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[DESCRIPTION]
[Title of Invention]
METHOD FOR DISTINGUISHING ONE OR MORE COMPONENTS OF
SIGNAL
[Technical Field]
[0001]
This invention relates generally to signal processing, and more particularly
to distinguishing components of an acoustic signal.
[Background Art]
[0002]

In real world perception, one is often confronted with the problem of
selectively attending to objects or sources that emit signals. Unfortunately, there
are an incredible variety of acoustic signals. For example, the human voice can be
used for speech and singing, musical instruments, such as strings, woodwinds, and
percussion are another class of acoustic signals. Acoustic signals can come from
natural sound, such as animals, and the environment as well as from man-made
sound sources.

[0003]

Humans typically have no difficulty in separating both well known sounds
as well as novel sounds. However, for generative models, the great variety of
possible sounds presents a modeling problem. It is difficult to construct a large
model that can be appled to any type of sound. In addition, sounds can obscure
each other in a state-dependent way. Typically, the states of all sounds determine
which sound dominates a particular part of the acoustic spectrum.

[0004]

For example, the speech from different people are intermingled in a single

mixture of signal in what is known as the cocktail party effect. Humans are capable
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of focusing auditory attention on a particular stimulus while filtering out a range of
other stimuli. This is exemplified by the way that a partygoer can focus on a single
conversation in a noisy room. In acoustic signal processing, this is known as
auditory scene analysis, which seeks to identify the components of acoustic signals
corresponding to individual sound sources (such as people’s voices) in the mixture
signal.
[0005]

~ Even though the components of the sound correspond to objective entities or
events in the world, how one can precisely define an analysis of the signal into
components can differ depending on the purpose of the analysis. There may be
different criteria for analysis and different levels of categorization that are
considered when defining the component structure to be analyzed.
[0006]

For example, many types of sound naturally admit a hierarchical
decomposition of components and their sub-component parts. In speech, one
person’s voice could be considered a component at one level of analysis, whereas
each word in the person’s speech could be considered a component at a more
detailed level of analysis. Moreover the sound from a group of speakers could be
considered a component if the task is to separate all speech from non-speech.
Alternately the division of speech into components could consider male speech and
female speech as two different components.

[0007]

Similarly, in music there are natural hierarchies of components and sub-
components. At the highest level of analysis is the whole ensemble of sound,
followed by different groups of instruments, at a lower level of analysis, different
individual instrufnents, and ﬁnally' individual note events. The components
representing groups of instruments could be defined by different criteria, such as

2
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the category of instrument (e.g., flutes versus clarinets), or by the melodic or
rhythmic part (e.g., themes versus accompaniment) that the instruments play.
[0008]

Despite the fact that there may be different and even conflictng definitions
of the components of a signal, one can define a particular component structure for
a given task. For example, separating speech from non-stationary noise is a clearly
defined task. The definition of the component structure can be made concrete by
the use of databases of examples of acoustic data containing a mixture of speech
and non-stationary noise, and the example components speech and non-stationary
noise. By arbitrarily mixing together speech and non-stationary noise signal
components, one can define a large problem space spanned by an arbitrarily large
set of examples, that well represents the target application.

[0009]

In general, however, separating speech from non-stationary noise is
considered to be a difficult problem. Separating speech from other speech signals
is particularly challenging because all sources belong to the same class, and share
similar characteristics. Seperating speech from same gender speakers is one of the
most difficult cases because the pitch of the voice is in the same range.

[0010]

When the goal is to analyze a complex acoustic scene into its components,
different sounds may be overlapping and partially obscure each other in an analysis
feature space, the number of sound and sound types may be unknown, multiple
instances of a particular type may be present. |
[0011]

These problems can addressed by treating the analysis as a segmentation
problem, where a set of analysis feature elements in a signal is formulated via an
indexed set of analysis features derived from the signal. Each element includes the

3
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analysis feature values which are typically multi-dimensional representations of a
tiny part of the signal.
[0012]

In order to use the elements to distinguish components, the elements have to
be designed such that in general each element mainly represents a part of only one
of the components. This is approximately true in some cases. For example, in a
mixture of speakers analyzed by a short-time fourier trahstrm, a large percentage
of the time-frequency bins are dominated by one speaker or another. In this sense,
the elements dominated by a single component correspond to that component, and
if they can be identified, they can be used to reconstruct an approximation to that
component. Partitioning the signal elements into groups thus can provide a means
of segmenting the signal into components. - |
[0013] |

Although clustering methods could be used for segmentation, segmentation

‘is fundamentally different. Clustering is typically formulated as a domain-
independent problem based on simple objective functions defined on pairwise
point relations. In contrast, segmentation usually depends on complex processing
of the entire input, and the task objective can be arbitrarily defined using training
examples with segment labels.

[0014]

Segmentation can be broadly categorized as: class-based segmentation
where the goal is to label known object classes based on learned object class
labels; and partition-based segmentation where the task is to segment the input
based on learned partition labels without requiring object class lébels. Solving a
partition-based segmentation problem has the advantage that unknown objects can
be partitioned.

[0015]
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In single-channel speech separation, the time-frequency elements of the
spectrogram are partitioned into regions dominated by a target speaker, either
based on classifiers or generative models. Deep neural networks can also be
applied to class-based segmentation problems.

[0016]

However class-based approaches have limitations. The task of labeling
known classes does not address the general problem in real world signals where
there can be a large number of possible classes, and many objects may not have a
well-defined class. Also, it is not clear how to directly apply conventional class-
based approaches to more general problem. Class-based deep network models for
separating sources require explicitly represention of output classes and object
instances in the output nodes, which leads to difficulties in the general case.
[0017] |

Although generative model-based methods can in theory be flexible with
respect to the number of model types and instances at test time, there remain great
difficulties in scaling inference computationally to the potentially much larger
problems posed by more general segmentation tasks.

[0018] |

In contrast, humans seem to solve the partition-based problem, because they
can easily segment novel objects and sounds. This observation is the basis of
Gestalt theories of perception, which attempt to eXplain perceptual grouping in
terms of features such as proximity and similarity. The partition-based
segmentation task is closely related, and follows from a tradition of work in image
segmentation and acoustic separation. Application of the perceptual grouping
theory to acoustic segmentation is generally known as computational auditory
scene analysis (CASA).

[0019]
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Spebtral Clustering

In machine learnining, spectral clustering has been used for image and
acoustic segmentation. Spectral clustering uses local affinity measures between
features of elements of the signal, and optimizes various objective functions using
spectral decomposition of a normalized affinity matrix. In contrast to conventional
central clustering, such as k-means, spectral clustering has the advantage that it
does not require points to be tightly clustered around a central prototype, and can
determine clusters of arbitrary topology, provided that the clusters form a
connected sub-graph. Because of the local form of the pairwise kernel functions
used, in difficult spectral clustering problems, the affinity matrix has a sparse
block-diagonal structure that is not directly amenable to central clustering, which
works well when the block diagonal affinity structure is dense. The powerful but
computationally complex eigenspace transformation step of spectral clustering
addresses this, in effect, by “fattening” the block structure, so that connected
components become dense blocks, before central clustering.

[0020]

Although affinity-based methods have been used for unsupervised inference
methods, multiple-kernel learning methods can be used to train weights for
combining separate affinity measures. This enables one to consider using multiple-
kernel learnining methods for partition-based segmentation tasks in which partition
labels are available, but without requiring specific class labels. Those methods
have been applied to speech separation including a variety of complex features
developed to implement various auditory scene analysis grouping principles, such
as similarity of onset, offset, pitch, and spectral envelope, as affinities between
time-frequency regions of the spectrogram. The input features can include a dual
pitch-tracking model to improve upon the relative simplicity of kernel-based

features, at the expense of generality.
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[0021]

Learned feature transformations known as embeddings are used in a number
of application. Unsupervised embeddings obtained by auto-associative deep
networks, used with relatively simple clustering procedures can outperform
spectral clustering methods in some cases. Embeddings trained using pairwise
metric learning, using neighborhood-based partition labels; have also been shown
to have interesting invariance properties, see Mikolov et al., “Distributed
representations of words and phrases and their compositionality,” Proc. NIPS,
2013, pp. 3111-3119.

[Summary of Invention]

[0022]

The embodiments of the invention provide a method for distinguishing
components of an acoustic signal using deep neural networks (DNN). The method
partitions the signal using deep clustering. Embedings in the form of associative
descriptors, which are discriminative for partition labels given in training data, are
determined by deep learning. The method avoids using labels of object classes so
that acoustic signals containing novel object classes can be partitioned.

[0023]

The DNN provides advantages in terms of learning power and speed.
However, up to now, it has been unclear how to use DNN in a class-independent
way. Despite limitations in terms of learning power and scalability, clustering
approaches are flexible with respect to the classes and number of components to be
partitioned. To bring these advantages to a DNN, the embodiments use an
objective function, which is independenf of permutations of label partitions, to
train embeddings that approximate an ideal pairwise affinity matrix.

[0024]
The objective function minimizes distances between embeddings of
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elements within a partition, while maximizing the distances between embeddings
for elements in different partitions. As an advantage, the embeddings allow all
partitions and their permutations to be represented implicitly using a fixed-
dimensional output of the neural network.

[0025]

When the DNN is trained on spectrogram features in an acoustic signal
including mixtures of two speakers, a prototype embodiment of the method can
infer masking functions that imprbve signal quality by about 6dB, starting with
signals mixed near 0 dB + 5dB. The method can generalize to three-speaker
mixtures even if the method is only trained on two-speaker mixtures.

[Brief Description of the Drawings]
[0026]
[Fig. 1]

Fig. 1 is a flow diagram a method for distinguishing one or more
componeﬁts of an acoustic signal according to embodiments of the invention.
[Description of Embodiments]

[0027] |

The embodiments of our invention provide a method for distinguishing
components of a signal using a deep neural network (DNN). The DNN can be a
recurrent neural network.

[0028]

As shown in Fig. 1, signal 101 is acquired of an environment 103. In one
embodiment, the environment includes one or more acoustic sources 104 using an
acoustic sensor 105, e.g., a microphone. The signal is processed to extract 110 a set
of DNN input features 111, and analysis features 112, wherein each analysis
feature, in the form of a feature vector that, defines an element of the signal used

for segmentation. In another embodiment, a video signal and/or text 106 are
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associated with the acoustic signal. In addition or alternatively, the signal contains
multi-channel acoustic signals.
[0029]

The analysis features can be in a form of short-time Fourier complex
spectral coefficients of the input speech signal determined with a 32 ms window
length, 8 ms window shift, and a square root of the Hann window. To ensure the
local coherence, the segments of 100 frames are used, roughly the length of one
word in speech. |
[0030]

The DNN input features can be any arbitrary feature set. In some
embodiments, the DNN input features are the log short-time Fourier magnitudes of
the analysis features that define the elements used for segmentation. However in
other embodiments the DNN input features can be arbitrary features of the acoustic
signal and can differ in number and quality from the analysis features.

[0031] ,

The DNN input features are processed using the DNN 120. The DNN is
defined by network parameters 115. The DNN assigns an associative descriptor
130 to each element defined by the analysis features. A degree of similarity
between the associative descriptors of different elements is related to a degree to
which the elements belong to a single component of the signal. In the case of
multi-channel acoustic signals, timing relationships between the channels is used to
estimate associative descriptors for the elements
[0032]

The similarity relations of the associative descriptors are processed to
estimate 140 correspondences 141 between the elements and one or more
components. Then, the signal 101 is further processed 150 using the

correspondences 151 to distinguish the one or more components 102. The method
9.
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can be performed in a processor 100 connected to memory and input/output
interfaces buses as known in the art.
[0033]
 The method and deep neural network and training are now described in

greater detail.
[0034] ,

Learning Associative Descriptors for Clustering

The time-domain acoustic signal 101 is x, the analysis features 110 are in
the form of a vector X; = g;(x),n € {1, ..., N} indexed by elements i, where 7 can
be a time-frequency index (t, f), where t indexes frames of the acoustic signal and
f represents frequencies. The value of a complex spectrogram at the corresponding
time-frequency bin is X; = X; .
[0035] |

We assume that there is a reasonable partition of the elements i into regions,
which we would like to find, for example, to further process the features X;
separately for each region. In the case of acoustic source separation, for example,
these regions can be defined as sets of time-frequency bins in which each source
dominates. Estimating the partitions enables us to construct time-frequency masks
that can be applied to the elements X;, leading to time-frequency representations
that can be inverted in order to separate acoustic sources. Note that the feature
transformation X; = g;(x) can be optimized to improve the overall segmentation
or source separation performance of the system.
[0036]

To estimate a partition, we determine a K-dimensional embedding in the
form of an associative descriptor,

V= fo(x) € RVK,

10
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parameterized by 8, such that performing clustering in the associative descriptors
space leads to a partition {1, ..., N} that is similar to a target partition. V = fy(x) is
based on the DNN 120, which is a global function of the entire signal x 101. The
feature extraction step 110 generates DNN input features 111 for the DNN 120.
The DNN input features can be completely different than X;. Thus, our
transformation can take into account global properties of the input signal, and the
associative descriptors can be considered a permutation, and a cardinality-
independent encoding of the estimate of a signal partition based on the elements
defined by the analysis features.
-[0037]

Here, we consider a unit-norm associative descriptor, so that

[vi? = Xk v = 1,Vi,\
where v; = {v;}, and v; is the value of the k-th dimension of the associative
descriptor for element i. We omit the dependency of V on € to simplify notations.
[0038]

The partition-based training requires a reference label indicator ¥ = {y; .}
that maps each element i to each of c¢ arbitrary partition classes, so thaty; . = 1
when element i is in partition c. For a training objective, we determine associative
descriptors that enable accurate clustering according to the partition labels. To do
this, we use an expression that is invariant to the number and permutations of the
partition labels from one training example to the next, e.g.,

CO)=VVT —YYT|Z = Lijye=y; (Vi vy) = 1%+ Lijyey; (Vi vp) = 03 (1)

= Sijivemy; 101 =017 + 2y 1 (v = w12 - 2)', @)
where we used the fact that |v;|? = 1, Vi. In equation (1), the objective is defined
in terms of the similarity of the unit vectors v; and v}, as measured by the inner

product (v;, v;) = cos 8, ;, where 8, ; is the angle between v; and v;. Thus, the
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objective seeks to increases the similarity to 1 when i and j are in the same
partition, and seeks to decrease the similarity to 0 when i and j are in different

partitions.

[0039]

Equivalently, as seen in equation (2), this objective tends to decrease the
squared distance |v; — vjlz to 0 for elements within the same partition, while
preventing the associative descriptors from trivially collapsing into a single point.
The squared distance |v; — v; 12 = 2 —2(y;, ;) is inversely related to the
similarity (v;, v;). |
[0040]

Note that the first term in equation (2) is equivalent to the objective function
that is minimized by the k-means clustering algorithm, as a function of cluster
assignments, whereas the second term is a constant with respect to cluster
assignments. So, the objective reésonably tries to reduce the k-means assignment
error for the reference cluster assignments at training time.

[0041]

For simplicity, we omit weights.here, but an element weight matrix W,
which modifies the degree of importance attributed to each element in the
objective function, can be included as C(8) = [W(VVT — YYT)WT|Z, in order to
place different degrees of importance on linear functions of the elements. For
example, a diagonal weight matrix W can be used to give more importance to
elements that represent more salient parts of the signal.

[0042]

We can also optimize the embedding for multiple tasks, by including an
associative descriptor weight matrix A(¢), which modifies the measure of

similarity between elements by placing weights on the embedding dimensions of V
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as a function of a task-related parameter, ¢. The objective function in this case
becomes C(8) = [VA,(VA,)T — YYT}2. In this way, the associative descriptor can be
trained to be useful for mulitple different tasks selected by «p, which can be

selected at test time. For example, the modified associative descriptor VA, can be
used to distinguish different instruments as the compmonents of music for one
setting of ¢, and to distinguish different individual notes in the same music, for a
different setting of . In this way a single embedding can be used to provide
segmentations at multiple levels of a hierarchy, or for‘multiple application domains.
[0043] |

To optimize the DNN, we can use gradient-based methods. Fortunately,
derivatives of our objective function with respect to the associative descriptors V
can be efficiently obtained due to the low-rank structure

% =4V (VTV) —4Y(YTV), , (3)
which avoids computing the N X N affinity matrix during training.

[0044]

This formulation can be related to spectral clustering as follows. We can
define an ideal affinity matrix A* = YY7, that is block diagonal up to permutation
and use an inner-product kernel, so that A = VV7 is our affinity matrix, where T is
the transpose operator. Our objective becomes C = |A — A*|Z, which measures the
deviation of the model’s affinity matrix from the ideal affinity. Although this
function ostensibly sums over all pairs of data points i, j, the low-rank nature of the

| objective leads to

C=|VVT —YYT|Z = |VTV|E = 2|VTY|2 + |YTY|3 4)
which avoids explicitly constructing the N X N afﬁnity matrix. In practice, N is
orders of magnitude greater than K, leading to a significant speedup. In spectral

clustering, a different kernel function would be used that requires computing the
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N % N affinity matrix. In addition, the kernels used in spectral clustering cause the
affinity matrix to have a sparse block-wise structure, which requries
eigendecomposition to analyze the components.

[0045]

For efficiency, spectral clustering therefore typically requires an
approximation such as the Nystrom low-rank approximation to the affinity matrix,
so that the singular value decomposition (SVD) of an N X K matrix can be
substituted for the much more complex eigenvalue decomposition of the K X K
normalized affinity matrix.

[0046]

Rather than following spectral clustering in making a low-rank
approximation of a full-rank model, our method directly optimizes a low-rank
affinity matrix so that the processing is more efficient, and parameters are tuned to
the low-rank structure. Due to our low-rank affinity matrix, the block-wise
structure of the affinity matrix is dense, and directly amenable to singular value
decomposition. Moreover, due to the similarity-based training objective, the
simpler clustering methods such as K-means can be used.

[0047]

During testing, we determine the associative descriptors V on the test signal,
and cluster the rows v; € RX, for example, using the k-means clustering procedure.
Note that k-means also seeks to minimize C = |[VVT — YYT|2, the same objective
used in training, but this time as function of the cluster assignments, Y, holding the
network parameters, 6, fixed. Hence, k-means chooses correspondences between

elements and components that maximize the similarity (v;, v;) between associative
descriptors, v; and v}, of elements corresponding to the same component.

[0048]

14
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We can also alternately perform a spectral-clustering style dimensionality
reduction prior to or instead of clustering. We can start with a singular value
decomposition (SVD), defined as 77 = USRT of normalized ¥ = D~Y/2V, where
D = VVT1y, and the singular vectors and sinular values are permuted so that

Sii = Sjj:Jj > i. We can then cluster the normalized rows of the matrix of m

principal left singular vectors, with the i’th row given by #; . = u;,./ \/m :
r € [1,m].
[0049]

Clustering the associative descriptors determines a correspondence between
the elements and components of the signal. This can be used to produce a
segmentation, wherein each analysis element, indexed by i = (¢, f), is assigned to
a segment k = c(¢, f). This hard clustering can be used to compute a filter

af’ F=1if k =c(t ) and af’ 5 = 0, otherwise. Then the features of the k-th
component can be estimated as X fo = af sXtr- We can also obtain a soft
clustering, with weights aé" 7> estimated according to a continuous correspondence
function according to many existing methods, including determining them based

on U and using graph-based signal processing methods.

[0050]

Another extension is to use one or more associative descriptors z, indexed

by class b, which represent an embeddiﬁg of a class. In this case a classification is
performed classifying the element v; with the class b such that

| b = arg ml?x(vi,zb ),
where the function arg max returns a maximum value.

[0051]

The clustering and estimation steps are an important part of the processing
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and can be included in the objective functions of the DNN, for example by means
of the deep unfolding of the clustering model, see Hershey et al., “Deep unfolding:
Model-based inspiration of novel deep architectures,” Sep. 2014, arXiv:1409.2574.
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[CLAIMS]
[Claim 1]

A method for distinguishing one or more components of a signal, wherein
the signal is an acoustic signal, comprising steps:

acquiring the signal from an environment with an acoustic sensor;

processing the signal to estimate a set of analysis features, wherein each
analysis feature defines an element of the signal, and has feature values that
represent parts of the signal;

processing the signal to estimate input features of the signal,

procéssing the input features using a deep neural network (DNN) to assign
an associative descriptor to each element of the signal, wherein a degree of
similarity between the associative descriptors of different elements is related to a
degree to which the parts of the signal represented by the elements belong to a
single component of the signal;

processing the similarities between associative descriptors to estimate
correspondences between the elements of the signal and one or more components
in the signal; and -

processing the signal using the correspondences to distinguish the parts of
the one or more components of the signal, wherein the steps are performed in a
processor. |
[Claim 2]

The method of claim 1, wherein the signal is processed to change an
intensity of the elements corresponding to the one or more components of the
signal.

[Claim 3]
 The method of claim 1, wherein the DNN is a recurrent neural network.
[Claim 4]
17
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The method o}” claim 1, wherein the neural network is a convolutional neural
network.
[Claim 5]

The method of claim 1, wherein an association between the associative
descriptof and the one or more components is estimated using K-means clustering.
[Claim 6]

The method of cl‘aim 1, wherein an association between the associative
descriptor and the one or more components is estimated using Gaussian mixture
models. A
[Claim 7]

The method of claim 1, wherein an association between the associative
descriptor and the one or more components is estimated using a singular value
decomposition.

[Claim 8]

The method of claim 1, wherein an association between the associative
descriptors is processed to form a graph, and graph-based signal processing is
performed on the signal.

[Claim 9]

The method of claim 1, wherein an analysis feature transformation that
defines the elements is optimized using training data to reduce an error in
distinguishing the one or more components of the signal.

[Claim 10]

The method of claim 1, wherein the signal contains multi-channel acoustic
signals, and timing relationships between channels is used to estimate the
descriptors for the elements.

[Claim 11]

The method of claim 1, wherein one or more of the components of the signal

18
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are speech, and the processing of the signal produces a separate signal
corresponding to one or more speech signals.
[Claim 12]

The method of claim 1, wherein the one or more components of the signal
are used for recognizing objects.
[Claim 13]

The method of claim 12, wherein one or more of the separate signal is
processed in a speech recognition system to recognize words spoken by a speaker.
[Claim 14]

The method of claim 1, wherein the one or more components are
distinguished using a different measure of similarity to estimate the
correspondences.

[Claim 15]

The method of claim 14, wherein the one or more components are organized
in a hierarchy and correspondences at one or more levels of the hierarchy are
estimated using the different measures of similarity.

[Claim 16]

The method of claim 1, wherein one or more classes are represented using
class descriptors, wherein a measure of similarity between an element descriptor
and a class descriptor is related to a degree to which the element belongs to the
class. |
[Claim 17]

The method of claim 1, wherein a video signal that is associated with the
acoustic signal is processed to assign the associative descriptors to the elements in
the video signal, and correspondences between the one or more components and
the elements of the acoustic signal and the video signals are estimated jointly.
[Claim 18] |
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The method of claim 1, wherein text that is associated with the acoustic
signals is processed to assign the associative descriptors to the elements in the text,
and correspondences between the one or more components and the elements of the
acoustic signals and the text are estimated jointly.

[Claim 19] |

The method of claim 1, wherein the DNN is optimized using training data to
produce the associative descriptors such that the processing of the similarities
between associative descriptors to estimate correspondences between the elements
of the signal and one or more components in the signal reduces an error in

distinguishing the components of the signal.
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