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Motivation and Contributions

I Many learning algorithms assume that the domain of the
training set and the testing set are the same

I In real-world applications, the distributions are often
mismatched

I Propose novel learning methods to automatically reshape
datasets into domains that posess

I Maximum distinctiveness to identify domains that are
maximally different in distribution from each other

I Maximum learnability to identify domains from which we
can derive strong discriminative models
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Problem description

I Data instances are in the form of (xm, ym) where xm ∈ RD

is the feature vector and ym ∈ {1, . . . ,C} is the
corresponding label out of C categories.

I Assume each data instance comes from a latent domain
zm ∈ 1, . . . ,K
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Domain Estimation

I The domain is estimated by an empirical distribution

P̂k (x) =
1

Mk

∑

m

δxmzmk (1)

with zmk = 1 if sample m is in domain k and Mk the
number of samples in domain k
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Maximally distinctive distributions

I Use a kernel-based method to measure distance between
distributions

I Compute distance in the reproducing kernel Hilbert space
(RKHS) H induced by the kernel function,

d(k , k ′) = || 1
Mk

∑

m

K(·,xm)zmk −
1

M ′
k

∑

m

K(·,xm)zmk ′ ||2H

I Total domain distinctiveness (TDD) is defined as:

TDD(K ) =
∑

k 6=k ′

d(k , k ′) (2)

I Details on calculation later
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Domain Constraints

I We have several constraints on assigning points to
domains

I Each sample can only belong to a single domain
∑

k

zmk = 1, zmk ∈ {0,1} (3)

I Also, a label prior constraint (LPC) enforcing that the class
labels in each domain are identical in each domain

1
Mk

M∑

m=1

zmkymc =
1
M

M∑

m=1

ymc , ymc = 1 if ym = c (4)
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Relaxation

I Previous constraints are difficult to fit
I Relax the model with βmk = zmk/Mk and let βk lie on the

simplex ∆

I Relaxed optimization problem with K the M ×M kernel
matrix:

max
β

∑
k 6=k ′ TDD(K ) =

∑
k 6=k ′(βk − βk ′)T K(βk − βk ′)

s.t. 1/M ≤∑
k βmk ≤ 1/C

(1− δ)/M
∑

m ymc ≤
∑

m βmkymc ≤ (1 + δ)/M
∑

m ymc

I Assign xm to the domain with the highest βmk
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Maximally learnable domains

I How many domains K are there?
I Propose domain-wise cross-validation (DWCV) to identify

the optimal K
I Given domain assignments, build a discriminative

classifier, denote the cross-validation accuracy for the k th

domain by Ak , and

A(K ) =
1
M

K∑

k=1

MkAk

I Choose K ? = arg maxK A(K ) for
2 ≤ K ? ≤ min{M/(NC),C}, N is the number of folds
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Experimental Results

I For object recognition, images are from Caltech-256 (C),
Amazon (A), DSLR (D), and Webcam (W), which share 10
categories among the 4 datasets

I Images represented with bag-of-visual-words by extracting
SURF features from the images and using K-means to build
of codebook of 800 clusters

I For action recognition, data is from IXMAS multi-view
action dataset of 5 views of 11 actions

I Shape-form descriptors are used as features
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Performance

Look at upper bound on classification accuracy. S are the
source data sets and T are the target data sets. GORIG each
given dataset as a given domain, GOTHER is a competing
method, and GOURS learns the domains from the data.

Table 1: Oracle recognition accuracy on target domains by adapting original or identified domains
S A, C D, W C, D, W Cam 0, 1 Cam 2, 3, 4
T D, W A, C A Cam 2, 3, 4 Cam 0, 1

GORIG 41.0 32.6 41.8 44.6 47.1
GOTHER [20] 39.5 33.7 34.6 43.9 45.1

GOURS 42.6 35.5 44.6 47.3 50.3

Table 2: Adaptation recognition accuracies, using original and identified domains with different
multi-source adaptation methods

Latent Multi-DA A, C D, W C, D, W Cam 0, 1 Cam 2, 3, 4
Domains method D, W A, C A Cam 2, 3, 4 Cam 0, 1

ORIGINAL UNION 41.7 35.8 41.0 45.1 47.8

[20] ENSEMBLE 31.7 34.4 38.9 43.3 29.6
MATCHING 39.6 34.0 34.6 43.2 45.2

OURS
ENSEMBLE 38.7 35.8 42.8 45.0 40.5
MATCHING 42.6 35.5 44.6 47.3 50.3

We use the geodesic flow kernel for adapting classifiers [4]. To use the kernel-based method for
computing distribution difference, we use Gaussian kernels, cf. section 2. We set the kernel band-
width to be twice the median distances of all pairwise data points. The number of latent domains K
is determined by the DWCV procedure (cf. section 2.2).

4.2 Identifying latent domains from training datasets

Notation Let S = {S1, S2, . . . , SJ} denote the J datasets we will be using as training source datasets
and let T = {T1, T2, . . . , TL} denote the L datasets we will be using as testing target datasets.
Furthermore, let K denote the number of optimal domains discovered by our DWCV procedure and
U = {U1, U2, . . . , UK} the K hidden domains identified by our approach. Let r(A ! B) denote the
recognition accuracy on the target domain B with A as the source domain.

Goodness of the identified domains We examine whether {Uk} is a set of good domains by com-
puting the expected best possible accuracy of using the identified domains separately for adaptation

GOURS = EB2P max
k

r(Uk, B) ⇡ 1

L

X

l

max
k

r(Uk ! Tl) (6)

where B is a target domain drawn from a distribution on domains P . Since this distribution is not
obtainable, we approximate the expectation with the empirical average over the observed testing
datasets {Tl}. Likewise, we can define GORIG where we compute the best possible accuracy for the
original domains {Sj}, and GOTHER where we compute the same quantity for a competing method
for identifying latent domains, proposed in [20]. Note that the max operation requires that the target
domains be annotated; thus the accuracies are the most optimistic estimate for all methods, and
upper bounds of practical algorithms.

Table 1 reports the three quantities on different pairs of sources and target domains. Clearly, our
method yields a better set of identified domains, which are always better than the original datasets.
We also experimented using Kmeans or random partition for clustering data instances into domains.
Neither yields competitive performance and the results are omitted here for brevity.

Practical utility of identified domains In practical applications of domain adaptation algorithms,
however, the target domains are not annotated. The oracle accuracies reported in Table 1 are thus not
achievable in general. In the following, we examine how closely the performance of the identified
domains can approximate the oracle if we employ multi-source adaptation.

To this end, we consider several choices of multiple-source domain adaptation methods:

• UNION The most naive way is to combine all the source domains into a single dataset and
adapt from this “mega” domain to the target domains. We use this as a baseline.

• ENSEMBLE A more sophisticated strategy is to adapt each source domain to the target do-
main and combine the adaptation results in the form of combining multiple classifiers [20].
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Datasets in practice are not labeled with their corresponding
training domain

I UNION: The most naive way is to combine all the source
domains into a single dataset and adapt from this mega
domain to the target domains. We use this as a baseline.

I ENSEMBLE: A more sophisticated strategy is to adapt
each source domain to the target domain and combine the
adaptation results by combining multiple classifiers

I MATCHING This strategy compares the empirical
(marginal) distribution of the source domains and the
target domains and selects the single source domain that
has the smallest difference to the target domain to adapt.
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r(Uk, B) ⇡ 1

L

X

l

max
k
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datasets {Tl}. Likewise, we can define GORIG where we compute the best possible accuracy for the
original domains {Sj}, and GOTHER where we compute the same quantity for a competing method
for identifying latent domains, proposed in [20]. Note that the max operation requires that the target
domains be annotated; thus the accuracies are the most optimistic estimate for all methods, and
upper bounds of practical algorithms.

Table 1 reports the three quantities on different pairs of sources and target domains. Clearly, our
method yields a better set of identified domains, which are always better than the original datasets.
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Neither yields competitive performance and the results are omitted here for brevity.
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achievable in general. In the following, we examine how closely the performance of the identified
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To this end, we consider several choices of multiple-source domain adaptation methods:
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I Let 5 views of action recognition be labeled
A, B, C, D, E , and F = {D,E}

I Training used A, B, C and identified domains A′, B′, C′

I From identified domain only uses one of the identified
domains

I Conditional reshaping learns testing domains based on the
identified training domains

Table 3: Results of reshaping the test set when it consists of data from multiple domains.
From identified (Reshaping training only) No reshaping Conditional reshaping
A0 ! F B0 ! F C0 ! F A

S
B

S
C ! F X ! FX , 8X 2 {A0, B0, C0}

Cam 012 36.4 37.1 37.7 37.3 38.5
Cam 123 40.4 38.7 39.6 39.9 41.1
Cam 234 46.5 45.7 46.1 47.8 49.2
Cam 340 50.7 50.6 50.5 52.3 54.9
Cam 401 43.6 41.8 43.9 43.3 44.8

• MATCHING This strategy compares the empirical (marginal) distribution of the source
domains and the target domains and selects the single source domain that has the smallest
difference to the target domain to adapt. We use the kernel-based method to compare
distributions, as explained in section 2. Note that since we compare only the marginal
distributions, we do not require the target domains to be annotated.

Table 2 reports the averaged recognition accuracies on the target domains, using either the original
datasets/domains or the identified domains as the source domains. The latent domains identified
by our method generally perform well, especially using MATCHING to select the single best source
domain to match the target domain for adaptation. In fact, contrasting Table 2 to Table 1, the
MATCHING strategy for adaptation is able to match the oracle accuracies, even though the matching
process does not use label information from the target domains.

4.3 Reshaping the test datasets

So far we have been concentrating on reshaping multiple annotated datasets (for training classifiers)
into domains for adapting to test datasets. However, test datasets can also be made of multiple latent
domains. Hence, it is also instrumental to investigate whether we can reshape the test datasets into
multiple domains to achieve better adaptation results.

However, the reshaping process for test datasets has a critical difference from reshaping training
datasets. Specifically, we should reshape test datasets, conditioning on the identified domains from
the training datasets — the goal is to discover latent domains in the test datasets that match the
domains in the training datasets as much as possible. We term this conditional reshaping.

Computationally, conditional reshaping is more tractable than identifying latent domains from the
training datasets. Concretely, we minimize the distribution differences between the latent domains in
the test datasets and the domains in the training datasets, using the kernel-based measure explained in
section 2. The optimization problem, however, can be relaxed into a convex quadratic programming
problem. Details are in the Suppl. Material.

Table 3 demonstrates the benefit of conditionally reshaping the test datasets, on cross-view action
recognition. This problem inherently needs test set reshaping, since the person may be viewed from
any direction at test time. (In contrast, test sets for the object recognition datasets above are less
heterogeneous.) The first column shows five groups of training datasets, each being a different view,
denoted by A, B and C. In each group, the remaining views D and E are merged into a new test
dataset, denoted by F = D

S
E.

Two baselines are included: (1) adapting from the identified domains A0, B0 and C 0 to the merged
dataset F ; (2) adapting from the merged dataset A

S
B
S

C to F . These are contrasted to adapting
from the identified domains in the training datasets to the matched domains in F . In most groups,
there is a significant improvement in recognition accuracies by conditional reshaping over no re-
shaping on either training or testing, and reshaping on training only.

4.4 Analysis of identified domains and the optimal number of domains

It is also interesting to see which factors are dominant in the identified domains. Object appearance,
illumination, or background? Do they coincide with the factors controlled by the dataset collectors?

Some exemplar images are shown in Figure 1, where each row corresponds to an original dataset,
and each column is an identified domain across two datasets. On the left of Figure 1 we reshape
Amazon and Caltech-256 into two domains. In Domain II all the “laptop” images 1) are taken from
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Figure 1: Exemplar images from the original and identified domains after reshaping. Note that
identified domains contain images from both datasets.

Figure 2: Domain-wise cross-validation (DWCV) for choosing the number of domains.

the front view and 2) have colorful screens, while Domain I images are less colorful and have more
diversified views. It looks like the domains in Amazon and Caltech-256 are mainly determined by
the factors of object pose and appearance (color).

The figures on the right are from reshaping DSLR and Webcam, of which the “keyboard” images
are taken in an office environment with various lighting, object poses, and background controlled
by the dataset creators [2]. We can see that the images in Domain II have gray background, while
in Domain I the background is either white or wooden. Besides, keyboards of the same model,
characterized by color and shape, are almost perfectly assigned to the same domain. In sum, the
main factors here are probably background and object appearance (color and shape).

Figure 2 plots some intermediate results of the domain-wise cross-validation (DWCV) for deter-
mining the number of domains K to identify from the multiple training datasets. In addition to the
DWCV accuracy A(K), the average classification accuracies on the target domain(s) are also in-
cluded for reference. We set A(K) to 0 when some categories in a domain are assigned with only
one or no data point (as a result of optimization). Generally, A(K) goes up and then drops at some
point, before which is the optimal K? we use in the experiments. Interestingly, the number favored
by DWCV coincides with the number of datasets we mix, even though, as our experiments above
show, the ideal domain boundaries do not coincide with the dataset boundaries.

5 Conclusion

We introduced two domain properties, maximum distinctiveness and maximum learnability, to dis-
cover latent domains from datasets. Accordingly, we proposed nonparametric approaches encour-
aging the extracted domains to satisfy these properties. Since in each domain visual discrimination
is more consistent than that in the heterogeneous datasets, better prediction performance can be
achieved on the target domain. The proposed approach is extensively evaluated on visual object
recognition and human activity recognition tasks. Our identified domains outperform not only the
original datasets but also the domains discovered by [20], validating the effectiveness of our ap-
proach. It may also shed light on dataset construction in the future by examining the main factors of
the domains discovered from the existing datasets.

Acknowledgments K.G is supported by ONR ATL N00014-11-1-0105. B.G. and F.S. is supported by ARO
Award# W911NF-12-1-0241 and DARPA Contract# D11AP00278 and the IARPA via DoD/ARL contract #
W911NF-12-C-0012. The U.S. Government is authorized to reproduce and distribute reprints for Governmen-
tal purposes notwithstanding any copyright annotation thereon. The views and conclusions contained herein
are those of the authors and should not be interpreted as necessarily representing the official policies or en-
dorsements, either expressed or implied, of IARPA, DoD/ARL, or the U.S. Government.
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Figure 2: Domain-wise cross-validation (DWCV) for choosing the number of domains.

the front view and 2) have colorful screens, while Domain I images are less colorful and have more
diversified views. It looks like the domains in Amazon and Caltech-256 are mainly determined by
the factors of object pose and appearance (color).

The figures on the right are from reshaping DSLR and Webcam, of which the “keyboard” images
are taken in an office environment with various lighting, object poses, and background controlled
by the dataset creators [2]. We can see that the images in Domain II have gray background, while
in Domain I the background is either white or wooden. Besides, keyboards of the same model,
characterized by color and shape, are almost perfectly assigned to the same domain. In sum, the
main factors here are probably background and object appearance (color and shape).

Figure 2 plots some intermediate results of the domain-wise cross-validation (DWCV) for deter-
mining the number of domains K to identify from the multiple training datasets. In addition to the
DWCV accuracy A(K), the average classification accuracies on the target domain(s) are also in-
cluded for reference. We set A(K) to 0 when some categories in a domain are assigned with only
one or no data point (as a result of optimization). Generally, A(K) goes up and then drops at some
point, before which is the optimal K? we use in the experiments. Interestingly, the number favored
by DWCV coincides with the number of datasets we mix, even though, as our experiments above
show, the ideal domain boundaries do not coincide with the dataset boundaries.

5 Conclusion

We introduced two domain properties, maximum distinctiveness and maximum learnability, to dis-
cover latent domains from datasets. Accordingly, we proposed nonparametric approaches encour-
aging the extracted domains to satisfy these properties. Since in each domain visual discrimination
is more consistent than that in the heterogeneous datasets, better prediction performance can be
achieved on the target domain. The proposed approach is extensively evaluated on visual object
recognition and human activity recognition tasks. Our identified domains outperform not only the
original datasets but also the domains discovered by [20], validating the effectiveness of our ap-
proach. It may also shed light on dataset construction in the future by examining the main factors of
the domains discovered from the existing datasets.
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