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ABSTRACT
Traditional approaches for automatic video annotation usually represent one video clip with a flat feature vector, neglecting the fact
that video data contain natural structures. It is also noteworthy that
a video clip is often relevant to multiple concepts. Indeed, the video
annotation task is inherently a Multi-Instance Multi-Label learning
(MIML) problem. Considering that manually annotating videos is
labor-intensive and time-consuming, this paper proposes a semisupervised MIML approach, SSMIML, which is able to exploit
abundant unannotated videos to help improve the annotation performance. This approach takes label correlations into account, and
enforces similar instances to share similar multi-labels. Evaluation
on TREVID 2005 show that the proposed approach outperforms
several state-of-the-art methods.

Categories and Subject Descriptors
I.2.10 [Artificial Intelligence]: Vision and Scene Understanding—
video analysis; I.2.6 [Artificial Intelligence]: Learning

General Terms
Algorithms, Design, Experimentation

Keywords
Video Annotation, Multi-Instance Multi-Label Learning,
Semi-Supervised Learning

1.

INTRODUCTION

With the rapid development of storage devices, networks and
compression techniques, large collections of digital videos have
been generated and shared on the Internet. In order to eﬀectively
access large-scale video data, a common theme is to first annotate
video clips with semantic concepts, and then use these concepts to
index or retrieve the video. Annotating large archive of video data manually is quite labor-intensive and time-consuming, and thus,
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automatic video annotation (also called concept detection or highlevel feature extraction) has emerged as an active topic in the multimedia community.
A general routine for video annotation is to first extract textual or
visual features of sample data, and then train one or multiple models to make predictions on the concepts for new video data. Many
approaches have been developed, to name a few: Fan et al. [4] proposed a Baysesian framework for semantic video classification and
indexing; Xie et al. [23] used Hidden Markov Models and dynamic
programming to detect specific semantics in soccer videos; Yanagawa et al. [26] built a set of baseline detectors for 374 LSCOM
concepts using SVMs; Tang et al. [20] proposed a graph-based
learning approach with structure-sensitive manifold ranking.
Most previous studies represent a video clip with a flat feature
vector, neglecting the fact that video data have natural structure
and there are significant relations inside the structure. By using a
single flat feature vector to represent a video clip, important information becomes collapsed and missed. This issue has been recently
noticed. For example, Naphade et al. [13] proposed a generalized multi-instance learning algorithm for video concept detection,
where one video clip is represented by a set of feature vectors (or
called instances); Gu et al. [6, 7] proposed several models to capture the structural information in video data. On the other hand,
video data are usually with very rich semantics, and one video clip
is usually related to multiple concepts. For example, in TRECVID
2005 data set, according to LSCOM-Lite annotations [12], there
are 39 concepts and one frame is related to up to 12 concepts. The
concepts associated with one video clip are naturally related, and
their correlations will help improve annotation performance; however, such information will be missed if the concepts are dealt with
separately. Qi et al. [16] recently tried to exploit the correlations
among concepts with a multi-label learning approach, and showed
that such information are really helpful. It is also worth mentioning that it is expensive to get a large amount of annotated video data
because manual annotating is labor-intensive and time-consuming;
thus, semi-supervised learning has been applied to exploit unannotated video data to help improve the annotation performance [21,
25].
Notice that the three above issues, i.e., natural structure, rich semantics and small annotated samples, were separately dealt with in
previous studies although they usually occur simultaneously. In this
paper, we propose the SSMIML (Semi-Supervised Multi-Instance
Multi-Label learning) approach which deals with these issues together. As its name suggests, SSMIML is an approach developed in MIML (Multi-Instance Multi-Label learning), a new machine
learning framework [30, 31] which is suitable for learning with data
objects with complicated semantics. In the MIML framework, each
data object is represented by a set of instances and is allowed to

have multiple labels simultaneously. During the past few years, the
MIML framework has been found well useful in diverse applications such as image annotation [14, 28, 30], text categorization [31,
27], bioimage informatics [10], video annotation [24], etc. MIML learning theory has been studied [22], and many MIML learning approaches have been developed [14, 27, 28, 30, 31]; however,
semi-supervised MIML approaches are almost untouched. Recently, Feng et al. [5] proposed a MIML approach that can exploit
unlabeled data, but it works in transductive setting and requires all
unlabeled data be available for training. In contrast, our SSMIML
approach works in inductive setting, and is able to make predictions
for unseen data. Experiments on TREVID 2005 data set show that
our SSMIML outperforms several state-of-the-art methods.
The rest of this paper is organized as follows: In Sections 2 we
present the SSMIML formulation; in Section 3 we propose an iterative algorithm; in Section 4 we report on experiments; finally in
Section 5, we conclude the paper.

2.

THE FORMULATION

A direct solution to semi-supervised multi-instance multi-label
learning is to degenerate the MIML problem into a series of multiinstance problems or multi-label problems in the way of [30], and
then apply semi-supervised multi-instance learning [8, 17] or multilabel learning [11, 29] methods. The degeneration process, as indicated by [31], will definitely loss information. Therefore, we design the SSMIML approach.
Let X be the instance space and Y the label space. Then, given a data set {{Xi, Yi }ni=1 , {X j }n+m
n+1 }, n is the number of labeled bags,
m is the number of unlabeled bags, Xi ⊆ X is a set of instances
{xi1 , xi2 , . . . , xi,ni }, xi j ∈ X ( j = 1, 2, . . . , ni ), ni the number of instances in bag Xi , Yi ⊆ Y is a set of labels {yi1 , yi2 , . . . , yi,li }, yik ∈
Y (k = 1, 2, . . . , li ), li is the number of labels in Yi . The task is
to find a function f : 2X → 2Y . Suppose that the cardinality of
Y is T , f can be decomposed as f = ( f1 , f2 , . . . , fT ), where ft is
the function for label t. Then, the labels of bag X can be predicted as Y = (sign ( f1 (X)) , . . . , sign ( fT (X))). Inspired by manifold
regularization [2], we try to get:
n
γA
γI
1 
f ∗ = arg min
V(Xi , Yi , f )+ Ω( f )+
I( f ) . (1)
nT i=1
T
(n + m)2 T 2
f

where V(Xi , Yi , f ) is the loss function, Ω( f ) is a regularization term
to control the model complexity, I( f ) is a manifold regularization
term to force similar samples to share similar labels, and γA and γI
are parameters to balance the contribution of these two terms.
Let L+t denote the number of positive bags for label t. By sorting
all positive bags before negative bags for each label, we implement
the first term of Eq. 1 as
n
V(Xi , Yi , f )
(2)
i=1
⎛ L+ 
⎞
n
t
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=
ft xi j + 1 ⎟⎟⎟⎠ .
1 − max ft xi j +
⎝
t=1 ⎜
j:xi j ∈Xi
+
i=Lt +1 j:xi j ∈Xi

i=1

where the second term means that all instances in a negative bag
should be negative, and the first one defines the penalty term for a
positive bag to be only related to the instance with the largest value,
which also implicitly requires that:
 
(3)
ft (Xi ) = max ft xi j .
j:xi j ∈Xi

where xi j is the jth instance of bag i, and ft (xi j ) is a model working on instance level. For simplicity, we assume that ft (xi j ) is a

linear model, i.e., ft (xi j ) = wt , φt (xi j ), where φt (·) is the mapping
corresponding to a kernel Kt .
The model complexity is typically defined as:
1 T
wt 2 .
(4)
Ω( f ) =
t=1
T
The regularization term which forces similar samples to share
similar labels can be defined as:
N
I( f ) =
( f (xi ) − f (x j )) ( f (xi ) − f (x j ))Wi j .
(5)
i, j=1

where denotes matrix transpose, N is the total number of instances
of all bags, and W is the similarity matrix for instances. Note that
the labels are treated independently in Eq. 5. To exploit label correlation, according to [9], we introduce a matrix C −1 = P P to model
the correlations between labels. Thus, I( f ) becomes:
N
(P f (xi ) − P f (x j )) (P f (xi ) − P f (x j ))Wi j
I( f ) =
i, j=1
N
(6)
=
( f (xi ) − f (x j )) C −1 ( f (xi ) − f (x j ))Wi j
i, j=1

= F LF, C −1  .
where F is an N × T matrix, Fit = ft (xi ) (note that, for simplicity of
representation, we neglect the bag number; thus, xi is an instance,
not a bag), and L = D − W is the Laplacian matrix of W, D =
diag( Nj=1 Wi j ). X, Y = trace(X Y). Thus, by introducing C −1 , we
distinguish the outputs after projecting them into a new label space
in which the correlations are considered.
Substituting Eqs. 2, 4 and 6 into Eq. 1, we get:
f∗

= arg min
f
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ft xi j + 1 .

i=Lt +1 j:xi j ∈Xi

Note that, for any positive semi-definite matrix C, it can be shown
that the Reprensenter Theorem for manifold regularization [2] still
holds based on the works [3, 18].

3. AN ITERATIVE SOLUTION
We can rewrite Eq. 7 by introducing relaxation parameters ξti :
f∗

= arg min
f

T
γI
γA 
wt 2 +
F LF, C −1 
T 2 t=1
(n + m)2 T 2
+

n
T Lt
T
1 
1  
+
ξti2 +
nT t=1 i=1
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(8)

( ft (xi j ) + 1)2

i=Lt +1 j:xi j ∈Xi

s.t.

1 − max ft (xi j ) ≤ ξti
ξti ≥ 0

t = 1, . . . , T ; i = 1, . . . , L+t
t = 1, . . . , T ; i = 1, . . . , L+t .

It is not hard to show that the optimal solutions to Eqs. 7 and 8
satisfy | ft (xi j )| ≤ 1. Moreover, these two problems are equivalent if
| ft (xi j )| ≤ 1. So, the optimal solution to Eq. 8 is also the optimal
one to Eq. 7. Note that C can be calculated directly when there are
a good number of training examples. Since in our problem setting
there are only a small amount of labeled data, C calculated from
training data is unreliable. Thus, besides f , we have to learn C in
Eq. 8. Here, we present an iterative solution.

3.1 Estimating f with Fixed C
From Eq. 8 we can see that the objective function is convex. The
first constraints are non-convex, but each is the diﬀerence between
1 and a convex function max(·). Hence, if C is fixed, inspired by
[31], we can use the Constrained Concave Convex Procedure (CCCP) [19] to find the suboptimal solution to this problem. The CCCP
was proposed for problems with a concave-convex objective function with concave-convex constraints, and it is theoretically guaranteed to converge. It works in an iterative way: At each iteration,
the CCCP replaces the non-convex functions with their first-order
Taylor expansions, and approximates the problem as a convex optimization problem.
Because max(·) function is non-smooth, the gradient in the firstorder Taylor expansion needs to be replaced by the subgradient.
Thus, at the kth iteration, for the max(·) function related to bag Xi ,
the first-order Taylor expansion is approximated as:
[ max ft (xi j )] f (k) ≈ max ft(k) (xi j ) + βti ( ft − ft(k) ) .
j:xi j ∈Xi

j:xi j ∈Xi

t

(9)

where ft(k) is the starting
point at the kth iteration, which can be

written as ft(k) = ft(k) (x1 ), ..., ft(k) (xN ) , xi is an instance and N is
the number of instances as defined in Eq. 6. The subgradient βti is
an N × 1 vector, and its jth element is
⎧
(k)
⎪
max ft(k) (xi j )
⎪
⎨ 1/nia xi j ∈ Xi and ft (xi j ) = j:x
i j ∈Xi
(10)
βti j = ⎪
⎪
⎩ 0
otherwise .
where max j:xi j ∈Xi ft(k) (xi j ) is the largest label value of Xi , nia is the
number of active xi j s that have the largest label value. Note that,
other choices for βti j can also be used.
When getting f , we can also have the values of ξti s.

3.2 Estimating C with Fixed

f
Once we get f and ξ, we can find that except the second one, all
other items are known to us. Thus, the optimization problem of Eq.
8 becomes:
minF LF, C −1  .
C∈A

(11)

C is a positive semi-definite matrix by definition. Without loss
of generality, according to [9], we further suppose that the trace of
C is 1, i.e., C ∈ A = {C|C 0, trace(C) = 1}. Based on the work
of [1, 9], this problem has a closed-form solution, which can be
obtained by:
C=

4.

F LF
.
trace(F LF)

(12)

EXPERIMENTS

In this section, we evaluate SSMIML on the development (DEV)
set of TRECVID 2005. This original data set consists of 80 hours
international broadcast news in English, Arabic and Chinese, and
contains 43907 shots. Some shots have been segmented further
into subshots. The final DEV set contains 61,901 subshots [15].
For each subshot, a keyframe has been extracted to represent the
subshot, and it has been associated with one or more concepts in
39 concepts according to the LSCOM-Lite annotations [12]. Instead of segmenting each keyframe into regions and then treating
each region as an instance, in our experiments, we treat each shot
as a bag and each keyframe of a subshot as an instance. Totally,
there are 43,907 bags; on average, there are 1.41 instances in a bag,
and the maximum number of instances in a bag is 13. 82.5% bags
have more than one concepts. Similar to the data partition routine
in [26, 29], the data set is separated into three partitions. To be

specific, 90 videos are selected as training set, 16 videos as validation set, and the remaining 31 videos are used as test set. For
each keyframe, SIFT descriptors are extracted by Harris-Laplace
and dense sampling methods. Then, codebook is generated from
randomly selected descriptors. Finally, each frame is represented
as a histogram. The performance is evaluated by Average Precision
(AP) and Mean Average Precision (MAP), the oﬃcial performance
metric in TRECVID evaluations.
We compare SSMIML with several state-of-the-art methods, including a semi-supervised multi-label learning approach ML-GRF
[29], semi-supervised multi-instance learning approach MISSL [17],
and a supervised MIML approach MIMLSVM [30]. For ML-GRF,
we aggregate all instances in a bag into one feature vector; for
MISSL, we run it for multiple times each for one label; for MIMLSVM, we simply neglect unlabeled data. We use Gaussian kernel to
calculate the weight matrix W, and select all parameters of all algorithms on validation set. Note that the weight matrix W is very large
(43, 907 × 43, 907 or 61, 901 × 61, 901) and diﬃcult for storage and
inversion calculation. Thus, we use K-Nearest-Neighbor (K-NN)
to find the K (K = 300) nearest neighbors for each instance or bag,
and construct a sparse representation of W.
The comparison results are shown in Figure 1. It can be observed that the semi-supervised approaches ML-GRF, MISSL and
SSMIML beat MIMLSVM on 35 concepts, verifying the usefulness of exploitation of unannotated video clips. MIMLSVM works
well on concepts such as “People” and “Studio”, and we find that
these concepts have a good number of labeled training examples.
Among the semi-supervised approaches, SSMIML and ML-GRF
beat MISSL on 24 concepts, such as “Watescape_Waterfront”, “Airplane”, “Car”, “Face”, “Outdoor”, etc. We attribute this observation to the fact that SSMIML and ML-GRF considers label correlation but MISSL treats the labels independently, whereas these
concepts are with strong correlations. More importantly, it can be
found that SSMIML beats ML-GRF on 30 concepts, validating the
usefulness of MIML framework for semi-supervised video annotation.

5. CONCLUSION
In this paper, we propose SSMIML, a semi-supervised multiinstance multi-label learning approach for video annotation. This
approach works in the framework of multi-instance multi-label learning (MIML), which explicitly considers the facts that video data
usually contain natural structures and a video clip is often related to
multiple concepts. SSMIML is able to exploit unannotated videos
to help improve the annotation performance, and it can make predictions on unlabeled video clips that do not appear in training data
owing to its inductive nature. Experiments on TREVID 2005 data
show that SSMIML outperforms several state-of-the-art methods.
An interesting future work is to incorporate temporal information
into the approach.
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