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BIOMETRIC HUMAN AUTHENTICATION SYSTEM
THROUGH SPEECH USING DEEP NEURAL NETWORKS (DNN)

Abstract. Biometrics offers more security and convenience than traditional methods of identification. Recently,
DNN has become a means of a more reliable and efficient authentication scheme. In this work, we compare two
modern teaching methods: these two methods are methods based on the Gaussian mixture model (GMM) (denoted
by the GMM i-vector) and methods based on deep neural networks (DNN) (denoted as the i-vector DNN). The
results show that the DNN system with an i-vector is superior to the GMM system with an i-vector for various
durations (from full length to 5s). DNNs have proven to be the most effective features for text-independent speaker
verification in recent studies. In this paper, a new scheme is proposed that allows using DNN when checking text
using hints in a simple and effective way. Experiments show that the proposed scheme reduces EER by 24.32%
compared with the modern method and is evaluated for its reliability using noisy data, as well as data collected in
real conditions. In addition, it is shown that the use of DNN instead of GMM for universal background modeling
leads to a decrease in EER by 15.7%.
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1. Introduction. Biometry is the development of statistical and mathematical methods applicable to
the problems of data analysis in the biological sciences. The introduction of this technology brings new
approaches to the security of computer systems. Identification and verification are two ways to use
biometrics to authenticate a person. Biometrics refers to the use of physical or physiological, biological or
behavioral characteristics to establish a person’s identity. These characteristics are unique to each person
and remain partially unchanged during the course of a person’s life [1]. A biometric security system is
becoming a powerful tool compared to electronic security [2]. Any physiological or behavioral
characteristic of a person can be used as a biometric characteristic, provided that it has the following
properties: universality, distinctiveness, constancy, collectability, bypass, acceptability and performance
[3]. Physiological biometry is associated with body shape. Behavioral biometrics related to human
behavior. Speech is a unique biometric feature that falls into both categories [4]. Based on the application,
choosing the right biometrics is a crucial part. For example, speech is a biometric feature whose
characteristics will differ significantly if a person is affected by a cold or other emotional status. Some of
these problems can be solved using a biometric system. Although some of the features offer good
performance in terms of reliability and accuracy, none of the biometric features are 100% accurate. With
the growing global need for security, the need for reliable face recognition systems is becoming apparent.
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For applications related to the flow of confidential information, the accuracy of system authentication is
always a priority. Examples of such applications include secure access to buildings, computer systems,
laptops, cell phones and ATMs. In the absence of reliable personality recognition schemes, these systems
are vulnerable to the cunning of an impostor. The aim of this work is to develop a biometric system using
speech technologies for personal identification.

The present work is mainly devoted to the implementation of a biometric system using speech and we
use i-vector DNNs, which are usually used to recognize a speaker in a VVP.

In this work, various methods are proposed for improving the speaker’s gender classification based
on the i-vector and deep neural networks (DNN) as an attribute extractor and classifier. First, a model is
proposed for generating new functions from DNN. DNN with a bottleneck layer is trained in an
uncontrolled way to calculate the initial weights between the layers, then it is trained and not controlled in
a controlled way to generate converted low frequency cepstral coefficients (T-MFCC). Secondly, the label
method of general classes is introduced among incorrectly classified classes to regularize weights in DNN.
Thirdly, DNN-based speaker models using the SDC feature set are offered. A speaker-supported model
can more effectively capture the speaker’s age and gender characteristics than a model representing a
group of speakers. Moreover, the new T-MFCC feature set is used as input to a two-system merger model.
The first system is a class model based on the GNN vector, and the second system is a speaker model
based on the DNN i-vector [5]. Using T-MFCC as input and combining the final grade with the grade
model based on the DNN vector improved the classification accuracy.

2. Human authentication system through speech. Like any other pattern recognition system, a
speech-based personality authentication system also consists of three components: (1) feature extraction,
which converts the speech waveform into a set of parameters that carry essential information about the
speaker; (2) Generating a template that generates a template representing an individual speaker from the
object’s parameters: and (3) Matching and classifying a template that compares the similarity between the
extracted objects and the previously saved template or the number of previously saved templates,
respectively providing the speaker’s identity. The speaker recognition system consists of two stages:
training and testing. At the training stage, speaker models (or patterns) are generated from speech patterns
using some selection and modeling methods. At the testing stage, feature vectors are generated from the
speech signal using the same extraction procedure as during training. Then a classification decision is
made using some matching method. Identity authentication is a binary classification task [6]. The
characteristics of the test signal are compared with the claimed speaker circuit, and a decision is made to
accept or reject the claim [7]. Depending on the operating mode, speaker recognition can be classified as
text-dependent recognition and independent text recognition. Text-dependent recognition requires that the
speaker make a speech over the same text both during training and testing, while independent text
recognition does not affect the specific text spoken. In this paper, we use the method of recognition of
text-dependent texts. In this paper, we use feature extraction methods based on (1) Mel frequency
coefficient coefficients (MFCC) obtained from Cepstral speech analysis, and (2) wavelet-octave remainder
coefficients (WOCOR) obtained from Linear Prediction (LP) residual. A time-frequency analysis of the
LP residual signal is performed to obtain WOCOR [8]. WOCORs are generated by applying a pitch-
synchronous wavelet transform to the residual signal. Experimental results show that WOCOR parameters
provide additional information to the usual MFCC functions for speaker recognition [9]. Vector
guantization (VQ) and Gaussian mixture modeling (GMM) are used to model information about a person
from these MFCC and WOCOR functions [10,11]. The modern system uses MFCC derived from speech
as feature vectors, and GMM as a modeling method.

2.1 Pretreatment. Voice activity detection (VAD) is an important step in most speech processing
applications, especially if there is background noise. The importance of VAD is that it improves
intelligibility and speech recognition. Since the speech utterances used in this work were recorded in a
public call center, the recording utterances were exposed to noise and other interference. As a result, the
VAD algorithm is needed to reduce background noises and quiet eras in utterances in order to prepare
them for identifying features. In addition, normalization of cepstral mean dispersion (CMVN) is used to
eliminate convolutional distortions and linear channel effects. CMVN can be applied globally or locally.
In this work, it is applied globally to obtain a normal distribution with zero mean and unit dispersion. The
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MFCC set is one of the most famous sets of spectral characteristics and is widely used in many speech
applications [12].

2.2 Extracting functions from speech information. Information about the dynamics is present both
in the vocal tract and in the excitation parameters. The voice path system can correspond to speech
processing in short (10-30ms) overlapping (5-15ms) windows. It is assumed that the vocal tract system is
stationary within the window and can be modeled as an all-pole filter using analysis. The most used form
of speech for feature extraction is Cepstrum. Various forms of presentation of Cepstral include complex
Cepstral coefficients (CCC), real Cepstral coefficients (RCC), Mel frequency Cepstral coefficients
(MFCC) and Linear Prediction Cepstral Coefficients (LPCC). Among them, the most commonly used
MFCC [13].

2.3 Extracting MFCC Feature Vectors. The state of the system builds a unimodal system by
analyzing speech in blocks of 10-30ms with a shift of half the block size. MFCCs are used as feature
vectors extracted from each of the blocks. MFCCs are mainly the voice path of the speaker’s information
and therefore only care about the physiological aspect of the biometric characteristics of speech. The
speech signal is obtained by convolution of the voice parameters v(n) and excitation parameters x(n)
given by equation (1). We cannot separate these parameters in the time domain. Hence we go for the
cepstral domain. Cepstral analysis is used to separate the speech path parameter v (n) and the excitation
parameters x(n) from the speech signal s(n).

s(m) = v(n) * x(n) M)

Cepstral analysis provides a fundamental convolution property used to separate the parameters of the
vocal tract and the excitation parameters. Cepstral coefficients C of length M can be obtained using
equation (3.2).

C = real(IFFT(log|FFT(s(n))|)) 2

A non-linear scale, that is, the relationship between the Mel frequency (fuye;) and the physical
frequency (f H,), is used to extract spectral information from the speech signal using Cepstral analysis.

Hy
fuer = 2595 logso (1 +L2%) 3)

Using equation (3), we construct a spectrum with critical bands that are overlapping triangular banks,

i.e. we map the linearly spaced frequency spectrum (fH,) to the nonlinearly spaced frequency spectrum

(fmer)- In this way, we can imitate the human auditory system and, based on this concept, MFCC feature

vectors are obtained. Window control eliminates the Gibbs vibrations that occur by cutting the speech

signal. Using equation (4), Hamming window coefficients are generated with which the corresponding
frame speech is scaled.

w(n) = 5.54 — 0.46¢cos (znn) 4)

N-1

But due to working with the Hamming window, samples that are on the verge of the window are
weighed with lower values. To compensate for this, we will try to block the frame by 50%. After the
window, we calculate the logarithmic spectrum of each frame to find the energy coefficients using
equation (5).

Y(i) = X2_, log |S(k,m)|Hi (k %) (5)

where Hi (k%”) is the ith spectrum of the critical Mel bank, and N is the number of points used to

calculate the discrete Fourier transform (DFT). The number M of frequency coefficients Mel calculated
using discrete cosine transforms (DCT) using equation (6), which is nothing more than a real IDFT
critical-band filter that records the output energy.

cnm) = (2) z%: Y(k)cos (k22n) ©)
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2.4 Fully connected neural network modeling. The neural network used in this work is a fully
connected neural network with a straightened linear unit [14] as an activation function. A straightened
linear unit is essentially a piecewise function that turns all negative values into 0, while positive values
remain unchanged. This practice is called one-way inhibition and makes neurons rarely activated. Its
advantage is that the preliminary preparation process can be omitted without the problem of the
disappearance of the gradient. In addition, a straightened linear unit only requires addition and
multiplication, so it is faster and more efficient than other functions such as sigmoid and tang. The basic
unit of a neural network is a neuron, and the direction of data flow in a neuron using a straightened linear
unit is shown in figure 1.

[EBITIP.JTHHETH
emHMHMITA P BBIXOX

Figure 1 — Schematic diagram of the data flow in a neuron

The calculation formula corresponding to figure 2:
y = BJIE(x) = max (0, x) @)
X=Db+Ygwrxy (8)

A large number of neurons form a neural network through an extensive relationship, and its structure
is shown in figure 2.

-~ -~ ~ =~ - -
BXOIHOI IO CKPBITBIM CJIOM 1 CKPBITBIM CJIOH < CKPBITHII CIIOM 3

Figure 2 — Fully connected neural network structure

As input to a neural network, the i-vector function is best suited for a linear classifier. However, for
neural networks, more hidden layers mean a weaker degree of linearity. Therefore, we use fewer hidden
layers in this work. At the same time, when there are too many network parameters and too few training
samples, it is very likely that re-equipment will occur [15,16]. Retooling means that the model has small
losses and high accuracy of forecasting training data, but large losses and low accuracy of forecasting test
data. The dropout strategy is currently an effective method of suppressing retooling. Dropout means that
when training a neural network, the values of activation of neurons change by 0 at a certain ratio v, that is,
they cancel part of the nodes of the hidden layer in accordance with the ratio v. During testing, the output
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values of the hidden nodes of the layer should be reduced to (1 — v) times, for example, if the normal
output signal is a, it should be reduced to(1 — v). Screening can be considered as a method of averaging a
model that averages estimates or forecasts from different models by a certain weight, which is also
referred to as a combination of models in some literature. In each learning process, since the nodes are
accidentally ignored, the resulting network is different and can be considered as a "new" model. In
addition, the nodes are activated randomly with a certain probability, therefore there is no guarantee that
every 2 nodes will be valid together every time, then the update of the weights no longer depends on the
joint action of the nodes with fixed relations, which prevents a situation where some functions are
effective only if there are other functions [17].

3. Experimental Results

3.1 Comparison of recognition results for GMM vector systems and DNN i-vector. In this
section, we show the mapping results for the GMM i-vector system. From table 1 we see that the proposed
mapping methods provide a significant improvement for both systems. After mapping, DNN i-vector
systems still outperform GMM i-vector systems, and the superiority of DNN i-vector systems becomes
even more significant. We also compare mapping results when adding phoneme vectors. The table shows
that the effect of adding phoneme information is more important for GMM-i-vectors, and it can achieve a
relative improvement of 10% compared to the best basic level of DNN mapping. The reason is that
DNN-i-vectors already contain some information about phonemes, while GMM-i-vectors can greatly
benefit from adding phoneme vectors. As a result, we summarize the baseline and the best mapping results
for both systems in figure 3. Curves DET (Trade Error Error Tradeo) are presented for both women and
men. The numbers show that the proposed mapping algorithms provide a significant improvement over
the baseline at all operating points.

Table 1 — Results for GMM i-vector systems and i-vector DNNs

female male
EER (Rel Imp) DCF08/DCF10 EER (Rel Imp) DCF08/DCF10

GMM i-vector

A basic level of 13,6 0,063/0,097 14,3 0,057/0,099
DNN mapping 20,27% 0,054/0,095 22,37% 0,051/0,096
DNN mapping + phoneme information 25,54% 0,053/0,094 27,90% 0,048/0,096
i-vector DNN

A basic level of 13,4 0,054/0,093 11,5 0,048/0,095
DNN mapping 26,53% 0,046/0,091 27,57% 0,038/0,089
DNN mapping + phoneme information 28,75% 0,046/0,090 29,47% 0,037/0,090
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Figure 3 — DET curves for the mapping results of GMM i-vector systems and i-vector DNNSs.
The left digit corresponds to the female language, and the right one corresponds to the male language
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3.2 Database performance. In this subsection, we apply our technique to a database that contains
real audio files collected from open media channels with significant discrepancies. To generate a large
number of short statements of random duration, we first combined the dev and eval datasets, and then
selected 250 statements from a relatively clean state. We truncated each of 250 statements into several
non-overlapping short statements lasting 5 seconds, 3.5 seconds, 2.5 seconds (including both speech and
non-speech parts). As a result, 1956 statements were received. In total, we developed 664,746 tests for our
task of verifying a speaker with an arbitrary word length. For each short statement, we first lower the
sampling frequency of the audio files to a sampling frequency of 8 kHz, and then extract the i-vectors
using the previously trained DNN i-vector system. To display the i-vector, we use the most tested models
in the SRE10 data set (condition 5s) to apply to the SITW data set. The results of the EER and minDCF
estimates are shown in table 2. The table shows that the best models tested on the SRE10 dataset
generalize the SITW dataset well, which gives a relative EER improvement of 24.32% for women
speaking and 22.87% relative improvement for talking men. The results also show that the proposed
methods can be used in real conditions, such as smart home and forensic applications.

Table 2 — DNN-based mapping results for SITW using arbitrary durations of short sentences

female male
EER (Rel Imp) DCF10 EER (Rel Imp) DCF10
Custom Duration
basic level 16,35 0,079 11,9 0,084
DNN mapping (best models from SRE10) 14,2 0,076 10,8 0,081

3.3 Cartographic effects. To investigate the effect of the proposed i-vector mapping algorithms, we
first calculate the mean square Euclidean distance between the short and long pairs of the sentence i-
vector in the assessment data set before and after the mapping. The RMS Euclidean distance Dg; between
the short and long pronunciation i —vector is determined as follows:

Doy = = T4 (Th (ws (i) — wy(D))?) ©)

where wg and w; represent the i-vector of the short statement and the long statement, respectively, L is the
length of the i-vector, and N is the number of short and long pairs of the i-vector. We compare the
Dg;values for 10-second and 5-second i-vectors with short sentences, as well as the associated 10-second
and 5-second vector expressions for women and men in table 3. From the table we see that after displaying
the displayed i- short pronunciation vectors have significantly lower Dgvalues compared to what they
were before the display. After displaying Dg; in state 10s less than in state 5s. In addition, we calculate and
compare the J-factor of short-pronounced i-vectors before and after the comparison in table 4, which
measures the ability to split votes. Given the i-vectors for M votes, the J-coefficient can be calculated
using equations 10-12:

Sw==3M R (10)
Sw = 5 XML (Wi — wo) (Wi — wo)” (11)
J =Tr((Sp + Sw)™*Sp) (12)

where S, is the scattering matrix inside the class, S, is the scattering matrix between classes, w; is the
average i-vector for the i-th speaker, w, the average value of all w;, and R; is the covariance matrix for the
i-th speaker (note that more high J-ratio means better separation). From table 4 we can observe that the
mapped i-vectors have significantly higher J-ratios compared to the original i-vectors with short intervals
for conditions of 5s and 10s. These results indicate that the proposed DNN-based mapping methods can
generalize well to invisible speakers and utterances and improve the ability of i-vectors to split voices.
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Table 3 — Square Euclidean distance (Dy;) between short and long pairs

of sentence i-vectors from SRE10 before and after display

Dy,
10s 5s
original mapped original mapped
female 549,7 304,9 618,8 357,3
male 4924 305,8 557,4 339,9
Table 4 — J-factor for short-term i-vectors before and after mapping
J-ratio
10s 5s
original mapped original mapped
female 86,39 94,81 81,85 86,91
male 88,25 91,37 81,15 86,51

4. Conclusion. In this paper, we show how the performance of GMM and DNN-based i-vector
speaker verification systems deteriorates rapidly with a decrease in the duration of evaluative statements.
This work explains and analyzes the causes of deterioration and offers several DNN-based methods for
teaching non-linear mapping of short-sentence i-vectors to their long version in order to improve the
performance of short sentence estimation. The proposed mapping method based on DNN is used to model
joint representations of i-vectors with short and long statements.

When evaluated using a dataset, mapped short i-vectors can provide a relative improvement of about
24.32% to test short sentences in inappropriate learning conditions, and also exceed the learning
conditions of an agreed PLDA using short sentences. We studied several key factors of DNN models and
conclude the following: 1) for a trained DNN model with semi-control, uncontrolled learning plays a more
important role than controlled learning in the speaker verification task; 2) by increasing the depth of neural
networks using residual blocks, we can alleviate the problem of tight optimization of deep neural networks
and get an improvement over a shallow network, especially for DNN; 3) the addition of phoneme
information can help in the study of nonlinear mapping and provide further improvement in performance,
and this effect is more significant for GMM i-vectors; 4) the proposed DNN-based mapping methods
work well for short sentences with different and mixed durations; 5) the proposed models can also
improve the GMM i-vector system and DNN i-vector, and after matching, the DNN i-vector system still
works better than the GMM-i-vector system; and 6) the best-tested models are well generalized to a
dataset and provide significant improvement for short sentences of arbitrary length.
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TEPEH HEIPOH/IBIK JKEJLJIEP/I (DNN) KOJIIAHY APKBLJIBI AJJAMHBIH COIJIEY
AYTEHTH®UKALIMSCBIHBIH BUOMETPHUSLIBIK KYNECI

Annotanusi. buomerpuka nactypii colikecTeHIIpy 9icTepiHe KapaFaH/a Kayilici3 api KoJaiis! 00BN Kelesi.
Bromerpust — OMOOTHSIIBIK FRUIBIMIAPIAFH] AEPEKTEPl Taliay MaceeNepiHe KONIaHbUIAThIH CTATUCTUKAIIBIK, KIHE
MaTeMaTHKaJIBIK 9AICTEPAiH 1aMybl. Byl TeXHONIOTUsHBI €HIi3y KOMIBIOTEPIIIK XKYiie Kayinci3airine xaHa Ke3Kapac-
Tap okenexai. Vnentudukanus xaHe pacrtay — KEeKe KyaJliKTi pacTay YIIiH OMOMETpUKaHbl KOJJaHYyIbIH €Ki dici
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Oompinn caHamansl. bromerpuka mereHiMi3 ajgaMHBIH JKeKe OachlH aHBIKTAy VINIH (QU3HKAIBIK Hemece (pu3mo-
JIOTHSUTBIK, OMOJIOTHSUTBIK HEMece MiHe3-KYJIBIK CHIaTTaMalapblH Haigananynsl Oinpipeni. Conrbl yaksiTta DNN
CeHIMIIi )KOHEe THIMII ayTeHTH(HUKAIMI CXEMaCBHIHBIH KypalblHa aifHaiabl. by xymeicTa Keneciell OKBITYABIH eKi
3aMaHayH oOJiCiH caipIcThIpaMb3: [aycc apamacy mopeniHe HerizmenreH omic (GMM) (GMM i-BekTopsIMeH
OenrineHemni) xoHe TepeH HeHPOHABIK keminepre HerizaenreH aaictep (DNN) (i-Bextopnsik DNN nenoenrineHren).
Hotmxenep i-BexTops! 6ap DNN xyleciHiH opTYpIIi Y3BIHABIKTapFa (TOJBIK Y3BIHABIFBIHAH 5 ceK AeliH) apHaIFaH
i-Bekropel 6ap GMM kyifecinen »xorapsl ekeHin kepceremi. Coursl 3eprreyiaepme DNN MoTiHAIK Toyeincis
aybIcTapasl TEKCePYHiH THIMAI (QYHKUMSIApHl €KEHMIr1 MorennmeHnai. by xyMmpicta MOTIHAI KapamaibIM SKOHE
THiMAL dmicrieH Tekcepy ke3inge DNN konmaHyra MYMKIHAIK OepeTiH KaHa cXeMa YCHIHBUIFaH. ToxipuOe Kepcet-
KeHzel, yeriHpUIFaH cxemMa EER TeXHOMOTHACHH 3aMaHayH dIiciieH canbIcThIpranaa 24,32%-Fa ToMeHAeTe 1 )KoHe
OHBIH CEHIMAUTITI Jayisl MONIIMETTEp.i, COHAAaW-aK HAKTHl XKaFjalma >KUHAJFaH ICpPeKTepAl MaiiaaiaHy apKbLIBI
Oaramanansl. CoHBIMEH KaTap, oMOeban (oHabK Moxensaey ymiH GMM opaerra DNN konmany EER peHreiiinig
15,7% TeMeHneHTiHI KOPCeTUITeH.

BromeTpusuTbIK Kayinci3mik jKyieci IeKTPOHABIK KayilCi3MiKIIeH CaubICTRIPFaHIa MBIKTHI KypalFa aifHamyna
[2]. AmaMHBIH Ke3-KenreH (GU3NOJIOTHSIIBIK HEMECe MiHe3-KYJIBIK CHITATTaMACHIH OMOMETPHSIIBIK CUTIATTaMa peTiHme
maiinananyra OOJambl, ON VINiH Kellecimel cumarrachl OONYBI KaXKeT: oMOeOANTHUIBIK, €PEKIIeNiTiK, TYPaKThUIBIK,
KIHAKTAIY, alfHAIBII OTY, KAOBUTIaHY JKoHEe OHIMIUTIK [3]. @U3HONIOTHSUTBIK OMOMETPHS JIeHE MilTiHIMEeH OalIaHbIC-
THL. ATaMHBIH MiHe3-KYJIKBIHA OalIaHBICTHI MiHE3-KYIBIK OmomeTpukachkl. Ceiiney — eKi caHaTKa >KaTaThIH epeKIe
OouomeTpusIIBIK epekmienik [4]. Kocrimina Heri3inae Iyphic OMOMETPHUSHBI TaHAAY MaHBI3IBI OOTiK OOJIBI CaHATA b
MaoceneH, ceiiney AereHiMi3 — OHOMETPISIIBIK CHIIAT, €rep aJaMFa CyBIK HeMece 0acka IMOIMOHAIABI KaFraai acep
eTce, OHBIH CHIaTTamMajiapbl aWTapibIKTail epekmeneHemi. OChl MocenenepaiH KeHOipiH OMOMETPHSUTBIK JKYHEHIH
KOMeTiMeH IIenryre 00Iabl.

By xymBIcTa aTpUOYTTHIH SKCTPAKTOPHI KOHE JKIKTEYIIlli peTiHe i-BEKTOPJIBI JKOHE TepeH HEHPOHIBIK JKelli-
nepre (DNN) Heri3genreH CHUKEpIiH TEeHACPIIK KIACCH(PHUKANUACHIH XKaKCApTYIOBIH TYPJi SHicTepi YCHIHBUIFaH.
Bipinminen, DNN-gen xaHa GyHKOHIapAbI KYPY YIIIH MOAETh YCHIHBUIAMEL. THIFBI3 KabaTer Oap DNN kabattap
apachIHOAarel 0ACTaNKbl CalMaKTHl €CeNTey YIIiH OaKpUTaHOAWTBHIH OMICTIEH OKBITBUIANBL, CONAH KEHiH OJ ToMeH
xwuinikti nentpanasl kodpunmentrepai (T-MFCC) kypy ymie OGakpiiaHanpl jkoHe OakputaHOanapl. Exinmminmew,
JKAJIIBI CHIHBITITAPABIH STHKETKAIBIK 9/1ici DNN-1e canmmakTap sl peTTey YIIiH KaTe JKIKTeJITeH CBIHBINTAp apachliHIa
enrizineni. Ymiamiger, SDC MyMKiHIIKTep KHHAFBIH NMaiinananaTelH DNN-HeTi3IenreH JUHaMUK MOJeIbAep] YChI-
HbUIaMbl. JIMHAMUK KOJIAWTBIH MOJIENb CHUKEPIiH TOOBIH OUTIIpeTiH MOIeNbre KaparaHaa AMHAMUKTIH JKac JKOHE
JKBIHBICTHIK CUITaTTaMAaJIapbIH aHAFYPIBIM THIMII kKepcete amanpl. ConbiMeH KaTtap, T-MFCC jxaHa >KUBIHTBIFBI €Ki
XKYHenik OipiKTipy MoJelniHe Kipic peTiHae Konmaneuiaabl. bipinmri xyiie — GNN BEKTOpBIHA HETi3ENTeH CHIHBIII-
TBIK MOJIeTIb, al ekinmn xyiie — DNN i-BekropbiHa Heri3aenren auHamMukaisik Moaens [5]. T-MFCC enrisy xoHe
KOPBITBIHIBI OaraHbl DNN BEeKTOpBIHA HETi3/IeTeH Ipaganns MOJCIIMEH OipiKTIpy KIKTESYIiH TIIITiH KaKCapPTTHL.

Tyiiin ce3nep: OnoMeTpuKa, NAayBICTH TaHY, KBICKa ceitnemaep, i-BekTop, DNN.

0. K. MaMprﬁaeBl'Z, A.T. AXMe)JI/ISIpOBal’z, A. C. Kbll[blpﬁEKOBal’z,
H. O. Meke6aes’?, B. %K. )KyMa;lcaHOB1

1I/IHCTI/ITyTa nHGOPMAMOHHBIX W BEIYUCIUTENBHBIX TeXHOJIOTHHA, AnMaTsl, Kazaxcran;
’Ka3axcKuil HAITHOHATLHBIIT YHHBEpCHUTET uM. ainb-DPapadbu, Anmatel, Kazaxcran

BUOMETPHYECKASI CUCTEMA AYTEHTU®UKAIIUN YEJIOBEKA YEPE3 PEYUH C
UCIOJb30BAHUEM I'TYBOKHUX HEMPOHHBIX CETEM (DNN)

AHHOTauusA. bruomerpusi mpeanaraeT OOJBIITYI0 0€30MACHOCTh M yAOOCTBO, YeM TPATUIIMOHHBIE METOIBI
I/I)IeHTI/I(i)I/IKa[H/II/I JIMYHOCTH. BI/IOMCTpI/IH — OTO Pa3BUTHUEC CTATUCTUYCCKUX U MATEMATUICCKUX METOA0B, IPUMECHUMBIX
K 3aJJa4yaM aHaJin3a OJAaHHBIX B OMOJIOTHYECKUX HayKax. BHC}IpeHI/Ie 9TOM TEXHOJIOTHH IIPUHOCUT HOBBIC IMOAXOABI K
0€30ImacHOCTH KOMITBIOTEPHBIX cucTeM. VaeHTuuKanusa u mpoBepka — 3TO JBa CIIocoda UCIOIb30BaHUS OHOMETPHH
I ayTeHTI/I(pI/IKaHI/II/I YECJIOBCKA. EI/IOMeTpI/IH OTHOCUTCS K HCIIOJIB30BAHHUIO (pI/I3I/I‘I€CKI/IX HIIN (l)I/ISI/IOHOFI/I‘{eCKI/IX,
OMOJIOTHYECKUX HIIN MOBECACHYCCKUX XapaKTCPUCTUK JJId YCTAHOBJICHUA JIMYHOCTHU YCJIOBCKA. B TIOCJTICTHEE BPEMA
DNN crana cpeactBom Oosee HaeKHOW U 3(GEKTHBHON CXeMBl ayTeHTH(UKAIINN JTUIHOCTH. B 3T0# paboTe MBI
CpaBHMBAacM JBa COBPEMCHHBLIX METOOA O6y‘-IeHI/I$II OTUMHU ABYMA METOAAMH SABJIAIOTCSA METOABI, OCHOBAHHBLIC Ha
Mozenu rayccoBoit cmecu (GMM) (o6o3nadaembie -BektropoM GMM) u MeToasl, OCHOBaHHBIC Ha TIIYOOKHX
HeripoHHbIX ceTsaX (DNN) (o6o3nauaembie kak i-Bektop DNN). PesympraTel mokaspiBarot, uto cuctema DNN ¢
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-BeKTOpoM TpeBocxoaut cucreMy GMM c i-BekTopoM IpH pa3Nu9HON IMTENBHOCTH (OT MOJHOW [UIMHBI 1O 5C).
DNN oka3zammce Hambonee 3(pGEeKTHBHBIMA (YHKIUSIMH I HE3aBUCHUMOH OT TEKCTa MPOBEPKH TOBOPSILETO B
MOCTIETHIX HCCIENOBAaHUAX. B 3Toi paboTe mpemmaraercss HOBas cXeMa, IMO3BOJIAIOMIAs Mcroib30BaTh DNN mpu
MIPOBEPKE TEKCTa C MOMOIIBIO MOJCKA30K IMPOCTHIM M 3(P()EKTUBHBIM CIIOCOOOM. DKCIEPHUMEHTHI MTOKAa3BIBAIOT, UTO
npeanaraemas cxema cHmkaeT EER Ha 24,32% 1o cpaBHEHHIO C COBPEMEHHBIM METOAOM WU OIICHUBACTCS Ha
IPEAMET €€ HaJIe)KHOCTH C HCIOJIb30BAHHEM 3alIyMJICHHBIX JaHHBIX, a TAKXKE JAHHBIX, COOPAaHHBIX B PEAJIbHBIX
ycrmoBmsax. Kpome Toro, mokaszano, uro wucrmoinr3oBanne DNN Bmecto GMM nmns yHHBepcanbHOTO (OHOBOTO
MOJENMPOBaHUs NPUBOIUT K cHIkeHHo EER wa 15,7%.

Bbuomerpudeckas cucteMa 0€30MaCHOCTH CTAHOBHUTCSI MOIIHBIM MHCTPYMEHTOM II0 CPABHEHHUIO C 3JIEKTPOHHOU
6e3omacHocThiO [2]. Jlrobas Qusmonorndyeckas WM MOBEJCHYECKAs XapaKTePHCTHKA dYellOBeKa MOXET OBITh
UCTIONIb30BaHA B KAadeCTBE OMOMETPHUYECKOM XapaKTEPHCTHKM IIPU YCIOBHM, YTO OHa OONamaeT CICHYyIOIINMHU
CBONCTBaMH: YHUBEPCAIBHOCTh, OTIHMIUTEIFHOCTD, IIOCTOSTHCTBO, COOMPaeMOCTh, 00X0I, MPHUEMIIEMOCTh U IPOU3BO-
muTenbHOCTh [3]. Pusnonornyeckas OmomeTpus cBszaHa ¢ (opmoii Tema. [ToBemeHueckass OHOMETpHS CBA3aHA C
MIOBEICHUEM 4eJIoBeKa. Peup SBIsIeTCS YHHKAIbHOW OMOMETPHYECKOH XapaKTepUCTHUKON, KOTOpas MOANanaeT IHOx
00e kareropuu [4]. OCHOBBIBAsCh Ha NPHIOKEHUH, BHIOOD TPABIIFHONH OHMOMETPHH SBISETCS Ba)KHOW YacTBIO.
Hanpuwmep, peds - 3T0 OMOMETpHIECKUH TPHU3HAK, XapaKTEPUCTHKN KOTOPOTO OyAyT 3HAUUTEIBHO OTIMYATHCS, €CITN
Ha 4eJIOBeKa BIMSIET XOJOJA WM JPYrod 3MOLMOHAIBHEIN cTaTyc. HekoTopsle M3 3THX MpoOiIeM MOXKHO PEeIIUTh C
MIOMOIIBI0 ONOMETPHIECKON CHCTEMBI.

B 3T0ii pabote mpennararoTcsi pasiHMYHbIE METOIBI YIYUIICHUS TeHACPHOW KiIacCH(UKAIUU TOBOPSIIETO HA
OCHOBE i-BeKTOpa M IIyOokux HelipoHHBIX ceTedl (DNN) B kadecTBe SKCTpakTopa aTpHOYTOB M KiIacCH(UKATOPA.
CHavana mpeayaraeTcs MOAemb s TeHepanud HoBbIX (yHKIwiA w3 DNN. DNN co crmoeM y3koro mecra oOydaeTcs
HEKOHTPOJIMPYEMBIM 00pa3oM Ul BBIYMCIICHUS Ha4daldbHBIX BECOB MEXKAY CIIOAMH, 3aT€M OHO o0ydaercss M He
KOHTPOJIUPYETCS KOHTPOJIHPYEMBIM 00pa3oM Ui T€HEepaluy MpeoOpa3oBaHHBIX HU3KOYACTOTHBIX KETCTPalbHBIX
kodpdunuentoB (T-MFCC). Bo-BTopbsIX, METOA METOK OOIIMX KIACCOB BBOJIUTCA CPEIU HETPABHIIBHO KIacCHpH-
IIMPOBAHHBIX KJIAcCOB A peryispuzanuu BecoB B DNN. B-Tpetbux, mpemmaratorcs MoJeny ITMHAMUKOB Ha 0Oa3e
DNN, wucnons3yromue Habop ¢ynkmmii SDC. Moaens ¢ moamep Kol IWHAMHKOB MOXKeT Oonee 3¢ddeKkTuBHO
OTpaXaTh BO3PACTHBIE M T€H/IEPHBIC XapaKTEPUCTUKHI TOBOPSAIIET0, YeM MOAENb, NPEACTABISIONIAs TPYIITy TOBOPSI-
mmx. bomee toro, HOBEI Habop ¢yHKnmit T-MFCC ucmons3yercss B KaueCTBe BXOAHBIX JAaHHBIX U JABYXCHUCTEM-
HOW Monenu cnusiHuA. [lepBasi cucrema mpezacTaBisieT coOoil Mozaenb Kiacca, OCHOBaHHYIO Ha Bekrope GNN, a
BTOpas CHCTeMa TPEJACTaBISIeT COOOH MOJeNb NUHAMUKa, OCHOBaHHYI0 Ha i-Bekrope DNN [5]. HMcnonp3oBaHue
T-MFCC B kauecTBe BXOJHBIX HAaHHBIX M OOBCIUHEHHE HMTOIOBOM OLIEHKH C MOJEIBIO OLIEHKH, OCHOBAHHOM Ha
BekTope DNN, NOBBICHIIO TOYHOCTH KIIacCH(UKAIHN.

KoaroueBblie cioBa: Gromerpusi, BepupHUKAIS JUKTOPa, KOPOTKHE BhICKa3bIBaHMs, BeKTOp, DNN.
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