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Abstract

Previous metric learning approaches learn a unified
metric for all the classes on single feature representation,
thus cannot be directly transplanted to applications
involving multiple features, hundreds to thousands of
hierarchical structured semantics and abundant social
tagging. In this paper, we propose a novel multi-task
multi-feature metric learning method which models the
information sharing mechanism among different learning
tasks. We decompose the real world multi-class problems
such as semantic categorization or automatic tagging into
a set of tasks where each task corresponds to several
classes with strong visual correlation. We conduct metric
learning to learn a set of (hyper)category-specific metrics
for all the tasks. By encouraging model sharing among
tasks, more generalization power is acquired. Another
advantage is the capability of simultaneous learning with
semantic information and social tagging based on the
multi-task learning framework, and thus they both benefit
from the information provided by each other. Experiments
demonstrate the advantages on applications including
semantic categorization and automatic tagging compared
with other popular metric learning approaches.

1.Introduction

The core problem of many image applications is to learn
a good metric that can well represent the semantic
inter-relationship as the metric usually serves as the
information bottleneck. For example, for kernel based
models [21, 31], good metric usually leads to more robust
model and sparser support vectors. For lazy methods [33], a
more semantically consistent metric is required so that the
retrieved neighborhood contain more samples with
consistent class labels. To this end, Distance Metric
Learning (DML) [5, 12, 14, 15, 23, 25, 33] formulate the
problem with side information using criteria such as
max-margin [33] and leave-one-out k-NN classification
error [15]. Although remarkable successes have been
achieved on many small scale problems, they cannot be
directly transplanted to large scale visual applications. We
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study the metric learning by addressing the following
disadvantages of previous approaches.

Firstly, the images are usually represented by a set of
different and complementary features, such as color,
texture and Bag-of-Word features. Unfortunately, how to
learn a similarity measure with multiple features have
rarely been discussed in DML except for simple feature
concatenation. The most realistic drawbacks of feature
concatenation are risk of over-fitting and computation
complexity growth in O(M?d? scale, where M and d
represent the number of features and their average number
of dimension. Moreover, it is not flexible to process
nonlinear kernels since the covariance of different features
is hard to compute in nonlinear feature space. To overcome
these drawbacks, inspired by Multiple Kernel Learning
(MKL) [2, 26] and other metric optimization studies [21, 24,
25, 27, 28], we propose to learn the Mahalanobis matrices
for each feature channel and their combining coefficients in
a unified learning framework. Our model possesses only
O(Md?) computational complexity and capability of
learning on nonlinear kernels.

The second challenge for real world applications is that
they usually involve more than hundreds of semantic
classes with hierarchical structure such as WordNet [6, 7].
This brings about extremely cluttered distribution in feature
space. If we explore the semantic structure, we find that
images from the same semantic subset usually share some
visual properties [18, 19, 30], while images from different
subsets may be very easy to be classified. For example,
palm tree and coconut tree may be hard to distinguish since
their leaves and trunks are very similar, while flower and
car are obviously different in shape and color. Such prior
knowledge is beneficial to provide guidance on the
construction of information sharing structure among
semantic concepts, so that model capacity can be enhanced
for learning models towards real world application. To this
end, several metric learning approaches have been
proposed. For example, Parameswaran et al. [28] extended
the well performed LMNN [33] to multi-task metric
learning, and Hwang et al. [18] proposed to learn a tree of
metrics to incorporate the object hierarchy. Our method is
an extension of [28] as we propose a more flexible



framework where the tasks can be grouped with different
levels of semantic class generalization, so better tradeoff
between performance and efficiency can be achieved for
large scale applications. Moreover, similar in the spirit of
sparsity disjoint regularization [18], we provide an
automatic feature weighting to learn feature weights for the
“sharing” part and “discriminating” part of the metrics.

The third challenge for Web image analysis is how to
develop an effective method for modeling the inter-relation
between semantic labels and abundant social tagging in
order to collaboratively promote the image understanding.
Generally speaking, the semantic information is usually
compact, predefined, well labeled but expensive to obtain,
while social tagging is more ubiquitous, diversified but
contains certain level of noise and personal inclination.
Different from previous studies either treating social
tagging as a textual feature or assuming that the social
tagging contains over-complete semantic information, we
also treat the learning with social tagging as a set of tasks as
the tasks of learning with semantic concepts. The metrics
for visual categorization and automatic tagging are learned
jointly based on our multi-task learning framework. This
strategy is not only capable of introducing the abundant
information contained in social tagging to enhance the
learning of semantics, but also capable of reducing noise
for image tagging by using clean semantic information.

In this paper, to better model the intrinsic nature of
multiple features and the information sharing among
different tasks, and to reach better tradeoff between
efficiency and accuracy, we propose a multi-task
multi-feature similarity learning method which learns the
similarities for multiple tasks simultaneously with
knowledge propagation among all the tasks. For intra-task
similarity learning, it explores the relation of feature
sharing and feature weighting among the visually similar
semantic groups. For inter-task information propagation, it
encourages knowledge transfer from other similarity
learning tasks. Compared with other binary multi-task
models [11], our method is more economical since the
number of learned metrics will grow sub-linearly as the
learning strategy is able to process several semantic
concepts or tags in a single task. As another technical
contribution, we develop an efficient solution for the
convex dual problem.

In Section 2 we provide a brief review on relevant
studies. We introduce our method in Section 3.
Experiments are conducted and discussed in Section 4. In
Section 5 we summarize the paper.

2.Related works

Our work is closely related with Multiple Kernel
Learning, metric learning, and multi-task learning. We
brief some representative works on these studies.

Recently, Multiple Kernel Learning [2, 26] which makes
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use of multiple features based on multiple kernels achieves
great success in computer vision [13, 31]. It was later
developed with non-sparse l,-MKL [32]. The idea of MKL
also inspired other research in machine learning, such as
dimension reduction [21, 27] and transfer learning [8, 9].
Kundu et al. [24] proposed to simultaneously maximize the
margin of the model and learn a similarity on multiple
similarity matrices by optimizing each single similarity and
their kernel combination coefficients together. Our work is
inspired by multiple kernel dimensional reduction [21, 27]
and [24]. Our formulation is similar with [,-MKL [32], as
non-sparse kernel weight coefficient shows better
discriminate power than sparse weight coefficient.

Metric learning has been a canonical problem in pattern
recognition and image analysis. The approaches in [33]
proposed to formulate DML by applying the large margin
principle on neighborhood. The methods proposed by [14,
15], Davis et al. [5] and Sugiyama [29] are based on
different local loss terms on training data. The kernel
learning proposed by Kulis et al. [23] is closely related to [5]
since distance and similarity (kernel) can be
inter-converted. Besides, Kwok et al. [25] proposed a
kernel learning method based on the idealized kernel.
Frome et al. [12] learned an asymmetric localized similarity
for image retrieval and classification. Our work is also
inspired by [25] in problem formulation, as we try to
simultaneously learn the idealized similarity measures for
multiple tasks based on multiple feature representations.

Multi-task learning [3, 11] is a good way to improve the
model generalization ability by sharing information [3],
features [34, 30, 1] and training samples [11] among
different tasks. For visual analysis, multi-task learning is a
natural choice because image categories usually share some
common features such as corner-like patches [30]. In recent
studies, the sharing relation among features across different
tasks is usually modeled by group sparsity [1, 19, 34]. Also,
Kang et al. [20] provided some guidance on task grouping
by study the sharing mechanism in multi-task learning. Our
work is inspired by two studies [19, 28]. Hwang et al. [19]
proposed to learn the class labels and visual attributes using
multi-task MCSVM, which is similar with semantic labels
and social tagging in our study. Parameswaran et al. [28]
adapted LMNN [33] into multi-task DML, which is more
flexible than binary models for multi-class problems.
However, it is only capable of linear metric learning. For
multiple features with thousands of dimensions, the
computational cost for [28] is prohibitive.

3.Approach

Given a set of tasks {Ty, t=1,...,T}, and their training
data X, ={(x},¢!)]i=1..,N3} , where x! represents a data

of t" task and ¢ denotes its class label. For eachx!, we
calculate M types of features, denoted by x'™,m=1,..,M .



For each pair (x,x/) in t" task, the metric are defined by a

combination of the “sharing” part and “discriminating”
part:
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Where ( )" denotes the transpose of matrix. A™ is the

Mahalanobis matrix of the m" feature channel for t" task,
and A™ denotes the Mahalanobis matrix for task O that is

shared by all tasks.
3.1. Model

By incorporating the formulation of idealized kernel
learning [25], the joint objective function is formulated as:
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where the first two terms regularize the complexity of the
learned metric. The third term measures the hinge loss on
training data pairs. We denote Xt =x"-x", and S
represents the labeled pair set with N pairs. C denotes the
penalty on training data. &’ denotes the labels of
similar/dissimilar labeled pairs, and ¢/ is a predefined
threshold for hinge loss which determines the sparsity of
support vectors. The last term is regularization on the
kernel weights, where by and by represent weights for the
sharing part and discriminating parts. ||« ||z and || « ||,
represents the Frobenius norm and l-norm, respectively.
Contrast with sparse kernel combination [2, 26, 31], we
adopt p-norm to encourage that the learned metric
incorporate controllable non-sparse prior. d denotes the
original metric. The learned Mahalanobis matrices are
represented by:
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The dual problem becomes a g-norm convex problem [32]:
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where 1/p+1/g=1 and s} =(o7 —57d?) . Q™ and Q7 is

represented by:

Qz(T)(IJ kl) = tr[é‘ll5kl (x? m) ;(rlmj

i, kI)—tr( W'(x?m) if"mj

From (2) and (4) we see that the tradeoff parameters i,
t=0,...,T control the regularization of A™ and the
information sharing structure. When y, = oo and y; is small
for t=1,...,T, A™ become zeros and the tasks become
more independent. When y, is small and y, » »,t =1,...,T,
the A™ for all the tasks will be 0 and they will be merged
into one single task. For other case, wheny, =0,t=1,...,T,
our model reduces to a single task, and when y, =0, our
model to reduce to T independent tasks. When y,,t=0,...,T
is not zero, the larger y, or y, is, the less influence of the
corresponding task(s) will be brought to the final model.
Therefore, we can take advantage of this property to control
the information sharing among tasks.

From (3) we see that our model is in fact a sample
sharing multi-task learning. Samples from other tasks will

be served as extra support vectors for each single task,
where their influence can be controlled by y,,t=0,...T .

Therefore, for visual applications on small dataset,
incorporating learning tasks using Web data with social
tagging will endow the application with more available
data resources, thus the performance is likely to be
enhanced.

The dual objective problem (4) is convex with respect to
a, if and only if all the matrices Q™ and Q™ are positive
semi-definite. This requirement can be easily satisfied for
most similarity such as inner product and RBF kernels.
3.2. Kernelization

The learned similarity can be easily kernelized by
replacing all x by ¢(x) , where ¢ is the feature map
corresponding to any given kernel. We denote the original

kernel for each feature channel as K™, then the learned
kernel for each task is given by:

)= 53 s atar 0

m=1t'=1ijeT,.
(K™ () = K™ (%, %7) ) (K™ (%, %) = K™ (%,, %))
Where 1,(t")=1 if t’=t, else it is zero.
3.3. Training data selection
It has been discussed in [25], that the neighborhood of
each data is most influential to the model. This heuristic
reduces the training pairs from O(N?) scale to O(N) scale.

To identify the neighborhood for each training data quickly,
we adopt Locality Sensitive Hashing [4] for linear metric
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learning. For nonlinear metric, the Kernel LSH [22] is built
on the average kernel representation.

We generate Ly hash functions so that each data item is
mapped into a binary code vector with length Ly. Then they
are hashed into a set of hash buckets. We construct three
hash tables to improve the recall of the true neighborhoods.
For neighborhood search of each query, we select top 0s
nearest samples with same class label as the query, and top
0p nearest samples with different class labels. We
empirically set Ly = 40, 65 = 3, 6p = 6 for each task. The
number of unique hash buckets is usually 1/3~1/2 of the
original data size and the maximum number of items within
each bucket will not exceed 20, which means that the data
is distributed dispersedly. Therefore, the computational
cost for neighborhood search can be reduced significantly.

3.4. Category grouping strategy

In our study, each learning task may correspond to a
learned metric which discriminates a group of categories
from others. For example, when we get the group structure
(Cy, Cy, (Cz Cp), we learn 3 metrics where one for
classifying C;, one for C, and one for both Cz; and C,4. The
grouping of categories be done with different schemes, one
is natural grouping according to the existing hierarchical
semantic structure such as WordNet, or by hierarchical
grouping according to the overall similarity on multiple
feature representations among different classes. Another
potential way is similar with automatic grouping by
minimizing some objective function [20], which may
requires huge computational effort for hundreds of classes
since it has only be tested on small dataset with dozens of
classes. With the hierarchical category grouping structure,
one can determine how many metrics should be learned
with our method, thus a better tradeoff between efficiency
and accuracy can be achieved.

In this paper, we adopt the hierarchical visual grouping
as it better explores visual correlations and achieves better
data balance among different learning tasks. We calculate
the average multiple feature representations on the images
from each class, so that each semantic class will have an
average image feature on the concatenated feature
representation. Then hierarchical clustering is conducted
on these feature representations. We use this hierarchical
structure to form the tasks, so that each level corresponds to
different number of tasks. We will provide comparison on
several grouping techniques in Section 4.3.

3.5. Optimization

Since the dual problem (4) is differentiable with respect
to a, we propose an efficient solver based on the coordinate
gradient descent method (CGD) [16] that was successfully
used in optimizing convex problems such as SVM. We
minimize the dual problem in (4) by decomposing it into a
series of one-variable differentiable convex sub-problems
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Algorithm 1: Coordinate Gradient Descent Solver

Input: training pair set X"
k=1, Up&oo, Lyé-oo, X~ €X"
While k++ < ki or Not Convergent do:

(1) X" €RandPerm(X" ), Uy < —o0, Ly < +o0
(2) Foreacha, ijie X"
(a) Calculate Gradient VR(a)!
(b) If (& =0 & VR(0)! >U, ) [| (& =C! & VR(a)} <L)
X" « X" 1ij,, continue.
Else get VPR(a)! using (9).
(C) Ub « max(Us, VPR(@)"), Ly « min(Lo, V°R(a)!)
(d) Calculate H" , Update &' by (10), o by (11)
B) If Up—Ls<e¢
IfX" =X?, BREAK. Else X~ « X" U, < +m,L, < —oo
(4) If Uy <0 then U, <+ . Else U, « U,
(5) If Lb>0 then L, <. Else L, « Lo
Output: «, b

with respect to each ¢'. The advantage of CGD is small

computational cost for each step and fast convergence rate.

Suppose the training pairs of t" task is denoted by X",
and the whole set denoted by X" = X u..u X" . The process
starts from an initial point a’ € R*' and generates a

sequence of vector {m“}:“:0 . We define the process from a* to

o*! as the outer-iteration. Each outer-iteration has [X")|
inner-iterations where each corresponds to a sub-problem
with respect to ¢ as:

min R(a + del), st.0<a)l <C} @)
where e’ =[0,..,1,...0]". The objective function in (7) is a
quadratic function of d:

R(e)! +d) =const+%H[”'”d2 +VR(a)! (8)
where VR(a)! and H}Y denote the gradient and Hessian
respectively. Since each o is bounded to[0,C"], we need
to find a projected gradient calculated by:

min(VR(a)?,0),a =0
VPR(a)! =3 max(VR(a)!,0),a) = CJ 9)
VR(a)!,0< o) <C!
If the projected gradient is not zero, we update ¢ by:
al < min (max(oztiJ —VR(a)! / Ht'i*'i,o),Ct'i) (10)
Then we update o as:

" <o +zd.tr(s5m>5y i?‘”)+d2QST>(ij,ij) (11)



Besides, we adopt two acceleration schemes proposed by
Hsieh et al. [16], random permutation of sub-problems and
coefficient shrinking. Details are shown in Algorithm 1.

4.Experiments

Our experiments are conducted on a database which is
composed on 3 benchmark datasets, where two of them are
VOC 2007 [10] and ImageNet-250 subset from ImageNet
database [6] with clean semantic labels, and MFLICKR [17]
with 1 million images and thousands of different social tags.
The ImageNet-250 is an image subset selected from the
large scale ImageNet data corpus covering many common
visual concepts including categories from vehicle, plant,
animal, food, instrument, scene and sports. Each image
category in ImageNet-250 contains more than 500 images.
For MFLICKR, we select the top 300 most frequently used
tags in this work. We calculate 9 types of features and
kernels for all the images, namely, spatial pyramid with
linear and chi-square kernels on HOG, LBP, Self Similarity,
dense gray SIFT and dense color SIFT, as well as the other
with linear and RBF kernels on Geometric Blur, GIST,
block Color Moment and wavelet texture histograms.

For VOC’07 data, we use train-val and test data and the
Mean Average Precision (MAP). For ImageNet-250, each
category is randomly split 60%~40% into a set of the
training and testing data, which results in about 140K
training images and 99K testing images. For evaluation on
this dataset, we adopt the Mean Accuracy (MA) as in [6]
which records the average percent of correct predictions
among all the classes. For MFLICKR data, we select 100K
for training, and 50K images for testing. We record the
average per-tag precision and recall at top 100 results. For
performance evaluation on all the methods, including ours
and other approaches, we use k-NN as the learning and
predicting strategy. For evaluation of MAP and per-tag
precision and recall on MFLICKR, we rank the results by
the learned similarity measures with respect to the query

and retrieved samples. In the rest of Section 4, we denote
linear and kernelized multi-task multi-feature similarity
learning method as M°SL-L and M?SL-K, respectively.

4.1. Efficiency

We conduct some analysis on the optimization issue to
show the efficiency of our method. We implemented our
work in Matlab on a desktop with Intel i5 2.8GHZ dual
core CPU and 8G RAM. We randomly select 30 classes
from ImageNet-250. We evaluate 5 methods, where LCGD
and LACC denote the optimization without and with
acceleration for the multi-task linear similarity learning,
and KCGD and KACC denote the optimization without and
with acceleration for kernelized multi-task similarity
learning respectively. We compare our method with
multi-task LMNN [28] with concatenated feature. For all
the method, we decompose the classes into 4 tasks on the
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average concatenated feature representation of each class.
We set p=2.5, C/N =8, 9=2, =1, 51=0.4M. We record
training time (T), number of outer iterations (#0l), average
number of reduced coefficients (#AR) and ratio of support
vectors (SV) and Mean Accuracy (MA) in Table 1.

From the results we see that LCGD achieves good
performance in training time. With acceleration techniques,
LACC will be much faster without performance
degradation. The kernelized similarity learning (KCGD and
KACC) spend about 50% more time on training, because
the kernel calculation is more time consuming compared
with inner product. However, the model with less support
vectors is obtained, which is more preferred in many real
world applications. In fact, the training time of KACC can
still be optimized with acceleration scheme such as kernel
caching. The training time of multi-task LMNN is a lot
more than any of our method, as it does not outperform our
approach. This observation reveals that metric learning on
high dimensional data may take great risk of over-fitting.

Table 1: Statistics of the training procedures

T(sec) #OlI #AR SV (%) MA
LCGD | 11530 258 - 0.329 0.312
LACC | 7962 233 614 0.293  0.313
KCGD | 17685 216 - 0.154  0.366
KACC | 12296 159 879 0.143  0.365
LMNN | 43876 -- - - 0.301

4.2. Different I, norm

We analyze the influence of p in our model, where
different settings of p will influence the physical structure
of the dual problem in (4). We evaluate the performance on
VOC’07 validation data on different setting as p = (1.05,
1.33, 2, 2.5, 3, 4), and the other parameter setting is
identical to Section 4.1, the relative performance (RP)
which is the performance divided by the highest from all
the parameter settings is demonstrated in Table 2. We
notice that p=2.5 performs consistently best. The
performance decreases when p is large, say p=4, which
leads to more dense kernel weight values and the
performance will tend to be similar with the average kernel.
Table 2: The relative performance change with different p

p 1.05 133 2.0 2.5 3 4

RP | 0961 0973 098 100 0.969 0.954

To better show how different p influence the learned
kernel weights, we further shows the learned weights using
the kernelized method for two different classes in VOC’07,
namely, the car class and pottedplant class in Figure 1.
When p is close to 1, only one or two kernels will dominate
the contribution to the model. For car class, the weight of
kernel calculated on HOG is larger than other features,
meaning that HOG feature is good at discriminating car
from other classes. For the pottedplant class, it seems that
color descriptor is more discriminative.
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Figure 1. The learned feature weight of car class (left)
and pottedplant class (right). The bars from left to right in
each sub figure corresponds to HOG, LBP, SS, gray SIFT,

color SIFT, GB, GIST, CM and Wavelet

4.3. Comparison of grouping strategies

We compare three different category grouping strategy,
namely, random grouping (RG), grouping with WordNet
distance (WD) [7] and grouping with hierarchical visual
clustering (VC). The model parameter setting is the same as
in Section 4.1. We report the Mean Accuracy of M?SL-K
with respect to different number of tasks on ImageNet-250
data in Table 3. We can see that visual clustering obtains
better results compared with other two. One explanation for
the result is the “discriminative part” of the learned metric
for one visually similar category group tends to be better
generalized to identify those common feature subsets that
can distinguish this category group from others. Another
observation from Table 3 is that when the number of tasks
is small, using different grouping strategies will lead to
larger performance gap.

Table 3: Effect of different grouping strategies

#tasks: 4 8 16 31
RG 0.298 0.352 0.394 0.423
WD 0.323 0.376 0.412 0.429
VC 0.352 0.397 0.429 0.445

4.4. Information sharing among tasks

We study how our multi-task metric learning improves
the performance with different number of tasks and
information sharing among them. To this end, we conduct
experiment on ImageNet-250 datasets, and test the linear
and kernel version of our method. For this part, we set
p=25, C / N = 8 and o) =0.4M for both linear and

kernelized learning of our models. For M”SL-L and
M?SL-K, we set yp=2and y; = 1
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Figure 2: The performance curve with different number of
tasks on ImageNet-250

We refer to our metric learning where y,=0 and » = 1 as
single task metric learning (stMSL-L and stMSL-K), as
there is no information sharing among tasks. We compare
our methods with the single task LMNN [33] (st-LMNN)
where each task learns a model without information sharing,
and multi-task LMNN [28] (mt-LMNN) where we also set
yo= 2 and y; = 1 for fair comparison. Besides, we also test
ITML [5]. The performance curves with different number
of tasks are shown in Figure 2.

From Figure 2, we observe that when the number of
tasks increases, the performance for all the methods
increases. Specifically, methods with information sharing
(mt-LMNN and M?SL-K) achieve better performance and
smaller variances. Since we can expect the results tend to
be better when the number of tasks exceeds 31, we do not
evaluate the results because of significant increase on
model training. Despite this, the performance for learning
with 31 tasks can still demonstrate the advantage of our
method.

4.5. Visual categorization

We conduct experiments to compare our method with
several state-of-the-art approaches on visual semantic
categorization. The model parameter setting is the same as
in Section 4.1. We compare our method with 7 approaches
on both VOC’07 and ImageNet-250 dataset: (1) EUC: the
Euclidean metric on the concatenated feature. (2)
EUC-PCA: the Euclidean metric on the concatenated
feature representation after dimensional reduction using
PCA (Dim: 500). (3) ITML [5]: using features in (2). (4)
LFDA [29]: localized FDA on features in (2). (5) st-LMNN:
single task LMNN [33] which learns the Mahalanobis
matrices for each class on features in (2). (6) mt-LMNN:
Multi-task LMNN [28] which learns the Mahalanobis
matrices in multi-task learning framework on features in
(2). (7) NCA [15]: run on features as in (2).

For VOC’07, we set the number of tasks as 20 for both
M?2SL-L and M?SL-K, where each class corresponds to a
learned metric. For ImageNet, we set the task number as 31.



The results are recorded in Table 4. From Table 4 we see
that our M?SL-K achieves the highest performance on both
datasets. We see from both the performance of st-LMNN
and our approaches that multiple metrics are indeed helpful
for enhancing the performance. However, without
information sharing among tasks, the single task metric
learning does not outperform mt-LMNN and our
approaches M?SL-L and M?SL-K on VOC’07 data. Our
linear version M?SL-L slightly underperforms mt-LMNN
and st-LMNN on ImageNet-250 dataset. The reason may
be that we only discover the feature correlation inside each
feature, while st-LMNN and mt-LMNN fully discovers the
inter-correlation among different features. However,
M2SL-K achieves the best performance because it is
capable of using the nonlinear kernels. In general, from the
experimental comparison we can see that our methods
achieve promising results on semantic categorization.

Table 4: The MAP on VOC’07 and MA for ImageNet-250

Methods VOC’07 ImageNet-250
EUC 0.181 0.192
EUC-PCA 0.296 0.264
ITML 0.398 0.298
LFDA 0.384 0.305
NCA 0.415 0.315
st-LMNN 0.569 0.367
mt-LMNN 0.572 0.374
M2SL-L 0.577 0.378
M?SL-K 0.603 0.445

4.6. Categorization with social tagging

We study whether incorporating the social tagging data
can boost the performance of semantic categorization. We
conduct the semantic categorization as main tasks on both
VOC’07 and ImageNet-250. For the auxiliary learning
tasks on social image data, we automatically group 4 tags in
one task. For VOC’07 we select 50 tags which are
semantically related with the 20 semantic classes as the
candidate auxiliary tasks. For ImageNet-250, all the 300
tags are used to form the candidate auxiliary tasks. We set
10=2, y; = 1 of the main tasks, and y, = 5 of the auxiliary
tasks in order to suppress the influences of noise contained
in social tagging information. We test both M?SL-L and
M?SL-K for both datasets. The number of main tasks for
both methods is 20 for VOC’07 and 31 for ImageNet-250
respectively. We conduct experiments on these two
datasets for semantic categorization by varying the
numbers of the auxiliary tasks selected from the candidate
auxiliary tasks set. The experimental results are shown in
Figure 3.

We can see that when the number of auxiliary tasks
increases, the performance of our methods on both
VOC’07 and ImageNet-250 are improved. However, when
the information transferred from the auxiliary tasks
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overwhelm the main tasks, the performance will be likely to
degrade due to the spread of noisy information existing in
social tagging. For VOC’07, when the number of auxiliary
tasks become large, more social tagging images with less
related semantic correlation as well as noisy information
will be introduced. Under this situation, instead of getting
help from the auxiliary tasks, the model is more likely to

corrupt.
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Figure 3: The performance with different numbers of
auxiliary tasks on VOC’07(left) and ImageNet-250(right)

4.7. Tagging with semantic information

We study the task of image tagging with the help of
semantic information. We conduct experiments on the 50K
test data selected from MFLICKR dataset. We test two
versions of our methodand two baseline approaches
EUC-PCA and mt-LMNN on the reduced concatenated
feature representation. We set y,=1, y; = 1 for the main tasks,
and y, = 2 for the auxiliary tasks. The other parameter
setting is the same as Section 4.1. From MFLICKR dataset,
we also automatically group 4 tags for each task for both
our method and mt-LMNN. We select the ImageNet-250 as
the dataset with semantic labels, and the number of task is
also 31 as in previous sections. The performance is
recorded in Table 5. Our methods significantly outperform
the baseline methods in terms of Precision. Moreover, our
M?SL-K achieves the highest performance on both
Precision and Recall. The Recall of mt-LMNN slightly
outperforms our linear similarity learning method.

Table 5: The performance of automatic image tagging

EUC-PCA mt-LMNN M?SL-L  M?SL-K
Prec 0.26 0.48 0.58 0.61
Rec 0.28 0.52 0.50 0.59
4.8. Positive semi-definiteness
Our method does not guarantee the positive

semi-definiteness of the overall learned metric, i.e., the
positive semi-definiteness of the metric for each feature
channel. However, in many applications the results are
usually ranked by their relative value, the positive
semi-definiteness is not a necessary requirement. We can
also project the metric into the positive semi-definite space
[33]. As for the experiments in this paper, we have not
obtained any metric with negative Eigen-values after
training, although we do observe some of them during the



model training. In future study, we will conduct more
experiments on the influence of the projection.

5.Conclusion

We propose a novel multi-task multi-feature similarity
learning method which learns a set of overall similarity
measure for multiple tasks simultaneously. Our method
demonstrates more flexibility to explore the intrinsic model
sharing and feature weighting relations on image data with
large amount of classes without significant increase of the
number of models. Our model allows knowledge transfer
among semantic labels and social tagging information
which combines the information fusion from both sides for
effective image understanding. We will study how to make
better use of the hierarchical semantic structure for large
scale visual applications in future works.

6. Acknowledgements

This work was supported in part by National Basic
Research  Program of China (973  Program):
2012CB316400, in part by National Natural Science
Foundation of China: 61025011, 60833006 and 61133003,
and in part by Beijing Natural Science Foundation:
4111003. It was also was supported in part to Dr. Qi Tian
by ARO grant W911BF12-1-0057, NSF 1IS 1052851,
Faculty Research Awards by Google, FXPAL, and NEC
Laboratories of America, respectively.

7.References

[1] A. Argyrious, T. Evgenious and M. Pontil. Multi-task
Feature Learning. NIPS, 2006.

[2] F. Bach, G. Lanckriet, and M. Jordan. Multiple Kernel
Learning, Conic Duality, and the SMO Algorithm. ICML,
2004.

[3] R. Caruana. Multi-task Learning. Machine Learning, 28:
41-75, 1997.

[4] M. Charikar. Similarity Estimation Techniques from
Rounding Algorithms. ACM Symposium on Theory of
Computing, 2002.

[5] J. V. Davis, B. Kulis, P. Jain, S. Sra, and I. S. Dhillon.
Information-theoretic Metric Learning. ICML, 2007.

[6] J. Deng, A. Berg, K. Li and L. Fei-Fei. What Does
Classifying More Than 10,000 Image Categories Tell Us?
ECCV, 2010.

[7]1 J. Deng, A. Berg and L. Fei-Fei. Hierarchical Semantic
Indexing for Large Scale Image Retrieval. CVPR, 2011.

[8] L. Duan, D. Xu, I. W. Tsang, and J. Luo. Visual Event
Recognition in Videos by Learning from Web Data. CVPR,
2010.

[9] L. Duan, I. W. Tsang and D. Xu. Domain Transfer Multiple
Kernel Learning. To appear in PAMI.

[10] M. Everingham, A. Zisserman, C. K. I. Williams and L. Van
Gool. The Pascal Visual Object Classes Challenge 2007
Results. Technical report, 2007.

[11] T. Evgeniou and M. Pontil. Regularized Multi-task Learning.

ACM KDD, 2004.

2247

[12] A. Frome, Y. Singer, F. Sha, and J. Malik. Learning
Globally-Consistent Local Distance Functions for Shape
Based Image Retrieval and Classification. ICCV, 2007.

[13] P. Gehler and S. Nowozin. On Feature Combination for
Multiclass Object Classification. ICCV, 20009.

[14] A. Globerson, S. Roweis. Metric Learning by Collapsing
Classes. NIPS, 2006.

[15] J. Goldberger, S. Roweis, G. Hinton, R. Salakhutdinov.
Neighborhood Component Analysis. NIPS, 2005.

[16] C.-J. Hsieh, K.-W. Chang, C.-J. Lin, S. S. Keerthi and S.
Sundararajan. A Dual Coordinate Descent Method for Large
Scale Linear SVM. ICML, 2008.

[17] M. J. Huiskes and M. S. Lew. The MIR Flickr Retrieval
Evaluation. ACM MIR 2008, Vancouver, Canada.

[18] S. Hwang, K. Grauman and F. Sha. Learning a Tree of
Metrics with Disjoint Visual Feature. NIPS, 2011.

[19] S. Hwang, F. Sha and K. Grauman. Sharing Features
between Objects and Their Attributes. CVPR, 2011.

[20] Z. Kang, K. Grauman and F. Sha. Learning with Whom to
Share in Multi-task Feature Learning. ICML, 2011.

[21] S. Kim, A. Magnani, S. Boyd. Optimal Kernel Selection in
Kernel Fisher Discriminant Analysis. ICML, 2006.

[22] B. Kulis, and K. Grauman. Kernelized Locality Sensitive
Hashing for Scalable Image Search. ICCV, 2009.

[23] B. Kulis, M. Sustik, and 1. Dhillon. Low-Rank Kernel
Learning with Bregman Matrix Divergences. JMLR, 10:
341-376, 2009.

[24] A. Kundu, V. Tankasali, C. Bhattacharyya, and A. Ben-Tal.
Efficient Algorithms for Learning Kernels from Multiple
Similarity Matrices with General Convex Loss Functions.
NIPS, 2010.

[25] J. T. Kwok, I. W. Tsang. Learning with Idealized Kernels.
ICML, 2003.

[26] G. Lanckriet, N. Cristianini, P. Bartlett, L. Ghaoui and M.
Jordan. Learning the Kernel Matrix with Semi-definite
Programming. JMLR, 5: 27-72, 2004.

[27] Y. Lin, T. Liu and C. Fuh. Multiple Kernel Learning for
Dimensionality Reduction. PAMI, 33(6): 1147-1160, 2010.

[28] S. Parameswaran, K. Q. Weinberger. Large Margin
Multi-Task Metric Learning. NIPS, 2010.

[29] M. Sugiyama. Dimensionality Reduction of Multimodal
Labeled Data by Local Fisher Discriminant Analysis. JMLR,
8, 1027-1061, 2007.

[30] A. Torralba. K. Murphy and W. Freeman. Sharing Visual
Features for Multi-Class and Multi-View Object Detection.
PAMI, 29(5): 854-869, 2007.

[31] A. Vedaldi, V. Gulshan, M. Varma, and A. Zisserman.
Multiple Kernels for Object Detection. ICCV, 2009.

[32] S. V. N. Vishwanathan, Z. Sun, N. Theera-Ampornpunt and
M. Varma. Multiple Kernel Learning and the SMO
Algorithm. NIPS, 2010.

[33] K. Q. Weinberger, L. K. Saul. Distance Metric Learning for
Large Margin Nearest Neighbor Classification. JMLR, 10:
207-244, 2009.

[34] X. Yuan and S. Yan. Visual Classification with Multi-Task
Joint Sparse Representation. CVPR, 2010.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


