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Abstract
We consider the problem of image annotations that takes into account of the relative
visual importance of tags. Previous works usually consider the tags associated with an
image as an unordered set of object names. In contrast, we exploit the implicit cues about
the relative importance of objects mentioned by the tags. For example, important objects
tend to be mentioned first in a list of tags. We propose a recurrent neural network with
long-short term memory to model this. Given an image, our model can produce a ranked
list of tags, where tags for objects of higher visual importance appear earlier in the list.
Experimental results demonstrate that our model achieves better performance on several
benchmark datasets.

1 Introduction
Consider Fig. 1. This image contains a rich set of objects of different sizes, colors and directions of motion. And humans have the remarkable ability to selectively process very narrow
regions of the scene that are important to us. So when asked to annotate this image, we only
mention a subset of the objects appearing in the image, and we mention the important objects
first. In comparison, current visual recognition systems lack the capability of reasoning about
the relative importance of objects in the scene, while a human child naturally casts his/her
focus onto the two persons and the boat and leaves the inessentials to the back-channel.
Therefore, image understanding not only means to assign categorical labels to an image
but also requires to parse the relative importance of the visual labels, for example, in the
form of a ranked tag list where more important items are put on the top. Such a ranked
tag list can be useful for various applications including image retrieval, image parsing and
image caption generation. For example, if a user searches for images with the query “tree”,
we probably do not want to return the image in Fig. 1.
To extract the importance information of visual content in a scene is difficult. The difficulty comes from a variety of factors: from the ambiguity of low level pixel representation
(e.g., irradiance to digital signal transformations and nonlinearity of color spaces), to the
mid-level vision problems (e.g., occlusion, clutter, lighting conditions and camera projection), to the higher level cognitive issues such as the effects of context and perceptual fill-in
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Objects in the scene: water, person, boat, float, trees
Humans attentively see: person, number, boat

Figure 1: An image may contain a rich set of objects, e.g. person, boat, tree, water, helmet,
etc. But when humans are asked to describe an image, they do not enumerate all the objects
in the image. Instead, they will choose a few important objects and put them in some order
depending on the relative importance of these objects. In this paper, we develop a method
for generating such ranked list of object tags that take into account of the relative object
importance.
– let alone to reason about the relationship between objects and to understand the on-going
events and their impact on an observer.
Most previous work in image annotation treats each tag independently and learns a separate classifier to predict the presence/absence of a tag. There has been some work on relaxing this independence assumption. For example, Qi et al. [18] use conditional random
fields (CRFs) to model the correlations between pairs of tags. However, CRFs can only capture very simple correlations (e.g. co-occurrence statistics). They cannot model the relative
importance of tags implicitly captured by the relative order of tags.
Recently, recurrent neural networks (RNN) have been proved to be a powerful tool for
modeling sequential data, e.g. text and speech generation. In computer vision, RNN has
been successfully applied to image and video captioning. In this work, we take a step further
to use RNN to generate a ranked tag list from an image. While it is naturally the case that
RNN can model strongly correlated sequential data (i.e. a sentence) using shared recurrent
operators, it is not at all intuitive that this will be the case for a ranked tag list in our case, as
the statistical or semantical correlation between the list elements is much less obvious. Our
intuition is that there do exist regularities in the context of visual scenes, which provides the
“visual syntax” for the elements of an image. So, we are attempting to capture the relative
importance of visual objects that are constructed out of such a “visual syntax” by RNN.
The main contributions of this paper are three-fold. First, we introduce a novel problem for image annotation. In our problem formulation, we consider image annotation as
producing a ranked list of tags, where the relative order of tags provide implicit cues about
the relative importance of objects mentioned in the list of tags. Second, we propose an approach that combines CNN and RNN for this problem. The sequential nature of RNN allows
our model to implicitly capture the relative importance of tags. Finally, our experiments
demonstrate that our proposed method outperforms other baseline methods for this problem.
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Related work

Image annotation and label relations: Image tagging and annotation is a very active area
of research in computer vision. The simplest approach is to consider it as a multilabel classification problem, and learn a classifier to predict the presence/absence of each tag. But
this simple approach ignores the fact that image tags are often correlated, e.g. “water” and
“boat” tend to be used together in an image. To address this limitation, probabilistic graphical
models are often used. Conditional random fields (CRF) [14] and structural SVM (SVMstruct) [23] are two commonly used models for image annotation. Qi et al. [18] use CRF
to model the correlative relations of labels for video annotation. Desai et al. [5] use SVMstruct to model multi-object layout in object detection. Lan et al. [15] develop a SVM-struct
model to capture the structured preference among tags for image tag ranking. Deng et al. [4]
propose a label relation graph to model the hierarchy and exclusion relations among labels.
Predicting visual importance in images: For a given image, the tags associated with it are
not equally important. Usually, tags mentioned first correspond to objects that are semantic
important in the image. Recent computer vision research starts to understand the relative
importance of visual content in an image and exploits it in various applications. Hwang
and Grauman [9] discover the relationship between image tags and their visual importance
through statistical correlation analysis and use it to improve image retrieval. Hwang and
Grauman [10] exploit the order of tags as additional cues to improve object detection. Berg
et al. [1] take a human-centric perception perspective to the visual importance problem, and
explore a number of handcrafted factors (e.g. composition, semantics, context) and use
those factors to predict what will be described about an image by human annotators. Lan
and Mori [15] formulate the problem of visual importance prediction as a ranking problem,
and learned a discriminative model with a max-margin formalism.
Recurrent neural networks (RNN): Our proposed approach uses recurrent neural networks (RNN) to model the relative order of tags. RNN is a powerful model for sequence
modeling. Through recurrent state update, higher order label relations can be implicitly encoded. In recent years, RNN with long short term memory (LSTM) has been successfully
applied in a wide variety of applications. For example, Sutskever et al. [21] use RNNs to
translate sentences from one language to another language. Karpathy et al. [12] use RNNs
to generate sentence descriptions of images. Similar techniques have been used in video
captioning [17], where a hierarchical RNN structure is used to capture nonuniform-length
topic transition in videos. Higher dimensional RNNs also exist. For example, Theis and
Bethge [16] use a 2-dimensional RNN to encode spatial correlations of image pixels and
train the model for texture synthesis.

3

Background

Our proposed approach is based on recurrent neural network with long-short term memory.
In this section, we briefly review the background on these models.

3.1

Recurrent neural networks

Recurrent neural network (RNN) [19, 25] is an extension of standard feed-forward neural
network for modeling sequences. Let xt ∈ RD be the input to an RNN at time t. Given a

4

YAN, WANG, LIAO: IMAGE ANNOTATION WITH RELATIVE VISUAL IMPORTANCE

sequence of T inputs (x1 , x2 , ..., xT ) (where xt ∈ RD ), RNN assigns a sequence of hidden
states (h1 , h2 , ..., hT ) (where ht ∈ RH ) corresponding to the input at each time step. The
hidden state ht each time t is calculated based on the input xt at current time t and the hidden
state ht−1 at previous time t − 1:
ht = tanh(Whh ht−1 +Whx xt + bh )

(1)

where Whh , Whx and bh are parameters in the RNN model and tanh is a commonly used
activation function in RNN.
For many applications, we also have an output (e.g. a prediction label) at each time.
Suppose each output is a discrete label with K possible values, the hidden state ht can be
mapped to predict the output as follows:
zt = Wzh ht

(2)

yt = softmax(zt )

(3)

where zt , yt ∈ RK and yt is a vector indicating the probability of picking each of the K classes.

3.2

Long-short term memory

In principle, RNN can be learned using standard backpropagation in neural networks. But in
practice, the learning of RNN suffers from the vanishing gradient problem [2]. This makes
it very difficult to train RNN that captures the long-term dependencies of inputs. To address
this limitation, the most popular solution is to use a variant of the RNN known as the longshort term memory (LSTM) [8].
LSTM defines a more complex memory cell at each time step. Each memory cell contains an internal state ct that stores information about inputs up to time t. LSTM also has
three types of gates (input gate it , forget gate ft , output gate ot ) that control how information enters and leaves each cell. The input gate it controls the degree to which LSTM will
allow the current input xt to influence the hidden state ht . The forget gate ft modulates the
influence of previous hidden state ht−1 to current hidden state ht (i.e. how much to forget
about previous hidden state). The output gate ot controls how much information is transferred from the memory cell to the hidden state at current time. Specifically, the hidden state
ht in a LSTM model is computed as follows:
it = σ (Wix xt +Wih ht−1 )

(4)

ft = σ (W f x xt +W f h ht−1 )

(5)

ot = σ (Wox xt +Woh ht−1 )

(6)

c̃t = tanh(Wc̃x v +Wc̃h ht−1 )

(7)

ct = ft

ct−1 + it

(8)

ht = ot

tanh(ct )

c̃t

(9)

where σ is the sigmoid function and is the element-wise multiplication. Using these gating
mechanism, LSTM can capture longer dependencies by selectively forgetting previous states
or ignoring current inputs.
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Figure 2: Illustration of the LSTM model. (Top) In our model, the image feature is used
as an input to the LSTM at each time step. (Bottom) In the LSTM model used for image
captioning (e.g. [12]), the image feature if fed in addition of a default START token to the
initial state in the LSTM model, the subsequent states takes the output of the previous state
as input. The first hidden state h0 is initialized to zero.

4

Our Approach

The goal of our work is to generate an ordered tag list given an image. The tags correspond to
objects appearing in the image. The order of the tags captures the relative visual importance
of the objects. That is, more visually salient objects appear on the top of the list.
Our proposed model combines the convolutional neural network (CNN) for images representation and the LSTM for sequential tag list modeling (Figure 2). This model is inspired
by recent work of image captioning using RNN (e.g. [6, 12, 24, 26]). The distinction is that
in image captioning, the image feature only directly modulates the starting state of the RNN
for caption generation. Once the first word of the caption is generated, the remaining words
are generated purely based on previous hidden states of the RNN. For sentence generation,
this makes more sense since the words in a sentence tend to have strong dependencies, so it
is reasonable to feed the image feature only to the initial state. Notably, Karpathy et al. [12]
reported it performs better to feed the image feature to the first state only than to every time
step.
However, we find this is not the case for our application. One explanation is that while
the words in a sentence tend to have strong dependencies – so it is possible to predict the
next word based on previous words in a sentence, the words in a tag list have much looser
dependencies, so it turns to be insufficient for the traditional RNN architecture to predict the
next tag in the list purely based on previous tags. To address this issue, we modify the RNN
model so that the memory cell takes the image feature as one of its inputs at each time step.
Another modification is that we have dropped the output of the previous state (yt−1 ) as one
of the inputs to the hidden state at current time step. So every state takes input from the
image and the previous hidden state. Fig. 2 shows an illustration of our model and that of a
traditional RNN model for the image captioning application.
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Image representation: Following prior work (e.g. [12]), we represent an image as a 4096dimensional CNN feature vector using pre-trained VGGNet. We then use a fully connected
layer to reduce the dimension to h. In other words, given an input image I, we represent it as
a h-dimensional feature vector as:
v = WI ·CNN(I) + bI

(10)

where WI ∈ Rh×4096 and bI ∈ Rh are the parameters to be learned. CNN(I) is the 4096dimensional CNN feature extracted on the image I.
LSTM for tag list prediction: We modify the standard LSTM, so that the hidden state at
each time step considers the image feature I as one of the inputs. In other words, our LSTM
model is defined as follows:
it = σ (Wix v +Wih ht−1 )

(11)

ft = σ (W f x v +W f h ht−1 )

(12)

ot = σ (Wox v +Woh ht−1 )

(13)

c̃t = tanh(Wc̃x xt +Wc̃h ht−1 )

(14)

ct = ft

ct−1 + it

(15)

ht = ot

tanh(ct )

c̃t

(16)

At each time step t, we need to predict a tag from a vocabulary of size V . We use
another linear layer to project the hidden state ht into a vector of dimension V , followed by
a softmax operator. This will give us the probability of choosing each of the V possible tags
as the predicted tag at time t:
zt = W (z) h(t) + b(z)
pt,l =

exp(zt,l )
∑Vk=1 exp(zt,k )

(17)
(18)

where zt ∈ RΩ , and pt,l denotes the probability of picking the l-th tag in the vocabulary as
the predicted tag at time t.
Model learning: Let I be an image in the training set, and y = [y1 , y2 , .., yT ]> be the corresponding order tag list of length T . We define the following loss function on this training
instance:
T

V

`(I, y) = − ∑ ∑ 1(yt = l) · log(pt,l )

(19)

t=1 l=1

The loss on the whole training set is simply the summation of the loss on each training
instance. The parameters of the model is learned by minimizing the loss function using
stochastic gradient descent. We do not explicitly use a regularization term in Eq. 19.
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Experiment

This section describes the experimental evaluation of our proposed method for image tag list
prediction on two standard datasets. We first describe our experimental setup (Sec. 5.1). We
then introduce the two datasets: the PASCAL2007 dataset and the LabelMe dataset (Sec. 5.2).
Lastly we show results and discussion.

5.1

Experiment setup

Implementation details: We use the VGGNet pretrained on ImageNet to extract a 4096dimensional CNN feature on an input image. The CNN feature is projected to d = 100
dimensions by a fully connected layer before being fed into each LSTM cell. The dimension
of a hidden state in LSTM is 300 and the output size is the same as the vocabulary size of
tags. Our model is implemented in Torch [22]. We train the model using a batch size of 16
and a dropout rate of 0.5. We use the Adam method [13] to optimize the net, with alpha
0.8, beta 0.999 and epsilon 10−8 in the Adam method. The initial learning rate is set to be
4 ∗ 10−4 and is reduced by half when the loss reaches a plateau. After 7500 iterations, we
start to do fine-tuning the VGGNet with the learning rate 10−5 and the weight decay 10−3 .
Evaluation metrics: We evaluate the image annotation results using the two evaluation
metrics used in previous work [15]. The first is the Normalized Discounted Cumulative Gain
at top k (NDCG@k) [3] defined as follows:
1
NDCG@k =
Z

k

2s(p) − 1
∑
p=1 log(1 + p)

(20)

where k is called the truncation level, Z is the normalization term, varying based on query,
s(p) is the relevance at the position p. Due to the normalization term Z, the score ranges
from 0 to 1. NDCG is a widely used performance metric in information retrieval. Intuitively, the truncation level k is the number of instances that users will look through before
giving up. NDCG@k measures the ranking quality of the top-k instances by a system, while
emphasizing the instances ranked higher.
Another metric we use is the Precision@k [15] defined as:
Precision@k =

# of true positives in first k instances
k

(21)

Baselines: We compare our proposed approach with several baseline methods.
1. SVM: This method learns a binary linear SVM classifier for each tag. Then the tags
are ranked based on their SVM scores.
2. SVM-rank: SVM-rank [11] uses a max margin formulation to learn a ranking function
to rank all the possible tags.
3. Naive-RNN: This is the same RNN model used in most image captioning work. The
hidden state of the RNN at time t is only influenced by the previous hidden state, and
does not take the image feature as the input (except for the 1st time stamp).
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method
NDCG Precision
method
NDCG Precision
SVM
0.6698
0.4631
SVM
0.4650
0.5277
SVM-rank
0.6731
0.4471
SVM-rank
0.4715
0.5172
Naive-RNN 0.6367
0.4056
Naive-RNN 0.4204
0.5048
Ours
0.7061
0.5081
Ours
0.4804
0.5463
(a) PASCAL2007
(b) LabelMe
Table 1: Averaged NDCG@k and Precision@k numbers for k = 1, 2, ..., 10 on the two
datasets by our method (bottom row) and the three baseline methods. Our method consistently produces the best results.

5.2

Dataset

We test our method on the following two benchmark datasets, the ground-truth ranked tag
lists of the two datasets are provided by Hwang et al. [10]:
PASCAL2007: This dataset contains 9963 images from the PASCAL2007 dataset [7]. We
remove all duplicate tags in the dataset. We also ignore tags appearing less than 15 times on
the training set. In the end, we end up with 217 tags in total. We split the dataset as follows:
8500 for training, 500 for validation and 963 for testing.
LabelMe: This dataset contains 3825 images from the LabelMe dataset [20]. Again, we
remove duplicate tags. We also ignore tags appearing less than 10 times on the training set.
In the end, we have 97 tags on this dataset. We split the dataset as follows: 1800 for training,
200 for validation and 1825 for testing.

5.3

Results and discussions

Table 1 shows the average NDCG@k and Precision@k numbers for the four methods on the
two datasets. And Fig. 3 (a,c) shows the results in terms of NDCG@k on the two datasets for
different values of k. Fig. 3 (b,d) shows the results in term of Precision@k. The results show
that our method outperforms the baseline methods. We can see that SVM and rank-SVM
perform similarly to each other. Naive-RNN performs much worse than other methods. This
is probably because Naive-RNN is designed for image captioning, where the words in a
caption tend to have very strong dependencies. In comparison, the dependencies of tags in a
tag list are not as strong as words in a sentence, so the RNN architecture (i.e. Naive-RNN)
used for image captioning does not work well in our application.
We show some qualitative results in Fig. 4. Compared with SVM, our result is better at
putting more important objects in the scene at the top of the predicted tag list. For example,
the horse of the first image in the top row, and the cat of the third image top row. Interestingly,
for the last image in the bottom row, our method incorrectly classifies the cow as a horse, but
still recognizes its visual importance and puts the object at the top of the tag list.

6

Conclusion

We have introduced a method to produce image annotations and rank them based on their
relative visual importance using RNN with LSTM. The RNN model naturally exploits the
implicit visual importance cues to boost image annotations, and the resultant ranked tag list
is much more informative and useful than traditional order-less image annotation methods.
We have evaluated our method on two benchmark dataset. Our experimental results show
the superiority of our method over alternative approaches.
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Figure 3: Comparison of our proposed approach with several baselines. On each dataset, we
show the following results: (left column) the NDCG@k metric for different k values; (right
column) the Precision@k metric for different k values.

Ground-truth: horse, person, tree
Ours: horse, person, hurdle
SVM: hurdle, house, person

Ground-truth: clothes, dog, person
Ours: person, dog, tree
SVM: person, tree, pottedplant

Ground-truth: cat, building, tree
Ours: cat, tree, building
SVM: tree, fence, cat

Ground-truth: train, railway, person
Ours: train, person, tree
SVM: tree, person, train

Ground-truth: train, railway, building Ground-truth: car, tree, grass
Ours: train, railway, building
Ours: car, tree, grass
SVM: train, railway, grass
SVM: tree, car, road

Ground-truth: bird, tree
Ours: bird, tree, grass
SVM: bird, pottedplant, tree

Ground-truth: cow, person, fence
Ours: horse, person, tree
SVM: grass, tree, fence

Figure 4: Qualitative examples of predicted tag list on the PASCAL2007 dataset by our
method and the SVM baseline. Compared with the baseline, our proposed method is better
at capturing the relative importance of objects mentioned by the tags.
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