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» Unsupervised Domain Adaptation (UDA) in Semantic Segmentation
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» Unsupervised Domain Adaptation (UDA) in Semantic Segmentation
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Two major lines of approaches:
» Adversarial learning
= Ignore the domain-specific knowledge

= Could not guarantee the sufficient discriminative
capability for the specific task.

» Self-training

= The generated pseudo labels contain noises.

,Cseg(Xs, Ys) = EZ;Q(XTa Y’T)
== y.log f (s, w) = > Telog f (w4, w).

sES teT

LsT =

Input-level Feature-level Output-level
adaptation adaptation adaptation
l ~— ADAPTATION MODULES — l
l l ENCODER DECODER
Inputs Adapted : Features Adapted Outputs Adapted

Inputs ¢ : Features * : Outputs
. o

Adversarial learning for UDA in semantic segmentation [1]

,
..... §. S Pseudo-label Network
I generation retralmng

Balanced softmax Pseudo-label y* Network output
p(k|xs; w) after self-training

Ak
Self-training for UDA in semantic segmentation [2]

[1] Toldo, Marco, et al. "Unsupervised domain adaptation in semantic segmentation: a review." Technologies 8.2 (2020): 35.

[2] Zou, Yang, et al. "Confidence regularized self-training." ICCV. 2019.
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» Noise Transition Matrix (NTM)
It aims to model the inter-class misclassification relationship of target data.

» Domain-aware Meta-learning for Loss Correction (DMLC)

Since ground truth in the target domain is not available, NTM can’t be directly calculated, We try to

estimate the NTM 1n a learning-to-learn fashion.

(c) Confusion matrix

(d) Ground truth label

0 road

2 building
3 wall

9 terrain

11 person
12 rider
13 car

14 truck
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17 motor
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(e) Class distribution (log” )

Figure 1. Sample of the noisy pseudo labels on Cityscapes [!0].
The generated pseudo labels suffer from the data distribution bi-

ases in comparison to the ground truth.



Department of

. S 00
Electrical Engineering @ &
Method i Baich USA

» MetaCorrection framework
= A learnable NTM formally models the noise distribution of pseudo labels in target domain.
= DMLC strategy estimates NTM for loss correction in a data driven manner.
= Provide matched and compatible supervision signals for different layers.

Source flow

Target flow
Meta flow
@ Matrix multiply

= ic-o i

Source predictionf (xg, w) Source ground truth yg “--—=-=--=

__________________________________________ :
‘ Noise transition matrix T®,

Segmentation Net (w)

Source image xs
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Target image x;
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» Self-training with Loss Correction using NTM
» A learnable NTM formally models the noise distribution of pseudo labels in target domain.
= DMLC strategy estimates NTM for loss correction in a data driven manner.
= Provide matched and compatible supervision signals for different layers.

Target prediction f*(x;, w) Target pseudo label y;

N
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» Self-training with Loss Correction using NTM
= NTMT € [0,1]¢%¢: bridge pseudo labels Y; to the ground truth labels Y;.
= Tj = p(y: = kly: = j): the probability of ground truth label j flipping to noisy label k.

c
pGr =k | @, w) = Tirplye =j | 1, w),
j=1

= (Y | xe,w) = p(ye | x¢, w)T"

= Correct supervision signal for target domain data via NTM

‘CST = Lfeg(X87 YS) i EZ;Q(XT, }/}7-) ~
— —Zys logf(acs W)[— Z?/Jt logf(xt W)] i cZ—C(XTayT) — —th lOg[f (It,W) T]
| ’ . teT
sES teT
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Target prediction f*(x;, w) Target pseudo label y;
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» Domain-aware Meta Loss Correction (DMLC)
= A learnable NTM formally models the noise distribution of pseudo labels in target domain.
= DMLC strategy estimates NTM for loss correction in a data driven manner.
= Provide matched and compatible supervision signals for different layers.

R S s T O G P St o P L P O PP L Pl = T R a——— 1
: Noise transition matrix T,

Target prediction f*"(x;, w) Target pseudo label y;
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» Domain-aware Meta Loss Correction (DMLC)
= Aim to heuristically explore the inter-class noise transition probabilities.
= DMLC estimates T by minimizing the empirical risk on the domain-invariant meta data with clean labels
= DMLC optimizes the segmentation net with loss corrected by T* on the unlabeled target data.

T7= argmin = ), ymlogf@m W), Lomro = Log(Xs,Ys) + Lhyro(XT. ¥7)
: meM
where w(T)* = arg min — th log[f (z¢, w) T, = - Z ys log f (zs, W) — Z ye log|f (z¢, w) T™].
v teT S€ES teT

T g pp——— 1
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» Domain-aware Meta Loss Correction (DMLC)

)
= Virtual Optimization | 5
. . . . g
wz-{-l(T'L) — Wz -+ ’yvvw Z gt 10g[f (CCt, Wz) Tz] : g
teT : g‘
i
I
|
= Meta Optimization o
s . T
P e N Z Yoo 108 flai: W TH{TY)) E g
meM : S
5
E:
= Actual Optimization E—é -------------------------------------------------
i S
wtl = w' + 4,V | 5
Ya wzyslogf(xsvw) :§
seS | &
~ i+1 2
+ YaVw Z Yt log[f (:Et, W) T ] | £ Xy Segmentation Net (w')
teT e T =
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» MetaCorrection framework
= A learnable NTM formally models the noise distribution of pseudo labels in target domain.
= DMLC strategy estimates NTM for loss correction in a data driven manner.
» Provide matched and compatible supervision signals for different layers.

Lyo=L3,(Xs,Ys)+ > ol pipe (X7, V)
l

Source flow
Target flow
Meta flow
Matrix multiply
DMLC

Segmentation Net (w)

Source image xs

__________________________________________ 1
: Noise transition matrix T,
! I

‘vw
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» Dataset of GTA5—CityScapes
=  GTAS: 24,966 images captured from a virtual video game.

= CityScapes: a real-world dataset collected in driving scenarios.

Training set: 2,975 unlabeled images  Test set: 500 images

ML%.I!”

GTAS CityScapes

13
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» Results on GTAS—CityScapes

Table 1. Results of adapting GTAS to CityScapes. The mechanism ‘AL’ and ‘ST’ stand for adversarial learning and self-training.
GTAS — CityScapes

= on 5D &
5 o E g 3 (5 E é 5 & b <5 = 8 ©
Q — — < < . 2 . -
Methods g § 473 _é § é T%. § E én E "? g FQ': § é _é § g E mloU
AdaptSegNet [10] Al [ 865 360 799 234 233 239 352 148 834 333 e 83 2i6 13T 325 354 39 301 281 42.4
PatchAlign [41] AL | 923 519 82.1 292 251 245 338 33.0 824 328 822 586 272 843 334 463 22 295 323 | 46.5
LTIR [20] AL [ 929 55.0 853 342 31.1 349 407 340 852 40.1 871 61.0 31.1 825 323 429 03 364 46.1 50.2
CBST [51] ST | 918 535 805 327 210 340 289 204 839 342 809 531 240 827 303 359 160 259 428 | 459
CRST [50] ST | 91.0 554 80.0 33.7 214 373 329 245 850 341 808 577 246 841 278 301 269 260 423 | 47.1
MaxSquare [4] ST | 89.4 43.0 82.1 305 213 303 347 240 853 394 782 63.0 229 846 364 430 55 347 335 | 464
MLSL [17] ST | 89.0 452 782 229 273 374 46.1 438 829 186 612 604 267 854 359 449 364 372 493 | 49.0
PyCDA [23] ST | 905 363 844 324 287 346 364 315 868 379 785 623 215 856 279 348 180 229 493 | 474
IntraDA [30] ST | 90.6 37.1 826 30.1 19.1 295 324 20.6 857 405 79.7 58.7 31.1 863 315 483 00 30.2 358 | 463
CAG-UDA [46] ST | 904 516 838 342 278 384 253 484 854 382 781 58.6 346 847 219 427 411 293 372 | 50.2
Source only - 758 168 772 125 21.0 255 30.1 201 813 246 703 538 264 499 172 259 6.5 253 360 | 36.6
Ours (single DMLC) ST | 925 55.1 859 369 324 347 414 370 853 378 874 627 318 845 368 482 22 343 473 | 512
Ours (MetaCorrection) ST | 92.8 58.1 86.2 39.7 331 363 420 386 855 378 87.6 628 317 848 357 503 20 36.8 48.0 | 521

14
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» Results on GTAS—CityScapes

(b) (e

Figure 4. Qualitative results of UDA semantic segmentation in GTAS5—CityScapes scenario. (a) Target image, (b) Ground truth, Predictions
from (c) source only model, (d) self-training based MRENT model, (e) ours (MetaCorrection). 15
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» Dataset of SYNTHIA — CityScapes
= SYNTHIA: 9,400 synthetic images.

= CityScapes: a real-world dataset collected in driving scenarios.

Training set: 2,975 unlabeled images  Test set: 500 images

SYNTHIA CityScapes

16
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» Results on SYNTHIA — CityScapes

Table 2. Results of adapting SYNTHIA to CityScapes. mloU* denotes the mean IoU of 13 classes, excluding the classes with x.

SYNTHIA — CityScapes
=3
5 s * = )
= 2 =] * ] * s 3 o - v
3, = 5 I~ = o 2 = & ol > & 9 =y iz e 2
Methods g < = 2 = 3 g = 3 2 - 2 2 5 3 £ o mloU mloU#*

AdaptSegNet [40] AL | 843 427 'S - - - 4.7 70 1719 825 543 21.0 23 322 189 323 e 46.7
PatchAlign [41] AL | 824 380 786 87 06 260 39 11.1 755 846 535 216 714 326 193 31.7| 400 46.5

LTIR [20] AL | 92.6 532 792 - - 1.6 75 786 844 526 200 821 348 146 394 - 493
CBST [51] ST | 680 299 763 108 14 339 228 295 776 783 606 283 81.6 235 188 398 | 426 48.9
CRST [50] ST | 677 322 739 107 16 374 222 312 808 805 608 29.1 828 250 194 453 | 438 50.1
MaxSquare [4] ST | 829 40.7 803 102 0.8 258 128 18.2 825 822 53.1 18.0 79.0 314 104 356 | 414 48.2
MLSL [17] ST [ 592 302 685 229 10 362 327 283 862 754 68.6 277 827 263 243 527 | 452 51.0
PyCDA [23] ST | 755 309 833 208 Q7 327 213 335 847 850 641 254 B50 452 212 320 | 4617 53.3
IntraDA [30] ST | 843 37.7 795 53 04 249 92 84 800 841 572 23.0 780 381 203 365 | 41.7 48.9

CAG-UDA [46] ST | 847 408 81.7 7.8 0.0 351 133 227 845 716 642 278 809 19.7 227 483 | 445 315
Source only = 356 238 Me 92 B2 244 61 121 748 790 553 191 396 233 137 250 | 335 38.6
Ours (single DMLC) ST | 923 53.0 8.2 7.7 28 269 114 81 831 852 589 205 855 359 210 418 | 446 52.1
Ours (MetaCorrection) ST | 92.6 527 813 89 24 281 130 73 835 850 601 19.7 848 37.2 215 439 | 45.1 325

17
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» Results on SYNTHIA — CityScapes

Figure 5. Qualitative results of UDA semantic segmentation in SYNTHIA—CityScapes scenario. (a) Target image, (b) Ground truth,

Predictions from (c) source only model, (d) self-training based MRENT model, (e) ours (MetaCorrection). 18
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» Dataset of Decathlon — NCI-ISBI13
= Decathlon: 32 prostate MRIs obtained from 3T (Siemens TIM).

=  NCI-ISBI13: 40 prostate MRIs obtained from 1.5 T (Philips Achieva).
Training set: 30 unlabeled 3D MRIs Test set: 10 3D MRIs

19
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> Results on Decathlon — NCI-ISBI13

Table 3. Results of adapting Decathlon to NCI-ISBI13.

Method mech. | PZ (Dice) TZ (Dice) WP (Dice)
CBST [51] ST 38.22 70.14 64.31
MRENT [50] ST 40.82 72.39 67.68
MaxSquare [+] ST 37.45 69.61 63.34
Source only - 28.48 3257 47.56
Ours (single DMLC) ST 42.03 74.09 69.38
Ours (MetaCorrection) ST 43.25 74.31 70.87

Figure 3. Qualitative results of UDA semantic segmentation in
Decathlon—NCI-ISBI13 scenario. (a) Target image, (b) Ground

truth, Predictions from (c) source only model, (d) self-training
based MRENT model, (e) ours (MetaCorrection).

20
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» Ablation Study

= Comparison with Self-training based UDA Models.
= Robustness to Various Types of Noise.

Table 4. Impact of different pseudo labels. ‘Pseudo Label” denotes
we employ pseudo labels generated by the corresponding model.

Method Pseudo Label (.;TAS ~ "
CityScapes
AdaptSegNet [+0] — 424 -
Self-training (MRENT [50]) | AdaptSegNet 45.1 29
Self-training (Threshold [51]) | AdaptSegNet 444 20
Self-training (Ucertainty [+5]) | AdaptSegNet 46.1 L
Ours (single DMLC) AdaptSegNet 459 33
Ours (MetaCorrection) AdaptSegNet 47.3 4.9
LTIR [20] — 50.2 -
Self-training (MRENT [50]) LTIR 50.6 04
Ours (single DMLC) LTIR 91.2 1.0
Ours (MetaCorrection) LTIR 52.1 1.9
Source only —— 36.6 -
Self-training (MRENT [50]) Source 39.6 3.0
Ours (single DMLC) Source 438 7.2
Ours (MetaCorrection) Source 44.5 v P

21
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> Visualization Results
=  NTM Visualization: different level learns different noise transition matrix.
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> Visualization Results

= Feature Visualization: our feature distribution is more similar to the oracle method.
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» We advance a MetaCorrection framework, where a Domain-aware Meta-learning strategy is
devised to benefit Loss Correction (DMLC) for UDA semantic segmentation.

= NTM: models the noise distribution of pseudo labels in target domain.

= DMLC strategy: estimates NTM for loss correction in a data driven manner.

= To accommodate the capacity gap between shallow and deep features, DMLC strategy is
further incorporated to provide compatible supervision signals for low-level features.

24
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