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Neuroevolution, a subfield of Al leveraging evolutionary algorithms, offers an effective method for automatically
generating data-adaptive equations that optimize fit for specific datasets while minimizing human design bias. This
study investigates the efficacy of the WISDM-ARN, a specialized Adaptive Recurrent Neuron (ARN) synthesized
via the Automatic Design of Algorithms through Evolution (ADATE) system, for Human Activity Recognition
(HAR). In safety-critical applications, such as healthcare monitoring and industrial safety, the reliability of locomotion
classification is paramount to prevent system failures and ensure user protection. We benchmark the evolved WISDM-
ARN against three established architectures: Simple RNN, Long Short-Term Memory (LSTM), and Transformers.
Experimental results demonstrate that the WISDM-ARN successfully adapts to the unique temporal characteristics of
gyroscope data, achieving a testing accuracy of 97%, which is comparable to the baseline models with resulting 70%,
95%, and 92%, respectively. These findings highlight the potential of neuroevolutionary synthesis as a dependable
alternative to manually engineered architectures. By integrating neuroevolution with modern deep learning, the
ADATE-generated neuron represents a significant step toward automated reliable neural modeling for human activity
recognition tasks and safety-enhanced time-series analysis.
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1. Introduction including healthcare Straczkiewicz et al. (2019)
and smart homes Kalimuthu et al. (2021), where
unique human movement patterns provide valuable
insights. Research focuses on optimizing accuracy

Human activity recognition (HAR) is a typical
classification problem which was first introduced in
1999. The pioneering work employed Electromyo-
graphy signals from a calibrated accelerometer to
classify tremor activity Foerster and Smeja (1999).
Since then, HAR has evolved significantly, with
ongoing research focused on improving both its
performance and downstream applications. At its
core, HAR involves using patterns in human gait
to identify the locomotion state Gupta et al. (2013)

and efficiency across various benchmarks, such as
MHealth Banos et al. (2014) and OPPORTUNITY
Roggen et al. (2010). In this study, we utilize the
WISDM dataset Kwapisz et al. (2011), notable for
its large-scale participation of 51 individuals, as
the primary case study for evaluating specialized
neural architectures.

or to authenticate users Kothamachu Ramesh et al.
(2021). It has been applied across various domains,

Early HAR research relied on traditional ma-
chine learning, such as MLP, SVM, and Random
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Forest, combined with handcrafted features. On the
WISDM dataset, MLP initially established a 91.7%
baseline accuracy Kwapisz et al. (2011), while later
SVM models reached 95.13% Khare et al. (2020).
However, the reliance on manual feature extraction
prompted a shift toward deep learning Bengio
(2013). Modern architectures like CNNs, RNNs,
and hybrid models like LSTM-CNN have since
achieved results up to 95.75% on WISDM Xia
et al. (2020) by automating the feature extraction
process.

A distinct paradigm is neuroevolution, a method-
ology that automatically adapts and evolves neural
structures based on the specific input-output char-
acteristics of a dataset. Olsson (1995) proposed
the Automatic Design of Algorithms Through Evo-
lution (ADATE) system, an automated software
architect that enables the synthesis of neural mod-
els tailored to a given domain. When ADATE
is configured with a recurrent-based structure to
evolve specific mathematical formulas and memory
configurations, the resulting units are termed Adap-
tive Recurrent Neurons (ARNS). Previous research
has successfully applied ARNs to safety-critical
industrial tasks, such as detecting anomalies in
oil wells using the 3W dataset Magnusson et al.
(2023) and monitoring CNC machine operator
actions Nguyen et al. (2024). These applications
underscore the robustness of the ARN framework
in high-stakes environments where reliability is
essential.

The aim of this paper is to examine the effective-
ness of the WISDM-ARN, a personalized neuron
instance synthesized specifically for the WISDM
dataset, by benchmarking its performance against a
Vanilla RNN, an LSTM, and a Transformer-based
network. Our findings reveal that the WISDM-
ARN achieves a superior accuracy of 97%, demon-
strating the efficacy of the neuroevolutionary ap-
proach.

2. WISDM Dataset

WISDM is a public dataset including samples from
the controlled and natural environment. It is under
the WISDM lab that focuses on mining the sensor
data for identifying user authentication or human
physical tasks. Its data is captured through the Ac-
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titracker application, available in the Google Play
Store for Android devices Lockhart et al. (2011).
Although the dataset has three versions Kwapisz
et al. (2011), the term WISDM presents the first
version throughout the report. The characteristics
of WISDM are described in Table 1. Its sampling
frequency is 20Hz, meaning 20 samples are col-
lected per second. The WISDM team supervised
the collection procedure for quality control.

Table 1. WISDM Dataset Description.
Description Samples Percentage

Total of Samples 1,098,207 100%

No of attributes Six (6) -

Missing Value None -

Class Distribution

Walking 424.400 38.6%
Jogging 342.177 31.2%
Up-stairs 122.869 11.2%
Down-stairs 100.427 9.1%
Sitting 59.939 5.5%
Standing 48.395 4.4%

It is noticeable that the WISDM data is unbal-
anced distributed among users and activities. For
instance, from Fig. 1, the “Walking” and “Jogging”
classes dominate the class distribution, accounting
for nearly two-thirds of the total dataset. Or user
number 20 provided the most data points and
five times larger than the smallest one (more than
50,000 examples).

Examining the activity patterns with X, y, z-
axis values, as depicted in Fig. 2 (right), reveals
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noteworthy observations. The static motions ex-
hibit a consistent trend, with sensor data remaining
relatively stable. Distinguishing between “Sitting”
and “Standing” primarily revolves around the in-
tersection between the x and z-axis magnitudes. In
contrast, active actions display greater fluctuations
in their graphs. While “Downstairs” and “Upstairs”
showcase opposing trends along the x and z-axes,
the two remaining activities exhibit similar varia-
tions. However, it is worth noting that “Jogging”
exhibits higher-frequency oscillations compared to
“Walking”. These findings underscore the presence
of distinctive sequences within each movement,
contributing to their discernible.
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Fig. 2. Activities’ patterns in WISDM.

3. The Evolved Neuron for WISDM

The ADATE system acts as an automated software
architect, employing principles of natural selection
to evolve code through a hierarchical “kingdom” of
candidate programs. It refines these programs using
a suite of transformations: Replacement for logic
substitution, Abstraction for helper function gener-
ation, and Recursion to facilitate self-calling func-
tions. Crucially, ADATE utilizes “neutral” transfor-
mations to navigate the search space and overcome
local optima. In this study, we utilized ADATE
to synthesize the WISDM-ARN, a personalized
recurrent neuron whose mathematical definitions
and memory structures are tailored specifically for
the WISDM dataset. While the full complexities of
ADATE’s implementation are outside this study’s
scope, comprehensive details are provided by Ols-
son Olsson (1995) and Lgkketangen and Olsson

Lgkketangen and Olsson (2010).

The architectural innovations
within the WISDM-ARN are characterized by
three fundamental properties. First it utilizes a set
of five evolved memory cells, z {0 12,3} and £ to
capture complex temporal dependencws Second, it
introduces auxiliary vectors a;o 1 2 3,4} to calibrate
signal flow in the absence of standard weight
values at specific nodes. Lastly, it incorporates a
sequence of nested activation functions oy 1 2 3}
which provide the non-linear transformations nec-
essary for complex pattern recognition:

oo(x) = tanh(relu(x)) (la)
o1(*) = tanh(tanh(tanh(x))) (1b)
o2(x) = tanh(tanh(tanh(srelu(tanh(x)))))
(1)
o3(x) = oo(*) (1d)

While tanh and ReLU are known acti-
vation functions, this evolved neuron intro-
duces sReLU(%), a saturating ReLU defined as
max(—1,min(1,)). To bridge the gap between
evolved code and neural implementation, we define

the intermediate pre-activation stages Ef{il),lyl 3}

7)) = ap ® W3z~ 4 Upx™® (2a)
7)) = W,z (2b)
Zét) =a; ® Wgz(tfl) +as ® £-2) 4 az (2¢)
zy) = Upx® 2d)

Here, W, represents hollow recurrent weight
matrices (with zero diagonals) for hidden-to-
hidden connections, while U; denotes input-to-
hidden weights. The symbols © and * represent
matrix multiplication and element-wise products,
respectively. The final behavior of the memory
cells, where z(*) acts as the master state derived
from the sub-cell interaction, and the quadratic
output y*) are governed by:

z(()t) = JO(Z(()t)) (3a)
z<1t) =0 (th) * zgt)) (3b)
2 = 0y (z)) (c)
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2y = o3(2) (3d)
2 =2 — (24 +2}) (3e)
£ — a o PAON Woz(t—l) (3

y(® = yt=D) _ 50 () _ 5t-2)) (3g)

In this configuration, z; through zs function
as specialized feature extractors, while the final
output y® utilizes a quadratic form and a self-
referential short-connection to its previous state to
maintain long-term context.

4. Recurrent Neural Network Variants

In addition to the neural network constructed
using the evolved neuron, three distinct variants
of recurrent neural networks have been employed
to facilitate the recognition of human activities
within the WISDM dataset. These variants include
the Vanilla Recurrent Neural Network, the Long
Short-term Memory (LSTM), and the Transformer.

4.1. Vanilla Recurrent Neural Network

The traditional Recurrent Neural Network (RNN)
is a specific class of artificial neural networks
designed for the purpose of handling sequential
data. What sets RNN apart from conventional feed-
forward neural networks is its utilization of an
internal cell, known as hidden states, to encapsulate
prior information. Visually, the connections within
RNN, whether among neurons or layers, configure
a comprehensive directed graph (digraph). This
digraph encompasses a forward pathway for data
propagation as well as a feedback loop that retains
historical memory derived from past inputs. Be-
cause RNN only depends on the time in an ambient
space, the network input and output can be varied
in size.

The hidden state h®) at each timesteps is defined
as a linear combination of the current input x(®),
the preceding hidden state h(*~1), and an addi-
tional bias by, as shown in Eq. 4. Then, predicted
outputs are calculated using Eq. 5.

h® = 0, (Ux®Y + WhV +b,) @)
9" =0, (V" + b)) ©)

Typically, a hyperbolic tangent function, tanh, is
employed as the o}, activation function to introduce
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non-linearity into the neuron, while a softmax
function, o, is utilized to compute the output
probabilities represented as §*). U, W, and V
serve as weight matrices for input, hidden state,
and output, accordingly.

4.2. Long Short-term Memory

Long Short-Term Memory (LSTM) represents a
specialized form of Recurrent Neural Network
(RNN) designed to address longstanding issues
like vanishing and exploding gradients, which
hinder the handling of back-flow or long-term
dependency problems Hochreiter and Schmidhuber
(1997). Since its inception, LSTM has undergone
enhancements to increase its efficiency and adapt-
ability when dealing with sequential data.

Unlike the standard RNN with a chain-like
structure of repeating modules, LSTM incorporates
feedback connections that allow it to process entire
sequences of data. It comprises multiple memory
blocks interconnected in a recurrent manner. Each
memory block encompasses a memory cell ¢(*) and
multiplicative units, known as an input block z(*)
and gates, such as an input gate i(")), a forget gate
£() and an output gate o*), All of which represent
innovative components central to the functionality
of LSTM. These units are formulated in Eq. 6a, Eq.
6b, Eq. 6¢, and Eq. 6d.

2 = v,y 1 UxtY 4b,  (6a)
iV = vyt 1 Ux(t=Y 4 b, (6b)
£ =VytD Ut £ by (60)
o = v,y D L Ux*V b,  (6d)

The cell and neuron output are defined as in Eq. 7
and Eq. 8.

c® — U(im) ® J(Z(t)) +ctb g U(f(t)) @)
5 =o(0) ® o(c), ®)

where o is the sigmoid function and ¢ is the
hyperbolic tangent. Abstractly, the internal cells
remember data during the entire chain, whereas
the gates manage the data movements. They give
LSTM the ability to store and select the informa-
tion from the past.
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4.3. Transformer

Since its introduction by Vaswani et al. Vaswani
et al. (2017) in 2018, Transformers, along with
their resampling variants, have emerged as pre-
dominant models across a wide spectrum of nat-
ural language processing tasks. The fundamental
building blocks of Transformer models, namely the
self-attention mechanism and the position encoder,
stand out as pivotal features. These components
are regarded as substantial enhancements when
compared to traditional encoder-decoder RNNs
employed in sequence-to-sequence applications,
including machine translations Bahdanau et al.
(2014). Subsequently, this architecture has found
application in various other domains, notably in the
realm of time series analysis. In this context, the
model have demonstrated exceptional performance,
particularly in the prediction of univariate time
series data Li et al. (2019).

In this study, we utilize a customized variant
of the Transformer model specifically tailored for
the analysis of multivariate time series data, as
originally proposed by Zerveas et al. (2021). This
adaptation is employed to address tasks encompass-
ing both time series regression and classification.
Given the unique characteristics of the problem
at hand, the model exclusively incorporates the
encoder component from Vaswani’s Transformer.
Additionally, it integrates a learnable positional en-
coding into the input vectors to effectively capture
the sequential nature inherent in time series data.

Since human activity recognition is categorized
as a classification task, the output from the encoder
is further processed by passing it through a softmax
function. This step is taken to obtain a probabil-
ity distribution across different classes, ensuring
effective classification.

5. Methodology
5.1. Data Preparation

Since sensor-based data is inherently time-series
in nature, we implemented a four-stage transfor-
mation process—comprising cleaning, splitting,
segmenting, and standardizing—to prepare the
WISDM dataset for model training. Initially, raw
data from CSV files undergoes cleaning and refor-

matting to remove unwanted samples and ensure
structural uniformity. In the splitting stage, the data
is partitioned into training and validation sets using
a 50% ratio; to address imbalances across users and
activities, this division is performed individually
for each user-activity combination.

Subsequently, both subsets are segmented into
non-overlapping windows. Based on literature sug-
gesting optimal performance within a one-to-three-
second timeframe Preece et al. (2008); Henprasert-
tae et al. (2011); Sun et al. (2010), we selected a
window size of two seconds (40 samples). Finally,
the segmented data is centralized and encoded
to standardize feature variations, ensuring stable
convergence during the neural network training
process.

5.2. Model Architecture and Optimization
Strategy

Regarding the structural configurations, the ARN,
Vanilla RNN, and LSTM models utilize a stream-
lined four-layer architecture consisting of an input
layer, a recurrent layer with 81 hidden units, a value
determined optimal through preliminary testing,
a dense layer, and an output layer with a linear
activation function. In contrast, the Transformer
model employs three sequential encoder blocks and
eight multi-head attention mechanisms, adhering
to the original setup proposed by Zerveas et al.
Zerveas et al. (2021).

The training process for these models is gov-
erned by the interplay between the optimization
algorithm and the learning rate scheduler: the
former dictates the direction of weight updates,
while the latter regulates their magnitude to ensure
convergence toward the loss function’s minima. In
this study, we employ the Adam adaptive optimizer
Kingma and Ba (2014) paired with a customized
linear decay scheduler to dynamically adjust the
learning rate across epochs. This scheduler is
defined by the initial learning rate 7, a decay factor
«, and the total training steps 1" required for 7 to
reach its final value any. As formalized in Eq. 10,
the learning rate ) at any given timestep ¢ is
determined by the decay function d():
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dY =1-(1-a)

T
) — {d(t) o (E<T),
17 =
ano t>

7).

©)

10)

5.3. Evaluation Metrics

Mean Squared Error (MSE) is used as the loss

function while training for ARN, Vanilla RNN,

and LSTM. It computes the average of the squared

differences between the output value ¢ and target
y value. Its equation is presented in Equation 11.
1< s

MSE =~ > (i — ).

i=1

(11)

Regarding Transformer, we deploy the Categori-
cal Cross Entropy (CCE) to calculate the error. It
is defined as Eq. 12.

N
CCE ==Y yi-log(f).

i=1

(12)

For the testing phase, we assessed the final perfor-
mance on the test data using the accuracy score.
This score is determined by dividing the number of
correctly classified instances by the total number
of classified instances.

6. Results and Discussion

Table. 2 provides the result performance of four net-
works in term of accuracy and precision. WISDM-
ARN outperforms the Vanilla RNN, LSTM, and
Transformer, with an achievement of approxi-
mately 97%. In addition, we justified the result
using a statistical method called McNemar Test.
This number helps to determine if any two models
perform better than others when the p-value ex-
ceeds the significance threshold «. After calculat-
ing between ARN and LSTM, the p-value we got is
4.76e-07, which is far below the chosen threshold.
When comparing the neuron structures of
Vanilla RNN and LSTM, it is evident that the
evolved neuron shares a similar selective gate struc-
ture with its predecessors. More specifically, zs
works as an input gate to determine which values
are fed into the system. Concurrently, zg, z1, and
Z9 serve as control blocks that collectively regulate
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Table 2. The results of four deployed networks regard-
ing accuracy and precision.
Models Accuracy Precision
Vanilla RNN 0.705 0.714
LSTM 0.958 0.961
Transformer 0.924 0.922
ARN 0.970 0.969

the update flow for the hidden state z. However, the
WISDM-ARN exhibits a more intricate architec-
ture than its predecessors. It boasts five memories,
in contrast to the two in LSTM or the one in RNN,
and entails more complex formulas. Additionally,
it captures the value of two timesteps as opposed
to one. As the trade-off of the increase in resources
and process time, more information is stored and
processed at a timestep. Furthermore, the new
neuron incorporates a sequence of activation func-
tions, namely the combination of tanh, ReLU,
and sReL.U. This multifaceted activation sequence
adds to its computational sophistication, enabling
more complex transformations of data. Lastly, it
incorporates a quadratic property into the output
calculation. Based on the author’s knowledge, the
quadratic form has not been explored in the output
function of a recurrent neuron network even though
it has been used in the regression score function,
named R?2, as an evaluation metric.

7. Conclusion

This study demonstrates that the neuroevolutionary
synthesis of specialized neurons via the ADATE
system provides a robust alternative to manually en-
gineered deep learning architectures. The resulting
WISDM-ARN achieved a considerable accuracy of
97% on the WISDM dataset, outperforming estab-
lished models such as the LSTM and Transformer
without handcrafted feature extraction or efforts
to address data imbalance. This performance indi-
cates that neuroevolution can effectively discover
data-adaptive pathways that optimize the classi-
fication of complex temporal patterns in human
locomotion.

While the computational cost of the evolutionary
search phase is significant, the resulting WISDM-
ARN is highly efficient during inference, making
it suitable for real-time deployment in smart envi-
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ronments and wearable healthcare devices. Future
research will explore the flexibility of the ADATE
system or neuroevolutionary approach in gener-
ating neurons for other high-stakes time-series
domains, such as structural health monitoring and
predictive maintenance in cognitive robotics. By
tailoring neural logic to specific data distributions,
we can move toward a more automated, reliable,
and fail-safe framework for intelligent human-
centric systems.
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