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Background

VoxelMamba, arXiv 2024

1) Hilbert scan on voxels
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Background

PlainMamba, arXiv 2024

PlainMamba (classification, segmentation, 20D, instance
segmentation)
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1) continuous 2D scan 2) direction-aware update
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Motivation
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Figure 1: Illustration of scan strategies for transforming 2D visual data into 1D sequences. (a) naive
raster scan [80, 41, 66] ignores the 2D locality; (b) fixed window scan [26] lacks the flexibility to
handle visual signals of varying granularities; (c) our learnable window partition and scan strategy
adaptively preserves the 2D locality with a focus on the more informative window quadrant; (d) the
effective receptive field of our QuadMamba demonstrates more locality than the plain Vision Mamba.
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Method

—— Prediction
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Figure 3: Quadtree-based selective scan with prediction modules. Image tokens are partitioned into

bi-level window quadrants from coarse to fine. A fully differentiable partition mask is then applied to
generate the 1D sequence with negligible computational overhead.
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Method

Partition map prediction. The image feature € RY*W*C containing a total of N = HW
embedding tokens, is first projected into score embeddings xy:

T = ¢ps(x), x € RV*C, (4)
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Mask Quad-based sequence conduct adaptive learned window quadrant partition, it is non-
\ OOO0O0O0000  trivial to construct the 1D token sequence from the 2D spatial
0000000 ®— | Reverse&  Windowed features. Directly sampling from the 2D feature
Coarse-level i reshape according to the learned index for each sequence token is non-
sedrenee differentiable, which impedes end-to-end training. To overcome
this, we apply a sequence masking strategy to formulate the token
Oooooooo sequence, implemented by the Gumbel-Softmax technique
' Fine-level
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Omnidirectional window shifting scheme
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Lite — block:{2, 2,2, 2}, QuadVSS stages:{1, 2}, #Params: 5.4M, FLOPs: 0.82G.
Tiny — block:{2, 6, 2,2}, QuadVSS stages:{1, 2}, #Params: 10.3M, FLOPs: 2.0G.
Small — block:{2, 2, 5,2}, QuadVSS stages:{1, 2}, #Params: 31.2M, FLOPs: 5.5G.
Base — block:{2, 2, 15,2}, QuadVSS stages:{1, 2}, #Params: 50.6M, FLOPs: 9.3G.
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Experiment

Table 1: Image classification results on ImageNet-1k. Throughput
(images / s) is measured on a single V100 GPU. All models are
trained and evaluated on 224 x 224 resolution.

| Model | #Params (M) | FLOPs (G) | Top-1 (%) | Top-5 (%)
ResNet-18 [20] 11.7 1.8 69.7 89.1
ResNet-50 [20] 25.6 4.1 79.0 94.4
ResNet-101 [20] 44.7 7.9 80.3 95.2
ConvNet RegNetY-4G [51] 20.6 4.0 79.4 94.7
RegNetY-8G [51] 39.2 8.0 79.9 94.9
RegNetY-16G [51] 83.6 15.9 80.4 95.1
DeiT-S [59] 22.1 4.6 79.8 94.9
DeiT-B [59] 86.6 17.6 81.8 95.6
PVT-T [62] 13.2 1.9 75.1 92.4
e L. PVTS [62] 24.5 3.7 79.8 94.9
Image classification results . PVT-M [62] 442 6.4 81.2 95.6
: PVT-L [62 61.4 9.5 81.7 95.9
on ImageNet-1k Swin—T[[42]] 28.29 45 81.3 955
Swin-S [42] 49.61 8.7 83.3 96.2
Swin-B [42] 87.77 15.4 83.5 96.5
Vim-Ti [42] 7 76.1 93.0 _
Vim-S [42] 26 80.5 95.1 _
VMamaba-T [42] 22 4.5 82.2 -
VMamaba-S [42] 44 9.1 83.5 -
VMamaba-B [42] 75 15.2 83.7 -
Local Vim-T [26] 8 1.5 76.2 -
LocalVim-S [26] 28 4.8 81.2 _
Mamba | LocalVMamba-T [26] 26 5.7 82.7 _
Local VMamba-S [26] 50 11.4 83.7 -
PlainMamba-L1 [67] 7 3.0 77.9 -
PlainMamba-L2 [67] 25 8.1 81.6 -
PlainMamba-L3 [67] 50 14.4 82.3 -
QuadMamba-Lite 54 0.8 74.2 92.1
QuadMamba-Tiny 10 2.0 78.2 94.3
Ours QuadMamba-Small 31 5.5 82.4 95.6
QuadMamba-Base 61 12.2 83.8 96.7
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Table 2: Object detection and instance segmentation results on the
COCO val2017 split using the Mask RCNN [19] framework.

Backbones | #Params (M) FLOPs (G) | APPo*  APEgx  APbex | Apmask  Apmask A pmask
R18 [20] 31 207 340 540 367 31.2 51.0 32.7
PVT-T [61] 32 208 367 592 393 35.1 56.7 37.3
ViL-T [71] 26 145 414 635 450 38.1 60.3 40.8
_ . . EfficientVMamba-S [49] 31 197 393 618 426 36.7 58.9 39.2
Object detection and instance QuadMamba-Li 25 186 393 617 424 | 369 58.8 39.4
segmentation results on the QuadMamba-T 30 213 423 646 462 38.8 61.6 41.4
R50 [20] 44 260 386 595 421 35.2 56.3 37.5
COCO val2017. PVT-S [61] 44 - 404 629 438 37.8 60.1 40.3
Swin-T [39] 48 267 427 652 468 39.3 62.2 42.2
ConvNeXt-T [43] 48 262 442 666 483 40.1 63.3 42.8
EfficientVMamba-B [49] 53 252 437 662 479 40.2 63.3 42.9
PlainMamba-L2 [66] 53 542 460 669  50.1 40.6 63.8 43.6
ViL-S [71] 45 218 449  67.1 49.3 41.0 64.2 44.1
VMamba-T [41] 42 262 465 685 507 42.1 65.5 45.3
LocalVMamba-T [26] 45 291 46.7 687  50.8 42.2 65.7 45.5
QuadMamba-S 55 301 467 690 513 42.4 65.9 45.6




Experiment

Table 3: Semantic segmentation results on ADE20K using UperNet
[62]. mloUs are measured with single-scale (SS) and multi-scale
(MS) testings on the val set. FLOPs are measured with an input
size of 512 x 2048.

Backbone | Image size #Params (M) FLOPs (G) | mloU (SS) mloU (MS)
EfficientVMamba-T [49] 5122 14 230 38.9 393
DeiT-Ti [58] 5122 11 - 39.2 -
Vim-Ti [80] 5122 13 - 40.2 -
EfficientVMamba-S [49] 5122 29 505 41.5 421
) . LocalVim-T [26] 5122 36 181 434 44 4
Semantic segmentation PlainMamba-L1 [66] 5122 35 174 44.1 -
uadMamba-T 12 40 886 44.3 45.1
results on ADE20K. Q o2
ResNet-50 [20] 512 67 053 421 42.8
DeiT-S + MLN [58] 5122 58 1217 438 45.1
Swin-T [42] 5122 60 945 444 45.8
Vim-S [80] 5122 46 - 449 -
LocalVim-S [26] 5122 58 297 46.4 47.5
EfficientVMamba-B [49] 5122 65 930 46.5 47.3
PlainMamba-L2 [66] 5122 55 285 46.8 -
VMamba-T [41] 5122 55 964 47.3 48.3
LocalVMamba-T [26] 5122 57 970 47.9 49.1
QuadMamba-S 5122 62 961 47.2 48.1
ResNet-101 [20] 5122 85 1030 429 44.0
DeiT-B + MLN [58] 5122 144 2007 45.5 47.2
Swin-S [42] 5122 81 1039 47.6 49.5
PlainMamba-13 [66] 5122 81 419 491 -
VMamba-S [41] 5122 76 1081 495 50.5
LocalVMamba-S [26] 5122 81 1095 50.0 51.0
QuadMamba-B 5122 82 1042 49.7 50.8
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- N — : Depths |#Params. FLOPs|Top-1 (%)
None | 722  33.1 305 W) ( p W) - 2-2-8-2] 31 9.2 82.0
. 28x28| 729 338 317 = = .
Lite 14 v14] 735 358 32,1 (H W) (ﬁ i) 738 2-8-2-2| 38 8.1 81.5
2x2 | 724 334 306 (ﬂr L%f) (141 %,) ?3.6 2.00.8] 74 78 1.8
Table 4: Impact of different l[o- 4’ 4 8’ 8 : 24621 36 85 37 1
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Figure 6: Visuliazation of partition maps which focus on different
regions from shallow to deep blocks.

Table 6: Impact of different depths
with a channel dimension 96.

73
Stage !I Sin zez "ﬁ.n.-g 3 \1.!.'; -l LP1 LP2 LP3

Flgure 3: Impact of different
QuadVSS layer patterns and shift
directions.
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Conclusion

In this paper, we propose QuadMamba, a vision Mamba architecture that serves as a
versatile and efficient backbone for visual tasks, such as image classification and dense
predictions. QuadMamba effectively captures local dependencies of different granularities
by learnable quadtree-based scanning, which adaptively preserves the inherent locality

within image data with negligible computational overheads.

https./7github.com/VISION-S]TU/QuadMamba
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