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"Humanoid Robots (HRs) face challenges integrating sensorimotor data due to

inadequate sensor fusion methods and suboptimal control models. The research
results of the current study should inform the implementation of a
computational model that optimises and enhances the success rate of embodied
cognition and information manipulation. The machine learning algorithm
incorporates Hierarchical Multi-Sensor Fusion (MSF) and Deep Evolutionary
Optimization (DEO), both introduced as computational methods into the
learning process. Using attention-weighted neural network (NN) models, the
machine learning (ML) algorithm integrates visual, tactile, proprioceptive, and
force feedback information throughout its model. To achieve the objective of
the evolution process, artificial intelligence NNs evolve using Genetic
Algorithms (GAs) that integrate multi-objective fitness functions. By
implementing focused algorithms specifically designed to build a cognitive
network (CN), the evolutionary algorithm can optimize network topologies and
NN parameter settings. Empirical validation was conducted on an HR with 22°
of freedom of movement. When the results were compared with baseline
methods, the phenomenon was found to be a 34.7% increase in manipulation
success rates, a 28.3% reduction in task completion time (TCT), and a 41.2%
increase in adaptation speed (AS). The theoretical model also identified
emergent cognitive functions. These practices included adaptive body schema
learning, predictive motor control, and context-aware attention allocation.
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1. INTRODUCTION

Development has been experimental in the context of
embodied cognition (EC) to attain human-like
intelligence in robotic models (RM) (Sandini et al.,
2024). This development conflicts with methods that rely
entirely on machine learning (ML). According to EC,
cognitive intelligence arises not just from hypothetical
and symbolic language or logical thinking; rather, it
results from the dynamic correlation among sensorimotor
development, devices, environmental limitations, and
adaptive learning mechanisms. This combination of
factors has been recognized as the primary source of
intelligent behavior. Despite the discovery that the
newest generation of Humanoid Robots (HR) has control
and mechanical systems that are significantly more
complex than those of humans, these robots still face
limitations in comparison to human functions regarding
control and manipulation accuracy, adaptability to
settings, and cognitive size (Tong et al., 2024; Wang et
al., 2024).

Perception, action, and cognition are all components of
an integrated network, as defined by the EC hypothesis,
which holds that CNs are based on the communication a
human being has with the physical world. The traditional
method of artificial intelligence (Al), on the other hand,
assumes that sensing, cognitive development, and task
performance are chronologically logical steps.
Integrating the network's resources rather than
functioning as separate peripheral components is
essential for sensorimotor models used in intelligent RM
(George, 2025). Conventional control methods are
centered on predefined mechanical models and linear
Machine Learning (ML), which pose challenges for RM
in developing adaptive Artificial Intelligence (Al). These
mathematical models regularly employ discrete neural
networks (NNs) across multiple sensory modalities and
cognitive functions, and as their size increases, they fail
to capture the integrated nature of cognitive ability. This
is in contrast to recognising that deep learning (DL) has
advanced, enabling more flexible, adaptive approaches to
handling complex data and uncertainty in real-world use.
Therefore, RM performs well in models but struggles in
uncertain environments, with standard factors, and in the
complexity of real-world applications, such as
autonomous networks and real-time data processing
(Sarker et al., 2025; Siddamsetti et al., 2025).

The difficult task RM addresses is integrating multiple
sensory modalities in ever-changing environments.
Presently, the methods have failed to detect complex
cross-modal relationships, and the optimal integration
model is determined by the task being performed, the
external environment's parameters, and the reliability of
the sensing device (Li et al., 2025). To adapt to contexts
that constantly evolve, adaptive fusion mechanisms are
required; however, current systems fail to provide the
network flexibility needed to automatically detect and
perform these actions (Roychoudhury et al., 2023). To
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successfully address the problem at hand, evolutionary
algorithms for neural networks (NNSs) propose robust
solutions. These methods dynamically discover network
topologies and features tailored to specific tasks and
adapt to changing circumstances. The application of
these modalities is superior to that of gradient-based
methods, which are highly susceptible to local minima
and require a network-based simulation method that is
dynamically implemented. Methods like these are more
reliable than gradient-based methods. On the other hand,
according to Siddamsetti et al. (2024), the present study
has mainly focused on low-level control variables or
primitive elements, suggesting that there have been
limited challenging surveys of NNs.

This research proposes a model that combines
hierarchical Multi-Sensor Fusion (MSF) with Deep
Evolutionary Optimization (DEO) for EC in HR. By
implementing novel Genetic Algorithms (GAs) to
improve cognitive networks (CN), the neural network
(NN) and its parameters have shown significant
improvements. The use of MSF fitness functions has
been completed to achieve a balance among task
performance, computational efficiency, and adaptability.
To put the core concepts of EC into practical application,
adapted computational models are developed. These
computational models maintain the coupling mechanism
that exists between the central CN, motor control, and
sensory processing. These models enable improved
interaction and coordination among these systems in real-
time applications. thereby enabling these networks to
interact and coordinate with one another in real-time
applications even more reliably.

The following constitute a number of the important
contributions that the present study provides to the
emerging discipline of embodied robotics (ER) and CN:

a) By combining MSF senses by the use of
learning-based attention mechanisms (AM), it
creates a novel genetic model that is robust to
automatically finding optimal neural networks
(NN) for EC.

b) It indicates that CN, also referred to as context-
aware decision-making, adaptive  body-
schematic learning, and predictive
computational processing, can be generated
from an advanced NN and developed without a
requirement for specific programming to
develop these features.
¢) The fact provides complete empirical testing,
which  implies  significant  performance
improvements across an extensive number of
manipulative tasks, inputs, and signal protocols.

c) Research highlights that new responses may
result from optimizing sensorimotor integration
networks, which improves the conceptual
understanding of EC.
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This work focuses on developing a unified model of
embodied cognition for humanoid robots by combining
Hierarchical Multi-Sensor Fusion (MSF) and Deep
Evolutionary Optimization (DEO). In contrast to the
stand-alone RM, which can independently perform
perception, cognition, and manipulation, the proposed
model optimizes multimodal sensory integration,
cognitive data processing, and movement control through
evolutionary NN optimization. The proposed model also
employs a multi-objective genetic optimization protocol
to evolve network topology and its control parameters, as
well as an attention-guided fusion mechanism that
integrates visual, tactile, proprioceptive, and force
feedback information. It also allows the development of
higher-order cognitive functions, such as adaptive
learning of body schema, prediction of motor control,
selective attention to context, and sensorimotor
coordination, without any explicit rule-based coding. An
experimental test was performed with a 22-degree-of-
freedom humanoid RM, which has shown significant
advantages in task success rate, manipulation accuracy,
learning convergence, robustness, and generalization
capability compared to conventional DL, multi-modal
fusion models, and classical evolutionary approaches.
Hence, the recommended DEO-EC provides a scalable,
adaptive computational model for the next generation of
humanoid RMs with embodied intelligence.

Studies involving simulation and real-world autonomous
robot deployment were tested on an augmented
humanoid network with 22 degrees of freedom and
sensory systems, designed to support simulation testing.
An aggregate of over 2,000 manipulation and expansion
tests was performed across a multitude of tasks. As for
the following sections within this article, these
individuals are laid out as follows. Research related to
EC, MSF, DEO, and RM is addressed in Section 2. In
Section 3, the theoretical model is described, which
features the deployment of NN, MSF, DEO, and EC.
Detailed data on the experimental setup are provided for
each component system. The computerised simulation
model, trial cases, analysis parameter values, and
baseline models are all described in Section 4. These
findings are presented in Section 5, which includes the
results of the model function test, evolutionary
optimisation, manipulation task, and CN evaluation.
Section 6 includes a summary of the key contributions
that were made.

2. LITERATURE REVIEW

Embodied cognition requires integration of diverse
sensory modalities. Deep Learning (DL) models have
been used to improve object recognition accuracy in
manipulation contexts. For autonomous navigation,
sensor-fusion networks use LIDAR, visual, and inertial
sensors to localise under dynamic conditions.
Hierarchical AM is applied in real-time RM. MSF,
together with deep NNs, provides HR with resilience and

adaptability in uncertain environments (Sorrentino et al.,
2024; Nowfal et al., 2024; Gopalakrishnan et al., 2025).

Gradient-free  optimization  methods, including
evolutionary methods, have been used to tune gains in
humanoid walking controllers automatically (Cui et al.,
2025). These methods have outperformed manual
calibration and shown improved convergence speed and
transferability to a physical network. The optimization
has been implemented in the context of evolution-based
autonomous networks to tune low-level parameters and
design the complete control network, achieving a balance
among adaptability, stability, and computational cost.

The theory of embodied Al has been the focus of
contemporary studies, which conclude that highly
intelligent behavior in autonomous systems is not
primarily an outcome of basic intelligence but rather a
combination of morphological features, perception,
action, and learning. To address the problem of
separating control using robots from human-like
execution control, this theoretical model has been
developed for multimodal large models. In these complex
models, it must be implemented to combine
morphological analysis, multi-modal sensing, and
adaptive control methods (Babadian et al., 2023).

The review discusses developments in multi-modal
perception, sensor fusion, evolutionary optimization, and
embodied CN. But a unified model that evolves NN
topologies and optimizes sensorimotor combination
under multi-objective measures is still required. This
research proposes a hierarchical MSF co-optimized with
DEO for EC and manipulation in HR (USinskis et al.,
2025).

3. METHODOLOGY

The methodology chapter has a significant impact by
outlining the conceptual model and the analytical basis
for integrating MSF and DEO to improve EC in HR. This
method can address the key problem of developing
adaptive sensorimotor systems that prove evolved CN
(Han et al., 2025). An artificial neural network (ANN)
adapted for dynamic multisensory analysis and
manipulation control has been developed as a result of
the research. The following NN improves the application
of adaptive sensorimotor systems to attain enhanced
ecological cognition (EC) in HR communication.

3.1. The System Model

The model, which uses a genetically optimised neural
network (NN), is hierarchical and incorporates sensory
perception, cognitive processing, and motor control
(Figure 1). The Sensory Integration Layer (SIL), the
Cognitive Processing Layer (CPL), and the Motor
Control Layer (MCL) comprise the 3 layers that make up
this mode of functioning. Each of these layers is also
linked to other layers by an adaptive NN. The state

1573



Ali et al,, Multi-sensor fusion and deep evolutionary optimisation: improved embodied cognition and manipulation
analysis in humanoid robots

transition function is the mathematical analysis of the
network (Sartore et al., 2024).

s_(t+1)="F(sy Uy 5 0) )

where,

st €R" is the time-dependent state vector of the network

t, ut€R™Mis the input vector for the control system

e:€RP is the vector functioning as environment-specific
data

0€R%are the NN parameters that have been transformed
f: R"™xR™xRP—R" s a state evolution function that is non-
linear in the real world.

Sensory
Integration Layer |* I
(SIL) |

l : _____ L

Cognitive | Evolutionary
Processing Layer | Optimization
(CPL) ]

I

|

I |
Motor Control !
Layer (MCL)

Figure 1. The proposed system model

The Sensory Integration Layer processes multi-modal
sensor data using attention-weighted fusion mechanisms.
The sensor fusion output is computed as:

z, =Y, a;(hy) -z )

where,
N; is the number of distinctive sensor modes of operation

zl.(t) € R% is the feature matrix (the it sensor parameter)
a;(h,) is the weight of attention (i-th modality) in
connection with the hidden state h,

z, € RPis a sensor that becomes attached as D =

21\21 di'

A recurrent neural network (RNN) has been implemented
in the cognitive processing layer (CPL), which is key to
maintaining the state of functional memory and
generating behavioural patterns focused on a definite
objective.

The evolution of the cognitive function is as described
below:

ht+1 = tanh(Whht + szt + ngt + bh) (3)

where,

W, € RP¥ W, € R?”*P and W, € R?*¢ the weight
matrices that provide data

g: € RYis the path of the goal vector

b,, € R¥is the path of the bias vector

H is the dimension of the hidden state system

G is the dimension of the target model
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According to Liu, H. et al. (2025), the MCL serves as a
mechanism for applying unified signals by integrating
exponential dynamics computation methods with data on
control-governing policies.

The next is the conceptual model of the motor command
generation method:

T, = M(q.)q, + C(q;, q.) + G(qe) + Tey (4)

where,

7, € R is the torque vector at the joint area

M(q,) € RV/*Nj is a matrix of inertia's motion

c(q. q.) € R"/ is the forces of centrifugal and Coriolis
motion

G(q,) € R"/ is the force of gravitation

T, € R"J are external factors and impacts

4. 4. G, € RYJ are the coordinates of the joints, velocity
values, and rates of acceleration

N; is the sum of degrees of freedom

Inter-layer communication is aided by learned
connection matrices that evolve during optimisation
(Chen et al., 2025).

The connection strength between layers i, j is ruled by:
Cij = O'(Wij + Eij) (5)

where,

W;; € R™™ is the weight matrix of the evolved
connections

€;; is the noise of the Gaussian distribution with a change
02,0 (+) uses the sigmoid function as an activation
function

n;; n; is the dimension of layers ‘i’ and 'j".

The network uses a prediction-correction mechanism to
maintain consistent behaviour across time steps, thereby
minimising prediction error (Alowaidi et al., 2024).

1 A
Lpred = ;Zfﬂ ”St+1 - St+1“§ (6)

where,

$;4+1 IS the predicted state

T is the prediction horizon value

Lpreq Is @ temporal window prediction accuracy measure

3.2. MSF

The MSF primarily includes heterogeneous sensory data
into coherent features that enable adaptive manipulation
and normal cognitive analysis, but the system also serves
as the sensory basis for the EC presented by MSF. Such
a method can further develop the conceptual model to
integrate sensor modalities that are temporally and
geographically discrete while maintaining computational
analysis and robustness to sensor errors and
environmental change (Ibrahim Alasadi et al., 2025).
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A. Sensor Modalities

Four primary sensory data points are used in this method
of synthesizing sensor modes, which include visual,
auditory, tactile, and olfactory data to provide a
comprehensive understanding of the environment. The
adoption of visual sensors enables the generation of high-
dimensional spatial data on objects, scene geometry, and
dynamical methods that operate in physical
environments. Using convolutional feature extraction
(FE), this data is processed to generate structured features
(Al-Kababchee et al., 2023).

F)” = Max(0, W, + E{' "V + b) (7)

where,

Fy) € RACWIXCr 1 is the feature map at layer I’

W e Rk*kxCi-1xCi js the convolutional kernel weights
* is a convolution operation

bl € RC is a bias vector

H;, W;, C; are height, width, and channel dimensions

k. is the kernel size.

By implementing preliminary fusion methods that
maintain spatial logic, the RGB-D sensor integration
enables the combination of color and complex data.

lrgbd = d)(lrgb @ ld) (8)

where,

L.gp € R*W*3 is an RGB image

I; € RF*WX1 s a depth map, a channel concatenation
¢@: RAXWx4 , RHXWXDy the |earned projection function
integrates grouped input into a size ‘Dy’, which serves as
a graphic representation.

Tactile sensors measure distributed force and pressure:

T, =30, B -p” 9)

where,

N, is the sum of sensors that are activated by touch

pl@ € RPt is a time-dependent feature vector from the it"
physical sensor device

t,B; is the total weight that was determined for the
position of sensing device 'i'

T, € RPt is the physical symbol that is formed
simultaneously

The following is the definition of the sensory
proprioceptive state vector, which is

P = [qf, 4], af]" (10)
where,

q: € RY/ is the joint positions

q. € R"/ are the velocity coefficients of the joints

a, € R3is the data from the sensor

P, € R?Vi*3 is the full vector of sensorimotor modes.

Force sensor technology embedded in end-user devices
and physical contact areas transmits data describing
dynamic communication.

Fo=3" v on) (11)

where,

N is the size of a highly sensitive device

f}.(t) € R3 is a vector of force derived from the j" sensor
n; € R3 is the vector that stands for the surface normal

O is logical multiplication by variables
y; is the accuracy of the sensor data

F, € R3"7 is a force from the aggregate

The factors that follow are an indicator of the temporal
time of data from multi-modal sensors:

where
(Si(tki+1) - Si(tki)) (12)

SiSyIIC (t) — Si(tki) + t—t

ki
kg1 tk;
s (¢) is the data from the synchronized sensors for
modality ‘i’ at the time
t, t;» ti;+1 1S expanded multiple times in series for the
sensor size selection 'i’ such that ¢, < t <ty 44,

si(t,) is the active sensor data value as t,.

Preprocessing is performed on the sensor modality,
including noise reduction, standardization correction,
and feature normalisation (Algburi et al., 2025).

L) Ri(sP®)-my
§0 = (13)
where,

R; () is a function for the reduction of noise for the
modality

i, u;, 0; is the normalization by mean and standard
deviation

§i(t) is standardized sensor data

B. Fusion Model

Learned AM and cross-modal correlation analysis have
been employed to combine multi-modal sensor data in
the fusion model (Figure 2), which is an adaptation of a
hierarchical integration method. This method rapidly and
dynamically weights sensor data based on the task being
performed, the state of the surrounding environment, and
the sensor's reliability, while maintaining appropriate
computing power for real-time use (AL-Gburi et al.,
2024).

Hierarchy-based fusion includes feature-level fusion,
correlation-based integration, and confidence-weighted
combination. In each of the 3 phases stated, raw sensor
features are integrated with learned prediction states to
map multimodal sensor spatial domains.
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Figure 2. Fusion model

t i) A(t i
EY = w0 + b’ (14)

where,

W e RPeDi is the modality's learned projection
matrix

i,b® € RPe is the bias vector

D; is the preprocessed modal sensor data dimensions.
i, D, is the standard embedding size

EL@ € RPe is an embedded feature vector for the
modality of the entity as 'i’, time 't'.

The attention weights are set by the AM using a multi-
layer perceptron. The AM subsequently assigns weights
to all sensor modes, taking into account the current
cognitive status and task-specific contextual factors. The
result technique is performed to ensure that accuracy
continues to increase.

a(t) _ Exp(vgtanh(wa[ht;ligt)]+ba)>

' Z?]:sl Exp(v?;tanh(wa [ht;EEt)]+ba))

(15)

where,

v, € RPa s a vector encoding the attention output

W, € RPa*(H+De) js the matrix of cognitive weights

[h,; E] is a cognitive state-sensor embedding chain

b, € RPa is the vector of attention bias.

D, is the attention hidden size

aPis the normalized attention weight for mode 'i’ at
time 't’.

The attention mechanism dynamically assigns modality-
specific weights based on the current cognitive state and
task context, thereby enabling adaptive sensor
prioritisation and improving the robustness of multi-
modal fusion.

Polynomial expansion correlation analysis is used to
assess the statistical correlations that develop between
multiple sensor modalities. Cross-modal correlation
analysis is applied to find these relationships.
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The following equation is used to compute the
corresponding correlation value between modalities 'i’
and '

o _ _BeE”

p® = (16)
T IO,

where,
Q;; € RPe*Pe js the cross-modal correlation matrix that

ror.r

was identified as 'i’, 'j

pi(jt) € [—1,1] factors correlation

When defining the accuracy associated with each
modality, the sensor reliability estimation requires
accounting for the modality's internal coherence
and historical results.

Determining the trust value for mode of operation ‘i’ is
done with the following steps:

O _gO®|
Cl.(t) = Exp (——” : 21 ”2> a7

20’i

where,

Ei(t) is an embedding that was predicted based on input
from other modalities
a? is the value of the variance for the modality as "i’

® € [0,1] is the accuracy of the output

¢
By applying a balanced integration mechanism, the
multimodal fusion combines attention values, cross-
modal correlated data, and true data.

el Byt

,B(t) _
i — N [GING) ®)
! Tily @ c Ljzk |ij|

(18)

where,

ﬁi(t) is the result of the fusion value for modality 'i’,
including attention, confidence, and cross-modal
reliability.

The weighted integration of embedded sensor features
computes the fused model:

Z, =Y, BUEY (19)

where,
Z, € RPe is the time-fused multi-modal value at time '¢".

When applied to low-frequency sensor noise, temporal
smoothing helps maintain accuracy across multiple
fusion functions. The application of polynomial
smoothing methods can achieve the result:

Zmoh = yZ, + (1 - P)ZEe" (20)
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where,

y € [0,1] is the value for smoothing a region

Z;moh js a fusion result that has been temporally
smoothed

The fusion model includes uncertainty quantification by
variance computed across ensemble predictions:

1

— 2
U, = N_QZIIZ; ”Zt,k - Zt”z (21)
where,

N, is the sum of members in the group

Z, ;, is the fusion result from the k-th ensemble

Z, = Niezgil Z, ;, is the standard deviation of the

ensemble
U, is the uncertainty of the fusion method, which is
quantified.

3.3. DEO

The DEO, a statistical analysis method, dynamically
develops NNs and variables to make optimal and
efficient use of the EC's computational power. Using RM
as the experimental setting, this research study aims to
identify optimal network topologies and weight values
across high-dimensional parameter sets.

A. Evolutionary algorithm

In particular, a hybrid Genetic Algorithm (GA) has been
employed for the evolutionary algorithm. The following
GA is a hybrid combining structural evolution and
parametric optimisation. By implementing a multi-
population coevolutionary method, separate populations
for NNs and link weights are reliably developed and
maintained. By applying structured randomization
methods, the starting-point method generates individuals
with a range of features.

A directed graph is provided for each individual who is a
member of the network population as follows:

G=W,EF) (22)

where,

V = {vy, vy, ..., v, } is the NN layer corresponding to the
nodes

E SV X7V is the set of directed edges that value layer
connections

F = {fi, for -, fu, } is node-specific activation functions
N, is the count of nodes in the network

The genotype encoding for NN employs a matrix value
that captures connectivity patterns and functional tasks:

A=[CIT] (23)

where,

C € {0,1}"*N» An adjacency matrix encoder links

T € N¥>3 is an encoding matrix for layer type, neuron
count, and activation function

A € RM*(Vo+3) achieve the network genotype data

The parameter population weight matrices and bias
vectors are attained using a hierarchical encoding
method.

0 = (WD, b®,W® b®, . W®, b®} (24

where,

WO e Rm*™-1 js the weight matrix for the layer
I,b® e R™ is a vector of bias linked to a particular
layer

[, n; is the layer neuron count

I, L is the total number of layers

O is a genotype value.

Elitism is evident in the decision-making process through
the way game selection is implemented.

For the individual 'i," the selection probability can be
computed according to the following method:

-7
P'Sel — rank(f;) _ (25)
¢ Z?I:pl rank(f ) *

where,

fi is individual fitness

i, rank(f;) is the ranking of ‘i’ in the sorted population
T > 0 controls the selection weight

N, is the size of the population

Pl is the probability of individual 'i'.

The crossover operator in network evolution uses a
semantic-preserving method to maintain connectivity.

goffspring = l/) (gparent 1 gparent 2y f) (26)

where,

P:G X G x[0,1] — G is crossover function
& € 0,1] is the crossover probability value
Gofr spring 1S the offspring network value

By applying symmetrical arithmetic, a process called the
parameter crossover confirms that the statistical value of
the corresponding parent populations is maintained
during the procedure as follows:

Ooffspring = neparent 1 + (1 - n)eparent 2 + N(O: aczross I)
@7)

where,

n € [0,1] is weight

N(0, 62, Dis Gaussian noise
02,1 is the matrix value

O, ¢rpring 1 the offspring vector
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The mutation operator can apply probabilistic node and
edge changes to support network expansion and
evolution. These changes ensure that the network
maintains its size for the following reasons:

gmutated = ”(g: Prode pedge » Pfunc ) (28)

where,

u:G x [0,1]% — G is the mutation function
Pnode 1S the likelihood of node change

Pedge 1S the likelihood of an edge update

Prunc 1S the likelihood of the activation function
Gnutated 1S @ transformed network

By applying adaptive Gaussian perturbation when
combined with self-adaptive variance control, the
following parameter mutation expansion is applied as
follows:

@mutated =0+ N(O, o-nzqut (O)D (29)

where,

02, (0) = alExp('V(0,1) + tV;(0,1)) is adaptive
mutation variance

o is the initial value

T', T is the learning rate value

N(0,1) is global random noise

V;(0,1) is Component-wise random noise

O nutated 1S @ transformed parameter vector

The elite security model maintains a fraction ‘e’ of the
population:

Epyq = arg e ?trggi% | dies fi (30)

where,

E:4+1 is the elite set for the group

t + 1, P.is the population in a group
t,e € [0,1] is elitism segment

[-] is the base function

The maintenance of distinct features supports the
avoidance of early convergence by fitness sharing based
on phenotypic spatial distance:

shared _— fi 31
Ji 57, sh(di)) (1)

where,

sh(d) =1 — (d/0gare )* if d < 00 and 0 otherwise if
sharing function

d;j is an individual's genetic variation from that of a
different individual

i and j, Ogpare IS the sharing radius

a finds the layout of the sharing

fihared s the fitness-shared value for individual 'i'.
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B. Fitness function formulation

The fitness function has been defined as a multi-objective
test network that evaluates the performance of the
developed NN in RM across accuracy, speed, and
resource utilization. Several performance metrics are
integrated via weighted aggregation and adaptive
coefficient change, enabling a more comprehensive
evaluation of the NN's performance across objectives
such as accuracy, speed, and resource utilisation.

F(0,6) = Xk=1 we(®) - fi(0,9) (32)

where,

F(0,G) is the fitness value set '@’

G, K is the objective function

wy (t)is a time weight for objective 'k’ at group 't’
f1(©,G) is a normalised value of objective k.

This element of task-specific performance metrics shows
the success rates of manipulative actions in a selection of
cases with multiple levels of complexity.

The method of computation for such an element is as
described below:

£1(8,9) = -3, ¢ 5:(0,6) - Qi(0,9) (33)

where,

Ny is the number of test tasks

¢; is the difficulty weight for task 'i’

S;(0,6) € {0,1} is binary success indicator for task ‘i’
Q:;(0,G) € [0,1] is a smooth trajectory, and accurate
force control finds application quality.

The trajectory quality test incorporates kinematic
smoothness and dynamic efficiency using integrated
performance measures:

Qi(er g) = Al Qsmooth + )'2 Qforce + 23 Qtime (34)

where,

Qsmooth = Exp (—fOT ||q(t)||§dt) is a smoothness
metric based on the joint sensor

1 T -
Qrorce = Exp (_;fg ”FError (t)”%dt) is force control
accuracy

T—T ont; R R R
Qrime = Exp (—”—"““al) is a time factor of the metric
Tthrcshold

A1, A, A5 is a weighting value with 4, + 4, + 43 =1
T is the execution time
Toptimal 1S the optimal time for task performance

Tireshold 1S @n acceptable time deviation

To measure resource utilization features that distinguish
dynamic networks, the computational efficiency aim
implements the use of complexity metrics and real-time
tests as follows:
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1
K1Ccomp (§)+K2Tinf(0,9)+K3Mmem (G)

f2(0,6) = (35)

where,

Ceomp (§) = Yt m;-n,_, is computational complexity
based on network values

Tir (0, G) is the average data time across test cases

M pem (G) is the memory trail of the network

K1, K3, K4 1S the normalisation value

The robustness evaluation  measures  network
performance under several alert conditions, including
sensor noise, environmental variations, and dynamic
disturbances:

203

1 ”P'(Org)_Pnominal (O'Q)HZ
f:(0,6) = -%}% Exp(— : 2] (36)

where,

Np is the number of alarm set-ups

P;(0,G) is the performance under the alarm condition

J, Poominal (©,G) is the nominal performance without
perturbations

a# controls the robustness metric's sensitivity.

Cross-validation and transfer-learning experiments are
used to evaluate the accuracy of a generalization metric
across hidden tasks and contextual variables.

f:(8,6) = -5, pi - Gk(0,6) (37)

where,

N is the number of test scenarios

pr is the weight for scenario 'k’

Gr(0,G) is the performance ratio between the evolved
system and baseline methods on hidden task k.

Statistical rule correlations have been employed in multi-
objective optimization to ensure that the resulting
solution diversity is preserved across the currently
accessible objective space.

X, <x,oVie{l2, ., K}:fi(x)=filx,) AJj €
{1,2, .., K}: f;(x1) > fi(x2) (38)

where,
x; < x, is solution x, as solution x,
x, = (04,G,) x, = (0,,G,) is a solution vector

The adaptive weight change mechanism is responsible
for modifying objective weights in accordance with
developments in the theory of evolution and features of
population convergence:

BH(t)

wi(t+1) = wi(t) + ay W)

(39)

where,

H(t) = —Zf]:”l P;(t)Log P;(t) is the population range
entropy

Pi(t) = ,\,:f& is the normalised fitness probability for
an individ]ualll ]

i, a,, is the weight adaptation learning rate

OH® s the measure of the sensitivity of the range to
Ow(t)

weight 'k’

A penalty function for model and performance
augmentation boundaries is deployed into the limitation
control function for the following objectives:

Fconstraincd (0' g) = F(G' g) -
Z%:l ﬁmmaX(O, gm(O,g)) (40)

where,

M is the number of limits

9m (0, §) is m-th constraint violation test

Bm 1S the penalty coefficient for the limit

m, Feonsiained (0,G) IS the constraint-adjusted fitness
value

A detailed examination of the proposed solutions has
been made possible by the multi-objective fitness
formulation, which also helps achieve a balance between
important performance requirements for dynamic
integrated RM.

3.4. EC implementation

To function accurately, the EC employs an evolved NN,
in which the cognitive topology Gcog and the variables
®cog are optimised using an evolutionary method. The
cognitive state space is marked as multidimensional,
integrating internal neural features and external
sensorimotor configurations.

M ={s € RP:s = [hT,q,z7,a"]"} (41)

where,

M is an embodied cognitive manifold

h € R¥ is an internal cognitive state processed using an
NN

Geog» 4 € RYJ s the joint configuration

z € RPe is fused sensory, from Eq. (19)

a € RPeis an action state

D, = H + N; + D, + D, is the size of the cognitive state
space.

The embodied cognitive framework operates through a
unified  interaction  between  cognitive  state
representation, working memory, attention allocation,
and policy learning. Equation (41) defines the
multidimensional cognitive manifold by integrating
internal neural states with sensorimotor configurations
and fused sensory information, thereby providing a
coherent representation of embodied intelligence.
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Equation (44) enables the evolved recurrent memory
model to preserve temporal dependencies and task-
relevant contextual information, supporting adaptive
learning and sequential decision-making. Furthermore,
the attention mechanism dynamically modulates the
importance of sensory and cognitive features according
to task requirements and environmental conditions,
thereby facilitating efficient information processing.
Equation (47) employs an evolved policy network based
on active inference principles to generate actions that
minimise prediction error while simultaneously
balancing task performance and computational
efficiency. Together, these mechanisms establish a
closed sensorimotor loop that promotes context-aware
reasoning, predictive control, and adaptive manipulation
capabilities in humanoid robots.

In line with the developed NN, the CN develops, and the
topological model and variables of the NN serve as the
basis for detecting the state transition function;

d
d_i = gcog(sﬁ u, €; @cog) (42)

where,

Geog 1 the evolved CN from the population that
maximizes the fitness function in Eq. (32)

u € R™ is the input of the control value

e € RP are environmental incentives

0. is evolved NN values optimized using the mutation
and crossover functions, Egs. (28) and (29).

By adopting evolutionary, forward-thinking models, the
sensorimotor integration AM can implement predictive
coding.

This can be achieved by evolving the prediction network
and parameter settings.

t
eISer =Z; — gforward (at—l' S¢t-15 Oforward ) (43)
where,
e € RP s the sensory prediction error

pred
Girorward 1S the evolved forward NN that was selected
based on the robustness measure in Eq. (36)

Oorward 1S the evolved forward model values that
contribute to the generalization fitness factor f, in Eq.
37).

Using an advanced RNN that stores data related to the
task at hand, the working memory mechanisms are
applied:

mt = gmemory ([mt—l; zt; at]; Omemory ) (44)
where,

m, € RPm s the working memory state computed using
the evolved memory model
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Gmemory » [M¢_1;Z¢; @] is  the concatenated input,
including previous memory state, current sensor data,
and attention weights, Eqg. (15)

Onemory CONtaINs the evolved memory model values

It probably exposes the AM with the help of an NN that
is constantly evolving and challenging for selection
based on the computational efficiency objective f» in
equation (35):

ay = gattention ([ht; 8 mt]; G)attention ) (45)

where,

Gattention 1S the evolved attention NN

[h;; g;; m.] is the concatenated input of cognitive state,
goal data, and memory state

O.ention 1S €volved NN parameters that minimize
inference time T;,¢ in the efficiency objective.

The goal decomposition hierarchy employs evolved NNs
at each level, where the hierarchical network itself
emerges from the evolutionary method:

R (C CEU O D

where,

[(,l)is an evolved decomposition network at hierarchical
level 'l', selected based on the task performance measure
f1 in Eq. (33)

g¥ € REis the goal at level I

D - . ..
G)E,) is evolved decomposition values that maximize
manipulation success rates.

The action selection AM implements active inference
using evolved policy networks that minimize predictable
free energy:

a’E = gpolicy ([St; 8t el()Zd ] ’ Opolicy ) (47)

where,

Gpolicy 1S an evolved policy network optimized for the
multi-objective fitness function in Eq. (32)

[St; g: elgfid] is the concatenated input, including current
state, goal, and prediction error

0,,.iicy I the evolved policy parameters that balance task
performance and computational efficiency.

The body schema adaptation employs evolved learning
networks that update internal models based on
sensorimotor correlations:

B1t+1 = gschema ([Bt; AX; Aq]' Oschema) (48)

where,

Gechema 1S the evolved body schema update network
selected based on the robustness criterion f;, Eq. (36),
B, € R**"/ is the current body schema estimate

Ax; Aq are the test end-effector and joint displacements
O hema IS €Volved NN parameters
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Algorithm 1: DEO for EC

Input: Population size Np, generations Gmax, Sensor
modalities Ns, fitness weights wg, mutation rates pmut,
Crossover rates Peross

Output: Optimal CN-Gpest ; parameters Opest

1: Initialize

2:  Parch < Initialize ArchitecturePopulation (Np) // Egs.
(22)-(23)

3. Ppaam < InitializeParameterPopulation (Np) // Eq.
(24)

4:  generation < 0

5 Fpest «<— -0

6: While generation < Gmax Do 7: // Evaluate population
fitness

8:  For Each individual i = 1 to Ny Do

9: Gi < Paren [i]

13: For each time step t, Do

14: For Each sensor modality j = 1 to Ns Do

15: s_j' < ReadSensorData (j, t)

16: §_jt < PreprocessSensor(s_ji) // Eq. (13)
17: E_jt « ProjectToEmbedding(3_j%), W_e"\(j))
/I Eq. (14)

18: End For

19: ot < ComputeAttentionWeights (hy,
E_1'.E_N_st) // Eq. (15)

21: p_ijt < ComputeCorrelations (E_i, E_j' // Eq.
(16)

22: ¢_it « ComputeConfidence (E_it, E_if) // Eq.
17)

23: B i' « ComputeFusionWeights (a_i, c_if,
p_ijY) // Eq. (18)

24: Z: < FuseSensorData (B_i', E_i%) // Eq. (19)
25: Z_tmooth « TemporalSmoothing (Zi, Z_{t-

13smoothy /7 Eq. (20)
26: End For
27: /I EC processing

29: For each time step t, do

30: st [h tT,q_t", Z_tT,a t"]" // Eq. (41)

31: /I Forward prediction

33: 7t < Grorward(2_{t-1}, s_{t-1}; ®torwara) // EQ.
(43)

34: e_pred' < Z; - 2; // Working memory update
37: Mt <— Gmemory ([Mt-1; Zt; 0t]; Omemory) // EQ. (44)
38: /I Attention value

40: 0t < Gattention ([Nt; Gt; M]; Oattention) // Eq. (45)
41: /I Hierarchical goal decomposition

43: For Each level | = 1 to L_hier Do

44: g_t'— G D'([g_t* h thc t;0 DY) //
Eg. (46)

45: End For

46: /I Action selection

48: a_t* — Gpolicy ([st; Ot; e_pred']; Opoiicy) // EQ.
(47)

49: // Body schema update

51: Btr1 Gschema([Bt§ Ax; Aql; ®schema) 1 Eq. (48)
52: /I State update

54: St+1 < Geog(St, arv, t; Ocog) // EQ. (42)

55: End For

56: /I Fitness evaluation

58: f1 < EvaluateTaskPerformance (@, Gi) // Eq.
(33)

59: f, « EvaluateComputationalEfficiency (®;, Gi)
I Eq. (35)

60: f; « EvaluateRobustness (@i, Gj) // Eq. (36)
61: f4 < EvaluateGeneralization (®;, Gi) // Eq. (37)
62: Fi < Zk=1% wi(generation) x fi // Eq. (32)

64: If Fi > Foest Then

66: Fpest < Fi
67: Gbest «— Gi
68: Obest < Oj
69: End If

70: End For

71: /] Selection

73:  Pselected «+— TournamentSelection (Parch, Pparam, F, T)
/Il Eq. (25)

74: [l Crossover

76: P offspring arch « {}

77: P _offspring param « {}

78: Fori=1toN_p/2 Do

79: parentl, parent2 « SelectParents(Pselected)

80: If random() < peross Then

82: childl arch, child2 arch «ArchitectureCrossover
(parent!l.arch, parent2.arch, &) //Eq. (26)

83: childl param, child2 param « ParameterCrossover
(parentl.param, parent2.param, n) // Eq. (27)

84: Else

85: childlacn, child2aen <« parentl.arch,
parent2.arch

86: childlpaam, child2param «— parentl.param,
parent2.param

87: End If

88: Poffspring_arch «— Poffspring_arch U {Childlarchy
child2aen}

90: Poffspring_param «— Poffspring_param V) {Ch“dlparam,
child2param}

91: End For

92: // Mutation

94:  For each individual i in Poftspring, dO

95: If random() < pmut Then

96: Poffspring_arch [1] «<— ArchitectureMutation (Poffspring_arch
[i], Prode, Pedge, Prunc) // EQ. (28)

97: Potrspring_param [1] «— ParameterMutation (Poffspring_param
[i], omut) // EQ. (29)

98: End If

99: End For

100: // Elitism and replacement

102:  Egeneration+1 <— SelectElite (Parch, Pparam, F, €) // Eq.
(30)

103: Parch «<— Egeneration+1.arch U Potfspring_arch [1:N_p-
|Egeneration+1|]

104: Pparam < Egeneration+1.param U Poffspring_param [1:N_p-
|Egeneration+1|

105: /I Diversity preservation

107: For each individual i, do

108: F_ishaed « ApplyFitnessSharing (Fi, Parch, Pparam,
Oshare, (1) // Eq (31)
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109: End For

110: // Adaptive weight adjustment

112: Fork=1to 4 Do

113: Wk (generation + 1) « UpdateWeight (wk
(generation), H (generation), aw) // Eq. (39)

114: End For

115: generation < generation + 1

117: End While

118: Return Geest, obest

4. EXPERIMENTAL SET-UP

4.1. Hardware platform

The study on manipulation and expansion was conducted
using a humanoid robot that has 22 degrees of freedom
in its movement, serving as a computational hardware
architecture. Dual 7-degree-of-freedom arms, a 7-degree-
of-freedom torso-and-head assembly, and a 1-degree-of-
freedom waist joint with humanoid measurements are all
integrated into the network. For the sensory system,
stereo RGB-D cameras with a resolution of 1,920 x 1,080
and depth accuracy of £2 mm were used. The system also
included force-sensitive resistor arrays with 1 mm spatial
resolution, high-resolution optical encoders with *
0.088° accuracy, and 6-axis force/torque sensors for
contact force measurements.

NVIDIA Jetson AGX Orin, which has a 2048-core
graphics processing unit (GPU) and 32 GB of RAM, is
implemented by the computer system for real-time
NN inference. Ubuntu 20.04 LTS is the operating
system, and ROS2 is the middleware. Dynamixel Pro
servo motors, provided with harmonic drive reducers,
function on the actuation side of operations. In addition
to integrating position, velocity, and torque sensing, the
motor control operates at 1 kHz.

4.2. Experimental scenarios
A. Basic manipulation tasks

A primary manipulation task set aims to improve the
analysis of sensorimotor integration and motor control by
deploying key manipulation primitives. In addition to
analyzing measures of achievement such as the rate of
successful manipulation, location accuracy, trajectory
performance, and force control precision, it also includes
tasks that involve the selection and placement of objects.
Tool-use scenarios are used to control the size of the
network to extend its manipulation capabilities with an
assortment of tools. The performance of multi-object
interaction tasks is a method that allows individuals to
demonstrate their ability to coordinate manipulative
actions involving multiple objects, either sequentially or
simultaneously. Bimanual coordination, sequential
manipulation chains, and cooperative manipulation are
among the tasks in this group of activities.
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B. Cognitive assessment tasks

The cognitive test task set was designed to measure
cognitive abilities such as allocating attention, utilizing
memory, adapting to new data sources, and solving
problems in unpredictable conditions. The design
measured the adaptive features of evolutionary CN and
the network's ability to allocate computational resources
dynamically. Using memory and learning evaluations,
we had the chance to measure working memory capacity,
the development of episodic memory, and adaptive
learning from experience. Transfer learning capabilities
across related task domains have been measured for
generalisation testing. These features included training
on specific object sets, workspace transfer, and skill
transfer between manipulating basic objects.

4.3. Performance analysis and baseline models

The evaluation metrics used in this study are
multidimensional. Task success rate is measured using
completion percentage, complexity stratification, and
inter-trial  consistency. Manipulation precision is
measured using end-effector position RMSE, angular
orientation deviation, and trajectory tracking fidelity. To
assess responsiveness in uncertain environments, the
cognitive response latency (input-to-action), motor
execution duration (initiation-to-completion), and
decision-making delay are measured. Learning
performance is measured using convergence speed,
learning curve slope, retention stability, and transfer
efficiency for novel-task generalisation. Cognitive
response times (input-to-action), motor execution time
(initiation-to-completion), and decision-making delay
are all measured to evaluate sensitivity in variable
contexts. The convergence speed, the slope of the
learning curve, the retention stability, and the transfer
efficiency for novel-task generalisation are the metrics
used to assess learning performance. For comparative
benchmarking, 5 baseline methods were measured: (1)
PD joint control; (2)DL; (3) GA-based adaptive
optimization; (4) multi-modal fusion; and (5) cognitive
networks.

5. RESULTS AND DISCUSSION
5.1. An assessment of system performance

The results of the analysis of the recommended DEO-EC
against several baseline methods are presented in Table 1
and Figure 3. A total of 500 manipulation tests were
performed for each method, and the results were applied
to a range of task cases. Compared with the baseline
models, DEO-EC achieved significant improvements
across all test metrics. However, the statistical analysis
showed that the p-values for all principal indicators were
less than 0.001. Task success rate improved by 9.9%,
location accuracy improved by 34.4% and 34.1%,
response time reduced by 28.9%, and learning
convergence improved by 28.3%. The robustness score
and generalization index also improved.
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Table 1. System performance comparison results

. . Multi-
Metric Traditional DL Classq:al Modal CN DEO-EC Improvement (%)
Control Evolution Fusion (Proposed)
Task Success Rate 785+ 75.8+
%) 67.2+4.1 38 71.4+45 82.3+3.2 40 905+27 +9.9
Position Accuracy 5.67 + 4.89 + 6.12 +
(mm) 8.45+1.23 098 7.21+1.15 087 105 3.21+0.65 -34.4
Orientation 241+ 2.08+ 267+
Accuracy (deg) 3.78 £0.56 042 3.12+0.48 038 045 1.37+0.31 -34.1
ReSp‘Err‘r'f:)T'me 145+18 | 89+12 | 132416 | 76+10 | 98+14 54+8 289
Learning
Convergence N/A 81+ |\ appamy | 108+31 | 20 142 +22 283
; 45 38
(trials)
Computational 457 £ 296
Efficiency (TOPS) 123+1.8 6.2 18.9+2.4 38.4+5.1 43 23.8+3.2 -38.0
0.74 + 0.79 071+
Robustness Score 0.61 £0.08 006 0.68 £0.07 005 006 0.86 £0.04 +8.9
Generalization 0.67 + 071+ 059+
Index 0.43 +£0.09 0.08 0.52+0.10 0.07 0.09 0.83+£0.06 +16.9

5.2. Evolutionary optimization

DEO data are summarised in Table 2 and Figure 4 for the
purpose of determining the optimal NN and parameters
for EC. This research was tested over 50 separate
evolutionary coding runs, each consisting of 200
generations [Table 3]. The investigation focused on
convergence features, architectural diversity, and
emergent properties of evolved solutions. A significant
improvement in fitness scores was observed after
implementing the evolutionary optimization method,

with the best individual achieving a score of 0.924.
Increasing the number of attention layers from 2 to 4.7 +
1.2 resulted in a 12.4% improvement. Fusion modules
evolved from single components to 3.2 = 0.8 modules,
resulting in an improvement of 18.7%. The total number
of memory units increased from 512 to 847 + 156,
corresponding to a 15.2% improvement in performance.
A 9.8% improvement was achieved by increasing
hierarchical levels from 3 to 5.1 + 0.9. Due to a decrease
in connection density, selective bypass connections have
been implemented.
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Table 2. The results of Evolutionary optimisation

Metric Generation 50 | Generation 100 | Generation 150 | Generation 200 I_3e_st Population
Individual mean
Fitness Score 0.652 + 0.084 0.741 + 0.067 0.823 +0.052 0.876 £ 0.043 0.924 0.876 £ 0.043
Network
Complexity 127 + 23 156 + 31 189+ 28 203+ 25 247 203+ 25
Convergence Rate 0.124 0.089 0.051 0.023 - -
Population 0.78 £0.12 0.65 +0.09 0.48 +0.08 0.34+0.06 - 0.34£0.06
Diversity
Pareto Front Size 124 +£3.2 18.7+4.1 23.6+3.8 27.3%45 - 27.3%45
Elite Retention 15.2 18.7 22.1 25.4 : 25.4
(%)
Mutation Success | 35 154 31.2+47 28642 249+38 : 249+38
Rate (%)
crossover 067+0.11 0.74£0.09 0.71+0.08 0.68+0.07 - 0.68 +0.07
Effectiveness
Table 3. The summary of the Evolved network features
Network Component Baseline Fixed Evolved Optimal Frequency (%) Performance Impact
Attention Layers 2 47+1.2 89.3 +12.4%
Fusion Modules 1 3.2+0.8 76.8 +18.7%
Memory Units 512 847 £ 156 92.1 +15.2%
Hierarchical Levels 3 51+0.9 84.6 +9.8%
Connection Density 0.65 0.43 £0.08 78.4 +8.3%
Activation Diversity 2 types 4.8 + 1.1 types 95.2 +6.7%
Skip Connections 0 73+21 87.9 +11.5%
Recurrent Loops 3 1.8+£0.6 69.2 +7.2%

The evolutionary optimisation process exhibited a
progressive improvement in network performance across
generations, as shown in Table 2. The fitness score
increased steadily from 0.652 + 0.084 at generation 50 to
0.876 + 0.043 at generation 200, indicating effective
convergence of the proposed DEO framework. Although
population diversity decreased during evolution, a
sufficient Pareto front size and mutation success rate
were maintained, demonstrating a balanced trade-off
between exploration and exploitation. Furthermore, the
evolved network characteristics presented in Table 3
indicate that the optimization process automatically
increased architectural complexity. The average number

Eveolutionary Optimization P

Fitness Seare Architecture Complewity

5t

of attention layers increased from 2 to 4.7 £ 1.2, while
the number of fusion modules increased from 1 to 3.2 £
0.8, leading to improved multimodal sensory integration.
Similarly, memory units and hierarchical levels increased
significantly, enhancing learning capability and context-
aware cognitive processing. The reduction in connection
density accompanied by selective bypass connections
indicates that the evolved architecture achieved higher
efficiency without unnecessary complexity. These results
demonstrate that the proposed DEO mechanism
successfully discovers robust neural architectures that
improve manipulation performance, adaptability, and
generalisation capability.
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Figure 4. The performance results of evolutionary optimisation
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5.3. Manipulation Task

These findings from the manipulation task across an
array of manipulation scenarios are presented in Table 4
and Figure 5. A total of 1,200 manipulation trials were
carried out across multiple tasks to provide evidence for
the test's results. Object grasping achieved 8.5%
improvement, and precision location tasks showed 10.4%
improvement. Tool manipulation and bimanual
coordination tasks showed improvements of 17.0% and
22.0%. Container operations achieved an 89.3% success
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Table 4. The analysis of the Manipulation task
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rate. Dynamic interaction tasks showed 24.2%
improvement. The performance of the evolved EC was
consistent across complexity levels, with basic
manipulation tasks achieving a success rate of 96.8% and
rapid adaptation in 8.3 + 2.1 trials [Table 5]. The
percentage of performance improvement decreased as
task complexity increased, reaching 78.9% for expert-
level tasks that required fragile materials and partial
visual visibility. From 8.3 trials for basic tasks to 34.2
trials for experienced scenarios, the probability of
adaptation increased substantially.
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Figure 5. The graphical representation of the manlpulatlon task

. . . . Force
Trial DEO-EC Best Baseline Execution Time
Task Type 0 0 Improvement (%) Control
Count Success (%) (%) (s) RMSE (N)
Object Grasping 300 947+2.1 87.3+34 +8.5 2.34+£0.42 0.89 £0.15
Precision Placement 250 91.2+28 82.6+4.1 +10.4 3.67 £0.58 1.12+0.23
Tool Manipulation 200 87.5+£3.2 748 4.7 +17.0 5.23£0.89 1.45+0.31
Bimanual 180 84.4+36 69.2+5.2 +22.0 6.78+1.12 1.87+0.42
Coordination
Container
Operations 150 89.3+£29 76.4+43 +16.9 456 £0.73 1.24+0.28
Dynamic Interaction 120 81.7+4.1 65.8+5.8 +24.2 7.45+1.34 2.13+0.56
Table 5. The analysis of task complexity
Complexity Object Types Environmental DEO-EC Adaptation Rate | Generalization Score
Level Factors Performance
. 5 primitive .
Level 1 (Basic) shapes Structured workspace 96.8+14 8.3 + 2.1 trials 0.91£0.05
Level 2 12 mixed objects Moderate clutter 924+23 12.7 £ 3.4 trials 0.84 £0.07
(Moderate)
Level 3 20 irregular High clutter 87.1+3.1 18.6 + 4.2 trials 0.76 £0.09
(Complex) shapes
Level 4 30 deformable - .
(Advanced) objects Dynamic obstacles 826+38 25.4 +5.1 trials 0.68+0.11
Level 5 (Expert) 40 fraglle Partial observability 789+45 34.2 £6.7 trials 0.61+0.13
materials
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5.4. EC evaluation

EC evaluation analysis included 800 CN trials. Attention
allocation improved by 22.5%, working memory
performance by 27.7%, and predictive processing by
36.2%. Goal decomposition improved by 23.2%, action
selection by 20.5%, and body schema adaptation by
32.3%. An evaluation of sensory-motor integration

demonstrated a visual-motor coupling score of 0.91 +
0.04, with adaptation observed across 14.2 + 3.1 trials
during the task. A score of 0.86 + 0.05 has been stated for
the integration of sensory and motor functions [Table 7].
Proprioceptive awareness achieved a score of 0.93 +
0.03. Multi-modal coherence reported a score of 0.88 +
0.04. Temporal synchronisation and adaptive calibration
were also evaluated.
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Figure 6. Cognitive behavior

Table 6. A summary of Cognitive behavior analysis

. : DEO-EC Baseline o . -
Cognitive Function Performance Average Improvement (%) Consistency Index | Efficiency Score

Attention Allocation 0.87 £ 0.06 0.71+0.09 +22.5 0.92+0.04 0.84 £0.07

Working Memory 0.83 £0.07 0.65+0.11 +27.7 0.89 +0.05 0.78 £ 0.09

Predictive Processing 0.79 £0.08 0.58 +0.12 +36.2 0.85 + 0.06 0.76 £ 0.08

Goal Decomposition 0.85 +0.05 0.69 +0.08 +23.2 0.91 +£0.03 0.82 +0.06

Action Selection 0.88 +0.04 0.73+0.07 +20.5 0.94 +£0.03 0.86 +0.05

Body Schema
Adaptation 0.82 £0.06 0.62 £0.10 +32.3 0.87 £0.05 0.79 £0.07
Table 7. Sensorimotor integration test
Integration Aspect Measurement Method DEO-EC Baseline Score Correlation Adaptation Speed
Score Strength
Visual-Motor Coupling Cr°sz;]°zic|’;§;at'°“ 091+0.04 | 0.74+0.08 0.89 £0.05 14.2 3.1 trials
Tactile-Motor Integration Fm:(fczerzgzac" 0.86+0.05 | 0.68+0.09 0.84 +0.06 18.7 + 4.2 trials
Proprioceptive Awareness | Joint state prediction | 0.93 +0.03 0.79 £ 0.06 0.91+0.04 9.8 £ 2.4 trials
Multi-modal Coherence Information 0.88+0.04 | 0.71£0.07 0.86 +0.05 16.5 + 3.8 trials
consistency
Temporal - .

Synchronization Phase alignment 0.84 £0.06 0.65+0.10 0.82 £0.07 21.3 £ 5.1 trials
Adaptive Calibration Error compensation 0.89 + 0.05 0.72 £0.08 0.87 £ 0.06 12.6 £ 2.9 trials

Four experimental configurations were evaluated:
(i) Baseline Cognitive Network without MSF and DEO,
(ii) MSF-enabled model without DEO optimization,
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(iiiy DEO-enabled model without hierarchical sensor
fusion; (iv) the complete DEO-EC integrating MSF and
DEO.
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The results prove that the standalone MSF module
significantly ~ improved  multimodal  perception
consistency, sensor synchronization, and manipulation
precision. Specifically, the MSF-only model achieved a
task success rate of 84.2 + 3.1%, improving over the
baseline model (75.8 + 4.0%) by nearly 11.1%. Position
accuracy improved from 6.12 + 1.05 to 4.26 + 0.79 mm,
while force control RMSE decreased by 18.4%,
indicating enhanced sensorimotor integration capability.
Similarly, the DEO-only configuration substantially
improved adaptive learning, convergence speed, and
optimization stability. The DEO-enabled model achieved
a task success rate of 86.7 + 2.9%, with learning
convergence reduced from 245 + 38 trials to 161 + 26
trials, representing a 34.3% improvement. The
robustness score also increased from 0.71 + 0.06 to 0.81
= 0.05, indicating the effectiveness of evolutionary
optimization in adapting the cognitive network’s
topology and control policies.

Table 8. Ablation study of MSF and DEO components

The integrated DEO-EC consistently achieved the best
overall performance across all evaluation metrics. The
combined model achieved a task success rate of 90.5 +
2.7%, a position accuracy of 3.21 + 0.65 mm, a response
time of 54 + 8 ms, a robustness score of 0.86 + 0.04, and
a generalization index of 0.83 + 0.06. Compared with the
individual modules, the integrated model achieved an
additional 4.3% improvement over the DEO-only
configuration and 7.5% over the MSF-only model,
indicating the complementary interaction between
hierarchical sensor fusion and deep evolutionary
optimization.

The ablation analysis further revealed that MSF primarily
contributes to enhanced perceptual coherence and
adaptive sensorimotor synchronization, whereas DEO
significantly improves evolutionary adaptation, network
generalization, and convergence efficiency. The
combined integration of MSF and DEO therefore enables
synergistic improvements in embodied cognition,
manipulation intelligence, and adaptive robotic behavior
in dynamic environments.

Model Confiquration Task Success | Position Accuracy | Response Time | Learning Convergence | Robustness
9 Rate (%0) (mm) (ms) (Trials) Score
Baseline Cognitive 758+4.0 6.12+1.05 98 + 14 245 + 38 0.71+0.06
Network
MSF without DEO 84.2+3.1 4.26 £0.79 73+11 201 + 29 0.77 £0.05
DEO without MSF 86.7+2.9 3.94+0.71 65+9 161+ 26 0.81 £0.05
Proposed DDEE%)EC (MSF+| 905427 3.21+0.65 5448 142+ 22 0.86 +0.04

To ensure the statistical reliability of the proposed model,
all  experiments were repeated across several
manipulations and cognitive evaluation conditions. In
particular, 500 manipulation trials were conducted to
evaluate system performance for each baseline method,
1,200 manipulation experiments were conducted to
evaluate system performance across a variation of task
types for cognitive assessment, and 800 manipulation
experiments were conducted to evaluate system
performance for embodied cognition. Also, 50
autonomous evolutionary optimization runs were
conducted over 200 generations each to study
convergence behavior and network stability. Mean
values, standard deviations, convergence statistics, and
significance measures are now reported in the revised
manuscript for all experiments.

The statistical analysis shows that the proposed DEO-EC
achieved a task success of 90.5 * 2.7%, which is 9.9%
higher than that of the best baseline multi-modal fusion
method (82.3 £ 3.2%). Position accuracy improved from
4.89 +0.87 to 3.21 £ 0.65 mm, while orientation accuracy
improved from 2.08 £ 0.38° to 1.37 £ 0.31°. The response
time was shortened from 76 + 10 to 54 + 8 ms, a 28.9%
reduction. There was an increase in learning convergence
from 198 + 31 to 142 + 22 trials, a 28.3% increase. The
robustness score was also increased to 0.86 + 0.04 and
the generalization index to 0.83 + 0.06. All the main

performance boosts had p-values > 0.001, indicating high
statistical reliability.

Explicit reporting of network evolution parameters was
also added to provide additional methodological clarity:
mutation success rate (24.9 + 3.8%), population diversity
(0.34 £ 0.06 at generation 200), Pareto front size (27.3 =
4.,5), and elite retention rate (25.4%). The updated
manuscript also includes detailed descriptions of the
hardware setup, methods for sensory synchronization,
baseline-comparison protocols, complexity-level
evaluation, and sensorimotor integration metrics to
ensure transparency and reproducibility of the proposed
framework.

5. CONCLUSION AND FUTURE WORK

This study presented a model for ER and manipulation
capabilities in HR by combining hierarchical MSF with
DEO. NNs optimized by evolutionary algorithms were
used to achieve intelligent behaviors. The simulation test
resulted in a 34.7% increase in manipulation success rate,
a 28.3% decrease in task time, and a 41.2% improvement
in adaptation speed compared to baseline methods.

The model provides enhanced adaptability, robustness,
and generalization capabilities for autonomous RM. The
approach can be applied in real-world domains such as
healthcare, manufacturing, and services.
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