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Abstract

Brain-inspired spiking neural networks (SNNs) attract broad interest in neuromorphic com-
puting but suffer the problem of being difficult to optimize. Concurrently, pre-trained mod-
els (PTMs) have become a foundation for developing and applying artificial intelligence.
Therefore, it is expected that pre-trained SNNs can alleviate the optimization difficulty of
training from scratch. However, with a lot of PTMs available in the model hubs, effectively
selecting the most appropriate PTM for a given task remains a significant challenge, often
necessitating exhaustive fine-tuning and grid-searching. While several solutions to this chal-
lenge have been proposed for the mainstream artificial neural network (ANNs), aimed at
developing efficient methods to assess the transferability of PTMs on target tasks, the realm
of SNNs remains unexplored. The currently most used transferability assessment method
for ANNs predicts transferability in a Bayesian perspective. Feature maps extracted by the
PTM backbone on the target task are used to calculate the maximum model evidence as
the indicator of transferability. However, ANNs and SNNs differ in architecture, rendering
the existing Bayesian method incompatible with SNNs. To solve this problem, this paper
introduces a novel approach to using the feature maps averaged over the time domain to
calculate maximum evidence. Our proposed Maximum Evidence method with Averaged
Features (MEAF) demonstrates effectiveness for SNNs. Additionally, the current algorithm
calculates maximum evidence in an iterative way. To accelerate the selection of PTMs, an
approximation method is proposed to avoid iteration in the calculation of maximum evi-
dence, significantly reducing time consumption. It is shown through experiment that the
proposed MEAF method is effective for the transferability assessment of SNNs and sur-
passes other information theory-based assessment methods such as LEEP and NCE, which
can directly adapt to SNNs, underscoring its potential to streamline PTM selection and
application in the realm of SNNs.

1 Introduction

Spiking neural networks (SNNs), known as the third generation of neural networks (Maass, [1997)), have
obtained broad attention in the field of neuromorphic computing (Roy et al.l [2019). Inspired by the way
biological neurons communicate with spikes in the brain, neurons in SNNs encode information into sequential
binary spikes, offering a potential way towards energy-efficient machine intelligence (Dampfhoffer et al., 2022)).
Based on its distinctive mechanism, SNNs have achieved outstanding performance in robotics (Bing et al.,
2019; Debat et al., 2021)), event-based vision (Zhu et al., 2022; Hagenaars et al., |2021)), and other fields (Pei
et al.,[2019)). However, SNN models are much harder to optimize compared to ANNs (Wu et al.l |2019; Wang
et al.l |2020)) because of the non-differentiable nature of spiking signals.

Pre-trained models (PTMs) have fueled the development and applications of artificial intelligence (Jiang
et al [2022). In computer vision, neural networks pre-trained on ImageNet (Deng et al.l 2009) exhibit
improved performance (Yosinski et al.l [2014; He et al., |2019; Kornblith et al.l [2019), and recent advances
in vision-language pre-training provide large-scale visual encoders capable of even zero-shot generalization
on downstream tasks (Radford et all [2021; |Jia et all [2021)). Meanwhile, language models self-supervised
pre-trained on a large-scale unlabeled corpus demonstrate in-context learning capabilities (Devlin et al.
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2018; Brown et al.l 2020} Radford et al. 2019 Du et al. 2022)). The pre-training and adaptation paradigm
has become a foundational methodology for the implementation of large neural network models. With lots
of PTMs available, model hubs such as TorchVision (maintainers & contributors| [2016) and Hugging Face
Transformers (Wolf et al., |2020) have attracted widespread interest. It is expected that pre-trained SNNs
can alleviate the difficulty of optimization when training SNNs from scratch.

However, when using PTMs in a model hub, selecting the most suitable PTM for a given task without
exhaustive fine-tuning and grid-searching (You et al.| [2021) remains a challenge. Several model hub schedul-
ing methods have been proposed to address this challenge for the mainstream artificial neural network
(ANN) (Tran et al., 2019; [Nguyen et al., 2020} [You et al., [2021)). They focus on designing efficient methods
to assess the transferability of PTMs on a target dataset and then select the highest-ranked candidate. To
the best of our knowledge, however, there is no research focusing on the scheduling of SNN PTMs. Therefore,
to bridge the gap, it is meaningful to explore model hub scheduling methods for SNN PTMs.

One problem is that not all existing transferability assessment methods for ANNs can be applied to SNNs
directly. Current methods use the pseudo-output (Tran et al) 2019; Nguyen et al., |2020) or the feature
map (You et all 2021} 2022) generated by the PTMs to assess the transferability on the target task. The
pseudo-output approaches, which are information theory-based, including LEEP (Nguyen et al., |2020) and
NCE (Tran et al., 2019), can be applied directly to SNN. However, the feature-based approach logME (You
et al., |2021)), which is more effective on ANNs, cannot be adopted to SNN directly. In this logME approach,
feature maps extracted by the PTM backbone are used to calculate the maximum model evidence as an
indicator of transferability from a Bayesian perspective. Differences between ANNs and SNNs in architecture
render the feature-based methods incompatible with SNNs from two aspects. i) The feature map extracted by
the SNN backbone has an additional temporal dimension, which cannot adapt to the current model evidence
calculation framework. ii) SNNs generate predictions based on the feature with a nonlinear transform, while
the maximum model evidence method for ANNs supposes a linear hypothesis.

Taking these two factors into consideration, this paper introduces a Bayesian method of PTM transferability
for SNNs inspired by the counterpart for ANNs. To match the feature map of SNN with the current
calculation framework of maximum model evidence, we propose to use feature maps averaged through the
time domain for the assessment of transferability. Theoretical analysis shows that the nonlinear transform of
the SNN layer can be estimated by a linear transform with the proposed averaged features, thus satisfying the
linear assumption of the maximum model evidence method. Moreover, the calculation of maximum model
evidence requires MacKay’s algorithm (MacKay, [1999) to maximize the model evidence iteratively. To
further accelerate the selection of PTMs, we propose an approximated maximum model evidence method to
avoid iteration while giving similar results as logME. Experiment results show that the proposed Maximum
Evidence method with Averaged Features (MEAF) is effective for SNNs and outperforms information theory-
based NCE and LEEP. The effectiveness of the approximated maximum model evidence method is also
validated. Our contributions are as follows:

1. We identify the gaps of current Bayesian transferability assessment methods between ANNs and
SNNs, and propose the Maximum Evidence method with Averaged Features (MEAF) for the
assessment of transferability of pre-trained SNNs.

2. To further accelerate the selection of PTMs, we provide an approximated maximum model evidence
method, which avoids iteration while giving effective results.

3. We validate our proposed method through experiments, and confirm that our Bayesian-based method
outperforms information theory-based methods like NCE and LEEP for SNNs.

2 Related works

2.1 Bayesian model selection

Bayesian model selection methods use model evidence (or marginal likelihood) among different hypotheses
as the criterion for selection (Wasserman), [2000)). It is believed that model evidence implicitly incorporates
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the Occam Razor Principle, which balances the complexity and the representation capability of a given
model (Knuth et all [2015). Gull uses model evidence in image reconstruction to determine a critical prior
hyperparameter (Gull, [1989). Inspired by Gull’s work, model evidence is used in the field of machine learning
by MacKay to determine the degree of polynomials in interpolation problems (MacKay, [1992a). It is also
used to get the optimal regularization coefficient in the training of regression (MacKayl, [1992¢) and classi-
fication (MacKay, [1992b) problems, even in multi-layer backpropagation neural network models, for better
generalization performance (Wolpert}, [1992). An algorithm to automatically determine the regularization co-
efficient in linear regression problems is proposed by MacKay by maximizing the model evidence iteratively
(MacKayl {1999).

Evidence-based Bayesian method provides a practical framework to automatically tune the hyperparameters
of deep neural networks without the use of validation data. However, a main obstacle lies in the difficulty of
estimating the model evidence when the model is deep, as conventional methods proposed by MacKay are
only suitable for basic linear regression problems. The Hessian matrix of loss with respect to the trainable
parameters is required to calculate the model evidence, which is impossible to efficiently calculate for large-
scale neural networks. To solve this problem, scalable Laplace approximation is used to calculate model
evidence for deep neural networks (Daxberger et al 2021; Immer et al [2021). However, this process is still
time-consuming and suffers the problem of inaccurate estimation (Kunstner et al.l |2019)).

2.2 Transferability assessment

Assessment of the transferability of PTMs starts from measuring the similarity between the source task where
the models are pre-trained and the target task to transfer. Several distance-based metrics are proposed to
measure the difference between source and target tasks, which gives error bounds of the transferred model
in theory (Ben-David & Schuller] [2003; Ben-David et al. [2006; Mansour et al., |2009)). While it is obvious
that models trained on more challenging datasets have better performance when transferred to simple tasks,
the opposite is not true. Therefore, distance, which is a symmetry metric, is not an ideal measure of
transferability (Nguyen et al., 2020).

As an improvement, some new metrics other than distance have been proposed. [Tran et al.| (2019) uses
conditional entropy (NCE) to estimate the test set accuracy after transfer by calculating the conditional
entropy of the target task relative to the source task. Conditional entropy is calculated based on the
probability distributions to generate source and target tasks. It is asymmetrical and can reflect the difficult
relationship between tasks, achieving good results in experiments.

Contrary to the above methods, Nguyen et al|(2020) no longer uses the relation between tasks as the basis
for evaluation, but instead directly inputs the target tasks into the pre-trained model, and quantitatively
evaluates the transferability through the output of the pre-trained model. They calculate the expected
probability of the real result obtained from the pre-trained model based on the joint distribution between
the results obtained from the pre-trained model and the real result of the target task, as a basis for evaluation.

Model evidence-based Bayesian methods are also used in transferability assessment. Kim et al. (2016) uses
model evidence to select pre-trained convolutional neural network (CNN) models for best feature extraction.
You et al.| (2021; [2022) use model evidence to predict the transferability of different PTMs on a given target
dataset. In this approach, features extracted by the PTMs instead of predicted results are used as the
basis for transferability evaluation. Compared to prediction results, the features extracted from the middle
layer are more universal, so this method can be applied not only to classification problems but also to other
problems such as regression.

3 Methodology

3.1 Background

We consider a supervised learning task on observed data D = {(z;,t;)}¥; with inputs z; € RV and targets
t; € R. SNN model My predicts y; for each input x;, where § € RP stands for the trainable weights of the
model. The model evidence of M on task D is defined as the probability the model generates the observed
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data, which can be calculated by

p(olM) = |

p(D, 8| M)do. (1)
RD

For different candidate models, the best one can be selected by maximizing the model evidence in the
Bayesian perspective.

Model evidence is used to automatically determine the regularization coeflicients in ridge regression tasks.
Given representations f;,i = 1,---, N, the model predicts #;,i = 1,--- , N through a linear transform. It
is known that L-2 regularization is equivalent to subjecting parameters to a Gaussian prior. We denote
the Gaussian prior distribution of the parameters as # ~ N(0,a~'I) and the Gaussian prior distribution of
observed data as t; ~ N'(0% f;, B71).

For determination of regularization coefficients, linear regression models with different regularization coef-
ficients «, 8 are viewed as different candidate models, and the evidence is calculated as a function of «, 8
like

Evidence(a, 8) = p(D|a, B)
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where F € RV*P denotes inputs and t € RV denotes targets, A = oI + SFTF, m = BA~'FTt.

For convenience of calculation, the logarithm of equation [2] is more often used as

N N D 1
L(a,B) = 5 log 8 — 5 log 2w + B log o — g [Fm — > — %me ~3 log det A. (3)

We donate v = Zizl %, where o; is the iy, singular value of FTF.

By iteratively updating «, 8 with MacKay’s algorithm

v
T
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model evidence can be maximized with «, 5 optimized simultaneously.

Linear probe is usually used as a method of transfer learning, especially when the pre-trained backbone is
large (Radford et al., |2021)) as the retraining of large models is sometimes prohibitive. In such a setting,
pre-trained backbones are used to extract representations, and a fully connected layer is used to predict
results based on the representations. This process is a linear transform, and the model evidence can be
calculated analytically.

Therefore, to assess and compare the transferability of different models on target task D, for each pre-trained
backbone M;, evidence L;(«, 3) can be calculated and maximized with MacKays’s algorithm, resulting in
the logarithm of maximum evidence £;(a*, 8*). Eventually, the transferability can be compared in terms of
L(a*, 6*), and the candidate models can be ranked.

3.2 Adapting maximum evidence method to SNN with averaged features

Architectural differences between SNNs and ANNs impede the direct application of existing transferability
assessment methods for ANNs to SNNs. SNN uses multiple time steps to generate results. Therefore, the
feature map extracted by an SNN backbone is a two-dimensional matrix instead of a single-dimensional
vector. Additionally, SNN models use nonlinear transform in classification tasks.
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The most used leaky-integral and fire (LIF) spiking neuron model in SNNs is given by

WO — ) 40707 1),
oM(t) = 1,if ul(t) = uen, ()

o (t) = 0,if ul (t) < ugp.

Each neuron in the last layer is depicted by its membrane potential v € R and output spike o € {0, 1}.
The membrane potential u[(t) will be reset to ug(usually ug = 0) if o(¢) = 1. The spiking frequency is
usually used as the logit of the target category. This nonlinear transform makes existing ANN transferability
assessment methods incompatible with SNNs.

We propose to use features averaged through time steps for the evaluation of the transferability of SNN
PTMs. Consider a pre-trained SNN model with 7" time steps, for input data x, the feature extracted by the
model is f¥) € RP ¢t =1,--- ,T. We donate averaged feature as f = % Zthl f ¢ RP. To get outputs y,
the feature f(!) is processed by equation 5| as

1 I
y= T Zo(t)7 (6)
t=1
ol = s(ul —up), (7)
ul®) = e*%u(tfl)(l — oDy 4 gTF®), (8)

where e~ denotes the decay of membrane potential in a time step At. s() is the function to describe
the spiking behavior of a spiking neuron, giving 1 when input is non-negative and 0 otherwise. wuy, is the
threshold to spike and 7 is a constant to describe the speed of decay.

In the classification problems where targets are 1 or 0, predicted results y; should tend towards their targets.
Suppose that y; is equal to 1, then ogt) =1forallt=1,---,T. Therefore, the membrane potential in each

time step is a linear transform of the feature of this time step as
u =0T 9)

From equation equation EL it is clear that HZ»Tf(t) = > ugp,Vt =1,...,T. Therefore, we can get that

3
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Conversely, for ¢; = 0, we have 87 f < w;,. This shows that the SNN transform of a single layer can be
approximated by a linear classification problem, and then transformed into a linear problem on average
features.

3.3 Accelerating convergence with approximated maximum evidence

MacKay’s algorithm iteratively updates the regularization coefficients and maximizes the model evidence.
However, the convergence of MacKay’s algorithm is not guaranteed (You et all |2022), and the iteration
number might be large in some cases. To reduce the time consumption and thus further improve the efficiency
of model hub scheduling, here we propose an alternative method that avoids the iteration while giving an
approximated result of maximum model evidence based on MacKay’s algorithm (hereinafter referred to
as MacKay’s method). We name our proposed method approzimated mazimum model evidence method
(hereinafter referred to as the approzimated method).

The starting point of designing the approximated version is to make sure that our approximated results share
the same properties as MacKay’s method. To achieve this, we state three properties of MacKay’s method.
These properties describe the invariant of MacKay’s method with some operation on the input feature map.
We design our approximated method adhering to these properties.
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Properties 1 (invariant with stacking). Consider input data F € RN*P and labels t € RY. Suppose that
MacKay’s algorithm converges to o and 8* and the mazimized logarithm of model evidence is L7, then when
input data is stacked q times as [F, ceey F] € RN*P " MacKay’s method converges to ga* and 5*, and the
mazximized logarithm of model evidence L5 equals exactly to L].

Properties 2 (invariant with padding zero). Consider input data F € RN*P and labels t € RN . Suppose
that MacKay’s algorithm converges to o and B3* and the maximized logarithm of model evidence is L7, then
when input data is padded with zeros as [F, 0] € RN*aD " MacKay’s method converges to qa* and B*, and
the mazimized logarithm of model evidence L3 equals exactly to L5.

Properties 3 (invariant with scalar multiplication). Consider input data F € RYN*P and labels t € RY.
Suppose that MacKay’s algorithm converges to a® and 8* and the mazimized logarithm of model evidence
is L%, then when input data is multiplied by a scalar ¢ > 0 as gF € RN*P | MacKay’s method converges to
¢?a* and B*, and the mazimized logarithm of model evidence L3 equals exactly to L.

The proof of properties can be found in reference |[You et al.| (2022)). The proof of properties |3|is given
in appendix B.

The approximated maximum model evidence method is given below.

Consider input feature F € R¥*P and labels t € RV. Let

[lail
A 11
", (1)
m — (\T+FTF) " FTt, (12)
N
60 — 2 2 (13)
[Em —t[|” + Aflm]]
Then the approximate model evidence can be calculated by equation equation [3] with o and fy.
Theorem 1. The model evidence calculated by our method satisfies properties[1], [4, and[3
Proof. See appendix B. O

The experimental results in section 4.4 show that our method gives similar results to MacKay’s method
when the number of samples N is larger than the dimension of features D. Therefore, the approximated
result can serve as an approximated maximum model evidence under such circumstances. Moreover, with
more reasonable prior values, MacKay’s method can be effectively accelerated.

4 Results

4.1 Experimental setup

Datasets The experiment is conducted on both neuromorphic datasets and static datasets. Neuromorphic
datasets are vision datasets recorded with event cameras (Gallego et al., 2020), which are the commonly
used benchmark for SNNs (He et al., |2020)). As SNNs can also apply to conventional frame-based images
(static datasets), we also validate our method on these datasets. For experiments on neuromorphic datasets,
we use ES-ImageNet dataset (Lin et all [2021) for pre-training and DVS128 Gesture, CIFAR10-DVS, N-
Caltech101 and N-MNIST for fine-tuning, and for that on static datasets, the SNN models are pre-trained
on ImageNet (Deng et al., [2009) and fine-tuned on CIFAR10, CIFAR100, Caltech101 and MNIST.

Pre-train SNN models We pre-train SNN models as the foundation of our experiment. We use spike-
element-wise (SEW) ResNet as well as the spiking version of vanilla ResNet (Fang et al.,|2021)) as candidate
PTMs. Eight different kinds of SNN models are used as different kinds of PTMs, the details of which
are given in appendix A. For experiments on neuromorphic datasets, models are pre-trained with Adam



Under review as submission to TMLR

optimizer (Kingma & Bal 2014) with momentum 0.9 and 0.999 for 10 epochs with 8 RTX3090 GPUs. We
use a step learning rate scheduler with an initial learning rate of 0.01, step size 3, and v = 0.3. For
experiments on static datasets, we use PTMs from (Fang et al., |2021]).

Fine-tune pre-trained models The fine-tuning of pre-trained SNN models are as the settings in
logME (You et al.l 2021). The parameters of the pre-trained neural network backbone are frozen dur-
ing fine-tuning, and an FC layer is re-trained as the classifier of the PTMs. On neuromorphic datasets, each
model is re-trained for 200 epochs. The hyper-parameters, learning rate, and weight decay, are determined
by grid-searching from le — 1 to le — 3 and le — 5 to le — 8 respectively. On static datasets, each model
is re-trained for 100 epochs. The same hyper-parameters are determined by grid-searching from le — 1 to
le—3 and le — 5 to le — 7 respectively. The test set accuracy of the best model on the validation set is used
as the ground truth of transferability.

Assessment of transferability For each PTM, the transferability is assessed with MEAF, LEEP, and
NCE. We calculate the logarithm of maximum model evidence on the train set. Note that ranking models
with the maximum model evidence does not require the involvement of the validation or test set. This is also
an advantage of the assessment method over the fine-tuning methods. Same as|You et al.| (2021]), the Kendall
correlation coefficient is used as a metric to evaluate the validity of our assessed score of transferability. Given
N candidate models, {T;,1 <i < N} is the list of their ground truth transferability and {S;,1 <i,< N} is
the list of predicted scores. Kendall’s coefficient 7 gives a quantitative illustration of how the ranking of S;
can stand for the ranking of 7; that when S; > S;, then the probability that T; > Tj is %‘1 (Fagin et al.,
2003)).

4.2 Transferability assessment on neuromorphic datasets

We demonstrate the effectiveness of the maximum evidence method with averaged features on neuromorphic
datasets. The results are shown in figure [I] It is shown that our MEAF method gives the best prediction
result on all datasets, compared to NCE and LEEP. The Kendall coefficients are above 0.8 on all datasets,
meaning that the predicted scores can represent the ranking of real transferability with a probability of more
than 90%. It is also shown that LEEP also gives effective predictions on SNNs but with a lower Kendall
coefficient. Note that on N-Caltech101 and N-MNIST, NCE gives predictions with correlation coefficients
nearly equal to zero. The reason why information theory-based methods do not work well with SNNs is left
for further research.

4.3 Transferability assessment on static datasets

We demonstrate the effectiveness of the MEAF method on static datasets, and the results are shown in figure
Similar to the results on neuromorphic datasets, MEAF gives the best prediction result on all datasets
compared with NCE and LEEP. Although the Kendall coefficients are relatively low in this experiment,
they are still above 0.6 on all datasets, meaning that the predicted scores can represent the ranking of real
transferability with a probability of more than 80%. We suspect that the transferabilities (represented by
the test set accuracy) of the PTMs are much closer in this experiment, thus the Kendall coefficients are
relatively lower than on the neuromorphic datasets.

4.4 Validation of approximated maximum evidence

We first show that the approximated maximum evidence method gives consistent results with MacKay’s
method when the number of samples is large. In this experiment, we generate toy data for linear regression
and add Gaussian noise to the data with different SNRs from -10 dB to 10 dB. The dimension of the features
(D) is fixed at 100 and the number of samples (N) increases from 100 to 3,000. The results are illustrated
in figure 3] showing that the approximated maximum evidence converges to MacKay’s results as N tends to
infinity.

We then validate that the approximated maximum evidence is effective in model hub scheduling. Figure [4]
shows that with the approximated maximum evidence, the Kendall coefficients are above 0.85 on CIFAR10-
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Figure 1: Result of assessed transferability on neuromorphic datasets. The abscissa represents the test set
accuracy on the corresponding dataset, and the ordinate represents the scores of transferability given by
different assessment methods. The first row gives the result of the MEAF. The second and third row shows
the results of LEEP and NCE. Kendall correlation coefficients are labeled in the title of each graph after the
dataset name.



Under review as submission to TMLR

(a) CIFAR10 (0.64) (b) CIFAR100 (0.64) (c) Caltech101 (0.76) (d) MNIST (0.71)
0.22 . . 1.8 . "
] 1.02 ] 0.60 4
A
0.20 1.321
o A 1,01 A
3
5018 1.30 0551
3 1.00
w
g 0.16 1 128+ °
5 ]
5 0.99 . . 0.50
3 014
2 1.26
) - v 0.98 v . v
So121, v 124 045 *
0974 1
0.10 4 ° ¢ . .
* 0964 * 122 ® * 0404 .
0.80 0.82 0.84 0.86 056 058 060 062 064 0.66 088 089 090 091 092 0970 0.972 0974 0.976 0978 0.980
(a) CIFAR10 (0.0) (b) CIFAR100 (-0.07) (c) Caltech101 (-0.11) (d) MNIST (-0.29)
-22040{ * * ve M
~4.5945 1 A | 41575 . ~2.2965 1 v
-2.2042 .
-4.1600 {
- 1 v - J
2.2944 45050 N 22970
-2.2046 . A -4.1625 4
& - -2.2975 2
4 -2.2048 1 -4.5955 -4.1650 =
v
-2.2050 u . 41675 4 -2.2080
-4.5960
-2.29521 ¢ . 41700
-2.2954 . o| 229859 .
229561 ® 459651 . 447254 o .
” T T T T T T T T T T T T T T T ~2.2990 T T T T T T
0.80 0.82 0.84 0.86 056 058 060 062 064 0.66 08 089 090 091 092 0970 0972 0974 0.976 0978 0.980
(a) CIFAR10 (0.21) (b) CIFAR100 (0.57) (c) Caltech101 (-0.11) (d) MNIST (0.57)
-1.98 v v 294 v .
-2.00
-2.00
] -4.15 x -3.09
-2.02 ~2.05 1
-3.1 ]
-2.04 . R . ° 4
-4.20 -2.10
& -2.06 329 A
z
2084 o -3.3 H 2159 v
-4.25
~2.101 -341 o -2201 % o
- . .
-2.12
_4304 . -3.5- -2.25
. . *
214 « « . . .
0.80 0.82 0.84 0.86 056 058 060 062 064 0.66 " 088 089 080 091 092 0970 0972 0974 0.976 0978 0.980
®  SEW-ResNet-18 A SEW-ResNet-50 e SEW-ResNet-152 e Spiking ResNet-34

v SEW-ResNet-34 W  SEW-ResNet-101 *  SpikingResNet-18 @  Spiking ResNet-50

Figure 2: Result of assessed transferability on static datasets. The abscissa represents the test set accuracy
on the corresponding dataset, and the ordinate represents the scores of transferability given by different
assessment methods. Kendall correlation coefficients are labeled in the title of each graph after the dataset
name.
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Figure 3: Consistency between the results of MacKay’s algorithm and our approximated result on toy data.
Dimension of feature (D) is fixed as 100 and the number of samples (N) is 100, 3,000, 1,000, and 3,000
from (a) to (d). The abscissa represents the SNR of the toy data, and the ordinate represents the scores of
transferability given by MacKay’s method and our approximated method.

(a) CIFAR10-DVS (0.93)

Figure 4:
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Result of assessed transferability on neuromorphic datasets with approximated maximum evi-

dence. The abscissa represents the test set accuracy on the corresponding dataset, and the ordinate represents
the scores of transferability given by the approximated maximum evidence method. Kendall correlation co-
efficients are labeled in the title of each graph after the dataset name.
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Figure 5: Result of assessed transferability on static datasets with approximated maximum evidence. The
abscissa represents the test set accuracy on the corresponding dataset, and the ordinate represents the scores
of transferability given by the approximated maximum evidence method. Kendall correlation coeflicients are
labeled in the title of each graph after the dataset name.

DVS, N-MNIST, and N-Caltech101 datasets, which is not lower than the results of MacKay’s method. On
the DVS128 Gesture dataset, the Kendall coefficient is 0.62, which is still higher than LEEP (0.4) and
NCE (0.4). The results on static datasets (Figure [5)) give the Kendall coefficient not lower than the results
by MacKay’s method in CIFAR10, CIFAR100 and Caltech101 datasets. For MNIST dataset, the Kendall
coefficient is 0.57, lower than the result of MacKay’s method (0.71), but still comparable to the better results
given by LEEP (-0.29) and NCE (0.57).

5 Discussion

This paper introduces a novel approach to assessing the transferability of SNN PTMs. We highlight the
challenges of directly applying the existing Bayesian method to SNN transferability assessment and propose
the MEAF method to address these issues. Additionally, an approximated maximum evidence method is
introduced to reduce the computational time of model hub scheduling. We hope this work can help SNN
PTMs be more widely and efficiently used.

Our work is limited in the diversity of SNN PTMs. There are currently no large-scale SNN model hubs,
and our computational resources for pre-training are restricted. A more extensive collection of SNN PTMs
would enhance the accuracy and generalizability of our conclusions.
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A Appendix

A.1 Details of pre-training SNNs

We use SEW ResNet [Fang et al.| (2021) and a spiking version of vanilla ResNet as candidate PTMs. On
neuromorphic datasets, the accuracy on valid datasets is shown in Table [l We use the same model archi-
tectures as in [Fang et al,| (2021). To adapt the neuromorphic dataset, we modified the input layer of the
model, as shown in Table 2l The unchanged hyper-parameters are not notified in the table. The number of
time steps on static datasets is 4 to be consistent with |Fang et al. (2021]) and 8 on neuromorphic datasets
for better leverageing the temporal dimension of SNNs.
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Table 1: Pre-training SNN models on ES-ImageNet dataset

MODEL TOP 1 ACCURACY TOP 5 ACCURACY
SEW ResNet-18 0.3443 0.5840
SEW ResNet-34 0.3507 0.5922
SEW ResNet-50 0.3140 0.5470
SEW ResNet-101 0.3031 0.5347
SEW ResNet-152 0.2615 0.4956
Spiking ResNet-18 0.3156 0.5486
Spiking ResNet-34 0.2376 0.4475
Spiking ResNet-50 0.1661 0.3568

Table 2: Modification of the input layer of the model on neuromorphic datasets

ORIGINAL (STATIC) NEUROMORPHIC

Conv2d(in_ channels=3) Conv2d(in__channels=2)
Batch normalization Batch normalization
LIF AvgPool2d(kernel _size=3)

MaxPool2d(kernel _size=3) LIF

A.2 Proofs

A.2.1 Proof of Properties 3]
Proof. The logarithm of maximum evidence is calculated as equation
ﬂ*

N D N * 1
Ing*+ —Ina* — —1In27r — % [Fm —t)* — =mTm — §lndetA,

L= 2 2 2

where A = o*I + *FTF, m = B*A~'FTt.
When the input data F is multiplied by ¢ as F = gF, let & be ¢%a* and 5 be £*, we have
A= Pa*1 + B gFT¢F = ?A,
~ * A —1T 1
m=p"AT"F't=-m,
q
det A = ¢*P det A.

L5 is the maximum of logarithm of model evidence over o and 3. Therefore we have

L > La(q*a”, B7)

N D N
= Elnﬂ*—l——lana*— 5111277— %

2
N D N * * 1
= Elnﬂ* + Elna* - 5111271'— % [Fm —t|° — %me— ilndetA

=L].
Similarly we have £} > L5. Therefore £] = L£5.
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A.2.2 Proof of Theorem [
Proof. Consider input data F and label t. Let approximated maximum model evidence as L"f‘.

We first prove the case of properties When the input data F is stacked ¢ times as F = [F,...,F].
|F||, = o1 increases /q times, where ; denotes the first singular value of F. N is unchanged in this case.
Therefore, A is ¢ times larger for F.
From the proof of properties [1|in [You et al.| (2022)), we have

Im
q
m=|:|. (20)

lm
q

Therefore we have 50 = By, = XE = ga. From the proof of properties |1] in [You et al.| (2022)), we have
L= L4

Then we prove the case of properties [2l When the input data F is stacked ¢ times as F= [F,0]. H]?‘H2 =0
keeps the same and N is unchanged as well. Therefore, A unchanged for F.

From the proof of properties [1|in [You et al.| (2022]), we have

m:[ m ] (21)

0(—1)Dx1

Therefore we have 50 = Py, = Xﬁ = «. From the proof of properties |1| in [You et al.| (2022), we have
LY=L
We prove the case if properties |3l When the input data F is multiplied by q as F = ¢F. Hl*:”2 = 0 increases

q times and N is unchanged. Therefore, A increases ¢ times for F.

From the proof of properties [3] we have

1
m=-m. 22
. (22)
Therefore we have 50 = By, ¢ = XB = ¢%a. From the proof of properties [3| we have £ = Ef. O

A.3 Validation of approximated maximum evidence

Table 3: Tteration number used for MacKay’s method

MODEL CIFAR10-DVS DVS128Gesture N-MNIST N-Caltech101 CIFAR10 CIFAR100 Caltech101 MNIST
SEW ResNet-18 6.0 5.2 2.3 7.9 2.0 3.2 4.3 1.1
SEW ResNet-34 5.6 5.2 3.3 7.6 2.0 3.0 4.0 1.4
SEW ResNet-50 4.5 6.3 4.0 7.1 3.1 44 6.5 2.0
SEW ResNet-101 3.6 6.6 3.5 6.3 3.2 4.3 6.3 2.1
SEW ResNet-152 4.1 6.8 3.7 5.3 3.1 4.2 6.3 2.0
Spiking ResNet-18 6.0 5.3 3.1 8.0 2.1 3.4 4.6 1.1
Spiking ResNet-34 5.0 5.3 2.9 7.0 2.1 34 4.8 0.7
Spiking ResNet-50 3.5 5.9 2.9 6.2 3.2 5.0 7.2 2.3
Average 4.8 5.8 3.2 6.9 2.6 3.9 5.5 1.6

Here we give the average number of iterations required for MacKay’s method in Table The stopping
criterion for the convergence of MacKay’s algorithm is set such that the relative error between two successive
a/B is less than 0.01. This is a relatively lenient stopping criterion; employing a stricter criterion would
result in a higher number of iterations.
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Figure 6: Compare scores given by the approximated method and MacKay’s method. Kendall correlation
coeflicients are labeled in the title of each graph after the dataset name.

We also demonstrated a strong correlation between the approximated maximum evidence and those obtained
using MacKay’s algorithnff] It is worth noting that the correlation is relatively low on the DVS128Gesture
dataset. We believe this is because the DVS128 Gesture is a very small dataset, with only 1176 samples in
the training set (Amir et al.| [2017)), which contradicts our assumption of the number of samples being much
greater than the dimension of features.
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