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Hybrid broadband ground-motion simulation using neural networks with
spatial, inter-period, and cross-component correlations

Victor M. Herniandez-Aguirre' - Rajesh Rupakhety! - Roberto Paolucci’ - Manuela Vanini? - Chiara
Smerzini?

Abstract: Simulated ground motions are increasingly used in earthquake engineering, particularly
in regions with sparse strong-motion recordings where constraining non-ergodic ground-motion
models (GMMs) remains challenging. Physics-based simulations (PBS) can reproduce key source
and wave-propagation effects but are often limited to low frequencies, whereas stochastic methods
are computationally efficient but typically lack physically coherent three-component behaviour
and realistic near-fault features. Here we develop a hybrid broadband framework with three main
innovations (i) an enhanced artificial neural network (ANN) that predicts short-period spectral
accelerations (SAs) from long-period PBS SAs and scalar source-site predictor variables, while
jointly modelling the three ground-motion components, (ii) a transfer learning strategy that enables
regional calibration in data-limited settings, and (iii) an explicit multivariate correlation model for
within-event residuals that introduces realistic broadband dependence jointly across space, periods,
and components. The approach is evaluated using regional 3D PBS of the M, 6.5 and M, 6.4 June
2000 South Iceland earthquakes. For this case study, the resulting broadband fields reproduce
observed short-period attenuation and near-fault saturation, are consistent with local Icelandic
GMM trends, and preserve physically plausible directionality and component ratios, including
spatially varying FN/FP patterns and V/H ratios consistent with empirical models. Inter-period
correlations of within-event residuals follow established empirical trends and, importantly, remain
continuous across the stochastic—PBS transition, while spatial correlation ranges are comparable
to published observations. Owing to its computational efficiency, the framework provides a
practical basis for generating spatially and spectrally coherent broadband ground-motion fields for
scenario-based hazard and risk applications.

Keywords: Physics-based numerical simulations; machine learning; transfer-learning;
broadband ground-motion simulation; ground-motion correlation.

1 Introduction

Simulated ground motions have become increasingly important in earthquake engineering practice, particularly
in regions with sparse instrumental strong-motion records or limited coverage of near-fault observations. In
such settings, constraining non-ergodic ground-motion models (GMMs), especially in the near field and for
large magnitudes, remains challenging. Ground-motion simulation approaches are commonly classified into
three categories: deterministic, stochastic, and hybrid.

Deterministic approaches, often referred to as physics-based simulations (PBS), solve the elastodynamic
equations to model seismic wave propagation from the source to the site of interest. PBS can reproduce key
physical phenomena such as near-fault directivity and the effects of topography and complex site conditions.
However, their computational cost and the difficulty of accurately characterizing source complexity and 3-D
regional structure often limit their ability to reproduce high-frequency ground-motion content. Consequently,
PBS are frequently applied up to about 2-3 Hz, although successful applications extending to ~8 Hz have been
reported [1-3]. This can constrain their use in earthquake engineering applications, such as structural analyses
and risk assessment studies, that typically require realistic ground-motion characteristics up to about 10 Hz.

Stochastic simulation methods have their basis in the work of Hanks and McGuire [4], who combined
seismological models of the spectral amplitude of ground motion with the engineering notion that high-
frequency motions are essentially random. Finite-fault implementations are widely used for simulating large-
magnitude events, typically by subdividing the fault into sub-sources and summing their contributions with
appropriate time delays [5]. Each sub-source is modelled as a point-source producing a signal represented by
band-limited white Gaussian noise shaped by source, path, and site effects [6]. Although stochastic methods
are computationally efficient, they exhibit limitations, notably in capturing directivity and in producing
physically coherent three-component seismograms [7].

Hybrid methods leverage the strengths of physics-based low-frequency (LF) simulations and extend their
frequency content by merging LF ground motions with high-frequency components generated using



computationally efficient techniques. Examples include using stochastic ground motions [8], Green’s functions
computed using 1D models with a site-effect correction [9], semi-analytical/semi-numerical source-to-site
procedures combining frequency—wavenumber and spectral-element methods [10], and machine-learning
approaches [11-14]. Recent machine-learning (ML) assisted hybrid methods have also combined 3D PBS with
ANN models to predict broadband surface ground-motion parameters from bedrock simulations and site
information [14]. These developments demonstrate the increasing role of hybrid and data-driven strategies in
broadband ground-motion simulation. However, most existing hybrid approaches focus primarily on extending
the frequency content or predicting marginal intensity measures, whereas fewer methods explicitly address the
joint spatial, inter-period, and cross-component dependence required for spatially distributed engineering
applications.

Earthquake recordings show that ground-motion intensity measures exhibit both spatial correlation and inter-
period (inter-frequency) correlation. Over the past decades, numerous studies have investigated the spatial
correlation of response spectra [15-18], as well as inter-period correlations in response spectra and inter-
frequency correlations in Fourier spectra [19-25]. Several works have also shown that neglecting these
correlations can bias risk estimates, typically leading to an underestimation of seismic risk [22,26-28].
Although PBS inherently include realistic spatial correlation of LF motion arising from source and path effects
[29,30], many stochastic and hybrid simulation methods do not provide realistic broadband (BB) spatial and/or
inter-period correlation, or exhibit artificial loss of correlation near the LF-HF transition [31]. This limitation
is particularly relevant when simulated motions are used as inputs to portfolio risk, spatially distributed
infrastructure assessment, or multi-period vector-valued engineering demand models.

The objective of this work is threefold. First, we develop and evaluate an enhanced version of the ANN
architecture proposed by Paolucci et al. [13] to predict short-period spectral accelerations (SAs) from long-
period SAs obtained from PBS. More broadly, ML methods have increasingly supported engineering
seismology by improving ground-motion prediction, early-warning performance, earthquake catalogue
development, and other data-driven seismic analyses [32]. Second, we use transfer learning (TL) [33] to adapt
the proposed ML workflow to regions with scarce strong-motion recordings: an ANN is first pretrained on a
large global ground-motion dataset to learn robust magnitude—distance scaling and other transferable trends,
and is then fine-tuned using a limited local dataset. Recent applications of TL in earthquake engineering include
rapid prediction of ground-motion intensity measures [34] and the development of ground-motion models for
data-limited regions [35]. Third, we develop an empirical multivariate correlation model for the within-event
residuals of the ANN predictions, enabling the generation of spatially, spectrally, and cross-component
correlated broadband ground-motion fields relevant to hazard and risk applications. These fields can be
generated unconditionally for scenario-earthquake applications, or conditionally on observed ground motions,
for example when reconstructing historical earthquakes.

The paper is structured as follows. We first present the proposed ANN for estimating broadband response
spectra from PBS results, and then we describe how the model can be regionally adapted when only limited
local data is available. We then discuss the modelling of spatial and cross-period/cross-component correlation
of within-event residuals that can be jointly used with the ANN predictions. Finally, the methodology is applied
and evaluated using low-frequency PBS of South Iceland earthquakes [36], followed by a discussion of
implications and limitations for engineering applications. Compared with recent hybrid broadband simulation
approaches, the present work combines three-component ANN-based short-period spectral prediction, regional
transfer learning, and a multivariate residual model for spatial, inter-period, and cross-component dependence.

2 ANN to predict short-period spectral ordinates
2.1 ANN2BB method

Paolucci et al. [13] proposed a hybrid data-driven simulation framework, termed artificial neural network to
broadband (ANN2BB), to generate BB ground motions by extending physics-based LF simulations with data-
driven predictions of short-period response spectra. The core idea is that, for a given LF simulated ground
motion, short-period spectral accelerations SA(T<T*) can be inferred from the long-period ordinates
SA(T=T*) computed from PBS. This mapping is performed using two-hidden-layer feed-forward ANNs,
trained with records separately for the geometric mean of the horizontal components (GMH) and for the vertical
component SA. The resulting target spectrum is obtained by concatenating the predicted short-period ordinates
with the simulated long-period ordinates, i.e., SA(T<T*) U SA(T>T*). High-frequency (HF) time histories are
then generated using the non-stationary stochastic method of Sabetta et al. [37], and the scaled realization
whose response spectrum best matches the target spectrum is selected. Finally, the selected HF signal and the



LF physics-based waveform, after applying complementary high- and low-pass filtering, respectively, are
merged in the time domain to form a BB seismogram. The transition period T* (equivalently, the transition
frequency) is chosen based on the maximum resolvable frequency of the physics-based simulation.

The ANN2BB methodology has been applied to a variety of earthquake scenarios spanning a broad range of
magnitudes, faulting styles, and geological settings, which were compiled in the BB-SPEEDset database [38].
These BB simulations were shown to reproduce, in a statistical sense, peak values, integral intensity measures,
durations, and attenuation trends consistent with recorded near-fault motions, as found from the NESS database
[39]. Nevertheless, the original ANN2BB formulation exhibits some limitations that motivate the
developments proposed in this study. First, the ANNSs are trained using only long-period spectral accelerations
as inputs. When residuals are examined as a function of Joyner—Boore distance (R;g), this formulation can lead
to systematic distance-dependent bias. This effect was not evident in [13] because residuals were analysed
primarily as a function of period, for which no bias was observed. Second, for the horizontal components the
ANN is trained on GMH, while the two horizontal components are subsequently generated independently. As
a result, strong polarization present at long periods may be implicitly transferred into the predicted short-period
ordinates, because the ANN acts purely as a mapping between spectral shapes without explicit control of cross-
component behaviour. This is potentially problematic in the near field, where long-period ground motion is
often strongly polarized due to rupture directivity and source radiation effects, but such polarization tends to
diminish at higher frequencies, largely due to the combined influence of short-wavelength rupture
heterogeneity and path scattering arising from small-scale velocity fluctuations [40,41]. These issues are
addressed through an improved ANN architecture described in the following section.

2.2 Architecture of the ANN

Artificial neural networks are flexible, data-driven models designed to learn complex nonlinear relationships
between input and output variables directly from examples [42,43]. Unlike closed-form empirical regressions,
where functional forms and interaction terms must be specified a priori, ANNs can automatically capture
coupled effects, nonlinearities, and variable interactions that are difficult to represent analytically, particularly
when the mapping depends on many correlated predictors. From a functional perspective, feed-forward ANNs
approximate the target relationship through a composition of affine transformations and nonlinear activation
functions, and, under mild conditions, can approximate a broad class of continuous functions [44]. During
training, network parameters are optimized to minimize a loss function that quantifies the mismatch between
predicted and observed outputs, commonly using gradient-based algorithms [43], while techniques such as
early stopping and dropout are often adopted to improve generalization [45]. This makes feed-forward ANNs
suitable for broadband ground-motion prediction, where the relationship between components, and long-period
and short-period spectral ordinates is strongly nonlinear and influenced by multiple coupled factors.

The proposed model is a multi-branch feed-forward ANN, equivalent to a multilayer perceptron (MLP),
consisting of six input branches (Figure 1). The first three correspond to the as recorded long-period spectral
accelerations of the two horizontal components and the vertical component. The fourth branch includes scalar
source and path parameters. Finally, the last three branches include ECS site class (SC: A, B, C, or D), faulting
mechanism (FM: normal - NF, reverse/thrust - TF or strike-slip - SS), and region (RG: Italy - IT, California -
CA, Taiwan - TW, Tiirkiye - TR, Japan — JP, or Other — OT), respectively. These three branches are represented
by a one-hot encoded vector, that for instance, it would be [1,0,0,0] for SC A, [0,0,1] for strike-slip FM, and
[0,0,0,1,0,0] for Tiirkiye.

Each input branch is first processed independently through a fully connected layer. Hyperbolic tangent (tanh)
activation functions are used for the first four branches, while rectified linear unit (ReLU) activation functions
are used for the categorical branches. The resulting branch outputs are merged through a concatenation layer,
which is then passed to a shared fully connected hidden layer with a tanh activation function. Processing these
input groups through separate branches allows the network to learn distinct representations for spectral shape,
scalar source—path effects, and categorical metadata before combining them. This structure also provides a
more transparent organization of the predictors thana single fully connected input layer.

The shared layer is connected to three separate output layers with linear activation functions, each predicting
the short-period spectral accelerations of horizontal and vertical components. To ensure comparability across
variables, z-score normalization is applied to the first four input branches. Input and output spectral
accelerations are given in natural logarithmic scale In(SA), with SA in m/s?. For each component we use a total
of 29 SAs for periods going from 0 to 5 sec. These 29 periods are divided into input/output depending on the
transition period T*. For instance, for T*=1 s, the output periods are [0,0.05,0.07,(0.1:0.05:0.5),0.6,0.7,
0.75,0.8,0.9] s, while the remaining longer periods are used as spectral inputs.



The main architectural hyperparameters are the width of the branch-specific layers, N;, and the width of the
shared hidden layer, N, (see Figure 1). For the reference model, N; is set equal to the number of long-period
input ordinates per component, and N, is set equal to three times the number of short-period output ordinates
per component. These values were selected using the architecture-sensitivity analysis reported in the
Supplemental Material. Overall, the reference architecture was retained as a parsimonious compromise
between predictive accuracy, generalization, bias control, and model complexity.

With respect to the ANN proposed by [13], we augment the inputs with source, path, and site parameters
commonly used in GMMs, as this has been shown to improve predictive performance in related ANNs [46]. A
further and key distinction from existing ANN approaches for estimating spectral ordinates [13,14,46,47] is
that we model the three components simultaneously. Because the long-period spectral ordinates are provided
as inputs, the network is implicitly conditioned on event- and path-specific effects embedded in the LF motion,
such as rupture directivity, distance-dependent attenuation, and source characteristics that control spectral
shape, thereby enabling a more event-specific mapping than would be possible using a GMM with only scalar
metadata. In this sense, the proposed ML model can be interpreted as a data-driven, non-parametric generalized
ground-motion prediction model [48], summarized as

InSA(T < T*)HLHZY) — £, (InSA(T > T*)HH2Y) M Ry, In(Ry5), Dy, SC, FM, RG), (1)

where SA(T < T*)HLHZV) apnd SA(T > T*)HLHZY) denote the stacked short- and long-period spectral
accelerations for the two horizontal components and the vertical component, and fj is the trained ANN.

By jointly learning the mapping for the two horizontal and vertical components, the ANN can model physically
plausible cross-component dependence at short periods, while allowing to capture the ground motion
polarization features at short periods, consistent with observed ground motion behaviour, which typically
shows a decreasing trend as frequency increases

Inputs N1 neurons
Hor comp 1 " _/
i~ Concatenation
. INISAT=T" -
2T i meurons \’W Outputs
e i Ik
| - Qutput layer 1 e
Hor comp 2 Ep. Hor comp 1
= INSAT=T7) \ 2y —~ = inrea)
—— . le_IN(SA (T = T%))/
Vert comp i Common layer (SAT )
In(SA T N2 neurons
» IN(SA(T=T) i = ) - o om 2
(o Y Ui erer ot ir R . : ¥ .
i ' ' . IN(PGA)
o My : o IN(SA (T < T%)
- In(R;gs) —_
s Hypo depth
vpo dept Vert comp
» Site class « IN(PGA)
encoded e IN(SA(T <T%)
« Faulting
mechanism
encoded

« Region {

Figure 1. Architecture of the multi-branch feed-forward artificial neural network model to predict three-component short-
period response spectra SA(T<T*) from long-period spectra SA(T>T*), Rz (Joyner-Boore distance), In(Rig), Mw,
hypocentral depth (D), site class, faulting mechanism, and region.

2.3 Dataset and training

The training dataset combines records from earthquakes with My, > 5 and Rjg < 130 km from the ESM database
[49], together with records from earthquakes with My, > 6.5 from the NGA-West2 database [50]. The
combination of ESM and NGA-West2 data was adopted to ensure adequate coverage of both moderate-to-large
magnitudes and near-fault distances, while maintaining sufficient diversity in tectonic setting, site conditions,
and source characteristics to support robust ANN training. The combined dataset consists of a total of 5148
three-component strong-motion records from crustal earthquakes with hypocentral depths less than 30 km.
Figure 2 shows the M, vs R;p distribution of the records used for training the model.
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Figure 2. Magnitude Mw vs Ry scatter plot of recordings in the ESM+NGA-West2 dataset used for training the ANN,
including 5148 strong-motion records from crustal earthquakes (left). Points are color-coded by focal mechanism: NF
(normal), TF (reverse/thrust), and SS (strike-slip). Histogram of the number of events per magnitude bin (right).

The network is trained using MATLAB’s trainnet function [51] with Adam optimizer [52] and a composite
loss function. For each output head, the misfit is measured using the Huber function [53] with threshold 6=1
(in natural-log units), which behaves quadratically for small residuals and linearly for large residuals. This
choice provides robustness against outliers while retaining sensitivity to small residuals, which is desirable
given the heterogeneous quality and recording conditions of strong-motion datasets. Residuals are computed
for each period and averaged over the mini-batch, then aggregated across periods. To discourage systematic
offsets, we add a bias penalty proportional to the squared mean residual per period, with increased emphasis
on the short-period range where prediction uncertainty is largest and engineering sensitivity is highest.
Moreover, to reduce the dominance of abundant low-magnitude and distant records during training, inspired
by the recently proposed HazBinLoss [54], a record-level weight was introduced in the loss function, where
larger weights are assigned to records that are more relevant for hazard assessment, particularly large-
magnitude and near-source motions. This weight is defined as
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where My=6, Ry=20 km, ay=2.5, az=0.2, y=0.3 and =5.

Finally, the three component losses are combined with larger weights for the two horizontal components ,
reflecting their primary importance in most engineering applications. The total loss is then

Leotal = 0.375Ly1 + 0.375Ly5 + 0.25L,. 3)

The initial learning rate was set to 5-10"* and it was reducing by half every 40 epochs. To prevent overfitting,
early stopping was employed during training. The training data were split into three subsets using a record-
wise partitioning: (1) a training set (72%), used to calibrate the adjustable ANN weights; (2) a validation set
(18%), used to check the validation loss during training and stop the training if the validation loss did not
improve for 6 consecutive epochs; and (3) a test set (10%), not used during ANN training and validation, but
needed to evaluate the network capability of generalization in the presence of new data.

Figure S1 in the Supplemental Material illustrates learning curves of ANNSs trained using as transition periods
0.7 s and 1 s. T*=1 s was chosen for many of the demonstrations since it is the transition period used for the
Iceland case study in Section 6. The learning curves for both training and validation show a rapid decrease in
the composite loss function during the initial epochs, followed by a gradual flattening as the model converges.
This suggests that the model rapidly reaches an error floor that is primarily controlled by the information
content of the available predictors, rather than by network capacity. In other words, once the principal trends
captured by the input variables are learned, the remaining variability in the targets is largely attributable to
effects not represented in the feature set (e.g., unmodeled source, path, and site complexity) and to irreducible
record-to-record scatter. Under these conditions, increasing the number of neurons or adding additional layers
yields only marginal reductions in training and validation loss, resulting in learning curves with limited further
improvement after the initial epochs. Moreover, the training and validation losses remain very close



throughout, indicating good generalization and no evident overfitting. The selected model corresponds to the
epoch with the lowest validation loss.

Additionally, Figure 3 illustrates total residual bars corresponding to +1 standard deviation (o) from the
predictions of the same ANNs for one horizontal component. Results are presented and compared for the
training, validation, and test sets. No bias with period is observed in both cases. Uncertainties clearly increase
at shorter periods, i.e., farther from T*. Despite this effect, the prediction accuracy for PGA is generally higher
than for short periods. It is worth noting that in both cases, the total ¢ in In-units of both the validation and test
sets is bounded to +0.7, which lies at the lower bound of typical total standard deviations reported by recent
GMMs [55]. This comparatively low dispersion is likely attributable, at least in part, to including long-period
SA among the predictors, which adds further constraints and reduces unexplained variability relative to
conventional GMMs.
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Figure 3. Performance of ANNSs trained in predicting SA(T<T*) of the ESM+NGA-West2 data sets, expressed in terms of
total logarithmic residuals for one horizontal component, i.e., In(SAann/SAobs), in which SAann denotes the SA predicted
by the ANN and SAobs are the observed ones. The performance is estimated at each vibration period T, here normalized
with respect to the transition period T*. The error bars refer to the training (TRN), validation (VLD), and test (TST) sets.

For the ANN with T*=1 s, the performance metrics in Table S1 indicate good generalization (similar RMSE
across training/validation/test) and a strong agreement between predicted and observed short-period spectral
ordinates, with most errors within a factor of approximately e%*? ~ 1.5 on average.

Incorporating additional predictor variables commonly used in NGA-West2—based GMMs [19], such as Zgp,
Z4, and fault dip, could further enhance the model’s predictive performance and potentially reduce aleatory
variability. These predictors were not included here because they are not available in the ESM database.

2.4 Model interpretability and evaluation of physical trends

Because neural-network models are not fully transparent and are often regarded as “black boxes” [54], we
performed three diagnostic analyses to assess the physical consistency and traceability of the ANN predictions.
First, we computed grouped permutation feature importance following the model-agnostic grouped
permutation principle of [56]. The predictor groups were defined as the ANN input branches. For each predictor
group g, the validation RMSE was first computed using the original inputs, RMSE,(T). The group g was then
randomly permuted across records while all other input groups were kept unchanged, and the RMSE was
recomputed as RMSE,(T). The absolute grouped permutation importance was defined as [y (T) =
RMSE,(T) — RMSEy(T). The corresponding change in prediction error was used as a measure of the
incremental influence, or model reliance, associated with each predictor group. Second, we evaluate the
sensitivity of the predictions for one component to individual LF input ordinates of the same component. Third,
we evaluated the model response within the training domain, including near-source and far-source scenarios,
lower and upper magnitude ranges, and different site and region classes. These checks are not intended to
provide a complete explanation of the network weights, but they help verify that the model response is
controlled by physically meaningful inputs and does not exhibit obvious nonphysical trends.

Figure 4 shows the grouped permutation-importance (GPI) for the model with T*=1 s. To facilitate comparison
among groups, we report the normalized contribution. Therefore, values in Figure 4 represent the percentage
contribution of each predictor group to the total RMSE increase at a given output period. The results indicate
that the ANN predictions are primarily controlled by physically meaningful input groups. At the shortest
periods, the magnitude—distance—depth branch provides the largest contribution, reflecting the importance of



source—path scaling where the target ordinates are farthest from the transition period. Toward T*, the long-
period spectral ordinates become dominant, especially for the corresponding component, confirming that the
ANN mainly acts as a conditional spectral-continuation model. The figure also shows non-negligible cross-
component dependence, as the long-period spectra of the other components contribute to the prediction,
although less strongly than the corresponding component. This behaviour is expected for a jointly trained three-
component model, because the different components share event-, path-, and site-specific spectral
characteristics. Site class and faulting mechanism have much smaller incremental importance compared to the
other branches, although perturbing these branches produces non-zero prediction changes. This suggests that
the network uses these categorical predictors mainly as secondary corrections once the long-period spectral
shape and source—path predictors are specified. Their limited permutation importance is consistent with the
fact that the long-period spectral inputs already contain part of the source, path, and site effects that would
otherwise need to be represented by categorical metadata.
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Figure 4 Grouped permutation importance (GPI) expressed as the percentage contribution of each predictor branch to the
total RMSE increase at each output period, for the ANN with T*=1 s. Importance was computed on the validation set by
jointly permuting each predictor group and averaging over 50 random permutations. H1 and H2 stand for the horizontal
components 1 and 2, while V stands for the vertical component.

As an additional diagnostic, we evaluated the input-period perturbation sensitivity of one horizontal component
to long-period input ordinates. For each selected long-period ordinate, an additive Gaussian perturbation in
natural-log units was imposed and propagated to the remaining long-period ordinates according to the Baker
and Jayaram inter-period correlation model [21]. For each perturbed input period, the RMS change in the
predicted short-period spectrum of the same component was computed over the validation set and averaged
over repeated perturbations. The sensitivities were then normalized at each output period so that the
contributions of all perturbed input periods sum to 100%. Figure S2 shows that the largest sensitivity is
associated with input periods close to the transition period, with maximum contributions of about 12—15%.
The sensitivity gradually decreases toward longer input periods, indicating that the ANN mainly relies on the
long-period spectral level and local spectral shape near the transition period to constrain the short-period
continuation. Longer-period ordinates still contribute, but their influence is weaker and more diffuse,
suggesting that they provide secondary information on the broader low-frequency spectral trend.

We then verified whether the ANN model reproduces key physical ground-motion trends, including attenuation
with increasing Rjs, and magnitude/near-field saturation. SA estimates are obtained from the model with
T*=0.7 s, with long-period input spectra computed from the GMM of Lanzano et al. [55] for the horizontal
components, and Ramadan et al. [57] for the vertical one, according to the corresponding fault mechanism, M,
and Ryg. This setup allows the physical plausibility of the ANN mapping itself to be examined independently
of physics-based simulation variability, by conditioning the model on smooth, well-established median trends.
For forward applications and the results that follow, we use ensemble prediction [58] by training five models
with different random split in training/validation/test sets, and averaging their outputs; this reduces prediction
variance because idiosyncratic period-to-period fluctuations are not consistent across the ensemble models.
Figure 5 compares estimated horizontal response spectra from the GMM by Lanzano et al. [55] and from the
ANN, for various combinations of M, and R;g, considering normal faulting, ECS site class is A, and Italy as
region. The spectra show smooth behaviour across the transition period, with spectral peak shifting
systematically to longer periods as M, increases. Moreover, the agreement is good for magnitudes between 5
and 6.5, while some differences occur at periods around 0.2 s for M=7. On the other hand, Figure S3 shows
regional differences and the effect of site class. Notably, the ANN estimates for the Taiwan (TW) region are



systematically lower than those for other regions, a behaviour that has been consistently observed in empirical
studies and is commonly attributed to stronger near-surface attenuation of high frequencies [59].
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Figure 5. Comparison between estimated horizontal SA from the GMM by Lanzano et al. [55] (black lines), and from the
ANNs with T*=0.7 s, for different combinations of Mw and Ry, considering normal faulting, EC8 site class A, and Italy

as region.

Figure 6 shows magnitude and distance scaling for PGA and SA(0.5 s), indicating limited increases beyond
about My, 7 and clear saturation at short distances. The saturation shifts towards larger distances as magnitude
increases, reflecting near-field ground-motion saturation, empirically observed in ground motion models.
Overall, these results indicate that the ANN reproduces the main physical trends of ground-motion propagation
that are relevant for engineering applications, without introducing evident artefacts or non-physical scaling.
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Figure 6. Distance attenuation plots (top) and magnitude saturation (bottom) for PGA and SA(0.5s), estimated from the
ANN models with T*=0.7 s, considering reverse faulting, ECS site class A, and Italy as region.



2.5 Analysis of residuals

Following standard ground-motion decomposition [60], a logarithmic intensity measure (here SA) for event e
at site s and period T may be expressed as

InSAgg (T) = In pleg (T) + é‘Be (T) + 6VV€S(T)’ “4)

where In pi,¢ (T) is the median model prediction (here provided by the ANN), §B,.(T) is an event term, and
6W,s(T) is the within-event residual. The event terms and within-event residuals are assumed to be
uncorrelated and normally distributed with zero mean and standard deviations T and ¢, respectively.

We performed a mixed-effects regression on the total residuals separately for each period and component, from
which we observed that the within-event standard deviation ¢ decreases systematically with increasing
magnitude (see Figure 7), hence, the final mixed-effects regression was performed using a heteroscedastic
model for ¢, defined as

¢1' Mw S 5,
dMy,) 4 b1+ My, —5) - (¢ — P1), 5<M, <6, (5)
b2, M, > 6.

Within-event standard deviations ¢, and ¢, for all output periods are shown in Figure S4 for the model with
T*=1, for one horizontal component and for the vertical component. They vary approximately from 0.3 at
periods close to T* and 0.7 at short periods, which is a trend similar to that observed in Figure 3 for the total
residuals.

In order to evaluate the validity of our model, we plotted the between-event and within-event residuals against
the predictor variables included in the model. Upper panel of Figure 7 shows within-event residuals of one
horizontal component at various periods vs Rjg, while the lower panel shows their variation with respect to My,.
Figures S6 to S9 show comparisons against other predictor variables. In general, no bias is observed.

Interestingly, the between-event standard deviation 7 estimated from the ANN residuals becomes very small
and, for several longer periods, effectively vanishes (Figure S5). This occurs because the long-period spectral
ordinates provided as inputs capture much of the systematic variability typically attributed to source and path
effects (e.g., stress drop, directivity, and attenuation), leaving little coherent event-to-event offset in the
residuals once the ANN prediction is removed. At longer periods this conditioning is even more effective, since
long-period response is dominated by the coherent, low-frequency source—path content that is well represented
by the input spectra; as a result, likelihood-based mixed-effects fits provide no support for an event random
effect and the corresponding variance component collapses to the boundary, £(T) = 0. Consequently, the
remaining unexplained variability at those periods is primarily within-event. This behaviour should not be
interpreted as an absence of event-to-event variability in ground motion; rather, it indicates that, conditional
on the input spectra, there is little additional event-level structure left to be captured by 7.

2 PGA ! T=02s T=0.5s
5 55 6 65 7 75 8 5 55 6 65 7 75 8 5 55 6 ©5 F 75 8

My My My

Figure 7. Within-event residuals for a horizontal component at different periods T vs Rys (top panel) and vs Mw (lower
panel). Error bars indicate +1 standard deviation at various bins. T*=1 s.
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3 Transfer learning

Although the ANN model presented in the previous section incorporates a degree of non-ergodicity by
including a dedicated input branch with one-hot encoded region indicators, it is still trained as a single shared
model across multiple regions and therefore cannot fully capture region-specific attenuation and near-source
scaling characteristics. Because ML models are data-intensive, training a robust ANN using only a limited
regional dataset is often impractical and would likely lead to overfitting. This is illustrated in Figure S10, which
shows the residuals for the training, validation and tests subsets of two models trained with the Icelandic strong-
motion dataset IceSMN [61], comprising only 90 tectonic strong-motion records. Although the training
residuals are comparatively smaller and mostly centred around zero, the validation and test residuals exhibit
large, period-dependent deviations, with overprediction at some periods and underprediction at others.
Moreover, the residual patterns differ between the two models, indicating that the fitted response is sensitive
to the particular data split and model configuration rather than representing a stable period-dependent regional
correction. This behavior is consistent with overfitting caused by the limited size and coverage of the local
dataset, which does not adequately constrain the mapping between long-period spectral ordinates,
source/path/site predictors, and short-period response. In addition, because the maximum magnitude
represented in the local dataset is M,,,6.5, a model trained exclusively on these data would require unconstrained
extrapolation when applied to larger-magnitude scenarios. Such extrapolation would be unreliable, particularly
for engineering applications where larger events may control the hazard and where the near-source and
magnitude-scaling behavior must remain physically plausible. Consequently, training an ANN exclusively on
the local dataset was not adopted.

To address this limitation, we adopt transfer learning (TL) [33], in which a model pretrained on a larger
“source” dataset is adapted to a smaller “target” dataset. This use of TL does not assume full geophysical
stationarity between the source and the local dataset. Rather, the pretrained model is used to learn broadly
transferable magnitude—distance—site trends and the mapping between long- and short-period spectral
ordinates, while the fine-tuning stage adjusts this mapping to the regional characteristics of the Icelandic data.
In the implementation used here, the early (input and initial hidden) layers are frozen, whereas the shared and
output layers are fine-tuned using regional data. This retains the more general features learned from the source
dataset, whereas updating the final layers allow regional adjustment while limiting overfitting through early

stopping.

The decision to update the shared and output layers during the fine-tuning was based on a simple ablation test.
Two fine-tuning configurations were compared. In Case A, corresponding to the reference configuration
adopted in this study, both the shared hidden layer and the output layers were updated. In Case B, only the
output layers were updated, while the shared layers were kept frozen. Each configuration was trained five times
using different random partitions, and the average validation and test RMSE and bias were computed. The
results, shown in Figure S11, indicate that the reference configuration consistently provides lower RMSE and
lower absolute bias than the output-only configuration. This suggests that updating only the final output layers
is too restrictive for the target-region calibration, because it allows only a limited adjustment of the mapping
learned from the global dataset. Allowing the shared layer to be updated provides additional flexibility to adapt
the intermediate spectral representation to the regional data, while still retaining the general low- to high-
frequency mapping learned during pretraining. Therefore, the configuration in which both shared and output
layers are fine-tuned, was adopted in the final model.

3.1 Application of TL for Iceland

We applied the TL technique to fine-tune the previously developed ANN with T*=1 s, using the [ceSMN
dataset. The introduction of TL was motivated by well-documented regional differences in attenuation and
near-source scaling in Iceland, whereby commonly used GMMs tend to underpredict short-distance motions
and overpredict motions at larger distances [62,63]. The same distance-dependent bias was observed in the
residuals obtained when the global ANN was applied to IceSMN (not shown here for brevity), indicating the
need for region-specific calibration through fine-tuning.

The surface geology of the South Iceland Lowland results from a combination of volcanic activity, glacial drift,
and changes in sea level through the ages. In many areas, sedimentary layers have been covered by layers of
basaltic lava and hyaloclastite breccia from the post-glacial period, thus creating soil structures with thin layers
of lava rock on top of, or embedded in, unconsolidated sediments [64,65]. This complex near-surface geology
makes Vs3o, and hence ECS site classes based on Vs3o, not good predictors of the site response for the unique
site conditions in Iceland. Therefore, we decided not to use ECS site classes as input, as previously done for
the global ANN. Based on the work of Darzi et al. [66], we defined four geology-based categories (Figure
S10), roughly representing hard rock, soft rock, lava with interbeds and thick soil deposits. These were
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developed by cross-referencing geological maps with site-to-site residuals (8S22) from the IceSMN dataset
with respect to a local GMM. These geology-based categories are given as input in the same way as EC8 site
classes, i.e., in encoded form.

It should be noted that while we use site classes as a predictor for site-effects, mostly due to the need for the
Iceland case, however, Vs3 could be used instead as a predictor variable in the fourth branch of the ANN.

Because the TL stage, in this case, relies on a very limited regional dataset, naive fine tuning can lead to high-
variance updates that overfit period-specific noise rather than physically meaningful spectral trends. With
relatively few examples per period, the loss can be reduced by fitting idiosyncratic, sample-specific fluctuations
at individual periods rather than learning a smooth spectral shape, which manifests as jagged response spectra
with spurious local peaks. To mitigate this effect, we introduce two complementary variance-reduction
strategies. First, we apply an L2-SP regularization term that penalizes deviations of the updated parameters
from the pretrained weights [67], thereby anchoring the fine-tuning to physically plausible trends learned from
the larger source dataset while allowing only modest regional adjustments. Second, we add a curvature
(roughness) penalty on the predicted spectra, implemented via a squared second-difference term across
adjacent periods, which directly discourages rapid oscillations in In SA(T) and promotes smooth spectral
shapes consistent with GMMs. Together, these measures improve the stability of the fine-tuned spectra without
materially altering the underlying mean trends. Figure 8 presents the within-event residuals as a function of
Ryg for the transfer-learned ANNs (T*=1 s) after fine-tuning on the Icelandic dataset. No systematic distance
dependence is evident, indicating that the distance-related bias observed prior to fine-tuning has been
effectively mitigated.
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Figure 8. Within-event residuals for a horizontal component at different periods T vs RJB. Residuals are computed with
respect to the average ensemble prediction of 5 ANNs with T*=1 s trained using TL with the Icelandic IceSMN dataset.

4 Spatial and inter-period correlation modelling of within-event
residuals

For many earthquake-engineering applications, it is not sufficient to reproduce only the marginal distribution
of response spectral ordinates at a site (i.e., median and standard deviation at each period). Scenario-based
shaking maps, spatially distributed infrastructure assessments, and portfolio loss calculations are sensitive to
the joint behaviour of ground motions across (i) space, (ii) period (or frequency), and often (iii) component.
Empirical evidence from recordings shows that within a given event, spectral accelerations at nearby sites tend
to deviate from the median in a coherent manner (spatial correlation), and that deviations at different periods
are not independent (inter-period correlation). These dependencies can materially affect computed risk metrics,
and neglecting them can bias loss and safety estimates [22,25-27].

In this work, correlation modelling focuses on within-event residuals, because they govern the event-specific
spatial variability around a median prediction and therefore directly control the spatial coherence of simulated
intensity-measure fields. Moreover, as shown earlier, between-event residuals are strongly reduced due the
inclusion of long-period spectra as predictor variables. Following Loth and Baker [18] (hereafter LB13), we
used normalized within-event residuals obtained from Eq. 4 as

_ SWes(T) _ InSAes(T) —In pes(T) - 6B (T)
&) == o . (6)
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Normalization by the heteroscedastic within-event standard deviation ensures that residuals at different periods
and components are placed on a comparable scale prior to correlation modelling. With respect to previous
works that focused only on within-event residuals of horizontal (invariant, e.g., RotD50) measures of SA or
Fourier spectra [18,24,68], we aim to build a model for the joint dependence of (T < T *) over periods, space
and components.

4.1 Geostatistical formulation: covariance and semivariograms

A convenient and widely used geostatistical description of spatial dependence is the cross-semivariogram. For
a multivariate residual vector field &(s), under assumptions of second-order stationarity and isotropy
(dependence only on separation distance h) over the spatial domain considered for a given even, the
semivariogram matrix function is defined as

r(h) = ; E[(e(s) — &(s + W) (e(s) —&(s + h))'], (7
where s represents spatial position. The corresponding covariance matrix function C(h) satisfies
C(h) = €(0) —T(h), ®)

so that C(0) is the co-located covariance across variables (periods and components), while C(h) for h > 0
controls cross-site dependence.

A crucial requirement of any multivariate spatial correlation model is admissibility: for any set of locations
S1, -, Sy, the full covariance matrix formed by C(hi j) must be positive semidefinite. This requirement is
essential for both unconditional simulation and conditional simulation (kriging/conditioning). LB18 emphasize
that fitting each period-pair semivariogram independently can lead to covariance matrices that are not positive
definite, motivating the use of structured multivariate models that guarantee admissibility by construction. A
simple and computationally attractive assumption is separability of C(h) into a single scalar correlation
function p(h) governing spatial decay, and a matrix C(0) capturing inter-period covariance at one site.
Separable models guarantee admissibility if p(h) is a valid correlation function and C(0) is positive
semidefinite, but they can be overly restrictive. Empirical semivariograms often indicate multiple spatial scales
(e.g., arapid initial increase at small h plus a slower approach to the sill), and the effective range can vary with
period. LB18 show that a single-range separable form may not reproduce observed behaviour across all period
pairs, and propose nested multiscale models as a practical remedy.

4.2 Linear Model of Coregionalization (LMC)

A standard and flexible multivariate geostatistical model is the Linear Model of Coregionalization (LMC), in
which the semivariogram matrix is expressed as a sum of a small number of admissible scalar structures g,,
multiplied by coregionalization matrices PY. The LMC is attractive because admissibility of the resulting
covariance is ensured if all coregionalization matrices are positive semidefinite. For ground-motion residuals,
both LB13 and Wang et al. [24] (hereafter WO21) adopt a nested model with two exponential functions
ge(h) =1 —exp(—3h/R), plus a nugget. R is known as the correlation length. Using the covariance
representation (often more convenient for simulation), a two-range + nugget LMC can be written as

C(h) = Plexp(~7) + Prexp (=37) +P* Loy, ®

where P! and P? are short- and long-range coregionalization matrices, P3 is a nugget matrix, and I (h=0) is an

indicator function equal to 1 for co-located values and 0 otherwise. R; and R, are the short- and long-range
correlations lengths, respectively. The nugget term produces a discontinuity between h = 0 and h — 0,
representing micro-scale variability and/or site-specific effects that are not spatially shared between distinct
locations. Importantly, the model implies that the co-located covariance is

C(0) = P! + P2 + P, (10)

which simultaneously defines the inter-period covariance at a single site and, together with the range terms,
the cross-site covariance for h > 0. This dual role of h = 0 and h > 0 is emphasized by WO21 and is equally
present in the nested LMC used by LB13.

4.3 Empirical estimation and fitting of nested LMC models

The empirical semivariogram matrix is typically computed by binning pairwise differences of within-event
residuals by separation distance. Because the aim is to model within-event spatial variability, pairs are formed
only from records belonging to the same earthquake, thereby avoiding contamination from between-event
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effects. LB13 and WO21 both adopt this within-event pairing principle. Denoting by Ag;; = &(s;) — s(sj) the
residual difference vector for a pair of sites with separation h;;, the empirical semivariogram matrix in a
distance bin k is

JEl

N 1
I(hye) = EZ(i,j)ekAsij Asgj, (1D
where n; is the number of pairs in bin k.

To estimate P!, P?, P3 for prescribed ranges R;, R,, LB13 use a variant of the Goulard—Voltz [69] iterative
algorithm. In essence, for fixed basis functions g,(hy), the matrices P¥are updated by weighted least squares
so that the model semivariogram best matches I'(h;) across bins. Weighting is used to stabilize the fit, placing
greater emphasis on shorter distances (weights proportional to 1/h;). WO21 similarly uses weighted fitting
and then enforces positive semidefiniteness through eigenvalue truncation after each update. These steps help
ensure the resulting covariance is admissible for simulation.

Because the diagonal of an empirical semivariogram at large distances may not perfectly reach its theoretical
sill due to finite sample effects and uneven station geometry, coregionalization matrices can be normalized
such that the diagonal terms of C(0) are equal to one, to maintain consistency with the intended variance and
correlation interpretation [18]. Hence, the resulting C(0) is a correlation coefficient model.

4.4 Extension to short-period SAs and three-components

The nested LMC framework is naturally extensible to simultaneously represent inter-period and inter-
component dependence. In this work, we model SA(T<T*) for three components simultaneously, hence we
stack residuals into a single multivariate field as

&(5) = [en1 (5, T) s €11 (S, Tap), €12 (S, T1), oes €12(S, Tp)s €0(8, T, e, E0(S, T )], (12)

so that p = 3np (e.g., np=17 for the ANN with T*=1 s). In this form, C(0) encodes (i) inter-period correlations
within a component, (ii) cross-component correlations at the same period, and (iii) cross-component/cross-
period correlations, while the spatial ranges R, R, control how quickly these dependencies decay with distance.
This is aligned with the modelling philosophy of LB13, but here it is tailored to the short-period SA range and
to multi-component ANN-based broadband prediction.

The two-range + nugget model of Eq. 9 is fitted with P¢ € RP*P_ using the Goulard—Voltz algorithm, with the
normalization and weights mentioned in the previous section and used by WO21. In fitting the LMC model we
use only residuals from events with more than 12 records, hence, only 3566 from the 5148 records in Figure 2
were used, corresponding to 57 events. Moreover, when fitting the model we do not differentiate by My, site
or regional classes, since it has been previously shown that although there might be important event-to-event
variability in spatial correlation, there is little statistically significant dependence of the spatial [24,70] and
inter-period [20,71] correlation on these variables, especially at short periods. We searched iteratively for the
optimum (minimum weighted sum of squares - WSS) pair R,, R, in a range close to the values used by WO21
of 10 km 100 km, respectively. For the ANN with T*=1 s, R;=6 km and R,=95 km. Figure 9 compares the
empirical semivariogram matrix with the fitted nested LMC model for some representative periods for the
horizontal component 1 (H1). The same comparison is presented in Figure S10 for the vertical component.
These figures demonstrate that the two-range structure captures both the near-field correlation and the decay
with separation distance.

Figure 10 shows the co-located covariance matrix C(0). Periods in each block increase from left to right and
from top to bottom. First of all, we observe that the diagonal blocks, which represent the inter-period
correlations, are very similar for both horizontal components. This was expected since they are as-recorded
components and are not aligned to any specific direction with respect to the source. Clearly, if they were aligned
to the principal directions [72] or to fault-normal and fault-parallel directions, a different pattern might have
been observed. Moreover, we observe that the cross-component correlation between horizontal components is
larger than between horizontal and vertical components. For instance, the correlation coefficient between
PGAHn; and PGAR; is 0.85, while between PGAw; and PGAv it is 0.73. Finally, the inter-period correlation of
horizontal components is slightly larger than for the vertical component.
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4.5 Simulation of correlated within-event residuals

The fitted covariance model provides the basis for two complementary simulation modes: (i) unconditional
simulation, used to generate spatially correlated residual fields for scenario events, and (ii) conditional
simulation, used to generate realizations anchored to observed station residuals for reconstructing historical
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events. In this section we provide a brief description of both simulation methods, which are detailed in the
Supplemental Material.

4.5.1 Unconditional simulation

To generate spatially, inter-period, and inter-component correlated short-period residual fields consistent with
the fitted nested LMC, we simulate a multivariate, zero-mean Gaussian random field for the normalized within-
event residuals €(s) € RP, with spatial covariance represented by Eq. 9. Unconditional realizations are
obtained by independently simulating the three Gaussian components of the LMC model and summing them,
then scaling back to In-units using the heteroskedastic within-event standard deviations in Eq. 3

W, = £,(5) O p(M,,),  YI™(s) = YANN(s) + 8W,, (13)

YANN

where © denotes elementwise multiplication, subindex u refers to unconditional simulation, and are the

ANN predictions in In-units (see Eq. 1).

For large numbers of sites N, the direct approach (forming the full N X N correlation matrices and applying
Cholesky factors) becomes impractical. We therefore optionally replace the exact correlation operators with
scalable approximations: a Vecchia/nearest-neighbour approximation for the short-range component [73,74]
and a Nystrom low-rank approximation for long-range correlations [75].

452 Conditional simulation

To generate fields conditioned on recorded ground motions at a subset of sites, we implement the
“unconditional draw + deterministic conditioning correction” approach described in Hoffman [76]. Given an
unconditional realization €,(s) obtained as described in Appendix A, the conditioned field of normalized
residuals is obtained as

£.(U) = £,(U) + Cyp Co5(€ops(0) — £,(0)), (14)

where O and U are observed and unobserved sites, respectively. This ensures that €.(U) are consistent with
the observed data, while preserving the spatial correlation structure of the unconditional random field. The
simulated field YS'"™(s) is obtained from Eq. 13 using €.(s).

5 Simulation of broadband time histories

Ground motions from PBS are valid only up to a certain frequency fmax, dependent on the resolution of the
numerical model, however, BB time histories are needed for engineering applications. BB ground motions can
be generated as follows

(1) simulation of BB cross-correlated response spectra as described in the previous section;

(2) simulation of a non-stationary stochastic (STO) accelerogram per monitor and per component. We follow
an approach similar to Sabetta et al. [37], and including coherency between horizontal components defined
from the model of Hong and Liu [77]. The parameters of the stochastic time envelope are computed from each
PBS low-frequency signal, consequently, the onset and duration of the stochastic signals is similar to that of
the PBS signals;

(3) BB signals are created by merging STO signals with the PBS signals in the frequency domain using
complementary low-pass/high-pass filters, with a transition band centred at a frequency near but below finax;

(4) Spectral matching with a PGA correction similar to the method of Liu et al. [78] is then applied to match
the target SA from step (1);

(5) since spectral matching can add some displacement drift, the adjusted BB signals are re-merged with the
PBS signals to preserve the LF content and any permanent displacement captured by the PBS; and

(6) steps 4 and 5 are repeated until the mismatch between target and BB SA falls below a prescribed threshold.

6 Application case study: South Iceland

In this section we present the results from the application of the proposed broadband generation procedure for
two PBS of earthquakes of M, 6.5 and 6.4 carried out by Hernandez-Aguirre et al.[36]. This represents a
demanding test case, given the limited frequency content of the physics-based simulations and the sparse
strong-motion dataset available for regional calibration. The results presented are not limited to median trends,
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but we analyze also directionality, inter-period and spatial correlation, which are relevant for seismic hazard
and risk applications.

6.1 Physics-based simulations for South Iceland

We use results of regional three-dimensional PBS of seismic wave propagation for the M, 6.5 and My, 6.4 June
2000 South Iceland earthquakes generated by [36]. Their numerical model of South Iceland (138 x 90 x 25
km?) was developed with a spatial resolution sufficient to propagate frequencies up to ~fnx=1.9 Hz. The
seismic rupture process was modelled using a kinematic rupture procedure that incorporates heterogeneous
slip, rupture velocity, and peak slip rate as correlated stochastic spatial fields. Results from these simulations
are available at 2000 ground surface virtual monitors distributed over the whole domain. For more information
about the simulations, we refer the reader to [36], that also discusses the performance of the LF PBS, in
comparison with available records, while here we focus on the BB results.

6.2 BB time histories

Times series from the simulations were low-pass filtered at 1.9 Hz, in agreement with the maximum resolvable
frequency fmax. The filtered PBS signals were subsequently processed using the procedure described in the
previous section to generate BB ground motions, using conditional simulation of within-event residuals,
anchored on recorded values. The complementary merging filters provide a smooth frequency-domain
transition between 1.1 and 1.8 Hz. We emphasize that the transition period of the ANN to be used to estimate
short period SA should be higher than 1/fnax, since SA(1/fmax) is still affected by frequencies larger than fiax,
which are not present in the PBS signals due to the low-pass filtering. Accordingly, we used T*=1 s, but values
slightly lower or higher gave similar results. If PBS reach higher frequencies, a lower T* could be used.

Figure 11 and Figure S14 compare recorded and simulated BB accelerograms, SA, and Fourier amplitude
spectra (FAS) at selected stations for the 17 June 2000 earthquake. This comparison should be interpreted as a
conditional reconstruction test rather than as an independent prediction test. The close agreement in SA(T<T*)
at recording sites is expected due to the conditional simulation used. The results nevertheless provide a useful
check that the broadband reconstruction is compatible with the recorded spectral amplitudes and does not
introduce obvious discontinuities around T*. The simulated and recorded motions also show comparable
behaviour in the time and frequency domains, including similar significant durations D5-75.

To illustrate the difference between conditional reconstruction and predictive simulation, Figure S15 shows
the same stations using an unconditioned residual field. In this case, larger differences are observed in the
short-period spectral ordinates because the recorded short-period residuals are not imposed. However, the
overall amplitude level, frequency content, and time evolution of the broadband accelerograms remain broadly
consistent with the observations. Exact waveform reproduction is not expected in either case because the high-
frequency component is stochastic and the PBS are affected by epistemic uncertainty in the source and path
models.
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Figure 11. Comparison of recorded and conditionally simulated BB accelerograms, SA, and Fourier amplitude spectra
(FAS) at selected stations for the 17 June 2000 earthquake.

6.3 Short period attenuation

Figure 12 shows horizontal RotD50 and vertical SA for different short periods as a function of Ryg, from
recordings (crosses) and simulations (circles). For the horizontal component we also show the estimates of the
GMM by Akkar & Bommer (AB10) [79] (yellow lines), and from the local GMM ‘F’ by Kowsari et al. (KS20)
[80] (red lines). SA from KS20 corresponds to a rotational invariant measure, similar to RotD50 [72]. There is
currently no ground motion model for vertical SA in Iceland, so we do not show any GMM for that component.
The following observations can be made from these comparisons:

- In general, there is a good agreement between records and simulations in terms of attenuation trends with
distance across all examined periods;

- The simulated SAs show the expected near-fault saturation in agreement with GMMs;

- Since the GMM KS20 was calibrated using the IceSMN dataset, of which almost half of the records are
from the June 2000 South Iceland earthquakes, this model fits very well the recordings and our simulations;

- The GMM by AB10 underestimates SA at short distances and overestimates it further away from the source,
which is usually observed from GMMs calibrated from data outside Iceland [62]. This highlights the
usefulness of TL, which allows an ANN to be fine-tuned regional data; and

- Vertical SAs have a scatter and attenuation trend very similar to that shown by records.
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Figure 12. Attenuation of horizontal RotD50 (left) and vertical SA (right) at selected short periods (PGA, 0.3 s and 0.7 s)
from recordings (crosses), simulations (circles), and from the GMMs by Akkar & Bommer (AB10) [79] (yellow lines) and
Kowsari et al. (KS20) [80] (red lines). Median predictions of the GMMs are shown with solid lines, while median + one
standard deviation are shown with dashed lines.

6.4 Polarization and directionality

Earthquake ground motions display distinctive near-source characteristics [81], such as long-period ground-
motion polarization due to rupture directivity and source radiation effects, but such polarization tends to
diminish at higher frequencies. Moreover, short-period vertical amplitudes can substantially exceed the
horizontal components [82]. By including simultaneously the three components of SA in the ANN, the aim
was to preserve physically plausible horizontal polarization and vertical-to-horizontal (V/H) ratios at short
periods. In this section we analyse these aspects.

Figure 13 compares maps of fault-normal (FN) to fault-parallel (FP) PGA ratio, for the 21 June 2000 South
Iceland earthquake. For the proposed three-component model, the mean FN/FP ratios for short period SAs are
close to one at all distances, as expected for short-period motion [81]. In the directivity regions, i.e., towards
the north and south along the strike direction, FN/FP tends to be larger, whereas in the perpendicular direction
it is the lowest (Figure 13a). This spatial pattern is consistent with expectations from rupture directivity and S-
wave radiation effects, indicating that the short-period motions retain physically meaningful directional
characteristics inherited from the long-period physics-based simulations, while remaining within realistic
amplitude ranges.

For comparison, Figure 13b shows the corresponding result obtained with a GMH-based ANN baseline. In this
baseline, a model trained on the geometric mean of the horizontal components is applied separately to each
horizontal component, without explicitly modelling cross-component dependence. This produces substantially
stronger short-period polarization, with FN/FP PGA ratios reaching values of about five in the directivity
regions. The comparison suggests that treating the horizontal components independently can transfer excessive
long-period polarization into the short-period range, whereas the proposed joint three-component model better
constrains the horizontal component ratios. The median SARotD100 to SARotD50 ratios at various periods
from recordings and simulations are compared to the empirical model of Boore and Kishida (BK2017) [80] in
Figure 14a. The recordings show ratios slightly larger than the empirical model at all periods, with a trend
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against period similar to the model. At short periods, the ratio from simulations is similar to the ratio from
records, whereas in the physics-based dominated part, above 1 s, it is considerably larger than the empirical
model, however, it is close to what observed from records of both earthquakes.

In contrast, the GMH-based ANN baseline produces SARotD100 to SARotD50 ratios at short periods that are
substantially larger than those observed in the recordings and predicted by BK2017. This supports the map-
based observation that applying a GMH-trained model independently to the two horizontal components can
lead to excessive short-period polarization. The joint three-component formulation therefore provides a more
physically consistent treatment of horizontal component dependence.

64° 15 S !
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Figure 13. Maps of fault-normal (FN) / fault-parallel (FP) PGA for the 21 June 2000 South Iceland earthquake, from (a)
the proposed three-component ANN, and (b) the GMH-based ANN baseline applied independently to the two horizontal
components. Circles show recorded values using the same colour scale. The GMH-based baseline produces substantially
larger FN/FP ratios in the directivity regions, indicating excessive short-period polarization when horizontal components
are treated independently.

Panels b and c of Figure 14 present V/H spectral ratios at two short periods. The horizontal SA are RotD50.
Vertical bars denote the mean V/H ratio within discrete distance bins, together with =1 standard deviation. For
comparison, we also plot estimates from the V/H model of Giilerce and Abrahamson (GA2011) [79] for
Vs30=760 m/s and a strike-slip event of M,=6.5. Overall, the simulations are consistent with the empirical
model: across all bins, the simulated mean remains within the empirical model median + one within-event
standard deviation. Notably, some locations exhibit V/H ratios exceeding unity, occasionally approaching
values close to two. These elevated ratios predominantly occur at locations approximately 45°from the nodal
planes of the faulting mechanism, where the S-wave radiation is minimized while the P-wave (producing
mostly vertical motion) radiation is maximized, explaining the observed spatial pattern (not shown for brevity).
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Figure 14. (a) Ratio of SARotD100 to SARotD50 from empirical model of Boore and Kishida (BK2017) [83] and the
median ratio from recordings and simulations of the 2000 South Iceland earthquakes. Ratios of vertical to horizontal SA at
0.1 s (b) and 0.7 s (c), from simulations, records, and the model of Giilerce and Abrahamson (GA2011) [79]. The vertical
bars represent the mean + one standard deviation from simulations at various distance bins.
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6.5 Inter-period and spatial correlation

Figure 15 shows the correlation coefficients (p) between periods T and T, of the within-event residuals € for
the two South Iceland earthquakes. Residuals were computed with respect to the local GMM KS20. In general,
both simulations follow a trend similar to the empirical model of Baker & Jayaram [21]. The correlation of ¢
has a smooth transition between the stochastic and physics-based part, indicating that inter-period correlation
is preserved across the stochastic—physics-based transition, in contrast to the degradation observed in some
earlier hybrid simulation methods [31].

Finally, we computed empirical semivariograms y(h) from normalized within-event residuals at various periods
of the RotD50 SA. Residuals were computed with respect to a simple model fitted to the simulated intensity
measures [30]. Then we fitted an exponential model to the semivariograms using the least squares method. The
exponential model is defined as g(h) = a[1 — exp(—3h/b)], where a is the sill, or the population variance of
the random field [84], and b is the range, defined as the inter-site distance at which y(h) reaches 95% of the
sill, beyond which spatial correlation can be considered negligible [15]. Figure 16 shows semivariograms for
T=0.1 s and T=0.3 s together with the fitted exponential models. It should be noted that y(0) # 0, as the LMC
model includes a nugget term represented by P3. This term accounts for spatially uncorrelated variability at
infinitesimal separation distances, such as site-specific effects, and results in a non-zero semivariance even at
zero lag. Then in panel ¢ we show the estimated ranges at various periods, which are similar to those from
various empirical models [15,17,85]. Interestingly, the range attains relatively large values around 1 s, which
is dominated by the PBS part, potentially reflecting source effects that generate strongly coherent ground
motion at those frequencies; however, confirming the physical origin of this behaviour requires further study.
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Figure 15. Correlation of ¢ from simulations of the 2000 South Iceland earthquakes (solid lines), compared with an
empirical model (dashed lines) for shallow crustal earthquakes [21], at T2=0.1s,0.3 s,and 1 s.
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Figure 16. Example empirical semivariograms and fitted exponential models for T=0.1 s (a) and T=0.3 s (b). Spatial
correlation ranges estimated for the 21 June 2000 South Iceland simulation (c).
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7 Discussion of results

This study presented and validated an enhanced broadband ground-motion generation framework that
combines low-frequency PBS, machine-learning predictions of short-period spectral accelerations, and
empirically constrained residual correlation modelling. The methodology was applied to two different
earthquakes in South Iceland, with My, 6.5 and 6.4, providing a demanding demonstration case given the limited
frequency content of the PBS and the limited ground-motion dataset available for regional calibration. The
results should therefore be interpreted as a methodological evaluation for this specific regional application,
rather than as a comprehensive validation of the framework.

Overall, the proposed workflow yields broadband ground motions that are consistent with observations across
several intensity-measure-based diagnostics, including amplitude scaling, directionality, component ratios, and
spatial/inter-period dependence. For the South Iceland case-study, the attenuation of short-period horizontal
and vertical SAs with distance is reproduced realistically, including near-fault saturation effects and realistic
scatter. The agreement with the local GMM KS20 is useful as a regional consistency check, but it should not
be interpreted as independent validation because KS20 was calibrated using the IceSMN dataset, including
many records from the June 2000 South Iceland sequence. In this context, KS20 is used as a locally calibrated
reference trend against which the regional behaviour of the simulations can be compared.

7.1 Transfer learning

The results indicate that TL enables the ANN to better represent Icelandic attenuation characteristics than the
same model trained only with the global dataset, supporting the use of regional fine-tuning in data-limited
environments. At magnitudes that are poorly represented in the local Icelandic dataset, the fine-tuned model
relies primarily on the magnitude-scaling trends learned from the larger global dataset, while the Icelandic
records provide a regional adjustment to attenuation and site effects. Such applications should therefore be
interpreted cautiously, but they are not extrapolations from the limited Icelandic dataset alone.

For applications to other regions, an important practical question is how much target-region data is needed for
stable transfer learning. To address this issue, we performed a TL data-size sensitivity analysis. The pretrained
global ANNs were fine-tuned using increasing fractions of the local Icelandic dataset, from 50% to 100% of
the available records. For each fraction, five independently trained networks were evaluated, and the mean
validation and test RMSE and bias were computed.

The results in Figure S16 show that using larger fractions of the local dataset generally reduces both RMSE
and absolute bias consistently for the two subsets, indicating a more stable regional calibration. The trend is
not strictly monotonic, which is expected given the limited size of the local dataset and the sensitivity of the
validation/test subsets to the specific records included in each split. Nevertheless, the full-data case provides
the most consistent overall performance, with both lower RMSE and bias close to zero. These results suggest
that, for the present application, using substantially fewer local records than available would not be advisable.
However, this should not be interpreted as a universal threshold, because the required amount of target-region
data depends on the coverage of magnitude, distance, site conditions, and long-period spectral amplitudes. For
applications with fewer records, a more restrictive fine-tuning strategy, such as updating only the output layers,
should be preferred to reduce the risk of overfitting.

7.2 Directionality and Component Consistency

Beyond median attenuation trends, the framework preserves physically meaningful directionality and
polarization characteristics in the South Iceland case study. These diagnostics are relevant for near-fault
engineering applications. The spatial pattern of FN over FP PGA is consistent with expectations from rupture
directivity and radiation effects. While average FN/FP ratios at short periods remain close to unity, the
simulations capture spatial variability, including larger ratios in directivity regions.

The RotD100/RotD50 ratios exhibit a coherent transition from stochastic-dominated to physics-dominated
regimes. At short periods, simulated ratios track the empirical model of Boore and Kishida [83]; within the
transition band they increase toward the levels observed in the recordings; and at longer periods they reflect
stronger polarization driven by the PBS, consistent with the data for both earthquakes. Similarly, the vertical-
to-horizontal (V/H) ratios align well with the model of Giilerce and Abrahamson [82], including localized
exceedances of unity associated with radiation-pattern effects.

These results indicate that jointly training the ANN on three components helps preserve realistic component-
to-component relationships. The comparison with the GMH-based baseline further supports this interpretation:
when the horizontal components are predicted independently, short-period polarization is overestimated,
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whereas the joint three-component ANN keeps FN/FP and RotD100/RotD50 ratios closer to observed and
empirical ranges.

7.3 Inter-Period and Spatial Correlation

A key contribution of this work is the explicit and unified treatment of inter-period, spatial and cross-
component correlation of within-event residuals. For the two South Iceland simulations considered here, the
inter-period correlation structure inferred from the simulated motions closely follows the empirical model of
Baker and Jayaram [21], with a smooth transition across the stochastic—physics-based boundary. This
behaviour contrasts with earlier hybrid broadband procedures where correlations may degrade near the
transition frequency, and suggests that the combined ANN + correlated-residual approach can provide a
consistent statistical bridge across frequency regimes.

Spatial correlation analysis yields correlation ranges broadly consistent with published empirical models. The
presence of a nugget effect is physically plausible and reflects spatially uncorrelated variability (e.g.,
unresolved site-specific effects and modelling uncertainty), leading to a non-zero semivariance at zero
separation. The observation of relatively large correlation ranges around ~1 s is particularly noteworthy and
may reflect enhanced source-controlled coherence at intermediate periods for this specific case-study; however,
confirming the physical origin of this feature requires additional study.

7.4 Implications for Hazard and Risk Applications

From an engineering perspective, the framework provides a practical way to generate broadband ground-
motion fields that are spectrally compatible and statistically consistent across space, periods, and components.
These characteristics are relevant for scenario-based hazard and risk analyses, especially for applications
involving spatially distributed infrastructure, portfolios, or vector-valued intensity measures. Importantly, the
approach is computationally efficient: once the ANN is trained, broadband time histories can be generated
rapidly for large scenario sets and dense spatial grids.

However, the present study verifies these properties mainly at the level of intensity measures and their
correlation structure. It does not constitute a full engineering validation in terms of nonlinear structural
response, portfolio loss, or code-based design quantities. Accordingly, the proposed framework should be
viewed as a potential tool for generating input ground-motion fields for scenario-based hazard and risk studies,
subject to additional validation for the specific application of interest. In particular, engineering-level validation
using single-degree-of-freedom and multi-degree-of-freedom structural response [31,86,87], damage
measures, or portfolio loss metrics remains an important step before using the generated motions in design-
oriented workflows.

The framework also provides a practical mechanism to represent aleatory variability conditional on the selected
PBS input. Aleatory uncertainty can be explored by generating multiple realizations of the correlated within-
event residual field, while long-period source and path variability can be sampled through alternative PBS
rupture realizations. However, epistemic uncertainty in the PBS model itself, including uncertainty in the 3-D
velocity structure, attenuation model, and rupture parametrization, is not removed by the ANN and should be
considered separately in project-specific applications.

7.5 Limitations

Despite the encouraging results, several limitations should be acknowledged.

(i) Reliance on empirical data. The methodology is fundamentally data-driven. Both the ANN predictions at
short periods and the residual correlation model depend on empirical strong-motion observations.
Consequently, performance may degrade when extrapolating to conditions that are weakly represented in the
available datasets. The ANN is designed to reproduce statistical trends and variability in intensity measures,
rather than to reconstruct a unique physical realization of the short-wavelength field.

(ii) Bounded magnitude and regional validation. The global ANN was trained using crustal earthquake
records with magnitudes up to My, 7.8; therefore, the model should not be used beyond this range without
additional validation. The South Iceland application presented here involves two strike-slip earthquakes with
M,, 6.4-6.5 in a single region. Thus, although the global training dataset includes larger-magnitude records, the
complete broadband workflow has not been independently evaluated here for My, > 7 events or for other
tectonic settings. Applications outside the demonstrated magnitude and regional range should therefore be
treated as extrapolations unless supported by additional validation. Larger-magnitude applications are being
investigated in companion work, but they are outside the validation scope of the present paper.
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(iii) Lack of explicit high-frequency wave propagation physics. High-frequency motion is introduced
through stochastic/ML-driven components constrained to match observations, but the framework does not
explicitly simulate high-frequency wave propagation, including detailed scattering, small-scale 3-D
heterogeneity, and fine-scale site effects. In an ideal setting, fully physics-based broadband simulations would
directly propagate energy to high frequencies while simultaneously reproducing realistic spatial and cross-
period/cross-component correlations. At present, however, regional PBS are computationally constrained in
fmax> and achieving both very high frequencies and dependence structures consistent with observations remains
challenging. The proposed approach should therefore be viewed as a practical compromise: physics-based
where feasible at long periods and empirically constrained where necessary at short periods.

(iv) Empirical nature and transferability of the correlation model. For simplicity, the residual correlation
model adopted here does not depend explicitly on region, magnitude, or site class. Although this assumption
is partly supported by studies reporting weak or inconsistent dependence of spatial and inter-period correlations
on these variables, event-to-event and regional variability may still be important. The estimated nugget, sill,
and range parameters should therefore be interpreted as average empirical properties of the calibration dataset,
and applying the same correlation structure outside this context should be done cautiously and preferably
supported by additional validation.

(v) Dependence on the accuracy of the underlying PBS. Since the ANN conditions the short-period response
on long-period PBS ordinates, systematic errors in the velocity model, attenuation structure, source
characterization, or rupture kinematics are not removed by the network and may be transferred, or in some
cases amplified, in the high-frequency predictions. Validation of the PBS against available recordings is
therefore a prerequisite for applying the proposed workflow.

8 Conclusions and Outlook

Within the scope of the South Iceland case study, the proposed broadband generation procedure reproduces
observed attenuation trends at short periods, preserves physically plausible directionality and component ratios,
and yields inter-period and spatial correlation structures that are consistent with empirical models and do not
exhibit an artificial loss of correlation at the stochastic—PBS transition. These results support the use of the
framework as a methodological basis for generating spatially and spectrally coherent broadband ground-motion
fields.

Future work should expand the validation to additional events, regions, and magnitude ranges, including larger-
magnitude scenarios, and should explore sensitivity to PBS configuration, rupture modelling choices, and
epistemic uncertainty in the 3D velocity model. Further work should also investigate the physical mechanisms
controlling period-dependent spatial correlation. Finally, engineering-level validation should be performed
using engineering demand parameters, as well as quantitative seismic damage or loss evaluations on building
portfolios.

Overall, the results indicate that combining physics-based simulations, transfer learning, and empirically
constrained residual correlation modelling provides a promising and computationally efficient pathway for
broadband ground-motion simulation. However, the framework should be applied within its demonstrated
domain of applicability, and additional validation is required before using it for design-level or regulatory
applications.
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Supplemental Material

Architecture and hyperparameter sensitivity analysis

Candidate models were trained using the same training, validation, and test partitions, and input variables. The
tested configurations included a single-branch model, a lower-capacity multi-branch MLP, the reference multi-
branch MLP, a higher-capacity multi-branch MLP, a deeper multi-branch MLP with an additional shared
hidden layer, and a variant with 1D convolutional layers (CNN). In the 1D-CNN model, the long-period
spectral ordinates were treated as ordered period-dependent inputs and processed by one-dimensional
convolutional layers along the period axis; the resulting feature maps were then summarized using global
average pooling (GAP) before fusion with the rest of the network. This comparison was included to test whether
local spectral-shape extraction provides a measurable advantage over fully connected spectral branches for the
present response-spectrum mapping task. The models were compared in terms of number of trainable
parameters, Root Mean Squared Error RMSE and Mean Absolute Error MAE in natural-log units, coefficient
of determination R?, and mean model bias (Table S1).

The sensitivity analysis shows that increasing model complexity beyond the reference architecture does not
provide a robust improvement in validation or test performance. The higher-capacity model and the deeper
model produced a reduction in RMSE for the test set of only 1.8% and 1.1%, respectively, while the number
of trainable parameters increased significantly. The single-branch model, in which all predictors are
concatenated without grouped feature processing, achieved slightly better training performance than the
reference model but the test performance improved only marginally. This wider generalization gap suggests
that direct concatenation of all predictors increases the ability to fit the training data but does not improve out-
of-sample prediction. The lower-capacity and the 1D CNN models had a lower performance than the reference
model over all metrics.

Table S 1. Architecture-sensitivity analysis for the ANN model with T*=1 s. Candidate architectures were trained using
the same event-wise training/validation/test split, input/output variables, loss function, optimizer, learning-rate schedule,
and early stopping criterion. Models are evaluated in terms of number of trainable parameters, RMSE, MAE, R?, and
average bias ratio for one horizontal component (over periods and records). The selected architecture corresponds to model
M3, retained in the main analysis.

o Number of  p\SE (1n) MAE (In) R? Bias (%)
Model Description trainable
parameters  T/VId/tst trn/vid/tst trn/vid/tst trn/vid/tst

No grouped feature
M1 processing: Single-branch 6267  0.541/0.550/0.556 0.412/0.424/0.422 0.911/0.908/0.906 -1.6/2.0/-0.4
MLP, N1=42, No=42

Lower capacity: Multi-

M2 branch MLP, N1=6, N>=26

2827  0.563/0.565/0.571 0.427/0.432/0.431 0.904/0.903/0.902 -1.4/2.2/0.1

Reference model: Multi-

M3 branch MLP, Ni=12, 6304  0.557/0.562/0.563 0.421/0.430/0.424 0.906/0.904/0.904 -1.4/2.6/-0.2
No=51
Higher capacity: Multi-
M4 branch MLP, N1=24, 16105  0.550/0.554/0.552 0.415/0.422/0.414 0.908/0.907/0.908 -0.9/2.6/-0.2
N2=102

Extra shared layer: Deeper
M5 multi-branch MLP, 8956 0.552/0.555/0.556 0.418/0.424/0.421 0.908/0.907/0.907 -1.7/-2.3/-0.3
Ni=12, No>=51, N3=51

Two 1D-CNN with GAP
M6  at each spectral branch, 7060  0.600/0.603/0.590 0.460/0.467/0.450 0.891/0.890/0.895 -0.4/1.8/1.1
Ni=12, N>=51

GMH: Multi-branch MLP
M7 for geometric mean 1198  0.288/0.291/0.288 0.401/0.407/0.402 0.911/0.911/0.912 -1.9/0.1/-1.3
component, N1=12, No=17
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Simulation of multivariate LMC residual fields

Random field definition and stacking

Let s € R?denote a site coordinate (e.g., UTM in km). We simulate a multivariate Gaussian random field for
the normalized within-event residuals,

H1(s)
e(s) = |M2(s)| € R?,p = 3n,p, (A1)
'(s)

where each block £°°™P(s) € R™ corresponds to the set of short-period ordinates (all periods simulated
simultaneously). The normalized residuals are defined by period/component-specific heteroscedastic within-
event standard deviations ¢p(M,,) € RP estimated from mixed-effects residual decomposition. Following the
nested LMC structure used in spatial cross-correlation modeling (Loth and Baker 2013) and consistent with
the frequency-dependent formulation of Wang et al. (2021), we represent the covariance of €(s) as a sum of
two spatially correlated components with exponential correlation functions and a nugget component, defined
by Eq. 7.

Direct unconditional simulation

For a set of N sites {s;}_,, define the N x N distance matrix H with entries H;; = hij =l 's; — s; Il. The two
spatial correlation matrices are
—3m:\1N —3m;\1N
R, = [exp (—”)] ,R, = [exp( ”)] . (A2)
R My =1 Rz /i =1
In the direct implementation, we compute Cholesky factors L,L}) ~ R, with a small jitter added to ensure

positive definiteness. Likewise, we factor the coregionalization matrices P, into B,B; (using PSD projection
if needed). We then simulate three independent Gaussian components using matrix-normal algebra:

g =B Z LDT: g, = (B, Z, LDTx g5 = (B Z3)Tx (A3)

where Z,,Z,,Z; € R*N have i.i.d. standard normal entries. The resulting unconditional normalized field is

e=g, +& +8& €RVP, (A4)
with covariance

where @ denotes the Kronecker product and vec(+) stacks by columns.

Because the subsequent step exponentiates simulated In-fields back to linear spectral accelerations, extreme
Gaussian tails can occasionally yield unrealistically large amplitudes when N is large. As a practical safeguard,
we optionally apply a smooth saturation to the normalized field (Winsorization-like):

£ =ctanh(g/c), (A6)

with ¢ set to 2. Finally, the simulated residuals in In-units are obtained by rescaling with ¢p(M,,):
W, =8O ¢, Y™=YANNL 5w, (A7)

where YANN € R¥*4¢ontains the ANN mean predictions In-units.
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Scalable simulation for large N: Vecchia and Nystrom approximations

The direct approach requires storing dense N X N matrices and performing O(N3) Cholesky factorization,
which becomes infeasible for N ~ 10*~10°. We therefore implement scalable approximations of the
correlation operators:

Short-range (Vecchia / nearest-neighbour): For the short-range component R;, we approximate the joint
distribution by a product of low-dimensional conditionals (Vecchia, 1988). In modern form, this yields sparse
precision and triangular factors that enable simulation with cost 0(Nm?2), where m is the neighbour set size
(Datta et al., 2016). This approximation is well suited for rapidly decaying correlations.

Long-range (Nystrom low-rank): For long-range correlations R,, we approximate R,by a low-rank
factorization based on m « N landmark points (Williams & Seeger, 2000),

R, ~ UUT, (A8)
so that a correlated draw can be generated as r = Uz with z ~ NV (0,1,,). This reduces memory and

computation while preserving the dominant long-range modes. In practice, we combine the short- and long-
range approximations in a hybrid manner consistent with the additive LMC decomposition as in Eq. A4.

Conditional simulation by deterministic correction

To condition simulated fields on recorded spectral accelerations, we follow the “unconditional draw +
deterministic conditioning correction” method described by Hoffman (2009) for conditional random fields. Let
O be the set of observation indices (size N,) and U the set of unobserved sites (size N,,). Given recorded values
at 0, we compute observed normalized within-event residuals relative to the ANN prediction as

£obs(0) = (YOP3(0) = YNN(0)) @ ¢(M,), (A9)

where () represents elementwise division. We first generate an unconditional normalized field at all sites
€,(s = 0 U U) as described before. Define the mismatch at observed sites as

A(0) = £obs(O) - Eu(O). (A10)
The conditioned field is then obtained by adding the kriging-like correction term,
(W) = £,(U) + Cyp €5 A0), (Al1)

where Cpp is the block covariance among observed sites and Cq is the cross-covariance between unobserved
sites and observed sites. Under the nested LMC covariance above, and using the nugget convention, these
blocks take the form

° Coo =P, @RS +P, ®RY +P; @ 1y, (A12)
Cyo =P; ®R) + P, @ RY, (A13)

where Rff;) and Rgfg are exponential correlation matrices computed from observation—observation and
unobserved—observation distances for range R,, computed as in Eq. A2 The nugget P; appears only in Cpp
(variance at the same site), and not in Cq;p, consistent with independent nugget contributions across distinct
sites.

Practical computation of C1,Cy3A(0)

Directly forming and inverting €, might be computationally expensive if N, is large, moreover, the full matrix
Cyo is usually very large. Instead, we compute the product Cy»C53A(0O) in two stages:

We first solve the linear system

Coovec(al) = vec(A(0)T), (Al14)

where @ € RNo* is an auxiliary matrix of “kriging weights” (one d-vector per observed site), and vec(-) stacks

the columns of its argument. This equation makes the Kronecker structure explicit and fixes the ordering used
in implementation. In practice we compute vec(a™) by a Cholesky factorization of €. Specifically, we form
an upper-triangular factor U such that Cyo =~ UTU, and then apply two triangular solves
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UTz = vec(4(0)T), Uvec(aT) = z. (A15)

A small diagonal stabilization (jitter) may be added to € if needed for numerical robustness. After solving
for vec(aT), we reshape to obtain a in site-major form.

Once «a is known, the correction at the unobserved locations is computed using matrix multiplications that
avoid forming the full (N, d) X (N,d) matrix Cy. Using the LMC decomposition,

CuoC534(0) = (P, ® RS + P, ® RY))vec(a™. (A16)
With the site-major representation @ € R¥o*@, this product can be evaluated as
Adj(w) = (RYa)P," + (RYa)P,", (A17)
where Adj(U) € RNv*4 is the deterministic correction added to the unconditional field. Finally,
g.(U) = g,(U) + Adj(U). (A18)

This two-stage computation is exactly what is implemented in the code: (i) solve a single linear system of size
N,d to obtain a, and (ii) apply the cross-covariances from the unobserved points to the observed points through

two dense multiplications REfo) a followed by right-multiplication by P} . Finally, the conditioned In-residual
field and simulated In-SAs are computed using Eq. A7.
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Figure S 1. Learning curves for ANNs (reference model) trained using as corner period T*=0.7 s (left), and T*=1 s (right).
The blue dashed lines represent the epoch with the lowest validation loss which is the one selected.
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Figure S 2. Input-period perturbation sensitivity for one horizontal component of the ANN with T*=1 s. Each long-period
input ordinate of one component was perturbed independently, and the RMS change in the predicted output spectrum was

computed over the validation set. Values are normalized at each output period and expressed as percentage contributions
to the total perturbation sensitivity.
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Figure S 3. Comparison of estimated horizontal response spectra for different regions by the ANN with T*=0.7 s. The
source mechanism is normal faulting, Mw=6.5 and Rjp=10 km. ECS8 site class is A on the left and B on the right. The input
long-period spectra were obtained from the GMM by Lanzano et al. (2019).
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Figure S 4. Within-event standard deviations ¢; and ¢, from the heteroscedastic mixed-effects regression for all output
periods for the ANN with T*=1 s.
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Figure S 5. Between-event residuals at various periods vs Mw for one horizontal component (top panel) and for the vertical
component (lower panel). Error bars indicate £1 standard deviation at various bins. T* corresponds to 1 s.
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Figure S 6. Within-event residuals vs period for the three components. Points are plotted with a small horizontal jitter to
reduce overlap and improve readability. Error bars indicate 1 standard deviation. T* corresponds to 1 s. T* corresponds
tols.
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plotted with a small horizontal jitter to reduce overlap and improve readability. Error bars indicate £1 standard deviation.
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Figure S 8. Within-event residuals at various periods vs region for one horizontal component. Points are plotted with a
small horizontal jitter to reduce overlap and improve readability. Error bars indicate +1 standard deviation. T* corresponds
tols.
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corresponds to 1 s.
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Figure S 10 Performance of two ANNSs trained with the IceSMN dataset composed of 90 records, expressed in terms of
error bars from the total logarithmic residuals for one horizontal component, i.e., In(SAanN/SAobs), in which SAann denotes
the SA predicted by the ANN and SAows are the observed ones. The performance is estimated at each vibration period T,
here normalized with respect to the corner period T*=1 s. The residual patterns are not consistent across the three subsets,
indicating an unstable calibration.
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Figure S 11. Ablation test of the transfer-learning strategy using the local IceSMN dataset. Case A corresponds to the
reference TL configuration, in which both the shared hidden layer and the output layers are updated during fine-tuning.
Case B corresponds to a more restrictive configuration, in which only the output layers are updated. Symbols show the
mean validation and test metrics over five independently trained networks, and error bars indicate the corresponding
standard deviation. The reference configuration provides lower RMSE and lower absolute bias, indicating that updating
the shared layer improves the calibration while maintaining stable generalization.
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Figure S 12. Geology-based site classes used for training the ANN for Iceland.

36



=0s

)_
w
=]
[
)—
€
&
n
<
=]
1]
)_
B
|D|- 0.6
= 03 f
o |
0 30 60 90 120 0 30 60 90 120 0 30 60 90 120 0 30 60 90 120
h (km)
T=0s T=0.1s T=0.4s T=0.8s

Figure S 13. Empirical semivariograms of within-event residuals and the fitted multivariate semivariogram model (solid
lines) for the vertical component at period pairs for 0.0, 0.1, 0.4 and 0.7 s. Residuals are computed with respect to the
prediction by the ANN with T*=1 s.
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Figure S 14. Comparison of recorded and conditionally simulated BB accelerograms, SA, and Fourier amplitude spectra
(FAS) at selected stations for the 17 June 2000 earthquake.
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Figure S 15. Comparison of recorded and unconditionally simulated BB accelerograms, SA, and Fourier amplitude spectra
(FAS) at the same stations shown in Figure 11.
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Figure S 16. Sensitivity of transfer-learning performance to the amount of target-region data used for fine-tuning. Five
pretrained global ANNs were fine-tuned using progressively increasing fractions of the local Icelandic dataset. For each
fraction, the symbols show the mean validation and test RMSE and bias; error bars indicate one standard deviation across
the 5 ANNs. Both validation and test results show an overall reduction in RMSE and absolute bias as the fraction of local
records increases, indicating that the regional calibration becomes more stable when more target-region data are included.
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