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Domain Adaptation (DA)
Leveraging labeled data in one or more related domains, referred to as source
domains, to learn a classifier for unseen data in a target domain.

Image: Courtesy to S.J. Pan

I Unsupervised (US) DA when no label is available for the target
I Semi-supervised (SS) DA when we have a few labels in the target
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Transfer Learning

Image: Courtesy to S.J. Pan

Particular case of the transductive transfer learning where
I domains are different but the task is the same (e.g. same classes)
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Example scenarios
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Why not just use source model?

Applying the models learned on the source directly often performs poorly!

6
G. Csurka, DA for Visual Applications



Domain shift/distribution mismatch

Underlying causes:
I Image categorization

• different point of views, acquisition time and conditions,
I Audio recognition

• different persons, environment, recording quality
I Document image categorization

• differences in appearance, layout
I Activity recognition

• different persons, environment, context
I Semantic analyses

• different topics, vocabularies, ...
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Amazon review dataset1 (AMT)

Products reviews in different domains
I kitchen (K), dvd (D), books (B) and electronics (E)
I 2 classes, about 5,000 document for each class
I TFIDF from processed text

1
Blitzer et al., Domain adaptation with coupled subspaces, AIS11
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Office312 (OFF31) & Office+Caltech3 (OC10)

Object recognition:
I Amazon (A), Caltech (C) , Dslr (D) , Webcam (W)
I 3 domains and 31 classes in OFF31 and 4 domains and 10 classes in OC10

I SURF BOV and Decaf6 (CNN activation) features
• using all source examples (ase)
• using several subset of the source data and average(sse)

2
Saenko et al., Adapting visual category models to new domains, ECCV10

3
Gong et al., Reshaping visual datasets for domain adaptation, NIPS13
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The ImageCLEF’14 DA Challenge4 (ICDA)

Object recognition:
I Caltech (C), ImageNet (I), Pascal (P), Bing (B), SUN (S)
I 12 classes, about 60 document for each class
I SIFT BOV features from images

4
http://www.imageclef.org/2014/adaptation
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Different solutions

Image: Courtesy to Boqing Gong.
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Correcting sampling bias

Image: Courtesy to Ming-Wei Chang.

Learn a classifier such that
I more weights are put on the examples that are similar to target instances
I less weights (or removing) on those that are less similar
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How to estimate the weights

I Using the classifier that distinguishes between source and target examples
(Bickel et al. ICML’07)

α(xs
i ) =

1
p(ys

i = s|xs
i , θ)

I considering the ratio between the densities estimated for source and target
domains (Sugiyama et al. NIPS’07, Kanamori et al. JMLR’09)

α(x) =
PT (x)

PS(x)
≈
X

l

αlφl (x)
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Maximum Mean Discrepancy

I Minimizing the Maximum Mean Discrepancy (Huang et al. NIPS’06)

MMD(S,T ) =
‚‚‚ 1

Ns

NsX
i=1

φ(xs
i )−

1
Nt

NtX
j=1

φ(xt
j )
‚‚‚
H

where H is the RKHS (reproducing kernel Hilbert space) associated with the
kernel k , and φ(x) =< k(x), . >.

I Empirically:

MMD(S,T ) =
h 1

N2
s

NsX
i,j=1

k(xs
i , x

s
j )−

2
NsNt

Ns,NtX
i,j=1

k(xs
i , x

t
j ) +

1
N2

t

NtX
j,j=1

k(xt
i , x

t
j )
i

with k being e.g. the Gaussian Kernel.
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Transfer Adaptive Boosting5

Image: Courtesy to S.J. Pan.

5
Dai et al., Boosting for transfer learning, ICML’07.
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TrAdaboost result

I 20 Newsgroups - text categorization across newsgroups.
I Abalone - seven physical measurements of abalone sea snails.
I Wine - red wine physical and chemical characteristics versus white wine.

• TrAdaBoost - Transfer Adaptive Boosting, Dai et al., ICML’07.
• Dynamic - Dynamic updates for TrAdaBoost, Al-Stouhi and Reddy, PKDD’11.
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Adaptive SVM6 (A-SVM)

Image: Courtesy to Dong Xu.

The target classifier:

f t (x) =
MX

k=1

βk f a
k (x) +

NX
i=1

α̂i yi K (x, xi )

leverages multiple auxiliary classifiers f a
k .

6
Yang et al., Cross-domain video concept detection using adaptive SVMs, MM’07
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Domain Adaptation SVM7 (DASVM)

Image: Courtesy to Amaury Habrard.

Adapt iteratively (until stopping criteria reached) the classifier built with the source:

I add to negatives the first k predicted target h(xt ) > 0 with highest margin
I add to positives the first k predicted target h(xt ) < 0 with highest margin
I remove the first k positive and k negative source instances with highest margin

7
Bruzzone and Marconcini, Domain Adaptation Problems: A DASVM Classification Technique and a

Circular Validation Strategy PAMI’10.
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Adaptive MKL8

Image: Courtesy to D. Xu.

8
Duan et al. Visual Event Recognition in Videos by Learning from Web Data, CVPR’10.
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Video event recognition

Image: Courtesy to D. Xu.

• A-SVM - Adaptive SVM, Yang et al. MM’07.
• DTSVM - Domain Transfer SVM, Duan, CVPR’09.
• A-MKL - Adaptive Multiple Kernel Learning, Duan et al. CVPR’10.
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Feature space transformation

Image: Courtesy to Dong Xu.

Unsupervised feature transform
I Align pivot features (Biltzer et al. EMNLP’06, Pan et al. WWW’10)
I Manifold based methods (Pan et al. IJCAI’09, Gong et al. CVPR’12)
I Unsupevised subspace alignement (Fernando et al. ICCV’12)
I Stacked Marginalized Denoising Autoencoders (Chen et al. ICML’12)

Semi-supervised feature transform
I Metric learning based approaches (Zha et al. IJCAI’09, Saenko et al. ECCV’10,

Hoffman et al. ECCV’12, Csurka et al. Task-CV’14)
I Semi-supervised Transfer Component Analysis (Pan et al. TNN’11)
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Structural Correspondence Learning9

Image: Courtesy to Blitzer.

I Identify pivot features by mutual information between features and domains.
I Build P classifiers to predict the P pivot features from remaining features.
I Project to the shared subspace (using the top K eigenvectors).
I Concatenate with original features and train classifiers.

9
Blitzer et al., Domain Adaptation with Structural Correspondence Learning, EMNLP’06
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Spectral Feature Alignment10

Image: Courtesy to Pan.

I Bipartite graph to model correlations between pivot features and the others.
I Discover new shared features by spectral clustering on the graph.

10
Pan et al., Cross-Domain Sentiment Classification via Spectral Feature Alignment, WWW’10
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Transfer Component Analysis11 (TCA)

Image: Courtesy to Pan.

11
Pan et al., Domain Adaptation via Transfer Component Analysis, IJCAI’09
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Geodesic Flow Sampling12 (GFS)

Image: Courtesy to Gopalan.

I Apply PCA on source data (S1 of rank d) and on the target (S2 of rank d).
I Geodesic path on the Grassman manifold GN,d between S1 and S2.

I Exponential flow ψ(t ′) = Qexp(t ′B)J such that Q>S1 = J and J> = [Id 0N−d,d ].
I Compute B for intermediate subspaces varying t ∈ [0, 1].

12
Gopalan et al. Domain adaptation for object recognition: An unsupervised approach, ICCV’11.
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Geodesic Flow Kernel13 (GFK)

Image: Courtesy to Gong.

I Domain invariant features (infinite number of projections)

z∞ = [Φ(0)>x, . . .Φ(t)>x . . .Φ(1)>x]

I Use the kernel trick

< z∞i , z∞ >=

Z 1

0

`
Φ(t)>x

´>`
Φ(t)>x

´
dt = x>i Gxj

13
Gong et al., Geodesic flow kernel for unsupervised domain adaptation, CVPR’12.
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Subspace Alignment14 (SA)

Image: Courtesy to Fernando.

14
Fernando et al. Unsupervised Visual Domain Adaptation Using Subspace Alignment, ICCV’13.
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Marginalized Denoising Autoencoders15 (MDA)

Image: Courtesy to Chen.

I Learns a direct mapping that allow closed form solution for a given corruption.
I Generates many (ideally infinity) corruptions for each input.

15
Chen et al., Marginalized Stacked Denoising Autoencoders for Domain Adaptation, ICML’12
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MDA16

I Marginalizes out the corruption (convergence to expected values), hence W can
be expressed in closed form as W∗ = E[P] E[Q]−1, where:

E[P]ij = Sij qj and E[Q]ij =

"
Sij qi qj , if i 6= j
Sij qi , if i = j

with:
• q = [1− p, . . . , 1− p, 1] ∈ Rn+1, p being the noise level and n the feature

dimension
• S = XX> the covariance matrix of the uncorrupted data X
• X = [x1, . . . , xm] where xi = [x i , 1] for the inputs x i , where the constant is

never corrupted

16
Chen et al., Marginalized Stacked Denoising Autoencoders for Domain Adaptation, ICML’12
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Stacked MDA17 (SMDA)

Image: Courtesy to M. Chen.

I Several MDA layers are stacked together

I Applying nonlinearities between layers helps

• tangent-hyperbolic nonlinearities: ht = tanh(Wt ht−1)

17
Chen et al., Marginalized Stacked Denoising Autoencoders for Domain Adaptation, ICML’12
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Results on the OC10 (US sse) dataset

• TCA - Transfer Component Analysis, Pan et al. IJCAI’09.
• GFS - Geodesic Flow Sampling, Gopalan et al. ICCV’11.
• GFK - Geodesic Flow Kernel, B. Gong et al. CVPR’12.
• SA - Subspace Alignment, Fernando et al. ICCV’13.

• SMDA - Stacked Marginalized Denoising Autoencoders, Chen et al. ICML’12.
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Results on AMT

Image: Courtesy to M. Chen.

• SCL - Structural Correspondence Learning, Blitzer et al., EMNLP’06.
• SDA - Deep learning approach - Glorot et al. ICML’11.
• CODA - Co-training for Domain Adaptation, Chen et al. NIPS’11.

• SMDA - Stacked Marginalized Denoising Autoencoders, Chen et al. ICML’12.
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Information Theoretic Metric Learning18 (ITML)

Image: Courtesy to Habrard.

18
Saenko et al., Adapting visual category models to new domains, ECCV 10
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Domain Specific Class Means19 (DSCM)

The class label of a target is predicted based on

p(c|x i ) =

P
d∈D wd e(− 1

2 ‖x i−µc
d‖)

Zi =
P

c′
P

d wd e(− 1
2 ‖x i−µc′

d ‖

where
I µc

d is the mean of the class c ∈ C in the domain d ∈ D
I wd are domain specific weights (we used wsi = 1 and wt = 2)

19
Csurka et al., Domain adaptation with a domain specific class means classifier. TASK-CV14
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Metric Learning for DSCMs20 (MLDSCM)

Mixture of GMM

p(c|x i ) =

P
d wdN (Wx i ,Wµc

d ,Σ)P
c′
P

d wdN (Wx i ,Wµc′
d ,Σ)

=

P
d wd exp

`
− 1

2 dW (x i ,µ
c
d )
´P

c′
P

d wd exp
`
− 1

2 dW (x i ,µ
c′
d )
´

with
I domain-specific class means µc

d ,
I domain-specific weights wd .

20
G. Csurka et al. Domain Adaptation with a Domain Specific Class Means Classifier, Task-CV’14.
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Semi-Supervised TCA21

Image: Courtesy to Pan.

I K is the (RBF) kernel matrix between the data points (both source and target)
I L is the Laplacian of the affinity matrix Mi,j = exp(−d2

i,j/2σ2).

I Kyy is a kernel matrix corresponding to source labels
I L integrates the normalizations 1/N2

S , 1/N2
T and 1/NSNT and H is a centering

matrix.

21
S.J. Pan et al., Domain Adaptation via Transfer Component Analysis, TNN’11.
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Results on the OC10 (SS sse) dataset

• ITML - Information Theoretic Metric Learning, Saenko et al., ECCV’10
• MLDSCM - ML for Domain Specific Class Means, Csurka et al. Task-CV WS’14.
• SSTCA - Semi-Supervised TCA, Pan et al., TNN’11.
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Methods combining several of the above ideas

I Joint feature and parameter adaptation
• Max-Margin Domain Transforms (MMDT) of Hoffman et al. ICLR13
• Naive Bayes NN based DA (NBNN-DA) of Tommasi and Caputo, ICCV13
• Domain Invariant Projection (DIP-CC) of M. Baktashmotlagh et al. ICCV13
• Joint Distribution Adaptation (JDA) of Long et al. ICCV 14
• Transfer Joint Matching (TJM) of Long et al. ICCV 14
• Optimal Transport for Domain Adaptation (OTDA) of Courty et al. PAMI 15

I Joint feature or instance selection and parameter adaptation
• Feature selection and subspace learning (FSSL) of Gu et al. IJCAI 11
• Landmark Selection (LM) of Gong et al. ICML13
• Landmarks Selection-based SA (LSSA) of Aljundi CVPR15

I Joint instance selection, feature transform and parameter adaptation
• Adaptive Transductive Transfer Machines (ATTM) of Farajidavar et al.

BMVC 14
• Statistically Invariant Embedding (SIE-CC) of M. Baktashmotlagh et al.

CVPR 14

44
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Max-Margin Domain Transforms22 (MMDT)

Image: Courtesy to Hoffman.

22
Hoffman et al., Max-margin transforms for visual domain adaptation, ICLR’13.
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Naive Bayes NN based DA 23 (NBNN-DA)

Image: Courtesy to Tommasi.

Iteratively combine metric learning and NBNN-based sample selection to:
I adjust the image-to-class distances by tuning the per class metrics
I iteratively making the metric progressively more suitable for the target

23
Tommasi and Caputo, Frustratingly Easy NBNN Domain Adaptation, ICCV’13.
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Transfer Joint Matching24 (TJM)

24
Long et al. Transfer Joint Matching for Unsupervised Domain Adaptation, CVPR’14.
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Joint Distribution Adaptation25 (JDA)

25
M. Long et al. Transfer Feature Learning with Joint Distribution Adaptation, ICCV’14
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Optimal Transport for Domain Adaptation26 (OTDA)

Image: Courtesy to Courty.

26
N. Courty et al., Optimal Transport for Domain Adaptation, CoRR’15.
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Domain Invariant Projection27 (DIP-CC)

I Optimizing the MMD on the Grassman manifold G(d ,D)

DH(W>XS ,W>XT ) =
‚‚‚ 1

Ns

NsX
i=1

φ(W>xs
i )−

1
Nt

NtX
j=1

φ(W>xt
j )
‚‚‚
H

where W is a point on G with the constraint W>W = I.
I Adding term to encourage Class Clustering (CC) :

CX
c=1

ncX
i=1

‖W>(xs
i,c − µc)‖2

I The whole yielding to the optimization problem:

27
M. Baktashmotlagh et al., Unsupervised Domain Adaptation by Domain Invariant Projection, ICCV’13.
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Feature selection and subspace learning28 (FSSL)

Image: Courtesy to Gu.

28
Gu, et al. Joint feature selection and subspace learning, IJCAI’11.
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Landmark Selection29

Image: Courtesy to Gong.

29
Gong et al., Connecting the dots with landmarks: Discriminatively learning domain invariant features

for unsupervised domain adaptation, ICML’13.
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Landmarks Selection-based SA30 (LSSA)

Image: Courtesy to Aljundi.

I Landmark selection using a Gaussian Kernels and overlap between the
probability densities:

overlap(µS , σS ;µT , σT ) =
N (muS ,−µT |0, (σS + σT )2)

N (0|0, (σS + σT ))

I Subspace Alignment using the selected landmarks and linear SVM classifiers.

30
Aljundi et al., Landmarks-based Kernelized Subspace Alignment for Unsupervised Domain

Adaptation, CVPR’15.
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Transductive Transfer Machines31 (ATTM)

Image: Courtesy to deCampos.

31
Farajidavar et al., Adaptive Transductive Transfer Machines, BMVC’14.

57
G. Csurka, DA for Visual Applications



Statistically Invariant Embedding 32 (SIE-CC)

Image: Courtesy to Baktashmotlagh.

I Statistically Invariant Sample Selection

min
β

Pns
i=1 βi

“q
T (xs

i )−
q

1− T (xs
i )
”2

+ 1
nt

Pnt
i=1

“q
T (x t

i )−
q

1− T (x t
i )
”2

s.t. βi ∈ [0, 1];
Pns

i=1 βi = 1;
Pns

i=1 βi yi,c = 1
ns

Pns
i=1 yi,c ∀c

I Statistically Invariant Embedding

min
W

DH(W>XS ,W>XT ) + λ
PC

c=1
Pnc

i=1‖W
>(xs

i,c − µc)‖2

s.t. W>W = I
32

Baktashmotlagh et al., Domain Adaptation on the Statistical Manifold, CVPR’14.
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Digit recognition results

• GFK - Geodesic Flow Kernel, B. Gong et al. CVPR’12.
• TCA - Transfer Component Analysis, Pan et al. IJCAI’09.
• FFSL - Feature selection and subspace learning, Gu et al. IJCAI’11.
• TJM - Transfer Joint Matching, Long et al. CVPR’14.
• JDA - Joint Distribution Adaptation, Long et al. ICCV’14.
• OTDA - Optimal Transport for Domain Adaptation, Courty et al. CoRR’15.
• ATTM - Adaptive Transductive Transfer Machines, Farajidavar et al., BMVC’14.
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Object recognition (OC10 US ase)

• SMDA - Stacked Marginalized Denoising Autoencoders, Chen et al. ICML’12.
• SA - Subspace Alignment, Fernando et al. ICCV’13.
• LSSA - Landmarks Selection-based SA, Aljundi et al. CVPR’15.
• LS - Landmark Selection, Gong et al. ICML’13.
• TJM - Transfer Joint Matching, Long et al. CVPR’14.
• JDA - Joint Distribution Adaptation, long et al. ICCV’14.
• OTDA - Optimal Transport for Domain Adaptation, Courty et al. CoRR’15.
• ATTM - Adaptive Transductive Transfer Machines, Farajidavar et al., BMVC’14.
• DIP-CC Domain Invariant Projection, Baktashmotlagh et al. ICCV’13.

• SIE-CC - Statistically Invariant Embedding, Baktashmotlagh et al. CVPR’14.
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Example: cross-lingual text categorization

Image: Courtesy to Dong Xu.
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Heterogeneous Feature Augmentation33 (HFA)

Image: Courtesy to Dong Xu.

I Generalizes the feature replication method of Daume III, ACL 07.

33
Duan et al. Learning with Augmented Features for Heterogeneous Domain Adaptation, CVPR12.
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Dictionary-based Approaches

Image: Courtesy to S. Shekhar.

I Each domain has its own projection matrix.
I Can be used when features in source and target are different.
I Generalizes well to multiple sources.

64
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Shared Domain-adapted Dictionary Learning34 (SDDL)

I Main idea:

I Its kernelized extension

34
Shekhar et al., Generalized Domain-Adaptive Dictionaries, CVPR 13.
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Results on the OC10 (SS sse)

• FDDL Fisher Discrimination Dictionary Learning, Yang et al. ICCV’11.
• SDDL Shared Domain-adapted Dictionary Learning, Shekhar et al. CVPR 13.
• MLDSCM - ML for Domain Specific Class Means, Csurka et al. Task-CV WS’14.
• DIP-CC Domain Invariant Projection, Baktashmotlagh et al. ICCV’13.
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Multi-sources results on the OFF31 (SS sse)

• DSCM - Domain Specific Class Means, Csurka et al. Task-CV’14.
• SDDL Shared Domain-adapted Dictionary Learning, Shekhar et al. CVPR 13.
• GFS - Geodesic Flow Sampling, Gopalan et al. ICCV’11.
• BGFS - Boosted Geodesic Flow Sampling, Gopalan et al. CoRR’15.
• HL2L - High-level Learning to Learn, Patricia and Caputo, CVPR’14.
• SSF - Spline Flow Sampling, Caseiro et al. CVPR’15.
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Boosted Geodesic Flow Sampling35 (BGFS)

Image: Courtesy to Gopalan.

I Intermediate ”domains” between source and target on the Grassman Manifold
I Multi-domain adaptation using Karcher mean of domains
I Jointly learn domain shift features and classifiers with AdaBoost

35
Gopalan et al. Unsupervised Adaptation Across Domain Shifts By Generating Intermediate Data

Representations, CoRR’15.
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Spline Flow Sampling 36 (SSF)

Image: Courtesy to Caseiro.

I α(t) : [0,T ] 7→ M the rolling geodesic curve on the manifoldM
I β(t) : [0,T ] 7→ V the spline curve on the tangent space V
I γ(t) : [0,T ] 7→ M the spline curve on the manifoldM

36
Caseiro et al. Beyond the shortest path : Unsupervised Domain Adaptation by Sampling Subspaces

along the Spline Flow, CVPR 15.
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High-level Learning to Learn 37 (H-L2L)

Image: Courtesy to Patricia.

Boosting approach to learn βc
y where the weak learners are:

s(x, y) = β0w0φ
0(x, y) +

NC∑
c=1

βc
y wc

yφ
c
y(sS(x, c), y)

I sS(x, c) the score of x with the source classifier c
I φc

y 7→ Y × Y is the y th score mapping corresponding to the cth source model
I wc

y the y − th source model in predicting that x belongs to class c
I φ0(x, y) is the feature mapping for the original input features

37
Patricia and Caputo, Learning to Learn, from Transfer Learning to Domain Adaptation: A Unifying

Perspective, CVPR 14.
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What about deep features?

Image: Courtesy to Y LeCun H.

I High-non linearity makes these features more invariant across domains!
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Deep convolutional activation features38 (DeCAF)

Image: Courtesy to A. Krizhevsky.

I CNN model pre-trained on big data (ImageNet)
I use convolutional activation layers as features.

38
Donuahe et al. DeCAF: A deep convolutional activation feature for generic visual recognition, ICML 14
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Compared to bag of visual-words39 (BOV)

Image: Courtesy to Donuahe.

I DeCAF provides better category level clustering than SURF BOV

39
G. Csurka et al. Visual categorization with bags of keypoints, SLCV 2004.
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Results on OFF31 (US sse)

• NN - Nearest Neighbor classifier (no adaptation).
• SVM - Linear SVM classifier (no adaptation).
• NCM - Nearest Class Means classifier (DSCM with single domain, no adaptation).
• SMDA - Stacked Marginalized Denoising Autoencoders, Chen et al. ICML’12.
• GFK - Geodesic Flow Kernel, B. Gong et al. CVPR’12.
• TCA - Transfer Component Analysis, Pan et al. IJCAI’09.
• SA - Subspace Alignment, Fernando et al. ICCV’13.

76
G. Csurka, DA for Visual Applications



Results on OC10 (US sse)

• NN - Nearest Neighbor classifier (no adaptation).
• SVM - Linear SVM classifier (no adaptation).
• NCM - Nearest Class Means classifier (DSCM with single domain, no adaptation).
• SMDA - Stacked Marginalized Denoising Autoencoders, Chen et al. ICML’12.
• JDA - Joint Distribution Adaptation, long et al. ICCV’14.
• ATTM - Adaptive Transductive Transfer Machines, Farajidavar et al., BMVC’14.
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Interpolating between Domains40 (DLID)

Image: Courtesy to S. Chopra

I generate intermediate datasets Dp by mixing target and source
I unsupervised deep nonlinear extractor FWp learned on
I train classifiers on the concatenated features Zi

p = FWi (Xi ).

40
S. Chopra et al. Deep Learning for domain adaptation by Interpolating between Domains, RL-WS

ICML13.
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Deep Domain Confusion 41 (DDC)

Image: Courtesy to E. Tzeng

I Minimizing the loss

L = LC(XL, y) + λMMD2(XS ,XT )

41
E. Tzeng et al., Deep Domain Confusion: Maximizing for Domain Invariance, CoRR 14.
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Deep Adaptation Networks42 (DAN)

Image: Courtesy to M. Long

I first 3 convolutional layers are kept frozen
I next 2 convolutional layers refined with the current dataset
I deeply adapt fc6-fc8 using Multiple Kernel MMD

42
M. Long et al., Learning Transferable Features with Deep Adaptation Networks, CoRR’15.
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Domain Adaptation by Backpropagation43 (DAB)

Image: Courtesy to Y. Ganin.

I Ly is the loss for label prediction (e.g. multinomial),
I Ld is the loss for the domain classification (e.g. logistic),

43
Y. Ganin and V. Lempitsky, Unsupervised Domain Adaptation by Backpropagation, ICML 15.

81
G. Csurka, DA for Visual Applications



Results on OFF31 (US sse)

• SMDA - Stacked Marginalized Denoising Autoencoders, Chen et al. ICML’12.
• DLID - Interpolating between Domains Chopra et al. RL-WS ICML13.
• DDC - Deep Domain Confusion, Tzeng et al. CoRR’14.
• DAN - Deep Adaptation Networks, Long et al., CoRR’15.
• DAB - Domain Adaptation by Backpropagation, Ganin and Lempitsky, ICML’15.
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Conclusion

I Many method exploits the Maximum Mean Discrepancy (MMD)

I Most popular methods are based on feature transform
• Manifold based methods (GFS,GFK, BGFK)
• Unsupervised subspace alignment (SA, LSSA)
• Stacked marginalized denoising autoencoders (SMDA)

I Best performing methods exploit jointly instance selection, feature transform and
parameter adaptation

• Adaptive Transductive Transfer Machines (ATTM)
• Statistically Invariant Embedding (SIE-CC)

I DeCAF features yield to significantly better results
• Adding adaptation methods can further improve the results.
• Using Deep Learning to perform adaptation performs the best.
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More challenging transfer problems
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Continuous adaptation
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Adapting object detection44

Image: Courtesy to T. Hoffman.

44
Hoffman et al. LSDA: Large Scale Detection Through Adaptation, NIPS’14.
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Adapting video action recognition45

I adapting between single and double, between tennis and badmington

45
N. FarajiDavar et al., Domain Adaptation in the Context of Sport Video Action Recognition, NIPSW DA , 2011.

http://cvssp.org/acasva/Downloads.html
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