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Abstract
The growing demand for real-time neural network inference has
heightened the need for hardware capable of efficiently executing
the Softmax function, which relies on exponentials and divisions
and is costly, numerically sensitive, and resource-intensive in hard-
ware implementations. This work explores two hardware design
approaches—manual Register-Transfer Level design and High-Level
Synthesis design—each incorporating distinct approximation strate-
gies to overcome these challenges. By evaluating their cost, per-
formance, and accuracy trade-offs, the study aims to identify the
most effective design alternatives and provide practical guidelines
for deploying Softmax-based deep learning models on FPGAs in
energy and latency-constrained embedded environments.
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1 Introduction
The increasing use of artificial neural networks in real-time inference
applications has driven the search for hardware solutions capable of
executing complex mathematical operations with high performance
and low energy consumption [1]. Among these operations, the Soft-
max function plays a fundamental role in multiclass classifiers by
transforming the output vector into a probability distribution [2].

Softmax is widely used in the output layers of classification mod-
els, as it converts raw values into normalized probabilities, facilitat-
ing system interpretation and decision-making. Its mathematical for-
mulation involves exponential and division operations, as described
in Section 2.1, which, although conceptually simple, represent a
significant challenge when implemented directly in hardware due to
their high computational cost.

Implementing Softmax on devices such as FPGAs (Field-Program-
mable Gate Arrays) and ASICs (Application-Specific Integrated
Circuits) poses specific challenges due to its algebraic nature. Part
of this complexity arises from the use of exponential functions and
divisions, which are not native or efficient operations in digital
logic and often require approximations, lookup tables, or auxiliary
algorithms to implement them on dedicated hardware [3, 4]. Further-
more, the need to find the maximum value of the input vector and to
compute the sum of exponentials introduces data dependencies and
parallelism constraints, limiting the achievement of ideal pipeline
architectures, particularly in real-time inference applications [5].

Numerical stability issues further aggravate direct implementa-
tions. As a result, numerical approximations are often employed,
prioritizing optimization and/or ease of design. Additionally, high-
speed softmax architectures tend to consume significant amounts of

logic area and memory resources, which may be incompatible with
the physical and energy constraints of low-power embedded systems
[5].

Due to these challenges, alternative approaches—such as mathe-
matical approximations of the exponential function, hardware–software
co-design strategies, and low-power integer-based methods—have
been proposed to improve Softmax efficiency. These approaches rely
on the use of accelerators to reduce both latency and energy con-
sumption without significantly compromising the model’s precision
[6, 7].

With the growing demand for architectures capable of performing
neural network inference with low latency and high energy efficiency,
the need to implement hardware accelerators for computationally in-
tensive operations such as Softmax becomes evident. This demand is
justified by the fact that general-purpose processors have significant
limitations when handling highly parallelizable, high-computational-
cost workloads, motivating the use of specialized accelerators [8].
In particular, embedded applications—such as computer vision, au-
tonomous systems, and Internet of Things (IoT) devices—require
real-time execution under strict energy constraints, encouraging the
use of FPGAs and ASICs [9]. The literature shows that dedicated
accelerators can reduce energy consumption by orders of magnitude
and substantially increase processing throughput when compared to
conventional CPUs (Central Processing Units) and GPUs (Graphic
Processing Units) [10]. Moreover, the increasing adoption of larger
and more complex models intensifies the need for optimization and
mathematical approximation techniques, making accelerators essen-
tial to enable efficient execution of critical layers such as Softmax,
normalization, and activation functions [5].

Given this context, the present work aims to accelerate the Soft-
max function processing using two hardware design methodologies
with the objective of FPGA synthesis. The first methodology in-
volves manual design at the Register-Transfer Level (RTL) [11]. The
second methodology is based on the use of High-Level Synthesis
(HLS) tools [12]. The objective is to implement different Softmax
approximations using both methodologies and to investigate the
trade-offs among cost, performance, and accuracy of the resulting
implementations. As a contribution, this work provides guidelines
for selecting the best alternatives for implementing deep learning
models based on the Softmax function on FPGA.

The remainder of this extended abstract is structured into three
sections. Section 2 presents the theoretical background on the Soft-
max function and the RTL and HLS design methodologies. Section 3
discusses related work, and Section 4 describes the materials and
methods that will be used in the development of this work. Section 5
presents the final remarks.
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2 Background
2.1 The Softmax function
Considering a vector 𝑥 = (𝑥1, 𝑥2, . . . , 𝑥𝑛) ∈ R𝑛 the Softmax function
is formally defined as:

Softmax(𝑥𝑖 ) =
𝑒𝑥𝑖∑𝑛
𝑗=1 𝑒

𝑥 𝑗
(1)

where 𝑛 is the number of elements in the vector, 𝑖 denotes the po-
sition of the vector element to which the function is applied, and 𝑗

represents the index iterating over the vector elements in the summa-
tion.

This equation ensures that all outputs are always positive and that
their total sum is equal to 1, that is:

Softmax(𝑥𝑖 ) > 0,
𝑛∑︁
𝑖=1

Softmax(𝑥𝑖 ) = 1 (2)

Softmax is sensitive to relative differences between input values,
assigning higher probability to the largest element of the vector—a
crucial property in classification problems. However, direct com-
putation involves computationally expensive operations, such as
exponentiation and normalization, which pose significant challenges
for high-performance digital implementations [8]. To avoid numeri-
cal overflow issues, a stabilized version of the function is commonly
used, in which the maximum value of the vector is subtracted from
each element:

Softmax(𝑥𝑖 ) =
𝑒 𝑥𝑖−max(𝑥 )∑𝑛
𝑗=1 𝑒

𝑥 𝑗 −max(𝑥 ) (3)

This reformulation preserves the results while improving numerical
stability and is widely adopted in both software and hardware imple-
mentations [3]. In digital architectures, especially in programmable
logic devices such as FPGAs, exponentiation and division operations
remain the main performance bottlenecks, motivating the develop-
ment of mathematical approximations and specialized accelerators
[5].

2.2 RTL and HLS Desing
For this work, two design methodologies are employed. The first
methodology is RTL design, which relies on an explicit description
of the hardware behavior and internal architecture, specifying the
data flow between registers, the associated combinational logic, and
the control implemented manually through finite-state machines.
In this approach, the hardware designer has complete control over
architectural aspects such as pipeline depth, parallelism, allocation
of arithmetic operators, signal multiplexing, and timing [11].

The second methodology is HLS design, which involves automat-
ically generating hardware from high-level programming languages
such as C, C++, or SystemC. Instead of manually defining registers
and combinational logic, the designer specifies the algorithmic be-
havior, and the HLS tool translates this description into RTL while
automatically applying architectural optimizations [12]. Although
it does not provide the same level of granularity and fine-grained
control available in traditional RTL design, HLS stands out for its
productivity, portability, and fast design iteration, constituting a fun-
damental trade-off between implementation quality and development
speed [8], as illustrated in Table 1.

Table 1: Comparison between RTL and HLS approaches

Criterion RTL Design HLS Design

Level of control Full
cycle-by-cycle

Partial
by optimizations

Performance Very high,
with manual tuning

High, depending on
the applied pragmas

Development
time

Long
(months)

Short
(weeks)

Implementation
flexibility

Low High

Suitable
for

Critical and
highly optimized
accelerators

Prototyping and
complex projects
with short deadlines

3 Related Work
The implementation of the Softmax function in hardware has re-
ceived significant attention in the literature due to its central role
in neural networks. Different approaches have been proposed to
mitigate the challenges associated with exponentiation, division, and
numerical stability.

Works such as Shatravin, Shashev, and Shidlovskiy [3] investigate
the direct implementation of the traditional Softmax function using
lookup tables to approximate the exponential function and optimized
pipelined dividers. The main contribution is demonstrating that well-
calibrated approximations can significantly reduce the use of logic
resources, making implementation feasible on FPGAs. However,
reliance on explicit division operations and large lookup tables limits
the solution’s scalability, especially when high precision is required.

Among the most innovative proposals, ConSmax [6] stands out
by introducing an alternative to Softmax with learnable parameters
and greater affinity with parallel architectures. By reducing data de-
pendencies, ConSmax offers clear advantages in latency and energy
efficiency. Nevertheless, its practical adoption depends on retrain-
ing the models, since it is not directly compatible with previously
optimized weights.

Finally, the SoftmAP approach [7] represents a distinct line of
research by adopting a fully integer-only implementation. The use
of aggressive quantization and the elimination of floating-point op-
erations reduce energy consumption and simplify the hardware,
particularly in accelerators associated with the in-memory comput-
ing paradigm. However, this technique requires an adapted training
process and may result in significant performance degradation in
models that are sensitive to precision.

In summary, the solutions found in the literature address the prob-
lem from different perspectives: mathematical approximations, func-
tion reformulation, hardware–software co-design, and replacement
with hardware-friendly alternatives.

4 Materials and Methods
Initially, a systematic review of the literature will be conducted, in-
cluding an analysis of the Softmax function, numerical stabilization
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techniques, and classical approximation methods used in hardware
implementations. Architectures of neural network inference acceler-
ators will also be studied, with a focus on FPGA devices and RTL
and HLS design techniques.

Based on the theoretical foundation, at least two Softmax approx-
imation approaches suitable for hardware implementation will be
selected. The selection criteria will include computational complex-
ity, arithmetic operation cost, and numerical stability.

The selected techniques will be initially developed in C/C++ to
establish a reference for functionality, accuracy, and performance.
This software-based implementation will serve as a baseline for
functional validation, numerical and performance comparison, and
vector generation. The software versions will also be used as an ideal
reference during the validation of the hardware implementations.

After software validation, architectural modeling at the RT level
will be performed, defining internal modules, data flow, parallelism,
bus widths, and pipeline strategies. The project specification will be
documented, including block diagrams and the definition of commu-
nication interfaces.

The RTL design of the accelerator will then be implemented
in VHDL, encompassing all functional units required to compute
the Softmax function or its approximation. The RTL code will be
validated through behavioral and post-synthesis simulations using
EDA tools suitable for the selected FPGA. The synthesis process
will be iteratively refined to optimize performance, logic area, and
energy consumption.

In parallel with RTL development, a second version of the ac-
celerator will be generated using HLS techniques. For this purpose,
C/C++ code combined with optimization directives provided by the
high-level synthesis flow will be used. This approach will enable a
direct comparison between the two strategies—RTL and HLS—by
evaluating their advantages and limitations in terms of development
effort and resulting performance.

The resulting implementations (RTL and HLS) will be synthe-
sized and deployed on a test FPGA platform. The experimental
evaluation will include:

• Logic resource utilization: number of LUTs, FFs, DSPs,
and BRAMs used on the FPGA, according to synthesis and
place-and-route reports.

• Performance: maximum operating frequency, latency per
input vector, and throughput.

• Energy cost: total dissipated power, estimated using vendor
tools, and energy consumption, computed as the product of
latency and dissipated power.

• Numerical accuracy: comparison between the hardware
results and the software reference, considering absolute
error, relative error, and numerical stability.

All tests will be conducted using standardized sets of previously
input vectors generated by software.

The results will be analyzed and compared, considering both
quantitative metrics (performance, area, power, and precision) and
qualitative aspects (implementation complexity, flexibility, and de-
velopment effort). This analysis will enable identification of the
advantages and limitations of traditional RTL and HLS-based flows,
as well as determination of which Softmax approximation technique

offers the best cost–benefit trade-off for real-time neural inference
applications.

5 Conclusion
This project is currently in its initial execution phase, and the next
steps include conducting a systematic literature review, selecting
Softmax approximation techniques, and implementing and evaluat-
ing the proposed accelerators. As outcomes, this work is expected to
provide guidelines for implementing Softmax-based deep learning
models on FPGA platforms and a library of synthesizable Softmax
models using different approximation approaches.
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