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Finetune Is all you need

ATransfer learning has been a widely used technigue
In a wide spread of applications.

Aln deep learning era, you may hear from about the
G FAV\EE SE S OK y-dirfadesaskd. 2 NJ R

CV tasks Intelligent Rempte Indl.JstrllaI
cameras sensing application
Huge data Firetarestransterabletraining) model/network is a key step
(ImageNet)
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A Revisit of Machine Learning

AMachine learning is a modeling technigue with
statistics for parameters estimation of unknown fun.

ATo be simple, given a dataset (X, y) with label y, a
statistical learning model is to find a mapping f(.)
between X and y, such that

y=f)
AA learning problem to be solved is how to fiffd?
AMany learning techniques from shallow to deep.
AGradient descent based techniques.



A Revisit of Machine Learning

ATo find a feasible (optimal) mapping (solution) f(.),
machine learning is transformed to aptimization
technigue.

AA general optimizatiom(inimizatior) problem of
learning is,

R[Prv 9'; Z(Iv U" 9)] — E(:z?,y)mPr [Z(r" Uﬂ 9)]

AR[.] is theexpectedisk defined by the loss function
with input (X,}) sampled from a probabilistic
distribution Prand parameted of f(.)

APrshould be an independent identical distributidri.¢.)



A Revisit of Machine Learning

AHowever, due to the infinite space of the data
distribution, we can only havesbsetof the data
(training data).

ASo, the expected risk minimization is transformed
Into anempiricalrisk optimization problem,

R[Pr,0,l(x,y,0)] = E y~p: [[(2,y,0)]
g RemplZ.0.1(z,y,0)] mZz i, Yi. 0

Am is the size (number) of the finite training subset
sampled from the distribution Pr.



A Revisit of Machine Learning

AGenerally, by only optimizing the empirical risk, we
could not obtain a friendly solution. Overfitting on
the training subset often happens.

ASo,regularizationtechnique is commonly used in
the empirical risk optimization problem,

- ——— ===

Aq [d] is the regularization on model parameters.
ARegularization plays a vital role in ML fields.



A Revisit of Machine Learning

AGeneralization is the final objective of ML task.

AThe optimized parametearf of the mapping
functionf (.) on a training subset sampled froRr
should havegeneralizatiorability on a test subset
sampled from an.i.d. distribution PrQQ @

AThe expected risk of a test subset is estimated by

R[Pr !v 9* Z(I* U* 9)] — E(Iﬁy)wpl" [[(r* U* 9)]

Adis the solved parameters with training subset.



A Revisit of Machine Learning

AOkay, now we can have a view of a general machine
learning framework witlproblem definition data
collection model selectiorandevaluation protocal

m—ﬂ Model \—Alg' Train | % | Test

|

|
70% (50%train+20%cv)
Data
30% (testing)
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A Revisit of Machine Learning

ASo, anyone can easily deploy a machine learning
task, finish your project and enjoy your life.

AReally?

AMachine learning modeling should also have some

conditions. @

IS
B EERIFHME
So angry but keep smiling



Label is all you need

AFor learning a classifier/predictor based on (X, y),
you should first havébely.

AActually, data collection is sometimes expensive,
but label is more expensive and needs eost
Ineffective manual power.

Al Vv A RSHorrowéa 1RS da dzF TA OA Sy
from another domain.

AChinese idiomsi: £--1 S

Label problem is solved, so is it now okal®!



Probably Approximate Correct(PA

APAC theory is an important basis of statistical ML.
APAC refers to three basic problems,

A1) Sample complexitylearning ehypothesis h
needs areasonablenumber of samples;

A2) Computational complexity learning a
hypothesis meeds aeasonablecomputation
complexity;

A3) Learning reliability the hypothesis h haslaw
error rate(empirical risk) on training s& and a
high success raten a random test samplbe




Probably Approximate Correct(PA

AErrorrate on trainingset(can be accuratelgalculated

Ol 1469 § 1 oY

€

AFailurerate on a random tessample(to be estimateq
Oi i@ 01 (@) O

ADefinition of PAC

A problemcan be learnable if and only if the learner can
output a hypothesis witlarbitrary low érror ratan
arbitrary high probability by usm? deasonablenumber

of dataandreasonable computation complexity

14



Probably Approximate Correct(PA

AA figure to describe PAC

om

Rand ; Seen

sampling -
Sample training set . .
Space D (S) Hypothesis /4 with low error rate

@i.i.d ) A
5,
",
% Test sample x High success rate of prediction

AA prior assumption is thiei.d. condition.

AThe training set and test sample should be sampled
from anindependent identical distribution.(.d.)



A Preliminary of Transfer Learning

Problem definition

Given a target task (Pwithout labels (few labels), for
learning a reliable predictor/classifier on domam

Not feasible?

AA sufficiently labelegsemantic relatedut
distribution differentsource task (B is leveraged as
auxiliary training data.

ATwo key points:
1) Overcomes th&bel deficiencyroblem,;
2) But introducesnoni.i.d. problem between Dand )



A Preliminary of Transfer Learning

Differencesfrom semi-supervisedearning {.i.d.)
AMarginal distribution P(X,) = P(X,)

AlLabel space p(v)|X;) = P(V,|X.)

1) Smooth assumptiondata is distributed with different
density and two samples in high density have same labels

2) Cluster assumptiondata has inherent cluster structure
and two samples in the same cluster have same labels;

3) Manifold assumption data has a lovdimensional
manifold and two samples in local neighbor have same
labels.



A Preliminary of Transfer Learning

Differencesfrom semi-supervisedearning {.i.d.)

o 92 (a) (b)
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(a) Smoothnesassumption (bClusterassumption

(dWanifold assumption
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A Preliminary of Transfer Learning

Toy Examples:
Semantic relatedbut distribution differenttasks

wau

Behavior learning skills (domain common knowledge )
W o N—
e oo I @ une:"fﬁﬁ'“@ e uve!!tgue:ﬂﬂ
s \ Ve oD EEMEES S
@% @ ﬁ ‘f ; :\;ﬁ S d ‘(u.'\_ B;Im vnulwkl'lght WaUIlEVEI‘ g ‘“lll]W
N
- G e
= 30 7Y (o ‘A = g0
Computer Vision Natural Language Processing Text Recognition
(image classification) (translation) 19

_.ﬁcam



A Preliminary of Transfer Learning

Mission and Objective

Transfer learning is solving a class of uncommon
machine learning problems, 1.&bel deficiencyand
probability distribution discrepancy

Revisit the expected risk of test data:
R[Pr'.0,l(x,y,0)] = E y~pv [l(7,y,0)]

Pr'(z 2
— E(:r,y)wpr ﬁ[(r Y, Q)J
If Pr=PrQi.i.a for traditional ML),
E(:r.,-y)mPr [Z(I’ Y, 9)] — E(:r,y)wPr" [[(I’ Y, 9)]

Else, the trained model is not transferable to test,




A Preliminary of Transfer Learning

Scenarios of nomi.d.:

Data of Heterogeneity Text 7
(language, blur, etc.)

Data of Heterogeneity [
(Media, modality) Image
Data of Heterogeneity =
(background, viewpoint, pose |mage Image
, modality, et

Text

.
|




A Preliminary of Transfer Learning

Weak Learning

CKS O2yOSLII 2F GoSI 1 S|
era of Boosting anéddaBoos{(30 years ago).
Amazinglythe pasta ¢ SI 1 € S Ny Ay 3¢
aauNRy3d Ifawbrtll/ Ay I € O

(A problem can be wealearned if and only if it can
be stronglearnedd €

Currently, the weak learning is really a weak problem
rather than a strongproblem.

22



A Preliminary of Transfer Learning

Weak Learning

1. Weaklysupervised learninZhihuazhou, 2018-
iIncomplete, inexact, inaccuradé&labels

2. Transfer learnin@gPratt L.Y., 1991QiangYang, 2010
3. Domain adaptatio(BhaiBen-David, 2006

n.s. Transfer learnin@nddomain adaptatiohold the
same perspective for common knowledge learning
petween different domains.

n this tutorial, alternated usage of both names (TL vs.
DA) frequently happens.




A Preliminary of Transfer Learning

History of Transfer Learning (1992€20s)

Pan S.JandYang Q(Survey on Transfer learning)
Pratt L. Saenkeet al. (Visual domain adaptation)

(Neural network) BenDavid et al.
(Domain adaptation theory)

) { ) . L ) (
" Budding period Boom period Explosion perio\d;>
1991 2006 2010 2015 2020s
(bud) (milestone) (milestone) (milestone) (mature)

Long et al(Deep network adaptation)
Ganinet al. (Adversarial domain adaptation)
Tzenget al. (Deep adversarial transfer)



A Preliminary of Transfer Learning

History of Transfer Learning (19911993, bud)

hNAIAYIffeE GKS G0N YaFSNE O
1991 (AAAI) and 1993 (NIPS) between neural networks.

Direct Transfer of Learned Information Among Neural Networks Discriminability-Based Transfer between

. : Neural Networks
Lorien Y. Pratt and Jack Mostow and Candace A. Kamm
Computer Science Department Speech Technology Research
Rutgers University Bellcore, 445 South Street e
New Brunswick, NJ 08903 Morristown, NJ 07962-1910 i

Department of Mathematical and Computer Sciences
Colorado School of Mines

Golden, CO 80401

Ipratt@mines.colorado.edu

A L. Pratt, IMostow, and CKamm Direct transfer of learned information
among neural networksAAA| 1991.

Al @ t N} 003X ébaskditransidr Wehwddn acurbl helndiks
in NIP$1993.



A Preliminary of Transfer Learning

History of Transfer Learning (19911993, bud)

A L. Pratt, IMostow, and CKamm Direct transfer of learned information
among neural networksAAA| 1991.

A Motivation: & K 2t@use information from one neural network to help
a second network learn arelated | a 1 €

A Focusa t S I dd/akayge problemis sped upby using the welghts
obtained from a network trained for a related source | a 1 €

Al @ t NI (03 ébaskdiransidr Wehwgdn acurbl hainwb ks
In NIP$1993.

Source training data Target training data
N T LY 0.0 .
® o :1/0 4\ ')’rperplanes o 10
£ 0i1/0 ould be 01 O
« I ,/ retained
l: . : 1" 0 1 Q
---------------------------------------------------------------------------- o,---.-.. ermssscssnsen
0.1+ ‘ &Hyparplanes need to move 0 .
0.1 05 0.9

Feature 1



A Preliminary of Transfer Learning

History of Transfer Learning (20815, milestone)

A 15 Years laterin 2006 Shai BetDavid from University of Waterloo,
published one paper in domain adaptation theory in NIPS 2006, and
theoretically prove the expected error upper bound of target domain.

Analysis of Representations for Domain Adaptation

Shai Ben-David John Blitzer, Koby Crammer, and Fernando Pereira
School of Computer Science Department of Computer and Information Science
University of Waterloo University of Pennsylvania
shai@cs.uwaterloo.ca {blitzer, crammer, pereira} @cis.upenn.edu

er(h) <és(h) + \/fn (dlog 26;?2 + log j) + (JH(f)S,f)T) + A
BenDavid, S., Blitzer, J., Crammer, K., & Pereira, F. (2006). Analysis of
representations for domaiadaptation. In Advances in neural information
processing systems



A Preliminary of Transfer Learning

History of Transfer Learning (20815, milestone):

A'in 2010 QiangYang from Hong Kong University of Science and
Technology, published the first surveytransfer learning

A 'in 2010 KateSaenkdrom UC Berkeley published the first paper on
domain adaptationin ECCV, a top computer vision conference.

A from 20162015 a number of papers on transfer learning and domain
adaptation were published.

Aln this period, a number of classical TL/DA models and
algorithms inclassifierandfeaturesare emerged

{®d® WP tlYy IYR vo
and Data Engineering, vol. 22, no. 1
K.SaenkpB.Kuli a ® C NJ\ (i
VS8 R2YFAYaZIéE AY

. |y 3 SIEEE! TragkdeNdBdge 2y
10, Pp45;1359 2010
| =

Iy Risudl date§orydodels fof = !
9/ / £ HAMNOD



A Preliminary of Transfer Learning

History of Transfer Learning (20dtow, explosion)

Deep transfer learning and deep domain adaptation era.

A in 2012 BengioY. published one paper on deep learning for transfer
learning, in IMLR

Ain201& 52y | KdzS Sfinetineéd (LINPYLIZFESING &éi NJ
trained convolutional neural network and published in ICML 2014.

A Finetunehas become a generic transfer learning strategy in many
applications, such as medical image, remote sensing image, etc.

YBengi@ &a5SSLI f St NY A Y JundupervNds bidBNG §ya FISINA &
JMLR, vol. 27, pp. £37, 2012.

J Donahue, Ylig O.Vinyals J. Hoffman, N. Zhang, Bengand¢ ® 5| NNXKf f =
deep convolutional activatiofeature ford Sy SNA O @A adzZ- £ NBO2 3



A Preliminary of Transfer Learning

History of Transfer Learning (204w, explosion)

Fine-tune based deep transfer learning application:

RESEARCH ARTICLES

ECONOMICS

: » Combining satellite imagery and
= machine learning to predict poverty

Neal Jean,"** Marshall Burke,>***{ Michael Xie,' W. Matthew Davis,*
David B. Lobell,>* Stefano Ermon*

Science 2017, Stanford Univ.

ImageNet Pretrain _ VGGNet{Oxford (Finetune Satellite Images
1.4 million Univ.) (330,000 images)

Poverty prediction 30



A Preliminary of Transfer Learning

History of Transfer Learning (20dtow, explosion)

Deep convolutional network adaptation for transferable representation.

A'in 2015 Long et al. firstly published one paperdeep network
adaptationbased on MMD optimization.

A'in 2015 Ganinet al. firstly proposeddversarial domain adaptatidry
using a gradient reversal layer for minimax optimization.

A'in 2015 Tzencet al. proposedieep adversarial transfey solving a
minimax gaming optimization as GAN.

M.Long,Y.Cao,Wang I YR a® L ¢ tiasibblej@eaturasvjthleeNy, A
FRIFLIWFOGAZ2Y ySPB2N] as¢é Ay L/ al[ =X

Y.Ganinand VLempitskf & ! y & dzLJS NEdapiatoR byR 12 &1 AINE LI 3 |
arXiy 2015

E.Tzeng J. Hoffman, T. Darrell, and¥aenka& Simiultaneous deepransfer across
R2YlIAya FyR 0l &35 peE40684076: 201502 F @ ons y 2
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Concept

What Is transfer learning (crossiodal facerecog)?

Model parameters (classifier, neural
network, transformation etc. )

DO U6

Related but different domain

33



Concept

What Is transfer learning (handwritten digiteecog)?

O VMO Ji{Deio

ORI T O
N {WEIERNEREEE o
O A0 O SNOO-R7
EeMOEREEREE ©
O NIl
OIN[ Lo ot

Of~—ied M- el

QN It{m[w |8 [~[eo| o
NENESESINEN
DNNUSBSISEE <
NSRIEIEISIENEIS
RENESRCIEEE -
DNEILIERISIEEE
Q= |~ M| 1Y | ~[&|
CENRERRESEE

Spac_e_ B
|

Task B

DT

Task A
Y
Space A
oo
Knowledge

(USPS)

(MNIST)

34



Concept

What is transfer learning (computer vision)?

ObjeCt detection, segmentatlon and cIaSS|f|cat|on

Vi €01 W!

domain shift o T T A P
( ) DI €01 L0 Wi QQ

Visual perception in foggy weather

(domain shift)

35



Concept

What is transfer learning?

Transfer learning or domain adaptation is leveraging a
sufficientlylabeled, distribution different bitdemantic related
source domain fotraining and recognizingrgetdomain
samples.

Labeled source Models and Model
domain algorithms parameters
nlabeled target
domain

Unlabeled/Few
labeled target domai

36



Theory

Why are transfer learning models or algorithms
effective and reliable?

In other words, how to guarantee the models or
algorithms to haveow generalization erroon target
data?

BenDavid Shai et al. inducedganeralization bound
of domain adaptation, which is widely used as a
theoretical guidance for models and algorithms.

BenDavid, S., Blitzer, J., Crammer, K., & Pereira, F. (2006). Analysis of
representations for domaiadaptation. In Advances in neural information
processing systems



Theory

ShaiBerb | GARQ& 3ASYSNI t AT I GA
ATo be simple, the expected target erfor('Q is

bounded as (proof based on triangular inequality Is
removed)

4 2em 4 U
er(h) < és(h)+ \/— (dlog i:n + log g> +dn(Ds, D) + A
m d _

A= is the set of hypothesis.
AThe upper bound gf ("Q consists of four terms.

BenDavid, S., Blitzer, J., Crammer, K., & Pereira, F. (2006). Analysis of representati
for domainadaptation. In Advances in neural information processing systems



Theory

ShaiBerb | GARQ& 3ASYSNI t AT I GA
A HUQ is the source erroifl ( A ) is the
= divergence and is the combined error of an
ideal hypothesiQ.
1) ) = Ban [Byjo v # (s
— E f(z) = h(z)].

wa)g

2) dy (S, 7T) =2 (1 — }:}él’ﬁ ((‘?'f"!‘g(li.(X)) + <'=r‘f"r(lz(x)))) =2 (1 — 2}}2}}1} err (/z(;r)))
3) A = minpey €s(h) + er(h)

BenDavid, S., Blitzer, J., Crammer, K., & Pereira, F. (2006). Analysis of representati
for domainadaptation. In Advances in neural information processing systems



Theory

From) -divergence tod Y -divergence

AFora hypothesis space , thesymmetric difference
hypothesis space Y= is defined.

g e HAH <+— gxX)=h(x)®h'(x) forsomeh h'eH

Awhere’ is the XOR function. In words, evérgpothesis
CN = Y= s the set ofdisagreementbetweentwo
hypothesesQQin =,

drar(Ds,Dr) =2 sup |Prowpg [h(x)# W (x)] — Prowp, [h(x) # h'(x)]|
h.heH
=2 sup |Prp _[z:7(2) =1] = Prp _|z:n(z) =1
neHAH i
BenDavid, S., Blitzer, J., Crammer, K., & PereiraDEOJ.A theory of learning from
different domains In: Machine Learning, 79, 15175.



Theory

ShaiBerb | GARQ& 3ASYSNI t AT I GA
|
er(h) < es(h) + Ed’HA’H(Z/{SaMT) + A

Essence of domain adaptation
AA minimax problem maximization

,_____________________________________________________.

' i~ H.&

View 2: i : in — 2minerr (h(x < max min err (h(x
111}}11(!,4(8 T)<:>111j91112(1 2}3;1%%(” (fs(z))) ax h(x))

BenDavid, S., Blitzer, J., Crammer, K., & PereiraDEOJ.A theory of learning from
different domains In: Machine Learning, 79, 15175.



Theory

Question:

Does ShaBen5 | @ Hdm&ia adaptation theory
really guarantee the success of transfer learning?

Not always! It Is conditional.



Theory

When does transfer learning not work?

ATheorem 1: Necessitf smallQ (" A ).
ATheorem 2Necessity o6mall A (combined error).

If and only if both theorem 1 and theorem 2 meet at
the same time, otherwise, transfer learning does not
work.

In words, the domain discrepancy should be small.

BenDavid, S LuuT., Lu T. and Pal 2010).Impossibility Theorems for Domain
Adaptation In: AISTAT.S



Distribution Difference Measure

Distribution alignment is the key part of transfer
earning.

How to measure distribution difference between two
distributionsPand Q? Some typical statistics.

AMMD (Maximum Mean Discrepanc@rettonS i | f & b
bLt{Qndp}r Wa|[ wQMH

AHSIC (Hilber&chmidtIindependence Criterion)Jrettonet al.
Il [¢QnpT Yy SO ftd ¢/ ). QmT =

ABregmardivergence{ A S { fd ¢cY59QmnzZ

|
AMoment statisticsflerathS 0 | f CD [ £+t wQMT X |
N A/SOWMITET t Sy3) S FEd L/ £




Distribution Difference Measure

Maximum Mean Discrepancy (MMD)

AGrettonS G Ff @ bLt{QncX bLt{Qnd=2
proposed MMD. Aon-parametricstatistic for testing
whether two distributions are different

A. & dzaAy3a &Y ReEhKI FelRgcvg ®2y a
1. MMD(p,q) vanishes if and only if p=q.

2. MMD empirical estimation can easily converge to its
expectation.

AIn MMD, the unit balls imniversalreproducing kernel
Hilbert space are used as smooth functions.

AGaussian and Laplacian kernels are proved to be universal.

45



Distribution Difference Measure

Maximum Mean Discrepancy (MMD)

Definition 2 Let F be a class of functions f : X — R and let p,q, X.Y be defined as above. Then
we define the maximum mean discrepancy (MMD) and its empirical estimate as

MMD [F,p, q] := sup (Epplf(z)] —Eyoq[f(¥)]). (1)
Arbitrary Function Space: red
1y 1 mn
MMD 7. X.] = s ( SRR f(y,-)) | @)

Theorem 3 Let F he a unit ball in a universal RKHS I, defined on the compact metric space X,
with associated kernel k(-, ). Then MMD [F, p,q] = 0 if and only if p = q.

Using p[X] := L 3"  é(z;) and k(z, 2") = (o(x), o(2')), an[empirical estimate]ofMMD 1s

1

RKHS:
MMD [F, X, Y] =

m m.n P
k(xg, ax;)— — k(a1 + — k(yi, 1 )
m2 Z i j) mn Z i»95) Z Yi ;)

i,j=1 i,=1 1,7=1

A Kernel is helping us to simplify the computation in infinite dimensional space
A To be simple, MMD is the upper bound of the domain mean discrepancy

http://www.gatsby.ucl.ac.uk/~gretton/mmd/mmd.htm 40



Distribution Difference Measure

Maximum Mean Discrepancy (MMD)

Definition 2 Let F be a class of functions f : X — R and let p,q, X.Y be defined as above. Then
we define the maximum mean discrepancy (MMD) and its empirical estimate as

MMD [F, p.q| :==sup (E,.,[f(x)] = E,,[f(v)]). (1)
Arbitrary Function Space: red
1y 1 mn
MMD 7. X.] = s ( SRR f(y,-)) | @)

If f(xX)=x, MMD is a firabrder moment statistic;

If f(x)=%X, MMD is a secondrder moment statistic;

A Moment match does not guarantee the distribution similarity.
A So, MMD can measure the discrepancyiibitrary function space

http://www.gatsby.ucl.ac.uk/~gretton/mmd/mmd.htm



Theory-->Algorithm

Alnduced by the generalization bound theory, a
number of models and algorithms are emerged, by
focusing orthree key points

1) Source erroreg(h)
2) Domain discrepanc\d,ax (Us. Ur)
3) Combined error\ = minyey es(h) + er(h)



Algorithm

How to design TL/DA models and algorithms?
AA taxonomy:

TL/DA models an
algorithms

Partialtarget Notarget
labels labels
eweighting adaptation adaptation transfer

2007 »2018

49



Algorithm

Algorithm progress in the past 15 years

HHI]D Lc(Ds, Vs: 9( 0F)

w Subspace guide —_ )\ED (DS- DT, HD, HF)

ApakE 7.

f ....... SN * %§8 ngnﬁszj(@(xi)eyi) lgin Lo(Ds. Dr.0p:0p)

""""""" . 7Y . RV D
| Og 00 ° nll‘mim‘X'S'XTQYS?YT) + /\dea (DL, D) Ad ial transf
versarial transfer
° flx) = f"(x) + Af(x) + Ay, oy (Xs, X, W)
g [Berpy (V)] = Eren @@ = f* () +w' ¢(x) Deep transfer ]
e Feature-level transfer Using the idea of GAN. leam

the feature generation model

Classifier transfer feature representations with

Instance Leam a common subspace of  yaxinum mean discrepancy 2015
a transformation to minimize  ,.r0ss domains minimized. v

re-weightin L dic
& 2 Leam a generic classifier on domain discrepancy.
: _ a few labeled or unlabeled 2010 --
Leamn the instance weights o

samples in target domain.
source data with domain Sampies 1 farget domain
alignment to target data. 2007 --

2007 --

2014 --

50



Algorithm

Impossibility Theory of DA

(Ben-David, et al.)

Visual Domain Adaptation

MMD (Saenko, et al.)
Gretton, et al. ,
Domain Adap tat:'f)n P ) Survey of Transfer Learning

P d Vi
and Upper-bound Theory '/ (Pan and Yang)

SDA (Sun and Saenko)
LTSL (Shao et al.)
/ LSDT (Zhang, et al.)
/  DTSL (Xu, etal.)

/-’f . E‘ORAL (Sun and Saenko)

/ /" RTML (Ding, et al.)

SGF (G Il tal /
(Ben-David, et al.) / / A ipopa C;n’j at) /-” /'/ JGSA (Zhang, et al.)
an, et al. y /
Neural Network Transfer / // / /' GFK (Gong, et al.) /_/ /_/ /' McTL (Zhang, et al.)
/ / e / / | CRAFT (Chen, et al.
(Pratt L) /S / / // SA (Sun and Saenko) /-/ / / : ;
Bud of Transfer / / // / /f JDA (Long et al.) / /_./ / j.f GSL (Zhang, et al.)
(Pratt et al.) / / / / /) HFA(lietal) / /)
/ / / / o/ / S Universal
> ... - Deep Learning . -
1991 1993 20062007 ~ 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 Representation
2011 . 2017 2018
» Instance Re-weighting 2016 2017 2018 2020 » Deep Adaptation
o DRCN (Li, et al.)
;nstance Wergl;tm 'DeCAF TransNorm (Wang, et al.)
Jiang and Zhai traini
Co-training (Donahue, et al. SAN (Wang, et al.)
(Chen, etal.} v imp DDC (Tzeng, et al. IWAN (Zhang, et al.)
(van, et al.) RAAN DAN (Long, et al.) \ JAN (Long, et al.)
(Chen, et al ) RTN (Long, et al.)
2007, 2009 2011 2014 2016 2018
- . » Classifier Adaptation 2015 201_7 2018\ 2020 » Adversarial Adaptation
\ \\ \\ \_\ \\ \\ \\\ \\
ASVM SRR N\ GAN \\ \ STAR (Lu, et al.)
(Yang, et al.) R AN (Goodfellow, et al.), \ RDA (Fu, et al.)

orsvmM N\ O\ O\

N
(Duan, etal) A N \
_ _ AMKL&DTMKL, \  MEDA
Lei Zhang andinboGao, (Duan, etar) N\ (W etal)
ARTL \, OBTL

Transfer Adaptation Learning: A
Decade SurvegrXiv2019.

KBTL EDA

(Gonen et al.) (Zhang and Zhang)

(Long, et Gf-)\\(!(arbmayghareh, etal)

: \

GRL (Ganin, et al.) \ \\ Source-free (Kundu, et al.)

DANN (Ajakan, et al.) \ \
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Algorithm

Principle of Instance Raeighting (Jiangandzhai, ACL
2007; Huang et al. NIPZ007):

ARevisit the expected risk of test setRm Y

R[Pr. 6. U(z.y,0)] = By e [1(2,.0)] = By yyopr | Pl (2, 5.6) |

AfP=PIQE A0 RS3ISYSN)IGSa 02
Otherwise, we let their ratio between them I3(z=,y)

AThen, the regularized empirical risk becomes:

m

Ries[Z, 8. 1(x,y.0)] Bil (i, yi, Q[0
[ (x,, mZ (xi,9:,0) + \Q[0]

A is the reweighting coefﬂment w.r.t. sample



Algorithm

Principle of Instance Raeighting (Jiangandzhai, ACL
2007; Huang et al. NIPZ007):

AKernel mapping based#weightingand reduces
the domain discrepancy:

win || Bo v py [B(2)] = Eanp, [B(2)2(2)]]
st. [B(x)>0,E..p.[B(x) =1
ASimilarly, reweighted maximum mean discrepancy

M

N
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Algorithm

Principle of Classifier Adaptationyang et al . A
Duanet al . CVPRO012, TPAMI 012; Wang

A Learna common classifier osource domainby leveraging éew
labeled/ unlabeledarget samples frontarget domain

A Assumption There exists delta functionbetween theauxiliary
classifien(source)f, and the new classifier (targef)

f(x) = f(x) +Af(x) = f(x) + W' 6(x),

ASVM
: N
Standard SVM Adaptive SYM . 1 ) |
min —||[w||” + C E i
min 5wl +C“§Z€a ) -
st. & >0

s.t. & >0, y;WT@(X;) > 1 =&, V(Xi,yi) € Dg) 'yf.f“'(xi) + .




Algorithm

Principle of Classifier Adaptationyang et al

Duanet al . CVPRO012, TPAMI O12; Wa.ng
AWith similar idea, from SVM to MKL (mtKérnel learning):

P
fT(X) Z [ (X +Z‘]mWnn’m )+ b
1

p= m= 1 ,
Af{
Alntroduces the domain discrepancy
DIST,(D4, D) = iz o) - %Z (x;)
A=l T =1 H
AAdaptive MKL (AMKL)
QEGMJ%W@U+ﬁH@-
where
J(d) = w,?l%l(}gé (Z_ dvu||wmu2 + /\Hﬁl_)) + (Viﬁ:

st oy fT(x) > 1—¢.6 >0,

A



Algorithm

Principle of Classifier Adaptationyang et al . A
Duanet al . CVPRO012, TPAMI 012; Wang

Representative workZero padding feature augmentation

low-rank solutiomanddelta functior):
DauméL LLY SO Fft o '/ [QnT 6 CNHza G NI G A
[ A SO Fftod ¢t!aLQmn 61 C! 0
®%(x) = (x.x.0), &(z)= (b 0, x)

= (®(x),P(x),0) kernelize

Examples in R¢D WeiShiZheng andlianhuand_ai):
A Viewspecific transformforReE5 6L W/ ! LQmMpX ¢t ! al
A Deep zero padding
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Algorithm

Principle of Classifier Adaptationyang et al . A
Duanet al . CVPRO012, TPAMI 012; Wang

Representative workZero padding feature augmentation

low-rank solutionanddelta function:
KLE SO Ifd -8sMvs)aLQmy 6 w9
k Zhang SO It ® L9999 {SyaodQmt dacCyY{

Y [o (& hd ho )] Y [0 (O D )]

HI[0 b FE R ]
t Joachmi& L/ a[| SwWMpdd O ¢
AL ly3az SG fA®M)/ a aaQnTt 0
WDuak SO Ff® ¢t! aLQmu o6! aY[ O
N Duanetal¢t ! aL Qmo DOVKI®) { + a

F(x) = f"(x) + Af(x) = f*(x) + W' $(x) -



Algorithm

Principle of Feature Adaptation:
ASubspace unification (Y Sd Ff ® ¢Y59Qmn

| 2FFYLY SiKadStUo W +tO0MirTMn
AManifold alignment GopalanS (i Ft® L/ /7 £tQmm2
/[ £t wQMHZ DCYT CSNYylFIYyR2X Si
AFeature reconstruction/representatiodifu  Su | f ®
w5 ! LwT { KI2Y SO It LW £Qwmn
- dz S fd ¢Lt Qmc X 5¢{ |
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Algorithm

V Subspace unification:

AGeneral paradigm (domaitcommon/shared subspace
learning)

YT R R R T Y[ R i i e

~ Marginal distribution consistency
0(%))  0O(%Ew ))

- Conditional distribution consistenc
(6> )0) D% )b )i pfE f

A W is a transformation matrix.

59



Algorithm

V Manifold alignment:
AGeneral paradigm (learn mapping)

w _ (ZE::)X H® e (2, 2°)
{ x4 w = XiGx;
|=()> Zi‘j-kl
GFK
; construct kernels alonthe geodesipath to
SGIE model the domain shift by using infinite subsp:

. : : . G is a positive serdefinite mapping matrix
find some intermediate representation

along the geodesic path
F(M)=||XsM — Xr||%
M* = argminy (F(M))

SA

learn the linear mapping M that makes the subspace closer eo



Algorithm

V Feature reconstruction:
AGeneral paradigm (losank/sparse coding)

Source domain Xg Target domain Xy Source domain X Target domain X Source domain X¢

(] 1l
Subspace learning (e.g. PCA, LDA, etc.)
N T S

2hd

WX, Low rank Z Xy Latent space

€«
____________________ | )
PCA or LDA subspace [: f, L) Shared space

(@) (b) ©
LRRstrength (better locality of data, blockvise structure, neighbor to neighbor reconstruction )
weaknesqstrong assumption of independent subspaces and sufficient data, easy to get trivial solution)

i ﬁ%’ qe) P (@ O F(.) is subspace learning fun.
st ) ALO)O O f(.) is transformation fun.

1 1
— | “s I
: rA%:g : /l, PXy (_Sparsc z P[X,, X7] ’/
: 1 b o e e e e e~
| I
1 1
1

Target domain Xy




Algorithm

V Feature reconstruction:
AGeneral paradigm (losank/sparse coding)

For a better basis:
Domain adaptive dictionary (Rar@dellapp® [/ xt wQmoO
A 1) domainshared dictionary

N _ , 2 ,
nin ke{zt} 1Py X (x) — Doy I + R(D, P, )

A 2) domainspecific dictionary

X — Diyanlls + Qas, o
Bk k;f} Xty = Dy I F + Qas, )

A - specific coding coefficient w.r.t. the basis of
dictionary D.



Algorithm

Principle of Deep Network Adaptation:

Deep transfer

. Domain discrepancy Domain
Finetune L .
minimization confusion
Datadriven Model-driven Model-driven
Pretrain
ImageNet fl. fl (OhY) P CWy fl fl (G . (HAY

AFinetune is a kind ointuitive anddata-driven transfer
learning method, which depends @metrainedmodelswith
taskspecific source database (e.g., ImageNet)



Deepnetwork with discrepancyalignment:

ALearn general feature representation witlomain
discrepancy minimizatioim supervised manner

[ 2y 3 Yah,ietal f &

£ d) / £t wQmy

learn
.
.
.
source
output

(Tzeng@ |
/| +t wRmmant3es (i

Algorithm

(0000000

N A@Qmn T
_\ D _\ learn Q learn Q learn O
O frozen O frozen O f““' O :3"9- O
e Ha e Ha HS e ®
Ol [0 |9 |9 9| \o],[o], [0
oml \ — |eom? [ Jeoms\ T Jeoma | feoms P -

O--
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Algorithm

Domain confusion:

ALearn general feature representation witlvmain

confusion/domain alignmer({@®jakanS G I £ @ b Lt
DANNTzengS G | £ @ L MirezQunpEf &5/ Tt v

) Softmaxcrossentropy loss
: conv1 s convs fc6 | | fe7 curee data fc8

Source 51 g % cg%ﬂiaign 3 L(xs,ys, 27, Y7 GD;Grepr,- Oc) =
E %__ G, - <“ = 5 Lo(rs,ys, vr,yr: Oreprs Oc)
:’i't',’:,? CC"%EE:S’ + )\Lconf(xSs T, QD; Qrepr)
‘.":lir‘gj + I/L:S()ft(:ETs yr; Greprs QC)
convi T convs fo6 | |fo7 |/ @ fc8
""" I --““a-ll:):e“e:j“t:a-ré;t-c;;;-““-“

Goal:learning domairinvariant representation -



Algorithm

Principle of Deep Adversarial Adaptation:

AlLearnfeature generation model witlomain

confusionGaninet al . TkevigeR6 18, CVPRO17

Chen et al . CVPRO18, RAARIDheiail t o
CVPR}) 18

AThis kind of models are approaching théimaxessence of

domain adaptation.
7 maximization

______________________________________________________

View 1: min dyan(Ds, Dy) =2 sup |Pf*f:,5 [z:m(z) = 1] — P—rﬁT [z :n(2z) =1]|
Vo neHAH !

- : ' in° — 92min err : ax min err (h(x
View 2 111;11(&(8.7')«(:}111}}112(1 2}113_:1/}%6,.’! (h(‘z))) @lllflk}llélﬁfn (h(x))
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Algorithm

Principle of Deep Adversarial Adaptation:

oL
oL y

g:: |:> |:> |:> Eclass label y
2 2 2L

2\ v J

9L, = label predictor G,(-;6,)
—A 00 @, g — domain )C\lassiﬁer Ga(:64)

=\ jJ‘ .
feature extr%tor G 0y)

R

forwardprop  backprop (and produced derivatives)

Gradient reversal layer for adversarial domain adaptation

Aligned (confusion
max min err (h(x)) oo / O | o3 Aligned ( )
pohen o0 /0089 L %%
X)) ©T ®

| EQi(dw) i Agi (o) 67



Algorithm

Principle of Deep Adversarial Adaptation:

Adversarial Adaptation ‘ o
x Class Predictions

source images Vs ;\) .
r_ Fe ! - N — Discrepancy Loss
: Source :_’ Cross Entropy Loss ! \
B | . W
|- [o] ;
- *é . d(ljn;alm Xt _d(.Pl(Y‘Xt)-PQMXt)}
target images E ane ¢ E] Re ™ H o
Q ’ 5 o Domain DiIslcrinl:ﬁ:;tor Loss F I P 2{‘y|Xt}/
Target [a) q L H
> B e
J - : Fix Update !
ADDA RAAN MCD
Adversarl_al Discriminative Re-weighted Adversarial Maximize Classifier
Domain Adaptation Adaptation Network Discrepancy
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Algorithm

NEW DIRECTIONS/TOPICS in TL/DA:
V Category shift problemdatastrophic misalignment

UniDA(samplelevel weighting idea based on entropy and
uncertainty) to simultaneously solyertial andopen-set DA.

V Inaccuracy of Target pseudabels

Clusteringbased idea and Progressive training.

V Multi-source DA

Aggregate multiple sources to one source domain, +DA.
V Sourcefree DA

Source data is unseeddta privacy, and you can only access
the source prearained model EssenceParameter transfer.

V Domain generalization
VX X

This will be introduced in another slideg]swait in patience



Contents

APart lll:Applications of TL/DA Algorithms



Applications

Transfer Learning + X
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Applications

A Application fields (machine learning related Al topics)
1) Computer vision
2) Natural language processing

3) Big data analysis Computer
4) Smart instruments Vision
5) Medical image analysis

6) Remote sensing
7) X classification] detection Retrieval

Image Object Image

72



Image Classification

Almage classification is the benchmark task for testing each
new TL/DA model and algorithm.

A Crossdomain multiclass classification is standard protocol.

Domain 1 (Sketch)
Domain 2 (Painting) "
Domain 3 (Cartoon)

Domain 4 (Photo)

dog elephant giraffe gitar horse house person
73



Transferablémage Classification

Benchmark Datasets

A Office-31 (3DA, 3 domains, 31 classes, 4652 images)
A Office+CaltectL0 (4DA, 4 domains, 10 classes, 2533 images)
AMNIST+USRS domains, 10 classes, 67291 images)
A Multi-PIE(5 domains, 68 idgl1368faces)

A COIE20 (2 domains, 20 classes, 1440 images)
AMSRC+VOC200Z domains, 6 classes, 9000+images)
AIVLS@4 domains, 5 classes, 15000+images)

A OfficeHome(4 domains, 65 classes, 15500 images)
AlmageCLEE domains, 12 classes, 1800 images)

A P-A-GS(4 domains, 7 classes, ~10000 images)
AVisDA(2 domains, 12 classes, 280000 images)



Transferablémage Classification

SoTAPerformance

Crossdomain classification accuracy QrificeeHome(Resnet0 backbone)

OfficeHome | Ar—Cl Ar—Pr Ar—Rw Cl—Ar Cl—-Pr Cl-Rw Pr—Ar Pr—Cl Pr-Rw Rw—Ar Rw—Cl Rw —Pr|Avg.
ResNet-50 349 50.0 58.0 374 41.9 46.2 38.5 31.2 60.4 539 41.2 599 |46.1
DAN 43.6 57.0 67.9 458 56.5 60.4 440 436 67.7 63.1 515 743 | 56.3
DANN 45.6 59.3 70.1 47.0 58.5 60.9 46.1 43.7 68.5 63.2 51.8 76.8 | 57.6
JAN 459 61.2 68.9 504 59.7 61.0 458 434 70.3 63.9 524 76.8 | 58.3
CDAN 50.7 70.6 76.0 57.6 70.0 70.0 574 509 77.3 70.9 56.7 81.6 1658
SAFN 52.0 1.7 76.3 64.2 69.9 71.9 63.7 514 77.1 70.9 57.1 81.5 |67.3
TADA 53.1 72.3 77.2 59.1 71.2 72.1 59.7 53.1 784 72.4 60.0 829 |67.6
SymNet 47.7 72.9 78.5 64.2 71.3 742 642 488 79.5 74.5 52.6 82.7 |67.6
Ours 555 73.5 78.7 60.7 74.1 73.1 59.5 55.0 80.4 72.4 60.3 843 |689

S. WangindL. Zhanga { &dafgtive Red SA IKG SR | RS NE | NRUICAL 262D.Y | A
[2y32 SO td a/ 2YRAUAZ2Y IINeurlPRASNEI NAI £ 52Y1



Transferablémage Classification

SoTAPerformance

Crossdomain classification accuracy @ffice31, ImageCLEResnets0 backbone)

Office-31 |[A—>W D>W W—D A—D DA WoA[Avg. [f"‘agechEF_'DA o Pol I5C Col CoP PoC Avg.

, S Source Only 748 839 91.5 78.0 655 91.2 80.7
Source Only, 684 967 993 689 625 60.7 |76.1 DAN 715 819 078 863 €52 S5.8 1825
TCA 727 967 996 741 617 609 77.6 RTN 756 86.8 953 869 727 922 849
GFK 72.8 950 982 745 634 61.0\77.5 DANN 75.0 86.0 96.2 87.0 743 91.5 |85.0
DDC 756 960 982 765 622 615 |783 JAN 76.8 88.0 94.7 89.5 742 91.7 |85.8
DAN 80.5 97.1 99.6 786 63.6 62.8 |80.4 MADA 75.0 87.9 96.0 88.8 75.2 92.2 |85.8
RTN 84.5 96.8 994 775 662 64.8 |81.6 iCAN 79.5 89.7 94.7 89.9 785 92.0 |87.4
DANN 82.0 969 99.1 79.7 682 674 (822 CDAN 77.7 907 97.7 91.3 742 943 877
ADDA 862 962 9%4 77.8 695 689 |82.9 SAFN 78.0 91.7 96.2 91.1 77.0 94.7 | 88.1
JAN 854 974 998 847 686 700 |8g4.3 Ours 78.3 91.3 96.7 90.5 78.1 96.2 88.5
MADA 90.0 974 99.6 87.8 70.3 66.4 |85.2
SAFN 88.8 984 99.8 87.7 698 69.7 |85.7 Jassification accuracy aiNISTUSPS
GTA 80.5 979 99.8 877 728 71.4 |86.5
MCD 88.6 985 100.0 922 69.5 69.7 |86.5 Handwritten | M > U U—> M | Avg.
iCAN 92.5 988 100.0 90.1 72.1 699 |87.2 ADDA 89.4 90.1 | 89.8
CDAN 94.1 98.6 1000 929 71.0 69.3 |87.7 CoGAN 95.6  93.1 | 943
TADA 943 987 998 91.6 729 73.0 |88.4 UNIT 96.0 936 | 948
SymNet 90.8 988 100.0 939 746 72.5 |88.4 CDAN 939 969 |954
Ours 952 98.6 1000 91.7 745 73.7 [89.0 CYCADA 95.6  96.5 | 96.1

Ours 94.1 98.0 96.1
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Transferablémage Classification

Domain adaptive/transferable feature visualization

100 . 100 ‘ 100 . 100 .
s gl e @ PR AL ' - ¢ .
(A - L
- . s P ¥ a K
0 -c%)‘ Or ¢ ° % !- oo ¢ “ .01 0 : .E"é.,"*
é % b i N ® ¢ 6 &8”
o .*'. . s - . R . P - )
" adlO i"" o ® ¥ e *
» ¢ ®
-100 =100 -100 2100
-100 0 100-100 0 100 -100 0 100 -100 0 100
(a) ResNet (b) DANN (¢) Ours (w/o Hp) (d) Ours
100 o 100 100 : 100 =
ﬁ’ @ & &®
. &r ' > a® . € o
AT AP YRR .
. ‘ {.} 2% iy, “;7' ; b "\ '
0 o | O 0168 % | 0[%p 585,
“ L - O v ¢ L} . @
% . s € 0 > 7 :j”c.’ °
-100 —* 2100 100 N =100
-100 0 100 -100 0 100 -100 0 100 -100 0 100
(e) ResNet () DANN (g) Ours (w/o Hp) (h) Ours
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Object Detection

Definition of a detection task

Almage classification focuses bighlevel abstracfeature
semantics

A Obiject detection is a multask issue (classification vs.
localization), the lowlevel features are also useful

78



Object Detection

A number of models in object detection

Two-stage

R-FCN

(2016)

HOG
detector
(2005)

DPM

One-stage

YOLOs SSD RetinaNet

(2016~) (2016) (2017)

detector

(2008~) » FCOS (2018)
Anchor -free

79



Object Detection

Imbalance Problems of object detection

AProblem 1 Scale imbalance (object of different size, srale
SSD FPN

AProblem2: Class imbalance (foreground vs. background, eas
vs. hard Focalloss,OHEM

AProblem 31oU imbalance lpU levels, low vs. high quality,
outlierg LibraRCNN (balanced L1), GHMpU basedosses

AProblem 4 Loss imbalancec(s. vs. reg) PISA classification
aware localization losgaid less attention



Object Detection

Solvingscale imbalance problemi-eature Pyramid Network
ALower levels have better spatial resolution
AHigher levels have stronger semantics information

1x1
1x1
1x1 @ 2X up
Cls+reg @ 2X Up
@ 2X Up

A In FPN, high -level semantic information is back -propagated to the

) ) ) ) 81
low -level, but information loss is serious



Object Detection

Singleshot Twopronged Detector {PNej:

AA new architecture of twgpronged bidirectional interaction
and transfer between lovlevels and highevels

A A Rectified Intersection of UnioRI(oY loss

Spatial information ( conv)

-

Keyang Wang and Lei Zhang, Single -Shot Two-Pronged Net with Rectified IoU
Loss, ACM MM 2020. Oral paper)



Object Detection

Singleshot Twopronged Detector {PNej:

AA new architecture of twgpronged bidirectional interaction
and transfer between lovlevels and highevels

A A Rectified Intersection of UnioRI(oY loss

r transductive features
Keyang Wang and Lei Zhang, Single -Shot Two-Pronged Net with Rectified IoU
Loss, ACM MM 2020. Oral paper) 83



Object Detection

ATPNetarchitecture
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Object Detection

ATransductiveblock and Fusion block

Layer [ +2 Layer [+ 3
Xi+2 Xi+3
Forward - 4
. transfer L orwar
Forward Deconv Layer I+1 {_Deconv transfer
transfer X* | Layer [+2
Layei [ =ﬁPE1tw sum ( Conv } = CEEMW sum — X?;-Q
X . )
(Concat —{Relu ) (Concat J=—s{ Relu ]
Layer [ [L Layer 41 jL
XI \]JEltw sum [ oy X.H—l ,\_JE‘.ltw sum | Cony
(1x1) (1x1)
Deconv Deconv

Layer [+1 OutputTfLayer [
l
XH‘l Xoutput

(a) T block L

Layer I+2 Qutput Layer [+1
X0 yhtl

output
(b) T block L+1

Prediction Layer {+1 1
va+1

Deconv
Qutput Layer [
l

Prediction’ Layer [
1
Xp

(c) Fusion block
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|gradients|

Object Detection

A Gradient guidedRIoUloss
Revisit the standartbUloss L;, 0 =1 — [oU

1.5¢

05}

ANB

10U =

AUB

—|oU Loss

—Rectified loU Loss

We can define the gradient (red curve) as:

OLR1oU | k
lou | — (U0 + o

|gradients(1oU)| = |

‘ integral

Lriov =1— (%IOU2 L bIoU + kln|IoU — ¢| 4 t)

0.2

0.4

0.6 0.8
o Note 5 model parameters analytically determined with

5 equations.
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Object Detection

A Gradient guidedRloUloss
2 T T ; ; . 1(\

——|oU Loss loU Loss
—Rectified loU Loss . 08t —Rectified loU Loss| |
157} 1 .
_ 1| integral
..2 ! w061
2 1 ' - 8
-g : - 04r
o I
051 : 02}
- s . . 1 0 . s - . h
%j 0.2 0.4 06 0.8 [3\1) 0 0.2 04 0.6 0.8 B\T)
loU loU
( k
b—;zO 1 —kln|c| —t=1
k L b — ol —t —
1 —c
. k A ct ct
€= Tk ﬁdet — LC.{S + »CRIO[)T + p(Bp ng )
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AExperiments on PASCAL VOC

Object Detection

Method Backbone Input size | AP APso APgo AP0 APso APgo
two-stage:
Faster R-CNN [22] ResNet-50-FPN | ~1000x600 | 52.9 79.8 75.0 61.7 39.0 8.8
Cascade R-CNN [1] | ResNet-50-FPN | ~1000x600 | 58.5 80.0 74.7 658 50.5 215
LTR [24] ResNet-50-FPN | ~1000x600 | 57.5  80.0 75.5 65.4 48.0 18.3
one-stage:
SSD300 [17] VGG-16 300x300 52.7 vr.6 727  61.0 40.9 11.4
YOLOv2 [21] Darknet-19 544 x 544 h3.7 78.6 T73.6 62.0 41.6 12.8
DSSD320 [5] ResNet-50 321x321 56.1 79.6 74.8 64.1  46.1 16.0
GloU [23] ResNet-50-FPN 300x300 55.3 784 T4.1 63.5 45.9 14.6
DIoU [30] ResNet-50-FPN 300300 55.8 78.9 746 64.0 46.2 15.5
RefineDet320 [28] VGG-16 320x320 54.7  80.0 74.2 63.5 43.3 12.2
DAFS320 [11] ResNet-101 320x 320 h8.7 81.0 76.3 66.9 49.2  20.0
TPNet320(Ours) ResNet-50 320x320 59.4 803 76.3 66.8 50.9 22.5
SSD512 [17] VGG-16 512x512 57.5 T79.8 T76.6 66.7 494 15.2
DSSD512 [5] ResNet-50 513x513 58.5 815 77.7 67.6 50.0 15.8
RefineDet512 [28] VGG-16 512x512 584 818 778 67.2  49.6 15.6
RetinaNet [14] ResNet-101-FPN | ~1000x600 | 59.3 81.1 77.2 67.5 504 20.1
DAFS512 [11] VCGG-16 512x512 594 82.4 78.2 67.6 509 18.0
TPNet512(Ours) ResNet-50 512x512 61.2 &1.7 78.0 69.3 53.0 24.0
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Object Detection

AExperiments on

MS COCO

Method Backbone FPS| AP AP:xy AP | APs APy  APp
two-stage:
Faster R-CNN [22] VGG-16 7 21.9 427 - - - -
Libra R-CNN [19] ResNet-101-FPN | 6.8 | 40.3 61.3  43.9 | 22 43.1 51.0
TridentNet [12] ResNet-101 2.7 | 427 63.6  46.5 | 23. 46.6 56.6
one-stage:
SSD300 [17] VGG-16 43 | 25,1 43.1 258 | 6.6 259 41.4
YOLOvV2 [21] Darknet-19 40 | 21.6  44.0 19.2 | 5.0 224 35.5
DSSD321 [5] ResNet-101 9.5 | 28.0 46.1 29.2 | 74 281 47.6
RefineDet320 [28] ResNet-101 - 32.0 51.4 342 | 105  34.7 50.4
DAFS320 [11] ResNet-101 - 33.2 527 357 | 109 351  52.0
TPNet320(Ours) ResNet-101 25.7 1 34.2 53.1 36.4 | 13.6 36.8 50.5
SSD512 [17] VGG-16 22 288 48,5 30.3 | 109 31.8 43.5
DSSD513 [5] ResNet-101 5.5 | 33.2 53.3 352 | 13.0 354 51.1
RefineDet512 [28] ResNet-101 - 36.4 57.5  39.5 | 16.6  39.9 51.4
DAFS512 [11] ResNet101 - 38.6 58.9 422 | 17.2 422 54.8
EFGRNet512 [18] ResNet-101 21.7 | 39.0 588 423 | 17.8 436 54.5
RetinaNet800 [14] ResNet-101-FPN | 5 39.1  59.1  42.3 | 21.8 42.7 50.2
GHM-C + GHM-R [10] | ResNet-101-FPN | 4.8 | 39.9 60.8 425 | 20.3 43.6 54.1
CornerNet [9] Hourglass-104 44 | 405  56.5 43.1 | 194  42.7 53.9
TPNet512(Ours) ResNet-101 13.9 | 39.6 58.5 428 | 20.5 453 53.3
TPNet5121 (Ours) ResNet-101 - 41.2 599 44.2 | 22.6 46.3 55.0
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Flaws of Object Detectors

Motivation
ALabels of a specific target domain are not free to use.

ALeveraging a related source domain is natural.

AExisting detectors (one stage vs. tatage) are not
transferable

Normal weather (source) Foggy weather (target)

Image degradation (noise, e.g. haze) has a clear impact on learning
91



Flaws of Object Detectors

Perspective of distribution mismatch

i Poly

Highquality detection  |Lowquality detection Highquality detection
(Faster RCNN) (FasterRCNN (Transfer Learning)

Z.He and L. Zhang, Multi -adversarial Faster RCNN for Unrestricted Object Detection,
ICCV, 2019. 92



Flaws of Object Detectors

Perspective of adversarial sample
A AttackYOL®r2 to fool surveillanceameras (Al is not safe).

Simen Thys, W.V. Ranst, Fooling automatic surveillance cameras: adversarial patches to
attack person detection, arXiv, 2019. 93



DomairadaptiveObjectDetection

DAF model based ob -divergence
1'11}11 dy (S, T) < maxmin{errs(h(x)) + erryr(h(x))}

f heH

1) Imagelevel alignment; 2)Instanekevel alignment

bounding box
(B)

ROl Pooling

(a) Faster R-CNN

Chen et al., Domain adaptive faster

i instance-level I ‘

cls. reg. ||

representation

consistenc
(B.1) Y

regularization

image-level

representation
(1

(b) Domain adaptation components

-rcnn for object detection in the wild, CVPR, 2018.
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DomairadaptiveObjectDetection
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AMultiple GRLs for adversarial domain adaptation

Z.He and L. Zhang, Multi -adversarial Faster RCNN for Unrestricted Object Detection, ICCV, 2019.
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DomairadaptiveObjectDetection

' ¢ C Y2 Réf 7\y 9/ £ QHAN Out of control

. 4 2em 4 -~
er(h) < és(h) + \/— (dlog 2 4 log 5) + dy(Ds, Dr) +{x

d

f
Unlabeled target data

e & Target
Img
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5
Larp = Lper + A(Lr—pac+ Y LE pac)
k=3

Z. He and L. Zhang, Domain Adaptive Object Detection via Asymmetric Tri-way Faster-RCNN, ECCV, 2020.
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DomainadaptiveObjectDetection

Experiments on crosdomain detection

Table 1. The cross-domain detection results from Cityscapes to Foggy Cityscapes.

Methods person rider car truck bus train mcyclebcycle|| mAP
(Faster-RCNN 241 331 343 41 223 3.0 153 26.5 || 20.3 |
DAF(CVPR'18) [4] | 25.0 31.0 40.5 22.1 353 20.2 20.0 27.1 || 27.6
MAF(ICCV’19) [17] | 28.2 39.5 439 238 399 333 29.2 339 | 34.0
Strong-Weak [31] 29.9 423 435 245 36.2 32.6 30.0 353 | 34.3
D&match [22] 30.8 405 443 272 384 345 284 322 || 346
NL /w res101 [20] 35.1 422 492 30.1 453 27.0 26.9 36.0 || 36.5
SCL [35] 31.6 44.0 448 30.4 41.8 40.7 33.6 36.2 || 379
ATF(1-block) 33.3 43.6 44.6 24.3 39.6 105 27.2 35.6 || 32.3
ATF(2-blocks) 34.0 46.0 49.1 264 46.5 14.7 30.7 37.5 || 35.6
ATF (ours) 34.6 47.0 50.0 23.7 43.3 387 334 38.8| 38.7
ATFEF* 34.6 46.5 49.2 235 43.1 29.2 332 39.0 || 37.3

18% improvement with transfer learning
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DomainadaptiveObjectDetection

Experiments on crosdomain detection

Table 2. The results of domain adaptive object detection on Cityscapes and KITTT.

Tasks [Faster-RCNN|DAF [4] |MAF [17] |S-W [31] |SCL [35] |ATF(ours)
K to C |30.2 38.5 41.0 37.9 41.9 42.1
Cto K |53.5 J N 721 710 27 73.5

12% and 20% improvement with transfer learning




DomainadaptiveObjectDetection

Experiments on crosdomain detection

Table 3. The cross-domain detection results from Pascal VOC to Clipart.

Methods | aero bike bird boat bottle bus car cat chair cow |
( Faster-RCNN 35.6 52.5 24.3 23.0 20.0 43.9 32.8 10.7 30.6 11.7)

DAF [4] 150 346 124 11.9 19.8 21.1 232 3.1 221 26.3

BDC-Faster 202 464 204 193 187 41.3 265 6.4 33.2 11.7

WST-BSR [21] 280 645 239 19.0 219 64.3 43.5 164 42.2 259
Strong-Weak [31]| 26.2 48.5 32.6 33.7 385 54.3 37.1 18.6 34.8 583

MAF [17] 38.1 61.1 25.8 43.9 40.3 41.6 40.3 9.2 37.1 484

SCL [35] 44.7 50.0 33.6 27.4 42.2 556 38.3 19.2 37.9 69.0

ATF (ours) 41.9 67.0 274 36.4 41.0 485 42.0 13.1 39.2 75.1

Methods |table dog horse mbike prsn plant sheep sofa train tv |111AP
( Faster-RCNN 13.8 6.0 36.8 459 487 41.9 16.5 7.3 229 32.0[27.8)

DAF [4] 106 10.0 19.6 394 346 293 1.0 17.1 19.7 248 |19.8

BDC-Faster 260 1.7 36.6 41.5 37.7 44,5 106 204 33.3 155 |25.6

WST-BSR [21] 305 7.9 255 67.6 545 364 10.3 31.2 57.4 435 |35.7
Strong-Weak [31]| 17.0 12.5 33.8 65.5 61.6 52.0 9.3 249 54.1 49.1|38.1

MAF [17] 242 134 36.4 527 57.0 52,5 18.2 243 329 393 |36.8
SCL [35] 30.1 26.3 344 67.3 61.0 479 214 26.3 50.1 47.3 |41.5
ATF (ours) 33.4 79 41.2 56.2 614 50.6 42.0 25.0 53.1 39.1 [42.1

14% improvement with transfer learning »



Open Issue

Something YolMay Concern:

Q: Does degradation remova8lELFODbject Detection and Image Classification
(e.g.,dehazing?
View 1 New research finds thatehazeDOES NOhelpobject detectionand

Image classificationThereason is thatlehazedoes not add NEW information
beneficial to higHevel tasks.

Groundtruth 5 dehazingnodels

B [AZ 2d wSYy> 50 CdzZ 5¢ ¢l 23 5¢ CDEBAnpAdBeydBiy I T v
IEEHTans. Image Processirif)19.

Y. Pei,Y Huang,Q. Zou,X Zhang S Wang,d 9 T FoSr@egebDegradatiorand DegradationRemovato CNN
basedimage/ f I & & A TEEEDang PageyAndlysisand Machinelntelligence 2019 100



Open Issue

Something YolMay Concern:

Q: Does degradation remova8lELFODbject Detection and Image Classification
(e.g.,dehazing?
View 2 Adversarial samples.

Panda noise Gibbon
(99.3% confidence)

EkinDogusCubuk BarretZoph Samuel SterischoenholzQuocV. Le Intriguing

Properties of Adversaridlxamples
Szegedt al, DeepNeural Networks are Easily Fooled: High Confidence Predictions

. 101
for Unrecognizable Images 0



https://openreview.net/profile?email=cubuk@google.com
https://openreview.net/profile?email=barretzoph@google.com
https://openreview.net/profile?email=schsam@google.com
https://openreview.net/profile?email=qvl@google.com
https://link.zhihu.com/?target=https://arxiv.org/pdf/1312.6199.pdf

Semantic Segmentation

Lowerlevel prediction (pixellevel):
A Semantic segmentation needs pitelellabeling
ATransfer from synthetic domain to real domain.

From Computer game From Cityscapes

Du et al. SSBAN Separated Semantic Feature based Domain Adaptation
Networkfor Semantic Segmentation, ICCV 2019.



