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Abstract We investigate the physics of laboratory earthquakes in scaled seismotectonic models of
megathrust seismic cycles. We study models of different sizes, materials, deformation rates, and frictional
configurations. We use nonlinear time-series analysis tools to characterize the dynamics of the experiments.
Observations are described, on average, by a low-dimension (<5), similar to slow slip episodes in nature and
frictionexperimentsperformedwithquartzpowder. Results seem insensitive to thealong-strike frictional seg-
mentation of themegathrust. Using displacement as an input variable, the instantaneous dimension and the
instantaneous extremal index vary through the seismic cycles. We notice the highest values of the instanta-
neous dimension associatedwith slip phases. Under specific circumstances, clear drops of the instantaneous
extremal index can serve as an early indicator of slip episodes. Prediction horizons in the order of slip duration
mirror similar predictability as for slow slip episodes in nature. We conclude that seismotectonic models are
effective tools to study frictional physics despite their different spatio-temporal scales.

Non-technical summary Are scaled seismotectonic experiments just toymodels, or do they share
the same physics as natural prototypes? In this paper, we computed relevant parameters to characterize sys-
tem dynamics and we found that laboratory experiments are characterized by remarkably similar complexity
to those observed for slow slip events from the Cascadia and Hikurangi subduction zones. We use dynamical
systems theory to constrain how much information is needed to describe the evolution of the experiments
over time and their predictability. These observations highlight that scaled seismotectonic experiments can
be useful for investigating earthquake dynamics due to common frictional physics across different spatio-
temporal scales.

1 Introduction
Detailing the spatio-temporal evolution of the seismic
cycle of subduction megathrusts is fundamental for
seismic hazard assessment. Precise surface displace-
ment measurements allow for identifying locked and
creeping megathrust segments, which might provide
first-order insights into future rupture scenarios (e.g.,
Moreno et al., 2010; Avouac, 2015). However, despite re-
cent efforts to increase the spatial density of geodetic
networks, scientists face the problem of having access
only to a fraction of the seismic cycle: the instrumen-
tal record of a few tens of years is way shorter than the
multi-century return period of large earthquakes.
A valid alternative for studying the seismic cycle of

subduction megathrusts is via analog and numerical
modeling. Both analog and numerical models are ben-
eficial for understanding how a given physical property
influences seismicity characteristics over multiple seis-
mic cycles (e.g., Brizzi et al., 2020; Corbi et al., 2017).
Analog models have been used for over a century to in-
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vestigate several geologic and seismotectonic processes
(e.g., Rosenau et al., 2019; Funiciello and Corbi, 2021).
Differently from other laboratory earthquake experi-
ments, such as dynamic rupture experiments (e.g., Xia
et al., 2004) or rock friction experiments (e.g., Scuderi
et al., 2016), seismotectonic analog models are built fol-
lowing the similarity criteria: the size of the model,
implemented materials, and deformation rates are set
considering geometric, kinematic, dynamic, and rheo-
logical scaling factors (Hubbert, 1937). Hence, a seis-
motectonic analog model represents a small-scale re-
production of a “seismogenic” subduction zone (in our
case) where stresses and velocities are proportionally
smaller/slower than in real Earth. An additional key
feature of analog models is the introduction of a time
scaling factor that allows mimicking hundreds of seis-
mic cycles in a few minutes, overcoming the obser-
vational bias due to incomplete records in nature. A
potential drawback of seismotectonic analog models is
their simplistic nature. Among the various simplifica-
tions, themajority of scaled seismotectonicmodels fea-
ture homogeneous upper plate rheology, undeformable
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Figure1 Obliqueviewphotographsof experimental setups (FoamquakeandGelquake represented inpanel aandb, respec-
tively; modified fromMastella et al., 2022b) Both photos display twin asperities configurations. Panel c shows sketches of the
four analyzed experiments with red areas representing asperities. Blue lines and blue shaded areas represent the analyzed
cross-section and the seismogenic area, respectively. Cross sections are discretized in 28 and 29 target points (highlighted
by green points) in Gelquake and Foamquake, respectively.

slab, constant loading, the lack of a scaled temperature
and phase transitions, and the absence of mantle/litho-
sphere coupling (e.g., Rosenau et al., 2019).
Determining if seismotectonic analog models share

the same underlying physics as the natural prototype
is crucial to verify their effectiveness as investigation
tools. To address this question, we rely on dynami-
cal system theory (e.g., Strogatz, 2024) and explore the
behavior of analog models with different rheology and
frictional configurations of the analog megathrust. We
focus on two metrics: the system dimension and the
predictability horizon of laboratory earthquakes. The
systemdimension is a usefulmeasure of complexity, be-
ing informative of the number of degrees of freedom
(dof ) needed to explain a dynamical system (Theiler,
1990). Predictability is another useful quantity to de-
scribe how much information we gain with the evolu-
tion of the system (Eckmann and Ruelle, 1985; Boffetta
et al., 2002).
Wediscuss analogies anddifferences of computedpa-

rameters between different models, to highlight their
relevance for seismic cycle dynamics. The study com-
pares the findings against the dynamics of slow earth-
quakes (Gualandi et al., 2020; Truttmann et al., 2024)
and laboratory earthquakes produced in double-direct
shear experiments (Gualandi et al., 2023). Scaled seis-
motectonic models are found to have remarkably sim-
ilar system dimensions and predictability as slow slip
episodes (SSEs) that occur in the Cascadia and Hiku-

rangi subduction zones, as well as friction experiments
performed with quartz powder. This result shows the
usefulness of seismotectonic models as robust investi-
gation tools to shed light on the behavior of megathrust
seismic cycles.

2 Data

Data used in this study comprises surface deforma-
tion time-series generated by two scaled seismotectonic
models: Foamquake and Gelquake (Figure 1). The
names of the models reflect the overriding plate ma-
terials (Corbi et al., 2013; Mastella et al., 2022a). Both
models feature a wedge-shaped overriding plate under-
thrusted by a 10° dipping, flat plate, mimicking the sub-
duction environment. Model dimensions allow repro-
duction of a scaled-to-nature subduction segment of
330x220 km2 and 310x510 km2 in the trench orthogonal
and parallel directions for Gelquake and Foamquake,
respectively (Supplementary Information -SI- Table S1).
In both models, subduction is driven with a stepping
motor at a rate of 0.01 cm/s. Monitoring is performed
from the top view with a video camera, acquiring im-
ages at 7.5 and 50 frames per second for Gelquake
and Foamquake, respectively. Such framerate is high
enough to illuminate slip phases with few unit- few
dozen frames, similar to daily GNSS monitoring of slow
slip events in nature. After an initial stress build-up
period, models experience stick-slip dynamics, which
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Figure 2 Typical time series x(t) from a target point located at the center of the asperity from the mono gel experiment
(panel A). The graph shows a typical stick-slip behavior as manifested in our experiments. The gray rectangle in the back-
ground highlights a fraction of the time series reported in panel B as delay vectors where, to give an example, m=3 and τ=10
are used. Reconstructed attractor in the time delay phase space (panel C).

is captured by Particle Image Velocimetry (PIV; Sveen,
2004) as long phases of slow, landwardmotion (i.e., stick
phases) alternating with trenchward motion (i.e., slip
phases). By integrating horizontal (x-y plane) velocity
time series from PIV (knowing the time between con-
secutive frames), we obtain displacement time series
describingmodel surface deformation (e.g., Figure 2A),
similar to a dense homogeneously distributed geodetic
network (Corbi et al., 2019). PIV illuminates a variable
number of seismic cycles between 34 and 67 in each
model run.
To investigate how the frictional segmentation of the

megathrust affects the analog seismic cycle dynamics,
we conductmono- and twin-asperity (i.e., stick-slipping
areas) experiments for each overriding plate material,
totaling four experiments: mono-gel, twin-gel, mono-
foam, and twin-foam. Asperities have downdip ex-
tent and depth range scaling with the corresponding
parameters computed as the global average of sub-
duction megathrust seismogenic zones (Heuret et al.,
2011). One relevant difference between Gelquake and
Foamquake is the nature of the plate interface: the for-
mer is a bimaterial contact and the latter is created
by a 1 cm thick granular layer mimicking the subduc-
tion channel. Asperities are reproduced with a gel-on-
sandpaper interface and with a rice layer in Gelquake
and Foamquake, respectively, both ensuring stick-slip
dynamics. Depending on the experiment's configura-
tion, asperities are surrounded or separated by a gel-
on-plastic interface in Gelquake and by a layer of quartz
sand in Foamquake.
For each experiment, we analyze displacement time

series sampled along a cross-section striking parallel to
the trench and located at the downdip center of the as-

perity and from the whole seismogenic area (Figure 1).
Pre-processing is performed for data standardization
across different experiments (SI Text S1).

3 Methods

We treat scaled seismotectonic models as dynamic sys-
tems and aim to determine their dimension (D). We
compute D with two different methods: one based on
Embedding Theory (ET, Takens, 1981; Sauer et al., 1991)
and the other on Extreme Value Theory (EVT, Faranda
et al., 2017). The two approaches are based on different
assumptions.
Themethod of time delay embedding allows estimat-

ing D from the knowledge of the time evolution of a
single system variable. In our case, this is very use-
ful because we have access only to the displacement
and velocity time series, but other variables might par-
ticipate in the dynamical evolution of the system (e.g.,
in the rate- and state-framework to describe friction, a
state variable is used to allow for healing of the fault,
Dieterich, 1979; Rice and Ruina, 1983). Time delay em-
bedding involves duplicating the original time-series m
times with a τ time-step shift between each copy (i.e.,
delay vectors; Figure 1b). m refers to the minimum
embedding dimension while τ refers to the time delay.
Then, the reconstructed phase space can be visualized
by plotting the values of delay vectors. We use clas-
sical approaches based on information theory to esti-
mate τ (Fraser and Swinney, 1986), and on false nearest-
neighbors to estimate m (Cao, 1997).
The method based on EVT uses the Poincaré recur-

rence theoremandexploits thedensity of nearest neigh-
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bor configurations to estimate the instantaneous di-
mension of the system. Contrary to ET, we do not take
an embedding of the observed time series but consider
a configuration ζ as a particular recorded frame. Look-
ing at how distant are similar frames during an experi-
ment, we can estimate the density of neighbors and the
dimension of the system (Faranda et al., 2017). The two
main advantages of this approach are: i) there is only
one parameter to set, i.e., the radius of the ball defin-
ing the neighbors or the number of nearest neighbors
to use, and this can be stated via a quantile threshold q
on the distances; ii) we retrieve instantaneous values of
the dimension d1, and (under ergodic assumption) the
time average gives us the average dimension of the sys-
tem.
The following two remarks are important to interpret

our results:

1) Taken’s theorem (1981) provides the condition for
preserving the topological features of an original
trajectory. The theorem states that the embedding
dimension m must be at least larger than twice the
true dimension D (i.e., m ≥ 2D+1) of the underly-
ing system (e.g., Huke, 2006). If the functions gov-
erning the dynamics are sufficiently smooth, cer-
tain properties can be preserved with values of m
smaller than 2D, except for subsets of dimension
size no greater than 2D - m - 1 (Sauer et al., 1991).
Cao’s method (1997) allows us to determine the
minimum embedding dimension, which cannot be
smaller than D (i.e., D ≤ m). Thus, once m is deter-
mined, we can set bounds on the true dimension of
the system, D, as (m-1)/2 ≤ D ≤ m.

2) There are many ways to calculate the dimension
D of a dynamical system from observed time se-
ries (Theiler, 1990). Despite some discrepancies,
all should agree in telling us what is the number of
dof s needed to characterize the attractor. For this
reason, we will not make differences between the
various dimensions, but just refer to the estimated
values with the letter D.

Another quantity that we can estimate with the EVT
is the instantaneous extremal index θ. This is the in-
verse of the persistence, normalized between 0 and 1.
It gives us information about the predictability of the
system. In fact, the persistence indicates for how long
the dynamics stay close to a certain configuration. If
the persistence is very large/small, knowing that we are
in a similar configuration tells us that we have high/low
chances to get a similar configuration at the next time
step. A connectionbetween theDynamical Extremal In-
dex (DEI) Θ and the metric entropy H (i.e., the sum of
all positive Lyapunov exponents) has been established
by Faranda and Vaienti (2018). While for the dimension
index we could average D over time to get D, we can-
not simply average θ over time to get Θ. Nonetheless,
we can expect Θ to belong to the range (θmin, θmax).
We can thus estimate a range of possible values for H
(e.g., Gualandi et al., 2020). This quantity is equal to the
sum of all positive Lyapunov exponents, and we use its

inverse to define a predictability horizon t∗. An alter-
native way to evaluate H, based on ET and rooted in
information theory, is via Nonlinear Forecasting Anal-
ysis (NFA, Farmer and Sidorowich, 1987; Wales, 1991).
In practice, we split the data into train and test sets.
Then, we find the nearest neighbors to a point in the
embedded space and we use them to calculate the best
linear approximator to map the evolution of the system
to Tp time steps into the future. The forecast correct-
ness on the test set is expected to decrease with increas-
ing forecasting horizon. The quality of the forecast can
be assessed either via the root mean squared error (ε)
or via the correlation coefficient (ρ) between observed
and forecasted values. The metric entropy is the aver-
age rate of information creation, and it measures how
quickly the forecast becomes bad. More details on the
two techniques and on the choice of the parameters is
provided in the Supplementary Information.

4 Results
We define the trench orthogonal component of dis-
placement (x) as the main variable describing the dy-
namics of our experiment (SI Text S1). The time series
ofx illustrates the stick-slip behavior, resembling that of
shear stress in rock friction laboratory experiments or
the slip potency deficit of natural slow slip events (Fig-
ure S1-S4).
The analysis of displacement time series fromacross-

section striking parallel to the trench shows aminimum
embedding dimension m ranging from 3 to 9 for mono
asperity experiments and a slightly narrower range (i.e.,
3 to 6) for twin asperity experiments (Figure 3A, B, D,
E). Distributions of m appear rather constant along the
strike of the experiments, except for mono gel where
higher m values are observed in concomitance with the
asperity. Within individual experiments, the mode of
m is 4-5 (Figure 3C, F) which provides a first indica-
tion of D in the 2-5 range. This observation suggests
that Gelquake and Foamquake dynamics can be repre-
sented in a space with a similar number of dimensions
(on average), despite significantly different visual ap-
pearances displacement timeseries.
Next, we use the EVT to track changes in system di-

mensions through experimental time. We focus on the
asperity area of mono gel to illustrate the result and
report similarities and differences with other experi-
ments. Figure 4A, B show that d1 and θ display cyclical
temporal variations. d1 and θ are correlated (Figure 4C),
meaning that when the dimension is high, the system is
visiting a region of the phase space with transient char-
acteristics. We want to understand how d1 and θ vary
during individual seismic cycles. To emphasize this pat-
tern, we conduct a k-means analysis to split the data into
4 clusters basedon their distribution in the d1, θ, x space
(Figure 4D, S5). The early interseismic (or postseismic)
stages are characterized by low d1 and θ values. Dur-
ing the interseismic- and late interseismic stages, the
values of d1 are comparable to each other but higher
than early interseismic. Additionally, θ increases dur-
ing the interseismic and then decreases in the late in-
terseismic stage. This seems reasonable, since the in-
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Figure 3 Along strike variation of the embedding dimensionm (panels A, B, D, E). The boxplots represent the distribution of
m for a specificx(t) along the sampled section. The red squares and open blue rectangles represent themedian. The bottom
and top edges of openblue rectangles indicate the 25th and 75th percentiles, whilewhiskers extend to themost extremedata
points. Outliers (i.e., a value that is more than 1.5 times the interquartile range away from the bottom or top of the box) are
represented by the red + symbols. Gray shaded areas represent the location of the asperities. Panels C and F report the
distribution of dimensions for mono and twin asperity configuration experiments in ensemble (i.e., obtained by considering
the 15 retrieved m for all target points of the section), respectively. The results relative to the ET and EVT are represented
with bars and lines, respectively. The vertical lines represent the mean of d1 distributions for different experiments.

put time series shows yielding and a plateau when ap-
proaching the rupture, suggesting that here the config-
urations should look similar to those temporally adja-
cent. Coseismic stages are characterized by markedly
higher d1 than previous stages, while θ values return to
high values, similar to those of the interseismic stage.
When analyzing the two asperities of the twin gel exper-
iment, we notice a similar pattern with low values of θ
at x extremes. However, this pattern disappears after
selecting the entire seismogenic area (Figure S6). The
seismic cycle in the d1, θ, x space is less clear when us-
ing Foamquake (both mono and twin experiments; Fig-
ure S7) although all experiments indicate higher d1 dur-
ing coseismic stages (Figure S8).
By averaging d1over all possible configurations ζ, i.e.,

averaging d1 over time, the EVT shows D=3.3-3.0 for
Gelquakes (mono and twin, respectively) and D=3.6-4.2
for Foamquake (mono and twin, respectively). Interest-
ingly, the distributions of d1 for the four experiments
appear to be similar according to model type (gel or
foam) rather than by frictional configuration (mono or
twin asperity, Figure 3C,F; Figure S9).
NFA shows better prediction performances for

Gelquake compared to Foamquake. Independently
from the prediction time and target point, ρ is system-
atically larger in Gelquake than in Foamquake, and
the opposite applies to Θ (Figure 5A, B). Predictions
accuracy is higher within the asperity compared to

neighboring segments for mono asperity experiments
(Figure 5C and E).
The ranges of t∗

EV T are similar among the four ex-
periments and are marked by lower and upper values
of ~2-5 frames and ~16-27 frames, respectively, in rela-
tion to the coseismic and interseismic stages (Figure 5C-
F). t∗

ρ ~2-5 is about constant in all the four experiments
and matches the lower limit of t∗

EV T , except for twin
gel. In mono gel t∗

ρ>5 frames occurs at the asperity
periphery and neighboring segments, though the qual-
ity of predictions is lower, as indicated by the large er-
ror bars (Figure 5C). t∗

Θ is systematically larger than
t∗
ρ in Gelquake (i.e., 5-17 frames) and it cannot be es-
timated in Foamquake due to inaccurate predictions.
Twin gel shows a clear variation of predictability hori-
zons depending on frictional properties as depicted by
the lower t∗

Θ between the two asperities (Figure 5D).

5 Discussion and Conclusions

5.1 Gelquake vs Foamquake

Both the experimental settings Gelquake and
Foamquake are complex systems, with potentially
many interacting parts. This is highlighted by themaxi-
mum instantaneous dimension that reaches values of a
few tens for the various experiments (with the first inte-
ger above max(d1) ranging from 9 to 26 for the different
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Figure 4 Temporal evolution of d1 and θ from the asperity area of experiment mono gel (panels A and B, respectively).
The time series are colorcoded by displacement (light blue and pink colors represent early- and late-interseismic stages,
respectively). The gray rectangles in the background highlight a fraction of the time series that is zoomed in the insets. A
clear decrease of θ characterizes the late interseismic stage. Bivariate plot of d1 against θ colorcodedby displacement reveals
a peculiar arrangement of different stages of the analog seismic cycle in the d1-θ plane (panel C). Panel D shows the analog
seismic cycle path in the d1, θ, displacement space, withmarker colors representing different stages as identified by k-means
analysis to split data into 4 clusters given their distribution. To zoom into the region of interest, in panels C and D we set a
boundary at 10 units on the d1-axis, even though few data points extend up to 25 units.
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Figure 5 NFA performances and prediction horizons. Prediction performances as a function of prediction time Tp as quan-
tified by Θ and ρ (panels A and B). Large values of Θ and small values of ρ indicate a poor performance of the forecast. Lines
refer to different target points along the sampled section parallel to the trench. Prediction horizons for different experiments
(panels C-F). Black boxes represent the range of t∗

EV T . Circles refer to t∗
ρ, with colorcoding highlighting the quality of pre-

dictions at Tp = 1. Cyan circles represent t∗
Θ, with the size of circles proportional to 1/Θ at Tp = 1. Errorbars for t∗ are

proportional to the standard deviation of the linear fit computed to estimate H (SI text 4). Gray shaded areas represent the
location of the asperities.

experiments). Nonetheless, our analysis supports the
existence, on average, of a low dimensional (<5) attrac-
tor describing the dynamics of scaled seismotectonic
models, suggesting that a reduced-order model may
be suitable to explain the macroscopic observations.
Foamquake is more complex than Gelquake as indi-
cated by their higher average D and lower prediction
performances. The origin of the higher complexity of
Foamquake may derive from the granular layer analog
of the subduction channel. Although both Gelquake
and Foamquake can be classified as elasto-plastic
models for the applied strain rates (Van Der Pluijm
and Marshak, 2004), stress heterogeneities developing
over multiple stick-slip cycles within the Foamquake’s
granular layer may account for the additional degree of
freedom compared to the simple bimaterial frictional
interaction of Gelquake. To a first approximation, we
can consider the granular layer on Foamquake as the
analog of a fault gouge in nature where complexity
emerges from inter-grain interactions (e.g., grains
rotation, force chains development) and interaction
between the granular layer and the overriding plate.
Our results suggest the possible need for an extra dof to
explain the complexity of elasto-plastic models when
coupledwith a granular shear zone. Given the relatively
faster nature of Foamquakes, the extra dof may be re-
lated to dynamic effects that become important. If that
is the case, and extrapolating to nature, we could expect
a higher number of dof s to characterize earthquakes
with respect to the ones needed for slow earthquakes.

5.2 Similarities and differences with slow
slip episodes and double direct shear
labquakes

Our analysis shows that scaled seismotectonic mod-
els have similar system dimensions as SSEs in nature.
Specifically, Gelquake, has a dimension of D=3.0-3.3,
which is remarkably similar to the D=3.1-3.5 of SSEs
observed in the Cascadia subduction zone (Gualandi
et al., 2020), one of the areas with the longest geode-
tic record of SSEs (Michel et al., 2018). SSEs from the
Hikurangi Subduction Zone appear more irregular in
terms of recurrence than those from Cascadia (likely
due to interacting sources at different depths along the
plate interface). Despite this, a recent study founda low-
dimension, at least for the shallow SSEs where the sig-
nal contains less noise (Truttmann et al., 2024).
Similar low system dimensions (<5) have been re-

cently deduced analyzing laboratory earthquakes from
a double direct shear apparatus, capable of produc-
ing both fast, slow, and alternating fast and slow slip
episodes (Gualandi et al., 2023). These observations
support a unifying viewwhere slip episodes in the labo-
ratory and SSEs in nature share similar complexity (i.e.,
dof ) despite the different scales.
It is worth noting that the retrieved average dimen-

sion is surprisingly small, and this could be the result
of a bias induced by the limited number of available
data. A recent review pointed out that it might be dif-
ficult to directly relate the calculated dimension with
the actual number of dof s of the system (Datseris et al.,
2023). In fact, we are not estimating the true number
of dof s, but just the effective number of dof s accessible
via the observations. Both lab- and nature-scale phe-
nomena are highly complex, with possibly many true
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dof s. A recent study looked at numerical simulations of
the SSEs cycle, where the true number of dof s was large
and known (several thousands, Gualandi et al., 2024).
The estimated average dimension in that case was still
low (<5), but spikes of instantaneous dimension of a few
thousands indicated that the complexity could not be
captured just by the average quantity. A similar point
can be made here: despite the ambiguity in the actual
number of dof s, we can still argue that higher values
of dimension indicate higher complexity of the system,
and the variation through the seismic cycle of this com-
plexity can help us understand inwhich phase of the cy-
cle the system is. Understanding whether same conclu-
sions hold also for regular earthquakes deserves future
investigations.
Another common point of scaled analog models with

SSEs is predictability. Here we found that slip episodes
have prediction horizons in the 2 - 5 frames range i.e.,
a horizon comparable with a fraction of slip durations.
This observation seems to support the idea that it is dif-
ficult to forecast the final rupture size based on the char-
acteristics of the rupture onset (Meier et al., 2017) as
opposed to a deterministic view where the size of an
earthquake is distinguishable early in its rupture pro-
cess (Melgar and Hayes, 2019; Colombelli et al., 2020).
Similarly, prediction horizons comparable with a frac-
tion of slip duration have been suggested for SSEs from
Cascadia (Gualandi et al., 2020) and Hikurangi (shallow
SSEs, Truttmann et al., 2024). Note though that algo-
rithms exist that can forecast the evolution of a dynami-
cal systemmultiple Lyapunov times ahead (e.g., Pathak
et al., 2018). Ultimately, it is very likely that systems like
Gelquakes, Foamquakes, slow and regular earthquakes
are all characterized by different levels of predictability
at different stages of the seismic cycle (or, to be more
precise, in different portions of their phase space). Fur-
ther studies, using recently developed tools to address
exactly this problem (Dong, 2024), will be carried out in
the future.
Previous estimations of seismotectonic models’ pre-

dictability based on deep learning (DL) display predic-
tion horizons similar to those obtained in this study
(Mastella et al., 2022a), matching estimations based on
the metric entropy. Recent studies support the capa-
bility of DL to extend even further entropy-based pre-
diction horizons (e.g., Pathak et al., 2018) providing a
source of optimism for future applications.
A further remark supporting the analogy of scaled

seismotectonic models with SSEs concerns the framing
of the experiments into the rate and state friction frame-
work (e.g., Scholz, 1998), especially when focusing on
the Dieterich-Ruina-Rice number (Ru; Dieterich, 1979;
Rice and Ruina, 1983). Ru is a parameter proportional
to the ratio of the asperity size to the critical nucleation
size. When changed, it modifies rupture behavior, re-
currence time, and slip rates (e.g., Barbot, 2019). Inter-
estingly, the combinations of rate and state parameters
that allow the numerical modeling of Foamquake be-
havior is compatible with low Ru values (Corbi et al.,
2024), similar to those that lead to slow earthquakes
based on numerical simulations (Barbot, 2019).
The path of d1 and θ through the seismic cycle is dif-

ferent in our experiments and SSEs. In particular, SSEs
are characterized by higher d1 at the onset and end of
slip episodes (Gualandi et al., 2020), while in the lab we
found higher d1 during slip episodes. This difference
is likely due to the different observables chosen to de-
scribe system dynamics (i.e., displacement for our ex-
periments and slip potency rate for SSEs). The high co-
seismic d1 values observed in our experiments mirror
the focus of displacement trajectories during this stage
(Figure S10). The choice of the observable to analyze
can influence the retrievednonlinear dynamical indices
(e.g., Lorenz, 1991), and the differences between slip po-
tency and slip potency rate have been preliminary in-
vestigated in the case of Cascadia SSEs (Gualandi et al.,
2020). A systematic assessment of how the selected ob-
servable plays a role in determining system dynamics
will be the subject of future studies. Additionally, for
Gelquake we identified a clear decrease of θ that alerts
the onset of slip (Figure 4B). This signal is likely absent
for SSEs, and in the lab emerges onlywhen focusing into
asperity dynamics (Figure S6). This observation high-
lights the importance of precisely mapping interplate
coupling, e.g. via seafloor geodetic constraints (Yokota
et al., 2016) and paves the way for the next discussion
point.

5.3 Relevance for the seismic cycle

Recent seismological and geodetic observations suggest
that large earthquakesmaybeprecededby gradual fault
failure as testified by foreshocks, decrease of interplate
coupling, and/or precursory aseismic slip (Schurr et al.,
2014; Mavrommatis et al., 2014; Bouchon et al., 2015;
Kato and Ben-Zion, 2020). These phenomena depict the
transition from a deceleration of seismicmoment accu-
mulation toward a sudden acceleration during an earth-
quake. In our experiments, both interseismic slow-
down and slow frictional instability nucleation occur
in the form of a relatively persistent state in the phase
space, as highlighted by the decrease of θ. This sig-
nal might be interpreted optimistically as a precursor.
However, our study emphasizes the challenge of gen-
eralizing. In fact, the late interseismic θ reduction a)
requires precise asperity area monitoring; and b) is ab-
sent in Foamquake. The latter observation shows us the
importance of themonitoring frequencywith respect to
the timescale of slip episodes. We expect that the analog
fault of Foamquake unlocks rapidly, and the monitor-
ing rate is not high enough to capture this process. It is
indeed challenging to provide a comprehensive under-
standing of this timescale in nature. It has been argued
that gradual fault unlocking and precursory slip may
occur several hours (an average after stacking tens of
events, e.g., Bletery and Nocquet, 2023) - months (e.g.,
Schurr et al., 2014) - years (Mavrommatis et al., 2014;
Bouchon et al., 2015) before large earthquakes. Current
monitoring systems can resolve such timescales, but
the existenceof a reliable precursor in seismic or geode-
tic data remains elusive (e.g., Bürgmann, 2023). We
highlighted the similarity between predictability hori-
zons of slip phases in the order of a fraction of slip
duration for SSEs in nature and for laboratory earth-
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quakes in our experiments. If a similar horizon in the
order of a fraction of slip event duration is characteris-
tic of frictional physics across scales, then for large sub-
duction earthquakes we can expect predictability hori-
zons smaller than hundreds of seconds. This timing is
shorter than the hours-to-years geodetic and seismolog-
ical indicators mentioned above, which suggests delv-
ing deeper into the topic.
Our results highlight the higher complexity of granu-

lar fault physics that complicates the seismic cycle be-
havior. In nature, other factors could likely impact fault
behavior such as temperature, rheological and geomet-
rical heterogeneities, effects of fluids, and stress inter-
action of adjacent fault systems. However, despite all
those factors act in concert along subduction zones, it
seems plausible to attempt setting up a reduced order
model to describe the macroscopic behavior of stick-
slip dynamics across scales. The next challenge is un-
derstanding whether similar conclusions hold also for
large subduction earthquakes, ruling out whether their
unpredictability is due to a) the complex nature of the
Earth’s crust (Main and Naylor, 2008; Bak, 1996; Rice,
1993); b) the temporally incomplete and spatially frag-
mentary observations (Main and Naylor, 2008); c) ex-
ternal perturbations (Gualandi et al., 2023; Matthews,
2002), or d) the fact that simple, deterministic systems
can have unpredictable behavior (Huang and Turcotte,
1990; Becker, 2000), with previous points considered
singularly or in ensemble.
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