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Abstract. This study compares the performance of different artificial neural
network models for data classification problems. The models used include
Multilayer Perceptron (MLP), Kolmogorov–Arnold Network (KAN), and
Liquid Time-Constant Networks (LTC). Model training was performed on the
MITBIH ECG dataset, and modern optimization strategies with different loss
functions were systematically compared. Evaluation metrics such as accuracy,
macro-F1, precision, and recall were assessed. The findings show that KAN
models provide high accuracy, while LTC models operate more slowly due to
their time-step based calculations.
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1 Introduction

A significant gap in the current literature is the absence of an evidence-based
implementation guide that evaluates the interactions between loss functions and
optimizer for artificial neural network (ANN), particularly when processing unstable
health data such as ECGs. This study was conducted because determining the
compatibility of a particular loss function and optimizer with the applied model is a
challenging task.
Determining the optimal fit between a given loss function, an optimizer, and the
implemented model remains a challenging task. To overcome this challenge, we
conducted a systematic and reproducible experimental study on the MIT-BIH
Arrhythmia dataset. This study comparatively examines modern artificial neural
network models for solving the data classification problem. Three different model
families were selected for the experimental analysis. These models are Multilayer
Perceptron (MLP), Kolmogorov Arnold Network (KAN), and Liquid Time Constant
Networks (LTC). A comprehensive experimental design was implemented using
various loss functions such as Cross Entropy (CE), Focal Loss (FL) and Label
Smoothing Cross Entropy (LSCE), optimizer such as Adam, AdamW, Stochastic
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Gradient Descent (SGD), Adagrad and RMSProp. Each model was tested with 3
different loss functions and 5 different optimizers. Thus, the study revealed which
architecture was more suitable in terms of both performance and computational cost.
The results we have obtained are practice‑oriented guidance.
In comparative experiments, CE/LSCE consistently provided high accuracy in
imbalanced ECG data when used in conjunction with Adam/AdamW. KAN showed
competitive performance with MLP and under the evaluated representation and time
step settings, LTC was observed to train more slowly. These observations shed light
on the suitability of the model training strategy under data unstable and computational
constraints.
The geometry of the loss surface, local minima, saddles, straight directions, multiple
fractal structure, and large-scale connectivity, fundamentally shapes the optimization
trajectories, convergence speed, and generalization performance across model
families. Therefore, a comparative study aiming to reveal how different loss functions
interact with the optimization landscapes of KAN, MLP, and LTC should utilize
diagnostics that capture the curvature, modality, and dynamic signatures of the
optimization, and select loss targets and optimization algorithms whose interactions
with the landscape structure are well-defined in literature [1-4].
Understanding the interaction between the choice of loss function and the resulting
optimizers is crucial for predicting training dynamics and the ability to generalize
across model families [3], [4], [5].
This study fills a gap in the literature by systematically comparing KAN, MLP, and
LTC architectures on the MIT-BIH Arrhythmia dataset under a single documented
and reproducible protocol using three loss-based and five optimizers. The evaluation
focuses not only on accuracy but also on practical metrics such as macro-F1.
The rest of the article is structured as follows. Related work in section 2 summarizes
previous work and identifies research gaps. Section 3 examines preprocessing and
details the architecture of ANN, loss functions and optimizers. Section 4 examines the
methodology. Section 5 describes experimental studies and analyzes the results.
Section 6 summarizes the conclusions.

2 Related Work

While prior work covers architecture, loss functions, and optimizers, joint
comparisons of MLP/KAN/LTC, CE/Focal Loss/LSCE,
SGD/Adam/AdamW/RMSProp/Adagrad under a single, documented protocol on
MIT‑BIH, with accuracy, macro‑F1 reported together, remain limited. Our study
addresses this gap and offers practice oriented guidance for ECG classification under
class imbalance and compute constraints.
Prior work provides comprehensive surveys of MLP architecture, training,
regularization/generalization, design choices, variants and hybrids, and application
domains. The synthesis integrates empirical findings and methodological
recommendations reported in applied and methodological studies, creating a
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consistent guide for researchers and practitioners who design, train, evaluate or
compare MLPs in applied settings [6-13].
KAN variants have been used for rolling bearing fault diagnosis, EEG seizure
detection, and ECG arrhythmia classification, reporting improved robustness and
interpretability in those settings [14], [15].
Training LTCs benefits from principled loss selection and from using adaptive
gradient optimizers together with solver–optimizer co design to stabilize gradients
and improve convergence [16-22].
Cross entropy is a canonical supervised classification loss that compares a predicted
probability distribution to a target distribution and yields gradients suitable for
gradient based training. Once a model produces a differentiable output, a
differentiable loss such as cross entropy may be used to train the network by gradient
based procedures. Wunderlich & Pehle show that exact gradients can be computed for
a general loss function, which includes cross entropy as a standard differentiable
classification loss. Wunderlich and Pehle show that exact gradients can be obtained
for a general differentiable loss and because Yin et al. demonstrate training schemes
for liquid neurons compatible with differentiable losses, any differentiable variant of
cross entropy is theoretically trainable in LTC/spiking frameworks using the methods
described in [23], [24].
Multiple empirical studies document that adaptive optimizers such as Adam,
RMSProp, Adagrad typically enable faster decrease of training loss and faster wall
clock progression during early epochs, whereas SGD with momentum tends to
produce solutions with better generalization when carefully tuned, this tradeoff is
widely reported in both survey and empirical benchmark studies [25], [26], [28], [29],
[30].
Modern optimization algorithm selection requires striking a pragmatic balance
between speed, stability, and generalization. Adaptive optimizer such as Adam and
RMSProp should be used when rapid development and ease of adjustment are
important, AdamW should be used when weight reduction adjustment is required,
Adagrad should be preferred for sparse problems, and SGD or a hybrid adaptive SGD
strategy should be used when ultimate generalization performance is prioritized. The
aforementioned survey, robustness, and comparative studies provide both the
theoretical framework and empirical evidence that motivate these recommendations
[25], [26], [27], [28], [30].
Precision penalizes false positives while Recall penalizes false negatives. The
operating decision threshold on continuous prediction scores controls this trade-off,
and practitioners inspect Precision–Recall pairs and the confusion matrix to select
thresholds appropriate to their risk profile, many medical and detection studies report
sensitivity and specificity alongside precision and accuracy to characterize clinically
relevant trade-offs [32], [33], [34].
F1-Score balances precision and recall and is particularly useful when a single
composite metric is required and the costs of false positives and false negatives are
comparable. Applied classification studies often report both per-class F1 and per-class
precision/recall so that readers can examine asymmetric error patterns [31], [32].
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3 Background

Loss functions form the training dynamics of neural networks. A loss function maps
the predicted outputs and the actual value to a scalar that quantifies the model error
and minimizing the expected loss on the data is the fundamental optimization goal of
learning.
Optimizer uses the gradients of this objective to update parameters to reduce loss on
the training data. Optimizer are methods for finding the minimum or maximum values
of objective functions. The selection and configuration of an optimization algorithm
greatly influence the quality of the solution, the speed of convergence, the ability to
generalize, and the computational cost.

3.1 Loss Functions

To analyze the effects of the KAN, LTC and MLP models on optimization, three
different loss functions were compared. Cross-Entropy Loss, Weighted Focal Loss
and Label Smoothing Cross-Entropy were used as loss functions.
In classification problems, the CE standard approach minimizes the difference
between the predicted probability distribution and the actual labels. The multi-class
CE loss used in this study is defined in Eq. (1):

��� =− �=1
� ��� log �� (1)

To reduce class imbalance and the dominance of easy examples, Focal loss is
designed to down weight examples and focus learning on hard examples. It is
formulated by adding a modulation factor. The formulation of Focal Loss is given in
Eq. (2):

��� =− 1 − ��
� ��� �� (2)

Here, �� is the probability that the model predicts for the correct class. It is
commonly expressed as a modulated version of cross entropy with a tunable
focusing parameter γ and an optional class weighting factor α to address class
imbalance.

Label Smoothing is a function used in ANN models to prevent overconfidence and
improve the model's generalization ability. To break the model's overconfidence
and increase its generalization ability, softened labels are used instead of hard labels.
The smoothed target obtained by label smoothing is defined in Eq. (3):

��
�� = 1 − ϵ �� + ϵ

�
(3)

Here, ϵ is smoothing factor.

3.2 Optimizer

The general structure of an optimizer consists of the basic steps of gradient
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calculation, internal state update, direction and magnitude determination, and
parameter update. It is expressed as a mathematical formula as follow Eq. (4):

��+1 = �� − � ⋅ � ��, �� (4)

Here, w is model parameters, weights, � is learning rate, �� is current gradient, ��
is optimizer's memory and � is optimizer's decision function.

Adam is a popular optimizer that combines both momentum and adaptive learning
rate methods. For each parameter, the average and the average of the squares of past
gradients are maintained. Parameter update for Adam is given as Eq. (5):

θ�+1 = θ� − α ���
��� +ε

(5)

Here, � is learning rate, ��� is first moment of gradients, �� is second moment of
gradient squares, ε is small constant.

AdamW is a variant of the Adam algorithm that implements weight decay more
accurately. While weight decay in classical Adam is implemented by adding it to
gradients, AdamW performs it separately from parameter updates. Parameter update
for AdamW is given as Eq. (6):

θ�+1 = θ� − η  ���
��� +ε

− η λ θ� (6)

Here, η is learning rate, λ is weight decay constant.

SGD is one of the most basic optimizer. It calculates the gradient and updates
parameters using a small subset of data in each iteration. Parameter update for SGD
is given as Eq. (7):

θ�+1,�  =  θ�,�  −  η ��,� (7)

Here, �� is the vector of all parameters in t-th iteration, ��,� is the scalar value of the
i-th parameter at the t-th iteration, ��,� is the i-th component of the gradient.

RMSProp is an algorithm that provides an adaptive learning rate. By keeping the
exponential mean of the squares of the gradients, it determines a different learning
rate for each parameter. Parameter update for RMSProp is given as Eq. (8):

θ�+1 = θ� − η  ��

� ��
 2 +ε

(8)

Here, ρ is decay rate, �� is parameters in step t, �� = ∇��ℒ� is the gradient of that
step.

Adagrad is an algorithm that adapts the learning rate based on the sum of the
squares of the past gradients for each parameter. It reduces the learning rate for
frequently updated parameters while keeping the learning rate high for infrequently
updated parameters. Parameter update each component for Adagrad is given as Eq.
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(9):

θ�+1,�  =  θ�,�  −  η  ��,�
 ��,� +ε

(9)

Here, i is parameter index and � �,� is sum of the squared gradients of the parameter.

3.3 Architecture of ANN Models

3.3.1 Multilayer Perceptron

MLP is a classic artificial neural network consisting of fully connected layers. It is
one of the most fundamental architectures of artificial neural networks and is
composed of fully connected layers. In each layer, the input data undergoes linear
transformation, followed by the application of nonlinear activation functions. This
structure is suitable for learning relationships between features and is widely used,
particularly in data classification. Its simplicity and rapid training make it a preferred
choice in many applications. Figure 1 shows the structure of MLP.

Fig. 1. Structure of MLP

3.3.2 Kolmogorov Arnold Network

The Kolmogorov Arnold Network is a new artificial neural network architecture
introduced in 2024 by researchers at MIT, Caltech, and others, offering a radical
alternative to MLPs, which have been the standard in deep learning for the past 10-
15 years. KAN is an architecture that provides functional flexibility through a
kernel-based spline approach. KAN is an architecture developed based on the
Kolmogorov–Arnold representation theorem. The overall architecture of the
Kolmogorov Arnold Networks is shown in Figure 2.
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Fig. 2. The overall architecture of the Kolmogorov-Arnold Networks [35]

3.3.3 Liquid Time-Constant Networks

LTC is a continuous-time dynamic Recurrent Neural Network (RNN)-based model
designed for time series modeling. Unlike traditional RNNs, LTC cells are defined
by differential equations, and the state of each neuron is continuously updated over
time. This feature makes LTC a more flexible and biologically inspired model for
time series data. Figure 3 shows the general architecture of Liquid Time Constant
Networks.

Fig. 3. The overall architecture of the Liquid Time-Constant Networks

4 Methodology

Our study involved testing three different ANN models using three different loss
functions and five different optimizers, resulting in a detailed comparison. Figure 4
shows an overview of the methodology.

Fig. 4. The overview of the methodology
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Figure 4 illustrates the end to end experimental stages of the study. Samples from
the MIT-BIH Arrhythmia dataset are fed into three different architectures via
separate streams after a common preprocessing step. For each architecture, training
was conducted using three different loss functions such as Cross-Entropy, Focal
Loss, and Label-Smoothing CE and each configuration was run under the same
training protocol with five optimizer. This resulted in 45 different outcomes, all
combinations of which were evaluated in a comparable and reproducible manner.

In all experiments, data is processed using the same train/validation/test partitioning
and Z-score normalization. Hyperparameters such as batch size, epoch, and initial
learning rate are kept constant at the baseline level and gradient clipping is applied
using the same rules. Class weights for Weighted CE were derived from the training
distribution, and alpha and gamma values ​ ​ were reported for Focal Loss. Each
architecture-loss-optimizer combination was run with at least one fixed seed, and
the results were reported as averages. Thus, convergence speed, stability, and
generalization behavior can be isolated from the effects of optimizer and loss
selection.

The output of each experiment, accuracy, macro-F1, and precision/recall was
aggregated. Colored arrows visually distinguish which architecture was used for
training, along with which loss and optimizer. Finally, tables and training validation
curves summarize the performance-cost profile of each combination.

Features were scaled using Z-score normalization. For architectures trained with
PyTorch, normalization was applied on a sample by sample basis within the dataset.
The aim is to prevent data leakage and ensure scale consistency.

4.1 Structure of Models

The study compares three main architectures. These are KAN, MLP, and LTC. The
MLP architecture used in this study consists of 3 hidden layers by default. Each
hidden layer comprises Linear, BatchNorm1d, ReLU, and Dropout blocks,
respectively. The network terminates with a linear output layer for classification.
The default hidden dimension is 128, and the depth is set to 3, these
hyperparameters can be adjusted according to the experimental scenario. The KAN
architecture features two KAN layers between the input and output. Each KAN
layer applies learnable piecewise linear transformations on a fixed grid for each
input feature, and the resulting transformations are summed up along with the bias
to produce the output. GELU activation and dropout are used in the intermediate
layer. The default settings are grid size 16 and hidden size 64, which can be
changed according to requirements. The LTC architecture is built on an LTC cell
created using AutoNCP wiring from the NCPs library. The default number of NCP
neurons is 12, and hyperparameters such as time step, integrator, and number of
neurons can be reconfigured for different setups.
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5 Experimental studies

In this study, hyperparameters were kept constant to ensure fair and reproducible
comparisons. The batch size was set at 128, the initial learning rate at 1×10⁻³, and
the training duration at 15 epochs. Additionally, the number of NCP neurons for the
LTC architecture was 12. To prevent overlearning during the training process,
gradient clipping was applied, and the learning rate scheduler was optionally tested.
All experiments were performed in Visual Studio Code using Python.

5.1 Data Set

This study utilized the MITBIH Arrhythmia ECG dataset. The dataset consists of
time-series data representing different arrhythmia types, commonly used for heart
rhythm classification. Each sample represents a heartbeat signal of a specific length
and is presented with class labels. With Z-score normalization, the mean and
standard deviation were calculated for each feature, thus normalizing the data.

In this study, MIT-BIH Arrhythmia data was loaded from two separate files. These
are mitbih train file and mitbih test file. With data splitting, the dataset was divided
into 68% training, 12% validation and 20% testing ratios. All samples in the test file
were used as the test set. Thus, the data flow was standardized in the form of
training, then validation, and finally testing.

5.2 Evaluation metrics

In addition to accuracy, macro-F1 was reported as the primary metric to accurately
reflect the effect of class imbalance, precision and recall were also measured. Macro
F1 was used because it calculates the F1 Score separately for each class in the
dataset and then takes the arithmetic mean of these scores, and because the dataset
is unbalanced. The primary reason for using these metrics is to evaluate model
performance from different perspectives and to avoid the misleading nature of
relying on a single measure, such as accuracy, especially in datasets with
unbalanced classes.

Accuracy is the ratio of correctly predicted samples to the total sample size. Eq. (10)
defines accuracy.

Accuracy = Number of Correct Predictions
Total number of samples

(10)

Precision focuses on reducing false positives. It is critical for lowering the number
of false alarms in healthcare applications. Eq. (11) defines precision.

Precision = True Positive
True Positive + False Positive

(11)

Recall indicates the rate at which true positives are detected. Since missed cases in
disease detection can have serious consequences, recall must be high. It shows how
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many true positive samples are correctly predicted. Eq. (12) defines Recall.

Recall = True Positive
True Positive + False Negative

(12)

In unbalanced datasets, F1 is more meaningful than accuracy. It is the harmonic mean
of precision and recall. Eq. (13) defines F1-Score.

F1 = 2 × Precision×Recall
Precision + Recall

(13)

5.3 Results

Comparisons of training duration and convergence curves with uniform axes/styles
Figures 5. Figures 5 show the validation accuracy graphs for the KAN, LTC, MLP.

Cross Entropy Focal Loss Weighted Label Smooting
KAN KAN KAN

LTC LTC LTC

MLP MLP MLP

Fig. 5. Validation Accuracy Results
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When using the KAN model with CE or LSCE and the Adam/AdamW optimizer,
fast convergence, high test accuracy, and high macro F1 were achieved. Adagrad,
used with the KAN model, was stable but had low minority class performance.
RMSProp was choppy and generally lower. SGD was slow and low.

Experiments conducted for MLP show that the choice of optimization is crucial.
With Adam/AdamW, both Cross Entropy and LSCE losses converged rapidly
within the first few epochs, and validation accuracy reached the 97.5–98% range,
this was confirmed in testing with 97.7–97.8% accuracy and approximately 0.87–
0.88 macro-F1. RMSProp/Adagrad reached lower plateau values, while SGD
showed slow and low convergence without a scheduler/momentum. In Focal Loss
configurations, learning did not practically begin due to insufficient α–γ settings,
and validation accuracy remained in the 10–16% range. Therefore, the most reliable
choice in this dataset is the combination of CE or LSCE and Adam/AdamW.

LSCE and Adam/AdamW yielded stable and high validation accuracy for LTC,
label smoothing reduced overconfidence and improved calibration. Learning did not
begin with SGD/RMSProp/Adagrad. Results with CE and Adam/AdamW were very
close to LSCE, the optimizer was the primary determinant in LTC.

Adam and AdamW have demonstrated the highest accuracy, fastest convergence,
and highest stability in all successful scenarios. They are the only working solutions,
especially in architectures with complex dynamics like LTC. Adagrad has been a
safe but slow alternative to MLP and KAN, but has failed in LTC. RMSProp, on the
other hand, has exhibited high volatility and has generally lagged behind the Adam
family. SGD proved insufficient for this dataset and architectures within the
examined hyperparameter space. The convergence speed is very low, and it failed to
overcome local minima.

The results show that F1 values ​ ​ are critical, especially due to class imbalance.
Table 1 shows the best configuration such as accuracy, macro-F1 for each model.
The best combination results of the models are shown in the appendix Table 1.

Table 1. Summary table for the best combinations of models.
Model Optimizer Loss Test Accuracy Macro F1
MLP Adam CE 0.978 0.879
KAN Adam CE 0.974 0.874
LTC AdamW LSCE 0.918 0.493

When dealing with unbalanced data, accuracy alone is not enough, Macro-F1 shows
how well you capture minority groups. The wide difference between Accuracy and
Macro-F1 indicates that the model is missing minority groups, therefore Macro-F1
has been reported as the primary benchmark. Under the same conditions, Adam and
CE, along with MLP and KAN, achieve high accuracy and macro-F1, while LTC,
AdamW, and LSCE exhibit a large accuracy-macro-F1 gap, indicating poor
minority-class performance. MLP and KAN demonstrate balanced performance
with high accuracy and high Macro-F1.

For the MLP model, Adam/AdamW and CE yield the highest performance,
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weighted Focal Loss configurations show significantly lower performance. For the
KAN model, Adam/AdamW and CE/LSCE with KAN provide performance very
close to MLP, SGD and weighted Focal Loss cause a significant decrease. The best
performance for LTC was obtained using the AdamW optimizer and the Cross
Entropy Loss function. With SGD and RMSProp, the performance of LTC was
found to be approximately 82%. MLP and KAN achieved the highest success with
Adam/AdamW optimization. Accuracy is greater than 97%, while Macro F1 is
approximately 0.87–0.88. Focal Loss, while theoretically suitable for unbalanced
classes, produced very low accuracy and F1 scores in practice. SGD proved
insufficient in complex models, Adam and AdamW yielded better results.

Provided in the appendix, Table 2 shows the accuracy and Macro F1 results for
MLP, KAN, and LTC.

6 Conclusion

This study compares different deep learning architectures, MLP, KAN, LTC, and
various loss functions and optimization techniques on the MITBIH ECG dataset.
Experimental results show that model performance is directly related to optimizer
selection and loss function. MLP and KAN architectures provided the highest
accuracy and balanced class performance when using Adam/AdamW optimization
along with CE and LSCE losses. In contrast, Focal Loss configurations were
insufficient for this dataset, and learning performance decreased significantly due to
class imbalance. Although the LTC model offers theoretical advantages for time
series modeling thanks to its continuous-time structure, it did not perform as well as
MLP and KAN in practice.

These findings reveal that simple and powerful optimization strategies, such as
Adam/AdamW and classical loss functions CE and LSCE, remain the most reliable
choice for unbalanced health data. Future research suggests investigating methods
such as class-weighted losses, sampling techniques, and hyperparameter
optimization for Focal Loss to more effectively manage class imbalance.
Furthermore, more advanced regularization and optimization strategies can be
evaluated to improve the performance of continuous-time architectures like LTC.

Experimental analyses revealed that for the problem set under consideration,
configuring the MLP or KAN architectures with the AdamW optimization
algorithm and Label Smoothing Cross Entropy and CE loss functions yielded the
most optimal result, approximately 0.98. The LTC architecture, however, requires a
more selective hyperparameter optimization.

Table 2. Accuracy and Macro-F1 results for MLP, KAN, and LTC.

Model Loss Optimizer Test Accuracy Macro F1
MLP CE Adagrad 0.958 0.723
MLP CE Adam 0.978 0.879
MLP CE Adamw 0.978 0.878
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MLP CE RMSProp 0.969 0.811
MLP CE SGD 0.912 0.484
MLP Focal_w Adagrad 0.148 0.285
MLP Focal_w Adam 0.155 0.288
MLP Focal_w Adamw 0.156 0.286
MLP Focal_w RMSProp 0.141 0.304
MLP Focal_w SGD 0.164 0.166
MLP LSCE Adagrad 0.957 0.730
MLP LSCE Adam 0.978 0.876
MLP LSCE AdamW 0.978 0.873
MLP LSCE RMSProp 0.967 0.825
MLP LSCE SGD 0.909 0.475
KAN CE Adagrad 0.956 0.684
KAN CE Adam 0.974 0.874
KAN CE Adamw 0.973 0.874
KAN CE RMSProp 0.944 0.696
KAN CE SGD 0.872 0.350
KAN Focal_w Adagrad 0.151 0.284
KAN Focal_w Adam 0.161 0.270
KAN Focal_w Adamw 0.230 0.296
KAN Focal_w RMSProp 0.130 0.210
KAN Focal_w SGD 0.027 0.019
KAN LSCE Adagrad 0.958 0.697
KAN LSCE Adam 0.973 0.865
KAN LSCE Adamw 0.974 0.867
KAN LSCE RMSProp 0.943 0.660
KAN LSCE SGD 0.866 0.331
LTC CE Adagrad 0.828 0.181
LTC CE Adam 0.908 0.466
LTC CE Adamw 0.914 0.484
LTC CE RMSProp 0.828 0.181
LTC CE SGD 0.828 0.181
LTC Focal_w Adagrad 0.025 0.009
LTC Focal_w Adam 0.025 0.009
LTC Focal_w Adamw 0.135 0.221
LTC Focal_w RMSProp 0.025 0.009
LTC Focal_w SGD 0.278 0.102
LTC LSCE Adagrad 0.828 0.181
LTC LSCE Adam 0.911 0.473
LTC LSCE Adamw 0.918 0.493
LTC LSCE RMSProp 0.828 0.181
LTC LSCE SGD 0.828 0.181
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