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Abstract—Many visual applications have benefited from the
outburst of web images, yet the imprecise and incomplete tags
arbitrarily provided by users, as the thorn of the rose, may
hamper the performance of retrieval or indexing systems relying
on such data. In this paper, we propose a novel locality sensitive
low-rank model for image tag completion, which approximates
the global nonlinear model with a collection of local linear
models. To effectively infuse the idea of locality sensitivity, a
simple and effective pre-processing module is designed to learn
suitable representation for data partition, and a global consensus
regularizer is introduced to mitigate the risk of overfitting.
Meanwhile, low-rank matrix factorization is employed as local
models, where the local geometry structures are preserved for
the low-dimensional representation of both tags and samples.
Extensive empirical evaluations conducted on three datasets
demonstrate the effectiveness and efficiency of the proposed
method, where our method outperforms pervious ones by a large
margin.
Index Terms—Automatic image annotation, image tag
completion, locality sensitive model, low-rank matrix factorization.

I. INTRODUCTION
HE advent of the big data era has witnessed an explosive growth of the visual data, which has spawned many
visual applications to organize, analyze, and retrieve these images. However, user-labeled visual data, such as images which
are uploaded and shared in Flickr, are usually associated with
imprecise and incomplete tags. This will pose threats to the retrieval or indexing of these images, causing them difficult to
be accessed by users. Unfortunately, missing label is inevitable
in the manual labeling phase, since it is infeasible for users to
label every related word and avoid all possible confusions, due
to the existence of synonyms and user preference. Therefore,
image tag completion or refinement has emerged as a hot issue
in the multimedia community.
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In the scenario of image tag completion, all the images are
assumed to be partially labeled, for instance an image whose
true labels are {c1 , c2 , c3 } may only be labeled as {c2 }, while
c1 and c3 are missing. The goal of image tag completion is
to accurately recover the missing labels for all the images. A
plethora of algorithms have been developed to address this issue,
among which many researchers explore the insight that related
tags are often concurrent with each other, and images depicting
similar contents tend to have related tags. However, existing
completion methods are usually founded on linear assumptions,
hence the obtained models are limited due to their incapability
to capture complex correlation patterns.
To enable nonlinearity and keep the computational efficiency
at the same time, we resort to a locality sensitive approach, with
the assumption that albeit nonlinear globally, the model can be
linear locally, which allows the application of linear models
when samples are restricted to individual regions of the data
space. Following this idea, the entire data space is divided into
multiple regions, within each of which a local linear model is
learnt, leading to a model denoted as Locality Sensitive Lowrank Reconstruction (LSLR).
The first issue involving in such a locality sensitive framework is how to conduct meaningful data partition, which is
nontrivial in the tag completion scenario, since the distance between samples, which is essential to most partition methods, is
extremely unreliable when measured by low-level features and
incomplete user-provided tags. To handle such issues, a simple
and effective pre-processing module is designed, by eliminating the side effect of both high-frequency and rare tags, and
learning for each sample the low-dimensional representation
suitable for partition.
The second problem concerns the construction of the local
models, that is, how to effectively model the local correlations between similar samples and related tags. In this paper,
our method draws inspiration from Multi-Task Learning (MTL)
and formulates the local models by low-rank matrix factorization [1], [2]. Specifically, each initial tag sub-matrix is decomposed into a low-rank basis matrix and a sparse coefficient
matrix, and the compressed representation for both the tags and
samples are learnt, respectively. Such a model is able to promote information sharing between related tags as well as similar
images.
However, it is not preferable to learn local models independently, since the output of data partition is typically far from
satisfactory, even with the help of the pre-processing module.
As a result, the local models learned independently tend to overfit the data restricted to individual regions. Therefore, to relieve
the risk of overfitting as well as to promote robustness of the
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proposed LSLR method, a global consensus model is introduced
to regularize the local models.
To our knowledge, we are the first to infuse the idea of locality
sensitivity into the scenario of image tag completion, and our
main contributions are summarized as follows.
1) We propose a locality sensitive low-rank model for image
tag completion, which approximates the global nonlinear
model with a collection of local linear models, by which
complex correlation structures can be captured.
2) Several adaptations are introduced to enable the fusion of
locality sensitivity and low-rank factorization, including a
simple and effective pre-processing module and a global
consensus regularizer to mitigate the risk of overfitting.
The remainder of this paper is organized as follows. Section II
gives a brief overview of related studies. The proposed tag completion formulation is elaborated in Section III, followed by
detailed optimization algorithms in Section IV. Evaluation results on three datasets are presented in Section V, and Section VI
concludes this paper.
II. RELATED WORK
Image tag completion, which aims at recovering missing tags
of images, is actually a special case of automatic image annotation (AIA). To draw a parallel between the two topics, recent
efforts on both areas are briefly reviewed below.
Given an unlabeled image, the goal of image annotation is
to identify its contents and label it with an appropriate number
of tags. Numerous methods have been proposed in this area,
including mixture models such as MBRM [3], SML [4], topic
models such as mmLDA, cLDA [5], tr-mmLDA [6], discriminative methods [7], and label-transfer schemes [8]. Among
them, state-of-the-art performance is reported by label-transfer
methods. Specifically, JEC [8] adopted equal weights for each
feature and transferred labels in a greedy manner. TagProp [9]
embedded metric learning to learn more discriminative weights.
2PKNN [10] extended LMNN [11] into a multi-label scenario
and constructed semantic groups to boost annotation performance for rare tags.
Despite their success, a properly labeled training set is usually required for the above methods, which is unrealistic for
large scale real world datasets. Therefore, several recent studies
are conducted on developing annotation algorithms robust to
missing labels, including [12]–[17]. Specifically, [12] proposed
a ranking based multi-label learning framework, and handled
missing labels by combining the ranking losses via a group
lasso regularizer. Learning image annotation models from partially labeled training data is much more challenging than solving traditional AIA tasks, since the lack of fully labeled training
set limits the leverage of some sophisticated supervised models,
thus the annotation accuracy is far from satisfactory.
As an alternative, many researchers proposed to directly recover the missing labels via exploiting information from the
incomplete initial tags. Significant efforts have been devoted to
the task of image tag completion, among which many different approaches [18]–[23] have been explored from divergent
perspectives. Specifically, [24] proposed a tag recommendation
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method comprising the generation and aggregation of candidate
tags. In [25], tag recommendation was approached as a maximum a posteriori (MAP) problem using a folksonomy. G. Zhu
et al. [26] decomposed the user-provided tag matrix into a lowrank completed matrix and a sparse error matrix. Similarly in
[27], tag completion was handled via nonnegative matrix factorization. Alternatively, the TMC method [28] directly searched
for the optimal tag matrix which preserved correlation structures
for both images and tags. The recently proposed LSR method
[29] conducted linear sparse reconstruction for each image and
each tag, respectively. Though impressive progresses have been
achieved, most of the aforementioned methods failed to consider
the complex structures beyond the capability of linear models.
Methodologically, the idea of approximating a nonlinear
model using a collection of local linear models has been explored in other areas as well. For instance, [30] proposed a
novel locally linear SVM classifier, and recently in [31], a local
collaborative ranking method was developed for recommendation systems. In this paper, to apply this strategy to image tag
completion, several key components are introduced, as will be
explained in detail in Section III.
III. PROPOSED LSLR MODEL
This section describes the proposed LSLR model for tag completion, as shown in Fig. 1.
A. Overview of the Locality Sensitive Framework
Assume we are given n partially labeled images, whose visual
feature matrix and initial tag matrix is denoted as X ∈ Rn ×d
and D ∈ Rn ×m , respectively, where d is the dimension of visual feature, and m is the size of our vocabulary. Our goal for
tag completion is to recover the complete tag matrix Y . The
proposed method achieves this via several modules, including
pre-processing, data partition, and the learning of local models.
As sketched in Fig. 1(a), the low-dimensional representation is
learnt for each sample in the phase of pre-processing. Based
on this novel representation, all the images in the dataset are
divided into multiple groups, so that samples within the same
group are semantically related.
As illustrated in Fig. 1(b), a local model is then established
by factorizing the complete matrix Yi into a basis matrix Wi
and a sparse coefficient matrix Hi , as shown below
Yi = Wi Hi

∀i ∈ 1, 2, · · · , c,

(1)

where Wi ∈ Rn i ×k , Hi ∈ Rk ×m , and ni is the number of samples in the i-th cluster. Since k  m, the related tags are encouraged to be reconstructed by common basis in Wi , and thus
tag-level information gets shared. Then our final completed matrix Y can be obtained by integrating all the sub-matrices Yi s.
Following the definition of (1), our locality sensitive low-rank
model can be formulated as
f=

c

i=1

(Li + λRgi )

(2)
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Fig. 1. Framework of the proposed LSLR. (a) shows our pre-processing module, which learns a low-dimensional image level representation (W 0 ) suitable for
partition. (b) illustrates the locality sensitive framework, where the initial tag matrix D is partitioned into c clusters, then a local linear model is learnt for each
cluster, through matrix factorization. The final completed matrix is obtained by integrating the resulted Y i s.

where Li is the local model for the i-th cluster, and Rgi denotes
the global consensus regularizer imposed on the i-th cluster,
with a trade-off parameter λ.
The loss function Li can be further broken down into the
following terms:
Li = Di − Wi Hi 2F + ηRW i + γRH i + 2β Hi 1

(3)

where Di is the initial tag matrix for cluster i, RW i and RH i
are regularization for Wi and Hi , respectively, and η, γ and β
are parameters. Concrete definitions of the items are presented
in the following subsections.
B. Pre-Processing and Data Partition
This section introduces two closely related modules: preprocessing and data partition. As mentioned in Section III-A,
the goal of data partition is to divide the entire sample space
into a collection of local neighborhoods or groups, such that
samples within each group are semantically related. However,
as we observed in our experiments, direct partitions usually
fail to generate meaningful groups, regardless of using visual
features or incomplete initial tags. The reason behind is easy
to understand. For instance, images depicting people may be
divided into the clusters concerning beach or building according
to their backgrounds, especially when people is missing. On
the other hand, despite actually describing different contents
such as bear, fox or mountain, samples initially labeled as snow
may be grouped into the same cluster about snow, since distance
is distorted when their foreground tags are absent.
In this paper, a cluster is referred to as a cluttered cluster if
its images are not actually semantically related, and a compact
cluster otherwise. To alleviate the risk of generating cluttered
clusters, a two-step pre-processing module is employed to learn
the low-dimensional representation that is less correlated, as
shown in Fig. 1(a).
Our first step is to eliminate the side effect of both the
high-frequency and rare tags by removing their corresponding
columns in the initial tag matrix, since they hardly appear as
the main content of the images. For instance, sky usually relates
to background rather than foreground, but the learning process
may consider it as an intrinsic pattern due to its high-frequency,

thereby preserving its information in the low-dimensional representation. To identify tags that need to be removed, some
thresholds are manually set based on the counts of the initial
tags.1
The second step is to learn the low-dimensional representation for each image. Recall that the basis matrix in (1) can
be interpreted as row-wise low-dimensional representation for
each sample, thus it can be readily adapted to fit our demand.
Specifically, we solve (3) for the entire dataset, and utilize the
basis matrix W0 as the novel representation and feed it into
the data partition module, with the subscript “0” denoting the
entire dataset.
It is worth noting that here we prefer using W0 over typical
label transformation methods such as CPLST [32] for the following reasons: 1) the proposed method does not rely on the true
label matrix Y as in the formulation of CPLST, and 2) sample
correlation can be explicitly embedded, which is suitable for
data partition.
The data partition module takes as input W0 , and assigns
a cluster label to each sample. According to this assignment,
the visual feature matrix X and initial tag matrix D are reorganized into c sub-matrices denoted as {Xi }ci=1 ∈ Rn i ×d and
{Di }ci=1 ∈ Rn i ×m respectively, which are adopted for the establishment of local models later, see Section III-C. As mentioned earlier, ni represents the number
 of samples contained in
the i-th cluster, and thus we have i ni = n.
Our approach makes no particular assumptions on the choice
of partition algorithms, thus various methods can be considered,
including k-means clustering, locality sensitive hashing (LSH)
[33], and some adaptive methods such as Affinity Propagation
clustering [34] or ISODATA [35], if sufficient prior knowledge
is available. In our implementation, we use k-means clustering
for its simplicity and efficiency.
C. Low-Rank Model Within Each Group
This section focuses on the construction of the local models
for individual groups. As shown in (1), the j-th column in the
1 The threshold for rare tags is 10, and the threshold for frequent tags is 300
for Corel5K, 1500 for IAPR TC12, and 1000 for Flickr30Concepts.
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sparse coefficient matrix Hi can be interpreted as compressed kdimensional representation for the j-th tag; and symmetrically,
the l-th row in the basis matrix Wi can be considered as compressed representation for the l-th sample in the k-dimensional
subspace. This new perspective reveals the inherent relations
between the original spaces and the low-dimensional representation obtained by (1), and allows us to employ information
obtained in the original spaces to improve the learning process
of Wi and Hi .
Specifically, our method preserves local geometry structures
in both the tag and image subspaces for each cluster. Similar
to existing methods [29], [36], the proposed algorithm also assumes that the feature vector for each image can be linearly
reconstructed by the feature vectors of several other images
in the same cluster, thus the reconstruction coefficient matrix
Si ∈ Rn i ×n i can be obtained by


Si∗ = arg min Xi − Si Xi 2F + α Si 1
Si

s.t. (Si )ll = 0

∀l ∈ 1, 2, · · · , ni

(4)

where (Si )ll denotes the l-th entry in the diagonal of Si , and
each row in Xi ∈ Rn i ×d is a d-dimensional representation for
an image.
Assume the tags for similar samples are also related, thus
we have Yi ∼ Si Yi . According to the LLE [37] assumption,
the structural information encoded in Si should be robust to
the sparse reconstruction process in (1), which means the lowdimensional representation of images can be equally reconstructed, ie., Wi ∼ Si Wi . Thus RW i can be defined as
RW i = Wi − Si Wi 2F .

(5)

Similarly, the reconstruction relationship in the original tag
space can be obtained and passed to the low-dimensional representation as well. Denote the reconstruction coefficient matrix
as Ti , which satisfies


Ti∗ = arg min Di − Di Ti 2F + μ Ti 1
Ti

s.t. (Ti )j j = 0

∀j ∈ 1, 2, · · · , m

(6)

where (Ti )j j denotes the j-th entry in the diagonal of Ti . The
coefficient matrix Ti encodes the local geometry structures in
the tag space, by assuming that the distribution of each tag can
be linearly reconstructed by the distribution of other tags. Since
Hi can be considered as the low-dimensional representation for
tags, such relationship can be passed to Hi as well, thus we have
Hi ∼ H i T i .
Therefore, RH i can be written as below
RH i = Hi − Hi Ti 2F .

(7)

Note that by introducing the regularization specified in (5)
and (7), the local geometry structures residing on Di can be
implicitly passed to Yi . Therefore, consistency between tags
and images are both maintained.
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D. Global Consistency Among Local Models
As mentioned in Section I, optimizing each Wi and Hi independently for each cluster is not preferable due to potential
overfitting, especially for the aforementioned cluttered clusters.
Under such circumstances, images depicting the same concept
may be partitioned into multiple clusters, whereas samples available for learning a specific model maybe insufficient. Therefore,
the obtained local model is very likely to overfit the training data
visible for the current cluster.
To fix this problem, a global consensus regularizer is introduced by assuming that each Hi is consistent with a global
reference matrix H, as shown below
Rg i = H − Hi 2F .

(8)

Recall that the columns of Hi can be considered as the kdimensional tag representation in the i-th cluster, which should
be consistent across different clusters. Therefore, the learning
process for a cluttered cluster can be amended by forcing its tag
representation Hi to be similar with the reference matrix H. In
this way, the risk of overfitting could be alleviated by sharing
information among images within various clusters.
The definition of (8) requires a reasonable initialization of
H, the reference matrix. Fortunately, the coefficient matrix H0
obtained in the pre-processing module offers a reasonable estimation for H, and thus can be adopted as its initialization.
IV. OPTIMIZATION
The proposed formulation in (2) can be solved by many methods, such as basic gradient descent with line search. Here we
present a method using coordinate descent [38], [39], which is
easy to implement and converges fast.
A. Optimizing Hi
Define Gi  γ(Ti − I)(Ti − I)T , Ei  DiT Wi + λH T and
Fi  WiT Wi + λIk , thus the objective function related to Hi is
reduced as follows:


f (Hi ) = tr Hi (−2Ei + HiT Fi + Gi HiT ) + 2β Hi 1 .

(9)

Denote the entry in the tth row and jth column in Hi as (Hi )tj ,
then the function related to (Hi )tj is a piece-wise parabolic
function going upwards, which is convex and easy to obtain the
optimal point
(Hi )tj =

max {(Pi )tj , β} + min {(Pi )tj , −β}
(Fi )tt + (Gi )j j

(10)

where
(Pi )t j = (Ei )j t −

k

r=1
r = t

(Hi )r j (Fi )r t −

m


(Gi )r j (Hi )t r .

(11)

r=1
r = j

B. Optimizing Wi
The optimal Wi can be obtained by a procedure similar to
Hi . Define Zi  η(Si − I)T (Si − I), Ai  Hi DiT and Bi 
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TABLE I
STATISTICS OF COREL5K, FLICKR30CONCEPTS, AND IAPR TC12.
COUNTS OF TAGS ARE GIVEN IN FORMAT OF “MEAN/MAXIMUM”

Hi HiT , thus we have
(Wi )lt =

(Qi )lt
(Bi )tt + (Zi )ll

(12)
Corel5K

Flickr30Concepts

IAPR TC12

260
4,917
3.4/5
1.4 (40%)
491

2,513
27,838
8.3/70
3.3 (40%)
2,807

291
19,067
5.7/23
2.2 (40%)
1,898

where
(Qi )l t = (Ai )t l −

k


(Bi )r t (Wi )l r −

r=1
r = t

ni


(Wi )r t (Zi )r l .

(13)

r=1
r = l

Vocabulary Size
Nr. of Images
Tags per Image
Del. Tags per Image
Test Set

C. Optimizing H
The updating rule of H can be readily obtained by taking the
derivative of (2) and setting it to zero, as shown below
c
Hi
H = i=1
.
(14)
c

evaluation method in [29] is adopted, as well as the same measurements: Average Precision@N (AP@N), Average Recall@N
(AR@N) and Coverage@N (C@N).
Finally, to ensure a fair comparison, evaluations are performed only for the test set.

D. Implementation Issues
Some details are explained here. Firstly, when performing kmeans clustering in the data-partition step, we empirically use
correlation distance and set c = 20 for all the three datasets. In
addition, a kNN strategy with 50 neighbors is adopted when
calculating matrices Si and Ti for the sake of efficiency. For
Si , the visual features and initial tags are concatenated as the
feature for samples. The feature-sign method proposed in [40]
is adopted when computing Si and Ti , with α = 0.01 and μ =
0.1 for the local models, and α = 0.05 and μ = 1 for the preprocessing phase.
V. EXPERIMENTS
Extensive empirical studies are carried out to validate the
performance of the proposed approach. The experimental setup
is outlined first, which is followed by the obtained results and
the analysis of parameters.
A. Experimental Setup
We evaluate the proposed method on three datasets: the wellestablished benchmark datasets Corel5K and IAPR TC12, as
well as a real-world dataset Flickr30Concepts. For each dataset,
three types of features are used for evaluation, including the
1000-d SIFT BoW feature,2 a 400-d composite feature obtained
by merging 10 types of basic features,3 and a 4096-d CNN
feature extracted with a pre-trained 16-layer VGGNet [42], [43].
Statistics of all the three datasets are given in Table I.
For all the three datasets, 40% of the tags are randomly
deleted, while ensuring that each image has at least one tag
removed and one tag remained (hence samples associated with
less than 2 tags are removed). Random deletions are performed 8
times and the averaged performance is reported. In addition, the
2 For Corel5K and IAPR TC12, their SIFT BoW features are downloaded from
http://lear.inrialpes.fr/people/guillaumin/data.php., and the composite features
are extracted by Lire [41]. For Flickr30Concepts [29], the two types of features
provided by the authors are directly utilized.
3 Including Color Correlogram, Color Layout, CEDD, Edge Histogram,
FCTH, JCD, Jpeg Coefficient Histogram, RGB Color Histogram, Scalable
Color, and SURF with Bag-of-Words model.

B. Completion Results
To demonstrate the effectiveness of LSLR, we compare it
with state-of-the-art annotation methods (MLR-GL [12], JEC
[8], TagProp (σML) [9], and 2PKNN (ML) [10]) and several
tag completion algorithms, namely, LR [26], Vote+ [24], Folksonomy [25], DLC [27], TMC [28], LSR [29] and its extended
version DLSR [23].
Meanwhile, to further verify the rationality of the proposed
method, we test it using ground truth tags for clustering, which
is referred to as LSLRg (with the suffix g indicating ground
truth). For LSLRg, we set c = 50 for Corel5K, c = 40 for IAPR
TC12, and c = 25 for Flickr30Concepts (here c is determined
according to the actual organization of images instead of cross
validation). In particular, Flickr30Concepts is constructed by 30
semantic groups, thus we also test our method using these concepts, which is referred to as LSLRd (with the suffix d indicating
default). Experimental results using the SIFT BoW feature are
shown in Table II, and results using composite features are presented in Table III.
As seen from Tables II and III, TagProp achieves the best overall performance compared with other AIA methods, including
2PKNN. One possible reason is that, 2PKNN considers missing
labels as negative ones and learns the model by maximizing the
margin between positive and negative neighbors. Meanwhile,
recent completion methods such as TMC and LSR outperform
most AIA methods, due to their ability of exploiting information from initial labels. Finally, the proposed LSLR significantly
outperforms previous methods for all the three datasets, which
demonstrates the effectiveness of our strategy to approximate
nonlinear reconstruction using a locality sensitive manner.
Furthermore, even better results are obtained by LSLRg
and LSLRd, which is reasonable since these datasets are constructed with a number of semantic concepts, as with many
other datasets. As a matter of fact, images are often organized
by the semantic subsets they belonging to, both for personal
photos and huge image depositories available on some social
media. Being aware of such ubiquitous latent structures endows
our method with enhanced capability to capture complex relatedness between samples and tags simultaneously.
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TABLE II
EVALUATION RESULTS USING 1000-D SIFT BOW FEATURE
Corel5K

MLR-GL [12]
JEC [8]
TagProp (σ ML) [9]
2PKNN (ML) [10]
TMC [28]
DLC [27]
LSR [29]
DLSR [23]
LSLR
LSLRg
LSLRd

IAPR TC12

Flickr30Concepts

A P @2

A R @2

C @2

A P @3

A R @3

C @3

A P @4

A R @4

C @4

0.11
0.14
0.19
0.16
0.23
0.09
0.28
0.28
0.37
0.39
–

0.16
0.21
0.27
0.21
0.33
0.13
0.42
0.42
0.54
0.58
–

0.21
0.27
0.34
0.28
0.40
0.18
0.50
0.50
0.65
0.69
–

0.09
0.15
0.18
0.18
0.14
0.10
–
0.23
0.30
0.33
–

0.13
0.21
0.27
0.28
0.20
0.12
–
0.31
0.47
0.51
–

0.24
0.34
0.43
0.44
0.37
0.27
–
0.55
0.67
0.71
–

0.07
0.07
0.06
0.07
0.19
0.07
0.30
0.31
0.38
0.41
0.42

0.08
0.07
0.07
0.08
0.21
0.09
0.36
0.37
0.47
0.52
0.54

0.18
0.15
0.18
0.16
0.37
0.23
0.60
0.61
0.75
0.81
0.83

TABLE III
EVALUATION RESULTS USING COMPOSITE FEATURES
Corel5K

MLR-GL [12]
JEC [8]
TagProp (σ ML) [9]
2PKNN (ML) [10]
Vote+ [24]
Folksonomy [25]
LR [26]
LSR [29]
DLSR [23]
LSLR
LSLRg
LSLRd

IAPR TC12

Flickr30Concepts

A P @2

A R @2

C @2

A P @3

A R @3

C @3

A P @4

A R @4

C @4

0.12
0.23
0.27
0.23
0.25
0.20
0.27
0.33
0.34
0.39
0.41
–

0.19
0.33
0.40
0.33
0.37
0.30
0.40
0.48
0.50
0.56
0.60
–

0.24
0.39
0.48
0.40
0.45
0.36
0.47
0.58
0.59
0.65
0.71
–

0.09
0.20
0.22
0.20
0.20
0.17
0.24
0.30
0.30
0.33
0.36
–

0.13
0.26
0.29
0.28
0.26
0.22
0.31
0.41
0.41
0.50
0.55
–

0.24
0.44
0.51
0.43
0.48
0.42
0.52
0.64
0.65
0.70
0.75
–

0.22
0.25
0.23
0.26
0.23
0.21
0.27
0.37
0.38
0.40
0.43
0.45

0.28
0.30
0.29
0.30
0.27
0.26
0.34
0.45
0.48
0.50
0.54
0.56

0.47
0.49
0.50
0.46
0.48
0.47
0.51
0.67
0.71
0.76
0.82
0.84

TABLE IV
EVALUATION RESULTS OF MULTIPLE VARIATIONS
Corel5K

GLR-t
GLR-s (1000-d)
GLR-s (400-d)
GLR-s (4096-d)
LSLR-s (1000-d)
LSLR-s (400-d)
LSLR-s (4096-d)
LSLR-t (1000-d)
LSLR-t (400-d)
LSLR-t (4096-d)
LSLR (4096-d)
LSLRg (4096-d)

IAPR TC12

Flickr30Concepts

A P @2

A R @2

C @2

A P @3

A R @3

C @3

A P @4

A R @4

C @4

0.28
0.20
0.25
0.32
0.33
0.37
0.39
0.32
0.32
0.36
0.41
0.44

0.43
0.30
0.37
0.49
0.49
0.53
0.57
0.48
0.47
0.53
0.59
0.64

0.50
0.36
0.45
0.58
0.58
0.62
0.67
0.56
0.58
0.62
0.69
0.74

0.24
0.18
0.22
0.28
0.28
0.29
0.31
0.25
0.25
0.29
0.34
0.38

0.37
0.26
0.33
0.43
0.44
0.45
0.48
0.38
0.39
0.45
0.53
0.58

0.57
0.41
0.49
0.63
0.64
0.65
0.69
0.58
0.59
0.66
0.73
0.78

0.29
0.22
0.25
0.36
0.29
0.35
0.40
0.29
0.31
0.32
0.42
0.45

0.34
0.24
0.30
0.45
0.37
0.44
0.51
0.34
0.36
0.38
0.53
0.58

0.58
0.39
0.51
0.68
0.65
0.72
0.78
0.55
0.60
0.62
0.81
0.85

In addition, to investigate the respective effects of different visual features and regularization, we further evaluate several variations of the proposed method, including 1) GLR-t
(Global Low-rank Reconstruction guided only by tag correlations with c = 1, λ = 0 and η = 0), 2) GLR-s (Global
Low-rank Reconstruction guided only by visual similarity
with c = 1, λ = 0 and γ = 0), 3) LSLR-t (Locality Sensitive
Low-rank Reconstruction with η = 0), and 4) LSLR-s (Locality

Sensitive Low-rank Reconstruction with γ = 0). The obtained
results are summarized in Table IV, where different visual features are distinguished by their dimensions. Table IV also reports the evaluation results of standard LSLR and LSLRg using
4096-d CNN feature, as a complement to Tables II and III.
The first conclusion we can draw from Table IV is that, compared with their global counterparts, LSLR-t and LSLR-s models achieve significantly better performance, especially for the
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Fig. 2.

Influences of η and γ on Corel5K using SIFT BoW feature.

Fig. 3. Influences of λ on two clusters for Corel5K, by SIFT BoW feature.
(a) λ for a cluttered cluster, (b) λ for a compact cluster.

latter ones with hand-engineered visual features. Table IV also
allows us to analyze the relative contributions of visual features
and initial tags. According to the results, both hand-engineered
features yield inferior results to initial tags under the global setting, whereas they achieve comparable or better performance
than tags in the locality sensitive models. CNN feature, on the
other hand, consistently outperforms tag correlations under both
the global and local settings. In particular, for standard LSLR,
CNN feature yields substantially better performance compared
with the results in Tables II and III.
C. Parameter Analysis
In this section, several main parameters are analyzed, including η, γ, λ and the basis number k. We empirically set an
identical value of k for Corel5K and IAPR TC12, and only test
its influences on Corel5K and Flickr30Concepts.
As shown in Fig. 2(a), the proposed method performs better
as η gradually increases, then its performance begins to decline
when increasingly larger values are used. The curve in Fig. 2(b)
corresponding to γ exhibits a similar tendency.
Next, to examine the influence of λ, which controls the
strength of our global consistency regularization, different values are tested on two clusters, one is a cluttered cluster, and
the other one is a compact cluster containing initial tags including bridge, arch, reflection and water. As shown in Fig. 3(a),
when λ = 0, the local model for the cluttered cluster is overfitted, leading to poor results. However, its performance gradually

Fig. 4. Influences of basis number k, using SIFT BoW feature. (a) Corel5K.
(b) Flickr30Concepts.

Fig. 5. Influences of cluster number c, using SIFT BoW feature. (a) Corel5K.
(b) Flickr30Concepts.

improves with λ growing larger, while the performance for the
other cluster in Fig. 3(b) remains unchanged. This indicates
that the model for the cluttered cluster is refined by global
information, which justifies the necessity of introducing global
consistency regularization. However, if λ becomes too large, the
performance would degrade as well due to the loss of flexibility.
Meanwhile, since our method employs a matrix factorization
scheme, it is necessary to specify an appropriate value for k,
which is the number of columns in the basis matrix. As illustrated in Fig. 4, the proposed method can achieve fairly good performance with k = 20 for Corel5K (with 260 tags) and k = 50
for Flickr30Concepts (with 2513 tags). The impressive reduction of dimensions benefits from our locality sensitive strategy,
which implicitly partitions tags into groups when performing
clustering among samples.
Unless otherwise specified, all the evaluation results reported
in this paper are obtained with the following parameters: c = 20,
k = 100, η = 1, γ = 2, λ = 0.5, β = 0.5.
D. Analysis of Clustering
In this section, we analyze the influences of some parameters in clustering, including the number of clusters c and the
sampling rate, denoted by ρ. Here the Corel5K dataset and
Flickr30Concepts dataset are evaluated, since they are naturally
organized by multiple semantic topics.
According to Fig. 5, the best cluster number are c = 20 for
Corel5K and c = 25 for Flickr30Concepts, respectively. With
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Fig. 6. Influences of sampling rate ρ, by SIFT BoW feature. The results
obtained without pre-processing are shown in solid lines, results without
the first step of pre-processing are shown in colored dash lines, and results
of LSLR for ρ = 0.4 are shown in black dash lines. (a) Corel5K(c = 40).
(b) Flickr30Concepts(c = 25).

smaller c, the advantages of locality sensitivity are weakened.
However, as c becomes larger, the chance of encountering cluttered clusters would greatly increase, leading to significant performance deterioration. In practice, c can be estimated from
prior knowledge. Take Flickr30Concepts as an example, given
that its images are organized by 30 keywords and some images
are associated with multiple concepts, an integer between 20
and 30 will be a reasonable estimate of c.
Another important factor is the sampling rate, which has been
fixed to ρ = 0.4 previously. In this subsection, different values
of ρ are examined for clustering (D used for (3) remains unchanged). In Fig. 6, the results obtained without pre-processing
are shown in solid lines, and results obtained without the first
step of pre-processing are shown in colored dash lines. In addition, our results obtained with ρ = 0.4 are also shown in
black dash lines. According to Fig. 6, with the help of preprocessing, the Average Precision achieved by our method is
equivalent to the case of ρ = 0.32 for Corel5K and ρ = 0.3 for
Flickr30Concepts, which directly verifies the effectiveness of
our pre-processing module. Meanwhile, without the removal of
high-frequency and rare tags, the low-dimensional representation learnt in pre-processing leads to very limited improvement,
which coincides with our analysis in Section III-B that these
tags may hamper the learning of the new representation.
Finally, to give an intuitive impression on how could the proposed approach approximate the nonlinear reconstruction structure in a locality sensitive manner, several sample clusters are
shown in Fig. 7, where samples associated with water (one of
the most frequent tags in Corel5K) are partitioned into different
semantic subsets. Note that the semantic ambiguity caused by
this high-frequency tag is remarkably alleviated, which would
definitely enhance the capability of our method, since recovering beach within the first cluster in Fig. 7 is much easier than
recovering it from the entire dataset.
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Fig. 7. Sample clusters related to high-frequency tag water, obtained from
Corel5K. Other key words aside from water are shown beneath the images.

Fig. 8. Convergence properties of the optimization process on Corel5K, using
SIFT BoW feature. (a) Function value. (b) Performance.

where nnz( · ) denotes the number of non-zero entries in a
sparse matrix. This enables our method to handle large datasets
with its running time scales linearly with n.
Fig. 8 shows the convergence properties of the proposed
method. According to Fig. 8(a), the proposed objective function
converges within 10 iterations. In addition, the performance increases steadily as the iteration proceeds and finally reaches a
satisfactory result, as shown in Fig. 8(b).
VI. CONCLUSION
In this paper we propose a locality sensitive low-rank model
for image tag completion. The proposed method can capture
complex correlations by approximating a nonlinear model with a
collection of local linear models. To effectively integrate locality
sensitivity and low-rank factorization, several adaptations are
introduced, including the design of a pre-processing module and
a global consensus regularizer. Our method achieves superior
results on three datasets and outperforms pervious methods by
a large margin.
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