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Semantic segmentation of
urban scenes

Assign each pixel a semantic label

An appealing application: self-driving

Image credit: https://www.cityscapes-dataset.com/



Triumphal approach: CNNs
convolutional neural networks
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Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition.



To teach/train CNNis to
segment |mages and wdeos

About |.5 hrs to label one such image!

Cityscapes: largest publicly available dataset
30k images captured from 50 cities
Only 5k are well labeled thus far

Image credit: https://www.cityscapes-dataset.com/



Labeling-free training data
by simulation

Image credit: http://synthia-dataset.net/



Simulation to real world:
catastrophic performance drop

Real2Real



The perils of
mismatched domains

Cause: standard assumption in machine learning

Same underlying distribution for training and testing

Consequence:
Poor cross-domain generalization

Brittle systems in dynamic and changing
environment



Simulation to real world:
closing the performance gap?

FCN Ours'l7 Ours'l9 Semi-DA Real2Real



Synthetic imagery — Real photos
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Adapting face detector to a user
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(a) Input: Video & Query (b) Algorithm: Sequential & Hierarchical Determinantal Point Process (SH-DPP) (¢) Output: Summary

Personalization of video summarizers



Middle-level concepts to describe
objects, faces, etc.

Shared by different categories

Attribute detection



Abstract form: unsupervised
domain adaptation (DA)

Setup

Source domain (with labeled data)
Ds = {(:'Em’ym)}')l\?/'?,:l ~|Ps(X,Y)

Target domain (no labels for training)
Dy ={(zn, ? }N ~| Pr(X,

n=1

Objective Different distributions

Learn models to work well on target



This talk

Correcting sampling bias

[Sethy et al.,’09]

[Sugiyama et al.,’08]
[Huang et al., Bickel et al.,’07] [Pan et al.,’09] [Muandet et al,,’ | 3]

[Sethy et al.,’06] [Argyriou et al,’08] [Gong et al,,"12] I nfe I‘I’I ng
[Daumé 1ll,’07] [Chen et al.,’12]

[Shimodaira, '00] [Blitzer et al.,’06] [Gopalan et al.,’| |] doma| Nn-

Invariant
[Duan et al.,’09] features

[Evgeniou and Pontil,’05]

[Duan et al., Daumé lll et al., Saenko et al.,’10] '|:|.1 /\A_T_J_

[Kulis et al.,, Chen et al.,’ | |]
+

Adjusting mismatched models




This talk

Correcting sampling bias

[Sethy et al.,’09]
[Sugiyama et al.,’08]
[Huang et al., Bickel et al.,’07]

[Sethy et al., 06] PE (]andmarks) ~ P’T (target)
[Shimodaira, *00] min d ( P c, PT)

landmarks




Selecting most adaptable
source instances

Landmarks are labeled source B &
instances distributed similarly to =
the target domain.

[ICML 3]




Selecting most adaptable
source instances

Landmarks are labeled source
instances distributed similarly to
the target domain.

|dentifying landmarks:

Pr(landmarks) ~ Pr(target
min d(P¢, Pr)

landmarks

[ICML13]




Kernel embedding of
distributions

w maps distribution P to Reproducing Kernel Hilbert Space

w is injective if ¢( °) is characteristic

[Muller’97,Gretton et al’07,Sriperumbudur et al.’ | 0]



Kernel embedding of
distributions

Empirical kernel embedding:

1 n
AlP) = — > dlwi), wi~P
1=1



ldentifying landmarks by
matching kernel embeddings

Integer programming

n=1 H

1 1
min X, O( Ty ) — —
min Z,,;az-mzzl b(xm) =

where

(1 if z,, is a landmark wrt target
0 else




Solving by relaxation

Convex relaxation
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Other details

Class balance constraint

—)

Recovering o}, from S5 (= Z o

Multi-scale analysis

(See [Gong et al., ICML' 13, ]JCV’14] for details)



Experimental study

Four vision datasets/domains on
visual object recognition

[Griffin et al.’0/, Saenko et al. |0’}

Four types of product reviews on
sentiment analysis

Books, DVD, electronics, kitchen
appliances [Biltzer et al.’07]

Vapnik and Chernovenkis extended the Glivenko-Cantelli Theorem in their
of nonparametric statistical inference based on approximating functions anc
In an earlier book published by Springer-Verlag he develops the basics of ti
engineers he avoided the mathematical proofs needed for mathematical rig
preface and chapter 0 give the reader a idea of what is to come the rest of

Click to open expi

Most Helpful Customer Reviews

7,580 of 7,707 people found the following review helpful

4 Yololololc A Step Closer March 15,2011

By Craig Whisenhunt

Color Name: Black | Item Shape: Wifi + Verizon 3G | Size Name: 16GB

For anyone out there who is considering whether or not to make the

iPad 1 and the iPad 2 check out my review of the first generation iPa

k of people commenting (both positively and negatively) over the past
j




Comparison results:
object recognition

Accuracy (%)

60

45

30

15

B No adaptation M Gopalan et al.'11 [ Panetal.'09 B GFK
@ Landmark

A-->C A-->D C->A C->W W-->A W-->C
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Comparison results

sentiment analysis

Accuracy (%)

Pan et al.'09
Saenko et al. ’10
Landmark

Gopalan et al.'11

| Blitzer et al.’06

GFK
Huang et al.’07

27
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Most Helpful Customer Reviews

30 0f31 people found the following review helpful

Foicicsc/ statistical leaming based on the VC class January 23,2008
By Michael R. Chernick

Format: Hardcover

Vapnik and Chernovenkis extended the Glivenko-Cantelli Theorem in their
of nonparametric statistical inference based on approximating functions anc
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What do landmarks look like?

o '\UT
= E l&ika:m
-1

28



Summary -

Landmarks
[Gong et al, ICML 1 3]

L andmarks

e | abeled source instances,
distributed similarly to target

 Better approximation of
discriminative loss of target

* Automatically identifying
landmarks

* Benefiting other adaptation
methods

29



Snags in Landmarks

Correcting sampling bias

[Sethy et al.,’09]
[Sugiyama et al.,’08]

[Huang et al., Bickel et al.,’07] P[: (landmarkS) I~ P’T’(target)

[Sethy et al.,’06]

[Shimodaira, "00] min d(P L P T )

landmarks

Large inter-domain discrepancy (seal vs whale)?




VVhat makes a good
attribute detector?

Effective, efficient, ... and
generalize well across different
activity categories, including
previously unseen ones.

Boundaries between middle-
level attributes and high-level
object classes cross each
other.




This talk

X — Z, S.t.
P5(27y) ~ PT(Zay)

[Pan et al.,’09] [Muandet et al.,’ | 3]

[Argyriou et al,’08] [Gong et al.,’| 2] -
[Daumé lll,’07] [Chen etal,,’12] I nferrl ng

[Blitzer et al.,’06] [Gopalan etal.,’| 1] domal N-
— e e e e e QY 0
Invariant

features

_t_%/‘-ft




Review: maximizing the
domain classification loss
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Ganin,Y., & Lempitsky,V. (2014). Unsupervised domain adaptation by backpropagation. International
Conference on Machine Learning.



Review

* by minimizing distance between distributions, e.g.
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Pros: effective for large
iInter-domain discrepanc

X — Z, S.t.
PS(Zvy) ~ PT(Zvy)

[Pan et al.,’09] [Muandet et al.,’ | 3]

[Argyriou et al,’08] [Gong et al.,’| 2] -
[Daumé lll,’07] [Chen etal,,’12] I nferrl ng

[Blitzer et al.,’06] [Gopalan etal.,’| 1] domal N-
— e e e e e QY 0
Invariant

features

_t_%/‘-ff:




Cons: not discriminative
enough for fine-grained tasks

X — Z, S.t.
PS(Zvy) ~ PT(Zvy)

[Pan et al.,’09] [Muandet et al.,’ | 3]

[Argyriou et al,’08] [Gong et al.,’| 2] -
[Daumé lll,’07] [Chen etal,,’12] I nferrl ng

[Blitzer et al.,’06] [Gopalan etal.,’| 1] domal N-
— e e e e e QY 0
Invariant

features

_t_%/‘-ff:




Cons: not discriminative
enough for fine-grained tasks

E.g., semantic segmentation




Directly adapt
classifiers/models

Source Perturbation Target
Classifier function classifier

® A Positive samples

® A Negative samples

[Evgeniou and Pontil,’05]

[Duan et al.,’09]

[Duan et al., Daume lll et al,, Saenko et al.,’ | 0]

[Kulis et al.,, Chen et al.,’ | |]

Adjusting mismatched models




Detour: Curriculum
learninc

Feed a learning system “easy” examples first
Gradually introduce more difficult ones

Easiness based on number of noisy inputs

o
N =
wn w

Average test error
o
N

[Bengio et al., ICML09]



mailto:BoqingGong@gmail.com

curriculum domain
adaptation

Feed a learning system “easy’” tasks first

The solutions to them find good local optima,
acting as an effective regularizer

Synthetic imagery — Real photos
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Curriculum domain
adaptation

Tree

C C
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L O
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O
(a1 =

Sidewalk
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Curriculum domain
adaptation for training CNNs

mgn £(Y3, }/}s) + d(ph@(ﬁ))

S : Source, t : Target
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Perturbation functions for
semantic segmentation (|)

Sky
Tree |

Road

Pedestrian

Traffic Sign |

Input: An urban scene image
Algorithm: Logistic regression
Output: Label distributions



Perturbation functions for
semantic segmentation (2)

Sidewalk

Input: An urban scene image
Algorithm: Super-pixel + Logistic regression
Output: Labels of some super-pixels



Simulation to real world:

Simulation—Sim Sim—Cityscapes  Adaptation

[Zhang et al,, ICCV’'|7] =~



Baseline Groundtruth




This talk

Correcting sampling bias

[Sethy et al.,’09]

[Sugiyama et al.,’08]
[Huang et al., Bickel et al.,’07] [Pan et al.,’09] [Muandet et al,,’ | 3]

[Sethy et al.,’06] [Argyriou et al,’08] [Gong et al,,"12] I nfe I‘I’I ng
[Daumé 1ll,’07] [Chen et al.,’12]

[Shimodaira, '00] [Blitzer et al.,’06] [Gopalan et al.,’| |] doma| Nn-

Invariant
[Duan et al.,’09] features

[Evgeniou and Pontil,’05]
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Adjusting mismatched models




Curriculum domain
adaptation

Tree
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Pyramid Curriculum domain
adaptation

Source images

Class histogram

Target images

Pre-train

Top layer

Mid layer

Mid layer

\ Bottom layer

Pyramid curriculum

Update




Simulation to real world:
closing the performance gap?

FCN Ours'l7 Ours'l9 Semi-DA Real2Real



Domain adaptation: key to
use simulation “for real”

Domain-invariant features
Importance sampling of data

Adapt background models
etc.

Curriculum domain adaptation
Style transfer, etc.

Simulation to reality for segmentation, detection,
dynamics planning & control, etc.
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Domain adaptation: key to
use simulation “for real”

Tencent
Al Lab

Simulation to reality for segmentation, detection,
Dynamics planning & control, etc.
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