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Arithimer Working Group: Survey on Self-Supervised Image Segmentation

Self-Introduction: Yann Le Guilly

e Education
o Undergraduate in physics, University of Rennes 1 (France)
o Master’s degree in applied mathematics, IRMAR laboratory, University of Rennes 1 (France)
o Research Student at Tokyo Institute of Technology, Murata Laboratory

e Former Job
o Machine Learning Engineer at Abeja, Inc.
m Development of Al-based product and Proofs of concept
e Current Job
o Machine Learning Engineer
m Development of Al-based product and Proofs of concept
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Agenda

e Introduction

o Image Segmentation

o Problems

o Self-supervised learning

o Content of this presentation
e Survey

o Pseudo Labeling

o Class Activation Map

o Image Depth Information

o How about using videos
e Some comments
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Introduction: Problems

- very hard to annotate (=expensive)
- pixel-wise annotation
- different types of objects
- boundaries are often blurry
- easy to make mistake
- lots of unclear cases
- Need to keep focus for long time

How can we change this situation?

“<«Wded>spyy

Open Menu Filter: [car{ attr/model="mazda"] Reset

Fill Opacity:

CVAT: open source annotation tool

©2020 Arithmer.Inc.

HRTAR (R=Y) ADXE - BRFOEMEHEEZRIEZWV, SIAITZEEICREIBOEHZETFLTLLEEW,

Frame 2618
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bus 20938 [ polygon, annotation]

fLHSE

Label: | Bus

van 20937 [polygon, annotation]
2SO

Label: Van v

‘car 20936 [polygon, annotation]

wall 20833 [polygon, annotation]
LHeSO
Label: | Wall v

nnnnn

Label: | Sidewalk

other-object 20931 [polygon,
nnnnnnnnn ]

Label: | Dther-object

vegetation 20930 [polygon,
annotation]

Create Shape
Merge Shapes
Group Shapes
Parking-lot
Annotation
Box
Poly Shape Size: 0-100
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* Research fopic pushed by , How Much Information is the Machine Given during Learning? -
“‘godfathers of Al” and specially

by Yann Le Cun

P “Pure” Reinforcement Learning (cherry)
P The machine predicts a scalar reward given once in a

e Pre-train a feature extractor in while.
. . > A few bits for some samples
an unsupervised way then train
data » The machine predicts a category or a few numbers
for each input
e Reach SOTA with onIy 10% of P Predicting human-supplied data

labels in the last papers (starting » 10—10,000 bits per sample

to go beyond) P> Self-Supervised Learning (cake génoise)

e Methods Coming from NLP P The machine predicts any part of its input for any
observed part.

P Predicts future frames in videos
P Millions of bits per sample

© 2019 IEEE International Solid-State Circuits Conference 1.1: Deep Learning Hardware: Past, Present, & Future 59

Slide from Yann Le Cun’s (recurrent) presentation
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Introduction: Content of this presentation

- 3 very different directions
- Using pseudo labelling
- Using Activation Map (like grad-CAM)
- Using depth information
- Leverage frames in videos

Spoiler: there is no self-supervised learning
semantic segmentation method that is very
convincing...

- High level explanations

- For more details, | provided notes for some papers
- For even more details, please read the original papers
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Pseudo Labeling: Introduction

- Usually use softmax to differentiate

G PP T G Pseudo-labelled
Strong predICtlon to “weak Unlabelled Dataset Dataset

prediction” 7~ R ol L
- Keep only “strong prediction” as

pSGUdO-IabeIS . (Pre-trained) model
- popular research topic

takes the best score without
considering other scores (which might Ha-tiainmaas)
be promising also) with pseudo labels

Issue: \ Ey
- Softmax is not the best way since it

PN

Simple illustration on what is pseudo labeling

©2020 Arithmer.lnc. ZEXZAR (R—Y) ADXE - ERFOEMEHFSERLLEIV, SIBTIERCEEIBOEHZEFLTLLES W, Arithmer Confidential
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Pseudo Labeling: Entropy-guided (1/2)

My notes:

https://arithmer.co.jp/wp-content/uploads/pdf/notes ESL Entropy-quided Self-supervised Learning for Domain Adaptation in_Semantic _Segmentation.pdf
Original paper: nhttps:/aniv.org/abs/2006.08658v1
RepO: https://github.com/liyunsheng13/BDL

Labels
excluded in
ESL

Pixel softmax
output

0

Not-selected pixel

Entropy-based pseudo-labels

Arithmer Confidential
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Pseudo Labeling: Entropy-guided (2/2)

GTAS — Cityscapes

= 80
< =] [ = (0]
z 3 o - i o ' _Y v
2 O = = S o = =] 0 g S Z 5} 3} - = = ®

Method Self Training | ¢ & & & & 8 & ¥ ¢ 8§ £ & 2 § E B E € % |mou
] 797 164 761 188 127 248 333 208 820 17.1 734 558 273 623 372 300 14 308 151 | 376
AdaptSegNet 7] SSL 803 17.5 780 190 191 262 363 221 815 170 724 555 283 621 372 349 09 314 202 | 389
(ESL 81.3 217 785 20.6 212 280 373 248 811 161 737 560 29.1 641 340 358 09 314 192 | 39.7)
] 899 365 81.6 292 252 285 323 224 839 341 771 574 279 837 294 391 15 284 233 | 437
ADVENT [7] SSL 806 354 820 297 256 319 366 256 843 297 752 599 299 847 404 426 0.1 327 309 | 456
(ESL 90.0 38.6 829 297 283 332 385 258 839 258 783 60.0 299 859 355 433 1.1 291 32.0 | 459)
] 882 413 832 288 219 317 352 282 830 262 832 576 270 771 275 346 25 283 36.1 | 443
SSL 873 39.4 837 302 249 335 41.0 308 833 279 834 587 299 752 284 333 1.9 30.1 33.0 | 450
BDL [ /] (step 1) ESL 884 386 839 304 259 328 415 309 828 235 853 594 307 786 30.8 373 45 285 33.1 | 456

SSL +IT 90.2 475 847 33.6 260 334 396 331 841 338 842 599 315 798 282 363 0.8 315 31.7 | 46.8
(ESL +IT 90.3 463 848 327 269 335 399 348 839 312 850 592 303 79.8 284 434 1.7 281 362 | 47.2)

- 910 448 839 320 246 295 344 308 843 393 839 568 29.7 833 354 498 02 273 371 | 473
SSL 89.7 39.6 84.1 302 284 319 390 294 839 351 857 580 316 80.8 362 466 05 289 337 | 470
BDL [ ] (step 2) ESL 90.0 39.2 843 320 311 31.7 39.2 321 836 315 849 585 31.7 829 395 484 09 305 330 | 476
SSL +IT 903 43.6 844 323 288 315 37.1 342 84.7 423 840 582 323 825 357 489 19 305 31.7 | 482
(ESL + IT 902 439 84.7 359 285 312 379 340 845 422 839 59.0 322 81.8 367 494 1.8 30.6 34.1 | 48.6)

Model Pre-trained on GTA5 dataset and method used on Cityscapes: consistently improves the final accuracy but by less than 1% mloU
State-of-the-art for fully supervised learning: 85.1% (IT = image translation) 7
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Class Activation Map: Introduction

original paper: https://arxiv.org/abs/1610.02391

- Uses gradient information flow to the neurons of

Guided Backpropagation

a specific CNN layer to identify regions of
activation e
- Step forward interpretability
- Work from 2017 (last version from last Guided Backpropagation
December) i

=
5
SN
Al A
R s

Guided Grad-CAM

Grad-CAM

Rectified Conv FC Layer
Feature Maps Activations

Tiger Cat

[~]
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Class Activation Map: Equivariant Attention Mechanism
My notes:

https://arithmer.co.jp/wp-content/uploads/pdf/notes Self-supervised Egquivariant Attention _Mechanism_ for Weakly Supervised Semantic Segmentation.pdf
Original paper: nhttps:/aniv.org/abs/2004.04581
RepO: https://github.com/YudeWang/SEAM

1.  Need image level annotation (class) | PCM | y° ECR Loss
2. 3 loss functions combines (ECR, ER I—— 5;0 [
and cls) = /
a.  both CAM outputs should be Z 19" LI
similar despite Affine transform O CAM ', yt /
b. But CAM degenerates -
(converge to a trivial solution) Affine Siamese Network $° ER Loss
so ECR regularizes the PCM Transform Z sl B8
outputs with the original CAM PR e z CAM Y
Cls Loss
\ | 5]\0
PCM 15t =~0@®-—-0
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Class Activation Map: Equivariant Attention Mechanism

HWxC,

HW

HXWxC,

Main contribution: PCM module

- uses attention to refine the mask feature X HW
from grad-CAM

- attention can capture contextual

information CHW
original CAM X modified CAM
HWxC
HxWxC Pixel Correlation Module (PCM) HxWxC

Arithmer Confidential
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Class Activation Map: Experiments

model bkg aero bike bird boat bottle bus car cat chair cow table dog horse mbk person plant sheep sofa train tv |mloU
CCNN [25] 68.525.518.025.420.2 36.3 46.847.148.0 15.8 37.9 21.0 44.5 34.5 46.2 40.7 30.4 36.3 22.2 38.8 36.9| 35.3
MIL+seg [27] [79.6 50.2 21.6 40.9 34.9 40.5 45.951.560.6 12.6 51.2 11.6 56.8 52.9 44.8 42.7 31.2 55.4 21.5 38.8 36.9| 42.0
SEC [19] 82.4 62.926.461.627.6 38.1 66.6 62.775.2 22.1 53.5 28.3 65.8 57.8 62.3 52.5 32.5 62.6 32.1 45.4 45.3| 50.7
AdvErasing [32](83.4 71.1 30.572.941.6 55.9 63.160.274.0 18.0 66.5 32.4 71.7 56.3 64.8 52.4 37.4 69.1 31.4 58.9 43.9| 55.0
AffinityNet [2] [88.2 68.230.6 81.149.6 61.0 77.8 66.1 75.1 29.0 66.0 40.2 80.4 62.0 70.4 73.7 42.5 70.7 42.6 68.1 51.6| 61.7
Our SEAM 88.8 68.5 33.3 85.740.4 67.3 78.9 76.3 81.9 29.1 75.5 48.1 79.9 73.8 71.4 75.2 48.9 79.8 40.9 58.2 53.0| 64.5

Methods Backbone  Saliency | val  test
CCNN [25] VGG16 353 356
Pascal VOC 2012 val with Image level annotation only (no Comparison on  EM-Adapt[24]  VGGI6 382 39.6
. MIL+seg [27] OverFeat 42.0 432
mask). Using ResNet38 as backbone. Pascal VOC [lgg] OE1E a7 =11
2012 dataset  stC[33] VGG16 of 49.8 512
fully-supervised learning SOTA: 90.0% with OthkTr ﬁﬁavgrf‘;i‘]’g . ngig ﬁ 2(5):2 232
(backbone is huge in this case though) WeaKly™ mcor 3] ResNet101 /| 603 612
supervised DCSP [4] ResNet101 3/ 60.8 61.9
methods SeeNet [15] ResNet101 vV 63.1 62.8
DSRG [16] ResNet101 s 614 632
AffinityNet [2] ResNet38 61.7 63.7
CIAN [10] ResNet101 Vv 64.1 64.7
IRNet [1] ResNet50 63.5 64.8
FickleNet [21]  ResNet101 o 649 653
Our baseline ResNet38 59.7 619
Our SEAM ResNet38 645 657 11
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Image Depth Information: HN labels

- HN labels generation

- Computing angles and height “ - o

relative to the floor plane using v ® 2 s

Zl 5c|le 8 g

RGB-D % s§|lt g @

- Everything is binned to create LBIES e

labels g & =

- Training segmentation model on =
HN-labels l Initialization

- Fine-tuning on real dataset

The point is more to show:
pretrained HN labels >> pretrained ImageNet

Segmentation
layers
Target Label

Feature
Extraction layers
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Image Depth Information: Experiments

Arch | Pre-training Method | Wall Floor Cabinet Bed Bookshelf Sofa Dresser | Avg acc | mIoU | Global acc
. | No pre-training 77.57 7491 4236 13.25 6.58 2242 3.17 13.73 | 8.78 38.74
— | CIFAR100 pre-train | 66.33 66.96 19.84 0.03 0.01 0.05 0 10.70 | 6.23 31.90
%‘) ImageNet pre-train | 81.54 86.1 5886 37.76 35.05 38.25 435 2540 |17.34| 50.58

HN pre-training 83.26 90.63 58.81 58.40 38.79 37.05 14.24 | 26.16 |18.24| 52.92
8 | No pre-training 18.70 66.72 60.78 2230 20.70 15.24 12.49 | 24.77 | 6.73 31.41
T‘:}- ImageNet pre-train | 28.85 74.69 8798 64.40 56.22 59.10 50.78 | 57.84 |[34.27| 61.70
2 | HN pre-training 32.00 77.64 8745 60.15 55.67 60.51 53.69 | 56.04 |33.49 62.98

dataset: NUYv2, trained on 50 epochs only. HN labels are from NUYv2. ImageNet is 25x bigger

©2020 Arithmer.lnc. ZEXZAR (R—Y) ADXE - ERFOEMEHFSERLLEIV, SIBTIERCEEIBOEHZEFLTLLES W, Arithmer Confidential
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How about using videos: Self-supervised Video Object
Segmentation =2

Original paper:

https://arxiv.org/abs/2006.12480v1

- Learn unsupervised to track
similar pixels across frames

- Then when giving an initial
mask (on this illustration, in the
frame 0), the model can infer
the same object for the next
frames
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How about using videos: Self-supervised Video Object

S € g men tatl on Method Sup. Overall Seen singeen
J &F T &F

Original paper: Vid. Color. [3] X 389 43.1 38.6 36.6 37.4
https://arxiv.org/abs/2006.12480v1 CorrFlow [4] X  46.6 50.6 46.6 43.8 456
MAST[7] X 642 639 649 60.3 67.7

- Learn unsupervised to track Ours X 67.3 67.2 67.9 63.2 70.6
similar pixels across frames OSMN[49] v 512 60.0 60.1 40.6 44.0
o o RGMP[51] « 538 595 - 452 -

mask (on this illustration, in the OnAVOS [11] v 552 60.1 627 46.6 514
frame 0), the model can infer S2S[44] < 644 71.0 700 555 612
the same object for the next A-GAME [52] «v 66.1 678 - 608 -
frames STM[40] v 794 79.7 842 72.8 80.9

On Youtube VOS val. J (Mean) J (Recall) F(Mean) F(Recall). The
models in the bottom part of the table are trained fully-supervised.
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