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𝐼(𝑉) = 𝐼0() sinh{𝛼()[𝑉 − (𝑅𝑆() + 𝑅𝑖)𝐼]}                      (3.1)

𝐼0() = 𝐼0𝑚𝑖𝑛 + (𝐼0𝑚𝑎𝑥 − 𝐼0𝑚𝑖𝑛)𝜆 𝑅𝑆()

𝛼() 𝐼0𝑚𝑖𝑛 𝐼0𝑚𝑎𝑥

𝑅𝑆 𝛼



𝜆

𝑉𝐶 = 𝑉 − 𝑅𝑖 · 𝐼

(𝑉𝐶) = 𝑚𝑖𝑛{Γ−(𝑉𝐶), 𝑚𝑎𝑥[(𝑉𝐶
 ⃖   ), Γ+(𝑉𝐶)]}                      (3.2)

(𝑉𝐶
 ⃖   )

Γ+ Γ−

Γ±(𝑉𝐶) =
1

1 + exp[−𝜂± · (𝑉𝐶 − 𝑉±)]
                           (3.3)

𝜂±

𝑉±

 



𝑅𝑖

𝑅𝑖 𝑉𝑐𝑜𝑟𝑟 =

𝑉 − 𝑅𝑖 · 𝐼



𝑉𝑇

−𝑉𝑇

𝑉𝑇



𝜂𝑟 𝛼

𝐼𝑚𝑎𝑥 𝐼𝑚𝑖𝑛

 

𝐼𝐻𝑅𝑆

𝐼𝐻𝑅𝑆
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 𝑅𝑖

 VT, VR Ri





 

𝐼𝐻𝑅𝑆

𝑉𝑇 𝐼𝐿𝑅𝑆 𝑉𝑅

 𝐼𝐿𝑅𝑆

𝐼𝐿𝑅𝑆



 IHRS

VT  ILRS  VR

 



 

𝐼(𝑉) = 𝐼0() 𝑠𝑖𝑛ℎ{𝛼()[𝑉 − (𝑅𝑐() + 𝑅𝑖)𝐼]}                       (3.4)

𝐼0 𝑅𝑐

𝛼 

 𝑅𝑖  



 𝐼0() = 𝐼𝑜𝑓𝑓 + (𝐼𝑜𝑛 − 𝐼𝑜𝑓𝑓) · 𝜆 𝐼𝑜𝑓𝑓 𝐼𝑜𝑛

𝑅𝑖 𝑅𝑐 

𝑑

𝑑𝑡
=

1 − 

𝜏𝑆(, 𝑉𝑠𝑏)
−



𝜏𝑅(, 𝑉𝑠𝑏)
                                       (3.5)

𝜏𝑆,𝑅

𝜏𝑆(𝑉) = 𝑒𝑥𝑝[−𝜂𝑆(𝑉𝑠𝑏 − 𝑉𝑆,𝑇)]                                      (3.6)

𝜏𝑅(𝑉) = 𝑒𝑥𝑝[𝜂𝑅𝜆𝛾(𝑉𝑠𝑏 − 𝑉𝑅)]                                       (3.7)

𝜂𝑆,𝑅 𝑒𝑡𝑎𝑠 𝑒𝑡𝑎𝑟 

𝑉𝑆,𝑅

𝑖𝑠𝑏

γ≥



𝜎

𝜎

𝜎

𝜎

𝜎





σ

𝜎

𝜎

𝜎

 

σ

𝝈

𝝈

𝝈

𝝈

𝜎



𝜎

 

 

 

 

𝑉 = −0.2 V

𝑉𝑠𝑏 = 𝑉 − 𝑅 · 𝐼 𝑅



−0.2 V

𝐴𝐶 ~ 𝑒−𝛼·𝐿𝑎𝑔𝑠 𝛼 𝛼𝐻𝑅𝑆 = 0.4 𝛼𝐿𝑅𝑆 =

0.17



𝐴𝐶 ~ 𝑒−𝛼·𝐿𝑎𝑔𝑠

 



ô

𝑑𝑥𝑡 = Θ(𝜇 − 𝑥𝑡)𝑑𝑡 + 𝜎𝑑𝑊𝑡                                          (3.8)

𝑥𝑡 𝑡, 𝜇 Θ

𝜎

𝑊𝑡

𝑋𝑛+1 = 𝑋𝑛 + Θ(𝜇 − 𝑋𝑛)Δ𝑡 + 𝜎Δ𝑊𝑛                                  (3.9)

Δ𝑊𝑛

Δ𝑡

Δ𝑊𝑛~𝑁(0, Δ𝑡) = √Δ𝑡 · 𝑁(0,1)

𝑋𝑛+1 = 𝑋𝑛 + Θ(𝜇 − 𝑋𝑛)Δ𝑡 + 𝜎√Δ𝑡 · 𝑁(0,1)                           (3.10)

 

Δ𝑡 𝑑𝑒𝑙

Δ𝑡

𝑑𝑒𝑙

𝑓𝑝𝑠



𝐻0 𝑉𝑡 𝑅𝑃𝑃

𝑉1

𝑉2 0 1.3 𝑉 −1.3 𝑉

0 𝑅1

20 𝑚𝐴





 

𝐼𝑜𝑓𝑓 , 𝑅𝑜𝑓𝑓 , 𝑎𝑜𝑓𝑓



𝐼𝑜𝑛 , 𝑅𝑜𝑛, 𝑎𝑜𝑛

𝐼𝑜𝑓𝑓

𝐼𝐻𝑅𝑆 𝐼𝐿𝑅𝑆 𝑉𝑇 𝑉𝑅



𝐼𝐻𝑅𝑆 𝑉𝑇

𝐼𝐿𝑅𝑆 𝑉𝑅

 



𝐼𝐻𝑅𝑆

𝐼𝐿𝑅𝑆 𝑉𝑇 𝑉𝑅

 

 



𝐼(𝑉) ≈
1

𝛼𝑅
{𝑊 [

𝛼𝑅𝐼0
2

𝑒𝑥𝑝(𝛼𝑉𝑖)] − 𝑊 [
𝛼𝑅𝐼0

2
𝑒𝑥𝑝(−𝛼𝑉𝑖)]}           (3.11)

𝑉𝑖 = 𝑉 − 𝐼 · 𝑅𝑖

𝜆𝑡+1 = [𝜆𝑡 − 𝐻(𝑉𝑖𝑡)] exp {−
Δ𝑡

𝜏𝑖𝑆,𝑅
} + 𝐻(𝑉𝑖𝑡)                       (3.12)

𝜆𝑡 Δ𝑡 𝐻

𝜏𝑆,𝑅 







 

 

𝑀𝑎𝑜𝑓𝑓 = 2.1;  𝑆𝑎𝑜𝑓𝑓 = 0.13;  𝒂𝒐𝒇𝒇 = 𝑀𝑎𝑜𝑓𝑓 + 𝑆𝑎𝑜𝑓𝑓 ∗ 𝑟𝑎𝑛𝑑𝑛;

𝑀𝐼𝑜𝑓𝑓 = 3.7𝐸 − 5;  𝐼𝑜𝑓𝑓𝐿𝑁 = 𝑙𝑜𝑔(𝑀𝐼𝑜𝑓𝑓);  𝑆𝐼𝑜𝑓𝑓 = 0.06;

𝑰𝒐𝒇𝒇 = 𝑒𝑥𝑝(𝐼𝑜𝑓𝑓𝐿𝑁 + 𝑆𝐼𝑜𝑓𝑓 ∗ 𝑟𝑎𝑛𝑑𝑛); 





 



 





 

 

μ

𝑉𝑛𝑜𝑖𝑠𝑒 = 𝑉𝑖𝑛 + 𝜎𝑛𝑜𝑖𝑠𝑒 ·

𝑟𝑎𝑛𝑑𝑛

𝜎



 

𝜎

𝜎 = 90 𝑚𝑉

𝜎

𝜎



𝜎



𝜎 = 90 𝑚𝑉







𝜎

𝜎

σ 𝜎



𝜎

𝜎𝑛𝑜𝑖𝑠𝑒 =

60 𝑚𝑉 𝜎𝑛𝑜𝑖𝑠𝑒 = 150 𝑚𝑉

𝜎𝑛𝑜𝑖𝑠𝑒 = 60 𝑚𝑉

𝜎𝑛𝑜𝑖𝑠𝑒 =

150 𝑚𝑉 𝜎𝑛𝑜𝑖𝑠𝑒 = 60 𝑚𝑉



 𝜎𝑛𝑜𝑖𝑠𝑒 = 60 𝑚𝑉 𝜎𝑛𝑜𝑖𝑠𝑒 = 150 𝑚𝑉

 



                            (4.1)

𝜎 𝜎

𝜎

𝜎𝑛𝑜𝑖𝑠𝑒 = 240 𝑚𝑉



 

 





𝜎 𝜎

𝜎

𝜎𝑛𝑜𝑖𝑠𝑒 = 90 𝑚𝑉

𝜎

𝜎 = 90 mV



𝜎

𝜎

𝜎𝑛𝑜𝑖𝑠𝑒 = 90 𝑚𝑉
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𝜎 𝑅0

𝑅0

𝑅0

𝜎





 

 



𝑉𝑡𝑜𝑡 = 𝑉𝑝𝑟𝑒 − 𝑉𝑝𝑜𝑠𝑡

150 𝑚

𝑉𝑟𝑒𝑎𝑑 = −0.5 𝑉

 

𝜎𝑛𝑜𝑖𝑠𝑒 = 150 𝑚𝑉

R𝑂𝑁/ROFF = (
𝑅𝑅𝑒𝑠𝑒𝑡

𝑅𝑆𝑒𝑡
) = (

𝑉𝑅𝑒𝑎𝑑/𝐼𝑅𝑒𝑠𝑒𝑡

𝑉𝑅𝑒𝑎𝑑/𝐼𝑆𝑒𝑡
) = (

𝐼𝑆𝑒𝑡

𝐼𝑅𝑒𝑠𝑒𝑡
)



𝐼𝑆𝑒𝑡 𝐼𝑅𝑒𝑠𝑒𝑡

𝑉𝑡𝑜𝑡 = 𝑉𝑠𝑒𝑡

𝑉𝑠𝑒𝑡 = 𝑉𝑡𝑜𝑡 = 0.35 𝑉

𝑉𝑟𝑒𝑠𝑒𝑡 = 𝑉𝑡𝑜𝑡 = −1 𝑉

 𝑉𝑠𝑒𝑡

𝑉𝑠𝑒𝑡

0 𝑚𝑠

  𝑉𝑠𝑒𝑡  = 𝑉𝑡𝑜𝑡 =

0.175 𝑉

𝑉𝑠𝑒𝑡 = 𝑉𝑡𝑜𝑡 = 0.35 𝑉

𝑉𝑠𝑒𝑡 = 𝑉𝑡𝑜𝑡 = 0.35 𝑉



t

t =  n ∗ 15 ms 

t  

∆𝑡



∆𝑡 = 150 𝑚𝑠

∆𝑡

∆𝑡



𝑉𝑠𝑒𝑡

∆t

σ = 150mV

𝑅𝑅𝑎𝑡𝑖𝑜 ∆t



0.3 𝑉 −0.3 𝑉

150𝑚𝑠 𝑉𝑠𝑒𝑡  = 𝑉𝑡𝑜𝑡 = 0.6𝑉

𝑉𝑟𝑒𝑠𝑒𝑡  = 𝑉𝑡𝑜𝑡 = −0.55𝑉

(𝜎𝑛𝑜𝑖𝑠𝑒 = 150𝑚𝑉)

∆𝑡

𝑅𝑅𝑎𝑡𝑖𝑜



𝑉𝑠𝑒𝑡

∆t

σ = 150mV

𝑅𝑟𝑎𝑡𝑖𝑜 ∆t



𝑉𝑠𝑒𝑡  = 𝑉𝑡𝑜𝑡 = 0.38 𝑉 𝑉𝑟𝑒𝑠𝑒𝑡  = 𝑉𝑡𝑜𝑡 = −0.58 𝑉

𝜎𝑛𝑜𝑖𝑠𝑒 = 150 𝑚𝑉

⁓ 𝑉𝑠𝑒𝑡

0.35 𝑉 0.4 𝑉 𝑉𝑟𝑒𝑠𝑒𝑡  −0.55 𝑉 0.6 𝑉

∆t



∆t

σ = 150mV

𝑅𝑟𝑎𝑡𝑖𝑜 ∆t



 



∆t

∆t



t

t

 These

 





 

𝜎𝑛𝑜𝑖𝑠𝑒 = 120 𝑚𝑉

𝜎𝑛𝑜𝑖𝑠𝑒 = 120 𝑚𝑉





𝜎𝑛𝑜𝑖𝑠𝑒 = 120 𝑚𝑉

 

𝜎𝑛𝑜𝑖𝑠𝑒  

𝜎𝑛𝑜𝑖𝑠𝑒 . 

𝜎𝑛𝑜𝑖𝑠𝑒

𝜎𝑛𝑜𝑖𝑠𝑒  



𝜎

𝜎

𝜎𝑛𝑜𝑖𝑠𝑒 = 160 𝑚𝑉 𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉

𝜎𝑛𝑜𝑖𝑠𝑒

 𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉 𝜎𝑛𝑜𝑖𝑠𝑒 = 240 𝑚𝑉

𝜎 𝜎𝑛𝑜𝑖𝑠𝑒



𝜎𝑛𝑜𝑖𝑠𝑒 = 160 𝑚𝑉 𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉

𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉 𝜎𝑛𝑜𝑖𝑠𝑒 = 240 𝑚𝑉

𝜎𝑛𝑜𝑖𝑠𝑒

𝜎𝑛𝑜𝑖𝑠𝑒 = 160 𝑚𝑉 𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉

𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉 𝜎𝑛𝑜𝑖𝑠𝑒 = 240 𝑚𝑉
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a Departament d’Enginyeria Electrònica, Universitat Autònoma de Barcelona, 08193 Cerdanyola del Valles, Spain 
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A B S T R A C T   

In this work, we investigated how to include uncorrelated cycle-to-cycle (C2C) variability in the LTSpice quasi- 
static memdiode model for RRAM devices. Variability in the I-V curves is first addressed through an in-depth 
study of the experimental data using the fitdistrplus package for the R language. This provides a first approxi
mation to the identification of the most suitable model parameter distributions. Next, the selected candidate 
distributions are incorporated into the model script and used for carrying out Monte Carlo simulations. Finally, 
the experimental and simulated observables (set and reset currents, transition voltages, etc.) are statistically 
compared and the model estimands recalculated if it is necessary. Here, we put special emphasis on describing 
the main difficulties behind this seemingly simple procedure.   

1. Introduction 

Memristors or Resistive RAMs (RRAMs) are electroformed metal- 
oxide-metal devices that can alter their resistance states in a non- 
volatile fashion. They are currently considered not only for memory 
arrays but also for a plethora of applications including neuromorphic 
computing, logic circuits, cryptography, etc. [1–3]. Nevertheless, one of 
the major drawbacks that this technology currently faces concerns with 
its inherent variability, which is associated with the alternate formation 
and destruction of the filamentary conducting structure at atomic scale 
[4,5]. Since variability is at the heart of RRAM operation, inclusion of 
this phenomenon in any compact model intended for circuit simulation 
environments would be of utmost importance. In this work, we explore 
the introduction of uncorrelated cycle-to-cycle (C2C) variability in the 
quasi-static memdiode model (QMM) for RRAM devices [6]. Correlated 
C2C variability involving time series dependence (simulation results for 
cycle i depend on simulation results for cycle i-1) and chained parameter 
simulations involving multivariate regression (parameter value i 
explicitly depends on parameter value j within cycle k) are the following 
logical steps to investigate after this first attempt. However, before 
entering into the subject, it is important to understand how variability 
affects the simulation results. Uncorrelated C2C variability does not 
mean that the parameter estimands can be independently chosen within 
a certain cycle. Since the generated I-V curve is the result of a sequence 
of operations in which multiple parameters intervene, there is an 

underlying connection among their average and dispersion values. This 
interdependence must be addressed in order to obtain realistic simulated 
curves. In this work, we adopt a simplistic approach which consists in 
estimating first the most suitable distribution functions for the experi
mental observables and then attributing these functions to the corre
sponding most relevant model parameters in each part of the I-V curve. 
However, recall that the final simulated curve is the result of a combi
nation of nonlinear functions with random parameters. In order to 
obtain acceptable results under this scheme, we follow a kind of recur
sive approach in which the model parameters are at the end selected 
according to the statistical results they generate. 

2. Devices and experimental results 

HfO2-based MIM structures [7] were investigated in this work. The 
oxide thickness is 10 nm and the area of the devices 5x5μm2. The bottom 
electrode is a 200 nm-thick W layer and the top electrode is a 200 nm- 
thick TiN layer on top of a 10 nm-thick Ti layer acting as oxygen getter 
material [8]. Simulations are compared with experimental data ob
tained from applying 450 voltage sweeps to the devices described pre
viously. The complete set of experimental I-V curves and the median 
curve are shown in Fig. 1.a. High (IHRS) and low (ILRS) resistance state 
currents are extracted at V = 0.2 V. The snapback (SB) correction is 
calculated as VSB = Vapplied − Ri⋅Imeasured, where Ri is a series resistance 
(internal). Ri is chosen so as to achieve a current increase at a constant 
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transition voltage VT (see Fig. 1.b) [9]. This correction is calculated for 
all the cycles using a different Ri value. The RESET voltage VR is the 
voltage corresponding to the maximum current reached at negative bias. 
The SB current ISB is found from the last data point before the occurrence 
of the SET jump. The parameter extraction was carried out using 
MATLAB. The extracted parameters for the whole set of curves were 
analyzed using the tools available in the fitdistrplus package for the R 
language [10]. Different distributions (normal, lognormal, gamma, and 
Weibull) were fitted to the data and compared. The goodness of fit and 
criteria (minimum values in Table 1) in combination with the quanti
le–quantile (Q-Q) plots are illustrated in Fig. 2, which graphically 
compare the experimental distributions with the parametric models. 
This information is used to determine the best candidate distributions. 

Fig. 2.a, .b and .c show the density plots for VT, VR 
andRicorresponding to the four distributions investigated. According to 
this analysis, VT follows a lognormal distribution while VR and Ri are 
better described by a normal one. The same analysis was carried out for 
the rest of the above mentioned parameters resulting in: normal distri
bution for ISB, and lognormal distributions for IHRS and ILRS. This prior 
information will be used to define the distribution of the leading model 
parameters in the device script. 

3. QMM with variability 

Once the model parameter distributions are established, they are 
included in the header of the QMM model script as shown in Table 2. 
Some model parameters are assumed to be constant in order to avoid 
over-randomness. The LTSpice gauss function and its transformations 
are used to generate the appropriate parameter values and variability. 
According to the QMM [2] the I-V characteristic reads: 

I(V) = I0(λ)sinh{α(λ)[V − (RS(λ) + Ri)I ] } (1)  

where I0(λ) = Iomin + (Iomax − Iomin)⋅λ is the current amplitude factor, RS a 
series resistance, α a fitting parameter and Iomin and Iomax, minimum and 
maximum current values, respectively. Equation (2) relates the memory 
state λ to the voltage across the filament’s constriction VC through the 
recursive hysteresis operator: 

λ(VC) = min
{

Γ− (VC),max
[
λ(VC

←
),Γ+(VC)

]}
(2)  

where Γ+ and Γ− are the so-called ridge functions, which represent the 

ion/vacancy movement for SET and RESET, respectively. λ
(

VC
← )

is the 

memory value a timestep before (dictated by the simulator). The model 
includes other parameters for the fine-tuning of the simulated curves. 

4. Comparison between experimental and simulation results 

The next step consists in performing Monte Carlo simulations using 
the QMM model discussed in the previous Section. In Fig. 3, experi
mental (grey) and simulated (red) curves are compared using three 

Fig. 1. a) Experimental I-V curves: 450 cycles and median curve. b) Voltage 
correction illustrating the snapback effect in a single cycle and parameter 
specification. 

Table 1 
Goodness-of-fit statistics (Kolmogorov-Smirnov, Cramer-von Mises, Anderson- 
Darling) and criteria (Akaike’s and Bayesian) for a) VT , b) for VRand c) for RI .  
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different plots for the I-V curves: a) linear–linear, b) log-linear, and c) 
linear–linear (with SB correction). Although the fitting is not perfect, the 
simulations reproduce the main features of the experimental curves in 
all the cases. The most conspicuous difference occurs in LRS, mainly 
because of a peculiarity of the experimental data. This will be discussed 
in detail next. 

In order to make a fair comparison, the statistical distributions of the 
four observables is considered in Fig. 4. These observables were 

specifically selected so as to compile information from the entire set of 
the I-V curves in the different regimes: IHRS for the HRS curve, VT for the 
SET transition, ILRS for the LRS curve and VR for the RESET transition. 
This compilation was performed without considering the SB correction 
and for a direct evaluation of IHRS and ILRS. As shown in Fig. 4, simulation 
results for IHRS, VT, and VR are consistent with the experimental data. 
However, ILRS exhibits a notorious discrepancy. The reason is clear, for 
the particular case under study, the experimental ILRS histogram presents 

Fig. 2. a), b) and c) show density plots for VT,VR and Ri, respectively, with normal, gamma, lognormal, and Weibull distributions. d), e) and f) show Q-Q plots after 
selecting the best fitting distribution. 
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two peaks which likely corresponds to two different configurations of 
the filamentary path or to competing filaments. The simulated curves 
are unable to capture this feature because of the use of a single distri
bution function. This single distribution is responsible for the large 
central peak shown in Fig. 4.c. This inconsistency illustrates that caution 
should be exercised when unexpected deviations in the experimental 
data occur. 

Finally, Fig. 5 illustrates the importance of C2C correlations in the 
experimental curves [11]. Experimental and simulated data corre
sponding to the time evolution of two parameters (high resistance state 
current IHRS and reset voltage VR) are compared. Notice that our 
approach is unable to generate a trend since the LTSpice simulations 
considered in this work are uncorrelated. These issues will be further 
investigated in the future. 

5. Conclusions 

In this work, we explored how uncorrelated C2C variability can be 
included in the QMM model for resistive switching devices. The exper
imental I-V curves obtained from HfO2-based devices were analyzed and 
the main parameters extracted. The best candidate distributions for the 
experimental parameters were determined using the fitdistrplus package 
from the R language and this information was included in the model 
script. We showed that the model results reproduce reasonably well the 

Table 2 
LTSpice QMM script including variability in the most significant parameters 
taking into account the previously extracted best candidate distributions. In red 
the Gaussian distribution and in blue the lognormal distributions.  

Fig. 3. Experimental and simulated curves comparison. a) I-V curves, b) I-V 
curves in logscale and c) I-V curves applying the SB voltage correction. 
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main features exhibited by the experimental curves. Future in
vestigations will include time series and chained-parameter analysis for 
correlated C2C variability simulations. 
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A B S T R A C T   

Variability of the conduction characteristics of filamentary-type resistive switching devices or resistive RAMs 
(RRAMs) is a hot research topic both in academia and industry because it is currently considered one of the major 
showstoppers for the successful development and application of this technology. In this work, we thoroughly 
investigate the statistics of the cycle-to-cycle (C2C) variability observed in the experimental current–voltage (I-V) 
curves of HfO2-based memristive structures using the fitdistrplus package for the R language. This exploratory 
analysis allows us to identify which parametric probability distributions are the most suitable candidates for 
describing our data. This study involves graphical tools such as the density, skewness-kurtosis (S-K), and 
quantile–quantile (Q-Q) plots. The analysis is completed with the aid of goodness-of-fit statistics (Kolmogorov- 
Smirnov, Cramer-von Mises, Anderson-Darling) and criteria (Akaike’s and Bayesian). The selected distributions 
are incorporated into the SPICE script of the quasi-static memdiode model for resistive switching devices and 
used for simulating uncorrelated C2C variability. Finally, a one-way sensitivity analysis is carried out in order to 
test the impact of the model parameters variation in the output characteristics of the device.   

1. Introduction 

Filamentary-type resistive switching devices or resistive random- 
access memories (RRAMs) are electroformed metal-oxide-metal struc
tures that can alter their resistance state upon the application of an 
external stimulus (voltage, current, light, etc.). In these structures, a 
localized vacancy or ion conducting bridge spans the oxide layer and 
connects or disconnects the opposite electrodes in a non-volatile fashion. 
This means that when power is turned off, the last resistance state of the 
device remains unaltered. Nowadays, this kind of structure is considered 
a promising candidate for a plethora of applications including infor
mation storage, neuromorphic computing, logic circuits, cryptography, 
and many more. [1–3] Nevertheless, one of the major drawbacks that 
this technology must face concerns with its intrinsic variability linked to 
morphologic changes of the conducting filament occurring at the atomic 
scale [4,5]. This is particularly important for the high resistance state 
where a few atoms participate in the conduction process. Since vari
ability is always present in RRAM operation, its inclusion in any 

compact model for such devices would be of utmost importance. In this 
work, uncorrelated cycle-to-cycle (C2C) variability is introduced in the 
quasi-static memdiode model (QMM) [6–7] through the random 
assignment of the model parameter values. We consider here the QMM 
because we are only interested in simulating the devices when subjected 
to ramped voltage with fixed ramp rate. For pulsed measurements, 
where switching times are of utmost importance, a dynamical approach 
is required. Uncorrelated C2C means in this context that the generated 
cycles are considered independent so that no trends in the low (LRS) or 
high (HRS) resistance state are expected. Trends can be included by 
adding the appropriate wearout rules in the definition of the model 
parameteres. The analysis reported here mainly focuses on the spread of 
the I-V curves around the median characteristic. It is worth mentioning 
that for specific applications, the model should be recalibrated since the 
parameter values may be affected by the device state history if it in
volves any kind of irreversible effect. After the inclusion of variability in 
the model parameters, the attention concentrates on the general 
behavior of the QMM. We have investigated how sensitive the model is 

* Corresponding author. 
E-mail address: emili.salvador@uab.cat (E. Salvador).  

Contents lists available at ScienceDirect 

Solid State Electronics 

journal homepage: www.elsevier.com/locate/sse 

https://doi.org/10.1016/j.sse.2023.108667 
Received 10 January 2022; Received in revised form 15 March 2023; Accepted 2 May 2023   



Solid State Electronics 206 (2023) 108667

2

to systematic modifications of the parameter values. The approach fol
lowed is also valid for any other model and it is technically referred to as 
a one-way sensitivity analysis (SA). To be more precise, the sensitivity 
we are discussing relates to how uncertainty in the simulation output 
can be apportioned to different sources of uncertainty in the model in
puts [8,9]. This paper is organized as follows: in Section 2, the fabri
cation process of the devices under investigation and the preparation of 
the experimental data are described. In Section 3, the experimental 
observations are statistically analyzed. In Section 4, the quasi-static 
memdiode model is presented. The inclusion of variability in the 
model script is discussed in Section 5. In Section 6, experimental and 
simulated results are compared and, in Section 7, the one-way SA is 
performed. Section 8 reports the conclusions of this work. 

2. Devices and preparation of experimental data 

The devices studied in this work are HfO2-based metal-oxide-metal 
structures [10]. The oxide thickness is 10 nm and the active area of 
the devices is 5x5 µm2. The bottom electrode consists in a 200 nm-thick 
W layer and the top electrode is a 200 nm-thick TiN layer on top of a 10 
nm-thick Ti layer acting as oxygen receiver material [11]. After the 
electroforming process, the devices are cycled 450 times with a bipolar 
voltage sweep with limits ± 1.5 V. The electrical measurements were 
performed using the Semiconductor Parameter Analyzer (SPA) Agilent 
4156C. The equipment was controlled via GPIB bus and programmed 
with Matlab software. The measured I-V curves are plotted in grey in 
Fig. 1.a. The median curve is plotted in blue. In Fig. 1.b, the snapback 
(SB) correction for a single cycle extracted from the set of experimental 

curves is illustrated. The snapback voltage is defined as 
VSB = Vapplied − Ri⋅Imeasured where Ri is an internal series resistance (it can 
also include any external series resistance). The value of Ri is selected so 
as to provide an almost vertical increase of the current after the SET 
event. This vertical increase occurs at a constant voltage called the 
transition voltage VT. [12] Both Ri and VT are obtained individually for 
each cycle in the measurement set. A number of observables are indicated 
in Fig. 1.b: the high (IHRS) and low (ILRS) resistance state currents are 
obtained by extracting the current values at a fixed voltage, V = 0.2 V, 
the RESET voltage VR is obtained from the voltage corresponding to the 
maximum current reached for negative bias. The last current data point 
before the SET event is the SB current ISB. All these observables are 
extracted from the experimental curves using Matlab coding. In the 
following Section, the statistical distribution of these observables is 
investigated. 

3. Analysis of the experimental results 

In this Section, we investigate the statistical distribution of the ob
servables mentioned in Section 2 using the fitdistrplus package for the R 
language [13]. The obtained results will be used to define the model 
parameters in the QMM SPICE script. First, the Cullen and Frey 
skewness-kurtosis (SK) or Pearson plot is used as an indicator of the 
appropriateness of the different candidate distributions (normal, 
lognormal, gamma, Weibull, logistic, etc.). This plot compares the kur
tosis and the squared skewness corresponding to the available data. For 
some specific distributions (normal, uniform, logistic, exponential), 
there is only one possible value for the skewness and kurtosis. Thus, the 

Fig. 1. A) experimental i-v curves: 450 cycles and median curve. b) voltage correction illustrating the snapback effect in a single cycle and parameter specification.  
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distribution is represented by a single point on the plot. For other dis
tributions, areas of possible values are represented, consisting in lines 
(as for the gamma and lognormal distributions), or shaded areas (as for 
the beta distribution). Notice the location of the observation (blue dot) 
with respect to the theoretical symbols and lines. The yellow points are 
bootstrapped data (random sampling with replacement). Fig. 2.a-c show 
the SK plot for VT, VR, and Ri, respectively. For VT and VR, the figures 
show that the experimental observations are close to the star symbol 
(normal distribution). Nevertheless, the VT observation as well as the 
bootstrapping cloud are slightly shifted almost coinciding with the 
dashed line representing the lognormal distribution. In contrast, for Ri, 

the blue dot and the bootstrapped data show a large kurtosis (leptokurtic 
behavior) which means that the tails of the distribution are heavier than 
those corresponding to a normal distribution. Since the SK plot must 
only be used as a first indicator, further analysis is required before 
concluding which distribution better suits. Next, the different candidate 
distributions (normal, lognormal, gamma, and Weibull) are fitted and 
compared with the experimental observables. The goodness-of-fit (GoF) 
statistics (Kolmogorov-Smirnov, Cramer-von Mises, Anderson-Darling) 
and criteria (Akaike’s and Bayesian) are shown in Table 1. Fig. 3.a-c 
show the density plots for VT, VR, and Ri, respectively, corresponding to 
the distributions investigated. The quantile–quantile (Q-Q) plots, which 
graphically compare the experimental distributions with the parametric 
models, are illustrated in Fig. 3.d-f, for VT, VR, and Ri, respectively. The 
combination of the information obtained from the GoF statistics and 
criteria, and the Q-Q plots were used to determine the most plausible 
distribution for each observable. In summary, the analysis carried out 
indicates that VT follows a lognormal distribution while VR and Ri are 
better described by a normal distribution. The same procedure was 
followed for the rest of the observables resulting in: normal distribution 
for ISB and lognormal distributions for IHRS and ILRS. This information 
will be included in the model parameters of the QMM script and will be 
used to generate a set of simulated curves with variability. 

4. Brief introduction to the QMM 

As mentioned in Section 1, variability simulations and sensitivity 
analysis were performed with the QMM model [7]. This model describes 
the conduction characteristics of bipolar resistive switching devices 

Table 1 
Goodness-of-fit statistics (Kolmogorov-Smirnov, Cramer-von Mises, Anderson- 
Darling) and criteria (Akaike’s and Bayesian) for a) VT, b) for VR and c) for RI.  

Fig. 2. A), b) and c) show the cullen and frey plots for VT, VR and Ri 

respectively. 
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Fig. 3. A), b) and c) show density plots for VT,VR and Ri, respectively, with normal, gamma, lognormal, and Weibull distributions. d), e) and f) show Q-Q plots after 
selecting the best fitting distribution. 
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using a hysteresis operator which keeps track of the memory state of the 
device. The origin of the switching is related to the formation of a 
conducting filament (CF) spanning the dielectric film caused by the 
application of an external field (SET process for the transition HRS to 
LRS). The CF is created as a consequence of the displacement and 
accumulation of metal ions or oxygen vacancies (depending on the de
vice type). The CF can be ruptured by the application of a field with 
opposite sign (RESET process for the transition LRS to HRS). According 
to the QMM, the I-V characteristic reads: 

I(V) = I0(λ)sinh{α(λ)[V − (RS(λ) + Ri)I ] } (1)  

where I0(λ) = I0min +(I0max − I0min)λ is the current amplitude factor, 
RS(λ) a variable series resistance, and α(λ) a fitting parameter. I0min and 
I0max are minimum and maximum current values (same for RS and α), 
respectively. According to (1), for low currents, I depends exponentially 
on V whereas for high currents, I depends linearly on V. Equation (2) 
expresses the relationship between the memory state λ and the voltage 
across the filament’s constriction VC = V − RiIthrough the recursive 
hysteresis operator: 

λ(VC) = min
{

Γ− (VC),max
[
λ
(

VC
← )

,Γ+(VC)
]}

(2)  

where λ
(

VC
← )

is the memory value a timestep before (in practice dictated 

by the simulator timestep). Γ+ and Γ− are the so-called positive and 
negative ridge functions (sigmoidals), respectively, and are expressed as: 

Γ±(VC) =
1

1 + exp[ − η±⋅(VC − V±) ]
(3)  

which represent the creation (+) and dissolution (-) processes of the CF. 
η± (etas and etar in the model script) are the set (+) and reset (-) tran
sition rates and V± are the threshold voltages for set (+) and reset (-). 
The model uses other parameters for the fine-tuning of the simulated 
curves (see the script in Table 2). The model is implemented in LTspice 
using an equivalent circuit with behavioral current sources and includes 
the snapback (isb) and snapforward (gam) effects. 

5. Simulation with variability using the QMM 

Once the model parameter distributions were established (see Sec
tion 3), they were included in the QMM model script (see Table 2). Some 
of the model parameters were assumed to be constant to avoid over- 
randomness in the output curves. The LTspice gauss function and its 
transformation were used to generate the appropriate parameter values 
and variability. Simulations were performed having in mind the 
particular features of the experimental curves, such as the voltage span 
and the number of cycles. The parameters (including variability) are 
calculated at the beginning of each cycle and are kept constant until the 
next cycle. The goal was to reproduce as close as possible the median 
curve and the spread of the experimental data set. Since ultimately the 
simulated I-V curves are the result of a sequence of operations in which a 
number of random parameters are involved, there is always an under
lying connection among the mean and dispersion values that need to be 
considered in order to achieve a consistent set of curves. To control this 
interdependence an iterative optimization process was followed to 
adjust the simulation parameters for obtaining close agreement with the 
experimental curves. The simulated observables and their variability 
obtained from a complete simulation run were analyzed first. With this 
information at hand the parameter values were modified in the appro
priate direction (with the help of the one-way SA approach) and the 
simulation was performed again. This process was repeated until coin
cidence is achieved, within certain error margins, between the experi
mental and simulation results. Notice we included variability in 7 out of 
15 model parameters, this combination was found to be reasonable for 
reproducing the experimental curves. For other devices, less variable 
parameters might be enough to reproduce their behavior, in fact a basic 
variable set of curves can be obtained by including the ‘gauss’ LTSpice 
function in 4 parameters (imin, imax, isb and vr). 

6. Comparison between experimental and simulation results 

Simulations using the QMM model were performed taking into ac
count the iterative optimization process discussed in the previous Sec
tion. In Fig. 4, experimental (black) and simulated (blue) curves are 

Table 2 
LTSpice QMM script including variability in the most significant parameters taking into account the previously extracted best candidate distributions. In red the 
Gaussian distributions and in blue the lognormal distributions.  
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Fig. 4. Experimental and simulated curves comparison. a, d) I-V curves, b, e) I-V curves in logscale and c, f) I-V curves applying the SB voltage correction for 
experimental and simulated respectively. 
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compared using three alternative plots for the same set of I-V curves: a) 
and d) linear–linear axes, b) and e) log-linear axes, and c) and f) line
ar–linear axes (with SB correction). The fitting is reasonably good and 
simulations reproduce the main features of the experimental curves in 
all the cases. The most conspicuous difference occurs in LRS, mainly 
because of a peculiarity of the available experimental data. This will be 
discussed later. A deeper and fairer comparison between the experi
mental and simulated observables is presented in Fig. 5. This figure 
shows the statistical distributions corresponding to the four main ob
servables. Aiming to compile information from the different sections of 
the I-V curves, the following observables were specifically selected: IHRS 
for the HRS curve, VT for the SET transition, ILRS for the LRS curve, and 
VR for the RESET transition. This compilation was performed using the 
corrected I-V curves for VT and VR, and the raw I-V curves, i.e. without 
applying the SB correction for a direct evaluation of IHRS and ILRS. As 
shown in Fig. 5, the density plots corresponding to the experimental and 
simulated data, IHRS and VT are reproduced correctly. VR presents a 
curious effect: taking a closer view at the raw I-V curves, the dispersion 
in the simulations is clearly higher than in the experimental case, but for 
the corrected I-V curves, the dispersion is well reproduced. Instead, ILRS 
exhibits a big difference. The reason is clear, for the case under study, 
the experimental ILRS histogram shows a double peak which likely cor
responds to two different configurations of the CF or different coexisting 
CFs. Since the approach we are reporting here only considers a single set 
of parameters for each distribution, the simulated curves cannot 
reproduce the two distributions experimentally observed. Our parame
ters are only able to generate a single peak as illustrated in Fig. 5.c. This 
inconsistency illustrates that caution should be exercised when unex
pected deviations in the experimental data occur and additional features 
are required to simulate them appropriately. 

As an indicator of the importance of considering the time series 
evolution and the correlation among parameters, Fig. 6 shows experi
mental and simulated data corresponding to the C2C variability of two 

parameters: the high resistance state current a) IHRS and the RESET 
voltage b) VR [14]. Both figures show the presence of a trend in the 
experimental observables. Notice that our approach is unable to 
generate this trend since the LTspice simulations considered in this work 
do not include cross-correlation among parameters. Aiming to compare 
the fluctuation of the observables without trends, Fig. 6 c) and d) illus
trate the difference in the observable between cycle k + 1 and cycle k 
both for IHRS and VR, defined as ΔIHRS and ΔVR, respectively. As ex
pected, the plots show that the experimental and model fluctuations are 
of the same order of magnitude regardless the cycle number. In order to 
quantify this fluctuation, different indicators are presented in Table 3: 
the mean value μ, i.e. the first moment of the distribution, the standard 
deviation (σ), i.e. the second moment of the distribution, the inter
quartile range (IQR), a measures of the data spread, and the mean ab
solute deviation (MAD), which represents the average distance between 
each point and the mean value. Table 3 compares the four indicators 
(experimental and simulated), for the four different observables indi
cated in Fig. 6. It can be seen that the indicators are similar for all the 
observable which points out that the fluctuations are correctly captured. 

7. One-way sensitivity analysis of the output curves 

As mentioned in Section 1, a one-way sensitivity analysis (SA) was 
also carried out as part of this study. This analysis was performed 
considering a voltage sweep high enough to achieve the full SET and 
RESET states of the I-V cuves without introducing irreversible damage to 
the devices. To understand why the applied voltage is an important issue 
for this analysis, Fig. 7 illustrates the role played by the maximum 
applied voltage (Vapp) on the simulations. The figure includes indicators 
for the trends of the four different observables as the maximum applied 
voltage is increased. Notice that if the voltage is set to 1.5 V (black 
curve), the simulated curve does not reach the full HRS, which means 
that the RESET process is not complete. Therefore, if the referred voltage 

Fig. 5. Comparison of experimental and simulated parameter distributions: a) IHRS, b) VT, c) ILRS, and d) VR.  
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is not high enough, it will seriously affect the sensitivity studies per
formed on the rest of observables. This is an important point to consider 
within this analysis. 

In what follows, we will only take into account complete SET and 
RESET processes. This can be achieved with a maximum applied voltage 
of ± 2.5 V (see Fig. 7 in green). The parameters were swept one at a time 
(50 steps each) in a reasonable range (this process does not include C2C 
variability) and the obtained I-V curves analyzed. Fig. 8 shows the 
relative variation of the observables as a function of the relative varia
tion of selected model parameter: a) ηr or etar (reset transition rate), b) α 

or alpha (I-V slope parameter), c) Imax, and d) Imin (maximum and min
imun currents). Table 4 summarizes the magnitude and trend associated 
with the variation of each observable in terms of all the modified model 
parameters (a change of ± 30% from its reference value was considered 
for the analysis). The reference parameters are those obtained from the 
fitting of the median I-V curve (see Fig. 1). Notice that Table 4 uses 
colors and signs. Red color is associated with almost no dependence 
between the observable and the model parameter; orange indicates that 
for a 10% model parameter variation, less than 10% variation is 
detected in the observable and green corresponds to a variation larger 
than 10%. (+) or (-) indicate direct or inverse dependence, respectively. 
Reading the first column of Table 4, we can see the impact of all the 
inputs over the observable IHRS. It is observed for IHRS a strong and 
positive dependence on alpha, Imin, and gam. It also exhibits strong and 
inverse dependence on Vapp and etar, weak and positive effect from Vr 
and Imax and it is scarcely affected by Ri, etas, Rs, and Isb. This kind of 
test is of utmost importance for investigating the sensibility of the 
considered simulation model when subjected to variability. 

8. Conclusions 

In this work, we investigated uncorrelated C2C variability in RRAM 
devices using the QMM model. The analysis consisted in comparing 
experimental I-V curves, obtained from HfO2-based devices with SPICE 
simulations. First, the experimental curves were analyzed and the main 
observables extracted. By means of the different tools available in the 
fitdistrplus package from the R language, the best candidate distributions 
for the experimental observables were determined. The obtained infor
mation was included in the model script. Simulations indicate that the 
QMM model can reproduce reasonably well the main features exhibited 
by the experimental curves in terms of mean value and variability. It was 

Fig. 6. Time evolution of experimental and simulated parameters for: a) HRS 
current, b) reset voltage, c) and d) the difference in the observable between 
cycle k + 1 and cycle k for IHRS and VR (ΔIHRS and ΔVR). 

Table 3 
Different indicators for studying the fluctuations of: HRS current, reset voltage, 
and the difference in the observable between cycle k + 1 and cycle k for IHRS and 
VR (ΔIHRS and ΔVR).   

VR IHRS ΔVR ΔIHRS 

Exp σ 0.0455 1.08e-05 0.0458 7.63e-06 
Sim σ 0.0381 7.84e-06 0.0541 1.12e-05 

Exp IQR 0.0624 1.29e-05 0.0555 7.53e-06 
Sim IQR 0.0523 8.96e-06 0.0784 1.29e-05 
Exp MAD 0.0455 1.08e-05 0.0458 7.63e-06 
Sim MAD 0.0381 7.84e-06 0.0541 1.12e-05  

Fig. 7. Simulated I-V curves for different applied voltages. The change in the 
observables is indicated. 
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also shown that the study of time series and chained-parameter analysis 
for correlated C2C variability simulations is a required action. We also 
investigated the impact that variations in the model inputs (parameters) 
have in the model outputs (observables) using a one-way sensitivity 
analysis. The role of each model parameter was assessed and presented 
graphically summarizing the intensity and detected trend between 
parameter and observable (direct or inverse). 
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from the Universitat Autònoma de Barcelona, Bellaterra, Spain, 
in 1986. She joined the Institut de Microelectrònica de Barce
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A B S T R A C T   

In this letter, a method for dealing with the time-dependent dielectric breakdown (TDDB) of oxide layers in MOS 
and MIM structures in the framework of SPICE simulations is reported. In particular, we focus the attention on 
the clustering model (Burr’s XII distribution) for dielectric breakdown which can be considered an extension of 
the well known Weibull model. The oxide time-to-breakdown for both models is calculated using the inversion 
method for the cumulative distribution function. For the sake of completeness, the proposed approach includes 
uncorrelated variability both in the initial and final resistance states. For illustrative purposes, it is also shown 
how voltage acceleration, progressive breakdown or any other correlation factor can be introduced in the 
simulation parameters. As an application example, the proposed method is used to simulate the simplest case of a 
gate-to-drain dielectric breakdown of a NMOS-based inverter circuit.   

1. Introduction 

Because of the stochastic nature of the dielectric breakdown (BD) 
phenomenon in metal–oxide–semiconductor (MOS) and metal
–insulator-metal (MIM) devices, its statistical features need to be 
addressed in terms of probability distributions. The most widely used 
distribution representing the time-to-BD statistics for constant or ram
ped voltage/current stress is the Weibull distribution [1]. This is a very 
flexible distribution able to capture different failure rate regimes, the 
most relevant one in the context of oxide reliability being the wearout 
phase (increasing failure rate). In previous studies, Monte Carlo simu
lations were used to investigate compound Weibull distributions [2] as 
well as the deviations caused by the oxide thickness variation and series 
resistance effect [3]. However, in recent years, oxide failure data have 
been shown to follow in many cases the so-called time-dependent 
clustering (TDC) model, from which the Weibull distribution can be 
derived as one of its limits [4]. Weibull and TDC coincide at the lowest 
percentiles but they notoriously differ at the highest ones. Importantly, 
TDC not only applies to failure data but also to the set and reset voltages 
of memristive devices based on the resistive switching (RS) mechanism 
[5,6]. TDC is a member of the Burr’s family of distributions (Burr XII) 
and it can be regarded as a superposition of Weibull distributions with 
different scale factors [7]. This distribution of scale factors can arise for 
instance from a nonuniform gate oxide thickness from device to device 

which reflects in a wider spread of the BD times. In the case of RS de
vices, the distribution of scale factors can be attributed to the different 
current capacities of the generated filamentary structures. In any case, 
TDC involves some kind of additional variability in the analyzed data 
(detectable or undetectable) other than the weakest link character of 
dielectric BD. Monte Carlo simulations were also used to investigate TDC 
in the context of Bayesian inference [8] and non-uniform BD [7,9,10]. In 
this work, TDC is implemented in the LTspice XVII circuit simulator 
from Analog Devices [11] with the aim of simulating the oxide failure 
event occurring during a constant voltage stress. This is the typical 
experiment considered for qualifying a given MOS or MIM technology 
and is often referred to as Time-Dependent Dielectric Breakdown 
(TDDB). The proposed methodology can be adapted to more complex 
situations in which device area, stress voltage and temperature accel
eration or correlation effects across model parameters and/or in be
tween the initial and final resistance states of the device need to be 
considered. In the general case, to accomplish these objectives one can 
make use of feedback signals (current or voltage) acting on the behav
ioral electric components provided by the simulator or by adding new 
elements to the basic circuit. Here, we will concentrate on the simplest 
case, i.e. when the applied voltage directly drops across the device under 
test but series resistance effects can be easily included in the simulations. 
Once the simulation ends, measurement directives allow extracting the 
target information for further analysis or just for the generation of 
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statistical reports. The method is extended to the case of progressive 
breakdown of the oxide layer. A simple example consisting in a biased 
MOS transistor with a gate-to-drain dielectric BD working as an inverter 
is used to illustrate how the proposed approach operates in a circuit 
environment. 

2. Theoretical considerations 

According to the TDC model, the cumulative distribution function for 
the BD events reads: 

FC(t) = 1 −
[

1 +
1
α

(t
τ

)β
]− α

(1)  

where α is the clustering factor, β the shape factor, and τ the scale factor 
(characteristic time). τ corresponds to the 63rd percentile value of the 
failure time. Following [8], expression (1) can be rewritten as: 

F(t) = 1 − exp
{
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]}

(2)  

so that considering a series expansion results: 

F(t) = 1 − exp
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(3)  

For α→∞, the Weibull distribution is obtained: 

FW(t) = 1 − exp
[

−
(t

τ

)β
]

(4)  

It can be demonstrated that expression (4) coincides with expresion (1) 
at the lowest percentiles. In Fig. 1, the corresponding Weibit functions W 
calculated as W = ln[-ln(1-F)] are plotted. In order to generate BD times 
consistent with Eq. (1) and therefore with Eq. (4) in the appropriate 
limit, Eq. (1) is inverted for a uniform random number u ~ Unif[0,1] so 
that the BD time reads: 

t = τ
{

α
[
u− 1

α − 1
]}1

β (5)  

Notice that since u is uniformly distributed, 1-u is also uniformly 
distributed. As reported in [12], for the model parameters considered in 
this work, τ is a voltage-dependent parameter which in the framework of 
the E-model (voltage acceleration) [7,13] is expressed as: 

τ = τ0exp[ − γ(V − I • RS) ] (6)  

whereτ0 and γ are constants, V the applied voltage, I the current flowing 
through the device and RS a series resistance. Eq. (6) illustrates how the 
potential drop in a series resistance can be introduced in the charac
teristic failure time as a feedback or correction term. This kind of effect 
has been reported in [3]. 

It is also worth mentioning that alternative expressions for the 
voltage acceleration factor in Eq. (6) such as the Vn-model [14], 1/E- 
model [7] or E½-model [2] can be considered as well. 

3. SPICE model and simulation results 

Simulations were carried out using the LTspice XVII simulator. This 
is a free downloadable circuit solver with a powerful simulation engine. 
For the sake of simplicity, the clustering parameters reported in [12] for 
the first BD event in Al2O3/HfO2-based devices are considered. This is 
not relevant in the context of this work since we are not focusing neither 
on a particular device nor technology. We are presenting a computa
tional method for its use in a circuit simulator which can be easily 
adapted to the user’s particular needs. Since we will not analyze here the 
case of multiple failure events, the potential drop in Eq. (6) caused by 
the current flowing through the device can in principle be neglected. The 
proposed circuit schematic is illustrated in Fig. 2. After the definition of 
the total simulation time (200 s) and maximum timestep (1 ms), the 
parameter run (from 1 to 200 in unity steps) determines the number of 
independent simulations to be generated. Then, parameters α (a), β (b), 
τ0 (t0), and γ (gam) are specified. seed (1000) is a parameter used to alter 
the random number generator output. tbd computes the BD time using 
Eqs. (5) and (6) with uniform random numbers generated by the stepped 
parameter run. Vs (7 V) is the stress voltage. R specifies the device 
resistance before (R0) and after (RBD) the BD event. time > tbd is a logic 
expression whose value is 1 for time > tbd and 0 for time < tbd. For 
simplicity, pre- and post-BD resistance values with Gaussian variability 
were assumed here but notice that these componenst can be easily edited 
so as to represent the current flowing through the fresh device 
(tunneling, Schottky, Poole-Frenkel, etc.) and the BD current (soft or 
hard BD, quantum point contact: R = h/(2e2N), etc.). R abruptly changes 
as the simulation proceeds according to tbd. Finally post-processing di
rectives (.meas) provide the required outcomes as a function of the 
simulation run. In this particular case, the BD time is stored in the 
variable called time_to_BD. The current flowing through the device at the 

Fig. 1. Simulated data using the LTspice model (symbols) and calculated 
curves (lines) using Eqs. (1) and (4). The blue dashed line corresponds to the 
Weibull model. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 

Fig. 2. Complete schematic in LTspice for the time-dependent clustering and 
Weibull models for dielectric breakdown. The complete explanation about the 
expressions and commands used in this script is provided in Section 3. 
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onset (0 s) and end time (200 s) of the simulation are also recorded for 
further analysis. All these results can be viewed using the Plot.step’ed. 
meas data option (right click on the mouse) in the VIEW → SPICE Error 
Log tag. Notice that the BD times generated in this way can exceed the 
chosen simulation time window. In this case a redefinition of the total 
simulation time is required in order to avoid censoring. Average 

quantities or specific circuit values at a given time or condition can also 
be achieved using similar directives. 

Fig. 1 shows the Weibit plot for the simulated BD times according to 
the TDC (see Fig. 3.a) and Weibull (see Fig. 4.b) approaches. Notice the 
close agreement between the simulated data and the theoretical curves 
calculated using Eqs. (1) and (4). As expected, both distributions coin
cide at the lowest percentiles and differ for the longest BD times. For 
completeness, Fig. 3.b and 4.b show the BD times and the initial and 
final current values as a function of the simulation run. Correlation plots 
are provided for the TDC model in Fig. 5. In the present case, currents 
are straightforwardly linked to the resistance values so that no corre
lations across calculated variables are expected. These plots are just for 
illustrating the kind of analysis that can be performed using the post- 
processing tools (.meas in Fig. 2) the simulator offers. 

In addition, Fig. 6 illustrates how the proposed approach can deal 
with voltage acceleration (see Eq. (6)). As the applied voltage is reduced 
(Vs = 9, 7, and 3 V), longer BD times are statistically observed. This is 
equivalent to the addition of a series resistance in the circuit mesh. The 
acceleration law appears as a multiplicative factor in Eq. (6) and this 
affects both the average value and dispersion of the BD times. 

The proposed approach also allows modeling progressive breakdown 
of the oxide layer. If a sigmoidal evolution [15] is assumed for the 

Fig. 3. A) ltspice simulations of the bd process using tdc. b) the time-to-bd, post-bd current and initial current as a function of the simulation number are 
also reported. 

Fig. 4. A) ltspice simulations of the bd process using weibull. b) the time-to-bd, post-bd current and initial current as a function of the simulation number are 
also reported. 

Fig. 5. Correlation plots among generated variables using TDC: a) time-to-BD 
as a function of the fresh current magnitude, b) post-BD current as a function 
of the fresh current magnitude. In this case, no specific correlations 
are expected. 
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breakdown resistance R in Fig. 2: 

R = (RBD − R0){1 − exp[ − k(time − tbd) ] }⋅(time > tbd)+R0 (7)  

the results shown in Fig. 7 are obtained. k is a constant referred to as the 
degradation rate and depends on the applied voltage [16]. In this case, 
progressive breakdown and clustering/weibull models are combined in 
a single approach. As expected, the final state of the device depends on 
the total simulation time, the time-to-BD, and the initial and final dis
tributions of resistances. As is clearly seen in Fig. 7′s inset, the final 
breakdown current is no longer gaussian-distributed, i.e. degradation 
time matters. 

4. Application to circuit simulations 

The simulation of a failure event in SPICE or in any other simulator is 
important not only for the effects occurring in the device itself but also 
for the consequences this event can generate in the rest of a circuit 
[17,18,19,20,21]. As an application example, Fig. 8 shows the effects of 
a severe gate-to-drain dielectric BD occurring in transistors. Only the 
TDC case is investigated here for a simple NMOS inverter circuit. The 
same parameter values as in the previous sections were used just for 
illustrative purposes but they actually need to be tuned for the pulsed 
stress (dead times need to be considered). As shown in Fig. 8.a a pulsed 
signal (0–5 V) with duty cycle 0.5 is applied to the gate of the transistor 
(2 N7002). At ~ 35 s, according to the TDC distribution, the oxide 
breaks down establishing a direct path between gate and drain. A simple 
resistor (hard BD) was considered here but a power-law (soft BD) for the 
current–voltage characteristic can also be assumed [13,18,22]. From 

Fig. 6. Simulated curves using the TDC model with applied voltages: a) Vs = 9 V, b) 7 V, and c) 3 V.  

Fig. 7. Simulated curves using the TDC model and the progressive breakdown 
resistance (see Eq. (7)). The inset shows the final current magnitude as a 
function of the time to breakdown. Curves were obtained using the script shown 
in Fig. 2 with k = 0.1 s− 1. 
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this point on, the circuit does no longer work as expected. Fig. 8.b shows 
the transfer function before and after the BD event. The channel current 
cannot be switched off and the gate current reaches positive and nega
tive values as reported in [20]. The bottom panel in Fig. 8.c illustrates 
that, though the device still operates as an inverter, the output voltage 
excursion becomes limited. In [23], a similar problem was addressed in 
SPICE but considering the contribution of several independent voltage- 
controlled current sources in the gate-drain circuit. The authors 
analyzed the impact of a successive BD events on the performance of a 
ring oscillator. In this case, Monte Carlo simulations were carried out in 
combination with the Weibull distribution. Successive BDs in a CMOS 
inverter and their impact on the frequency drift of a ring oscillator were 
also investigated in [24] but again in the context of Weibull distribution. 
For the case of a gate-to-channel short, a model consisting in third order 
polynomial sources at the drain and source with a third current source in 
between drain and source with value proportional to the channel current 
was proposed in [25]. In none of the cases, the script used for generating 
the oxide BD data was provided. 

5. Conclusions 

A SPICE approach for simulating the breakdown time of the oxide 
layer in MOS and MIM structures was reported. We show how the 
clustering model for dielectric breakdown can be implemented using the 
inversion method for the cumulative distribution function. The Weibull 
distribution is included as a limiting case. Most of the paper is devoted to 
abrupt breakdown events, but it has also been shown how the equations 
can be adapted to the progressive breakdown case. A simple example 
(NMOS inverter with a gate-to-drain hard breakdown) showing how the 
proposed approach applies in a circuit environment was also presented. 
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namic memdiode model for bipolar-type RRAM devices 3 
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Abstract: Modeling in an emerging technology like RRAM devices is one of the pivotal concerns for 7 

its well-development. In the current bibliography, most of the models face difficulties to implement 8 

or simulate unconventional scenarios, particularly when dealing with complex input signals. In ad- 9 

dition, circuit simulators like SPICE require long running times for high resolution results because 10 

of their internal mathematical implementation. In this work, a fast, simple, robust, and versatile 11 

model for RRAM devices built in MATLAB is presented. The proposed model is a recursive and 12 

discretized version of the dynamic memdiode model (DMM) for bipolar-type resistive switching 13 

devices originally implemented in LTspice. The DMM model basically consists in two coupled equa- 14 

tions: one for the current (non-linear current generator) and a second one for the memory state of 15 

the device (time-dependent differential equation). This work presents an easy-to-use tool for re- 16 

searchers to reproduce the experimental behavior of their devices and predicting the outcome from 17 

non-trivial experiments. Three study cases are reported aimed at capturing different phenomenol- 18 

ogies: a frequency effect study, a cycle-to-cycle variability fit, and a stochastic resonance impact 19 

analysis. 20 

Keywords: RRAM, memristor, MATLAB, Stochastic Resonance, Variability 21 

1. Introduction 22 

In recent years, the scientific community in the microelectronics field has expressed 23 

huge interest in RRAM (Resistive Random Access Memory) devices due to their unique 24 

properties such as low power consumption, high scalability, endurance, and CMOS com- 25 

patibility, among others [1]. As the switching material, these devices can be based on metal 26 

oxides like TiO2 or HfO2, chalcogenide glasses, lower dimensional materials like nan- 27 

owires or nanodots as well as other novel materials like metal-oxide frameworks [2-4]. 28 

Their application range include logic circuits, neuromorphic systems, cryptology, and in- 29 

formation storage [5-9]. Since RRAM devices are still an emerging technology, device 30 

level characterization and powerful modeling tools are key for enhancing its evolution to 31 

a massive commercialization. Up to the date, a lot of models are implemented in simula- 32 

tors like Spice or Verilog [10]. These simulators are useful for complex architectures in- 33 

volving several devices but also lead to long waiting times for running the simulations 34 

and post-processing the data. In this work, a simple and effective tool is presented for 35 

reproducing the behavior of single RRAM devices in MATLAB, a common and well- 36 

known programming language. The advantages of the tool presented consist in easy im- 37 

plementation (since the script is openly included in the manuscript), straightforward data 38 

analysis, short simulating running times, and versatility in terms of parameters definition 39 

and input possibilities (applying non-trivial signals like noise). In the current literature, a 40 

few works using MATLAB for RRAM modeling are discussed. In [11], different existing 41 

models were studied using MATLAB simulations. In [12], a Kinetic Monte Carlo simula- 42 

tion in MATLAB to estimate and optimize the reliability of RRAM devices was reported. 43 

In [13], the implementation of a memristor-based neural network using MATLAB, Sim- 44 

ulink and LTspice for simulations and analysis was presented. In this work, the presented 45 
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tool consists in a recursive version of the dynamic memdiode model (DMM) for RRAM 46 

devices, which was originally built for LTspice [14]. Its main features and the correspond- 47 

ing script are introduced in Section 2. In Section 3, a study about the effect of the input 48 

signal frequency is shown. Section 4 disserts a method for incorporating cycle-to-cycle 49 

variability in the model. Finally, a stochastic resonance impact study is presented in Sec- 50 

tion 5.   51 

2. Dynamic Memdiode Model 52 

This section introduces the DMM, which is defined by means of mainly two coupled 53 

equations, one for the current conduction and another for the memory state. The DMM is 54 

a compact behavioral model built under the idea that the current flows through a conduc- 55 

tive filament (CF) running across the insulating layer of a metal-insulator-metal/semicon- 56 

ductor structure. The CF is created and destroyed as the consequence of the application 57 

of an external field, and this is the origin of the switching behavior [15-16]. For a bipolar- 58 

type resistive switching device, the DMM reads: 59 

𝐼(𝑉) = 𝐼0(𝜆)sinh⁡{𝛼(𝜆)[𝑉 − (𝑅𝑖 + 𝑅(𝜆))𝐼]} (1) 

where  𝐼0(𝜆) = (𝐼𝑜𝑛 − 𝐼𝑜𝑓𝑓)𝜆 + 𝐼𝑜𝑓𝑓  is the current amplitude and 𝜆 the memory state (l 60 

in the model script) which ranges from 0 to 1. 𝛼(𝜆) (a in the model script) and 𝑅(𝜆) are 61 

defined in the same way as 𝐼0. ‘off’ and ‘on’ terms are linked to the high and low-resistance 62 

states (HRS and LRS), respectively. 𝑉 is the input voltage and 𝑅𝑖 is a constant series re- 63 

sistance [14]. After some considerations thoroughly discussed in [17], the discrete recursive 64 

approach for the I-V characteristic reads: 65 

𝐼(𝑉) ≈
1

𝛼𝑅
{𝑊 [

𝛼𝑅𝐼0
2

𝑒𝑥𝑝(𝛼𝑉𝑖)] −𝑊 [
𝛼𝑅𝐼0
2

𝑒𝑥𝑝(−𝛼𝑉𝑖)]} (2) 

where W is the Lambert function (lambertw in MATLAB) and 𝑉𝑖 = 𝑉 − 𝐼 · 𝑅𝑖. Next, the 66 

evolution of the memory state in the DMM is written as the following balance equation: 67 

𝑑𝜆

𝑑𝑡
=
1 − 𝜆

𝜏𝑆
−

𝜆

𝜏𝑅
 (3) 

(3) is the general equation for a redox process and is a nondimensional differential 68 

equation. 𝜏𝑆,𝑅 are the characteristic switching times for the set and reset transitions, respec- 69 

tively. According to our convention, the set occurs at positive bias and the reset at negative 70 

bias. Again, after some approaches discussed in [17], the recursively expressed and discre- 71 

tized version of (3) reads:  72 

𝜆𝑡+1 = [𝜆𝑡 − 𝐻(𝑉𝑖𝑡)] exp {−
Δ𝑡

𝜏𝑖𝑆,𝑅
} + 𝐻(𝑉𝑖𝑡) (4) 

𝜆𝑡 is the memory state, Δ𝑡 the selected timestep and 𝐻 the Heaviside step function.  73 

𝜏𝑖𝑆(𝑉𝑖𝑡) = exp⁡[−𝜂𝑆(𝑉𝑖𝑡 − 𝑉𝑆)] (5) 

𝜏𝑖𝑅(𝑉𝑖𝑡) = 𝑒𝑥𝑝⁡[−𝜂𝑅𝜆
𝛾(𝑉𝑖𝑡 − 𝑉𝑅)] (6) 

where⁡𝜂𝑆,𝑅 and 𝑉𝑆,𝑅 (vs and vr in the model script) are the transition rates (𝜂𝑆 > 0, 𝜂𝑅 < 74 

0, etas and etar in the model script respectively) and reference switching voltages (𝑉𝑆 > 75 

0, 𝑉𝑅 < 0). Physically, these dependences are linked to the movement of metal ions or oxy- 76 

gen vacancies. 𝛾 or gam, in the model script, controls the reset transition rate. The model is 77 

ruled by equations (2) and (4). (5) and (6) are auxiliar functions. The complete script is 78 

reported in Table 1, for the reader possibility to copy and use it for its own purposes. In 79 

the model script, the first section (in black) builds the input signal. The second section (in 80 

green) is dedicated to the model parameters and initial conditions. The third section of the 81 

script (in blue) presents the auxiliar functions required by the model equations. The fourth 82 

section (in red) calculates the current I(t+1) and the memory state l(t+1). Finally, (in violet) 83 
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the simulated currents and voltages are stored in the Im and Vm variables and plotted in 84 

the last two lines of the script, in addition the memory state is stored in the lm variable. 85 

The same color pattern is followed in Appendixes A, B and C where the scripts for the case 86 

studies in the following Sections 3, 4 and 5 are presented. In the Appendixes, the violet 87 

fragment includes the data analysis. Figure 1 shows the model results for the script de- 88 

scribed in Table 1, showing the typical memristor current-voltage loop (in black) and the 89 

memory state-voltage loop (in blue), highlighting the high/low-resistance states and the 90 

set/reset processes.  91 

In Figure 2, a study of the impact of modifying different model parameters on the 92 

current-voltage characteristic is presented: a) for vs, b) for vr, c) for aon, d) for aoff, e) for 93 

etas and etar, and f) for gam. This study shows the model sensitivity and is a useful guide 94 

for potential users of the model. 95 

 96 

Figure 1. Simulated I-V characteristics obtained with the model script in Table 1. High and low re- 97 
sistance states, and set and reset processes are highlighted. The right Y axis, in blue, represents the 98 
memory state.  99 

Dynamic Memdiode Model in MATLAB 

step=5E-3; V1=0:step:1.2; V2=0:-step:-1.2; V=[V1 flip(V1) V2 flip(V2)]; %Voltage input 100 

aoff=2; aon=2; Ri=40; Roff=30; Ron=30; Ioff=10E-5; Ion=3E-3; %Parameter definition 101 

etas=40; etar=-15; gam=0.1; At=1E-3; Vs=0.5; Vr=-0.3; l(1)=0; I(1)=0; 102 

for t=1:length(V) %Auxiliary functions 103 

Vi=V(t)-Ri*I(t); I0=(Ion-Ioff)*l(t)+Ioff; a=(aon-aoff)*l(t)+aoff; R=(Ron-Roff)*l(t)+Roff;  104 

Tsr =exp(-etas*(Vi-Vs))*(V(t)>0)+exp(-etar*l(t)^gam*(Vi-Vr))*(V(t)<=0); 105 

I(t+1)=(1/(a*R))*(lambertw(a*R*I0/2) *exp(a*Vi)-lambertw(a*R*I0/2*exp(-a*Vi)));% Model equations 106 

l(t+1)=(l(t)-heaviside(Vi))*exp(-At/Tsr)+heaviside(Vi); 107 

Vm(t)=V(t); Im(t)=I(t); lm(t)=l(t); %Saving variables and plotting 108 

end 109 

semilogy(Vm,abs(Im),’black’) 110 

xlabel(‘Voltage (V)’); ylabel(‘Current (A)’); title(‘Current-Voltage Characteristics’); 111 

Table 1. Script for the recursive dynamic memdiode model implemented in MATLAB. In black, the 

applied voltage. In green, the model. In blue, the auxiliar functions. In red, the model equations. In 

violet, saving parameters and plotting the I-V curve. 
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 112 

Figure 2. Effect of modifying different model parameters on the I-V characteristics. a) vs, b) vr, c) 113 
aon, d) aoff, e) etas and etar, and f) gam. 114 

3. First case study: Modeling of frequency and ramp rate effects  115 

This section is dedicated to illustrate the model sensibility to variations in the input 116 

signal frequency (for sinusoidal signals) or the ramp rate (for voltage ramps). In the liter- 117 

ature, it is reported that for high frequencies or ramp rates, both the set and reset voltages 118 

of bipolar RS devices increase in absolute value, making a wider butterfly shaped I-V 119 

curve. A linear relationship between the logarithm of the ramp rate and the set and reset 120 

voltages has been reported [18-19]. For ramped input voltages, the magnitude for express- 121 

ing the timing is the ramp rate (RR), which is directly related to the signal frequency. Fig- 122 

ure 3 presents the evolution of the conduction characteristic for a typical experiment as 123 

reported in [19], using a voltage ramp as the input with different RRs of 50 V/s (red), 500 124 

V/s (orange), 5000 V/s (light green) and 50000 V/s (dark green). On the one hand, in Figure 125 

3a, the study is focused on the set evolution when the reset ramp rate is kept fixed. On the 126 

other hand, Figure 3b focuses on the reset evolution when the ramp rate for the set event 127 

is kept unaltered. Figure 3c shows the evolution of the set and reset voltages as a function 128 

of the ramp rate for these cases. Notice that the experimental curves are affected by a series 129 

transistor (current limitation during set). Further details about the devices and the 130 
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measurement setup can be found in [19]. Simulations are reported in Figure 4 and they do 131 

not include the transistor effect.  Here, the focus is on the frequency phenomenology. The 132 

dependence of the set and reset voltages as a function of the ramp rate is shown in Figure 133 

4a, including I-V curves using as the input signal a voltage ramp with identical ramp rates 134 

and colors used in Figure 3a. In Figure 4b, the dependence of the set and reset voltages as 135 

a function of the signal frequency is illustrated, including I-V curves using as the input 136 

signal a sinusoidal voltage with frequencies of 1 Hz (red), 10 Hz (orange), 100 Hz (light 137 

green), and 1000 Hz (dark green). The insets in Figure 4a and 4b show the set and reset 138 

voltage evolution as a function of the logarithm of the ramp rate (4a) or the logarithm of 139 

the frequency (4b). A linear dependence is found in both cases. The required modifications 140 

in the model script to achieve these results can be found in Appendix A. Notice that some 141 

parts are omitted, identified with %Ramp Rate, or %Frequency at the end of the line, since 142 

in one script the two kind of evaluations (RR or frequency) can be performed. The Appen- 143 

dix A corresponds to the frequency study. For the RR study, delete the lines ending with 144 

%Frequency and activate the lines ending with %Ramp Rate. The model parameters RR and 145 

Δ𝑡 (At in the model script), included in Appendix A, are modified accordingly to set the 146 

desired input signal ramp rate or frequency. 147 

 148 

Figure 3. Experimental ramp rate study impact study in [19]. In a) and b) I-V curves for studying 149 
the set and reset voltage evolution with the RR respectively. c) Shows the linear evolution of set and 150 
reset voltages against the logarithm of RR. Data from [19]. 151 

 152 

Figure 4. Simulated impact of the ramp rate (a) and frequency (b) on the set and reset voltages: a) I- 153 
V curves using as input signal a voltage ramp with a ramp rate of 50 V/s (red), 500 V/s (orange), 154 
5000 V/s (light green) and 50000 V/s (dark green). b) I-V curves using as input signal a sinusoidal 155 
voltage with a frequency of 1 Hz (red), 10 Hz (orange) and 100 Hz (light green) and 1000 Hz (dark 156 
green). The insets show the linear dependence of the set (red) and reset (black) voltage with the 157 
logarithm of the ramp rate (a) or the frequency (b). 158 

4. Second case study: Modeling cycle-to-cycle variability  159 

In RRAM devices, the most significant challenge relates to its inherent C2C variabil- 160 

ity linked to atomic scale changes in the CF across the dielectric layer [20-21]. The inclusion 161 
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of C2C variability is of utmost importance for any comprehensive model intended to re- 162 

produce the real device behavior. In the literature, different approaches for including var- 163 

iability in compact modeling can be found [22-24]. This section reproduces the experi- 164 

mental results reported in [25], where uncorrelated C2C variability is included in a previ- 165 

ous version of the memdiode model. The experimental data comes from 450 cycles of I-V 166 

curves measured in HfO2-based memristors. Additional information about the electrical 167 

characterization and fabrication process of the devices can be found in [26]. Before the 168 

incorporation of the C2C variability in the model, a study of the experimental features of 169 

the I-V curves involving the fitdistrplus package for the R language was carried out [27]. 170 

The best distributions for each model parameter were found and incorporated into the 171 

model parameters definition. Appendix B presents the MATLAB model script used for 172 

the simulations discussed in this Section. Here two different examples of parameters in- 173 

cluding variability are reported: 174 

𝑀𝑎𝑜𝑓𝑓 = 2.1; ⁡𝑆𝑎𝑜𝑓𝑓 = 0.13; ⁡𝑎𝑜𝑓𝑓 = 𝑀𝑎𝑜𝑓𝑓 + 𝑆𝑎𝑜𝑓𝑓 ∗ 𝑟𝑎𝑛𝑑𝑛; (7) 

𝑀𝐼𝑜𝑓𝑓 = 3.7𝐸 − 5; ⁡𝐼𝑜𝑓𝑓𝐿𝑁 = 𝑙𝑜𝑔(𝑀𝐼𝑜𝑓𝑓); ⁡𝑆𝐼𝑜𝑓𝑓 = 0.06;⁡ 

𝐼𝑜𝑓𝑓 = 𝑒𝑥𝑝(𝐼𝑜𝑓𝑓𝐿𝑁 + 𝑆𝐼𝑜𝑓𝑓 ∗ 𝑟𝑎𝑛𝑑𝑛); 
(8) 

In (7) and (8) (see Appendix B), two cases are presented, one following a normal dis- 175 

tribution (7) and one following a lognormal distribution (8). The variables defined in (7): 176 

Maoff, and Saoff (which represent the mean and standard deviation respectively) are used 177 

to define the normally distributed aoff parameter. For a lognormally distributed parame- 178 

ter, like in (8), the same Mioff, and Sioff are defined, but two extra steps are required: IoffLN, 179 

which is the logarithm of Mioff and the application of an exponential function in order to 180 

generate the lognormal distribution of Ioff. The randn function is used for generating a 181 

different random number in every cycle. Notice that not all the model parameters include 182 

variability and some of them are constant for the sake of simplicity. 183 

 184 

Figure 5. Comparison of the 450 I-V cycles. a) From the experimental devices in [25] (in blue) and 185 
b), from the simulations (in red) including C2C variability. In both figures, the median curve is 186 
shown in black. Experimental data from [25]. 187 

In Figure 5, the experimental data reported in [25] in blue (5a), and the simulations 188 

obtained using the recursive DMM model in MATLAB, in red (5b), are compared. The 189 

good agreement between experimental and simulated results indicates the ability of the 190 

model to reproduce variability in the I-V loops. In addition, Figures 6a, 6b, 6c and 6d pre- 191 

sent the histograms for the HRS current, LRS current, set voltage, and reset voltage, re- 192 

spectively, both for experiments and simulations. All the histograms are well reproduced 193 

except the LRS current case, in which the experimental data exhibits a double peak likely 194 

caused by different atomic configurations of the CF.  In [25], several trials were performed 195 

until finding the optimum combination of model parameters for achieving the observed 196 



J. Low Power Electron. Appl. 2024, 14, x FOR PEER REVIEW 7 of 12 
 

 

variability. This process is time consuming when performed in LTspice since the obtained 197 

results must be analyzed somewhere else. Now, the parameters, model equations and 198 

data analysis are carried out with the same MATLAB script largely reducing the spent 199 

time, thus easing the possibility of finding better fitting results. 200 

 201 

Figure 6. Histogram comparison of a) HRS current, b) LRS current, c) set voltage and d) reset voltage 202 
for experimental curves (in blue) and simulations (in red). Experimental data from [25]. 203 

5. Third case Study: Modeling the stochastic resonance impact on RRAM devices 204 

Very often in electronics, noise is considered an undesired factor that needs to be 205 

eliminated. However, for certain non-linear systems, noise can play a beneficial role in 206 

terms of device performance [28]. This phenomenon is referred to as stochastic resonance 207 

(SR), and is present in a plethora of research fields like biology, physics, engineering and 208 

many more [29-30]. Since RRAM devices are non-linear components, some works in the 209 

recent literature have studied the inclusion of external noise as a beneficial aspect for their 210 

performance [31-35]. In this section, noise is added to the applied voltage ramp. Again, 211 

the randn function in MATLAB is used to generate a normally distributed input voltage 212 

signal. The model script used for this study is presented in Appendix C, where the main 213 

difference with the basic model script shown in Table 1 is the following line: 214 

ampn = ((g − 1) ∗ 40) ∗ 1E − 3; ⁡V(t) = V(t) + ampn ∗ randn; (9) 

In (9) ampn controls the noise standard deviation (σ) added to the input signal V by 215 

means of the randn MATLAB function, g is a variable controlling the noise σ (every 200 216 

cycles it increases 40 mV). The simulation process follows the experimental method re- 217 

ported in [36], consisting in 200 I-V cycles adding different noise values to the applied 218 

voltage ramps. This is carried out with the aim of capturing the real device phenomenol- 219 

ogy under noisy signals. Appendix C presents the script for the simulations described in 220 

this Section. Figure 7a shows the simulation results without added noise. The figure of 221 

merit that is analyzed here to determine the noise impact on RRAM devices is the separa- 222 

tion between HRS and LRS, in particular the resistance ratio extracted at a fixed voltage 223 
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(𝑉 = −0.3⁡𝑉) as illustrated in Figure 7a. Figures 7b and 7c show the time evolution of the 224 

applied voltage and the simulated current, respectively, for a single simulated cycle using 225 

a noise amplitude σ=200 mV. The resistance ratio evolution as a function of σ is illustrated 226 

in Figure 8. The experimental results extracted from [36] are shown in Figure 8a and rep- 227 

resent the mean resistance ratio of 200 I-V cycles for different σ values. The mean re- 228 

sistance ratio of 200 simulated I-V cycles against noise σ is presented in Figure 8b, where 229 

an evident maximum is found for σ=240 mV. Even though the experimental and simulated 230 

curves noticeably differ (a deep investigation about all the model parameter values is re- 231 

quired), the model results qualitatively capture the device behavior when an external 232 

noise source is added to the input signal. The experimental-simulated coherence in this 233 

case study could be enhanced by modifying the model equations to consider the impact 234 

of external noise. 235 

 236 

Figure 7. a) Simulated I-V curves using the DMM implemented in MATLAB without noise addition. 237 
b) and c) time evolution of applied voltage and simulated current respectively, of one simulated 238 
cycle using a noise sigma of 200 mV. 239 

 240 

Figure 8. Mean resistance ratio evolution versus the applied noise standard deviation in simulations 241 
using the DMM in MATLAB. a) Experimental data of 200 cycles each noise sigma in [36] and b) 242 
simulated data from 200 cycles each noise sigma. 243 

6. Conclusions 244 

In this work a versatile and useful tool for modeling RRAM devices is presented. The 245 

model is a recursive version of the dynamic memdiode model (DMM) implemented in 246 

MATLAB software. This work includes the model script for the easiness and freely usage 247 

of the reader. This model has proven to be frequency sensitive, to reproduce the cycle-to- 248 
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cycle variability of experimental devices, and to predict the impact of an external noise 249 

source in RRAM devices, where the resistance ratio against the noise amplitude follows 250 

the typical stochastic resonance curve. Comparing with the DMM version implemented 251 

in LTspice, the time needed to modify parameters, simulate and analyze the results is 252 

largely reduced. Because of these reasons, this tool could be of interest for researchers 253 

working in the RRAM field at device level. 254 
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Appendix A 268 

Frequency Effect - DMM in MATLAB 
ncyc=4; 269 
for n=1:ncyc 270 
V= 1.2 * sin(linspace(0, 2*pi, 10000));%Frequency 271 
% step=0.005; V1=0:step:1.2; V2=0:-step:-1.2; V=[V1 flip(V1) V2 flip(V2)];%Ramp Rate  272 
aoff=2; aon=2; Ri=3; Roff=30; Ron=10; Ioff=10E-5; Ion=150E-3; 273 
etas=40; etar=-40; gam=0; Vs=0.35; Vr=-0.35; l(1)=0; I(1)=0; 274 
RR(n)=1; At(n)=1/(10^n); f(n)=1/At(n);%Frequency 275 
% At(n)=1; RR(n)=5*10^(n); %Ramp Rate 276 
for t=1:length(V) 277 
Vi=V(t)-(Ri)*I(t); I0=(Ion-Ioff)*l(t)+Ioff; a=(aon-aoff)*l(t)+aoff; R=(Ron-Roff)*l(t)+Roff;  278 
Tsr=exp(-etas*(Vi-(Vs+log(RR(n))/etas)))*(V(t)>0)+exp(-etar*l(t)^gam*(Vi- 279 
(Vr+log(RR(n))/etar)))*(V(t)<=0); 280 
I(t+1)=(1/(a*R))*(lambertw((a*R*I0)/2).*exp(a*Vi)-lambertw((a*R*I0)/2).*exp(-a*Vi)); 281 
l(t+1)=(l(t)-heaviside(Vi))*exp(-(At(n)/Tsr))+heaviside(Vi); 282 
Vm(t,n)=V(t); Im(t,n)=I(t);lm(t,n)=l(t); 283 
end 284 
pos=find(lm(:,n) >=0.5); 285 
reset(n)=Vm(pos(end),n); 286 
set(n)=Vm(pos(1)); 287 
end 288 
subplot(2, 1, 1); plot(Vm,(Im)); title('I-V - Frequency effect');%Frequency 289 
subplot(2, 1, 2); plot(log(f),set,log(f),abs(reset)); title('Log F VS |S/R Voltage|'); %Frequency 290 
% subplot(2, 1, 1); plot(Vm,(Im)); title('I-V - Ramp Rate effect'); %Ramp Rate 291 
% subplot(2, 1, 2); plot(log(RR),set,log(RR),abs(reset)); title('Log RR VS |S/R Voltage|'); %Ramp Rate 292 

Appendix A. Script used for obtaining the simulations in Section 3, where a frequency effect study 

was performed in the recursive dynamic memdiode model implemented in MATLAB.  

 

Appendix B 293 

Cycle-to-Cycle Variability - DMM in MATLAB 
ncyc=450; 294 
for n=1:ncyc  295 
step=0.005; V1=0:step:1.5; V2=0:-step:-1.5; V=[V1 flip(V1) V2 flip(V2)];%for applied voltage 296 
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Maoff=2.1; Saoff=0.13; aoff=Maoff+Saoff*randn;%M=mean S=standard deviation 297 
Maon=1.25; Saon=0.06; aon=Maon+Saon*randn; 298 
MIoff=3.7E-5;IoffLN=log(MIoff);SIoff=0.6; Ioff=exp(IoffLN+SIoff*randn);%lognormal 299 
MIon=2.4E-3; IonLN=log(MIon);SIon=0.12; Ion=exp(IonLN+SIon*randn); 300 
MVs=0.38;VsLN=log(MVs);SVs=0.12; Vs=exp(VsLN+SVs*randn);%lognormal 301 
MVr=-0.86; SVr=0.035; Vr=MVr+SVr*randn; 302 
Metas=32; Setas=3.1; etas=Metas+Setas*randn; 303 
etar=-27; Ri=60; gam=0; At=1E-3; Roff=50; Ron=20; IC=5E-3; l(1)=0; I(1)=0; 304 
for t=1:length(V) 305 
Vi=V(t)-(Ri)*I(t); I0=(Ion-Ioff)*l(t)+Ioff; a=(aon-aoff)*l(t)+aoff; R=(Ron-Roff)*l(t)+Roff;  306 
Tsr=exp(-etas*(Vi-Vs))*(V(t)>0)+exp(-etar*l(t)^gam*(Vi-Vr))*(V(t)<=0); 307 
if I(t)>IC  308 
I(t)=IC; % Compliance current 309 
end 310 
I(t+1)=(1/(a*R))*(lambertw(a*R*I0/2)*exp(a*Vi)-lambertw(a*R*I0/2*exp(-a*Vi))); 311 
l(t+1)=(l(t)-heaviside(Vi))*exp(-At/Tsr)+heaviside(Vi); 312 
Vm(t,n)=V(t); Im(t,n)=I(t);lm(t,n)=l(t); 313 
end 314 
pos=find(lm(:,n) >=0.5); 315 
posI=find(Vm(:,n)>=0.2); 316 
ihrs(n)=Im(posI(1),n); 317 
reset(n)=Vm(pos(end),n);  318 
end 319 
subplot(2, 1, 1); semilogy(Vm,abs(Im),'r'); title('I-V + C2C Variability'); 320 
subplot(2, 2, 3); hist(ihrs,15) ; title('Histogram Ihrs');  321 
subplot(2, 2, 4); hist(reset,15) ; title('Histogram VReset'); 322 

Appendix B. Script used for obtaining the simulations in Section 4, where a C2C variability study 

was performed in the recursive dynamic memdiode model implemented in MATLAB.  

Appendix C 323 

Stochastic Resonance - DMM in MATLAB 
for g=1:9 %g iterates the noise sigma 324 
ncyc=200; 325 
for n=1:ncyc 326 
step=0.005; V1=0:step:1.2; V2=0:-step:-1.2; V=[V1 flip(V1) V2 flip(V2)];%applied voltage 327 
aoff=1.9;aon=1.3;Roff=30; Ron=50;Ioff=19E-5;Ion=6.5E-3; %Parameters 328 
Vs=0.55;Vr=-0.45; etas=4; etar=-9; Ri=0; gam=0; L0=0; At=1E-3;l(1)=0; I(1)=0; 329 
for t=1:length(V)%calculating current 330 
ampn=((g-1)*40)*1E-3; V(t)=V(t)+ampn*randn;%noise inclusion 331 
Vi=V(t)-(Ri)*I(t); I0=(Ion-Ioff)*l(t)+Ioff; a=(aon-aoff)*l(t)+aoff; R=(Ron-Roff)*l(t)+Roff;  332 
Tsr=exp(-etas*(Vi-Vs))*(V(t)>0)+exp(-etar*l(t)^gam*(Vi-Vr))*(V(t)<=0); 333 
I(t+1)=(1/(a*R))*(lambertw(a*R*I0/2)*exp(a*Vi)-lambertw(a*R*I0/2*exp(-a*Vi))); 334 
l(t+1)=(l(t)-heaviside(Vi))*exp(-At/Tsr)+heaviside(Vi); 335 
Im(t,n,g)=I(t); Vm(t,n,g)=V(t); %Saving I and V variables 336 
end 337 
nn=1; pos=find(Vm(:,1,1)>=0.3);%Data analysis 338 
Rl=mean((Im(pos(end)-nn:pos(end)+nn,:,g))); Rh=mean((Im(pos(1)-nn:pos(1)+nn,:,g))); 339 
rat=(Rl./Rh); RRatio(g,1)=mean(rat); 340 
end 341 
end 342 
subplot(2,1,1); semilogy(Vm(:,:,1),abs(Im(:,:,1)), 'r'); title('I-V without noise'); 343 
subplot(2,1,2); plot(RRatio); title('RRatio VS Noise sigma'); 344 

Appendix C. Script used for obtaining the simulations in Section 5, where a stochastic resonance 

impact study was performed in the recursive dynamic memdiode model implemented in MATLAB. 

  345 
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Noise-induced homeostasis in memristor-based 

neuromorphic systems 

E. Salvador1, R. Rodriguez1, E. Miranda1, J. Martin-Martinez1, A. Rubio2, A. Crespo-Yepes1, V. Ntinas2, G. Ch. 

Sirakoulis3, M. Nafria1

  Abstract—In this work, it is experimentally demonstrated that 

noise can be used to emulate the biological homeostatic neuron 

property in memristor-based neuromorphic systems. The addition 

of an external noise to the bias allows regulating the memristor 

performance when used as an artificial neuron, controlling the 

firing process through the modulation of the memristor threshold 

voltages. Experimental results have been correctly addressed 

using the Dynamic Memdiode Model (DMM) for memristors in 

the framework of SPICE simulation. 

Index Terms—Memristor, RRAM, resistive switching, stochastic 

resonance, homeostasis, spike neural networks, SPICE. 

I. INTRODUCTION 

OST Von-Neuman computing architectures, such as 

neuromorphic systems, have attracted the attention of the 

scientific community in the last years because of their enormous 

possibilities in several application fields [1,2]. Neuromorphic 

systems try to emulate the brain performance, forming the 

computation and memory units a single operational structure. 

The development of hardware implementations of these new 

architectures using emerging devices such as memristors offers 

beneficial features in terms of energy consumption and 

computational efficiency. In case of biological neurons, they 

receive, process and transfer information through the gap in 

between them called synapse. Since memristors are nonvolatile 

memory devices exhibiting nonlinearity, good scalability and 

programming capabilities, they are considered excellent 

candidates for the implementation of both artificial neurons and 

synapses in neuromorphic circuits [2, 3].   

In Spike Neural Networks (SNN), excitatory and inhibitory 

neuron operations are fundamental processes of synaptic 

activities, and they mutually coordinate each other. However, 

neuron operation can lead to excessive excitatory or inhibitory 

processes [4], causing some neurons to continuously fire spikes 

(having a dominant role in the training process), while others 

 

 
 

cannot learn because of the low firing frequency [5]. However, 

biological neurons present a configurable performance capable 

of adapting to changing conditions maintaining the neural 

system homeostasis [6]. The homeostatic mechanism is 

necessary to balance neuron activities and reach more stable 

neural performances, resilient to different types of unstable 

neuron behavior [7, 8]. Then, the inclusion of homeostasis in 

artificial neural networks becomes mandatory for regulating the 

activity of neurons [9] and optimize learning [10].  

Some previous works in the literature consider the homeostasis 

in memristor-based neuromorphic systems. In [5], the training 

of a SNN is enhanced through the flexible adjustment of the 

synaptic weight update frequency based on homeostasis. In 

[11], a memristive neural network circuit that can implement 

memory with emotional homeostasis is designed. In [12,13] 

homeostasis also plays a relevant role to avoid device variations 

in SNNs. Most of these proposals include homeostasis through 

software implementation. In a more realistic scenario, it would 

be convenient to include the homeostatic property in the 

memristor performance for self-adjusting the neuron activities 

and enhance the neuron ability of self-stabilizing. 

Because of the non-linear properties of memristors, their 

performance can be improved through the exploitation of the 

so-called stochastic resonance (SR) phenomenon, which is the 

beneficial use of an external noise, in this case, to enhance 

memristor functionality (a detailed description of SR can be 

found in [14]). Some previous works have observed the 

increase of the memristor resistance ratio (ROFF/RON) [15] and 

the improvement of the spike-time-dependent plasticity (STDP) 

learning protocol [16] through the addition of an external noise.   

In this work, we demonstrate that, by adding external noise to 

the device bias, the homeostasis property can be implemented 

in memristor-based SNNs. The impact of noise on the 

regulation of the spiking neuron operation, through the 

modulation of the memristor threshold voltages (set and reset 

voltages), is described. Experimental results were reproduced 

using the LTspice simulator and the dynamic memdiode model 

(DMM), which has demonstrated high versatility for different 

materials and input signals [17-20].  

II. DEVICES AND MEASUREMENT METHODOLOGY 

The devices used in this work were Ni/insulator/Si-n+ metal-

insulator-semiconductor (MIS) square structures with a 15x15 

um2 active area. These devices were fabricated on highly doped 

N-type (100) silicon wafers. The insulator layer was deposited 

via Atomic Layer Deposition (ALD) at 225 ºC using as 

precursors trimethylaluminum and H2O for Al2O3, and tetrakis 
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(dimethylamido)-hafnium and H2O for HfO2. N2 was used as 

carrier and purge gas. The Ni top electrode was deposited by 

magnetron sputtering and patterned by lift-off. The dielectric film 

of the characterized devices consisted of a stack of HfO2 and 

Al2O3: 4 nm HfO2 – 4 nm Al2O3 – 4 nm HfO2 – 4 nm Al2O3 – 4 

nm HfO2, resulting in a 20 nm-thick dielectric layer. The device 

structure is presented in Fig. 1a. Further details regarding the 

fabrication process and device characterization can be found in 

[21]. Fig. 1b illustrates the unipolar non-volatile memristor 

behavior operating at negative voltages, showing the memristor 

high resistance state (HRS) and low resistance state (LRS). 

 

Fig. 1. a) Schematics of the unipolar memristors used in this work and b) 

typical I-V characteristics after the electroforming of the conductive path. 

 

Fig. 2. a) Mean set and b) reset voltages and c) set (black) and reset (red) 

voltages standard deviation, versus noise σ.  

The Semiconductor Parameter Analyzer (SPA) Agilent 4156C 

was used to carry out the electrical measurements. The 

experiments were programmed, launched and analyzed in 

MATLAB software. To trigger the electroforming process, a 

negative voltage sweep was applied, limiting the current to 1 

µA to avoid the irreversible breakdown of the device. This 

electroforming occurs at around -11 V. In the experiments 

described in section III, after forming, 100 cycles of 

consecutive reset (switching from LRS to HRS) and set (from 

HRS to LRS) events are applied, through voltage ramps starting 

at 0V and ending when certain conditions are fulfilled. For the 

reset process, the ramp voltage is halted (reset voltage) when a 

current decrease of at least one order of magnitude is detected, 

with a 50mA compliance limit fixed.  The set voltage was 

defined as the voltage at which the memristor current has 

increased until 50 µA. An external Gaussian noise was added 

point-by-point to the bias voltage; several noise standard 

deviations (σ) were considered, ranging from 0 mV to 150 mV. 

The set and reset voltages and their standard deviations have 

been registered and analyzed. In section IV, after forming, 

staired constant voltages (i.e., a sequence of constant voltages 

of a certain duration, whose value was increased in steps in a 

given voltage range) were applied on different samples.  The set 

transition modulation was studied by computing the time 

needed to switch the device. The experiments detailed in this 

work were repeated in other devices from the same wafer to 

ensure consistency and reproducibility of outcomes. 

 

Fig. 3. I-V curves from the 100 set-reset memristor cycles for set (in red, left 

column) and reset processes (in blue, right column) for three cases: no noise (a 

and b), noise addition with σ=60mV (c and d) and σ=150 mV (e and f). 

III. NOISE IMPACT IN THE SET AND RESET TRANSITIONS 

In this section, the impact of an external noise in the set and 

reset voltages of a memristive device is evaluated. The mean set 

and reset voltages obtained for different noise amplitudes σ are 

shown in Figs. 2a and 2b, respectively; the standard deviation 

of these voltages is presented in Fig. 2c. The typical SR curve 

is observed, with a decrease (in absolute value) of the threshold 

voltages and a decrease of their σ, in a range of noise σ around 

60 mV. The complete picture demonstrates that the threshold 

voltages of the memristor can be tuned through the action of an 

external noise source. Fig. 3 presents the set (in red, Fig. 3 a, c 

and e) and reset processes (in blue, in Fig. 3b, d and f) for three 

distinct situations: Figures 3a and 3b for the experiments 

without noise, Figures 3c and 3d for experiments with 𝜎𝑛𝑜𝑖𝑠𝑒 =
60 𝑚𝑉, and Figures 3e and 3f for experiments with 𝜎𝑛𝑜𝑖𝑠𝑒 =
150 𝑚𝑉. It is clear that for  𝜎𝑛𝑜𝑖𝑠𝑒 = 60 𝑚𝑉 both set and reset 

transitions occur at lower voltage values than those 

corresponding to the absence of noise and with 𝜎𝑛𝑜𝑖𝑠𝑒 =
150 𝑚𝑉. In addition, the transitions for  𝜎𝑛𝑜𝑖𝑠𝑒 = 60 𝑚𝑉 are 

less spread, meaning that the set and reset events are modulated 

to lower and less variable voltage values. 

IV. NOISE IMPACT ON MEMRISTOR SPIKE TIME  

In this section, noise-induced homeostasis in memristors is 

studied by observing the effect of noise on the spike time of a 

single memristor operating as a neuron. We focus on the 

simplest memristor neuron, where the spike time is defined as 

the time to trigger a memristor set event. The results can be 

extrapolated to other memristor neuron implementations as for 

example, the integer-and-fire memristor neuron [7]. On the one 

hand, if noise reduces the time required for a set event (spike), 

the system exhibits increased excitability, termed potentiation 
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regime. On the other hand, when noise prolongs set event times, 

the system experiences decreased excitability, known as 

depression regime. Considering the memristor in HRS, the 

memristor spike time is defined in more detail as the cumulative 

time needed to produce a set event when a staired constant 

voltage is applied (Fig. 4a). The staired voltage started at -1.2 

V adding -100 mV every 1.5 seconds; the sweep is stopped once 

the set event occurs (i.e., when the current abruptly increases 

and reaches 50 µA). To ensure the memristor was at the HRS, 

the reset process was induced with voltage ramps as those 

described in section III. The staired constant voltage is applied 

to accelerate the set transition and to ensure that the device 

switches to the LRS in an acceptable time window. The voltage 

increase is slower than when a voltage ramp (as those in section 

III) is applied, so that, as observed in other works [16], for this 

new biasing, the beneficial role of noise is observed for 

different noise σ. This procedure (reset with a voltage ramp and 

set with a staired constant voltage) was repeated 100 times (i.e., 

cycles) with different 𝜎𝑛𝑜𝑖𝑠𝑒  values in the same device. 

 

Fig. 4. a) Time evolution of the staired constant voltage. b) Stochastic resonance 

curve in the set event time against the noise σ. Schematic of homeostatic 

regulation possibilities for different equilibrium situations. 

In Fig. 4b, we observe a stochastic resonance curve depicting 

the evolution of mean set time versus 𝜎𝑛𝑜𝑖𝑠𝑒 . Different points 

are highlighted. Assuming brain as a noisy system, B point can 

be interpreted as an equilibrium point. When 𝜎𝑛𝑜𝑖𝑠𝑒  is 

increased, shorter set times are obtained leading to a 

potentiation regime, meanwhile a decrease in  𝜎𝑛𝑜𝑖𝑠𝑒   results in 

a depression regime. The dynamics are reversed if D is 

interpreted as the equilibrium point. The impact of noise on the 

memristor spike time has been analyzed in detail for three 

different noise σ: 160mV, 200 mV and 240 mV (points A, B, 

and C respectively in Fig. 4b). Fig. 5a shows the experimental 

memristor current as a function of time for 𝜎𝑛𝑜𝑖𝑠𝑒 = 160 𝑚𝑉 

(red curves) and 𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉 (black curves). The abrupt 

increase in current means the occurrence of the memristor 

spike. A depression regime is observed, being the spike time 

increased by reducing 𝜎𝑛𝑜𝑖𝑠𝑒 . Oppositely, Fig 5.b shows the 

memristor current as a function of time for the experiments 

with 𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉 (black curves) and with 𝜎𝑛𝑜𝑖𝑠𝑒 =
240 𝑚𝑉 (blue curves). Now, a potentiation regime emerges, 

demonstrating reduced spike time with increased noise 𝜎. Thus, 

modifying the 𝜎𝑛𝑜𝑖𝑠𝑒 , memristor spike times are modulated, 

thereby regulating the neuron speed [7] to maintain 

homeostasis.  

 

Fig. 5. a) Experimental current versus time evolution during a staired constant 

voltage for 𝜎𝑛𝑜𝑖𝑠𝑒 = 160 𝑚𝑉 (black curves) and 𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉 (red curves). 

b) for 𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉 (black curves) and 𝜎𝑛𝑜𝑖𝑠𝑒 = 240 𝑚𝑉 (blue curves). 

 
Fig. 6. a) Simulated current versus time evolution during a staired constant 

voltage for 𝜎𝑛𝑜𝑖𝑠𝑒 = 160 𝑚𝑉 (black curves) and 𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉 (red curves). 

b) for 𝜎𝑛𝑜𝑖𝑠𝑒 = 200 𝑚𝑉 (black curves) and 𝜎𝑛𝑜𝑖𝑠𝑒 = 240 𝑚𝑉 (blue curves). 

The previous experimental results were compared with LTspice 

simulations carried out with the DMM memristor model. The 

DMM relies on two key equations, one governing the current-

voltage characteristic and the other dictating the memristor 

memory state. A comprehensive description of this model and 

its practical implementation can be found in [17, 18]. Cycle-to-

cycle variability was included in the model parameters related 

to the HRS current and set voltage, following the method 

presented in [20]. Calibration of the model parameters was 

performed by reproducing the experimental median I-V 

behavior using standard voltage sweeps. After calibration, the 

same input signal was reproduced including Gaussian noise in 

the applied signal. LTSPICE simulated results in Fig. 6 are 

qualitatively the same as the experimental results of Fig. 5 

when, also observing the spike time modulation in both 

depression (Figs. 5a and 6a) and potentiation (Figs. 5b and 6b) 

regimes. This result demonstrates the suitability of the DMM 

for simulating the noise impact on the spike time.   

V. CONCLUSION 

This work presents a first experimental demonstration of noise-

induced modulation of the spike time in memristor-based 

SNNs. Stochastic resonance has been observed in both 

memristor set and reset voltages and their respective standard 

deviations. Noise inclusion can modulate the memristor spike 

times, thereby facilitating both potentiation and depression of 

neural activity, crucial for maintaining system homeostasis. 

Experimental results have been correctly reproduced in LTspice 

using the DMM. The results highlight the pivotal role of noise 

in SNNs, thereby paving the way for further research of next-

generation computing systems.  
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Stochastic Resonance in HfO2-Based Memristors: 

Impact of External Noise on the Binary STDP Protocol 

E. Salvador1, R. Rodriguez1, E. Miranda1, J. Martin-Martinez1, A. Rubio2, V. Ntinas2, G. Ch. Sirakoulis3, A. Crespo-

Yepes1, M. Nafria1
 

  Abstract— This paper deals with the stochastic resonance (SR) 

phenomenon experimentally observed in HfO2-based memristors. 

The SR impact on the binary spike time dependent plasticity 

(STDP) protocol at device level was investigated. We demonstrate 

that the two extreme conductance states of the device that 

represent the synaptic weights in neuromorphic systems can be 

better distinguished with the incorporation of Gaussian noise to 

the bias signal. This technique allows setting the memristor 

conductance which is directly related to the overlap between the 

pre- and post-synaptic pulses. The study is reproduced in the 

LTspice simulator using the dynamic memdiode model for 

memristors. 

 
Index Terms—Memristor, RRAM, Stochastic resonance, STDP 

I. INTRODUCTION 

HE scientific community and microelectronics industry 

are highly interested in novel and emerging 

technologies for RAM memory devices [1-2]. In this 

regard, memristors have exceptional properties, including low 

power consumption and high integration capacity among 

others. Memristor's conductance can be changed when exposed 

to a suitable biasing scheme. When bias disappears, 

memristor’s conductance is maintained in a non-volatile 

fashion. This makes the memristor a very promising device to 

be used in a huge range of applications, such as data storage, 

unconventional computing methods, Artificial Neural 

Networks (ANN), and cryptography [3-6]. Memristors present 

nonlinear current-voltage characteristics and nonlinear 

dynamical behavior enabling the utilization of properties linked 

with nonlinear systems. Despite noise in electronics is 

considered as a major drawback and commonly needs to be 

eliminated, in nonlinear systems it can play a favorable role, 

 

 
 

such as enhancing the device performance or, in the particular 

case of memristors, modifying the switching phenomenon. This 

phenomenon is often referred to as stochastic resonance (SR) 

and it has been observed in several research fields including 

biology, physics, and engineering [7-10]. A detailed description 

of the well-known SR phenomenon is reported in [11]. SR 

occurs in nonlinear devices whose characteristic curves present 

thresholds, like occurs in memristors. From the literature, some 

works have considered noise as a beneficial element in these 

devices. For instance, in [12] the impact of additive noise in 

memristors was investigated using a physical model of a 

memory resistor. A different SR modeling for manganite-based 

memristors is presented in [13], which reports good 

concurrence between theory and measurements. An 

experimental investigation was conducted in [14], where 

memristors were exposed to sinusoidal signals with added noise 

to examine SR. In [15], a study of the effect of the SR in the 

resistance ratio of HfO2-based memristors is discussed. In [16], 

a noisy signal was applied to zirconium and tantalum 

pentoxide-based memristors. The analysis from both 

experimental and theoretical viewpoints and the constructive 

role of noise in these samples is reported. In addition, SR in 2D 

materials based memristors is analyzed in [17]. 

The use of memristor-based artificial neural networks 

(ANNs) has gained increasing importance in the recent years 

due to their potential to implement efficient and low-power 

computing architectures [18]. In neuromorphic systems, the aim 

consists in reproducing brain performance. In this sense, spike-

timing-dependent plasticity (STDP), which is a learning 

approach inspired in biology, it is widely accepted in the 

scientific community as a way to describe the brain synapse 

when implemented with RRAM devices [19]. The STDP 

process updates the synaptic weight and direction as a function 

of the time difference or delay between the pre- and post-

synaptic spikes [20,21]. In the specific case of the memristor 

based binary STDP, the resistive switching process is essential 

for the achievement of the two different states: ON and OFF, 

which correspond to the memristor low resistance (LRS) and 

high resistance (HRS) states respectively [22, 23] (Fig. 1). 

Even though artificial neural networks are assumed to work 

with no noise or spike jitter, neurobiological systems are known 

to operate in noisy environments. Thus, noise can tune the 

activation threshold of neurons, enhancing the response of 

nonlinear circuits. In [24], Anderson reported that noise 

produced in the visual cortex facilitates the perception of the 
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optical signal. In [25], an increase of neuron sensitivity 

efficiency is reported , ascribing it to the SR effect. 

The aim of this work is to experimentally study in detail the 

role of noise in the binary STDP implemented with HfO2-based 

memristors, considering the set, reset and complete set-reset 

processes, extending our preliminary work in [26] where only 

the set process was addressed. In this case, an improvement of 

the STDP protocol was observed when noise is added under 

different circumstances considering noise in both memristive 

state transitions separately and jointly. Moreover, after this 

analysis, we show that the study of the constructive role of noise 

in the binary STDP can be reproduced using the LTspice 

simulator with the help of the dynamic memdiode model 

(DMM) [27, 28]. The external signals with noise were applied 

to the device and the simulation results compared with the 

experimental data. 

II. NOISE-INDUCED BINARY STDP 

This section focuses on the SR effect on memristor-based 

binary STDP learning rule implementation. The devices used in 

our study are Metal-Insulator-Metal (MIM) structures consisting 

of TiN-Ti-HfO2-W layers, as shown in Fig. 1.a. These devices 

were fabricated on silicon. The HfO2 layer was deposited via 

atomic layer deposition (ALD). A 50 nm−W layer acts as bottom 

electrode and a 200 nm−TiN layer over a 20 nm−Ti layer acting 

as oxygen-gettering material (top electrode). The Al layer at the 

wafer bottom performs as the bottom contact of the memristors 

in the wafer. The used devices are square cells with an active area 

of 5x5 μm2. For more information regarding the fabrication 

process visit [29]. The Semiconductor Parameter Analyzer 

(SPA) Agilent 4156C was utilized to carry out measurements. 

The experiments were programmed and launched in MATLAB. 

Figure 1.b represents the typical I-V characteristics after the 

electroforming event (using a 1 𝑚𝐴 current limitation) for the 

memristors analyzed in this section [30]. Now, the voltage 

sweeps were from 0 𝑉 to 0.7 𝑉, from 0.7 𝑉  to −1.3 𝑉  and from 

−1.3 𝑉 to 0 𝑉. The current was also read simultaneously to the 

voltage application. During measurements, current limitation 

was fixed to 25 𝑚𝐴 to avoid any eventual irreversible 

breakdown of the dielectric film. 

 

Fig. 1. a) Device structure, b) example of a current-voltage 

characteristic of the memristors studied in this work. c) Memristor 

schematics presenting the applied pulses (pre- and post-synaptic) at the 

top and bottom electrodes respectively. d) Initial situation of the 

applied pre- and post-synaptic pulses (no overlap) is represented with 

continuous lines. Different situations with delay of the post-synaptic 

pulse are presented in dash lines. 

In the analysis of the external noise impact on binary STDP, 

when no noise is applied, the memristor state is ensured not to 

change. However, the application of noise allows the memristor 

to switch, activating the set and/or reset processes. 

We study binary STDP via the SR phenomenon following 

three different approaches: A) activating the set process, B) 

activating the reset process and C) activating both set and reset 

processes simultaneously.  

To provoke binary STDP, the memristors were subjected to 

set and reset pulses to reach ON and OFF states respectively. 

Firstly, all the set and reset pulses are formed from a pre-

synaptic pulse (Vpre) applied to the top electrode of the device 

and a post-synaptic pulse (Vpost) applied to the bottom electrode. 

The resultant voltage drop at the memristor reads: 𝑉𝑡𝑜𝑡 =
𝑉𝑝𝑟𝑒 − 𝑉𝑝𝑜𝑠𝑡 as illustrated in Fig 1.c. The width of the pre- and 

post-synaptic pulses was always 150 𝑚s. Also, we consider 

two different types of set and reset pulses: fixed and variable. 

The fixed ones consist in a constant pulse with voltage 

amplitude high enough to ensure the memristor state transition. 

The more complicated variable pulses follow an adaptive pulse-

width scheme that is detailed in the following subsections. 

Depending on each investigated case, the set and reset pulses 

can be fixed or variable, and with or without noise addition. 

After completing every transition pulse (set or reset), the 

memristor conductance state was determined by means of a 

read voltage pulse, 𝑉𝑟𝑒𝑎𝑑 , of 150 𝑚𝑠 duration applied to the top 

electrode of the device and grounding the bottom one. In our 

case 𝑉𝑟𝑒𝑎𝑑 = −0.5 𝑉 to ensure a clear separation between HRS 

and LRS. The complete sequence of applied signals will be 

presented in the corresponding subsection. 

 A fresh device was used for each experiment (one for 

measuring without noise and one for the noisy measurement). 

The added noise, for all the different considered test conditions, 

was Gaussian  (𝜎𝑛𝑜𝑖𝑠𝑒 = 150 𝑚𝑉), which was found to be the 

suitable value for the SR observation in these samples, after 

analyzing different values. The resistance ratio is calculated as 

follows: 𝑅𝑟𝑎𝑡𝑖𝑜 = (
𝑅𝑅𝑒𝑠𝑒𝑡

𝑅𝑆𝑒𝑡
) = (

𝑉𝑅𝑒𝑎𝑑/𝐼𝑅𝑒𝑠𝑒𝑡

𝑉𝑅𝑒𝑎𝑑/𝐼𝑆𝑒𝑡
) = (

𝐼𝑆𝑒𝑡

𝐼𝑅𝑒𝑠𝑒𝑡
), where 

𝐼𝑆𝑒𝑡  and 𝐼𝑅𝑒𝑠𝑒𝑡 consist in the registered currents during the read 

pulse after the set and reset pulses, respectively. The following 

subsections summarize the information about the complete 

applied signal and the results corresponding to the three 

different tests. 

A. Set Process Activation 

In this first approach, the focus is to improve the binary 

STDP with the addition of Gaussian noise to the pulse that 

provokes the set transition. We ensure that the memristor 

remains in the HRS state by selecting appropriate amplitudes 

for the pre- and post-synaptic pulses without external noise. For 

this reason, we selected a set voltage, 𝑉𝑡𝑜𝑡 = 𝑉𝑠𝑒𝑡 , slightly 

below the voltage required to activate the set transition. This 

ensures that once noise is added, there is a probability of 

overcoming the set threshold voltage. In this study, we set the 

maximum voltage to 𝑉𝑠𝑒𝑡 = 𝑉𝑡𝑜𝑡 = 0.35 𝑉. 

To induce a change from LRS to HRS, we generate a reset 

pulse by applying -0.5 V at the top electrode and 0.5 V at the 
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bottom electrode. Thus, the reset pulse consists of 𝑉𝑟𝑒𝑠𝑒𝑡 =
 𝑉𝑡𝑜𝑡 = −1 𝑉 during 150 𝑚s. 

However, generating the set pulse, 𝑉𝑠𝑒𝑡 , is more challenging 

because the post-synaptic pulse must allow for adaptive time-

shifting to generate different overlap situations between the pre- 

and the post-synaptic pulses. This overlap induces the 

maximum value of 𝑉𝑠𝑒𝑡  to have different values. In Fig. 1.d the 

initial situation of the pre- and post-synaptic pulses is 

illustrated. Notice that there is no delay between pulses. The 

dash lines in the figure represent the successive delays of the 

post-synaptic pulse.  

For a better understanding, we describe the details of a 

variable set pulse generation. The duration of the set pulse at 

maximum voltage (0.35 V) starts at 0 𝑚𝑠, goes up to 150 𝑚𝑠 

and drops back to 0 𝑚𝑠 following 15 𝑚𝑠 steps. Figure 2 

illustrates three cases for a variable set process: in a) the pre- 

and post-synaptic pulses are not overlapped that produces a 

300 𝑚𝑠 pulse of  𝑉𝑠𝑒𝑡  = 𝑉𝑡𝑜𝑡 = 0.175 𝑉; in b), a partial 

overlap situation that generates a 3-level voltage pulse. In this 

situation, the maximum 𝑉𝑠𝑒𝑡 = 𝑉𝑡𝑜𝑡 = 0.35 𝑉 was during 

approx. 60 𝑚𝑠; in c), a complete pulses overlap , where  𝑉𝑠𝑒𝑡 =
𝑉𝑡𝑜𝑡 = 0.35 𝑉 pulse that lasts 150 𝑚𝑠 [26].  

In Fig 3.a, the complete measurement sequence for this first 

approach is reported. In every post-synaptic pulse delay (Δt), 

the sequence is cycled 20 times to allow for statistical analysis. 

At the beginning of the measurement sequence, the pre- and 

post-synaptic pulses do not overlap, and the 20 cycles are 

performed. The post-synaptic pulse is then delayed 15 ms, and 

again the 20 cycles are executed. This process is repeated for 

each shift. t =  n ∗ 15 ms  where n starts at 0 and grows until 

21. Focusing again on Fig. 2: a) presents the initial situation 

where n=0. As t increases, the overlap grows until a 

maximum situation in c) for n=11. After the maximum overlap 

situation, n keeps growing until there is no overlap again, for 

n=21. 

 

Fig. 2. Total set voltage, Vtot, (black line) and pre- and post-synaptic 

pulses (blue and orange lines) for three different overlap cases: a) no 

overlap, b) intermediate, and c) complete. 

The currents for the 20 cycles after each set and reset 

processes in all the previously mentioned iterations is illustrated 

in Figures 3.b and 3.c against ∆𝑡 for experiments without 

considering noise and including it respectively. Orange 

symbols represent the read currents after a set transition and the 

blue ones after a reset transition. In addition, in the figures, the 

mean value of the read current is shown with a solid line of the 

same color of the respective symbols. The comparison of both 

figures reveals that noise addition is crucial in identifying 

resistive states. Without noise, there is no state separation (see 

Fig. 3.b). However, with noise addition, both ON and OFF 

states are clearly distinguished because the set transition is 

enhanced. This state separation is proportional to the overlap 

between pre- and post-synaptic pulses. It is important to 

highlight that the maximum overlap situation is shown at 

∆t=150 ms. Figure 3.d displays the mean resistance ratio as a 

function of ∆t for the measurements without (in blue) and with 

noise (in orange). The dash grey line in Fig. 3.d represents the 

overlap as a function of ∆t, which supports the analysis reported 

in Figs. 3.b and 3.c. about the proportionality between pre- and 

post-synaptic pulses overlap and the 𝑅𝑟𝑎𝑡𝑖𝑜. In conclusion, the 

addition of noise to the set transition improves the 𝑅𝑟𝑎𝑡𝑖𝑜. 

 

Fig. 3. Set process activated via noise addition. a) Complete applied 

signal for this study during one cycle. The maximum value timespan 

of 𝑉𝑠𝑒𝑡 pulse varies every 20 cycles. The current during the 20 cycles 

for each ∆t and mean current evaluated after a set transition, in orange, 

and after a reset in blue is presented in b) for the measurements without 

noise and in c) including noise (σ = 150mV). In d) the mean value of 

𝑅𝑟𝑎𝑡𝑖𝑜 against ∆t is presented. For the measurements without including 

noise, in blue, and with noise, in orange. 

B. Reset Process Activation 

This subsection presents the opposite situation to the 

previous approach. Set pulses are fixed while reset pulses are 

variable. Now, it is the reset process the one intended to be 

activated via noise addition. Hence, the applied voltages have 

the opposite sign with respect to case A. The set pulses 

maximum voltage is fixed to a voltage high enough to ensure 
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the transition to the LRS. Now, the pre- and post- synaptic 

pulses consist in 0.3 𝑉 and −0.3 𝑉 pulses respectively, 

resulting in a 150𝑚𝑠 pulse of 𝑉𝑠𝑒𝑡  = 𝑉𝑡𝑜𝑡 = 0.6𝑉, which is the 

same in all cycles and iterations. However, the complexity 

appears now in the reset voltage, but the methodology used for 

its generation is the same as that considered in the previous 

subsection resulting, in this case, in a negative voltage pulse 

with a maximum value 𝑉𝑟𝑒𝑠𝑒𝑡  = 𝑉𝑡𝑜𝑡 = −0.55𝑉. This value is 

below the voltage required to activate the reset process. The 

noise intensity is the same than in the previous subsection 

(𝜎𝑛𝑜𝑖𝑠𝑒 = 150𝑚𝑉). Here, the delay is in the post-synaptic pulse 

for the reset process, generating a different overlap condition 

every 20 identical cycles. In this section, the noise is applied 

during the reset process.  

 

Fig. 4. Reset process activated via noise addition. a) Complete applied 

signal for this study during one cycle. b) medium overlap situation 

between the pre- and post-synaptic pulses to build the variable reset 

pulse. The maximum value timespan of 𝑉𝑠𝑒𝑡 pulse varies every 20 

cycles. The current during the 20 cycles for each ∆t and mean current 

evaluated after a reset transition, in orange, and after a reset in blue is 

presented in c) for the measurements without noise and in d) including 

noise (σ = 150mV). In e) the mean value of 𝑅𝑟𝑎𝑡𝑖𝑜 against ∆t is 

presented. For the measurements without including noise, in blue, and 

with noise, in orange. 

As reported in the previous subsection, Fig 4.a shows one 

cycle of the applied signal for this reset process activation, 

where the set process is a fixed pulse and the reset pulse is 

variable, changing every 20 cycles, as mentioned above. Figure 

4.b illustrates an example of a medium overlap situation 

between the pre- and post-synaptic pulses to form the reset 

pulses in this subsection and highlights the resulting voltage 

values. Figures 4.c and 4.d show the currents measured after 

every transition and cycle as a function of ∆t for the 

experiments without and with noise, respectively. Again, the 

noise allows the device to switch, but in this case from LRS to 

HRS with a switching probability proportional to the overlap. 

This trend is confirmed by the results shown in Fig 4.e, where 

the 𝑅𝑟𝑎𝑡𝑖𝑜 of the two different situations (with and without noise 

inclusion) is shown as a function of the post-synaptic pulse 

delay. The figure includes the dash gray line showing the 

overlap evolution as a function of the delay as well. Once it is 

demonstrated that both set and reset processes can be activated 

separately with the addition of noise, the key part of this work 

is to combine both activations simultaneously. This study is 

presented in the following subsection.  

C. Complete Switching Activation 

In this subsection, the combination of the two previous 

studies is presented. This is the most realistic situation where a 

system is always driven by a noisy signal. Hence, both set and 

reset processes will be under noise influence. The applied 

voltages are 𝑉𝑠𝑒𝑡  = 𝑉𝑡𝑜𝑡 = 0.38 𝑉 and 𝑉𝑟𝑒𝑠𝑒𝑡  = 𝑉𝑡𝑜𝑡 =
−0.58 𝑉. Both values are not sufficient to activate the 

switching. The same noise (𝜎𝑛𝑜𝑖𝑠𝑒 = 150 𝑚𝑉) was applied. 

The slight set and reset voltage values differences with respect 

to the previous sections are a consequence of the inherent 

device-to-device (D2D) variability. These particular values 

were selected so as to achieve an initial condition as similar as 

possible for all the experiments. From the results in several 

devices (⁓25), we identified the optimal voltage ranges to be: 

𝑉𝑠𝑒𝑡  from 0.35 𝑉 to 0.4 𝑉 and 𝑉𝑟𝑒𝑠𝑒𝑡  from−0.55 𝑉 to 0.6 𝑉. In 

the same line as in the previous subsections, Fig 5 summarizes 

the experimental study carried out. Figure 5.a illustrates the 

applied voltage signal where both set and reset durations are 

variable. A key point for the set and reset pulses timing in this 

subsection is that the evolution of the pre- and post-synaptic 

pulses duration is synchronized. This means that the timespan 

of the maximum value in both set and reset pulses is the same 

(i.e., the same overlap), for all the cycles. Figures 5.b and 5.c 

present the measured current after every set and reset transition 

against ∆t for the experiments without noise and including it, 

respectively. The added noise enables both transitions 

simultaneously. In this subsection, the overlap between pre- and 

post-synaptic pulses evolves equally in both set and reset 

transitions. 

It is worth mentioning that there are differences in the 

resistance ratio values obtained with the three approaches (see 

Figs 3.d, 4.e and 5.d) described above. In the first approach, 

where the set process is activated by noise, the maximum 

resistance ratio value is approximately equal to 20. In the 

second approach, where the reset process is activated, the 

maximum value is around 3.5, and in the third approach, with 

both transitions activated, the maximum value is 9. The 

resistance ratio differences observed in the three subsections 

can be ascribed to the widely known intrinsic memristor 

variability, the selection of noise sigma, and the voltage values 

for the constant pulses for reset and set transitions in 

subsections A and B respectively. The predominant factor is the 

different abruptness of the set and reset processes in the used 

memristors. Regarding the last issue, in the I-V curve shown in 

Fig 1.b, the set process is notably more abrupt than the reset 

process, which is gradual. Hence, the noise activation of the set 

(section A) allows a high resistance ratio after a complete reset 
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process. However, for subsection B, the resistance ratio values 

are lower because of the progressiveness of the reset process, 

therefore noise does not allow a large resistance state change 

during this process. 

In this section, a comprehensive investigation into the SR 

effect within neuromorphic systems utilizing memristors was 

presented. The study highlighted the positive impact of noise 

on the binary STDP protocol. Through the strategic 

introduction of noise in either the set pulse, reset pulse, or both 

simultaneously, we demonstrated the switching activation. The 

experiments detailed in this study were replicated using other 

devices from the same wafer to verify consistency and 

reproducibility of results. 

 
Fig. 5. Set and reset processes activated via noise. a) Presents the 

complete applied signal during one cycle. The duration of the 

maximum values of Vset and Vreset is the same. The current during 

the 20 cycles for each ∆t  and mean current evaluated after a set 

transition, in orange, and after a reset in blue is presented in b) for the 

measurements without noise and in c) including noise (σ = 150mV). 

In d) the mean value of 𝑅𝑟𝑎𝑡𝑖𝑜 against ∆t is presented. For the 

measurements without including noise, in blue, and with noise, in 

orange. 

III. SIMULATING STDP ACTIVATION VIA SR 

As part of this study, we report in what follows simulation 

results using the LTspice simulator. The goal is to reproduce 

the same input signal used for the third and more complex 

approach presented and to analyze the response of the 

memristor provided by the considered model. For the 

simulations we have used the dynamic memdiode model 

(DMM) [27, 28] for RRAM devices, which has demonstrated 

high versatility for a wide variety of input signals [31, 32]. In 

this work, the model will be tested with complex and noisy 

signals. The DMM is implemented in LTspice, and it basically 

consists in two main equations, one for the current-voltage 

characteristic and another for the memristor memory state. 

Detailed information about the model and applications can be 

found in [27, 28]. 

Before the simulations, setting the model parameters is a 

necessary step. The procedure consisted in selecting the model 

parameters that reproduce the behavior of the devices used in 

this work, which are obtained by fitting the experimental data 

to the model equations. The result of this fitting process is 

shown in Fig 6.a, where the I-V curves corresponding to 10 

experimental cycles (in grey) are compared to a simulated curve 

(in red). In addition, Fig 6.b presents the schematics of the 

LTspice circuit used for the simulations containing 4 voltage 

sources: the pre- and post-synaptic pulses (Vpre and Vpost), 

and the noise sources for the set and reset processes (SetVn and 

ResetVn, respectively). 

 

Fig. 6. a) Comparison of the experimental (grey) and fitted (red) I-V 

characteristic. b) LTspice circuit schematics used to simulate STDP 

activation via SR. c) Simulated current during the 20 cycles for each 

∆t and mean current evaluated after a set transition,in orange, and after 

a reset transition in blue including noise obtained using the LTspice 

simulator and the DMM model. d) Experimental (grey) and simulated 

(red) resistance ratio against ∆t showing a good agreement between 

both curves. 

The complex signals were generated in LTspice using the 

Piecewise linear (PWL) function, where time and voltage can 

be programmed point by point, while the white gaussian noise 

signal is added externally. Once the pulsed signals are 

generated, the noise is included in the transitions, the 

simulations run, and the results externally compiled and 

analyzed in MATLAB. The results reported in Fig. 6.c 

(symbols) show the reading current after every set (in orange) 

and reset (in blue) transitions versus the t for a simulation 

including noise. The continuous line corresponds to the mean 

value of the LTspice simulation. The HRS and LRS reading 

current values and dependence on the post-synaptic pulse delay 

obtained through simulation show that the model is able to 

reproduce the experimental behavior. Figure 6.d compares the 

experimental and simulated resistance ratio against t. The 

simulations demonstrate the binary STDP protocol can be 

activated through external noise addition in LTspice, showing 

a good agreement between experimental and simulated results. 
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IV. CONCLUSION 

In this work, the beneficial effect of the addition of an external 

noise source to the base signal in the performance of HfO2 

based memristors was experimentally demonstrated. We 

reported a complete experimental study of the SR in STDP 

protocol implemented with memristors, showing the beneficial 

role of additive noise on the binary STDP protocol. Our study 

analyzes the SR phenomenon in a scenario where the 

memristor's HRS and LRS was not distinguishable. 

Nevertheless, we have demonstrated that by including noise to 

the set pulse, reset pulse or both pulses simultaneously, the 

resistive switching was activated. The slight impact of the D2D 

variability forces to define a narrow range of input signals for 

the set and reset transitions activation. The results unveiled the 

impact of noise was different for the set and reset transitions, 

being more evident for the set transition. This effect was 

attributed to memristor variability, noise sigma, selected set and 

reset voltages values and to the abruptness of the set event 

comparing with the more gradual reset event. We assessed the 

positive impact of noise by examining the relationship between 

the resistance ratio and the duration of the highest value of the 

noise-triggered transition pulse. Our findings showed that as the 

duration of the maximum noise-activated transitions (set, reset, 

or both) increases, the resistance ratio also increases. The case 

where both (set and reset) transitions were noise-activated was 

simulated using the DMM in LTspice. The obtained results well 

reproduce the experimental observations. The presented results 

are promising and offer a potential avenue for further 

exploration of the stochastic resonance phenomenon in more 

complex neuromorphic systems. This includes using multiple 

memristors for experimental analysis and simulation of 

artificial neural networks. 
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1 
E. Salvador et al.: Modeling and Simulation of Correlated Cycle-to-Cycle Variability in the Current-Voltage Hysteresis Loops of RRAM devices  

Abstract—Resistive RAMs or memristors are nowadays 
considered serious candidates for the implementation of 
energy efficient and scalable neuromorphic computing 
systems. However, a major drawback of this technology is 
the instability of the device current-voltage (I-V) 
characteristic as is clearly revealed by the so-called cycle-
to-cycle (C2C) variability. This lack of complete 
reproducibility is a consequence of the spontaneous or 
induced morphological changes of the filamentary 
conducting structure occurring at atomic level. Variability 
is an essential issue any compact model for the conduction 
characteristics of RRAM devices should be able to cope 
with to be considered realistic. In this work, a thorough 
investigation of the C2C variability in the I-V loops of HfO2-
based memristive structures was carried out with the aim 
of incorporating this information into the equations of the 
Dynamic Memdiode Model. From the compact modeling 
viewpoint, C2C correlation effects are achieved using 
model parameters expressed as mean-reverting stochastic 
processes driven by Wiener noise (Ornstein-Uhlenbeck 
process). The direct and indirect links between the random 
behavior of the model parameters and the observable 
magnitudes (high and low resistance states, set and reset 
voltages, etc.) are discussed. The agreement between 
simulation and experimental results is statistically 
assessed using the Wasserstein’s distance metric. 

 
Index Terms—RRAM, memristor, variability, SPICE.  

I. INTRODUCTION 

esistive Random Access Memories (RRAMs), also known 

as memristors, are electroformed two-terminal devices 

capable of modifying their resistance state in a non-volatile 

fashion in response to the application of an external stimulus 

(voltage, current, light, etc.) [1-2]. These devices are nowadays 

seriously considered for a number of applications in the areas 

of information storage, neuromorphic computing, logic circuits, 

cryptography, etc. Among their properties we can mention low 

power consumption, high scalability, velocity, endurance, 

retention, and what is remarkably important, CMOS 

compatibility [3-8]. RRAMs rely on the Resistive Switching 

(RS) phenomenon, which arises from the alternate formation 

and destruction of a conductive filament (CF) embedded in the 

dielectric layer of a metal-insulator-metal structure (MIM). The 

devices investigated in this work exhibit the so-called bipolar-

type behavior in which opposite electric fields need to be 

applied to switch the device on and off alternately. These two 

extreme conduction states are often referred to as the low (LRS) 

and high (HRS) resistance states of the device, respectively. In 

memristive devices, the origin of the switching mechanism can 

be related to the movement of metal ions or oxygen vacancies 

within the dielectric film. However, one of the major drawbacks 

for the massive application of these devices is their intrinsic 

instability. The current variability is largely related to 

morphologic changes in the CF occurring at atomic scale and 

can occur spontaneously or be induced [9-10]. An important 

aspect for the development of this technology, as well as for any 

other, is compact modeling. Having an accurate and robust 

model for the conduction characteristic of the device certainly 

helps in the understanding, design, and expansion of a new 

technology. Since variability is unavoidable in current RRAM 

devices, any compact model intended to reproduce their output 

characteristics should consider to a lesser or greater degree this 

phenomenology. However, this is not straightforward since 

variability is not only related to the particularities of the device 

under test but also to the kind of stimulus to which the device 

is subjected during its lifetime. As this is in principle 

unpredictable without further specification, one possibility is to 

adopt a broad-range application model capable of being adapted 

to specific circumstances. A number of works dealing with the 

compact modeling of C2C variability in RRAMs can be found 

in the literature [11-17]. A comprehensive review including the 

most recent advances in the variability assessment in RRAM 

modeling is presented in [11]. In [12], a variability study 

considering correlation of the HRS and LRS currents for the 

initial cycles using an analytical model is reported. In [13], an 

approach for emulating variability effects in a SPICE memristor 

model is discussed. In [14], a Monte-Carlo approach to 

reproduce C2C variability during the set and reset processes is 

described. In [15], an algorithm for the inclusion of variability 

in the Stanford-PKU model is presented and in [16], the 

connection between the temperature and filament shape with 

variability is analyzed. A time series analysis for the evolution 

of particular observables in RRAMs can also be found in [17]. 

None of these works considers C2C correlation effects in the 

most important observables associated with experimental I-V 

curves. 

In this work, we report a method for including correlated C2C 

variability in the Dynamic Memdiode Model (DMM) [18-19] 

through the use of pseudo-Ornstein-Uhlenbeck (p-OU) 

processes. The proposed methodology basically consists in 

introducing correlation and noise in some key model 

parameters of the DMM. In a previous work [20], we added 

variability to the DMM parameters, but no correlation effects 

were considered. The objective of this work is to show how this 

new approach is able to generate I-V curves with a degree of 

dispersion and correlation comparable to what is 

experimentally observed in HfO2-based RRAMs. The 

agreement between simulations and experiments is statistically 

assessed using the Wasserstein’s distance (WD) [21]. This 
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paper is organized as follows: Section 2 describes the devices 

investigated in this work, mainly their structure and fabrication 

process. In Section 3, the proposed approach to include 

variability in the compact model is discussed. Section 4 focuses 

on practical issues about the model implementation. Section 5 

reports the results of this work including a comparison of 

different figures of merit for the simulated and experimental 

curves. Finally, Section 6 presents the conclusions of this work. 

Details of the proposed approach can be found in the 

Supplementary Material (SM) file. 

 

 

Fig. 1: a) Cross section of the investigated devices. b) All cycles and median I-V 
characteristics for the RRAM devices in logarithmic current axis. c) The same I-V 

curves using the snapback voltage correction (Vsb=V-RI). VT is the transition 

voltage and VR the reset voltage. 

II. EXPERIMENTAL DEVICES AND METHODOLOGY 

This Section describes the devices under test and the 

measurements carried out. The cross section of the investigated 

structures (TiN-Ti-HfO2-W) is shown in Figure 1a. The 10 nm-

thick HfO2 layer was grown using the atomic layer deposition 

(ALD) technique at 225 C. The active area of the device 

is 5x5 m2. The precursors used for the deposition were 

TDMAH and H2O. N2 was used both as carrier and purge gases. 

The bottom electrode is a 200 nm-thick Ti layer, while the top 

electrode consists of a 200 nm-thick TiN layer deposited on a 

10 nm-thick Ti layer, which acts as the oxygen scavenging 

material. I-V measurements were performed using the 

Semiconductor Parameter Analyzer (SPA) Agilent 4156C. Fresh 

devices were subjected to a 1 mA current-limited forming 

process, which in our devices occurs at voltages close to 3.5 V 

(not shown here). During cycling, the applied voltage was swept 

from 0 V to 1.3 V, from 1.3 V to -1.3 V, and finally from -1.3 V 

to 0 V (100 cycles). Current limitation was included during the 

set process (20 mA) to avoid an irreversible breakdown of the 

device. The reset process takes place with no kind of limitation. 

Further details about the electrical characterization can be found 

in [22]. In our devices, the HRSLRS transitions are related to 

the formation and destruction of a vacancy-formed filamentary 

structure spanning the oxide layer [23]. Figure 1b shows 100 I-

V cycles for an electroformed memristor. Cycled curves are 

shown in grey while the median curve is in red. For the analysis, 

HRS and LRS currents were also evaluated at 𝑉 = −0.2 V. 

Figure 1c shows the resulting I-V curves after the snapback (SB) 

correction to the applied voltage 𝑉𝑠𝑏 = 𝑉 − 𝑅 · 𝐼, where 𝑅 is 

any internal/external series resistance. This SB correction 

allows us to extract the transition voltage which is related to the 

abrupt current increase at the transition voltage 𝑉𝑇. As can be 

seen in Fig. 1c, using an appropriate 𝑅 value results in 𝑉𝑇 = −𝑉𝑅. 

More information about the effect of the series resistance and its 

extraction methods are reported in [24,25]. The current increase 

after SB is often ascribed to the accumulation of ions or defects 

in the CF or to its lateral expansion [10]. 𝑉𝑇 represents the 

minimum voltage required for moving the ions or vacancies. 

 

Fig. 2: a) HRS and LRS current values measured at -0.2V for all the cycles 
available. b) AC plots for HRS (in black) and LRS (in red) currents the dash lines 

are the theoretical exponential decay for AC in an OU process (𝐴𝐶 ~ 𝑒−𝛼·𝐿𝑎𝑔𝑠).  

 

Figure 2a presents the HRS and LRS current evolution 

measured at −0.2 V for all the cycles reported in Figs. 1b and 

1c. Notice that both the LRS and HRS currents exhibit 

correlated fluctuations, which are clearly detected in the 

autocorrelation (AC) plots of Fig. 2b. The AC of an OU process 

follows the exponential relationship 𝐴𝐶 ~ 𝑒−𝛼·𝐿𝑎𝑔𝑠, where 𝛼 is 

a constant. We found 𝛼𝐻𝑅𝑆 = 0.4 and 𝛼𝐿𝑅𝑆 = 0.17. Figure 2b 

graphically summarizes the strength of the relationship between 

the current and past observations, in our case, the current and 

past cycles. As it will be shown next, we propose to model these 
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correlated fluctuations using as a first approximation p-OU 

processes in the definition of the DMM parameters. Specific 

long-term trends in the lower and upper limits of the device 

resistance window caused by aging effects must be considered 

separately and can be later added to the C2C fluctuations if this 

is the case. 

III. IMPLEMENTATION OF THE ORNSTEIN-UHLENBECK  
PROCESS IN LTSPICE 

In this Section, the fundamentals of the OU process and its 

generation method in the framework of a circuit simulator like 

LTspice [26] are discussed. It is worth mentioning that the 

experimental curves were first explored with the aim of 

extracting statistical information about the measured observables 

(high and low resistance states, set and reset voltages) [20]. 

Then, the corresponding parametric distributions were used in the 

definition of the model parameters values. The best distributions 

for the different experimental observables were obtained using 

the fitdistrplus package for the R language [27] and incorporated 

into the LTspice model script. In a second phase, an iterative 

process was carried out with the aim of obtaining the optimum 

combination of model parameter values. The mathematical steps 

towards this final goal are described next. 

 

Fig. 3: Simulated OU processes, the considered parameters are 𝜇 = 1, 𝜎 = 0.1, 𝜃 =
0.5. The initial conditions are normal distributions centered at: 0 (black), 1 (red) 
and 2 (blue).  

A. The Ornstein-Uhlenbeck process 

Variability is introduced in the simulated curves through the use 

of OU processes [28]. OU is a widely known stochastic process 

that comprises a deterministic term for the evolution of the 

variable of interest plus a noise term which drives the system out 

of equilibrium. OU processes have a plethora of applications in 

physics, mathematics, biology, etc. and are the only stationary 

Gauss-Markov processes. Because of that, OU plays a central 

role in the theory of stochastic processes. Since the simulated 

variable drifts towards its mean value, the OU process is also 

called mean-reverting. The general expression for the OU 

process is given by the Itȏ-type stochastic differential equation 

(SDE): 
 

𝑑𝑥𝑡 = Θ(𝜇 − 𝑥𝑡)𝑑𝑡 + 𝜎𝑑𝑊𝑡 (1) 
 

where 𝑥𝑡 is the value of the variable at time 𝑡, 𝜇 its central 

location, Θ the reversion coefficient, dt the time step, 𝜎 the 

volatility coefficient (noise amplitude) and 𝑊𝑡 the Wiener 

process (white noise). The discretized version of (1) is expressed 

as [28,29]: 
 

𝑋𝑛+1 = 𝑋𝑛 + Θ(𝜇 − 𝑋𝑛)Δ𝑡 + 𝜎Δ𝑊𝑛 (2) 
 

where Δ𝑊𝑛 are independent identically-distributed Wiener 

increments, or in other words, a normal distribution with zero 

mean and Δ𝑡 variance. Hence, Δ𝑊𝑛~𝑁(0, Δ𝑡) = √Δ𝑡 · 𝑁(0,1). 

Accordingly, in practice, (2) reads: 
 

𝑋𝑛+1 = 𝑋𝑛 + Θ(𝜇 − 𝑋𝑛)Δ𝑡 + 𝜎√Δ𝑡 · 𝑁(0,1) (3) 
 

Figure 3 presents three OU processes generated using (3). As 

shown in the figure, by selecting an appropriate initial condition 

(𝐼𝐶), the transient effect can be eliminated if required. In order to 

achieve this condition, the initial value is assumed to follow a 

normal distribution 𝑁(𝜇, 𝜎𝐼𝐶) centered at the mean value of the 

OU signal and with standard deviation 𝜎𝐼𝐶 =
𝜎2

2𝜃
. The 

implementation of (3) requires the use of a Gaussian number 

generator, a topic discussed in the SM file. The control of the 

initial condition is also advantageous in cases where the DMM 

parameters need to account for initial transient effects. 

B. Simulation and characterization of the p-OU process 

Since this work mainly concerns with the inclusion of variability 

in LTspice simulations for the conduction characteristics of 

RRAM devices, the proposed approach imperatively requires the 

use of a random number generator (RNG). In order to generate 

an OU process, a white Gaussian RNG must be implemented. A 

thorough examination of the tools provided by LTspice and the 

construction of an ad-hoc Gaussian RNG are reported in the SM 

file. The Box-Müller algorithm [30] was used for this task and 

the generator is referred to as Monte Carlo Gaussian (MCG). The 

Lilliefors test was considered for evaluating its statistical 

properties [31]. In what follows, we focus on the simulation and 

characterization of the complete stochastic process. The 

LTspice tool for generating a controlled recursive process as 

required by (3) is the delay function. Recall that otherwise the 

simulation timestep is always under the control of the 

simulation engine. The delay function considers two 

parameters: the variable of interest and in our case the time 

between two consecutive cycles (Δ𝑡 or 𝑑𝑒𝑙 in the model script). 

This Δ𝑡 considered for simulations needs to be compatible with 

the experimental data. Simulations using (3) were first 

performed in LTspice. For a double check, the generated results 

were statistically compared with MATLAB simulations 

obtained under identical conditions. Since the timestep is not 

under the user’s control in LTspice but only the maximum 

timestep, the simulated signal can contain unexpected points. 

The appearance of these unexpected points is the reason for 

calling the generated process a pseudo-OU (p-OU) process. 

Thus, in order to compare with the signal generated in 

MATLAB, the unwanted datapoints from the LTspice dataset 

must be removed (via software) taking into account Δ𝑡. The 

results obtained this way can then be analyzed in R. Figure 4a 

illustrates the comparison between the p-OU LTspice signal 

(pink) and the OU MATLAB signal (green). The same input 

parameters (𝛩, 𝜇, 𝜎, 𝑧) were used in both calculations. Similar 

distributions are observed. More in detail, Fig. 4b compares the 

associated probability densities. 
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Fig. 4: p-OU signal comparison in LTspice (pink) and Matlab (green). a) Time 
evolution of the simulated signals. b) Density plots. The conditions for the obtention 
of both p-OU signals are: 𝜇 = 0.4, 𝜎 = 0.013, 𝜃 = 0.15, 𝑧 = 1. 

IV. SIMULATIONS USING THE DYNAMIC MEMDIODE MODEL  

This Section focuses on the inclusion of correlated C2C 

variability in the DMM. The DMM describes the conduction 

characteristics of RS devices under the application of arbitrary 

input signals. The origin of the switching behavior is related to 

the creation and destruction of the CF that spans across the 

dielectric layer. This in turn is linked to the metal ions or oxygen 

vacancies displacement depending on the device type (CBRAM 

or OxRAM). In bipolar devices, the transition between HRS and 

LRS (CF generation) and viceversa (CF rupture) takes place at 

opposite voltages [32-33]. This is the case we are going to 

analyze next. The DMM reproduces the I-V characteristic of a 

bipolar-type memristive devices using two coupled equations. 

The first equation (4) deals with the electron transport while the 

second equation (5) relates to the internal state of the device. 

According to the DMM, the I-V characteristic reads: 
 

𝐼(𝑉) = 𝐼0() 𝑠𝑖𝑛ℎ{𝛼()[𝑉 − (𝑅𝑐() + 𝑅𝑖)𝐼]}   (4) 
 

where V is the applied voltage, 𝐼0 the current amplitude factor, 𝑅𝑐 

a variable series resistance, and 𝛼 a fitting parameter.  runs 

between 0 and 1 and it is called the memory state of the device. 

Its purpose is to control the transitions HRSLRS. 𝑅𝑖 is a fixed 

resistance related to the snapback voltage correction discussed in 

Section II [34]. Notice that (4) includes three different 

parameters with -dependence. For simplicity, these parameters 

are assumed to change linearly and in the same way from a 

minimum (off) to a maximum (on) value as a function of . For 

instance, 𝐼0() = 𝐼𝑜𝑓𝑓 + (𝐼𝑜𝑛 − 𝐼𝑜𝑓𝑓) · 𝜆, where 𝐼𝑜𝑓𝑓  and 𝐼𝑜𝑛 

represent the minimum (HRS) and maximum (LRS) current 

values, respectively. According to (4), in HRS, the current 

depends exponentially on V, while in LRS, the current depends 

linearly on V because of the potential drop across the series 

resistances 𝑅𝑖 and 𝑅𝑐.  is described by a balance-type voltage-

driven differential equation [18]:  
 

𝑑

𝑑𝑡
=

1 − 

𝜏𝑆(, 𝑉𝑠𝑏)
−



𝜏𝑅(, 𝑉𝑠𝑏)
                                  (5)     

 

where 𝜏𝑆,𝑅, called TS and TR, respectively in the model script 

(details in the SM file), are the characteristic times for the set and 

reset transitions. These characteristic times are expressed as: 
 

𝜏𝑆(𝑉) = 𝑒𝑥𝑝[−𝜂𝑆(𝑉𝑠𝑏 − 𝑉𝑆,𝑇)] (6) 

𝜏𝑅(𝑉) = 𝑒𝑥𝑝[𝜂𝑅𝜆𝛾(𝑉𝑠𝑏 − 𝑉𝑅)] (7) 

where 𝜂𝑆,𝑅, also called 𝑒𝑡𝑎𝑠 and 𝑒𝑡𝑎𝑟 respectively in the model 

script, are the transition rates. 𝑉𝑆,𝑅 are the set and reset switching 

voltages, respectively. The snapback current (𝑖𝑠𝑏 in the model 

script) acts as a threshold current for the snapback effect. The 

snapforward parameter γ≥0 (called gam in the model script) 

controls the reset transition rate. Further details about the DMM 

can be found in [18,19]. In addition, more references to the 

snapback and snapforward effects in the I-V characteristic can be 

found in [19]. The model script, the schematics used in the 

LTspice simulator, and a short explanation about the inclusion of 

variability in the model parameters specifying each variable 

parameter type (p-OU or probability distribution) are reported in 

the SM file. It is worth mentioning that simulations were 

performed using the same timing and voltage conditions as those 

used for the measurements. The adjustment of the model 

parameters takes into account the shape of the I-V curves, their 

statistical distribution and the autocorrelation. In order to find the 

best set of parameters, the simulated and experimental curves 

were subjected to an iterative process in which the global 

deviation is calculated. The median of the experimental curves is 

considered as the initial guess for this process. For the sake of 

simplicity, and to avoid over-randomness, only 4 parameters, one 

for each key region of the hysteretic loop, were selected to be 

described as p-OU processes:  𝐼𝑜𝑓𝑓 , 𝐼𝑜𝑛 , 𝑉𝑇 and 𝑉𝑅. The 

remaining parameters are constant or follow a specific 

probability distribution. The simulated results, including 

variability, are compared with the measurements cycle after cycle 

until a final target is reached. Further details are discussed in the 

next Section. 

V. COMPARING EXPERIMENTAL AND SIMULATED CURVES 

In this Section, the comparison between the simulated and 

experimental I-V curves is discussed. Figure 5 shows typical 

results obtained with the DMM. As it can be seen, the main 

features of the curves are correctly addressed. Fitting the LRS 

current is by no means straightforward since the corresponding 

observable is the result of the combination of several model 

parameters associated with HRS (𝑰𝒐𝒇𝒇, 𝑹𝒐𝒇𝒇, 𝒂𝒐𝒇𝒇). In turn, the 

model parameters associated with the LRS current 
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(𝑰𝒐𝒏, 𝑹𝒐𝒏, 𝒂𝒐𝒏) directly impact on the voltage location and 

variability of the reset transition. This is referred to as 

variability propagation. The complete simulation requires the 

strict control of some model parameters like 𝑰𝒐𝒇𝒇 for example 

in order not to crash the simulator by an improper combination 

of model parameters.  

 

Fig. 5: Simulated and experimental I-V curves in pink and black respectively in 
logarithmic axis for the current. The simulated curves were obtained by using the 
model script and schematics presented in the Supplementary Material. 

More in detail, Fig. 6 presents the evolution of the Wasserstein 

distance for the four selected observables: 𝑰𝑯𝑹𝑺 (in black), 𝑰𝑳𝑹𝑺 

(in red), 𝑽𝑻 (in green) and 𝑽𝑹 (in violet) for different stages of 

the optimization process. Here, we use the WD as a measure of 

the difference between the simulated and experimental 

distributions [21]. For the y axis, WD is normalized by the mean 

value of the experimental observable. This allows plotting the 

four different observables in the same scale. It is clearly seen 

that as the optimization process proceeds, WD decreases, which 

indicates more accurate results in a statistical sense. The 

optimization process ends when WD reaches a predefined 

threshold value. If a given change in the model parameters leads 

to an increase of WD, this change is rejected. For the sake of 

clarity, Fig. 6 also includes the set of experimental and 

simulated I-V curves for three different stages of the 

optimization process: initial (S1), intermediate (S5) and final 

(S11) situations. The reduction of WD coincides with the 

improvement of the fitting results.  

 

 

Fig. 6: Wasserstein distance for the four selected observables in chronologically 
ordered simulations. For illustrative purposes, the simulated curves are included 
for initial (S1), intermediate (S5), and final (S11) chronological situations. 

 
 

Fig. 7: Evolution of the CDF plot. In black, the experimental and in a darkness-
fade, from initial (lighter) to late (dark) simulations. a) for HRS current, b) for LRS 
current, c) for the transition voltage and d) for the reset voltage. 
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Fig. 8: Comparison of the autocorrelation coefficients as a function of the lag (cycle 
number) for the four selected parameters corresponding to the simulated (pink) 
and experimental (black) curves. a) for HRS current, b) for LRS current, c) for the 
transition voltage and d) for the reset voltage. 

 

Fig. 9: Comparing the time evolution and histograms of the a) LRS and b) HRS 
currents in experimental and simulated curves. In dashed lines the experimental 
mean values are highlighted.  

 

Notice that the selected observables are strategically chosen so 

as to summarize the information about the complete loop: 𝑰𝑯𝑹𝑺 

for the HRS curve, transition voltage 𝑽𝑻 for the SET transition, 

𝑰𝑳𝑹𝑺 for the LRS curve, and 𝑽𝑹 for the reset transition. Other 

selection is also possible. Figure 7 shows the cumulative 

distribution functions for the four selected observables, in black 

for measurements and in a darkness-fade for simulations 

(initial-bright, late-dark). Again, in agreement with the above 

discussed process, the darker curves are closer to the black ones 

as the optimization proceeds. Figure 8 shows the AC plots for 

the selected observables (experimental in black and simulated 

in pink) as a function of the measurement cycle for: a) 𝑰𝑯𝑹𝑺, b) 

𝑰𝑳𝑹𝑺, c) 𝑽𝑻 and d) 𝑽𝑹. Finally, Fig. 9 presents the C2C evolution 

of the HRS and LRS currents for the experimental (Fig. 9a) and 

simulated (Fig. 9b) curves. Both HRS and LRS currents were 

evaluated at 𝑽 = −𝟎. 𝟐 𝑽. The dashed lines represent the 

experimental mean value. This visual representation 

summarizes the temporal evolution of the two alternate states 

enriching the preceding statistical analysis. This last exercise 

illustrates the capability of the proposed approach to reproduce 

the two extreme conduction states, an essential feature for 

memristor-based digital applications. Of course, as mentioned 

several times along this work, an appropriate calibration 

process for each specific test considered is always necessary.  

VI. CONCLUSION 

In this work, a compact approach for SPICE simulations based 

on a modified version of the Dynamic Memdiode Model 

(DMM) able to account for correlated cycle-to-cycle variability 

in RRAM devices was presented. In order to generate such 

correlation effects, Ornstein-Uhlenbeck processes were 

assumed for the DMM parameters. A comprehensive study on 

the random number generation in LTspice was also carried out. 

It was shown that care should be exercised when invoking the 

internal functions of the simulator. The reported SPICE model 

includes the capability of simulating correlation effects in all 

the regions of the current-voltage characteristics of RRAM 

devices, a clear innovation with respect to the available 

approaches found in the literature. The ability of the model to 

reproduce the C2C experimental results was evaluated using the 

Wasserstein distance for the evolution of four strategically 

selected observables corresponding to the positive and negative 

quadrants of the I-V curves. The analysis was accompanied by 

a thorough assessment of the evolution of the autocorrelation 

and cumulative distribution plots for the observables. 
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Supplementary material 

A – Model script, schematics and guidelines 

Subcircuit definition 

 

.subckt memdiode + - H 

.params 

+ H0=0 RPP=1E10 vs=2; initial condition, parallel resistance, set voltage  

+ etar=40 del=1 fps=1; reset transition rate, time between cycles, RNG rate 

+ gam=0.1; snapforward factor, isb=1/gam=0 no snapback/snapfoward  

+ th1=0.15 mu1=ln(1.28E-4) s1=0.19 ic1=mu1+gauss((s1**2)/(2*th1)) n1=1; Ioff, HRS current 

+ th2=0.45 mu2=20.3E-3 s2=0.7e-3 ic2=mu2+gauss((s2**2)/(2*th2)) n2=2; Ion, LRS current 

+ mu3=6e-5 s3=0.2E-5 n3=3; Isb, snapback current 

+ th4=0.25 mu4=-0.51 s4=0.009 ic4=mu4+gauss((s4**2)/(2*th4)) n4=4; Vr, reset voltage 

+ mu5=27 s5=0.2 n5=5; ri, fix series resistance 

+ th6=0.25 mu6=ln(0.415) s6=0.0415 ic6=mu6+gauss((s6**2)/(2*th6)) n6=6; Vt, transition voltage 

+ mu7=3.0 s7=0.16 n7=7 mu8=1.9 s8=0.01 n8=8; aoff/aon 

+ mu9=20 s9=1.8 n9=9 mu10=5 s10=0 n10=10; roff/ron, variable series resistance 

+ mu11=34 s11=3 n11=11; etas, set transition rate 

*Memory Equation 

BI 0 H I=if(V(+,-)>=0,(1-V(H))/TS(V(C,-)),-V(H)/TR(V(C,-))) ; current generator for the memory state 

CH H 0 1 ic={H0} ; initial state 

*I-V 

RI + C R=V(P05) ; fixed series resistance, ri 

RS C B R=K(V(P10),V(P09)) ; variable series resistance 

BF B - I=K(V(P02),exp(V(P01)))*sinh(K(V(P08),V(P07))*V(B,-)) ; current generator for electron current 

RB + - {RPP} ; parallel resistance 

*Parameters and variability using pOU process 

BP01 0 P01 I=-th1*(delay(V(P01),del)-mu1)+delay(V(P01),del)+sqrt(del)*MCG(0,s1,fps,n1) IC=ic1 Rpar=1; Ioff 

BP02 0 P02 I=-th2*(delay(V(P02),del)-mu2)+delay(V(P02),del)+sqrt(del)*MCG(0,s2,fps,n2) IC=ic2 Rpar=1; Ion 

BP03 0 P03 I=mu3+MCG(0,s3,fps,n3) Rpar=1; Isb 

BP04 0 P04 I=-th4*(delay(V(P04),del)-mu4)+delay(V(P04),del)+sqrt(del)*MCG(0,s4,fps,n4) IC=ic4 Rpar=1; Vr 

BP05 0 P05 I=mu5+MCG(0,s5,fps,n5) Rpar=1; ri 

BP06 0 P06 I=-th6*(delay(V(P06),del)-mu6)+delay(V(P06),del)+sqrt(del)*MCG(0,s6,fps,n6) IC=ic6 Rpar=1; Vt 

BP07 0 P07 I=mu7+MCG(0,s7,fps,n7) Rpar=1; aoff 

BP08 0 P08 I=mu8+MCG(0,s8,fps,n8) Rpar=1; aon 

BP09 0 P09 I=mu9+MCG(0,s9,fps,n9) Rpar=1; roff 

BP010 0 P10 I=mu10+MCG(0,s10,fps,n10) Rpar=1; ron 

BP011 0 P11 I=mu11+MCG(0,s11,fps,n11) Rpar=1; etas 

*Auxiliary functions 

.func K(on,off)=off+(on-off)*limit(0,1,V(H)) ; distribution function 

.func TS(x)=exp(-V(P11)*(x-VSB(I(BF)))) ; characteristic set time 

.func TR(x)=exp(etar*ISF(V(H))*(x-V(P04))) ; characteristic reset time 

.func VSB(x)=if(x>V(P03),exp(V(P06)),vs) ; snapback voltage 

.func ISF(x)=if(gam==0,1,pow(limit(0,1,x),gam)) ; snapbforward effect 

.func MCG(x,y,z,n)=x+(y)*sqrt(-2*ln(rand((1E3*n)+time*z)))*cos(2*pi*rand((1E3*n)+time*z+1E5)) ; Gaussian generator 

.ends 

TABLE A Model script. LTspice DMM script including the parameters (fix, probability distributed, and p-OU type), the model equations and 
auxiliary functions for simplicity.  

 

Figure A: LTspice schematics used to perform the simulations. Combining 𝑉1 and 𝑉2, the bipolar voltage sweep signal is achieved (from 0 

to 1.3 𝑉, to −1.3𝑉 and back to 0). Other signals can be applied if required. 𝑅1 is used for setting the current compliance at 20 𝑚𝐴. By 

combining the model script and schematics, the simulated I-V curves shown in Fig. 5 in the manuscript were obtained. 



Explanation for the model script 

The model script is described in Section A of this Appendix. In Table A, + and – are the conventional device 

terminals, while H is the output terminal for the memory state (not used here). The first section defines the 

model parameters. 𝑑𝑒𝑙 specifies the timing of the autoregressive part of the function and corresponds to the 

period of the measurement cycle. 𝑓𝑝𝑠 (fluctuations per second) is the sampling rate for the random part of the 

function. 𝐻0 is the initial memory state and 𝑉𝑡 the transition voltage. 𝑅𝑃𝑃 is a parallel resistance required by 

the output current generator. The complete circuit is illustrated in Figure A shows the details of the model 

parameter distributions. The following lines define the parameters used to account for the variability: 4 p-OU 

processes were considered here. Notice that there are 4 building parameters per line: 𝑡ℎ𝑋, 𝑚𝑢𝑋, 𝑠𝑋 and 𝑛𝑋, 

where 𝑋 is the line number and each value represents a different model parameter. 𝑡ℎ𝑋 is the cycle-to-cycle 

reversion coefficient, 𝑚𝑢𝑋 is the mean value of the parameter, 𝑠𝑋 is the standard deviation of the noise term, 

and 𝑛𝑋 is a factor for differentiating the noise amplitude for each parameter. Next, the p-OU generators are 

defined, again one line for each model parameter (specified at the end of the line after a semicolon).  

 

𝐼 = −𝑡ℎ1 ∗ (𝑑𝑒𝑙𝑎𝑦(𝑉(𝑃01), 𝑑𝑒𝑙) − 𝑚𝑢1) + 𝑑𝑒𝑙𝑎𝑦(𝑉(𝑃01), 𝑑𝑒𝑙) + 𝑠𝑞𝑟𝑡(𝑑𝑒𝑙) ∗

𝑀𝐶𝐺(0, 𝑠1, 𝑓𝑝𝑠, 𝑛1) 𝐼𝐶 = 𝑖𝑐1 𝑅𝑝𝑎𝑟 = 1  
(1) 

(1) is an example of a p-OU process defined in the model script. The corresponding parameter is generated 

using a current source in parallel to a resistance of value unity (𝑅𝑝𝑎𝑟 = 1). However, it is worth pointing out 

that for some specific parameters (for example 𝐼𝑜𝑓𝑓), the best probability distribution is lognormal, not normal 

as expected from an expression like (1). In such cases, a simple transformation of the p-OU signal is performed 

when calling the parameter in the corresponding model equation. In other words, if the natural logarithm of a 

variable is normally distributed, the variable itself is lognormally distributed. Hence, by computing the 

exponential of the p-OU signal presented in (1), we achieve a lognormally distributed p-OU signal. The p-OU 

processes include three terms: the reversion factor, the value of the variable corresponding to the previous 

cycle, and the random term generated by the MCG RNG (defined in Supplementary Material, Section B). In 

addition, in the script line of each p-OU process, a proper initial condition (IC) is included. This helps to 

eliminate the transient effect as explained in subsection III.A of the manuscript. Alternatively, (2) describes a 

direct approach (PD) for generating a random parameter value with a given distribution (no correlation effect 

is assumed in this case).  

 

𝐼 = 𝑚𝑢3 + 𝑀𝐶𝐺(0, 𝑠3, 𝑓𝑝𝑠, 𝑛3) 𝑅𝑝𝑎𝑟 = 1 (2) 

Table B summarizes for each model parameter the variability type (PD or p-OU) considered, the associated 

probability distribution, and the reason behind the underlying assumption. Extracted means the distribution is 

selected via fitdistrplus (R package) and support means the parameter is set as variable for accuracy issues. 

For the sake of simplicity, and to avoid over-randomness, only 4 parameters, one for each key region of the 

hysteretic loop, were selected to be described as p-OU processes:  𝐼𝑜𝑓𝑓 , 𝐼𝑜𝑛 , 𝑉𝑇 and 𝑉𝑅. The rest are considered 

PD-type.  
 

Parameter Type Distribution Origin 

𝑰𝒐𝒏 p-OU Normal Extracted 

𝑰𝒐𝒇𝒇 p-OU Lognormal Extracted 

𝑰𝒔𝒃 PD Normal Extracted 

𝑽𝑻 p-OU Lognormal Extracted 

𝑽𝑹 p-OU Normal Extracted 

𝒂𝒐𝒏, 𝒂𝒐𝒇𝒇 PD Normal Support 

𝑹𝒐𝒏, 𝑹𝒐𝒇𝒇, 𝑹𝒊 PD Normal Support 

etas PD Normal Support 

Table B: Summary of the model variable parameters. Information about the variability type (p-OU or PD), the used distribution, and the 
origin of this distribution, either extracted from the experimental, or just for support or reproduction issues. 

 

 

 



B – Random number generation (RNG) in LTspice 

In order to generate an OU process, a white Gaussian RNG must be implemented. To this aim, LTspice offers 

different base functions: white, rand, random and gauss. From this list, the gauss function can be 

straightforwardly disregarded because it only operates when used in the model parameters definition, i.e., 

before the simulation starts and remains fixed ever since. It is indeed useful when independent cycles are 

generated as in [1]. Although the three remaining candidate functions are supposed to generate a uniform 

distribution of numbers in the range [0,1], they have subtle differences: random is a smoothed version of rand, 

and white is a bit smoother than random. white is not just an offset version of random. More in detail, Fig. B 

illustrates the generation of random numbers using the functions: a) rand, b) random, and c) white. The 

histograms are the result of 4 · 105 generated data points. As can be seen, the best candidate function is rand 

since the other two distributions are far from being uniform. 

 
Figure B: Histograms for the signals obtained with the different LTspice functions: a) for rand, b) for random and c) for white. Correlation 
plots for two signals obtained with the same LTsipice function but different seed: d) for rand, e) for random and f) for white. 

 

 

Figure C: a) Q-Q plot for normality test and b) FFT spectrum in logscale, for the signal generated with the Box-Müller algorithm using the 

rand function from LTspice with a 107  sampling rate.  

Next, in order to generate normally distributed random numbers, we consider the Box-Müller (BM) algorithm 



[2]. The method requires two independent uniformly distributed random variables (𝑈1 and 𝑈2) as the inputs. 

The output is a normally distributed random variable (𝑍0) with average 0 and variance 1. The BM algorithm 

is expressed as: 

 

𝑍0 = √−2 · ln (𝑈1) · cos (2𝜋 · 𝑈2)  (3) 

  

In order to confirm the independence of the two inputs, Fig. B also presents the correlation plots for two 

different signals generated with the same LTspice function: d) for rand, e) for random, and f) for white. The 

figures show that the correlation coefficients (CC) are very low in all the cases. These results were obtained 

by ensuring a high enough offset between the seeds of the two inputs. The correlation, and therefore the 

dependence between these two generated random variables is strongly affected by this offset: the lower the 

offset, the higher their interdependence. Importantly, the correlation plots in Fig. B highlight the simulator 

limitation concerning RNGs. Since the internal computation timestep is not under the control of the user, a 

uniform time grid cannot be straightforwardly generated. In this connection, the correlation plots shown in 

Fig. B are expected to exhibit a 2D randomly distributed set of points, however, intermediate points always 

appear in between the extremes of each segment. This undesirable effect is more pronounced in the cases 

of the random and white functions.  

In the DMM script (see Supplementary Material - Section A), the BM algorithm is implemented using (4) 

with some additional specific features. The function is called Monte Carlo Gaussian (MCG) and it is expressed 

as: 

In (4), 𝑥 and 𝑦 represent the mean value of the variable of interest (𝜇) and its standard deviation (𝜎), 

respectively. 𝑧 refers to the sampling rate of the noise generator and 𝑛 is an integer number in the range [1, 𝑑] 
that forces a different seed for each model parameter (𝑑 parameters) considered for variability. More in detail, 

in (4), three different bolded terms appear: 𝑡𝑖𝑚𝑒 · 𝑧, 𝜅 · 𝑛 and 𝛥 as arguments of the rand functions. 𝑡𝑖𝑚𝑒 · 𝑧 

corresponds to the generation of 𝑧 random numbers per unit of time. Both the sampling rate z of the MCG 

generator and the parameter del must be chosen accordingly.  𝛥 ensures a different seed for both multiplicative 

terms considered in BM. In general, this number needs to be large (105 in the simulations shown in this 

work). Finally, 𝜅 · 𝑛 specifies the seed for each model parameter (103 in our simulations). The obtained 

results are reported in Fig. C. Figure Ca shows the quantile-quantile (Q-Q) plot and Fig. Cb the Fast Fourier 

Transform (FFT) of the generated data with the MCG function at a sampling rate of 107. These results are 

assessed using the Lilliefors test [3], which is a specialized variant of the Kolmogorov-Smirnoff statistical test 

for normality. As can be seen in Fig. Cb, the signal spectrum remains almost flat until the frequency reaches 

the chosen sampling rate. Despite of the simulator limitation, i.e., the generation of undesired intermediate 

points, the analysis carried out reveals that the dataset generated by the rand-based MCG generator 

approximately follows the requirements of an OU process. However, this must be imperatively assessed for 

each specific situation.  

Another practical issue that requires attention is the timestep effect in the LTspice simulated signals in 

connection with the sampling rate (𝑧) in the RNG. It was found that the use of a very short maximum timestep 

(𝑀𝑎𝑥𝑡𝑠) is crucial for obtaining changes in the signal at the expected time values. Figure D illustrates this 

point by comparing identical processes using 𝑧 = 104 with two different 𝑀𝑎𝑥𝑡𝑠 values: 10−3 and 10−6, in 

pink and green, respectively. For the sake of clarity, the green signal includes a 0.4 offset in the y-axis. The 

main differences between both signals occur at the points where the RNG value is expected to change. For a 

low 𝑀𝑎𝑥𝑡𝑠 (pink signal) the transitions show glitches. The problem is solved by using a shorter 𝑀𝑎𝑥𝑡𝑠 as in 

the case of the green signal. As a rule of thumb, 𝑧 ·  𝑀𝑎𝑥𝑡𝑠 < 10−2 should be used in LTspice. 

               𝑀𝐶𝐺(𝑥, 𝑦, 𝑧, 𝑛) = 𝑥 + 𝑦 · 𝑠𝑞𝑟𝑡 (−2 · 𝑙𝑛(𝑟𝑎𝑛𝑑(𝒕𝒊𝒎𝒆 · 𝒛 + 𝜿 · 𝒏))) · 𝑐𝑜𝑠(2 · 𝑝𝑖 · 𝑟𝑎𝑛𝑑(𝒕𝒊𝒎𝒆 · 𝒛 + 𝜿 · 𝒏 + 𝜟)) 

 

  (4) 



 
Figure D: p-OU signal value of the same signal with a 𝑧 = 1𝐸4 in two different simulation 𝑀𝑎𝑥𝑡𝑠 values: 10−3 in pink and 10−6 in green. The 

conditions for the obtention of both p-OU signals are 𝜇 = 0.4, 𝜎 = 0.013, 𝜃 = 0.15, 𝑧 = 1𝐸4. 
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Abstract - In this work, we assess the impact that changes 

in the parameters of the quasi-static memdiode model 

(QMM) for RRAM devices will have on the simulated 

conduction characteristics. Sensitivity analysis is 

recognized as the most important technique for identifying 

which parameters are key drivers of the model’s results. 

The model’s reference parameters are extracted first from 

a typical (median) experimental I-V curve of an 

electroformed HfO2-based metal-insulator-metal (MIM) 

structure. Then one parameter is changed at a time (so-

called univariate or one-way analysis) in the LTSpice 

script and the variation of some selected observables 

recorded. Special attention is paid to the voltage span-

induced sensitivity effect. 

 

I. INTRODUCTION 

Memristors or resistive RAMs (RRAMs) are two terminal 

devices with a non-volatile switching resistance property. 

The devices can switch from a high-resistance state (HRS) 

to a low-resistance state (LRS) in a process called the set 

event. The opposite process (transition from LRS to HRS) 

is called the reset event [1]. This kind of devices are 

currently considered as good candidates for a plethora of 

applications including memory arrays, neuromorphic 

computing, logic gates, cryptography, etc. [2-3]. For this 

reason, the development of appropriate compact simulation 

tools is urgently needed. As there is still no definite model 

for these devices and the number of approaches relentlessly 

grow year after year, the different proposals must be 

thoroughly evaluated before considering them reliable. In 

this work, we have focused the attention on a particular 

feature of the quasi-static memdiode model (QMM). This 

is also valid for any other model. This feature is the 

sensitivity of the model, that is, how uncertainty in the 

simulation output can be apportioned to different sources 

of uncertainty in the model input [4]. In our case, we must 

consider as inputs not only the model parameters but also 

the applied voltage span. This is a relevant issue because of 

the hysteretic nature of the memristor conduction curve: 

the current that flows through the device depends on the 

applied voltage as well as on its previous history. This 

work is also motivated by the need to ensure consistency 

with a previous work concerning cycle-to-cycle (C2C) 

variability in RRAM devices simulation [5]. In [5], a 

method for including uncorrelated C2C variability by 

extracting some parameter distributions from the 

experimental data and their incorporation into the QMM’s 

parameters for Monte Carlo simulations was proposed. The 

obtained results showed that simulations can reasonably 

reproduce the main features exhibited by the experimental 

curves. In this work, a one-way sensitivity analysis, which 

consists in the change of one parameter at a time and the 

evaluation of its impact on the model output, is carried out 

[6]. The method was applied to the QMM for four 

significant observables related to the I-V characteristic. 

They are: i) the high (IHRS) and ii) low (ILRS) resistance 

state currents extracted at V=0.3V, iii) the set voltage (VS) 

corresponding to the current jump in the positive bias 

region, and iv) the reset voltage (VR) corresponding to the 

maximum current reached at negative bias. These four 

observables, the two extreme conducting states and the set 

and reset transitions, are selected so as to cover the 

different regions of a typical RRAM I-V curve. 

 

II. THE QUASI-STATIC MEMDIODE MODEL 
 

As mentioned in the Introduction, the one-way sensitivity 

analysis was applied to the QMM model [7]. This model 

describes the conduction characteristics of bipolar resistive 

switching devices. The switching is originated by the 

formation of a conducting filament (CF) inside the 

dielectric caused by the application of an external field. 

This filament is related to the accumulation of metal ions 

or oxygen vacancies (depending on the device type). The 

CF can be ruptured by the application of a field with the 

opposite sign. 

The QMM comprises two equations, one for the electron 

transport, consisting in a double-diode circuit with series 

resistance (1), and a second equation for the internal 

memory state of the device based on the logistic hysteron 

(2). According to this model, the I-V characteristic of a 

RRAM device reads: 

𝐼(𝑉) = 𝐼0() sinh{𝛼()[𝑉 − (𝑅𝑆() + 𝑅𝑖)𝐼]}      (1)    
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where 𝐼0() = 𝐼𝑚𝑖𝑛 + (𝐼𝑚𝑎𝑥 − 𝐼𝑚𝑖𝑛)𝜆 is the diode current 

amplitude, 𝑅𝑆 and 𝑅𝑖 series resistances, 𝛼 a fitting 

parameter and 𝐼𝑚𝑖𝑛 and 𝐼𝑚𝑎𝑥, minimum and maximum 

current amplitude values, respectively. Both 𝑅𝑆 and 𝛼 can 

change in a similar fashion. From (1), as 𝐼0 increases the I-

V curve modifies its dependence from an exponential 

function to a linear one. This is a consequence of the series 

resistance effect. The memory state 𝜆, which is a control 

parameter that runs from 0 (HRS) to 1 (LRS), is related to 

the voltage across the filament’s constriction 𝑉𝐶 = 𝑉 − 𝑅𝑖𝐼 

through the recursive operator:  

(𝑉𝐶) = 𝑚𝑖𝑛{Γ−(𝑉𝐶), 𝑚𝑎𝑥[(𝑉𝐶
 ⃖   ), Γ+(𝑉𝐶)]}        (2) 

where (𝑉𝐶
 ⃖   ) is the memory value a timestep before and Γ+ 

and Γ− are the so-called ridge functions. These functions 

are expressed as: 

Γ±(𝑉𝐶) =
1

1 + exp [−𝜂± · (𝑉𝐶 − 𝑉±)]
               (3) 

which represent the sequential creation (+) and dissolution 

(-) of the conductive filament. 𝜂± are the set (+) and reset   

(-) transition rates and 𝑉± are the threshold voltages for set 

(+) and reset (-). The model uses other parameters for the 

fine-tuning of the simulated curves (see the script in Table 

1) and it is implemented in LTSpice using an equivalent 

circuit with behavioral current sources. H is the output 

node corresponding to the memory state. The model 

includes the snapback (isb) and snapforward (gam) effects. 

 

subckt memdiode + - H 

.params 

+ H0=8E-3 ri=190 vt=0.45 isb=43E-6 

+ etas=200 vs=2 etar=10 vr=-0.63 CH0=1E-3 

+ imax=4.8E-3 amax=2 rsmax=15 gam=0.12 

+ imin=1E-5 amin=2 rsmin=15 RPP=1E10 

*Memory equation 

BH 0 H I=min(R(V(C,-)),max(S(V(C,-)),V(H))) Rpar=1 

CH H 0 {CH0} ic={H0} 

*I-V 

RE + C {ri} 

RS C B R=RS(V(H)) 

BD B - I=I0(V(H))*sinh(A(V(H))*V(B,-)) 

RB + - {RPP} 

*Auxiliary functions 

.func I0(x)=imin+(imax-imin)*x 

.func A(x)=amin+(amax-amin)*x 

.func RS(x)=rsmin+(rsmax-rsmin)*x 

.func S(x)=1/(1+exp(-etas*(x- if(I(BD)>isb,vt,vs)))) 

.func R(x)=1/(1+exp(-etar*pow(V(H),gam)*(x-vr))) 

.ends 

Table 1 : LTSpice QMM script. The listed parameters are set to 

fit the median curve of the experimental data. Model parameters 

are not directly linked to the corresponding observable. 

 

III. EXPERIMENTAL RESULTS AND ANALYSIS 

The devices investigated in this work are HfO2-based MIM 

structures with oxide thickness of 10nm and area of 

5x5m2. The electrodes are Ti and W. The device structure 

can be seen in Fig. 1.a. Further details about the devices, 

fabrication, and measurements can be found in [8]. The 

model parameters are chosen so as to reproduce the median 

curve of the experimental data obtained from 450 

consecutive voltage sweeping cycles. Fig. 1.b shows the 

comparison between the simulated curve and the median 

curve obtained from the experimental data. The four 

observables that will be analyzed are indicated in the 

figure. Notice that the current magnitude in HRS and LRS 

is independent of the bias sign. The complete set of 

measurements is presented in Fig. 1.c in log-lin scale. 

 

Figure 1: a) Device structure, b) simulation results compared to 

the experimental median I-V curve extracted from c) 

experimental 450 voltage sweeps with current in logscale. 



 

The one-way analysis was carried out considering a bias 

voltage high enough to achieve the full set and reset states. 

Hence, Fig. 2 illustrates the effect of the maximum applied 

voltage (Vapp) on the simulations. The figure also 

indicates the trends for the four different observables as the 

applied voltage is increased. Notice that for a maximum 

applied voltage of 1.5V (red curve), the simulation does 

not achieve a full reset state so this voltage affects the 

sensitivity studies performed on the rest of observables. 

This is an important point to consider. 

 

Figure 2: Simulated I-V curves for different applied voltages. The 

change in the observables is indicated. 

 

In what follows, we will only consider only full set and 

reset states. This can be achieved with a maximum applied 

voltage of 2.5V (see Fig. 2). The parameters were swept 

one at a time (50 steps each) in a reasonable range and the 

obtained I-V curves analyzed. Fig. 3 shows the relative 

variation of the observables as a function of the relative 

variation of selected model parameters: a) 𝜂𝑟 (reset 

transition rate), b) 𝛼 (I-V slope parameter), c) 𝐼𝑚𝑎𝑥, and d) 

𝐼𝑚𝑖𝑛 (maximum and minimun currents). Table 2 

summarizes the magnitude and trend associated with the 

variation of the four observables in terms of all the 

modified model parameters (a change of ±30% from its 

reference value was considered for the analysis). The 

reference parameters are those obtained from the fitting of 

the median curve (see Fig. 1.b).  

Notice that there are colors and signs in Table 2. Red 

means almost no dependence between the observable and 

the model parameter; orange indicates that for a 10% 

model parameter variation, less than 10% variation is 

detected in the observable. Finally, green corresponds to a 

variation larger than 10%. (+) or (-) indicate direct or 

inverse dependence, respectively. Reading the first column 

of Table 2, we can see the impact of all the inputs over the 

observable 𝐼𝐻𝑅𝑆, it has a strong and positive dependence on 

alpha, Imin and gam. It also exhibits strong and inverse 

dependence on Vapp and etar. Weak and positive effect 

from Vr and Imax and scarcely affected by Ri, etas, Rs and 

Isb. 

 



Figure 3: One-way sensitivity plots for the relative change of the 

observables a) IHRS, b) ILRS, c) VS and d) VR against the relative 

change of the model parameters: etar, alpha, Imax and Imin.  

Notice that this kind of analysis is a necessary step for the 

incorporation of C2C variability in the model script. 

Modelers can test a wide range of scenarios and need to 

know how this variability in the model inputs can modify 

their simulations. 

 

 

 

 

 

 

 

 

 

 

 

Table 2: Intensity and sign (direct or opposite) of four 

observables against all the analyzed parameters. + and – signs 

for direct and inverse dependence, respectively. Green: >10%, 

orange: <10% and red 0%. 

 

IV. CONCLUSION 

A one-way sensitivity analysis was performed on the 

quasi-static memdiode model. The impact that variations in 

the model inputs will have in the model outputs was 

investigated. The work was motivated by the need to 

extend the analysis carried out in a previous work [5] 

where a first attempt to include C2C variability in RRAM 

simulations, particularly in the QMM for LTSpice, was 

reported. Here, the role played by the different model 

parameters was assessed. The results were graphically 

represented in a table summarizing the intensity and 

relation between the model inputs and outputs (direct or 

inverse).  
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5.2.- Application of the Dynamic Memdiode Model for C2C variability  

As highlighted in the introduction and previous sections, variability in resistive 

memories in general and in bipolar-type filamentary RS devices in particular are hot 

research topics. Variability was shown to be the result of morphological changes in 

the CF at the atomic scale [Yu2016, Lee2015]. Since this kind of variability is inherent 

to RRAMs operation, any compact model intended to reproduce as realistically as 

possible their behavior in the circuit simulation landscape must contemplate this 

phenomenon. In particular, this section focuses on the inclusion of non-correlated 

C2C variability in the Dynamic Memdiode Model (DMM) for RRAM devices 

[Miranda2020, Aguirre2022]. The DMM describes the conduction characteristics of 

RS devices under the application of arbitrary input signals. The origin of the switching 

behavior is related to the creation and destruction of the CF that spans across the 

dielectric layer. This in turn is linked to the metal ions or oxygen vacancies 

displacement depending on the device type (CBRAM or OxRAM). In bipolar devices, 

the transition between HRS and LRS (CF formation) and vice versa (CF rupture) takes 

place at opposite voltages [Dai2015, Blasco2015]. This is the case we are going to 

analyze next. 

The DMM reproduces the hysteretic behavior of the memristive device by means of 

two nonlinear coupled equations: one for the electron transport (Equation 5.2.1) and 

one for the memory state (Equation 5.2.2). According to the DMM, the I-V 

characteristic reads (see expression (3.2.5)): 

 𝑰(𝑽) = 𝑰𝟎() 𝒔𝒊𝒏𝒉{𝜶()[𝑽 − (𝑹𝒄() + 𝑹𝒊)𝑰]}    (5.2.1) 

where V is the applied voltage, 𝐼0 is the current amplitude factor, 𝑅𝑐 is a variable 

series resistance, and 𝛼 is a variable model parameter. 𝑅𝑖 refers to a fixed resistance 

related to the snapback voltage correction (𝑉𝑠𝑏 = 𝑉 − 𝑅𝑖 · 𝐼) [Wouters2019]. The 𝑅𝑖 

value corresponds to a vertical current increase at the transition voltage VT. Notice 

that Equation 5.2.1 includes three different parameters with -dependence. For 

simplicity, these parameters are assumed to change linearly and in the same way 

from a minimum (off) to a maximum (on) value as a function of . For example, 

𝐼0() = 𝐼𝑜𝑓𝑓 + (𝐼𝑜𝑛 − 𝐼𝑜𝑓𝑓) · 𝜆, where 𝐼𝑜𝑓𝑓 and 𝐼𝑜𝑛 represent the minimum (HRS) and 

maximum (LRS) current amplitude values, respectively.  runs from 0 to 1 and is 

called the memory state of the device (a state variable in the general memristor 

model). Its purpose is to control the transitions HRS  LRS. According to Equation 

5.2.1, HRS depends exponentially on V, while LRS depends linearly on V (because of 

the potential drop across the series resistances 𝑅𝑖 and 𝑅𝑐).  is described by a balance-

type voltage-driven differential equation [Miranda2020]:  
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 𝒅

𝒅𝒕
=

𝟏 − 

𝝉𝑺(, 𝑽𝒔𝒃)
−



𝝉𝑹(, 𝑽𝒔𝒃)
                 (5.2.2) 

where 𝜏𝑆,𝑅 [s], called TS and TR respectively in the model script in Table 5.2.1, are 

the characteristic times for the set and reset transitions. They are expressed as: 

 𝝉𝑺(𝑽) = 𝐞𝐱𝐩[−𝜼𝑺(𝑽𝒔𝒃 − 𝑽𝑺,𝑻)] (5.2.3) 

 𝝉𝑹(𝑽) = 𝐞𝐱𝐩[𝜼𝑹𝝀𝜸(𝑽𝒔𝒃 − 𝑽𝑹)] (5.2.4) 

where 𝜂𝑆,𝑅 [𝑉−1], also called etas and etar respectively in the model script shown in 

Table 5.2.1, are the transition rates; 𝑉𝑆,𝑅 [𝑉] are the set and reset switching voltages, 

respectively. The snapback current (isb in the model script) acts as a threshold 

current for the snapback effect and the snapforward parameter γ ≥ 0 (called gam in 

the model script) controls the reset transition rate. H0 is the initial memory state. 

RPP in Table 5.2.1 is a parallel resistance required by the output current generator. 

Further details about the Dynamic Memdiode Model can be found in [Miranda2020, 

Aguirre2022].  

The model script is presented in Table 5.2.1. The script contains the model 

parameters as well as the transport and memory equations. + and – are the 

conventional device terminals, while H is the output terminal for the memory state 

(not used in this work). For illustrative purposes, Figure 5.2.1 shows a simulated 

curve with the DMM for a sinusoidal applied signal with amplitude 1.5 V and frequency 

1 Hz. While Figure 5.2.1a shows the I-V characteristic in logarithmic scale, Figure 

5.2.1b shows the same I-V curve (in black) in linear axis and the resulting curve after 

the snapback correction (in red). Notice the vertical current increase in the red curve 

occurring at VT.  

 

Figure 5.2.1. Simulated I-V curve obtained with the script and parameter configuration in 

Table 5.2.1, without including variability. a in logscale and b in linear scale (black) presenting 

the snapback correction (red).  

.subckt memdiode + - H 

.params 

+ H0=0 ri=150 RPP=1E10 vs=2.0 vt=0.45 gam=0.2; if gam=0 no SF 

+ etas=40 etar=20 aoff=2 roff=10 aon=2 ron=10 

+ vr=vr0+gauss(sigvr) vr0=-0.4 sigvr=0.02 

+ isb=isb0+gauss(sigisb) isb0=40E-6 sigisb=5E-6; if isb=1 no SB  

+ ion=ion0*exp(gauss(sigion)) ion0=3E-3 sigion=0.1 

+ ioff=ioff0*exp(gauss(sigioff)) ioff0=20E-6 sigioff=0.25 
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*Memory Equation 

BI 0 H I=if(V(+,-)>=0,(1-V(H))/TS(V(C,-)),-V(H)/TR(V(C,-))) 

CH H 0 1 ic={H0} 

*I-V 

RI + C {ri} 

RS C B R=K(ron,roff) 

BF B - I=K(ion,ioff)*sinh(K(aon,aoff)*V(B,-)) Rpar={RPP} 

*Auxiliary functions 

.func K(on,off)=off+(on-off)*limit(0,1,V(H)) 

.func TS(x)=exp(-etas*(x-if(I(BF)>isb,vt,vs))) 

.func TR(x)=exp(etar*pow(V(H),gam)*(x-vr)) 

.ends 

Table 5.2.1 – LTSpice DMM script including the transport and memory equations. Variability is 

included in several key parameters. The Gaussian function is added in red for normal 

distributions and in blue for lognormal distributions. The LTSpice schematic is included for 

simulating 100 cycles under the voltage and timing considerations. 

Before introducing variability in the script, it is essential to understand the model 

behavior and the role each parameter plays within it. In [Salvador2021b], a one-way 

sensitivity analysis was performed in a simpler version of the memdiode model. In 

the referred paper, the impact of the model parameters in the simulated I-V 

characteristics was evaluated for four observables (HRS and LRS current magnitudes, 

SET and RESET voltage transitions) and the results reported in a summary table. 

Similarly, in this subsection, the effect of considering variability in the key model 

parameters is studied one at a time using the σ (sig) values incorporated into the 

model script. The inclusion of C2C variability in the DMM is performed by adding a 

Gaussian random number generator to the model parameters (gauss function in 

LTSpice). This function returns a zero centered normal distribution function with a 

standard deviation σ. This is indicated in Table 5.2.1: red for a normal distribution 

and blue for a lognormal distribution. This selection is consistent with the 

experimental study carried out in [Salvador2021b]. Figure 5.2.2 shows the results 

obtained from this analysis varying a) ioff, b) ion, c) isb, and d) vr one at a time. The 

reported results correspond to 100 cycles.  
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Figure 5.2.2. Impact in the I-V characteristics of including variability in model parameters 

one at a time: a ioff, b ion, c isb, and d vr.  

Notice that isb and vr changes only affect the transition regions as expected. 

Nevertheless, ioff not only impacts the HRS current but also the set transition. 

Similarly, ion not only impacts the LRS current but also the reset transition. As it can 

be seen in Figure 5.2.1 as well as in our previous study [Salvador2021b], a single 

random parameter can impact more than one region of the simulated curves. This is 

a consequence of the hysteresis effect and is referred to as variability propagation in 

the simulation process. The results reported in Fig. 5.2.3 indicate that an excess of 

model parameters with variability (concurrent variability) can introduce over-

randomness in the simulated curves which in the context of circuit simulation can be 

hard to keep under control. This is further discussed next.  

Once the impact of including variability in a single model parameter at a time has 

been analyzed, the second step consists in investigating how a combination of 

random model parameters affects the DMM output results. Here, for the sake of 

simplicity, variability was included in some of the key model parameters without 

considering cross-correlation effects among them. In [Salvador2021b], the main 

features of C2C variability in a HfO2-based RRAM device were reproduced using an 

iterative approach for the selection of the model parameters but the process was 

applied to a simpler version of the memdiode model. Notice that by including 

variability in 4 parameters (ioff, ion, isb and vr) simulations exhibiting C2C variability 

in all the curve regions can be achieved. As illustrated in the inset of Table 5.2.1, the 

procedure consists in generating a 100-cycle set of 1 second simulations, each one 

obtained after the application of the same input signal (sinusoidal voltage with 

frequency 1 Hz and amplitude 1.5 V). Importantly, each loop in the simulation is 
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computed independently from the others ruling out correlated C2C. The results are 

obtained using the model script and the parameter values reported in Table 5.2.1. 

Figure 5.2.3 shows the simulated I-V curves, a) in logscale and, b) in linear scale. 

The magnitude of the fluctuations can be changed using the σ value associated with 

each model parameter. Variability in the rest of parameters: ri, etas, etar, etc. is also 

possible but caution should be exercised since this can introduce over-randomness 

as discussed above.  

 

Figure 5.2.3. I-V curves from 100 cycles simulations including variability in the 4 specified 

parameters as presented in Table 5.2.1. a in logscale and b in linear scale.  

After presenting the model response to concurrent variability, additional concerns 

about the variability propagation problem can arise. For instance, variability 

propagation can introduce an unexpected behavior in the HRS current: since for the 

example discussed here simulations start in the first quadrant and finish in the third 

quadrant, the initial and final spread of the resulting I-V curves (HRS) can be different 

if the experiment is not properly designed. However, this is a possible outcome that 

can occur under specific experimental circumstances. First, we have to take into 

account the impact of the applied voltage span, i.e., if this span is not large enough 

to produce a complete set or reset of the device, then variability in the simulated 

HRS curves will be different for positive and negative voltages. This aspect of the 

problem was studied in [Salvador2021b] and it was referred to as voltage-induced 

variability.  

Second, the simulation cycle number can also have influence on the symmetry of the 

I-V loop if cycles are not independent. A difference between the first and the 

subsequent cycles can be interpreted as a propagation variability issue. In this case, 

the first HRS cycle is strongly connected with the initial memory state parameter H0 

which is sometimes unknown or simply put to zero. However, in the second cycle, if 

the cycles are not independent, the initial HRS current value is forced by the 

magnitude of the previous reset event. In Figure 5.2.4, a density plot comparing the 

initial and final HRS current values (extracted at ±0.2 V, respectively) are compared 

for the first and second cycles and the maximum applied voltage: a) 1st cycle and 

Vmax=0.9 V, b) 1st cycle and Vmax=1.5 V, c) 2nd cycle and Vmax=0.9 V, and d) 2nd 

cycle and Vmax=1.5 V. Figures 5.2.4b and 5.2.4d show that the initial and final HRS 

current distributions coincide because the voltage span is high enough to induce the 

complete reset of the device.  

However, Figs. 5.2.4a and 5.2.4c show a different behavior. In a), the densities are 

shifted, meaning that the initial and final HRS currents do not match as 
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experimentally expected. This difference is voltage-induced since 0.9 V is not high 

enough for the device to reach the full reset condition and therefore the final HRS 

current is ruled by this incomplete reset process. c) corresponds to the second cycle 

but since the initial HRS current is ultimately determined by the previous incomplete 

reset process, both the initial and final HRS current distributions (measured at 

opposite voltages) match. If the reset process is not complete, the I-V loop estabilizes 

only after one or more cycles. 

 

Figure 5.2.4. Comparison between the initial and final HRS current densities for different 

voltage and cycle situations: a 1st cycle and Vmax=0.9 V, b 1st cycle and Vmax=1.5 V, c 2nd 

cycle and Vmax=0.9 V and d 2nd cycle and Vmax=1.5 V. 

In summary, this subsection reported a simple approach for including uncorrelated 

C2C variability in the DMM for RRAM devices. The model is able to generate random 

I-V curves with the desired variability. A more realistic scheme not only should 

include self-correlation effects in the model parameters but also cross-correlation 

effects. This imperatively requires a detailed time series analysis such as that 

reported in [Roldan2019]. In addition, the effects of variability propagation and the 

role played by the voltage sweep span were also discussed. 
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Abstract— The beneficial role of noise in the performance of 

Hf-based memristors has been experimentally studied. The 

addition of an external gaussian noise to the bias circuitry 

positively impacts the memristors characteristics by increasing 

the OFF/ON resistances ratio. The known stochastic resonance 

effect has been observed, when changing the standard deviation 

of the noise. The influence of the additive noise on the memristor 

current-voltage characteristic and on the set and reset related 

parameters are also presented. 

Keywords— Stochastic resonance, memristors, RRAM 

devices, resistive switching 

I. INTRODUCTION  

Emerging devices as memristors are nowadays of great 
interest in the scientific community due to their properties, as 
low power consumption and large integration density [1]. The 
reversible change in memristor conductivity when subjected 
to a proper biasing opens the possibility of their use in a wide 
range of applications, such as non-volatile memory, 
alternative computing architectures, neuromorphic systems, 
security schemes, etc [2-6]. Memristors show a non-linear 
current-voltage characteristic, so the properties associated to 
nonlinear systems can be explored in these devices.  In this 
sense, although noise in electronics should usually be avoided, 
in non-linear systems it can have a beneficial role, improving 
the performance of devices. This phenomenon is known as 
Stochastic Resonance (SR) and it is present in nature in 
several fields as biology, engineering, etc [7-10]. SR takes 
place in non-linear devices with thresholds in their 
characteristic curves, as it is the case of memristors.  

 Several previous works have analyzed the constructive 
role of noise in memristors. [11] analyzes theoretically the 
beneficial role of an additive noise in memristors through a 
memristor model. An alternative SR model in memristors can 
be found in [12], with a good agreement with experimental 
measurements in manganite samples. In [13] SR is 
experimentally studied in memristors subjected to sinusoidal 
signals with noise added.  The SR was also shown to reduce 
the Bit Error Rate (BER) in Resistive Random Access 
Memory (RRAM) devices [14]. In [15], the addition of noise 
in metal-oxide memristors fabricated with zirconium dioxide 
and tantalum pentoxide is analyzed both experimentally and 
theoretically, observing the constructive role of noise in these 
samples. 

In this work, we demonstrate experimentally the beneficial 
role of noise in CMOS compatible hafnium oxide-based 
memristors. Differently to other works where the noise signal 
is needed to observe the regular memristor hysteretic current-
voltage characteristic (I-V, Figure 1), in this work we start 

from samples where the initial I-V curves (without noise) 
show a clear differentiation between the memristor low 
resistance state (LRS, ON state) and the high resistance state 
(HRS, OFF state), and study the impact of a noise added to the 
bias of the device on these I-V characteristic curves. In this 
case, noise is not used to initiate/achieve memristor state’s 
switching, but to further improve/widen the existing resistance 
window. Statistical characterizations of the resistance ratio 
between the ON and OFF states (ROFF/RON) and of the currents 
and voltages in the set and reset processes in the presence of 
noise are analyzed. 

II. SAMPLES AND MEASUREMENT PROCEDURE 

The tested samples consist in TiN−Ti−HfO2−W Metal-
Insulator-Metal (MIM) structures. A cross-sectional view is 
shown in Figure 2. The devices were fabricated on Si wafers 
with a thermally grown 200nm-thick SiO2 layer.  The 10nm-
thick HfO2 layer was deposited by atomic layer deposition 
(ALD) at 225◦C using TDMAH and H2O as precursors, and 
N2 as carrier and purge gas. The bottom electrode consists of 
a 200nm−W layer and the top electrode of a 200nm−TiN on 
top of a10nm−Ti layer acting as oxygen getter material. The 
resulting device structures are square cells with an area of 
5x5μm2. Further details of their fabrication process can be 
found in [16]. 

 The measurements were performed using a 
Semiconductor Parameter Analyzer (SPA) Agilent 4156C.  
The equipment was controlled via GPIB bus, and the 
measurements programmed with Matlab software.  Firstly, 
fresh (i.e. as-grown) memristors were subjected to a 1mA 
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Figure1: Typical current-voltage characteristic of the memristors used 

in this work. Inset: The set/reset voltages were defined as the positive 
(Vset) /negative (Vreset) voltages for which the mean value between 

the maximum and minimum conductance values in the I-V curve 

characteristic were measured. Iset and Ireset currents correspond to the 
currents associated to Vset and Vreset respectively.  

 



current-limited forming process that takes place at voltages  
4V. After forming, the memristor I-V characteristics (Figure 
1) were registered during 200 consecutive cycles. To measure 
the I-V curves, the samples were subjected successively to 
voltage ramps, sweeping the voltage from 0V to 1.2V, from 
1.2V to -1.2V and from -1.2V to 0V and the current was 
registered during the application of voltage. 

The memristors used in this work present a bipolar 
behavior. The set process (the change from HRS to LRS) is 
produced for positive voltages and the reset process (the 
change from LRS to HRS) takes place at negative voltages 
(Figure 1). The variation in the memristor conductivity is 
related to the formation/destruction of a conductive filament 
through the dielectric where oxygen-related species are 
responsible of this conductive variation [17]. 

 Registration of each I-V curve takes several seconds, so 

that each voltage ramp can be considered as a series of DC 

measurements with increasing voltage. To analyze the noise 

impact, Gaussian noise, whose standard deviation () ranged 

between 50 mV and 150 mV, was added to the ramp voltage 

by smart instrument control. Noise was generated by the SPA, 

programmed with a Matlab script to add point to point to the 

voltage ramp bias a gaussian signal of a determinate sigma. 

Fresh devices were used to analyze each noise condition. 

Noise impact on the difference between ON and OFF 

memristor resistance ratio (ROFF/RON), I-V curves, set and 

reset voltages and currents (Vreset and Ireset) were studied. 

Memristors were also subjected to pulsed voltages of 50 
Hz and 1KHz frequency using the Keithley 4200A-SCS. For 
these measurements, Gaussian noise was added to the system 
by hardware, using the Keysight 81150A pulse function 
arbitrary noise generator. 

III. RESULTS 

A. Impact of noise on memristor ROFF/RON resistance ratio 

From the values of currents at a voltage of -0.5V in the I-
V memristor characteristics (IOFF and ION in Figure1) the 
resistance ratio ROFF/RON was directly obtained through 
Ohm’s law. The reading voltage of -0.5V was chosen because 
the probability to change the memristor state at this voltage 

value is very low. ROFF/RON was evaluated from the I-V’s 
measured with and without additive noise. Figure 3 shows the 
cumulative distribution functions (CDFs) of the ROFF/RON 
ratio measured for the 200 cycles at each noise condition. Note 
that the smallest ROFF/RON ratio is measured when noise is not 
added and that the presence of noise always leads to larger 
values of this parameter. However, the improvement depends 

on the value of . Initially, as  increases, the CDF curves are 
shifted to the right (i.e, to larger ROFF/RON values), with a 

maximum shift for the case of = 90 mV. But, for larger noise  

 values, the CDFs curves shift towards smaller values of 
ROFF/RON. This result suggests that the phenomenon of the 
stochastic resonance is observed in memristors in the presence 
of noise.  Figure 4 shows the mean value of the ROFF/RON ratio 
as a function of the noise standard deviation. Each point in this 
graph is the mean value of the ratios measured in the 200 
cycles applied for each noise condition.  Clearly, an increment 
of the ROFF/RON ratio is observed when noise is added, and the 

maximum improvement is observed for noise  around 90 
mV. The addition of noise has a clear beneficial role, and the 
typical stochastic resonance curve with a peak for 
intermediate noise levels is observed.   

To further analyze the impact of noise in the memristor I-
V characteristic, Figure 5 shows the memristor I-V curves 

without adding noise (left) and with a noise of 90 mV  
summed to the bias (right). Differences in the currents and 
voltages associated to set and reset processes are also observed 
in the presence of noise. These differences are analyzed in 
more detail in the next section.  From the 200 cycles, cycles 
12, 91 and 193 were selected as examples of initial, 
intermediate, and final cycles.  The memristor I-V 
characteristic is clearly more open when noise is added, 
leading to the larger ROFF/RON resistance ratios. In both cases, 
as the number of cycles increases, the difference between ON 
and OFF state currents decreases, and the hysteretic behavior 
of the I-V curves tends to decrease. This is a general trend for 

all the noise  studied and can be attributed to a memristor 
degradation as the number of I-V cycles increases, that 
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Figure 3: CDFs of the memristor ROFF/RON ratio for different noise 

. The curves are ordered following the stochastic resonance behavior. 

Noise  of 90 mV offers best ROFF/RON ratio. 

 
 

 
Figure 5: Memristor current-voltage characteristics at cycles 12, 91 and 193 

without (left) and with 90 mV noise .  
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provokes a decrease of the memristor resistance ratio. As an 
example, Figure 6 shows the evolution of the ROFF/RON ratio 
along the 200 I-V cycles, for the w.o.-noise case and when a 

noise of 50 mV or 90 mV  is added. A clear difference in the 
evolution of the ROFF/RON ratio with cycling is observed, 
depending on the presence or absence of noise. Again, a 

notable increment of the ratio for =90 mV is observed in the 
first cycles. However, as the number of cycles increases, the 
ROFF/RON ratio tends to decrease, for the three cases 
represented, which is related to the reduction of the difference 
between the ON and OFF state currents observed in Figure 5, 
attributed to the memristor degradation. 

The previous results have been obtained through the 

application of slow ramp voltages that can be considered a 

sequence of increasing voltage DC measurements. ROFF/RON 

ratio was also investigated when memristors were subjected 

to bipolar pulsed voltages (with top and bottom voltages of 

1.1V to -1.1V respectively) with frequencies of 50 Hz and 

1KHz. For each frequency and noise , 200 pulse periods 

were applied. Memristor I-V curves are obtained from the rise 

and fall edges of the pulsed signal, and the ROFF/RON ratio was 

calculated from the ION and IOFF currents at -0.5V as in the 

DC case. Figure 7 shows the mean value of the ROFF/RON and 

the standard deviation for each frequency/noise condition.  

As frequency increases, both the resistance ratio mean value 

<ROFF/RON> and its standard deviation decrease, as expected 

[18]. A dependence of the ROFF/RON ratio on the noise 

standard deviation is also observed, with larger ROFF/RON 

values for noise  ranged between 50 and 200 mV. However, 

the impact of noise in these pulsed conditions is lower than 

for the DC case. 

B. Impact of noise on memristor set and reset parameters  

The effect of noise on the voltages and currents associated 

to the set and reset processes (Vset, Vreset and Iset, Ireset) 

was also analyzed for the DC case.  

  Figures 8 and 9 show the Vset and Vreset voltages and 

their standard deviations, respectively, as a function of the 

noise .  The results suggest that the addition of noise tends 

to decrease Vset. In the case of Vreset, the influence of noise 

is not so clear.  Although, in general, larger values of Vreset 

(in absolute values) are measured in the presence of noise, for 

=90 mV, a change of tendency to lower reset values is 

observed. The effect of noise in the Vreset and Vset 

dispersion is more noticeable (Figure 9). For the noise  

where SR is more clearly observed (from 75mV to 100 mV), 

a lower dispersion of the Vset and Vreset values is obtained. 

Similar trends have been observed for the Iset and Ireset 

currents (Figure 10). For the noise cases where the SR is more 

visible, Iset and Ireset currents tend to increase (in absolute 

value), leading to a major difference between LRS and HRS 

conduction levels, that is, the ROFF/RON ratio.  Again, the 

impact of noise is more appreciable in the Iset and Ireset 

standard deviations, with lower current dispersions for noise 

 between 75 mV and 100 mV (Figure 11).  
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Figure 9: Vset and Vreset standard deviations as a function of noise 

. 
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Figure 7: ROFF/RON resistance ratio for memristors subjected to 

pulsed measurements. Error bars indicate the standard deviation. 
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 Figure 8: Mean values of Vset and Vreset as a function of noise . 
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Figure 6: Memristor ROFF/RON ratio as a function of the number of  

cycles for the without noise case and for additive noise s of 50 mV 

and 90 mV.  



IV. CONCLUSIONS 

 The potential beneficial role of external noise has been 
demonstrated in Hf-based memristors. The addition to the bias 
of gaussian noise of a determined standard deviation increases 
the resistance difference between the memristor LRS and HRS 
by opening the resistance window between ON and OFF 
states. The typical stochastic resonance curve has been 
observed with a peak at a certain optimum noise level: the 
OFF/ON resistance ratio is the lowest for the case without 
noise, and in the presence of noise, it increases until the 
optimum noise standard deviation and decreases again for 
larger noise amplitudes. Clear differences in the memristor 

current-voltage characteristics have been observed when noise 
is added, affecting the hysteretic memristor behavior. The 
impact of noise on the set and reset voltages and currents has 
also been studied, observing that the addition of the external 
noise provokes a lower dispersion of set and reset voltages and 
currents. Though more investigation about the constructive 
role of noise on memristors should be performed, this work 
paves the way for a promising scenario where characteristics 
and reliability of memristive circuits can be enhanced, taking 
advantage of the SR phenomenon. 
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Figure 10: Mean values of Iset and Ireset currents as a 

function of noise  
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Figure 11: Iset and Ireset standard deviations as a function 

of noise . 
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