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Neural Networks
robust

Invariance / equivariance

Hierarchical

Sparse / disentangled 

Generalizable / reusable

scalable

Useful representations



1986

Convolutional Neural Networks
[Learning Internal Representations by Error Propagation. Rumelhart et al., 1986]

ConvNet using BP

- Receptive field
- Translation equivariance
- Trained by error propagation



LeNet

1989

LeNet

[Backpropagation Applied to Handwritten Zip Code Recognition, LeCun et al., 1989]



AlexNet
[Krizhevsky, Sutskever and Hinton, 2012]

2012

AlexNet

[Deng et al., 2009]
[Russakovsky et al., 2015]



ResNet
[He et al., 2015]

ResNet

2015

figure: reddit?

repeating motif: a residual block  



ResNeXt
[Xie, Girshick, Dollár, Tu, He, CVPR 2017]

ResNet

2015 2017

ResNeXt

Grouped Conv

Dense Conv

…

…
a ResNeXt block



• Self-attention:
• Less inductive bias

• Scalable
• w/ bigger model
• w/ larger data

ViT

2020

Vision Transformer (ViT)
[Dosovitskiy et al., ICLR 2021]

courtesy: Lilian Weng



• Expanding vision capabilities
• Large resolution
• Multi-scale

• Vision Transformer
• Quadratic complexity
• No hierarchy

Vision is NOT just about classification 



• Self-attention:
• Less inductive bias

• Scalable
• w/ bigger model
• w/ larger data

Swin Transformer

2021

Advanced Vision Transformers

[Liu et al., 2021]

Self-attention (ViT)

Locality

Translation equivariance

Hierarchical

+ Conv Priors

More complicated designs + Specialized modules



ConvNet losing steam?
Venue Convolution, CNN, 

ConvNet
Attention, “-Former”

ECCV 2020 56 54
CVPR 2021 49 78
ICCV 2021 44 176
CVPR 2022 44 263

Swin Transformer



Swin Transformers is a hybrid architecture

• Similarity: 
• Convolution inductive bias

• Difference:
• “Core” component (attention vs. convolution)
• Training procedures
• Macro and micro architecture design decisions

• Common assumption in the 2020s:
• Self-attention is the key for superior performance and scalability. 
• ConvNet is NOT a scalable architecture.?



Hierarchical Vision Transformer

Modernize 🚀

ResNet

ViT

20202017 2022

ResNeXt ConvNeXtResNet

2015

A ConvNet for the 2020s
[Liu, Mao, Wu, Feichtenhofer, Darrell, Xie. CVPR 2022]

[Liu et al., 2021]

[He et al., 2015]

Central question: 
• How do the design choices 

in Transformers impact a
ConvNet’s performance?
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Improved training recipe

ResNet-50 ImageNet top-1: 76.7% -> 78.8% 🚀

[Revisiting ResNets: Improved Training and Scaling Strategies, Bello et al, 2021]

[ResNet strikes back: An improved training procedure in timm Wightman, et al, 2021]

(“DeiT Recipe”) [Touvron et al., 2021]
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SwinTransformer

Modernize 🚀

ResNet

[Liu et al., 2021]

[He et al., 2015]
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Input Stem
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# groups = # channels 

[Xie et al., 2016]

[Howard et al., 2017]
[Chollet et al., 2016] 81.3

ResNeXt-ify
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Large kernel size



ResNet-50/200

Swin-T/B

stage ratio

“patchify” stem

depth conv

width ↑

inverting dims

move ↑ d. conv

kernel sz. → 5

kernel sz. → 7

kernel sz. → 9

kernel sz. → 11

ReLU➝GELU

fewer activations

fewer norms

BN ➝ LN

Macro
Design

ResNeXt

Inverted
Bottleneck

Large
Kernel

Micro
Design

…
81.3

ImageNet 
Top1 Acc (%)

GFLOPs
4.1

4.5

4.4

2.4

5.3

4.6

4.1

4.1

4.2

4.2

4.3

4.2

4.2

4.2

4.2

4.5

4.5

78.8

79.4

79.5

78.3

80.5

80.6

79.9

80.4

80.6

80.6

80.5

80.6

81.3

81.4

81.5

82.0

Contraction

Expansion

C-dim

4C-dim

C-dim

C-dim

Self-
Attention

Transformer

Expansion

Contraction

C-dim

C-dim

4C-dim

C-dim

Depthwise
Conv

Prerequisite: move depth-wise before “expansion”.
Reduce flops w/ larger kernel size. 81.3

Large kernel size



ResNet-50/200

Swin-T/B

stage ratio

“patchify” stem

depth conv

width ↑

inverting dims

move ↑ d. conv

kernel sz. → 5

kernel sz. → 7

kernel sz. → 9

kernel sz. → 11

ReLU➝GELU

fewer activations

fewer norms

BN ➝ LN

Macro
Design

ResNeXt

Inverted
Bottleneck

Large
Kernel

Micro
Design

…
81.3

ImageNet 
Top1 Acc (%)

GFLOPs
4.1

4.5

4.4

2.4

5.3

4.6

4.1

4.1

4.2

4.2

4.3

4.2

4.2

4.2

4.2

4.5

4.5

78.8

79.4

79.5

78.3

80.5

80.6

79.9

80.4

80.6

80.6

80.5

80.6

81.3

81.4

81.5

82.0

3x3 7x7 9x9

Expansion

Contraction

C-dim

4C-dim

4C-dim

C-dim

Depthwise
Conv

81.3

Large kernel size

Larger kernel size helps; performance saturates at 7x7
Swin’s choice of local window size is also 7 🤔



Even larger kernel sizes?

Scaling Up Your Kernels to 31x31: Revisiting Large Kernel 
Design in CNNs, Ding, Zhang, Han and Ding., CVPR 2022
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Fewer Activations / Norms
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One LayerNorm is good enough. 
Say 👋 to BatchNorm pitfalls!

LN

BatchNorm LayerNorm
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Normalization
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Minimal design: 
⭐ as simple as possible (but not simpler).

⭐ only 100 lines of code
(vs. 500+ for advanced vision transformers)

81.3

ConvNeXt Block



ConvNeXt block Swin Transformer block



ConvNeXt: Results

• Attention is NOT essential
• ConvNets can be scalable

(while being much simpler in design)



ConvNeXt: Downstream Transfer (important!)

COCO Detection and Instance Segmentation

ADE20K Semantic Segmentation

Consistently outperforms SOTA vision transformers



“The ConvNeXt model release saved us during the ECCV deadline.
We don’t have an internal Swin Transformer implementation at Google.
But we were able to easily implement ConvNeXt and obtained SOTA
results with the pre-trained model.” 

– A vision researcher at Google



Preliminary observation: inference speed on A100s



Robust models? Scale matters!



ViT

20202017 2022

ResNeXt ConvNeXtResNet

2015

ConvNeXt
[Liu, Mao, Wu, Feichtenhofer, Darrell, Xie. CVPR 2022]

• Not to push for SOTA
o Focus on enabling fair comparisons

• Key design decisions are:
o Mimicking Vision Transformers
o Using standard ConvNet modules

⭐ ConvNeXt represents the community effort!

Many design choices have been examined separately

over the last decade, but not collectively. 



Inference speed/accuracy
(training is similar)

ConvNeXt

LeViT: a Vision Transformer in 

ConvNet’s Clothing for Faster 

Inference, Graham et al.



Vision architectures 
for the 2020s:

Transformers or ConvNets?

Credit: Godzilla vs. Kong (2021)



• Self-attention is awesome for sequences/sets.
• I use it quite often!

Disclaimer: not a Transformer hater! (who would be?)

E.g., first pure Transformer model used for
point cloud processing.

[Xie, et al., CVPR 2018]



Transformer can lead to flexible designs

Masked Auto-Encoder
[He, Chen, Xie, Li, Dollár, Girshick, CVPR 2022]

Transformer enables asymmetric encoder-decoder structure.
Significant speed up!



ConvNet or Transformer? An ill-defined question

• Really, what is a ConvNet?



An ill-defined question

• Two ways to think about a ConvNet
o A network using ConvNet inductive bias
o A network using convolution operations



o Sliding Window
o Weight Sharing
o Hierarchical structure
o Locality

What is a ConvNet?

• A network using ConvNet inductive bias



Given a small image

Vanilla Transformer: no problem!

ConvNet inductive bias has been & will be essential





For practitioners, a hybrid system is all you need

End-to-End Object Detection with Transformers [Carion et al, 2020]

• A Conv + self-attention network can work better
e.g. LeViT [Graham et al., 2021], CoAtNet [Dai et al., 2021], CoaT [Xu et al., 2021], …

• For images, you might not need a full Transformer;
You need self-attention blocks at the end!



• A network using Convolution operations (but not self-attention)

- May not need overlapping convolutions
- May not need locality inductive bias (global circular convolution, FFT)

- May not need feature hierarchy (isotropic architecture)

What is a ConvNet?

[Rao, Zhao, et al., 2021]



ML Empiricist Utopia

• “Inductive biases must be removed!”
no image inducMve bias at all: pixels as sequence

Long Range Arena: A Benchmark for Efficient Transformers
[Y Tay, et al., 2020]



[Gu, et al., 2021]

Efficient training as a CNN!

At inference, view as an RNN



So, Transformer or ConvNet?

Credit: Godzilla vs. Kong (2021)



Credit: Carol Herring

“Your assumptions are your windows on the world. Scrub them 
off every once in a while, or the light won't come in.”
― Isaac Asimov

https://www.amazon.com/s/ref=dp_byline_sr_book_1?ie=UTF8&field-author=Carol+Herring&text=Carol+Herring&sort=relevancerank&search-alias=books

