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A brain-inspired algorithm that mitigates catastrophic
forgetting of artificial and spiking neural networks with
low computational cost
Tielin Zhang1,2,3*†, Xiang Cheng1,2†, Shuncheng Jia1,2†, Chengyu T Li3,4, Mu-ming Poo3,4, Bo Xu1,2*

Neuromodulators in the brain act globally at many forms of synaptic plasticity, represented as metaplasticity,
which is rarely considered by existing spiking (SNNs) and nonspiking artificial neural networks (ANNs). Here, we
report an efficient brain-inspired computing algorithm for SNNs and ANNs, referred to here as neuromodula-
tion-assisted credit assignment (NACA), which uses expectation signals to induce defined levels of neuromodu-
lators to selective synapses, whereby the long-term synaptic potentiation and depression are modified in a
nonlinear manner depending on the neuromodulator level. The NACA algorithm achieved high recognition ac-
curacy with substantially reduced computational cost in learning spatial and temporal classification tasks.
Notably, NACA was also verified as efficient for learning five different class continuous learning tasks with
varying degrees of complexity, exhibiting a markedly mitigated catastrophic forgetting at low computational
cost. Mapping synaptic weight changes showed that these benefits could be explained by the sparse and tar-
geted synaptic modifications attributed to expectation-based global neuromodulation.
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INTRODUCTION
Many synaptic plasticity rules found in natural neural networks
have been used to determine the credit assignment (i.e., the
extent of local synaptic weight modification) of neural networks
to correct global output errors (1). Prior efforts to introduce biolog-
ically plausible plasticity rules into spiking (SNNs, see table S1 for
more abbreviations) and nonspiking artificial neural networks
(ANNs) have focused mainly on short-term plasticity (2),
Hebbian learning (3), and spike timing–dependent plasticity
(STDP) (4). While Hebbian learning emphasizes the correlation
of neuronal activity in modifying synapses, STDP runs further by
considering the temporal order of pre- and postsynaptic spiking
(5). In both cases, synaptic plasticity rules depend only on local neu-
ronal activity without properly reflecting global instructive signals.
However, global modulation of synapses occurs during reward-as-
sociated learning via neuromodulators, such as dopamine (6), nor-
adrenaline (7), serotonin (8), and acetylcholine (9); those act at
multiple synapses and derive from dispersed axons of specific neu-
romodulatory neurons (Fig. 1A). These neuromodulators could
modify the capacity and property of synaptic plasticity (Fig. 1B),
known as metaplasticity (10, 11), that endows neural circuits with
dynamic learning capabilities. For example, dopamine markedly
modifies the amplitude, polarity, and temporal specificity of long-
term potentiation (LTP) and depression (LTD) in STDP (11–13),
which varies among neuronal and synaptic types (11, 14), resulting
in potential modification of original temporal-specific LTD/LTP
into other STDP forms those exhibit various combinations of
LTD, LTP, and no modification at negative and positive time

windows (Fig. 1C). Our previous work has discussed the role of a
mesoscale plasticity rule named self-backpropagation (15) of STDP
for the efficient classification in SNNs and ANNs. In this study, we
run further by considering the possibility that the amplitude and
polarity of LTP and LTD could be modified in SNNs and ANNs
by the neuromodulator level in a nonlinear manner, analogous to
some potential forms of STDP endowed by the global dopamine
(11) and local calcium level (16, 17). By assigning specific neuromo-
dulator levels to subpopulations of synapses during the training
process, we are able to achieve an efficient expectation-based
credit assignment in both SNNs and ANNs.
Another area for improvement faced by ANNs is catastrophic

forgetting in continuous learning. Previous algorithms designed
to reduce catastrophic forgetting can be divided into two categories.
The first is the replay-based approach, whereby earlier memories are
stored elsewhere in multiple manners, such as the replay sample
buffer (18), sample generation network (19), or higher-dimensional
space (20) for future replay. The second is the selection-based ap-
proach (21), whereby different network parameters for threshold
(22), attention (23), or context (24) are selected during continuous
learning to reduce the overlap of sequential weight modifications
that erase previously learned memories. The computational costs
for replay-based algorithms are generally much higher than those
for selection-based algorithms, but the performance in continuous
learning is poorer for the latter. In the biological nervous system,
neuromodulation may not only directly manipulate STDP but
also influence the synaptic modifications by altering the neuronal
excitability and spiking dynamics. In this study, we showed that fur-
therly introducing this formulation of neuromodulation which con-
veyed input signal–based expectations to excitability could
markedly mitigate the problem of catastrophic forgetting during
class continuous learning (class-CL). Together with the neuromo-
dulation on synaptic modification, we devised a new algorithm
termed “neuromodulation-assisted credit assignment” (NACA).
Biological neuromodulation mechanisms have enlightened

several plasticity algorithms in neural network models. For
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example, the Hebbian rule has inspired the three-factor rule for re-
inforcement learning (25, 26), which uses pre- and postsynaptic
neuronal activity as the first two factors and distal reward-depen-
dent neuromodulator levels as the third factor, with a substantial
time delay between the Hebbian modification and the reward.
The eligibility trace model (27) accumulates a temporal trace of pre-
vious coincident pre- and postsynaptic spiking to allow delayed
reward-dependent synaptic modifications. Although models in
computational neuroscience have used the neuromodulator level
for determining the amplitude and polarity of synaptic modifica-
tion (28), such mechanisms have not been incorporated into
either ANNs or SNNs. Compared to these plasticity algorithms,
the NACA algorithm has not only achieved higher recognition ac-
curacy and a lower computational cost during the supervised learn-
ing of image and speech recognition but also markedly mitigated
the problem of catastrophic forgetting during class-CL. Further
mapping of synaptic weight changes in the hidden layer showed
that, unlike other backpropagation (BP)–based algorithms, NACA
yielded a distribution of weight changes that avoided excessive syn-
aptic potentiation or depression, preserving a large number of syn-
apses with minimal modifications. Together, our results provide a
new brain-inspired algorithm for expectation-based global neuro-
modulation of synaptic plasticity that enables neural network per-
formance with high accuracy and low computational cost for
various recognition and continuous learning tasks.

RESULTS
Introducing brain-inspired NACA into SNNs and ANNs
During network training with the NACA algorithm, we defined
neuromodulator levels at subpopulations of synapses in the
hidden and output layers based on the input type and the output
error, respectively. At each synapse in SNNs, modulation of LTP
and LTD amplitude and polarity depended on the neuromodulator
level in a nonlinear manner (Fig. 1B), as inspired by the dependence
of synaptic efficacy on the level of neuromodulators or calcium (29,
30). For example, dopamine binding to synapses containing D1-like

or D2-like receptors could differentially activate intracellular signal-
ing cascades, leading to the modulation of activity-induced LTP or
LTD (12, 31, 32). Specifically, we used the input type–based expec-
tation matrix (Nin) to assign the neuromodulator level (ranged from
0 to 1) at each hidden layer synapse. The neuromodulator values in
the Nin matrix were randomly dispersed values based on a uniform
probability distribution, which was congruent to the discovered dis-
tribution of biological reward expectations for generating dopamine
signals in the mouse brain (33). The determination of expectation
values (E) for each input type is illustrated by the example of input
digit classes two and seven in the Modified National Institute of
Standards and Technology (MNIST) dataset (34). We used two
normal distributions with the same SD configuration but located
randomly (see Materials and Methods) and determined E for each
input type (e.g., E2a and E2b for digit class two) based on the inter-
section with two normal distributions. This approach of determin-
ing E allows dispersed assignment of input-specific credit values in
the Nin matrix, resulting in input type–specific coding of neuromo-
dulator levels at selective subpopulations of hidden layer synapses
(Fig. 2A). The neuromodulator level at each synapse was then
used to determine the modulation of LTP/LTD amplitude and po-
larity based on the nonlinear function flocal(·).
In parallel, we also set the neuromodulator levels at output layer

synapses. We used the vector difference between the output expec-
tation and actual output value as the output error to determine the
neuromodulator level, where an output error–based expectation
matrix (Nout) was designed with error values only in diagonal
units (Fig. 2A). The local plasticity for output layer synapses also
depended on the nonlinear function of flocal(·) (Fig. 2B). Together,
this NACA algorithm allows global expectation-dependent pre-
setting of local neuromodulator levels at selective subpopulations
of hidden layer and output layer synapses (Fig. 2C).
For applying NACA to SNNs, feedforward-only networks were

used (e.g., a three-layer SNN in Fig. 2D). Neurons in the first (input)
layer received input spike trains, which encoded input signals from
the dataset via comparison with a train of computer-generated
random numbers (see Materials andMethods). The fully connected

Fig. 1. Global neuromodulation in the brain. (A) Schematic diagram depicting global neuromodulation of local plasticity via neuromodulators from dispersed axons of
neuromodulatory neurons, such as dopamine (6) from ventral tegmental area (VTA), noradrenaline (7) from locus coeruleus (LC), serotonin (8) from dorsal raphe nucleus
(DRN), and acetylcholine (9) from basal forebrain (BF). (B) Diagram depicting the nonlinear dependence of local modulation on the neuromodulator level (λ). λ ∈ [0, 1]
represent low and high dopamine concentrations, respectively (29). As λ increases, the neuromodulation factor (θ ∈ [−2, 2]) sets the extent of LTP/LTD amplitude mod-
ulation. For a particular pre- and postsynaptic spike timing, no modulation occurs at λ = 0. The modulation factor first increases with λ until it reaches the maximal
amplitude (θmax) and then decreases with λ until λinv, where no modification occurs again. Above λinv, the neuromodulation reverses the direction of LTP/LTD. (C) In
the biological nervous system, the common STDP form of spike timing–dependent LTD/LTP (DP) can be reshaped into eight other forms that exhibit various combinations
of LTD (D), LTP (P), and no modification (0) at negative and positive time windows: complete temporal inversion (PD), partial inversion of DP or PD (PP and DD), partial
elimination of DP (0P and D0) and PD (0D and P0), and no synaptic modification (00).
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hidden layer consisted of leaky integrate-and-fire (LIF) neurons that
exhibited a refractory period, nonlinear integration, and nondiffer-
entiable membrane potential. The output layer consisted of LIF
neurons that received spiking signals from hidden neurons.
During network training, input spiking signals first propagated to
the hidden neurons, and the input type–dependent modification of
LTP/LTD was then introduced at various hidden layer synapses.
Then, spikes of hidden neurons further propagated to output
neurons, resulting in synaptic modification at output layer synapses,
based on the output error–dependent setting of the local plasticity.

Thus, hidden layer synapses (Wi,j) and output layer synapses (Wj,k)
underwent potentiation or depression of their efficacy (∆Wi,j and
∆Wj,k) in a manner that depended on the input type and output
error expectations. To introduce some specificity in the magnitude
and polarity of synaptic modification, we set an inversion factor
(λinv ∈ [0, 1]) and a maximal modulation factor (θmax ∈ [0,
2]; Fig. 1B).
Feedforward-only ANNs were also used to examine the perfor-

mance of the NACA algorithm (e.g., a three-layer ANN in Fig. 2E).
Neurons in this ANN operated with tanh and sigmoid activation

Fig. 2. Introducing the NACA algorithm into SNNs and ANNs. (A) Expectations based on the input type and output error are encoded by the neuromodulator level
(credit value) at selected populations of synapses via expectation-based neuromodulator value matrices Nin and Nout, which set input type credit values at hidden layer
synapses and output error credit values at output layer synapses, respectively. The values in Nin are randomly generated (with a uniform probability distribution), inspired
by the biological discovery (33), and those inNout are output error–dependent values only for diagonal units. E2a/b and E7a/b are the input type credit values after encoding
with two normal distributions (see Materials and Methods). (B) Nonlinear function for local credit assignment flocal(∙) based on the neuromodulator level dependence of
modulation factors (θ in Fig. 1B). (C) Schematic diagram depicting the pipeline of the NACA algorithm that implements global neuromodulation of local plasticity, in-
cluding linear encoding of expectation values into neuromodulator levels globally at selective subpopulations of synapses and nonlinear neuromodulator level–depen-
dent modulation of local plasticity. (D and E) Implementing the NACA algorithm in a standard three-layer SNN using leaky integrate-and-fire neurons (D) or ANN using
sigmoid-like activation function (E). Input neurons (yellow) receive input type–specific expectations to activate hidden neurons (pink) and to generate local plasticity at
hidden layer synapses (Wi,j). The hidden neurons, in turn, activate output neurons (blue) to generate LTP/LTD in SNNs or local gradients (52) in ANNs at output layer
synapses (Wj,k), both in a manner that depends on the neuromodulator level assigned to each synapse.
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functions in hidden and output layers, respectively. The learning
procedure of ANNs was similar to that of SNNs, where the local
gradient propagation replaced the local plasticity of LTP/LTD. For
both ANNs and SNNs, the NACA algorithm can be described as
ΔWl

NACA / f localðNin=outE; λinv; θmaxÞΔWl
local at layer l, in which

global linear function (Nin and Nout) and local nonlinear function
flocal(·) were both implemented (see Materials and Methods).

SNNs or ANNs using NACA handled recognition tasks
efficiently
Wenext examined the effect of introducing the NACA algorithm on
the recognition accuracy and computational cost of SNNs and
ANNs in supervised learning of standard image and speech recog-
nition. Two benchmark tasks were examined: (i) recognition of
handwritten digits, using the MNIST dataset (fig. S1, A and B)
(34) and (ii) recognition of spoken digits, using the TIDigits
dataset (fig. S1, A and C) (35). The algorithmic complexity (15)
was selected as the computational cost indicator with the unit of
floating-point operations (FLOPs), calculated as the product of
themean number of training epochs (for achieving some predefined
recognition accuracy levels, Fig. 3A) and the algorithmic complexity
per epoch (Fig. 3B), with comparable numbers of parameters used
for SNNs and ANNs (tables S2 to S4).
Learning hand-digit recognition using MNIST dataset
For this image recognition task, we used a feedforward SNN com-
prising input (784 neurons), two convolutional, one full connection
(1000 neurons), and output layers (table S2). We trained the SNN
with a subset (60,000 samples, 28 × 28 pixels resolution) of the
MNIST dataset and tested its recognition accuracy using the re-
maining MNIST data (10,000 samples). Input-specific spike trains
within a time window (Tw) propagated through the network, and
normal probability distribution with a full matrix rank size was se-
lected as the standard configuration of the matrix Nin. The latter
choice was made after a systematic comparison of network perfor-
mance for three different probability distributions of matrix values
(fig. S2) and was used throughout the rest of this study. Under the
normal probability distribution, the standard values of λinv= 0.5
were chosen after a range of values was tested for the network per-
formance (Fig. 3C, top), representing an optimal value for modu-
lating the polarity of local plasticity. Similarly to it, the maximal
modulation factor θmax= 1.2 was chosen to modulate the magnitude
of local plasticity. In these experiments, λinv also displayedmore im-
portance compared to θmax, which was congruent to the discovery
of artificial networks where the gradient direction (e.g., a similar
role of the λinv) usually contributed to classification performance
more than the gradient amplitude (e.g., a similar role of the θmax)
during network learning (36). We found that the test accuracy con-
verged to 99.03 ± 0.06% (SEM, n = 5, repeats with different random
seeds) after the 100th epoch for the NACA algorithm. This accuracy
level was slightly higher than that achieved by using two state-of-
the-art (SOTA) algorithms, namely, biologically plausible reward
propagation (BRP) (37) (98.79 ± 0.12%, SEM, n = 5, P = 0.017, t
test) and eligibility propagation (e-prop) (27) (98.18 ± 0.15%,
SEM, n = 5, P < 0.01, t test; Fig. 3C, middle), under the same
SNN configurations and parameters. Notably, the computational
cost for training the SNN (see Materials and Methods) using
NACA algorithm was much lower (0.02 ± 0.00 × 108 FLOPs,
SEM, n = 5) than those using BRP (0.17 ± 0.02 × 108 FLOPs,

SEM, n = 5, P < 0.01, t test) and e-prop (1.41 ± 0.01 × 108 FLOPs,
SEM, n = 5, P < 0.01, t test). Thus, the NACA algorithm has achieved
a little higher level of recognition accuracy (up to 0.85% accuracy
increase) with a marked reduction of computational cost (up to
98% cost reduction; Fig. 3C, bottom).
Similar elevated performance was also achieved using the NACA

algorithm in ANNs with the same network configuration as the
SNN above (see tables S2 and S4). At λinv = 0.5 and θmax = 1.2
(Fig. 3D, top), a slightly higher accuracy (99.37 ± 0.04%, SEM, n
= 5) and a much lower computational cost (0.23 ± 0.01 × 107
FLOPs, SEM, n = 5) were also found, as compared with those ob-
tained by using two SOTA algorithms for the ANN, namely, target
propagation (38, 39) (TP; accuracy, 98.95 ± 0.10%; cost, 2.09 ± 0.22
× 107 FLOPs) and BP (accuracy, 99.22 ± 0.05%; cost, 1.43 ± 0.34 ×
107 FLOPs; Fig. 3D, middle), corresponding to up to 0.42% increase
in accuracy and up to 88% reduction in computational cost
(Fig. 3D, bottom).
Learning spoken digit recognition using TIDigits dataset
For this speech recognition task, we also used a feedforward SNN
comprising 900, 1000, and 10 neurons in the input, full-connection
hidden, and output layers, respectively (tables S2 and S3), with the
standard λinv = 0.5 and θmax = 1.2 (Fig. 3E, top). The auditory stim-
ulus inputs were sampled at 20 kHz and processed with Mel-scale
frequency cepstrum coefficients (MFCCs) into 30 frames and 30
bands. We trained the SNN with a subset (2900 samples) of the TI-
Digits dataset and tested the speech recognition accuracy using the
remaining TIDigits data (1244 samples). We found that the NACA
algorithm achieved a test accuracy slightly higher (98.56 ± 0.24%,
SEM, n = 5) than those achieved by BRP (37) (98.04 ± 0.35%,
SEM, n = 5, P < 0.01) and e-prop (27) (96.64 ± 0.69%, SEM, n =
5, P < 0.01), under the same network configuration and parameters
(up to 1.92% accuracy increase; Fig. 3E, middle). The computational
cost for the SNN training with the NACA algorithm (0.13 ± 0.03 ×
108 FLOPs, SEM, n = 5) was much lower than that with BRP (0.23 ±
0.03 × 108 FLOPs, SEM, n = 5, P < 0.01) and e-prop (2.19 ± 0.16 ×
108 FLOPs, SEM, n = 5, P < 0.01), representing up to a 94% cost
reduction (Fig. 3E, bottom).
Similarly, using the NACA algorithm (with λinv =0.5 and θmax

=1.2; Fig. 3F, top) in the ANN achieved slightly higher recognition
accuracy (99.37 ± 0.14%, SEM, n = 5) and reduced computational
cost (1.78 ± 0.08 × 107 FLOPs, SEM, n = 5), as compared with those
achieved by TP (accuracy, 98.59 ± 0.13%; cost, 3.14 ± 0.16 × 107
FLOPs) and BP (accuracy, 98.95 ± 0.09%; cost, 6.23 ± 0.23 × 107
FLOPs; Fig. 3F, middle), representing up to a 0.78% accuracy in-
crease and a 71% cost reduction (Fig. 3F, bottom).
Last, we examined the benefit of NACA for SNNs and ANNs that

were only composed of fully connected hidden layers in learning
MNIST (fig. S1B) and TIDigits (fig. S1C) recognition tasks when
the number of hidden layers was increased from one to three (fig.
S3, A and B). We found that increasing the number of layers had
little effect on the recognition accuracy, but computational costs
became notably higher than those of three-layer networks. Thus,
the shallow SNNs and ANNs appeared to be the optimal network
configuration that yielded benefits in both recognition accuracy and
computational cost (up to 1.92% accuracy increase and 98% cost
reduction).
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NACA mitigated catastrophic forgetting in continuous
learning
Wenext examined the effect of introducing the NACA algorithm on
catastrophic forgetting of SNNs and ANNs in continuous super-
vised learning of three types of benchmark class-CL tasks: (i) 10-
class-CL of handwritten digits, using image samples in the
MNIST dataset (fig. S1D) (34); (ii) 26-class-CL of handwritten al-
phabets, using image samples in the Alphabet dataset (fig. S1E) (40);
and (iii) 46-class-CL of mathematic Greek alphabet symbols, using
image samples in the MathGreek dataset (fig. S1F) (41). Inspired by

themultiscale neuromodulation in the brain (Fig. 4A), the NACA in
CL tasks contained not only synaptic modulation but also neuronal
modulation for the mask-like neuronal selection (Fig. 4B; see Ma-
terials and Methods). The learning capability of SNNs and ANNs
using the NACA algorithm was compared with those using BP
and elastic weight consolidation (EWC) (21) algorithms. The clas-
sification accuracy and computational cost after continuous learn-
ing of c classes were evaluated by averaging all accuracy and cost
values, represented as acc≤c and cost≤c, respectively, for classifying
test set samples for all c classes (see Materials and Methods).

Fig. 3. The NACA algorithm enhanced the performance of SNNs and ANNs for two recognition tasks. (A) Schematic diagram depicting the calculation of the mean
epoch in N training epochs (N = 5) for learning accuracy curves of f1(x) and f2(x) between an upper bound and a lower bound (see Materials and Methods). (B) The
algorithmic complexity per epoch was compared for BP, target propagation (TP) (38), biologically plausible reward propagation (BRP) (37), eligibility propagation (e-
prop) (27), and NACA. The total complexity was obtained by summing the complexity O(·) for feedforward (FF) and feedback (FB) steps across multiple layers, where
m, n, and k are the numbers of neurons in different layers. (C) Performance of SNNs for the handwritten digit recognition task using the MNIST dataset. Top: Accuracies
achieved by NACA, using various combinations of inversion factor (λinv) and maximal modulation factor (θmax). The parameter pair λinv = 0.5 and θmax = 1.2 (marked by a
white star) was chosen for its relatively good performance. The accuracy is coded in color by the scale shown on the right. Middle: Accuracy values during the training
process for the chosen values of λinv (0.5) and θmax (1.2). Dashed lines (marked by arrows) represent the upper and lower bounds of accepted accuracy levels. Bottom:
Violin diagram depicting accuracies at the end of training and computational costs for three different algorithms. (D) Performance of ANNs on the same MNIST dataset,
presented in the samemanner as those in (C). (E and F) Performance of SNNs and ANNs for the spoken digit recognition task using the TIDigits dataset, presented as those
in (C).
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Fig. 4. Performance of continuous learning with SNNs and ANNs using NACA and other state-of-the-art algorithms. (A) Schematic diagram depicting the multi-
scale neuromodulation in the brain, whereby dopamine modulates AMPA receptors with excitation (in D1-like receptors, D1R) or inhibition (in D2-like receptors, D2R) of
glutamate transmission at both synaptic and neuronal scales. (B) Neuromodulation-inspired multiscale NACA algorithm for synaptic modulation and neuronal selection.
(C) Performance of SNNs and ANNs for the 10-class-CL task using the hand-digit MNIST dataset with increasing classes in the test dataset, using the NACA, BP, and elastic
weight consolidation (EWC) (21) algorithms. (C1) and (C3) Accuracy of classifying the test dataset after training with various numbers of classes in the training dataset for
SNNs (C1) and ANNs (C3). The data points depict averaged accuracy values (shaded area = ±SEM) for five independent trials with different initial connectivity weights. (C2)
and (C4) Histogram depicting classification accuracy after training with 10 classes and computational cost (see Materials and Methods) for training with 10 classes using
various algorithms for SNNs (C2) and ANNs (C4). (D toG) Performance of SNNs and ANNs using four different learning algorithms, for 26-class-CL of handwritten Alphabet
dataset (D), 46-class-CL of handwritten MathGreek dataset (E), 10-class-CL of natural image Cifar10 dataset (F), and 11-class-CL of event-based video DvsGesture dataset
(G), all presented in the same manner as those in (C). Note that much higher classification accuracy was achieved by the NACA algorithm for all class-CL tasks examined.
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Learning 10-class-CL on MNIST dataset
Weused a three-layer SNN comprising 784, 1000, and 10 neurons in
the input, hidden, and output layers, respectively (λinv = 0.5 and
θmax = 1.2; see table S2). The SNN was trained using 10 classes of
MNIST training data subset (each class, 6000 samples) continuously
without iteration (fig. S1D) and was tested for its classification ac-
curacy and computational cost (see Materials and Methods) using
the 10 classes of MNIST test data subset (10 classes, a total of 10,000
samples).We found that the NACA achieved an accuracy (acc≤10) of
60.06 ± 4.45% (SEM, n = 5), much higher than those achieved by
EWC (10.01 ± 0.02%, SEM, n = 5, P < 0.01, t test) and BP (10.26 ±
0.10%, SEM, n = 5, P < 0.01, t test) algorithms, representing a strik-
ing up to 50% increase in accuracy (Fig. 4C1). Similarly, the com-
putational cost (cost≤10) of SNNs using NACA was much lower
(0.92 ± 0.07 × 106 FLOPs, SEM, n = 5) than those using EWC
(44.01 ± 0.70 × 106 FLOPs, SEM, n = 5, P < 0.01) and BP (13.47
± 0.26 × 106 FLOPs, SEM, n = 5, P < 0.01), representing up to a
97% cost reduction (Fig. 4C2). Similar results were achieved by
the NACA for ANNs, where much higher classification accuracy
and lower computational cost were also found (Fig. 4C, 3 and 4).
Learning 26-class-CL on Alphabet dataset
To increase the number of classes in the class-CL, we trained a
three-layer SNN with 26 classes of Alphabet (40) training set (26
classes, a total of 297,960 samples) continuously without iteration,
and then tested its performance in class recognition using the 26
classes of Alphabet test set (26 classes, a total of 74,490 samples).
The SNN configuration was similar to that for the 10-class-CL
(see table S2), comprising 784, 1000, and 26 neurons in the input,
hidden, and output layers, respectively. We found that the NACA
achieved an accuracy (acc≤26) of 36.40 ± 3.69% (SEM, n = 5),
much higher than those achieved by EWC (4.09 ± 0.15%, SEM, n
= 5, P < 0.01, t test) and BP (4.07 ± 0.15%, SEM, n = 5, P < 0.01, t
test) algorithms, representing a striking up to 32% increase in accu-
racy (Fig. 4D1). Similarly, the computational cost (cost≤26) of SNNs
using NACAwas much lower (0.08 ± 0.01 × 107 FLOPs, SEM, n = 5)
than those using EWC (19.96 ± 0.65 × 107 FLOPs, SEM, n = 5, P <
0.01) and BP (1.43 ± 0.05 × 107 FLOPs, SEM, n = 5, P < 0.01), rep-
resenting up to a 99% reduction of the computational cost
(Fig. 4D2). Similar results were achieved by the NACA for ANNs,
representing mitigated catastrophic forgetting and much lower
computational cost (Fig. 4D, 3 and 4).
Learning 46-class-CL on MathGreek dataset
To further increase the number and complexity of the classes, we
also examined continuous learning of 46-class classification, using
the MathGreek (41) training dataset (46 classes, a total of 18,224
samples) and the remaining test dataset (46 classes, a total of
12,145 samples). We also used a three-layer SNN similar to that
for 10-class-CL (see table S2), comprising 2025, 3000, and 46
neurons in the input, hidden, and output layers, respectively. We
found that NACA achieved an accuracy (acc≤46) of 40.51 ± 2.76%
(SEM, n = 5), much higher than those achieved by EWC (2.17 ±
0.03%, SEM, n = 5, P < 0.01, t test) and BP (2.16 ± 0.02%, SEM, n
= 5, P < 0.01, t test), representing up to a 38% increase in accuracy
(Fig. 4E1). Similarly, the computational cost (cost≤46) of the SNN
using NACA was much lower (0.08 ± 0.01 × 108 FLOPs, SEM, n =
5) than those using EWC (42.94 ± 2.20 × 108 FLOPs, SEM, n = 5, P <
0.01) and BP (1.81 ± 0.09 × 108 FLOPs, SEM, n = 5, P < 0.01), rep-
resenting up to a 99% reduction (Fig. 4E2). The NACA achieved

similar results for ANNs, with much higher classification accuracy
and lower computational cost (Fig. 4E, 3 and 4).
In addition to the above three tests, we also tested these three-

layer SNNs and ANNs in learning 10-class-CL on the Cifar10
dataset (fig. S1G) (42) that contained more complex natural
images, as well as 11-class-CL on DvsGesture (fig. S1H) (43) com-
prising with event-based video records of dynamic images. The
results showed that three-layer SNNs and ANNs using the NACA
algorithm achieved higher classification accuracy and lower compu-
tational cost than those using EWC and BP (Fig. 4, F and G, and
tables S2 and S3). The high classification accuracy in performing
all five class-CL tasks indicates that the catastrophic forgetting
problem has been significantly mitigated by using the NACA algo-
rithm (up to 50% accuracy increase and 99% cost reduction).

The synaptic mechanism for mitigating catastrophic
forgetting during class-CL
To understand the mechanism underlying the effectiveness of the
NACA algorithm in mitigating catastrophic forgetting during
class-CL tasks, we examined weight changes in hidden layer synaps-
es in the three-layer SNN using various training algorithms. Before
learning, the synaptic weights of all hidden layer synapses were ran-
domly assigned with initial values between −0.1 and +0.1 without
any synaptic modifications. We first mapped all synaptic weight
changes (∆Wi,j) after training with the 10th class in the 10-class-
CL of the MNIST dataset, using pure local plasticity without neuro-
modulation (i.e., NACA with λ= 0). We found that the histogram
distribution of synaptic weight changes after learning became
highly polarized into maximally potentiated and depressed states,
with values clustered near −1 and +1 (Fig. 5A), indicating excessive
potentiation or depression ofmost synapses. In addition, after train-
ing with the 10th class using the standard NACA algorithm (i.e.,
with λinv = 0.5 and θmax = 1.2), synaptic weight changes were
found to be normally distributed between −1 and +1 (Fig. 5B),
without significant bias toward either potentiated or depressed
states. Notably, the persistently high number of synapses at position
zero shows no weight change throughout continuous learning, re-
flecting the selective synapse subpopulations using modified forms
of local plasticity with no modulation. In contrast, after training
with EWC and BP algorithms, most synaptic weight changes were
biased toward depressed states under a normal-like distribution
between −0.7 and +0.1 (Fig. 5, C and D).
To further examine the evolution of synaptic weight changes

during class-CL, we plotted the mean distribution (with five repeat-
ed episodes) before (0th) and after learning of the 1st, 3rd, or 10th
sample class (Fig. 5E). For learning without neuromodulation (λ =
0), the polarized distribution of synaptic weight changes became ap-
parent after learning the first class, andmost changes assumedmax-
imally depressed or potentiated states after learning the 10th class.
In contrast, the standard NACA algorithm allowed the evolution of
synaptic weight changes during continuous learning toward both a
normal-like distribution and the persistently high number of syn-
apses with minimal modifications, reminiscent of that observed
during the joint learning using an additional weight regulation
(44). During class-CL with EWC and BP algorithms, we found
that the number of highly potentiated synapses progressively de-
clined, leading to a normally increased number of synapses with
varying degrees of depression. In summary, the wide range of syn-
aptic modifications, with most synapses assuming moderate
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potentiation or depression, may reflect the effective credit assign-
ment of the NACA algorithm, underlying the mechanism for mit-
igating catastrophic forgetting (44).

DISCUSSION
In this study, we have developed a learning algorithm NACA for
SNNs and ANNs that incorporates neuromodulation-dependent
synaptic plasticity and found elevated accuracy and markedly
reduced computational cost of the network in performing standard
image and voice recognition tasks. The NACA algorithm also sig-
nificantly mitigated catastrophic forgetting associated with

continuous learning of five different class-CL tasks with varying
degrees of complexity. Although some neuromodulation-inspired
network learning algorithms have been proposed, such as global
neuronal workspace theory in SNNs (45) and neuromodulation of
dropout probability (or learning rate decay) in ANNs (46), three key
features set NACA apart and may underlie its effectiveness. First,
input type and output error are used as expectations for setting
the neuromodulator level at selective neurons and synapses in the
hidden and output layers. Second, the local synaptic plasticity of
LTP or LTD is modified in a manner that depends nonlinearly on
the neuromodulator level. Third, network learning depends only on
local plasticity without involving the global BP of error signals.

Fig. 5. Synaptic weight changes underlying 10-class-CL ofMNIST dataset for different learning algorithms. (A) Weight changes at all hidden layer synapses in SNNs
after learning the 10th class in a 10-class-CL task using pure local plasticity of LTP and LTDwithout neuromodulation (NACAwith λ = 0). Top: Circuit diagram depicting the
synaptic weight changes (∆Wi,j) between −1 and +1, representing maximally depressed and potentiated values, respectively. Middle: Weight change values are color-
coded in the matrix (with the scale shown on the right) for all synapses between 784 input neurons (horizontal) and 1000 hidden neurons (vertical). Bottom: Histogram of
the total number of synapses (in log unit) exhibiting various weight change values. Note that most synapses were polarized toward maximally potentiated or depressed
states. (B) Synaptic weight changes after learning the 10th class with the NACA algorithm (λinv = 0.5, θmax = 1.2), exhibiting a normal-like distribution of synapses with
various weight change values. Note that weight changes of a large number of synapses remained unchanged (peak at 0). Three panels were presented in the same
manner as in (A). (C andD) Synaptic weight changes after learning the 10th class, using EWC and BP algorithms. (E) Evolution of synaptic weight changes during class-CL,
as shown by weight distributions before (0th) and after learning the 1st, 3rd, and 10th class, using pure local plasticity of LTP and LTD without neuromodulation (NACA
with λ = 0), standard NACA, EWC, and BP algorithms, respectively. All figures were averaged over five learning episode repeats using different initial random seeds.
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Compared with other learning algorithms, the NACA algorithm
markedly reduced the computational cost in all tasks examined.
NACA mitigated catastrophic forgetting known to plague continu-
ous learning. Further mapping of synaptic weight modifications at
hidden layer synapses during class-CL showed that NACA led to
rather normally distributed synaptic weight changes without exces-
sive potentiation or depression and preserved a large number of
synapses with minimal modification throughout class-CL. This dis-
tribution of synaptic weight changes may underlie the effectiveness
of NACA in mitigating catastrophic forgetting.
There are several potential causes for the reduction of computa-

tional cost by NACA. First, credit assignment into neuromodulator
levels at selective synapses allowed effective synaptic weight modi-
fications that reduced the mean number of epochs required for
training. Second, local synaptic modification (e.g., different STDP
forms supported by the reversed LTP or LTD) did not involve
some extensive computation usually required for the global propa-
gation of gradient-descent signals in other algorithms. The elevated
accuracy in the network performance using NACA could be attrib-
uted to the reduced overlap of synaptic modifications during
network learning, resulting from the expectation-based selection
of synapses and neurons. In other BP-based algorithms, there is
an extensive overlap of gradient-descent calculations that used
global loss functions interleaved between feedforward and BP
of signals.
The NACA algorithm performs neuromodulation of local plas-

ticity (e.g., LTP and LTD) in SNNs and local gradient in ANNs in a
manner that depends nonlinearly on the neuromodulator level as-
signed to each synapse. This modulation alters the capability and
pattern of LTP and LTD, resulting in synapse subpopulation-specif-
ic metaplasticity that confers differential STDP forms at specific
synapses in accordance to input and output expectation values. Di-
versifying local plasticity could prevent excessive synapse potentia-
tion or depression, as evidenced by our results on the distribution of
synapse weight changes in the hidden layer. We note that the advan-
tage of NACA in class-CL appeared soon after learning a few sample
classes, as shown by much higher classification accuracy than that
achieved by other algorithms (Fig. 4). The mapping of synaptic
weight changes in the hidden layer during class-CL also showed
the early emergence of both normally distributed synaptic weight
changes and the persistently high number of synapses showing no
weight change throughout continuous learning (Fig. 5). Thus, the
reduction of catastrophic forgetting by NACA could be explained by
effective control of weight changes at most synapses toward moder-
ate potentiation or depression, as well as different subpopulation
selections of neurons and synapses.
There are also some limitations of the proposed NACA algo-

rithm. First, the NACA algorithm exhibits a little nonstability
during the neuromodulation of synaptic modifications, especially
in deeper neural networks. For example, test accuracy encounters
a systematic transient drop during the first few epochs (fig. S2),
partly caused by the parallel neuromodulation at multilayer synaps-
es (see the subfigure of fig. S2 for more details). Second, the NACA
algorithm is hard to be integrated with the conventional BP algo-
rithm since the global neuromodulation in NACA is parallel or
even in advance of the local spike propagation, with the spirit of
predictive coding. In contrast, the global error gradient in BP is cal-
culated only after the sequential propagation of multilayer spike
trains. Third, only a single type of neuromodulator and excitatory

LIF neuron is introduced and examined in NACA, without further
discussing the interactions of neuromodulations from different
types of neuromodulators (e.g., the noradrenaline, serotonin, and
acetylcholine that can bind several different kinds of local GPCRs
and trigger diverse following biochemical reactions to support
various effects on synaptic plasticity) and more neuron types (e.g.,
some inhibitory neurons).
In summary, the NACA algorithm could guide network learning

for SNNs and ANNs by incorporating biologically plausible learn-
ing rules without using global BP-like gradient descent computa-
tions. It exemplifies that using brain-inspired mechanisms can
achieve high efficiency and low computational cost in machine
learning. Implementing the NACA algorithm into neuromorphic
devices may facilitate the development of computing systems
capable of power-efficient online continuous learning. From a com-
putational neuroscience perspective, the effectiveness of NACA also
suggests that metaplasticity-based diversification of local plasticity
may underlie the efficiency of neural circuits in the brain for con-
tinuous learning.

MATERIALS AND METHODS
Dynamic neurons in SNNs
We use standard LIF as a basic model of spiking neurons, shown as
follows:

σlifl ðS
l� 1
t Þ ¼

C dVl
t

dt ¼ glðVl
t � VrÞð1 � SltÞ þWlSl� 1t

Vl
t ¼ Vr; Slt ¼ 1 if ðVl

t ¼ VthÞ

(

ð1Þ

whereVl
t is themembrane potential of layer l at time step t,W

l is the
weight of synapses onto layer l neurons, C is the membrane capac-
itance, gl is the conductance, Vr is the rest and reset potential, Vth is
the firing threshold, and Slt is the spiking state in layer l neurons at
time t. More detailed parameters are shown in table S2.

Encoding of the expectation value E
The input type and output error encode the expectation values for
hidden and output layers, respectively. The input type E is encoded
by two normal distributions with the same SDs (set value as the
number of c classes) but different means (randomly generated in
the range of c and 3c). The two input type expectation values are
then rounded for synapse selections in the expectation matrix Nin.
The output error E is the error difference between the output expec-
tation and actual output values, which is then organized as diagonal
units in the expectation matrix with error values.

Preprocessing of datasets
For SNNs and ANNs, the raw data of datasets in both recognition
tasks and class-CL tasks are preprocessed with data normalization
(by subtracting the minimum and dividing by the data range). For
SNNs, the normalized raw data are then repeated Tw times to gen-
erate spike trains (see the following NACA-SNN for more details).
However, this additional rate-to-spike conversion is unnecessary for
some special paradigms, such as the DvsGesture task, where the raw
data are already event-based spikes, or classification tasks using
ANNs, where only raw fire-rate data are required.
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NACA for SNNs
TheNACA algorithm for SNNs consists of five parts: (i) encoding of
spike trains; (ii) setting neuromodulator levels by using input type–
based expectation matrix Nin and output error–based expectation
matrix Nout; (iii) update of membrane potentials Vl

t and spikes S
l
t ;

(iv) neuromodulator level–dependent shaping of local synaptic
plasticity by using a local nonlinear function flocal(·); (v) decoding
of spike trains. The procedure of information processing and expec-
tation-based synaptic modification in SNNs is depicted as follows

σencl ðXÞ|fflfflffl{zfflfflffl}
Encoding

! λl ¼ Nl
in � E

|fflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflffl}
Global neuromodulation

! σlifl ðS
l� 1
t Þ|fflfflfflfflffl{zfflfflfflfflffl}

Update Vl
t ;S

l
t

! ΔWSNN;l
NACA ¼ � ηf localðλ

lÞΔWSNN;l
local|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

Modulated local plasticity

! σdecl ðS
L
t Þ|fflfflfflffl{zfflfflfflffl}

Decoding

ð2Þ

First, the visual and auditory signals for the SNN input should be
preprocessed into spike trains before being given to the input
neurons of SNNs. We use simple random sampling to generate
spike trains in a time window Tw by comparing the raw pixels
with a random number value, shown as follows

S0t ¼ σ
enc
l ðXÞ ¼ X . RandNð0;1Þ; t [ Tw ð3Þ

where S0t is the generated spike train,X is the raw data, RandN(0,1) is a
random number generator with a standard uniform distribution
with a mean of 0.5 and a variance of 0.5, and σencl is an encoding
function. In some trials, spiking convolutional layers follow the
input layer to achieve higher accuracy.
Second, the local neuromodulator level λl is generated by the

linear global neuromodulation propagation function, calculated as
follows

λl ¼ Nl
in � E

λL ¼ NL
out � ðS

L
t � EÞ

�

ð4Þ

where Nl
in is the input type–based expectation matrix at hidden

layer l, NL
out is the output error–based expectation matrix at

output layer L, E is the encoded expectation value, and SLt is the
output value. The modulation of local plasticity in the function
flocal(·) could be calculated as follows

f localðλÞ ¼
�
ðθmax � 1Þð2λ� λ1Þ2

λ12
þ θmax if ð0 � λ � λ1Þ

ðλ� λinvÞ2

ðλ1� λinvÞ2
if ðλ1 � λ � λinvÞ

8
<

:
ð5Þ

where λinv and θmax are polarity inversion and maximal modulation
factors in the NACA algorithm, respectively, λ1 is set as 0.5λinv, and
flocal(λ) is a piecewise function containing two parabolic functions
inspired by biological findings (29, 30). For λinv ≤ λ ≤ 2λinv, we
defined flocal(λ) = −flocal(2λinv − λ).
Third, the feedforward information is propagated sequentially

from the input to the output layer, and the update of the membrane
potential is obtained as follows

Slt ¼ σlifl ðW
lSl� 1t Þ

rL ¼ σdecL ðS
L
t Þ

�

ð6Þ

where the activation function in the hidden layer l ∈ [2, L] is σlifl ð�Þ,
and an additional spike decoding function σdecL ð�Þ is given only at
the output layer L to calculate the output firing rate.

Fourth, an STDP-like local synaptic plasticity of LTP and LTD
was used to guide synaptic modifications, shown as follows

ΔWl
local ¼

� Slt� 1S
l� 1
t if ðVl

t , Vth � V lensÞ
ð1 � Slt� 1ÞS

l� 1
t if ðVl

t � Vth � V lensÞ

�

ð7Þ

where Vlens represents a Vth deviation for identifying two basic
STDP forms. The global neuromodulation described in Eq. 5 and
the local plasticity in Eq. 7 could be calculated as follows

ΔWSNN;l
NACA ¼ � ηf localðλ

lÞΔWl
local ð8Þ

where η is the learning rate.
Fifth, the decoding of spike train σdecl was calculated by the mean

firing rate in a time window Tw at the output layer L, shown as
follows

σdecL ðS
L
t Þ ¼

1
Tw

XTw

t¼1
SLt ð9Þ

where σdecL is a decoder function to obtain the firing rate of spike
trains during the time window Tw.
Furthermore, an input-based maskingMl is applied in the feed-

forward process during CL, corresponding to the neuromodulation
on selected neurons. This part of NACA at layer l ∈ [2, L − 1] is
calculated as follows

Ml ¼ Gðf lrspðS
1Þ � blÞ

Slm ¼ MlσlðWlSl� 1m Þ

(

ð10Þ

where S1 is the average of input signals in a training batch, f lrsp is a
dimension-reshaping interpolate function, G(·) is the gate function
that gives one if x > 0 or zero otherwise, bl is a predefined bias, σl is
the hidden layer activation function which is implemented as σlifl ð�Þ
in SNNs or σtanhl ð�Þ in ANNs, and Slm is the modulated neuron
outputs transformed from the original activities Sl.

NACA for ANNs
When dealing with synapses in ANNs, the local plasticity is replaced
by the local gradient. We take an example of an ANN with full con-
nections between each neighborhood layer: The activity states at
hidden layer l ∈ [2, L − 1] are represented as ul. The information
processing in the ANN using NACA is depicted as follows

u1|{z}
Input

! λl ¼ Nl
in � E

|fflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflffl}
Global neuromodulation

! ul|{z}
Propagation

! ΔWANN;l
NACA ¼ � ηf localðλ

lÞΔWANN;l
local|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

Modulation of local gradient

ð11Þ

The input signal u1 is propagated sequentially from input to
output layers, calculated as follows

ul ¼ σtanhl ðW
lul� 1Þ

uL ¼ σsigL ðWLuL� 1Þ

(

ð12Þ

where σtanhl ð�Þ and σ
sig
l ð�Þ are the tanh and sigmoid activation func-

tions in ANNs, respectively. The whole procedure of the NACA in
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ANNs is similar to that in SNNs, obtained as follows

ΔWANN;l
NACA ¼ � ηf localðλ

lÞΔWANN;l
local ¼ � ηf localðN

l
in �EÞðσtanhl Þ

0
ul� 1

ΔWANN;L
NACA ¼ � ηf localðλ

LÞΔWANN;L
local ¼ � ηf localðNL

out �ðu
L � EÞÞðσsigL Þ

0
uL� 1

8
<

:

ð13Þ

where η is the learning rate, ΔWANN;l
local ¼

∂ul
∂Wl ¼ ðσtanhl Þf

0
ul� 1 is the local

gradient calculated automatically by PyTorch (47).

Recognition accuracy and computational cost of NACA
learning
The accuracy (Acc) of the network in performing two recognition
tasks is defined as the number of correctly classified samples Y+

divided by the total number of samples (the sum of Y+ and
wrongly classified samples Y−)

Acc ¼
Yþ

Yþ þ Y �
ð14Þ

The computational cost (Costi) of the ith training trial is defined
by the product of the mean epoch number to achieve five defined
accuracy levels (Fig. 3A). The valueO(n)i represents the algorithmic
complexity per epoch (Fig. 3B), described by the number of FLOPs
in the neuromorphic hardware. For comparison of three trials (i = 1,
2, 3), the computational cost is calculated as follows

Costi ¼
1
N

XN

l¼1
Argminðf iðxÞ ¼ AcclÞ � OðnÞi ð15Þ

where Argmin(·) is an argument of the minimum of iterations, fi(x)
is an accuracy rate curve with input epoch x,O(n)i is the algorithmic
complexity with n depicting the number of network parameters,
and N is the number of predefined accuracy levels (N= 5). Accl is
selected out from a range of accuracy levels, with a lower bound
of Max[ Min ( f1), Min ( f2), Min ( f3), f0], defined as the relatively
higher minimal accuracy of f1(x), f2(x), and f3(x) and an additional
predefined f0 (the minimally acceptable accuracy), which has an
upper bound of Min[ Max ( f1), Max ( f2), Max ( f3)], defined as
the relatively lower maximal accuracy among f1(x), f2(x), and
f3(x). The computational cost is calculated by averaging the cost at
five different accuracy levels. We have calculated computational
costs for different benchmark algorithms (see tables S3 and S4).

Classification accuracy and computational cost for class-
CL tasks
We introduce the accuracy in continuous learning as follows

acc�c ¼
1
c

Xc

τ¼1
Accτ ð16Þ

where Accτ is the test accuracy for the τ-th class, and c represents the
total number of classes for the class-CL task. Similarly, the compu-
tational cost (cost≤c) for continuous learning of c classes is defined
as follows:

cost�c ¼
1
c

Xc

τ¼1
Costτ ð17Þ

Datasets
The spatial MNIST (34) and temporal TIDigits (35) are selected as
two benchmark classification datasets. TheMNIST dataset contains
10-class handwritten digit numbers, while the TIDigits dataset con-
tains 10-class spoken digits. The MNIST (34), Alphabet (40), Math-
Greek (41), Cifar10 (42), and DvsGesture (43) are selected as five
benchmark class-CL datasets. The MNIST class-CL contains 10-
class handwritten digit numbers, the Alphabet class-CL contains
26-class A-to-Z handwritten alphabet characters, the MathGreek
class-CL contains 46-class handwritten Greek characters and
some mathematical symbols, the Cifar10 class-CL contains 10-
class natural images, and the DvsGesture class-CL contains 11-
class event-based gesture records. The detailed download links for
these publicly available datasets are listed in the Supplementary
Materials.

Supplementary Materials
This PDF file includes:
Figs. S1 to S3
Tables S1 to S4
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