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Vision Transformer (ViT)

e Macro Structure:
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Vision Transformer (ViT)
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From ViT to Swin Transformer
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Locality: local window and cross-window
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Hierarchy
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W. Wang, et al., Pyramid Vision Transformer: A Versatile Backbone for Dense Prediction Without Convolutions. ICCV
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Macro Structure:
M Vanilla ViT#|Hierarchical Local Window-based ViT: MSG Transformer
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MSG Transformer MSG Token Shuftle
Use MSG tokens to extract information from local windows and shuffle operation to exchange information
between MSG tokens.

J. Fang, et al., MSG-Transformer: Exchanging Local Spatial Information by Manipulating Messenger Tokens,
arXiv:2105.15168



Macro Structure: MSG Transformer

Method In_put Pasains | FEOPS GP[‘] throughput CPU | Top-1
size (images / s) latency | |Acc (%)

Transformer Networks

DeiT-S [43] 2242 22M 4.6G 898.3 1 18ms 79.8
T2T-ViT;-14 [32] 2242 22M 5.2G 559.3 225ms 80.7
PVT-Small [47] 2242 25M 3.8G 749.0 146ms 79.8
TNT-S [13] 2242 24M 5.2G 387.1 215ms 81.3
CoaT Mini [51] 2242 10M 6.8G . - 80.8
Swin-T [28] 2242 28M 4.5G 692.1 189ms 81.3
MSG-Transformer-T | 2242 24M 4.0G 711.8 151ms 81.6
DeiT-B [43] 2242 8TM 17.5G 278.9 393ms 81.8
T2T-ViT;-19 [52] 2242 39M 8.4G 3T1.3 314ms 81.4
T2T-ViT;-24 [52] 2242 64M 13.2G 268.2 436ms 82.2
PVT-Large [47] 2242 61M 9.8G 33L.1 338ms .l
TNT-B [13] 2242 66M 14.1G 231.1 414ms 82.8
Swin-S [28] 2242 50M 8.7G 396.6 346ms 83.0
MSG-Transformer-S 2242 54M 8.9G 399.1 269ms 83.0
ViT-B/16 [11] 3842 8TM 55.4G 81.1 1218ms 77.9
ViT-L/16 [11]) 3842 307M 190.7G 26.3 4420ms 76.5
DeiT-B [43] 3842 8TM 55.4G 81.1 1213ms 83.1
Swin-B [28] 2242 88M 15.4G 257.6 547ms 83.3
MSG-Transformer-B | 2242 95M 15.8G 258.1 437ms 83.6




Macro Structure: MSG Transformer

mask

Method AP™ APZY APY [AP™* APH™ AP | Params FLOPs FPS
DeiT-S 480 672 31.7 41.4 64.2 44.3 SOM 889G -
ResNet-50 46.3 64.3 50.5 40.1 61.7 43 .4 82M 739G 10.5
Swin-T 50.5 693 549 43.7 66.6 47.1 S6M 745G 94
MSG-Transtformer-T | 51.0 69.9 55.3 44.3 67.5 47.9 82M 735G 0
ResNeXt101-32x4d | 48.1 66.5 524 41.6 63.9 45.2 10IM 819G 7.5
Swin-S 51.8 704 56.3 447 67.9 48.5 107M 838G 7.5
MSG-Transtormer-S | 52.1 70.6 56.8 45.1 68.4 48.9 [1IM 842G 7.5
ResNeXtl101-64x4d | 48.3 664 523 41.7 64.0 45:1 140M 972G 6.0
Swin-B 51.9 709 56.5 45.0 68.4 48.7 145M 082G 6.3
MSG-Transformer-B | 52.0 70.8 56.2 45.1 68.3 48.9 152M 089G 6.2




Macro Structure: X # SwinfH [E]Macro Structure)CNN(DW Conv)

Swin DW Conv.
concat 4 x4, linear 96-d, LN concat 4 x4, linear 96-d, LN
LN, linear 96x3-d linear 96-d, BN, ReLU
local sa. 7x7, head 3 depthwise conv. 7x7, BN, ReLU
linear 96-d X 2 linear 96-d, BN, ReLU X 2
LN, linear 384-d BN, linear 384-d
GELU, linear 96-d GELU, linear 96-d
concat 2x2, linear 192-d , LN concat 2x2, linear 192-d , LN
LN, linear 192x3-d linear 192-d, BN, ReLU
local sa. 7x7, head 6 depthwise conv. 7x7, BN, ReLU
linear 192-d X 2 linear 192-d, BN, ReLU X 2
LN, linear 768-d BN, linear 768-d
GELU, linear 192-d GELU, linear 192-d

X AN A1 H R ) stagel] config

Q. Han, et al., Demystifying Local Vision Transformer: Sparse Connectivity, Weight Sharing, and Dynamic Weight



Macro Structure: X # SwinfH [E]Macro Structure)CNN(DW Conv)

Local attention: perform attention in local small windows IN-1k Acc. Real Acc.
Swin-T [35] 224% 28M 4.5G 713.5 81.3 86.6
Swin-B [35] 2944 88M 15.4G 263.0 83.3 87.9
Depth-wise convolution + point-wise 1 X 1 convolution
DW-Conv.-T 224° 24M 3.8G 928.7 81.3 86.8
DW-Conv.-B 2247 74M  12.9G 327.6 83.2 87.9
D-DW-Conv.-T 2247 51M 3.8G 897.0 81.9 87.3
D-DW-Conv.-B 2247 162M  13.0G 3224 83.2 87.9
COCO Object Detection ADE20K Semantic Segmentation
#param. FLOPs | AP°°* AP25* AP52® AP™*°" | #param. FLOPs mloU
Swin-T 86M 747G | 505 693 549 43.7 60M 947G 44.5
DW Conv.-T 82M 730G | 499 68.6 543 43.4 56M 928G 45.5
D-DW Conv.-T 108M 730G | 505 695 54.6 43.7 83M 928G 45.7
Swin-B 145M 986G | 519 709  56.5 45.0 121IM  1192G 48.1
DW Conv.-B 132M 924G | 51.1 69.6 554 44.2 108M 1129G 48.3
D-DW Conv.-B 219M 924G | 51.2 700 554 44 4 195M 1129G 48.0

Q. Han, et al., Demystifying Local Vision Transformer: Sparse Connectivity, Weight Sharing, and Dynamic Weight



Macro Structure: 3 FH FflSwin#H [5]Macro Structure ) CNN

 CNNBA] DIAR A 1 W BARHI I SRR AL SR Sk o . A DNCVAESS EIRAS
AT 38 I HIR I -

o MEFhE X i, Vision Transformer ) & @ /i AT EGFRIN 2% . 42 Bl
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[1] H. Touvron, et al., Training data-efficient image transformers & distillation through attention, ICLR 2021

[2] I. Bello, et al., Revisiting ResNets: Improved Training and Scaling Strategies, NeurIPS 2021

[3] Q. Han, et al., Demystifying Local Vision Transformer: Sparse Connectivity, Weight Sharing, and Dynamic Weight,
arXiv 2106.04263

[4] R. Wightman, et al., ResNet strikes back: An improved training procedure in timm, arXiv 2110.00476

[5] W. Wu, et al. Co-scale conv-attentional image transformers, ICCV 2021



Macro Structure: 3 FH FflSwinfH [5]Macro Structure ) MLP

MHSA Linear DW Linear MLP
Shift 80.5 79.7 79.8 79.9
Shuffle 80.6 79.6 79.6 79.8
MSG 80.4 79.5 79.7 79.7

Y. Fang, et al., What Makes for Hierarchical Vision Transformer? arXiv:2107.02174
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Macro Structure: A [E]Macro Structure T fJ AN [F]aggravation layer

Current “Most Interesting” ConvMixer Configurations vs. Other Simple Models

Patch | Kernel | # Params | Throughput | Act. ImNet
Network Size Size (x10°) (img/sec) Fn. t7 BPOEIE top-1 (%)
ConvMixer-1536/20 7 9 51.6 89 G 150 81.37
ConvMixer-768/32 7 7 21.1 203 R 300 80.16
ResNet-152 — 3 60.2 872 R 150 79.64
DeiT-B 16 - 86 703 G 300 81.8
‘ ‘ ‘ Patches Are All You Need ? ResMLP-B24/8 8 - 129 140 G 400 81.0
Conv / MHSA | Linear & MLP
Columnar “Missing Piece” v v
Hierarchical v v “Missing Piece”

/

Y. Fang, et al., What Makes for Hierarchical Vision Transformer? (Ours)

MHSA Linear DW Linear MLP

Shift 80.5 79.7 79.8 79.9
Shuffle 80.6 79.6 79.6 79.8
MSG 80.4 79.5 79.7 79.7




Macro Structure: A [E]Macro Structure T fJ AN [F]aggravation layer

Patches Are All You Need ?
Conv / MHSA | Linear & MLP

Columnar “Missing Piece” v v
Hierarchical v v “Missing Piece”

/

Y. Fang, et al., What Makes for Hierarchical Vision Transformer?

fH[F)Macro Structure ¥, AS[E]aggravation layerZ 74K
FEF JEFEMacro Structure Design




Vision Transformer (ViT)

* Optimization:
. E\JﬁﬁTransformerﬂ/E?'ﬂ)rﬂ)ﬁSE?W%E‘Jﬁilﬁ,ﬁ” Zx EAAL R skt AN B 2R



Optimization

o }HELCNN, Vision TransformerX} Y| AL ISR BN AT ZI] . — S5 {E] B
Fh 2B 2507 28 1)1 2k Vision Transformer [1].

top-1 accuracy

-
E 5D < S =
o L 8 o0 N 5
2 ® | & 2 < £ i
g s | 50 L e -— i ) F8
% < 3 P s0 A Q = S % =
g £ |+ 5§ & g8 £ 5§ & 2| E 2
] 9} et 0 [@] S | !
& s £ 5 X H|ls8 § & 9 &« 2 &
. . = - =
Ablation on | A =2 ¥ < = O|ld & & A 4 a, =) .
DeiT-B | adamw adamw |v X v V|V v v X X |8l8 83.1 e.g, ErasingflStoch. Depth
none: beil- .0 10.2 .1 £0.1 . N \
X T Dei TH SR Ui A2 6 2211
optimizer SGD 74.5 77.3
P SGD 81.8 83.1
X 79.6 80.4
d X Vv 81.2 81.9
ata X 78.7 79.8
augmentation X 80.0 80.6
X X 75.8 76.7
X 4.3* 0.1
X 3.4* 0.1
regularization X 76.5 77.4
v 81.3 83.1
v 81.9 83.1

[1] H. Touvron, et al., Training data-efficient image transformers & distillation through attention



Optimization

o [FAIFE, CNNW AT LA K B N EBURKIIIIZR AL R ig 3kt . FES 1N CVAE
55 EASRA 3E S IRIRIL [1,2,3]

Speed-Accuracy Pareto Curve

" Improvements Top-1 A

841 o ° 2.7x Speedup ResNet-200 79.0 —
%) T ' + Cosine LR Decay 793  +0.3
g 83 .® ol + Increase training epochs 7887 -05
2 + Minor Architectural Changes + EMA of weights 79.1 +0.3
T8 e 4 + Label Smoothing 804  +1.3
S s + Stochastic Depth 80.6  +0.2
%81 | ® + RandAugment 81.0 +0.4
% + Improved Training Strategies + Dropout on FC 80.7 ¥ -0.3
S a0l T + Decrease weight decay 822  +1.5
= reshel-na + Squeeze-and-Excitation 829  +0.7
olie o e + ResNet-D 834  +0.5

[
0.0 0.5 1.0 1.5 2.0 2.5 3.0 Training Methods , Regularization Methods

Time Per Training Step (Sec)
Architecture Improvements

[1] 1. Bello, et al., Revisiting ResNets: Improved Training and Scaling Strategies
[2] Q. Han, et al., Demystifying Local Vision Transformer: Sparse Connectivity, Weight Sharing, and Dynamic Weight
[3] R. Wightman, et al., ResNet strikes back: An improved training procedure in timm



Optimization

o« MEFP=E X i, Vision Transformerf) & & AL AT BB FR 2%,
22 L AR I 28 W AF 2] | —F B M[1,2,3],

Speed-Accuracy Pareto Curve

" Improvements Top-1 A

4. - = 2.7xSpeedup o ResNet-200 79.0 —
9 - | + Cosine LR Decay 79.3  +0.3
é 83 .® ol + Increase training epochs 7887 -05
2 + Minor Architectural Changes + EMA of weights 79.1 +0.3
Barl e 1 + Label Smoothing 80.4 +1.3
= _ + Stochastic Depth 80.6 +0.2
%81 | ® + RandAugment 81.0 +0.4
£ + Improved Training Strategies + Dropout on FC 80.7 ¥ -03
& a0l + Decrease weight decay 822  +1.5
= E;_SNett'NF‘St + Squeeze-and-Excitation 829  +0.7
2ol |8 | I + ResNet-D 83.4  +0.5

[
0.0 0.5 1.0 1.5 2.0 2.5 3.0 Training Methods , Regularization Methods

Time Per Training Step (Sec)
Architecture Improvements

[1] L. Bello, et al., Revisiting ResNets: Improved Training and Scaling Strategies
[2] Q. Han, et al., Demystifying Local Vision Transformer: Sparse Connectivity, Weight Sharing, and Dynamic Weight
[3] R. Wightman, et al., ResNet strikes back: An improved training procedure in timm



Optimization

KA, A2MT2RIR PR AN R B I R &AL TG
R. Wightman, et al., ResNet strikes back: An improved training
procedure in timm

test set -+ ImageNet-val

| architecture training — A2 T2
ResNet-50 79.9 79.2
DeiT-S 79.6 80.4

{FFHA2)I125, ResNet-501) R T DeiT-S
FEAT2UI4:, DeiT-SHIR I T ResNet-50

SR ZRRIBIREMR S, ARNSHE LER KR R
% LB R 514
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Vision Transformer (ViT)

* High-level Applications:

* ViTLL K Query Token(J 5| A Ja & 1 HTHIHEZL ¥ it . 3@ Query Tokenn] PR i i
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High-level Applications

« fECVH, Transformeri5G % 3)N H 12D H #rfailll(DETR).

« HAEJ, Transformer £ #% BT A 7E

* Tracking (e.g., Transformer Tracking[2])
MOT (e.g., TransTrack[3], TrackFormer[4], TransMOT[5])
Multi-modal Understanding (e.g., MDETR][6])
2D Object Detection (e.g., DETR, Deformable DETR, P1x2Seq[7])
3D Object Detection (e.g., 3DETR][8])

[1] H. Chen, et al., Pre-Trained Image Processing Transformer

[2] X. Chen , et al., Transformer Tracking

[3] P. Sun, et al., TransTrack: Multiple Object Tracking with Transformer

[4] T. Meinhardt, et al., TrackFormer: Multi-Object Tracking with Transformers

[5] P. Chu, et al., TransMOT: Spatial-Temporal Graph Transformer for Multiple Object Tracking
[6] A. Kamath, et al., MDETR: Modulated Detection for End-to-End Multi-Modal Understanding
[7] T. Chen, et al., Pix2seq: A Language Modeling Framework for Object Detection
[8] I. Misra, et al., An End-to-End Transformer Model for 3D Object Detection



Detection Transformer: DETR

« /ECVHY, Transformerix5c LI N H T2D H #5t il (DETR[1]).

o DETR X H Transformer Encoder & Decoder4s f4) :
» Encoderf T-3%5:8CNN Feature.

 Decoderf 100 ™Object QueryfE NFi N, 1L Query [4]f#]Self-attention LA & Query Fll
Encoder FeatureZ [8] ') Cross-attentioni#f 17 Parallel Decoding.

 Decoderf % H #1007 Object Query MG T 4T H AL UL BL >K 58 i label assignment.

backbone ! encoder

class,
box

L
set of image features.:

|
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| | |

I i I :
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[ !

: h
| I
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r |

|
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|

I

|
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|

|

FFN >

no
FEN [ object

decoder

ddda
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no
il g

FFN >

[1] N. Carion, et al., End-to-End Object Detection with Transformers, ECCV 2020



Detection Transformer: YOLOS

* YOLOS[1]XH i Transformer EncoderZ5# . :[PATCH] tokens#I1[DET]
tokensHHE7E —iEAE NI . WH BB I Decoding .

Cls & Bbox Predictions

f { b

MLP Heads
r —
Pat-Tok Pat-Tok o Pat-Tok Det-Tok Det-Tok - Det-Tok
L #1 #2 #N #1 2 #100
A A A
4 )
Transformer Encoder
g J
+PE +PE 1+PE 1+pE 1+pPE +PE
[ Pat-Tok | [ Pat-Tok vee Pat-Tok Det-Tok | [ Det-Tok ves Det-Tok
L #1 #2 #N #1 2 #100

Linear Projection of Flattened Patches ]

W L

Patches of an Input Image

[1]Y. Fang, et al., You Only Look at One Sequence: Rethinking Transformer in Vision through Object Detection, NeurIPS 2021



Detection Transformer: YOLOS

* YOLOS# 2D Object Detection ] LA A4 ¥ESeq2Seq 25 1 5 TSI

* YOLOSZ WK #i2D VT 24w B AN H ksl 5 56 F1 RS /] g8/ N 28 22—
(Seq2Pix L AEAFE XA 7 [A A 57)

* YOLOSH] LK VITTR Il 2545 21 i) K 71T # 212D Object DetectionfF: 55 H
o AT BN B % 7N B Detection Transformer?
o H AT EEE H B Transformer KA (SRUINLPH HJGPT) 2 9 /2 ni R fige e 1o E 7

o ARFRINGRH AR AT eSS+ MR aE s Rl 7rE) .



Detection Transformer: YOLOS

* YOLOSH] LIS H 765 ST 45 &R .
« YOLOSKHfH st A RIS a5 a] .

Method Backbone Epochs| Size AP Pafﬁr)n > FL('(?)PS FPS
Def. DETR [70] |FBNet-V3 [14] 150 |800 x % [|27.5| 12.2 | 12.26 | 35
YOLOS-Ti DeiT-Ti () [55] 300 432 x x|/28.6| 6.5 12.00 | &4
YOLOS-Ti DeiT-Ti () [55] 300 |[528 x x||30.0| 6.5 21.35 | 51

DETR [9] ResNet-18-DC5H [25] 800 x x({36.9| 28.7 | 128.9 | 7.4
YOLOS-S DeiT-S [55] 150 800 x x|{36.1| 30.7 | 200.2 | 5.7
YOLOS-S (dwr) | DeiT-S [55] (dwr Scale [19]) 704 x x||37.2] 279 | 127.5 | 7.2
YOLOS-S (dwr) | DeiT-S [55] (dwr Scale [19]) 784 x x||37.6| 279 | 179.0 | 54
DETR [9] ResNet-101-DC5 [25] 150 1800 x 42.5| 60 253 -

YOLOS-B DeiT-B () [55] 42.0| 127 537 —




Detection Transformer: VIiDT

* ViDT[1]5% ZIDETRFIYOLOSH] )5 /&, [PATCH] tokensF1[DET] tokens¥J1EH

YN

X HHierarchical ViT (e.g., Swin Transformer)4-#[PATCH] tokens.
* [DET] tokens5[PATCH] tokens.Z [H] 347 B [f] A2 H.([PATCH] tokens — [DET] tokens)
« FEXTYOLOSHGHN | Decoder, JHIENSL

Head

Body

Class.

Patch Tokens

Patch Tokens

Box
Reg.

Patch Tokens

Body Neck
ViT Trans.| |Trans.
Backbone Enc. Dec.
i i
Patch Tokens Det.
(2) DETR

I

Head

Class.

Box
Reg.

A S -

' ' | Patch Tokens

(b) YOLOS

e

Body
|
Patch Det.
Patch Det.
/J
Patch Tokens| Det.
S SR, 2
'| Patch Tokens | | Det.
(c) iDT

[1] H.Song, et al., ViDT: An Efficient and Effective Fully Transformer-based Object Detector

Neck

Trans.
Dec.

Head

Class.

Box
Reg.

Det.




Detection Transformer: VIiDT

Method Backbone |Epochs| AP APso AP;s APs APy AP. | Param. | FPS
DeiT-tiny 50 29.1 47.3 294 9.2 29.3 49.5 24M 10.9
DeiT-small 50 30.8 50.9 31.0 10.5 31.0 52.1 39M 7.8
DETR Swin-nano 50 218 47.5 27.4 9.0 29.2 449 24M 24.7
Swin-tiny 50 34.1 55.1 35.3 12 35.9 54.2 45M 19.3
Swin-small 50 37.6 59.0 39.0 15.9 40.1 58.9 66M 13.5
DeiT-tiny 50 39.2 58.0 41.4 19.5 41.5 58.0 18M 12.4
Deformable Dei_T—sma]] 50 40.9 60.3 43.3 204 438 59.6 35M 8.5
DETR Swm-n-ano 50 43.1 61.4 46.3 25.9 452 594 17" 7.0
Swin-tiny 50 47.0 66.8 50.8 28.1 49.8 63.9 39M 6.3
Swin-small 50 49.0 68.9 529 30.3 52.8 66.6 60M 55
DeiT-tiny 150 304 48.6 3l.1 124 31.8 48.2 6M 28,1
YOLOS DeiT-small 150 36.1 357 37.6 15.6 38.4 353 30M 9.3
DeiT-base 150 42 .0 62.2 44 5 19.5 453 62.1 0.1B 3.9
Swin-nano 150 28.7 48.6 28.5 123 30.7 441 ™ 36.5
ViDT Swin-tiny 150 36.3 56.3 37.8 16.4 39.0 543 29M 28.6
(w.0. Neck) Swin-small 150 41.6 62.7 43.9 20.1 45.4 59.8 52M 16.8
Swin-base 150 432 64.2 45.9 21.9 46.9 63.2 91M 11.5
Swin-nano 50 404 59.6 433 232 42.5 55.8 16M 20.0
ViDT Swin-tiny 50 44 8 64.5 48.7 25.9 47.6 62.1 38M 17.2
Swin-small 50 47.5 67.7 514 29.2 50.7 64.8 61M 12.1
Swin-base 50 49.2 69.4 53.1 30.6 52.6 66.9 0.1B 9.0

Table 2. Comparison of ViDT with other compared detectors on COCO2017 val set. Two neck-free detectors,
YOLOS and ViDT (w.o. Neck) are trained for 150 epochs due to the slow convergence. FPS is measured with
batch size 1 of 800 x 1333 resolution on a single Tesla V100 GPU.



Instance Segmentation Transformer: Instances as Queries

e J&FSparse R-CNN, &3+ Object QueryH) i 21 m S5 47 4 B QuerylInst.
« B&— " Instancel] J& % (class, bbox, mask, identify, etc.) &A1 —Object Query**XﬂLE\?o

e Query B id B &EFR I Instance 1 {5 BRI sERoIRFE , Query 2 [H]IE i Self Attention K
m%ﬂé IZEIJ:—F{IZI VA

my 1

DynConV?ﬁk]

qi+1

(¢) Querylnst with dynamic mask head

[1] Y. Fang et al., Instances as Queries, ICCV 2021



Instance Segmentation Transformer: Instances as Queries

Method Mask AP | Box AP FPS

Cascade Mask R- 38.5 443 104
CNN

HTC 39.3 44.4 3.1

Sparse R-CNN N /A 42.8 11.0

Querylnst 39.8 44.5 10.5

Query can largely enhance the Rol feature
— Improving both Mask AP & Box AP

Training: Multi-stage parallel supervised mask head

Inference: Only use the last stage predictions
— High efficiency & FPS

COCO Mask AP

504 == Mask R-CNN 4 Cascade Mask R-CNN
HTC V' CondlInst
SOLO V2 *QueryInst
"
N
= ~N
- N
e
40 e - _
= . b
hd v
=
35 f i
0 5 10
Frame Per Second (FPS)

Speed-accuracy Pareto curve on COCO test-dev



Instance Segmentation Transformer: Instances as Queries

Method Backbone Aug.  |Epochs|AP**| AP |AP;5y AP;5| APs APy APy | FPS
Mask R-CNN [2 ] 41.3 [37.5]59.3 40.2|21.1 39.6 48.3]14.0
CondInst w/ sem. [46] _ [38.6/60.2 41.4(20.6 41.0 51.1|14.1
SOLOV2 [51] ResNet-50-FPN | 640~ 800 | 36 | 4 4 |38.8|59.9 41.7|16.5 41.7 56.2|13.8
Querylnst (5 Stage, 100 Queries) 44.5 |39.9/62.2 43.0(22.9 41.7 51.9|13.5
Cascade Mask R-CNN [5] 44.5 [38.660.0 41.7|21.7 40.8 49.6|10.4
HTC [9] 44.9 |39.7|61.4 43.1(22.6 42.2 50.6| 3.1
QueryInst (100 Queries) ResNet-50-FPN | 640~ 800 | 36 | 4y ¢ 140.1|62.3 43.4(23.3 42.1 52.0|10.5
QueryInst (300 Queries) 45.6 |40.6/63.0 44.0(23.4 42.5 52.8| 7.0
Cascade Mask R-CNN 45.7 139.8|61.6 43.0(22.4 42.2 50.8| 8.7
HTC ResNet-101-FPN | 640 ~ 800 | 36 | 46.2 |40.7|62.7 44.2|23.1 43.4 52.7| 2.5
QueryInst (300 Queries) 47.0 |41.7/64.4 45.3|24.2 43.9 53.9| 6.1
Cascade Mask R-CNN 46.2 |40.0|61.7 43.5|22.5 42.5 51.2| 8.7
HTC 480 ~ 800 46.3 |40.8(62.6 44.3(23.0 43.5 52.6| 2.5
Sparse R-CNN (300 Queries) | ReSNeU10LFPN | “orerop | 36 1 ygs| — | = | = = | 69
QueryInst (300 Queries) 48.1 |42.8/65.6 46.7|24.6 45.0 55.5| 6.1

. ResNeXt-101-FPN| 480 ~ 800
QueryInst (300 Queries) S THON wicrop | 36 |50.4|44.6/68.1 48.7(26.6 46.9 57.7| 3.1

. . 400 ~ 1200 -
QueryInst (300 Queries) @ val Swin-L wiorop | 50 |56.1|48.9|74.0 53.9/30.8 52.6 68.3(3.3

. . 400 ~ 1200 -
QueryInst (300 Queries) Swin-L wierop | 50 |56.1]49.1/74.2 53.8(31.5 51.8 63.2)3.3

Table 1: Main results on COCO test-dev. The numbers under “Aug.” indicate the scale range of the shorter size of inputs
with a stride of 32. AP"°* denotes box AP. AP without superscript denotes mask AP. The best results are in bold for each
configuration. Superscript “T” indicates the FPS data are measured on a single RTX 2080Ti GPU with batch size 1.
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Summary

* Macro Structure:
e LocalityflHierarchy ] 5| AMEISVITAECVH SR Z N . fEIRZ /T4
FEREUTS T AR EERIPERE
o FHLL BAKF)HE T (Attention or Conv or MLP), Macro Structure )%} 45 5 B 52
M B g B L
* Optimization:
o H i Transformer{E AL 5 3= WX 2% 1) B 20, Yl 2k AP AE B i) okt A2 A
Re 2L o

* High-level Applications:

* ViTLL & Query Tokenf¥) 51 N JE & 1 #AESR 1. i1 Query TokenH] LA
R = SR REVIRRAE, Sl Sk B O PR AN 451 o 31 o
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