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Has Al become powerful enough compare to the human brain?

“We will run out of data Huge amount Adversarial attacks
between 2026 to 2032” of training data

Villalobos et al. (2024)
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How to solve these problems?

Back to the brain!
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Dendrite: An important part for nonlinear integration

Multilayer-perceptron (MLP)
A single neuron with dendrite can do:

* Logical operation
Signal amplification
Parallel nonlinear processing

fx)=wiow,_10(-0(wyo(w;x+by)+by))+b,_;)
Chavlis, Poirazi (2021)
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Questions: Is it possible to incorporate
dendritic nonlinearity into ANN?

!

X1 Dendrite has powerful Need to quantify the dendritic
nonlinearity! nonlinearity at first.

Frank Rosenblatt (1958)

Biological interpretation

X
2 adi
5% " 'NEURAL INFORMATION
Wi X1+w,x, 7 PROCESSING SYSTEMS



Dendritic bilinear integration rule
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E al _ | * Predicted SSP
= P X Li et al. (CPAM 2023) Simulated SSP
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Predicted SSP = Linear Sum + Bilinear Term
Given input x, Dendritic bilinear integration rule can be simplified as: o™
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Dit-CNN: Dendritic integration inspired CNN

- Wy Fukushima et al. (1980)
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quadratic neuron(xq,xy,x3) = 0(Wq * X1 + Wy * X5 + w3 * X3 + Z?,j=1 Kij (Wi *x;) -



Performance on CIFAR: Dit-CNNs shows
sighificant enhancements

Model # Param. Acc. # Param. Acc.
(CIFAR10) (CIFAR10) (CIFAR100) (CIFAR100)

ResNet-20[|16]] 0.27M 91.25% 0.30M 67.26+0.68%
QResNet-20[12] 0.81M 92.22% 0.84M 67.824+0.52%
QuadraResNet-20[53] 0.81M 92.21% 0.84M 68.02+0.44%
Dit-ResNet-20 0.30M 92.66 % 0.33M 68.66+-0.34 %
ResNet-32[16] 0.46M 92.49% 0.45M 68.524+0.55%
QResNet-32[12]] 1.39M 93.10% 1.42M 69.414+0.48%
QuadraResNet-32[53]] 1.39M 93.11% 1.42M 69.54+0.44%
Dit-ResNet-32 0.45M 93.17 % 0.52M 69.68+0.32%
ResNet-56[16] 0.86M 93.03% 0.89M 70.174+0.67%
QResNet-56][12] 2.55M 93.66% 2.58M 71.214+0.44%
QuadraResNet-56[53]] 2.55M 93.79% 2.58M 70.984+0.76%
Dit-ResNet-56 0.89M 93.90 % 0.92M 71.40+0.35%
ResNet-110[16] 1.73M 93.57% 1.76M 70.8440.76%
QResNet-110[12] 5.17M 93.88% 5.20M 71.584+0.87%
QuadraResNet-110[53] 5.17"M 93.77% 5.20M 71.72+0.81%
Dit-ResNet-110 1.76M 94.33 % 1.79M 72.40+0.85 %

94.0 -

Test accuracy
(<] (<] (<]
N w w
(6] o (6]

©
N
)

CIFAR dataset:
60000 32x32
training images,
10000 test images
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Performance on ImageNet-1K: Dit-CNNs compete
favorably with state-of-the-art models

Table 3: Dit-ConvNeXts versus state-of-the-art (SOTA) models on ImageNet-1K. All models listed
in the table are trained and validated at a resolution of 224 x 224.

Arch. Model #Param. FLOPs Top-1 acc. (%)
Swin-T 20M 4.5G 81.3
Algnsiorees DeiT-S [43] 2M  46G 79.8
VMamba-T [31] 220M 5.6G 82.2
State Space Models vz 4 Mamba-S 26M  43G 81.2
ResNet-50 26M 4.1G 80.4
SLaK-T [30] 30M 5.0G 82.5
CNNs QuadraNet36-T [52] 24M 4.1G 82.2
DeepMAD-29M [A1]  29M 4.5G 82.5
ConvNeXt-T [33] 20M 4.5G 82.1
Dit-ConvNeXt-T 20M 5.0G 82.6
Transformers Swin-S 50M 8.7G 83.0
VMamba-S [31] 4M  11.2G 83.5
State Space Models vz 4 Mamba-M 74M 127G 82.8
ResNet-101 45M 7.8G 81.5
ResNet-152 [50] 60M 115G 82.0
SLaK-S [30] 55M 9.8G 83.8
CNNs QuadraNet36-S [52] 50M 8.9G 83.8
DeepMAD-50M [41]  50M 8.7G 83.9
ConvNeXt-S [33] 50M 8.7G 83.1
Dit-ConvNeXt-S 50M 9.2G 83.6
T Swin-B 88M 154G 83.5
DeiT-B 8IM  17.6G 81.8
State Space Models VMamba-B [31]] 75M 18.0G 83.7
SLaK-B 95M  17.1G 84.0
QuadraNet36-B [52] 90M  15.8G 84.1
CNNs DeepMAD-89M [41]  89M  15.4G 84.0
ConvNeXt-B [33]] 39M 15.4G 83.8
Dit-ConvNeXt-B 90M  16.7G 84.2
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ImageNet: Large scale high
resolution image (224x224)
dataset with 1.28M training
images and 50K test images from
1000 classes.
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Theorem: Quadratic neuron always achieves
otimal solution by capture data correlation

O

Theoretically optimal solution:
Yopt(X) = argmaxjeq 5p;j(x)

8 - theoretical
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Theorem: Quadratic neuron always achieves
otimal solution by capture data correlation

Theorem (informal, Liu et al 2024). A single quadratic neuron
can always achieve the theoretically optimal solution.

O

Theoretically optimal solution: A quadratic neuron MLP with two-layer
yopt(x) = Cl?”gmaxje{l,z}}?j(x) # training samples: 1000 # training samples: 1000
 J /
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Theorem 5. (Existence) The critical points with respect to the cross-entropy loss L(6) are given as
follows:

= —22 pj, b* = ,uj ,uj +log(|%;]), j € [K],
where

Emass {log (1-|— Z efi@)=1i )]

i=1,i#j

Moreover, the correspondzng classier generated by this formula is the same as the theoretically
optimal classifier as defined in Equat

Quadratic coefficients equal to the
covariance matrice of data

Eigenvector Eigenvector Eigenvector Eigenvector

Theorem: Quadratic neuron always achieves
optimal solution by capture data correlation
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Similarity between quadratic coefficient and
covariance matrice of data shows the capability of
quadratic neurons to capture correlations.
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* We propose a new type of brain-inspired artificial neural
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Network size

network by incorporating dendritic bilinear integration rule

into CNNs, which compete favorably with state-of-the-art
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models.
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inherent ability to capture data correlations.
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Thanks!
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