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A) Artificial Neural Network (ANN)
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A) Spiking Neural Network (SNN)
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Spiking-YOLO w/ layer-wise normalization

Time step 1000 Time step 2000 Time step 3000 Time step 4000 Time step 5000

Kim, Seijoon & Park, Seongsik & Na, Byunggook & Yoon, Sungroh. (2020). Spiking-YOLO: Spiking Neural Network for Energy-Efficient
Object Detection. Proceedings of the AAAI Conference on Artificial Intelligence. 34. 11270-11277. 10.1609/aaai.v34i07.6787. 6
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Tiny YOLO
Power (W) GFLOPS FLOPs
250 14,000 6.97E+09

Spiking-YOLO

Norm. GFLOPS Time
methods /W FLOPs  Power (W) steps Energy (J)
Layer 400 5.28E+07 1.320E-04 8,000 § 1.06E-03

Channel 400 490E+07 1.225E-04 3,500 | 4.29E-04

ANN: Titan VIOO CEITUIREED/IN T A -T2 R
SNN: TrueNorth CEITURESETD/IN T A - > X
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Related Work

Spiking Neural Network (SNN)
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Background
* SNNs model the spiking behavior of
biological neurons more closely
Advantages:
* No multiplications needed (only
additions) -> efficient
implementations on hardware

Ziegler, A., Vetter, K., Gossard, T., Tebbe, J., Otte, S., & Zell, A. (2024). Detection of
Fast-Moving Objects with Neuromorphic Hardware. arXiv preprint arXiv:2403.10677. 12
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DynapCNN(JUSBIE#E. Loihi2(3 05D R —)\IRDTE(E
FA—)\—~\w RHdH D, One forward pass(dARE L)

IN—RDT7 Error [pixel]  One forward pass [ms] Inference time [ms]
BrainChip Akida 1.44 £1.41 2.20 £ 0.35 0.89 £ 0.28
DynapCNN 1.59 + 1.83 46.04 £ 21.38 0.82 £0.24
Loihi2 1.57 £ 1.55 1458.57 = 230.50 0.62 = 0.01

Error : BN UTE/N—)LUEEEZED S N
One forward pass : = —4~ A S EEZET 1 TORFR]
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— System >
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Mangalore, Ashish Rao, et al. "Neuromorphic quadratic programming for efficient
and scalable model predictive control: Towards advancing speed and energy
efficiency in robotic control." IEEE Robotics & Automation Magazine (2024).
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Amaya, Camilo, et al. "Neuromorphic force-control in

an industrial task: validating energy and latency
benefits." arXiv preprint arXiv:2403.08928 (2024).
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Liao, Zhanfeng, et al. "Spiking NeRF: Representing the Real-World Geometry by a Discontinuous
Representation.” Proceedings of the AAAI Conference on Artificial Intelligence. Vol. 38. No. 12. 2024. 16
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BACKPROPAGATION IN A NEURAL NETWORK

Hidden Layer True Target
Forward Pass Fo,.er d (yl_true, y2_true)
Input Layer Weighted Sum Weighred g ass
(o~ & Activalien & Acﬁvaﬁozm Output Layer l
Forward
\ , Pass Loss Function
s | (g, MSE)

Total Error (E)

Calculate Gradients
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"0 /oy, Ww* Backward Pass

Made by Gemini (Prompt: Please create a figure to explain "Backpropagation") 20
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Function Derivative

Activation function
Surrogate function
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Backpropagation Trough Time CF& 9 3

* Sigmoid x —__ [ 0(x<-1)
e . x+1

Piecewise Linear : {— (—1<x<1)

e Fast Sigmoid —

* Arctangent : arctan(x) . 1x=1)

Sigmoid gradient Fast Sigmoid gradient Piecewise Linear gradient Arctan gradient
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Zhou, Z., Zhu, Y., He, C., Wang, Y., Yan, S., Tian, Y., & Yuan, L. (2022). Spikformer:
When spiking neural network meets transformer. arXiv preprint arXiv:2209.15425. 25
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Param OPs Power Time

Methods Architecture M) (G) (mJ) Step Acc
Hybrid training(Rathi et al., 2020) ResNet-34 21.79 - - 250 61.48
Spiking-ResNet-34  21.79 - - 6 64.79
TET(Deng et al., 2021) SEW-ResNet-34 2179 - i 4 68.00
o ResNet-34 21.79 6528 59295 350 71.61
Spiking ResNet(Hu et al., 2021a) ResNet-50 2556 7829 70934 350 7275
STBP-tdBN(Zheng et al., 2021)  Spiking-ResNet-34  21.79  6.50  6.393 63.72
SEW-ResNet-34 21.79 3.88 4.035 67.04
SEW-ResNet-50 25.56 4.83 4.890 67.78
SEW ResNet(Fang etal., 2021a)  qpw pecNet-101 4455 930  8.913 68.76
SEW-ResNet-152 60.19 13.72 12.891 69.26
Transformer Transformer-8-512  29.68 8.33 38.340 80.80

Spikformer-8-384 16.81 6.82  7.734
Spikformer-6-512 2337  8.69  9.417
Spikformer Spikformer-8-512  29.68 11.09 11.577
Spikformer-10-512  36.01  13.67 13.899
Spikformer-8-768  66.34  22.09 21.477

ArRrArErPAI=]AEARErERA

Zhou, Z., Zhu, Y., He, C., Wang, Y., Yan, S., Tian, Y., & Yuan, L. (2022). Spikformer:
When spiking neural network meets transformer. arXiv preprint arXiv:2209.15425. 26
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Deng, Lei, et al. "Rethinking the performance comparison between SNNS
and ANNS." Neural networks 121 (2020): 294-307.

vIFHIZ(EEFEB I 55
Deng, S, Li, Y., Zhang, S., & Gu, S. (2022). Temporal efficient training of
spiking neural network via gradient re-weighting. arXiv preprint

arXiv:2202.11946.
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Rathi, Nitin, and Kaushik Roy. "Diet-SNN: Direct input encoding with leakage
and threshold optimization in deep spiking neural networks." arXiv preprint

arXiv:2008.03658 (2020).

v AINA D DFENGL TR RIET D54t

Comesa, lulia-Maria, et al. "Temporal coding in spiking neural networks with
alpha synaptic function: learning with backpropagation.” IEEE transactions
on neural networks and learning systems 33.10 (2021): 5939-5952.
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f5) Temporal efficient training method
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Standard Direct Training

Leaky Integrate-Fire Post- splke Output Integrate
T - = - ST ~\ -_—m === -
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| ! [ '
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s T —te— | !
—:—" / w N Yawd : : 3 ; Class4 ' :Omean
I — - | | : — : — L(Omean, ¥)
Pre-synaptic L ‘ | Class 3 ) |
Input ! : — —P]I - £=1L'(O )
Ip : : | ‘L¢_ FC ._I ' ao(tl T mean*
| E 3 I 4 l | : Class 2 ! )
1 : ! |
| ] 3 : i Class 1 ' daL 1 I( 0(0).y) TZtL(O(t)'y) -
! ] | f
Lt | H\T i 1]
1 " 1 : N 7
Surrogate Gradient I } Jw Ry ol NS =
Se L M 4 0(t)
Temporal Efficient Training
— Forward Backward Temporal Efficient Training Forward

Deng, S., Li, Y., Zhang, S., & Gu, S. (2022). Temporal efficient training of spiking
neural network via gradient re-weighting. arXiv preprint arXiv:2202.11946. 28
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Dataset Model Methods Architecture Simulation Length  Accuracy
Rathi et al. (2019) Hybrid training ResNet-20 250 92.22
Rathi & Roy (2020) Diet-SNN ResNet-20 10 02.54
Wu et al. (2018) STBP CIFARNet 12 89.83
Wu et al. (2019) STBP NeuNorm CIFARNet 12 90.53
Zhang & Li (2020) TSSL-BP CIFARNet 5 91.41
6 03.16
CIFARIO Zheng et al. (2021) STBP-tdBN ResNet-19 4 92.92
2 92.34
6 94.50+0.07
our model TET ResNet-19 4 94.44+0.08
2 94.16+0.03
ANN* ANN ResNet-19 1 94 97
Rathi et al. (2019) Hybrid training VGG-11 125 67.87
Rathi & Roy (2020) Diet-SNN ResNet-20 5 64.07
6 71.12+0.57
Zheng et al. (2021)* STBP-tdBN ResNet-19 4 70.86+0.22
CIFAR100 2 69.41+0.08
6 74.7210.28
our model TET ResNet-19 4 74.47+0.15
2 72.87+0.10
ANN* ANN ResNet-19 1 75.35
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Rathi et al. (2019) Hybrid training ResNet-34 250 61.48

Sengupta et al. (2018) SPIKE-NORM ResNet-34 2500 69.96

ImageNet Zheng et al. (2021) STBP-tdBN Spiking-ResNet-34 6 63.72
Fang et al. (2021) SEW ResNet SEW-ResNet-34 4 67.04

our model TET Spiking-ResNet-34 6 64.79

TET SEW-ResNet-34 4 68.00

Pytorch AT ESE ANN ResNet34 1 73.31

https://pytorch.org/vision/main/models/generated/torchvision.models.resnet34.html

AR NFRVIT—F Y FTIIRERUVVER

Zheng et al. (2021) STBP-tdBN ResNet-19 10 67.8
Kugele et al. (2020)  Streaming Rollout DenseNet 10 66.8
DVS-CIFARI10 Wu et al. (2021) Conv3D LIAF-Net 10 71.70
Wu et al. (2021) LIAF LIAF-Net 10 70.40
our model TET VGGSNN 10 77.33+0.21
TETT VGGSNN 10 83.1740.15

30
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Rueckauer, B., Lungu, I. A., Hu, Y., Pfeiffer, M., & Liu, S. C. (2017). Conversion of continuous-valued deep
networks to efficient event-driven networks for image classification. Frontiers in neuroscience, 11, 682. 33
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Spiking-YOLO w/ layer-wise normalization

Time step 1000 Time step 2000 Time step 3000 Time step 4000 Time step 5000

Kim, Seijoon & Park, Seongsik & Na, Byunggook & Yoon, Sungroh. (2020). Spiking-YOLO: Spiking Neural Network for Energy-Efficient
Object Detection. Proceedings of the AAAI Conference on Artificial Intelligence. 34. 11270-11277. 10.1609/aaai.v34i07.6787. 35
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Target mAP: 26.24% ANN
25
20
- = Channel-norm w/ IBT + Vmem (25.66)
e 15 Channel-norm w/ JBT + Spike count (21.54)
~— Layer-norm w/ IBT + Vmem (24.66)
Ef Layer-norm w/ IBT+ Spike count (20.93)
£ 10 Channel-norm + Vmem (0.74)
Channel-norm + Spike count (3.02)
Layer-norm + Vmem (0.74)
Layer-norm + Spike count (2.82)
5
0o L=274 , - . | B e o ——— e ——— -
0 1000 2000 3000 4000 5000 6000 7000 8000
Time step

MS COCOT—A W MMCHITDHER 36
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ANNODEERIFIE] @ 0.12 /250 = 4.8 X 1044
SNNODHESRRFFE : 4.29%10%/1.225%10* = 3.58

Tiny YOLO
Power (W) GFLOPS FLOPs
250 14,000 6.97E+09

Spiking-YOLO

Norm. GFLOPS Time
methods /W FLOPs Power (W) steps

Energy (J)

Layer 400 5.28E+07 1.320E-04 8,000 §} 1.06E-03
Channel 400 490E+07 1.225E-04 3,500 | 4.29E-04

ANN: Titan VIOO CEITUIREED/IN T A -T2 R
SNN: TrueNorth CEITUTZEE D/ T A -V > X 37
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Bu, T.,, Fang, W., Ding, J., Dai, P.,, Yu, Z., & Huang, T. (2023). Optimal ANN-
SNN conversion for high-accuracy and ultra-low-latency spiking neural
networks. arXiv preprint arXiv:2303.04347.

VIREMIIREDI\AI)IN—)\S A =T D

Hwang, Sungmin, et al. "Low-latency spiking neural networks using pre-
charged membrane potential and delayed evaluation." Frontiers in
Neuroscience 15 (2021): 629000.

v ERIAEC RN LS DB FIE I D75t

Habara, Takehiro, Takashi Sato, and Hiromitsu Awano.
"BayesianSpikeFusion: accelerating spiking neural network inference via
Bayesian fusion of early prediction." Frontiers in Neuroscience 18
(2024): 1420119.
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ANNDZER (R bEZEFE I D
f51) Quantization clip-floor-shift activation function
ReLUBSZXDANID D E71RD T DKL DRI

, 0, 1)

1|z'L

l=)[ll' I
a c1p<L /11+g0

— A BiE
e max(a')
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Bu, T., Fang, W., Ding, J., Dai, P,, Yu, Z., & Huang, T. (2023). Optimal ANN-SNN conversion for high-
accuracy and ultra-low-latency spiking neural networks. arXiv preprint arXiv:2303.04347. 39
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Architecture  Method ANN T=16 T=32 T=64 T=128 T=256 T>1024

RMP 70.64% - - - - - 65.47%

TSC 70.64% - : : : 61.48% 65.10%

ResNet-34  RTS 75.66% - 0.09%  0.12% 3.19%  47.11% 75.08%
SNNC-AP 75.66% - 64.54% T1.12% 73.45% T74.61% 75.45%

Ours 7432% 59.35% 6937% 72.35% 73.15% 73.37% 73.39%

RMP 73.49% - - - - 48.32%  73.09%

TSC 73.49% - - - - 69.71% 73.46%

VGG-16 RTS 75.36% - 0.114% 0.118% 0.122% 1.81%  73.88%
SNNC-AP 75.36% - 63.64% 70.69% 73.32% T74.23% 75.32%

Ours 7429% 5097% 68.47% 72.85% T7397% 7422% T74.32%

ImageNet>— 12w N TOZEEH : OursH'QCFS
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