. Long (Tsinghua)

Deep Transfer Learning

Mingsheng Long

School of Software
National Engineering Lab for Big Data Software
Tsinghua University

https://github.com/thuml

Deep Transfer Learning

March 14, 2018

1/32


https://github.com/thuml

Outline
@ Deep Transfer Learning
=] 5 = = DA



Deep Transfer Learning

Deep Learning

Learner: f :x — y
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Deep Transfer Learning

Deep Transfer Learning

@ Deep learning across domains of different distributions P # Q

Source Domain r— % . % %ﬁ Target Domain
“ ‘m ¢

2D Renderings Real Images

P(x,y)£Q(x.y)

Representation

f ‘X = Yy http://ai.bu.edu/visda-2017/ f P y
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Deep Transfer Learning

Deep Transfer Learning: Why?

Training Set Train-Dev Set Dev Set | Test Set
Optimal Bayes Rate
Training Error high? “ Deeper Model
Yes Longer Training
No
. . . Bigger Data
= rd >
Train-Dev Error high? v Regularization
1 No
. Transfer Learning
o .
Dev Error high? Yo Dataset Shift Data Generation
1 No
Test Error high? Y % Bigger Dev Data
es
No

|
D

Andrew Ng. The Nuts and Bolts of Building Applications using Deep

Learning. NIPS 2016 Tutorial.
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Deep Transfer Learning

Deep Transfer Learning: How?

@ Learning predictive models on transferable features s.t. P(x) = Q(x)
@ Distribution matching: MMD (ICML'15), GAN (ICML'15, JMLR'16)

Source Domain

98%

Learning
Features

99%

Transferring
Features

Supervised

Predictive
Models

2%

P(x/;‘g;;;%ow

Learning
Features

28%
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Deep Transfer Learning

How Transferable Are Deep Features?

Transferability is restricted by (Yosinski et al. 2014; Glorot et al. 2011)
@ Specialization of higher layer neurons to original task (new task |)
@ Optimization difficulty in splitting nets between co-adapted neurons
@ Disentangling of variations in higher layers enlarges task discrepancy
o Transferability of features decreases while task discrepancy increases

5: Transfer + fin'e-tuning irﬂproves geheralizatioh

0.64

3: Fine-tuning recovers co-adapted interactions

2: Performance drops
due to fragile
co-adaptation

0.62

4: Performance

drops due to
representation
specificity

0.60)

0.58

Top-1 accuracy (higher is better)

0.56]

0 1 2 3 4 5 6 7
Layer n at which network is chopped and retrained
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Distribution Mismatch

@ Marginal distribution mismatch: P(X) # Q(X)
e Conditional distribution mismatch: P(Y|X) # Q(Y|X)

P(x)#Q(x) P(x)=Q(x) P(x)=Q(x)
P(y|x)#Q(y|x) P(y|x)#Q(y|x) P(y|x)=Q(y|x)
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Distribution Matching

@ Marginal distribution mismatch: P(X) # Q(X)
e Conditional distribution mismatch: P(Y|X) # Q(Y|X)

generated distribution true data distribution
B )
""""""""" unit gaussian
R,
generative
O model N .
2 || (neural net) N s
L — )
1= BpO0] ~ = 1 $600 image space image space
=

Kernel Embedding Adversarial Learning

Song et al. Kernel Embeddings of Conditional Distributions. IEEE, 2013.
Goodfellow et al. Generative Adversarial Networks. NIPS 2014.
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Problem 1: P(X) # Q(X)

Outline

© Problem 1: P(X) # Q(X)
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Problem 1: P(X) # Q(X)

Deep Adaptation Network (DAN)!

(o) I T T an

ol 0] [O] [O |O] O :

O frozen O frozen O frozen O :i"e' O fine- O source
OF>ler>|e> s . .

©) ° ° ° ° ° oupat
ol o] lo| lo| |o| |o %
0),..101..19]...19]...19|...1©
) impur \ —_Jeomst \ ~ feom2 | " feoms{ " feomes | " fcom: fes \ >

Deep adaptation: match distributions in multiple domain-specific layers
Optimal matching: maximize two-sample test power by multiple kernels

d? (P,Q) 2 ||Ep [¢ (x°)] - Eq [qs (<9113, (1)
gnegrpea’%(n—ZJ(G x7),yf +)\de <D§,Df> (2)
l=h

1Long et al. Learning Transferable Features with Deep Adaptation-Networks. IEML '15.
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Problem 1: P(X) # Q(X)

Domain Adversarial Neural Network (DANN)?

- oL
)L, y
0, ] Closs L,

DD EE:) a LJ‘> (Y | ) E(tlnss label y

A()Ld - l\h(] predictor G (-;6,)
de F

—>
J somjec )}

domain classifier G4(+; 64)

retor G (- PR ’éo
feature extractor Gy(-;05) G, %, )
(4 @ domain label d

2

forwardprop  backprop (and produced derivatives) 00,4

~
S
S

%”Q‘b

Adversarial adaptation: learning features indistinguishable across domains

E(0r,0y,00) = > L, (G (Gr(x)),y:) = A > La(Ga(Gr(x)),d) (3)

x;€Ds x;€D;UD;

(éf,é ) =arg m|n E (6r,0,,6q) (éd) = arg m@axE(Q,c,Hy, 04) (4)
d

fvy

Ganin et al. Domain Adversarial Training of Neural Networks. JMLR '16. Ve

2
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Problem 1: P(X) # Q(X)

Residual Transfer Network (RTN)?3

AlexNet, |
ResNet... |
i

0000

L(0)=FHE+A () r(x)

entropy minimization ~ Yt

7

| Classifier .
| . s
Adaptation

min = — L X2,y
fs=fr+Af ng — (fS( z) yz)

T —
Feature + n_t ZH (ft (Xf))
i=1

Adaptation

—p + \ D, (Ds,Dy),

3Long et al. Unsupervised Domain Adaptation with Residual-Transfer Networks: NIPS '16;
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Problem 2: P(X, Y) # Q(X, Y)

Outline

© Problem 2: P(X,Y) # Q(X,Y)
@ Joint Adaptation Network (JAN)
@ Conditional Domain Adversarial Network (CDAN)
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LBV ENE O SR ANV AN  Joint Adaptation Network (JAN)

Kernel Embedding of Distributions

Distributions

P(X) P(X, Y) f‘j‘} ',z,)

Discrete :
dy x 1 dy X d,
X, Y
0 v X
Kernel ‘& 5%

Embedding Cxyz:=

/X = Cyy:= Exyz[9(X) ® 6(Y) ® 4(2)]

Ex[(X)]  Exy[$(X) @4(Y)] (/L
oo X 1 x‘ooxoo E \’.‘OOXOOXOO

Le Song et al. Kernel Embeddings of Conditional Distributions. IEEE, 2013.
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LBV ENE O SR ANV AN  Joint Adaptation Network (JAN)

Kernel Embedding of Joint Distributions

P(Y, X)

E[p(Y)] ® &(X)]
&
X
Ssas ) RbX)  __-

A m 2\ BN m
Cxim(P) £ Exim [®g:1¢e(xz)} ~ Cxaim = Y oele'(x)  (5)
i=1

Le Song et al. Kernel Embeddings of Conditional Distributions. IEEE, 2013.
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TN IO S AN ORS M  Joint Adaptation Network (JAN)
Joint Maximum Mean Discrepancy (JMMD)
Distance between embeddings of P(Z°!,...,Z°l) and Q(Z%,...,Z!%))
De (P, Q) £ [|Czenict (P) = Caenner (Q)21, - (6)
=1

- giink8(171>

i=1 j=1/¢eL
t Nt '
s I () 7
Mt i=1 j=1/¢eLl
s Nt '
oI GCES]
i=1 j=1/¢eLl
Theorem (Two-Sample Test (Gretton et al. 2012))
e P=Q ifand only if Dy (P, Q) =0 (In practice, Dy (P, Q) < &) J
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LBV ENE O SR ANV AN  Joint Adaptation Network (JAN)

How to Understand JMMD?

@ Set last-layer features Z = ZL~1, classifier predictions Y = Zt € R¢

@ We can understand JMMD(Z,Y) by simplifying it to linear kernel

@ This interpretation assumes classifier predictions Y be one-hot vector
2

1 &
De(P.@) 2 | LYz zz oyt
S =1
C n 2
1 S
:Z e .yICZI Z-y_jc_/ (8)
c=11 ° i=1
C o~
~ Z D (’DZ\y—c" QZ\y—C)
c=1

@ Equivalent to matching P and @ conditioned on each class
@ JMMD process with continuous softmax activations (probability)
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LBV ENE O SR ANV AN  Joint Adaptation Network (JAN)

Connection to Wasserstein-GAN (WGAN)

Different function spaces, and different powers in comparing distributions
@ Wasserstein distance

Dw (P,Q) 2 sup (Ezs[¢(Z°)] — Ez: [6 (XH)]) (9)

lloll<1

e MMD

Dy (P,Q) & sup (Ezs[6(Z°)] - Ez [6(Z%)])  (10)

ol <1

e Joint MMD (JMMD)

De(P.Q)2 sup (Ez |9,0/(2*)] Bz [0}£4(2%)]) (1)

611, <1
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LBV ENE O SR ANV AN  Joint Adaptation Network (JAN)

Joint Adaptation Network (JAN)*

Ge)—

AlexNet
VGGnhet
GooglLeNet
ResNet

0

[0000++0000

Joint adaptation: match joint distributions of multiple task-specific layers

m|n—ZJ ).¥5) +ADz (P, Q) (12)

Dz (P, Q) £ [|Cgs11ci (P) — Cgenic (Q)

sk (13)

4Long et al. Deep Transfer Learning with Joint Adaptation Networks. ICML '17.
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LBV ENE O SR ANV AN  Joint Adaptation Network (JAN)

Adversarial Joint Adaptation Network (JAN-A)

B

% o9
AlexNet @
VGGnet : i
GoogLre]:?\let tied tied
ResNet 1 A 1

@—)—_ ztl YY) zt|L|

Optimal matching: maximize JMMD as semi-parametric domain adversary

[0000:++0000

m|n max—ZJ +/\D£(P Q;0) (14)

n/2

e(P.0i0) =3 a (10 ) (09
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LBV ENE O SR ANV AN  Joint Adaptation Network (JAN)

Learning Algorithm

Linear-Time O(n) Algorithm of JMMD (Streaming Algorithm)

n/2
2
Dc (P, Q) = nz (H K (25i_1,257) + H Ki(25i_1,25; )

i1 \tec tec
5 n/2
_Z 4 £ 1
n Z <H k z2l 17221 + H k 221 17221 ) ( 6)
i-1 \tec tec
5 n/2
;Zd {221 17221522: 1’22’}€E£
SGD: for each layer ¢ and for each quad-tuple (z5¢_;,z5!, 25 ;,z%)
0
Vi — oJ (23;,1723;7)’25,;17)’5) +A ({221 1’2217251 1 2’}€€£ (17)
W oW? oW?
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GNP ROV 8RS  Conditional Domain Adversarial Network (CDAN)

Multilinear Conditioning®

G—

DNN:
AlexNet
ResNet

0

000020000

min £ (G) — AE (D, G)

: (18)
min E(D,G)

E(D.G)= -3 log(D(§ 2g) -~ > log (1~ D(F = g))) (19
t_/:]-

5Long et al. Conditional Adversarial Domain Adaptation. arXiv '17:
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GNP ROV 8RS  Conditional Domain Adversarial Network (CDAN)

Randomized Multilinear Conditioning

(@)
(@)
DNN: O
AlexNet ?
ResNet e
...... O
(0]
(0]
GH—1o]
Ty (f.g)=fxg (20)
1
To(F.8) = = (Rf) © (Rgg) (21)

o(h) = {T®(f,g) if dr x dy < 4096 22)

To (f,g) otherwise
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GNP ROV 8RS  Conditional Domain Adversarial Network (CDAN)

Inverse Focal Discriminator

4.8

cross-entropy loss

focal loss

inverse focal loss

3.2

24 easy-to-distinguish

(hard-to-match)

E(D.6) =~ " exp (D (6 (h?))) log (D (6 (h?)))
ntl:l (23)
— 2L (1=D(¢(hf)))log (1 =D (¢(hf)))
j=1
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GNP ROV 8RS  Conditional Domain Adversarial Network (CDAN)

Optimization Problem

min %ZL(G( )>Y7)
=1
+nii:exp( D (¢ (h})))log (D (¢ (hS)))
S =1

+%Zexp (1—D(¢ (h})))log (I_D(¢(hj))) (24)
max —Zexp hs) |og( (¢ (hls)))
+ n_tz;exp (1D (¢ (h})))log (1D (¢ (h})))
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Datasets

Fine-tune

e EEE R £ 9

Fine-tune /?@\/@%@D o8 &\ il 1
'/~»-oo‘3§ ~8{~RQ

\.ilﬂ — i Ca R Q

™

Office-Home

VisDA Challenge 2017
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Results

Table: Accuracy (%) on Office-31 for unsupervised domain adaptation

Method A— W D—-W W — D A — D D— A W — A Avg
AlexNet 61.6+0.5 95.440.3 99.0+0.2 63.84+0.5 51.1£0.6 49.81+0.4 70.1
TCA 61.040.0 93.240.0 95.240.0 60.8+0.0 51.640.0 50.940.0 68.8
GFK 60.440.0 95.6+0.0 95.04:0.0 60.6+0.0 52.440.0 48.14+0.0 68.7
DAN 68.54+0.5 96.04+0.3 99.040.3 67.0+0.4 54.04+0.5 53.1£0.5 72.9
RTN 73.31£0.3 96.84+0.2 99.6+0.1 71.0+0.2 50.54+0.3 51.0£0.1 73.7
DANN 73.0£0.5 96.440.3 99.240.3 72.3+0.3 53.440.4 51.2+0.5 74.3
ADDA 73.5+£0.6 96.2+0.4 98.8+£0.4 71.6+0.4 54.6+0.5 53.5+0.6 74.7
JAN 74.9£0.3 96.6+0.2 99.5+0.2 71.8+0.2 58.3+0.3 55.0+£0.4 76.0
CDAN-RM 77.91+0.3 96.940.2 100.0+.0 74.61+0.2 55.1£0.3 57.51+0.4 77.0
CDAN-M 77.6+0.2 97.240.1 100.0+.0 73.040.1 57.3£0.2 56.1+0.3 76.9
ResNet-50 68.410.2 96.740.1 99.3+0.1 68.91+0.2 62.5+0.3 60.7£0.3 76.1
TCA 72.7£0.0 96.7+0.0 99.640.0 74.1+0.0 61.74+0.0 60.9+0.0 77.6
GFK 72.8+£0.0 95.0+0.0 98.2+0.0 74.5+0.0 63.440.0 61.0£0.0 77.5
DAN 80.5+0.4 97.1+0.2 99.6+0.1 78.6+0.2 63.6+£0.3 62.8+0.2 80.4
RTN 84.5+0.2 96.8+0.1 99.4+0.1 77.5+0.3 66.2+£0.2 64.8+0.3 81.6
DANN 82.0+0.4 96.940.2 99.1£0.1 79.7+0.4 68.2+0.4 67.4£0.5 82.2
ADDA 86.2+0.5 96.240.3 98.4+0.3 77.8+0.3 69.5+0.4 68.9+0.5 82.9
JAN 85.4+0.3 97.440.2 99.8+0.2 84.74+0.3 68.6+0.3 70.0+£0.4 84.3
CDAN-RM 93.0£0.2 98.440.2 100.0+.0 89.240.3 70.2+£0.4 69.4+0.4 86.7
CDAN-M 93.1+0.1 98.6+0.1 100.0+.0 93.44-0.2 71.01+0.3 70.3+0.3 87.7
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Evaluation

Results

VISDA CHALLENGE 2017

=CNN =DAN =RTN =DANN =JAN aCDAN-M

516 53 543

AlexNet ResNet-50
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Analysis

Table: Accuracy (%) of CDAN variants for unsupervised domain adaptation

Method A— W D—W W — D A — D D— A W — A Avg
CDAN-RM (bernoulli) 87.8+0.3 97.240.3 99.4£0.1 85.14+0.4 70.9+0.5 71.7+0.5 85.3
CDAN-RM (gaussian) 88.040.1 97.440.1 99.7£0.1 86.440.2 70.6+0.3 71.440.3 85.6
CDAN-RM (uniform) 93.0+0.2 98.4+0.2 100.0+.0 89.2+0.3 70.2+0.4 69.4140.4 86.7

CDAN-M (no focal loss) 91.740.2 98.3+0.1 100.0+.0 92.5+0.2 70.040.2 67.8+0.2 86.8
CDAN-M (focal loss) 93.140.1 98.6+0.1 100.0+.0 93.4+0.2 71.0+0.3 70.34+0.3 87.7

=)
Transfer Task

(a) Conditioning

[ sl 1 DA I ORI

ADistance

w w-
Transfer Task

(b) Discrepancy
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S o3 p

0
05 1 2
Number of Hterations (x10°)

(c) Convergence

Figure: Analysis of CDAN: (a) Conditioning, (b) Discrepancy, (c) Convergence.
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Open Problems

Heterogeneous Transfer Learning

Xs#xt\/Ys%Yt

Pixel-Level Transfer Learning

P(X) # Q(X) vV P(Z) # Q(Z)

Learning Transferable Architectures

@ Code available at: https://github.com/thuml/Xlearn
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