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Key Problems and Progress of Vision Transformers: The State of the Art and
Prospects
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Abstract Due to its long-range sequence modeling and parallel computing capability, Transformers have achieved sig-
nificant success in natural language processing and are gradually expanding to computer vision area. Starting from image
classification, we introduce the architecture of classic vision Transformers and compare it with convolutional neural net-
works in connection range, dynamic weights and position representation ability. Then, we summarize existing problems
and corresponding solutions in vision Transformers including computational efficiency, performance improvement, opti-
mization and architecture design. Besides, we propose a general architecture of Vision Transformers. For object detection
and image segmentation, we discuss Transformer-based models and their roles on feature extraction, result generation

and ground-truth assignment. Finally, we point out the development trends of vision Transformers.
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Fig. 3 The comparison[ of effective receptive field be-

tween Transformer and CNN
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# 1 A[A Transformer H R IHLE A NEFAE R AIZS [BZ 24 (N, d, s 00PN | RRELERE ARl 10 R

. R RS [56] )

Table 1 The time and space complexity of different Transformer frameworks (N, d, s denote the length, dimension and

local window size respectively. Most of the data in the table are from [56]

2K N [) 52 A i 23 ) S 2R
Convolution O(Nd?s) -

Transformer [*) O(N?d) O(N? + Nd)
Sparse Transformers "] O(N+/Nd) -

Reformer [°°] O(N log Nd) O(Nlog N + Nd)
Linear Transformer 3] O(Nd?) O(Nd + d?)
Performer % O(Nd?logd) O(Ndlogd + d*logd)
AFT-simple [°% O(Nd) O(Nd)

AFT-full 1°6] O(N?2d) O(Nd)

AFT-local (1D) ] O(Nsd O(Nd)

Swin Transformer (2D)[2?l O(Nsd) -

Horpr) p FORBLTE pRAYL, 7EZ 8 Transformer ¥ H1 3
1E BB Softmax. Efficient attention 32 Fl Linear
Transformer P3) B B HLHI AT 5640 28 (12)
B, SCBN R AR R B AR

EQ.K,V)=¢(Q) (¢(K)'V)  (12)
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2) IXFk 77 (Low-rank methods ) : fIGFK )i
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A% PR I Softmax BRI, Fom it B
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13 BE B (Over-smoothing ) Fy [a] 8059, i 4p,
X} Transformer A< SpAILH, 4073 22 77 FOAL E G i 55
el A B LR IR ). R 2 BN TR
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221 BRERFIXE

Z ROZFHETE CNN e &3k 18 TR 21
I FH 020 I 22 ROBE A BV RERS AR Ir- 4% & 18 0 o
FRAE AN S 1 SCRRAE, SEBLRT AR [ RUEE H AR 1A 3
3. TERSE Transformer H1, CrossViT 03] i i i fh
JUEE 3 5 6 UG R4 730 4 FF 00 ST G, X i I 7
22 ROBEFRAE R FHAC B 2 S A RS 7 91 2 (1)
H{E B28 H.. CrossFormer 21 N5 Bl 43 555 IR 2%
A2 15 2R R EE B FRIE, Z 5 G A A2 1)
FRAE, DAEA Tl RUBE {5 B 3C HL.
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K, Jfr45 X A RE S & Transformer 7 FENYIR 1L,
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% 2 PHE Transformer HILTE ImageNet-1k L[ Top-1 HERIR LS. R HdE £ E S 3CHE (18]

Table 2 The comparison of Top-1 accuracy of different visual Transformers on ImageNet-1k dataset. Most of the data
in the table are from [18]

ZHE HRE FUGR

ITiEARR pE AW/ G DB L AN (M)  (GFLOPs) % Wit Top-1 Acc.
ViT-B/1617] 86 55.4 224 384 77.9
ViT-L/161%] 300 4096 307 190.7 224 384 76.5
DeiT-Til"®! 5 1.3 224 224 72.2
DeiT-S 58] 22 4.6 224 224 79.8
DeiT-B 58] 300 1024 86 17.6 224 224 81.8
DeiT-B1 %] 86 52.8 224 384 83.1
ConViT-Tj 6] 6 1 224 224 73.1
ConViT-S[6Y] 300 512 27 5.4 224 224 81.3
ConViT-BI60 86 17 224 224 82.4
Local ViT-T [61] 5.9 1.3 224 224 74.8
LocalViT-S 61 300 1024 22.4 4.6 224 224 80.8
CeiT-T173 6.4 1.2 224 224 76.4
CeiT-S 173 300 1024 24.2 4.5 224 224 82.0
CeiT-S1173 24.2 12.9 224 384 83.3
ResT-Small %3] 13.66 1.9 224 224 79.6
ResT-Base %3] 300 2 048 30.28 4.3 224 224 81.6
ResT-Large %3] 51.63 7.9 224 224 83.6
Swin-T 2] 29 4.5 224 224 81.3
Swin-S 123! 50 8.7 224 224 83.0
Swin-B 2] 300 1024 88 15.4 224 224 83.3
Swin-B1 2 88 47.0 224 384 84.2
VOLO-D1[68] 27 6.8 224 224 84.2
VOLO-D2[68] 59 14.1 224 224 85.2
VOLO-D3[§81 200 L 024 86 20.6 224 224 85.4
VOLO-D41[68] 193 43.8 224 224 85.7
VOLO-D5[68] 296 69.0 224 224 86.1
VOLO-D511(68] 296 304 224 448 87.0
PVT-Tiny 2! 13.2 1.9 224 224 75.1
PVT-Small 22 24.5 3.8 224 224 79.8
PVT-Medium 22 300 128 44.2 6.7 224 224 81.2
PVT-Large [??] 61.4 9.8 224 224 81.7
DeepViT-S [06] 27 6.2 224 224 82.3
DeepViT-L 66! 300 256 55 12.5 224 224 83.1
Refined-ViT-S [ 25 7.2 224 224 83.6
Refined-ViT-M 59 256 55 13.5 224 224 84.6
Refined-ViT-L 5! 300 81 19.1 224 224 84.9
Refined-ViT-L1 %9 512 81 69.1 224 384 85.7
CrossViT-9103] 8.6 1.8 224 224 73.9
CrossViT-15[63] 300 4 096 27.4 5.8 224 224 81.5

CrossViT-18(63] 43.3 9.0 224 224 82.5
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X B ity ek T T A4 182

Shaw %5 A2 RPE: BT A& M
XA iy, P A TR BN A ) ) e, AT
BPAOLE @ A g A1 R R 2 > AR X G )
Py, k. PRSI R R A B TEE LS, TR AR
TR

(16)

eij =
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Fig. 4 The comparison of single-scale framework and
multi-scale framework
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Fig. 5 The comparison of mixing blocks of Transformer-like methods (Transformer [8]7 MLP-Mixer [85], ResMLP [86]7
gMLP [87}, CycleMLP [88}, ConvMixer [89], PoolFormer [90}, MetaFormer [90}, CMT [34}, CVX [91})
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FEARSCEEENE R, AT e 2 2R TE B
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AT E R RGBS H. ML T A S HLE,
MLP (%7 L8 T AR [ (5 8 R AT
FRE L& 2R HEE T, AN, T MLP B2 A4
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% 3 T Transformer FIFET CNN 1 HFrHIE BIE COCO 2017 val BHEE FROINRE L. Hd C. BaIT
CNN BYEE, T. FRIET Transformer AL, FhEdE £ 55 % 30k (18]

Table 3 The comparison of detection performance of Transformer-based and CNN-based detectors on COCO 2017 val
set. C. denotes CNN-based methods, T. denotes Transformer-based methods. Most of the data in the table are from [18]

BIC HRE SHE il ZRE

KA Tk A4 FR 53 (GFLOPs) (M) (FPS) HiA AP APsy AP;s APs APy AP
FCOS[116] 36 177 - 17 v 41.0 59.8 44.1 26.2 44.6 52.2
Faster R-CNN %] 36 180 42 26 v 40.2 61.0 43.8 24.2 43.5 52.0

C. Faster R-CNN~+ [ 108 180 42 26 v 42,0 62.1 45.5 26.6 45.4 53.4
Mask R-CNN [99] 36 260 44 - v 410 61.7 449 - - -
Cascade Mask R-CNN [105] 36 739 82 18 v 463 643 505 - - -
ViT-B/16-FRCNN{ [117] 21 - - - - 36.6 56.3 39.3 17.4 40.0 55.5
ViT-B/16-FRCNN*[117] 21 - - - - 378574 40.1 17.8 41.4 57.3
DETR-R50[°] 500 86 41 28 - 42.0 624 44.2 20.5 45.8 61.1
DETR-DC5-R50!19] 500 187 41 12 - 433 63.1 45.9 225 47.3 61.1
ACT-MTKD (L=16)1"] - 156 - 14 - 406 - - 185 44.3 59.7
ACT-MTKD (L=32) 113l - 169 - 16 - 431 - - 222471 614
Deformable DETR 24 50 78 34 27 - 39.7 60.1 42.4 21.2 44.3 56.0
Deformable DETR-DC5 24! 50 128 34 22 - 415 61.8 44.9 24.1 45.3 56.0
Deformable DETR 24 50 173 40 19 v 43.8 62.6 47.7 26.4 47.1 58.0
Two-Stage Deformable DETR 4 50 173 40 19 v 46.2 65.2 50.0 28.8 49.2 61.7
SMCATIT0] 50 86 40 22 - 410 - - 219 44.3 59.1
SMCA+ [110] 108 86 40 22 - 427 - - 228 46.1 60.0

- SMCA [110] 50 152 40 10 v 437 63.6 47.2 24.2 47.0 60.4

" SMCA+[110] 108 152 40 10 v 456 65.5 49.1 25.9 49.3 62.6
Efficient DETR %Y 36 159 32 - v 44.2 62.2 48.0 28.4 47.5 56.6
Efficient DETR* [109] 36 210 35 - v 451 63.1 49.1 28.3 48.4 59.0
Conditional DETR] 108 90 44 - - 43.0 64.0 45.7 22.7 46.7 61.5
Conditional DETR-DC5 [111] 108 195 44 - - 45.1 65.4 48.5 25.3 49.0 62.2
UP-DETR ['1? 150 86 41 28 - 405 60.8 42.6 19.0 44.4 60.0
UP-DETR+ 112 300 86 41 28 - 428 63.0 45.3 20.8 47.1 61.7
TSP-FCOST] 36 189 515 15 v 431 62.3 47.0 26.6 46.8 55.9
TSP-RCNN [115] 36 188 64 11 v 43.8 63.3 48.3 28.6 46.9 55.7
TSP-RCNN+ [115] 96 188 64 11 v 45.0 64.5 49.6 29.7 47.7 58.0
YOLOS-SH 150 200 307 7 - 36.1 56.4 37.1 15.3 38.5 56.1
YOLOS-S[14 150 179 279 5 v 37.6 57.6 39.2 15.9 40.2 57.3

YOLOS-BI14 150 537 127 - - 42.0 62.2 445 19.5 45.3 62.1
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Fig. 6 Vision Transformers architecture
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Fig. 7 The framework of DETR[1
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Fig. 8 The comparison of converge speed among object
detectors based on Transformer and CNN(Transformer-
based: DETR-DC5 ¢! TSP-FCOS!"!?! TSP-RCNN 1],
SMCA 9 Deformable DETR?*, Conditional DETR-
DC5-R50M . CNN-based: RetinaNet'%4 Faster R-
CNN ] Sparse R-CNN [108])
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Fig. 9 The change of sparsity of cross-attention map in
DETR
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# 4 KT Transformer AU L4 #EIB e ADE20K val $U¥E4E FRITE RS B Heds. HiP, 1k /8 ImageNet-1k, 22k
Z7R ImageNet-1k #l ImageNet-21k HIZ54. 2P EHE T ES2% 0 [18)

Table 4 The comparison of semantic segmentation performance of Transformer-based methods on ADE20K val set. 1k
denotes ImageNet-1k dataset, and 22k denotes the combination of ImageNet-1k and ImageNet-21k. Most of the data in
the table are from [18]

. I ZHE ITEE gy  ZRE
ITEZ PR ERRLE:S B EUR RS (M)  (GFLOPs) (FPS) f#iA mloU
R-50 1k 512 - - 23.4 v 42.8
R-101 1k 512 86 257 20.3 v 44.9
Swin-T 1k 512 60 236 18.5 v 46.1
UperNet 22 Swin-S 1k 512 81 259 15.2 v 49.3
Swin-B 22k 640 121 471 8.7 v 51.6
Swin-L 22k 640 234 647 6.2 v 53.5
MiT-B3 1k 512 47.3 79 - v 50.0
Segformer [29] MiT-B4 1k 512 64.1 95.7 15.4 v 51.1
MiT-B5 1k 640 84.7 183.3 9.8 v 51.8
ViT-S/16 - 512 27 - 34.8 v 46.9
Segmenter 124 ViT-B/16 - 512 106 - 24.1 v 50.0
ViT-L/16 - 640 334 - - v 53.6
R-50 1k 512 41 53 24.5 v 46.7
R-101 1k 512 60 73 19.5 v 47.2
5] Swin-T 1k 512 42 55 22.1 v 48.8
MaskFormer 2% ¢ 0 o 1k 512 63 79 19.6 v 51.0
Swin-B 22k 640 102 195 12.6 v 53.9
Swin-L 22k 640 212 375 7.9 v 55.6
R-50 1k 512 - - - v 49.2
R-101 1k 512 - - - v 50.1
Mask2Former?®)  Swin-S 1k 512 - - - v 52.4
Swin-B 22k 640 - v 55.1
Swin-L 22k 640 - - - v 57.3
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% 5 FT Transformer BYSEHI4EI L FMELT CNN HiEFE COCO test-dev HHRAE LISl IR B L. R EdiF
BB [18)

Table 5 The comparison of instance segmentation performance of Transformer-based and typical CNN-based methods
on COCO test-dev dataset. Most of the data in the table are from [18]

AT BRSO b AT AW A A Ay
R-50-FPN 36 153 375 211 39.6 483  41.3
Mask R-ONNE o0 PPN 36 11.8 388  21.8 414 505  43.1
R-50-FPN 36 150 378 188 409 536  43.0
Blend Mask R-101-FPN 36 1.5 39.6 224 422 514 447
SOLO v2 177 R-50-FPN 36 180 388 165 417 562 404
R-101-FPN 36 9.0 39.7 173 429 574 426
——— R-50-FPN 36 13.8 386 221 404 506  46.8
R-101-FPN 36 1.0 39.9 228 419 523 481
R-50 50 - 39.7 215 425 531 478
SOLQ 3] R-101 50 - 40.9 22.5 43.8 54.6 487
Swin-LL 50 - 459 278 493 605 554
R-50-FPN 36 7.0 40.6 234 425 528 456
QueryInst 120! R-101-FPN 36 6.1 41.7 24.2 43.9 53.9 470
Swin-L, 50 3.3 491 315 518 632  56.1

Mask2Former [26] Swin-L - - 50.5 29.1 53.8 71.2 -

# 6 T Transformer H25t/ #1554 COCO panoptic minval FHRE L2505 E AL RhEdEFES S
ik [18]

Table 6 The comparison of panoptic segmentation performance of Transformer-based methods on COCO panoptic
minival dataset. Most of the data in the table are from [18]

S iHERE

¥ : BFM K P PQ™"  PQt
IR Mg BRI () (GFLOPs) Q Q Q
R-50 42.8 137 434 482 363
[16]
DETR R101 0P g 157 451 505 37
Max-S 61.9 162 484 530 415
[123] 4
MaxDeepLab Max-L g 451 1 846 511 570 422
R-50 5 181 465 510 398
R-101 64 248 476 525 403
Swin-T 42 179 A77 517 4L7
[125]
MaskFormer Swin-S 300 63 9259 49.7 544 426
Swin-B 102 411 511  56.3 432
Swin-L 212 792 527 585  44.0
R-50 12 51.0 214 180 523 415
R-50 51.0 214 196 544 424
: [128]
Panoptic SegFormer R-101 24 69.9 286 50.6 555  43.2

Swin-L 2214 816 55.8 61.7 46.9
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Fig. 10 The framework of SETR[21
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