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Abstract
Spiking Neural Networks (SNNs) offer notable ad-
vantages in biological plausibility and energy ef-
ficiency, making them promising candidates for
building low-power Transformers. However, exist-
ing Spiking Transformers largely adhere to a pas-
sive reactive paradigm, which struggles to focus
on task-relevant information and incurs substan-
tial computational overhead when processing re-
dundant visual data. To overcome this fundamen-
tal yet underexplored limitation, we propose SAF-
former, a novel Spiking Transformer architecture
based on an active predictive filtering paradigm. In-
spired by the brain’s predictive coding mechanism,
SAFformer actively suppresses predictable signals
and focuses on salient visual features. Extensive
experiments show that SAFformer establishes new
state-of-the-art performance on CIFAR-10/100 and
CIFAR10-DVS. Remarkably, on ImageNet-1K, it
achieves 80.44% Top-1 accuracy with only 26.58M
parameters and an energy consumption of 5.88 mJ,
demonstrating an exceptional balance between ac-
curacy and efficiency.

1 Introduction
Spiking neural networks (SNNs) are regarded as the third
generation neural network models[Maass, 1997]. Their
event-driven and sparse computing characteristics have
demonstrated great potential in the field of artificial in-
telligence, especially in the small-scale edge computing
scenarios[Guo et al., 2022]. Unlike artificial neural networks
(ANNs) that perform intensive computations at each infer-
ence step, SNNs transmit information asynchronously, with
spiking neurons consuming energy only when receiving or
emitting spikes[Eshraghian et al., 2023]. In recent years, the
integration of SNNs with the powerful Transformer architec-
ture has shown great promise, paving the way for a new gen-
eration of visual models that achieve high performance with
improved energy efficiency.

Despite this promise, a fundamental limitation persists in
the design of existing Spiking Transformers. Whether in
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Figure 1: Comparison of our SAFformer with other Spiking Trans-
formers on ImageNet-1k with an input resolution of 224 × 224.

early direct-conversion attention mechanisms or later linear-
complexity variants like QK-Attention[Zhang et al., 2024],
the information selection process universally follows a ”Pas-
sive Reactive” paradigm. This model involves indiscrimi-
nate and costly processing of all information, followed by a
post-hoc filtering step that relies solely on the fixed thresh-
old of spiking neurons[Guo et al., 2025; Chen et al., 2024].
Crucially, it lacks the ability to dynamically adjust its com-
putational scope based on the input global context. Con-
sequently, when faced with simple images containing large
amounts of redundant background, the model still wastes sig-
nificant computational resources on irrelevant regions. This
paradigm runs counter to the highly efficient information pro-
cessing mechanisms of the biological brain.

In contrast, the predictive filtering mechanism inherent
in the visual system enables the brain to utilize top-down
feedback signals to modulate the activity of lower-level
neurons[Crassidis and Markley, 1997; Rao and Ballard,
1999]. It actively suppresses predictable, redundant informa-
tion and only forwards significant prediction errors for sub-
sequent processing, thereby achieving extreme energy effi-
ciency. Specifically, higher-level cortical areas (e.g. V4, IT)
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form a holistic prediction of the scene based on prior expe-
rience and send these predictive signals down to lower-level
areas (e.g. V1, V2)[Friston, 2009]. The lower-level cortex
then compares this prediction with the actual visual input, and
only the significant discrepancies are propagated upward as
feedback signals, as illustrated in Fig. 3(b).

Beyond the self-attention module, the MLP layer in the
Transformer architecture, as an important part of network fea-
ture enhancement, is also a centralized area for computation
and parameters. Vanilla Spiking MLPs, typically direct con-
versions of their ANN counterparts, suffer from two major
flaws. First, they are spatially blind. Their 1×1 convolu-
tional structure can only mix information along the channel
dimension[Wang et al., 2024] and is entirely incapable of per-
ceiving or utilizing the local spatial context of tokens. Sec-
ond, their feature transformation is static and homogeneous,
applying an identical, unconditional transformation to all spa-
tial locations[Chen et al., 2026b]. This inefficient processing
model contradicts the principle of the visual cortex, which ad-
justs its processing intensity based on predictive information.

To systematically address these challenges, we draw inspi-
ration from the brain’s active prediction mechanism to pro-
pose SAFformer, a novel Spiking Transformer architecture
that operates on the principle of Active Predictive Filtering.
By incorporating two synergistic, bio-inspired innovations,
SAFformer shifts the paradigm from passive reaction to ac-
tive prediction. Our contributions are as follows:

1) We propose the Spiking Active Predictive Filtering At-
tention(SAF), a new sparse spiking self-attention mechanism,
as shown in Fig. 2. It introduces a lightweight Spiking Spar-
sity Guidance Module (SGM) to actively predict the saliency
distribution of the input, thereby prospectively focusing at-
tention resources on key spatial locations and realizing active
predictive filtering.

2) We propose the Spiking Multi-scale Adaptive Gated
(SMAG) network to replace the vanilla SMLP. SMAG per-
ceives local spatial context through a decoupled, multi-scale
gating mechanism, achieving more refined extraction and se-
lection of predictive features while significantly reducing the
number of parameters.

3) Comprehensive experiments demonstrate that our archi-
tecture outperforms or matches SOTA Spiking Transformers
on various datasets, with an excellent balance of efficiency
and performance, as shown in Fig. 1. Notably, we achieve
SOTA accuracies of 97.50% on CIFAR-10 and 83.38% on
CIFAR-100, setting a new benchmark for the SNN field.1

2 Related Work
2.1 Spiking Neural Networks
Spiking Neural Networks (SNNs) are widely recognized as
the third generation of neural network models, with their de-
sign inspired by the information processing mechanisms of
the biological brain. Unlike traditional ANNs, SNNs com-
municate by transmitting binary spikes, mimicking the firing
of biological neurons[Duan et al., 2023]. When the mem-
brane potential of a spiking neuron exceeds a certain thresh-
old, it fires a spike, represented as ’1’; otherwise, it remains

1The full version is available at https://arxiv.org/abs/2605.08270.

silent, represented as ’0’[Yao et al., 2024b]. This event-
driven mechanism facilitates sparse synaptic operations and
avoids costly multiply-accumulate (MAC) operations[Chen
et al., 2026a], thereby significantly enhancing the energy ef-
ficiency of these models. SNNs are primarily trained using
two methods: ANN-to-SNN conversion and direct training
with surrogate gradients[Di Yu et al., 2024]. ANN-to-SNN
conversion involves training an ANN and then converting it
to a corresponding quantized SNN version. Direct training,
on the other hand, employs a surrogate function to approxi-
mate the spike firing process during backpropagation[Yao et
al., 2024b]. The effectiveness of direct training in handling
temporal data has made it a preferred choice in SNN research.

However, conventional direct training methods require
substantial GPU memory due to the simulation of multiple
timesteps[Luo et al., 2024; Qiu et al., 2025]. To address
the challenge of long training times, Yao introduced a novel
direct training method called Spike Firing Approximation
(SFA)[Yao et al., 2025]. This method uses quantized mem-
brane potentials as activation values during the training phase
and converts these values into spike sequences during infer-
ence, thereby reducing training duration. It has been demon-
strated that SFA can reduce training time by at least 4.1×.

2.2 Spiking Vision Transformers
The Transformer, with its powerful sequence modeling ca-
pabilities and self-attention mechanism, has become a main-
stream backbone in the field of computer vision[Dosovitskiy
et al., 2020]. However, its quadratic computational complex-
ity and significant memory footprint limit its application in
power-sensitive and resource-constrained scenarios[Xiao et
al., 2026]. Combining the powerful capabilities of the Trans-
former with the low-power and event-driven characteristics of
SNNs has become an active research direction.

Spikformer[Zhou et al., 2023] pioneered spiking self-
attention computation, establishing the first spiking ViT.
Spikingformer[Zhou et al., 2026] further enhanced the
SNN compatibility of the model by designing a pre-
activation residual connection. To achieve a fully spike-
driven architecture, Spike-driven Transformer[Yao et al.,
2023] implemented the Hadamard product in its self-attention
module, becoming the first directly trained, fully spike-
driven transformer model. To reduce temporal complexity,
QKFormer[Zhang et al., 2024] proposed using only Q and
K for self-attention computation, becoming the first spiking
Transformer with a linear-complexity self-attention module.
Additionally, OST[Song et al., 2024] compresses the time do-
main into 1 to enhance the training speed. To fully address the
issue of over-allocating attention, SpiLiFormer[Zheng et al.,
2025] introduced a lateral inhibition mechanism to simulate
the inhibitory-excitation interaction process.

3 Methods
In this section, we first introduce the spiking neuron model we
used. Next, we present the SAFformer architecture, which
includes a novel spiking active predictive filtering attention
mechanism and a multi-scale gated feedforward network.
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Continuous value input Binary spike input

(a) Vanilla Self-Attention (VSA) (b) Spiking Self-Attention (SSA) 
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Figure 2: Comparison of three self-attention paradigms. (a)VSA employs floating-point matrix multiplication to evaluate the spatial cor-
relations between Q and K with quadratic computational complexity. (b)SSA transforms the floating-point operations in VSA into spiking
computations, maintaining the same complexity as VSA. (c)SAF introduces a predictive filtering paradigm. It maintains linear complexity by
using SGM to predict and sparsify significance scores from Q, which then act upon K element-wise.

3.1 Preliminary
In this paper, we use the widely adopted LIF model [Guo et
al., 2024], which can be described by the following formula:

U [t] = βH[t− 1] +X[t], (1)
S[t] = Hea(U [t]− Vth), (2)

H[t] =

{
U [t] · (1− S[t]) + Vreset · S[t], hard reset,
U [t]− Vth · S[t], soft reset,

(3)

where t is the time step, U [t] is the membrane potential, the
spatial input X[t] is extracted from the original spike se-
quence via Conv or Linear layers, and the temporal input
βH[t − 1] comes from the decayed membrane potential of
the previous time step, β is the leak factor. S[t] is the output
spike, and H[t] is the membrane potential after firing. Hea(·)
is the Heaviside step function, where Hea(x) = 1 if x ≥ 0.
When U [t] exceeds the threshold Vth, the spiking neuron fires
a spike, and the membrane potential is reset to Vreset.

3.2 Overall Architecture
The overall architecture of SAFformer is shown in Fig. 3(a),
which consists of three stages. The number of blocks (SAF-
former blocks or Spikformer blocks) in each stage is repre-
sented as N1, N2, and N3, respectively. The input data is
represented as I ∈ RT×Cin×H×W , where Cin = 3 for static
image data and Cin = 2 for neuromorphic data. In the first
stage, a patch size of 4 × 4 is utilized. A Patch Embedding
module converts the input into a spike sequence and maps the
feature of each patch to an initial channel dimension C, re-
ducing the number of tokens to H

4 ×
W
4 .The transformed fea-

tures are then processed through SAF and SMAG. The pro-
cessing mechanism in the second stage is similar, but with a
patch size of 2 × 2, an expanded channel dimension of 2C,
and a reduced token count of H

8 ×
W
8 . The third stage is

the deep stage, where we continue to use a 2 × 2 patch size,
expand the channel dimension to 4C, and reduce the token
count to H

16 ×
W
16 .

3.3 Spiking Active Predictive Filtering(SAF)
We propose Spiking Active Predictive Filtering Attention
(SAF), whose detailed structure is shown in Fig. 3(c). The
core idea of SAF lies in that it no longer calculates the pair-
wise relationships between tokens. Instead, it employs a
lightweight guidance module to predict the most information-
dense regions and dynamically focuses computational re-
sources on them. Considering that the intrinsic low-pass fil-
tering characteristics of spiking neurons can attenuate high-
frequency signals[Yao et al., 2024a; Fang et al., 2025], we
introduce a depthwise separable convolution (DWConv) into
the generation paths of the spike matrices Q and K. This is
to better preserve local details crucial in the shallow stages of
the network. For a given input spike sequence X ∈ RN×C ,
whereN is the number of tokens and C is the channel dimen-
sion, the generation is formulated as:

Q = SN (BN (DWConv (XWQ))) , (4)
K = SN (BN (DWConv (XWK))) , (5)

where WQ and WK represent the linear projections of the
input spike sequence X , and SN(·) is the spiking activation
function. Then, we obtain the initial saliency score for each
token by summing over the channel dimension of Q:

At =

C∑
i=0

Qi,j (6)

To actively filter redundant information and adaptively ad-
just the computational load based on content complexity, we
develop a lightweight and learnable module, named Spiking
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Input Stage 1 Stage 2 Stage 3

(a) The framework of SAFformer

(c) Spiking Active Predictive Filtering Attention (SAF) (d) Spiking Multi-scale Adaptive Gated Network (SMAG)
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Figure 3: (a) The architecture of SAFformer. We propose the SAFformer block, which consists of SAF Attention and SMAG. (b) An
illustration of the predictive coding mechanism in visual cortex. (c) and (d) illustrate the workflows of SAF Attention and SMAG.

Algorithm 1 Spiking Sparsity Guidance Module (SGM)

Input: X ∈ RT×B×C×N . Input spike sequence
Output: Dynamic k . The number of tokens to keep

1: F ← Linear1(X) . Project to hidden space
2: F ← ReLU(F )
3: Graw ← Linear2(F ) . Generate guidance scores
4: Graw ← SN(Graw) . Shape: T ×B × 1×N
5: Gflat ← Flatten(Graw) . Generate a vector of shape
6: p← 1

TBN

∑
t,b,n

Gflat[i] . Global sparsity ratio

7: Dynamic k ← bN · pc . Global scaling factor,where N
is the token count

8: return Dynamic k

Sparsity Guidance Module (SGM). It dynamically predict a
suitable attention matrix sparsity level, k, based on the global
information of the input. In Algorithm 1, we detail the full
process of generatingdynamic k using SGM.

With the dynamic k generated by SGM, a masking opera-
tion is performed on At to create a binary mask matrix Mk:

(Mk)i =

{
1, if (At)i ∈ Topk(At, k)

0, otherwise
(7)

where Top-K(·, k) denotes the selection of the k largest ele-
ments from the vector.

Finally, the mask Mk is applied to the saliency scores, and
the result is multiplied element-wise with K in a Hadamard
product:

SAF(Q,K) = K · SN(Mk �At) (8)

Theoretical Analysis
To formally analyze the fundamental differences in informa-
tion processing across attention mechanisms, we introduce
information flow graph[Ahlswede et al., 2000] as a unified
analytical framework.

An information flow graph is a weighted directed graph
G = (V,E,W ), where the vertex set V = {v1, . . . , vN} rep-
resents the input tokens, a directed edge (vj , vi) ∈ E signifies
an information flow from token j to token i, and the weight
function W : E → R assigns a weight wij to each edge. The
output representation yi for token i is a weighted combination
of information from its inbound neighbors:

yi = f

 ∑
vj∈In(vi)

wij · Info(vj)

 (9)
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where In(vi) is the set of inbound neighbors of vi, Info(vj) is
the information carried by token vj , and f(·) is a non-linear
activation function.
Proposition 1. The computational paradigm of SSA is
equivalent to performing a relational aggregation operation
on a dense, fully-connected graph.

Proof. The output yi of SSA is determined by the equation:

yi = f

 N∑
j=1

〈Qi,Kj〉 · Vj

 (10)

where Qi,Kj , Vj are the Query,Key,Value vectors derived
from tokens i and j. The summation

∑N
j=1 iterates over all

input tokens vj for any given output yi. This implies that for
any pair of vertices (vi, vj), an information flow path, i.e., a
directed edge (vj , vi), exists. Therefore, the graph is a com-
plete graph where the edge set is E = V × V .

And the weight of an edge (vj , vi), denoted wi, j, is given
by the inner product 〈Qi,Kj〉. This weight is a binary re-
lational function R(Qi,Kj) that quantifies the pairwise re-
lation between vertices vi and vj . The final output yi is a
weighted sum of the Value information vj from all vertices in
the graph. This process, which gathers information from the
entire graph, is a quintessential aggregation operation.
Proposition 2. The computational paradigm of SAF is
equivalent to performing a node-wise filtering operation on
a dynamically sparse subgraph.

Proof. The output yi of SAF can be represented as:

yi = f

(
(Mk)i ·

C∑
c=1

Qc,i ·Ki

)
(11)

where qi, ki are derived from token i, and (Mk)i is a dy-
namic mask. The computation of yi depends solely on its
own derivatives, implying that no cross-vertex edges exist.
The information flow graph thus consists only of self-loops.

However, not all vertices participate in the computation. A
global selection function Ψ(X, k), realized by the SGM, first
identifies an active vertex subset Vactive ⊆ V .

Vactive = {vi ∈ V | i ∈ Topk({
∑
c

Qc,j}Nj=1, k)} (12)

where |Vactive| = k. The effective computation graph G′ is
thus a dynamic sparse subgraph consisting only of the ver-
tices in Vactive.

For any active vertex vi ∈ Vactive, the weight of its self-
loop, wii, is determined by a unary saliency function S(vi)

which is computed as
∑C

c=1Qc,i. This weight is a function
of the vertex’s intrinsic properties, not its relation to others.
The output yi is a scaled version of the vertex’s own infor-
mation Ki, which constitutes a filtering operation. Since the
selection of the subgraph is dynamically determined by the
global input X , the process is an active adaptive filtering.

SAF facilitates a paradigm shift in spiking self-attention,
from relational aggregation to dynamic adaptive filtering, of-
fering a new perspective for building efficient and powerful
attention mechanisms in Spiking Neural Networks.

3.4 Spiking Multi-scale Adaptive Gated
Network(SMAG)

Spiking MLP is a key part of the Spiking Transformer for im-
proving feature representation. However, the commonly used
SMLP with wide intermediate channels has the disadvantages
of excessive parameter quantity and spatial blind viewing[Qiu
et al., 2024], which violates the principle of active predictive
filtering that we pursue.

Therefore, we propose a novel feedforward network, the
Spiking Multi-scale Adaptive Gated Network (SMAG), to
replace the vanilla SMLP, as illustrated in Fig. 3(d).
SMAG performs feature transformation in a refine-and-gate
paradigm, enhancing performance while reducing the bur-
den of processing redundant information. Specifically, we
first introduce a partial convolution[Chen et al., 2023] to a
fraction of the channels of the input spike features X ∈
RT×B×C×H×W . This operation injects valuable local spa-
tial priors into the feature maps at a minimal computational
cost. Subsequently, the features are decoupled into three in-
dependent functional paths as follows:

X ′ = SN (BN (W1PConv(X))) , (13)

[X ′1, X
′
2, X

′
3] = X ′. (14)

where PConv(·) is the partial convolution operation, and
[, ] denotes the channel-wise splitting, and W1 represents
a pointwise convolution. PConv effectively introduces lo-
cal context, which provides a foundation for generating
more context-aware gating signals by initially filtering and
strengthening a subset of features. Then, X ′1 and X ′2 serve as
gating signals, while X ′3 acts as the main path. A multi-scale
dynamic gating mechanism is introduced to capture spatial
patterns at multiple scales:

G′1 = SN (BN (DWConv3×3 (X ′1))) , (15)

G′2 = SN (BN (DWConv7×7 (X ′2))) , (16)

X ′gated = Concat(G1, G2)�X ′3. (17)

where DWConv3×3 and DWConv7×7 are depthwise con-
volutions with kernel sizes of 3 and 7, respectively. They
learn spatial filters independently for each channel, signif-
icantly reducing parameters and computational complexity
compared to standard convolutions, while effectively captur-
ing channel-specific spatial patterns. The parallel design of
3x3 and 7x7 kernels enables the gating signals to perceive
both fine-grained details and broader regional context simul-
taneously. Finally, through the element-wise gating multi-
plication, active suppression and enhancement of the content
stream are achieved.

Theoretically, SMAG has significantly fewer parameters
than vanilla SMLP. Moreover, compared to the two identical
linear transformations in SMLP, the dynamic gating mecha-
nism of SMAG endows the network with the ability to adap-
tively select and modulate feature channels based on the input
content. This allows the model to focus more on critical in-
formation and suppress redundancy, thereby improving the
discriminability of features.
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Methods Type Architecture Param Time Power Top-1
(M) Step (mJ) Acc(%)

DeiT[Touvron et al., 2021] ANN DeiT-S 22.00 1 21.20 79.80
ANN DeiT-B 86.59 1 80.50 81.80

MST[Wang et al., 2023] A2S Swin Transformer-T 28.50 512 - 78.51
STA[Hwang et al., 2024] A2S ViT-B/32 86.00 32 - 78.72

Spikformer[Zhou et al., 2023] SNN Spikformer-8-384 16.81 4×1 7.73 70.24
SNN Spikformer-8-512 29.68 4×1 11.58 73.38

S-Transformer v2[Yao et al., 2024b] SNN S-Transformer v2-8-384 15.10 4×1 16.70 74.10
SNN S-Transformer v2-8-512 31.30 4×1 32.80 77.20

Max-Former[Fang et al., 2025] SNN Max-10-384 16.23 4×1 4.89 77.82
SNN Max-10-512 28.65 4×1 7.49 79.86

MSViT[Hua et al., 2025] SNN MSViT-10-384 17.69 4×1 16.65 80.09
SNN MSViT-10-512 30.23 4×1 24.74 82.96

E-SpikeFormer[Yao et al., 2025] SNN E-SpikeFormer-S 10.00 1×4 3.00 78.50
SNN E-SpikeFormer-M 19.00 1×4 5.90 79.80

QSD-Transformer[Qiu et al., 2025] SNN S-Transformer v2-T† 1.80 1×4 2.50 77.50
SNN S-Transformer v2-M† 3.90 1×4 5.70 78.90

SAFformer SNN SAFformer-10-384 15.12 1×4 3.75 79.19
SNN SAFformer-10-512 26.58 1×4 5.88 80.44± 0.24

Table 1: Evaluation on ImageNet. All models default to an input size of 224× 224. We have reformatted the time steps of all directly trained
SNNs into the T × D format, where T is the number of time steps, and D is the upper limit of integer activation during training. D ≥ 1
signifies the use of the SFA direct training method. The † symbol indicates the use of knowledge distillation.

Method CIFAR10 CIFAR100 CIFAR10-DVS DVS128
Param Acc Param Acc Param Acc Param Acc

FSTA-SNN[Yu et al., 2025] 11.30 96.52 11.30 80.42 11.20 82.7 - -
STAA-SNN[Zhang et al., 2025] - 97.14 - 82.05 - 82.1 - 98.6
Spikformer[Zhou et al., 2023] 9.32 95.51 9.32 78.21 2.57 80.9 2.57 98.3
S-Transformer[Yao et al., 2023] 10.28 95.60 10.28 78.40 2.57 80.0 2.57 99.3
QKFormer[Zhang et al., 2024] 6.74 96.18 6.74 81.15 1.50 84.0 1.50 98.6
MSViT[Hua et al., 2025] 7.59 96.53 7.59 81.98 1.67 84.0 1.67 98.8
Max-Former[Fang et al., 2025] 6.57 97.04 6.60 82.65 1.45 84.2 1.45 98.6
SAFformer 6.31 97.50 6.34 83.38 1.50 85.0 1.50 99.0

Table 2: Comparison on CIFAR10, CIFAR100, DVS128, and CIFAR10-DVS.

4 Experiments
In this section, we conduct a comprehensive set of ex-
periments to evaluate our proposed method, comparing it
with other recent state-of-the-art architectures on several
widely-used benchmarks. We evaluate our model on vari-
ous datasets, including the static datasets including CIFAR-
10/100[Krizhevsky et al., 2009] and ImageNet[Deng et al.,
2009], as well as neuromorphic datasets CIFAR10-DVS[Li
et al., 2017] and DVS128Gesture[Amir et al., 2017].

4.1 Results on ImageNet-1K Classification
Experimental Setup on ImageNet-1K. The input image
size is set to 224 × 224. For model training, we employ the
SFA direct training method[Yao et al., 2025] with the virtual
timestep D set to 4. We use the AdamW optimizer with a
base learning rate of 6× 10−4, where the actual learning rate
is calculated by multiplying the base rate by the batch size
divided by 256. Training is conducted for 200 epochs with
a batch size of 512, distributed across 6 NVIDIA RTX 3090

SAF SMAG Param(M) Top-1 Acc(%)
baseline 6.74 79.79

X 6.77 80.42(+0.63)
X 6.32 83.07(+3.28)

X X 6.34 83.38(+3.59)

Table 3: Ablation study of SAFformer on CIFAR100.

GPUs. Throughout the process, we apply standard data aug-
mentation techniques, including RandAugment[Cubuk et al.,
2020], mixup, and random erasing. The number of blocks in
the three stages is set to {1, 2, 7}, respectively.
Primary Results on ImageNet-1K. The experimental re-
sults are shown in Table 1. Compared with the di-
rect training method of vanilla time steps, our SAFformer
(26.58M, 80.44%) achieves a 2.24% higher accuracy than S-
Transformer v2 (31.30M, 77.20%) while reducing the num-
ber of parameters by approximately 15.1%. Compared with
the direct training method of SFA, under the same virtual time
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step D = 4, our model has a 0.64% higher accuracy rate and
similar energy consumption compared with E-SpikeFormer.
Compared to the latest Max-Former (28.65M, 79.86%), SAF-
former achieves a 0.58% performance improvement with
fewer parameters and lower energy consumption. Without
considering knowledge distillation, our model achieves com-
parable accuracy and efficiency to SOTA models in the SNN
domain on ImageNet-1K.

4.2 Results on CIFAR and Neuromorphic Datasets
CIFAR Classification. On CIFAR datasets, SAFformer is
trained for 400 epochs with a batch size of 64, and the vir-
tual timestep D is set to 4. We use the AdamW optimizer
with a learning rate of 1 × 10−3. The SAFformer consists
of 4 blocks, distributed across the three stages as {1, 1, 2}.
The results are shown in Table 2. On CIFAR10, our model
achieves 97.50% accuracy with 6.31M parameters, surpass-
ing all previous models including Max-Former (97.04%) and
STAA-SNN (97.14%). On the more challenging CIFAR100
dataset, SAFformer achieves an accuracy of 83.38%, which
is also significantly higher than the previous SOTA models
Max-Former (82.65%) and STAA-SNN (82.05%).

Neuromorphic Classification. The neuromorphic datasets
use a SAFformer with 1.50M parameters, configured with
a {0, 1, 1} block distribution across its three stages and a
timestep of 16. The training process for DVS128Gesture
involves 200 epochs, while for CIFAR10-DVS it is 106
epochs. On CIFAR10-DVS, our model achieves an accuracy
of 85.0%, significantly outperforming QKFormer (84.0%)
and Max-Former (84.2%) to establish a new state-of-the-
art. On the DVS128 Gesture recognition task, SAFformer
achieves an accuracy of 99.0%, demonstrating highly com-
petitive performance.

Figure 4: Ablation study on SGM, analyzing its impact on training
time and energy consumption across different model scales.

4.3 Ablation Study
We conduct ablation studies on CIFAR100 to analyze the ef-
fectiveness of each module, with all experiments following
the training details described in Section 4.2 unless otherwise
specified. The experimental results are presented in Table 3.
The results show that each component contributes positively
to the final performance. Specifically, SAF has improved its

Methods Param(M) Top-1 Acc(%)
w/o depthwise conv 6.77 80.42
w/o partial conv 6.23 82.51
w/o multi-scale 6.36 83.15
SMAG(ours) 6.34 83.38

Table 4: Ablation study on the components of the SMAG module.

accuracy by 0.63% with almost no increase in the number of
parameters by dynamically predict the tokens with the richest
information. Furthermore, substituting the SMLP with our
SMAG yields a substantial 3.28% accuracy gain while simul-
taneously reducing the parameter count by 0.42M. The best
performance is achieved when both SAF and SMAG mod-
ules are combined, demonstrating that they are effective and
complementary.
Effectiveness of the SGM Module in SAF. The effective-
ness of the SGM module is validated in Fig. 4. We use a
SAFformer without any filtering mechanism as the baseline.
The ”w/o SGM” version removes SGM and uses a fixed Top-
K ratio instead. For the 27M model, SGM reduces energy
consumption by approximately 27% compared to the base-
line and accelerates training time by 8%. Our SAFformer
(15.12M, 3.75mJ,79.19%) outperforms the Fixed Top-k base-
line (15.08M, 4.12mJ, 78.71%), which demonstrates SGM’s
effective efficiency and accuracy. While the training time
is slightly longer for the smaller 15M model due to relative
overhead, the substantial energy savings in all scenarios con-
firm the superior efficiency of our active predictive approach.
Component Analysis of the SMAG Module. We analyzed
the contribution of each key design in SMAG through a step-
by-step ablation, with results in Table 4. When we remove
the multi-scale design of SMAG, the model’s performance
drops to 83.15%. Further removing the partial convolution
reduces accuracy to 82.51%. Completely eliminating spatial
awareness by replacing all depthwise convolutions with 1×1
convolutions causes the most significant performance degra-
dation, with accuracy falling to 80.42%. These results clearly
demonstrate that the superiority of SMAG stems from the
synergistic combination of its spatial awareness, local prior
injection, and multi-scale gating.

5 Conclusion
In this paper, we have delved into the inherent Passive Re-
active limitation in existing Spiking Transformers. Drawing
inspiration from the brain’s predictive coding theory, we pro-
posed SAFformer. It actively predicts and filters redundant
information, guiding the model to focus its computational
resources on salient features while preserving more high-
frequency information. We introduced a new self-attention
mechanism, SAF, which actively predicts global saliency via
a lightweight guidance module to dynamically focus attention
resources on key regions. Furthermore, we proposed SMAG
to replace the vanilla SMLP. It leverages a decoupled, multi-
scale gating mechanism to overcome homogeneous trans-
formation and parameter redundancy. Experimental results
demonstrate that SAFformer achieves state-of-the-art perfor-
mance on CIFAR-10/100 and CIFAR10-DVS datasets while
maintaining low energy consumption.
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rolles, and Hervé Jégou. Training data-efficient image
transformers & distillation through attention. In In-
ternational conference on machine learning, pages
10347–10357. PMLR, 2021.

[Wang et al., 2023] Ziqing Wang, Yuetong Fang, Jiahang
Cao, Qiang Zhang, Zhongrui Wang, and Renjing Xu.
Masked spiking transformer. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 1761–1771, 2023.

[Wang et al., 2024] Yan Wang, Yusen Li, Gang Wang, and
Xiaoguang Liu. Multi-scale attention network for single
image super-resolution. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 5950–5960, 2024.

[Xiao et al., 2026] Jinsheng Xiao, Hao Ma, Ruidi Chen,
Xingyu Gao, Hailong Shi, and Zhongyuan Wang. Stkps-
net: Spatio-temporal key patch selection network for few

shot anomalous action recognition. IEEE Transactions on
Information Forensics and Security, 21:827–838, 2026.

[Yao et al., 2023] Man Yao, Jiakui Hu, Zhaokun Zhou,
Li Yuan, Yonghong Tian, Bo Xu, and Guoqi Li. Spike-
driven transformer. Advances in neural information pro-
cessing systems, 36:64043–64058, 2023.

[Yao et al., 2024a] Man Yao, Jiakui Hu, Tianxiang Hu, Yifan
Xu, Zhaokun Zhou, Yonghong Tian, Bo Xu, and Guoqi Li.
Spike-driven transformer v2: Meta spiking neural network
architecture inspiring the design of next-generation neuro-
morphic chips. arXiv preprint arXiv:2404.03663, 2024.

[Yao et al., 2024b] Man Yao, Ole Richter, Guangshe Zhao,
Ning Qiao, Yannan Xing, Dingheng Wang, Tianxiang
Hu, Wei Fang, Tugba Demirci, Michele De Marchi,
et al. Spike-based dynamic computing with asynchronous
sensing-computing neuromorphic chip. Nature Communi-
cations, 15(1):4464, 2024.

[Yao et al., 2025] Man Yao, Xuerui Qiu, Tianxiang Hu, Ji-
akui Hu, Yuhong Chou, Keyu Tian, Jianxing Liao, Luziwei
Leng, Bo Xu, and Guoqi Li. Scaling spike-driven trans-
former with efficient spike firing approximation training.
IEEE Transactions on Pattern Analysis and Machine In-
telligence, 2025.

[Yu et al., 2025] Kairong Yu, Tianqing Zhang, Hongwei
Wang, and Qi Xu. Fsta-snn: Frequency-based spatial-
temporal attention module for spiking neural networks. In
Proceedings of the AAAI Conference on Artificial Intelli-
gence, volume 39, pages 22227–22235, 2025.

[Zhang et al., 2024] Han Zhang, Zhaokun Zhou, Liutao Yu,
Liwei Huang, Xiaopeng Fan, Li Yuan, Zhengyu Ma, Hui-
hui Zhou, Yonghong Tian, et al. Qkformer: Hierarchi-
cal spiking transformer using qk attention. Advances in
Neural Information Processing Systems, 37:13074–13098,
2024.

[Zhang et al., 2025] Tianqing Zhang, Kairong Yu, Xian
Zhong, Hongwei Wang, Qi Xu, and Qiang Zhang. Staa-
snn: Spatial-temporal attention aggregator for spiking neu-
ral networks. In Proceedings of the Computer Vision
and Pattern Recognition Conference, pages 13959–13969,
2025.

[Zheng et al., 2025] Zeqi Zheng, Yanchen Huang, Yingchao
Yu, Zizheng Zhu, Junfeng Tang, Zhaofei Yu, and Yaochu
Jin. Spiliformer: Enhancing spiking transformers with lat-
eral inhibition. arXiv preprint arXiv:2503.15986, 2025.

[Zhou et al., 2023] Zhaokun Zhou, Yuesheng Zhu, Chao
He, Yaowei Wang, Shuicheng Yan, Yonghong Tian, and
Li Yuan. Spikformer: When spiking neural network meets
transformer. In ICLR, 2023.

[Zhou et al., 2026] Chenlin Zhou, Liutao Yu, Zhaokun
Zhou, Han Zhang, Jiaqi Wang, Huihui Zhou, Zhengyu
Ma, and Yonghong Tian. Spikingformer: A key founda-
tion model for spiking neural networks. In Proceedings of
the AAAI Conference on Artificial Intelligence, volume 40,
pages 2236–2244, 2026.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T


