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Deep Transfer Learning

Deep Learning

 
test ≤ ̂train +

complexity
n

Learner: Distribution:

Error Bound:

fish

bird

mammal

tree

flower

…...

f :x→ y x, y( ) ~ P x, y( )
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Deep Transfer Learning

Deep Transfer Learning

Deep learning across domains of different distributions P 6= Q

Model ModelRepresentation

P(x,y)≠Q(x,y)
2D Renderings Real Images

Source Domain Target Domain

http://ai.bu.edu/visda-2017/f :x→ y f :x→ y
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Deep Transfer Learning

Deep Transfer Learning: Why?

Training Error high?

Train-Dev Error high?

Dev Error high?

Test Error high?

Training Set Train-Dev Set Dev Set Test Set

Done!

Bias

Variance

Dataset Shift

Overfit Dev Set

No

No

No

No

Yes

Yes

Yes

Yes

Deeper Model
Longer Training

Bigger Data
Regularization

Transfer Learning
Data Generation

Bigger Dev Data

Andrew Ng. The Nuts and Bolts of Building Applications using Deep 
Learning. NIPS 2016 Tutorial.

Optimal Bayes Rate
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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 Target Domain

Learning
Features

Learning
Features

Transferring
Features

Predictive
Models

Adaptation
P(x)=Q(x)

Supervised

P(x) Q(x)

28%

72%

99%

98%
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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
Transferability of features decreases while task discrepancy increases
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5: Transfer + fine-tuning improves generalization

3: Fine-tuning recovers co-adapted interactions

2: Performance drops
 due to fragile
 co-adaptation

4: Performance
drops due to

 representation
specificity

Figure 2: The results from this paper’s main experiment. Top: Each marker in the figure represents
the average accuracy over the validation set for a trained network. The white circles above n =
0 represent the accuracy of baseB. There are eight points, because we tested on four separate
random A/B splits. Each dark blue dot represents a BnB network. Light blue points represent
BnB+ networks, or fine-tuned versions of BnB. Dark red diamonds are AnB networks, and light
red diamonds are the fine-tuned AnB+ versions. Points are shifted slightly left or right for visual
clarity. Bottom: Lines connecting the means of each treatment. Numbered descriptions above each
line refer to which interpretation from Section 4.1 applies.

4.1 Similar Datasets: Random A/B splits

The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
statistically identical BnA and AnB networks and just call them AnB.

5
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Deep Transfer Learning

Distribution Mismatch

Marginal distribution mismatch: P(X) 6= Q(X)

Conditional distribution mismatch: P(Y |X) 6= Q(Y |X)

P(x)≈Q(x)
P(y|x)≠Q(y|x)

P(x)≈Q(x)
P(y|x)≈Q(y|x)

P(x)≠Q(x)
P(y|x)≠Q(y|x)
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Deep Transfer Learning

Distribution Matching

Marginal distribution mismatch: P(X) 6= Q(X)

Conditional distribution mismatch: P(Y |X) 6= Q(Y |X)

Song et al. Kernel Embeddings of Conditional Distributions. IEEE, 2013. 
Goodfellow et al. Generative Adversarial Networks. NIPS 2014.

Kernel Embedding Adversarial Learning

 IEEE SIGNAL PROCESSING MAGAZINE [102] JULY 2013

embeddings of a joint distribution ( , )P X Y  and the product of its 
marginals ( ) ( ),P X P Y  i.e., hsic ( , ) : .X Y C F FXY X Y

27n n= - 7  
Similarly, this statistic also has advantages over the kde-based 
statistic. We will further discuss these tests in the next section, 
following our introduction of finite sample estimates of the 
distribution embeddings and test statistics.

FINITE SAMPLE KERNEL ESTIMATOR
While we rarely have access to the true underlying distribution, 

( ),P X  we can readily estimate its embedding using a finite sample 
average. Given a sample { , , }D x xX m1 f=  of size m drawn inde-
pendent and identically distributed (i.i.d.) from ( ),P X  the empiri-
cal kernel embedding is

 ( ) .m x1
X i

i

m

1
n z=

=

t /  (4)

See Figure 3 for an illustration of the kernel embedding and its 
empirical estimator. This empirical estimate converges to its pop-
ulation counterpart in RKHS norm, ,FX Xn n-t  with a rate of 

( )O m ( / )
p

1 2-  [15], [16]. We note that this rate is independent of the 
dimension of ,X  meaning that statistics based on kernel embed-
dings circumvent the curse of dimensionality.

Kernel embeddings of joint distributions inherit the 
previous two properties of general embeddings: injectivity 

and easy empirical estimation. Given 
m pairs of training examples DXY = 
{( , ), , ( , )}x y x ym m1 1 f  drawn i.i.d. from 

( , ),P X Y  the covariance operator CXY  
can then be estimated as

 ( ) ( ) .C m x y1
XY i i

i

m

1
7z z=

=

t /  (5)

See Figure 4 for an illustration of the 
kernel joint embedding and its empirical 
estimator.

By virtue of the kernel trick, most of 
the computation required for statistical 
inference using kernel embeddings can 
be reduced to the Gram matrix manipu-
lation. The entries in the Gram matrix K  
correspond to the kernel value between 
data points xi and ,x j  i.e., ( , ),K k x xij i j=  
and therefore its size is determined by 
the number of data points in the sample 
(similarly Gram matrix G has entries 

( , )) .G k y yij i j=  The size of the Gram 
matrices is in general much smaller than 
the dimension of the feature spaces 
(which can be infinite). This enables effi-
cient nonparametric methods using the 
kernel embedding representation. For 
instance, the empirical mmd can be com-
puted using kernel evaluations,

 
mmd ( , ) ( ) ( )

( ( , ) ( , ) ( , )) .
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For comparison, the L2 distance between kernel density esti-
mates is

kde kde( ( ) ( ))x x dx2-
X

l\ \#

 
j j( , ) ( , ) ( , ) ( , )

( , ) ( , )) ,

(k k k k

k k
m

x x x x y x y x

x x y x dx

1
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w h e r e  kde ( ) / ( , )x m k x x1 ii
m

1=
=
u\ /  a n d  kde ( ) /mx 1=l\  

( , )k y xii
m

1=
u/ , respectively. Furthermore, it can be shown that a 

two-sample test based on the L2 distance between kernel density 
estimates has less power against local departures from the null 
hypothesis than the mmd\  [19, Sec. 3.3], [19, Sec. 5], due to the 
shrinking kernel bandwidth with increasing sample size. There 
are also many domains such as strings and graphs [13] where 
kernel methods can be used, but where probability densities may 
not be defined. Finally, hyperparameters of the kernel func-
tions, such as the bandwidth v in the Gaussian kernel 

v( ),exp x x 2-- l  can be chosen to maximize the test power, 
and minimize the probability of Type II error in two-sample tests 

[FIG3] Kernel embedding of a distribution and finite sample estimate.

Feature Space

P(X )
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X

E[z(X)]

z(xi)

z(xi)

nx
nxˆ

nx = E[z(X)] cnxˆ = /1
m
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i = 1

[FIG4] Kernel embedding of a joint distribution and finite sample estimate.

Feature Space

ˆ z(yi) , z(xi)= /1
m

m

i = 1

CYX = E[z(Y )] , z(X )] cCYX 

X

Y
P (Y, X )

CYX
ĈYX

z(yi) , z(xi)

E[z(Y )] , z(X )]

(xi, yi)
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Problem 1: P(X) 6= Q(X)

Deep Adaptation Network (DAN)1

MK-

MMD

MK-

MMD

MK-

MMD

input conv1 conv2 conv3 conv4 conv5 fc6 fc7 fc8

source

output

target

output

frozen frozenfrozen
fine-

tune

fine-

tune

learn learnlearn learn

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

d2
k (P,Q) ,

∥∥EP [φ (xs)]− EQ

[
φ
(
xt
)]∥∥2

Hk
(1)

min
θ∈Θ

max
k∈K

1

na

na∑

i=1

J (θ (xai ) , yai ) + λ

l2∑

`=l1

d2
k

(
D`s ,D`t

)
(2)

1Long et al. Learning Transferable Features with Deep Adaptation Networks. ICML ’15.
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Problem 1: P(X) 6= Q(X)

Domain Adversarial Neural Network (DANN)2

Adversarial adaptation: learning features indistinguishable across domains

E (θf , θy , θd) =
∑

xi∈Ds

Ly (Gy (Gf (xi )) , yi )− λ
∑

xi∈Ds∪Dt

Ld (Gd (Gf (xi )) , di ) (3)

(θ̂f , θ̂y ) = arg min
θf ,θy

E (θf , θy , θd) (θ̂d) = arg max
θd

E (θf , θy , θd) (4)

2Ganin et al. Domain Adversarial Training of Neural Networks. JMLR ’16.
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Problem 1: P(X) 6= Q(X)

Residual Transfer Network (RTN)3

fcc

fcb fcc

fcb

MMDAlexNet, 
ResNet…

Xs

Xt

fc1 fc2 Ys

Ytentropy minimization

Δf x( ) fS x( )

fT x( )

✖ ➕

✖

fS x( ) = fT x( )+ Δf x( )

MMD

✖

✖

Xs Xs

XtXt

Zs

Zt

fcb

fcb fcc

fcc

weight layer

weight layer

+ x
F x( ) = ΔF x( )+ x

ΔF x( ) min
fS=fT +�f

1

ns

nsX

i=1

L (fs (xs
i ) , ys

i )

+
�

nt

ntX

i=1

H
�
ft

�
xt

i

��

+ � DL (Ds, Dt),

Classifier
Adaptation

Feature
Adaptation

3Long et al. Unsupervised Domain Adaptation with Residual Transfer Networks. NIPS ’16.
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Problem 2: P(X, Y ) 6= Q(X, Y ) Joint Adaptation Network (JAN)

Kernel Embedding of Distributions

Le Song et al. Kernel Embeddings of Conditional Distributions. IEEE, 2013.
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Problem 2: P(X, Y ) 6= Q(X, Y ) Joint Adaptation Network (JAN)

Kernel Embedding of Joint Distributions

n
n

CX1:m(P) , EX1:m

[
⊗m
`=1φ

`(X`)
]
≈ ĈX1:m =

1

n

n∑

i=1

⊗m
`=1φ

`(x`i ) (5)

Le Song et al. Kernel Embeddings of Conditional Distributions. IEEE, 2013.
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Problem 2: P(X, Y ) 6= Q(X, Y ) Joint Adaptation Network (JAN)

Joint Maximum Mean Discrepancy (JMMD)

Distance between embeddings of P(Zs1, . . . ,Zs|L|) and Q(Zt1, . . . ,Zt|L|)

DL (P,Q) , ‖CZs,1:|L| (P)− CZt,1:|L| (Q)‖2

⊗|L|`=1H`
. (6)

D̂L (P,Q) =
1

n2
s

ns∑

i=1

ns∑

j=1

∏

`∈L
k`
(

zs`i , z
s`
j

)

+
1

n2
t

nt∑

i=1

nt∑

j=1

∏

`∈L
k`
(

zt`i , z
t`
j

)

− 2

nsnt

ns∑

i=1

nt∑

j=1

∏

`∈L
k`
(

zs`i , z
t`
j

)
.

(7)

Theorem (Two-Sample Test (Gretton et al. 2012))

P = Q if and only if D̂L (P,Q) = 0 (In practice, D̂L (P,Q) < ε)
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Problem 2: P(X, Y ) 6= Q(X, Y ) Joint Adaptation Network (JAN)

How to Understand JMMD?

Set last-layer features Z = ZL−1, classifier predictions Y = ZL ∈ RC

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

This interpretation assumes classifier predictions Y be one-hot vector

D̂L (P,Q) ,

∥∥∥∥∥∥
1

ns

ns∑

i=1

zsi ⊗ ysi −
1

nt

nt∑

j=1

ztj ⊗ ytj

∥∥∥∥∥∥

2

=
C∑

c=1

∥∥∥∥∥∥
1

ns

ns∑

i=1

y si ,czsi −
1

nt

nt∑

j=1

y tj ,cztj

∥∥∥∥∥∥

2

≈
C∑

c=1

D̂
(
PZ |y=c ,QZ |y=c

)

(8)

Equivalent to matching P and Q conditioned on each class

JMMD process with continuous softmax activations (probability)
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Problem 2: P(X, Y ) 6= Q(X, Y ) Joint Adaptation Network (JAN)

Connection to Wasserstein-GAN (WGAN)

Different function spaces, and different powers in comparing distributions

Wasserstein distance

DW (P,Q) , sup
‖φ‖L≤1

(
EZs [φ (Zs)]− EZt

[
φ
(
Xt
)])

(9)

MMD

DH (P,Q) , sup
‖φ‖H≤1

(
EZs [φ (Zs)]− EZt

[
φ
(
Zt
)])

(10)

Joint MMD (JMMD)

DL (P,Q) , sup
‖φ`‖H61

(
EZs

[
⊗|L|`=1φ

`(Zs`)
]
− EZt

[
⊗|L|`=1(Zt`)

])
(11)
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Problem 2: P(X, Y ) 6= Q(X, Y ) Joint Adaptation Network (JAN)

Joint Adaptation Network (JAN)4

Xs

Xt Zt|L|

Zs|L|Zs1

Zt1

Ys

Yt

JMMD

✖

✖

tied tied

φ1

φ1

φL

φL

AlexNet
VGGnet
GoogLeNet
ResNet
……

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

min
f

1

ns

ns∑

i=1

J (f (xsi ) , ysi ) + λD̂L (P,Q) (12)

DL (P,Q) , ‖CZs,1:|L| (P)− CZt,1:|L| (Q)‖2

⊗|L|`=1H`
(13)

4Long et al. Deep Transfer Learning with Joint Adaptation Networks. ICML ’17.
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Problem 2: P(X, Y ) 6= Q(X, Y ) Joint Adaptation Network (JAN)

Adversarial Joint Adaptation Network (JAN-A)

Xs

Xt Zt|L|

Zs|L|Zs1

Zt1

Ys

Yt

JMMD

✖

✖

tied tied

θθ θθ

θθ θθ

φ1

φ1

φL

φL

AlexNet
VGGnet
GoogLeNet
ResNet
……

Optimal matching: maximize JMMD as semi-parametric domain adversary

min
f

max
θ

1

ns

ns∑

i=1

J (f (xsi ) , ysi ) + λD̂L (P,Q; θ) (14)

D̂L (P,Q; θ) =
2

n

n/2∑

i=1

d
(
{θ`(zs`2i−1, z

s`
2i , z

t`
2i−1, z

t`
2i )}`∈L

)
(15)
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Problem 2: P(X, Y ) 6= Q(X, Y ) Joint Adaptation Network (JAN)

Learning Algorithm

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

D̂L (P,Q) =
2

n

n/2∑

i=1

(∏

`∈L
k`(zs`2i−1, z

s`
2i ) +

∏

`∈L
k`(zt`2i−1, z

t`
2i )

)

− 2

n

n/2∑

i=1

(∏

`∈L
k`(zs`2i−1, z

t`
2i ) +

∏

`∈L
k`(zt`2i−1, z

s`
2i )

)

=
2

n

n/2∑

i=1

d
(
{zs`2i−1, z

s`
2i , z

t`
2i−1, z

t`
2i

}
`∈L)

(16)

SGD: for each layer ` and for each quad-tuple
(
zs`2i−1, z

s`
2i , z

t`
2i−1, z

t`
2i

)

∇W ` =
∂J
(
zs2i−1, z

s
2i , y

s
2i−1, y

s
2i

)

∂W `
+ λ

∂d
(
{zs`2i−1, z

s`
2i , z

t`
2i−1, z

t`
2i

}
`∈L)

∂W `
(17)
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Problem 2: P(X, Y ) 6= Q(X, Y ) Conditional Domain Adversarial Network (CDAN)

Multilinear Conditioning5

xs

xt gt

gsfs

ft

ys

yt

DNN:
AlexNet
ResNet
……

D

×

×
FLtied

min
G

E (G )− λE (D,G )

min
D

E (D,G )
(18)

E (D,G ) = − 1

ns

ns∑

i=1

log (D (fsi ⊗ gs
i ))− 1

nt

nt∑

j=1

log
(
1− D

(
ftj ⊗ gt

j

))
(19)

5Long et al. Conditional Adversarial Domain Adaptation. arXiv ’17.
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Problem 2: P(X, Y ) 6= Q(X, Y ) Conditional Domain Adversarial Network (CDAN)

Randomized Multilinear Conditioning

xs

xt gt

gsfs

ft

ys

yt

DNN:
AlexNet
ResNet
……

D

fR

fR

gR

gR

FLtied

T⊗ (f, g) = f ⊗ g (20)

T� (f, g) =
1√
d

(Rf f)� (Rgg) (21)

φ (h) =

{
T⊗ (f, g) if df × dg 6 4096

T� (f, g) otherwise
(22)
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Problem 2: P(X, Y ) 6= Q(X, Y ) Conditional Domain Adversarial Network (CDAN)

Inverse Focal Discriminator

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

0.8

1.6

2.4

3.2

4

4.8

easy-to-distinguish
(hard-to-match)

examples

cross-entropy loss

focal loss 

inverse focal loss

E (D,G ) = − 1

ns

ns∑

i=1

exp (D (φ (hs
i ))) log (D (φ (hs

i )))

− 1

nt

nt∑

j=1

exp
(
1− D

(
φ
(
ht
j

)))
log
(
1− D

(
φ
(
ht
j

))) (23)
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Problem 2: P(X, Y ) 6= Q(X, Y ) Conditional Domain Adversarial Network (CDAN)

Optimization Problem

min
G

1

ns

ns∑

i=1

L (G (xsi ) , ysi )

+
λ

ns

ns∑

i=1

exp (D (φ (hs
i ))) log (D (φ (hs

i )))

+
λ

nt

nt∑

j=1

exp
(
1− D

(
φ
(
ht
j

)))
log
(
1− D

(
φ
(
ht
j

)))

max
D

1

ns

ns∑

i=1

exp (D (φ (hs
i ))) log (D (φ (hs

i )))

+
1

nt

nt∑

j=1

exp
(
1− D

(
φ
(
ht
j

)))
log
(
1− D

(
φ
(
ht
j

)))

(24)
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Evaluation

Datasets

Pre-train Fine-tune

VisDA Challenge 2017

ImageCLEF Challenge 2014

Fine-tune

Fine-tune

Office-Caltech 

Spoon Sink Mug Pen Knife Bed Bike Kettle TV Keyboard Classes Alarm-Clock Desk-Lamp Hammer Chair Fan
R

ea
l W

or
ld

Pr
od

uc
t

C
lip

ar
t

Ar
t

Office-Home
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Evaluation

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 95.4±0.3 99.0±0.2 63.8±0.5 51.1±0.6 49.8±0.4 70.1

TCA 61.0±0.0 93.2±0.0 95.2±0.0 60.8±0.0 51.6±0.0 50.9±0.0 68.8
GFK 60.4±0.0 95.6±0.0 95.0±0.0 60.6±0.0 52.4±0.0 48.1±0.0 68.7
DAN 68.5±0.5 96.0±0.3 99.0±0.3 67.0±0.4 54.0±0.5 53.1±0.5 72.9
RTN 73.3±0.3 96.8±0.2 99.6±0.1 71.0±0.2 50.5±0.3 51.0±0.1 73.7

DANN 73.0±0.5 96.4±0.3 99.2±0.3 72.3±0.3 53.4±0.4 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 77.9±0.3 96.9±0.2 100.0±.0 74.6±0.2 55.1±0.3 57.5±0.4 77.0
CDAN-M 77.6±0.2 97.2±0.1 100.0±.0 73.0±0.1 57.3±0.2 56.1±0.3 76.9
ResNet-50 68.4±0.2 96.7±0.1 99.3±0.1 68.9±0.2 62.5±0.3 60.7±0.3 76.1

TCA 72.7±0.0 96.7±0.0 99.6±0.0 74.1±0.0 61.7±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 63.4±0.0 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 96.9±0.2 99.1±0.1 79.7±0.4 68.2±0.4 67.4±0.5 82.2
ADDA 86.2±0.5 96.2±0.3 98.4±0.3 77.8±0.3 69.5±0.4 68.9±0.5 82.9
JAN 85.4±0.3 97.4±0.2 99.8±0.2 84.7±0.3 68.6±0.3 70.0±0.4 84.3

CDAN-RM 93.0±0.2 98.4±0.2 100.0±.0 89.2±0.3 70.2±0.4 69.4±0.4 86.7
CDAN-M 93.1±0.1 98.6±0.1 100.0±.0 93.4±0.2 71.0±0.3 70.3±0.3 87.7
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Evaluation

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 97.2±0.3 99.4±0.1 85.1±0.4 70.9±0.5 71.7±0.5 85.3
CDAN-RM (gaussian) 88.0±0.1 97.4±0.1 99.7±0.1 86.4±0.2 70.6±0.3 71.4±0.3 85.6
CDAN-RM (uniform) 93.0±0.2 98.4±0.2 100.0±.0 89.2±0.3 70.2±0.4 69.4±0.4 86.7

CDAN-M (no focal loss) 91.7±0.2 98.3±0.1 100.0±.0 92.5±0.2 70.0±0.2 67.8±0.2 86.8
CDAN-M (focal loss) 93.1±0.1 98.6±0.1 100.0±.0 93.4±0.2 71.0±0.3 70.3±0.3 87.7
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Figure: Analysis of CDAN: (a) Conditioning, (b) Discrepancy, (c) Convergence.
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Summary

Open Problems

Heterogeneous Transfer Learning

Xs 6= Xt ∨ Ys 6= Yt
Pixel-Level Transfer Learning

P(X) 6= Q(X) ∨ P(Z) 6= Q(Z)
Learning Transferable Architectures

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