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(57) Abstract: The present disclosure relates to a computing device for executing a set of instructions for a neural network model.
The computing device comprises a computation module including a plurality of processing units performing at least one operation
according to the set of instructions, a first memory module storing the set of instructions and input parameters for executing the set of
instructions, and a second memory module including a plurality of memory blocks. The second memory module is configured to store
a first matrix of the input parameters loaded from the first memory module in a first memory block of the plurality of memory blocks
according to a first instruction of the set of instructions. The first memory block of the second memory module has a first memory cell
array meeting dimensions of the first matrix, and each element of the first matrix is stored in a memory cell having a corresponding

address index in the first memory cell array.
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MATRIX-BASED INSTRUCTION SET ARCHITECTURE FOR NEURAL NETWORK

BACKGROUND

[001] With the growth of machine learning and deep learning technologies, various
types of accelerators for machine learning or deep learning have begun to emerge. A general
machine learning hardware platform includes a general-purpose host device and one or more
accelerators. The accelerator is usually responsible for processing machine learning specific
operations. A typical machine learning or deep learning model may have thousands or even
millions of variables and computation operations. Therefore, how to effectively utilize resources
of the accelerators and how to quickly process operations on the accelerators have become an
urgent priority to address.

SUMMARY

[002] Embodiments of the present disclosure provide a computing device for executing
a set of instructions for a neural network model. The computing device comprises a computation
module including a plurality of processing units performing at least one operation according to
the set of instructions, a first memory module storing the set of instructions and input parameters
for executing the set of instructions, and a second memory module including a plurality of
memory blocks. The second memory module is configured to store a first matrix of the input
parameters loaded from the first memory module in a first memory block of the plurality of
memory blocks according to a first instruction of the set of instructions. The first memory block
of the second memory module has a first memory cell array meeting dimensions of the first
matrix, and each element of the first matrix is stored in a memory cell having a corresponding

address index in the first memory cell array.
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[003] Embodiments of the present disclosure also provide a method for executing a set
of instructions for a neural network in a computing device. The computing device comprises a
computation module including a plurality of processing units performing at least one operation
according to the set of instructions, a first memory module storing the set of instructions and
input parameters for executing the set of instructions; and a second memory module including a
plurality of memory blocks. The method for executing a set of instructions for a neural network
comprises loading a first matrix of the input parameters from the first memory module to the
second memory module according to a first instruction of the set of instructions. The first matrix
is stored in a first memory block of the plurality of memory blocks, the first memory block of the
second memory module has a first memory cell array meeting dimensions of the first matrix, and
each element of the first matrix is stored in a memory cell having a corresponding address index
in the first memory cell array.

[004] Embodiments of the present disclosure also provide a non-transitory computer
readable medium that stores a set of instructions that is executable by a computing device to
cause the computing device to perform a method for executing a neural network. The computing
device comprises a computation module including a plurality of processing units performing at
least one operation according to the set of instructions, a first memory module storing input
parameters; and a second memory module including a plurality of memory blocks. The method
for executing a neural network comprises loading a first matrix of the input parameters from the
first memory module to the second memory module according to a first instruction of the set of
instructions. The first matrix is stored in a first memory block of the plurality of memory blocks,

the first memory block of the second memory module has a first memory cell array meeting
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dimensions of the first matrix, and each element of the first matrix is stored in a memory cell
having a corresponding address index in the first memory cell array.

[005] The first instruction can define a range of the first matrix out of a second matrix
stored in a first memory block of the first memory module to be loaded to the first memory
module. The first memory block of the first memory module can have a second memory cell
array meeting dimension of the second matrix, and each element of the second matrix is stored in
a memory cell of a corresponding address index in the second memory cell array. The range of
the first matrix can be defined by a first address index for a first element of the first matrix in the
second matrix and a second address index for a second element of the first matrix in the second
matrix. The first element is positioned at one corner of the first matrix and the second element is
positioned at another corner farthest from the first element of the first matrix.

[006] The neural network model comprises two or more layers and one processing unit
of the plurality of processing units can be configured to execute at least one of the two or more
layers on matrix-based instructions. The set of instructions can include at least one of a matrix-
based loading instruction, a matrix-based storing instruction, or a matrix-based operation
instruction. The second memory module can comprise a first segment and a second segment. The
first segment 1s configured to store data that is determined to interact with an off-chip device,
and the second segment is configured to store data that is determined to be reused by the

computation module within a preset time period.

BRIEF DESCRIPTION OF THE DRAWINGS

[007] FIG. 1 illustrates an exemplary accelerator architecture, consistent with

embodiments of the present disclosure.
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[008] FIG. 2 illustrates a schematic diagram of an exemplary neural network
accelerator system, consistent with embodiments of the present disclosure.

[009] FIG. 3 illustrates a schematic diagram of processing units and on-chip memory
system, consistent with embodiments of the present disclosure.

[010] FIG. 4 illustrates an example of a computational neural network.

[011] FIG. 5A illustrates an example of an intermediate representation associated with a
computation graph having a 2-layer neural network.

[012] FIG. 5B to FIG. 5D illustrates a set of instructions for executing a 2-layer neural
network of FIG. SA

[013] FIG. 6 illustrates an example for loading data on a matrix basis according to a
matrix-based loading instruction, consistent with embodiments of the present disclosure.

[014] FIG. 7A illustrates a conventional data flow for processing a 3-layer neural
network model.

[015] FIG. 7B illustrates an exemplary data flow for processing a 3-layer neural
network model, consistent with embodiments of the present disclosure.

[016] FIG. 8 illustrates an exemplary flow diagram for executing a neural network
model in a neural network accelerator system, consistent with embodiments of the present

disclosure.

DETAILED DESCRIPTION

[017] Reference will now be made in detail to exemplary embodiments, examples of
which are illustrated in the accompanying drawings. The following description refers to the

accompanying drawings in which the same numbers in different drawings represent the same or
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similar elements unless otherwise represented. The implementations set forth in the following
description of exemplary embodiments do not represent all implementations consistent with the
invention. Instead, they are merely examples of apparatuses and methods consistent with aspects
related to the invention as recited in the appended claims.

[018] Generally, operations processed on accelerators are mainly based on multi-
dimensional matrices. Conventional instructions for executing a machine learning model on
accelerators, however, are based on scalars or one-dimensional vectors, which are not suitable
for efficiently processing multi-dimensional matrix-based operations. This causes delay in
processing operations on the accelerators and degrades overall performance of the machine
learning system. The disclosed embodiments provide an instruction set architecture suitable for
executing matrix-based instructions on accelerators. The disclosed embodiments also provide
apparatuses and methods for executing matrix-based instructions. The disclosed embodiments
also provide methods for optimizing data transmission between a host device and an accelerator
device. The disclosed embodiments also provide a memory layout suitable for executing matrix-
based instructions on an accelerator device. The disclosed embodiments also provide methods
for optimizing hardware resource usage of an accelerator device.

[019] Moreover, some of the embodiments of the present disclosure can utilize
instruction set architecture utilizing a memory (e.g., DDR memory) or buffer (e.g., cache
memory) to enable not only a more efficient compilation optimization for matrix-oriented
hardware architecture, but also high-speed memory loading and reuse. Some of the embodiments
can utilize an optimization strategy to schedule the on-chip high speed memory such as cache

memory in a static state or can reflect the lower level reconfigurable hardware.
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[020] FIG. 1 illustrates an exemplary accelerator architecture 100, consistent with
embodiments of the present disclosure. An accelerator architecture 100 can include an on-chip
communication system 110, an off-chip memory 120, a memory controller 130, a direct memory
access (DMA) unit 140, a Joint Test Action Group (JTAG)/Test Access End (TAP) controller
150, peripheral interface 160, a bus 170, and the like. It is appreciated that on-chip
communication system 110 can perform algorithmic operations based on communicated data.
Moreover, while not shown, an accelerator architecture 100 can include an on-chip memory,
generally, having less latency and smaller capacity than the off-chip memory 120. SRAM (Static
Random-Access Memory) can be used as the on-chip memory.

[021] Chip communication system 110 can include a global manager 112 and a plurality
of cores 116. Global manager 112 can include one or more task managers 114 configured to
coordinate with one or more cores 116. Each task manager 114 can be associated with an array
of cores 116 that provide synapse/neuron circuitry for the neural network. As shown in FIG. 1,
global manager 112 can include two task managers 114 configured to coordinate with
corresponding arrays of cores 116.

[022] Cores 116 can include one or more processing units configured to perform one or
more operations (e.g., multiplication, addition, multiply-accumulate, etc.) on the communicated
data under the control of global manager 112. To perform the operation on the communicated
data packets, cores 116 can include one or more processing units for processing information in
the data packets. On-chip memory can be shared by the one or more processing units. In some
embodiments, core 116 can be considered a tile or the like.

[023] Off-chip memory 120 can be a DDR (Dual Data Rate) memory (e.g., DDR

SDRAM (Synchronous Dynamic Random-Access Memory)), HBM (High Bandwidth Memory),
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etc. HBM (e.g., HBM2) uses 3D stacking technology (e.g., allowing up to 8 dies in a stack, 4
packages, and 8GB per package) and is efficient from a power and area standpoint. Off-chip
memory 120 can be configured to store a large amount of data with slower access speed and
more consumption energy, compared to the on-chip memory having storage on the processor
chip.

[024] Memory controller 130 can read, write, or refresh one or more memory devices.
The memory devices can include on-chip memory and off-chip memory 120. For example, the
memory device can be implemented as any type of volatile or non-volatile memory devices, or a
combination thereof, such as a static random access memory (SRAM), an electrically erasable
programmable read-only memory (EEPROM), an erasable programmable read-only memory
(EPROM), a programmable read-only memory (PROM), a read-only memory (ROM), a
magnetic memory, a flash memory, or a magnetic or optical disk. Moreover, while one memory
controller is shown in FIG. 1, it is appreciated that more than one memory controller can be
provided in NPU architecture 100.

[025] Memory controller 130 can generate memory addresses and initiate memory read
or write cycles. Memory controller 130 can contain several hardware registers that can be written
and read by the one or more processors. The registers can include a memory address register, a
byte-count register, one or more control registers, and other types of registers. These registers
can specify some combination of the source, the destination, the direction of the transfer (reading
from the input/output (I/O) device or writing to the I/O device), the size of the transfer unit, the
number of bytes to transfer in one burst, and/or other typical features of memory controllers.

[026] DMA unit 140 can assist with transferring data between off-chip memory 120 and

memory associated with a host device. In addition, DMA unit 140 can assist with transferring
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data between multiple accelerators (e.g., accelerator 100). DMA unit 140 can allow off-chip
devices to access both on-chip and off-chip memory without causing a CPU interruption. Thus,
DMA unit 140 can also generate memory addresses and initiate memory read or write cycles.
DMA unit 140 can contain several hardware registers that can be written and read by the one or
more processors, including a memory address register, a byte-count register, one or more control
registers, and other types of registers. These registers can specify some combination of the
source, the destination, the direction of the transfer (reading from the input/output (I/O) device or
writing to the I/O device), the size of the transfer unit, and/or the number of bytes to transfer in
one burst. It is appreciated that an accelerator architecture 100 can include a second DMA unit,
which can be used to transfer data between other accelerator architectures to allow multiple
accelerator architectures to communicate directly without involving the host CPU.

[027] JTAG/TAP controller 150 can specify a dedicated debug port implementing a
serial communications interface (e.g., a JTAG interface) for low-overhead access without
requiring direct external access to the system address and data buses. The JTAG/TAP controller
150 can also specify an on-chip test access interface (e.g., a TAP interface) that implements a
protocol to access a set of test registers that present chip logic levels and device capabilities of
various parts.

[028] Peripheral interface 160 (such as a PCle interface), if present, serves as an (and
typically the) inter-chip bus, providing communication between the accelerator and other
devices.

[029] Bus 170 includes both intra-chip bus and inter-chip buses. The intra-chip bus
connects all internal components to one another as called for by the system architecture. While

not all components are connected to every other component, all components do have some
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connection to other components they need to communicate with. The inter-chip bus connects the
accelerator with other devices, such as the off-chip memory or peripherals. Typically, if there is a
peripheral interface 160 (e.g., the inter-chip bus), bus 170 is solely concerned with intra-chip
buses, though in some implementations it could still be concerned with specialized inter-bus
communications.

[030] While the disclosed embodiments are described with respect to an accelerator
architecture 100 for accelerating some applications such as deep learning, it is appreciated that
the embodiments of the present disclosure could be applied to, for example, GPU (Graphics
Processing Unit), FPGA (Field Programmable Gate Array), CPU (Central Processing Unit), or
other types of neural network accelerators for deep learning,

[031] FIG. 2 illustrates a schematic diagram of an exemplary neural network
accelerator system 200, consistent with embodiments of the present disclosure. Neural network
accelerator system 200 may include a host device 210 and a target device 220 having, for
example, the accelerator architecture 100 of FIG. 1. Here, the target device 220 can be designed
for processing neural network models. The target device 220 may be connected to the host
device 210 through a peripheral interface 160 or an inter-chip bus 170. NPU (Neural Processing
Unit) 221 1s the key computing device of the target device 220. CPU 211 of the host device 210
can issue instructions or commands to the target device 220, which performs the computation
according to the instructions or commands and sends the results back to the host device 210. The
host device 210 can be associated with its own memory device 212 and the target device 220 can
be associated with its own memory devices 222 and 223. In some embodiments, the target device
220 can be implemented as a heterogenous accelerator where processing units do not have equal

processing performance with each other.
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[032] Reference is still made to FIG. 2 to explain a memory layout for a target device
220, consistent with embodiments of the present disclosure. As shown in FIG. 2, the target
device 220 according to embodiments of the present disclosure can include a first memory
module 222 and a second memory module 223. NPU 221 can be implemented as a chip
comprising a computation module 224 incorporated therein. The second memory module 223
can be called an on-chip memory in that the second memory module 223 is mounted on the chip
of NPU 221 having the computation module 224. The first memory module 222 can be called an
off-chip memory in that the first memory module 222 is placed off the chip of NPU 221. The
first memory module 222 can serve as a main memory for a target device 220. Instructions, input
parameters, and other data for executing a program such as a neural network model can be
transferred from a host device 210 to the first memory module 222. The second memory module
223 is used by a computation module 224 of a target device 220 to reduce the average cost (e.g.,
time and energy) to access data from/to the first memory module 222. The second memory
module 223 can be smaller and faster than the first memory module 222. The second memory
module 223 can store copies of the data such as instructions, input parameters, etc. from the first
memory module 222. The second memory module 223 can also store intermediate results from
the computation module 224 during executing a computer program such as a neural network
model. In some embodiments, the second memory module 223 can store data in a matrix form
and has a relatively large size. For example, the second memory module 223 can be implemented
to have a capacity of 100 MB (megabyte) and more.

[033] In some embodiments, task manager 114 can assign any number of tasks to one or
more cores (e.g., core 116) according to commands from the host device 210. Here, the

computation module 224 can be implemented to comprise one or more cores and each of the
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cores include a plurality of processing units. Some of the commands can instruct DMA unit 140
to load instructions and data from a host memory 212 to the first memory module 222. The
loaded instructions can then be distributed to each core assigned with the corresponding task, and
the one or more cores can process these instructions. According to the first few instructions, data
from the first memory module 222 can be loaded/stored into the second memory module 223.
Each core can then initiate the instruction pipeline, which involves fetching the instruction from
the second memory module 223, decoding the instruction and generating memory addresses of
data (e.g., corresponding to an operand) to be used for executing operations, reading the data
from the second memory module 223, executing the operations, and then writing back results to
the second memory module 223.

[034] In some embodiments of the present disclosure, a first memory module 222 can be
configured to include a plurality of memory segments 222A to 222D. A memory address may
comprise a segment identifier of a corresponding segment among the plurality of memory
segments 222A to 222D and an offset within the segment. That is, a memory address can include
a value that identifies a corresponding segment. It is illustrated in FIG. 2that the first memory
module 222 includes four memory segments 222A to 222D, however, it is appreciated that any
number of memory segments can be included in the first memory module 222 according to
embodiments. The first memory module 222 can include a first memory segment 222A
configured to store a set of instructions for executing a program on the target device 220. The set
of instructions can be transferred from a memory 212 of the host device 210.

[035] The second memory segment 222B is configured to store data that is interactive
with a host device 210. For example, the second memory segment 222B preserves data

transferred from a host device 210 and results to be transferred to the host device 210. On the
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other hand, the third memory segment 222C is configured to store data that is used internally in
the target device 220. For example, the third memory segment 222C can store data that is
determined to be used within a preset time period by the computation module 224. The preset
time can be determined by taking capacities of the first and second memory modules 222 and 223
and operations and instructions to be processed into account. For example, the third memory
segment 222C can store data that is internally used in the target device 220 during a time period
for executing a corresponding program on the target device 220. By dividing the first memory
module 222 to include a plurality of memory segments such as a second memory segment 222B
and third memory segment 222C, it is possible to reduce time and energy for memory accessing
and data storing into the first memory module 222. The first memory module 222 can include a
fourth memory segment 222D for other data used for executing a program on the target device
220. According to embodiments of the present disclosure, the size of each of the plurality of
memory segments 222A to 222D can be adjusted according to the needs of the system.

[036] Consistent with embodiments of the present disclosure, a target device 222 can
includes a computation module 224. The computation module 224 is the electric circuitry within
a target device 222 that carries out the instructions of a computer program by performing the
basic arithmetic, logic, controlling and input/output operations specified by the instructions. The
computation module 224 can includes a plurality of processing units configured to perform one
or more operations (e.g., multiplication, addition, multiply-accumulate, etc.). A processing unit
can be a fundamental building block of a computing circuit. For example, a processing unit can
be an ALU (Arithmetic Logic Unit) implemented as a combinational digital electronic circuit
that performs arithmetic and bitwise operations on integer binary numbers. A processing unit can

also be a MAC (Multiplier-Accumulator Unit) configured to perform a MAC operation, which
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can be performed with floating point numbers. A processing unit can be configured to perform
one or more operations according to embodiments of the present disclosure. It is also possible
that a processing unit can be implemented by modifying an existing processing unit to perform
one or more operations according to embodiments of the present disclosure.

[037] FIG. 3 illustrates a schematic diagram of processing units and on-chip memory
system, consistent with embodiments of the present disclosure. As mentioned, a computation
module 224 of a target device 220 can include a plurality of processing units PU1 to PUn. The
plurality of processing units can be connected to a common memory module, such as a second
memory module 223. Each of the processing units PU1 to PUn fetches instructions and
corresponding operands to process the instructions from a second memory module 223 and sends
results back to the second memory module 223. Each of the processing units PU1 to PUn may be
connected to its corresponding memory sections or blocks of the second memory module 223.
The plurality of processing units PU1 to PUn can perform computation in a pipelined way to
accelerate the computation, which will be explained in detail regarding FIG. S.

[038] FIG. 4 illustrates an example of a computational neural network. Generally, a
neural network can be organized in layers. Each layer can perform one or more calculations on
its inputs and generate outputs. The output of a layer can be passed onto a next layer for further
process. For example, an output of a previous layer can be an input for the next layer. The neural
networks that have more than three layers are called deep neural networks (DNN). A typical
number of network layers used in deep learning range from five to more than a thousand.
Although some embodiments are illustrated with a neural network with 2 or 3 layers, it 1s
appreciated that the present disclosure can also be applied to deep learning networks with more

than 2 or 3 layers.
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[039] In FIG. 4, a neural network 400 with multiple layers, for example, layers 410 and
420 is illustrated. In some embodiments, it can be interpreted that the neural network 400 has
more than 3 layers in that the activation function (such as “f(:)” explained below) between the
first layer 410 and second layer 420 can be understood as a hidden layer. An example of the
computation at each layer can be represented as below:

A=f(X*W+bl) (Equation 1)
Y=9(4A+Z+ b2) (Equation 2)

Here, the computational operation of the first layer 410 uses an input matrix X, a weight matrix
W, and a bias matrix b1 as input operands and outputs an output matrix A. The computational
operation of the second layer 420 uses an output matrix A of the first layer 410, a weight matrix
Z., and a bias matrix b2 as input operands and outputs an output matrix Y. The input matrix X
includes x1 to x4 as its elements. An element wij of the weight matrix W represents a weight
value corresponding to an arrow from an input node xi to an output node aj. The output matrix A
of the first layer 410 includes al to a4 as its elements and the output matrix Y of the second layer
420 includes y1 to y4 as its elements. “f(-)” and “g(*)” can represent activation functions such as
a sigmoid function, etc. Bias matrices bl and b2 are bias matrices for each layer. The assignment
arrows for the bias values b1 and b2 of the bias matrices bl and b2 are omitted in FIG. 4 for
simplicity. It is illustrated that the same bias vector bl is used for each array in the first layer 410
and the same bias vector b2 is used for each array in the second layer 420 in FIG. 4, but it is
appreciated that different bias values can be used for arrays in each layer 410 and 420.

[040] As illustrated above, in neural networks, operations of the layers generally include

matrix computations based on matrix operands. The conventional computation, however, has
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been performed on a vector or scalar basis in the accelerator. For example, conventionally four
processing units have been used to compute, in parallel, the following operations:
al = f(x1*wll +x2 *w21 4+ x3 *w31+ x4 *w4l 4+ bl) (Equation 3)
a2 = f(x1*wl2 + x2 *w22 + x3 w32+ x4 *wi42 4+ bl) (Equation 4)
a3 = f(x1*wl3 +x2 *w23 + x3 *w33 + x4 *wi43 + bl) (Equation 5)
ad = f(x1*wl4 +x2 *w24 + x3 *w34 + x4 *wid4 4+ bl) (Equation 6)

[041] To process such operations in parallel, chips having single instruction, multiple
data (SIMD) architecture have been used. SIMD architecture includes one or more processing
units configured to perform one or more operations. In the SIMD architecture, each of the
processing units can perform the same operation on multiple data points simultaneously.

[042] In conventional systems, instruction sets for processing operations on accelerator
chips have been generated on a vector or scalar basis. For example, data-load instructions, data-
store instructions, data-preparation instructions, data-operation instructions, etc. are defined on a
vector or scalar basis. Such instructions are not efficient in performing matrix operations based
on multi-dimensional matrix type operands. To process one matrix multiplication operation,
multiple instructions have to be generated and transferred to the accelerator. For example, each
element (e.g., al to a4) of the output matrix A is processed in its own processing unit, after
which output elements (results of the operations) are transferred to host device 210. The host
device 210 can then reorganize the output elements to find where and when to use the output
elements during the execution of the neural network.

[043] The disclosed embodiments overcome these inefficiencies by providing a matrix-

based instruction set architecture suitable for executing matrix-based operations on neural
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processing accelerators. The disclosed embodiments describe processing a neural network model
in a neural network accelerator system based on the matrix-based instruction set

[044] FIG. 5A illustrates an example of an intermediate representation associated with a
computation graph having a 2-layer neural network, consistent with embodiments of the present
disclosure. In this example, a 2-dimensional matrix 1s used as the multi-dimensional matrix,
however, it 1s appreciated that the present disclosure can be applied to a 3 or more-dimensional
matrix.

[045] In FIG. SA, the shaded nodes indicate a first layer 510 of the neural network,
which includes a first multiplication operation MULI, a first addition operation ADDI1, and a
first activation function MAX1. In the first layer 510, the first multiplication operation MULI
receives a first input matrix D1 (having dimensions of 160x384; annotated as D1[160,384]) and
first weight matrix W1 [384, 512] as its input operands and outputs its multiplication result
matrix M1 [160, 512] to the first addition operation ADD1. The first broadcast operation Broad1
receives a first bias vector B1 [1, 512] and transforms the first bias vector B1 (which can also be
considered a bias matrix having one row or one column) into a first bias matrix B1, so that B1
has compatible dimensions with the multiplication result matrix M1. In other words, the
elements in the first bias vector B1 having dimension [1, 512] are broadcasted to make the bias
vector B1 have the same dimensions as the multiplication result matrix M [160, 512]. Here, the
first broadcast operation Broadl can be performed by replicating the first bias vector B1 [1, 512]
160 times to make a first bias matrix B1 [160, 512].

[046] After making the dimensions compatible, the first broadcast operation Broadl
outputs a first bias matrix B1 for computing the first addition operation ADD1 between the

multiplication result matrix M1 and the bias matrix B1. A first addition operation ADD1
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receives the result matrices M1 and B1 of the first multiplication operation MUL1 and broadcast
operation Broadl, and outputs its addition result matrix A1 [160, 512] to a first activation
function MAXI1. Here, as an example, a ReLU (rectified linear unit) function is used as the first
activation function, which can be expressed as f(x)=max (x, 0). The first activation function
MAX1 receives the addition result matrix A1 and a first constant matrix C1 [160, 512] as its
input operands. ReL.U function, which is an element-wise operation, compares each element of
the input matrix (here, a result matrix A1) with a constant value “0” and outputs the bigger value
between the element value and constant value “0” as an output element for an output matrix
(here, a result matrix MX1). Therefore, the first constant matrix C1 can have the same
dimensions as the addition result matrix A1 [160, 512] having a value “0” for each element. The
maximum result matrix MX1 of the first activation function MAXI1 can be a result matrix of the
first layer 510.

[047] In FIG. 5A a second layer 520 of the neural network includes a second
multiplication operation MUL2, a second addition operation ADD2, and a second activation
function MAX2. The computation of the second layer 520 is similar to that of the first layer 510
except that the result matrix MX1 of first layer 510 is used as an input operand for the second
multiplication operation MUL?2, and thus detailed explanation for the second layer 520 1s
omitted. The second maximum result matrix MX2 of the second activation function MAX2 can
be a result matrix of the second layer 520 as well as the neural network of FIG. 5A. The result
matrix MX2 is collected through a tuple operation and is, in turn, fed to a root node.

[048] To process the neural network model of FIG. 5\ on an accelerator, a compiler
can generate an instruction set. In some embodiments, a compiler may be a program or computer

software that transforms computer code written in one programming language into accelerator



WO 2020/142973 PCT/CN2019/071090
18

instructions to create an executable program. The compiler can generate a set of instructions
configured to access data from a storage medium, execute a desired operation on the accessed
data, generate output data based on the operation, and store the generated output data back into
the storage medium for subsequent processing. The instructions can also include assigning a
characteristic to the input and the output data. The characteristic of the data can be private,
shared, restricted, or the like.

[049] The disclosed embodiments introduce a new set of instructions suitable for
executing matrix-based operations on accelerators. The set of instructions will be described with
reference to FIG. 5A, in accordance with embodiments of the disclosure. FIG. 5B to FIG. 5D
show an example of a set of instructions for executing a neural network of FIG. SA. As further
explained in detail below, the instructions in the aforementioned set of instructions generally
comprise an operation on the data, characteristics of the data, and a target location within the
storage medium. In some embodiments, operations on the data include loading operations (e.g.,
reading), storing operations (e.g., writing), arithmetic operations (e.g., addition, subtraction,
multiplication, division), copying operations, pasting operations, and the like. Characteristics of
the data can refer generally to the accessibility of the data within the storage medium.
Characteristics of the data can include private, shared, restricted, allowed, global, local, or
combinations thereof. Data, in general, is referred to as an operand. Data can be an input
operand, for example, a first input matrix D1, a first weight matrix W1, and a first bias vector B1
in FIG. 5A

[050] FIG. 5B and FIG. 5C show a first set of instructions for executing the first layer
510 of FIG. SA. In the first set of instructions 7/-i22, operations and operands are identified on a

matrix basis. In some examples, when an input matrix is too big, a compiler can split the input
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matrix into sub-matrices and generate instructions to process corresponding operations based on
the sub-matrices. A size of a sub-matrix can be determined by a hardware capability of an
accelerator. For example, in the first set of instructions i/-i22, the first weight matrix W1 [384,
512] 1s split into four sub-matrices as shown in instructions #3, i8, i/3, and i /8, and thus same
operations are repeated four times for each sub-matrix of the first weight matrix W1. The set of
instructions will be explained in detail by referring to FIG. SA.

[051] First, an instruction i/ defines a matrix loading operation MatLoad specifying that
a first bias vector B1[1, 512] is loaded from a first memory module 222 to a second memory
module 223. For example, the first bas vector B1 is loaded to a corresponding memory block of
the second memory module 223. In the instruction i/, sub{1,1;1,512;%B1[1,512] indicates that a
portion of the bias vector B1 is selected to be loaded. A term “sub” is used to represent a
submatrix access to a matrix stored in memory device. For example, a submatrix of the bias
vector B1 stored in a first memory module 222 is accessed and loaded to a second memory
module 223. Here, the selected portion to be loaded has the same size with the bias vector B1. A
range for the portion of the bias vector B1 is defined by “1,1;1,512.” The loaded bias vector B1
is represented as a submatrix R3 stored in a corresponding memory block of second memory
module 223 and has the dimensions of [1, 512] in the instruction i/. In order for an accelerator to
process data, the data 1s loaded and stored in the on-chip memory module beforehand.

[052] Similarly, an instruction 72 specifies that a first input matrix D1[160, 384] is
loaded from a first memory module 222 to a second memory module 223. Here, the loaded input
matrix D1 is indicated as a submatrix RS stored in a corresponding memory block of second
memory module 223 and has the dimensions of [160, 384]. An instruction 73 specifies that a

portion of a first weight matrix W1 [384, 512] is loaded from a first memory module 222 to a
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second memory module 223. In the instruction i3, the selected portion to be loaded has a range
from an element at 1 by 1 position to an element at 384 by 128 position, therefore, the loaded
portion has dimensions of [384, 128]. In the instruction i3, only a first part (first ¥4 part) of the
first weight matrix W1 is loaded to a corresponding memory block of the second memory
module 223 for processing. Here, the loaded weight submatrix of the first weight matrix W1 is
indicated as R6[384, 128].

[053] In some embodiments of the present disclosure, a data loading operation and a
data storing operation can be performed on a matrix basis. Reference will be made to FIG. 6 to
explain a matrix loading operation in detail with respect to the instructions i2 and i3. FIG. 6
illustrates an example for loading data on a matrix basis according to a matrix loading
instruction, consistent with embodiments of the present disclosure.

[054] In FIG. 6, a submatrix R5§[160, 384] 1s loaded from a first memory module 222 to
a second memory module 223. In a first memory module 222, a submatrix RS [160, 384]
corresponds to an entire first input matrix D1[160, 384] stored in a first memory block 611 of the
first memory module 222. The selected portion to be loaded in the first input matrix D1[160,
384] is indicated by a reference number 621 and a dotted box. In some embodiments of the
present disclosure, the first input matrix D1[160, 384] is stored in a memory block 611 having a
memory cell array arranged in a matrix form and each memory cell can have an address index
corresponding to an element of the corresponding matrix. In FIG. 6, each memory cell is
represented as a square box comprising a corresponding element of the first input matrix D1[160,
384]. In some embodiments, elements of a first input matrix D1[160, 384] may be physically or
logically arranged in a multi-dimensional memory cell array having 160 rows and 384 columns.

That is, each element of the first input matrix D1[160, 384] is stored in a memory cell of a
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corresponding position in the memory cell array arranged in a matrix form having the same
dimension with first input matrix D1[160, 384]. In the disclosed embodiments, matrices are
stored in the first and second memory modules 222 and 223 in a similar manner as illustrated
regarding the first input matrix D1.

[055] To load the submatrix RS out of a first input matrix D1[160, 384] to the second
memory module 223, the submatrix RS is identified by an address index of a top-left element of
the submatrix RS in the first input matrix D1 and an address index of a bottom-right element of
the submatrix RS in the first input matrix D1. Here, the top-left element of the submatrix RS is
D111 shaded in FIG. 6, and the bottom-right element of the submatrix RS is D116, 334 also
shaded. The submatrix RS can include all the elements included in an area bounded by the row
numbers 1 and 160 and column numbers 1 and 384. For example, the submatrix RS can be
defined as sub{l,1,160,384,;%D1[160,384]} as in an instruction i2, consistent with embodiments
of the present disclosure. Similarly, when considering a multi-dimensional matrix, the range of
the submatrix RS is defined by a first address index (e.g., 1,1) for a first element of the submatrix
RS in the first input matrix D1 and a second address index (160, 384) for a second element of the
submatrix RS in the first input matrix D1. Here, the first element is positioned at one corner of
the submatrix RS and the second element is positioned at another corner farthest from the first
element of the submatrix RS.

[056] By a matrix loading operation, the submatrix RS can be loaded to a first memory
block 631 of the second memory module 223. As a result, the submatrix RS is stored in a first
memory block 631 having a memory cell array having the same dimensions as the submatrix RS,
as explained regarding the first input matrix D1. Similarly, a submatrix R6 is loaded from a

memory block 612 of a first memory module 222 to a second memory block 632 of the second
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memory module 223. Here, the submatrix R6 [384, 128] loaded into second memory block 632
is a part of a first weight matrix D1 [384, 512] and can be defined as sub{1,1;384,
128;%D1[384, 512]} as provided in instruction i3, consistent with embodiments of the present
disclosure. After loading the submatrix RS and submatrix R6 to corresponding memory blocks
631 and 632 of a second memory module 223, an accelerator can process operations based on the
loaded submatrices RS and R6.

[057] Referring back to instructions in FIG. 5B and FIG. 5C, instructions i4 to i7
specify the computations of the first layer 510 of FIG. 5A based on the loaded matrices from the
instructions 7/ to 713. Each of instructions i4 to i6 defines a matrix multiplication instruction
MatMul, which performs a partial multiplication operation of the first multiplication operation
MULI1 of FIG. SA. A term “MatMul” represents a matrix multiplication instruction to multiply
listed matrices and produce a multiplication output. This is because the loaded input submatrix
RS of the first input matrix D1 and the loaded weight submatrix R6 of the first weight matrix
W1 by the instructions 72 and i3 are too big for a processing unit to process. Thus, each of the
loaded input submatrix RS and the loaded weight submatrix R6 is split into 3 sub-matrices and
the multiplication operation is performed for each of the 3 submatrices.

[058] In the instruction i4, sub{1,1,160,128;%R5[160,354]} indicates that a range from
an element at 1 by 1 position to an element at 160 by 128 position among the loaded input
submatrix RS is selected for the first multiplication operation MULL. In this instruction,
sub{l,1;128,128; %R6[384,128]} indicates that a range from an element 1 by 1 position to an
element at 128 by 128 position among the loaded weight submatrix R6 is selected for the first
multiplication operation MUL1. “const 0” indicates that a result of the multiplication instruction

MatMul based on the selected submatrices of the loaded input submatrix RS and weight
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submatrix R6 is added to a matrix filled with a constant value “0.” Here, the result matrix of the
matrix multiplication instruction MatMul is indicated as a result submatrix R7[160, 128].

[059] Similarly, in the instruction i3, sub{1,129,160,256;,%R5[160,384]} indicates that
a range from an element at 1 by 129 position to an element at 160 by 256 position among the
loaded input submatrix RS is selected for the matrix multiplication instruction MatMul. In this
instruction, sub{129,1;256,128; %R6[384,128]} indicates that a range from an element 129 by 1
position to an element at 256 by 128 position among the loaded weight submatrix R6 is selected
for the matrix multiplication instruction MatMul. R7/160,128] at the end of the instruction /5
indicates that a result of the matrix multiplication instruction MatMul based on the selected
submatrices of the loaded input submatrix RS and weight submatrix R6 is added to the result
submatrix R7[160,128] of the instruction i4. Here, the result submatrix of the matrix
multiplication instruction MatMul is indicated as a result submatrix R7[160, 128], which
incorporates the result of the instruction i4.

[060] Similarly, in the instruction i6, sub{1,257;160,384;%R5[160,384]} indicates that
a range from an element at 1 by 257 position to an element at 160 by 384 position among the
loaded input submatrix RS is selected for the matrix multiplication instruction MatMul. In this
instruction, sub{257,1;384,128; %R6[384,128]} indicates that a range from an element 257 by 1
position to an element at 384 by 128 position among the loaded weight submatrix R6 is selected
for the matrix multiplication instruction MatMul. R7/160,128] at the end of the instruction i6
indicates that a result of the matrix multiplication instruction MatMul based on the selected
submatrices of the loaded input submatrix RS and weight submatrix R6 is added to the result

submatrix R7[160,128] of the instruction i5. Here, the result submatrix of the matrix
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multiplication instruction MatMul is indicated as a result submatrix R7[160, 128], which
incorporates the results of the instructions i4 and i5.

[061] The instruction i7 defines a matrix miscellaneous instruction MatMisc. A matrix
miscellaneous instruction MatMisc instructs a corresponding processing unit to perform an
activation function or other miscellaneous functions. In some embodiments, inputs for a matrix
miscellaneous instruction MatMisc can come from a matrix multiplication instruction MatMul.
Here, the outputs from a matrix multiplication instruction MatMul can be fed to a matrix
miscellaneous instruction MatMisc through a FIFO (First In First Out) buffer in the second
memory module 223. In some embodiments, the outputs from a matrix multiplication instruction
MatMul can be first stored in a corresponding memory block of the second memory module 223
in a matrix form and then fed to a matrix miscellaneous instruction MatMisc. In this example, the
matrix miscellaneous instruction MatMisc includes addition operation and maximum operation
as an activation function.

[062] In the instruction i7, sub{l,1;1,128; %6R3[1,512]} indicates that a range from an
element 1 by 1 position to an element at 1 by 128 position among the loaded bias sub-vector R3
is selected for an addition operation ADD1. In this instruction, R7/160,128] indicates that the
result of the matrix multiplication instruction MatMul from the instruction 76 is added to the
selected portion of the loaded bias sub-vector R3. To perform an addition operation, the selected
portion of the loaded bias sub-vector R3 can be reshaped to have the same dimensions with the
result submatrix R7[160, 128] of the instruction i6. This reshaping can be performed by copying
the selected portion of the loaded bias sub-vector R3 multiple times. For example, a data
preparation instruction MatPrep can be used to instruct reshaping or reformatting of data into

different multidimensional matrix shapes. The shape of matrix can be determined based on the
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target device capability and corresponding operations. The detailed instruction regarding the
broadcast operation is omitted for simplicity. In instruction i7, sub{0;%constDDR} indicates a
constant matrix filled with a constant value “0” and having the same dimensions (here, [160,
128]) with the result submatrix of the first addition operation ADDI1 of the result submatrix R7
and the selected portion of the loaded bias sub-vector B1. Then a maximum operation MAX1 is
performed between the constant matrix C1 and the result submatrix of the first addition operation
ADDI1. The result submatrix of the miscellaneous instruction MatMisc is represented as

sub{l, 1,160,128, %R4[160,512]}, which indicates that a range from an element at 1 by 1 position
to an element at 160 by 128 position among the first maximum result matrix MX1 [160, 512] is
generated and the generated result submatrix is stored in a corresponding position in a memory
block (here, the memory block is designated for a whole result matrix R4) corresponding to the
first maximum result matrix MXI1.

[063] As explained above, the instructions i3 to i7 are directed to operations based on a
first submatrix part (first % part) of the first weight matrix W1. Instructions 78 to i/2 is directed
to operations based on a second submatrix part (second % part) of the first weight matrix W1.
That 1s, in instruction i8, sub{1,129,384,256,%W1[384,512]} indicates that a range from an
element at 1 by 129 position to an element at 384 by 256 position among the first weight matrix
W1 is loaded to a memory block of a second memory module 223 from a first memory module
222. Here, the loaded weight submatrix of the first weight matrix W1 is indicated as submatrix
R8[384, 128]. The instructions i4 to i7 are similarly repeated in the instructions i9 to i/2 to
perform the similar computations regarding the second submatrix part (second ¥4 part) of the first
weight matrix W1. Instructions i3 to i7 are similarly repeated in instructions i/3 to i/7 to

perform similar operations regarding a third submatrix part (third ¥4 part) of the first weight
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matrix W1. Instructions 73 to i7 are similarly repeated in instructions i/8 to i22 to perform
similar operations regarding a fourth submatrix part (fourth ¥ part) of the first weight matrix
W1. The duplicated explanation regarding the instructions 8 to 22 is omitted for simplicity.

[064] As shown in the set of instructions, the instructions are defined on a matrix basis.
The instructions are generated to perform operations based on matrices of which sizes are
supported by accelerator hardware. For example, a processing unit supports operations on a
matrix size not more than [128, 128], and thus the instructions are generated to perform
operations based on a smaller size matrix after splitting a bigger matrix into submatrices. For
example, in the set of instructions above, the weight matrix W1 is split into four sub-matrices
and the similar operations are repeated four times to compute the whole result for the first layer
510. In addition, for each iteration, the matrix multiplication instruction MatMul is repeated three
times to compute the whole result for the first matrix multiplication MUL1 for the corresponding
submatrix of the weight matrix W1. In some embodiments, the matrix size can also be
determined based on hardware resource usage such as available memory capacity of a first
memory module 222 and second memory module 223.

[065] In some embodiments of the present disclosure, one processing unit (e.g., PU1 in
FIG. 3) can process one or more matrix operations among the set of instructions i/ to i22. For
example, a first processing unit PU1 can sequentially execute instructions 74 to i7. As indicated
in the instructions, the intermediate result matrix of the instruction or operation can be stored in a
proper block of a second memory module 223 and the intermediate result matrix can be reused
for a subsequent instruction or operation. Here, the proper block for storing the intermediate
result matrix can be predetermined by a compiler when generating the set of instructions, and a

corresponding instruction can instruct a processing unit to store the intermediate result matrix
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into the predetermined block. Compiler can also predetermine an address for a memory cell in
which each element of the intermediate result matrix is designated to be stored. Therefore, a
processing unit can know where to store the intermediate result matrix and where to find the
intermediate result matrix for reuse. For example, the intermediate result submatrix R7[160, 128]
of the instruction i4 is stored in a corresponding memory block of a second memory module 223
and 1s used for an addition operation according to the subsequent instruction i5. Similarly, the
result matrix of the instruction i7 is a submatrix of the first maximum result matrix MX1
(indicated as result matrix R4[160, 512] in the instruction i7) having a dimension [160, 128] and
stored in a memory block of a second memory module 223. In this way, one processing unit PU1
can compute matrix-based operations in a pipelined way. Each element of the result submatrix of
the instruction i7 is stored in a memory cell having an address index corresponding to a position
of an element in the result matrix R4[160, 512]. In some embodiments, the first processing unit
PU1 can sequentially execute the set of instruction i4to i7,i9toi12,il4toil7,and i/9 t0i22 in
a pipelined way. It is also possible that a first processing unit PU1 can execute the instructions i4
to 77, a second processing unit PU2 can execute the instructions 79 to i/2, a third processing unit
PU3 can execute the instructions i /4 to i/7, and a fourth processing unit PU4 can execute the
instructions 779 to i22. In this case, each result submatrix of the instructions i7, 112, 117, and i22
can be stored in a corresponding portion of a memory block for the result matrix R4[160, 512].
[066] By the instruction i22, a result submatrix, which is a submatrix of the result
matrix R4 [160, 512] and includes elements from an element at 1 by 385 position to an element
at 160 by 512 position among the result matrix R4 [160, 512] as represented by
sub{l,385;160,512;%R4[160,512]}, 1s generated and stored in a corresponding position in a

memory block corresponding to the result matrix R4[160, 512] (corresponding to a first
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maximum result matrix MX1). By storing each resultant submatrix from the instructions i7, i/ 2,
i17, and i22 to a memory cell array having corresponding memory indexes in a memory block of
the result matrix R4[160, 512], the whole first maximum result matrix MX1 of the first layer 510
in FIG.5A can be obtained. The first maximum result matrix MX1 can be used again in a
computation module 224 for processing a second layer 520 of the neural network of FIG. SA
Except the fact that the first maximum result matrix MX1 is used as an input operand to a second
multiplication operation MUL2 of the second layer 520, a second set of instructions for the
second layer 520 is similar to the first set of instructions 7/ to i22 for the first layer 510.

[067] FIG. SDshows a second set of instructions for executing the second layer 520 of
FIG. SAAs shown in a second set of instructions, the second layer 520 1s processed in a similar
way as in the first layer 510, and the difference will be mainly explained hereinafter. In the
second set of instructions, a second weight matrix W2 is split into three submatrices and loaded
three times 1n instructions 724, i30, and /36, and similar computations are repeated for each
submatrix of the second weight matrix W2. For each iteration, a multiplication instruction
MatMul 1s processed four times for a second multiplication operation MULZ2 due to the limited
capability of a processing unit PU. Here, as an example, the processing unit PU can support a
matrix computation for a 128 by 128 size of matrices. In addition, the result matrix R4[160, 512]
of a first layer 510 1s used as an input matrix to a second multiplication operation MUL2 in
instructions 25 to i28, i3/ to i34, and i37 to i40 without loading the input matrix since the result
matrix R4[160, 512] is already stored in a second memory module 223 where the processing unit
PU can access. By storing each resultant submatrix from the instructions i29, 135, and i4/ to a
memory cell array having corresponding address indexes in a memory block of a result matrix

R14[160, 384]), the second maximum result matrix MX2 of the second layer 520 in FIG. Scan
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be obtained. According to an instruction /42, the result matrix R14[160, 384] of the second layer
520 1s stored to a corresponding memory block of a first memory module 222. “MatStore”
represents an instruction to move data from a second memory module 223 to a first memory
module 222. A matrix storing operation can also be identified on a matrix basis and the storing
can be performed in a similar way as illustrated regarding the matrix loading operation. In the
example of FIG.SA, the first memory module 222 can be implemented as a DDR memory as
indicated in the instruction 742. Transferring the final result (here, the result matrix R14[160,
384] of the second layer 520) of the neural network of FIG. SAto a host device 210 is omitted for
simplicity. The final result can be stored in a second memory segment 222B of the first memory
module 222 so that the final result of the second layer 520 can be transferred to a host device 210.

[068] In some embodiments, the first processing unit PU1 can sequentially execute
instructions i4 to i7,i9toil2,il4toil7,and i/9 to i22, and the same first processing unit PU1
can sequentially execute the instructions i25 to i29, i3] to i35, and i37 to i41 in a pipelined way
by using an intermediate result matrix from a previous instruction. When four processing units
PU1 to PU4 are used to execute four groups of instructions i4to i7,i9toil2,il4toil7,and i/9
to i22 for a first layer 510, it 1s also possible that three processing units can be used to execute
three groups of instructions 125 to i29, i31 to i35, and i37 to i41 for a second layer 520.

[069] As shown from the first and second sets of instruction, data interaction between
the host device 210 and the target device 220 can be reduced according to embodiments of the
present disclosure. FIG. 7Aillustrates a conventional data flow for processing a 3-layer neural
network model. FIG. 7Billustrates an exemplary data flow for processing a 3-layer neural

network model, consistent with embodiments of the present disclosure.
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[070] When using a set of instructions on a scalar or vector basis, a result of each layer
of the neural network model needs to be transferred to a host device 210. In a conventional
process as shown in FIG. 7A, before executing an operation, raw data and operation instructions
are transferred to a target device 220. After completing the execution of the operation, the target
device 220 returns the operation result to a host device 210. For example, to process a 3-layer
neural network model, input parameters are loaded from a host device 210 to a target device 220
for each layer via transmissions 701, 704, and 707. Referring back to FIG. SA as an example, the
input parameters sent via transmission 701 can be a first input matrix D1, a first weight matrix
W1, and a first bias vector B1, and the input parameters sent via transmission 704 can be a
second weight matrix W2 and a second bias matrix B2. A first maximum result matrix MX1 of
the first layer 510 1s transferred to a host device 210 via transmission 702 and host device 210
stores matrix MX1 in some manner. Afterwards, because the first maximum result matrix MX1
of the first layer 510 is used as input operand for the second layer 520, the first maximum result
matrix MX1 needs to be accessed from storage and transferred back to the target device 220 via
transmission 703. This data transfer between the devices is performed for each layer process
according to conventional instructions as shown in FIG. 7A. In a heterogeneous accelerator
system, data transfer between the host device 210 and the target device 220 is heavy in view of
time and energy, and thus frequent data interaction causes a huge overhead and delay.

[071] According to embodiments of the present disclosure, unnecessary data interaction
between the host device 210 and target device 220 can be reduced. FIG. 7B illustrates an
exemplary data flow for processing a 3-layer neural network model, consistent with
embodiments of the present disclosure. In FIG. 7B, input parameters are transferred from a host

device 210 to a target device 220 for each layer via transmissions 721, 722, and 723. Referring
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back to FIG. 5A as an example, the input parameters for transmission 721 can be a first input
matrix D1, a first weight matrix W1, and a first bias vector B1, and the input parameters for
transmission 722 can be a second weight matrix W2 and a second bias matrix B2. Here, first
maximum result matrix MX1 of the first layer 510 is stored in a memory module of a target
device 220 such as a second memory module 223 and is used again for executing a second layer
520. Therefore, the first maximum result matrix MX1 of the first layer 510 is not transferred (nor
stored) to host device 210 after executing the first layer 510. Also the first maximum result
matrix MX1 of the first layer 510 is not transferred back to a target device 210 for executing the
second layer 520. In FIG. 7B, only a final result of the 3-layer neural network model can be
transferred to a host device 210 via transmission 724,

[072] As illustrated referring to FIG. 7B, embodiments of the present disclosure can
reduce data interaction between the host device 210 and target device 220 by generating
instructions to integrate operations of multiple layers and to control data flow. For example, a set
of instructions can specify that one processing unit processes operations of the three layers in a
pipelined way. By preserving intermediate results for a first layer and second layer in a target
device 220, the same intermediate results can be reused in a subsequent layer or operation.
Particularly, the intermediate results are stored in a matrix form in a memory module and
operations are processed on a matrix basis, a computation module 224 can access the data stored
in a predetermined address (e.g., determined by a compiler) in a memory module without
receiving help from a host device 210.

[073] Further, to solve a performance bottleneck issue in transmitting data between
devices, three-step optimization flow in a target device can be performed when generating a set

of instructions. First, if an on-chip memory such as a second memory module 223 is large
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enough, unnecessary matrix load and store instruction MatLoad and MatStore can be removed by
preserving data in the on-chip memory, which enables executing corresponding operations or
instructions based on on-chip data interactions within a target device 220. Second, if an off-chip
memory such as a first memory module 222 is large enough, the off-chip memory can be used to
store data from the on-chip memory using a matrix storing instruction MatStore. Third, if the on-
chip memory and off-chip memory are not large enough, data interaction between a host device
210 and a target device 220 is used to achieve functionality.

[074] FIG. 8illustrates an exemplary flow diagram for executing a neural network
model in a neural network accelerator system, consistent with embodiments of the present
disclosure. Here, it is illustrated that a neural network model of FIG. 3A is executed in a neural
network accelerator system 200 in FIG. 2as an example. A host device 210 receives runtime
environment information of a target device on which the neural network model is executed at
step S801. The runtime environment can include available spaces of an on-chip memory module
223 and off-chip memory module 222, power consumption and cost for data transfer between
memory modules, power consumption and cost for data transfer between a host device 210 and a
target device 220, and available processing units and their capability.

[075] At step S802, a matrix-based instruction set for executing the neural network
model on a target device 220 is generated. The instruction set can be generated from a high-level
language code for the neural network model. At step S802, optimization can be performed to
generate the matrix-based instruction set. In some embodiments, the optimization is performed
by considering the runtime environment, performance requirement, etc. In some embodiments, a
compiler of the host device 210 generates the instruction set and performs the optimization.

When considering the runtime environments of a target device 220, the design is based on a
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static memory layout, which is determined optimal. The compiler can obtain the assumption by
using Just-In-Time (JIT) compilation. And matrix sizes or dimensions for all operands for being
processing in a computation module 222 are also determinable at this step.

[076] In some embodiments, an off-chip memory module (e.g., a first memory module
222) 1s configured to include separate segments for global data and internal data such as a second
and third memory segments 222B and 222C. To meet the requirements, a linear growth
distribution technique can be used as long as the off-chip memory’s capacity is sufficient. The
compiler also optimizes usage of an on-chip memory (e.g., a second memory module 223)
through a lifetime calculation technology based on the matrix-based instruction set. Linear
growth allocation is also usable for the on-chip memory.

[077] In some embodiments, the compiler can also use the following techniques to
maximize hardware resources such as an on-chip memory module and off-chip memory module
and to achieve optimal performance of target device 220. First, the compiler statically determines
a memory layout for target device 220 and a cost of data transfer such as a time and energy, and
uses a proper distribution program to avoid dynamic memory application and releases and to
reduce a resulting memory fragmentation. Second, the compiler can use Live Range Analysis for
data memory space reuse, thereby non-overlapping active cycles can be assigned to a same
memory space. Third, the compiler can apply a register allocation algorithm such as graph
coloring for an on-chip memory allocation so that frequently used data is preserved in an on-chip
memory to reduce the data transfer cost.

[078] The compiler determines a matrix size or dimension to be processed on a
processing unit based on the runtime environment and the optimization results. The compiler

also determines where and when to load/store data from/to a first memory module 222 to/from a
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second memory module 223. The compiler also determines where and when to store results of
each operations. For example, the compiler determines where and when to store a first maximum
result matrix MX1 and where and when to use the same. The compiler determines all the data
flow, data store place (or address), and timing and processing unit for reuse of intermediate
results. The compiler can also determine which processing unit executes which operation. The
compiler can determine that one processing unit can execute multiple operations for multiple
layers of a neural network model in a pipelined manner. The compiler generates a set of
instructions reflecting the optimization and determined results. Therefore, target device 220 can
follow the instructions throughout an execution of the neural network model.

[079] At step S803, the generated instruction set and input parameters for executing the
neural network model are sent to a target device 220.

[080] At step S804, the instruction set and input parameters are received and stored in a
first memory module 222. In some embodiments, the instruction set is stored in a first memory
segment 222 A of the first memory module 222 and the input parameters are stored in a second
memory segment 222B of the first memory module 222. In some embodiments, the size of
instruction set for a neural network model can be huge, and thus the data transfer overhead will
be considerable if instructions are transferred from a host device 210 to a target device 220 on
demand. Therefore, the instruction set can be transferred to a target device 220 all at once,
consistent with embodiments of the present disclosure. It is also possible that the instruction set
can be transferred to a target device 220 at a segment basis for a certain blocks of a neural
network model. According to the present disclosure, the volume of instructions can be
considerably reduced since the instructions are generated on a matrix basis while conventional

instruction sets are based on a scalar or vector, which require multiple repetitions of one
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instruction on various data. Thereby, the disclosed embodiments can reduce huge instruction
communication overhead by avoiding repeated instruction delivery between devices. The
disclosed embodiments can also reduce the instruction communication overhead occurred within
the target device 220 compared to a conventional instruction set based on a scalar or vector. The
disclosed embodiments can also minimize hardware configuration operation.

[081] At step S805, input matrices are loaded from a first memory module 222 to a
second memory module 223 on a matrix basis according to instructions of the instruction set.
Here, the instruction set defines when and where to load the input matrices. The input matrices
can be a part of larger matrices stored in a memory cell arranged in a matrix form in the first
memory module 222. The input matrices are stored in a memory cell arranged in a matrix form
in the second memory module 223.

[082] At step S806, a computation module 224 can execute matrix operations of a first
layer 510. In some embodiments, one processing unit PU1 can execute matrix operations of the
first layer 510 including a matrix multiplication. The matrix operations can also include matrix
addition operations, activation function operations, and matrix preparation operations. During
execution of the first layer 510, intermediate results can be stored in the second memory module
223. Here, the instructions define when and where to store the intermediate result. At step S807,
the intermediate result can be stored. Here the intermediate result refers to a result matrix of a
first layer 510 of a neural network model. In some embodiments, the intermediate result can be
transferred from a second memory module 223 to a first memory module 222 in case that space
of the second memory module 223 is limited and the intermediate result is not to be used soon

enough. Here, if the intermediate result is to be reused for executing a second layer 520 or a
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following instruction, the intermediate result is stored in a third memory segments 223B as local
data and is not transferred to a host device 210.

[083] At step S808, the computation module 224 can execute matrix operations of a
second layer 520. In some embodiments, one processing unit PU1 that executes matrix
operations of the first layer 510 can execute matrix operations of the second layer 520. Here, the
result matrix of the first layer 510 can be reused for executing the second layer 520. The target
device 220 knows when and where to find the result matrix according instructions for the second
layer 520. At this time, the result matrix of the first layer 510 is stored in a second memory
module 223. If the result matrix is preserved in a first memory module 222, the result matrix is
loaded to a second memory module on a matrix basis.

[084] After a final result is generated from the execution of the neural network model,
the result is sent to the host device 210 at step S809. It is illustrated that only two layers for a
neural network model are executed on a target device as an example, however, it will be noted
that three or more layers can be executed in a pipelined manner in one processing unit. The final
result may refer to a result of the last layer of the network model. It is also appreciated that the
neural network model for execution here can be a part of a larger neural network model. The host
device 210 receives the final result at step S810 and stores the result in its associated memory
device.

[085] Embodiments herein include database systems, methods, and tangible non-
transitory computer-readable media. The methods may be executed, for example, by at least one
processor that receives instructions from a tangible non-transitory computer-readable storage
medium. Similarly, systems consistent with the present disclosure may include at least one

processor and memory, and the memory may be a tangible non-transitory computer-readable
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storage medium. As used herein, a tangible non-transitory computer-readable storage medium
refers to any type of physical memory on which information or data readable by at least one
processor may be stored. Examples include random access memory (RAM), read-only memory
(ROM), volatile memory, non-volatile memory, hard drives, CD ROMs, DVDs, flash drives,
disks, registers, caches, and any other known physical storage medium. Singular terms, such as
“memory” and “computer-readable storage medium,” may additionally refer to multiple
structures, such a plurality of memories and/or computer-readable storage media. As referred to
herein, a “memory” may comprise any type of computer-readable storage medium unless
otherwise specified. A computer-readable storage medium may store instructions for execution
by at least one processor, including instructions for causing the processor to perform steps or
stages consistent with embodiments herein. Additionally, one or more computer-readable storage
media may be utilized in implementing a computer-implemented method. The term
“computer-readable storage medium” should be understood to include tangible items and
exclude carrier waves and transient signals.

[086] In the foregoing specification, embodiments have been described with reference
to numerous specific details that can vary from implementation to implementation. Certain
adaptations and modifications of the described embodiments can be made. Other embodiments
can be apparent to those skilled in the art from consideration of the specification and practice of
the invention disclosed herein. It is intended that the specification and examples be considered as
exemplary only, with a true scope and spirit of the invention being indicated by the following
claims. It is also intended that the sequence of steps shown in figures are only for illustrative

purposes and are not intended to be limited to any particular sequence of steps. As such, those
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skilled in the art can appreciate that these steps can be performed in a different order while

implementing the same method.



WO 2020/142973 PCT/CN2019/071090
39

CLAIMS

1. A computing device for executing a set of instructions for a neural network
model, comprising:

a computation module including a plurality of processing units performing at least one
operation according to the set of instructions;

a first memory module storing the set of instructions and input parameters for executing
the set of instructions; and

a second memory module including a plurality of memory blocks,

wherein the second memory module is configured to store a first matrix of the input
parameters loaded from the first memory module in a first memory block of the plurality of
memory blocks according to a first instruction of the set of instructions,

wherein the first memory block of the second memory module has a first memory cell
array meeting dimensions of the first matrix, and each element of the first matrix is stored in a

memory cell having a corresponding address index in the first memory cell array.

2. The computing device of claim 1, wherein:

the first instruction defines a range of the first matrix out of a second matrix
stored in a first memory block of the first memory module to be loaded to the first
memory module, and

the first memory block of the first memory module has a second memory cell
array meeting dimension of the second matrix, and each element of the second matrix is
stored in a memory cell of a corresponding address index in the second memory cell

array.
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3. The computing device of claim 2, wherein:

the range of the first matrix is defined by a first address index for a first element
of the first matrix in the second matrix and a second address index for a second element
of the first matrix in the second matrix, and

the first element is positioned at one corner of the first matrix and the second

element 1is positioned at another corner farthest from the first element of the first matrix.

4. The computing device of any one of claims 1-3, wherein:
the second memory module is further configured to store a third matrix of the
input parameters loaded from the first memory module in a second memory block of the
plurality of memory blocks according to a second instruction of the set of instructions,
and
a first processing unit of the plurality of processing units is configured to:
receive the first matrix and the third matrix from the second memory
module,
perform a matrix operation based on the first matrix and the third matrix
according to a third instruction of the set of instructions, and
send an output matrix of the matrix operation to the second memory

module.

5. The computing device of claim 4, wherein the matrix operation includes at least

one of a matrix multiplication operation, addition operation or activation function operation.
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6. The computing device of any one of claims 1-3, wherein:
the second memory module is further configured to store a third matrix and a
fourth matrix of the input parameters loaded from the first memory module according to a
second instruction and third instruction of the set of instructions, and
a first processing unit of the plurality of processing units is configured to:
receive the first matrix, the third matrix, and the fourth matrix from the
second memory module,
perform a matrix multiplication operation between the first matrix and the
third matrix according to a fourth instruction of the set of instructions,
perform an addition operation between a multiplication result matrix from
the matrix multiplication operation and the fourth matrix according to a fifth instruction
of the set of instructions,
perform an activation function operation on an addition result matrix, and
send an output matrix of the activation function operation to the second

memory module.

7. The computing device of claim 1 or claim 2, wherein:

the neural network model comprises two or more layers,

the second memory module is configured to store on a matrix basis a part of the
input parameters for executing the neural network model,

a first processing unit of the plurality of processing units is configured to:

receive the part of the input parameters,
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execute instructions among the set of instructions corresponding to a first
layer of the two or more layers,

execute instructions among the set of instructions corresponding to a
second layer of the two or more layers by using the first output result, and

send an output matrix of the neural network model to the second memory

module.

8. The computing device of claim 7, wherein:
the first processing unit is further configured to:
send a first intermediate result of the first layer after executing the
instructions corresponding to the first layer to the second memory module,
fetches the first intermediate result from the second memory module for

executing the instructions corresponding to the second layer.

9. The computing device of any one of claims 1-8, wherein:
the second memory module comprises a first segment and a second segment,
the first segment is configured to store data that is determined to interact with an
off-chip device, and
the second segment is configured to store data that is determined to be reused by

the computation module within a preset time period.
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10. The computing device of any one of claims 1-9, wherein the set of instructions
includes at least one of a matrix-based loading instruction, a matrix-based storing instruction, or

a matrix-based operation instruction.

11. A method for executing a set of instructions for a neural network in a computing
device comprising a computation module including a plurality of processing units performing at
least one operation according to the set of instructions, a first memory module storing the set of
instructions and input parameters for executing the set of instructions; and a second memory
module including a plurality of memory blocks, the method comprising;:

loading a first matrix of the input parameters from the first memory module to the second
memory module according to a first instruction of the set of instructions,

wherein the first matrix is stored in a first memory block of the plurality of memory
blocks, the first memory block of the second memory module has a first memory cell array
meeting dimensions of the first matrix, and each element of the first matrix is stored in a memory

cell having a corresponding address index in the first memory cell array.

12. The method of claim 11, wherein:

the first instruction defines a range of the first matrix out of a second matrix
stored in a first memory block of the first memory module to be loaded to the first
memory module, and

the first memory block of the first memory module has a second memory cell

array meeting dimensions of the second matrix, and each element of the second matrix is
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stored in a memory cell of a corresponding address index in the second memory cell

array.

13. The method of claim 12, wherein:

the range of the first matrix is defined by a first address index for a first element
of the first matrix in the second matrix and a second address index for a second element
of the first matrix in the second matrix, and

the first element is positioned at one corner of the first matrix and the second

element 1is positioned at another corner farthest from the first element of the first matrix.

14, The method of any one of claims 11-13, further comprising;
loading a third matrix of the input parameters from the first memory module to
the second memory module according to a second instruction of the set of instructions,
the third matrix is stored in a second memory block of the plurality of memory blocks,
performing, by a first processing unit of the plurality of processing units, a matrix
operation based on the first matrix and the third matrix received from the second memory
module according to a third instruction of the set of instructions, and

storing an output matrix of the matrix operation to the second memory module.

15. The method of claim 14, wherein the matrix operation includes at least one of a

matrix multiplication operation, addition operation or activation function operation.

16. The method of any one of claims 11-13, further comprising;
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loading a third matrix and a fourth matrix of the input parameters from the first
memory module to the second memory module according to a second instruction and
third instruction of the set of instructions, and
performing by a first processing unit of the plurality of processing units:
a matrix multiplication operation between the first matrix and the third
matrix according to a fourth instruction of the set of instructions,
an addition operation between a multiplication result matrix from the
matrix multiplication operation and the fourth matrix according to a fifth instruction of
the set of instructions, and
an activation function operation on an addition result matrix; and

storing an output matrix of the matrix operation to the second memory module.

17. The method of claim 11 or claim 12, wherein:
the neural network model comprises two or more layers,
the second memory module is configured to store on a matrix basis a part of the
input parameters for executing the neural network model, and
further comprising performing by a first processing unit of the plurality of
processing units:
executing instructions among the set of instructions corresponding a first
layer of the two or more layers,
executing instructions among the set of instructions corresponding to a

second layer of the two or more layers by using the first output result, and
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sending an output matrix of the neural network model to the second

memory module.

18. The method of claim 17, further comprising by the first processing unit:

sending a first intermediate result of the first layer after executing the
instructions corresponding to the first layer to the second memory module,

fetching the first intermediate result from the second memory module for

executing the instructions corresponding to the second layer.

19. The method of any one of claims 14, 16, and 17, wherein:
the second memory module comprises a first segment and a second segment,
further comprising:
transferring the output result from the second memory module to the first
segment when the output result is determined to interact with an off-chip device, or
transferring the output result from the second memory module to the
second segment when the output result is determined to be reused by the computation

module within a preset time period.

20. The method of any one of claims 11-19, wherein the set of instructions includes at
least one of a matrix-based loading instruction, a matrix-based storing instruction, or a matrix-

based operation instruction.
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21. A non-transitory computer readable medium that stores a set of instructions that is
executable by a computing device to cause the computing device to perform a method for
executing a neural network, the computing device comprising a computation module including a
plurality of processing units performing at least one operation according to the set of
instructions, a first memory module storing input parameters; and a second memory module
including a plurality of memory blocks, the method comprising:

loading a first matrix of the input parameters from the first memory module to the second
memory module according to a first instruction of the set of instructions,

wherein the first matrix is stored in a first memory block of the plurality of memory
blocks, the first memory block of the second memory module has a first memory cell array
meeting dimensions of the first matrix, and each element of the first matrix is stored in a memory

cell having a corresponding address index in the first memory cell array.

22. The computer readable medium of claim 21, wherein:

the first instruction defines a range of the first matrix out of a second matrix
stored in a first memory block of the first memory module to be loaded to the first
memory module, and

the first memory block of the first memory module has a second memory cell
array meeting dimensions of the second matrix, and each element of the second matrix is
stored in a memory cell of a corresponding address index in the second memory cell

array.

23. The computer readable medium of claim 22, wherein:
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the range of the first matrix is defined by a first address index for a first element
of the first matrix in the second matrix and a second address index for a second element
of the first matrix in the second matrix, and

the first element is positioned at one corner of the first matrix and the second

element 1is positioned at another corner farthest from the first element of the first matrix.

24, The computer readable medium of any one of claims 21-23, wherein the set of
instructions that is executable by the computing device to cause the computing device to
further perform:

loading a third matrix of the input parameters from the first memory module to
the second memory module according to a second instruction of the set of instructions,
the third matrix is stored in a second memory block of the plurality of memory blocks,

performing, by a first processing unit of the plurality of processing units, a matrix
operation based on the first matrix and the third matrix received from the second memory
module according to a third instruction of the set of instructions, and

storing an output matrix of the matrix operation to the second memory module.

25. The computer readable medium of claim 24, wherein the matrix operation
includes at least one of a matrix multiplication operation, addition operation or activation

function operation.
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26. The computer readable medium of any one of claims 21-23, wherein the set of
instructions that is executable by the computing device to cause the computing device to
further perform:
loading a third matrix and a fourth matrix of the input parameters from the first
memory module to the second memory module according to a second instruction and
third instruction of the set of instructions, and
performing by a first processing unit of the plurality of processing units:
a matrix multiplication operation between the first matrix and the third
matrix according to a fourth instruction of the set of instructions,
an addition operation between a multiplication result matrix from the
matrix multiplication operation and the fourth matrix according to a fifth instruction of
the set of instructions, and
an activation function operation on an addition result matrix; and

storing an output matrix of the matrix operation to the second memory module.

27. The computer readable medium of claim 21 or claim 22, wherein:

the neural network model comprises two or more layers,

the second memory module is configured to store on a matrix basis a part of the
input parameters for executing the neural network model, and

the set of instructions that is executable by the computing device to cause the
computing device to further perform by a first processing unit of the plurality of

processing units:
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executing instructions among the set of instructions corresponding a first
layer of the two or more layers,

executing instructions among the set of instructions corresponding to a
second layer of the two or more layers by using the first output result, and

sending an output matrix of the neural network model to the second

memory module.

28. The computer readable medium of claim 27, wherein the set of instructions that is
executable by the computing device to cause the computing device to further perform by
the first processing unit:

sending a first intermediate result of the first layer after executing the
instructions corresponding to the first layer to the second memory module,

fetching the first intermediate result from the second memory module for

executing the instructions corresponding to the second layer.

29. The computer readable medium of any one of claims 24, 26, and 27, wherein:
the second memory module comprises a first segment and a second segment,
the set of instructions that is executable by the computing device to cause the
computing device to further perform:
transferring the output result from the second memory module to the first

segment when the output result is determined to interact with an off-chip device, or
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transferring the output result from the second memory module to the
second segment when the output result is determined to be reused by the computation

module within a preset time period.

30. The computer readable medium of any one of claims 21-29, wherein the set of
instructions includes at least one of a matrix-based loading instruction, a matrix-based storing

instruction, or a matrix-based operation instruction.
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