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Abstract
In the current big data era, naive implementations of well-known learning algorithms cannot efficiently and effectively
deal with large datasets. Random forests (RFs) are a popular ensemble-based method for classification. RFs have been
shown to be effective in many different real-world classification problems and are commonly considered one of the best
learning algorithms in this context. In this paper, we develop an RF implementation called ReForeSt, which, unlike the
currently available solutions, can distribute data on available machines in two different ways to optimize the computational
and memory requirements of RF with arbitrarily large datasets ranging from millions of samples to millions of features.
A recently proposed improved RF formulation called random rotation ensembles can be used in conjunction with model
selection to automatically tune the RF hyperparameters. We perform an extensive experimental evaluation on a wide range
of large datasets and several environments with different numbers of machines and numbers of cores per machine. Results
demonstrate that ReForeSt, in comparison to other state-of-the-art alternatives such as MLlib, is less computationally
intensive, more memory efficient, and more effective.

Keywords Random forest · Random rotation ensembles · Model selection · Big data · Apache Spark · Memory efficiency ·
Computational efficiency · Open source software

Introduction

In the current big data era, 2.5 EB of data is generated each
day by individuals, media, industries, scientific research,
connected devices [1, 41, 43, 45], and sensors; moreover,
90% of the available data have been generated in the past
2 years [64]. Only a small amount of these data are exploited
to derive new actionable information, since datasets are
often imperfect, complex, and large [25]. Hence, it is
extremely important to develop tools that can overcome
such limitations [12, 33, 34, 38, 70]. Developing efficient
and effective implementations of algorithms to extract new
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actionable information is thus of paramount importance.
One of the most common solutions is to exploit the most
effective learning strategies and adapt them to distribute
computation to multiple machines and obtain efficiency and
scalability [38].

Random forests (RF) of tree classifiers were proposed
by Breiman [11] in 2001. They are considered state-of-
the-art learning algorithms for classification purposes since
they have shown to be one of the most effective tools
in this context [18, 58]. From a cognitive point of view,
RFs implement the wisdom of crowds principle, namely
the aggregation of information in groups, resulting in
decisions that are often better than could have been made
by any single member of the group [19, 31, 61]. The
main requirements behind this principle, which yields better
results, is that there should be significant differences or
diversity among the models. There are many examples of
the use of this principle in literature, especially in cognitive
computation research [10, 13, 26, 30, 31, 39, 47, 61, 65].
For these reasons, RFs combine bagging and random subset
feature selection. In bagging [71], each tree is independently
constructed using a bootstrap sample of the dataset. RFs add
an additional layer of randomness to bagging. In addition
to constructing each tree using a different bootstrap sample
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of the data, RFs change how the classification trees are
constructed. In standard trees, each node cut is chosen
by searching for the best among all features. In RFs,
instead, each node cut is chosen by searching for the best
among a subset of features randomly chosen at that node.
Eventually, the mode among the trees composing the forest
is taken as the prediction. RFs have been recently further
improved in [9] with random rotation ensembles (RRE),
which purport to avoid the initial bootstrapping and subset
feature selection at each node in constructing the trees and
replace it with a random rotation of the numerical feature
space before learning each tree in the forest. The purpose
of this new way of adding randomness is to improve the
accuracy of the individual predictors while still preserving
the diversity of the full ensemble. A common misconception
about RFs is that the algorithm is a hyperparameter-free
learning algorithm [5, 7, 46]. Indeed, there are several
hyperparameters that characterize the performance of the
final model, such as the number of trees, the depth of
each tree, and the number of predictors exploited in
each subset during the growth of each tree. For these
reasons, to achieve satisfactory generalization performance,
a model selection (MS) procedure is needed to select an
optimal set of hyperparameters [2, 28]. Another common
misconception about RFs is that they cannot overfit. Indeed,
just mentioning the no free lunch theorem [63] would be
enough to support our statement. In the literature, there are
works that clearly show that, in particular situations, RFs
can overfit [20, 54], but in practical situations, RFs show
quite satisfying levels of accuracy [58]. Correct tuning of
the hyperparameters of RFs during MS can reduce this issue
but not completely remove it.

Unfortunately, RFs is a computationally intensive algo-
rithm that needs to be reengineered to be applied to arbitrar-
ily large datasets. In this context, the most common solution
is to distribute the computation among multiple machines
[38, 42, 64]. The data is partitioned on the available
machines, and each machine executes the same program on
its portion of data. Among the many approaches to perform-
ing this kind of computation (e.g., MPI [49] and MapReduce
[16]), Apache Spark [69] is one of the most appealing since
it enables reliable and fast iterative in-memory computation.
Moreover, it provides a large set of operations, which allow
the development of complex algorithms.

In this paper, we extend ReForeSt [35, 36], an Apache
Spark–based distributed, scalable implementation of the
RF learning algorithm that targets fast and memory
efficient computation. ReForeSt shows better memory and
computational efficiency than the de-facto standard MLlib
[38] without reducing the accuracy of the final model [36].
In this work, we extended ReForeSt both by reengineering
the original version and by including new features, thus
obtaining a library able to outperform state-of-the-art

alternatives in terms of both performance and features. In
particular:

– The computational and memory requirements of ReFor-
eSt are now optimized. It has lower memory require-
ments than its state-of-the-art competitors and automat-
ically arranges computation according to the available
memory;

– ReForeSt can distribute the data in two different
manners and automatically select the best one based on
the problem under consideration;

– ReForeSt can deal with arbitrarily large datasets, rang-
ing from millions of samples to millions of features,
whereas alternative implementations fail to provide a
result;

– ReForeSt implements both the original RF formulation
and the novel RRE;

– ReForeSt implements an efficient MS procedure for the
whole set of hyperparameters. It allows us to introduce
many optimizations during the learning of the trees to
complete the computation in less time than does check-
ing all the possible combinations of hyperparameters
individually.

ReForeSt is publicly available at GitHub1 to permit easy
adoption of the library.

The rest of the paper is organized as follows. The
“Related Work” section lists and compares the most impor-
tant related work for our proposal. In the “Preliminaries”
section, we report the state-of-the-art concepts and results
that we exploited in the “ReForeSt” section to present
our proposal. In the “Experimental Evaluation” section, we
report results on a wide range of large datasets, showing the
effectiveness of our proposal. The “Conclusions” section
concludes the paper.

RelatedWork

Planet [48] was one of the first RF implementations for
distributed environments. It was developed by a team at
Google based on their in-house MapReduce [16] disk-based
implementation. According to MapReduce, programmers
need to provide specific code segments for two functions,
Map and Reduce. The Map function is applied to the input
and emits a list of intermediate key-value pairs, while
the Reduce function aggregates the values according to
the keys. In Planet, instead of serially building each node
of each tree in the RF, they build a queue of nodes to
be computed and then process a subset of nodes in each
iteration. Each subset of nodes becomes a MapReduce task
and all the machines contribute to collecting the information

1https://github.com/alessandrolulli/reforest
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required to detect the best cut. A large part of this work is
devoted to reducing the cost of setting up each MapReduce
task, which are costly operations since data must be loaded
and saved on the disk each time.

MLlib [38] can be considered the de facto standard
for the use of the RF learning algorithm in a distributed
environment. It has been developed in Apache Spark [69],
a framework that addresses the limitations of MapReduce
disk-based implementations by enabling in-memory data
processing. MLlib is inspired by Planet in terms of the
way nodes are processed and how information is collected.
The initial data is divided into several partitions, which
generally are larger than the number of machines. Each
machine maintains a subset of the partitions. Therefore,
to construct the forest, the necessary information must be
collected inside a partition. Then, the latter is aggregated
locally in the machine, and, finally, all the information kept
in each machine is aggregated to complete the computation.
The main downside is that, for each node, an amount of
memory proportional to the number of partitions handled by
the machine is allocated.

ReForeSt [36] improves MLlib by avoiding the use of
multiple data structures as requested by the partitioning-
based distributed computation: each machine maintains
only one data structure to collect information from the data
stored in it. In contrast to Planet and MLlib, we process the
nodes in a breadth-first manner instead of using a queue; this
allows ReForeSt to grow all the trees in parallel and reduce
the number of data scans.

Other distributed RF implementations exist and exhibit
some drawbacks in comparison to ReForeSt. Chung [15]
presents an optimization of MLlib, called Sequoia Forest,
that switches from distributed to local computation when
the size of the data relative to a subtree is below a threshold,
but no source code is available. In ReForeSt, we introduce
a similar optimization as that in Sequoia Forest, but the
threshold is automatically tuned based on the problem under
examination and the size of the dataset. Moreover, unlike
Sequoia Forest, we cluster the elements of the dataset
to reduce element copies among the machines and the
memory consumption of each machine during the local
computations.

In [21] and [59], it is proposed that we build one
RF in each machine based on a subsample of data that
is stored on the machine. In addition, in [21], several
optimizations and simplifications are proposed that can
be adopted when working with big data. Those that are
feasible in a distributed scenario have also been considered
in MLlib, with which we perform an extensive experimental
comparison. On the other hand, in [59], it is also proposed
to keep just the trees that show the best accuracy. In both

methods, the limitation in comparison to ReForeSt is that
the RF is not built on the whole set of data and, moreover,
in [59], many trees are discarded, which results in a waste
of computation time; in addition, the source code is not
publicly available.

Chen et al. [14] propose vertically partitioning the data.
The training dataset is split into several feature subsets,
and each subset is allocated to a different distributed data
structure. Unfortunately, this approach requires a large
shuffling phase at the beginning, and the comparisons are
performed against a very old implementation of MLlib; the
source code is not available.

Note that none of the abovementioned libraries imple-
ment an efficient MS strategy, even if the resulting RF
model generalization performance can depend strongly on
the RF hyperparameter settings [46].

Preliminaries

Let us consider the multiclass classification problem [55]
in which we have an input space X = X1 × · · · × Xnf

,
consisting of nf features, and an output space Y . Xi can
be a categorical feature space (the values of the features
belong to a finite unsorted set) or a numerical-valued feature
space (the values of the features belong to a possibly infinite
sorted set). The output space, instead, is an nc-valued space.
The goal is to estimate the unknown rule that maps an
item X ∈ X to an item Y ∈ Y . Note that, in general,
the rule can be non-deterministic [55] and some values
of X may be missing [17]. In this case, if the missing
value is in a categorical feature, an additional category for
missing values is introduced for that feature. If, instead,
the missing value is associated with a numerical feature,
as suggested in [17], the missing value is replaced with
the mean value of that feature and an additional logical
feature is introduced to indicate if the value of that feature
is missing or not for a particular sample. A set of labeled
samples D = {(X1, Y1), · · · , (Xd, Yd)} is available for
learning. A learning algorithm Ah, characterized by its
hyperparameters h, maps D to a function f = Ah(D).
The error of f in approximating the unknown mapping
rule is measured with reference to a loss function �. Since
we are dealing with classification problems, we choose
the loss function that counts the number of misclassified
samples; we have �(f (X), Y ) = [f (X) �= Y ], in which
the Iverson bracket notation is exploited. The expected
error of f is called the generalization error [55] and is
defined as

L(f ) = E {�(f (X), Y )} . (1)
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Since the distribution of the samples is unknown, L(f )

cannot be computed, but we can compute its empirical
estimator, or the empirical error, which is defined as

̂L(f, T ) = 1

|T |
∑

(X,Y )∈T
�(f (X), Y ), (2)

where T = {(X1, Y1), · · · , (Xt , Yt )} must be a different
set from D, which has been used to build f to ensure that
the estimator of the model quality is unbiased [2]. To help
readers, the nomenclature used in this paper is listed in
Table 1.

Random Forests

RFs are a state-of-the-art powerful learning algorithm, first
developed in [11]. Before describing RFs in detail, we have
to recall the definition and construction of a binary decision
tree (DT) [51]. A binary DT is a flowchart-like structure
in which each internal node represents a test of a feature,
each branch represents the outcome of the test, and each leaf
node represents a class label. A path from the root to a leaf
represents a classification rule. A graphical representation
of a DT is reported in Fig. 1. A DT is built with a recursive
schema until it reaches its desired depth nd . Each node of
the DT, starting from the root node, is built by choosing the

Table 1 Nomenclature for the“Preliminaries” section

Symbol Description

X Input space

Y Output space

Xi ith component of the feature space

nf Number of features

X Item in the input space

Y Item in the output space

nc Number of classes

D Dataset of labeled samples

d Cardinality of D
V Validation set

T Test set

Ah Learning Algorithm

h Hyperparameters of Ah

f Function learned by Ah

� Loss function

L Generalization error
̂L Empirical error

nt Number of trees in an RF

nb Number of bootstrap samples in an RF

nv Number of features to subsample in an RF

nd Maximum depth of a DT or of each tree in an RF

Leaf Leaf

Classification rule

X1 < 12.5

X14 < 0.3
Leaf

Root

1

5 nc

Fig. 1 DT example

attribute and the cut that most effectively splits the set of
samples into two subsets based on the information gain.

More formally, for numerical features, the node test of a
feature j (briefly called cut or split) can be defined as:

Xj < c. (3)

Based on this cut, it is possible to split the original data D
into two subsets Dleft and Dright such that

Dleft = {(X, Y ) ∈ D|Xj < c}, Dright = D \ Dleft. (4)

Then, we can define the information gain of Eq. 3, namely
the reduction in entropy (or confusion) induced by the cut:

G(j, c) = H(D)− |Dleft|
|D| H(Dleft)− |Dright|

|D| H(Dright), (5)

Here, H is the entropy of the set of samples:

H(D) =
∑

i∈{Distinct values ofY∈D}

|Di |
|D| lognc

( |Di |
|D|

)

(6)

Di = {(X, Y ) ∈ D|Y = i}. (7)

Consequently, the best cut is defined as

(j∗, c∗) = arg max
j∈{1,··· ,nf },c∈Cj

G(j, c) (8)

where Cj are the possible cuts for the feature Xj . These
cuts can be found, for numerical features, by sorting all
the values of the feature Xj and by using as cuts all the
mean values between two consecutive sorted values (n − 1
cuts). The extension to categorical features can be found in
[51] and is not reported since it is out of the scope of this
presentation. Pseudocode for the DT learning and forward
phases can be found in Algorithm 1 by setting nv = nf . An
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example of the application of a DT to the artificial datasetinf
Fig. 2a, defined in Section 2.3 of [23], is reported in Fig. 2d.

Given the definition of DT, we can now briefly describe
the learning phase of each of the nt trees composing the
RF. From D, nb samples are taken with replacement, and
D′ is built. A tree is constructed with D′, but the best split
is chosen among a subset of nv predictors over the possible
nf predictors randomly chosen at each node. The tree is
grown until its depth reaches the maximum value of nd or
until all the samples in D′ are correctly classified. During
the classification phase of a previously unseen X, each tree
classifies X into a class Y ; the final classification is the
mode of all the answers of each tree in the RF. If nb = n,
nv = √

nf , and nd = ∞ we obtain the original RF
formulation [11], where nt is usually chosen as a tradeoff
between accuracy and efficiency [11, 24, 46]. Pseudocode
for the RF learning and forward phases can be found in
Algorithm 2.

An example of the application of the RF with nv = 1,
nt ∈ {1, 100}, for the same artificial dataset exploited for
DT, is reported in Fig. 2a and b.

Random Rotations

RFs have recently been improved in [9] with RREs.
RREs propose to randomly rotate the numerical feature
space before learning each tree of the forest instead of
performing the bootstrapping and subset feature selection of
RF. The idea is to overcome the weakness of decision trees
whose decision boundaries are axis-aligned while the real
boundaries may not be.

The rotation is implemented with a rotation matrix �

defined in [9], which, instead of rotating each angle in
spherical coordinates, uniformly samples over all feasible
rotations. Note that, since rotations can be sensitive to scale
in general and to outliers in particular, the RF developed
in [9] requires scaling the numerical feature space. As
suggested by the results in [9], each feature in the range
[0, 1] should be scaled. The pseudocode of the RRE learning
and forward phases can be found in Algorithm 3.

An example of the application of RREs with nt ∈
{1, 100}, for the same artificial dataset exploited for DT,
is reported in Fig. 2b and e. Note that the RREs ensure a
smoother boundary with better generalization performance.

Model Selection

To tune the different hyperparameters of the RF in a data-
dependent manner, many alternatives exist [2], from the
classic resampling methods, such as the holdout, the cross
validation, and the bootstrap [3, 29], to more theoretically
grounded alternatives, such as Redemacher complexity or
algorithmic stability-based techniques [40]. Since we are
dealing with big data problems, the only computationally
feasible alternative is to use the holdout (HO) method. HO
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Fig. 2 Artificial dataset to better
understand the differences
among DT, RF, and RRE

relies on the following idea: from the original dataset D, a
relatively small subset of the data is kept apart and exploited
as a validation set V . More formally,

V ⊂ D, D = D \ V . (9)

Then, to select the best configuration of hyperparameters
h in the set of possibilities, H = {h1, h2, · · · } for the RF
or, in other words, to perform the MS phase, the following
procedure needs to be applied:

h∗ : arg minh∈H ̂L(Ah(D),V). (10)

Since the data in D are independent of the data in V , the idea
is that h∗ should be the set of hyperparameters that allows us
to achieve a small error on that data set that is independent

of the dataset exploited to learn the model. The procedure is
depicted in Fig. 3.

Apache Spark

Apache Spark [68, 69] is an efficient and scalable distributed
data processing framework. Because of its flexibility,
usability, and API richness, it has quickly become popular
in the field of big data analytics [27, 53]. Machine learning,
data mining and computational science are just a few
areas where Apache Spark is employed. Apache Spark
relies on resilient distributed dataset (RDD) abstraction.
An RDD is a fault-tolerant immutable data structure
comprising partitions distributed over several machines that
can be operated in parallel. Recently, new data structures

Fig. 3 MS phase. D is the
dataset of labeled samples, V
the validation set, and T the test
set. D ∩V = ∅ and V ∩ T = ∅
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(e.g. Dataframe and Datasets) have been introduced in
Apache Spark, since they have some advantages in many
applications of data science; however, for our purposes, the
API is still not rich and mature enough (e.g., reduction by
key and many other fundamental functions are still missing).

Note that, in Apache Spark, it is possible to choose
among different partitioning schemas for the RDD. This
choice may have a strong impact on the computational
requirements [6]. Nevertheless, for our particular problem,
it is extremely difficult to think of particular partition
schemas that could offer performance improvements over
standard hash-based partitioning. In fact, in RF, the only
effective way to parallelize the computation, as we will
see later in the “ReForeSt” section, is to build the nodes
of trees composing the forest in parallel. Because of the
different sources of randomness, there is no way, before
constructing the forest, to assume that a subset of the data
will contribute to just a subset of the nodes. Therefore, the
only reasonable solution is to randomly split the data and
the node computation among the machines.

Note also that, in Apache Spark, distributed computation
is achieved by transforming an RDD into another RDD
or by creating an RDD from a data structure stored
on a non-volatile, and often distributed, storage device.
Non-volatile distributed storage can be implemented with

different technologies (e.g., HDFS FS [62], Hbase [22], and
Hive [57]). The choice of this technology may impact the
reading performance. However, ReForeSt, as we will see
later in the “ReForeSt” section, reads the dataset from the
non-volatile distributed storage just once at the beginning
of the execution, after which the non-volatile distributed
storage is not accessed anymore. In fact, if the data stored
on the non-volatile distributed storage device is read and
transformed into an RDD that does not fit into the volatile
memory (RAM), Apache Spark handles the overbooking
by exploiting the non-volatile memory (HDD or SDD) of
the machine rather than the non-volatile distributed storage.
For this reason, the performance of ReForeSt does not
depend on the non-volatile distributed storage technology in
use.

Finally, note that even if the RDDs can be spilled to
the disk, the tasks to be executed on them may require
additional data structures to be stored in the volatile
memory, which can result in overbooking and crash the
program since the Java Virtual Machine (JVM) has a
memory limit. As we will see later in the “ReForeSt”
section, ReForeSt (unlike for example, MLlib) always pre-
computes the amount of memory needed to perform a
task and, if needed, splits the task into sub-tasks to avoid
overbooking the volatile memory.
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ReForeSt

ReForeSt is a distributed and scalable RF implementation
that includes several distinctive features that distinguish it
from state-of-the-art alternatives. ReForeSt optimizes mem-
ory consumption and computational time and automatically
arranges the computation according to the available mem-
ory. ReForeSt can distribute the data in two different man-
ners and automatically selects the best one based on the
problem under consideration. ReForeSt can deal with an
arbitrarily large number of samples, an arbitrarily large
number of features, and an arbitrarily large number of cat-
egories for categorical features. ReForeSt implements both
the original RF formulation and the novel RRE. Finally,
ReForeSt implements a parallel and incremental MS pro-
cedure for the whole set of hyperparameters that lets the
learning process stop for the sets of hyperparameters show-
ing low accuracy. This approach permits the computation to
be completed in less time than does checking all the possible
combinations of hyperparameters individually.

To improve the readability of the paper, analogously
to what we have done in the “Preliminaries” section,
we will describe the details of our implementation with
the help of illustrations and pseudocode. Moreover, the
additional nomenclature that we will exploit in this section,
with respect to the “Preliminaries” section, is listed in
Table 2. An initial high-level description of ReForeSt is
presented in Algorithm 4. The ReForeSt forward phase is
equivalent to that of the classic RF algorithm, except that
the prediction of all the trees in the forest is performed
in parallel and we need to discretize the points to classify
them in accordance with the discretization made during
the training phase (see the “Data Preparation” section).
The ReForeSt learning phase, instead, consists of two
phases: the data preparation phase and the tree generation
phase. The first phase, presented in the “Data Preparation”
section, oversees the loading of the raw data and produces
the working data, a statically allocated collection of
elements representing the original samples. The second
phase, presented in the “Tree Generation” section, grows
all the trees of the forest iteratively and in parallel based
on the working data. This second phase can be performed
following two different approaches to distribute the data
on the available machines: (i) a fully distributed approach
in which the dataset is partitioned among the machines
(“Fully Distributed Computation” section), and (ii) a local
computation approach in which each machine collects the
subset of the dataset needed to complete the computation
of a subtree locally (“Local Computation” section). Two
approaches are needed since they are optimal in different
situations. When we have to learn a node based on a set
of data that does not fit into the volatile memory, we have
to use the fully distributed approach. When, instead, we

Table 2 Nomenclature for the“ReForeSt” section, see also Table 1

Symbol Description

Dnw working data

nw Number of bins for the working data

C Bins for the binning phase

B The vector containing the bagging of an element

Nm Number of machines

Ni
c Number of cores for the ith machine

�j ReForeSt Collecting matrix for the ith machine

� ReForeSt Collecting RDD

have to learn a node and all its sub-nodes or leaves, based
on a reasonably small set of data (namely, a set of data
that fits into the volatile memory of a single machine),
local computation is a more efficient choice. ReForeSt,
beyond implementing both approaches, also automatically
detects when it is more efficient to switch from one to
the other approach by computing how much memory is
required to perform the local computation approach. The
extension of ReForeSt to RRE is presented in the “ReForeSt
RRE” section, while the implemented MS procedure is
described in the “Model Selection in ReForeSt” section.
The “Computational Complexity” section describes the
computational complexity of ReForeSt with respect to the
classic RF algorithms.

Data Preparation

The data preparation phase (see Algorithm 5) oversees the
building of the working data Dnw , a collection of elements
stored in an RDD that allows us to represent the original
dataset D and the result of the bagging procedure in a
more compact way. The working data will be exploited
later during the tree generation phase (see Algorithm 4). An
example of the data preparation phase is depicted in Fig. 4.
To build the working data Dnw from the original dataset D,
we need to perform binning and bagging.

During the binning phase, the domain of each feature is
discretized into nw configurable bins. For each feature, we
search for nw bins (see function find-bins A5L3, namely
Line 3 of Algorithm 5). To find the bins, we make use of a
subsample of the original dataset D′ ⊆ D in which |D′| ≈
104 (see the function sample in A5L2 and the column
“Subsample of Dataset” in Fig. 4). We used D′ instead of
D to speed up the computation. All these operations are
parallelized over the Nm available machines and exploit
all the cores of each machine. In particular, each machine
processes a subset of the nf features. We provide two
strategies to find the bins: equi-depth and random. In
the equi-depth strategy, each bin is constructed to have
approximately the same number of samples |D′|/nw . The
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random strategy instead searches for Xmin
i and Xmax

i , which
are, respectively, the minimum and maximum values of the
ith feature, and randomly divides the space [Xmin

i , Xmax
i ]

into nw bins. The random strategy is alternative to the equi-
width strategy. We chose a random strategy because, in the
equi-width strategy, outliers may cause most of the data
to concentrate in a few bins [37, 52], thus reducing the
accuracy of the algorithm, whereas introducing randomness
can alleviate this downside. Moreover, since using the
random strategy is not a computationally intensive task, it
is suitable for high-dimensional datasets. The binning phase
allows us to reduce the memory requirements in comparison
to directly storing D in an RDD because each value can
be stored in its smallest integer representation instead of a
larger integer representation or floating point number.

After the binning phase, we have to perform bagging (in
Fig. 4; the input for bagging is the column “Binned Data”
and the output is the column “Working Data”). Bagging is
the process of resampling with replacement from D another
dataset of cardinality nb for each tree in the forest that
we have to build. This procedure would require storing a
different dataset of size nb for each tree, for a total of nbnt

elements of size nf , since each element has nf features.
Since this procedure consumes a great deal of memory, we
adopt a different approach. We keep track of the number
of times that a sample has been extracted from D during
the bagging phase of the ith tree in the element Bi of the
vector B. This approach permits us to store the original
dataset D once (and partitioned on all the machines) and one
vector B for each sample, resulting in storing d elements
of size nf + nt ; this is much fewer than in the previous
approach.

The result of the binning and bagging phases is the
transformation of an element (X, Y ) ∈ D into an element
(Xnw, Y, B) ∈ D, where the vector Xnw is the discretized
version of X, Y remains unchanged, and the vector B ∈ N

nt

contains in Bi the number of times the element X has
been sampled in the bagging process of the ith tree. These
operations are done in parallel in the convert-to-working-
data function (see A5L4). In particular, each machine
processes a subset of the samples in D and the results are
stored in a distributed manner in an RDD (see the last two
columns of Fig. 4).

Tree Generation

The goal of tree generation is to grow the forest while
choosing the best cut for each node among all the possible
cuts. ReForeSt can perform this action in two different
manners: (i) a fully distributed computation when the
working dataset is too large to be stored in only one
machine and (ii) a local computation when the working data
relative to a single node can be stored on one machine,
and each machine finishes the computation of a different
subtree locally. In the fully distributed computation, the
working data is partitioned over all the available machines.
Each machine collects a contribution to computing the
information gain (defined in the “Random Forests” section)
for its partition of data in parallel. Subsequently, the data
relative to the same node are aggregated, and the best cut
is identified. On the other hand, in the local computation,
each machine maintains a subset of the working data that
contains enough information to complete the computation
of a subtree on a single machine.

X1 X2 X3 X4 Y

1 -6 4 8 1

4 25 3 7 3

14 5 6 3 nc

5 37 4 7 2

2 12 4 8 1

9 -2 3 7 3

X1 X2 X3 X4 Y

1 1 2 1 1

2 3 1 2 3

3 2 3 1 nc

2 3 2 2 2

1 2 2 3 1

3 1 1 2 3

X1 X2 X3 X4 B1 B2 B3 Y

1 1 2 1 0 1 1 1

2 3 1 2 1 2 1 3

3 2 3 1 2 1 0 nc

2 3 2 2 1 1 1 2

1 2 2 3 0 1 1 1
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...

Machine
Partition

Sub-Sample of Dataset 
and Binning Process
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Data

Working Data
(Binned and Bagged Data)

Working Data
RDD on Machines

1 2 2 3 0 1 1 1

YB

...

X1 X2 X3 X4 Y

1 -6 4 8 1

4 25 3 7 3

14 5 6 3 nc

5 37 4 7 2

2 12 4 8 1

9 -2 3 7 3

d

nf

Dataset

2 12 4 8 1

X Y

Working Data
RDD

RDD

.........

... ......

Data Preparation

Fig. 4 Example of data preparation phase. We let nw = 3 and suppose we have the following bins for each feature: X1 : ([1, 2], [3, 5], [6, 14]),
X2 : ([−6, −2], [−1, 12], [13, 37]), X3 : ([3, 3], [4, 4], [5, 6]), X4 : ([3, 3], [4, 7], [8, 8])
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Fully Distributed Computation

The tree generation phase via fully distributed computa-
tion builds the trees of the forest iteratively in a breadth-first
manner (see A6L1). Our main idea is to share a data struc-
ture, stored in the volatile memory and called the collecting
matrix, among the partitions of the same machine to per-
form efficient learning of the trees. The collecting matrix is
exploited to collect the necessary information to select the
best cut based on the information gain. �j is the matrix that
resides on the j th machine. This choice is one of the most
fundamental differences between our approach and MLlib,
in which this information is collected in a similar data struc-
ture but each partition replicates that structure, resulting in
considerable memory requirements and computational inef-
ficiencies. Subsequently, we distributively aggregate all the
�j in the collecting RDD � and finally detect the best cut
for each processed node.

In each iteration i, all the nodes at the ith level of each
tree are processed. In detail, each iteration i ∈ {0, · · · , nd −
1} is divided into three steps: (i) local information
collection, (ii) distributed information aggregation, and (iii)
tree updating. We make use of the Figs. 5 and 6 to describe,
respectively, the local information collection and distributed
information aggregation.

Local Information Collection Figure 5 describes this step.
At a given iteration i, each machine works autonomously,
and the idea is to collect information to detect the best cut
for each node at level i. This information will subsequently
be distributively aggregated. The stored information permits
us to count, for each possible cut of a specific node, the
number of elements that will fall in the left or right child if
the cut is selected. Finally, this information is exploited to
detect the best cut for each node.

Delving into the details, the j th machine collects infor-
mation from the collecting matrix �j , which is instanti-
ated at the beginning of the iteration (see A6L6 and is
represented by the cube in Fig. 5). The purpose of �j ∈
N

2i×nt×nw×nc×nv is to store the information on each of the
samples from the portion of the working data stored on
the j th machine to compute the information gain of all the
possible cuts. Each cut is made relative to one of the nw

discretized values, one feature of the subset of features of
cardinality nv , and one node at the ith level of each nt

tree (of which there are nt2i). For each cut, we need to
collect information for each of the nc classes. �j is flat-
tened from a five-dimensional matrix to a two-dimensional
matrix �j ∈ N

2int×nwncnv for performance reasons. Each �j
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Fig. 5 Example of local information collection step. We consider nc = 2, nw = 3, and nv = 2

contains one row for each of the processed nodes at level
i, represented by the forest in the left of Fig. 5. The details
of one row are depicted at the bottom of Fig. 5, where the
number of columns depends on nc, nw, and nv .

The local information collection phase is completely
parallel since no communication among the machines is
required; it proceeds as follows. Given a working data
element (Xnw, Y, B) ∈ (Dnw)j , where (Dnw)j is the subset
of Dnw that resides on the j th machine, and a tree t ∈
{1, · · · , nt }, we have to find the node in tree t to which
(Xnw, Y, B) contributes (see A6L9) and the corresponding
row in �j . Next, for each feature f ∈ F (F is a set
of nv indices randomly sampled without replacement from
{1, · · · , nf }), the proper element of the row is found (see
A6L13). The column of �j is computed as nwncf +
ncX

nw

f + Y . Finally, Bt is added in the aforementioned
position of �j (see A6L13). Note that each working data
element (Xnw, Y, B) adds information to just one node in
each of the trees t with its weight Bt (see A6L8). This is
because, at the ith iteration, all the nodes at the ith depth
of all the trees are processed, and then one element can be
contained in only one node in each of the trees.

These operations are described in the bottom of Fig. 5,
where we selected a working data element and show how

this element contributes to updating a specific row of �j . In
particular, given the selected working data element and tree
2, we navigate the tree from the root to detect the node on
level i at which element is stopping. The information about
the selected node is stored in row 3 of �j (the machine
maintains a mapping between the nodes at level i and the
indices in �j ). The columns to be updated are chosen by
checking the class of the element and the discretized values
for each of the features in the subset of features. Finally, B2

represents the bagging for tree 2 of the element added to the
selected columns.

Distributed Information Aggregation Figure 6 reports an
example that describes the operations performed during the
distributed information aggregation phase. The idea is to
start from all the �j and aggregate the information in a
unique matrix �. At the end of this step, � contains the
aggregated information computed by all the machines in the
previous step and each machine maintains a subset of it.

During this phase, the collecting matrices �j with j ∈
{1, · · · , Nm} (each machine stores one of these matrices in
its volatile memory) are aggregated in the collecting RDD
�. Figure 6 describes, in particular, two machines and their
respective �j .
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Fig. 6 Example of distributed
information aggregation step

For each node l ∈ {1, · · · , 2int }, the row relative to l is
collected from each collecting matrix and aggregated by the
machine l%Nm (see A6L15). In this way, the information of
approximately 2int /Nm nodes is stored in each machine and
the �j can be destroyed. The result is the collecting RDD
� is partitioned on the available machines. For instance, in
Fig. 6, all the machines send row 3 of their �j to the same
machine, which can perform the aggregation (the sum in
the right of the figure) and store the aggregated value in the
collecting RDD.

Tree Updating In this last step, each machine, having com-
plete knowledge of the nodes stored in it, searches for the
best cut of each node. The best cut is chosen in such a way
as to maximize the information gain. Finally, the nt trees in
the forest are updated based on these cuts (see A6L17).

Local Computation

The local computation is an alternative to the fully dis-
tributed one. The idea behind this approach is to complete
the computation serially when the size of the working
data relative to a subtree fits the memory of one machine.
In this way, ReForeSt can complete the construction
of a subtree without requiring any communication among
machines.

To decide whether local computation can be activated,
ReForeSt has to determine whether the volatile memory of
the machine is large enough to store the subset of working

data needed to complete the construction of a particular
subtree using the standard serial algorithm reported in Algo-
rithm 1. If the memory is not enough, it performs another
iteration of the fully distributed computation reported in
Algorithm 6. In contrast, if the memory is enough, the
computation is switched to local computation and:

– each machine takes and removes one subtree from the
sets of subtrees that can be serially completed;

– the subset of working data needed for completing the
particular subtree is collected by the machine, which
oversees its completion;

– each machine proceeds independently in learning the
subtree with the Algorithm 1;

– this procedure continues until all the subtrees that can
be serially completed have been constructed.

Figure 7 shows how ReForeSt decides when it is possible
to switch from the fully distributed approach to the local
computation approach.

ReForeSt RRE

ReForeSt also implements RRE targeting, as in ReForeSt
RF, in the case of low memory and few computational
requirements. Since each rotation generates different work-
ing data, we iteratively process the rotations one at the time.
Unlike in the RRE described in the “Random Rotations”
section, we allow the user to reuse the same rotation in the
construction of multiple trees to reduce the computational
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requirements. nr rotations (the default value is nt , as in the
standard RRE) and approximately nt/nr trees are built using
the same rotation (see A7L3).

The ReForeSt RRE learning phase proceeds as follows:

1. first, we generate in parallel the rotation matrices �i

with i ∈ {1, · · · , nr}, following the definition provided
in [9], and distribute them on each machine;

2. we scale the numerical feature space as described in the
“Random Rotations” section;

3. we proceed iteratively: for each rotation matrix, we
rotate the numerical feature space and perform data

preparation (see the “Data Preparation” and “Tree
Generation” sections) phases, creating a subset of the
trees of the forest.

For the ReForeSt RRE forward phase, with respect to
the original ReForeSt RF forward phase (see Algorithm 4)
where we had to perform the discretization phase just once,
we must rotate and discretize the point to classify it in
a different way based on the rotation associated with the
particular tree.

Pseudocode for the learning and forward phases of
ReForeSt RRE is presented in Algorithm 7.

Model Selection in ReForeSt

In this section, we describe how the MS procedure has been
implemented in ReForeSt RF. ReForeSt performs MS for
four of the RF hyperparameters: the number of bins nw, the
number of features to subsample in each node nv , the max-
imum depth nd , and the number of trees nt . Note that the
other hyperparameters are set to their default values (nb = d

and nr = nt ) since they are not as influential, according
to some recent work in the field [44, 46].

A user of ReForeSt must specify a set of values for each
of the abovementioned parameters, including Pnw , Pnv ,
Pnd , and Pnt .

Instead of implementing the naive MS procedure described
in the “Model Selection” section, in which an RF must be built
for each combination of the hyperparameters, our ideas are

– to construct concurrently the RFs corresponding to all
combinations of (nw, nv) ∈ Pnw × Pnv and to discard
the combinations of hyperparameters (nw, nv) ∈ Pnw ×
Pnv as soon as the error of the corresponding RF on V
is too high;

– to incrementally construct all the RFs corresponding
first to all nd ∈ Pnd and then to all nt ∈ Pnt , starting
from their smallest values, and to stop the search early
when no improvement is achieved.

Basically, we follow a greedy approach instead of searching
for the best combination in Pnw × Pnv × Pnd × Pnt .

More details on ReForeSt RF with MS are as follows.
First, analogously to the ReForeSt RF, the data

preparation is performed (see Algorithm 5) by creating the
working data Dnw , where the number of bins is set to the
maximum value in Pnw . Note that, in ReForeSt RF with
MS, we maintain only one working dataset, analogously to
the case in which no MS is performed. This choice targets
the optimization of the memory requirements and avoids
storing one copy of the working data for each nw ∈ Pnw .
Also, to work with values nw < max(Pnw), we introduce
the shrunk function for the processing of forests with nw <

max(Pnw). The shrunk function reduces the number of bins
from max(Pnw) to a desired value nw, evenly distributing
the max(Pnw) bins into the nw bins every time ReForeSt
accesses a binned value inside Dmax(Pnw ).
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Then, we initialize an empty forest for each combination
of the hyperparameters Pnw × Pnv × Pnd × Pnt .

At this point, we fix nt = min(Pnt ) and search for the
best possible value of nd in a greedy way. In particular, we
start iterating from the smallest nd ∈ Pnd and proceed to
the largest nd ∈ Pnd . Fixing nd and nt , we concurrently
grow all the RFs corresponding to all the combinations
of (nw, nv) ∈ Pnw × Pnv . The combination of (nw, nv)

that performs εMS worst on V (where εMS ∈ [0, 1] is
some user-defined parameter) is discarded from the set of
possible combinations. We stop the iterative search of nd

when increasing nd does not bring a benefit of εMS to the
error of the best RF found up to that iteration; we choose
nd , the last tested value, as the best value. The hypothesis
behind this greedy approach is that the accuracy of an RF
should increase and then decrease as nd increases [11, 46].

Finally, since we have found the local best value for nd ,
we repeat the same procedure for nt ∈ Pnt . The hypothesis
behind this additional greedy approach is that the accuracy
of an RF should always increase as nt increases [11, 46].

Pseudocode for the learning phase of ReForeSt RF with
MS is presented in Algorithm 8.

The extension of ReForeSt RRE to MS is straightforward
since it is based on the same principles described in this
section.

Computational Complexity

In this section, we discuss the complexity of learning an RF
with respect to ReForeSt.

We start by discussing the memory complexity. For the
classic RF (see Algorithm 2), it is necessary to store d

samples with nf features, plus a structure that contains
nt trees with a maximum depth of nd . Consequently, the
memory requirement of RF is O(d·nf ) for storing the

data and O(nt ·2nd ) for storing the trees. In ReForeSt
(see Algorithm 4), we have the same data structures, but
they are sampled and spread among the Nm available
machines. Moreover, ReForeSt requires the storage of the
j th collecting matrix �j ∈ N in the volatile memory
of each machine. In addition, the collecting RDD �,
which is the same size as �j , is spread among the Nm

available machines. Consequently, in ReForeSt, the memory
requirements of storing � and �j are O(2nd ·nt ·nw·nc·nv).

At this point, we can discuss computational complexity.
The computational complexity of classic RF (see Algorithm
2) is dominated by the sorting of each of the nf features,
resulting in a complexity of O(nf ·d·log(d)). Then, we
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Fig. 7 Activation of the local
computation approach

must find the best cuts for all the nodes in the tree; the
computational complexity of this procedure is O(2nd ·nt ·d.
The forward phase requires visiting nt trees of maxi-
mum depth nd , resulting in a computational complexity of
O(nt ·nd). In ReForeSt (see Algorithm 4), we do not sort
the features; rather, we discretize them, and this requires
scanning the dataset, resulting in a computational complex-
ity of O(d·nf ). Next, in the fully distributed phase for each
of the nd levels of the trees, we have to scan all the samples
in the dataset and update all the trees, resulting in a com-
plexity of O(nd ·d·nt ). Finally, we have to select the best cut
for each node, resulting in a computational complexity of
2nd ·nt ·nw).

Note that ReForeSt, with respect to the classic RF algo-
rithm, requires a bit more memory but has lower computa-
tional requirements, especially when d and nf are large.

The computational complexities of ReForeSt RRE are
the same as those of ReForeSt RF. The computational com-
plexity of MS, in the worst case, is equivalent to that of
testing all the combinations of the hyperparameters, but,
as we will see in the “Experimental Evaluation” section,
our implementation allows us to reduce the actual com-
putational time, thanks to the computational optimization
described in the “Model Selection in ReForeSt” section.

Experimental Evaluation

In this section, we evaluate the performance of ReForeSt
with an extensive experimental campaign conducted on a
series of real-world datasets with different characteristics.
We measure the ReForeSt computational performances,
memory requirements, and accuracies of the selected mod-
els of ReForeSt RF, ReForeSt RRE, and ReForeSt with MS
by comparing them with the state-of-the-art library MLlib2

2https://spark.apache.org/mllib

[38], an open source implementation of RF available within
the Apache Spark framework. ReForeSt is publicly avail-
able on GitHub3 to speed up its adoption.

To let the reader replicate the experiments, we will describe
in detail the hardware, software, and datasets exploited during
the experiments, along with their configurations.

We run these experiments on the Google Cloud Platform4

(GCP) and automatically deploy clusters of virtual machines
(VMs) that make use of Linux shell scripts. Each VM runs
Debian 8.7 and is equipped with Hadoop 2.7.3 and Apache
Spark 2.1.1. In all the configurations, we have a master node
and, to evaluate scalability, different numbers of worker
machines Nm = {4, 8, 16} equipped with different numbers
of cores Nc = {4, 8, 16} (the ith machine has Ni

c cores, and
all the machines have the same number of cores Ni

c = · · · =
N

Nm
c = Nc). For this purpose, we use the n1-standard-

4, n1-standard-8, and n1-standard-16 machine types from
the GCP with approximately 15, 30, and 60 GB of RAM,
respectively, and 500 GB of SSD disk space in the region us-
central1-a of the GCP. For each combination of parameters,
we run the experiments 30 times. The hyperparameters
of the algorithms and the library settings exploited in
the experiments are reported when discussing each of the
reported tables and figures. The datasets exploited in this
paper are reported in Table 3; for each of them, the number
of elements in the dataset d, the number of features nf , the
number of classes nc, a brief description, and a reference
for retrieving it are reported. Moreover, 60% of each dataset
is used as D, 20% as V , and the remaining 20% as T .
Datasets are stored in HDFS FS with the default block size
of 64 MB. For Apache Spark, instead, we fix the number
of RDD partitions to its default value, namely the number
of HDFS FS blocks, in both ReForeSt and MLlib to allow
a fair comparison. Note that, in this work, we do not report

3https://github.com/alessandrolulli/reforest
4https://cloud.google.com

https://spark.apache.org/mllib
https://github.com/alessandrolulli/reforest
https://cloud.google.com
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Table 3 Dataset exploited in the paper along with d, the number of items; nf , the number of features; and nc, the number of classes

Real Name Name Ref. d nf nc Size (GB) Task

covertype Covertype [8] 5.8 · 105 55 3 0.5 Predicting forest cover type from cartographic
variables only.

mfeat-karhunen Karhunen [50] 106 64 10 0.8 Dataset of Karhunen features for handwritten
numerals (“0”–“9”) extracted

from a collection of Dutch utility maps.

SUSY Susy [4] 5 · 106 18 2 3 Distinguish between a signal process that
produces supersymmetric

particles and a background process that does not.

kdd2010 raw version Kdd [66] 1.9 · 107 3 · 107 2 5 Predict student performance on mathematical
problems from logs of students in a

bridge to algebra interacting with intelligent tutoring systems.

HIGGS Higgs [4] 11 · 106 28 2 8.4 Distinguish between a signal process that
produces Higgs bosons and

a background process that does not.

Epsilon Epsilon [67] 5 · 105 2 · 103 2 11 This is an artificial data set for the Pascal large
scale learning challenge in 2008.

- Infimnist [32] 14 · 106 784 10 20 Identify digits in images representing numbers
∈ [0, 9].

webspam tri-gram Webspam [60] 3.5 · 105 1.7 · 107 2 24 Identify whether a web page is spam, or a page
created to manipulate

search engines and deceive Web users.

Dna Dna [56] 5 · 107 200 2 54 Identify translation initiation sites in nucleotide
sequences.

the impact of block size and number of partitions on the
results, since these parameters change the absolute values
but not the relative performances when comparing different
algorithms [6].

The rest of this section is organized as follows. The
“Memory Requirements” section presents the results on the
memory requirements of ReForeSt versus those of MLlib.
The “Computational Requirements and Scalability” section
presents a comparison between ReForeSt and MLlib in terms
of computational requirements and scalability. Finally, the
“Accuracies of the Learned RF Models” section compares
the accuracies of the learned RF models implemented in
MLlib against ReForeSt RF, ReForeSt RRE, and ReForeSt
when the MS function is activated (Fig. 8).

Memory Requirements

In this first set of experiments, we evaluated the memory
consumption of ReForeSt and MLlib. For this purpose, we
collect the Java Virtual Machine (JVM) memory usage in
each second of computation, cleaning the memory with
the JVM Garbage Collector before measurement to avoid
artifacts in the results. Figure 9 depicts the average memory
consumption of ReForeSt and MLlib for the Higgs dataset
with different cluster environments (Nm = 8 and Nc =
{4, 8, 16}) and with nb = 32 and nd = 10. The x-axis of

Fig. 9 represents the normalized computational time with
respect to the total time to better compare ReForeSt and
MLlib memory usage, while the y-axis reports the memory
usage in gigabits (Gb). Figure 9 shows the memory usage
choices due to the allocation of the matrices exploited by
ReForeSt and MLlib to collect information at each iteration
of tree creation. From Fig. 9, it is possible to observe that:
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Fig. 8 Memory usage comparison of ReForeSt and MLlib over the
Higgs dataset with Nm = 8, Nc = {4, 8, 16}, nt = 100, nw = 32, and
nd = 10
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Fig. 9 Memory usage of
ReForeSt and MLlib over the
Higgs dataset with Nm = 8,
Nc = {4, 8, 16}, nt = 100,
nw = 32 and nd = 10
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– ReForeSt always requires less memory than does MLlib
to perform the computation;

– ReForeSt exhibits similar memory consumption for
the whole execution, whereas MLlib shows a constant
increase;

– the MLlib memory usage increases linearly with the
number of cores, whereas the ReForeSt memory usage
does not depend on the number of cores (by design).

The last observation is particularly evident when we analyze
Fig. 8, where the maximum memory consumption is
depicted on the y-axis for different cluster environments
Nc = {4, 8, 16}. ReForeSt has always a maximum memory
consumption lower than that of MLlib, and its value is
constant over all configurations. Results over the other
datasets are not reported since they present similar behavior.

Computational Requirements and Scalability

In this section, we study the computational requirements
and scalability of ReForeSt and MLlib with respect to
several parameters:

– the number of trees nt ∈ {100, 200, 400};
– the number of trees Nm ∈ {4, 8, 16};
– the number of cores in each machine Nc ∈ {4, 8, 16}.

Tables 4, 5, and 6 report the computational time of
ReForeSt RF with tR , MLlib with tM , and D = tM/tR for all
the datasets described in Table 3. Tables 4, 5 and 6 depict the
scalability with respect to nt , Nc and Nm, respectively. In
all the tables, nb and nd have been set to the default MLlib
values (nb = 32 and nd = 10); the standard deviation is not
reported because of space constraints. However, changing
nb and nd does not substantially change the results, and the
standard deviation of the results is always less than 5% of
the reported values.

Based on the results in Tables 4, 5, and 6, it is possible to
observe that:

– ReForeSt is much more efficient than MLlib; in fact, in
all the experiments, ReForeSt is faster than MLlib, and
on average, ReForeSt is 2 times faster than MLlib;

– ReForeSt scales better with nt than does MLlib.
For instance, on the Epsilon dataset, MLlib requires
2.38, 3.36, 4.9 as much time as ReForeSt for nt =
100, 200, 400, respectively;

– ReForeSt scales better with both Nc and Nm; in fact, D
increases when Nc and/or Nm increases;

– ReForeSt may exhibit a super-linear scale-up in several
cases, for instance, in Table 6 for the Kdd dataset or in
Table 5 for the Infimnist dataset. In fact, ReForeSt auto-
matically adapts to the environment, switching between
the two different data partitioning approaches presented
in the “ReForeSt” section. The more machines we have,
the sooner the local computation can start, and then, the
faster the results can be computed;

– ReForeSt can complete the computation on the Kdd
and Webspam datasets, which have nf > 107, in a
reasonable amount of time, whereas MLlib returns JVM
errors;

– when working with categorical data using the Dna
dataset, ReForeSt is still faster than MLlib.

To derive some more insight on the results of Tables 4, 5,
and 6, we will make use of some figures.

Figure 10 presents a subset of the results in Table 5
and depicts the speedup metric S. This metric has been
computed by dividing the actual time by the time required
to compute the same dataset in a baseline scenario with
Nc = 4. From Fig. 10, it is possible to observe that:

– both ReForeSt and MLlib scale better when the dataset
is larger, for example, compare the result on a smaller
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 4  8  16

S

Nc

Fig. 10 Speedup when evaluating the scalability with Nc = {4, 8, 16}.
The speedup is the difference between the actual computational time
and the time to compute with Nc = 4

dataset (e.g., Covertype) to that on a larger dataset (e.g.,
Susy);

– ReForeSt scales better than does MLlib; in all cases, the
speedup of ReForeSt is better than that of MLlib;

– the bad scalability results for the Covertype dataset
occur because the time to learn the forest is negligible
compared to the dataset reading time. In fact, on larger
datasets such as Kdd, the speedup is larger.

Finally, Fig. 11 depicts D as Nm varies. From these last
figures, it is possible to observe that:

– in general, D when Nm = 16 is larger than in the case
when Nm = 4, which indicates that ReForeSt scales
better than MLlib as the number of machines increases;

– we have D < 2 only for the Higgs dataset; on the
other datasets, we always obtain D > 2. On average,
ReForeSt is 2 times faster than MLlib.

We do not compare the forward phase times because
ReForeSt and MLlib have identical forward phases. Never-
theless, the forward phase computational requirements of an
RF are negligible (≈ milliseconds) and scale fully linearly
with Nm and the number of cores Nc.

Accuracies of the Learned RFModels

In this set of experiments, we will compare the accuracies of
the learned RF models implemented in MLlib against those
learned via ReForeSt RF and ReForeSt RRE. Moreover,
we will show the benefits of using ReForeSt MS, both in
terms of accuracy when the hyperparameters are set to their
default values and also in terms of computational time when
implementing MS in a naive way by simply checking all
possible hyperparameter combinations (AC).
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Fig. 11 The D values when evaluating the scalability with Nm =
{4, 8, 16}

Regarding the first issue, Table 7 reports the empirical
error for the test set ̂L and the computational times t for
ReForeSt RF, ReForeSt RRE, and MLlib. For the sake
of completeness, we also report on a comparison with a
deep neural network implemented in Keras5 running on
Tensorflow6. In the network, we exploited rectified linear
units. The numbers of layers and units have been optimized
for each dataset, and gradient descend has been exploited as
an optimizer. Based on the results of Table 7, it is possible
to observe that:

– the ReForeSt RF and MLlib errors are statistically
equivalent, as expected;

– ReForeSt RRE may, in some cases, outperform
ReForeSt RF, as expected, based on the results of [9]
(see the Covertype and Karhunen datasets);

– the computational times of ReForeSt RRE and MLlib
are similar, while ReForeSt RF is the fastest method;

– the accuracy of DL is sometimes higher than that of RF,
but the computational time needed to train the model is
always much higher.

For the effectiveness and computational requirements
of ReForeSt MS, the results are reported in Table 8.
We search for the best hyperparameters by specifying the
following sets of values: Pnt = {50, 100, 200}, Pnd =
{6, 8, 10, 12, 14}, Pnw = {16, 24, 32, 40, 48}, Pnv =
n

{0.4,0.5,0.6,0.7}
f . Table 8 reports, as in Table 7, ̂L and t for

ReForeSt RF in three different cases:

– when the parameters are set to their default values nt =
100, nd = 10, nw = 32, and nv = n0.5

f (ReForeSt
NoMS)

5https://keras.io/
6https://www.tensorflow.org/
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– when we select the best hyperparameters by checking
all possible combinations nt , nd, nw, nv ∈ Pnt ×Pnd ×
Pnw ×Pnv with the naive algorithm of Eq. 10 (ReForeSt
AC);

– when the ReForeSt MS proposal of Algorithm 8 is
exploited (ReForeSt MS).

Based on the results of Table 8, we can observe that:

– ReForeSt MS is generally faster than ReForeSt AC
while achieving the same accuracy; for instance, in the
Higgs dataset, ReForeSt MS completes the execution in
54% of the time needed by ReForeSt AC;

– ReForeSt MS can remarkably improve the accuracy of
the final RF model in the execution with the default
ReForeSt NoMS.

For the sake of completeness, we report in Table 9 the
computational time t, the scalability S of ReForeSt NoMS
(tNoMS and SNoMS), the ReForeSt AC (tAC and SAC), the
ReForeSt MS (tMS, SMS), and DMS = tAC/tMS for the
Epsilon dataset. Based on the results shown in Table 9, we
observe that:

– ReForeSt MS scales better than does ReForeSt AC (see
columns SMS and SAC). For instance, when Nm = 8,
SMS is equal to 1.8, 3.36, 4.49 and SAC is equal to
1.57, 2.56, 3.67 for Nc ∈ {4, 8, 16}, respectively;

– ReForeSt MS scales better than does ReForeSt NoMS;
in all scenarios, the SMS values are larger than the
corresponding SNoMS values;

– in all configurations, ReForeSt MS is around 2× faster
than ReForeSt AC (see columns DMS).

In conclusion, ReForeSt NoMS is fast but inaccurate,
ReForeSt AC is slow but accurate, and ReForeSt MS is
much faster than but otherwise comparable to ReForeSt AC.

Table 9 Scalability evaluation of ReForeSt MS over the Epsilon
dataset. SR , SC , and SMS show, respectively, the scalabilities of
ReForeSt, ReForeSt with all the configured hyperparameters, and
ReForeSt MS with respect to the executions with Nm = 4 and Nc = 4

Nm Nc tR tC tMS SR SC SMS DMS

4 4 238 6199 3738 1 1 1 1.66

4 8 139 3809 2031 1.71 1.63 1.84 1.88

4 16 106 2614 1312 2.25 2.37 2.85 1.99

8 4 145 3947 2077 1.64 1.57 1.8 1.9

8 8 90 2425 1113 2.64 2.56 3.36 2.18

8 16 69 1689 832 3.45 3.67 4.49 2.03

16 4 98 2692 1171 2.43 2.3 3.19 2.3

16 8 70 1737 755 3.4 3.57 4.95 2.3

16 16 61 1434 647 3.9 4.32 5.78 2.22

The result in italic is the best result



Cogn Comput (2019) 11:294–316 315

Conclusions

This paper presents ReForeSt, an Apache Spark–based
fully distributed implementation of random forests, which
is one of the best learning algorithms in the context of
classification. Our implementation allows us to unlock the
potential of random forests for the analysis of large datasets
commonly available in the current big data era.

Unlike currently available solutions, our implementation
supports different data partitioning approaches for optimiz-
ing the computational and memory requirements of RFs;
arbitrarily large datasets ranging from millions of samples
to millions of features; a recently proposed, improved RF
formulation called random rotation ensembles; and model
selection for auto-tuning the RF hyperparameters. ReFor-
eSt is a good alternative to the de-facto standard MLlib and
compensates for its shortcomings. Results for a wide range
of large datasets analyzed on the Google Cloud Platform
confirm that ReForeSt outperforms MLlib in terms of com-
putational time while providing additional functionalities,
such as multiple data partitioning and computation strate-
gies, support for random rotations and model selection, and
greater accuracy.

Future goals include the refinement of ReForeSt to reduce
computational time and the development of a platform for
RF regression.
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