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Supporting Information Text

1. Quantitative comparison to previous methods for training SNN

In this section, We provide a quantitative comparison to previous methods for training SNN on the MNIST dataset under
similar conditions as ours (table. S1). The following metrics are compared: accuracy for continuous-valued model (ANN
and MNN) and the accuracy for SNN after convergence given sufficient time, inference time per sample, the total number of
spikes per inference. The parameter settings including network size, membrane time constant, and firing threshold, and the
techniques used are also commented. We find that while all methods summarized here can achieve similar performance in
terms of the final accuracy, our method is superior in terms of inference time and the number of spikes (proportional to energy
cost on neuromorphic hardware). Previously, best inference time and energy saving are achieved with post-training weight
normalization. Here, the MNN provides an alternative approach with competitive performance without any post-training
optimization or extra parameters during training.

For meaningful comparison, we have only included results based on fully connected feedforward networks and exclude
convolutional networks, as currently there is no available code infrastructure for convolution kernel for covariance computation.
While generalizing the standard convolution kernel to second-order is conceptually straightforward, its efficient numerical
implementation is better suited for a future study. For this reason, we have not included comparisons with CIFAR-10 as this
dataset is most commonly solved using convolution networks (1–3). We also restrict our comparison to models using rate coding
and exclude those using time coding or rank-order coding (2, 4). We have included comparisons to gradient-based learning
methods, both conversion-based and direct, and excluded comparisons to methods using spike-time dependent plasticity.

While we can’t directly compare the training results to that presented in ref. (5), as they consider exclusively convolutional
neural networks, it is instructive to compare the general approach and the theories (which is independent of the specific model
architecture). In brief, the authors in ref.(5) analyzed the relationship between the sample spike count and the input rate,
and identified the source of error during ANN-to-SNN conversion (see Eq. 5 of their paper). They then showed how various
techniques (specifically, weight normalization, using subtraction rather than hard reset in SNN, and using analog input instead
of Poisson spikes) can be used to improve ANN-to-SNN conversion by eliminating this conversion error. The essential difference
of this approach from ours is that these techniques are applied after training is done, whereas our model does not require any
post-training optimization. This is because the MNN represents a tight approximation to SNN in the first place. In other words,
the conversion error is already minimized before training, if not completely eliminated. This is why we refer our approach as
‘reconstruction’ of SNN from MNN as opposed to ‘conversion’ of ANN to SNN. However, it is important to point out that our
method does not exclude post-training optimization. In the future, both techniques can be applied in tandem to further boost
performance in SNN.

There are a number of benefits by considering probabilistic coding, both in terms of learning and inference. For learning, by
considering the second-order moments of the spiking neurons, the immediate benefit is that we obtain the MNN as a tight
approximation to the SNN, allowing us to reconstruct the SNN without any post-training optimization (as pointed out above).
Another benefit is that by considering the stationary statistics, the MNN avoids the need to deal with temporal dynamics
and thus does not require backpropagation-through-time. For inference, our approach can reduce the variance in the model
prediction by manipulating correlated neural activity (in line with theories of neural population code), and in turn improve
inference speed.

2. Model settings for larger datasets

The Fashion-MNIST dataset consists of grayscale images of clothing items belonging to 10 categories, with 60,000 images for
training and 10,000 images for validation. The CIFAR-10 dataset consists of natural images belonging to 10 categories, with
50,000 training images and 10,000 validation images. We adopt a feedforward model configuration similar to the one used
for the MNIST dataset, and encode the pixel intensities of each image into Poisson spike trains. For the Fashion-MNIST
dataset, our models consist of an input layer with 784 neurons, a hidden layer with 1000 neurons, and a linear readout with
10 units. For the CIFAR-10 dataset, the models consist of an input layer with 3072 neurons, three hidden layers (each with
1000 neurons), and a linear readout with 10 units. We train MNN models on these datasets with three different loss functions:
the moment cross-entropy (MCE) loss with readout times ∆t = 1 or 10 ms, and the standard cross-entropy (CE) loss. As a
reference for comparison, we also train conventional artificial neural networks (ANNs) with ReLU activation and identical
network architectures (using CE loss). In both tasks, we employ AdamW with default hyperparameters (a learning rate of
0.001 and a weight decay of 0.01) to train these models for 30 epochs and repeat the experiments 5 times. Furthermore, we
reconstruct spiking neural networks (SNNs) from the trained MNN models and evaluate the classification accuracy of the
corresponding SNNs by running simulations for 100 ms with a time increment of δt = 1 ms, averaged over 100 trials.

3. Comparison of spike count distributions between MNN and SNN

To further demonstrate that the MNN faithfully captures the distributions of spiking activity of the reconstructed SNNs, we
compare the spike count distribution obtained from simulations of the SNN to that predicted by the MNN. To do so, we run
simulations of the SNN to perform inference on the MNIST dataset, using the same model structure as presented in the main
text, and record the spike count of hidden layer neurons over a 1000 ms time window across 500 trials. For this purpose, a time
step of δt = 0.01 ms is used for simulating the SNN.
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Figure S2a shows the spike count distributions of 10 representative neurons (out of 1000 hidden neurons) for a randomly
picked input image. The neurons shown cover a wide range of mean firing rate and Fano factors. Specifically, we first group the
neurons according to their mean firing rates (five bins in the range of 0-150 Hz) and Fano factors (five bins in the range of 0-1),
and then pick a random neuron from each group. The panels in Figure S2a are organized in a way that the mean firing rates
increase from top to bottom whereas the Fano factors increase from left to right, with each row corresponding to neurons with
similar mean firing rate and each column to neurons with similar Fano factors. Note that no neuron is found with both a high
firing rate and a high Fano factor. We find that the spike count histograms as obtained from simulations of the SNN match well
to the predictions by the MNN (orange curves, which show gamma distributions with mean and variance given by the MNN).

To show the MNN also captures the joint distributions, we show the joint histograms between pairs of neurons and compare
them to the prediction by the MNN. Figure S2b and Fig. S2c show the marginal joint probability density functions of the
spike counts of pairs of neurons with similar mean firing rates (neuron 0, 1, 2, 3, 4) and similar Fano factors (neuron 0, 5, 8, 9,
10), respectively. The heat maps indicate the histograms obtained from simulations of the SNN and the orange ellipses indicate
the covariance calculated by the MNN (scaled to 2 units of standard deviation).

4. Analysis of backpropagation in the moment neural network

In gradient-based learning, what differentiates one learning algorithm from another is how the gradient ∂L/∂θ is estimated. It
is therefore instructive to analyze how backpropagation is computed in MNN and how it differs from other methods. Consider a
feedforward network with n hidden layers, with each hidden layer consisting the components shown in Fig. 2b. For compactness,
denote the output of the k-th hidden layer as Λ(k) = (µ(k), C(k)) which groups together the mean µ(k) and covariance C(k) of
neural activity into a single vector with 1

2N(N + 1) independent elements. The gradient of the loss function with respect to
the model parameters θ(k), which encompasses the synaptic weights w(k) and the scale and bias parameters γ(k), β(k), and
Cext,(k), can be expressed as

∂L

∂θ(k) = ∂L

∂Λ(n)

[
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∂θ(k) . [1]

The gradient of each hidden layer can be further written out as
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where each block, from left to right, represents the Jacobian matrix of the moment activation, the moment batchnormalization,
and the synaptic summation, respectively. In practice, the backpropagation is implemented using Pytorch’s efficient autograd
functionality, with custom gradients for the moment activation.

Specifically, the gradients for the moment activation [equations (13)-(15) in the main text] are

∂L

∂µ̄i
= ∂L

∂µi

∂µi
∂µ̄i

+ ∂L

∂σi

∂σi
∂µ̄i

+ 2∂χi
∂µ̄i

Γi [3]

∂L

∂σ̄i
= ∂L

∂µi

∂µi
∂σ̄i

+ ∂L

∂σi

∂σi
∂σ̄i

+ 2∂χi
∂σ̄i

Γi, [4]

∂L

∂ρ̄ij
= ∂L

∂ρij
χiχj , i 6= j [5]

where

Γi =
∑
l6=i

(
∂L

∂ρil
ρil

)
χl. [6]

Here, ∂L
∂µi

, ∂L
∂σi

and ∂L
∂ρij

are the inputs of the backward pass, ∂L
∂µ̄i

, ∂L
∂σ̄i

and ∂L
∂ρ̄ij

are the outputs of the backward pass. The
derivatives of µi, σi and χi with respect to µ̄i, σ̄i are evaluated using the formulae provided in (6).

The general form of backpropagation for the MNN, as revealed by equation (1) and (2), is directly analogous to the
backpropagation for rate-based ANNs, as MNN is a natural generalization of ANN to second-order moments. The key difference
is that the gradients not only flow through the mean firing rate µ but also the covariance C. To illustrate the idea, consider
the Jacobian matrix for the moment activation. There are two ways covariance contributes to the gradient estimation, one of
which is through terms directly containing partial derivatives of, or with respect to, covariance (i.e. ∂µ

∂C̄
, ∂C
∂µ̄

, and ∂C
∂C̄

), and the
other through indirect augmentation of the partial derivatives involving only the mean ∂µ

∂µ̄
. In the latter, the role of the input

covariance can be interpreted as dynamically controlling the steepness of the mean activation (as can be seen from Fig. 2b),
with a larger input variance leading to a smoother gradient.

It is also interesting to compare equation (1)-(2) with direct gradient estimation based on the temporal dynamics of SNN.
The most widely adopted approach is backpropagation through time (BPTT) applied directly to the membrane potential
dynamics (7–11). These methods typically involve surrogate gradients for dealing with discontinuous jumps of membrane
potential. However, BPTT and its variants for training SNN are best suited for discrete-time SNN models. For continuous-time
SNN models, the neuronal dynamics must first be discretized and unwrapped in time, which may lead to higher cost when finer
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temporal resolution is required. Another approach to evaluating the gradient is through spike time coding (4, 12), allowing for
exact gradient to be computed. The moment embedding approach presented here provides a way to train continuous-time
SNN, without explicitly dealing with temporal dynamics.

5. Comparison to existing approaches to training spiking neural networks

The moment embedding developed in this study leads to a novel approach to training spiking neural networks (SNN) under the
principle of stochastic neural computing (SNC). Here, we briefly review existing approaches to training SNNs and compare
them to ours.

Existing approaches to training SNN can largely fall into two categories: ANN-to-SNN conversion and direct SNN training
methods (13, 14). In ANN-to-SNN conversion, a standard artificial neural network (ANN) is pre-trained using traditional
backpropagation algorithms, and then converted to an SNN model by mapping the ANN parameters onto SNN. These
rate-coded network conversion often results in accuracy loss and relatively high inference latency. Many works have focused on
transferring weights from ANN with continuous-valued activation to SNN and setting the firing threshold of neurons layer by
layer to achieve near-lossless performance but poor latency (5, 15, 16); other approaches have also been proposed to improve
the accuracy while trying to reduce the inference time steps and keep the event-driven sparsity for better energy efficiency (17).

Direct approaches to training SNN, on the other hand, use backpropagation-through-time to optimize the parameters
of an SNN directly (14, 18, 19). This requires formulating the SNN as an equivalent recurrent neural network with binary
spike inputs. This enables emergent spike-timing codes which convey information with the relative timing between spikes for
efficient sparse coding. The main challenge of direct training is due to the discontinuous, non-differentiable nature of spike
generation. Diverse methods have been proposed to solve the problem by defining surrogate gradient or spike time coding to
enable backpropagation; some examples include spike layer error reassignment (SLAYER) (8), spatiotemporal backpropagation
(STBP) (9), and local online learning via eligibility propagation (e-prop) (11). In general, direct training approaches tend to
achieve fewer spikes, lower latency and energy consumption, but need to overcome difficulties on convergence and performance
degradation as network size increases (14).

Our approach represents significant advances over previous methods, both conceptual and practical. Conceptually, the
moment embedding approach overcomes previous challenges of mapping continuous-valued neural network models to their
spiking counterparts by deriving the moment representation of spiking neural activity from first principles. As a consequence,
the MNN can serve as an effective proxy for training SNN, not by conversion but by reconstruction, as the MNN represents a
tight approximation to SNN under the view of probabilistic coding. The practical benefit this brings about is that no extra
parameters are introduced both before and after training. As illustrated in Fig. 2b, the only trainable parameters in the MNN
are the synaptic weights, and the scaling factors and biases in the moment batch normalization. Notably, the dimensionality of
these trainable parameters are identical to its ANN-counterpart. We find that the performance of MNN is comparable to its
ANN counterpart under the same network structures (see table 2 in the main text). In contrast, ANN-to-SNN conversion
requires extra parameters or various post-training optimization techniques to eliminate conversion error, such as manually
adjusting the firing threshold and the scaling of firing rate at the input layer (15), modifying or adding trainable parameters to
the activation function (1, 3, 16), weight scaling (20) and weight normalization (5, 15). We point out that our method does
not prohibit post-training optimizations and both techniques can be applied in tandem in the future to further boost the
performance of the SNN. Additionally, ANN-to-SNN conversion is often criticized for its reliance on rate coding that leads
to slow convergence in the converted SNN. It has been suggested that post-training weight normalization could improve the
convergence (15). Here, by generalizing ANN to second-order moments, the MNN enables the representation of uncertainty and
subsequently reduction of the inference time through manipulating correlated neural variability. Our approach thus provides
not only an alternative way to train SNN but also insights to how it operates through the lens of stochastic neural computing.
See table S1 for a quantitative comparison of performance between different methods.

A number of studies have explored how noise can be exploited for various benefits during learning by using simplified
probabilistic spiking neural network models (21–23). By modeling spike generation as a Bernoulli process with firing probability
depending on the neuron’s input, it has been shown that a three-factor learning rule can be recovered from a probability
learning objective (22). Using simplified binary neural network with stochastic synapses, it has been shown that multiplicative
synaptic noise can lead to intrinsic weight normalization during learning (24). However, these simplified models are limited
to uncorrelated neural spiking activity. By exploiting the spiking neuron’s innate ability to nonlinearly couple signal and
noise, our work demonstrates for the first time the learning and implementation of stochastic neural computing in spiking
neural networks with correlated neural variability, and highlights how noise correlation can be exploited to reduce prediction
uncertainty and in turn enhance inference speed.

6. Role of hidden neurons as accuracy and precision contributors

In the main text, we have demonstrated a moment closure approach to training SNN. To better understand the functional role
of correlated variability and underlying computational processes, we now turn to analyzing the coding properties of the trained
network.

To understand how the activity states of hidden layer neurons affect task performance, we can think of how they shape the
geometry of the readout distribution relative to the decision boundary. If an infinite readout time is allowed, the situation is
simple as the only goal is to make the readout mean lie within the domain of correct prediction. However, for any finite readout
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time, the readout is a distribution so we want to maximize the probability mass for correct predictions. Under this scenario, we
can either shift the readout mean or shape the readout covariance so that the readout distribution overlaps with the domain of
correct prediction as much as possible. Figure S1a shows a conceptual illustration of different ways the readout distribution
can be manipulated to influence inference accuracy and precision. Here, we focus our analysis on the those input images that
are correctly classified. Note that only the components perpendicular to the decision boundary affect the probability mass of
correct predictions.

Since the readout is linear we can straightforwardly inspect the contributions from individual neurons or neuronal pairs
to the readout moments. Specifically, the contribution from neuron k to the readout mean is wikµk and the contribution
from neuronal pair (k, l) to the readout covariance is wikCklwjl, where wik are the readout weights and µl and Ckl are mean
and covariance of hidden neurons. In all proceeding analysis, the readout index i is ranked such that the readout mean
µ̂i =

∑
k
wikµk is in descending order. To further simplify, we focus on the readout dimensions with the largest and the

second largest means and consider the marginal distribution within this two dimensional space. This is justified as long as a
specific readout distribution does not overlap significantly with the other class domains. As we have shown in Fig. S1a, only
contributions in the direction perpendicular to the decision boundary affects task performance. Therefore, we can project
individual contributions to the readout along the direction v = (1,−1)/

√
2. This leads to the scalar quantities

δµ̂⊥k = 1√
2

(w1k − w2k)µk, [7]

and
δσ̂2,⊥
kl = 1

2 [w1kCklw1l + w2kCklw2l − 2w1kCklw2l], [8]

which we refer to as normal contributions to readout mean and variance, respectively. Assuming that i = 1 corresponds to
the correct prediction, then a positive or negative δµ̂⊥i would imply a positive or negative contribution to inference accuracy,
respectively. Similarly, a negative δσ̂2,⊥

kl would imply a reduction in uncertainty and thus an improvement to inference precision.
For the readout variance, tracking contributions from all neuronal pairs is a daunting task so we calculate instead the overall
contribution by an individual neuron as

δσ̂2,⊥
k = δσ̂2,⊥

kk + 1
2
∑
l 6=k

δσ̂2,⊥
kl . [9]

Similar analysis can be performed for incorrectly classified images by considering the marginal readout distribution on the
dimensions corresponding to the target class and the highest mean read out, with the role of covariane reversed.

Using these measures, we can now systematically categorize hidden layer neurons based on their contributions to task
performance. Again, we restrict our analysis below to correctly classified input images. To provide an overview, for each hidden
neuron, we calculate the normal contributions averaged over all input images, denoted as 〈δµ̂⊥k 〉 and 〈δσ̂

2,⊥
k 〉, respectively. Next,

we map all hidden neurons to the plane spanned by 〈δµ̂⊥k 〉 and 〈δσ̂
2,⊥
k 〉, as shown by the scatter plots in Fig. S1b. The average

contributions over all neurons are found to be 0.0057 for readout mean and 0.0031 for readout variance, as indicated by the
lines in Fig. S1b. We can then broadly categorize a hidden neuron as an accuracy contributor if its normal contribution to
readout mean is above average and a precision contributor if its normal contribution to readout variance is below average. We
find that among 1000 hidden neurons, 480 are accuracy contributors, 567 are precision contributors, 214 are simultaneously an
accuracy contributor and a precision contributor, and 167 are neither.

Given this overview, we next analyze a neuron’s stimulus selectivity by calculating the average contributions to readout
mean and variance over images belonging to a specific class c, denoted as 〈δµ̂⊥k 〉c and 〈δσ̂

2,⊥
k 〉c, respectively. To provide some

intuition, we first present the normal contributions to readout mean and variance by a representative neuron (neuronal index
5), as shown in Fig. S1c. This neuron’s selectivity for certain image classes can be clearly seen. The average contributions for
each image class are summarized in Fig. S1d. The lines mark the global average calculated from all images and all neurons as
in Fig. S1b. It can be seen that this neuron’s contributions to readout mean are above global average for image class ‘0’ and
‘1’, whereas its contributions to readout variance are below global average for all input class except ‘7’ and it even reduces
uncertainty for image class ‘9’. This example demonstrate that the role of a neuron as an accuracy or a precision contributor
may change depending on the input class. By repeating this analysis for all neurons, we construct heatmaps showing their
contributions in classifying different input classes, as shown in Fig. S1e. Here, 100 representative neurons are shown, evenly
spaced according to their rank calculated from their overall contributions to readout mean. In general, the neural code in the
trained network is highly distributed such that each neuron can play multiple roles across different input classes.

7. Validity of moment closure up to second order

A question arises regarding the validity of moment closure with only the first and second order moments. As we have shown,
the spike count distributions obtained from simulations of the SNN well match to that predicted by the MNN (see Fig. S2),
indicating the validity of using second-order moments for modeling stochastic neural dynamics. The validity of this approach
is also supported by experimental and theoretical evidence. It has been found that the collective behavior exhibited by the
neural population in the vertebrate retina is well accounted for by a model that captures the observed pairwise correlations but
assumes no higher-order interactions (25). A theoretical study investigates the effect of higher-order moments in a stochastic
binary neural network model (26) and has found that in a weakly correlated state, the contributions from higher-order moments
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to the network dynamics are significantly smaller than pairwise interactions. This suggests that the first two moments are quite
sufficient for modeling the stochastic dynamics of neural activity. While second-order moments do not provide the complete
information about a joint probability distribution, they nonetheless provides a rich description of of fluctuating neural activity
as compared to uncorrelated Poisson or binary neurons commonly assumed in the literature.

8. Spiking neural network implementation on Loihi

Loihi is a digital, event-driven asynchronous circuit chip implementing discrete-time spiking neural network model (27–29).
Each Loihi chip contains 128 neuromorphic cores and 3 low-power embedded x86 CPU cores. Every neuromorphic core has
up to 1K leaky integrate-and-fire (LIF) neurons, implementing a total of 128K neurons and 128M synaptic connections per
chip for spike-based neural computing. Embedded CPU cores are mainly used for management as well as bridging between
conventional and neuromorphic hardware. Single Loihi chip could show orders of magnitude improvements in terms of low
power consumption and fast processing speed on certain tasks compared with conventional hardware. Loihi implements a
discretized version of the LIF neuron model as follows

Vi(t) = (1− 1
τv

)Vi(t− 1) + Ii(t) + β, [10]

Ii(t) = (1− 1
τu

)Ii(t− 1) +
∑
j

wijsj(t), [11]

where Vi(t) and Ii(t) represent the membrane potential and synaptic current received by the ith neuron at a discrete time step
t, respectively, and sj(t) represents binary spike trains of pre-synaptic neurons. The quantities τv, τu, and β represent the
membrane time constant, synaptic time constant, and bias current, respectively.

The following parameter setting is used to match the discrete LIF model [equation (11)] implemented by Loihi to the
continuous LIF model [equation (6) in the main text]. First, the synaptic current time constant τu is set to be infinite so that
the synaptic current becomes a weighted sum of input spikes. Second, we use exact solution of the subthreshold membrane
potential rather than the Euler scheme for numerical integration to accommodate larger simulation time step δt, which is often
desirable for saving energy on hardware. As a result, the membrane time constant is set to be 1

τv
= 1− e−Lδt and the bias

current is set to be βi = 1
L

(1− e−Lδt)Iext
i , where Iext

i is the external input current in the continuous model. By default, we set
L = 0.05 ms−1 and δt = 1 ms.

Since Loihi only supports 9-bit signed integer representation of synaptic weights taking values in the range [−256, 254],
appropriate rescaling is needed to map the synaptic weights from physical units to this 9-bit representation. Specifically, a
factor of k = 254

max(|ŵMNN|) is used to scale the synaptic weight, the membrane potential and the bias currents, which are rounded
down to integer values afterward.

One nuance regarding the hardware implementation is how to emulate the linear readout [equation (??)] used in the
continuous model. This is achieved with an output layer consisting of perfect integrator neurons (L = 0) with infinite firing
threshold. Under this setting, the linear readout y is equivalent to the membrane potential in the output layer divided by the
readout time T , which can be recorded by the hardware. The model prediction is based on the output neuron with the highest
membrane potential.

Performance of hardware implementation of an SNN is typically characterized by a number of key metrics including accuracy,
energy consumption, and latency (also known as delay). Accuracy measures the fraction of correctly predicted samples in the
dataset averaged across trials. Energy consumption measures the dynamic energy consumed by the neuromorphic cores per
inference, whereas delay measures the elapsed wall time per inference. Both energy consumption and delay are measured by
the on-board probe of Loihi Nahuku-32 board using NxSDK version 2.0.
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Fig. S1. Coding properties of hidden neurons. a, Illustration of different ways readout mean and covariance influence task performance. Solid line indicates the decision
boundary, the area below which corresponds to correct predictions. Dots and ellipses indicate mean and covariance of readout distributions, respectively. b, Normal contributions
to readout mean and variance averaged over all input images. Each dot corresponds to a hidden neuron. c, Normal contributions to readout mean and variance by one hidden
neuron. Each dot corresponds to an input image and colors represent image classes. d, Normal contributions in c averaged over all input images in each class. e, Normal
contributions averaged over all input images for 100 representative neurons evenly spaced according to their rank calculated from the normal contributions to readout mean
shown in b.
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a

b c

Fig. S2. Comparing spike count distributions between MNN and SNN. a, Spike count distribution of representative neurons in the hidden layer. Histograms corresponds to
spike counts obtained from simulations of the SNN over 1000 ms time window across 500 trials. Orange curve shows gamma distributions with mean and variance calculated
from the MNN. b, Marginal joint probability density of the spike counts of pairs of neurons with similar mean firing rates (neuron 0, 1, 2, 3, 4). c, Marginal joint probability density
of the spike counts of pairs of neurons with similar Fano factors (neuron 0, 5, 8, 9, 10). Heat map indicates the probability density obtained from simulations of the SNN; orange
ellipse indicates covariance calculated by the MNN (scaled to 2 standard deviations).
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Fig. S3. Illustration of feedforward weights received by individual hidden neurons. Weights to 100 representative neurons are shown, ranked according to their normal
contributions to readout mean averaged over all input images. The ranking proceeds from left to right, and top to bottom, from the highest normal contribution to the lowest.
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Table S1. Comparison of different methods for training spiking neural network on the MNIST dataset. IF indicates integrate-and-fire model
without leak.

Network structure Accuracy %
(ANN/SNN)

Inference time
(ms)

#spikes τm (ms) Vth (mV) Techniques

Conversion

Hunsberger et
al. (3)

784-500-200-10 -/98.37 n/a n/a 20 20 Activation smoothing; Addi-
tive noise

Diehl et
al. (15)

784-1200-1200-
10

98.68/ 98.64 6† 1146* IF 1 Weight normalization

98.68/ 98.48 200* 2525* IF 4 Manual adjustment of firing
threshold

Direct

Lee et
al. (19)

784-800-10 -/98.71 1000 n/a 20 adaptive BPTT with error normaliza-
tion; weight and threshold
regularization

Wu et
al. (9)

784-800-10 -/98.89 30 n/a 0.1 ms 1.5 STBP

Yan et
al. (2)

784-256-64-10 -/98.5 10 1148 1.11 ms 1.5 G-STBP; Sparsity regular-
ization

Reconstruction

MNN (this
study)

784-1000-10 98.45/ 98.43 6.6† 985 (300 in hid-
den layer)

20 ms 20 Moment embedding

* Estimated from Fig. 2 of their paper.

† At 99.6% of maximum accuracy.
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