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02 Introduction : Spiking Neural Networks

1) Spiking Neural Networks
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2) Surrogate gradient
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02 Introduction : Forward-Forward Algorithm

1) Backpropagation vs local learning

Forward pass (activations)
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2) Two forward passes
Calculate Goodness Loss
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Class Options for Positive Sample
1) Two forward passes @ e G ST T T ™
! i
i : True Label Index = 1 - i
Positi | E . Class 1 :
SDSI ‘ilTe L .= I_. | :
ample ; — — |
1 i
D : Number of classes = 10 !
. /
Class Index = 1 e e e e e e e e e e e e e e e -7
Sample s .
/ \
__________________ Class 0 Class 2 Class 3
i HEEEEEEENEE] EEEEEEEEEE (EEEEEEEEEN|
Class Index = 1 i
: Class 4 Class 5 Class 6

IEEEEEEEEE| [EEEEENEEEE] EEEEEEEEERE

L]

1

[}

L
,----:—----‘
v ——————————

input __ Class 7 Class 8 Class 9
X — [17{],:1?1}...,1?(1_1].
(NEEEEEENEE| (EEEEEEEERE] (EEEEEEREER
Class Index =0
. ’
input N e e e e e -7
m = max I,
0<i<d—1

Class Options for Negative Sample



(03 Forward-Forward in SNNs 56

MALILEE

1) Two forward passes

Notation

xP9%: Positive sample

x"€9: Negative sample

Sample

F: Flatten operation

W;: Weights of layer i

WiT: Transposed weights of layer i

Nj: Normalization of layer i

CPY: Spikes’ count of positive sample

C™€9: Spikes’ count of negative sample
G°%: Goodness function for positive sample
G™9: Goodness function for negative sample
Loss;: Loss of layer i

VIW;: Weight Gradient of layer i

,L : Membrane potential of neuron

4 - Spike
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2) Calculate Loss
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2) Calculate Loss
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1) Comparison with SNNs

Dataset Model Architecture Neuron model Learning Approach Accuracy (%)
MNIST Proposed model 784-500-500 LIF# FF 98.34
Ororbia. [27] 784-7000-7000 LIF FF 97.46
Terres et al. |28] 784-1400-1400 LIF FF 93.27
Taylor et al. [41] 784-1000-10 LIF” BP 97.91
Comsa et al. [40] 784-340-10 IF (alpha-PSP) BP 97.90
Neftci et al. [4]f 784-1000-10 LIF? BP 97.87
F_MNIST Proposed model 784-500-500 LIF? FF 89.36
Terres et al. |28] 784-1400-1400 LIF FF 85.68
Neftci et al. [4]1 784-1000-10 LIF” BP 89.93
Taylor et al. [41]T 784-1000-10 LIF? BP 89.05
Zhang et al. [44] 784-1000-10 IF(ReL-PSP) BP 88.1
Kheradpisheh et al. [42]7  784-1000-10 IF BP 88.0
Perez-Nieves et al. [43] 784-200-10 LIF BP 82.20
K-MNIST Proposed model 784-500-500 LIF# FF 91.26
Ororbia. |27] 784-7000-7000 LIF FF 91.14
Terres et al. |2§] 784-1400-1400 LIF FF 85.91
NMNIST Proposed model 2312-500-500 LIF? FF 97.26
Neftci et al. [4] 2312-300-10 LIF# BP 97.47
Taylor et al. [41] 2312-300-10 LIF BP 95.91
Perez-Nieves et al. [43] 2312-200-10 LIF BP 92.70
SHD Proposed model 700-500-500 recurrent LIF FF TT.87
Cramer et al. [38] 700-128-20 recurrent LIF BP 71.40
Neftei et al. 4] 700-300-20 LIF# BP 70.81
Cramer et al. [38] 700-128-20 LIF BP 48.1
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2) Comparison with ANNs
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Dataset Model Architecture Network Type Accuracy (%)
MNIST Proposed model 784-2000-2000 SNN 08.69
Ororbia et al. [48] 784-2000-2000 ANN 98.66
Hinton [13] 784-2000-2000-2000-2000 ANN 98.63
Gandhi et al. [47]  784-2000-2000-2000-2000 ANN 98.63
Aminifar et al. [51]  784-2000-2000-2000-2000 ANN 98.60
Ghader et al. [52] 784-500-500 ANN 98.58
Lee et al. [50] 784-2000-2000-2000 ANN 98.58
Brenig et al. [46] 784-2000-2000-2000-2000 ANN 98.03
Tang. [45] 784-200-200-200-50-50 ANN 98.00
Tosato et al. [49| T84-T84-T84-T84 ANN 94.00
P-MNIST Proposed model 784-2000-2000 SNN 90.27
Ghader et al. [52] 784-500-500-500 ANN 90.22
Ororbia et al. [48] 784-2000-2000 ANN 89.60
Brenig et al. [46] 784-2000-2000-2000-2000 ANN 87.31
Tosato et al. [49| T84-T84-T84-T84 ANN 82.60
Proposed model 3072-2000-2000 SNN 54.03
CIFAR-10
Aminifar et al. [51]  3072-2000-2000-2000-2000 ANN 53.95
Ghader et al. [52] 3072-500-500-500 ANN 53.31
Brenig et al. [46]  3072-2000-2000-2000-2000 ANN 47.60
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SNN + Local learning model

e Limitations

V' Increased inference cost
Vv Architectural constraints
v Lack of timestep awareness

e  Future Directions

v/ Minimize class-dependent inference cost
v' Explore transformer compatibility
v Leverage SNN-specific characteristics

* references 14
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