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Transformers in computer vision

= Transformers in Vision: A Survey
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Benchmark leader-boards
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Object Detection

Average Precision metric.
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1319 papers with code « 35 benchmarks « 132 datasets

Object detection is the task of detecting instances of objects
art methods can be categorized into two main types: one-
methods prioritize inference speed, and example models incl
prioritize detection accuracy, and example models include Fas|

The most popular benchmark is the MSCOCO dataset. M
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Image Generation

588 papers with code « 54 benchmarks « 37 datasets

Image generation (synthesis) is the task of generating new im¢
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generation, and other types of image generations, refer to the
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Semantic Segmentation

1747 papers with code « 44 benchmarks « 177 datasets

Semantic segmentation, or image segmentation, is the task o
to the same object class. It is a form of pixel-level prediction
to a category. Some example benchmarks for this task are
usually evaluated with the Mean Intersection-Over-Union (M

( Image credit: CSAILVision)
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Panoptic Segmentation

49 papers with code « 10 benchmarks « 8 datasets

Panoptic segmentation unifies the typically distinct tasks of semantic segmentation (assign
pixel) and instance segmentation (detect and segment each object instance).

( Image credit: Detectron2)
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Transformers architecture
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https://arxiv.org/abs/2101.01169
https://arxiv.org/abs/1706.03762

Image Transformer

» Image generation as an autoregressive
sequence generation problem

» Encoder-decoder architecture

» Self-attention restricted to local
neighbourhoods

= Still large receptive field
= Image generation and super-resolution
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Local Self-Attention
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https://arxiv.org/abs/1802.05751

Image Transformer results
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VIiT - Vision Transformer 20 = [Xetass; X, B3 XpE; -+ %) E] + Epy,
7' = I\*ISA(LN(ZE_”) + Zy—1,

= AN IMAGE IS WORTH 16X16 WORDS: z; = MLP(LN(Z',)) + 2/s,
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE y =LN(z})

Transformer Encoder

A

Vision Transformer (ViT)

MLP
Head

FL:-:

MLP

]

Norm

Transformer Encoder

1
|
I
I
I . g
|
|
==
I @
N I i ; ‘
st - @ “ @fg “@5 | [
. |
|
|
| J
I
1

Extra learnable
[class] embedding [ Lmear PTOJCCtIOH of F]attened Patches A * )
4] | | | | Norm

] | ] R

I
EWE

T
Ty Embedded I
Patches

. . — Dosovitskiy et al., 2020
Deep Learning — Transformers in computer vision



https://arxiv.org/abs/2010.11929

ViT results

Model Layers Hiddensize D MLPsize Heads Params Deng et al., 2009
ViT-Base 12 768 3072 12 86M -, -
ViT-Large 24 1024 4096 16 3oom  |Ridnik et al., 2021
ViT-Huge 32 1280 5120 16 632M
- Sun etal., 2017
Ours-JET Ours-JET Ours-121K BiT-L Noisy Student
(ViT-H/14)  (ViT-L/16)  (ViT-L/16) (ResNetl152x4) (EfficientNet-L2)
ImageNet 88.55+0.04 &87.76+£0.03 85.30£0.02 87.54 £ 0.02 88.4/88.5*
ImageNet Real 90.72+0.05 90.54+0.03 88.62+0.05 90.54 90.55
CIFAR-10 99.50+0.06 99.42+003 99.15+0.03 99.37 +0.06 —
CIFAR-100 94.55+0.04 93.90+005 93.25+0.05 93.51+0.08 —
Oxford-IIIT Pets 97.56 +0.03  97.324+0.11  94.67+0.15 096.62 +0.23 —
Oxford Flowers-102  99.68+0.02 99.74+0.00 99.61+0.02 99.63 +0.03 —
VTAB (19 tasks) 77.63+023 76.28+046 72.72+0.21 76.29+1.70 —
TPUv3-core-days 2.5k 0.68k 0.23k 9.9k 12.3k
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https://www.researchgate.net/publication/221361415_ImageNet_a_Large-Scale_Hierarchical_Image_Database
https://arxiv.org/abs/2104.10972v4
https://arxiv.org/abs/1707.02968

ViT performance
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VIT details

» Initial linear em bedding of RGB Pos. Emb. Default/Stem  Every Layer Every Layer-Shared
values No Pos. Emb. 0.61382 N/A N/A
. . . . 1-D Pos. Emb. 0.64206 0.63964 0.64292
* Similarity of position embeddings 2D Pos. Emb.  0.64001 0.64046 0.64022
»  Attention distance Rel. Pos. Emb. 0.64032 N/A N/A
. RGB er_nbgzdding filters
(first 28 principal components) Position embedding similarity ViT-L/16
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DeiT Touvron et al,, 2021

= DeiT - Training data-efficient image transformers Lcg Lteacher
& distillation through attention
= Soft and hard-label distillation @ @
= Student-teacher architecture { {
= CNN or Transformer-based teacher {©| L % LI ‘@}

= Distillation token
= to reproduce the label predicted by the teacher

= Fine-tuning with distillation
= (Classification with joint classifiers
= Trained on a single 8-GPU node in 2-3 days

= Imagenet as the sole training set ==
= Data and compute efficient! self-attention
Laiobal = (1 = N Lcr(U(Zs),y) + A KL(Y(Zs /7). 0 (Z: /7)) (©]ninim] ﬁ| |miminic)
S| | 1 |
£Eﬁﬁr€£1&t = §£CE(L(ZS) U) + §£CE("{-"J(ZS)' '.Ut.) clgss t t t Eitcz J j j1::IistIjl:.atinn
token tokens token
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https://arxiv.org/abs/2012.12877

DeiT ablation study

Supervision ImageNet top-1 (%)
method | label teacher | Ti224 5224 B224 B384
DeiT— no distillation v X 72.2 79.8 81.8 83.1
DeiT- usual distillation X soft 72.2 79.8 81.8 83.2
DeiT- hard distillation X hard 74.3 80.9 83.0 84.0
DeiT?: class embedding v hard 73.9 80.9 83.0 84.2
DeiT?: distil. embedding | v hard 746 811 831 84.4
DeiT?: class+distillation v hard 74.5 81.2 83.4 84.5

roundtruth | M distillation  DeiT® student (of the convnet)
5 convnet DeiT | class distillation DeiT™
groundtruth 0.000 0.171 0.182 | 0.170 0.169 0.166
convnet (RegNetY) 0.171 0.000 0.133 | 0.112 0.100 0.102
DeiT 0.182 0.133 0.000 | 0.109 0.110 0.107
DeiT?— class only 0.170 0.112 0.109 | 0.000 0.050 0.033
DeiT ™ distil. only 0.169 0.100 0.110 | 0.050 0.000 0.019
DeiT ™ class+distil. 0.166 0.102 0.107 | 0.033 0.019 0.000

Deep Learning — Transformers in computer vision




DeiT results

Teacher Student: DeiT-B &
Models acc. | pretrain 17384 Model | ViT model embedding #heads #layers #params
DeiT-B 81.8 | 819 83.1 dimension
RegNetY-4GF  80.0 | 827 836 Deil-Ti | N/A 192 0 12 oM
ReeNetY-8GF 817 | 827 33.8 Deil-5 1 N/A 384 6 12 22M
& - - o DeiT-B ViT-B 768 12 12 86M
RegNetY-12GF 824 83.1 84.1
RegNetY-16GF  82.9 83.1 84.2 56
+DeiT-B21384
Model | ImageNet | CIFAR-10 CIFAR-100 Flowers Cars iNat-18 iNat-19 | im/sec 84 oL TeDeiTB7
Grafit ResNet-50 79.6 - - 98.2 925  69.8 75.9 1226.1 > - T~
Grafit RegNetY-8GF _ _ _ 99.0 940 768 80.0 591.6 S S e DeiT-52
ResNet-152 - - - - - 69.1 - 526.3 >82 EfficientNet — %
EfficientNet-B7 84.3 98.9 91.7 08.8 947 _ _ 55.1 g . ViT o
ViT-B/32 [15] 73.4 97.8 86.3 85.4 _ _ _ 3945 g | T Ours \\
ViT-B/16 [15] 77.9 98.1 87.1 89.5 _ _ _ 85.9 80| ~% Ours® »
ViT-L/32 71.2 97.9 87.1 86.4 _ _ _ 124.1 g
ViT-L/16 76.5 97.9 86.4 89.7 _ _ _ 27.3 += B1
\ViT-B
DeiT-B 81.8 99.1 90.8 084 921 732 77.7 2023 78 .
DeiT-B1384 83.1 99.1 90.8 98.5 933 795 81.4 85.9 _
DeiT-B 83.4 99.1 91.3 08.8 929 737 78.4 290.9 J-L BO
DeiT-B= +384 844 99.2 91.4 989 939  80.1 83.0 85.9 76 50100 200 506 1000 500
images/s

Deep Learning — Transformers in computer vision 15




MVIT - Multiscale Vision Transformers

= Several channel-resolution ‘scale’ stages
= From image resolution and small channel dimension
to reduced resolution and expanded channel capacity

. - T
= Pooling attention JL Add & Norm J
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e I R
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Fan et al., 2021 .
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https://arxiv.org/abs/2104.11227

MVIT

VIT MVIT
stage operators output sizes stage operators output sizes
data stride 8x 1x 1 8x224x224 data stride 4 x 1 x 1 16 x224 x224
patchy sltr>i<die6l><><l Fﬁ 16186 T68x8x 14x 14 cubeq st?*iﬁg ;;fj 4 06 X8 x56x56
scaleo _ ﬂ{ﬁ%ﬁgﬁ) | X12 | 7T68x8x14x 14 scaleo - ﬁigﬁ%{gz) | X 1 96 X 8X 56 X 56
179.6G FLOPS scales)| | %1{141;%1695) |2 | 192x8x28x28
2;;2//:) tpc?[::ilrgcc scaley - I;\E[EE?[(:;Q};)) | X 11| 384x8x14x14
scales - ﬂlﬁg?z(g;f)) - x 2 TE8X8XTXT
70.5G FLOPS
36.5M param

77.2% topl acc.
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MVIT results

Video recognition

on Kinetics-400

Image recognition on ImageNet

model pre-train top-1 | top-5 | FLOPs x views | Param
Two-Stream I3D [11] - 71.6 1 90.0 216 x NA| 25.0
ip-CSN-152 [96] - 77.8192.8 | 109x3x10| 32.8
SlowFast 8 x8 +NL [30] - 7871935 | 116x3x10| 599
SlowFast 16 x 8 +NL [30] - 79.8 193.9 | 234x3x10| 599
X3D-M [29] - 76.0 1923 | 6.2x3x10 3.8
X3D-XL [29] - 79.1193.9 | 484x3x10| 11.0
ViT-B-VTN [78] ImageNet-1K | 75.6 | 92.4 | 4218x1Ix1| 114.0
ViT-B-VTN [78] ImageNet-21K | 78.6 | 93.7 | 4218x1x1| 114.0
ViT-B-TimeSformer [6] |ImageNet-21K | 80.7 | 94.7 | 2380x3x 1| 121.4
ViT-L-ViViT [1] ImageNet-21K | 81.3 | 947 | 3992x3x4| 310.8
ViT-B (our baseline) ImageNet-21K | 79.3 | 93.9 180x1x5| 87.2
ViT-B (our baseline) - 68.5 | 86.9 180x1x5| 87.2
MVIiT-S - 76.0 | 92.1 329x1x5] 26.1
MVIT-B, 16 x4 - 7841935 | 705x1x5] 36.6
MVIiT-B, 32x3 - 80.2 | 94.4 170x1x5] 36.6
MVIiT-B, 64 x3 - 81.2 | 95.1 455x3x3| 36.6

Deep Learning — Transformers in computer vision

model Acc |FLOPs (G)|Param (M)
RegNetZ-4GF [24] 83.1 4.0 28.1
RegNetZ-16GF [24] 84.1 15.9 95.3
EfficientNet-B7 [93] 84.3 37.0 66.0
DeiT-S [95] 79.8 4.6 22.1
DeiT-B [95] 81.8 17.6 86.6
DeiT-B 1 3842 [95] 83.1 55.5 87.0
MVIiT-B-16, max-pool 82.5 7.8 37.0
MViT-B-24, max-pool 83.1 10.9 53.5
MViT-B-24-wide-3202, max-pool | 84.3 32.7 72.9
MVIiT-B-16 83.0 7.8 37.0
MViT-B-24-wide-3207 84.8 32.7 72.9




Swin Transformer

= Hierarchical Vision Transformer using Shifted Windows

= General purpose transformer backbone

= Hierarchical feature maps
= Shift of the window partition between consecutive self-attention layers

segmentation

classification  detection ... ClaSSiflcation
4 )
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(a) Swin Transformer (ours) (b) ViIT

Liu et al., 2021
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https://arxiv.org/abs/2103.14030

Swin architecture

= Patch merging
= Regular and shifted window configuration in MSA
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51 — W-MSA (LN (25—1)) 44—t Swin-T: C' = 96, layer numbers = {2,2,6,2}

z' = MLP (LN (2')) + 2’ Swin-S: C' = 96, layer numbers ={2,2,18,2}  Q(MSA) = 4hwC? + 2(hw)?C,

7T = SW-MSA (LN (z')) +2z'  Swin-B: C' = 128, layer numbers ={2,2,18,2} ~ Q(W-MSA) = 4hwC? + 2M*hwC
2Tt = MLP (LN (2"71)) + 2" gwin-L: € = 192, layer numbers ={2, 2, 18, 2}
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Swin results

(a) Regular ImageNet-1K trained models (b) ImageNet-22K pre-trained models
method image #param. FLOPs tbroughput ImageNet method image #param. FLOPs tl.lroughput ImageNet
size (image / s)|top-1 acc. size (image / s)|top-1 acc.
RegNetY-4G [17] 2247 2IM  4.0G  1156.7 80.0 R-101x3 [37] [384° 388M 204.6G - 84.4
RegNetY-8G [47] 224 39M 8.0G  591.6 81.7 R-152x4 [37] | 480° 937M 840.5G - 85.4
RegNetY-16G [17]| 224> 84M 160G  334.7 82.9 VIiT-B/16 [19] |384° 86M 554G 859 84.0
EffNet-B3 [57] [300° 12M 1.8G  732.1 81.6 VIT-L/16[19] |384° 307M 190.7G ~ 27.3 85.2
EffNet-B4 [57] |380° 19M 4.2G 3494 82.9 Swin-B 2247 88M 154G 278.1 85.2
EffNet-B5 [57] 456 30M  9.9G  169.1 83.6 Swin-B 384°  88M  47.0G  84.7 86.0
EffNet-B6 [57] |528% 43M 19.0G  96.9 84.0 Swin-L 3847 197M 103.9G  42.1 86.4
EffNet-B7 [57] |600° 66M 37.0G  55.1 84.3
VIiT-B/16 [19] [3847 86M 554G  85.9 77.9
VIT-L/16 [19] | 384% 307M 190.7G  27.3 76.5
DeiT-S [00] [2247 22M 4.6G 9404 79.8
DeiT-B [60] [224® 86M 17.5G  292.3 81.8
DeiT-B [60] [384% 86M 554G  85.9 83.1
Swin-T 2247 29M 45G 7552 81.3
Swin-S 2247 50M  8.7G 4369 83.0
Swin-B| 224> 88M 154G 278.1 83.3
Swin-B 3842 88M  47.0G  84.7 84.2
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Swin results

(b) Various backbones w. Cascade Mask R-CNN

ADE20K val  test

Method Backbone |mloU score fiparam. FLOPs FPS
DANet [22] ResNet-101 | 45.2 - 6OM  1119G 15.2
DLab.v3+ [10] ResNet-101 | 44.1 - 63M 1021G 16.0
ACNet [23] ResNet-101 | 45.9 38.5 -

DNL [6¥] ResNet-101 | 46.0 56.2 | 69M 1249G 14.8
OCRNet [70] ResNet-101 | 45.3 56.0| 56M 923G 19.3
UperNet [66]  ResNet-101 | 449 - 86M  1029G 20.1
OCRNet [70] HRNet-w48 | 45.7 - 7IM 664G 12.5
DLab.v3+ [10] ResNeSt-101| 46.9 55.1| 66M 1051G 11.9
DLab.v3+ [10] ResNeSt-200| 48.4 - 88M 1381G 8.1

SETR [ 7] T—Large:IE 50.3 61.7| 308M - -

UperNet DeiT-S' 440 - 52M  1099G 16.2

UperNet Swin-T 46.1 - 60M 945G 18.5

UperNet Swin-S 49.3 - 8IM 1038G 15.2

UperNet Swin-B* 51.6 - 12IM  1841G 8.7

UperNet Swin-L* 53.5 62.8| 234M 3230G 6.2

AP AP2Y APS2YAPMsk A PRiask APIsklna ram FLOPs FPS
DeiT-ST[48.0 67.2 51.7] 414 642 443 |80M 889G 10.4
R50 |46.3 64.3 50.5| 40.1 61.7 43.4 |82M 739G 18.0
Swin-T | 50.5 69.3 54.9| 43.7 66.6 47.1 | 86M 745G 15.3
X101-32/48.1 66.5 52.4| 41.6 639 452 |10IM 819G 12.8
Swin-S [ 51.8 70.4 56.3| 44.7 67.9 48.5 |[I07M 838G 12.0
X101-64/48.3 66.4 52.3| 41.7 64.0 45.1 |140M 972G 10.4
Swin-B | 51.9 70.9 56.5| 45.0 68.4 48.7 [145M 982G 11.6
(c) System-level Comparison

Method AI?;‘}P KS‘I‘”‘“I‘ A}:ﬁ‘itigmk #param. FLOPs
RepPointsV2# [ 1 1] - - 52.1 - - -
GCNet* [0] 51.8 447 |52.3 454 - 1041G
RelationNet++* [12]| - - 52.7 - - -
SpineNet-190 [20] | 52.6 - 52.8 - 164M 1885G
ResNeSt-200* [75] | 52.5 - 53.3 47.1 - -
EfficientDet-D7 [58]| 54.4 - 55.1 - 77TM 410G
DetectoRS* [45] - - 55.7 48.5 - -
YOLOv4 P7% [ 3] - - 55.8 - - -
Copy-paste [25] [55.9 47.2 |56.0 47.4 | 185M 1440G
X101-64 (HTC++) | 52.3 46.0 - - 155M 1033G
Swin-B (HTC++) | 56.4 49.1 - - 160M 1043G
Swin-L (HTC++) | 57.1 49.5 | 57.7 50.2 | 284M 1470G
Swin-L (HTC++)* | 58.0 50.4 | 58.7 51.1 | 284M -
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Swin as a backbone architecture
« COCO object detection
« ADE20K semantic segmentation




SwinV2

= Swin Transformer V2: Scaling Up Capacity and Resolution
= A res-post-norm to replace the previous

pre-norm configuration F——————————— 3
= A scaled cosine attention to replace the | | é : N
« . . MLP
original dot product attention : Softmax - | =
. . L. __,lf“\., ayer Norm
= A log-spaced continuous relative position v1 | b U g I ES
bias approach to replace the previous [ fw w;"' o L_ -
. I ! ention
parameterlz.ed approach | o1 )
= Self-supervised pre-training method, -z _ 2=
SimMIM, to reduce the needs of vast la- —————— e x!
beled images | é D
= Several tricks for memory efficiency | s B : [ayer Norm
= Up to 3B parameters " : _ O costne(q.10/T | | s
. . fary
= Up to 1,536x1,536 image resolution | [ Lp q kK vl | N
I fog We wx wY I Layer Norm
. ) Ax, Ay L } : |+i
Liu etal., 2022 | |Xieetal, 2021 | '=z____ 2 T
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SwinV2 results

pre-train pre-train pre-train pre-train fine-tune ImageNet-1K-V1 ImaegNet-1K-V2
Method param : : . : L
images length (#1m) 1m size time 1m size top-1 acc top-1 acc
SwinV1-B 88M IN-22K-14M 1.3B 2247 <307 384° 86.4 76.58
SwinV1-L 197M  IN-22K-14M 1.3B 2242 <10! 3842 87.3 77.46
VIT-G [30] 1.8B JFT-3B 164B 2242 >30k 5182 90.45 83.33
V-MoE [56]  14.7B* JFT-3B - 2242 16.8k 5182 90.35 -
CoAtNet-7[17] 2.44B JFT-3B - 2242 20.1k 5122 90.88 -
SwinV2-B 88M IN-22K-14M 1.3B 1922 <307 3847 87.1 78.08
SwinV2-L 197M  IN-22K-14M 1.3B 1922 <20f 3842 87.7 78.31
SwinV2-G 3.0B  IN-22K-ext-70M 3.5B 1922 <0.5kT 6402 90.17 84.00
. : : train test mini-val (AP) | test-dev (AP)
Method train I(W) size test (W) size | mloU Method I(W) size I(W) size | box mask | box mask
SwinV1-L [46] 640(7) 640(7) ~ 153.5* CopyPaste [25]] 1280(-) 1280(-) |57.0 48.9 [57.3 49.1
Focal-L [75] 640(40) 640(40) |55.4% SwinVI-L [16]| 800(7)  ms(7) |58.0 50.4 [58.7 51.1
CSwin-L [21] 640(40) 640(40)  |55.7% YOLOR [66] | 1280(-) 1280(-) | - - |57.3 -
MaskFormer [ 1 3] 640(7) 640(7)  |55.6% CBNet [43] | 1400(7) ms(7) [59.6 51.8 |60.1 52.3
FaPN [37] 640(7) 640(7)  |56.7% DyHead [16] | 1200(-)  ms(-) [60.3 - [60.6 -
BEIT [1] 640(40) 640(40) | 58.4* SoftTeacher [71] [ 1280(12) ms(12) [60.7 52.5 |61.3 53.0
SwinV2-L B _ 1100(32)[58.8 51.1| - -
(UperNet) 640(40) 040(40) 1559 SEE;]XHL 1536(32) 1100 (48)|58.9 51.2| - -
SwinV2.G 640(40) | 59.1 ms (48) 60.2 52.1 [60.8 52.7
win 640(40) 896 (56) | 59.3 VG 110032) 617 533 | - -
(UperNet) 896 (56) | 59.9+ win 1536(32) 1100 (48)[61.9 53.4| - -
(HTC++) ms (48) |62.5 53.7 |63.1 54.4
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SeMask

= Semantically Masked Transformers for Semantic Segmentation

CE 3 H Interpolate C) Upsample
Loss
Unsamol —{ Linearl" Q
Py psample
HxW " Nx C
Py Upsample Q KT
\-J " "
X— X Llnearl-b K —> SoftMa:n( + RPE) Vv Linear [ >Pp—> Y
4/ -
Nx C NX C G
% x % K 2 x U x K a x
°oF 16 —{ Linearp> ¥/ —
Stage 1 Stage 2 N C
: T w0
o - oo =
) g : £ Swin SeMask 2 Swin SeMask - ; .
; E : ?.-3 Attention Attention . . = Attention Attention . . Attention (a) SWln AttCﬂUOn BlOCk.
i 7l s E Block |~ | Block T s Block [— | Block : I Block
amia | o : 2o Pl Linear S Q > S
HxWx3 " . . 3
Transformer Layer Semantic Layer : | Transformer Layer Semantic Layer : % Transformer Layer Ser NX K A
gxgxc %x%ng ff_ﬁx Y — Y —Linear SK——} SoftMaw(SQSd,K)YV Linear () j?—}Y’
Nx C Nx K
| Conv Block | Linear F’YV—
Upsample NX C
& (o Bioe }——
Upsample .
[4nY [ _
HxW S¥, | Conv Block (b) SeMask Attention Block.
Interpolat; U 1
| D SN e W W e L iy vy v |
Loss Ry | _onv Block |

Do comatovips | Jreae s Jain et al., 2021

— Train + Inference — Train Only
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SeMask results

Method Backbone mloU (%) MS mloU (%)

CNN Backbones

PSANet [55] ResNet-101 77.94 79.05
DeepLabV3+ | /] Xception-71 - 79.55
CCNet | 25] ResNet-101 80.50 81.30
Transformer Backbones

Seg-L-Mask/16 [ 11] VIiT-L/16! 79.10 81.30
Swin-L FPN [37] Swin-LT 78.03 79.53
MaskFormer |Y] ResNet-101 78.50 80.30
Mask2Former | #] Swin-LT 83.30 84.30
HRNetV2-OCR+PSA | 35] HRNetV2-W481 - 86.95
SeMask-L FPN (Ours) SeMask Swin-L1 78.53 80.39
SeMask-L Mask2Former (Ours) SeMask Swin-L1 83.97 84.98

(a) Image (b) Swin-T FPN (c) Ours (d) Ground Truth
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CvT: Introducing Convolutions to Vis

ion Transformers

Input image x;,

class 1
1
y .
1
|:| MLP 1
Head :
|:| I:' cls token :
: _ 1
[] [] !
9 H = Q — g =] i
3 o = 3 5 S 1
78 [ 33 75 ' 3§ 78 L1258 |
3¢ S 3 25 [ |3 =5 ;: g3 |
& 2 S D*BE* 29 >3 & —> 29 >3 =
. 23 e 4 =3 [| 2§ es [ 23
S 5 = S |
“,Er' |:| 2.—’:1: ""%‘ : E,E;"_J @3 %i 1
- [a] B I3 - a
& N =~ o |:| = Token map x; § |:| & :
|:| . Token map xq :
D X Ny D X"\'Z X N :
1§
[] '
1
1
1
1

Stage 1
]
value E
E D Dreshape
. = o=
- HEEEE s E
EI I:l E flatten I:l
D tokens I:|== L —p value
tokens O D

(a) (b)
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Convolutional
Projection

Wu et al., 2021

II flatten
I —p query
Convolutional Projection flatten locally squeezed
G with stride=2 key
oy
&
%ﬁ e )
% e
s, )
atten
> locally squeezed

value

(c)
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CvT

Deep Learning - Trang

#Param. | image FLOPs| ImageNet Real V2
Method Type Network (M) size (G)| top-1 (%) | top-1(%)| top-1 (%)
ResNet-50 | 1 5] 25 2242 4.1 76.2 82.5 63.3
Convolutional Networks ResNet-101 [ 15] 45 2242 7.9 77.4 83.7 65.7
ResNet-152 | 15] 60 2242 11 78.3 84.1 67.0
VIiT-B/16 [ 1 1] 86 | 3842 555 779 83.6 -
VIT-L/16 | | 1] 307 3842 191.1 76.5 82.2 -
DeiT-S [ 30]]arxiv 2020] 22 2242 4.6 79.8 85.7 68.5
DeiT-B | 20][arxiv 2020] 86 2242 17.6 81.8 86.7 71.5
1 ' PVT-Small [ 34][arxiv 2021 | 25 2242 3.8 79.8 . -
Transformers PVT-Medium [34][arxiv 2021] 44 | 2242 6.7 812 - -
PVT-Large | 3 |[arxiv 2021 ] 61 2247 9.8 81.7 . -
T2T-ViT¢-14 [41]|arxiv 2021 ] 22 2242 6.1 80.7 - -
T2T-ViT:-19 [ 1]]arxiv 2021 ] 39 2242 9.8 81.4 - -
T2T-ViT:-24 |41 ]|arxiv 2021 ] 64 2242 15.0 82.2 - -
TNT-S [ [ 4]|arxiv 2021 ] 24 2242 5.2 81.3 - -
TNT-B | | 4][arxiv 2021] 66 2242 14.1 82.8 . -
Ours: CvT-13 20 2242 4.5 81.6 86.7 70.4
Comvolutional Transformers Ours: CvT-21 32 2242 7.1 82.5 87.2 71.3
' L Ours: CvT-134384 20 3842 16.3 83.0 87.9 71.9
Ours: CvT-214384 32 3842 24.9 83.3 87.7 71.9
Ours: CvT-13-NAS 18 2242 4.1 | 82.2 87.5 71.3
Convolution Networksoo. BiT-M4as0 [ 1 5] 028 480 83?| 85.4 — -
ViT-B/164384 [ 1 1] 86 | 384° 555 840 88.4 -
Transformers..,. VIT-L/164384 [ 1] 307 | 384%  191.1| 852 88.4 -
ViT-H/164384 [ 1 1] 632 | 3847 - 85.1 88.7 -
Ours: CvT-134384 20 3842 16 83.3 88.7 72.9
Convolutional Transformers,,,. | Ours: CvT-2143g84 32 3842 25 84.9 89.8 75.6
Ours: CvT-W244334 277 3842 193.2 87.7 90.6 78.8




CoAtNet

= CoAtNet: Marrying Convolution and Attention for All Data Sizes

= Depthwise convolution merged into attention layers with simple relative attention
= Stacking convolutional and attention layers

Dai et al., 2021

Ui = Z w;—j ®x; (depthwise convolution)

icL(3) Properties Convolution | Self-Attention
. Translation Equivariance v
CXP I . L
Yi = § I ( 3) x: (self-attention) Input-adaptive Weighting v
’ Zkeg exp (}";r.lk) J Global Receptive Field v
IS y
A

i,]

K'T-"". i + -
e Z exp (I- Tj+ wt_;,)

; £
2 J
<o > ke €XP ( Th + W;_1 )
= generalization capability: )
C_C_C'C ~ C‘C_C_T 2 C_C_T_T > C_T_T‘T >> VITREL Metric C_C_T_T C_T-T-T
= model capacity: Pre-training Precision@ 1 (JFT) 34.40 34.36
Transfer Accuracy 224x224 82.39 81.78
C-C-T-T = C-T-T-T > VITgp > C-C-C-T > C-C-C-C  Transfer Accuracy 384x384 84.23 84.02
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CoAtNet

results

89

CoAtNet-3 88.55 (ViT-H/14 JFT Pre-train) 88.56_CoAtNet
CoAtNet-2
84 a8
= CoAtNet-1 PR i Tl T S CalT =
g A SwinTFM - &
g83 r :;};eepViT g 87
g ;ﬁ/ T2T-VIT E
':_'1' ’ :. 86
= . CoAtNet-0/ & pert ,:%
?'5- ‘f %:35
Eg £
80
0 5 10 15 20 25 30 3s 835 50 100 150 200 250 300
FLOPs (Billions) Params (Millions)
Models Eval Size #Params #FLOPs TPUv3-core-days | Top-1 Accuracy
ResNet + ViT-L/16 3842 330M - - 87.12
ViT-L/16 5122 307M 364B 0.68K 87.76
ViT-H/14 5182 632M 1021B 2.5K 88.55
NFNet-F4+ 5122 527M 367B 1.86K 89.2
CoAtNet-37 3842 168M 114B 0.58K 88.52
CoAtNet-37 5122 168M 214B 0.58K 88.81
CoAtNet-4 5122 275M 361B 0.95K 89.11
CoAtNet-5 5122 688M 812B 1.82K 89.77
ViT-G/14 5182 1.84B 5160B >30K° 90.45
CoAtNet-6 5122 1.47B 1521B 6.6K 90.45
CoAtNet-7 5122 2.44B 2586B 20.1K 90.88
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DETR - End-to-End Object Detection with Transformers

backbone

set of image features

set of image features

encoder

B =

transformer
encoder

o I I 4
o o o o o o R )
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[, S, —_—_— e S e e |

transformer =
encoder-  ——>
decoder O
[

decoder

set of box predictions

—-ur ——————————————— -

transformer
decoder

BOO o

-

.~="".-= no object (o)

-
s . ll‘I.il

* o

LA

no object (o)

bipartite matching loss

-~

! prediction heads i

FFN |

FFN

FFN

Carion et al., 2020



https://arxiv.org/abs/2005.12872

DETR transformer architecture

Class Bounding Box

4 A
FFN FFN
Decoder
Y A '
' Add & Norm '
i f :
: FFN ;
1 ]
Encoder : ) :
LR TR N L P Add & Norm '
INX ] " .
' Add & Norm : ! ) !
' * : ' Multi-Head Attention :
s g A I N W S
1 * : T 1
B Add & Norm ' B Add & Norm :
1 ' ] ]
: 1 | 1 :
. Multi-Head Self-Attention : . Multi-Head Self-Attention '
' v K Q : ! v K Q !
] i 1
1 1 +
\ I A :
% CH=I"NE)

Image features Spatial positional

encoding

Object queries
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DETR detection results

Model GFLOPS/FPS #params AP APso AP75 APs APu APL
Faster RCNN-DC5 320/16 166M  39.0 60.5 42.3 21.4 43.5 52.5
Faster RCNN-FPN 180/26 A2M 40.2 61.0 43.8 24.2 43.5 52.0
Faster RCNN-R101-FPN 246/20 60M  42.0 62.5 459 25.2 45.6 54.6
Faster RCNN-DC5+ 320/16 166M  41.1 61.4 44.3 22,9 459 55.0
Faster RCNN-FPN+ 180/26 A42M 42,0 62.1 455 26.6 454 534
Faster RCNN-R101-FPN-+ 246/20 60M  44.0 63.9 47.8 27.2 48.1 56.0
DETR 86/28 A41M 42.0 624 44.2 20.5 45.8 61.1
DETR-DC5 187/12 41M  43.3 63.1 459 225 47.3 61.1
DETR-R101 152/20 60M  43.5 63.8 464 21.9 48.0 61.8
DETR-DC5-R101 253/10 60M  44.9 64.7 47.7 23.7 49.5 62.3

#layers ~ GFLOPS/FPS Fparams AP APs0 APs APwm APL

0 76/28 33.4M 36.7 57.4 16.8 39.6 54.2
3 81/25 37.AM 40.1 60.6 18.5 43.8 58.6
6 86/23 41.3M 40.6 61.6 19.9 44.3 60.2
12 95/20 49.2M 41.6 62.1 19.8 44.9 61.9
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DETR detection

ponont IR 62
N 60
5
10 58 .
% 56 Ay
‘38 =
T 54
= AP No NMS
. =+= AP NMS=0.7
== AP50 No NMS
== AP5o NMS=0.7
34 | | ‘ 0 ‘ 7

1 2 3 4 5 6
decoder layer

self-attention({430, 600)

self-attention(520, 450) self-attention(440, 1200)
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DETR box prediction




DETR panoptic segmentation

= Panoptic segmentation head

Encoded image Resnet features
(d x H/32 x W/32) HTa RTJ, Hs,lss HTQ

ppe + dn xg

ppe ¥ dnxg
N1ed + N9 + £Xg AuoD

ppeE +dn xg

xewBie asim-gxid

uonusye pesay Ny

BHEN

[
[

EN I el o]g]
(N84 + ND + €XE AUOD) X ¢
EXE AUOD + 194 + ND + EXE AUOD

Input image
BxHxW)

B JUUUL

Box embeddings Attention maps FPN-style CNN Masks logits
(d x N) (N x M x H/32 x W/32) (N x H/4 x W/4)
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DETR panoptic segmentation results

Wa||-St0n€1'ftH!'if -stu

0
shelf S

—Vase
e

counter

Sink

otted plant]

Model Backbone| PQ SQ RQ |PQ™ SQft RQ™

PanopticFPN++  R50 [42.4 79.3 51.6|49.2 824 588323 748 40.6|37.7
UPSnet R50 425 78.0 52.5|48.6 794 59.6 |33.4 759 41.7|34.3
UPSnet-M R50 [ 43.0 79.1 52.8|48.9 79.7 59.7 | 34.1 78.2 42.3|34.3
PanopticFPN++  R101 |[44.1 79.5 53.3[51.0 83.2 60.6 | 33.6 74.0 42.1 |39.7
DETR R50 | 43.4 79.3 53.8|482 79.8 595 |36.3 78.5 453 31.1
DETR-DC5 R50 | 44.6 79.8 55.0| 49.4 80.5 60.6 |37.3 78.7 46.5|31.9
DETR-R101 R101 |45.1 79.9 55.5| 50.5 80.9 61.7|37.0 78.5 46.0 | 33.0




Deformable DETR

= Deformable transformers for end-to-end object detection

Multi-scale Deformable I Multi-scale Feature Maps Beuncing ke Buecie ions

Self-Attention in Decoder |

Image Feature Maps

i |

Self-Attention in Encoder | |

— Multi-scale Deformable I :
Cross-Attention in Decoder | -1-

|

N Transformer | | |

] 1 \ I

I

|

I

|

|

I

Bt ottty el e

Image Object Queries
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Deformable DETR

Query Featueezg[ |

Reference Point p;  (Pgax. Pqy)

i
|
I “ Sampling Offsets {Ap, 5} ™ Attention Weights {4, .}
I r pling p:mqk 1 f magk 1
|
! | Head2  Head3 I |  Headl Head2 Head3 I
I |
| | 7] | | B e B
! | B | | [o3 02 04 ||
| \ ~ I E o4 | o3 | |
: —— e e ] 7 ~ _ L __~—_r—_—"[_~“
-
i
1
i
i
: Agpregate
i
! ¥
p
k4
Input Feature Map x .
Py P | > Apgoregate I
I
I
I —_—t——t—-—=—-
I Head 2 { ¢ ' : \|
I I ﬁ ﬁ ﬁ I—)[ Linear I—b| ' Output
| | Head1 Head 2 Head 3 |
|
\*-.. Values {Wp,x] P \ Aggregated Sampled Values /




Multiscale deformable attention

M
MultiHeadAttn(z,, x) = Z W, | Z Apgre - W]

m=1 kEﬂk
M K
DeformAttn(z,, py, ) = Z W [ Z Amgk - W,,‘;lm(pq + Apmqk)]
m=1 k=1
M L K
MSDeformAttn(z,, py, {x' 1) = Z Wm[z ZAmiqk W, x! (d(pg) + Apimigr) ]
m:l I:l kzl

Conw 3 x 3,stride 2

y

H/64 X W]/64 X 256

H/8 x W/8 x 512 H/8 X W/8 x 256

| |
| |
| |
I |
Conv 1l X1, stridel [ _ |
C; | |
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c Convrl X1, stridel I _ I
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|
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3 : |
! |
| |
' |

ResNet Feature Maps Input Multi-scale Feature Maps{x'};_,
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Deformable DETR results

Training Inference

Method Epochs | AP APsy AP;s APs APy APp | params FLOPs GPU hours FPS
Faster R-CNN + FPN 109 [42.0 62.1 455 26.6 454 534 42M 180G 380 26
DETR 500 |42.0 624 442 205 458 61.1| 41IM 86G 2000 28
DETR-DC5 500 |43.3 63.1 459 225 47.3 61.1| 41IM 187G 7000 12
DETR-DC5 50 |353 557 36.8 152 37.5 536| 4IM 187G 700 12
DETR-DC5™ 50 |36.2 57.0 374 163 39.2 539 41IM 187G 700 12
Deformable DETR 50 |43.8 62.6 47.7 264 47.1 58.0| 40M 173G 325 19
+ iterative bounding box refinement | 50 [454 64.7 49.0 268 483 61.7| 40M 173G 325 19
++ two-stage Deformable DETR 50 |46.2 65.2 50.0 28.8 49.2 61.7| 40M 173G 340 19
45.3 45.5
454 438 449 43.6
41.1
40 4
o
<< 35 4
30 1
—— Deformable DETR
25 1 —— DETR-DC5

50 100 150 200 250 300 350 400 450 500
Epochs
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UP-DETR

= UP-DETR: Unsupervised Pre-training for Object Detection with Transformer

= Unsupervised pretraining on a large-scale dataset
= Detect randomly cropped query patches

= Supervised fine-tunning as in DETR
= Single-query and multiply-query patches for unsupervised pretraining

positional encoding

positional encoding

— Lcls =1lor0 ,.!':I —~ 1010
D --‘d [,box = X, }’. W,h |:| _. ; Lbox - x.y, w, h. —
D L. = feature o | [ = feature
|:| . rec
) = bipartite o
g - match I:‘ ; blpaﬂﬂﬁ 11 1 TR
[] 53 Transformer | |E S mate 111 R
—~ < S e +\__ ) = Transformer 11 1 I
— =
D = bi frozen = = 0 0 o FEEES
object ] backbone |:| = 7 ‘_\ - . 0 0 0 BEDES!
. ueries , — N N !
. 4 + + i : . — e - B attention mask
” . query + + + + + +
] \]/ feature ] shuffle
S - CNN - er :
. GAP TR Y = feature reconstruct
input image random query patch . .
input image random query patch

Dai et al., 2020
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UP-DETR results
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Pre-training helps!
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UP-DETR results

Model Backbone  Epochs | AP APy AP APg APy APy
Faster R-CNN 7 [26] R101-FPN - 36.2 59.1 39.0 182 39.0 482
Mask R-CNN 7 [ 1] RI101-FPN - 38.2 60.3 41.7 20.1 41.1 50.2
Grid R-CNN { [21] RI101-FPN - 41.5 609 445 233 449 531
Double-head R-CNN [40] RI101-FPN - 41.9 624 459 239 452 358
RetinaNet { [27] RI101-FPN - 39.1 59.1 423 21.8 427 502
FCOS 1 [2¥] RI101-FPN - 41.5 60.7 45.0 244 448 51.6
DETR [5] R50 500 42.0 624 442 205 458 6l.1
Faster R-CNN R50-FPN  3x 40.2 61.0 438 242 435 520
DETR (Supervised CNN) R50 150 39.5 603 414 17.5 43.0 591
DETR (SwAV CNN) [ /] R50 150 39.7 60.3 41.7 18.5 43.8 57.5
UP-DETR R50 150 40.5 (+0.8) 60.8 426 19.0 444 60.0
Faster R-CNN R50-FPN  9x 42.0 62.1 455 26.6 454 534
DETR (Supervised CNN) R50 300 40.8 61.2 429 20.1 445 603
DETR (SwAV CNN) [ /] R50 300 42.1 63.1 44.5 19.7 46.3 609
UP-DETR R50 300 42.8 (+0.7) 63.0 453 208 47.1 617
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UP-DETR results

= Unsupervised one-shot detection
= Deep-learning-based template matching

query
patches
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MaskFormer

= Per-Pixel Classification is Not All You Need for Semantic Segmentation

/M"“'n” Cheng et al., 2021
ﬁ/g /’73 / " K+1

prediction 1 prediction 2 prediction N

per-pixel classification loss

..LD«@

= ]e

|

‘ per-pixel binary mask loss
S

‘ per-mask classification loss

“per-pixel class
predictions

e — 4

transformer module r classification loss segmentation module
9 !

transformer I [N class predictions semantic segmentation
decoder " 5 0=

inference only
ﬁ ﬁ IEI ﬁ r : Nx(K +1)

N N.rrlasl-t.emlzli__tladd|:g5 i semantic i
ivol- binary mask loss i segmentation |
pixel-level module € |CoxN l : |
| KxHxXW l
Epixel _|N mask predictions|/" i
CoxXHXW B BB O B

NxHxW

image features F per-pixel embeddings
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MaskFormer results

ground truth prediction ground truth prediction

mloU (s.s.)

bullding

method backbone Crop size mloU (m.s.) o . " FLOPs I o e

= | OCRNet [50] R101c 520 x 520 - 45.3 - - -

=

2 | DeepLabV3+ [9] R50¢ 512 x 512 44.0 44.9 44M 177G 21.0

o R101c 512 x 512 455 46.4 63M 255G 14.2

o

; R50 512 x 512 44.5 0.5 46.7 0.6 41M 53G 245

Z. | MaskFormer (ours) R101 512 x 512 45.5 +0.5 47.2 0.2 60M 713G 19.5

~ R101c 512 x 512 46.0 £-0.1 48.1 +0.2 60M 80G 19.0

SETR [53] VIiT-L' 512 x 512 - 50.3 308M - -

% Swin-T 512 x 512 - 46.1 60M 236G 18.5

= .
Swin-S 512 x 512 - 49.3 81M 259G 15.2

£ | Swin-UperNet [29,49] | - 0.

*é Swin-B 640 x 640 - 51.6 121M 471G 8.7

< Swin-L' 640 x 640 - 535 234M 647G 6.2

g Swin-T 512 x 512 46.7 0.7 48.8 0.6 42M 55G 22.1

< Swin-S 512 x 512 49.8 +0.4 51.0 £0.4 63M 719G 19.6

E MaskFormer (ours) Swin-B 640 x 640 51.1 0.2 52.3 +0.4 102M 195G 12.6 route

= . +
Swin-B 640 x 640 52.7 +£0.4 53.9 +0.2 102M 195G 12.6
Swin-L" 640 x 640 54.1 +0.2 55.6 +0.1 212M 375G 7.9 Zh u et al" 201 7



https://people.csail.mit.edu/bzhou/publication/scene-parse-camera-ready.pdf

Mask2Former

= Masked-attention Mask Transformer for Universal Image Segmentation

l. .“. o]
[ Transformer _add & norm X; = SOf[IIlElX(QgK;r)Vg + X1
Decoder I
m —| class [ Fl:N ]
H | ] = QR —{mask [ add &; norm Je l
O 5
[ LX \ \ \ [ ﬁ.%lf'ﬂqerg}m ) X, = softmax(M,;_; + QK; )V, +X,_;

0 if M_1(x,y) =1
—0o0  otherwise

( add&;norm J- Mil(:ﬂ:y){

-{ masked attention |
“f Kf Qf

r;lask _ ﬂ EEsg
mmage  query Cheng et a/., 2021b

features features
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mstance semantic

panoptic

Mask2Former results

ol.1

40.1

| I

Universal architectures:
B Mask2Former (ours) 1 MaskFormer

L ui 1 . B SOTA specialized architectures:
u!m =R SN Max-DeepLab  EZZZ Swin-HTC++ M BET

method backbone query type  epochs PQ PQTh PQHt r’\PpLT::[1 mloUp,, | #params. FLOPs Ips
DETR [5] R50 100 queries 500425 | 434 48.2 36.3 31.1 - - - -
MaskFormer [14] R50 100 queries 300 46.5 51.0 39.8 33.0 57.8 45M 181G 17.6
Mask2Former (ours) | R50 100 queries 50 51.9 57.7 43.0 41.7 61.7 44M 226G 8.6
DETR [5] R101 100 queries 500425 | 45.1 50.5 37.0 33.0 - - - -
MaskFormer [14] R101 100 queries 300 47.6 52.5 40.3 34.1 59.3 64M 248G 14.0
Mask2Former (ours) | R101 100 queries 50 52.6 58.5 43.7 42.6 62.4 63M 293G 7.2
Max-DeepLab [52] Max-L 128 queries 216 51.1 57.0 422 - - 451M 3692G -
MaskFormer [14] Swin-L" 100 queries 300 52.7 58.5 44.0 40.1 64.8 212M 792G 5.2
K-Net [62] Swin-L" 100 queries 36 54.6 60.2 46.0 - - - - -
Mask2Former (ours) | Swin-L" 200 queries 100 57.8 64.2 48.1 48.6 67.4 216M 868G 4.0
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DINO

= Emerging Properties in Self-Supervised Vision Transformers
= Self distillation with no labels

Deep Learning — Transformers in computer vision

Carionet et al., 2021



https://arxiv.org/abs/2104.14294

DINO

Algorithm 1 DINO PyTorch pseudocode w/o multi-crop.

# gs, gt: student and teacher networks

loss: # C: center (K)
# tps, tpt: student and teacher temperatures
'IUIOgI“ # 1, m: network and center momentum rates
gt .params = gs.params
58 for x in loader: # load a minibatch x with n samples
x1, x2 = augment (x), augment (x) # random views
softmax softmax
I sl, s2 gs(xl), gs(x2) # student output n-by-K

CCHU“ng tl, t2 = gt(x1l), gt(x2) # teacher output n-by-K
I

less = H(tl, s2)/2 + H(t2, s1)/2

ema loss.backward () # back-propagate

student gg; » | teacher gg

# student, teacher and center updates

update (gs) # SGD
gt.params = l*gt.params + (1-1)+*gs.params
C = m*xC + (l-m)*cat([tl, t2]) .mean (dim=0)

° def H(t, s):
t = t.detach() # stop gradient

s = softmax(s / tps, dim=1)
t = softmax((t — C) / tpt, dim=1) # center + sharpen
return - (t * log(s)).sum(dim=1) .mean ()

Deep Learning — Transformers in computer vision




DINO self-attention

1\“\ QK (/
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DINO segmentation results

Supervised

Random  Supervised DINO

DeiT-S/16 22.0 279 45.9
DeiT-S/8 21.8 23:7 44.7

Deep Learning — Transformers in computer vision



DINO experimental results

= Linear and k-NN classification on ImageNet

Method Arch. Param. im/s Linear Kk-NN  Comparison across architectures
— - , _ — SCLR[1?]  RN50w4 375 117 768 693
Servisec 23 23 3 3 .
ggﬁ‘{‘ “I’id Erﬁ;g - i 5;‘; 231 23“7 SWAV [10]  RN50w2 03 384 773 673
1] - > 1 2L 00T BYOL 28] RNSOw2 03 384 774 -
MoCov2 [14]  RN50 231237 711 619 oo S N
InfoMin [64] = RNSD 23 D7 T80 003 gy av i) RNSOWS 86 76 785 6.1
E}EI%’”T“[_’ °l Eﬁig i: ii; ;:é Q?‘g BYOL [25]  RN50w4 375 117 786 -
oW [29] ; > 123738 0LY gyl o8] RN200w2 250 123 796  73.9
BYOL [28]  RN5® SO KA A 0ViN(o DeiT-S/8 20 180 797 783
g‘cﬁ,[ “{']] Eﬁig ;: gz; Ei 62'; SCLRv2[13] RNIS2w3+SK 794 46 798  73.1
WAV [ 10] “ - - S 657 piNo ViT-B/8 85 63 80.1 774
DINO RN50 23 1237 753 615
Supervised DeiT-S 21 1007 79.8  79.8
BYOL* [2¢]  DeiT-S 21 1007 714 66.6
MoCov2* [14] DeiT-S 21 1007 727 644
SWAV* [10]  DeiT-S 21 1007 735 663
DINO DeiT-S 21 1007 77.0 74,5

Deep Learning — Transformers in computer vision




DINO experimental results

= DAVIS 2017 Video ObJECt Method Data Arch. (T&F)m  Tm  Fm
segmentation Supervised
ImageNet INet DeiT-S/8 66.0 63.9 68.1
STM [46] I/D/Y RN50 81.8 79.2 84.3
Self-supervised
CT [6¥] VLOG RN50 48.7 464  50.0
MAST [28] YT-VOS RNI18 65.5 63.3 67.6
STC [35] Kinetics RNI8 67.6 64.8 70.2
DINO INet DeiT-S/16 61.8 60.2 634
DINO [Net ViT-B/16 62.3 60.7 639
DINO [Net DeiT-S/8 69.9 66.6 73.1
DINO INet ViT-B/8 714 679 749
Cifaryg Cifarjgo INat;g INatj9 Flwrs Cars [Net

DeiT-5/16

- Transfe_r learning by flne_-tunmg Sup.[66]  99.0 895 707 766 982 92.1 79.9
pre-trained models on different DINO 99.0  90.5 720 782 98.5 93.0 SL5

datasets ViT-B/16

Sup. [66]  99.0 908 732 777 984 921 8I.8
DINO 99.1 91.7 726 78.6 98.8 93.0 82.8

Deep Learning — Transformers in computer vision
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DINOv2

DINOv2: Learning Robust Visual Features without Supervision

Discriminative self-supervised learning
No fine-tunning — general multipurpose backbone
Foundation model

Oqgquab et al., 2023

Multipupose backbone -high-performance features to be used
= classification, segmantation, image retrieval, depth estimation

Automatic pipeline to build a dedicated,
diverse, and curated image dataset

ViT model with 1B parameters
= distill it into a series of smaller models

Accelerating and stabilizing the training
at scale

2 xfaster and require 3xless memory
than similar self-supervised methods

SOTA results

Deep Learning — Transformers in computer vision
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DINOv2
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DINOv2
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Tasks and design choices

Khan et al., 2021

Task Method Design Highlights (focus on differences Input Data Type Label Type Loss
with the standard form)
Image ViT [11] Directly adopted NLP Transformer En- 2D Image Class labels Cross-entropy
Classification coder for images, Mechanism to linearly
embed image patches with positional
embedding suitable for the Encoder.
DeiT [17] Transformer as s student while CNN as 2D Image Class labels Cross-entropy,
a teacher, Distillation tokens to produce Distillation loss
estimated labels from teacher, Attention based on
between class and distillation tokens. KL-divergence
CLIP [=1] Jointly train image and text encoders on 2D Images & texts Image-text Symmetric
image-text pairs, to maximize similarity pairs cross-entropy
of valid pairs and minimize otherwise
Object Detection DETR [17] Linear projection layer to reduce CNN 2D Image Class labels Hungarian loss
feature dimension, Spatial positional based on
embedding added to each multi-head bipartite
self-attention layer of both encoder and matching
decoder. Object queries (output posi- between
tional encoding) added to each multi- predicted and
head self-attention layer of decoder. ground truths
D-DETR [14] Deformable Transformer consists of de- 2D Image Class labels Hungarian loss
formable attention layers to introduce
sparse priors in Transformers, Multi-
scale attention module.
Low Shot CT [25] Self-supervised pretraining, Query- 2D Image Pretraining Normalized
Learning aligned class prototypes that provide without labels Cross-entropy
spatial correspondence between the and few-shot
support-set images and query image. learning with
Class labels
Image ColTran [24] Conditional Row/column multi-head 2D Image 2D Image Negative
Colorization attention layers, Progressive multi-scale log-likelihood
colorization scheme. of the images
Action ST-TR [164] Spatial and Temporal self-attention to Skeleton Action Classes Cross-entropy
Recognition operates on graph data such as joints in

ckeletons



https://arxiv.org/abs/2101.01169

Tasks and design choices

Khan et al., 2021

Task Method Design Highlights (focus on differences Input Data Type Label Type Loss
with the standard form)

Super-resolution TTSR [16] Texture enhancing Transformer module, 2D Image 2D Image Reconstruction
Relevance embeddings to compute the loss, Perceptual
relevance between the low-resolution loss defined on
and reference image. pretrained

VGG19
features.
Multi-Model Oscar [0] Transformer layer to jointly process 2D Image Captions, Class Negative
Learning triplet representation of image-text labels, Object log-likelihood
[words, tags, features], Masked tokens tags of masked
to represent text data. tokens,
Contrastive
binary
cross-entropy
3D Classifica- PT [175] Point Transformer block, Transition CAD models, 3D object Object and Cross-entropy
tion/Segmentation down block to reduce cardinality of the part segmentation shape
point set, Transition up for dense pre- categories
diction tasks.
3D Mesh METRO [27] Progressive dimensionality reduction 2D Image 3D Mesh + L1 loss on
Reconstruction across Transformer layers, Positional Human Pose mesh vertices
Encoding with 3D joint and 3D vertex and joints in 3D
coordinates, Masked vertex/joint mod- and 2D
eling. projection.
Vision and Chenetal. [149]  Uni-modal encoders on language and Instruction text + Navigation Cross-entropy
Language map inputs followed by a cross-modal RGBD panorama + Plan over nodes and
Navigation transformer, Trajectory position encod- Topological [stop] action
ings in the map encoder. Environment Map
Referring Image CMBSA [175] Multimodal feature, Cross-modal self- 2D Image + Language Segmentation Binary
Segmentation attention on multiple levels and their expression mask cross-entropy
fusion using learned gates. loss
Video Leeetal. [151]  Operates on real-valued audio-visual Audio-Visual Activity labels Contrastive
Classification signals instead of tokens, Contrastive InfoNCE loss
learning for pre-training, End-to-end and Binary
multimodal transformer learning. cross-entropy



https://arxiv.org/abs/2101.01169

Advantages and limitations

Khan et al., 2021

Task Method Metric Dataset Performance Highlights Limitations
[mage 1]\2{]5 2{ Top—l Acc. ]mageNet 88.55 a) First app]ication of Transformer a) Requires training on large—sca]e
Classifica- (global self-attention) directly on data eg., 300-Million images, b)
tion image patches, b) Convolution-free Requires careful transfer ]earru'ng
network architecture, ¢) Outper- to the new task, ¢) Requires large
forms CNN models such as ResNet. model with 632-Million parameters
to achieve SOTA results.
DeiT ,[1 ] Top-1 Acc. ImageNet  83.10 a) Successfully trains Transformer a) Requires access to pretrained
arXiv'20 on ]mageNet only, b) Introduces CNN based teacher model thus per-
attention-based distillation method. formance depends on the quality of
c) Produces competitive perfor- the teacher model.
mance with small (86-Million pa-
rameters) Transformers.
]i;zw—S‘het EJLE;H]S’ 20 Top—l Acc. EngggNa gégg a) Sel_f—supervised pre-training Propo_sed a]gorithm is limited in its
arning mechanism that does not need capacity to perform on datasets that
manual labels, b) Dynamic lack spatial details such as texture.
inference usin Transformer
achieving stat-of-the-art results.
Object ED(]?EE’QO] AP COCO 449 a) Use of Transformer allows end-  a) Performs poorly on small objects,
Detection to-end training pipeline for object b) Requires long training time to
detection, b) Removes the need for converge.
hand-crafted post-processing steps.
}%nglR (4] AP COCO 43.8 a) Achieves better performance on  Obtain SOTA results with 52.3 AP
small objects than DETR [13], b) but with two stage detector design
Faster convergence than DETR [15]  and test time augmentations.
Image %]{11;{?2? [24] FID ImageNet  19.71 a) First successful application of a) Lacks end-to-end training, b)
Coloriza- Transformer to image colorization, limited to images of size 256 x 256.
tion b) Achieves SOTA FID score.
Action ST;TR, [164] Top-1 Acc. NTU 94.0/84.7 a) Successfully applies Transformer Proposed Transformers do not pro-
Recogni- arXiv'20 60/120 to model relations between body cess joints directly rather operate on
tion joints both in spatial and temporal features extracted by a CNN, thus

domain, b) Achieves SOTA results.

the overall model is based on hand-
crafted desien.


https://arxiv.org/abs/2101.01169

Advantages and

limitations

Khan et al., 2021

Highlights

Limitations

a) Achieves state-of-the-art super-
resolution by using attention, b)
Novel Transformer inspired archi-
tectures that can process multi-scale
features.

a) Proposed Transformer does not
process images directly but features
extracted by a convolution based
network, b) Model with large num-
ber of trainable parameters, and c)
Compute intensive.

a) Proposed Transformer architec-
ture can combine text and visual
information to understand inter-
task dependencies, b) Achieves pre-
training on unlabelled dataset.

a) Requires large amount of data
for pre-training, b) Requires fine
tuning to the new task.

a) Exploit novel supervisory signal
via object tags to achieve text and
image alignment, b) Achieves state-
of-the-art results.

Requires extra supervision through
pre-trained object detectors thus

rformance is dependent on the
quality of object detectors.

Learns fine-grained relation align-
ment between text and images

Requires large multi-task datasets
for Transformer training which lead
to high computaﬁonal cost.

a) Transformer based attention ca-
pable to process unordered and un-
structured point sets, b) Permuta-
tion invariant architecture.

a) Only moderate improvements
over previous SOTA, b) Large num-
ber of trainable parameters around
6 higher than PointNet++ [154].

Task Method Metric Dataset Performance
CUFED5 271 /08
Super- TTSR [16] PSNR/ Sun80 30.0 / 0.81
Resoll:)ution CVPR20 SSIM Urban100 = 25.9 /0.78
Mangal09 30.1 / 0.91
ViLBERT Acc./ VQA [135]/
Multi- [133] m_AP (R@1) Retrieval 70.6/ 58.2
Model NeurIPS'19 R RN
Learning
Oscar [.-\‘l"l] ACC-I‘ VQA [] \‘:]/ 80 37/57 5
ECCV’20 mAP (R@1) COCO ’ ’
- Acc./ VQA [135]/
gggﬁ%[-"?l Avg, Flickr30K  72.47/83.72
(RQ1/5/10) [15873]
Point Trans-
3D ‘ former [173] }:g 1 Ace Fllsg]eﬂ\let% gég
Analysis  arXiv'20 - '
. MPJPE 771
a1 pAMPIPE  3DPW 47.9
araty MPVE [175] 88.2

a) Does not depend on parametric
mesh models so easily extendable
to different objects, b) Achieves
SOTA results using Transformers.

Dependent on hand-crafted net-
work design.
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Open problems and opportunities

= High computational cost
= Large data requirements
» Large memory requirements

= Vision tailored transformer designs
= Interpretability of transformers
= Hardware efficient designs

= Combinations with CNNs?
» Inductive bias?

= A plethora of papers published very recently
= SOTA results

Deep Learning — Transformers in computer vision




MLP-Mixer: An all-MLP Architecture for Vision

= No convolutions, no attention, only MLPs!

Skip-connections

Tolstikhin et al., 2021

-
Skip-connections Mixer Layer |

|

I , |
Il Channels I
P Plme——= Patches - |
L 15 E = L ((MLP1 }—m ~ = :
—Z ™ = MLP 1

|y =\ T A5 I B P '
I — =™ - O L MLP1 }— g I
L = > = |
e o e e e e e — e — e — e ——— — ————— —— ———————— — — - J

[ Fully-connected ]
I

Global Average Pooling

)
f?ff%ff?‘?

N x (Mixer Layer)

¢#¢¢¢¢¢¢¢

Per-patch Fully-connected
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= ImNet RealL Avg5 VTAB-lk  Throughput TPUvV3
M L P- M IXer resu |tS top-1 top-1  top-1 19 tasks  1mg/sec/core  core-days
Dy Pre-trained on ImageNet-21k (public)

A — - ~* | e HaloNet [57] 85.8 — — — 120 0.10k
£ » Mixer-L/16 84.15 87.86 9391 74.95 105 0.41k
PO R G S e ViT-L/16 [14] 85.30 88.62 94.39 72.72 32 0.18k
. - BiT-R152x4 [22] 85.39 — 94.04 70.64 26 0.94k
% """""""" Pre-trained on JFT-300M (proprietary)

E o Y NFNet-F4+ [] 89.2 — — — 46 1.86k
3 e Vil | ®Mixer-H/14 8794  90.18 9571 7533 40 101k
3" - Mixer-L/16 - viT.y1e | BIT-RI52x4 23] 87.54 9054 9533 76.29 26 9.90k
= e BIT-R152x2 e ViT-H/14 [14] 88.55 90.72 95.97 77.63 15 2.30k
] :dm —~ — —— — [ Pre-trained on unlabelled or weakly labelled data (proprietary)
M MPL [24] 90.0 9112  — — — 20.48k
g2+ @ Mixer (i21lk | JFT [> NFMet (JFT
e {iz{m Jg} T o i UFUrn : ALIGN [21] 88.64 — — 79.99 15 14.82k
= | ¥ HaloNet (i21k) % ALIGN (web)
> A BT (i21k | JFT) . . _ _
& o O Specification S/32 S/16 B/32 B/16 L/32 L/16 H/14
3 P
© R | B Number of layers 8 8 12 12 24 24 32
& x’*" A A Patch resolution Px P 32x32 16x16 32x32 16x16 32x32 16x16 14x14
& B +® Hidden size C 512 512 768 768 1024 1024 1280
3 |V < A Sequence length S 49 196 49 196 49 196 256
£ 5 MLP dimension D¢ 2048 2048 3072 3072 4096 4096 5120
" MLP dimension Dg 256 256 384 384 512 512 640
w0 0 Parameters (M) 19 18 60 59 206 207 431

Total pre-training kilo-TPUv3-core-days
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Segment Anything

= New task, model, and dataset for image segmentation
= Foundation model - Segment Anything Model (SAM)

valid mask valid mask I—) annotate —l

lightweight mask decoder model data

A
g T T— train (—l
model |
I\ | s Segment Anything 1B (SA-1B):
encodaer
i — : T | * 1+ billion masks [E——==
o ¢ cat with ‘ encoder E e 11' million images | \
i black ears \ * privacy respecting a g )\
T . T * licensed images S S
segmentation prompt prompt image
(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM) (c) Data: data engine (top) & dataset (bottom)

Kirillov et al., 2023
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https://arxiv.org/abs/2304.02643v1

SAM dataset

= 11M diverse, high-resolution, licensed, and privacy protecting images
1.1B high-quality segmentation masks, 99.1% of which generated fully automatically

75}
2
172}
<
=
oF
S
Y S
SET N
o

400-500 masks

UU-200 masks




SAM model

Training data stages

Training images

, score
[] C) = mask decoder
image A
[ SCore
encoder D T T T ’
% / conv\ prompt encoder
image T T T T , score
embedding mask  points box text
valid masks
1mag€? - x2 dot product
embedding image to token attn. 27X per mask
(256x64x64) conv. @ masks
mlp trans.
— 1 point (oracle) output
% | M 1 point . oken ==
g | token to image attn. ok permask M mip
= output tokens S| token iy M|
o 60 + t0 1mage | output
- prompt tokens self attn. attn. oken | mlp —— loU
e (N x256) scores B A ———— ;
g 50 tokens mask decoder | point
manual + semi T AUULIAUC  dULULLIALL L= 1M 308M 636M
automatic only 0.1IM M 1M ViT-B ViT-L ViT-H

Number of parameters
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SAM - Zero-shot edge detection

image ground truth SAM




SAM - Similarities of mask embeddings
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SAM - Zero-shot instance segmentation

~ground truth
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