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Description

Title of Invention: ELECTRONIC APPARATUS AND METHOD

[2]

[3]

[4]

[5]

[6]

OF PERFORMING OPERATIONS THEREOF
Technical Field

The disclosure relates to an electronic apparatus and a method of performing op-
erations of the electronic apparatus, and more particularly, to a method of performing

operations of an artificial neural network model.

Background Art

Recently, a study of implementing an artificial intelligence model (e.g., a deep-
learning model) by using hardware is being continued. In the case of implementing an
artificial intelligence model by using hardware, the speed of operations of the artificial
intelligence model can be greatly improved, and use of various deep-learning models
that were previously difficult to use due to the memory sizes or limitation on the
response time became possible.

Algorithms for continuously improving the performance of an artificial intelligence
model from the viewpoint of implementation of hardware are being suggested, as for
example, a data quantization technology which reduces the amount of operation data
for reducing operation delays and power consumption.

Data quantization is, for example, a method of reducing the amount of information
expressing parameters of a matrix, and may decompose real number data into binary
data and scaling factors and express the data as an approximate value. As quantized
data cannot reach the precision of the original data, the precision of inference by an ar-
tificial intelligence model using quantized data may be lower than the precision of the
original inference by an artificial intelligence model. However, considering the limited
circumstance of hardware, quantization to a certain extent can save the use amount of a
memory or consumption of computing resources, and thus it is being actively studied

in the field of on-device artificial intelligence.
Disclosure of Invention

Technical Problem

Embodiments of the disclosure provide an electronic apparatus which reduces the
data capacity of an artificial intelligence model, and at the same time, minimizes dete-
rioration of the performance of the artificial intelligence model, and a method of

performing an operation of the artificial intelligence model.
Solution to Problem

In accordance with an aspect of the disclosure, a method for an electronic apparatus

to perform an operation of an artificial intelligence model includes an operation of
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acquiring resource information for hardware of the electronic apparatus while a
plurality of data respectively having different degrees of importance from one another,
which are used for an operation of a neural network model, are stored in a memory, an
operation of obtaining some data to be used for an operation of the neural network
model among the plurality of data according to the degrees of importance of each of
the plurality of data based on the acquired resource information, and an operation of

performing an operation of the neural network model by using the obtained some data.
In accordance with an aspect of the disclosure, an electronic apparatus includes a

memory storing a plurality of data respectively having different degrees of importance
from one another, and a processor configured to obtain some data to be used for an
operation of the neural network model among the plurality of data according to the
degrees of importance of each of the plurality of data being stored in the memory
based on resource information for the hardware of the electronic apparatus, and

perform an operation of the neural network model by using the obtained some data.

Advantageous Effects of Invention

According to embodiments, it is possible to flexibly adjust the amount of data used
for a neural network model according to the requirements of hardware. For example,
an improved effect can be expected in at least one of the aspect of latency, the aspect
of power consumption, or the aspect of a user.

In the aspect of latency, it may be possible to exclude binary data having a low
degree of importance and selectively use only binary data having a high degree of im-
portance in an operation of a neural network model in consideration of the time for re-
questing execution of the neural network model, and thereby satisfy the requirement
with minimum reduction of accuracy.

In the aspect of power consumption, in an example when the remaining amount of
the battery of an electronic apparatus is determined to be low, the amount of data such
that a neural network model operates with the minimum performance in consideration
of the condition of hardware (e.g., low charge of the battery) may be controlled, and
the operational time of the electronic apparatus thus may be extended.

In the aspect of a user (or a developer), in the related art, it has been difficult for the
user to judge the optimal amount of data to be used for a neural network model in con-
sideration of the operation amounts and other restrictions of artificial intelligence ap-
plications mounted on an electronic apparatus. However, according to an embodiment,
it is possible to automatically adjust the amount of data appropriately in consideration
of latency and power consumption based on the condition of hardware, and thus it
becomes possible to maintain the accuracy of inference of an artificial intelligence

model above a certain degree, and at the same time, effectively execute a neural
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network model.
According to an embodiment, the problem that a neural network model is not

executed or latency becomes great in a situation where the hardware resources are
limited can be overcome. That is, it is possible to flexibly adjust the amount of data for
an operation of the neural network model in consideration of the currently available
resources of hardware, and, accordingly, even if the amount of data increases, the
latency is maintained below a certain level, and a neural network model can operate
without stoppage and above a certain threshold of accuracy.
Brief Description of Drawings

FIG. 1 is a block diagram illustrating a configuration of an electronic apparatus
according to an embodiment;

FIG. 2 is a block diagram illustrating components for a neural network operation
including a processing unit according to an embodiment;

FIG. 3 illustrates an example of a scheduling syntax according to an embodiment;

FIG. 4 is a block diagram illustrating components for a neural network operation
including a plurality of processing units according to an embodiment;

FIG. 5 is a diagram illustrating a process by which quantized parameter values are
stored in a memory for each bit order according to an embodiment;

FIG. 6 is a diagram illustrating a process by which quantized parameter values are
stored in a memory for each bit order according to an embodiment;

FIG. 7 is a flowchart illustrating a method for an electronic apparatus to perform an
operation according to an embodiment; and

FIG. 8 is a block diagram illustrating a detailed configuration of an electronic

apparatus according to an embodiment.

Best Mode for Carrying out the Invention

Mode for the Invention

The embodiments of the present disclosure may be diversely modified. Accordingly,
specific 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 embodiment, but includes all modifications, equivalents, and sub-
stitutions 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, various embodiments of the disclosure will be described in detail with
reference to the accompanying drawings.

FIG. 1 is a block diagram illustrating a configuration of an electronic apparatus 100
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according to an embodiment. As illustrated in FIG. 1, the electronic apparatus 100
includes a memory 110 and a processor 120.

The electronic apparatus 100 may be a server, a desktop PC, a laptop computer, a
smartphone, a tablet PC, etc. Alternatively, the electronic apparatus 100 is an apparatus
using an artificial intelligence model, and it may be a cleaning robot, a wearable
apparatus, a home appliance, a medical apparatus, an Internet of Things (IoT)
apparatus, or an autonomous vehicle.

The memory 110 in FIG. 1 may store a plurality of data respectively having different
degrees of importance from one another. The plurality of data respectively having
different degrees of importance from one another may include, for example, parameter
values of a quantized matrix used for an operation of a neural network model. In this
case, if there are a plurality of matrices used for an operation of a neural network
model, the electronic apparatus 100 may include parameter values respectively having
different degrees of importance from one another for each of the plurality of quantized
matrices.

As another example, the plurality of data respectively having different degrees of im-
portance from one another may be a plurality of neural network layers respectively
having different degrees of importance from one another used for an operation of a
neural network model.

As still another example, the plurality of data having different degrees of importance
from one another may be parameter values of a matrix before being quantized. In this
case, the parameter values of the matrix may consist of binary data respectively having
different degrees of importance from one another, and for example, the degrees of im-
portance may increase according to the bit orders.

In the case the plurality of data are parameter values of a quantized matrix, the quan-
tization process of the matrix performed for acquiring the parameter values may be
performed by the electronic apparatus 100. Alternatively, the quantization process may
be performed at an external apparatus and the parameter values of the quantized matrix
may be stored in the memory 110 in advance.

In the case the parameter values of a matrix are quantized, the parameter values of
the matrix of a full-precision value may be converted into binary data (or, quantized
bits) in k numbers (e.g., +1 and -1) b ; and a scaling coefficient factor a ; values. In the
case of performing an operation of a neural network model by using the parameter
values of a quantized matrix, the use amount of the memory and the use amount of the
computer during inference between neural network layers may decrease, but the
accuracy of inference may deteriorate.

Accordingly, various quantization algorithms for enhancing the accuracy of inference

may be used.
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For example, in the case of quantizing parameter values of a w matrix to have bit
numbers in k numbers, various algorithms satisfying the condition of [Formula 1] may

be used.

[Formula 1]
2
k

min W=D a byl with by {1, 41
{a;, b} i=1

For satisfying the condition of [Formula 1], as an example, an alternating algorithm
(e.g., an alternating multi-bit algorithm), etc. may be used. An alternating algorithm is
an algorithm which repetitively updates binary data and a coefficient factor and finds a
value by which the [Formula 1] becomes minimal. For example, in an alternating
algorithm, binary data may be calculated again based on an updated coefficient factor
and updated, and a coefficient factor may be calculated again based on updated binary
data and updated. This process may be repeated until the error value becomes smaller
than or equal to a specific value.

An alternating algorithm may guarantee high accuracy, but may require a large
amount of computing resources and operation time for updating binary data and a co-
efficient factor. In particular, in an alternating algorithm, in the case parameter values
are quantized into bits in k numbers, all of the k bits have similar degrees of im-
portance, and thus accurate inference can be possible only when an operation of a
neural network model is performed by using all of the bits in k numbers.

In other words, in the case of performing an operation of a neural network model
while omitting some bits, the accuracy of the neural network operation may de-
teriorate. As an example, in an environment where the resources of the electronic
apparatus 100 are limited (e.g., an on-device artificial intelligence chip environment),
in the case an operation of a neural network model is performed by using only some
bits in consideration of the resources of the electronic apparatus 100, the accuracy of
the neural network operation may deteriorate.

Accordingly, an algorithm that can flexibly respond toward limited hardware
resources may be required. As an example, for quantization of parameter values of a
matrix, a greedy algorithm quantizing the parameter values such that each bit of binary
data has a different degree of importance from one another may be used.

In the case of quantizing the parameter values of a matrix into bits in k numbers by

using a greedy algorithm, the first binary data and the coefficient factor of the bits in k
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numbers in [Formula 1] may be calculated by using [Formula 2].
[Formula 2]

w'b*
n

b* = sign(w), a* =

Next, the ith bit (1 < i < k) may repeat the same calculation as in [Formula 3] toward
r which is the difference between the original parameter value and the first quantized
value. That is, by calculating the ith bit by using the residues that remained after cal-
culating the (i - 1) bit, the parameter values of a quantized matrix having bits in k

numbers may be acquired.

[Formula 3]

) i-1
min ||r._,—a;b;||", wherer,_, =w-") ab;, 1 < i<k
a;, b, =1

Accordingly, the parameter values of a quantized matrix having bits in k numbers
may be acquired.

In addition to the above, for further minimalizing an error between the original
parameter value and a quantized parameter value of a matrix, a refined greedy
algorithm based on a greedy algorithm may be used. A refined greedy algorithm may
update a coefficient factor as in [Formula 4] by using a vector b determined through a
greedy algorithm.

[Formula 4]

[a;,,,] =(B/B;) "B/ w)", with B, =1[by...b;]

In the case of using a greedy algorithm (or, a refined greedy algorithm), as the order
of a bit becomes higher, the value of a coefficient factor becomes smaller, and ac-
cordingly, the degree of importance of the bit decreases. Thus, even if an operation is
omitted for a bit having a high bit order, there may be little influence on inference of a
neural network. In a neural network model, a method of applying noises intentionally
to about 10% of parameter values may be used for improving the accuracy of
inference. In this case, even if an operation is performed while omitting some bits of
binary data quantized by a greedy algorithm, it is difficult to be deemed that the
accuracy of inference of a neural network deteriorates in general. Rather, a cir-
cumstance where the accuracy of inference of a neural network is rather improved may

occur.
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In the case of quantizing parameter values of a matrix to include bits having different
degrees of importance, an adaptive operation of a neural network model in con-
sideration of the requirements (e.g., power consumption, operation time) of given
computing resources becomes possible. That is, it becomes possible to adjust the per-
formance of a neural network model according to the degree of importance for each of
various neural network models.

Also, without having to make an effort to consider the optimal number of quantized
bits for each neural network model, it becomes possible to flexibly adjust the number
of quantized bits to be applied to a neural network model according to the condition or
limited condition after mounting a matrix quantized to a certain degree. In addition, the
cost of development required for finding an optimal condition for execution for each
neural network model can be saved.

The processor 120 in FIG. 1 may control the overall operations of the electronic
apparatus 100. The processor 120 may be a generic-purpose processor (e.g., a central
processing unit (CPU) or an application processor), a graphic-dedicated processor
(e.g., a GPU), or a system on chip (SoC) where processing is performed (e.g., an on-
device artificial intelligence (Al) chip), a large scale integration (L.SI), or a field pro-
grammable gate array (FPGA). The processor 120 may include one or more of a CPU,
a micro controller unit (MCU), a micro processing unit (MPU), a controller, an ap-
plication processor (AP) or a communication processor (CP), and an ARM processor,
or may be defined by the terms.

While the processor 120 stores a plurality of data having different degrees of im-
portance from one another in the memory 110, the processor 120 may obtain some data
to be used for an operation of a neural network model among the plurality of data
according to the degrees of importance of each of the plurality of data stored in the
memory 110, based on resource information for the hardware of the electronic
apparatus 100. As an example, in the case the plurality of data include binary data as
parameter values of a quantized matrix, the processor 120 may obtain the number of
binary data to be used for an operation of a neural network model among the plurality
of data. For example, as the bit orders of binary data increase, the degrees of im-
portance may decrease.

When some data to be used for an operation of a neural network model are obtained,
the processor 120 may perform an operation of a neural network model by using the
obtained some data. As an example, the processor 120 may perform matrix operations
for an input value and each bit of the binary data, and sum up the operation results for
each bit and acquire an output value. In the case where a plurality of neural network
processing units exist, the processor 120 may perform a matrix parallel operation using

a plurality of neural network processing units based on the order of each bit of binary
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data.

FIG. 2 is a block diagram illustrating components for a neural network operation
including a processing unit according to an embodiment.

The electronic apparatus 100 into which the block diagram of FIG. 2 is included may
include, for example, an on-device artificial intelligence chip performing inference of a
neural network by using hardware.

The parameter values of a matrix used for inference of a neural network by using
hardware may be, for example, in a state of being quantized by using a greedy
algorithm, so that important binary data can be selectively used. The degree of im-
portance of the binary data which are the quantized parameter values may decrease as
the bit orders increase.

In FIG. 2, the electronic apparatus 100 may include a scheduler 210, an adaptive
controller 220, a direct memory access controller (DMAC) 230, a processing unit 240,
and an accumulator 250. At least one of the scheduler 210, the adaptive controller 220,
the direct memory access controller 230, the processing unit 240, or the accumulator
250 may be implemented as software and/or hardware. For example, the scheduler
210, the adaptive controller 220, the direct memory access controller 230, the
processing unit 240, and the accumulator 250 may be the function blocks of the
processor 120. As another example, the scheduler 210, the adaptive controller 220, and
the direct memory access controller 230 are the function blocks of the first processor
which is the sub-processor of the processor 120, and the processing unit 240 and the
accumulator 250 may be the function blocks of the second processor which is another
sub-processor of the processor 120. The first processor is a processor which is in
charge of control of the second processor, and the second processor is a processor
optimized for operations, and for example, it may be an artificial intelligence processor
or a graphics processor.

The scheduler 210 may receive resource information related to hardware, and in-
structions requesting execution of a neural network model.

In response to an instruction requesting execution of a neural network model, the
scheduler 210 may determine the number of quantized bits to be used for operations of
each neural network model with reference to a lookup table 270. A lookup table may
be stored in a read only memory (ROM) or a random access memory (RAM) area of
the processor 120, or stored in the memory 110 outside the processor 120.

A lookup table may store, for example, scheduling modes in k numbers. In this case,
the number of quantized bits to be used for operations of neural network models may
be defined in advance for each scheduling mode. For example, the number of
quantized bits may be defined differently according to the degrees of importance of

neural network models.
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The scheduler 210 may first determine hardware conditions for performing an
inference job according to a request instruction with a degree of accuracy above a
certain level. For example, as hardware conditions, the scheduler 210 may determine
the total number of operations of the processing unit 240 for performing an inference
job, power consumption which is power for an operation process of a neural network
model, and latency which is the time until acquiring an output value which is the
operation time of a neural network model. The scheduler 210 may compare the
hardware resource information (e.g., power consumption per time, latency) which is
currently available and hardware conditions for performing the inference job, and
determine the number of quantized bits for each neural network model.

The process where the scheduler 210 determines the number of quantized bits for
each neural network model will be described in more detail through the scheduling
syntax in FIG. 3.

The adaptive controller 220 may control the operation orders of neural network
models, or may perform control such that operations are performed while each neural
network model has a different amount of bits from one another.

For example, the adaptive controller 220 may control the processing unit 240 and the
direct memory access controller 230 in consideration of the number of quantized bits
for each neural network model acquired from the scheduler 210. Alternatively, the
adaptive controller 220 may acquire resource information related to hardware
resources from the scheduler 210, and determine the number of quantized bits to be
used for operations of neural network models in consideration of this.

The adaptive controller 220 may control the processing unit 240 and the direct
memory access controller 230, and thereby perform control such that quantized bits
after a specific number are not used for operations of neural network models.

The direct memory access controller 230 may perform control such that an input
value and quantized parameter values stored in the memory 110 are provided to the
processing unit 240 by control of the adaptive controller 220. In the memory 110,
quantized parameter values may be aligned according to the orders of bits and stored.
For example, quantized parameter values of the first bit may be aligned as one data
format and stored, and quantized parameter values of the second bit may be aligned as
one data format and stored, and in succession, quantized parameter values of the Nth
bit may be aligned as one data format and stored. In this case, the direct memory
access controller 230 may perform control such that the quantized parameter values of
the first bit to the quantized parameter values of the Nth bit stored in the memory 110
are sequentially provided to the processing unit 240 by control of the adaptive
controller 220. Alternatively, the direct memory access controller 230 may perform
control such that the quantized parameter values of the first bit to the Kth bit (N < K)
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are sequentially provided to the processing unit 240.

The processing unit 240 may perform matrix operations by using the input value and
the quantized parameter values received from the memory 110 and acquire operation
results for each bit order, and the accumulator 250 may sum up the operation results
for each bit order and acquire an output result (or, an output value).

As an example, in the case parameter values are quantized into the N bit, the
processing unit 240 may be called N times for multiplication operations of the matrix,
and operations may be performed sequentially for the first bit to the Nth bit.

FIG. 3 illustrates an example of a scheduling syntax performed at the scheduler 210
according to an embodiment.

In FIG. 3, the definition part 310 of the scheduling syntax may define in advance an
‘Execution Model” having neural network models (e.g., a voice recognition model, an
image recognition model, etc.) which are the subjects of execution as values,
‘Constraints’ having information related to hardware resources (e.g., power con-
sumption, latency) as a value, a ‘mode’ having scheduling modes as values, a
‘max_cost’” which is the maximum operation cost in consideration of hardware
resources acquired from a lookup table, and a ‘cost’ which is an operation cost
acquired from a lookup table with respect to neural network models.

The scheduling modes may be, for example, included in a lookup table and define the
optimal number of quantized bits to be used for operations of each neural network
model. As an example, in FIG. 3, 16 scheduling modes are defined, and it may be
defined that, in the case of the 0 mode, all neural network models are executed with
full-precision, and in the case of the 15th mode, all neural network models are
calculated by using only 1 bit, and in the 2nd mode, for example, a voice recognition
model uses 3 bits as quantized bit data, and an image recognition model uses 2 bits as
quantized bit data.

In FIG. 3, the while conditional sentence 320 may compare the operation costs of
neural network models according to the current scheduling mode and the maximum
operation cost in consideration of hardware resources.

As aresult of comparison, when optimal scheduling modes for each neural network
model are determined in consideration of hardware resources, the scheduler 210 may
acquire the optimal number of quantized bits to be used for each neural network model
under the current hardware condition as the return value 330 of the scheduling syntax
from the lookup table and provide it to the adaptive controller 220.

FIG. 4 is a block diagram illustrating components for a neural network operation
including a plurality of processing units according to an embodiment.

In FIG. 4, in the case there is a spare space in the operation area of the processor 120,

a plurality of processing units 241 to 244, e.g., a first processing unit 241, a second
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processing unit 242, a third processing unit 243, and a fourth processing unit 244, may
be provided in the processor 120. In this case, it may be possible to perform parallel
operations by using the plurality of processing units 241 to 244.

The scheduler 210, the adaptive controller 220, the direct memory access controller
230, and the accumulator 250 are described above with reference to FIG. 2, and thus
overlapping descriptions will be omitted.

In FIG. 4, the plurality of processing units 241 to 244 may perform matrix parallel
operations based on bit orders. For example, the first processing unit 241 may perform
an operation with respect to an input value and the first quantized bit, the second
processing unit 242 may perform an operation with respect to an input value and the
second quantized bit, the third processing unit 243 may perform an operation with
respect to an input value and the third quantized bit, and the fourth processing unit 244
may perform an operation with respect to an input value and the fourth quantized bit.
The adder 260 may collect operation results of the plurality of processing units 241 to
244 and transmit them to the accumulator 250.

In the case of using the plurality of processing units 241 to 244, the adaptive
controller 220 may control each of the plurality of processing units 241 to 244. The
direct memory access controller 230 may control the memory 110 such that the
quantized parameter values are input while being distinguished according to the bit
orders in consideration of the bit orders that each of the plurality of processing units
241 to 244 processes. In particular, in a circumstance where the plurality of processing
units 241 to 244 are used, the scheduler 210 may determine a scheduling mode in
further consideration of the power consumption of the processor according to operation
of the plurality of processing units 241 to 244 and the latency of a neural network
operation.

In the case of performing an operation of a neural network model by using the
plurality of processing units 241 to 244, in the memory 110, quantized parameter
values may be realigned for each bit order and stored.

FIG. 5 is a diagram illustrating a process where quantized parameter values are
stored in the memory 110 for each bit order according to an embodiment.

For example, in FIG. 5, 32 bit parameter values in a real number type may exist as
parameter values of a neural network model. In this case, if the parameter values are
quantized into 3 bits, the parameter values in a real number type may be expressed as
coefficient factors 521 and binary data of 3 bits 522, 523, 524 (numeral 520 in FIG. 5).

For effective operation of the plurality of processing units 241 to 244, the quantized
parameter values may be realigned. As shown by reference numeral 530 in FIG. 5, the
quantized parameter values may be realigned according to the bit orders. For example,

with respect to each of the first processing unit 241, the second processing unit 242,
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and the third processing unit 243 in FIG. 4, the quantized parameter values may be
realigned as shown by reference numerals 531, 532, and 533 in FIG. 5 and stored in
the memory 110.

FIG. 6 illustrates a state where quantized parameter values are stored in the memory
110. In an embodiment, the memory 110 may include a DRAM 600. The quantized
parameter values may be aligned according to the bit orders and stored in the DRAM
600. In this case, 32 binary data may be included in 32 bit-word values.

As described above, quantized parameter values are stored in the memory 110 in
word units to correspond to the operations of each of the plurality of processing units
241 to 244, and accordingly, quantized parameter values for a neural network
operation may be effectively read from the memory 110 and transmitted to each of the
plurality of processing units 241 to 244.

FIG. 7 is a flowchart illustrating a method for the electronic apparatus 100 to perform
an operation according to an embodiment.

A plurality of data having different degrees of importance from one another which
are used for an operation of a neural network model may have been stored in the
memory. The plurality of data having different degrees of importance from one another
may include parameter values of a quantized matrix used for an operation of a neural
network model. The parameter values of the quantized matrix may include binary data
having different degrees of importance from one another. For example, as the bit
orders of the binary data increase, the degrees of importance of the binary data may
decrease. The parameter values of the quantized matrix may include parameter values
of the matrix quantized by using a greedy algorithm.

In operation 701 of FIG. 7, while the plurality of data having different degrees of im-
portance from one another are stored in the memory, the electronic apparatus 100 may
acquire resource information related to hardware. The resource information related to
hardware may include, for example, at least one of the power consumption of the
electronic apparatus 100, the number, type, and/or specifications of the processing
units performing an operation of a neural network model, or the latency of a neural
network model.

In operation 703 of FIG. 7, based on the acquired resource information, the electronic
apparatus 100 may obtain some data to be used for an operation of a neural network
model among the plurality of data according to the degrees of importance of each of
the plurality of data. For example, the electronic apparatus 100 may obtain some data
to be used for an operation of a neural network model with reference to a lookup table
where a plurality of scheduling modes are defined. The electronic apparatus 100 may
obtain the number of binary data used for a neural network model among the plurality
of data.
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In operation 705 of FIG. 7, the electronic apparatus 100 may perform an operation of
a neural network model by using the obtained some data. For example, the electronic
apparatus 100 may perform matrix operations for an input value and each bit of binary
data and sum up the operation results for each bit and acquire an output value. Alter-
natively, in the case a plurality of neural network processing units exist, the electronic
apparatus 100 may perform a matrix parallel operation using the plurality of neural
network processing units.

According to embodiments of the disclosure, a plurality of neural network models
may be provided on the electronic apparatus 100. The plurality of neural network
models may be, for example, implemented as at least one on-device chip and provided
on the electronic apparatus 100, or may be stored in the memory 110 of the electronic
apparatus 100 as software. For adaptive operation in consideration of limited hardware
resources, the electronic apparatus 100 may acquire resource information related to
hardware, and determine at least one neural network model to be operated among the
plurality of neural network models based on the acquired resource information. For
example, the electronic apparatus 100 may determine at least one neural network
model according to the priorities in consideration of the accuracy of an inference or the
operation speed of a neural network model.

According to embodiments of the disclosure, the electronic apparatus 100 may
download at least one neural network model to be operated among the plurality of
neural network models from an external apparatus. For example, for adaptive operation
in consideration of limited hardware resources, the electronic apparatus 100 may
acquire resource information related to hardware of the electronic apparatus 100, and
transmit the acquired resource information to an external apparatus. When the external
apparatus transmits at least one neural network model based on the acquired resource
information to the electronic apparatus 100, the electronic apparatus 100 may store the
received neural network model in the memory 110 and use it when performing an
inference function. In this case, the electronic apparatus 100 may be provided with
minimum neural network models for inference, and thus it is possible to reduce con-
sumption of internal resources of the electronic apparatus 100 or consumption of
network resources for communication with a server, and provide a fast result for a
request for inference.

FIG. 8 is a block diagram illustrating a detailed configuration of the electronic
apparatus 100 according to an embodiment.

According to FIG. 8, the electronic apparatus 100 includes a memory 110, a
processor 120, a communicator 130, a user interface 140, a display 150, an audio
processor 160, and a video processor 170. Among the components illustrated in FIG. 8§,

regarding the parts overlapping with the components illustrated in FIG. 1, detailed de-
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scriptions will be omitted.

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

Specifically, the processor 120 includes a RAM 121, a ROM 122, a main CPU 123, a
graphics processor 124, first to nth interfaces 125-1 to 125-n, and a bus 126.

The RAM 121, the ROM 122, the main CPU 123, the graphics processor 124, and
the first to nth interfaces 125-1 to 125-n may be connected with one another through
the bus 126.

The first to nth interfaces 125-1 to 125-n are connected with the various kinds of
components described above. One of the interfaces may be a network interface
connected with an external apparatus through a network.

The main CPU 123 accesses the memory 110, and performs booting by using the
operating system (OS) stored in the memory 110. Then, the main CPU 123 performs
various operations by using various kinds of programs, etc. stored in the memory 110.

The ROM 122 stores a set of instructions, etc. for system booting. When a turn-on in-
struction is input and power is supplied, the main CPU 123 copies the OS stored in the
memory 110 in the RAM 121 according to the instructions stored in the ROM 122, and
boots the system by executing the OS. When booting is completed, the main CPU 123
copies the various kinds of application programs stored in the memory 110 in the RAM
121, and performs various kinds of operations by executing the application programs
copied in the RAM 121.

The graphics processor 124 generates a screen including various objects such as
icons, images, and texts by using an operation part and a rendering part. The operation
part operates 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
received control instructions. The rendering part generates screens in various layouts
including objects, based on the attribute values operated at the operation part. The
screens generated at the rending part are displayed in a display area of the display 150.

The above-described operations of the processor 120 may be performed by the
programs stored in the memory 110.

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

The memory 110 may store a plurality of data used for operations of neural network
models. The plurality of data may include, for example, parameter values of a
quantized matrix.

According to an embodiment, the memory 110 may include at least one of an OS
software module for operating the electronic apparatus 100, an artificial intelligence

model, a quantized artificial intelligence model, or a quantization module for
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quantizing an artificial intelligence model (e.g., a greedy algorithm module).

The communicator 130 is a component performing communication with various
types of external apparatuses according to various types of communication methods.
The communicator 130 includes a Wi-Fi chip 131, a Bluetooth chip 132, a wireless
communication chip 133, a near field communication (NFC) chip 134, etc. The
processor 120 performs communication with various kinds of external apparatuses by
using the communicator 130.

The Wi-Fi chip 131 and the Bluetooth chip 132 perform communication by using a
Wi-Fi method and a Bluetooth method, respectively. In the case of using the Wi-Fi
chip 131 or the Bluetooth chip 132, various types of connection information such as a
service set identifier (SSID) or a session key is transmitted and received first, and
connection of communication is performed by using the information, and various types
of information can be transmitted and received thereafter. The wireless communication
chip 133 refers to a chip performing communication according to various commu-
nication standards such as IEEE, ZigBee, 3rd generation (3G), 3rd generation
partnership project (3GPP), and long term evolution (LTE). The NFC chip 134 refers
to a chip that operates in an NFC method using a 13.56 MHz band among various RF-
ID frequency bands such as 135 kHz, 13.56 MHz, 433 MHz, §60~960 MHz, and 2.45
GHz.

The processor 120 may receive parameter values of at least one of an artificial in-
telligence module, a matrix included in an artificial intelligence model, or a quantized
matrix from an external apparatus through the communicator 130, and store the
received data in the memory 110. Alternatively, the processor 120 may directly train
an artificial intelligence model through an artificial intelligence algorithm, and store
the trained artificial intelligence model in the memory 110. The artificial intelligence
model may include at least one matrix.

The user interface 140 receives various user interactions. The user interface 140 may
be implemented in various forms according to implementation examples of the
electronic apparatus 100. For example, the user interface 140 may be a button provided
on the electronic apparatus 100, a microphone receiving user voices, a camera
detecting user motions, etc. When the electronic apparatus 100 is implemented as a
touch-based electronic apparatus, the user interface 140 may be implemented as a
touch screen constituting an inter-layer structure with a touch pad. In this case, the user
interface 140 may be used as the display 150.

The audio processor 160 is a component performing processing of audio data. At the
audio processor 160, various types of processing such as decoding or amplification,
noise filtering, etc. of audio data may be performed.

The video processor 170 is a component performing processing of video data. At the
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video processor 170, various types of image processing such as decoding, scaling,
noise filtering, frame rate conversion, and resolution conversion of video data may be
performed.

Through the method as described above, the processor 120 may quantize a matrix
included in an artificial intelligence model.

Embodiments of the disclosure may be implemented as software (e.g., the program)
including one or more instructions stored in a machine-readable (e.g., a computer-
readable) storage medium (e.g., an internal memory) or an external memory, that can
be read by machines (e.g., computers). In an embodiment, the machine (e.g., the
processor of the electronic apparatus 100) may load one or more instructions stored in
a storage medium, and can operate according to the instructions. When an instruction
is executed by a processor, the processor may perform a function corresponding to the
instruction itself, or may use other components under its control. An instruction may
include a code generated or executed by a compiler or an interpreter. A storage
medium that is readable by machines may be a non-transitory storage medium. The
term ‘non-transitory’ 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.

The method according to embodiments may be provided while being stored as 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 as a storage medium that is readable by machines (e.g., a compact disc ROM
(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.

Embodiments 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 above
may be implemented as a processor itself. According to implementation by software,
the embodiments such as processes and functions described above may be im-
plemented as separate software modules. Each of the software modules can perform
one or more functions and operations described in this specification.

Computer instructions for performing processing operations of machines according
to 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 embodiments performed by a
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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 a memory. As specific examples of
a non-transitory computer-readable medium, there may be a CD, a DVD, a hard disk, a
blue-ray disk, a USB, a memory card, a ROM, and the like.

In addition, each of the components according to embodiments (e.g., a module or a
program) may consist of a singular object or a plurality of objects. Also, among the
above-described components, some components may be omitted, or other components
may be further included in the embodiments. 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. Operations performed by a module, a program, or other components according
to embodiments may be executed sequentially, in parallel, repetitively, or heuristically.
At least some of the operations may be executed in a different order or omitted, or
other operations may be added.

While embodiments of the disclosure have been particularly shown and described
with reference to the drawings, the embodiments are provided for the purposes of il-
lustration and it will be understood by one of ordinary skill in the art that various modi-
fications and equivalent other embodiments may be made from the disclosure. Ac-
cordingly, the true technical scope of the disclosure is defined by the technical spirit of

the appended claims.
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Claims

A method for an electronic apparatus to perform an operation of an ar-
tificial intelligence model, the method comprising:

obtaining resource information for hardware of the electronic apparatus
while a plurality of data used for an operation of a neural network
model are stored in a memory, the plurality of data respectively having
degrees of importance different from each other;

obtaining data to be used for the operation of the neural network model
among the plurality of data according to the degrees of importance of
each of the plurality of data based on the acquired resource in-
formation; and

performing the operation of the neural network model by using the
obtained data.

The method of claim 1, wherein the plurality of data include parameter
values of a quantized matrix used for the operation of the neural
network model.

The method of claim 2, wherein the parameter values of the quantized
matrix include binary data respectively having degrees of importance
different from each other.

The method of claim 3, wherein, in the binary data, the degrees of im-
portance of the binary data decrease as bit orders of the binary data
increase, respectively.

The method of claim 3, wherein the performing the operation of the
neural network model further comprises:

performing matrix operations for an input value and each bit of the
binary data;

summing up results of the operation for each bit; and

acquiring an output value.

The method of claim 3, wherein the performing the operation of the
neural network model further comprises performing a matrix parallel
operation using a plurality of neural network processing units based on
an order of each bit of the binary data, respectively.

The method of claim 2, wherein the parameter values of the quantized
matrix include the parameter values of the matrix quantized by using a
greedy algorithm.

The method of claim 1, wherein the obtaining the data further

comprises obtaining the data to be used for the operation of the neural
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network model by referring to a lookup table where a plurality of
scheduling modes are defined.

The method of claim 1, wherein the obtaining the data further
comprises obtaining a number of binary data to be used for the
operation of the neural network model among the plurality of data that
is less than a number of the plurality of data.

The method of claim 1, wherein the resource information for the
hardware includes at least one of a power consumption of the electronic
apparatus, a number of processing units performing the operation of the
neural network model, or a predetermined latency of the neural network
model.

An electronic apparatus comprising:

a memory storing a plurality of data respectively having degrees of im-
portance different from each other; and

a processor configured to:

obtain data to be used for an operation of a neural network model
among the plurality of data according to the degrees of importance of
each of the plurality of data stored in the memory based on resource in-
formation for hardware of the electronic apparatus, and

perform the operation of the neural network model by using the
obtained data.

The electronic apparatus of claim 11, wherein the plurality of data
include parameter values of a quantized matrix used for the operation
of the neural network model.

The electronic apparatus of claim 12, wherein the parameter values of
the quantized matrix include binary data respectively having degrees of
importance different from each other.

The electronic apparatus of claim 13, wherein, in the binary data, the
degrees of importance of the binary data decrease as bit orders of the
binary data increase, respectively.

The electronic apparatus of claim 13, wherein the processor is further
configured to:

perform matrix operations for an input value and each bit of the binary
data,

sum up results of the operation for each bit, and

acquire an output value.
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