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Abstract—A novel vector-space-based adaptive filtering
(VAF) algorithm for acoustic echo cancellation (AEC) is
presented. The proposed VAF algorithm can be divided into
two phases: offline and online. In the offline phase, VAF
constructs a vector space to incorporate the prior
knowledge of adaptive filter coefficients from a wide range
of different channel characteristics. Then, in the online
phase, a mapping function is derived to estimate the adap-
tive filter for the testing condition using the constructed vec-
tor space. By using the vector space, VAF can effectively
and efficiently estimate the parameters of the adaptive filter
for the unknown testing condition. The experimental results
for three designed AEC tasks demonstrate that VAF pro-
vides notably faster convergence rates compared to conven-
tional adaptive filtering methods.

Index Terms—Vector-space-based adaptive filtering algorithm,
VAF, prior knowledge, acoustic echo cancellation

l. INTRODUCTION

N hands-free telephony and teleconferencing systems, the

existence of undesired echoes, usually produced by acoustic
coupling between the loudspeaker and microphone, may seri-
ously degrade the quality and intelligibility of speech signals.
Various adaptive filtering (AF) methods have been developed
and are widely employed for acoustic echo cancellation (AEC)
in practical communication systems [1-9]. Generally, an AF
method involves characterizing an echo-path impulse response
using a filter function and removing the predicted echoes from
the microphone signals in a step-by-step manner. Figure 1
shows an AF-based AEC system, where x(n), y(n), and
e(n) are the input signal, echo signal, and estimated error, re-
spectively. The true and estimated echo paths are represented
by h(n) and h(n), respectively. An AEC system removes the
undesired echo signal components, y(n), by modeling the
echo-path impulse response with an adaptive filter, and sub-
tracting the estimated echo signal components, y(n).

Least mean square (LMS) and normalized LMS (NLMS)
are two fundamental AEC approaches [10-18]. Due to their ef-
fectiveness and low computation cost, LMS and NLMS have
been widely used to perform AEC in real-world applications.
Several improved schemes have been proposed more recently.
The affine projection algorithm (APA) incorporates a set of in-
put vectors to update the weights rather than only using the
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current input vector [18-21]. Proportionate APA (PAPA) has
been proposed to update the filter according to the proportion
of the magnitude of the estimated filter coefficient [22-25]. Sev-
eral extensions of PAPA have further enhanced performance
such as IPAPA [26], simplified PAPA [27], memory IPAPA
(MIPAPA), and the approximated MIPAPA algorithms [28, 29].
Moreover, Levenberg—Marquardt regularized APA (LMR-
APA) regularized the filter estimation by using the prior
knowledge to accelerate the convergence speed [30-32].
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Fig. 1. Flowchart of a conventional AF-based AEC system.

This study proposes a vector-space-based AF (VAF) algo-
rithm for AEC. VAF utilizes prior information of the acoustic
conditions to facilitate filter estimations. Different from incor-
porating the prior information to form the regularization terms
(as used in LMR-APA), the proposed VAF structures the prior
knowledge into a vector space and uses a mapping function to
transform the space for updating the adaptive-filter coefficients.
VAF allows the parameters of the adaptive filters to be esti-
mated using the constructed vector space, thereby increasing
both the effectiveness and efficiency of the estimation process.
Since the concept and procedure of VAF are different from
PAPA and LMR-APA, VAF can be suitably integrated with
these two approaches. Hereafter, the integrations of VAF with
PAPA and LMR-APA are termed vector-space PAPA (VPAPA)
and vector-space regularized APA (VRAPA), respectively.

We evaluated the proposed VAF using a designed AEC
task. The experimental results demonstrate that VPAPA and
VRAPA provide faster convergence and lower convergence
mean-square errors compared to PAPA and LMR-APA, respec-
tively. The results demonstrate the ability of VAF to transform
traditional methods into enhanced versions for faster conver-
gence and lower errors, thereby confirming the effectiveness of
using prior knowledge for AF algorithms.

Il.  ADAPTIVE FILTERING METHODS

This section reviews the fundamental aspects of AF and pre-
sents PAPA and regularized APA algorithms.
A. Fundamental Aspects of an AF Algorithm

Referring to Fig. 1, x(n) is the input signal, and h(n) is the
true echo path, represented as
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x(n) = [x(m) x(n = 1) x(n - L+ D], 1)
h(n) = [ho(n) hy(n) - hL—l(n)]T' )
where L is the length of the filter, [ ]Trepresents the transpose
operator, and both x(n) and h(n) are L-dimensional vectors.
The signal y(n) is the convolution of x(n) and h(n):

y) = " Mh®). 3
The goal of AF methods is to estimate filter h(n), so that
() = x"(m)h(n), (4)

producing minimal error, e(n) = y(n) — (n). Below we de-
scribe two types of AF methods: PAPA and LMR-APA.

B. The Proportionate APA
The PAPA forms an L X p matrix, X(n), using the most re-
cent samples of the input signal,
X(m) =[x(m) x(n—1) - x(n—p+ 1] (®)
The output signal is formulated as a p-dimensional vector,
ym) =[ym)yn—1) - yn—-p+ D" (6)
Each error vector e(n) with p dimensions is formulated as
e(n) = y(n) = X"(m)h(n), 7
where e(n) = [e(n) e(n — 1) --e(n —p + 1)]T. The PAPA
updates the impulse response of the channel based on [22-25]:
h(n) = h(n - 1) + pG(M)X () [X" (n) (8)
G(MX(n) + 61,5, e(n),
where u isthe stepsize, § isa positive parameter, L,,, isan
p X p identity matrix, and G(n) isan L x L diagonal propor-
tionate matrix. The elements of G(n) are denoted as
9:(m), 1 =0,..,L— 1, which are related to the magnitudes of
the coefficients in h(n — 1) and can be expressed as
)y = ©)
A VAN
k;(n) = max{ p X
max[y, [ho(n — D]+ a1 (n = D], [l = D3,
where [ =0,...,L — 1 being the tap indices. Parameter y is
included in (10) to prevent h;(n — 1) from stalling during the
initialization stage with h(0) = 0,,,, while p prevents coeffi-
cients from stalling when they are much smaller than the largest
coefficient [25]. The derivation of the PAPA in (8) can be ap-
plied to the two related approaches, APA [18-21] and IPAPA
[26], by specifying different forms of G(n).
C. The Regularized APA
The RAPA utilizes prior knowledge to design the regularization
term. The LMR-APA estimates the channel characteristic by:
h(n) = h(n— 1) + uR,(M)X () [XT(n)
Ry (m)X(n) + Z.(m)] 'e(n),
where Re(n) is the covariance matrix, and Z.(n) is the diag-
onal weighting matrix. More information about preparing
Rs(n) and Z.(n) can be found in [30]. Comparing (8) and
(11), PAPA and LMR-APA use similar updating functions with
different regularization terms. In [30], it is verified that using a
carefully designed R;(n) and ZX.(n), the regularization
techniques effectively improve conventional AF methods.

where
(10)

(11)

I1l.  THEVAF

The flowchart of the proposed VAF is illustrated in Fig. 2. A
comparison of Figs. 1 and 2 reveals that VAF incorporates a

vector space structure, H, to adaptively adjust h(n). The pro-
posed VAF algorithm can be divided into two phases: offline
and online, which will be described in detail below.

A. Offline Phase of VAF

The goal of the offline phase is to prepare a structure that incor-
porates the prior knowledge of filter coefficients for a wide
range of channel characteristics. By collecting K different chan-
nels, we prepare K sets of filter coefficient vectors, where h*
contains L coefficients, namely

hg hg
H = [h!-- hX] = [ : : l (12)
hll,—l hi(—1
where H is the prior-knowledge matrix.
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Fig. 2. Flowchart of a VAF-based AEC system.

B. Online Phase of VAF

The matrix H = [h'--- h¥] can be considered as the vector
space formed by different channel characteristics. With H, we
attachan L x L identity matrix I,,; to produce a matrix S:
S= [HlleL]- _ (13)

With the prepared S, we compute h(n) using w(n), where
wn) =[am)Tb®m)T]T is an (K+L)-dimensional vector,
a(n) = [a;(n) - ax ()] is a K-dimensional weighting vec-
tor,and b(n) = [by(n) ---b;_,(n)]T isan L-dimensional bias
vector. Then we estimate the filter h(n) by

h(n) = Sw(n) = Ha(n) + b(n). (14)
From (14), with a well-prepared H, the weighting vector a(n)
facilitates an efficient estimation of h(n). The same technique
that incorporates prior information to facilitate online estima-
tion has been confirmed effective in many pattern characteriza-
tion tasks [33-35]. Notably, by constraining a(n)=0, no prior
information is used, and VAF becomes conventional AF.

C. The VPAPA
When applying the vector-space technique, (7) becomes
e(n) = y(n) — X" (M)Sw(n). (15)

Similar to the derivation of PAPA as presented in [24], we first
define the VPAPA cost function as
LWw®),4) = |ISw(n) — Sw(n — 1)|I? (16)
+[y(n) - XT(m)G(m)sw(n)]"4,
where A is a Lagrange multiplier, and G(n) is defined in (9)
and (10). By differentiating L(Ww(n), 1) with respectto w(n)
and equating the result to zero, we have

28T[Sw(n) — Sw(n —1)] — STG(n)X(n)A = 0. 17
By setting J = STS, U =J"!ST, and V = SU, we have
A= XT(m)VG(n)X(n)) 2e(n). (18)

Finally, the proposed VPAPA updates w(n) by
wn) =whn —1) + 'UG(n)X()[XT(n) VG(n)X(n)

+6' Lyl e (n), (19)



where ' is the step size, and &' is a positive parameter. With
the estimated Ww(n), we can use (14) to obtain h(n). It should
benotedthat S, J (and J~1), U,and V can be prepared in the
offline stage. Therefore, VPAPA does not require additional
computation to obtain these matrices in the online phase. Simi-
lar to the relation between PAPA and APA, the update function
for vector-space APA (VAPA) can be derived using (19), by
using an identity matrix for G(n).

D. The VRAPA
Next, we apply the vector-space technique with regularized
APA to obtain vector-space regularized APA, namely VRAPA.
Similar to the derivation of LMR-APA in [30], VRAPA first
formulates a cost function
H(Wwn)) = AT(M)R;'(m)A(n) + BT(m) 2, (n)B(n),  (20)
where A(n) = [Sw(n) — Sw(n —1)], and B(n) = [y(n) —
XT(n)Sw(n)]. Based on (20) with some derivations, we can
obtain the VRAPA update formulation:

wn) = wn - 1) +p'QM)STX(M)[XT (n)SQ(n)

STX(n) + Z.(n)] te(n),

where Q(n) = [STR;'(n)S] ™.

(21)

IV. EXPERIMENTS

A. Experimental Setup

The room impulse response (RIR) was simulated using an RIR
generator toolkit [36]. The RIR generator allows assignments
of the RS, position of the voice source, and position of the mi-
crophone. We can also design the reflection coefficients (RCs),
sampling rate, and reflection time for a particular testing RIR
condition. In this study, we varied the RSs and RCs while keep-
ing other parameters fixed.

The testing data in this study comprised a clean utterance
pronounced by a female speaker: “01bc0207.wv1” in the Au-
rora-4 database [37-39]. The RIR generator was then applied to
artificially generate the RIR-affected test utterance. To prepare
the vector space for the VAF algorithm, another two utterances
made by the same speaker in the Aurora-4 database were se-
lected and concatenated to form the training data. The lengths
of training and testing data were around 25 and 13 seconds, re-
spectively, and the sampling rates for both data were 8 kHz.

We simulated 50 RIR effects, with 10 kinds of room size
RS and 5 RCs. These 50 RIR effects were applied to the training
utterance, thus preparing 50 RIR affected utterances. Table 1
summarizes the RSs and RCs used to prepare the training and
testing data. The source and microphone are always placed in
(1.0, 1.0, 1.0) and (1.0, 0.4, 0.6), respectively. The sparseness
of the impulse responses of the training data range from 0.132
to 0.987 [19]. For the 50 RIR affected utterances, we applied
PAPA to compute filters with the length set to 100. Thus, we
collected 50 filter vectors (K=50, h! --- h5°), each consisting of
100 coefficients (L=100), and used them to form the vector
space, H, according to (12). To investigate the effectiveness of
VAF, we designed three sets of testing conditions, denoted as
test sets A, B, and C. For test set A, we adopted the RS and RC
setups that were covered by the training data. For test set B, the
RS was included while the RC was not included in the training
set. For test set C, neither the RS nor the RC was included in
the training set. The sparseness of the impulse responses of test

TABLE |
CONFIGURATION OF TRAINING AND TESTING DATA SETS

Data Set Room Size (RS) Reflection Coeffi-

x, Y, 2) cient (RC)
Training Set (1.1,1.1,1.1) 0.81
(1.2,1.2,1.2) 0.62
(1.3,1.3,13) 0.43
(1.4,1.4,1.4) 0.24
(1.5,1.5,15) 0.05
(1.6, 1.6, 1.6)
1.7,1.7,17)
(1.8,1.8,1.8)
(1.9,1.9,1.9)
(2.0,2.0,2.0)
Test Set A (1.4,1.4,1.4) 0.43
Test Set B (1.4,1.4,1.4) 0.5
Test Set C (1.2,1.3,1.4) 0.5

sets A, B, and C are 0.588, 0.438, and 0.387, respectively. In
this study, we set the projection order, p=16 in (5).

B. Experimental Results

This section presents the experimental results for the PAPA and
the proposed VPAPA for the three test sets! [40]. In addition to
the conventional VPAPA that uses a 100x50 matrix H to form
the vector space, we applied the K-means algorithm [41] on the
50 filter vectors, namely h*---h%° in H to obtain an Hc,
100xC matrix (where C is the number of clusters after the K-
means process). In our preliminary experiments, we have tested
VPAPA using H¢ with various C values, and the performance
shows that C=5 already provides satisfactory performance, and
thus C=5 is used to prepare H¢ in this study. In the following
discussion, we use “VPAPA (O)” and “VPAPA (C)” to denote
VPAPA using H and Hg, respectively, for (13)-(19). Notably
since VPAPA (C) uses a 100x5 matrix H¢, the online compu-
tation and the storage requirement for the matrix are both lower
than VPAPA (O), which uses the original 100x50 matrix H.
In Fig. 3, the black, blue, and red lines are for the PAPA,
VPAPA (0), and VPAPA (C), respectively. The top, middle,
and bottom panels present the results of mean square error
(MSE, in dB) of e(n) in (15) with varying iteration numbers
for test sets A, B, and C, respectively. From Fig. 3, it is noted
that VPAPA (O) gives a higher convergence rate as well as
lower convergence errors compared to PAPA consistently over
the three test sets. The results confirm the effectiveness of the
VPAPA irrespective of whether or not the testing condition is
covered by the training condition. Figure 3 also shows that
VPAPA (C) provides comparable convergence rates to VPAPA
(O) for the three test sets. The results indicate that by applying
K-means, we can form a compact vector space for VPAPA
while maintaining comparable performance.

Figure 4 presents the echo return loss enhancement (ERLE)
and MSE results for VAPA, VPAPA, and VRAPA. Our prelim-
inary experiments also showed that for VAPA and VRAPA, us-
ing H and H achieve similar performances, which agree
well with the results of VPAPA in Fig. 3. Thus, we only pre-
sented the results of using He (C=5) in this set of experiments,
and thus VAPA and VRAPA are denoted as VAPA (C) and
VRAPA (C), respectively. Test set C, which was more difficult

1The codes are available at: http://www.citi.sinica.edu.tw/pages/yu.tsao/publica-
tions_en.html.
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Fig. 3. MSE scores over iteration numbers for PAPA, VPAPA
(0), and VPAPA (C) for test sets A, B, and C.

than tests sets A and B for VAF, was selected for evaluation.
The results for the APA, PAPA, and LMR-APA (denoted as
RAPA for simplicity) are also shown for comparison. Learning
from the previous study [30], for RAPA and VRAPA (C), we
first prepared a regularization term Ry ;,;; by using the mean
of the prepared 50 filters from the training data: Ry n; =
diag[h3, h?,...h?_,], where h=mean (h!,--- h°°). Because
Rf inie Was estimated from the training data, which may not
provide the optimal prior information for the unknown test con-
ditions (such as test set C in this study), we proposed to use a
scalar a(n) to optimize the regularization term by
Ri(n) = [1—a()] " Reimie + a(n)  Ipxy. (22)

In Fig. 4, we presented the results that were obtained using op-
timal a(n) in the task, where a(n) was set to a small value
at the beginning stage and then was set to 1.0 after several it-
erations. This same setup of a(n) for (22) was used for both
RAPA in (11) and VRAPA in (21) to obtain the results shown
in Fig. 4 for a fair comparison.

From Fig. 4, the results first demonstrate that PAPA con-
verges faster than APA. It is also noted that the RAPA outper-
forms APA and PAPA, confirming the effects of using R;(n),
even though the prior information was not directly collected us-
ing the data from test C. Finally, comparisons between
VAPA(C) and APA, VPAPA (C) and PAPA, and VRAPA (C)
and RAPA show that VAF gives notably faster convergences
compared to corresponding conventional AF counterparts.

MSE (dB)

APA
-8 PAPA
——— RAPA
VAPA (C)
VPAPA (C)

VRAPA (C)
0 10r00 20r00 3060 40r00 50;.')0 60r00 7000
Iteration Number
Fig. 4. ERLE (upper panel) and MSE (lower panel) curves of
VAPA (C), VPAPA (C), and VRAPA (C) with APA, PAPA,

and RAPA for test set C.
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These results verify the effectiveness of using the vector space
to incorporate prior knowledge for AF estimation in AEC tasks.

In our experiments using different utterances from Aurora-
4, VAF methods also outperformed their corresponding AF
counterparts, agreeing well with the results shown in Figs. 3 and
4. Additionally, we noted very similar trends for more iteration
points in the test results except that performances of PAPA and
VPAPA became saturated while APA continued reducing MSE.

C. Discussion

The main purpose of this study is to verify the vector-space
technique can enable conventional AF methods to achieve bet-
ter performance. We tested the proposed technique integrated
with APA (no regularization), PAPA (with a proportionate ma-
trix), and RAPA (with a regularization term). Results showed
that VAPA, VPAPA, and VRAPA outperform APA, PAPA,
and RAPA, respectively, confirming that the vector-space tech-
nique can enhance traditional AF methods no matter what kind
of regularization term is used.

Since an additional vector-space structure is used, VAF re-
quires extra computation complexity and storage when com-
pared to the conventional AF methods. From Egs. (8) and (21),
VPAPA needs two additional matrix multiplications compared
to PAPA. An additional computation of Eq. (14) is also required.
When considering storage requirements, VPAPA needs extra
U ((C+L)xL)and V (L x L) matrices prepared in the of-
fline phase. The additional complexity and storage are also nec-
essary when extending APA to VAPA and RAPA to VRAPA.
Although VAF provides higher convergence speeds over AF
counterparts (from Figs. 3 and 4), the additional complexity and
storage could limit applicability when resources are limited.
Therefore, future studies will investigate effective approaches
for simplifying computation and reducing storage requirements.

V. CONCLUSION

The VAF algorithm is proposed for AEC. By using the con-
structed vector space to incorporate the prior knowledge about
the characteristics of various channels, VAF can provide better
performance compared to conventional AF algorithms in terms
of convergence rates. The experimental results verify that
VAPA, VPAPA, and VRAPA achieved notably higher conver-
gence rates compared to the conventional APA, PAPA, and
RAPA, respectively. Moreover, it is confirmed that by applying
K-means, we can form a compact vector space for VAF while
maintaining comparable performance.

The VAF will exhibit good performance when a consider-
able amount of prior information about speaking conditions is
available. Due to the rapid proliferation of mobile devices in
recent years, user-specific AEC systems are growing in popu-
larity. The VAF is especially favorable for these personal de-
vices since previous using experience is often accessible. Future
research will investigate the complexity consideration and ex-
amine techniques for online optimizing the matrix H. Moreover,
the optimal step size for the VAF will be investigated, and VAF
will be evaluated under more complicated, noisy and time-var-
ying test conditions.
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