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Introduction &
Related Work



Introduction

● CNNs can do as well as Transformers

● How?
○ Modernizing ConvNet using a SWIN 

as motivation
●● Propose new architecture: ConvNeXt

○ Outperforms SWIN on detection, 
classification and segmentation.
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Hierarchy of SWIN vs. CNNs

● Hierarchical transformer SWIN
○  introduced as general purpose 

backbone.
● Swin was credited for transformers

○  intrinsic properties for the success.

● VIT failed in common vision tasks



Modernizing ConvNets

RESNET Macro Design

Changes to whole 
architecture based on 
SWIN-Transformer

Micro Design

Network layer level 
changes

Training

Changing Epochs
Changing optimization
New Augmentations
Regularization methods

ConvNext



Modernizing ConvNets



Modernizing ResNet

BaseModel: ResNet50

Motivation: SWIN-Tiny



ResNet to ConvNeXt

● Two types of changes 

○ Macro Design Changes

○ Micro Design Changes

● Accuracy increases by 4%

● FLOPs remain under 4.5G



Macro Design Changes

1. Change stage compute ratio
2. Change stem to Patch-ify
3. Depthwise convolution
4. Inverted bottleneck
5. Larger Kernel Size



MD1 : Changing stage compute ratio

ResNet50

Stage compute ratio: 3:4:6:3
 

SWIN Tiny

Stage compute ratio: 2:2:6:2 = 1:1:3:1



MD1 : Improvements

● Change stage compute ratio to 1:1:3:1 like SWIN-Tiny.

● Accuracy for ResNet-50 increases by 0.6%.



MD2 : Changing stem to “Patch-ify”

● ResNet 50
○ Input stem: 7x7 conv, stride 2, 64 

filters

SWIN-T Stem cell

ResNet-50 Stem cell

● SWIN-Tiny
○ Input stem: 4x4 patch, stride 4, 96 

dim



MD2 : Improvements

● Change stage stem cell to 4x4 conv, with stride = 4.

● Accuracy for ResNet-50 increases by 0.1%



Depthwise convolutions

Normal convolution
Depthwise convolution

Channel wise filtering



Why depthwise convolutions?

● Depthwise convolutions and Self Attention mechanism are similar 

○ Channel wise Filter application  similar to  Weighted sum operations 



Depthwise Conv. vs Self-Attention



MD3 : Improvements

● Change all normal conv to depthwise conv.

➔ Accuracy drops by 1.2%, FLOPs drop by 2G.
➔ Depthwise conv. → less parameters



MD3 : Improvements

● Increased Number of filter to 96(SWIN) at stem, channels inc by 2. 

➔ Accuracy inc by 2.2%, FLOPs inc by 2.9G.



MD4 : Inverted Bottleneck

● Change the channel dim ratio to 4

● Invert the bottleneck design



MD4 : Inverted Bottleneck

● Inverting bottleneck 

➔ Accuracy improves by 0.1%



MD5 : Larger Kernel Sizes

SWIN Tiny

Local Attention window: 7x7

ResNet

Kernel size = 3x3



MD5 : Larger Kernel Sizes

● Change kernel size to 7x7 for all blocks.

➔ Accuracy does not improve



Micro Designs (mD)

5. Separate downsampling layers

1. Replace RELU with GELU

2. Fewer Activation functions

3. Fewer normalization layers

4. Substituting BN with LN



mD1: Replace RELU with GELU

1. BERT
2. GPT-2
3. ViTs



mD1- Improvement



mD2: Fewer Activation functions



mD2 - Improvement



mD3: Fewer Normalization Layers



mD3- Improvement



mD4: Substituting BN with LN

Batch Norm Layer Norm



mD4 - Visualization

Feature Map

C: Channels
N: Batch Dimension
H, W: Height and Width of feature map



mD4- Improvement



mD5: Separate Downsampling Layer

LN

Conv

2*2 conv 
with 
stride 2

Resnet 
Block

Convnext 
Block

3*3 with stride 2

1*1 with stride 2



This modification surprisingly leads to diverged training!

adding normalization layers wherever spatial resolution is changed can help 
stabilize training



mD5 - Improvement



Final ConvNeXt block

○ Shifted window attentions

○ Relative position bias

● Macro Design Changes

● Micro Design Changes

● ConNeXt has similar FLOPs as SWIN.

● No specialized modules unlike SWIN

all design choices discussed so far are adapted from vision 
Transformers.

these designs are not novel even in the ConvNet literature  they have 
all been researched separately, but not collectively, over the last 
decade.



Base Line

Macro 
Changes

Micro 
Changes



Evaluation on ImageNet



Networks for Evaluation

ConvNet Architectures
1. RegNets
2. EfficientNet and EfficientNet V2

ConvNext-T C = (96,192,384,768) , B = (3,3,9,3)

ConvNext-S C = (96,192,384,768) , B = (3,3,27,3)

ConvNext-B C = (128,256,512,1024) , B = (3,3,27,3)

ConvNext-L C = (192,384,768,1536) , B = (3,3,27,3)

ConvNext-XL C = (256,512,1024,20148) , B = (3,3,27,3)

Transformer Architectures
1. DeiT
2. SWIN

Vs



Training Settings

● AdamW Optimizer ● 90 Epochs → Warmup 5 epochs
● No EMA

ImageNet-1K - Training from Scratch Pre-training on ImageNet-22K

● 300 Epochs → Warmup 20 epoch

● Data Augmentation → Mixup, 
RandAug , CutMix etc

● Regularizers →Stochaistic depth, 
label smoothing

● EMA and Layer Scale



Results on ImageNet - 1K

0.3 %       

0.1 %       

0.8 %       

● Outperformed SWIN in-terms of Throughput and Accuracy
● ConvNext still lags behind ConvNet i.e., EffNet V2



Results on ImageNet - 22K

0.8%

1.5%

● Observed the scaling property of 
transformers in convnext’s



Machine Performance Comparison



Takeaways

● Observed the scaling behaviour in ConvNexts
● Outperformed the ConvNets in almost every aspect
● ConvNets attained higher Inference throughputs



Training

Accuracy Improvement →  +2.7%
         76.1 %  to 78.8%



Stem Change

● Input Layer in the processing layers of the Network

Architecture Conv Kernel Size Stride

ResNet 7x7 2

Vision Transformer 16x16 / 14x14 16 / 14

SWIN Transformer 4x4 4

ConvNext 4x4 4



IsoTropic ConvNeXt - ImageNet-1K



Evaluation on 
Downstream tasks



COCO - Object Detection 



ADE20K - Segmentation 



Conclusion



Conclusion

● ConvNeXts proposed as a ConvNet model that 

competes with Transformers

● Authors hope the importance of convolutions is 

re-examined in modern vision architectures

● Optimization is important, as well as architecture



Deficiencies in the work


