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Fine-tune is all you need

ÅTransfer learning has been a widely used technique 
in a wide spread of applications.

ÅIn deep learning era, you may hear from about the 
άŦƛƴŜ-ǘǳƴŜέ ǘŜŎƘƴƛǉǳŜ ŦƻǊ Řƻǿƴ-stream tasks.
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Fine-tune (transferable training) model/network is a key step



A Revisit of Machine Learning

ÅMachine learning is a modeling technique with 
statistics for parameters estimation of unknown fun.

ÅTo 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(x)

ÅA learning problem to be solved is how to find f(.)?

ÅMany learning techniques from shallow to deep.

ÅGradient descent based techniques.
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A Revisit of Machine Learning

ÅTo find a feasible (optimal) mapping (solution) f(.), 
machine learning is transformed to an optimization
technique.

ÅA general optimization (minimization) problem of 
learning is,

ÅR[.] is the expectedrisk defined by the loss function 
with input (X,y) sampled from a probabilistic 
distribution Prand parameter ɗof f(.)

ÅPrshould be an independent identical distribution (i.i.d.)
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A Revisit of Machine Learning

ÅHowever, due to the infinite space of the data 
distribution, we can only have a subsetof the data 
(training data).

ÅSo, the expected risk minimization is transformed 
into an empiricalrisk optimization problem,

Åm is the size (number) of the finite training subset 
sampled from the distribution Pr.
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A Revisit of Machine Learning

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

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

Åɋ[ɗ] is the regularization on model parameters.

ÅRegularization plays a vital role in ML fields.
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A Revisit of Machine Learning

ÅGeneralization is the final objective of ML task.

ÅThe optimized parameter ɗof the mapping 
function f (.) on a training subset sampled from Pr
should have generalizationability on a test subset 
sampled from an i.i.d. distribution PrΩΦ

ÅThe expected risk of a test subset is estimated by

Åɗis the solved parameters with training subset.
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A Revisit of Machine Learning

ÅOkay, now we can have a view of a general machine 
learning framework with problem definition, data 
collection, model selection and evaluation protocol.
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Problem Train

Data

Model Test
Alg. Para.

70% (50%train+20%cv)

30% (testing)



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

ÅReally?

ÅMachine learning modeling should also have some 
conditions.
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So angry but keep smiling

A Revisit of Machine Learning



ÅFor learning a classifier/predictor based on (X, y), 
you should first have labely.

ÅActually, data collection is sometimes expensive, 
but label is more expensive and needs cost-
ineffective manual power.

Å!ƴ ƛŘŜŀ ƛǎ ǘƻ άborrowέ ǘƘŜ ǎǳŦŦƛŎƛŜƴǘƭȅ ƭŀōŜƭŜŘ Řŀǘŀ 
from another domain.

ÅChinese idioms :ά έ--ʁ ʂ
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Label problem is solved, so is it now okay? No!

Label is all you need



Probably Approximate Correct(PAC)

ÅPAC theory is an important basis of statistical ML.

ÅPAC refers to three basic problems,

Å1) Sample complexity: learning a hypothesis h 
needs a reasonablenumber of samples;

Å2) Computational complexity: learning a 
hypothesis hneeds a reasonablecomputation 
complexity;

Å3) Learning reliability: the hypothesis h has a low 
error rate (empirical risk) on training set S, and a 
high success rate on a random test sample x. 
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Probably Approximate Correct(PAC)

ÅError rate on training set (can be accurately calculated)

ÅFailure rate on a random test sample (to be estimated)

ÅDefinition of PAC: 
A problemcan be learnable if and only if the learner can 
output a hypothesis with arbitrary low error rate in 
arbitrary high probability, by using a reasonablenumber 
of dataand reasonable computation complexity.
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Probably Approximate Correct(PAC)

ÅA figure to describe PAC

ÅA prior assumption is the i.i.d. condition.

ÅThe training set and test sample should be sampled 
from an independent identical distribution (i.i.d.)
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A Preliminary of Transfer Learning

Problem definition:

Given a target task (DT) without labels (few labels), for 
learning a reliable predictor/classifier on domain DT, 

Not feasible?

ÅA sufficiently labeled, semantic related but 
distribution differentsource task (DS) is leveraged as 
auxiliary training data.

ÅTwo key points:

1) Overcomes the label deficiency problem;

2) But introduces  non i.i.d. problem between DT and DS
16



A Preliminary of Transfer Learning

Differences from semi-supervised learning (i.i.d.)

ÅMarginal distribution

ÅLabel space

1) Smooth assumption: data is distributed with different 
density and two samples in high density have same labels;

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

3) Manifold assumption: data has a low-dimensional 
manifold and two samples in local neighbor have same 
labels.
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A Preliminary of Transfer Learning

Differences from semi-supervised learning (i.i.d.)
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(a) Smoothnessassumption   (b) Clusterassumption    (c) Manifold assumption



A Preliminary of Transfer Learning

Toy Examples: 

Semantic related but distribution different tasks
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Computer Vision
(image classification)

Natural Language Processing
(translation)

Text Recognition

Behavior learning skills (domain common knowledge )



A Preliminary of Transfer Learning

Mission and Objective:

Transfer learning is solving a class of uncommon 
machine learning problems, i.e. label deficiency and 
probabilitydistribution discrepancy.

Revisit the expected risk of test data:

If Pr=PrΩ όi.i.d. for traditional ML), 

Else, the trained model is not transferable to test.
20



A Preliminary of Transfer Learning

Scenarios of non i.i.d.:
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Text Text

Image Text

Image Image

Data of Heterogeneity
(language, blur, etc.)

Data of Heterogeneity
(Media, modality)

Data of Heterogeneity
(background, viewpoint, pose

, modality, etc.)



A Preliminary of Transfer Learning

Weak Learning:

¢ƘŜ ŎƻƴŎŜǇǘ ƻŦ άǿŜŀƪ ƭŜŀǊƴƛƴƎέ ƻǊƛƎƛƴŀǘŜǎ ŦǊƻƳ ǘƘŜ 
era of Boosting and AdaBoost(30 years ago).

Amazingly, the past άǿŜŀƪ ƭŜŀǊƴƛƴƎέ ƛǎ ŜǉǳƛǾŀƭŜƴǘ ǘƻ 
άǎǘǊƻƴƎ ƭŜŀǊƴƛƴƎέΦ In a word,

άA problem can be weak-learned if and only if it can 
be strong-learnedΦέ

Currently, the weak learning is really a weak problem 
rather than a strong problem.
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A Preliminary of Transfer Learning

Weak Learning:

1. Weakly-supervised learning (ZhihuaZhou, 2018)-
incomplete, inexact, inaccurateof labels

2. Transfer learning (Pratt L.Y., 1991; QiangYang, 2010)

3. Domain adaptation (ShaiBen-David, 2006)

p.s. Transfer learning and domain adaptation hold the 
same perspective for common knowledge learning 
between different domains.

In this tutorial, alternated usage of both names (TL vs. 
DA) frequently happens.
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A Preliminary of Transfer Learning

History of Transfer Learning (1990s-2020s):
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1991
(bud)

2006
(milestone)

2015
(milestone)

2020s
(mature)

Explosion periodBoom periodBudding period

Pratt L. 
(Neural network) Ben-David et al.

(Domain adaptation theory)

2010
(milestone)

Pan S.J. andYang Q. (Survey on Transfer learning)
Saenkoet al. (Visual domain adaptation)

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 (1991-1993, bud):

hǊƛƎƛƴŀƭƭȅΣ ǘƘŜ άǘǊŀƴǎŦŜǊέ ŎƻƴŎŜǇǘ ǿŀǎ ǇǊƻǇƻǎŜŘ ōȅ [Φ¸Φ tǊŀǘǘ ƛƴ 
1991 (AAAI) and 1993 (NIPS) between neural networks.

ÅL. Pratt, J. Mostow, and C. Kamm, Direct transfer of learned information 
among neural networks, AAAI, 1991.

Å[Φ tǊŀǘǘΣ ά5ƛǎŎǊƛƳƛƴŀōƛƭƛǘȅ-based transfer between neural networksΣέ 
in NIPS, 1993.
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A Preliminary of Transfer Learning

History of Transfer Learning (1991-1993, bud):
ÅL. Pratt, J. Mostow, and C. Kamm, Direct transfer of learned information 

among neural networks, AAAI, 1991.

ÅMotivation: άƘƻǿ to use information from one neural network to help 
a second network learn a related ǘŀǎƪέ. 

ÅFocus: άƭŜŀǊƴƛƴƎ on a target problem is sped up by using the weights 
obtained from a network trained for a related source ǘŀǎƪέ

Å[Φ tǊŀǘǘΣ ά5ƛǎŎǊƛƳƛƴŀōƛƭƛǘȅ-based transfer between neural networksΣέ 
in NIPS, 1993.
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A Preliminary of Transfer Learning

History of Transfer Learning (2006-2015, milestone):
Å15 Years later, in 2006, Shai Ben-David 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.

27

Ben-David, S., Blitzer, J., Crammer, K., & Pereira, F. (2006). Analysis of 
representations for domain adaptation. In: Advances in neural information 
processing systems



A Preliminary of Transfer Learning

History of Transfer Learning (2006-2015, milestone):
Åin 2010, QiangYang from Hong Kong University of Science and 

Technology, published the first survey on transfer learning.

Åin 2010, Kate Saenkofrom UC Berkeley published the first paper on 
domain adaptation, in ECCV, a top computer vision conference.

Åfrom 2010-2015, a number of papers on transfer learning and domain 
adaptation were published.

ÅIn this period, a number of classical TL/DA models and 
algorithms in classifiers and featuresare emerged.
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{Φ WΦ tŀƴ ŀƴŘ vΦ ¸ŀƴƎΣ ά! ǎǳǊǾŜȅ ƻƴ ǘǊŀƴǎŦŜǊ ƭŜŀǊƴƛƴƎΣέ IEEE Trans. Knowledge 
and Data Engineering, vol. 22, no. 10, pp. 1345ς1359, 2010.
K. Saenko, B. KulisΣ aΦ CǊƛǘȊΣ ŀƴŘ ¢Φ 5ŀǊǊŜƭƭΣ ά!ŘŀǇǘƛƴƎ visual category models to 
ƴŜǿ ŘƻƳŀƛƴǎΣέ ƛƴ 9//±Σ нлмлΦ



A Preliminary of Transfer Learning

History of Transfer Learning (2015-now, explosion):
Deep transfer learning and deep domain adaptation era. 

Åin 2012, BengioY. published one paper on deep learning for transfer 
learning, in JMLR

Åin 2014Σ 5ƻƴŀƘǳŜ Ŝǘ ŀƭΦ ǇǊƻǇƻǎŜǎ άfine-tuneέ ǘǊŀƴǎŦŜǊ ǎǘǊŀǘŜƎȅ ŦǊƻƳ ŀ ǇǊŜ-
trained convolutional neural network and published in ICML 2014.

ÅFine-tunehas become a generic transfer learning strategy in many 
applications, such as medical image, remote sensing image, etc. 
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Y. BengioΣ ά5ŜŜǇ ƭŜŀǊƴƛƴƎ ƻŦ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴǎ ŦƻǊ unsupervised and ǘǊŀƴǎŦŜǊ ƭŜŀǊƴƛƴƎΣέ 
JMLR, vol. 27, pp. 17ς37, 2012.
J. Donahue, Y. Jia, O. Vinyals, J. Hoffman, N. Zhang, E. Tzeng, and ¢Φ 5ŀǊǊŜƭƭΣ ά5ŜŎŀŦΥ ! 
deep convolutional activation feature for ƎŜƴŜǊƛŎ Ǿƛǎǳŀƭ ǊŜŎƻƎƴƛǘƛƻƴΣέ ƛƴ L/a[Σ нлмпΦ



A Preliminary of Transfer Learning

History of Transfer Learning (2015-now, explosion):
Fine-tune based deep transfer learning application: 

30

Large-scale Visual Recognition Challenge

ImageNet 

Science 2017, Stanford Univ. 

ImageNet
1.4 million

VGGNet(Oxford 
Univ.)

Satellite Images
(330,000 images)

Pre-train Fine-tune

Poverty prediction



A Preliminary of Transfer Learning

History of Transfer Learning (2015-now, explosion):
Deep convolutional network adaptation for transferable representation. 

Åin 2015, Long et al. firstly published one paper on deep network 
adaptationbased on MMD optimization.

Åin 2015, Ganinet al. firstly proposed adversarial domain adaptation by 
using a gradient reversal layer for minimax optimization.

Åin 2015, Tzenget al. proposed deep adversarial transfer by solving a 
minimax gaming optimization as GAN.
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M. Long, Y. Cao, J. WangΣ ŀƴŘ aΦ LΦ WƻǊŘŀƴΣ ά[ŜŀǊƴƛƴƎ transferable features with deep 
ŀŘŀǇǘŀǘƛƻƴ ƴŜǘǿƻǊƪǎΣέ ƛƴ L/a[Σ 2015.
Y. Ganinand V. LempitskyΣ ά¦ƴǎǳǇŜǊǾƛǎŜŘ ŘƻƳŀƛƴ adaptation by ōŀŎƪǇǊƻǇŀƎŀǘƛƻƴΣέ ƛƴ 
arXiv, 2015.
E. Tzeng, J. Hoffman, T. Darrell, and K. SaenkoΣ άSimultaneous deep transfer across 
ŘƻƳŀƛƴǎ ŀƴŘ ǘŀǎƪǎΣέ L//±Σ ǾƻƭΦ олΣ ƴƻΦ 31, pp. 4068ς4076, 2015.
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Concept

What is transfer learning (cross-modal face recog.)?

33

Task A
Knowledge

Task B

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

Related but different domain

ὖὃ ὖὄ



Concept

What is transfer learning (handwritten digits recog.)?
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Task A Task B

Space A Space B

Knowledge
Task A 

(MNIST)

ὖὃ ὖὄ

Task B 

(USPS)



Concept

What is transfer learning (computer vision)?

35

Object detection, segmentation and classification

(domain shift)
ὖίέόὶὧὩὖὸὥὶὫὩὸ

ὖίέόὶὧὩ

ὖὸὥὶὫὩὸ
Visual perception in foggy weather

(domain shift)



Concept

What is transfer learning?

Transfer learning or domain adaptation is leveraging a 
sufficiently labeled, distribution different but semantic related 
source domain for training and recognizing target domain 
samples.

36

Labeled source 
domain

Unlabeled/Few-
labeled target domain

Models and 
algorithms

Unlabeled target 
domain

Model 
parameters



Theory

Why are transfer learning models or algorithms 
effective and reliable?

In other words, how to guarantee the models or 
algorithms to have low generalization error on target 
data?

Ben-David Shai et al. induced a generalization bound 
of domain adaptation, which is widely used as a 
theoretical guidance for models and algorithms.

37

Ben-David, S., Blitzer, J., Crammer, K., & Pereira, F. (2006). Analysis of 
representations for domain adaptation. In: Advances in neural information 
processing systems



Theory

Shai Ben-5ŀǾƛŘΩǎ ƎŜƴŜǊŀƭƛȊŀǘƛƻƴ ōƻǳƴŘ ǘƘŜƻǊŜƳΥ

ÅTo be simple, the expected target error ‭ Ὤ is 
bounded as (proof based on triangular inequality is 
removed)

Å꞊ is the set of hypothesis.

ÅThe upper bound of ‭ Ὤ consists of four terms.

38

Ben-David, S., Blitzer, J., Crammer, K., & Pereira, F. (2006). Analysis of representations 
for domain adaptation. In: Advances in neural information processing systems



Theory

Shai Ben-5ŀǾƛŘΩǎ ƎŜƴŜǊŀƭƛȊŀǘƛƻƴ ōƻǳƴŘ ǘƘŜƻǊŜƳΥ

ÅǶ‭ Ὤ is the source error, Ὠ꞊ ꜠ȟ꜠ is the 
꞊ divergence and ‗is the combined error of an 
ideal hypothesis Ὤᶻ.

1)

2)                                                         

3)

39

Ben-David, S., Blitzer, J., Crammer, K., & Pereira, F. (2006). Analysis of representations 
for domain adaptation. In: Advances in neural information processing systems



Theory

From ֿכ-divergence to ֿכЎֿכ-divergence

ÅFor a hypothesis space ꞊, the symmetric difference 
hypothesis space ꞊Ў꞊ is defined.

Åwhere ̀ is the XOR function. In words, every hypothesis
Çɴ ꞊Ў꞊ is the set of disagreementsbetween two 
hypotheses Ὤ, Ὤ in ꞊ ,

40

Ben-David, S., Blitzer, J., Crammer, K., & Pereira, F. (2010). A theory of learning from 
different domains. In: Machine Learning, 79, 151-175.



Theory

Shai Ben-5ŀǾƛŘΩǎ ƎŜƴŜǊŀƭƛȊŀǘƛƻƴ ōƻǳƴŘ ǘƘŜƻǊŜƳΥ

Essence of domain adaptation:

ÅA minimax problem

41

Ben-David, S., Blitzer, J., Crammer, K., & Pereira, F. (2010). A theory of learning from 
different domains. In: Machine Learning, 79, 151-175.

min

maximization 

View 1:

View 2:



Theory

Question: 

Does Shai Ben-5ŀǾƛŘΩǎ domain adaptation theory 
really guarantee the success of transfer learning?

Not always! It is conditional.
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Theory

When does transfer learning not work?

ÅTheorem 1: Necessity of small Ὠ꞊ ꜠ȟ꜠ .

ÅTheorem 2: Necessity of small      (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.

43

Ben-David, S., LuuT., Lu T. and Pal D. (2010). Impossibility Theorems for Domain 
Adaptation. In: AISTATS.



Distribution Difference Measure

Distribution alignment is the key part of transfer 
learning. 

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

ÅMMD (Maximum Mean Discrepancy) (GrettonŜǘ ŀƭΦ bLt{ΩлсΣ 
bLt{ΩлфΣ Wa[wΩмн)

ÅHSIC (Hilbert Schmidt Independence Criterion) (Grettonet al. 
![¢ΩлрΤ ¸ŀƴ Ŝǘ ŀƭΦ ¢/¸.ΩмтΣ ²ŀƴƎ Ŝǘ ŀƭΦ L//±ΩмтΣ /w¢[)

ÅBregmandivergence ({ƛ Ŝǘ ŀƭΦ ¢Y59ΩмлΣ ¢{[)

ÅMoment statistics (HerathŜǘ ŀƭΦ /±twΩмтΣ L[{Τ {ǳƴ Ŝǘ ŀƭΦ 
ŀǊ·ƛǾΩмтΣ /hw![Τ tŜƴƎ Ŝǘ ŀƭΦ L//±Ωмф)
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Distribution Difference Measure

Maximum Mean Discrepancy (MMD)

ÅGrettonŜǘ ŀƭΦ bLt{ΩлсΣ bLt{ΩлфΣ Wa[wΩмн ŦǊƻƳ atLΣ DŜǊƳŀƴȅ 
proposed MMD. A non-parametricstatistic for testing 
whether two distributions are different.

Å.ȅ ǳǎƛƴƎ ǎƳƻƻǘƘ ŦǳƴŎǘƛƻƴǎ άRichέ ŀƴŘ άRestrictiveέΦ

1. MMD(p,q) vanishes if and only if p=q.

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

ÅIn MMD, the unit balls in universalreproducing kernel 
Hilbert space are used as smooth functions. 

ÅGaussian and Laplacian kernels are proved to be universal.
45



Distribution Difference Measure

Maximum Mean Discrepancy (MMD)

46http://www.gatsby.ucl.ac.uk/~gretton/mmd/mmd.htm

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

Arbitrary Function Space:

RKHS:



Distribution Difference Measure

Maximum Mean Discrepancy (MMD)

If f(x)=x, MMD is a first-order moment statistic;

If f(x)=x2, MMD is a second-order moment statistic;

ÅMoment match does not guarantee the distribution similarity.

ÅSo, MMD can measure the discrepancy in arbitrary function space.

47http://www.gatsby.ucl.ac.uk/~gretton/mmd/mmd.htm

Arbitrary Function Space:



Theory---->Algorithm

ÅInduced by the generalization bound theory, a 
number of models and algorithms are emerged, by 
focusing on three key points.

1) Source error 

2) Domain discrepancy

3) Combined error

48



Algorithm

How to design TL/DA models and algorithms?

ÅA taxonomy:

49

TL/DA models and 
algorithms

Semi-supervised Unsupervised

Labeled 
source data

Partialtarget 
labels 

Labeled 
source data

Notarget 
labels

Instance 
reweighting

Classifier 
adaptation

Feature 
adaptation

Deep 
transfer

Adversarial 
transfer

2007 2018



Algorithm
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Algorithm progress in the past 15 years



Algorithm

51

Lei Zhang and XinboGao,
Transfer Adaptation Learning: A 
Decade Survey, arXiv2019.



Algorithm
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Principle of Instance Re-weighting (Jiang and Zhai, ACL 
2007; Huang et al. NIPS 2007):

ÅRevisit the expected risk of test set in PrΩΥ

ÅIf Pr=PrΩΣ ƛǘ ŘŜƎŜƴŜǊŀǘŜǎ ǘƻ ǘƘŜ ǘǊŀŘƛǘƛƻƴŀƭ a[Τ
Otherwise, we let their ratio between them be

ÅThen, the regularized empirical risk becomes: 

Å‍ is the re-weighting coefficient w.r.t. sample i.



Algorithm
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Principle of Instance Re-weighting (Jiang and Zhai, ACL 

2007; Huang et al. NIPS 2007):

ÅKernel mapping based re-weightingand reduces 
the domain discrepancy:

ÅSimilarly, re-weighted maximum mean discrepancy



Algorithm
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Principle of Classifier Adaptation (Yang et al. ACM MMô07; 
Duanet al. CVPRô12, TPAMIô12; Wang et al. ACM MMô18): 

ÅLearn a common classifier on source domain, by leveraging a few 
labeled/ unlabeled target samples from target domain

ÅAssumption: There exists a delta function between the auxiliary 
classifier (source) fa and the new classifier (target) f.

Standard SVM
ASVM

Adaptive SVM



Algorithm
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Principle of Classifier Adaptation (Yang et al. ACM MMô07; 
Duanet al. CVPRô12, TPAMIô12; Wang et al. ACM MMô18): 

ÅWith similar idea, from SVM to MKL (multi-kernel learning):

ÅIntroduces the domain discrepancy

ÅAdaptive MKL (AMKL)



Algorithm
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Principle of Classifier Adaptation (Yang et al. ACM MMô07; 
Duanet al. CVPRô12, TPAMIô12; Wang et al. ACM MMô18): 

Representative work (zero padding feature augmentation, 
low-rank solutionanddelta function):
ː DauméLLLΣ Ŝǘ ŀƭΦ !/[ΩлтόCǊǳǎǘǊŀǘƛƴƎ 9ŀǎȅ !ŘŀǇǘŀǘƛƻƴΣ 9!ύ
ˑ [ƛΣ Ŝǘ ŀƭΦ ¢t!aLΩмп όIC!ύ

Examples in Re-ID (WeiShiZheng and JianhuangLai):
Å View-specific transform for Re-L5 όLW/!LΩмрΣ ¢t!aLΩмуύ
Å Deep zero padding

kernelize



Algorithm
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Principle of Classifier Adaptation (Yang et al. ACM MMô07; 
Duanet al. CVPRô12, TPAMIô12; Wang et al. ACM MMô18): 

Representative work (zero padding feature augmentation, 
low-rank solutionanddelta function):
Ƙ LiΣ Ŝǘ ŀƭΦ ¢t!aLΩму ό[w9-SVMs)
ƙ ZhangΣ Ŝǘ ŀƭΦ L999 {ŜƴǎΦΩмт όaCY{ύ

ƚ JoachmisΣ L/a[Ωмффф ό¢-SVM)
ƛ¸ŀƴƎΣ Ŝǘ ŀƭΦ !/a aaΩлт όASVM)
Ɯ DuanΣ Ŝǘ ŀƭΦ ¢t!aLΩмн ό!aY[ύ
Ɲ Duan, et al. ¢t!aLΩмо ό5¢{±a, DTMKL)

Ὑ ὡȟὰὢȟὢȟὡ Ὑ ύȟὰὢȟὢȟύ

Ҍ ύȟύȟỄȟύ ᶻ
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Principle of Feature Adaptation:

ÅSubspace unification (tŀƴ Ŝǘ ŀƭΦ ¢Y59ΩмлΤ ¢bb[{ΩммΤ 
IƻŦŦƳŀƴ Ŝǘ ŀƭΦ LW/±ΩмпΤ KanŜǘ ŀƭΦ LW/±Ωмп)

ÅManifold alignment (GopalanŜǘ ŀƭΦ L//±ΩммΣ {DCΤ DƻƴƎΣ Ŝǘ ŀƭΦ 
/±twΩмнΣ DCYΤ CŜǊƴŀƴŘƻΣ Ŝǘ ŀƭΦ L//±ΩмоΣ {!)

ÅFeature reconstruction/representation (JhuoΣ Ŝǘ ŀƭΦ /±twΩмнΣ 
w5![wΤ {ƘŀƻΣ Ŝǘ ŀƭΦ LW/±ΩмпΣ [¢{[Τ ½ƘŀƴƎ Ŝǘ ŀƭΦ ¢LtΩмсΣ [{5¢Τ 
·ǳ Ŝǘ ŀƭΦ ¢LtΩмсΣ 5¢{[)
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VSubspace unification:

ÅGeneral paradigm (domain-common/shared subspace 
learning)

Ὑ ἥȟὰὢȟὢȟἥ Ὑ ἥȟὰὢȟὢȟἥ +ɱἥ

Marginal distribution consistency

Conditional distribution consistency

ὖ‰ὢ ὖ‰ὢ

ὖ‰ὢ ȿώ ὖ‰ὢ ȿώ ȟὭ ρȟỄȟὅ

Source Target

Source Target
ÅW is a transformation matrix.
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VManifold alignment:

ÅGeneral paradigm (learn mapping)

SGF
find some intermediate representation 

along the geodesic path

GFK
construct kernels along the geodesic path to

model the domain shift by using infinite subspaces
G is a positive semi-definite mapping matrix

M

SA
learn the linear mapping M that makes the subspace closer
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VFeature reconstruction:

ÅGeneral paradigm (low-rank/sparse coding)

ÍÉÎ
ȟȟ
Ὂὡ ᴘὤ ɱὉ

s.t.Ὢὢ Ὢὢ ὤ Ὁ

F(.) is subspace learning fun.
f(.) is transformation fun.

LRR: strength (better locality of data, block-wise structure, neighbor to neighbor reconstruction )
weakness (strong assumption of independent subspaces and sufficient data, easy to get trivial solution)
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VFeature reconstruction:

ÅGeneral paradigm (low-rank/sparse coding)

Å1) domain-shared dictionary

Å2) domain-specific dictionary

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

For a better basis:
Domain adaptive dictionary (Rama ChellappaΦ /±twΩмоΣ {55[ύ
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Principle of Deep Network Adaptation:

ÅFine-tune is a kind of intuitive and data-driven transfer 
learning method, which depends on pretrainedmodels with 
task-specific source database (e.g., ImageNet)

Model-driven

Fine-tune
Domain discrepancy 

minimization
Domain 

confusion

Data-driven Model-driven

ImageNet

Deep transfer

fl fl ὢȟὣ ᴘ ὛȟὝ fl fl ὢȟὣ fl ὛȟὝ

Pre-train
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Deep network with discrepancy alignment:

ÅLearn general feature representation with domain 
discrepancy minimizationin supervised manner 
(TzengΣ ŀǊ·ƛǾΩмпΤ [ƻƴƎ Ŝǘ ŀƭΦ L/a[ΩмрΣ bLt{ΩмсΤ Yan, et al. 

/±twΩмтΤ RozantsevŜǘ ŀƭΦ /±twΩму)
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Domain confusion:

ÅLearn general feature representation with domain 
confusion/domain alignment (AjakanŜǘ ŀƭΦ bLt{ΩмпΣ 

DANN; TzengŜǘ ŀƭΦ L//±ΩмрΣ 55/Τ MurezŜǘ ŀƭΦ /±twΩму)

Softmaxcross-entropy loss

Goal: learning domain-invariant representation

Source

Target



Algorithm

66

Principle of Deep Adversarial Adaptation:

ÅLearn feature generation model with domain 
confusion (Ganinet al. JMLRô16; Tzenget al. CVPRô17, ADDA;  

Chen et al. CVPRô18, RAAN; Saito et al. CVPRô18, MCD; Pinheiro, 
CVPRô18 )

ÅThis kind of models are approaching the minimaxessence of 
domain adaptation.

min

maximization 

View 1:

View 2:
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Principle of Deep Adversarial Adaptation:

Gradient reversal layer for adversarial domain adaptation

ÍÉÎ
ᶰ꞊
ὩὶὶὬὼ ÍÁØὩὶὶὬὼ

S T

Aligned (confusion)

h(x)
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Principle of Deep Adversarial Adaptation:

ADDA

Adversarial Discriminative 

Domain Adaptation

RAAN

Re-weighted Adversarial 

Adaptation Network

MCD

Maximize Classifier 

Discrepancy
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NEW DIRECTIONS/TOPICS in TL/DA:

VCategory shift problem (catastrophic misalignment)

UniDA(sample-level weighting idea based on entropy and 
uncertainty) to simultaneously solve partial and open-setDA.

VInaccuracy of Target pseudo-labels

Clusteringbased idea and Progressive training.

VMulti -source DA

Aggregate multiple sources to one source domain, +DA.

VSource-free DA

Source data is unseen (data privacy), and you can only access 
the source pre-trained model. Essence: Parameter transfer.

VDomain generalization

VΧΧ
This will be introduced in another slides, plswait in patience
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Transfer Learning + X
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ÅApplication fields (machine learning related AI topics)

1) Computer vision

2) Natural language processing

3) Big data analysis

4) Smart instruments 

5) Medical image analysis

6) Remote sensing

7) Χ

Computer 
Vision

Image 
classification

Object 
detection

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

ÅCross-domain multi-class classification is standard protocol.

Domain 1 (Sketch)

Domain 2 (Painting)

Domain 3 (Cartoon)

Domain 4 (Photo)

dog elephant giraffe gitar horse house person
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Benchmark Datasets

ÅOffice-31 (3DA, 3 domains, 31 classes, 4652 images)

ÅOffice+Caltech-10 (4DA, 4 domains, 10 classes, 2533 images)

ÅMNIST+USPS(3 domains, 10 classes, 67291 images)

ÅMulti-PIE(5 domains, 68 ids,41368 faces)

ÅCOIL-20 (2 domains, 20 classes, 1440 images)

ÅMSRC+VOC2007(2 domains, 6 classes, 9000+images)

ÅIVLSC(4 domains, 5 classes, 15000+images)

ÅOffice-Home(4 domains, 65 classes, 15500 images)

ÅImageCLEF(3 domains, 12 classes, 1800 images)

ÅP-A-C-S(4 domains, 7 classes, ~10000 images)

ÅVisDA(2 domains, 12 classes, 280000 images)
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SoTAPerformance

Cross-domain classification accuracy on Office-Home (Resnet-50 backbone)

S. Wang and L. Zhang, ά{ŜƭŦ-adaptive Re-ǿŜƛƎƘǘŜŘ !ŘǾŜǊǎŀǊƛŀƭ 5ƻƳŀƛƴ !ŘŀǇǘŀǘƛƻƴΣέ IJCAI, 2020.
[ƻƴƎΣ Ŝǘ ŀƭΦ ά/ƻƴŘƛǘƛƻƴŀƭ !ŘǾŜǊǎŀǊƛŀƭ 5ƻƳŀƛƴ !ŘŀǇǘŀǘƛƻƴΣέ NeurIPS, 2018.
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SoTAPerformance

Cross-domain classification accuracy on Office-31, ImageCLEF(Resnet-50 backbone)

Classification accuracy on MNIST-USPS
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Domain adaptive/transferable feature visualization
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Definition of a detection task

ÅImage classification focuses on high-level abstract feature 
semantics

ÅObject detection is a multi-task issue (classification vs. 
localization) , the low-level features are also useful
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A number of models in object detection

Earlier

HOG 
detector 
(2005)

DPM 
detector 
(2008~)

Deep 
learning

RCNN
(2014~)

SPP-Net
(2014)

R-FCN
(2016)

YOLOs
(2016~)

SSD
(2016)

RetinaNet
(2017)

Two-stage

One-stage

Ễ

Ễ

Anchor - free
FCOS (2018)
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Imbalance Problems of object detection

ÅProblem 1: Scale imbalance (object of different size, scale)  
SSD, FPN

ÅProblem 2: Class imbalance (foreground vs. background, easy 
vs. hard) Focal loss, OHEM

ÅProblem 3: IoU imbalance (IoU levels,  low vs. high quality, 
outliers) Libra RCNN (balanced L1), GHM, IoU based losses

ÅProblem 4: Loss imbalance (cls. vs. reg.) PISA, classification 
aware localization loss, paid less attention
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Solving scale imbalance problem: Feature Pyramid Network

ÅLower levels have better spatial resolution

ÅHigher levels have stronger semantics information

2x up

2x up
2x up

1x1

1x1
1x1

Cls+reg

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

low -level, but information loss is serious .
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Single-shot Two-pronged Detector (TPNet):

ÅA new architecture of two-pronged bi-directional interaction 
and transfer between low-levels and high-levels

ÅA Rectified Intersection of Union (RIoU) loss

Spatial information ( conv )

Semantic information ( deconv )

Keyang Wang and Lei Zhang, Single -Shot Two-Pronged Net with Rectified IoU
Loss, ACM MM 2020. Oral paper)
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Single-shot Two-pronged Detector (TPNet):

ÅA new architecture of two-pronged bi-directional interaction 
and transfer between low-levels and high-levels

ÅA Rectified Intersection of Union (RIoU) loss

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

(c) Fusion block
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ÅGradient guided RIoUloss

Revisit the standard IoUloss

We can define the gradient (red curve) as:

integral

Note 5 model parameters analytically determined with 
5 equations.
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ÅGradient guided RIoUloss

integral
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ÅExperiments on PASCAL VOC
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ÅExperiments on MS COCO
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ÅVisualization
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Motivation

ÅLabels of a specific target domain are not free to use.

ÅLeveraging a related source domain is natural.

ÅExisting detectors (one stage vs. two-stage) are not 
transferable.

Normal weather (source) Foggy weather (target)

Image degradation (noise, e.g. haze) has a clear impact on learning
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Perspective of distribution mismatch

High-quality detection 
(Faster RCNN)

Low-quality detection
(Faster RCNN)

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

High-quality detection
(Transfer Learning)
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Perspective of adversarial sample

ÅAttack YOLO-v2 to fool surveillance cameras (AI is not safe).

Simen Thys, W.V. Ranst, Fooling automatic surveillance cameras: adversarial patches to 
attack person detection, arXiv, 2019.
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DAF model based on ֿכ-divergence

1) Image-level alignment; 2)Instance-level alignment

Chen et al., Domain adaptive faster -rcnn for object detection in the wild, CVPR, 2018.
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a!C ƳƻŘŜƭ ƛƴ L//±Ωмф

ÅMultiple GRLs for adversarial domain adaptation 

Z. He and L. Zhang, Multi -adversarial Faster RCNN for Unrestricted Object Detection, ICCV, 2019.
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!¢C ƳƻŘŜƭ ƛƴ 9//±Ωнл

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

Out of control

Unlabeled target data
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Experiments on cross-domain detection

18% improvement with transfer learning
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Experiments on cross-domain detection

12% and 20% improvement with transfer learning
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Experiments on cross-domain detection

14% improvement with transfer learning
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Something You May Concern:

Q: Does degradation removal HELPObject Detection and Image Classification 
(e.g., dehazing)?

View 1: New research finds that dehazeDOES NOT help object detection and 
image classification. The reason is that dehazedoes not add NEW information 
beneficial to high-level tasks.

BΦ [ƛΣ ²Φ wŜƴΣ 5Φ CǳΣ 5Φ ¢ŀƻΣ 5Φ CŜƴƎΣ ²Φ ½ŜƴƎΣ ½Φ ²ŀƴƎΣ ά.ŜƴŎƘƳŀǊƪƛƴƎ {ƛƴƎƭŜ LƳŀƎŜ Dehazingand BeyondΣέ 
IEEE Trans. Image Processing, 2019.
Y. Pei,Y. Huang,Q. Zou,X. Zhang,S. Wang,ά9ŦŦŜŎǘǎof ImageDegradationandDegradationRemovalto CNN-
basedImage/ƭŀǎǎƛŦƛŎŀǘƛƻƴΣέIEEETrans. PattenAnalysisandMachineIntelligence,2019.

Groundtruth 5 dehazingmodels
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Something You May Concern:

View 2: Adversarial samples.

Panda Gibbon
(99.3% confidence) 

noise

Q: Does degradation removal HELPObject Detection and Image Classification 
(e.g., dehazing)?

Ekin DogusCubuk, Barret Zoph, Samuel Stern Schoenholz, QuocV. Le, Intriguing 
Properties of Adversarial Examples
Szegedyet al, Deep Neural Networks are Easily Fooled: High Confidence Predictions 
for Unrecognizable Images

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
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Lower-level prediction (pixel-level):

ÅSemantic segmentation needs pixel-level labeling

ÅTransfer from synthetic domain to real domain.

Du et al. SSF-DAN: Separated Semantic Feature based Domain Adaptation 
Network for Semantic Segmentation, ICCV 2019.

From Computer game From Cityscapes


