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Abstract. We present a unified integer-only kernel for hyperbolic func-
tions tanh(x) and sigmoid(x), designed for embedded RISC-V plat-
forms without floating-point units. The kernel combines LUT anchor-
ing, CORDIC microrotations, and linear correction in Q20 arithmetic,
producing outputs directly in Q1.16 format suitable for ML inference.
Exhaustive evaluation across the entire 17-bit input space demonstrates
deterministic accuracy better than 1 ULP in Q1.16, with maximum ab-
solute errors below 1.5× 10−5. Compared to software-emulated floating-
point implementations, our approach achieves significant speedup while
reducing hardware complexity by unifying multiple activation functions
in a single IP block. This makes the method highly relevant for efficient
deployment of neural networks on resource-constrained RISC-V micro-
controllers.

Keywords: CORDIC · integer-only · ML inference · RISC-V · sigmoid.

1 Introduction

Artificial intelligence (AI) computations are increasingly being executed on ultra-
low-power devices, where energy efficiency and low latency are critical. In this
context, the open RISC-V architecture is gaining significant traction due to its
extensibility and support for specialized extensions, including reduced-precision
floating-point formats such as BFloat16 [16,3].

At the same time, reduced-precision numerical formats have become an im-
portant component of modern AI and machine learning (ML) systems. Formats
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such as BFLOAT16 are widely adopted in training and inference pipelines be-
cause they preserve much of the dynamic range of FP32 while reducing memory
usage and improving computational throughput. Previous studies have shown
that neural networks trained and evaluated using BFLOAT16 can achieve accu-
racy comparable to FP32 baselines across a wide range of architectures and tasks,
confirming that reduced precision is often sufficient for practical AI workloads
[11,19,2,10]. These trends are reflected in both academic research and industry
practice, where reduced-precision computation is now standard in many deep
learning frameworks and accelerators, including systems targeting embedded
and low-power deployments [10,2]. However, on resource-constrained RISC-V
microcontrollers lacking hardware floating-point units, even reduced-precision
floating-point arithmetic may still require software emulation and therefore in-
cur significant overhead. This gap between the algorithmic suitability of reduced
precision and the practical cost of software-based floating-point execution moti-
vates the exploration of integer-only alternatives for nonlinear activation func-
tions used in neural network inference. Although BFLOAT16 helps motivate the
broader reduced-precision context of this work, it is not used in the proposed
implementation or in the experimental evaluation reported in Section 4.

Many RISC-V microcontrollers lack on-board FPU hardware. As a result,
floating-point operations must be performed in software using libraries such as
SoftFloat [7], introducing substantial performance overhead. This issue is partic-
ularly important for nonlinear activation functions such as tanh and sigmoid,
which rely on computationally expensive hyperbolic or exponential operations
[13].

To overcome these limitations, this paper proposes a unified integer-only acti-
vation kernel based on CORDIC-derived transformations and fixed-point arith-
metic. The kernel efficiently computes both tanh and sigmoid using a single
implementation, addressing an important gap in current RISC-V software sup-
port for AI inference and ML applications at the edge.

2 Related Work

Existing research on acceleration of nonlinear functions and lightweight arith-
metic techniques for embedded systems highlights several important trends.
Reduced-precision floating-point formats such as BFloat16 have been proposed
to improve inference efficiency in RISC-V systems [16,3]. Studies evaluating
BFloat16 arithmetic report that its reduced mantissa precision does not sig-
nificantly affect the accuracy of modern neural networks, with models trained
using BFloat16 achieving accuracy comparable to FP32 baselines across multiple
tasks [11,19]. However, on platforms lacking an FPU, floating-point operations
must still be emulated in software using libraries such as SoftFloat [7], which
significantly degrades performance on microcontrollers.

Fixed-point arithmetic is a long-standing technique in embedded systems,
and numerous frameworks provide efficient implementations of linear operations.
For example, the RISC-V Vector Math Library [17] demonstrates continued
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3. DESCRIPTION OF THE PROPOSED METHOD 3

ecosystem development. However, existing libraries rarely include integer-only
optimized implementations of nonlinear activation functions commonly used in
machine learning.

CORDIC algorithms have been widely explored for computing transcendental
functions using only shifts and additions. Several works demonstrate CORDIC
accelerators implemented for RISC-V SoCs and FPGA-based systems [18], con-
firming their suitability for resource-constrained platforms. These implementa-
tions typically focus on specific functions, whereas this work aims to provide a
shared kernel that supports both tanh and sigmoid.

Additionally, activation-function approximations—including piecewise-linear
functions, rational models, and continued-fraction expansions—have been ap-
plied to reduce computational cost in embedded ML systems. Previous research
highlights the high latency of exponential function evaluation in conventional
implementations and offers various simplifications suitable for FPGA or ASIC
deployment [9,15,8]. Representative low-precision alternatives include K-tanh
[13], which optimizes tanh evaluation for deep-learning workloads, and piecewise-
linear sigmoid approximations [15], which reduce computational cost through
function-specific segmentation. In contrast, our objective is not to optimize each
nonlinearity separately, but to reuse a single integer-only kernel for both tanh
and sigmoid with deterministic latency and a shared fixed-point data path.

Research into approximate arithmetic at the instruction-set level further sup-
ports the trend toward simplified computation in edge systems. Studies propos-
ing approximate division and square-root operations for RISC-V [14] demon-
strate that reduced precision can yield substantial energy and performance ben-
efits.

While existing research addresses fixed-point arithmetic, CORDIC methods,
approximation strategies, and reduced-precision floating-point, no prior work
offers a unified, integer-only kernel for both tanh and sigmoid designed for
software execution on resource-constrained RISC-V microcontrollers.

3 Description of the Proposed Method

Compared with standard hyperbolic CORDIC realizations, the proposed uni-
fied integer-only kernel simultaneously approximates the hyperbolic functions
tanh(x) and sigmoid(x), using a combination of LUT anchoring, CORDIC
microrotations and a final linear correction. All internal computations are per-
formed in Q20 fixed-point format, while the outputs are suitable for conversion
to Q1.16 for neural network inference.

The kernel accepts a 17-bit recoded representation of the input argument x,

a = (a0, a1, . . . , a16), ai ∈ {0, 1},

which compactly encodes a hyperbolic angle through a LUT index, a sequence
of CORDIC microrotations, and a residual correction term. For clarity, we first
describe the structure of this encoding and then the three stages of the kernel.

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29915-4_47

https://dx.doi.org/10.1007/978-3-032-29915-4_47
https://dx.doi.org/10.1007/978-3-032-29915-4_47


4 P. Poczekajlo et al.

3.1 Input Recoding and Dynamic Range

The 17-bit input word is partitioned into three logical fields:

– Anchor index a0, a1, a2: the three most significant bits select one of 23 = 8
precomputed anchor points stored in LUTs xx_h and yy_h. The index is

j = 4a0 + 2a1 + a2 ∈ {0, . . . , 7}.
– CORDIC microrotation control a3, . . . , a8: six bits control the direction

of each CORDIC iteration in hyperbolic mode. For iteration i ∈ {3, . . . , 8},
bit ai decides whether the step is performed in the “positive” or “negative”
direction.

– Residual linear correction a9, . . . , a16: the last eight bits encode a residual
angle in Q20 format,

θ3 =

7∑
k=0

a9+k · wk,

where wk ∈ {2048, 1024, . . . , 16} are power-of-two weights corresponding to
Q20 fixed-point (i.e., wk = 211−k). Combined with a small coarse correction
term δ (derived from a3, a4, a5, see below), this yields a final residual

z = δ + θ3 ∈ Q20.

The mapping from bits to the real-valued argument x is deterministic and
can be written as

x = atanh

(
y0
x0

)
+

8∑
i=3

si atanh
(
2−(i+1)

)
+

z

220
,

where (x0, y0) is the selected anchor vector, and si ∈ {+1,−1} is the sign implied
by bit ai. This parametrisation implicitly defines the dynamic range of x; in
our implementation, it corresponds to the range of arguments for tanh(x)and
sigmoid(x).

3.2 LUT Anchoring

The first stage of the kernel selects an anchor point from a small LUT of pre-
computed hyperbolic vectors. For each index j we store an integer pair

(x0, y0) = (xx_h[j], yy_h[j]),

representing a scaled hyperbolic vector

(x0, y0) ≈ K · 220 · (cosh(αj), sinh(αj)),

for some anchor angle αj and global scaling factor K (Section 3.6).
The anchors are chosen such that they tile the relevant argument range with

relatively coarse steps, and the subsequent CORDIC microrotations and residual
correction need to compensate only small deviations from the anchor, which
reduces error and iteration count.

At this point we initialize the CORDIC state as

x3 = x0, y3 = y0.
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3. DESCRIPTION OF THE PROPOSED METHOD 5

3.3 Hyperbolic CORDIC Microrotations

The second stage performs a fixed number of hyperbolic CORDIC iterations in
vectoring mode, using the integer recursion

xi+1 = xi ± (yi ≫ (i+ 1)) ,

yi+1 = yi ± (xi ≫ (i+ 1)) ,

for i = 3, 4, . . . , 8, where ≫ denotes an arithmetic right shift. The sign in each
iteration is controlled by bit ai:

– if ai = 1: we use the “positive” direction,
– if ai = 0: we use the “negative” direction.

In real arithmetic, the corresponding transformation is

(xi+1, yi+1) ≈ (cosh(±αi)xi + sinh(±αi) yi, sinh(±αi)xi + cosh(±αi) yi) ,

where the microrotation angles are

αi = atanh
(
2−(i+1)

)
.

The cumulative effect of the LUT anchor and microrotations is

(x9, y9) ≈ K · 220 · (cosh(x̃), sinh(x̃)) ,

where

x̃ = αj +

8∑
i=3

siαi

is the intermediate angle before residual correction.
Using only six microrotations keeps the kernel small and deterministic in

time, which is crucial for embedded systems and hardware implementations.

3.4 Residual Angle and Linear Post-Rotation

The third stage compensates the residual angular error left after the finite se-
quence of microrotations. We approximate a small additional angle z (in Q20)
by combining:

– a coarse term based on a small set of weights (d3, d4, d5),

δ = a3 · d3 + a4 · d4 + a5 · d5,

– and a fine term from the residual bits a9, . . . , a16,

θ3 =

7∑
k=0

a9+k · wk.
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Together they form
z = δ + θ3 ∈ Q20,

which corresponds to a small real-valued angle z/220.
For such small angles, the hyperbolic rotation

x′ = x9 cosh
( z

220

)
+ y9 sinh

( z

220

)
,

y′ = y9 cosh
( z

220

)
+ x9 sinh

( z

220

)
can be linearized as

cosh(ϵ) ≈ 1, sinh(ϵ) ≈ ϵ

for |ϵ| ≪ 1. Substituting ϵ = z/220 yields the integer update:

x17 = x9 +
( z

220
· y9

)
≈ x9 + ((z · y9) ≫ 20),

y17 = y9 +
( z

220
· x9

)
≈ y9 + ((z · x9) ≫ 20),

which preserves the Q20 scaling. This yields the final kernel outputs:

(x17, y17) ≈ K · 220 · (cosh(x), sinh(x)) .

The use of a single linear post-rotation instead of additional CORDIC iter-
ations reduces computational cost and hardware complexity while keeping the
approximation error below one LSB in Q1.16, as demonstrated in Section 4.3 in
Table 3. Our algorithm is presented in the schematic view in Figure 1.

Fig. 1. Schematic view of our CORDIC algorithm.
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3.5 Extraction of Tanh and Sigmoid

Once the final vector (x17, y17) is obtained, we can derive tanh(x) and sigmoid(x)
directly in the integer domain.

From the hyperbolic identity

tanh(x) =
sinh(x)

cosh(x)
,

and the scaling

x17 ≈ K · 220 cosh(x), y17 ≈ K · 220 sinh(x),

we obtain
tanh(x) ≈ y17

x17
.

The global scale factor K · 220 cancels exactly, and the ratio can be computed
as a fixed-point division producing a Q1.16 result.

For the sigmoid function sigmoid(x) = 1/(1 + e−x), we exploit the relation

e±x = cosh(x)± sinh(x),

so that
e−x ≈ x17 − y17

K · 220
.

Substituting into the definition of sigmoid(x) yields

sigmoid(x) ≈ 1

1 + x17−y17

K·220
=

K · 220

K · 220 + x17 − y17
.

In our implementation, we precompute

scale = K · 220,

and evaluate
sigmoid(x) ≈ scale

scale+ x17 − y17

using integer arithmetic followed by a conversion to Q1.16.
Both activations thus share the same kernel (x17, y17), and differ only in

a small scalar post-processing step. Figure 2 presents a block diagram for our
complete algorithm, to calculate tanh(x) and sigmoid(x).

3.6 Fixed-Point Formats and Scaling Factor

All intermediate values (xi, yi), the residual z, and the LUT entries are repre-
sented in Q20 fixed-point format. The global scaling factor K is chosen once
during design time to:

– minimize the worst-case approximation error over the target input range,
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Fig. 2. Diagram showing the implementation scheme of the presented algorithm for
tanh(x) and sigmoid(x).
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– avoid overflow in the CORDIC iterations and post-rotation,
– and provide a convenient mapping to Q1.16 at the output.

In practice, we use a constant KSYS (stored as a floating-point value only in
the reference model; the hardware implementation uses an integer equivalent).
The final Q20 outputs (x17, y17) can be converted to Q1.16 by a right shift and
optional rounding:

vQ1.16 = clip (⌊vQ20 ≫ 4⌉) ,

where the clip operation enforces the range [−1, 1] for tanh and [0, 1] for sigmoid.
In the final fixed-point implementation, the sigmoid denominator is evaluated

using an equivalent scaled form, with scale = K · 221 and ((x17− y17) << 1),
in order to preserve Q1.16 accuracy after conversion. This allowed us to avoid
specific errors caused by quantizing the scale factor. In this way, the output
value for sigmoid() is calculated correctly and in accordance with the previously
indicated precision.

This fixed-point setup leads to deterministic, integer-only evaluation of hy-
perbolic activations, which we analyze in terms of accuracy and performance in
the following sections.

4 Implementation and Results

The implementation was carried out on a microcontroller based on the RISC-
V core. The ESP32-C3FH4 chip from Espressif was selected (due to its high
popularity and easy availability). It is a highly integrated SoC device. The mi-
croprocessor provides hardware support for WiFi and Bluetooth wireless com-
munication. This makes it popular for use in IoT and SmartHome devices. The
ESP32 C series chips are Ultra-Low Power solutions. The chip is a complete
integrated operating system, eliminating the need for external memory, for ex-
ample. This startup procedure greatly facilitates implementation and testing.
The manufacturer provides for the possibility of running and operating the chip
under the control of a dedicated FreeRTOS system. The programs can be writ-
ten in MicroPython or C compatible with the RISCV32 GCC compiler (riscv32-
unknown-elf-gcc). For compiling GCC-compatible code, the operating system
(FreeRTOS) can be limited to the minimum configuration necessary for the core
and peripheral components (e.g., interfaces, timers) to function properly. Basic
parameters of the ESP32-C3FH4 are:

– Single Core RISC-V CPU (32 bits, 160 MHz);
– 4 MB Flash, 400 KB SRAM (8 KB RTC);
– Wi-Fi support (2.4 GHz, 11b/g/n generation, 150 Mbps, WPA3);
– Bluetooth Low Energy 5 support;
– Crypto Accelerators (RSA, AES, HMAC);
– Interfaces (USB Serial, SPI, CAN-FD/TWAI, UART, I2C, I2S).

The chip is equipped with a 32-bit arithmetic logic unit (ALU) that supports only
fixed-point calculations. The instruction set (hardware-supported) is compatible
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with RV32IMC ISA (meaning: I - basic set of 32-bit instructions, M - integer
multiplication and division, C - shortened/compressed versions of instructions
that reduce code size).

4.1 Algorithm implementation

The implementation of the presented algorithms (Algo) was done in C (according
to RISCV32 GCC). C provides better control over the implementation compared
to MicroPython (especially in the context of low-level hardware instructions).
All code was compiled using ’riscv32-esp-elf-gcc’ (ver. 14.2.0) with the optimiza-
tion flag ’-Og’ (typical configuration for run tests and analyzes). All declared
variables and constants (including arrays) were declared as fixed-point (usually
32-bit, thus maintaining a “reserve” for overflows). Where multiplication or divi-
sion operations occur, variables are extended to 64 bits. This allows full control
over the bit range and no loss of calculation precision. After the operations are
performed, the variables are reduced back to 32 bits. The algorithm can also be
easily implemented on 16 bits. However, with a 32-bit unit available, reducing
variables to 16 bits does not bring significant benefits as all hardware calculations
are performed in 32-bit precision.

The main calculation function has been prepared for both tanh() and sig-
moid() operations. It is based on the CORDIC algorithm, which is based on
two tables (LUT) xx_h and yy_h and iterative operations performed in a “for”
loop. Multiplication and division by 220 have been implemented as multiple
bit/arithmetic shifts (left for multiplication, right for division). The operation
K ·2020 has been calculated as a constant at the compilation stage, thus reducing
the number of operations performed.

The sigmoid function is not directly implemented in the math library. This
function is implemented according to the equation:

sigmoid(x) =
1.0

1.0 + e−x

where the exponential function is directly used from the math library. The equa-
tion was implemented using double-precision floating-point operations to main-
tain the highest accuracy for the reference values.

4.2 Measurement methodology

For modern central processing units (CPUs), analyses frequently focus on per-
formance, electrical power usage and overall energy efficiency, particularly in
the context of high-performance computing systems. In contrast, graphics pro-
cessing units (GPUs) are often evaluated using similar criteria, with attention
given to how effectively they execute large numbers of parallel operations. Per-
formance in both cases is typically defined by the time required to complete
specific computational tasks at a given accuracy level and workload intensity,
while accounting for resource utilization such as bus bandwidth, cache behavior,
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4. IMPLEMENTATION AND RESULTS 11

and processor cycle consumption. Numerous recent studies in the literature rely
on these metrics to present and compare experimental results [5,1,12,4,6].

In our scenario, the following parameters are analyzed to verify the operation
of computational algorithms implemented in microprocessor systems:

– error bounds (the basic factor determining the correct operation of the al-
gorithms);

– execution speed (a factor determining the optimal computational complexity
that allows competition with library functions);

– program memory usage (a factor determining the optimal implementation
using hardware commands rather than program instructions).

The following measurements were made for 217 = 131072 samples. This is a
complete overview of the input data in the declared Q1.16 format (17 bits in
total). The individual measurements were implemented as follows:

– error measurements: the presented fixed-point algorithm (Algo) and Soft-
Float library functions (Lib) were implemented, and the results from Lib
dumped to the same fixed-point precision (16 bits after the decimal point).
The results obtained in this way were compared to the values obtained from
library functions in double precision floating point. Errors (differences from
the obtained values) were determined and statistical values were calculated.

– speed measurements: it was based on readings from a counter (timer) clocked
at 40 MHz (this is the maximum possible speed for both Algo and Lib; at
higher speeds, the timer did not start). Before executing a given calculation
function tanh() or sigmoid(), the timer is reset, and after execution, the
state of the timer register is recorded. The values obtained were summed for
successive samples and converted to the appropriate time units.

– program occupancy measurement: the presented Algo and Lib functions were
implemented. The remaining code was reduced to the minimum necessary
(only calculations for Algo and Lib, without support for microcontroller pe-
ripheral elements, e.g. communication). The occupancy values were read
from the information after the project compilation.

The tests required the preparation of three separate implementation projects
(three isolated experiments). This allowed for the separation of measurements
and guaranteed that other functions would not affect key operations. To mea-
sure time, the total calculation time for 217 samples and the average time for
one sample were determined. To measure occupancy, an additional verification
of the occupancy of “clean” code was performed, i.e., only the necessary startup
configuration with empty loops in the code. This made it possible to deter-
mine the occupancy of the algorithms themselves (without additional necessary
startup code). Reference values used for error computation were obtained from
the standard C ’math.h’ library evaluated in 64-bit double-precision floating-
point arithmetic. When measuring errors, the following statistical values were
determined:
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– smallest error (Min), calculated by:

errmin = MIN{err(i)} for i = 1, 2, ...N,

– largest error (Max), calculated by:

errmax = MAX{err(i)} for i = 1, 2, ...N,

– average error, calculated by:

errave =

∑N
i=1 err(i)

N

– mean absolute error, calculated by:

errabs =

∑N
i=1 |err(i)|

N

– standard deviation, calculated by:

errstd =

√∑N
i=1[(err(i)− errave)2]

N

where: N = 217, err(i) = q(i)− qfp(i), q(i) - output value of the function in the
selected implementation, qfp(i) - output value of the function in full precision.

4.3 Measurement results

All tests were performed on the ESP32-C3FH4 chip. The results of individual
tests are presented in Tables 1, 2 and 3.

When analyzing the errors, it can be seen that the standard deviation of er-
rors for the Algo was smaller than the Lib functions (when casting to fixed-point
format Q1.16). This shows that the developed Algo is correct and generally has
fewer errors. The minimum and maximum values indicate that there are no sig-
nificant errors deviating from the accepted precision of Q1.16 (where the weight
of the least significant bit (LSB) is 2−16 ≈ 1.5259e−05). While maintaining errors
at a satisfactory level (and comparable to Lib functions), execution times were
significantly reduced. For the implementation of the presented tanh() algorithm,
the time was reduced by over 83%, while for sigmoid() the time was reduced by
over 79% - for the average time to determine the result of a single sample. The
measurement of absolute occupancy is burdened by the inclusion of additional
runtime code (base program). Therefore, it was important to determine the rel-
ative occupancy with respect to the base program. These values clearly indicate
that the appropriate adaptation of dedicated algorithms to the processor archi-
tecture (e.g., fixed-point operations) can significantly reduce code occupancy.
The reduction in memory program occupancy is almost 30% for tanh() and
almost 18% for sigmoid().
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Table 1. Computation times of individual implementations of the tanh() and sigmoid()
algorithms.

Realisation Full execution time
for 217 samples

Average execution time
for one sample

Presented Algo
of tanh() 665.32[ms] 5.0759609[us]

Function of tanh()
base on Lib 3965.24[ms] 30.252378[us]

Presented Algo
of sigmoid() 554.74[ms] 4.2322975[us]

Function of sigmoid()
base on Lib 2798.14[ms] 21.348151[us]

Table 2. Program memory usage of individual implementations of the tanh() and
sigmoid() algorithms.

Realisation Full implementation
of the program

Relative occupancy with
respect to the base program

Presented Algo
of tanh() 274882[B] 2222[B]

Function of tanh()
base on Lib 275818[B] 3158[B]

Presented Algo
of sigmoid() 274902[B] 2242[B]

Function of sigmoid()
base on Lib 275384[B] 2724[B]

Base program (only necessary
configuration and empty loops) 272660[B] -

Table 3. Errors of individual implementations of the tanh() and sigmoid() algorithms.

Realisation Min error
Max Error

Mean
error

Mean abs.
error

Standard
deviation

Presented Algo
of tanh()

-1.31077e-05
1.42400e-05 -3.69464e-07 3.69464e-07 2.62434e-06

Function of tanh()
base on Lib

-1.52513e-05
7.90624e-06 -7.56369e-06 7.56369e-06 4.40971e-06

Presented Algo
of sigmoid()

-9.45004e-06
7.83283e-06 -3.57385e-07 3.57385e-07 1.97767e-06

Function of sigmoid()
base on Lib

-1.52588e-05
-1.12144e-11 -7.63221e-06 7.63221e-06 4.40192e-06
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5 Conclusion

In this work, we introduced a unified, integer-only activation kernel for tanh(x)
and sigmoid(x), specifically designed for RISC-V microcontrollers without hard-
ware floating-point support. By combining LUT anchoring, a compact sequence
of hyperbolic CORDIC microrotations, and a final linear post-rotation in Q20
arithmetic, the proposed method achieves deterministic accuracy better than one
ULP in Q1.16 across the entire 17-bit input domain. The unified structure elim-
inates the need for separate implementations of hyperbolic functions, reducing
both software and hardware complexity.

Experimental evaluation on an ESP32-C3 RISC-V microcontroller demon-
strates that the kernel provides substantial performance benefits, with more
than an 80% reduction in execution time compared to SoftFloat-based library
functions, while simultaneously lowering program memory usage. Importantly,
the error characteristics remain competitive with—and in many cases superior
to—standard math-library implementations when cast to fixed-point formats.
These results confirm that carefully designed fixed-point algorithms can deliver
high-accuracy nonlinear activation functions at a fraction of the computational
cost, making them highly suitable for embedded AI workloads.

Beyond the immediate performance gains, the unified-kernel approach also
simplifies integration into larger inference pipelines, enabling more predictable
timing behavior and easier hardware mapping. Its deterministic structure makes
it suitable for lightweight hardware extensions, such as custom RISC-V instruc-
tions or FPGA mapping, which could further reduce latency. The present im-
plementation still relies on an integer division in the final scalar post-processing
stage and has been evaluated only for tanh and sigmoid over the 17-bit internal
recoded domain implemented by the kernel. Although the experimental plat-
form is RISC-V, the computational scheme itself is not tied to RISC-V-specific
instructions and can be transferred to other 32-bit processors without hardware
floating-point support. Future work will extend the method to additional non-
linearities, evaluate its behavior over conventional application-level input ranges
such as [−8, 8], and investigate custom RISC-V instructions as well as FPGA-
based mappings.
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