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Chapter 1

Introduction

Replicating the human ability to connect vision and language has recently been
gaining a lot of attention in computer vision, artificial intelligence, and natural
language processing, resulting in new models and architectures capable of auto-
matically describing images with textual descriptions. This task, called image
captioning, requires not only to recognize salient objects in an image and under-
stand their interactions, but also to verbalize them using natural language, which
makes itself very challenging. In this thesis, we present state-of-the-art solutions
for the aforementioned problems covering all aspects involved in the generation
of natural sentences, starting from the prediction of which parts of the image are
salient for human eyes and then moving to the development of image captioning
models.

When humans describe a scene, they look at an object before naming it in
a sentence, as selective mechanisms attract their gaze on salient and relevant
parts of the scene. Motivated by the importance of automatically estimating the
human focus of attention on images, the first part of the dissertation introduces two
different saliency prediction models based on deep neural networks. In the first
model, presented in Sec. 3.1, we use a combination of image features extracted
at different levels of a convolutional neural network to estimate the saliency of
an image. In the second model, introduced in Sec. 3.2, we instead employ a
recurrent architecture together with neural attentive mechanisms that focus on the
most salient regions of the input image to iteratively refine the predicted saliency
map. We experimentally validate both solutions on different saliency benchmarks
demonstrating their effectiveness with respect to several other methods designed
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CHAPTER 1. INTRODUCTION

for this task (Sec. 3.3 and 3.4).
Despite saliency prediction identifies the most relevant regions of an image, it

has rarely been incorporated in a captioning architecture, even though this type of
supervision could improve image captioning performance. Following this intuition,
in Sec. 4.1, we show how incorporating saliency prediction to effectively enhance
the quality of image descriptions and introduce a captioning model that extends the
classical machine attention paradigm in order to take into account salient regions
as well as the context of the image. Inspired by the recent advent of fully-attentive
models, in Sec. 4.2, we instead investigate the use of the Transformer model in
image captioning and we propose a novel captioning architecture in which the
recurrent relation is abandoned in favor of the use of self-attention. Experimental
results show that our solution is able to achieve a new state of the art for standard
image captioning reaching the first place of the public leaderboard of the most
important captioning benchmark.

In addition to the use of fully-attentive models, the captioning task has achieved
strong improvements also thanks to modern training strategies based on rein-
forcement learning and attentive mechanisms over image regions. Nevertheless,
standard captioning approaches provide no way of controlling which regions are
described and what importance is given to each region. This lack of controllability
creates a distance between humans and machine intelligence, as humans can man-
age the variety of ways in which an image can be described and select the most
appropriate one depending on the task and the context at hand. Most importantly,
this also limits the applicability of captioning algorithms to complex scenarios in
which some control over the generation process is needed. To explicitly address
these shortcomings, in Sec. 5.1, we present an image captioning model that can
generate diverse natural language captions depending on a control signal that
can be given either as a sequence or as a set of image regions which need to be
described. We experimentally validate our proposal and we demonstrate that our
method achieves state-of-the-art performances on controllable image captioning,
in terms of both caption quality and diversity of generated textual descriptions.
On a related line, we also explore another possible application scenario of con-
trollable captioning, i.e. that of naming characters in movies with their proper
names (Sec. 5.2). This task not only requires to detect, track, and recognize
people within a set of characters, but also to have a form of conditioning of the
language model which is in charge of generating the textual description enriched
by character names. To this aim, we introduce a novel dataset that links character
names mentioned in the movie captions to their visual appearances, and we de-
velop different multimodal approaches which can solve the naming problem from
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already generated captions.
In the last part of the thesis, we present different solutions for cross-modal

retrieval, another task related to vision and language that consists of finding images
corresponding to a given textual query and, vice versa, identifying textual elements
which describe a given query image. In particular, we first cast the problem of
cross-modal retrieval as that of learning a translation between the textual and
visual domain with a reconstruction objective that keeps the overall process cycle-
consistent (Sec. 6.1). Then, in Sec. 6.2, we show the application of retrieval
techniques in a challenging scenario, i.e. that of digital humanities and cultural
heritage, obtaining promising results using semi-supervised approaches.

Activities carried out during the Ph.D.
Beside the research activities described in this thesis, and those briefly summarized
in Appendix A, I also took part in other teaching and service activities, which
are reported below together with a list of attended conferences and schools. The
complete list of my publications is instead reported in Appendix B.
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University of Modena and Reggio Emilia (2019).
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Germany), 2018.

• Runner-up, best paper award at International Summer School on Artificial
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Chapter 2

Literature survey

In this chapter, we provide an overview of the most important research works
related to the tasks tackled in this thesis. In details, we first review the literat-
ure related to saliency prediction (Sec. 2.1), then we move to image and video
captioning (Sec. 2.2), and we finally focus on cross-modal retrieval (Sec. 2.3).

2.1 Saliency prediction
In this section, we provide a brief overview of image and video saliency models
proposed before and after the advent of deep learning. For a comprehensive
analysis of saliency literature, we refer the reader to different surveys published
on this topic which focus on traditional saliency prediction methods [16] and on
saliency models based on deep neural networks [15].

2.1.1 Image saliency

Pioneering works on saliency prediction were based on the Feature Integration
Theory proposed by Treisman et al. [188] in the eighties. Itti et al. [81] defined
the first computational model to predict saliency on images: this work, inspired
by Koch and Ullman [96], computed a set of individual topographical maps
representing low-level cues such as color, intensity and orientation and combined
them into a global saliency map. After this seminal work, a large variety of methods
explored the same idea of combining complementary low-level features [19, 61,
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42] and often included additional center-surround cues [137, 235]. Other methods
enriched predictions exploiting semantic classifiers for detecting higher level
concepts such as faces, people, cars, and horizons [24, 89, 238, 51, 14].

Only in the last few years, thanks to the large spread of deep learning tech-
niques, the saliency prediction task has achieved a considerable improvement. One
of the first proposals has been the Ensemble of Deep Networks (eDN) model by
Vig et al. [199]. This model consists of three convolutional layers followed by a
linear classifier that blends feature maps coming from the previous layers. After
this work, Kümmerer et al. [103, 105] proposed two deep saliency prediction
networks: the first, called DeepGaze I, was based on the AlexNet model [99],
while the second, DeepGaze II, was built upon the VGG-19 network [168]. Liu et
al. [119] presented a multi-resolution CNN (Mr-CNN) fine-tuned over image
patches centered on fixation and non-fixation locations.

It is well known that deep learning approaches strongly depend on the avail-
ability of sufficiently large datasets. The publication of a large-scale eye-fixation
dataset, SALICON [84], indeed contributed to a big progress of deep saliency
prediction models. Huang et al. [75] introduced an architecture consisting of
a deep neural network applied at two different image scales. They compared
different standard CNN architectures such as AlexNet [99], VGG-16 [168] and
GoogleNet [179], in particular showing the effectiveness of the VGG network.

After this work, several deep saliency models based on the VGG network have
been published [100, 141, 82, 101, 182, 140, 37]. Recently, Pan et al. [140] intro-
duced SalGAN, a deep network for saliency prediction trained with adversarial
examples. As all other Generative Adversarial Networks, it is composed of two
modules, a generator and a discriminator, which combine efforts to produce sa-
liency maps. Liu et al. [118], instead, employed the ResNet [64] architecture
to extract feature maps from the input image and proposed a model that simul-
taneously incorporates global and scene contexts to infer image saliency thanks
to a deep spatial contextual LSTM which scans the image both horizontally and
vertically.

2.1.2 Video saliency
When considering video inputs, saliency estimation is quite different with respect
to still images. Indeed, motion is a key factor that strongly attracts human attention.
Accordingly, some video saliency models paired bottom-up feature extraction with
a further motion estimation step, that can be performed either by means of optical
flow [239] or feature tracking [234]. Somehow differently, some models have
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been proposed to force the coherence of bottom-up features across time. In this
setting, previous works addressed feature extraction both in a supervised [130]
and unsupervised [209] fashion, whereas temporal smoothness of output maps can
be achieved through optical flow motion cues [239] or explicitly conditioning the
current map on information from previous frames [162].

As discussed for the image saliency setting, the representation capability of
deep learning architectures, along with large labeled datasets, can yield better
results. However, only a few video saliency models based on deep neural net-
works have been proposed [11, 176, 54, 208]. Among them, Bazzani et al. [11]
introduced a video saliency model based on a recurrent architecture that iteratively
updates its hidden state over time and emits the saliency map at each step by means
of a Gaussian Mixture Model.

2.2 Automatic captioning
In this section, we review the literature related to image and video captioning. In
particular, we give an overview of standard image captioning (Sec. 2.2.1) starting
from recurrent-based captioning models and then moving toward fully-attentive
approaches. Moreover, we provide a brief description of two other related lines of
works: saliency-boosted captioning, and grounded and diverse image description.
Finally, we review video captioning approaches mainly focusing on the task of
linking visual tracks in the context of movies and TV series to the proper character
names (Sec. 2.2.2).

2.2.1 Image captioning

A broad collection of methods have been proposed in the field of image captioning
in the last few years. Earlier captioning approaches were based on the genera-
tion of simple templates, filled by the output of an object detector or attribute
predictor [170, 224]. With the advent of deep neural networks, most captioning
techniques have employed RNNs as language models and used the output of one or
more layers of a CNN to encode visual information and condition language genera-
tion [202, 155, 38, 87]. On the training side, while initial methods were based on a
time-wise cross-entropy training, a notable achievement has been made with the in-
troduction of Reinforcement Learning, which enabled the use of non-differentiable
caption metrics as optimization objectives [155, 152, 120]. On the image encoding
side, instead, single-layer attention mechanisms have been adopted to incorporate
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spatial knowledge, initially from a grid of CNN features [216, 123, 228], and then
using image regions extracted with an object detector [4, 146, 124]. To further
improve the encoding of objects and their relationships, Yao et al. [226] have
proposed to use a graph convolution neural network in the image encoding phase
to integrate semantic and spatial relationships between objects. On the same line,
Yang et al. [223] used a multimodal graph convolution network to modulate scene
graphs into visual representations.

Despite their wide adoption, RNN-based models suffer from their limited
representation power and sequential nature. After the emergence of convolutional
language models, which have been explored for captioning as well [6], new
fully-attentive paradigms [192, 35, 174] have been proposed and achieved state-of-
the-art results in machine translation and language understanding tasks. Likewise,
some recent approaches have investigated the application of the Transformer
model [192] to the image captioning task.

In a nutshell, the Transformer comprises an encoder made of a stack of self-
attention and feed-forward layers, and a decoder which uses self-attention on
words and cross-attention over the output of the last encoder layer. Herdade et
al. [67] used the Transformer architecture for image captioning and incorporated
geometric relations between detected input objects. In particular, they computed an
additional geometric weight between object pairs which is used to scale attention
weights. Liu et al. [111] used the Transformer in a model that exploits visual
information and additional semantic knowledge given by an external tagger. On a
related line, Huang et al. [74] introduced an extension of the attention operator in
which the final attended information is weighted by a gate guided by the context.
In their approach, a Transformer-like encoder was paired with an LSTM decoder.

Saliency and captioning

Only a few other previous works have investigated the contribution of human
eye fixations to generate image descriptions [173, 151, 183]. The first work that
has explored this idea was that proposed in [173] which presented an extension
of a neural attentive captioning architecture. In particular, the proposed model
incorporates human fixation points (obtained with eye-tracking devices) instead
of computed saliency maps to generate image captions. This kind of strategy
mainly suffers of the need of having both eye fixation and caption annotations.
Currently, only the SALICON dataset [84], being a subset of the Microsoft COCO
dataset [116], is available with both human descriptions and saliency maps.

Ramanishka et al. [151], instead, introduced an encoder-decoder captioning
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model in which spatiotemporal heatmaps are produced for predicted captions and
arbitrary query sentences without explicit attention layers. They refer to these
heatmaps as saliency maps, even though they are internal representations of the
network, not related with human attention.

Inspired by the relation between saliency, object importance, and language
previously studied for scene understanding [233, 232], the approach presented
in [183] explores if image descriptions, by humans or models, agree with saliency
and if saliency can benefit image captioning. To this end, they proposed a caption-
ing model in which image features are boosted with the corresponding saliency
map by exploiting a moving sliding window and mean pooling as aggregation
strategies. On a related line, a novel work has been recently presented to study
the differences in human attention during free-viewing and image captioning
tasks [66].

Grounded and diverse captioning

More principled approaches have been proposed for grounding a caption on the
image [149, 158, 73, 87, 72]. Among these models, DenseCap [87] generates
multiple descriptions for the same image, each of them describing a specific image
region. Further, the Neural Baby Talk approach [124] extends the attentive model
in a two-step design in which a word-level sentence template is firstly generated
and then filled by object detectors with concepts found in the image.

Another related line of work is that of generating diverse descriptions. Some
works have extended the beam-search algorithm to sample multiple captions
from the same distribution [200, 3], while different GAN-based approaches have
also appeared [33, 167, 206]. Most of these improve on diversity, but suffer on
accuracy and do not provide controllability over the generation process. Others
have conditioned the generation with a specific style or sentiment [131, 132, 47].
Deshpande et al. [34], instead, proposed a diverse image captioning model which
uses a control input as a sequence of part-of-speech tags. This approach, while
generating diversity, is hardly employable to effectively control the generation of
the sentence.

2.2.2 Video captioning
The generation of natural language descriptions of visual content has received large
interest also in the context of user-generated videos [38] and movie clips [159,
196]. First approaches described the input video through mean-pooled CNN
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features [197] or sequentially encoded by a recurrent layer [38, 196]. This strategy
was then followed by the majority of video captioning approaches, either by
incorporating attentive mechanisms [225] in the sentence decoder, by building a
common visual-semantic embedding [143], or by adding external knowledge with
language models [195] or visual classifiers [159].

Recent video captioning models have improved both components of the
encoder-decoder approach by significantly changing their structure. Yu et al. [231]
focused on the sentence decoder and proposed a hierarchical model containing
a sentence and a paragraph generator. In particular, the sentence generator pro-
duces one simple short sentence that describes a specific short video interval by
exploiting both temporal and spatial attention mechanisms. In contrast, Pan et
al. [142] concentrated on the video encoding stage and introduced a hierarchical
recurrent encoder to exploit temporal information of videos. In [10], instead,
authors proposed a modification of the LSTM cell able to identify discontinuity
points between frames or segments and to modify the temporal connections of the
encoding layer accordingly.

On a different note, Krishna et al. [97] introduced the task of dense-captioning
events, which involves both detecting and describing events in a video, and pro-
posed a new model able to identify events of a video while simultaneously describ-
ing the detected events in natural language.

Linking visual tracks to names

One of the work presented in this thesis addresses the problem of identifying
characters in movies or TV series with the final goal of generating a textual de-
scription containing characters’ proper names (Sec. 5.2). In this context, computer
vision researchers principally focus on linking people with their names by tracking
faces in the video and assigning names to them [12, 43, 150, 169, 180]. For
example, [43, 169] tackled this problem by automatically aligning subtitles and
script texts of movies and TV series. In particular, Everingham et al. [43] aimed to
associate speaker names present in the movie scripts to the correct faces appearing
in the movie clips by detecting face tracks with lip motion. Sivic et al. [169]
extended the previous work, limited in classifying frontal faces, by adding the
detection and recognition of characters in profile views, improving the overall
performance.

In [180], each TV series episode is instead modelled as a Markov Random
Field, integrating cues from face, speech, and clothing. Bojanowski et al. [12]
proposed a method to extract actor/action pairs from movie scripts and used them
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as constraints in a discriminative clustering framework. In [150], authors intro-
duced a joint model for person naming and co-reference resolution which consists
in resolving the identity of ambiguous mentions of people such as pronouns (e.g.
“he” or “she”) and nominals (e.g. “man”).

Recently, Rohrbach et al. [161] addressed the problem of generating video
descriptions with grounded and co-referenced people by proposing a deeply-
learned model. This task aims at predicting the spatial location in which a given
character appears, and at producing captions with proper names in the correct
place. Miech et al. [134], instead, addressed the problem of weakly supervised
learning of actions and actors from movies by applying an online optimization
algorithm based on the Block-Coordinate Frank-Wolfe method. Finally, in [86]
an end-to-end system for detecting and clustering faces by identity in full-length
movies is proposed. However, this approach is far from the aforementioned works
as it only aimed at clustering face tracks without naming the corresponding movie
characters.

Several other methods have been proposed towards understanding social as-
pects of movies and TV series scenes for either classifying different types of
interactions [145] or predicting whether people are looking at each other [36, 129].
As an example, Vicol et al. [198] introduced a novel dataset which provides graph-
based annotations of social situations appearing in movie clips to capture who is
present in the clip, their emotional and physical attributes, their relationships, and
the interactions between them.

2.3 Cross-modal retrieval

Matching visual data and natural language is a challenging task in computer vision
and multimedia. Since visual and textual data belong to two distinct modalities,
one of the first approaches [94] has been that of generating a joint visual-semantic
embedding space in which images and sentences could be compared. Even if other
approaches exist, currently this is still one of the most commonly used solutions.

Following this line, [45] introduced a modification of the Hinge-based loss
function to exploit hard negatives, i.e. worst matching pairs, during training. This
has demonstrated to be effective to improve cross-modal retrieval performance and
has been used in almost all subsequent works [41, 58, 77, 109]. Further, Wang et
al. [205] used a two-branch network composed of an embedding and a similarity
branch: while the embedding network translates image and text into a feature
representation, the similarity network predicts how well the feature representations
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match. Differently, Dong et al. [39] suggested to tackle the retrieval problem
exclusively in the visual space, introducing a deep neural model that learns to
predict a visual feature representation from textual input.

Inspired by the use of multiple image descriptors to improve related visual-
semantic tasks [4, 218], Lee et al. [109] have recently proposed a stacked cross-
attention mechanism that matches images and textual descriptions by learning a
latent correspondence between detected regions and words of the caption. Wang et
al. [212] extended this model by integrating an encoding of the relative position
of image regions, which has proven to further enhance the learning of the joint
embedding. On the same line, Li et al. [112] proposed a reasoning model based on
graph convolutional networks to generate a visual representation that captures key
objects and semantic concepts of a scene. All of these supervised methods have
been proven effective when trained on large scale datasets, and are not designed to
work with scarce data.

Only a few works have instead applied image-text matching strategies to
artistic data. Among them, Garcia et al. [48] used additional metadata such as title,
author, genre, and period of the paintings to find corresponding image-text pairs.
While this model matches images and textual descriptions in a supervised way, in
this thesis we also address the problem in a semi-supervised setting, adapting the
knowledge learned on a given source domain to align images and text belonging
to a different target domain and without directly training the model on the target
domain. This solution, which is known as domain adaptation, has been used in a
wide variety of applications such as image classification [122], semantic segmenta-
tion [70, 28], object detection [80, 27], and image captioning [26, 222]. Typically,
it is addressed by minimizing the distance between feature space statistics of
the source and target, or by using domain adversarial objectives where a domain
classifier is trained to distinguish between the source and target representations.
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Chapter 3

Saliency prediction

Visual cognition science has shown that humans, when observing a scene without
a specific task to perform, do not focus on each region of the image with the
same intensity. Instead, attentive mechanisms guide their gazes on salient and
relevant parts [156]. Emulating such selective visual mechanisms has been studied
for more than 80 years by neuroscientists [20] and more recently by computer
vision researches [81]. In this context, computational saliency has proven to be
effective for a wide range of applications like image retargeting [165], object re-
cognition [203], video compression [60], tracking [127], and other data-dependent
tasks such as image captioning [173, 183].

Traditionally, algorithms for saliency prediction focused on identifying the
fixation points that human viewers would focus on at first glance. Others have
concentrated on highlighting the most important object regions in an image [110,
220, 83]. In this chapter, we focus on the first type of saliency models, that try to
predict eye fixations over an image.

Inspired by biological studies, researchers have defined hand-crafted and
multi-scale features that capture a large spectrum of stimuli: lower-level features
(color, texture, contrast) [81, 61] or higher-level concepts (faces, people, text,
horizon) [89]. However, given the large variety of aspects that can contribute to
define visual saliency, it is difficult to design approaches that combine all these
hand-tuned factors in an appropriate way.

In recent years, deep learning techniques have shown impressive results in

This chapter is related to publications [1, 2, 6, 7, 8, 9] reported in Appendix B, by the author of
the thesis. See Appendix B for details.
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Image Fixations Ground-truth Predictions

Figure 3.1: Visual saliency prediction aims at predicting where humans gazes will
focus on a given image. Ground-truth data is collected by means of eye-tracking
glasses or mouse clicks to get eye fixation points, which are then smoothed together
to obtain the ground-truth saliency map.

several vision tasks. Motivated by these achievements, first attempts to predict
saliency map with deep convolutional networks have been performed [199, 103].
These solutions suffered from the small amount of training data compared to
the ones available in other contexts requiring the usage of limited number of
layers or the usage of pre-trained architectures generated for other tasks. With
the publication of a large scale saliency prediction dataset (i.e. SALICON [75]),
collected thanks to crowd-sourcing techniques, saliency prediction has achieved a
strong improvement resulting in several architectures based on deep learning [100,
141, 82, 140].

Although the use of deep learning techniques helps to go beyond the limita-
tions of hand-crafted models, we are the first that investigate the incorporation
of machine attention models [216, 56, 192] in saliency prediction. Machine at-
tention [216] is a computational paradigm which sequentially attends to different
parts of an input. This is usually achieved by exploiting a recurrent neural network,
and by defining a compatibility measure between its internal state and regions of
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the input. This paradigm has been successfully applied to image captioning [216]
and machine translation [30] to selectively focus on different parts of a sentence,
and to action recognition [114] to focus on the relevant parts of a spatio-temporal
volume. We argue that machine attention can also be effective for saliency pre-
diction, as a powerful way to process saliency-specific features and to obtain an
enhanced prediction.

Moreover, it is well known that when observers view complex scenes presented
on computer monitors, there is a strong tendency to look more frequently around
the center of the scene than around the periphery [181, 190]. This has been
exploited in past works on saliency prediction by incorporating hand-crafted and
pre-defined priors into saliency maps [89, 199, 103, 100, 105], thus limiting the
saliency model to learn its own priors directly from data.

Contributions

In this chapter, we propose two different saliency prediction models. The first
architecture, called Multi-Level Network (ML-Net), learns how to weight features
coming from different levels of a CNN, and demonstrates the effectiveness of using
medium level features. A new loss function is also designed to train the proposed
network and to tackle the imbalance problem of saliency maps. The second
architecture, called Saliency Attentive Model (SAM), incorporates an Attentive
Convolutional Long Short-Term Memory network that iteratively focuses on
relevant spatial locations to refine saliency features. To the best of our knowledge,
we are among the first to incorporate attentive models in a saliency prediction
architecture. In order to handle the tendency of humans to fix the center region
of an image, both networks introduce an explicit prior component. In contrast to
previous works, our two models can learn priors in an automatic way directly from
training data. We experimentally validate our approaches on different publicly
available benchmark datasets and we demonstrate their effectiveness in comparison
with several other saliency prediction methods. As additional contribution, we
have made the source codes of our two models publicly available1,2.

The rest of the chapter is organized as follows: in Sec. 3.1 and 3.2, we
respectively introduce the architectures of our ML-Net and SAM models, and the
loss functions employed during training. Datasets and evaluation metrics used
to evaluate saliency models are described in Sec 3.3, while all quantitative and
qualitative experiments are presented in Sec. 3.4.

1https://github.com/marcellacornia/mlnet
2https://github.com/marcellacornia/sam
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3.1 Multi-Level Network (ML-Net)
In this section, we present our first saliency prediction model, called ML-Net, that
exploits multi-level features extracted from a CNN to predict the final saliency
map.

3.1.1 Model architecture
Our saliency model is composed by three main parts: given an input image, a
CNN extracts low, medium and high level features; then, an encoding network
builds saliency-specific features and produces a temporary saliency map. A prior
is then learned and applied to produce the final saliency prediction. Figure 3.2
reports a summary of the architecture.

Feature extraction network

The first component of our architecture is a fully convolutional network with 13
layers, which takes the input image and produces features maps for the encoding
network.

We build our architecture on the popular 16 layers model from VGG [168],
which is well known for its elegance and simplicity, and at the same time yields
nearly state-of-the-art results in image classification and good generalization
properties. However, like any standard CNN architecture, it has the significant
disadvantage of reducing the size of feature maps at higher levels with respect to
the input size. This is due to the presence of spatial pooling layers which have
a stride greater than one: the output of each layer is a three-dimensional tensor
with shape k ×

⌊
H
f

⌋
×
⌊
W
f

⌋
, where k is the number of filters of the layer, and f

is the downsampling factor of that stage of the network. In the VGG-16 model
there are five max-pooling stages with kernel size k = 2 and stride 2. Given an
input image with size W ×H , the output feature map has size

⌊
W
25

⌋
×
⌊
H
25

⌋
, thus

a fully convolutional model built upon the VGG-16 would output a saliency map
rescaled by a factor of 32.

To limit this rescaling phenomenon, we remove the last pooling stage and
decrease the stride of the last but one, while keeping unchanged its stride. This
way, the output feature map of our feature extraction network are rescaled by a
factor of 8 with respect to the input image. In the following, we refer to the output
size of the feature extraction network as w × h, with w =

⌊
W
8

⌋
and h =

⌊
H
8

⌋
.

For reference, a complete description of the network is reported in Figure 3.3.
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MultiLevel
features maps

Conv 3x3

Saliency
features maps

Conv 1x1

Input image

Bilinear Upsampling

Learned Prior

Saliency map

Figure 3.2: Overview of our deep multi-level network for saliency prediction.
A CNN is used to compute low and high level features from the input image.
Extracted features maps are then fed to an Encoding network, which learns a
feature weighting function to generate saliency-specific feature maps. A prior
image is also learned and applied to the predicted saliency map.

Encoding network

We take feature maps at three different locations: the output of the third pooling
layer (which contains 256 feature maps), that of the last pooling layer (512 feature
maps), and the output of the last convolutional layer (512 feature maps). In the
following, we respectively call these maps, conv3, conv4 and conv5, since
they come from the third, fourth and fifth convolutional stage of the network. They
all share the same spatial size, and are concatenated to form a tensor with 1280
channels, which is fed to a Dropout layer with retain probability 0.5, to improve
generalization. A convolutional layer then learns 64 saliency-specific feature maps
with a 3× 3 kernel. A final 1× 1 convolution learns to weight the importance of
each saliency feature map to produce the final predicted feature map.

Prior learning

Psychological studies have shown that when observers look at images, their gazes
are biased toward the center [181, 190]. This phenomenon is mainly due to the
tendency of photographers to position objects of interest at the center of the image.
Also, when people repeatedly watch images with salient information placed in
the center, they naturally expect to find the most informative content of the image
around its center [190]. Another important reason that encourages this behavior
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conv3-64
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conv3-128
conv3-128
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conv3-256

maxpool 2-2

conv3-512
conv3-512
conv3-512

maxpool 2-1

conv3-512
conv3-512
conv3-512

Dropout

conv3-64
conv1-1

Feature extrac-
tion network

Encoding network

Figure 3.3: Architecture of the feature extraction and encoding networks. The con-
volutional layer parameters are denoted as “conv<receptive field size>-<number
of channels>”. The ReLU activation function is not shown for brevity.

is the interestingness of the scene [17]. Indeed, when there are no highly salient
regions, humans are inclined to look at the center of the image.

Based on this evidence, the inclusion of center priors is a key component of
several recent works of saliency prediction [89, 199, 103, 100, 105]. Differently
from existing works, which included pre-defined priors, we let the network learn
its own custom prior. To this end, we learn a coarse w′ × h′ mask (with w′ � w
and h′ � h), initialized to one, upsample and apply it to the predicted saliency
map with pixel-wise multiplication.

Given the learned prior U with shape w′ × h′, we interpolate the pixels of U
to produce an output prior map V of size w × h. We compute a sampling grid G
of shape w′ × h′ associating each element of U with real-valued coordinates into
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V . If Gi,j = (xi,j , yi,j) then Ui,j should be equal to V at (xi,j , yi,j); however
since (xi,j , yi,j) are real-valued, we convolve with a sampling kernel and set

Vx,y =

w′∑
i=1

h′∑
j=1

Ui,jkx(x− xi,j)ky(y − yi,j) (3.1)

where kx(·) and ky(·) are bilinear kernels, corresponding to kx(d) =
max

(
0, ww′ − |d|

)
and ky(d) = max

(
0, hh′ − |d|

)
. w′ and h′ are set to bw/10c

and bh/10c in all our tests.

3.1.2 Loss function
Our loss function is inspired by three objectives: predictions should be pixelwise
similar to ground-truth maps, therefore a square error loss ‖φ(xi) − y‖2 is a
reasonable choice. Secondly, predicted maps should be invariant to their maximum,
and there is no point in forcing the network to produce values in a given numerical
range, so predictions are normalized by their maximum. Third, the loss should give
the same importance to high and low ground-truth values, even though the majority
of ground-truth pixels are close to zero. For this reason, the deviation between
predicted values and ground-truth values yi is weighted by a linear function α−yi,
which tends to give more importance to pixels with high ground-truth fixation
probability.

The overall loss function is thus

L(φ(x),y) =
1

N

N∑
i=1

∥∥∥∥∥∥
φ(xi)

maxφ(xi)
− yi

α− yi

∥∥∥∥∥∥
2

+ λ‖1− U‖2 (3.2)

where a L2 regularization term is added to penalize the deviation of the prior mask
U from its initial value, thus encouraging the network to adapt to ground-truth
maps by changing convolutional weights rather than modifying the prior.

3.2 Saliency Attentive Model (SAM)
After presenting our first solution to address the task of saliency prediction, we
here present the architecture of our second model, called SAM (Saliency Attentive
Model).
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Figure 3.4: Overview of our Saliency Attentive Model (SAM). After computing a
set of feature maps on the input image through a Dilated Convolutional Network,
an Attentive Convolutional LSTM sequentially enhances saliency features thanks
to an attentive recurrent mechanism. Predictions are then combined with multiple
learned priors to model the center bias of human-eye fixations. During training,
we encourage the network to minimize a combination of different loss functions,
thus taking into account different quality aspects that predictions should meet.

3.2.1 Model architecture
The main novelty of our proposal is an Attentive Convolutional model, which
recurrently processes saliency features at different locations, by selectively attend-
ing to different regions of a tensor, and for the first time uses an LSTM without
the concept of time. Predictions are then combined with multiple learned priors
which are used to model the human-gaze center bias. To extract feature maps
from input images, we employ a Convolutional Neural Network model. Instead
of using a pre-defined CNN, we propose a Dilated Convolutional Network to
limit the rescaling effects which can worse saliency prediction performance. A
new combination of different loss functions is finally used to train the whole net-
work by simultaneously taking into account different quality aspects. The overall
architecture of our model is shown in Figure 3.4.

Attentive Convolutional LSTM

Long Short-Term Memory networks [68] achieved good performances on several
tasks in which time dependencies are a key component [38, 90, 215, 10], but they
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t = 1 t = 2 t = 3 t = 4 Ground-truth

Figure 3.5: Progressive refinement of predictions performed by the Attentive
ConvLSTM. The first and the second row show a progressive change of focus
in the saliency map, so that regions which were wrongly predicted as salient are
progressively corrected, and truly salient regions are correctly identified. The
third and the fourth row, instead, respectively show an increase and a reduction of
saliency in regions of the image that have been (or have not been) considered as
salient at the first timestep. In all cases, the result is a progressive approach of the
saliency map to the ground-truth.

can not be directly employed for saliency prediction, as they work on sequences
of time varying vectors. We extend the traditional LSTM to work on spatial
features: formally this is achieved by substituting dot products with convolutional
operations in the LSTM equations. Moreover, we exploit the sequential nature of
LSTM to process features in an iterative way, instead of using the model to deal
with temporal dependencies in the input.

To explain our proposal of the attentive model, let’s consider the LSTM
scheme on the left part of Fig. 3.4. Here the LSTM takes as input a stack of
features extracted from the input image (X in Fig. 3.4) and produces a refined
stack of feature maps (X ′ in Fig. 3.4) entering in the learned prior module. The
LSTM works by sequentially updating an internal state, according to the values of
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three sigmoid gates. Specifically, the update is driven by the following equations:

It = σ(Wi ∗ X̃t + Ui ∗Ht−1 + bi) (3.3)

Ft = σ(Wf ∗ X̃t + Uf ∗Ht−1 + bf ) (3.4)

Ot = σ(Wo ∗ X̃t + Uo ∗Ht−1 + bo) (3.5)

Gt = tanh(Wc ∗ X̃t + Uc ∗Ht−1 + bc) (3.6)
Ct = Ft � Ct−1 + It �Gt (3.7)
Ht = Ot � tanh(Ct). (3.8)

Here, the gates It, Ft, Ot, the candidate memory Gt, memory cell Ct, Ct−1,
and hidden state Ht, Ht−1 are 3-d tensors, each of them having 512 channels. ∗
represents the convolutional operator, all W and U are 2-d convolutional kernels,
and all b are learned biases.

The input of the LSTM layer X̃t is computed, at each timestep (i.e. at each
iteration), through an attentive mechanism. In particular, an attention map is
generated by convolving the previous hidden state Ht−1 and the input X , feeding
the result to a tanh activation function and finally convolving with a one channel
convolutional kernel:

Zt = Va ∗ tanh(Wa ∗X + Ua ∗Ht−1 + ba). (3.9)

The output of this operations is a 2-d map from which we can compute a normal-
ized spatial attention map through the softmax operator:

Aijt = p(attij |X,Ht−1) =
exp(Zijt )∑

i

∑
j exp(Z

ij
t )

(3.10)

where Aijt is the element of the attention map in position (i, j). The attention map
is applied to the input X with an element-wise product between each channel of
the feature maps and the attention map:

X̃t = At �X. (3.11)

Fig. 3.5 shows saliency predictions on four sample images, using the output of
the ConvLSTM module at different timesteps as input of the rest of the model. As
can be noticed, predictions are progressively refined by modifying the initial map
given by the CNN. This refinement results in an significant enhancement of the
predictions.
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Learned Priors

As mentioned before, one of the most important cues of human gazes is that
there is a strong tendency to look at the center of scene. In our previous saliency
prediction model (Sec. 3.1), we have incorporated this important property of
human eye fixations by learning a single prior map which is applied to the final
prediction in a multiplicative way.

In this case, we instead let the network learn multiple prior maps. To reduce
the number of parameters and facilitate the learning, we constraint each prior to
be a 2d Gaussian function, whose mean and covariance matrix are instead freely
learnable. This lets the network learn its own priors purely from data, without
relying on assumptions from biological studies.

We model the center bias by means of a set of Gaussian functions with diagonal
covariance matrix. Means and variances are learned for each prior map according
to the following equation:

f(x, y) =
1

2πσxσy
exp

(
−
(
(x− µx)2

2σ2
x

+
(y − µy)2

2σ2
y

))
. (3.12)

Our network learns the parameters of N Gaussian functions (in our experi-
ments N = 16) and generates the relative prior maps. Since the X ′ tensor has
512 channels, after the concatenation with learned prior maps, we obtain a tensor
with 528 channels. The resulting tensor is fed through a convolutional layer with
512 filters. This operation adds more non-linearity to the model and proves to be
effective with respect to other previous works. The entire prior learning module is
replicated two times.

Dilated Convolutional Network

As previously mentioned, one of the main drawbacks of using CNNs to extract
features for saliency prediction is that they considerably rescale the input image
during the feature extraction phase, thus worsening the prediction accuracy. In the
following, we devise a strategy which increases the output resolution of a CNN
while preserving the scale at which convolutional filters operate and the number of
parameters. This makes it possible to use pre-trained weights, and thus to reduce
the need for fine-tuning convolutional filters after the network structure has been
modified.

The intuition of the approach is that given a CNN of choice and one of its
layers having stride s > 1, we can increase the output resolution by reducing

Learning to describe salient objects in images with vision and language 25



CHAPTER 3. SALIENCY PREDICTION

conv1 pool1

12
8_
3_
1_
0

12
8_
3_
1_
0

25
6_
3_
1_
0

25
6_
3_
1_
0

25
6_
3_
1_
0

51
2_
3_
1_
0

51
2_
3_
1_
0

51
2_
3_
1_
0

51
2_
3_
1_
1

51
2_
3_
1_
1

51
2_
3_
1_
1

image
3x240x320

512x30x40

2_
2

64
_3
_1
_0

64
_3
_1
_0

2_
2

2_
2

conv2 pool2 conv3 pool3 conv4 conv5

2_
1

pool4

(a) Dilated VGG Convolutional Network

64
_7
_2
_0

3_
2

conv1 pool1

64
_1
_1
_0

64
_3
_1
_0

25
6_
1_
1_
0

x3

conv2

12
8_
1_
2_
0

12
8_
3_
1_
0

51
2_
1_
1_
0

conv3
12
8_
1_
1_
0

12
8_
3_
1_
0

51
2_
1_
1_
0

x3

conv4

25
6_
1_
1_
0

25
6_
3_
1_
1

10
24
_1
_1
_0

x6

conv5

51
2_
1_
1_
0

51
2_
3_
1_
3

20
48
_1
_1
_0

x3

image
3x240x320

512x30x4051
2_
3_
1_
0

(b) Dilated Residual Convolutional Network

Figure 3.6: Overall architectures of Dilated Convolutional Networks based on
the VGG-16 and ResNet-50 models. Convolutional and pooling blocks are
respectively expressed in terms of channels kernel stride holes and
kernel stride. On top of the ResNet model, we report the number of repeti-
tions for each block. Red dashed edges indicate modified layers with respect to
the original networks.

the stride of the layer, and adding dilation [230] to all the layers which follow
the chosen layer. In this way, all convolutional filters still operate on the same
scale they have been trained for. We apply this technique on two recent feature
extraction networks: the VGG-16 [168] and the ResNet-50 [64].

The VGG-16 network is composed by 13 convolutional layers and 3 fully
connected layers. The convolutional layers are divided in five convolutional blocks
where, each of them is followed by a max-pooling layer with a stride of 2.

The ResNet-50, instead of having a series of stacked layers that process the
input image as in common CNNs, performs a series of residual mappings between
blocks composed by a few stacked layers. This is obtained using shortcut connec-
tions that realize an identity mapping, i.e. the input of the block is added to its
output. Residual connections help to avoid the accuracy degradation problem [62]
that occurs with the increase of the network depth, and are beneficial also in the
saliency prediction case, since they improve the feature extraction capabilities of
the network.

In particular, the ResNet-50 network consists of five convolutional blocks and
a fully connected layer. The first block is composed by one convolutional layer
followed by a max-pooling layer, both of them having a stride of 2, while the
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remaining four blocks are fully convolutional. All of these blocks, except the
second one (conv2), reduce the dimension of feature maps with strides of 2.

Since the purpose of our network is to extract feature maps, we only consider
convolutional layers and ignore fully connected layers which are present at the end
of both networks. Moreover, it can be noticed that the downscaling factor of both
of these architectures is particularly critical. For example, with an input image
having a size of 240×320, the output dimension is 8×10, which is relatively small
for the saliency prediction task. For this reason, we modify network structures to
limit the rescaling phenomenon.

For the VGG-16 model, we also remove the last max-pooling layer and apply
the aforementioned technique to the last but one pooling layer (see Figure 3.6a).
On the contrary, for the ResNet-50 model we remove the stride and we introduce
dilated convolutions in the last two blocks (see Figure 3.6b). In this case, since
the technique is applied two times, we introduce holes of size 1 in the kernels of
the block conv4 and holes of size 22 − 1 = 3 in the kernels of the block conv5.
The output of the residual network is a tensor with 2048 channels. To limit the
number of feature maps, we feed this tensor into another convolutional layer with
512 filters. Thanks to these expedients, our saliency maps are rescaled by a factor
of 8 instead of 32 as in the original VGG-16 and ResNet-50 models. We include
dilated convolutions also in prior layers, thus obtaining two convolutional layers
with large receptive fields that allow us to capture the saliency of an object with
respect to its neighborhood. We set the kernel size of these layers to 5 and the
holes size to 3 achieving therefore a receptive field of 17× 17. Strides of these
layers are set to 1 and both of them are followed by a ReLU activation function.

The last layer of our model is a convolutional operation with one filter and
a kernel size of 1 that extracts the final saliency map. Since the predicted map
has lower dimensions than the original image, it is brought to its original size via
bilinear upsampling.

3.2.2 Loss function
In order to capture several quality factors, saliency predictions are usually evalu-
ated through different metrics. Inspired by this evaluation protocol, we introduce
a new loss function given by a linear combination of three different saliency
evaluation metrics. We define the overall loss function as follows:

L(ỹ,yden,yfix) =

αL1(ỹ,y
fix) + βL2(ỹ,y

den) + γL3(ỹ,y
den)

(3.13)
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where ỹ, yden and yfix are respectively the predicted saliency map, the ground-
truth density distribution and the ground-truth binary fixation map, while α, β
and γ are three scalars which balance the three loss functions. L1, L2 and L3 are
respectively the Normalized Scanpath Saliency, the Linear Correlation Coefficient
and the Kullback-Leibler Divergence which are commonly used to evaluate sali-
ency prediction models. These evaluation metrics are described in Sec. 3.3.2 and
respectively defined in Eq. 3.14, 3.15, and 3.17.

In Section 3.4.3, we quantitatively justify the choice of our loss combination
comparing our results with those obtained using single evaluation metrics as loss
function. Moreover, we compare the proposed training strategy with several other
probability distances used by previous saliency methods demonstrating that our
solution is able to achieve a better balance among all evaluation metrics.

3.3 Evaluating saliency models

In the following, we describe datasets and evaluation metrics used for the saliency
prediction task.

3.3.1 Datasets

Saliency prediction methods are usually evaluated on different saliency datasets
which differ in terms of both image content and experimental settings.

SALICON [84]. This is the largest available dataset for saliency prediction.
It contains 10, 000 training images, 5, 000 validation images and 5, 000 testing
images, taken from the Microsoft COCO dataset [116]. Eye fixations are simulated
with mouse movements: as shown in [84], there is a high degree of similarity
between mouse-contingent saliency annotations and fixations recorded with eye-
tracking systems. Ground-truth maps of the test set are not publicly available and
predictions must be submitted to the SALICON challenge website3 for evaluation.

In 2017, a new version of this dataset was released in which authors replaced
the original velocity-based fixation detection algorithm, resulting in more eye-like
fixations. In the following, we use both versions of the SALICON dataset and we
refer to SALICON 2015 for the original release and to SALICON 2017 for the
more recent version.

3https://competitions.codalab.org/competitions/3791
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MIT1003 [89]. The MIT1003 dataset contains 1, 003 images coming from Flickr
and LabelMe. Saliency maps have been created from eye-tracking data of 15
observers.

MIT300 [88]. The MIT300 dataset is a collection of 300 natural images with
saliency maps generated from eye-tracking data of 39 users. Saliency maps of
this entire dataset are held out and we used the MIT Saliency benchmark [21] for
evaluating our predictions. To test our networks on this dataset, we fine-tune them
on images of the MIT1003 randomly split in training and validation sets.

CAT2000 [17]. This dataset contains 4, 000 images coming from a large variety
of categories such as Cartoons, Art, Satellite, Low resolution images, Indoor,
Outdoor, Line drawings, etc. It is composed of 20 different categories with 200
images for each of them. Saliency maps of the testing set, composed by 2, 000
images, are not available and also in this case we submitted our predicted saliency
maps to the MIT Saliency benchmark [21] for evaluation.

TORONTO [19]. It contains 120 color images from indoor and outdoor environ-
ments. Saliency maps have been created from eye-tracking data of 20 subjects.

PASCAL-S [113]. The dataset is composed of 850 natural images coming from
the validation set of the PASCAL VOC 2010 [44], with eye fixations of 8 different
subjects.

DUT-OMRON [221]. It consists of 5, 168 images with the largest height or width
of 400 pixels. Saliency maps have been obtained from eye-tracking data of 5
observers. A post-processing step is applied to remove outlier eye fixation points
that do not lie on a meaningful object.

3.3.2 Evaluation metrics
A large variety of metrics to evaluate saliency prediction models exist and the main
difference between them concerns the ground-truth representation. In fact, saliency
evaluation metrics can be categorized in location-based and distribution-based
metrics [157, 22, 104]. The first category considers saliency maps at discrete
fixation locations, while the second treats both ground-truth fixation maps and
predicted saliency maps as continuous distributions.

The most widely used location-based metrics, which compare the predicted
saliency map ỹ with respect to the ground-truth binary fixation map yfix, are the
Area under the ROC curve, in its different variants of Judd (AUC) and shuffled
(sAUC), and the Normalized Scanpath Saliency (NSS). The AUC metric chooses
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non-fixation points with a uniform distribution, while the shuffled AUC uses
human fixations of other images in the dataset as non-fixation distribution. In this
way, centered distribution of human fixations of the dataset is taken into account.
In general, the AUC metrics do not penalize low-valued false positives giving a
high score for high-valued predictions placed at fixated locations and ignoring the
others.

The NSS metric was defined specifically for the evaluation of saliency mod-
els [148]. The idea is to quantify the saliency map values at the eye fixation
locations and to normalize it with the saliency map variance:

NSS
(
ỹ,yfix

)
=

1

N

∑
i

ỹi − µ(ỹ)
σ(ỹ)

· yfixi (3.14)

where i indexes the ith pixel, N =
∑
i y

fix
i is the total number of fixated pixels

and ỹ is normalized to have a zero mean and unit standard deviation. The NSS is
sensitive in an equivalent manner to both false positives and false negatives.

For the distribution-based category, the most used evaluation metrics, which
instead compare the predicted saliency map ỹ with respect to the ground-truth
density map yden, are the Linear Correlation Coefficient (CC), the Similarity
(SIM), the Earth Mover Distance (EMD), and the Kullback-Leibler Divergence
(KL-Div).

The CC metric is the Pearson’s correlation coefficient and treats the saliency
and ground-truth density maps as random variables measuring the linear relation-
ship between them. It is computed as:

CC
(
ỹ,yden

)
=

σ
(
ỹ,yden

)
σ (ỹ) · σ (yden)

(3.15)

where σ
(
ỹ,yden

)
is the covariance of ỹ and yden. It ranges between −1 and 1,

and a score close to −1 or 1 indicates a perfect linear relationship between the two
maps.

The Similarity metric [88] is computed as the sum of pixel-wise minimums
between the predicted saliency map ỹ and the ground-truth density map yden,
after normalizing the two maps:

SIM
(
ỹ,yden

)
=
∑
i

min(ỹi,y
den
i ) (3.16)

where i indexes the ith pixel, ỹ and yden are supposed to be probability distribu-
tions and sum up to one. A similarity score of 1 indicates that the predicted map is
identical to the ground-truth one.
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The EMD represents the minimal cost to transform the probability distribution
of the predicted saliency map ỹ into the one of the ground-truth yden. Therefore,
a larger EMD indicates a larger difference between the two maps. It penalizes
false positives proportionally to the spatial distance from the ground-truth.

The KL Divergence evaluates the loss of information when the distribution
ỹ is used to approximate the distribution yden, therefore taking a probabilistic
interpretation of saliency and ground-truth density maps. Formally:

KL-Div
(
ỹ,yden

)
=
∑
i

ydeni log

(
ydeni

ỹi + ε
+ ε

)
(3.17)

where i indexes the ith pixel and ε is a regularization constant. The KL-Div is
a dissimilarity metric and a lower value indicates a better approximation of the
ground-truth by the predicted saliency map.

3.4 Experimental results
In this section, we provide experimental results of the two saliency models pre-
viously described. In particular, we demonstrate the effectiveness of the main
components of the two networks by showing extensive analyses and experiments,
and we compare their performance with respect to several state-of-the-art saliency
prediction models. First, we describe training and implementation details of both
models.

3.4.1 Training and implementation details
We evaluate our solutions on SALICON, MIT300 and CAT2000 datasets. For
the first dataset, we train the networks on its training set and we use the 5, 000
validation images to validate the model. For the second and the third dataset, we
pre-train the networks on SALICON 2015 dataset and then fine-tune them on
MIT1003 dataset and CAT2000 training set respectively, as suggested by the MIT
Saliency Benchmark organizers. In particular, to test our models on the MIT300
dataset, we use 903 randomly selected images of the MIT1003 to fine-tune the
networks and the remaining 100 as validation set. For the CAT2000 dataset,
instead, we randomly choose 1, 800 images of training set for the fine-tuning and
we use the remaining 200 (10 for each category) as validation set.

ML-Net details. For training and testing this model, images from all datasets
are zero-padded to fit a 4 : 3 aspect ratio, and then resized to 640× 480. During
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training, we use a batch size equal to 10 and the Stochastic Gradient Descent as
optimizer, with Nesterov momentum 0.9, weight decay 0.0005 and learning rate
10−3. Parameters α and λ of Eq. 3.2 are respectively set to 1.1 and 1/(w′ · h′) in
all experiments. Weights of the Feature Extraction Network are initialized with
those of the VGG-16 model trained on ImageNet [163].

SAM details. For the SALICON, MIT1003 and MIT300 datasets, we resize input
images to 240 × 320. Since images from MIT1003 and MIT300 have different
sizes, we apply zero padding bringing images to have an aspect ratio of 4 : 3 and
then resize them to have the selected input size. Instead, images from CAT2000
dataset have all the same input size of 1080× 1920. For this reason, we resize all
images of this dataset to 180× 320. Predictions of all datasets are slightly blurred
with a Gaussian filter. After a validation process, we set the standard deviation of
the Gaussian kernel to 7.

Weights of the Dilated Convolutional Networks are initialized with those of
the VGG-16 and ResNet-50 models trained on ImageNet [163]. For the Attentive
ConvLSTM, following the initialization proposed in [8], we initialize the recurrent
weights matrices Ui, Uf , Uo and Uc as random orthogonal matrices. All W
matrices and Ua are initialized by sampling each element from the Gaussian
distribution of mean 0 and variance 0.052. The matrix Va and all bias vectors
are initialized to zero. Weights of all other convolutional layers of our model are
initialized according to [50].

At training time, we randomly sample a minibatch containing 10 training
samples, and encourage the network to minimize the proposed loss function
through the RMSprop optimizer [184]. Batch normalization is preserved in the
ResNet-50 part of the model, and we do not add batch normalization layers
elsewhere. Loss parameters α, β, and γ (Eq. 3.13) are respectively set to −1,
−2, and 10 balancing the contribution of each loss function. Differently from the
KL-Div that is a dissimilarity metric and its value should be minimized, the CC
and the NSS are to be maximized to predict better saliency maps. To this end, we
set α and β as negative weights. The choice of these balance weights is driven
by the goal of having good results on all evaluation metrics and by taking into
account the numerical range that the single metrics have at convergence. During
the training phase, we set the initial learning rate to 10−5 and we decrease it by a
factor of 10 every two epochs for the model based on the ResNet, and every three
epochs for that based on the VGG network.
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3.4.2 Evaluation of ML-Net model
To assess the contribution of each CNN level to the final performance of our
ML-Net model, described in Sec. 3.1, we perform a feature importance analysis.

Feature importance analysis

Our method relies on a non-linear combination of features extracted at different
levels of a CNN. To validate our multilevel approach, we first evaluate the relative
importance of features coming from each level. In the following, we define the
importance of a feature as the extent to which a variation of the feature can affect
the predicted map. Let us start by considering a linear model where different levels
of a CNN are combined to obtain a pixel of the saliency map φi(x)

φi(x) = wTi x+ θi (3.18)

where wi and θi are the weight vector and the bias relative to pixel i, while x
represents the activation coming from different levels of the feature extraction
CNN, and φi(x) is the predicted saliency pixel. It is easy to see that the magnitude
of elements in wi defines the importance of the corresponding features. In the
extreme case of a pixel of the feature map which is always multiplied by 0, it is
straightforward to see that part of the feature map is ignored by the model, and
has therefore no importance, while a pixel with high absolute values in wi will
have a considerable effect on the predicted saliency pixel.

In our model, φi(·) is a highly non-linear function of the input, due to the
presence of the encoding network and of the prior, thus the above reasoning is not
directly applicable. Instead, given an image xj , we can approximate φi(xj) in the
neighborhood of xj as follows

φi(xj) ≈ ∇φi(xj)Tx+ θ (3.19)

An intuitive explanation of this approximation is that the magnitude of the partial
derivatives indicates which features need to be changed to affect the model. Also
notice that Eq. 3.19 is equivalent to a first order Taylor expansion.

To get an estimation of the importance of each pixel in an activation map
regardless of the choice of xj , we can average the element-wise absolute values of
the gradient computed in the neighborhood of each validation sample.

wi =
1

N

N∑
j=1

[∣∣∣∣ ∂φi∂x1
(xj)

∣∣∣∣ , ∣∣∣∣ ∂φi∂x2
(xj)

∣∣∣∣ , · · · , ∣∣∣∣ ∂φi∂xd
(xj)

∣∣∣∣] (3.20)
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Figure 3.7: Contribution of features extracted from conv3, conv4 and conv5
to prediction mean and variance.

where d is the dimensionality of xj . Then, to get the relative importance of each
activation map, we average the values of wi corresponding to that map, and L1

normalize the resulting importances.
To get an estimate of the importance of feature maps extracted from the CNN,

we should compute φi(xj) for every test image j and for every saliency pixel i.
To reduce the amount of required computation, instead of computing the gradient
of each saliency pixel, we compute the gradient of the mean and variance of the
output saliency map, in the neighborhood of each test sample. Applying Eq. 3.20,
we get an indication of the contribution of each feature pixel to the mean and
variance of the predicted map.

Figure 3.7 reports the relative importance of activation maps coming from
conv3, conv4 and conv5 on the model trained on the SALICON 2015 data-
set [84]. It is easy to notice that all features give a valuable contribution to the final
result, and that while high level features are still the most relevant ones, medium
level features have a considerable role in the prediction of the saliency map. This
confirms our strategy to incorporate activations coming from different levels.

3.4.3 Evaluation of SAM model

In this section, we provide analyses and experiments to validate the contribution
of each component of our Saliency Attentive Model, described in Sec. 3.2.
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Figure 3.8: Comparison between the proposed loss function and its components
used individually as loss functions. We report results for both SAM-VGG and
SAM-ResNet on SALICON 2015 validation set [84]. Each plot corresponds to a
different evaluation metric (CC, sAUC, AUC and NSS), while the four color bars
represent the loss functions used. As it can be observed, our loss function achieves
the best balance between metrics.

Comparison between different loss functions

In Fig. 3.8 we compare results obtained by using single loss functions (KL-Div,
CC, NSS) and our combination defined in Eq. 3.13. Results are reported for both
versions of our model on SALICON 2015 validation set. We call SAM-VGG the
model based on the VGG network and SAM-ResNet that based on the ResNet
network.

As it can be seen, our combined loss achieves on average better results on
all metrics. In particular, when the model is trained using the KL-Div or the CC
metrics as loss function, the performances are good especially on the CC, while
the model fails on the NSS. When the model is trained using the NSS metric,
instead, it achieves better results only on the NSS and fails on all other metrics.

To further validate the effectiveness of the proposed loss function, we compare
it with traditional loss functions and probability distances used by other previous
saliency models [101, 141, 82]. Fig. 3.9 shows the comparison between our
combination of saliency metrics and four other loss functions: the Euclidean loss,
the Cosine Distance, the χ2 Divergence and the Total Variation Distance. Also in
this case, our loss function achieves a better balance among all metrics. The gap
with respect to all other traditional losses is particularly evident on the NSS metric,
while, on all other metrics, the proposed combined loss, if it does not reach the
best results, it is very close to them.

Overall, our combined loss reaches competitive results on all metrics dif-
ferently from the other loss functions. For this reason, results of all following

Learning to describe salient objects in images with vision and language 35



CHAPTER 3. SALIENCY PREDICTION

SAM-VGG SAM-ResNet
0.70

0.75

0.80

0.85

0.90

0.95 Euclidean

χ2 Div.
Ours

Cosine Dist.
Tot. Var. Dist.

(a) CC

SAM-VGG SAM-ResNet
0.76

0.77

0.78

0.79

(b) sAUC

SAM-VGG SAM-ResNet
0.84

0.85

0.86

0.87

0.88

0.89

0.90

(c) AUC

SAM-VGG SAM-ResNet
2.55

2.70

2.85

3.00

3.15

3.30

(d) NSS

Figure 3.9: Comparison between the proposed combination of saliency metrics
and more traditional loss functions such as Euclidean Loss, χ2 Divergence, Cosine
Distance and Total Variation Distance. Each plot corresponds to a different
evaluation metric (CC, sAUC, AUC and NSS). The five color bars represent
the performance of our model trained with the considered loss functions. We
report results of both SAM-VGG and SAM-ResNet models on SALICON 2015
validation set [84].

experiments are obtained by training the SAM model with our combination of loss
functions.

Model ablation analysis

We evaluate the contribution of each component of the architecture, on SALICON,
MIT1003 and CAT2000 validation sets. To this end, we construct five different
variations: the plain CNN architecture without the last fully convolutional layer
(as a baseline), the Dilated Convolutional Network (DCN), the DCN with the
proposed ConvLSTM model, the DCN with the proposed learned priors module,
and the final version of our model with all its components.

Tables 3.1 and 3.2 show the results of the ablation analysis using both versions
of our model on three different datasets. The results emphasize that the overall
architecture is able to predict better saliency maps in both SAM-VGG and SAM-
ResNet variants and each proposed component gives an important contribution to
the final performance on all considered datasets. In particular, on the SALICON
dataset, it can be seen that there is a constant improvement on all metrics. For
example, the VGG baseline achieves a result of 0.743 in terms of CC, while
the DCN achieves a relative improvement of 0.801−0.743

0.743 = 7.8%. This result is
further improved by 1% when adding the Attentive ConvLSTM or by 2.9% when
adding the learned priors. The overall architecture adds an important improvement
of 2.6% to the DCN with the Attentive ConvLSTM and 0.7% to the DCN with
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Dataset Model SAM-VGG
CC sAUC AUC NSS

SALICON

Plain CNN 0.743 0.765 0.870 2.333
Dilated Convolutional Network 0.801 0.786 0.876 3.122
DCN + Attentive ConvLSTM 0.809 0.784 0.878 3.142
DCN + Learned Priors 0.824 0.782 0.882 3.209
DCN + Attentive ConvLSTM + Learned Priors 0.830 0.782 0.883 3.219

MIT1003

Plain CNN 0.638 0.625 0.889 2.147
Dilated Convolutional Network 0.718 0.596 0.906 2.704
DCN + Attentive ConvLSTM 0.749 0.601 0.908 2.812
DCN + Learned Priors 0.750 0.621 0.908 2.805
DCN + Attentive ConvLSTM + Learned Priors 0.757 0.613 0.910 2.852

CAT2000

Plain CNN 0.751 0.546 0.862 1.886
Dilated Convolutional Network 0.791 0.548 0.870 2.067
DCN + Attentive ConvLSTM 0.851 0.537 0.874 2.253
DCN + Learned Priors 0.877 0.532 0.876 2.328
DCN + Attentive ConvLSTM + Learned Priors 0.879 0.530 0.877 2.347

Table 3.1: Ablation analysis of SAM-VGG model on SALICON 2015 [84],
MIT1003 [89], and CAT2000 [17] validation sets.

learned priors. The ResNet baseline, instead, achieves a CC result of 0.771 that
is improved by a 6.7% when adding the dilated convolutions. The Attentive
ConvLSTM and the learned priors respectively add an improvement of 2.2% and
2.1%. These results are further improved using the overall architecture with all
proposed components by 0.4% and 0.5%.

It is also noteworthy that, with our pipeline, a VGG-based network and a
ResNet-based network achieve almost the same performance, so one of the two
models can be equally chosen according to speed and memory allocation needs,
without considerably affecting prediction performance.

Fig. 3.10 shows some saliency maps predicted by our SAM-ResNet model and
by only some of its main components with respect to the ground-truth. As it can
be seen, there is a constant improvement of predictions which, by adding our key
components, are more qualitatively similar to the ground-truth.

Contribution of the attentive model and learned priors

Table 3.3 reports the performance of our model when using the output of the
Attentive ConvLSTM module at different timesteps as input for the rest of the
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Dataset Model SAM-ResNet
CC sAUC AUC NSS

SALICON

Plain CNN 0.771 0.762 0.876 2.404
Dilated Convolutional Network 0.823 0.774 0.879 3.187
DCN + Attentive ConvLSTM 0.841 0.786 0.885 3.256
DCN + Learned Priors 0.840 0.784 0.885 3.235
DCN + Attentive ConvLSTM + Learned Priors 0.844 0.787 0.886 3.260

MIT1003

Plain CNN 0.667 0.631 0.895 2.255
Dilated Convolutional Network 0.748 0.609 0.902 2.845
DCN + Attentive ConvLSTM 0.756 0.613 0.912 2.860
DCN + Learned Priors 0.746 0.613 0.908 2.816
DCN + Attentive ConvLSTM + Learned Priors 0.768 0.617 0.913 2.893

CAT2000

Plain CNN 0.819 0.538 0.870 2.052
Dilated Convolutional Network 0.881 0.527 0.877 2.368
DCN + Attentive ConvLSTM 0.882 0.528 0.878 2.367
DCN + Learned Priors 0.885 0.528 0.878 2.377
DCN + Attentive ConvLSTM + Learned Priors 0.888 0.534 0.879 2.375

Table 3.2: Ablation analysis of SAM-ResNet model on SALICON 2015 [84],
MIT1003 [89], and CAT2000 [17] validation sets.

model. Results clearly show that the refinement carried out by the Attentive model
results in better performance. No further significant improvements were observed
for t > 4: while CC, sAUC and AUC almost saturated, NSS slightly decreased
after four iterations.

To assess the effectiveness of our prior learning strategy, we compare it with
the prior strategy described in Sec. 3.1.1, in which a low resolution prior map is
learned and applied element-wise to the predicted saliency map, after performing
bilinear upsampling. It is worthwhile to note that our ML-Net and SAM models
are the only two attempts to incorporate the center bias in a deep learning model
without the use of hand-crafted prior maps. Results on SALICON validation
set are reported in Table 3.4. Using multiple Gaussian learned priors, instead of
learning an entire prior map, with no pre-defined structure, shows to be beneficial
according to all metrics.

3.4.4 Comparison with state of the art

We quantitatively compare our two models with state-of-the-art competitors on
SALICON, MIT300 and CAT2000 test sets. Not all saliency methods report ex-
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(a) (b) (c) Ground-truth

Figure 3.10: Examples of saliency maps predicted by the DCN (a), the DCN with
the Attentive ConvLSTM (b), and the DCN with the Attentive ConvLSTM and
learned priors (c) compared with the ground-truth (d).

perimental results on all considered datasets. For this reason, comparison methods
are different depending on each dataset. We decide to sort model performances by
the NSS metric as suggested by the MIT Saliency Benchmark [21, 22, 104].

Table 3.5 shows the results on the SALICON 2015 dataset in terms of CC,
sAUC, AUC and NSS. As it can be observed, our SAM-ResNet outperforms all
competitors by a big margin especially on CC and NSS metrics and obtains the best
result also on the sAUC. In particular, our method overcomes the other ResNet-
based model [118] with an improvement of 1.5% according to NSS metric, 1.3%
and 0.4% according to CC and sAUC. For a fair comparison with other methods,
we also include the results achieved by our SAM-VGG model. The improvement
with respect all other VGG-based methods is even more significant than that
obtained by the SAM-ResNet model. In details, our SAM-VGG overcomes all
other VGG-based methods with an improvement of 12.7% and 5.6% according
to NSS and CC metrics. Regarding our ML-Net model, it achieves the second
best performance in terms of the NSS metric with respect to all other VGG-based
competitors.

We also test our SAM model on the latest version of the SALICON dataset.
The results are shown in Table 3.6 in comparison with different competitors. Also
in this case, our model is able to achieve the best performance on all considered
saliency metrics overcoming all other methods by a big margin. As expected, the
ResNet version obtains better results than the VGG-based model. Nevertheless,
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T CC sAUC AUC NSS

SAM-VGG

1 0.821 0.777 0.884 3.168
2 0.827 0.777 0.883 3.224
3 0.828 0.781 0.883 3.226
4 0.830 0.782 0.883 3.219

SAM-ResNet

1 0.785 0.737 0.879 3.050
2 0.829 0.764 0.886 3.214
3 0.842 0.779 0.886 3.256
4 0.844 0.787 0.886 3.260

Table 3.3: Results on SALICON validation set 2015 [84] when using the output
of the Attentive ConvLSTM module at different timesteps as input of the rest of
the model.

CC sAUC AUC NSS

SAM-VGG (single prior) 0.811 0.783 0.878 3.150
SAM-VGG (multiple learned priors) 0.830 0.782 0.883 3.219

SAM-ResNet (single prior) 0.840 0.785 0.884 3.249
SAM-ResNet (multiple learned priors) 0.844 0.787 0.886 3.260

Table 3.4: Comparison results between multiple learned priors and the single
prior map used in our ML-Net model. Results are reported on SALICON 2015
validation set [84].

the version based on VGG-16 is still able to surpass the competitors on all metrics,
thus further confirming the effectiveness of our solution.

The results on MIT300 and CAT2000 datasets are respectively reported in
Tables 3.7 and 3.8. Our SAM model achieves state-of-the-art results on all metrics,
except for the sAUC, on the CAT2000 dataset surpassing other methods by an
important margin especially on SIM, CC, NSS and EMD metrics. On the MIT300
dataset, instead, we obtain results very close to the best ones. Our SAM model
does not obtain a big gain in performance on AUC metrics. This can be explained
considering that the AUC metrics are primarily based on true positives without
significantly penalizing false positives. For this reason, hazy or blurred saliency
maps like the ones predicted by [105] achieve high AUC values [18, 238], despite
being visually very different from the ground-truth annotations.

Starting from our SAM model trained on the two releases of the SALICON,
we also evaluate the effectiveness of the proposal on other three popular saliency
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CC sAUC AUC NSS

SAM-ResNet 0.842 0.779 0.883 3.204
DSCLRCN [118] 0.831 0.776 0.884 3.157
SAM-VGG 0.825 0.774 0.881 3.143
ML-Net 0.743 0.768 0.866 2.789
MixNet [37] 0.730 0.771 0.861 2.767
SU [101] 0.780 0.760 0.880 2.610
SalGAN [140] 0.781 0.772 0.781 2.459
SalNet [141] 0.622 0.724 0.858 1.859
DeepGazeII [105] 0.509 0.761 0.885 1.336

Table 3.5: Comparison results on SALICON 2015 test set [84]. The results in
bold indicate the best performing method on each evaluation metric. Methods are
sorted by the NSS metric.

CC SIM AUC NSS

SAM-ResNet 0.899 0.793 0.865 1.990
SAM-VGG 0.891 0.786 0.864 1.971
EAD [65] 0.871 0.760 0.852 1.896
SalGAN [140] 0.844 0.728 0.857 1.816
SALICON [75] 0.659 0.600 0.808 1.557
SalNet [141] 0.763 0.639 0.840 1.555

Table 3.6: Comparison results on SALICON 2017 test set [84]. Methods are
sorted by the NSS metric. Results of comparison methods are from [65].

datasets: TORONTO [19], PASCAL-S [113] and DUT-OMRON [221]. For a fair
comparison with other methods, we do not finetune our model on a subset of these
datasets. The comparison results are reported in Table 3.9. Again, we observe that
our model is able to quantitatively overcome the drawbacks of different existing
proposals. As a side note, here the performance of the VGG-based model is often
very similar to that of the ResNet-based one. Also, it shall be observed that the
2017 version of SALICON shows better generalization capabilities on all metrics
with the exception of the NSS metric. This can be partially explained by the
fact that the ground-truth maps of SALICON 2015 are less blurred than in the
second version of the dataset: this helps the NSS measure, which normalizes the
prediction to have zero mean and unit variance, thus increasing the weight of
predicted pixels when the prediction is less blurred.
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SIM CC sAUC AUC NSS EMD KL-Div

DSCLRCN [118] 0.68 0.80 0.72 0.87 2.35 2.17 0.95
SAM-ResNet 0.68 0.78 0.70 0.87 2.34 2.15 1.27
SAM-VGG 0.67 0.77 0.71 0.87 2.30 2.14 1.13
DeepFix [100] 0.67 0.78 0.71 0.87 2.26 2.04 0.63
SALICON [75] 0.60 0.74 0.74 0.87 2.12 2.62 0.54
PDP [82] 0.60 0.70 0.73 0.85 2.05 2.58 0.92
ML-Net 0.59 0.67 0.70 0.85 2.05 2.63 1.10
SalGAN [140] 0.63 0.73 0.72 0.86 2.04 2.29 1.07
DVA [207] 0.58 0.68 0.71 0.85 1.98 3.06 0.64
iSEEL [182] 0.57 0.65 0.68 0.84 1.78 2.72 0.65
SalNet [141] 0.52 0.58 0.69 0.83 1.51 3.31 0.81
BMS [235] 0.51 0.55 0.65 0.83 1.41 3.35 0.81
Mr-CNN [119] 0.48 0.48 0.69 0.79 1.37 3.71 1.08
DeepGazeII [105] 0.46 0.52 0.72 0.88 1.29 3.98 0.96
GBVS [61] 0.48 0.48 0.63 0.81 1.24 3.51 0.87
Judd [89] 0.42 0.47 0.60 0.81 1.18 4.45 1.12
eDN [199] 0.41 0.45 0.62 0.82 1.14 4.56 1.14

Table 3.7: Comparison results on MIT300 dataset [88]. The results in bold indicate
the best performing method on each evaluation metric. Methods are sorted by the
NSS metric.

SIM CC sAUC AUC NSS EMD KL-Div

SAM-ResNet 0.77 0.89 0.58 0.88 2.38 1.04 0.56
SAM-VGG 0.76 0.89 0.58 0.88 2.38 1.07 0.54
DeepFix [100] 0.74 0.87 0.58 0.87 2.28 1.15 0.37
MixNet [37] 0.66 0.76 0.58 0.86 1.92 1.63 0.62
iSEEL [182] 0.62 0.66 0.59 0.84 1.67 1.78 0.92
BMS [235] 0.61 0.67 0.59 0.85 1.67 1.95 0.83
eDN [199] 0.52 0.54 0.55 0.85 1.30 2.64 0.97
Judd [89] 0.46 0.54 0.56 0.84 1.30 3.60 0.94
GBVS [61] 0.51 0.50 0.58 0.80 1.23 2.99 0.80

Table 3.8: Comparison results on CAT2000 test set [17]. The results in bold
indicate the best performing method on each evaluation metric. Methods are
sorted by the NSS metric.

3.4.5 Qualitative results

Qualitative results obtained by our models on SALICON 2015 and MIT1003
validations sets, together with those of other state-of-the-art models, are respect-
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DUT-OMRON TORONTO PASCAL-S
CC SIM AUC NSS CC SIM AUC NSS CC SIM AUC NSS

Itti [81] 0.46 0.39 0.83 1.54 0.48 0.45 0.80 1.30 0.42 0.36 0.82 1.30
GBVS [61] 0.53 0.43 0.87 1.71 0.57 0.49 0.83 1.52 0.45 0.36 0.84 1.36
eDN [199] - - - 1.33 0.50 0.40 0.85 1.25 - - - 1.42
Mr-CNN [119] - - - - 0.49 0.47 0.80 1.41 - - - -
DVA [207] 0.67 0.53 0.91 3.09 0.72 0.58 0.86 2.12 0.66 0.52 0.89 2.26

SAM-VGG2015 0.65 0.53 0.91 2.91 0.69 0.59 0.86 2.14 0.72 0.60 0.90 2.48
SAM-VGG2017 0.69 0.53 0.91 2.95 0.74 0.63 0.86 2.15 0.73 0.61 0.89 2.31

SAM-ResNet2015 0.69 0.56 0.91 3.21 0.69 0.59 0.86 2.12 0.69 0.59 0.89 2.34
SAM-ResNet2017 0.70 0.54 0.92 2.97 0.74 0.62 0.86 2.14 0.74 0.61 0.90 2.34

Table 3.9: Comparison results on DUT-OMRON [221], TORONTO [19] and
PASCAL-S [113] dataset. Results of comparison methods are from [207]. The
subscript notations 2015 and 2017 indicate that the models are trained on the
SALICON 2015 and SALICON 2017, respectively.

ively shown in Fig. 3.11 and 3.12. As it can be noticed, our networks are able to
predict high saliency values on people, faces, objects and other predominant cues.
The SAM model also produces good saliency maps when images do not contain
strong saliency regions, such as when saliency is concentrated in the center of
the scene or when images portray a landscape. We also notice that the model can
sometimes infer the relative importance of different people in the same scene, a
human behaviour which saliency models still struggle to replicate, as discussed
in [23].

To visually highlight the differences between the two versions of the SALICON
dataset, we report in Fig. 3.13 some qualitative results of our SAM-ResNet model
on both versions of the dataset. As it can be seen, saliency maps of the newest
version of the dataset are in general more blurred and less focused on specific
areas of the images. Nevertheless, our model is able to predict saliency maps that
are visually very similar to the ground-truth in both scenarios, thus confirming its
effectiveness also from a qualitative point of view.
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Image [105] [141] ML-Net SAM-VGG SAM-ResNet Ground-truth

Figure 3.11: Qualitative results and comparison with other state-of-the-art models
on SALICON 2015 validation set [84].



Image [105] [141] ML-Net SAM-VGG SAM-ResNet Ground-truth

Figure 3.12: Qualitative results and comparison with other state-of-the-art models
on MIT1003 validation set [89].

Image GT2015 SAM2015 GT2017 SAM2017

Figure 3.13: Qualitative results on both 2015 and 2017 releases of the SALICON
dataset [84].





Chapter 4

Image captioning

A core problem in computer vision and artificial intelligence is that of building a
system that can replicate the human ability of understanding a visual stimuli and
describing it in natural language. Indeed, this kind of system would have a great
impact on society, opening up to a new progress in human-machine interaction and
collaboration. Recent advancements in computer vision and machine translation,
together with the availability of large datasets, have made it possible to generate
natural sentences describing images.

This task, which is called image captioning, has been recently gaining much
attention thanks to the spread of deep learning architectures which can effectively
describe images in natural language [201, 90, 217, 202]. Image captioning ap-
proaches are usually capable of learning a correspondence between an input image
and a probability distribution over time, from which captions can be sampled
either using a greedy decoding strategy [202], or more sophisticated techniques
like beam search and its variants [3].

Contributions

In this chapter, we present two different solutions to address the image captioning
task. The first model exploits the conditioning given by a saliency prediction
model on which parts of the image are salient and which are contextual, during the
generation of the sentence. In particular, it incorporates an attentive mechanism

This chapter is related to publications [4, 11, 24, 25] reported in Appendix B, by the author of
the thesis. See Appendix B for details.
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that can focus on different parts of the input image while weighing the contribution
of salient and contextual regions. We demonstrate through extensive analyses and
experiments the effectiveness of incorporating saliency information in a captioning
model with respect to different baselines and other saliency-based captioning
approaches.

While the language model of the first solution is based on recurrent neural
networks, the second approach is instead based on the Transformer model that
abandons the recurrent relations in favour of the use of fully-attentive mechanisms.
The proposed architecture, called Meshed-Memory Transformer, improves both
the image encoding and the language generation steps: it learns a multi-level
representation of the relationships between image regions integrating learned a
priori knowledge, and uses a mesh-like connectivity at decoding stage to exploit
low- and high-level features. Experimentally, we investigate the performance of
our solution and different fully-attentive models in comparison with recurrent ones.
We show that our model achieves a new state of the art on the most important
dataset for image captioning (i.e. COCO [116]) reaching the first place on the
leaderboard of the online test server1.

In details, the rest of the chapter is organized as follows: in Sec. 4.1, we
introduce our first captioning model that incorporates saliency prediction to en-
hance image descriptions. After motivating the use of saliency information into a
captioning model, we describe the architecture of our solution and we show its
effectiveness with quantitative and qualitative experiments. Then, in Sec. 4.2, we
investigate the use of fully-attentive models and we propose a second captioning
architecture that is based on the Transformer model and achieves a new state of
the art on standard image captioning.

1https://competitions.codalab.org/competitions/3221
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4.1 Boosting captioning with saliency

While the progress of captioning techniques is encouraging, the human ability in
the construction and formulation of a sentence is still far from being adequately
emulated in today’s image captioning systems. When humans describe a scene,
they look at an object before naming it in a sentence [57], and they do not focus
on each region with the same intensity, as selective mechanisms attract their gaze
on salient and relevant parts of the scene [156]. Also, they care about the context
using peripheral vision, so that the description of an image alludes not only to
the main objects in the scene, and to how they relate to each other, but also to the
context in which they are placed in the image.

As seen in the previous chapter, an intensive research effort has been carried
out in the computer vision community to predict where humans look in an image.
Indeed, we have demonstrated that, with the advent of deep neural networks and
large annotated datasets, saliency prediction techniques have obtained impressive
results generating maps that are very close to the ones computed with eye-tracking
devices. Despite the encouraging progress in image captioning and visual sa-
liency, and their close connections, these two fields of research have remained
almost separate. In fact, only few attempts have been recently presented in this
direction [173, 183]. In particular, Sugano et al. [173] presented a gaze-assisted
attention mechanism for image caption based on human eye fixations (i.e. the
static states of gaze upon a specific location). Although this strategy confirms
the importance of using eye fixations, it requires gaze information from a human
operator. Therefore, it can not be applied on general visual data archives, in which
this information is missing. To overcome this limit, Tavakoli et al. [183] presented
an image captioning method based on saliency maps, which can be automatically
predicted from the input image.

In this section, we present an approach which incorporates saliency prediction
to effectively enhance the quality of image description. We propose a captioning
architecture based on recurrent neural networks which can focus on different
regions of the input image by means of an attentive mechanism. This attentive
behaviour, differently from previous works [216], is conditioned by two different
attention paths: the former focused on salient spatial regions, predicted by a
saliency model, and the latter focused on contextual regions, which are computed
as well from saliency maps. Experimental results on public image captioning
datasets demonstrate that our solution is able to properly exploit saliency cues.
Also, we show that this is done without losing the key properties of the generated
captions, such as their diversity and the vocabulary size. By visualizing the states
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Figure 4.1: Ground-truth semantic segmentation and saliency predictions from our
SAM model (Sec. 3.2) on sample images from Pascal-Context [136] (first row),
Cityscapes [31] (second row) and LIP [53] (last row).

of both attentive paths, we finally show that the trained model has learned to attend
to both salient and contextual regions during the generation of the caption, and
that attention focuses produced by the network effectively correspond, step by
step, to generated words.

4.1.1 What is hit by saliency?

As previously mentioned, human gazes are attracted by both low-level cues such
as color, contrast and texture, and high-level concepts such as faces and text [89,
23]. Current state-of-the-art saliency prediction methods are able to effectively
incorporate all these factors and predict saliency maps which are very close to those
obtained from human eye fixations. In this section, we qualitatively investigate
which parts of an image are actually hit or ignored by saliency models, by jointly
analyzing saliency and semantic segmentation maps. This motivates the need of
using saliency predictions as an additional conditioning for captioning models.

To compute saliency maps, we employ our Saliency Attentive Model described
in Section 3.2, which has shown good results on popular saliency benchmarks. It
is worthwhile to mention, anyway, that the qualitative conclusions of this section
can be applied to any state-of-the-art saliency model.

Since semantic segmentation algorithms are not always completely accurate,
we perform the analysis on three semantic segmentation datasets, in which regions
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Figure 4.2: Most salient classes on Pascal-Context, Cityscapes and LIP datasets.
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Figure 4.3: Least salient classes on Pascal-Context, Cityscapes and LIP datasets.

have been segmented by human annotators: Pascal-Context [136], Cityscapes [31],
and the Look into Person (LIP) [53]. While the first one contains natural images
without a specific target, the other two are focused, respectively, on urban streets
and human body parts. In particular, the Pascal-Context provides additional
annotations for the Pascal VOC 2010 dataset [44] which contains 10, 103 training
and validation images and 9, 637 testing images. It goes beyond the original Pascal
semantic segmentation task by providing annotations for the whole scene, and
images are annotated by using more than 400 different labels. The Cityscapes
dataset, instead, is composed by a set of video sequences recorded in street scenes
from 50 different cities. It provides high quality pixel-level annotations for 5, 000
frames and coarse annotations for 20, 000 frames. The dataset is annotated with
30 street-specific classes, such as car, road, traffic sign, etc. Finally, the LIP
dataset is focused on the semantic segmentation of people and provides more than
50, 000 images annotated with 19 semantic human part labels. Images contain
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Figure 4.4: Distribution of object sizes and saliency values (best seen in color).

person instances cropped from the Microsoft COCO dataset [116] and split in
training, validation and testing sets with 30, 462, 10, 000 and 10, 000 images
respectively. For our analyses we only consider train and validation images for the
Pascal-Context and LIP datasets, and the 5, 000 pixel-level annotated frames for
the Cityscapes dataset. Figure 4.1 shows, for some sample images, the predicted
saliency map and the corresponding semantic segmentation on the three datasets.

We firstly investigate which are the most and the least salient classes for
each dataset. Since there are semantic classes with a low number of occurrences
with respect to the total number of images, we only consider relevant semantic
classes (i.e. classes with at least N occurrences). Due to the different dataset
sizes, we set N to 500 for the Pascal-Context and LIP datasets, and to 200 for the
Cityscapes dataset. To collect the number of times that the predicted saliency hits
a semantic class, we binarize each map by thresholding the values of its pixels. A
low threshold value leads to a binarized map with dilated salient regions, while an
high threshold creates small salient regions around the fixation points. For this
reason, we use two different threshold values to analyze the most and the least
salient classes. We choose a threshold near 0 to find the least salient classes for
each dataset, and a value near 255 to find instead the most salient ones.

Figures 4.2 and 4.3 show the most and the least salient classes in terms of the
percentage of times that saliency hits a region belonging to a class. As it can be
seen, there are different distributions depending on the considered dataset. For
example, for the Pascal-Context, the most salient classes are animals (such as cats,
dogs and birds), people and vehicles (such as airplanes and cars), while the least
salient ones result to be ceiling, floor and light. As for the Cityscapes dataset,
cars are absolutely the most salient class with a 70% of times in which is hit by
saliency. All other classes, instead, do not reach the 40%. On the LIP dataset, the
most salient classes are all human body parts in the upper body, while the least
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salient ones are all in the lower body. As expected, people faces are those most
hit by saliency with an absolute number of occurrences near to 90%. It can be
observed as a general pattern that the most important or visible objects in the scene
are hit by saliency, while objects in the background, and the context itself of the
image are usually ignored. This leads to the hypothesis that both salient and non
salient regions are important to generate the description of an image, given that we
generally want the context to be included in the caption, and that the distinction
between salient regions and context, given by a saliency prediction model, can
improve captioning results.

We also investigate the existence of a relation between the size of an object
and its saliency values. In Figure 4.4, we plot the joint distribution of object sizes
and saliency values on the three datasets, where the size of an object is simply
computed as the number of its pixels normalized by the size of the image. As it
can be seen, most of the low saliency instances are small; however, high saliency
values concentrate on small objects as well as on large ones. In summary, there
is not always a proportionality between the size of an object and its saliency, so
the importance of an object can not be assessed by simply looking at its size. In
the image captioning scenario that we want to tackle, larger objects correspond to
larger activations in the last layers of a convolutional architecture, while smaller
objects correspond to smaller activations. Since salient and non salient regions can
have comparable activations, the supervision given by a saliency prediction model
on whether a pixel belongs or not to a salient region can be beneficial during the
generation of the caption.

4.1.2 Saliency and context aware attention
Following the qualitative findings of the previous section, we develop a model
in which saliency is exploited to enhance image captioning. Here, a generative
recurrent neural network is conditioned, step by step, on salient spatial regions,
predicted by a saliency model, and on contextual features which account for the
role on non-salient regions in the generation of the caption. In the following, we
describe the overall model. An overview is presented in Figure 4.5.

Each input image I is firstly encoded through a Fully Convolutional Network,
which provides a stack of high-level features on a spatial grid {a1,a2, ...,aL},
each corresponding to a spatial location of the image. At the same time, we extract
a saliency map for the input image using our SAM model (Sec. 3.2), and downscale
it to fit the spatial size of the convolutional features, so to obtain a spatial grid
{s1, s2, ..., sL} of salient regions, where si ∈ [0, 1]. Correspondingly, we also
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Figure 4.5: Overview of the proposed model. Two different attention paths are
built for salient regions and contextual regions, to help the model build captions
which describe both components (best seen in color).

define a spatial grid of contextual regions, {z1, z2, ..., zL} where zi = 1 − si.
Under the model, visual features at different locations will be selected or inhibited
according to their saliency value.

The generation of the caption is carried out word-by-word by feeding and
sampling words from an LSTM layer, which, at every timestep, is conditioned on
features extracted from the input image and on the saliency map. Formally, the
behaviour of the generative LSTM is driven by the following equations:

it = σ(Wviv̂t +Wwiwt +Whiht−1 + bi) (4.1)
ft = σ(Wvf v̂t +Wwfwt +Whfht−1 + bf ) (4.2)
ot = σ(Wvov̂t +Wwowt +Whoht−1 + bo) (4.3)
gt = φ(Wvgv̂t +Wwgwt +Whght−1 + bg) (4.4)
ct = ft � ct−1 + it � gt (4.5)
ht = ot � φ(ct) (4.6)

where, at each timestep, v̂t denotes the visual features extracted from I , by
considering the map of salient regions {si}i, and those of contextual regions
{zi}i. wt is the input word, and h and c are respectively the internal state and the
memory cell of the LSTM. � denotes the element-wise Hadamard product, σ is
the sigmoid function, φ is the hyperbolic tangent tanh, W∗ are learned weight
matrices and b∗ are learned biases vectors.

To provide the generative network with visual features, we draw inspiration
from the machine attention literature [216] and compute the fixed-length feature
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vector v̂t as a linear combination of spatial features {a1,a2, ...,aL} with time-
varying weights αti, normalized over the spatial extent via a softmax operator:

v̂t =

L∑
i=1

αtiai, (4.7)

αti =
exp (eti)∑L
k=1 exp (etk)

. (4.8)

At each timestep the attention mechanism selects a region of the image, based on
the previous LSTM state, and feeds it to the LSTM, so that the generation of a
word is conditioned on that specific region, instead of being driven by the entire
image.

Ideally, we want weights αti to be aware of the saliency and contextual value
of location ai, and to be conditioned on the current status of the LSTM, which
can be well encoded by its internal state ht. In this way, the generative network
can focus on different locations of the input image according to their belonging
to a salient or contextual region, and to the current generation state. Of course,
simply multiplying attention weights with saliency values would result in a loss of
context, which is fundamental for caption generation. We instead split attention
weights eti into two contributions, one for saliency and one for context regions,
and employ two different fully connected networks to learn the two contributions
(Figure 4.5). Conceptually, this is equivalent to building two separate attention
paths, one for salient regions and for contextual regions, which are merged to
produce the final attention. Overall, the model obeys to the following equation:

eti = si · esalti + zi · ectxti (4.9)

where esalti and ectxti are, respectively, the attention weights for salient and context
regions. Attention weights for saliency and context are computed as follows:

esalti = vTe,sal · φ(Wae,sal · ai +Whe,sal · ht−1) (4.10)

ectxti = vTe,ctx · φ(Wae,ctx · ai +Whe,ctx · ht−1) (4.11)

Notice that our model learns different weights for saliency and contextual regions,
and combines them into a final attentive map in which the contributions of salient
and non-salient regions are merged together. Similarly to the classical Soft Atten-
tion approach [216], the proposed generative LSTM can focus on every region
of the image, but the attentive process is aware of the saliency of each location,
so that the focus on salient and contextual regions is driven by the output of the
saliency predictor.
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Sentence generation

Words are encoded with one-hot vectors having size equal to that of the vocabulary,
and are then projected into an embedding space via a learned linear transformation.
Because sentences have different lengths, they are also marked with special begin-
of-string and end-of-string tokens, to keep the model aware of the beginning and
end of a particular sentence.

Given an image and sentence (y0,y1, ...,yT ), encoded with one-hot vectors,
the generative LSTM is conditioned step by step on the first t words of the caption,
and is trained to produce the next word of the caption. The objective function
which we optimize is the log-likelihood of correct words over the sequence

max
w

T∑
t=1

log Pr(yt|v̂t,yt−1,yt−2, ...,y0) (4.12)

where w are all the parameters of the model. The probability of a word is
modeled via a softmax layer applied on the output of the LSTM. To reduce the
dimensionality, a linear embedding transformation is used to project one-hot word
vectors into the input space of the LSTM and, vice versa, to project the output of
the LSTM to the dictionary space.

Pr(yt|v̂t,yt−1,yt−2, ...,y0) ∝ exp(yTt Wpht) (4.13)

where Wp is a matrix for transforming the LSTM output space to the word space
and ht is the output of the LSTM.

At test time, the LSTM is given a begin-of-string tag as input for the first
timestep, then the most probable word according to the predicted distribution is
sampled and given as input for the next timestep, until an end-of-string tag is
predicted.

4.1.3 Experimental settings
Datasets and metrics

To validate the effectiveness of the proposed Saliency and Context aware At-
tention, we perform experiments on five popular image captioning datasets:
SALICON [84], Microsoft COCO [116], Flickr8k [69], Flickr30k [229], and
PASCAL-50S [193].

Microsoft COCO is composed by more than 120, 000 images divided in train-
ing and validation sets, where each of them is provided with at least five sentences
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generated by using Amazon Mechanical Turk. SALICON is a subset of this one,
created for the visual saliency prediction task. Since its images are from the Mi-
crosoft COCO dataset, at least five captions for each image are available. Overall,
it contains 10, 000 training images, 5, 000 validation images and 5, 000 testing
images where eye fixations for each image are simulated with mouse movements.
In our experiments, we only use train and validation sets for both datasets. The
Flickr8k and the Flickr30k datasets are composed by 8, 000 and 30, 000 images
respectively. Both of them come with five annotated sentences for each image.
In our experiments, we randomly choose 1, 000 validation images and 1, 000
test images for each of these two datasets. The PASCAL-50S dataset provides
additional annotations for the UIUC PASCAL sentences [153]. It is composed of
1, 000 images from the PASCAL-VOC dataset, each of them annotated with 50
human-written sentences, instead of 5 as in the original dataset. Due to the limited
number of samples and for a fair comparison with other captioning methods, we
first pre-train the model on the Microsoft COCO dataset, then we test it on the
images of this dataset without a specific fine-tuning.

For evaluation, we employ four automatic metrics which are usually em-
ployed in image captioning: BLEU [144], ROUGEL [115], METEOR [9] and
CIDEr [193]. BLEU is a modified form of precision between n-grams to compare
a candidate translation against multiple reference translations. We evaluate our
predictions with BLEU using mono-grams, bi-grams, three-grams and four-grams.
ROUGEL computes an F-measure considering the longest co-occurring in se-
quence n-grams. METEOR, instead, is based on the harmonic mean of unigram
precision and recall, with recall weighted higher than precision. It also has several
features that are not found in other metrics, such as stemming and synonymy
matching, along with the standard exact word matching. CIDEr, finally, computes
the average cosine similarity between n-grams found in the generated caption and
those found in reference sentences, weighting them using TF-IDF. To ensure a fair
evaluation, we use the Microsoft COCO evaluation toolkit2 to compute all scores.

Implementation details

Each image is encoded through a convolutional network, which computes a stack
of high-level features. We employ the popular ResNet-50 [64], trained on Im-
ageNet [163], to compute the feature maps over the input image. In particular, the
ResNet-50 is composed by 49 convolutional layers, divided in 5 convolutional

2https://github.com/tylin/coco-caption
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blocks, and 1 fully connected layer. Since we want to maintain the spatial dimen-
sions, we extract the feature maps from the last convolutional layer and ignore the
fully connected layer. The output of the ResNet model is a tensor with 2048 chan-
nels. To limit the number of feature maps and the number of learned parameters,
we fed this tensor into another convolutional layer with 512 filters and a kernel
size of 1, followed by a ReLU activation function. Differently from the weights of
the ResNet-50 which are kept fixed, the weights of this last convolutional layer
are initialized according to [50] and fine-tuned over the considered datasets. In the
LSTM, following the initialization proposed in [8], the weight matrices applied to
the inputs are initialized by sampling each element from the Gaussian distribution
of 0 mean and 0.012 variance, while the weight matrices applied to the internal
states are initialized by using the orthogonal initialization. The vectors ve,sal and
ve,ctx as well as all bias vectors b∗ are instead initialized to zero.

As mentioned before, to predict the saliency map for each input image, we
exploit our Saliency Attentive Model (SAM), which is able to predict accurate
saliency maps according to different saliency benchmarks. We note however, that
we do not expect a significant performance variation when using other state-of-
the-art saliency methods.

In our experiments, we use different input image sizes depending on the
considered dataset. For the SALICON dataset, since its images have all the same
size of 480 × 640, we keep the original size of these images, thus obtaining
L = 15× 20 = 300. For all other datasets, which are composed of images with
different sizes, we set the input size to 480× 480 obtaining L = 15× 15 = 225.
Since saliency maps are exploited inside the proposed saliency-context attention
model, we resize the SALICON saliency maps to have a size of 15× 20 while, for
all other datasets, we resize them to 15× 15.

All experiments are performed by using the Adam optimizer [93] with Nestorov
momentum [178] using an initial learning rate of 0.001 and batch size 64. The
hidden state dimension is set to 1024 while the embedding size to 512. For all
datasets, we choose a vocabulary size equal to the number of words which appear
at least 5 times in training and validation captions.

4.1.4 Comparison with baselines
To assess the performance of our method, and to investigate the hypotheses behind
it, we first compare with the classic Soft Attention approach, and we then build
three baselines in which saliency is used to condition the generative process.
Soft Attention [216]. The visual input to the LSTM is computed via the Soft
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Attention mechanism to attend at different locations of the image, without consid-
ering salient and non-salient regions. A single feed forward network is in charge
of producing attention values, which can be obtained by replacing Eq. 4.9 with

eti = vTe · φ(Wae · ai +Whe · ht−1). (4.14)

This approach is equivalent to the one proposed in [216], although some im-
plementation details are different. In order to achieve a fair evaluation, we use
activations from the ResNet-50 model instead of the VGG-19, and we do not
include the doubly stochastic regularization trick. For this reason, the numerical
results that we report are not directly comparable with those in the original paper
(ours are in general higher than the original ones).
Saliency pooling. Visual features from the CNN are multiplied at each location
by the corresponding saliency value, and then summed, without any attention
mechanism. In this case the visual input of the LSTM is not time dependent,
and salient regions are given more focus than non-salient ones. Comparing with
Eq. 4.7, it can be seen as a variation of the Soft Attention in which the network
always focuses on salient regions.

v̂t = v̂ =

L∑
i=1

siai (4.15)

Attention on saliency. This is an extension of the Soft Attention approach in
which saliency is used to modulate attention values at each location. The atten-
tion mechanism, therefore, is conditioned to attend salient regions with higher
probability, and to ignore non-salient regions.

eti = si · vTe · φ(Wae · ai +Whe · ht−1) (4.16)

Attention on saliency and context (with weight sharing). The attention mech-
anism is aware of salient and context regions, but weights used to compute the
attentive scores of salient and context are shared, excluding the vTe vectors. No-
tice that, if those were shared too, this baseline would be equivalent to the Soft
Attention one.

eti = si · esalti + (1− si) · ectxti (4.17)

esalti = vTe,sal · φ(Wae · ai +Whe · ht−1) (4.18)

ectxti = vTe,ctx · φ(Wae · ai +Whe · ht−1) (4.19)
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Dataset Model B-1 B-2 B-3 B-4 M R C

SALICON Soft Attention 69.0 50.9 36.1 25.4 22.5 49.9 70.8
Saliency+Context Attention 69.2 51.4 37.2 26.9 22.9 50.4 73.3

COCO Soft Attention 70.6 53.0 38.3 27.5 24.3 51.8 87.9
Saliency+Context Attention 70.8 53.6 39.1 28.4 24.8 52.1 89.8

Flick8k Soft Attention 59.9 41.8 27.9 18.2 19.8 45.0 47.7
(validation) Saliency+Context Attention 62.8 44.5 30.2 19.9 20.3 46.5 50.1

Flickr8k Soft Attention 61.0 43.2 29.6 20.1 20.8 46.5 53.2
(test) Saliency+Context Attention 63.5 45.6 31.5 21.2 21.1 47.5 54.1

Flickr30k Soft Attention 61.9 43.3 29.7 20.2 19.9 44.8 43.2
(validation) Saliency+Context Attention 61.3 43.3 30.1 20.9 20.2 45.0 44.5

Flickr30k Soft Attention 61.9 43.4 29.9 20.5 19.8 44.5 44.2
(test) Saliency+Context Attention 61.5 43.8 30.5 21.3 20.0 45.2 46.4

PASCAL-50S Soft Attention 82.4 70.0 57.0 45.1 32.8 65.9 70.4
Saliency+Context Attention 82.4 70.2 57.5 45.7 32.9 66.3 70.7

Table 4.1: Image captioning results. The conditioning of saliency and context
(Saliency+Context Attention) enhances the generation of the caption
with respect to the traditional machine attention mechanism. Soft Attention
here indicates our reimplementation of [216], using the same visual features of
our model.

It is straightforward also to notice that our proposed approach is equivalent to
the last baseline, without weight sharing.

In Table 4.1 we first compare the performance of our method with respect to the
Soft Attention approach, to assess the superior performance of the proposal with
respect to the published state of the art. We report results on all the datasets, both
on validation and test sets, with respect to all the evaluation metrics previously
described. As it can be seen, the proposed approach always overcomes by a
significant margin the Soft Attention approach, thus experimentally confirming
the benefit of having two separate attention paths, one for salient and one for
non-salient regions, and the role of saliency as a conditioning for captioning.
In particular, on the METEOR metric, the relative improvement ranges from
32.9−32.8

32.8 = 0.30% on the PASCAL-50S to 20.3−19.8
19.8 = 2.53% of the Flickr8k

validation set.
In Table 4.2, instead, we compare our approach with the three baselines that

incorporate saliency. Firstly, it can be observed that the Saliency pooling baseline
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Dataset Model B-1 B-2 B-3 B-4 M R C

SALICON

Saliency pooling 66.1 47.8 33.7 24.0 21.1 47.9 62.4
Attention on saliency 68.8 51.3 37.0 26.5 22.7 50.1 71.3

Saliency+Cont. Att. (weight sh.) 68.9 51.3 36.8 26.3 22.6 50.2 71.4
Saliency+Context Attention 69.2 51.4 37.2 26.9 22.9 50.4 73.3

COCO

Saliency pooling 68.6 50.9 36.3 25.8 23.3 50.2 81.4
Attention on saliency 70.4 53.2 38.6 27.6 24.1 51.6 86.6

Saliency+Cont. Att. (weight sh.) 70.4 53.1 38.8 28.2 24.7 52.1 89.4
Saliency+Context Attention 70.8 53.6 39.1 28.4 24.8 52.1 89.8

Saliency pooling 56.1 37.7 24.3 15.6 18.3 42.8 37.0
Flickr8k Attention on saliency 58.7 40.4 26.8 17.6 19.7 45.1 44.7

(Validation) Saliency+Cont. Att. (weight sh.) 62.0 43.9 29.6 19.8 20.2 45.7 50.2
Saliency+Context Attention 62.8 44.5 30.2 19.9 20.3 46.5 50.1

Saliency pooling 56.5 37.8 24.6 16.2 18.5 42.9 37.7
Flickr8k Attention on saliency 59.6 42.2 28.7 19.5 20.7 46.1 50.1

(Test) Saliency+Cont. Att. (weight sh.) 62.4 44.2 29.9 19.7 21.1 46.7 51.7
Saliency+Context Attention 63.5 45.6 31.5 21.2 21.1 47.5 54.1

Saliency pooling 58.7 40.5 27.1 18.4 18.3 43.0 34.2
Flickr30k Attention on saliency 63.0 44.5 30.8 21.3 19.4 44.7 43.5

(Validation) Saliency+Cont. Att. (weight sh.) 62.0 43.8 30.0 20.5 19.7 44.6 43.3
Saliency+Context Attention 61.3 43.3 30.1 20.9 20.2 45.0 44.5

Saliency pooling 58.3 40.6 27.5 18.6 18.7 43.0 36.2
Flickr30k Attention on saliency 62.5 44.2 30.5 21.0 19.6 44.9 45.0

(Test) Saliency+Cont. Att. (weight sh.) 61.7 43.7 30.0 20.4 19.6 44.2 43.1
Saliency+Context Attention 61.5 43.8 30.5 21.3 20.0 45.2 46.4

PASCAL-50S

Saliency pooling 79.9 67.1 53.6 41.8 31.4 64.1 65.3
Attention on saliency 82.4 70.3 57.4 45.5 32.7 66.3 70.2

Saliency+Cont. Att. (weight sh.) 82.0 69.7 56.4 44.2 32.7 65.2 70.0
Saliency+Context Attention 82.4 70.2 57.5 45.7 32.9 66.3 70.7

Table 4.2: Comparison with image captioning with saliency baselines. While
the use of machine attention strategies is beneficial (see Saliency pooling
vs. Attention on Saliency), saliency and context are both important for
captioning. The use of different attention paths for saliency and context also
enhances the performance (see Saliency+Context Attention (with
weight sharing) vs. Saliency+Context Attention).

usually performs worse than the Soft Attention, thus demonstrating that always
attending to salient locations is not sufficient to achieve good captioning results.
When plugging in attention, like in the Saliency Attention baseline, numerical
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Dataset Model B-4 M R C

SALICON Sugano et al. [173] 24.5 21.9 52.4 63.8
Ours 26.9 22.9 50.4 73.3

COCO
Tavakoli et al. [183] (GBVS) 28.7 23.5 51.2 84.1
Tavakoli et al. [183] (iSEEL) 28.3 23.5 50.8 83.6

Ours 28.4 24.8 52.1 89.8

Flickr30k (Test) Ramanishka et al. [151] – 18.3 – –
Ours 21.3 20.0 45.2 46.4

PASCAL-50S
Tavakoli et al. [183] (GBVS) 40.0 30.2 63.5 61.5
Tavakoli et al. [183] (iSEEL) 39.6 30.2 63.2 61.4

Ours 45.7 32.9 66.3 70.7

Table 4.3: Comparison with existing saliency-boosted captioning models.

results are a bit higher, thanks to a time-dependent attention, but still far from the
performance achieved by the complete model. It can also be noticed that, even
though this baseline does not take into account the context, it sometimes achieves
better results than the Soft Attention model (such as in the case of SALICON,
with respect to the METEOR metric). Finally, we notice that the baseline with
attention on saliency and context, and with weight sharing, is better than Saliency
Attention, further confirming the benefit of including the context. Having two
completely separated attention paths, such as in our model, is anyway important,
as demonstrated by the numerical results of this last baseline with respect to those
of our method.

4.1.5 Comparison with state of the art
We also compare to existing captioning models that incorporate saliency during
the generation of image descriptions. In particular, we compare to the model pro-
posed in [173], which exploited human fixation points, to the work by Tavakoli et
al. [183] which reports experiments on Microsoft COCO and on PASCAL-50S,
and to the proposal by Ramanishka et al. [151] which used convolutional activa-
tions as a proxy for saliency.

Table 4.3 shows the results on the three considered datasets in term of BLEU@4,
METEOR, ROUGEL and CIDEr. We compare our solutions to both versions of
the model presented in [183]. The GBVS version exploits saliency maps calculated
by using a traditional bottom-up model [61], while the other one includes saliency
maps extracted from a deep convolutional network [182].
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Overall, results show that the proposed Saliency and Context Attention model
can overcome the other methods on different metrics, thus confirming the strategy
of including two attention paths. In particular, on the METEOR metric, we obtain a
relative improvement of 4.57% on the SALICON dataset, 5.53% on the Microsoft
COCO and 8.94% on the PASCAL-50S.

4.1.6 Analysis of generated captions

We further collect statistics on captions generated by our method and by the Soft
Attention model, to quantitatively assess the quality of generated captions. Firstly,
we define three metrics which evaluate the vocabulary size and the difference
between the corpus of captions generated by the two models and the ground-truth:

• Vocabulary size: number of unique words generated in all captions;

• Percentage of novel sentences: percentage of generated sentences which are
not seen in the training set;

• Percentage of different sentences: percentage of images which are described
differently by the two models;

Then, we measure the diversity of the set of captions generated by each of the two
models, via the following two metrics [167]:

• Div-1: ratio of number of unique unigrams in a set of captions to the number
of words in the same set. Higher is more diverse.

• Div-2: ratio of number of unique bigrams in a set of captions to the number
of words in the same set. Higher is more diverse.

In Table 4.4 we compare the set of captions generated by our model with
that generated by the Soft Attention baseline. Although our model features a
slight reduction of the vocabulary size on SALICON, COCO and PASCAL-50S,
captions generated by the two models are very often different, thus confirming
that the two approaches have learned different captioning models. Moreover, the
diversity and the number of novel sentences of the Soft Attention approach are
entirely preserved.

Learning to describe salient objects in images with vision and language 63



CHAPTER 4. IMAGE CAPTIONING

Dataset Model Div-1 Div-2 Vocab. % novel sent. % different sent.

SALICON Soft Attention 0.0136 0.0498 658 95.22% 95.34%Saliency+Context Attention 0.0125 0.0549 614 93.12%

COCO Soft Attention 0.0038 0.0187 1490 81.81% 93.80%Saliency+Context Attention 0.0037 0.0182 1444 78.02%

Flickr8k Soft Attention 0.0367 0.1026 389 98.30% 97.90%(Validation) Saliency+Context Attention 0.0400 0.1094 411 99.30%

Flickr8k Soft Attention 0.0385 0.1041 404 98.50% 97.60%(Test) Saliency+Context Attention 0.0419 0.1119 423 99.60%

Flickr30k Soft Attention 0.0577 0.1445 699 99.90% 98.62%(Validation) Saliency+Context Attention 0.0565 0.1439 715 99.61%

Flickr30k Soft Attention 0.0580 0.1508 682 99.90% 98.20%(Test) Saliency+Context Attention 0.0585 0.1549 711 99.70%

PASCAL-50S Soft Attention 0.0475 0.1379 465 97.10% 94.80%Saliency+Context Attention 0.0468 0.1359 456 96.40%

Table 4.4: Statistics on vocabulary size and diversity of the generated cap-
tions. Including saliency and context in two different machine attention paths
(Saliency+Context attention) produces different captions with respect
to the traditional machine attention approach (Soft Attention), while pre-
serving almost the same diversity statistics.

4.1.7 Analysis of attentive states

The selection of a location in our model is based on the competition between the
saliency attentive path and the context attentive path (see Eq. 4.9). To investigate
how the two paths interact and contribute to the generation of a word, in Figure 4.6
we report, for several images from the Microsoft COCO dataset, the changes in
attention weights between the two paths. Specifically, for each image we report
the average of esalti and ectxti values at each timestep, along with a visualization of
its saliency map. It is interesting to see how the model was able to correctly exploit
the two attention paths for generating different parts of the caption, and how
generated words correspond in most cases to the attended regions. For example,
in the case of the first image (“a group of zebras graze in a grassy field”), the
saliency attentive path is more active than the context path during the generation
of words corresponding to the “group of zebras”, which are captured by saliency.
Instead, when the model has to describe the context (“in a grassy field”), the
saliency attentive path has lower weights with respect to the context attentive path.
The same can be observed for all the reported images; it can also be noticed that
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Figure 4.6: Examples of attention weights changes between saliency and context
along with the generation of captions (best seen in color). Images are from the
Microsoft COCO dataset [116].

generated captions tend to describe both salient objects and the context, and that
usually the salient part, which is also the most important, is described before the
context.

4.1.8 Qualitative results
Finally, in Figure 4.8 we report some sample results on images taken from the
COCO dataset. For each image we report the corresponding saliency map, and
captions generated by our model and by the Soft Attention baseline compared to the
ground-truth. It can be seen that, on average, captions generated by our model are
more consistent with the corresponding image and the human-generated caption,
and that, as also observed in the previous section, salient parts are described as
well as the context. The incorporation of saliency and context also helps the model
to avoid failures due to hallucination, such as in the case of the fourth image, in
which the Soft Attention model predicts a remote control which is not depicted
in the image. Other failure cases, which are avoided by our model, include the
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repetition of words and the failure to describe the context. We speculate that the
presence of two separate attention paths, which the model has learned to attend
during the generation of the caption, helps to avoid such failures more effectively
than the classic machine attention approach.

Failure cases

For completeness, some failure cases of the proposed model are reported in
Figure 4.7. The majority of failures occurs when the salient regions of the image
are not described in the corresponding ground-truth caption (as for example in the
first row), thus causing a performance loss. Some problems arise also in presence
of complex scenes (such as in the fourth image). However, we observe that the
Soft Attention baseline fails as well to predict correct and complete captions in
these cases.

Ground-truth: The yellow truck
passes by two people on motorcycles
from opposing directions.
Saliency+Context Attention: A
person on a motor bike in a city.
Without saliency: A man in a red
shirt on a horse.

Ground-truth: A cityscape that is
seen from the other side of the river.
Saliency+Context Attention: A
large building with a large clock
tower in the background.
Without saliency: A large building
with a large clock in the water.

Ground-truth: A large tree situated
next to a large body of water.
Saliency+Context Attention:
A person is sitting under a red
umbrella.
Without saliency: A street sign with
a large tree in the middle.

Ground-truth: A busted fire hy-
drant spewing water out onto a
street.
Saliency+Context Attention: A
person standing in a front of a large
cruise ship.
Without saliency: A man is
standing in a dock near a large truck.

Ground-truth: A small airplane
flying over a field filled with people.
Saliency+Context Attention: A
group of people walking around a
large jet.
Without saliency: A large group
of people standing on top of a lush
green field.

Ground-truth: The view of city
buildings is seen from the river.
Saliency+Context Attention: A
large clock tower towering over the
water.
Without saliency: A large building
with a large clock tower in the water.

Figure 4.7: Failure cases on sample images of the Microsoft COCO dataset [116].
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Saliency+Context Attention: A group of people
standing around a giraffe.
Without saliency: A group of people standing around
a stage with a group of people.

Saliency+Context Attention: A man is looking inside
of a refrigerator.
Without saliency: A man is making a refrigerator in a
kitchen.

Saliency+Context Attention: A woman is jumping up
in a bed.
Without saliency: A woman is playing with a remote
control.

Saliency+Context Attention: A person taking a
picture of himself in a bathroom.
Without saliency: A bathroom with a sink and a sink.

Saliency+Context Attention: A teddy bear sitting on
a chair next to a window.
Without saliency: A brown dog is sitting on a laptop
keyboard.

Saliency+Context Attention: A group of people
riding skis down a snow covered slope.
Without saliency: A group of people on skis in the
snow.

Saliency+Context Attention: A double decker bus
driving down a street.
Without saliency: A bus is parked on the side of the
road.

Saliency+Context Attention: A person riding a
motorcycle on a road.
Without saliency: A man on a bike with a bike in the
background.

Figure 4.8: Sample results on the Microsoft COCO dataset [116].
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4.2 Boosting captioning with fully-attentive models

In the previous section, we have introduced a captioning architecture that during the
generation of the image description combines two attentive paths, one for salient
regions and the other for context. In the last few years, however, attentive models
have been improved by replacing this type of attention over a grid of features
with attention over image regions coming from an object detector [4, 204, 237].
In these models, the generative process attends a set of regions which are softly
selected while generating the caption.

Regarding the language model, the use of recurrent neural networks has
remained the dominant approach, with the exception of the investigation of con-
volutional language models [6], which however did not become a leading choice.
The recent advent of fully-attentive models, in which the recurrent relation is aban-
doned in favour of the use of self-attention, offers unique opportunities in terms of
set and sequence modeling performances, as testified by the Transformer [192]
and BERT [35] models and their applications to retrieval [172] and video under-
standing [175]. Also, this setting offers novel architectural modeling capabilities,
as for the first time the attention operator is used in a multi-layer and extensible
fashion. Nevertheless, the multimodal nature of image captioning demands for
specific architectures, different from those employed for the understanding of a
single modality.

Following these premises, in this section we investigate the design of a novel
fully-attentive approach for image captioning. Our architecture takes inspiration
from the Transformer model [192] for machine translation and incorporates two
key novelties with respect to all previous image captioning algorithms: (i) image
regions and their relationships are encoded in a multi-level fashion, in which
low-level and high-level relations are taken into account. When modeling these
relationships, our model can learn and encode a priori knowledge by using persist-
ent memory vectors. (ii) The generation of the sentence, done with a multi-layer
architecture, exploits both low- and high-level visual relationships instead of hav-
ing just a single input from the visual modality. This is achieved through a learned
gating mechanism, which weights multi-level contributions at each stage. As this
creates a mesh connectivity schema between encoder and decoder layers, we name
our model Meshed-Memory Transformer –M2 Transformer for short. Figure 4.9
depicts a schema of the architecture.

Experimentally, we explore different fully-attentive baselines and recent pro-
posals, gaining insights on the performance of fully-attentive models in image
captioning. OurM2 Transformer, when tested on the COCO benchmark, achieves
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Figure 4.9: Our image captioning approach encodes relationships between image
regions exploiting learned a priori knowledge. Multi-level encodings of image
regions are connected to a language decoder through a meshed and learnable
connectivity.

a new state of the art on the “Karpathy” test set, on both single-model and en-
semble configurations. Most importantly, it surpasses existing proposals on the
online test server, ranking first among published algorithms.

To foster researches in this field and the reproducibility of our work, the source
code and trained models of ourM2 Transformer are publicly available3.

4.2.1 Meshed-Memory Transformer
Our model can be conceptually divided into an encoder and a decoder module, both
made of stacks of attentive layers. While the encoder is in charge of processing
regions from the input image and devising relationships between them, the decoder
reads from the output of each encoding layer to generate the output caption word
by word. All intra-modality and cross-modality interactions between word and
image-level features are modeled via scaled dot-product attention, without using
recurrence. Attention operates on three sets of vectors, namely a set of queries
Q, keysK, and values V , and takes a weighted sum of value vectors according
to a similarity distribution between query and key vectors. In the case of scaled

3https://github.com/aimagelab/meshed-memory-transformer
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dot-product attention, the operator can be formally defined as

Attention(Q,K,V ) = softmax

(
QKT

√
d

)
V , (4.20)

where Q is a matrix of nq query vectors, K and V both contain nk keys and
values, all with the same dimensionality, and d is a scaling factor.

Memory-augmented encoder

Given a set of image regionsX extracted from an input image, attention can be
used to obtain a permutation invariant encoding ofX through the self-attention
operations used in the Transformer [192]. In this case, queries, keys, and values
are obtained by linearly projecting the input features, and the operator can be
defined as

S(X) = Attention(WqX,WkX,WvX), (4.21)

where Wq,Wk,Wv are matrices of learnable weights. The output of the self-
attention operator is a new set of elements S(X), with the same cardinality asX ,
in which each element ofX is replaced with a weighted sum of the values, i.e. of
linear projections of the input (Eq. 4.20).

Noticeably, attentive weights depend solely on the pairwise similarities between
linear projections of the input set itself. Therefore, the self-attention operator can
be seen as a way of encoding pairwise relationships inside the input set. When
using image regions (or features derived from image regions) as the input set, S(·)
can naturally encode the pairwise relationships between regions that are needed to
understand the input image before describing it4.

This peculiarity in the definition of self-attention has, however, a signific-
ant limitation. Because everything depends solely on pairwise similarities, self-
attention cannot model a priori knowledge on relationships between image regions.
For example, given one region encoding a man and a region encoding a basketball
ball, it would be difficult to infer the concept of player or game without any a priori
knowledge. Again, given regions encoding eggs and toasts, the knowledge that
the picture depicts a breakfast could be easily inferred using a priori knowledge
on relationships.

Memory-augmented attention. To overcome this limitation of self-attention,
we propose a memory-augmented attention operator. In our proposal, the set of

4Taking another perspective, self-attention is also conceptually equivalent to an attentive encoding
of graph nodes [194].
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generating textual tokens. For the sake of clarity, AddNorm operations are not
shown. Best seen in color.

keys and values used for self-attention is extended with additional “slots” which
can encode a priori information. To stress that a priori information should not
depend on the input set X , the additional keys and values are implemented as
plain learnable vectors which can be directly updated via SGD. Formally, the
operator is defined as:

Mmem(X) = Attention(WqX,K,V )

K = [WkX,Mk]

V = [WvX,Mv] , (4.22)

where Mk and Mv are learnable matrices with nm rows, and [·, ·] indicates
concatenation. Intuitively, by adding learnable keys and values, through attention
it will be possible to retrieve learned knowledge which is not already embedded
in X . At the same time, our formulation leaves the set of queries unaltered.
Intuitively again, this will help to avoid hallucination, given that knowledge is
always retrieved because of similarities with queries which are seen in the image.

Just like the self-attention operator, our memory-augmented attention can be
applied in a multi-head fashion. In this case, the memory-augmented attention
operation is repeated h times, using different projection matrices Wq,Wk,Wv and
different learnable memory slotsMk,Mv for each head. Then, we concatenate
the results from different heads and apply a linear projection.
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Encoding layer. We embed our memory-augmented operator into a Transformer-
like layer: the output of the memory-augmented attention is applied to a position-
wise feed-forward layer composed of two affine transformations with a single
non-linearity, which are independently applied to each element of the set. Formally,

F(X)i = Uσ(VXi + b) + c, (4.23)

whereXi indicates the i-th vector of the input set, and F(X)i the i-th vector of
the output. Also, σ(·) is the ReLU activation function, V and U are learnable
weight matrices, b and c are bias terms.

Each of these sub-components (memory-augmented attention and position-
wise feed-forward) is then encapsulated within a residual connection and a layer
norm operation. The complete definition of an encoding layer can be finally
written as:

Z = AddNorm(Mmem(X))

X̃ = AddNorm(F(Z)), (4.24)

where AddNorm indicates the composition of a residual connection and of a layer
normalization.

Full encoder. Given the aforementioned structure, multiple encoding layers are
stacked in sequence, so that the i-th layer consumes the output set computed by
layer i− 1. This amounts to creating multi-level encodings of the relationships
between image regions, in which higher encoding layers can exploit and refine
relationships already identified by previous layers, eventually using a priori know-
ledge. A stack of N encoding layers will therefore produce a multi-level output
X̃ = (X̃1, ..., X̃N ), obtained from the outputs of each encoding layer.

Meshed decoder

Our decoder is conditioned on both previously generated words and region encod-
ings, and is in charge of generating the next tokens of the output caption. Here,
we exploit the aforementioned multi-level representation of the input image while
still building a multi-layer structure. To this aim, we devise a meshed attention
operator which, unlike the cross-attention operator of the Transformer, can take
advantage of all encoding layers during the generation of the sentence.

Meshed cross-attention. Given an input sequence of vectors Y , and outputs from
all encoding layers X̃ , the Meshed Attention operator connects Y to all elements

72 Learning to describe salient objects in images with vision and language



CHAPTER 4. IMAGE CAPTIONING

in X̃ through gated cross-attentions. Instead of attending only the last encoding
layer, we perform a cross-attention with all encoding layers. These multi-level
contributions are then summed together after being modulated. Formally, our
meshed attention operator is defined as

Mmesh(X̃ ,Y ) =

N∑
i=1

αi � C(X̃i,Y ), (4.25)

where C(·, ·) stands for the encoder-decoder cross-attention, computed using
queries from the decoder and keys and values from the encoder:

C(X̃i,Y ) = Attention(WqY ,WkX̃
i,WvX̃

i), (4.26)

and αi is a matrix of weights having the same size as the cross-attention results.
Weights in αi modulate both the single contribution of each encoding layer,
and the relative importance between different layers. These are computed by
measuring the relevance between the result of the cross-attention computed with
each encoding layer and the input query, as follows:

αi = σ
(
Wi

[
Y , C(X̃i,Y )

]
+ bi

)
, (4.27)

where [·, ·] indicates concatenation, σ is the sigmoid activation, Wi is a 2d × d
weight matrix, and bi is a learnable bias vector.

Architecture of decoding layers. As for encoding layers, we apply our meshed
attention in a multi-head fashion. As the prediction of a word should only depend
on previously predicted words, the decoder layer comprises a masked self-attention
operation which connects queries derived from the t-th element of its input se-
quence Y with keys and values obtained from the left-hand subsequence, i.e. Y≤t.
Also, the decoder layer contains a position-wise feed-forward layer (as in Eq. 4.23),
and all components are encapsulated within AddNorm operations. The final struc-
ture of the decoder layer can be written as:

Z = AddNorm(Mmesh(AddNorm(Smask(Y )))

Ỹ = AddNorm(F(Z)), (4.28)

where Y is the input sequence of vectors and Smask indicates a masked self-
attention over time. Finally, our decoder stacks together multiple decoder layers,
helping to refine both the understanding of the textual input and the generation of
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next tokens. Overall, the decoder takes as input word vectors, and the t-th element
of its output sequence encodes the prediction of a word at time t+ 1, conditioned
on Y≤t. After taking a linear projection and a softmax operation, this encodes a
probability over words in the dictionary.

4.2.2 Training

Following a standard practice in image captioning [152, 155, 4], we pre-train
our model with a word-level cross-entropy loss (XE) and finetune the sequence
generation using reinforcement learning. When training with XE, the model is
trained to predict the next token given previous ground-truth words; in this case,
the input sequence for the decoder is immediately available and the computation of
the entire output sequence can be done in a single pass, parallelizing all operations
over time.

When training with reinforcement learning, we employ a variant of the self-
critical sequence training approach [155] on sequences sampled using beam
search [4]: to decode, we sample the top-k words from the decoder probabil-
ity distribution at each timestep, and always maintain the top-k sequences with
highest probability. As sequence decoding is iterative in this step, the aforemen-
tioned parallelism over time cannot be exploited. However, intermediate keys
and values used to compute the output token at time t can be reused in the next
iterations.

Following previous works [4], we use the CIDEr-D score as reward, as it well
correlates with human judgment [193]. We baseline the reward using the mean of
the rewards rather than greedy decoding as done in previous methods [155, 4], as
we found it to slightly improve the final performance. The final gradient expression
for one sample is thus:

∇θL(θ) = −
1

k

k∑
i=1

(
(r(wi)− b)∇θ log p(wi)

)
(4.29)

where wi is the i-th sentence in the beam, r(·) is the reward function, and b =(∑
i r(w

i)
)
/k is the baseline, computed as the mean of the rewards obtained by

the sampled sequences. At prediction time, we decode again using beam search,
and keep the sequence with highest predicted probability among those in the last
beam.
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4.2.3 Experimental settings

Datasets

We first evaluate our model on the COCO dataset [116], which is the most com-
monly used test-bed for image captioning. Then, we assess the captioning of novel
objects by testing on the recently proposed nocaps dataset [1].

COCO. As previously mentioned, the dataset contains more than 120, 000 images,
each of them annotated with 5 different captions. We follow the splits provided by
Karpathy et al. [90], where 5, 000 images are used for validation, 5, 000 for testing
and the rest for training. We also evaluate the model on the COCO online test
server, composed of 40, 775 images for which annotations are not made publicly
available.

nocaps. The dataset consists of 15, 100 images taken from the Open Im-
ages [106] validation and test sets, each annotated with 11 human-generated
captions. Images are divided into validation and test splits, respectively composed
of 4, 500 and 10, 600 elements. Images can be further grouped into three sub-
sets depending on the nearness to COCO, namely in-domain, near-domain, and
out-of-domain images. In-domain images contain only objects that are described
in the COCO captions, out-of-domain images contain object classes that do not
appear in COCO captions, and near-domain images contain both in-domain and
out-of-domain object classes. Under this setting, we use COCO as training data
and evaluate our results on the nocaps test server.

Metrics

Following the standard evaluation protocol, we employ the full set of captioning
metrics: BLEU [144], METEOR [9], ROUGE [115], CIDEr [193], and SPICE [2].
A detailed description of these evaluation metrics can be found in Sec. 4.1.3.

Implementation details

To represent image regions, we use Faster R-CNN [154] with ResNet-101 [64]
finetuned on the Visual Genome dataset [98, 4], thus obtaining a 2048-dimensional
feature vector for each region. To represent words, we use one-hot vectors and
linearly project them to the input dimensionality of the model d. We also em-
ploy sinusoidal positional encodings [192] to represent word positions inside the
sequence and sum the two embeddings before the first decoding layer.
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Pre-training with XE is done following the learning rate scheduling strategy
of [192] with a warmup equal to 10, 000 iterations. Then, during CIDEr-D optim-
ization, we use a fixed learning rate of 5× 10−6. We train all models using the
Adam optimizer [93], a batch size of 50, and a beam size equal to 5.
Decoding optimization. As mentioned in Section 4.2.2, during the decoding stage
computation cannot be parallelized over time as the input sequence is iteratively
built. A naive approach would be to feed the model at each iteration with the
previous t− 1 generated words, {w0, w1, ..., wt−1} and sample the next predicted
word wt after computing the results of each attention and feed-forward layer over
all timesteps. This in practice requires to re-compute the same queries, keys,
values and attentive states multiple times, with intermediate results depending on
wt being recomputed T − t times, where T is the length of the sampled sequence
(in our experiments T is equal to 20).

In our implementation, we revert to a more computationally friendly approach
in which we re-use intermediate results computed at previous timesteps. Each
attentive layer of the decoder internally stores previously computed keys and
values. At each timestep of the decoding, the model is fed only with wt−1, and we
only compute queries, keys and values depending on wt−1.

In PyTorch, this can be implemented by exploiting the register buffer
method of nn.Module, and creating buffers to hold previously computed results.
When running on a NVIDIA 2080Ti GPU, we found this to reduce training and
inference times by approximately a factor of 3.
Vocabulary and tokenization. We convert all captions to lowercase, remove
punctuation characters and tokenize using the spaCy NLP toolkit5. To build
vocabularies, we remove all words which appear less than 5 times in training and
validation splits. For each image, we use a maximum number of region feature
vectors equal to 50.
Model dimensionality and weight initialization. In our model, we set the di-
mensionality d of each layer to 512, the number of heads to 8, and the number
of memory vectors to 40. Using 8 attentive heads, the size of queries, keys and
values in each head is set to d/8 = 64. We employ dropout with keep probability
0.9 after each attention and feed-forward layer. In our meshed attention operator
(Eq. 4.25), we normalize the output with a scaling factor of

√
N .

Weights of attentive layers are initialized from the uniform distribution pro-
posed by Glorot et al. [50], while weights of feed-forward layers are initialized
using [63]. All biases are initialized to 0. Memory vectors for keys and values

5https://spacy.io/
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are initialized from a normal distribution with zero mean and, respectively, 1/dk
and 1/m variance, where dk is the dimensionality of keys and m is the number of
memory vectors.
Novel object captioning. To train the model on the nocaps dataset, instead of
using one-hot vectors, we represent words with GloVe word embeddings [147].
Two fully-connected layers are added to convert between the GloVe dimensionality
and d before the first decoding layer and after the last decoding layer. Before the
final softmax, we multiply with the transpose of the word embeddings.

Following [1], we use an object detector trained on Open Images 6 and filter
detections by removing 39 Open Images classes that contain parts of objects or
which are seldom mentioned. We also discard overlapping detections by removing
the higher-order of two objects based on the class hierarchy, and we use the top-3
detected objects as constraints based on the detection confidence score. Differently
from [1], we do not consider the plural forms or other word phrases of object
classes, thus taking into account only the original class names. After decoding,
we select the predicted caption with highest probability that satisfies the given
constraints.

4.2.4 Ablation study
Performance of the Transformer. In previous works, the Transformer model has
been applied to captioning only in its original configuration with six layers and
self/cross attention, with the structure of connections that has been successful for
uni-modal scenarios like machine translation. As we speculate that captioning
requires specific architectures, we compare variations of the original Transformer
with our approach.

Firstly, we investigate the impact of the number of encoding and decoding
layers on captioning performance. As it can be seen in Table 4.5, the original
Transformer (six layers) achieves 121.8 CIDEr, slightly superior to the Up-Down
approach [4] which uses a two-layer recurrent language model with additive atten-
tion and includes a global feature vector (120.1 CIDEr). Varying the number of
layers, we observe a significant increase in performance when using three encod-
ing and three decoding layers, which leads to 123.6 CIDEr. We hypothesize that
this is due to the reduced training set size and to the lower semantic complexities
of sentences in captioning with respect to those of language understanding tasks.
Following this finding, all subsequent experiments will use three layers.

6Specifically, the tf faster rcnn inception resnet v2 atrous oidv2 model from the
Tensorflow model zoo.
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B-1 B-4 M R C S

Transformer (w/ 6 layers as in [192]) 79.1 36.2 27.7 56.9 121.8 20.9
Transformer (w/ 3 layers) 79.6 36.5 27.8 57.0 123.6 21.1
Transformer (w/ AoA [74]) 80.3 38.8 29.0 58.4 129.1 22.7

M2 Transformer1-to-1 (w/o mem.) 80.5 38.2 28.9 58.2 128.4 22.2
M2 Transformer1-to-1 80.3 38.2 28.9 58.2 129.2 22.5

M2 Transformer (w/o mem.) 80.4 38.3 29.0 58.2 129.4 22.6
M2 Transformer (w/ softmax) 80.3 38.4 29.1 58.3 130.3 22.5
M2 Transformer 80.8 39.1 29.2 58.6 131.2 22.6

Table 4.5: Ablation study and comparison with Transformer-based alternatives.
All results are reported after the REINFORCE optimization stage.

Attention on Attention baseline. We also evaluate a recent proposal that can
be straightforwardly applied to the Transformer as an alternative to standard dot-
product attention. Specifically, we evaluate the addition of the “Attention on
Attention” (AoA) approach [74] to the attentive layers, both in the encoder and
in the decoder. Noticeably, in [74] this has been done with a Recurrent language
model with attention, but the approach is sufficiently general to be applied to any
attention stage. In this case, the result of dot-product attention is concatenated with
the initial query and fed to two fully connected layers to obtain an information
vector and a sigmoidal attention gate, then the two vectors are multiplied together.
The final result is used as an alternative to the standard dot-product attention.
This addition to a standard Transformer with three layers leads to 129.1 CIDEr
(Table 4.5), thus underlying the usefulness of the approach also in Transformer-
based models.

Meshed connectivity. We then evaluate the role of the meshed connections
between encoder and decoder layers. In Table 4.5, we firstly introduce a reduced
version of our approach in which the i-th decoder layer is only connected to
the corresponding i-th encoder layer (1-to-1), instead of being connected to all
encoders. As it can be noticed, using this 1-to-1 connectivity schema already
brings an improvement with respect to using the output of the last encoder layer
as in the standard Transformer (123.6 CIDEr vs 129.2 CIDEr), thus confirming
that exploiting a multi-level encoding of image regions is beneficial. When we
instead use our meshed connectivity schema, that exploits relationships encoded at
all levels and weights them with a sigmoid gating, we observe a further perform-
ance improvement, from 129.2 CIDEr to 131.2 CIDEr. This amounts to a total
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Memories B-1 B-4 M R C S

No memory 80.4 38.3 29.0 58.2 129.4 22.6
20 80.7 38.9 29.0 58.4 129.9 22.7
40 80.8 39.1 29.2 58.6 131.2 22.6
60 80.0 37.9 28.9 58.1 129.6 22.5
80 80.0 38.2 29.0 58.3 128.9 22.9

Table 4.6: Captioning results of M2 Transformer using different numbers of
memory vectors.

Layers B-1 B-4 M R C S

2 80.5 38.6 29.0 58.4 128.5 22.8
3 80.8 39.1 29.2 58.6 131.2 22.6
4 80.8 38.6 29.1 58.5 129.6 22.6

Table 4.7: Captioning results of M2 Transformer using different numbers of
encoder and decoder layers.

improvement of 7.6 CIDEr points with respect to the standard Transformer. Also,
the result of our full model is superior to that obtained using the AoA.

As an alternative to the sigmoid gating approach for weighting the contri-
butions from different encoder layers (Eq. 4.25), we also test with a softmax
gating schema. In this case, the element-wise sigmoid applied to each encoder is
replaced with the application of a softmax operation over the rows of αi. Using
this alternative brings to a reduction of around 1 CIDEr point, underlying that it is
beneficial to exploit the full potentiality of a weighted sum of the contributions
from all encoding layers, rather than forcing a peaky distribution in which one
layer is given more importance than the others.
Role of persistent memory. We evaluate the role of memory vectors in both the
1-to-1 configuration and in the final configuration with meshed connections. As
it can be seen from Table 4.5, removing memory vectors brings to a reduction in
performance of around 1 CIDEr point in both connectivity settings, thus confirming
the usefulness of exploiting a priori learned knowledge when encoding image
regions.

In Table 4.6, we report the performance of our approach when using a varying
number of memory vectors. As it can be seen, the best result in terms of BLEU,
METEOR, ROUGE and CIDEr is obtained with 40 memory vectors, while 80
memory vectors provide a slightly superior result in terms of SPICE.
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B-1 B-4 M R C S

SCST [155] - 34.2 26.7 55.7 114.0 -
Up-Down [4] 79.8 36.3 27.7 56.9 120.1 21.4
RFNet [85] 79.1 36.5 27.7 57.3 121.9 21.2
Up-Down+HIP [227] - 38.2 28.4 58.3 127.2 21.9
GCN-LSTM [226] 80.5 38.2 28.5 58.3 127.6 22.0
SGAE [223] 80.8 38.4 28.4 58.6 127.8 22.1
ORT [67] 80.5 38.6 28.7 58.4 128.3 22.6
AoANet [74] 80.2 38.9 29.2 58.8 129.8 22.4

M2 Transformer 80.8 39.1 29.2 58.6 131.2 22.6

Table 4.8: Comparison with the state of the art on the “Karpathy” test split, in
single-model setting.

Encoder and decoder layers. We also investigate the performance of theM2

Transformer when changing the number of encoding and decoding layers. Table 4.7
shows that the best performance is obtained with three encoding and decoding
layers, thus confirming the initial findings on the base Transformer model. As
our model can deal with a different number of encoding and decoding layers, we
also experimented with non symmetric encoding-decoding architectures, without
however noticing significant improvements in performance.

4.2.5 Comparison with state of the art

We compare the performances of our approach with those of several recent propos-
als for image captioning. The models we compare to include SCST [155], which
uses attention over the grid of features and a one-layer LSTM language model;
Up-Down [4], which introduces attention over regions, and uses a two-layer LSTM
language model. Also, we compare to the RFNet approach [85], which uses a
recurrent fusion network to merge different CNN features; GCN-LSTM [226],
which exploits pairwise relationships between image regions through a Graph
Convolutional Neural Network; SGAE [223], which instead uses auto-encoding
scene graphs. Further, we compare with the original AoANet [74] approach, which
uses attention on attention for encoding image regions and an LSTM language
model. Finally, we compare with ORT [67], which uses a plain Transformer, and
weights attention scores in the region encoder with pairwise distances between
detections.

We evaluate our approach on the COCO “Karpathy” test split, using both
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B-1 B-4 M R C S

Ensemble/Fusion of 2 models

GCN-LSTM [226] 80.9 38.3 28.6 58.5 128.7 22.1
SGAE [223] 81.0 39.0 28.4 58.9 129.1 22.2
ETA [111] 81.5 39.9 28.9 59.0 127.6 22.6
GCN-LSTM+HIP [227] - 39.1 28.9 59.2 130.6 22.3

M2 Transformer 81.6 39.8 29.5 59.2 133.2 23.1

Ensemble/Fusion of 4 models

SCST [155] - 35.4 27.1 56.6 117.5 -
RFNet [85] 80.4 37.9 28.3 58.3 125.7 21.7
AoANet [74] 81.6 40.2 29.3 59.4 132.0 22.8

M2 Transformer 82.0 40.5 29.7 59.5 134.5 23.5

Table 4.9: Comparison with the state of the art on the “Karpathy” test split, using
an ensemble of models.

single model and ensemble configurations, and on the online COCO evaluation
server.

Single model. In Table 4.8 we report the performance of our method in compar-
ison with the aforementioned competitors, using captions predicted from a single
model and optimization on the CIDEr-D score. As it can be observed, our method
surpasses all other approaches in terms of BLEU-4, METEOR and CIDEr, while
being competitive on BLEU-1 and SPICE with the best performer, and slightly
worse on ROUGE with respect to AoANet [74]. In particular, it advances the
current state of the art on CIDEr by 1.4 points.

Ensemble model. Following the common practice [155, 74] of building an en-
semble of models, we also report the performances of our approach when averaging
the output probability distributions of multiple and independently trained instances
of our model. In Table 4.9, we use ensembles of two and four models, trained
from different random seeds. Noticeably, when using four models our approach
achieves the best performance according to all metrics, with an increase of 2.5
CIDEr points with respect to the current state of the art [74].

Online Evaluation. Finally, we also report the performance of our method on the
online COCO test server7. In this case, we use the ensemble of four models previ-
ously described, trained on the “Karpathy” training split. The evaluation is done

7https://competitions.codalab.org/competitions/3221
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on the COCO test split, for which ground-truth annotations are not publicly avail-
able. Results are reported in Table 4.10, in comparison with the top-performing
approaches of the leaderboard. For fairness of comparison, they also used an
ensemble configuration. As it can be seen, our method surpasses the current state
of the art on all metrics, achieving an advancement of 1.4 CIDEr points with
respect to the best performer.

4.2.6 Qualitative results and visualization
Figure 4.11 proposes qualitative results generated by our model and the original
Transformer. On average, our model is able to generate more accurate and de-
scriptive captions, integrating fine-grained details and object relations.

Finally, to better understand the effectiveness of our M2 Transformer, we
investigate the contribution of detected regions to the model output. Differently
from recurrent-based captioning models, in which attention weights over regions
can be easily extracted, in our model the contribution of one region with respect to
the output is given by more complex non-linear dependencies. Therefore, we revert
to attribution methods and we employ the Integrated Gradients approach [177],
which approximates the integral of gradients with respect to the given input.
Specifically, the Integrated Gradients approach produces an attribution score for
each feature channel of each input region. To obtain the attribution of each region,
we average over the feature channels, and re-normalize the obtained scores by
their sum. For visualization purposes, we apply a contrast stretching function to
project scores in the 0-1 interval. Results are presented in Figure 4.12, where
we observe that our approach correctly grounds image regions to words, also in
presence of object details and small detections.
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GT: A cat looking at his reflection in
the mirror.
Transformer: A cat sitting in a win-
dow sill looking out.
M2 Transformer: A cat looking at
its reflection in a mirror.

GT: A plate of food including eggs
and toast on a table next to a stone
railing.
Transformer: A group of food on a
plate.
M2 Transformer: A plate of break-
fast food with eggs and toast.

GT: A truck parked near a tall pile of
hay.
Transformer: A truck is parked in
the grass in a field.
M2 Transformer: A green truck
parked next to a pile of hay.

GT: A man in a red Santa hat and a
dog pose in front of a Christmas tree.
Transformer: A Christmas tree in
the snow with a Christmas tree.
M2 Transformer: A man wearing
a Santa hat with a dog in front of a
Christmas tree.

GT: A little girl is eating a hot dog
and riding in a shopping cart.
Transformer: A little girl sitting on
a bench eating a hot dog.
M2 Transformer: A little girl sit-
ting in a shopping cart eating a hot
dog.

GT: A man milking a brown and
white cow in barn.
Transformer: A man is standing
next to a cow.
M2 Transformer: A man is milk-
ing a cow in a barn.

GT: A woman with blue hair and a
yellow umbrella.
Transformer: A woman is holding
an umbrella.
M2 Transformer: A woman with
blue hair holding a yellow umbrella.

GT: Several people standing outside
a parked white van.
Transformer: A group of people
standing outside of a bus.
M2 Transformer: A group of
people standing around a white van.

GT: Several zebras and other anim-
als grazing in a field.
Transformer: A herd of zebras are
standing in a field.
M2 Transformer: A herd of zebras
and other animals grazing in a field.

GT: A truck sitting on a field with
kites in the air.
Transformer: A group of cars
parked in a field with a kite.
M2 Transformer: A white truck is
parked in a field with kites.

GT: A woman who is skateboarding
down the street.
Transformer: A woman walking
down a street talking on a cell phone.
M2 Transformer: A woman stand-
ing on a skateboard on a street.

GT: Orange cat walking across two
red suitcases stacked on floor.
Transformer: An orange cat sitting
on top of a suitcase.
M2 Transformer: An orange cat
standing on top of two red suitcases.

GT: A hotel room with a well-made
bed, a table, and two chairs.
Transformer: A bedroom with a bed
and a table.
M2 Transformer: A hotel room
with a large bed with white pillows.

GT: An open toaster oven with a
glass dish of food inside.
Transformer: An open suitcase with
food in an oven.
M2 Transformer: A toaster oven
with a tray of food inside of it.

Figure 4.11: Examples of captions generated by our approach and the original
Transformer model, as well as the corresponding ground-truths.
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Figure 4.12: Visualization of attention states for four sample captions. For each
generated word, we show the attended image regions, outlining the region with
the maximum output attribution in red.
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In-Domain Out-of-Domain Overall

CIDEr SPICE CIDEr SPICE CIDEr SPICE

NBT + CBS [1] 62.1 10.1 62.4 8.9 60.2 9.5
Up-Down + CBS [1] 80.0 12.0 66.4 9.7 73.1 11.1

Transformer 78.0 11.0 29.7 7.8 54.7 9.8
M2 Transformer 85.7 12.1 38.9 8.9 64.5 11.1

Transformer + CBS 74.3 11.0 62.5 9.2 66.9 10.3
M2 Transformer + CBS 81.2 12.0 69.4 10.0 75.0 11.4

Table 4.11: Performances on nocaps validation set, for in-domain and out-of-
domain captioning.

4.2.7 Describing novel objects
We also assess the performance of our approach when dealing with images con-
taining object categories that are not seen in the training set. We compare with
the Up-Down model [4] and Neural Baby Talk [124], when using GloVe word
embeddings and Constrained Beam Search (CBS) [3] to address the generation of
out-of-vocabulary words and constrain the presence of categories detected by an
object detector. To compare with our model, we use a simplified implementation
of the procedure described in [1] to extract constraints, without using word phrases
(e.g. plurals).

Results are shown in Table 4.11: as it can be seen, the original Transformer
is significantly less performing than Up-Down on both in-domain and out-of-
domain categories, while our approach can properly deal with novel categories,
surpassing the Up-Down baseline in both in-domain and out-of-domain images.
As expected, the use of CBS significantly enhances the performances, in particular
on out-of-domain captioning.

Figure 4.13 reports sample captions produced by our approach on images from
the nocaps dataset. On each image, we compare to the baseline Transformer and
show the constraints provided by the object detector. Overall, theM2 Transformer
is able to better incorporate the constraints while maintaining the fluency and
properness of the generated sentences.
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Constraints: horse; cart.

Transformer: A horse pulling a cart
down a street.
M2 Transformer: A white horse
pulling a man in a cart.

Constraints: bee; lavender.

Transformer: A bee lavender of
purple flowers in a field.
M2 Transformer: A field of lav-
ender purple flowers with bee.

Constraints: monkey.

Transformer: A brown bear sitting
on a rock monkey.
M2 Transformer: A small monkey
sitting on a rock in the grass.

Constraints: flag.

Transformer: A red kite with a flag
in the sky.
M2 Transformer: A red and white
flag flying in the sky.

Constraints: bookcase.

Transformer: A woman holding a
bookcase in a store.
M2 Transformer: A woman hold-
ing a book in front of a bookcase.

Constraints: rabbit.

Transformer: A cat sitting on the
rabbit with a cell phone.
M2 Transformer: A rabbit sitting
on a table next to a person.

Figure 4.13: Sample nocaps images and corresponding predicted captions gener-
ated by our model and the original Transformer. For each image, we report the
Open Images object classes predicted by the object detector and used as constraints
during the generation of the caption.





Chapter 5

Controllable captioning

In the previous chapter, we have shown how it is possible to automatically describe
an image in natural language using both recurrent neural networks and fully-
attentive models. However, the behavior of these architectures is not always easy
to be explained from the exterior thus limiting the applicability of captioning
algorithms in complex scenarios. As an image can be described in infinite ways
depending on the goal and the context at hand, an higher degree of controllability
over the generation process may be desired.

Contributions

Following these premises, in the first part of this chapter (Sec. 5.1), we introduce a
novel framework for image captioning which can generate diverse descriptions by
allowing both grounding and controllability. Given a control signal in the form of
a sequence or set of image regions, we generate the corresponding caption through
a recurrent architecture which predicts textual chunks explicitly grounded on
regions, following the constraints of the given control. Experiments are conducted
on Flickr30k Entities and on COCO Entities, an extended version of COCO
in which we add grounding annotations collected in a semi-automatic manner.
Results demonstrate that our method achieves state-of-the-art performances on
controllable image captioning, in terms of caption quality and diversity. The

This chapter is related to publications [3, 17, 18] reported in Appendix B, by the author of the
thesis. See Appendix B for details.
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source code of our model and the additional annotations of the COCO dataset are
publicly available1.

While this approach focuses on captioning architectures controllable through a
sequence or a set of regions, another lever of controllability that may be required is
that of identifying people present in the scene and naming them with their proper
names. This can be achieved in the context of video captioning in which large
scale movie description datasets are available with the annotations of character
identities. However, current approaches for movie description lack the ability to
name characters with their proper names, and can only indicate people with a
generic “someone” tag. In the second part of this chapter (Sec. 5.2), we present
two contributions towards the development of video description architectures with
naming capabilities: firstly, we collect and release2 an extension of the popular
Montreal Video Annotation Dataset in which the visual appearance of each char-
acter is linked both through time and to textual mentions in captions. We annotate,
in a semi-automatic manner, a total of 63k face tracks and 34k textual mentions
on 92 movies. Moreover, to showcase the features of the dataset and quantify the
complexity of the naming task, we investigate multimodal architectures to replace
the “someone” tags with proper character names in existing video captions.

5.1 Controlling caption generation via detection se-
lection

Despite recent advancements, standard captioning models still lack controllability
and explainability – i.e., their behavior can hardly be influenced and explained.
As an example, in the case of attention-driven models, the architecture implicitly
selects which regions to focus on at each timestep, but it cannot be supervised
from the exterior. While an image can be described in multiple ways, such an
architecture provides no way of controlling which regions are described and what
importance is given to each region. This lack of controllability creates a distance
between human and machine intelligence, as humans can manage the variety of
ways in which an image can be described, and select the most appropriate one
depending on the task and the context at hand. Most importantly, this also limits
the applicability of captioning algorithms to complex scenarios in which some
control over the generation process is needed. As an example, a captioning-based

1https://github.com/aimagelab/show-control-and-tell
2https://github.com/aimagelab/mvad-names-dataset
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c)

A girl is flying
a kite in a 

field.

b)

…

a)

Up-Down 
Captioning Model

Standard 
Captioning Model

A girl is flying
a kite in a 

field.

A girl standing 
on a hill

flying kites.

A girl is flying
a kite with a 

group of 
people.

Detection Set

Detection Sequence

Controllable
Captioning Model

Controllable
Captioning Model

Figure 5.1: Comparison between (a) captioning models with global visual fea-
ture [202], (b) attentive models which integrate features from image regions [4]
and (c) our Show, Control and Tell. Our method can produce multiple captions for
a given image, depending on a control signal which can be either a sequence or a
set of image regions. Moreover, chunks of the generated sentences are explicitly
grounded on regions.

driver assistance system would need to focus on dangerous objects on the road to
alert the driver, rather than describing the presence of trees and cars when a risky
situation is detected. Eventually, such systems would also need to be explainable,
so that their behavior could be easily interpreted in case of failures.

In this section, we introduce Show, Control and Tell, that explicitly addresses
these shortcomings (Fig. 5.1). It can generate diverse natural language captions
depending on a control signal which can be given either as a sequence or as
a set of image regions which need to be described. As such, our method is
capable of describing the same image by focusing on different regions and in a
different order, following the given conditioning. Our model is built on a recurrent
architecture which considers the decomposition of a sentence into noun chunks
and models the relationship between image regions and textual chunks, so that the
generation process can be explicitly grounded on image regions. To the best of our
knowledge, this is the first captioning framework controllable from image regions.
We evaluate our solution with respect to a set of carefully designed baselines, on
Flickr30k Entities and on COCO, which we semi-automatically augment with
grounding image regions for training and evaluation purposes. We demonstrate
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A young boy with a cap on his head,

det

amod prep

pobj

det prep

pobj

poss

striped shirt, and gray sweat jacket.

amod cc

amod

compound

Figure 5.2: Example of a dependency tree for a caption. Noun chunks are marked
with rounded boxes; chunks corresponding to image regions are depicted using
the same color.

that our proposed method achieves state-of-the-art results for controllable image
captioning on Flick30k and COCO both in terms of diversity and caption quality,
even when compared with methods which focus on diversity.

5.1.1 Preliminaries
Sentences are natural language structures which are hierarchical by nature [128].
At the lowest level, a sentence might be thought as a sequence of words: in the
case of a sentence describing an image, we can further distinguish between visual
words, which describe something visually present in the image, and textual words,
that refer to entities which are not present in the image [124]. Analyzing further
the syntactic dependencies between words, we can recover a higher abstraction
level in which words can be organized into a tree-like structure: in a dependency
tree [52, 71, 25], each word is linked together with its modifiers (Fig. 5.2).

Given a dependency tree, nouns can be grouped with their modifiers, thus
building noun chunks. For instance, the caption depicted in Fig. 5.2 can be
decomposed into a sequence of different noun chunks: “a young boy”, “a cap”,
“his head”, “striped shirt”, and “gray and sweat jacket”. As noun chunks, just like
words, can be visually grounded into image regions, a caption can also be mapped
to a sequence of regions, each corresponding to a noun chunk. A chunk might
also be associated with multiple image regions of the same class if more than one
possible mapping exists.

The number of ways in which an image can be described results in different
sequences of chunks, linked together to form a fluent sentence. Therefore, captions
also differ in terms of the set of considered regions, the order in which they are
described, and their mapping to chunks given by the linguistic abilities of the
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annotator.
Following these premises, we define a model which can recover the variety

of ways in which an image can be described, given a control input expressed as a
sequence or set of image regions. We begin by presenting the former case, and
then show how our model deals with the latter scenario.

5.1.2 Generating controllable captions

Given an image I and an ordered sequence of set of regionsR = (r0, r1, ..., rN )3,
the goal of our captioning model is to generate a sentence y = (y0, y1, ..., yT )
which in turns describes all the regions in R while maintaining the fluency of
language.

Our model is conditioned on both the input image I and the sequence of region
setsR, which acts as a control signal, and jointly predicts two output distributions
which correspond to the word-level and chunk-level representation of the sentence:
the probability of generating a word at a given time, i.e. p(yt|R, I;θ), and that
of switching from one chunk to another, i.e. p(gt|R, I;θ), where gt is a boolean
chunk-shifting gate. During the generation, the model maintains a pointer to the
current region set ri and can shift to the next element inR by means of the gate
gt.

To generate the output caption, we employ a recurrent neural network with
adaptive attention. At each timestep, we compute the hidden state ht according
to the previous hidden state ht−1, the current image region set rt and the current
word wt, such that ht = RNN(wt, rt,ht−1). At training time, rt and wt are the
ground-truth region set and word corresponding to timestep t; at test time, wt is
sampled from the first distribution predicted by the model, while the choice of the
next image region is driven by the values of the chunk-shifting gate sampled from
the second distribution:

rt+1 ← R[i], where i = min

(
t∑

k=1

gk, N

)
, gk ∈ {0, 1} (5.1)

where {gk}k is the sequence of sampled gate values, and N is the number of
region sets inR.

3For generality, we will always consider sequences of sets of regions, to deal with the case in
which a chunk in the target sentence can be associated to multiple regions in training and evaluation
data.
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Figure 5.3: Overview of the approach. Given an image and a control signal, the
figure shows the process to generate the controlled caption and the architecture of
the language model.

Chunk-shifting gate. We compute p(gt|R) via an adaptive mechanism in which
the LSTM computes a compatibility function between its internal state and a latent
representation which models the state of the memory at the end of a chunk. The
compatibility score is compared to that of attending one of the regions in rt, and
the result is used as an indicator to switch to the next region set inR.

The LSTM is firstly extended to obtain a chunk sentinel sct , which models a
component extracted from the memory encoding the state of the LSTM at the end
of a chunk. The sentinel is computed as:

lct = σ(Wigxt +Whght−1) (5.2)
sct = l

c
t � tanh(mt) (5.3)

whereWig ∈ Rd×k,Whg ∈ Rd×d are learnable weights,mt ∈ Rd is the LSTM
cell memory and xt ∈ Rk is the input of the LSTM at time t; � represents the
Hadamard element-wise product and σ the sigmoid logistic function.

We then compute a compatibility score between the internal state ht and the
sentinel vector through a single-layer neural network; analogously, we compute a
compatibility function between ht and the regions in rt.

zct = w
T
h tanh(Wsgs

c
t +Wght) (5.4)

zrt = wT
h tanh(Wsrrt + (Wght)1

T ) (5.5)
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where n is the number of regions in rt, 1 ∈ Rn is a vector with all elements set to
1, wT

h is a row vector, and allW∗, w∗ are learnable parameters. Notice that the
representation extracted from the internal state is shared between all compatibility
scores, as if the region set and the sentinel vector were part of the same attentive
distribution. Contrarily to an attentive mechanism, however, there is no value
extraction.

The probability of shifting from one chunk to the next one is defined as the
probability of attending the sentinel vector sct in a distribution over sct and the
regions in rt:

p(gt = 1|R) =
exp zct

exp zct +
∑n
i=1 exp z

r
ti

(5.6)

where zrti indicates the i-th element in zrt , and we dropped the dependency between
n and t for clarity. At test time, the value of gate gt ∈ {0, 1} is then sampled from
p(gt|R) and drives the shifting to the next region set inR.

Adaptive attention with visual sentinel. While the chunk-shifting gate predicts
the end of a chunk, thus linking the generation process with the control signal
given byR, once rt has been selected a second mechanism is needed to attend its
regions and distinguish between visual and textual words. To this end, we build an
adaptive attention mechanism with a visual sentinel [123].

The visual sentinel vector models a component of the memory to which the
model can fall back when it chooses to not attend a region in rt. Analogously to
Eq. 5.2, it is defined as:

lvt = σ(Wisxt +Whsht−1) (5.7)
svt = l

v
t � tanh(mt) (5.8)

where Wis ∈ Rd×k and Whs ∈ Rd×d are matrices of learnable weights. An
attentive distribution is then generated over the regions in rt and the visual sentinel
vector svt :

αt = softmax([zrt ;w
T
h tanh(Wsss

v
t +Wght)]) (5.9)

where [·] indicates concatenation. Based on the attention distribution, we obtain
a context vector which can be fed to the LSTM as a representation of what the
network is attending:

ct =

n+1∑
i=1

αti[rt; s
v
t ] (5.10)

Notice that the context vector will be, mostly, an approximation of one of the
regions in rt or the visual sentinel. However, rt will vary at different timestep
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according to the chunk-shifting mechanism, thus following the control input. The
model can alternate the generation of visual and textual words by means of the
visual sentinel.

5.1.3 Objective
The captioning model is trained using a loss function which considers the two
output distributions of the model. Given the target ground-truth caption y∗1:T , the
ground-truth region sets r∗1:T and chunk-shifting gate values corresponding to each
timestep g∗1:T , we train both distributions by means of a cross-entropy loss. The
relationship between target region sets and gate values will be further expanded in
the implementation details. The loss function for a sample is defined as:

L(θ) = −
T∑
t=1

(
log

Word-level probability︷ ︸︸ ︷
p(y∗t |r∗1:t,y∗1:t−1)+

+ g∗t log p(gt = 1|r∗1:t,y∗1:t−1)+

+ (1− g∗t ) log(1− p(gt = 1|r∗1:t,y∗1:t−1)︸ ︷︷ ︸
Chunk-level probability

)
)

(5.11)

Following previous works [152, 155, 4], after a pre-training step using cross-
entropy, we further optimize the sequence generation using Reinforcement Learn-
ing. Specifically, we use the self-critical sequence training approach [155], which
baselines the REINFORCE algorithm with the reward obtained under the inference
model at test time.

Given the nature of our model, we extend the approach to work on multiple
output distributions. At each timestep, we sample from both p(yt|R) and p(gt|R)
to obtain the next word wt+1 and region set rt+1. Once a EOS tag is reached, we
compute the reward of the sampled sentence ws and backpropagate with respect
to both the sampled word sequence ws and the sequence of chunk-shifting gates
gs. The final gradient expression is thus:

∇θL(θ) = −(r(ws)− b)(∇θ log p(ws) +∇θ log p(gs)) (5.12)

where b = r(ŵ) is the reward of the sentence obtained using the inference
procedure (i.e. by sampling the word and gate value with maximum probability).
We then build a reward function which jointly considers the quality of the caption
and its alignment with the control signalR.
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Rewarding caption quality. To reward the overall quality of the generated cap-
tion, we use image captioning metrics as a reward. Following previous works [4],
we employ the CIDEr metric (specifically, the CIDEr-D score) which has been
shown to correlate better with human judgment [193].

Rewarding the alignment. While captioning metrics can reward the semantic
quality of the sentence, none of them can evaluate the alignment with respect
to the control input4. Therefore, we introduce an alignment score based on the
Needleman-Wunsch algorithm [139].

Given a predicted caption y and its target counterpart y∗, we extract all nouns
from both sentences, and evaluate the alignment between them, recalling the
relationships between noun chunks and region sets. We use the following scor-
ing system: the reward for matching two nouns is equal to the cosine similarity
between their word embeddings; a gap gets a negative reward equal to the min-
imum similarity value, i.e. −1. Once the optimal alignment is computed, we
normalize its score, al(y,y∗) with respect to the length of the sequences. The
alignment score is thus defined as:

NW(y,y∗) =
al(y,y∗)

max(#y,#y∗)
(5.13)

where #y and #y∗ represent the number of nouns contained in y and y∗, re-
spectively. Notice that NW(·, ·) ∈ [−1, 1]. The final reward that we employ is a
weighted version of CIDEr-D and the alignment score.

5.1.4 Controllability through a set of detections
The proposed architecture, so far, can generate a caption controlled by a sequence
of region sets R. To deal with the case in which the control signal is unsorted,
i.e. a set of regions sets, we build a sorting network which can arrange the control
signal in a candidate order, learning from data. The resulting sequence can then be
given to the captioning network to produce the output caption (Fig. 5.3).

To this aim, we train a network which can learn a permutation, taking inspir-
ation from Sinkhorn networks [133]. As shown in [133], the non-differentiable
parameterization of a permutation can be approximated in terms of a differentiable
relaxation, the so-called Sinkhorn operator. While a permutation matrix has ex-
actly one entry of 1 in each row and each column, the Sinkhorn operator iteratively

4Although METEOR creates an alignment with respect to the reference caption, this is done for
each unigram, thus mixing semantic and alignment errors.
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normalizes rows and columns of any matrix to obtain a “soft” permutation matrix,
i.e. a real-valued matrix close to a permutation one.

Given a set of region sets R = {r1, r2, ..., rN}, we learn a mapping from
R to its sorted version R∗. Firstly, we pass each element in R through a fully-
connected network which processes every item of a region set independently and
produces a single output feature vector with length N . By concatenating together
the feature vectors obtained for all region sets, we thus get a N × N matrix,
which is then passed to the Sinkhorn operator to obtain the soft permutation matrix
P . The network is then trained by minimizing the mean square error between
the scrambled input and its reconstructed version obtained by applying the soft
permutation matrix to the sorted ground-truth, i.e. P TR∗.

At test time, we take the soft permutation matrix and apply the Hungarian
algorithm [102] to obtain the final permutation matrix, which is then used to get
the sorted version ofR for the captioning network.

5.1.5 Implementation details
Language model and image features. We use a language model with two LSTM
layers (Fig. 5.3): the input of the bottom layer is the concatenation of the embed-
ding of the current word, the image descriptor, as well as the hidden state of the
second layer. This layer predicts the context vector via the visual sentinel as well
as the chunk-gate. The second layer, instead, takes as input the context vector and
the hidden state of the bottom layer and predicts the next word.

To represent image regions, we use Faster R-CNN [154] with ResNet-101 [64].
In particular, we employ the model finetuned on the Visual Genome dataset [98]
provided by [4]. As image descriptor, following the same work [4], we average
the feature vectors of all the detections.

The hidden size of the LSTM layers is set to 1000, and that of attention layers
to 512, while the input word embedding size is set to 1000.

Ground-truth chunk-shifting gate sequences. Given a sentence where each
word of a noun chunk is associated to a region set, we build the chunk-shifting
gate sequence {g∗t }t by setting g∗t to 1 on the last word of every noun chunk, and
0 otherwise. The region set sequence {r∗t }t is built accordingly, by replicating the
same region set until the end of a noun chunk, and then using the region set of the
next chunk. To compute the alignment score and for extracting dependencies, we
use the spaCy NLP toolkit5. We use GloVe [147] as word vectors.

5https://spacy.io/
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Sorting network. Given a scrambled sequence of N region sets, each region
is encoded through a fully connected network which returns a N -dimensional
descriptor. The fully connected network employs visual, textual and geometric
features: the Faster R-CNN vector of the detection (2048-d), the GloVe embedding
of the region class (300-d) and the normalized position and size of the bounding-
box (4-d). The visual vector is processed by two layers (512-d, 128-d), while the
textual feature is processed by a single layer (128-d). The outputs of the visual
and textual branches are then concatenated with the geometric features and fed
through another fully connected layer (256-d). A final layer produces the resulting
N -dimensional descriptors. All layers have ReLU activations, except for the last
fully-connected which has a tanh activation. In case the region set contains more
than one detection, we average-pool the resulting N -dimensional descriptors to
obtain a single feature vector for a region set.

Once the feature vectors of the scrambled sequence are concatenated, we get
a N × N matrix, which is then converted into a “soft” permutation matrix P
through the Sinkhorn operator. The operator processes a N -dimensional square
matrixX by applying L consecutive row-wise and column-wise normalization,
as follows:

S0(X) = exp(X) (5.14)

Sl(X) = T c(Tr(Sl−1(X))) (5.15)

P := SL(X) (5.16)

where Tr(X) =X�(X1N1TN ), and Tc(X) =X�(1N1TNX) are the row-wise
and column-wise normalization operators, with � denoting element-wise division,
1N a column vector of N ones. At test time, once L normalizations (L = 20 in
our experiments) have been performed, the resulting “soft” permutation matrix
can be converted into a permutation matrix via the Hungarian algorithm [102]. An
overview of the sorting network is shown in Fig. 5.4.

At training time, instead, we measure the mean square error between the
scrambled sequence and its reconstructed version obtained by applying the soft
permutation matrix to the sorted ground-truth sequenceR∗, i.e.P TR∗. On the im-
plementation side, all tensors are appropriately masked to deal with variable-length
sequences and sets. We set the maximum length of input scrambled sequences to
10.

Training details. We use a weight of 0.2 for the word loss and 0.8 for the two
chunk-level terms in Eq. 5.11. To train both the captioning model and the sorting
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Figure 5.4: Schema of the sorting network.

network, we use the Adam optimizer with an initial learning rate of 5 × 10−4

decreased by a factor of 0.8 every epoch. For the captioning model, we run the
reinforcement learning training with a fixed learning rate of 5× 10−5. We use a
batch size of 100 for all our experiments. During caption decoding, we employ for
all experiments the beam search strategy with a beam size of 5: similarly to what
has been done when training with Reinforcement Learning, we sample from both
output distribution to select the most probable sequence of actions. We use early
stopping on validation CIDEr for the captioning network, and validation accuracy
of the predicted permutations for the sorting network.

5.1.6 The COCO Entities dataset
We experiment with two datasets: Flickr30k Entities, which already contains the
associations between chunks and image regions, and COCO, which we annotate
semi-automatically. Table 5.1 summarizes the datasets we use.

Flickr30k Entities [149]. Based on Flickr30k [229], it contains 31, 000 images
annotated with five sentences each. Entity mentions in the caption are linked with
one or more corresponding bounding boxes in the image. Overall, 276, 000 manu-
ally annotated bounding boxes are available. In our experiments, we automatically
associate each bounding box with the image region with maximum IoU among
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COCO Entities (ours) Train Validation Test

Nb. of captions 545,202 7,818 7,797
Nb. of noun chunks 1,518,667 20,787 20,596
Nb. of noun chunks per caption 2.79 2.66 2.64
Nb. of unique classes 1,330 725 730

Flickr30k Entities Train Validation Test

Nb. of captions 144,256 5,053 4,982
Nb. of noun chunks 416,018 14,626 14,556
Nb. of noun chunks per caption 2.88 2.89 2.92
Nb. of unique classes 1,026 465 458

Table 5.1: Statistics on our COCO Entities dataset, in comparison with those of
Flick30k Entities.

those detected by the object detector. We use the splits provided by Karpathy et
al. [90].

COCO Entities. As seen previously, Microsoft COCO [116] contains more than
120, 000 images, each of them annotated with around five crowd-sourced captions.
Here, we again follow the splits defined by [90] and automatically associate noun
chunks with image regions extracted from the detector [154].

We firstly build an index associating each noun of the dataset with the five
most similar class names, using word vectors. Then, each noun chunk in a caption
is associated by using either its name or the base form of its name, with the first
class found in the index which is available in the image. This association process,
as confirmed by an extensive manual verification step, is generally reliable and
produces few false positive associations. Naturally, it can result in region sets with
more than one element (as in Flickr30k), and noun chunks with an empty region set.
In this case, we fill empty training region sets with the most probable detections
of the image and let the adaptive attention mechanism learn the corresponding
association: we found that this procedure, overall, increases the final accuracy
of the network rather than feeding empty region sets. Captions with missing
associations are dropped in validation and testing.

Some examples of the additional annotations extracted from COCO are shown
in Fig. 5.5. For the ease of visualization, we display a single region for chunk,
even though multiple associations are possible. In the last row, we also report
samples in which at least one noun chunk could not be assigned to any detection.
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A young girl is sitting down 
with her dog.

A woman sitting at a table
with a dog eating cake.
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A dog running through the 
snow with a frisbee.

A dog is walking on a beach 
with a frisbee in its mouth.

A dog running with frisbee in 
its mouth through the snow.

A young man walking past 
a red fire hydrant.

A man walks past a red fire 
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A man in a white t-shirt 
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A woman near bushes on a 
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while using a cell phone.

A woman with long hair 
talking on a cellphone.
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cell phone.
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A dog running through the
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mouth.

A dog running with frisbee
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are walking across the street.

A busy crosswalk with
several people carrying
umbrellas and a man with
luggage.

A man pulling a suitcase
across a street.

A white and black cat
smelling a glass of wine.

A black and white cat in
the snow sniffing a glass of
red wine.

A gray and white cat sitting
next to a wine glass.

A woman near bushes on a
cell phone.

A young woman looks
somber while using a cell
phone.

A woman with long hair
talking on a cellphone.

A dog running through the
snow with a frisbee.

A dog is walking on a
beach with a frisbee in its
mouth.

A dog running with frisbee
in its mouth through the
snow.

A teddy bear is sitting in a
chair near a fountain.

A teddy bear in a baby
stroller sitting beside a body
of water with a fountain.

A teddy bear sitting in a
stroller outside of a
fountain.

A woman is having fun
going water skiing.

A woman in shorts on a
surfboard being pulled.

A young girl waterskiing
and splashing up water.

A teddy bear is sitting in a
chair near a fountain.

A teddy bear in a baby
stroller sitting beside a body
of water with a fountain.

A teddy bear sitting in a
stroller outside of a
fountain.

A woman is having fun
going water skiing.

A woman in shorts on a
surfboard being pulled.

A young girl waterskiing
and splashing up water.

A woman wearing sunglasses
and a hat is smiling.

A woman with sunglasses
and a straw hat in front of
a boat.

A person in a hat stands
next to a lake.

A man is standing in the
grass talking on a phone.

A man talks on a cell
phone far from three
others sitting on a blanket.

A man on a cellphone near
a group of people on the
lawn.

Figure 5.5: Sample captions and corresponding visual groundings from the COCO
Entities dataset. Different colors show a correspondence between textual chunks
and image regions. Gray color indicates noun chunks for which a visual grounding
could not be found, either for missing detections or for errors in the noun-class
association.

5.1.7 Experimental settings

The experimental setting we employ is different from that of standard image
captioning. In our scenario, indeed, the sequence of set of regions is a second input
to the model which shall be consider when selecting the ground-truth sentences
to compare against. Also, we employ additional metrics beyond the standard
ones described in Sec. 4.1.3, like BLEU-4 [144], METEOR [9], ROUGE [115],
CIDEr [193], and SPICE [2].

When evaluating the controllability with respect to a sequence, for each ground-
truth regions-image input (R, I), we evaluate against all captions in the dataset
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which share the same pair. Also, we employ the alignment score (NW) to evaluate
how the model follows the control input.

Similarly, when evaluating the controllability with respect to a set of regions,
given a set-image pair (R, I), we evaluate against all ground-truth captions which
have the same input. To assess how the predicted caption covers the control signal,
we also define a soft intersection-over-union (IoU) measure between the ground-
truth set of nouns and its predicted counterpart, recalling the relationships between
region sets and noun chunks. Firstly, we compute the optimal assignment between
the two set of nouns, using distances between word vectors and the Hungarian
algorithm [102], and define an intersection score between the two sets as the sum
of assignment profits. Then, recalling that set union can be expressed in function
of an intersection, we define the IoU measure as follows:

IoU(y,y∗) =
I(y,y∗)

#y +#y∗ − I(y,y∗)
(5.17)

where I(·, ·) is the intersection score, and the # operator represents the cardinality
of the two sets of nouns.

5.1.8 Baselines
To assess the performance of our method, we build two controllable baselines
which can take as input a control signal in the form of a sequence or a set of image
regions. Also, we build two different versions of our model in which we validate
the effectiveness of its main components. As further baselines, we also compare
against non-controllable captioning approaches, like FC-2K [155], Up-Down [4],
and Neural Baby Talk [124].

Controllable LSTM. We start from a model without attention: an LSTM language
model with a single visual feature vector. Then, we generate a sequential control
input by feeding a flattened version of R to a second LSTM and taking the last
hidden state, which is concatenated to the visual feature vector. The structure of
the language model resembles that of [4], without attention.

Controllable Up-Down. In this case, we employ the full Up-Down model
from [4], which creates an attentive distribution over image regions and make it
controllable by feeding only the regions selected inR and ignoring the rest. This
baseline is not sequentially controllable.

Ours without visual sentinel. To investigate the role of the visual sentinel and
its interaction with the gate sentinel, in this baseline we ablate our model by
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removing the visual sentinel. The resulting baseline, therefore, lacks a mechanism
to distinguish between visual and textual words.

Ours with single sentinel. Again, we ablate our model by merging the visual and
chunk sentinel: a single sentinel is used for both roles, in place of sct and svt .

5.1.9 Quantitative results
Controllability through a sequence of detections. Firstly, we show the per-
formance of our model when providing the full control signal as a sequence of
region sets. Table 5.3 shows results on COCO Entities, in comparison with the
aforementioned approaches. We can see that our method achieves state-of-the-art
results on all automatic evaluation metrics, outperforming all baselines both in
terms of overall caption quality and in terms of alignment with the control signal.
Using the cross-entropy pre-training, we outperform the Controllable LSTM and
Controllable Up-Down by 32.0 on CIDEr and 0.112 on NW. Optimizing the model
with CIDEr and NW further increases the alignment quality while maintaining
outperforming results on all metrics, leading to a final 0.649 on NW, which out-
performs the Controllable Up-Down baseline by a 0.25. Recalling that NW ranges
from −1 to 1, this improvement amounts to a 12.5% of the full metric range.

In Table 5.4, we instead show the results of the same experiments on Flickr30k
Entities. Also on this manually annotated dataset, our method outperforms all the
compared approaches by a significant margin, both in terms of caption quality and
alignment with the control signal.

Controllability through a set of detections. We then assess the performance of
our model when controlled with a set of detections. Tables 5.5 and 5.6 show the
performance of our method in this setting, respectively on COCO Entities and
Flickr30k Entities. We notice that the proposed approach outperforms all baselines
and compared approaches in terms of IoU, thus testifying that we are capable of
respecting the control signal more effectively. This is also combined with better
captioning metrics, which indicate higher semantic quality.

We observe that the CIDEr+NW fine-tuning approach is effective on all set-
tings, and that our model outperforms by a clear margin the baselines both when
controlled via a sequence and when controlled by a scrambled set of regions,
regardless of the careful choice of the baselines. The performance of the Control-
lable LSTM baseline is constantly significantly lower than that of the Controllable
Up-Down, thus indicating both the importance of an attention mechanism and that
of having a good representation of the control signal. The Controllable Up-Down
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Method Samples B-4 M R C S

AG-CVAE [206] 20 47.1 30.9 63.8 130.8 24.4
POS [34] 20 44.9 36.5 67.8 146.8 27.7

Ours 20 44.8 36.6 68.9 156.5 30.9

Table 5.2: Diversity performance on the test portion of COCO.

baseline, however, shows lower performance when compared to our approach, in
both sequence- and set-controlled scenarios.

Diversity evaluation. We also assess the diversity of the generated captions,
comparing with the most recent approaches that focus on diversity. In particular,
the variational autoencoder proposed in [206] and the approach of [34], which
allows diversity and controllability by feeding PoS sequences. To test our method
on a significant number of diverse captions, given an image we take all regions
which are found in control region sets, and take the permutations which result
in captions with higher log-probability. This approach is fairly similar to the
sampling strategy used in [34], even if ours considers region sets. Then, we follow
the experimental approach defined in [206, 34]: each ground-truth sentence is
evaluated against the generated caption with the maximum score for each metric.
Higher scores, thus, indicate that the method is capable of sampling high accuracy
captions. Results are reported in Table 5.2, where to guarantee the fairness of the
comparison, we run this experiments on the full COCO test split. As it can be
seen, our method can generate significantly diverse captions.

5.1.10 Qualitative results
Finally, Fig. 5.6 and 5.7 report qualitative results on COCO Entities. The same
image is reported multiple times with different control inputs. As it can be seen,
our method generates multiple captions for the same image, and can accurately
follow the control input.
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Figure 5.6: Sample results of controllability via a sequence of regions. Different
colors and numbers show the control sequence and the associations between
chunks and regions.
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Figure 5.7: Additional sample results of controllability via a set of regions. Differ-
ent colors show the control set and the associations between chunks and regions.
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5.2 Controlling caption generation via people iden-
tity

The findings of the previous section have shown that it is possible to control a
captioning model through an ordered sequence or an unsorted set of regions by
considering the decomposition of a sentence into noun chunks, and grounding
chunks to the corresponding visual regions. This approach can be easily applied
to images, as seen before, and in practice can be also adapted to the context of
videos, given the presence of a large scale video captioning dataset in which parts
of the captions are grounded to the corresponding bounding boxes in the video
frames [240].

Focusing on bounding boxes containing a person, another level of controllabil-
ity that may be desired for a captioning model is the ability to link a bounding box
of a person to his corresponding identity, thus constraining the captioning model
to mention people appearing in the scene with their proper names. In the context
of videos, this can be achieved by exploiting large scale movie description datasets
in which captions come with character names [186, 160]. However, it is a usual
practice in video captioning to replace character names with a generic “someone”
tag thus ignoring the naming task during the generation of the textual descriptions.
The underlying reason has to be found in the structure of current video captioning
models, which are not designed to take into account the visual aspect of each
movie character. In these architectures, using captions in which character names
are not replaced would simply result in additional dictionary entries, ignoring the
fundamental relationship between the character names and their visual appearance,
and possibly invalidating the significance of evaluation metrics.

Developing video captioning architectures with naming capabilities requires
to deal with several sub-tasks at the time of caption generation. In particular, the
architecture has to detect, track, and recognize people within a set of characters.
Furthermore, the language model has to be aware of the semantic structure of the
caption and has to coordinate itself with the feature extraction part, to detect the
presence of a character in the scene.

Unfortunately, current movie description datasets do not contain any kind of
supervision that joins the textual mentions and the visual appearances of the char-
acters. Without a supervision between the textual and the visual domain, training
video captioning algorithms with naming capabilities is particularly challenging.
Indeed, many characters and background actors may appear in the same scene,
while only few characters are mentioned in the video descriptions. Therefore, an
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additional form of supervision that associates the textual and the visual inform-
ation, by linking characters’ visual appearances with their textual mentions, is
necessary for the development of novel movie description architectures.

In this section, we introduce the M-VAD Names dataset, specifically designed
for supporting the development of video captioning architectures with naming
capabilities. The dataset, which is an extension of the well-known Montreal
Video Description Dataset [186], consists of visual face tracks and the association
between them and the characters’ textual mentions.

In addition, we propose a multimodal architecture that addresses the task
of replacing generic “someone” tags with proper character names in previously
generated captions. The model combines advanced natural language processing
tools and state-of-the-art deep neural models for action and face recognition.
Experimental results enlighten and quantify many of the challenges associated
with the task, and demonstrate the effectiveness of the proposed strategy. Finally,
we also show how the proposed model can be applied outside of the M-VAD
Names dataset, by extending the evaluation on an additional set of movies.

5.2.1 The M-VAD Names dataset
We collect the M-VAD Names dataset, a new set of annotations for the Montreal
Video Annotation Dataset (M-VAD) [186] supporting the development of video
captioning architectures with naming capabilities. The dataset contains the annota-
tions of the characters’ visual appearances, in the form of tracks of face bounding
boxes, and the associations with the characters’ textual mentions, when available.
In particular, we detect and annotate the visual appearances of characters in each
video clip of each movie through a semi-automatic approach. Also, we correct
some errors in the original M-VAD annotations in order to include more characters
in our dataset. Figure 5.8 shows some representative samples of the collected
dataset.

In the following, we describe the annotation procedure, from the detection of
the face tracks to the semi-automatic annotation process, the generation of the
train, validation, and test split, and the method used to extend the original M-VAD
captions. Finally, we report statistics and analyses of the proposed dataset.

Face detection and tracking

The first stage of the annotation procedure is the extraction of the face tracks,
sequences of consecutive face detections belonging to the same character.

Learning to describe salient objects in images with vision and language 111



CHAPTER 5. CONTROLLABLE CAPTIONING

Caption: In a cab, SOMEONE<Amanda> sits with SOMEONE<Rick>. 

Caption: Dancing with SOMEONE<Tess>, SOMEONE<Carly> raises her hand high and SOMEONE<Derek> beams.

Caption: SOMEONE<Tony> sits beside SOMEONE<Pepper>. They tap their glasses together and drink. 

Caption: Grasping her hand, SOMEONE<Jack> helps SOMEONE<Rose> onto the bow rail platform. 

Caption: SOMEONE<Darcy> and SOMEONE<Jane> step away from SOMEONE<Thor> to join SOMEONE<Erik>.

Caption: SOMEONE<John> glances at SOMEONE<Savannah>, who grins at Mr. SOMEONE<Tyree>. 

Caption: SOMEONE<Jay> cranes to see. SOMEONE<Howard> and SOMEONE<Rosie> stare. SOMEONE<Mae> stands 
behind the children wringing.

Figure 5.8: Samples extracted from the M-VAD Names dataset. For each video
clip, face tracks are annotated and associated to proper character names mentioned
inside the caption. Face tracks that are not associated to a specific movie character
(i.e. unknown people) are represented in gray color.

To collect them, we sequentially detect faces in each frame of each video clip
using the face detector presented in [236]. Then, tracks are formed by grouping
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consecutive detections belonging to the same character. Specifically, for each
detected face, a tracker [7] is initialized with the bounding box corresponding
to the detection and a new face track is created. Then, in the following frames,
each initialized tracker is updated and each face detection is compared with each
tracker prediction using the Intersection over Union (IoU) measure. Applying the
Kuhn-Munkres algorithm [102], each face detection is associated with the most
overlapping tracker prediction. Then, if the IoU value between a face detection
and the associated tracker prediction is over a threshold (called tIoU ) and the
appearance difference between the detection and the last element of the track is
below a threshold (called tvisual), the face detection is added to the related track
and the tracker is re-initialized on the new detection. Otherwise, a new tracker
and a new track are initialized. We empirically set the IoU threshold value to 0.5,
while we found that a pixel-wise difference between face detections and last added
element of tracks is, when used with a threshold of 10, a sufficient appearance
measure to discard most of the errors.

If a tracker prediction is not associated with any face detection (due to oc-
clusions or scene changes, for instance) or the association does not respect the
constraints reported above, the tracker prediction is added to the track. If the
tracker is not associated again with a face detection for the following 8 frames,
or before the end of the video clip, the tracker predictions that were added to the
track are removed and the tracker is detached.

At the end of each video clip, face tracks that are composed by less than 8
frames are discarded, as well as tracks that are fully contained in another one.
The overall algorithm for the detection and tracking of face tracks is reported in
Algorithm 1.

Movie character annotations

After the extraction, each face track has to be labelled with the name of a character
from the corresponding movie. To facilitate the annotation procedure, which
would require to label every single track with respect to the list of characters of a
movie, we firstly cluster similar faces using an embedding space in which similar
faces (i.e. faces of the same person) lie together, while dissimilar faces (i.e. faces
of different people) lie far by a clear margin. Then, clusters are manually verified,
to guarantee that each cluster contains only tracks from a single character. The
annotator is finally asked to match each cluster with the corresponding character.

To obtain the embedding space, we extract face feature vectors using a deep
neural model inspired by FaceNet [164] and trained on a sub-set of the MS-Celeb-
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Algorithm 1: Track extraction algorithm.
Data: M-VAD dataset
Result: Tracks containing characters’ visual appearances
foreach video clip in M-VAD dataset do

foreach frame in video clip do
foreach initialized tracker do Update the tracker prediction;
Detect faces in the frame (MTCNN architecture);
Calc the IoU between each prediction and each detection;
Solve the detection-tracker association (Kuhn-Munkres algorithm);
foreach face detection which is not associated do

Create a new track with the face detection;
Define a new tracker linked to the new track;
Initialize the tracker on the face detection;

end
foreach initialized tracker do

if tracker is associated and IoU > tIoU and visual difference < tvisual then
Add the detection to the track associated with the tracker;
Re-initialize the tracker with the new face detection;
Reset the tracker counter;

else
if trackercounter < tcounter then

Add the tracker prediction to the associated track;
Increment the tracker counter;

else
Remove the last trackercounter items from the track;
Detach the tracker;

end
end

end
end
foreach initialized tracker with trackercounter > 0 do

Remove the last trackercounter items from the track;
end

end

1M dataset [59]. Then, for each movie, we aggregate tracks containing similar
faces by applying a hierarchical clustering algorithm, based on the euclidean
distance and on the Ward’s minimum variance method [213]. Since each track
is composed by a variable number of bounding boxes, we apply the clustering
algorithm on the mean of their embeddings. We exclude the smallest tracks
(i.e. tracks with a side lower than 28 pixels) from the automatic clustering process
as we found that their features are not reliable.
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Once clusters have been manually verified, so to contain one single character,
each cluster is either assigned to a character of the movie, or rejected as wrong (if
it contains false positive detections by the face detector or by the tracker), or as
unknown (if the character is a background actor or if human annotators are not able
to recognize it). To get the list of characters of each movie, we use IMDb. Finally,
each annotation is checked by at least three different people in order to prevent
as many errors as possible. At the end of the process, every track, corresponding
to a character appearance in the movie, is associated to his textual mention in the
M-VAD captions, if present. To this end, we manually build a dictionary which
maps every character to the set of his names in a movie, and use it for matching
textual mentions with tracks. For instance, in the Robin Hood movie, Friar Tuck is
sometimes referred to as Tuck and sometimes as Friar; similarly, in Snow Flower
and the Secret Fan, Nina is sometimes called Lily, but also Flower and Sophia.
Once these ambiguities have been solved through the dictionary, each track is
mapped to the correct character identity.

M-VAD captions

Along with the M-VAD Names dataset, we release an extended version of the
original M-VAD movie descriptions. In particular, during the annotation process,
we found that several annotated characters were not tagged as “someone” in
the original M-VAD captions but were mentioned with their proper names. The
corresponding captions could be thus considered as errors of the original M-VAD
dataset since, as mentioned, existing video captioning architectures are not able to
mention a character with its proper name.

To fix this problem, we add new annotations (i.e. new “someone” tags) in every
movie caption for each mentioned character that is not annotated in the original
M-VAD, but that we have correctly annotated in the previous stage of the process.
Overall, we fix 1, 253 M-VAD descriptions by adding 116 unique characters that
appeared in the original captions but that were not tagged as “someone”.

Training, validation and test splits

Original M-VAD training, validation, and test set are obtained by splitting the
92 movies in three disjoint parts, in order to be able to train video captioning
algorithms on a sub-set of movies and to validate and test them on different movies,
effectively testing the generalization capabilities of the models. However, when
considering the naming task, video clips of the same movie have to be in every

Learning to describe salient objects in images with vision and language 115



CHAPTER 5. CONTROLLABLE CAPTIONING

Overall Avg. per movie Avg. per character

Train videos 19,023 207 -
Validation videos 2,976 32 -
Test videos 2,836 31 -

Mentioned characters 1,566 17 -
Annotated characters 1,093 12 -
Mentions 34,388 374 23
Tracks 63,442 690 62
Bounding boxes 2,636,595 28,658 2,587

Table 5.7: Overall statistics of the M-VAD Names dataset. Along with the number
of videos in the train, validation, and test splits, we report the number of mentioned
characters, annotated characters, textual mentions, face tracks, and annotated
bounding boxes.

split, so that the captioning algorithms can learn the visual appearance of the
characters on the training set and apply it on the validation and test set. Therefore,
we release the official training, validation, and test set for the M-VAD Names
dataset.

In particular, we generate the splits applying the following constraints. Firstly,
we forced every movie to have 80% of the video clips into the training set, 10%
into the validation set and 10% into the test set. Secondly, we split the video clips
with only one mention, and the video clips with two or more mentions using the
same proportions. Finally, we enforced, when possible, to have at least one video
clip for every character in each sub-set of the dataset, giving priority to the training
set. Applying this set of soft constraints, training, validation, and test set tend to
respectively have 80%, 10%, and 10% of video clips of each movie, of video clips
of each character, of video clips with one mention, and of video clips with two or
more mentions.

Statistics

In Table 5.7, we report the main statistics of the proposed dataset. Overall, the
dataset contains 24, 835 annotated video clips, 1, 566 unique mentioned characters,
and 1, 093 unique annotated characters (1, 093 instead of 908). With respect to
the 34, 388 mentions in the screenplays, the movie characters appear in 63, 442
different face tracks resulting in more than 2 millions annotated bounding boxes.

These statistics refer to the tracks associated with a “someone” tag in the
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caption, while the dataset contains every annotated track, regardless of the exist-
ence of the association with a caption tag. Considering every annotated track, the
dataset is composed by more than 100k face tracks and 4M annotated bounding
boxes. This approach has three main advantages. First, additional annotated
tracks can be used for learning the characters’ visual appearances since they do
not depend on the captions. Then, additional annotated tracks can be linked to
caption nouns and pronouns (despite the missing “someone” tags) by applying
fine NLP or co-reference resolution algorithms. Finally, thanks to the high number
of face bounding boxes and their association to specific characters/actors, the
dataset can be used for other tasks as well, like action recognition and training of
visual-semantic spaces on videos.

5.2.2 Replacing the “someone”
With the M-VAD Names dataset, we aim to provide sufficient labelled data to
allow the development of video captioning architectures with naming capabilities,
i.e. architectures able to correctly generate captions mentioning proper character
names. In this section, we address a strictly related problem that shares many of the
challenges of the video captioning with the naming task, yet without considering
the generation of movie descriptions. In particular, we investigate the task of
replacing the “someone” tags in existing captions with proper character names.
Therefore, we need to analyze both video clips and textual descriptions to find the
correct association between visual and textual actions computed by the characters.

A summary of the proposed method is shown in Figure 5.9. Firstly, we parse
ground-truth captions, in which each character name is replaced with a “someone”
tag, with an NLP parser in order to extract each verb associated to a “someone”
tag. Then, by using the M-VAD Names dataset, in which characters’ visual
appearances are associated to their textual mentions, we train a neural network
that projects visual actions and textual verbs into a joint multimodal embedding
space in which the distance between a verb and a track is inversely proportional
to their similarity. After assigning each verb to a visual track, a face recognition
algorithm is applied to identify the character and to replace the “someone” tag
with the correct character name, by concluding the replacement task.

Textual-visual embedding space

We project input tracks and verbs into a shared multimodal embedding space in
which the distance between a verb and a track is inversely proportional to their
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Outside, SOMEONE stands at a 
corner. SOMEONE walks past him.

Caption
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Figure 5.9: Summary of our approach for replacing “someone” tags with proper
character names. We project verbs and body tracks in a unified embedding
space to find the best verb-track association. Similarly, we project face tracks in
an embedding space to recognize the corresponding characters, completing the
replacement task.

similarity.

Regarding the visual data representation, we use the 4096-dimensional output
of the last but one fully connected layer of the C3D network [187], pre-trained on
the Sports-1M dataset [91], as the visual features for the tracks. In particular, we
expand the spatial area of the face tracks to include the upper-body of the subject,
as done in [12], and we split the tracks in 16-frame long sub-sequences with a
stride of 8 frames. Moreover, for each sub-sequence, we fixed the dimension and
the position of the track bounding box as the smallest area containing every body
bounding box of the sub-sequence. We therefore obtain spatially and temporarily
continuous sub-sequences of 16 frames for each original face track. We compute
the C3D visual features for each of them. At training time, in order to increase
the generalization capabilities of the network, we select a random 16-frame long
sub-sequence each time the track is selected, while we average feature vectors of
each track, obtaining a single 4096-dimensional vector, at validation and test time.

Regarding the textual data representation, we convert every verb to a 300-
dimensional semantic feature vector by using the GloVe embeddings [147] provided
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by spaCy6, an open-source software library for natural language processing.
Then, we project the visual and the textual features by passing through a fully

connected neural network with two branches. The network is trained forcing every
track and its corresponding verb to have close projections and forcing every track
and every non-corresponding verb to be far by at least a margin α. We can express
the cost functions of this formulation as:

p(a,b) = ‖φv(a)− φt(b)‖22, (5.18a)

n(a,b) = max(α− ‖φv(a)− φt(b)‖22, 0) (5.18b)

or, using a triplet formulation, as:

t(a,b,b−) = max(‖φv(a)− φt(b)‖22 − ‖φv(a)− φt(b−)‖22 + α, 0) (5.19a)

v(a,b,a−) = max(‖φv(a)− φt(b)‖22 − ‖φv(a−)− φt(b)‖22 + α, 0) (5.19b)

where φv(·) and φt(·) are respectively the visual-branch and the textual-branch
projection function, while a and b are the features of a track and of a verb. We
denote with b− the features of a verb that does not correspond with a (i.e. a
verb that is different from b) and with a− the features of a track that does not
correspond with b (i.e. a track that is not associated to the verb b).

When using the first formulation, a commonly used loss function is the so-
called siamese loss, defined as:

L =

N∑
i=1

p(ai,bi) + n(ai,b
−
i ) (5.20)

whereN is the number of valid verb-track pairs. When using the latter formulation,
instead, the so-called triplet loss, or one of its variants, is usually used. The one-
term formulation is:

L =

N∑
i=1

t(ai,bi,b
−
i ) (5.21)

Recently, a two-term variation has been proposed and successfully employed
in [171, 94, 90, 242]:

L =

N∑
i=1

t(ai,bi,b
−
i ) + v(ai,bi,a

−
i ) (5.22)

6https://spacy.io
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Addressing our particular task, however, we do not only want to force the
proximity of the corresponding tracks and verbs and a minimum distance between
the non-corresponding ones, but we also want to force valid verbs and wrong
tracks to be far. In particular, we formulate the following four-terms loss function:

L =

N∑
i=1

p(ai,bi) + n(ai,b
−
i ) + p(a+i ,bi) + n(awi ,bi) (5.23)

where N is the number of valid verb-track pairs, b−i are the features of a verb that
does not correspond to the visual track, a+i are the features of a track (different
from ai) associated to the same verb bi, and awi are the features of a “wrong”
track.

Furthermore, since the goal of the whole architecture is to distinguish verb-
track pairs extracted from the same video clip, we introduce the following sampling
procedure. Given that we have to select a wrong verb b−i (i.e. a verb that is different
from the verb bi) and a positive track a+i (i.e. a track, different from ai, related to
the same verb bi) for each valid verb-track pair, we pick them out from the same
video clip of the track ai and the verb bi. If the video clip does not contain b−i or
a+i , the missing elements are chosen in video clips of the same movie, if possible,
otherwise they are randomly chosen between any video clip of the dataset.

Finally, at validation and test time, we compute the distances between verbs
and tracks of each video clip and we find the best verb-track association by
applying the Kuhn-Munkres algorithm on the distance matrix.

Face recognition

In order to fulfill the replacement of the “someone” tags, every track that has been
joined to a verb has to be associated to a movie character. Therefore, we convert
each track to a 128-dimensional embedded representation by using a deep neural
model inspired by FaceNet [164] and trained on a sub-set of the MS-Celeb-1M
dataset [59]. Then, we classify each embedding using a kd-tree, an optimized
version of the K-Nearest Neighbours classifier, fitted on the character embedded
representations of the training set. The K-NN classifier has the advantage of being
particularly flexible when considering characters with different visual aspects
within the same movie (i.e. classes with many clusters lying in different areas
of the 128-d embedding space). On the contrary, other classifiers, such as linear
models and other types of clustering, are not always capable of correctly classify
these cases.
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5.2.3 Experimental settings

Along with the proposed loss function, defined in Eq. 5.23, we evaluate the per-
formances of different loss functions. In particular, we test the binary loss function,
which is defined as the binary cross entropy on a single label, and the siamese
loss function, which is defined in Eq. 5.20. Moreover, we test the two-terms
version of the triplet loss function (Eq. 5.22) and a four-terms variation, which is
defined as the two-terms version with the addition of the terms t(a+i ,bi,b

−
i ) and

v(ai,bi,a
w
i ), where a+i , b−i , and awi are defined as in Eq. 5.23. In addition, we

evaluate the siamese, the triplet, and the proposed loss function by using both the
euclidean distance and the cosine similarity.

Implementation details

The multimodal neural network that projects textual and visual features into
the same embedding space is composed by two branches, formed by one 128-
dimensional fully connected layer (with the ReLU activation function) each. The
first branch projects the C3D visual features into the embedding space, while
the second one projects the GloVe textual features into the same multimodal
space. When evaluating the binary loss function, an additional 128-dimensional
fully connected layer, which takes as input the concatenation of the two branches
with the ReLU activation function, and a one-dimensional fully connected layer
with the sigmoid activation function, which predicts the correspondence or non-
correspondence of the verb-track pair, are added to the network.

During the training process, we minimize the loss function by applying the
Stochastic Gradient Descent using an initial learning rate set to 0.002 with Nes-
terov momentum 0.9 and weight decay 0.0005. We use batches composed by 128
random samples. The loss margin α is fixed to 0.2. We ignore the smallest tracks
(i.e. face tracks with a side lower than 28 pixels) in order to prevent the addition
of noise during the training phase.

5.2.4 Experimental results

Table 5.8 shows experimental results in terms of the final accuracy of replacing
“someone” tags in existing captions with proper character names. We report the
results of the proposed model trained with all the aforementioned loss functions.
For the triplet loss (with two and four terms), the siamese version, and the proposed
loss function, results are reported using both the euclidean distance and the cosine
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Val. Acc. (%) Test Acc. (%)

Random assignment 11.9 11.6

Binary with two terms 48.2 49.9
Triplet Loss with two terms (cosine similarity) 54.3 53.6
Triplet Loss with two terms (euclidean distance) 56.4 58.5
Siamese (cosine similarity) 54.4 54.0
Siamese (euclidean distance) 56.1 59.0

Binary with four terms 49.8 51.0
Triplet Loss with four terms (cosine similarity) 58.7 58.2
Triplet Loss with four terms (euclidean distance) 57.8 59.1
Proposed Loss (cosine similarity) 58.7 58.0
Proposed Loss (euclidean distance) 60.1 59.0

Table 5.8: Experimental results on the “replacing the someone” task, with different
loss functions. Results are reported, in terms of accuracy, on both validation and
test splits of the M-VAD Names dataset.

similarity. For reference, we also test the results of a random replacement of any
“someone” tag with a character name randomly extracted from the character list of
each movie.

As it can be seen, the proposed strategy of considering positive and negative
pairs of verbs and tracks as well as the wrong detections is beneficial for the final
accuracy. In particular, on the validation set, the model trained with the proposed
loss obtains the best performances. On the testing set, instead, the model trained
with the triplet loss with four terms is the best performing one, even though by a
slight margin.

Figure 5.10 shows a representation of the textual-visual embedding space
obtained by training the model with the proposed loss function using both the
euclidean distance and the cosine similarity. In particular, we report each verb-
track pair of the M-VAD Names validation set along with all wrong visual tracks
of the corresponding video clips. To get a suitable two-dimensional representation
out of a 128-dimensional space, we run the t-SNE algorithm [126, 191], which
iteratively finds a non-linear projection which preserves pairwise distances from
the original space. As it can be noticed, the represented embedding spaces are
composed by clusters of verb representations that probably correspond to verbs
with a similar meaning. Wrong tracks are discriminated quite well in both spaces,
while valid tracks are better divided and assigned to a specific verb cluster when
using the euclidean distance thus confirming the quantitative results reported in
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Valid Tracks
Verbs
Wrong Tracks

(a) Proposed Loss (cosine similarity)

Valid Tracks
Verbs
Wrong Tracks

(b) Proposed Loss (euclidean distance)

Figure 5.10: Comparison between textual-visual embedding spaces obtained by
training the model with the proposed loss function using both euclidean distance
and cosine similarity. Visualization is obtained by running the t-SNE algorithm on
top of the verb-track embedded representations. Best seen in color.

Table 5.8.
In Figure 5.11, we also report the results in terms of validation accuracy

obtained on single movies. In particular, the graph shows the results obtained on
the 10 movies with the best accuracy results and those obtained on the 10 movies
with the worst ones. These results highlight that correct verb-track matches are
more difficult for a specific sub-set of movies. This is probably due to different
number of characters or different number of unknown and wrong tracks that could
cause greater difficulty in associating a verb with its corresponding visual track.

To validate the face recognition method, in Table 5.9 we report a comparison
between different classifiers. In details, we compare the K-Nearest Neighbours
(K-NN) classifier (with a k value of 5) with the SVM (applying the Radial Basis
Function kernel) and the Adaboost (with 30 Decision Trees) classifier. For each of
them, we only use the face tracks of the training set to classify all validation and
test samples. As it can be seen, the K-NN performs better on both the validation
and the test set.

In order to assess the effectiveness of the proposed sampling strategy, we
compare it by sampling the verb-track pairs within the whole dataset. Table 5.10
shows the validation accuracies of the different sampling strategies. Results
confirm that the proposed procedure of sampling verb-track pairs within the same
video clip, if possible, allows to better discriminate samples from the same movie.
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Figure 5.11: Accuracy results on single movies of the proposed approach on
the M-VAD Names validation set. We report the 10 best results and 10 worst
ones, respectively represented in blue and green. The vertical line represents the
averaged accuracy on all movies.

Val. Acc. (%) Test Acc. (%)

K-NN 85.2 86.3
SVM 84.2 85.2
Adaboost 64.7 65.8

Table 5.9: Accuracy of different character face classifiers. Accuracy is calculated
as the number of correct predictions on the known-character tracks of the validation
and the test set.

5.2.5 Testing on different movies
After assessing the performance of the proposed architecture on the M-VAD
Names dataset, in which the training, the validation, and the test split share the
same character names, we address a more challenging and realistic evaluation
scenario. In this case, we evaluate on movies outside of the M-VAD Names, while
using the multimodal embedding space trained on the proposed dataset. To link
characters’ appearances with their identities, we initialize the face embedding
space by randomly sampling 10% of the face tracks. Beyond this limited supervi-
sion signal, which is mandatory when new characters are added, we do not exploit
any other training data related to the new set of movies.

The set of external videos contains three movies belonging to the MPII-MD
dataset for video captioning [160], namely Harry Potter and the Philosopher’s
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Val. Acc. (%)

Sampling within a video clip 60.1
Sampling within the whole dataset 58.8

Table 5.10: Comparison of different sampling strategies on the M-VAD Names
validation set using the proposed loss function to train the model.

Face Class. (%) Replacement (%)

Harry Potter and the Philosopher’s Stone 78.6 59.0
Pulp Fiction 81.4 54.6
Sherlock Holmes: A Game of Shadows 82.0 65.6

Overall accuracy 80.7 60.1

Table 5.11: Face classification and “someone” replacement results on an external
set of movies from the MPII-MD dataset [160], using 10% of the tracks for training
the face embedding space, and the multimodal embedding space model pre-trained
on the M-VAD Names dataset.

Stone, Pulp Fiction and Sherlock Holmes: A Game of Shadows. Table 5.11 shows
the accuracy results for both the face classification and the “someone” replacement
task. Numbers are reported on the portion of tracks which were not used for
the initialization of the face embedding space. The overall accuracy is reported
by averaging on every considered track (notice that each movie has a different
number of tracks). As it can be noticed, the accuracy of the replacement task is
similar to the one obtained when testing on the M-VAD Names, thus confirming
the generalization capabilities of the proposed model.

5.2.6 Qualitative results

Figure 5.12 shows some qualitative results on sample clips from the M-VAD
Names validation set. For each movie clip, we report the original textual de-
scription with “someone” tags and that with the corresponding character names
predicted by our approach. As it can be seen, our model is able to discriminate
tracks containing different actions and to associate them with the corresponding
verb in the captions. Also, visual tracks of unknown characters or character tracks
that are not associated to a verb in the caption are correctly not paired to any verb,
as for example in the fourth row of the figure.
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Caption with “someone” tags: SOMEONE enters the room and 

finds SOMEONE lying face down on a bed.

Caption with predicted names: Artie enters the room and finds 

Turner lying face down on a bed.

Caption with “someone” tags: At the front door, SOMEONE hugs

and kisses her father goodbye. As SOMEONE lingers in the doorway 

[…]. 

Caption with predicted names: At the front door, Lauren hugs and 

kisses her father goodbye. As Jake lingers in the doorway […]. 

Caption with “someone” tags: SOMEONE looks up as SOMEONE 

steps into the room. 

Caption with predicted names: Jack looks up as Rose steps into 

the room. 

Caption with “someone” tags: SOMEONE shifts his gaze. SOMEONE 

grabs the possessed man's shoulder and they sit down. 

Caption with predicted names: Johnny shifts his gaze. Moreau 

grabs the possessed man's shoulder and they sit down. 

Caption with “someone” tags: Now leaning on the bar, SOMEONE 

sips the last of a cocktail. SOMEONE approaches and leans on the 

bar beside him.

Caption with predicted names: Now leaning on the bar, Jack sips

the last of a cocktail. Ali approaches and leans on the bar beside 

him.

Caption with “someone tags”: SOMEONE lowers her gaze. Pointing, 

SOMEONE crosses to a high box. 

Caption with predicted names: Tess lowers her gaze. Pointing, 

Charlie crosses to a high box. 

Caption with “someone” tags: SOMEONE raises both arms. 

Caption with predicted names: Ben raises both arms. 

Caption with “someone” tags: SOMEONE smiles. SOMEONE and 

SOMEONE dance. 

Caption with predicted names: Cora smiles. Jack and Rose dance. 

Figure 5.12: Sample results of the proposed method for replacing “someone” tags
with character proper names. For each sample, tracks associated with the same
verb are represented with the same color, while tracks that are not associated with
any verb are reported in gray.

Finally, we report some failure cases in Figure 5.13. In particular, the figure
shows two verb-track association errors (first row), and two cases in which the
error is due to the face recognition phase (second row). In the first case, the verb
in the caption is associated with a different visual track of the considered movie
clip that is then correctly classified with the corresponding character name. In the
other one, instead, the visual track is correctly associated with the corresponding
verb in the caption, but the face recognition algorithm fails to identify the correct
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Ground-truth: Watching from a parked SUV, SOMEONE<Nat> raises

a cell phone to his ear. 

Caption with predicted names: Watching from a parked SUV, 

Gundy raises a cell phone to his ear.

Ground-truth: SOMEONE<Sarah> enters. 

Caption with predicted names: Mae enters. 

Ground-truth: Setting down his drink, SOMEONE<Will> sits on the 

couch and faces her. 

Caption with predicted names: Setting down his drink, Sylvia sits

on the couch and faces her. 

Ground-truth: SOMEONE<Hank> looks away. 

Caption with predicted names: Shaw looks away. 

Figure 5.13: Failure cases from the M-VAD validation set. In the first row, two
track-verb association errors, while in the second row, two face recognition errors.

character appearing in the movie clip.
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Chapter 6

Cross-modal retrieval

As seen in the previous chapters, recent advancements in computer vision and
natural language processing have made it possible the development of neural
networks capable of bridging the gap between vision and language resulting
in new solutions not only for image and video captioning, but also for cross-
modal retrieval [94, 45], visual question answering [215, 4, 166], and vision-and-
language navigation [5, 211, 46]. In this chapter, we focus on cross-modal retrieval
and on the development of deeply-learnable architectures which can retrieve visual
items given textual queries and vice versa.

Contributions

The key idea of many cross-modal retrieval approaches has been that of learning a
joint multimodal embedding space in which text and images could be projected
and compared. In the first part of this chapter, we take a different approach and
reformulate the problem of text-image retrieval as that of learning a translation
between the textual and visual domain. Our proposal leverages an end-to-end
trainable architecture that can translate text into image features and vice versa,
and regularizes this mapping with a cycle-consistency criterion. Experimental
evaluations for text-to-image and image-to-text retrieval, conducted on small,
medium and large-scale datasets show consistent improvements over the baselines,

This chapter is related to publications [12, 13, 14, 21, 23] reported in Appendix B, by the author
of the thesis. See Appendix B for details.
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thus confirming the appropriateness of using a cycle-consistent constrain for the
text-image matching task.

While these solutions has shown impressive performances on fully-supervised
settings in which a large amount of training data is available, their application
to more challenging scenarios has been rarely investigated. In the second part
of this chapter, we go beyond these limitations and tackle the design of visual-
semantic algorithms in the domain of the digital humanities and cultural heritage.
This setting not only advertises more complex visual and semantic structures
but also features a significant lack of training data which makes the use of fully-
supervised approaches infeasible. With this aim, we propose cross-modal retrieval
solutions that can automatically align illustrations and textual elements without
paired supervision transferring the knowledge learned on ordinary visual-semantic
datasets to the artistic domain. Experiments, performed on two datasets specifically
designed for this domain, validate the proposed strategies and quantify the domain
shift between natural images and artworks.

6.1 Toward cycle-consistent approaches

As mentioned, text-image cross retrieval is one of the core challenges in computer
vision and multimedia. The task concerns the retrieval of visual items given
textual queries and vice versa, and can be casted as a ranking problem, for which
the correct item should be closer to the query than to any other element in the
dataset (Fig. 6.1). Since visual and textual data belong to two distinct modalities,
previous methods have often relied on the construction of a common multimodal
embedding space [205, 45, 94, 138], with learnable functions to project data from
the two modalities in the joint embedding. Retrieval, in this case, is then carried
out by measuring distances in the joint space, which should be low for matching
text-image pairs and large for non-matching pairs.

Despite approaches based on a common visual-semantic embedding have
led to state-of-the-art results, in this section we investigate a different approach.
Specifically, we take the problem of retrieving images and captions as a translation
from the image domain to the textual domain and vice versa. In the first direction,
an image, represented with a feature vector, is converted to a textual representation
of its content; in the latter direction, a sentence is converted into an image feature
which reflects its meaning. The concept is visually described in Fig. 6.2. In (a),
we show a traditional visual semantic model in which textual items (squares) and
visual features (circles) are projected in a common embedding space, by requiring
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A group of flamingos standing next to each other in
water.
A flock of pink flamingos standing in shallow water.
A flock of flamingos standing in a pond.

A person who is on his
motorcycle in the air.

Query Image Retrieved CaptionsQuery Caption Retrieved Images

A small child standing in a
field of green grass playing
with a frisbee.

A Lufthansa jumbo-jet at some airport during the day.
A commercial airplane on a runway at an airport.
A large jumbo jet on the runway of an airport.

(a) Text-to-image retrieval

A group of flamingos standing next to each other in
water.
A flock of pink flamingos standing in shallow water.
A flock of flamingos standing in a pond.

A person who is on his
motorcycle in the air.

Query Image Retrieved CaptionsQuery Caption Retrieved Images

A small child standing in a
field of green grass playing
with a frisbee.

A Lufthansa jumbo-jet at some airport during the day.
A commercial airplane on a runway at an airport.
A large jumbo jet on the runway of an airport.

(b) Image-to-text retrieval

Figure 6.1: Text-image retrieval examples.

matching pairs (depicted in blue) to lie closer than non-matching pairs (depicted
in gray). In (b) we instead outline our approach: textual items (squares) can
be translated to visual features (circles) by means of the “txt2img” translation
function, while the “img2txt” function translates visual features back into textual
items. The overall architecture is trained end-to-end by combining two objectives:
generated visual features (depicted in red) are required to be realistic with respect
to positive and negative image samples (depicted, respectively, in blue and gray);
further, a cyclic constraint is imposed to guarantee that the forward and backward
translations are consistent.

In the remainder of the section, we show how this cycling approach acts as
a good regularizer for the retrieval task in both image-to-text and text-to-image
scenarios. Furthermore, we demonstrate how our proposed strategy is particularly
beneficial in the case of small and medium-scale datasets.

6.1.1 A cycle-consistent text and image retrieval network
We propose a Cycle-consistent Text and Image Retrieval network, CyTIR-Net,
which works in an end-to-end manner. CyTIR-Net is a combination of recurrent
and convolutional architectures that operates a translation between the textual
and the visual domains, where the latter is parametrized as the space of the
features extracted from a Convolutional Neural Network. Under the model, input
captions can be translated to proper image features, and image vectors can be
translated back to the textual domain. Exploiting this translation capability, a
reconstruction constraint makes sure that the reconstructed text is similar to the
original text, i.e. that the generated image vectors are meaningful when compared
to real image vectors, and contain sufficient information to reconstruct their
captions. Experimentally, this will be shown to be a good regularizer to enhance
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image
feature
vectors

real samples generated samples negative samples

Textual Space Visual Feature Space
txt2img

img2txt

Visual-Semantic Space

text

matching pairs non-matching pairs

(a) Ordinary visual-semantic models

image
feature
vectors

real samples generated samples negative samples

Textual Space Visual Feature Space
txt2img

img2txt

Visual-Semantic Space

text

matching pairs non-matching pairs

(b) Our approach

Figure 6.2: Overview of the proposed approach in comparison with ordinary
visual-semantic models. Instead of relying on a joint embedding space, we cast
the problem of text-image retrieval as that of learning a translation between the
textual and visual domain, with a reconstruction objective that keeps the overall
process cycle-consistent. Best seen in colors.

the discriminative power of the model in a cross-modal retrieval scenario.
Fig. 6.3 provides a high-level description of the model. We discuss the imple-

mentation details in the following subsections.

From text to images

The first part of the architecture consists of a visual-semantic model that transforms
a sentence s into a meaningful vector in the image feature space, x̃. Words are
represented with one-hot vectors that are embedded with a linear embedding E,
which can be either learned end-to-end together with the model or pre-trained
using another word embedding model, like Word2Vec [135], GloVe [147] or
FastText [13]. The beginning of each sentence is marked with a BOS token and
the end with a EOS token. Under the model, words are consumed by a Gated
Recurrent Unit (GRU) layer [29]. The following updates of the hidden units and
cells of a GRU define the model:

rτ = σ(Wireτ +Whrhτ−1 + bh)

zτ = σ(Wizeτ +Whzhτ−1 + bz)

nτ = tanh(Wineτ + rτ (Whnhτ−1 + bhn) + bin)

hτ = (1− zτ )nτ + zτhτ−1, (6.1)

where eτ represents embedded words, i.e. eτ = Ewτ being wτ the one-hot
representation of a word, and σ is the sigmoid function. Once the model has
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original sentence

“a flock of birds floating on 
top of a boat”

image feature space

textual space

s

ǁ𝑠

s=<BOS,𝑤1, 𝑤2, … , 𝑤𝑇−1,EOS>

txt2img GRU model
𝑥

generated image vector
CNN

𝑥

real image vector

img2txt LSTM model

generated sentence

a flock boata…

Figure 6.3: Architecture of the CyTIR-Net. Two learnable models translate
between the textual and the visual domains, by generating image vectors from
sentences and sentences from image vectors. A cycle-consistent reconstruction
term regularizes the model by imposing the feasibility of the backward translation.

consumed the EOS token, we take the hidden state as the projection of the sentence
into the image space.

x̃ = txt2img(s) = hT . (6.2)

We call this the generated image vector. We learn the set of parameters of this
model, θ, with a cost function which encourages the generated image vector to
be close to that of an image that has been described by the same caption. This, in
general, forces the generated image vectors to be consistent with the structure of
the space of real images. To this aim, we define a similarity function inside the
image feature space, ξ (e.g. the cosine similarity) and apply a hinge-based triplet
ranking loss with maximum violation [214, 45]. For a matching image-sentence
pair, the loss is defined as follows:

Lt2i(θ) = max
x̂

[α− ξ(x,txt2img(s)) + ξ(x̂,txt2img(s))]+

+max
ŝ

[α− ξ(x,txt2img(s)) + ξ(x,txt2img(ŝ))]+ . (6.3)

This hinge loss comprises two symmetric terms. Given a real image feature
vector x which matches with sentence s, the first maximum is taken over all
real negative image vectors x̂ which do not match with s. The second, instead,
is computed over all negative sentences ŝ which do not match with x. If the
generated image vector text2img(s) is closer to the real image vector x than
to any negative image vector by a margin α, then the first hinge loss is zero.
Conversely, if the real image vector x is closer to the generated image vector
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txt2img(s) than to any vector generated from a negative image by a margin α,
then the second hinge loss is zero.

In practice, the maximums in Eq. 6.3 are computed only inside the mini-batch,
to avoid the costly operation of computing the txt2img vector for each caption
in the dataset. When samples in the mini-batch are chosen randomly, if the dataset
shuffling is repeated at each epoch and the mini-batch size is sufficiently large, this
procedure leads to a good approximation of Eq. 6.3 and good learning behavior.

We notice, further, that this loss can be implemented quite efficiently. Once
real and generated image vectors are `2-normalized, the pairwise distance matrix
can be computed with a matrix product, recalling that the cosine similarity is
equivalent to a dot product for `2-normalized vectors. If the two tensors are sorted
so that corresponding real and generated image vectors are in the same position,
the main diagonal of the matrix contains ξ(x,txt2img(s)), so we can obtain
the first (second) term of Eq. 6.3 by repeating the diagonal vector horizontally
(vertically), subtracting it from the pairwise similarity matrix and adding the
margin. Once the diagonal of the resulting matrix has been cleared1, we can take
the maximum over columns (rows). The final loss, which is fed to the optimizer,
is the mean of Lt2i(θ) over the mini-batch.

The txt2img model, alone, is equivalent to a visual-semantic embedding
model in which the image projection function is the identity, i.e. a model in which
the common embedding space is collapsed into the image space. By showing that
our complete architecture overcomes the performance of models with a multimodal
embedding space, we implicitly show that a common space is not always needed
to address text-image retrieval.

From images to text

While sentences can be projected into an image feature space, the second compon-
ent of the model translates image vectors x into the textual space by generating a
textual description s̃. This roughly corresponds to an image captioning model: the
image is treated as the first input of an LSTM-based recurrent model [68], which
generates a sentence one word at a time by updating his hidden units and cells

1Each element of the diagonal would contain α−ξ(x,txt2img(s))+ξ(x,txt2img(s)) = α,
thus potentially invalidating the result of the maximum.
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under the following equations.

iτ = σ(Wiieτ +Whihτ−1 + bi)

fτ = σ(Wifeτ +Whfhτ−1 + bf )

gτ = tanh(Wigeτ +Whghτ−1 + bg)

oτ = σ(Wioeτ +Whohτ−1 + bo)

cτ = fτcτ−1 + iτgτ

hτ = oτ tanh(cτ )

wτ ∼ softmax(Wdhτ ), (6.4)

where eτ corresponds to the input image feature vector for τ = 0, then the output
of the network, wτ is fed back to the input in the next timesteps as a one-hot
vector.

To deal with the fixed-size weights of the LSTM model, we project both
the image feature vector and words to a common dimensionality, using a linear
projection. Following recent models for captioning [155], we also apply a dropout
regularization on the hidden state hτ at each iteration. We noticed that an LSTM
cell performed better than a GRU cell in this part of the model.

At each iteration, the hidden state is linearly projected to the dimensionality of
the vocabulary through Wd, and a softmax activation is then used to produce a
probability distribution over the vocabulary, from which wτ is sampled. For each
input image vector, the model is run until an EOS token is produced: the final
textual representation of an image i is therefore defined as

s̃ = img2txt(x) = [w0, w1, ..., wT ] , (6.5)

which we call the generated sentence.

Closing the loop

The txt2img and img2txt models defined above realize the forward and
backward translations between the image and the textual domain. The mapping
between the two spaces is regularized with a cycle-consistency criterion, in which
we require the feasibility of the forward and backward translation at the same time.
In practice, we require that the projection of a generated image vector into the
textual space should be similar to the text from which the vector originated, i.e.

img2txt(txt2img(s)) ≈ s. (6.6)
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We realize Eq. 6.6 by computing the negative log-likelihood of generated
words with respect to the words in s.

Formally, given the set of words in s, {w∗0 , w∗1 , ..., w∗T }, the learning objective
at each step is defined by feeding the previous words in s to the model, and
computing the negative log of the probability of generating the correct word:

Li2t(θ) = −
T∑
τ=0

log(p(wτ |w∗0 , w∗1 , ..., w∗τ−1)). (6.7)

The final loss function of the model for a training sample is a weighted
sum of the Lt2i and the Li2t losses. We average the losses computed over a
mini-batch before updating the weights of the model. Notice, further, that the
Lt2i loss backpropagates only on the txt2img model, while the reconstruction
loss backpropagates on the overall architecture, thus potentially changing the
representation provided by the txt2img model as well. When fine-tuning image
feature vectors, moreover, both models contribute to the modification of the CNN
weights, building an image representation that is both discriminative in the image
feature space, and suitable for text reconstruction.

At evaluation time, captions are projected into the image feature space by
means of the txt2img model and similarities are computed by means of the
cosine distance. The image feature space is thus employed as a replacement of the
traditional multimodal embedding space, often used by competitor models [205,
138].

6.1.2 Experimental settings
In this section, we provide all implementation details and describe the datasets
used in our experiments.

Datasets. To test the behavior of our architecture on both medium and large-scale
datasets, we employ Flickr8k [69], Flickr30k [229] and Microsoft COCO [116].
As already mentioned in the previous chapters, Flickr8k and Flickr30k are respect-
ively composed of 8, 000 and 31, 000 images, where each image comes with 5
captions. Following the splits defined in [90], for Flickr8k and Flickr30k we use
1, 000 images for validation, 1, 000 images for testing and the rest for training.
COCO instead contains more than 120,000 images, each of them annotated with 5
human-collected captions. Also for this dataset, we use the splits defined in [90],
where the training set is composed of 82, 783 images, while both validation and
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test set contain 5, 000 images. However, there are also 30, 504 images that were
originally in the validation set of this dataset but have been left out in this split.
As done by other text-image retrieval methods [45], we add these images in the
training set thus obtaining a total of 113, 287 images to train the model. Following
a common practice, retrieval results on COCO are reported by averaging over 5
folds of 1, 000 test images each.

Metrics. For evaluating the results of our CyTIR-Net model and for comparing
it with different baselines and state-of-the-art methods, we report rank-based
performance metricsR@K (K = 1, 5, 10) and median rank (Med r). In particular,
R@K computes the percentage of test images or test sentences for which at least
one correct result is found among the top-K retrieved sentences, in the case of
text retrieval, or the top-K retrieved images, in the case of image retrieval. On the
contrary, Med r is the median rank of the first correct result in the ranking.

Implementation details. To encode input images and define the image feature
space, we extract global feature vectors from the activations of CNNs pre-trained
on large-scale image classification, which is a dominant approach employed by
many previous works [45, 41, 58, 77]. Image classification is indeed a good
proxy task for retrieval, and CNNs trained for classification tend to learn global
features which are general and discriminative enough to build a suitable feature
space for our task. Specifically, we use and compare four networks, namely
VGG-16 [168], VGG-19 [168], ResNet-50 [64], and ResNet-152 [64] pre-trained
on ImageNet [163]. In all cases, we extract features from the last but one layer
before the final classification stage, so that features can be general enough to
adapt to unseen classes. On VGG-16 and VGG-19, we extract the activation from
the last but one fully connected layer (which is usually denoted as fc7), while
on ResNet-50 and ResNet-152 we take the output of the final average pooling
layer. This leads to a dimensionality of the final feature vector of 4096 for VGG
networks and 2048 for ResNet models. Images are pre-processed to adapt to the
training conditions of the CNNs. Specifically, are firstly resized to 256 pixels
for the smaller edge, and then randomly cropped to a size of 224 × 224 during
training, and center cropped during test.

For encoding image captions, instead, we use a GRU network, as described in
Sec. 6.1.1. Since we do not project images and corresponding captions in a joint
embedding space, we need to set the output dimensionality of the GRU to the size
of image embeddings (i.e. 4096 or 2048, depending on the CNN at hand). The
dimensionality of the word embeddings that are input to the GRU is set to 300,
even when they are learned end-to-end.
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As mentioned, for the img2txt model, we instead use an LSTM network.
We set the dimensionality of both LSTM hidden state and input word embeddings
to 300, and we apply a dropout regularization on the hidden state with a probability
of 0.5 at each iteration.

All experiments have been performed using the Adam optimizer [93]. Due to
different learning capabilities of the two components of our model, we use two
different learning rates. For the parameters of the txt2img model, we use an
initial learning rate of 2×10−4, which is then decreased by a factor of 10 every 50
epochs. For the img2txt model, instead, we set the initial learning to 4× 10−4,
and multiply it by a factor of 0.8 every 5 epochs. The fine-tuned models are trained
with a learning rate of 2× 10−5 by taking a model trained for 25 epochs with a
fixed image encoder. For all experiments, we use a mini-batch of 128 samples and
we set the margin α to 0.2.

6.1.3 Comparison with baselines

As a baseline for CyTIR-Net, we consider the txt2img model, which removes
the cycle-consistency regularizer and is therefore well suited to evaluate the claims
of the proposal regarding the role of the cycle-consistent constraint. This, also,
is practically equivalent to a visual-semantic embedding model in which the
visual projector is the identity function. In the following, we evaluate the model
with respect to this baseline and using different image feature vectors and word
embeddings.

Comparison between different image feature vectors. We first evaluate the
performance of our model by comparing image feature vectors extracted from
different CNNs, namely VGG-16 [168], VGG-19 [168], ResNet-50 [64], and
ResNet-152 [64]. Table 6.1 reports the performance of the CyTIR-Net model in
comparison to that of the txt2img model alone. For the sake of conducting a
good variety of experiments, here we rely on the Flickr8k and Flickr30k datasets
and do not fine-tune the CNN model. All results are obtained by using learnable
word embeddings.

As it can be seen, CyTIR-Net outperforms the baseline in both text and image
retrieval and also by using different image feature vectors, thus demonstrating
the effectiveness of our proposal. Moreover, the performance of the ResNet-152
model is superior to that of other CNNs on both considered datasets. For this
reason, all following experiments are performed by using the ResNet-152 as image
feature vector.
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Model CNN Text Retrieval Image Retrieval

R@1 R@10 R@10 Med r R@1 R@5 R@10 Med r

Flickr8k

txt2img VGG-16 22.6 51.5 64.0 5.0 16.7 42.0 54.2 9.0
CyTIR-Net VGG-16 24.9 54.2 65.6 4.0 17.5 42.7 55.9 8.0

txt2img VGG-19 23.5 53.3 65.6 5.0 16.4 41.2 53.9 9.0
CyTIR-Net VGG-19 24.7 52.2 65.2 5.0 17.9 42.9 55.9 8.0

txt2img ResNet-50 27.3 53.5 66.9 5.0 15.1 41.1 55.5 8.0
CyTIR-Net ResNet-50 28.7 56.9 69.5 4.0 16.0 42.8 58.0 7.0

txt2img ResNet-152 25.7 54.8 69.0 4.0 15.8 41.6 56.0 8.0
CyTIR-Net ResNet-152 28.2 57.4 71.1 4.0 17.5 44.6 59.0 7.0

Flickr30k

txt2img VGG-16 29.9 59.1 72.5 4.0 21.5 47.0 58.9 6.0
CyTIR-Net VGG-16 30.9 61.0 72.7 3.0 21.9 47.9 60.1 6.0

txt2img VGG-19 31.0 58.3 69.2 4.0 21.3 46.8 59.0 7.0
CyTIR-Net VGG-19 32.9 61.6 71.4 3.0 22.2 47.9 59.8 6.0

txt2img ResNet-50 34.0 64.4 75.8 3.0 21.1 46.9 59.2 6.0
CyTIR-Net ResNet-50 36.6 67.1 77.3 3.0 20.9 47.1 60.9 6.0

txt2img ResNet-152 36.9 67.0 78.2 3.0 22.8 50.0 63.3 5.0
CyTIR-Net ResNet-152 41.7 68.9 78.9 2.0 23.8 51.3 64.0 5.0

Table 6.1: Comparison between image feature vectors extracted from different
CNNs on Flickr8k and Flickr30k validation set.

Comparison between different word embeddings. We learn linear word em-
beddings from scratch while training the model, and test with a variety of state-
of-the-art pre-computed embeddings, namely Word2Vec [135], GloVe [147] or
FastText [13]. In the latter case, the embedding matrix E is initialized using
pre-computed embeddings and freezed during learning.

Table 6.2 reports the performance of the CyTIR-Net model on validation
sets with different word embedding strategies, together with that of the txt2img
model alone. Also in this case, we report experiments on the Flickr8k and
Flickr30k datasets and we do not fine-tune the CNN.

Firstly, we observe that the performance of the complete model is always
superior to that of the baseline, thus confirming the importance of translating
backwards to the textual space. Using learnable word embeddings, this accounts
for a 28.2−25.7

25.7 = 9.73% relative improvement on R@1 on Flickr8k and a 13.01%
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Model Word Emb. Text Retrieval Image Retrieval

R@1 R@10 R@10 Med r R@1 R@5 R@10 Med r

Flickr8k

txt2img - 25.7 54.8 69.0 4.0 15.8 41.6 56.0 8.0
CyTIR-Net - 28.2 57.4 71.1 4.0 17.5 44.6 59.0 7.0

txt2img GloVe 29.2 60.2 74.5 3.0 19.2 46.7 61.7 6.0
CyTIR-Net GloVe 32.2 62.7 76.2 3.0 19.9 48.8 62.8 6.0

txt2img FastText 29.8 58.7 73.4 4.0 17.9 45.8 60.3 7.0
CyTIR-Net FastText 32.2 61.4 74.1 3.0 19.2 47.5 62.0 6.0

txt2img Word2Vec 28.1 58.0 71.3 4.0 17.1 44.1 58.7 7.0
CyTIR-Net Word2Vec 30.9 59.4 72.7 4.0 18.9 46.8 61.2 6.0

Flickr30k

txt2img - 36.9 67.0 78.2 3.0 22.8 50.0 63.3 5.0
CyTIR-Net - 41.7 68.9 78.9 2.0 23.8 51.3 64.0 5.0

txt2img GloVe 36.4 67.4 78.4 2.0 22.8 50.7 64.2 5.0
CyTIR-Net GloVe 41.1 68.9 79.0 2.0 23.0 51.3 64.6 5.0

txt2img FastText 37.7 66.0 77.8 3.0 22.1 49.8 63.4 6.0
CyTIR-Net FastText 40.8 68.5 79.1 2.0 23.5 51.3 63.8 5.0

txt2img Word2Vec 35.9 66.4 76.9 3.0 22.3 49.7 62.9 6.0
CyTIR-Net Word2Vec 41.2 68.2 79.3 2.0 22.3 50.7 63.7 5.0

Table 6.2: Comparison between different word embeddings on Flickr8k and
Flickr30k validation set.

relative improvement on Flickr30k, when doing text retrieval. When doing caption
retrieval, the relative improvement is 10.76% on Flickr8k and 4.39% on Flickr30k,
thus suggesting that the cycle consistency constraint helps on both retrieval direc-
tions, being however slightly better when retrieving text from images.

Comparing the results obtained with different word embeddings, then, it can be
seen that GloVe vectors outperform all other solutions by a considerable margin on
Flickr8k. The same behavior, however, is not observable in the case of Flickr30k,
where GloVe still outperform other pre-computed solutions, but learning the
embeddings end-to-end provides the best performance. We assume that this is
caused by the different size of the two datasets: on relatively small datasets like
Flickr8k the benefit of a pre-trained and generic word space is more significant
than on larger datasets, where a specific and more suited word embedding can be
learned. Following this claim, in the rest of the experiments we will employ GloVe
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Model Text Retrieval Image Retrieval

R@1 R@5 R@10 Med r R@1 R@5 R@10 Med r

CCA [95] 31.0 59.3 73.7 4.0 21.3 50.0 64.6 5.0
Word2VisualVec [39] 33.6 - 75.3 3.0 - - - -
2WayNet [40] 43.4 63.2 - - 29.3 49.7 - -

txt2img 28.8 59.5 71.1 4.0 17.1 44.5 59.3 7.0
CyTIR-Net 30.0 58.6 71.3 4.0 18.6 46.2 61.2 6.0

txt2img with HN 35.5 64.2 77.0 3.0 21.9 51.9 66.2 5.0
CyTIR-Net with HN 36.1 66.2 78.3 3.0 22.6 52.9 66.4 5.0

txt2img (CNN fine-tuned) 34.4 63.7 77.7 3.0 24.0 54.9 69.5 5.0
CyTIR-Net (CNN fine-tuned) 37.9 68.3 78.8 2.0 27.4 57.8 71.5 4.0

txt2img with HN (CNN fine-tuned) 43.7 74.4 83.2 2.0 30.5 62.0 74.4 3.0
CyTIR-Net with HN (CNN fine-tuned) 44.9 74.0 83.9 2.0 31.2 62.0 75.2 3.0

Table 6.3: Results on Flickr8k test set. Best results are underlined for each metric.

vectors on Flickr8k, and train our own word embeddings on Flickr30k and COCO.

6.1.4 Comparison with state of the art
Here we report experimental results on the test sets of the aforementioned datasets
comparing our model with the baseline and related works.

For a comprehensive analysis, we report the numbers obtained by the txt2img
baseline, and those obtained with and without the maximum violation in Eq. 6.3.
The suffix HN indicates experiments using the maximum violation, while the
absence of the same suffix indicates that the experiment has been run by replacing
the maximums of Eq. 6.3 with sums (i.e., using the traditional hinge-based ranking
loss). We also indicate, in parenthesis, whether the CNN has been fine-tuned.

Tables 6.3 and 6.4 show the results on the Flickr8k and Flickr30k, respectively.
Results demonstrate that using the cycle-consistency constraint helps to increase
the retrieval performance in almost all combinations, confirming our intuition
of translating back to the textual domain to improve the text-image retrieval
performance. In Table 6.5, we instead report the same experiments when training
our model on COCO. Also in this case, the use of the cycle-consistency criterion
has been demonstrated to be beneficial for the final performance of the model
either by using maximum violation or by fine-tuning the CNN. Furthermore, by
comparing the performances shown on Flickr8k, Flickr30k and COCO, it can
easily be seen that the regularization power of the proposed cycle-consistent
approach is more evident in the case of small and medium-sized datasets. We
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Model Text Retrieval Image Retrieval

R@1 R@5 R@10 Med r R@1 R@5 R@10 Med r

CCA [95] 33.3 62.0 74.7 3.0 25.6 53.2 66.8 5.0
Word2VisualVec [39] 39.7 - 76.7 2.0 - - - -
2WayNet [40] 49.8 67.5 - - 36.0 55.6 - -
sm-LSTM [76] 42.5 71.9 81.5 2.0 30.2 60.4 72.3 3.0
Embedding Network [205] 43.2 71.6 79.8 - 31.7 61.3 72.4 -
VSE++ [45] 52.9 - 87.2 1.0 39.6 - 79.5 2.0
DAN [138] 55.0 81.8 89.0 1.0 39.4 69.2 79.1 2.0

txt2img 33.9 64.9 76.6 3.0 21.0 50.4 65.0 5.0
CyTIR-Net 36.9 67.8 79.2 2.0 21.6 51.8 65.5 5.0

txt2img with HN 44.2 73.7 81.5 2.0 29.2 58.5 71.2 4.0
CyTIR-Net with HN 45.0 73.8 82.7 2.0 28.9 59.3 71.9 4.0

txt2img (CNN fine-tuned) 45.5 74.9 83.5 2.0 33.3 63.4 74.6 3.0
CyTIR-Net (CNN fine-tuned) 48.1 76.3 83.9 2.0 35.3 65.7 76.5 3.0

txt2img with HN (CNN fine-tuned) 54.9 80.8 87.6 1.0 40.3 68.2 78.1 2.0
CyTIR-Net with HN (CNN fine-tuned) 56.6 82.2 88.7 1.0 41.5 69.0 79.1 2.0

Table 6.4: Results on Flickr30k test set. Best results are underlined for each
metric.

underline that this is an important feature of the proposed approach, in that it
can enhance the final retrieval performance when training data is scarce, at no
additional annotation cost.

6.1.5 Cross-dataset experiments
To investigate the generalization capabilities of our model, we also perform cross-
dataset experiments, in which we test the model trained on one dataset on the test
set of another dataset. The objective, in this case, is to demonstrate how a model
trained on one dataset can generalize to other settings, and to further validate
the regularization capabilities of our cycle-consistent constraint on this setting.
Table 6.6, in particular, reports the performance obtained by CyTIR-Net and
txt2img trained on Flickr8k, Flickr30k and COCO, and tested on a different
domain. As it can be observed, our full model shows better generalization capabil-
ities when compared to the txt2img baseline on both image and text retrieval,
and when transferring from all datasets to any dataset.

Also, we compare our results with the recent Word2VisualVec approach [39],
where authors ran the same kind of experiments using only Flickr8k and Flick30k.
We notice that our model is able to achieve a better generalization performance,
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Model Text Retrieval Image Retrieval

R@1 R@5 R@10 Med r R@1 R@5 R@10 Med r

CCA [95] 39.4 67.9 80.9 2.0 25.1 59.8 76.6 4.0
2WayNet [40] 55.8 75.2 - - 39.7 63.3 - -
sm-LSTM [76] 53.2 83.1 91.5 1.0 40.7 75.8 87.4 2.0
Embedding Network [205] 54.9 84.0 92.2 - 43.3 76.4 87.5 -
VSE++ [45] 64.6 - 95.7 1.0 52.0 - 92.0 1.0

txt2img 44.3 77.0 88.1 2.0 29.2 64.2 79.4 3.0
CyTIR-Net 44.7 78.0 88.1 2.0 28.9 63.8 79.4 3.0

txt2img with HN 52.1 81.7 91.2 1.2 34.5 70.4 83.7 2.6
CyTIR-Net with HN 53.2 82.4 91.1 1.0 34.9 71.1 84.0 2.4

txt2img (CNN fine-tuned) 48.7 81.4 90.7 1.8 40.8 77.6 88.9 2.0
CyTIR-Net (CNN fine-tuned) 53.8 84.1 92.4 1.0 44.1 80.5 91.1 2.0

txt2img with HN (fine-tuned) 57.6 87.3 94.6 1.0 48.0 81.9 91.4 1.8
CyTIR-Net with HN (CNN fine-tuned) 57.9 87.3 94.2 1.0 47.9 82.2 91.3 1.8

Table 6.5: Results on the MSCOCO 1000-image test set. Best results are under-
lined for each metric.

with a relative improvement of 52.5−40.3
40.3 = 30.27% in terms of R1 when transfer-

ring from Flickr30k to Flickr8k, and 29.6−26.7
26.7 = 10.86% when transferring in the

opposite direction. Most importantly, transferring from Flickr datasets to COCO
and vice versa, we still notice that the performance of CyTIR-Net surpasses that
of txt2img, further confirming the effectiveness of our solution.

6.1.6 Text reconstruction results

A key feature of our model is that it can reconstruct an input caption once it has
been translated to a visual feature vector. This ability, which is modeled in Eq. 6.6,
improves the performances of the model by imposing that the generated visual
features should be sufficiently informative for a second model to reconstruct the
caption describing the image.

In the previous sections, we have shown how this constraint helps to improve
retrieval results. Here, instead, we quantify the reconstruction capability of the
model, by computing machine translation metrics between original and gener-
ated sentences. In particular, we employ four popular metrics for evaluation:
BLEU [144], ROUGEL [115], METEOR [9], and CIDEr [193].

Table 6.7 reports the text reconstruction results, matching each input caption
with the corresponding output of the img2txt model. Experiments have been
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Model Text Retrieval Image Retrieval Text Retrieval Image Retrieval

R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

Flickr8k→ Flickr30k Flickr30k→ Flickr8k

Word2VisualVec [39] 26.7 50.7 60.7 - - - 40.3 69.3 81.0 - - -
txt2img 26.9 50.7 61.5 18.3 39.7 51.3 48.1 76.7 88.5 28.3 60.6 74.7
CyTIR-Net 29.6 52.4 63.4 20.6 42.9 53.8 52.5 81.4 89.4 30.4 64.6 77.5

Flickr8k→ COCO COCO→ Flickr8k

txt2img 13.9 34.0 46.0 8.5 24.9 36.6 26.0 56.2 68.9 17.5 42.4 55.0
CyTIR-Net 14.2 36.1 47.8 9.0 26.1 38.4 29.7 58.9 70.2 17.5 42.3 55.3

Flickr30k→ COCO COCO→ Flickr30k

txt2img 23.4 49.5 63.6 12.8 36.0 51.6 28.8 57.0 67.4 18.3 42.2 54.6
CyTIR-Net 24.5 51.1 64.7 13.5 37.1 52.6 29.0 56.6 67.6 19.2 43.3 54.8

Table 6.6: Cross-dataset experiments.

carried out on the test sets of Flickr8k, Flickr30k, and COCO. As can be seen,
the CyTIR-Net model is able to reconstruct original captions with high quality,
achieving a BLEU score higher than 0.5 in most of the cases. This indicates
that the model has learned to exploit the textual meaning of the caption while
encoding it into a proper visual feature vector. Further, we recall that our model is
still different from a pure autoencoder, as it is trained to produce visual feature
vectors that are consistent with real ones, as testified by the retrieval performances
discusses in the previous sections.

6.1.7 Complexity and run-time analysis

Compared to ordinary visual-semantic models, our approach introduces an ad-
ditional component (the LSTM for text reconstruction) and an additional loss
function. Therefore, the gain in performance at test time is obtained at the expens-
ive of a slight increase in training times. However, we shall note that our model has
the same run-time complexity at test time of any ordinary visual-semantic model.
Once the model has been trained, indeed, both visual and textual queries can be
projected in the visual feature space, where distances are computed, while the
img2txt model is only used at training time as a regularizer. This is equivalent,
in terms of computational complexity, to projecting visual and textual elements in
a shared multimodal embedding space.

To further analyze the performances of our model, in the following we report
mean execution times on a workstation equipped with a NVIDIA GeForce GTX
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Dataset B-1 B-2 B-3 B-4 M R C

Flickr8k 71.5 56.8 44.7 35.6 29.3 61.8 84.3
Flickr30k 78.2 63.8 53.2 45.4 35.5 70.0 113.3

COCO 95.7 92.0 89.4 87.3 59.4 94.4 237.8

Table 6.7: Text reconstruction results.

1080Ti and Intel Core i7-6850K CPU @ 3.60GHz. Computing the projection
of an image query requires on average 0.97 ms when using ResNet-152 as the
CNN backbone; computing the projection of a textual query, instead, requires on
average 0.21 ms. The computation of pairwise distances, and the ranking of the
results demands around 0.52 ms per query. This roughly corresponds to a total
execution time of 1.49 ms for a visual query and 0.73 ms for a textual query.

6.1.8 Qualitative results
We also present some qualitative results for text-to-image and image-to-text re-
trieval, which are shown in Fig. 6.4 and 6.5. Here, we compare against the
txt2img baseline. As it can be seen, our model is able to encode details of
images and text, while the baseline often fails to do the same, ignoring relevant
parts of the query caption (such as in the top row of Fig. 6.4) and significant
details (second and third rows of Fig. 6.4), or hallucinating the number of people
or objects (as in Fig. 6.5). Being the txt2img baseline practically equivalent to
our model without the cycle-consistent regularization, this further confirms the
appropriateness of the CyTIR-Net model.

Learning to describe salient objects in images with vision and language 145



CHAPTER 6. CROSS-MODAL RETRIEVAL

Query caption: four men standing, one with an 
entire bunch of carrots in his mouth.

Query caption: brown teddy bear with glasses 
sitting on blue couch.

CyTIR-Net txt2img

Query caption: two beach chairs and a white 
and red umbrella at a beach.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a man on a snowboard using a 
parachute.

Query caption: a man surfing on a blue green 
wave.

CyTIR-Net txt2img

Query caption: a woman riding a bike down a 
street next to a divider.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: four men standing, one with an 
entire bunch of carrots in his mouth.

Query caption: brown teddy bear with glasses 
sitting on blue couch.

CyTIR-Net txt2img

Query caption: two beach chairs and a white 
and red umbrella at a beach.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a man on a snowboard using a 
parachute.

Query caption: a man surfing on a blue green 
wave.

CyTIR-Net txt2img

Query caption: a woman riding a bike down a 
street next to a divider.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: four men standing, one with an 
entire bunch of carrots in his mouth.

Query caption: brown teddy bear with glasses 
sitting on blue couch.

CyTIR-Net txt2img

Query caption: two beach chairs and a white 
and red umbrella at a beach.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a man on a snowboard using a 
parachute.

Query caption: a man surfing on a blue green 
wave.

CyTIR-Net txt2img

Query caption: a woman riding a bike down a 
street next to a divider.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: four men standing, one with an 
entire bunch of carrots in his mouth.

Query caption: brown teddy bear with glasses 
sitting on blue couch.

CyTIR-Net txt2img

Query caption: two beach chairs and a white 
and red umbrella at a beach.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a man on a snowboard using a 
parachute.

Query caption: a man surfing on a blue green 
wave.

CyTIR-Net txt2img

Query caption: a woman riding a bike down a 
street next to a divider.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: four men standing, one with an 
entire bunch of carrots in his mouth.

Query caption: brown teddy bear with glasses 
sitting on blue couch.

CyTIR-Net txt2img

Query caption: two beach chairs and a white 
and red umbrella at a beach.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a man on a snowboard using a 
parachute.

Query caption: a man surfing on a blue green 
wave.

CyTIR-Net txt2img

Query caption: a woman riding a bike down a 
street next to a divider.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: four men standing, one with an 
entire bunch of carrots in his mouth.

Query caption: brown teddy bear with glasses 
sitting on blue couch.

CyTIR-Net txt2img

Query caption: two beach chairs and a white 
and red umbrella at a beach.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a man on a snowboard using a 
parachute.

Query caption: a man surfing on a blue green 
wave.

CyTIR-Net txt2img

Query caption: a woman riding a bike down a 
street next to a divider.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: an old vehicle painted light blue 
and dark blue.

Query caption: an airplane sits on the tarmac of 
an airport, with a disconnected boarding gate.

CyTIR-Net txt2img

Query caption: one elephant standing away 
from the rest of the herd, drinking water.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a red and white biplane in a 
blue, cloudy sky.

Query caption: two arms typing on a laptop and 
one hand on a mouse.

CyTIR-Net txt2img

Query caption: four birds sitting in tree 
branches with no leaves.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: an old vehicle painted light blue 
and dark blue.

Query caption: an airplane sits on the tarmac of 
an airport, with a disconnected boarding gate.

CyTIR-Net txt2img

Query caption: one elephant standing away 
from the rest of the herd, drinking water.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a red and white biplane in a 
blue, cloudy sky.

Query caption: two arms typing on a laptop and 
one hand on a mouse.

CyTIR-Net txt2img

Query caption: four birds sitting in tree 
branches with no leaves.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: an old vehicle painted light blue 
and dark blue.

Query caption: an airplane sits on the tarmac of 
an airport, with a disconnected boarding gate.

CyTIR-Net txt2img

Query caption: one elephant standing away 
from the rest of the herd, drinking water.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a red and white biplane in a 
blue, cloudy sky.

Query caption: two arms typing on a laptop and 
one hand on a mouse.

CyTIR-Net txt2img

Query caption: four birds sitting in tree 
branches with no leaves.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: an old vehicle painted light blue 
and dark blue.

Query caption: an airplane sits on the tarmac of 
an airport, with a disconnected boarding gate.

CyTIR-Net txt2img

Query caption: one elephant standing away 
from the rest of the herd, drinking water.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a red and white biplane in a 
blue, cloudy sky.

Query caption: two arms typing on a laptop and 
one hand on a mouse.

CyTIR-Net txt2img

Query caption: four birds sitting in tree 
branches with no leaves.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: an old vehicle painted light blue 
and dark blue.

Query caption: an airplane sits on the tarmac of 
an airport, with a disconnected boarding gate.

CyTIR-Net txt2img

Query caption: one elephant standing away 
from the rest of the herd, drinking water.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a red and white biplane in a 
blue, cloudy sky.

Query caption: two arms typing on a laptop and 
one hand on a mouse.

CyTIR-Net txt2img

Query caption: four birds sitting in tree 
branches with no leaves.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: an old vehicle painted light blue 
and dark blue.

Query caption: an airplane sits on the tarmac of 
an airport, with a disconnected boarding gate.

CyTIR-Net txt2img

Query caption: one elephant standing away 
from the rest of the herd, drinking water.

CyTIR-Net txt2img CyTIR-Net txt2img

Query caption: a red and white biplane in a 
blue, cloudy sky.

Query caption: two arms typing on a laptop and 
one hand on a mouse.

CyTIR-Net txt2img

Query caption: four birds sitting in tree 
branches with no leaves.

CyTIR-Net txt2img CyTIR-Net txt2img

Figure 6.4: Text-to-image retrieval results.
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Figure 6.5: Image-to-text retrieval results.
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6.2 Retrieving images and textual sentences in the
artistic domain

In the previous section, we have addressed the problem of cross-modal retrieval on
a fully supervised setting in which paired training samples are available and come
from general-purpose datasets where the state of the art of concept recognition
methods is useful and well assessed. In the domain of arts and culture, however,
both visual and textual elements are far from those of ordinary datasets. On one
side, textual descriptions often contain technical language with symbolic reminds,
metaphors and artistic or historical connections; on the other side, artworks and
illustrations are characterized by visual features different from those of natural
images. Beyond this domain-shift issue, the supervised training of a common
visual-semantic embedding requires sufficiently large datasets. Instead, the artistic
domain is often characterized by small scale datasets in which the pairing between
visual and textual elements is not available or expensive to obtain.

Tackling the aforementioned setting, we propose a semi-supervised visual-
semantic embedding model (SS-VSE) for cross-modal retrieval in the artistic
domain. Our approach relies on the construction of a common semantic embed-
ding, in which the knowledge learned on a supervised and ordinary visual-semantic
dataset is transferred to an artistic dataset in which the pairing between images and
sentences is not available. After using global feature vectors, we also investigate
the use of auto-encoders (SS-VSE-AE) to obtain more compact representations of
input images and sentences. Experiments are conducted on two datasets specific-
ally designed for the artistic domain. In particular, we collect the BibleVSA dataset
which contains illustrations and textual sentences extracted from the commentaries
of a historical manuscript, and exploit the SemArt dataset [48] that is instead
composed of artwork images and textual comments. In this section, extensive
experiments are presented to validate the proposed solution and to visualize the
effect of the knowledge transfer between source and target datasets.

6.2.1 Semi-supervised cross-modal retrieval

In the following, we describe our strategy for cross-modal retrieval in the artistic
domain. Our model has a two-fold role: retrieving relevant images given textual
sentences as queries, and retrieve relevant sentences when given images as queries.
Parameters of the model are learned with the objective of maximizing recall at K –
i.e. the fraction of queries for which the most relevant item is ranked among the
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This painting shows a girl in a yellow 
dress holding a bouquet of flowers. It is a 
typical portrait of the artist showing the 

influence of his teacher, Agnolo Bronzino.

Two people on 
surfboards with a 
third in the water.

Target 
Domain
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Figure 6.6: Visual and textual data from the artistic domain are different from those
addressed by ordinary visual-semantic datasets, posing significant challenges in the
automatic understanding of arts and culture. Our approach can align illustrations
and textual elements by transferring the knowledge learned on standard datasets to
match images and captions coming from a target domain.

top K retrieved ones. As training data in the artistic domain is often scarce, we
build a proposal that does not need a paired training set in which the associations
between images and sentences are known in advance. Rather, our model transfers
the knowledge learned on a source annotated dataset to a target dataset in which
the pairing between the two modalities is unknown at training time.

In a nutshell, the paradigm of the common embedding space is exploited
to learn similarities between images and sentences. In addition to using global
feature vectors to encode data from both modalities, we also investigate the use of
auto-encoders to learn more compact representations of images and sentences. To
transfer knowledge to the artistic domain without leveraging annotated pairs, we
devise a distribution alignment strategy based on the Maximum Mean Discrepancy
measure, which aims at uncovering suitable cross-modal representation of cultural
heritage data without supervision.

Visual-semantic embeddings

Aligning works of arts and their corresponding textual descriptions requires the
ability to compare visual and textual data in this particular domain. Differently
from the approach described in the previous section, we adopt the strategy of
creating a shared multimodal embedding space, in which both textual and visual
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elements can be projected and compared using a similarity function.

Formally, we denote φ(I,wφ) ∈ RDφ as the feature representation computed
from an image I of the dataset (such as the representation coming from a CNN),
and ψ(T,wψ) ∈ RDψ as the representation of a textual element T , computed, for
example, using a text encoder on one-hot vectors, or as a function of pre-trained
word embeddings. Here, wφ and wψ indicate, respectively, the learnable weights
of the visual and textual encoders.

To project those representations into a common semantic space, we perform
a linear projection followed by a `2-normalization step, so that the resulting
embedding space lies on the `2 unit ball:

f(I,wf ,wφ) = `2,norm(wᵀ
i φ(I,wφ)) (6.8)

g(T,wg,wψ) = `2,norm(wᵀ
cψ(T,wψ)), (6.9)

where `2,norm is the `2 normalization function. Being D the dimensionality of the
joint embedding space, wf is a Dφ ×D matrix, and wg is a Dψ ×D matrix.

Visual and textual elements can be compared in the joint multimodal embed-
ding space by computing the cosine similarity (equivalent, in this case, to a dot
product) between their projections, so that the similarity between an image I and
a caption T becomes

s(I, T ) = f(I,wf ,wφ) · g(T,wg,wψ). (6.10)

Clearly, the utility of the joint embedding space is maximized when it exhibits
suitable cross-modality matching properties, i.e. when similarities in the embed-
ding space correspond to meaningful similarities in both modalities. In this case,
the embedding space acts as a bridge between the two modalities and makes it
possible to retrieve textual pieces describing a query image, and images described
by a query caption by identifying the closest neighbors in both modalities.

Given a dataset annotated with matching visual-semantic pairs, a good proxy of
this property is to verify that corresponding pairs are neighbours in the embedding
space. As a matter of fact, classical approaches have relied on the availability of
paired datasets, and have learned the joint embedding for a specific domain in a
completely supervised way, e.g. training the parameters of the model according
to a Hinge triplet ranking loss with margin, which imposes suitable similarities
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between matching and non-matching elements. Formally, it is defined as:

`(I, T ) =
∑
T̂

[
α− s(I, T ) + s(I, T̂ )

]
+
+

+
∑
Î

[
α− s(I, T ) + s(Î , T )

]
+

(6.11)

where [x]+ = max(0, x) and α is a margin. In the equation above, (I, T ) is
a matching image-text pair (i.e., such that T describes the content of I , and I
represents the content of T ), while T̂ is a negative text with respect to I (such
that T̂ does not describe I), and Î is a negative image with respect to T (such
that T does not describe Î). The terms contained in both sums require that the
difference in similarity between the matching and the non-matching pair is higher
than a margin α: in the first sum, this is done by considering an image anchor
and matching or non-matching captions; in the latter, instead, a caption is used as
anchor.

As reported by a recent work by [45] and as seen in the previous section, in a
completely supervised setting it is often beneficial to replace the sums in Eq. 6.11
with maximum operations, so to consider only the most violating non-matching
pair.

Auto-encoding images and sentences

In addition to the use of plain global feature vectors, we also investigate an
alternative projection strategy in which images and sentences are fed to an auto-
encoder to learn a more compact yet powerful representation of the input, which
can in turn be used as the input of the projection function defined in Eq. 6.8.

To this end, we design a textual auto-encoder which can convert variable-
length captions to fixed-length representations from which input sentences can
be reconstructed. In particular, our model exploits Gated Recurrent Networks
(GRUs) [29] for both encoding and decoding. Formally, given a sentence T =
(w1, w2, ..., wN ) with length N , we firstly encode it word by word through a
single-layer GRU and take the last hidden state of the Recurrent layer as the
encoding of the sentence. Given the recurrent relation defined by the GRU cell
and the t-h word, i.e.

ht = GRUe(wt,ht−1), (6.12)

the encoding of the input sentence is defined as:

hN = GRUe(wN ,hN−1). (6.13)
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In the decoding stage, the input sentence is reconstructed by feeding hN to
a second GRU layer which is in charge of generating the reconstructed sentence.
During training, at the t-th iteration the Recurrent layer is fed with hN and the
previous ground-truth words, and it is trained to predict the t-h word. Formally,
the training objective is thus:

max
w

T∑
t=1

log Pr(wt|wt−1, wt−2, ..., w1,hN ). (6.14)

The probability of a word is modeled via a softmax layer applied to the output
of the decoder. To reduce the dimensionality of the decoder, a linear embedding
transformation is used to project one-hot word vectors into the input space of the
decoder and, vice-versa, to project the output of the decoder to the dictionary
space.

Given the auto-encoder for the textual part, we build an encoder-decoder
model that can take an image feature vector as input and reconstruct it starting
from an intermediate and more compact representation. In practice, the encoder
model is composed of a single fully connected layer. We indeed notice that a
single layer leads to have a fairly informative representation of the image feature
vector. Formally, we define the output of the encoder model z (i.e. the intermediate
representation of the input image) as

z = tanh(Weφ(I) + be), (6.15)

where We and be are, respectively, the weight matrix and the bias vector of
the encoder. Notice that the output of the encoder layer is fed through a tanh
non-linearity activation function.

The decoder model has a symmetric structure. Therefore, starting from the
intermediate vector z, the decoder applies a single fully connected layer that trans-
forms z to the size of the input image feature vector. Formally, the reconstructed
image feature vector φ̂(I) is defined as

φ̂(I) = Wdzi + bd, (6.16)

where Wd and bd are the weight matrix and the bias vector of the decoder. Overall,
the image auto-encoder is trained to minimize the reconstruction error for each
input image. We define the decoder loss function as the mean square error between
the original image feature vector φ(I) and the corresponding reconstruction φ̂(I).
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Aligning distributions

While the knowledge of matching and non-matching pairs on a source dataset
can be exploited to train the embedding space, the two reconstruction losses
can be applied to both the source and the target dataset, thus building encoded
representations which are suitable for both datasets. However, this is not enough
to transfer knowledge from the source domain to the target domain, as there is
no guarantee that encoded words and sentences from the target dataset will lie
together in the embedding space.

To this end, we match the distributions of textual and visual data in the target
domain, while learning from pairs sampled from the source domain. Following
recent works in the field [78, 189, 219], we use the Maximum Mean Discrepancy
(MMD) to compare distributions. This, basically, computes the distance between
the expectations of the two distributions in a reproducing kernel Hilbert spaceHκ
endowed with a kernel κ, and can be used as an additional loss term:

Lmmd = ‖EI∼I [f(I)]− ET∼T [g(T )] ‖2Hκ , (6.17)

where I is the distribution of the illustrations, and T is the distribution of cap-
tions. The kernel in the MMD criterion must be a universal kernel, and thus we
empirically choose a Gaussian kernel:

κ(x,y) = exp
(
−σ‖x− y‖2

)
. (6.18)

At training time, we sample two mini-batches of samples, one from the super-
vised set and a second one from the unsupervised dataset. The back-propagated
loss is then the sum of the supervised loss (Eq. 6.11) on the supervised set, plus
the MMD loss Lmmd approximated over the batch from the unsupervised set.
Additionally, the two loss terms of the auto-encoders are evaluated over both the
supervised and the unsupervised batches.

6.2.2 The BibleVSA dataset
In the experimental section, we evaluate the semi-supervised visual-semantic
alignment strategy previously described in the context of historical manuscripts.
Specifically, we consider the problem of understanding if a commentary of a digital
artistic document has some parts referring to specific illustrations. In this context,
we propose a new visual-semantic alignment dataset starting from the digitized
version of the Borso d’Este Holy Bible, one of the most significant illustrated
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Ornate filigree on the four edges
and, in the columnium, a pole
made of flowers and racemes. At
the center of the outer edge,
round with a dog; in the lower
margin, on the sides, two roundels
with hawks fighting with two
herons and, in the center, two
unicorns that plunge the horn into
the water of a river enclosed by a
fence. In the second column, at the
beginning of the prologue of St.
Jerome, within the initial S, leaf on
an external field in gold foil, St.
Jerome sitting with the lion beside
him is intent on writing.

Figure 6.7: A sample page from the Borso d’Este Holy Bible with the correspond-
ing commentary and detected illustrations.

manuscripts of Renaissance. The dataset, which we name BibleVSA, provides the
alignments between miniature illustrations and parts of text in the commentary,
and can be used both to evaluate visual semantic embeddings, and to evaluate the
alignment task.

The entire manuscript of the Borso d’Este Holy Bible consists of 320 high
resolution digitized images (3, 894× 2, 792), for a total of 640 pages. To extract
illustrations from each page, we employ the technique proposed in [55], which
has been specifically tested on the same manuscript. Results have then been
manually refined in order to have a highly accurate segmentation. In a nutshell,
the method of [55] begins by removing textual regions from the input image, then
a block-based analysis is performed on the remaining regions. Sliding a square
block over the image, they extract RGB and HSV color histograms and a Gradient
Spatial Dependency Matrix as texture descriptor. Those blocks are then classified
by a linear SVM as being either illustrations or decorations.

Having a reliable annotation of the bounding box of each illustration, we then
exploit an Italian commentary of the Borso d’Este Holy Bible. For each page, the
commentary provides a set of paragraphs describing the visual content of each of
the illustrations, the decorations of the page, and of the textual content itself. We
must firstly notice that, on the one hand, the commentary provides descriptions of
the Bible on a per-page basis, and it is therefore well suited as a weakly-supervised
form of annotation. On the other hand, the commentary contains information
which are unrelated to the task at hand, so the task of aligning each illustration
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Vignette depicting Solomon
receiving homage from the
princes.

A round with a peacock in
a fenced area.

Joseph dropped by the
brothers in the well.

Figure 6.8: Samples illustration-caption pairs extracted from the commentaries of
the Borso d’Este Holy Bible.

with the commentary is more than just a partitioning of the text.
As an example, Fig. 6.7 reports the digitized version of one page, with its

corresponding commentary and detected illustrations. The alignment is visualized
by using the same color code for bounding boxes and textual strings. It can
be noticed that the part of the text referring to illustrations is just a portion of
the paragraph, while the remaining parts describe either the decorations (ornate
filigree on the four edges) or the textual content (at the beginning of the prologue
of St. Jerome, within the initial S). Also, descriptions jointly refer to the external
frame and the content of the miniature, and often include names of people, saints
and lineages.

We build a manual annotation of the alignments between each illustration and
the commentary. Here we again employ a semi-automatic procedure: the original
commentary is first automatically translated into English by using an off-the-shelf
translator, and it is then manually checked. Each annotator is then asked to align
each illustration with a piece of the commentary. The overall task is assisted by
the fact that the commentary reports the position of each illustration inside the
page (e.g., at the center of the outer edge in Fig. 6.7); these parts are then removed
from the final alignment, as they do not describe the content of the illustration.

The annotation process results in (a) a natural language caption of each illus-
tration, which can be used for training visual-semantic embeddings, or caption
generation architectures; and (b) the knowledge of which part of the commentary
describes an illustration, which can be exploited for evaluating the alignment task.
Fig. 6.8 reports three sample miniature-description pairs from the dataset. As
the reader can witness, the gap between the visual and the textual elements is
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significantly higher than in usual visual-semantic datasets, both for the complexity
of the illustrations, and for the high-level semantics of the captions.

Overall, the datasets consists of 2,282 annotated illustrations. Considering
its twofold application (for training visual-semantic embeddings and for solving
the alignment task inside a single page), we build train, validation and test splits.
Firstly, all the illustrations found in pages with a single miniature are placed in the
training set, to avoid trivial validation and testing cases in the alignment scenario,
and enriching the training set with useful samples for training embeddings. Then,
we split the remaining pages placing them in the three sets according to a 60-20-20
ratio. This results in 1,671 training, 293 validation and 307 test image-caption
pairs.

6.2.3 Experimental settings
Datasets

We perform experiments on two different visual-semantic datasets containing
artistic images and corresponding textual descriptions: BibleVSA, described in
Sec. 6.2.2, and SemArt [48]. This dataset is composed of 21, 384 paintings extrac-
ted from the Web Gallery of Art, which contains European fine-art reproductions
between the 8th and the 19th century. Each image is associated to an artistic
comment and to a set of 7 different attributes comprising the title, the author, and
the type of the painting. Overall, the dataset is divided in training, validation
and test split with 19, 244, 1, 069 and 1, 069 elements, respectively. The average
length of each artistic comment is more than 80, with a maximum number of
words equal to 830. This highlights the difference between SemArt and ordinary
visual-semantic datasets (i.e. COCO has an average caption length lower than 11)
and accentuates the challenges of this set of data. To first validate our solution
in a less complex scenario, we limit the validation and test set to 300 randomly
selected image-text pairs. Then, we evaluate our model using a different number
of retrievable items.

As source domains, we use Flickr30k and COCO which are composed of
natural images and are commonly used to train cross-modal retrieval methods. For
these two datasets, we use the splits provided by [90].

Implementation details

To encode input images, we use two different convolutional networks: the VGG-
19 [168] and ResNet-152 [64]. We extract image features from the fc7 layer of the
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VGG-19 and from the average pooling layer of the ResNet-152 thus obtaining an
input image embedding dimensionality Dφ of 4096 and 2048, respectively.

For encoding image descriptions, we use a GRU network [29]. We set the
dimensionality of the GRU and of the joint embedding space D to 512, while the
input size of word embeddings Dψ is set to 300. We use either a text encoder on
one-hot vectors or different pre-trained word embeddings (such as GloVe [147]
and FastText [13]) as input of the GRU.

The model with textual and visual auto-encoders is trained using the same
input and output sizes. For the training with pre-trained word embeddings, instead
of using the loss function defined in Eq. 6.14, we compute the cosine distance
between original and reconstructed embeddings of each word.

All experiments are performed by using Adam optimizer [93] with a learning
rate of 0.0002 for 15 epochs and then decreased by a factor of 10. We set the
margin α to 0.2, the σ parameter of the Gaussian kernel to 1 and the size of the
mini-batch to 128.

6.2.4 Analysis of artistic visual-semantic data
To get an insight of characteristics of the BibleVSA and SemArt datasets, we
analyze the distribution of image and textual features respectively obtained from
CNNs and sentence embeddings and compare them with those extracted from
classical visual-semantic datasets.

For the visual part, we extract the activation from the VGG-19 and ResNet-152
networks, while, for textual elements, we embed each word of a caption with a
word embedding strategy (either GloVe or FastText). To get a feature vector for
a sentence, we sum the `2 normalized embeddings of the words, and we apply
the `2-norm also to the results. This strategy is largely used in image and video
retrieval literature and is known for preserving the information of the original
vectors into a compact representation with fixed dimensionality [185] .

Fig. 6.9 shows the distributions of visual and textual features of both data-
sets. To get a suitable two-dimensional representation, we run the t-SNE al-
gorithm [126], which iteratively finds a non-linear projection that preserves the
statistical distribution of the pairwise distances from the original space. As it can
be observed, the features of ordinary visual-semantic datasets share almost the
same visual and textual distributions. BibleVSA and SemArt, on the contrary,
feature a completely different distribution, according to both modalities and all
feature extractors. This underlines, on the one hand, that artistic datasets define
a completely new domain. On the other hand, instead, this motivates the low
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Figure 6.9: Comparison between the visual and textual features of ordinary visual-
semantic datasets (Flickr30k, COCO) and those of BibleVSA and SemArt dataset.
Visualization is obtained by running the t-SNE algorithm on top of the features.
Best seen in color.

performance of existing models when tested on these datasets.

6.2.5 Cross-modal retrieval results
Firstly, we assess the performance of our full model when using different CNN
features or different word embeddings, to get an insight of the role of different
global feature vectors. To evaluate the effectiveness of the visual-semantic embed-
dings, we report rank-based performance metrics R@K (K = 1, 5, 10) for image
and caption retrieval. In Table 6.8, we show the performance of the proposed
approach on the test sets of BibleVSA and SemArt when using image features
extracted, respectively, from VGG-19 and ResNet-152. Table 6.9 compares the
use of FastText and GloVe embeddings versus a learned word embedding matrix.
In this case, the results on SemArt test set are obtained by using 300 randomly
selected retrievable items.

We limit this analysis to a single source dataset (i.e. COCO), as we have
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Method CNN Feat. Text Retrieval Image Retrieval

R@1 R@5 R@10 R@1 R@5 R@10

COCO→ BibleVSA

SS-VSE VGG-19 13.1 29.5 36.1 3.9 16.7 27.5
SS-VSE ResNet-152 9.8 31.1 50.8 6.2 22.3 30.8

SS-VSE-AE VGG-19 9.8 27.9 34.4 3.6 15.7 25.9
SS-VSE-AE ResNet-152 6.6 23.0 36.1 3.6 19.7 29.8

COCO→ SemArt

SS-VSE VGG-19 3.7 11.7 19.0 2.3 10.0 19.3
SS-VSE ResNet-152 6.7 19.3 27.0 5.0 17.3 29.3

SS-VSE-AE VGG-19 5.0 14.3 22.7 1.7 9.0 15.3
SS-VSE-AE ResNet-152 4.7 12.7 21.0 3.7 11.0 18.0

Table 6.8: Semi-supervised cross-modal retrieval results using different visual
features. Results are reported on BibleVSA and SemArt test set.

observed similar behaviours on Flickr30k. The two variants of our approach
are denoted as SS-VSE and SS-VSE-AE, where the first refers to the model
with global feature vectors and linear projection, and the latter refers to the
model with the visual and textual auto-encoder. As it can be observed, the global
descriptor extracted from ResNet-152 outperforms the one extracted from VGG-
19 in almost all settings. Noticeably, learned word embeddings outperform pre-
trained solutions. We speculate that this performance drop is due to the the highly
specialized nature of the target datasets. In this regards, word embeddings seem to
offer a poor initialization point with respect to a from-scratch learning of the word
embedding matrix.

Another interesting consideration is that the use of hard negatives in the triples
loss function is typically beneficial in a supervised setting [45]. Instead, in our
semi-supervised setting, we do not report the same advantages in improving the
alignment of the target domain.

6.2.6 Evaluation of semi-supervised embeddings
In Tables 6.10 and 6.11, we compare the performances of the two proposed semi-
supervised approaches (SS-VSE and SS-VSE-AE) on BibleVSA and SemArt
test set with respect to the two models trained without the distribution alignment
(VSE and VSE-AE). For these experiments, we use global feature vectors extracted
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Method Word Emb. Text Retrieval Image Retrieval

R@1 R@5 R@10 R@1 R@5 R@10

COCO→ BibleVSA

SS-VSE FastText 8.2 19.7 34.4 2.6 16.7 26.6
SS-VSE GloVe 6.6 23.0 39.3 3.6 16.7 27.2
SS-VSE - 9.8 31.1 50.8 6.2 22.3 30.8

SS-VSE-AE FastText 6.6 27.9 34.4 3.3 14.4 25.2
SS-VSE-AE GloVe 4.9 19.7 41.0 3.9 13.8 27.5
SS-VSE-AE - 6.6 23.0 36.1 3.6 19.7 29.8

COCO→ SemArt

SS-VSE FastText 1.7 5.0 7.7 0.7 2.3 7.3
SS-VSE GloVe 3.3 11.3 16.0 2.0 11.0 17.7
SS-VSE - 6.7 19.3 27.0 5.0 17.3 29.3

SS-VSE-AE FastText 3.7 10.0 17.0 3.0 9.3 11.7
SS-VSE-AE GloVe 2.7 12.0 17.0 1.7 7.0 12.3
SS-VSE-AE - 4.7 12.7 21.0 3.7 11.0 18.0

Table 6.9: Semi-supervised cross-modal retrieval results using different word
embeddings. Results are reported on BibleVSA and SemArt test set.

from ResNet-152 and learned word embeddings. Given the significant size of
SemArt dataset, we report retrieval results when using different sets of database
items (i.e. 100, 300, 500, 1000). We notice that, when using a medium-scale
source dataset like Flickr30k, the use of the auto-encoder is competitive with the
use of a linear projection of the global feature vector. Instead, when transferring
from a large-scale dataset like COCO, the reconstruction term is not needed and
the reduced size of the representation degrades the performance. In all settings, the
MMD loss gives a significant contribution to the final performance thus confirming
the effectiveness of our distribution alignment strategy.

To get a better understanding of the role of the MMD loss, we also show the
learned multimodal embedding space by using t-SNE visualizations. Figure 6.10
shows the embedding spaces when transferring from COCO to SemArt, with
and without the MMD loss. As it can be noticed, without the MMD loss the
distribution of textual and visual elements on the target domain remains almost
separate, as the learning signal from the source domain is not general enough on
the target domain. On the contrary, when applying the MMD loss the distribution
of the learned image embeddings matches that of the textual counterpart on the
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Method Text Retrieval Image Retrieval

R@1 R@5 R@10 R@1 R@5 R@10

Flickr30k→ BibleVSA

VSE 3.3 8.2 16.4 1.6 12.1 19.7
SS-VSE 9.8 23.0 39.3 4.6 16.1 26.6

VSE-AE 1.6 4.9 13.1 3.0 9.8 17.0
SS-VSE-AE 3.3 23.0 29.5 3.3 13.1 23.0

COCO→ BibleVSA

VSE 1.6 9.8 16.4 2.6 10.5 20.0
SS-VSE 9.8 31.1 50.8 6.2 22.3 30.8

VSE-AE 3.3 6.6 14.8 1.6 9.8 19.7
SS-VSE-AE 6.6 23.0 36.1 3.6 19.7 29.8

Table 6.10: Semi-supervised retrieval results on BibleVSA test set.

target domain, thus confirming the effectiveness of the proposed semi-supervised
strategy. Noticeably, the distributions of the source and target domain still remain
separate in the embedding space, thus underlying the diverse nature of the two
sets.

Finally, Fig. 6.11 reports sample qualitative results on BibleVSA and SemArt
dataset. As it can be noticed, our method can retrieve significant elements without
employing any paired supervision from the artistic dataset.
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Method
N = 100 N = 300

Text Retrieval Image Retrieval Text Retrieval Image Retrieval
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

Flickr30k→ SemArt

VSE 2.0 10.0 14.0 3.0 11.0 17.0 1.7 5.7 8.7 1.0 5.3 7.3
SS-VSE 7.0 23.0 40.0 10.0 23.0 37.0 5.0 15.3 22.0 3.7 13.3 17.7

VSE-AE 3.0 9.0 15.0 5.0 12.0 19.0 2.3 6.0 7.3 0.7 6.0 9.0
SS-VSE-AE 6.0 28.0 42.0 6.0 18.0 30.0 4.0 12.7 20.0 2.3 10.0 16.3

COCO→ SemArt

VSE 5.0 13.0 21.0 3.0 8.0 19.0 1.7 8.7 15.3 1.0 8.0 12.3
SS-VSE 16.0 34.0 52.0 12.0 32.0 48.0 6.7 19.3 27.0 5.0 17.3 29.3

VSE-AE 6.0 15.0 20.0 3.0 11.0 22.0 3.0 7.3 11.7 0.3 3.7 6.7
SS-VSE-AE 7.0 24.0 39.0 6.0 17.0 26.0 4.7 12.7 21.0 3.7 11.0 18.0

Method
N = 500 N = 1000

Text Retrieval Image Retrieval Text Retrieval Image Retrieval
R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

Flickr30k→ SemArt

VSE 0.8 2.6 6.0 0.4 3.6 5.6 0.5 1.6 2.8 0.1 1.2 2.8
SS-VSE 3.6 9.6 14.6 1.8 7.6 12.0 1.5 6.2 10.0 1.2 3.5 7.4

VSE-AE 1.2 4.2 6.4 0.8 3.0 5.4 0.5 2.2 4.1 0.5 1.6 3.1
SS-VSE-AE 1.8 9.2 14.8 1.6 6.0 11.4 1.0 5.6 9.4 0.6 3.4 6.8

VSE-AE 3.0 9.0 15.0 5.0 12.0 19.0 2.3 6.0 7.3 0.7 6.0 9.0
SS-VSE-AE 6.0 28.0 42.0 6.0 18.0 30.0 4.0 12.7 20.0 2.3 10.0 16.3

VSE 1.2 3.6 6.4 1.6 3.4 6.0 1.0 2.7 3.6 0.5 2.3 3.6
SS-VSE 3.8 12.2 19.8 3.4 11.6 19.4 2.7 8.9 14.0 2.3 6.9 12.9

VSE-AE 1.6 4.0 6.2 1.2 2.8 4.0 0.8 2.6 4.0 0.8 1.6 2.3
SS-VSE-AE 2.0 10.0 15.8 2.2 5.0 10.8 0.9 6.1 10.0 1.0 3.8 5.8

Table 6.11: Semi-supervised cross-modal retrieval results on SemArt test set using
a different number N of retrievable items.
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(a) VSE (COCO→ SemArt)
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SemArt Txt

(b) SS-VSE (COCO→ SemArt)

COCO Img
COCO Txt
SemArt Img
SemArt Txt

(c) VSE-AE (COCO→ SemArt)

COCO Img
COCO Txt
SemArt Img
SemArt Txt

(d) SS-VSE-AE (COCO→ SemArt)

Figure 6.10: Comparison between t-SNE projections of the embedding spaces
learned with (b-d) and without (a-c) the MMD loss. Best seen in color.

This three quarter length
portrait of Midshipman (later
Captain) John Windham Dalling
RN (1789-1853) memorialises
his presence on HMS Defence at
the Battle of Trafalgar (...).

A round depicting a dog hunting
a heron.

Query Image Top-1 Retrieved Caption Query Image Top-1 Retrieved Caption

A round, within a quadrangular
frame of a laurel wreath, with
Moses kneeling listening to the
word of God appearing in the
sky.

A fantastic figure with a leopard
body and human head holds a
spear and a shield.

Query Image Top-1 Retrieved Caption

This painting depicts a still-life
of flowers in a vase, with fruit
on a ledge behind.

This painting shows the
Madonna and Child in a
landscape with the Infant Saint
John the Baptist. It betrays the
influence of (…).

Top-1 Retrieved 
Image

A quadrangular vignette with
Moses and Aaron, kneeling in a
landscape, they listen to the
word of God appearing in the
form of a radiated cloud.

Query Caption

A landscape with the leopard
with tail and dragon wings.

Quadrangular vignette with
Moses preaching to the people
gathered around him.

Query Caption Query Caption
Top-1 Retrieved 

Image
Top-1 Retrieved 

Image

This study of a bearded man,
head and shoulders, was
probably made with the
intention to use it in some
multi-figural composition.

In this genre scene three men
are depicted relaxing in a
sparse interior as one plays his
violin and the others jovially
hold a pipe and vessels for
drinking (…).

This still-life depicts Bohemian
crystals, cups, and a watch.

Figure 6.11: Qualitative image-to-text (upper) and text-to-image (lower) results
on BibleVSA (first and third rows) and SemArt (second and fourth rows) dataset.



Chapter 7

Conclusions

The goal of the research activities I carried out during my Ph.D. period was to
develop new deep learning architectures that are able to replicate the human ability
of automatically describing in natural language a given visual stimuli, mainly
focusing on the salient objects present in the scene. This goal has been tackled by
following two main research directions which motivate all the works presented in
the previous chapters.

The first one is that of identifying which regions of an image attract human
gazes at the first glance. This task, called saliency prediction, has been addressed
by introducing two different models based on deep neural networks which have
been demonstrated to effectively replicate human eye fixations.

The second research direction is instead that of creating a bridge between vision
and language which has motivated a big part of my studies and the majority of the
recent works I did. In this regard, we have first tackled the problem by exploiting
saliency information to generate a textual sentence that describes a given image.
This has also motivated the importance of automatically estimating the human
focus of attention (i.e. the saliency of an image) for a wide variety of computer
vision tasks, just like image captioning. Then, we have addressed the captioning
task by using either fully-attentive models or more complex architectures that
enable the controllability of a captioning framework from the exterior. In the
last part of the thesis, we have instead focused on cross-modal retrieval, which is
another important task that effectively combines vision and language.

In the following, we summarize the contributions made by this thesis and draw
the final conclusions on the results achieved so far.
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Saliency prediction

Motivated by the importance of automatically estimating the human focus of
attention on images, we introduced two different saliency prediction models based
on deep neural networks. The first model combines medium and high level
features extracted from a CNN to effectively predict the salient regions of an
image. While this model is based on feed-forward networks, the second network
leverages on recurrent architectures. In particular, the main novelty of our second
proposal is an Attentive Convolutional LSTM specifically designed to sequentially
enhance saliency predictions. The same idea could potentially be employed in
other tasks in which an image refinement is profitable. Furthermore, we captured
an important property of human gazes by introducing in both networks a learned
prior component that takes into account the center bias present in human eye
fixations. The effectiveness of each component of both models has been validated
through extensive evaluation on different saliency benchmarks. In particular, we
showed that our second solution based on attentive mechanisms achieves state-of-
the-art results and overcomes several other saliency methods by a big margin in
different experimental settings.

Image captioning

Bringing together vision and language by creating deep learning architectures
capable of automatically describing images in natural language is one of the
core challenges in computer vision and artificial intelligence. In this context, we
addressed the image captioning task from two different perspectives.

Firstly, we claimed that saliency information could be useful to condition
an image captioning architecture, by providing an indication of what is salient
and what is not. To this end, we proposed a novel image captioning architecture
which extends the machine attention paradigm by creating two attentive paths
conditioned on the output of a saliency prediction model. The first one is focused
on salient regions, and the second on contextual regions: the overall model exploits
the two paths during the generation of the caption, by giving more importance
to salient or contextual regions as needed. The role of saliency with respect to
context has been investigated by collecting statistics on semantic segmentation
datasets, while the captioning model has been evaluated on large scale captioning
datasets, using standard automatic metrics and by evaluating the diversity and the
dictionary size of the generated corpora. Although in this work our focus has been
that of demonstrating the effectiveness of saliency on captioning, rather than that
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of beating captioning approaches which rely on different cues, we point out that
our method can be easily incorporated also in more complex architectures.

Secondly, inspired by the use of fully-attentive mechanisms in sequence mod-
eling tasks, we presented one of the first Transformer-based architectures for
image captioning. In particular, our model encapsulates a multi-layer encoder
for image regions and a multi-layer decoder which generates the output sentence.
To exploit both low-level and high-level contributions, encoding and decoding
layers are connected in a mesh-like structure, weighted through a learnable gat-
ing mechanism. Noticeably, this connectivity pattern is unprecedented for other
fully-attentive architectures. In our visual encoder, relationships between image
regions are encoded in a multi-level fashion exploiting learned a priori knowledge,
which is modeled via persistent memory vectors. We showed that our solution
surpasses all previous proposals for image captioning, achieving a new state of the
art on the online COCO evaluation server and ranking first among all other pub-
lished methods. As a complementary contribution, we conducted experiments to
compare different fully-attentive architectures on image captioning and validated
the performance of our model when describing novel objects which are not in the
training set.

Controllable captioning

Despite standard image captioning models have demonstrated a huge improvement
in the last few years, these architectures still lack controllability thus limiting their
application to complex scenarios. To address these issues, we presented a novel
framework for image captioning which is controllable from the exterior, and which
can produce natural language captions explicitly grounded on a sequence or a set
of image regions. The approach explicitly considers the hierarchical structure of
a sentence by predicting a sequence of noun chunks. Also, it takes into account
the distinction between visual and textual words, thus providing an additional
grounding at the word level. We evaluated the model with respect to a set of
carefully designed baselines, on Flickr30k Entities and on COCO, which we semi-
automatically augmented with grounding image regions for training and evaluation
purposes. Our proposed method achieves state-of-the-art results for controllable
image captioning on Flick30k and COCO both in terms of diversity and caption
quality, even when compared with methods which focus on diversity.

On a different note, we also explored the possibility of controlling caption
generation through people identity. In particular, we found that another ability
which is still missing in modern captioning architectures is that of naming people
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appearing in the scene with their proper names. This can be achieved in the
context of videos in which large movie description datasets are available with
textual sentences annotated with character names. In this setting, we introduced
a novel dataset specifically designed for supporting the development of video
captioning architectures with naming capabilities. The dataset consists of visual
face tracks and their association with characters’ textual mentions, thus explicitly
linking characters’ visual appearances with their names in the textual sentences.
Moreover, we presented a multimodal architecture that addresses the task of
replacing generic “someone” tags with proper character names in previously
generated captions. The model combines advanced natural language processing
tools and state-of-the-art deep neural models for action and face recognition.
Experimental results demonstrated, through extensive analyses on the proposed
dataset, the effectiveness of the devised solutions and highlighted the challenges
of the considered task.

Cross-modal retrieval

While image captioning models combine vision and language in a generative way,
cross-modal retrieval architectures build common representations to integrate the
two domains and retrieve textual elements given visual queries, and vice versa.
In this context, we addressed the problem either by using supervised solutions
or semi-supervised approaches exploiting the knowledge learned on large-scale
dataset to retrieve items on a different domain.

Regarding the supervised setting, we presented a novel architecture that builds
upon recent advances in representation learning and natural language processing
and deals with text-image retrieval by casting it as a translation problem between
the visual and the textual domain, further regularizing it with a cycle-consistency
constraint. Experiments carried out on different datasets, demonstrated the effect-
iveness of our method, showing significant improvements, especially in the case
of small and medium-sized datasets.

On a different setting, we tackled the task of building visual-semantic retrieval
approaches for the cultural heritage and digital humanities domain. To this aim, we
proposed a semi-supervised approach which does not rely on labelled data on the
artistic domain and translates the knowledge learned on ordinary visual-semantic
datasets to the more challenging case of artistic data. After introducing a novel
dataset for the task composed of illustrations and textual commentaries coming
from historical manuscripts, we validated the proposed strategy through extensive
experiments and analyses.
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Future works and open problems

Several research efforts can be done to further improve the results presented in this
thesis, both in terms of employed techniques and novel architectures. In particular,
the majority of the works presented in the previous chapters combine vision and
language by using recurrent neural networks. However, as seen in Sec. 4.2, the
use of fully-attentive mechanisms has recently increased the effectiveness and
the performance of almost all vision and language methods, ranging from image
captioning to visual question answering and cross-modal retrieval. Following
this research path, some of the previously presented methods can be rethought
and redesigned by using Transformer-based solutions as a starting point to better
combine visual and textual features. As an example, we are currently working
on the extension of the work presented in Sec. 5.1 on controllable captioning
in which the recurrent neural network of the language model is replaced by a
Transformer-based architecture.

On a related line, one of the lacks of current captioning models is the ability to
mention objects which are not included in the training set. Despite some recent
advancements in the field, the performances of these automatic models are still far
from that of humans, thus making it difficult to apply captioning in challenging
and complex scenarios. This setting, which is also called novel object captioning,
is one of the open challenges for vision-and-language applications and needs to be
widely explored by future researches in this field.

Publications and achievements

The efforts presented in this thesis have resulted in publications in international
conferences and journals. Among all the others, the work on grounded and
controllable captioning, presented in Sec. 5.1, has been accepted at the IEEE/CVF
Conference on Computer Vision and Pattern Recognition 2019. Also, the research
activities on fully-attentive models for image captioning, like the work on theM2

Transformer reported in Sec. 4.2, have been accepted at the IEEE/CVF Conference
on Computer Vision and Pattern Recognition 2020 and the IEEE International
Conference on Robotics and Automation 2020.

The works on saliency prediction, as well, have resulted in several publications
which have been widely appreciated by the community. In particular, the work on
the Multi-Level Network, presented in Sec. 3.1, is currently the most cited paper
of the International Conference on Pattern Recognition 2016, while the Saliency
Attentive Model, described in Sec. 3.2, has won the LSUN Saliency Prediction
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Challenge 2017 and has resulted in a journal paper on IEEE Transactions on
Image Processing. Some of the other presented results, instead, are currently under
revision in major conferences or journals.

As complementary result of this thesis, I have developed together with other
colleagues from my lab a PyTorch library, called Speaksee1, specifically designed
for visual-semantic tasks. It contains utility functions and re-implementations
of state-of-the-art models for different tasks that combine vision and language,
such as image captioning, cross-modal retrieval, and visual-question answering.
It is worth noting that almost all our recent works that integrate visual-semantic
techniques are based on this library.

1https://github.com/aimagelab/speaksee
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Appendix A

Other research activities

In the following pages, I briefly report other research activities I carried out during
my Ph.D. period that did not fall under the line of this thesis and were therefore
not discussed in the previous chapters. Many of these works have been done in
collaboration with other Ph.D. students and researchers from my lab, whom I
must thank for their cooperation and for the work we did together. The three main
topics that fall under this category are:

• image-to-image translation (Sec. A.1);

• face retrieval (Sec. A.2);

• vision-and-language navigation (Sec. A.3).
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A.1 Image-to-image translation
Our society has inherited a huge legacy of cultural artifacts from past generations:
buildings, monuments, books, and exceptional works of art. While this heritage
would benefit from algorithms which can automatically understand its content,
computer vision techniques have been rarely adapted to work in this domain.

One of the reasons is that applying state-of-the-art techniques to artworks is
rather difficult, and often brings poor performance. This can be motivated by the
fact that the visual appearance of artworks is different from that of photo-realistic
images, due to the presence of brush strokes, the creativity of the artist and the
specific artistic style at hand. As current vision pipelines exploit large datasets
consisting of natural images, learned models are largely biased towards them.
The result is a gap between high-level convolutional features of the two domains,
which leads to a decrease in performance in the target tasks, such as classification,
detection or segmentation.

We present a solution to the aforementioned problem that avoids the need for
re-training neural architectures on large-scale datasets containing artistic images.
In particular, we propose an architecture which can reduce the shift between
the feature distributions from the two domains, by translating artworks to photo-
realistic images which preserve the original content. As paired training data is
not available for this task, we revert to an unpaired image-to-image translation
setting [241], in which images can be translated between different domains while
preserving some underlying characteristics. In our art-to-real scenario, the first
domain is that of paintings while the second one is that of natural images. The
shared characteristic is that they are two different visualizations of the same class
of objects, for example, they both represent landscapes.

In the translation architecture that we propose, new photo-realistic images
are obtained by retrieving and learning from existing details of natural images
and exploiting a weakly-supervised semantic understanding of the artwork. To
this aim, a number of memory banks of realistic patches is built from the set of
photos, each containing patches from a single semantic class in a memory-efficient
representation. By comparing generated and real images at the patch level, in a
multi-scale manner, we can then drive the training of a generator network which
learns to generate photo-realistic details, while preserving the semantics of the
original painting. As performing a semantic understanding of the painting would
create a chicken-egg problem, in which unreliable data is used to drive the training

This section is related to publications [15, 19, 20] reported in Appendix B, by the author of the
thesis. See Appendix B for details.
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Original Painting Ours Cycle-GAN [241] UNIT [117] DRIT [108]

Figure A.1: Qualitative results on landscape paintings and portraits.

and the generation, we propose a strategy to update the semantic masks during
training, leveraging the partial convergence of a cycle-consistent framework.

We apply our model to a wide range of artworks which include paintings
from different artists and styles, landscapes and portraits. Through experimental
evaluation, we show that our architecture can improve the realism of translated
images when compared to state-of-the-art unpaired translation techniques. Fig. A.1
shows some qualitative results of our approach, compared to those from other
methods. Overall, we observe increased realism in our generated images, due
to more detailed elements and fewer blurred areas, especially in the landscape
results. Portrait samples reveal that brush strokes disappear completely, leading to
a photo-realistic visualization. Our results contain fewer artifacts and are more
faithful to the paintings, more often preserving the original facial expression.
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A.2 Face retrieval
Even though there isn’t an artwork depicting yourself, there are probably some
which contains faces that look just like you [32]. Inspired by this consideration, we
present an interactive framework which can retrieve similar faces from a database
of paintings, given a query photo from a visitor. Once the visitor has arrived
to the museum, we imagine a situation where he can enter a photo boot, take a
photo of himself, and get back the name and the location of the painting where his
doppelgänger lies.

The problem is that of finding faces that look similar between the real domain
(that of the visitor) and the artistic one (that of paintings). As images from these
two domains can look very different in terms of low-level statistics, the task
demands for a domain adaptation stage, in which different features coming from
the two domains can be merged together. Additionally, there is no supervision
for the task, as no dataset contains photo of real people annotated with the most
similar paintings in a given collection.

To tackle these issues, we firstly define a deep learning-based domain trans-
lation strategy, which let us recover artistic proxies of real faces, so to generate
synthetic artworks while still exploiting potentially useful annotations coming
from real datasets. Secondly, we employ the supervision given by datasets for
tasks which are similar to the one we are addressing. We concentrate on face re-

✓ Male
✓ Beard
✓ Mustache

✓ Female
✓ Brown Hair
✓ Pale Skin

✓ Female
✓ Brown Hair
✓ Wearing Hat

✓ Male
✓ Beard
✓ Mustache
✓ Eyeglasses
✓ Wearing Hat

User

✓ Attribute 1
✓ Attribute 2
✓ …

Face Embedding Space

Attribute Embedding Space

real faces

artistic faces

Relevance
Feedback

Weighted
Retrieval

Top-3 Retrieved Elements Query

Figure A.2: Overview of our approach: given a real face as query, we retrieve
similar faces from paintings, jointly taking into account the aesthetic similarity
and the matching between semantic attributes. The user can further refine the
retrieved set by providing feedbacks and imposing constraints on attributes.
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Query Top-1 Earrings Eyeglasses Query Top-1 Beard Hat

Query Top-1 Mustache Smiling Query Top-1 Earrings Hat

Query Top-1 Beard Big Nose Query Top-1 Eyeglasses Smiling

Figure A.3: Top-1 retrieved results from WikiArt with attribute constraints.

cognition (i.e. recognizing images of the same person) and face attribute detection
(i.e. recognizing whether a face contains a given set of attributes). While both
these tasks are different from the one we are considering, their supervision is still
useful to learn on our task.

Finally, we also let the user interact with the application. By a first mean, the
user can provide feedbacks on retrieved results by telling the application which
faces do look similar to him, and which are not satisfactory. This, in combination
with a relevance feedback strategy, let us recover better and more subjective results
at each iteration. Fig. A.2 shows the overview of our approach.

The proposal is evaluated on both synthetic and more realistic settings, on a
variety of different datasets. In particular, we employ a style-transferred version
of Celeb-A [121], as it contains annotations for face and attribute recognition.
Additionally, we evaluate on WebCaricature [79], which contains caricatures of
famous people, and collect an additional test set containing real and unpaired
artworks. Fig. A.3 shows some qualitative results using query images from Celeb-
A and a set of artworks from WikiArt1 as retrievable items. For each sample, we
report the top-1 retrieved result without constraints and the top-1 retrieved results
by imposing the presence of some specific facial attributes.

1https://www.wikiart.org/
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Figure A.4: Images of PersonArt, an interactive exhibition at the Estense Gallery
of Modena in which a visitor can discover his/her own doppelgänger among the
portraits of the museum.

PersonArt

This work is resulted in an interactive demo, called PersonArt, at the Estense
Gallery of Modena in which a photo boot has been installed during a local event
collecting more than 1, 100 visitors (approximately 400 males and 750 females) in
just three days. In this event, each visitor had the possibility of interacting with our
application and finding the top-3 most similar paintings, returned jointly taking
into account the aesthetic similarity and the matching between facial attributes.
After choosing a painting among the top-3 results, the visitor could discover his/her
own doppelgänger inside the museum following the detailed instructions printed
by the system. Figure A.4 reports some images of the exhibition.
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A.3 Vision-and-language navigation
Effective instruction-following and contextual decision-making can open the
door to a new world for researchers in embodied AI. Deep neural networks
have the potential to build complex reasoning rules that enable the creation of
intelligent agents, and research on this subject could also help to empower the
next generation of collaborative robots. In this scenario, Vision-and-Language
Navigation (VLN) [5] plays a significant part in current research. This task
requires to follow natural language instructions through unknown environments,
discovering the correspondences between lingual and visual perception step by
step. Additionally, the agent needs to progressively adjust navigation in light of
the history of past actions and explored areas. Even a small error while planning
the next move can lead to failure because perception and actions are unavoidably
entangled; indeed, we must perceive in order to move, but we must also move in
order to perceive [49]. For this reason, the agent can succeed in this task only by
efficiently combining the three modalities – language, vision, and actions.

We propose to exploit fully-attentive networks to merge the knowledge com-
ing from different domains. Encouraged by recent work on fully-attentive net-
works [192], we devise Perceive, Transform, and Act (PTA), a novel architecture
for VLN in which the different modalities are free to be conditioned on the full
history of previous actions. While previous approaches rely on a recurrent policy
to track the agent’s internal status through time [5, 210, 125], we directly infer the
state from the observations via attention and avoid the critical back-propagation
through time. For this reason, our agent can model the dependencies tied to navig-
ation more efficiently and generalize to longer episodes better than other models.
To the best of our knowledge, our model is the first Transformer-like architecture
to merge three different modalities.

Another challenge is represented by the agent adaptability to real-world ap-
plications. Recent literature identifies two main operating settings for VLN, called
low-level action space and high-level action space [107]. Low-level methods make
predictions over an output space of known dimension, which corresponds to the
agent locomotor system – rotate X◦, tilt up/down, and step forward are examples
of low-level actions. The concept of a high-level, panoramic action space was
first proposed by Fried et al. [46]: differently from the low-level output space,
it aims to predict the path to the goal without decoding the sequence of atomic
actions explicitly. In this setting, the agent can move inside the environment using

This section is related to the publication [22] reported in Appendix B, by the author of the thesis.
See Appendix B for details.
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Instruction: Exit the bathroom and walk down the hall to the second doorway on your left. Turn left and enter the room through that doorway.

R R R S S L

S L L S E

S step

E end L left

R right

Result: Success 
(Error: 0 m)

Figure A.5: Navigation episode from the R2R dataset [5]. For each step, we report
the agent first-person point of view and the next predicted action (from left to right,
top to bottom).

a teleporting system. We believe that this aspect limits adaptability to real-world
applications, and for this reason we design our model for low-level use.

Our goal is to navigate unseen indoor environments with the only help of
natural language instructions and egocentric visual observations. To merge mul-
timodal knowledge coming from the environment, we devise a two-stage encoder
which exploits both temporal and spatial attention. At each time step, the agent
selects a move to progress towards the goal. To that end, we fuse contextual in-
formation with the history of actions via attention and build a multimodal decoder
which merges the three modalities: actions, images, and text. We then decode a
probability distribution over a low-level output space in which possible actions
are atomic moves like turn or step ahead. After a first phase in which we train the
agent with classical imitation learning, we implement an extrinsic reward function
to promote coherence between ground-truth and predicted trajectories.

Experimental results show that PTA achieves state-of-the-art performance on
low-level VLN which is close to real-world applications and requires to decode
fine-grained atomic actions. Fig. A.5 shows a qualitative result from the R2R
dataset [5]. Notably, PTA is able to ground concepts such as “the second doorway
on your left” and terminates the navigation episode successfully. Since our agent
operates in a low-level setup, it needs to orientate towards the next viewpoint
before stepping ahead, making the decoding phase more challenging.
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List of publications

The following list of publications includes all conference papers, journal articles,
and book chapters published during my Ph.D. period, as well as recent pre-prints.
Content and experimental results published in some of these papers have been
included in the previous chapters, with explicit permission given by the other
authors.
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dicting human gaze using low-level saliency combined with face detection.
In Advances in Neural Information Processing Systems, 2008. 8

[25] Danqi Chen and Christopher Manning. A fast and accurate dependency
parser using neural networks. In Proceedings of the Conference on Empir-
ical Methods in Natural Language Processing, 2014. 92

[26] Tseng-Hung Chen, Yuan-Hong Liao, Ching-Yao Chuang, Wan-Ting Hsu,
Jianlong Fu, and Min Sun. Show, adapt and tell: Adversarial training of
crossdomain image captioner. In Proceedings of the International Confer-
ence on Computer Vision, 2017. 14

Learning to describe salient objects in images with vision and language 183



BIBLIOGRAPHY

[27] Yuhua Chen, Wen Li, Christos Sakaridis, Dengxin Dai, and Luc Van Gool.
Domain adaptive Faster R-CNN for object detection in the wild. In Proceed-
ings of the IEEE Conference on Computer Vision and Pattern Recognition,
2018. 14

[28] Yuhua Chen, Wen Li, and Luc Van Gool. ROAD: Reality Oriented Adapt-
ation for Semantic Segmentation of Urban Scenes. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2018. 14

[29] Kyunghyun Cho, Bart Van Merriënboer, Caglar Gulcehre, Dzmitry Bah-
danau, Fethi Bougares, Holger Schwenk, and Yoshua Bengio. Learning
phrase representations using rnn encoder-decoder for statistical machine
translation. In Proceedings of the Conference on Empirical Methods in
Natural Language Processing, 2014. 132, 150, 156

[30] Jan K Chorowski, Dzmitry Bahdanau, Dmitriy Serdyuk, Kyunghyun Cho,
and Yoshua Bengio. Attention-based models for speech recognition. In
Advances in Neural Information Processing Systems, 2015. 17

[31] Marius Cordts, Mohamed Omran, Sebastian Ramos, Timo Rehfeld, Markus
Enzweiler, Rodrigo Benenson, Uwe Franke, Stefan Roth, and Bernt Schiele.
The Cityscapes Dataset for Semantic Urban Scene Understanding. In
Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, 2016. 50, 51, 52

[32] Elliot J Crowley, Omkar M Parkhi, and Andrew Zisserman. Face Painting:
Querying Art with Photos. In Proceedings of the British Machine Vision
Conference, 2015. 172

[33] Bo Dai, Sanja Fidler, Raquel Urtasun, and Dahua Lin. Towards Diverse
and Natural Image Descriptions via a Conditional GAN. In Proceedings of
the International Conference on Computer Vision, 2017. 11

[34] Aditya Deshpande, Jyoti Aneja, Liwei Wang, Alexander Schwing, and
David A Forsyth. Diverse and controllable image captioning with part-of-
speech guidance. arXiv preprint arXiv:1805.12589, 2018. 11, 105

[35] Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova.
BERT: Pre-training of deep bidirectional transformers for language un-
derstanding. arXiv preprint arXiv:1810.04805, 2018. 10, 68

184 Learning to describe salient objects in images with vision and language



BIBLIOGRAPHY

[36] Lei Ding and Alper Yilmaz. Learning relations among movie characters: A
social network perspective. In Proceedings of the European Conference on
Computer Vision, 2010. 13

[37] Samuel Dodge and Lina Karam. Visual Saliency Prediction Using a Mix-
ture of Deep Neural Networks. IEEE Transactions on Image Processing,
27(8):4080–4090, 2018. 8, 41, 42

[38] Jeffrey Donahue, Lisa Anne Hendricks, Sergio Guadarrama, Marcus
Rohrbach, Subhashini Venugopalan, Kate Saenko, and Trevor Darrell.
Long-Term Recurrent Convolutional Networks for Visual Recognition and
Description. In Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2015. 9, 11, 12, 22

[39] Jianfeng Dong, Xirong Li, and Cees GM Snoek. Word2VisualVec: Image
and Video to Sentence Matching by Visual Feature Prediction. arXiv
preprint arXiv:1604.06838, 2016. 14, 141, 142, 144

[40] Aviv Eisenschtat and Lior Wolf. Linking image and text with 2-way nets.
In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, 2017. 141, 142, 143

[41] Martin Engilberge, Louis Chevallier, Patrick Pérez, and Matthieu Cord.
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Clustering. In Proceedings of the International Conference on Computer
Vision, 2017. 13

[87] Justin Johnson, Andrej Karpathy, and Li Fei-Fei. DenseCap: Fully convolu-
tional Localization Networks for Dense Captioning. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, 2016. 9, 11
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