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Abstract: The non-ideality aspects of phase change memory (PCM) such as drift and resistance
variability can pose significant obstacles in neuromorphic hardware implementations. A unique
drift and variability compensation strategy is demonstrated and implemented in an FD-SOI SNN
hardware unit composed of embedded phase change memories (ePCMs), current attenuators, and
spiking neurons. The effect of drift and variability compensation on inference accuracy is tested on
the MNIST dataset to show that our drift and variability mitigation strategy is effective in sustaining
its accuracy over time. The variability is reduced by up to 5% while the drift coefficient is reduced
by up to 57.8%. The drift is compensated and the SNN classification accuracy is sustained for up to
2 years with intrinsic control-free hardware that tracks the ePCM current over time and consumes
less than 30 µW. The results are based on ePCM chip experimental data and pos-layout simulation of
a test chip comprising the proposed circuit solution.

Keywords: PCM; PCM drift; drift mitigation; spiking neural networks; emerging non-volatile
memory; 28 nm FD-SOI technology

1. Introduction

Implementing spiking neural networks (SNNs) with phase change memory (PCM) can
potentially bypass the limitations of traditional computing and address energy concerns
driven by growing computational demand. PCM’s compatibility with CMOS, non-volatility,
and programmability make it a promising candidate for dense, energy-efficient, non-von
Neumann computing [1]. However, resistance drift and variability present significant chal-
lenges, particularly at room temperature, limiting PCM’s potential in these applications [2].
Resistance drift changes the resistance in PCM cells over time, degrading SNN performance.
While studies have shown that drift naturally diminishes at cryogenic temperatures (such
as 77 K and 12 K), it remains a critical issue at room temperature, impacting the system’s
long-term accuracy [3]. Our previous work demonstrated that at cryogenic temperatures,
the drift coefficient of PCM cells is significantly reduced, such that no hardware compensa-
tion is required to maintain system performance. However, this reduction does not extend
to room temperature, where drift persists and leads to a performance degradation of up
to 10–12% in classification tasks like MNIST. This makes the development of a solution to
mitigate drift at room temperature crucial for practical neuromorphic systems.

Several methods have been proposed to address PCM drift. Hardware-based solu-
tions, such as projected PCM architecture [4], introduce extra current to compensate for
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drift, while 2-PCM Synapse employs binary PCM cells programmed through stochastic
spike-timing-dependent plasticity (STDP) [5]. These approaches, while effective, often ne-
cessitate significant hardware redesigns or specific programming techniques. On the other
hand, software-based methods for drift correction, commonly used in SNNs and artificial
neural networks (ANNs), apply global gain factors to adjust for drift using average drift
coefficients, but they typically require periodic recalibration or supervised retraining [6,7].

In contrast, we propose a novel non-linear (NL) current scaling strategy that provides
real-time, continuous compensation for resistance drift, without the need for training,
memory refresh, or PCM cell redesign. This strategy dynamically adjusts synaptic current
in a non-linear manner, ensuring real-time adaptability and making it particularly suitable
for neuromorphic hardware.

SNN hardware commonly utilizes one-transistor, one-resistor (1T1R) architecture,
where each synaptic element consists of a transistor that controls access to a phase change
memory (PCM) cell. This architecture enables precise control over the synaptic current by
gating the PCM resistance, ensuring reliable read/write operations [8,9]. The 1T1R structure
also facilitates scalability by allowing for dense arrays of synaptic connections. Current
attenuators are integrated into this architecture to enhance neuron fan-in [10,11], which
refers to the ability to handle multiple synaptic inputs per neuron, thereby supporting
larger-scale neuromorphic systems.

Our proposed drift mitigation solution leverages the 1T1R structure and integrates
current attenuators with analog neurons in a 28 nm FD-SOI-based SNN. This approach
dynamically tracks resistance changes in the PCM cells and compensates for drift by
non-linearly scaling down the synaptic current. By adjusting the current scaling factor in
real-time based on the synaptic input, this method ensures continuous drift compensation
without the need for training, memory refresh, or redesign of the PCM cells, as illustrated
in Figure 1a.
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Figure 1. (a) Simplified illustration of the proposed SNN architecture with one-transistor and
one-resistor (1T1R) ePCMs synaptic arrays, current attenuators, and neurons. (b) The ePCM is
analog programmed to achieve up to 10 resistance states. (c) The ePCM resistance relaxation and
drift coefficient are extracted and modeled over 25 s of retention test using Equation (1). (d) The
corresponding drift versus resistance dependence is estimated by Equation (2) to draw meaningful
conclusions about the behavior of the device, presenting a k coefficient of 0.02.

To evaluate our strategy, we combined experimental PCM data with post-layout
SPICE simulations of a fully connected current attenuator and neuron. The simulations
predict drift effects on SNN inference over a two-year period. A system-level MNIST
classification task simulation confirms the effectiveness of our drift compensation, reduc-
ing drift by 50.58 ± 6.10% and variability by 5%, maintaining SNN accuracy for up to
two years. Without this solution, performance degrades by 12.4%. This drift-resilient
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approach provides significant advancements for neuromorphic computing, enabling robust
real-world applications.

2. PCM Characterization Results

Drift refers to the structural relaxation of the amorphous phase in PCMs after program-
ming [12]. Embedded Ge-rich GST-based PCM (ePCM) supplied by STMicroelectronics [13]
was characterized and programmed using a Keysight B1500A semiconductor analyzer with
a 200 Msample/s waveform generator module (WGFMU) to evaluate, quantify, and model
the drift aspects.

2.1. PCM Multilevel Programming

A fully analog programming strategy was implemented to perform multilevel switch-
ing, consisting of 75 ns SET and RESET pulses applied at the top electrode. SET pulses
were kept constant at 1.5 V, while RESET pulses increased in amplitude from 1.8 to 2.7 V.
A DC voltage was applied to the selector’s gate for varying current compliances between
0.8 and 1.2 V. The full sequence is repeated ten times for each compliance, resulting in a
total of 1000 programming pulses. Resistance levels were read using 0.1 V pulses before
and after programming. This programming approach yielded ten distinct resistance states
ranging from 75 kΩ to 2 MΩ, as shown in Figure 1b.

2.2. Drift Quantification and Modeling

Post-programming, the resistance shift evolution is evaluated using a sequence of 0.1V
over 25 s, sampled every 500 ms. The resistance progression over constant temperature is
then fitted using the following equation [12]:

Rt = Rt0

(
t
t0

)v
, (1)

Rt is the resistance at time t, Rt0 the initial resistance, and v the drift coefficient. The
drift response is shown in Figure 1c. The drift coefficients range from 0.011 to 0.086 for
a low resistance (LRS) of 80 kΩ and a high resistance (HRS) of 1.5 MΩ. To predict and
evaluate the effect of drift on the ePCM resistance distribution over time, the following
model is used [14]:

vR2 − vR1= k
(

R2

R1

)
, (2)

The k coefficient is 0.02 (see Figure 1d). This hybrid approach, combining experimental
and modeling techniques, is crucial for drawing meaningful conclusions about the behavior
of the ePCM at any given time regardless the resistance state. It was used to forecast the
equivalent synaptic current Iin conveyed into the SNN inference hardware over time.

The drift quantification and modeling approach presented in this section is based on a
hybrid experimental–modeling method that utilizes data from a PCM chip demonstrator
provided by STMicroelectronics [3,13]. While long-term aging tests have not yet been
conducted, the model incorporates well-established parameters from the state-of-the-art
PCM literature [15–18]. This combination of experimental data and modeling provides a
reliable foundation for predicting resistance shifts and their impact on synaptic current in
SNN inference hardware, as previously demonstrated in our recent publication [3].

3. SNN Hardware

In spiking neural networks (SNNs), computation is performed by converting voltage
spikes into current through ePCM synaptic resistances. An approach to augmenting analog
SNN hardware involves scaling down the synaptic current integrated by the post-synaptic
neuron [10,11,19,20]. This study utilizes current attenuators to increase the fan-in of the
system and mitigate the synaptic current change over time caused by drift. The hardware
used for simulating and evaluating this approach is based on a 28 nm FD-SOI-based current
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attenuator connected to a low-power analog leaky integrate-and-fire (LIF) neuron [10].
It was designed and simulated using thick oxide high-k/metal gate, regular Vt 1.8 V-
grade transistors. The inference hardware is virtually connected to the ePCM array as
a lookup table to simulate and calculate the synaptic currents Iin and its downscaled
version Iout. The key component in the present analysis is the current attenuator, and
the output neuron serves as its load in the post-layout simulations (see Figure 2a). The
system uses a low-dropout voltage regulator (LDO) to maintain a voltage reference (Vref)
in the common source node of the ePCM array, ensuring a drop voltage Vread in the ePCM
memory of 0.1 V. Vread is calculated as Vi-Vref, where Vi represents the voltage amplitude
of the input neuron spike. The current Isyn is then duplicated by a current mirror and
directed towards the current attenuator. The equivalent current Iin (or the ePCM synaptic
current Isyn) is converted to voltage by MOS resistor N9 (RN9), which is then fed into the
transconductance operational amplifier (TOA) at its differential input. The TOA generates
a current proportional to the voltage difference, constrained by a 25 nA Ibias. The resulting
Iout is a downscaled version of Iin, as defined by Equations (3) and (4). The ratio of Iin to
Iout is known as the current scaling down factor (SDF) (5):

Iin = Isyn =
Vi

ReNVM
, (3)

Iout =
Ibiaskn

2Ut

(
Iin.RN9

2

)
, (4)

SDF =
Iin

Iout
, (5)

where Kn is the subthreshold slope and Ut the thermal voltage. In SNNs, neurons receive
input spikes sparsely from multiple pre-synaptic neurons [21]. Therefore, it is reasonable
to operate the current attenuator with an Iin margin limited to the readout range of one
average ePCM, excluding the range beyond the limits of Isyn, as indicated in Figure 2b
by the gray dashed lines. Consistency in SDF within the crossbar readout range ensures
accurate network responses. The stability of SDF within this physical interpretation range
relies on the common mode rejection ratio of the current attenuator, influenced by the
transistor saturation generating Ibias [22]. Failure to meet the transistor saturation condition
for Ibias can lead to a strong dependency of Iout on the common mode voltage, the voltage
drop of R9, and Iin. Adjusting the values of VsN10 and VsN11 (Vs) is necessary to achieve
this condition (refer to Figure 2b). The scaling methods, SDF-NL (1) and SDF-NL (2), stand
for different levels of non-linear (NL) current scaling down factor (SDF) in relation to the
input current (Iin), each tuned to exhibit varying degrees of non-linearity in the current
attenuation process, controlled by the vs. terminal of the current attenuator. In contrast, the
constant SDF represents a fixed scaling factor, effectively neglecting the drift compensation
mechanism, as though the solution were not applied. These strategies are illustrated in
Figure 2b, with SDF-NL (1) shown in blue and SDF-NL (2) in red.

Regarding area overhead, the respective area budgets of the current attenuator and
neuron circuit blocks are 774 µm2 and 466 µm2. Note that the neuron fan-in, which is
crucial for large-scale networks, is proportional to the membrane capacitance and inversely
proportional to the synaptic current [10,11,23]. The current attenuator enables an at least
4000× increase in neuron fan-in by reducing the input current (i.e., for an SDF of 4000),
which is far more area-efficient compared to scaling the membrane capacitance, as achieving
the same result through capacitance increase would require a 4000-fold larger membrane
capacitor area (equivalent to a 118-fold increase in the combined area of the neuron and
current attenuator).

In terms of power consumption, the error amplifier, current attenuator, and neuron
consume an average dynamic power of 25 pW, 3.66 µW, and 25.9 µW, respectively. This
corresponds to an input current Iin of 1.33 µA and a neuron spike rate of 13.4 kHz. The
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dynamic power across the entire resistance range of the PCM, along with the corresponding
neuron spike rate, is shown in Figure 2c. The static power consumption is 0.11 µW.

J. Low Power Electron. Appl. 2024, 14, x FOR PEER REVIEW 5 of 12 
 

 

dynamic power across the entire resistance range of the PCM, along with the correspond-
ing neuron spike rate, is shown in Figure 2c. The static power consumption is 0.11 µW. 

 
Figure 2. (a) Simplified schematics of the SNN circuit for scaling down ePCM reading current Iin. 
The circuit includes a 28 nm FD-SOI current attenuator connected to a leaky integrate-and-fire (LIF) 
neuron (serving as a load in the post-layout simulation). The respective area budgets of the current 
attenuator and neuron are 774 µm2 and 466 µm2. (b) The current scaling down factor (SDF) versus 
Iin. SDF(Iin) is modeled using a one-phase exponential decay function (7–8). SDF non-linear (1) and 
(2) are achieved with vs. set at 0.15 (red) and 0.22 V (blue), respectively, while the constant SDF is 
represented by a horizontal line. (c) The dynamic power consumption of the neuron, current atten-
uator, and voltage regulator error amplifier (LDO) versus Iin, along with the corresponding neuron 
spike rate. 

3.1. Drift Compensation and the Effect of Non-Linear Current Scaling 
The current attenuator adjusts the output current based on the input reading current 

Iin, especially when the SDF is influenced by the common mode voltage. As Isyn (or equiv-
alent Iin) decreases over time following power law Equation (1), the strategy to counteract 
drift involves adapting the SDF to compensate for the decline in Iin due to drift. This ad-
justment results in an SDF that dynamically tracks the input current, ensuring responsive-
ness to the input reading current through an exponential decay function. Essentially, this 
mechanism acts as a current bias compensation that reduces the SDF proportionally to the 
reading current Iin, maintaining appropriate compensation for Iout. The current scaling 
down factor, denoted as SDF(Iin) and dependent on Iin, is modeled using SPICE simula-
tions with a one-phase exponential decay function: 

SDFሺIinሻ=SDFmax െ SDFmin.eି൫λሺIinሻ൯ , (6)

SDF represents the current scaling down factor, where SDFmax denotes the upper 
bound plateau corresponding to the maximum Iin and SDFmin represents the lower bound 
plateau corresponding to the minimum Iin. λ signifies the decay rate influenced by Iin and 
ReNVM, the ePCM resistance state. The fitting process is conducted based on post-layout 

Figure 2. (a) Simplified schematics of the SNN circuit for scaling down ePCM reading current Iin.
The circuit includes a 28 nm FD-SOI current attenuator connected to a leaky integrate-and-fire (LIF)
neuron (serving as a load in the post-layout simulation). The respective area budgets of the current
attenuator and neuron are 774 µm2 and 466 µm2. (b) The current scaling down factor (SDF) versus
Iin. SDF(Iin) is modeled using a one-phase exponential decay function (7–8). SDF non-linear (1) and
(2) are achieved with vs. set at 0.15 (red) and 0.22 V (blue), respectively, while the constant SDF
is represented by a horizontal line. (c) The dynamic power consumption of the neuron, current
attenuator, and voltage regulator error amplifier (LDO) versus Iin, along with the corresponding
neuron spike rate.

3.1. Drift Compensation and the Effect of Non-Linear Current Scaling

The current attenuator adjusts the output current based on the input reading current
Iin, especially when the SDF is influenced by the common mode voltage. As Isyn (or equiv-
alent Iin) decreases over time following power law Equation (1), the strategy to counteract
drift involves adapting the SDF to compensate for the decline in Iin due to drift. This
adjustment results in an SDF that dynamically tracks the input current, ensuring respon-
siveness to the input reading current through an exponential decay function. Essentially,
this mechanism acts as a current bias compensation that reduces the SDF proportionally
to the reading current Iin, maintaining appropriate compensation for Iout. The current
scaling down factor, denoted as SDF(Iin) and dependent on Iin, is modeled using SPICE
simulations with a one-phase exponential decay function:

SDF(Iin) = SDFmax − SDFmin.e−(λ(Iin)), (6)

SDF represents the current scaling down factor, where SDFmax denotes the upper
bound plateau corresponding to the maximum Iin and SDFmin represents the lower bound
plateau corresponding to the minimum Iin. λ signifies the decay rate influenced by Iin and
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ReNVM, the ePCM resistance state. The fitting process is conducted based on post-layout
circuit SPICE simulation outcomes, with the ePCM readout range Isyn serving as Iin, as
indicated by dashed lines in Figure 2b. Finally, combining Equations (1)–(6):

Iout(t) =
Iin

SDF(Iin)
=

Vread
ReNVM(t)

SDFmax − SDFmin.e
−(λ(

Vread
ReNVM (t) ))

, (7)

Iout(t) =

Vread

Rt0

(
t

t0

)k. log(
Rt0
RR1

)+vR1

SDFmax − SDFmin.e

−(λ(
Vread

Rt0(
t

t0
)
k. log(

Rt0
RR1

)+vR1
))

, (8)

With Vread set at 0.1 V, the SDF parameter essentially embodies a decay rate depen-
dent on ReNVM, denoted as λ(ReNVM), which inherently adapts to the reading current.
Consequently, this adjustment extends to each resistance state and its associated drift
coefficient. To benchmark and compare different tuning conditions, the net output current
is normalized using the following formula:

XNormalized =
X − Xmin

Xmax − Xmin
, (9)

Xmin is the minimum Iout and Xmax the maximum Iout It is important to note that the
normalized net output current is equivalent to conductance, as the current is simply the
conductance multiplied by a constant reading voltage of 0.1 V. To evaluate the effect of the
SDF tunning, the calculation is carried out with a constant SDF (black dashed line—SDFmax),
and a variable SDF (Iin) (red and blue curves), as shown in Figure 2. The calculation is
performed at 6 s and progresses logarithmically up to approximately two years, reaching
6 × 107 s. The Iout evolution overtime for each of the 10 ePCM states distributions are
shown in Figure 3a–d at different times: 1 × 10−3, 6 × 101, 6 × 104, and 6 × 106 s. As
shown in Figure 3, while drift tends to shift the normalized current distributions away
from their initial state over time, the application of the non-linear SDF counteracts it.

The more non-linear the SDF is with respect to Iin, the closer the normalized current
distribution remains to its pre-drift state (as shown by the gray dashed lines). Non-linear
SDF (2) demonstrates higher efficiency compared to non-linear SDF (1), compensating for
drift more effectively. Regardless of the degree of non-linearity, this method robustly coun-
teracts drift, suggesting a reliable strategy that accommodates variability and mismatch.
This underscores the effectiveness of the non-linear SDF in mitigating drift.

While this study focuses on PCM drift, this method has the potential to be compatible
with other memory technologies that, although governed by different physical phenomena,
exhibit various forms of resistance relaxation over time [23,24]. These different manifesta-
tions of resistance change, while rooted in distinct mechanisms, lead to equivalent forms of
current degradation similar to drift in PCM [23,24]. Such technologies could potentially
benefit from the continuous current adjustment mechanism provided by the non-linear
scaling strategy, helping to mitigate performance degradation. Future research could also
explore the applicability of the non-linear current scaling strategy to other forms of signal
degradation, such as series resistance and crosstalk in larger systems [25]. Further studies
will be necessary to validate these aspects and investigate the robustness of this approach
in mitigating different sources of performance degradation across diverse memory tech-
nologies and crossbar structures as they scale. In the next section, the equivalent reduction
in the drift coefficient is estimated.
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Figure 3. (a) Impact of non-linear SDF on ePCM state distribution and Iout. (a) Initial net output
current distributions at 1 ms post-programming (average values marked by gray dashed line) and
drifted counterparts at subsequent time intervals: (b) 6.101 s, (c) 6.104 s, and (d) 6.106 s. Drift shifts
the distribution from the initial state, countered by non-linear SDF.

Variability and Drift Mitigation

The calculation is performed with different tunned SDFs to demonstrate varying
degrees of drift compensation. To assess and quantify the reduction in the drift coefficient
resulting from the non-linear SDF, a reverse calculation is conducted using Equation (8)
to estimate the resistance evolution over time from Iout for each of the 10 average ePCM
resistance states, considering a constant SDF across all scenarios

The derived equivalent resistance over time is then modeled using Equation (1) to
estimate the drift coefficient, as depicted in Figure 4a. The drift coefficients corresponding to
the equivalent resistances for each SDF (linear and non-linear 1, 2) are shown in Figure 4b.
An additional aspect of the non-linear SDF is its tendency to increase as Iin increases,
leading to a subtle distortion in the shape of the normalized net current by shifting the
current distribution from its minimum towards its maximum value. This distortion impacts
the average and standard deviation of the normalized current for each ePCM state over
time, as shown in Figure 5. In Figure 4c, it is shown that SDF non-linear 1 results in an
average reduction in the drift coefficient of 13.94 ± 3.79%, while SDF non-linear 2 reduces
the drift coefficient by 50.58 ± 6.10% compared to SDF linear. To evaluate the effect of it in
the variability of the state’s distribution, the resistance and corresponding reading current
variability Iin were estimated by the coefficient of variability (C.V):

C.V =
σ

µ
(10)
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Forecasted evolution of equivalent resistance for states 1, 3, 5, 7, and 10 predicted through Iout for
both SDF constant and non-linear (a) 1.10−3 s with constant SDF (black), followed by each time
step in the analysis (b) 6.101, (c) 6.104, and (d) 6.106 s. (e) Average coefficient of variation of the
10 ePCM states over time post-non-linear current scaling. The average and maximum CV reduction
is 1.6 ± 1.5% and 5%, respectively.
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The C.V of the Iout distributions calculated for a constant SDF and non-linear SDF in-
dicates that SDF non-linear 2 reduces variability by up to 5%. The average reduction across
the ten ePCM states is 1.6 ± 1.5%, as shown in Figure 5d. This reduction is particularly no-
table in the more conductive states 1 to 5. Previous studies have highlighted the significant
role of variability in neural network performance [21]. Therefore, the proposed hardware
configuration offers both drift and variability reduction. The subsequent section evaluates
the impact of this strategy in a fully connected SNN through system-level simulation.

4. System-Level Simulation

The impact of drift and variability compensation on inference accuracy is simulated
using Python with an SNN implementation to evaluate the effect of non-linear SDF on the
MNIST classification task. The input layer features 784 LIF neurons and 50 output neurons
for 9 MNIST classes. Pixel intensity is encoded through frequency coding, aligning the
spiking frequency with the pixel value.

The drift compensation strategy is applied during inference, independent of the
training method. For instance, the neural network is trained using voltage-dependent
synaptic plasticity (VDSP) in software [24]. The trained network is then transferred to
ePCM synapses based on the nearest resistance distribution for inference on 10,000 grayscale
images. Accuracy is computed with 10 different seeds for each time step and weight
distribution. The initial ePCM weights, before drift, correspond to the transferred trained
weights. The weight distribution relaxes according to drift after 1.10−3, up to 6.107 s and
the inference accuracy is computed over time to validate our drift mitigation strategy.

As shown in Figure 6b, the baseline accuracy pre-weight transfer was 72.7%. The
accuracies post-weight transfer were 71.54%, 71.55%, and 71.55% for SDF constant, non-
linear 1, and non-linear 2, respectively. After two years, accuracies shifted to 59.15%,
66%, and 70%. Resistance drift led to a 12.4% accuracy reduction, mitigated by both non-
linear SDFs for at least up to 6 × 105 s. SDF non-linear 2 sustained accuracy for up to
6 × 107 s (approximately 2 years). The accuracy achieved in this study aligns with state-
of-the-art results for similar neuromorphic architectures using PCMs and fully connected
networks [26,27]. It is important to note that accuracy scales with the number of output
neurons. For instance, 90% accuracy can be attained in a VDSP-based SNN with 500 output
neurons [24]. However, 50 neurons are effectively sufficient to demonstrate the impact
of drift over time with and without the real-time compensation strategy, while reducing
computational costs.
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Figure 6. (a) SNN system-level simulation assessing the impact of non-linear SDF on the MNIST
classification task, with 784 (28×28) input LIF neurons and 50 output neurons. (b) Average accuracy
over time from 1.10−3 to 6.107 s, based on 10 different seeds, for each ePCM net normalized output
current distribution at constant SDF, SDF non-linear (1), and SDF non-linear (2). The baseline average
accuracy pre-weight transfer is 72.7% for 50 output neurons. Initial accuracies are 71.54%, 71.55%,
and 71.55% for SDF constant, non-linear 1, and non-linear 2, respectively. After 2 years, accuracies
are 59.15%, 66%, and 70%, respectively.
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This shows that our drift mitigation strategy is effective to compensate and counteract
the accuracy drop caused by drift at room temperature. Please note that feedforward fully
connected networks serve as the foundation for deep learning architectures and more
complex models, such as convolutional (CNNs) and recurrent neural networks (RNNs).
While the primary goal of this study is to analyze the effects of drift and the novel non-linear
current scaling strategy on a simplified network, these findings may be generalized to
other network topologies in future studies. To date, this is the first demonstration of a
FD-SOI-based SNN-oriented fully analog solution that mitigates ePCM drift and variability
to sustain accuracy for up to 2 years in a MNIST classification task at room temperature.

5. Conclusions

In summary, fully analog SNN hardware implementations using ePCM and FD-SOI
technology require a current scaling block to enhance neuron fan-in and manage the neuron
membrane capacitor more effectively. We introduce a novel strategy to compensate for
ePCM drift at room temperature through current scaling. This drift mitigation technique,
combined with current attenuation, is crucial for successfully integrating eNVM into low-
power CMOS SNNs. Unlike traditional methods that rely on average ePCM drift behavior,
training, memory refresh, or PCM cell redesign, our non-linear current scaling factor (SDF)
continuously tracks the synaptic current in real time, eliminating the need for feedback
control or additional circuitry. Our solution demonstrates robustness to system variability
and mismatch, offering a flexible range of SDF profiles to accommodate different levels of
drift compensation, as shown in our post-layout simulations for non-linear SDF (1) and
(2). The proposed approach can reduce drift by 57.8%, maintaining accuracy for up to
two years. Additionally, the total power consumption of the circuit, including the LDO
error amplifier, current attenuator, and neuron, is kept under 30 µW. To date, no fully
analog embedded SNN hardware solution has addressed both ePCM drift and resistance
variability simultaneously. Our approach paves the way for ePCM/CMOS-based SNN
implementations that can compensate for eNVM non-idealities, advancing the potential for
neuromorphic applications.
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