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Abstract 
 

Due to the semantic gap issue, the performance of automatic image annotation is still far from 

satisfactory. Active learning approaches provide a possible solution to cope with this problem 
by selecting most effective samples to ask users to label for training. One of the key research 

points in active learning is how to select the most effective samples. In this paper, we propose 

a novel active learning approach based on sparse graph. Comparing with the existing active 
learning approaches, the proposed method selects the samples based on two criteria: 

uncertainty and representativeness. The representativeness indicates the contribution of a 

sample’s label propagating to the other samples, while the existing approaches did not take the 

representativeness into consideration. Extensive experiments show that bringing the 
representativeness criterion into the sample selection process can significantly improve the 

active learning effectiveness. 
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1. Introduction 

In recent years there are some considerable research interests for automatic image annotation 

[1][2][3]. However, due to the well-known semantic gap problem, the performance of purely 

automatic image annotation techniques is still far from satisfactory. User interactions provide 
a possible solution to solve this problem. In order to fully utilize the human effort, active 

learning aims to actively select the most effective samples to present to the users for feedback 

[4]. 

A typical active learning framework is composed of two components, that is, a learning 
engine and a sample selection engine. Fig. 1 shows the work procedure of the active learning,  

which works in an iterative way. In each round, the learning engine trains a model to predict 

the labels of unlabeled samples based on the the current training set.Then, the sample selection 
engine selects the most effective unlabeled samples based on a certain strategy for user 

feedback, i.e., manual labeling. And then, these samples are added to the training set for the 

next round of learning. The basic goal of the sample selection engine is to select the samples 
that are more useful than gahtered by random sampling. 

The main challenge in active learning is how to select the most effective samples from the 

unlabeled data. Thus, several kinds of sample selection strategies were proposed. As discussed 

by Wang and Hua [2], these criteria can be classified into four categories. 
 The most commonly used criterion is uncertainty, which means that the most uncertain 

samples should be selected. The information entropy is a typical measure that estimates 

uncertainty. The uncertainty criterion can be also viewed as a greedy strategy to reduce 
maximal expected risk without model updating. Due to its simplicity, this criterion has 

been widely applied [5][6][7]. 

 The second criterion is density, which selects samples in the regions of high density [8][9]. 

Wu et al. [8] defined a “representativeness” measure for each sample according to its 
distance to nearby samples, so this criterion also can be called as representativeness. 

 The third criterion is diversity, which was first researched in batch mode active learning 

[10]. In many cases, instead of selecting just one sample, we need to select a batch of 
samples in an active learning iteration. Recent research shows that the selected samples in 

a batch or even all the labeled samples should be diverse [7][11]. 

 The last criterion is relevance, which means the degree of the selected image relevant to 
the query. It is usually used in multi-label image annotation and retrieval. In many 

applications, it is found that directly selecting the samples that have the highest 

probabilities to be relevant is more effective than using other criteria together [12][13]. 

Meanwhile, graph-based learning methods are popularly applied to image annotation in 
recent years of strong performance [14][15][16]. And some active learning approaches based 

on graphs were proposed [17][18]. However, the computation cost of these methods is very 

large when the whole graph is huge. Therefore, active learning methods based on sparse graph 
has been proposed to in [19], which yielded impressive results. However, it does not consider 

the reconstruction contributions of each sample for other samples. The reconstruction 

contributions are indicated by the corresponding reconstruction coefficients, which are also 
used as the label propagation coefficients of this sample to others. Thus the reconstruction 

contributions should be a key point affecting the active sample selection performance. This 

motivates us to propose new criterion representativeness for sparse graph-based active 

learning, where representativeness indicates the total reconstruction contribution of each 
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sample for other samples. 

In this paper, we propose a novel active learning approach based on kNN-sparse graph, 
which brings the representativeness criterion into the sample selection process. The main 

contributions of our work are follows: 

 We sparsely reconstruct each sample from its k nearest neighbors in feature space instead 

of using all the other samples to improve the efficiency while maintaining its 
effectiveness. The reason is that, the one-vs-all reconstruction is very time-consuming 

and needs too much memory. 

 Extensive experiments show that bringing the representativeness criterion into the sample 
selection process can significantly improve the active learning effectiveness. 

The rest of this paper is organized as follows. In Section 2, we detail the proposed active 

learning approach by bringing the representativeness criterion into the sample selection 
process. Section 3 demonstrates the experimental evaluation on a real world image set. Finally, 

we provide some concluding remarks and suggestions for future work in Section 4. 

 

2. Related Work 

Actually active learning contains three different models: pool-based active learning [20], 

membership query learning [21], and stream-based active learning [22]. In this paper, we 
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focus on pool-based active learning, because this model allows selecting samples from an 

existing pool for labeling according to certain criteria. 
In practice most active learning methods adopt an uncertainty criterion, that is, to select the 

samples closest to the classification boundary [5][23], due to its simplicity. However, the 

experimental results [24][25] show that, the selected unlabeled data using uncertainty 

sampling cannot provide much help to the learner. Uncertainty sampling often fails by 
selecting the outliers, which indicates the high uncertainty samples. Some studies attempted to 

solve this problem. [20] and [24] proposed a method that directly optimizes reduced risk on 

future test examples. But, due to the high computational cost for selecting the most 
informative example from a large unlabeled pool, their methods are almost intractable in 

practical applications. [25] used a sampling scheme, namely “most uncertain per cluster”, in 

which the learner selects the samples with the highest uncertain score from each cluster, and 
uses the density to weigh the selected samples. Actually, for uncertainty sampling, the scheme 

of using the most uncertain example per cluster is still unable to solve the outlier problem. [26] 

proposed to select samples based on informativeness, diversity and density criteria. In their 

work, the density of an unlabeled example is evaluated within a cluster, and multiple criteria 
are linearly combined with different factors. Nevertheless, in this approach, different values of 

the factors are associated with various applications, so it is difficult to determine those factors 

automatically. 
Recently, graph-based methods have achieved much success in the applications of image 

and video analysis including image annotation. One of the typical works was developed by 

[27], which supported the keywords propagation from the labeled images to the unlabeled 

images by visual similarities for image retrieval. It is domain independent and the parameters 
are easy to tune, but this model directly adopted the pairwise relations over images to construct 

a k-NN similarity graph but did not consider the correlations between words. 

Image annotation, a solution to solve the insufficiency of CBIR systems, aims at 
automatically annotating image with some keywords. Machine learning techniques are 

adopted to develop the image annotation systems to map the visual features to semantic 

concepts. Ghoshal et al. [28] use a hidden Markov model for image annotation. Various model 
parameters and parameter estimations are examined to form the best image annotation model. 

Moreover, Wang et al. [29][30] adopt image annotation technique to video annotation. In 

addition, image annotation is also used to some special domain [31][32]. 

3. Active Learning Based On Sparse Graph Reconstruction 

In this section, we introduce a novel active learning algorithm by bringing the 
representativeness criterion into the sample selection process based on kNN-sparse graph 

reconstruction. 
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3.1 kNN-Sparse Graph Reconstruction 

Most traditional graph-based learning algorithms construct the graphs only according to the 

visual distance, thus are very sensitive to the noise in visual features. Besides, constructing the 
graph only based on the visual distance will bring in semantically-unrelated links between data 

due to the semantic gap. A substitute way to construct a graph is to reconstruct each image 

from the other images by locally linear embedding [33] and linear neighborhood propagating 
[34]. However, they still cannot handle the semantically-unrelated links. 

In neural science, it is reported that the human vision system searches for a sparse 

representation for the incoming image by using a few words in a feature vocabulary [35]. [36] 

demonstrated that the   -norm based linear reconstruction error minimization can naturally 
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lead to a sparse representation for the images. The sparse reconstruction is robust to the noise 

in features, and shows to enforce the images selected to reconstruct the test image are 
semantically-related to the test image [16]. This inspires us to construct the so-called sparse 

graph through the sparse reconstructions of the samples. Since the one-vs-all reconstruction is 

memory-consuming and time-consuming for large-scale computing, we choose to sparsely 

reconstruct each sample from its k nearest neighbors in feature space instead [16]. 
Fig. 2 shows an exemplary comparison of sparse graph and traditional similarity-based 

graph. In the similarity-based graph, there exists link between each pair of samples, and the 

weight is in inverse proportional to the distance measured in visual space. Therefore the 
information may be propagated between semantically unrelated samples. In the constructed 

sparse graph, only a few most probably semantically-related samples are selected to create 

links to the reference sample. Thus the sparse graph can remove most of those 
semantically-unrelated links between images to avoid propagation of incorrect information. 

The recent study [37] shows that if the solution is sparse enough, the sparse representation 

can be recovered by convex   -norm optimization. Assume that we have an under-determined 

system of linear equations:     , where      is the feature vector of the image which 

needs be reconstructed,             is a matrix made by the feature vectors of the other 

images in the dataset, and      is the vector of the unknown reconstruction coefficients. 

We can obtain the sparse solution for   by solving the following convex minimization 

problem [37]: 
 

                                                                     
 

This optimization task can be transformed into a general linear programming problem, 

since it is convex. There exists a globally optimal solution, which can be solved efficiently 

using many available   -norm optimization toolboxes, i.e. [38], which may convert the 

original constrained optimization problem into an unconstrained one. Meanwhile, practically 

an extra regularization coefficient can be tuned for optimality, but essentially does not exist in 
original problem formulation. 

Let                       
  be the set of feature vectors for the   images in the 

dataset, where    represents the  -th sample in the dataset, and               be the 

sparse graph with the samples in set   as graph vertices and   as the weight edges. Akin to 

[16], we summarize the construction of the kNN-sparse graph as follows: 

1. Leverage approximate method [39] to search for k nearest neighbors       of each 

sample   . 
2. Form the matrix    with all samples          :                     

   , 

where             and             . By solving the following   -norm 

optimization problem, the vector of the reconstruction coefficients for    can be obtained: 

 

                                                                      

 

where     
 . Note that if we set                         , then it becomes the 

one-vs-all sparse reconstruction and      . 

3. Set the edge weight     from the data    to the data    as: 
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where              , and       denotes the  -th element of vector    

3.2 Sample Selection 

Here we reorder the samples in set   and have       , where                
contains the first   samples labeled as          for every concept, and 

                   contains the unlabeled ones. The label “1” indicates that the sample 

is relevant to a certain concept and “0” otherwise. And   is the vector of the predicted labels of 

all samples, which can be split into two blocks as          . 
Based on the label reconstruction assumption, we assume that the labels of each sample 

can also be reconstructed from the other samples’ labels using the same reconstruction 

coefficients. Thus we can infer the labels of the unlabeled samples by minimizing the label 

reconstruction error as follows:  
 

   
 
           

   

 

 
 

   

                                                        

 

This formulation can be represented in matrix form as: 
 

   
 
                                                                        

 

where                is the label vector for the first   sample,   is the vector of the 

predicted labels of all samples. Let               and differentiate the right side of 

Eqn.(5) with respect to  , we obtain: 

 

                                                                           
 

where        is a symmetric matrix. To compute the solution explicitly in terms of 

matrix operations, the matrix   can be split into four blocks after the  -th row and column: 

 

   
      

      
                                                                

 

Thus, the solution is given by: 

 

       
                                                                        

 

Based on the most popularly used uncertainty criterion, we prefer to select the most 
informative samples to present to the user for labeling. After the label propagation, each 

real-value label of the unlabeled data can be seen as the relevance score of the data to a certain 

concept. To convert the relevance score to the probability, we leverage the logic regression [40] 

as follow:  
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where   
  is the relevance score of the data   ,   and   are the coefficients. If the probability 

   is closer to 0.5, the data    is more uncertain to be classified, so is more informative. The 

information    of each unlabeled data    can be written as:  

 

                                                                         
 

As aforementioned, besides the uncertainty, we should also take the reconstruction 

contribution of each sample into account for the sparse graph-based active learning. In the 
sparse reconstruction procedure, the contribution of each unlabeled sample to reconstruct the 

other unlabeled samples is different, which naturally depends on the reconstruction coefficient. 

The bigger the reconstruction coefficient is, the more contribution the unlabeled sample has. 
That is, these unlabeled data is more representative. Therefore, we define the 

representativeness score    of each unlabeled sample as follow:  

 

       
 
                                                                    

 

where     is the coefficient that    reconstructs    in Section 3.1. 

To this end, we combine the uncertainty and representativeness criterions to select the most 
effective sample as follows: 

 

  
                                                               

 

where   belongs to [0,1].  

4. Experimental Results and Analysis 

To demonstrate the effectiveness of the proposed representativeness criterion, we conduct the 

experiments on a real-world data set to compare different sample selection criterion 

quantitatively:  
 Uncertainty: the samples are selected according to the uncertainty only. 

 Representativeness: the samples are selected according to the representativeness only. 

 Representativeness + Uncertainty: the samples are selected according to both the 

uncertainty and representativeness. 

4.1 Experimental Settings 

The experiments are conducted on a large-scale real-world data set NUS-WIDE-Lite [41] on 
81 concepts. The data set is divided into two parts: training data, which contains 27807 images, 

and testing data, which contains 27808 images. The basic model is trained from the training 

data, and the new training samples are actively selected from the testing data. For each image, 

we extract 426 dimensional features, including 225 dimensional 5×5 block-based color 

moments features, 73 dimensional edge direction histogram features, and 128 dimensional 

wavelet texture features. 
There are four parameters in our algorithm, including the number of nearest neighbors k, 

the parameters of logic regression   and   in Eqn. (9), and the weight parameter   in Eqn. (12). 

These four parameters are empirically set to 300, 15, -0.2, and 0.95. 
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4.2 Experimental Results 

For each concept, we use three different sample selection criterions to select 1000 images. Fig. 

3 illustrates the comparison of the average precisions (APs) [42] of 81 concepts based on the 

three different criterions. We can see that the performance of combining representativeness 

and uncertainty criterions is better than using uncertainty criterion and much better than using 

representativeness criterion. It is worth to mention that only using representativeness criterion 
is not very effective. The reason is that the uncertain of the label of the unlabeled sample is not 

considered. However, the result of the experiment shows that the combining use of 

representativeness criterion and uncertainty criterion increases the APs. It is more effective 
than using them separately. 
 

 
 

 

Fig. 4. Comparisons of MAP from three different principles and random sampling. The x axis 

indicates the number of sampled images, and the y axis indicates the MAP. 

Fig. 3. Comparisons of average precisions for the 81 concepts, based on uncertainty, 

representativeness and representativeness + uncertainty. 
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Compared to the uncertainty criterion, the APs of 78 concepts based on the combination 

principle improve; the improvement of APs of 24 concepts based on the combination principle 
exceeds 5%, which are marked by the green rectangles and the orange rectangles; the 

improvement of APs of 15 concepts based on the combination principle exceeds 10%, which 

are marked by the orange rectangles. 

We select 1000 images for ten rounds with 100 sampled images for each round. Fig. 4 
compares the average MAP of each round obtained from the aforementioned three principles. 

Obviously, the sampling strategy by using active learning is better than random sampling. 

Moreover, we can see that by combining representativeness and uncertainty principles into the 
sample selection strategy, the performance of active learning significantly improves. For 

example, using 1000 sampled images, the selection strategy based on the combination 

principle of representativeness and uncertainty achieves a mean average precision (MAP) of 
0.3678, which has improvements of 56.82% compared with representativeness principle, and 

6.59% compared with uncertainty principle. 

5. Conclusion 

In this paper, we have presented a novel active learning method based on sparse graph 

reconstruction, which brings the representativeness criterion into the sample selection process, 
to select the most effective data. Given the labeled and unlabeled data, the kNN-sparse graph is 

proposed to reconstruct the whole data set. The most effective data are selected combining two 

principles: those are representative to reconstruct the whole data set and are uncertain to be 

classified. Extensive experiments have conducted on a real-world image set. The results show 
that bringing the representativeness criterion into the sample selection process can 

significantly improve the active learning effectiveness. In the future work, we will integrate 

the other criteria into the active learning framework to further improve the performance. 
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