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Abstract—Federated machine learning enables model train-
ing across multiple participants while preserving data privacy.
Vertical Federated Learning (VFL) handles scenarios in which
participants have different feature sets for the same samples.
Although Spiking Neural Networks (SNNs) offer efficiency advan-
tages over Artificial Neural Networks (ANNs), their applicability
in a VFL scenario remains unexplored. This paper examines
SNNs in VFL, implementing and evaluating two architectures—
with and without model splitting— using CIFAR-10 and CIFAR-
100 datasets with VGG9 and ResNet models. The evaluation
results show that SNNs achieve an accuracy comparable to that
of ANNs in VFL while being significantly more energy efficient.

I. INTRODUCTION

Federated Learning (FL) enables collaborative machine
learning while preserving data privacy by avoiding direct data
exchange among participants/users [1], [2], [3], [4]. Vertical
Federated Learning (VFL) [5] is a specialized form of FL
in which each participant has a different set of features
for the same samples, which makes it essential for privacy-
sensitive domains such as finance and healthcare. Although
VFL has been widely studied with Artificial Neural Networks
(ANNs) [6], its integration with Spiking Neural Networks
(SNNs) remains underexplored. Neuromorphic computing pro-
vides energy-efficient alternatives to traditional deep learning,
particularly edge computing [7], [8], [9], [10], supported
by hardware advances such as IBM’s TrueNorth [11] and
Intel’s Loihi [12]. SNNs, which leverage spike-based commu-
nication, mimic biological neurons and offer computational
efficiency [13], making them suitable for FL in resource-
constrained settings. We design two distinct architectures for
training SNN models in the vertical federated learning setting
(VFL-SNN): one with model splitting, where different seg-
ments of the SNN are processed and stored across different
participants, and another without model splitting, where the
entire model, albeit distributed, is collaboratively updated
without segmenting the model. These approaches balance
privacy and efficiency for different operational needs. We
evaluate VFL-SNN models on the CIFAR-10 and CIFAR-100
datasets by using SNN adaptations of VGG9 and ResNet. Our
analysis compares the accuracy and energy consumption of
the model with traditional ANNs in similar VFL setups. Our
evaluation results show that VFL-SNN models achieve accu-
racy comparable to ANNs while significantly reducing energy
consumption, confirming their potential in VFL. This research
advances FL applications and highlights the promise of energy-
efficient neural networks for privacy-sensitive collaborative

learning. A detailed version of this article is available on:
arXiv:2407.17672.

II. BACKGROUND AND RELATED WORK

A. SNNs and FL

SNNs consist of an encoder that converts input data
into spike trains, an SNN model that processes spikes using
neuronal dynamics, and a decoder that translates spike-based
outputs [14], [15]. Encoding methods such as rate coding and
Poisson-distributed spike trains map input intensity to spike
frequency, while models like the Leaky Integrate-and-Fire,
Spike Response, and Izhikevich Model regulate spiking activ-
ity [16], [17]. Decoding approaches, including rate-based and
temporal decoding, reconstruct spike train information [18].

FL enables collaborative model training without data shar-
ing, classified as Horizontal Federated Learning (HFL) and
Vertical Federated Learning (VFL). HFL involves participants
with similar feature spaces but different samples, updating
models using algorithms such as FedAvg and FedProx [19],
[20], [21]. In VFL, participants hold different feature sets for
the same samples and can be implemented with or without
model splitting [22], as outlined earlier. SNNs have been incor-
porated into HFL by adjusting the learning parameters [23], re-
fining batch normalization [24], and introducing asynchronous
learning for scalability [25]. Techniques like slimmable neural
networks improve federated frameworks [26]. However, VFL
with SNNs remains underexplored. To address this, we adapt
VFL training algorithms for SNNs, investigating both split and
non-split architectures and comparing them with ANN models.

B. Batch Normalization Through Time (BNTT)

The non-differentiability of spiking neurons makes SNN
training challenging. To address this, [24] introduced Batch
Normalization Through Time (BNTT), which operates in the
temporal dimension by associating a learnable parameter γ
with each time step. BNTT allows neurons to dynamically reg-
ulate their spiking rate, improving the accuracy and efficiency
of training. During forward propagation, the BNTT layer is
applied after each convolutional or linear layer as follows:

vti = λvt−1i + γti

(∑
j∈n wijo

t
j − µti√

(σti)
2 + ϵ

)
+BNTTγti

∑
j∈n

wijo
t
j

(1)
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where µti and σti are the mini-batch mean and variance at time
t, otj is the binary output of neuron j, and vti is the membrane
potential of neuron i. The leak factor λ controls the decay and
n represents the input neurons. The learnable parameter γti is
updated during back-propagation. During testing, the global
mean and variance are estimated using an exponential moving
average from the training rounds.

III. VERTICAL FEDERATED TRAINING USING SNNS

Efficient SNN training begins with input encoding. Since
this work focuses on VFL with image data, we use rate
encoding, which maps pixel intensity to spike rates. The VFL
system consists of K participants {Pk}Kk=1 and a server S,
with data distributed among participants as feature partitions
xi,k. VFL training follows two approaches: with model split-
ting and without model splitting. We first describe the VFL-
SNN training with model splitting (Algorithm 1) and then the
approach without model splitting (Algorithm 2).

A. VFL-SNN with Model Splitting

In VFL with model splitting, each participant k trains a
local bottom model Gk, parameterized by θk, using its local
data xi,k. A top model F , parameterized by ψ, runs on
the server and aggregates outputs from the bottom models
Gk to compute the final prediction by minimizing a joint
task loss L = Loss Function

(
F(ψ;Concat

(
o1(θ1;xi,1),

. . . , oK(θK ;xi,K)
))
, yi

)
, where Loss Function() is a loss

function such as cross-entropy, ok(θk;xi,k) represents the
output of the k-th bottom model for the i-th data sample,
and Concat() denotes the concatenation of outputs from all
bottom models. The server computes the gradient ∂L∂ψ , updating
the top model as ψ = ψ−η2× ∂L

∂ψ . Simultaneously, it calculates
∂L
∂ok

, which is sent to each participant for back propagation.

Each participant updates its parameters using ∂L
∂θk

= ∂L
∂ok

×
∂ok
∂vk

× ∂vk
∂θk

, but since ok is a threshold function, its derivative is
undefined at spike times. This is approximated using a piece-
wise linear or exponential function [27], allowing the update
θk = θk − η1 × ∂L

∂θk
. This VFL setup enables secure SNN

training, as only the server accesses labels, enhancing privacy.

B. VFL-SNN without Model Splitting

VFL without model splitting involves each participant
running a bottom model Gk, but unlike model splitting, there
is no trainable top model on the server. Instead, the server
applies a simple aggregation function, such as summation,
to combine outputs ok = Gk(θk;xi,k) from all participants’
bottom models to compute the final output using a joint
task loss function, given by L = Loss Func

(∑K
k=1 ok, yi

)
.

This approach reduces the server’s computational burden and
enhances privacy, as it merely aggregates outputs without
additional processing. The server then computes the gradient
of the joint loss L with respect to each output ok, i.e., ∂L

∂ok
, and

sends these gradients to the corresponding participants. Each
participant uses these gradients to backpropagate, following
the chain rule, to compute ∂L

∂θk
. Finally, participants update

Algorithm 1 Training VFL-SNN with Model Splitting.
1: Input:
2: Dataset: D (participant Pk privately holds xi,k , server S privately holds yi)
3: Hyperparameters: learning rates (η1 and η2 for bottom and top models, respec-

tively), number of epochs (E), number of time stamps (T )
4: Output:
5: Trained local/bottom models Gk defined by parameters θk (∀k = 1 . . . K) and

trained global/top model F defined by parameter ψ

6: procedure VFL-SNN()
7: Participants P1, P2, . . . , PK initialize model parameters θ1, θ2, . . . , θK , re-

spectively, and server S initializes parameter ψ with random weights.
8: while stopping epoch (E) not met do
9: for each batch b of samples do

10: for each participant Pk, k ← 1 to K do ▷ can be executed in parallel
11: ok ← perform BNTT-FPropagateParticipant(Gk)
12: end for
13: oall ← Concat(o1, o2, . . . , oK ) ▷ concatenate local/bottom model

outputs
14: ofinal ← perform BNTT-FPropagateServer(F,oall)
15: L ← Loss Function(ofinal, y)
16: S computes gStop ← ∂L

∂ψ ▷ compute loss and backpropagate top model
gradient

17: S updates ψ ← ψ − η2gStop ▷ update the top model
18: for each k ← 1 to K do
19: S computes gk ← ∂L

∂ok
and forwards it to each Pk

20: Each Pk executes ParticipantBP(Gk,gk,ok)
21: end for
22: end for
23: end while
24: end procedure

25: procedure BNTT-FPROPAGATEPARTICIPANT(Gk)
26: for time step t← 1 to T do
27: o← PoissonGenerator(b) ▷ Convert pixels to spike trains
28: for layer ← 1 to LGk − 1 of Gk do
29: Forward propagate as outlined in Equation (1)
30: end for
31: Accumulate membrane potential at the last layer (LGk )
32: end for
33: return the accumulated membrane potential ok
34: end procedure

35: procedure BNTT-FPROPAGATESERVER(F,oall)
36: for layer ← 1 to LF − 1 of F do
37: Forward propagate as outlined in Equation (1)
38: end for
39: Accumulate membrane potential at the last layer (LF ) into oacc
40: return ofinal ← Averaging the firing rate
41: end procedure

42: procedure PARTICIPANTBP(Gk,gk,ok)
43: Pk computes gkbot ← gk.

∂ok
∂θk

▷ compute loss and backpropagate bottom
model gradient

44: Pk updates θk ← θk − η1gkbot ▷ update the top model
45: end procedure

their model parameters as θk = θk − η1 × ∂L
∂θk

to optimize
their local models.

IV. EVALUATION

A. Experimental Setup

We evaluated VFL-SNN on CIFAR-10 and CIFAR-100
datasets[28] using VGG9 [29] and ResNet-18 [30] in a VFL
setup, with experiments conducted on an NVIDIA V100 GPU.
Features were distributed among K participants, and both
model splitting and non-splitting configurations were tested.
VFL-SNN was adapted from the HFL-SNN codebase [23]
with modifications for VFL. SNNs used the Leaky Integrate-
and-Fire (LIF) neuron model with a 99% leakage rate and Pois-
son encoding [15], with hyperparameters optimized for VGG9
and ResNet-18. ANN-based VFL implementations achieved
optimal accuracy with a learning rate of 0.001 and a weight
decay of 5× 10−4.

Authorized licensed use limited to: University of Oklahoma Libraries. Downloaded on September 17,2026 at 21:17:27 UTC from IEEE Xplore.  Restrictions apply. 



TABLE I: Performance metrics comparison for CIFAR-10 and CIFAR-100 for VFL without model splitting.

Dataset CIFAR-10 CIFAR-100
Metric SNN-

VGG9
SNN-
ResNET18

ANN-
VGG9

ANN-
ResNET18

SNN-
VGG9

SNN-
ResNET

ANN-
VGG9

ANN-
ResNET18

Average Training Accuracy 80.38 88.61 92.79 75.48 65.35 65.40 67.32 66.56
Best Test Accuracy 77.95 74.10 80.35 77.09 50.93 44.01 49.07 44.50
Final Test Accuracy 77.64 72.66 79.6 75.51 50.41 42.65 48.72 43.81
Average Test Accuracy 71.02 71.23 77.14 67.65 44.92 40.13 44.10 38.85
Precision 0.777 0.740 0.804 0.774 0.521 0.449 0.507 0.4706
Recall 0.779 0.741 0.803 0.770 0.509 0.440 0.490 0.444
F1 Score 0.778 0.740 0.803 0.772 0.515 0.444 0.498 0.457

TABLE II: Performance metrics comparison for CIFAR-10 and CIFAR-100 for VFL with model splitting.

Dataset CIFAR-10 CIFAR-100
Metric SNN-

VGG9
SNN-
ResNET18

ANN-
VGG9

ANN-
ResNET18

SNN-
VGG9

SNN-
ResNET

ANN-
VGG9

ANN-
ResNET18

Average Training Accuracy 83.26 89.35 89.292 83.45 54.26 55.70 76.11 72.22
Best Test Accuracy 80.28 77.05 82.091 79.47 52.11 48.03 55.61 48.80
Final Test Accuracy 78.89 75.74 82.09 78.01 51.50 46.32 55.438 45.19
Average Test Accuracy 76.28 74.58 78.13 74.90 45.02 42.70 49.28 43.64
Precision 0.806 0.771 0.820 0.797 0.537 0.480 0.568 0.506
Recall 0.802 0.770 0.820 0.794 0.521 0.480 0.556 0.487
F1 Score 0.804 0.771 0.820 0.796 0.528 0.480 0.562 0.497

Algorithm 2 Training VFL-SNN without Model Splitting.
1: Input:
2: Dataset: D (participant Pk privately holds xi,k , server S privately holds yi)
3: Hyperparameters: learning rate (η), number of epochs (E), number of time stamps

(T )
4: Output:
5: Trained local model Gk defined by parameters θk (∀k = 1 . . . K)

6: procedure VFL-SNN()
7: Participants P1, P2, . . . , PK initialize model parameters θ1, θ2, . . . , θK , re-

spectively.
8: while stopping epoch (E) not met do
9: for each batch b of samples do

10: for each participant Pk, k ← 1 to K do ▷ can be executed in parallel
11: ok ← perform BNTT-FPropagateParticipant(Gk)
12: end for
13: osum ←

∑
k(ok) ▷ aggregate local model outputs

14: S computes L ← Loss Function(osum, y)
15: for each k ← 1 to K do
16: S computes gk ← ∂L

∂ok
and forwards it to each Pk

17: Each Pk executes ParticipantBP(Gk,gk,ok)
18: end for
19: end for
20: end while
21: end procedure

22: procedure BNTT-FPROPAGATEPARTICIPANT(Gk)
23: for time step t← 1 to T do
24: o← PoissonGenerator(b) ▷ Convert pixels to spike trains
25: for layer ← 1 to LGk − 1 of Gk do
26: Forward propagate as outlined in Equation (1)
27: end for
28: Accumulate membrane potential at the last layer (LGk )
29: end for
30: return the accumulated membrane potential ok
31: end procedure

32: procedure PARTICIPANTBP(Gk,gk,ok)
33: Pk computes gkloc ← gk.

∂ok
∂θk

▷ backpropagate bottom model gradient

34: Pk updates θk ← θk − ηgkloc ▷ update the top model
35: end procedure

B. Models and Splitting

Our evaluation compares VFL-SNN with and without
model splitting, assessing VFL-ANN and SNN implementa-
tions of VGG9 and ResNet18 with two participants and an
SNN time step of 32. Results (Tables I and II) show a minor
3% performance gap, with ANN VGG9 achieving 80.35% and

SNN VGG9 reaching 77.95% on CIFAR-10.

C. Number of Participants

We evaluated the stability of the model by varying the
number of participants and distributing the image segments
accordingly (Figures 2 and 3). For example, in a scenario
with 2 participants, one participant processes the right side
of the images, while the other handles the left side. As the
number of participants increases, the accuracy of the ANN
decreases more dramatically than that of the SNNs, indicating
better scalability for the SNNs. For CIFAR-100 (Figure 3),
the accuracy of VFL-ANN drops from 50% (two participants)
to 43% (four participants), Also, the accuracy of VFL-SNN
drops from about 50% to 45%, showing that its scalability is
the same as VFL-ANN.

D. Time Steps

We analyze the impact of SNN time steps—defined as
the interval at which SNNs process and transmit spike-based
information— on the accuracy of VFL-SNN by varying them
from 10 to 50 with three participants. As shown in Figure 1, the
accuracy improved up until 30 time steps but showed minimal
changes beyond that, indicating a saturation point.

E. Energy Consumption

We analyzed the energy consumption of each model layer
during training to demonstrate the efficiency of SNNs, driven
by their sparse neuronal activations. For comparison with ANN
models, we recorded spike counts per layer in VFL-SNN and
estimated energy consumption based on model operations. The
energy required for operations (OPS) in convolutional layers is

computed as OPS =
(
NI−k+2p

s + 1
)2

×I×k2×O, where k
is the kernel size, I and O are input and output channels, and
M ×M is the feature map size. For fully connected layers,
the energy is given as follows: OPS = I ×O.

By implementing vertical federated learning, which dis-
tributes features across multiple devices, the energy demand
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Fig. 1: Variations in accuracy with increasing
time steps. Fig. 2: CIFAR-10 classification accuracy

across different numbers of participants.
Fig. 3: CIFAR-100 classification accuracy
across different numbers of participants.

on each device is reduced. Additionally, SNNs utilize binary
spikes that convert the multiply accumulate (MAC) operation
predominantly into an accumulation (AC) operation, greatly
enhancing energy efficiency. Energy consumption for ANNs is
estimated using EANN = OPS×EMAC , whereas for SNNs,
it depends on spike rate R and time steps T , computed as
ESNN = OPS × R × T × EAC . To obtain the spike rate,
we recorded the number of spikes during model training. To
estimate the energy required for AC and MAC operations, we
used the energy consumption data reported in [31] for 32-bit
integer arithmetic operations in a 45 nm CMOS processor.
In the estimation, the focus was on multiply and accumulate
operations, excluding the energy costs associated with memory
and peripheral circuits. Figure 4 shows the energy consumption
of the VFL-SNN and VFL-ANN VGG9 models during training
on CIFAR-10 with three participants. The SNN model, using
32 time steps, consumes an average of 1.41 µJ , significantly
lower than the ANN’s 64.98 µJ . With ANN using 34.7
times more energy, this highlights the efficiency of VFL-SNN,
making it ideal for edge devices.

F. Training Time

SNNs provide energy efficiency but have longer training
times due to spike processing. As shown in Figure 5, training
VFL-SNN with model splitting took 123 s per participant per
epoch (559 s total), whereas without splitting, it increased to
142 s but the total time reduced to 300 s because of the parallel
execution of computations across participants and reduced
communication overhead. In contrast, VFL-ANN required only
1.53 s per participant per epoch, highlighting the trade-off
between efficiency and training speed.

V. DISCUSSION AND CONCLUSION

Integrating SNNs into VFL enhances efficiency, privacy,
and energy savings, making them ideal for edge computing and
IoT. Although slightly less accurate than ANNs, SNNs remain
scalable. Training time is a challenge due to spike processing,
but optimizations can improve viability. Our evaluations on
CIFAR-10 and CIFAR-100 with VGG9 and ResNet models
show that VFL-SNN achieves accuracy comparable to ANN
with greater energy efficiency, reinforcing its potential for
scalable and privacy-preserving FL.

Fig. 4: Estimated training energy across layers for SNN (VFL-SNN
) and ANN VGG9 model on CIFAR-10 dataset.

Fig. 5: Training time comparison across models.
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