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Abstract

This thesis presents the hardware realization of three DT algorithms namely, Two Means Decision
Tree (TMDT), Hybrid Decision Tree (HDT), and Perceptron Decision Tree (PDT). The TMDT algo-
rithm classifies the data based on two-means clustering in each node. This reduces the computation
to a great extent and thus, results in efficient hardware. First, the offline implementation of TMDT
training is performed where the entire data is loaded to on-chip memory on Field Programmable Gate
Array (FPGA). In this work, the TMDT algorithm is implemented in serial and mixed mode for
binary classification only. However, the serial processing of blocks limits the speed of execution. So,
next, a mixed implementation of TMDT training is proposed on FPGA. In this work, some blocks are
implemented in pipelined manner and some blocks in parallel to minimize the latency. The memory
access latency increased to a great extent due to large on-chip memory. Also, the huge memory con-
sumption limited the training data size. So, the TMDT is modified and a batch-mode training process
is implemented for multi-class classification on FPGA in the next chapter. In this implementation,
the training data is divided into batches and one batch at a time is loaded into the chip memory to
train the DT. This batch-mode implementation removed any constraint on the training data size. The
accuracy of TMDT can be enhanced by implementing hybrid nodes. So, next, HDT and its training
implementation on FPGA are proposed. This DT is a hybrid combination of split nodes hosting
mean-dependent and axis-aligned split decision functions. The mean-dependent nodes are similar to
the TMDT nodes and the axis-aligned split function parameters are learned by reducing the number
of impurity computations. The HDT is observed to perform better than TMDT. Although there is
a little increase in training latency, the performance measures (accuracy and F1l-score) were observed
to improve. However, the HDT performance was still inferior for small-sized datasets. To further
improve the accuracy of the small-sized datasets, PDT training is implemented on FPGA. In this
DT, each split node hosts a single output perceptron (no hidden layer). For implementing a percep-
tron efficiently in hardware, the perceptron architecture consisting of Offset Binary Coding (OBC)
and Co-Ordinate Rotation-axis Digital Computer (CORDIC) is proposed and implemented on both
FPGA and Application Specific Integrated Circuits (ASICs). The OBC architecture has been used
in literature for inner product calculation in filters where multiplication is implemented using shifters
and adders. Also, training hardware for PDT is proposed on FPGA. Next, classification hardware
for PDT is proposed for bio-medical applications on both FPGA and ASIC. The DT algorithms pre-
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sented in this thesis have lower complexity compared to CART, C4.5 or ID3 algorithms. The training
of these DT algorithms is implemented on FPGA and found to be both resource-efficient than the
existing training accelerators. The serial architecture consumes fewer resources and runs at least 10x
faster than the software implementation. The serial implementation of TMDT optimizes the resource
consumption by at-least 8x as compared to the existing training accelerator for CART. The mixed
implementation is found to be at least 14x faster than the software implementation. The batch-mode
implementation is found to speed up the training by at least 27 x as compared to software implementa-
tion. It halves the LUT consumption as compared to previous designs. It also exhibits 10x reduction
in BRAM usage as compared to the training accelerator for CART. The PDT training is accelerated
by 34x for the worst-case scenario (largest dataset) as compared to software implementation. This
design almost halves the resource utilization as compared to previous designs and has 6x saving in
BRAM consumption as compared to CART training accelerator. This hardware achieves a speed-up

by a factor of 2 as compared to the software.

TH-3177_176102101

xii



Contents

List of Figures xvii
List of Tables xxi
List of Acronyms xxiii
List of Symbols XXV
1 Introduction 1
1.1 The Decision Tree (DT) Algorithm . . . . . . . .. ... ... .. ... 2
1.2 Existing works on DT Algorithm . . . . . . . . . .. .. .. .. ... ... .. ..... 4
1.2.1 Challenges in DT training and need for training accelerators . . . . ... ... )

1.2.2 Limitations of DT and necessity of NT . . . . . . . .. .. .. ... . ...... 5

1.3 Suitability of FPGA for training accelerator implementation . . . . . . .. .. ... .. 5

1.4 Existing classification hardwares . . . . . . . . ... .. oL o Lo 7
1.4.1 DT classification hardwares . . . . . . . . .. . ... .. ... ... 7

1.4.2  Other classification hardwares . . . . . . . . .. .. ... L. 8

1.4.3 Perceptron hardware . . . . . . . . . .. Lo 9

1.5 Motivation and problem formulation . . . . . . ... ... .. ... ... .. ... .. 9

1.6 Scope of the thesis . . . . . . . . . . e 10

2 Two Means Decision Tree: Offline and binary class implementation 13
2.1 Problem formulation . . . . . . . .. ..o 14
2.2 Proposed TMDT algorithm . . . . . . . . . . .. . . . .. . 15
2.3 Proposed Hardware Architectures . . . . . . . . . . . .. ... 19
2.3.1 Serial architecture . . . . . . . . . .. 19

2.3.2 Mixed pipeline and parallel architecture . . . . . . .. . ... ... ... .... 24

2.4 Results. . . . . o e 30

TH-3177_176102101

xiii



Contents CONTENTS

2.4.1 Experimental set-up and dataset description . . . . ... ... ... ... ... 30

2.4.2 Experimental results . . . . . .. ..o 31

2.5 Discussions . . . . ... e 35

3 Two Means Decision Tree: Batch-mode and multi-class implementation 39

3.1 Problem formulation . . . . . . . .. ... 40

3.2 Batch-mode TMDT algorithm for multi-class data . . . . . .. ... ... ... .... 41

3.3 Proposed hardware architecture . . . . . . . . . ... ... Lo 43

3.3.1 Flow of pipeline . . . . . . . . . . e 43

3.3.2 Pipeline stage-1 architecture . . . . . . . . .. ..o 44

3.3.3 Pipeline stage-II architecture . . . . . . . . ... ... ... L 0 L. 48

3.4 Results. . . . . o 0 49

3.4.1 Experimental set-up and dataset description . . . . . ... ... ... ... 49

3.4.2 Experimental results . . . . . . . ..o 51

3.5 Discussions . . . ... e e e 53

4 HDT: Hybrid Decision Tree 55

4.1 Need for HDT . . . . . . . o o e 56

4.2 Proposed HDT algorithm . . . . . . .. . .. .. 56

4.3 Proposed hardware architecture . . . . . . . . . . ... ... L oL 62

4.3.1 State diagram for the control unit . . . . . . .. .. ... 0oL 62

4.3.2  Overall architecture . . . . . . . . . . . . 63

4.3.3 Mean-dependent node architecture . . . . . . . . .. ... L. 67

4.3.4 Axis-aligned node architecture . . . . . ... ... Lo 68

4.3.5 Distance computation architecture . . . . . . . . .. ... ... ... 71

4.3.6 Three stage pipelined distance comparator architecture . . . . . ... ... .. 72

4.3.7 Hardware architecture of node label detector . . . . . . .. .. ... ... ... 74

44 Results. . . . . o o 75

4.4.1 Experimental set-up and dataset description . . . . .. .. ... ... ... .. 75

4.4.2 Experimental results . . . . . . ... 78

4.5 Discussions . . . ... e e 81
TH-3177_176102101

Xiv



CONTENTS Contents

5 PDT: Perceptron Decision Tree

5.1 Problem formulation . . . . . . ... ..o
5.2 Perceptron evaluation . . . . . . .. Lo
5.2.1 Perceptron algorithm . . . . . . . . . . ... .
5.2.2 Proposed hardware architecture . . . . . . . . .. ... oo

5.3 Feed-forward MLP architecture designed using the proposed perceptron hardware . . .

5.4 The PDT algorithm . . . . . . . . . .. .
5.4.1 Feature selection and data pre-processing . . . . . . . ... ...
5.4.2 Perceptron training . . . . . . . . . . ...
5.4.3 PDT training flow . . . . . . . . . ...
5.4.4 PDT classification flow . . . . . . . .. .. .. oo
5.5 Proposed PDT hardware architecture . . . . . . . . . . .. ... ... ... ......
5.5.1 Proposed PDT training hardware . . . . . . . .. .. .. .. ... .. .. ...,
5.5.2 Proposed PDT classification hardware . . . . . . . ... .. .. .. ... ....
5.6 Results. . . . . o 0 o L e e e e e e
5.6.1 Perceptron and MLP hardware . . . . . . .. ... ... ... . . ...
5.6.2 PDT training hardware . . . . . . . . . . ... L oo
5.6.3 PDT classification hardware . . . . . . . .. . . ... ... L.
5.7 DISCUSSIONS . . . . . ..o e e
6 Conclusion
6.1 Summary . . . ..o e e
6.2 Future Research Directions . . . . . . .. ... . oo
Bibliography

List of Publications

TH-3177_176102101

83
84
85
85
85
92
92
92
93
94
95
96
96
100
104
104
106
110
113

115
116
118

119

123

XV



Contents CONTENTS

TH-3177_176102101

Xvi



List of Figures

1.1 The flow chart of Decision Tree algorithm. . . . . . . .. . ... ... ... ... .... 2
1.2 The steps involved in implementing a circuit on FPGA . . . . . . . ... ... ... .. 6
2.1 The flow diagram of TMDT. . . . . . . . . . ... . 16
2.2 Accuracy vs. aplot . ... e 17
2.3 Accuracy vs. po POt . . L. oL 18
2.4 Proposed serial architecture for TMDT algorithm . . . . . . ... ... ... .. .... 20
2.5 Hardware architecture for distance calculator . . . . . . ... ... ... ... ... 22
2.6 Hardware architecture for pruning module . . . . . . . . .. ... ... ... ... 23
2.7 Block diagram for hardware architecture for TMDT . . . . . ... .. ... ... ... 23
2.8 Outline of mixed pipeline and parallel architecture . . . . . . . ... ... ... .... 25
2.9 Detailed architecture for pipelined stage-I and IT . . . . . . . ... ... ... ..... 27
2.10 Hardware architecture to access data memory in parallel . . . . . ... .. .. .. ... 28
2.11 Timing diagram showing the clock cycle consumption for different stages . . . . . . . . 29
2.12 Block diagram showing the experimental arrangement . . . . . .. .. ... ... ... 30
2.13 Node data separation from the parent node to children nodes in TMDT . . . .. . .. 32
2.14 Bar plot of latency and accuracy comparison . . . . . . . . ... 33
2.15 Confusion matrix . . . . . . . . . .. e 34
2.16 Pie-chart showing the power consumption for the TMDT serial architecture. . . . . . . 35
2.17 Pie-chart showing the power consumption for the TMDT mixed architecture. . . . . . 36
3.1 The flow diagram of batch-mode TMDT algorithm. . . . . . . ... ... ... ..... 42
3.2 Outline of hardware showing flow of Pipeline-T and IT. . . . . . .. ... ... ... .. 43
3.3 Hardware architecture of pipeline stage-I. . . . . . . .. .. ... 0oL 45
3.4 Hardware architecture of multiplier . . . . . . . . . . .. ... oL 47

TH-3177_176102101

xXvii



List of Figures LIST OF FIGURES

3.5
3.6
3.7
3.8
3.9

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10
4.11
4.12
4.13

5.1
5.2
5.3
5.4
5.5
5.6
5.7
5.8
5.9
5.10
5.11

Pipelining of addition in the multiplier. . . . . . . . ... ... ... ... ....... 48
Hardware architecture of pipeline stage-II. . . . . . . . . .. .. ... ... ... .. 49
Depth impurity vs. maximum depth plot . . . . ... ... ... ... ... ... 50
Bar-plot of accuracy and latency for different batch sizes . . . . . . . . ... ... ... 50
Pie-chart showing the break-up of power consumption. . . . . . .. .. ... ... ... 53
The flow of HDT algorithm . . . . . .. ... ... o 58
Outline of hardware architecture for HDT . . . . . . . . .. .. .. .. ... ... ... 62
State diagram showing the states involved in the hardware. . . . . . ... .. .. ... 64
Hardware architecture for NODE MEMORY . . . ... ... ... .. ... ..... 66
Hardware architecture for mean-dependent node . . . . . . . ... .. ... ...... 67
Hardware architecture for axis-aligned node . . . . . . . . ... ... ... ....... 69
Hardware architecture for distance computation . . . . . . . .. .. .. ... ... ... 71
Hardware architecture for pipelined comparator . . . . . . . . ... ... ... ..... 73
Hardware architecture for node label update . . . . . . . . . . ... ... ... ..... 74
Experimental set-up for FPGA implementation. . . . . . . . . . ... ... ....... 75
Accuracy vs. g PIOt . . . L L e 76
Training latency vs. Gna plot . . .« . . o o L 76
Accuracy and training latency vs. axis-aligned nodes depth bar-plot . . . . .. .. .. 7
Structure of a perceptron . . . . . ... Lo 85
Hardware architecture of perceptron block . . . . . . . . . .. ... ... ... ..... 87
Plot showing the variation of sigmoid output with input x . . . . . .. ... ... ... 89
Hardware architecture of CORDIC . . . . . . . . .. ... . . .. .. 91
Hardware architecture for feed-forward MLP module . . . . . ... .. ... ... ... 92
Structure of fully grown PDT . . . . . . . . .. ... 93
Block diagram showing the flow of PDT . . . . . . . .. .. ... oL 96
Hardware architecture for PDT training . . . . . . . . . ... ... ... ... ..... 97
Hardware architecture of simplified inner product calculation unit . . . . .. ... .. 98
Hardware architecture for weight update. . . . . . . .. .. .. ... ... ... .. 99
Hardware architecture of DRAM storing the DT structures . . . . . ... ... .... 101

TH-3177_176102101

xviii



LIST OF FIGURES List of Figures

5.12 Hardware architecture of proposed classification hardware . . . . .. ... .. ... .. 103
5.13 Plot showing deviation of the o(z) calculated using LUTs and CORDIC.. . . . . . .. 107
5.14 Bar-plot showing accuracy variation . . . . .. ... .. ... L0000 108
5.15 Pie-plot of dynamic on-chip power distribution of PDT classification hardware . . . . 112

TH-3177_176102101

Xix



List of Figures LIST OF FIGURES

TH-3177_176102101

XX



List of Tables

1.1

2.1
2.2

2.3

3.1
3.2
3.3

4.1
4.2
4.3

4.4
4.5
4.6

5.1
5.2
5.3
5.4
5.5
5.6
5.7

Key features and limitations of existing works . . . . . . . . ... ... ... ...... 8

Latency comparison between software and hardware platforms . . . ... .. .. ... 31

FPGA training latency comparison of proposed training hardwares with existing train-

ing hardware . . . . . . . .. L 33
Resource utilization comparison . . . . . . . . ... Lo 35
Accuracy and training latency on software and hardware platforms . . . . . . .. . .. 50
Accuracy and training latency comparison with existing hardwares . . . . . . .. . .. 51
Resource utilisation comparison . . . . . . . . . ..o o Lo 51
Table comparing HDT with conventional DT (C4.5) and TMDT . .. ... ... ... 61
Training latency and accuracy comparison of C4.5 DT with HDT . . . . . . ... ... 78

Data-size description and Fl-score of all datasets. The binary classes do not have

Fl-score (class 2). . . . . . . . e 79
Training latency of software and hardware platforms . . . . . ... .. ... ... ... 79
Latency comparison of proposed hardware with existing hardwares . . . . . . .. . .. 81
Resource utilization comparison . . . . . . . ... 81
LUT contents for 3 dimensional input vector used to calculate D,, . . .. .. .. ... 89
Latency comparison on Python and FPGA . . . . . . . ... ... ... ........ 104
Resource utilization comparison of OBC with conventional multipliers . . . . .. . .. 105
Resource utilization comparison . . . . . . .. ... oL 105
Performance comparison of CORDIC . . . . . . . . .. . ... ... ... ........ 105
The variables and their values as used in the hardware . . . . . . . . . ... ... ... 109
Performance of PDT for variable-sized datasets on Python . . . . . .. .. .. .. ... 109

TH-3177_176102101

Xx1



List of Tables LIST OF TABLES

5.8 Accuracy and training latency of PDT on Python and FPGA . . .. ... .. ... .. 109
5.9 Resource utilization comparison of PDT training hardware . . . . .. .. .. .. ... 110
5.10 Performance of PDT classification hardware . . . . . . . . . ... ... ... ... ... 111
5.11 Resource utilization comparison of PDT classification hardware . . . . . . . . . .. .. 112
5.12 Performance comparison of PDT classification hardware on ASIC . . . . . .. ... .. 113

TH-3177_176102101

xxii



List of Acronyms

TH-3177_176102101

Al
ML
NN
SVM
DT
CART
TMDT
HDT
PDT
OBC
CORDIC
KNN
NT
VLSI
GPU
ANN
DNN
CLB
1/0
LUT
RTL
HDL
CPU

Artificial Intelligence

Machine Learning

Neural Network

Support Vector Machine
Decision Tree

Classification and Regression Tree
Two Means Decision Tree
Hybrid Decision Tree
Perceptron Decision Tree

Offset Binary Coding
Co-Ordinate Rotation-axis Digital Computer
K Nearest Neighbour

Neural Tree

Very Large Scale Integration
Graphical Processing Unit
Artificial Neural Network

Deep Neural Network
Configurable Logic Block
Input/Output

Look-Up Table

Register Transfer level
Hardware Description Language

Central Processing Unit

xx1il



List of Acronyms LIST OF TABLES

DA Distributed Arithmetic

MAC Multiply-and-Accumulate

BRAM Block Random Access Memory
DRAM Distributed Random Access Memory

FF Flip Flop

DSP Digital Signal Processor

MLP Multi-Layer Perceptron

RLC Rotational Co-Ordinate Rotation-axis Digital Computer
VLC Vector Co-Ordinate Rotation-axis Digital Computer
FSM Finite State Machine

TH-3177_176102101

XX1V



List of Symbols

q Node number

ng Number of data vectors entering node ¢
C Total number of classes in data matrix
b Batch-size of data

N Number of epochs

H Total number of batches

Xy Data-matrix of node ¢
X, Data-matrix of left child of node ¢

Xyr  Data-matrix of right child of node ¢

xF kt" data-vector belonging to data-matrix Xy

m Dimension of data vector x*

R™ Data-space consisting of m-dimensional real numbers
xF[I] 1" dimension of data-vector x*

y(x*)  Actual class of data vector x*

Uk Predicted class of data vector x*

gl Left mean vector of node ¢

HqR Right mean vector of node ¢
d];L Distance of x* with gL
d';R Distance of x* with HqR

Cmaz  Maximum depth of DT

Mp Minimum purity to declare a node as leaf node
Pe Minimum data-vectors required to declare a node as split node
« Mean-update factor

TH-3177_176102101

XXV



List of Symbols LIST OF TABLES

T DT trained on data batch H
w Weight vector
¥ Weight update factor

Npr  Number of DTs used for feature selection

TH-3177_176102101

XXVi1



Introduction

Contents
1.1 The Decision Tree (DT) Algorithm . . . . .. ... ... .. ......... 2
1.2 Existing works on DT Algorithm . .. ... ... ............... 4
1.3 Suitability of FPGA for training accelerator implementation . . ... .. 5
1.4 Existing classification hardwares . . ... ... ... ... .......... 7
1.5 Motivation and problem formulation . . . . . ... ... ... ........ 9
1.6 Scopeofthethesis. .. .. . . .. . . i i i i i ittt 10

TH-3177_176102101



1. Introduction

Yes No Yes No Yes No Yes No

Figure 1.1: The flow chart of Decision Tree algorithm.

1.1 The Decision Tree (DT) Algorithm

Machine Learning (ML) algorithms are used to train a model from a dataset for performing clas-
sification or regression tasks. Supervised ML algorithms use labeled training data for model learning.
Artificial Neural Networks (ANN) [1], Support Vector Machines (SVM) [2] and Decision Trees (DT) [3]
are widely used as supervised ML algorithms. Unsupervised ML algorithms use unlabeled training
data and group them into clusters. K-means [4], hierarchical agglomerative clustering [5] and DB-
SCAN [6] are a few examples of unsupervised learning algorithms.

Due to simplicity, DTs are more suited for low-power and low-cost applications [7]. The DT is
a supervised algorithm that can be used for both classification and regression tasks. Classification
involves identifying and assigning a category label to the data by evaluating its features. While
regression is predicting the value of a particular data feature by evaluating the feature information.
The parameters of the DT algorithm are first tuned using a set of training datasets in the training
phase. The performance of the DT algorithm is then measured by using it to classify the test dataset.

The basic structure of DT algorithm comprises of a tree with split or decision nodes and leaf or
label nodes. A binary DT structure is shown in Fig. 1.1. It partitions the input space in a hierarchical
top-down approach. The data is first input to the root node and then continuously routed by decision
nodes and sent to the appropriate child node till it arrives at a leaf node where it is assigned a label.

The DT can function with a hybrid structure. That is, different split nodes in a DT can host decision

TH-3177_176102101




1.1 The Decision Tree (DT) Algorithm

functions of different forms. The round nodes in blue represent split nodes and the square nodes in
yellow represent the leaf nodes. Data partitioning at split nodes is represented with a red line and
leaf node labeling is represented with a black line. In a DT, the split node stores the split function
parameters. The input data is passed from parent to child split node (at consecutive depth) while
checking different feature information till it reaches the terminal leaf node where it is classified with
a category label. In this figure, the DT determines whether a person’s loan can be approved (labeled
Yes) or not (labeled No). As shown, the first node compares the salary feature of the person. If the
salary is greater than 50k, then, the gender is checked. Otherwise, it is sent to the left node where
age is checked. If the age is greater than 30 and the person is married then the loan is not approved
otherwise, the loan is approved. A DT algorithm has two phases, training and inference. In the
training phase, the DT parameters are tuned according to the training dataset [3]. To enable a DT
to perform autonomous classification or inference for a particular application, it is important to train
the DT with data from that application. The dataset is divided into two disjoint parts — training
and test dataset. A training dataset consists of a majority of data instances that are used to train
the DT while the test set consists of fewer data instances used to validate the efficacy of the training
algorithm. The training of DT involves tuning the algorithm parameters using this training dataset so
as to efficiently perform classification or inference on unseen input data. During training, the growth
of the DT is controlled by termination conditions. Then, pruning is applied to the full-grown tree
to avoid over-fitting or memorization of data. Over-fitting results in poor generalization and thus
affects tree performance for unseen data. There are two types of pruning — pre-pruning and post-
pruning. In pre-pruning, a split node is checked for pruning conditions before splitting. If it satisfies
the condition then, it is set as a leaf node and it is not split further. In post-pruning, the DT is grown
to full depth, and then the pruning conditions are checked. Thus, post-pruning is more suitable for
efficient hardware implementation as hardware resources are allotted at the very beginning. This also
allows for efficient pipelining in hardware which assumes that no node is missing in the middle (as
it happens in the case of pre-pruning). The DT algorithms hierarchically partition the input space
in a top-down manner till specific termination conditions are satisfied. This hierarchical partitioning
is achieved by routing data through a decision function hosted at the split nodes of the DT. The
DT flow terminates at leaf nodes. These leaf nodes correspond to almost pure regions of input data

space containing a majority of the instances with the same label. The model complexity and training
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1. Introduction

time of DT depend on decision functions hosted at splitting nodes. This ranges from simple axis-
aligned rules (C4.5) [8], oblique splits [9] to complex networks [10]. Most practical applications use
software platforms to train the DT. Model parameters obtained by such training are incorporated
in hardware chips for operations involving embedded systems. However, re-training parameters on
these chips become difficult for adapting to different applications. Besides, several applications prefer
the local availability of data to embedded processors [11]. Also, an embedded device capable of the
model update has the advantage of use in various applications. Graphical Processing Units (GPUs)
are often deployed for ML applications involving heavy computations which also lead to heavy power
consumption. Comparatively, Field Programmable Gate Arrays (FPGAs) and Application Specific
Integrated Circuits (ASICs) are convenient low-power alternatives to accelerate training. In contrast
to FPGAs, ASICs do not offer reconfigurability. However, ASICs offer higher speed and low power

advantages over FPGAs [12].

1.2 Existing works on DT Algorithm

Several DT training algorithms have been reported in the literature [13—18]. The Deep NT proposed
in [13]|consists of neural networks. These networks are trained using gradient descent rather than
greedy splitting. This tree also implements self-pruning at both feature and split levels. A modified J48
DT algorithm is used in [14] for energy security. This intrusion detection system handles interruption
and interference attacks in grids. The RES-OT proposed in [15] uses oblique splits for Parkinson’s
tremor detection. It uses 12 regularisation of weights instead of 11 regularisation for better accuracy.
The Eager DT proposed in [16] trains the DT to include results for unknown attribute values. This
enables the trained DT to handle data with missing attribute values. The DT training in [17] considers
re-training of nodes based on the importance criterion. The node having higher importance is chosen
for re-training first. The DT proposed in [18] implements a two class support vector machine (SVM)
in each node. Here, the root node data is divided into almost homogeneous clusters and given as input
to the children nodes. These children nodes consist of the SVM which performs the splitting. These
highly complex DT algorithms are implemented using software that results in higher run-time. The
hardware implementation can speed-up the execution by at-least 10x for the most basic hardware

architecture [19].
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1.3 Suitability of FPGA for training accelerator implementation

1.2.1 Challenges in DT training and need for training accelerators

The DT training consumes greater amount of time as compared to classification. So, speeding
up the training phase is very much important for efficient implementation of DT training algorithms.
Moreover, the software executes the code sequentially which leads to longer training time. Hardware
implementation is a good solution to speed up the execution due to provision of higher parallelism
which reduces the execution time. The hardware implementation of DT training has increased the
speed and thus, resulted in a much faster training [20]. Furthermore, training on hardware would
offer possibilities of on-device training and reduce the security risk of data leak which happens in
case of training on cloud [21]. The Classification and Regression Tree (CART) architecture reported
in [20] implements training for CART algorithm on multi-FPGA system in High Capacity server. This
design achieves a speed-up of two orders of magnitude as compared to software solutions at the cost
of increased complexities. The ASIC implementation of training accelerator is proposed in [22]. Tt im-
plements training using both Two Means DT (TMDT) and axis-aligned DT. The DT giving the best
result is chosen. It supports training for only upto 10 kilobyte of training data. The higher computa-
tional complexities involved in training conventional DT results in higher resource consumption which
ultimately results in a rise in hardware costs involved in the design [23]. Therefore, implementing

training for a low-complexity algorithm in hardware will increase resource usage efficiency.
1.2.2 Limitations of DT and necessity of NT

In conventional DTs, the split is axis-aligned. Thus, the decision boundary is highly affected by
noise in training data. Therefore, the DT algorithm was modified to include oblique nodes as split
nodes instead of axis-aligned nodes. These oblique nodes consist of either a single perceptron or a
fully-connected network of perceptrons like Artificial NN (ANN) [24], Deep NN (DNN) [21], etc. These
hybrid structures were named as N'T. The performance of NT algorithms were found to be comparable

to NNs while the complexity is much lower [15].

1.3 Suitability of FPGA for training accelerator implementation

FPGASs are re-configurable chips consisting of Configurable Logic Blocks (CLBs), switching matri-
ces, digital signal processing (DSP) cores for performing multiplications or additions, DDR4 memories

and Input/Output (I/O) pads [25]. The circuit is implemented on FPGA using CLBs which consist of
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Figure 1.2: The steps involved in implementing a circuit on FPGA
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1.4 Existing classification hardwares

Look-Up Tables (LUTs). The connection between the CLBs are done using switching matrices. The
switching matrices are connected according to the circuit to be designed. Therefore, the connection
of the CLBs are re-configurable. Thus, the circuit implemented on FPGA can be easily re-designed.
The steps involved in implementing a circuit on FPGA is shown in Fig. 1.2. The flow starts with
designing the circuit and then, the Register Transfer Level (RTL) simulation is checked to validate its
correct functioning. Next, the circuit is synthesized, i.e., transformed into CLBs. Afterwards, during
final implementation, this synthesized circuit is placed on the board and routing is done. Finally, the
post-implementation simulation is checked for the proper functioning of the circuit. Lastly, the board
is programmed and configured with the implemented circuit. For re-configuring the hardware, the
changes are made in the design and the above steps are repeated. GPUs have been used to implement
many in-memory architectures for NN classification but GPUs tend to have higher power consump-
tion [26]. ASIC have been used to improve speed and reduce power but they incur high cost due
to full-custom design and cannot be re-configured [27]. So, semi-custom designed FPGA platforms
can be used to implement training. The re-configurability features make it ideal for implementing
training of DT as FPGAs can be easily re-trained with new data to suit a different application. Thus,
re-configurable training architectures designed using FPGA can be used for various applications [19].
The serial architecture can be used to design resource-efficient low-speed hardware [27]. The parallel
architectures result in high speed and high resource consumption. While the pipelined architectures
can be designed to optimize resource consumption and obtain high speed [12]. Pipelining optimizes

resource utilization by sharing the computations in two successive iterations.

1.4 Existing classification hardwares

1.4.1 DT classification hardwares

In order to speed-up the classification, several hardware architectures implementing DT classifi-
cation has been proposed in [12,27-31]. The architecture proposed in [28] is used to filter the sensor
data. Here, a serial architecture implemented on both FPGA and Von-Neumann Central Processing
Unit (CPU) is compared. The FPGA architecture is found to be less power-hungry. While the soft-
ware counterpart has higher throughput and power usage. Saqib et al. in [12] proposed a pipelined
architecture to achieve faster classification. Tong et al. proposed one architecture that provided bal-

anced classification in a shorter time and another architecture produced an optimized tree with less
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Table 1.1: Table recording the key features and limitations of existing works

Existing Key features Limitations
hardwares
[27] Energy efficient bio-medical hardware Only classification
[12] Pipelined classification Only classification
[28] Power efficient design with sacrificed speed Only classification
[29] Balanced DT for fast execution (DQ) Only classification
and low complexity DT (ODT) for resource efficiency
[30] Hardware for sea-state classification Only classification
[31] Power-area efficient spike classification for neural implants Only classification
[32] Multi-core k-means clustering Only classification
[33] k-means clustering for image processing Only classification
[20] CART training accelerator Require multiple FPGAs
[22] TMDT+ Axis-aligned DT training on ASIC High resource usage

area in [29]. The resource-constrained architecture for seizure detection proposed by Shoaran et al.
in [27] reduced the resource consumption. This resource efficiency resulted in low cost hardware. The
hardware architecture for texture sea-state classification proposed in [30] performs automatic texture
recognition of sea-states. The hardware proposed by Yang et al. in [31] proposes a spike classification
System-on-Chip to reduce the data rate of a brain-machine interface. The classification was real-
ized using a DT-based classification which acquired good accuracy. Zhu et al. proposed a hardware
model for epilepsy, Parkinson’s and finger movement classification using resource-efficient oblique trees
in [15]. This work used oblique splits in the split nodes to achieve higher accuracy with only 1 tree
and 7 split nodes. The work proposed power-efficient regularisation of weights and compared it with
conventional 11-regularisation. The model was found to have superior performance as compared to a

random forest consisting of a large number of DTs.
1.4.2 Other classification hardwares

Data instances from similar categories are found to form single or multiple clusters in space. Such
clusters of different categories may also overlap. Thus, a clustering algorithm can be employed to
perform classification. As clustering does not require sorting so, the complexity is reduced. K-means
is a well-known clustering technique where instance labels are assigned based on their nearest cluster
centroid [4]. It is a very popular and less complex clustering algorithm where data points are assigned
to the nearest cluster. The design proposed in [32] implemented k-means algorithm classification

parallely on multiple FPGA to achieve 10x speed-up as compared to software implementation. The
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1.5 Motivation and problem formulation

FEuclidean distance calculation in the k-means algorithm was replaced by Manhattan and Max distance
in [4]. This enabled the distance calculation implementation without multipliers. The k-means tree
implementation in [33] was realized using a kd-tree pruning on the search space. This pruning leads

to almost 5% lesser computation as compared to conventional k-means classification.
1.4.3 Perceptron hardware

The last three decades have witnessed a steady rise in the innovations and applications of ANN
in different fields. A rise in hardware implementations of ANN is also witnessed on account of higher
speed [21] and field deployability. The hardware implementations on FPGA and ASIC are found
to be less power-hungry and more area-efficient as compared to the implementations on GPU [10].
A perceptron (or single neuron) forms the basic building block of an ANN. Different variants of
ANNSs are realized as connectionist architectures of perceptrons in parallel and cascade [24]. In most
practical applications, ANNs contain a large number of perceptrons. Thus, due to high network
complexity, the hardware implementations of ANN containing many perceptrons tend to consume
more power. The perceptron involves an inner product computation unit followed by an activation
unit. The existing perceptron hardware realized on FPGA uses a conventional multiplier for the
inner product and a non-linear function memorizer for sigmoid evaluation [34]. This resulted in
high resource usage and error percentage. Distributed Arithmetic (DA) is an efficient multiplier-less
architecture that replaces the Multiply-and-Accumulate (MAC) unit with LUTs, shifters, and adders.
This allows the calculation of the inner product using lesser resources and time [35]. But, the size of
LUT increases exponentially with an increase in data dimension. The Offset Binary Coding (OBC)
architecture reduces the LUT size to half as compared to DA by modifying the addressing scheme
of LUTs [36]. The sigmoid unit implemented using Co-Ordinate Rotation Axis Digital Computer
(CORDIC) algorithm [37,38] can reduce the error while minimizing the resource consumption. There
are many works in literature that implemented the sigmoid function using multiplier-less CORDIC
architecture [37,38]. The implementation of CORDIC enables more accurate computing of sigmoid

function as compared to approximation [34].

1.5 Motivation and problem formulation

As discussed in Section 1.4, the classification hardwares proposed in the literature are proven to

run faster than the software implementation. However, these hardwares are restricted to a particular
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application. For classifying data from a particular application, the DT should be trained using the
dataset from that application. To reuse the hardware for a different application, the hardware needs
to be re-trained using a different dataset. So, training hardware designed on FPGA can be used for
many applications. Thus, the reconfigurability feature of FPGA allows easy re-training. This makes
FPGA a suitable platform for training hardware implementation. Therefore, the reconfigurability
and higher speed of execution make FPGA a suitable platform for DT training implementation.
However, conventional DT algorithms like C4.5, CART, or ID3 require highly complex computations
like sorting. The CART training accelerator requires a set-up consisting of 4 FPGAs [20]. Thus,
the cost of hardware implementation is directly proportional to the computational complexity. The
training implementation for these DT algorithms in hardware incurs huge cost and slower execution.
So, the calculation complexity needs to be reduced for resource-efficient hardware implementation.
The resource efficiency is very important for portable and bio-medical applications. While, the higher
speed is required for real-time processing applications, like activity recognition and some bio-medical
applications like Parkinson’s tremor detection.

Hence, in this thesis, low-complexity DT algorithms have been designed. The hardware architecture
for these algorithms, designed and implemented on FPGA, is also proposed. These hardware are found
to speed up the training as compared to software platforms. First, two new DT algorithms and their
training architectures are proposed. Next, a neuron hardware implementation on FPGA and ASIC is
proposed. Similarly, a training architecture for DT implemented using neurons is proposed. Also, the
classification hardware with offline training for this DT implemented on FPGA and ASIC is proposed.

The contributions of each chapter of the thesis are discussed next.

1.6 Scope of the thesis

The Two Means Decision Tree (TMDT) algorithm and its serial and mixed parallel and pipelined
hardware implementation are proposed in Chapter 2. This algorithm is similar to the hierarchical
two-means algorithm and employs a divisive clustering-based approach. It stores two mean vectors
(left and right) in the split nodes. The data instances are routed toward the left (or right) child node
based on their proximity to the left (or right) mean vector. Two FPGA hardwares for training the
TMDT are proposed. First, a serial architecture is proposed for efficient resource usage. Next, a mixed

parallel and pipelined hardware architecture is also proposed. The execution at nodes is pipelined to
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1.6 Scope of the thesis

increase the throughput while minimizing resource consumption. The memory access and distance
calculation are parallelized for all dimensions to reduce latency. These hardwares can be re-trained by
using reset signal which makes it adaptable to changes in training data. The inferencing performance
of all ML models (and, hence DT increases with exposure to larger training datasets. However, these
architectures were not able (constrained by on-chip memory requirements) to use larger datasets and
were designed for binary classification problems.

A batch-mode training of TMDT for multi-class applications is proposed in Chapter 3. The mem-
ory limitation of FPGA put a constraint on the DT training dataset size in the previous hardware
(proposed in Chapter 2). Here, the large training dataset (e.g. 100k 4-dimensional vectors) is parti-
tioned into batches (small-size data subsets of 512 instances). The DT parameters are updated using
each batch. One epoch implies the DT parameter learning using all the batches. In each epoch, the
batches are presented in a different order. An inferencing performance improvement is observed with
the proposed training scheme involving multiple epochs and batch reshuffling. Thus, unlike offline
implementations proposed in Chapter 2), the batch-mode implementation permits training on a larger
dataset. This overcomes the constraint of on-chip memory consumption. The proposed architecture
implements pipelining of depths for efficient resource usage as it requires a data instance to be loaded
only once at each depth. Here, one pipeline consists of depths 1-2 and the second pipeline consists of
depths 3-4. The implementation of batch-mode training using large datasets results in better accuracy.
In order to optimize the clock cycle consumption, a pipelined architecture is proposed to implement
multiplication involved in the distance computation block. The accuracy of the TMDT algorithm can
be further improved by implementing hybrid nodes.

A Hybrid Decision Tree (HDT) algorithm and its FPGA implementation are proposed in Chapter 4.
The HDT speeds up execution as compared to axis-aligned DT (C4.5) while maintaining good detection
accuracy. The HDT structure has the following three types of nodes — mean-dependent split nodes,
axis-aligned split nodes, and terminal leaf nodes. The tree starts with a mean-dependent root node.
The input dataset is split through mean-dependent nodes as in TMDT till a certain depth of (4.
From depth (g + 1 onward till (par — 1 (Where (ap is the maximum depth till which the DT is
grown), the data are processed through axis-aligned split nodes. The DT terminates with all leaf
nodes at the depth (4. The axis-aligned nodes store two node parameters — threshold value () and

dimension (I). During classification, when data enters the node, the (" dimension value is checked.
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If the value is less than 6, then the data is routed to the left child node and to the right child
node, otherwise. The FPGA implementation is observed to speed up the training while reducing the
hardware cost. The performance of classification can be further improved by hosting neurons in the
DT split nodes. This exhibits good performance while maintaining low complexity and is important
for hardware implementation.

In Chapter 5, a resource-efficient and high-speed perceptron hardware is proposed. In this hard-
ware, the inner product calculation is realized using OBC and the sigmoid activation function cal-
culation is done using CORDIC architecture. This also improves the accuracy as compared to the
existing architectures. Next, a training hardware for Perceptron Decision Tree (PDT) is proposed.
Here, a perceptron based decision function is used by each split node of DT. The input data features
are filtered and ms best features are selected to achieve better classification accuracy while having
lower resource usage. The inner product unit was implemented using shift and add and the sigmoid
block was designed using the CORDIC algorithm. The DT is found to be more resource-efficient.
Next, classification hardware implemented on both FPGA and ASIC using PDT is proposed. In this
design, the training was performed offline and the trained DT is loaded into hardware for performing
classification. This hardware implemented Parkinson’s detection and three types of activity recog-
nition (lying/sitting, lying/walking, and walking/standing). A mode number is used to select the
application and accordingly, the hardware can switch between these four applications. The proposed
hardware sacrificed the speed to achieve resource efficiency which is important for biomedical and

wearable applications.
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2. Two Means Decision Tree: Offline and binary class implementation

Overview

The Decision Tree (DT) training implementation on hardware is highly resource intensive. The
resource usage can be optimized by implementing a low-complexity DT algorithm. So, this chapter
first proposes a low-complexity algorithm that realizes a Two Means Decision Tree (TMDT). Then,
a serial architecture of TMDT implemented on FPGA is proposed. The serial hardware is observed
to attain a speed-up of 10x as compared to the software implementation. Next, a mixed parallel and
pipelined architecture for the TMDT is proposed. This mixed architecture is observed to attain a
speed-up of 14x as compared to the software platforms. Further, these architectures are observed
to be more resource efficient as compared to the existing k-means classification hardware. Thus,
implementing training for a low-complexity algorithm (TMDT) is found to be more resource efficient

than the high-complexity algorithm (k-means) classification hardware.

2.1 Problem formulation

In this chapter, we first propose a TMDT algorithm for binary class data. This algorithm exploits
the fact that similar data are generally found in clusters. Thus, the data found in the same clusters
can be grouped together and assigned a common class label. Then, the mean of each cluster can
be used to classify the data belonging to the same cluster. In contrast to conventional axis-aligned
DT algorithms (C4.5), TMDT does not require sorting which reduces the complexity. Thus, TMDT
is resource-efficient and suitable for hardware realization. The reduced complexity of the TMDT
algorithm as compared to the conventional axis-aligned DT algorithm enables it to execute at a
higher speed. In this chapter, two architectures for the implementation of TMDT are proposed.
These architectures are compatible with 32-bit integer binary class training data. These designs have
been tested on binary datasets of variable size and dimension. Thus, the proposed hardware are
compatible with a wide range of training datasets. Moreover, the proposed architectures can be easily
re-trained for the next set of data using a single RESET signal. This on-the-go training makes the
hardware versatile for any kind of application. The proposed architectures are implemented on an
FPGA platform. First, a resource-efficient serial architecture for the acceleration and implementation
of DT training is proposed. Second, a trade-off between speed and resource usage is obtained by
designing a mixed parallel and pipelined architecture for TMDT training. This architecture uses a

combination of parallel execution for training time reduction and pipelined execution to minimize
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resource consumption.

Algorithm 2.1: TMDT Algorithm

while £ < n, do
Load node data;
Calculate initial mean ,ugL and ,ugR;

while £ < n, do
Calculate dz’stance(ugi_l),xk) & distance(ug;;l),xk);

if distance(ugi_l),xk) = distance(ufﬁ{l),xk) then
(k=1),
Update Hor,
(1-— a),u((Ikal) + ax®;
else
Update uggl);
| - a),u((ﬁ{l) + axk

while k£ < n, do
Calculate distance(pqr,x) & distance(pqr,x*);
if distance(pqr, x%) < distance(pqr, x*) then
‘ Update left child node;
else
L Update right child node;

while NodeDepth < (e do
if (purity(Node) > n,) or (NodeData < p.) then
Set current node as label node;
Set label as max(classl,class2);
else
L Preserve the node structure;

2.2 Proposed TMDT algorithm

The TMDT algorithm is motivated by the Competitive Means DT approach proposed in [39]. The
TMDT split nodes host two mean vectors that decide the data routing along the tree as shown in
Fig. 2.1. Let X, = [X,0, X1] be the training dataset for node ¢. Here, X0 = {x' : y(x’) = 0;x' € R™;
i=0,...(ngp—1)} and Xg1 = {x/ : y(x?) = L;x7 € R™;j =0,...(nu — 1)}. Here, y(x") refers to the
class label of x’. The mean vectors (split parameters) p 7, and yr are learned from X,. The TMDT
algorithm is described in Algorithm 2.1. The TMDT split node parameters are learned in two phases.
First, the mean vectors NSL and MSR are approximated as averages of data instances from X,o and
X1, respectively. In the second phase, data instances of X, are used to incrementally update the

mean vectors. An instance x* € X, (k=0,...(ny—1); ng = ng +nq) is tested for proximity against
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Figure 2.1: The flow diagram of TMDT.

the two means. Let d';L and d’;R be the respective Euclidean distances of x* from ,u((;z_l) and ufﬁ{l).

The nearest mean vector from (k — 1) iteration is updated with x* (2.1 and 2.2). The accuracy
values for different values of « € (0, 1) are shown in Fig. 2.2. Here, the a values are taken such that it
is realizable by the sum of power of two (SOPT), i.e., 0.03125,0.0625,0.125,0.25, and so on. Among
these values, the maximum accuracy is exhibited for o = 0.875 for all datasets (marked in black in
the graph). This a = 0.875 can be represented by 3 shift operations in hardware without incurring

any accuracy loss.

k—1
(1—o¢)u((1L )—l—axk; d’;L < d’;R

ugkL_l) : Otherwise

(

k
ph = ) (2.2)
,ué R_l); Otherwise

(1 —a)ug’;_l) +axF; di > dig

The mean vectors p,7, and pgr obtained at the end of the second phase are used to split X, to children
datasets X, and X, r. Here, X,;, and X g consists of instances that are respectively proximal to
tqr, and pgr. The split node ¢ is initialised with two mean vectors “21; and NSR- Xq first updates
the two mean vectors then it is routed by these two mean vectors. The input is routed to the left

child if it is closer to pyr, and to the right, otherwise. Thus X is split into two sets Xq1, and Xgr
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Figure 2.2: Plot showing variation of accuracy with Alpha («) for all the 4 datasets [40].

which are assigned to the two child nodes of q, i.e., (qL) and (qR). These datasets are used further
for learning the split node parameters for left and right child nodes of parent node q. This process
is recursively continued until a fully grown tree is constructed with a certain maximum depth (qz-
The fully grown TMDT is subjected to post-pruning. This post-pruning allows efficient pipelining of
hardware architecture. A TMDT node is declared as a leaf node if one of the following conditions is

satisfied [3].

max(ngo, Ng1)

e Based on the purity criterion, if the proportion of the majority class exceeds a
g0 + Ng1
purity threshold 7.
maz(ng,ngl) o golit Node (2.3)
Ng0 + Ng1
Wgnp : Leaf Node (2.4)
Ngo + Ng1

e Using the cardinality criterion, if ny, = nyo + nq1 falls below a certain threshold p.
ng < pc : Leaf Node (2.5)
ng>pe : Split Node (2.6)

Here, p. and 7, are the respective node input deficiency and node input purity thresholds. The value
of 1, is generally taken as 0.95 (or 95%) for standard cases [3]. The value of p. = 20 is obtained for
maximum accuracy from Fig. 2.3 across all datasets. The accuracy remains unaffected for Occupancy
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Figure 2.3: Plot showing variation of accuracy with node input deficiency (p.) for o = 0.875 [40].

dataset for p. > 20. However, the accuracy decreases with further increase in node input deficiency
for mammography, activity recognition and skin dataset. So, the optimal value is found to be p. = 20.
This may be explained by the fact that increasing node input deficiency decreases the number of split
nodes which may decision parameter. In the post-pruning stage, if a split node is declared as a leaf
node, then all its children nodes are removed. Also, a leaf node is assigned its majority class label
as its parameter. In multi-class problems, the instances will be similarly clustered into two groups
irrespective of their class labels. The leaf nodes will be tagged with the label of the dominant class in
its input dataset.

During classification, an input data x* is routed through the split nodes by checking its proximity
to either of the two means. This routing terminates at one of the leaf nodes whose label is declared
as the class label of x*.

A C4.5 decision tree splitting node would learn an axis-aligned rule of the form x[l] > 6. The
optimal split parameters ([, 6) are obtained by sorting data in each dimension while maximizing the
impurity drop from parent to children nodes. For example, in the case of X, a total of ng x m xlog(ng)
sorting operations and ny X m impurity computations will be required. The TMDT, on the other hand,
performs a divisive two-means clustering of input data. The TMDT node ¢ would require only 4 x n,
comparisons (two comparisons each for updating and splitting) and n, update operations for each
split. Thus, the latency of TMDT is much lower as compared to C4.5. The sort operations involve a

large number of comparisons. The comparisons involved in sorting consume longer time as compared
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to additions and shift operations involved in update operations. The complexity is further reduced
as the impurity of each TMDT node is computed only once at the post-pruning stage. The hardware

implementation of TMDT learning is described in the subsequent section.

2.3 Proposed Hardware Architectures

2.3.1 Serial architecture

2.3.1.1 Overall architecture

In this section, we discussed the mapping of the TMDT algorithm onto a novel 32-bit hardware
architecture as shown in Fig. 2.4. In order to implement the proposed TMDT algorithm discussed in
Section 2.2, this architecture is designed to process each node ¢ serially in order to optimize resource
consumption and minimize power. In this architecture, the first block is the mean initialization module
where, for each iteration, the data is loaded from the data memory and added to ug 1 or ,u2 R, obtained
from previous iteration and result is forwarded to node memory after processing complete data stored
in data memory. If the data label is 0, then it is added to left mean NSL otherwise, to H’SR' The
data number counter is compared to the total node data. When the data number equals the total
node data, then the final values of ;LSL and V’SR are obtained by dividing pg ; and “21% with the
total number of data in that node belonging to class 0 and 1 respectively. This division operation is
executed using shifters to speed up the division. To divide a number X by 2¢, X is shifted by G bits.
If the divisor cannot be decomposed into a power of 2, then it is approximated to the nearest value
of 2¢. In this way, two means for each node are calculated and stored as initial means in the node
memory which constitutes the mean approximation module. This module consists of a multiplexer to
select the appropriate mean according to the class label of data retrieved from Data Memory. The
module is activated by the output of the comparator. The input to this comparator is total node
data and the current data number under consideration (Data Num Counter). The output of the
comparator activates the mean approximation module if the current data number is less than total
node data otherwise, the final mean is calculated using a shifter and stored in Node Memory. In the
subsequent phase, the mean update and split module are executed for the node ¢. In the mean update
module, either ug [ Or HSR is updated by the data-instance. The mean closer to data, depending on
the distance is updated according to (2.1) and (2.2). The details of the distance calculator architecture

are presented in the next subsection. The multiplexer (MUX) selects the mean closer to the data.
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Figure 2.4: Proposed serial architecture for TMDT algorithm
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The select line of this multiplexer is connected to the output of the comparator comparing left (d’;L)
and right mean distance (d’;R) with k' data-instance (Dist Calc Left and Right respectively). Once
the mean update is done then the updated mean is stored back to the Node Memory. Once all the
data belonging to that node is passed for the mean update, then the same distance calculators are
re-used to calculate the distance between the updated mean stored in node memory and the node
data in the split module using a switch. This switch is implemented using a de-multiplexer whose
control signal is derived from Split module. Once splitting is complete then the output of comparator
is connected to update module. Otherwise, the output is connected to split module. This minimizes
resource utilization as the distance calculator uses a huge number of multiply and addition operations.

In the split module, depending on whether the data is closer to pgz, or pgr, the data is either sent
to the left child or right child node selected by the multiplexer. The select line of this multiplexer
is connected to the same distance comparator used in mean update module. Then the node number
of data and node memory is updated accordingly with the child node number to which the data is
sent in the next depth. Once the mean update and splitting are done, then the Node Memory and
Data Memory are updated and the new initial means of the child nodes (¢R and ¢L) of node ¢ are
calculated in the mean initialization module. The node counter is then incremented and compared
with the termination condition. If the termination condition is satisfied (i.e., maximum depth is
reached), then the pruning module starts execution. Otherwise, the next node is loaded in the mean
update module. Then, split module and mean initialization module are executed for the node and its
child nodes respectively. This process is repeated for all the nodes till the maximum depth is reached.
In the pruning module, discussed later, the two post-pruning conditions as discussed in Section 2.2
are tested and nodes that satisfy the pruning conditions are set as leaf nodes, and their children nodes

(if any) are pruned or removed from Node Memory.
2.3.1.2 Distance calculator

The parallel hardware architecture for the distance calculator module for calculating distance of
data-instance x* with left mean Mgl (d’;L) is shown in Fig. 2.5. The distance calculator is parallelized
to speed up the execution. For m dimensional data, this module uses m subtractors and m multipliers
to compute (y41[l] — z*[1])? where | = 0,..(m — 1), for m dimensions in parallel. Then, the time
taken to compute the final distance is only tgyup + tmu + tadg units of time. The serial operation would

result in use of only one subtractor and one multiplier. While, the time complexity will increase to
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Figure 2.5: Hardware architecture for distance calculator

m X (tsup + tmut) + tadd- Thus, this parallel architecture avoids the additional time needed to compute
m dimensions sequentially. Similar hardware is used for calculating the distance of data-instance with

the right mean in parallel.
2.3.1.3 Pruning module

As shown in Fig. 2.6, in the pruning module, two comparators are used parallelly to compare the
purity of corresponding node data with purity threshold 7, and the total node data n, with data
threshold p.. These thresholds are set based on simulation studies discussed in Section 2.4. The
output of both comparator is 1 only if the node satisfies the condition to be declared as leaf node
according to (5.11), otherwise, the output is 0. The output of the comparator is then fed into the OR
gate. Thus, if at least one condition is satisfied, the node qualifies as leaf node. The output of the OR
gate is connected to a multiplexer which sets the node as either a split node (if output of OR gate is

0) or leaf node (if output of OR gate is 1) in tree memory and accordingly updates the children node.

After all the nodes are processed and the termination condition is satisfied then the pruning module
is executed to check the split condition for decision nodes. The decision nodes which do not satisfy the
split condition are labeled as a leaf node and their child nodes are deleted from node memory. Then,
the tree structure is updated and stored in the memory. Once this split condition check is completed

for all decision nodes, then the training is complete and the hardware is ready for classification.
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2. Two Means Decision Tree: Offline and binary class implementation

2.3.2 Mixed pipeline and parallel architecture
2.3.2.1 Overall architecture

The training process flow of the TMDT algorithm with pipelining of nodes is illustrated in Fig. 2.7.
The design passes through three states — standby, training, and classification respectively. In standby
mode, the power supply to the FPGA board is turned ON and an active high RESET signal is asserted
1, which initializes the hardware registers to 0. Once the RESET is set to 0, the TRAINING_START
signal is set to 1 and the training is enabled. The completion of training sets the TRAINING_END
signal to 0 which activates the classification. The board performs classification as long as the RESET
signal is 0. Whenever the RESET is set to 1, it erases all previous data and makes the hardware register
contents 0. After that, the training for new data starts by again asserting the TRAINING_START
signal to 1 and RESET to 0. The classification starts after the completion of the training process for
new data. Thus, this hardware can be re-trained on new data by switching the RESET signal between
0 (training or classification) and 1 (standby). So, hardware obtained by mapping this flow diagram
into architecture is very cost-effective as it can be re-trained anytime to suit different applications. It
is more convenient to implement such hardware on FPGA due to its reconfigurability.

Once initialization is complete, then node 0 is executed in stage-I and then enters stage-11 through
pipelined registers. When node 0 is processed in stage-1I, the initial mean calculation of its child
nodes, i.e., nodes 1 and 2 takes place in parallel while splitting the data of node 0. After the root
node is executed, node 1 enters stage-1 and then goes to stage-II. As node 1 enters stage-1I, stage-I
resources are released. So, node 2 is fed to stage-I while node 1 is executed in stage-II. While node 1
is in stage-1I, the initial means of child nodes of node 1, i.e., nodes 3 and 4 are calculated in parallel
and stored in the node register. So, when node 2 reaches stage-11, node 3 is fed to stage-1 for the mean
update as the initial mean of node 3 is already available in the node register. So, the initial mean
of (¢ + 1) node is already available while ¢ node is in stage-II where ¢ = 1,..14. Therefore, this
pipelining of the mean update phase in stage-1 and the splitting phase in stage-II is done to optimize
resource utilization while increasing the throughput. Once the tree is grown to the maximum depth,
then stage-III is executed to prune the tree. In this stage, the impurity and total data entering a node
stored in the node register in the splitting phase is compared with the pruning condition. Once all the
split nodes are checked then the TRAINING_END signal is reset to 0 which indicates the completion

of training. The hardware enters the classification phase. Here, the data to be classified is assigned a
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Figure 2.8: Outline of proposed mixed pipeline and parallel architecture for TMDT Algorithm

label after classification is done according to the decision rule derived from the trained DT.
2.3.2.2 Description of hardware modules

The hardware structure of the TMDT algorithm obtained by mapping the flow diagram in Fig. 2.7
onto architecture is shown in Fig. 2.8. The details of several modules involved in Fig. 2.8 are explained
below.

Initialisation module: In the initialization module, the data is first loaded into the data register
(DATA REGISTER STAGE-I) from the on-chip memory which avoids the time delay in accessing the
memory. The initial mean of the root node is calculated in parallel while the same data set is loaded
into the data register array from on-chip DRAM. This initialization module is executed only once.
Then, the data register array and the initial mean calculated are used to update the root node mean
in the update module.

Update module: The update module consists of mean update and distance calculator as the left
and right means are updated based on the shortest distance from the instances of the data matrix.
After every iteration, the node mean register is accessed to store the updated mean calculated in

pipeline stage-I. Once all data instances of the node are processed in the update module, then the
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2. Two Means Decision Tree: Offline and binary class implementation

node is sent to the split module.

Split module: In the split module, the node data is split into two parts depending on the distance
from the left and right mean as discussed in Section 2.2. In the split module, whenever a data vector
is assigned to a particular child node, the node number of that data vector is updated in NODE NUM
register and the vector is added to the initial mean of that child node. This parallel execution saves
the time that would have been wasted otherwise in calculating the initial mean of the child node
separately. Once the splitting is over for all data and the node register array is updated, then the
next node starts processing.

After all nodes are processed in stage-1 and 11, then stage-11I is executed. In this stage, all the split
nodes of the fully grown tree obtained from the previous stage are tested for split condition as shown
in Fig. 2.6. The split nodes which do not satisfy the splitting condition are declared as leaf nodes and
their child nodes are removed from memory. Then, once all the nodes are checked, the pruned tree

structure is stored in the memory.
2.3.2.3 Hardware architectures of stage-I and II

The detailed architecture for stage-I and stage-II is demonstrated in Fig. 2.9. This architecture
uses two distance calculator units running in parallel to calculate the distance between the data and
the left and right mean in stage-I. The two distances are then compared and the mean with smaller
distance from the data is selected by the mean selector. The selected mean is then updated and stored
in the node register. In this way, all the data belonging to that node is processed in stage-I. Then the
final updated mean and node number from the node register of stage-I is sent to the node register of
stage-II through a latch and stage-I starts processing the next node. The clock period of the latch is
set a little higher than the latency of stage II so that the data is not overwritten. In stage-1I, again
two distance calculators are used to calculate the distance between g1, pgr, and x* stored in the
updated node. The data is designated with the node number of the child node whose mean is closest
to the data. This node number is stored in the NODE NUM register. In this way, all data instances
in the node are split into two parts and sent to one of the two child nodes. At the same time, the data
going to the child node is summed up to calculate the initial mean of that child node which is stored
in the updated initial mean register. Once all the nodes have been processed in stage-1 and II, then

stage-11I1 is executed.
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Figure 2.10: Hardware architecture to access data memory in parallel

2.3.2.4 Parallel data memory access

The data register access is also parallelized to further speed up the execution as shown in Fig. 2.10.
The register named as NODE NUM register stores the node number of all the data in order to identify
the node to which the data belongs. If the node number of k" data does not match with the current
node number then, the node number of (k + 1) data is checked otherwise, k' data is selected. This
way all the data of the current node is processed. To access all the m dimensions of data in parallel,
m number of multiplexers are used. The current data location k x m is used as the select line to
identify 0" dimension of k' data. Similarly, (k x m) + (m — 1) selects m'"* dimension of k*" data.
This allows to access m-dimensional data in a single clock cycle thus saving (m — 1) clock cycles.
Each m-dimensional data uses m memory locations of the data register array. So for n, x m data,
ng X m locations of Node Num register and Data Register are used to store the node number and data
respectively, where each location is 32-bit. As data is stored sequentially, if one data is at location 1

then the next data and its node number are at location 1 + m for m dimensional data.
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Figure 2.11: Timing diagram showing the clock cycle consumption for different stages

2.3.2.5 Timing diagram and clock cycle consumption

The timing diagram for the three stages including the mean initialisation module of mixed design
is shown in Fig. 2.11. At first, the mean initialization (2 clock cycles for each data-instance) for the
entire data is done (only for node 0). Then, the data is processed in Stage-I, where mean update
according to the shortest distance from mean is done which consumes 1 clock cycle. After mean
update, node i is sent for data split in Stage-II (1 clock cycle for each data-instance) and node i + 1
is processed in Stage-I. The mean initialisation for children nodes of node 7 (node i + 2 and i + 3) is
executed in parallel (node 3 onwards). This enables the processing of node i + 2 in Stage-I once node
1+ 1 is sent to Stage-1I. Once processing of Stage-I and II are done for all the nodes, then Stage-I11

(pruning) is executed. Thus, the critical path of this design involves the loading of data from RAM.
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Figure 2.12: Block diagram showing the experimental arrangement

2.4 Results

2.4.1 Experimental set-up and dataset description

The proposed architectures are implemented on Virtex Ultrascale+ XCVU13P-FLGA2577-3-E
FPGA board which uses 16 nm technology. The design was implemented using Verilog Hardware
Description Language (HDL) in Vivado 2017 and no high-level synthesis tool was used. The TMDT
algorithm was implemented on both FPGA and CPU platforms for comparison. The algorithm was
implemented on an Intel core i5 processor for software comparison which runs at 3.2 GHz. The
maximum operating frequency of serial architectures is found to be 62 MHz due to the critical path of
16 ns (which involves the distance computation). While, the maximum operating frequency of mixed
architectures is found to be 71 MHz due to the critical path of 14 ns. This critical path is mainly
due to Block Random Access Memory (BRAM) access operation. This hardware is able to support
32-bit training data. This board has 500 megabyte (MB) of on-chip memory allowing a considerably
large amount of 32-bit training datasets of almost 125 million data points. This large on-chip memory
allows efficient latency data access. All hardware results are post-implementation results. The block
diagram for the experimental setup is shown in Fig. 2.12. The data is copied into this on-chip memory
of the FPGA board from the computer prior to the start of the training process. This enabled
independent training by connecting the FPGA board directly to the power supply once the design

is implemented on board. The maximum depth was set as (e = 4 and thus, maximum number of
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Table 2.1: Table recording the performance (Fl-score and accuracy) and comparison of training latency
between software (Python and C) and the two proposed hardware architectures for all datasets

Latency(in ms)
Python C Serial | Mixed parallel
& pipelined

Datasets | Data-size | Fl-score | Acc.(%)

Mamm. 793 x 6 0.62 67 156 8.76 0.494 0.29
Occ. 10152 x 6 0.69 87 1111 100.93 6.4 3.76
Skin 38000 x 4 0.93 93 6000 224.5 24 14.47

nodes was 2¢mar — 1 = (24 — 1) = 15 (considering the root node or node 0 at depth 1). As discussed
in Section 2.2, for these datasets after experimentation, the update factor was fixed at o = 0.875 and
the cardinality threshold was set as p. = 20. The impurity threshold was set as 7, = 0.95.

The balanced binary datasets, viz., skin, occupancy, and mammography were used for testing [40].
The skin dataset has 38k data points each having 3 features (m = 3), i.e., R, G, B pixel and a binary
value corresponding to skin or non-skin data. The occupancy has 12k data points each having 5
features (m = 5), C'Oq, relative humidity, temperature, light, humidity ratio, and whether the room
is occupied. The mammography dataset consists of 961 data points each having 5 attributes (m = 5),
size, shape, margin, density, severity, and whether the tumor is benign or malignant. In each case,
the training dataset is constructed using 80% of total data and the remaining 20% is used for testing.
Thus, these hardwares are capable of supporting up to 5 features per data instance. The reported
BRAM utilization is for a maximum of 38k training data instances which is extendable subject to the

maximum BRAM available on the FPGA board used.
2.4.2 Experimental results

The distribution of data for the skin dataset from the parent node to the child node till depth 3
is shown in Fig. 2.13. As shown in the graph, the purity of the node increases with an increase in
depth and results in almost pure nodes in depth 4 (having leaf nodes). The bar plot of comparison of
accuracy and time consumption for TMDT and C4.5, when implemented in the Python platform for
the 3 datasets, is shown in Fig. 2.14. It is observed that TMDT has much lower latency as compared
to C4.5 for large-sized datasets. While the accuracy of TMDT is slightly lower as compared to C4.5
for small-sized datasets, it becomes almost comparable for large-sized datasets. Thus, TMDT gives
comparable performance while running much faster than C4.5 for large-sized datasets which is the

usual scenario in ML algorithms.
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Figure 2.13: Node data separation from the parent node to children nodes in TMDT is visualized above for
the Skin dataset for the split nodes. The data overlap is gradually reduced from the parent node to the children
nodes. The node impurity as indicated in the figure is observed to drop gradually with an increase in depth
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Figure 2.14: Bar plots showing the comparison of latency and accuracy for all datasets for C4.5 and TMDT
algorithm

Table 2.2: FPGA training latency comparison of proposed training hardwares with existing training hardware

Design Latency for Latency for Training No. of No. of | Supported
1k data (in ms) | 10k data (in ms) | Algorithm | FPGAs | Features Classes
[20] 260 360 CART 4 32 16
TMDT serial 0.49 6.40 TMDT 1 5 2
TMDT mixed 0.29 3.76 TMDT 1 5 2

The efficiency of ML algorithms is measured by F1-score and accuracy. The F1l-score is computed
using equation (2.7) [15]. Here, TP and TN are the number of correctly classified data instances
with label 1 and 0 respectively. FP indicates the number of negative (label 0) instances classified
as positive (label 1). Similarly, FN indicates the number of positive (label 1) instances classified as
negative (label 0). The binary confusion matrix is shown in Fig. 2.15. The training latency of proposed
TMDT training accelerators are compared with existing CART training accelerator implemented on
HC server comprising of 5 FPGAs in Table 2.2. It is observed that the proposed hardwares are
faster than the multiple FPGA configuration. This speed-up is achieved due to reduced complexity
of TMDT as compared to CART. Though, the proposed hardware supports lesser number of features
as compared to the existing hardware, the number of features will not affect the execution time as all
features are processed in parallel. The proposed hardwares can be modified to accommodate higher

number of features which will increase resource consumption.

2rp TP TP
. - .
r+p’ TP+ FP’

F1 — score =
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Figure 2.15: Confusion matrix used for calculation of F1-score is shown.

F1-score, accuracy, and latency of C, Python, and both hardware implementations for all three
data sets have been listed in Table 2.1. The Fl-score and accuracy for the largest dataset skin
are found to be 0.93 and 93% respectively. Thus, it is observed that the efficiency of the design
increases with the dataset size. The software implementations are found to have higher training
latency as compared to the hardware implementation. The fastest implementation on C took 224 ms
whereas serial and mixed implementation took only about 24 and 16.54 ms, respectively. Thus, for
the worst-case scenario, the serial hardware is found to be 250x and 10x faster than Python and
C implementations, respectively. While, the mixed implementation is found to be 400x and 14x
faster than Python and C implementations, respectively. Therefore, it is observed that the hardware
implementation accelerates the training by a huge factor. The hardware utilization comparison of the
proposed training architecture with conventional and optimized k-means classification architecture is
discussed in Table 2.3. The serial training accelerator utilizes only 3.4k flip-flop (FF) and 48 BRAM
for 38k data instances as compared to the optimized k-means classification hardware proposed in [33]
which utilized 24k FF and 0.24k BRAM for only 16.384k data-instances. However, the LUT and
Digital Signal Processor (DSP) consumption is a little higher in this design due to higher computational
complexities as compared to classification. Thus, dynamic power consumption for this design is 1.5W
only. The break up of power consumption by different components for the serial implementation is
shown in Fig. 2.16. The proposed mixed design is shown to reduce the BRAM consumption for 38k
data instances as compared to [33] for only 16.384k data instances. The mixed architecture consumes
1.3 W of dynamic power. This improvement in power consumption is achieved due to the use of

efficient arithmetic units (distance calculators and comparators) instead of using DSPs. The power
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Figure 2.16: Pie-chart showing the power consumption for the TMDT serial architecture.

Table 2.3: Table recording resource utilization comparison of the proposed hardwares with existing designs

Design LUT FF | BRAM | DSP Data FPGA Algorithm
-points Board implemented
(inK) | (inK)| (inK) | (inK) | (in K) used
k-means 108 54 0.100 1.062 | 16.384 Virtex 7 Conventional k-means
classification
Optimised k-means [33] 14 24 0.240 0.186 | 16.384 Virtex 7 Optimised k-means
classification
Proposed serial 297.91 | 3.42 0.048 0.20 38 Virtex TMDT training
arch. Ultrascale+
Proposed mixed parallel | 298.96 | 3.57 0.187 0.06 38 Virtex TMDT training
& pipelined arch. Ultrascale+

consumption by different components for mixed architecture is shown in Fig. 2.17.

2.5 Discussions

In this chapter, we proposed a low complexity and medium accuracy TMDT algorithm. The
FPGA implementation of TMDT in both serial and mixed parallel and the pipelined modes was also
proposed. The maximum working frequency for both designs was found to be 62 MHz. The proposed
hardwares have been tested on three binary data sets each having variable dimensions and size. So,
it can be used for a wide variety of applications by re-training the hardware on the target application
dataset. The TMDT algorithm runs at least 28x faster due to reduced complexity as compared to
the widely used conventional C4.5 algorithm. The classification accuracy is observed to increase with

the increase in training dataset size for TMDT. From FPGA implementation results, the serial FPGA
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35



2. Two Means Decision Tree: Offline and binary class implementation

clocks I/oDSP

33% .
logic

49%

signals

Figure 2.17: Pie-chart showing the power consumption for the TMDT mixed architecture.

implementation is shown to achieve at least 10x speed-up as compared to software implementations
for the same datasets. This hardware is observed to have FF and BRAM consumption even less than
the existing optimized classification accelerator due to the use of a low-complexity algorithm. In the
second hardware, a mixed parallel and pipelined architecture for TMDT training were designed. Here,
node level pipelining was used. This training accelerator is found to speed up the training process by
at least 14x as compared to software platforms. The training in FPGA was completed in 16.54 x 1035
whereas software training required 224 x 10~3s for the same number of data instances. It reduced the
hardware usage even further as compared to the existing classification accelerator.

In these designs, while processing a node, all the training data instances were loaded in the same
sequence as stored in the memory. From depth 2 onward, the node number associated with each data
instance was matched to the node currently being updated. The data instances whose node number
did not match with the node currently being executed were not processed further. This led to clock
cycle wastage and hence, resulted in increased latency. While splitting the data in a node, it is assigned
to one node in the next depth. So, to address this clock cycle wastage, the data can be processed
depth-wise. At a certain tree depth, if the node module is selected according to the node number of
current data, then a data instance will be loaded only once in each depth and clock cycle wastage can
be prevented. In the designs proposed in this chapter, the training data size was limited by the size of

the on-chip memory. This problem can be addressed by breaking the data matrix into batches which
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will reduce the memory size. Also, the TMDT can be modified to include multi-class classification
instead of only the binary classification proposed in this chapter. These issues are addressed in the

next chapter.
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3. Two Means Decision Tree: Batch-mode and multi-class implementation

Overview

This chapter proposes the depth pipelined batch-mode multi-class implementation of Two Means
Decision Tree (TMDT) on FPGA. This design divides the training data into batches to minimize the
memory requirement. These batches are loaded one-by-one into the memory to train the Decision Tree
(DT) which reduces the memory size. Further, the architecture implements depth pipelining. Here,
two batches are processed simultaneously in two pipelines where each pipeline handles nodes from two
consecutive tree depths. It was observed that the hardware implementation on FPGA accelerated the
training by at least 27x as compared to the software counterparts. This training accelerator is also
observed to be faster than the existing training accelerator. Moreover, this hardware has less resource

consumption as compared to existing classification and training architectures.

3.1 Problem formulation

The improved performance of TMDT is observed with an increase in training dataset size. So,
in this chapter, to accommodate large-size datasets and hence, to increase accuracy, batch-mode
implementation of TMDT is proposed. In the proposed design, the training data is divided into small
batches and one batch at a time is loaded into the chip memory. Here, the multi-class training of
TMDT is implemented on FPGA. In this implementation of TMDT, depth-pipelining is used in place
of node-pipelining in order to further improve resource usage and optimize clock cycle consumption.
The hardware is divided into two pipelines and each pipeline consists of two depths. This hardware
implements a DT of maximum depth 5 where depth 5 consists of only leaf nodes. So, split nodes till
depth 4 are divided into two pipelines each consisting of two depths where the root node (node 0) is
present at depth 1. The multi-class implementation makes it suitable for day-to-day ML applications
where most of the scenarios are multi-class. Moreover, the batch-mode implementation makes it
more resource-efficient as the memory size is reduced to a great extent which in turn reduces the
memory access latency thus, accelerating the hardware further. It also removes the limitation on
on-chip memory thus, removing the hard line on the size of training data. Further, due to depth-wise
processing entire dataset is loaded only once in each depth. Then, the node number is used to select

the node in that depth to which the data belongs. This reduces the latency of the design.
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3.2 Batch-mode TMDT algorithm for multi-class data

The TMDT performs divisive clustering of the input data. A TMDT of maximum depth (naz
consists of split nodes till depth ((nar — 1) and leaf nodes at depth (nq.. Each split node of TMDT
performs two-means clustering on its input data and stores the left (44r,) and right mean (p4r) as the
decision parameters. An input data instance closer to p,z, is routed to the left child node and to the
right one, otherwise.

This work trains the TMDT in batch mode as shown in Fig. 3.1. The training dataset X =
{xF:y(xF) = ;x" € R™; } where c=0...(C—1) and k =0,...(n — 1) containing n instances (with
C different category labels) is divided into H disjoint batches. Each batch X; (X = Ufi 1 X;) contains
b training instances and H = {%J (where H is total number of batches and b is the batch-size). The
first batch X is used to initialise the fully grown TMDT 77 of maximum depth (nq.- The split and
leaf node parameters of the TMDT 7;_1 are updated with the instances from X; to obtain 7;. The
TMDT 7Ty is considered to be the one induced on the entire dataset X.

For the first batch X, the split node parameters are learned in two stages. First, the data-subset
ng) input to node ¢ is randomly divided into two halves and their centroids initialize the left (14r)
and right (pgr) mean vectors. Second, data instances xF e ng) are used to update the relatively
closer mean vector. Thus, j,y, is updated according to (3.1) if ||x* — ugrlle < [|x* — pgrl|2 else pgr.
The update equation (2.1) discussed in the previous chapter has been modified to reduce the number

of multiplications as follows.

HqL < PqL + a(xt — fiqL) (3.1)

Similarly, p4r is updated by instances closer to it. For training batches X; (i > 1), the split node
parameters of TMDT 7; (i > 1) are only updated using (3.1).

The mean update process (3.1) is susceptible to bias induced by the order of presentation of input
data instances. Thus, the data instances are randomly selected to form H number of different batches.
Each epoch process all the H batches. So, to improve accuracy, the contents of these batches are again
shuffled before presenting them to the next epoch. The contents of all batches are shuffled for N times
to form NN epochs. Therefore, a total of N x H different batches are used to update the TMDT.

The batches of input instances X; (i = 1,... H) are again passed through 7 for post-pruning of
the fully grown TMDT. For each batch, an instance count is maintained for each split node and leaf

node. Let, n) and ni") be the respective number of instances of category ¢ (¢ = 0,...C — 1) in
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Figure 3.1: The flow diagram of batch-mode TMDT algorithm.

split node ¢S and leaf node ¢I'. The node ¢S is set to a leaf node if either one or both the following
conditions (3.2) are satisfied.

Cf
Node Input Deficiency : Z nﬁqs ) < Pe

c=

—

(¢5)
Node Input Purity : mazx, {M} > (3.2)
Zv:O v

The children nodes of such split nodes are removed resulting in the pruning of TMDT 7. After
pruning, the instance counts of all leaf nodes are used to finalize their category labels. The category

label Cy7 of leaf node ¢7' is set as follows.
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Figure 3.2: Outline of hardware showing flow of data batches between Pipeline-I and II. After initialisation is
complete, pipeline stage-I and II are executed, simultaneously.

Cyr = cz}gnlcainqu). (3.3)

3.3 Proposed hardware architecture
3.3.1 Flow of pipeline

The flow of batches between the pipelined stages is shown in Fig. 3.2. The initial means of all split
node are calculated from the first batch of data where b is the batch-size. This b is chosen in the power

of 2 so that the averaging in mean initialisation is replaced with shift (without affecting accuracy).

The update of RAM data is done by updating the address. To load a data from different batch, a
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variable i has been used which is incremented to load the next batch file from the memory. The
memory access latency decreases with decrease in memory-size. So, breaking data into mini batches
reduces the memory size. This in turn decreases latency. Further, while a data instance is processed
in mean update phase of node 0, the next data instance is loaded into the RAM which saves the time
that would otherwise be wasted in loading the data. Let, i*" batch of m-dimensional data is fed into
the pipeline stage-1 hardware through RAM. After this batch is processed in stage-I, it is forwarded
to stage-1I and next batch, i.e., (i + 1)th batch is fed into stage-I. The operations involved in pipeline
stage-I architecture are loading of data from RAM and execution of depth 1 — 2 nodes. The nodes
of depth 3 — 4 is executed in stage-II. As data is processed depth-wise, so the maximum number of
data-instances processed at a certain depth ( is fixed at b. The entire batch traverses the tree from
depth 1 to (mar due to post-pruning. During pruning, as explained in the previous section, all the
data in a batch travels through the nodes from root node to leaf node and updates the data count,
purity and label of all nodes. This process is repeated for all batches. The architectural details of

pipelined stages-I and II are described in subsequent sections.
3.3.2 Pipeline stage-I architecture

The detailed architecture of pipeline stage-I starts with node 0 as shown in Fig. 3.3. A data-instance

k is sent to the update module from RAM to update the node mean. The node architecture starts

x
with comparing the distance of data with both left and right mean. This DIST_COMP architecture
implements euclidean distance computation and comparison. The squaring operation involved in
distance computation is realised using a general purpose multiplier whose both inputs are tied to the
same register. The proposed multiplier is discussed below.

A general purpose 32-bit multiplier for computing ¥ = A x B (where A = agiasg...ap, B =
b31bso...bp and Y = ye3ye2...y0) is proposed. The architecture is realized using multiplexers as
shown in Fig. 3.4. Initially, a 2:1 multiplexer is used to select the output according to the bit value.
For example, if by is 0 then 0 is selected otherwise, ag bit is selected. Likewise, for 32 x 32 bit
multiplication, 64 bit output Y is generated. The bit addition to generate y,, (where w =0,...,31)
is again divided into 5 levels of pipeline as shown in Fig. 3.5. In level-1, 16 (32/2) adders are used
each of which adds the two partial products obtained from previous stage and 16 sum outputs are

generated. In this way, these outputs are propagated to level-1I where again 8 adders are used to

calculate the sum of these 16 outputs. This process is repeated till it reaches 5 level (level-V') where
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Figure 3.3: Hardware architecture of pipeline stage-I.

one adder calculates and stores the final product in a 64-bit register. So, for 32-bit multiplier, 5 levels
of pipelining is required (log32 = 2°). For distance calculation, squaring is required which is a special
case of multiplication. So, in this case, both inputs to this multiplier are same, i.e., A = B. For m-

dimensional data, m such multipliers are used in parallel and their outputs are summed to obtain the
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3. Two Means Decision Tree: Batch-mode and multi-class implementation

final distance. Thus, two distance calculators run in parallel to calculate distance of data with left and
right mean. Finally, a 64-bit comparator compares these two distances and outputs a binary number
depending on whether x* is closer to left (1) or right mean (0). Then, output of distance comparator
(DIST_-COMP) is used as the select signal of MEAN_SEL to select the closest mean. Then, the data
and the selected mean is sent to the UPDATE module and the selected mean is updated by the data
according to (3.1). The multiply operation in the update equation is replaced by shifter. As update
factor « is constant, so it is represented as SOPT and to multiply a number by «, it is shifted and
added (2%1 4 2%2 4 2%8). For this design, a = 0.875, so s; = —1,89 = —2 and s3 = —3. This results
in optimized resource and clock cycle consumption.  For each dimension update, one shifter and
one adder module are used. So, for updating m-dimensional mean in parallel, m such modules are
used and the final updated mean is stored in UPDATED_MEAN register. The m-dimensional data
is accessed from memory in parallel using m multiplexers whose select lines are set as the index of
current data as discussed in previous chapter. Likewise, update for entire training data in node 0 is
done.

Once update is over, then same data batch is sent to the split module where same DIST_COMP
module is re-used for comparing distance of x* with pqr, and pgr. The output of DIST_COMP is used
as the select line of NODE_SEL to select the nearest child node. Then, the data-instances are assigned
with left or right child node numbers present in depth 2. Accordingly, the NODE_NUM_REG.I is
updated with the child node number associated with each data. The entire training data is also stored
parallely in DATA REG.I to be accessed during execution of depth 2 (node 1 & 2) which saves the
memory access time. The node module 0 architecture is applicable to all split node modules. Once
splitting is complete for depth 1 (node 0) then, for updating the mean of depth 2 nodes, the data stored
in DATA_REG.I is used. The node number of the data-instance stored in NODE_NUM_REG.I is fed
to the select line of NODE_SEL which chooses the node to be updated. This procedure is repeated
for all the data and accordingly, depth 2 node modules (1 or 2) are executed as discussed above. In
the selected node module, as described above, MEAN_SELECTOR output is used to select the node
mean (fqr, or jiqr) based on shortest distance between the two means and the data currently being
executed. Accordingly, the means are updated.

After update is complete for a batch, then that batch is sent to split module. Similarly, entire

batch of data is split by assigning it to the closest child node (present in next depth) of current node.
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Figure 3.4: Hardware architecture of general-purpose multiplier used in distance calculation.

Accordingly, the node numbers of each data is stored in the NODE_NUM_REG.II. While the splitting
is going on, the batch of data is transferred from DATA_REG.I to DATA _REG.II parallely through
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Figure 3.5: Pipelining of addition in the multiplier.

a latch. The clock period of the latch is chosen a little more than the latency of stage-II to avoid
erroneous data overwriting. Thus, in stage-I and II, two different registers are used for storing node
number (NODE_NUM_REG.I and II) and data-instances (DATA _REG.I and II) to allow pipelined
execution. After the entire data batch and their respective node numbers are transferred to the

stage-1I registers, next batch of data is loaded into stage-I registers (DATA_REG.I).
3.3.3 Pipeline stage-II architecture

In stage-1II, first depth 3 and then depth 4 node modules are executed as shown in Fig. 3.6. The
data stored in DATA _REG.II is used in the processing of pipeline stage-II. The node number of data
is obtained from NODE_NUM_REG.II. Similar to stage-I, a NODE_SEL with select line connected to
NODE_NUM_REG.II selects the node to which data belongs and updates the mean accordingly. Once
update is complete for a batch in that depth, then the split module is executed as discussed above.
Each data-instance in that batch, belonging to a node, is assigned to either left or right child of that
node during splitting as discussed above. Likewise, splitting is done for entire batch and the batch of
data is sent to next depth. The updated mean and node number is stored in NODE_MEAN register
and NODE_NUM_REG.II, respectively. Once all the data of this batch is processed in depth 3 and 4
then, the next batch of data is transferred from stage-I registers.

Once execution of all batches in stage-I and II is completed, then pruning stage is executed. Here,
the same batches of data are passed again to update the total data and the purity of each node. Once

the passing is complete, then the status of split nodes is checked as per (3.2) (whether pruned or not),
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Figure 3.6: Hardware architecture of pipeline stage-1I.

leaf node labels are assigned and accordingly, tree structure is stored in the memory which completes

the training.

3.4 Results

3.4.1 Experimental set-up and dataset description

The FPGA implementation of the proposed hardware was performed on Virtex Ultrascale+ board
XCVUI13P-FLGA2577-3-E and operates at a maximum frequency of 62 MHz. This frequency is
limited by the critical path of 16 ns required for data load and batch number update. The hardware
was implemented using Verilog HDL in Vivado 2017. For software comparison, the batch-mode design
was implemented in C and Python on an Intel i7 processor running at 3.2 GHz. It has been tested
on 4 balanced datasets of varying size [40]. The mammography dataset consists of 5 feature (m = 5)
input (size, shape, margin, density, severity) and class label corresponding to benign or malignant.
The occupancy dataset also has m = 5 (COg, relative humidity, temperature, light, humidity ratio)
and class label corresponding to room occupancy. The multi-class activity recognition dataset has
m = 7 consisting of 7 means of reading from sensors and a label indicating whether the person is

lying, standing or walking. Lastly, the skin dataset has m = 3 corresponding to R, G, B pixel values
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Figure 3.7: Plot showing variation of depth impurity with maximum depth ((a.) of TMDT for all datasets.
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Table 3.1: Table recording the number of batches (H), accuracy and training latency on software (Python

100 A

40 4

20 4

Batchsize ->

512

1500
1250 A
1000 A
750 A
500 A
250 4

&4

128

Batchsize ->

256

and C) and hardware platforms (FPGA) of all datasets for N = 10

Data-set Mammography | Occupancy | Activity recog. Skin
Python (in s) 4.52 49 120 473
C (ins) 0.09 1.47 2.58 7.34
FPGA (in s) 3.07x 1073 [ 26.54 x 1073 | 58.31 x 1073 | 270 x 1073
H 2 19 42 195
Accuracy (%) 70 98 75 96
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3.4 Results

Table 3.2: Table recording the accuracy and training latency comparison of proposed hardware with existing
hardwares for varying training dataset size

Design 1k(Mammography) | 10k(Occupancy) | 100k(Skin) | Accuracy | No.of FPGAs
(in ms) (in ms) (in ms) (%)

CART [20] 260 360 1790 - 4
TMDT Serial [19] 0.49 6.40 - 67 1
TMDT Mixed [41] 0.2 3.76 - 67 1
Proposed Design 0.99 6.85 67.42 70 1

Table 3.3: Table recording the resource utilisation comparison of proposed hardware with existing hardwares

Design LUT FF | BRAM | DSP Data Max. Freq | Class Task
(in K) | (in K) (in K) (in MHz)

Optimised k-means [33] | 14.16 | 24.49 240 186 16 200 Multi | Inference
TMDT Serial [19] 29791 | 3.42 48 200 38 62 Binary | Training
TMDT Mixed [41] 298.96 | 3.57 187 60 38 71 Binary | Training
Proposed Design 154.65 | 5.44 24.5 0 0.512 62 Multi | Training

(batch-size)

and a binary label indicating skin colored pixel. Therefore, this hardware is designed to support a
maximum of 7 features without any boundary on number of training data-instances. It is observed
from Fig. 3.7 that the impurity of the node inputs (dataset) almost becomes constant at depth of ¢ = 5,
so this work uses (mqe = 5. Using simulations on software platform, the values of update factor «,
node input deficiency threshold p. and node input purity 7, are empirically set to o = 0.875, p. = 20
and 7, = 0.95, respectively. The variation of accuracy and training latency with batch-size b for all
datasets is shown in Fig. 3.8. The smallest dataset Mammography has only 769 training instances so,
the value of b is taken such that b € [64,512]. The smallest value of b is 64 to allow sufficient data in
the nodes as the DT has a depth of 5. The batch-size b is taken in power of 2 to allow efficient division
in initialisation phase. From Fig. 3.8, it is observed that b = 512 has minimum latency and highest
accuracy (except for Activity Recog. dataset which has a negligible drop in accuracy for b = 512).
The training latency is lowest for b = 512 as the frequency of memory access is less. As the accuracy is
maximum and latency is minimum so, for hardware implementation, training data is loaded in batch

size of b = 512.
3.4.2 Experimental results

To increase the accuracy, same batches are passed through the DT in N epochs, where each epoch
is formed by shuffling and re-ordering the data in the batches. This shuffling allowed fine-tuning of

the DT parameters and hence improved the accuracy. Here, N = 10 epochs were used as further
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increase in epoch would result in increased latency and no improvement in accuracy. The comparison
of training latency between hardware and software implementations and accuracy for each dataset
for N = 10 is listed in Table 3.1. The latency of this hardware is independent of data features (m)
as all features are executed in parallel. Although, the accuracy of medium-sized multi-class dataset
is only 75% but medium-size binary dataset accuracy is found to be 98% as accuracy increases with
increase in data-instances from each class. However, the accuracy for largest dataset Skin is observed
to be only 96% due to highly overlapping data as shown in the data plot in previous chapter. Thus,
the accuracy is observed to improve by a great extent as compared to the offline implementation as
discussed in previous chapter. Further, it is observed that the hardware implementation is at least
27x and 103x faster as compared to corresponding C and Python implementations, respectively. The
speed-up and accuracy of the proposed single FPGA hardware as compared to existing multiple [20]
and single FPGA training accelerators proposed in previous chapter for varying n and for one epoch
(N = 1) is shown in Table 3.2. The proposed architecture was found to be at least 26x faster
than [20] though latency is slightly more as compared to training accelerators proposed in previous
chapter due to multiple memory access required for batch upload but, has improved accuracy. Also,
the batch-mode implementation is able to perform training for comparatively larger training dataset
consisting of almost 100k data-instances which was not possible in the offline implementations due
to memory constraint. The hardware consumption (independent of board used) is compared with
existing hardwares in Table 3.3. The memory (BRAM) usage is reduced (minimizes power) due to
batch-mode training as compared to the classification hardware proposed in [33]. The DSP usage is
also observed to be reduced (minimizes power) due to efficient multiplier and comparator designs as
compared to [33]. This hardware, while accommodating larger training data-set, minimizes both LUT
and BRAM usage as compared to training hardwares proposed in previous chapter. This hardware
is implemented for batch-size of 512. However, there is no limitation on training dataset size as
there is no upper limit on number of batches that can be processed by the hardware. This hardware
consumes 1.79W dynamic power. The break-up of power consumption is shown in Fig. 3.9. Further,
the proposed realisation is resource-efficient as compared to training architectures, proposed for 38k

data-points.
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Figure 3.9: Pie-chart showing the break-up of power consumption.

3.5 Discussions

The proposed design implemented TMDT in batch-mode for multi-class classification. The hard-
ware was implemented on state-of-the-art FPGA and supports a maximum frequency of 62 MHz. The
FPGA implementation results were compared with both C and Python. It was found that the speed-
up on FPGA was superior to both these platforms for similar application. The FPGA implementation
executes at least 27x faster than C based implementation. Due to increase in training data-size, this
design was found to have higher accuracy as compared to our previous designs. The depth pipelining
also optimized the clock cycle usage and hence, further reduced the training latency. Thus, this im-
plementation was found to be 26x faster than the existing training hardware [20] and our previous
designs [19,41]. The number of data processed is divided into batches and the hardware is re-used for
each batch. Thus, this design also reduced the hardware resource usage. Hence, it is proved that this
implementation is both faster and more resource-efficient than existing training hardware.

The proposed TMDT realizes a hierarchical two means clustering. It constructs a binary tree
in an unsupervised framework. Finally, the terminal node data are inspected to assign class labels
to leaf nodes. The splits learned in the TMDT are not optimal ones. These splits are not learned
with objective of label impurity reduction at each node. Such axis-aligned split function learning is
observed in CART and its variants. However, such split learning is also associated with additional

split parameter search complexity (on account of sorting). To this end, we propose a hybrid tree
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consisting of both TMDT and axis-aligned split nodes. This proposal is described in the next chapter.
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4. HDT: Hybrid Decision Tree

Overview

The classification accuracy of TMDT can be improved by replacing mean-dependent nodes with
axis-aligned nodes after a certain depth. In this chapter, a Hybrid Decision Tree (HDT) is proposed
where mean-dependent nodes similar to TMDT are grown till a certain depth followed by nodes
hosting azis-aligned split functions. The later set of nodes learn the split function parameters by
minimizing the label impurity drop. This proposal reduces search complexity of axis-aligned split
function parameters by avoiding the sorting operations with a limited number of impurity calculations.
The hardware implementation is faster by 34 x than the software program for the same HDT. While
it is 84x faster than FPGA implementation of CART training. It is because CART algorithm has
more complexity than HDT. So, CART algorithm is much slower than HDT algorithm. It was also

found to be more resource-efficient as compared to the existing classification or training hardware.

4.1 Need for HDT

The split nodes have saturated node purity after a certain depth. The accuracy can be improved by
further splitting the nodes if sufficient data instances are available in the node. So, in this chapter, HDT
algorithm and its implementation on FPGA are proposed. It consists of hybrid nodes. First, mean-
dependent nodes split the data into two clusters till a certain depth. Then, these clusters are subjected
to further splitting using axis-aligned nodes. Unlike axis-aligned nodes used in conventional DT
algorithms, the axis-aligned nodes in HDT perform a search on a reduced set of impurity parameters.
Thus, HDT reduces the complexity to a great extent and hence, accelerates the training as compared to
the conventional DT. The accuracy is also higher than the TMDT. The parallel processing on FPGA
platform further enables the hardware to accelerate the training process. The reconfigurability of
FPGA allows the hardware to be used for multiple applications by re-training with desired application

dataset.

4.2 Proposed HDT algorithm

The HDT structure has three types of nodes. First, mean-dependent split nodes (N,,q) where
the node stores two means and the data is split depending on the distance from the means. Second,
azis-aligned split nodes (Ngq) where the node stores a threshold value and the data is split depending
on whether the data value at a certain dimension is greater (or lesser) than a threshold value. Third,
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4.2 Proposed HDT algorithm

leaf nodes (IVy;,) that store the class label based on the majority category of the dataset at the terminal
node. The tree starts with a mean-dependent root node. The input dataset is split through mean-
dependent nodes till a depth of (,,q as shown in Fig. 4.1. From depth (;,q + 1 onward till (e — 1,
the data is processed through axis-aligned split nodes. The DT terminates with all leaf nodes at the
depth (naz- A post pruning strategy is applied to identify leaf nodes between root node and depth
Cmaz — 1.

The HDT algorithm is discussed in Algorithm 4.1. Let the training dataset for mean-dependent
node a be X, = {x: y(x¥) = ;x* € R™k=0,...(nqg — 1)} where, c = 0,...(C — 1) and C is the
number of class labels in the training dataset. Processing for a mean-dependent node has three phases
v.i.z. initialization, update and split. In the initialization phase, the dataset X, is randomly divided

into two groups. The means of these two groups are estimated as initial values for left ugi) and right

mean MS}%. During update phase, an instance x* is tested for proximity from ulgzl and ,uil_%l. If x*
is closer to N];;zla then the later is updated. Otherwise, uszl is updated. This is performed using an

update rate a (discussed in previous chapters) using (4.1).
o =ph Falxt —pgh) (4.1)

The instances of X, are again passed through node a for dataset splitting. Instances closer to
tar, (o1 par) are sent to aL (or aR), the left (or right) child of a. These instances form the data
subset X,1, (or X,r). These data subsets are similarly processed in the children nodes. This process
is continued recursively till the depth (,,q is reached. This work opts for post-pruning of HDT to
implement efficient pipelining of nodes. The nodes in the depth range [2, (;,,4] are set as leaf nodes, if
the input dataset size is lesser than a threshold (n, < p.). The value of p. is set as 128. A leaf node
has no child node and is tagged with the label of the majority class of its input dataset.

The dataset split by mean-dependent nodes at depth (,,q are further processed by axis-aligned
split nodes from depth (pq + 1 onward. Let, X, = {x* : y(x*) = ¢;x* € R™;k =0,...(ny — 1)} be
the input to the axis-aligned split node b. The input data ranges R[l] = Rumaz[l] — Rmin|l] along
each dimension (I = 0,...(m — 1)) are estimated first. This is performed through a linear search
along each dimension. Then, for each I™ dimension, f threshold values are computed. This range

information is used to construct a f x m threshold matrix ® according to (4.3) containing thresholds
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4. HDT: Hybrid Decision Tree

(Cmax 1 i).:

Figure 4.1: The flow of HDT algorithm. For each node a (or b), possible node types depending on data-size
ng (or ny) are shown by dashed arrows and node splits are shown by solid arrows. The mean-dependent nodes
are indicated in red, axis-aligned in blue and leaf nodes in green.

Ol (t=1,...fil=0,...(m—1)).

) = Foraell = Foinll) 42

04[l] = 0.25(Rmaz[l] = Rmin[l]) + (A[l] x t) (4.3)

This leads to f x m possible axis-aligned split functions of the form Hjy(l,0¢[l]) for the node b.
The split function Hy(l,0:[l]) can be used to split the input dataset X, into the disjoint subsets
Xopr(1,0:]1]) = {x* : xX[1] < 6,[1];x% € X3} and Xpr(l,6:]1]) = {x* : xK[I] > 6,[];x* € X;}. The

impurity drop AIm(Xy,1,0;[l]) corresponding to split parameters (I, 0;[l]) is estimated using (4.4).

AlIm (be l, (9t [l]) =Im (Xb) —Im (Xb[n XbR7 l, Qt [l]) (44)

Tm (Xy, X, 1, 0,[1]) = XD tm (X, (1, 0,[1))) + X880 (X, 5 (1, 0,[1))) (4.5)

Here, Im(X,) refers to the impurity of a dataset X, = {xk cy(xF) = xF e R™E=0,...(ny — 1)}
containing instances from C' different classes input to the node b hosting the decision function H(l, 6;[1]) :

[x[l] > 6. The expression Im (X1, Xpr, [, 6¢[l]) refers to the joint impurity of the data sets input
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4.2 Proposed HDT algorithm

to left (bL) and right (bR) children nodes of b. The optimal split function parameters (I, 6 [l;]) for
node b are chosen to maximize the (parent-to-children) impurity drop AIm (Xy, [, 6;[l]) or equivalently,

to minimize Im (Xpz, Xpr, [, 6¢[l]). The misclassification impurity of the dataset X is computed as

follows. »
Qb(cr) = Z 5[y(xk) - Cr] (4'6)
k=0
. Qb(cr)
Pb(cr) - | X, ‘ (47)
Im(X;,) =1-— e Py(c) (4.8)

Here, ¢(c,) (ch:ol gp(c) =| Xp |) is the number of data vectors in node b which belongs to class c;.
Here, 6[y(x*) — c,]' is used to calculate the number of data instances x* having class label y(x*) = ¢,.
In (4.7), Py(c,) refer to the fraction of data-vectors belonging to the class/category ¢, in dataset Xy

of node b. Using (4.5) - (4.8) the joint children impurity can be expressed as follows.

tin (Xoz. X 0l1) = O oty 0, 000) -+ S i 0.0
| Xon (00 L~ oo @) Xon(LGll) | 1~ mox aun(en))
B | X, | i | X | 9

After performing the algebraic manipulations in (4.9) and using | X74(Z, 0:[1]) | + | Xgrs(1,0:[1]) |=| X |

(W1, 6,]l]) provides the following simplified expression.

| Xor (L 0l]) [ {1 = max  qur(e)}+ [ Xor(l 6:[l]) [ {1 — max gr(er)}

—=0,... cr=0,...

Im (Xy, Xor, 1, 04[1]) = 7 | Xy |

(4.10)

Note that the denominator in (4.10) is invariant with respect to (I, 6;[l]). Thus, by using (4.10), the
joint children impurity values can be estimated by varying split function parameters while avoiding the
division by dataset sizes. Avoiding divisions in searching for the optimal parameters greatly reduces
the computation cost. This process is continued recursively till the depth of (4 — 1. The nodes in
depth range [(;nd + 1, (maae — 1] are also subjected to post-pruning for identifying potential leaf nodes
tagged with their majority class labels. Finally, the HDT terminates at depth (4, where all nodes
are set to leaf nodes. These leaf nodes are tagged with the class label of the dominant category of

their respective input datasets. During classification, an input data instance x* is first routed through

1§[i — 4] is the Kronecker Delta function where 6[i — j] = 1 for i = j and 6[i — j] = 0, otherwise
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Algorithm 4.1: HDT Algorithm

while a= 0 to 2m¢ — 1 do

L Load X,; Compute ugOL) and ,ugg;
while (=1 to (;,q do
while a= nodes in depth d do
while k=0 to (n, — 1) do

Load x*, uf71, Msl_gl;
Compute d,z(x*) =|| M’ZEl —xF ||y;

Compute dar(x) =|| k"~ ||

if d,r(x*) < dyr(x*) then
| = o+ BOE — )

else
k- k-
L php = peg + BOF — piph);
a—1 a—1
| ptar = 10 par = nl s

while (=1 to (,;,q do
while a= nodes in depth ¢ do
while k=0 to (n, — 1) do

Spht:[xa = XaL U XaR] A [XaL N XaR = SO];
XaL = {X : daL(X) < daR(X);X S Xa};
Xaor = {x:dar(x) > dur(x);x € X, }

while ¢ = (Gua +1) 10 (Gaz — 1) do

while b = nodes in depth ¢ do

Load Xj;

Evaluate Ryin, Rimnmaz, O;

© = {l};t € [1, fliL e [0, (m — 1)

(1%, 04 [I*]) = arg max, ;) Alm (X, 1, 0¢[1]);
Split:[Xb = X U XbR] A\ [XbL NXpp = QO];
Xpr = {x: x[I*] < 0 [l"];x € Xp };

XbR = {X : X[l*] > 975* [l*]; X € Xb}

while ¢ =2 to ((ar — 1) do

while « = nodes in depth ( do
if ny < p. then
Set « as leaf node ;
ClassLabel(a) = argmax,, qo(cy)
else
L Preserve node a;

while A = nodes in depth (p do

Set A as leaf node ;

| ClassLabel(\) = arg max, gy (c)
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4.2 Proposed HDT algorithm

Table 4.1: Table comparing HDT with conventional DT (C4.5) and TMDT

Conv. DT TMDT [19] HDT
Node type Complex axis-aligned Mean-dependent Mean-dependent + Simple axis-aligned
Node comp. | O¢gpr = mnlog(n)Ogp + m(n — 1)Oimp | Ormpr = 1(4T4c + 20¢p + Ou)+Oimp | Orupr = Ormpr or n(2m 4k X m 4 1)Ocp + (k X m)(0g 4 Oimp)
Time comp. Tepr Trypr < Topr Trypr < Tupr < Topr

the mean-dependent nodes till the depth (4. Here, x* is sent to left (or right) child node by checking
its proximity to left (or right) mean stored at the mean-dependent node. From depth (4 + 1 onward,

k

x¥ is routed through axis-aligned nodes. Here, x*

is sent to right (or left, otherwise) according to
the learned split function ([z[l*] > 6*]) of that node. Such routing through mean-dependent and
axis-aligned nodes terminates at a certain leaf node. The instance x* is finally classified with the
category label associated with the terminal leaf node. The comparison of HDT with conventional DT
and TMDT [19] w.r.t type of node in DT, calculation complexity (O) of each node (node complexity),
and timing complexity (T') is recorded in Table 4.1. The conventional DT consisting of complex axis-
aligned node has nlog(n) sorting (Og) and (n — 1) impurity calculations (Ojp,) for j* dimension
where j = 0,...,(m — 1) and n is the total number of data vector in the node. Similarly, for each
data-vector in a node, TMDT has four distance calculations (Og4.) and four comparisons (Op) of
data-vector with two means (two during mean update and two during splitting), one update operation
(O,) and one impurity calculation (O;p,,). The HDT consists of both mean-dependent nodes (similar
to TMDT) and simple axis-aligned nodes. So, the complexity of HDT is equal to TMDT for mean-
dependent node a. For an axis-aligned node b, the complexity is two comparisons for determining
the range (R[j]) for each dimension j for each data vector x(®). Tt also involves k x m calculations
to compute 0 (Og) as per (4.2). It also has k x m impurity calculations (Ojmp) (4.9). Then, k x m
comparisons are performed for each data-vector to select the best split value (j;,0s[j;]) for node
b. Finally, one comparison for each data-vector is done to split the node data into left (Xp;) and
right child data(Xpgs). As k << n and O, < O (as sorting data involves multiple comparisons) so,
Ocpr > Ogpr > Orypr and Tepr > Tgpr > Trypr. Moreover, in this design, HDT consists of
mean-dependent nodes till depth 2 and axis-aligned nodes in depth 3 only, which reduces the overall

complexity of HDT.
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Figure 4.2: Outline of hardware architecture for HDT training. The depth variable chooses the type of node
to be executed. Then, the node number of data is used to select the node to be executed.

4.3 Proposed hardware architecture

The HDT algorithm have been optimized as described above to reduce the complexity. The
architecture has been implemented to maximize resource utilization and minimize latency. So, the
mean-dependent and axis-aligned node architecture are parallelized for all features to reduce latency.
This will require m x more resources. However, the latency will also be reduced by a factor of m. Also,
the comparator has been pipelined to reduce critical path, maximize resource utilization and increase
frequency to overall latency. The HDT algorithm as described in Algorithm 4.1 is implemented in
a modular fashion as shown in Fig. 4.2. It consists of mean-dependent, axis-aligned and leaf node

modules. The module to be executed is chosen according to the current depth.
4.3.1 State diagram for the control unit

The control unit used to control the execution of the hardware is shown in Fig. 4.3. It starts with
the initialization of all registers storing the initial values. Then, once the reset is 0, the mean update
for a node starts and the node to which the data-instance belongs is updated (node 1 onwards as
all data is processed in node 0). Once all the data are processed, the data split is done. Then, the
depth is incremented and if depth <(,,q4, then the data is similarly processed in next depth. When
the depth > (4, then the data is used to update the range (Rpqaz, Rmin) of that node. Once the

range update is complete for all data in that depth, then theta and impurity for a node in that depth
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are calculated. Next, the best-split values (f and dimension) are selected and stored as node data.
Similarly, all the nodes in that depth are processed and their best-split values are stored. Then, the
depth is incremented. If it is less than (4., then the data is similarly processed. Otherwise, the
leaf node modules are executed. Once all leaf nodes are updated, the training is complete and the

hardware can be used for classification.
4.3.2 Overall architecture

As discussed in previous section, HDT comprises of three types of node: mean-dependent (Ny,q),
axis-aligned node (N,,) and leaf node (Ny,). The leaf node module only consists of updating the
label according to the maximum number of data-instances that particular node is exposed to. The
algorithmic details of mean-dependent and axis-aligned node operations presented in previous section
are mapped onto hardware architecture modules. For reducing the latency and resource utilization,
HDT architecture processes data in a depth-wise manner. The node module is re-used in each depth
as only one node is processed at a time in depth (. The HDT execution starts with the initialization
phase. In the initialization phase, the pre-calculated initial mean of mean-dependent nodes are stored
into the node memory as discussed in Section 4.2. The flow of execution of training phase and pruning
module after initialization is shown in Fig. 4.2. In training phase, depth is used as the select line
of the multiplexer which selects the type of node in which the current instance of data x* will be
executed. Once the node type is selected, then the corresponding node number of data is used to
select the desired node module to be executed. First, the entire data set in that depth is passed in
update phase of corresponding node modules. Then, the same data set is similarly passed through the
split phase. In split phase, the node number register is updated with the node number (i.e., left /right
child node of current node) in which the data is to be executed in the next depth. After entire tree
is learnt, then the tree is pruned. In pruning module, an g-bit (where g is the total nodes in HDT)
SPLITNODE REG. is updated. The a'"-bit position in SPLITNODE REG. indicates whether node a
is a split (SPLITNODE[a] = 0) or leaf node (SPLITNODE]a] = 1) where a = 0,...,¢g. In the pruning
phase, if the node (at ¢ < ((nae — 1)) satisfies the pruning condition, then the corresponding bit is
set as 1 (leaf node).

In the update phase, the initial means of mean-dependent nodes (starting from node 0), stored
during initialization, are updated according to (4.1). After mean-update is done with the data in that

depth, then the data is split according to the split rule of mean-dependent node and the next depth
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Figure 4.3: State diagram showing the states involved in the hardware.
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is executed similarly. Once depth (,,q + 1 is reached, then the axis-aligned node module is executed.
First, the data in depth ¢ (for ez > ¢ > (na + 1) is processed in update phase of axis-aligned node,
i.e., range of the node is updated. After determining the range from the node data in range update
phase, then the split module of axis-aligned node is executed.

The training starts with the processing of root node 0 (in depth 1) in update module of mean-
dependent node, where the training data x* is taken sequentially from BRAM. For m dimensions, m
instances of BRAMs are used to reduce latency. Once update is complete for all data-instances, then
in split module each x* is assigned to either left or right child present in next depth. In next depth, the
node number associated with each x* is used to select the corresponding node parameters as shown in
Fig. 4.4. The data;, is the updated node parameters obtained from the update phase which is stored
in the memory during write cycle. The RD /W R signal is used to control the read and write operation.
When RD/W R = 0, the data is read from the memory and if RD/W R = 1, the data is written into
the memory. A (paz X (26me — 1) address decoder circuitry is used to select the node data based on
the node number of data. Further, a dual port RAM is designed to allow two memory accesses at the
same time. Thus, the two node parameters, left and right mean in case of mean-dependent node (6*
and [* in case of axis-aligned node) stored in consecutive memory locations is accessed in same cycle
as shown in data storage circuitry. Then, while processing the same dataset in the next depth, each
x" is sent to respective node (in the same sequence as previous depth), assigned during splitting phase
in previous depth.

Similarly, for depth (,,q + 1 onward, the axis-aligned node module is used. In this node, there are

It" dimen-

two types of modules, range update and split module. The range update module examines
sion of the incoming training data instance x*[I] whether it falls within the range [Roin[l], Rmaz[l]]-
If the value is not within the range then, the range is modified otherwise, it is kept as in previous
iteration and accordingly 6;[l] values are calculated (4.3). Once all the data in that depth are checked
in range update module, then they are executed in split module of their respective nodes. In the split
module, all dimensions of the training data-instance run in parallel which enables to speed-up the
training.

This process is repeated for all nodes in that depth. After entire dataset is processed in that

depth then it is processed similarly in the next depth. This process continues till maximum depth

Cmaz (consisting of leaf nodes only) is reached. The leaf node module have data-size less than p. and
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show the output data.

TH-3177_176102101

66



4.3 Proposed hardware architecture

CL(?CK RE?ET

| CONTROL CIRCUITRY (FSM) |

| MEAN —— — ¥ {1’ [C5] ! !SPLIT MODULE
i ' UPDATE —— 7 o | %CZ) P i
i IMODULE B Vo mE | TO LEFT |;
E fl) = 1 |BE| ¢ o] chmp |
i 2l BB NODE [i
iH 16 . = 3/l ' (= P TO |i
< ARA] 20 2| ¢ |gel ! ¢ | ] monr |
i Ax . S C B AR CHILD |
i NODE ol 2| 1 [BE] ¢ NODE_ ||
{ MEMORY | = :
] SSl: (22 !
i + E ' il i
IADC [DSC 5 : ool | i UPDATE i
i aH Bl ) NODE |
i |2z NUMBER i
i | m-1 ,9T iy /1 |88 ¢ OF DATA |
i ' mEl ] :

! . :

[NODE NUMBER REGJL 10 -——=-——==-=-------

— ——— T e W . i

Figure 4.5: Hardware architecture for mean-dependent node module in HDT. Here, RA denotes Register
Array, ADC denotes Address Decoder Circuitry and DSC denotes Data Storage Circuitry.

consists of label update operation only as described in Section 4.2. Then in pruning phase, the total
data of each node above depth (4, is checked. If the total data is less than the required length for
the node to be split node, then the node is set as leaf node and its child nodes are removed. In this

way, all the nodes till depth (4 — 1 is checked which concludes the training.
4.3.3 Mean-dependent node architecture

The mean-dependent node architecture is shown in Fig. 4.5. This architecture consists of update
and split module. In the update module, the node means are retrieved from the NODE MEMORY
according to the node number of data. Then, their distance with x* is calculated. The distance of x*
with both left and right mean is then calculated and compared in parallel. The closest mean is updated
according to (4.1) for all dimensions in parallel in the mean update module. For k** iteration, it has
three external inputs, the selected means of a* node to which x* belongs (from NODE MEMORY)

k

and the data-instance x*. A 2:1 multiplexer is used to select the closer mean whose select line is

connected to the output of DIST. COMP. module discussed in Section 4.3.5. This mean is subtracted

k as per (4.1). Next, the multiplication operation is realised using shifters as « is a constant

from x
and its value is approximated using sum of power of 2 (right shift is used as o < 1) as discussed in

previous chapter. This product is added to the selected mean to get the final desired output. This
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output of mean-update module is the updated mean of node a. For m-dimensional training data, m
such modules are run in parallel to update all dimensions of the mean in parallel. The Register Arrays
(RAs) storing the class-count (no. of data from each class the node is exposed to) and datacount, i.e.,
total number of data-instances travelling to node under consideration (required for pruning) are also
updated in this module.

This process is repeated for entire data in that depth. Once update is done then, the split module
is executed. Similarly, the split module compares the proximity of data with both left and right
means (stored in NODE MEMORY) of the corresponding node. The data is assigned left child node
number if it is closer to left mean otherwise, it is assigned the right child node number. The distance
comparator (DIST COMP.) from update module is re-used in the split module (through a switch
controlled by completion signal of update phase) to determine the child node number closer to the
data. As discussed earlier, the parallel computation of distance of data with both left and right means
optimizes the clock cycle consumption during splitting also. To further optimize the throughput,
pipelined comparators are used as discussed below. The data is assigned to the child node present
in the next depth and accordingly, the node number associated with it is updated. Similarly, entire
training data in a particular depth is processed in their respective mean-dependent nodes till it reaches

depth (g + 1.
4.3.4 Axis-aligned node architecture

The axis-aligned node architecture is implemented in parallel as shown in Fig. 4.6. This architecture
consists of two modules, range update module and split module. For a certain depth ¢ (Gnaz > ¢ >

k is routed to its assigned node where it is first processed in range update

Cmd + 1), data-instance x
module and then, splitted according to split rule as described in Section 4.2. In range update module,
for each dimension I, z¥[l] is compared to Ryaz[l] and Ry l] using two comparators in parallel to
reduce clock cycle. The output of these comparators are fed as input to OR gate and the output of
OR gate is used as the control signal for # UPDATE module. This control signal activates the update
module if OR-gate output is 1, else it remains deactivated. The § UPDATE module updates the 6,[(]
value whenever z¥[l] is outside the range [Ryin[l], Rmaz[l]]. The output of OR gate is 1 if the output
of one or both comparators are 1, i.e., if 2¥[I] > Ryaz[l] and Rpn[l] > 2*[l]. This output is used to

select the input of the two multiplexers whose one input is connected to z*[I] and the other input to

Rimaz|l] and Rpin[l]. The range for [ dimension is calculated by determining the difference between
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Rinaz[l] and Rpin|l]. Then, for calculating A[l], this difference is multiplied by (1/2f) realised using
3 bit right shift (as f = 4) according to (4.2). The multiplication of range by 0.25 is realised using
shifters as 0.25 can be represented as 1/4. Finally, 6;[l] is calculated by multiplying A with ¢ and
adding it with the output of shifter according to (4.3). A MOD-4 counter with initial state set to 1 (as
t=1,...,f)is used to generate the values of t. The final output is selected by the multiplexer whose
select line is connected to the output of OR gate. The output of comparator is 1, if a > b else, 0 for
a < b. Thus the output of comparator is 1 in two conditions: if 2*[I] > Ryes[l] or if Ryinll] > xF[1]. If
any one or both of these conditions is true then, R4, [l] or/and Ry,;,[l] changes as the data is out of
range. The calculation of these ranges are done in parallel to optimize clock cycle consumption. Thus,
if OR gate output is 1 then, 6;[l] is updated with current value. Otherwise, if OR gate output is 0 then
there is no update and previous value of ;] is retained. For I** dimension, f # UPDATE modules are
run in parallel to calculate f number of @ values corresponding to range value of I dimension. For
m-dimensional data, m § UPDATE modules are used to calculate the 6;[l] values for all dimensions
in parallel where t = 1...f and [ = 0...(m — 1). Therefore, for m-dimensional data, f x m such
modules are run in parallel to calculate f x m values of @ matrix. This results in reduced clock cycle
consumption. Thus, in total, range update module calculates threshold matrix ® values of dimension
(f x m) in parallel using shift and add operations according to (4.3) and stores these values in the
RA. Likewise, entire data in that depth is executed in range update module of their respective nodes.

Once the range and 6;]l] values are determined then, the split module of axis-aligned node is
executed. In split module, data corresponding to a node is split into left and right child data by
assigning a node number (present in next depth). Then, this node number is used in next depth to
determine the node to which this data belongs. The split module has four levels. The first level of
split module consists of f comparators for each dimension to compare the f number of 6;[l] values
with the 2*[l] value in parallel where [ is the dimension of x*. Again, for each value of f, m number
of comparators are designed to compare all dimensions in parallel. Thus, this level of split module
consists of f xm comparators running in parallel which splits the data according to threshold matrix @
values for that node. Then, in the second level, the impurity value associated to each 6,[l] is calculated
according to (4.10). Then in the third level, again these f impurity values for each dimension are

lth

compared to select the 0;[l] value giving minimum impurity for dimension. For this comparison,

each dimension needs one f-input comparator to select the best 6;[l] in [** dimension. Then, in the
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Figure 4.7: Hardware architecture for distance computation (DIST. COMP.) used in mean-dependent node
module.

last level, finally one value of ;+[I*] is selected from the m number of 6;[I] values. This selected 0y« [I*]
value is set as the best threshold value and the best [ value corresponding to that 0 [I*] is chosen as
the best dimension (I*) giving global minimum impurity among f x m values as the split parameter for
that node. For selecting these parameters, one m-input comparator is used in the last level. Similarly,
data is processed for all nodes in that depth. This process continues till maximum depth of ({nez — 1)
is reached. Then the leaf nodes present at depth (.., are updated with labels of the majority data

the leaf node is exposed to. This completes the training of HDT.
4.3.5 Distance computation architecture

The mean-dependent node architecture uses euclidean distance computation to compute distance
between left and right means and the data-instance x* as shown in Fig. 4.5. The details of this DIST.
COMP. architecture is shown in Fig. 4.7. The euclidean distance (represented by 32 bits to maximize

accuracy) between the two means and x* is computed in parallel and then the distances are compared
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using a comparator. The output of comparator is 1-bit, i.e., 0 (left mean is closer) or 1 (right mean
is closer). This output of comparator decides whether left mean or right mean is closer to the data-
instance. The hardware for squarer used in distance computation is shown in Fig. 3.4 as discussed in

previous chapter.
4.3.6 Three stage pipelined distance comparator architecture

The architecture of DIST. COMP. includes distance computation of data instance x* with left and
right mean (as discussed in previous chapters) and the comparison of these two distances. The 32-bit
distance comparison using 3-stage pipelined comparator is shown in Fig. 4.8 for two 32-bit inputs @ and
b. The pipeline registers are placed along points where the cut-sets intersect the nets. The comparator
operation is divided into three stages. At first, each comparator input is divided into group of 8, each
containing 4-bits for 32-bit input which is given as input to a 4-bit comparator. The pipeline stage-11
starts by comparing the MSB first. The group of 4-bit MSB (a3; — asg and bsg; — bag) is checked first.
The first multiplexer in stage-III checks the four MSB bit group. If all bits are equal, then the group
of next 4-bits are checked. If these are also equal, then the next group is checked. Otherwise, if all
bits are equal then next group is checked and it continues till the LSB bits. If the XNOR of all bits
are equal then, output is 1 which indicates that both numbers are equal. Therefore, the output of
the comparator is either 1 for a; < b; or 0 if a; > b;. First stage comprises of 32 XNOR gates whose
input is connected to " bit of @ and b where ¢ = 0,..31. The next stage pipeline comprises of four
4-bit comparators and AND gates. The output of four XNOR gates are fed to the input of AND gate.
The output of AND gate is 1 if all these 4-bits are equal, else it is 0. Each 32-bit number is divided
into 8 groups of 4-bit numbers and each group of 4-bits are fed as input to each 4-bit comparator.
As shown in figure, each 4-bit comparator consists of two levels of multiplexers (MUX). The level 1
consists of four multiplexers. The select line of each multiplexer is connected to an AND gate. The
input to AND gate is @; and b;. The output of this AND gate is 1 if a; < b; and 0 if a; > b;. If a; = b;,
then the next bit is checked by the level 2 MUX. For 4-bit LSB group, the input of first multiplexer
in level 1 is connected to the MSB in that group i.e., ag and bs. If ag > b3, then 0 is selected else, 1 is
selected if ag < b3. Otherwise, if a3 = b3 then, the first MUX in level 2 selects the output of second
MUX in level 2 as shown in Fig. 4.8. Likewise, level 2 multiplexers selects 0 or 1 for all the 4-bits.
In level 1, there are three multiplexers whose select line is connected to three AND gates as discussed

above. If ag = b3, then ao and by are checked, else the output of level 1 multiplexer whose input is
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Figure 4.8: Hardware architecture for 32-bit pipelined comparator used in DIST. COMP. The cut-set is along
the delay registers placed after each 4-bit comparator module.
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Figure 4.9: Hardware architecture for node label update

connected to ag and b3 is selected. Similarly, if ag = b3 and as = bo, then a1 and b; is tested. Finally,
if a1 = by, then ag and bg is checked. If ag > bg, 0 is sent to the output else, 1 is sent to the output
of the comparator. The third stage consists of four multiplexers. The select line of each multiplexer
is connected to the output of AND gate. If the AND gate output is 1, i.e., all 4-bits are equal, then
the next 4-bits are checked. Otherwise, if AND gate output is 0, then the 4-bit comparator output
is selected. Thus, the output of comparator is 0 if @ > b else, it is 1. The 4-bit comparator is not
pipelined. The critical path is limited by the memory read delay, so pipelining the 4-bit comparator

will not contribute to critical path delay reduction.
4.3.7 Hardware architecture of node label detector

The hardware architecture to update the label of leaf nodes is shown in Fig. 4.9. The number of
data in a node belonging to class 0, 1, 2 and 3 is stored in CLASS 0, CLASS 1, CLASS 2 and CLASS
3 registers, respectively. Then, a comparator is used to compare two of the class data (stored in
REGISTER 1 and 2) at a time. The output of comparator is used to control the tri-state buffer (BUF).
If REGISTER 2 content is smaller than REGISTER 1 then, REGISTER 1 content is transferred to
REGISTER 2, else REGISTER 2 content remains same. In first cycle, CLASS 0 register content is
stored in REGISTER 2 and CLASS 1 content is stored in REGISTER 1. Then, once these CLASS 0
and 1 are compared then, CLASS 2 content is transferred to REGISTER 1. In this way, all the four
class data are compared and the largest of four is stored in REGISTER 2. Accordingly, the label of
that node is stored as 0, 1, 2 or 3 (as this hardware supports 4 classes) with respect to which ever

class has highest data instances in that node.
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INPUT CLOCK

Figure 4.10: Experimental set-up for FPGA implementation.

4.4 Results

4.4.1 Experimental set-up and dataset description

The hardware implementation of this design was done on Virtex Ultrascale + board XCVU13P-
FLGA2577-3-E using Verilog HDL in Vivado 2017 and no high-level synthesis tool was used. From
implementation results, the critical path for proposed architecture is found to be 5 ns limited by the
4-bit comparator. Hence, FPGA can operate at a maximum frequency of 200 MHz (speed grade -3).
The experimental set-up for on-chip implementation of HDT on FPGA is shown in Fig. 4.10. The
clock input is connected to the system clock. The reset input is connected to the push button as
shown in the figure. The output indicating the training completion is connected to the LED. The
LED glows once the training is complete. The training data consisting of feature matrix is loaded
into the on-chip memory (BRAM) from computer as binary file. During training, the data-instances
are loaded into the training module from on-chip memory. The input RESET signal is given through
the DIP switch present in FPGA board. If RESET is 1, the training hardware is initialised and
training begins when RESET is 0. The training completion signal TRAINING DONE is connected
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Figure 4.12: Plot showing the variation of training latency with mean-dependent nodes depth ((mna).

to an LED. Once the training is complete, TRAINING DONE signal output is asserted high and the
LED glows. For software comparison, the design was implemented on both C and Python on Intel
i7 processor running at 3.2 GHz having 6 cores. The design has been tested on 9 datasets, viz.,heart
attack detetction, wine variety, dry beans variety, mammography, occupancy, activity recognition 1,
activity recognition 2, activity recognition 3 and skin [40]. The training and testing data consisted of
80% and 20% of total data respectively. The heart attach detection is a binary dataset consisting of
13 features. The wine and dry beans variety datasets are multi-class consisting of 14 and 17 features,

respectively. The Mammography or breast cancer dataset has 961 instances and 5 attributes, viz.,
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Figure 4.13: Bar-plot showing the variation of accuracy and training latency with axis-aligned nodes depth.

age, shape, margin, density, severity and a binary class number having value 0 for benign and 1 if
it is malignant. The Occupancy has 12690 data-instances and each instance has 5 attributes, viz.,
age, shape, margin, density, severity and a binary label indicating whether the room is occupied or
not. Next, the Activity recognitionl has 6 attributes for each instance where each attribute contains
the 6 sensor readings according to various movements of the body and a label for identifying the
task performed. It consists of 25919 data instances. This dataset distinguishes between whether a
person is lying, walking or standing. Similarly, Activity recognition2 and Activity recognitiond also
has these 6 attributes. Activity recognition2 containing 15497 data instances distinguishes between
cycling and two types of bending. While Activity recognitiond is a binary dataset having 17278
instances that distinguish between sitting and lying. Finally, the Skin dataset has 3 attributes related
to each instance, viz., R,G,B pixel values with a binary label indicating whether it is a skin pixel. The
maximum data-instance value in these datasets can be represented well with 16 bit representation.
The largest dataset (Skin) consists of 62000 (50000 training data) data instances and the highest
number of features (m = 6) is present in Activity Recognition 1, 2, 3 datasets. So, this hardware
supports maximum of 50000 data instances with 6 (m = 6) attributes and supported bit-size is 16.
The number of features and bit-size can be extended based on the requirement of dataset without

affecting the training latency.
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Table 4.2: Table recording the training latency and accuracy comparison of conventional DT with HDT
constructed using mean-dependent nodes and hybrid nodes

Conventional

HDT
Dataset DT
Axis-aligned | Mean-dependent Proposed
nodes only nodes only hybrid nodes
Time Acc. Time Acc. Time Acc.
(ins) | (in%) | (ins) (in %) (ins) | (in %)
Mammography | 0.92 85 0.15 67 0.83 | 64.50
Occupancy 30 99 1.11 87 5 95
Activity 63 80 | 250 62 10 74
recognition 1
Activity 35 | 91 | 240 58 742 | 82
recognition 2
Actlvity 33 | 82 | 233 71 578 | 74
recognition 3
Skin 180 94 7 93 15.93 98

4.4.2 Experimental results

The performance of HDT is evaluated in terms of accuracy and latency. Fig. 4.11 shows the plot
for variation in accuracy with varying depth of mean-dependent nodes ((,,q) for all datasets. It is
observed that the accuracy either remained constant or dropped after a depth of 2. Similarly, the
latency variation with an increase in depth of mean-dependent node is plotted in Fig. 4.12. As can
be observed from the plot, the latency increases with an increase in depth. So, (4 = 2 is found to be
the optimum value for these datasets. Similarly, performance variation is evaluated for various values
of axis-aligned node depths. The accuracy and latency plot for various depths of axis-aligned nodes
are shown in Fig. 4.13. It is observed that there is no accuracy improvement with increase in depth
of mean-dependent nodes. While accuracy is almost constant for all datasets, there is a significant
increase in latency with increase in depth. So, the optimum depth for axis-aligned nodes is found to
be 1. The mean-dependent node depth is set as 2 and axis-aligned node depth is set as 1. So, the
optimum value of (ner = 4, as depth 4 contains leaf node (root node being at ( = 1). As discussed in
previous chapters, the trial-and-error based software simulations shows that the maximum accuracy
is obtained for a = 0.875, p. = 128 and f = 4. The training latency and accuracy comparison of
conventional DT (having only axis-aligned nodes) with HDT constructed with only mean-dependent
as well as hybrid nodes (both mean-dependent and axis aligned) is presented in Table 4.2. It is
observed that HDT is faster as compared to conventional DT for all medium and large-sized datasets.
Similarly, accuracy difference of HDT and conventional DT for small-sized binary dataset is higher

than medium-sized binary dataset. The accuracy is lowest in case of smallest binary Mammography
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Table 4.3: Data-size description and Fl-score of all datasets. The binary classes do not have Fl-score (class

2).
Dataset Training | No. of | Fl-score | Fl-score | Fl-score
instances | features | (classO) (classl) (class2)
HeartAttack 216 13 0.61 0.5 -
Mamm. 769 5 0.70 0.61 -
Occ. 9727 5 0.96 0.93 -
Activity 14308 6 0.77 0.70 ;
recog.3
Skin 50000 3 0.98 0.98 -
Wine 116 14 0.84 0.71 0.44
Acivity 21599 6 0.76 0.78 0.82
recog.1
petivigg 12059 6 0.86 0.50 0.86
recog.2
Dry beans 3981 17 0.97 0.96 0.71

Table 4.4: Table recording the training latency of software (Python and C) and hardware (FPGA) platforms
for all datasets with number of classes.

Dataset | Python [ C [FPGA [ No. of
(ins) | (ins) | (ins) class
Mamm. 0.83 | 0.009 | 0.00016 | 2
Occ. 5 0.180 | 0.00209 | 2
Activity 10 | 0310 | 0.00464 | 3
recognitionl
Actlvity 7.42 | 0.200 | 0.00279 | 3
recognition2
Activity 5.78 | 0.240 | 0.00309 | 2
recognition3
Skin 15.93 | 0.650 | 0.01075 | 2

dataset. The accuracy is also observed to be higher for binary dataset as compared to multi-class
for similar-sized dataset. While HDT has accuracy of 98% for the largest binary Skin dataset. This
proves that the accuracy of HDT improves with increase in instances from each class.

The dataset size and the Fl-scores of each dataset is recorded in Table 4.3. HDT shows lowest
F1-score of 0.44 for multi-class small-size dataset, i.e. wine as number of instances belonging to class
2 was less. The Fl-score is 0.5 for class 1 of medium-sized Activity recognition2 as the number of
instances belonging to class 1 is less than class 0 and 2 for this dataset. The Skin dataset shows the
highest F1-score of 0.98 among all datasets. So, Fl-score of HDT also improves with increase in the
dataset size.

The latency comparison of proposed FPGA implementation with corresponding software imple-

mentations based on C and Python is presented in Table 4.4. Table 4.4 also provides information
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on number of classes required for each dataset. The FPGA implementation was found to be at-least
27x faster than C and 2500x faster than the Python implementation. The hardware training for
medium-sized binary dataset Activity recognition 3 was found to be 47x and 1150x faster than C and
Python implementations, respectively. The speed-up for medium sized multi-class datasets Activity
recognition 1 and 2 was found to be at-least 30 — 37x compared to C and 1100 — 1200x compared to
Python-based implementation. The FPGA implementation for largest binary Skin dataset was found
to be 34x faster then the C implementation and almost 103 x faster than the Python implementation
without incurring any performance degradation. Next, the latency of proposed hardware is compared
with our previous works and the multi-FPGA implementation proposed in [20] which uses five FP-
GAs. The multi-FPGA implementation is found to be slower than the proposed single FPGA-based
implementation due to involvement of complex operations such as sorting and division. As listed in
Table 4.5, it is observed that the proposed single-FPGA implementation for 6 features and 4 possible
value of class is found to be at-least 80x faster as compared to multi-FPGA implementation proposed
in [20] for 10k data-instances having 32 features and 16 possible class values. This design processes
all dimensions of a data-instance in parallel, so the training latency of the proposed design is inde-
pendent of number of features and classes. Although, the resource usage will increase with increase in
number of feature or class. The proposed hardware has at least 1.5 ms less latency than our previous
works proposed in [19,42] for 10k data-instances. This design has reduced clock cycle consumption
due to parallel implementation of some blocks which has led to overall latency improvement. Also,
this design supports four classes. This design also has same delay as pipelined implementation of
TMDT proposed in [41] for 1k data-instances, the latency is reduced by 200us for 10k data-instances.
Thus, this hardware performs better as dataset size increases. The resource comparison of proposed
hardware with existing classification hardware as well as training hardwares is shown in Table 4.6.
This resource consumption is independent of board. The proposed training accelerator consumes lesser
LUT and FF as compared to conventional k-means classification architecture [43]. It is also found that
the proposed training hardware consumes very less DSP as compared to the optimized classification
hardware reported in [33] implemented on Xilinx Virtex 7 FPGA running at 200 MHz. In spite of
using more BRAMSs, the proposed design has lower LUT and FF usage as compared to TMDT training
hardware proposed in [19]. The proposed hardware is also resource-efficient compared to pipelined

training hardware reported in [41] and batch-mode hardware proposed in [42]. Though, other resource
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Table 4.5: Table recording the training latency comparison of proposed hardware with existing hardwares
along with number of FPGAs used, number of features in each dataset and number of supported classes.

Design Latency for Latency for Training | No. of | No. of | No. of supported
1k data (in ms) | 10k data (in ms) | algorithm | FPGAs | features classes
CART [20] 260 360 CART 4 32 16
TMDT Serial [19] 0.49 6.40 TMDT 1 5 2
TMDT Mixed [41] 0.29 3.76 TMDT 1 5 2
TMDT Batch-mode [42] 0.99 6.85 TMDT 1 7 4
Proposed Design 0.16 2.79 HDT 1 6 4

Table 4.6: Table recording the resource utilization comparison of proposed hardware with existing hardwares

3 LUT FF Max. freq.
Design (in K) | (in K) BRAM | DSP (in MHz) Task

Conventioal k-means 108 54 100 1062 200 Inference
Optimised k-means [33] | 14.16 | 24.49 240 186 200 Inference
TMDT Serial [19] 297.91 | 3.42 48 200 62 Training
TMDT Mixed [41] 298.96 | 3.57 187 60 71 Training
TMDT Batch-mode [42] | 154.65 | 5.44 24.5 0 62 Training
Proposed Design 5 3.03 30.5 0 200 Training

usage is less compared to the existing hardwares, the BRAM usage for proposed design is higher due
to increase in dataset size. In this design, the intermediate register arrays have been implemented
using BRAMs to free-up the important LUTs and FF's for use by classification block. This has led to
increase in BRAM consumption. Also, to retrieve all features in parallel multiple instances of BRAM

has been used which has lead to further increase in BRAM usage.

4.5 Discussions

In this chapter, HDT algorithm was proposed which was found to be faster than the conventional
DT algorithm as tested on the Python platform. Moreover, the proposed architecture implemented
on FPGA operates at a maximum frequency of 125 MHz. The proposed FPGA implementation also
shows a speed-up of at-least 34x as compared to software implementation on C. Hence, the FPGA im-
plementation executes faster than the software implementation for the same number of data instances.
Further, it was found to be at least 80x faster than the existing FPGA DT training accelerator. It
also has less memory and computational resource consumption as compared to optimized classification
hardware. The proposed design also shows a manifold reduction in hardware usage as compared to ex-
isting training accelerators. Thus, the training hardware for HDT was found to execute faster than the
existing training hardware. It was also found to be more resource-efficient as compared to prediction

or classification hardware. This speed-up and resource efficiency were achieved due to a reduction in
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complexity as compared to the DT algorithms used in the existing classification or training hardware.

This thesis has explored the implementation of DTs with only mean-dependent split nodes and
their combination with axis-aligned split nodes. We propose to further explore the hardware realization
of neural trees. In neural trees, the split nodes host oblique split functions. Such trees are often found
to provide greater accuracy with a lesser number of nodes. The simplest neural tree uses a perceptron
at each split node. The next chapter describes the hardware based training and evaluation of neural

trees.
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e R. Choudhury, S. R. Ahamed, and P. Guha, “Hardware Implementation of Low Complexity High-
speed Perceptron Block”, in IEEE International Symposium on Circuits and Systems (IEEE-
ISCAS), 2022.
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Overview

The Neural Trees (NTs) are known for providing higher accuracy with a lesser number of split
nodes. In such trees, the split nodes generally host a neural network. This work realizes a neural tree
with single output perceptrons at each split node. The perceptron evaluation involves an inner product
followed by a non-linear activation function (here, sigmoid) computation. In this chapter, a resource-
efficient perceptron hardware is proposed. The inner product computation is implemented using OBC
which uses simple adders and shifters. The sigmoid calculation has been implemented using the
CORDIC algorithm for efficient resource usage and improved accuracy. Next, the Perceptron Decision
Tree (PDT) algorithm is presented where each DT split node hosts a perceptron. A training hardware
for PDT on FPGA is proposed. The training hardware is found to be more resource-efficient than
our previous works. However, the accuracy of training hardware is found to be less than the software
platform. Thus, a classification hardware implemented on both FPGA and ASIC is proposed where
PDT trained on the software platform is loaded into hardware for classification. This hardware is

found to be resource-efficient than the existing DT classification hardwares.

5.1 Problem formulation

The perceptrons are the main building block of Convolutional NNs or DNNSs, etc. So, this chapter
first proposes a resource-efficient and fast hardware for perceptron. This perceptron hardware im-
plements the inner product computation unit and activation function unit using OBC and CORDIC,
respectively. The OBC implements the inner-product computation using shifters and adders instead
of multipliers for lower complexity. Next, this perceptron hardware is used to build a low-power and
resource-efficient Multi-Layer Perceptron (MLP) network. Then, the PDT algorithm is proposed. A
split node in PDT consists of a single order neuron. Due to the presence of perceptron or neuron
in each node, the DT is able to achieve better accuracy at smaller depths as compared to TMDT
and HDT and thus, results in an efficient hardware implementation. This chapter presents a training
accelerator for PDT. The training here is done in batches. Next, classification hardware for PDT

(trained offline) is also proposed.
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I 2*[0]

N - w(0) Sigmoid

U . z*[1] * w1] activqtion >
T 2 . Uk unit Yk
xk [m — 1] wlm — 1]

Figure 5.1: Structure of a perceptron showing the operations for k' instance of data matrix X (x*)

5.2 Perceptron evaluation

5.2.1 Perceptron algorithm

A perceptron processes the input x* € R™ in two steps. In the first step, the intrinsic weight
parameters w = [w[0], ... w[l],...w[m — 1]]" are point-wise multiplied with the input to compute the
inner product wuy according to (5.1). In the second step, the inner-product value uy is input to the
activation function g,(e) to obtain the perceptron output g as shown in (5.2). The computation
diagram of the perceptron is shown in Fig. 5.1. Here, the perceptron bias is set to 0 for optimizing

hardware consumption while achieving a trade-off between performance and resource utilization.

m—1
w, = wixk = wl]z* 1] (5.1)
1=0
. 1
Uk = ga(uk) = Treur (5.2)

Consider the training dataset X = {x": y(x*) = ¢;x* € R™;k =0,...(n — 1)} where class label
¢ € {0,1}. The perceptron parameters are learned from the training dataset X. This is achieved by

minimizing total error Ex = ZZ;& {y(xF) - ﬁk}2 while tuning w.

5.2.2 Proposed hardware architecture

5.2.2.1 Overall architecture

The perceptron unit described above is the main building block of NN. As the NN consists of huge
number of single perceptron units, so the hardware implementation of these network results in heavy
resource usage and thus, increased power consumption. The challenge in the hardware implementation
of neuron is designing both resource-efficient and high-speed inner product calculation unit. So, in this
design, the inner product calculation is designed using OBC unit. The conventional piece-wise linear

and non-linear approximation techniques used for calculation of sigmoid function introduced high
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error and higher critical path delay due to frequent memory access. Thus, in the proposed hardware,
sigmoid unit was designed using CORDIC algorithm which reduced the error and the critical path
delay as shown in Fig. 5.2(a) where the CONTROL UNIT, formed by Finite-State Machine (FSM),
controls the execution of OBC and sigmoid modules. To further reduce the critical path, the OBC
and sigmoid modules are pipelined. The mathematical formulation of inner product calculation using

OBC is described in the following section.
5.2.2.2 OBC Architecture

The I** dimension of L-bit data-instance z*[I] to OBC unit is expressed according to (5.3) where
—ak | [I] represents signed bit of 2*[I] and Z% | [I] represents signed bit of —z*[I] (2’s complement of
1))

z*[l) =1/2(«"[l] - (==*[I]))

=1/2(=(af 4[] - ZF 1 )+

L-1
Z (@f_y 5[] — =5y l2~ = 2071y
i=1
L—1 '
=1/2(d1[l] + > dpyifl]2 —27ED) (5.3)
i=1
Therefore the inner product calculation of u for m-dimensional data-vector x* can be represented as
(5.4) where Deyirq = ?ial (w[l]/2)2= =1 is a constant.
m—1 m—1
u="Y wllz"l] =) dr_1[llw]l]/2)+
1=0 1=0
L—1 m-—1
OO dpaillwll]/2)27)
=1 [=0

= Z DL—l—zQ—i + Dextraz_(L_l) (54)

Thus v** (v =L — 1 — i) bit of y, D, can be expressed as (5.5) where v = 0,... L — 2 while the MSB
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Figure 5.2: (a)Hardware architecture of perceptron block consisting of OBC and sigmoid module, (b) OBC
module architecture, (c) CORDIC unit architecture.
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bit D71 bit can be represented by replacing [z£[l] — ZX[I]] with [ZX[l] — 2X[1]] in (5.5).

Dy = [ahll] — 7, [1ull]/2
=0
—(w[0]/2) (0] — T [0] + .+ (wlm — 1]/2)akfm — 1] — 2 fm — 1] (55)

So, from (5.5) it can be observed that the sign of w[l]/2 corresponding to z%[I] is negative if z¥[I] = 0 or
positive if 2¥[I] = 1 which is reverse for Dy_1 where [ = 0...m — 1. Therefore, D, can be expressed as
sum of weights w|l] where the addition or subtraction of w[l] is decided by the v*" bit z%[I]. Thus, sum
of weight values for every possible combination of z¥[] for I = 0...m —2 can be stored in an LUT. For
v bit D, the (m — 1)-bit address value A of LUT is A = zX[m —2] ... 2¥[0] if 2%[m — 1] = 0 while for
xk[m —1] = 1, the address is A = 7%[m —2] ... Z*[0]. This addressing reduces the memory-size of LUT
by half. For v = L — 1, i.e.,, D1, a negative sign is inserted before LUT value if 2% [m — 1] = 1,
otherwise it is positive. For instance, for 7-dimensional input x* (m = 7), if 2f[m — 1] = 0, the
LUT wvalue for Dy is accessed at memory-location 000000 while the value corresponding to Dy, if
xk[m — 1] = 1, is accessed at memory-location 111111. Further, for Dy, if 25[m — 1] = 0, the LUT

values are complemented. Similarly, for Dy_q, if x]z_l[m — 1] = 1, the LUT value is complemented

and else it is positive. Thus, for determining D, the address of LUT is realised using XOR gates

k
v

whose one input is #%[m — 1] to complement the address bits if %[m — 1] = 1 as shown in Fig. 5.2(b).
A multiplexer (2:1 MUX) is used to select the complemented LUT values or the original values. The
select signal for the multiplexer is connected to XOR of S and mﬁ [m—1], where S=1forv=L—1, i.e.,
Dj_1 and 0, otherwise. Once the selected LUT values are obtained, the multiplexer output is shifted
by i bits and added to the PIPELINE REG. content according to (5.4). The content of this register is
updated after each clock cycle. An example showing the LUT values stored to determine the D, bit
for a 3 dimensional input x¥, i.e., L = 3 is shown in Table 5.1 where v =0,...L —2 as for v = L — 1,
the sign is reversed. It can be observed that ps = —p4,p2 = —ps5,p1 = —pg and pg = —p7. Thus,
the memory-size is halved by storing pg . ..ps in the memory and p4...p7 are generated by taking 2’s
complement where the XOR of S and MSB bit of address,i.e., z,[2] (for m = 3) is used as the select
signal. This process is repeated for v = 0,...2 (where L = 3) and added to previous PIPELINE REG.
content by shifting the obtained LUT value by ¢ bits. After all bits Dg... Dp_1 are obtained, then
the register value is added to Degirq (controlled by a switch which closes after every L clock cycles)

for L-bit input-vector x*.
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Table 5.1: Table recording the LUT contents for 3 dimensional input vector x* (L = 3) where the chosen LUT
value is used to calculate D,

LUT Address LUT stored value
zp2] ap(l]  2y[0] D,

0 0 0 | po=(—1/2)(w[2] + w[1] + w][0])
0 0 1 | p1=(=1/2)(w[2] + w[l] — w[0])
0 1 0 | p2=(-1/2)(w[2] — w[1] + w[0])
0 1 1 | ps=(=1/2)(w[2] — w[l] — w[0])
1 0 0 | ps=(—1/2)(—w[2] + w[1] + w[0])
1 0 1 | ps = (=1/2)(—w[2] + w[1] — w[0])
1 1 0 | ps=(=1/2)(-w[2] — w[1] + w|[0])
1 1 1 | pr=(-1/2)(~w[2] — w[l] — w[0])

1.0

0.8

sigmoid(x)->

0.0

Figure 5.3: Plot showing the variation of sigmoid output with input x

As shown in Fig. 5.2(b), PIPELINE REG. is used to store the intermediate values before adding
it to Degtrq bit. The switch connecting the PIPELINE REG. content to the adder is connected after

every L clock cycles to generate the final output w.
5.2.2.3 CORDIC architecture

The variation of the sigmoid graph is limited for a certain range of input as shown in Fig. 5.3. The
maximum variation is observed in the range [—3.5,3.5]. So, in this design, the input range of sigmoid
hardware was divided into four sections as the output for sigmoid is almost 0 for input range (—oo, —3.5]
and 1 for [3.5,00). For input wlx* =0, the output of sigmoid unit was set as 0.5, else for w’ x¥ > 3.5,
output is set as 1 or if w/'x¥ < —3.5 then output is set as 0. Otherwise, for —3.5 < wlx* < 3.5, the
CORDIC unit is executed to get the output 7. The sigmoid activation function used in the perceptron
unit can be implemented by using Rotation CORDIC (RLC) and Vector CORDIC (VLC) [38]. In
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this hardware, the RLC unit implements the exponential part (eWTxk), and two VLC units are used
to implement (e‘wT"k) and (1/(1+ e_WTxk)) part as shown in Fig. 5.4. The sigmoid hardware error
for input range [—3.5, 3.5] was limited to 1075. The critical path delay due to CORDIC unit has been
optimized by placing delay registers between the RLC and VLC 1 modules and between VLC 1 and
2 modules.

The RLC unit comprises of multiplexer and shifters for computation of exponential function. The
input to this unit is 29 = 1/I', yo = 0 and zp = wlxk. While the output is the value of Tg + Yg
taken after g iterations which corresponds to W' where T' = nglm and s = —r,...0,...9.
For s = —1 and s = 0, the values of T" and the expressions in (5.6) changes as 27° is replaced by

1-2727""" The equation for computing Ts41, ys+1 and 241 in st iteration in RLC is described in

(5.6) where tanh™! is pre-calculated and stored in LUT.

Tsy1 =xs + sign(zs) (2~ %ys)
Ys+1 =Ys + Sign(ZS)@_sxS)

Zsp1 =25 — sign(zs)tanh™1(27%) (5.6)

The VLC unit also implements the complex inverse operation using simple LUTSs, shifters and adders
which makes it resource-efficient and fast. To compute e‘wT"k, the inputs to the VLC unit is set

k
X

as rg = v’ , yo = 1 and zg = 0. The value of z; after p iterations is the required value. The

tth

computation of the values in iteration is realised using (5.7) where t = 1,...,p.

Ti41 =Tt
Yrr1 =y — sign(y;) (27" xy)
Zey1 =2 + sign(y)(279) (5.7)
Finally, the output of VLC unit 2 is the predicted label ¢, corresponding to input vector x*. The
sigmoid module is pipelined to reduce the critical path delay. The output of RLC module and VLC

unit 1 are stored in two pipeline registers as shown in Fig. 5.2(c). The highest accuracy is obtained

for values g = 15,7 = —1 and p = 18.
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Figure 5.5: Hardware architecture for feed-forward MLP module constructed using proposed perceptron
hardware.

5.3 Feed-forward MLP architecture designed using the proposed
perceptron hardware

A feed-forward MLP network architecture was designed using this single perceptron module. The
network had one input layer, one hidden layer and one output layer as shown in Fig. 5.5. The input
layer had seven inputs (for 7-dimensional data), hidden layer had 3 perceptron units running in parallel,
and one perceptron unit in the output layer. The output of perceptron in hidden layer is truncated
to 16 bits before feeding into the next layer perceptron. To increase the speed, one pipelined register
was placed between hidden layer and output layer. This resulted in increase in frequency thereby

increasing the speed.
5.4 The PDT algorithm
5.4.1 Feature selection and data pre-processing

In this design, m features are selected from the feature set (of m dimensions) available in the

training dataset X using Extra-Trees classifier [44]. This is a randomized approach, consisting of
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X’“<O|WTXk20 wlixk <0
LEAF LEAF LEAF LEAF
LABEL:0 LABEL:1 LABEL:0 LABEL:1

Figure 5.6: Structure of fully grown PDT till depth 3 is shown along with split conditions for data vector x*.
The circles signify split nodes while the squares represent leaf nodes.

an ensemble of Npp DTs to select the ms best features. The input dataset to a DT Tp (where
F =1,...,Npr) consists of randomly selected feature subsets from a set of m features. For a DT Tp,
a split score (impurity criteria selected by user) is computed for all the features. The feature giving
the best score is selected. This is repeated for all Npp DTs. Finally, mg features having top scores
are selected.

Consider the weight vector w = [w[0],w[1],...,w[m — 1]]. The input data-matrix X = {x* :
y(x¥) = ¢;x* € R™s; } where ¢ € {0,1} and k = 0,...,(n — 1) has n instances (with binary category

k

labels). In this algorithm, each data vector x" is normalized using zero mean unity variance nor-

malization. This normalization results in an increase in accuracy and thus improves the algorithm’s

performance.
5.4.2 Perceptron training

The training of perceptron involves node weight correction to tune the weights according to the

training data space. First, the inner product (wak) is calculated. Then, the sigmoid function

k

(o(wTx*)) is calculated for all data-vectors x*. The output of the sigmoid block is the predicted

[*h-dimension of data-vector x*[l] is

class (¢) corresponding to x*. Then, dw(l]) corresponding to
calculated according to (5.8) where I =0, ..., (ms—1) and nd +n{ is the total data from class 0 and 1,
respectively, which visited node ¢. In this way, the vector éw = [dw|0], dw[1],...,dw[l],..., dw[ms—1]]
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corresponding to x* is calculated.

_ S 9l — i Hy(M) — g dxE(l]
ng + nf

swl] (5.8)

The perceptron is trained in batch mode and multiple epochs are executed to improve its accuracy.
An epoch is formed by reshuffling the data instances present in the previous epoch. This design
uses N = 10 epochs which are observed to maximize the accuracy. The training data-matrix X is
decomposed into H batches (H = “:J, where b is the batch-size) in each epoch. Each batch Xj
(X = UhH:1 X}) contains b training instances (X; U Xo U X3... Xy € X). For batch-mode training,
the error is averaged over the entire batch h and the node weight is updated at the end of execution
of each batch h according to (5.9) where dw = [dw[0], dw[1],...,dw[l],...,dw[ms — 1]] and ~ is the
weight update factor. The value of v is set as 0.1 after trial and error giving maximum accuracy. Here,
bias is set as 0 to optimize the hardware consumption and to achieve a trade-off between performance

and resource utilization.

wh = w0 — yow (5.9)
5.4.3 PDT training flow

A PDT induces oblique splits in the input space in contrast to axis-aligned ones induced by
algorithms like CART, C4.5 or ID3. To perform classification, the PDT needs to be trained first. The
structure of a fully grown PDT is shown in Fig. 5.6. Each node of the PDT consists of a perceptron.
Here, each batch of data instances (Xp, h = 1,... H) is passed through the perceptron embedded in a
node. The processing of X, starts with the root node. At root node, Xy, is divided into datasets XZL
and X4". Next, X% and X" are sent to the child nodes ¢L (node 1) and gR (node 2), respectively.
The perceptrons in nodes gL and gR are trained accordingly. Then, X%L and XgR are again split in
nodes qL and qR respectively and sent to their respective child nodes. Thus, the training data batch
X}, enters through the root node and its partitions traverse the entire PDT till the last depth.

Let X;Lq) C X}, be the dataset input to the ¢** node of the PDT. The weight vector w, associated
with node ¢ is tuned using ng) according to (5.9). After tuning, Xg‘n is split following (5.10) and

each data-instance x* ¢ X;LQ) is sent either to left (¢L) or right child node (¢R) of q.
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Left child data : X§" = {x* : w"x" <0}

Right child data : X" = {xk cwlxP > 0} (5.10)

Similarly, the perceptrons of all nodes are trained. This continues till depth ((mee — 1) as leaf
nodes in depth (4, only consist of node labels. Once batch X}, finishes training of all nodes till depth
(Cmaz — 1), then, the next batch Xj,1; is loaded. Then, similarly, all split node weights are tuned
till depth ((maz — 1). This continues for all batches and epochs. The pruning is performed after the
completion of training with all batches. For a split node ¢, the node data comprises of a number of
data vectors having label 0 (nl) and label 1 (n{) which entered node ¢. In pruning, the same batches
are again passed to update the node data. In the post-pruning phase, the node status is updated. This
node data is used for setting node ¢ either as leaf node (if pruning conditions as given in (5.11) are

satisfied) or as a split node where p, is the data-length threshold and 7, is the node purity threshold.

Total Node data : nd + n{ < p.

. maz(nd,nd)
Purity of node : {W} > np (5.11)

This process is repeated for all epochs and the final tree structure after pruning is stored to be used

during classification.
5.4.4 PDT classification flow

In the classification phase, the input data is routed through the root node to the leaf node by
the perceptron embedded in the split node according to (5.10). Then, the class label is assigned in
the leaf node. When a data instance x* enters the node, the perceptron first performs inner product
calculation between x* and the node weight vector w. Next, if w!x* < 0, then x¥ is sent to the left
child, otherwise to the right child. This is continued till the data vector reaches a leaf node where it

is assigned a label (0 or 1). This design implements a binary PDT.
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Figure 5.7: Block diagram showing the flow of steps starting from feeding the input raw data till detection in
PDT. The DT structure output corresponding to different modes is shown in different colors.

5.5 Proposed PDT hardware architecture

5.5.1 Proposed PDT training hardware
5.5.1.1 Overall architecture

A resource-efficient binary training hardware is proposed. The block diagram showing the opera-
tions involved in the entire process starting from feeding the input data to getting the predicted class
is shown in Fig. 5.7. In this architecture, simplified calculation of weight update and inner product
units requires only adders and shifters. So, implementing these modules in parallel will not incur a
high cost. However, it will save the time otherwise required for serially processing the features. The
resource consumption is already found to be very less as compared to complex hardware like multipli-
ers. So, the architecture is implemented in parallel to achieve a trade-off between resource utilization
and latency. The flow starts with the feeding of input data to the feature selection block which selects
the mg best features and their indices are sent to the on-chip hardware to be used during classification.
The selected data-feature matrix is then given as input to the data pre-processing block. The output
of this block is used as input data for training as well as classification. After completion of the training
process, the updated weight vectors of all nodes are stored in register arrays. The proposed training

hardware for PDT is shown in Fig. 5.8. The perceptron embedded in each node of PDT is trained with
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Figure 5.8: Hardware architecture for PDT training

data batch X;,. The training starts from node 0 (root node). For h" batch of data, the weight w(*~1)
obtained from previous batch is tuned with data-instances from Xj. The training of perceptron in
a node ¢ starts with inner product calculation between the data-vector x* and weight vector wh=1),
This product is given to the CORDIC unit. The output of CORDIC unit is the predicted class gy.
This predicted class (i) and actual class (y(x*)) are then used to calculate dw for x*. Similarly, éw
calculated over entire batch h is summed up and stored in a mgs-dimensional register. After entire
batch is passed, then, the weight vector w("~1) is updated to obtain w”. In this way, all the weight
vectors of split nodes till depth ((nae — 1) are updated. Once the update for batch h is complete
then batch (h + 1) is loaded and a similar procedure is followed. Once training of weight vector w is
completed for all batches and epochs, then the DT is pruned. The PDT training hardware is trained
using small batches of data (batch-size is 32) which has resulted in a resource-efficient design. Also, the

hardware is designed using only shifters and adders which has led to a further reduction in hardware

usage.
5.5.1.2 Inner product calculation hardware architecture

The inner product calculation unit in a perceptron is the most resource-consuming unit as it in-
volves multiplication. In this design, we have used normalized data for training as well as classification.
The normalization converts the input data of the four applications used in this design into integers
in the range [—7,7]. Thus, the multiplication of the weight vector with the input data vector can
be realized by using shifters and adders as demonstrated in Fig. 5.9. The input data range can be

represented by 4 bits (1 sign bit and 3 magnitude bits) while the weights are represented as fixed-point
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Figure 5.9: Hardware architecture of simplified inner product calculation unit
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Figure 5.10: Hardware architecture for weight update.

numbers with 1 sign bit and 31 fractional bits. So, the 3 data bits (z[l][1 : 3] where [ =0, ..., (ms—1))
are used as the select line for the 8 : 1 multiplexer which selects the appropriate output. Then, this
output is sent to the next multiplexer whose one input is the twos complement form of the output
and another input is the output itself. So, the select line of this 2 : 1 multiplexer is connected to
the sign bit of the input data (z[l][0]). It selects the 2’s complemented form if the sign bit is 1, i.e.,
input data is negative otherwise, it selects the original output. Let us consider, the input data is —2,
then input data bits will be 1010. The input will be shifted by 1 unit and the final output will be the
two’s complement of the shifted data. Further, the number of shifters and adders has been reduced by
enabling hardware re-use. For instance, multiplication by 2 and 4 requires 1 and 2 shifts, respectively.
So, this hardware connects the 1-bit shifter used for multiplication by 2 to a 1-bit shifter to obtain
the multiplication by 4 result. Thus, this helps in reducing hardware usage to a great extent. This
calculation unit is used for all features. Therefore, m, such units run in parallel, and their results are
added to finally obtain the inner product at the output. This module is a simple circuit and running

ms such modules in parallel does not incur huge resource consumption.
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5.5.1.3 Weight update hardware architecture

The weight update unit used in training hardware is explained in detail in Fig. 5.10. For a data
vector x¥, dw is calculated and stored in the accumulator as per (5.8). This involves multiplication
and addition of the predicted class, actual class, and the data vector. For a node ¢, the final dw for
batch h is calculated by dividing the accumulator output by the number of data vectors entering the
node ¢, i.e., (nd + nf). This division is realized by shifters. Then, the weight w of node ¢ is updated

at the end of each batch h as per (5.9).

5.5.2 Proposed PDT classification hardware
5.5.2.1 Overall architecture

In this section, classification hardware is proposed where training is done on software and the
trained weights are stored in Distributed RAM (DRAM) available on-chip. The feature selection,
data pre-processing, and training blocks are implemented on the software platform. The on-chip
hardware implementation starts with the SELECTOR which selects the data features from the DATA
MEMORY using the feature indices obtained from the feature selection block as shown in Fig. 5.7.
These selected feature indices are fed as the select line to the SELECTOR block. To reduce latency, m
such SELECTOR blocks are operated in parallel in this hardware which selects and stores the selected
features in DATA MEMORY. This classification hardware supports four different applications. So, m
number of 4 : 1 multiplexers are used to select the DT structure according to the selected application
mode. First, the mgs-dimensional weight vector of the root node corresponding to the selected DT is
loaded. After the root node weight vector is processed, then the next node weight vectors are loaded.
Similarly, these multiplexers are used to obtain the weight vectors for all the split nodes. This weight
vector and the input data vector are then fed to the classification block which gives the predicted class

label as the output.
5.5.2.2 Hardware architecture of memory storing the DT structures for all the modes

The memory architecture which stores the DT structure for all four operational modes is shown in
Fig. 5.11. This memory is constructed from DRAM. The DRAM is constructed from register arrays.
The advantage of using DRAM is that multiple locations can be accessed in parallel. Moreover, the
memory access latency is also less than the conventional BRAM. The only drawback is that DRAM uses

the LUTs available on-chip instead of the dedicated memory resources. In the proposed architecture,
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Figure 5.11: Hardware architecture of DRAM storing the DT structures for the four application modes. The
width of memory is 32-bits as each weight is a 32-bit. The memory locations in yellow denote a depth of mg as
a split node weight is a ms-dimensional vector.
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due to resource-efficient design, a large number of LUTs are left unused. So, in this architecture
DRAM has been used for reduced latency and efficient use of resources. This RAM has a width of
32 as each weight value is 32-bit. For each mode, the locations storing the split node (node 0 — 2)
weights have a depth of ms (shown in yellow in Fig. 5.11) as the weight vector is mgs-dimensional. For
leaf nodes, only the node labels are stored and so they have a depth of 1. The maximum depth of DT
in this design is set to be (e = 3 (root node being at depth 1) so the maximum number of nodes in
this DT is 7 (Q%Wx —1). For each application mode, the entire DT structure is stored in consecutive
locations. Each location consists of a node weight value for split nodes (till depth 2 for this design)
or node labels for leaf nodes (in depth 3). Due to the use of DRAM, multiple memory locations
of the node memory can be accessed at the same time. So, the mg-dimensional node weight vector
for a particular mode is loaded into the CLASSIFICATION HARDWARE in parallel. As shown in
Fig. 5.11, four switches are used to load the DT structure into the CLASSIFICATION HARDWARE.
These switches are controlled by the 4 : 1 MUX whose select line is connected to the input mode
number (SELECTED MODE) as shown in Fig. 5.7. The switch corresponding to the selected mode
is closed and the DT structure corresponding to the mode number is loaded into the REGISTER

ARRAY as shown in Fig. 5.12.
5.5.2.3 Detailed implementation of classification hardware

The detailed architecture of the classification block is illustrated in Fig. 5.12. This classification
hardware classifies the input data and assigns a label that is given at the output of the block. The
classification hardware consists of a CONTROL UNIT which comprises an FSM controlled by CLOCK
and RESET signal. This unit controls the counter and the functioning of the classification modules.
Due to the top-down nature of DT, the node execution starts with the root node (node 0). So,
initially, the NODE MEMORY address is set to 0. The node 0 weights and the input data vector
stored in DATA MEMORY are sent to the INNER PRODUCT CALCULATION UNIT. The INNER
PRODUCT CALCULATION UNIT calculates the inner product between the data-vector x* and the
weight vector w as discussed above. Then, the output of this unit is sent to the comparator to check
if it is less than or greater than 0 as discussed previously. The data is sent to the LEFT CHILD
node or the RIGHT CHILD node according to (5.10). Accordingly, the node number is updated in
the NODE NUMBER register which is initialized to 0 (root node). Then, the depth is incremented
by 1. This updated depth number is compared with the maximum depth (4. The output of this
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Figure 5.12: Detailed hardware architecture of proposed classification hardware. The red lines indicate the
CONTROL UNIT signals. The memory locations in yellow denote a depth of m, as a split node weight is a

m-dimensional vector.
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Table 5.2: Table recording the latency comparison on Python and FPGA for proposed perceptron hardware

Batch-size | Latency(in ms) | Speed-up

Python | FPGA
128 9.59 0.162 55x%
256 10.11 0.322 31x
512 14.7 0.643 21x
1024 29.64 1.283 22x%

comparator is 0 if the depth is greater than (4., €lse, it is 1. If the maximum depth is less than
Cmaz, then, the address decoder connected to NODE MEMORY is activated. The switch connecting
the NODE MEMORY to the REGISTER ARRAY is closed. The node weights of the next nodes
are loaded into REGISTER ARRAY and sent to the INNER PRODUCT CALCULATION UNIT.
Otherwise, if the maximum depth is reached, i.e., depth is equal to {4z, then the switch connecting
the NODE MEMORY to OUTPUT LABEL is closed. In this way, the detected class of input data is
sent to the output. In case the depth is greater than (4., the address decoder connected to DATA
MEMORY is activated and the node address is set to 0. The address of the next data is loaded from
the counter DATA ADDRESS COUNTER and the desired data is sent to the REGISTER ARRAY
for classification and the same process is followed. So, for classifying a data vector it is passed through
the entire tree, starting from the root node till the leaf nodes. The label corresponding to the selected

leaf node is the predicted class of the input data.

5.6 Results

5.6.1 Perceptron and MLP hardware
5.6.1.1 Experimental set-up

The hardware implementation of this design is done on Virtex Ultrascale+ board XCVU9P-
FLGA2104-2LV-E-ES1 using Verilog HDL in Vivado 2017 and no high-level synthesis tool is used.
For software comparison, the design is implemented in Python on Intel i7 processor running at 3.2
GHz and having 6 cores. The hardware is implemented for 16-bit fixed-point number, i.e., L = 16
with 1 signed bit and 15-bits for the fractional part as the input data to the OBC unit is normalized
in the range (—1,1). The input data dimension is m = 7 and the root mean square error in the output
is limited to around 0.11 x 1076, The total area and power consumption for the hardware are found
to be 0.085662mm? and 2.28 mW, respectively, for 65nm CMOS technology @200M Hz. The latency
comparison of proposed hardware on FPGA with the similar implementation on Python is reported
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Table 5.3: Table recording the resource utilization comparison of proposed perceptron hardware realized using
OBC with perceptron hardware realized using conventional multipliers.

Resources Multiplier architecture
Conventional mult. | OBC
LuT 2402 1945
FF 1811 976
DSP 14 0

Table 5.4: Table recording the resource utilization comparison of proposed perceptron hardware with existing
hardware

Design Logic | Frequency | I/P bits Multiplier
gates | (in MHz) design
[34] 6666 115 8 Conventional
Proposed | 2921 200 16 OBC and CORDIC

in Table 5.2 for different batch sizes (b) of input. It is observed that the proposed hardware is able to

achieve at least 21 x speed-up as compared to software.
5.6.1.2 Experimental results

The perceptron hardware realized by the conventional multiplier module is compared with the pro-
posed multiplier-less perceptron hardware realized using OBC architecture as shown in Table 5.3. It is
found that the resource consumption of perceptron hardware designed using OBC unit is almost 50%
less than the perceptron hardware realized using a conventional multiplier. The resource consump-
tion and frequency of the proposed hardware design are compared with only available conventional
hardware implementation in Table 5.4. It is found that the proposed hardware reduced the resource
consumption to almost half of that of conventional implementation while the input bits are doubled.
The frequency is also found to increase. This was achieved due to the use of OBC instead of conven-
tional multipliers. Further, the MLP network hardware using the proposed perceptron hardware is
implemented. This hardware consumed 5051 logic gates and the power consumption is 2.338 mW as

implemented on FPGA. Thus, this hardware is suitable for low-power high-speed applications.

Table 5.5: Table recording the performance comparison of CORDIC with other existing techniques.

Design Tech. Area Freq. Throughput | Avg. err. | Bits Algo.
(in nm) | (in mm?) | (in MHz) | (in MCPS)
[45] 90 4.8 300 75 0.02 8 NL approx.
[46] 120 0.405 50 0.00005 0.0101 6 Linear approx.
Proposed 65 0.0649 200 0.00018 0.0059 16 CORDIC
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The variation of sigmoid output in the portion of maximum variation (—1, 1) is shown in Fig. 5.13
for clarity. The variation in sigmoid value calculated using CORDIC and LUTs from the actual value
computed using Python is shown. The resolution is set as 0.1 for sigmoid calculation using LUTs.
For example, o(xz) = 0.729088 for = € (0.90,0.99]. It can be observed that the sigmoid function
implemented using CORDIC has lesser deviation as compared to the sigmoid function implemented
using LUTs. Though, the latency of the CORDIC unit is slightly more (= 0.3us) as compared to
LUT-based realization (=~ 30ns). So, CORDIC is suitable for applications where comparable accuracy
is required such as bio-medical signal processing. The hardware performance of sigmoid implemented
using CORDIC is compared with existing works implementing sigmoid using piece-wise linear approx-
imation and second-order non-linear approximation in Table 5.5. It is observed that CORDIC unit
has the lowest average error as compared to the other two techniques. Though the CORDIC has lower

throughput it also occupies the lowest area for an increased number of bits.

5.6.2 PDT training hardware
5.6.2.1 Experimental set-up

The hardware implementation of this design is done on Virtex Ultrascale+ board XCVU13P-
FLGA2577-3-E using Verilog HDL in Vivado 2017 and no high-level synthesis tool is used. For
software comparison, the PDT is implemented in Python on an Intel i7 processor running at 3.2 GHz
and having 6 cores. The values used for different variables have been listed in Table 5.6. These values
have been estimated through trial and error based on software simulations in Python. The performance
of the algorithm is tested for a varying number of features for all 9 datasets from different application
areas like biomedical (Parkinson’s detection, cryotherapy, heart attack detection, mammography) and
other miscellaneous applications (3 types of activity recognition and occupancy). The training data
matrix comprises 80% and the test data matrix comprised of remaining 20% of total instances n.
The feature selection is only used for heart attack detection and Parkinson’s detection which showed
maximum accuracy when trained with 7 best-selected features (mg) using an ensemble consisting of
100 (Npr = 100) DTs. Further increase in DT number did not exhibit any improvement in accuracy
as shown in Fig. 5.14 for Parkinson’s dataset. Similarly, no accuracy improvement is observed with
an increase in the number of features. The accuracy is tested for varying maximum depth ({q) and
batch size (b). The best value is obtained for a maximum depth (4, = 3. A similar trend is observed
for all other datasets. For small-sized datasets like cryotherapy, Parkinson’s detection, heart attack
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Figure 5.13: Plot showing deviation of the o(z) calculated using LUTs and CORDIC.
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Figure 5.14: Bar-plot showing accuracy variation with number of DT used in feature selection, number of
selected features, and depth of PDT
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Table 5.6: The variables and their values as used in the hardware

Variable Purpose Value
Npr No. of DTs used for feature selection 100
Mg No. of selected features 7

b No. of data vectors in each batch 32
Cmaz Maximum depth of PDT 3
Pe Min. no. of data-vectors required )

to declare a node as split node
Mp Node purity threshold 0.95
¥ Weight update factor 0.1

Table 5.7: Table recording the performance of PDT for variable-sized datasets on Python

Dataset Acc. | Spec. | Sens. | Avg. F1 | Latency | No. of
score (in s) instances
Cryotherapy 0.68 | 0.72 0.63 0.68 0.16 89
Parkinson’sDet. | 0.74 | 0.71 0.75 0.66 0.13 195
HeartAttackDet. | 0.81 | 0.83 0.79 0.81 0.35 270
Mammography | 0.81 0.79 0.84 0.81 1.25 961
Occupancy 0.97 | 0.96 1.00 0.97 8.05 12690
Lie/walk 0.72 | 0.60 0.84 0.71 11.56 17278
Lie/sit 0.78 | 0.74 0.82 0.78 7.08 17278
Stand/walk 0.92 | 0.90 0.94 0.92 11.30 17278

detection, and mammography, the maximum accuracy is obtained for batch-size b = 32. While for
medium (occupancy, lying/standing, lying/walking, sitting/lying), the optimum value for b is found

to be 128.
5.6.2.2 Experimental results

To evaluate the performance of PDT, the accuracy, specificity, sensitivity, average F1-score, latency,
and the number of instances (n) for those datasets implemented on the Python platform is recorded in
Table 5.7. The training hardware for PDT is implemented on Virtex Ultrascale + board XCVU13P-
FLGA2577-3-E using Verilog HDL in Vivado 2017 and no high-level synthesis tool is used. All reported

hardware results are post-place and route. The critical path for the proposed architecture is found

Table 5.8: Table recording the accuracy and training latency of PDT on Python and FPGA.

I
Heart Attack 0.81 0.76 0.64 0.0005 19
Parkinsons 0.74 0.81 0.13 0.0006 25
Mammography 0.81 0.72 19.74 0.0007 30
Epilepsy 0.63 0.68 9.38 0.0008 31
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Table 5.9: Table recording the resource utilization comparison of proposed PDT training hardware with
training hardware proposed in previous chapters as implemented on Virtex Ultrascale+

Design LUT FF BRAM | DSP Data
(in K) | (in K) (in K)
TMDT Serial [19] | 297.01 | 3.42 48 200 38
TMDT Mixed [41] 298.96 | 3.57 187 60 38
TMDT Batchmode [42] | 154.65 | 5.44 24.5 0 512 (batch size)
HDT 5 3.03 30.5 0 50
Proposed Design 6.95 4.96 - 32 32 (batch size)

to be 6 ns. Hence, FPGA can operate at a maximum frequency of 165 MHz (speed grade -3). This
hardware is trained on four applications, viz., epilepsy detection, heart attack detection, Parkinson’s
tremor detection [47] and to distinguish between a skin or non-skin pixel in image processing. The
data is loaded into the training hardware in batch size of b = 32. The performance of PDT training
on Python is compared to the FPGA implementation in Table 5.8. It is observed that the training
implemented on FPGA is highly accelerated as compared to the Python implementation. Although,
the accuracy of FPGA implementation is less as compared to Python implementation. The main
reason behind this degradation is the error propagation caused by the CORDIC approximation in
the FPGA platform. The resource consumption of PDT training hardware with the previous training
accelerators is shown in Table 5.9. This training hardware has no data-point limitation as the training
is performed in batches. This training accelerator is found to be more resource efficient than the

existing training accelerators. The dynamic power consumption of this design is found to be 0.195 W.

5.6.3 PDT classification hardware
5.6.3.1 Experimental set-up

The classification hardware for PDT is implemented on Virtex Ultrascale+ board XCVU13P-
FLGA2577-3-E using Verilog HDL in Vivado 2017 and no high-level synthesis tool is used. All reported
hardware results are post-place and route. The critical path for the proposed architecture is found
to be 5 ns. Hence, FPGA can operate at a maximum frequency of 200 MHz (speed grade -3). This
hardware can perform binary classification for 4 tasks, viz., Parkinson’s tremor detection [47] and
distinguish between whether a person is walking or standing, lying or sitting, and lying or walking.
The architecture is implemented to support 4 different data sizes for different applications. If the

hardware is restricted to use for only one application, the cost of implementation is very high as
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Table 5.10: Table recording the performance of PDT classification hardware for all four application modes on
Python and FPGA as implemented on Virtex US+

Dataset Spec. Sens. Avg. F1 score Lffltency
(in ms)
Python | FPGA | Python | FPGA | Python | FPGA | Python | FPGA
Lie/Sit 0.74 0.74 0.82 0.82 0.78 0.78 82.81 0.40
Lie/walk 0.60 0.75 0.84 0.53 0.71 0.63 85.03 0.40
Walk/Stand 0.90 0.90 0.94 0.93 0.92 0.92 68 0.31
ParkinsonsDet. 0.71 1 0.75 0.53 0.66 0.55 3.00 0.006

hardware resources are costly. So, apart from using it only for Parkinson detection, the design can
be used for activity recognition also which increases the design re-usability and thus reduces the cost.
This hardware takes the mode of operation and data vector as input and gives the predicted class at

the output (as either 0 or 1) as described in the previous section.
5.6.3.2 Experimental results

The performance of the classifier, i.e., specificity, sensitivity, avg. F1 score and latency, as im-
plemented on FPGA compared to the software implementation on Python for all four applications
are reported in Table 5.10. It can be seen that classification implemented on FPGA is much faster
than Python. For small datasets like Parkinson’s tremor detection, the performance on FPGA is less
than Python implementation. For the other three classification tasks, other performance parameters
are almost the same with a large improvement in detection latency. The FPGA implementation is
observed to be much faster than the Python implementation. The proposed hardware consumes 0.06
W of dynamic power. The power consumption distribution by various hardware components is shown
in Fig. 5.15. It can be observed that only 31% of power is consumed by logic and a huge percentage
of around 30% is consumed by seven BRAMSs used to store the test input features. In a real-life
application, these BRAMs will not be required as input can be fed directly through the input port
which will require much lesser power. Thus, the power consumption will be further reduced in the
case of real-life applications.

The resource and power consumption and throughput of proposed hardware are compared with
existing classification hardware in Table 5.11. Buschjager et al. has compared the classification
performance using 3 types of DT implementations, viz., if-else, naive implementation, and DNF im-
plementation. Tong et al. also proposed two approaches for DT classification: ODT and DQ. The

proposed hardware consumes 5x lesser LUT and also has lower FF and power consumption as com-
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Figure 5.15: Pie-plot showing the dynamic on-chip power distribution proposed PDT classification hardware.

Table 5.11: Table recording the resource utilization comparison of proposed PDT classification hardware with
existing classification hardware on FPGA.

Design LuT FF Throughput | Power Board
(nK) | (in K) | (in MCPS) | (in W) used

[28]-if-else 10.24 1.31 1.40 0.07 Artix-7

[28]-naive 0.03 0.06 1.17 0.01 Artix-7

[28]-DNF 9.61 3.18 1.10 0.02 Artix-7
[29]-ODT 1750 1000 800 - Virtex US
[29]-DQ 1500 | 4000 400 - Virtex US
Our Design | 1.13 0.51 14.3 0.019 | Virtex US

Our Design | 1.31 0.57 1.27 0.032 Artix 7

pared to if-else and DNF implementations in [28]. The throughput is higher for proposed hardware
than the naive implementation in [28] with an increase in resource consumption. As compared to
DQ and ODT architectures proposed in [29] for high throughput applications, the proposed design
has at least 1000x reduction in resource and area usage with lower throughput. Thus, the area is
reduced at the cost of speed for the bio-medical applications. Thus, the proposed architecture achieved
comparable performance with only 3 split nodes due to the use of oblique nodes. The replacement of
multiplication by shift and add in the inner product calculation unit further reduced the resource and
therefore reduced the power consumption while maintaining the speed.

The proposed design is synthesized in Synopsys DC compiler using UMC 65 nm technology
@167MHz for ASIC implementation. The resource utilization details of the proposed design are

compared with existing ASIC-based implementations of bio-medical systems in Table 5.12. As there
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Table 5.12: Table recording the performance comparison of proposed PDT classification hardware with existing
classification hardware on ASIC.

Design Tech. Classifier Energy eff. Area Logic-size | Application
(in nm) /class (in nJ) | (in mm?)
[27] 65 XGB 41.2 1 330k Epilepsy
[48] 90 GTCA+SVM 970 0.13 - Epilepsy
[49] 28 SOUL 1.5 0.10 - Epilepsy
Proposed 65 PDT 0.008 0.12 132k Multi

are no existing ASIC implementations for Parkinson’s detection or activity recognition, the proposed
design utilization is compared with existing seizure detection designs. The proposed design is found to
be more energy-efficient as compared to existing seizure detection hardware. Further, this hardware is
designed for use in four different applications. While the hardware in [27,48, 49] is specific to seizure

detection only.

5.7 Discussions

In this chapter, a perceptron hardware realized using OBC unit (for inner product computation)
and CORDIC unit (for sigmoid function evaluation) was proposed. It is found to be both resource-
efficient (consumes low power) and high-speed as compared to software-based implementation as well
as the existing perceptron hardware [34]. This design was found to be at least 21x faster than its
corresponding software implementation. It was also found to minimize resource consumption to almost
half of the existing hardware. This hardware was used to construct an MLP network and found to be
resource-efficient. This perceptron block can be used to construct low-power and high-speed training
hardware for MLPs and NNs. Next, training hardware was proposed for PDT algorithm. The nodes
in PDT implement oblique splits. This implementation of oblique nodes enables the DT to achieve
comparable performance with a lesser number of nodes. The training hardware was observed to have
reduced latency and accuracy when implemented on FPGA as compared to Python. The design has
reduced resource usage as compared to the training hardware proposed in previous chapters.

The classification hardware was proposed next that performs classification using the PDT algo-
rithm. The trained DT was loaded on FPGA and was used in classification. The hardware is capable
of performing classification for four different applications, v.i.z. Parkinson’s disease detection, lie/sit,
lie/walk and walk/stand recognition according to the selected mode of operation. The inner product

calculation was designed to be resource efficient. This reduction in resource consumption leads to
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reduced power consumption as compared to existing classification architectures [12,28,29].
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6.1 Summary

Decision Tree (DT) training is computation intensive and requires a substantial amount of resources
for hardware-based training implementation. This thesis proposes low-complexity DT training algo-
rithms. The training of these DTs were implemented on FPGA platform. These algorithms required
lesser hardware resources while providing almost similar performance like conventional DTs. The
classification hardware implemented on both ASIC and FPGA was also proposed. A summary of the
contributions of this thesis is presented next.

A 32-bit serial architecture running at 62 MHz was proposed in Chapter 2 for implementing the
training of the Two Means Decision Tree (TMDT) algorithm on FPGA. This provided reconfigurability
thereby allowing dynamic training. Here, 2 different architectures were proposed for offline TMDT
implementation. As the proposed hardware is capable of testing 5 binary data sets each having
different dimensions and sizes, it can be used to train a wide variety of datasets. The proposed TMDT
algorithm runs at least 28 x faster and has lower complexity than the widely used conventional C4.5
algorithm. The serial architecture has been shown to achieve at least 10x speed-up as compared to
software implementations for the same datasets by introducing some extent of parallelism. In this
chapter, a mixed pipeline and parallel training accelerator for the TMDT algorithm is also proposed.
The training accelerator is found to speed up the training process by at least 14x. The training in
FPGA was completed in 16.54 x 103 sec whereas software training required a minimum of 224 x 1073
sec. These two training hardwares were tested using 32-bit training data.

A multi-class training accelerator for TMDT learning in batch mode was proposed in Chapter 3.
This proposal is a depth pipelined architecture, enabling the execution of two depths at a time, and is
implemented in batch mode. This design was reported to execute at least 27x faster than a C-based
software implementation and 26x faster than existing hardware [20]. Also, it is much more resource
efficient as compared to existing classification as well as training architectures. In contrast to the
training accelerators proposed in Chapter 2, training with large datasets resulted in higher accuracy.
Also, the implementation of depth-pipelining resulted in efficient clock cycle usage.

The hardware realization of a Hybrid Decision Tree (HDT) algorithm was proposed in Chapter 4.
This proposal was 8x faster than the C4.5 DT algorithms. Moreover, the proposed architecture allows
the FPGA to operate at 125 MHz for the training of HDT. The proposed hardware implementation

shows a speed-up of at least 20x as compared to the software implementation. It has 30x less memory
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and 180x computation resource consumption as compared to optimized classification hardware. Also,
it achieved a reduction in hardware usage as compared to existing training accelerators. Moreover,
it was found to be at least 60x faster than the existing FPGA-based training accelerator for CART
algorithm [20]. This training hardware was found to be more resource efficient as compared to the
existing classification hardware proposed in [33] and training hardwares proposed in Chapters 2 and 3.
The HDT was found to have higher accuracy as compared to the proposals presented in Chapters 2
and 3.

Chapter 5 describes the hardware realization of a single output Perceptron, a Multi-layered Per-
ceptron (MLP, with single hidden layer), and the training of a Perceptron Decision Tree (PDT). The
single output perceptron hardware is realized using an OBC and a CORDIC unit. This proposal
was found to be resource-efficient (consumes low power) and high-speed compared to software im-
plementation and existing perceptron hardware [34]. The proposed hardware reduced the resource
consumption by 50% as compared to the proposal presented in [34]. This proposal is found to be at
least 21 x faster than its corresponding software implementation. This perceptron hardware was used
further to construct a resource-efficient MLP network. This perceptron block can be used to construct
low-power and high-speed training hardware for MLPs and other artificial neural network architec-
tures. This perceptron block was also used to construct a PDT. Accordingly, training and classification
hardware for PDT were proposed. The PDTs implemented on both FPGA and ASIC were applied to
applications involving Parkinson’s disease detection and activity recognition. The implementation of
oblique split decision functions enabled the PDT to achieve good performance with a lesser number
of nodes. This design showed good performance with reduced resource consumption. This resulted in
lower resource consumption thereby leading to reduced power consumption as compared to existing
classification architecture proposed in [33].

Thus, this thesis proposed three low-complexity DT algorithms. The TMDT algorithm was ob-
served to be low complexity and low accuracy algorithm. Then, the performance of TMDT was
improved by implementing in batch-mode and training on large sized dataset. HD'T was observed to
have better accuracy than TMDT. PDT showed further improvement in accuracy, especially for small-
sized datasets used in bio-medical applications. These algorithms were then trained on FPGA and
ASIC. Due to a reduction in algorithmic complexity, these algorithms were observed to run faster than

the existing training hardware for CART DT training. Also, the training latency on hardware was
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improved to a great extent as compared to C and Python platforms. The architectural optimizations

further resulted in improved latency and resource utilization.

6.2 Future Research Directions

This thesis proposed hardware realization of low-complexity DT algorithms and their implemen-
tations on FPGA. The present work achieved competitive performance with low hardware resources
for three different decision tree algorithms (TMDT, HDT and PDT). Based on the observations of the

present work, the following research directions can be explored for future work

e The HDT architecture can be depth pipelined to allow mean-dependent and axis-aligned node
execution, simultaneously. This would reduce the execution time while efficiently utilizing the
resources. The depth-parallel hardware can be designed and implemented on FPGA. This would

increase the speed.

e A hybrid tree can be realized with split nodes having all three categories of split decision func-
tions, v.i.z. mean-dependent (from TMDT), axis-aligned, and oblique (perceptron based). These
split nodes will be employed at different sets of depths. A depth-pipelined architecture may be

implemented for realizing the training of such a hybrid tree.

e The decision forest (or random forest) is widely used by the ML community. It has exhibited
superior performance in several applications. This work can be extended by training multiple
low-complexity DTs on data subsets or feature sub-spaces. The DTs can be modified to provide
class probabilities in place of discrete labels. A perceptron block can be trained to combine the

inferences of multiple trees in the ensemble framework.
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