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Abstract Machine learning algorithm has been applied to shear wave velocity (Vs) inversion in surface
wave tomography, where a set of starting 1-D Vs profiles and their corresponding synthetic dispersion

curves are used in network training. Previous studies showed that the performance of such trained network

is dependent on the diversity of the training data set, which limits its application to previously poorly
understood regions. Here, we present an improved semi-supervised algorithm-based network that takes both
model-generated and observed surface wave dispersion data in the training process. The algorithm is termed
Wasserstein cycle-consistent generative adversarial networks (Wasserstein Cycle-GAN [Wcycle-GAN]).
Different from conventional supervised approaches, the GAN architecture enables the inclusion of unlabeled
data (the observed surface wave dispersion) in the training process that can complement the model-generated
data set. The cycle-consistency and Wasserstein metric significantly improve the training stability of the
proposed algorithm. We benchmark the Weycle-GAN method using 4,076 pairs of fundamental mode Rayleigh
wave phase and group velocity dispersion curves derived in periods from 3 to 16 s in Southern California. The
final 3-D Vs model given by the best trained network shows large-scale features consistent with the surface
geology. The resulting Vs model has reasonable data misfits and provides sharper images of structures near
faults in the top 15 km compared with those from conventional machine learning methods.

Plain Language Summary The speed of surface wave varies with frequency and this dispersion
relation has been widely used to infer subsurface structure. Since the inversion of such dispersion relation at
each grid cell can be trapped in local minima (i.e., the data misfit is not globally optimized), the accuracy of
the inverted velocity model is dependent on the quality of the starting model at that location. In this study,

we propose a new machine learning based inversion scheme, termed Wasserstein cycle-consistent Generative
Adversarial Networks (Wasserstein Cycle-GAN [Wcycle-GAN]), to overcome the limitation. Different

from conventional machine learning methods, where the training data set can only be constructed by model-
generated synthetic dispersion relations, the Wcycle-GAN can incorporate both the observed and model-
generated dispersion relations in the training process and further alleviates the dependence of the final model on
the choice of the starting models. The proposed method is applied to data recorded in Southern California and
outperforms conventional machine learning methods. The final Vs model shows sharper images of structures
near faults.

1. Introduction

Machine learning (ML), particularly deep learning (Lecun et al., 2015), has attracted great attentions in geophys-
ical fields, both in active- and passive-source seismology, such as automated seismic image segmentation (e.g.,
Wau et al., 2019), acoustic impedance inversion (e.g., Das et al., 2019), seismic phase picking (e.g., Ross &
Ben-Zion, 2014; Ross et al., 2018; W. Zhu & Beroza, 2019), and event detection (e.g., Mousavi et al., 2020). The
supervised learning such as convolutional neural networks (CNN) based methods have been widely utilized in
geophysical studies. The neural networks approach has been proven to be promising in surface wave studies, for
instance, extraction of crustal thickness (Cheng et al., 2019; Devilee et al., 1999; Meier et al., 2007) from surface
wave data, and automatic surface wave travel time dispersion picking (e.g., Zhang et al., 2020).
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In seismic tomography, ML has shown great promise for efficiently deriving velocity models from observations
of seismic waves. Araya-Polo et al. (2020, 2018) used deep neural networks (DNNs) as a tomography opera-
tor to directly produce an accurate gridding or layered velocity model from waveform shot gathers. They also
investigated deep recurrent architectures for improving model prediction accuracy (Adler et al., 2019). Bianco
and Gerstoft (2018) developed an unsupervised learning based traveltime tomography method using dictionary
learning and applied it to data recorded in Long Beach, California, to resolve high-resolution Rayleigh wave
phase speed maps (Bianco et al., 2019). A more comprehensive review of ML-based seismic tomography can
be found in Bergen et al. (2019) and Kong et al. (2019). In addition to tomographic methods, Xiong et al. (2021)
demonstrated potential of using K-means clustering to evaluate velocity model.

The shear wave velocity (Vs) inversion problem in surface wave tomography, that is, mapping from surface
wave velocity dispersion curves to 1-D Vs depth profiles, is highly nonlinear and underdetermined (e.g., Qiu
et al., 2019). Conventional methods, such as linearized inversion (e.g., Herrmann, 2013), near-neighbor algo-
rithm (e.g., Wathelet, 2008), and nonlinear Bayesian Markov Chain Monte Carlo method (MCMC; e.g., Roy &
Romanowicz, 2017; Shen et al., 2013), are able to provide reliable results in previous studies if an initial model
with sufficient accuracy at all grid locations is available. Hu et al. (2020) applied CNN based Vs inversion to
Rayleigh wave dispersion data in China and the Southern California (SC) plate boundary regions. The results
show the effectiveness of the CNN technique in solving the 1-D Vs inversion. However, they also demonstrate
that the network trained using Vs models derived in North America does not work well for data collected in
China, suggesting the quality of the training data set can affect accuracy of the output Vs model.

The workflow of the CNN based Vs inversion using surface wave dispersion data developed by Hu et al. (2020)
is shown in Figure 1a. First, a labeled data set that consists of a known Vs model and its corresponding theoret-
ical dispersion curves is split into a training set, which provides learnable examples to supervise the training of
networks, and a validation set. The neural network stops updating when the training loss reaches pre-assigned
threshold, and the validation set is used to avoid overfitting and tune the parameters. This is because the global
optimum of deep-learning model is usually hard to achieve, and overfitting may happen in the later training
epochs. The trained network is then applied to the observed dispersion data, later referred to as “unlabeled data”,
to output the best fitting Vs model. Since only labeled data set is used in the training process, quality of the Vs
model generated from the CNN depends on whether the study area has structures similar to the input models
used in training the network (e.g., Hu et al., 2020). In this study, we develop a deep-learning-based method that
attempts to alleviate the dependence on the input Vs model used in the network training process.

This is done by utilizing the structure of generative adversarial networks (GAN; Goodfellow et al., 2014), in
which a discriminator is introduced to enable the training process to include both the labeled and unlabeled data
sets (i.e., semi-supervised; Figure 1b). Here, we use the cycle-consistent GAN (Cycle-GAN; Yi et al., 2017;
J.-Y. Zhu et al., 2017), in which a data generative network that learns to reconstruct the input data from its label
is added. Such network structure enforces the model and data generative subnets to be self-consistent with each
other and reduces the variance of both the forward and backward generative networks by penalizing the recon-
struction misfit. Compared to CNN or GAN, Cycle-GAN has been proven to generate predictions for seismic
trace interpolation (e.g., Kaur et al., 2020), impedance inversion (e.g., Wang et al., 2020) and time-lapse moni-
toring (Zhong et al., 2020) with better accuracy under the same setup. To further improve training stability of
the GAN algorithm, we adopt the structure of WGAN-GP, where the Wasserstein distance is used and a gradient
penalty (GP; Gulrajani et al., 2017) is added in the adversarial loss function (Arjovsky et al., 2017). Gulrajani
et al. (2017) has demonstrated the superior training stability of WGAN-GP over conventional GAN algorithms
in image generation, by testing 200 generative network structures with varied activation functions, depth of
networks, and number of filters in the convolutional layers, etc. The state-of-the-art hybrid method (hereinaf-
ter, Wasserstein Cycle-GAN [Wcycle-GAN]), which combines the structures of Cycle-GAN and WGAN-GP,
outperforms conventional ML algorithms in biomedical translation studies (Mcdermott et al., 2018) and seismic
impedance inversion (Cai et al., 2020).

The proposed Wcycle-GAN method is applied to surface wave dispersion data derived in Qiu et al. (2019) for
the SC plate boundary region, one of the most well-studied areas in the world. The Community Velocity Models
CVM-H15.1 (Shaw et al., 2015) is used to generate the labeled data set. We first describe the construction of the
training data set, that is, a combination of the labeled data set generated using the CVM-H15.1 and the unlabeled
data of the Rayleigh wave velocity dispersion maps from Qiu et al. (2019) in Section 2. The network architecture
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Figure 1. The flowcharts for (a) convolutional neural network (CNN) and (b) generative adversarial network (GAN)
algorithms, respectively. The output is a Pseudo 3-D Vs model, that is, an assemble of all 1-D Vs model predictions. The part
of chart outlined by the light blue dashed rectangular is further explained in Figure 3.

of the Wcycle-GAN and workflow of the training process are presented in Section 3. We then use the best trained
Weycle-GAN to output the final 3-D Vs model. The resulting 3-D Vs model and the corresponding data misfits
are presented in Section 4.1. We further demonstrate the advantage of the Wcycle-GAN based Vs inversion by
comparing the results with those obtained from the conventional CNN algorithm (Section 4.2) and linearized
inversion (Section 5).

2. Data
2.1. Rayleigh Wave Phase and Group Velocities—Unlabeled Data

We use the isotropic phase and group velocity maps of the fundamental mode Rayleigh wave from Qiu et al. (2019)
as the unlabeled data set, which is used in both the training process and generation of the best fitting 3-D Vs
model. Qiu et al. (2019) first measured travel times of surface waves constructed from ambient noise cross-cor-
relations using a regional seismic network with 346 stations in SC (triangles in Figure 2) over a period range of
2-20 s. Then, Eikonal tomography is applied to resolve isotropic phase and group velocity maps and correspond-
ing uncertainties with a grid size of 0.05° X 0.05° (grid lines in Figure 2) for periods between 2.5 and 16 s. The
derived Rayleigh wave velocity dispersion maps are shown in Figures S1-S4 in Supporting Information S1 and
details can be found in Qiu et al. (2019).

In this study, we use velocity dispersions in the period range between 3 and 16 s to construct the unlabeled data,
as the velocity maps at 2.5 s are less reliable (i.e., large uncertainties) and only cover a small part of the SC plate
boundary region. Dispersion curve and its uncertainty at each grid cell are interpolated and discretized into
17 samples, with an interval of 0.5 s from 3 to 6 and 1 s from 6 to 16 s. Since the uncertainties are estimated
from Eikonal tomography by analyzing velocity maps derived for different virtual sources (Section 4 of Qiu
et al., 2019), uncertainty values less than 0.05 km/s are set to 0.05 km/s to account for errors from other sources
(e.g., dispersion picking). Besides, grid cells with a phase or group velocity dispersion curve that has less than 8
sample points are excluded. In total, 4,076 pairs of Rayleigh wave phase and group velocity dispersion curves are
selected to construct the unlabeled data set.
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Figure 2. Map of the Southern California plate boundary region. The thick black lines depict surface traces of major faults,
coastlines, and state boundaries. The yellow triangles are seismic stations used in Qiu et al. (2019) to derive the Rayleigh
wave velocity dispersion maps with a grid size of 0.05° X 0.05° (grid lines). Three cross-sections (i.e., DD’ to FF’; blue
lines) of the final Vs model are presented in Figure 8. The cross-sections DD’ to FF’ are of the same locations as those in Qiu
et al. (2019). SAF, San Andreas Fault; SJF, San Jacinto Fault; EF, Elsinore Fault; ECSZ, Eastern California Shear Zone.

2.2. CVM-H15.1 and Synthetic Dispersion Curves—Labeled Data

To better evaluate the seismic hazard in SC, two Community Velocity Models (CVM), CVM-H15.1 (Shaw
et al., 2015) and CVM-S4.26 (Lee et al., 2014), were derived via full waveform tomography. Here, we prefer
using the CVM-H15.1 (later referred to as “CVM-H”) to construct the labeled data set for training the network.
This is because that the CVM-H includes the effect of topography, fits the observed dispersion data slightly
better, and varies less significant with depth, as discussed in Qiu et al. (2019). 16,480 1-D profiles of Vp, Vs,
and density are extracted from the CVM-H with a grid spacing of 0.03° x 0.03° for the region covered by the
unlabeled data (Figure 2). These 1-D profiles are then discretized into 98 layers with a thickness of 0.5 km from
0 to 49 km (relative to the earth surface) and a half space below 49 km. The study area is confined to a longitude
range from 120.2°W to 114.9°W and a latitude range from 32.6°N to 36.0°N. The synthetic velocity dispersion
curve is calculated using the Computer Programs in Seismology software package (Herrmann, 2013) for each
selected grid cell and labeled with the corresponding 1-D Vs profile.

3. Methodology
3.1. 1-D Shear Wave Velocity (Vs) Inversion

Surface wave is dispersive, that is, travels at a frequency dependent speed, and its dispersion relation is often
used to infer subsurface structure. Considering the propagation of surface wave is 2-D, traveltime-based surface
wave tomography (e.g., Qiu et al., 2019) usually consists of two steps: the phase and group velocity map at each
analyzed period is estimated first, and the Vs structure at each grid cell is then inverted using the dispersion curve
extracted from that location. Fang et al. (2016) developed an inversion method that combines the two steps and
obtains the final Vs model directly from travel time dispersion measurements, but the kernel used in the inversion
is still computed through the two-step process. In this study, we focus on solving the second step, that is, the 1-D
Vs inversion problem, using ML algorithm.

The essence of the 1-D Vs inversion is to search the 1-D Vs profile that minimizes the misfit between the
predicted and observed surface wave dispersion curves. Traditionally, this problem is solved either through a line-
arized inversion (e.g., Herrmann, 2013) or through the Markov Chain Monte Carlo approach (MCMC; e.g., Berg
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Figure 3. The algorithm comparison between convolutional neural network (CNN), generative adversarial network

(GAN), and Wasserstein Cycle-GAN (Wcycle-GAN). The suffix m and d represents shear velocity model and dispersion

data, respectively. (a) CNN computes point-wise misfit (estimation loss: L.) between real samples and generated samples
generated by a model generative network (G,,). (b) The GAN introduces an adversarial network (D,,) and computes the
difference between distributions of real and generated samples using adversarial loss (£,4,), by updating generator and
discriminator separately in a single iteration. (c) The Wcycle-GAN uses Wasserstein metric for adversarial loss in (b). In
addition, a data generative subnet (G,) is incorporated to learn the modeling of velocity model to dispersion data, together
with a corresponding data discriminator (D). The use of G, enables an extra constraint, the cycle consistent loss (L), which
is estimated as the misfit between the input real and reconstructed samples. The complete Wcycle-GAN penalty function is a
linear combination of three types of the loss function (Leg, Laav> and Leyc; Text S1 in Supporting Information S1).

et al., 2018). Since the sensitivity of surface wave velocities to Vs is much larger than those to Vp and density,
the 1-D Vp (or Vp/Vs ratio) and density profiles are held fixed during the inversion. Since the inversion can be
trapped in local minima, the accuracy of the best fitting Vs profile at each grid cell relies on the starting model
(e.g., Qiu et al., 2019).

3.2. CNN Based Vs Inversion

Supervised ML algorithm finds an optimized mapping function from the input data to its labels through training
and applies the function to unseen data to generate final predictions. Neural networks-based supervised deep
learning approach has been proposed to solve the 1-D Vs inversion problem and proven to be effective in cases
characterized by repeated inversion of similar dispersion data with respect to the training data set (e.g., Meier
et al., 2007). Different from fully connected neural networks (e.g., Cheng et al., 2019; Devilee et al., 1999), CNN
can represent more complicated mapping functions for nonlinear inverse problems (Hu et al., 2020). A typical
CNN based Vs inversion consists of three steps: (a) A labeled data set that consists of some synthetic dispersion
curves labeled by their corresponding 1-D Vs profiles (e.g., selected from CVM-H in this study) is generated; (b)
Then, a neural network generating model prediction (G,,) is trained using the labeled data set (Figure 3a). This
is done by iteratively minimizing the point-wise misfit (Ley in Figure 3a) between the generated model (i.e., G,
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prediction) and the input Vs profile (label); (c) The final pseudo 3-D Vs model is assembled by collecting all the
1-D Vs profiles predicted from the trained network at each grid cell using the observed dispersion data.

Although the performance of the CNN-based inversion still depends on the overall quality (e.g., diversity and
accuracy) of the training data set, it does not require the starting model to be sufficiently accurate at every grid
cell and thus, to some extent, reduces the chance of the inversion getting trapped in local minima and improve
the inversion robustness. The network training usually takes several hours, however, once the neural network is
trained, the prediction of 1-D Vs models using large amount of dispersion data is fast (e.g., a few minutes).

3.3. Semi-Supervised Vs Inversion Using Wcycle-GAN

To further alleviate the dependence of the CNN-based Vs inversion result on the choice of input models used in
generating the training data set, we add the observed dispersion data into the network training process by using
the Wcycle-GAN. The GAN structure (Section 3.3.1) enables the use of unlabeled data in the training process,
whereas the cycle-consistency (Section 3.3.2) and Wasserstein metric (Section 3.3.3) further improve the robust-
ness and training stability of the GAN algorithm. Descriptions of sub neural networks architectures and hyperpa-
rameter selections are presented in Sections 3.3.4 and 3.4, respectively.

3.3.1. Generative Adversarial Networks (GAN)

GAN incorporates two convolutional networks, a generative network (G, ), which is similar to that of the CNN
(Figure 3a), and a discriminative network (D, ). Different from G, the discriminator D, is designed to distin-
guish real Vs profiles from models predicted by G, (i.e., generated model) and allows the unlabeled data to be
included in the training process. D, searches for a transformation that maximizes the difference between the
labels and the generated Vs models, whereas G, aims at minimizing it. Figure 3b briefly summarizes the training
process of GAN with a schematic diagram. First, the trainable parameters are fixed in G,,, and D,, is updated to
distinguish the generated Vs models from the labels (i.e., real 1-D Vs profiles) with binary outputs, that is, “0”
and “1” representing the generated Vs models and the labels, respectively. Then, the trainable parameters of D,,
are fixed, and G, is updated so that D,, outputs “1” for the resulting generated models. Same procedure is simul-
taneously applied to unlabeled data (right panel of Figure 3b) except that there are no labels (i.e., 1-D Vs profiles)
involved in the first step. The loss function commonly used in GAN is termed adversarial loss (£,q4v) and can be
calculated in various metrics, such as cross-entropy (Goodfellow et al., 2014), least squares (Mao et al., 2017) and
Wasserstein distance (Arjovsky et al., 2017).

3.3.2. Cycle-Consistent GAN (Cycle-GAN)

Conventional Vs inversion methods (Section 3.1) search the final Vs model by minimizing the difference between
observed and predicted dispersion data. However, small data misfits may not always be guaranteed using CNN or
GAN based Vs inversion methods, particularly when the quality of the training data set is poor. This is because
the neural network only learns the projection from dispersion data to its label (1-D Vs profile) using model-gen-
erated synthetic dispersion relations. Thus, we implement Cycle-GAN (Figure 3c) that further expands the GAN
structure with the concept of “cycle-consistency”, that is, the mapping from dispersion data to Vs model and its
reversal are self-consistent. In other words, we add a sub-network that reconstructs the input dispersion data using
the generated Vs model.

To enforce the neural networks to converge to invertible structures, one method is using invertible neural
networks (INNs: Ardizzone et al., 2018; Zhang & Curtis, 2021). The INNs are specifically designed with a serial
sequence of reversible blocks that can inherently provide bijective mappings between models and data. However,
the INNs are computationally expensive for high dimensional problems and the coupling layer design may affect
the expressive ability of the network (Zhang & Curtis, 2021).

Another effective approach is using Cycle-GAN, where an extra data generative (G,) and a discriminative network
(D) are involved, to enable the estimation of bidirectional mappings between dispersion data and Vs models. For
simplicity, we separate the algorithm into data cycle (green arrows in Figure 3c) and model cycle (purple arrows
in Figure 3c). In the data cycle, for the labeled data, after the computation of the adversarial loss, the generated
model (i.e., output from G,,) is fed into G, to reconstruct the original dispersion data. The reconstruction misfit,
that is, cycle-consistent loss L.y, between the input and reconstructed dispersion data is minimized through the
training process. In the model cycle (bottom left of Figure 3c), we obtain the generated data from the real Vs
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model and estimate the adversarial loss £,4, through the data discriminator D,. The generated data is then fed
back into G,, to obtain a reconstructed model, and the cycle-consistent loss of the model reconstruction is also
penalized (Figure 3c left column). The unlabeled data go through a similar process with only the data cycle part
(Figure 3c right column).

The cycle-consistency loss (L) for Vs inversion problem can be written as:
Lh (Wa, Wo,) = E (& fwg, (fwe, (@) +E (d. fwg, (fws, @)). (1)
For the data cycle, and
£ (Wa, Wa,) = E (m. fwg, (fwe,m)). @

For the model cycle. d and m stand for the synthetic dispersion data and their labels (i.e., Vs models), respectively;
d” is the unlabeled data (observed dispersion curves); W, represents the trainable parameters in the networks;
Sfw, (%) is the neural network operator that generates generated samples from a specific input data set. E(x, *)
stands for a measurement of the difference between two samples, and, in this proposed method, is computed by
mean square error between the input (e.g., d ) and the reconstructed output (e.g., f W, ( Jwy, (d)). The overall
cycle-consistent loss L.y is the sum of the model and data cycle loss.

Ecyc = £gyc + Egnyv €)]

In summary, Cycle-GAN uses neural networks (G,) to mimic the forward modeling from 1-D Vs profile to
synthetic dispersion curve, which provides extra constraints by implementing the reversal mapping and requiring
both the model and data to be cycle-consistent through the network reconstruction.

3.3.3. Wasserstein Cycle-GAN (Wcycle-GAN)

While GAN facilitates the semi-supervised learning utilizing unlabeled data, it often suffers from the train-
ing instability (e.g., mode collapse and convergence failure; Arjovsky & Bottou, 2017). A popular method to
improve the training stability of GAN is to calculate the adversarial loss using the Wasserstein metric (Arjovsky
et al., 2017), later referred as WGAN. Considering the real and generated Vs models are drawn from density
functions of two probability distributions, the problem of fitting one distribution to another can be portraited as
moving one pile of sand to another with an equal mass. Conventional penalty functions such as least squares are
the sum of point-wise distances between the two piles of sands. In contrast, the Wasserstein metric, defined as the
lowest cost to complete the transportation given a particular cost function, provides weaker topology comparing
with the least squares or cross-entropy loss (Arjovsky et al., 2017), and thus improves the convergence of the
training process. In addition to WGAN, a GP term of the discriminator is often added to the adversarial loss
(Gulrajani et al., 2017) to further improve the training robustness.

Here, we use the Wasserstein metric to compute the adversarial loss of the Cycle-GAN algorithm, later referred
as Wcycle-GAN. Following the notations in Section 3.3.2, the adversarial loss (£.4,) in Wcycle-GAN can be
written as:

Lo =Lw (d.d*.m)+ 1 Ly, )

Detailed mathematical expressions of Wasserstein loss Ly and GP loss L, can be found in Text S1 in Supporting
Information S1. In practice, the weighting factor A should be large enough to avoid exploding gradient (Gulrajani
etal., 2017).

To ensure a good prediction quality in the labeled data set, the estimation loss (Ley) is also penalized in the
Weycle-GAN algorithm, by computing the mean square error between the generated samples and ground truth.

Les(Ways Wa,) = E (m, fwg, @) + E (d. fwg,m). ®)

The complete loss function of the proposed Wcycle-GAN algorithm is a combination of the adversarial loss,
cycle-consistent loss, and estimation loss, defined as:
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Figure 4. The detailed architectures of Wasserstein Cycle-GAN (Wcycle-GAN). For a labeled Vs—dispersion data pair, it
consists of (a) the synthetic Rayleigh wave dispersion data and (b) corresponding Vs model (e.g., CVM-H). The generative
and discriminative subnets (c—f) are designed based on the dimension of dispersion data (17 X 2) and Vs model (99 X 1).
Each subnet is a 1-D convolutional neural network. The data discriminator (c) D, discriminates between real data samples
and the generated dispersion data, generated by a data generative subnet (d) G4 from input Vs model. The total trainable
parameters in the G4 and D, are 762,402 and 134,945, respectively. On the other side, the model generator (e) Gy, learns the
inverse mapping from data to model and the model discriminator (f) D,, discerns the generated model from real ones. The
total trainable parameters for G, and D, are 759,299 and 133,825, accordingly.

L= Eadv + Alﬁcyc + A2£csh (6)

where the hyperparameters A, and A, are the weighting factors.
3.3.4. Sub-Neural Network Structures

The proposed Wcycle-GAN consists of four sub neural networks—two generative subnets (G,, and G,) and two
discriminative subnets (D,, and D,). All the subnets use a 1-D structure as the input data is 1-D two-channel
dispersion data. The dimension of input dispersion data is 17 X 2 (Section 2), with the phase and group velocities
(Figure 4a) being set as two separate channels, whereas the dimension of output Vs model (Figure 4b) is 99 X 1.
Considering the imbalanced dimensions between network input and output, specific structures are designed for
data and model generative subnets (Figures 4d and 4¢). In the model generator, we double the number of filters at
each convolutional layer in the manner of VGG16 network (Simonyan & Zisserman, 2014). The number of filters
at each convolutional layer from shallow to deep is 32, 64, 128, and 256 (Figure 4e), respectively. Reversely, in
the data generative subnet (G,), we first upsample the Vs model to a dense feature map of dimension 17 X 256,
and sequentially half the number of filters in the following convolutional layers. For the discriminative subnets
(Figures 4c and 4f), we double the number of filters in convolutional layers and apply a sigmoid activation func-
tion in the fully connected layer to output values between 0 and 1.

In all the subnets, the convolutional layers use a kernel size of 3 X 1 and are zero-padded. The stride equals
to 1 except that D,, uses a stride of 2 to reduce the number of trainable parameters. To accelerate the training
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process, at each convolutional layer, we apply batch normalization (Ioffe & Szegedy, 2015) after ReLU (Nair &
Hinton, 2010) activation and initialize the weight parameters in the convolutional layers using He initialization
(He et al., 2015). We note that the He initialization, which is proven to be effective in our study, may not be the
optimal initialization for other geoscience tasks. In addition, in the discriminative subnets, the batch normaliza-
tion is replaced by layer normalization (Ba et al., 2016) as suggested in Gulrajani et al. (2017).

3.4. Evaluations of the Training Process and Output Vs Model

Before feeding dispersion data and Vs model into the neural network, we apply linear transformations (Text S2 in
Supporting Information S1) to normalize them into the interval range of [—1, 1], which speed up the convergence
of the training process. Neural network outputs in the data and model domains are transformed back to its orig-
inal amplitudes, when computing misfits or generating final Vs models. During the training process (Figure S5
in Supporting Information S1), we use root-mean-square misfit between shear wave velocities from the network
prediction and the true label, that is,

1 Nmodel pred label 112 (7)
Ervs = \/ N d12f=1 VIS — v,
mode!

To estimate the convergence of the network training. Ny denotes the number of Vs models in the labeled

data set, and VX‘”‘.ed and V® are the predicted Vs models and ground truth, respectively. Egys is calculated
every 25 epochsiduring theitraining process, and the training stops when Erys does not decrease in consecutive
4 estimations (i.e., 100 epochs). This results in a final Erpms = ~0.06 km/s after 1,700 epochs for the Wcycle-
GAN, whereas, for the CNN experiment in Section 4.2, the training ends at a similar misfit level (i.e., 0.06 km/s)
after 200 epochs in about an hour. Although a lower root-mean-square misfit could be achieved for CNN at later
epochs, but it may result in overfitting. We performed extra K-fold cross-validation with K = 5 (see Text S3 in
Supporting Information S1) to ensure Weycle-GAN and CNN are not overfitting at the above training stop points.

Here, CNN achieved a faster convergence in the training process compared to that in Hu et al. (2020). This is
because the input dispersion curves are 1-D instead of 2-D in constructing the CNN used in this article, which
results in a smaller number of trainable parameters. Wcycle-GAN takes longer time than CNN to converge due
to extra efforts on training the adversarial networks, but it still provides sufficient training efficiency as the 1,700
epochs only took ~10 hr using a single NVIDIA GeForce RTX 2080 graphic card.

For the hyperparameters selection of training the Wcycle-GAN, we set GP weight 4 = 100 as suggest by Cai
et al. (2020) to ensure numerical stabilities. The weighting factor 4, and A, and the training batch size are deter-
mined in a trial-and-error manner according to the final Erms value at the convergent state. In this case, we
set A; = 5 and A, = 3. The training batch size is 160 for the labeled data and 80 for the unlabeled data. For the
extended discussion in Section 5 where we train the Wcycle-GAN but without unlabeled data, the weighting
factor A, is changed to 10 to reach the final Erms level of 0.06 km/s. Adam (Kingma & Ba, 2014) method with a
learning rate of 5 x 10~ and other parameters as default is used for minimizing loss functions.

Using the trained G, for both CNN and Wcycle-GAN, it only takes ~30 s to generate the Vs profiles from the
4,076 pairs of real group and phase velocity dispersion curves, demonstrating their prediction efficiencies. To
evaluate the final Vs models obtained from different methods, we compute the y misfit between the predicted
data and the observed dispersion data at each grid cell:

®

2
pred _ jobs
d" — d¢
- - ’
o

obs
i

1
4= ﬁZZl[

where N = 17 x 2 is the dimension of dispersion data, @™ and ¢ are the theoretical and observed dispersion
wave speed (i.e., phase and group velocities) at the ith data point, and ¢?* is the corresponding data uncertainty. A
good data fitting is achieved when the normalized 2 misfit is close to 1 (Bevington, 1969; Zelt et al., 2003). The
predicted data are calculated using the same Vp-Vs-density relation as described in Section 2.2. The y misfitis a
quantitative measurement of the output Vs models quality, but it might be affected by the relation of geophysical
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parameters used. Therefore, the comparison of output Vs models with respect to the result of Qiu et al. (2019)
and geological information in the study area, is involved for a comprehensive analysis of network performances.

4. Results

The advantages of the proposed Wcycle-GAN method are demonstrated using surface wave dispersion data
obtained from the SC plate boundary region. We first present the 3-D Vs model obtained from Wcycle-GAN
method and compare it with that of Qiu et al. (2019) and the surface geology (Section 4.1). Then, models derived
from different ML algorithms (e.g., CNN) are compared to illustrate the advantages of incorporating unlabeled
data into the network training process (Section 4.2).

4.1. Output 3-D Vs Model

We apply the trained generative network in Wcycle-GAN to the observed dispersion data and generate the final
3-D Vs model by assembling all the 1-D Vs predictions. Because of the limited period range (i.e., 3-16 s) of
the input Rayleigh wave dispersion curves, the Vs model resolved beyond the 3-20 km depth range are not well
constrained (Qiu et al., 2019). Therefore, we only focus on the Vs models at depths of 3—15 km. Depth slices at
the depth of 5 and 10 km for the initial model (CVM-H) and differences between the initial and final models are
presented in Figure S6 in Supporting Information S1. The largest differences between our final model and the
CVM-H are found underneath the basins and near the Salton Trough in the top 3—10 km, consistent with that in
Qiu et al. (2019).

Figure 5 shows the depth slices of the Vs model resolved at 5 and 10 km from various methods (Figure S7 in
Supporting Information S1 for depth slices at 3 and 15 km). At shallow depths (e.g., in the top 3—7 km; Figure 5c
and Figures S7a—S7b in Supporting Information S1), we can clearly see a good agreement between our final
model (Figures Sc and 5d) and the surface geology, such as low-velocity anomalies at Southern Central valley,
LA Basin, Ventura Basin, and the Salton Trough; areas with high velocity in the Peninsular Ranges (e.g., Berg
et al., 2018; Lee et al., 2014; Tape et al., 2010). It is important to note that our model shows the low-velocity
zone better within the junction between the San Jacinto Fault (SJF) and San Andreas Fault (SAF) compared to the
CVM-H (Figures S6a—S6b in Supporting Information S1).

At greater depths (e.g., below 10 km; Figure 5d and Figures S7c—S7d in Supporting Information S1), a sharp
velocity contrast from west to east in the Peninsular Ranges is observed, which is related to the Hemet stepover
(Marliyani et al., 2013). Clearer velocity contrasts across major fault systems, such as Elsinore Fault (EF), SIF
and SAF are depicted in the map views of the final Vs model (Figure 5d and Figures S7c—S7d in Supporting
Information S1), suggesting the derived Vs model yields higher resolutions compared to the CVM-H. These
observations agree well with the large-scale features found in the Vs model of Qiu et al. (2019). In addition, the
differences between the two models at different depth slices, which are shown in Figures S8-S10 in Supporting
Information S1, are rather small. The consistent observation of largest velocity updates beneath basin, coher-
ent large-scale velocity structures, together with small model differences suggest a cross-validation of both the
Wecycle-GAN and the Eikonal tomography model.

Unlike the conventional linearized Vs inversion (e.g., Qiu et al., 2019), in which an extra spatial filtering is
applied to achieve a smoothed 3-D Vs model, our final Vs model is illustrated without any additional spatial
smoothing. Both the horizontal and vertical cross-sections of the output model are still in general continuous
laterally (Figures Sc, 5d, and 8), suggesting that the Wcycle-GAN method inherently guarantees a spatial smooth-
ness that is similar to those of the surface wave velocity dispersion maps (Figures S1-S2 in Supporting Informa-
tion S1). The proposed Wcycle-GAN method shows potential to improve lateral consistency of the neighboring
1-D models, which is often difficult to achieve from conventional 1-D Vs inversion methods. While the map
view of Vs model correlates well with the large-scale features observed in surface geology, we also illustrate in
Section 5 that our output model illuminates well the structure of major fault systems (e.g., width of low-velocity
zone and dipping fault plane) from depth cross-sections (blue lines in Figure 2).

Figure 6 shows histograms of the y misfit of the dispersion data computed following Equation 8 for Vs models
obtained from different methods. In the misfit calculation, the compressional velocity (Vp) model by assuming
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Figure 5. Comparison of depth slices for 3-D Vs models obtained from three different methods. Depth slices at 5 km (left column) and 10 km (right column) for (a—b)
CNN-based model, (c—d) the proposed Wcycle-GAN based model, and (e—f) the Eikonal tomography model from Qiu et al. (2019), respectively. Black lines delineate
the coastline and light gray lines depict the surface traces of the major faults in Southern California.

the same Vp/Vs ratio as the CVM-H and the density model same as the CVM-H are used. Map views of y
misfits are depicted in Figure S11 in Supporting Information S1. The misfit values are generally lower for the
Weycle-GAN model than those of the Vs model of Qiu et al. (2019) in the Salton Trough region, indicating our
final Vs model is likely more accurate (i.e., closer to the global minimum) in the area. The average misfit of the
Wcycle-GAN based model (0.949) is close to 1, suggesting the final Vs model is of good fit to and not overall
overfitting the input dispersion data. Although the average misfit value of our model is a bit higher than that
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Figure 6. Probability (in blue) and cumulative (blue curve) density distributions for y misfit. (a) y misfit values computed for the final Vs model of CNN following
Equation 7 overall available grid cells. (b) Same as (a) for the final Vs model of Qiu et al. (2019). (c) Same as (a) for final Vs model derived from Wcycle-GAN with
position information incorporated in training. The y misfit values of the final model output from Wcycle-GAN are set as the background with black outlines and curves
representing probability and cumulative density distributions, respectively. The corresponding spatial distribution of the y misfit values are depicted in Figure S11 in
Supporting Information S1. The black and gray stars denote the percentage of grid cells with y misfit less than 1 and 2, respectively. The y misfit values larger than 4
are set to 4.

(0.864; Figure 6b) of Qiu et al. (2019), we note that a lower average misfit value below 1 may suggest an overall
overfitting of the input data.

4.2. Comparison With the Conventional CNN Algorithm

In this section, we compare the Vs model from the Wcycle-GAN method with that from the conventional CNN
algorithm. To exclude the performance differences brought by network structures, the same structure of model
generative network (G,,) is used in CNN as that in Wcycle-GAN (Figure 4c). Since G, is the final product for
Vs prediction in both methods, the network performance is then mainly dependent on the algorithm difference
between CNN and Wcycle-GAN and usage of unlabeled data during training. The training hyperparameters (e.g.,
batch size, learning rate) and stopping criteria are illustrated in Section 3.4.

Figures 5a and 5b present depth slices of the Vs model derived from the CNN method at 5 and 10 km, respec-
tively, whereas the data misfit histogram is shown in Figure 6a. Compared to results from the proposed Wcycle-
GAN method (Figures 5c, 5d and 6a), the Vs model from CNN is spatially less smooth and continuous, and
has much higher average misfit values, suggesting results from the CNN method are less reliable. This is likely
due to the limited diversity provided in the labeled data set generated synthetically. In addition, the Wasserstein
metric used in the Wcycle-GAN improves the long-wavelength features recovery, resulting in improved training
stability and thereby enhanced spatial smoothness of the output 3-D Vs model. Similar property of Wasser-
stein metric has been observed in near-surface seismic velocity estimation using full-waveform inversion (Yang
et al., 2018). Statistically, the Wcycle-GAN based model is more coherent to the physics-driven inverted model
(i.e., Qiu et al., 2019) in terms of significantly smaller standard deviation of model differences (Figures S12-S13
in Supporting Information S1) comparing to the model from CNN. From the histogram (Figure S13 in Supporting
Information S1), it is also noted that the Wcycle-GAN based model is slightly slower than the physics-driven
model at the depth of 10 km, which is due to a lower velocity predicted at the LA basin (Figures 5d and 5f). The
better accuracy in fitting the observed dispersion data and spatial continuity of the Vs model from the Wcycle-
GAN method demonstrates the effectiveness of the proposed method by incorporating advanced loss function,
cycle consistency, and unlabeled data into the training process.

5. Discussions

The proposed Wcycle-GAN method has the potential to compensate for the limited diversity in synthetic disper-
sion data owing to the addition of real data in training. The improvements come from two main factors. On one
hand, the adversarial loss forces the generated Vs models to fall into the same probability distribution as the
real Vs models samples, which relieves prediction outliers when applying to real data. On the other hand, the
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cycle consistency guarantees bijection mappings between the input dispersion data and corresponding Vs model
predictions. The derived Vs model from Wcycle-GAN can reconstruct the input observed dispersion data in an
approximate manner of the physical forward modeling learned by data generative networks (G,). This constraint
is typically missing in the conventional deep learning methods.

The Wasserstein adversarial loss provides improved training stability and convergence characteristic comparing
with cross-entropy or least squares for Cycle-GAN based Vs inversion. Figure S14 in Supporting Information S1
shows the comparative study of using different metrics for adversarial loss. The results suggest using least squares
loss can result in underfitting to the labeled data as the incorrect prediction of the velocity jump at Moho depth.
Both cross-entropy and least squares adversarial loss can result in strong artifacts and negative velocity gradient
in the Vs predictions using unlabeled data. In comparison, Wasserstein loss results in high model prediction
quality using either labeled or unlabeled data. For the weighting factors in the loss functions, we note changes
in hyperparameter 4, and A has relatively small effects on the final derived Vs model, but a future study of their
effects would be beneficial for the best use of the Wcycle-GAN method.

The proposed method has the potential to be efficiently applied to a new study area through transfer learning.
Two situations are considered: (a) when the application is characterized by inverting similar dispersion data with
respect to the training data set, we can directly apply the previous trained neural network for prediction, and (b)
we can also incorporate the new data into the unlabeled data set and start training from the previous best trained
network, which usually converges fast in a small number of iterations (<100 epochs). Then the new trained
network is expected to generate improved Vs model predictions. We note that, if the labeled and unlabeled data do
clearly show different distributions, additional actions, such as careful selection of labeled data (e.g., a mixture of
existing training data set and ones generated from local Vs models), are needed to improve the prediction quality.

Three additional experiments are conducted to further demonstrate the key features of the proposed Wcycle-GAN
methods: the importance of integrating unlabeled data into training (Section 5.1), the potential to obtain stable
and consistent results with much smaller labeled data set (Section 5.2), and the ability of this method to include
additional information (i.e., location of the grid cell) to further improve the final 3-D Vs model (Section 5.3). At
last, a rough estimation of model uncertainty is presented in Section 5.4.

5.1. Importance of Incorporating Real Data Into the Training Data Set

Here, we perform an experiment, in which the same Wcycle-GAN structure is used but trained without the
unlabeled data. Figure S15 in Supporting Information S1 shows the map view of the output Vs model at differ-
ent depths. Artificial and abrupt lateral heterogeneities are seen in the model, compared to Figures 5¢ and 5d.
This instability in predictions is consistent with the larger variance of this output model in training, as shown
in Figures S12-S13 in Supporting Information S1. Also, training without unlabeled data results in larger data
misfits (~2.3 in average) as clearly seen both in histogram (Figure S16a in Supporting Information S1) and map
view (Figure S11b in Supporting Information S1). Overall, this comparison strongly suggests that the addition of
the unlabeled data into the training process is mainly responsible for the observed improvement in the prediction
of reliable Vs model using Wcycle-GAN. The unlabeled data together with the adversarial training mechanism
and Cycle-GAN structure promote the prediction quality of the Wcycle-GAN, makes the Wcycle-GAN a prom-
ising and powerful ML-based Vs inversion method.

5.2. Downsampling of Labeled Data

We stated that the proposed Wcycle-GAN method could still work well with small labeled data set that is chal-
lenging to train the conventional CNN properly. To demonstrate this, we reduce the amount of labeled data by
down sampling the CVM-H15.1 with a grid spacing of 0.1° X 0.1° (originally 0.03° X 0.03°). This results in a
selection of 1890 (originally 16,480) labeled data, which is even less than half of the number (4,076) of observed
dispersion curves. Figures 7a and 7b show the depth slices of the Vs model from the Wcycle-GAN method
trained with down sampled labeled data set. The resulting Vs model is consistent with that trained using the
full labeled data sets. Figure S16b in Supporting Information S1 shows the data misfit of the Vs model from
the network trained with reduced labeled data set. Only a small increase in the mean misfit, that is, from 0.949
to 1.10, compared to that of results trained with the full labeled data set is observed. It is important to note that
the average misfit value 1.1 is still much smaller than those of the supervised methods (Figure 6a). The result
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Figure 7. Depth slices of shear velocity model at 5 km (left column) and 10 km (right column) for (a—b) Wcycle-GAN (WCGAN) based model but using
down sampled 1,890 labeled data and (c—d) Wcycle-GAN based model with location information added as extra prior information in the network training
(WCGAN + Position).

suggests the redundancy in the full labeled data set and further demonstrates the strength of the proposed Wcycle-
GAN method in resolving high accuracy Vs model even when the labeled data set is small. It only takes ~4 hr to
train the network using the reduced labeled data set.

5.3. Wceycle-GAN With Position Information

An extension to the proposed Wcycle-GAN algorithm is incorporating additional information, such as the loca-
tion (i.e., longitude and latitude) in the training process, which can further enhance the accuracy in the application
of Vs inversion. Map views of the Vs model, derived from the proposed method with the latitude and longitude
of both the labeled and unlabeled data incorporated into the training process (hereinafter referred to as “Wcycle-
GAN + Position model”), at 5 and 10 km are presented in Figures 7c and 7d, respectively. Details of how to
incorporate location information into an ML network training can be found in Text S4 in Supporting Informa-
tion S1. The Vs models resolved from networks trained with and without the input of location information are
nearly identical to each other at a large scale (e.g., tens of kilometers; Figures 5c, 5d, 7c and 7d). Interestingly,
incorporating location information further enhances spatial smoothness in the vertical cross-sections (Figures
S17-S19 in Supporting Information S1). The data misfits (~0.9 in Figure 6c¢) are slightly smaller for the Wcycle-
GAN + Position model. Therefore, we show the cross-sections of the Wcycle-GAN + Position model in Figure 8
to infer structures of the major fault systems. We note that the incorporation of location information for both the
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Figure 8. Cross-sections (blue lines in Figure 2) of the Vs model resolved from the Wcycle-GAN network with location information incorporated in training. Left
panels show the velocity model, whereas perturbations relative to the 1-D Vs profile averaged along the cross-section are illustrated on the right. The black curve
depicts an exaggerated topography variation. The black dashed line in each profile depicts the inferred fault planes for SIF in DD’ and SAF in EE’ and FF’. The dashed
ellipse in DD’ outlines a low-velocity anomaly that is likely associated with rock damaged inferred in Ben-Zion and Zaliapin (2019). EF, Elsinore Fault; SJF, San
Jacinto Fault; ECSZ, Eastern California Shear Zone.

labeled and unlabeled data could have a greater impact on the result when applying to the Vs inversion at regional
or global scales.

We show the cross-sections DD’, EE’, and FF’ (blue lines in Figure 2), the same as those shown in Figure 1 of
Qiu et al. (2019), of the final Vs model between 3 and 20 km to infer the structures of EF, SJF, and SAF at depth.
In the profile DD’, the low-velocity zone indicates both the SJF and SAF are nearly vertical. This is consistent
with the fault geometry near San Gorgonio Pass (SGP) from the Community Fault Model in SC (CEMvS5; Plesch
et al., 2007). Besides, we observe a pronounced low-velocity body (dashed circle, Figure 8) between depths of
15-20 km, which is consistent with the results of Qiu et al. (2019 Figure S17c in Supporting Information S1).
This low-velocity anomaly at great depth, with ~5%—7% lower velocities compared to the surrounding media, is
likely related to the large damage volume beneath the SGP estimated in Ben-Zion and Zaliapin (2019).

In profile EE’, we observe a broad (~5-km-wide) flower-shaped (i.e., width decreases with depth) fault damage
zone with ~2%-3% average velocity reduction for the SAF in the top 8-10 km that is clearly dipping toward the
northeast. The estimated dipping angle of SAF in profile EE’ is ~60°. This dipping angle is consistent with the
observation in Qiu et al. (2019), but the flower-shaped fault damage zone is less clear in their results (Figure S18c
in Supporting Information S1). Besides, the low-velocity anomaly beneath the Eastern California Shear Zone is
slightly deeper than that in Qiu et al. (2019). Similarly, the SAF is highlighted by a flower-shaped low-velocity
zone that is dipping toward the northeast with a similar angle (~60°) in the top 10 km. Different from EE’, the
low-velocity zone is more pronounced (~4%-5%) in FF’, likely indicating the rocks inside the fault zone are more
damaged in the southwest.

The flower-shaped fault zone structures in EE’ and FF’ are consistent with the model of Fuis et al. (2017) derived
for the southern section of the SAF by jointly inverting gravity and magnetic data. In addition, the observed
~60° dipping angle in both EE’ and FF’ agrees well with the previous estimation from magnetic data (~65°;
Fuis et al., 2012). It is important to note that the model of Qiu et al. (2019 Figures S18c and S19¢ in Support-
ing Information S1) is subject to the choice of damping parameter in the inversion and the spatial smoothing
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Figure 9. Comparison of the observed and predicted Rayleigh-wave (a) phase and (b) group velocities for models from
Wcycle-GAN + Position, Qiu et al. (2019), and CVM-H at an example grid cell (116°W, 33°N) near Salton Trough. The
black curve denotes the observed dispersion curve and black arrows at every period point represents the corresponding data
uncertainties. The 1-D Vs models are shown in (c), and the dark gray area illustrates the 100 Vs profiles generated by the
bootstrap tests described in Section 5. The light gray line in (c) denotes the uncertainties of Vs profile calculated as one
standard deviation estimated through the bootstrap process.

afterward. Therefore, through the depth cross-section comparison, we again demonstrate the robustness of our Vs
model from the Wcycle-GAN model and confirm with a different method that the flower-shaped damage zone
and fault dipping toward northeast observed for the southern section of the SAF in Qiu et al. (2019) are reliable.
These features have important implications, such as a better understanding of strong ground motions produced by
earthquakes that will occur on the SAF.

5.4. Model Uncertainty Estimation

Model uncertainty estimation associated with DNNs methods such as CNN and Wcycle-GAN is challenging.
Mixture density networks (MDNs; Earp et al., 2020; Meier et al., 2007) and INNs (Zhang & Curtis, 2021) can
estimate full posterior probability distribution functions (PDFs) of the output Vs model, by defining the proba-
bility distribution as a sum of assumed analytic PDFs or by expanding the data vector with a latent variable of
chosen probability distribution (e.g., Gaussian distribution) that can be projected to model PDFs, respectively.

As an approximation, we estimate the data-quality based uncertainty of Wcycle-GAN method through boot-
strap tests described as follows: (a) for each grid cell, we first resample the observed dispersion data 100 times
by adding perturbations (6v) to phase and group dispersion curves according to associate uncertainties at each
period. Perturbations are randomly generated following the uniform probability distribution v ~ U(—¢®, 6°*)
at the scale of corresponding data uncertainty ¢°*; (b) the perturbed data set, consisting of 100 dispersion curves,
is then feed into the already trained generative networks to predict 1-D Vs profiles; (c) the model uncertainty is
estimated as the standard deviation of the 100 Vs model predictions using this perturbed data set. We note that
this is only a rough estimation of how data errors propagated into the predicted Vs model through the networks.

Figure 9 presents an example of such uncertainty estimation near Salton Trough (116°W, 33°N). The Wcycle-
GAN + Position model is used in uncertainty estimation since it is the preferred final model as discussed in
Section 5.3. Compared to the starting CVM-H model, the predicted dispersion curves given by the Wcycle-GAN
derived model yields significantly improved fitting to the observed ones (Figures 9a-9b) that are within data
uncertainties. The dispersion curves from bootstrap results at the example grid cell are depicted as dark gray lines
(Figure 9c¢). The estimated model uncertainties (light gray curve in Figure 9c) are generally larger in the top 3 km
and near the Moho depth at the depth around 23 km. The large uncertainties at these depth ranges are due to large
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errors in short period data and lack of long period (>16 s) data (Qiu et al., 2019). The same analysis is performed
at a different grid location (117°W, 34°N) and presented in Figure S20 in Supporting Information S1 for a direct
comparison to Figure 12 in Qiu et al. (2019). We also estimate the model uncertainty for the CNN result (Figure
S21 in Supporting Information S1). The CNN derived model shows much larger uncertainties than that of the
proposed method. It is important to note that, even compared to the result of Hu et al. (2020), where they mainly
focused on optimizing the CNN to solve 1-D Vs inversion and thus should provide the best possible performance
from CNN, the Wcycle-GAN still outperforms CNN, such as better recovery the velocity jump at the Moho depth
at ~25 km (Figure 9) and smaller uncertainty values. Investigation of the optimum Wcycle-GAN structure (e.g.,
using 1-D or 2-D generative networks) will be a subject of future study.

Another source of model uncertainty comes from possibly different trained neural networks retrieve from differ-
ent stopping point in training. To investigate this contribution, we extract 11 trained neural networks, that is, one
per 10 epochs from 50 epochs before to 50 epochs after the training stop point. Figure S22 in Supporting Infor-
mation S1 shows 1-D Vs profiles generated from the same input but through these 11 different trained networks.
The standard deviations of the output Vs profiles, unlike the data-quality-based model uncertainty, are generally
much smaller (below 0.05 km/s) for all depths (Figure 9c). This suggests that uncertainties from network training
are negligible compared to contribution from uncertainties of the input data, which advocates Wcycle-GAN as a
stable method for Vs inversion problem.

The focus of this article is on the incorporation of real dispersion data into training process to improve Vs predic-
tion quality, but it is possible to further improve Wcycle-GAN in utilizing uncertainty information. For incorpo-
rating data uncertainties, we can weight the cycle-consistent penalty function according to uncertainties of the
dispersion data (¢**; Figures S1-S2 in Supporting Information S1). For synthetic dispersion data, the weight is
set to root-mean-square of the uncertainties of all observed data at a certain period. For estimating the full PDFs
of the output Vs model, we may apply the same strategy as Zhang and Curtis (2021) that utilizes a latent variable
during the training of Wcycle-GAN.

6. Conclusions

Different from previous studies, we develop the first ML based Vs inversion method that incorporates also unla-
beled data in the training process, which has the potential to be applied to data collected from regions that are
poorly constrained prior to the inversion. The proposed method shows an improved prediction quality, better
training stability, and only requires a small amount of labeled data, compared to CNN-based method. We demon-
strate these improvements by using the fundamental mode Rayleigh wave velocity dispersion data derived in the
SC plate boundary region. The final Vs model obtained from the proposed method show clearer images of struc-
tures near faults in the top 15 km, specifically the low-velocity damage zone centered on the southern section of
the San Andreas Fault that is dipping ~60° to the northeast. In addition, integrating longitude and latitude infor-
mation into the Weycle-GAN algorithm further improves the prediction quality as well as the spatial continuity of
the final Vs model. For future studies, we plan to investigate the potential of this method by reducing the amount
of labeled data through leveraging random sampling or sampling strategy based on clustering analysis (Eymold
& Jordan, 2019). In addition, how to incorporate data uncertainty and estimate model uncertainty using Weycle-
GAN will also be included in the future development of the proposed method.

Data Availability Statement

The Rayleigh wave velocity dispersion data used in this study are derived in Qiu et al. (2019) and accessible
at https://doi.org/10.17632/dt9x54dtrr.1. Codes and benchmark examples are accessible at https://github.com/
aocail 66/Wasserstein-Cycle-GAN-for-Surface-Wave-Tomography.
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