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ABSTRACT
Random Forest (RF) is one of the state-of-art supervised
learning methods in Machine Learning and inherently consists of two steps: the training and the evaluation step. In
applications where the system needs to be updated periodically, the training step becomes the bottleneck of the system,
imposing hard constraints on its adaptability to a changing
environment. In this work, a novel FPGA architecture for
accelerating the RF training step is presented, exploring key
features of the device. By combing a fine-grain data-flow
processing at low-level and by exploiting parallelism available at high level inherent in the algorithm, significant acceleration factors are achieved. Key to the above gains is a
novel FPGA FIFO based merge sorter module, a core component in the architecture, that exhibits high efficiency in
memory utilisation; as well as a batch training strategy that
enable full exploitation of the high memory bandwidth offered by the on-chip memory featured on FPGA devices.
The proposed system achieves speed-up factors of up to 230x
over a 3GHz Intel Core i5 processor when an Altera Stratix
IV device is utilised under classification problems drawn
from VOC2007.
1. INTRODUCTION
Random Forest (RF) [1] is one of the state-of-art supervised
learning methods in machine learning [2] with comparable
classification accuracy with well-known support vector machine (SVM). The method infers a predicting hypothesis
from labeled training data in order to predict the label of
any unseen new input data. Similar to any supervised machine learning method, RF design is divided into two phases:
Training and Evaluation. Training and evaluating an accurate RF classifier for large amount of data (several thousands
to several millions) can take hours in modern CPUs due to
scarce memory bandwidth and limited capability of parallel
processing. An indication of the computational cost required
for large-scale data is shown in Table 1 [3]. The measurements are based on classification problems collected from
UCI machine learning repository, and are the total times required for the learning and testing of the classifiers. The
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Table 1. Time measurements in seconds for RF operations
(training and evaluation steps). The results are based on a
fully utilized 48-core processor.
Number of
1k
10k
100k
Dataset
examples trees trees
trees
Car
Kr-vs-Kp
Mushroom
Spambase
Splice

1728
3196
8124
4601
3190

0.97
2.43
3.38
5
60

9.1
22.95
26.79
48.64
34.03

77.86
225.11
229.40
488.01
343.12

presented work targets applications where both training and
evaluation steps needs to be invoked repeatedly during the
operation; these are typically involved in continuous machine learning problems where concept drift is of importance. In these cases, the training step becomes the dominant component of the total operation in terms of runtime.
Acceleration of the training step of the algorithm will have
a direct impact on the practical use of the algorithm on applications where continuous learning is required.
Researchers have already investigated the use of multicore CPUs [3] and GPU [4] platforms for the acceleration
of the training stage of the RF algorithm. However, the
RF training stage is dominated by intense memory access
with large degree of data dependences. These characteristics
limit the full exploitation of the SIMD architecture of modern GPUs, where the general architecture of modern CPUs
is not tuned to the characteristics of the RF training stage.
On contrary, algorithms with intense memory access with
large degree of data dependence have been demonstrated to
map well in modern FPGAs [5]. The flexible logic elements
on FPGAs allow customization in fine-grain parallelisation,
where the large number of embedded memories in high-end
FPGA devices offer high on-chip memory bandwidth. In
this work, a novel FPGA architecture for the training stage is
presented, which achieves significant speed-ups over modern CPU-based systems. Key to the proposed system is a
novel FPGA FIFO based merge sorter that minimises the re-
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Fig. 1. Work-flow of training RF classifier
quired hardware resources, leading to high acceleration factors for a given device area. To fully exploit the high memory bandwidth featured on FPGA devices, a batch training
strategy is also proposed, enabling a significant acceleration
to be achieved in large-scale training problem.
2. BACKGROUND
2.1. Summary of Random Forest training algorithm
Random Forest classifier is an ensemble of decision tree
classifiers [6]. Thus, any conventional decision tree training
method can be applied to training RF [7][8]. Fig. 1 illustrates the work-flow of RF training process as a sequence
of single decision tree training processes. The key concept
is to split the data to two partitions according to a certain
objective function. The goal is to produce certain type of
partitions at the leaves of the decision tree. In each splitting
of the training data a node in the tree classifier is generated
with information needed to construct the RF classifier.
The splitting continues until certain criteria is met. Finding the optimal splitting point requires 𝑂(𝑛𝑛 ) memory accesses, where n is the number of training instances in the
partition. By sorting the training instances prior to the selection of the splitting point, a typical 𝑂(𝑛𝑙𝑜𝑔𝑛) memory
access is achieved, speeding up the training process significantly. [9] For the completion of the RF training, two additional stages are adopted compared to the conventional decision tree training. The first stage is to perform bootstrap
sampling before training each decision tree, where the second extra stage is to randomly select a number of attribute(s)
to be used at each non-leaf node as potential splitting attributes.
2.2. Bootstrap sampling
Originally, the size of bootstrap sampling was set to be the
same as that of original data set, but further investigations

[10][11] suggested that such setting is not optimal for biased machine learning problems. To address the above issue several approaches have been proposed including oversampling the minority class, sub-sampling the majority class
and constructing weighted splitting function. In this work
we adopt the bootstrap sub-sampling approach. Based on
empirical experiments, sub-sampling is demonstrated to be
an effective way to avoid the impact from biased training
data set, where in addition it is compatible with the batch
learning strategy that is utilised in the proposed system in
order to leverage on the high bandwidth offered by the onchip FPGA memories.
2.3. Random attribute selection
For the Random attribute selection process, two main techniques are employed. In the first technique, a set 𝐹 of attributes is randomly selected, where the cardinality of 𝐹 is
much smaller than the total number of attributes available
in the training data set. During the learning process, the
optimal splitting point is determined by searching through
all 𝐹 attributes. In the second technique, a linear combination of attributes is formed where the attributes are randomly selected from the set of all attributes. In this work,
the first technique is adopt, where the size of the set is fixed
to one. The selection of a single attribute is based on the
investigation reported in [1], where it is demonstrated that
the average difference between the error rate using a single attribute and using a larger number of attributes is less
than 1%. Furthermore, the optimal number of attributes is
data-dependent hence it is only found by fine-tuning through
multi-fold training.
2.4. Splitting measurement
Different measurements can be used for determination of
optimal splitting point, typical options include the Gini impurity and entropy impurity (information gain) [6] metrics.
In this paper we use the default Gini measurement, as defined in Eq.(1).
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𝑃 (𝜔𝑖 ) and 𝑃 (𝜔𝑗 ) refer to the proportion of instances
with label 𝑖 and 𝑗 in the partition respectively. The splitting
point that yields the maximum drop in impurity is considered as the optimal splitting point. The drop in impurity for
binary split is defined in Eq.(2).

𝑁𝐿 and 𝑁𝑅 represent the newly generated partitions, left
and right partition respectively.

2.5. Related works
Despite the successful mapping of several well-known classifiers on FPGA such as SVM [12] and Naive Bayes classifier [13], to the best of the authors’ knowledge, this is the
first work that investigates the potential of FPGAs in the acceleration of the training stage of the RF algorithm. The
closest work to this one is by Narayanan [14], where an
FPGA architecture is proposed for training a single decision
tree classifier. The authors propose to map to FPGA the step
of finding optimal split point and let the host PC to perform
the rest of training steps. By exploiting parallel processing
on FPGA, a speedup of 5.6x in comparison to a PC-alone
implementation is reported. However, this work is dedicated
to accelerate a single decision tree classifier, which is a subset of the overall training of an RF classifier.
3. ACCELERATE RF TRAINING ON FPGA
3.1. Batch learning
Training a RF involves intense memory access making the
access to the off-chip memory the bottleneck of an FPGAbased system. Moreover, the on-chip memory space on FPGAs is not large enough to store the whole training dataset
for real applications that would require a significant acceleration. To fully utilize the high memory bandwidth of the onchip memory and hide the latency caused by fetching data
from the external memory, a batch learning strategy is proposed in this work. In the proposed strategy, the original
training dataset is stored on external memory and is split
into several partitions. The training data are sent to the onchip memory in batches and the system trains decision trees
on each batch in turn. The size and the number of batches
as well as the number of decision trees to be trained on each
batch are parametrized and left to the user. The impact of the
proposed batch training on the accuracy of RF classifier has
been investigated in a selection of binary classification problems and the relevant results are reported in the performance
evaluation section (Section 4).
3.2. Overview of the proposed training process
Each decision tree of the ensemble is trained on the training data (batch) in a circled dataflow as shown in Fig. 2.
The processing starts with selecting a part of the training
data and feeding it into a sorting operation. The selection is
based on bootstrap sampling and random attribute selection,
which are represented by the Randomness injection block in
Fig. 2. The selected data ready to be fed into sorting unit
is notated by Selected unsorted data. In the example shown
in Fig. 2, the batch 𝑛 contains four training instances (examples), each instance with two attributes; after random selection item # 1,2,4 with labels and values corresponding to
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Fig. 2. Overview of the training process
attribute two are fed into the sorting unit. The output of sorting unit is a list of sorted index numbers with corresponding
labels as represented by Sorted index in the figure. The output is generated sequentially, and is sent into the searching
unit. In the searching unit, an optimal split point is found
and the original partition is split into two new partitions as
represented by Left partition and Right partition in the figure. After the splitting, the sorted index list that is previously the content of initial partition is now the combination
of two new partitions. In order to distinguish between different partitions, a pair of tags are also produced, indicating
the boundary of each partition. To start the next round of
splitting, new partitions are in turn sent back to the starting
point of the dataflow. The splitting is performed recursively
until all the nodes are labeled as leaf-node, which indicates
the completion of the training of a single decision tree.
3.3. Summary of hardware architecture
An FPGA architecture has been designed to efficiently implement the proposed training process described in the previous section. Fig. 3 depicts a top-level diagram of the architecture. The system consists of a memory array and a
processing element (PE). The memory array contains several memory blocks, which are mapped to embedded memory blocks, and each block stores training instances corresponding to one attribute, where an additional memory
block is used to store two sets of random indices. Bootstrap
sampling and random attribute selection are performed by
loading these indices. The PE block has two main components: A FIFO based merge sorter and an arithmetic logic
unit (ALU) evaluating the Gini measurement. The sorted
indices together with the boundary tags are stored in a FIFO
buffer and are ready to be sent back to a memory address
generation unit. The indices are used to address directly the
related data point. In each round of splitting, the optimal
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Fig. 3. Top-level FPGA architecture
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splitting point is obtained after the entire partition passes
through the ALU. Before this point, the boundary of the new
partitions is still pending and hence the partitions can not be
fed back to the PE for further processing, leading underutilised hardware resources. In order to achieve maximum
utilization of the resources allocated to each PE, each PE
trains two decision trees simultaneously, resulting to around
100% utilization of the hardware resources.
Arithmetic calculation involved in the system are based
on fixed point representation. The scaling factor and corresponding width of whole part and fractional part are also
based on the format of the training data hence it is application dependent. The optimal scaling factor is obtained by
fine-tuning through multi-fold training.
3.4. Efficient FIFO based merge sorter
The FIFO based merge sorter features fast output throughput and low resource utilization and is considered one of the
most appropriate sorter type for FPGA devices [15]. A common implementation of the FIFO based merge sorter is in the
form of cascaded units as illustrated in Fig. 4. In this work, a
modification is proposed to the sorter that reduces the memory utilization by 50%. Previous attempts have been made
to reduce memory usage by using linked list FIFO memory
[16]. The drawback is that linked list memory needs extra storage to record the ’link’ for each memory location,
which causes waste in memory utilization. The proposed
approach, on the other hand, does not need additional memory space for the ’link’, instead it dynamically moves the
content among the memory locations to ensure the memory
address is still calculable.
Fig. 5 illustrates the working principle of the proposed
merge sorter. Each row shown in the figure represents a seg-

ment of FIFO in the cascaded structure. The sorter starts operation by filling the empty FIFO with the first sorted data
list (list A, shown in the upper row in Fig. 5 as A1 to A8).
After that ,elements in the second sorted data list (list B, B1
to B8) start to arrive. Whenever an element from list A is
sent to the next stage, its memory location will be occupied
by a newly incoming element from list B (as shown in the
middle row in the figure where memory location 0 to 2 have
been occupied by the elements from list B); similarly when
an element from list B is sent out, its location will be occupied by the following incoming element (again as shown in
the middle row, location 0 was previously occupied by B1
after beating A1 but now is the place where B3 is located
since B1 was sent out after comparison) Consider one case
where A1 A2 and A3 are beaten solely by B1, memory location 0, 1 and 2 are occupied by B1, B2 and B3 respectively
after sending out A1 to A3; to read B1 to B3 in order, the
memory address needs to be generated in sequence of 0, 1
and 2, which is calculable. Consider a different case as illustrated in the middle row in Fig. 5, B1 and A3 have been sent
out, their memory location is now occupied by B3 and B4;
to read B2 to B4 in order, the memory address needs to be
generated in sequence of 1, 0, 2. The memory address becomes incalculable here because the sequence of the memory address depends on the results of comparison, which is
not known. Our approach is to ensure a calculable memory
address sequence. A generalized case is shown in the bottom row in Fig. 5. When the continuity of memory address
is broken, the element stored in the ’wrong’ location will
be moved to the ’correct’ location to recover the continuity.
A brief pseudo algorithm for dynamic element movement is
given in Table 2 and is illustrated by an example in the bottom row, Fig. 5. By careful arrangement of two I/O ports
available on each FIFO block, the movement of the data is
achieved without interfering the normal dataflow operation.
3.5. Evaluation of the splitting measurement
Searching for the optimal split starts on arrival of the first
output from the sorting unit. In the proposed work, the ar-

Average accuracy of 20 classification problems

Table 2. Pseudo algorithm for dynamic element movement

rived instances as considered as those allocated to the left
partition while the instances yet to come are those allocated
to the right partition. Every time a new input arrives, the
distribution of instances allocated to the two partitions are
changed. The ALU then evaluates the Gini measurement
for the current distribution and records the distribution so
far that produce the biggest drop in Gini impurity. After
the last sorted element arrives ALU, the final round of Gini
measurement is also finished, producing the optimal split
point. To efficiently evaluate the Gini measurement onto
FPGA, Eq.( 2) is simplified. Eq.( 2) can be transformed as
in Eq.( 3a). 𝑠𝑖𝑧𝑒𝐿𝑖 refers to the number of instances that
are allocated to the left partition and with label 𝑖, 𝑠𝑖𝑧𝑒𝐿𝑗
represents the number of instances in the left partition but
with label 𝑗; similarly 𝑠𝑖𝑧𝑒𝑅𝑖 and 𝑠𝑖𝑧𝑒𝑅𝑗 notate the number of instances with different labels in the right partition.
The biggest drop in Gini impurity is found when a minimum
value of Eq.( 3a) is obtained. This proposed simplification
was originally proposed in [14], and it is not claimed as a
contribution of this work.
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4. PERFORMANCE EVALUATION
4.1. Impact of batch training on accuracy
The impact of the proposed batch training on the classification accuracy of the RF is evaluated using a software version of the RF training stage. As case study, twenty binary
classification problems from VOC2007 dataset [17] were selected. Fig. 6 demonstrates the achieved average classification rate over the twenty binary classification problems of
the RF algorithm as a function of the number of batches used
to perform the training, when a RF with an ensemble of 200
decision trees are used. A number of batch of one, indicates the original algorithm where the whole dataset is used
at once, and its performance is considered as the baseline.
The rest of the point depict the results that correspond to
RF trained on different number of batches. The results indicate that the proposed batch training leads to a classification
performance that does not deviate significant from the baseline performance where all the training data are considered
simultaneously. Further experiments demonstrated that the
classification accuracy starts to drop in extreme cases where
the size of each batch becomes too small to capture any information from the dataset that would lead to an informative
decision tree classifier. Please note that the achieved classification rate accuracy, is in line with [18], and it depends
on the generation of the features used in the classification,
which is out of the scope of this work.
4.2. FPGA Acceleration

△𝑖(𝑁 ) = 𝑃 (𝜔𝐿𝑖 )𝑃 (𝜔𝐿𝑗 )𝑠𝑖𝑧𝑒𝐿 + 𝑃 (𝜔𝑅𝑖 )𝑃 (𝜔𝑅𝑗 )𝑠𝑖𝑧𝑒𝑅
𝑠𝑖𝑧𝑒𝐿𝑖 ⋅ 𝑠𝑖𝑧𝑒𝐿𝑗
𝑠𝑖𝑧𝑒𝑅𝑖 ⋅ 𝑠𝑖𝑧𝑒𝑅𝑗
=
+
.
𝑠𝑖𝑧𝑒𝐿𝑖 + 𝑠𝑖𝑧𝑒𝐿𝑗
𝑠𝑖𝑧𝑒𝑅𝑖 + 𝑠𝑖𝑧𝑒𝑅𝑗
(3a)

The performance of the FPGA system is also evaluated by
utilising the twenty binary classification problems in the VOC2007
data set. The system is mapped on an Altera Stratix IV
FPGA (EP4SGX70HF35C2) and it is clocked at 200MHz.
The performance of the proposed system utilising a single
PE is compared to a C++ software implementation of the
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Table 4. Hardware utilisation (based on batches with 512
instances and 500 attributes)
Resource type
Utilisation
(%)
Combinational ALUTs
Memory ALUTs
Registers
DSP block 18-bit elements
Block memory bits

2776
148
4596
9
4102k

5%
<1%
n/a
2%
62%

RF training running on an Intel Core i5 3.2GHz processor
(running on single core). Table. 3 presents the achieved
speedups for the twenty classification problems. An average speedup of 171x is achieved over the employed problems. An average accuracy of 0.48 over twenty problems is
achieved. The reduction in the classification accuracy is due
to batch learning approach, which according to the previous
results is small.
An instance of the hardware utilisation of the system
when its batch contains 512 examples of 500 attributes is
given in Table. 4. The results show that the proposed system scalability is limited due to the memory requirements to
store the working batch.
4.3. Discussion on the scalability of the system
The utilised FPGA system so far contains one memory array
connected to a single PE, as shown in Fig. 3. As the embedded memory blocks in modern FPGA devices are dual
ported, each memory array can be connected to two PEs.
Thus, an extra 2x speedup in addition to the acceleration
shown in Table. 3 can be achieved.
Given enough memory space on FPGA, multiple memory arrays and PEs can be instantiated, letting each memory
array process one of the batches. Thus, the aim is to use the
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minimum size of batch ensuring acceptable loss in classification rate accuracy. The system can load a batch to each
memory array in a pipeline fashion from the external memory, and each memory array will train a set of decision trees
on that batch. For instance, let’s consider the training of a
RF classifier for the ’person’ problem. The training data are
partitioned into 25 batches and 16 decision trees are trained
by the proposed system on each batch. Fig. 7 shows the
overall runtime as a function of the number of utilised memory arrays. The black block in the first bar indicates the
runtime distribution of external memory access.
5. CONCLUSION
In this paper, a novel FPGA architecture performing the
Random Forest training stage is presented. The presented
architecture is capable of achieving a speedup of up to 230x
when compared to a software implementation on a CPU processor without any loss in classification accuracy. Key elements of the proposed architecture is a novel FIFO based
merge sorter that reduces the required memory requirements
compared to the existing state-of-the-art architecture, which
is translated to a larger parallelisation factor for a given FPGA
area, and a batch training strategy that allows the exploitation of the on-chip memory blocks, removing the off-chip
memory access bottleneck.
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