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Domain adaption

Domain adaptation (Pan and Yang 2010) aims to build learning machines
that generalize across different but relevant domains.

Target domain

Source domain O
—

-

* Adifferent but * Target task

relevant domains

* Limited or no training
examples

digital SLR camera

* Abundant training
examples o2

dMmazon.com consumer images



Learning with Transferable Curriculum

this paper addresses the weakly-supervised domain adaptation problem where the

source domain is noisy in labels or features, and the target domain is fully
unlabeled.

Goal:

1. Close the domain gap and bound the target risk by learning transferable features f
and a robust classifier across noisy source domain and clean target domain

2. Train a deep network with a transferable curriculum to eliminate the negative

influence of noisy source samples and enable positive transfer of noiseless source
samples



Curriculum Learning

Instead of feeding all samples to the model at once, SPL learns samples from easy to hard
gradually just like the process of human learning:

Easy images of
cat to learn
earlier

Complex
images of cat
to learn later

Learning samples in a Self-Paced way has yielded brilliant results in many applications.
(Khan, Mutlu, and Zhu NIPS'11; Tang, Yang, and Gao MM'12; Basu and

Christensen AAAI'13; Zhang et al. JCAI'16)



Curriculum Learning

Repeat:
1. Find easy examples based on current curriculum
2. Use easy data to train the model
3. Update curriculum to select harder examples
Until Stopping criterion

min F (0, w) = i Z w; L (y;, f (x:;0)) + R (w;7)
i=1

6.w

Sample loss Curriculum

The solution of w is inversely

inwL + R(w; 0
minwl +Rw;y)  —— proportional to the loss L.~ R (w;v) = —7lIwl

w; =1/; <v),i=1,...,n,
rr}inWL



Learning with Transferable Curriculum

Step 1: Minimization of distribution shift between the source and target domains

Gy: Feature extractor

G4: Discriminator to distinguish the feature representations of
the source domain from the target domain

1
EGd:_n_S

3w (1) log (G (G (<))

1=1

ICML'15 Domain Adversarial Learning, Ganin and Lempitsky 2015



Learning with Transferable Curriculum

Step 2: Train a classifier for target domain

Er = — 8 Weighted training error
G: Feature extractor Gy Z ?_U yz Gy (G‘f (xt ))) in source domain
G,: Classifier 4= Z H, ( t)))j Entropy loss in

target domain

the entropy loss to quantify the uncertainty of a target example's label predictions

H, (Gy (Gy (x5))) = = 2L, 4. log 9] ..



Learning with Transferable Curriculum

Step 3: Find easy and transferable examples

simultaneously prioritizes easier and transferable examples

w(x;) =1 (f; + A1; < y) where
'Ei — Ly (Yf: Gy (Gf (Xf))) ’
7 = —log (1 — Ga(G(x7)))

ity Gq4(G¢(x?)) indicates the probability of classifying x;
as from the source domain, while 1 — G4(Gf(x?)) indicates
the probability of classifying x; as from the target domain.
Thus, 1 —G4(G¢(x7)) is a good indicator to the transferabil-
ity (similarity) of a source example x; to the target domain.



Alternating Minimax Optimization

Gy Feature extractor

G4: Discriminator to to distinguish the feature representations
of the source domain from the target domain

Gy: Classifier

(éf,é ) = arg min Ec;y — EG[“

Y ef ?9‘!;

T

(84) = argmin Fg,,
64

’LU(X?) =1 (EI -+ )\TI' < ’}f) .



Compared methods: Dataset:

Baseline Office-31: 4652 images with 31
classes in 3 distinct domains
ResNet-50 (He et al. CVPR’16)
Office-Home : consisting of 15,500

Curriculum learning images from 65 classes in 4 domains

Self-Paced Learning (SPL) (Kumar, Packer, and Koller NIPS’10) Bing-Caltech: Bing -> Caltech-256
MentorNet (Jiang et al. ICML'18)

Domain adaption methods

Deep Adaptation Network (DAN) (Long et al. ICML'15)

Residual Transfer Network (RTN) (Long et al. NIPS’16)

Domain Adversarial Neural Network (DANN) (Ganin et al. JMLR’16)
Adversarial Discriminative Domain Adaptation (ADDA) (Tzeng et al. CVPR’17)

Source code: https://github.com/thuml



Experiment

Table 1: Classification Accuracy (%) on Office-31 with 40% Corruption of Labels, Features and Both

Method Label Corruption Feature Corruption Mixed Corruption
A—-W W—=A A—D D—A W—D D—-W Avg A=W W—=A A—=D D—A W=D D—-W Avgl A=W W—=A A—=D D—=A W=D D—-W Avg
ResNet 472 330 471 310 680 588 475 702 551 730 550 945 872 725| 588 391 693 377 752 755 593
SPL 726 500 753 389 833 646 64.1| 758 597 757 567 939 878 749 773 575 784 475 934 835 729
MentorNet| 744 542 750 432 859 706 672 76.0 603 755 591 934 899 757 768 5395 782 523 944 8§90 750
DAN 63.2 390 58.0 367 T7Tl.6 6l.6 550| 739 602 722 596 925 880 744| 644 451 71.2 447 793 783 638
RTN 646 562 761 490 827 71.7 66.7| 81.0 646 813 623 952 910 792| 767 569 841 564 930 86.7 756
DANN 612 462 574 424 745 620 573 713 541 690 541 845 B46 69.6| 697 500 695 491 B0O.1 797 664
ADDA 615 492 612 455 747 651 595| 76.8 620 798 601 937 893 77.0| 697 545 724 560 815 855 709
TCL 820 657 833 60.5 908 772 76.6| 849 623 837 640 934 913 799 874 64.6 831 622 99.0 927 815

Table 2: Classification Accuracy (%) on Office-Home with 40% Mixed Corruption and Bing-Caltech with Native Noises

Method Office-Home Bing-Caltech
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 B—C

ResNet 27.1 50.7 61.7 41.1 53.8 563 40.9 28.0 61.8 51.3 33.0 65.9 47.6 74.4
SPL 324 56.0 674 41.9 55.3 57.2 47.9 329 69.3 60.0 36.2 70.4 52.2 75.3
MentorNet | 34.5 57.1 66.7 433 56.1 57.6 48.5 34.0 70.2 59.8 37.2 70.4 53.0 75.6
DAN 31.2 523 61.2 41.2 53.1 54.6 40.7 30.3 61.5 51.7 36.7 67.4 48.5 75.0
RTN 29.3 37.8 66.3 44.0 58.6 583 46.0 30.1 67.5 56.3 322 69.9 514 75.8
DANN 329 50.6 60.1 38.6 49.2 50.6 39.9 32.6 60.4 50.5 384 67.4 47.6 72.3
ADDA 32.6 52.0 60.6 42.6 53.5 543 43.0 31.6 63.1 527 37.7 67.5 49.3 74.7
TCL 38.8 62.1 69.4 46.5 58.5 59.8 51.3 39.9 72.3 63.4 43.5 74.0 56.6 79.0




TCL-adversarial_w: removing w for the source data on the domain discriminator;

TCL-classifier_w : removing w for the source data on the label classifier < / - h
TCL-easiness: removing easiness term £ when updateing w w(xi) =1 ( i + AT S 7) wherce
TCL-transferability: removing transferability term T when updateing w i =Ly, (y;, Gy (Gr (x7))),

7i = —log (1 — Ga(G(x7)))

Table 3: Accuracy on Office-31 with 40% Mixed Corruption

Office-31 Mixed Corruption
A—-W W—=A A—-D D—=A W=D D-W | Avg
TCL-adversarial w | 85.9 629  B21 649 974 92.5 | 81.0
TCL-classifier_w 77.3 63.5 805 612 96.2 91.5 | 784
TCL-easiness 74.0 636 773 619 96.4 9204 | 773
TCL-transferability | 84.7 63.8 83.1 626 97.8 92.2 | 80.7
TCL 87.4 64.6 831 622 99.0 92,7 | 81.5

Method
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+ Applying curriculum learning to domain adaption to against noise.
+ Considering the transferability of examples.

+ Solid experiment

- Do not have an unified objective function
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