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Quick preview

ODomain generalization setting: generalize a segmentation model from a source domain to a
different target domain without fine-tuning

OWe study the domain generalized segmentation from the perspective of segmentation formulation
O Intuitively, classification on large units (masks) should be more robust than classification on small units (pixels)

O The process of grouping pixels into whole-level masks directly form pixels is challenging under distribution shifts

Classification on Classification on
pixels masks
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Task: Domain Generalization in Segmentation

ODomain generalization setting: train a segmentation model on a source
domain, and directly test it on a different target domain without fine-tuning

Cityscapes -> ACDC generalization (normal to real adverse conditions)



Existing Methods and Our Motivation

Domain randomization
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Our motivation

OVision Transformer has been shown to be more robust than traditional CNNs, and
attention in transformers can be explained as a kind of visual grouping

OCan we explicitly introduce the grouping process into segmentation decoder to
Improve the robustness?



Whole-level masks (Mask2former) Semantic results (Mask2former)

With Gaussian Noise

O If we already have grouped the pixels into masks correctly, we can make reliable classification, since

the masks allow to aggregate features over large image regions
O The process to group pixels directly into (class agnostic) whole-level masks is not robust under

distribution shifts

l\ institut



Our solutlon hlerarchlcal grouping

O We first group pixels into part-level masks

O Then we group part-level masks into whole-level masks

O Then we make classifications on both part-level and whole-level masks
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The Problem of Existing Grouping Based Semantic Segmentatlon

Our solutlon hlerarchlcal grouping

O We first group pixels into part-level masks

O Then we group part-level masks into whole-level masks

O Then we make classifications on both part-level and whole-level masks
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The Problem of Existing Grouping Based Semantic Segmentatlon

Semantic results (Ours)

Our solutlon hlerarchlcal grouping

O We first group pixels into part-level masks
O Then we group part-level masks into whole-level masks

O Then we make classifications on both part-level and whole-level masks
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HGFormer Hierarchical Grouping Transformer
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HGFormer: Hierarchical Grouping Transform
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HGFormer Hierarchical Grouping Transformer
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Algorithm 1 Part-level grouping

Require: Pixel feature map K € RUIXW)xd classifica-

tion feature map V e RUIxW)xd

I: Initialize the cluster center features Q! € RM»*d by
down sampling K

2: fort=1,---,Ldo

3. Compute assignment matrix A® by Q* and K

4:  Update the cluster center features Q*'!t = At x K

5. Update the part-level tokens Z* = A x V

6: end for

Part-level grouping

O A kind of (local) k-means
O Cluster centers are initialized by regular grid ca, ; = softmax(D)(i,j) = ———2—, (3)
O Each pixel is only assigned one of its 9 nearby ccuo ' 3)
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Results

Cityscapes-to-ACDC generalization Cityscapes-to-other generalization
Method backbone | Fog Night Rain Snow | All Method backbone B M G S Average
RefineNet [31] R101 464 29 526 433 | 437 IBN [29] R50 486 57.0 45.1 26.1 44.2
DeepLabv2 [10] R101 335  30.1 44.5 40.2 38 SW [10] R50 485 558 449 26.1 43.8
DeepLabv3+ [ | R101 457 25 50 42 41.6 DRPC [ 'l R50 499 56.3 45.6 26.6 44.6
DANet [ Y] DA101 34.7 19.1 41.5 333 33.1 GTR [13] R50 50.8 572 458 265 45.0
HRNet [54] HR-w48 | 384 20.6 448 35.1 353 ISW [16] R50 507 58.6 45 26.2 451
Mask2former | 4] R50 54.1 36.5 53.1 50.6 | 49.8 : | | ) .
HGFormer (ours) R50 565 358 577 562 | 53.0 SAN_SAW 7] R50 530 59.8 473 283 471
Mask2former [ 1] | SwinT | 564 39.1 589 582 | 546 Mask2former [ 1 1] R50 46.8 61.6 48.0 31.2 46.9
‘Séot‘ormer [60] B2 59'2 38.9 62.5 58.2 56.2 HGFormer (ours) R50 515 61.6 504 30.1 48.4
HGFormer (ours) | Swin-T | 58.5 433 620 583 | 56.7 Mask2former [14] | Swin-T | 51.3 653 506 34 50.3
Segformer [00] B5 632 478 664 637 1620 HGFormer (ours) Swin-T 543 66.2 520 325 51.2
Mask2former [ 1 4] Swin-L. | 69.1 53.1 683 652 | 65.0 Mask2former [ | 1] Swin-L 60.1 722 578 424 58.1
HGFormer (ours) | Swin-L | 69.9 527 720 68.6 | 67.2 HGFormer (ours) | Swin-L | 61.5 72.1 594 413 | 58.6

Cityscapes-to-cityscapes-c generalization

Method Average _ _ Blur Noise _ Digital Weather

= | Motion Defoc Glass Gauss | Gauss Impul Shot Speck | Bright Contr Satur JPEG | Snow Spatt  Fog  Frost

Segformer-B2 [20] 404 56.1 56.0 415 49.8 2.7 3.0 34 215 78.3 657 742 249 18.0 531 7L1 267
Mask2former-Swin-T [2] 41.6 51.5 494 382 46.2 9.6 9.8 135 444 742 60.0 700 233 | 237 594 654 273
HGFormer-Swin-T (ours) 43.9 52.9 539 390 495 12.1 123 182 463 75.0 600 712 272 | 294 60.6 650 29.1
Seglormer-B5 [20] 49.1 59.9 58.2 5.6 540 14.3 169 164  49.1 80.0 68.6 773 404 | 303 588 742 357
Mask2former-Swin-L [2] 58.7 63.5 66.6  62.1 62.3 26.2 359 332 629 80.0 726 773 525 | 505 753 751 430
HGFormer-Swin-L (ours) 594 64.1 67.2 61.5 63.6 272 357 329 631 79.9 729 780 53.6 | 554 758 755 432

We compare with (1) previous domain generalization for semantic segmentation methods, and
(2) two representative transformer-based methods: Segformer and Mask2former, which are based on pixel
classification and whole-level mask classification
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Ablatlon Studles

Number of iterations in part-level classification

Iter | C A G B S M | Avg
1 | 76.8 56.1 513 52.1 321 658|557
2 | 776 56.1 514 520 323 659|559
3 | 779 562 518 52,6 328 66.2 | 56.2
4 1779 565 520 526 326 663 | 56.3
5 | 77.8 564 517 52.6 325 663 | 562
6 | 774 554 505 522 323 656 | 556

Comparison of part-level classification and whole-level classification, and their combination

Pixel-level Whole-level mask Part-level mask | ACDC (all) GTAV BDD Synthia Mapillary Average
v 54.1 49.5 525 32.8 65.4 50.9
v 54.5 495 515 33.8 66.3 51.1
v 56.2 51.3 53.1 33.3 66.5 52.1
v v 56.6 513 534 33.6 66.9 524
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Visualization results on Cityscapes-C

Mask2former HGFormer Ground truth

[

1 Ground truth

Defecus blur sask2former
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Visualization results on ACDC

Mask2former HGFormer Ground truth
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Visualization Analyses
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Level3

Gaussian noise at different levels

The whole-level masks are not robust as part-level masks.



Randomly initialized ImageNet pre-trained Segmentation annotation trained

O Even use the randomly initialized weights, we can still generate some reasonable
part-level masks (super pixels).
O The results also indicate our model has the potential for unsupervised segmentation
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Conclusion

OMask classification is robust, but the process to group pixels
iInto whole-level masks is not robust

OHierarchical grouping can be used to improve the robustness of
segmentation models

OThe grouping based segmentation also has the potential for
unsupervised segmentation

Code will be available at
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