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ABSTRACT

We propose an optimal quantizer for the moduli (spike am-
plitudes) of the matching pursuit on gammatone/gammachirp
kernels that have been shown previously to be very efficient
for audio coding. The quantizer optimization is performed by
Genetic Algorithm (GA). We show that the optimal quanti-
zation values found by GA can be approximated by a ”piece-
wise uniform” quantizer. The latter approximation is faster
and has less overhead (i.e., there is no need for codebook
transmission). Based on perceptual evaluation of audio qual-
ity, transparent quality is obtained for both the optimal and
piecewise uniform quantization approaches. We also stud-
ied the performance of in-loop quantization vs. out-of-loop
quantization when computational cost can be afforded.

1. INTRODUCTION

Non-stationary and time-relative structures such as tran-
sients, timing relations among acoustic events, and harmonic
periodicities provide important cues for different types of au-
dio processing (i.e., audio coding). Obtaining these cues is a
difficult task. The most important reason why it is so difficult
is that most approaches to signal representation are block-
based, i.e. the signal is processed piecewise in a series of
discrete blocks. Transients and non-stationary periodicities
in the signal can be temporally smeared across blocks. Large
changes in the representation of an acoustic event can oc-
cur depending on the arbitrary alignment of the processing
blocks with events in the signal. Signal analysis techniques
such as windowing or the choice of the transform can re-
duce these effects, but it would be preferable if the represen-
tation was insensitive to signal shifts. Shift-invariance alone,
however, is not a sufficient constraint on designing a general
sound processing algorithm. A desirable code should reduce
the information rate from the raw signal so that the underly-
ing structures are more directly observable (see [16] among
others).

We outlined a framework in [4] that meets the above-
mentioned requirements. We proposed a bio-inspired uni-
versal audio coder based on projecting signals onto a set of
overcomplete atoms consisting of gammatone/gammachirp
kernels. The projections on the kernels are called spikes,
since they can be considered as the spikes generated by hair
cells in the auditory pathway (see Fig. 1). The best atom at
each iteration is found by matching pursuit. Our proposed
method in [4] was an adaptive version of [16] and uses gam-
machirp kernels instead of the original gammatones used in
[16]. In our approach, at each matching pursuit iteration, six
different parameters (i.e., amplitude, delay, frequency, chirp
factor, attack, and decay) are extracted in the adaptive case,
while three parameters (i.e., amplitude, delay, frequency) are

extracted in the non-adaptive case. Note that our approach is
different from other works in the literature (i.e., [6]) in which
gammatones are used as a filterbank and not as kernels for the
generation of sparse representations based on matching pur-
suit. We also showed in [4] that, when used for audio coding,
our approach outperforms the work in [16] in terms of bi-
trate and number of atoms for the same perceptual quality on
different types of signals. The better performance is due to
the fact that we proposed in [4] an adaptive scheme that fine
tunes the kernels chosen by matching pursuit (section 1.1).
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Figure 1: Spikegram of the percussion signal using the gammatone
matching pursuit algorithm (spike amplitudes are not represented).
Each dot represents the time and the channel where the spike fired
(extracted by MP).

The solution proposed in [4] fits in the paradigm of sparse
overcomplete representations, which has close ties with the
compressive sensing framework [2]. Sparse representations
are good at extracting non-stationary and time-relative struc-
tures such as transients, timing relations among acoustic
events, and harmonic periodicities. They are also time shift-
invariant [16].

In [4], we only studied the analysis/synthesis of a given
signal using our proposed method when no quantization was
used. In this article, we propose how to quantize the spike
amplitudes and how to reach a trade-off between the qual-
ity of reconstruction and bitrate. To do so, we first defined a
cost function consisting of a trade-off between distortion and
entropy. We then optimize the cost function and finally find
an approximation to the optimal solution. This approach fits
in the paradigm of Rate-Distortion (R-D) based optimization
techniques [13] [1]. It can also be compared to [3] [17] [15],
in which a theoretical approach is used for the quantization
of amplitude, phase, and frequency in the sinusoidal coding
paradigm. However, our method does not rely on the high



resolution assumption and can be applied to any given dis-
tortion measure. In addition, the extension of the theoretical
derivation in [3] and [17] to the case of gammatone and gam-
machirp kernels with 6 coding parameters (amplitude, delay,
frequency, chirp factor, attack, and decay) is not obvious.

1.1 The Bio-Inspired Audio Coder: Analysis/Synthesis

The analysis/synthesis part of our universal audio codec pre-
sented in [4] is based on the generation of sparse 2-D rep-
resentations of audio signals, dubbed as spikegrams. The
spikegrams are generated by projecting the signal onto a set
of overcomplete adaptive gammachirp (gammatones with ad-
ditional tuning parameters) kernels. The adaptiveness is a
key feature we introduced in MP to increase the efficiency of
the proposed method (see [4]). A masking model is applied
to the spikegrams to remove inaudible spikes [11]. In addi-
tion a differential encoder of spike parameters based on graph
theory is proposed in [5]. The block diagram of all the build-
ing blocks of the receiver and transmitter of our proposed
universal audio coder is depicted in Fig. 2, of which the
quantization block is discussed in this paper. Our paradigm
uses matching pursuit (MP) with an adaptive fine tuning to
extract signal features as described in the next section.

1.1.1 Generating Overcomplete Representations with MP

In mathematical notations, the signal x(t) can be decomposed
into the overcomplete kernels as follows:

x(t) =
M

∑
m=1

nm

∑
i=1

am
i gm(t − τm

i )+ rx(t), (1)

where τm
i and am

i are the temporal position and amplitude of
the ith instance of the kernel gm, respectively. The notation
nm indicates the number of instances of gm, which need not
be the same across kernels and M is the number of kernels.
In addition, the kernels are not restricted in form or length.

In order to find adequate τm
i , am

i , and gm, MP can be used.
In this technique the signal x(t) is decomposed over a set of
kernels so as to capture the structure of the signal. The ap-
proach consists of iteratively approximating the input signal
with successive orthogonal projections onto some bases. The
signal can be decomposed into

x(t) =∑
m

< x(t),gm > gm + rx(t), (2)

where < x(t),gm > is the inner product between the signal
and the kernel and is equivalent to am in Eq. 1. Throughout
this article the terms ”spike amplitude” and ”modulus” are
used to designate am, and rx(t) is the residual signal.

1.1.2 Gammachirp-Based Representations

In [4] we used adaptive gammachirp kernels as described be-
low. The impulse response of a gammachirp filter with the
corresponding tuning parameters (b,l,c) is given below

g( fc,t,b, l,c) = t l−1e−2πbtcos(2π fct + cln(t)) t > 0. (3)

Gammachirp filters minimize the scale/time uncertainty [8].
In this approach the chirp factor c, l, and b are found adap-
tively at each step. The chirp factor c allows us to slightly
modify the instantaneous frequency of the kernels. The pa-
rameters l and b controls the attack and the decay of kernels.

However, searching the three parameters in the parameter
space is a very computationally complex task. Therefore, we
use a suboptimal search that uses the same gammatone filters
as the ones used in the non-adaptive paradigm with values of
l and b given in [8]. The first step gives us the center fre-
quency and start time (t0) of the best gammatone matching
filter. We also keep the second best frequency (gammatone
kernel) and start time.

Gmax1 = argmax
f ,t0

{|< r,g( f ,t0,b, l,c) >|} (4)

Gmax2 = argmax
f ,t0

{|< r,g( f ,t0,b, l,c) >|} (5)

where the search space in Eq. 4 is G, the set of all kernels.
The search space in Eq. 5 is G−Gmax1, the set of kernels that
excludes Gmax1. For the sake of simplicity, we use f instead
of fc in Eqs. (4) to (8). We then use the information found in
the first step to find c. In other words, we keep only the set of
the best two kernels in step one, and try to find the best chirp
factor given g ∈ Gmax1 ∪Gmax2.

Gmaxc = argmax
c

{|< r,g( f ,t0,b, l,c) >|} . (6)

We then use the information found in the second step to find
the best b for g ∈ Gmaxc in Eq. 7, and finally find the best l
among g ∈ Gmaxb in Eq. 8.

Gmaxb = argmax
b

{|< r,g( f ,t0,b, l,c) >|} (7)

Gmaxl = argmax
l

{|< r,g( f ,t0,b, l,c) >|} . (8)

Therefore, six parameters are extracted in the adaptive
technique : center frequencies, chirp factors c, time delays,
spike amplitudes, b, and l.

In the following section, a new solution to the optimal
quantization of the spike amplitudes (moduli) and a fast ap-
proximation to the optimal solution are proposed.

2. SPIKE AMPLITUDE QUANTIZATION

2.1 Cost Function and Optimization

The cost function we use is the result of a trade-off between
the quality of reconstruction and the number of bits required
to code each modulus. More precisely, given the vector of
quantization levels (codebook) q, the cost function to opti-
mize is given by (R is the bitrate and D is the distortion):

Ê(q) = D+λR =
‖∑i α̂igi −∑iαigi‖

2

‖∑iαigi +η‖γ
+λH(α̂), (9)

where η = 10−5, γ = 0.001 are set empirically using infor-

mal listening tests. The entropy, Ê(q), is computed using the
absolute value of spike amplitudes. α̂ is the vector of quan-
tized amplitudes and is computed as follows:

α̂i = qi if qi−1 < αi < qi (10)

H(α̂) is the per spike entropy in bits needed to encode the
information content of each element of α̂ defined as:

H(α̂) = −∑
i

pi(α̂i)log2 pi(α̂i), (11)
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Figure 2: Block diagram of the Universal Bio-Inspired Audio Coder.

where pi(α̂i) is the probability density function of α̂i. The
way the quantizer is defined in Eq. 10 reduces the dead zone
problem (defined in [12]). To proceed with the optimization
at a given number of quantization levels, we randomly set
the initial values (initial population) for the qi and perform
Genetic Algorithm to find optimal solutions. The goal of the
weighting in the denominator of D (Eq. 9) is to give a better
reconstruction of low-energy parts of the signal.

Note that in Eq. 9 many different α̂i can contribute to
the reconstruction of the original signal at a given instance
of time t, which is not the case when quantization is applied
on time samples (Lloyd algorithm). Therefore, the optimal
α̂k are not statistically independent. In addition, in contrast
with transform-based coder quantizations (done for instance
with Lloyd algorithm), gk are a few atoms selected from a
large set of different atoms (tens of thousand) in the dictio-
nary and there is an entropy maximization term in our cost
function. It is therefore impossible to derive a closed-form
theoretical solution for the optimal α̂i in the case of sparse
representations. Hence, we should use adaptive optimization
techniques. In order to avoid local minima, we use genetic
algorithm to optimize the cost function given in the follow-
ing section. Another advantage of the genetic algorithm is
its flexibility in using different cost functions and distortion
measures (mean square error, CRC-SEAQ, etc.).

2.2 Genetic Algorithm

A genetic algorithm (or GA) is a search technique used in
computing to find true or approximate solutions to optimiza-
tion and search problems [10]. GA is categorized as a global
search heuristic. GA is a particular class of evolutionary al-
gorithms that use techniques inspired by evolutionary biol-
ogy such as inheritance, mutation, selection, and crossover.

GA is implemented as a computer simulation in which a
population of chromosomes of candidate solutions (called in-
dividuals) to an optimization problem evolves toward better

solutions 1. The evolution usually starts from a population

1Used toolbox: http://www.shef.ac.uk/acse/research/ecrg/getgat.html

of randomly generated individuals and happens in genera-
tions. In each generation, the fitness of every individual in
the population is evaluated, multiple individuals are stochas-
tically selected from the current population (based on their
fitness), and modified to form a new population at each it-
eration. Throughout this paper, the number of individuals
per subpopulation is 700, maximum number of generations
is equal to 50, the generation gap is 0.9, the number of vari-

ables is 25, and the binary precision is 15 bits for GA.
In Fig. 3, we plotted the mimum point of the cost

function (as defined in Eq. 9) obtained by GA versus dif-
ferent number of quantization levels for both the entropy-
constrained and non-constrained cases for speech. As the
reader may see, the entropy-constrained approach gives al-
ways better results than the non-constrained paradigm. In
addition according to these curves the optimal number of
quantization levels is somewhere between 32 and 64.
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Figure 3: The cost function for the constrained and non-
constrained quantizers at different numbers of quantization levels
for speech.

2.3 Quantization Results

Four different signal types are used: percussion, harpsichord,
castanet, and speech. For each signal type the R-D optimiza-



32 Levels 64 Levels
SEAQ Bits/spike SEAQ Bits/spike

Percussion -0.04 1.48 -0.10 2.74

Castanet -0.70 2.27 -0.33 2.84

Harpsichord -0.90 1.56 -0.09 2.34

Speech -0.32 2.15 -0.14 2.73

Table 1: Perceptual quality evaluation of the optimal quantiza-
tion for different signal types and different numbers of quantization
levels with CRC-SEAQ. A score between 0 and -1 corresponds to
transparent quality. The bitrate includes the sign bit.

tion based on GA as described above is run and the opti-
mal codebook in each case is found. The analysis/synthesis
gammachirp MP is applied and spikes are extracted. Each
spike amplitude is then quantized according to the optimal

codebook. A perceptual quality evaluation (CRC-SEAQ) 2

is used to assess the quality of the reconstructed signal af-
ter quantization compared to the reconstructed signal with-
out quantization. Table 1 shows that based on the proposed
approach we obtained transparent quality for all signal types
and for both numbers of quantization levels. These results
are similar to our informal listening test results. The bitrate is
obtained by applying arithmetic coding to spike amplitudes.
The arithmetic coding is applied to longer blocks (1 second)
than what is used for the computation of entropy in the cost
function in order to decrease bitrate. Note that the GA is ap-
plied on the absolute value of the spikes and the sign bit is
sent separately (this strategy gives better results than when
signed codebooks are used).

3. PIECEWISE UNIFORM QUANTIZATION

Running GA for each signal is a time consuming task. In ad-
dition, sending a new codebook for each signal type and/or
frame is an overhead we may want to avoid. In this section
we propose faster ways to find a suboptimal solution to the
quantization results that keeps transparency in quality. The
goal is achieved by performing a piecewise uniform approxi-
mation of the codebook by using the histogram of the moduli.

Fig. 4 shows the optimal quantization levels (qi) for four
different types of signals. The optimal signal is obtained us-
ing the GA algorithm explained in the previous section.

As we can see, the optimal levels can be approximated
as piecewise linear segments (meaning that the quantizer is
”piecewise” linear). The optimal levels are updated by the
following method for each one-second-long frame:

• Find the 40-bin histogram h of the spike amplitudes.

• Threshold the histogram by the sign function so that
ht = sign(h) to find spike amplitude clusters (concen-
trations). Smooth out the curves by applying a mov-
ing average filter with the following impulse response:
m(n) = ∑k 0.125δ (n− k) for k = 1,2, ...8.

• Set a crossing threshold of 0.4 on the smoothed curve.
Each time the curve crosses the threshold, define a new
uniform quantizer between the two last threshold cross-
ings.

2http://www.itu.int/rec/R-REC-BS.1387-1-200111-I/e
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Figure 4: Optimal quantization levels for different sound cate-
gories. Spike amplitudes are normalized to one.

CRC-SEAQ

32-Levels 64 Levels

Percussion -1.30 -0.25

Castanet -0.50 -0.10

Harpsichord -1.10 -0.15

Speech -0.95 -0.44

Table 2: Comparison of 32-level and 64-level piecewise uniform
quantizers for different audio signals. A CRC-SEAQ score between
-1 and -2 is associated with near transparent quality. No codebook
side information is necessary to send to the receiver in this case.

3.1 Results from Piecewise Uniform Quantization

For the different signal types we used in section 2.3, we
proceeded with the fast piecewise uniform quantization de-
scribed in the previous subsection. We noticed that the 32-
level quantizer gives only near-transparent coding results
with CRC-SEQA (see Table 2) for the piecewise uniform
quantizer. However, the quality is transparent when 64 lev-
els are used. These observations have been confirmed with
informal listening tests. This behavior is due to the fact that
the 64-level quantizer has more uniform quantization levels
than the 32-level quantizer. Therefore, we recommend the
64-level quantizer when the piecewise uniform approxima-
tion is used.

The overall codec bitrate can be computed by combining
the bitrate in Tables 1-3 of [4] for the unquantized case and
values for amplitude quantization in Table 2 of this article.

4. IN-LOOP VS. OUT-OF-LOOP QUANTIZATION

Here, we investigate the difference between in-loop [12] and
out-of-loop quantizations. In the out-of-loop quantization,
MP is run on unquantized spike amplitudes and stored in a
vector. These unquantized values are then quantized accord-
ing to the optimal codebook found by the GA or the piece-
wise uniform quantizer described in the previous section (re-
sults for the out-of-loop quantization are given in Tables 1
and 2). We here propose a different strategy: the in-loop
quantization, which needs 2 passes of MP as described in
[12]. During the first pass MP is applied to the original sig-
nal and the optimal quantization values are found (by GA
or piecewise uniform approximation). MP is then run a sec-
ond time and the amplitudes are quantized at each iteration



before computing the residual (α̂i are quantized moduli) by
using the codebook found in pass 1:

xi = α̂igi + ri. (12)

We performed the in-loop quantization for different signal
types. Fig. 5 compares the performance of the in-loop and
out-of-loop quantizers for castanet using our spikegram para-
digm. Note that the in-loop quantization has far better perfor-
mance at a greater computational cost. In addition, another
drawback of the in-loop quantization is that the full MP de-
composition must be computed for every bitrate.
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5. FUTURE WORK

In the current work, the mean square error has been used in
the cost function. In a future work, the cost function of the
GA can be replaced by the output of CRC-SEAQ. In addi-
tion, the cost function of the GA can also be written as a
constrained optimization problem: minimizing the distortion
error subject to the inequality constraint on bitrate. The opti-
mal λ (Eq. 9) in this latter case can be found by bisection or
Newton’s method [14]. By doing so, one can plot the opera-
tional rate-distortion curves [13] for our proposed paradigm.

The application of dependent MP that uses the notion of
consistency to project values found by MP onto consistent
values [18] should be considered in a later work. The size of
the dictionary can also have a great impact on the effects of
the quantization errors on reconstruction [7] [9]. This issue
should be further investigated.

Formal listening test must be conducted and results must
be compared with objective tests (i.e., CRC-SEAQ) and with
standard codecs.

6. CONCLUSION

We propose an optimal quantization method for spike am-
plitudes in our bio-inspired universal audio coder based on
genetic algorithm. We also propose a suboptimal fast quan-
tization based on a piecewise uniform approximation. In this
suboptimal scheme, only the start and end points of each seg-
ment are sent to the receiver. Therefore, no codebook infor-
mation is needed to be sent to the receiver.

We obtained transparent quantization results for both the
optimal and suboptimal quantization methods for different
signal types. We also compared the in-loop and out-of-loop
quantization paradigms and showed that in-loop quantization

outperforms out-of-loop quantization at a greater computa-
tional cost.
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