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Outline

. Update on our work on unsupervised DA by
subspace alignment

. Study of interplay between image
representations and DA

. Discussion: how far are we from solving the
problem ?
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Domain adaptation:
subspace based methods

Target subspace

Source subspace



Domain adaptation: GFS and GFK

Target subspace

Source subspace

R. Gopalan, R. Li, R. Chellapa, Domain Adaptation for Object Recognition: An Unsupervised Approach, ICCV11
B. Gong, Y. Shi, F. Sha, K. Grauman, Geodesic Flow Kernel for Unsupervised Domain Adaptation, CVPR12



Domain adaptation: subspace alighment
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Domain adaptation: subspace alighment

Target subspace
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Domain adaptation: subspace alighment

Minimize (M) = ||XsM —XT||2F
M* = X§XT
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Domain adaptation: subspace alighment

Minimize F'(M) = || XsM —XT”%‘
M* = XéXT.
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Domain adaptation: subspace alighment
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Office / Caltech10 dataset

(SURF — BoW)
Method CA DA WA A=C D-C W—C
NA 21,5 | 269 | 208 | 228 | 248 | 164

Baseline-S | 38.0 | 29.8 | 35.5 | 30.9 | 29.6 | 31.3
Baseline-T | 40.5 | 33.0 | 38.0 | 33.3 | 31.2 | 319
GFS 36.9 | 32 | 275 | 353 | 294 | 21.7
GFK 36.9 | 325 | 31.1 | 35.6 | 29.8 | 27.2
TCA 347 | 27.5 | 34.1 | 28.8 | 28.8 | 30.5

SA 300 | 38.0 | 374 | 353 | 324 | 323
Method A-D CD WD AW CoW DWW
NA 224 | 21.7 | 405 | 23.3 | 200 | 53.0

Baseline-S | 34.6 | 37.4 | 71.8 | 35.1 | 33.5 | 74.0
Baseline-T | 34.7 | 364 | 729 | 36.8 | 344 | 784
GFS 30.7 | 32.6 | 543 | 31.0 | 30.6 | 66.0
GFK 352 | 35.2 | 70.6 | 344 | 33.7 | 749
TCA 304 | 347 | 644 | 303 | 28.8 | 70.9
SA 37.6 | 39.6 | 80.3 | 38.6 | 36.8 | 83.6

Table 2 Recognition accuracy with unsupervised DA using NN clas-
sifier (Office dataset + Caltech10).

TCA: S.J. Pan, I.LW. Tsang, J.T. Kwok, Q. Yang, Domain Adaptation via Transfer Component Analysis, IJCAIO9
GFK: B. Gong, Y. Shi, F. Sha, K. Grauman, Geodesic Flow Kernel for Unsupervised Domain Adaptation, CVPR12



Office / Caltech10 dataset
(SURF — BoW)

Method CA DA WA AC D—C W—C

Baseline-S | 44.3 | 36.8 | 329 | 36.8 | 29.6 | 249
Baseline-T | 44.5 | 38.6 | 342 | 37.3 | 31.6 | 284
GFK 448 | 379 | 37.1 | 38.3 | 314 | 20.1
TCA 47.2 | 38.8 | 348 | 40.8 | 33.8 | 309
SA 46.1 | 42.0 | 39.3 | 399 | 350 | 31.8

Method A—D CD WD AW CW DWW

Baseline-S | 36.1 | 389 | 73.6 | 42.5 | 34.6 | 754
Baseline-T | 32.5 | 35.3 | 73.6 | 37.3 | 342 | 80.5
GFK 379 | 36.1 | 74.6 | 39.8 | 349 | 79.1
TCA 36.4 | 39.2 | 72.1 | 38.1 | 36.5 | 80.3
SA 388 | 394 | 779 | 39.6 | 38.9 | 823

Table 3 Recognition accuracy with unsupervised DA using SVM clas-
sifier(Office dataset + Caltech10).

TCA: S.J. Pan, I.LW. Tsang, J.T. Kwok, Q. Yang, Domain Adaptation via Transfer Component Analysis, IJCAIO9
GFK: B. Gong, Y. Shi, F. Sha, K. Grauman, Geodesic Flow Kernel for Unsupervised Domain Adaptation, CVPR12



Office / Caltech10 dataset
(SURF — BoW)

Method | NA Baseline-S | Baseline-T | GFK SA
TDAS 1.25 3.34 2.74 2.84 | 4.26
HAH 08.1 99.0 99.0 74.3 | 53.2

Table 1 Several distribution discrepancy measures averaged over 12
DA problems using Office dataset.




ImageNet, LabelMe and Caltech256

(SURF — BoW)
Method L—C L1 C—L Cc—l 1L 1+C AVG
NA 46.0 | 384 | 205 | 31.3 | 36.9 | 455 37.9
Baseline-S | 24.2 | 27.2 | 469 | 41.8 | 35.7 | 338 34.9
Baseline-T | 24.6 | 27.4 | 47.0 | 42.0 | 35.6 | 33.8 35.0
GFK 242 | 26.8 | 449 | 40.7 | 35.1 33.8 34.3
TCA 25.7 | 27.5 | 43.1 38.8 | 29.6 | 26.8 31.9
SA 49.1 41.2 | 47.0 | 39.1 39.4 | 54.5 45.0

Table 4 Recognition accuracy with unsupervised DA with NN classi-

fier (ImageNet (I), LabelMe (L) and Caltech-256 (C)).

Method L—+C L1 CL cl 1L ¢ | AVG
NA 496 | 40.8 | 36.0 | 45.6 | 41.3 | 589 | 454
Baseline-S | 50.5 | 42.0 | 39.1 | 48.3 | 44.0 | 59.7 | 47.3
Baseline-T | 48.7 | 41.9 | 39.2 | 48.4 | 43.6 | 58.0 | 46.6
GFK 523 | 435 | 396 | 490 | 453 | 61.8 | 48.6
TCA 46.7 | 394 | 379 | 47.2 | 41.0 | 569 | 449
SA 529 | 43.9 | 438 | 50.9 | 46.3 | 62.8 | 50.1

Table 5 Recognition accuracy with unsupervised DA with SVM clas-
sifier (ImageNet (I), LabelMe (L) and Caltech-256 (C)).




ImageNet — Pascal VOC
(SURF — BoW)
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Fig. 6 Train on ImageNet and classify PASCAL-VOC-2007 images using unsupervised DA with a linear SVM classifier. Average average precision
over 20 object classes is reported.



Further analysis

* How to determine subspace dimensionality ?
* How to best learn the subspaces ?

 What'’s the optimal representation ?



How to determine the subspace
dimensionality ?

ICCV2013: upper bound based on consistency
theorem + crossvalidation

— Nice from a theoretical point of view, but ...

— Can be computationally expensive in high-
dimensional spaces (e.g. Fisher Vectors)



How to determine the subspace
dimensionality ?

Alternative: find optimal dimensionality using MLE
- Choose the domain intrinsic dimensionality

R NRY) R 17
1(y) = loo
W= Ny ,gl = 05(y)

- Can be done for source and target separately

- Compute Eucl. distance between projections

Dsa—mre(¥s,¥t) = ||ysXsM — yeX1||2.

E. Levina and P. J. Bickel, Maximum Likelihood Estimation of Intrinsic Dimension, NIPS 2004



Office

(SURF Fisher Vectors)

Method | D—-W W —=D A—-W AVG
NA 627 =1.1|64.7x22|17.1 =2.1(48.2 1 1.7
GFK |44.1+2.1|4431+27|163 133|349 1238
TCA 141251243 x1.1|10.7x=1.7|164 1.8
SA* (497 +0.6|51.3 21194 +1.1|40.1 £1.1

SA-MLE | 68.9 = 2.1|68.0 = 1.3|16.7+1.4|51.2 + 1.6

Table 7 Recognition accuracy% obtained on the Office dataset when
images are encoded with SURF features and Fisher Vectors of 64
GMM components. *Note that due to computational complexity we
use the subspace dimensionality obtained by subspace disagreement

measure [12].

TCA: S.J. Pan, I.LW. Tsang, J.T. Kwok, Q. Yang, Domain Adaptation via Transfer Component Analysis, IJCAIO9
B. Gong, Y. Shi, F. Sha, K. Grauman, Geodesic Flow Kernel for Unsupervised Domain Adaptation, CVPR12




How to best learn the subspaces ?

* Exploit class labels available for Source data

* Linear Discriminant Analysis or Partial Least
Squares ?
— Max. dimensionality is nb of class labels (LDA)

— Bigger discrepancy between source and target
subspaces if we use different algorithm for both

— PLS used in Geodesic Flow Kernel work, but no
good results in our experiments

B. Gong, Y. Shi, F. Sha, K. Grauman, Geodesic Flow Kernel for Unsupervised Domain Adaptation, CVPR12



How to best learn the subspaces ?

* Apply ITML metric learning PRIOR to PCA

Data: Source data S, Source labels Lg

Result: Source subspace X;

1. Learn the source metric W «<— ITML(S,Ls) ;

2. Apply cholesky-decomposition to W. W, <— chol(W) ;
3. Project source data to W, induced space. S,, < SW, ;
4. X; + PCA(Sy) ;

J.V. Davis, B. Kulis, P. Jain, S. Sra, I.S. Dhillon, Information Theoretic Metric Learning, ICML07



Office / Caltech10 dataset

(SURF — BoW)
Method CA DA WA A=C D-C W—C
NA 21,5 | 269 | 208 | 228 | 248 | 164

Baseline-S | 38.0 | 29.8 | 35.5 | 30.9 | 29.6 | 31.3
Baseline-T | 40.5 | 33.0 | 38.0 | 33.3 | 31.2 | 319
GFS 36.9 | 32 | 275 | 353 | 294 | 21.7
GFK 36.9 | 325 | 31.1 | 35.6 | 29.8 | 27.2
TCA 347 | 27.5 | 34.1 | 28.8 | 28.8 | 30.5

SA 300 | 38.0 | 374 | 353 | 324 | 323
Method A-D CD WD AW CoW DWW
NA 224 | 21.7 | 405 | 23.3 | 200 | 53.0

Baseline-S | 34.6 | 37.4 | 71.8 | 35.1 | 33.5 | 74.0
Baseline-T | 34.7 | 364 | 729 | 36.8 | 344 | 784
GFS 30.7 | 32.6 | 543 | 31.0 | 30.6 | 66.0
GFK 352 | 35.2 | 70.6 | 344 | 33.7 | 749
TCA 304 | 347 | 644 | 303 | 28.8 | 70.9
SA 37.6 | 39.6 | 80.3 | 38.6 | 36.8 | 83.6

Table 2 Recognition accuracy with unsupervised DA using NN clas-
sifier (Office dataset + Caltech10).

TCA: S.J. Pan, I.LW. Tsang, J.T. Kwok, Q. Yang, Domain Adaptation via Transfer Component Analysis, IJCAIO9
GFK: B. Gong, Y. Shi, F. Sha, K. Grauman, Geodesic Flow Kernel for Unsupervised Domain Adaptation, CVPR12



Office / Caltech10 dataset
(SURF — BoW)

Method C—A D—A WoA A—C D—C W—C

GFK (PLS,PCA) 404 36.2 355 379 327 293
GFK (LDA,PCA) 41.6 36.2 399 319 310 36.7
TCA (LDA,PCA) 35.0 282 327 283 284 300
SA (ITML-PCA,PCA) 47.1 40.0 424 41.1 38.1 3938
SA (LDA,PCA) 48.3 376 41.6 357 343 392

Method A—D CsD  WosD AW CosW DoW

GFK (PLS,PCA) 35.1 41.1 712 357 358 79.1
GFK (LDA,PCA) 35,5 37.1 689 37.0 37.1 769
TCA (LDA,PCA) 35.5 37.1 689 37.0 37.1 769
SA (ITML-PCA,PCA) 43.7 404 83.0 435 428 845
SA (LDA,PCA) 320 340 586 352 46.0 736

Table 6 Recognition accuracy with unsupervised DA using NN clas-
sifier (Office dataset + Caltech10) using the supervised dimensionality
reduction in the source domain.

TCA: S.J. Pan, I.LW. Tsang, J.T. Kwok, Q. Yang, Domain Adaptation via Transfer Component Analysis, IJCAIO9
GFK: B. Gong, Y. Shi, F. Sha, K. Grauman, Geodesic Flow Kernel for Unsupervised Domain Adaptation, CVPR12



What’s the best representation ?

 SURF Bag-of-Words
 SURF Fisher Vectors
 CNN-based features (Decaf)



Office

(SURF Fisher Vectors)

Method | D—-W W —=D A—-W AVG
NA 627 =1.1|64.7x22|17.1 =2.1(48.2 1 1.7
GFK |44.1+2.1|4431+27|163 133|349 1238
TCA 141251243 x1.1|10.7x=1.7|164 1.8
SA* (497 +0.6|51.3 21194 +1.1|40.1 £1.1

SA-MLE | 68.9 = 2.1|68.0 = 1.3|16.7+1.4|51.2 + 1.6

Table 7 Recognition accuracy% obtained on the Office dataset when
images are encoded with SURF features and Fisher Vectors of 64
GMM components. *Note that due to computational complexity we
use the subspace dimensionality obtained by subspace disagreement

measure [12].

TCA: S.J. Pan, I.LW. Tsang, J.T. Kwok, Q. Yang, Domain Adaptation via Transfer Component Analysis, IJCAIO9
B. Gong, Y. Shi, F. Sha, K. Grauman, Geodesic Flow Kernel for Unsupervised Domain Adaptation, CVPR12




Office

(Decaf)
Method D—W WD AW
NA 86.4+ 1.1 | 88.6+1.2 | 428 £0.9
GFK 69.2+21 | 61.8+23 | 39.5+2.1
TCA 571 1.7 | 51.1 1.8 | 248 +3.2
SA 86.8+1.0 | 89.3+0.8 | 44.7 = 0.7

Table 8 Recognition accuracy with unsupervised DA using NN clas-

sifier on Office dataset using Decafg features.

Method D—W WD AW
NA 91.3+1.2 | 91.6+1.6 | 479 +29
GFK 872+13 | 88.1+1.5 | 46.8 1.8
TCA 890+14 | 879+19 | 446 +3.0
SA 91.8+09 | 924+17 | 472+ 1.5

Table 9 Recognition accuracy with unsupervised DA using SVM clas-

sifier on Office dataset using Deca f¢ features.

TCA: S.J. Pan, I.LW. Tsang, J.T. Kwok, Q. Yang, Domain Adaptation via Transfer Component Analysis, IJCAIO9
GFK: B. Gong, Y. Shi, F. Sha, K. Grauman, Geodesic Flow Kernel for Unsupervised Domain Adaptation, CVPR12




Office + Caltech 10
(SURF + BoW)
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Fig. 7 Mean accuracy on target domain using NN classifier for dif-
ferent dictionary sizes on Office+Caltech- 10 dataset (unsupervised do-
main adaptation).



Office + Caltech10
(SURF — BoW)

Effect of z-normalization
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Fig. 8 The effect of z-normalization on subspace-based DA methods.
Mean classification accuracy on 12 DA problems on Office+Caltech
dataset is shown with and without z-norm.

TCA: S.J. Pan, I.LW. Tsang, J.T. Kwok, Q. Yang, Domain Adaptation via Transfer Component Analysis, IJCAIO9
GFK: B. Gong, Y. Shi, F. Sha, K. Grauman, Geodesic Flow Kernel for Unsupervised Domain Adaptation, CVPR12



So, how far are we from the solution ?

e Dataset bias
* Domain adaptation



So, how far are we from the solution ?

e Dataset bias

— Most problems can be solved by choosing a
robust representation (learnt from a superset)

— DA dataset setups not sufficient for studying DA
algorithms



So, how far are we from the solution ?

e Dataset bias

Other problems

— DA from Amazon images to Caltech/DLSR/Webcam
— DA from images to (very) old pictures

— DA from images to paintings, cartoons or sketches
— DA from images to multispectral

* Real world problems

— incl. non-overlapping classes between source and target,
different class priors

Go beyond classification: detection, attributes, pose, ...



Thank you !

Questions ?



