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ABSTRACT

Edge devices operating in dynamic environments critically need the ability to continually learn without catastrophic forgetting.

The strict resource constraints in these devices pose a major challenge to achieve this, as continual learning entails memory and

computational overhead. Crossbar architectures using memristor devices offer energy efficiency through compute-in-memory and

hold promise to address this issue. However, memristors often exhibit low precision and high variability in conductance modulation,

rendering them unsuitable for continual learning solutions that require precise modulation of weight magnitude for consolidation.

Current approaches fall short to address this challenge directly and rely on auxiliary high-precision memory, leading to frequent

memory access, high memory overhead, and energy dissipation. In this research, we propose probabilistic metaplasticity, which

consolidates weights by modulating their update probability rather than magnitude. The proposed mechanism eliminates high-

precision modification to weight magnitudes and, consequently, the need for auxiliary high-precision memory. We demonstrate the

efficacy of the proposed mechanism by integrating probabilistic metaplasticity into a spiking network trained on an error threshold

with low-precision memristor weights. Evaluations of two continual learning benchmarks show that probabilistic metaplasticity

achieves state-of-the-art performance while consuming ∼ 67% lower memory for additional parameters and up to two orders of

magnitude lower energy during parameter updates compared to an auxiliary memory-based solution. The proposed model shows

potential for energy-efficient continual learning with low-precision emerging devices.

Introduction

Autonomous edge devices constitute a major application domain of artificial intelligence–ranging from indoor robots
to autonomous drones/vehicles1. These devices often need on-device training for real-time adaptation to dynamic
environments2. However, training neural networks requires energy-intensive data movement and memory accesses,
which can strain the energy budget of these resource-constrained platforms3. The challenge exacerbates in real-world
scenarios where data is non-stationary and does not maintain independent and identical distribution. Conventional
artificial intelligence fails to learn effectively in this scenario and catastrophically forgets previously learned infor-
mation4. The ability to learn and adapt to non-stationary data streams requires continual learning mechanisms,
which entail additional memory and computational overhead, further straining the strict resource budget on edge
devices5. The constraints in autonomous edge applications present a unique set of challenges, which lead to certain
desirable criteria for continual learning solutions. First, the continual learning solution should be task-agnostic,
i.e., it should be effective with no supervision or task-boundary awareness for autonomous applications. Second,
edge devices have limited on-chip memory, which prohibits numerous iterative training over a large dataset. Hence,
these devices should learn in an online scenario where data are encountered only once1. Finally, the memory and
computational overhead of the continual learning mechanism should be minimized considering the strict energy
constraints of edge devices6.

Recent research primarily focuses on alleviating catastrophic forgetting to achieve continual learning while
overlooking the above-mentioned criteria. In our research, we strive to achieve continual learning in the online task-
agnostic scenario while minimizing memory and computational overhead. We address this multifaceted challenge
by taking inspiration from the biological brain, which shows the ability to learn continually throughout its lifetime
with remarkable energy efficiency7. Neuromorphic or brain-inspired approaches can help in two ways. First, we
can take inspiration from the neural mechanisms deemed to help memory consolidation in the brain to address
catastrophic forgetting8. One such mechanism is metaplasticity or plasticity of plasticity9, whereby synapses modify
their ability to change based on their history of activity. Recent research in continual learning abstracted this
concept by detecting important weights and restricting their update in magnitude by modulating weight gradients.
Metaplasticity-inspired weight consolidation mechanisms have shown promising performance in addressing continual
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learning in neural networks10–15. Second, we can harness the computational and structural principles of the brain
to optimize the energy efficiency of on-device continual learning. This can translate to adopting spiking models
that emulate the computational primitives of the brain with sparse binary encoding. This feature replaces energy-
intensive floating-point operations with low-power event-driven computations16. Structural primitives of the brain
are emulated with architectures featuring co-located memory and processing with nanoscale emerging memristor
devices17. In a crossbar arrangement, the conductance of these devices can emulate weights in a network and perform
vector-matrix multiplication in a single timestep18. Such architectures reduce data movement, enable parallel
computations and can lead to up to two orders of magnitude greater energy efficiency compared to conventional
architectures19.

Although spiking models incorporated in memristor crossbar architectures are promising, they show non-ideal
characteristics which can limit their suitability for continual learning mechanisms. The weight consolidation mech-
anism mentioned above is a prominent method of continual learning that relies on precise modulation of the weight
magnitude. This is extremely challenging to achieve with memristors since these nanoscale devices show low preci-
sion (∼ 3−6 bits20, 21) and inherent variability during conductance modulation. Recent research has circumvented
this issue by incorporating auxiliary high-precision memory (usually implemented with SRAM) alongside memristor
crossbars22. Binary memristor devices have been used to accelerate forward pass in continual learning tasks while
training with backpropagation is carried out in high-precision memory23. Memristors with multi-level conductance
have also been utilized for continual learning with metaplasticity, where auxiliary high-precision memory accumu-
lates weight gradients, and memristor weights are updated when the accumulated gradient is equivalent to the
device conductance resolution24. These approaches have shown promising performance with low-precision memris-
tor weights in continual learning benchmarks. However, these solutions rely on multi-epoch training and knowledge
of task progression in order to either assign separate output neurons for different tasks or to modulate hyperpa-
rameters. These prerequisites are not suitable for autonomous applications. Moreover, high-precision memory with
SRAMs lead to a large silicon footprint and idle standby leakage power (tens to hundreds of picoWatts per bit)25.
Finally, while crossbar architectures with auxiliary high-precision memory retain energy efficiency during inference,
excessive memory access during training can potentially void the benefits of the compute-in-memory architecture.

In this research, we explore a novel weight consolidation mechanism suitable for low-precision memristor weights.
Neuroscience literature has shown that binary metaplastic synapses characterized by probabilistic transitions help
memory retention26. Inspired by this, we propose the probabilistic metaplasticity model, where a weight’s plasticity
translates to its probability of update rather than its magnitude of update. The probability of a weight’s update
evolves during training such that important weights are assigned lower update probability to prevent catastrophic
forgetting. Since this model does not need precise modulation in weight magnitude, the need for auxiliary high-
precision memory is eliminated. Previous research explored probabilistic metaplasticity in the context of binary
synapses in models of memory26 and binarized networks that only support training a single-layer network27. We
generalize this concept to memristor weights with multi-level conductance incorporated in a multilayer spiking
network trained based on an error threshold. We evaluate the proposed solution on two image detection continual
learning benchmarks considering single and multi-memristor weights. Evaluations show that low-precision mem-
ristor weights with probabilistic metaplasticity can achieve performance equivalent to state-of-the-art networks
with high-precision weights in the challenging online task-agnostic continual learning scenario. Compared to an
equivalent solution with high-precision auxiliary memory, probabilistic metaplasticity reduces memory overhead for
additional parameters by ∼ 67% while requiring up to two orders of magnitude lower energy during the parameter
update phase. The proposed model is promising for memory- and energy-efficient continual learning for autonomous
edge applications.

Probabilistic metaplasticity with error threshold-based training

Metaplasticity, or plasticity of plasticity, refers to the modification of a synapse or weight’s ability/tendency to
change based on previous activity9. It is deemed a key mechanism for memory consolidation in the brain28. Fusi
et al. proposed a cascade metaplasticity model, where binary synapses contain an additional discrete metaplastic
state variable26. The metaplastic state of a synapse changes probabilistically in response to input stimuli. Synapses
with higher metaplastic states are assigned a lower probability of change to signify greater stability.

Similar to the discrete metaplastic states in the cascade model, memristors can be programmed to a limited
number of distinguishable conductance levels (Figure 1b). In our work, we consolidate memristor weights in a
similar probabilistic manner. In a typical network, weights realized with memristors are updated deterministically
by increasing or decreasing their conductances based on the error. In the proposed probabilistic metaplasticity
model, the weights are updated probabilistically, where the important weights exhibit a lower probability. The
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Figure 1. Probabilistic metaplasticity with error threshold-based training. a. Spiking network trained
on error threshold where the network weights are realized with 1T1R memristor crossbar array. The dendritic
compartments in the hidden and output layer neurons integrate the error. When the error reaches the threshold
Uth, the memristor weights are updated to the next higher (negative error) or lower (positive error) conductance
level with probability pupdate. b. Mean and standard deviation of resistance levels versus programming
compliance current for the 1T1R memristor device (shown in inset) adopted in this work20. c. Update probability
of weights for different values of the metaplastic coefficient m and the weights w. m is directly proportional to the
activity level of adjacent neurons. We see that weights with highly active adjacent neurons (high m) and weight
magnitude (high |w|) lead to low update probability.

importance of a weight is a function of its magnitude and the activity levels of adjacent neurons11. High magnitude
and connections to highly active pre- and post-synaptic neurons lead to a lower probability of updating or higher
weight consolidation. This is captured in the metaplasticity function, which determines the update probability
pupdate of a weight wij connected between ith pre-synaptic and jth post-synaptic neurons -

pupdate = e−|mijwij |. (1)

Here, mij is a metaplastic coefficient assigned to each weight. As the network learns, the metaplastic coefficient
evolves based on the activity trace of the adjacent neurons as -

mij(t + 1) =

{

mij(t) + ∆m, ifXtr
j ≥mpre

th &Xtr
i ≥mpost

th

mij(t) otherwise
. (2)

We see that high activity in the adjacent neurons increases the metaplastic coefficient of a weight. Figure 1c
shows the update probability for different values of weights and metaplastic coefficients. We see that weights with
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Algorithm 1: Probabilistic metaplasticity with error threshold-based eRBP for continual learning in a
spiking network. T denotes a set of sequential tasks. Sin and Sout are the input and output spike train and
W denotes weights realized with memristors. U is the error accumulated at the dendritic compartment of
neurons. When |U | crosses the error threshold Uth, the update probability pupdate of eligible weights are
calculated and compared with a random number to decide which weights should be updated. The memristor
weights selected for update are programmed to the next higher or lower conductance level depending on
the sign of the error. The function Program() refers to the operations required to update a memristor’s
conductance. Details of the eRBP algorithm can be found in methods.

for task ∈ T do

for {xt,yt} ∈ {Xt,Y t} do

for t ∈ Tsim do

Forward Pass: Sout(t) ← f(Sin(t),W (t))

Random Error Feedback: τU
∂U
∂t

= ERU

Update Neuron Trace: d
dtXtr =−Xtr

τtr
+ S

if |Uj |> Uth then

for i ∈ {Xi(t) == 1} do

if Imin < Ij < Imax then

ǫ∼ uniform(0,1)

pupdate = e−|mijwij |

if pupdate < ǫ then

Update memristor weights: W ← Program(Rmem,U)
end

Uj = 0

end

end

end

end

Update metaplastic coefficient: m←m + ∆m

end

end

higher magnitude and metaplastic coefficient exhibit lower update probability. Throughout training, a weight’s
magnitude and metaplastic coefficient adapt in response to the activity of the network. This changes the update
probability/plasticity of a weight, leading to a metaplastic effect to consolidate weights.

We incorporate probabilistic metaplasticity into a multi-layer spiking network trained based on an error thresh-
old (shown in Figure 1a). The network is trained with event-driven random backpropagation (eRBP) where the
network error is projected to neurons (details in Methods)29. Each neuron includes a dendritic compartment that
accumulates the error. In eRBP, a weight is considered eligible for update if the pre-synaptic neuron has an active
spike and the post-synaptic current is within a range. When these criteria are met, the weights are updated in
proportion to the accumulated error. However, low-precision weights cannot be updated with arbitrary resolution.
We resolve this issue by updating the weights when the accumulated error reaches a threshold. The threshold
corresponds to the magnitude of error that warrants a change in the weights equivalent to their resolution. This
update criteria is similar to the gradient accumulation approach where high-precision memory accumulates the
gradients, and weights are updated when their gradients reach a certain threshold22. The distinctive factor in
our approach is that the weight update decision depends on the local error estimated at the neurons instead of
gradients accumulated for every weight. This avoids gradient computation and storage and leads to lower memory
overhead and accesses. Spiking networks trained with error-triggered learning can effectively learn a single task30.
We combine probabilistic metaplasticity with error threshold-based training to continually learn sequential tasks.
Eligible weights are probabilistically updated, where the weight update involves programming the memristor device
to its adjacent higher or lower conductance level, depending on the sign of the error. Important weights exhibit
low update probability and hence retain their state and help prevent catastrophic forgetting. The detailed learning
algorithm is described in Algorithm 1.
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Results

Continual learning with probabilistic metaplasticity
We evaluate the proposed probabilistic metaplasticity model considering weights realized with a Hafnium Oxide-
based memristor device in the IBM 65nm 10LPe CMOS/Memristor process20. The device can be programmed to ten
distinguishable low resistance levels which are used to map the weights (shown in Figure 1b). The average resolution
of conductance is ∼ 3 bits considering the average conductance at different levels. To realize both positive and
negative weights, memristor crossbars are assigned a bias column whose contributions to the output are subtracted
from that of the weights with inverting and summing amplifiers31. If gp is the conductance of the memristor weight,
gb is the conductance of the bias memristor, then the synaptic weight can be expressed with Equation 3 where gf

is the scaling factor implemented with the conductance of the feedback resistor in the inverting amplifier.

w =
1

gf
(gp− gb) (3)

We evaluate a spiking network with memristor weights on image detection continual learning benchmarks. The
network is trained sequentially on tasks without any knowledge of the identity of the task or its boundaries during
training or inference. This scenario is known as domain incremental learning (Domain-IL), which presents two
major challenges32, 33. First, if the task boundary is known, the network can expect a change in data distribution
and take measures to reduce catastrophic forgetting. This is not possible in domain-IL. Second, all tasks share the
same output layer, which leads to increased interference and catastrophic forgetting. We also consider an online
scenario where the network sees each sample only once (the network is trained on each task for one epoch).

We first evaluate probabilistic metaplasticity on the split-MNIST benchmark, which consists of 5 sequential image
classification tasks, each composed of two classes from the MNIST dataset34. We conduct network-level simulations
in Python considering a spiking network with 200 hidden neurons and 2 output neurons. The simulation emulates in
situ learning with memristor weights and captures the quantized nonuniform distribution and the associated variance
of memristor conductance during weight updates. Figure 2 shows the evolution of the network performance in each
of the benchmark tasks as the network trains on them sequentially. When trained with error threshold-based eRBP
with no probabilistic metaplasticity, we see that the network learns each task it encounters with high accuracy
(Figure 2a). However, after training on all tasks, it retains high accuracy only on the recently encountered tasks,
and the earlier task accuracies drop to random guess level.

Probabilistic metaplasticity consolidates important weights to alleviate such catastrophic forgetting. The degree
of consolidation depends on the activity threshold of pre-synaptic and post-synaptic neurons (mpre

th and mth
post in

Equation 2). A low activity threshold leads to high weight consolidation, which helps retain high accuracy in earlier
tasks, as shown in Figure 2b. However, the network cannot adapt when later tasks are encountered due to the lower
plasticity of the weights, leading to poor performance. A high activity threshold leads to the opposite effect, where
the network can learn later tasks better with a compromise in earlier task accuracies (Figure 2c). Optimizing the
activity threshold balances the stability-plasticity trade-off to retain high accuracy in earlier tasks with minimal
degradation in the ability to learn later tasks (Figure 2d).

We further evaluate probabilistic metaplasticity on the split-Fashion MNIST benchmark, which also consists
of five sequential image classification tasks, each with two classes35. To observe the effect of weight resolutions,
we consider both single- and multi-memristor weights36. Multi-memristor weights are configured by connecting
nmem number of memristors in parallel. Figure 1a shows a 1T1R crossbar with multi-memristor weights consisting
of three 1T1R devices. During training, only one memristor arbitrated by a global counter is updated to reduce
training overhead. The parallel combination of devices increases the dynamic range of the weight conductance by
a factor of nmem and increases the weight resolution. Table 1 lists the mean accuracy across benchmark tasks after
sequential training for probabilistic metaplasticity and state-of-the-art weight consolidation-based continual learning
models in networks with full-precision weights. We also list the memory required by each model for parameters in
addition to weights (details in Supplementary note S1). The baseline results are for a spiking network with full-
precision weights trained with eRBP. We note an improvement in the mean accuracy across tasks with increased
weight resolution, with the best performance when nmem = 7, leading to a mean weight resolution ∼ 6-bit. Results
show that with probabilistic metaplasticity, a spiking network with noisy low-precision multi-memristor weights
achieves performance equivalent to state-of-the-art networks with full-precision weights in both benchmark tasks. For
reference, we consider a spiking network that consolidates weights with activity-dependent metaplasticity (details in
Methods)11. Since this weight consolidation mechanism requires precise weight updates, we accumulate the weight
gradients in auxiliary memory, which is reset after every sample. This model is evaluated with multi-memristor
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Figure 2. Probabilistic metaplasticity with error threshold-based training for memristor weights.

Evolution of task accuracies as the network is trained sequentially on the split-MNIST tasks. The x-axis shows
the latest task the network has learned. We evaluate the performance of task n only after the network encounters
it and denote the accuracies as 0 before that. a. With no probabilistic metaplasticity, the network learns the
current task well, but forgets the initial tasks after sequentially learning multiple tasks. b. Probabilistic
metaplasticity with low activity threshold leads to high rigidity in the network, so it remembers previous tasks but
cannot learn the last task. c. High activity threshold can lead to loss in previous task accuracy while the network
remains plastic to learn the new tasks. d. Optimized activity threshold balances plasticity and rigidity such that
the network maintains high initial task accuracies while maintaining the ability to learn new tasks.

weights (nmem = 7) considering the same network dimensions. We see that activity-dependent metaplasticity leads
to performance similar to probabilistic metaplasticity in benchmark tasks. However, the latter requires ∼ 67% lower
memory overhead.

Finally, we perform two controlled experiments to show the contribution of probabilistic metaplasticity for con-
tinual learning. First, we study the contribution of consolidating weights with high magnitude and high adjacent
neural activity. For this study, we explore random consolidation in which the update probabilities of the weights are
calculated with equation 1, but the results are randomly shuffled among the weights. Second, we study the contribu-
tion of probabilistic metaplasticity in contrast to probabilistic plasticity. The controlled experiment evaluates this
by updating all weights with the same update probability. We also reduce the weight update probability or plasticity
by a factor with each incoming task to help retain previous knowledge. Table 2 shows the results of the controlled
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experiments on the split-MNIST benchmark. We carried out the experiments considering multi-memristor weights
(nmem = 7) in the same spiking network as in the previous experiments. The baseline network is trained based on
an error threshold with no additional mechanism. The table lists the accuracies of each task in the benchmark and
the mean accuracy across tasks after sequential training. We see that random consolidation fails to learn continually
and suffers from catastrophic forgetting. The performance of the decaying probabilistic plasticity varies with the
update probability reduction factor. A high reduction factor leads to consolidation in weights, which retains high
accuracies in earlier tasks. However, the network fails to learn the last task. A low reduction factor shows the
opposite characteristic, where the network catastrophically forgets the earlier tasks. Controlled experiments on the
split-Fashion MNIST benchmark show the same response (Supplementary note S2). Contrary to the experiments,
we see that probabilistic metaplasticity retains high accuracy in earlier tasks with much lower degradation in the
accuracy of the last task compared to decaying probabilistic plasticity. Since the proposed mechanism consoli-
dates weights selectively based on their magnitude and adjacent neural activity, it retains high plasticity in weights
assigned low importance, leading to a better balance of stability and plasticity.

In summary, probabilistic metaplasticity demonstrates continual learning with low-precision memristor weights
in the challenging online task-agnostic continual learning scenario, which has not been addressed before in the
literature. It achieves state-of-the-art performance with low memory overhead, which is highly suitable for edge
applications.

Energy analysis
We assess energy consumption for continual learning with probabilistic metaplasticity by analyzing the computations
and memory accesses required to train on the benchmark tasks. We then determine the energy to train one
sample by analyzing the average number of operations and the individual operation energy requirements (details
in Supplementary note S3). We also perform the analysis for activity-dependent metaplasticity with gradient
accumulation as a reference. Figure 3 shows the architecture and computational flow for the analysis. We focus
on the energy consumption during the parameter update phase since the forward pass and error computations are
common across both approaches. We analyze the activities of a spiking network with 200 hidden neurons and
multi-memristor weights (nmem = 7). The mixed-signal and digital components for different network operations
were designed in the IBM 65nm 10LPe process. We designed a 16× 16 1T1R crossbar array with peripherals to
estimate the energy for reading and writing memristor weights. The metaplastic coefficients and the gradients for
the activity-dependent metaplasticity mechanism were modeled as on-chip SRAM with 16-bit and 32-bit bus widths
respectively (more details in Supplementary note S3).

Figure 4a shows the energy consumption per sample during the parameter update phase, and Figure 4b shows
the fraction of energy required for computations and memory accesses for the split-MNIST task. We observe that
probabilistic metaplasticity leads to a significant reduction in energy. The reason behind this is mainly twofold.
First, metaplasticity with gradient accumulation follows the eRBP criteria to assess a weight’s eligibility to update,
while probabilistic metaplasticity adds an additional condition of error threshold to update weights. This leads to
much fewer weights eligible for update in the latter (up to three orders of magnitude reduction on average), which
consequently leads to less frequent execution of the operations needed for weight update. Second, metaplasticity
with gradient accumulation needs to compute and store the gradients for the weights eligible for update. This
involves three memory accesses for reading the metaplastic coefficient, the current weight gradient, and storing the
updated weight gradient to high-precision memory. On the other hand, probabilistic metaplasticity only needs to
read the metaplastic coefficient for eligible weights. This leads to ∼ 3.3× more energy consumption due to memory
access for the gradient accumulation approach compared to the probabilistic approach each time the weight update
criteria are satisfied. Gradient computation also requires multiplication of the metaplasticity function with the
gradient, which consumes more energy compared to the computations required in the probabilistic approach. In
summary, gradient accumulation leads to a higher fraction of weights eligible for update, and each eligible weight
requires a higher number of memory accesses and computations for gradient computation, leading to higher energy
consumption. When the metaplasticity function is complex, such as the exponential function shown in Figure 1c,
the gradient accumulation approach requires up to two orders of magnitude higher energy consumption per sample
compared to the probabilistic approach. With a bilinear approximation of the exponential function, the energy for
the gradient accumulation approach reduces. However, we still observe ∼ 60× reduction in energy consumption per
sample with probabilistic metaplasticity.

Memory optimization with parameter sharing
Energy analysis shows that SRAM read/write dominates energy consumption in both continual learning approaches.
In the probabilistic metaplasticity model, most of the SRAM read/write operations account for updating the
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Figure 3. Mixed-signal architecture and computational flow for the continual learning mechanisms.
We consider a mixed-signal architecture where memristor crossbars carry out the forward pass of the spiking
model and the error computation and weight update decisions are carried out by digital circuit modules. The
figure shows the computational flow for both the proposed mechanism with probabilistic metaplasticity and the
gradient accumulation approach with activity-dependent metaplasticity.

metaplastic coefficients assigned to the weights. Here, we optimize the memory overhead by sharing metaplastic
coefficients among the weights connected to the same post-synaptic neuron. The metaplastic coefficient associated
with the weights connected to the jth post-synaptic neuron evolves as -

mj(t + 1) =

{

mj(t) + ∆m, ifXtr
j ≥mpost

th

mj(t), otherwise
, (4)

where Xtr
j is the activity trace of the jth post-synaptic neuron.

We evaluate the probabilistic metaplasticity model with shared metaplastic coefficients on a spiking network
with 200 hidden neurons and multi-memristor weights (nmem = 7). Table 3 shows the evaluation of the benchmark
tasks. We see that probabilistic metaplasticity with shared metaplastic coefficients performs better compared to
state-of-the-art models with weight consolidation based on neural activity37, 38. Furthermore, assigning metaplastic
coefficients to neurons instead of weights leads to a substantial decrease in memory overhead and energy consumption
during training. Energy analysis during the parameter update phase considering a bilinear metaplasticity function
shows that shared parameters lead to up to ∼ 35× reduction in energy consumption per sample (Figure 5a). Figure
5b shows the breakdown of energy due to computations, SRAM and memristor read/writes for the split-MNIST
task. Shared metaplastic coefficients reduce the number of memory accesses by up to two orders of magnitude,
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and due to the smaller size of the memory block, each access requires up to ∼ 23× lower energy. This leads to up
to three orders of magnitude reduction in energy required for memory accesses. Sharing metaplastic coefficients
also improves the scalability of the probabilistic metaplasticity model, as it reduces the space complexity of the
algorithm from O(n2) to O(n).

The reduction in energy consumption, however, is accompanied by a minor degradation in performance compared
to the probabilistic metaplasticity model with individual metaplastic coefficients. This can be attributed to the
limited flexibility of the network to consolidate weights, which leads to a poorer balance of the stability-plasticity
dilemma. In the split-MNIST task, shared metaplastic parameters lead to reduced plasticity after learning the five
sequential tasks. This can be observed from the update probability of the weights, which is inversely proportional
to the product of the metaplastic coefficient and the weight magnitude (|mw|). The distribution of |mw| in hidden
weights (Figure 5c) shows that individual metaplastic coefficients lead to a higher fraction of weights with |mw|
close to zero. Individual task accuracies after sequential training also show that shared parameters result in poorer
accuracies in later tasks. Despite the reduction in plasticity, the substantial gain in energy consumption incentivizes
shared metaplastic coefficients in extreme-edge applications. Introducing mechanisms to reduce the magnitude of
metaplastic coefficients based on neural activity can potentially improve the balance of stability and plasticity39.

Discussion

Emerging nonvolatile memristor devices offer immense opportunities for energy-efficient continual learning on the
edge. However, their limited precision and high variability may constrain their suitability for continual learning
solutions. Our research takes inspiration from the computational principles of the brain to devise a continual learning
mechanism suited to non-ideal low-precision memory devices. Computations in the brain are characterized by
stochastic and low-precision synapses40, 41. Research in computational memory models demonstrates that stochastic
binary synapses with low-precision metaplastic states can help memory retention26. Our work draws a parallel
between the low-precision hidden metaplastic states of a cascade metaplastic synapse and the conductance levels of
a memristor device with two key distinctions. First, instead of binarized weights, we considered multi-level weights
represented by memristors. Second, in addition to the state of the synapse, our approach considers the activity of
the adjacent neurons to determine the plasticity of a weight. Previous research showed that such activity-dependent
metaplasticity leads to a better balance of the stability-plasticity dilemma11.

In this work, we demonstrated the efficacy of probabilistic metaplasticity in a spiking network trained with error
threshold-based eRBP, where weights were realized with a Hafnium oxide-based memristor. However, the proposed
mechanism is not limited to the setting above. Probabilistic metaplasticity naturally extends to other surrogate
gradient-based training algorithms for spiking networks where the local error at the neurons can be estimated42. It
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Figure 5. Effect of individual and shared metaplastic coefficients on energy and stability-plasticity a.

Energy consumption during the parameter update phase of the split-MNIST and split-Fashion MNIST tasks for
probabilistic metaplasticity with individual and shared metaplastic coefficients. b. The breakdown of energy for
computations, SRAM read/write, and memristor read/write for the split-MNIST task. c. Distribution of the
product of metaplastic coefficient m and weight magnitude |w| of the hidden layer of the network trained on the
split-MNIST task. We see that the shared m leads to lower fraction of weights with low |mw| value. d. The
individual task accuracies in the split-MNIST benchmark after sequential training.

can also be explored in conjunction with gradient accumulation-based training for low-precision weights. In this
setting, probabilistic metaplasticity will eliminate the need to multiply metaplastic factors with gradients; however,
the high frequency of memory accesses may lead to a lower gain in energy consumption. The proposed mechanism
can also be explored with other emerging nonvolatile memory devices. Recent research has explored probabilistic
training algorithms for emerging low-precision memory devices in deep neural networks considering learning set-
tings with independent and identically distributed data43, 44. Probabilistic metaplasticity can be explored in these
networks to alleviate catastrophic forgetting during sequential learning with non-stationary data distribution. It is
also promising to enable continual learning in neuromorphic accelerators with low-precision weights45.

We explored the effect of different weight resolutions by employing multi-memristor weights alongside single-
memristor weights. Although we observed improved performance with higher resolution weights, it increases the
area footprint of memristor crossbars. Improving the resolution of a single memristor device can lead to better
performance with lower area overhead. Recent research has shown memristor devices with up to ∼ 6-bit precision21.
In addition to the resolution of conductance modulation, the nonlinearity and variability in memristor devices can
affect the performance of error threshold-based training. Due to these non-ideal characteristics, weight updates
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vary in response to the same local error depending on the current conductance level of the memristor. To minimize
this effect, we restricted weight mapping to only ten low-resistance states of the 1T1R device. This choice avoids
the higher variability observed in the high-resistance states along with the substantial difference in conductance
between the highest low-resistance and high-resistance levels during weight updates20. Extreme non-uniformity in
the distribution of conductance levels can potentially degrade the performance of error threshold-based training,
which can be explored in future studies.

In summary, we propose probabilistic metaplasticity for continual learning with low-precision memristor weights.
The proposed approach consolidates important weights by modulating the probability of weight update rather than
its magnitude. This eliminates the need for auxiliary high-precision memory for weight consolidation, leading to
energy-efficient training with fewer memory accesses and computations. Benchmark evaluations demonstrated that
probabilistic metaplasticity effectively prevents catastrophic forgetting in the online continual learning scenario with
no task supervision, satisfying the criteria for autonomous applications. Moreover, it enables a spiking network with
low-precision memristor weights to achieve accuracies equivalent to state-of-the-art continual learning models with
high-precision weights while requiring lower memory overhead. Probabilistic metaplasticity can thus lead to efficient
solutions for autonomous continual learning on edge.

Methods

Memristor device

We evaluate the proposed probabilistic metaplasticity model considering Hafnium Oxide-based 1T1R cells as weights.
The Resistive Random Access Memory (RRAM) device consists of a TiN/Ti/HfO2/Ti stack connected to a transistor
in the IBM 65nm 10LPe CMOS/Memristor process20. The device can be used in binary mode by setting and
resetting it to high and low conductive states. During SET operation, modulating the compliance currents by
controlling the gate voltage of the transistor gives rise to 10 distinct levels in the high-conductive state, with mean
conductance in the range of ∼ 40 µS - 283 µS with an average conductance resolution of ∼ 27 µS20. When used as
a synaptic weight, the resolution of this device ( calculated as (maximum conductance - minimum conductance)/
average conductance resolution) is close to 3 bits of precision. In the multi-memristor weight, due to the parallel
combination of memristors, the maximum and minimum conductance of the weight increases. However, since only
one device is updated during training, the average conductance resolution during weight update is the same as a
single memristor weight. We use scaling to map the multi-memristor weights to the desired range. With four and
seven memristors per weight, the weight precision is close to 4 and 6 bits.

Spiking neural network training algorithm

We train the multilayer spiking neural network with event-driven random backpropagation (eRBP), which uses
surrogate gradients29. The input stimuli to the network are encoded as Poisson spike trains, where the spike rate
is proportional to the strength of the input. The spike train propagates through the weights and accumulates as
the input current to the Leaky Integrate and Fire neurons. For the jth neuron, the accumulated current can be
expressed as -

Ij(t + 1) = Ij(t) +
∆t

τsyn

(

N
∑

i=1

wijSi(t)− Ij(t)
)

. (5)

Here Si(t) is the input spike at the ith pre-synaptic neuron at timestep t, N is the total number of input neurons,
τsyn is the synaptic time constant, and wij is the synaptic weight between ith and jth pre- and post-synaptic neurons.
This current is integrated at the neuron membrane potential as shown in Equation 6, where τmem,R,C and Vrest

are the membrane time constant, membrane resistance, capacitance and the resting potential of the neuron.

Vj(t + 1) = Vj(t) +
∆t

τmem

(

(

Vrest−Vj(t)
)

+ Ij(t)R

)

(6)

When the membrane potential reaches its threshold Vth, the neuron emits a spike Sj , and its membrane potential
is reset to the resting potential. A refractory period follows every time a neuron spikes, during which the neuron
remains inactive.
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The spike train progresses through the network to produce the output layer spike train Sout. It is compared to
the target spike train L to produce the error current Ierr -

Ierr(t) = Sout(t)−L(t). (7)

Two sets of error neurons, for false positive and false negative errors, spike in response to Ierr. The output
spikes of error neurons Sfp/fn are used to compute the error in the output and hidden layers. At the output layer
o, the error at the jth neuron is -

Eo
j (t) = Sfp

j (t)−Sfn
j (t). (8)

While for the hidden layer h, the error is backpropagated to the ith neuron by -

Eh
i (t) =

nout
∑

j=1

(

wfp,h
ij Sfp

j (t)−wfn,h
ij Sfn

j (t)
)

, (9)

where nout is the number of output neurons, and wfp,h
ij and wfn,h

ij are random feedback weights from error neurons
encoding false positives and false negatives, respectively.

The neurons in the hidden and output layers integrate the errors as -

U(t + 1) = U(t) +
∆t

τmem

(

−U(t) + E(t)R
)

. (10)

As the dendritic compartment accumulates the error, the weights are updated in proportion to it whenever
there is an active pre-synaptic spike, and the post-synaptic current is within a range. The update in weight can be
expressed as -

∆wij =−ηSiUjΘ(Ij), (11)

where η is the learning rate, Si is the pre-synaptic spike, Uj is the error integrated at the dendritic compartment
of the jth post-synaptic neuron, and Θ is a boxcar function, which indicates that the current magnitude at post-
synaptic neuron j falls within the threshold.

Activity-dependent metaplasticity with gradient accumulation for continual learning
Metaplasticity in neural networks is usually abstracted with a metaplastic factor, which modulates the magnitude of
weight gradients11, 15. The factor assumes a low value for important weight, which restricts subsequent changes and
preserves previously learned information. In this work, we adopt activity-dependent metaplasticity11 for continual
learning with gradient accumulation. According to this mechanism, the importance of a weight is determined by
its magnitude and the activity of the adjacent neurons. The function is expressed as -

f(mij ,wij) = e−|mijwij | (12)

Here, wij is the weight value, and mij is a metaplastic coefficient assigned to a weight that captures the activity
of its adjacent neurons. It is updated by computing the trace of the neuron activity as -

mij(t + 1) =

{

mij(t) + ∆m, ifXtr
j ≥mpre

th &Xtr
i ≥mpost

th

mij(t), otherwise
, (13)

The weight gradients are modulated as -

∆wij =−ηSiUjΘ(Ij)f(mij ,wij) (14)

The required weight updates are highly precise and cannot be directly incorporated into low-precision memristor
devices. Therefore, the weight gradients are accumulated in high-precision memory during sample spike-train
presentations. Whenever the gradient reaches a threshold corresponding to the memristor resolution, the weights
are updated. The gradients are reset after each sample presentation. The complete training procedure is described
in Supplementary Algorithm S1.
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Figure legends

• Figure 1: Probabilistic metaplasticity with error threshold-based training. a. Spiking network
trained on error threshold where the network weights are realized with 1T1R memristor crossbar array. The
dendritic compartments in the hidden and output layer neurons integrate the error. When the error reaches
the threshold Uth, the memristor weights are updated to the next higher (negative error) or lower (positive
error) conductance level with probability pupdate. b. Mean and standard deviation of resistance levels versus
programming compliance current for the 1T1R memristor device (shown in inset) adopted in this work20. c.

Update probability of weights for different values of the metaplastic coefficient m and the weights w. m is
directly proportional to the activity level of adjacent neurons. We see that weights with highly active adjacent
neurons (high m) and weight magnitude (high |w|) lead to low update probability.
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• Figure 2: Probabilistic metaplasticity with error threshold-based training for memristor weights.

Evolution of task accuracies as the network is trained sequentially on the split-MNIST tasks. The x-axis shows
the latest task the network has learned. We evaluate the performance of task n only after the network
encounters it and denote the accuracies as 0 before that. a. With no probabilistic metaplasticity, the
network learns the current task well, but forgets the initial tasks after sequentially learning multiple tasks. b.

Probabilistic metaplasticity with low activity threshold leads to high rigidity in the network, so it remembers
previous tasks but cannot learn the last task. c. High activity threshold can lead to loss in previous task
accuracy while the network remains plastic to learn the new tasks. d. Optimized activity threshold balances
plasticity and rigidity such that the network maintains high initial task accuracies while maintaining the
ability to learn new tasks.

• Figure 3: Mixed-signal architecture and computational flow for the continual learning mecha-

nisms. We consider a mixed-signal architecture where memristor crossbars carry out the forward pass of the
spiking model and the error computation and weight update decisions are carried out by digital circuit modules.
The figure shows the computational flow for both the proposed mechanism with probabilistic metaplasticity
and the gradient accumulation approach with activity-dependent metaplasticity.

• Figure 4: Energy consumption during parameter update phase. a. Energy required during the pa-
rameter update phase per sample with probabilistic metaplasticity and activity-dependent metaplasticity with
gradient accumulation considering exponential (exp) and bilinear (lin) metaplasticity functions. b. Breakdown
of energy consumption during parameter update in the split-MNIST task. In the diagram, "Computation"
denotes all the operations that do not involve SRAM or memristor read/write.

• Figure 5: Effect of individual and shared metaplastic coefficients on energy and stability-

plasticity a. Energy consumption during the parameter update phase of the split-MNIST and split-Fashion
MNIST tasks for probabilistic metaplasticity with individual and shared metaplastic coefficients. b. The
breakdown of energy for computations, SRAM read/write, and memristor read/write for the split-MNIST
task. c. Distribution of the product of metaplastic coefficient m and weight magnitude |w| of the hidden
layer of the network trained on the split-MNIST task. We see that the shared m leads to lower fraction of
weights with low |mw| value. d. The individual task accuracies in the split-MNIST benchmark after sequential
training.

Table 1. The mean accuracies across tasks with standard deviations of different continual learning models on the
split-MNIST and split-Fashion MNIST tasks after sequential training in the domain-IL scenario.

Model Split-MNIST Split-Fashion MNIST Memory Overhead

Baseline 60.69 % ± 0.6 75.52% ± 1.31 0 kB
LwF46 71.50% ± 1.63 71.02% ± 0.46 788 kB
MAS47 66.42% ± 2.47 68.57% ± 6.85 1.5 MB
BGD48 80.44% ± 0.45 89.73% ± 0.88 1.5 MB
SS49 82.90% ± 0.01 91.98% ± 0.12 788 kB
TACOS11 82.56% ± 1.12 93.22% ± 0.22 1.182 MB
Probabilistic Metaplasticity
nmem = 1 81.14% ± 1.54 92.56% ± 1.49 314.4 kB
nmem = 2 82.67% ± 1.21 92.42% ± 0.63 314.4 kB
nmem = 7 83.69% ± 0.78 93.23% ± 0.14 314.4 kB
Gradient Accumulation w/
metaplasticity (nmem = 7) 83.18% ± 0.42 92.33% ± 0.27 943.2 kB
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Table 2. Performance of a spiking network on the split-MNIST task in different settings. The table shows the
mean and standard deviation of the individual task accuracies and the mean accuracy across tasks over 5 runs
after sequential training.

Baseline Random Decaying Probabilistic Probabilistic
Consolidation Plasticity Metaplasticity

(Factor=2) (Factor=5) (Factor=10)

Task 1 44.31 ± 3.80 48.01 ± 2.77 47.05 ± 1.63 50.11 ± 1.89 73.58 ± 2.80 84.95 ± 3.42
Task 2 53.67 ± 1.42 57.14 ± 0.61 56.39 ± 0.62 94.31 ± 0.27 94.76 ± 0.43 90.20 ± 1.96
Task 3 8.63 ± 1.04 17.73 ± 1.09 22.42 ± 1.53 90.51 ± 0.40 84.59 ± 0.59 72.06 ± 2.60
Task 4 88.31 ± 1.24 96.24 ± 0.55 96.68 ± 0.44 93.59 ± 0.91 82.72 ± 1.39 94.73 ± 0.94
Task 5 97.52 ± 0.32 95.73 ± 0.62 95.17 ± 0.38 48.85 ± 1.66 40.44 ± 1.16 76.54 ± 2.60

Mean 58.49 ± 0.73 62.97 ± 0.56 63.54 ± 0.36 75.47 ± 0.32 75.22 ± 0.79 83.70 ± 0.78

Table 3. Evaluation of probabilistic metaplasticity and neural activity-dependent weight consolidation models on
the split-MNIST and split-Fashion MNIST tasks in the domain-IL scenario.

Model Split-MNIST Split-FMNIST Memory Overhead

Probabilistic Metaplasticity 83.70 ± 0.78 93.23 ± 0.14 314.4 kB
(Individual m)
Probabilistic Metaplasticity 82.07 ± 0.84 92.72 ± 0.30 ∼ 0.5 kB
(Shared m)
NAI37 68.35 ± 1.34 68.82 ± 1.15 3.2 kB
NEO38 78.14 ± 2.23 86.82 ± 0.60 ∼ 1 MB
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