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Introduction



The Benefit of Big Data and Computation Power
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Figure credit: Kaiming He et al., Deep Residual Learning for Image Recognition, CVPR16



Beyond Supervised Learning

Reinforcement Learning
(Cherry)

Supervised Learning
(Icing)

Unsupervised Learning
(Cake)

'7)

“If intelligence was a cake, unsupervised learning would be the cake,
supervised learning would be the icing on the cake, and reinforcement

“The revolution will not be supervised

— Alyosha Efros learning would be the cherry on the cake.” — Yann LeCun



Weakly-Supervised Learning

Image credit: https://firstbook.org/blog/2016/03/11/
teaching-much-more-than-basic-concepts/

From Research Perspective
= Similar to how human learns to understand the world

= Good support for “continuous learning”

From Application Perspective

= Good middle ground between unsupervised learning
and supervised learning

= Potential to accommodate labels in diverse forms

= Scalable to much larger amount of data



Weakly-Supervised Learning
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Weakly-Supervised Learning
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Learning with Inaccurate
Supervision



Category-Aware Semantic Edge Detection

Original Image

Semantic Edges

Category-Aware Semantic Edges



Category-Aware Semantic Edge Detection
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Human Annotations Can Be Noisy!
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Image credit: Microsoft COCO: Common Objects in Context (http://cocodataset.org)



Motivations of This Work

bike bird boat bottle bus C.ar cat
dog horse mbike person plant sheep sofa

(a) Original image  (b) Ground truth (c) CASENet (d) SEAL

road sidewalk  building = wall Bfeénee™ pole BREETiitoNls
terrain person rider ar truck bus

traffic sgn vegetation
train motorcycle  bike

(e) Original image  (f) Ground truth (g) CASENet (h) SEAL

Automatic edge alignment Producing high quality sharp/crisp edges during testing



The Proposed Learning Framework

Traditional edge learning: Issue with isotropic Gaussian kernels:

i LIW) =P(y|x; W)

Simultaneous edge alignment & learning:

max £(y. W) = P(y,yx; W) = P(y[y) P(y]x: W)

Y.

Edge prior Network likelihood

Edge prior model Biased Gaussian kernel and neighbor smoothness:

- Ip — qlf? P(y|ly) < sup H exp(—mg Xqmyg)
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Y = {¥yq € {0, 1}}: Human annotation P(y*|x: W) = H P(1j,"|x: W)
o ~ : s(0q)° si 2 s sin(2
V= {yf; € {0,1}}: Aligned edge label P . . v _ COQfé‘)z - ’n;)(gé‘) mﬁg") - lziZ%?)
By =1 Bi=1 mlq-q = ]___[hk(l)h(i W)% (1 — hy(px; W) —%) D7 | sin@0q)  sin(20q) sin(6q)® | cos(fq)?
a P p 402 402 202 + 202

Zhiding Yu et al., Simultaneous Edge Alignment and Learning, ECCV18



Learning and Optimization

Optimization as the following assignment problem: Take iterated conditional mode like optimization:
min C(m) = Cunary(m) + Cpair(m) Initialize: m® = arg min Cymary(m)
meM
_ m7T (1 —
B Z [ qMg +log((1 —a(p))/o(p ))] Assign: mtt) = argmin Cypary(m) +Cpa_1‘r('lh‘.?n(t))
(P.9)€Em meM
+A Z Z mg — my|? Update: Cpgir(m. m"Y) = Cpgir(m. mt*Y)
(psq)EEm (U,V)EEm,

veN(q)

Relaxation by decouple mappings in pairwise cost:

Cpair(m,m') Z Z [mg — mV||2

(p.q)EEm (u,V)EE, /.
vGN(q)



Experiment: Qualitative Results (SBD)

Original



Experiment: Qualitative Results (Cityscapes)
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SBD Test Set Re-Annotation

You are: anonymous (

Polygons in this image (8)

Hide all polygons

Drag a tag on top of another one to
create a part-of relationship.
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= person_add
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= person_add
= person_add
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= person_add




Experiment: Quantitative Results

MF scores on the re-annotated SBD test set. Results are measured by %.

Metric |1\-Iethod aero ‘ bike | bird ‘boat|b0‘r‘rle‘ bus ‘ car ‘ cat ‘(‘lmir| COW tmin‘ tv [mean

tahle‘ dog ‘horse‘mbike‘person[plantlsheep‘ sofa

CASENet [83.6|75.3|82.3(63.1| 70.5 |83.5|76.5|82.6|56.8|76.3|47.5|80.8| 80.9| 75.6 | 80.7 |54.1 | 77.7 |52.3[77.9|68.0| 72.3
MF |CASENet-S |84.5|76.5|83.7/65.3| 71.3 (83.9|78.3|84.5|58.8|76.850.8|81.9[82.3| 77.2 | 82.7 [55.9| 78.1 |54.0(79.5/69.4|73.8
(Thin) |[CASENet-C|83.9|71.182.5(62.6| 71.0 |82.2|76.883.4(56.5|76.9/49.2 |81.0|81.1 | 75.4 | 81.4 [54.0|78.5|53.3|77.1|67.0| 72.2
SEAL 84.5|76.5(83.7|64.9 | 71.7 |83.8|78.1|85.0/58.8|76.6|50.9(82.4| 82.2 | 77.1 | 83.0 | 55.1 | 78.4 |54.4|79.3 |69.6| 73.8

CASENet [T7T1.8]60.2|72.6[49.5| 59.3 |73.3]/65.2|70.8|51.9(64.9|41.2|67.9|72.5| 64.1 | 71.2 [44.0 | 71.7 |45.7]65.4 | 55.8| 62.0
MF |CASENet-S |75.8 |65.0 | 78.4 [56.2| 64.7 |76.4|71.8|75.2|55.2|68.7|45.8|72.8| 77.0 | 68.1 | 76.5 |47.1 | 75.5 [49.0{70.2{60.6 | 66.5
(Raw) [CASENet-C|80.4|67.1|79.9|57.9| 65.9 |77.6|72.6(79.2|53.5|72.7|45.5|76.7| 79.4 | 71.2 | 78.3 |50.8| 77.6 |50.7|71.6 |61.6 | 68.5
SEAL 81.1/69.6(81.7|60.6| 68.0 |80.5|75.1|80.7|57.0(73.1/48.1(78.2/80.3| 72.1 | 79.8 | 50.0 | 78.2|51.8/74.6/65.0(70.3

MF scores on the Cityscapes validation set. Results are measured by %.

Metric ‘Metho(l |roa(l|.¢sidewalk‘building‘ wall ‘fencehmle|t—light‘t-sign| veg ‘terrain‘ sky ‘person‘rider‘ car |tru(-k‘ bus ‘trainhnotor‘ bike ‘mean

MEF (}'-ASENet 86.2 740 745 [47.6(46.5|72.8| 70.0 33.3 79.3 .-?7.0 86.5 804 66.8|88.3149.3 |64.6|47.8| 55.8 |71.9] 68.1
(Thin) CASENet-S|87.6| 77.1 75.9 |48.7(46.2(75.5| 71.4 | 75.3 |80.6| 59.7 |86.8| 81.4 |68.1/89.2|/50.7(68.0|42.5| 54.6 |72.7|69.1
SEAL 87.6[ 77.5 75.9 |47.6(46.3|75.5| 71.2 | 75.4 |80.9| 60.1 |87.4| 81.5 |68.9/88.9|50.2 |67.8|44.1| 52.7 |73.0|/69.1
ME CASENet [66.8| 64.6 66.8 [39.4140.6 |71.7| 64.2 | 65.1 |71.1| 50.2 |80.3| 73.1 [58.6|77.0(42.0|53.2]39.1| 46.1 |62.2| 59.6
(Raw) CASENet-S[79.2| 70.8 704 142514241739 66.7 | 68.2 [T4.6| 54.6 |82.5| 75.7 |61.5]82.7|46.0|59.7|39.1| 47.0 |64.8| 63.3
SEAL 84.4( 73.5 T2.7 143.4|43.2|76.1| 68.5 | 69.8 (77.2| 57.5 |85.3| 77.6 |63.6/84.9|48.6|61.9(41.2| 49.0 |66.7|65.5




Experiment: Automatic Label Refinement

Alignment on Cityscapes (red: before alignment, blue: after alighment)
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Learning with Incomplete
Supervision



Obtaining Per-Pixel Dense Labels is Hard

Real application often requires model robustness over scenes with large diversity
= Different cities, different weather, different views
= Large scale annotated image data is beneficial

Annotating large scale real world image dataset is expensive

= Cityscapes dataset: 90 minutes per image on average

building wall traffic gt  traffic sgn
terrain person rider car truck bus train motorcycle  bike




Use Synthetic Data to Obtain Infinite GTs?

Original image from GTA5 Ground truth from game Engine



Drop of Performance Due to Domain Gaps

Cityscapes images Model trained on Cityscapes Model trained on GTA5

road building wall traffic gt  traffic sgn
terrain person rider car truck bus train motorcycle  bike




Unsupervised Domain Adaptation

Source Domain

Result (Domain Adapted)




Domain Adaptation via Deep Self-Training

building wall

terrain person rider truck train motorcycle  bike
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After Adaptation

Predictions (Cityscapes)

Yang Zou*, Zhiding Yu* et al., Unsupervised Domain Adaptation for Semantic Segmentation via Class-
Balanced Self-Training, ECCV18



Preliminaries and Definitions

Fine-tuning for Supervised Domain Adaptation

m“lfnﬁg ZZy , log(pn(w, 1) ZZY log(pn(w, 1))

s=1n=1 t=1 n=1

where: I: input image (crop) P: pixel class probability vector y: pixel label vector

w: network parameters s: source image index t: target image index
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SeIf-Training for Unsupervised Domain Adaptation
min Ly (W, y) ZZyZn log(pn(w, L) ZZytTn log(pn(w, 1))

Wy s=1 n=1 t=1 n=

st yin € {eV]el) c RE}, Vt, n

where: §: pseudo label vector e'”: one-hot vector



Self-Training (ST) with Self-Paced Learning

T N
m1n£ST ZZ}’Z” 108; pn w, I ZZ Yt N 1Og pn w It)) +k‘yt,n‘1}

W,y s=1n=1 t=1 n=1

s.t. §en € {{eP]el) e RE} U O}, VE, n
k>0

The cost can be minimized via mixed integer programming, which leads to the following solution:
I

Road

1, if ¢ = argmax p, (c|w, I;),

C

argmax ’ l

max

~(c)x*
Yin = pn(C|W,It) > exp(—k)

Car

threshold

0, otherwise > exp 07

Truck




Class-Balanced Self-Training

S N
min Lop(w.y) =~ 3y, log(pu(w.L,)) - [0 10 (pn (clw, 1)) + ko)

St Vi = [Hio it ] € {{e@ e € RO} U0}, Ve n
k. > 0,Vc

Again using mixed integer programming, one obtains the following solution:

pa(clw, L)/ exp(—Fke)

( I
1, if ¢ = arg max w,
c exp(—Fk.)
i&t(("r)l* = 9 pn(clw, 1) > 1

L 0, otherwise

|
|
|
|
|
|
|
|
|
exp(—kc) 1
|
|
|
|
|
|
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The both kand k. in ST and CBST can be easily determined with a single SPL policy parameter p:

Road Truck
Image 1 u
=z- & PrObPXAV'ruml
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sort [ A \
Image 2 [
. p X i\rTotrxl
pn(clw, 1) H Nrotar: total number of pixels from all images
p € [0,1]: SPL policy (portion of pseudo labels)
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E k = —1log(ProbyxNyowa) E
Road Truck arg max p,(w, Iy) Road (masked) Car (masked) Truck (masked)
mask
Image 1 ﬁ m i ﬂ
mask
Image 2 oo
mask
Image T

N¢: total number of pixels predicted as class ¢ P X NRoad @Sort P X _‘\T(/,m,ﬂsort P X N ruck @SO"

p € [0,1]: SPL policy (portion of pseudo labels) l: !3 {:—,

J
— = | i |
' N N N
k. = —log(Prob, . i N Road Ncar INTruck
: b( o L) ; ProbI’XA\"Ruml PrObeN(‘m» P7‘0bp><~\"’rrm-k

p———




Incorporating Spatial Priors

road sidewalk building wall fence

traffic Ilght traffic sign vegetatlon terrain

person rider truck

train motorcycle bicycle




Experiment: GTA to Cityscapes

building wall traffic lgt  traffic sgn
terrain person rider motorcycle  bike

Original Image Ground Truth Source Model CBST-SP




Experiment: GTA to Cityscapes

Method Base Net Road SW Build Wall Fence Pole TL TS Veg. Terrain Sky PR Rider Car Truck Bus Train Motor Bike|mloU
Source only [18] | Dilation-Frontend | 31.9 18.9 47.7 7.4 3.1 16.0 104 1.0 765 130 589 36.0 10 67.1 95 37 00 00 0.0]21.2
FCN wild [18] [43] 704 324 62.1 149 54 109 142 2.7 792 21.3 646 441 42 704 80 73 00 35 0.0]271
Source only [45] | FCN8s-VGG16 |18.1 6.8 64.1 7.3 87 21.0 149 16.8 459 24 644 416 175 553 84 50 69 43 13.8 223
Curr. DA [45] [21] 749 220 71.7 6.0 11.9 84 16.3 11.1 757 13.3 66.5 38.0 9.3 552 188 189 0.0 16.8 16.6] 28.9
Source only [17]| FCN8s-VGG16 | 26.0 14.9 65.1 5.5 129 89 6.0 25 700 29 47.0 245 0.0 400 121 1.5 00 0.0 0.0 17.9
CyCADA [17] [21] 85.2 37.2 76.5 21.8 15.0 23.8 22,9 21.5 80.5 31.3 60.7 50.5 9.0 76.9 17.1 282 45 98 0.0] 354
Source only [17] |Dilated ResNet-26| 42.7 26.3 51.7 5.5 6.8 13.8 23.6 69 755 11.5 36.8 493 0.9 46.7 34 50 00 50 14 21.7
CyCADA [17] [44] 79.1 33.1 779 234 17.3 32.1 33.3 31.8 81.5 26.7 69.0 62.8 14.7 745 209 256 6.9 188 20.4| 39.5
Source only [30] ResNet-50 64.5 249 73.7 148 25 180 159 0 749 164 720 423 00 395 86 134 0.0 0.0 0.0]253

ADR [30] [16] 87.8 15.6 774 206 9.7 19.0 199 7.7 82.0 31.5 743 435 90 77.8 17.5 27.7 1.8 97 0.0] 333
Source only [24] DenseNet 67.3 23.1 69.4 139 144 21.6 192 124 787 245 748 493 3.7 54.1 87 53 26 62 1.9]29.0
121 Adapt [24] [19] 85.8 37.5 80.2 23.3 16.1 23.0 145 98 792 36.5 76.4 534 74 828 19.1 157 2.8 134 1.7 357
Source only [36] DeepLab-v2 75.8 16.8 77.2 125 21.0 255 30.1 20.1 81.3 24.6 70.3 53.8 26.4 499 17.2 259 6.5 253 36.0] 36.6

MAA [36] [19] 86.5 36.0 79.9 234 23.3 239 352 14.8 834 33.3 75.6 58.5 27.6 73.7 32,5 354 3.9 30.1 28.1] 424

Source only FCN8s-VGGI16 | 64.0 22,1 68.6 13.3 &7 199 155 59 749 134 37.0 37.7 103 482 6.1 1.2 1.8 108 29 | 243
ST [18] 83.8 174 721 143 29 165 16.0 6.8 81.4 242 472 407 76 71L.7 102 7.6 0.5 11.1 0.9 28.1
CBST 66.7 26.8 73.7 14.8 9.5 283 259 10.1 75.5 15.7 51.6 47.2 6.2 71.9 3.7 22 54 189 32.4] 309
CBST-SP 90.4 50.8 72.0 183 9.5 27.2 28.6 14.1 824 25.1 70.8 42.6 145 76.9 59 125 1.2 14.0 28.6/| 36.1
Source only ResNet-38 70.0 23.7 67.8 154 181 40.2 41.9 253 788 11.7 31.4 62.9 29.8 60.1 21.5 26.8 7.7 281 120|354
ST [41] 90.1 56.8 77.9 285 23.0 41.5 45.2 39.6 84.8 26.4 49.2 59.0 274 82.3 39.7 456 20.9 34.8 46.2 41.5

CBST 86.8 46.7 76.9 26.3 24.8 42.0 46.0 38.6 80.7 15.7 48.0 57.3 27.9 782 245 496 17.7 255 45.1 45.2

CBST-SP 88.0 56.2 77.0 27.4 224 40.7 47.3 40.9 824 21.6 60.3 50.2 20.4 83.8 35.0 51.0 15.2 20.6 37.0 46.2
CBST-SP+MST 89.6 58.9 78.5 33.0 22.3 41.4 48.2 39.2 83.6 24.3 65.4 49.3 20.2 83.3 39.0 48.6 12.5 20.3 35.3/47.0




Learning with Inexact
Supervision



Learning Instance Det/Seg with Image-Level Labels
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Our Proposed Method

Work in progress with Zhongzheng Ren, Xiaodong Yang, Ming-Yu Liu, and Jan Kautz et al.



Conclusions and Future Works



Conclusions

= WSL methods are useful in a wide range of tasks, such as Autonomous Driving, IVA, Al City,
Robotics, Annotation, Web Video Analysis, Cloud Service, Advertisements, etc.

= |mpact from a fundamental research perspective towards achieving AGlI.

Future works

= A good WSL platform that can handle a variety of weak grounding signals and tasks.
= Models with better designed self-sup/meta-sup/structured info/priors/normalization.
= Large-scale weakly and unsupervised learning from videos.

= Weak grounding signal with combination to robotics and reinforcement learning.



Thanks You!



