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Abstract

We consider a Bayesian multi-model fault slip estimation (BMMFSE), in which many candidates of the underground-structure
model characterized by a prior probability density function (PDF) are retained for a fully Bayesian estimation of fault slip
distribution to manage model uncertainty properly. We performed geodetic data inversions to estimate slip distribution in
long-term slow slip events (L-SSEs) that occurred beneath the Bungo Channel, southwest Japan, in around 2010 and 2018,
focusing on the two advantages of BMMFSE: First, it allows for estimating slip distribution without introducing strong prior
information such as smoothing constraints, handling an ill-posed inverse problem by combining a full Bayesian inference and
accurate consideration of model uncertainty to avoid overfitting; second, the posterior PDF for the underground structure is also
obtained through a fault slip estimation, which enables the estimation of sequential events by reducing the model uncertainty.
The estimated slip distribution obtained using BMMFSE agreed better with the distribution of deep tectonic tremors at the
down-dip side of the main rupture area than those obtained based on strong prior constraints in terms of the spatial distribution
of the Coulomb failure stress change. This finding suggests a mechanical relationship between the L-SSE and the synchronized
tremors. The use of the posterior PDF for the underground structure updated by the estimation for the 2010 L-SSE as an
input of the analysis for the one in 2018 resulted in a more preferable Bayesian inference, indicated by a smaller value of an

information criterion.
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Key Points:

 Fault slip distributions in slow slip events (SSE) at southwest Japan were esti-
mated considering the uncertainty of underground structure

¢ The results suggested the mechanical relationship between the SSEs and syn-
chronized tectonic tremors more clearly than previous ones

» Sequential estimates of fault slips in repeating SSEs by reducing the model
uncertainty resulted in a preferable Bayesian inference
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Abstract

We consider a Bayesian multi-model fault slip estimation (BMMFSE), in which
many candidates of the underground-structure model characterized by a prior prob-
ability density function (PDF) are retained for a fully Bayesian estimation of fault
slip distribution to manage model uncertainty properly. We performed geodetic
data inversions to estimate slip distribution in long-term slow slip events (L-SSEs)
that occurred beneath the Bungo Channel, southwest Japan, in around 2010 and
2018, focusing on the two advantages of BMMFSE: First, it allows for estimating
slip distribution without introducing strong prior information such as smoothing
constraints, handling an ill-posed inverse problem by combining a full Bayesian in-
ference and accurate consideration of model uncertainty to avoid overfitting; second,
the posterior PDF for the underground structure is also obtained through a fault
slip estimation, which enables the estimation of sequential events by reducing the
model uncertainty. The estimated slip distribution obtained using BMMFSE agreed
better with the distribution of deep tectonic tremors at the down-dip side of the
main rupture area than those obtained based on strong prior constraints in terms
of the spatial distribution of the Coulomb failure stress change. This finding sug-
gests a mechanical relationship between the L-SSE and the synchronized tremors.
The use of the posterior PDF for the underground structure updated by the estima-
tion for the 2010 L-SSE as an input of the analysis for the one in 2018 resulted in a
more preferable Bayesian inference, indicated by a smaller value of an information
criterion.

Plain Language Summary

This study attempts to accurately estimate moves between two plates for the
occurrence of slow slip events (SSEs), which are slow earthquakes that do not pro-
duce seismic waves, targeting those occurred in southwest Japan. This was accom-
plished by analyzing satellite data of ground movement during the SSEs using a
novel approach called the Bayesian multi-model fault slip estimation (BMMFSE)
framework, which considers multiple candidates of assumptions for Earth struc-
tures. BMMFSE stabilizes the analysis and removes artifacts from the estimation re-
sults which are otherwise introduced because of the choice of a wrong Earth model.
These advantages were validated by comparing the estimation results obtained based
on previous approaches that do not consider multiple Earth models. The result of
BMMFSE exhibited spatial distributions of fault moves that are more consistent
with other slow earthquakes which occurred synchronously in the nearby fault. The
method also sequentially revised the multiple Earth models and produced a better
ensemble of the candidate models through the analyses of repeating SSEs.

1 Introduction

Accurately estimating slip distribution using seismic waveforms and geode-
tic data is essential to better understand earthquake rupture and preparation pro-
cesses underground, such as interplate coupling. Recent advances in seismologi-
cal and geodetic observation techniques have led to the recognition of a new class
of fault slip that is transitional between the fast rupture and stable sliding on the
plate interface, which are known as slow earthquakes. Slow slip event (SSE) is a
type of slow earthquake whose characteristic time scale is days (short-term SSE or
S-SSE) to years (long-term SSE or L-SSE). The response signal of an SSE is usu-
ally detectable by geodetic measurements (Obara & Kato, 2016), from which the
slip distribution can be inferred. The occurrence of both L-SSEs and S-SSEs is of-
ten accompanied by an increase in the number of smaller events, in terms of both
the amount of seismic moment release and the time scale, in the surrounding area.
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For example, there have been many observations of S-SSEs associated with deep
tectonic tremors, known as episodic tremor and slips (ETS) (e.g., Cascadia subduc-
tion zone (Rogers & Dragert, 2003), Nankai trough subduction zone (Obara et al.,
2004), etc.). Some L-SSEs are known to induce an increase in the number of sur-
rounding tremors (e.g., the Bungo Channel in southwest Japan (Hirose et al., 2010),
the Guerrero subduction zone (Kostoglodov et al., 2010; Villafuerte & Cruz-Atienza,
2017), etc.), and swarm-like seismic activities (for example, the Boso Peninsula in
central Japan (Hirose et al., 2014), and the Hikurangi subduction zone (Bartlow et
al., 2014). To investigate the generation process of slow earthquakes, spatial rela-
tionships between the estimated slip distribution for SSEs and hypocenter locations
of such small events have been particularly studied (the readers are referred to the
aforementioned articles). In addition, slip distribution occurring in SSEs that oc-
cur repeatedly in the same region has been analyzed simultaneously (Bartlow et

al. (2014); Yoshioka et al. (2015); Takagi et al. (2019); Hirose and Kimura (2020)
and many others), in part because the interval between each event is relatively short
compared to ordinary earthquakes of the same level of seismic moment release. Com-
parisons of slip distributions in such repeating events may be useful for detecting
temporal changes in the interseismic coupling rate or stress conditions in the sur-
rounding seismogenic zones.

1.1 Fauls slip estimation and uncertainty of the underground struc-
ture

Regardless of targeting ordinary earthquakes or SSEs, the estimation of fault
slip distribution is usually performed in a two-step procedure (e.g., pointed out by
Fukahata and Matsu’ura (2006)): The first step is to set a numerical model that
describes the characteristics of the media in the target domain of the Earth. A nu-
merical model of the underground structure (which in principle consists of an elas-
tic structure and the geometry of the fault plane in this study) is assumed by re-
ferring to databases proposed by previous studies based on many observations. In
parametrizing the slip distribution in the assumed underground structure model, the
slip parameters and the response at the observation points are usually described by
a linear relationship (in many cases, based on linear elasticity). In the second step,
the parameters that describe the slip distribution are estimated using observation
data based on a linear relationship. This approach assumes that the earth model is
associated with no uncertainty because a single underground structure model is cho-
sen in the first step and other possibilities for model selection are discarded. This
assumption allows for simplification by formulating the slip estimation as a simple
linear inverse problem, which has been widely applied in previous studies. However,
such an assumption often underestimates the amount of error in the prediction made
by the model, which can lead to overfitting in estimation and obtaining a biased es-
timation result (e.g., Yagi and Fukahata (2008, 2011)).

To avoid such overfitting and bias in estimations, some approaches for con-
sidering model uncertainty in fault slip estimation have been proposed. The most
straightforward approach is to estimate the parameters of the slip distribution and
those that characterize the underground structure simultaneously (e.g., Fukahata
and Wright (2008); Fukuda and Johnson (2010); Minson et al. (2014); Agata et al.
(2018); Shimizu et al. (2021)). Another approach is to introduce the contribution
of the model prediction errors to the covariance components in the data covariance
matrix. Yagi and Fukahata (2011) proposed an inversion scheme that introduces
the error of Green’s functions following a Gaussian distribution and iteratively es-
timates the model parameters and the covariance matrix for the model prediction
errors simultaneously. Duputel et al. (2014) proposed a comprehensive framework
to compute the covariance matrix that considers the stochastic property of model
prediction errors based on uncertain and presumably inaccurate prior knowledge of



127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

175

176

177

178

179

the underground elastic structure. These methods are known to relax the effect of
overfitting in the estimation of fault slip distribution owing to the choice of a single
underground structure model. However, the former approach based on simultaneous
estimation usually adds unknowns that are in a nonlinear relationship with the re-
sponse in observation stations to the target estimation problem. In such a case, it is
necessary to perform the forward simulation iteratively to obtain a converged solu-
tion. The calculation cost associated with iterative analysis may limit the range of
applicable problems. The latter approach, which introduces the covariance compo-
nents, retains a linear relationship between unknown parameters and the observation
response, which avoids iterative executions of the forward simulation within the esti-
mation scheme. However, this approach procures no information on the underground
structure that is intrinsically included in the data. In addition, it is based on the as-
sumption that the model prediction errors follow a Gaussian distribution, which may
be violated when the model uncertainty is large.

Recently, Agata et al. (2021) proposed a flexible framework of Bayesian infer-
ence for slip estimation considering model uncertainty, which introduces many can-
didates for underground structure models, whose characteristic parameters follow a
prior probability density function (PDF), instead of choosing a single model in the
“first step” of the process of a usual fault slip inversion. This approach allows for
the estimation of slip parameters considering a wider range of underground struc-
ture parameters while avoiding non-linear parameters to be included in the estima-
tion. Such treatment is enabled by eliminating the underground structure param-
eters by marginalization in advance of Bayesian sampling for the posterior PDF of
the slip parameters. Furthermore, the posterior PDF for the underground structure
can be obtained in a post process of Bayesian sampling. In addition, the formula-
tion of the work corresponds to the generalization of the one proposed in Duputel et
al. (2014) in that the framework of Agata et al. (2021) is not limited to applications
assuming the Gaussian distribution but allows for an arbitrary probability distri-
bution by using an ensemble approximation. We can also interpret the framework
in the context of Bayesian multi-model estimation, originally called Bayesian model
averaging (Raftery et al., 1997), in which multiple candidate models are simulta-
neously considered and the contribution from each model in explaining the data is
scored following Bayes’ theorem, aiming to increase the generalization ability of the
Bayesian model. Therefore, we hereafter refer to the approach of Agata et al. (2021)
as Bayesian multi-model fault slip estimation (BMMFSE). Thus, the BMMFSE is a
generalized framework that considers the uncertainty of the underground structure
in fault slip estimation. Although the advantages of using BMMFSE in fault slip in-
version are discussed in detail in Agata et al. (2021), the method was only applied to
a very simple numerical experiment. In the present study, we apply the method to
estimate the slip distribution in SSEs, focusing on two advantages of BMMFSE.

1.2 Advantages of using BMMFSE for analyses of SSEs

One advantage is that BMMFSE allows for easier handling of the ill-posedness
of slip estimation by introducing a fully Bayesian inference. In general, slip esti-
mation is an ill-posed inverse problem, which is usually handled based on regular-
ization by incorporating prior information on the characteristics of the slip distri-
bution, such as smoothness and sparseness. The introduction of such information,
which we hereafter call “strong prior” to distinguish it from weakly informative pri-
ors mentioned later, allows for obtaining a unique and stable solution by minimiz-
ing an objective function. Fully Bayesian inference is another approach to handle
ill-posedness, which was recently introduced to fault slip estimation (e.g., Fukuda
and Johnson (2008, 2010)): An ensemble of the solutions sampled from the poste-
rior PDF is obtained in combination with weakly informative prior information for
slip distribution, such as uniform distribution for the slip amount in each fault patch
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(e.g., Minson et al. (2013)). However, slip estimation using such weakly informative
prior PDFs for slip distribution is prone to suffer more severely from overfitting to
data errors. To avoid overfitting, accurately considering the model prediction errors
originating from the uncertainty of the underground structure, which is often a ma-
jor component of data errors (Duputel et al., 2014), by introducing BMMFSE is ex-
pected to be effective. Performing slip estimation based only on weakly informative
prior PDFs has the potential to enable a more careful investigation of the spatial
relationships between the estimated slip distribution of SSEs and hypocenter loca-
tions of the surrounding events: An investigation on the correspondence between the
estimated slip distribution in SSEs and synchronized tremor hypocenters in the Cas-
cadia subduction zone suggest that incorporation of strong prior constraints for slip
distribution, such as spatial and temporal smoothing constraints, significantly affects
the conclusion (Bartlow et al., 2011). In addition, a fused lasso method (Tibshirani
et al., 2005), which promotes both sparsity and smoothness of the parameter distri-
bution using L1-norm-based penalization, has also been applied to L-SSEs occurring
beneath the Bungo Channel and found to be more effective for detecting discontinu-
ous boundaries of the fault slip than using a widely used smoothing constraint based
on a finite-difference approximation of the Laplacian operator (Nakata et al., 2017).
This finding reconfirms the effect of the choice of regularization scheme on the esti-
mation results of slip distribution.

The other advantage is that BMMFSE obtains the posterior PDF of the un-
derground structure parameters in addition to those for the slip distribution. This
means that the posterior PDF for the underground structure obtained in the analy-
sis can be plugged into another estimation as the prior PDF. Such a method may be
useful for further reducing the model prediction errors and validating the posterior
PDF of the underground structure model obtained for each event. The estimation of
SSEs occurring repeatedly at the same location can be a good application example
of such a sequential estimation updating the underground structure.

1.3 Objectives

In this study, we estimate the posterior PDF's of the slip distribution of L-
SSEs using BMMFSE, taking into account the uncertainty of the underground struc-
ture model by introducing many candidate models. We target L-SSEs that occurred
beneath the Bungo Channel, southwest Japan, because of three features of these
events: an increase in the number of deep tectonic tremors accompanying the L-
SSEs was observed at the down-dip side of the main rupture area; multiple types
of strong prior constraints have been applied to estimate past events; they occur
repeatedly every six to eight years in almost the same location. These are the typ-
ical features of SSE for which BMMFSE may be advantageous, as explained in the
last paragraph. For this purpose, we constructed a multi (ensemble) model to de-
scribe the uncertainty of the underground structure around the rupture area based
on the database of the elastic structure and geometry of the plate boundary de-
fined for southwest Japan and introduced it to the fully Bayesian inference of slip
distribution. Thus, we estimated the posterior PDF for the slip distribution in the
L-SSE that occurred around 2010 and 2018 using weakly informative prior PDFs.
We compared the up- and down-dip limits of the slip distribution estimated based
on BMMFSE and strong prior constraints in examining the spatial relationship with
synchronized slow earthquakes in the surrounding regions. We also demonstrate a
sequential estimation of the L-SSEs updating the underground structure by estimat-
ing the slip distribution in the 2018 L-SSE based on multiple models that describe
the posterior PDF of the underground structure obtained in the estimation for the
2010 L-SSE. We examine the validity of the approach using an information criterion.
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2 Observation data

The occurrence of L-SSEs beneath the Bungo Channel in southwest Japan,
well known because of the continuous observation by the Global Navigation Satel-
lite System (GNSS) conducted by the GNSS Earth Observation Network System
(GEONET) (Miyazaki & Hatanaka, 1998) and managed by the Geospatial Infor-
mation Authority of Japan, was observed repeatedly around 1997, 2003, 2010, and
2018. The main rupture areas of these four events are estimated to nearly coincide
(Yoshioka et al., 2015; Ozawa et al., 2020; Seshimo & Yoshioka, 2021), filling a spa-
tial gap between the deep ETS and seismogenic zones (Figure 1). Activities of deep
tectonic tremors at the down-dip side and shallow very-low-frequency earthquakes
(VLFEs) in the south of the main rupture area have shown rapid increases simul-
taneously with the acceleration phase of the L-SSEs (Hirose et al., 2010). Recent
developments in data analysis techniques for GNSS data suggest that these major
L-SSEs are accompanied by minor events of a smaller seismic moment release, which
occurs nearly in the middle of the periods between the major events (Takagi et al.,
2019). In this study, we focus on two recent major L-SSEs in this region that oc-
curred around 2010 and 2018.

We used digital data for the observed vertical and horizontal displacements of
the 2010 and 2018 L-SSEs (Figure 2), the former of which were provided by Yoshioka
et al. (2015). The data for the latter were newly processed by Seshimo and Yosh-
ioka (2021) based on the same approach of data analysis as that used in Yoshioka
et al. (2015). The data were processed from the crustal displacements observed by
GEONET. In all, we used 106 and 96 continuous GNSS stations in the estimation
for the 2010 and 2018 events, respectively (some stations are excluded from the esti-
mation for the latter event to avoid contaminating the displacement data with post-
seismic deformation due to the 2016 Kumamoto earthquake following Seshimo and
Yoshioka (2021)). We used only the total displacement of each component during
periods from 2009.5 to 2011.2 and 2018.9 to 2019.5 in the decimal form, respectively.
The dataset used for the 2010 L-SSE is identical to that used for the analyses of the
same event in Nakata et al. (2017). We focused only on the spatial distribution to
estimate the detailed distribution of the total slips during each L-SSE.

3 Estimation of the posterior PDF for the slip distribution consid-
ering the uncertainty of the underground structure

3.1 Formulation

We provide a summary of the formulation of BMMFSE, a method to estimate
the posterior PDF for the slip distribution considering the uncertainty of the un-
derground structure proposed by Agata et al. (2021). Let us consider an estimation
problem of m, which is a vector for the parameters of the slip distribution, from d,
a vector for the observation data. A widely used Bayesian formulation for estimating
the posterior PDF for slip distribution, where a single underground structure model
is chosen a priori, is written as follows:

P(m|d) = xP(d|lm)P(m), 1)

where P(m|d), P(d|m), and P(m) are the posterior PDF of the slip parameters,
the likelihood function, and the prior PDF of the slip parameters, respectively. xk =
1/P(d) is a normalization factor that takes a constant value because the observation
data and model are fixed. However, it is natural to assume that the probabilistic
density for the model prediction described by P(d|m) also depends on the choice of
the underground structure model, which we hereafter characterize using parameters
. This dependence can be incorporated in the likelihood function as P(d|m, ¢).
Let us suppose that we know the PDF P(¢) to describe the stochastic property of
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the uncertainty of the underground structure. Then, a posterior PDF for m con-
sidering the uncertainty of ¢ can be obtained by replacing the original likelihood
function with P(d|m, ¢) and marginalizing the right-hand side with ¢, as

P(mld) = / P(m, o|d)dyp,

— « [ Pdim, ) P(mle)P(p)de.

The widely used approach described by Equation 1 corresponds to a case in which
¢ is fixed a priori in Equation 3, that is, P(¢) = d(¢ — ¢gy), that is, a single
model is chosen in the “first step” described in Section 1. Here, we consider a sit-
uation in which uncertain information of the underground structure is available in
the form of an ensemble consisting of random samples (™) drawn from P(g), where
n=1,...,N, and N are sufficiently large numbers. By using the samples, the inte-
gration on the right-hand side of Equation 3 can be approximately evaluated based
on Monte Carlo integration as:

Pmld) = [ P(dlm. o) Plmle)P(o)dp

12

N
1 n n

h D Pldim, o) P(m[p™).

n=1
Providing the likelihood function d, P(d|m, ¢) in the form of a parametric distri-
bution allows for the explicit calculation of the density P(m|d) for a given m. In
this study, we assumed a simple Gaussian distribution for the likelihood function as
follows:

P(d|m, ¢) = (2m)~"/2||E[| /2 exp[—%(d ~G(p)m)"E7(d - G(p)m)].,

where Ny, E, and G(¢) are the dimensions of the data vector, the covariance ma-
trix that is determined based on the error characteristics of the observation instru-
ments and data processing, and the response matrix that relates the slip parameters
and the response in the observation stations calculated based on elasticity for the
given ¢, respectively. Thus, we can draw random samples of m from the posterior
PDF P(m|d) using sampling methods such as Markov chain Monte Carlo (MCMC)
methods (e.g., Metropolis et al. (1953)). We use the replica-exchange Monte Carlo
method (REMC; Swendsen and Wang (1986); Geyer (1991)), which is also known as
parallel tempering, an acceleration method of MCMC sampling.

The formulation of BMMFSE presented so far is based on Bayes’ theorem for
the joint posterior PDF for m and ¢. Interestingly, the same formulation can be
obtained from a different starting point, that is, considering the variability in the
model prediction defined by the likelihood function in the conventional formulation
presented in Equation 1, as

P(d|m) = /P(d‘dpred)P(dpred|m)ddpreda

where dpreq and P(dpreq|/m) denote the predicted response at the observation point
and the stochastic property of the model prediction for a given m, respectively. This
marginalization (integration) for dpreq can be approximately conducted by Monte
Carlo integration, resulting in the same calculation as presented in Equation 5 (see
Section 2 of Agata et al. (2021) for details). This alternative derivation essentially
suggests that the BMMFSE corresponds to a generalization of the formulation of
Duputel et al. (2014) to a non-Gaussian scheme.

Once we obtain the samples of m and the values of the likelihood function as-
sociated with the samples via MCMC sampling, we can also approximate the poste-
rior PDF of ¢. By replacing the marginalization in Equation 2 with one based on m
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with further transformation, we obtain

Pleld) = [ Plm,pld)dm

/P(ga|m7d)P(m\d)dm

P(d|m, ¢) P(¢|m)
= P(m|d)dm,
J P(djm, ¢')P(¢'|m)dey’ (m|d)

where we use the relation P(¢|m,d) = P(d|m, ¢)P(p|m)/P(djm) and P(djm) =
J P(d|m, ¢")P(¢'|m)d¢’ in the transformation of Equation 9 to 10. Suppose we
have obtained M samples from P(m|d) based on the REMC sampling, because we
set P(¢|m) = P(¢) in the present problem, we can rewrite the equation and ap-
proximate P(¢p|d) based on the Monte Carlo integration as

P(d|m, s0) ()
P(pld) = P(m|d)dm
fP d|m, ') P(¢')d¢’
P(dm'™, ) P(p)
M m=1 ﬁ Zn:l (d|m(m)) (P(n))
P(p) can be approximated using the same N samples of ¢ as those used for the

Monte Carlo integration in Equation 5 and others by, for example, an approximation
based on the Monte Carlo method as follows:

= *25 — M),

n=1

where §(¢ — (™) is a delta function that satisfies

5(x) =0 (x+#0),

and

e [ ) v es)
[ #6050 =x)d {O B

By substituting this term into P(¢) in Equation 12, the marginal posterior PDF of
¢ can also be written based on the approximation by the Monte Carlo method as

N
A 1
_ = (n) — o™
P(pld) = N;w (e — o),
where
M m n
Z d\m( Ll ))
M = & Y= P(Am™), o))

Because P(d/m(™), (™) is already calculated when REMC sampling for P(m/|d) is
performed, as shown in Equation 5, we can readily evaluate w(.

The formulation presented here and used in the following applications is based
on the simplest approximation of P(¢) using the delta function without weights.
Other forms of the approximation of P(¢) are also applicable to the proposed ap-
proach. For example, importance weighting can be used to enhance the approxima-
tion based on the delta function (see Appendix A for details).

(13)

(14)

(15)

(16)



340 3.2 Multiple models to describe the uncertainty property of plate

3 boundary geometry and elastic structure model

342 We consider the static linear elasticity to relate the fault slip underground to
33 displacement on the surface based on a two-layered underground structure model

344 consisting of a half-space and a layer above it, corresponding to the mantle and

345 crust, respectively. The slips are located on a curved surface that models the plate
346 boundary. We assume that ¢ consists of parameters for the plate boundary geome-
347 try and elastic parameters, namely, rigidity and Poisson’s ratio, which are calculated
38 from the seismic velocity and density structure. Provided that the underground

349 structure model possesses a certain amount of uncertainty, we consider an ensem-

350 ble of multiple models to describe the uncertain property by setting properly P(¢)
351 based on the published models, to avoid bias in the estimation because of an a priori
352 selection of g, and overfitting.

353 Several geometry models for the plate boundary, including the Nankai Trough
354 region, have been published. Here, we consider three models: Iwasaki et al. (2015),

355 Hayes et al. (2018), and Nakanishi et al. (2018), which are hereafter referred to as
356 the Twasaki, Slab2, and Nakanishi models, respectively (Figure 3). The Iwasaki model

357 is mainly based on the hypocenter distribution for the geometry with longer wave-

358 lengths, refined by results from seismic tomography, receiver function analysis, and
359 active source experiment. Slab2 focuses more on comprehensive modeling on a global
360 scale. The Nakanishi model is based on more detailed seismic survey results in the

361 shallower part, while the deeper part is based on seismicity. We consider an ensem-
362 ble of multiple models for the plate boundary geometry, assuming that the true

363 plate boundary geometry can be modelled sufficiently well by one of the models

364 based on a weighted average of the depth of the three geometry models, that is, the
365 plate boundary geometry in the n-th sample within the multiple models is calculated
366 as

2V (x) = Wi wasaki (%) + W 281062 (%) + Wt nioni “Nakanishi (X).

367 where 2™ (), Z1wasaki(X), Zslab2(X), and ZNakanishi (X) are the z coordinates of the
368 plate boundary geometry at the location x in the horizontal plane in the n-th sam-
369 ple, Iwasaki model, Slab2, and Nakanishi model, respectively. WI(VTVZMM, WS(IT;)bQ’ and
370 Wg;{(anishi are the weights of the Iwasaki, Slab2, and Nakanishi models in the n-th
3n sample, satisfying Wl(gisaki + Ws(?a)bQ + ng;iamshi = 1. We assume that the stochas-
372 tic property of these weights follows the Dirichlet distribution with o; = 1(i =

373 1,..., K), which corresponds to a uniform distribution over the K — 1-dimensional
374 simplex, where K is the number of the plate boundary geometry model considered
375 and currently K = 3. Figure 4 shows a ternary plot to denote the samples from

376 the prior PDF for the plate boundary geometry model when the ensemble size N is
377 taken to be 2,000.

378 It is difficult to uniquely choose the material properties of the crust and man-
379 tle for the two-layered model based on published detailed elastic structure models
380 for the target domain. Here, we assume that this room for the choice of parameters
381 is the source of uncertainty in the underground elastic property model. We con-

382 structed a crustal model based on the Japan Integrated Velocity Structure Model
383 (JIVSM) database (Koketsu et al., 2009, 2012). The JIVSM contains a digital ele-
384 vation model for a layered seismic velocity and density structure for the region be-
385 neath the Japanese Islands, including the P-wave velocity, S-wave velocity, and den-
386 sity of each layer. To create an ensemble of multiple models of the crust, we focus on
387 the structure above the Moho at the hanging wall in a region between 130.8°E and
388 133.6°N in the east-west direction and 32.0°N and 34.4°N in the north-south direc-
389 tion, within which the observation points used for the estimation for the 2010 event
390 are located. The random samples that consist of the ensemble to model the uncer-
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tainty of the crustal parameters are generated in the following manner, shown as
two-dimensional schematics in Figure 5 (a). We randomly select N grid points in the
horizontal plane from the domain. Then, we focus on the one-dimensional structure
below each point and use the crustal thickness and the average elastic parameters
within the crust (the layers above the Moho) as the property of the sampling point.
Thus, N samples for the thickness and elastic parameters of the crust are obtained.
For the properties of the mantle, we used the P-wave velocity structure model of
Nakanishi et al. (2018), which includes more detailed information for spatial dis-
tribution, although only P-wave velocity is included in the database. In the same
manner, as for the crustal model, the average P-wave velocity from the Moho to the
bottom of their model, 60 km depth, below a randomly chosen grid point is consid-
ered as the elastic property for a sampling point (Figure 5 (b)). The corresponding
S-wave velocity and density are set based on an empirical relation of the elastic pa-
rameters in the earth (Brocher, 2005). Figure 6 shows the histogram for the ran-
dom samples of elastic parameters that describes the prior PDF when the ensemble
size N is taken to be 2,000. Because we focus only on static deformation, only two
elastic parameters, rigidity and Poisson’s ratio for the crust and mantle, denoted by

pl v and v respectively, are explicitly used in the analyses.

In total, the n-th sample of the vector for the underground structure parameter
consists of eight elements:

™ = (W ) gy p) ) e )y (19)

Iwasaki akanishi ~/crust Herust Yerust HPmantle Ymantle

where Dg:ﬂst is the crustal thickness of the n th sample. Note that some of the com-
ponents in (™) are not necessarily independent of each other. Table 1 shows a sum-

mary of the random samples for the underground structure.

Because it is natural to assume that the underground structure around the tar-
get region does not change drastically over several years, which is a typical interval
between the two sequential L-SSEs, the posterior PDF of the underground structure
obtained for the 2010 L-SSE can be used as input information for the estimation of
the 2018 L-SSE as the prior PDF: Following the formulations in Section 3.1, we ob-
tain the posterior PDF P(¢|d), which consists of the same multiple models as in the
prior, while the importance weight w(™ on each member is updated through the slip
estimation for the 2010 L-SSE. P(p|d) that we obtain here can be used as P() in
Equation 3. However, the weight of many members is likely close to zero through
the estimation for the 2010 event, which may lead to failure in effectively approxi-
mating the posterior PDF in the next estimation. This is a problem known as “de-
generacy”, which is common to ensemble-based filtering methods such as the particle
filter (Gordon et al., 1993; Kitagawa, 1993, 1996). We can use the same solution as
deployed in the particle filter method, that is, resampling new multiple models from
the weighted samples that consist of the posterior PDF of ¢ obtained in the pre-
vious estimation to approximate the prior PDF for the next estimation. Here, we
use the most basic approach proposed in Kitagawa (1993), which performs sampling
with replacement from the original samples with probabilities proportional to w(.

3.3 Fault slip parametrization and calculation method

We consider a fault slip distribution at the plate boundary between 131.5°E
and 133.5°E in the east-west direction, 32.15°N, and 33.9°N in the north-south di-
rection and within the depth range of 0-55km in the Nakanishi model. We expanded
the slip distribution using a bilinear interpolation function. In parametrizing the
slip distribution, we fix the horizontal position of the grid points that discretize the
slip while considering a variety of geometric models of the plate boundary. There-
fore, the depth and area of each small fault vary depending on the geometry of the
model. The size of the grid spacing is an important parameter because it determines
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the number of unknown parameters in the estimation. A proper choice of the num-
ber of unknown parameters is another important factor in preventing overfitting, in
addition to accurate consideration of model prediction errors. For most of the cases
presented in the following section, a grid size of 16 km interval is used (Figure 7),
determined based on the widely applicable Bayesian information criterion (WBIC)
(Watanabe, 2013). WBIC approximates the Bayes free energy, or the minus loga-
rithm of Bayes marginal likelihood, which plays an important role in a statistical
model evaluation for singular statistical models (see the text in Supporting Infor-
mation for details). We estimate the slip norm in each of the 130 small faults and a
single rake deviation from the direction opposite to subduction, which is common to
all small faults. The direction opposite to subduction is assumed to be 125° in the
north-based azimuth following Heki and Miyazaki (2001). We also consider a hyper-
parameter o regarding the scaling of the observation errors, that is, we introduce a
covariance matrix E = ¢E’ into Equation 6, where the diagonal and non-diagonal
components of E’ are taken based on the knowledge of the property of observation
errors and taken to be zero, respectively. The total number of elements in m in the
case of a 16 km grid interval is 132.

The prior PDFs for the unknown parameters are based on a uniform distri-
bution, which we regard as a typical weakly informative prior, as shown in Table
2. While the PDFs are essentially based on a uniform distribution, we use a cosine
tapered uniform distribution for the prior PDF for slip distribution, which is charac-
terized by four numbers a’, a,b,b’, where ' < a < b < /. The probability density
is uniformly distributed in the range between a and b, whereas the edge of the dis-
tribution is tapered using a cosine curve in the range between a’ and a, and b and b’
(see Appendix B for details). Such tapered uniform distribution is often used when
a high probability of a parameter is expected near the edge of the uniform distribu-
tion in the posterior PDF. An estimation of slip distribution can be a typical exam-
ple of such a case. The prior PDF for non-negative constraint is often used, while
it is natural to expect that the amount of slip in many of the small faults tends to
be nearly zero. We use a cosine taper only for the lower edge of the distribution, in
the range between -0.1 m and 0 m. The lower limit -0.1m is chosen as a limit of back
slip allowed based on the Nankai Trough subduction zone, in which the convergence
rate is estimated to be around 0.06 m/year (Heki & Miyazaki, 2001). Since the tar-
get period for the processed GNSS date for the 2010 L-SSE is 1.7 years, 0.1m (~
0.06 m/year x 1.7years) is used as the lower limit. Although the target period for
the 2018 L-SSE is shorter (0.6 years), the same prior PDF is used for this event for
ease of comparison with the 2010 L-SSE.

2,000 sets of the response function to each of the input unit fault slip in the di-

rection of subduction and one perpendicular to it are calculated using EDGRN/EDCMP

(Wang et al., 2003). Each set corresponds to the matrix G(¢) in Equation 6. In
each iteration of the REMC sampling, these response functions in the two directions
are superimposed according to the slip norm in each fault and the common rake de-
viation given in m in the current sampling step.

To draw samples from the posterior PDF using the REMC method, we took
replicas L = 32 (and 48 for some cases depending on the setting). We take 150,000
burn-in steps and 350,000 sampling steps. Replica exchange is performed once in ev-
ery five steps between two randomly selected replicas. We output a sample in every
50 steps to avoid taking strongly correlated samples. Because the algorithm requires
the calculation of G(¢)m in Equation 6 for each @™ at every time step, proper ac-
celeration is necessary. We accelerate the sampling calculation using multi-GPGPU
(i.e., general-purpose computing on graphics processing units), assigning a GPU
to the calculation for every replica. The use of 16 NVIDIA A100 GPUs, installed
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in Earth Simulator 4 at Japan Agency for Marine-Earth Science and Technology
(JAMSTEC), allows sampling to be completed within less than an hour.

3.4 Numerical experiment

We present numerical experiments in a problem setting that mimics the actual
estimation problem described in the next section. We used artificial data calculated
based on the true fault slip and underground structure and applied BMMFSE to
the estimation of both the slip and the structure based on the prior PDF for the un-
derground structure introduced in the previous subsections. We consider two true
slip models, SMgharp and SMgmooth: The former exhibits a discontinuous change in
the slip distribution, and the latter has a smooth distribution in the entire region
(Figure 8 (a) and (d)). We investigate how BMMFSE and a conventional method,
which is based on a single underground structure model and a strong prior con-
straint based on a discretized Laplacian operator to impose smoothness on the slip
distribution (explained in detail later), estimate the slip distribution for the two
models. The true underground structure model assumed here is given by the aver-
age of the two plate boundary geometry models, Slab2 and the Iwasaki model (i.e.,
Wiwasaki = 0.5, Walabz = 0.5, and Wxakanisni = 0), and elastic parameters presented
in Table 3. The response displacement is calculated based on these true models. We
added artificial Gaussian noise to the calculated displacements, for which the stan-
dard deviations were 2 x 1072 m for the horizontal component and 6 x 10~3 m for the
vertical component, following the error level presented in Yoshioka et al. (2015). E’
is obtained according to this standard deviation setting.

The estimated fault slips using BMMFSE are shown in Figure 8. The mean
slip distribution ((b) for SMgharp and (e) for SMgmooth) implies that the proposed
method can distinguish the tight and broad distributions in SMgparp and SMgmooth,
respectively. However, because BMMFSE estimates non-Gaussian posterior PDF's,
solely mean values are not sufficient. Figure 8 (c) and (f) shows frequency plot of
slips in the MCMC samples along the A-B line marked in (a), (b), (d) and (e). Be-
cause the region with large slips, which spans from 60 to 120 km away from Point
A, is mostly beneath the Bungo Channel and lacks observation stations above, esti-
mation uncertainty is relatively large. On the other hand, the overall distribution of
the estimated frequency was consistent with the true slip distribution in both mod-
els. Figure 9 shows the plots for the posterior PDF for the underground structure
for the SMgharp- For the parameters of the plate boundary geometry (Figure 9 (a)
and (b)), Wslape is distributed around 0.5, and Wiwasaki and Wiiakanishi have a simi-
lar distribution to that of each other, although the probability density near the point
representing the true model appears to be slightly large. These findings suggest that
the data cannot clearly distinguish the weights of the Iwasaki and Nakanishi models,
while the true model is estimated to be nearly an average of Slab2 and a weighted
average of the two models. This is reasonable because the Iwasaki and Nakanishi
models are far closer to each other than Slab2, as shown in Figure 3. The estima-
tion result for the plate boundary in SMgpeoth Shows the same tendency (Figure S1).
In the estimation of the elastic parameters (Figure 9 (c) and (d)), no strong peak
is estimated in the bin for the true values in the histograms. In the crust, relatively
strong peaks observed in the prior distribution disappear in the posterior distribu-
tion. It appears that the data are insensitive to the parameters for the mantle be-
cause the prior and posterior do not have significant differences.

For comparison, we also performed an estimation using a conventional method,
including a certain amount of model prediction errors. We use the Nakanishi model
for the plate boundary geometry assuming a homogeneous elastic half-space with
v = 0.25, which is one of the most widely used settings of the elastic property in
slip inversion using geodetic data. The conventional method we consider here uses
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a strong prior constraint based on a finite-difference approximation of the Lapla-
cian operator for the smoothness of the slip distribution, which we hereafter call the
“smoothing” model. The smoothing model is taken with a Bayesian model with a
prior constraint on the smoothness with unknown hyperparameters, which is deter-
mined using an information criterion (Yabuki & Matsu’ura, 1992). The estimated
slip distributions of SMgharp and SMgmooth o1 the A-B line are shown in Figure 8 (c)
and (f), respectively. Due to the smoothness constraints, relatively smooth distri-
butions are obtained not only for SMgmeoth but also for SMgparp. In particular, the
slip distribution on the down-dip side of the channel (approximately 120 to 150 km
from Point A), for which SMgharp and SMgmooth have a steep and smooth variation,
respectively, are estimated to be similar smooth variations for both models. Thus,
the introduction of a smoothness constraint may lead to difficulty in distinguishing
the sharpness of the slip distribution at the down-dip side of the channel, unlike the
estimates using BMMFSE.

4 Posterior PDF of slip distribution and underground structure
based on the geodetic data for the L-SSEs occurring beneath
the Bungo Channel around 2010 and 2018

4.1 Posterior PDF for slip distribution

Figure 10 shows an overview of the posterior PDF for the slip distribution
P(m|d) estimated for the 2010 L-SSE. The mean model of the posterior PDF of
m is plotted in Figure 10 (a). The main rupture area with a mean slip larger than
0.1m is estimated to occur in a relatively narrow region in the north-south direc-
tion. The mean of the predictive PDF for the displacement (see Appendix C for the
definition of the predictive PDF) agrees well with the observation data (Figure 10
(b)(c)) and is not associated with a significant systematic residual distribution (Fig-
ure S2 (a)(b)). However, because the posterior PDF of m has a non-Gaussian fea-
ture, only paying attention to the mean model may be misleading in understanding
the features of the posterior PDF. Figure 10 (d) shows the normalized frequency of
sampled slip parameter on the line from A to B marked in (a) and the histograms
of slips in selected small faults. The amount of slip in the dip direction in the re-
gion between approximately 60 km and 120 km from Point A (e.g., (ii) in Figure 10
(d)) , which corresponds to the area directly beneath the Bungo channel, has a large
variation, while those elsewhere have significantly large frequencies around the bin
of Om slip (e.g., (i) and (iii) in Figure 10 (d)). This contrast clearly reflects the ef-
fect of the absence of observation points in the channel. The rake deviation of the
slip from the direction opposite to subduction (i.e., 125° in the north-based azimuth)
in the counter-clockwise direction was estimated to be approximately five degrees
with a standard deviation of approximately one degree, which corresponds to a slip
direction of approximately 120° azimuth. These results are consistent with the slip
direction estimated for the fault patches with large slip amounts by Yoshioka et al.
(2015) (see Figure S3 and the text in Supporting Information).

The histograms of slips in (i), (ii), and (iii) show asymmetric distribution shapes.
This non-Gaussian feature of the marginal posterior PDF for the estimated slip sug-
gests that the use of standard deviation may be inappropriate for quantifying the
estimation uncertainty. Instead, we calculate the information gain before the poste-
rior marginal PDFs based on the following definition:
= P(mi|d)
IG-:/ P(m;|d)log, ———~dm; 20
g e ( 'L‘ ) ) P(mz) (X ( )

where IG; and m; are the information gain, whose unit is bit here, and the slip
amount in the ¢-th small fault, respectively. The PDF regarding m; here is marginal-
ized. Information gain is also known as the Kullback-Leibler divergence, which quan-
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tifies the difference between two PDFs. The integration and density P(m;|d) in
Equation 20 are evaluated approximately by using the Monte Carlo integration and
kernel density estimation based on the REMC samples, respectively. Figure 10 (e)
shows a plot of the information gain for each small fault via the estimation for the
2010 event. Information gain is relatively small, not only in the small faults at the
northern and southernmost parts, which are distant from the locations of the ob-
servation points but also in those beneath the Bungo Channel, around which the
largest mean slip is estimated.

We also calculated the PDF for the seismic moment release following the defi-
nition of the predictive PDF. Fault slip at small faults with a small information gain
should not be considered when calculating the seismic moment release. Otherwise,
the prior PDF for the slip amount, which is characterized by a uniform distribution
between 0 and 1m, may have a substantial impact and lead to a significant bias in
seismic moment estimation, that is, the mean model of the prior PDF for slip results
in a uniform slip of 0.5 m, which corresponds to nearly M,, 8, an unrealistically large
value for an L-SSE. Although there is no objective criterion for this information-gain
threshold to calculate the seismic moment, the resulting seismic moment releases M,
falls in the same order as those estimated in previous studies when IG = 1.5 is used
as the information gain threshold, that is, (2.744:0.57)x10'® N m, which corresponds
to M,, 6.8940.06, where the number following + corresponds to a 2-c value. IG =0
results in significantly larger M, and M,, than those estimated in previous studies
(Table 4). Note that the mean and standard deviation values do not satisfy the re-
lation of and M,, because we calculated the statistics for M, based on the random
samples, for each of which we converted M, to M,, using the relation. In addition,
it is not straightforward to perform a fair comparison of seismic moment release es-
timated by employing widely used approaches and a Bayesian estimation scheme
based on a weakly informative prior, as indicated by the above discussion.

Figure 11 shows the overview of the posterior PDF for slip distribution P(m|d)
in the 2018 L-SSE. The main rupture area of the mean slip distribution is seen in
a similar location but with a relatively small amount of slip compared to that of
the estimate for the 2010 event (Figure 11 (a)). As in the case of the 2010 L-SSE,
the mean of the predictive PDF for the displacement agrees well with the observa-
tion data (Figure 11 (b)(c)). The systematic residual distribution is not significant
except for the southern part of Kyushu Island (stations located at around 32°N)
(Figure S2 (c)(d)), which is unlikely to have a significant impact on the estimation
results for the main rupture area. Although there is a significant amount of uncer-
tainty, the 2018 L-SSE is likely to have hosted a smaller moment release, for exam-
ple, (2.354£0.51) x10'Y N m, which corresponds to M,, 6.84+0.07, when IG = 1.5 is
adopted. This relationship is reasonable because the event duration we focus on in
this study was significantly shorter in the 2018 L-SSE. However, the normalized fre-
quency of the sampled slip parameter on the cross line from A to B shows a similar
feature to that in the 2010 event, suggesting that these events are similar in terms
of the up- and down-dip limits of the slip distribution (Figure 11 (d)). Similar to
the 2010 L-SSE, the rake deviation of the slip from the direction opposite to subduc-
tion (i.e., 125° in the north-based azimuth) was estimated to be approximately five
degrees with a standard deviation of approximately one degree. As a result, the his-
togram for the slip direction estimated for the 2018 L-SSE shows a similar pattern
to that of the one in 2010 (Figure S3).

4.2 Posterior PDF for underground structure

Figure 12 (b) shows the ternary plots for the posterior PDF for the plate bound-
ary geometry models obtained in the estimation for the 2010 L-SSE. The small tri-
angles corresponding to 0.3 < Wgpape < 0.6 have frequencies that are approximately
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five times higher at maximum than the average frequency in the ternary plot for the
prior PDFs shown again in Figure 12 (a). This pattern indicates that the geodetic
dataset prefers an intermediate plate boundary model between Slab2 and a mixture
of the Iwasaki and Nakanishi models. On the other hand, these small triangles with
a high frequency do not have strong contrast in terms of the values of Wiyasaki and
WiNakanishi, which suggests that the dataset does not clearly distinguish between the
contributions of the Iwasaki and Nakanishi models, similar to the results of the nu-
merical experiment presented in Section 3.4. In contrast, the histograms for the pos-
terior PDF for the elastic structure do not change significantly from those for the
prior, with an increase in frequency at a maximum of approximately twice in each
bin of the histograms (Figure 13 (b)). These results are consistent with previous re-
ports that the choice of plate boundary model often has a larger impact on the esti-
mation results than that of the elastic structure in estimating slip distribution using
geodetic data (e.g., Lindsey and Fialko (2013); Li and Barnhart (2020)).

The weighted samples visualized in Figure 12 (b) and Figure 13 (b) are resam-
pled using the approach explained in Section 3.2 to generate the new ensembles of
the underground structure models used as the input for the estimation of the 2018
L-SSE. The ternary plot and the histograms for the new samples (Figure S4) are al-
most identical to those presented in Figure 12 (b) and Figure 13 (b). Figure 12 (c)
and 13 (c¢) show the ternary plots and the histogram for the posterior PDF for the
plate boundary geometry and the elastic structure model, respectively, obtained in
the estimation for the 2018 L-SSE. The basic feature in the obtained posterior PDF's
is the same as in the estimation results for the 2010 L-SSE, with further higher fre-
quencies in the triangles corresponding to 0.4 < Wgjape < 0.6 for the posterior PDF
of the plate boundary geometry model.

5 Discussion

5.1 Comparison of up- and down-dip limit of slip distribution with
methods based on stronger prior constraints

We compare the estimation results obtained by using BMMFSE with those
obtained using two previous methods based on strong prior constraints. One is the
smoothing model, which was also used in the numerical experiments in Section 3.4.
The Nakanishi model and an elastic half-space with v = 0.25 were used as the plate
boundary model and elastic structure, following the setting of the numerical exper-
iments. The other is a fused lasso model, which is obtained by using a fused lasso
method (Tibshirani et al., 2005), which promotes both sparsity and smoothness
of the parameter distribution using L1-norm-based penalization. We use the result
from Nakata et al. (2017), who applied this method to L-SSEs in the Bungo Channel
aiming at detecting discontinuous changes in the slip distribution, as the fused lasso
model. The fused lasso model is only available for the 2010 L-SSE and is also based
on an elastic half-space with v = 0.25 but uses a different plate boundary geometry
model based on Baba et al. (2002).

Figure 14 (a) and (c) show the comparison of slip estimation results for the
2010 and 2018 L-SSE obtained by using BMMFSE and the previous methods. The
slip profile at the up-dip side of the main rupture area in the three models (denoted
by the orange double-headed arrows in (a) and (c)) agrees well with each other in
the 2010 L-SSE and the two models in the 2018 L-SSE. On the other hand, we found
significant variations at the down-dip side. In the 2010 L-SSE, at the location where
the slope of the slip distribution at the down-dip side starts (denoted by the cyan
double-headed arrow only in (a)), while the mean models of BMMFSE and the fused
lasso model agree well in terms of the slope, the smoothing model shows a slightly
larger amount of slip than in the others. In the location further from A (denoted
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by the pink double-headed arrow in (a) and (c)), we observe a moderate slope in
the slip distribution of the smoothing model in contrast to the steep one seen in
BMMEFSE. This feature of difference is even clearer in the 2018 L-SSE. We observed
similar differences at the down-dip side in the comparison between the BMMFSE
and the smoothing model in the numerical experiment presented in Section 3.4.
Therefore, it is likely that this moderate slope in the smoothing model is an arti-
fact introduced owing to the use of a strong prior constraint and an underground
structure that is likely to have introduced a significant amount of model prediction
errors. The fused lasso model exhibits a large amount of slip with a flat distribution
shape owing to the L1-norm-based penalty on the smoothness in the area of the pink
double arrows. The histograms of the slip amount on line (i) shown in Figure 10 (d)
and 11 (d) estimated by BMMFSE in a patch within this down-dip region suggest
that the posterior PDF indeed permits a larger amount of slip, but the probability
for such cases is not very high, according to our analyses.

During the period of both L-SSEs, a number of deep tremors synchronously
occurred at the down-dip side of the main rupture region (the white bars in Figure
14), the number of which increased compared to the period before the L-SSEs (see
Figure S5 and note that the occurrence of surrounding S-SSEs reported by Kano
et al. (2019) is considered when counting the number of tremors). Although there
seems to be a correspondence between the estimated slope of the slip distributions
at the down-dip side and the distribution of the number of tremors, further discus-
sion is difficult if only based on this information. Therefore, we calculate the change
in the Coulomb failure stress (ACFS) because of the estimated slip during the L-
SSE period using an analytical expression of elastic deformation in a homogeneous
half-space (Comninou & Dundurs, 1975). We use a simple form for calculating the
change as

ACFS = A1 + fAoy, (21)

where A7 is the shear stress change on the fault, f is the effective friction coeffi-
cient, and Aoy, is the normal stress change with the expanding direction as positive.
The direction for shear stress is taken to be the opposite of the subduction. We only
calculated ACFS for the estimation results of BMMFSE and the smoothing model
because the fused lasso model, which allows abrupt changes in the spatial distribu-
tion of the parameters, is not suitable for calculating the shear stress on the fault.
Note that efforts have also been made to introduce a prior constraint that combines
the distribution of smoother variations globally and abrupt changes locally in the
framework of the fused lasso method (Nakata et al., 2016). We present the result
assuming f = 0.2 for both models, reflecting an estimation result for a relatively
low friction coefficient in the deep fault (Houston, 2015). For BMMFSE, the elastic
half-space with Poisson’s ratio of the elastic parameter of the mantle layer is used to
calculate the shear and normal stresses.

Figure 14 (b) and (d) compare ACFS calculated based on the slip distribution
obtained using BMMFSE and that of the smoothing model for the 2010 and 2018
L-SSE, respectively. In both events, the location of the peak of the positive value
of the mean ACFS in the down-dip side of the channel for BMMFSE (denoted by
the red star in (b) and (d)) is consistent with the bin with the largest number of
tectonic tremors during the L-SSE period. On the other hand, the location of the
corresponding peak in the smoothing model is not very consistent with that of the
tremor distribution in the 2010 L-SSE, and such a peak with a positive ACFS is in-
significant in the 2018 L-SSE (denoted by the green star). Moreover, BMMFSE es-
timates a steeper slip distribution in the down-dip for the 2018 L-SSE, which results
in a narrower region along the line for positive ACFS, compared to those for the
2010 one (see the gray double-headed arrows in (b) and (d)). This contrast of the
broad and narrow region of positive ACFS appears to agree to the spatial change of
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tremors: the number of tremors during the 2018 L-SSE abruptly decreases from the
first bin to the second bin from the side of Point A, which is in contrast to the more
moderate decrease seen in the 2010 one. Such possible correspondences are blurred
in the smoothing model. These contrasts between the two methods are observed ro-
bustly for different assumptions of f, indicated by the distribution of Ao, and At
(Figure S6), although we need to note that the uncertainty is that the calculated
stresses are not small.

The correspondence between the spatial distribution of ACFS and tremors in
the estimation results obtained using BMMFSE implies a direct mechanical rela-
tionship between slip in L-SSE and triggering of tremors. The mechanism of syn-
chronization of L-SSE and tremors, which has also been observed in other subduc-
tion zones in the world, has remained controversial. For instance, for a similar syn-
chronization known in the Guerrero subduction zone in Mexico, Kostoglodov et al.
(2010) and Frank et al. (2015) attributed the synchronization to the increase in
shear stress owing to L-SSE, while Villafuerte and Cruz-Atienza (2017) suggested
that the stress concentration on the rupture front of the SSE owing to the increase
in slip rate increased the number of tremors as the main mechanism. The results
we obtain here seem consistent with the former mechanism. Of course, because we
only focus on the total slip distribution during the L-SSE period, detailed discus-
sion requires investigation of spatio-temporal evolution, such as that performed in
Villafuerte and Cruz-Atienza (2017). Nevertheless, our results suggest that estima-
tion of slip distribution with and without introducing strong prior constraints may
lead to a qualitatively different conclusion on the synchronization of SSEs and sur-
rounding slow earthquakes. For example, the slip distribution models adopted in
the studies on L-SSEs in the Guerrero subduction zone referred to above were based
on fault slip estimation using smoothing constraints. Therefore, the effects of these
constraints on their discussion should be studied further. Bartlow et al. (2011) con-
sidered the relationship between S-SSE and tremors in the Cascadia subduction zone
in North America, taking into consideration the impact of the smoothing filter in
estimating the slip distribution of SSE suggested by numerical experiments. Fault
slip estimation incorporating only weakly informative prior PDFs, as performed in
this study, can be a more direct solution to the possible confusion brought about by
adopting strong prior constraints.

5.2 Underground structure models preferred by the geodetic data

It is understandable to expect that either the Iwasaki or the Nakanishi model
represents well the true plate boundary geometry in the target region because these
two models were constructed based on the combination of more local information
than that used in Slab2, in which global data were more emphasized. For instance,
the Nakanishi model combines information from seismic surveys for shallower and
microseismicity for the deeper portion of the plate boundary. However, as shown
in Section 4.2 and Figure 12 (b) and (c), the posterior PDF for the plate bound-
ary model we obtained has a large frequency for the intermediate models between
Slab2 and the mixture of the others. The depth of Slab2 is significantly larger than
that of the Iwasaki and Nakanishi models, while those of the latter two models are
relatively similar in most parts of the target region, as shown in Figure 3. There-
fore, the depth of the group of the plate boundary models preferred by the data in
our estimation is generally larger than those in the Iwasaki and Nakanishi models.
On the other hand, the estimated plate boundary geometry in this study has a cer-
tain amount of uncertainty; for example, the model with the weights denoted by the
pink and magenta circles in Figure 12 (a), (b), and (c) is associated with equally
high probability in both the estimation for the 2010 and 2018 L-SSE. The plot of
the resulting plate boundary models compared with the original three models in
Figure 12 (d) shows that the difference in the model denoted by the pink color is
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within a few kilometers from the Nakanishi model at a depth range of approximately
30 km, where a large portion of slip is likely to take place. In the deeper portion of
the Nakanishi model, the top of the hypocenter locations determined by seismic to-
mography analyses was chosen as the trace of the plate boundary (Yamamoto et al.,
2013). Therefore, this small difference may be within the uncertainty of hypocenter
locations. We also should note that our evaluation does not apply to the entire do-
main of each fault geometry model because the geodetic data we used here contain
the information of the geometry only within a small portion of the domain.

In the estimation for the 2010 L-SSE, the relatively tall bins seen in the his-
tograms for prior PDF for the crustal thickness and elastic parameters become un-
noticeable in the posterior PDF': Despite these characteristic priors, the data suggest
that it is difficult to constrain the details of the crustal layer using the geodetic data.
One of the possible reasons for the large uncertainty in the posterior PDF for the
crustal model is that the data cannot resolve the slips in the shallow portion of the
fault plane well, which should be more strongly related to the shallow layers. The
portion of the fault plane in which relatively large slips are estimated tends to be
located deeper than the lower limit of the crustal layer.

Both the results for the 2010 and 2018 L-SSE, the histogram for the posterior
PDF of the elastic parameters in the mantle layer has the highest frequency in the
bins at the lower bound, which are taller than in the prior PDF. This finding im-
plies that the insertion of another layer corresponding to the lower crust, for which
it is natural to assume smaller rigidity and larger Poisson’s ratio than in the mantle
layer, to the two-layered elastic structure is a possible improvement for the present
model setting. However, this improvement is beyond the scope of this study, because
we assume that the insertion of another layer does not significantly affect the estima-
tion results for slip distribution.

5.3 Effect of updating underground structure through sequential es-
timation of L-SSE

In the estimation for the 2018 L-SSE, the posterior PDF of the underground
structure obtained for the 2010 L-SSE was used as the prior PDF. To see how in-
corporating the PDF for the underground structure updated through the estima-
tion for the 2010 L-SSE affects the results of the 2018 L-SSE, we show the estima-
tion result for 2018 using the original prior PDF (Figure 4 and 6) directly in Figure
15. Comparing this with the results shown in Figure 11, we do not observe a signifi-
cant difference in the slip distribution. We observed almost the same features in the
posterior PDF for the underground structure. In general, the proper choice of prior
PDFs contributes to the avoidance of overfitting in an estimation. The similarity be-
tween the result for the 2018 L-SSE with and without the PDF for the underground
structure obtained for that of 2010 implies that the original prior PDF for the un-
derground structure constructed based on the published databases is sufficient to
avoid overfitting. However, the posterior PDF of the plate boundary geometry in the
result based on the original prior PDF has a smoother distribution with less concen-
tration of frequencies than in the result based on the prior PDF obtained from the
2010 L-SSE. Noting that the 2010 L-SSE is likely to have hosted a broader slip re-
gion with larger seismic moment release than the 2018 event, it is natural that more
information on the plate boundary geometry is included in the prior PDF from the
2010 estimation, which contributed to the reduction of the uncertainty of the poste-
rior PDF. In addition, combination with the results from the preceding L-SSEs (i.e.,
The events that occurred in around 1997 and 2003) may also increase the accuracy
of the estimation, because the region with large slip amounts estimated in previous
studies (e.g., Yoshioka et al. (2015)) are slightly different from each other.
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WBIC of the two estimations for the 2018 L-SSE with and without the prior
PDF based on that for the 2010 one are -1521.54 and -1519.14, respectively. The
difference of logarithmic marginal likelihood that is larger than two corresponds to
“decisive” evidence in favor of the former model (Kass & Raftery, 1995). These facts
quantitatively support the idea that updating the underground structure in a se-
quential estimation of L-SSEs allows for a more preferable Bayesian inference.

5.4 Future perspectives

In this study, we targeted the L-SSE in the Bungo Channel because multiple
types of strong prior constraints have been applied in previous studies. In addition,
the feature of the L-SSE that the events with fault slip that are detectable by the
GNSS observation have repeatedly occurred in the same location is another impor-
tant reason. However, we expect that fault slip estimation using the BMMFSE also
provides insightful results for ordinary earthquakes. Although we focused on the es-
timation using a weakly informative prior PDF for the slip distribution, the accu-
rate consideration of model uncertainty that the method allows for should also be
effective in estimations introducing strong prior PDFs. Moreover, by taking a fully
Bayesian approach, the method can be flexibly combined with not only the widely
used constraints such as the smoothing approach but also recently proposed sophis-
ticated implicit (e.g., trans-dimensional inversion (Dettmer et al., 2014)) and explicit
(e.g., von Karman regularization (Amey et al., 2018, 2019)) regularization schemes,
which is expected to increase the quality of estimation. The probability models that
were used to generate the ensemble of multiple models for the underground struc-
ture were constructed in a relatively ad hoc manner in this study. The construction
of a multi-model ensemble focusing on the genuine estimation errors of underground
structure models is an important task in future work.

6 Conclusion

We estimated the slip distribution in the L-SSEs that occurred beneath the
Bungo Channel in southwest Japan in around 2010 and 2018 using BMMFSE, a
Bayesian multi-model fault slip estimation method. We performed the estimations
using only weakly informative prior PDFs, such as uniform distribution instead of
strong priors, by taking advantage of the accurate consideration of the model un-
certainty for underground structures in BMMFSE. We use the term “strong priors”
here to denote prior information on the characteristic of the slip distribution, such
as smoothness, sparseness, and so on, which is incorporated to regularize the inverse
problem. We constructed an ensemble of multiple models that represent the model
uncertainty of underground structures as a combination of the mixture of currently
published plate boundary geometry models (i.e., the Iwasaki model, Slab2, and the
Nakanishi model) and two-layered elastic media based on published databases of a
3D elastic structure. The posterior PDF estimated for both the 2010 and 2018 L-
SSEs presents a large probability for slip models with a narrow area for the main
rupture along the line in the north-south direction. Compared with the estimation
results obtained by using the previous methods based on strong prior constraints,
we found significant differences in the fault slip profiles at the down-dip side of the
main rupture area immediately beneath the Bungo Channel. A comparison of the
Coulomb failure stress change (ACFS) calculated based on the estimated slip distri-
bution suggests that the spatial distribution of the area with positive ACFS agrees
better with that of deep tectonic tremors that synchronously occurred during the
period of the L-SSE. Moreover, the difference of the shape of the area with posi-
tive ACFS in for the 2010 and 2018 L-SSE calculated in BMMFSE may correspond
to the contrast of the spatial distribution of the number of tremors that occurred
in each event. The other advantage of BMMFSE, which should match the estima-
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tion for L-SSE, is that it can renew the posterior PDF of the underground struc-
ture through the estimation for each event. The posterior PDF for the underground
structure estimated for the 2010 L-SSE suggests that the geodetic data prefer inter-
mediate models between Slab2 and a mixture of the Iwasaki and Nakanishi models,
and the data cannot distinguish the latter two models clearly. On the other hand,
we did not find a strong preference for any of the multiple models of elastic structure
through the estimation. The choice of the plate boundary geometry model likely is
one of the main factors that cause model prediction errors. In the estimation for the
2018 L-SSE, the posterior PDF of the underground structure obtained for the 2010
one was used as the prior PDF. Such treatment results in a more precise estimation
of the plate boundary geometry than in an estimation using the same prior PDF of
underground structure as used in the estimation for 2010. A comparison of these
two estimations with different prior PDFs in terms of an information criterion also
suggests that the estimation using the renewed prior PDF results in a more prefer-
able Bayesian inference.
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Table 1. An example of a set of random samples for the underground structure consisting of
2,000 members. n is the index of the samples. The units of D and p are km and GPa, respec-
tively.

Plate boundary Elastic
n geometry structure
1 D) =327
* Herust =338
vl =0.235
1
péﬂ);ntle =63.2
32 Vmantle =0-258
—————
20 40 60 80
Depth (km)
132° 134°
401
01 Dégfg) —31.7
o crust =344
v —0.235
(401)
(T&n)tle =60.7
32 mantle =0.260
Depth (km)
132" 134°
2,000 DE0) 369
Mo =319
V%ggs;):m%
Ee
32" m;ntle =0.262
Depth (km)

132° 134°
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Table 2.

The prior PDF for the unknown parameters. Ucos(a’, a,b,b’) denotes a cosine tapered

uniform distribution, where the probability density is uniformly distributed in the range between

a and b, while the edge of the distribution is tapered using a cosine curve in the range between

a’ and a, and b and b’ (see Appendix B for details). U(a,b) denotes a uniform probability dis-

tribution from a to b, where a <

computation program.

Slip norm

Rake deviation

b. by is a sufficiently large value, which is set to three in our

Scale factor for observation errors

Prior PDF  s; ~ Ucos(-0.1m, Om, 1m, 1m)

AN ~ U(-20°, 20°)

o~U(1, bs)

Table 3. Elastic parameters for the true underground structure model assumed in the numeri-

cal experiments.

Dcrust (km) Mecrust (GP&) Vcrust

Hmantle (GP&) Vmantle

23.0 31.2 0.238

62.0 0.258

Table 4. Seismic moment release (M,) and corresponding moment magnitude (M,,) for es-

timated slip distribution in this study and previous ones. Note that the mean and standard

deviation values do not satisfy the relation of M, and M,, because we calculated the statistics for

M, based on the random samples, for each of which we converted M, to M, using the relation.

2010 L-SSE 2018 L-SSE
Yoshioka Nakata
This study et al. et al. This study
(2015) (2017)
IG threshold 0 1.5 - - 0 1.5
M,
(101N m) 6.98+0.69 2.74+0.57 2.2 - 5.8240.52  2.35+0.51
M, 7.16+0.03 6.89+0.06 6.8 6.9 7.11+£0.03  6.8440.05
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1968_Hyuganada

EU/PHP 0.06m/yr

132° 134°

Figure 1. Tectonic setting for the target region. The blue dashed circle and the gray dots
denote the location of the Bungo Channel and estimated hypocenters of tectonic tremors (Maeda
& Obara, 2009; Obara, 2010; Kano et al., 2018) during the 2010 L-SSE. The ellipses with dashed
lines indicate the approximate source areas of the 1946 Nankai and 1968 Hyuga-nada earth-
quakes. The orange dashed lines are the iso-depth contours drawn every five kilometers of the
Nakanishi model as an example. The white triangles denote the locations of GEONET stations.
The black arrow denotes the direction of the plate convergence rate between the Philippine Sea
Plate and the Eurasian Plate.
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Figure 2. Surface displacement associated with the Bungo Channel L-SSE used in this study,
derived from daily coordinates of GEONET (F3 solutions) by Yoshioka et al. (2015) and Seshimo
and Yoshioka (2021). (a) Horizontal and (b) vertical displacements associated with the 2010
L-SSE. (¢)(d) Those for the 2018 L-SSE.
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(a) Green: lwasaki Red: Slab2 Orange: Nakanishi

34°
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Latitude (Degree) Longitude (Degree)
Figure 3. Comparison of three plate boundary geometry models, namely, the Iwasaki model,

Slab2, and the Nakanishi model. (a) Plots of iso-depth contours for the three models. (b) Profiles

on the lines denoted by (i) and (ii) in (a).
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Figure 5. A two-dimensional schematic to explain the generation process of the random sam-

ples that consist of the ensemble to model the elastic structure with uncertainty. (a) Schematic
of the samples of Derust, Vperust, Vserust, and perust based on JIVSM (Koketsu et al., 2009, 2012).
(b) For Vj, mantle based on the 3D P-wave velocity model of Nakanishi et al. (2018) (Vzmantle and
Pmantle are calculated based on an empirical relationship with Vp mantie)-
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Figure 6. The histograms for the prior PDF of the elastic parameters when the ensemble size
N is taken to be 2,000.
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Figure 7. Configuration of slip parametrization. The black circles, dots, and dashed lines
denote the central point of each small fault, the location of observation stations used in the 2010

estimation, and the iso-depth contour of the Nakanishi model as an example.

—20—



(a) (b)
34° 34°
32° 32°
0.0 0.1 0.2 0.3 0.4 km 0.0 0.1 0.2 0.3 0.4 km
Slip (m) 0 50 Slip mean (m) 0 50
132° 134° 132° 134°
(d
34°

32°

0.0 0.1 020304 km

00 0.10.20.3 0.4 km
Sip(m) 7 5o Slip mean (m) ;7

50

132° 134° 132°

134°

Red: BMMFSE Green: Smoothing
(c) Black: Trug slip ‘
180

- 120

a T T T 0
-0.1 0.0 01 02 03 04

Slip in dip direction (m)
[E——
0.00 0.04 0.08 0.12 0.16 0.20

Normalized Frequency
Red: BMMFSE Green: Smoothing
(f)y Black: True slip
S ‘ 180

- 120

a T T T 0
-0.1 00 01 02 03 04

Slip in dip direction (m)

=

0.00 0.04 0.08 0.12 0.16 0.20
Normalized Frequency

Figure 8. The estimation results for the numerical experiments. (a) True slip distribution of
SMsharp- (b) Mean model of the posterior PDF for the slip distribution estimated for SMgharp

using BMMFSE. (¢) Comparison of the slip distribution estimated using BMMFSE, the smooth-
ing model, and the true slip distribution on the A-B line profile is denoted in (a) and (b). (d)-(f)

Same as (a)—(c) but for SMasmooth -

—-30—

Distance from A (km)

Distance from A (km)



S

Slab2 "0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 IWASAKI  Slab2 o
1.0090.80.70.605040.30.20.100 1.
Wiapz Wiwasaki
Dashed line: True
(c)0.2 : : : : : (d)0.2 : —
|
r'mTri-l-L‘ﬂTLrh:u'ﬂ—‘.rJ-h«—Fh—v—rL
0.0 —— U ; y 0.0 ; " . . ;
10 15 20 25 30 35 40 10 15 20 25 30 35 40
0'2 ) ) Dcrusl‘ (km) ) ) 02 ) ) Dcrust‘ (km) ) | )
Mﬂ'ﬂ‘l’l’]ﬂ-l-h'h I
0.0 : ‘ ‘ ! ‘ 0.0 o e Jh Ml JHﬂHn—nﬂm
> > Y-
e 10 15 20 25 30 35 40 e 10 15 20 25 30 35 40
%O 4 ) HCI’US1 (GPa) %0.4 IHCI’UST (GPa>
o 1 |
g rm}L 2 ;I‘m_l'l'n
N N
T 0.0 ; ! . ® 0.0 . ; A
g 0.20 0.22 0.24 0.26 0.28 0.30 g 0.20 0.22 0.24 0.26 0.28 0.30
V, V,
z2 0.2 ) ) crust ) ) =2 0.2 c;ustl
|
L[ MM
0.0 ; y y y y 0.0 T . } . .
45 50 55 60 65 70 75 45 50 55 60 65 70 75
0.6 ) Hmamle (GP?‘) ) 0.6 ) Hmantle (GP|E‘i) )
0.4 1 3 0.4
0.2 ,IITH F 0.2
0.0 ; ; ; T 0.0 ; ; } .
0.20 0.22 0.24 0.26 0.28 0.30 0.20 0.22 0.24 0.26 0.28 0.30

Vmantle Vimantle

Figure 9. Comparison of the prior and posterior PDF of the underground structure in the
numerical experiment for SMgparp. Ternary plots for (a) the prior and (b) posterior PDFs of the
plate boundary geometry model. Histograms illustrating (c) the prior and (d) posterior PDF of

the elastic structure. (a) and (c) are identical to those in Figures 4 (b) and Figure 6.

—31-



- Predictive mean | — Predictive mean

— Observed — Observed
70.05m km 70.05m km
] ]
132° 134° 132° 134
0.4 .
e
_ 0, © -
£ 024 - | e
=3z 34 DI
Z % 0.0 f'kv—v—* 565,
S 04— ‘ ‘ e
g2 e et
[&] | L
A g 0.0 ‘ ' , : .ooo
T T T T T § 0.4 (iii) ! . o0 ..::::::
-0.1 0.0 0.1 02 0.3 04 05 024 | 32
Slip in dip direction (m) |
0.0 -

———— 0 -—————
00 02 04

0.00 0.04 0.08 0.12 0.16 0.20 Slip (m)
Normalized Frequency P 132° 134

nformation gain (bitb 50

Figure 10. Estimation result of the slip distribution in the 2010 L-SSE obtained by using
BMMEFSE. (a) Mean model of posterior PDF for slip distribution. (b) Mean of the predictive
PDF of and the observed horizontal displacement. (c) Vertical displacement (d) Color map of fre-
quencies of amount of slip denoting the posterior PDF on the A-B line profile marked in (a) and
the histograms in lines (i), (ii), and (iii) marked in the color map. The red dashed line denotes

the mean values. (e) Information gain in Bayesian estimation for the 2010 L-SSE.
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(b), and (c), plotted in the same line profile shown in Figure 3.
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Figure 13. Comparison of the histogram plots for the prior and posterior PDF of the elastic
parameters. (a) Prior PDF, which is identical to Figure 6. (b) The posterior PDF obtained in
the 2010 estimation. (c) For 2018 L-SSE.
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Figure 14. The correspondence between estimated slip distribution, ACFS and the tremor
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The color map denotes the frequency of the amount of slip for the posterior PDF. The red, green,
and purple lines denote the slip distribution of the mean of the BMMFSE, smoothing, and fused
lasso models, respectively. (b) Comparison of the ACFS distributions for 2010 L-SSE. The color
map denotes the frequencies of the ACFS values for the posterior PDF. The red and green lines
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Appendix A Approximation of P(y) based on the particle approx-
imation with importance weights

The formulation described in Section 3.1 is based on a simple particle approxi-
mation of P(¢p) as

1 N
P() =~ 5 de—e™) (A1)

n=1

The evaluation of the posterior PDF of m and ¢ is based on the particle approxima-
tion with importance weights, such as

N
1
P(e) ~ > 9" —e™), (A2)
n=1
is also readily applicable as follows:

P(m|d) ~ (”)P (dm, ™) P(m|p™) (A3)

Mz

1
N

N
1
P(pld) =~ NZ w™s(p — ™). (A4)

Appendix B The definition of the cosine tapered-uniform distribu-
tion

The PDF is for a cosine-tapered uniform distribution Uges(a’, a,b,b’), and is
defined as

P(z) =k f(z), (B1)
where
;<_cos< :Z:w>+1> (@ <z <a)
o= 1; (cos (Z’ : b7r> + 1) Eijill;’)) .
0 (else)

and k is the normalizing factor.

Appendix C The definition and calculation of the posterior predic-
tive PDF

The definition of the posterior predictive PDF for a certain physical quantity x
(using a vector notation to maintain generality), for example, surface displacement,
seismic moment release, and ACFS as presented in the main text, based on the esti-
mated Bayesian model is written as:

PID) = [ [ Plxim, ) P(m. plD)dmde. (c1)

where P(m, ¢|D) is the joint posterior PDF of the model and the underground
structure parameters obtained using the data d = D. After performing the REMC
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sampling, the double integration on the right-hand side of this equation is approxi-
mately evaluated as:

M
1 m P(Dm™), p)P(p
POD) = o2 Y [ Peim™, o) DR, (2)
m=1 ﬁznzl P(D|m , P )
N M
1 p(D|m(m) Lp(n))
~ — P(x|m(™) (™) : s (C3)
NM ;2 N L P(Dm), o))

where the value of P(D|m("™), (™) for each sample with the indices m and n is al-
ready available (see Equation 5 and the explanation therein).
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Introduction This Supporting Information contains additional results of the numerical
experiments and the estimations using actual geodetic data. The posterior PDFs of the

underground structure estimated for SMg00tn in the numerical experiment are shown in
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Figures S1. The choice of the grid spacing using an information criterion is discussed
in Text S1 and Table S1. The residual displacements plotted for the estimation for the
2010 and 2018 L-SSE are shown in Figure S2. Calculation of the slip direction based on
the estimation results for the rake deviation is presented in Text S2 and Figure S3. The
re-sampled samples for the prior PDF that from those obtained as the posterior PDF
estimated for the 2010 L-SSE are shown in Figure S4. The spatial distributions of the
number of tremor before and during the period of L-SSE are compared in Figure S5. The
spatial distributions of A7, the shear stress change on the fault, calculated by using the
results of BMMFSE the smoothing model are compared in Figure S6.

Text S1.

In fully Bayesian inference of slip distribution without introducing regularization, a
significant dependence of the estimation result on the choice of the grid pattern has been
reported (Minson et al., 2013). Therefore, objective and quantitative determination of the
grid pattern, which is classified as a “model selection” problem, is desirable. Minimization
of minus logarithmic marginalized likelihood, or also referred to as model evidence, enables
an objective model selection in Bayesian inference (see Bishop (2006)). We use the widely
applicable Bayesian information criterion (WBIC) (Watanabe, 2013), which calculates the
minus logarithm marginalized likelihood approximately, obtained in the estimations for
the 2010 L-SSE to determine the spacing of the grid. Thus, the horizontally regular grid
with a spacing of 16 km is chosen as mentioned in Section 3.3. Table S1 compares WBIC
the various grid spacings.

Text S2.
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We consider the rake deviation of the slip from the direction opposite to subduction (i.e.,
125° in the north-based azimuth) as an unknown in the estimation. We obtain the random
samples from the posterior PDF of the rake deviation. To compare the result with the
slip direction projected to the horizontal plane estimated for the same events in Yoshioka
et al. (2015) , we perform a conversion from the rake deviation to slip direction. For this
purpose, we need to specify the normal vector of the fault plane to define the rake angle.
Because we consider a 3D plate boundary geometry, the normal vector varies depending
on the location of the fault. As a representative normal vector of the main rupture area,
we chose the one defined at 132.364°E and 33.026°N on the Nakanishi model (Nakanishi
et al., 2018). Figure S3 shows the histograms for the slip direction in the north-based
azimuth calculated based on the rake deviation from the 125° azimuth estimated for the

2010 and 2018 L-SSE based on the representative normal vector.
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Figure S1. Comparison of the prior and posterior PDF of the underground structure in the
numerical experiment for SMgo0tn. The ternary plots for (a) the prior and (b) posterior PDF of
the plate boundary geometry model. The histograms for (c) the prior and (d) posterior PDF of

the elastic structure.
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Figure S2. Residual (observation subtracted by mean of predictive mean) displacement in

the estimation for the 2010 ((a) for the horizontal and (b) for the vertical component) and 2018

L-SSE ((c) for the horizontal and (d) for the vertical component).

2000 ;
o: Results from Yoshioka et al. (2015) for the 2010 event
Gray: 2010 L-SSE Black: 2018 L-SSE
1500 A | i
i=
5 o3
o 152
g_ 1000 - } g.g -
o 2o
LC } IShe]
50T
| o
500 ;2 +
| @
I
0 o, ‘ ‘ 1 o
105 110 115 120 125 130 135

Slip direction (°, The north-based azimuth)

Figure S3. Histograms for the slip direction in the north-based azimuth calculated based on
the rake deviation from the direction opposite to subduction (i.e., the 125° azimuth) estimated
for the 2010 and 2018 L-SSE. The corresponding values in the five fault patches with the largest

slip amount estimated by Yoshioka et al. (2015) for the 2010 L-SSE, denoted by black circles,

are compared.
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posterior PDF estimated for the 2010 L-SSE. (a) The plot ternary plot for the plate boundary
geometry model using the dots. (b) That for the color map of normalized frequency in each small

triangle. (c) The histograms for the elastic parameters.
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Figure S5. Comparison of the distribution of the number of tremor along the A-B line marked
in Figure 10 and 11 before and during the period of L-SSE, which are denoted by the gray and
white bars, respectively. (a) Those for the 2010 L-SSE. The tremors that occurred in a period
between 2008.5 to 2009.5 are counted as “Before L-SSE”, and the number of tremors counted
here is scaled with the duration of the 2010 L-SSE for fair comparison. We do so because the
occurrence of nearby S-SSEs has been reported in September 2008 (Kano et al., 2019) and it is
necessary to consider its effect on the tremor occurrence. (b) Those for the 2018 L-SSE. The
tremors that occurred in a period between 2018.3 to 2018.9 are counted as “Before L-SSE”. The
color map and the red line denote the frequencies of amount of slip for the posterior PDF and

the mean slip distribution estimated by using BMMFSE, respectively.
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Figure S6. (a) Comparison of the distribution of A7, the shear stress change on the fault,
calculated using the posterior PDF for slip distribution for the 2010 L-SSE. The color map
denotes the frequencies of A7. The red and green line denote the distribution of A7 of the mean
of BMMFSE and the smoothing model, respectively. (b) Comparison of the distribution of Aoy,
the normal stress change on the fault, calculated using the posterior PDF for slip distribution for
the 2010 L-SSE. The color map denotes the frequencies of Ag,. The red and green line denote
the distribution of Ao, of the mean of BMMFSE and the smoothing model, respectively. In all
the figures, the white bars denote the number of tremors during the L-SSE period in the area

within 5km from the line in the direction perpendicular to it. (c)(d) Those for the 2018 L-SSE.
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Table S1. Comparison of WBIC calculated in the estimation for the 2010 L-SSE with different

grid spacings.

Grid spacing 12km 14 km 16 km 18 km 20 km

WBIC -1457.79 -1458.26 -1459.02 -1458.19 -1456.95
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