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The human brain is a dynamic system that is constantly learning. It employs a combination of various 
learning strategies to facilitate complex learning processes. However, implementing biological learning 
mechanisms into Spiking Neural Networks (SNNs) remains challenging; thus, most SNNs are trained 
with only a single learning strategy such as spike timing dependent plasticity (STDP). Moreover, 
conventional neural networks are first trained on one dataset and subsequently evaluated on unseen 
data. In this traditional approach, the weights and structure of the model remain fixed once the 
training step concludes. In this research, we aim to modify this traditional approach and hypothesize 
that adding short-term plasticity (STP) to a trained SNN enables the model to learn post-training 
without changing synaptic weights. In particular, by combining triplet STDP for long-term learning 
during initial training and STP for short-term learning after training (post-training), we employ multiple 
learning rules to enhance the biological plausibility and computational abilities of SNNs. In this way, 
two unsupervised learning pipelines are designed for image classification as a proof of concept, 
in which the dynamic synapse model, driven by neurotransmitter release and synaptic strength, 
is integrated into the trained network. The proposed method outperforms traditional training by 
achieving higher classification accuracy and a faster convergence rate. Consequently, our results show 
that the concept of post-training learning can be realized by incorporating STP in SNNs. Future studies 
should extend this concept to other challenges and explore its applicability to new datasets.
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Spiking neural networks (SNNs) are third-generation artificial neural networks (ANNs) that use more 
biologically-inspired neurons. They are rich in spatiotemporal neuronal dynamics and try to simulate the 
intricate information processing observed in the human brain1,2. This brain-like processing is achieved by 
combining dimensions including frequency, time, and phase, as well as event-driven processing, spike-based 
information encoding, and localized learning principles communicating through discrete spikes3.

Unsupervised learning in SNNs often utilizes synaptic plasticity mechanisms which refer to the ability of 
synapses to modify their strength or efficacy4. This alteration in strength can be either an increase or a decrease 
and is influenced by various factors such as neural activity and neurotransmitter release. It is believed that the 
internal mechanisms of synaptic plasticity shape cognitive processes such as learning4. However, connecting 
synaptic plasticity interactions to human learning can be difficult and has been a longstanding question in 
computational neuroscience5,6.

Plasticity involves processes that occur at various time scales. Short-term synaptic plasticity (STP) occurs 
within milliseconds to minutes, while alterations over tens of minutes or longer, are regarded as long-term 
synaptic plasticity7,8. One form of long-term plasticity is spike-timing-dependent plasticity (STDP). STDP is 
an unsupervised learning technique used in SNNs that adjusts the synaptic weights based on the relative timing 
of pre- and post-synaptic spikes. The conventional form of this approach is inspired by one of the numerous 
physiological forms of STDP in the brain4. Utilizing STDP in SNNs as an unsupervised learning approach has 
shown promising results in different tasks, including image classification9,10.

Recent studies have demonstrated the diverse applications of STP in both SNNs and non-spiking models8,11–13. 
Compared to networks with static connections, a network with STP shows greater dynamism and enables more 
effective information processing14. The training approaches for SNNs can be categorized into three groups: 
Supervised Learning, which involves gradient descent and spike backpropagation15. Unsupervised Learning, 
utilizing local learning rules at the synapse, such as STDP. Reinforcement Learning, which relies on reward or 
error signals through reward-modulated plasticity16–21. However, despite being prevalent in cortical synapses, 
STP is not commonly integrated into these training schemes. One reason may be that most studies19–23,27 offer 
limited possibilities for the customization of dynamics. This restriction may hinder complex modifications to 
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synaptic dynamics or simulation parameters. Consequently, the intricate mathematical analysis and practical 
training issues involved in SNNs pose challenges hindering the effective utilization of STP for machine learning 
tasks.

SNNs typically follow a predetermined and controlled training process, which commonly consists of two 
phases: training and evaluation. The training phase involves adjusting the weights and biases of the network 
based on the input and output spike patterns, utilizing a learning algorithm like STDP19. Current SNN models 
evaluate all samples based on the learned synaptic weights in the training phase without exploiting the model’s 
capacity to adjust to new observations. This approach does not conform to the principles of human learning22,23. 
Conversely, the brain continuously adapts in structure and function through plasticity in response to learning 
and experience. Plasticity enables the brain to form new pathways between neurons to learn as well as to 
compensate for damage or injury24. Additionally, the brain combines various learning methods. Understanding 
the integration of these different learning mechanisms can provide insights for developing more efficient 
artificial intelligence systems inspired by the brain’s computational principles25,26. To address these aspects, we 
hypothesize a novel concept titled “Post-training learning”, suggesting that the end of training in SNNs does not 
have to signify the end of learning. After the training phase, the network can continue to learn in response to 
new samples without adjusting its synaptic weights.

Unlike traditional ANNs, spiking neuron models and their communication are time- dependent, making 
neuronal behavior reliant on input timing. This intrinsically temporal representation in SNNs enables the 
post-training integration of time-dependent components or features into a trained model. To the best of our 
knowledge, this aspect of SNNs is missing from previous SNN learning studies1,15–19. In the present study, we 
integrate STP into a trained SNN by incorporating a new rule into the synapse model subsequent to its initial 
training phase. In this way, the network can learn new features from previously unseen data without changing 
its structure containing prior knowledge. As a proof of concept, we propose two unsupervised pipelines for 
training of a multilayer leaky-integrate-and-fire-based SNN (LIF-SNN). These pipelines utilize an identical 
network architecture, combining STDP as the training phase with STP as the post-training phase for further 
learning even after the training phase. In addition, we introduce a synapse model that updates excitatory synapse 
conductance based on the amount of neurotransmitter release and the synaptic weight as inspired by STP. To test 
the effectiveness of the proposed pipelines and to avoid the complexities of tuning, we limit the sample size to 
1000 images and evaluate our approach on four subgroups of samples from two benchmark datasets: MNIST27 
and EMNIST28. The subgroups consist of two sets of unaltered images from each dataset and two sets of the same 
images with added Gaussian noise. Our choice of dataset was motivated by the need for better quantification of 
the STP’s effect on learning dynamics. Thus, we selected benchmark datasets such as MNIST, which is widely 
used across numerous studies. We employ the noisy datasets to analyze input noise effects and test the robustness 
of our approach. Our findings reveal that increasing the biological plausibility of SNNs through multiple learning 
rules in the form of STDP and STP will indeed enhance the model’s performance. Moreover, the proposed 
pipelines will enable the network to continue learning even after training, without any alterations in synaptic 
weights, while taking advantage of the new information from previously unseen data.

The following section explains the methods, including the neuron and synapse model, network architecture, 
and training and learning strategies. Section “Results and discussion” contains the simulation results. Finally, 
section “Conclusion” concludes and discusses future work.

Method
This study introduces a novel “Post-training learning” concept to enhance synaptic plasticity in a LIF-SNN 
model. In this regard, we integrate STP into a network trained with the Triplet STDP rule, applying it after the 
training phase by exploiting the time-variable properties of spikes in SNN simulation. As shown in Fig. 1, three 
unsupervised learning pipelines are considered. Pipeline 0 represents the conventional approach, and pipelines 
1 and 2 include the novel post-training learning methods. The proposed pipelines are divided into three phases: 
training, post-training learning, and evaluation. In all pipelines the network is fully trained with Triplet STDP 
accompanied by synaptic weight changes (training phase). In the post-training learning phase, we incorporate 
the proposed STP (described in section “Short-term learning (STP) as the post-training learning rule”) into the 
synapses of the LIF-SNN (taken from Diehl et al.9). The difference between pipelines 1 and 2 is an additional 
step called “Update labeling”. Adding STP, as a new feature, into the trained SNN changes the inherent neuron 
dynamics of the model after labeling. Consequently, updating the labels assigned to each neuron after adding 
STP is necessary. This step is included in pipeline 2. These pipelines are designed to explore how the model 
performance is affected by the post-training learning approach compared to the traditional pipeline and how the 
STP mechanism can modify the dynamics of spiking neurons after STDP training.

To simulate the SNN, we use the Python programming language and the BRIAN2 simulator29. All simulations 
are conducted on an Intel(R) Core (TM) i5-7400 CPU @ 3.00 GHz. In this section, we will first outline the 
model of an individual neuron and synapse, then explain the employed network topology and the learning 
mechanisms. Subsequently, we will discuss the training and classification procedure for four datasets consisting 
of two noise-free and two noisy sets of images.

Neuron model
In our model, the dynamics of excitatory and inhibitory neurons are described by a leaky integrate-and-fire 
(LIF) model, a one-dimensional spiking neuron model with low computational cost30. The membrane potential 
V  of a neuron is defined by the following equation (Eq),

	
τ

dV

dt
= (Erest − V ) + ge (Eexc − V ) + gi(Einh − V )� (1)
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where Erest is the resting membrane potential, Eexc and Einh denote the excitatory and inhibitory reversal 
potentials, ge and gi are the conductances of excitatory and inhibitory synapses, respectively. The term τ  
is defined as the membrane time constant and is greater for excitatory neurons, as observed in biology. After 
a neuron surpasses the threshold value Vthr , an action potential is initiated. The neuron then goes through a 
refractory period τ ref  before returning to its resting potential. Table 1 summarizes the values of the neuron 
parameters used in this work.

Synapse model
The most frequently observed type of synapses in the brain are chemical synapses. These synapses do not physically 
connect neurons. Instead, when an electrical signal is generated in the pre-synaptic cell, neurotransmitters are 
released into a small gap between the neurons called the synaptic cleft. The neurotransmitters then diffuse across 
this gap and change the post-synaptic membrane’s permeability. As a result, the membrane voltage may undergo 
either a positive or negative change31. Depending on each pipeline, we utilize two types of conductance-based 
chemical synapses: static synapses originating from excitatory and inhibitory neurons, described in this section, 
and novel dynamic synapses from input neurons, introduced in this study.

When a pre-synaptic spike arrives at the synapse, the synapse conductance changes instantaneously according 
to the synaptic weight, which quantifies the strength of the connection and the amplitude of the post-synaptic 
response (Eqs. 2, 3).

	 ge ← ge + wei� (2)

	 gi ← gi + wie� (3)

wei and wie indicate synaptic weights originating from excitatory to inhibitory and inhibitory to excitatory 
neurons, respectively, and are fixed values in the pipelines (Table  1). Then, the conductance is decaying 
exponentially (Eqs. 4, 5). The dynamics of the conductance ge and gi are described as follows:

Fig. 1.  An overview of the proposed approach. Each pipeline is shown with its specific order of processing. 
The training process is depicted in the training phase (on the left). All images are converted to Poisson spike 
trains before being fed into the network. Furthermore, weight and neuron membrane threshold matrices are 
adjusted. In the “Labeling” step, each output (excitatory) neuron is assigned to one class based on its highest 
response to all classes. In pipeline 0, the model is evaluated on unseen data after the training phase. On the 
right side, in the evaluation phase, a set of previously unseen images are fed to the network. Then, the network 
proceeds to classify these test images as represented by the “pattern recognition” step. Pipelines 1 and 2 differ 
from pipeline 0 (conventional approach) in that they include a new phase of learning based on STP and 
modification of excitatory synaptic conductance in their post-training phase. These pipelines also differ in how 
they update the labeling of the classifying neurons after introducing STP into their trained models. In pipeline 
1, labeling only occurs after training is completed before adding STP to the model. In contrast, in pipeline 2, 
in addition to the same labeling step as the other pipelines (to calculate the training accuracy), labeling is also 
updated after introducing STP.
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dge

dt
= − ge

τ e
� (4)

	
dgi

dt
= − gi

τ i
� (5)

where τ e( 2 ms) and τ i( 1 ms) are the excitatory and inhibitory post-synaptic potential time constant.

Network topology
In this work, the baseline SNN is a hierarchical structure derived from the work of Diehl and Cook9 (Fig. 2a). 
This network comprises an initial input layer and excitatory and inhibitory layers. The excitatory and inhibitory 
layers have the same number of neurons. The pixel values for the different patterns in the images are represented 
by the input layer (m x p dimensions). m and p represent the number of pixels in the rows and columns of the 
images (m = 28, p = 28). A conversion process transforms each pixel value into a spike train that follows a Poisson 
distribution. The rate of the spike train is directly proportional to the intensity value of the respective pixel. These 
spike trains, lasting 350 ms, are fed as inputs into the network.

Neurons in the input layer are connected to all neurons in the excitatory layer, forming a fully connected 
connectivity pattern. Considering n excitatory neurons, the total number of weighted excitatory connections 
from the input layer is m × p × n. These weights are then trained to classify a specific input pattern. The 
connections from the excitatory layer to the inhibitory layer are one-to-one. When an excitatory neuron 
fires, it concurrently triggers firing in the corresponding inhibitory neuron. All inhibitory neurons establish 
connections with every excitatory neuron in the network except for the one they are directly connected to. 
This arrangement of connections allows for lateral inhibition, facilitating competitive learning. This mechanism 
limits the concurrent firing of multiple excitatory neurons. Alongside lateral inhibition, the model also integrates 
a homeostasis mechanism32. Homeostasis is an adaptive membrane threshold mechanism in which the firing 
threshold of each excitatory neuron is controlled to prevent excessive activity. The membrane threshold of 
each excitatory neuron is determined by Vthr + θ , where Vthr  is the predefined threshold and θ  increases 
incrementally every time the neuron fires, then decays exponentially over time32. The threshold gradually 
increases if a neuron is excessively active in a short period, requiring stronger input for subsequent spikes. 
Consequently, homeostasis helps maintain an equal firing rate among neurons, preventing individual neurons 
from dominating the neural response.

Learning strategies
This study aims to enhance the biological plausibility of learning mechanisms by employing a novel approach 
combining long-term and short-term learning rules. To this end, we introduce a new concept called post-training 

Parameter Description Value Neuron/synapse

Ω d
Synaptic depression
rate (s) 2.0

Synapse

Ω f
Synaptic facilitation
rate (s) 3.33

U0
Resting synaptic
release probability 0.6

wei
Excitatory synaptic
weight 10.5

wie
Inhibitory synaptic
weight 17

τ e
Excitatory synaptic
time constant (ms) 2

τ i
Inhibitory synaptic
time constant (ms) 1

Excitatory Inhibitory

Neuron

Eexc
Excitatory reversal
potential (mV) 0 0

Erest
Resting membrane
potential (mV) – 65 – 60

Einh
Inhibitory reversal
potential (mV) – 100 – 85

τ Membrane time
constant (ms) 100 10

Vthr
Membrane potential
threshold (mV) 52 – 40

τref
Refractory period
(ms) 2 5

Table 1.  The parameter values of the neuron and synapse models.
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learning. This method consists of two phases: first, long-term plasticity during the training phase, where synaptic 
weights are adjusted using Triplet STDP (or another STDP variant); second, adding short-term plasticity (using 
the Tsodyks and Markram (TM)33,34 model) to the trained network after the training phase, which does not 
affect synaptic weights.

Long-term learning (Triplet STDP) as the main training rule
STDP is an unsupervised learning mechanism that follows the Hebbian learning rule. It regulates the adjustment 
of synaptic weights based on the temporal sequence of pre- and post-synaptic spikes35. When the pre-synaptic 

Fig. 2.  (a) An overview of the baseline SNN, network connections, and synaptic conductance update rules 
for different synapses in the proposed pipelines. The neuron populations are shown as a grey-filled circle. In 
this network, the images (28 × 28 pixels) are fed to the input layer (28 × 28 neurons) for 350 ms with a 150 
ms time interval. The input layer consists of 784 neurons, fully connected to an image with 28 × 28 pixels. 
Each pixel in the input image corresponds to a neuron in the input layer. Every neuron in the input layer 
connects to all 400 excitatory neurons in the excitatory layer. Each excitatory neuron is coupled to exactly one 
inhibitory neuron in the inhibitory layer. Inhibitory neurons connect back to the excitatory layer with a lateral 
inhibition connection pattern. Excitatory neurons are also classifying neurons. When an action potential from 
a pre-synaptic inhibitory neuron occurs, inhibitory synapses will increase the inhibitory conductance in the 
post-synaptic cell by wie. Similarly, when spiking occurs in pre-synaptic excitatory neurons, the excitatory 
conductance will increase by wei. In the post-training phase, when input neurons spike, the excitatory 
conductance of excitatory synapses will increase by w + kwrs . (b) Neurotransmitter release ( rs ) in the 
synaptic cleft based on the TM model. This mechanism is used in synapses originating from the input layer 
during the post-training learning phase.
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spike precedes the post-synaptic spike, the synaptic weight is strengthened, leading to long-term potentiation 
(LTP). Conversely, if the order of spike arrivals is reversed, it causes a reduction in the synaptic weight, resulting 
in long-term depression (LTD). STDP is a biologically plausible learning method, capturing the temporal 
evolution of synaptic weights through the interaction of pre- and post-synaptic spike pairs. However, pair-based 
STDP models cannot explain the influence of the repetition frequency in spike pairs. Furthermore, these STDP 
models fail to replicate triplet and quadruplet experiments7. The Triplet STDP mechanism formulated in36 
assumes a triplet interaction focusing on three spike groups. These groups consist of one pre-synaptic and two 
post-synaptic spikes.

According to previous research, the triplet STDP rule in a network size of 400 excitatory neurons exhibits 
a higher performance level9. Therefore, we have selected this as the base learning mechanism for long-term 
learning in our pipelines during the training phase. The dynamics of the synaptic weights can be implemented 
using three localized variables: apre, apost1 and apost2 which represent “traces” of pre- and two post-synaptic 
activity patterns governed by differential equations. This approach is analogous to pair-based rules and attempts 
to improve the simulation speed37. In contrast to the rules based on spike pairs, every spike emitted by the 
post-synaptic neuron contributes to a fast trace apost1 and a slow trace apost2 at the synapse, where τ post1< 
τ post2: 

	
τ pre

dapre

dt
= −apre� (6)

	
τ post1

dapost1

dt
= −apost1� (7)

	
τ post2

dapost2

dt
= −apost2� (8)

when a pre-synaptic neuron fires, the pre-synaptic trace is reset to 1 (Eq.  10); otherwise, apre decays 
exponentially (Eq. 6). When a pre-synaptic spike occurs, weight alterations are proportional to the value of the 
fast post-synaptic trace apost1 according to Eq. (9).

	 w ← w + lrpreapost1� (9)

	 apre ← 1� (10)

Similarly, when a post-synaptic spike occurs, the two post-synaptic traces are reset to 1 (Eqs. 12, 13), and LTP 
is induced by a triplet effect. When a post-synaptic spike occurs, weight change is induced proportional to both 
the trace apre and the slow post-synaptic trace apost2 due to previous pre-synaptic spikes (Eq. 11). The value of 
apost2 is first used in the weight update before it resets to 1 due to the post-synaptic spike:

	 w ← w + lrpostapreapost2� (11)

	 apost2 ← 1� (12)

	 apost1 ← 1� (13)

lrpre, lrpost  are the learning rates (0.0001 and 0.01 for pre- and -post-synaptic events, respectively), and 
determine the learning speed.

Short-term learning (STP) as the post-training learning rule
In pipelines 1 and 2, once training is finished, STP is enabled in the trained network without any further changes 
to the weights. We introduce this as an additional phase termed post-training learning. As the synaptic strength 
can change rapidly, the resulting response can fluctuate. Based on the pre-synaptic activity, this response can 
either decrease (synaptic depression) or increase (synaptic facilitation) the synaptic strength at short time 
scales33,34, which defines the so-called dynamic synapses. This type of synapse is the most common in the brain. 
Utilizing detailed biophysical models is essential in understanding the processes that drive synaptic plasticity. 
However, phenomenological models are generally more manageable and less computationally demanding 
when describing synaptic changes without referring to specific mechanisms. As a result, these models are 
highly valuable in analytical and simulation studies. In this context, we employ the TM model based on the 
phenomenological description of neocortical synapses exhibiting STP33,34. Based on this model, the process of 
synaptic neurotransmitter release can be represented by multiplying two variables us and xs( Eqs. 14,15). Here, 
us is an approximation of the neurotransmitter resources that are available to be released by the Ca2+ influx, 
and xs represents the proportion of all available neurotransmitters that will be released31,33,38. This process is 
illustrated in Fig. 2b. Between action potentials, us decays to 0 at the rate of Ω f ( Eq. 14) while xs recovers to 
1 at the rate of Ω d( Eq. 15), i.e.

	
dus

dt
= −Ω f us � (14)

	
dxs

dt
= Ω d (1 − xs) � (15)
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When an action potential arrives, it causes calcium to enter the pre-synaptic terminal. This calcium influx 
transfers a specific fraction ( U0) of the neurotransmitter resources that were not available for release (1 − us) 
into a state where they can be readily released ( us). Afterward, a portion ( us) of the total neurotransmitter 
resources ( xs) is discharged as rs, resulting in a decrease of xs by the same amount (Eq. 18); that is,

	 us ← us + U0 (1 − us)� (16)

	 rs ← usxs� (17)

	 xs = xs − rs� (18)

The release of neurotransmitters at synapses ( rs) changes with each action potential. Therefore, this amount 
is not the same for all connections. This alteration is influenced by the previous synaptic activities, determined 
by the values of the synaptic state variables us and xs at the time of the action potential. When a pre-synaptic 
action potential arrives, excitatory synapses originating from the input neurons will increase the excitatory 
conductance within the post-synaptic cell (excitatory neurons) (Fig.  2a). Thus, we propose a new excitatory 
conductance update rule based on biological evidence that shows synaptic stochasticity4,7. This rule is applied 
whenever a pre-synaptic action potential occurs and consists of two components: one driven by Triplet STDP 
leading to long-term plasticity (w), and the other representing STP, an additive short-term component kwrs 
resulting in learning and forgetting in the short-term, as follows,

	 ge ← ge + w + kwrs � (19)

Equation (19) is applied to the synapses connecting the input neurons to excitatory neurons after the training 
phase is complete. The parameter k in Eq. (19) indicates a scaling factor for STP strength; w represents the long-
term synaptic weights, which in turn are the trained weights obtained during the training phase in our pipelines 
and remain fixed during the evaluation process. Synapses preserve image features within the long-term weights 
(w). In addition, they remember recent features on a short-term scale (through kwrs). The traditional method 
(pipeline 0), on the other hand, employs uniform plasticity parameters across all synapses during the evaluation 
phase. The release of neurotransmitters from the pre-synaptic neurons affects the dynamics of the post-synaptic 
terminals, resulting in modulations of synaptic transmission. The utilized synapse parameters are shown in 
Table 1.

Training and evaluation
To assess the performance of the proposed pipelines, we utilize four subsets of images (1000 samples) from both 
noisy and noiseless datasets. These samples include images from the MNIST (mono channel images of digits 
0–9)27 and alphabet letters randomly selected from 10 classes of the EMNIST dataset (the 10 classes include E, I, 
l, W, q, Q, u, s, b, g28, each class with the same number of samples. Noisy images are created by adding Gaussian 
noise (with a mean of 1 and a standard deviation of 1.5) to the same images of the MNIST and EMNIST datasets. 
All subgroups share the same image size (28 × 28 pixels), data format, and train-evaluation ratio. In each dataset, 
images from all classes are shuffled. Finally, images are split into sets of training (80%) and evaluation (20%). 
The classes are evenly distributed within the training and evaluation sets, ensuring a balanced representation.

During training, images are presented to the network. A time interval of 150 ms is applied between two 
consecutive images to enable the network to attain a stable state. In all pipelines, the training process is done 
on the whole training set, followed by the labeling step. The synaptic weights from input to excitatory neurons 
are updated using Triplet STDP in all pipelines (described in section “Long-term learning (Triplet STDP) as the 
main training rule”). Neurons’ membrane threshold matrices are updated based on the homeostasis mechanism 
(described in section Network topology). If the sum of spikes in the second layer is less than 5 in 350 ms, the 
maximum input firing rate will increase by 32 Hz, and the sample will be shown again for another 350 ms until at 
least five spikes are generated. After the training phase is done, the learning rate is set to zero, fixing the synaptic 
weight and neuron’s membrane threshold values. Given that the pipelines operate in an unsupervised manner; a 
label is assigned to each classifying (output) neuron during the labeling step. These assignments are determined 
by a neuron’s highest average response to a class with respect to the number of times the image in the training 
set is presented.

Next, based on the assigned labels, the accuracy of the training classification is calculated. Labeling is 
necessary to obtain the training accuracy for all pipelines and the evaluation accuracy for pipelines 0 and 1 
After completing the training phase in all pipelines, the weight corresponding to each synapse remains fixed. 
In pipelines 1 and 2 (Fig. 1), the proposed STP (described in sectiion “Short-term learning (STP) as the post-
training learning rule”) is added to all synapses originating from input to excitatory neurons. By adding STP into 
the synapses, neurotransmitter signaling can change the neurons’ inherent dynamics. Because the labeling step 
is applied before adding STP, the effect of STP is not seen in this step. This point motivated us to incorporate the 
impact of the neurons’ inherent dynamics into an “Update labeling” step on the whole training set in pipeline 
2. “Update labeling” involves the reassignment of labels to the output neurons based on the highest average 
response to a class after adding STP. This step is performed on the whole training set. As a result, for pipeline 2, 
the STP can influence the firing rate of neurons once after the training phase on the training set and again on the 
evaluation set during the evaluation phase (Fig. 1). Therefore, during evaluation in pipelines 1 and 2, in addition 
to the long-term learning ( w), the model’s performance is also influenced by the temporally evolving synaptic 
efficacy in response to images (STP). This effect results from neurotransmitter release dynamics, which varies 
across different synapses (total number of synapses from input to excitatory neurons is 313600).
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Finally, the unseen evaluation set is given to the trained SNN. After the evaluation phase is complete, the 
response of the neurons assigned to specific classes is utilized to evaluate the accuracy. The predicted output is 
determined by calculating the average firing rate of each neuron for each class and selecting the class with the 
highest average firing rate as the predicted output.

Results and discussion
In SNNs, during the training phase, the strength of synapses changes in response to each sample in the training 
set, leading to the adjustment of synaptic weights. Once the training is completed, i.e., during the evaluation 
phase, the synaptic weights are fixed for all samples. Such an approach does not align with the biological processes 
of human learning22,23. We hypothesize that incorporating multiple biologically inspired learning rules, namely 
STDP and STP, can enhance learning in SNNs. To investigate this, we propose two novel learning pipelines for 
SNNs and evaluate them on four 10-class balanced subsets, each containing 1,000 samples (800 for training and 
200 for evaluation), including noisy and noise-free samples. The goal is to assess how post-training learning 
improves performance with limited training data. Hence, we limit the training set to 800 images. Training is 
conducted for 15 epochs, a duration chosen based on the network’s convergence to near-steady accuracies, 
exhibiting fluctuations within stable ranges. The accuracy results during the evaluation phase for each epoch 
in every pipeline are presented in Fig. 3. Different degree factor (k) values (described in section “Short-term 
learning (STP) as the post-training learning rule”, Eq. 19) are investigated for pipelines 1 and 2 separately. Since 
we aim to show the impact of the post-training learning using the proposed STP, we consider a limited discrete 
range of 1 to 10.5 at 0.5 intervals of k for the evaluation phase. The presented results are based on the highest 
accuracy achieved for the corresponding k in each pipeline. Thus, the best-performing k might not be the same 
for the evaluation phase in pipelines 1 and 2. The training phase is the same for all pipelines, and each approach 
differs only in the post-training phase.

Depending on the value of the degree parameter k, performance varies, indicating stochastic variations in the 
amount of neurotransmitter release when the pre-synaptic neuron spikes, as strongly supported by biological 
evidence4,7. The degree factor k corresponding to the highest accuracies is 10.5, 10, 9, and 8.5 for pipeline 1, 
and 8, 10, 10.5, and 10 for pipeline 2 across the MNIST, EMNIST, noisy MNIST, and noisy EMNIST datasets, 
respectively. Figure 3 clearly shows the accuracy improvement of the proposed pipelines 1 and 2 compared to 

Fig. 3.  Evaluation accuracy per epoch across 15 training iterations for all pipelines on MNIST and EMNIST 
(noisy and noise-free). The evaluation sets include 200 samples. An illustrative sample from each dataset 
is displayed in the lower right corner of each plot for reference. The networks trained using the proposed 
pipelines achieve higher accuracy than the traditional approach (pipeline 0) across all four datasets. Notably, 
pipeline 2 outperforms the others by having greater average and final accuracy in 15 epochs. The higher 
accuracies of pipeline 2 reveal the positive effect of STP and the “Update labeling” step over pipelines 0 and 1.
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the traditional pipeline (pipeline 0 with no post-training learning) across all epochs and datasets. These results 
demonstrate that our approach improves learning without requiring additional training while maintaining 
robustness against input noise. Moreover, Fig.  3 reveals that post-training learning accelerates the network’s 
convergence rate, necessitating fewer training epochs. This is implied by the accuracies for pipelines 1 and 2 
being consistently above pipeline 0. For example, in all datasets, accuracy at the first epoch increases by almost 
15% in pipeline 2 compared to pipeline 0. During the initial stages of training, the knowledge acquired by 
the network through long-term plasticity may be insufficient, resulting in weaker performance. However, by 
introducing a short-term learning rule into the trained SNN, learning performance can rapidly grow, particularly 
at the beginning of training iterations. Overall, pipeline 2 demonstrates higher accuracies than pipelines 0 
and 1. The greater accuracies of pipeline 2 over pipeline 1 highlight the significance of the “Update Labeling” 
step. Nevertheless, pipeline 1 consistently outperforms pipeline 0, showing the positive effects of Post-training 
learning.

Table 2 summarizes the classification results across different values of k and the simulation times corresponding 
to one epoch. The simulation time involves the training, testing, and “Update labeling” duration, which varies 
for each pipeline. The table shows that the simulation time is approximately three minutes higher in pipeline 
1 compared to pipeline 0. Indeed, the baseline method updates the excitatory conductance of synapses from 
input to excitatory neurons based on a single static value, while the proposed pipelines employ a time-varying 
parameter alongside this fixed value. Moreover, the simulation time for pipeline 2 exceeds that of pipeline 1. 
This increase is due to the additional “Update labeling” step, as the number of excitatory and inhibitory neurons 
and synapses remains constant at 800 and 313,600, respectively. The added complexity requires more significant 
computational resources, increasing overall simulation time.

Pipeline 2 exhibits substantially higher accuracies across all datasets compared to pipeline 0 even with only 
800 training samples and 200 samples during the post-training phase, suggesting that the proposed concept can 
be practical. Improvements in the evaluation accuracies vary between approximately 5.5% (MNIST) to 17% 
(Noisy MNIST) and are present across all datasets for pipeline 2. For pipeline 1, these values change between 
approximately 2.5% (MNIST) and 8.5% (Noisy MNIST). From this table, it is evident that in all datasets, pipeline 
2 outperforms both the traditional pipeline 0 and pipeline 1.

The most notable improvement in classification is in the noisy MNIST dataset, where pipeline 0 achieves 
58% accuracy, whereas pipeline 2 achieves 75% accuracy. It is noteworthy that our aim was not to attain the 
best accuracy but to examine how the concept of multiple learning rules, specifically post-training learning, can 
enhance performance compared to using a single-rule learning approach. Table 2 also reveals that when noise 
is added to the input images, accuracy drops 22.5% and 6% for pipeline 0, 17%, and 7% for pipeline 1, and 11%, 
and 4% for pipeline 2 in the MNIST and EMNIST datasets, respectively. This indicates that the network trained 
and evaluated with pipeline 2 is significantly more robust to input noise, especially in the MNIST images, as the 
decrease in performance is halved in pipeline 2 compared to pipeline 0. Furthermore, we conducted experiments 
to compare the performance and computational properties of learning when STP is incorporated during the 
training phase versus after training over 15 epochs. The results demonstrate that joint Triplet STDP and STP 
training significantly improve performance over the approach that uses only the Triplet STDP for training 
(pipeline 0) across all datasets. This improvement, however, comes at the cost of much higher computation times 
approximately double those of the baseline approach (126–128 min) (supplementary information, Table  S1).

In Fig. 4, we provide an illustrative example of the impact of “Update labeling” on the distribution of neurons 
per label for pipeline 2. Bar plots display the number of neurons assigned to each class for the best results (shown 
in Table 2) across the MNIST and EMNIST datasets. These results demonstrate a noticeable difference between 
the pre- and post-update labeling phases, emphasizing the significance of integrating STP into our methodology.

In order to gain a deeper understanding of the impact of STP on the dynamics of the excitatory layer in a 
trained SNN, spike counts per image are analyzed before “Update labeling” across the entire training set (Fig. 5). 
In pipeline 0 (green lines), as each neuron solely reacts to a minor subset of input images, the responses are quite 
sparse, leading to a small number of spikes generated per image. Interestingly, upon the addition of STP to the 
network, as depicted in Fig. 5, the number of active neurons per image approximately doubles or even triples 
in some cases compared to the baseline model. In all four datasets, the number of spiking neurons per image 
peaks at around 10 and 30 for all images in pipelines 0 and 2, respectively. This increase occurs as STP regulates 
synaptic transmissions based on the timing of pre-synaptic action potentials, leading to changes in temporal 
neural dynamics. Consequently, this requires more sophisticated computations, keeping a trade-off between 
computational complexity and performance. These findings suggest that, in pipeline 2, more information may 
be encoded in the excitatory neurons following the incorporation of STP.

Model
Training
paradigm

Evaluation
paradigm

#Neurons
/
#Synapses

ACC (%)

Time
(minutes)MNIST EMNIST

Noisy
MNIST Noisy EMNIST

Pipeline 0

Triplet STDP

None 1584
/
473,600

80.5 79 58 73 ~ 68–70

Pipeline 1 STP added to the
trained SNN

83.5 84.5 66.5 77.5 ~ 71–73

Pipeline 2 86 85 75 81 ~ 102–105

Table 2.  The evaluation accuracies and simulation times of each pipeline on four datasets (10 classes) 
consisting of 1000 randomly selected images with an 80–20% train and evaluation ratio within 15 epochs. 
Pipeline 2 outperforms the other approaches in all four datasets. Significant values are in [bold].
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Fig. 5.  The number of spiking excitatory neurons (active neurons) per image on the training set for each 
dataset with and without STP. The network trained with pipeline 2 has greater neural activity than pipeline 
0, as the number of spikes for each training image is significantly higher for pipeline 2. The peak number of 
spikes in pipeline 0 is around 10, while this number is around 30 for pipeline 2.

 

Fig. 4.  The number of neurons per label after the “Labeling” and “Update labeling” steps for pipeline 2, based 
on the best results from the MNIST and EMNIST datasets.

 

Scientific Reports |        (2025) 15:17647 10| https://doi.org/10.1038/s41598-025-01749-x

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Confusion matrices (Fig. 6) are also provided to further examine the performance of the proposed methods 
based on the best results from the evaluation sets. The distribution of predictions in Fig. 6 reveals that for the 
proposed pipelines, the number of classes with a lower or equal false positive rate is greater or equal compared 
to the conventional approach. For example, pipeline 2 has equal or lower false positives for all classes except for 
“1” and “5” in MNIST. This yields higher or similar precision values in the proposed pipelines for most of the 
classes. From the values on the diagonal elements of the matrices in Fig. 6, we can see that, although pipeline 1 
surpasses pipeline 0 overall and the number of correctly recognized classes is higher than pipeline 0, it produces 
slightly worse predictions for some classes (classes “1”, “4” and “5” in the MNIST, “w” in EMNIST, “3” in Noisy 
MNIST or “E” and “l” in Noisy EMNIST). By comparing pipelines 0, 1, and 2 on the diagonal elements of the 
matrices, we can see that our approach can recognize most patterns better than the conventional method. In 
summary, while pipelines 1 and 2 surpass pipeline 0 overall, they do not do so uniformly, though the differences 
are negligible.

Furthermore, raster plots are utilized (as shown in Fig. 7) to examine how post-training learning can impact 
the dynamics of excitatory neurons (classifying neurons) during the evaluation phase. Across all datasets, 
synaptic facilitation driven by STP leads to increased firing frequency and network activity over time in the 
proposed pipelines compared to pipeline 0. Additionally, there is a more significant number of excitatory 
neurons firing synchronously. Since the difference between pipelines 1 and 2 is the addition of the “Update 
labeling” step, these outcomes are the same for both pipelines, as the added step in pipeline 2 has no impact on 
the activity of the excitatory neurons. Therefore, they are depicted with the same color. These heightened rates 
of synchronized firing may encode information and perform computations, contributing to improved learning. 
Figure 7 indicates that for the noiseless MNIST and EMNIST datasets, pipeline 0 has a longer horizontal axis 
compared to the others. If the sum of spike counts of the excitatory neurons in the second layer is not more than 
five within the duration of image presentation (350 ms), the maximum input firing rate will increase by 32 Hz 
to stimulate the excitatory population (as described previously in section “Training and evaluation”), followed 
by presenting the image to the network again. We repeat this procedure until the sum of spike counts exceeds 
five, resulting in a longer presentation time for all images. However, the proposed pipelines 1 and 2 require fewer 
attempts to present the same image to the network to reach the necessary number of spikes. In contrast, this 
behavior is not observed in the noisy datasets. In these datasets, noise in the inputs can make the neurons fire 
more than the minimum threshold of five, avoiding the repeat presentation of the images.

We also assess the network’s capacity to capture temporal dynamics by comparing the number of active 
neurons (spiking neurons) during the evaluation phase per input sample. As apparent in Fig. 8, there are distinct 
differences between pipeline 0 and pipelines 1 and 2. The figure indicates that the number of neurons involved 
in processing when responding to a new sample during evaluation is significantly higher in pipelines 1 and 2. In 
other words, the number of silent neurons decreases. This is indicated by the larger number of spiking neurons 
for pipelines 1 and 2 compared to pipeline 0. Moreover, we studied the neural activity of the network based on 
each neuron’s contribution score (NCS)39 (see Supplementary Information). NCS corresponds to the sum of 
previous spikes’ temporal spike contribution scores (TSCS).

A high spiking frequency of a neuron yields higher TSCS values, while the same number of spikes over a 
more extended period produces lower values. Here, we compute an NCS score for each neuron based on the 
network’s activity in the evaluation phase. The more a neuron spikes in a short period, the higher the NCS. 
Figure 9 shows the NCS values for all 400 excitatory neurons of pipelines 0, 1, and 2 during the evaluation phase 
across the four datasets. The figure shows apparent dark spots in pipeline 0’s heatmap compared to pipelines 
1 and 2. This pattern suggests that neurons in pipelines 1 and 2 contribute more uniformly to the prediction 
process. In other words, in pipelines 1 and 2, more neurons make meaningful contributions to the network. 
Specifically, in the Noisy MNIST dataset, while more dark spots are present in pipeline 0, it also exhibits more 
bright spots, indicating that a few neurons compensate for the lack of activity of other neurons. In pipelines 1 
and 2, however, more neurons are active, and almost the entire network shares the neural activity during the 
evaluation. The same applies to the other three datasets, especially MNIST and EMNIST. In these two datasets, 
not only all 400 neurons are actively participating in the evaluation phase in pipelines 1 and 2, but more neurons 
also have higher NCS values as indicated by the higher number of bright spots in their heatmaps compared to 
pipeline 0.

The results depicted in Figs.  7 and 8, and 9 suggest that given a network with 400 excitatory neurons, 
the traditional learning approach fails to fully utilize the network’s potential. This is evident since pipeline 0 
displayed subdued neural and spike activity during the evaluation phase (Figs.  7 and 8), with only a subset 
of neurons contributing to this phase (Fig. 9). This was not the case for pipelines 1 and 2. In both pipelines, 
higher neural activity was observed (Figs.  7 and 8), and more neurons participated in the evaluation phase 
(Fig. 9). These results suggest that post-training learning enables the network to use more of its computational 
potential, which in turn leads to better performance (Table 2). On the other hand, the sparse activity of Pipeline 
0 (Figs. 5 and 8), characterized by a smaller number of active neurons and synapses, may have lower energy 
consumption compared to the proposed pipelines when implemented in hardware. However, the increased spike 
counts remain relatively low. Additionally, since STP only affects synaptic facilitation, the energy cost of synaptic 
transmission may increase energy consumption by more neurotransmitter release and potentially more frequent 
spiking when increasing synaptic strength. These dynamics are consistent with the processes that occur in the 
brain40,41. While there are always trade-offs when attempting to improve performance, our approach does so by 
enhancing the network’s behavior and making it more biologically plausible.

In our work, while lateral connections contribute to network stabilization, they are not explicitly designed 
to counteract STP-induced fluctuations in spike rate. Indeed, they serve to enforce competition and prevent 
runaway excitation. In the baseline SNN, lateral inhibition can lead to sparse firing activity of neurons due to 
different neuronal parameters of excitatory and inhibitory neurons (shorter refractory period and decay time 
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Fig. 6.  Confusion matrices of each pipeline based on the best performances. (a) MNIST, (b) Noisy MNIST, 
(c) EMNIS, (d) Noisy EMNIST. Horizontal and vertical axes correspond to the original labels and the labels 
predicted by the proposed pipelines, respectively. Across all datasets, in pipelines 1 and 2, more classes have 
a lower or equal false positive rate than the conventional approach. The proposed pipelines outperformed the 
traditional method by having higher values on the main diagonal.
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Fig. 8.  The number of active excitatory neurons during the evaluation phase per sample. The horizontal and 
vertical axes correspond to the indices of images presented to the network during the evaluation phase and the 
number of active neurons firing to a new sample, respectively. The total number of samples in the evaluation 
set is 200. Pipelines 1 and 2 have the same outcome of increasing the number of active neurons. The only 
difference is one step (Update labeling), which does not affect the network behavior. As a result, we considered 
a single plot to represent the effect of both pipelines on the network. In all four datasets, neurons in pipelines 1 
and 2 produced more spikes during the evaluation phase.

 

Fig. 7.  Raster plots of the spiking events (dots) on 400 excitatory neurons during the evaluation phase based 
on the best results within 15 training epochs. Horizontal and vertical axes correspond to the time of the spikes 
and the classifying neuron indices, respectively. Pipelines 1 and 2 only differ in one extra step during their 
evaluation, which does not impact their internal neural behavior; thus, their responses to the inputs are the 
same when the factor k is the same for both pipelines. Across all datasets, synaptic facilitation driven by STP 
leads to a slight increase in firing frequency and network activity over time in the proposed pipelines compared 
to pipeline 0. This is evidenced by the higher density of dots in the plots for pipelines 1 and 2, corresponding to 
more spikes for each neuron while the evaluation set is presented to the network.
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constant and smaller firing threshold for inhibitory neurons). However, in the proposed pipelines, the excitatory 
conductance of synapses from input to excitatory neurons is strengthened after adding STP, which operates on 
much shorter time scales than lateral inhibition. This can accelerate the excitatory synaptic responses during 
ongoing activity, allowing excitation to dominate at a short time scale (much smaller than the inhibitory 
neurons), making the excitatory neurons faster to reach the spiking threshold than inhibitory neurons. As a 
result, STP enables more neurons to become active (as shown in Figs. 7 and 8, and 9), leading to increased 
network-wide firing.

In addition to examining the pipelines across four datasets, two traditional deep ANN models are tested on 
the same data. The outcome of these benchmarks is shown in Table 3 within 15 epochs. These networks include: 
(1) A Convolutional Neural Network (CNN) model with 2 two-dimensional convolution layers with 16 and 32 
kernels (kernel size of 3 and 6, respectively), a 4 by 4 max pooling layer, a dense layer with 16 neurons, and ReLu 
activation function for all hidden layers; (2) A Recurrent Neural Network (RNN) model with a single RNN layer, 
fully-connected with output fed back as input, with 256 units. We intentionally chose simple architectures for 
these benchmark networks to provide a fair comparison to our conceptual network, as this study aims not to 
attain the highest possible performances but to introduce the concept of post-training learning.

From Table  3, it is evident that the CNN model achieved the highest accuracy across all datasets. This 
performance is notable given that the SNN used in pipeline 2 consists of just 800 neurons, while the CNN uses 
approximately 25,754 neurons. Pipeline 2’s accuracy is close to the RNN model, with only minor differences 
for various datasets. Furthermore, traditional ANN models rely on supervised learning and require labeled 
datasets. In contrast, the pipelines proposed in this work utilize unsupervised learning methods. Moreover, 
our approach follows local learning rules, whereas ANNs typically require global learning rules. Local learning 
rules also facilitate the parallelization of SNN computations, enabling implementations on field-programmable 
gate arrays (FPGAs) to leverage this parallelization for real-time operation. Additionally, CNNs and RNNs 
consume significantly more energy due to their dense and continuous activation patterns, as well as their high 

Fig. 9.  The neural contribution score (NCS) for all excitatory neurons during the evaluation phase for the four 
datasets in pipelines 0, 1, and 2. The horizontal and vertical axes correspond to the neuron indices and time 
points (50 time points) during the evaluation phase. The time points are considered with 2200 ms intervals, 
and the color of the heatmap depicts the NCS value. The brighter the color, the higher the value. The neural 
activity of pipelines 1 and 2 are the same when the factor k is the same for both pipelines. Pipelines 1 and 2 
demonstrate higher and more uniformly distributed NCS values for all neurons and all datasets. In pipeline 0, 
the network is essentially a subset of the 400 included neurons, as some neurons have no contribution in the 
evaluation phase.
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computational loads, such as matrix multiplications for CNNs and recurrent computations for RNNs while 
operating for less than a few minutes. Conversely, SNNs are far more energy-efficient as they exploit sparse 
activity and event-driven computation41.

Conclusion
This study primarily aims to enhance the biological plausibility of learning mechanisms by introducing new 
pipelines focusing on these aspects: (1) Utilizing multiple synaptic learning rules for pattern recognition rather 
than relying on a single rule. (2) Learning is not stopped after the training phase. (3) Using different types of 
synapses within the SNN, where the synaptic efficacy is not strictly dependent on weight changes but also on 
short-term modulation through STP. (4) The reciprocal influence of long-term and short-term plasticity within 
the brain. We suggested an unsupervised approach by combining long-term learning (Triplet STDP) as the main 
training rule and short-term learning (STP) as the post-training learning rule added to the trained network 
after the training phase, which does not affect synaptic weights. Our results show that combining STDP and 
STP during training and after training will significantly enhance the network performance, modulates neuronal 
responses over time, and enhances the biological plausibility of SNN training algorithms. This improves the 
network’s ability to solve pattern recognition tasks. In this way, we showed that the proposed pipelines increased 
the final accuracy of the models and significantly improved the convergence rate of learning, requiring fewer 
training iterations. We also demonstrated that the networks trained and evaluated with our proposed pipelines 
were more robust to input noise.

This research provides valuable insights into the interplay between long-term and short-term synaptic 
plasticity mechanisms. Our findings revealed that the traditional training method does not utilize all the 
inherent potential of the SNN. Conversely, the proposed combination of SDTP and STP exhibited a relatively 
uniform increase of neural activity in the network during the model evaluation. This increase implies that post-
training learning takes advantage of the available computing power of the SNN more efficiently. However, this 
ability comes at the cost of higher energy consumption due to increased spike rates and neurotransmitter release. 
The selection of the optimal value for the k factor limits the current study. The dynamic nature and complexity 
of SNNs make finding an optimal value of k challenging. Additionally, it is essential to have a SNN with neural 
and synaptic dynamics. This facilitates control over the network and fosters the integration of biological-based 
learning paradigms, including STDP and STP.

In the future, we plan to investigate new training methods based on Triplet STDP and its various configurations 
in combination with STP. While our work shows that the concept of post-training learning does, in fact, enhance 
the model’s performance, additional work is needed to match this SNN model to other problems and datasets. 
Finally, our key idea behind this approach has inspired the addition of other components, such as astrocytes, 
to a trained model to examine the impact of such components on the efficiency and robustness of the network 
against noise and impairment.

Data availability
The MNIST/EMINST datasets, which were used in this study, are publicly available and can be accessed at the 
following link: http://yann.lecun.com/exdb/mnist, ​h​t​t​p​s​:​​/​/​w​w​w​.​​n​i​s​t​.​g​​o​v​/​i​t​l​​/​p​r​o​d​​u​c​t​s​-​a​​n​d​-​s​e​r​​v​i​c​e​s​/​​e​m​n​i​s​t​-​d​a​t​a​s​
e​t. The code related to this study is available from the following link: ​h​t​t​p​s​:​​/​/​g​i​t​h​​u​b​.​c​o​m​​/​R​e​s​e​a​​r​c​h​-​l​​a​b​-​K​U​M​​S​/​S​
N​N​_​​T​r​i​p​l​e​​t​S​T​D​P​_​S​T​P.
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