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Abstract

The increasing diffusion of intelligent devices at the network edge has led to
a growing demand for efficient on-device inference, capable of overcoming
the limitations of traditional cloud-centric computing paradigms. This work
investigates the acceleration of decision tree-based inference on resource-
constrained edge platforms by exploiting ARM Helium vector extensions,
which bring the Single Instruction Multiple Data (SIMD) paradigm to the
Cortex-M class of processors.

A dedicated SIMD-based kernel was implemented and tested on the
NUCLEO-STM32N657 board across three UCI datasets (Al4l, Dry Bean,
Avila). Results show up to ~15% latency reduction over the non-SIMD
baseline, confirming that ARM Helium effectively exploits data-level paral-
lelism to enhance inference efficiency on lightweight microcontrollers.

Overall, this study provides experimental evidence that vector extensions
represent a key enabler for bringing advanced machine learning capabilities
to low-power embedded systems, bridging the gap between traditional micro-
controller efficiency and modern Al acceleration at the edge.
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7.1 Introduction

A cloud-centric computing paradigm has traditionally been adopted for
Edge devices, where data collected by end nodes are transmitted to large-scale
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data centers for processing [1]. This model has largely been driven by
the intrinsic constraints of those devices, which are typically characterized
by limited memory resources, stringent power-consumption requirements,
and modest computational capabilities [2, 3, 4]. However, the exponential
growth in the number of connected devices [5, 6]—and the resulting increase
in network bandwidth demand—combined with modern requirements for
low-latency processing, has rendered an alternative paradigm increasingly
appealing: executing inference directly on the device [7].

One of the most widely adopted model families at the edge is that based
on binary decision trees, such as Random Forests. These models are highly
valued for their ability to handle both classification and regression tasks
while remaining lightweight, interpretable, and suitable for deployment on
resource-constrained platforms [8].

In the literature, several approaches have been proposed to enhance the
performance of tree ensembles on edge devices. However, recent advance-
ments in semiconductor manufacturing and processor design have intro-
duced new opportunities, notably through the integration of vector exten-
sions. These technologies make it possible to further improve execution effi-
ciency by exploiting data-level parallelism, thereby pushing the boundaries
of machine learning performance on embedded and edge platforms.

In particular, this work focuses on the newly introduced ARM Helium
vector extensions, specifically designed for edge computing. Through a
latency analysis of the inference process, it will be shown how these tech-
nologies can further enhance performance, demonstrating their potential to
significantly accelerate machine learning workloads on resource-constrained
devices.

7.2 Vectorial Extensions and ARM Helium

The electronics industry is continuously driving technological advancements,
enabling the integration of increasingly sophisticated features even at the
edge, such as vector extensions [9]. This technology implements the Single
Instruction Multiple Data (SIMD) paradigm, allowing a single instruction
to be executed in parallel on multiple data elements, thereby effectively
enabling data-level parallelism. Vector extensions extend the standard
processor instruction set with specialized vector registers and operations
capable of processing multiple operands simultaneously. Instead of perform-
ing the same arithmetic or logical operation repeatedly on individual data
points, the processor can apply it once to an entire vector of values.
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Figure 7.1 SIMD Execution

This approach significantly improves throughput in workloads char-
acterized by regular, repetitive computations — such as signal processing,
image analysis, and machine learning inference — by exploiting the inherent
parallelism in data streams while maintaining a compact code structure and
reducing execution time.

Figure 7.1 illustrates SIMD execution that leverages wide vector registers
that are divided into multiple lanes. Each lane holds one data element, and
the same instruction is applied simultaneously across all lanes, producing
multiple results in parallel. The number of lanes depends on how the register
width is partitioned according to the data type.

Over the years, numerous types of vector extensions have been intro-
duced [9], each characterized by distinct design choices and architectural
trade-offs. Among these, the ARM Helium extensions [10] are particularly
relevant for this work, as they bring the SIMD paradigm to the Cortex-
M family of processors, thereby enabling efficient parallel execution on
resource-constrained edge devices.

Helium features eight 128-bit vector registers, which can be partitioned
into a variable number of lanes depending on the data type being processed,
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supporting element sizes up to 32 bits (8/16/32-bit int, 16/32-bit floating
point). This flexible register organization allows developers to efficiently
exploit the available parallelism according to the precision required by the
application.

In addition to providing a rich set of arithmetic and logical operations
extended over multiple data elements—such as addition, multiplication, and
bitwise manipulation—Helium also introduces a comprehensive suite of data
handling and control instructions. Among these, the Gather and Scat-
ter operations are particularly noteworthy, as they enable non-contiguous
memory access patterns by allowing data to be loaded from or stored to
arbitrary memory locations. This capability greatly enhances performance in
workloads characterized by irregular data structures.

It is precisely within this class of workloads that the present work is
positioned, providing an analysis of latency reduction in the inference of
binary decision tree-based models by exploiting the ARM Helium vector
extensions. The objective is to demonstrate how such extensions can be
effectively leveraged to achieve significant latency improvements, thereby
enhancing the efficiency of machine learning inference on edge devices.

7.3 Experimental Results
7.3.1 Experimental Setup

Inference on a decision tree can be regarded as a tree traversal, where,
starting from the root node, the computation proceeds toward a leaf node,
at which the final prediction is produced. The specific path followed during
traversal is determined by the outcome of a comparison between an input
feature and a threshold value stored at each node [3].

Consequently, the form of parallelization that can be exploited lies in
the ability to process multiple nodes simultaneously, thereby performing
several comparisons within a single instruction.

In particular, this section presents a latency comparison between two
approaches: a SIMD-based method, implemented using ARM Helium,
where multiple nodes are traversed in parallel through a technique inspired
by the work of Kim et al. [11], and a Classic tree visiting approach, which
processes one node at a time.

The SIMD technique is based on reorganizing the nodes of the tree into
hierarchical blocks, which can be visualized as triangular sub-structures
grouping together a fixed number of nodes. The purpose of these blocks is
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Figure 7.2 (a) example of a block with 4 lanes. (b) example of the resultant tree structure.

to align the tree layout with the SIMD parallelism level. For instance, as
illustrated in Figure 7.2 (a), a SIMD unit with four lanes can accommodate
a block of three nodes, enabling three comparisons to be executed in parallel.
Figure 7.2 (b) then shows the structure of the resulting tree.

The experiments were conducted on the NUCLEO-STM32N657 devel-
opment board, featuring an ARM Cortex-M55 processor equipped with
ARM Helium vector extensions. The core was configured to operate at a
frequency of 600 MHz.

The evaluation employed Random Forest models trained on three
datasets from the UCI Machine Learning Repository—AI4I [12], Dry
Bean [13], and Avila [14]—selected to provide a heterogeneous bench-
marking suite encompassing diverse data characteristics and complexity
levels.

The following table summarizes the main characteristics of the three
datasets.

Table 7.1 Summary of the datasets used in the experiments.

Dataset Samples | Features | Classes
AT41 1000 6 2

Dry Bean | 13610 16 7

Avila 20866 10 12

A quantization process was also applied to reduce the model size and
make it more suitable for an edge deployment scenario. In particular,
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quantization-aware training (QAT) [3] was adopted, in which quantization
is applied to the input data already during the training phase. As a result,
the trained model becomes inherently adapted to the reduced-precision
representation, maintaining high predictive accuracy while significantly
lowering memory and computational requirements. In this work, the data
were represented as int16.

In particular, the process relies on the computation of a scaling factor

defined as
2bitsfl

scale=———
|max_val|

where bits represent the target bit-width of the new representation and
max_val is the maximum absolute value within the considered set. Each
element is then multiplied by this scaling factor and rounded to the nearest
integer, obtaining the new quantized representation. This process is applied
separately to each feature in the dataset.

The following table provides detailed information on the models used for
the analysis.

Table 7.2 Summary of the models used in the experiments.

Dataset Depth | Trees | Nodes | Accuracy
AT41 10 100 23320 | 0.985
Dry Bean | 10 100 50804 | 0.922
Avila 10 100 61768 | 0.878

7.3.2 Timing Analysis

At this stage, the results of the analysis are presented. The evaluation was
carried out on 1,000 test samples. The SIMD-based approach was evaluated
using a parallelism level of seven nodes. With 16-bit quantized data, each
block can accommodate seven nodes, as eight SIMD lanes are available.

Figure 7.3 illustrates a comparison between the performance of the
SIMD and non-SIMD approaches across the three models introduced in
Table 7.2. The performance metric is expressed in terms of the number of
clock cycles required to complete the inference, with the median value over
the 1,000 test samples shown as the height of each bar.

The results clearly highlight that the use of vector extensions enables a
significant reduction in inference latency, demonstrating the effectiveness
of SIMD parallelism for accelerating decision tree—based workloads on edge
devices.
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Figure 7.3 Barplot showing the summary of the performance for each model.

Specifically, the results show a latency reduction of approximately:

¢ 13.8% for the AI4I dataset;
* 10% for the Dry Bean dataset;
¢ 15% for the Avila dataset.

7.4 Conclusion

In conclusion, the results obtained in this study demonstrate the tangible
benefits of leveraging ARM Helium vector extensions to accelerate decision
tree—based inference on edge devices. By exploiting data-level parallelism,
SIMD-based approach achieves a consistent reduction in latency across
heterogeneous models and datasets, confirming its effectiveness in enhancing
computational performance under constrained hardware conditions.

These findings highlight the growing potential of modern embedded
architectures to support increasingly demanding machine learning work-
loads directly on the device, without relying on cloud offloading. In this
context, vector extensions such as ARM Helium represent a fundamental
step toward bridging the gap between high-performance computing and low-
power embedded systems, paving the way for more efficient, autonomous,
and intelligent edge computing solutions.
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In future work, we aim to further investigate optimizations based on
alternative memory layouts, with the goal of better exploiting the parallelism
offered by the ARM Helium vector extensions. We also plan to explore
deployment strategies that account for the hierarchical memory architectures
typical of edge devices.
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