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Introduction

0 Existing vision SSMs primarily leverage manually designed scans to
flatten image patches into sequences locally or globally.

O This approach disrupts the original semantic spatial adjacency of the
image and lacks flexibility.

(a) Sweeping Scan (b) Continuous Scan (¢) Local Scan
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[0 To address this limitation, we propose Dynamic Adaptive Scan (DAS),

a data-driven method that adaptively allocates scanning orders and
regions.

[0 This enables more flexible modeling capabilities while maintaining
linear computational complexity and global modeling capacity.
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(a) Sweeping Scan (b) Continuous Scan (¢) Local Scan (d) Dynamic Adaptlve Scan
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[0 DAS starts by defining a set of learnable positions, with initial values
corresponding to the original locations of each patch.

O Then, through a learnable offset prediction network (OPN), a set of
offset values is generated for each patch.

[0 The predicted patches are arranged from top to bottom and left to
right based on their original positions, dynamically forming a new
sequence

o g \
T Bilincar ;™ \ o
\ ' Interpolation :

’ : skl
Scaned Feature : l :
O Reference Point l |

{ Predicted Point SSM DWConv

@ Offset Adding

-+ Scan Path

4

(a) Dynamic Adaptive Scan (b) Offset Prediction Network
(OPN)
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[0 Based on the proposed DAS, we develop a powerful vision Mamba
model, termed DAMamba.DAMamba can serve as a versatile vision
backbone for various vision tasks.
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Models Channels Blocks
DAMamba-F [48, 96, 192, 256] [2, 2, 10, 2]
DAMamba-T [80, 160, 320, 512] (3,4, 12, 5]
DAMamba-S [96, 192, 384, 512] [4, 8, 20, 6]
DAMamba-B [112, 224, 448, 640] [4, 8, 25, 8]
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Table 2: Results of DAMamba and the current state-of-the-art backbones on ImageNet-1K. All the
models are trained and tested at 224 x 224 resolution,
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Object Detection and Instance Segmentation on COCO2017

Table 3: Comparison of object detection and instance segmentation performance on COCO with
Mask R-CNN detector. FLOPs are calculated with input resolution of 1280 x 800.

Mask R-CNN 1 schedule

Backbone AP' APY, AP | AP" AP, AP | #Param. FLOPs
Swin-T 1427 652 468 | 393 622 422 | 48M 267G
DAT-T 444 676 485 | 424 661 455 | 48M 272G
CSWin-T \46.7 686 S1.3 | 422 656 454 | 42M 279G
ConvNeXt-T | 442 666 483 | 401 633 428 | 48M 262G
PVTV2-B2 \45.3 66.1 496 | 412 642 444 | 45M 309G
QFormery-T | 459 685 S03 (415 652 446 | 49Mm =
PartialFormer-B3 | 450 - - | 409 - - | saM 248G
BiFormer-S | 478 698 523 | 432 668 463 - .
MambaOut-T | 45.1 673 496 [41.0 641 441 | 43M 262G
VMamba-T | 473 693 520 | 427 664 459 | SOM 271G
LocalVMamba-T | 46,7 687 508 | 422 657 455 | 45M 291G
DAMamba-T 485 70.3 533 434 672 467 45M 284G
Swin-S (448 686 494 [ 409 653 442 | 69M 354G
Agent-Swin-S§ | 47.2 696 523 [ 427 666 458 : 364G
DAT-S 47.1 699 515|425 667 454 | 69M 378G
CSWin-S 479 701 526 | 432 671 462 | 54M 342G
ConvNeXt-S 1454 679 500 [ 418 652 451 | 70M 348G
PVTv2-B3 ‘47.0 68.1 S1.7 | 425 652 457 | 63M 397G
BiFormer-B | 486 705 338 [437 676 471 . -
MambaOut-S \47.4 69.1 524 | 427 661 462 | 65M 354G
VMamba-S | 48.7 700 534 | 437 673 470 | 70M 349G
LocalVMamba-S | 484 699 527 | 432 667 465 | 69M 414G
DAMamba-S 498 712 547 445 684 482 65M 395G
Swin-B | 469 692 516|423 660 455 | 88M 496G
CSwin-B 487 704 539 | 439 678 473 | 88M 496G
ConyNeX-B 1470 694 S17 | 427 663 460 | 107TM 486G
PVTv2-BS 474 686 519 [ 425 657 460 | 102M 557G
ViT-Adapter-B \47.0 682 514 | 418 651 449 | 102M 557G
MambaOut-B | 474 693 522 [ 430 664 463 | 100M 495G
VMamba-B 1492 714 540 | 441 683 477 | 108M 485G
DAMamba-B 506 719 555 449 689 487 105M 520G
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Table 6: Comparison of object detection and instance segmentation performance on COCO with
Mask R-CNN detector. FLOPs are calculated with input resolution of 1280 x 800,

Mask R-CNN 3 MS schedule

Backbane AP" AP, APL, | AP* APS, APZ | #Param. FLOPs
Swin-T 460 681 503 416 651 449 | 48M 267G
PVTv2-B2 478 697 526 |431 668 467 45M 309G
ConvNeXt-T 462 679 S08 | 417 650 349 45M 262G
NAT-T 477 69.0 526 | 426 661 459 48M 258G
QFormer,-T | 475 69.6 521 | 427 664 46.1 49M -
VMamba-T 488 704 535|437 674 470 SOM 271G
LocalVMamba-T | 487 70.1 530 | 434 670 464 45M 291G
DAMamba-T 504 714 555 448 686 486 45M 284G
Swin-S 482 698 S28 | 432 670 461 69M 354G
PVTv2-B3 d84 698 533 | 432 669 467 65M 307G
ConvNeXt-S (479 700 527 | 429 669 462 | 7™M 348G
NAT-S 484 698 532 | 432 669 465 T0M 330G
QFormery,-S 495 712 542 |42 683 476 T0M -G
VMamba-S 499 709 547 | 442 682 477 TOM 349G
LocalVMambe-S | 499 705 544 | 441 678 474 69M 414G
DAMamba-S 512 721 561 451 692 491 65M 195G
ConvNeXt-B 485 70,1 533 | 435 671 467 108M 486G
Swin-B 486 700 534|433 671 467 107TM 496G
PVTv2-BS 484 692 529 | 429 666 462 102M 557G
DAMumba-B 514 723 564 453 695 489 105SM 520G
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Table 4: Comparison of semantic segmentation on ADE20K with UPerNet segmentor. FLOPs are
calculated with input resolution of 512 x 2048. *SS” and ‘MS’ represent single-scale and multi-scale
testing, respectively.

Method | mloU (SS) mloU (MS) | #Param, FLOPs
UniRepLKNet-T 48.6 49.1 61IM 946G
ConvNeXt-T 46.0 46.7 60M 939G
Swin-T 444 458 60M 945G
Agent-Swin-T 46.7 - 6IM 954G
NAT-T 47.1 484 S8M 934G
QFormer;,-T 469 48.1 6IM -
PartialFormer-B3 47.0 = 65M 923G Table 5: Ablation studies on DAMamba-F for module designs.
BiFormer-S 498 50.8 = -
MambaOut-T 474 48.6 54M 938G B
VMamba-T 480 488 2M 049G Module desngn|#Param. (M) FLOPs (G) Top-1 acc (%).
LocalVMamba-T 479 49.1 5™ 970G Baseline 531M 1.20G 77.7
DAMamba-T 50.3 512 5SM 937G +als) AlScan AN 1930 Sos
UniRepLKNe(-S 50.5 51.0 86M 1036G + COl‘leOS 5.43M 1.24G 78.6
Swin-S 476 49.5 8IM 1039G
Agent-Swin-S 48.1 : SIM  1043G FCanEEN 252N s ol
ConvNeXt-S 48.7 49.6 2M 1027G
NAT-S 48.0 49.5 82M 010G
QFormery,-S 48.9 50.3 2M -
PartialFormer-B3 48.3 - 95M 1005G
BiFormer-B 51.0 51.7 - -
MambaOut-S 495 50.6 T6M 1032G
VMamba-S 50.6 51.2 82M 1028G
LocalVMamba-§ 50.0 51.0 81M 1095G
DAMamba-S 512 52.0 5M 1050G
Swin-B 48.1 497 12IM 1188G
Agent-Swin-B 48.7 - 12IM  1196G
ConvNeXt-B 49.1 499 122M  1170G
NAT-B 485 497 123M 1137G
QFormer;-B 495 50.6 123M -
MambaOut-B 496 51.0 112M 1178G
VMamba-B 51.0 516 122M 170G

DAMamba-B 51.9 523 117M 178G
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(a) Input image. (b) Scan Path.
Figure 5: Visualization of the Dynamic Adaptive Scan, where the blue pentagram represents the start
of the scan and the blue circle represents the end of the scan.
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