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Outline

* Task (Domain Adaptation for Segmentation)

* (IJCAI 2020) Unsupervised Scene Adaptation with Memory Regularization in vivo

e (IJCV 2021) Rectifying Pseudo Label Learning via Uncertainty Estimation for
Domain Adaptive Semantic Segmentation

e Future Research Directions
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Domain Adaptation
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Domain Adaptation

 How to formulate this problem?

* Semi-supervised Learning

* |nductive Learning



Outline

» Task (Domain Adaptation for Segmentation)
» (IJCAI 2020) Unsupervised Scene Adaptation with Memory Regularization in vivo

e (IJCV 2021) Rectifying Pseudo Label Learning via Uncertainty Estimation for
Domain Adaptive Semantic Segmentation

o (TIP 2022) Adaptive Boosting for Domain Adaptation: Towards Robust Predictions
In Scene Segmentation

e Future Research Directions
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Motivation: Inconsistency?
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Exisiting Semi-Supervised Methods (Memory)
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What is advantages of Memory?

 One teacher model for unlabelled data;
 Save computation cost & Always up-to-the-date;

» Will the auxiliary classifier hurt the primary classifier? No.



The Proposed Method
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The Proposed Method (Stage-ll)
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The Proposed Method (Stage-ll)
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Ablation Study

Method without L, with L.,
Auxiliary Classifier 40.04 44.45
Primary Classifier 43.11 45.29
Ours (Stage-I) 42.773 45.46

Table 1: Ablation study of the memory regularization on both clas-
sifiers, i.e., the auxiliary classifier and the primary classifier, in the
Stage-I training. The result suggests that the memory regularization
helps both classifiers, especially the auxiliary classifier. The final
results of the full model combine the results of both classifiers, and
therefore improve the performance further.

Method Lseg | Lagv | Lmr | mloU
Without Adaptation v 37.23
Adversarial Alignment v v 42.73
Memory Regularization v v 43.75
Ours (Stage-I) v v v 45.46

Table 2: Ablation study of different losses 1n the Stage-I training.
We gradually add the adversarnial loss L, 4, and the memory regular-
1zation L,,,- into consideration.

Stage-||

Method Lpseg Ly mloU
Ours (Stage-I) 45.46
Pseudo Label v 47.90
Ours (Stage-II) v v 48.31

Table 3: Ablation study of different losses in the Stage-II training.
The result suggests that the memory regularization could prevent the
model from overfitting to the noise in the pseudo labels.



Comparison with the State-of-the-a

Method Backbone | Road SW Build Wall Fence Pole TL TS Veg. Terrain Sky PR Rider Car Truck Bus Train Motor Bike | mloU

Source DRN-26 4277 263 517 55 6.8 13.8 236 69 755 11.5 368 493 09 46.7 34 5.0 0.0 5.0 14 | 21.7

CyCADA [Hoffman er al., 2018] 79.1 331 779 234 173 321 333 318 815 267 690 628 147 745 209 256 69 18.8 204 | 395
Source DRN-105 364 142 674 164 120 20.1 87 0.7 698 133 569 370 04 536 106 32 0.2 0.9 00 | 222

MCD [Saito er al., 2018] 903 310 785 197 173 286 309 16.1 837 300 69.1 585 196 815 238 300 5.7 2577 143 | 39.7
Source 758 168 77.2 125 21.0 255 30.1 20.1 813 246 703 538 264 499 172 259 6.5 253 36.0 | 36.6
AdaptSegNet [Tsai er al., 2018 86.5 360 799 234 233 239 352 148 834 333 756 585 276 737 325 354 39 30.1 28.1 | 424
SIBAN [Luo er al., 2019 DeepLabv2 885 354 795 263 243 285 325 183 812 400 765 581 258 826 303 344 34 21.6 215 | 426
CLAN [Luo et al cepLaby 870 271 79.6 273 233 283 355 242 836 274 742 586 28.0 76.2 331 367 6.7 3.9 314 | 432
APODA [Yang er al., 2020 85.6 328 790 295 255 268 346 199 837 406 779 592 283 846 346 492 8.0 32.6 396 | 459
PatchAlign [Tsai er al., 2019 923 519 821 292 251 245 338 330 824 328 822 586 272 843 334 463 22 295 323 | 465
AdvEnt [Vu er al., 2019 DeepLabv2 | 894 331 810 266 268 272 335 247 839 367 788 587 305 848 385 445 1.7 316 324 | 455
Source DeepLabv? - - - - - - - - - - - - - - - - - - - 29.2

FCAN [Zhang et al., 2018a] P - - - - - - - - - - - - - - - - - - - 46.6
Source 713 192 69.1 184 100 357 273 68 796 248 721 576 195 555 155 151 11.7 21.1 120 | 33.8

CBST [Zou er al., 2018] DeepLabv2 | 91.8 535 80.5 327 210 340 289 204 839 342 809 531 240 827 303 359 160 259 428 | 459
MRKLD [Zou er al., 2019] 91.0 554 800 337 214 373 329 245 850 34.1 80.8 57.7 246 841 27.8 30.1 269 260 423 | 47.1
Source 51.1 183 758 188 168 347 363 272 800 233 649 592 193 746 267 138 0.1 324 340 | 37.2

Our (Stage-I) DeepLabv2 | 89.1 239 822 195 20.1 335 422 391 853 337 764 602 337 860 361 433 59 22.8 308 | 455

Our (Stage-1I) 905 350 846 343 240 368 441 427 845 33.6 825 631 344 858 329 382 20 27.1 418 | 483

Table 4: Quantitative results on GTAS — Cityscapes. We present pre-class IoU and mloU. The best accuracy in every column is in bold.

Method Backbone | Road SW Build Wall* Fence* Pole* TL TS Veg. Sky PR Rider Car Bus Motor Bike | mloU* | mloU

Source DRN-105 149 114 58.7 1.9 0.0 24.1 1.2 6.0 688 760 543 7.1 342 150 0.8 0.0 26.8 23.4

MCD [Saito ef al., 2018] 84.8 43.6 79.0 3.9 0.2 291 72 55 838 831 51.0 11.7 799 272 6.2 0.0 43.5 37.3
Source 55,6 238 746 — - — 6.1 12.1 748 79.0 553 19.1 396 233 137 250 | 386 —
SIBAN [Luo er al., 2019a] 825 240 794 — — — 16.5 127 79.2 828 583 180 793 253 17.6 259 | 463 —

PatchAlign [Tsai ef al., 2019] DeepLaby? 824 38.0 78.6 8.7 0.6 260 39 11.1 755 846 535 216 714 326 193 31.7 | 465 40.0
AdaptSegNet [Tsai e al., 2018 CcopLabve | ga3 427 715 - - — 47 70 779 825 543 210 723 322 189 323 | 467 -
CLAN [Luo er al 81.3 37.0 80.1 — - — 16.1 13.7 782 81.5 534 212 73.0 329 226 30.7 | 478 —
APODA [Yang ef al., 2020 864 413 793 - — — 226 17.3 803 81.6 569 21.0 841 491 246 457 53.1 —

AdvEnt [Vu er al., 2019 DeepLabv2 | 85.6 422 79.7 8.7 0.4 259 54 81 804 841 579 238 733 364 142 33.0 | 48.0 41.2

Source 643 213 73.1 24 1.1 314 70 277 63.1 676 422 199 73.1 153 105 389 | 403 34.9

CBST [Zou et al., 2018] DeepLabv2 | 68.0 299 763 10.8 1.4 339 228 295 776 783 60.6 283 816 235 188 398 | 489 42.6

MRKLD [Zou et al., 2019] 67.7 322 739 10.7 1.6 374 222 31.2 808 805 608 29.1 828 250 194 453 50.1 43.8

Source 440 193 709 8.7 0.8 282 16.1 16.7 79.8 814 578 192 469 172 120 438 | 404 35.2

Ours (Stage-I) DeepLabv2 | 82.0 36.5 804 4.2 0.4 337 18.0 134 81.1 808 61.3 21.7 844 324 148 457 50.2 43.2

Ours (Stage-II) 83.1 382 81.7 9.3 1.0 351 303 199 82.0 80.1 628 21.1 844 378 245 533 | 538 46.5

Table 5: Quantitative results on SYNTHIA — Cityscapes. We present pre-class IoU, mloU and mIoU*
16 and 13 categories, respectively. The best accuracy in every column is in bold.

. mloU and mloU* are averaged over

From 37.2% to 48.3%
On GTA5 -> CityScapes

From 35.2% to 46.5%
On SYNTHIA -> CityScapes



What is advantages of Memory?

 One teacher model for unlabelled data;
 Save computation cost & Always up-to-the-date;

» Will the auxiliary classifier hurt the primary classifier? No.

 But pseudo labels are noisy.



Outline

» Task (Domain Adaptation for Segmentation)
* (IJCAI 2020) Unsupervised Scene Adaptation with Memory Regularization in vivo

* (IJCV 2021) Rectifying Pseudo Label Learning via Uncertainty Estimation for
Domain Adaptive Semantic Segmentation

o (TIP 2022) Adaptive Boosting for Domain Adaptation: Towards Robust Predictions
In Scene Segmentation

e Future Research Directions
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Motivation: Pseudo Labels contain lots of noise.

B road W sidewalk B building M wall - fence o pole traffic Igt trafficsgn M vegetation terrain

B person B rider B car B truck B bus B train B motorcycle M bike B unlabeled

(b) generated pseudo labels (c) ground-truth labels

(a)unlabeled target-domain inputs



Motivation:

Pseudo Labels contain lots of noise.

Table5 Variance Regularization vs. Handcrafted Threshold

Methods

MRNet Zheng andYang (2020)
Pseudo Learning
Pseudo Learning
Pseudo Learning
Pseudo Learning
Pseudo Learning
Pseudo Learning

Ours

Threshold

> (0.99
> (.95
> (0.90
> (.80
> 0.70
> (.00

mloU

45.5
45.5
47.2
48.4
438.1
43.2
48.3
50.3

The proposed method 1s free from hand-crafted threshold. ‘> &’ denotes
that we only utilize the label confidence > k to train the model. We
report the mIoU accuracy on GTAS — Cityscapes

Threshold??
Automatic Threshold.




Background: Uncertainty

1. Epistemic Uncertainty - Model Uncertainty

2. Aleatoric Uncertainty - Data Uncertainty



Background: Uncertainty Reference

1. Robust Person Re-identification by Modelling Feature Uncertainty. ICCV 2019
2. B AREF>Y) DIHr &S

3. Training deep neural networks on noisy labels with bootstrapping. ICML
workshop

4. What uncertainties do we need in bayesian deep learning for computer
vision? NeurlPS, 2017.

5. (Reviewer *}78) Dropout as a bayesian approximation: Representing model
uncertainty in deep learning. In ICML.



Background: Uncertainty

| Estimate Data Uncertainty in Regression MEGVII B3

® Assume your target vanable follows a Gaussian distribution

® Take the negative log likelthood to obtain the objective function

N
1 1 L
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Estimating an exfra outpul Ongmal predictive output

® Another explanation: assume ground truth y follows Dirac delta function, then take KL divergence
il Bt R RERER: MAEMEF I EANRIRAIFRIN
https://www.bilibili.com/video/BV1RJ411D7QA Ll &




Background: High Certainty
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Size

Background: Low Certainty

Interposition

Position, Probabillity, Size
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(a) Segmentation Results
(Primary Classifier)

Uncertainty Formulation

Primary Classifier

(c) Variance Visualization

Calculate
Variance

(b) Segmentation Results
(Auxiliary Classifier)

Target Domain Inputs

Auxiliary Classifier

Large Variance
= More Noise



Uncertainty as Automatic Threshold to
Rectify

Original loss

Loyer = IEBz'as(pt)
Var(p.) A

/ Avoid large value.
Small weight for high uncertain label.




Experiment

Pseudo Label Quality

Table 6 Ablation study of the impact of different pseudo labels

Methods Pseudo Label mloU
AdaptSegNet Tsai et al. (2018) — 42.4
Pseudo Learning AdaptSegNet 46.8
Ours AdaptSegNet 47.4
MRNet Zheng andYang (2020) = 45.5
Pseudo Learning MRNet 48.3
Ours MRNet 50.3

The model name in the ‘Pseudo Label‘ column denotes that we deploy

the pseudo label generated by the corresponding model

Table 7 Ablation study of
dropout rate on GTAS —
Cityscapes

Dropout
Dropout Rate mloU
Pseudo Learning 48.3
Droprate =0 49.6
Droprate = 0.1 50.3
Droprate = 0.3 50.1
Droprate = 0.5 50.1
Droprate = 0.7 50.0




Experiment

Variance Vs Confidence Score

Ground Truth Our Prediction Prediction Variance Prediction Confidence
Fig. 5 Qualitative results of the discrepancy between the prediction predictions, while the prediction confidence usually focuses on the edge
variance and the prediction confidence. We could observe that the pre- of the two different classes. (Best viewed 1n color)

diction variance used in this work has more overlaps with the ambiguous
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Segmentation Loss Regularizations

> o s, - v 0 =@ - P . T ) - e d

Adaptive Sampler -Il—b e —> Train Weak Models

Data )

Update Data Distribution

Student Aggregatlon

*s' ‘“UW a nﬂ‘ ﬂg.n-x'x‘u“ B

Flgure 3. The brief plpellne of the proposed method There are
two main components, i.e., Adaptive Sampler and Student Aggre-
gation. We modity the training data distribution to learn comple-
mentary “weak” models, preventing the model from over-fitting.
Different from existing methods, the pipeline enables interac-
tions between learned models and the data sampler. The pro-
posed method 1s orthogonal to most existing scene segmentation
domain adaptation approaches (in the rounded rectangle).

https://arxiv.org/pdf/2103.15685.pdf



Outline

 Task (Domain Adaptation for Segmentation)

e (IJCAI 2020) Unsupervised Scene Adaptation with Memory Regularization in vivo

e (IJCV 2021) Rectifying Pseudo Label Learning via Uncertainty Estimation for
Domain Adaptive Semantic Segmentation

o (TIP 2022) Adaptive Boosting for Domain Adaptation: Towards Robust Predictions
In Scene Segmentation

e Future Research Directions



Future Research Directions

e Old-School Theory can Do Many Things.
(Contrastive Learning? Ladder Network?
Adaboost for Domain Adaptation.)

* Prior Knowledge always helps. (3D human
structure etc.)

[1] Adaptive Boosting for Domain Adaptation: Towards Robust Predictions in Scene Segmentation
[2] Parameter-Efficient Person Re-identification in the 3D Space
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