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SUMMARY

The misalignment of the observation and predicted waveforms in regional moment tensor inver-
sion is mainly due to seismic models’ incomplete representation of the Earth’s heterogeneities.
Current moment tensor inversion techniques, allowing station-specific time-shifts to account
for the model error, are computationally expensive. Here, we propose a gradient-based method
to jointly invert moment-tensor parameters, centroid depth and unknown station-specific time-
shifts utilizing the modern functionalities in deep learning frameworks. A L3 misfit function
between predicted synthetic and time-shifted observed seismograms is defined in the spectral
domain, which is differentiable to all unknowns. The inverse problem is solved by minimizing
the misfit function with a gradient descent algorithm. The method’s feasibility, robustness and
scalability are demonstrated using synthetic experiments and real earthquake data in the Long
Valley Caldera, California. This work presents an example of fresh opportunities to apply
advanced computational infrastructures developed in deep learning to geophysical problems.

Key words: joint inversion; Computational seismology; Theoretical seismology; Moment
tensor; Optimization.

However, in practice, the numerical predictions and observed
I INTRODUCTION waveforms are often not aligned (Figs la and b), and the mis-
A seismic moment tensor (MT) is a mathematical representation alignment could severely affect the MT solution estimate (Zhao &
of a seismic source under the point-source assumption in space Helmberger 1994; Zhu & Helmberger 1996). Let T be an unknown

and time when wavelengths are several times longer than the fault . o . . . .
geometry (Aki & Richards 2002). A full MT is a 3 x 3 matrix, but station-specific tlme-sh.lft to align the observation to the prediction,
and eq. (2) can be rewritten as,

the net torque is negligible for most underground earthquakes, and
the matrix is symmetric with six unknown elements (e.g. Jost & \
Herrmann 1989; Stein & Wysession 2003). In this study, we use the dit—t)=m- G (1). “
northeast—down coordinate system for an MT, denoted as,

From eq. (4), for clarity, we drop the source, &, and receiver, x,

m = [ms k = 1...61= [mu, Mee. Maa, Mye, M. Mmea) € R (1) locations as they are assumingly known in this study, but the cen-
troid depth, /4, is superscripted because it is considered an inversion
parameter.

The first contribution to the misalignment, 7, is due to the error
in the event’s origin time. This leads to a baseline time-shift applied
to all stations’ waveforms to best match the synthetic prediction.
Secondly, the lack of complete knowledge of the Earth’s structures
dit)y=m- G, x, t) = Z my Gy. () results in path-specific time-shifts (Zhao & Helmberger 1994; Zhu

k & Helmberger 1996; Zhu & Ben-Zion 2013; Silwal & Tape 2016).
Indeed, a 1-D velocity model is often used in regional surface wave
inversion. If the model is faster or slower than the real Earth along
the path toward a receiver, the observed waveform needs to be
shifted backward or forward to account for the structural error.
The presence of unknown station-specific time-shifts makes the
MT inversion strongly non-linear, whose existing computational

In MT inversion, a set of Green’s functions (GFs), or Earth’s
structure responses, G(§, x, t), is computed in advance for six
orthogonal bases of the MT space, in which, & and x are the source
and receiver locations. Then, a tensor (linear) multiplication predicts
the observed waveforms,

G € R"*nex6xn jg g forth-order tensor and d € R™>7<X ™ is a
third-order tensor, where n,, n. and n, are number of receivers,
number of components in each receiver and number of samples,
respectively. The MT solution, m*, can be approximated by its
least-square estimate of the linear system,

m = d. GT. (G~ GT)_I. 3) methods are computationally expensive.
Indeed, the cut-and-paste (CAP) algorithm (Zhao & Helm-
The superscript 7 denotes the matrix transposition. berger 1994; Zhu & Helmberger 1996) and its variation (Zhu &
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Figure 1. Motivating problem for joint inversion of moment tensor (MT) parameters, m, and unknown station-specific time-shifts, z. (a) The waveforms are
Green’s functions corresponding to elementary MTs, M;, i =1, ..., 6. (b) The typical mismatch between observed and predicted waveforms. The observed
waveform, dyps, needs to be shifted by an unknown time-shift, 7, to match the predicted waveform, dp.q. (¢) Schematic demonstration of a global minimum
in the joint parameter space of MT parameters and station-specific time-shifts, m and t. Horizontal and vertical-coloured lines represent two widely used
approaches for MT inversion with unknown time-shifts. The vertical lines sketch the idea behind the cut-and-paste method (Zhao & Helmberger 1994; Zhu &
Helmberger 1996), while the horizontal lines sketch the idea behind the time domain MT method (Dreger ef al. 2000). Here we consider full MT solutions, so
m € RO, and one time-shift for each station, so T € R"", where n, is the number of seismic stations.

Ben-Zion 2013) are widely used for regional full-waveform MT
inversion, where time-shifts are allowed to account for model er-
rors. In this algorithm, a misfit value is computed for an imputed
MT solution, assuming the optimal alignment between predicted
and observed waveforms can be determined by cross-correlation
(depicted by vertical blue lines in Fig. 1c). Then, the best MT solu-
tion is grid-searched as the smallest misfit over the entire parameter
MT space, which often results in a costly computational burden.
For example, Silwal & Tape (2016) and Alvizuri & Tape (2018)
recently implemented this approach for full MT inversion using a
uniform parametrization of MT space (Tape & Tape 2015). The grid
search was implemented on a cluster due to the computational scale
(Alvizuri & Tape 2018; Thurin et al. 2022) given that 20 million
trials were evaluated for each earthquake.

Alternatively, an MT solution can be solved efficiently using
least-square estimation given an imputed set of station-specific
time-shifts (depicted by horizontal orange lines in Fig. 1c). After
marching the grid of all possible combinations of station-specific
time-shifts, the optimal MT solution corresponds to the minimum
misfit (e.g. Dreger et al. 2000). More recently, Hejrani et al. (2017)
assumed a single time-shift for all stations to account for possible
errors in the catalogued centroid time. The grid search for station-
specific time-shifts is also costly due to the exponentially larger
number of combinations to explore, especially when the analysis
involves a larger number (i.e. more than 10) of stations.

The ensemble sampling method in the Bayesian framework in
the joint space of MT parameters and unknown time-shifts (Viltres
et al. 2021; Hu et al. 2023) is a relatively independent approach
of the above-mentioned approaches. This approach has recently
become possible thanks to the advance of powerful probabilistic
sampling methods (Roberts & Rosenthal 2001; Del Moral et al.
2006; Goodman & Weare 2010). It narrows the targeted sampling
near the optimal solution, which provides a useful estimate of the
parameters’ uncertainty. Most recently, Thurin & Tape (2023) used
a gradient-free search, that is the covariance matrix adaptation—
evolution strategy (CMA-ES), for an optimal fit of possible source
mechanism’s parameters, which are three for a single force or
six for a full MT, and a time-shift accounting for origin time er-
ror. However, the gradient-free approaches also require millions of

misfit evaluations (Hu et al. 2023; Thurin & Tape 2023) and suf-
fer a severe scalability problem when considering station-specific
time-shifts. If n, stations are used simultaneously in the inversion
and a time-shift is assumed for each station, the dimension of the
unknown space, 6 + n,, grows, while the MT parameters occupy
just a small subspace.

This study proposes a gradient-based method in the optimization
framework to tackle the non-linear inverse problem. Note that the
gradient-based iterative method dates back to the early develop-
ment of the global centroid MT inversion (Dziewonski ef al. 1981),
which searches for nine unknowns, including the deviatoric MT
solution, centroid time and hypocentral coordinates. Recent stud-
ies have embraced comprehensive but computationally demanding
treatments of the parameters, and more including source time func-
tion parametrizations, with uncertainty estimates for earthquake
sources at local (Kiihn ef al. 2020), regional (Vasyura-Bathke et al.
2020; Petersen et al. 2021) and global scales (Stihler & Sigloch
2014). On the other hand, there is an emerging class of deep-
learning-based methods (Steinberg e al. 2021; Nooshiri et al. 2022)
for determining the MT and hypocentral parameters with their as-
sociated uncertainties. The approach is computationally demanding
in the training phase, often on synthetic training datasets, but fast
in evaluating results in the production phase. This paper contributes
to the wide MT inversion methodological spectrum by providing
a new method that carefully treats station-specific time-shifts as a
proxy to incorporate 3-D structural heterogeneities in the inversion
at a reasonable computational cost.

The remainder of this paper is structured as follows. First, we rep-
resent the misfit function between the prediction and time-shifted
observation in the spectral domain, where the misfit is differen-
tiable to all dependent parameters, including MT parameters, cen-
troid depth and station-specific time-shifts. Consequently, the misfit
function can be minimized using a gradient descent algorithm to
obtain an optimal solution. The algorithm is implemented in Tensor-
Flow, apopular deep-learning framework, to utilize its advanced au-
todifferentiation functionality and computational performance. The
method’s feasibility, robustness and scalability are benchmarked in
carefully designed synthetic experiments and real data events in the
Long Valley Caldera region.
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Figure 2. Computational scalability of the inversion method. Blue and or-
ange lines show the computing times after 1000 epochs on a Central Process-
ing Unit (CPU) and a Graphical Processing Unit (GPU) of the Australian
National Computing Infrastructure’s Gadi cluster as functions of the number
of stations involved in the inversion. The error bars show the 1o runtime
variation in 10 independent repetitions.

2 METHODOLOGY

2.1 Data preparation and pre-processing

Seismic waveforms and station metadata were downloaded from the
North California Earthquake Data Center (NCEDC). The retrieved
waveforms were corrected for instrumental responses for velocity
seismograms, then filtered between 20 and 50 s, with an acausal, 4-
corner Butterworth bandpass filter and down-sampled to 1 sample
per second. We visually inspected the pre-processed waveforms
and eliminated those having glitches or exhibiting anomalously
high noise levels. They were then arranged into a 3-D tensor in
R"r*nexnt wyhere n,., n. = 3, and n, are the numbers of receivers,
channels and time samples. In this study, all waveforms are 250 s
long (i.e. n, = 250) starting from the origin time reported in the
NCEDC catalogue.

2.2 Calculation of GFs

Synthetic velocity seismograms of an impulse source corresponding
to six orthogonal MT bases were generated using the frequency-
wave number method in the Computer Program in Seismology
package (Herrmann 2013). We used the 1-D South California model
(Dreger & Helmberger 1990), which is later referred to as the SoCal
model, like previous studies of earthquakes in the region (Dreger
et al. 2000; Minson & Dreger 2008). The calculated seismograms
are filtered and resampled in the same way as the observed data and
arranged into a 4-D tensor G € R"™*"*"*" and n, = 6 is the
number of MT orthogonal bases.

To rapidly generate GF at an arbitrary depth, /, we first computed
an array of GFs over regular discrete depths, for example at every
2 km. The GF at an arbitrary depth, 4, is linearly interpolated from
the pre-computed GFs at adjacent depth grids, /; and /.,

hiy1 —h
Bt — hy

As demonstrated later, the linear interpolation is sufficient to
evaluate GF as a continuous function of the depth. A more sophis-

ticated interpolation scheme has been used to interpolate GFs as a
function of the 3-D epicentral coordinates (Simuté et al. 2023).

G" (1) = G (1) + h_ih’;lth ). (5)

hk+1 — i
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2.3 Differentiable misfit function and optimized inversion

Without losing the generality, we consider the inverse problem with
an unknown time-shift, t, for a single observed seismogram. An
L3 misfit function between predicted and shifted (or translated)
observed waveforms is defined as,

Jm, ©)y=[|m- G"(t)— d (t —v)’dr. (6)

The integration over time is a notional representation of the sum-
mation over discrete digital waveform samples.

A time-shifted function in the time domain is a multiplication in
the frequency domain, f', via a Fourier transform,

Fid(t — o0} (f) = F{d (0} (f)exp(—iwT), (N

where w = 2mf. The Fourier transform of the integral kernel in
eq. (6) becomes,

Flm- G"0)— dt -0} (/)= F{m- G" 0} (/)
~F{d (O} (f) exp (~iwr). (8)

For convenience, we denote Gh — F{G"()} (f), d —
F{d(t)} (f). Because the L2 norms in spectral and temporal do-
mains equal (i.e. Parseval’s theorem—Gradshteyn et al. 2000), the
misfit function, eq. (6), can be rewritten in the spectral domain as

—~ N 2

J(m, T, h) = [|m- G" — dexp(—iwT)| df. 9)

In eq. (9), | - | is the absolute value of the complex spectra, so

the cost function, J(m, t, &), is continuous and differentiable to
all dependent variables, m, T and 4, indeed,

aJ = A =7
= =27 (G D+ G- D) df, (10)
am !
% =2w {[D, . (;1, coswr —d, sinwr) + Dy - (t}, coswr + d, sinwr)] df,
(11)
97 thﬂ — G G’fku _ G]_Uc
=2 —+Y— m-D,+———1 .m.D; |df,
oh r N1 — hy higr — 7
(12)
where
D, :— (m -G — d, coswt — d; sinwr)
(13)

D; — (m . é\”i — c?,v cos Wt +§l, sinwr) .

D denotes the difference of the spectra of the observed and predicted
waveforms in the integral kernel in eq. (9). Subscripts i, » denote the
real and imaginary components of the Fourier transforms of Green’s
tensor and observed data. With the differentiable misfit function, a
gradient descent algorithm can derive the optimum corresponding
to the inverse solution in the joint space of MT parameters, centroid
depth and time-shift.

In this work, we assume a single time-shift for all three com-
ponents of one station to demonstrate the method’s feasibility. By
assuming so, we ignore the Earth’s structure anisotropy, which could
result in different time-shifts in surface wave arrivals in radial and
tangential seismograms. The time-shifts are a proxy for isotropic
heterogeneity in 3-D Earth structures when approximated by 1-D
velocity models (Zhao & Helmberger 1994; Zhu & Helmberger
1996; Zhu & Ben-Zion 2013). Thus, our inversion has n, time-
shifts, earthquake depth and 6 MT parameters as unknowns.
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Figure 3. Earth models are used in synthetic experiments. The back lines show the South California (SoCal) model (Dreger & Helmberger 1990) and the
coloured lines plot perturbed models with k = %1 per cent, &3 per cent and £5 per cent from the original P- and S-wave speeds in all layers.

2.4 Algorithm implementation and uncertainty estimation

Our implementation utilizes the auto differentiation functional-
ity available on TensorFlow (www.tensorflow.org), a popular deep
learning framework. The partial derivatives, eqs (10)—(12), can
be automatically calculated by backpropagating the loss func-
tion defined in eq. (9). The deep learning framework also offers
well-tested, high-performance gradient descent algorithms, such as
Adam (Kingma & Ba 2014). In the present implementation, we
use the Adam optimizer as a default option due to its empirical
performance. As demonstrated later, the implementation enables
acceleration on a graphic processing unit (GPU), resulting in excel-
lent scalability to data size with a negligible increase in computing
time. As we utilize the core functions of a modern deep learning
framework, the inversion algorithm can also be implemented in
other frameworks with similar functionalities, such as PyTorch, as
the developers prefer.

Because the event’s magnitude is on a logarithmic scale but gen-
erally unknown, the amplitudes of observed seismograms and pre-
computed GFs can be in largely different dynamic ranges. This is
an inherent challenge for iterative algorithms because the initial
solution must be relatively close to the optimum to guarantee the
algorithm’s convergence. Here, we normalize the observation and
Green’s tensor with their absolute medians to reduce the logarithmic
magnitude scaling difference. The actual magnitude of the MT so-
lution will be restored afterward using the ratio between the median
values. When waveform amplitudes are normalized in this way, we
empirically found a learning rate of 0.2, or similar values in the
same magnitude order, performs well for the examples presented in
this paper. The learning rate defines the relative step length when
descending along the gradient direction.

Another important aspect is the proposed method’s excellent
scalability to tens of seismic stations. Fig. 2 features the compute
time of'the algorithm on a single central processing unit (CPU) and a
single graphical processing unit (GPU) on the Australian National
Computational Infrastructure’s Gadi cluster for test runs with an
increasing number of seismic stations, #,. To fairly compare the
running time, we terminated all inversions at 1000 epochs without
considering the actual convergence of the MT solutions. When
running on a CPU, the compute time increases less than three times
given that the input size was increased 12 times. This indicates
the CPU code’s strong sublinear scalability. The run time is even
faster on a GPU, yet, more significantly, the input size increase does

not affect the compute time. This starkly contrasts with existing
methods, as discussed in the Introduction, whose efficacy depends
strongly on the input sizes.

To estimate the uncertainties of the recovered parameters, we
repeated the inversion in 96 independent runs with different initial
solutions, thanks to the inversion’s efficiency. To minimize the risk
of local minima solutions, we select 50 per cent solutions corre-
sponding to the smallest losses, which almost always converge to
the global minimum. We use their mean and one standard deviation
to appraise the final estimates of the MT solutions, epicentral depth,
station-specific time-shifts and their uncertainties. On a practical
note, despite the better runtime of the GPU version (Fig. 2), we
prefer to execute the CPU inversion in embarrassing parallel on 48
cores of a single node on the Gadi cluster, which results in an overall
better runtime.

3 SYNTHETIC EXPERIMENTS

This section demonstrates the method in a series of controlled
numerical experiments. The experiments utilize velocity models
slightly perturbed from the SoCal model (Dreger & Helmberger
1990) to generate synthetic data, while the original model is used
in the inversion to recover the MT solutions. Fig. 3 shows an array
of perturbed earth models, where P- and S-wave speeds in all layers
are increased or decreased by k = =1 per cent, £3 per cent and £5
per cent from their original values. The source-station configura-
tion is similar to the M, 4.9, 1997/11/22 17:20:35 event, featured
later in Section 4.1. The input MT, fixed at 10 km depth, is highly
non-DC, consisting of 30 per cent negative isotropic, 35 per cent
double couple and 35 per cent CLVD components. Synthetic data
are filtered in 20-50 s and then added with white noise with a stan-
dard deviation equal to 10 per cent of the original signals’ standard
deviation.

Fig. 4 presents the exemplary inversion results when the earth
model is perturbed by k = —3 per cent. Results for the correct
model and other perturbation values are shown in Figs S1-S6.
Given that the SoCal model is inaccurate in this example, recovered
MT solutions and source depths are sufficiently close, though not
exact, to the truth values, which confirms the method’s capacity.
Because 1o errors estimated from 50 per cent best solutions for all
parameters, the ISO/DC/CLVD decomposition components, event
depth and station-specific time-shifts are small, the method can be
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Figure 4. Summary of inversion results for a synthetic experiment using data from an incorrect earth model, that is k = —3 per cent. The centroid depth is fixed

at 10 km. (a) Source-station location map. Black and red beach balls show the deviatoric moment tensors (MT) of the actual input and the recovered solution.
(b) The input (black plus) and recovered MTs (red cross) are marked on a lune diagram (Tape & Tape 2012). (C) Black lines show the evolution of descending
losses (eq. 9) as a function of epochs for 48 solutions having the smallest losses out of the 96 independent runs. Grey lines plot the corresponding centroid-depth
evolutions. The text denotes the forward earth model, model error magnitude, recovered event depth, moment magnitude and standard decomposition of
isotropic (ISO), double couple (DC) and compensated linear vector dipole (CLVD) percentages. (d) Synthetic data and 48 best-predicted waveforms are shown
in black and red, respectively. The right panel shows the output station-specific time-shifts and estimated uncertainties.

considered highly precise. However, the method’s precision should
be distinguished by its accuracy, representing the recovered solu-
tion’s closeness to the true input. The inversion accuracy is subjected
to the forward problem’s quality, subject to the imposed model er-
rors, so the small inversion inaccuracy is unavoidable. As summa-
rized in Figs 5(a) and (b), it is encouraging our proposed method,
accounting for structural errors by station-specific time-shifts, ef-
fectively recovers the input MT at reasonable accuracy.

Lastly, Fig. 5(c) shows the remarkable correlation between the
trend of station-specific time-shifts recovered by the inversion and
the imposed earth model errors. When model errors are negative,
the original model, SoCal, is faster than the synthetic Earth struc-
tures (refer to Fig. 3). Hence, surface wave trains predicted by
the SoCal model arrive earlier than those in the synthesized data.
Consequently, negative time-shifts are required to shift the syn-
thetic observation backward to match the forward prediction. In
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sorted with increasing epicentral distances.

general, the shift amounts needed to increase with epicentral dis-
tances, so a negative model error corresponds to a decreasing trend
of recovered time-shifts. On the other hand, a positive model error
corresponds to increasing time-shifts relative to distances. This ob-
servation suggests one can compare the earth model relative to the
actual structures if simplistically assuming an azimuthally homoge-
nous structure in the region.

4 RESULTS

4.1 M, 4.9,1997/11/22 17:20:35, Long Valley Caldera
volcanic event

We use data from a previously studied, non-double-couple event in
the Long Valley Caldera (M,, 4.9, 1997/11/22 17:20:35) to further
demonstrate the feasibility and robustness of the proposed inversion
method. This event, often referred to as LV2, was in a sequence of
large events during the volcanic unrest from 1997 to 1999 (Dreger
et al. 2000; Minson & Dreger 2008; Pham & Tkalci¢ 2021). Broad-
band seismic data were retrieved from 13 broad-band seismic sta-
tions of the Berkeley Digital Seismograph Network (Fig. 6a) and
filtered between 20 and 50 s. As noted above, an array of GFs is
computed for every 2 km down to 50 km depth for the same source-
station configuration, from which GF at an arbitrary depth can be
linearly interpolated.

Fig. 6 summarizes the inversion result from real data for this
event. Like the synthetic data examples, the real data inversions are
also repeated 96 times independently, and only half of the solutions
with the smallest losses are selected to compute the mean solution
and 1o uncertainties. The recovered MT solution has a dominant
double couple (DC) 57 £ 1 per cent, large isotropic (ISO) 33 + 1
per cent and compensated linear dipole (CLVD) 9 &+ 1 per cent
components (Fig. 6b). This event’s estimated source depth is highly
confident at 10.1 & 0.1 km, which is deeper than 5.1 km reported in
the NCEDC catalogue. Predicted waveforms corresponding to the
selected solutions exhibit good fits with observed waveforms after
time-shifted (Fig. 6d).

To further examine the robustness of the recovered solution, we
repeat the complete inversion procedure for multiple subsets of 5,
7,9 and 11 stations drawn from the original set of 13. The complete
inversion procedure was repeated for seven different realizations of

each subset size. In each subset realization, a seismic station was
selected randomly without repetition until the size was reached.
The probability of picking a station is inversely proportional to its
distance to the earthquake source; in other words, a station closer to
the source is more likely to be picked. As a result, seven solutions
correspond to crosses in each colour in all panels of Fig. 7.

The source types of 28 recovered MT solutions with the station
subsets are distributed closely around the reference solution, re-
covered with all 13 stations (Fig. 7a). Besides the non-DC source
types, the DC parts of the full MT solutions can also be constrained
reasonably well with the station subsets (Fig. 7b). Indeed, the Ka-
gan angles, being the smallest angle to match the subset solutions’
DC to the reference’s DC parts (Kagan 1991), are always smaller
than 10°. Furthermore, the angles generally decrease when more
stations are included in the inversions because more stations yield
better azimuthal coverage, thus better constraining the DC com-
ponents. Lastly, Fig. 7(c) features the consistency of the recovered
time-shifts among the station subsets, which is discussed in the
following section.

The presence of the significant CLVD component in the MT so-
lution of this event (Figs 6b and 7a) confirms the findings by Pham
& Tkalcic¢ (2021). It is worth noting that both studies considered the
effects of Earth’s structural error using different approaches. The
previous study considered the influence of the 1-D velocity model’s
error by simulating synthetic waveforms and their covariance ma-
trices. This study, however, utilizes station-specific time-shifts as a
proxy to tolerate earth model error, which largely results in wave-
form misalignment (Hu ez al. 2023). The agreement of a significant
CLVD component for this event, which was overlooked in the past
(Pham & Tkalci¢ 2021), revealed by two different approaches, cor-
roborates the importance of properly treating the earth model’s error
in MT inversion methods.

4.2 Robustness of recovered station-specific time-shifts

Given that the previous section features the robustness of resolving
MT parameters, this section demonstrates the robustness of the
recovered time-shifts. First, we note that the time-shifts for multiple
station subsets for event M, 4.9, 1997/11/22 17:20:35, presented in
the previous section, are highly consistent except for stations MIN
and WDC. The large variations in time-shifts at the two stations

Gz0z AInr €0 uo 3senb Aq L.£1989//€8//2/8€Z/0101e/IIB/Wwod dno-olwepeoe//:sdiy wols pspeojumoq


art/ggae188_f5.eps

789

Gradient-based moment-tensor inversion

+ISO
C
(@) WDC (b) (© AN Event: 1997-11-22 17:20:35 [ 30
vV MIN [ Earth model: SoCal
v . \\ Depth: 10.1£0.2 km
40°N 108 i Mw: 5.0+0.1 [ 2°
P @ 5\\\ 1SO: 331 _
N DC: 571 £
@D S \\\ \ cvpiox1 [ 202
Ia) B ;.\\‘\ T <
/. DC [a] %] :\»“‘\“\\ N\ =
cMB S 2 . =5 105 \\\\\\\T\ L1s &
v X 38°N ¢ E ‘\\}\\\\\ ©
Keed, A SN g
Vv X == = = oS- 10 3
\ ~ 4
© MD2008 10 5
<2 36°N @ PT2021
= _ . Solution 0
124°W 21°W 118°W 150 . : : : : : ]
0 500 1000 1500 2000 2500 3000
Epoch
(d)
Up North East 43x7.1s
WDC ————————ose\Arsomonc e\

Distance: 452 km, Azimuth: 317°

HOPS —————~y [\ o —W\I%Af’—"

Distance: 392 km, Azimuth: 294 °

MIN ———=oAAAm—— —-—-’wwv\/w———-

Distance: 379 km, Azimuth: 323

ORV WV\/\/-
Distance: 309 km, Azimuth: 314°
BRK “\/\/\r
Distance: 294 km, Azimuth: 276 °
JRSC /\/\/\N
Distance: 293 km, Azimuth: 266 °
BKS —-‘w \ [\r

Distance: 292 km, Azimuth: 276 °

WENL ——'s/V\/\/*
Distance: 249 km, Azimuth: 270°
SAO
Distance: 243 km, Azimuth: 247 °

MHC ——\JV\(VW———
Distance: 242 km, Azimuth: 263

PKD

Distance: 286 'km, Azimuth: 218°

it

|\
Al
—\fr——

CMB
: 135 km, Azimuth: 290°
KCC ———ee
. 48 km, Azimuth: 224° —— Observed
—— Solution
I T T f T T I T T T T
0 100 200 0 100 200 0 100 200 0 10
Time (s) Time (s) Time (s) Time-shift (s)
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Tkalcic 2021). Other details are the same as in Fig. 4.

are likely due to their small waveform amplitudes (in comparison
with station HOPS of a similar epicentral distance), which results
in a low signal-to-noise ratio. The same reason also causes the large
uncertainties in these stations’ time-shifts inverted for all 13 stations
(Fig. 6d).

Furthermore, we retrieve data from six events in Long Valley
Caldera’s 1997-1999 unrest sequence (Fig. 8a). A set of 13 stations
recording all six events is used for the inversion to compare relative
variation in time-shifts (Fig. 8c). The selected events show a wide
variety of source types (Fig. 8b). Five events in the caldera’s closest
vicinity exhibit significant non-DC components, which are likely

related to volcanic activities. The only event in the Nevada site is
DC-dominant, likely due to its tectonic nature.

Despite the diversity in source types, the recovered station-
specific time-shifts show a common decreasing trend relative to
epicentral distances among all six events (Fig. 8c). Similar to
event 1997/11/22 17:20:35 noted above (Fig. 6d), time-shifts re-
covered for stations MIN and WDC of event 1999/05/15 13:22:10
(Fig. S11D) are also largely uncertain due their characteristic wave-
form amplitudes are much lower compared to adjacent stations.
We note that the absolute station-specific time-shifts are subjected
to uncertainties due to possible errors in the origin times, but the
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decreasing trend is consistent. Assuming that the crustal and upper-
most mantle structures are generally homogenous, the decreasing
trend could suggest that the SoCal model is slightly faster than the
local Earth structure (see Fig. 5c).

5 DISCUSSION

In summary, we have presented the details of an efficient gradient-
based method and demonstrated its feasibility, robustness and scal-
ability to jointly invert MT parameters, centroid depth and station-
specific time-shifts through numerical experiments and real data
examples. In the following, we discuss some inherent limitations
of the proposed algorithm, our measures to mitigate the limitations
and thoughts on the way forward.

In the current implementation, we use linear interpolation (eq. 5)
of GFs pre-computed on regular depth grids to define a continuous
and differentiable loss function with centroid depth (eq. 9). The
interpolation approach can be extended to consider unknown 3-D
hypocentral coordinates without significantly affecting the design
of the inversion algorithm. Translating the existing forward meth-
ods (e.g. Herrmann 2013) into a modern programming framework

where autodifferentiation functionality is supported, for example
TensorFlow or PyTorch, could be a promising way to incorporate
the source location into the present inversion framework. However,
the computation cost is expected to increase when more spatial
variables are introduced into the inversion.

It is worth noting that the pointwise L3 misfit function (eqs 6
and 9) assumes uncorrelated data noise in the observation. Re-
cent studies demonstrate the benefit of considering correlated noise
characterized by symmetric covariance matrices, which can be es-
timated either from ambient noise (Duputel ef al. 2012; Musta¢ &
Tkalci¢ 2016; Vackar et al. 2017) or involve the prior assumptions
of Earth’s structural error (Pham & Tkal¢i¢ 2021; Vasyura-Bathke
et al. 2021). Incorporating the covariance matrices into this study’s
proposed algorithm is practical, but its robustness is subject to fur-
ther investigation. Similarly, it is feasible, but yet to be verified, to
incorporate an unknown source—time function (STF), representing
the history of realizing energy rather than an impulse source in time,
when the STF is represented as a weighted linear combination of
several bases (Stihler & Sigloch 2014).

Because the proposed joint inversion is cast in the optimiza-
tion framework, it does not benefit from non-linear parametrization
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methods featuring a homogeneous distribution of MTs on the pa-
rameter space (Stdhler & Sigloch 2014; Tape & Tape 2015). Instead,
we chose the primitive MT parametrization (eq. 1) in this work so
the derivatives to MT parameters can be calculated rapidly (eq. 10).
For the same reason, we expect the implementation’s performance
to be similar when using other linear MT parametrization methods
(e.g. Kikuchi & Kanamori 1982; Kawakatsu 1996), which are con-
venient when full MT is not required, for example, deviatoric MT
(e.g. Hejrani ef al. 2017; Hejrani & Tkalci¢ 2018).

The use of the L3-misfit function between predicted and ob-
served waveforms could pose a concern regarding the presence of
local minima, most likely due to the waveform cycle-skipping (Sam-
bridge et al. 2022). Thanks to the proposed inversion’s efficiency,
this study selects solutions converged from diverse initializations to
minimize the risk of a local minimum solution. Using novel wave-
form similarity measurements, which are not subjected to local
minima, such as the Warsterstein distance (Sambridge et al. 2022),
could be an interesting future research topic for this application.

The main limitation of the presented method in an optimization
framework is the lack of sufficient uncertainty estimates concern-
ing inverted solutions because it only outputs the optimal solu-
tion. This is of critical importance when applying to highly non-
unique settings such as critically shallow earthquakes or explosions
(Kawakatsu 1996; Ford et al. 2010; Alvizuri & Tape 2018; Hejrani
& Tkal¢ic 2020; Hu et al. 2023). To circumvent this limitation,
we appraise the solution and its uncertainty from a subset of best-
fitting solutions obtained by repeating the inversions multiple times.
A holistic approach to obtain the complete posterior distribution
of the inverted parameters is to investigate effective gradient-based
Hamiltonian Monte Carlo sampler (Fichtner & Simuté 2018), thanks
to the availability of the loss function’s derivatives.

6 CONCLUSION

In conclusion, we present a gradient-based inversion method in
an optimization framework for a classical problem in regional MT
inversion, the joint inversion of MT parameters, centroid depth and
station-specific time-shifts. The station-specific time-shifts can be
considered a simplified proxy for 3-D Earth structure errors with
incomplete GFs in MT inversion problems. To incorporate centroid
depth in the inversion, we interpolate GFs at an arbitrary depth
from pre-computed GFs at regular depth grids. In doing so, the L3
misfit function between the prediction and shifted observation is
cast in the frequency domain thanks to Parseval’s theorem. Tests on
controlled synthetic experiments and data from pilot events from the
Long Valley Caldera region demonstrated the proposed method’s
feasibility, robustness and scalability. This paper hopes to highlight
a fresh opportunity to benefit from the computational infrastructures
thanks to the rapidly growing artificial intelligence communities for
geophysical problems.
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Figure S1. Summary of inversion results for a numerical experiment
using data computed by a correct earth model, that is k£ = 0 per cent.
The centroid depth is fixed at 10 km. (a) Location map of the event
and monitoring stations. The black and red beach balls show the
deviatoric moment tensors (MT) of the actual input and the recov-
ered solution. (b) The input MT (black plus) and the recovered MT
(red cross) are denoted on a lune diagram of source types (Tape &
Tape 2012). (c) Black lines show the evolution of descending losses
(eq. 9 in the main text) as a function of epochs for 48 solutions
that produced the smallest losses out of the 96 independent runs.
The grey lines show the corresponding evolution of the event-depth
parameter. The text denotes the forward earth model, model error
magnitude, recovered event depth, moment magnitude and standard
decomposition of isotropic (ISO), double couple (DC) and compen-
sated linear vector dipole (CLVD) components. (d) Synthetic data
and 48 best-predicted waveforms are shown in black and red, re-
spectively. The right-hand panel shows the output station-specific
Gme shifts and estimated uncertainties.

Figure S2. Summary of inversion results for synthetic data com-
puted with £ = —1 per cent model error. Other details are the same
as in Fig. S1.

Figure S3. Summary of inversion results for synthetic data com-
puted with k£ = 1 per cent model error. Other details are the same as
in Fig. S1.

Figure S4. Summary of inversion results for synthetic data com-
puted with k£ = 3 per cent model error. Other details are the same as

in Fig. S1.

Figure S5. Summary of inversion results for synthetic data com-
puted with £ = —5 per cent model error. Other details are the same
as in Fig. S1.

Figure S6. Summary of inversion results for synthetic data com-
puted with k£ = 5 per cent model error. Other details are the same as
in Fig. S1.

Figure S7. Summary of inversion results for real data computed
from 1997-11-02 08:51:52 event catalogued in the North Cali-
fornia Earthquake Data Center. Other details are the same as in
Fig. S1.

Figure S8. Summary of inversion results for real data computed
from 1997-11-22 12:06:55 event catalogued in the North Cali-
fornia Earthquake Data Center. Other details are the same as in
Fig. S1.

Figure S9. Summary of inversion results for real data computed
from 1997-11-22 18:10:59 event catalogued in the North Cali-
fornia Earthquake Data Center. Other details are the same as in
Fig. S1.
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Figure S10. Summary of inversion results for real data computed
from 1997-11-30 21:17:05 event catalogued in the North California
Earthquake Data Center. Other details are the same as in Fig. S1.
Figure S11. Summary of inversion results for real data computed
from 1999-05-15 13:22:10 event catalogued in the North California
Earthquake Data Center. Other details are the same as in Fig. S1.

Please note: Oxford University Press is not responsible for the con-
tent or functionality of any supporting materials supplied by the
authors. Any queries (other than missing material) should be di-
rected to the corresponding author for the paper.

DATA AND CODE AVAILABILITY

Data for this study come from the Berkeley Digital Seismic Network
(BDSN), doi:10.7932/BDSN, operated by the UC Berkeley Seis-
mological Laboratory, which is archived at the Northern California
Earthquake Data Center (NCEDC), doi:10.7932/NCEDC. Source
files to reproduce the data analysis and figures presented in this
paper is available at: https://github.com/tsonpham/JointMTS.git.
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