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(Received 2 October 2024; revised 21 January 2025; accepted 8 April 2025; published 30 April 2025)

We consider self-organization and memory formation in a mesoscopic model of an amorphous solid
subject to a protocol of random shear confined to a strain range �εmax. We develop proper readout
protocols to show that the response of the driven system self-organizes to retain a memory of the strain
range, which can be subsequently retrieved. Our findings generalize previous results obtained upon
oscillatory driving and suggest that self-organization and memory formation of disordered materials can
emerge under more general conditions, such as a disordered system interacting with its fluctuating
environment. Self-organization results in a correlation between the dynamics of the system and its
environment, providing thereby an elementary mechanism for sensing. We conclude by discussing our
results and their potential relevance for the adaptation of simple organisms lacking a brain to changing
environments.
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Consider two pairs of identical shoes: one has been worn
by you for an extended period, while the other has
never been worn and is in pristine condition. As shown
in Fig. 1(a), the broken-in shoe will reflect features of you:
your gait and, more generally, aspects of your lifestyle,
perhaps an active one where you frequently run or jump or a
more leisurely one where you walk. Next, imagine lending
your worn shoes to a friend who has the same shoe size. To
your friend, the shoes will probably not feel right at first
and will require being broken in once again. As wearers of
the shoes, each of you subjects them to mechanical
deformations that are unique to you. Consequently, the
way you wear the shoes leaves an imprint—or memory—
on them. Having someone else wear your own shoes will
eventually cause some loss of this memory.
Likewise, disordered materials exhibit a memory of their

mechanical past. In experiments on athermal disordered
systems driven by oscillatory deformations, such as col-
loidal suspensions [1–4] or crumpled thin elastic sheets
[5–7], a self-organized reversible state emerges after several
driving cycles. Such systems retain a memory of the
deformation amplitude, which can subsequently be read
out [8,9]. Self-organization and memory formation under
cyclic shear has also been observed in numerical simu-
lations of atomistic as well as mesoscopic models of
sheared amorphous solids [10–18].
How can one retrieve the amplitude of past oscillatory

driving? An experimentally realizable readout protocol
subjects the “trained” system to single cycles of oscillatory

deformations of increasing amplitude. By comparing the
configuration of the system in the trained state with the
ones obtained at the end of each readout cycle, the
discrepancy between these two becomes minimal when
readout and training amplitude match [8,9].
The example of the broken-in shoe, and more generally

of worn clothes, suggests that the mechanical deformation
does not have to be strictly oscillatory for a memory of the
driving to be imprinted on it. A concept even more
pervasive is the fatigue of materials, where repeated stress
leads to lasting changes in structure and function [19].
Here, we present simulations of a 2D elastoplastic model of
an amorphous solid subject to a random shear strain
protocol and show that random driving can indeed cause
the solid to self-organize into a state that retains memory.
Elastoplastic model of a sheared amorphous solid—We

consider the 2D quenched mesoscopic elastoplastic model
of an amorphous solid introduced in [17]. Elastoplastic
models [20] reproduce the phenomenology of sheared
amorphous solids at a quasiquantitative level [21–24],
including the irreversibility transition [15–17], and in fact,
can also exhibit memory formation and retrieval under
oscillatory shear, as we have recently shown [18]. The solid
is coarse-grained into mesoscale blocks, each of which can
yield and redistribute local stresses in response to an
applied shear strain. In particular, we associate a stack
of local elastic branches with each mesoscale block, labeled
by integers l, as illustrated in Figs. 1(b) and 1(c). Under
loading by athermal quasistatic shear (AQS), the local
stress σij and strain εij of each block follow their branch
segment l until its termination at σ−ijðlÞ or σþijðlÞ, depending
on the shearing direction. At this point, the mesoscopic
block yields, and a transition to one of the neighboring
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branches l� 1 occurs. The local yield event induces a
local stress drop and a long-ranged redistribution of internal
stresses σintij among other blocks. The latter follows a
quadrupolar pattern, reproducing the effect of an
Eshelby inclusion on the surrounding elastic matrix [25].
Note that each elastic branch l is assigned a given pair of
thresholds σ−ijðlÞ; σþijðlÞ, hence the quenched character of
the disorder: the same thresholds can be visited several
times in a back and forth motion (refer to [17] for details on
the elastic interaction and the threshold disorder).
At the macroscopic scale, the stress response Σ to an

externally applied strain ε consists of a sequence of global
elastic branches punctuated by stress drops. Each elastic
branch has a stability range that is determined by the local
branch configurations ðlijÞ with the requirement that under
elastic deformations, each cell ði; jÞ, experiencing the local
stress σij ¼ σintij þ Σ, remains on its local branch [17]. We
will call these global elastic branches “mesostates” and
label them in capital letters. In Fig. 1(d), we illustrate the
transitions out of the global elastic branch A to branches B
and C upon the increase (decrease) of the applied shear
strain. In contrast to local elastic branches, reversibility is
not ensured at the macroscopic scale so that after a forward

transition A → B, the system can perform a backward
transition B → D and thereby avoid revisiting A.
Random driving protocol—While AQS loading by

“deterministic shear cycles” 0 → εmax → −εmax → 0 is
unambiguously defined, a wide variety of random driving
protocols can be considered. Here, we consider a simple
random walk along the one-dimensional axis of applied
external shear ε, supplied with reflective boundaries at
shear strains �εmax. Starting at the origin ε ¼ 0, our
random driving consists of taking finite strain steps of size
δε with εmax ¼ Mδε, so that it takes at leastM steps for the
walker to reach one of the reflecting boundaries from the
origin. In the following, we deal with strain steps of
magnitude δε greater than the typical stability range Δε
of mesostates. In the case the walker land in a mesostate A
whose stability range Δε½A� ¼ εþ½A� − ε−½A� is larger than
the strain step, that is, when Δε½A� > δε, we first randomly
choose a direction and then apply a strain kδϵ in that
direction, with k such that the resulting strain is closest yet
outside the corresponding end of the elastic branch, as
illustrated in Fig. 2(a). This implementation minimizes the
time the walker spends on elastic branches and ensures the
symmetry of the random walk [26].
In analogy to driving bydeterministic cyclic shear,wenext

define “random” shear cycles. The system starts in a freshly
prepared glassO0 at zero applied strain and is then subjected
to a random walk along the strain axis, as described already.
Figure 2(b) shows a typical deformation path. In this
example, the boundary −εmax is hit first. We, therefore,
define the direction of negative strain as the “forward
shearing direction” and label the corresponding mesostate
when this boundary is hit as Y1. We next track the first time

(a) (b)

(c) (d)

FIG. 1. (a) Right shoe from pairs of worn and new shoes of the
same make. The worn shoe exhibits a wear and deformation
pattern specific to its bearer. (b) The yielding of a cell ði; jÞ of the
elastoplastic mesoscale model induces a stress redistribution
among the other blocks. (c) A stack of local elastic branches
is associated with a cell ði; jÞ. Each branch l is bounded by a pair
of local yield stress thresholds σ�ijðlÞ. Local yield events lead to
transitions to neighboring local elastic branches l� 1. (d) At the
macroscopic scale, the system is on a global elastic branch A.
Straining beyond the stability limits ε�½A� causes a transition to a
neighboring branch B or C, indicated by dashed arrows. Tran-
sitions between such “mesostates” are not necessarily reversible
(e.g., outgoing branches D and E from B).

(a) (b)

FIG. 2. (a) The random shear driving protocol. The external
strain takes fixed values given by multiples of δϵ and changes
randomly. The choice of the direction of driving is random and
unbiased. (b) A sample random strain driving history shows the
applied strain at a given step of the random driving: the system
starts in the elastic branch O0 and is subject to random driving
with reflecting boundaries at �εmax ¼ �10δε. The boundary
reached first defines the sense of driving and is called the “first
boundary.” A cycle is defined by the first passage times to go
from zero strain to the first boundary, then to the opposite
boundary and return to zero strain, like the cycle O0 → Y1 →
X1 → O1 shown.
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the system reaches the opposite boundary after Y1 and label
the corresponding mesostate X1. The first cycle completes
with the first return to zero strain at mesostate O1, as
indicated in Fig. 2(b). Next, the mesostate Y2 corresponds
to the first time the system hits the forward boundary again
reaching O1, etc. Our training protocol consists of applying
N random cycles to a fresh glass O0 [27].
Simulation details—We generated 10 poorly annealed

glasses of size 32 × 32 mesoscale blocks and subjected
them to random driving. Details of the sample preparation
protocol can be found in [17], where it was shown that for
32 × 32 poorly annealed samples, a cyclic response can be
obtained with high probability up to a strain amplitude of
εirr ≈ 0.05 [17]. This value marks the onset of the irrevers-
ibility transition [1,13,14,17,29–36].
We considered random driving protocols over strain

ranges given by εmax ¼ 0.032, 0.036, 0.04, 0.044, and
0.048, using random walk step sizes of δε ¼ 0.008, 0.004,
0.002, and 0.001. We drove the system for up to N ¼ 250
random cycles. As we describe next, we find that memory
features already establish themselves after about 10 driving
cycles. In addition, our results on memory encoding
and retrieval turn out to be qualitatively similar for all
the strain ranges εmax and step sizes δε considered. In the
following, we therefore show only results for glasses driven
for N ¼ 20 cycles with εmax ¼ 0.04 and δε ¼ 0.002.
Figures 4 and 5 in the End Matter contain results for the
other strain ranges εmax and steps δε.
Readout protocols—Having trained our system for a

given numberN of driving cycles, we denote the mesostate
reached at the end of the driving as the trained state
T ≡ON . Following previous works on memory retrieval
after training by oscillatory shear [8,18], we perform a
readout protocol on T by applying a single cycle of
“deterministic” oscillatory shear at a readout amplitude
εR, i.e., 0 → sεR → −sεR → 0, with s ¼ �1 depending on
the sense of the readout.
Suppose first that we know the sense of the random

cycles established during training, i.e., whether the þεmax
or −εmax boundary was reached first, or equivalently, hit
last. We can have a readout that is in phasewith the sense of
training [18], which we will call the forward (FWD)
readout, so that the initial shear direction points toward
the boundary hit first. Conversely, if the direction of
readout strain initially points opposite to it, and hence it
is out of phasewith the training, this will be referred to as a
reverse (REV) readout. For the example shown in Fig. 2(b),
where the −εmax boundary was reached first, 0 → −εR →
εR → 0 correspond to a FWD readout cycle, while 0 →
εR → −εR → 0 is a REV readout. Regardless of the sense
of direction, we refer to the state reached at the end of the
first readout cycle as R.
Next, we define a distance between the two mesostates T

and R by comparing their corresponding sets of local
branch indices lij½T� and lij½R� as follows:

dðT; RÞ ¼ 1

N2

�
�
�fðijÞ∶jlij½T� − lij½R�j > 0g

�
�
�; ð1Þ

i.e., we determine the fraction of cells that fail to return to
their local elastic branches at the end of the readout cycle.
Memory after random driving—Figure 3(a) shows the

behavior of dðT; RÞ with FWD readout at various ampli-
tudes εR and for different numbers N of driving cycles for
glasses trained at εmax ¼ 0.04. The data points are averages
over 10 realizations, and we consider a “parallel” readout
protocol [10,18]: for each glass, we keep a copy of T and
then apply the readouts at different amplitudes to the same
T. An experimentally realizable “sequential” readout pro-
tocol leads to similar results (see EndMatter, Figs. 6 and 7).

(a)

(b)

FIG. 3. (a) Readout from the trained system after a given
number of training cycles. The distance dðT; RÞ between trained
and readout states shows a cusp at εmax ¼ 0.04, i.e., where
training and readout amplitudes εR coincide. These cusps become
more pronounced with the number of training cycles. (b) Behavior
of dðT; RÞ vs εR for four readout protocols applied to samples
subjected to 20 cycles of random shearing with εmax ¼ 0.04. The
inset shows the random training (blue) along with the last
direction of approach to the trained state T (red arrow), which
determines the FWD or REV sense of the readout by determin-
istic oscillatory shear. The FWD-FWD and REV-REV readouts
are obtained by applying two readout cycles of the same sense to
T, leading to the state R2 and then tracking dðR;R2Þ. Except for
the out-of-phase protocol REV, all other readout protocols exhibit
a clear change of behavior when εR ¼ εmax.
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As a control, we also performed a readout on the freshly
prepared glasses O0, i.e., a state not yet subjected to any
shear. The distance dðT; RÞ remains zero up to a readout
strain of εR ¼ 0.024. This value is consistent with the typical
stability range Δε½T� of the untrained state, indicating that
over this range of readouts our glass will likely respond
purely elastically and thus return to the initial configuration
after one readout cycle. The remaining graphs in Fig. 3(a)
show the results of readouts after N ¼ 1, 2, 5, 10, and 20
random driving cycles. Already forN ¼ 1, a local minimum
of dðT; RÞ appears near the training amplitude εmax ¼ 0.04
[37]. With increasing N , this dip becomes cusplike and
moves toward εmax. Note that for N ¼ 10 and 20, the
corresponding curves are nearly indistinguishable. This
behavior does not change appreciably when the random
driving is continued to N ¼ 250 cycles.
We performed the readout in the FWD direction to recover

the training amplitude εmax.Asmentioned above, this requires
knowing the sense of the driving established during training.
We next ask how dðT; RÞ behaves if we use the reverse
readout protocol REV instead. This is shown in Fig. 3(b),
where we compare the results of the FWD (dark blue) and
REV (magenta) readout protocols applied to T ¼ O20. We
see that the REV protocol is not able to detect well εmax, if at
all [38]. This finding is consistent with our recent work on
memory formation in the quenched mesoscopic elastoplastic
model under deterministic oscillatory shear [18].
Two-cycle readout protocols—The readout procedure

introduced so far requires prior knowledge of the sense of
driving. In the following, we take advantage of the
emergent reversibility of the trained samples to propose
a two-cycle readout protocol that does not require such
information. The sequence of plastic events during training
induces a statistical hardening so that, within the range of
stresses explored by the system, the material gets increas-
ingly harder and therefore exhibits more and more pseu-
doelastic behavior [17,28,39,40]. This evolution comes
with the development of a quasi “return-point-memory”
(RPM) behavior [41], and characterizes the ability of a
system to return to a state at which the direction of driving
has been reverted [44–46].
To exploit this emergent reversibility behavior,we define a

two-cycle readout protocol as follows. Denote by R2 the
mesostate reached when applying to R an additional deter-
ministic readout cycle at the same amplitude and sense of
direction as the first. IfRPMwere to hold, thendðR;R2Þ ¼ 0,
for any amplitude εR and state T to which the two-cycle
readout is applied, i.e., regardless of whether T is a result of
some prior training or not [42,44,45] (see also note [47]).
Thus, instead of considering dðT; RÞ, we observe the
behavior of dðR;R2Þ with readout amplitude. Depending
on the sense chosen, wewill refer to these as the FWD-FWD
and REV-REV readout protocols. The ochre (green) curve in
Fig. 3(b) shows the readouts under the FWD-FWD (REV-
REV) protocols. Note that both protocols are insensitive to

the sense of driving, exhibiting near indistinguishable
behavior of dðR;R2Þ with εR. Moreover, dðR;R2Þ ≈ 0 up
to the maximum training strain εmax ¼ 0.04, after which it
rises sharply.
Thus, when restricted to εR ≲ εmax, we find that the

trained glasses exhibit a highly mechanically reversible
response, while for readout strains larger than εmax,
reversibility is rapidly lost. In the absence of any training
direction information, applying the two-cycle reading
protocol allows us to retrieve the maximum amplitude of
the material’s past random driving.
Note that the rise of dðR; R2Þ for εR ≈ εmax could be a

consequence of latching [48], which happens when other
plastic events increase the switching thresholds so that the
exit from RPM subcycles occurs at larger strain values
than their parent cycles [49]. Whether and how this
mechanical reversibility is due to an emergent RPM
property restricted to the range of prior training is a point
left for future work.
Discussion—Our findings show that memory formation

and retrieval in amorphous solids can be achieved under
random driving, thereby generalizing previous results
obtained under oscillatory shear [1,8–10,18]. Thus it is
not the driving protocol itself but the range of applied
strains, as captured by εmax, that encodes the memory.
The random driving of the amorphous solid causes a

self-organization into a state of high mechanical revers-
ibility. This is most clearly seen by comparing the distances
after single-cycle readouts FWD and REV with those after
two-cycle readouts, FWD-FWD and REV-REV, Figs. 3(b)
and 4(b): the second readout cycle always returns the
system to the vicinity of the state R reached at the end of
the first readout cycle regardless of how far R is away
from the trained state T. This behavior persists as long as
the applied strains jεj ≲ εmax. The emergent mechanical
reversibility is, therefore, marginal.
More generally, we can ask about the nature of emergent

self-organization, the possibility of dynamical attractors
into which the random driving may steer and trap the
system, as well as the nature of reversibility underlying the
memory formation. These are questions that are most
conveniently addressed via the transition graph (t-graph)
description of the AQS response of driven systems
[17,43,50]. This will be left for future work.
We considered a simple random walk with finite strain

steps and reflecting boundaries at well-defined strains
�εmax. The nature of the real fluctuations experienced
by materials in working conditions is clearly more com-
plex. For example, one could relax the boundary condition
and test the effect of spatial and temporal correlations in
random driving or add thermal noise to simulate aging. In
the present case, energy is injected at a large scale, while
active matter can be regarded as random driving operating at
a small scale [51–53]. It would be instructive to compare the
processes of self-organization and memory formation in
these contrasting conditions. Probing the adaptive response
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of active biological tissues to randommechanical actuation is
of interest as well [54,55]. Other natural perspectives of this
work are learning in disordered networks [56] and the fatigue
behavior of engineering materials under service [57].
The everyday life example of worn shoes naturally invites

experimental testing of mechanical self-organization and
memory under random driving. Experimentally implement-
able readout protocols are available, and as we have shown
for the amorphous solid, these lead to qualitatively similar
results; cf. Figs. 6 and 7. Keeping with the theme of breaking
in shoes, an application of these ideas to textiles, such as the
fading of jeans by natural (or artificial) wear, might be of
interest as well.
We conclude by taking a step back to discuss possible

broader implications of our findings. A natural setting of
random driving is that of a system interacting with its
fluctuating environment, and our results imply that the
latter can leave an imprint on the former.
The random driving leads to a steady state in which

the subsequent response of the system is correlated with the
driving history. This correlation persists as long as the
magnitude of the load does not exceed that encountered
during training. The resulting mechanical reversibility
implies that the sequence of mechanical instabilities trig-
gered, and their locations in the sample, are persistently
entangled with random driving. As a result, state changes
within the sample encode some information about the
dynamic changes in its environment. In other words, the
training by random driving established an internal

representation of the system’s environment to which it is
coupled: the dynamics of the environment evolution is
mirrored by the pattern of instabilities triggered by the
former [58,59]. We may thus think of self-organization
under random driving as having led to a capability that in
the context of machine learning would be associated with
pattern recognition, unsupervised learning, and more gen-
erally, environmental sensing.
Note, however, that the type of learning considered here

is rather ad hoc, and as such different from traditional
machine learning approaches [60,61], since a priori no
learning task is defined. The learning outcome considered
here merely establishes a correlation between the dynamics
of the system and its environment. The attribution of a
learning goal, if at all, emerges only a posteriori, but might
be relevant for the adaptation and evolution of simple
organisms, as we discuss next.
It is generally believed that even the adaptation of

relatively simple organisms, such as bacteria, involves
some form of information processing, memory, and learn-
ing [58,62–64]. Given that a model of a disordered system
with minimal ingredients—disorder, a built-in frustration in
redistribution of external loads, and negligible thermal
effects—is able to self-organize in a manner described
above, one may wonder whether simple biological organ-
isms lacking a nervous system, exploit this essentially “for
free” infrastructure when adapting to changing environ-
ments. Appropriating the title of a paper that addresses this
possibility [65], our findings prompt us to reiterate their
question, namely, whether “self-organization proposes
what natural selection disposes?”
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End Matter

Parallel readouts at different εmax—Keeping the step
size at δε ¼ 0.002, we subjected 10 poorly aged glasses
to random driving confined by maximal strains: εmax ¼
0.032, 0.036, 0.04, 0.044, and 0.048. Figures 4(a)
and 4(b) show the results of performing parallel readouts
of type FWD, REV, and FWD-FWD. Shades of darker
colors denote larger values of εmax. Vertical dashed lines
indicate the latter.
The FWD readouts in panel (a) show a local minimum of

the readout distance dðT; RÞ at amplitudes εR close to the
maximum strain εmax of the random driving. With increas-
ing εR, the distance dmin at the local minimum starts to
depart from a value close to zero. The distances dðT; RÞ of
the REV protocol increase monotonically with εR; how-
ever, for εmax ≲ 0.04, they show a discernible kink at
εR ≈ εmax; see also [18].
Panel (b) of Fig. 4 shows the evolution of d under the

FWD-FWD readout protocol. For maximum strain values
up to εmax ¼ 0.04, the distances d remain small and close to
zero. This behavior continues up to εR ≈ εmax, beyond
which dðR;R2Þ starts to increase abruptly, giving rise to a
kink in the readout curves. The REV-REV readouts show
statistically similar behavior.

Random driving with different step sizes δε—We have
also subjected our 10 poorly aged glasses to random
driving protocols where we kept the strain range
constant at εmax ¼ 0.04, but used different values for the

(a)

(b)

FIG. 5. Readout from states T reached after 20 random driving
cycles with εmax ¼ 0.04 fixed, but using different random walk
strain step sizes δε ¼ 0.008, 0.004, 0.002, and 0.001, color coded
in shades from light to dark. (a) The result of FWD (blue tones)
and REV (red tones) readouts, with the darkness of the color
increasing with εmax. (b) Readouts using the FWD-FWD (blue
tones) and REV-REV protocol (red tones).
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random walk strain step size: δε ¼ 0.008, 0.004, 0.002,
and 0.001. Figure 5 shows the results of performing
readouts after 20 random cycles for (a) FWD and REV
readouts, color coded in tones of blue and red,
respectively, with the shading getting lighter with
increasing random walk step size, and (b), FWD-FWD
and REV-REV readouts, using the same color coding as
in (a). The dependence on step size is minimal.

Random driving with sequential readouts—The
readout protocols defined in the main text are parallel: it
is assumed that we can restore the trained state T for
each readout amplitude. Experimentally, this is not easy

to achieve. An alternative is to perform “sequential
readouts” [18]. We start with the trained state and
consider a sequence of increasing readout amplitudes

εðnÞR . Specifically, we start our readout with εð1ÞR applied
to T: we apply two cycles of cyclic shear and record the

configurations Rð1Þ and Rð1Þ
2 at the end of the first and

second readout cycle. We then increase the readout

amplitude to εð2ÞR and apply the two-cycle readout to Rð1Þ
2

and continue in this manner through our list of
amplitudes. As shown in Figs. 6 and 7, this type of
readout gives qualitatively similar results to the parallel
case that was shown in Figs. 3(a) and 3(b).

FIG. 6. Readout from the trained states T using a sequential
readout protocol. The trained glasses are the same as the ones
used for the readouts in Figs. 3(a) and 3(b). Shown is the
evolution of the readout quality with the number of training
cycles. The results are qualitatively similar to those obtained from
parallel readouts in Fig. 3(a).

FIG. 7. Readout from the trained states T using a sequential
readout protocol. The trained glasses are the same as the ones
used for the readouts in Figs. 3(a) and 3(b). The results of readout
using the four different protocols. The results are qualitatively
similar to those obtained from parallel readouts in Fig. 3(b).
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