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On the use of genetic programming to build noise
compensation techniques in the i-vector space
Waad Ben Kheder, Driss Matrouf

Abstract—Since the introduction of i-vectors for speaker
recognition, new techniques are being explored to deal with
it in this domain. We proposed recently a noise compensation
technique in the i-vector space called I-MAP and showed an
improvement up to 60% in equal error rate compared to the
baseline system. In this paper, we revisit the I-MAP configuration
and propose a faster version. Then, we proposed a new method
to automatically build noise compensation techniques in the ivector space based on noise data collected in the same space
using genetic programming. This technique aims at finding the
best mathematical expression that uses all available data on clean
and noisy i-vectors to best transforms a noisy clean i-vectors to
its clean version. We show that this method can reach up to 60%
of relative improvement compared to the baseline system, and
up to 80% when combined with I-MAP.
Index Terms—speaker recognition, genetic programming, additive noise, i-vector.

I. I NTRODUCTION
Environment noise is one of the most complex problems in
speaker recognition. Due to the number of factors affecting
the recognition decision and the variety of noise sources, a
universal fast and efficient noise compensation technique is
not yet available. Different approaches have been proposed in
the past operating in different domains.
In the temporal domain, spectral and wavelet-based speech
enhancement techniques were proven to be noise and SNR
level-dependent and can either degrade or improve the recognition performance depending on the environment noise [1],
[2]. Recently, a new speech enhancement algorithm based on
non-negative matrix factorization (NMF) was used for speaker
recognition [29] after showing great capacity of modeling nonstationary noise for speech-based applications [30], [31]. But
despite its consistency, the relative improvement in recognition
performance reached by NMF is relatively low compared to
other methods (10% of relative improvement in EER(%)).
On a feature level, new robust representations have been
proposed lately for robust speaker recognition such as Residual Phase Cepstrum Coefficients (RPCC) [37], Generalized
perceptual features (GFCC) [38], Cosine Distance Features
(CDF) [35], FWENN features [40], modulation filtering of
autoregressive models [43] and Convolutive Sparse Coding
of speech spectrograms [36]. In such representations, a relative improvement of 5 ∼ 27% is generally observed in
the recognition performance. Alternatively, several stochastic
compensation techniques in the cepstral domain (such as
TRAJMAP [49] and SSM [48]) were recently tested in [3]
and were proven to achieve high recognition rates in noisy
environments assuming prior knowledge about the test noise.
Lately, with the rise of deep learning, neural networks were

successfully used in a large range of tasks including speech
recognition [4], [5], [6], [7], facial recognition [8], [9] and
object recognition [10], [11] and improvement has also been
shown in speaker recognition applications [12], [13], [41],
[42]. The use of different architectures such as DNN and
CNN to either clean-up features or extract robust bottleneck
parameters was proven to achieve a relative improvement of
EER up to 30% in noisy conditions.
On a model level, a set of algorithms based on vector
Taylor series (VTS) were proposed [43], [44] then developed
using ”unscented transforms” [45]. Such algorithms try to
model non-linear distortions in the cepstral domain based
on a non-linear noise model in order to relate clean and
noisy cepstral coefficients and help estimate a ”cleaned-up”
version of i-vectors. Despite their efficiency, such models
remain computationally demanding compared to PMC [46]
and not easily extensible (adding a normalization step or
changing the used parameters could mean to rewrite the whole
technique). A robust backend training called ”multi-style” [47]
was proposed as a possible solution to account for the noise in
the scoring phase. This method uses a large set of clean and
noisy data (affected with different noises and SNR levels) to
build a generic scoring model. The obtained model gives good
performance in general but still is suboptimal (for a particular
noise) because of its generalization (the same system is used
for all noises). Based on uncertainty propagation, a robust ivector extractor based on was proposed in [50] and [51] in
order to make the i-vector extraction system focus on reliable
or reliably enhanced features but showed little improvement.
In the i-vector domain, dealing with noise can be a challenging task due to the complexity of its effect in that space. We
recently presented a new efficient cleaning technique operating
in the i-vector domain named I-MAP [15], [16], [39]. It is a
”data-driven” i-vector cleaning method based on an additive
noise model in the i-vector space. It estimates a clean i-vector
given its noisy version and the noise distribution using MAP
approach. It uses a full-covariance Gaussian modeling of the
clean i-vectors and noise distributions in the i-vector space.
Even though the noise is known to be non-additive in this
space, using such model with a MAP estimator makes the
derivations very simple while giving up to 60% of relative
improvement compared to the baseline system performance.
The I-MAP compensation scheme relies on a good estimation
of the noise distribution in the i-vector space which can be
caustly in a real application. We will show in this paper that
it is possible to speed-up the estimation of such distribution
by using a ”noise distributions database” built off-line prior to
the recognition phase. This way, it will be possible to select
the most probable distribution of the test noise (in the i-vector
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space) from the database without having to go throw the whole
estimation process (adding test noise to a set of clean train
data, extracting the corresponding i-vectors and estimating the
noise distribution in the i-vector space) before performing the
cleaning procedure.
In a second phase, we will work on improving the performance of the proposed algorithm by allowing the use of a
more complex noise model in the i-vector space. In fact, the
use of an additive model in I-MAP gave good results even
though it had no theoretical justification which encourages us
to explore more elaborate noise representations in the i-vector
space. The problem is that such models can be analytically
difficult to derive. To overcome this issue, we are using in this
paper a technique based on genetic programming (GP) which
allows to explore more variate relationships between clean and
noisy i-vectors while avoiding all analytical issues. We start by
defining a set of random variables {Ni } that represent different
relationships between clean and noisy i-vectors for a given
noise. Then, statistics are computed over the distributions generated by these random variables (expectations and covariance
matrices) and fed to a genetic programming (GP) algorithm
as inputs. This technique is inspired by symbolic regression
[18] which aims at finding the best mapping between a set of
inputs (noisy i-vectors in our case) and outputs (their clean
versions). The goal of the GP algorithm is to perform a
search in the ”mathematical expressions space” and find the
most efficient noise compensation technique using all statistics
generated for each noise. Using this approach, we show that
the GP algorithm finds a large set of compensation techniques
achieving up to 60% of relative improvement compared to the
baseline system. It also finds that I-MAP is the most efficient
noise compensation technique when using a 6-levels syntax
tree. Then, we used a two-levels cleaning approach by giving
the GP algorithm statistics computed over the output of I-MAP
to try to ”re-clean” them. We show that the GP algorithm is
able to find compensation techniques that complement I-MAP
very efficiently and improve the baseline system by up to 80%.
This paper is structured as follows : Section 2 presents
the I-MAP cleaning procedure and details its integration in
a standard i-vector-based speaker recognition system. Section
3 presents a faster version of the algorithm using a noise
distributions database in the i-vector space. Section 4 details
the components of the GP algorithm used in our experiments
(algorithm, terminals set, operations, fitness function and evolutionary operators) and the relative experiments conducted on
multiple noisy conditions.
II. I-MAP FOR I - VECTOR CLEANING
Deriving a noise model in the i-vector space based on its
additive effect in the temporal domain might become very
complex due to the number of transformations included in
the i-vector extraction process [14]. In our previous work [15],
[16], [39], we proposed an additive noise model in the i-vector
space obeying to the equation:
N =Y −X

(1)

Where X and Y are two random variables representing
respectively clean and noisy i-vectors and N represents the

noise. Using full-covariance Gaussian distributions for both
clean i-vectors dX ∼ N (µX , ΣX ) and noise in the i-vector
space dN ∼ N (µN , ΣN ), we showed that a cleaned-up version
x̂ of a noisy i-vector y using MAP criterion could be written
as :
−1
−1 −1
x̂ = (Σ−1
(Σ−1
N + ΣX )
N (y − µN ) + ΣX µX )

(2)

The derivation of 2 is detailed in the Appendix.
A. Estimation of f (X) and f (N )
In this section, we will work with a total of six configurations: two different noises (crowd and air-cooling) and
three SNR levels (10dB, 5dB and 0dB) using 3000 clean train
speech segments (SN R > 25dB).
The clean i-vectors distribution f (X) and the noise distribution f (N ) are the two most important components in this
denoising procedure. f (X) has the advantage of being noiseindependent, so it could be estimated once and for all over a
large set of clean i-vectors in an off-line step initially before
performing any compensation.
On the other hand, f (N ) makes the system able to adapt
to the noise present in the signal and compensate its effect
more effectively. It is estimated for each different test noise
and it requires the existence of clean i-vectors and the noisy
versions corresponding to the same segments. First, for the
clean part and once the train files are fixed, the corresponding
clean i-vectors (X) are extracted. Then, for a given noisy test
segment, the noise is extracted from the signal (using a VAD
system and selecting the low-energy frames) then added to
the clean train audio files. Finally, the corresponding noisy ivectors (Y ) are estimated and (2) is used to compute N then
f (N ).
Below, we focus on minimizing the number of train files
used to build f (N ) along with their selection criteria.
1) Number of i-vectors needed to estimate f (N ): In a
”clean enrollment / noisy test” setup and for each of the
six previously-described configurations, the EER is evaluated
using a different number of train i-vectors to estimate f (N )
going from 400 to 3000. Each time, N = Y − X is used prior
to the scoring phase using the selected i-vectors to estimate µN
and ΣN . For each length, Figure 1 shows the EER obtained
on 10 different lists picked randomly from the train i-vectors
set :
It is clear that for the three SNR levels, the EER does not
vary much beyond 500. Therefore, we will set the noise model
training set size to 500 i-vectors for our next experiments.
2) Train i-vector selection for the noise density estimation:
Once set to 500 the number of i-vectors needed to estimate
f (N ), we concentrate on their selection criteria. For the six
different configurations, we created a set of 300 lists of 500
elements picked randomly from the original set of 3000 clean
audio files which will be used to estimate f (N ). For each list,
we plot the resultant EER after compensation according to
the average files duration. Figure 2 shows the curve obtained
using noisy test data affected with crowd-noise on 10dB.
It is easy to see that the longer speech segments produce
better results than the shorter ones. In the rest of this paper,
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Fig. 3. Variation of the EER (after i-MAP compensation) with the SNR
threshold in dB for two different noises (car driving noise and air-cooling
noise) using clean enrollment data and noisy test affected with the same noise
and different SNR levels from 0dB to 35dB.

Fig. 1. EER variation with the amount of i-vectors used to estimate the
noise distribution f (N ) for the ”air-cooling noise” at 0dB, 5dB and 10dB
(10 measures for each length).

B. Integration of the denoising method in a speaker recognition system
The new i-vector denoising method allows to build a speaker
recognition system that takes into account the test signal SNR
level as shown in Figure 4.

Fig. 2. EER variation with the average speech duration of the segments used
to estimate f (N ) for the “crowd-noise“ on 10dB.

the longest 500 files will be used as a train set to estimate
f (N ).
3) Compensation threshold: One of the biggest advantages of the i-MAP compensation scheme is that it does
not affect clean i-vectors or deteriorate the associated errorrates. Therefore, in order to save time and avoid unnecessary
compensations, we can fix an SNR threshold beyond which
no transformation is applied.
In order to set the value of the SNR threshold beyond
which a test utterance is considered clean, we study the
variation of the EER with the maximum denoised test segment
SNR. Figure 3 shows that attempting to denoise i-vectors
corresponding to noisy segments having an SNR greater than
25dB will not improve the end result much. The variation of
the equal error rate obtained after compensation with the SNR
threshold is given for two different noises.
In the next sections, we will use SN Rthreshold = 25dB to
decide whether the denoising procedure is required or not.

Fig. 4. Clean i-vector extraction algorithm. Firstly, the signal SNR level is
estimated. Then, if the segment is considered noisy (SN R < threashold),
the corresponding noise distribution is estimated in the i-vector space. Finally,
the i-MAP denoising procedure is applied.

Before starting, an SNR threshold above which a segment
is considered clean has to be set (in our experiments, we used
SN Rthreshold = 25dB).
Then, the algorithm follows these steps:
SNR checking: The SNR level is estimated for the test
segment and compared to the threshold.
• The clean case: If the segment is clean, then a standard
i-vector extraction is done.
• The noisy case: If the segment is noisy:
1) The corresponding noisy i-vector Y0 is computed.
2) A VAD is used to extract the noise part from the
signal (by selecting the low-energy frames in the signal
corresponding to the non-speech intervals).
•
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3) The noise is added to the set of clean train files in
the time domain with the SNR of the test utterance
(estimated in the first step).
4) A standard i-vector extraction is done using the noisy
train files (corresponding to the Y data).
5) The noise distribution f (N ) in the i-vector space is
estimated using (1).
6) The new clean i-vector is estimated using (2).
C. Recognition performance using i-MAP
In this section, the new estimated clean i-vectors (corresponding to either test or enrollment segments) will be referred
to as ”I-MAP” vectors. The LIA speaker verification baseline
system reaches an EER=1.59% in clean conditions. We will
compare three system performances in this section:
• Noisy i-vectors used with the baseline system (clean
backend).
• Noisy i-vectors used with a multi-style backend.
• I-MAP vectors used with a clean backend (the algorithm
described in Section 6 is used for each i-vector).
The enrollment and test data have been altered using two
different sets of noises (nature noise, rain and engine noise)
for enrollment and (air-cooling, car driving and crowd-noise)
for test at five different SNR levels: 0dB, 5dB, 10dB, 15dB
and 20dB.
We present first the system performance using clean enrollment data, then we compare them with the results given in
different noisy enrollment configurations.
1) System performance using clean enrollment data and
noisy test data: For three different test noises, Table I shows
the system performance when used on clean enrollment and
noisy test data.
TABLE I
R ECOGNITION PERFORMANCE IN DIFFERENT TEST CONDITIONS USING
CLEAN ENROLLMENT AND NOISY TEST DATA .
Enrollment and test condition
0dB
Air-cooling
5dB
noise
10dB
15dB
0dB
Car driving
5dB
noise
10dB
15dB
0dB
5dB
Crowd-noise
10dB
15dB

Baseline
26.85
15.21
9.51
5.41
25.54
14.54
8.32
4.82
24.24
13.94
7.77
4.01

EER(%)
Multistyle
23.53
12.21
8.62
4.72
22.85
10.54
7.24
4.20
22.03
10.01
5.97
3.82

i-MAP
13.21
7.25
4.85
2.85
12.05
6.65
3.78
2.36
11.55
5.09
3.05
2.02

When i-MAP compensation is used, a relative improvement
range between 48% and 64% is observed, whereas the ”multistyle” compensation is limited to 28% as a maximum relative
improvement compared to the baseline system. This clearly
proves our method’s potential in mismatched conditions.
2) System performance using noisy enrollment data and
noisy test data: In this subsection, we present the system
performance when used on noisy data in enrollment and
test. Figure 5 gives the performance of the three systems in

different SNR scenarios. It’s clear that i-MAP outperforms
by far the ”multi-style” scoring method in all conditions.
Indeed, an average relative improvement of 43% is observed
in all conditions compared to the baseline performance and
of 28% compared to a ”multi-style” backend performance.
It is important to see that while certain noise compensation
techniques lose their efficiency in low-SNR conditions (such
as the RATZ [28] algorithm), the i-MAP compensation scheme
still reaches important gain in low SNR levels (near 0dB). In
conclusion, the results show clearly the potential of the method
proposed in various conditions while using different noises.

Fig. 5. Each figure corresponds to a different enrollment SNR. The x-axis
corresponds to the SNR level in the test segments and the y-axis gives the
resultant EER.

3) System performance in a heterogeneous setup: We performed another experiment to prove the validity of our technique in a situation where the noise level is varying randomly
between the enrollment/test segments. In this experiment, all
the speech files (for enrollment and test) are corrupted by a
noise with a varying randomly-selected SNR level between
0dB to 20dB. Table shows the obtained results with the three
systems.
TABLE II
P ERFORMANCE COMPARISON IN A HETEROGENEOUS SETUP.

Baseline
”multi-style” backend
I-MAP + clean backend

EER (%)
29.65
23.12
16.27

Due to the large variability in terms of noise and SNR level,
a significant improvement is observed in this condition using
i-MAP with a clean backend compared to the ”multistyle”
scoring used with noisy i-vectors. In fact, this shows the limits
of the ”multistyle” scoring model due to its generalization
property. This makes our method more efficient in unknown
test/enrollment conditions since it adapts itself to any given
noise and level present in a test segment.
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III. N OISY I - VECTOR DISTRIBUTION DATABASE FOR
I - VECTOR DENOISING
In this section, we introduce the use of a noise distribution
database in the i-vector space to speed-up the denoinsing
process. We present the new system’s layout along with its
configuration.
A. Motivation
In real world applications, computational time and memory
requirements are two important factors to consider, especially for critical applications such as forensics and lightmemory devices such as smartphones. For a test utterance
containing a certain noise Nk , using the method proposed in
this paper to estimate the noise distribution hyperparameters
dNk : (µNk , ΣNk ) is time-consuming and computationally
expensive due to the number of steps required (adding noise
to the train files, noisy i-vectors extraction then estimation of
the noise distribution in the i-vector space).
To deal with this problem, we propose a solution that avoids
the in-line noise distribution estimation step by using a noise
distribution database in the i-vector space built off-line prior
to the recognition phase. Instead of estimating the noise distribution directly from the noisy test signal (extracting the noise
frames then using them to build a noisy i-vector Gaussian
distribution affected by the same noise), we try to find the best
approximation of its distribution among the ones present in our
database. For a given noisy test i-vector y, we usually do not
have the corresponding clean version x. So, we cannot base
our distribution selection process on the corresponding noise
(N0 = y − x). A possible solution to this problem is to store,
for each configuration present in the database, both the noisy ivector distribution dYk (which will be used for the distribution
selection) and the noise distribution dNk (which will be used
for the i-MAP compensation). For a given noisy test i-vector
y, the most likely noisy i-vector distribution dYk : (µYk , ΣYk )
is first selected from the database. Then, the corresponding
noise distribution dNk : (µNk , ΣNk ) in the i-vector space is
used for the denoising as shown in Figure 6.

B. Building the database
The noise database is built using 18 different noises coming
from different environments (wind, music, car driving noise,
engine noise, applause, air cooling noise, crowd noise, ..)
and 13 SNR levels variating from 0dB to 30dB. For each
different noise and SNR level, we follow the steps described
in Algorithm 1. We end up with 234 different Gaussian
distribution of noisy i-vectors. The next step is to select the
most likely distribution for a given noisy test i-vector y.
Algorithm 1 Building the noise distribution database in the
i-vector space.
for each (noisei , SN Rj ) do
1 - Add noisei at the level SN Rj to the clean train
files.
2 - Extract the noisy i-vectors Yij corresponding to the
noisy segments.
3 - Compute the associated noise data in the i-vector
space : Nij = Yij − X
4 - Compute the noise distribution hyperparameters
dNij : (µij , Σij ).
end for
As mentioned before, the noisy i-vector distribution hyperparameters dYij : (µij , Σij ) are also stored since they will be
needed in the noise distribution selection step.
C. Noise distribution selection
Selecting the correct noisy i-vector distribution is crucial in
order to have the best possible results. We consider that each
condition present in the database (noisei , SN Rj ) corresponds
to a different noise and try to select the closest one to a
given noisy test i-vector y based on a distance measure. A
natural distance choice in this context is the Mahalanobis
distance since we supposed that the noisy i-vector distribution
is Gaussian. Another possible choice is the n-dimensional
Euclidean distance between a noisy i-vector and the mean of
a noisy i-vectors distribution. This distance has the advantage
of being extremely fast compared to the Mahalanobis distance
and could be a better choice in real-time applications since it
requires much less computation.
The selected distribution dp used to denoise a noisy i-vector
y would be:
dp = argmin {dist(y, di )/i ∈ {1, .., nb distribution}} (3)
di

•

Fig. 6. Using a noise distribution database in the i-vector space for the
denoising. First, the noisy test i-vector is extracted. Then, the most likely
noisy i-vector distribution dYk is selected. Finally, the corresponding noise
distribution dNk is used to perform an i-MAP compensation.

In the next subsection, we present the method used to build
the database, the noise distribution selection criteria and the
resulting new compensation scheme.

Euclidean distance: The Euclidean distance could be
used between a noisy i-vector and the means of all noisy
distributions. For a given noisy test i-vector y, and a noisy
i-vector distribution k : dk ∼ N (µYk , ΣYk ), the distance
to be used is :
X
 12
n
2
(4)
distEucl (y, µYk ) =
(Y0i − µYki )
i=1

•

Mahalanobis distance: The Mahalanobis distance is a
natural choice as we are computing the distance between
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a vector and a Gaussian distribution. This measure accounts for the noisy i-vector variance which makes it
more appropriate when prior knowledge about the data
distribution is available. But for high dimensional data,
this distance is more demanding in computational time
than the Euclidean distance. For a given noisy test ivector y, and a noisy i-vector distribution k : dk ∼
N (µYk , ΣYk ), the distance could be written as:
q
distM ahl (y, µYk ) = (Y0 − µYk )t ΣYk −1 (Y0 − µYk )
(5)
IV. R ECOGNITION PERFORMANCE USING THE NOISY
I - VECTOR DATABASE
In this section, we first present the system’s performance
using two different distances as selection criterion. Then, we
investigate the validity of the method proposed in both clean
and noisy enrollment conditions.
In Table , we compare the performance given by three
systems:
• i-MAP: System using I-MAP compensation based on the
algorithm described in section 7.
• Database + i-MAP + Mahalanobis distance: System
using the noise distribution database and the Mahalanobis
distance as selection criterion.
• Database + i-MAP + Euclidean distance: System using
the noise distribution database and the Euclidean distance
as selection criterion.
The results in Table are given using clean enrollment data and
noisy test affected by different noises at 4 SNR levels (0dB,
5dB, 10dB and 15dB). The signal-to-noise ratio used in these
experiments is : SN Rthreshold = 25dB.
TABLE III
R ECOGNITION PERFORMANCE IN DIFFERENT MATCHED AND MISMATCHED
NOISE AND SNR CONDITIONS USING NOISY ENROLLMENT DATA .

Baseline
Clean
enrollment
+
Noisy test

0dB
5dB
10dB
15dB

28.24
15.94
9.77
4.31

EER(%)
Database
+ i-MAP
i-MAP
+ Mahal.
distance
14.01
14.11
6.87
6.94
3.84
4.01
2.86
2.89

Database
+ i-MAP
+ Eucl.
distance
14.55
7.09
4.05
2.92

It can be clearly seen that the use of Mahalanobis distance
as selection criterion produces the lowest equal-error rate when
the distribution database is used. But compared to the baseline
performance, the use of the Euclidean distance seems to be
adequate if faster computation is required.
Now, we present the recognition performance given by
the final system (noise distribution database + i-MAP) in
two conditions : clean and noisy enrollment data. For each
condition, the results are divided into three sets :
• Same noise: Where the noisy data (enrollment or test)
are affected by the same noise at different SNR levels.
• Same SNR: Where the noisy data (enrollment or test)
are affected by different noises at the same SNR level.

•

Heterogeneous setup: Where all noisy data (enrollment
or test) are affected by different noises at different SNR
levels.

The signal-to-noise ratio threshold used in the next subsections is SN Rthreshold = 25dB and the distribution selection
is done using the Euclidean distance with respect to the
distributions means.

A. Recognition performance using clean enrollment data
First, we present in Table the recognition performance using
clean enrollment data and different noisy test setups (same
SNR and different noises, different noises with the same SNR,
different noises and SNR levels). Five different conditions are
presented for the ”different noises and SNR levels” setup.

TABLE IV
R ECOGNITION PERFORMANCE IN DIFFERENT TEST CONDITIONS USING
CLEAN ENROLLMENT DATA .
Enrollment and test condition
0dB
Same SNR
5dB
in test
10dB
15dB
Cond. 1
Different
Cond. 2
Cond. 3
noise & SNR
Cond. 4
in test
Cond. 5
Car driving
Air cooling
Same noise
Shopping mall
in test
Wind
Restaurant noise

Baseline
28.24
15.94
9.77
4.31
16.80
15.94
15.96
16.17
16.62
11.38
20.09
12.75
22.53
14.12

EER(%)
Multistyle
25.03
14.57
8.47
4.32
14.57
14.30
14.78
13.39
14.57
8.19
19.56
10.47
19.84
14.57

i-MAP
14.55
7.09
4.05
2.92
7.96
7.06
7.74
6.65
7.23
6.80
11.15
6.15
7.97
6.37

These results prove the efficiency of our method in mismatched conditions. Compared to the baseline performance,
the EER improvement range after the i-MAP compensation
is comprised between 32% and 64% while the ”multi-style”
scoring does not exceed 28% as relative improvement and may
even deteriorate the results in certain conditions (restaurant
noise).

B. Recognition performance using noisy enrollment data
Now, we present, in Table , the recognition performance using noisy enrollment and test setups (same SNR and different
noises in enrollment and test, different noises with the same
SNR in enrollment and test, different noises and SNR levels
in enrollment and test). Five different conditions are presented
for the ”different noises and SNR levels” setup.
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mul
inv

(1)
(2)
(3)
(4)
(5)
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add
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inv

inv

inv

ΣX

ΣN

ΣX

mul

µX

inv
ΣN

y
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TABLE V
R ECOGNITION PERFORMANCE IN DIFFERENT MATCHED AND MISMATCHED
NOISE AND SNR CONDITIONS USING NOISY ENROLLMENT DATA .
Baseline
39.43
30.54
17.98
10.01
29.86
30.07
29.82
29.64
29.88
37.12
19.36
32.08
29.38
38.87

=Y −X
=Y +X
= exp(Y − X)
= exp(Y ) − exp(X)
= ln(exp(Y )exp(X))
= ln(exp(Y )/exp(X))

sub

Fig. 7. Tree-representation of I-MAP

Enrollment and test condition
0dB
Same SNR
5dB
in enrollment
10dB
and test
15dB
Cond. 1
Different
Cond. 2
noise & SNR
Cond. 3
in enrollment
Cond. 4
and test
Cond. 5
Car driving
Same noise
Air cooling
Shopping mall
in enrollment
Wind
and test
Restaurant noise

N1
N2
N3
N4
N5
N6

EER(%)
Multistyle
35.40
28.72
15.26
7.96
25.77
25.28
24.77
24.37
25.09
35.70
16.85
30.97
25.87
34.87

i-MAP
27.75
12.73
7.31
4.09
15.89
13.89
15.49
12.75
13.89
21.40
8.88
13.21
10.95
15.94

The same range of improvement is also observed in this
condition. The EER is decreased from 30% up to 62% using
i-MAP while the ”multi-style” scoring does not improve the
results by more than 20%.

V. B UILDING A NOISE COMPENSATION TECHNIQUE IN THE
I - VECTOR SPACE USING GP
In order to build a more efficient i-vector cleaning technique,
we propose in this Section a novel method based on a more
powerful and extensible representation of the noise effect
in the i-vector space. We introduce a new algorithmic tool
based on genetic programming to automatically build noise
compensation techniques in the i-vector space and specify
all its components. I-MAP is a powerful noise compensation
technique which uses statistics over the clean i-vectors and
the noise distributions {µX , ΣX , µN , ΣN } based on a MAP
estimator. The associated expression (Equation 2) can be
expressed using a syntax-tree as:
In this compensation technique, we used the model N =
Y − X which had no theoretical justification and yet gave
good results. This encourages us to explore more variate relationships between clean and noisy i-vectors for a given noise.
To do so, let’s define six random variables {Ni /i ∈ {1, .., 6}}
as :

Each one of these random variables represents a relationship
between clean and noisy i-vectors. The associated statistics
(expectation and covariance matrix) could be used to build a
compensation technique having a tree-like structure as in Figure 7. Evolutionary algorithms, and more specifically genetic
programming (GP) [17], [18], [19] , give very suitable tools
for such problems.
GP is an optimization methodology inspired by biological
evolution. It is a specialization of genetic algorithms (GA)
[20] which allows the generation of tree-shaped solutions for
optimization problems. In our case, it is possible to feed the
GP algorithm statistics computed over {Ni /i ∈ {1, .., 6}}
along with the clean i-vector statistics {µX , ΣX } as terminals
(elements used in a solution trees) and adapt it to look for the
best mathematical expression that transforms a noisy i-vector
y to its clean version x.
As illustrated in Figure 8, the GP algorithm starts by
generating the initial population. It represents a set of solutions
(trees) created randomly. These trees are built using a set
of terminals (elements used as tree leaves) and operations
(elements used as nodes). This solutions set is progressively
evaluated using a fitness function then evolved over a series
of generations (iterations of the GP algorithm).
For every generation, the best solutions are selected and
operations including crossover and mutation are applied to
generate new trees.
”The single point crossover” is generally used with treeshaped genomes. It represents the creation of one or two
offspring trees by recombining randomly chosen parts from
two selected individuals from the population (the parents). It is
applied on an individual by simply switching one of its nodes
with another node from another individual in the population
(replacing a node means replacing the whole branch). This
adds greater efficiency to the crossover operator and the
expressions resulting from crossover are very different from
their initial parents.
On the other hand, the Mutation operator affects an individual in the population and generates a new tree. In our case,
we use the ”subtree mutation” operator which replaces one
branch of a parent genome with a randomly generated tree.
In the following subsections, the set of terminals and
operations used in our algorithm to build new trees will be
detailed along with the fitness function used in the evaluation
procedure.
A. Terminals set:
The distributions parameters of {Ni } are estimated using
a set of clean train i-vectors X and the corresponding noisy
versions Y affected by a certain noise. Then, the expectation
(µi = µNi ), the covariance matrix (Σi = ΣNi ) and its
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Binary ops. = {add(a, b), sub(a, b), mul(a, b),
quad(a, b)}
• Ternary ops. = {add3(a, b, c), mul3(a, b, c),
centerAndScale(a, b, c)}
Operations = Unary ops. ∪ Binary ops. ∪ Ternary ops. (7)
•

Generate
the initial
population
generation = 1
Evaluate
population
(fitness
func.)

Return
best
solution

yes

generation++

Final generation?

no
Select
Best
n best
individual
solutions

Generate
new
solutions

Crossover

Mutation

New
population

C. Fitness function:

Fig. 8. Flowchart of a GP algorithm.
1

1

t

Cholesky decomposition (Σi = Σi2 Σi2 ) are computed for
each one and fed to the genetic algorithm as part of the
terminals set:

T erminals =

6
[

1

The behavior of each operation depends on its operands
types. Unary and binary operations are defined respectively in
Table VI and VII and ternary operations are defined as follows
:
• add3(a, b, c) = add(a, add(b, c))
• mul3(a, b, c) = mul(a, mul(b, c))
• centerAndScale(a, b, c) = mul(invert(c), sub(a, b))
• quad(a, b) = mul3(transpose(a), invert(b), a)
In Tables VI and VII, V1 · V2 qualifies the dot product
between V1 and V2 . JD,1 × V1 + M2 means that we are
adding the vector V1 to every line of the matrix M2 and
trace(diag(V1 )) means that we compute the trace of the
matrix having as diagonal V1 .
Since only mean vectors and covariance matrices (or their
Cholesky decompositions) are used as terminals besides noisy
i-vectors y, no dimension checking is required. For the operations requiring operands alignment (like multiplication), the
second operand is transposed if dimensions do not match.

1

2
{µi , Σi , Σi2 } ∪ {y} ∪ {µX , ΣX , ΣX
} (6)

i=1

where y refers to a noisy i-vector.
In order to make use of the prior knowledge gathered about
the clean i-vectors distribution dX ∼ N (µX , ΣX ) along with
noise information, we added a constraint which imposes the
1
2
use of terminals including both clean (µX , ΣX or ΣX
) and
1
2
noise-related terminals (µi , Σi or Σi /i ∈ {1, .., 6}) in all trees
(to avoid noise-independent expressions).
One of the key elements of our implementation of the GP
algorithm is that all statistics generated from {N1 , .., N6 }
are used as terminal set. This way, the trees generated by
the algorithm use a fusion of the statistics generated by
{N1 , .., N6 } instead of using them separately.
B. Operations set:
In our implementation of the GP algorithm, we defined
multiple versions of each operation in order to enable its use
on different types of inputs (scalar, vector or matrix). The set
of operations used in our experiments can be decomposed into
unary, binary and ternary operations :
• Unary ops. = {minus(a), trace(a), invert(a),
transpose(a)}

The fitness function is on one of the most important
components in a GP algorithm since it guides the optimization
procedure. It is used as heuristic in the search process and
helps the GP algorithm decide whether a certain solution
should be kept or not in the next generations. Since the
goal of GP algorithm in our work is to clean-up i-vectors,
the optimization criterion used is : Minimizing the average
distortion between the transformed i-vectors and their clean
versions.
Let Z be a random variable representing the output of a
certain tree (transformed i-vectors). In order to evaluate a
solution tree, the noisy i-vectors Y are transformed using the
corresponding expression (Z = f (Y )). Then, we compute the
average distortion between clean and transformed i-vectors.
n

f itness(Z) = distortion(X, Z) =

1X
Eucl(Xi , Zi ) (8)
n i=1

where n is the number of train i-vectors, D is the dimension
of the i-vector space and Eucl(a, b) qualifies the Euclidean
distance between two vectors a and b. The GP algorithm aims
at decreasing this value throughout the generations.
D. Expressions simplification and output vectorization:
In our implementation of the GP algorithm, we added an
additional step to the algorithm prior to the evaluation step in
order to avoid useless computations. Before a solution tree is
evaluated, the corresponding expression is simplified and the
type of its output is checked.
For a matrix M and a vector V , these rules were implemented :
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TABLE VI
T HE BEHAVIOR OF UNARY OPERATIONS USED IN THE GP ALGORITHM DEPENDING ON OPERANDS TYPES . V1 , M1 AND S1 REPRESENT RESPECTIVELY A
D- DIMENSIONAL VECTOR , A D × D MATRIX AND A SCALAR . JD REPRESENTS A D × D ALL - ONES MATRIX AND J1,D REPRESENTS A D- DIMENSIONAL
ALL - ONES VECTOR (JD,1 = J1,D t ).

minus()
invert()
trace()
transpose()

Scalar (S1 )
( = −S1
1/S1 , if S1 6= 0
=
S1 ,
otherwise
= S1
= S1

Vector (V1 )
= −V1
= V1
= trace(diag(V1 ))
= V1 t

Matrix (M1 )
= −M1
(
M1−1 , if M1 invertible
=
M1 ,
otherwise
= trace(M1 )
= M1 t

TABLE VII
T HE BEHAVIOR OF BINARY OPERATIONS USED IN THE GP ALGORITHM DEPENDING ON OPERANDS TYPES . Vi , Mi , Si WITH i = 1..2 REPRESENT
RESPECTIVELY A D- DIMENSIONAL VECTOR , A D × D MATRIX AND A SCALAR . JD REPRESENTS A D × D ALL - ONES MATRIX AND J1,D REPRESENTS A
D- DIMENSIONAL ALL - ONES VECTOR (JD,1 = J1,D t ).

add()

sub()

mul()

(1)
(2)
(3)
(4)
(5)

Scal./Scal. (S1 , S2 )
Vect./Vect. (V1 , V2 )
Mat./Mat. (M1 , M2 )
= S1 + S2
= V1 + V2
= M1 + M2
= S1 − S2
= V1 − V2
= M1 − M2
= S1 × S2
= V1 · V2
= M1 × M2

Scal./Mat.
(S1 , M2 )

Scal./Vect.
(S1 , V1 )

Vect./Mat.
(V1 , M2 )

= S 1 × JD + M 2

= S1 × J1,D + V2

= JD,1 × V1 + M2

= S 1 × JD − M 2

= S1 × J1,D − V2

= JD,1 × V1 − M2

= S1 × M2

= S1 × V2

= V1 × M2

invert(invert(M )) = M
transpose(transpose(M )) = M
transpose(transpose(V )) = V
invert(M ) × M = ID
invert(V ) = V

where ID qualifies the identity matrix in the i-vector space.
Since the type of each tree’s output depends on the set of
terminals used as leaves and operations used as nodes, the
output of each program has to be ”vectorized” to be interpreted
as i-vector. This way, no solution tree is discarded and the
entire population is evaluated in the end of each generation.
To to so, we multiply it by the original i-vector y and return
the result as the transformed i-vector. Indeed multiplying the
tree output (whether it is a scalar or a matrix) by y guarantees
a vector-shaped output. The algorithm 1 details the evaluation
procedure of a tree.

VI. E XPERIMENTS AND RESULTS
In this section, we present the experimental protocol used,
the configuration of the genetic algorithm and analyze the
results in each configuration.
A. Experimental protocol:

Our experiments operate on 19 Mel-Frequency Cepstral
Coefficients (plus energy) augmented with 19 first (∆) and 11
second (∆∆) derivatives. A mean and variance normalization
(MVN) technique is applied on the MFCC features estimated
using the speech portion of the audio file. The low-energy
frames (corresponding mainly to silence) are removed.
A gender-dependent 512 diagonal component GMM-UBM
(male model) and a total variability matrix of low rank 400
are estimated using 15660 utterances corresponding to 1147
speakers (using NIST SRE 2004, 2005, 2006 and Switchboard
data). The LIA SpkDet package of the LIA RAL/ALIZE
Algorithm 2 Evaluation procedure of a tree
toolkit [27] is used for the estimation of the total variability
1: function EVALUATE (tree, inputs)
matrix and the i-vector extraction. The algorithms used are de2:
expression ← simplif y(tree)
scribed in [21]. Finally a two-covariance-based scoring [22] is
3:
output ← evaluateExpression(expression, inputs) applied. The equal-error rate (EER) over the NIST SRE 2008
if(type(output) == scalar) or (type(output) == matrix) male test data on the ”short2/short3” task under the ”det7”
4:
output ← y × output
conditions [23] will be used as a reference to monitor the
endif
performance improvement compared to the baseline system. In
5:
return f itnessF unction(output)
clean ”det7” conditions, our system reaches EER = 1.59%.
6: end function
We used 3 noise samples (air-cooling noise, crowd
noise and car-driving noise) from the free sound repository
The evaluation function’s inputs represent the terminals FreeSound.org [24] as background noises. The open-source
subset used in the tree and the fitness function evaluates how toolkit FaNT [25] was used to add these noises to the full
good the output is using the distortion between clean and waveforms generating new noisy audio files for each noise
transformed i-vectors (See subsection V-C).
/ SNR level. All clean train data used in the following
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experiments have an average speech duration of 2 minutes
and an SNR level greater than 25dB. A set of 500 clean train
utterances is used to estimate the statistics {µNi , ΣNi /i ∈
{1, .., 6}} for each noise (n = 500). The clean i-vectors
distribution hyper-parameters ΣX and µX are estimated once
in an off-line step prior to any test using a set of 6000 clean
train utterances.
The python library Pyevolve [26] is used for genetic programming with the configuration specified in Table VIII.
TABLE VIII
C ONFIGURATION OF THE GP ALGORITHM
GP algorithm
parameter
Crossover rate
Mutation rate
Trees
generation method
Maximum trees depth
Population size
Number of generations
Number of runs for
the GP algorithm

Value
0.9
0.02
Fig. 9. Evolution of the best fitness value with the generation number for the
”car driving” noise at 5dB (average over the best 5 runs).

half-and-half ramped [18]
6
1000
30
20

B. First results using the GP algorithm:
As a first experiment, we lunch the GP algorithm using
train data affected by one noise and monitor the evolution of
the best fitness value on each generation (minimum distortion)
on 20 different runs. Figure 9 and 10 show respectively the
evolution of the best fitness with the generation number when
used on car driving noise at 5dB and crowd noise at 0dB (the
average of the best 5 runs is shown).
For each noise η, the following procedure is used :
1) The noise is added to the set of clean train utterances in
the time domain at a certain SNR level (n = 500 train
files).
2) The corresponding noisy train i-vectors (Yη ) are extracted.
3) A terminals set is generated for this noise the statistics
of the random variables {N1 , .., N6 } defined in Section 3
(by computing the expectations, the covariance matrices
and their Cholesky decompositions), the clean i-vectors
distribution parameters and the noisy i-vector y that we
want to clean-up.
1

1

T erminalsη ={µ1 , Σ1 , Σ1 2 , .., µ6 , Σ6 , Σ6 2 }η
1

∪ {µX , ΣX , ΣX 2 } ∪ {y}

(9)

4) The GP algorithm is lunched (20 runs for each noise) :
in this step, all statistics generated from {N1 , .., N6 } are
used in the terminals set. This way, the trees generated
by the algorithm use a fusion of the statistics generated
by {N1 , .., N6 }.
As shown in Figure 9 and 10, no tree was able to outperform
I-MAP in terms of minimum distortion in all our trials.
However, the best solution found for each noise after 20 runs
of the GP algorithm corresponded exactly to the expression of
I-MAP.

Fig. 10. Evolution of the best fitness value with the generation number for
the ”crowd” noise at 0dB (average over the best 5 runs).

C. Beyond I-MAP:
As a second step, we apply I-MAP on all our noisy data
and use the GP algorithm on the output (we look at I-MAP’s
output as noisy i-vectors needing to be ”re-cleaned”). In this
configuration, the GP algorithm will try to find a compensation
technique that complements I-MAP and minimizes the transformed i-vectors distortion with respect to their clean versions.
For the ”car driving noise” at 5dB, the best fitness value
corresponds to the expression:
1
2
f1 (y) =add(transpose(mul3(y, trace(Σ5 ), ΣX
)),

sub(y, µX ))

(10)

For the ”crowd noise” at 0dB, the best fitness value corresponds to the expression:
f2 (y) =add3(mul(mul(y, µ3 ), minus(sub(y, µX ))),
mul(y, ΣX ), sub(y, µ5))

(11)

Table IX summarizes the equal error rates given by each
expression on different SNR levels. Even though being efficient, this approach implies that a different expression has to
be generated for each different noise/SNR level. In order to
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TABLE IX
EER GIVEN BY THE GP ALGORITHM OUTPUT (f1 AND f2 ) COMPARED TO I-MAP AND TO THE BASELINE SYSTEM .
Car
Baseline
25.54
14.54
8.32

0dB
5dB
10dB

driving noise
I-MAP
f1 output
12.05
8.54
6.65
3.72
3.78
2.51

Baseline
24.24
13.94
7.77

Crowd noise
I-MAP
f2 output
11.55
7.05
5.09
4.29
3.05
2.34

TABLE X
EER GIVEN BY THE GP ALGORITHM OUTPUT (f3 ) COMPARED TO I-MAP AND TO THE BASELINE SYSTEM .
Car
Baseline
25.54
14.54
8.32

0dB
5dB
10dB

driving noise
I-MAP
f3 output
12.05
8.64
6.65
4.01
3.78
2.01

overcome this issue and be able to use a single expression on
many noises/SNR levels, we present another experiment that
uses statistics coming from different noises.
D. One expression for many noises:
In order to generate an expression usable on different noises,
we use in the GP algorithm statistics computed over data
coming from 4 different noises/SNR levels (car driving noise
and crowd noise at 0dB and 10dB). In this configuration, 4
different terminal sets are generated (one for each noise/SNR
level) and the output of I-MAP is used as ”noisy i-vectors”.
After each tree evaluation, 4 distortion values are generated
(one for each noise/SNR level) and optimized simultaneously.
After 20 runs, the best fitness value corresponds to the
expression:
1

1

2
, Σ52 , sub(y, µ2 )),
f3 (y) =quad(µX , add3(mul3(ΣX
1

(12)

Baseline
24.24
13.94
7.77

Crowd noise
I-MAP
f3 output
11.55
5.23
5.09
4.35
3.05
2.41

80% of relative improvement compared to the baseline system
performance.
The application of this method is not restricted to noise
models and can easily be adapted to deal with channel noise
and build more efficient scoring models using within and
between speakers matrices and speaker-related data in the ivector space. Also, the set of operators and random variables
used could be extended to explore more possibilities.
A PPENDIX
D ERIVATION OF I-MAP
Formally, given a noisy i-vector y, our goal is to estimate
the corresponding clean version x. Let’s define two random
variables X and Y corresponding respectively to the clean
and noisy i-vectors. We define the noise random variable N
by:
N =Y −X
(13)

Table X summarizes the equal error rates given by f3 on
each noise/SNR level. It is easy to see that f3 improves the
EERs compared to I-MAP and to the baseline system reaching
up to 80% of relative improvement.

We consider that clean i-vectors X are normally distributed
as described in [14], and assume that noise (N ) can also
be represented by a normal distribution in the i-vector space.
We can then define the corresponding probability distribution
functions f (X) and f (N ) as :

VII. C ONCLUSION

f (X) = N (µX , ΣX )

(14)

f (N ) = N (µN , ΣN )

(15)

2
mul(sub(y, µ3 ), sub(y, µ3 )), ΣX
))

In this paper, we propose a new method to build noise
compensation techniques in the i-vectors space using genetic
programming. This method defines a set of random variables
representing different relationships between clean and noisy
i-vectors and uses the associated statistics to build the best
expression that transforms a noisy i-vector to its clean version.
A genetic programming algorithm is used to perform a search
in the ”mathematical expressions” space based on tree-shaped
genomes and selects the best expressions that minimizes the
distortion between clean and transformed i-vectors over a
series of generations. Finally, the best expression given by
the GP algorithm is used as cleaning technique.
We showed that this method can find very efficient expressions (like I-MAP) reaching to 60% of relative improvement
compared to the baseline system. The, we showed that when
using the output of I-MAP as input, the GP algorithm is able
to find expressions that complement I-MAP and reach up to

where N (µ, Σ) denotes a normal distribution with mean µ
and full covariance matrix Σ.
Referring to (13), (14) and (15) we can express f (y|X) for
a given y as:
1
− 12 (y−X−µN )t Σ−1
N (y−X−µN )
f (y|X) =
p
1 exp
(2π) 2 |ΣN | 2
(16)
Based on the noise model (13) and the two previously defined
distribution, we can estimate, for a given noisy i-vector y, its
clean version x̂ using a MAP estimator :
x̂ = argmax{ln f (X/y)}
X

(17)

Using the Bayesian rule, we can write f (X/y) as :
f (X/y) =

f (y/X)f (X)
f (y)

(18)
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After combining (17) and (18) :
x̂ = argmax{ln f (y/X)f (X)}
X

(19)

Finding x̂ becomes equivalent to solving:
∂
{ln f (y/X) + ln f (X)} = 0
(20)
∂X
By developing (20) using (14) and (16), we end up with:
∂
{(y − X − µN )t Σ−1
N (y − X − µN )}
∂X
(21)
∂
{(X − µX )t Σ−1
+
(X
−
µ
)}
=
0
X
X
∂X
After the derivation, the final expression of the clean i-vector
x̂, given the noisy version y and both X and N distribution
parameters, is:
−1 −1
−1
x̂ = (Σ−1
(Σ−1
N + ΣX )
N (y − µN ) + ΣX µX )

(22)
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