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Abstract—Conventional image classification techniques aim to
predict class labels by training a classifier with the provided
training labels, but the internal relationship between classes
has been ignored. In this project, we explore the feasibility of
transferring knowledge between classes to help boost up the
classification accuracy. Two transfer learning approaches have
been studied, namely, instance transfer by jointly optimizing
classifiers via grouping source and target training examples,
and parameter transfer by exploring the relationship between
classifier parameters. We demonstrate the parameter transfer
scheme achieves a remarkably better performance compared to
conventional image classification techniques and the relatively
simple instance transfer approach.

the correlation between the source and the target classes. To
overcome to drawbacks of instance transfer, in section IV,
we propose a novel method by exploring similarity measures
in SVM parameters to regularize the cost function of the
target class SVM. Experimental results and discussions will be
presented in section V. It is shown that our proposed parameter
transfer method outperforms the no transfer baseline, as well
as being more robust than the instance transfer scheme.

I. I NTRODUCTION

The 15-Class Scene dataset is adopted as the database to
test image classification algorithms. Some sample images from
the dataset are shown in Fig.1 In this section, we describe
our baseline scene classification algorithm using Histogram of
Oriented Gradients (HoG) features [6] and the implementation
of the 1-vs-all SVM.

To better reflect the richness of our visual world, several
large-scale computer vision datasets have emerged recently,
e.g., the 15-Class Scene dataset [1] [2], ImageNet [3] and
SUN [4] dataset. Although thousands even millions of images
are collected in these datasets, some classes only have a
small number of instances due to the intrinsic long-tailed
distribution of objects in the real world. For those classes with
few instances, it is hard to obtain high-performance classifiers
by treating and learning each individual class classifier independently because of the lack of training data. In fact, treating
each class independently ignores a lot of infrastructures in
the class space. For example, although ImageNet is organized
according to WordNet [5] from the semantic aspect, the
hierarchical structure sometimes correlates with the visual
content, i.e., classes which are close to each other on the
hierarchical tree are usually visually similar. So questions like
what can be shared and transferred between classes and how
to share/transfer so that the classification performance can be
improved, give rise to the motivation of this work.
Our objective of this project is to improve the classification
accuracy of the target class by migrating the knowledge from
the source class, while not degrading the classifier performance
for other classes in the dataset. The report is organized as
follows. Section II describes our implementation of the 1-vsall SVM for image classification without doing knowledge
transfer, which serves as the baseline for comparison with
our transfer learning performance. Then, in section III, we
show that by jointly train an SVM using the source and target
training examples, it is possible to increase the classification
accuracy compared to the result by training target class alone,
especially when the number of target training examples is
scarce. However, the performance of instance transfer depends
on certain choice of kernels, and more importantly, relies on

II. C ONTENT BASED S CENE C LASSIFICATION U SING SVM

A. Dense Sampling HoG
Xiao et. al. [4] have reported that the densely sampled HoG
features give the best scene classification performance on both
the 15-Class Scene dataset and the SUN dataset. Therefore,
HoG has been selected as our features, which will be feed
to the SVM for image classification. The performance can be
further boosted by aggregating other feature descriptors such
as SIFT [7], GIST [8] and SSIM [9] to the HoG result, but in
the interest of computational complexity we do not perform
such analysis in this project.
The computation of HoG features follows the same approach as described in [4]. Histogram of oriented edge descriptors are densely extracted from the image at steps of
8 pixels. Then, every 2 × 2 neighboring HoG descriptors
are concatenated to form a 124-dimensional descriptor. The
descriptors are quantized into 300 visual words using k-means.
Finally, three-level spatial histograms are computed on grids
of 1 × 1, 2 × 2 and 4 × 4, which means for each image, the
feature is a 300 × (12 + 22 + 44 ) = 6300 dimensional vector.
After extracting image features, kernels need to be computed and feed to the 1-vs-all SVM to perform scene classification. We have chosen two types of kernels, the linear
kernel and the KL1 kernel (i.e. histogram intersection). The
linear kernel is selected for computational convenience, while
the choice of the KL1 kernel follows the definition of HoG
similarity metric as described in [6].

Fig. 1.

Sample images from the 15 Class Scene dataset

B. 1-vs-all SVM for classification
We employ LIBSVM [10] to implement a 1-vs-all SVM,
with the aim to predict the class labels of testing examples. Note that there are more than two classes in the
dataset, hence the 1-vs-all SVM has to loop through all
the classes. The implementation is described as follows:
for i = 1 to (Number of classes) do
Assign class i labels to +1, all remaining classes to −1;
Train 1-vs-all SVM on training set;
Compute confidence scores on testing set;
end for
After the SVM training and confidence score computation, for
each testing data, we now have confidence scores whose size
is equal to the total number of classes. The class label of a
testing sample will then be predicted as the one which gives
the highest confidence score among all classes.
III. T RANSFER L EARNING - I NSTANCE T RANSFER
In order to improve image classification performance,
classes that have similar semantic meanings can be merged
to train the SVM. This is called instance transfer because the
instances of the source class is migrated to the target class.
Rohrbach et. al. [11] have proposed using semantic relatedness
between class labels to determine if knowledge transfer is
advantageous, but in this project, the source and the target
classes are manually assigned according to their labels. After
identifying the source and the target, training examples from
the source class are assigned to have the same label as the
target class to jointly train the SVM. We implemented the
SVM in a flexible and efficient way such that the training
kernel matrix needs only be computed once for the whole
dataset. During transfer learning, the corresponding kernels of
the source class, the target class, and the remaining classes are
selected from the kernel matrix of the whole dataset. In section
V, the performance of scene classification with instance transfer is evaluated. We will see that instance transfer sometimes
outperforms the baseline result when no transfer is carried
out, but it is constrained by certain choices of SVM kernels,
and the performance depends on the correlatedness between
the source and the target. To overcome the limitations of

instance transfer, we propose another approach by transferring
knowledge among classifier parameters.
IV. T RANSFER L EARNING - PARAMETER T RANSFER
Besides instance transfer, it is also possible to transfer
knowledge in the parameter domain by seeking the relationship
between the source and the target classifier parameters. This
type of transfer learning is called parameter transfer. Previously proposed framework and methods for multi-task learning
are based on the assumption of the relatedness of the tasks.
For example, Evgeniou et. al. [12] consider that the classifier
parameters ω of all classes are close to some mean parameter
ω0 . But the assumption does not include the information about
how “close” each of the parameters are to the mean parameter
ω0 , neither did it specify such an ω0 . In our work, we assume
that the source class could help the target class in two ways: 1)
when their classifier parameters are close/related, the source
class parameters helps to pull the target class parameters close;
2) when their classifier parameters are far away/unrelated,
then the source class parameters should push the target class
parameters away towards better values. To sum up, the idea is
that how much the source could assist the target is determined
by the similarity of their classifier parameters.
The relationship in terms of ωt and ωs can be written as:
ωt = ωs + ν
where ωt and ωs are the parameters for the target class and the
source class respectively, and the sub-indices t and s denote
the target class and the source class hereafter. ws , functioning
as the w0 as described above, is an improvement Evgeniou’s
method [12] since it is based on the infrastructure of different
classes rather than assumptions. The difference of the source
and the target parameters is ν, which specifies the distances
in different dimensions of the classifier parameter.
Therefore, the objective function of the SVM can be written
as:
∑
1
1
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we conclude parameter transfer is well suited for knowledge
transfer between arbitrary classes.
A. Evaluation of Instance Transfer

where diag(λ) is a square matrix with its diagonal elements
β
being λ = [λ1 , λ2 , · · · , λn ]T . Here, λi = (ωpre −ω
pre 2 and β
t,i
s,i )
denotes a weighting factor controlling how close we force the
two group of parameters ωt and ωs to be. A larger β indicates
a closer relation between the parameters ωt and ωs and vice
pre
pre
versa. ωt,i
and ωs,i
are the pre-computed i-th parameters
for the target class and source class by using ordinary SVM.
pre
pre 2
Therefore, (ωt,i
− ωs,i
) is essentially the i-th empirical
distance between the target and the source class, which will be
employed as a prior knowledge for the following later transfer
learning stage. As shown in 1,the empirical distance is used as
the denominator so as to normalize the penalty term introduced
by the assumption of parameter similarity. With the tool of
Lagrangian, we can formulate the dual problem as:
∑
1
max
αi − αT diag(Yt )XtT diag(1 + λ)−1 Xt diag(Yt )α
2
i
− αsT diag(Ys )XsT diag(

λ
)Xt diag(Yt )α
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s.t. 0 ≤ αi ≤ C
∑
αi yii = 0
i

where α is the dual optimizer for the same problem. Xt
and Xs are the training features for the target class and the
source class respectively.Yt = [y (1) , · · · , y (m) ] are the target
class training labels and Ys are the source class training
labels. diag(1 + λ)−1 is the inverse of the square matrix
whose diagonal is 1 + λ. Mathematically, diag(1 + λ)−1 =
1
diag( 1+λ
). αsT is the pre-computed dual optimizer for the
source class, and it is resulted by substituting the SVM
∑
(i) (i)
equation ωs = i αs,i ys xs into (1). Hence, we have the
the dual optimization in the kernel form as in (2). Note that
λ
XtT diag(1 + λ)−1 Xt and XsT diag( 1+λ
)Xt can be treated
as new kernels and can be computed efficiently. We call
λ
XtT diag(1 + λ)−1 Xt and XsT diag( 1+λ
)Xt the reweighted
kernels. In our work, the computation of the reweighted
kernels is carried out using linear kernel rather than “KL1” or
other commonly used kernels, because XtT diag(1 + λ)−1 Xt
λ
and XsT diag( 1+λ
)Xt only have effective distance meanings
in the linear form.
V. E XPERIMENTAL R ESULTS
In this section, the performance of both instance transfer
and parameter transfer will be evaluated. We will show that although the relatively naive instance transfer scheme improves
the classification performance under some circumstances, it
suffers from two major drawbacks: 1) Not well generalizable
to different types of kernels; 2) The choice of the source
and target largely affects the classifier performance. On the
other hand, the parameter transfer scheme has demonstrated its
superior ability in overcoming these two drawbacks hence and

Our experiment is performed on the 15 Class Scene dataset,
where the classification accuracies of SVM with and without
instance transfer have been evaluated. To study the effect of
the size of the training set, the number of training examples
for the target class varies from 1 to 100, whilst the number
of training examples for the source and each of the remaining
13 classes is kept at 100. To eliminate the randomness of the
experiment, each test is performed 10 times, every time using
randomly sampled images to train and test the SVM.
1) Instance Transfer - Source and Target Closely Related:
In our first experiment, the ”MIT highway” class and the ”MIT
street” class are used as the source and the target respectively.
These two classes are closely related so a better classification
accuracy should be resulted from transfer learning. As depicted
in Fig.2a, if the KL1 kernel is used, with the help of the
source class, the scene recognition accuracy of the target
class is significantly better when the target class has very few
training samples. The target class recognition accuracy with
and without the source converges as its number of training
samples increases. This agrees with our intuition that transfer
learning will be most beneficial when training data is scarce.
However, for the linear kernel case, Fig.2a shows that instance
transfer actually hurts the SVM performance. This implies that
instance transfer may not generalize well to different types of
kernels.
It is also worthwhile to learn the effect of instance transfer
on the classification performance averaged over all the data
classes. Ideally, transferring knowledge to the target class
should not degrade the classification performance for other
classes. Fig.2b plots the recognition accuracy averaged over
all the training classes. For the KL1 kernel case, as illustrated
in Fig.2b, instance transfer offers a better accuracy when the
number of target training samples is small. However, as the
target training set grows, SVM without instance transfer starts
to give a higher accuracy. This is because as the number of
target training examples increases, the knowledge from the
source becomes less and less useful. In fact, the source can be
regarded as a kind of noisy training examples for the target.
At a certain point, when the negative effect of the source class
outgrows the positive knowledge it offers, instance transfer can
be harmful and degrades the average classification accuracy of
all classes. For the linear kernel case, unfortunately, instance
transfer always gives a worse performance compared to the no
knowledge transfer baseline. The poor performance of instance
transfer using the linear kernel again verifies our understanding
that instance transfer does not generalize well to the linear
kernel.
2) Instance Transfer - Source and Target Not Related: In
section V-A1, we have observed that when the source and
target classes are closely related, instance transfer sometimes
offers a better performance than the baseline of not doing
any transfer learning. It is interesting to further investigate
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Fig. 2. Classification accuracy of instance transfer: (a) Target class accuracy, target=MIT street, source= MIT highway (b) All class accuracy, target=MIT
street, source=MIT highway (c) Target class accuracy, target=MIT street, source=MIT coast (d) All class accuracy, target=MIT street, source=MIT coast.

the performance of transfer learning under the scenario when
the source and the target are not closely related. Therefore,
we select the source class to be “MIT coast” and the target
class to be “MIT street”, and perform the same experiment
as described in section V-A1. As can be seen in Fig.2c and
Fig.2d, for both the KL1 and the linear kernels, the instance
transfer learning curve always underperforms the original no
transfer learning curve. The degraded performance of instance
transfer can be easily understood, as the source class examples
now behave like “mislabelled” training samples. Since these
“mislablled” training samples are grouped with the target class
training samples to jointly train the SVM, the instance transfer
performance is expected to be lower.
To summarize, under certain circumstances, instance transfer offers a better classification accuracy. However, instance
transfer is very sensitive to the specific choice of the SVM
kernel, as well as choice of the source and the target classes.
In the next section, we will demonstrate that our parameter
transfer scheme outperforms instance transfer in terms of these
two aspects.
B. Evaluation of Parameter Transfer
Details of the parameter transfer algorithm have been described in section IV. As a comparison, the transfer learning
scheme proposed in [12] has also been examined. The difference between our proposed method and Evgeniou’s method
is that, we compute the reweighted kernels by using the

parameter empirical distance between the source and the target
classifiers, whereas the work in [12] simply assigns a constant
to the parameter distance. Fig.3 plots the learning curves for
our proposed method, Evgeniou’s method and the no transfer
learning case. The experiment setup is the same as described
in section V-A for the instance transfer scheme, but we only
use the linear SVM kernel for the parameter transfer since the
reweighted kernel has physical meanings only when the kernel
is in the linear form. Fig.3a and Fig.3b simulate the scenario
when source and the target are closely related, whilst Fig.3c
and Fig.3d consider the case when the source and the target
are unrelated. To study the effect of the weighting factor β
in (1), learning curves are plotted for β = 10, 100 and 1000.
As illustrated in Fig.3, regardless of the relationship between
the source and the target classes, our proposed reweighted
parameter transfer always outperforms the result when no
transfer learning is conducted. Also note that given a certain
choice of β, our method offers a better performance than the
non-reweighted parameter transfer algorithm.
Recall that the instance transfer scheme is sensitive to:
1) The choice of kernel; 2) The choice of the source and
target. Comparing our reweighted parameter transfer scheme
to the relatively naive instance transfer scheme, it is obvious
that reweighted parameter transfer overcomes these two major
drawbacks. As can be seen in Fig.3, even though the linear
SVM kernel is used, the classification accuracy for parameter
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Fig. 3. Classification accuracy of parameter transfer: (a) Target class accuracy, target=MIT street, source= MIT highway (b) All class accuracy, target=MIT
street, source=MIT highway (c) Target class accuracy, target=MIT street, source=MIT coast (d) All class accuracy, target=MIT street, source=MIT coast.

transfer still outperforms the no transfer learning baseline.
More importantly, the reweighted parameter transfer is robust
to arbitrary choice of the source and the target. In other words,
given any combination of source and target classes, reweighted
parameter transfer always offers a higher classification accuracy no matter whether the source and target are semantically
closely related or unrelated.
VI. C ONCLUSIONS
In this project, we demonstrated the usefulness of transferring knowledge in multi-task learning. Our proposed
reweighted parameter transfer scheme provides a significantly
improved performance over non-reweighted parameter transfer
and no transfer. Also, reweighted parameter transfer is not
sensitive of the choice of source and target classes and hence
is more reliable than instance transfer.
At the current stage, our reweighted parameter transfer only
works for the linear kernel since the parameter distance is
physically more interpretable in the linear form. In future, it
is interesting to further understand the parameter distance and
investigate the feasibility to generalize our work to accommodate other types of SVM kernels.S
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