at low SNR.
The concept of the Factorial HHMM was first developed by Ghahramani and Jordan [2]
as an alternative to traditional HMMs. It has been shown that factorial HMMs are better suited to
model loosely coupled random processes than HMMs [2], [3]. Furthermore, efficient algorithms
for the estimation of parameters of FHMMs have also been developed [2]. The approach
presented in this paper is, however, a little different. The FHMM architecture is used to combine
two existing HMMs of independent random processes, like the simultaneous utterance of two
digits or an utterance of a digit and a piece of music. Since the isolated digit HMMs have already
been trained, no additional training of the FHMM is required. Roweis [4] has shown that an
FHMM can be used in such a way to model audio signals from different sources for a
computational auditory scene analysis application. I build on Roweis’ method for the
simultaneous recognition of two digits as well as for the recognition of isolated digits with
background music.
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The motivation behind this model arose from the observed interaction of the log spectra
of two signals that are additive in the time domain. Nadas et al. [5] have shown that an additive
combination of two sound signals Y ( jω ) = X ( jω ) + Z ( jω ) can be accurately modeled by the
element-wise maximum of their log magnitude spectra. This is referred to as the MIXMAX
approximation.
log | Y ( jω ) | ≈ max(log | X ( jω ) |, log | Z ( jω ) |)

(1.1)

The MIXMAX approximation also holds for Mel Frequency Spectral Coefficients (MFSC) [6] as
shown in Figure 1.3. Using Equation (1.1), a complete model of the FHMM can be derived and
the system can be implemented.
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Figure 1.3. Log spectrum MIXMAX approximation; (a) MFSC observation sequence of the digit
‘ONE’; (b) MFSC observation sequence of the digit ‘TWO’; (c) the element-wise maximum of
sequences (a) and (b); (d) the MFSC observation sequence generated from the addition of the
utterances of the digits ‘ONE’ and ‘TWO’ in the time domain.
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2. THEORETICAL BACKGROUND
2.1 Hidden Markov Models
Hidden Markov Models (HMM) are currently the predominant methodology for state-ofthe-art speech recognition. Since its inception over thirty years ago, the theory of HMMs has
been extensively developed to create efficient algorithms for training (ExpectationMaximization, Baum Welch re-estimation) and recognition (Viterbi, Forward-Backward) [7]. In
this section, I present a basic overview of HMMs and the details relevant to the derivation of the
proposed FHMM model.
An HMM can be defined as “a doubly embedded stochastic process with an underlying
stochastic process that is not directly observable but can be observed only through another set of
stochastic processes that produce the resulting sequence of observations” [7]. It can be visualized
as a state machine with hidden discrete states but observable outputs. At each time step, the
system undergoes a state transition specified by a transition probability matrix A and proposes an
output (MFSC) vector xt based on an output probability distribution function bq ( xt ) for that
state. In the case of speech, the PDF is assumed to be a mixture of Gaussians observation PDF.
M

bq ( xt ) = ∑ cq ,m N ( xt | µq ,m , Σ q ,m )
m =1

N (o | µ j , m , Σ j , m ) =

1
(2π ) n | Σ j ,m |

e

1
− ( o − µ j ,m )' Σ j ,m −1 ( o − µ j ,m )
2

(2.1)

where bq ( xt ) is the probability of observing the vector xt in state q.
Therefore, an HMM can be completely defined by its initial state distribution vector π ,
its transition matrix A, and its output PDF matrix B (which contains the mixture weights, means
and variances of each mixture Gaussian for each state). A simple HMM with four-states is shown
in Figure 2.1.
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Figure 2.1. A four-state, left-right HMM. The variable aij is the transition probability from state
i to state j and bi ( x ) is as defined in Equation (1.1).
To train the model, an initial guess is made for the parameters ( π, A , B ) using a K-means
clustering algorithm [7]. Then, given a large number of observations X, the parameters are
adjusted using the Baum-Welch re-estimation algorithm to maximize P ( X | λ ) , where λ
represents the HMM [7], [8].
Recognition is performed by using the Viterbi algorithm to find the optimal state
sequence and the Forward-Backward algorithm to score the model by determining the
probability P ( X | λ ) [7], [8].
2.2 Front-End Speech Processor
In addition to an HMM, most speech recognition systems have some kind of front-end
speech processor which extracts useful phonetic information from the speech and discards all
other irrelevant information. The front-end achieves this by performing a vector parameterization
of the signal, which is motivated by human speech perception [6]. It has been shown that because
of the differences in the ear's critical bandwidths at different frequencies, filters spaced linearly
at low frequencies and logarithmically at high frequencies (a mel frequency scale) accurately
capture the phonetically relevant characteristics of speech [6].
Mel Frequency Spectral Coefficients (MFSCs) are defined as the log-energy outputs of
the speech signal after it is filtered by a bank of triangular bandpass filters on a mel-frequency
scale (linear below 1 kHz and logarithmic above 1 kHz) [6]. Figure 2.2 illustrates a sample mel
filter bank with 10 filters.
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Figure 2.2. A 10-filter mel filter bank for a signal bandlimited to 5000 Hz.
Mathematically, MFSC observation vectors are calculated in the following way,
⎛
2⎞
MFSCi = log ⎜ ∑ X t (k ) H i (k ) ⎟
(1 < i < M )
(2.2)
⎝ k
⎠
where X t (k ) and H i (k ) are FFT representations of the signal and the i th filter response
respectively.
MFSCs were specifically chosen for this project for two reasons. First, since they are logspectral signals (unlike Mel Frequency Cepstral Coefficients which are temporal), the MIXMAX
approximation can be applied to speech represented by MFSCs as described in Equation (1.1).
Second, it has been shown that MFSCs are the best parameterized representation for music
signals [9]. Since one of the primary objectives of this paper was the recognition of mixtures of
speech and music, MFSC observation vectors were, therefore, a natural choice.
2.3 Factorial Hidden Markov Models
The Factorial HMM recognizer presented in this paper is based on a system proposed by
Sam T. Roweis [4]. However, unlike Roweis’ source separation system, the objective of this
design is to successfully recognize two signals (either two digits or a digit and music)
simultaneously without separating them.
A two-chain Factorial HMM is shown in Figure 2.3. It consists of two underlying HMM
chains that evolve independently of each other. The output of the FHMM in every frame is the
element-wise maximum of the output vectors proposed by each chain independently as expressed
in Equation (1.1).
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Figure 2.3. A Factorial Hidden Markov Model of two HMM chains with states q(t) and r(t) and
outputs x(t) and z(t) respectively. The output y(t) of the FHMM in each frame is the maximum of
the outputs proposed by the HMMs.
Because of the hidden nature of the states of the HMMs composing the FHMM, the
recognition task becomes very difficult. Also, because the output of the FHMM is a function of
the outputs of the two HMMs, during recognition, a joint PDF and a joint state sequence have to
be inferred. Furthermore, the efficient Viterbi and Forward-Backward algorithms for HMM
recognition cannot be used. A solution to this problem is presented in Chapter 3 followed by a
derivation of the mathematical implementation of the FHMM.
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3. MATHEMATICAL IMPLEMENTATION
In the previous chapter, a theoretical model (an FHMM) was described that could model
two independent simultaneous processes, like an utterance of speech and an excerpt of nonstationary noise. However, the inference of the best state trajectory and calculation of the
posterior probability P (λ | X) are complicated because of the existence of a joint state sequence
and joint PDF of the FHMM. Techniques for calculating such posterior probabilities of Factorial
HMMs have been formulated by Logan [3] and Ghahramani [2] to overcome the large
computations involved. For the same reason, Roweis [4] uses a log probability upper bound to
compute the best joint state trajectory.
I propose a simpler approach that takes advantage of the MIXMAX approximation as
well as the efficient recognition algorithms (Viterbi and Forward-Backward algorithms) that are
already available for HMMs. I propose an implementation of the FHMM by transforming it into
its topologically equivalent HMM. To implement the FHMM in this way, the equivalent HMM’s
initial state distribution, transition probability matrix and output probability distributions are
derived.
The initial state distribution of the FHMM is derived by inspection. As both HMM chains
composing the FHMM start in their respective state 1’s, the FHMM will start in the state (1,1) .
π1 = [1, 0, 0, ..., 0]
π 2 = [1, 0, 0, ..., 0]

⇒ π eq = [1, 0, 0, ..., 0]

(3.1)

The transition matrix of the equivalent HMM is computed by inspecting all possible state
transitions in the individual chains of the FHMM. A discussion on the computation of the
transition matrix is presented in Section 3.1.
The output probability distribution for each state of the equivalent HMM is derived in
Sections 3.2 and 3.3 by extending the results from Nadas’ MIXMAX algorithm [5] to the case of
a mixture of Gaussians PDF.
3.1 Computation of the Transition Matrix
Consider a Factorial HMM, as shown in Figure 2.3, with two chains (denoted by a
superscript index) containing Q and R states respectively. This FHMM can be shown to be
topologically equivalent to an HMM with Q × R states [3]. The transition matrix for the
equivalent HMM can be computed in the following manner:
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a FHMM (i, j → k , l ) = ai1→k × a 2j →l

1 ≤ i, k ≤ Q
1 ≤ j, l ≤ R

(3.2)

where the states of the equivalent HMM are indexed by the pair of state indices of chains 1 and
2. This relationship can be better conceptualized by Equation (3.3) which expands Equation (3.2)
for the case when Q = R = 2.
a 11 A12 a 12 A11 a 12 A12 ⎤
1, 1 ⎡ a 11 A11
⎢ 0
a 12 ⎤
A12 ⎤
a 11 A 22
a 12 A 22 ⎥⎥
0
1 ⎡ a 11
1 ⎡ A11
1, 2
⎢
⊗
→
(3.3)
⎢
⎢
a 22 ⎥⎦
A 22 ⎥⎦
a 22 A11 a 22 A12 ⎥
0
0
2⎣ 0
2⎣ 0
2, 1 ⎢
⎢
⎥
a 22 A 22 ⎦
0
0
0
2, 2 ⎣
3.2 The Output Probability Distribution

Let the state indices of the two independent HMM chains (denoted by a superscript
index) that compose the FHMM be q(t) and r(t), and let the proposed MFSC observation vectors
be x (t ) and z (t ) respectively. The output of the FHMM is given by,
y (t ) = max( x (t ), z (t ))

(3.4)

where max( x (t ), z (t )) is the element-wise maximum. Since the two processes are independent, it
follows from Equation (3.4) that,

Fy (λ ) = Fx (λ ) Fz (λ )
where Fy (λ ) = P ( y < λ ) =

(3.5)

λ

∫p

y

( y ) dy is the CDF of y .

−∞

Differentiating Equation (3.5) gives us the PDF of y (t ) .

p y (λ ) = px (λ ) Fz (λ ) + pz (λ ) Fx (λ )

(3.6)

which is an important result also obtained by Nadas et al. [5].
Although Equation (3.6) defines the PDF for each state of the equivalent HMM, it is not
directly applicable to the multivariate mixture Gaussian PDF defined in Equation (2.1). In the
next Section, Nadas’ result for the PDF from the MIXMAX approximation, Equation (3.6), is
extended to a mixture of Gaussians PDF and the derivation of a fully implementable theoretical
model is completed.
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3.3 Extension to a Mixture of Gaussians PDF

Since each HMM state has an output probability density function represented by a
mixture of Gaussians, we can re-write Equation (2.1) for the case of a Factorial HMM with two
chains denoted with an index in the superscript,
M

1
bq1 ( xt ) = ∑ c1qm N ( xt | µ qm
, Σ1qm )
m =1
M

(3.7)

b ( zt ) = ∑ c N ( zt | µ , Σ )
2
r

m =1

2
rm

2
rm

1

N (o | µ jm , Σ jm ) =

(2π ) n | Σ jm |

e

2
rm

1
− ( o − µ jm )' Σ jm −1 ( o − µ jm )
2

where M is the number of Gaussians in each mixture, c is the mixture weight and n is the
dimensionality of the output vectors.
Therefore, the FHMM output PDF result from Equation (3.6) can be written for the case
of HMM output PDFs defined in Equation (3.7).
yt

yt

bq ,r ( yt ) = bq1 ( xt ) ∫ br2 ( zt )dzt + br2 ( zt ) ∫ bq1 ( xt )dxt
−∞

(3.8)

−∞

where bqi ( xt ) represents the probability of seeing MFSC vector xt in state q of HMM chain i.
The integrals in Equation (3.8) are the cumulative density functions of bq1 ( xt ) and br2 ( zt ) .
The crux of the problem now becomes the implementation of the CDF of a mixture of Gaussians.
To simplify the problem, the d-variate Gaussians are assumed to be diagonal covariance
Gaussians. This assumption reduces the order of computation from O( nd ) to O( nd ) and enables
the representation of a multivariate Gaussian as the product of d univariate Gaussians. Equation
(3.7) can, therefore, be written as,
M

n

m =1

p =1

bq1 ( xt ) = ∑ c1qm ∏

1

σ qm, p (2π )

e

⎛ xt , p − µqm , p
− 12⎜
⎜ σ qm , p
⎝

⎞
⎟
⎟
⎠

2

(3.9)

2
where σ qm
,i is the element at position (i,i) on the diagonal of the covariance matrix Σ qm .
The integral of the diagonal covariance Gaussian mixture is therefore given by,
⎛ xt , p − µ qm , p ⎞
⎛M
− 12⎜
⎟
n
⎜ σ qm , p ⎟
1
⎜
1
1
⎝
⎠
(
)
b
x
dx
c
e
=
qm ∏
∫−∞ q t t −∞∫ ⎜⎜ ∑
m =1
p =1 σ qm , p (2π )
⎝
yt

yt

11

2

⎞
⎟dx
⎟ t
⎟
⎠

(3.10)

The integral of the sum of the Gaussians is equivalent to the sum of the integral of the
Gaussians. Also, since we are representing each n-variate Gaussian as a product of n univariate
Gaussians, the integral to yt of the product of Gaussians is equal to the product of the integrals
of each Gaussian to yt , p , where yt = ⎡⎣ yt ,1 , yt ,2 , ..., yt ,n ⎤⎦ . Therefore, the CDF of a mixture of nvariate Gaussians can be written,
⎛ xt , p − µqm , p ⎞
⎛ yt , p
⎞
− 12⎜
⎟
⎜ σ qm , p ⎟
1
⎜
1
1
⎝
⎠
cqm ∏ ⎜ ∫
e
dxt , p ⎟⎟
∫−∞ bq ( xt ) = ∑
m =1
p =1 ⎜ −∞ σ qm , p (2π )
⎟
⎝
⎠
2

yt

M

n

(3.11)

In other words, the CDF of every n-variate diagonal covariance Gaussian is simply the
product of the CDFs of the n univariate Gaussians that it is composed of.
The result in Equation (3.11) is an easily implementable formula for calculating the CDF
of a mixture of diagonal covariance Gaussians. Therefore, Equations (3.8), (3.9) and (3.11) alone
completely define the output PDF of the FHMM and its equivalent HMM.
3.4 Computational Complexity

While the proposed implementation of the Factorial HMM is intuitive and does not
require the implementation of new algorithms, it is computationally challenging. An FHMM
consisting two chains with Q and R states respectively, when transformed, results in an
equivalent HMM with Q × R states. Since the computational cost of the recognition algorithms
for HMMs is proportional to the square of the number of states [7], implementation by an
equivalent HMM dramatically increases the recognition time for each pair of HMMs. For
example, when two isolated digit HMMs are combined factorially, the equivalent HMM requires
16 times the number of computations required by the two digit HMMs together. For this project,
however, ease of implementation was the major consideration and, therefore, an equivalent
HMM implementation was chosen regardless of computational efficiency.
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4. EXPERIMENTAL SYSTEM

This chapter describes the training and testing of the FHMM recognizer for isolated digits
in non-stationary noise. The system was designed and tested in Matlab with the help of routines
provided by Kevin Murphy in the Hidden Markov Model Toolbox for Matlab [10]. Figure 4.1
summarizes the implementation and design procedure followed in the creation of the FHMM
system.

Figure 4.1. Summary of the implementation of the FHMM recognizer for isolated digits in nonstationary noise.
The system was tested on two different types of non-stationary noise, interfering speech
and music. In all tests, two HMMs, one for clean speech and one for non-stationary noise were
combined factorially to create an FHMM. The FHMM was then scored on an observation
sequence of a digit and noise. This procedure was carried out on all possible digit-noise FHMM
combinations to find the best model.
Sections 4.1 and 4.2 describe the training of the speech and music models respectively.
The testing and results using each type of non-stationary noise are presented in Sections 4.3 and
4.4 respectively.
4.1 Isolated Digit HMM

The isolated digit speech recognition system was implemented with 10 HMMs, one for
each digit from zero to nine. Each HMM was designed with 8 states and 120 Gaussian mixtures
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per state. In the front-end pre-processor, feature vectors were created by windowing 32ms of data
with a Hamming window and computing 20 MFSCs as described in Equation (2.2). Consecutive
frames were allowed 16ms of overlap. Adjacent frames of MFSC vectors were then concatenated
(to create continuity between frames) to produce the observation sequence. The values of the
parameters were optimally chosen based on empirical data presented by Rabiner [7].
Each digit HMM was trained on 100 utterances of that digit spoken by 50 male speakers
from the NIST/TIDIGITS speech corpus [11]. The test data used was a subset of the 10
utterances of each digit by 5 speakers not included in the training set. On clean speech, the
baseline system performed with a word recognition error rate of 3%.
4.2 Classical Music HMM

It has been shown that HMMs with MFSC feature vectors can be used to accurately
model music for genre classification purposes with an accuracy up to 80% [9]. The model of
musical ‘noise’ was therefore designed and trained like the isolated digit model, with clips of
music used as ‘utterances’1 instead of spoken digits.
4.2.1 Training Procedure
To reduce the complexity of the recognition task, the music was restricted to classical
music, specifically to string quartets. The classical music HMM was trained on Mozart’s Second
Divertimento, movement 2 Allegro Molto. The observation sequence was computed by taking
consecutive 1.28 s long clips (80 frames) of data from the wave file and generating MFSC
observation vectors exactly like the isolated digit front-end. The HMM was then trained using
the K-Means clustering algorithm and the Baum-Welch re-estimation algorithm [7], [8], [10].
The front-end parameters used for the music HMM (window size, overlap, length of MFSC
vectors) were deliberately chosen to be identical to those of the speech front-end because, during
recognition, the combination of speech and music are processed with the same front-end
processor.

1

A music clip is referred to as an ‘utterance’ even though it does not contain any speech. This is done only to
simplify the semantics of a digit-music combination.
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4.2.2 Power Scaling
The music data had to be scaled down to reduce its power to a level comparable to that of
the speech data. This requirement follows directly from the MIMAX approximation. As
described in Equation (3.4) and illustrated in Figure 1.3, the output of the FHMM in each frame
is equal to the element-wise maximum of the outputs of the two chains it is composed of, i.e. the
digit and the music HMM chains.
y (t ) = max( x (t ), z (t ))

(4.1)

where x (t ) represents the speech and z (t ) represents the music. If in any frame, the music
vector is always greater than the speech vector, the speech is lost completely.
If z (t ) ≥ x (t ), then y (t ) = z (t )

(4.2)

Therefore, the two observation vectors have to be scaled appropriately so that Equation (4.2) is
never true in any frame. Since the music is the undesired signal, it is scaled down to be of
comparable power to the desired speech.
The scaling factor was determined by computing the SNR in each frame of a large
number of mixtures of speech and music. The minimum SNR over all frames of an observation
sequence was regarded as the true SNR for that mixture. The mean of the true SNRs of all
combined utterances was used to compute the scaling factor. The resultant power scaling factor
was found to be 0.31.
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4.2.3 The Optimal Model
The optimal classical music HMM parameters were determined experimentally. A large
number of classical music HMMs were trained by varying the numbers of states, the number of
mixture Gaussians per state, the set of allowed transitions (left-right or ergodic) and the number
of utterances used in recognition. The performance of the resulting FHMM (when combined with
speech) was then compared for all the models. The FHMM was tested on digits 0, 1 and 2 mixed
with clips from the third movement, Allegro Assai, of Mozart’s second Divertimento. Two
utterances of each digit were mixed with two clips from different sections of the piece. The
results from the HMM parameter variation tests are presented in Table 4.1. The optimal model
was found to be a left-right HMM with 6 states and 1 Gaussian mixture per state, with a training
set containing 40 clips of music.
TABLE 4.1.
Variation of Performance of Classical Music HMMs with Variation in Parameters
Observation
Scaling
Training
Recognition Average
States Mixtures
Sequence Length
factor
Set Size
Rate
SNR
(Frames)
6
1
0.3146
40
80
6 out of 6
1.13
6
6
6
8

1
1
2
4

0.3146
0.4116
0.3146
0.3146

40
40
80
80

100
80
80
80

4 out of 6
4 out of 6
4 out of 6
4 out of 6

0.33
1.13
1.13
1.13

4.3 Simultaneous Multiple Digit Recognition

In the first set of performance tests, interfering speech was used as non-stationary noise.
The interfering speech was restricted to isolated digits because an HMM of isolated digits was
already available. Since Factorial HMMs model the simultaneous occurrence of two processes,
in this case, two speech signals, the problem of isolated recognition with interfering digits
became equivalent to the problem of recognizing two different digits spoken simultaneously. To
test the system’s performance as a multiple digit recognizer, the following two recognition tasks
were devised.
The first task given to the system was that of isolated digit recognition with interfering
digits. One of the digits of the double-digit pair was treated as the ‘signal’ and the other as a
known ‘interference’ at 0db SNR. The system’s performance in recognizing the signal digit,
given the knowledge of the interference digit, was then tested for different combinations of
digits. In the second set of experiments, the system was not given any prior information on either
digit and its simultaneous double-digit recognition performance was evaluated.
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In each test, two utterances (produced by different speakers) were combined at 0db SNR
in the time domain, followed by the computation of an MFSC observation sequence using the
same front-end used during training. The recognition system was then presented with the task of
finding the Factorial HMM (out of all combinations of allowed digits) that best modeled the
mixed utterance.
The details and test results from both tasks are presented in Sections 4.3.1 and 4.3.2.
4.3.1 Recognition of a ‘Signal’ Digit Given an ‘Interference’ Digit
In this test, as described above, the system was given a mixed utterance of a known
(interference) and an unknown (signal) digit. The recognition system then had to decide which
digit’s HMM, when combined with the HMM of the ‘interference’ digit, produced an FHMM
that best modeled the mixed utterance.
The baseline system’s performance in this task was also evaluated for comparison. This
was done by comparing log-likelihoods of the utterance mixture produced by different HMMs
(except the interference digit HMM) and then choosing the digit HMM with the highest
likelihood as the recognized ‘signal’ digit.
The results from the tests are presented in Table 4.1. The multiple-digit recognition
system showed an average relative improvement in word accuracy of 35% over baseline.
TABLE 4.1
Average recognition rates of the ‘signal’ digit, given the ‘interference’ digit. The column N
represents the number of utterances of each digit. The results presented are percent (number)
correct.
Baseline
FHMM Recognition Rate
Allowed Interference
N
Allowing FHMMs of
Not allowing pairs Recognition
Digits
Digit
Rate
pairs of the same digit
of the same digit
0-5
4
1
83%
100%
67%
0-8
3
5
64%
68%
55%

17

4.3.2 Simultaneous Double-Digit Recognition
In this set of tests, as described above, the system was given a mixed utterance of two
unknown digits. It was then presented with the task of identifying both the digits by comparing
log-likelihoods of the mixed utterance from all allowed FHMM combinations. A successful
recognition of both digits was labeled a ‘complete success’ (CS) and a recognition of one of the
digits in the pair was labeled a ‘partial success, partial failure’ (PSPF). The recognition rate was
computed by,
Recognition Rate (%) =

CS + 0.5 × PSPF
N trials

(4.3)

where Ntrials is the total number of recognitions performed.
Table 4.2 lists the results from the double-digit recognition tests. The FHMM system
showed an average relative improvement in word accuracy of 105% over baseline.
TABLE 4.2
Average recognition rates for the task of simultaneous double-digit recognition. The CS/N
column represents the ‘complete success’ recognition rate, assuming no models of pairs of the
same digit. The column N represents the number of utterances of each digit. The results
presented are percent (number) correct.
Baseline
FHMM Recognition Rate
CS
Allowed
Recognition
N
Allowing FHMMs of
Not allowing pairs
Digits
N
Rate
pairs of the same digit
of the same digit
5–8

1

100%

-

100%

67%

4–8

4

78%

-

89%

36%

1–5

5

70%

79%

84%

38%

4.4 Recognition of Isolated Digits in Music

In the second set of performance tests, classical music was used as the non-stationary
noise. An excerpt of music was combined with an utterance of a digit in the time domain,
followed by an MFSC observation sequence computation using the same front-end used during
training. The system was then presented with the task of determining the digit which when
combined with the music HMM produced an FHMM that best modeled the mixed utterance.
Different parameters were varied to study the system’s performance at this task. The baseline
performance was obtained by performing recognition of the noisy speech using the isolated digit
HMMs.
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The music sample used in the tests was generated by taking 80 frames of data (around
1.28 s), either sequentially or randomly, from a piece of music in wav format. This was followed
by scaling by a factor of 0.31 to reduce the power of the music to a level comparable to the
power of the speech signal. These parameters had been determined empirically during the testing
of the baseline music HMM.
The set of allowed music clips was limited to classical string quartets because the music
HMM had been trained on this genre. The two pieces of music used for the generation of the
music data were the first (Andante) and third (Allegro Assai) movements of Mozart’s second
Divertimento. The second movement was faster and quicker as opposed to the first movement,
which was slower and quieter. None of the data from the training set was allowed during
recognition.
The results from each test are presented in Table 4.3. For the task of isolated digit
recognition in background music, the FHMM system showed an average relative improvement in
word accuracy of 170% over baseline.
TABLE 4.3
Average recognition rates for the task of isolated digit recognition in background music. The
column N represents the number of utterances of each digit. The recognition rates presented are
percent (number) correct.
Baseline
FHMM
Clip/
Recognition
Recognition
Allowed
Music File
Speaker
N
Digits
Recog.
Ave. Recog. Ave.
Sequence
Rate
SNR
Rate
SNR
Allegro Assai

Random

0-6

5

17%

-0.39

65%

-0.65

Allegro Assai

Sequential

0-6

5

23%

0.55

66%

0.55

Andante

Random

3-8

5

30%

4.34

73%

4.77

Andante

Sequential

1-8

8

30%

10.43

66%

10.43
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5. DISCUSSION

In the previous chapter, the Factorial HMM was tested on three distinct tasks, two dealing
with recognition in non-stationary interfering speech and the one with recognition in nonstationary music. The three tasks presented to the system started with the simplest (recognition of
a signal digit given an interfering digit) and progressively increased in complexity to the second
(double digit recognition) and the third (recognition of speech in music) tasks. The FHMM
system performed consistently at all three tasks (with recognition rates from 65% to 85%).
However, the baseline system performance dropped consistently from about 55% in task 1 to
38% in task 2 to about 20% in task 3.
5.1 Simultaneous Multiple Digit Recognition

In the first and second tasks, the baseline system performed better than was first indicated
by Figure 1.1. At SNRs of around 0db, it produced recognition rates of 40 to 50%. This is due to
the nature of the database used for testing. All the samples in the TIDIGITS database [11]
contained different durations of silence before and after the utterance of the digit. Because of
this, when two utterances were combined, the actual utterances of the digits did not always align
perfectly. This effect can even be seen in Figure 1.3, where the digits ‘one’ and ‘two’ can easily
be distinguished in their MFSC combination sequence.
Although the baseline system performed better than expected, it is still interesting to note
that while the performance of the baseline system dropped in the second task, the performance of
the FHMM system improved. This is due to the increase in complexity of the second task. While
the FHMM was performing the same operation in both tasks, i.e. the search for the best double
digit combination, the baseline system was not. It was carrying out single digit recognition in the
first task and double digit recognition in the second. In the second task, there were a larger
number of possible choices for the digit pair, which led to a drop in performance. The
improvement in the performance of the FHMM system in the second task was probably due to
the increase in the allowed number of successes as implied by Equation(4.3). In task 1, the
FHMM only had to recognize one digit in the combination, because of which, a success was
defined as the correct recognition of the ‘signal’ digit. However, in the second task, recognition
of one of the digits in the pair was counted as a partial success. Because of this the FHMM
demonstrated a higher overall accuracy in modeling the more diverse set of digit combinations.
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Another observation that can be made from the results is that the FHMM system cannot
easily model simultaneous utterances of the same digit by different speakers. All the tests show
an improvement in performance when pairs of the same digit are not allowed. This is because in
the FHMM structure, each chain is competing to explain the same observation sequence,
resulting in a drop in performance.
5.2 Isolated Digit Recognition in Music

It is interesting to note that the FHMM system is not as sensitive to changes in SNR as
the baseline system. In the first two tests, while the recognition rate of the baseline system
increased by 29% due to an increase of 0.9 db in SNR, the FHMM recognition rate increased
only by 1.1% (for, in fact, a larger increase in SNR). This is because while the baseline HMMs
try to identify the speech despite the music noise, the FHMM tries to identify both. Therefore, as
long as the MIXMAX approximation holds, the SNR of the combination of speech and music
does not significantly affect the performance.
Another feature to notice is the sensitivity of the FHMM to the size of the set of allowed
digits. In the fourth testing Table 4.3, when the number of digits and utterances is increased by
two from the third test, the performance of the FHMM drops more than that of the baseline
system. This suggests that the FHMM is more susceptible to confusion from an increased
number of possible model combinations.
The FHMM solution to the problem of recognizing speech in music has a similar range of
recognition accuracy at 0 dB SNR when compared to current highly robust speech recognizers
[1]. However, while most standard methods for speech recognition in noise (e.g. spectral
subtraction, Wiener filtering) assume stationary or slowly-varying background noise, the FHMM
approach is robust for noise that is rapidly varying over a large dynamic range, like speech or
music.
5.3 Limitations

As suggested in Section 3.4, the FHMM system was found to require long periods of time
to perform recognition tasks. In fact, computational complexity was the chief reason for limiting
the size of the set of allowed digits and number of utterances of each digit in the tests described
in Sections 4.3 and 4.4. The following equation was empirically found to describe the
relationship between test time, the number of allowed digits and the number of utterances for the
task of multiple digit recognition in Matlab, on a Pentium 4, 1.6 GHz processor,
⎛ N × ( N dig − 1) ⎞
Time (Hours) = 0.015 × N trials × ⎜ dig
⎟
2
⎝
⎠

2

(5.1)

where Ntrials is the number of utterances of each digit and N dig is the number of allowed digits
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6. CONCLUSION

The primary objective of this project was to design a system to recognize isolated digits
in non-stationary noise, specifically interfering speech and music. To accomplish this goal, an
isolated digit recognizer was first designed and trained in Matlab [10] for spoken digits at high
SNR. Motivated by Petruncio’s results from HMM musical genre classification using MFSC
feature vectors [9], a classical music HMM was also trained with a front-end MFSC observation
sequence. The digit and noise HMMs were combined using Roweis’ Factorial Hidden Markov
Model [4] with outputs defined by Nadas’ MIXMAX algorithm [5]. The FHMM system was
implemented as an equivalent HMM by extending the results from the MIXMAX algorithm,
Equation (3.6), to a mixture of Gaussians PDF, Equations (3.8), (3.9) and (3.11).
The performance of the FHMM system was evaluated on two types of non-stationary
noise, interfering speech and music at 0 dB SNR. The FHMM system was shown to perform
multiple digit recognition with an accuracy of up to 89%, an average relative improvement of
105% over baseline. At the task of isolated digit recognition in music, the FHMM system was
found to perform with an accuracy of up to 70%, an average relative improvement of 170% over
baseline.
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