Dear Reviewer,

We sincerely thank you for your careful reading of our manuscript and for the
constructive comments and suggestions. We greatly appreciate the time and effort you
have devoted to reviewing our work. Your insightful comments have helped us improve

the clarity and quality of the manuscript.

In accordance with all comments, we have carefully revised the manuscript and
provided a detailed, point-by-point response. All modifications in the revised version
are clearly marked. The associate editor and reviewers’ comments are presented in
black, our responses in blue, and the corresponding revised texts quoted from the
manuscript are highlighted in red. In addition, we have conducted several additional
analyses and experiments to address the reviewer’s concerns and further validate the
proposed approach. Some of these results have been incorporated into the revised
manuscript, while additional results are provided in the supplementary materials for

reference.

We hope that the revisions adequately address the reviewer’s comments and
improve the manuscript. We thank you again for your valuable suggestions and

consideration.

Thank you for your valuable comments and suggestions.



Response to Reviewer 2
General Comments:

Liu et al. construct OpenSWI, a comprehensive benchmark dataset designed for surface
wave dispersion curve inversion, comprising three subsets: OpenSWI-shallow,
OpenSWI-deep, and OpenSWI-real. These datasets effectively address the growing
need for large-scale and diverse training resources to facilitate Al-based inversion
techniques in both shallow and deep geophysical applications. The manuscript presents
a systematic and geologically workflow for datasets construction, generating a large
number of velocity dispersion curves from multiple publicly available synthetic and
real models. Besides, the authors develop a unified quality control and standardization
process, and several effective data augmentation strategies for building a massive and
structurally diverse dataset. Finally, the author validated the feasibility and

effectiveness of their datasets by testing on multiple real-world observations datasets.

Overall, this work is timely and potentially impactful. The scale of the dataset and the
effort toward open-source release are commendable, and the proposed workflow
provides a reproducible foundation for future dataset expansion. Nevertheless, several
aspects of the data processes, forward modeling details, model training design, and
overall presentation would benefit from further clarification and refinement.
Addressing these issues would improve the clarity, methodological rigor, and reliability

of the benchmark dataset for future applications.
Specific comments:

#Comment 1#: Page 5, Lines 111-112, and Figures 2, 4: The authors mention that
artifacts (e.g., zero or abnormal values) are corrected through interpolation or
single-point removal during the quality control process. In Figure 2, the
anomalous low-velocity point appears to be a numerical artifact introduced during
interpolation after fault insertion, which may indeed be non-physical in the
context of a normal fault setting. However, Flat—Fault and Fold—Fault models
shown in Figure 4, some geological scenarios may involve reverse faulting or
locally overturned strata. In such cases, localized low-velocity anomalies or sharp
velocity inversions could be geologically reasonable rather than numerical
artifacts. How does the quality control process distinguish between numerical
artifacts and geologically meaningful velocity inversions? Please clarify.

#Response 1#: We thank the reviewer for this important question. The quality control
procedure in OpenSWI is designed to remove only numerical artifacts or sub-resolution
velocity anomalies introduced during model construction, rather than modifying

geologically meaningful velocity structures. First, isolated numerical artifacts (e.g.,



single-cell zero or abnormal velocity values) occasionally arise during interpolation
after structural operations such as fault insertion. These anomalies typically appear as
isolated grid points that are inconsistent with the surrounding velocity field. In such
cases, local interpolation or single-point replacement is applied to restore numerical
consistency. The anomalous low-velocity point visible in Figure 2 corresponds to this
type of isolated interpolation artifact. In addition, the quality control procedure
identifies and filters extremely thin high- or low-velocity layers that may occasionally
emerge during structural model assembly. Surface-wave dispersion curves are
primarily sensitive to vertically averaged velocity structures and have limited resolving
power for very thin layers. As a result, such sub-resolution layers may introduce
unrealistic velocity oscillations that are not recoverable in dispersion-based inversion.
To address this issue, we apply a set of structural checks, including sandwich-layer
detection, local velocity gradient constraints, and thickness threshold filtering, to detect
anomalously thin layers while preserving coherent geological structures. Importantly,
geologically meaningful velocity inversions associated with structural features (e.g.,
faults, folds, or overturned strata) generally form spatially coherent patterns extending
across multiple grid cells and are preserved during the quality control process. We have

clarified this procedure in Sections 2.1.1 and 2.1.2 of the revised manuscript.
#Modifications 1#
2.1.1 Collection and Quality Control of Geological Models

..., To ensure consistency and physical plausibility, a unified quality control and
standardization procedure was applied before incorporating the models into the dataset.

The quality control procedures included the following steps:

1. Data correction and artifact removal: Isolated numerical artifacts occasionally
appeared during model assembly or interpolation, such as single-cell zero values,
NaN values, or anomalous velocity spikes inconsistent with the surrounding
velocity field. These artifacts were corrected using local interpolation or single-
point replacement to restore numerical consistency. Importantly, the correction was
restricted to isolated grid anomalies and did not modify spatially coherent

geological structures.
2.1.2 Extraction and Parameterization of 1-D Velocity Profiles

Structure refinement of 1-D profiles: To improve numerical stability during forward
modeling, extremely thin layers and isolated velocity spikes that may arise during
model extraction or interpolation were removed or merged with adjacent layers. Such
layers are typically below the effective vertical resolution of surface-wave dispersion

curves and may introduce unrealistic oscillations in the calculated dispersion relations.



This refinement step therefore removes only sub-resolution numerical anomalies while

preserving the overall stratigraphic structure of the velocity profiles.

#Comment 2#: Page 7, Lines 141-144: The explanation of the procedures applied
for depths <120 km and >120 km is unclear and potentially misleading. Although
the manuscript states that Brocher’s empirical formulas are less applicable at
depths >120 km, Brocher’s empirical relationship still appears to be used to
compute p after deriving Vp from Vs based on a constant assumption. Please
clarify this workflow. Besides, the manuscript adopts a fixed value of 1.79 for all
depths below 120 km. Could this assumption reduce the variability, diversity, or
realism of the dataset? Furthermore, might the use of different parameter
conversion procedures above and below 120 km introduce an artificial

discontinuity at this boundary?

#Response 2#: Thank you for the insightful comment. We agree that the conversion
procedure introduces a simplified parameterization in the deeper part of the models,
and we have clarified the workflow in the revised manuscript to avoid potential
misunderstanding. In the OpenSWI dataset, the primary variable controlling surface-
wave dispersion is the vy profile. The additional parameters (v, and density) are
derived mainly to construct physically consistent elastic models for forward modeling.
For depths shallower than 120 km, we apply the empirical relationships of Brocher
(2005), which were developed primarily from crustal rock datasets and are widely used
for seismic velocity conversions in the crust and uppermost mantle. For depths greater
than or equal to 120 km, these empirical relationships become less reliable because they
were calibrated mainly for crustal lithologies. Therefore, we adopt a simplified
approach by assuming a representative upper-mantle v,/vg ratio of 1.79 to compute
v, from v, and the density is subsequently estimated from v, using the Brocher
(2005) relationship to maintain a physically consistent density—velocity relationship.
We note that switching the parameter conversion scheme at 120 km could introduce a
change in the gradient of the derived v,; however, the underlying v, profiles remain
continuous, and the change only affects the derived auxiliary parameters. Surface-wave
dispersion is primarily sensitive to vy, while its sensitivity to v,and density is
significantly lower (Xia et al., 1999), so moderate variations in v, and p have
minimal impact on the resulting dispersion curves. To further reduce the possibility of
artificial discontinuities around the transition depth, we applied a local smoothing
procedure to the derived parameters in the vicinity of 120 km, ensuring physically
reasonable vertical variations. The manuscript has been revised to clarify this workflow

and the rationale for this parameterization.

#Modifications 2#



2.1.2 Extraction and Parameterization of 1-D Velocity Profiles

Completion of Other Physical Parameters: To construct complete elastic models, v,
and p were derived from the known v, profiles to ensure physical consistency. For
depths shallower than 120 km, empirical relationships from Brocher (2005) were
applied to compute v, and p, which are well calibrated for crustal lithologies. For
depths greater than or equal to 120 km, where these empirical formulas are less reliable,
a representative upper-mantle v,/vg ratio of 1.79 was used to compute v, from v,
and the density was subsequently estimated from v, using Brocher's empirical
relationship to maintain a physically consistent density-velocity relationship. To avoid
potential artificial discontinuities at the transition depth, a local smoothing procedure
was applied to the derived parameters in the vicinity of 120 km, ensuring smooth and

physically reasonable vertical variations.

#Comment 3#: In the model training, the authors adopt MSE as the loss function
for training the inversion model. Have alternative loss functions been evaluated,
such as MAE or smoothed MAE (Huber loss)? Since MSE tends to promote
smoother predictions, could this potentially affect the preservation of boundaries

with sharp velocity discontinuities?

#Response 4.1#: Thank you for this insightful comment regarding the choice of the
loss function. The potential influence of the training objective on inversion performance
is indeed an important consideration. In response to this suggestion, additional
experiments using an alternative loss function have been conducted in the revised
manuscript. In addition to the mean squared error (MSE) used in the original version,
the mean absolute error (MAE) loss was also evaluated under identical training
configurations for all benchmarked network architectures. The results of these
experiments are reported in the Appendix of the revised manuscript. The comparison
indicates that the RMSE values obtained using MAE and MSE are generally similar,
with only minor variations in the final prediction errors. This suggests that the overall
inversion performance is primarily governed by the network architecture rather than the
specific regression loss used during training. Regarding the concern that MSE may
promote overly smooth predictions and potentially affect the representation of sharp
velocity discontinuities, the experimental results do not indicate a significant
degradation of boundary structures in the predicted models. This may be partly
attributed to the fact that the network learns the nonlinear mapping between dispersion
curves and velocity structures from the training data distribution, which includes

models with varying layer boundaries and velocity contrasts. As a result, the learned



mapping is capable of reproducing velocity contrasts even when MSE is used as the
optimization objective. The discussion of alternative loss functions and the
corresponding experimental results have been added to the Appendix benchmarking

section of the revised manuscript.

#Modifications 3#

Appendix F: Benchmarking Alternative Neural Network Architectures
F1. Compared Architectures

To assess the effectiveness of the proposed approach, three representative neural
network architectures previously applied to surface-wave dispersion curve inversion
are considered: a U-Net-based model (Wang et al., 2023b), a fully connected neural
network (FCNN) (Chen et al., 2024), and the Transformer-based architecture adopted
in this study. The U-Net architecture is a convolutional encoder - decoder network
originally developed for image segmentation and subsequently adapted to geophysical
inversion problems. In this benchmark, a one-dimensional U-Net implementation
following the design proposed by Wang et al., (2023b) is adopted. The model consists
of four encoder - decoder stages with skip connections, where convolutional layers
progressively extract hierarchical features from the dispersion curves and reconstruct
the corresponding subsurface shear-wave velocity profiles. The FCNN model follows
the architecture described by Chen et al., (2024). It consists of an initial convolutional
layer serving as a feature embedding module, followed by seven fully connected layers
that map dispersion-curve features directly to the target shear-wave velocity profile.
Detailed architectural configurations of the U-Net and FCNN models are available in
the corresponding references. In the present benchmark, both models are implemented
following the configurations described in the original studies to maintain consistency

with previous work.
F2. Experimental Setup

The CNN/U-Net and FCNN architectures require fixed-length input representations.
As a result, these models cannot be directly applied to dispersion curves with variable
sampling densities or period ranges, such as those present in the OpenSWI-real dataset.
Consequently, the benchmarking experiments are conducted exclusively on the
OpenSWI-shallow and OpenSWI-deep datasets. To ensure a fair comparison across
different architectures, several training strategies employed in the main experiments are
intentionally simplified. In particular, no additional data augmentation techniques are
applied in the benchmarking experiments, including the depth-aware masking strategy

and the random noise injection described in the main text.



All models are trained using an identical dataset partitioning strategy, consisting of 90%,
5%, and 5% splits for training, validation, and testing, respectively. The evaluation
results reported here correspond to the performance on the held-out 5% test subset. To
further ensure consistency, identical optimization settings are adopted for all models.
Specifically, the Adam optimizer is used with an initial learning rate of 0.0001,
combined with a warm-up phase followed by a step-based learning rate decay schedule
(StepLR). The maximum number of training epochs is set to 30 for the OpenSWI-
shallow dataset and 200 for the OpenSWI-deep dataset. To examine the potential
influence of the training objective, two commonly used regression loss functions are
considered: mean squared error (MSE) and mean absolute error (MAE). Each network
architecture is trained separately using both loss functions under identical training
configurations, resulting in six benchmarking experiments (three network architectures
combined with two loss functions). For consistency, the evaluation metric reported in
the comparison is the root mean square error (RMSE) between the predicted and

reference shear-wave velocity profiles on the test dataset.
F3. Results and Discussion

Table F1 summarizes the benchmarking results obtained using different network
architectures and loss functions on the OpenSWI datasets. The results indicate that the
Transformer-based architecture consistently achieves the lowest RMSE across both
datasets and loss-function settings. The U-Net model exhibits comparable performance
on the OpenSWI-shallow dataset but shows larger errors on the more challenging
OpenSWI-deep dataset. In contrast, the FCNN model yields relatively higher errors
overall, suggesting that its limited representational capacity may restrict its ability to
capture the complex nonlinear relationships between dispersion curves and subsurface
velocity structures. Regarding the influence of the loss function, the RMSE values
obtained using MSE and MAE are generally similar, with only minor variations
between the two settings. This observation suggests that the overall inversion
performance is primarily governed by the network architecture rather than the specific

regression loss used during training.

Beyond the quantitative accuracy presented in Table F1, an important practical
distinction lies in the ability of different architectures to generalize to real observational
datasets. The CNN/U-Net and FCNN models require fixed-length input representations
and therefore cannot be directly applied to dispersion curves with varying sampling
densities or period ranges, such as those encountered in the OpenSWI-real dataset. In
contrast, the Transformer-based architecture naturally supports variable-length input
sequences and can therefore be applied directly to real observational dispersion curves

without additional preprocessing or retraining. These results highlight an important



consideration for future deep-learning-based surface-wave inversion methods: in
addition to achieving strong performance on synthetic benchmark datasets, inversion
models should also possess sufficient flexibility to accommodate dispersion curves with
varying period ranges and sampling densities commonly encountered in real-world
applications.

Table F1. Benchmark comparison of different neural network architectures and loss functions on the OpenSWI datasets. Values represent

RMSE (km/s) computed on the held-out test subsets.

Dataset U-Net (MAE) U-Net(MSE) FCNN (MAE) FCNN (MSE) Transformer (MAE) Transformer (MSE)
OpenSWI-shallow 0.1407 0.1413 0.2366 0.2269 0.1411 0.1353
OpenSWI-deep 0.0454 0.0421 0.0617 0.0554 0.0164 0.0163

Technical comments:

#Comment 4.1#: Page-3, Line 56: The citation format “...of the researchers

Merrifield et al. (2022)” is inappropriate.

#Response 4.1#: We thank the reviewer for pointing out the citation formatting issue.
The text has been corrected to use the proper format: “...of the researchers (Merrifield
et al., 2022)”.

#Modifications 4.1#
1. Introduction

..., Actual observational data are often proprietary and not available to most of the
researchers (Merrifield et al., 2022).

#Comment 4.2# Page-5, Lines 128-129: Please provide a detailed description of
the de-duplication procedure. It would be helpful if the authors could clarify
whether the de-duplication was implemented during the profile extraction stage
(e.g., by applying a spatial sampling interval), or performed after extraction

using a quantitative similarity criterion.

#Response 4.2#: Thank you for the helpful suggestion. In this study, de-duplication
was implemented both during the profile extraction stage and as a post-processing step.
During the extraction stage, the spatial sampling interval was controlled to avoid
generating multiple identical profiles, particularly in geological models with
horizontally layered structures where adjacent grid points may share identical vertical
velocity sequences. In addition, a post-processing similarity check was applied to the

extracted 1-D profiles. The similarity between profiles was quantified using the SSIM



(Structural Similarity Index), and profiles exceeding a predefined similarity threshold
were considered duplicates, with only one representative profile retained. These
strategies effectively reduce redundant samples while preserving representative
geological variability in the dataset. The manuscript has been revised to clarify this

procedure.
#Modifications 4.2#
2.1.2 Extraction and Parameterization of 1-D Velocity Profiles

Extraction and de-duplication of 1-D profiles: Vertical 1-D vs profiles were extracted
from 2-D geological cross-sections and 3-D geological models at surface grid points.
In models with horizontally layered structures, adjacent grid points may yield identical
vertical profiles. To reduce redundancy, the spatial sampling interval was controlled
during extraction so that only representative profiles were retained. In addition, a
similarity check was applied to the extracted profiles. Profile similarity was quantified
using the structural similarity index (SSIM), and profiles exceeding a predefined
similarity threshold were considered duplicates, with only one representative profile

retained.

#Comment 4.3# Page-8, Lines 175-176: The expression “they provide deep
learning models with ...” is somewhat informal, e.g., “they provide .... samples for

model training, ...”

#Response 4.3#: Thank you for the suggestion. The sentence has been revised to
improve the academic tone. It now reads: “As a result, the dataset provides more diverse
and comprehensive samples for training deep learning models, improving their

generalization and robustness in complex geological settings.”

#Comment 4.4# Page-18, Lines 314-316: Please avoid using single-sentence
paragraphs.

#Response 4.4#: Thank you for the suggestion. The single-sentence paragraph has
been removed and merged with the subsequent paragraph to improve the flow and
readability of the text.

#Comment 4.5# Page-22, Lines 368-369: The described learning rate decay
intervals (20 and 200 epochs) appear inconsistent with the corresponding figure



10, which seems to show decay at approximately 40 and 500 epochs. Please
clarify.

#Response 4.5#: Thank you for pointing out this inconsistency. The learning rate decay
intervals were incorrectly described in the previous version due to a mismatch between
the text and the values illustrated in Figure 10. The correct decay epochs used in the
training are 40 and 500. We have corrected the relevant description in the manuscript

and revised Figure 10 accordingly to ensure consistency.

. .
#Modifications 4.5#
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FigurelO. (a) The architecture of the deep neural network (Transformer) used in this
work for surface wave dispersion curve inversion. The Training (blue) and validation
(red) loss curve on the (b) OpenSWI-shallow, and (c¢) OpenSWI-deep datasets. The

learning rate curve are presents in the inner figure with purple line.

#Comment 4.6# Page-23, Lines 399-401: Please avoid using single-sentence
paragraphs.

#Response 4.6#: Thank you for the suggestion. The single-sentence paragraph has
been removed and merged with the subsequent paragraph to improve the flow and
readability of the text.



#Comment 4.7# Figure 1 caption: The description “white box” appears

inconsistent with the figure, as the box appears closer to gray instead of white.

#Response 4.7#: Thank you for pointing this out. The description in the figure caption

has been corrected from “white box™ to “gray box’ to ensure consistency with the figure.

#Comment 4.8# Figure 2: Please add the axis scale (with units) for the density
curves, as currently only the velocity scale is shown.

#Response 4.8#: Thank you for the suggestion. We have revised Figure 2 to include
the axis scale (with units) for the density curves. To improve clarity, a dual-axis
configuration has been adopted, where the bottom axis represents velocity (km/s) and
the top axis represents density (g/cm’ ). In addition, Figure 3 has been updated in the

same manner to maintain consistency across figures.

#Modifications 4.8#
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Figure 2. Workflow for extracting and parameterizing 1-D velocity profiles. The upper
row shows the process for OpenSWI-shallow, derived from multiple 2-D geological
cross-sections, while the lower row illustrates the process for OpenSWI-deep, based on
curated 3-D geological models. The workflow includes profile extraction, de-
duplication, structure refinement, interpolation, standardization, and parameter
conversion to generate depth, vs (blue), vp (red), and p (green) for forward modeling

of surface wave dispersion curves.
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Figure 3. Illustration of data augmentation and forward simulation examples. The top
row shows perturbation-based augmentation applied to OpenSWI-shallow data, which
increases variability in shallow 1-D velocity profiles. The bottom row shows feature-
aware perturbation applied to OpenSWI-deep data, focusing on key structural features
such as the Moho discontinuity. Thick lines represent the original 1-D profiles and their
corresponding dispersion curves, while thin lines represent the augmented profiles and

dispersion curves.

#Comment 4.9# Figure 7: The central global map shows several gray dots. Could
the authors clarify whether these are meaningful markers or possible

visualization artifacts (e.g., due to low image resolution)?

#Response 4.9#: Thank you for pointing this out. The gray dots shown in the central
global map of Figure 7 are not visualization artifacts. They represent the sampling
points from the LITHO1.0 dataset, which are used as the reference locations for the
structural parameters in our analysis. To avoid potential confusion, we have clarified

this in the figure caption of Figure 7.

#Modifications 4.9#
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Figure 7. Spatial distribution of the 14 velocity models compiled for the OpenSWI-
deep dataset. The collection includes one global-scale model and 13 high-
resolution regional models obtained from published literature and geophysical
studies. Horizontal slices at a depth of 60~km are shown to illustrate their
geographic coverage and tectonic diversity. The gray dots in the central global
map indicate the sampling locations of the LITHO1.0 dataset used to extract the
structural parameters.



