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Abstract

The deep neural network has been wildly used in various fields in recent
years, since it has excellent performance and is easy to use in classification and
prediction tasks. It is also applied in real-time systems, such as self-driving and
object tracking systems, etc. However, the problem of it is the huge amount
of multiplication and accumulation operations make a neural network task
become a heavy task in real-time systems. This may bring a huge impact on
the performance of the system in the real-time property. Because of this, most
of the real-time systems which include the neural network task must make the
compromise to the accuracy of the result of the neural network task and the
real-time requirement of the system.

BranchyNet [13] and MSDNet [2] were proposed in 2017. These two neural
networks are different from the typical neural network model. They have more
than one exit-point instead of only one exit-point. Different exit-points are
inserted into different places in the neural network model. Since the insertion
locations in the model are different from each other, the execution times from
input-point to each exit-point are also different. The later exit-point will take
more time to finish compared with earlier exit-points. Each of the exit-points
in the multiple exit-point models gives the output of the classification result
on one input picture.

In Chapter 2, we briefly introduce the CNN(Convolutional neural network),
and how the feature map flows as the input and output data between each
layer. For the BranchyNet, it was proposed for the fast inference via finish-
ing its execution from earlier exit-points if the system already has enough
confidence with the generated classification results. One of our proposals uti-
lizes a BranchyNet model based on the VGG-16 for Cifar-10 dataset. This
VGG-16 based BranchyNet has 3 exit-points. From the entry of the model
to the first exit-point "EXIT1”, it has 9 layers. In addition, it has 12 layers
from entry-point to second exit-point "EXIT2”, and 16 layers from entry-
point to the third exit-point ”EXIT3”. The accuracy for "EXIT1” on Cifar-10
is 87.22%, for "EXIT2” is 88.51%, and for "EXIT3” is 88.57%. MSDNet,
which was proposed for the similar purpose to the BranchyNet considers the
impact of the accuracy of the final exit-point by inserting early exit-points
into the model. The MSDNet for Cifar-10 has 24 layers, and an exit-point



is inserted after every 2 layers. The accuracy for "EXIT1” in MSDNet is
84.45%, for "EXIT2” is 86.55%, "EXIT3” is 87.95%, "EXIT4” is 88.93%,
"EXITS” is 90.11%, "EXIT6” is 90.17%, "EXIT7” is 90.28%, "EXIT8” is
90.55%, "EXIT9” is 90.6%, "EXIT10” is 90.61%, and "EXIT11” is 90.77%.

In Chapter 3, we regard the neural network task which is implemented with
the multiple exit-points model in real-time systems as the imprecise compu-
tation [9] task. We show three scheduling methods for real-time systems that
have one neural network task in their taskset. The first scheduling method
is the typical real-time scheduling algorithm with the single exit-point neural
network task. The second method "IC” includes the neural network task with
a multiple exit-points model and regard this task as the imprecise computation
task. In this scheduling, we decide the exit-point to finish the execution of the
neural network based on the system load, instead of choosing by the confi-
dence of classification results of each exit-point. If the time resource that the
neural network task received from the system is long enough to exit from the
later exit-points, then the system uses the classification result of the later exit-
point. The later exit-point will give a result with higher accuracy. The third
method ”"SIC” is a server-based imprecise computation scheduling method. It
is proposed as an enhanced imprecise computation scheduling. With ”SIC”,
the response time of each exit-point will be improved. Since "SIC” is a server-
based method, we present a way to decide the server’s priority in the systems, a
way to compute the budget of the server, and when this server will be released
to the system.

In Chapter 4, we show experiments to evaluate these 3 scheduling methods.
We compare the accuracy of the classification result of the task among a single
exit-point model, multiple exit-points model with "IC”, and multiple exit-
points model with ”SIC”. In addition, we compare the response time of each
exit-point in "IC” and ”SIC”. In experiments, we implemented the multiple
exit-points model for neural network task with the VGG-16 based BranchyNet
and the MSDNet model for Cifar-10 dataset. The basic scheduling algorithms
we used are EDF (earliest deadline first) and RM(rate-monotonic).

In Chapter 5, we implemented the binarized VGG-16 based BranchyNet
on FPGA with VHDL. We show the structure of the neural network model
and the way we are using it to implement the batch normalization operation.
Then, we compare the execution result between the binarized BranchyNet
and its software implementation, for checking the correctness of the hardware
implementation. Furthermore, we show the accuracy and execution of it.



In Chapter 6, we draw a conclusion on our research. From our research,
we can know the efficiency of applying the multiple exit-points neural network
models and treating the neural network task as the imprecise computation
task. It can improve the accuracy of the neural network task without making
other tasks miss their deadline.
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Chapter 1

Introduction

1.1 Background

In the past of few years, Neural Network has become the most popular and
state-of-art in deep learning field, since it can achieve a high accuracy by
extracting and learning features from data by itself. Because of this advantage,
it is also applied on real-time systems, for example the self-driving system and
object-tracking system.

In most of the condition, when the neural network task is integrated in the
system, system developers desire to get a higher accuracy from the neural
network task, and it requires relatively larger models and spends longer time
to execute it. According to this, if the system utilization is already high
enough, a neural network with a longer execution time may overload the system
utilization, and cause one or more tasks to miss their deadline.

For handling the overload condition, imprecise computation [9] was pro-
posed. In the imprecise computation model, it separates a task into mandatory
phase and optional phase. The mandatory phase takes less execution time but
gives a less acceptable result. The optional phase takes longer execution time
than mandatory phase to finish , but a relatively higher precision(or accuracy)
than the result from mandatory phase will be produced.

In 2017, BranchyNet [13] was proposed by Surat Teerapittayanon and MS-
DNet [2] was proposed by Gao Huang. These two neural network models all
considered the resource-limited and energy-sensitive application, and they all
give the solution for fast exit from the execution of neural network by design-
ing several early exit-points in the model. This means several exit-points are



inserted in different places in the network model. Some of the exit-points are
inserted in the early layers, so that they have a short path, and take shorter
execution time to finish even though they give a lower accuracy.

In the neural network model like BranchyNet and MSDNet we mentioned
above, the shortest path can be regarded as the mandatory phase and the
other exit-points inserted in the later layers can be regarded as the optional
phase in the imprecise computation.

Binarized Neural Networks were proposed [1]. Such neural network model
uses two values (41 and -1) to represent the values of weight parameters instead
of using floating point values as a normal neural network model. By simplifying
the weight parameters to +1 and -1, Binarized Neural Network will get a
relatively lower accuracy than a normal floating point implementation, but
decrease the utilization of memory. Since it uses only +1 and -1, if we use 1 to
represent +1 and 0 to represent -1, then we can improve the execution time by
using XNOR operation instead of floating point multiplication to implement
the basic calculation of neural network.

For the speed and energy-efficiency of neural network, a Binarized Neural
Network accelerator for BranchyNet model which runs on FPGA is considered.

1.2 Objectives

In this research, our target is to use a larger deep neural network model in
real-time system even in overloaded situations, without making other tasks
miss their deadline. The following things are the objectives.

e Train a BranchyNet and a MSDNet as a neural network task in the
real-time system.

e Implement a real-time scheduling simulator and two scheduling algo-
rithms which are Earliest Deadline First(EDF) and Rate Monotonic(RM).

e Run the designed neural network task in the scheduling simulator as an
imprecise computation task and observe the accuracy when the utiliza-
tion of system and utilization of neural network task are changed.

e Implement a Binarized version of BranchyNet on FPGA.



1.3 Outline

The rest of the thesis is organized as follow:

Chapter 2 describes the basic knowledge of Convolutional Neural Net-
work, the BranchyNet, and MSDNet.

Chapter 3 proposes 3 scheduling strategies.

Chapter 4 shows the scheduling result with the three different scheduling
strategies.

Chapter 5 describes the Binarized implementation of BranchyNet.

Chapter 6 Concludes this research and presents future work.



Chapter 2

Related Work

2.1 Convolutional Neural Network

Convolutional Neural Network [8] is a class of feedforward neural networks.
It is wildly used now in various fields including computer vision, audio pro-
cessing, and natural language processing and etc because of its outstanding
performance of prediction or classification accuracy. A typical convolutional
neural network consists of more than one convolution layer which is applying
convolution operation on input data for automatically extracting features. Af-
ter one convolution layer, a pooling layer (Max pooling, Average pooling, or
Global pooling) follows as an option. The pooling layer is for reducing the di-
mension and preventing the overfitting to the training data. A fully connected
layer is commonly applied in the very last layer as a classifier to generate the
output of the prediction or classification result. Figure 2.1 shows an image of
the structure of the convolutional neural network.
C1: feature maps C3: f. maps 16@10)(1504: {. maps 16@5x5

INPUT
gl 6@28x28

St |-r -
=T
|-r

C5ilayer g jayer OUTPUT
120 Prigpl e

\
Full coanection ‘ Gaussian connections

Subsampling Convolutions ~ Subsampling Full connection

Convolutions

Figure 2.1: The structure of the Convolutional Neural Network [8].



In this figure, it includes 5 parts: input data, subsampling, convolutional
operations, full connection layer, and output.

The input data is a raw picture. Input pictures can be a monochrome picture
or a 3-channel RGB picture. And the first convolution layer will compute its
output feature map from this input picture.

For the subsampling and convolutional operations, convolution layers with
tanh activation function are for the convolution operations and pooling layers
are for the subsampling.

Before the output data from the last convolution layer is input to the first full
connection layer, it will be flattened, because as shown in the figure, whatever
the input or output feature maps for convolution and subsampling layer are
2-dimensional data, but the full connection layer only accepts 1-dimensional
input. After the last full connection layer, the classification result is produced.

2.2 BranchyNet

2.2.1 Introduction

Considering the high resource consumption for Convolutional neural network,
it is still a problem to apply it on resource-restrictive and energy-sensitive
application. The most straightforward solution for solving this problem is the
fast inference which tries to finish the execution of the convolutional neural
network in the early-stage instead of finishing processing layer by layer of the
complete model. According to this, the idea of inserting some early exit-
points to a complete Convolutional neural network model is designed. One of
the simple designs of BranchyNet [13] which is based on AlexNet [6] is shown
in Figure 2.2.
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Figure 2.2: An BranchyNet implementation based on the AlexNet [13].

The origin AlexNet has 8 layers, 5 of them are implemented with a con-
volution layer, and the rest of the 3 layers are fully connected layers. In the
figure above, the original AlexNet structure is from the convolution layer at
the bottom as the entry to the "EXIT3” as the exit, and we also call it the
main branch. Two side branches are inserted on the main branch. One is
inserted after the first convolution layer. Its execution path is from the first
convolution layer until the "EXIT1”. The second one is inserted after the third
convolution layer. It is from the first convolution layer until the "EXIT2”.

In this network structure, the classifier of "EXIT3” is a full connection layer.
For "EXIT2” and "EXIT1”, each of them consists of 1 max-pooling layer and
1 full connection layer as the final layer.

BranchyNet is proposed for fast inference, which means if the condition is
met, It tries to exit from the execution of BranchyNet via early exit-point
as early as possible. According to this, a procedure or mechanism for mak-
ing the decision to exit from early exit-point is necessary. In their paper, a
”confidence” is defined for doing such duty. The ”confidence” is calculated by
entropy. The following formula calculates the entropy:



entropy(y) = Z yelogye,
ceC

where y is the vector of classification result from an exit-point which is a set of
values, containing the possibility that input data belongs to the corresponding
class, and C' is a set of possible classes.

A procedure named BRANCHYNETFASTINFERENCE is defined as Algo-
rithm 1.

Algorithm 1: BRANCHYNETFASTINFERENCE
1 forn=1,2,...N do

z = fexitn (CU)
g = softmax(z)

2

3

4 e < entropy(y)
5 if e < T, then
6

7

8

‘ return MaxIndex(y)
end
return MaxIndex(7)

In the procedure above, x is one input data. Assume there are N exit-points
in the neural network model. In each iteration, one classification result from
exit-point exit, is marked with z. Then it calls the function of softmax and
entropy until we get a value e. In the final step of this for-loop, a comparison
is performed: if the entropy of the current classification result is less than
T,. The definition of T;, is the threshold for the n-th exit-point. It is checked
whether the entropy of a prediction result from an exit-point is less than its
threshold. For example, if the result of i-th exit-point is less than T;, then they
think this prediction result is confident enough to finish the execution, so exit
the execution of this neural network model from this exit-point. The details
of calculating T, is also showed in the repository of BranchyNet [7].

2.2.2 VGG-16 Based BranchyNet

In our research, we modified one BranchyNet based on VGG-16 [12] and the
dataset for training and testing is Cifar-10 [5]. The basic VGG-16 consists of
13 convolution layers and 3 fully connected layers. The details for its structure
are shown in the ”C” column in Figure 2.3.
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ConvNet Configuration

A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
input ( 32 x 32 RGB image)

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

Figure 2.3: Baseline of VGG-16 in the C column [12].

After the modification, the structure of the BranchyNet based on VGG-16
is showed in Figure 2.4.
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In the VGG-16 based BranchyNet, 2 side-branches are inserted. Branch 1
is from "Entry” to the "Exit 1”7. Similarly, branch 2 is from ”Entry” to the
"Exit2”. Each of these two side branches consists of 2 convolution layers, 1
max-pooling layer, and 3 full connection layers.

Accuracy for the evaluation data in Cifar-10 dataset for all of the exit-points
in this model is showed in Figure 2.5. According to the evaluation result, the
accuracy of the later exit-point is relatively higher than the earlier exit-point.

Accuracy
0.89
0.8851 0.8857
0.885
0.88
0.875 0.8722
0.87 .
0.865
Exit 1 Exit 2 Exit 3

Figure 2.5: Accuracy of VGG-16 based BranchyNet [12].

2.2.3 Training BranchyNet

In this subsection, we show the training procedure of BranchyNet. Assume the
input is z, and a function f..;, generates the output from the n-th exit-point,
and y is the classification result.

Y= femitn<x)' (21)

Then apply the softmax operation on y to get . C' in this formula is the
set of all the possible labels. The Formula2.2 is

exp(y)
Zcec exp(ye)
When the one-hot ground-truth label vector is z, the loss function to calcu-

g = softmax(y) = (2.2)

late the error of this classification result y is as Formula2.3

. 1 .
L(yv Z) = _m Z ch0gyc- (23)
ceC

10



The formula to calculate the error of BranchyNet is Formula2.4

N
LBrcmchyNet (@7 Z) - Z wnL(gem‘tna Z); (24)
n=1

where N is the total number of exit-points, and w, represents the weight of
loss value of n-th exit-point in the total loss value. The sum of weight values
of all exit-points should be 1.0.

The gradient of each weight parameter in the BranchyNet is calculated based
on loss value Lpyanchynet (Y, 2). The optimizer we are using is Adam.

2.3 MSDNet

2.3.1 Introduction

The full name of MSDNet [2] is Multi-Scale Dense Networks. The MSDNet
is proposed for the situation of limited computation resource in the platform,
which is quite similar to the BranchyNet. But the main difference between
MSDNet and BranchyNet is that MSDNet considers the effect of insertion of
early exit-point to the accuracy of the final classifier. The accuracy of the final
exit-point is reduced because of the inserted exit-point. This happens because
the early exit-point makes the features generated by early convolution layers
optimized for the short-term, but for long-terms, the final classifier requires
some ”high-quality” features which might have no high contribution to the
early exit-point but are good for the latest exit-point, and this effect is more
obvious when the early-exit point is appended to the earlier exit-point.

For the reason above, the MSDNet is implemented based on the DenseNet
[3]. The DenseNet connects all of the feature maps generated by previous
layers and uses them as the input for the next layer, so in the later layers, it
will receive the feature map with ”high-quality” features and the feature maps
which are good for the early exit-point. The connection is shown in Figure
2.6.

11



Figure 2.6: Example of structure for DenseNet.

In this figure, x; is the feature maps generated by H;,
xTr; = Hl‘([ﬂfo, L1y ,272;1]).

When ¢ = 0, then:
xo = tnput data.

When ¢ = 1, then:
Xr1 = Hl(l‘o).

The structure of MSDNet has multiple MSDNetlayer, each MSDNetlayer
consists of multiple scales of feature maps as in Figure 2.7. In this figure,
the horizontal axis is the depth of the network, and the vertical is the scale
of the network of each layer. For the first MSDNetlayer, the feature map of
layer 1 and scale 1 is generated first, then the feature maps of scale 2 are
generated based on scale 1, and scale 3 is calculated based on scale 2 in layer 1
with the stride convolution operation. The stride convolution operation means
the stride for this convolution operation is 2, and relatively there is a regular
convolution operation defined with a stride of 1.

12
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Figure 2.7: Example of structure for MSDNetlayer.

The input data for the first MSDNetlayer is a picture. For the later layers,
the input of the convolution layer H;; for getting feature map z;; in layer
i with scale j is the concatenation result of the feature maps from previous
layers with the same scale, which means [z j, 215, ..., %i—1, Ti—1,j-1]. S0 the
formula is

vij = Hij([wog, 215, - Ticrg, Tic151])-
The exception is the first scale in each layer. The input feature map in each
layer in scale 1 is

w1 = Hi1([zo1, 11, w1 j]).

The concatenation operation is rarely found in other neural network struc-

ture. An example to simply explain the concatenation operation is as follows.
a is defined as a = [3.0,4.0,5.0,6.0] and b is defiend as b = [1.0, 2.0, 7.0], then
after the concatenation we get a set ¢ = [a, b] = [3.0,4.0,5.0,6.0,1.0, 2.0, 7.0].

2.3.2 MSDNet for Cifar-10

The structure of MSDNet for Cifar-10 dataset has 24 MSDNetlayers and 11
classifiers. Layers 1 to 8 have 3 scales in each layer, layers 9 to 16 have 2 scales

13



and after layer 16, there is only one scale in each layer. 11 classifiers are inserted
in the model; the first classifier is inserted after the fourth MSDNetlayer. After
the fifth layer, 1 classifier is inserted after every 2 layers. Each classifier consists

of 2 convolution layers and 1 fully connected layer.
Feature map size is 32x32 in scale 1, 16x16 in scale 2, and 8x8 in scale 3.

The structure is shown in Figure 2.8.
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Figure 2.8: Structure for MSDNetlayer on Cifar-10.

The evaluation accuracy for MSDNet on Cifar-10 is showed in Figure 2.9.
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Figure 2.9: Structure for MSDNetlayer on Cifar-10.

2.3.3 Training MSDNet

For training the MSDNet model, when we use f; to represent the k-th classifier
in the model, the loss function on this classifier is denoted as L(f). We are
using the cross-entropy as the loss function. The optimization target is to
minimize the loss value Ly;spnet(,y) calculated with Formula 2.5.

Lyrspnet(z, D) Z Zka ), (2.5)

(z z)eD k

where D is the training set, since we are using the batch training method. For
each time, multiple data will be input and computed by the neural network.
wy, is the weight for k-th exit-point.
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Chapter 3

Scheduling Strategy

In this chapter, I show 3 scheduling strategies for scheduling the neural network
task in the system. The first strategy is scheduling with a single exit-point
neural network task model. The second one is a scheduling strategy that
schedules the neural network model with multiple exit-point as the imprecise
computation task. I call it "IC” as the simplified name. In the third strategy
we use a server-based mechanism to schedule the neural network task with
multiple exit-point as the imprecise computation task. We simply call it ”SIC”.

3.1 Basic concept for real-time scheduling

Before I start to show these 3 scheduling methods, some basic concepts about
real-time scheduling will be introduced. For each real-time system, it has some
computation resource, and a taskset consists of some tasks for utilizing the
computation resource. In our research, we assume the computation resource is
a single-core CPU. All of the task t; in this taskset 7, including neural network
task, are periodic task and each of t; has its own worst-case execution time
W CET;, the relative deadline D; and the period T;. Only one neural network
task is executing in the system.

The worst-case execution time, WC ET; is the longest execution time taken
for finishing one job instance of a task. But in some cases, a job instance
of a task will go to execute a branch which requires less execution time than
the branch with the longest execution time, according to the system condition
or input data of that moment. One thing that should be noticed is that the
system designer cannot predict the exact execution time spent by this task
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because it is decided dynamically.

The relative deadline D; means the longest time interval for finishing the
job of task 1; should be less than or equal to D;. For example, assume a job
instance j; of task 1; is released at time ¢ then the j; should be finished before
time t + D;. If j; is finished later than ¢ + D;, then the calculation result of j;
is meaningless. We call this the deadline miss.

The period T; means for each system time 7T; passed, one job instance of
task t; will be released into system. The task t;’s worst case execution time
WCFET; should be less than or equal to its relative deadline D; and period
T;,(WCET; < D; <T;). In our problem, we consider the period and relative
deadline are equal(D; = Tj).

Besides these 3 basic factors, utilization U; for task t; is calculated by the
formula

U, = —WCETi.

' T;

For each task, its utilization should be less than or equal to 1.0. Otherwise,
it means its worst-case execution time WCET; is longer than the period T; ,
and a new job instance of t; will be released before the old one is finished even
if processor is only running this task. No feasible execution strategy exists for
this task on this processor.

Besides the utilization defined for individual task, a total utilization of U is
defined as

U=> U,

TET

where 7 is the taskset. From this formula, we can know the definition of
total utilization of U of the system is the summation of all of the tasks in the
taskset. If a taskset with a total utilization U larger than the upper-bound of
the scheduling algorithm !, then there will be no scheduling strategy for this
task set without causing any deadline miss.

IThe upper-bound of schedulability depends on the scheduling algorithm. For example,
the upper-bound is 1.0 for earliest deadline first, while 0.69 for rate-monotonic.
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3.2 Imprecise computation

Imprecise computation [9] was proposed for handling the overload condition
in a real-time computation system, so it is focusing on solving the timing
faults in a real-time system instead of the quality of the computation result
from a real-time task. In the imprecise computation, a task is separated into
the mandatory phase and optional phase. The mandatory phase will give the
lowest accuracy or precision of the computation result but utilize the least ex-
ecution time compared with finishing the task until the optional phase. When
the task finished the optional phase, it will get a relatively higher precision
result. And according to the system conditions, the precision of computa-
tion result can be determined at different levels, so there can be two or more
optional phases for the task in an imprecise computation model.

3.3 Example of task set

For helping me to explain these 3 scheduling methods, I will use a taskset
example shown in Table 3.1. In this taskset, there are normal task t;, 15 and
13, and a neural network task named 1. In the first scheduling method, Ty y
is a task with a single exit-point neural network model, and the worst-case
execution time is 2 system time units. But in the "IC” and ”"SIC”, tyy is a
neural network task which is running with a multiple exit-point(to be specific,
2 exit-points in the example). In this condition, since we need to guarantee the
shortest path of the neural network should be finished, we define worst-case
execution time WCFETyy for it of 2, and there is a later exit-point as the
optional one which requires one more system time to exit from it.

WCET T U
Ty 2 4 %
T 2 8§ 1
T3 2 16 3
TNN 2 16 3

Table 3.1: Table of taskset.

When the system is running with the task set above, the actual execution
time AET; ; for j-th job instance of task t; is generated as
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AET ;=1 AFETi ;=2 AET\3=1 AET\4=2
AET,1 =1 AET,5 =2
AET;, =2
AET Ny, =2

Actually, for the task tyy, its AET vy ; should be WCETyy all the time,
because as we know, once the structure of the neural network is fixed, its
execution time should be a constant.

3.4 Scheduling with single exit-point model

The first scheduling strategy is the schedule with a single exit-point neural
network model. When the system designers considered using the single exit-
pint model in the real-time system, they must be aware of the total system
utilization, which is a hard requirement for the taskset running on the system.
The largest model that can be used in the system must guarantee that when
the system is running, no task can miss its deadline(the total utilization of
system load is less than the upper-bound of the applied scheduling algorithm),
so the procedure for choosing the model is compromised with the worst-case
execution time calculated as:

UPPER — BOUND WCET = (U — Uup)Tnn,

where the U,y is the total utilization of the tasks in taskset except the Ty,
and the period Ty should satisfy the required FPS(frame per second, some
of the self-driving systems require up to the 63 FPS), T, = Il,slﬁg Any of the
models which requires longer execution time than the calculated UPPER —
BOUND _WCFET cannot be applied. Other tasks in taskset will not always
run for their worst-case execution time. So the CPU might be free at some

times because of this.

A scehduling exmaple is shown in Figure 3.1. In this example, the scheduling
algorithm is the EDF, and the utilization of this taskset is the upper-bound of
EDF. But, there is some empty slot appear at 11-12 and 14-16, which happens
since the actual executed time AET),, AET; 3 and AET,; are not equal to
their worst-case execution time.
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Figure 3.1: Schedule example with single exit-point model.

3.5 Scheduling with multiple exit-point model

3.5.1 Neural network model changed to multiple exit-
point model

With the scheduling example in the previous section, we noticed even the
calculated theoretical total utilization for the taskset is the upper-bound of
the EDF 1.0. There are some empty slots not utilized by any task. If those
empty slots can be utilized by neural network task, we can use a larger model
to get a higher accuracy for classification. But as we mentioned before, the
empty slot happens dynamically and cannot be predicted by the developer, so
it becomes a problem.

In the second scheduling strategy "IC”, we apply the neural network model
with multiple exit-points. When we are using the multiple exit-point models,
since each exit point is inserted into a different place in the model, finishing
the execution of the neural network from different exit-point requires different
execution times. If it exits from the later exit-point, it will spend a longer time
than the earlier exit-point but the later exit-point gives higher accuracy. We
think this behavior is similar to the concept of imprecise computation in the
real-time computation field if we regard the shortest path exit from the earliest
exit-point as the mandatory phase, for example the "EXIT1” in VGG-16 based
BranchyNet model, and the later exit-point "EXIT2” as optional phase 1 and
"EXIT3” as optional phase 2.

After we applied the imprecise computation model for the neural network
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model, the worst-case execution time for the neural network task has become
the execution time required by the mandatory phase. The reason for making
this design is when the developer is doing the off-line analysis on taskset, he
or she has to make sure that all of the tasks will finish their execution before
their deadline, and neural network task has to finish its mandatory phase to
give an acceptable result. The optional phase is regarded as a kind of "reward”
for the system condition with enough empty slots, where those empty slots are
got from the early finish of other tasks.

3.5.2 Scheduling for imprecise computation

In the scheduling, all of the tasks will be scheduled based on their priority in
the system including the neural network task. The neural network task will
be scheduled with only two conditions:

1. It is the task which has the highest priority in the system at that time.

2. There is some empty slots which are not utilized by any task and the
neural network task did not miss its deadline, and did not finish until its
last optional phase.

3.5.3 Example of IC-EDF

Assume that in the previous task example, the neural network task is imple-
mented with the model which has 2 exit-points like shown in Figure 3.2. This
model is based on the model we ever used in the example of single exit-point
and now we call the original exit-point as "EXIT1”, while a long branch with
"EXIT?2” is inserted into it for higher accuracy, which will ask for more execu-
tion time. After this operation, the worst-case execution time is the execution
time for exiting from "EXIT1”, that is 2, while the additional execution time
for finishing the inserted longer branch up to ”"EXIT2” is 1.
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Figure 3.2: Image of model for IC-EDF

The scheduling result will be like the Figure 3.3.
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Figure 3.3: Image of model for IC-EDF

In the scheduling result, Ty is chosen to run based on its priority, and after
that execution, Tty finishes its mandatory phase(marked with red frame) and
gets a relatively rough classification result. At system time 11 to 12, the Tyy
is scheduled again because it is the second condition, and this time the tyy
finishes its optional phase(marked with blue frame) and gets a relatively higher
accuracy than the result from "EXIT1”.

3.6 Improved scheduling strategy with multi-
ple exit-point model

In the previous section, all of the tasks are scheduled based on their priority,
and some of the tasks did not spend all of their determined worst-case execution
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time. The reason why we can let the neural network task finish until the later
exit-point to get a high accuracy is some of the job instances of the task do
not take all of its worst-case execution time. For example, j;; is the first job
instance of 11, but it only spends 1 system time unit although system preserved
2 system time unit for it, and the j; can be executed earlier and an empty
slot is got later. The empty slot happens because of the early finish of j; ;.
If we can run the Ty once any of the job instances finished early, an earlier
response time of a job instance of Ty will be achieved.

3.6.1 Server for imprecise computation

For making this possible, we designed a server mechanism that is scheduled
in the system background. To define a server mechanism, we need to consider
the following questions:

1. when this server is released,

2. the priority for this server,

3. the budget for this server, and
4. what this server will do.

For question 1, the server is released at system time ¢, when a job instance
Ji,j finishes its running and the actual executed time AET; ; < WCET;.

For question 2, once the server appears, it will have the highest priority in
the system. Before it consumes all of its budgets, no job can be scheduled.

For question 3, the budget for the server is calculated dynamically by the
system. Developers can not predict how much the server can run in the off-
line analysis. If the budget for the server is exhausted, the task with the
highest priority is scheduled. The budget will be updated when a job instance
is finished earlier. It is calculated as below.

BDG =WCFET;, — AET; ;

1,79

where the BDG is the budget for the server, and AET; ; is the actual execution
time for j; ; which is finished at that time.

For question 4, whenever the server is released to the system, it will run the
Tty if it did not miss its deadline and did not finish until the last exit-point.
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If Ty finished until the last exit-point but the server still has some budget, it
releases the computation resource.

3.6.2 Scheduling condition for neural network task

With this server-based mechanism, the neural network task will be scheduled
to run in 2 conditions.

1. The neural network task is the task with highest priority at that time.

2. A server is released and neural network task has not finished until the
last exit-point.

3.6.3 Example of SIC-EDF

The scheduling result for ”SIC-EDF” is shown in Figure 3.4. The basic schedul-
ing algorithm is the EDF, and the server mechanism is implemented based on
this algorithm. Taskset example is the same as the task example in the previ-
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Figure 3.4: Image of model for SIC-EDF.

At t =0, all of the job of tasks are released. Att¢ =1, j;; is finished and the
AET,; = 1. Since AET,; < WCET], so the server is released into system,
and BDG at t = 11is 1. Since server has the highest priority once released into
the system, so it will utilize the processor and run the neural network task
now. At t = 2, the budget for server is become 0, so it releases the processor

to other tasks. At t = 3, jo is finished and AET,; < WCET5;, so server is
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released and BDG = WCET; — AET,; = 1. The server will run the Tty until
t=4.

From the figure, we can know the tyy’s mandatory phase(marked with red
frame) is executed in time slot 1-2 and 3-4 and finished at ¢ = 4. Compared
with the IC-EDF which is finished at t = 8, the response time of "EXIT1”
for SIC-EDF is earlier than for IC-EDF. The response time of "EXIT2” for
SIC-EDF is also earlier than the response time of "EXIT2” for IC-EDF.
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Chapter 4

Evaluation

In this chapter, we show the experiment result of applying the single exit-
point and the multiple exit-point with "IC” and ”SIC”. The VGG-16 based
BranchyNet and MSDNet for Cifar-10 introduced in chapter 2 are used as the
multiple exit-points model in the experiment. Accuracy of neural network task
is the factor for comparing the single exit-point model and the multiple exit-
points model in different scheduling strategy "IC” and "SIC”. And another
comparison is performed between the "IC” and ”SIC”. The response time is
the factor when we are comparing these two strategies.

4.1 Experimental setup

4.1.1 Taskset profile

Tasksets for experiments are generated randomly. Each taskset has two pa-
rameters, total utilization U and the utilization for neural network task Upyy.
For the generated taskset 7, it is

T = Toth U TN N,

where 7, are tasks other than neural network task in the taskset.
When we calculate the total utilization, we used formula:

U:ZUT,

TET
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as shown in chapter 3.
For each combination of U and Uy, there are 10 tasksets. The range for
U and Upyp for taskset is decided as follows:

1. when the scheduling algorithm is the EDF, then U is from 0.7 to 1.0
2. when the scheduling algorithm is the RM, then U is from 0.5 to 0.7

3. the Uyy is from 0.1 to U — 0.1

Since we used the specific neural network model, the execution times of all
phases for tyy are fixed, and they are collected by using the real execution
time unit on CPU(Intel(R) Xeon(R) Silver 4116).

The execution times from entry-point to each exit-point for VGG-16 based
BranchyNet are shown in Table 4.1.

exit-point  time (millisecond)

1 11
2 22
3 34

Table 4.1: Execution time required by each exit-point for BranchyNet.

The execution times from entry-point to each exit-point for MSDNet for
Cifar-10 are shown in Table 4.2.
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exit-point  time(millisecond)
1 27
52
79
114
133
149
164
179
186
193
201

© 00 J O O = W N

[ —y
= O

Table 4.2: Execution time required by each exit-point for MSDNet.

4.1.2 Scheduling simulator

For the scheduling simulator, the basic scheduling algorithm we used is Rate-
Monotonic or the EDF,

The actual execution time for each job is generated on-line by the scheduler
simulator with the formula:

WCET,

AET,; = RAND( \WCET,),

where the RAN D(a,b) is generating the random integer in range a to b.

4.2 Result for VGG-16 Based BranchyNet

4.2.1 Based on EDF

The experiment results for the VGG-16 based Branchynet with the EDF are
in Figure 4.1, which shows the accuracy of the neural network task in different
scheduling methods.
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ACCURACY(BRANCHYNET, EDF)
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Figure 4.1: Accuracy of tyy for single exit-point, ”IC” and ”SIC”, with the
EDF.

The result we showed is when the U is 85%. The x-axis is the utilization
of neural network task. The y-axis is the accuracy of the classification result
from the neural network task.

According to Figure 4.1, we can conclude that the accuracy of the single
exit-point model is constant. And for the ”"IC” and ”SIC”, if the U is fixed
and Uyy is decreased, then the accuracy of the classification result of Ty is
increased. This is because in the ”"IC” and ”SIC”, the execution time from
entry to each exit-point is a constant. And less utilization for Ty means a
longer period for it, and therefore more chance to get the empty slot happens
due to the other tasks which finished early.

The next shown in Figure 4.2 is about the response time of each exit-point in
"1C” and ”SIC”. The results in Figure 4.2 are when U = 85% and Uyy = 10%.
According to this figure, the response time of each exit-point in ”SIC” is shorter
than in the "1C”.
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Response time(BranchyNet, EDF)
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Figure 4.2: Comparison of response time between "IC” and ”SIC”, with the
EDF.

4.2.2 Based on RM

An experiment similar to the previous subsection was conducted where the
basic scheduling algorithm is RM. The result in Figure 4.3 is generated when
U = 65%.
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Figure 4.3: Accuracy of tyy for single exit-point, ”IC” and ”SIC”, with the
RM.

Figure 4.4 is the comparison of the response times of each exit-point when
U = 65% and Uyy = 10%. From this figure, we can get the same conclusion as
when we use the EDF as the basic scheduling algorithm, that is the response
time of each exit-point in ”SIC” is shorter than in the "I1C”.
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Figure 4.4: Comparison of response time between "IC” and ”SIC”, with the
RM.

4.3 Result for MSDNet for Cifar-10

4.3.1 Based on EDF

The accuracy of tyy which is implemented with MSDNet where the basic
scheduling algorithm is the EDF is shown in Figure 4.5. In this experiment,
U = 85%.
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Figure 4.5: Comparison of accuracy, with the EDF.

In Figure 4.5, the x-axis is the Uyy and the y-axis is the accuracy of the
classification result.

The comparison of response time is shown in Figure 4.6. This result is when
U = 70% and Uyy = 10%. Response time is 0 on some exit-points, which
means no exit from that exit-point in scheduling. From this figure, we can see
the response time of each exit-point in ”SIC” is shorter than in "IC”.
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RESPONSE TIME(MSDNET, EDF)
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Figure 4.6: Comparison of response time, with the EDF.

4.3.2 Based on RM

When the basic scheduling algorithm is RM, we got a similar result which is
shown in Figure 4.7. The U is 65% and Uy is from 55% until 10%.
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RESPONSE TIME(MSDNET, RM)

The response time comparison is in the condition of U = 50% and Uy =
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Similar trends to the previous subsections can be found.
EXIT1 EXIT2 EXIT3 EXIT4 EXIT5S EXIT6 EXIT7 EXIT8 EXIT9 EXIT10 EXIT11

EXIT POINTS

149.69
150.96
172.41
174.02
196.11
198.04
221.27
224.48
245.05
247.83
264.84
264.84

RESPONSE TIME(MILLISECOND)
106.96
109.23

[=%= [=%=}
[=%=} [=X=}
S o S o

Figure 4.8: Comparison of response time, with the RM.

36



Chapter 5

Implementation of Hardware
BranchyNet

In this chapter, we show the implementation of binarized BranchyNet in hard-
ware on an FPGA board with the hardware description language VHDL. The
network structure that we implemented is the VGG-16 based BranchyNet that
we introduced in Chapter 2. It has 18 convolutional layers and 9 full connection
layers. The BNN(binarized neural network [1]) uses "1’ and '0’ as the weight
parameters, and the values in feature maps generated from each layer are also
represented by a binary value. In BNN, the multiplication operations used in
the typical neural network are replaced by the XNOR operation, and the ac-
cumulation of multiplication result is also replaced by the popcount operation.
The XNOR and popcount operations can be simply implemented with a few
logic gates, so the performance and resource usage of BNN are much better
than the typical neural network.

The architecture of the hardware implementation referred to the implemen-
tation by Guo Jiajun [4]. The only difference is the implementation of batch
normalization. We referred to Manuele [11]’s paper for batch normalization.

When we use the formal way to do the batch normalization in the inference
phase, we perform the operation like Formula 5.1. Assume the input data of
batch normalization is X, and there are m values in X. Formula 5.1 as follows.

1 m
M:Eizll’i,
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P ey
Vo4 e
y; = BatchNorm., g(z;) = vZ; + f5. (5.1)

y; is the i-th output from the batch normalization, and v and 3 are the
parameter which are trained by the backpropagation algorithm [10].

In Manuele [11]’s paper, the calculation of batch normalization in the infer-
ence phase uses Formula 5.2. In the formula, ¢(m, z,y) is the popcount result
of the pixel [z, y] in m-th channel. thresh(m) in the formula is the calculated
threshold.

o(m,z,y) > thresh(m) ify>0,
o(m,x,y) > thresh(m) if v <0,

1 if y=0andp >0,
ify=0and g <O.

pizel(m,x,y) = (5.2)

=}

The pizel(m, z,y) is the calculated pixel located at coordinate [z, y| in m-th
channel of the feature map.
The formula used for calculating the threshold thresh(m) is Formula 5.3:

thresh(m) = {Wm —Ba/] Z,f 7>, (5.3)
[t = B0 /7] if v <O0.

By applying Formula 5.2, we can get the binarized result with only compar-
ison operation. This operation does not utilize too much LUTs on FPGA, but
bring less impact to the performance compare with the formal batch normal-
ization calculation.

The execution result from the software is in Figure 5.1. Figure 5.1(a) is
the output of "EXIT1”, Figure 5.1(b) is the output of "EXIT2” and 5.1(c) is
output of "EXIT3”. In Figure 5.1, the left side is the class number, and on
the right side is the output of the final layer of BranchyNet. In figure 5.1(a),
this result is from "EXIT1”. The largest number of output in this figure is
282.0, and the corresponding class is class 3, so the classification result is class
3. Similar results can be seen in Figure 5.1(b) and Figure 5.1(c).
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0 -50.0 0 -30.0 0-32.0
1-102.0 1-24.0 1-16.0
2 -78.0 2 8.0 2-22.0
3 282.0 3 446.0 3 608.0
4 -136.0 4 40.0 4-2.0
5 -40.0 5 -70.0 5 44.0
6 -78.0 6 -20.0 6 -24.0
7 4.0 7 -30.0 78.0
8 -114.0 8 -36.0 8 -54.0
9 -82.0 9 -34.0 9 -54.0
(a) EXIT1 (b) EXIT2 (¢) EXIT3

Figure 5.1: Output from software.

The result from hardware implementation is in Figure 5.2. The first line of
output from hardware corresponds to class 0, the second line corresponds to
class 1, and so on for the rest of the lines of the classification result.

-50 -30 -32
-102 -24 -16
|-78 8 -22
282 446 608
|-136 40 -2
-40 -70 44
|-78 -20 -24

4 -30 8
114 -36 -54
-82 -34 -54

(a) EXIT1 (b) EXIT2 (¢) EXIT3

Figure 5.2: Output from hardware.

39



By comparing the execution result of the last layer of the network, we can
know the BranchyNet in hardware implementation is the same as the output of
software implementation. The hardware implementation of FPGA is correct.

The accuracy for each exit-point of the hardware implementation is shown
in Table 5.1.

Exit point Accuracy

Exitl 0.7947
Exit2 0.8091
Exit3 0.8111

Table 5.1: Accuracy for each exit-point

Here is the execution time for each exit-point in Table 5.2, where the unit

of time is in seconds.

Exit point  Time(sec)
Exitl 0.04068265
Exit2 0.040690265
Exit3 0.04751765

Table 5.2: Execution time for each exit-point

FPGA device we choose for running this BranchyNet is xcvu440-flagh2377-
1-](Xilinx Ultra Scale series). The detail of the resource usage is in Table
5.3.

Resource | Available Utilized Utilization(%)
LUTs 2532960 1857461 73.33

Registers | 5065920 374341 7.39

CARRYS 316620 876 0.28

F7 Muxes | 1266480 170875 13.49

F8 Muxes | 633240 38091 6.02

BRAM36 2520 1151 46.15

BRAM18 5040 24 0.48

Table 5.3: Available resource and utilization.
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Chapter 6

Conclusion and Future work

6.1 Conclusion

The use of CNN will be increased even in the computation resource critical
environment.

In our research, we used the untypical CNN, i.e., BranchyNet and MSDNet
as the neural network model to implement the neural network task in a real-
time system, and considered the scheduling of neural network tasks from the
real-time computation view, instead of using the typical way. We found that
when we apply the neural network model which has multiple exit-point and
regard it as an imprecise computation task, it will give us a higher accuracy
than the typical CNN model. And within the scheduling method in ”IC” and
”SIC”, we found the ”SIC” (the server-based imprecise computation) method
gives a shorter response time than IC.

Besides the scheduling method for the multiple exit-point, we also imple-
mented the BranchyNet on FPGA with VHDL with the consideration of the
hardware implementation being faster than the software implementation on
general-purpose CPU.

6.2 Future work

For future work, the implementation of BranchyNet on FPGA. Our implemen-
tation is slower than other’s, so as one of the future work, refine the imple-
mentation of the hardware implementation to increase the speed and reduce
the resource utilization.
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