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Motivation

Previous problems Can we eschew all of this?

* Inherent complexity(high depth, shortcuts, self-attention...)

« Hard for deployment Yes. VanillaNet
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sophisticated engineering implementation, e.g.

Significant off-chip memory traffic "
Rewriting CUDA code 1



Method-overview
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Method-techniques

Let’s consider why the current network 1s weak

* Weak non-linearity

How?

AN

Deep Training Strategy Series Informed Activation Function



Deep training

« Deep Training Strategy
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Series Informed Activation Function

- 1. serially stacking of activation function
Improve non-linearity -

_ 2. Increase the non-linearity of activation layer

Choice2: concurrently stacking activation layer | def foruard(self, x):

# if self.deploy:
return torch.nn.functional.conv2d(

AS (.’13) — Z alA(x 3 bz) isuper(activation, self).forward(x),

=1 E self.weight, self.bias, padding=self.act_num, éroups=self.dim}
| else: -
| return self.bn(torch.nn.functional.conv2d(
learn the global information by varylng S CRCEIVAtIGH; S816). FarErd(),
the |nputS frOm the”" ne|ghb0rs self.weight, padding=self.act_num, groups=self.dim))

As (zh,w,c) — Z ai,j,cA(xi—}—h,j—l—w,c o bc)

1,] 6 { _nan} HantingChen commented last week Collaborator
Sl m | Iar tO Thanks for the attention. We use the depth conv as an efficient implementation of our activation function, which is same as Eq
{6) in our paper. Each element of the output of this activation is related to various non-linear inputs, which can be regarded as
Batch Normalization with Enhanced Linear concumeritl stacking

Transformation ®)



Result .
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Table 4: Comparison on ImageNet. Latency is tested on Nvidia A100 GPU with batch size of 1.

Model | Params (M) | FLOPs (B) | Depth | Latency (ms) | Acc (%) | Real Acc (%)
MobileNetV3-Small [21] 25 0.06 48 6.65 67.67 74.33
MobileNetV3-Large [21] S5 0.22 48 7.83 74.04 80.01
ShuffleNetV2x1.5 [39] 35 0.30 51 7:23 73.00 80.19
ShuffleNetV2x2 [21] 74 0.58 51 7.84 76.23 82.72
RepVGG-AO [12] 8.1 1.36 23 3.22 72.41 79.33
RepVGG-AL [12] 12.8 2.37 23 3.24 74.46 81.02
RepVGG-BO [12] 14.3 3.1 29 3.88 75.14 81.74
RepVGG-B3 [12] 110.9 26.2 29 4.21 80.50 86.44
VIiTAE-T [48] 4.8 1.5 67 13.37 75.3 82.9
VIiTAE-S [48] 23.6 5.6 116 22.13 82.0 87.0
VIiTAEV2-S [55] 19.2 5.7 130 24.53 82.6 87.6
ConvNextV2-A [46] 3.7 0.55 41 6.07 76.2 82.79
ConvNextV2-F [46] 5.2 0.78 4] 6.17 78.0 84.08
ConvNextV2-P [46] 9.1 1.37 41 6.29 79.7 85.60
ConvNextV2-N [46] 15.6 245 47 6.85 81.2 -
ConvNextV2-T [46] 28.6 447 59 8.40 82.5 -
ConvNextV2-B [46] 88.7 154 113 15.41 84.3 -
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ResNet-34-TNR [45 21.8 3.7 34 5.57 75.5 83.4
esNet- " 25.6 11 SU__TM_W_B:

i - 15.5 52 ] 1.61 ;i,:g
VanillaNet-6 32.5 6.0 6 2.01 76.36 82.86

ani et- 328 6.9 7 g 77.08 :
VanillaNet-8 37.1 7.7 8 2.56 79.13 85.14
VanillaNet-9 414 8.6 9 2.91 79.87 85.66
VanillaNet-10 45.7 9.4 10 3.24 80.57 86.25
VanillaNet-11 50.0 10.3 11 3.59 81.08 86.54
VanillaNet-12 54.3 11.1 12 3.82 81.55 86.81
VanillaNet-13 58.6 11.9 13 4.26 82.05 87.15
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Ablation Study

Table 2: Ablation study on different networks.

Network Deep train. | Series act. | Top-1 (%)
59.58
. v 60.53
VanillaNet-6 / 7593
v v 76.36
7.52
v 59.09
AlexNet v 6112
v v 63.59
76.13
v 76.16
ResNet-50 v 76.30
v v 76.27

deep training technique is useful for the shallow network

Table 3: Ablation on adding shortcuts.

Type Top-1 (%)
no shortcut 76.36
shortcut before act 75.92
shortcut after act T2

The shortcut is useless for bringing up the non-
linearity and may decrease non-linearity
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Extension

1. What is most important for the performance improvement of a deep neural network?

» Depth? Receptive field? Attention? Params?...

2. Could we replace the complex backbones of current big visual models with
simple, shallow yet effective backbones?



