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Abstract

While deep learning has been successful in a wide range
of tasks in different fields, most of the current neural net-
work based systems are still learning in merely one source
of knowledge such as text, image or wave. In this work, we
propose a novel method that acquires knowledge from both
textual and visual data. Our analyses also show that it was
possible to learn a function that map an arbitrary image
or sequence of words into vectors in a joint high dimen-
sional semantic space. These vectors are then evaluated on
two vision-cross-language tasks; image-caption relevance
ranking and image retrieval from text query. Different from
prior work in the same direction, we only have a decent
model on the text data and a weak model on image data.
Furthermore, both the quantity and quality of our training
text corpus are far better than those of our image dataset.
From the poor performance of our vision model, we achieve
15× improvement after incorporating the knowledge from
our textual models.

1. Introduction

Knowledge in the real world exists in various domains.
While our human brains can operate consistently across
many of these domains, for example, when we see the word
“dog” we think of the small animal with four legs, it is not
trivial for machine learning algorithms to unify them. On
the other hand, being able to acquire multimodal knowledge
is very valuable. For instance, as shown in [32] while more
data are being available, they do not have the same potential
to be passed into machine learning algorithms. Specifically,
some learning algorithms, usually computer vision ones, re-
quire that the training data is annotated by human experts,
which are time consuming and expensive; while other data
such as text corpora can be directly trained on with minimal
preprocessing. Multimodal learning allows the latter class
of algorithms to aid the former one with their knowledge on

the same subject but from different source.
In this work, we propose a novel approach to connect

knowledge from two sources: text and image. Our models
on natural language are very strong, are trained on pros-
perous data and have been proved to achieve decent per-
formances on several tasks [16, 28]. On the other hand,
our visual model is week and also, we do not have a lot
of good data to train it. We show that training the vi-
sual model alone is insufficient for several visions-cross-
language tasks. However, by simply aiding the weak visual
model with decent pretrained knowledge learned by the tex-
tual model, the joint model can capture important semantic
information from images. We investigate our proposal on
two tasks: image-caption relevance ranking and image re-
trieval from text query. In these tasks, our joint model per-
forms 15× better than the image model on its own. While
we do not achieve state of the art performance on the afore-
mentioned tasks, our work shows the potential of incorpo-
rating textual knowledge into vision problems.

The rest of this paper is structured as followed. In Sec-
tion 2, we give the background of our work and revise the
previous success in the direction. Next, in Section 3, we
present our method. In Section 4, we describe our data sets,
our experiments as well as our training procedures. Then, in
Section 5, we discuss several aspects of our model and sug-
gest improvements for subsequent work. Finally, Section 6
is our conclusion.

2. Related Work

Our work draws inspiration from the general framework
called representation learning. In this framework, the goal
is to learn a map to represent input data, such as signals,
images or texts, as high dimensional vectors in a semantic
space. These high dimensional vectors are known as em-
beddings or distributed representations of input data. Our
work focus on the embeddings of image and text data. Prior
to our work, there have been ideas to learn such representa-
tions in for each domain as well as for multiple domains.
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The latter situation is referred to as multimodal learning
[25]. We now briefly revise the background work in each
of the directions.

2.1. Sentence embedding

Deep learning methods have been successful in a wide
range of tasks in natural language processing [21, 7, 4, 5].
A common trend among these methods is the presence of
word embeddings, which overcomes the sparsity of natural
language by representing each word in the vocabulary as
a high dimensional vector. These embeddings then become
the crucial components of a neural network, which is trained
to achieve an objective function. The objective function can
be either supervised as in [27], or pseudo-supervised as in
[1, 24, 30], where pseudo-supervised means that there is no
expert annotated training data, but the objectives are drawn
from the nature of languages. Word embeddings are the
excerpts from the larger models learned by these methods.

The generalization from embeddings of words into those
of phrases and sentences is not trivial. The direct reason
is that one cannot store one vector for each phrase or sen-
tence of a language as one does for words. Thus a compo-
sitional model is needed to compute the representations of
phrases and sentences from smaller linguistic components.
Syntax-based compostional models such as [26, 27] recur-
sively compute phrases and sentences embeddings based
on precomputed constituency parse tree. Simpler methods
such as [8, 13] simply takes the weighted sum of vectors of
the words or bi-grams in the phrases or sentences. Closely
related to our work is a new idea proposed by [16]. We will
discuss this work in more details when we present it as a
component of our method.

2.2. Image embedding

Image embeddings are the similar idea for words,
phrases and sentences but applied on images. However, nat-
urally, images are associated to neither recursive tree mod-
els nor sequential structures like phrases or sentences. It is
not even feasible to define the “smallest units” of images as
to words, the counterpart of language. Therefore, different
approaches have been proposed such as convnet [19, 18] or
autoencoder [2]. In [19], a new type of neural network layer,
called the convolutiona layer, is introduced with the ability
to share parameters along the layer to featurize the input.
Similar to normal neural network layers, convolutional lay-
ers are followed by activation layers such as [9, 20] make
the model non-linear, and then probably pool layers to sam-
ple into smaller size. Similar to NLP neural models, con-
vnet is asked to give predictions specific to a problem, and
then the predicting error will be backpropagated to train the
parameters of the whole network. One can think of the final
output of a convnet as the embedding for image.

In the previous paragraph, to obtain the prediction errors,

it requires a human expert to annotate the images, usually
by classification or by giving a caption. There are alter-
nated unsupervised approach to compute image embedding,
among which the most closely related idea to our work is
autoencoder [10, 2]. In this approach, an input image is
passed through several neural network layers, such as Re-
stricted Boltzmann Machine [15] or convolutional [22] to
downsize to into a fixed length vector. This vector is then
asked to predict exactly the input image. This process may
happen in several steps, where at each step, one can make
the network output the error discrepancy from a desired re-
construction objective. The network parameters are learned
by backpropagating these errors, and the last hidden layer of
the network that is not asked to give reconstruct information
is treated as the image embedding. The intuition behind au-
toencoder is that if a smaller dimensional vector can predict
information in the image, it must carry important semantics
of the image.

2.3. Joint semantic embedding

Given that one can learn embeddings for texts and im-
ages, a natural question is whether the two are relevant. This
issue has been addressed in [32], where the distributed rep-
resentations of images and their captions are mapped into
a joint high dimension semantic space, and the similarity
between two representations are measured by their scalar
product, where larger is more similar. A more recent work
in the same direction is [6], where the authors pretrain their
word embeddings and sentence model and then use a large
margin-based loss objective to learn the embedding vectors
for images. The results of both work are functions that map
images and texts into the same semantic space, where inputs
with similar meanings have their targets in the space close to
each other, according to their corresponding metrics. These
functions can be used, for example, as a measure of similar-
ity for the image-caption relevance ranking task as well as
the image retrieval task.

This is also our objective. However, unlike [32], where
the authors have to restrict their distributed representations
to a boxed region, otherwise the scalar product can be scaled
to arbitrarily large, we use the L2 distance between the em-
bedding, which is more intuitive. Also, unlike [6], where
similarity objective is measured as a learnable quadratic
form on the embedding vectors of image and text, our L2

distance is a less general. Furthermore, compare to the
work of these authors, our work uses a much weaker vi-
sion model, yet strong textual model. Our reasoning is that
there are more text corpora that better models can be trained
unsupervised on, so we attempt using their decent result to
guide the training process of visual data, which are rarer and
usually more expensive to collect.
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3. Methods
In this section, we describe the methods used in this

work. Our objective is to map images and their captions
into a joint semantic space. This is a high dimensional
vector space, in which representatives of objects and phe-
nomena described by either visual or textual data are vec-
tors, which are also referred to as embeddings or distributed
representations. We want the vectors to satisfy, to an ex-
tent that we will quantify later, the constraint that similar
objects and phenomena are represented by vectors that are
close to each other in the space. Here, the metric for close-
ness is simply the L2 distance. We start by describing sev-
eral approaches we map sentences, and more generally, any
sequence of words, into the semantic space. These em-
beddings are learned independently from the map for im-
ages. Next, we describe our approach to map images into
the same semantic space with guiding signals from the cap-
tions of that image.

3.1. Sentence embedding

To learn the distributed representations for sentences, we
start from those of words. We train word2vec by [23] on an
English text corpus to precompute the embeddings of all
English words. As a result, we obtain for each word a D-
dimensional vector. These word vectors demonstrate many
interesting semantic implications, for example the vectorial
difference king − queen and that of man − woman are
roughly the same, i.e. they have small L2 distance from
each other. To extend word embeddings to sentence embed-
dings, we need to use a compostional model. In this work,
we use the two following ones

Average bag of words (ABOW) is the method where
we take the average of the embeddings of all the words that
appear in the sentence to be the representation of that sen-
tence. This is a simple and time-efficient approach. How-
ever, there are certainly a lot of setbacks for ABOW, among
which the most crucial is perhaps that ABOW loses all in-
formation about word order. For example, two sentences
“a dog is chasing a cat” and “a cat is chasing a dog” are
represented by the same vector in our semantic space.

Paragraph vector (PV), proposed by [16] is much more
sophisticated. The method is based on the assumption that
the representation vector of a sentence, which captures its
semantic, should be capable of predicting the words that
appear in the sentence. Given the assumption, a model is
trained to minimize the prediction error on the N -grams in
the training data. At test time, when the model sees an un-
seen sentence, a sentence vector is initialized, then trained
using the same method used at train time until it converges
to a point, which is treated as the sentence vector. PV suc-
cessfully embeds important semantic information, such as
sentiment, of sentences, and hence we expect that they give
good representation for the image captions, which is our

main objective. The PV model itself has a set of word vec-
tors trained with the model from scratch. In this work, we
use the word vectors computed by word2vec as the initial-
ization for PV and hence we just need to train other param-
eters. One of the concerns about PV that is not addressed in
[16] is the possibility that when PV sees two new sentences,
in theory, the model can return two different vectorial rep-
resentation because of the random initialization. This pos-
sibility poses a problem because we later want to use these
sentence vectors to guide the learning of process of our im-
ages. However, in one of our unpublished work [?], we have
proved that the objective function of PV is convex. This
convexity implies that one global optimal sentence vector
exists, and thus training methods such as gradient descent
should give a sentence vector close to that theoretical vec-
tor, hence eases the concern of nondeterministic sentence
vectors.

Having the two compostional models, we can ignore
their details and instead, just think of them as black boxes
that output gold sentence embeddings to guide the process
of learning image embeddings.

3.2. Autoencoder

Figure 1 illustrates our architecture for image embed-
ding. The key technique we use to compute image embed-
ding is a deep convolutional neural network. At train time,
given an image with arbitrary size, we first sample it into
a fixed size input. This input is then passed to our neu-
ral network, which consists of two convolutional-rectified
linear-pool combinations mounted in series. For simplicity,
we always use 3 × 3 size for all receptive fields and pool
size of 2. Furthermore, for reasons that will be clear later,
we adjust the architecture of our neural network such that
the result of the second pool layer has exactly D neurons.
This constraint leads to the fixed number of receptive fields
our second convolutional layer can have, which is D

W/2·H/2 ,
where W , H are the width and height of the input layer to
the network. On the other hand, we allow the first convolu-
tional layer to have any number of receptive fields.

The output of the second pool layer is straightened into a
D-dimensional vector. We will treat this vector as the repre-
sentative of our image in the aforementioned joint semantic
space with the sentences. The vector is then asked to recon-
struct the original image. The reconstruction is just a fully
connected layer, which maps theD-dimensional vector into
the space whose dimension is equal to the number of in-
put neurons into the network, and then applies an activation
function. The resulting output is compared to the original
image and their L2 distance is used as the training objective
of the whole neural network. In this fully connected layer,
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Figure 1. Autoencoder architecture to learn image embeddings.

we use the logistic sigmoid activation function

σ(x) =
1

1 + exp (−x)
(1)

instead of the rectified linear unit, for two reasons. First,
as a convention, we normalize the pixel values of the in-
put image to values in [0, 1], which is also the range of σ(·).
Compared to the rectified linear unit, which allows in the ac-
tivated output to be arbitrary large, and hyperbolic tangent,
which has range [−1, 1], σ(·) is more appropriate since it
already puts the reconstructed output of the network in the
same range with the autoencoder target. Second, one of the
most serious problem with sigmoid is that backpropagation
using it through many layers shrinks the gradient due to the
term σ · (1− σ), but here we only have one fully connected
layer, so this would not be a problem.

Our training images come with some human-annotated
captions. The natural assumption is that these captions and
the image describe the same subjects, so their embeddings
should be close to each other in the joint semantic space. To
encourage this phenomenon, we augment our training ob-
jective with the L2 distance between the second pool layer’s
output (the D-dimensional vector) with the embedding of
a sentence randomly sampled from the given sent of cap-
tions. Overall, for a sample S from the training image I
and it sample caption C(S), our model learns an embed-
ding E(S), based on which it produces the reconstructed

version R(S), and our objective function for S is

J(S) =
1

2

(
‖S −R(S)‖22 + λ ‖E(S)− C(S)‖22

)
, (2)

where ‖·‖2 is the L2 distance and λ > 0 is the parameter
that controls the focus of the model. When λ is large, the
model emphasizes that the image embedding is the same as
its caption’s; when λ is small, the model emphasizes that
the reconstructed image is faithful to the input sample.

At test time, there are two separated procedures. If our
text model is given a caption, which is essentially an ar-
bitrary sequence of words, it returns the embedding of the
sequence depending on the choice of compositional model,
either ABOW or PV. As discussed, this embedding will be
a D-dimensional vector. If our vision model is given an
image, it first samples a couple of contiguous regions from
the image. The sample size specified at train time will be
followed. Each of the sample is then passed as input to the
learned convolutional neural network to compute the dis-
tributed representation of the corresponding sample, i.e. the
output of the second pool layer. Finally, these embeddings
are averaged to obtain the embedding of the image.

4. Experiments
In this section, we describe the experiments to evaluate

our model’s performance.
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4.1. Dataset

English corpus. Our textual training set is the monolin-
gual English corpus from Europarl v7 by [14]. It consists
of 2.2M sentences. We preprocess the data by lowercasing
all characters in the corpus and filtering out all words that
appear less than 5 times. The resulting vocabulary consists
of 46K words.

Image dataset. Our image dataset is the Flickr8k pro-
vided by [11]. It consists of 8K images of various sizes,
each comes with five captions collected from Amazon Me-
chanical Turk. The dataset is also separated into 6K train
images, 1K dev images and 1K test images. We did min-
imal preprocessing to the captions by changing all the lec-
tures to lowercase. The vocabulary resulting from the pre-
procesed captions turns out to be a subset of the vocabu-
lary we learned from Europarl, with the exception of some
proper nouns such as names of people and places, which we
address to with a special token 〈unk〉, whose embedding is
the zero vector.

4.2. Training details and procedures

Since Flickr8k images have various sizes, we have to
sample their subregions to train on. We fixed our sample
size to be 64× 64. This size is relatively small compared to
the original size of many images in our data (typically 200-
300) and hence raises the concern that the sampling process
might not cover the original image. We simply overcome
the setback by sampling through more epochs. The tradeoff
is that supposed we take samples of size W × H from the
image. Then, after two convolutional-rectified linear-pool
combined layers, we end up with an image embedding of
sizeD = c×W/4×H/4, where c is the number of receptive
fields in the second convolutional layer of our network. We
want this resulting vector to live in the sameD-dimensional
space with the word (and sentence) embeddings. Reason-
able choices for word and sentence embeddings size are 50-
1000, and the choice W = H = 64 along with c = 4
gives D = 1024. Note that we also do not want smaller c
because convolutional with too few receptive fields are less
favorable, as pointed out by [3]. Last but not least, our first
convolutional layer has 64 receptive fields.

We implement both of our compostional model and im-
age model in C++. We speedup our training process with
multithreading code. Our model is trained using asyn-
chronous gradient descent [33] for 50 epochs. We have 10
samples for each image. In each epoch, for each image, the
vision model randomly picks a sample and a caption and up-
dates its corresponding parameters to minimize the training
objective with respect to the image. After each epoch, we
anneal our learning rate to encourage faster convergence.
We regularize our training procedure by dropout [29] with
probability p at each convolutional layer. Using the training
objective function evaluated on the dev images provided by

Flickr8k, we tune our three hyper-parameters: the relative
strength λ of reconstruction error with respect to caption er-
ror, the learning rate α and the dropout probability p. Our
final asset is λ = 2.8, α = 10−5 and p = 0.75.

4.3. Evaluation and result

We evaluate our learned model on two tasks: image cap-
tion ranking and image search. In the prior task, the learned
model is given one image and several captions and is asked
to rank the captions according to their degrees of relevance
to it. In the latter task, the converse process is defined:
the model is given a caption query and has to rank the im-
ages in its database also according to their degrees of rele-
vance to the query. To obtain the images and queries, we
use the Flickr8k’s 1K test images along with their 5k cap-
tions as our image and caption database respectively. Nat-
urally, our metric for relevance is the L2 distance between
the distributed representations the image and the caption,
smaller means more relevant. Our metric of evaluation is
Recall@K, the number of correct images or documents for
the query in the most relevant K items. This is the same
procedure as in previous work such as [6, 12, 28]. To eval-
uate our model, we also compare its result against those of
its handicapped versions, in particular the vision model that
is not trained along with the errors from the textual model.
In Table 1, we summarize our result and compare it against
the baselines.

5. Discussion
5.1. Learning multimodal knowledge

Compared to state of the art results on the same tasks of
ranking images and their captions, the performance of our
models is considered modest. However, our results have
some interesting implications. First and perhaps most im-
portantly, we have shown that it is possible to integrate the
autoencoder objective with a guiding objective that directs
the image embeddings learned by our model to desired po-
sitions in the semantic space. Indeed, the results in Table
for has shown that the handicapped version of our model,
without the error signals from textual data, performs no bet-
ter than random ranking. This agrees with our intuition,
because even though the model might have learned some
meaningful features from the autoencoder, there is no hope
that its interpretation on image semantics is similar to that
of a textual model trained independently.

On the other hand, compared to modern autoencoder
networks such as [17, 22], our vision model with two
convolutional-rectified linear-pool is very small, implying
the weakness in learning abstract high-level features. How-
ever, the tradeoff is that we have a decent textual model:
the word2vec word embeddings and the PV model are both
state of the art methods in the field [23, 16], and in our ex-
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Model Annotation Ranking Image Ranking
R@1 R@5 R@10 R@1 R@5 R@10

Random ranking 0.1 0.6 1.1 0.1 0.5 1.0
Socher et al. [28] 4.5 18.0 28.6 6.1 18.5 29.0
DiViSE [6] 4.8 16.5 27.3 5.9 20.1 29.6
SDT-RNN [28] 6.0 22.7 34.0 6.6 21.6 31.7
Karpathy et al. [12] 12.6 32.9 44.0 9.7 29.6 42.5
Autoencoder † 0.2 0.5 1.3 0.1 0.6 1.4
† + ABOW 2.0 9.7 12.1 2.5 10.7 13.8
† + PV 3.1 11.3 15.2 4.2 12.2 17.6

Table 1. Recall@K results on Flickr8k. Autoencoder is our visual model without error signals from the L2 distance between second pool
layer and the caption, and the compositional model is ABOW.

λ Annotation R@1 Image R@1
0.5 0.7 1.8
1.0 1.2 2.2
2.0 2.4 3.7
3.5 3.1 4.1
10 2.6 3.2

Table 2. Performance of Autoencoder+PV models with different
λ. Too large values of λ is not as good because with those values,
the model just simply learns to map images into the embeddings
of their captions. This is nice, but in our settings, at each training
epoch, the model only sees one sample and one caption per image,
so they might be inconsistent, particularly with small sample size.

periments, these models are trained on carefully processed
corpus. Thus, the textual knowledge of our model is de-
cent. This knowledge is used to guide the training of the
vision model, giving 15× improve of results from the au-
toencoder alone to autoencoder with guiding PV model, as
shown. We quantify this claim with the comparisons of the
results across the Autoencoder+PV model, with different
values of λ, the parameters that control whether our objec-
tive should focus on optimizing the autoencoder error or the
embedding discrepancy error.

5.2. Pros and cons of image sampling

As discussed earlier, we sample our input images to so
that it can be input into a network with hard-coded input
size. We have identified two main the disadvantages of
our sampling method: (1) the samples might not cover the
whole image and more seriously, leaving out important in-
formation; (2) the network cannot operate on images whose
either width our height is less than the sample size (ours
is 64). On the other hand, the advantage is that we can
manually retrieve our desired parts of the image and investi-
gate the the knowledge learned by our model. For example,
we plot the distributed representations of the image samples
shown in Figure 2 after PCA them into 2-dimensional plane
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Figure 2. First row: crops of children faces, numbered 1-4. Second
row: crops of dog faces, numbered 5-8. We plot the distributed
representations of these images and those of the words: baby, kid,
child, dog, enfant, and canine. The last two words are not pre-
sented in any caption of Flickr8k, but they are in our English cor-
pus, so our model still learns their word embeddings. The plot is
self-explained.

using t-SNE [31].

5.3. Directions for improvement

Finally, our framework, autoencoder with textual error
signals, can give better performance, should the architec-
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ture is more sophisticated. Two improvements that be made
include: (1) more convolutional-rectified linear-pool com-
bined layers and (2) more fully connected layers in the re-
construction process. The first direction also allows the out-
put of the last pool layer to have smaller size relative to the
input layer, leading to the feasibility of larger sample size
and perhaps, more receptive field in the last convolutional
layer, which leads to better capability of the model to ab-
stract its visual knowledge. However, given the time con-
straint and the scope of this project, we leave these direc-
tions as future work.

6. Conclusion

In summary, we have described our approach to learn the
distributed representations of images and arbitrary word se-
quences. We have also shown that the representations of
images of similar objects and of text sequences of the same
meanings are related by their small L2 distance from each
other in the joint semantic space. Our work implies that
multimodal knowledge from decent textual models can in-
deed aid the learning process of a weak visual model. Mov-
ing forward, we have proposed numerous ideas to improve
the current model’s performance. We believe that if our tex-
tual model is combined with a strong visual model, it is pos-
sible to achieve much better performances on various tasks.
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