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Abstract—Embedded systems are increasingly leveraging Arti-
ficial Intelligence of Things (AIoT) to enable real-time decision-
making in critical applications, such as autonomous navigation
and medical diagnostics. In these contexts, Random Forests (RFs)
have been widely adopted due to their inherent parallelism.
However, RFs rely on axis-aligned splits, which limit their ability
to model complex decision boundaries. Oblique Random Forests
(ORFs), which employ hyperplane-based splits, offer a more
expressive alternative by improving classification accuracy. De-
spite their advantages, inference of ORFs is resource-consuming,
prohibiting the implementation of such models on resource-
constrained hardware devices.

In this work, we present Shakan, a novel framework for
Oblique Decision Trees (ODTs) inference on embedded systems.
We introduce a new training technique designed to mitigate
both training complexity and overfitting while enabling low-
latency inference in hardware, along with a new architecture that
maximizes performance and optimizes resource usage. Shakan
enables, on resource-constrained devices, the inference of several
OREFs configurations that can provide either a significant increase
in accuracy or a notable speedup in terms of inference latency
compared to state-of-the-art accelerators for traditional RFs on
embedded devices. The most accurate configurations provide
average accuracy improvements above 5% with similar latency,
while the fastest configurations achieve speedups of 1140x, 214 %,
and 29x for tree depths of 5, 7, and 9, respectively, with
comparable accuracy.

Index Terms—Oblique Random Forests, Artificial Intelligence
of Things, HW-SW co-design, Embedded Devices

I. INTRODUCTION

As Machine Learning (ML) becomes more common in
everyday technology, the need to run smart models directly
on embedded and edge devices continues to grow. These
devices include small, low-power systems such as wearable
health monitors, smart sensors, home automation devices, and
mobile robots. In many of these applications, it is essential
for the device to make decisions quickly and locally, without
relying on an internet connection. Cloud-based Al solutions,
while powerful, often introduce delays due to communication
overhead or may be unavailable due to connectivity issues. In
time-critical situations, such as detecting a fall, avoiding an
obstacle, or reacting to sensor readings, immediate, on-device
decision-making is not just preferred, but necessary [1].

When implemented on embedded devices, ML algorithms
must operate under strict constraints on memory, energy, and
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processing power. Decision Trees (DTs) and their ensemble
variants, particularly Random Forests (RFs), are attractive in
this context due to their simplicity and inherent parallelism [2].
However, conventional RFs rely on axis-aligned splits, which
can limit their expressiveness.

Oblique Random Forests (ORFs) address this limitation by
allowing decision boundaries defined by linear combinations
of features at each node, enabling more compact DTs and
potentially better generalization [3]. While oblique splits have
been shown to improve accuracy and reduce tree depth, the
need for complex operations during inference and their com-
putational cost during training make standard implementations
of ORFs impractical in embedded environments.

In this work, we introduce Shakan, an implementation of
OREFs specifically optimized for embedded devices. We present
two main contributions:

o A novel training algorithm for ORFs that balances
model expressiveness with computational efficiency, al-
lowing for low-latency hardware inference while re-
ducing overfitting (Section III-A);

e A new Field-Programmable Gate Array (FPGA)-tested
architecture that maximizes memory efficiency while
exploiting hardware-level parallelism, allocating Oblique
Decision Trees (ODTs) on parallel pipelines of Process-
ing Elements (PEs) (Section III-B).

We evaluate our approach on classification tasks relevant to
embedded applications. Our results prove that Shakan can be
successfully implemented on resource-constrained systems,
offering improved accuracy and reduced latency over axis-
aligned RFs, without exceeding hardware resource limits.

II. BACKGROUND AND RELATED WORKS

DTs for classification are supervised learning models that
predict class labels by recursively partitioning the input space.
In most practical implementations, DTs have a binary tree
structure where each internal node applies a threshold-based
condition to a single numerical feature, dividing the data into
two subsets. The process continues until a stopping condition
is met, such as a maximum depth or pure leaves (i.e. leaves
reached only by training samples assigned to the same class).
Each leaf node assigns a class label based on the majority class
of the training samples that reach it. RFs are an ensemble of
multiple DTs: by aggregating the predictions of several DTs,
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generated from different subsets of training data, RFs reduce
overfitting and improve generalization.

Several works propose hardware implementation of tra-
ditional DTs ensembles, employing either logic-centric or
memory-centric approaches. In logic-centric architectures, the
DTs are directly mapped as logic into the hardware, while
in memory-centric architectures the nodes of each DT are
encoded and stored in memory arrays, while separate PEs
are responsible for inference execution. The former approach
allows for higher throughput, but is it is inefficient in terms
of resource consumption, limiting the ensemble sizes on small
devices [4]. Solutions based on partial dynamic reconfiguration
of FPGAs exist [5], but cannot be applied to other categories
of devices. On the other hand, the memory-centric approach
allows for the execution of large ensembles on small devices.
Some memory-centric architecture exploit horizontal paral-
lelism [6], [7], while others focus on vertical parallelism [8],
[9]. Horizontal parallelism refers to the execution of multiple
DTs in parallel, while vertical parallelism exploits the fact
that the computation at each level of a DT depends only on
the previous level’s decision, allowing for efficient operations
pipelining. Moyogi [10], that exploits both horizontal and
vertical parallelisms, represents at the moment the state-of-
the-art solution in terms of memory-centric architecture for
RF inference on embedded devices. Moyogi employs Multi
Depth Random Forests (MD-RFs) introduced in [8] to improve
memory utilization, along with multiple parallel pipelines of
PEs to accelerate DT evaluations, providing state-of-the-art
latency and accuracy in inference tasks. MD-RF is an ML
model similar to traditional RFs, where the DTs have different
depths in order to fill most of the available memory in the
Memory Elements (MEs). Figure 1 shows the basic block
of Moyogi, where a set of DTs is evaluated by a series of
pipelined PEs. Each PE and ME accommodates one layer of
each DT, where the nodes are encoded as 64-bit instructions
in the ME. Multiple basic blocks are joined both in series
and in parallel, minimizing the latency overhead. To account
for the loss in accuracy due to the reduced depths, a Neural
Network is employed during training to weight the votes of
DTs depending on their maximum depth.

In addition to traditional DTs, a distinct class known as
ODTs has been proposed. ODTs differ from traditional DTs
in how they split data at each node. While DTs use so
called axis-aligned splits, comparing a single feature against
a threshold, ODTs employ hyperplane-based splits, where a
linear combination of the F' features of each sample X is
compared against a threshold th:

F
Zwi-Xi < th (D
1=1

The need for efficient linear combinations of real numbers
requires hardware resources that are often inaccessible on
embedded devices, restricting the implementation of this ML
model to single ODTs instead of ORFs. In [11], the authors
introduce a memory-centric technique to implement single
ODTs with concatenated universal nodes, and in [12] an
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Fig. 1. Moyogi basic-block architecture, implementing a MD-RF classifier
with two DTs at depth 3 (TREE 0 and TREE 1) and two DTs at depth 2
(TREE 2 and TREE 3).

optimization based on tree sparsification is discussed. In [13],
the authors propose an implementation of ODTs more efficient
in terms of hardware resources, with latencies ranging from
50pus to 3000s depending on the dataset. The proposed ar-
chitecture, however, applies quantization on the input features
and only analyses trees with a maximum depth of 3. Overall,
none of the proposed solutions prove to be advantageous in
terms of latency or accuracy when compared to traditional RF
hardware implementations.

Additionally, training an ODT, and therefore ORFs, is a
challenging task. Computing the best ODT for a specific
dataset has been proven an NP-complete problem [14], and al-
gorithms based on exhaustive search exhibit a prohibitive com-
putational complexity. As an example, CART-ELC [15] has a
computational complexity equal to O ((‘ﬁ‘) -F*(F +1S |)>,
where I is the number of features and |S| is the size of the
training set. Several heuristic procedures have been designed
to derive the linear combination coefficients w; at each node
[16]-[21], but despite the advantages in model expressiveness,
the large size of the parameter space often lead the training
algorithms to produce overfitted models.

III. SHAKAN METHODOLOGY

While traditional axis-aligned DTs are efficient to evaluate,
they are limited in modeling complex decision boundaries.
ORFs, which use splits based on linear combinations of
features, offer a valid alternative by enabling more expressive
and compact models. They can capture richer patterns with
fewer trees and shallower depths, thus having the potential
to deliver higher accuracy with lower computational cost,
provided that their execution can be optimized effectively. In
this context, we develop an architecture that executes ORFs
nodes with minimal overhead compared to traditional DT
nodes. To reach this goal, we adapt the training algorithm to
produce ORFs designed for efficient execution on the target
architecture. This allows us to leverage the expressive power
of ORFs to reach higher accuracy while inferring a more



compact model achieving lower latency. In this chapter, we
detail Shakan training algorithm and hardware architecture.

A. Shakan Training Algorithm

RFs are trained by building multiple DTs, each using a
different random subset of the training data. This is done
through bootstrap sampling, where data points are randomly
selected with replacement to create a unique training set
for each DT. At the same time, random feature selection is
applied at each node, meaning that only a small, random
subset of the input features (usually \/F features, where F
is the total number of features) is considered when deciding
how to split the data. This technique, known as bagging,
introduces variation across the DTs, helping reduce overfitting
and increasing the stability of the model.

Shakan uses a different approach to reduce overfitting,
regularizing split selection rather than performing bootstrap
sampling. This technique, employed in other ML methods such
as Extra-Trees [22], is particularly suited for ODTs, which
make splits based on linear combinations of multiple features.
Without regularization, such trees can create overly complex
decision boundaries that do not generalize well to new data.
Regularization is imposed by constraining oblique splits to at
most three non-zero coefficients, meaning that each node only
considers the value of three features. Moreover, we fix the
first non-zero coefficient to one (without loss of generality),
and we restrict the others to a limited set of values, composed
by (signed) powers of 2:

T = {O7 72717 7207 721’ 2727 271, 20, 21}

This formulation not only mitigates overfitting, preventing
excessively complex decision splits, but also significantly ac-
celerates training while enabling efficient hardware inference.
Indeed, multiplication by elements of I' can be implemented
in hardware by means of bitwise shifts and a sign flip, except
in the trivial case of zero.

At each node, the training procedure draws \/F subsets
of features of size 3 (out of (1; ) possible subsets). For each
subset, several linear combinations of the three features are
tested, fixing the first coefficient to 1 and choosing the other
two coefficients from I'. Including O in this set allows the
model to ignore a feature entirely, making it possible for
ODTs to also represent standard axis-aligned splits. In this
way, Shakan constitutes a superset of traditional DTs, com-
bining their strengths with additional expressivity. Denoting
as v2,73 € I' the two coefficients related to the second and
third selected features, and with f(i) the i-th selected feature
(1 € {1,2,3}), the final decision rule compares the linear
combination of the selected features to a learned threshold:

2

Algorithm 1 shows the selection procedure applied at each
node during the recursive construction of one ODT. The
main loop in Lines 4-14 iterates VF times, selecting a
subset of features at each iteration, while the loop in Lines
6-13 iterates over all possible values of 72 and 3. The

Xeay + 72 Xe) + 73 - Xe3) < th

Algorithm 1: SELECTNODEFEATURES
Input: S: array of samples,
F': number of features
Output: f: selected features,
Y2, 7v3: selected coefficients,
th: selected threshold
1 trials <« 0
2 best_score < o
3 f,v9,73,th« L, 1, 1,1 //null values
4 while trials < VF do
5 f < SaMPLE({0,1,...

aF_1}73)

6 for 72,73 € I' x I do

7 Seort < SORTBY(S, £,72,73)

8 for i from 1 to |S| — 1 do

9 Si, Sp, th < SPLITAT(Ssort, f, 72, 73, 1)
10 score < SCORE(SL, Sr)

11 if score < best_score then

12 best_score < score

13 £.72, 73, th < f,72,93, th

14 trials < trials+1
15 return f, s, v3, th

function SAMPLE(set,n) at Line 5 samples n elements from
set without repetition. The function SORTBY (.S, f,73,73) at
Line 7 returns an array of samples sorted by the quantity on
the left in Equation (2), and requires O(|S|log|S|) steps.
The loop in Lines 8-13 iterates over all the samples in
the ordered dataset, performing a split each position and
evaluating the quality of the resulting split. The function
SPLITAT(Ssort, £, 72,73, %) at Line 9 assigns the first ¢ samples
to St, and the other samples to Sg, also returning the threshold
th that splits the dataset between the (¢ — 1)-th sample and
the i-th one. The SCORE(SL, Sg) procedure at Line 10 returns
an impurity score (e.g., Gini impurity) computed over the
split dataset. Finally, the function SELECTNODEFEATURES
returns the selected features f, the two coefficients 72, v3, and
the splitting threshold th, that minimize the impurity of the
split dataset. The computational complexity of Algorithm 1
is O (VF- TP (S|og|S|+ 1)) = O (VFIS|0g]$])
(since I' is fixed), which is the same complexity of a split
selection procedure in traditional DTs [23], and provides
an exponential speedup over more complex ODT training
procedures.

B. Shakan Hardware Architecture

Inspired by the architectural layout proposed by Moyogi
[10], composed by multiple parallel pipelines of PEs, Shakan
proposes a novel architecture specifically designed for the
inference of ORFs.

In Shakan, each PE processes a sample in three pipelined
clock cycles. In the first cycle, the PE fetches the node
instruction from the ME. The second cycle is fully dedicated
to the computation of the decision condition that is particularly
more complex with respect to a standard DT, due to the
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Fig. 2. PE structure in Shakan. Dashed lines separate operations executed in
different clock cycles. Operands << and >>> denote left and right bitwise
shift, while < denotes numerical comparison.

usage of a linear combination of multiple features. These
extra calculations can increase the circuit delay, potentially
causing timing closure issues. From an operational standpoint,
Equation (2) involves two bitwise shifts to compute 72 - X¢(2)
and 73 - Xg(3), two sums and a comparison. To accelerate
the computation in Equation (2), the two summations are
performed in parallel by rewriting the equation as follows:

Xey + 72 Xp2) < th— 73 Xes) (3)

Lastly, in the third clock cycle, based on the result of the
splitting criterion, the PE determines which child node to visit
next, and updates the class votes if the node is a leaf.

The resulting structure of each PE is shown in Figure 2. The
PE receives as input one sample and the address of the current
node instruction. During the first clock cycle, the PE queries
the corresponding ME to read the node instruction. During the
second clock cycle, the splitting decision is computed using
Equation (3). During the third clock cycle, the PE behaves
differently depending on the outcome of the splitting decision.
If the successive node is an inner node, then its address is
passed to the next PE in the pipeline. If the successive node
is a leaf node, then the class vote is added to the sample, and
the address passed to the next PE corresponds to the root node
of the next tree to be executed. The PE shown in Figure 2 is
fully pipelined, meaning that all the PEs handle three samples
at each clock cycle, without impacting the overall throughput.

Another important architectural novelty involves the way
node instructions are encoded and organized in the MEs.
Shakan encodes an instruction in 63 bits, comprising:

o 16 bits for the (fixed point) threshold th;

o 1 validity bit;

e 1 bit for each child node to indicate whether it is a leaf
node or an internal node;

o 6 bits to identify each of the three employed features
(f(1), £(2), and £(3));

o 3 bits for each of the two coefficients (y2 and ~3);

e 10 bits for each child node to indicate either the voted
class or the address of the subsequent node instruction in
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Fig. 3. Shakan basic-block architecture, containing three ODTs at depth 3.

the successive ME.

Comparing such instruction format to the one of Moyogi
[10] for traditional DTs, only 15 additional bits are needed,
18 more to encode f(2), f(3), v2, and 3 but 3 less because
depth information is omitted, since it is only required when
MD-RF models are employed. However, due to the alignment
with the 32-bit word size of each ME, both the instructions
format are padded to 64 bits. In this way, the additional
complexity needed to encode ODTs is completely hidden and
no additional overhead is introduced in the instruction format.

As concerns the way instruction are stored in memory, in
the architecture of Moyogi, each DT is mapped with the root
in the first layer, forcing several DTs to be reduced in depth
due to the limited size of the MEs, as shown in Figure I.
Moreover, several memory cells are not used, since adding too
shallow DTs would negatively impact the accuracy. To address
this, Shakan adopts a circulant memory mapping scheme, as
illustrated in Figure 3. Each DT is stored across consecutive
ME:s, but if a root node starts near the end of the memory
space, the successive nodes wrap around and continue from
the first ME, allowing the DT to reach full depth.

This strategy brings two main advantages. First, it allows
the architecture to fit full-depth ODTs, exploiting memory
layout to avoid the need for a MD-RF. As a consequence,
unlike the Moyogi architecture, Shakan does not employ a
Neural Network (NN) for vote weighting. Removing the NN
allows the training process to be fully parallelized, leading
to a significant speedup during tasks such as hyperparameter
tuning, model selection and feature selection. Furthermore, by
avoiding the need for a separate validation set, Shakan can use
the full dataset for building the trees, which can improve model
accuracy, especially in settings where training data is limited.
Second, the Shakan memory layout allows for a reduction in
the number of unused memory cells. Indeed, in Moyogi there
is a high memory utilization in the last MEs of each basic
block, while the first layers are not fully utilized (Figure 1
being an example). In our architecture, memory utilization
is spread across all the MEs, fully exploiting the available
memory by reducing the amount of unused cells.
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Fig. 4. Average latency of several configurations of Shakan at depths equal to 5, 7, and 9.

IV. EXPERIMENTAL RESULTS

This Section details the experimental results of Shakan
architecture, in terms of inference latency and classification
accuracy on different datasets. We compare the achieved
performance of our architecture to the performance of Moyogi,
the current state-of-the-art solution for low-latency DT ensem-
bles on embedded devices.

A. Experimental Setup

The logical core of the architecture has been developed
in Chisel [24], using the Spatial Template Architecture Tool
(SATL) [9]. The experiments have been executed on a Zynq
UltraScale+ MPSoC mounted on a ULTRA96-V2-G embed-
ded board, at a frequency of 166MHz. In Shakan, each sample
contains five 32-bit fixed point features, 7 16-bit integer scores
to accumulate the results, and other useful attributes to perform
the computation, for an overall (padded) width of 320 bits.
Moyogi requires 5 additional 16-bit fixed point weights to
weigh the votes of the DTs, increasing the (padded) size of
the sample to 384 bits. In both architectures, each ME is
represented by a 36Kb BRAM, and each node instruction
is 64 bits long. The architecture is controlled by a software
host based on the PYNQ framework [25]. To assess and
compare the accuracy of Moyogi and Shakan, we utilize five
datasets relevant to classification tasks in real-world embedded
applications: two datasets from [26] (Accelerometer, Person
Activity) and three from [27] (Satellite, Vehicle, Vowel).

B. Latency and Accuracy Evaluation

Figure 4 shows the latency of Shakan, considering a max-
imal tree depth equal to 5, 7 ad 9, and different number of
ODTs in the ensemble. For each depth, the largest number
of ODTs corresponds to the largest configuration that can
be implemented in the device without exceeding hardware
resources, or introducing timing closure issues.

Figure 5 presents a detailed accuracy-latency comparison
between Moyogi and Shakan on the five evaluation datasets,
tackling different classification tasks. Each point in the fig-
ures represents a distinct ensemble configuration, varying in
the number of DTs. Shakan consistently achieves better
accuracy across different ensemble sizes, while maintaining

competitive latency, in turn providing a reliable yet efficient
tool for classification tasks on embedded devices.

The relative importance of latency and accuracy strongly
depends on the deployment context. In the case of latency-
critical applications, Shakan provides low-latency configura-
tions in the order of 100-200ns. When comparing the smallest
configurations of Shakan and Moyogi, our approach exhibits a
comparable latency, while providing an average improvement
in accuracy (defined as the absolute difference between accu-
racy values) equal to 11.85% for depth 5, 9.55% for depth 7
and 7.34% for depth 9.

In the case of accuracy-oriented applications, Shakan per-
forms better than Moyogi across all configurations. When
comparing the largest possible number of DTs in both archi-
tectures, Shakan achieves an average accuracy improvement
equal to 5.41% for depth 5, 5.08% for depth 7, and 5.68% for
depth 9, with lower or equal latencies.

In applications where high accuracy with low latency is
desired, Shakan provides desirable classification accuracy even
with the simplest configurations. Indeed, when comparing the
smallest number of DTs in Shakan with the most accurate
configurations in Moyogi, Shakan still achieves an accuracy
similar to the one of Moyogi (with a small average im-
provement equal to 2.06% for depth 5, 0.23% for depth 7,
and 0.014% for depth 9), while providing a notable latency
speedup equal to 1140.45x for depth 5, 213.69x for depth 7,
and 29.33x for depth 9.

V. CONCLUSIONS

In this work, we present Shakan, an optimized approach to
ORFs inference on embedded systems. We introduce a novel
training algorithm for ORFs that maximizes the usage of
training data, allows for parallelized training, enables efficient
hardware inference, and prevents overfitting in cases of
data scarcity. We propose a new hardware architecture that
accommodates large ensembles with full-depth ODTs while
optimizing memory usage. Experimental results show that
Shakan outperforms Moyogi in terms of classification accuracy
across different ensemble sizes, and provides an important
speedups in terms of inference latency.
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