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Vision Transformer
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Position embeddings

Attention ignores token order: add a position embedding to each token

Learned (ViT): 𝐸pos ∈ ℝ(𝑁+1)×𝐷 : 𝑁  patches and class token, width 𝐷

Sinusoidal (Transformer): position in binary, bits as steps, steps smoothed

bit 0 0 1 0 1 0 1 0 1 0 1 0 1 0 1 0 1

bit 1 0 0 1 1 0 0 1 1 0 0 1 1 0 0 1 1

bit 2 0 0 0 0 1 1 1 1 0 0 0 0 1 1 1 1

bit 3 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1

Position 𝑝 in binary

0 5 10 15
𝑝

Bits as step functions

0 5 10 15
𝑝

Smoothed into cosines

0 5 10 15
𝑝

PE(𝑝, 2𝑖) = sin(𝑝/100002𝑖/𝐷), PE(𝑝, 2𝑖 + 1) = cos(𝑝/100002𝑖/𝐷), 𝑖 < 𝐷/2

Dosovitskiy et al. An Image is Worth 16×16 Words: Transformers for Image Recognition at Scale. ICLR 2021
Vaswani et al. Attention Is All You Need. NeurIPS 2017
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Multi-Head Self-Attention

[𝑞, 𝑘, 𝑣] = 𝑧𝑈𝑞𝑘𝑣 , 𝑧 ∈ ℝ𝑁×𝐷 ,  𝑈𝑞𝑘𝑣 ∈ ℝ𝐷×3𝐷ℎ

𝐴 = softmax(𝑞𝑘𝑇/√𝐷ℎ), 𝐴 ∈ ℝ𝑁×𝑁

SA(𝑧) = 𝐴𝑣
MSA(𝑧) = [SA1(𝑧); SA2(𝑧); …; SAℎ(𝑧)]𝑈msa, 𝑈msa ∈ ℝℎ⋅𝐷ℎ×𝐷

𝑧

query 𝑞

key 𝑘

value 𝑣

SA(𝑧)𝐴

5



Multi-Head Self-Attention

[𝑞, 𝑘, 𝑣] = 𝑧𝑈𝑞𝑘𝑣 , 𝑧 ∈ ℝ𝑁×𝐷 ,  𝑈𝑞𝑘𝑣 ∈ ℝ𝐷×3𝐷ℎ

𝐴 = softmax(𝑞𝑘𝑇/√𝐷ℎ), 𝐴 ∈ ℝ𝑁×𝑁

SA(𝑧) = 𝐴𝑣
MSA(𝑧) = [SA1(𝑧); SA2(𝑧); …; SAℎ(𝑧)]𝑈msa, 𝑈msa ∈ ℝℎ⋅𝐷ℎ×𝐷

𝑧

query 𝑞

key 𝑘

value 𝑣

SA(𝑧)𝐴

𝑤1 𝑤2 𝑤3 𝑤4 𝑤5

5



Vision Transformer

Model Layers 𝐿 Hidden size 𝐷 MLP size Heads ℎ Params
ViT-Base 12 768 3072 12 86M
ViT-Large 24 1024 4096 16 307M
ViT-Huge 32 1280 5120 16 632M

ImageNet ImageNet-21k JFT-300M
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Learned embeddings and attention distance
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Attention maps of heads

Caron et al. Emerging Properties in Self-Supervised Vision Transformers. ICCV 2021 8



Data-Efficient Transformer

ViT-B DeiT-B
Epochs 300 300
Batch size 4096 1024
Optimizer AdamW AdamW
Learning rate 0.003 0.0005 ⋅ batch size

512
Learning rate decay cosine cosine
Weight decay 0.3 0.05
Warmup epochs 3.4 5
Label smoothing 𝜀 – 0.1
Dropout 0.1 –
Stochastic depth – 0.1
Repeated aug. – yes
Gradient clipping yes –
RandAugment – 9/0.5
Mixup prob. – 0.8
CutMix prob. – 1
Erasing prob. – 0.25

Mixup

0.6 ⋅ + 0.4 ⋅ =
0.6 cat
0.4 dog

CutMix

+ =
0.75 cat
0.25 dog

Repeated augmentation

in one
batch

Label smoothing

1 cat
0.9 cat, 0.1 spread
over 1000 classes

Stochastic depth

skipped

probability
up to 0.1

Touvron et al. Training data-efficient image transformers & distillation through attention. ICML 2021 9



DeiT results
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Touvron et al. Training data-efficient image transformers & distillation through attention. ICML 2021 10
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Swin Transformer
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Liu et al. Swin Transformer: Hierarchical Vision Transformer using Shifted Windows. ICCV 2021 12



Shifted window attention

𝑧𝑙−1

LN

W-MSA

̂𝑧𝑙

LN

MLP

𝑧𝑙

𝑧𝑙

LN

SW-MSA

̂𝑧𝑙+1

LN

MLP

𝑧𝑙+1

Block 𝑙

4 windows

Block 𝑙 + 1

9 windows

shift windows
by ⌊𝑀/2⌋

W-MSA, SW-MSA: MSA in regular and 
shifted windows of 𝑀 × 𝑀  patches

SA(𝑧) = softmax(𝑞𝑘𝑇/√𝐷ℎ + 𝐵)𝑣

𝐵 ∈ ℝ𝑀2×𝑀2
: learned relative position bias

Liu et al. Swin Transformer: Hierarchical Vision Transformer using Shifted Windows. ICCV 2021 13



Swin variants

downsp. rate
(output size)

Swin-T Swin-S Swin-B Swin-L

concat 4×4, 96-d, LN concat 4×4, 96-d, LN concat 4×4, 128-d, LN concat 4×4, 192-d, LN

stage 1
4×

(56×56) win. sz. 7×7,
dim 96, head 3

× 2
win. sz. 7×7,

dim 96, head 3
× 2

win. sz. 7×7,
dim 128, head 4

× 2
win. sz. 7×7,

dim 192, head 6
× 2

concat 2×2, 192-d, LN concat 2×2, 192-d, LN concat 2×2, 256-d, LN concat 2×2, 384-d, LN

stage 2
8×

(28×28) win. sz. 7×7,
dim 192, head 6

× 2
win. sz. 7×7,

dim 192, head 6
× 2

win. sz. 7×7,
dim 256, head 8

× 2
win. sz. 7×7,

dim 384, head 12
× 2

concat 2×2, 384-d, LN concat 2×2, 384-d, LN concat 2×2, 512-d, LN concat 2×2, 768-d, LN

stage 3
16×

(14×14) win. sz. 7×7,
dim 384, head 12

× 6
win. sz. 7×7,

dim 384, head 12
× 18

win. sz. 7×7,
dim 512, head 16

× 18
win. sz. 7×7,

dim 768, head 24
× 18

concat 2×2, 768-d, LN concat 2×2, 768-d, LN concat 2×2, 1024-d, LN concat 2×2, 1536-d, LN

stage 4
32×

(7×7) win. sz. 7×7,
dim 768, head 24

× 2
win. sz. 7×7,

dim 768, head 24
× 2

win. sz. 7×7,
dim 1024, head 32

× 2
win. sz. 7×7,

dim 1536, head 48
× 2
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Swin results on ImageNet

Model Input Params, M FLOPs, G Images/s Top-1, %
RegNetY-4G 224×224 21 4.0 1156.7 80.0
RegNetY-8G 224×224 39 8.0 591.6 81.7
RegNetY-16G 224×224 84 16.0 334.7 82.9
EfficientNet-B3 300×300 12 1.8 732.1 81.6
EfficientNet-B4 380×380 19 4.2 349.4 82.9
EfficientNet-B5 456×456 30 9.9 169.1 83.6
EfficientNet-B6 528×528 43 19.0 96.9 84.0
EfficientNet-B7 600×600 66 37.0 55.1 84.3
DeiT-S 224×224 22 4.6 940.4 79.8
DeiT-B 224×224 86 17.5 292.3 81.8
Swin-T 224×224 29 4.5 755.2 81.3
Swin-S 224×224 50 8.7 436.9 83.0
Swin-B 224×224 88 15.4 278.1 83.5
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ConvNeXt

ResNet-50 78.8 4.1
stage ratio 79.4 4.5

patchify stem 79.5 4.4
depthwise conv 78.3 2.4

width ↑ 80.5 5.3
inverting dims 80.6 4.6
depthwise up 79.9 4.1
kernel 3 → 5 80.4 4.1
kernel 3 → 7 80.6 4.2
kernel 3 → 9 80.6 4.2

kernel 3 → 11 80.5 4.3
ReLU → GELU 80.6 4.2

fewer GELUs 81.3 4.2
fewer norms 81.4 4.2

BN → LN 81.5 4.5
ConvNeXt-T 82 4.5

Swin-T 81.3 4.5

78 80 82ImageNet top-1, % GFLOPs

Baseline ResNet-50 with modern 
training:
• 90 → 300 epochs
• AdamW optimizer
• Augmentations: Mixup, Cutmix, 

RandAugment, Random Erasing
• Regularization: Stoch. Depth, 

Label Smoothing

76.1% → 78.8% on ImageNet

Liu et al. A ConvNet for the 2020s. CVPR 2022 17
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Macro design

Change #blocks
(3,4,6,3) → (3,3,9,3)

Change “patchify” stem
7×7 conv/2, pool/2 →
4×4 conv/4

Liu et al. A ConvNet for the 2020s. CVPR 2022 17



ConvNeXt
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Inverted bottleneck

1×1
384 → 96

d3×3
96 → 96

1×1
96 → 384

(a)

1×1
96 → 384

d3×3
384 → 384

1×1
384 → 96

(b)

d3×3
96 → 96

1×1
96 → 384

1×1
384 → 96

(c)

Liu et al. A ConvNet for the 2020s. CVPR 2022 17



ConvNeXt

ResNet-50 78.8 4.1
stage ratio 79.4 4.5

patchify stem 79.5 4.4
depthwise conv 78.3 2.4

width ↑ 80.5 5.3
inverting dims 80.6 4.6
depthwise up 79.9 4.1
kernel 3 → 5 80.4 4.1
kernel 3 → 7 80.6 4.2
kernel 3 → 9 80.6 4.2

kernel 3 → 11 80.5 4.3
ReLU → GELU 80.6 4.2

fewer GELUs 81.3 4.2
fewer norms 81.4 4.2

BN → LN 81.5 4.5
ConvNeXt-T 82 4.5

Swin-T 81.3 4.5

78 80 82ImageNet top-1, % GFLOPs

ReLU → GELU

GELU(𝑥) = 𝑥Φ(𝑥)

𝑥−4 −3 −2 −1 1 2 3

1

2

3
ReLU

GELU

Liu et al. A ConvNet for the 2020s. CVPR 2022
Hendrycks, Gimpel. Gaussian Error Linear Units (GELUs). arXiv 2016
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BatchNorm → LayerNorm

NC

H
, 
W

Batch norm

NC

H
, 
W

Layer norm

Liu et al. A ConvNet for the 2020s. CVPR 2022
Wu, He. Group Normalization. ECCV 2018
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Block designSwin
96-d

LN
1×1, 96×3

(S)W-MSA
𝑀 = 7, ℎ = 3

1×1, 96

96-d
LN

1×1, 384
GELU

1×1, 96

ResNet
256-d

1×1, 64
BN
ReLU

3×3, 64
BN
ReLU

1×1, 256
BN

ReLU

ConvNeXt
96-d

d7×7, 96
LN

1×1, 384
GELU

1×1, 96

Liu et al. A ConvNet for the 2020s. CVPR 2022 17



ConvNeXt results

0 10 20 30 40 50 60
81

82

83

84

85

86

87

GFLOPs

Im
ag

e
N

e
t 

to
p

-1
, 

%

T

S

B

L
XL

ConvNeXt

Swin
ImageNet-1k

ImageNet-21k pretraining

At equal FLOPs ConvNeXt is as accurate as Swin or better

18



Outline

1. Vision Transformer

2. Swin Transformer

3. ConvNeXt

4. MobileNetV4



Universal Inverted Bottleneck

Universal IB block
w/ two optional DW

Possible instantiations of our UIB block
Alternative
Fused IB

UIB Extra DW MobileNet
Inverted Bottleneck

ConvNeXt-Like FFN Fused IB

Optional Depthwise DepthWise PointWise Conv2D

Qin et al. MobileNetV4 — Universal Models for the Mobile Ecosystem. ECCV 2024 20



Mobile MQA

Multi-query attention (MQA): 𝑛 heads with own queries share 𝐖𝐾 , 𝐖𝑉

Mobile MQA downsamples 𝐗 with 𝑆𝑅 : 3×3 depthwise conv, stride 2

Mobile_MQA(𝐗) = Concat(attention1, …, attention𝑛)𝐖𝑂

where attention𝑗 = softmax (
(𝐗𝐖𝑄𝑗)(𝑆𝑅(𝐗)𝐖𝐾)𝑇

√𝑑𝑘

)(𝑆𝑅(𝐗)𝐖𝑉)

EdgeTPU, ms GPU, ms
MNv4-Conv-L Top-1, % MACs, G Params, M Pixel 7 Pixel 8 Galaxy S23
base 84.9 6.0 30.9 4.3 2.4 13.2
+3 MSA blocks 85.3 6.7 36.0 9.7 2.8 16.5
+3 MQA blocks 85.2 6.5 34.7 5.2 2.6 15.1
MQA vs MSA blocks, % (−0.03) (−28.6) (−25.5) (−84.2) (−39.0) (−41.1)

21



Roofline model
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Williams et al. Roofline: An Insightful Visual Performance Model for Multicore Architectures. CACM 2009 22



Roofline latency

ModelTime = ∑
𝑖

max(MACTime𝑖, MemTime𝑖)

MACTime𝑖 =
LayerMACs𝑖

PeakMACs
, MemTime𝑖 =

WeightBytes𝑖 + ActivationBytes𝑖

PeakMemBW

 MobileNetV1  MobileNetV2  MobileNetV3  MobileNetV4
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Roofline latency per layer
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Roofline vs measured latency

int8 Pixel 6 CPU Galaxy S23 CPU Pixel 4 DSP Pixel 8 EdgeTPU
RP, MACs/byte 31.2 39.7 347.3 433.8
𝑟𝑠  roofline 0.97 0.96 0.96 0.97
𝑟𝑠  MACs 0.96 0.94 0.76 0.86

 MobileNetV1
 MobileNetV2

 MobileNetV3
 MobileNetV4
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Pixel 6 CPU

3 10 30

Galaxy S23 CPU
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Pixel 4 DSP
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Roofline latency at the RP fitted to the device, ms
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Found architectures
Table 12: Architecture specification of MNv4-Conv-M

Input Block DW 𝐾1 DW 𝐾2 Expanded Dim Output Dim Stride

2562 × 3 Conv2D - 3 × 3 - 32 2

1282 × 32 FusedIB - 3 × 3 128 48 2

642 × 48 ExtraDW 3 × 3 5 × 5 192 80 2
322 × 80 ExtraDW 3 × 3 3 × 3 160 80 1

322 × 80 ExtraDW 3 × 3 5 × 5 480 160 2
162 × 160 ExtraDW 3 × 3 3 × 3 640 160 1
162 × 160 ExtraDW 3 × 3 3 × 3 640 160 1
162 × 160 ExtraDW 3 × 3 5 × 5 640 160 1
162 × 160 ExtraDW 3 × 3 3 × 3 640 160 1
162 × 160 ConvNext 3 × 3 - 640 160 1
162 × 160 FFN - - 320 160 1
162 × 160 ConvNext 3 × 3 - 640 160 1

162 × 160 ExtraDW 5 × 5 5 × 5 960 256 2
82 × 256 ExtraDW 5 × 5 5 × 5 1024 256 1
82 × 256 ExtraDW 3 × 3 5 × 5 1024 256 1
82 × 256 ExtraDW 3 × 3 5 × 5 1024 256 1
82 × 256 FFN - - 1024 256 1
82 × 256 ConvNext 3 × 3 - 1024 256 1
82 × 256 ExtraDW 3 × 3 5 × 5 512 256 1
82 × 256 ExtraDW 5 × 5 5 × 5 1024 256 1
82 × 256 FFN - - 1024 256 1
82 × 256 FFN - - 1024 256 1
82 × 256 ConvNext 5 × 5 - 512 256 1

82 × 256 Conv2D - 1 × 1 - 960 1
82 × 960 AvgPool - 8 × 8 - 960 1
12 × 960 Conv2D - 1 × 1 - 1280 1
12 × 1280 Conv2D - 1 × 1 - 1000 1

Table 13: Architecture specification of MNv4-Hybrid-M

Input Block DW 𝐾1 DW 𝐾2 Expanded Dim Output Dim Stride

2562 × 3 Conv2D - 3 × 3 - 32 2

1282 × 32 FusedIB - 3 × 3 128 48 2

642 × 48 ExtraDW 3 × 3 5 × 5 192 80 2
322 × 80 ExtraDW 3 × 3 3 × 3 160 80 1

322 × 80 ExtraDW 3 × 3 5 × 5 480 160 2
162 × 160 ExtraDW 3 × 3 3 × 3 640 160 1
162 × 160 ExtraDW 3 × 3 3 × 3 640 160 1
162 × 160 ExtraDW 3 × 3 5 × 5 640 160 1
162 × 160 Mobile-MQA - - - 160 1
162 × 160 ExtraDW 3 × 3 3 × 3 640 160 1
162 × 160 Mobile-MQA - - - 160 1
162 × 160 ConvNext 3 × 3 - 640 160 1
162 × 160 Mobile-MQA - - - 160 1
162 × 160 FFN - - 640 160 1
162 × 160 Mobile-MQA - - - 160 1
162 × 160 ConvNext 3 × 3 - 640 160 1

162 × 160 ExtraDW 5 × 5 5 × 5 960 256 2
82 × 256 ExtraDW 5 × 5 5 × 5 1024 256 1
82 × 256 ExtraDW 3 × 3 5 × 5 1024 256 1
82 × 256 ExtraDW 3 × 3 5 × 5 1024 256 1
82 × 256 FFN - - 1024 256 1
82 × 256 ConvNext 3 × 3 - 1024 256 1
82 × 256 ExtraDW 3 × 3 5 × 5 512 256 1
82 × 256 Mobile-MQA - - - 256 1
82 × 256 ExtraDW 5 × 5 5 × 5 1024 256 1
82 × 256 Mobile-MQA - - - 256 1
82 × 256 FFN - - 1024 256 1
82 × 256 Mobile-MQA - - - 256 1
82 × 256 FFN - - 1024 256 1
82 × 256 Mobile-MQA - - - 256 1
82 × 256 ConvNext 5 × 5 - 1024 256 1

82 × 256 Conv2D - 1 × 1 - 960 1
82 × 960 AvgPool - 8 × 8 - 960 1
12 × 960 Conv2D - 1 × 1 - 1280 1
12 × 1280 Conv2D - 1 × 1 - 1000 1
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Evaluation results
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Conclusion

We reviewed three key modern backbones and a mobile network:

1. Vision Transformer (ViT) applies ideas from NLP to images. Key 
element is attention — mechanism for gathering information across 
whole image

2. Swin Transformer reintroduces convnet priors to transformers using 
shifted window attention

3. ConvNeXt modernizes ResNets into a transformer-like fully 
convolutional architecture

4. MobileNetV4 combines ideas from CNNs and transformers and uses 
NAS and Roofline Analysis to find fast architectures that work well 
across various devices
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