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Cross-Modal Scene Networks
Yusuf Aytar*, Lluis Castrejon*, Carl Vondrick, Hamed Pirsiavash, Antonio Torralba

Abstract—People can recognize scenes across many different modalities beyond natural images. In this paper, we investigate how to
learn cross-modal scene representations that transfer across modalities. To study this problem, we introduce a new cross-modal scene
dataset. While convolutional neural networks can categorize scenes well, they also learn an intermediate representation not aligned
across modalities, which is undesirable for cross-modal transfer applications. We present methods to regularize cross-modal
convolutional neural networks so that they have a shared representation that is agnostic of the modality. Our experiments suggest that
our scene representation can help transfer representations across modalities for retrieval. Moreover, our visualizations suggest that
units emerge in the shared representation that tend to activate on consistent concepts independently of the modality.

Index Terms—cross-modal perception, domain adaptation, scene understanding.
* denotes equal contribution.
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1 INTRODUCTION

CAN you recognize the scenes in Figure 1, even though
they are depicted in different modalities? Most people

have the capability to perceive a concept in one modality,
but represent it independently of the modality. This cross-
modal ability enables people to perform some important
abstraction tasks, such as learning in different modalities
(cartoons, stories) and applying them in the real-world.

Unfortunately, visual representations do not yet have
this cross-modal capability. Standard approaches typically
learn a separate representation for each modality, which
works well when operating within the same modality.
However, the representations learned are not aligned across
modalities, which makes cross-modal transfer difficult.

Two modalities are strongly aligned if, for two images
from each modality, we have paired data and correspon-
dence at the level of objects. In contrast, weak alignment is if
we have only unpaired data and a coarse global label that is
shared across both images. For instance, if we have a picture
of a bedroom and a line drawing of a different bedroom, the
only thing that we know is shared across these two images
is the scene type. However, they will differ in the objects
and viewpoint inside.

In this paper, our goal is to learn a representation for
scenes that has strong alignment without using paired data.
We seek to learn representations that will connect objects
(such as bed, car) across modalities (e.g., a picture of a car,
a line drawing of a car, and the word “car”) without ever
specifying that such a correspondence exists.

To investigate this, we assembled a new cross-modal
scene dataset, which captures hundreds of natural scene
types in five different modalities, and we show a few ex-
amples in Figure 1. Using this dataset and only annotations
of scene categories, we propose to learn an aligned cross-
modal scene representation.
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We present two approaches to regularize cross-modal
convolutional networks so that the intermediate represen-
tations are aligned across modalities, even when only weak
alignment of scene categories is available during training.
Figure 2 visualizes the representation that our full method
learns. Notice that our approach learns hidden units that
activate on the same object, regardless of the modality.
Although the only supervision is the scene category, our
approach enables alignment to emerge automatically.

Our approach builds on a foundation of domain adap-
tation [38], [18] and multi-modal learning [15], [32], [39]
methods in computer vision. However, our focus is learn-
ing cross-modal representations when the modalities are
significantly different (e.g., text and natural images) and
with minimal supervision. In our approach, the only su-
pervision we give is the scene category, and no alignments
nor correspondences are annotated. To our knowledge, the
adaptation of intermediate representations across several
extremely different modalities with minimal supervision
has not yet been extensively explored.

We believe cross-modal representations can have a large
impact on several computer vision applications. For exam-
ple, data in one modality may be difficult to acquire for
privacy, legal, or logistic reasons (eg, images in hospitals),
but may be abundant in other modalities, allowing us to
train models using accessible modalities. In search, users
may wish to retrieve similar natural images given a query
in a modality that is simpler for a human to produce (eg,
drawing or writing). Additionally, some modalities may be
more effective for human-machine communication.

Our experiments suggest our network is learning an
aligned cross-modal representation without paired data. We
show four main results. Firstly, we show that our method
enables better representations for cross-modal retrieval than
a fine-tuning approach. Secondly, we experimented with
zero-shot recognition and retrieval using our representation,
and results suggest our approach can perform well even
when training data for that category is missing for some
modalities. Thirdly, we visualize the internal activations of
our network, and we demonstrate that units automatically
emerge that activate on high-level concepts agnostic of the
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There is a bed with a striped bedspread. Beside 
this is a nightstand with a drawer. There is also a 
tall dresser and a chair with a blue cushion. On 
the dresser is a jewelry box and a clock.

I am inside a room surrounded by my favorite 
things. This room is filled with pillows and a 
comfortable bed. There are stuffed animals 
everywhere. I have posters on the walls. My 
jewelry box is on the dresser.

Real Clip art Sketches Spatial text Descriptions

There are brightly colored wooden tables with 
little chairs. There is a rug in one corner with 
ABC blocks on it. There is a bookcase with 
picture books, a larger teacher's desk and a 
chalkboard.

The young students gather in the room at their 
tables to color. They learn numbers and letters 
and play games. At nap time they all pull out 
mats and go to sleep.

Fig. 1: Can you recognize scenes across different modalities? Above, we show a few examples of our new cross-modal
scene dataset. In this paper, we investigate how to learn cross-modal scene representations.

modality. Finally, we show that our learned representation
enables us to reconstruct images across other modalities.

The remainder of this paper describes and analyzes our
cross-modal representations in detail. In section 2, we first
discuss related work that our work builds upon. In section 3,
we introduce our new cross-modal scene dataset. In section
4, we present two complementary approaches to regularize
convolutional networks so that intermediate representations
are aligned across modalities. In section 5, we present our
visualizations and experiments in cross-modal transfer.

2 RELATED WORK

Domain Adaptation: Domain adaptation techniques ad-
dress the problem of learning models on some source data
distribution that generalize to a different target distribu-
tion. [38] proposes a method for domain adaptation us-
ing metric learning. In [18] this approach is extended to
work on unsupervised settings where one does not have
access to target data labels, while [41] uses deep CNNs
instead. [12] learns a transformation between source and
target subspaces and utilizes that for domain adaptation.
[40] shows the biases inherent in common vision datasets
and [23] proposes models that remain invariant to them.
[28] learns an aligned representation for domain adaptation
using CNNs and the MMD metric. Our method differs
from these works in that it seeks to find a cross-modal
representations between highly different modalities instead
of modelling close domain shifts.

One-Shot/Zero-Shot Learning: One-shot learning tech-
niques [11] have been developed to learn classifiers from
a single or a few examples, mostly by reusing classifier
parameters [13], using contextual information [30], [20] or
sharing part detectors [4]. In a similar fashion, zero-shot
learning [27], [34], [10], [3], [43] addresses the problem
of learning new classifiers without training examples in a
given domain, by using additional knowledge in the form
of textual descriptions or attributes. The goal of our method
is to learn aligned representations across domains, which
could be used for zero-shot learning.

Cross-modal content retrieval and multi-modal embed-
dings: Large unannotated image collections are difficult to
explore, and retrieving content given fine-grained queries
might be a difficult task. A common solution to this issue is
to use query examples from a different modality in which it
is easy to express a concept (such as a clip art images, text
or a sketches) and then rank the images in the collection
according to their similarity to the input query. Matching
can be done by establishing a similarity metric between
content from different domains. [9] focuses on recovering
semantically related natural images to a given sketch query
and [44] uses query sketches to recover 3D shapes. [21] uses
an MRF of topic models to retrieve images using text, while
[36] models the correlations between visual SIFT features
and text hidden topic models to retrieve media across both
domains. CCA [19] and variants [37] are commonly em-
ployed methods in cross-modal content retrieval. Another
possibility is to learn a joint embedding for images and text
in which nearest neighbors are semantically related. [15],
[32] learn a semantic embedding that joins representations
from a CNN trained on ImageNet and distributed word rep-
resentations. [24], [46] extend them to include a decoder that
maps common representations to captions. [39] maps visual
features to a word semantic embedding. Our method learns
a joint embedding for many different modalities, including
different visual domains and text. Another group of works
incorporate sound as another modality [31], [33], [1]. Our
joint representation is different from previous works in that
it is initially obtained from a CNN and sentence embeddings
are mapped to it. Furthermore, we do not require explicit
one-to-one correspondences across modalities.

Learning from Visual Abstraction: [49] introduced cli-
part images for visual abstraction. The idea is to learn
concepts by collecting data in the abstract world rather than
the natural images so that we are not affected by mistakes in
mid-level recognition such as incorrect objection detections.
[14] learns dynamics and [50] learns sentence phrases in this
abstract world and transfer them to natural images. Our
work can complement this effort by learning models in a
representation space that is invariant to modality.
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Fig. 2: We learn low-level representations speci�c for each modality (white and grays) and a high-level representation
that is shared across all modalities (red). Above, we also show masks of inputs that activate speci�c units the most [47].
Interestingly, although the network is trained without aligned data, units emerge in the shared representation that tend to
�re on the same objects independently of the modality.

3 CROSS-MODAL PLACES DATASET

We assembled a new dataset1 to train and evaluate cross-
modal scene recognition models called CMPlaces. It covers
�ve different modalities: natural images, line drawings,
cartoons, text descriptions, and spatial text images. We show
a few samples from these modalities in Figure 1. Each
example in the dataset is annotated with a scene label. We
use the same list of 205 scene categories as Places [48],
which is one of the largest scene datasets available today.
Hence, the examples in our dataset span a large number
of natural situations. Note that the examples in our dataset
are not paired between modalities since our goal is to learn
strong alignments from weakly aligned data. Furthermore,
this design decision eased data collection.

We chose these modalities for two reasons. Firstly, since
our goal is to study transfer across signi�cantly different
modalities, we seek modalities with different statistics to
those of natural images (such as line drawings and text).
Secondly, these modalities are easier to generate than real
images, which is relevant to applications such as image
retrieval. For each modality we select 10 random examples
in each of the 205 categories for the validation set and
the rest for the training set, except for natural images for
which we employ the training and validation splits from
[48] containing 2.5 million images.

Natural Images: We use images from the Places 205
Database [48] to form the natural images modality.

Line Drawings: We collected a new database of sketches
organized into the same 205 scene categories through Ama-
zon Mechanical Turk (AMT). The workers were presented
with the WordNet description of a scene and were asked to
draw it with their mouse. We instructed workers to not write
text that identi�es the scene (such as a sign). We collected
14,830 training examples and 2,050 validation examples.

Descriptions: We also built a database of scene descrip-
tions through AMT. We once again presented users with the
WordNet de�nition of a scene, but instead we asked them

1. Dataset is available at http://projects.csail.mit.edu/cmplaces/

to write a detailed description of the scene that comes to
their mind after reading the de�nition. We speci�cally asked
the users to avoid using trivial words that could easily give
away the scene category (such as writing “this is a bed-
room”), and we encouraged them to write full paragraphs.
We split our dataset into 9,752 training descriptions and
2,050 validation descriptions. We believe Descriptionsis a
good modality to study as humans communicate easily in
this modality and allows to depict scenes with great detail,
making it an interesting but challenging modality to transfer
between.

Clip Art: We assembled a dataset of clip art images
for the 205 scene categories de�ned in Places205. Clip art
images were collected from image search engines by using
queries containing the scene category and then manually
�ltered. This dataset complements other cartoon datasets
[49], but focuses on scenes. We believe clip art can be an
interesting modality because they are readily available on
the Internet and depict everyday situations. We split the
dataset into 11,372 training and 1,954 validation images
(some categories had less than 10 examples).

Spatial Text: Finally, we created a dataset that combines
images and text. This modality consists of an image with
words written on it that correspond to spatial locations
of objects. We automatically construct this dataset using
images from SUN [45] and its annotated objects. We created
456,300 training images and 2,050 validation images. This
modality has an interesting application for content retrieval.
By learning a cross-modal representation with this modality,
users could use a user interface to write the names of objects
and place them in the image where they want them to
appear. Then, this query can be used to retrieve a natural
image with a similar object layout.

4 CROSS-MODAL SCENE REPRESENTATION

In this section we describe our approach for learning cross-
modal scene representations. Our goal is to learn a strongly
aligned representation for the different modalities in CM-
Places. Speci�cally, we want to learn a representation in




