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Today

The MULTIBRAIN project: scalable domain adaptation and transfer learning for
brain imaging.

A (personal) literature review on domain adaptation techniques.

Discussion, brainstorming, suggestions ...
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Supervised Learning h✓(x) ⇡ p(y|x)
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Alzheimers disease detection using brain MRIs

Single database → all subjects under the same measurement conditions (hopefully)

Number of subjects s is small (hundreds in the best case?)

d is huge (E.g. 256× 256× 170 voxels, d ≈ 107).
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When the multisite data are acquired in an uncontrolled manner, traditional supervised
learning methods suffer from considerable problems. Simple data aggregation does not
work well



Data aggregation in supervised learning

Discriminative approach

Generative approach
Supervised Learning
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s1 ⇥ d

s2 ⇥ d

sM ⇥ d

Data agregation h✓(x) ⇡ p(y|x)

h✓(x, y) ⇡ p(x, y)

When the multisite data are acquired in an uncontrolled manner, traditional supervised
learning methods suffer from considerable problems. Simple data aggregation does not
work well

Underlying (typically wrong) assumption: all the data are drawn from the same feature
space and the same distribution.
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Domain Adaptation (DA)

Discovering a good feature representation across domains.



Domain Adaptation (DA)

Discovering a good feature representation across domains.

Characterizing/modeling the divergence between the distributions.
Incorporating this model into the regression/classification task.
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Domain Adaptation (DA)

Discovering a good feature representation across domains.

Characterizing/modeling the divergence between the distributions.
Incorporating this model into the regression/classification task.

Projecting into a latent feature space where data from distinct databases are
similarly distributed. Perform the regression/classification task over this space.

Discriminative approach

Generative approach

y1

y2

yM

...

X1 y1

y2

yM

X2

XM

...

s1 ⇥ d

s2 ⇥ d

sM ⇥ d

U1

U2

UM

a1 ⇥ d

a2 ⇥ d

aM ⇥ d

h✓(u) ⇡ p(y|u)

h✓(y,u) ⇡ p(y,u)

Projection



Domain Adaptation (DA)

Discovering a good feature representation across domains.

Characterizing/modeling the divergence between the distributions.
Incorporating this model into the regression/classification task.

Projecting into a latent feature space where data from distinct databases are
similarly distributed. Perform the regression/classification task over this space.

Combine models already trained in each database.
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Transfer Learning

Closely related to DA.

Hal Daum III’s Blog: “Roughly speaking, domain adaptation (DA) is the problem
that occurs when p(X ) changes between training and test. Transfer learning (TL) is
the problem that occurs when p(Y |X ) changes between training and test.
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TABLE 2
Different Settings of Transfer Learning

Transfer Learning Settings Related Areas Source Domain Labels Target Domain Labels Tasks
Inductive Transfer Learning Multi-task Learning Available Available Regression,

Classification
Self-taught Learning Unavailable Available Regression,

Classification
Transductive Transfer Learning Domain Adaptation, Sample

Selection Bias, Co-variate Shift
Available Unavailable Regression,

Classification
Unsupervised Transfer Learning Unavailable Unavailable Clustering,

Dimensionality
Reduction

Fig. 2. An Overview of Different Settings of Transfer

TABLE 3
Different Approaches to Transfer Learning

Transfer Learning Approaches Brief Description
Instance-transfer To re-weight some labeled data in the source domain for use in the target domain [6], [28], [29],

[30], [31], [24], [32], [33], [34], [35].
Feature-representation-transfer Find a “good” feature representation that reduces difference between the source and the target

domains and the error of classification and regression models [22], [36], [37], [38], [39], [8],
[40], [41], [42], [43], [44].

Parameter-transfer Discover shared parameters or priors between the source domain and target domain models, which
can benefit for transfer learning [45], [46], [47], [48], [49].

Relational-knowledge-transfer Build mapping of relational knowledge between the source domain and the target domains. Both
domains are relational domains and i.i.d assumption is relaxed in each domain [50], [51], [52].

TABLE 4
Different Approaches Used in Different Settings

Inductive Transfer Learning Transductive Transfer Learning Unsupervised Transfer Learning
Instance-transfer

√ √
Feature-representation-transfer

√ √ √
Parameter-transfer

√
Relational-knowledge-transfer

√

IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING
This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.

Figure: Source: A survey on Transfer Learning. Sinno Jialin Pan and Qiang Yang, IEEE Trans.
Knowledge and Data Engineering



MULTIBRAIN project

Develop scalable domain adaptation techniques to be able to combine data from
multiple brain imaging databases, learning the relevant differences across
databases and minimizing the across-site variability.

This is radically novel in brain imaging, where the typical solution is try to
standardize the data acquisition to minimize the across-site differences in the data.

Important challenges: Dimensionality of data (the number of voxels in the
images of a single subject), Small-sized databases

Simple models + Bayesian Learning (uncertainty estimation) + joint DA and
regression/classification

Promising preliminary results, there’s hope to have an impact in the field.
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Notation

x ∈ Rd , y ∈ {−1,+1} (classification), y ∈ R (regression)

Source Domain:

ps(x, y) = ps(y |xt)ps(x)→ Samples: {x(i)
s , y

(i)
s }nsi=1

Target Domain:

pt(x, y) = pt(y |xt)pt(x)→ Samples: {x(i)
t , y

(i)
t }nti=1

{x(i)
t,u}nui=1

Unsupervised DA: nt = 0 (No target labels)

Semi-supervised DA: nt << ns (a few target labels)



Weighting the log-likelihood (Shimodaira’00)

Unsupervised DA

Assume ps(x) and pt(x) are defined over the same support

Covariance shift: ps(y |xt) = pt(y |xt) = p(y |x) but ps(x) 6= pt(x)

Let hθ(x) be our model to p(y |x)

θ∗ = max
θ

ns∑
i=1

pt(x(i)
s )

ps(x(i)
s )

log hθ(x(i)
s )



In the limit ns →∞,

n−1
s

ns∑
i=1

pt(x(i)
s )

ps(x(i)
s )

log hθ(x(i)
s ) ≈ Eps (x)p(y|x)

{
pt(x)

ps(x)
log hθ(x)

}
=

∫
ps(x)p(y |x)

pt(x)

ps(x)
log hθ(xs)dxdy

= Ept (x)p(y|x) {log hθ(x)}

By maximizing the weighted log-likelihood function, we are maximizing the log-likelihood
function in the target domain!
We have to estimate the weights ...



230 H. Shimodaira / Journal of Statistical Planning and Inference 90 (2000) 227–244

Fig. 1. Fitting of polynomial regression with degree d=1. (a) Samples (xt ; yt) of size n=100 are generated
from q(y|x)q0(x) and plotted as circles, where the underlying true curve is indicated by the thin dotted line.
The solid line is obtained by OLS, and the dotted line is WLS with weight q1(x)=q0(x). (b) Samples of
n = 100 are generated from q(y|x)q1(x), and the regression line is obtained by OLS.

On the other hand, MWLE �̂w is obtained by weighted least squares (WLS) with
weights w(xt) for the normal regression. We again consider the model with d = 1,
and the regression line �tted by WLS with w(x) = q1(x)=q0(x) is drawn in dotted line
in Fig. 1a. Here, the density q1(x) for imaginary “future” observations or that for the
whole population in sample surveys is speci�ed in advance by

x ∼ N(�1; �21); (2.4)

where �1 = 0:0; �21 = 0:3
2. The ratio of q1(x) to q0(x) is

q1(x)
q0(x)

=
exp(−(x − �1)2=2�21)=�1
exp(−(x − �0)2=2�20)=�0

˙ exp
(
− (x − ��)2

2 ��2

)
; (2.5)

where ��2 = (�−21 − �−20 )−1 = 0:382, and �� = ��2(�−21 �1 − �−20 �0) =−0:28.
The obtained lines in Fig. 1a are very di�erent for OLS and WLS. The question

is: which is better than the other? It is known that OLS is the best linear unbiased
estimate and makes small mean squared error of prediction in terms of q(y|x)q0(x)
which generated the data. On the other hand, WLS with weight (2.5) makes small
prediction error in terms of q(y|x)q1(x) which will generate future observations, and
thus WLS is better than OLS here. To con�rm this, a dataset of size n = 100 is
generated from q(y|x)q1(x) speci�ed by (2.2) and (2.4). The regression line of d= 1
�tted by OLS is shown in Fig. 1b, which is considered to have small prediction error
for the “future” data. The regression line of WLS �tted to the past data in Fig. 1a is
quite similar to the line of OLS �tted to the future data in Fig. 1b. In practice, only
the past data is available. The WLS gave almost the equivalent result to the future
OLS by using only the past data.

Figure: Source: Shimodaira’00





Sample rejection process to model the difference (Bickel et al, JMLR 07)

Covariance shift: ps(y |xt) = pt(y |xt) = p(y |x) but ps(x) 6= pt(x)

Generative model → explain how data was generated → estimate the weights pt (x
(i)
s )

ps (x
(i)
s )

Let hθ(x) be our model to p(y |x)

We model the way the (observed) data has been generated using a latent random
binary variable σ, the selector variable:

I σ = 1 indicates that a sample x is drawn according to pt(x)
I σ = 0 indicates that a sample x is drawn according to ps(x)

Let fγ(x) be our model to p(σ = 1|x) (E.g. logistic regression)



The generative process of the data

�
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�(i)
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Likelihood of the model

log p(Xs ,Xt , ys |θ, γ) = log p(ys |Xs , θ, γ) + log p(Xs ,Xt |γ)



Likelihood of the model

log p(Xs ,Xt , ys |θ, γ) = log p(ys |Xs , θ, γ) + log p(Xs ,Xt |γ)

log p(ys |Xs , θ, γ) =

ns∑
i=1

pt(x(i)
s )

ps(x(i)
s )

log hθ(x(i)
s )



Likelihood of the model

log p(Xs ,Xt , ys |θ, γ) = log p(ys |Xs , θ, γ) + log p(Xs ,Xt |γ)

log p(ys |Xs , θ, γ) =

ns∑
i=1

pt(x(i)
s )

ps(x(i)
s )

log hθ(x(i)
s )

pt(x)

ps(x)
=

p(σ = 1)

p(σ = 0)

(
1

p(σ = 1|x)
− 1

)
≈ π

1− π

(
1

fγ(x)
− 1

)



Likelihood of the model

log p(Xs ,Xt , ys |θ, γ) = log p(ys |Xs , θ, γ) + log p(Xs ,Xt |γ)

max
θ,γ,π∗

ns∑
i=1

π

1− π

(
1

fγ(xi
s)
− 1

)
log hθ(x(i)

s ) +

ns∑
i=1

log fγ(xi
s) +

nu∑
i=1

log(1− fγ(xi
u))



Mixture regression for Covariance Shift (Storkey, Sugiyama, NIPS 07)

Each daum x is assumed to have been generated from one of a number of data
sources using a mixture distribution.

The proportion of each of the sources varies across source domain and target domain

ps(x)→
∑
t

β1γ1tp1t(x) + β2γ2tp2t(x)

pt(x)→
∑
t

α1tp1t(x)

Regression model for p1t(x) sources, p1(y |x, θ)

Regression model for p2t(x) sources, p2(y |x, α)
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Parameters of the model are adjusted using EM



Learning of Discriminative Clusters for Unsupervised DA (Yuan Shi, Fei Sha, ICML
2012)

It is assumed that there is a latent feature space (defined by a linear transformation
z = Lx) where data in the source and target domains form well-separated clusters.

The clusters from the source domain are geometrically close to those from the target
domain if they are from the same labels.

Figure: Source: (Yuan Shi, Fei Sha, ICML 2012)

1-NN classification in the feature space

L is found my minimizing the misclassification error using both target and source
labels, with certain regularity conditions.



A lot of interesting papers using a similar idea, but projecting in a Kernel Space.





Projecting into a latent space via Canonical Correlation Analysis

CCA → modeling dependencies between two or more sets of variables →
low-dimensional space defined by directions of maximal correlation.
Multi-view learning, multi-label prediction, domain adaptation ...

xi yi

zx
i zs
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N
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x
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s
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p(yi|zi) = N (yi|Byz
y
i + Wyz

s
i + µy,�2IDy)
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DA has been a hot topic in the past years.

Hundreds of papers! (Much less for multi-source DA)

Promising results for brain imaging with simple schemes.

My first idea: formulate CCA model with Bayesian learning of the parameters.

I already have a small data base, anyone wants to try something else?
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