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Abstract
A co-processor based on machine learning is a highly efficient parallel compute block that is especially
intended for the efficient execution of complicated computations such as neural networks. This project's CNN-
based ML co-processor uses it to do calculations more quickly. This co-processor takes the input of Data,
weights and the biases in order to provide the output results by performing the machine learning operations
such as Data Canvas, Quantization, Convolution, Padding, Stride, Pooling and Activation functions. The main
reason for dedicated processors for machine learning is enhanced energy efficiency which provides faster
performance and reduction in model size and complexity. This paper involves the System on Chip(SoC)
verification of ML based Co-processor using languages such as C and System Verilog in the C_UVM verification
environment at the SoC level. The test cases are written using C and UVM for verifying the functionality of the
design. The Functional Verification of the ML based co-processor tools is done using such as Vim Editor tool is
used to write and edit all the test cases using the C and System Verilog. Arm Tool chain used to convert the C
assembly code to binary format. The Cadence Incisive Tool used for simulation of the test cases and the
Cadence Sim Vision to analyze the waveform that are simulated for the written test cases.
Keywords: UVM, SoC, Machine Learning, Cadence, Verification, Convolution, Neural Network

I. INTRODUCTION to the primary processor.

This section drives through the introduction to the Il. MLBASED CO PROCESSOR

ML based co-processor and SoC Verification. A

. A processor designed expressly to handle the
coprocessor refers to an extra processor for a device

that supports the activities of the CPU, or main demands of neural networks is called a neural

. . network accelerator. As the name suggests, it is
processor. The coprocessor is capable of performing

a variety of functions, including floating-point incredibly effective at what it does, which involves

computations, graphics, signal processing, character quickly grouping and categorizing data. Engineers

processing, encryption, and I/O interaction with discovered that a finely tuned processor totally

. . optimized just to accomplish a certain set of
external devices. Co processors can improve system

efficiency by offloading processor-heavy activities activities may operate exceptionally swiftly on

. minimal power and aid to make some algorithms
from the primary processor. A co processor does not

constitute the system's primary processor. The run quicker. For instance, graphics and DSPs, which

operations that follow can be carried out by a are designed to do signal processing rapidly and

coprocessor: floating point addition, subtraction, effectively.

multiplication, calculating the logarithmic value of A. Neural Network

the given integer, computing its square root, etc.

(for floating point values), or performing signal, Figure.l shows a neural network. An algorithm
string,  graphical, or  encryption/decryption designed to function like the human brain is called a
operations, etc. Coprocessors make it possible to neural network. A neural network's fundamental
customize computers, so clients do not have to foot unit, the neuron contains distinct data
the bill when they do not need the extra characteristics. There are input and output neurons,
performance. Its main goal was to reduce the known as Visible Layers, in a simple neural network,
amount of time applications that require intensive as well as a number of intermediary layers, known
floating point computations needed to provide as Hidden Layers.

results. Applications' performance increased by 20
to 50% after the co-processor was added in addition
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Hidden
Input Output

Fig. 1.A Neural network..
B. Data, Weights and Biases

Figure. 2 shows a Convolution operation performed
by the co-processor. Figure. 3 shows the convolution
of single element of input data. Data is the collection
of input as well as values for data for which an
output value must be predicted. Weights are
connectivity controls between two fundamental
neural network units. It is necessary to raise or
reduce the relative weights for unit signals to
educate neurons to advance in the network. neural
network biases that prevent data from being sent to
the intended output. The summation function's task
is to combine each of the weights then inputs and
get their sum.

(Inputs) PN

Fig. 2. Convolution operation of Co-processor

e @0

input weight bias output

Fig. 3. Convolution of single element of data

Ill. FEATURES OF CO-PROCESSOR

The features of the co-processor include the Data
reading by the Data Canvas, Dequantization, Pooling
such as Max Pooling, Average Pooling, Padding,
Stride and Activation functions like Sigmoid, Tanh,
RelLU, ReLUx, and Leaky ReLUx.
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A. Data Canvas

Data canvas is used for reading of the input data.
Data Canvas acts as a circular buffer to store the
input data. During computation of input data, the
reuse of data can be done by the circular scroll of
the data and sent to the pipeline for the
computation. This results in the faster computation.
The Figure. 4 shows the data reading through the
data canvas. The input data is updated into the data
canvas and stored within the data canvas. The data
is being read and it is sent to the pipelines for the
computations.

Store in Pass on the
Input Data  ——»| LoadData Data ——= ReadDala —— datalo
canvas pipelines

Fig. 1.Data Reading through the Data Canvas
B. Quantization

In machine learning (ML) Quantization involves
the method of translating information from FP32
(floating point 32, bits) to a lesser accuracy such INT8
(Integer 8 bits) and execute all key processes like The
process of convolution using INT8 and then, in the
end, transform the lower precision result to higher
accuracy in FP32. This looks straightforward yet since
transforming floating point numbers to integers
results in inaccuracy that can rise up over
computations, preserving the correctness is crucial.
With Quantization, precision exceeds 1% of its
original accuracy.

With regards of how they perform, as the data
processed is 8 bit rather of 32 bits of information
technically this is 4 times quicker. In practical
applications, an acceleration of no less than 2x is
noticed. Further how the precision is restored in
Quantization as well as the computation for INT8 or
FP32 yields a comparable result is described. There
are two primary procedures in Quantization that
involve Quantize i.e., transform the information to a
lower accuracy such INT8 & Dequantize i.e., to
restore information to a greater precision like
FP32.The table. 1 offers you the concept of the
decrease in data size and enhancement in
mathematical capability based on the data type as
follows.
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INT4 INT32 4x 16x
FP16 FP16 2x 8x
FP32 FP32 1x 1x

TABLE I. COMPARISION OF DATA SIZE AND MATH
POWER WITH CHANGE IN DATA TYPE
DATA ACCUMULATION DATA SIZE MATH
TYPE REDUCED POWER
INT4 INT32 8x 32x

C. Convolution

A mathematical procedure called convolution is
used to take features out of a picture. An image
kernel defines the convolution. A 3x3 kernels matrix
is often encountered. In the Figure. 5 below, the
green moving matrix shows the original picture,
while yellow moving matrix, known as the kernel. It
is used to learn the many aspects of the original
image, as seen in Figure. 5

iliJifofo
0,1, ]¥g| 1|0 4
Qq.oxolxlll
ojoj1|1|0
oj1|1|0/|O0
Image Convolved
Feature

Fig. 2.1llustration of the convolution operation

Using the example of the condensed picture in
Figure . 6 may assist you comprehend the idea of
edge detection. The result of a 6x6 matrix and a 3x3
matrix being convolved is a 4x4 matrix. To generalize
this, suppose a n x n kernel and a m x m image are
convolved., the resultant output image is the size of

(m-n)+1x(m-n)+1.
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Fig. 3.A 6x6 image convolved with 3x3 kernel
D. Padding

In image classification tasks, there are numerous
convolution layers, therefore performing multiple
convolution operations will make the image to
reduce. The second problem is that, as the kernel
performs the convolution it overlaps with the image
center but contacts the border of picture less

frequently. So, padding is a brand-new idea that is
created in order to address these two problems. The
original data's size is kept when padding is used.
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Fig. 4.Padded image convolved with 2x2 kernel

The Figure. 7 shows the Padding of the matrix data.
As a result, the size of the output picture when a
mxm matrix is convolved with a nxn matrix with
paddingpis(m+2p-n+1)x(m+2p-n+1), where
the value of p =1 in the given instance.

E. Strides

Stride is a component of convolutional neural
networks, which are neural networks specifically
designed for the decompression of image and video
data. The amount of activity is present across the
image or video is determined by the stride
parameter of the neural network filter. For example,
if a neural network's stride parameter is set to 1, its
filter will move forward one pixel or unit at a time.

Filter

Filter Filter

LLTTT [T 111

Image Image Image

Fig. 5.Striding for stride = 1 and stride = 2

The Figure. 8 shows the striding operation
performed for stride = 1 and stride = 2. The left
picture displays a stride of zero, the center one, and
the right one, a stride of two. The total number of
pixels that are shifted across the input data matrix
called stride. The output result dimensions for pad

p, of the filter size f x f, the input data size n x n, and
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stride s is expected tobe [(n+2p-f+1)/s+ 1] x
[((n+2p-f+1)/s)+1].

F. Pooling

In a neural network, pooling layers are employed,
followed by a convolution layer. By reducing the
number of feature maps, pooling is mainly used to
speed up computation by reducing the total number
of training parameters. After the pooling layer, the
feature map's sizeis: ((I-f+1)/s)x ((w-f+1)/s)x
¢ where: w = width of the feature map, | = length of
the feature map, ¢ = number of channels of the
feature map, f = dimensions of the filter and s =
stride.

Average Peoling

,\ ﬁ Max Pooling

A Types of
(| pecling
QDHEUOHS

o
/ x Min Pooling

Global Pooling

Fig. 6.Different pooling operations

The Figure. 9 shows the different

operations. Each of the types are explained below.

pooling

G. Max Pooling

In this kind of pooling, the largest value inside an
area serves as a representation of the characteristics
in that region as a whole. Since max pooling tends to
select brighter pixels, it is typically employed
whenever the picture has a dark backdrop. The
Figure. 10 shows the 4x4 Max Pooling.

255 | 167 | 25 46

Filter size:
2 70 251 58 2x2 255 | 251

=

Stride: 2

Fig. 7.Max Pooling
H. Min Pooling

In this kind of pooling, the lowest number in an area
serves as a representation for an overview of the
characteristics in that region. Since min pooling
tends to select darker pixels when the picture has a
bright backdrop, it is typically employed in that
situation. The Figure. 11 shows the 4x4 Min Pooling.
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Filter Size:
2 |70 | 251 | 58 22 2 | 25
I:>
8 | 59 | 68 | 90 Stride: 2 4 | 68
4 125 | 201 126

Fig. 8.Min Pooling
I. Average Pooling

In the third type of pooling, the average value for
the cover serves as a representation of the
characteristics in that region as a whole. When these
borders are not crucial, average pooling is used to
soften the sharp edges of an image. The Figure. 12
shows the 4x4 Average Pooling.

255 | 167 | 25 46

Filter Size:
2x2

=

Stride: 2

Fig. 9.Average Pooling
J. Global Pooling

Each channel of the feature map is reduced to one
parameter. The kind of global pooling—which might
be any of the categories previously described—
determines the value. Global pooling resembles
applying a filter with the identical feature map
dimensions.

K. Activation functions

A neural network's activation function explains how
the nodes or networks in a certain layer within a
network convert the input's weighted average into
an output. The co-processor supports for Sigmoid,
Tanh, ReLU for short, ReLUx, and Leaky RelLUx
activation functions. The activation functions utilised
for all kinds of layer are described in detail below.

L. Activation for Hidden Layers

In a neural network, a hidden layer is a layer that
gets data from another layer and sends output to a
different layer. ReLU or Rectified Linear Activation,
Logistic Activation (Sigmoid), and Hyperbolic
Tangent (Tanh) are three activation functions that
one would wish to take into consideration for usage

in hidden layers.
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M. Sigmoid Function

A sigmoid function is a function of mathematics with
a recognizable "S"-shaped curve, commonly referred
to as a sigmoid curve. The definition of a sigmoid
function refers to a constrained, differentiable real
function with exactly one bending point, a positive
derivative for each point, and definitions that take
into account any actual input values. The logistic
function depicted in the first picture and denoted by
the equation 1 is a typical instance of a sigmoid
function.

1
) l+e™ e*+1 ke (1)
Sigmoid functions typically display a returned value
(y axis) between 0 and 1. The range of -1 to 1 is
another frequently used range. The Figure. 13 shows
the Sigmoid function.

0.5

Fig. 10. Sigmoid Function
N. Tanh Function

Tanh Activating function is a neural network
activation function: The following is a common
illustration of a tanh function. Figure. 14 and given
by the equation

f(x) = 5= o)
Tanh function gained popularity over sigmoid
function formerly because it was more effective for
neuronal networks with several layers. With the
inclusion of ReLU activations, the vanishing gradient
problem that sigmoids faced was more successfully
overcome.

Vol 44 No. 10
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Fig. 11. Tanh Activation Function

Tanh is the updated version of logistic sigmoid. The
tanh function has a ranges from (-1 to 1). Tanh also
has an s-shaped sigmoidal form. Figure. 15 shows
the comparision between both the plots of tanh and
the sigmoid functions.

1 . : :
—Sigmoid /
Tanh /
0.5 :
E 0
Z
05
Sl
A B 1 0 1 2 3

Fig. 12. Tanh v/s sigmoid functions
0. RelU Activation Function

The RelU is now the activation function that is
utilised most frequently worldwide. as almost all
deep learning and convolutional neural network
systems use it.

sigmoid » RelU

1
1+e

|o(2) R(z) =maz(0, z)
| B

Fig. 13. Relu v/s sigmoid functions

Figure. 16 shows the comparison between both the
plots of Relu and the sigmoid functions. As can be
observed, the ReLU has been somewhat fixed. when
z is more than or equal to zero, f(z) equals z, and
Whenever z is below zero, f(z) equals zero, [From 0
to infinity]. Any negative input data that goes into
the activation function of the RelU is updated to
zero in the representation of the graph.
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P. Leaky RelU Function

fnt

f0)=0 y

f()=ay

Fig. 14. Relu v/s Leaky ReLU Function

Figure. 17 shows the comparison between both the
plots of Relu and the sigmoid functions. It is an
effort to address the fading RelLU issue. The leak
extends the range of the RelLU function. Usually, A

Vol 44 No. 10
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has an average value of about 0.01. When an is not
0.01, it is commonly referred to as Randomized
ReLU. The range of the Leaky ReLU then changes to
(-infinity to infinity).

IV. VERIFICATION METHODOLOGY

Before tape-out, a design is evaluated against a
specified design specification as part of the SOC
Verification process. The ML Based Co-processor's
SOC levels verification flow is shown in Figure. 18.
Here are the steps of a typical SoC level Verification
pipeline to make sure a good tape out of SOCs.

T 80C level ! Top level view )
[Features Extraction] Vs

Extracted 50C level Fealures

L J

S0C level Verification Test Plan
for the Designed Block
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Fig. 15. SoC Verification Methodology

A. Features Extraction

One must assess the concept at the highest level
feasible and determine actual SoC-level features at
the specification research stage of SoC verification.
A thorough understanding the SoC's function and

architecture is essential at this stage since failing to
comprehend the specification might result in errors
and waste your time on issues that aren't RTL-
related.

136



Journal of Harbin Engineering University
ISSN: 1006-7043

B. SOC Verification Test Plan

When levels verification
strategy, it is important to explicitly define/identify
the capabilities that need to be validated both on
the SoC layer and at the sub-block, sub-IP, and sub-
cluster level in order to draw a distinction between

SOC and IP.

developing the SoC

C. SoC Verification Environment, Verification and
Debug

The finest verification approach must be used to
perform SoC verification in order to thoroughly
verify it. Along with this, if it is accessible and if
someone intends to reuse it, it is also checked for
the former

reusability and compliance with

verification environment.
D. Integration of Sub-Blocks

The subblocks, sub-IPs, and sub-clusters must first
be integrated or stitched into the SoC levels
verification framework before the real SoC
verification can begin. Additionally, connection
checkers that confirm appropriate or improper sub-

block integration into SoC must be developed.
E. Functional Coverage and Code Coverage Closure

One of the key steps to a successful SoC tape out is
the function and code coverage closure. It will be

Vol 44 No. 10
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close it to 100%

functional/code coverage analysis and evaluation.

possible to with proper

F. Verification Sign-Off/ Final Verification Closure

All of the functional verification requirements
outlined on the functional verification approval lists
must be satisfied in order to achieve the ultimate
functional verification closure. Examples include
complete functional or code coverage, a certain
amount of clean regressions over time, the closure
or correction of all flaws, etc.

G. SoC Verification Debug

Debugging is time-consuming, particularly when
working with the complex SoC verification. A solid
understanding of the complex architecture or the
structural elements that must be checked at the SoC
level will greatly reduce the amount of unnecessary
debugging work. When reporting a bug or any RTL
issue, it's important to include all the little details
that will help the designer quickly resolve the
problem, such as the steps to replicate the problem
and the waveform being affected, if applicable.

V. RESULTS AND DISCUSSIONS

Performance of an IP is calculated for the latency at
which the IP can read or write the data onto the bus.
Performance is calculated for the IP with and
without arbitration.

TABLE Il.  COMPARISION OF DATA SIZE AND MATH POWER WITH CHANGE IN DATA TYPE
No. of transactions for Dbus to SRAM1 No. of transactions for Math co-processor Latency (in clock
to SRAM1 cycle)
18 6 0
12 8 1
1 12 2
1 10 3
Average Latency = Average Latency=
0 clock cycle 2 clock cycles
TABLE Ill.  CoMPARISION OF DATA SIZE AND MATH POWER WITH CHANGE IN DATA TYPE
No. of transactions No. of transactions for Latency
for Dbus to SRAM2 Math co-processor to (in clock
SRAM?2 cycle)
7 2 0
784 58 1
258 110 2
2 684 3
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Average Latency = Average Latency=
1 clock cycle 3 clock cycles

TABLE IV. ComPARISION OF DATA sizE AND MATH POWER WITH CHANGE IN DATA TYPE
No. of transactions for Rbus to Flash No. of transactions for Math co-processor Latency
Memory to Flash Memory (in clock

cycle)

945 15 0
973 84 1
10 923 2
2 710 3
2 116 4
2 2 5
3 3 6
Average Latency = Average Latency=
1 clock cycle 2 clock cycles
Performance without arbitration includes the for the read and write transactions. Figure. 19 shows
evaluation of performance at which the IP alone the integration of ML Coprocessor to SoC.

accessing the bus for the read and write
transactions. Performance with arbitration includes
the evaluation of performance at which the IP along
with the multiple IPs or multiple masters in the SoC
are accessing the bus simultaneously where
sometimes priorities can be given to other masters

ML co-processor SRAM 1 Flash
Memory

T ¥
Data bus Result Bus T 1
I ' v 1

AHB Matrix

i ¥ i
L L] 1

ARM _ § SRAM 2
Pracessor Master 1 Master 2

Fig. 16. Integration of ML Coprocessor to SoC

Performance is calculated for the Data(D) bus and simple Math co-processor. Performance of the IP
Result(R) bus. Data(D) bus can access only SRAM1 without arbitration — No other masters in SoC are
and SRAM2 since input data to be computed is active. Performance of the IP with arbitration —

stored in SRAM1 and SRAM2. Result(R) bus can Other masters in SoC are active.
access only Flash memory since the computation
result is stored in flash memory so that the input
data and results should not collide. For both bus the
performance is evaluated and compared with a
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TABLE V.  CoMPARISION OF DATA SIZE AND MATH POWER WITH CHANGE IN DATA TYPE
No. of transactions No. of transactions Latency
for Dbus to for (in clock
SRAM1 Math co-processor to | cycle)

SRAM1

0 0

1 1
35 2 2
20 5 3
5 25 4
Average Latency = Average Latency=
2 clock cycles 4 clock cycles

TABLE VI. CoMPARISION OF DATA SIZE AND MATH POWER WITH CHANGE IN DATA TYPE

No. of transactions No. of transactions Latency
for Dbus to SRAM2 | for

Math co-processor to
SRAM2

0

1

16 10

789 110

Average Latency=

(in clock
cycle)

Wi I N|F—,| O

Average Latency =

3 clock cycle 4 clock cycles

TABLE VII. CoMPARISION OF DATA sIZE AND MATH POWER WITH CHANGE IN DATA TYPE
No. of transactions | No. of transactions for | Latency
for Rbus to Flash Math co-processor to | (in clock
Memory Flash Memory cycle)
68 10 0
944 216 1
968 680 2
22 710 3
6 550 4
5 86 5
3 3 6
Average Latency = Average Latency =
2 clock cycle 3 clock cycles

VI. CONCLUSION ML co-processor IP at SOC level was performed.

Functional verification of co-processor for the ML

This work is mainly focused on the Functional and
Integration verification of ML based co-processor in
SoC Environment. The objectives of the project
evaluating the SOC level
performance criteria of ML Co-processsor with and

revolved around

without arbitration. The integration verification of

based targeted application scenarios like unsigned

dot product, signed convolution, matrix

multiplication, Canvas,

Activation functions like, ReLU, Max Pooling, were

Dequantization, Data

verified. The gate level simulation was performed to
check for the proper functionality for HtoL corner
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without any timing violation in the design. The work
was carried out in the C_UVM SoC environment. The
C code will initiate particular bus transactions which
are being evaluated while the UVM tests are
streaming background activity on the bus. All test
cases are written and edited using the GVIM Editor
tool using System Verilog and C. The C assembly
language code has been converted to binary
representation using the Arm tool chain. The written
test cases were simulated using the Cadence Incisive
Tool, and the Cadence SimVision was utilised to
analyse the waveforms in each case.

From the RTL simulation 100% of the tests are
passing for all the 50 verification scenarios that were
considered under the testplan for the integration

Vol 44 No. 10
October 2023

verification of ML based co-processor. From the gate
level simulation of the co-processor it was found
that there were 0 setup and 0 hold violations and
the design is ready for signoff. With comparision to
simple math co-processor, the average latency of
the ML based co-processor for dbus is 2 clock cycles
less and 1 clock cycle less for rbus without
arbitration. Also with arbitration the average latency
of the ML based co-processor for dbus is 2 clock
cycles less and 1 clock cycle less for rbus. In
conclusion to the performance, the choice between
a simple math co-processor and an ML-based co-
processor, ML-based co-processor offers greater
flexibility and adaptability, making it a compelling
choice for a wide array of data-driven tasks.
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