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Abstract

In this paper, single channel speech separation (SCSS) tech-
niques based on hidden Markov models (HMM) and vector
quantization (VQ) are described and compared in terms of
(a) signal-to-noise ratio (SNR) between separated and origi-
nal speech signals, (b) preference of listeners, and (c) com-
putational complexity. The SNR results show that the HMM-
based technique marginally outperforms the VQ-based tech-
nique by 0.85 dB in experiments conducted on mixtures of
female-female, male-male, and male-female speakers. Subjec-
tive tests show that listeners prefer HMM over VQ for 86.70 %
of test speech files. This improvement, however, is at the ex-
pense of a drastic increase in computational complexity when
compared with the VQ-based technique.
Index Terms: Single Channel Speech Separation, HMM, VQ

1. Introduction
Model-based single channel speech separation (SCSS) refers to
techniques which use trained models of speakers in order to
separate speech signals from a “single” recording of their mix-
ture [1]. Hidden Markov models and vector quantization are
two modeling techniques which have been used and compared
in many speech processing applications such as speech recog-
nition, speaker recognition, speech enhancement, and speaker
verification. However, to the best of our knowledge no study
has been carried out to compare the performance of HMM and
VQ modeling techniques applied in SCSS. In this paper, we aim
for performing this comparison.

One of the pioneering and most cited works in SCSS is the
method proposed by Rowies [2] in which the sources are mod-
eled using HMMs and the HMMs’ states which maximize the
log likelihood of the observation are decoded using the parallel
Viterbi algorithm. On the other hand, in VQ-based SCSS [3]
the sources are represented with codebooks such that a search
is done to find the optimal set of codevectors, one from each
codebook, that when mixed satisfy a minimum distortion crite-
rion compared to the observation feature vector. In this paper,
the methods proposed in [2] and [3] are compared. Another ob-
jective of this paper is to provide an in depth description with
concrete mathematical expressions for the parallel-Viterbi al-
gorithm applied in the decoding phase of HMM-based SCSS.
The parallel-Viterbi algorithm is used in [2] and its successors
without any clear description.

The authors wish to thank the Natural Sciences and Engineering
Research Council (NSERC) of Canada for partially funding this project.

The rest of this paper is organized as follows. In Sec. 2, pre-
liminary definitions and notations used for representing signals
are given. In Sec. 3 and Sec. 4, HMM- and VQ- based SCSS
techniques are described, respectively. In Sec. 5, the procedure
by which the sources are recovered in the time domain are ex-
plained. Experimental results are reported in Sec. 6 and finally,
conclusions are drawn in Sec. 7.

2. Log-Spectral Vectors of the target and
interference signals and their mixture

Let xr = {xr(d)}D−1
d=0 , vr = {vr(d)}D−1

d=0 , and yr =

{yr(d)}D−1
d=0 be the D−dimensional log-spectral vectors of the

rth frames of the target, interference, and their mixture signals,
respectively. These log-spectral vectors are obtained by tak-
ing the amplitude logarithm of the D−point discrete Fourier
transform of the corresponding vectors in the time domain,
that is, ẋr = {ẋr(n)}N−1

n=0 , v̇r = {v̇r(n)}N−1
n=0 , and ẏr =

{ẏr(n)}N−1
n=0 = ẋr + v̇r , where N ≤ D denotes the window

length and overset dot denotes the time domain.
The relation between yr , xr and vr can be expressed using

the MIXMAX approximation [1]. According to the MIXMAX
approximation, the log spectrum of the observation is approxi-
mately equal to the maximum element-wise of the log spectra
of the target and interference. Mathematically, this means

yr(d) ≈ max
`
xr(d), vr(d)

´
d = 0, . . . , D − 1. (1)

3. HMM-based Separation
3.1. Modeling Phase

The parameter set of a K-state HMM with the discrete state
sequence qx � (qx1 , q

x
2 , . . . , q

x
r , . . . , q

x
R) for the log-spectral

vectors of the target is given by λx(π
x, ax, bx) where πx �

{πx
i }, πx

i = p(qx1 = i)

ax � {axij}, axij = p(qxr = j|qxr−1 = i) 2 ≤ r ≤ R,

bx � {bxj (xr)}, bxj (xr) = p(xr|qxr = j), 1 ≤ r ≤ R,

1 ≤ i, j ≤ K, where p(qx1 = i) denotes the initial state proba-
bility, p(qxr = j|qxr−1 = i) represents the state transition prob-
ability, and p(xr|qxr = j) represents the probability density
function (PDF) of xr given the HMM is in state j. We assume
that this PDF is modeled using a Gaussian distribution with a
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diagonal covariance matrix in the form

p(xr|qxr = j) =

D−1Y
d=0

exp

„
− 1

2

“xr(d)− μj
x(d)

σj
x(d)

”2
«

σj
x(d)

√
2π

(2)

where μj
x(d) and σ2j

x (d) are the dth component of the mean
vector and the dth element on the diagonal of the covariance
matrix of the j th state, respectively.

Likewise, a K-state HMM with the discrete state sequence
qv � (qv1 , q

v
2 , . . . , q

v
r , . . . , q

v
R) is assigned for the log-spectral

vectors of the interference defined by λv(π
v, av, bv). HMM

parameters for the interference, i.e. vr , are defined similar to
those of xr except that subscript j and i are replaced with k and
�, respectively.

3.2. Separation Phase

Given the observation log-spectral vectors y �
(y1, . . . ,yr, . . . ,yR) and the parameter sets λx(π

x, ax, bx)
and λv(π

v, av, bv), we aim at finding the best
state sequences q̃x = (q̃x1 , q̃

x
2 , . . . q̃

x
r , . . . q̃

x
R) and

q̃v = (q̃v1 , q̃
v
2 , . . . q̃

v
r , . . . q̃

v
R) which maximize

(q̃x, q̃v) = argmax
qx,qv

p(qx,qv,y|λx, λv). (3)

We solve the maximization problem in (3) using the parallel-
Viterbi algorithm, which is, in fact, a two-dimensional form of
the original Viterbi algorithm. To do this, we first define the
variable

δr(i, �) = max
qx1 ,qx2 ,...,qxr
qv1 ,qv2 ,...,qvr

p(qx1 , . . . , q
x
r = i, qv1 , . . . , q

v
r = �,y1, . . . ,yr|λx, λv)

(4)

which is the probability corresponding to the two best paths
from the first to the rth observation. For the (r + 1)th obser-
vation, we have

δr+1(j, k) = [max
i,�

δr(i, �) a
x
ij a

v
�k]bj,k(y

r+1) (5)

where

bj,k(y
r+1) = p(yr+1|qxr+1 = j, qvr+1 = k). (6)

In [4, IV.A], we showed that

p(yr|qxr = j, qvr = k) ≈
D−1Y
d=0

1p
2πσ2

max(d)
exp

“
−

“
yr(d)−max

`
μj
x(d), μ

k
v(d)

´”2

2σ2
max(d)

”
,

(7)

where σ2
max(d) is the variance of the source whose mean is

greater than the other—for instance, if μj
x(d) ≥ μk

v(d), then
σmax(d) = σj

x(d). Using these definitions, we now present
the parallel Viterbi algorithm. It should be noted that the par-
allel Viterbi algorithm, like the Viterbi algorithm, can be im-
plemented by applying either probabilities directly or the log
of probabilities. We use the latter since it not only reduces
computations (replacing multiplication by summation) but also
prevents numerical instability which should be carefully treated
since we deal with probabilities of order 10−200. The parallel
Viterbi algorithm in the log domain is carried out in five steps,
as follows:

1. Preprocessing

• π̂x
j = log πx

j , and π̂v
k = log πv

k , 1 ≤ j, k ≤ K

• b̂j,k(y
r) = log bj,k(y

r), 1 ≤ j, k ≤ K, 1 ≤
r ≤ R

• âxij = log axij , and âv�k = log av�k 1 ≤
i, j, �, k ≤ K

2. Initialization

• δ̂1(j, k) = log δ1(j, k) = π̂x
j + π̂v

k +

b̂j,k(y
1) 1 ≤ j, k ≤ K

• ψr(j, k) = 0 1 ≤ j, k ≤ K , 1 ≤ r ≤ R

3. Recursion

• δ̂r(j, k) = log δr(j, k) = max
1≤i,�≤K

[δ̂r−1(i, �) +

âxij+â
v
�k]+b̂j,k(y

r) 1 ≤ j, k ≤ K, 2 ≤ r ≤ R

• ψr(j, k) = argmax
1≤i,�≤K

[δ̂r−1(i, �)+ â
x
ij + â

v
�k] 1 ≤

j, k ≤ K, 2 ≤ r ≤ R

4. Termination

• P = max
1≤i,�≤K

δ̂R(i, �)

and (q̃xR, q̃
v
R) = argmax

1≤i,�≤K
δ̂R(i, �)

5. Path backtracking

• (q̃xr , q̃
v
r ) = ψr+1(q̃

x
r+1, q̃

v
r+1), r = R− 1 . . . , 1

4. VQ-Based Separation
4.1. Modeling Phase

In addition to using HMMs, we also model the log-spectral
vectors of the target and interference using vector quantization
which, as opposed to an HMM, does not model temporal mem-
ory. Let Cx = {cix, i = 1, . . . ,K}, cix = {cix(d)}D−1

d=0 , be
a K-entry codebook of log-spectral vectors of the target sig-
nal. Let Cv = {cjv, j = 1, . . . ,K}, cjv = {cjv(d)}D−1

d=0 , be
a K-entry codebook of log-spectral vectors of the interference
signal. These codebooks are obtained in the training phase us-
ing the Linde-Buzo-Gray (LBG, 1980) algorithm [5] which is a
vector quantization technique.

4.2. Separation Phase

The VQ-based SCSS technique can be considered as a memo-
ryless version of HMM-based SCSS described in the previous
section. In the VQ-based SCSS technique, the feature space
(log-spectral vectors) of the target and interference are parti-
tioned into K clusters using the LBG algorithm and the cen-
troids of the regions are codevectors that represent the clusters.
Here, the goal is to find the codevectors and scale factors which
best model the observation. The selected codevectors and scale
factors are then used to build filters to recover the target and
interference. The formulas presented here are, in fact, sim-
plified forms of those presented for HMM. The algorithm can
be explained as follows. Let sx � (sx1 , s

x
2 , . . . , s

x
r , . . . , s

x
R),

sxr ∈ {1, . . . ,K}, and sv � (sv1 , s
v
2 , . . . , s

v
r , . . . , s

v
R), s

v
r ∈

{1, . . . ,K}, be the codevector index sequences for the target
and interference codebooks Cx and Cv , respectively. Then, for
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each frame, the indices of the pair of codevectors that mini-
mize the following cost function incorporating the MIXMAX
approximation are found.

(s̃xr , s̃
v
r) = argmin

1≤i,j≤K

D−1X
d=0

“
yr(d)−max

`
cix(d), c

j
v(d)

´”2

.

This error function considers that the codevectors ci
∗
x and cj

∗
v

that minimize the Euclidean distance between yr and the right-
hand side of (1) when the original vectors xr and vr are re-
placed with the codevectors from Cx and Cv . Thus, the best
codevector index sequences s̃x = (s̃x1 , s̃

x
2 , . . . , s̃

x
r , . . . , s̃

x
R) and

s̃v = (s̃v1 , s̃
v
2 , . . . , s̃

v
r , . . . , s̃

v
R) which jointly model the mix-

ture are obtained. Similar to the HMM scenario, the selected
codevectors are then used to build filters whereby the target and
interference are estimated. This subject will be discussed in
Sec. 5.

5. Recovering Target and Interference
using the Decoded Parameters

In the two previous sections, we proposed how to obtain the best
state sequences for trained HMMs, i.e., q̃x and q̃v , as well as
the best codevector indexes, i.e., s̃x and s̃v , which best model
the observation in a maximum likelihood sense. Now, we use
this information to build two filters, known as binary masks,
which when applied to the observation yields estimates of the
target and interference signals. First, we discuss the HMM sce-
nario; the VQ scenario is analogous. In the HMM scenario,
using the mean vectors of the decoded states, the binary mask
to estimate the target is given by

Hr
xHMM

(d) =

(
1, μ

q̃xr
x (d) ≥ μ

q̃vr
v (d)

0 , μ
q̃xr
x (d) < μ

q̃vr
v (d)

d = 0, . . . , D − 1

(8)
whereas the binary mask for the interference is given by
Hr

vHMM
(d) = 1 − Hr

xHMM
(d). In (8), μq̃xr

x (d) and μq̃vr
v (d)

represent the dth components of the mean vectors of the de-
coded states of the target and interference HMMs, respectively,
for the rth frame. The target binary mask is multiplied with
the D-point DFT of the rth frame of the observation and then
the D-point inverse DFT is applied to the resulting vector to
give an estimate of the target in the time domain. Finally, the
time-domain vectors are multiplied by a Hann window and the
overlap-add method is used to recover the target signal. An es-
timated time-domain interference signal is obtained in a similar
fashion. For the VQ scenario, all procedures explained in the
previous paragraph are the same except that the binary masks
are built using the decoded codevectors cs̃

x
r

x and c
s̃vr
v

6. Experiments
Speech files considered for the experiments are selected from
the database presented in [6]. 12 speakers are selected to form
the mixtures of female-female, male-male, and female-male
pairs. The selected speech files are not included in the training
phase. After mixing speech files, 10 female-female, 10 male-
male, and 10 female-male mixtures (observations) are obtained.
One of the speech signals in each mixture is treated as the target
while the other one as the interference. Throughout the exper-
iments, a Hamming window of length 32 msec with a frame
shift equal to 10 msec is used to segment the speech files. Also,
a Hann window is used in the overlap-add method for synthesiz-
ing the separated speech signals. The sampling rate is decreased

to 8 kHz from the original 25 kHz in the database presented in
[6].

For each speaker, 100 sentences are used for HMM and VQ
training. The windowed training speech files are transformed
into the log frequency domain using a 256-point discrete Fourier
transform (D = 256), resulting in log-spectral vectors of di-
mension 129. For VQ modeling, the LBG VQ algorithm [5]
with binary splitting initialization is used to construct a 64-entry
codebook (K = 64) for each speaker. For HMM modeling, we
used the Baum-Welch method to estimate the HMM parame-
ters. The number of states is set to 64 (K = 64). The initial
estimates of the HMM parameters are obtained from the VQ
training. The Baum-Welch method iterates until either the dif-
ference between the current and previous log likelihood is equal
or less than 0.00001 or the maximum number of iterations is
reached (we set the maximum number of iterations to 15).

Signal-to-noise ratio (SNR) between the original (X(t)),
and separated (X̂(t)) speech signal, defined by

SNR = 10 log10

» P
t

`
X(t)

´2P
t

`
X(t)− X̂(t)

´2
–

t = 0, . . . , T − 1,

is used to evaluate the performance of the two systems. Re-
cently, other evaluation metrics have been proposed for perfor-
mance evaluation of speech separation system [7]. Here, we,
however, apply two most widely used approaches , i.e. SNR
and subjective test, for this comparison. SNR results for HMM-
and VQ-based techniques are shown in Fig. 1, Fig. 2, and Fig. 3
for 10 target (upper panels) and 10 interference (lower pan-
els) speech files for female-female, male-male, and female-male
mixtures, respectively, The results show for all speech signals
(except for no. 4 and no. 7 in the female-male scenario) HMM
outperforms VQ. In Table I, the average SNR results for each
type of mixture are given. Although the HMM-based tech-
nique outperforms the VQ-based technique, the improvement is
not very large considering the sheer complexity of HMM when
compared with VQ

Here, we discuss the complexity of the two algorithms in
the test phase. The computational complexity of VQ based tech-
nique corresponds to the search algorithm in the codebooks. At
each frame a K ×K search must be performed to find the best
two codevectors. Hence, for R frames, the total complexity of
the VQ-based technique is O(RK2). In the HMM-based tech-
nique, the parallel-Viterbi algorithm comprises the main source
of complexity. In one dimensional Viterbi algorithm, the com-
plexity is O(RK2), so we expect the complexity associated
with parallel Viterbi algorithm be O(RK4). Nonetheless since
the two speakers’ HMM models are independent, it is shown
that the complexity of the parallel-Viterbi algorithm isO(RK3)
[8]. Therefore, we observe that the VQ-based technique is K
times less complex than the HMM-based technique. To reduce
the complexity of the parallel-Viterbi algorithm, there have been
a number of proposed techniques [2, 9, 10] but the effect of
these pruning techniques on the performance have not been re-
ported.

We also perform a subjective A-B test to evaluate which
method the listeners prefer. In this test, listeners are asked to
listen to the separated speech files obtained from the two tech-
niques and choose method A (HMM-based technique), method
B (VQ-based technique), or no preference. Four speech pro-
cessing experts were asked to listen to speech files and choose
their preferred methods. Table II shows the percentage of ob-
tained results averaged over three types of mixtures. The results
show VQ never preferred over HMM. HMM decoded speech
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frequently has less artifacts and sounds a lot smoother than VQ
decoded speech. The subjective tests also reveal the fact that
the modest SNR gain numbers actually correspond to a strong
preference for the decoded HMM speech.

7. Conclusion
We compared the performance of HMM and VQ based SCSS.
We observed that the HMM-based technique outperforms the
VQ-based technique at the expense of a significant increase in
computational complexity, order K times increase. We also ob-
served that SNR results do not definitively reflect the merits of
HMM over VQ, confirming that SNR is not the most appropri-
ate criterion for evaluating SCSS performance. In contrast, sub-
jective experiments show that listeners significantly prefer sep-
arated speech signals obtained from HMM. Reducing the com-
plexity of HMM-based SCSS techniques seems to be a desir-
able direction for future studies. In addition, introducing more
meaningful objective criteria for evaluating SCSS is of great
importance in order to fairly assess the performance of SCSS
techniques.

Table 1: Average SNR results (dB)
Mixture HMM VQ |Diff|
Female-Female 5.35 4.70 0.65
Male-Male 5.03 3.77 1.26
Male-Female 7.11 6.46 0.65
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Figure 1: SNR results for 10 target (upper panel) and 10 in-
terference (lower panel) separated speech files from male-male
mixtures using HMM and VQ.

Table 2: Average A-B test results (%)
HMM VQ No preference
86.70 0 13.30
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