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Resistance noise in memristive devices is often attributed to simple
thermally activated processes, such as fluctuations across single energy

barriers. However, this picture may underestimate the complexity of

the underlying atomic dynamics, which can be described as transitions
between many local minimain a high-dimensional free energy landscape
shaped by energetic and entropic contributions, yet such landscapes

are difficult to access experimentally. Using a hidden Markov model, we
analyse resistance fluctuations in ananoscopic volume of the phase-change
material germanium telluride. We quantify the transition rates between
discrete resistance states over awide temperature range. The rates follow
an Arrhenius-like behaviour, but the extracted attempt frequencies span
several orders of magnitude and include values far below typical phonon
frequencies. This spread reflects substantial entropic contributions to the
free energy barriers, which we quantify by tracking individual transitions
across temperatures. This approach should be broadly applicable to
memristive materials, where significant resistance changes are linked to
atomic-scale transitions.

Memiristive devices can retain amemory of past voltage pulses because
the accompanying currents, fields or heat alter the magnetic or atomic
order, resulting in a measurable change in electrical resistance. This
tunable, non-volatile contrast between configurations is desirable
for data storage and for non-von Neumann computing approaches’.
Technologically mature examples include magnetic?, resistive® and
phase-change** random-access memories.

Common to these technologies is that continued development
has pushed devices to dimensions inwhich only a countable number of
atomsdefinearesistance state. At such scales, the resistance becomes
highly sensitive to small structural rearrangements, and substantial
read noise can arise from thermal fluctuations between configurations.
Desired and undesired transitions are commonly modelled as thermally
activated processes limited by an activation energy. The underlying
energy landscape is often reduced to a one-dimensional double-well
potential with two minima separated by a barrier. Although this can
be accurate for, for example, an isolated defect in a large crystalline
volume, it may not capture the structural complexity of real devices far

from thermodynamic equilibrium. In particular, it neglects entropic
contributions that can shape the free energy landscape and influence
state occupancy and transition rates.

Among memristive material systems, phase-change materials
(PCMs) offer ahigh contrast between highly resistive amorphous states
and relatively conductive crystalline counterparts. Combined with
their highly nonlinear crystallization kinetics that enable rapid tuning
of amorphous-to-crystalline volume fractions, PCMs become useful
in dense crossbar arrays for neuromorphic and in-memory comput-
ing®and forembedded memory’. Theamorphousstateis created by a
shortelectrical pulse that melts asmall volume, which then quenches
before crystallization can occur. This processis a specificinstance of a
more general phenomenon: during cooling, the structural relaxation
time of the supercooled liquid increases drastically with decreasing
temperature. When the atomic structure no longer has time to assume
the equilibrium supercooled liquid structure atagiven cooling rate, it
falls out of equilibrium, undergoing a glass transition toanamorphous
solid state. Understanding this transition and the associated glassy
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Fig.1| Experimental design. a, Scanning electron microscopy image of the
device architecture. A 60-pm-long platinum microheater (pink) is fabricated
ontop of 200-nmssilicon dioxide and subsequently buried underneath an
additional 150 nm of dielectric oxide. b, The GeTe cell is placed in the centre

of the microheater. It consists of a GeTe volume (blue) contacted by tungsten
electrodes and encapsulated in a dielectric oxide. ¢, Sketch of the glass
formation process. A voltage pulse heats the crystalline centre (GeTe,) volume
above the melting temperature, which then quenches to the glass state (GeTe,)
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and relaxes towards the supercooled liquid. d, Normalized time-domain
resistance fluctuations of a large glass volume (15-MQ cell; dark purple) and
asmall glass volume (800-kQ cell; bright red). The small glass volume is
formed by partial recrystallization through the application of short heating
pulses. e, Corresponding frequency-domain power spectra together with the
spectrum of a fully crystalline cell (100 Q) and a1-MQ carbon film resistor for
comparison. As a guide to the eye, a 1/f*3-type spectrum (dashed yellow) as
well as two Lorentzians with 7;= {0.15 s, 10 s} (dashed pink) are also plotted.

dynamics remains a major challenge in condensed-matter physics,
with relevance extending well beyond PCMs®’,

A central challenge in using PCMs as electronic memory arises
exactly because the amorphous states are inherently out of equi-
librium. As the glass evolves towards the supercooled liquid, the
resistivity increases over time (resistance drift)'°, which must be
accounted forinread-out and inference”. Furthermore, itis believed
that the same structural fluctuations that drive resistance drift can
also give rise to excessive low-frequency noise, limiting learning
accuracy in neuromorphic systems®. Mitigation typically relies on
hardware-aware retraining, which adds overhead and only partially
alleviates these issues”.

A general theoretical framework from glass theory describes
dynamics as motion on a high-dimensional energy landscape with
many local minima'™'°, When barriers between minima exceed
ki T, Goldstein’s potential energy landscape picture predicts two
timescales: fast fluctuations within a basin (inherent structure")
and rare thermally activated transitions between basins'®. This
view is widely supported by simulations of model glass formers'>?°,
but is difficult to verify experimentally, especially in disordered
systems in which spatial and temporal averaging obscures
individual transitions®.

Thisinability to resolve distinct features of the energy landscape
in experiments has limited the understanding of resistance drift and
noise in PCMs. Drift typically appears asa continuous increase in resis-
tivity over many orders of magnitude in time, following a power law.
Similarly, electrical noise tends to show a featureless 1/f spectrum.
These observations have led to contrasting interpretations: drift has
been attributed to both collective structural relaxation across the

entireamorphous volume and to localized processesinvolvingisolated
defects?*. Likewise, 1/fnoise can be modelled as abroad distribution
of double-well potentials, consistent withan unresolved superposition
of many independent fluctuators®*,

Here we show that individual transitions between local minima
or (meta)basins can be resolved in time by monitoring resistance fluc-
tuations in a nanoscopic PCM volume. Similar approaches have been
used to study noise dynamics in small systems with varying levels of
disorder®*”. Germanium telluride (GeTe) serves as a model system
becauseits electrical properties are highly sensitive to structural rear-
rangements. Although fast quenching is required to form the glass,
small glass volumes remain stable for years, enabling the repeated
probing of the same landscape region over a range of temperatures.
This allows us to quantify energetic and entropic contributions toland-
scape barriers and basins, revealing a complex free energy landscape
governing the structural/noise dynamics.

Observing states in afluctuating resistance

The high quenching rates are realized by confining GeTe to a nano-
scopic volume and applying short (self-)heating pulses. The device
integrates a buried microheater beneath the GeTe cell (Fig. 1a,b).
A50-ns pulse meltsacentral fraction of initially crystalline GeTe, which
then quenchesto the glass state and increases the cell resistance from
100 Q to about 10 MQ. The resulting high-resistivity glass volume
consequently governs the electrical response.

Two observations are typically made after glass formationin PCMs.
Both can be interpreted as signatures of an underlying energy land-
scape. First, the time-averaged resistivity increases during physical
ageing towards the equilibrium supercooled liquid**?*. Second, the
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Fig. 2| Modelling of noise dynamics. a, Markov model fit with six states. Data
points are assigned to states based on the most likely state sequence through
the time series. The probability that a data point belongs to a state is colour
coded below. The distribution of resistance values (R) over the1,000-s-long
measurement is shown (in grey) on the right (PDF, probability density function),
together with the normal distributions of the states and their sum (Dis. sum).
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The states are sorted from low (blue) to high (yellow) relative resistances.

This colour code is used throughout the manuscript. b, Depiction of a two-state
hidden Markov model with normally distributed resistances as emissions from
the states and transition probability matrix P. ¢, State transition rate (inverse
state lifetime) is plotted against inverse temperatures. The dashed lines are
Arrhenius equation fits.

resistivity fluctuates around this drifting mean with a noise power
spectral density orders of magnitude larger than in the crystalline
phase**”. Here we focus on the latter.

Figure 1d shows the normalized time-domain resistance fluc-
tuations and Fig. 1e shows the corresponding power spectra. For a
high-resistance cell (large glass volume), the spectrum follows an
approximate 1/f dependence and exceeds the crystalline noise by
more than five orders of magnitude. Such spectra can arise from a
superposition of Lorentzians S,(f) from alarge number of fluctuators,
with time constants 7;and auniform distribution of energy barriers £;
(refs. 28,29):
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These fluctuators may originate from low-energy excitations such
as two-level systems®*° or double-well potentials®. In the landscape
picture, the high-resistance time series reflects unresolved fluctuations
during transitions between resistance states (basins), consistent with
many contributing fluctuators.

By applying consecutive heating pulses through the buried micro-
heater, afraction of the glass volumeisrecrystallized each timeina con-
trolled manner. The noise characteristics change when the resistance
ofthe GeTe cellisreduced by afactor of10-50. The power spectrumis
now well described by only two Lorentzians and the time trace fluctu-
ates between a small number of states, with a clear separation of slow
and fasttimescales. Apparently, the external heating pulses primarily
reduce the active glass volume rather than annihilating defect states,
similar to small glass volumes formed by low-amplitude amorphization
pulses that exhibit comparable noise characteristics (see discussion
around Fig. 5), as also observed elsewhere for a different PCM*.,

The largest observed change in relative resistance between dis-
crete states is about 10% (that is, 100 kQ for a 1-MQ cell), which is not
surprising for PCMs. In the high-temperature metallicliquid, a Peierls
distortion structural motif of the crystalline phase is (partially) sup-
pressed, but it increases continuously during supercooling, accom-
panied by the opening of a pseudogap and slowing dynamics®. This

evolutionisinterrupted by the glass transition. During physical ageing,
thestructure continuesto evolve, the density of states at the Fermilevel
decreases, and the resistivity increases (resistance drift)***. Inour GeTe
cells, the resistance rises from 30 kQ to 3 MQ within the first second
after melt quenching and continues to increase for weeks, following a
power law’. The same structural changes probably underlie the large
resistance fluctuations, as further explored in Fig. 5.

The indirect heating pulses not only induce partial recrystalliza-
tionbutalso momentarily accelerate physical ageing of the glass. The
system seems to become trapped in a low-energy region of the land-
scape and does not escape even under subsequent moderate heating.
Accordingly, no hysteresis is observed in the average resistance or in
the noise dynamics during the subsequent temperature-dependent
studies. Insummary, for small glass volumes, the resistance time series
shows infrequent jumps between discrete states. Each state is char-
acterized by a mean resistance and rapid fluctuations around it. In
the landscape picture, this is consistent with fast exploration within
a (meta)basin (with barriers negligible compared with k;T) and rare
transitions to neighbouring basins across larger barriers.

Markov modelling of noise dynamics

For the following analysis of the landscape characteristics, we first
need a method to identify states in the resistance time series based
on a probabilistic argument. The separation of timescales in the
landscape picture as well as in the experimental data suggests a
hidden Markov model as an appropriate statistical description for
the noise dynamics. In this model, the system transitions through a
sequence of states in a memoryless (Markov) process, that is, with
transition probabilities for the next state in a sequence that depend
only on the current state***, The hidden state sequence cannot be
observed directly. Instead, the emissions (here the observed resist-
ance values) from the states are modelled with some state-specific
probability density function (the resistance emissions are assumed
to be normally distributed; Fig. 2a, right). The fact that the hidden
Markov model captures both emitted resistance distributions and,
more importantly, the time series character of the measurement, is
crucial for identifying states in the ‘noisy’ data. Figure 2b illustrates
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Fig.3|Beyond state lifetimes. a, Transition rates between states against inverse
temperatures. Arrhenius fit lines are omitted for clarity. Each point corresponds
toadirected transition i~ jobserved at a certain temperature. The system
transitions from state i assigned to the face colour of the circle to statej assigned
to the edge colour. The colour code for sorting from low to high resistances is the
same as that shownin Fig. 2. Theinset sketches alandscape with an asymmetric
activation energy. A visualization of anasymmetry in the attempt frequency
isless obvious. b, Pairs of attempt frequencies and activation energies from
Arrhenius equation fits plotted against the average of the temperature interval in

Temperature (K)

which the corresponding states were observed. The different colours correspond
to different measurement series. Between two series, the GeTe cell is crystallized
completely and re-amorphized, varying the size of the amorphous volume.

The spread of pointsillustrates the breadth of activation energies, particularly
the wide distribution of attempt frequencies observed across all series. For
uncertainty estimates, Supplementary Fig. 2 shows the corresponding activation
energy-attempt frequency pairs together with their 95% confidence ellipses.

The size of the amorphous volume is not correlated with the observed activation
energies and attempt frequencies (Supplementary Fig. 3).

the model parameters for a two-state system consisting of the two
normal distributions for the state emissions and the 2 x 2 transition
probability matrix.

The only user input to the model is the number of states. With a
time resolution of -1 ms and 1,000-s-long observation windows, the
noise dynamics are well described using four- to six-state models.
Figure 2a shows an excerpt of the results of fitting a model with six
states tothe resistance time series of the small glass volume from above.
Thedata points are assigned to states based onthe most probable state
sequence through the time series. A visual inspection of the fit results
suggests that the model can describe the noise dynamics, in the sense
that the distribution functions fit the emitted resistance values and the
transition probability matrix captures the observed state sequence. As
withmore standard curve-fitting procedures, this qualitative statement
can be checked by calculating the (pseudo)residuals®. Although the
decision on the exact number of states is rather inconsequential for
further analysis, the pseudoresiduals (Supplementary Fig.1) can also
give anindication for the minimum number of states.

We measure the noise dynamics of a small glass volume over a
wide temperature range and fit hidden Markov models to each time
trace. At each temperature, states are sorted from low to high relative
resistance. The transition rate (inverse average lifetime) is plotted ver-
susinverse temperature (Fig. 2c). The same states, with characteristic
lifetimes and relative resistances, persist across several temperatures,
and their transition rates increase exponentially with temperature,
consistent with thermally activated kinetics with approximately
temperature-independent barriers. This is expected even though
GeTe is fragile in the supercooled liquid*: individual landscape bar-
riers are temperature independent, and below the glass transition,
the dynamics of fragile glass formers are commonly described by an
Arrhenius activation energy”. For instance, crystallization kinetics in
PCMs below the glass transition follow an Arrhenius law with a single
activation energy’®.

When the transition rate exceeds the ~1-kHz upper limit of the
experimental time resolution, states leave the observation window
and new states enter, governing the noise dynamics through the next
temperature interval. Fitting an Arrhenius equation

v=v0exp<—:—a7_>, (2)
B

withattempt frequencyv,, activationenergy E,, Boltzmann constant k;
andtemperature 7, to the inverse state lifetimes, only yields an effective
energy barrier, corresponding to a weighted average of the transition
barriersto all other accessible states. We can avoid this coarse descrip-
tion of the landscape, because the Markov model fit provides us with
accesstothetransition rate between any two states. To this end, we cal-
culate the transition rate matrix from the transition probability matrix
and the average state lifetimes. Figure 3a plots the off-main-diagonal
elements of the transition rate matrix against inverse temperatures.
Thetransition rates can again be followed across several temperatures
and show thermally activated behaviour. Overall, the rates tend to be
highly asymmetric. There can be an order of magnitude difference
between the transition rate from state i to statej compared with the
oppositedirection. Arrhenius equation fits, therefore, give a set of two
different attempt frequencies and activation energies for the same
barrier (Fig. 3a, inset).

To probe different sections of the landscape, we repeat the meas-
urement and analysis several times. Between series, the GeTe cell is
fully crystallized and re-amorphized. Figure 3b plots the resulting (v,,
E,) pairs against the average temperature of the interval in which the
corresponding transition was observed. Because barriers are not sam-
pled uniformly across temperature, no definitive temperature trend
canbeinferred, although higher temperatures tend to sample slightly
larger E,and lower v,. Correlations between E, and v, can arise from the
finite timeresolution of the experiment (Supplementary Figs. 2 and 3).

Theactivationenergiesspan 0.02 eVt0 0.6 eV, ingood agreement
with potential energy barriers encountered during the physical ageing
of GeTe glass in atomistic (nudged elastic band) simulations®. Simula-
tions of amorphous GeTe and closely related materials** also report
electronic gap states with depths in a similar energy range. Here we
remain agnostic about the microscopicidentity of the states and barri-
ers,asweare convinced that electronic and atomic degrees of freedom
arestrongly intertwined. The total energy of the glass systemincludes
electronic kinetic and exchange-correlation contributions as well as
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Fig. 4 | Plotting the landscape. a, Pairs of entropy and energy contributions to free
energy barriers, as sketched in the inset. b, Example of the time dependence of the
state distribution function. The state distribution function converges within the
experimental observation window. ¢, Example of the temperature dependence

of the state distribution function together with a Boltzmann distribution fit using
the (relative) state entropies and energies. d, Bottom: visualization of alandscape
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based on the derived energies (height of the landscape) and entropies (mapped
towidths) of barriers and basins. The red lines mark the experimentally observed
path of the system through the landscape over a 2-s time window (Supplementary
Video1). Top: the system samples different (free) energy barriers at higher
temperatures (7, > T;), with, on average, asmall increase in internal energy and
entropy difference between the valley and saddle point.

Coulomb interactions among electrons and ions, and none of these
terms cangenerally be assumed negligible orindependently fluctuating.
Consistent with this view, the nudged elastic band simulations of ageing
inGeTe show barriers comparable with the energies of electronic states
formed or annihilated near the Fermilevel®. The wave functions of these
morelocalized states typically extend over at least tens of atoms in the
amorphous network®*, A change in their occupation must then lead
tostructural relaxationin the surrounding network*®*, as governed by
the bonding or antibonding nature of the state.

Remarkably, and difficult to capturein simulations, the observed
attempt frequencies showninFig.3b span 16 orders of magnitude from
100 Hzto10™ Hz. Actually, the attempt frequency can be eight orders
of magnitude higher when transitioning fromstate i to statejthan for
the opposite direction. To understand this, we move from the empiri-
cal Arrhenius equation to the transition state theory**and the Eyring
equation® to express the transition rate in terms of the free energy
difference AF=AU- TASbetween the starting state atalandscape val-
ley and the transient state at alandscape saddle point:

V = Vy €X (A—S)ex (—M
= Voo €Xp ks p keT

), withvyg = KkLT, 3)
h
where his Planck’s constant, ASis the entropic contribution and AU
is the (internal) energy contribution to the free energy. In applying
equation (3), we set the transmission coefficient to k =1, that is, we
neglect dynamical recrossing events.

Towards a potential energy landscape picture

Werepeat the fit of the temperature-dependent transition rates, now
using the Eyring equation. Figure 4a plots the entropic and energetic
contributionsto the free energy barriers at the average of the tempera-
tureintervalinwhichthe corresponding transition rate was observed.
The entropic contributions are mostly negative over the entire tempera-
ture range, effectively lowering an attempt frequency prefactor from
Voo =5 THz (at 200 K). For comparison, localized vibrational modesin
amorphous GeTe are found around 4.8 THz (ref. 44). The lowering of

the attempt frequency is the reason why transitions with small energy
barriers below 0.4 eV can dominate the noise dynamics on the time-
scales of our experiments.

Tofinally visualize the resulting landscape, information aboutits
barriersaloneisinsufficient. In the potential energy landscape picture,
the observed states correspond to basins of attraction of inherent
structures (or rather ‘metabasins’ composed of multiple inherent struc-
tures that are separated by small energy barriers compared with k;T
(ref.45)). Entropy then quantifies the size of a (meta)basin and the state
energy as a (weighted) average basin depth. Computer simulations
suggest that not only the average energy but also the size of metabasins
within the same system can vary widely. For example, Mocanu et al.
find metabasins with between 6 and 600 inherent structures in their
model glass system'. Here we use the fact that the (ergodic) Markov
chains converge to a unique stationary state distribution m within the
experimental observation window (Fig. 4b) for afive-state system. The
probability m;of observing the system with nstatesin basiniat any point
intime is then dependent on the (relative) free energy 6F,= 6U, - T6S;
of the state and the partition function Z:

n
—w> , WhereZ =" exp (
l

1 SU; — T6S;
m(T) = Zexp( T —;)

kgT
“)

From the temperature dependence of the state distribution function
(Fig. 4c), we can, therefore, derive information about the average
depth and width of a basin. For clarity, we illustrate a representative
system with five states (Fig. 4d, bottom) as a fully interconnected
five-state landscape, which can be clearly displayed in two spatial
dimensions. Combining the information about barriers and basins
reveals aself-consistent picture of adiverse landscape. The landscape
is defined by the free energies of the five basin states (fit values are
obtained from Fig. 4c) and the transition statesin the middle between
each pair of states, and is linearly interpolated in between. Energies
correspond to landscape heights and entropies are linearly mapped
to widths.
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Fig. 5| Discrete nature of resistance drift. a, Resistance time series of a PCM
cell following amorphization with alower-amplitude voltage pulse, resulting
inasmallamorphous volume without the subsequent application of external
heating pulses. The resistance trace reveals rare, abrupt transitions between
segments (separated by grey dashed lines in the figure), each characterized
by distinct noise behaviour. As before, the data points are assigned to states
and colour coded based on the most likely state sequence through the time
series, as predicted from a Markov model fit. b, Effective free energy surface
inferred from a hidden Markov model fit to the time trace shownin a. The
landscape reflects the observed states and transition probabilities between
them, with barrier heights approximately scaled to represent the latter. The
inset in the bottom left shows the full transition probability matrix for the
observed time window.

Theredlinetraces the system’s path through this landscape over
a2-stime period, as observed in the experiment (Supplementary
Video1showsananimation). The dynamics and underlying landscape
are characterized by high-energy states with large entropies and
short sojourn times on one hand and low-energy states with small
entropies and long sojourn times on the other hand. Intransitioning
between basins, the system must ‘squeeze’ through a more narrow
partofthelandscape asit overcomessome energy barriers of <0.2 eV.
We note that such a narrowing in the landscape explored by the
system at the transition state is predicted in the framework of mul-
tidimensional transition state theory*®. When the temperature is
increased, the system eventually tends to sample relatively larger
barriers with even more narrow transition states compared with the
(meta)basinsize, though the general characteristics of the landscape
remain the same.

Evolving noise dynamics during physical ageing

Resistance drift and low-frequency noise in PCM devices are often
attributedtorelatedprocesses.If driftreflects physical ageingtowards
deeperregions of the energy landscape, then the metastable-state
fluctuations underlying noise should also evolve in time. Our
quasi-equilibrium analysis shows that entropic narrowing can
strongly restrictinterbasin transition rates, limiting configurational

exploration even for modest barriers®. This suggests that during
ageing, the system transitions slowly between larger metaba-
sins, accompanied by changes in the noise dynamics. To test this,
we create a device state that exhibits physical ageing by using a
low-amplitude amorphization pulse to produce a smaller glass vol-
ume without subsequent heater pulses. The resistance trace then
shows rare transitions between segments, each characterized by
more frequent fluctuations between resistance levels (Fig. 5a). These
dynamics are again captured by a hidden Markov model (Fig. 5b),
yielding transition probabilities between all the observed states.
Although sparse transitions (and the lack of temperature-dependent
data) preclude a full thermodynamic decomposition, the transi-
tion matrix still enables aninformed free energy surface describing
the evolving noise dynamics. In particular, the transitions are not
strictly directed towards higher resistances. Drift, therefore, does
not proceed monotonically, but via probabilistic moves across a
rugged landscape shaped by entropic constraints.

To conclude, the noise dynamics of ananoscopic volume of GeTe
glassinamemristive device are characterized by fluctuations between
few resistance states with a clear separation of fast and slow time-
scales, indicative of the underlying potential energy landscape. Mod-
elling the experimental data with a hidden Markov model allows a
reliable identification of states and transition rates. Although the
resultingactivation energies agree with energy barriers observedin
computer simulations, they only provide an incomplete landscape
picture, which alone cannot explain the measured dynamics. At the
typical phonon (terahertz) attempt frequencies, the transition rate
across these many small barriers (<0.4 eV) would be too fast to be
observed in our experiments. However, the observed attempt fre-
quencies span many orders of magnitude down to100 Hz. Our results
lead toapicture of adiverse potential energy landscape in which the
rate-limiting narrowing of the energy landscape at a saddle point
compared with the basin is quantified through a negative entropic
contribution to the transition rate.

Apractical limitation of the currentapproachis that the dynamics
must produce discrete, temporally resolvable transitions in the meas-
ured observable, which requires a sufficiently small active volume.
Where this holds, time-resolved resistance traces provide direct access
tometastable states and barrier-crossing events. The direct validation
of the reconstructed free energy landscape by atomistic simulations
remains challenging because accessible timescales are limited and
entropic effects are difficult to capture, even with metadynamics
methods. Progress in machine-learned potentials, coarse-graining
and high-performance computing should enable increasingly direct
comparisons between experiments and simulations.

Although this study focuses on a prototypical PCM device, the
methodology and insights should be broadly applicable to other
memristive systems, for example, resistive random-access mem-
ory devices". In many of these, resistance changes are governed by
atomic-scale structural transitions under non-equilibrium conditions
where stochastic fluctuations shape device dynamics. Our approach
may provide a powerful framework for analysing such dynamics and
quantifying the thermodynamic character of accessible states across
diverse memory technologies. In these devices, noise is not necessar-
ily detrimental, but can support stochastic learning rules*®, enhance
exploration during optimization* and facilitate probabilistic infer-
ence in Bayesian in-memory computing systems>°.
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Methods

Device fabrication

Forthe fabrication of the the buried microheater, a 50-nm-thick plati-
num layer is evaporated onto 200-nm thermal silicon dioxide and
patterned using optical lithography and a lift-off process. It is buried
underneath 25 nm of evaporated tantalum that is subsequently oxi-
dized in an oxygen atmosphere, forming 50 nm of tantalum oxide. An
additional 200 nm of'silicon dioxide is deposited and polished (chemi-
cal mechanical polishing) down to 100 nm.

For the GeTe cell,30-nm GeTeis sputter deposited and capped with
athin layer of silicon dioxide to prevent oxidation during the following
fabrication steps. The layer stack is patterned into the butterfly shape
using HSQresist, electron-beamlithography andionmilling. Toadd elec-
trical connections, vias are etched into the layer stack, 40-nm tungsten
isdeposited and patterned again by electron-beam lithography andion
milling. A5-kQresistanceis added by winding the tungsten lead to protect
the low-resistance crystalline cell against large current spikes. Finally, the
entirestructureisencapsulated in 80 nm of silicon dioxide. Gold contact
padsareadded using opticallithography for contacting with probe heads.

Electrical measurements

The sample chip with hundreds of devicesis placed inaliquid-nitrogen-
cooled cryogenic probe station (Janis ST-500), which sets the base
temperature during the noise measurements with millikelvin accuracy.
Anindividual device is contacted with a Multi-|Z] probe (FormFactor)
mounted on piezo-stages. The microheater is connectedtogroundonone
side,and onthe other side, toasource measure unit (Keithley 2612B) and a
pulsegenerator (Keysight B1525A) over arelay. The GeTe cellis connected
to asignal generator (Agilent 81160A) on one side, and the transmitted
current isamplified (FEMTO DLPCA-200 transimpedance amplifier) and
recorded at alock-in amplifier (Zurich Instruments UHFLI).

Atthestart ofameasurement series, a centre fraction of the GeTe
volumeisamorphized by applyinga7-V, 50-ns rectangular (2-nsleading
and trailing edges) pulse to the GeTe cell. To measure the resistance, a
small0.1-V,10-kHza.c. biasis applied and the transimpedance-amplified
signalis measured using the lock-in amplifier with a1-kHzbandwidth,
which limits the time resolution in the time-resolved noise measure-
ment. We choose 10 kHz as the carrier frequency, since it is above the
1/fnoise contributions of the transimpedance and lock-in amplifiers
and below the characteristic frequencies of other laboratory-specific
external noise sources. The measurement of the1-MQresistor (Fig. 1e)
is close to the noise floor of the setup. The measured amorphous cell
resistanceis frequency independent from the d.c.limitup to gigahertz
frequencies at which parasitic capacitancesin parallel to the GeTe cell
overshadow the signal.

The cellis then partially recrystallized to a value of around 1 MQ.
For this purpose, consecutive 450-K, 10-us heating pulses are applied
tothe microheater. For the following time-domain noise measurement
over1,000 s, thereal part of the lock-in signalis sampled at 20 kHz and
streamed to a computer. Oversampling the signal with respect to the
lock-inbandwidth by a factor 10 avoids aliasing effects. The recorded
signal is decimated and low-pass filtered to 2 kHz, which further sup-
presses external higher-frequency noise contributions.

The time-domainresistance fluctuations are measured in this way
attemperatures ranging from 100 K to 380 K. A specific temperature
isset by applying a defined biasto the calibrated microheater with the
source measure unit. In between the temperature steps, the micro-
heateris switched off and the resistance is remeasured at the cryostat
base temperature. If an increase in the time-averaged resistance is
detected, which would be indicative of structural relaxation and an
escape of the system from the before-investigated region of the land-
scape, themeasurementis aborted and the cellis recrystallized entirely.

Adding a small d.c. offset of 10-50 nA (corresponding to ad.c.
voltage bias comparable in amplitude to the a.c. bias) has little effect
onthekinetics and noise power spectra. For higher biases, we observe

anacceleration of the kinetics consistent with atemperature increase in
the nanoscopic volume rather thanatilting of the energy landscape, as
observed elsewhere®. Although we believe that the role of externalfields
for the shape of the energy landscape is very interesting, the applica-
tion of external fields ideally would be decoupled from the measuring
process. For instance, the additional electric field could be applied
through agate electrode to decouple temperature from field effects.

Markov modelling

Wefit hidden Markov models to the experimental data using the Baum-
Welchalgorithm, asimplemented in the Python package pomegranate™®.
The state emissions are modelled as normal distributions. Each fit is
repeated 100 times with randomized starting parameters to avoid local
likelihood maxima. Data points are assigned to states based on the most
probablestate sequence throughthe time series, whichis calculated using
the Viterbialgorithmimplemented in pomegranate. We check the quality
ofthe model description and estimate the number of observed states by
calculating the (ordinary) pseudoresiduals, as described elsewhere**.

Construction of landscape visualization
Togenerate Fig. 4d, we combine the temperature-dependent transition
rates between states, obtained from the fitted hidden Markov models,
and the temperature-dependent stationary state distribution (7). The
transition rates are analysed using the Eyring equation to extract, for
each directed transition i -, the internal energy contribution AU and
the entropic contribution ASto the corresponding free energy barrier
AF=AU-TAS. Relative basin free energies 6F,= 6U,— T6S, are obtained
by fitting the temperature dependence of m,(T) to equation (4).
Forlandscape visualization, we select atemperatureinterval and
amorphization cycle in which the noise dynamics are governed by five
states. A fully connected five-state system can be clearly visualized in
two spatial dimensions, enabling the interpretable depiction of asam-
pled section of the landscape. The basin energies 6U; determine the
vertical positions of the minima, whereas the entropic contributions
6S;are mapped linearly to the basin widths. Barrier heights are set by
the corresponding AUvalues, and barrier widths are mapped from AS
inthe same way. Landscape segments between the basin minima and
saddle points arelinearly interpolated. The experimentally observed
state sequence at a temperature of 105 K within a 2-s interval is then
plotted asthered trajectory across the reconstructed landscape. Sup-
plementary Video 1 shows an animation of the same trajectory. Fluc-
tuations withinabasinare meanttoillustrate the progression of time.

Data availability
The study generated about 1.5 TB of data, which are available from the
corresponding authors upon request.

Code availability

The code for the analysis of all datasets is available from the corre-
sponding authors upon request. The Markov model analysis uses the
open-source Python package pomegranate™.
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