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Abstract. This paper presents a hybrid model that combines Artificial Neural Networks (ANN)
and Gaussian Processes (GP). The goal is to achieve high prediction accuracy while quantifying
uncertainty. The proposed structure is a simple ANN used as the trend of the GP, particularly
emphasizing the joint training of the two models. The ANN+GP exploits the ability of the ANN
to capture complex, non-linear relationships in the data. At the same time, the GP provides
an approach to uncertainty estimation, thus improving the accuracy of the predictions. This
paper emphasizes the importance of concurrent training, which can improve the accuracy of
the prediction model. The algorithm is suitable for any application where both accurate, robust
predictions and uncertainty estimates are critical to enhance the interpretability of the model.
The proposed method has been successfully applied to the frequency response functions of a
simple structure.
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1 Introduction

Machine learning has become widely used for predictive modeling, from engineering and fi
nance to the natural sciences. Two of the most commonly used techniques are Artificia Neural
Networks (ANN) and Gaussian Processes (GP). ANNs identify complex, non-linear relation-
ships in large datasets, making them ideal for classification regression, and feature extraction
[1]. The weakness of ANNSs is that even if they are highly effective at making predictions,
they do not naturally provide uncertainty estimates, a critical componentin different field like
healthcare, finance and engineering, where decision-making depends on knowing how confi
dent one can be in a prediction [2].

While the GP is a probabilistic model, rather than providing a single point prediction, GPs
furnish the underlying function as a distribution, allowing them to generate confidenc inter-
vals around their predictions [3]. This probabilistic capability is beneficia in scenarios where
understandinga prediction’s uncertainty is just as importantas the prediction itself. However,
GP scalability is challenging; in fact, the complexity increases with the size of the data, which
limits their applicability to more minor data sets [4].

Given these models’ complementary strengths and weaknesses, combining ANN and GP
holds significan potential. Hybrid models have been proposed before, but the ANN and GP
are continuously trained in different steps, optimized independently [5, 6} 7| 8]. Inspired by
[9], this paper presents a combination technique in which ANN is used as the mean function
of a GP and applied to two real-world spatiotemporal data sets. Their model uses stochastic
variational inference and sparse GP approximationsto manage scalability and uncertainty esti-
mation. This integration brings a more effective interactionbetween the two models, leveraging
their strengths in a unifie framework.

2 Related Work

While hybrid ANN-GP models have been previously explored, few methods enable a fully
unifie training procedure where both components influenc each other throughoutoptimiza-
tion. Most approaches optimize ANN and GP separately or rely on variational approximations
that decouple the learning process.

In contrast, the method proposed in this work integrates a simple ANN as a trend of an Ex-
act GP. This architecture promotes tighter coupling between feature extraction and uncertainty
modeling, improving calibration and prediction performance.

Deep Gaussian Processes (DGPs) enhance model capacity by increasing the depth within the
GP framework, stacking multiple GP layers to capture hierarchical uncertainty [11]. Other ap-
proaches such as Gaussian Process Regression Networks (GPRNs) [12] aim to model complex,
multi-outputrelationships by combining GPs with latent neural network structures. However,
these methodsintroduce considerable inference complexity and treat the GP as the central com-
ponent. On the otherhand, several methodsfocus on introducinguncertaintydirectly into neural
networks. Bayesian Neural Networks (BNNs) [13] adopt a probabilistic treatment of the net-
work weights, while Monte Carlo Dropout [14] estimates uncertainty by performing stochastic
forward passes at test time. These techniques maintainthe neural architecture as the core model
but add uncertainty through approximate inference mechanisms.

In contrast, the method proposed in this work avoids sequential or independentoptimization
by enabling joint training of both components, ANN and GP. This unifie structure improves
generalization, ensures stable convergence, and provides well-calibrated uncertainty estimates.

By optimizing both algorithms simultaneously, the generalization ability of the ANN is en-
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hanced while providing robust uncertainty quantificatio throughthe GP. This unifie optimiza-
tion improves both predictive accuracy and uncertainty estimation. The results are obtained
using frequency response prediction (FRF) data for mechanical systems [10].

The proposed method is compared with baseline models, including a standalone Gaussian
Process and a standalone Artificia Neural Network. Although inspired by this architecture [9],
the implementationadopted in this work is deliberately simplified relying on an exact GP and
avoiding variational inference or sparse approximations.

3 Methodology
3.1 GP with Neural Network Mean Function (ANN+GP)

This configuratio uses the neural network as a parametric mean function within a Gaussian
Process. The GP models the residual structure around the predictions made by the ANN, al-
lowing for a probabilistic treatmentof the output. An ANN captures the underlying data trend,
while the GP accounts for local variations and provides uncertainty estimates. However, un-
like their implementation, which relies on sparse approximations and variational inference for
scalability, an exact GP model was chosen in the following experiments. A Gaussian Process is
define as:

f(@) ~ GP(m(z), k(z,z")) 1)
where m(z) is the mean function and k(z, 2’) is the covariance function.
In this configuration the mean function m(x) is modeled by a neural network:

where o(+) denotes a non-linearactivation function, such as ReLU.
The covariance function is define using a Matérn kernel:

21— ovr\” 2ur
w0 = 5 () = () ¥
where r = ||z — 2'||, £ is the lengthscale, and K, is the modifie Bessel function of the second
kind.

The resulting model combines the expressiveness of the neural network with the probabilistic
nature of the GP:

f(x) ~ GP(NN(x), k(x, ")) (4)

This formulation allows the GP to model uncertainty arounda learned trend. This work im-
plements the model using an exact GP, avoiding variational approximationsor sparse methods.

4 Results
4.1 Structural Dynamics Dataset

The structural dynamics application is based on a two-degree-of-freedom (2-DOF) mechan-
ical system composed of two masses connected by linear springs and dampers. A harmonic
excitation is applied to the firs mass, and the system response is measured at both degrees of
freedom, resulting in two complex-valued output channels. Uncertainty is introduced in the
stiffness parameter, modeled as k& = ko(1 + x&), where 0, = 5% and £ ~ N (0, 1).

FRFs are computed over a frequency range of 10-35 Hz with a resolution of 0.01 Hz, result-
ing in 2501 frequency points per outputfor 100 samples. The resulting dataset has dimensions
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2 x 2501 x 100. Each complex-valued outputis decomposed into real and imaginary compo-
nents, which are then normalized using a MinMax scaler.

Principal Component Analysis (PCA) is applied separately to the real and imaginary parts,
retaining 99% of the variance. This reduces the dimensionality to 18 components for the real
partand 19 for the imaginary part, maintaining computational efficien y while preserving rele-
vant information.

4.2 Neural Architecture and Gaussian Process Configuration

To ensure a fair comparison between models, the same neural architectureis used for both the
standalone ANN and the hybrid ANN+GP models. The architecture consists of a feedforward
neural network with two hidden layers with 8 and 16 neurons, respectively, each followed by a
ReLU activation function.

For the ANN+GP model, this neural network serves as the mean function of the Gaussian
Process. The GP componentuses a Multitask Matern kernel with v = 2.5, allowing it to jointly
model all outputcomponentswhile capturingsmoothvariationsin the signal. For the standalone
GP, the same kernel and likelihood structureare used. In both cases, the model is trained using
the exact GP formulation with a multitask Gaussian likelihood.

This architectural alignment ensures thatany performancedifferences can be attributed to the
modeling strategy (pure GP, pure ANN, or hybrid) rather than differences in network capacity
or training procedure.

4.3 Results

The performance of the proposed ANN+GP architecture is evaluated against two baseline
models: a standalone Artificia Neural Network (ANN) and a standalone Gaussian Process
(GP).

The evaluation includes the following metrics: Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), coefficien of determination (%), and
execution time.

Itis importantto highlight that the R? values reportedin this work are directly obtained from
the training pipeline, as computed within the PCA-transformed space (i.e., the reduced latent
representation). In contrast, MSE, RMSE, and MAE are computed after reconstructing the
full FRF signal from PCA, and thus reflec prediction accuracy on the original, full-resolution
dataset.

Figure [I|shows a comparison of MSE, RMSE, and MAE values across the two datasets. The
ANN+GP model achieves a test MSE of approximately 11.2 (real) and 11.6 (imag), clearly
outperformingthe ANN baseline (23.6 real, 24.1 imag) and closely matching the performance
of the standalone GP model (11.5 real, 11.0 imag).

These results show that the GP model achieves the best overall performance regarding both
error metrics. However, the ANN+GP model closely matches the GP regarding MSE, RMSE,
and MAE on the reconstructed signal while significantl outperforming the standalone ANN
across all metrics. Although notas expressive as GP in the latent space, ANN+GP still provides
consistent predictions with lower error and better generalization than ANN.

Figure 2| presents the R? scores obtained on the test sets. The GP model achieves the highest
values with R? = 0.61 (real) and R?* = 0.59 (imag), followed by ANN+GP with R? = 0.48
(real) and R? = 0.35 (imag). The ANN model performs worst, with R? = 0.20 (real) and
R? = 0.11 (imag).
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Figure 1: Comparison of MSE, RMSE, and MAE values for each model on real and imaginary componentsof the
FRF.

This suggests that GP best captures the latent dynamics in the reduced space, while ANN+GP
maintains a strong balance between accuracy and robustness—significantl outperformingthe
ANN.
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Figure 2: R? scores on the test sets for the real and imaginary components. GP achieves the highest latent-space
performance, while ANN+GP offers a solid compromise between expressiveness and generalization.

Figures [3]and[4] provide a qualitative visualization of the reconstructed signals for the imag-
inary and real components, respectively. The top panel in each figur shows the true signal,
followed by the predicted signals for each model.

Both ANN+GP and GP accurately capture the key dynamics of the FRF, especially around
resonance peaks. The ANN+GP results appear smoother and more consistent with the ground
truth, with well-calibrated uncertainty In contrast, the ANN model struggles with signal com-
plexity and produces unstable predictions, particularly around sharp transitions.

5 Conclusion

This work presents a hybrid modeling framework that integrates Artificia Neural Networks
(ANNSs) with Gaussian Processes (GPs) by using the ANN as the mean function of an exact GP.
The proposed ANN+GP architecture is jointly trained and aims to combine the expressiveness
of neural networks with the uncertainty quantificatio of GPs.
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Figure 3: Predicted vs true values for the imaginary part of the FRF. ANN+GP and GP closely match the ground
truth; ANN introduces artifacts and underestimates uncertainty

The methodology was evaluated using a structural dynamics application involving predict-
ing frequency response functions (FRFs) under parametric uncertainty Results show that the
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Figure 4: Predicted vs true values for the real part of the FRF. ANN+GP achieves the best visual match to the
ground truth, with stable predictions and well-modeled uncertainty.

standalone GP consistently achieves the highest R? scores in the latent PCA space and slightly
outperformsthe hybrid model regarding MSE and other error metrics. However, the ANN+GP
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model performs comparably to the GP while significantl improving over the standalone ANN
across all evaluation metrics.

Although the ANN+GP framework has shown promising results in spatio-temporal datasets,
its performancein structural dynamics remains limited. This suggests that alternative modeling
strategies may be required to fully capture the underlying physics of such systems. As a poten-
tial remedy, future work will explore architectures where the Gaussian Process is used together
with the neural network, allowing for more fl xible uncertainty-aware predictions tailored to
the dynamic behavior of structural systems.
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