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Abstract. In this paper, we propose a method to build an index for image search
using multimodal information, that is, using visual features and text data simulta-
neously. The method combines both data sources and generates one multimodal
representation using latent factor analysis and matrix factorization. One remark-
able characteristic of this multimodal representation is that it connects textual
and visual content allowing to solve queries with only visual content by implic-
itly completing the missing textual content. Another important characteristic of
the method is that the multimodal representation is learned online using an ef-
ficient stochastic gradient descent formulation. Experiments were conducted in
a dataset of 5,000 images to evaluate the convergence speed and search perfor-
mance. Experimental results show that the proposed algorithm requires only one
pass through the data set to achieve high quality retrieval performance.

1 Introduction

Consider the problem of finding useful images by querying a system with an example
image, i.e., the user provides an image to retrieve other semantically related images
from a large collection [1]. This kind of search —also known as the query-by-example
paradigm for image retrieval [2]— can be of potential benefit in different situations such
as people taking pictures with mobile phones [3], or physicians comparing a new med-
ical image with respect to the hospital’s archive [4]. Regardless of the specific task, the
main problem of finding useful images with an example query is the semantic gap [2]:
images with similar visual features computed by a machine can have different semantic
meanings for users observing them.

Then, the main research agenda in image retrieval systems has been devoted to design
methods able to automatically understand image contents, and so, image search systems
will have the ability to deliver more accurate results. The most popular approach is
based on auto-annotation, which consists on analyzing the visual content of an image
and generating tags associated to what can be seen on it [5]. However, one of the main
drawbacks of this approach is scalability: most of these methods only work with a few
tens of labels or tags. For large scale image search systems, the ability to handle large
numbers of tags would be a desirable property. Also, methods for large scale image
search are required to handle large amounts of images, which can be very expensive in
computational terms.

In this paper, we explore the ability of matrix factorization algorithms to build large
scale multimodal image indices. First, the image collection is organized in a table of
images vs. features, which encodes the visual contents of images. This table is actually a
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matrix of visual data, that can be analyzed and processed to extract meaningful patterns.
Second, a similar matrix is build for text data associated to training images, i.e., a matrix
of images vs. tags, which can handle any number of keywords simultaneously.

The goal of the method proposed in this paper is to find relationships between these
two matrices, using multimodal analysis. We propose the use of matrix factorization
algorithms to decompose a training data set, and find correspondences between visual
patterns and text terms. These correspondences are expressed as latent factors that can
be computed from the input matrices described before. Under this formulation, a system
for image search can directly handle multiple tags or labels for a single image, and can
handle new images that do not have annotations at all. Furthermore, the proposed de-
composition algorithms are formulated using stochastic gradient descent, which allows
to manipulate very large image collections.

The main contribution of this paper is the formulation of the matrix factorization
algorithms as online processes and its application to multimodal image representation.
The contents of this paper are organized as follows: Section 2 reviews related work.
Section 3 discusses the visual representation and similarity measures for image search.
Section 4 presents the proposed matrix factorization algorithms. Section 5 shows an
experimental evaluation and Section 6 presents some concluding remarks.

2 Related Work

Multimodal representations for images are usually related to the combination of two
sources of information: visual features and text data [6]. The goal of combining these
data sources is to complement the possible representations of image contents using
semantic information extracted from text data. Previous works include probabilistic
models [7] and matrix factorization algorithms [8]. These approaches require solving
large optimization problems or computing expensive updating rules, which make them
infeasible for large image collections. Our approach differs from the others, since the
algorithm formulation can be gracefully scaled up to large image databases.

The strategy that we follow to scale up the matrix factorization algorithms is based
on stochastic approximations. Mairal et al. [9] proposed an online setting for matrix
factorization, specially designed for sparse coding. We follow similar ideas, with a
simpler formulation that follows the stochastic gradient descent structure. Also, our
main research focus is to generate multimodal image representations instead of sparse
coding.

3 Image Representation

In this work, we consider the problem of image retrieval using as queries example pic-
tures. So, users are expected to upload an image file to the retrieval system, and the
system is expected to analyze its visual content to identify potentially relevant images.
Those images selected by the system are presented to the user as results of his/her
search. This image retrieval system requires a representation of the visual contents for
each image. In this work, we follow the Bag-of-Features (BoF) approach to model im-
age descriptors for search. Basically, this representation accounts for the occurrence of
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visual patterns that can be seen in an image, with respect to a predefined dictionary or
codebook. The final representation of images is a histogram that represents the visual
structure of images.

Given the BoF descriptors for a database of images, we can build a matrix of visual
patterns vs. images in the collection. Also, given the BoF descriptors for a query image,
the system can compute the similarity of it with respect to images in the database using
the histogram intersection.

4 Multimodal Indexing Using Matrix Factorization

A multimodal representation for images is proposed, with the goal of improving the
response of a system that uses only visual data to search similar images. The approach
used in this paper to build the multimodal representation is based on latent factors. A
common latent space for visual and text data is learned, i.e., any of both data modalities
can be projected from its original representation space to the common latent space.
In this way, the resulting multimodal space to represent images incorporates semantic
information together with visual contents, and so, can provide a better mechanism to
match similar images.

The computational methods used in this work for learning such a multimodal space
are based on matrix factorization. The proposed algorithm simultaneously decompose
the matrices of visual and text data to find a low rank approximation of them, by solving
an optimization problem. To this end, assume the availability of two matrices of data,
one for visual features V ∈ R

n×l and the second for text data T ∈ R
m×l . Both matri-

ces have the same number of columns, corresponding to the number of images in the
database: l. Let n be the number of visual features, i.e., the number of rows in the visual
matrix, and let m be the number of text terms, i.e., the number of rows in the text matrix.
The problem of multimodal decomposition is to find the matrices P, Q and H such that

V ≈ PH

T ≈ QH

where H ∈ R
r×l is an encoding matrix for the multimodal latent representation of im-

ages, P ∈ R
n×r and Q ∈ R

m×r are the multimodal transformations for visual and text
data respectively. The main idea behind this model is to find a common representation
H for the visual and text data, which is known as the latent representation, together
with the corresponding transformations from the latent space to the source data. The
dimensionality of the latent space, r, is a fixed parameter, which indicates how many
latent factors should be extracted from the data.

This simultaneous factorization of V and T can be found by solving an optimization
problem that minimizes the following objective function:

minP,Q,H
1
2

(
‖V −PH‖2

F + ‖T −QH‖2
F

)

+
λ
2

(
‖P‖2

F + ‖Q‖2
F + ‖H‖2

F

) (1)

where ‖�‖F is the Frobenius norm, and λ is a regularization parameter for the unknowns
in the problem.
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Gradient Descent Solution. The problem above has a non-convex objective function.
However, the function is differentiable for all unknowns and the solution can be com-
puted using gradient descent as follows:

Pτ+1 = Pτ + γ
(
VHT

τ −PτHτ HT
τ −λ Pτ

)
(2)

Qτ+1 = Qτ + γ
(
T HT

τ −QτHτ HT
τ −λ Qτ

)
(3)

Hτ+1 = Hτ + γ
(
PT

τ V −PT
τ PτHτ +QT

τ T −QT
τ QT

τ Hτ −λ Hτ
)

(4)

In the updating rules shown above, the subindex τ represents the solution at the iteration
τ , and γ is the step size in the gradient descent algorithm. The solution above presents
a batch formulation of the solution, i.e., at each step or iteration, the algorithm requires
the full matrices V and T to decide the new direction of the solution. This can be quite
expensive or even infeasible for large image collections, that can not be fit in memory.
Alternative formulations of this problem run in parallel mode. However, our proposal
is to formulate this problem using a stochastic gradient descent approximation.

Online Matrix Factorization. The idea of online learning using stochastic approxima-
tions is to compute the new solution for each unknown in the problem using only one
data sample at a time [10]. Then, we can scan large data sets without memory restric-
tions, and this can be potentially scaled up to large image datasets. The stochastic gradi-
ent descent formulation for the multimodal matrix factorization problem is as follows:

hτ =
(
λ I+PT

τ Pτ +QT
τ Qτ

)−1 (
PT

τ vτ +QT
τ tτ

)
(5)

Pτ+1 = (1− γλ )Pτ + γvτhT
τ − γPτhτhT

τ (6)

Qτ+1 = (1− γλ )Qτ + γtτ hT
τ − γQτhτ hT

τ (7)

where vτ and tτ are vectors of visual features and text features, respectively, for one
image, and hτ is the multimodal representation for that pair of vectors. This approach
learns the matrices P and Q using one image with its corresponding text data at a time,
and then, the image is discarded. For the image used in the iteration τ , the multimodal
representation is approximated using the solution for hτ , but this is also discarded with
the image vectors vτ and tτ . Then, a final pass over the data would be required to recover
the multimodal latent representation H for the full database, using the same expression
for all images, and without updating P and Q.

Minibatch Extension. A minibatch extension of the algorithm presented in equations 6,
7 and 5 can be easily obtained by assuming that vτ , tτ and hτ are not single vectors, but
small matrices containing several vectors. The minibatch extension allows to process
several images at the same time to make an update in the unknown parameters of the
objective. Actually, the batch algorithm is an special case of the minibatch extension,
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in which the number of images in the minibatch is equal to the number of images in the
training set.

Indexing New Images. The algorithm and the solution presented are useful to learn
the transformation matrices P and Q from a training image set that has visual and text
data, and also to index a database by computing H using equation 5. For new images
not included in the factorization analysis, we assume that all these matrices are already
learned and are available. To index a new image, all what is required is the transforma-
tion matrices P and Q with a visual vector v for the new image. Since we expect queries
with no text data, the following expression can be evaluated to project the new image to
the multimodal latent space: hq =

(
λ I+PT P+QT Q

)−1 (
PT v

)
. Other query strategies

such as text queries and multimodal queries can also be supported in this framework,
following similar extensions to those proposed in [8].

Searching in the Multimodal Space. After all images in the collection have been in-
dexed, a new matrix with the latent representation that fuses visual features and text
data is obtained: H. This matrix has as many columns as images in the database, so
each image has a column vector h ∈ R

r, with dimensionality r as the number of mul-
timodal latent factors. Query images can be projected in the same space as well. So,
to search in the multimodal latent space, we will use the dot product between these
vectors, which accounts for the degree of similarity between two latent representations.
Our assumption is that images with similar semantic interpretations will have similar
multimodal factors in this representation.

5 Experimental Evaluation

Data. The image collection used in this work is the Corel 5k image dataset, which
is composed of 5,000 photographs organized in 50 categories, and has been used in
different image retrieval evaluations by many researchers [7,11]. It consists of text an-
notations for each image, using a text dictionary with 374 terms. Also, the dataset has
been organized in 3 parts to allow other researchers to reproduce experimental results:
training (4,000 images), validation (500 images) and test (500 images). This data set is
used to simulate retrieval performance using the 50 initial categories as ground truth.
We follow the same experimental setup in this study. The visual matrix representation
is built using a bag-of-features extracted with the same features as [8]: DCT coefficients
in all color channels for local features and a dictionary of visual words with 2,000 clus-
ters. The text matrix is built using a boolean vector representation: 1 for terms attached
to images and 0 otherwise.

Algorithm Convergence. The first evaluation conducted in this work is the analysis of
convergence of the algorithm using the batch and online approaches. The input matrices
for training are V ∈R

2000×4000 and T ∈R
374×4000. We set the parameter r = 50, which

defines the size of the multimodal latent space (or the number of latent factors). Then,
the expected output matrices after the learning algorithm is run are P ∈ R

2000×50, Q ∈
R

374×50 and H ∈ R
50×4000.

Both strategies, the batch and online algorithms, require the definition of the param-
eter λ for regularization, as well as the parameter γ , the gradient descent step size. We
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set both parameters with the same values for both algorithms, using λ = 0.1 and defin-

ing γ as a decreasing function of time [10]: γ(τ) =
γ0

1+ γ0λ τ
, where γ0 = 0.1 is the

initial parameter, and τ is the iteration number. Both algorithms were run during the
same number of epochs, where an epoch is defined as a complete scan over the dataset.
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Fig. 1. Evolution of the reconstruction error per epochs

Figure 1 present the findings of error convergence for 100 epochs, for both data
modalities. These results show the evolution of the reconstruction error for the visual
and text matrices for each epoch of the algorithm. The scale of the error units are spe-
cific for this data set. The results show that the online algorithm achieve the lowest
reconstruction error from the very first epoch, converging much more faster than the
batch algorithm. This means that the online algorithm provides a large reduction in the
computational cost with respect to the batch counterpart, mainly because the online al-
gorithm requires very few epochs to reach a stable solution. This tendency suggest that
no more than 5 epochs are required to achieve a good factorization of the multimodal
data.

To investigate how many iterations are actually needed to achieve a good perfor-
mance, not in terms of reconstruction error, but in terms of retrieval accuracy, we run
the algorithm for 20 epochs and evaluated the resulting model at each epoch by con-
ducting information retrieval experiments. The experiments consist of using example
images to search in the multimodal index, as is described in the next Subsection. The
performance is measured using Mean Average Precision (MAP). In terms of MAP, the
higher the value the better, since it suggests a more accurate response with respect to
the results expected by users. The results show that the factorization achieves very good
retrieval performance (a MAP of 0.2159), in contrast to the baseline based on image
matching using visual contents only, which has a significantly lower performance (a
MAP of 0.1239). More importantly, the improvement showed by the online multimodal
indexing method is obtained with a single pass over the training data. Running the algo-
rithm for more epochs does not seem to improve or hurt the quality of the factorization
in a significant way. This is a very important result that supports the idea of scaling the
algorithm to very large data sets with minimum processing effort: no more than a single
scan on the available training data.
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Retrieval Evaluation. To evaluate the retrieval performance, the validation data set is
used as queries for the system. This allows to simulate a total number of 500 queries
from 50 different categories. The queries in this system are received as image examples
alone with no attached text or labels. However, the database has been indexed using
multimodal data. Since queries do not have any text, it is reasonable to search using
the BoF descriptor only to observe the benefit of using multimodal indexing strategies.
Besides the proposed algorithm, we implemented and tested two different multimodal
indexing algorithms recently proposed in the literature, which are based on Nonnegative
Matrix Factorization (NMF): Multimodal NMF [12] and Asymmetric NMF [8].

Table 1 compares the retrieval performance of different indexing methods using
MAP. The results show that using multimodal data for image search improves upon
the baseline that uses only visual information, i.e., a multimodal indexing strategy for
image retrieval can be used to deliver more meaningful results for users. The proposed
online algorithm provides the second best retrieval performance in these experiments,
with a very competitive result.

In addition, one of the most important aspects of the proposed algorithm is its abil-
ity to process the data set very quickly. For this experiment all the algorithms were
implemented in Matlab and run in multithreading mode on a 12 core computer. The
Table presents execution times and number of epochs required to achieve the reported
retrieval performance for each method. The proposed online algorithm runs from 13
to 25 times faster than the other algorithms, even though an online approach does not
fully exploit multithreading as the other algorithms do. This demonstrates the potential
of our approach to process really large image databases.

Table 1. Retrieval performance for image search using Mean Average Precision (MAP). The
learning time and the number of epochs to achieve that performance are also reported.

Method MAP Learning Time Epochs
Visual Matching 0.1239 N.A. N.A
Online Multimodal MF 0.2159 2.3 secs 1
Batch Multimodal MF 0.2115 58.6 secs 100
Asymmetric NMF [8] 0.2203 36.7 secs 100
Multimodal NMF [12] 0.2096 29.3 secs 100

6 Conclusions and Future Work

This paper has presented a matrix factorization algorithm for multimodal data analysis.
The most remarkable characteristic of the proposed algorithm is its online formulation,
which leads to very fast convergence over the batch algorithm. Experimental results
show significant difference between the convergence speed of the algorithms, showing
that only one pass through the data is enough to obtain state-of-the-art performance. As
part of our future work, we plan to process bigger datasets with potentially hundreds
of thousands of images to test the ability of the proposed algorithm to deal with large
collections in terms of processing time as well as learning power.
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