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Abstract: Decision Trees (DTs) are exuberantly used in machine learning (ML) because of
their quick implementation and decipherability. As DT training is laborious, on this short, we
suggested a hardware training accelerator to fasten the training procedure. The proposed
training accelerator is carried out on the field programmable gate array (FPGA) having the most
operating frequency of 62 MHz. The proposed structure uses a combination of parallel
execution for training time deduction and pipelined execution to reduce resource intake. For a
given design, the proposed application is found to be at the least 14 times faster than the C-
based software programming. Besides, the proposed structure makes use of the single RESET
signal to re-equip new set of data. This active training proves the hardware flexibility for any
form of implementation.

Keywords: Decision tree (DT), field-programmable gate array (FPGA), machine learning
(ML), training accelerator, two means DT (TMDT).

1. Introduction

Decision Tree’s induction algorithms structurally split-up the input space in a up-down method
until unique termination conditions are met. This hierarchical dividing is performed via routing
data via a decision function hosted at split up nodes of DT. The tree ends at leaf nodes. These
leaf nodes correlate to nearly pure areas of input area containing most of the instances with the
identical label. The model's complexity and training time of DT depend upon selection features
hosted at splitting nodes. The ranging level is from easy in-line rules (C4.5) [10] and implicit
splits [1] to complex networks (neural trees) [12]. Most practical methods use a software
program to train the DTs. Nevertheless, retraining parameters on those chips come to be hard
for adapting to specific applications.
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Apart from that, various methods decide on nearby accessibility of data to embedded

processors for portability and other motives [7]. Graphical processing units (GPUs) are
frequently employed for machine learning (ML) methodologies regarding dense calculations,
causing immense power consumption. Relatively, field- programmable gate arrays (FPGAs)
are an appropriate choice to accelerate training in hardware.

Various works had been mentioned on hardware architectures [9][3][4] for accelerating the
DT classification. Whilst the FPGA implementation proposed in [9] absorbs less power, it
minimizes the throughput. Comparing the FPGA implementations proposed within the aid of
Tong et al.[3], one implementation yields balanced classification in a short time, and the other
provides an enhanced tree with less area. [4] Saqib et al. proposed a classification hardware
that makes use of pipelined architecture to elevate the classification time.

The two means DT (TMDT) algorithm is just like the k-means algorithm. This brief proposes
an adaptable FPGA based combined parallel and pipelined hardware architecture to stimulate
the training of TMDT. Furthermore, the proposed implementation uses one FPGA, while the
architecture in [6] uses four FPGAs. The most important contributions of this brief are indexed
as follows.

*This adaptable hardware may be retrained on any binary dataset through using a reset signal,
making it adaptable to adjustments in the training data.

*The node’s execution is pipelined to maximize the throughput and minimize the resource
consumption.

*The memory access and distance calculation is parallelized for all dimensions to scale down
latency.

1.Method

2.1 Analysis of a two means decision tree
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Fig 1 Training process flow of TMDT

The design passes through three states—standby, training, and classification. In the standby
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mode, the power supply to the FPGA board is turned on, and active high signal RESET is

asserted 1, which initializes the hardware registers to 0. Once the RESET is set to 0, the
TRAINING signal is set to 1, and the training is enabled. The completion of training sets the
TRAINING signal to 0, which activates the classification. Whenever the RESET is set to 1, it
erases all previous data and makes the hardware register contents 0. Thus, the classification
starts once the entire training process is complete for the new data, and the process continues.
This hardware can be retrained on the new data by switching the RESET signal between 0
and 1.

Hardware Modules

The hardware structure of the TMDT algorithm obtained by mapping the flow diagram is
shown.
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Fig 2 Hardware architecture for the TMDT

Initialization Module: In the initialization module, the data are first loaded into the data
register from the on-chip memory to reduce the time wasted in accessing the memory. The
initial mean of the root node is calculated in parallel, while the same dataset is loaded into the
data register array from on-chip dynamic random access memory.

Distance Calculator: The architecture of the distance calculator module runs in parallel for
all dimensions. For m-dimensional data, this architecture uses m subtractors and m multipliers
to compute (u[1]—x[1])2, where 1 =0, . . ., (m—1), for m dimensions in parallel.

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.
After every iteration, the node mean register is accessed to store the updated mean calculated
in pipeline stage-I.

Split Module: In the split module, the node data are split into two parts depending on the
distance from left and right mean. 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 the Node Num
register, and the vector is added to the initial mean of that child node. In this stage, all the split
nodes of the full-grown tree obtained from the previous stage are tested for the split condition.
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Pipeline Execution
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Fig 3 Pipeline stage-I and stage-11

The detailed architecture for stage-lI and stage-II is demonstrated in above figure. This
architecture uses two distance calculator units running in parallel to calculate the distance
between the data and left and right means in stage-I. The two distances are then compared,
and the mean with a smaller distance from 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 are processed in stage-I. Then, the final updated mean and node numbers from the node
register of stage-I are sent to the node register of stage-1I 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 are not overwritten. In stage-II, again, two distance calculators are
used to calculate the distance between pL, pR, and xk stored in the updated node. The data
are designated with the node number of child nodes 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 are summed up to calculate the initial mean of that child node that is stored
in the update initial mean register. Once all the nodes have been processed in stage-1 and
stage-II, stage-III is executed.

Parallel Execution
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Fig 4 Hardware architecture for parallel execution

@ 237 | Vol. 17 Issue-7, 2022



@ SEYBOLD DOI: 10.5281/zen0do.6879643

Report
ISSN: 1533 - 9211
The data register access is also parallelized to further speedup the execution, as shown in

above figure. The register, named the Node Num register, stores the node number of all the
data in order to identify the node to which the data belong. If the node number of kth data
does not match with the current node number, then the node number of the (k +1)th data is
checked; otherwise, the kth data are selected. To access all the m dimensions of data in
parallel, m numbers of multiplexers are used. The current data location k x m is used as the
select line to identify Oth dimension of kth data and vice versa. 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. Hence, for n X m
information, n x m areas of the Node Num register and the information register were utilized
to store the node number and data.

2.2 Analysis of Recent Research

Recent studies claims various methods were taken in consideration to develop techniques for
machine learning allowing the user to feed the algorithm in a computer with immense data,
helping it to analyse, recommend and decide based on given input data.

The fast architecture for filtering sensor data by using DT has been proposed in [9]. The serial
architecture proposed in this brief implemented the DT and random forest classifier both on
FPGA and Von-Neumann CPU and compared their relative performance. Although the FPGA
implementation proposed in [9] consumes low power, it reduces the throughput.

Comparing the FPGA implementations proposed within the aid of Tong et al. [3], one
implementation yields balanced classification in a less time, and the other provides an
enhanced tree with less area.

The k-means architecture proposed in [5] implements k-means whose search area is pruned
by the usage of a kd-tree data structure, leading to computation reduction up to 5 times from
conventional implementation, but the latency in step with iteration is huge.

The classification and regression tree (CART) architecture reported in [6] implements training
for the CART algorithm on the multi-FPGA system in a high-capacity (HC) server.

2.3 System analysis
Field-Programmable Gate Arrays (FPGA)

A field-programmable gate array (FPGA) is a block of programmable logic that can
implement multi-level logic functions. FPGAs are most commonly used as separate
commodity chips that can be programmed to implement large functions.

However, small blocks of FPGA logic can be useful components on-chip to allow the user of
the chip to customize part of the chip’s logical function. An FPGA block must implement
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both combinational logic functions and interconnect to be able to construct multi-level logic

functions. There are several different technologies for programming FPGAs, but most logic
processes are unlikely to implement anti-fuses or similar hard programming technologies, so
we will concentrate on SRAM-programmed FPGAs.

XILINX ISE

This instrument can be utilized to make, execute, re-enact, and integrate Verilog outlines for
usage on FPGA chips.

ISE: Integrated Software Environment

1. Environment for the improvement and trial of computerized systems configuration focused
to FPGA or CPLD

2. Integrated gathering of apparatuses available through a GUI. Based on an intelligent
combination motor (XST: Xilinx Synthesis Technology)

3. XST underpins diverse dialects:
¢ Verilog
< VHDL
4. Translate, guide, place and course
5. Bit stream era

The version used here is XILINX ISE 13.2 for simulation and Synthesis. The programs are
written in Verilog language.

3. Discussion of Results

The algorithm got implemented at the Intel Core i5 Processor for software contrast, which
runs at 3.2 GHz. The Virtex Ultrascale+ XCVU9P-FSGD2104-three-E-ES1 FPGA board was
used for hardware implementation of the proposed accelerator. The board makes use of 16-
nm technology, and the design became implemented with a speed grade of —5 for optimum
usage. The maximum operating frequency is restricted to 62 MHz due to the massive critical
path of the order of 16 ns. This path is specifically because of block RAM (BRAM) access
operation. The design's implementation was on Vivado 2017, and no high-level synthesis
device was in practice.

Entity diagram for training accelerator two means decision tree is shown in the below figure.
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Fig 5 Entity diagram

RTL schematic for training accelerator two means decision tree is shown in below figure.

Fig 6 RTL schematic

Simulation results are obtained as follows

Fig 7 Simulation
4. Conclusion

In conclusion, we carried out a training accelerator for the TMDT algorithm. The training
hardware was put to test using both 32-bit fixed factor and integer data. The training
accelerator is observed to speedup the training process by at least 14 times faster. The training
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in FPGA was completed in 16.54 x 10—3, while software program training required at the

least 224 x 10—3. The data were copied into this on-chip memory of the FPGA board from
the PC 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
onboard. The design supports 32-bit fixed-point implementation up to two places of decimal.

In future works, this hardware can be reconfigured to enforce multiclass classification within
the batch mode to enhance memory usage. The hardware proposed on this short implements
training for 32-bit data. This board has 500 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.
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