SN
~T‘NEURAL INFORMATION N\ rRIPAC

’3. PROCESSING SYSTEMS o'o' ol
o

Lightweight Vision Transformer with
Bidirectional Interaction

Qihang Fan'?, Huaibo Huang', Xiaogiang Zhou'3, Ran He'?

TMAIS & CRIPAC, Institute of Automation, Chinese Academy of Sciences, Beijing, China
2School of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing, China
3University of Science and Technology of China, Hefei, China



Introduction

X Local to Global:
out hxw Nose of a fox.
-]l ¥ e e
Fus ’f &
' sy Local: Nose. :
Y, / = L Feed Foward ] Global to Local: RS

s : | Feed Foward | = A fox with nose.

Linear ] DWConv ] [ Attention ] g ;

[
{MaxIPooI [ Linlear ] { AveIPooI }
f

X

| |
| I
I I
| ¥ P\ y
I I
1= e p—
| | Sparse Attention ! |

1
| I !
| L |
| | '
| |

5 Local Propagation | /

el oETEme —c :\, ------ -\ A D D_dlD.D e Modulation +—  Act _|j_ -D-_ - _‘j-i-i
Xn1 Xpo X [ Ealch Embed ] [ Patch Embed ] DED L] DED .D LIJE] DE
Split . D:I:] DED Modulation Aggregation 44: I:I [:] \:] |:| :
| Local-Global-Local Block x #Blocks| LR LT I I
T ;( ______________ D I:] D D D Act —— Modulation ;_EI_E]_I;IQ_I;_]E
gl (a) local adaptive aggregation  (c) bidirectional adaptive interaction  (b) global adaptive aggregation
target token [']local token global token 2 output token i_-_-_l receptive field
Inception .
EdgeViT
Transformer g

Parallel /Sequential Local—Global Local—Global Bidirectional Interaction



Fully Adaptive Self—Attention(FASA)
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Three operators in FASA

1. Global Adaptive Aggregation

2. Local Adaptive Aggregation

3. Bidirectional Adaptive Interaction

All based on Context—Aware Feature Aggregation

Global Adaptive Aggregation:
yi = A(F(M(zs, X)), X),
Local Adaptive Aggregation:

Bidirectional Adaptive Interaction:

Yi2 = M(‘F(Al(xivX))vAQ(xivX))a
Yiln = M(f(Az(iﬂi;X)),Al(iUi;X))-



Global Adaptive Aggregation
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Local Adaptive Aggregation
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Bidirectional Adaptive Interaction
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“Interaction” v.s. “Fusion”
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Overall Architecture

Fully Adaptive Transformer (FAT) Block
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Experiments

Size Params | FLOPs | Throughput | Top-1 ~ Size Params | FLOPs | Throughput | Top-1
(M) M nput| "oy | (@) | Gmgls) | @ ) HGaEL put | "y | @) | (mels) | (%)
T2T-ViT-7 [73] |224%| 423 1.1 1762 717 XCiT-T24 [14] 2242 | 12.1 23 1194 79.4
QuadTree-B-b0 22421 3.5 0.7 885 72.0 ResT-S [78] 2242 | 137 | 1.9 918 79.6
TNT-Tiny [18] 2242 | 6.1 14 545 73.9 Shunted-T [47] 2242 115 | 2.1 957 79.8
Ortho-T 22421 39 0.7 — 74.0 DeiT-S [54] 2242 | 221 | 4.6 899 79.9
EdgeViT-XXS 2242 | 4.1 0.6 1926 74.4 QuadTree-B-bl [52] | 2242 | 136 | 23 543 80.0
MobileViT-XS 2562 2.3 1.1 1367 74.8 - RegionViT-Ti 2] 2242 | 138 | 24 710 80.4

0 LVT 2242 | 55 09 1265 74.8 — Wave-MLP-T [53] [2242 | 17.0 | 24 1052 80.6
2 | CPVT-Ti-GAP 2242 58 | 13 — 749 2 MPViT-XS 2242 | 105 | 29 597 80.9
EdgeNeXt-XS [37] |256%| 2.3 0.5 1417 75.0 — EdgeViT-S 2242 | 11.1 1.9 1049 81.0
PVTT [57] 2242 | 132 1.6 1233 75.1 VAN-BI [17] 2242 | 139 | 25 995 81.1

ViT-C 2242 | 4.6 1.1 = 75.3 Swin-T [34] 2242 | 290 | 4.5 664 81.3

VAN-BO [17] 2242 | 4.1 0.9 1662 754 CrossFormer-T 2242 | 278 | 2.9 929 81.5
ViL-Tiny [77] 2242 | 6.7 14 857 76.3 ResT-B [[78] 2242 | 303 | 4.3 588 81.6

CeiT-T [72] 2242 | 6.4 1.2 — 76.4 EfficientNet-B3 [31] [300% | 12.0 1.8 634 81.6

FAT-B0 2242 | 45 0.7 1932 77.6 FAT-B2 2242 | 135 | 20 1064 819
T2T-ViT-12 2242 | 6.9 1.9 1307 76.5 DAT-T 2242 | 29 46 577 82.0
Rest-lite [78] 2242 | 10.5 1.4 1123 77.2 FocalNet-T [67] 2242 | 29 4.4 610 82.1
XCiT-T12 [[14] 2242 | 6.7 1.2 1676 77.1 Focal-T [68] 2242 | 29 49 301 822
EdgeViT-XS 2242 | 6.7 1.1 1528 77.5 CrossFormer-S [59] | 2242 | 31 4.9 601 82.5
CoaT-Lite-T 2242 | 5.7 1.6 1045 775 RegionViT-S [2] 2242 | 31 53 460 82.6
SiT-Ti w/o FRD 224 | 159 | 1.0 1057 |37 o DaViT-T 224°| 28 | 45 616 82.8

= | RegNetY-1.6GF [44] | 2242 | 11.2 1.6 1241 780 @ WaveViT-S 2242 [ 20 43 482 827
l MPVIiT-T 2242 | 5.8 1.6 737 78.2 hi QuadTree-B-b2 [32] | 2242 | 24 45 299 82.7
| MobileViT-S 2562 5.6 2.0 898 784 = CSWin-T [12] 2242 | 23 43 591 827
ParC-Net-S [76] [2562| 5.0 1.7 1321 78.6 MPViT-S 2242 | 23 47 410 83.0
PVTv2-B1 2242 | 13.1 2| 1007 78.7 HorNet-T 994% | 23 4.0 586 83.0
PerViT-T [39] 2242 | 7.6 1.6 1402 78.8 FAT-B3-ST 2242 | 29 47 641 83.0
CoaT-Lite-Mi 2242 | 11.0 2.0 963 79.1 ConvNeXt-S 2242 | 50 8.7 405 83.1
EfficientNet-B1 [51] [240%| 7.8 0.7 1395 79.2 LITv2-M [41] 2242 | 49 7.5 436 83.3
FAN-T-ViT 2242 | 73 1.3 1181 79.2 EfficientFormer-L7 2242 | 82 10.2 368 833
EdgeNext-S [37] [224%2| 5.6 1.3 1243 79.4 iFormer-S 2242 | 20 4.8 471 83.4
FAT-B1 22421 7.8 12 1452 80.1 FAT-B3 2242 | 29 44 474 83.6

Comparison with the state—of—the—art on ImageNet—1K classification



Experiments

Model Params(M) FLOPs(G) | | CPU(ms) | GPU(ms) | Trp(imgs/s) T | Topl-acc(%)
EdgeViT-XXS [40] 4.1 0.6 43.0 14.2 1926 74.4
MobileViT-XS [38] 2.3 L 100.2 15.6 1367 74.8
tiny-MOAT-0 [65] 34 0.8 61.1 14.7 1908 75.5

FAT-BO 4.5 0.7 44.3 14.4 1932 77.6
EdgeViT-XS [40] 6.7 Ll 62.7 15.7 1528 77.5

ParC-Net-S [76] 5.0 1.7 112.1 15.8 1321 78.6
EdgeNext-S [37] 5.6 1.3 86.4 14.2 1243 79.4

FAT-B1 7B 1.2 62.6 14.5 1452 80.1
ParC-ResNet50 [76] 23.9 4.0 160.0 16.6 1039 79.6
tiny-MOAT-2 [65] 9.8 7.3 122.1 15.4 1047 81.0

EfficientNet-B3 [51] 12.0 1.8 124.2 25.4 624 81.6

FAT-B2 13.5 2.0 93.4 14.6 1064 81.9

Comparison with the state—of—the—art lighweight model on efficiency and performance



Experiments

Model Params(M) FLOPs(G) | Topl-acc(%) | AP® AP™
Swin-S [34] 50 8.7 83.0 448  40.9
Focal-S [68]] 51 9.1 83.5 474 428
CMT-B [16] 46 9.3 84.5 - E

FAT-B4 ¥ 93 84.8 497 448

CSwin-B [12] 78 15.0 84.2 - —
MOAT-2 [65] 73 7.2 84.7 = —
CMT-L [16] (5 19.5 84.8 — -

FAT-B5 88 15.1 85.2 - —

Comparison with general backbones.



Experiments

Bickaiis RetinaNet 1 x Mask R-CNN 1x

Params(M) | AP AP5y AP+ | APg AP, AP; | Params(M) [ AP? AP AP%L | AP™ AP APR
DFVT-T [[I5] - - - - - - - 25 348 569 37.0 32.6 53.7 34.5
PVTv2-B0O 13 372 572 395 | 23.1 404 49.7 24 382 605 407 36.2 57.8 38.6
QuadTree-B-b0 [52] 13 384 587 41.1 | 225 41.7 51.6 24 388 60.7 421 36.5 58.0 30.1
EdgeViT-XXS [40] 13 38.7 59.0 410 | 224 420 51.6 24 399 62.0 43.1 369 59.0 394
FAT-B0 14 404 616 427 240 443 531 24 408 633 442 377 60.2  40.0
DEvVT-S - - - - - - - 32 392 622 424 36.3 58.9 38.6
EdgeViT-XS 16 40.6 613 433 | 252 439 546 27 414  63.7 45.0 38.3 60.9 41.3
ViL-Tiny [[77] 17 40.8 613 436 | 267 449 536 27 414 63.5 450 38.1 60.3 40.8
MPVIT-T 177, 41.8 6277 446 | 272 451 542 28 422 642 458 39.0 61.4 418
FAT-B1 17 425 640 451 269 460 56.7 28 433 656 474 39.6 61.9 428
PVTv1-Tiny 23 36.7 569 389 | 22.6 388 50.0 33 36.7 59.2 393 35.1 56.7 37.3
ResT-Small [78] 23 403 613 427 | 257 437 51.2 33 396 629 423 37.2 59.8 39.7
PVTv2-B1 24 41.2 619 439 | 254 445 543 34 418 643 459 38.8 61.2 41.6
DFvT-B [15] - - - - - - - 58 434 65.2 482 39.0 61.8 42.0
QuadTree-B-bl 24 426 636 453 | 268 46.1 57.2 34 435 656 47.6 | 40.1 62.6 433
EdgeViT-S[40] 23 434 649 465 | 269 475 58.1 33 448 674 489 | 41.0 64.2 438
MPViT-XS [28] 20 438 650 47.1 | 28,1 47.6 565 30 442 66.77 484 | 404 634 434
FAT-B2 23 440 652 472 @275 477 588 33 452 679 490 | 413 64.6 440
Swin-T 38 41.5 62.1 442 | 251 449 555 48 422 646 46.2 39.1 61.6 42.0
DAT-T 38 428 644 452 | 28,0 458 578 48 444 67.6  48.5 404 64.2 431

DaViT-Tiny [10] 39 44.0 - - - - - 48 45.0 - - 41.1 - -
CMT-S [16] 44 443 655 475 | 271 483 59.1 45 446 66.8 489 | 40.7 639 434
MPViT-S [28] 32 457 573 488 | 287 49.7 59.2 43 464 68.6 512 | 424 65.6 45.7
QuadTree-B-b2 [52] 35 46.2 672 495 | 290 50.1 618 45 46.7 68.5 512 | 424 65.7 45.7
CSWin-T [12] - - - - - - - 42 467 68.6 51.3 422 65.6 454
Shunted-S 32 454 659 492 | 287 493 60.0 42 47.1 68.8 52.1 42.5 65.8 45.7
FAT-B3 39 459 669 495 293 50.1 60.9 49 476 697 523 431 66.4 46.2

Comparison to other backbones using RetinaNet and Mask—RCNN on COCO val2017 object detection
and instance segmentation.



Ablation Study

ImageNet-1K COCO ADE20K _

Model Params(M) | FLOPs(G) | Top-1(%) | AP® | AP™ | mloU Mctkod Params FLOPs | Topl-acc
add+linear 45 0.72 762 | 39.0 | 358 | 39.6 (M) (G) (%)
cat+linear 48 0.77 76.6 | 39.6 | 36.3 40.2
mul+linear 45 0.72 771 403 | 37.1 40.9 Max-SA [55] 4 0.8 33,7
interaction 45 0.72 77.6 | 40.8 | 37.7 41.5 WSA/S-WSA [34]| 4.3 0.8 76.1
pool down 44 0.71 712 40.2 | 36.9 40.6 SRA E57] 4.4 0.7 76.2

conv w/o overlap 44 0.71 77.2 40.3 | 36.9 40.8 A 1=
conv w/ overlap 4.5 0.71 71.3 40.5 | 37.3 40.9 LSA/GS A[S] 4.3 0.7 76.6
refined down 45 0.72 77.6 40.8 | 37.7 41.5 CSWSA [12] 4.3 0.8 76.8
w/o conv. pos 44 0.70 774 | 405 | 37.3 41.2 FASA 4.5 0.7 77.6
conv. pos 45 0. 72 gE: 40.8 | 37.7 41.5
Main components analysis Different self—attention mechanisms comparison
Model | Blocks Channels | Params(M) FLOPs(G) | Top-1 acc(%)

Swin-T [34] | [2,2,6,2] [96, 192, 384, 768] 29 4.5 81.3

DAT-T [61] | [2,2,6,2] [96, 192, 384, 768] 29 4.6 82.0

FocalNet-T [67] | [2,2,6,2] [96, 192, 384, 768] 28 4.4 82.1

Focal-T [68] | [2,2.6,2] [96, 192, 384, 768] 29 4.9 82.2

FAT-B3-ST | [2,2,6,2] [96, 192, 384, 768] 29 4.7 83.0

Comparison with four baseline models when use the same layout with Swin—T.



Summary

* an efficient vision Transformer backbone
* Fully Adaptive Self—Attention

* superior performance on many downstream vision tasks
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