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VOICEPRINT RECOGNITION METHOD AND DEVICE
BASED ON MEMORY BOTTLENECK FEATURE

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This patent application claims priority to Chinese Patent Application No.
201810146310.2, filed February 12, 2018 and entitled “VOICEPRINT
RECOGNITION METHOD AND DEVICE BASED ON MEMORY BOTTLENECK
FEATURE,” which is incorporated herein by reference in its entirety.

TECHNICAL FIELD

[0002] One or more implementations of the present specification relate to the field

of computer technologies, and in particular, to voiceprint recognition.

BACKGROUND

[0003] Voiceprints are acoustic features extracted based on spectral features of
sound waves of a speaker. As with fingerprints, voiceprints, as a biological feature,
can reflect the speech features and identity information of the speaker. Voiceprint
recognition, also known as speaker recognition, is a biometric authentication
technology that automatically recognizes the identity of a speaker using specific
speaker information included in a speech signal. The biometric authentication
technology has wide application prospects in many fields and scenarios such as
identity authentication and security check.

[0004] An identity vector (i-vector) model is a common model in a voiceprint
recognition system. The i-vector model considers that the speaker and the channel
information in the speech are included in a low-dimensional linear subspace, and each
speech can be represented by a vector of a fixed length in the low-dimensional space,
where the vector is the identity vector (i-vector). The i-vector can provide solid
distinguishability, includes the identity feature information of the speaker, and is an
important feature for voiceprint recognition and speech recognition. [-vector-based
voiceprint recognition generally includes the following steps: calculating acoustic

statistics based on spectral features, extracting an identity vector (i-vector) from the
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acoustic statistics, and then performing speaker recognition based on the i-vector.
Therefore, extraction of the i-vector is very important. However, the extraction of the
i-vector in the existing voiceprint recognition process is not comprehensive. Therefore,
there is a need for a more efficient solution for obtaining more comprehensive

voiceprint features, to improve the accuracy of voiceprint recognition.

SUMMARY

[0005] One or more implementations of the present specification describe a method
and device capable of obtaining more comprehensive acoustic features from speaker
audio, thereby making the extraction of identity authentication vectors more
comprehensive and improving the accuracy of voiceprint recognition.

[0006] According to a first aspect, a voiceprint recognition method is provided,
including: extracting a first spectral feature from speaker audio; inputting the speaker
audio to a memory deep neural network (DNN), and extracting a bottleneck feature
from a bottleneck layer of the memory DNN, the memory DNN including at least one
temporal recurrent layer and the bottleneck layer, an output of the at least one
temporal recurrent layer being connected to the bottleneck layer, and the number of
dimensions of the bottleneck layer being less than the number of dimensions of any
other hidden layer in the memory DNN; forming an acoustic feature of the speaker
audio based on the first spectral feature and the bottleneck feature; extracting an
identity authentication vector corresponding to the speaker audio based on the
acoustic feature; and performing speaker recognition by using a classification model
and based on the identity authentication vector.

[0007] In an implementation, the first spectral feature includes a Mel frequency
cepstral coefficient (MFCC) feature, and a first order difference feature and a second
order difference feature of the MFCC feature.

[0008] In a possible design, the at least one temporal recurrent layer includes a
hidden layer based on a long-short term memory (LSTM) model, or a hidden layer
based on an LSTMP model, where the LSTMP model is an LSTM model with a
recurrent projection layer.

[0009] In another possible design, the at least one temporal recurrent layer includes
a hidden layer based on a feedforward sequence memory FSMN model, or a hidden

layer based on a cFSMN model, the cFSMN model being a compact FSMN model.
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[0010] According to an implementation, inputting the speaker audio to a memory
deep neural network (DNN) includes: extracting a second spectral feature from a
plurality of consecutive speech frames of the speaker audio, and inputting the second
spectral feature to the memory DNN.

[0011]  Further, in an example, the second spectral feature is a Mel scale filter bank
(FBank) feature.

[0012] According to an implementation, the forming an acoustic feature of the
speaker audio includes: concatenating the first spectral feature and the bottleneck
feature to form the acoustic feature.

[0013] According to a second aspect, a voiceprint recognition device is provided,
including: a first extraction unit, configured to extract a first spectral feature from
speaker audio; a second extraction unit, configured to: input the speaker audio to a
memory deep neural network (DNN), and extract a bottleneck feature from a
bottleneck layer of the memory DNN, the memory DNN including at least one
temporal recurrent layer and the bottleneck layer, an output of the at least one
temporal recurrent layer being connected to the bottleneck layer, and the number of
dimensions of the bottleneck layer being less than the number of dimensions of any
other hidden layer in the memory DNN; a feature concatenation unit, configured to
form an acoustic feature of the speaker audio based on the first spectral feature and
the bottleneck feature; a vector extraction unit, configured to extract an identity
authentication vector corresponding to the speaker audio based on the acoustic feature;
and a classification recognition unit, configured to perform speaker recognition by
using a classification model and based on the identity authentication vector.

[0014] According to a third aspect, a computer readable storage medium is
provided, where the medium stores a computer program, and when the computer
program is executed on a computer, the computer is enabled to perform the method
according to the first aspect.

[0015] According to a fourth aspect, a computing device is provided, including a
memory and a processor, where the memory stores executable code, and when the
processor executes the executable code, the method of the first aspect is implemented.

[0016] According to the method and device provided in the present specification, a
deep neural network (DNN) with a memory function is designed, and a bottleneck
feature with a memory effect is extracted from a bottleneck layer of such a deep

neural network and included in the acoustic features. Such acoustic features better
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reflect timing-dependent prosodic features of the speaker. The identity authentication
vector (i-vector) extracted based on such acoustic features can better represent the
speaker's speech traits, in particular prosodic features, so that the accuracy of speaker

recognition is improved.

BRIEF DESCRIPTION OF DRAWINGS

[0017] To describe the technical solutions in the implementations of the present
invention more clearly, the following is a brief introduction of the accompanying
drawings used for describing the implementations. Clearly, the accompanying
drawings in the following description are merely some implementations of the present
invention, and a person of ordinary skill in the field can derive other drawings from
these accompanying drawings without making innovative efforts.

[0018] FIG. 1 is a schematic diagram illustrating an application scenario of an
implementation disclosed in the present specification;

[0019] FIG. 2 is a flowchart illustrating a voiceprint recognition method, according
to an implementation;

[0020] FIG. 3 is a schematic diagram illustrating a bottleneck layer of a deep neural
network;

[0021] FIG. 4 is a schematic structural diagram illustrating a memory DNN,
according to an implementation;

[0022] FIG. 5 is a schematic structural diagram illustrating a memory DNN,
according to another implementation;

[0023] FIG. 6 illustrates a comparison between an LSTM and an LSTMP;

[0024] FIG. 7 is a schematic structural diagram illustrating a memory DNN,
according to another implementation;

[0025] FIG. 8 is a schematic structural diagram illustrating a memory DNN,
according to an implementation;

[0026] FIG. 9 is a schematic structural diagram illustrating a memory DNN,
according to another implementation; and

[0027] FIG. 10 is a schematic block diagram illustrating a voiceprint recognition

device, according to an implementation.
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DESCRIPTION OF IMPLEMENTATIONS

[0028] The solutions provided in the present specification are described below with
reference to the accompanying drawings.

[0029] FIG. 1 is a schematic diagram illustrating an application scenario of an
implementation disclosed in the present specification. First, a speaker speaks to form
speaker audio. The speaker audio is input to a spectrum extraction unit, and the
spectrum extraction unit extracts basic spectral features. In addition, the speaker audio
is input to a deep neural network (DNN). In the implementation of FIG. 1, the deep
neural network (DNN) is a neural network with a memory function and having a
bottleneck layer. Accordingly, the features of the bottleneck layer are features with a
memory effect. The bottleneck features are extracted from the bottleneck layer of the
DNN with a memory function, and are then concatenated with the basic spectral
features to form acoustic features. Then, the acoustic features are input to an identity
authentication vector (i-vector) model, in which acoustic statistics are calculated
based on the acoustic features, and i-vector extraction is performed based on the
measured i-vector, and then speaker recognition is performed. As such, the result of
the voiceprint recognition is output.

[0030] FIG. 2 is a flowchart illustrating a voiceprint recognition method, according
to an implementation. The method process can be executed by any device, equipment
or system with computing and processing capabilities. As shown in FIG. 2, the
voiceprint recognition method of this implementation includes the following steps:
Step 21, Extract a spectral feature from speaker audio; Step 22, Input the speaker
audio to a memory deep neural network (DNN), and extract a bottleneck feature from
a bottleneck layer of the memory DNN, the memory DNN including at least one
temporal recurrent layer and the bottleneck layer, an output of the at least one
temporal recurrent layer being connected to the bottleneck layer, and the number of
dimensions of the bottleneck layer being less than the number of dimensions of any
other hidden layer in the memory DNN; Step 23, Form an acoustic feature of the
speaker audio based on the spectral feature and the bottleneck feature; Step 24,
Extract an identity authentication vector corresponding to the speaker audio based on
the acoustic feature; and Step 25, Perform speaker recognition based on the identity
authentication vector. The following describes a specific execution process of each

step.
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[0031] First, at step 21, a spectral feature is extracted from the speaker audio. It can
be understood that the speaker audio is formed when the speaker speaks and can be
divided into a plurality of speech segments. The spectral feature extracted at step 21 is
a basic spectral feature, in particular a (single-frame) short-term spectral feature.
[0032] In an implementation, the spectral feature is a Mel frequency cepstral
coefficient (MFCC) feature. The Mel frequency is proposed based on human auditory
features, and has a non-linear correspondence with Hertz (Hz) frequency. Extracting
an MFCC feature from the speaker audio generally includes the following steps:
pre-emphasis, framing, windowing, Fourier transform, Mel filter bank, discrete cosine
transform (DCT), etc. Pre-emphasis is used to boost the high frequency part to a
certain extent so that the frequency spectrum of the signal becomes flat. Framing is
used to temporally divide the speech into a series of frames. Windowing is to use a
windowing function to enhance continuity of the left end and right end of the frames.
Next, Fourier transform is performed on the audio, so that a time domain signal is
converted to a frequency domain signal. Then, the frequency of the frequency-domain
signal is mapped to a Mel scale by using a Mel filter bank, so as to obtain a Mel
spectrum. Then, the cepstrum coefficient of the Mel spectrum is obtained through
discrete cosine transform, and then the Mel cepstrum can be obtained. Further,
dynamic differential parameters can be extracted from standard cepstrum parameter
MFCC, thereby obtaining differential features reflecting the dynamic variation
features between frames. Therefore, in general, the first-order and second-order
differential features of the MFCC are also obtained based on the extracted MFCC
features. For example, if the Mel cepstrum feature is characterized by 20 dimensions,
then a first order difference feature of 20 dimensions and a second order difference
feature of 20 dimensions are also obtained in the difference parameter extraction
phase, so as to form a 60-dimensional vector.

[0033] In another implementation, the basic spectral feature extracted at step 21
includes linear predictive coding (LPC) feature or perceptual linear predictive (PLP)
feature. Such feature can be extracted by using a conventional method. It is also
possible to extract other short-term spectral feature(s) as the basic feature.

[0034] However, the basic short-term spectral feature is often insufficient to
express the full information of the speaker. For example, MFCC features do not well
reflect speaker feature information in the high frequency domain. Thus, conventional

technologies have complemented the overall acoustic features by introducing
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bottleneck features of the deep neural network (DNN).

[0035] Conventional deep neural network (DNN) is an extension of conventional
feedforward artificial neural network, which has more hidden layers and a stronger
expression capability, and has been applied in the field of speech recognition in recent
years. In speech recognition, the deep neural network (DNN) replaces the GMM part
in the Gaussian mixture model-hidden Markov model (GMM-HMM) acoustic model
to represent the probability of different states that occur in the HMM model. Generally,
for a DNN for speech recognition, the input is an acoustic feature that concatenates a
plurality of earlier and later frames, and the output layer typically uses a softmax
function to represent a posteriori probability for predicting a phoneme in an HMM
state, so that phoneme states can be classified.

[0036] Deep neural network (DNN) has such a classification capability, because it
obtains, based on supervised data, feature representations that are advantageous for a
particular classification task. In a DNN including a bottleneck layer, the feature of the
bottleneck layer is a good representation of the above feature. Specifically, the
bottleneck layer is a hidden layer in the DNN model that includes a significantly
reduced number of nodes (referred to as dimensions), compared to other hidden layers.
Alternatively, the bottleneck layer includes fewer nodes than the other layers in the
deep neural network (DNN). For example, in a deep neural network (DNN), the
number of nodes at any other hidden layer is 1024, and the number of nodes at a
certain layer is only 64, forming a DNN structure with a hidden layer topology of
1024-1024-64-1024-1024. The hidden layer in which the number of nodes is only 64
is referred to as a bottleneck layer. FIG. 3 is a schematic diagram illustrating a
bottleneck layer of a deep neural network. As shown in FIG. 3, the deep neural
network includes a plurality of hidden layers, and the hidden layer in which the
number of nodes is significantly reduced compared to other hidden layers is the
bottleneck layer.

[0037] The activation value of a node at the bottleneck layer can be considered as a
low-dimensional representation of the input signal, which is also referred to as a
bottleneck feature. In a DNN trained for speech recognition, the bottleneck feature
can include additional speaker speech information.

[0038] In an implementation, to better reflect the context dependency of the
sequence of speech frames with acoustic features and better grasp the timing variation

of the speech prosody in the speaker's audio, an improvement is made based on a
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conventional deep neural network (DNN), that is, a memory function is introduced to
form a deep neural network (DNN) with memory. Specifically, the deep neural
network (DNN) with memory is designed to include at least one temporal recurrent
layer and a bottleneck layer, and the output of the temporal recurrent layer is
connected to the bottleneck layer, so that the feature(s) of the bottleneck layer can
reflect temporal feature(s), thereby having a "memory" function. Then, at step 22, the
speaker audio is input to the memory DNN, and the memory bottleneck feature is
extracted from the bottleneck layer of the memory DNN.
[0039] In an implementation, the temporal recurrent layer described above employs
a hidden layer in a recurrent neural network (RNN). More specifically, in an
implementation, the temporal recurrent layer employs a Long-Short Term Memory
(LSTM) model.
[0040] Recurrent neural network (RNN) is a temporal recurrent neural network that
can be used to process sequence data. In the RNN, the current output of a sequence is
associated with its previous output. Specifically, the RNN memorizes the previous
information and applies it to the calculation of the current output; that is, the nodes
between the hidden layers are connected, and the input of the hidden layer includes
not only the output of the input layer, but also the output of the hidden layer from a
previous time. That is, the t™ state of the hidden layer can be expressed as:

St =f (U«Xt+ WxSt-1)
where Xt is the t" state of the input layer, St-1 is the (t-1)™ state of the hidden layer,
is a calculation function, and W and U are weights. As such, the RNN loops the
previous state back to the current input, thus taking into account the timing effect of
the input sequence.
[0041] In the case of processing long-term memory, RNN has a long-term
dependence issue, and training is difficult, for example, the issue of gradient overflow
may easily occur. The LSTM model proposed based on the RNN further resolves the
issue of long-term dependence.
[0042]  According to the LSTM model, calculation of three gates (input gate, output
gate, and forget gate) is implemented in recurrent network module(s). The forget gate
can be arranged to filter information, to discard certain information that is no longer
needed, so as to better analyze and process the long-term data by determining and
screening unnecessary interference information from input.

[0043] FIG. 4 is a schematic structural diagram illustrating a memory DNN,
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according to an implementation. As shown in FIG. 4, the deep neural network (DNN)
includes an input layer, an output layer, and a plurality of hidden layers. These hidden
layers include a temporal recurrent layer formed based on the LSTM model. The
output of the LSTM layer is connected to a bottleneck layer, and the bottleneck layer
is followed by a conventional hidden layer. The bottleneck layer has a significantly
reduced number of dimensions, for example, 64 or 128 dimensions. The number of
dimensions of other hidden layers are, for example, 1024, 1500, etc., which is far
greater than the number of dimensions of the bottleneck layer. The number of
dimensions of the LSTM can be the same as or different from the number of
dimensions of any other conventional hidden layer, but is also far greater than the
number of dimensions of the bottleneck layer. In a typical example, the number of
dimensions of each conventional hidden layer is 1024, the number of dimensions of
the LSTM layer is 800, and the number of dimensions of the bottleneck layer is 64,
thus forming a deep neural network (DNN) with a dimension topology of
1024-1024-800-64-1024-1024.

[0044] FIG. 5 is a schematic structural diagram illustrating a memory DNN,
according to another implementation. As shown in FIG. 5, the deep neural network
(DNN) includes an input layer, an output layer, and a plurality of hidden layers, where
the hidden layers include an LSTM projection (LSTMP) layer as a temporal recurrent
layer. The LSTMP layer is an LSTM architecture with a recurrent projection layer.
FIG. 6 illustrates a comparison between an LSTM and an LSTMP. In a conventional
LSTM architecture, the recurrent connection of the LSTM layer is implemented by
the LSTM itself, that is, via direct connection from the output unit to the input unit. In
the LSTMP architecture, a separate linear projection layer is added after the LSTM
layer. As such, the recurrent connection is an input from the recurrent projection layer
to the LSTM layer. By setting the number of units at the recurrent projection layer,
projection-based dimension reduction can be performed on the number of nodes at the
LSTM layer.

[0045] The output of the recurrent projection layer in the LSTMP layer is
connected to the bottleneck layer, and the bottleneck layer is followed by a
conventional hidden layer. Similarly, the bottleneck layer has a significantly reduced
number of dimensions, and the other hidden layers, including the LSTMP layer, have
a far greater number of dimensions. In a typical example, the number of dimensions

of each conventional hidden layer is 1024, the number of dimensions of the LSTM
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layer is 800, and the number of dimensions of the recurrent projection layer on which
projection-based dimension reduction is performed is 512, thus forming a depth
neural network (DNN) with a dimension topology of 1024-800-512-64-1024-1024.
[0046] Although in the examples of FIG. 4 and FIG. 5, the input layer is directly
connected to the LSTM/LSTMP temporal recurrent layer, it can be understood that
other conventional hidden layers can also precede the temporal recurrent layer.

[0047] FIG. 7 is a schematic structural diagram illustrating a memory DNN,
according to another implementation. As shown in FIG. 7, the deep neural network
(DNN) includes an input layer, an output layer, and a plurality of hidden layers. These
hidden layers include two LSTM layers, the output of the second LSTM layer is
connected to the bottleneck layer, and the bottleneck layer is followed by a
conventional hidden layer. Similarly, the bottleneck layer has a significantly reduced
number of dimensions, and any other hidden layer (including the two LSTM layers)
has a far greater number of dimensions. In a typical example, the number of
dimensions of each conventional hidden layer is 1024, the number of dimensions of
each of the two LSTM layers is 800, and the number of dimensions of the bottleneck
layer is 64, thus forming a depth neural network (DNN) with a dimension topology of
1024-800-800-64-1024-1024.

[0048] In an implementation, the LSTM layer in FIG. 7 can be replaced with an
LSTMP layer. In another implementation, more LSTM layers can be included in the
DNN.

[0049] In an implementation, a temporal recurrent layer is formed in the deep
neural network (DNN) by using a Feedforward Sequential Memory Networks (FSMN)
model. In the FSMN model, some learning memory modules are added at the hidden
layer of a standard feedforward fully connected neural network, and these memory
modules use a tap delay line structure to encode long-term context information into a
fixed-size expression as a short-term memory mechanism. Therefore, the FSMN
models the long-term dependency in the time sequence signal without using a
feedback connection. For speech recognition, the FSMN has solid performance, and
its training process is simpler and more efficient.

[0050] A compact FSMN (compact FSMN) is also proposed based on the FSMN.
The cFSMN has a more simplified model structure. In the cFSMN, first
projection-based dimension reduction is performed on the input data (for example, the

number of dimensions is reduced to 512) by a projection layer, then the data is
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processed by using a memory model, and finally the feature data (for example, 1024
dimensions) is output after processing by using the memory model.

[0051] The FSMN model or cFSMN model can be introduced in the deep neural
network (DNN), so that the DNN has a memory function.

[0052] FIG. 8 is a schematic structural diagram illustrating a memory DNN,
according to an implementation. As shown in FIG. 8, the deep neural network (DNN)
includes an input layer, an output layer, and a plurality of hidden layers. These hidden
layers include a temporal recurrent layer formed by the FSMN model. The output of
the FSMN layer is connected to a bottleneck layer, and the bottleneck layer is
followed by a conventional hidden layer. The bottleneck layer has a significantly
reduced number of dimensions. The number of dimensions of any other hidden layer
(including the FSMN layer) is greater than the number of dimensions of the
bottleneck layer, for example, 1024 dimensions, 1500 dimensions, etc. In a typical
example, the number of dimensions of the FSMN layer is 1024, the number of any
other hidden layer is 2048, and the number of dimensions of the bottleneck layer
dimension is 64, thus forming a deep neural network (DNN) with a dimension
topology of 2048-1024-64-2048-2048.

[0053] FIG. 9 is a schematic structural diagram illustrating a memory DNN,
according to another implementation. As shown in FIG. 9, the deep neural network
(DNN) includes an input layer, an output layer, and a plurality of hidden layers. These
hidden layers include two cFSMN layers, the output of the second cFSMN layer is
connected to the bottleneck layer, and the bottleneck is followed by a conventional
hidden layer. Similarly, the bottleneck layer has a significantly reduced number of
dimensions, and any other hidden layer (including the two cFSMN layers) has a far
greater number of dimensions. In a typical example, the number of dimensions of
each conventional hidden layer is 2048, the number of dimensions of each of the two
cFSMN layers is 1024, and the number of dimensions of the bottleneck layer is 64,
thus forming a depth neural network (DNN) with a dimension topology of
2048-1024-1024-64-2048-2048.

[0054] It can be understood that the cFSMN layer in FIG. 9 can be replaced with an
FSMN layer. In another implementation, more FSMN/cFSMN layers can be included
in the DNN.

[0055] In an implementation, other temporal recurrent models can be employed in

the deep neural network (DNN) to form a DNN with a memory function. In general,
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the DNN with a memory function includes one or more temporal recurrent layers, and
the temporal recurrent layer(s) is directly connected to a bottleneck layer, so that the
features of the bottleneck layer can reflect the timing effect and have a memory effect.
It can be understood that the greater the number of temporal recurrent layers, the
better the performance, but the higher the network complexity; and the fewer the
number of temporal recurrent layers, the simpler the training of the network model.
Typically, a DNN with 1 to 5 temporal recurrent layers is often used.

[0056] As can be seen from the above description, a deep neural network (DNN)
can be designed to have temporal recurrent layer(s) before a bottleneck layer. For such
a deep neural network (DNN) with a memory function, speech recognition training
can be performed in a conventional way. The bottleneck feature(s) included in the
trained DNN can reflect more abundant speech information than the basic spectral
feature(s). In addition, because the DNN includes temporal recurrent layer(s) before
the bottleneck layer, the bottleneck feature(s) also has a memory function, which
reflects the time sequence effect of speech. Correspondingly, at step 22 of FIG. 2, the
feature(s) of the bottleneck layer in the deep neural network (DNN) with a memory
function is extracted, so that the bottleneck feature(s) with a memory function is
obtained.

[0057] Specifically, at step 22, the speaker audio is input to the memory DNN. In
an implementation, a plurality of consecutive speech frames of the speaker audio are
input to the DNN, where the plurality of consecutive speech frames include, for
example, 16 frames: 10 preceding frames, 1 present frame, and 5 subsequent frames.
For the plurality of consecutive speech frames, the basic spectral features are
generally input to the memory DNN. In an implementation, the basic spectral feature
input to the DNN is a Mel frequency cepstral coefficient (MFCC) feature. In another
implementation, the basic spectral feature input to the DNN is an Mel scale filter bank
(FBank) feature. The FBank feature is a spectral feature obtained by using a Mel filter
bank map the frequency of a frequency domain signal to a Mel scale. In other words,
the MFCC feature is obtained by performing discrete cosine transform on the FBank
feature, and the FBank feature is a MFCC feature prior to the discrete cosine
transform.

[0058] The basic spectral feature input to the memory DNN is processed through
calculation by the DNN to form a series of bottleneck features at the bottleneck layer.

Specifically, the bottleneck layer includes a plurality of nodes with a small number of
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dimensions, and these nodes are assigned activation values during the forward
calculation when the spectral features are processed in the DNN. The bottleneck
feature(s) is extracted by reading the activation values of the nodes at the bottleneck
layer.
[0059] As such, at step 21, the basic spectral feature is extracted from the speaker
audio; and at step 22, the bottleneck feature is extracted from the deep neural network
(DNN) with a memory function. Based on this, at step 23, the spectral feature and the
bottleneck feature are concatenated to form an acoustic feature of the speaker audio.
In an implementation, the bottleneck feature and the basic spectral feature are
concatenated to form the acoustic feature of the speaker audio.
[0060] For example, assuming that the basic spectral feature includes a
20-dimensional MFCC feature, a 20-dimensional MFCC first-order differential
feature, and a 20-dimensional MFCC second-order differential feature, and that the
number of dimensions of the bottleneck feature is the same as the number of
dimensions of the bottleneck layer, for example, 64, then the 60-dimensional feature
of the MFCC and its differential can be concatenated with the 64-dimensional
bottleneck feature to form a 124-dimensional vector as the acoustic feature Ot. Of
course, in other examples, the acoustic feature Ot can include more features obtained
based on other factors.
[0061] Next, at step 24, the identity authentication vector corresponding to the
speaker audio, that is, the i-vector, is extracted based on the acoustic feature.
[0062] The i-vector model is built based on the Gaussian mean supervector space
in the Gaussian mixture model-universal background model (GMM-UBM), and
considers that both the speaker information and the channel information are included
in a low-dimensional subspace. Given a segment of speech, its Gaussian mean
supervector M can be decomposed as follows:

M=m+Tw
where m is a component independent of a speaker and a channel, which can be
usually replaced with the mean supervector of the UBM; T is a total variability
subspace matrix; and o is a variation factor including the speaker and channel
information, that is, i-vector.
[0063] To calculate and extract the i-vector, sufficient statistics (that is,

Baum-Welch statistics) for each speech segment need to be calculated:
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where Nc(k) , Fc(k), and SC() respectively denote the zero-order statistics, the

first-order statistics and the second-order statistics of the speech segment k on the ¢
GMM mixed component, o, () denotes the acoustic feature of the speech segment k at
the time index t, p. is the mean value of the ¢™ GMM mixed component, yc(’;)

denotes the posterior probability of the acoustic feature o, () for the c™ GMM mixed
component. The i-vector is mapped and extracted based on the above sufficient
statistics.

[0064] It can be seen that the extraction of the i-vector is based on the calculation

of the above sufficient statistics, which is based on the acoustic feature 0( ).

According to steps 21-23 of FIG. 2, the acoustic feature 0( )

includes not only the
basic spectral information of the speaker's audio, but also the bottleneck feature of the

deep neural network (DNN) with a memory function. As such, the acoustic feature

t() can better reflect the prosodic information of the speech segments, and

correspondingly, the i-vector extracted based on the acoustic feature 0( ) can more

fully reflect the speaker’s speech traits.

[0065] Next, at step 25, speaker identification is performed based on the extracted
identity authentication vector (i-vector). Specifically, the extracted i-vector can be
input to a classification model as an identity feature for classification and speaker
identification. The -classification model is, for example, a probabilistic linear
discriminant analysis (PLDA) model. The model is used to calculate a score of
likelihood ratio between different i-vectors and make a decision based on the score. In
another example, the classification model is, for example, a support vector machine
(SVM) model. The model is a supervised classification algorithm, which achieves
classification of i-vectors by finding a classification plane and separating data on both
sides of the plane.

[0066] As can be seen from the above description, because the acoustic feature
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includes a memory bottleneck feature, the prosodic information of the speech segment
is better reflected, and correspondingly, the i-vector extracted based on the acoustic
feature more fully reflects the speaker’s speech traits, and therefore, the speaker
recognition performed based on such i-vectors has higher recognition accuracy.

[0067] According to another aspect, an implementation of the present specification
further provides a voiceprint recognition device. FIG. 10 is a schematic block diagram
illustrating a voiceprint recognition device, according to an implementation. As shown
in FIG. 10, the device 100 includes: a first extraction unit 110, configured to extract a
first spectral feature from speaker audio; a second extraction unit 120, configured to:
input the speaker audio to a memory deep neural network (DNN), and extract a
bottleneck feature from a bottleneck layer of the memory DNN, the memory DNN
including at least one temporal recurrent layer and the bottleneck layer, an output of
the at least one temporal recurrent layer being connected to the bottleneck layer, and
the number of dimensions of the bottleneck layer being less than the number of
dimensions of any other hidden layer in the memory DNN; a feature concatenation
unit 130, configured to form an acoustic feature of the speaker audio based on the first
spectral feature and the bottleneck feature; a vector extraction unit 140, configured to
extract an identity authentication vector corresponding to the speaker audio based on
the acoustic feature; and a classification recognition unit 150, configured to perform
speaker recognition by using a classification model and based on the identity
authentication vector.

[0068] According to an implementation, the first spectral feature extracted by the
first extraction unit 110 includes a Mel frequency cepstral coefficient (MFCC) feature,
and a first order difference feature and a second order difference feature of the MFCC
feature.

[0069] In an implementation, the temporal recurrent layer in the memory DNN on
which the second extraction unit 120 is based includes a hidden layer based on a
long-short term memory (LSTM) model, or a hidden layer based on an LSTMP model,
where the LSTMP model is an LSTM model with a recurrent projection layer.

[0070] In another implementation, the temporal recurrent layer can further include
a hidden layer based on a feedforward sequence memory FSMN model, or a hidden
layer based on a cFSMN model, the cFSMN model being a compact FSMN model.
[0071] In an implementation, the second extraction unit 120 is configured to:

extract a second spectral feature from a plurality of consecutive speech frames of the
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speaker audio, and input the second spectral feature to the deep neural network
(DNN).

[0072] Further, in an example, the second spectral feature is a Mel scale filter bank
(FBank) feature.

[0073] In an implementation, the feature concatenation unit 130 is configured to
concatenate the first spectral feature and the bottleneck feature to form the acoustic
feature.

[0074]  According to the method and device provided in the present specification, a
deep neural network (DNN) with a memory function is designed, and a bottleneck
feature with a memory effect is extracted from a bottleneck layer of such a deep
neural network and included in the acoustic features. Such acoustic features better
reflect timing-dependent prosodic features of the speaker. The identity authentication
vector (i-vector) extracted based on such acoustic features can better represent the
speaker's speech traits, in particular prosodic features, so that the accuracy of speaker
recognition is improved.

[0075] According to an implementation of another aspect, a computer readable
storage medium 1is further provided, where the computer readable storage medium
stores a computer program, and when the computer program is executed in a computer,
the computer is enabled to perform the method described with reference to FIG. 2.
[0076] According to an implementation of yet another aspect, a computing device
is further provided, including a memory and a processor, where the memory stores
executable code, and when the processor executes the executable code, the method
described with reference to FIG. 2 is implemented.

[0077] A person skilled in the field should be aware that, in one or more of the
above examples, the functions described in the present invention can be implemented
in hardware, software, firmware, or any combination thereof. When these functions
are implemented by software, they can be stored in a computer readable medium or
transmitted as one or more instructions or code lines on the computer readable
medium.

[0078] The specific implementations mentioned above further describe the object,
technical solutions and beneficial effects of the present invention. It should be
understood that the above descriptions are merely specific implementations of the
present invention and are not intended to limit the protection scope of the present

invention. Any modification, equivalent replacement and improvement made based on
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the technical solution of the present invention shall fall within the protection scope of

the present invention.
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CLAIMS

1. A voiceprint recognition method, comprising:

extracting a first spectral feature from an audio signal;

independent from the extracting of the first spectral feature, inputting data
corresponding to the audio signal to a memory deep neural network (DNN), the data
corresponding to the audio signal being different from the first spectral feature, the memory
DNN including a plurality of hidden layers that include at least one temporal recurrent layer
and a bottleneck layer, an output of the at least one temporal recurrent layer being connected
to the bottleneck layer, a feature extracted from the bottleneck layer indicating time sequence
information, the bottleneck layer having a smallest number of dimensions among the plurality
of hidden layers in the memory DNN;

extracting a bottleneck feature from the bottleneck layer of the memory DNN
that received the data corresponding to the audio signal as input to the memory DNN;

forming an acoustic feature, the acoustic feature including both the first
spectral feature and the bottleneck feature;

extracting an identity authentication vector based, at least in part, on the
acoustic feature; and

performing speaker recognition using a classification model and based, at least

in part, on the identity authentication vector.

2. The method according to claim 1, wherein the first spectral feature
comprises a Mel frequency cepstral coefficient (MFCC) feature, and a first order difference

feature and a second order difference feature of the MFCC feature.
3. The method according to claim 1, wherein the at least one temporal

recurrent layer comprises a hidden layer based on a long-short term memory (LSTM) model

or a hidden layer based on a long short-term memory projection (LSTMP) model.
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4. The method according to claim 1, wherein the at least one temporal
recurrent layer comprises a hidden layer based on a feedforward sequence memory (FSMN)

model or a hidden layer based on a compact feedforward sequence memory (cFSMN) model.

5. The method according to claim 1, wherein:
the audio signal includes a plurality of consecutive speech frames; and
the inputting of the data corresponding to the audio signal to the memory deep
neural network (DNN) comprises:
extracting a second spectral feature from the plurality of consecutive
speech frames; and

inputting the second spectral feature to the memory DNN.

6. The method according to claim 5, wherein the second spectral feature

is a Mel scale filter bank (FBank) feature.

7. The method according to claim 1, wherein the forming the acoustic
feature of the speaker audio comprises: concatenating the first spectral feature and the

bottleneck feature to form the acoustic feature.

8. A voiceprint recognition device, comprising:

a first extraction unit, configured to extract a first spectral feature from an
audio signal;

a second extraction unit independent from the first extraction unit, configured
to: input data corresponding to the audio signal to a memory deep neural network (DNN) and
extract a bottleneck feature from a bottleneck layer of the memory DNN, wherein the data
corresponding to the audio signal is different from the first spectral feature, the memory DNN
includes at least one temporal recurrent layer and the bottleneck layer, an output of the at
least one temporal recurrent layer is connected to the bottleneck layer, a feature extracted
from the bottleneck layer indicates time sequence information, and a number of dimensions
of the bottleneck layer is less than a number of dimensions of any other hidden layer in the

memory DNN;
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a feature combining unit, configured to form an acoustic feature, wherein the
acoustic feature includes both the first spectral feature and the bottleneck feature;

a vector extraction unit, configured to extract an identity authentication vector
based, at least in part, on the acoustic feature; and

a classification recognition unit, configured to perform speaker recognition

using a classification model and based, at least in part, on the identity authentication vector.

9. The device according to claim 8, wherein the first spectral feature
extracted by the first extraction unit comprises a Mel frequency cepstral coefficient (MFCC)
feature, and a first order difference feature and a second order difference feature of the

MFCC feature.

10. The device according to claim 8, wherein the at least one temporal
recurrent layer comprises a hidden layer based on a long-short term memory (LSTM) model

or a hidden layer based on a long short-term memory projection (LSTMP) model.

11. The device according to claim 8, wherein the at least one temporal
recurrent layer comprises a hidden layer based on a feedforward sequence memory (FSMN)

model or a hidden layer based on a compact feedforward sequence memory (cFSMN) model.

12. The device according to claim 8, wherein the second extraction unit is
further configured to: extract a second spectral feature from a plurality of consecutive speech

frames of the audio signal, and input the second spectral feature to the memory DNN.

13. The device according to claim 12, wherein the second spectral feature

is a Mel scale filter bank (FBank) feature.
14. The device according to claim 8, wherein the feature combining unit is

configured to concatenate the first spectral feature and the bottleneck feature to form the

acoustic feature.
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15. A computer-readable storage medium storing contents that, when
executed by one or more processors, cause the one or more processors to perform actions
comprising:

inputting data corresponding to an audio signal into a memory deep neural
network (DNN), the DNN including at least a bottleneck layer and a temporal recurrent layer,
wherein an output of the temporal recurrent layer is connected to an input of the bottleneck
layer, wherein at least a feature extracted from the bottleneck layer conveys time sequence
information;

obtaining a bottleneck feature from the bottleneck layer based, at least in part,
on processing of the audio data using the memory DNN;

forming a combined feature, wherein the combined feature includes both (a)
the bottleneck feature and (b) an other spectral feature derived from the audio signal
independently from the inputting of the data corresponding to the audio signal into the DNN,
the other spectral feature being different from the data corresponding to the audio signal that
was input into the DNN; and

causing performing of speaker recognition based, at least in part, on the

combined feature.
16. The computer-readable storage medium of claim 15, wherein the
obtaining the bottleneck feature comprises accessing activation values of a plurality of nodes

of the bottleneck layer.

17. The computer-readable storage medium of claim 16, wherein the

bottleneck feature includes a vector formed by at least a subset of the activation values.

18. The computer-readable storage medium of claim 15, wherein the other

spectral feature includes a single-frame spectral feature.

19. The computer-readable storage medium of claim 15, wherein the

temporal recurrent layer is a first temporal recurrent layer and wherein the memory DNN
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includes a second temporal recurrent that feeds directly or indirectly into the first temporal

recurrent layer.

20. The computer-readable medium of claim 15, wherein the combined

feature is larger in dimension than at least one of the bottleneck feature or the other feature.
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