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The ramp-reversal memory (RRM) effect in metal–insulator transition metal oxides (TMOs), a non-volatile resistance change
induced by repeated temperature cycling, has attracted considerable interest in neuromorphic computing and non-volatile
memory devices. Our previous defect motion model successfully explained RRM in vanadium dioxide (VO2), capturing observed
critical temperature shifts andmemory accumulation throughout the sample. However, this approach lacked interactions between
metallic and insulating domains. Here, we extend our model by combining a correlated Random Field Ising Model with
defect diffusion-segregation, enabling accurate hysteresis modeling while predicting the relationship between RRM and domain
interactions. Our simulations demonstrate that the maximum RRM occurs when the turnaround temperature approaches the
inflection point. This peak in RRM vs. turnaround temperature is consistent with prior transport measurements, as well as
our own optical measurements reported here. Significantly, we find that increasing nearest-neighbor interactions enhances the
maximummemory effect, thus providing a clearmechanism for optimizing RRMperformance. Since ourmodel employsminimal
assumptions, we predict that RRM should be a widespread phenomenon in materials exhibiting patterned phase coexistence of
electronic domains. This work not only advances fundamental understanding of memory behavior in TMOs but also establishes
a much-needed theoretical framework for optimizing device applications.

1 Introduction

Neuromorphic computing has recently garnered significant
attention as a promising avenue to address the growing energy
demands of large language models and other complex artificial
intelligence (AI) applications. Moreover, local thermal dissipa-
tion in conventional architectures may limit packing density and
scaling for future AI applications [1]. By emulating the structure
and function of biological brains, neuromorphic computing offers
the potential for energy-efficient computation and a more native
hardware platform for AI tasks.

One area of particular interest for developing neuromorphic
devices is the study of the insulator–metal transition (IMT) in
transition-metal oxides (TMOs), which uniquely exhibit volatile
resistive switching between high- and low-resistance states in
response to electrical [2] or thermal [3, 4] stimuli. These
threshold-driven transitions enable the implementation of key
neuromorphic components, including spiking neurons that fire
when stimulated above a threshold [5] and active signal trans-
mission lines similar to biological axons [6]. However, volatile
switching alone is insufficient for brain-inspired computing,
which requires persistent memory to enable synaptic learning
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and adaptation. Thus, identifying a single material that can pro-
vide both neuron-like volatile switching and synaptic nonvolatile
switching is essential for fully scalable neuromorphic chips [7–9].

Two complementary properties make vanadium dioxide (VO2) a
strong candidate. First, as in other TMOs, it exhibits a thermally
induced Mott insulator–metal transition, generating a resistivity
change of up to five orders of magnitude. However, this tran-
sition occurs near 68 ◦C [10, 11], just above room temperature,
thereby enhancing its practicality for integration into neuron-
like applications [12, 13]. Second, VO2 exhibits phase separation
during the IMT [14], a feature that can potentially be controlled
and harnessed for nonvolatile memory. Current approaches
to do so include ion bombardment [15], electrical-field break-
down [16], gating [17], and thermal coupling [18–20]. Although
each approach represents a significant step forward, major road-
blocks remain: ion bombardment is tunable but not rewritable
and requires sophisticated material preparation; electrical-field
breakdown is easily achievable but neither reconfigurable nor
tunable due to uncontrolled stochastic filament formation; gating
is slow and highly dependent on sample quality as it relies on
electric-field-induced ionmotion; and thermal coupling is hardly
reconfigurable, being primarily determined by initial lithographic
separation of oscillators (0.2 μm to 20 μm [18–20]). Harnessing
VO2’s potential for nonvolatile synapse behavior thus requires a
new approach, accompanied by a theoretical model for under-
standing and manipulating the phase-separated state, which is
essential to establish the tunable, non-stochastic, and repro-
grammable control needed for next-generation neuromorphic
computing [21].

In 2017, by applying a “ramp reversal” temperature protocol,
Vardi et al. reported a multi-level, reconfigurable, nonvolatile
memory effect, revealed by a pronounced (∼20%) increase
in resistivity [22]. This Ramp Reversal Memory (RRM) has
since been reported by the same group in NdNiO3, V2O3, and
1T-TaS2 [22–24]. They attributed this memory formation to
“scars”—structural defects analogous to silt deposits at a flood
boundary—that raise the local transition temperature and form
at phase boundaries during the IMT. Our earlier experimental
observations measuring spatially resolved reflected optical inten-
sity revealed that the RRM effect occurs throughout the entire
sample rather than only at phase boundaries, and moreover that
it involves both increases and decreases in the local transition
temperature (𝑇𝑐) [25]. These results prompted us to develop the
defect motion model in which the RRM effect originates from
the motion of point defects within VO2, providing a framework
to explain the spatially distributed accumulation of memory. In
thismodel, the redistribution of defect density can either increase
or decrease the local 𝑇𝑐 throughout the bulk of the sample, in
addition to producing scar-like structures at phase boundaries,
suggesting that our approach may also capture key aspects of the
scar model.

However, our previousmodel of RRMdid not include interactions
between metal and insulator regions, whereas multiple studies
have indicated the need for interactions in order to capture
the physics of the phase separated regime. For example, the
presence of avalanches [26] in experiments during IMT provides
direct evidence for interactions.Moreover, both our deep learning
classifier [27] and the critical exponents reported by us for

avalanches [28] further indicate that interactions are necessary
in order to explain the morphology of the domains. Since our
previous defect motion model did not include these interactions,
it could not reproduce avalanche phenomena. These insights
motivate the introduction of such interactions into our current
model, significantly extending the foundations laid in our earlier
work. In this work, we show that these interactions increase
the hysteresis width (which now better matches the hysteresis
observed in experimental curves) and explain the peak in RRM
vs. turnaround temperature, initially observed in transport [22]
and reported here for the first time in optics. Furthermore, with
this workingmodel in hand, we predict that interactions also lead
to a marked enhancement of the RRM effect.

2 Models andMethods

Here, we develop an Interacting Defect MotionModel to describe
the thermally driven evolution of the spatial distribution of
the memory effect in TMOs. This model combines two key
physical mechanisms: (1) the diffusion and segregation of point
defects that locally modify transition temperatures, and (2)
the cooperative interactions between metallic and insulating
domains that produce avalanche behavior and hysteresis. We
begin by reviewing our previously developed defect motion
framework, then introduce the Random Field Ising Model
that captures domain interactions. To generate realistic initial
conditions without relying on experimental data, we employ
correlated random fields that reproduce the spatial heterogeneity
observed in real samples. These components are then integrated
into the Interacting Defect Motion Model that couples defect
redistribution with domain dynamics. This coupled approach
reproduces the full width of experimental hysteresis loops,
eliminates dependence on experimental transition temperature
maps (𝑇𝑐) as inputs, and predicts how interaction strength
controls the magnitude of the RRM effect. Finally, we describe
the experimental methods used to validate our theoretical
predictions.

2.1 Defect MotionModel

To account for the spatial variations in the 𝑇𝑐 map observed
in our previous work—where 𝑇𝑐 increases in some regions and
decreases in others as a result of the RRM process, and moreover
𝑇𝑐 changes throughout the entire sample rather than only at scars
(see figure S7 in ref. [25])—we proposed that the local 𝑇𝑐 change
is influenced by the change of defect density 𝜌 at each site i:

Δ𝑇
(𝑖)
𝑐 = −𝛼Δ𝜌𝑖 (1)

The evolution of the defect density is then modeled using the 2D
diffusion-segregation equation [29]:

𝜕𝜌(𝒓, 𝑡)

𝜕𝑡
= ∇

[
𝐷

(
∇𝜌 −

𝜌

𝜌eq
∇𝜌eq

)]
, (2)

where 𝐷 = 𝐷(𝜎𝒓, 𝑇) is the diffusion coefficient with binary phase
indicator 𝜎, and 𝜌eq = 𝜌eq(𝒓) is the equilibrium density, assigned
two distinct values within the metallic and insulating regions. To
prevent non-physical behavior near the phase boundary, we apply
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Gaussian smoothing to the segregation current of defects (See
Supporting Information). The additional term involving ∇𝜌eq in
Equation (2), compared to the well-known diffusion equation,
arises from the nonuniform chemical potential near the metal–
insulator phase boundaries. This term becomes significant near
phase boundaries as indicated in Figure 2 and vanishes deep
inside the metallic or insulating regions. The ratio of the equi-
librium defect density deep inside two phases 𝜌insulatoreq ∕𝜌metaleq =
𝑠 is known as the “segregation coefficient”. See Supporting
Information for full details.

2.2 Correlated Random Field Ising Model

The collective behavior of the metallic and insulating domains
is described by the Correlated Random Field Ising Model (C-
RFIM), which incorporates both nearest-neighbor interactions
and spatially correlated disorder. In this subsection we introduce
the C-RFIM we used in this work by breaking it down to more
fundamental ideas.

2.2.1 Random Field Ising Model

The Random Field Ising Model (RFIM) provides a theoretical
framework for describing hysteretic phase transitions in systems
with quenched disorder [30]. The model consists of a lattice of
Ising spins that are coupled via nearest-neighbor interactions and
are subjected to site-dependent random local fields. Competition
between the ordering tendency of the ferromagnetic interactions
and the disordering effect of the random fields is respon-
sible for the model’s complex behavior, including hysteresis
and avalanches.

The total energy of the system is given by the RFIMHamiltonian:

𝐻 = −𝐽
∑
⟨𝑖,𝑗⟩

𝜎𝑖𝜎𝑗 −
∑
𝑖

(ℎ𝑖 + ℎext)𝜎𝑖 (3)

Here, the first term describes the nearest-neighbor interaction of
strength 𝐽, which favors alignment of adjacent spins. The second
term accounts for the energetic contributions of the local random
field ℎ𝑖 drawn from independent identical standard Gaussian
distributions (ℎ𝑖 ∼  (0, 1)) and the uniform external field ℎext on
each spin 𝜎𝑖 .

The RFIM quantitatively reproduces key experimental signa-
tures of the IMT in TMO materials, by mapping metallic and
insulating regions to Ising pseudospins 𝜎 = +1 and 𝜎 = −1,
respectively. A prominent feature of the model is the occurrence
of avalanches, abrupt, collective transformations of multiple
domains in response to a small change in the external field, which
are observed experimentally. As discussed in the Introduction,
avalanches in VO2 [25, 26] and in V2O3 [31] indicate the presence
of interactions in the system. Themodel also intrinsically displays
hysteresis, where the width of the hysteretic loop is determined
by the strength of the random field distribution, corresponding to
the degree of material disorder.

As in ref. [28], we map experimental temperature 𝑇 to the
uniform external field ℎext that drives the transition from

insulator to metal. Moreover, Our previous machine learning
classification [27] indicates that the metal/insulator domain
maps of VO2 thin film belong to the universality class [32]
of the two-dimensional (2D) Random Field Ising Model. To
capture the spatial stochasticity observed in experimental 𝑇𝑐
maps [25], there must be a random field assigned at each site 𝑖
as follows:

𝐻 = −𝐽
∑
⟨𝑖,𝑗⟩

𝜎𝑖𝜎𝑗 −
∑
𝑖

𝑓
(
𝑇 − 𝑇

(𝑖)
𝑐

)
𝜎𝑖 (4)

The function 𝑓 is a monotonic increasing function satisfying
𝑓(0) = 0. The term 𝑇

(𝑖)
𝑐 represents the local critical temperature

at site 𝑖, generated from a correlated random field as described
in the next section. Here, 𝑓(𝑇 − 𝑇

(𝑖)
𝑐 ) acts as an effective external

field that biases the local Ising variable 𝜎𝑖 toward a particular
state.

2.2.2 Correlated Random Field

Figure 1a shows an example of an experimentally derived map
of the local transition temperature 𝑇𝑐. Here, we have imaged
the metal-insulator phase separation state on a thin film of VO2

during the warming branch of the initial major hysteresis loop
(ML1-W) using high-resolution optical microscopy. By slowly
heating the sample from a fully insulating state to a fully metallic
state, we record the 𝑇𝑐 at each pixel (see Figure 1a) to produce
a 𝑇𝑐 map through the DOMain INtensity Overturn (DOMINO)
procedure we introduced in Basak et al. [25].

In order to create a purely theoretical model, we use initial 𝑇𝑐
maps that are generated by statistical means, to have similar
statistics and spatial correlation characteristics to those observed
experimentally. The 𝑇𝑐 map Figure 1a indicates random field
behavior, with regions of high and low critical temperatures
extend over a range of length scales, demonstrating inherent
spatial correlations rather than uncorrelated disorder (see the
Supporting Information). This correlation necessitates the use of
a correlated random field, rather than an uncorrelated Gaussian
random field typically used in the RFIM.

Therefore, to create the initial theoretical 𝑇𝑐 map, we first
construct an uncorrelated random field with independent
identical standard Gaussian distributions. Then we apply
Cholesky decomposition (see the Supporting Information)
to transform the uncorrelated random field into a spatially
correlated random field. Finally, to account for experimental
conditions, we apply Gaussian blurring to the correlated random
field. Figure 1b shows a 𝑇𝑐 map in theory with Gaussian blurring
applied, which reproduces the smoothing effect observed
in optical measurements in Figure 1a (see the Supporting
Information for detailed comparison).

This initial theoretical 𝑇𝑐 map is considered a replacement of
the experimental maps with minimal assumptions. By using the
initial theoretical 𝑇𝑐 map as new model inputs, we eliminate
data dependence and enable a more self-consistent theoretical
description of RRM.Note that the RRM temperature protocol (see
below) will ultimately modify this initial 𝑇𝑐 map.
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FIGURE 1 (a) Experimental 𝑇𝑐 mapmeasured during the first warming process. (b) Theoretical 𝑇𝑐 map using correlated random field (CRF) with
Gaussian blurring effect to facilitate comparison with the experimental resolution of the 𝑇𝑐 map in Panel (a).

2.3 Dynamics of Defect Motion with C-RFIM

In the presence of both defect motion and Ising-type interactions
via the C-RFIM, the simulation proceeds on a square lattice, as
illustrated in Figure 2. Each lattice site represents a pixel in the
experimental images, associating with three local properties that
evolve over time: the Ising variable 𝜎𝑖 denoting whether the site
is insulating or metallic, the local critical temperature 𝑇(𝑖)𝑐 , and
the local defect density 𝜌𝑖 . The simulation proceeds through the
following steps:

1. Calculate the defect distribution using the
diffusion-segregation equation [Equation (2)].

2. Compute the critical temperature at each site based on the
local defect density using Equation (1).

3. Update the second term of RFIM [Equation (4)] to reflect the
new critical temperatures.

4. Update the non-equilibrium Ising variable 𝜎𝑖 configuration
of the C-RFIM. Employ the checkerboard update method to

FIGURE 2 Schematic representation of a portion of the lattice used
in the simulation. Arrows indicate the defect current driven by the
gradient of chemical potential. Labels with Ising variable +1 and −1
represent metallic (yellow) and insulating (brown) regions, respectively.
In the mixed phase, defects concentrate preferentially in metallic regions.

iteratively update the pseudospins, accepting new configura-
tions that lower the system’s energy until it reaches a local
minimum.

5. Update the equilibrium defect density 𝜌eq and the diffusion
coefficients based on the updated pseudospin variables.

These steps collectively constitute one iteration of our simula-
tion process.

2.4 Experimental Methods: Thin Film
Preparation and Optical Setup

Our simulations will be compared to optical Ramp Reversal
Memory measurements of a VO2 film (100 nm) epitaxy on an
r-cut sapphire substrate. This one was prepared by reactive RF
magnetron sputtering of aV2O3 target (using a 99.9% pure powder
from Noah Industries). A mixture of ultrahigh purity (UHP)
argon andUHPoxygenwas used for sputtering. The total pressure
during deposition was 3.4 mTorr, and the oxygen partial pressure
was optimized to 0.26 mTorr (8% of the total pressure). The
substrate temperature during deposition was 480 ◦Cwhile the RF
magnetron power was kept at 100 W. Grain size in these films
are typically found to be 40 nm to 130 nm in 100 nm to 150
nm films [33]. X-ray diffraction showed the textured VO2 film
growth along the (200) monoclinic (low-temperature phase of
VO2) or (011) rutile (high-temperature phase of VO2) direction
(see the Supporting Information). 35 μmwidthVO2 ribbons were
patterned using reactive ion etching Ar/Cl2 environment. Gold
electrodes (20 nm Ti)/(100 nm Au) were deposited on top of the
film separated by 30 μm. Resistance temperature measurements
reveled an abrupt, four-order-of-magnitude IMT around 68 ◦C,
which attest to the proper stoichiometric composition of the
synthesized thin films (see the Supporting Information). Using
autofocused, auto-aligned series of images of the surface of VO2,
we track the metal-insulator patches down to optical wavelength
resolution throughout the transition. This allowed us to map
the critical temperature 𝑇𝑐 of the sample in Figure 1a, the
average grayscale intensity vs. temperature (Figure 4) and the
ramp-reversal memory change as a function of the reversal
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FIGURE 3 (a) Schematic ramp reversal temperature protocol used in our simulation and experiment.

FIGURE 4 Experimental hysteresis loops measuring average grayscale intensity during the temperature protocol of ref. [25] (similar to Figure 3).
As subloops are performed, the average grayscale of the sample rises progressively (see arrows), at different rates in each panel. This rise is the basic
ramp reversal memory effect, previously reported for a single 𝑇H (68 ◦C) and now observed at multiple 𝑇H values (67 ◦C, 68 ◦C, 69 ◦C, and 70 ◦C) around
the IMT warming inflection point.

temperature 𝑇H (Figure 8). Full details of sample preparation,
characterization, and the optical setup can be found in previous
papers [25, 34].

3 Results and Discussion

In this section, we present our simulation results that model
the memory effect observed in VO2 and discuss the underlying
mechanisms. We hypothesize that the memory effect emerges
from the interplay between point defect diffusion and the
interactions inherent in the IMT itself. To test this hypothesis,

we simulate the metal–insulator coexistence region under a
specified temperature protocol (Figure 3) designed to replicate
the conditions of ramp-reversal experiments. Our simulations
reproduce the temperature-dependent behavior of RRMobserved
experimentally in VO2, thereby providing strong support for our
theoretical framework.

3.1 Hysteresis Loop of 𝐕𝐎𝟐

Figure 4 shows the spatially averaged 8-bit grayscale optical
reflectivity intensity versus temperature of VO2 obtained during
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the ramp reversal protocol of ref. [25] under different 𝑇H con-
figurations. We observed that VO2 becomes progressively more
insulating at temperature 𝑇H after consecutive subloop thermal
cycling, indicating an effective increase of 𝑇𝑐. This high effective
𝑇𝑐 persists during the following major-loop thermal cycle, but
it is erased in the final major-loop cycle once the sample is
heated to high temperatures (successive surface maps showing
the detailed locationswhere the sample’smetal–insulator patches
change as memory is encoded are presented in Figure S6). This
reversible 𝑇𝑐 modification constitutes the RRM effect [22, 25]. As
discussed further, we used these experimental data to verify the
performance of our defect-motion and C-RFIM models.

To simulate the hysteresis behavior of VO2, we employed a
temperature protocol (Figure 3) similar to that used in ref. [25].
This protocol consists of two full hysteresis loops, called major
loops, followed by six subloops and then two additional major
loops. Figure 5a shows the result of our previous model [25]
using above protocol, where the width of hysteresis loops is
nonphysically small. Utilizing the C-RFIM as described in Equa-
tion (4) without incorporating defect diffusion, we obtained
the hysteresis loop shown in Figure 5b, which reproduces
the hysteresis behavior of VO2 during a full temperature
loop.

The complete Defect Motion Model with C-RFIM is depicted in
Figure 5c. Note that by setting the interaction strength to zero (𝐽 =
0), the full model reduces to our previous non-interacting defect
motion model shown in Figure 5a. Conversely, by nullifying the
influence of defect motion on the local 𝑇𝑐 (by setting 𝛼 = 0),
the model reduces to the pure C-RFIM without the RRM effect,
shown in Figure 5b.

The outer loops in Figure 5 represent the major loop of the
temperature protocol in Figure 3. In this loop, the sample is
heated from a fully insulating state to a fully metallic state and
then cooled back to the fully insulating state. The inner loops
correspond to the subloops, where the sample starts from the
insulating state at a temperature 𝑇L, is heated up to a temperature
𝑇H within the phase coexistence region, and then cooled back to
𝑇L.

3.2 Ramp Reversal Memory

When defect motion is introduced into the C-RFIM, ramp
reversal memory emerges during the subloops [25]. As depicted
in Figure 5c, the subloops exhibit a counter-clockwise rotation
with a decaying increment due to the dynamics of defects.
After six subloops, the subsequent major loop (ML3) shows a
significant increase in the insulating area at temperatures near
𝑇H. If additional major loops are executed after these subloops,
the RRM effect is gradually erased, and the hysteresis loop
eventually returns to the shape observed in the initial major loop
(ML1).

Note that within the Defect Motion Model (with or with-
out C-RFIM), the defect density movement that happens
during the RRM protocol becomes reset when the mate-
rial is held at high temperature in the uniform phase. In

this sense, the RRM in this model does not suffer from
fatigue [35].

The physical mechanism underlying RRM in our model is that
when the sample is in the mixed phase having both metal
and insulator domains, the thermodynamic tendency is for the
metallic regions to have a higher defect concentration than the
insulating regions. This mechanism is similar to the floating
melting zone refinement method for removing impurities from a
crystal (for detailed microscopic explanations, see the Supporting
Information of ref. [25]). This means that during the subloops,
as metal repeatedly expands and recedes, it carries with it a
higher concentration of defects each time. The main driving
force is different equilibrium defect densities in metallic versus
insulating regions. This redistribution locallymodifies the critical
temperature according to Equation (2), creating a “memory” of
the thermal cycling history. With repeated minor loops, defects
accumulate in certain regions progressively, enhancing themem-
ory effect. However, when the sample undergoes a full major loop
and becomes completely metallic, the defects can redistribute in
a more uniform way throughout the sample, gradually resetting
the accumulated memory and restoring the original hysteresis
behavior. The interactions introduced in Equation (4) have an
indirect effect on the defect density through the morphology
of the domains, set by a combination of interactions and local
random field effects.

3.3 Parameter Dependence of the RRM Effect

Our model indicates that the magnitude of the maximum RRM
effect depends on the highest temperature 𝑇H reached during
the subloops such that 𝑇H can be optimized to maximize the
RRM effect. Figure 6 shows the change in relative insulating
area before and after the subloops, Δ𝐴(𝑇) = 𝐴ML3(𝑇) − 𝐴ML2(𝑇).
A peak in the change in relative insulating area before and after
the subloops happens with or without interactions. In the non-
interacting case (Figure 6a), the curves appear smooth, since
Ising interactions that lead to avalanches are absent. Introducing
interactions (𝐽 ≠ 0) enhances the RRMeffect, and also introduces
jaggedness in the curves due to these avalanches, as shown in
Figure 6b.

To quantify the RRM effect, we define key parameters from the
temperature-dependent area change curves in Figure 6. For each
curve, we identify the peak position (marked with a red dot in
Figure 7) to define 𝑇peak as the temperature at which the peak
occurs and Δ𝐴peak = max(Δ𝐴(𝑇)) as the maximum change in
insulating area.

3.3.1 Magnitude of Maximum RRM Effect

We perform systematic simulations across different values of 𝐽
and 𝑇H using our temperature protocol. For each parameter set,
we calculate the difference between major loops immediately
before and after the subloops as shown in Figure 6, extract Δ𝐴peak

from the resulting curves as defined in Figure 7, and plot the data
using (𝐽, 𝑇H, Δ𝐴peak) triplets. The results are shown in Figure 8a.
Our results reveal that not only is there a peak in the RRM
effect as a function of 𝑇H, but that interactions amplify the RRM
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FIGURE 5 Simulated hysteresis loops of the model under different conditions. The black curve represents the initial major hysteresis loop (ML1),
while the yellow curve corresponds to the final major loop (ML4) after six subloops. The progression from dark red to orange to yellow indicates the
sequence of the loops. (a) Results with defect motion but without interactions (𝐽 = 0). (b) Results with interactions (𝐽 = 0.5) but without defect motion.
Loops stack on top of each other since there is no RRM effect. (c) Results with both defect motion and interactions (𝐽 = 0.5) included. Each successive
subloop is rotated counter-clockwise from the previous one.
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FIGURE 6 Simulated curves of fractional area change versus tem-
perature during the warming process. The difference of two heating
curves Δ𝐴(𝑇) = 𝐴ML3(𝑇) − 𝐴ML2(𝑇) is plotted, where 𝐴 is the fraction
of insulating area from Figure 5. There are six temperature reversal
subloops between Major Loop 2 and Major Loop 3, as shown in Figure 3.
(a) Without interactions (𝐽 = 0), resulting in smoother curves. (b) With
interactions (𝐽 = 0.8), showing jaggedness due to avalanches, as well as
enhanced memory due to interactions.

effect. Specifically, as interaction strength is increased the RRM
effect grows in intensity, and the peak of the RRM effect as a
function of𝑇H becomesmore pronounced. This result reveals that
interactions fundamentally change how memory accumulates.
Without interactions, metal-insulator phase boundaries move
gradually and continuously, creating defect depletion regions
just outside of each metallic domain. The depletion region both
raises the local 𝑇𝑐 (making it harder for metal to advance there
in subsequent warming ramps), and slows the flow of defects
across the boundary, limiting the RRM effect. However, we
hypothesize that because interactions enable avalanches, bound-
aries can jump over depletion regions, allowing higher defect
current across phase boundaries and increasing the memory
accumulation during subloops.

We note that we observe the emergence of a possible double-peak
structure in the relationship between the maximum RRM effect
and 𝑇H (Figure 8a). However, further investigation is needed to
confirm the robustness of this double-peak feature, as it might be
sensitive to the specific realization of the correlated random field
and associated noise.

FIGURE 7 Definition of 𝑇peak and Δ𝐴peak. The red point shows
corresponding peak position for 𝑇H = 68 ◦C.

FIGURE 8 (a) Simulated RRM effect versus 𝑇H; (b) Experimental
optical data of RRM effect versus 𝑇H. Note that in both theory and
experiment, we find a peak in the magnitude of the RRM effect as a
function of 𝑇H.

In Figure 8b, we plot the maximum RRM effect vs. 𝑇H derived
from experiment, measured via reflected light using a CCD
camera, derived from Figure 4. We quantify the RRM effect in
terms of the maximum difference in the average intensity 𝐼 of
reflected light, comparing major loops measured immediately
before and immediately after the temperature subloops: Δ𝐼peak =
max(Δ𝐼(𝑇)), whereΔ𝐼(𝑇) = 𝐼ML3(𝑇) − 𝐼ML2(𝑇). Additional details
from the experiment are provided in the Supporting Information,
including color-coded VO2 sample maps showing the spatial
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FIGURE 9 Simulated optimal temperature 𝑇peak for each 𝑇H, as
illustrated in Figure 7. The dotted purple line is a guide to the eye.

distribution of RRM encoding. Note the agreement between
theory and experiment: In both cases, we find that there is a
peak in the magnitude of the RRM effect as a function of the
subloop turnaround temperature 𝑇H. this is the first time it has
been reported in optics.

3.3.2 Optimal Temperature 𝑻𝐩𝐞𝐚𝐤 for Maximum RRM
Effect

The optimal temperature for achieving the maximum RRM
effect, denoted as 𝑇peak, also exhibits a clear dependence on 𝑇H
(Figure 9). Our simulations reveal that 𝑇peak closely tracks 𝑇H
for 𝑇H < 70 ◦C and saturates as 𝑇H approaches the temperature
at which the hysteresis loop closes. This observed temperature
dependence suggests that the defect distribution established by
repeated movement of domain walls at 𝑇H plays a crucial role in
facilitating the memory effect. It corroborates findings from pre-
vious studies [23] and aligns with our experimental observations.

3.3.3 Optimal Subloop Turnaround Temperature 𝑻𝐇

Since 𝑇H is a readily controllable parameter in experiments,
understanding its influence on the RRM effect is paramount for
optimizing device performance. Our results show that as the
interaction strength 𝐽 increases, the optimal 𝑇H for maximizing
the RRM effect approaches the inflection point of the warming
branch of the initial major hysteresis loop (ML1-W), as illustrated
in Figure 10. This provides a valuable guideline for experimen-
talists seeking to maximize the RRM effect: the subloops should
be designed such that 𝑇H is near the inflection point of the major
loop’s warming branch.

The roughly linear relationship observed in Figure 10 for mod-
erate to strong interactions can be understood by considering
the total perimeter between metallic and insulating domains.
As shown in Figure 11, the system exhibits a maximum in the
total metal–insulator boundary length near the inflection point
of the warming branch. Since the defect movement responsible
for the RRM effect increases with boundary length, maximizing
the duration of the subloops near the inflection point promotes
enhanced memory accumulation. At temperatures significantly

FIGURE 10 Optimal 𝑇H versus the inflection point of the warming
branch of Major Loop 2, extracted from the simulation data. Error bars
indicate the precision of finding 𝑇opt

H
from Figure 8a. They are derived

from the peakwidths in Figure 8a, and set by the range of𝑇H valueswhere
Δ𝐴peak(𝑇H) > 0.95Δ𝐴peak(𝑇

opt

H
). For moderate to strong interactions, the

inflection point increases with increasing 𝐽. The dotted blue line is a guide
to the eye.

below the inflection point, memory accumulation is slow due to
the limited interfacial area. Conversely, at temperatures signifi-
cantly above the inflection point, the establishedmemory effect is
diminished by defect diffusion and the reduction in the minority
phase. The combined effect results in an optimal turn-around
temperature, 𝑇optH , that sits near the inflection point.

It is crucial to distinguish between different definitions of the
“inflection point”. The relevant inflection point for maximizing
RRM, as described above, is that of the insulator-metal fraction
versus temperature curve. This can be determined by tracking the
grayscale in optical data [25,34]. For data used in Figure 10, we
determine these inflection points by fitting the relative insulating
curve with a hyperbolic tangent function. However, the inflection
point commonly reported in the literature is deduced from
resistivity. This one can be misleading, as it can in principle be
shiftedwith respect to the insulator-metal fraction due to complex
percolation paths in the sample.

3.4 What Our Model Does Not Capture

When comparing our theoretical results to experimental obser-
vations, we find that while our simulations capture several
key features observed experimentally, certain discrepancies are
present. Specifically, in Figure 5c, our simulations show a
decrease in the insulating area at low temperatures, which is
not seen in experimental hysteresis loops in Figure 4. This
discrepancymay arise from our assumption that the total number
of defects is conserved and that changes in 𝑇𝑐 depend linearly
on variations in the defect density 𝜌. Our assumption leads to a
sum rule

(∑
𝑖
Δ𝑇

(𝑖)
𝑐 = −𝛼

∑
𝑖
Δ𝜌𝑖 = 0

)
. Consequently, if a portion

of the hysteresis curve shifts upward, another portion must shift
downward, which differs from experimental observations where
the curves primarily shift upward. In fact, density functional
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FIGURE 11 Comparison of temperature-dependent phase transition behaviors, showing the relationship between the metallic/insulating area
fraction and the total metal-insulator boundary length (perimeter) at 𝐽 = 0.8, 𝑇H = 𝑇

opt

H
(𝐽=0.8) = 68.7 (purple dot in Figure 10). Vertical dashed lines

indicate the inflection points of the warming (right line) and cooling (left line) branches of the hysteresis loop, corresponding to the temperatures at
which the total metal-insulator boundary length is maximized. In the absence of interactions, the perimeter curve would be approximately proportional
to the absolute value of the derivative of the relative area curve.

theory calculations indicate that the defects inVO2 aremost likely
oxygen vacancies and interstitials [36], whose concentrations
depend on temperature. Since the experiments are carried out
with the samples exposed to the air, it seems reasonable that
oxygen vacancies and interstitials should change with tempera-
ture. At lower temperatures, a reduction in defect density could,
for example, counteract the downward shift of the hysteresis
curve in the low-temperature regime. We leave the exploration of
this effect to future work. Another possibility involves non-point
defects, such as phase boundaries and strain fields, which may
increase the local critical temperature.

It should also be noted that while our model of defect dif-
fusion within dynamic interacting phase separated domains
includes certain phenomenology of the scar model (that sig-
nificant local action happens at phase boundaries), our model
also includes phenomenology that goes beyond the expecta-
tions of the scar model, including: (1) Memory accumulates
throughout the entire bulk of the sample, and (2) Whereas some
regions will have increased local transition temperature, some
other regions will have decreased local transition temperature.
Future work may also consider integrating our defect motion
model with the scar model proposed by Vardi et al. [22],
with the goal of developing a more comprehensive theoretical
framework.

3.5 Future Outlook and General Applicability

Our model makes minimal assumptions: that phase separated
domains interact, and that for thermodynamic reasons point
defects preferentially gather in one type of domain over the
other. As a result, our theoretical model predicts that RRM
should be a general phenomenon in materials undergoing pat-
terned electronic phase separation, as conjectured in ref. [24].
This is consistent with the fact that the RRM effect has
been seen in a variety of TMO’s, including VO2 as discussed
extensively here, as well as V2O3 and NdNiO3 [22,23]. The
minimal assumptions of our theoretical model imply that the
RRM phenomenon should be far more widespread, and should
be observable in materials with locally phase separated elec-
tronic domains (as recently found in 1T-TaS2 [24]). Potential
candidates include: cuprate high temperature superconductors,
some of which have shown regimes of interleaved phase sep-
arated regions of superconducting and non-superconducting
domains [37, 38]; graphene [39], strontium iridates [40, 41],
2DEG superconductors [42, 43], manganites [44], and even iron-
based superconductors [45]. In the low disorder strength limit of
random field Ising models, the hysteresis width is proportional
to the interaction strength. Therefore, we predict that samples
with the largest hysteresis width are the best candidates for
strong RRM.

10 of 12 Advanced Electronic Materials, 2025
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4 Conclusion

In order to address the experimental findings not fully explained
by the scar model, we developed the non-interacting defect
motion model in our previous work. This model successfully
reproduced several key observations, including decreased 𝑇𝑐 val-
ues and RRM effects that accumulate deep insidemetal/insulator
patches. However, due to the lack of interactions among metal
and insulator domains, it did not include avalanche physics
and the hysteresis loops were not very wide. To improve our
theoretical framework, we have coupled the defect motion model
with a Correlated Random Field Ising Model (C-RFIM) on a
site-by-site basis. Introducing Ising interactions provides several
major advantages that transform our model from a qualitative
explanation to a quantitative predictive tool. First, the interacting
model successfully reproduces the complete experimental hys-
teresis width (Figure 5c) and captures avalanche behavior evident
in the jaggedness of Figure 6b, which the non-interacting model
cannot reproduce. Most significantly, we discover that interac-
tion strength directly controls memory performance: increas-
ing the nearest-neighbor interaction 𝐽 dramatically enhances
the maximum RRM effect (Figure 8a). This discovery pro-
vides a clear pathway for optimizing memory devices through
material parameters that control effective interaction strength.
Notably, our interacting model predicts that the maximum RRM
effect occurs near the inflection point of the warming process,
consistent with the optical measurements on VO2 reported
here.

By incorporating both defect dynamics and interactions between
metallic and insulating domains, our model captures more
features of the overall hysteresis behavior and provides valu-
able insights into the underlying mechanisms driving these
phenomena. These findings not only advance our fundamental
understanding of RRMbut also establish a theoretical foundation
for developing more effective memory devices, neuromorphic
computing applications, and other potential technologies based
on IMT materials. Moreover, the minimal assumptions of our
theoretical model imply that the RRM effect should be a
generic phenomenon in materials exhibiting local electronic
phase separation, opening new avenues for searching for new
quantum materials that exhibit unconventional memristive
properties.
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