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(57) Abstract: An clectronic apparatus is provided. The electronic apparatus includes
sample data and memory storing a first matrix included in an artificial intelligence model

trained based on sample data, and a processor configured to prunes each of a plurality of
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first elements included in the first matrix based on a first threshold, and acquire a first
S S pruning index matrix that indicates whether each of the plurality of first elements has been

pruned with binary data, factorize the first matrix to a second matrix of which size was
determined based on the number of rows and the rank, and a third matrix of which size
was determined based on the rank and the number of columns of the first matrix, prunes

each of a plurality of second elements included in the second matrix based on a second
threshold, and acquire a second pruning index matrix that indicates whether each of the
plurality of second elements has been pruned with binary data, prunes each of a plurality
of third elements included in the third matrix based on a third threshold, and acquire a third
pruning index matrix that indicates whether each of the plurality of third elements has been
pruned with binary data, acquire a final index matrix based on the second pruning index
matrix and the third pruning index matrix, and update at least one of the second pruning
index matrix or the third pruning index matrix by comparing the final index matrix with
the first pruning index matrix.
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Description

Title of Invention: ELECTRONIC APPARATUS AND CONTROL

[1]

[2]

[3]

[4]

[5]

METHOD THEREOF
Technical Field

The disclosure relates to an artificial intelligence (Al) system that simulates functions
of a human brain such as cognition and determination by using a machine learning
algorithm such as deep learning and application thereof, and more particularly, to an

electronic apparatus for compressing an Al model and a control method thereof.

Background Art

Recently, artificial intelligence systems implementing intelligence of a human level
are used in various fields. An artificial intelligence system refers to a system wherein a
machine learns, determines, and becomes smarter by itself, unlike conventional rule-
based smart systems. An artificial intelligence system shows a more improved
recognition rate as it is used more, and becomes capable of understanding user
preference more correctly. For this reason, conventional rule-based smart systems are
gradually being replaced by deep learning-based artificial intelligence systems.

An artificial intelligence technology consists of machine learning (for example, deep
learning) and element technologies utilizing machine learning.

Machine learning refers to an algorithm technology of classifying/learning the char-
acteristics of input data by itself, and an element technology refers to a technology of
simulating functions of a human brain such as cognition and determination by using a
machine learning algorithm such as deep learning, and includes fields of technologies
such as linguistic understanding, visual understanding, inference/prediction,
knowledge representation, and operation control.

Examples of various fields to which artificial intelligence technologies are applied
are as follows. Linguistic understanding refers to a technology of recognizing
languages/characters of humans, and applying/processing them, and includes natural
speech processing, machine translation, communication systems, queries and answers,
voice recognition/synthesis, and the like. Visual understanding refers to a technology
of recognizing an object in a similar manner to human vision, and processing the
object, and includes recognition of an object, tracking of an object, search of an image,
recognition of humans, understanding of a scene, understanding of a space, im-
provement of an image, and the like. Inference/prediction refers to a technology of de-
termining information and then making logical inference and prediction, and includes
knowledge/probability based inference, optimization prediction, preference based

planning, recommendation, and the like. Knowledge representation refers to a
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technology of automatically processing information of human experiences into
knowledge data, and includes knowledge construction (data generation/classification),
knowledge management (data utilization), and the like. Operation control refers to a
technology of controlling autonomous driving of vehicles and movements of robots,
and includes movement control (navigation, collision, driving), operation control
(behavior control), and the like.

Recently, technologies of compressing deep learning models without degradation in
performance are gaining much spotlight. In the case of compressing a deep learning
model effectively without degradation in performance, the cost for manufacturing a
device can be reduced, and the speed of performing deep learning is improved, and
thus it becomes possible to use deep learning in mobile devices.

Among the conventional methods of compression, a representative method is a
method of pruning weights which are equal to or smaller than a specific value based on
the sizes of weight values, and retraining a deep learning model by using the remaining
weights, and thereby restoring the accuracy of deep learning. When pruning and re-
training processes are repeated, most values become 0, and by removing the values, the
size of a matrix can be reduced.

For example, if a weight matrix as in FIG. 1A is assumed, the matrix may be
changed into a sparse matrix format as in FIG. 1B, for removing 0.

Meanwhile, A stores only non-zero values, and IA accumulates the number of non-
zero weights corresponding to the respective rows of the matrix, excluding O which it
basically has at first. Lastly, JA stores column indices which correspond to the re-
spective non-zero values of A. That is, by using A and IA, and JA, the magnitude and
position information of values which are not O are stored. A sparse matrix consisting of
A, IA, and JA is referred to as a compressed sparse row (CSR) format.

The non-zero values which remain after pruning are put through a process of quan-
tization, and after pruning, the amount of quantized information is reduced, and also,
the distribution rate of the values is reduced. Distribution rate may refer to the number
of uniquely different weight values. Thus, pruning and quantization are used together
in most cases.

However, there is a problem that in a CSR format, the amount of an index is always
bigger than the magnitude of a non-zero weight corresponding to A. That is, the
amount of index data is larger than that of the amount of non-zero weight data. Ac-
cordingly, there is a problem that the compression rate of an index should be improved.
Also, in the case of constituting the original matrix by using a CSR format, there is a
problem that the manner of reading a CSR format itself is not appropriate for parallel
computing.

In addition, recently, methods of expressing 3 kinds of states of each weight by using



WO 2020/153626 PCT/KR2020/000204

[13]

[14]

[15]

2 bits are gaining popularity. For example, ternary quantization is a representative
example, and in the case of 00 or 01, the data thereof is a masked value (i.e., a weight
which becomes 0), and if the first bit is 1, the second bit expresses a quantized value.
In this case, weights always have 2 bits regardless of the pruning rate, and thus a high
pruning rate is not effectively used. This is because, in the case of constituting a sparse
matrix by erasing a pruned value, there is a problem that data access and processing

becomes complex.
Accordingly, a compression method by which compression can be decompressed in

parallel while the pruning rate is as high as in a conventional method, and an effective

algorithm and hardware decompressing compression are needed.
Disclosure of Invention

Technical Problem

The disclosure is for addressing the aforementioned need. Accordingly, the
disclosure is aimed at providing an electronic apparatus that compresses an artificial
intelligence model to be appropriate for parallel computing while reducing data
capacity, and a control method thereof.
Solution to Problem

An electronic apparatus according to an embodiment of the disclosure for achieving
the aforementioned purpose includes a memory configured to store a first matrix,
wherein the first matrix is included in an artificial intelligence model, wherein the ar-
tificial intelligence model is trained based on sample data; and a processor configured
to: prune each of a plurality of first elements included in the first matrix based on a
first threshold, acquire a first pruning index matrix, wherein the first pruning index
matrix indicates for each element of the plurality of first elements, whether each
element of the plurality of first elements has been pruned, factorize the first matrix to a
second matrix and a third matrix, wherein a size of the second matrix is determined
based on a number of rows of the first matrix and a rank, wherein a size of the third
matrix is determined based on the rank and a number of columns of the first matrix,
prune, based on a second threshold, each of a plurality of second elements included in
the second matrix, acquire a second pruning index matrix, wherein the second pruning
index matrix indicates for each element of the plurality of second elements, whether
each element of the plurality of second elements has been pruned, prune, based on a
third threshold, each of a plurality of third elements included in the third matrix,
acquire a third pruning index matrix, wherein the third pruning index matrix indicates
for each element of the plurality of third elements, whether each element of the
plurality of third elements has been pruned, acquire a final index matrix based on the

second pruning index matrix and the third pruning index matrix, and update at least
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one of the second pruning index matrix or the third pruning index matrix by comparing
the final index matrix with the first pruning index matrix.

In some embodiments, the processor of the electronic apparatus is further configured
to: compare elements included in the final index matrix with elements in corresponding
positions included in the first pruning index matrix, identify positions at which the
elements included in the final index matrix do not match the elements in corresponding
positions included in the first pruning index matrix, and update at least one of the
second pruning index matrix or the third pruning index matrix, wherein the processor
is configured to perform the update by changing, based on the sizes of elements of the
first matrix corresponding to the identified positions, at least one of the second
threshold or the third threshold.

In some embodiments, the processor of the electronic apparatus is further configured
to: based on identifying a plurality of positions at which the elements included in the
final index matrix do not match the elements in corresponding positions included in the
first pruning index matrix, sum the sizes of a plurality of elements of the first matrix
corresponding to the plurality of identified positions, and based on the summed size
being equal to or greater than a threshold size, change at least one of the second
threshold or the third threshold.

In some embodiments, the processor of the electronic apparatus is further configured
to: based on one of the second threshold or the third threshold being increased,
decrease the other one of the second threshold or the third threshold, and based on one
of the second threshold or the third threshold being decreased, increase the other one of
the second threshold or the third threshold.

In some embodiments, the processor of the electronic apparatus is further configured
to: ternary quantize each of the plurality of first elements and acquire a quantization
matrix including a representative value matrix and first binary data, acquire a random
matrix, wherein a size of the random matrix is based on a compression subject unit and
a compression target unit of the first binary data, acquire a plurality of equations based
on the random matrix and the compression subject unit, and remove at least some of
the plurality of equations based on binary data corresponding to the pruned first
element among a plurality of binary data corresponding to the compression subject
unit, and acquire second binary data corresponding to the compression target unit
based on remaining equations of the plurality of equations.

In some embodiments, the processor of the electronic apparatus is further configured
to: based on a number of the remaining equations exceeding a number of unknowns
included in the compression target unit, identify, among the remaining equations based
on dependency among the remaining equations, a plurality of first equations corre-

sponding to the number of unknowns, and acquire third binary data corresponding to
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the compression target unit based on the plurality of first equations.

In some embodiments, the processor of the electronic apparatus is further configured
to: identify whether at least one second equation excluding the plurality of first
equations is established based on the third binary data, and generate patch information
corresponding to third equations that are not established, wherein the plurality of
equations includes the third equations, wherein the patch information includes in-
formation on the number of the third equations and identification information of each
of the third equations that are not established.

In some embodiments, the processor of the electronic apparatus is further configured
to: ternary quantize each of a plurality of first elements that were not pruned in the first
matrix, and acquire the quantization matrix including the representative value matrix
and the first binary data.

In some embodiments, the processor of the electronic apparatus is further configured
to: identify the plurality of first elements that were not pruned in the first matrix based
on the final index matrix.

In some embodiments of the electronic apparatus the random matrix includes
elements of a first type and elements of a second type, and a number of the elements of
the first type included in the random matrix and a number of the elements of the
second type included in the random matrix are identical to each other.

Also provided herein is a control method of an electronic apparatus storing a first
matrix included in an artificial intelligence model trained based on sample data, the
control method including: pruning each of a plurality of first elements included in the
first matrix based on a first threshold, and acquiring a first pruning index matrix,
wherein the first pruning index matrix indicates for each element of the plurality of
first elements, whether each element of the plurality of first elements; factorizing the
first matrix to a second matrix and a third matrix, wherein a size of the second matrix
is determined based on a number of rows of the first matrix and a rank, wherein a size
of the third matrix is determined based on the rank and a number of columns of the
first matrix; pruning, based on a second threshold, each of a plurality of second
elements included in the second matrix; acquiring a second pruning index matrix,
wherein the second pruning index matrix indicates for each element of the plurality of
second elements, whether each element of the plurality of second elements has been
pruned; pruning, based on a third threshold, each of a plurality of third elements
included in the third matrix; acquiring a third pruning index matrix, wherein the third
pruning index matrix indicates for each element of the plurality of third elements,
whether each element of the plurality of third elements has been pruned; acquiring a
final index matrix based on the second pruning index matrix and the third pruning

index matrix; and updating at least one of the second pruning index matrix or the third
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pruning index matrix by comparing the final index matrix with the first pruning index
maitrix.

In some embodiments of the control method, the updating includes: comparing
elements included in the final index matrix with elements in corresponding positions
included in the first pruning index matrix and identifying positions at which the
elements included in the final index matrix do not match the elements in corresponding
positions included in the first pruning index matrix; and updating at least one of the
second pruning index matrix or the third pruning index matrix by changing, based on
sizes of elements of the first matrix corresponding to the identified positions, at least
one of the second threshold or the third threshold.

In some embodiments of the control method, the updating includes, based on
identifying a plurality of positions at which the elements included in the final index
matrix do not match the elements in corresponding positions included in the first
pruning index matrix, summing the sizes of a plurality of elements of the first matrix
corresponding to the plurality of identified positions; and based on the summed size
being equal to or greater than a threshold size, changing at least one of the second
threshold or the third threshold.

In some embodiments of the control method, the updating includes, based on one of
the second threshold or the third threshold being increased, decreasing the other one of
the second threshold or the third threshold; and based on one of the second threshold or
the third threshold being decreased, increasing the other one of the second threshold or
the third threshold.

In some embodiments, the control method includes ternary quantizing each of the
plurality of first elements and acquiring a quantization matrix including a repre-
sentative value matrix and first binary data; acquiring a random matrix, wherein a size
of the random matrix is based on a compression subject unit and a compression target
unit of the first binary data; acquiring a plurality of equations based on the random
matrix and the compression subject unit; removing at least some of the plurality of
equations based on binary data corresponding to the pruned first element among a
plurality of binary data corresponding to the compression subject unit; and acquiring
second binary data corresponding to the compression target unit based on remaining
equations of the plurality of equations.

In some embodiments of the control method, the acquiring second binary data corre-
sponding to the compression target unit includes, based on a number of the remaining
equations exceeding a number of unknowns included in the compression target unit,
identifying, among the remaining equations based on dependency among the
remaining equations, a plurality of first equations corresponding to the number of

unknowns; and acquiring third binary data corresponding to the compression target
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unit based on the plurality of first equations.
In some embodiments of the control method, the acquiring third binary data corre-

sponding to the compression target unit further includes: identifying whether at least
one second equation excluding the plurality of first equations is established based on
the third binary data; and generating patch information corresponding to third
equations that are not established, wherein the plurality of equations includes the third
equations, wherein the patch information includes information on the number of the
third equations and identification information of each of the third equations that are not
established.

In some embodiments of the control method, the acquiring the quantization matrix
comprises: ternary quantizing each of a plurality of first elements that were not pruned
in the first matrix, and acquiring the quantization matrix including the representative
value matrix and binary data.

In some embodiments of the control method, the acquiring the quantization matrix
comprises: identifying the plurality of first elements that were not pruned in the first
matrix based on the final index matrix.

In some embodiments of the control method, the random matrix includes elements of
a first type and elements of a second type, and a number of the elements of the first
type included in the random matrix and a number of the elements of the second type

included in the random matrix are identical to each other.

Advantageous Effects of Invention

According to various embodiment of the disclosure as described above, an electronic
apparatus is capable of overcoming constraints according to hardware performance by
compressing an artificial intelligence model so that parallel computer processing is
possible, and improving the processing rate.
Brief Description of Drawings

FIG. 1A is a diagram for resolving the problem of a conventional technology;

FIG. 1B is a diagram for resolving the problem of a conventional technology;

FIG. 2A is a block diagram illustrating a configuration of an electronic apparatus
according to an embodiment of the disclosure;

FIG. 2B is a block diagram illustrating a detailed configuration of an electronic
apparatus according to an embodiment of the disclosure;

FIG. 3A is a diagram for illustrating a method of processing a matrix included in an
artificial intelligence model for promoting understanding of the disclosure;

FIG. 3B is a diagram for illustrating a method of processing a matrix included in an
artificial intelligence model for promoting understanding of the disclosure;

FIG. 3C is a diagram for illustrating a method of processing a matrix included in an



WO 2020/153626 PCT/KR2020/000204

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

artificial intelligence model for promoting understanding of the disclosure;
FIG. 3D is a diagram for illustrating a method of processing a matrix included in an

artificial intelligence model for promoting understanding of the disclosure;

FIG. 4A is a diagram for illustrating a method of compressing a first pruning index
matrix according to an embodiment of the disclosure;

FIG. 4B is a diagram for illustrating a method of compressing a first pruning index
matrix according to an embodiment of the disclosure;

FIG. 4C is a diagram for illustrating a method of compressing a first pruning index
matrix according to an embodiment of the disclosure;

FIG. 5 is a diagram for illustrating compression performance and accuracy according
to an embodiment of the disclosure;

FIG. 6A is a diagram for illustrating a method of compressing a quantization matrix
according to an embodiment of the disclosure;

FIG. 6B is a diagram for illustrating a method of compressing a quantization matrix
according to an embodiment of the disclosure;

FIG. 7A is a diagram for illustrating a method of compressing a quantization matrix
according to another embodiment of the disclosure;

FIG. 7B is a diagram for illustrating a method of compressing a quantization matrix
according to another embodiment of the disclosure;

FIG. 8 is a diagram for illustrating a method for acquiring an optimal condition for
compression according to an embodiment of the disclosure; and

FIG. 9 is a flow chart for illustrating a control method of an electronic apparatus

according to an embodiment of the disclosure.

Best Mode for Carrying out the Invention

Mode for the Invention

The exemplary embodiments of the present disclosure may be diversely modified.
Accordingly, specific exemplary embodiments are illustrated in the drawings and are
described in detail in the detailed description. However, it is to be understood that the
present disclosure is not limited to a specific exemplary embodiment, but includes all
modifications, equivalents, and substitutions without departing from the scope and
spirit of the present disclosure. Also, well-known functions or constructions are not
described in detail since they would obscure the disclosure with unnecessary detail.

Hereinafter, the disclosure will be described in detail with reference to the ac-
companying drawings.

As terms used in the embodiments of the disclosure, general terms that are currently

used widely were selected as far as possible, in consideration of the functions
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described in the disclosure. However, the terms may vary depending on the intention
of those skilled in the art who work in the pertinent field, previous court decisions or
emergence of new technologies. Also, in particular cases, there may be terms that were
designated by the applicant on his own, and in such cases, the meaning of the terms
will be described in detail in the relevant descriptions in the disclosure. Thus, the terms
used in the disclosure should be defined based on the meaning of the terms and the

overall content of the disclosure, but not just based on the names of the terms.

bR ANY3 bR AN Y

In this specification, terms such as “have,” “may have,” “include” or “may include”
should be construed as denoting that there are such characteristics (e.g., elements such
as numerical values, functions, operations or components), and the terms are not
intended to exclude the existence of additional characteristics.

Also, the expression “at least one of A and/or B” should be interpreted to mean any
one of “A” or” B” or “A and B.”

Further, the expressions “first,” “second” and the like used in this specification may
be used to describe various elements regardless of any order and/or degree of im-
portance. Also, such expressions are used only to distinguish one element from another
element, and are not intended to limit the elements.

In addition, the description in the disclosure that one element (e.g., a first element) is
“(operatively or communicatively) coupled with/to” or “connected to” another element
(e.g., a second element) should be interpreted to include both the case where the one
element is directly coupled to the another element, and the case where the one element
is coupled to the another element through still another element (e.g., a third element).

Meanwhile, singular expressions may include plural expressions, unless defined
obviously differently in the context. Also, in this specification, terms such as “include”
or “consist of”” should be construed as designating that there are such characteristics,
numbers, operations, elements, components or a combination thereof in the speci-
fication, but not to exclude the existence or possibility of adding one or more of other
characteristics, numbers, operations, elements, components or a combination thereof.

In addition, the terms “a module” or “a part” used in the disclosure are for referring
to elements performing at least one function or operation, and these elements may be
implemented as hardware or software, or as a combination of hardware and software.
Further, a plurality of “modules” or “parts” may be integrated into at least one module
and implemented as at least one processor (not shown), except “modules” or “parts”
that need to be implemented as specific hardware.

Also, in this specification, the term “user” may refer to a person who uses an
electronic apparatus, or an apparatus using an electronic apparatus (e.g., an artificial in-
telligence electronic apparatus).

Hereinafter, an embodiment of the disclosure will be described in more detail with
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reference to the accompanying drawings.

FIG. 2A is a block diagram illustrating a configuration of an electronic apparatus 100
according to an embodiment of the disclosure. As illustrated in FIG. 2A, the electronic
apparatus 100 includes memory 110 and a processor 120.

The electronic apparatus 100 may be an apparatus compressing an artificial in-
telligence model. For example, the electronic apparatus 100 is an apparatus that
compresses a matrix included in an artificial intelligence model, and it may be a server,
a desktop PC, a laptop computer, a smartphone, a tablet PC, etc. Also, an artificial in-
telligence model may include a plurality of matrices, and the electronic apparatus 100
may compress the entire plurality of matrices. That is, any electronic apparatus that is
capable of reducing the size of data of an artificial intelligence model by compressing
the artificial intelligence model may be the electronic apparatus 100. Here, a matrix
may be a weight matrix.

Also, the electronic apparatus 100 may prune an artificial intelligence model. Pruning
is a method of removing a redundant weight. To be specific, it is a method of changing
the numerical value of a specific element (a specific deep learning parameter) in a
matrix included in an artificial intelligence model to 0. For example, the electronic
apparatus 100 may prune a matrix in a m x n size, by a method of changing elements
that are equal to or smaller than a preset value among a plurality of elements included
in the matrix in a m x n size included in an artificial intelligence model.

In addition, the electronic apparatus 100 may acquire a pruning index (pruning
masking) according to pruning. A pruning index indicates whether each of a plurality
of elements (parameters) included in a matrix is pruned with O or 1. That is, if a matrix
in am x n size is pruned, a pruning index in a m x n size may be generated in the form
of a matrix, and the pruning index in a m x n size may include the position of an
element which was converted to 0 among a plurality of elements included in the matrix
in am x n size as 0, and the position of an element which was not converted to 0
among a plurality of elements included in the matrix in am x n size as 1.

However, the disclosure is not limited thereto, and O and 1 may have opposite
meaning to the above, or whether pruning was performed may be expressed with other
values excluding 0 and 1. Also, which element was pruned may be expressed with x
and y coordinates.

As a pruning index is in the form of a matrix, it will be described as a pruning index
matrix below.

Meanwhile, the electronic apparatus 100 may perform factorization and quantization
on an artificial intelligence model. Factorization is a method of dividing a matrix in a
m X n size into two matrices having a rank r, and quantization is a method of

converting a weight to a representative value.
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The memory 110 is provided separately from the processor 120, and it may be im-
plemented as a hard disk, non-volatile memory, volatile memory, etc.

The memory 110 may store a first matrix included in an artificial intelligence model
trained based on sample data. Here, the first matrix may be filter data, kernel data, etc.
constituting an artificial intelligence model. Also, the memory 110 may store a
plurality of matrices included in an artificial intelligence model.

Alternatively, the memory 110 may store data that can be used in an artificial in-
telligence model, and the processor 120 may identify data stored in the memory 110 as
a first matrix.

The processor 120 controls the overall operations of the electronic apparatus 100.

According to an embodiment of the disclosure, the processor 120 may be im-
plemented as a digital signal processor (DSP), a microprocessor, a time controller
(TCON), and the like. However, the disclosure is not limited thereto, and the forms of
implementation may include one or more of a central processing unit (CPU), a micro
controller unit (MCU), a micro processing unit (MPU), a controller, an application
processor (AP) or a communication processor (CP), and an ARM processor, or may be
defined by these terms. Also, the processor 120 may be implemented as a system on
chip (SoC), or a large scale integration (LSI) having a processing algorithm embedded
therein, or may be implemented in the form of a field programmable gate array
(FPGA).

In addition, the processor 120 may acquire a first pruning index matrix that prunes
each of a plurality of first elements included in the first matrix stored in the memory
110 based on a first threshold, and indicates whether each of the plurality of first
elements has been pruned with binary data.

For example, the processor 120 may perform pruning by a method of converting
elements of which size is equal to or smaller than 3 among 1000 first elements
included in a first matrix in a 100 x 10 size to 0, and maintaining the remaining
elements as they are. Also, the processor 120 may acquire a first pruning index matrix
which indicates pruned elements among the 1000 first elements as 0, and elements that
were not pruned as 1. That is, the first pruning index matrix may be in the form of a
100 x 10 size which is identical to the size of the first matrix, and may include only O
or 1.

The first pruning index matrix falls under a case where ideal pruning has been
performed. To be more specific, a first element included in a first matrix may have a
higher degree of importance as its size is bigger, and the first pruning index matrix
indicates a result of pruning by reflecting the size of each of a plurality of first
elements included in the first matrix, and thus it can be deemed as ideal. However, a

second pruning index matrix and a third pruning index matrix that will be described
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later are not capable of reflecting the size of each of a plurality of first elements
included in the first matrix as they have gone through a factorization process, and thus
they cannot be deemed as ideal. A method for complementing this will be described
later.

Meanwhile, the processor 120 may factorize a first matrix to a second matrix of
which size was determined based on the number of rows and the rank, and a third
matrix of which size was determined based on the rank and the number of columns of
the first matrix.

For example, the processor 120 may factorize a matrix in a 100 x 10 size to a second
matrix in a 100 x 3 size and a third matrix in a 3 x 10 size. In this case, the rank is 3,
and as the rank becomes smaller, the compression rate becomes more improved.
However, the first matrix is not restored even if the second matrix and the third matrix
are multiplied, and an error occurs.

Meanwhile, a factorization method may be non-negative matrix factorization (NMF),
but the method is not limited thereto, and various methods can obviously be used. As
factorization methods are conventional technologies, a detailed description of the
methods will be omitted.

Further, the processor 120 may acquire a second pruning index matrix that prunes
each of a plurality of second elements included in the second matrix based on a second
threshold, and indicates whether each of the plurality of second elements has been
pruned with binary data, and a third pruning index matrix that prunes each of a
plurality of third elements included in the third matrix based on a third threshold, and
indicates whether each of the plurality of third elements has been pruned with binary
data.

That is, the processor 120 may acquire a second pruning index matrix and a third
pruning index matrix by the same method, independently from the first pruning index
matrix. However, the processor 120 may apply thresholds for pruning differently.

In the aforementioned embodiment, the second pruning index matrix may be in the
form of a 100 x 3 size which is identical to the size of the second matrix, and may
include only O or 1. Also, the third pruning index matrix may be in the form of 3 x 10
size which is identical to the size of the third matrix, and may include only O or 1.

Accordingly, the first pruning index matrix may be compressed as much as the
second pruning index matrix and the third pruning index matrix. In the aforementioned
embodiment, the first pruning index matrix is in a size of 100 x 10 = 1000 bits, the
second pruning index matrix is in a size of 100 x 3 = 300 bits, and the third pruning
index matrix is in a size of 3 x 10 = 30 bits. That is, the first pruning index matrix
having 1000 bits may be compressed as 300 + 30 = 330 bits.

Thus, an apparatus which is going to use an artificial intelligence model may store a
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second pruning index matrix and a third pruning index matrix in memory, and restore a
matrix corresponding to a first pruning index matrix from the second pruning index
matrix and the third pruning index matrix, and perform an operation using an artificial
intelligence model.

However, a matrix restored from the second pruning index matrix and the third
pruning index matrix may be different from the first pruning index matrix, and the
accuracy of the operation may become low. The reason that the accuracy of the
operation becomes low is that factorization was performed in the process of acquiring
the second pruning index matrix and the third pruning index matrix. That is, a matrix
restored from the second pruning index matrix and the third pruning index matrix
includes a result of pruning that does not reflect the size of each of a plurality of first
elements included in the first matrix, and thus the accuracy of the operation becomes
low.

Accordingly, there is a need to acquire a second pruning index matrix and a third
pruning index matrix that reflect the size of each of a plurality of first elements
included in the first matrix.

For this, the processor 120 may acquire a final index matrix based on the second
pruning index matrix and the third pruning index matrix. To be more specific, the
processor 120 may perform matrix multiplication by using the second pruning index
matrix and the third pruning index matrix. Meanwhile, the processor 120 may perform
an addition operation as a XOR operation in the process of matrix multiplication. That
is, the processor 120 may perform an operation as 1 + 1 = 0, and the other operations
may be identical to a matrix operation.

According to the aforementioned embodiment, a final index matrix may be in the
form of a 100 x 10 size which is identical to the size of the first pruning index matrix,
and due to the XOR operation, the final index matrix may include only O or 1.
However, as described above, the final index matrix went through a factorization
process, and thus it is highly likely that the final index matrix is not identical to the
first pruning index matrix. That is, the final index matrix may include a result of
pruning that does not reflect the size of each of a plurality of first elements included in
the first matrix, and in the case of using the final index matrix, accuracy of an
operation may become low.

Afterwards, the processor 120 may compare the final index matrix with the first
pruning index matrix, and update at least one of the second pruning index matrix or the
third pruning index matrix.

To be specific, the processor 120 may compare each of the binary data included in
the final index matrix with binary data in corresponding positions included in the first

pruning index matrix and identify positions including different data. Then, the
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processor 120 may change at least one of the second threshold or the third threshold
based on the size of an element of the first matrix corresponding to the identified
position, and update at least one of the second pruning index matrix or the third
pruning index matrix.

In particular, the processor 120 may, based on identifying a plurality of positions
having different data, sum the sizes of a plurality of elements of the first matrix corre-
sponding to the plurality of identified positions, and if the summed size is equal to or
greater than a threshold size, change at least one of the second threshold or the third
threshold. In some embodiments, the size of an element is the absolute value of the
element and a sum of sizes corresponds to a sum of absolute values of matrix elements.
This is a process of identifying whether an important element has been removed by
pruning in the initial first matrix, and the greater the summed size is, the more likely an
important element has been removed by factorization and pruning. Accordingly, the
processor 120 repeats the process of, if the summed size is equal to or greater than a
threshold size, changing at least one of the second threshold or the third threshold, and
updating the second pruning index matrix and the third pruning index matrix based on
the changed second threshold and the changed third threshold.

Here, the processor may, if one of the second threshold or the third threshold is
increased, decrease the other one of the second threshold or the third threshold, and if
one of the second threshold or the third threshold is decreased, increase the other one
of the second threshold or the third threshold.

Also, the processor 120 may, if at least one of the second pruning index matrix and
the third pruning index matrix is updated, reacquire a final index matrix, and compare
the reacquired final index matrix with the first pruning index matrix, and thereby
identify a position having different data.

Then, if a plurality of positions having different data are identified, the processor 120
may sum the sizes of a plurality of elements of the first matrix corresponding to the
plurality of identified positions, and identify whether the summed size is equal to or
greater than a threshold size. The processor 120 may repeat the above process until the
summed size becomes smaller than a threshold size. When the summed size becomes
smaller than a threshold size, the operation result of an artificial intelligence model
including a second pruning index matrix and a third pruning index matrix that have
been finally updated would not become so much different from the operation result of
an artificial intelligence model including the first pruning index matrix. In other words,
accuracy of an operation can be maintained. Also, the first pruning index matrix may
be compressed to a second pruning index matrix and a third pruning index matrix that
have been finally updated.

Accuracy of an operation can be maintained through a method as described above,
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and the capacity of data of a pruning index matrix generated during a pruning process
may be compressed.

Meanwhile, the processor 120 may ternary quantize each of a plurality of first
elements, and thereby acquire a quantization matrix including a representative value
matrix and binary data. As a method of ternary quantization is a conventional
technology, a detailed description of the method will be omitted.

Alternatively, the processor 120 may ternary quantize each of a plurality of first
elements that have not been pruned, and thereby acquire a quantization matrix
including a representative value matrix and binary data. Here, the processor 120 may
identify whether pruning has been performed based on one of the first pruning index
matrix and the final index matrix.

Meanwhile, each element included in a quantization matrix may be 1 bit, or exceed 1
bit. However, even if each element included in a quantization matrix exceeds 1 bit, a
compression method for a case where each element included in a quantization matrix is
1 bit may be applied as it is. For example, if each element included in a quantization
matrix is 2 bits, the quantization matrix may be divided into two matrices having the
same size based on digits, and elements included in each of the two matrices may be 1
bit. Also, a compression method for a case where each element included in a quan-
tization matrix is 1 bit may be applied to each of the two matrices as it is. Accordingly,
hereinafter, a compression method will be explained based on the assumption that each
element included in a quantization matrix is 1 bit.

The processor 120 may acquire a random matrix of which size was determined based
on a compression subject unit and a compression target unit of binary data included in
a quantization matrix. For example, the processor 120 may acquire a random matrix in
a7 x 3 size based on 7 bits which is a compression subject unit and 3 bits which is a
compression target unit of binary data included in a quantization matrix. The processor
120 may compress other matrices included in the artificial intelligence model using the
acquired random matrix.

Here, a compression subject unit means the number of bits to be compressed at once
in binary data included in a quantization matrix, and a compression target unit
indicates in how many bits a compression subject unit will be compressed. In the
aforementioned embodiment, 7 bits are compressed to 3 bits, and if there are 70 bits in
total in a quantization matrix, the quantization matrix may be ultimately compressed to
30 bits. Accordingly, a quantization matrix can be compressed only when a com-
pression target unit is set to be smaller than a compression subject unit.

Also, a random matrix includes elements of a first type and elements of a second
type, and the number of the elements of the first type included in the random matrix

and the number of the elements of the second type included in the random matrix may
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be identical to each other. For example, a random matrix may include 0 and 1, and the
number of 0 and the number of 1 may be identical. However, the disclosure is not
limited thereto, and in case the number of elements included in a random matrix is an
odd number, the difference between the number of 0 and the number of 1 may be 1.

The processor 120 may acquire a plurality of equations based on the random matrix
and the compression subject unit, and remove at least some of the plurality of
equations based on binary data corresponding to the pruned first element among a
plurality of binary data corresponding to the compression subject unit, and acquire
binary data corresponding to the compression target unit based on the remaining
equations.

For example, the processor may 120 acquire a plurality of equations such that multi-
plication of a random matrix and a compression target unit becomes a compression
subject unit, and remove an equation including a pruned first element among a
plurality of first elements corresponding to the compression subject unit. A pruned first
element is meaningless whatever value it has, and thus it is not worth being used as an
equation. The processor 120 may acquire binary data corresponding to the compression
target unit based on the remaining equations.

Then, the processor may, if the number of the remaining equations exceeds the
number of unknowns included in the compression target unit, identify a plurality of
first equations corresponding to the number of unknowns among the remaining
equations based on dependency among the remaining equations, and acquire binary
data corresponding to the compression target unit based on the plurality of first
equations.

Here, the processor 120 may identify whether at least one second equation excluding
the plurality of first equations among the remaining equations is established based on
the acquired binary data corresponding to the compression target unit, and generate
patch information corresponding to third equations that are not established among the
at least one second equation. In some embodiments, an equation is established when a
solution is found that satisfies the equation.

Here, the patch information may include information on the number of the third
equations that are not established and identification information of each of the third
equations that are not established.

Meanwhile, the processor 120 may ternary quantize each of a plurality of first
elements that were not pruned in the first matrix, and acquire a quantization matrix
including the representative value matrix and binary data.

Here, the processor 120 may identify a plurality of first elements that were not
pruned in the first matrix based on the final index matrix. However, the disclosure is

not limited thereto, and the processor 120 may also identify a plurality of first elements
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that were not pruned in the first matrix based on the first pruning index matrix.

By a method as described above, the processor 120 may compress a quantization
matrix. Afterwards, in the case of restoring an artificial intelligence model, the
processor 120 may restore a compressed quantization matrix to a quantization matrix
based on a random matrix. Also, in the restoration process, the processor 120 may
convert some binary data by using patch information.

FIG. 2B is a block diagram illustrating a detailed configuration of an electronic
apparatus 100 according to an embodiment of the disclosure. The electronic apparatus
100 may include memory 110 and a processor 120. Also, according to FIG. 2B, the
electronic apparatus 100 may further include a display 130, a communication interface
140, a user interface 150, an input/output interface 160, a speaker 170, and a mi-
crophone 180. Among the components illustrated in FIG. 2B, regarding the
components that overlap with those illustrated in FIG. 2A, a detailed description will
be omitted.

The memory 110 may be implemented as internal memory such as ROM (e.g., elec-
trically erasable programmable read-only memory (EEPROM)), RAM, etc. included in
the processor 120, or memory separate from the processor 120. In this case, the
memory 110 may be implemented in the form of memory embedded in the electronic
apparatus 100, or in the form of memory that can be attached to or detached from the
electronic apparatus 100, according to the usage of stored data. For example, in the
case of data for operating the electronic apparatus 100, the data may be stored in
memory embedded in the electronic apparatus 100, and in the case of data for the
extending function of the electronic apparatus 100, the data may be stored in memory
that can be attached to or detached from the electronic apparatus 100. Meanwhile, in
the case of memory embedded in the electronic apparatus 100, the memory may be im-
plemented as at least one of volatile memory (e.g., dynamic RAM (DRAM), static
RAM (SRAM), or synchronous dynamic RAM (SDRAM), etc.) or non-volatile
memory (e.g., one time programmable ROM (OTPROM), programmable ROM
(PROM), erasable and programmable ROM (EPROM), electrically erasable and pro-
grammable ROM (EEPROM), mask ROM, flash ROM, flash memory (e.g., NAND
flash or NOR flash, etc.), a hard drive or a solid state drive (SSD)). In the case of
memory that can be attached to or detached from the electronic apparatus 100, the
memory may be implemented in a form such as a memory card (e.g., compact flash
(CF), secure digital (SD), micro secure digital (Micro-SD), mini secure digital
(Mini-SD), extreme digital (xD), a multi-media card (MMC), etc.) and external
memory that can be connected to a USB port (e.g., USB memory), etc.

The memory 110 stores various types of data, such as an operating system (O/S)

software module for driving the electronic apparatus 100, an artificial intelligence
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model module, and a compression module.

The processor 120 controls the overall operations of the electronic apparatus 100 by
using various types of programs stored in the memory 110.

To be specific, the processor 120 includes a RAM 121, a ROM 122, a main CPU
123, 1st to nth interfaces (124-1 to 124-n), and a bus 125.

The RAM 121, the ROM 122, the main CPU 123, the 1st to nth interfaces (124-1 ~
124-n), etc. may be connected to one another through the bus 125.

In the ROM 122, an instruction set for system booting, and the like are stored. When
a turn-on instruction is input and power is supplied, the main CPU 123 copies the O/S
stored in the memory 110 in the RAM 121 according to the instruction stored in the
ROM 122, and boots the system by executing the O/S. When booting is completed, the
main CPU 123 copies various application programs stored in the memory 110 in the
RAM 121, and performs various operations by executing the application programs
copied in the RAM 121.

The main CPU 123 accesses the memory 110, and performs booting using the O/S
stored in the memory 110. Also, the main CPU 123 performs various operations by
using various programs, content data, etc. stored in the memory 110.

The 1st to nth interfaces (124-1 to 124-n) are connected with the aforementioned
various components. One of the interfaces may be a network interface that is connected
to an external apparatus through a network.

Meanwhile, the processor 120 may perform a graphic processing function (a video
processing function). For example, the processor 120 may generate a screen including
various objects such as icons, images, and texts by using an operation unit (not shown)
and a renderer (not shown). Here, the operation unit (not shown) may operate attribute
values such as coordinate values, shapes, sizes, and colors by which each object will be
displayed according to the layout of the screen, based on the received control in-
struction. Also, the renderer (not shown) may generate screens in various layouts
including objects, based on the attribute values operated at the operation unit (not
shown). Further, the processor 120 may perform various types of image processing
such as decoding, scaling, noise filtering, frame rate conversion, resolution conversion,
and the like of video data.

Meanwhile, the processor 120 may perform processing of audio data. To be specific,
the processor 120 may perform various types of processing such as decoding or ampli-
fication, noise filtering, and the like of audio data.

The display 130 may be implemented as various forms of displays such as a liquid
crystal display (LCD), an organic light emitting diodes (OLED) display, a plasma
display panel (PDP), etc. In the display 130, a driving circuit that may be implemented

in forms such as an a-si TFT, a low temperature poly silicon (LTPS) TFT, an organic
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TFT (OTFT), etc., a backlight unit, and the like may also be included. Meanwhile, the
display 130 may also be implemented as a touch screen combined with a touch sensor,
a flexible display, a three dimensional (3D) display, and the like.

Also, the display 130 according to an embodiment of the disclosure may not only
include a display panel outputting an image, but a bezel housing a display panel. In
particular, a bezel according to an embodiment of the disclosure may include a touch
sensor (not shown) for sensing a user interaction.

A communication interface 140 is a component that performs communication with
various types of external apparatuses according to various types of communication
methods. The communication interface 140 includes a Wi-Fi module 141, a Bluetooth
module 142, an infrared communication model 143, a wireless communication module
144, etc. Here, each module may be implemented in the form of at least one hardware
chip.

The processor 120 may perform communication with various types of external ap-
paratuses by using the communication interface 140. Here, external apparatuses may
include another display apparatus like a TV, an image processing apparatus like a set-
top box, an external server, a control apparatus like a remote controller, an audio
outputting apparatus like a Bluetooth speaker, an illumination apparatus, home electric
appliances like a smart cleaner and a smart refrigerator, a server like an IOT home
manager, etc.

The Wi-Fi module 141 and the Bluetooth module 142 perform communication in a
Wi-Fi method and a Bluetooth method, respectively. In the case of using the Wi-Fi
module 141 or the Bluetooth module 142, various types of connection information
such as an SSID or a session key is transmitted and received first, and connection of
communication is performed by using the information, and various types of in-
formation can be transmitted and received thereafter.

The infrared communication module 143 performs communication according to an
infrared Data Association (IrDA) technology of transmitting data wirelessly within a
short distance by using infrared rays located between visual rays and millimeter waves.

The wireless communication module 144 may include at least one communication
chip that performs communication according to various wireless communication
standards such as zigbee, 3rd Generation (3G), 3rd Generation Partnership Project
(3GPP), Long Term Evolution (LTE), LTE Advanced (LTE-A), 4th Generation (4G),
Sth Generation (5G), etc., in addition to the aforementioned communication methods.

In addition, the communication interface 140 may include at least one of a local area
network (LAN) module, an Ethernet module, or a wired communication module that
performs communication by using a pair cable, a coaxial cable, or an optical fiber
cable, and the like.
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According to an embodiment of the disclosure, the communication interface 140 may
use the same communication module (e.g., a Wi-Fi module) for communicating with
an external apparatus like a remote controller and an external server.

According to another embodiment of the disclosure, the communication interface
140 may use a different communication module (e.g., a Wi-Fi module) for commu-
nicating with an external apparatus like a remote controller and an external server. For
example, the communication interface 140 may use at least one of an Ethernet module
or a Wi-Fi module for communicating with an external server, or use a BT module for
communicating with an external apparatus like a remote controller. However, this is
merely an example, and the communication interface 140 may use at least one commu-
nication module among various communication modules when it communicates with a
plurality of external apparatuses or external servers.

The user interface 150 may be implemented as an apparatus like a button, a touch
pad, a mouse, and a keyboard, or it may also be implemented as a touch screen that is
capable of performing a function of inputting operations as well as the aforementioned
display function. Here, a button may be various types of buttons such as a mechanical
button, a touch pad, a wheel, etc. formed in any area of the exterior of the main body of
the electronic apparatus 100 such as the front surface part, the side surface part, and the
rear surface part.

The input/output interface 160 may be an interface of any one of a high definition
multimedia interface (HDMI), a mobile high-definition link (MHL), a universal serial
bus (USB), a display port (DP), a thunderbolt, a video graphics array (VGA) port, a
RGB port, a D-subminiature (D-SUB), or a digital visual interface (DVI).

The input/output interface 160 may input and output at least one of an audio signal or
a video signal.

According to an embodiment of the disclosure, the input/output interface 160 may
include a port that inputs and outputs only audio signals and a port that inputs and
outputs only video signals as separate ports, or may be implemented as a port that
inputs and outputs both audio signals and video signals.

The speaker 170 may be a component that outputs not only various types of audio
data processed at the input/output interface 160 but also various types of notification
sound or voice messages, etc.

The microphone 180 is a component for receiving input of a user’s voice or other
types of sound, and converting the voice or sound into audio data.

The microphone 180 may receive a user’s voice in an activated state. For example,
the microphone 180 may be formed as an integrated type which is integrated with the
upper side or the front surface direction, the side surface direction, etc. of the

electronic apparatus 100. Also, the microphone 180 may include various components
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such as a microphone collecting a user’s voice in an analog form, an amplifier circuit
that amplifies the collected user’s voice, an A/D conversion circuit that samples the
amplified user’s voice and converts the voice to a digital signal, a filter circuit that
removes noise components from the converted digital signal, etc.

As described above, the electronic apparatus 100 may compress a matrix included in
an artificial intelligence model, and thereby reduce the data capacity of the entire ar-
tificial intelligence model.

Hereinafter, the operation of the electronic apparatus 100 will be described in more
detail with reference to drawings.

FIGS. 3A to 3D are diagrams for illustrating a method of processing a matrix
included in an artificial intelligence model for promoting understanding of the
disclosure.

FIG. 3A is a diagram illustrating an example of an artificial intelligence model
including two matrices. The processor 120 may acquire feature map data of Li by
inputting the input values of Li-1 to W12, and acquire the final data of Li+1 by
inputting the feature map data of Li to W23. However, FIG. 3A illustrates an artificial
intelligence model in a very schematic way, and in actuality, more matrices may be
included in an artificial intelligence model than in FIG. 3A.

FIG. 3B is a diagram illustrating an example of a first matrix included in an artificial
intelligence model, and the first matrix may be in the form of a m x n size. For
example, the matrix may be in the form of a 10000 x 8000 size. Also, each of a
plurality of first elements in the first matrix may be 32 bits. That is, the first matrix
may include 10000 x 8000 first elements which are 32 bits, respectively. However, the
disclosure is not limited thereto, and the size of the first matrix and the number of bits
of each first element may vary in numerous ways.

As illustrated in FIGS. 3A and 3B, considering the size of each of the plurality of
first elements included in the first matrix, the number of the plurality of first elements
included in the first matrix, and the number of matrices included in an artificial in-
telligence model, it follows that a substantially large storage space is needed for storing
an artificial intelligence model, and a substantial amount of power may be consumed
for operations by an artificial intelligence model. Accordingly, the processor 120 may
reduce a storage space by pruning and quantizing a matrix, and decrease the amount of
operations.

FIG. 3C is a diagram illustrating a result of pruning and quantizing the first matrix 1il-
lustrated in FIG. 3B.

The processor 120 may acquire a first pruning index matrix 310 that prunes each of
the plurality of first elements included in the first matrix based on a first threshold, and

indicates whether each of the plurality of first elements has been pruned with binary
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first elements which are smaller than 30 among the plurality of first elements included
in the first matrix to 0, and maintaining the remaining first elements as they are. Then,
the processor 120 may acquire a first pruning index matrix 310 by converting first
elements converted to O among the plurality of first elements as 0, and the remaining
first elements as 1. That is, the size of the first pruning index matrix 310 is identical to
that of the first matrix, and may include O or 1.

Further, the processor 120 may ternary quantize each of the plurality of first
elements, and thereby acquire a quantization matrix 320 including a representative
value matrix 330 and binary data. In some embodiments, the quantization matrix 320 is
associated with the representative value matrix 330.

For the convenience of explanation, a method of ternary quantizing [a, b] will be
described. Here, a and b may be 32 bits, respectively. The processor 120 may ternary
quantize [a, b], and acquire a representative value ¢ and a quantization matrix [d, e].
Here, the representative value c is 32 bits, and d and e are 1 bit, respectively. That is,
the processor 120 may compress 64 bits in total of [a, b] to 32 + 1 + 1 = 34 bits in total
of the representative value ¢ and the quantization matrix [d, e] through ternary quan-
tization.

In order to describe a method of acquiring a representative value in a ternary quan-
tization method, [a, b] will be assumed as [3, -1] as an example. The processor 120
may set 2 which is the average of the sizes of 3 and -1 as a representative value. Then,
the processor 120 may acquire a quantization matrix [1, O] which corresponds to each
of 3 and -1. In general, a value of "1" in the quantization matrix 320 can correspond to
a positive sign ("+"), and a "0" in the quantization matrix 320 can correspond to a
negative sign ("-"), as in the example of [1, O] corresponding to [3, -1]. In this case, 3
will be quantized to 2, and -1 will be quantized to -2, and for each of them, a quan-
tization error as much as 1 will occur. A corresponding pruning index matrix is [ 1, 1]
(none of the elements of [a b] have been pruned).

The processor 120 may ternary quantize elements in an n number by using one repre-
sentative value in the first matrix illustrated in FIG. 3B. Accordingly, in FIG. 3C, a
representative value matrix 330 including elements in an m number is illustrated. Also,
the processor 120 may acquire a quantization matrix 320 including binary data. The
size of the quantization matrix 320 is identical to the size of the first matrix, and the
matrix may include O or 1.

However, the aforementioned example is just one example of ternary quantization,
and the processor 120 may ternary quantize elements in a different number, but not in

an n number, by using one representative value in the first matrix illustrated in FIG.
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3B. In this case, the number of elements included in the representative value matrix
330 may not be m.

Also, the processor 120 may acquire a quantization matrix wherein each element
consists of a plurality of bits. This is according to a ternary quantization method, and a
detailed description thereof will be omitted as it is a conventional technology.

For example, the processor 120 may acquire a quantization matrix wherein each
element is 2 bits, as illustrated in the upper part of FIG. 3D. In this case, the processor
120 may acquire two sub quantization matrices according to the digits of bits, as il-
lustrated in the lower part of FIG. 3D.

The method of compressing a quantization matrix that will be described later is based
on the assumption that each element in the quantization matrix is 1 bit. However, even
when each element in a quantization matrix consists of a plurality of bits, the processor
120 may divide the quantization matrix into a plurality of sub quantization matrices
according to the digits, as illustrated in FIG. 3D, and compress each of the plurality of
sub quantization matrices. Accordingly, hereinafter, only a case where each element
included in a quantization matrix consists of 1 bit will be described.

The processor 120 may perform additional compression of the first pruning index
matrix 310 and the quantization matrix 320 illustrated in FIG. 3C, and this will be
described through drawings below.

FIGS. 4A to 4C are diagrams for illustrating a method of compressing a first pruning
index matrix 310 according to an embodiment of the disclosure.

The processor 120 may acquire a matrix 420 including the absolute values of each of
the plurality of first elements included in the first matrix 410, as illustrated in FIG. 4A.
Also, the processor 120 may acquire a first pruning index matrix 430 by converting
elements which are smaller than a first threshold Pa among the plurality of elements
included in the matrix 420 to 0, and converting elements which are equal to or greater
than the first threshold Pa to 1. That is, the first pruning index matrix 430 is a matrix
that was pruned by reflecting the sizes of the plurality of first elements included in the
first matrix 420.

Here, the first threshold Pa may be determined based on the required accuracy. For
example, if the accuracy of an artificial intelligence model after pruning according to
the first threshold Pa becomes noticeably lower than the accuracy of the artificial in-
telligence model before pruning, the first threshold Pa may be lowered a little bit. Al-
ternatively, if the accuracy of an artificial intelligence model after pruning according to
the first threshold Pa is not so different from the accuracy of the artificial intelligence
model before pruning, the first threshold may be raised a little bit.

Then, the processor 120 may factorize the first matrix 410 to a second matrix 440-1

having a size of 4 which is the number of the rows of the first matrix 410 and rank 2,
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and a third matrix 440-2 having a size of rank 2 as well asa number of columns being
4, matching the number of columns of the first matrix 410, as illustrated in FIG. 4B.
Here, the processor 120 may acquire the second matrix 440-1 and the third matrix
440-2 by performing non-negative matrix factorization (NMF) on a matrix 420
including the absolute values of each of the plurality of first elements included in the
first matrix 410. However, even if the second matrix 440-1 and the third matrix 440-2
are multiplied, the matrix 420 may not be restored. That is, multiplication of the
second matrix 440-1 and the third matrix 440-2 may be different from the matrix 420.

Further, the processor 120 may acquire a second pruning index matrix 450-1 that
prunes each of a plurality of second elements included in the second matrix 440-1
based on a second threshold Ba, and indicates whether each of the plurality of second
elements has been pruned with binary data. Also, the processor 120 may acquire a third
pruning index matrix 450-2 that prunes each of a plurality of third elements included in
the third matrix 440-2 based on a third threshold Bb, and indicates whether each of the
plurality of third elements has been pruned with binary data. The initial second
threshold Ba and third threshold Bb may be set as any number.

Meanwhile, the second pruning index matrix 450-1 has been pruned by reflecting the
sizes of the plurality of second elements included in the second matrix 440-1, and the
third pruning index matrix 450-2 has been pruned by reflecting the sizes of the
plurality of third elements included in the third matrix 440-2. That is, the second
pruning index matrix 450-1 and the third pruning index matrix 450-2 have not been
pruned by reflecting the sizes of the plurality of first elements included in the first
matrix 420. Accordingly, a final index matrix 460 which is a result of multiplication of
the second pruning index matrix 450-1 and the third pruning index matrix 450-2 may
be different from the first pruning index matrix 430 illustrated in FIG. 4A. Here, in the
process of matrix multiplication of the second pruning index matrix 450-1 and the third
pruning index matrix 450-2, an addition operation may be performed as a XOR
operation. That is, the processor 120 performs an addition operation as 1 + 1 =0, and
the other operations are identical to the matrix operation.

The processor 120 may compare each of the binary data included in the final index
matrix 460 with binary data in corresponding positions included in the first pruning
index matrix 430 and identify positions including different data. Then, the processor
120 may sum the sizes of the elements of the first matrix 410 corresponding to the
identified positions, and if the summed size is equal to or greater than a threshold size,
change at least one of the second threshold Ba or the third threshold Bb, as illustrated
in FIG. 4C. That is, the processor 120 may determine that the error of the final index
matrix 460 is bigger as the sizes of the elements of the first matrix 410 corresponding

to the identified positions are bigger, and change at least one of the second threshold
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Ba or the third threshold Bb.

Further, the processor 120 may reacquire the second pruning index matrix 450-1 and
the third pruning index matrix 450-2 from each of the second matrix 440-1 and the
third matrix 440-2. The processor 120 may reacquire the final index matrix 460 based
on the reacquired second pruning index matrix 450-1 and third pruning index matrix
450-2, and compare the final index matrix 460 and the first pruning index matrix 430
again.

The processor 120 may repeat a process as described above until the sum of the sizes
of the elements of the first matrix 410 corresponding to the identified positions
becomes smaller than a threshold size. When the sum of the sizes of the elements of
the first matrix 410 corresponding to the identified positions becomes smaller than a
threshold size, the processor 120 may store the finally acquired second pruning index
matrix 450-1 and third pruning index matrix 450-2 in the memory 110, instead of the
first pruning index matrix 430.

In FIGS. 4A to 4C, a compression method was described with a first matrix 410 in a
4 x 4 size for the convenience of explanation. However, in actuality, the size of the
first matrix 410 may be substantially large. For example, if the first matrix 410 is in a
m X n size, the first pruning index matrix 430 gets to have m x n elements. In contrast,
the second pruning index matrix 450-1 gets to have m x r elements, and the third
pruning index matrix 450-2 gets to have r x n elements, and here, r is smaller than m
and n.

Accordingly, if the second pruning index matrix 450-1 and the third pruning index
matrix 450-2 are used instead of the first pruning index matrix 430, the elements in an
amount of m x n in total may be expressed as elements in an amount of (m + n) x r. For
example, if m is 1000, n is 100, and r is 30, elements in an amount of 1000 x 100 =
100000 may be expressed as elements in an amount of (1000 + 100) x 30 = 33000, and
data capacity may be reduced. Also, as a process of reacquiring the second pruning
index matrix 450-1 instead of the first pruning index matrix 430 as described above is
repeated, accuracy can be maintained.

FIG. 5 is a diagram for illustrating compression performance and accuracy according
to an embodiment of the disclosure.

Song Han’s Pruning which is a conventional technology indicates accuracy before
compression in FIGS. 4A to 4C, and 20K to 60K indicate the number of times of
repeating the reacquisition process. It follows that, as the number of times of repetition
becomes greater, accuracy becomes closer to accuracy before compression.

Also, it follows that, as the rank is lowered from 256 to 4, the compression rate is
improved from 1.2 to 76.9.

FIGS. 6A to 6B are diagrams for illustrating a method of compressing a quantization
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matrix 320 according to an embodiment of the disclosure.

The processor 120 may acquire a random matrix of which size was determined based
on a compression subject unit and a compression target unit of the binary data included
in the quantization matrix 320.

For example, if the compression subject unit is set as 9, and the compression target
unit is set as 5, the processor 120 may acquire a random matrix A ina 9 x 5 size, as il-
lustrated in FIG. 6A. The random matrix A may include O or 1. That is, the processor
120 may compress the binary data included in the quantization matrix 320 in units of 9.

Then, the processor 120 may acquire a compression target unit x such that multi-
plication of unknowns included in the random matrix A and the compression target
unit x becomes a plurality of binary data included in a compression subject unit B. This
may be expressed in the form of matrix multiplication as A x x = B, as in FIG. 6A.
Here, x among the plurality of binary data included in the compression subject unit B
indicates ‘don’t care,” and a description in this regard will be made later.

The processor 120 may acquire a plurality of equations based on the plurality of
binary data included in the random matrix A and the compression subject unit B. That
is, according to an example as in FIG. 6A, nine equations may be acquired, and here,
the number of the unknowns may be five of the compression target unit x.

Also, the processor 120 may remove at least some of the plurality of equations based
on binary data corresponding to the pruned first element among a plurality of binary
data corresponding to the compression subject unit B, and acquire binary data corre-
sponding to the compression target unit x based on the remaining equations.

For example, the processor 120 may remove at least some of the plurality of
equations by a method of deleting data corresponding to ‘don’t care,” as illustrated in
FIG. 6B. Meanwhile, ‘don’t care’ may be determined based on the pruned first
element. As described above, the quantization matrix 320 is acquired from the first
matrix, and thus it may be irrelevant to pruning. However, according to pruning, some
of the data of the quantization matrix 320 may not be used at all, and such data
becomes don’t care data. Also, as there would be no problem if don’t care data is
restored to a different value after compression, it is okay to delete an equation corre-
sponding to ‘don’t care’ among the plurality of equations.

Here, the first column from the leftmost side of FIG. 6B indicates whether the first
element corresponding to the binary data of the compression subject unit B has been
pruned, and the four columns in the middle portion is a random matrix, and the fifth
column is the binary data of the compression subject unit B. For the convenience of ex-
planation, the example in FIG. 6b was illustrated differently from the example in FIG.
6A.

The processor 120 may acquire values for the four unknowns of the compression
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target unit x by using the remaining four equations, as illustrated in FIG. 6B. Here, the
processor 120 may acquire values for the four unknowns of the compression target unit
x through a method like Gaussian elimination. As this is a conventional technology, a
detailed description in this regard will be omitted. However, the method is not limited
thereto, and the processor 120 may acquire values for unknowns by various other
methods.

When values for unknowns are acquired in FIG. 6B, nine binary data may be
compressed to four. That is, the quantization matrix 320 in a m x n size is compressed
to the matrix in a m x n x 5/9 size. Therefore, the artificial intelligence model can be
used on devices with a small memory, such as smartphone.

The processor 120 may restore binary data before compression by multiplying values
for the random matrix and the unknowns. Meanwhile, some of the restored data may
be different from the data before compression, but this is data corresponding to ‘don’t
care,” and does not influence the accuracy of operations of an artificial intelligence
algorithm.

FIGS. 7A to 7B are diagrams for illustrating a method of compressing a quantization
matrix 320 according to another embodiment of the disclosure.

If the number of the remaining equations exceeds the number of unknowns included
in the compression target unit, the processor 120 may identify a plurality of first
equations corresponding to the number of unknowns among the remaining equations
based on dependency among the remaining equations, and acquire binary data corre-
sponding to the compression target unit based on the plurality of first equations.

For example, as illustrated in FIG. 7A, if the number of the remaining equations is
five, and the number of the unknowns included in the compression target unit is four,
the processor 120 may identify four first equations among the remaining equations
based on dependency among the remaining equations, and acquire binary data (values
for the unknowns) corresponding to the compression target unit based on the four first
equations.

Then, the processor 120 may identify whether at least one second equation excluding
the plurality of first equations among the remaining equations is established based on
the acquired binary data corresponding to the compression target unit, and generate
patch information corresponding to third equations that are not established among the
at least one second equation. Here, the patch information may include information on
the number of the third equations that are not established and identification information
of each of the third equations that are not established.

For example, in case a value for an unknown corresponding to the compression target
unit is acquired by using data (1010;1100;000 1; 00 1 0) until the fourth row

among the remaining data excluding ‘don’t care’ in FIG. 7A, the processor 120 may
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apply the acquired value for the unknown to an equation including data (1 0 1 1) of the
fifth row among the remaining data, and identify whether the equation is established.

If the equation is established, the processor 120 does not need to perform an ad-
ditional operation. This is because binary data corresponding to the compression
subject unit excluding ‘don’t care’ is restored by using the acquired value for the
unknown and the random matrix.

In contrast, if the equation is not established, the processor 120 may generate patch
information as in FIG. 7B. First, as in case 1, in case there are five remaining
equations, and a value for an unknown is acquired by using four equations among the
equations, and then the value for the unknown is applied to an equation based on the
data (1 0 1 0) of the first row, but the equation is not established, the processor 120
may need a patch, and generate position information of the equation for which patch
should be performed as patch information. That is, the processor 120 may ultimately
acquire 1010(compressed data)/01(the number of patches)/0100(the position to be
patched).

Alternatively, as in case 2, in case there are five remaining equations, and four
equations among the equations are used, a value for an unknown may not be acquired.
In this case, the processor 120 may acquire a value for an unknown for which as many
equations as possible are established. In FIG. 7B, a case where the processor 120
acquires a value for an unknown for which two equations are established is assumed.
When a value for an unknown is acquired, the processor 120 may need three patches,
and generate position information of three equations for which patch should be
performed as patch information. That is, the processor 120 may ultimately acquire
1010(compressed data)/11(the number of patches)/0100 0110 1011 (the positions to be
patched).

The processor 120 may restore binary data before compression by multiplying values
for the random matrix and the unknown. Then, the processor 120 may patch some of
the restored data based on the positions to be patched included in the patch in-
formation. The processor 120 may perform patching by converting 0 to 1, and 1 to O.
Meanwhile, some of the restored data may be different from the data before com-
pression. However, this is data corresponding to ‘don’t care,” and it does not influence
the accuracy of operations by an artificial intelligence algorithm.

Meanwhile, if a random matrix is acquired, constitution of a circuit becomes possible
by using a XOR gate, and thus implementation may be made easy.

FIG. 8 is a diagram for illustrating a method for acquiring an optimal condition for
compression according to an embodiment of the disclosure.

In FIG. 8, the number of the compression target units is assumed as 20, and the x axis

indicates the number of the compression subject units, and the y axis indicates the
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number of bits according to compression of sample data before compression. That is,
sample data before compression has 10000 bits in total, and if the number of the com-
pression subject units is set as 100, the number of bits according to compression
becomes approximately 2000 bits. If the number of the compression subject units is
increased, the number of bits according to compression is decreased.

In contrast, if the number of the compression subject units is increased, it is difficult
for an equation to be established. Thus, bits according to patch information may be
added.

Meanwhile, a compression rate is determined as the sum of the number of bits
according to compression and the number of bits according to patch information, and a
case of maintaining the number of compression subject units as approximately 200
may be an optimal condition for compression.

FIG. 9 is a flow chart for illustrating a control method of an electronic apparatus
according to an embodiment of the disclosure.

In a control method of an electronic apparatus storing a first matrix included in an ar-
tificial intelligence model trained based on sample data, first, a first pruning index
matrix that prunes each of a plurality of first elements included in the first matrix based
on a first threshold, and indicates whether each of the plurality of first elements has
been pruned with binary data is acquired at operation S910. Then, the first matrix is
factorized to a second matrix of which size was determined based on the number of
rows and the rank, and a third matrix of which size was determined based on the rank
and the number of columns of the first matrix at operation S920. Then, a second
pruning index matrix that prunes each of a plurality of second elements included in the
second matrix based on a second threshold, and indicates whether each of the plurality
of second elements has been pruned with binary data is acquired at operation S930.
Then, a third pruning index matrix that prunes each of a plurality of third elements
included in the third matrix based on a third threshold, and indicates whether each of
the plurality of third elements has been pruned with binary data is acquired at operation
S5940. Then, a final index matrix is acquired based on the second pruning index matrix
and the third pruning index matrix at operation S950. Lastly, the final index matrix is
compared with the first pruning index matrix, and at least one of the second pruning
index matrix or the third pruning index matrix is updated at operation S960.

Here, the updating step S960 may include the steps of comparing each of the binary
data included in the final index matrix with binary data in corresponding positions
included in the first pruning index matrix and identifying positions including different
data, and changing at least one of the second threshold or the third threshold based on
the size of an element of the first matrix corresponding to the identified position, and

updating at least one of the second pruning index matrix or the third pruning index



30

WO 2020/153626 PCT/KR2020/000204
maitrix.
[202] Also, the step of updating at least one of the second pruning index matrix or the third

[203]

[204]

[205]

[206]

[207]

pruning index matrix may include the steps of, based on identifying a plurality of
positions having different data, summing the sizes of a plurality of elements of the first
matrix corresponding to the plurality of identified positions, and based on the summed
size being equal to or greater than a threshold size, changing at least one of the second
threshold or the third threshold.

In addition, in the step of updating at least one of the second pruning index matrix or
the third pruning index matrix, if one of the second threshold or the third threshold is
increased, the other one of the second threshold or the third threshold may be
decreased, and if one of the second threshold or the third threshold is decreased, the
other one of the second threshold or the third threshold may be increased.

Meanwhile, a control method of an electronic apparatus may further include the steps
of ternary quantizing each of the plurality of first elements and acquiring a quan-
tization matrix including a representative value matrix and binary data, acquiring a
random matrix of which size was determined based on a compression subject unit and
a compression target unit of the binary data included in the quantization matrix,
acquiring a plurality of equations based on the random matrix and the compression
subject unit and removing at least some of the plurality of equations based on binary
data corresponding to the pruned first element among a plurality of binary data corre-
sponding to the compression subject unit, and acquiring binary data corresponding to
the compression target unit based on the remaining equations.

Here, the step of acquiring binary data corresponding to the compression target unit
may include the steps of, based on the number of the remaining equations exceeding
the number of unknowns included in the compression target unit, identifying a
plurality of first equations corresponding to the number of unknowns among the
remaining equations based on dependency among the remaining equations, and
acquiring binary data corresponding to the compression target unit based on the
plurality of first equations.

Also, the step of acquiring binary data corresponding to the compression target unit
may further include the steps of identifying whether at least one second equation
excluding the plurality of first equations among the remaining equations is established
based on the acquired binary data corresponding to the compression target unit, and
generating patch information corresponding to third equations that are not established
among the at least one second equation. The patch information may include in-
formation on the number of the third equations that are not established and identi-
fication information of each of the third equations that are not established.

Meanwhile, in the step of acquiring a quantization matrix, each of a plurality of first



31

WO 2020/153626 PCT/KR2020/000204

[208]

[209]

[210]

[211]

[212]

[213]

elements that were not pruned in the first matrix may be ternary quantized, and a quan-
tization matrix including a representative value matrix and binary data may be
acquired.

Here, in the step of acquiring a quantization matrix, a plurality of first elements that
were not pruned in the first matrix may be identified based on the final index matrix.

Meanwhile, a random matrix may include elements of a first type and elements of a
second type, and the number of the elements of the first type included in the random
matrix and the number of the elements of the second type included in the random
matrix may be identical to each other.

According to the various embodiments of the disclosure as described above, an
electronic apparatus is capable of overcoming constraints according to hardware per-
formance by compressing an artificial intelligence model so that parallel computer
processing is possible, and improving the processing rate.

Meanwhile, according to an embodiment of the disclosure, the various embodiments
described above may be implemented as software including instructions stored in
machine-readable storage media, which can be read by machines (e.g., computers).
The machines refer to apparatuses that call instructions stored in a storage medium,
and can operate according to the called instructions, and the apparatuses may include
an electronic apparatus according to the aforementioned embodiments (e.g., an
electronic apparatus A). In case an instruction is executed by a processor, the processor
may perform a function corresponding to the instruction by itself, or by using other
components under its control. An instruction may include a code that is generated or
executed by a compiler or an interpreter. A storage medium that is readable by
machines may be provided in the form of a non-transitory storage medium. Here, the
term ‘non-transitory’ only means that a storage medium does not include signals, and
is tangible, but does not indicate whether data is stored in the storage medium semi-
permanently or temporarily.

Also, according to an embodiment of the disclosure, the method according to the
various embodiments described above may be provided while being included in a
computer program product. A computer program product refers to a product, and it can
be traded between a seller and a buyer. A computer program product can be distributed
on-line in the form of a storage medium that is readable by machines (e.g. compact
disc read only memory (CD-ROM)), or through an application store (e.g. play store
TM). In the case of on-line distribution, at least a portion of a computer program
product may be stored in a storage medium such as the server of the manufacturer, the
server of the application store, and the memory of the relay server at least temporarily,
or may be generated temporarily.

In addition, according to an embodiment of the disclosure, the various embodiments
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described above may be implemented in a recording medium that can be read by a
computer or an apparatus similar to a computer, by using software, hardware, or a
combination thereof. In some cases, the embodiments described in this specification
may be implemented by a processor itself. According to implementation by software,
the embodiments such as processes and functions described in this specification may
be implemented by separate software modules. Each of the software modules can
perform one or more functions and operations described in this specification.

Meanwhile, computer instructions for performing processing operations of machines
according to the aforementioned various embodiments may be stored in a non-
transitory computer-readable medium. Computer instructions stored in such a non-
transitory computer-readable medium make the processing operations at machines
according to the aforementioned various embodiments performed by a specific
machine, when the instructions are executed by the processor of the specific machine.
A non-transitory computer-readable medium refers to a medium that stores data semi-
permanently, and is readable by machines, but not a medium that stores data for a short
moment such as a register, a cache, and memory. As specific examples of a non-
transitory computer-readable medium, there may be a CD, a DVD, a hard disc, a blue-
ray disc, a USB, a memory card, a ROM and the like.

Further, each of the components according to the aforementioned various em-
bodiments (e.g. a module or a program) may consist of a singular object or a plurality
of objects. Also, among the aforementioned corresponding sub components, some sub
components may be omitted, or other sub components may be further included in the
various embodiments. Generally or additionally, some components (e.g. a module or a
program) may be integrated as an object, and perform the functions that were
performed by each of the components before integration identically or in a similar
manner. A module, a program, or operations performed by other components
according to the various embodiments may be executed sequentially, in parallel,
repetitively, or heuristically. Or, at least some of the operations may be executed or
omitted in a different order, or other operations may be added.

While the disclosure has been shown and described with reference to preferred em-
bodiments thereof, the disclosure is not limited to the aforementioned specific em-
bodiments, and it is apparent that various modifications can be made by those having
ordinary skill in the technical field to which the disclosure belongs, without departing
from the gist of the disclosure as claimed by the appended claims. Also, it is intended
that such modifications are not to be interpreted independently from the technical idea

or prospect of the disclosure.
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Claims

An electronic apparatus comprising:

a memory configured to store a first matrix, wherein the first matrix is
included in an artificial intelligence model, wherein the artificial in-
telligence model is trained based on sample data; and

a processor configured to:

prune each of a plurality of first elements included in the first matrix
based on a first threshold,

acquire a first pruning index matrix, wherein the first pruning index
matrix indicates for each element of the plurality of first elements,
whether each element of the plurality of first elements has been pruned,
factorize the first matrix to a second matrix and a third matrix, wherein
a size of the second matrix is determined based on a number of rows of
the first matrix and a rank, wherein a size of the third matrix is de-
termined based on the rank and a number of columns of the first matrix,
prune, based on a second threshold, each of a plurality of second
elements included in the second matrix,

acquire a second pruning index matrix, wherein the second pruning
index matrix indicates for each element of the plurality of second
elements, whether each element of the plurality of second elements has
been pruned,

prune, based on a third threshold, each of a plurality of third elements
included in the third matrix,

acquire a third pruning index matrix, wherein the third pruning index
matrix indicates for each element of the plurality of third elements,
whether each element of the plurality of third elements has been
pruned,

acquire a final index matrix based on the second pruning index matrix
and the third pruning index matrix, and

update at least one of the second pruning index matrix or the third
pruning index matrix by comparing the final index matrix with the first
pruning index matrix.

The electronic apparatus of claim 1,

wherein the processor is further configured to:

compare elements included in the final index matrix with elements in
corresponding positions included in the first pruning index matrix,

identify positions at which the elements included in the final index



WO 2020/153626

[Claim 3]

[Claim 4]

[Claim 5]

34
PCT/KR2020/000204

matrix do not match the elements in corresponding positions included
in the first pruning index matrix, and

update at least one of the second pruning index matrix or the third
pruning index matrix, wherein the processor is configured to perform
the update by changing, based on the sizes of elements of the first
matrix corresponding to the identified positions, at least one of the
second threshold or the third threshold.

The electronic apparatus of claim 2,

wherein the processor is further configured to:

based on identifying a plurality of positions at which the elements
included in the final index matrix do not match the elements in corre-
sponding positions included in the first pruning index matrix, sum the
sizes of a plurality of elements of the first matrix corresponding to the
plurality of identified positions, and

based on the summed size being equal to or greater than a threshold
size, change at least one of the second threshold or the third threshold.
The electronic apparatus of claim 2,

wherein the processor is further configured to:

based on one of the second threshold or the third threshold being
increased, decrease the other one of the second threshold or the third
threshold, and

based on one of the second threshold or the third threshold being
decreased, increase the other one of the second threshold or the third
threshold.

The electronic apparatus of claim 1,

wherein the processor is further configured to:

ternary quantize each of the plurality of first elements and acquire a
quantization matrix including a representative value matrix and first
binary data,

acquire a random matrix, wherein a size of the random matrix is based
on a compression subject unit and a compression target unit of the first
binary data,

acquire a plurality of equations based on the random matrix and the
compression subject unit, and

remove at least some of the plurality of equations based on binary data
corresponding to the pruned first element among a plurality of binary
data corresponding to the compression subject unit, and acquire second

binary data corresponding to the compression target unit based on
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remaining equations of the plurality of equations.

The electronic apparatus of claim 5,

wherein the processor is further configured to:

based on a number of the remaining equations exceeding a number of
unknowns included in the compression target unit, identify, among the
remaining equations based on dependency among the remaining
equations, a plurality of first equations corresponding to the number of
unknowns, and

acquire third binary data corresponding to the compression target unit
based on the plurality of first equations.

The electronic apparatus of claim 6,

wherein the processor is further configured to:

identify whether at least one second equation excluding the plurality of
first equations is established based on the third binary data, and
generate patch information corresponding to third equations that are not
established, wherein the plurality of equations includes the third
equations,

wherein the patch information includes information on the number of
the third equations and identification information of each of the third
equations that are not established.

The electronic apparatus of claim 5,

wherein the processor is further configured to:

ternary quantize each of a plurality of first elements that were not
pruned in the first matrix, and acquire the quantization matrix including
the representative value matrix and the first binary data.

The electronic apparatus of claim 8,

wherein the processor is further configured to:

identify the plurality of first elements that were not pruned in the first
matrix based on the final index matrix.

The electronic apparatus of claim 5,

wherein the random matrix includes elements of a first type and
elements of a second type, and

a number of the elements of the first type included in the random
matrix and a number of the elements of the second type included in the
random matrix are identical to each other.

A control method of an electronic apparatus storing a first matrix
included in an artificial intelligence model trained based on sample

data, the control method comprising:
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pruning each of a plurality of first elements included in the first matrix
based on a first threshold, and acquiring a first pruning index matrix,
wherein the first pruning index matrix indicates for each element of the
plurality of first elements, whether each element of the plurality of first
elements;

factorizing the first matrix to a second matrix and a third matrix,
wherein a size of the second matrix is determined based on a number of
rows of the first matrix and a rank, wherein a size of the third matrix is
determined based on the rank and a number of columns of the first
matrix;

pruning, based on a second threshold, each of a plurality of second
elements included in the second matrix;

acquiring a second pruning index matrix, wherein the second pruning
index matrix indicates for each element of the plurality of second
elements, whether each element of the plurality of second elements has
been pruned;

pruning, based on a third threshold, each of a plurality of third elements
included in the third matrix;

acquiring a third pruning index matrix, wherein the third pruning index
matrix indicates for each element of the plurality of third elements,
whether each element of the plurality of third elements has been
pruned;

acquiring a final index matrix based on the second pruning index
matrix and the third pruning index matrix; and

updating at least one of the second pruning index matrix or the third
pruning index matrix by comparing the final index matrix with the first
pruning index matrix.

The control method of claim 11,

wherein the updating comprises:

comparing elements included in the final index matrix with elements in
corresponding positions included in the first pruning index matrix and
identifying positions at which the elements included in the final index
matrix do not match the elements in corresponding positions included
in the first pruning index matrix; and

updating at least one of the second pruning index matrix or the third
pruning index matrix by changing, based on sizes of elements of the
first matrix corresponding to the identified positions, at least one of the
second threshold or the third threshold.
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The control method of claim 12,

wherein the updating at least one comprises:

based on identifying a plurality of positions at which the elements
included in the final index matrix do not match the elements in corre-
sponding positions included in the first pruning index matrix, summing
the sizes of a plurality of elements of the first matrix corresponding to
the plurality of identified positions; and

based on the summed size being equal to or greater than a threshold
size, changing at least one of the second threshold or the third
threshold.

The control method of claim 12,

wherein the updating at least one comprises:

based on one of the second threshold or the third threshold being
increased, decreasing the other one of the second threshold or the third
threshold; and

based on one of the second threshold or the third threshold being
decreased, increasing the other one of the second threshold or the third
threshold.

The control method of claim 11, further comprising:

ternary quantizing each of the plurality of first elements and acquiring a
quantization matrix including a representative value matrix and first
binary data;

acquiring a random matrix, wherein a size of the random matrix is
based on a compression subject unit and a compression target unit of
the first binary data;

acquiring a plurality of equations based on the random matrix and the
compression subject unit;

removing at least some of the plurality of equations based on binary
data corresponding to the pruned first element among a plurality of
binary data corresponding to the compression subject unit; and
acquiring second binary data corresponding to the compression target

unit based on remaining equations of the plurality of equations.
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