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Introduction /

Semantic Segmentation

» Applications:
B Auto driving
B Scene understanding
B Medical diagnosis
» Categories
B Supervised manner
« Advantages: excellent performance and model is easy to train
« Disadvantages:

Image Semantic map

No annotations Tedious  Time consuming

B Domain adaptation based semantic segmentations
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» Domain adaptation based semantic segmentations
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» Pipeline of the cross-domain adaptation for semantic segmentation:
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Style Gap Bridging Mechanism:
> Previous work: MSE of the channel-wise statistics of extracted features

» Our work:

B Feature-level. adversarial training of the channel-wise mean of extracted features
B Output-level: adversarial training of the output probability maps

» Motivation:
B MSE requires the features meet with Gaussian distribution assumption

B Adversarial training is proved to narrow the distribution distance of data
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» Previous pseudo labeling:
B set a fixed threshold for all categories (like BDL)
B |everage category-wise ratio priors (like ADVENT, CBST)

» category-adaptive threshold mechanism for pseudo labeling:

B Given P, € R7*WexC the category centroid is defined as follows:
H, W,

f|zzzl[r—1rgmwf-’, ]Fh“

o 1|;r h=1 w=1
W an indicator varlable Is defined as follows:

_hwe
I, Il[H (Ph)< H( fe)— A, c=arg max P/we’]

r
e

® H( ) denotes the entropy function
® A is a manually fixed hyper-parameter to control the threshold for each category.
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Two training phases: Domain adaptation training and SSL

» Domain adaptation training phase

B Segmentation Loss: .
o it . hwe ~htre
Loseq I H Z Z Z Yo = logi,

h=1 w=1 =1

B Output-based Domain Adaptation Loss:

Lodvseg = = ng:f ”BL,I Er,~7log (D, (Dec(E. (I})))] + Er,~slog [l = De (Dec (E ()))]

B Style Loss:
M M
Lstyle = — Z min max {]E;,m1~1(1g [D}” (5}_.,,,_)] +Ef ~s Z log [1 — D¢ (Sﬁm)]}

Ehle DIIJ

m=1 "¢ f m=1

» Final loss on the domain adaptation training phase:
L= f\.w:rfgﬁ.-n?_q Ll ”\tld'l.-‘_.*-it'?gﬁﬂd?’,.‘s‘t'{_{} T Asiyh?ﬁm‘.yhi
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Two training phases: Domain adaptation training and SSL

» SSL phase
B Self-supervised Loss:
H; W;

Fost = Hﬂh 2.2 L my gy log P

h—1 w=1 =1
» Final Loss during the SSL phase:
L= "::'Lﬁ{':'_ﬁr 'E'ﬁ{':'_-:r LB *}'lﬂd:!;_sﬁ_qﬁﬂdi.l_sﬁg + f}‘.ﬂyh? Esﬁyiﬁ LB Efﬁﬁi
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» Source Domain Dataset: GTAS

B 24966 synthetic images collected from the game engine

B 19-category pixel-accurate annotations (compatible with Cityscapes)
» Target Domain Dataset: Cityscapes

B collected from streetscapes in 50 different Germany cities

W 2975 training iImages

B 500 validation images (as the testing set)

W 1525 testing images (abandoned for the lack of annotations)
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» Encoder architecture: DeeplLab V2
» Segmentation and style discriminators’ architecture: PatchGAN
» Hyper-parameters: Aseq = 1, Agqp seg = Astyre = 1 X 1073

Module Optimizer Original learning rate Leanring rate update
Encoder 2.5 x 1074 poly decay policy:
SGD with maxstep=250,000
Decoder momentum=0.9 25 x%x 103 Power=0.9
: _ exponential decay policy:
Discriminator ,(Aadgrg \(’)V;t)h B = 1x10~* decay rate:0.1
T decay steps: 50,000
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Table 1: Comparison among different methods for “GTAS to Cityscapes”

GTAS5 — Cityscapes
=

)
— =0 = =<

= o = e D

v At = = - —

: 3 - = -
T & 2 =z £ =2 B B 8 E . 2 5 . Tt . £ £ %
= = = - < — @ ) L = = = = = 4 =
Method o = = = 2 = 1 A = kE o e = 5 = 2 = g = mloU

CBST[4] 89.6 58.9 785 33.0 223 41.4 48.2 392 836 243 654 493 20.2 833 39.0 48.6 12.5 203 353 470
Cycada [19] 86.7 35.6 80.1 19.8 175 38.0 399 415 827 279 736 649 19 650 120 286 45 31.1 420 427
ADVENT [6] 87.6 21.4 82.0 348 262 285 35.6 23.0 845 351 76.2 58.6 30.7 84.8 342 434 04 284 352 448
DCAN [20] 85.0 30.8 81.3 258 21.2 222 254 26.6 834 36.7 76.2 589 249 80.7 29.5 429 25 269 11.6 41.7
CLAN [21] 87.0 27.1 79.6 27.3 233 283 355 242 836 274 742 586 28.0 76.2 331 367 67 319 314 432
BDL [5] 91.0 447 842 346 27.6 30.2 36.0 36.0 85.0 43.6 83.0 58.6 31.6 833 353 497 33 1288 356 485
Ours 91.7 51.1 85.0 38.7 26.7 32.1 38.1 346 843 386 849 0607 32.8 852 41.9 498 28 285 45.0 50.2

» Compared with BDL, our method has a gain of 1.7 on overall mloU.
» Compared with CBST, our model brings +3.2% mloU improvement.
» Compared with ADVENT, our model brings +5.4% mloU improvement.
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Table 2: Ablation study on SSL and style constraints.

GTAS — Cityscapes

model mlolJ
original 44.6
original + adv 45.5

original + adv + SSL once 48.5
original + adv + SSL twice 50.2
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Table 3: Comparison on style gap bridging mechanisms

style gap bl:ldgmg style modeling | mloU
mechanism
Gram matrix 44.7
MSE mean & std 45.1
adversarial learning mean (Ours) 45.5
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(a) Image (b) GT (c) BDL (d) Ours




Conclusions

» Takeaways:

m  propose a style gap bridging mechanism based on adversarial learning

m  propose a category-adaptive threshold mechanism to choose pseudo labels for SSL

» Future work:
m an elaborate network architecture is worth exploring

s an efficiency pseudo labeling mechanism is appealing

m the statistic modeling of “style information” needs further research
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