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(02 Introduction : SNNs

1) LIF model
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(02 Introduction : SNNs

1) LIF model
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03 Key Idea : Q-K Attention

3) Query-Key Attention
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3) Query-Key Attention
Q = SNo(BN(XWy)), K =SNg(BN(XWk))
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O 3 Key Idea. Spiking Patch Embedding with Deformed Shortcut BrAIn'—ab@
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1) Activation Before Addition

Y = F(X,{W;}) + SN(W X)
1) Pre-Activation
Y = SN(G(X, {W;}) + WaX)
)

QKFormer (baseline) 81.15%
QKFormer (ABA->PA) 81.18% f‘—
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03 Key Idea : Hierarchical Architecture
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Methods Type  Architecture Input Param Power Time Top-1
Size (M) (m]) Step Acc (%)

. . RMP[21] A28 VGG-16 2242 39.90 - 2048  73.09

1) ImageNet-lk ClaSSlﬁcatlon QCFS[22] A2S  ResNet-18 2242 11.70 - 1024 74.32

MST[23] A2S  Swin Transformer-T 2242 2850 - 512 78.51

SNN  SEW-ResNet-34 2242 21.79 4.89 4 67.04

SEW ResNet[28] SNN  SEW-ResNet-101 2242 44.55 8.91 4 68.76

SNN  SEW-ResNet-152 2242 60.19 12.89 4 69.26

SNN  Spikformer-8-384 2242 16.81 7.73 4 70.24

Spikformer[11] SNN  Spikformer-8-512 224% 2968 11.58 4 73.38

SNN  Spikformer-8-768 2242 6634 2148 4 74 .81

SNN  Spikingformer-8-384  224% 16.81 4.69 4 72.45

Spikingformer[12] SNN  Spikingformer-8-512  224% 29.68 7.46 4 74.79

SNN  Spikingformer-8-768  224% 66.34  13.68 4 75.85

SNN  S-Transformer-8-384 2242 16.81 3.90 4 72.28

S-Transformer[13] SNN  S-Transformer-8-512 2242 29,68 1.13 1 71.68

‘ SNN  S-Transformer-8-512 2242 29,68 4.50 4 74.57

SNN  S-Transformer-8-768* 2882 66.34  6.09 4 77.07

ViT[4] ANN  ViT-B/16 3842 86.59 25484 1 77.90

DeiT[32] ANN DeiT-B 2242 86.59  80.50 1 81.80

ANN  DeiT-B 3842 86.59 254.84 1 83.10

ANN  Swin Transformer-B 2242  87.77 70.84 1 83.50

Swin[8] ANN  Swin Transformer-B 3842 87.77 21620 1 84.50
SNN  HST-10-384 2242 1647 1513 4  78.80
SNN  HST-10-512 2242 2908 2199 4  82.04
QKFormer SNN  HST-10-768 2242 6496 852 1 81.69
SNN  HST-10-768 2242 6496 3891 4 8422
SNN  HST-10-768* 2882 6496 6427 4 8525
SNN  HST-10-768** 3842 6496 113.64 4  85.65




04 Results - CIFAR, DVS Classification

2) CIFAR, DVS Classification
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CIFAR10 CIFAR100 DVS128 CIFAR10-DVS
Method Param 7' Acc Param T Acc Param 7' Acc Param 7' Acc
Spikformer [11] 932 4 9551 932 4 7821 257 16 983 257 16 80.9
Spikingformer [12] 932 4 9581 932 4 7821 257 16 983 257 16 81.3
CML [14] 932 4 96.04 932 4 80.02 257 16 98.6 257 16 80.9
S-Transformer[13] 1028 4 9560 1028 4 784 257 16 993 257 16 80.0
STSA[15] — — = — - — 1.99 16 98.7 199 16 79.93
ResNet-19 (ANN) 1263 1 9497 1263 1 7535 — - - — - =
Trasnformer (ANN) 932 1 96.73 932 1 81.02 — - = — - =
QKFormer 6.74 4 9618 674 4 81.15 150 16 98.6 150 16 84.0
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04 Results : Ablation Study

3) Ablation Study

Model CIFAR100 (Acc) CIFAR10-DVS (Acc)
QKFormer (QKTA + SSA, baseline) 81.15% 84.00%
QKFormer (QKTA + SSA, w/o SPEDS) 80.08% 83.40%
Spiktformer (SSA, w/o scaling) 76.95% 79.30%
Spikformer (SSA) 78.21% 80.90%
Spikformer (SSA) + SPEDS 80.26% 82.20%
Model CIFARI100 (Acc, Param) CIFARI10-DVS (Acc, Param)
QKFormer (QKTA + SSA, baseline) 81.15%, 6.74M 84.00%, 1.50M
QKFormer (QKCA + SSA) 81.07%, 6. 74M 84.30%, 1.50M
QKFormer (QKTA + QKCA) 81.04%, 6.44M 83.10%, 1.44M
QKFormer (SSA) 81.23%, 6. 79M 84.10%, 1.52M
QKFormer (QKCA) 81.00%, 6.44M 80.70%, 1.44M

QKFormer (QKTA)

79.09%, 6.44M

80.70%, 1.44M
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