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Chapter 1

Introduction

Attention mechanism and Transformer-based architectures have recently revo-
lutionized the artificial intelligence landscape in almost every field. Ever since
their first introduction, they have become ubiquitous components of any deep
learning breakthrough, from Natural Language Processing to Computer Vision
and Bioinformatics. This boils down mainly to their superior abilities in dealing
with long-range interactions across data. In this thesis, I investigate the frontier
of Transformer-based architectures at the intersection of Vision and Language,
where machines are required to replicate the human ability to semantically connect
different domains.

In the first part, we present state-of-the-art solutions for the image captioning
task, which consist of automatically describing images with natural language
sentences, from the understanding of the visual content, objects and their interac-
tions, to the creation of a syntactically and semantically correct sentence. We first
discuss a thorough literature survey in the deep learning era, and we propose a
novel image captioning model among the firsts embracing self-attention in place
of recurrent networks. Experimentally, our architecture reaches a new state of
the art, achieving the first place of the public leaderboard on the most important
captioning benchmark.

Further, we explore new training strategies proposing a method based on
the interplay between two distinct language models, using the mean teacher
paradigm and knowledge distillation, providing state-of-the-art caption quality
with a reduced number of parameters. Despite the remarkable results obtained
by captioning models, switching to real-life scenarios constitutes a challenge due
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CHAPTER 1. INTRODUCTION

to the larger variety of visual concepts not covered in existing datasets. For this
reason, we propose a novel approach for novel object captioning, that learns to
select the most relevant objects of an image, regardless of their presence in the
training set, and constrains the generative process accordingly.

In the following, we present solutions for cross-modal retrieval, another task
related to vision and language that consists of �nding images corresponding to a
given textual query and, vice versa, retrieving texts which describe a given query
image. Since both images and texts are usually encoded as sets or sequences of ele-
ments, we propose an attentive reduction method that transforms a set of elements
into a single response, leading to a performance increase. Moreover, we propose
an ef�cient Transformer architecture to �ll in the gap between effectiveness and
ef�ciency by learning a shared embedding space and distilling �ne-grained scores
previously aligned. Our approach competes with state-of-the-art large models
while being almost 90 times faster. Switching to more complex and challenging
scenarios, we also investigate visual-semantic models in the artistic and digital
humanities domain. To this aim, we propose a cross-modal retrieval method that
also identi�es if sentences describe the visual content or the context of a painting
and a visual-semantic embedding that can automatically align illustrations and
texts without paired supervision.

Finally, we expand the scope of attentive models to the language of life:
the genetic code. We propose a new class of deep learning models based on
the Perceiver architecture, built upon Transformer, which leverages asymmetric
attention and can scale to longer sequences. We present a model able to predict
the gene expression (mRNA level) given its DNA sequence, and a model for the
�rst time predicting the protein expression given its amino-acid sequence. We
demonstrate the effectiveness of our methods and promising future opportunities.

Activities carried out during the Ph.D.

Beside the research activities described in this thesis, 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 A.
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Teaching activities

• Laboratory Tutor for the Vision and Cognitive Systems graduate course, at
University of Modena and Reggio Emilia (2020, 2021).
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Other academic services
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Chapter 2

Image captioning

A fundamental challenge in arti�cial intelligence and computer vision is that of
creating a system able to replicate the human ability of understanding a visual
stimuli and describing it in natural language. Indeed, this would open up to new
advancements in human-machine interaction and collaboration, bringing a great
impact on society. Recent improvements in computer vision and natural language
processing, along with the availability of larger datasets, have made it possible,
today, to automatically generate sentences describing images with an incredibly
high ef�cacy and reliability.

This task, called image captioning, has recently gained lots of attention thanks
to the adoption of deep learning approaches, which improved the performances
of algorithms and can effectively describe images in natural language [311, 159,
341, 312, 65, 196]. Image captioning architectures are capable of learning a
correspondence between an input image and a probability distribution over time,
which can be sampled to generate captions either using a greedy decoding [312],
or more elaborated procedures like beam search and its variants [6].

Contributions

In this chapter, we �rst present a thorough overview of the literature on the image
captioning task from the advent of the deep learning era; in the following, we
present two different solutions to address the task itself. The �rst method is based

This chapter is related to publications [4, 6, 7, 8] reported in Appendix A, by the author of the
thesis. See Appendix A for details.
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CHAPTER 2. IMAGE CAPTIONING

on the Transformer model, thus replacing 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 [201])
reaching the �rst place on the leaderboard of the online test server1.

While a typical model for image captioning is composed by one language
model, our second approach is instead based on the interaction of two intercon-
nected language models, that learn from each other during the training phase.
Our approach, called CaMEL, leverages the interplay between the two language
models following a mean teacher learning paradigm with knowledge distillation.
Experimentally, we assess the effectiveness of our solution in conjunction with
different visual feature extractors. When comparing with existing methods, we
demonstrate that our model provides state-of-the-art caption quality with a sig-
ni�cantly reduced number of parameters. According to the CIDEr metric, we
obtain a new state of the art on COCO [201] when training without using external
data. Further, although captioning models have achieved impressive results, de-
scribing the large variety of visual concepts present in real-life scenarios is still
very challenging. For this reason, we propose a novel method for novel object
captioning, a variant of the task that consist of describing novel objects unseen
during the training phase. Our model learns to select the most relevant objects
of an image, regardless of their presence in the training set, and constrains the
generative process accordingly.

In details, the rest of the chapter is organized as follows: in Sec. 2.1, we present
the image captioning problem with a comprehensive survey on the task since the
�rst deep learning approaches. We explore the most important architectures in
literature together with a quantitative experimental analysis. Subsequently, in
Sec. 2.2 and in Sec. 2.3 we describe our solutions, respectively Meshed-Memory
Transformer and CaMEL, and we show their effectiveness with quantitative and
qualitative experiments, where both methods achieve a new state of the art on
standard image captioning. Finally, in Sec. 2.4 we present our approach for novel
object captioning, along with experiments showing its superior performances.

1https://competitions.codalab.org/competitions/3221
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CHAPTER 2. IMAGE CAPTIONING

2.1 Deep learning survey

2.1.1 Introduction

Image captioning is the task of describing the visual content of an image in natural
language, employing a visual understanding system and a language model cap-
able of generating meaningful and syntactically correct sentences. Neuroscience
research has clari�ed the link between human vision and language generation
only in the last few years [13]. Similarly, in Arti�cial Intelligence, the design
of architectures capable of processing images and generating language is a very
recent matter. The goal of these research efforts is to �nd the most effective
pipeline to process an input image, represent its content, and transform that into a
sequence of words by generating connections between visual and textual elements
while maintaining the �uency of language.

The early-proposed approaches to image captioning have entailed description
retrieval [236, 87, 235, 94, 172, 160] or template �lling and hand-crafted natural
language generation techniques [355, 3, 351, 193, 116, 230, 178, 181]. While
these have been treated in other surveys [24, 16, 131], image captioning is currently
based on the usage of deep learning-based generative models. In its standard
con�guration, the task is an image-to-sequence problem whose inputs are pixels.
These inputs are encoded as one or multiple feature vectors in the visual encoding
step, which prepares the input for a second generative step, called the language
model. This produces a sequence of words or sub-words decoded according to a
given vocabulary.

In these few years, the research community has improved model design con-
siderably: from the �rst deep learning-based proposals adopting Recurrent Neural
Networks (RNNs) fed with global image descriptors, methods have been enriched
with attentive approaches and reinforcement learning up to the breakthroughs of
Transformers and self-attention and single-stream BERT-like approaches. At the
same time, the Computer Vision and Natural Language Processing (NLP) com-
munities have addressed the challenge of building proper evaluation protocols and
metrics to compare results with human-generated ground-truths. However, despite
the investigation and improvements achieved in these years, image captioning is
still far from being considered a solved task.

Several domain-speci�c proposals and variants of the task have also been
investigated to accommodate for different user needs and descriptions styles.
According to [128, 269], indeed, image captions can be perceptual, when focusing
on low-level visual attributes; non-visual, when reporting implicit and contextual

Transforming vision and language with attention 9



CHAPTER 2. IMAGE CAPTIONING

information; conceptual, when describing the actual visual content (e.g.visual
entities and their relations). While the latter is commonly recognized as the target
of the image captioning task, this de�nition encompasses descriptions focusing
on different aspects and at various levels of detail (e.g.including attributes or not,
mentioning named entities or high-level concepts only, describing salient parts
only, or also �ner details).

With the aim of providing a testament to the journey that captioning has taken
so far, and with that of encouraging novel ideas, we trace a holistic overview of
techniques, models, and task variants developed in the last years. Furthermore, we
review datasets and evaluation metrics and perform quantitative comparisons of
the main approaches. Finally, we discuss open challenges and future directions.

To sum up, the contributions of this section are as follows:
• Following the inherent dual nature of captioning models, we develop taxonomies

for visual encoding and language modeling approaches and describe their key
aspects and limitations.

• We review the training strategies adopted in the literature over the past years
and the recent advancement obtained by the pre-training paradigm and masked
language model losses.

• We review the main datasets used to explore image captioning, both domain-
generic benchmarks and domain-speci�c datasets collected to investigate speci�c
aspects.

• We analyze both standard and non-standard metrics adopted for performance
evaluation and the characteristics of the caption they highlight.

• We present a quantitative comparison of the main image captioning methods
considering both standard and non-standard metrics and a discussion on their
relationships, which sheds light on performance, differences, and characteristics
of the most important models.

• We give an overview of many variants of the task and discuss open challenges
and future directions.

Compared to previous surveys on image captioning [131, 16, 209, 271, 24],
we provide a comprehensive and updated view on deep learning-based generative
captioning models. We perform a deeper analysis of proposed approaches and
survey a considerably larger number of papers on the topic. Also, we cover non-
standard evaluation metrics, which are disregarded by other works, discuss their
characteristics, and employ them in a quantitative evaluation of state-of-the-art
methods. Moreover, we tackle emerging variants of the task and a broader set of
available datasets.

10 Transforming vision and language with attention



CHAPTER 2. IMAGE CAPTIONING

Figure 2.1: Overview of the image captioning task and taxonomy of the most
relevant approaches.

2.1.2 Visual encoding

Providing an effective representation of the visual content is the �rst challenge of
an image captioning pipeline. The current approaches for visual encoding can be
classi�ed as belonging to four main categories: 1.non-attentive methodsbased on
global CNN features; 2.additive attentive methodsthat embed the visual content
using either grids or regions; 3.graph-based methodsadding visual relationships
between visual regions; and 4.self-attentive methodsthat employ Transformer-
based paradigms, either by using region-based, patch-based, or image-text early
fusion solutions. This taxonomy is visually summarized in Fig. 2.1.

Global CNN Features

With the advent of CNNs, all models consuming visual inputs have been improved
in terms of performance. The visual encoding step of image captioning is no
exception. In the most simple recipe, the activation of one of the last layers of a
CNN is employed to extract high-level representations, which are then used as
a conditioning element for the language model (Fig. 2.2a). This is the approach
employed in the seminal “Show and Tell” paper [311],where the output of Google-
Net [292] is fed to the initial hidden state of the language model. In the same year,

Transforming vision and language with attention 11



CHAPTER 2. IMAGE CAPTIONING

(a) (b) (c)

Figure 2.2: Three of the most relevant visual encoding strategies for image cap-
tioning: (a) global CNN features;(b) �ne-grained features extracted from the
activation of a convolutional layer, together with an attention mechanism guided
by the language model;(c) image region features coming from a detector, together
with an attention mechanism.

Karpathyet al. [159] used global features extracted from AlexNet [176] as the
input for a language model. Further, Maoet al. [222] and Donahueet al. [79]
injected global features extracted from the VGG network [280] at each time-step
of the language model.

Global CNN features were then employed in a large variety of image cap-
tioning models [47, 86, 150, 362, 332, 109, 40, 41]. Notably, Rennieet al. [262]
introduced the FC model, in which images are encoded using a ResNet-101 [119],
preserving their original dimensions. Other approaches [359, 96] integrated high-
level attributes or tags, represented as a probability distribution over the most
common words of the training captions.

The main advantage of employing global CNN features resides in their simpli-
city and compactness of representation, which embraces the capacity to extract
and condense information from the whole input and to consider the overall context
of an image. However, this paradigm also leads to excessive compression of in-
formation and lacks granularity, making it hard for a captioning model to produce
speci�c and �ne-grained descriptions.

Attention Over Grid of CNN Features

Motivated by the drawbacks of global representations, most of the following ap-
proaches have increased the granularity level of visual encoding [341, 262, 214].
For instance, Daiet al.[72] have employed 2D activation maps in place of 1D
global feature vectors to bring spatial structure directly in the language model.
Drawing from machine translation literature, a big portion of the captioning com-
munity has instead employed the additive attention mechanism (Fig. 2.2b), which

12 Transforming vision and language with attention



CHAPTER 2. IMAGE CAPTIONING

has endowed image captioning architectures with time-varying visual features
encoding, enabling greater �exibility and �ner granularity.

De�nition of additive attention. The intuition behind attention boils down to
weighted averaging. In the �rst formulation proposed for sequence alignment
by Bahdanauet al. [15] (also known asadditive attention), a single-layer feed-
forward neural network with a hyperbolic tangent non-linearity is used to compute
attention weights. Formally, given two generic sets of vectorsf x1; : : : ; xn g and
f h1; : : : ; hm g, the additive attention score betweenh i andx j is computed as
follows:

f att (h i ; x j ) = W >
3 tanh (W 1h i + W 2x j ) ; (2.1)

whereW 1 andW 2 are weight matrices, andW 3 is a weight vector that performs
a linear combination. A softmax function is then applied to obtain a probability
distributionp(x j j h i ), representing how much the element encoded byx j is
relevant forh i .

Although the attention mechanism was initially devised for modeling the rela-
tionships between two sequences of elements (i.e. hidden states from a recurrent
encoder and a decoder), it can be adapted to connect a set of visual representations
with the hidden states of a language model.

Attending convolutional activations. Xu et al. [341] introduced the �rst method
leveraging the additive attention over the spatial output grid of a convolutional
layer. This allows the model to selectively focus on certain elements of the grid
by selecting a subset of features for each generated word. Speci�cally, the model
�rst extracts the activation of the last convolutional layer of a VGG network [280],
then uses additive attention to compute a weight for each grid element, interpreted
as the relative importance of that element for generating the next word.

Other approaches.The solution based on additive attention over a grid of features
has been widely adopted by several following works with minor improvements in
terms of visual encoding [359, 48, 214, 326, 102, 106].

Review networks –For instance, Yanget al. [353] supplemented the encoder-
decoder framework with a recurrent review network. This performs a given number
of review steps with attention on the encoder hidden states and outputs a “thought
vector” after each step, which is then used by the attention mechanism in the
decoder.

Multi-level features –Chenet al. [43] proposed to employ channel-wise
attention over convolutional activations, followed by a more classical spatial
attention. They also experimented with using more than one convolutional layer
to exploit multi-level features. On the same line, Jianget al. [154] proposed to use

Transforming vision and language with attention 13
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(a) (b)

Figure 2.3: Summary of the two most recent visual encoding strategies for image
captioning:(a) graph-based encoding of visual regions;(b) self-attention-based
encoding over image region features.

multiple CNNs in order to exploit their complementary information, then fused
their representations with a recurrent procedure.

Exploiting human attention –Some works also integrated saliency information
(i.e. what do humans pay more attention to in a scene) to guide caption genera-
tion with stimulus-based attention. This idea was �rst explored by Sugano and
Bulling [289] who exploited human eye �xations for image captioning by includ-
ing normalized �xation histograms over the image as an input to the soft-attention
module of [341] and weighing the attended image regions based on whether these
are �xated or not. Subsequent works on this line [295, 252, 62, 44] employed
saliency maps as a form of additional attention source.

Attention Over Visual Regions

The intuition of using saliency boils down to neuroscience, which suggests that
our brain integrates a top-down reasoning process with a bottom-up �ow of visual
signals. The top-down path consists of predicting the upcoming sensory input by
leveraging our knowledge and inductive bias, while the bottom-up �ow provides
visual stimuli adjusting the previous predictions. Additive attention can be thought
of as a top-down system. In this mechanism, the language model predicts the next
word while attending a feature grid, whose geometry is irrespective of the image
content.

Bottom-up and top-down attention. Differently from saliency-based approaches [44],
in the solution proposed by Andersonet al. [7] the bottom-up path is de�ned by
an object detector in charge of proposing image regions. This is then coupled with
a top-down mechanism that learns to weigh each region for each word prediction
(see Fig. 2.2c). In this approach, Faster R-CNN [259, 260] is adopted to detect
objects, obtaining a pooled feature vector for each region proposal. One of the key

14 Transforming vision and language with attention
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elements of this approach resides in its pre-training strategy, where an auxiliary
training loss is added for learning to predict attribute classes alongside object
classes on the Visual Genome [175] dataset. This allows the model to predict
a dense and rich set of detections, including both salient object and contextual
regions, and favors the learning of better feature representations.

Other approaches.Employing image region features has demonstrated its advant-
ages when dealing with the raw visual input and has been the standard de-facto in
image captioning for years. As a result, many of the following works have based
the visual encoding phase on this strategy [162, 248, 138, 318]. Among them, we
point out two remarkable variants.

Visual Policy –While typical visual attention points to a single image region
at every step, the approach proposed by Zhaet al. [366] introduces a sub-policy
network that interprets also the visual part sequentially by encoding historical
visual actions (e.g.previously attended regions) via an LSTM to serve as context
for the next visual action.

Geometric Transforms –Pedersoliet al. [241] proposed to use spatial trans-
formers for generating image-speci�c attention areas by regressing region pro-
posals in a weakly-supervised fashion. Speci�cally, a localization network learns
an af�ne transformation or each location of the feature map, and then a bilinear
interpolation is used to regress a feature vector for each region with respect to
anchor boxes.

Graph-based Encoding

To further improve the encoding of image regions and their relationships, some
studies consider using graphs built over image regions (see Fig. 2.3a) to enrich the
representation by including semantic and spatial connections.

Spatial and semantic graphs.The �rst attempt in this sense is due to Yaoet
al. [357], followed by Guoet al. [111], who proposed the use of a graph convolu-
tional network (GCN) [171] to integrate both semantic and spatial relationships
between objects. The semantic relationships graph is obtained by applying a
classi�er pre-trained on Visual Genome [175] that predicts an action or an inter-
action between object pairs. The spatial relationships graph is instead inferred
through geometry measures (i.e. intersection over union, relative distance, and
angle) between bounding boxes of object pairs.

Scene graphs.With a focus on modeling semantic relations, Yanget al. [347]
proposed to integrate semantic priors learned from text in the image encoding
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by exploiting a graph-based representation of both images and sentences. The
representation used is the scene graph,i.e. a directed graph connecting the objects,
their attributes, and their relations. On the same line, Shiet al. [277] represented
the image as a semantic relationship graph but proposed to train the module in
charge of predicting the predicate nodes directly on the ground-truth captions
rather than on external datasets.

Hierarchical trees. As a special case of a graph-based encoding, Yaoet al. [358]
employed a tree to represent the image as a hierarchical structure. The root
represents the image as a whole, intermediate nodes represent image regions and
their contained sub-regions, and the leaves represent segmented objects in the
regions.

Graph encodings brought a mechanism to leverage relationships between
detected objects, which allows the exchange of information in adjacent nodes and
thus in a local manner. Further, it seamlessly allows the integration of external
semantic information. On the other hand, manually building the graph structure
can limit the interactions between visual features. This is where self-attention
proved to be more successful by connecting all the elements with each other in a
complete graph representation.

Self-Attention Encoding

Self-attention is an attentive mechanism where each element of a set is connected
with all the others, and that can be adopted to compute a re�ned representation
of the same set of elements through residual connections (Fig. 2.3b). It was
�rst introduced by Vaswaniet al. [306] for machine translation and language
understanding tasks, giving birth to the Transformer architecture and its variants,
which have dominated the NLP �eld and later also Computer Vision.

De�nition of self-attention. Formally, self-attention makes use of the scaled
dot-product mechanism,i.e. a multiplicative attention operator that handles three
sets of vectors: a set ofnq query vectorsQ, a set of key vectorsK , and a set
of value vectorsV , both containingnk elements. The operator takes a weighted
sum of value vectors according to a similarity distribution between query and key
vectors:

Attention(Q; K ; V ) = softmax
�

QK T
p

dk

�
V ; (2.2)

wheredk is a scaling factor. In the case of self-attention, the three sets of vectors
are obtained as linear projections of the same input set of elements. The success
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of the Transformer demonstrates that leveraging self-attention allows achieving
superior performances compared to attentive RNNs.

Early self-attention approaches. Among the �rst image captioning models
leveraging this approach, Yanget al. [348] used a self-attentive module to en-
code relationships between features coming from an object detector. Later, Liet
al. [190] proposed a Transformer model with a visual encoder for the region
features coupled with a semantic encoder that exploits knowledge from an external
tagger. Both encoders are based on self-attention and feed-forward layers. Their
output is then fused through a gating mechanism governing the propagation of
visual and semantic information.

Variants of the self-attention operator. Other works proposed variants or modi-
�cations of the self-attention operator tailored for image captioning [124, 115,
137, 237, 65].

Geometry-aware encoding –Herdadeet al. [124] introduced a modi�ed ver-
sion of self-attention that takes into account the spatial relationships between
regions. In particular, an additional geometric weight is computed between object
pairs and is used to scale the attention weights. On a similar line, Guoet al. [115]
proposed a normalized and geometry-aware version of self-attention that makes
use of the relative geometry relationships between input objects. Further, Heet
al. [120] introduced a spatial graph transformer, which considers different categor-
ies of spatial relationship between detections (e.g., parent, neighbor, child) when
performing attention.

Attention on Attention –Huanget al. [137] proposed an extension of the
attention operator in which the �nal attended information is weighted by a gate
guided by the context. Speci�cally, the output of the self-attention is concatenated
with the queries, then an information and a gate vector are computed and �nally
multiplied together. In their encoder, they employed this mechanism to re�ne the
visual features. This method is then adopted by later models such as [203].

X-Linear Attention –Panet al. [237] proposed to use bilinear pooling tech-
niques to strengthen the representative capacity of the output attended feature.
Notably, this mechanism encodes the region-level features with higher-order inter-
action, leading to a set of enhanced region-level and image-level features.

Memory-augmented Attention –Corniaet al. [65, 58] proposed a Transformer-
based architecture where the self-attention operator of each encoder layer is
augmented with a set of memory vectors. Speci�cally, the set of keys and values
is extended with additional “slots” learned during training, which can encode
multi-level visual relationships. More details about this model are presented in the
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Figure 2.4: Vision Transformer encoding. The image is split into �xed-size
patches, linearly embedded, added to position embeddings, and fed to a standard
Transformer encoder.

following section of this thesis.

Other self-attention-based approaches.Ji et al. [148] proposed to improve self-
attention by adding to the sequence of feature vectors a global vector computed as
their average. A global vector is computed for each layer, and the resulting global
vectors are combined via an LSTM, thus obtaining an inter-layer representation.
Luo et al.[217] proposed a hybrid approach that combines region and grid features
to exploit their complementary advantages. Two self-attention modules are applied
independently to each kind of features, and a cross-attention module locally fuses
their interactions. On a different line, the architecture proposed by Liuet al. [202]
is based on an attention module to align grid or detection features with visual words
extracted from a concept extractor and to obtain semantic-grounded encodings.

Attention on grid features and patches.Other than applying the attention oper-
ator on detections, the role of grid features has been recently re-evaluated [151].
For instance, the approach proposed by Zhanget al.[375] applies self-attention dir-
ectly to grid features, incorporating their relative geometry relationships into self-
attention computation. Transformer-like architectures can also be applied directly
on image patches, thus excluding the usage of the convolutional operator [80, 301]
(Fig. 2.4). On this line, Liuet al. [208] devised the �rst convolution-free architec-
ture for image captioning. Speci�cally, a pre-trained Vision Transformer network
(i.e.ViT [ 80]) is adopted as encoder, and a standard Transformer decoder is em-
ployed to generate captions. Interestingly, the same visual encoding approach has
been adopted in CLIP [250] and SimVLM [328], with the difference that the visual
encoder is trained from scratch on large-scale noisy data. CLIP-based features
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have then been used by subsequent captioning approaches [273, 232, 60].

Early fusion and vision-and-language pre-training. Other works using self-
attention to encode visual features achieved remarkable performance also thanks to
vision-and-language pre-training [293, 212] and early-fusion strategies [196, 381].
For example, following the BERT architecture [78], Zhouet al. [381] combined
encoder and decoder into a single stream of Transformer layers, where region and
word tokens are early fused together into a unique �ow. This uni�ed model is �rst
pre-trained on large amounts of image-caption pairs to perform both bidirectional
and sequence-to-sequence prediction tasks and then �ne-tuned.

On the same line, Liet al. [196] proposed OSCAR, a BERT-like architecture
that includes object tags as anchor points to ease the semantic alignment between
images and text. They also performed a large-scale pre-train with6:5 million
image-text pairs, with a masked token loss similar to the BERT mask language
loss and a contrastive loss for distinguishing aligned words-tags-regions triples
from polluted ones. Later, Zhanget al. [371] proposed VinVL, built on top of
OSCAR, introducing a new object detector capable of extracting better visual
features and a modi�ed version of the vision-and-language pre-training objectives.
On this line, Huet al. [134] improved the VinVL model by scaling up its size and
using larger scale noisy data to pre-train.

Discussion

After the emergence of global features and grid features, region-based features
have been the state-of-the-art choice in image captioning for years thanks to their
compelling performances. Recently, however, different factors are reopening
the discussion on which feature model is most appropriate for image captioning,
ranging from the performance of better-trained grid features [151] to the emergence
of self-attentive visual encoders [80] and large-scale multi-modal models like
CLIP [250]. Recent strategies encompass training better object detectors on large-
scale data [371] or employing end-to-end visual models trained from scratch [328].
Moreover, the success of BERT-like solutions performing image and text early-
fusion indicates the suitability of visual representations that also integrate textual
information.

2.1.3 Language models

The goal of a language model is to predict the probability of a given sequence
of words to occur in a sentence. As such, it is a crucial component in image
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(a) (b) (c) (d)

Figure 2.5: LSTM-based language modeling strategies:(a) Single-Layer LSTM
model conditioned on the visual feature;(b) LSTM with attention, as proposed
in [341]; (c) LSTM with attention, in the variant proposed in [214]; (d) two-layer
LSTM with attention, in the style of the bottom-up top-down approach [7]. In all
�gures, X represents a set of visual features,h t is the LSTM hidden state at time
t, andst is the visual sentinel.

captioning, as it gives the ability to deal with natural language as a stochastic
process.

Formally, given a sequence ofn words, the language model component of an
image captioning algorithm assigns a probabilityP (y1; y2; : : : ; yn j X ) to the
sequence as:

P (y1; y2; : : : yn j X ) =
nY

t =1

P (yt j y1; y2; : : : ; yt � 1; X ) ; (2.3)

whereX represents the visual encoding on which the language model is speci�c-
ally conditioned. Notably, when predicting the next word given the previous ones,
the language model is auto-regressive, which means that each predicted word is
conditioned on the previous ones. The language model usually also decides when
to stop generating caption words by outputting a special end-of-sequence token.

The main language modeling strategies applied to image captioning can be
categorized as: 1.LSTM-basedapproaches, which can be either single-layer or
two-layer; 2.CNN-basedmethods that constitute a �rst attempt in surpassing
the fully recurrent paradigm; 3.Transformer-basedfully-attentive approaches;
4. image-text early-fusion(BERT-like) strategies that directly connect the visual
and textual inputs. This taxonomy is visually summarized in Fig. 2.1.
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LSTM-based Models

As language has a sequential structure, RNNs are naturally suited to deal with
the generation of sentences. Among RNN variants, LSTM [127] has been the
predominant option for language modeling.

Single-layer LSTM

The most simple LSTM-based captioning architecture is based on a single-layer
LSTM and was proposed by Vinyalset al. [311]. As shown in Fig. 2.5a, the visual
encoding is used as the initial hidden state of the LSTM, which then generates
the output caption. At each time step, a word is predicted by applying a softmax
activation function over the projection of the hidden state into a vector of the
same size as the vocabulary. During training, input words are taken from the
ground-truth sentence, while during inference, input words are those generated at
the previous step.

Shortly after, Xuet al. [341] introduced the additive attention mechanism. As
depicted in Fig. 2.5b, in this case, the previous hidden state guides the attention
mechanism over the visual featuresX , computing a context vector which is then
fed to the MLP in charge of predicting the output word.

Other approaches.Many subsequent works have adopted a decoder based on
a single-layer LSTM, mostly without any architectural changes [353, 43, 241],
while others have proposed signi�cant modi�cations, summarized below.

Visual sentinel –Lu et al. [214] augmented the spatial image features with an
additional learnable vector, called visual sentinel, which can be attended by the
decoder in place of visual features while generating “non-visual” words (e.g.“the”,
“of”, and “on”), for which visual features are not needed (Fig. 2.5c). At each time
step, the visual sentinel is computed from the previous hidden state and generated
word. Then, the model generates a context vector as a combination of attended
image features and visual sentinel, whose importance is weighted by a learnable
gate.

Hidden state reconstruction –Chenet al. [48] proposed to regularize the trans-
ition dynamics of the language model by using a second LSTM for reconstructing
the previous hidden state based on the current one. Geet al. [102] enhance context
modeling by using a bidirectional LSTM with an auxiliary module. The auxiliary
module in a direction approximates the hidden state of the LSTM in the other dir-
ection. Finally, a cross-modal attention mechanism combines grid visual features
with the two sentences from the bidirectional LSTM to obtain the �nal caption.
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Multi-stage generation –Wanget al.[326] proposed to generate a caption from
coarse central aspects to �ner attributes by decomposing the caption generation
process into two phases: skeleton sentence generation and attributes enriching,
both implemented with single-layer LSTMs. On the same line, Guet al. [106] de-
vised a coarse-to-�ne multi-stage framework using a sequence of LSTM decoders,
each operating on the output of the previous one to produce increasingly re�ned
captions.

Semantic-guided LSTM –Jia et al. [150] proposed an extension of LSTM
that includes semantic information to guide the generation (e.g.sentences from a
cross-modal retrieval model, vectors from a multi-modal embedding, the image
itself). Speci�cally, the semantic information is used as an extra input to each gate
in the LSTM block.

Two-layer LSTM

LSTMs can be expanded to multi-layer structures to augment their capability of
capturing higher-order relations. Donahueet al. [79] �rstly proposed a two-layer
LSTM as a language model for captioning, stacking two layers, where the hidden
states of the �rst are the input to the second.

Two-layers and additive attention.Andersonet al.[7] went further and proposed
to specialize the two layers to perform visual attention and the actual language
modeling. As shown in Fig. 2.5d, the �rst LSTM layer acts as a top-down visual
attention model which takes the previously generated word, the previous hidden
state, and the mean-pooled image features. Then, the current hidden state is used
to compute a probability distribution over image regions with an additive attention
mechanism. The so-obtained attended image feature vector is fed to the second
LSTM layer, which combines it with the hidden state of the �rst layer to generate
a probability distribution over the vocabulary.

Variants of two-layers LSTM. Because of their representation power, LSTMs
with two-layers and internal attention mechanisms represent the most employed
language model approach before the advent of Transformer-based architectures [357,
347, 358, 277]. As such, many other variants have been proposed to improve the
performance of this approach.

Neural Baby Talk –To ground words into image regions, Luet al. [215] incor-
porated a pointing network that modulates the content-based attention mechanism.
In particular, during the generation process, the network predicts slots in the cap-
tion, which are then �lled with the image region classes. For non-visual words, a
visual sentinel is used as dummy grounding. This approach leverages the object
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detector both as a feature region extractor and as a visual word prompter for the
language model.

Re�ective attention –Ke et al. [162] introduced two re�ective modules: while
the �rst computes the relevance between hidden states from all the past predicted
words and the current one, the second improves the syntactic structure of the sen-
tence by guiding the generation process with words common position information.

Look back and predict forward –On a similar line, Qinet al. [248] used two
modules: the look back module that takes into account the previous attended
vector to compute the next one, and the predict forward module that predicts the
new two words at once, thus alleviating the accumulated errors problem that may
occur at inference time.

Adaptive attention time –Huanget al. [138] proposed an adaptive attention
time mechanism, in which the decoder can take an arbitrary number of attention
steps for each generated word, determined by a con�dence network on top of the
second-layer LSTM.

Boosting LSTM with Self-Attention

Some works adopted the self-attention operator in place of the additive atten-
tion one in LSTM-based language models [137, 237, 203, 385]. In particular,
Huanget al. [137] augmented the LSTM with the Attention on Attention operator,
which computes another step of attention on top of visual self-attention. Panet
al. [237] introduced the X-Linear attention block, which enhances self-attention
with second-order interactions and improves both the visual encoding and the
language model. On a different line, Zhuet al. [385] applied the neural architec-
ture search paradigm to select the connections between layers and the operations
within gates of RNN-based image captioning language models, using a decoder
enriched with self-attention [237].

Convolutional Language Models

A worth-to-mention approach is that proposed by Aneyaet al. [11], which uses
convolutions as a language model. In particular, a global image feature vector
is combined with word embeddings and fed to a CNN, operating on all words
in parallel during training and sequentially in inference. Convolutions are right-
masked to prevent the model from using the information of future word tokens.
Despite the clear advantage of parallel training, the usage of the convolutional
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Figure 2.6: Schema of the Transformer-based language model. The caption
generation is performed via masked self-attention over previously generated tokens
and cross-attention with encoded visual features.

operator in language models has not gained popularity due to the poor performance
and the advent of Transformer architectures.

Transformer-based Architectures

The fully-attentive paradigm proposed by Vaswaniet al. [306] has completely
changed the perspective of language generation. Shortly after, the Transformer
model became the building block of other breakthroughs in NLP, such as BERT [78]
and GPT [251], and the standard de-facto architecture for many language un-
derstanding tasks. As image captioning can be cast as a sequence-to-sequence
problem, the Transformer architecture has been employed also for this task. The
standard Transformer decoder performs a masked self-attention operation, which
is applied to words, followed by a cross-attention operation, where words act as
queries and the outputs of the last encoder layer act as keys and values, plus a
�nal feed-forward network (Fig. 2.6). During training, a masking mechanism is
applied to the previous words to constrain a unidirectional generation process. The
original Transformer decoder has been employed in some image captioning mod-
els without signi�cant architectural modi�cations [124, 115, 217, 328]. Besides,
some variants have been proposed to improve language generation and visual
feature encoding.

Gating mechanisms.Li et al. [190] proposed a gating mechanism for the cross-
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attention operator, which controls the �ow of visual and semantic information by
combining and modulating image regions representations with semantic attributes
coming from an external tagger. On the same line, Jiet al. [148] integrated a
context gating mechanism to modulate the in�uence of the global image repres-
entation on each generated word, modeled via multi-head attention. Corniaet
al. [65] proposed to take into account all encoding layers in place of performing
cross-attention only on the last one. To this end, they devised the meshed decoder,
which contains a mesh operator that modulates the contribution of all the encoding
layers independently and a gate that weights these contributions guided by the text
query. More details about this method are presented in the following section of
this thesis. In [328, 60], the decoder architecture is again employed in conjunction
with textual pre�xes, also extracted from pre-trained visual-semantic models and
employed as visual tags.

BERT-like Architectures

Despite the encoder-decoder paradigm being a common approach to image caption-
ing, some works have revisited captioning architectures to exploit a BERT-like [78]
structure in which the visual and textual modalities are fused together in the early
stages (Fig. 2.7). The main advantage of this architecture is that layers dealing with
text can be initialized with pre-trained parameters learned from massive textual
corpora. Therefore, the BERT paradigm has been widely adopted in works that
exploit pre-training [196, 381, 371].

The �rst example is due to Zhouet al. [381], who developed a uni�ed model
that fuses visual and textual modalities into a BERT-like architecture for image
captioning. The model consists of a shared multi-layer Transformer encoder
network for both encoding and decoding, pre-trained on a large corpus of image-
caption pairs and then �ne-tuned for image captioning by right-masking the tokens
sequence to simulate the unidirectional generation process. Further, Liet al. [196]
introduced the usage of object tags detected in the image as anchors points for
learning a better alignment in vision-and-language joint representations. To this
end, their model represents an input image-text pair as a word tokens-object tags-
region features triple, where the object tags are the textual classes proposed by the
object detector.
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Figure 2.7: Schema of a BERT-like language model. A single stream of attentive
layers processes both image regions and word tokens and generates the output
caption.

Non-autoregressive Language Models

Thanks to the parallelism offered by Transformers, non-autoregressive language
models have been proposed in machine translation to reduce the inference time
by generating all words in parallel. Some efforts have been made to apply this
paradigm to image captioning [88, 113, 89, 114]. The �rst approaches towards a
non-autoregressive generation were composed of a number of different generation
stages, where all words were predicted in parallel and re�ned at each stage. Sub-
sequent methods, instead, employ reinforcement learning techniques to improve
the �nal results. Speci�cally, these approaches treat the generation process as a
cooperative multi-agent reinforcement system, where the positions in of the words
in the target sequence are viewed as agents that learn to cooperatively maximize a
sentence-level reward [113, 114]. These works also leverage knowledge distilla-
tion on unlabeled data and a post-processing step to remove identical consecutive
tokens.

Discussion

Recurrent models have been the standard for many years, and their application
brought to the development of clever and successful ideas that can be integrated
also into non-recurrent solutions. However, they are slow to train and struggle to
maintain long-term dependencies: these drawbacks are alleviated by autoregressive
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and Transformer-based solutions that recently gained popularity. Inspired by the
success of pre-training on large, unsupervised corpora for NLP tasks, massive
pre-training has been applied also for image captioning by employing either
encoder-decoder or BERT-like architectures, often in conjunction with textual tags.
This strategy led to impressive performance, suggesting that visual and textual
semantic relations can be inferred and learned also from not well-curated data [196,
328, 134]. BERT-like architectures are suitable for such a massive pre-training
but are not generative architectures by design. Massive pre-training on generative-
oriented architectures [328, 60] is currently a worth-exploring direction, which
leads to performances that are at least on-pair with the early-fusion counterparts.

2.1.4 Training strategies

An image captioning model is commonly expected to generate a caption word by
word by taking into account the previous words and the image. At each step, the
output word is sampled from a learned distribution over the vocabulary words. In
the most simple scenario,i.e. the greedy decoding mechanism, the word with the
highest probability is output. The main drawback of this setting is that possible
prediction errors quickly accumulate along the way. To alleviate this drawback,
one effective strategy is to use the beam search algorithm [173] that, instead of
outputting the word with maximum probability at each time step, maintainsk
sequence candidates (those with the highest probability at each step) and �nally
outputs the most probable one.

During training, the captioning model must learn to properly predict the
probabilities of the words to appear in the caption. To this end, the most common
training strategies are based on 1.cross-entropy loss; 2. masked language model;
3. reinforcement learningthat allows directly optimizing for captioning-speci�c
non-differentiable metrics; 4.vision-and-language pre-trainingobjectives (see
Fig. 2.1).

Cross-Entropy Loss

The cross-entropy loss is the �rst proposed and most used objective for image
captioning models. With this loss, the goal of the training, at each timestep, is
to minimize the negative log-likelihood of the current word given the previous
ground-truth words. Given a sequence of target wordsy1:T , the loss is formally
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de�ned as:

L XE (� ) = �
nX

i =1

log (P (yi j y1:i � 1; X )) ; (2.4)

whereP is the probability distribution induced by the language model,yi the
ground-truth word at timei , y1:i � 1 indicate the previous ground-truth words, and
X the visual encoding. The cross-entropy loss is designed to operate at word
level and optimize the probability of each word in the ground-truth sequence
without considering longer range dependencies between generated words. The
traditional training setting with cross-entropy also suffers from the exposure bias
problem [255] caused by the discrepancy between the training data distribution as
opposed to the distribution of its own predicted words.

Masked Language Model (MLM)

The �rst masked language model has been proposed for training the BERT [78]
architecture. The main idea behind this optimization function consists in ran-
domly masking out a small subset of the input tokens sequence and training
the model to predict masked tokens while relying on the rest of the sequence,
i.e.both previous and subsequent tokens. As a consequence, the model learns to
employ contextual information to infer missing tokens, which allows building a
robust sentence representation where the context plays an essential role. Since
this strategy considers only the prediction of the masked tokens and ignores the
prediction of the non-masked ones, training with it is much slower than training
for complete left-to-right or right-to-left generation. Notably, some works have
employed this strategy as a pre-training objective, sometimes completely avoiding
the combination with the cross-entropy [196, 371].

Reinforcement Learning

Given the limitations of word-level training strategies observed when using lim-
ited amounts of data, a signi�cant improvement was achieved by applying the
reinforcement learning paradigm for training image captioning models. Within
this framework, the image captioning model is considered as an agent whose
parameters determine a policy. At each time step, the agent executes the policy to
choose an action,i.e. the prediction of the next word in the generated sentence.
Once the end-of-sequence is reached, the agent receives a reward, and the aim of
the training is to optimize the agent parameters to maximize the expected reward.
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Many works harnessed this paradigm and explored different sequence-level
metrics as rewards. The �rst proposal is due to Ranzatoet al. [255], which
introduced the usage of the REINFORCE algorithm [331] adopting BLEU [238]
and ROUGE [199] as reward signals. Renet al. [261] experimented using visual-
semantic embeddings obtained from a network that encodes the image and the so
far generated caption in order to compute a similarity score to be used as reward.
Liu et al. [207] proposed to use as reward a linear combination of SPICE [5]
and CIDEr [307], called SPIDEr. Finally, the most widely adopted strategy [369,
97, 65], introduced by Rennieet al. [262], entails using the CIDEr score, as it
correlates better with human judgment [307]. The reward is normalized with
respect to a baseline value to reduce variance. Formally, to compute the loss
gradient, beam search and greedy decoding are leveraged as follows:

r � L(� ) = �
1
k

kX

i =1

�
(r (w i ) � b)r � logP(w i )

�
; (2.5)

wherew i is thei -th sentence in the beam or a sampled collection,r (�) is the
reward function,i.e. the CIDEr computation, andb is the baseline, computed as
the reward of the sentence obtained via greedy decoding [262], or as the average
reward of the beam candidates [65].

Note that, since it would be dif�cult for a random policy to improve in an
acceptable amount of time, the usual procedure entails pre-training with cross-
entropy or masked language model �rst, and then �ne-tuning stage with reinforce-
ment learning by employing a sequence level metric as reward. This ensures the
initial reinforcement learning policy to be more suitable than the random one.

Large-scale Pre-Training

In the context of vision-and-language pre-training in early-fusion architectures,
one of the most common pre-training objectives is the masked contextual token
loss, where tokens of each modality (visual and textual) are randomly masked
following the BERT strategy [78], and the model has to predict the masked input
based on the context of both modalities, thus connecting their joint representation.
Another largely adopted strategy entails using a contrastive loss, where the inputs
are organized as image regions-captions words-object tags triples, and the model
is asked to discriminate correct triples from polluted ones, in which tags are
randomly replaced [196, 371]. Other objectives take into account the text-image
alignment at a word-region level and entail predicting the original word sequence
given a corrupted one [337].
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(a) (b)

Figure 2.8: Qualitative examples from some of the most common image captioning
datasets:(a) image-caption pairs;(b) word clouds of the captions most common
visual words.

On the other hand, cross-entropy has also been used when pre-training on
noisy captions [60, 328], sometimes also employing pre�xes. Pre�xLM [328] has
indeed proved to be a valuable strategy that enables bidirectional attention within
the pre�x sequence, and thus, it is applicable for both decoder-only and encoder-
decoder sequence-to-sequence language models. Noticeably, some large-scale
models pre-trained on noisy data under this setting can achieve state-of-the-art
performance without requiring a �ne-tuning stage with Reinforcement [328].

Finally, we notice that image captioning can be used as a pre-training task to
ef�ciently learn visual representations, which can bene�t downstream tasks such
as image classi�cation, object detection, and instance segmentation [76].

2.1.5 Evaluation protocol

As for any data-driven task, the development of image captioning has been enabled
by the collection of large datasets and the de�nition of quantitative scores to
evaluate the performance and monitor the advancement of the �eld.

Datasets

Image captioning datasets contain images and one or multiple captions associated
with them. Having multiple ground-truth captions for each image helps to capture
the variability of human descriptions. Other than the number of available captions,
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also their characteristics (e.g.average caption length and vocabulary size) highly
in�uence the design and the performance of image captioning algorithms. Note
that the distribution of the terms in the datasets captions is usually long-tailed,
thus, when using word-level dictionaries, the common practice is to include in the
vocabulary only those terms whose frequency is above a pre-de�ned threshold.
Recently, however, using subword-based tokenization approaches like BPE [267]
is a popular choice that allows avoiding dataset pre-processing. The available
datasets differ both on the images contained (for their domain and visual quality)
and on the captions associated with the images (for their length, number, relevance,
and style). A summary of the most used public datasets is reported in Table 3.6,
and some sample image-caption pairs are reported in Fig. 2.8, along with some
word clouds obtained from the 50 most used visual words in the captions.

Standard captioning datasets

Standard benchmark datasets are used by the community to compare their ap-
proaches on a common test-bed, a procedure that guides the development of image
captioning strategies by allowing to identify suitable directions. Datasets used
as benchmarks should be representative of the task at hand, both in terms of the
challenges and ideal expected results (i.e.achievable human performance). Further,
they should contain a large number of generic-domain images, each associated
with multiple captions.

Early image captioning architectures [222, 79, 159] were commonly trained
and tested on theFlickr30K [364] andFlickr8K [128] datasets, consisting of
pictures collected from the Flickr website, containing everyday activities, events,
and scenes, paired with �ve captions each. Currently, the most commonly used
dataset isMicrosoft COCO [201], which consists of images of complex scenes
with people, animals, and common everyday objects in their context. It contains
more than 120,000 images, each annotated with �ve captions, divided into 82,783
images for training and 40,504 for validation. For ease of evaluation, most of the
literature follows the splits de�ned by Karpathyet al. [159], where 5,000 images
of the original validation set are used for validation, 5,000 for test, and the rest
for training. The dataset has also an of�cial test set, composed of 40,775 images
paired with 40 private captions each, and a public evaluation server2.

2https://competitions.codalab.org/competitions/3221
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Table 2.1: Overview of the main image captioning datasets.

Domain Nb. Images
Nb. Caps

Vocab Size
Nb. Words

(per Image) (per Cap.)

COCO [201] Generic 132K 5 27K (10K) 10:5
Flickr30K [364] Generic 31K 5 18K (7K) 12:4
Flickr8K [128] Generic 8K 5 8K (3K) 10:9

CC3M [272] Generic 3:3M 1 48K (25K) 10:3
CC12M [37] Generic 12:4M 1 523K (163K) 20:0
SBU Captions [235] Generic 1M 1 238K (46K) 12:1

VizWiz [117] Assistive 70K 5 20K (8K) 13:0
CUB-200 [256] Birds 12K 10 6K (2K) 15:2
Oxford-102 [256] Flowers 8K 10 5K (2K) 14:1
Fashion Cap. [350] Fashion 130K 1 17K (16K) 21:0
BreakingNews [254] News 115K 1 85K (10K) 28:1
GoodNews [27] News 466K 1 192K (54K) 18:2
TextCaps [279] OCR 28K 5=6 44K (13K) 12:4
Loc. Narratives [246] Generic 849K 1=5 16K (7K) 41:8

Pre-training datasets

Although training on large well-curated datasets is a sound approach, some
works [212, 196, 328, 134] have demonstrated the bene�ts of pre-training on
even bigger vision-and-language datasets, which can be either image captioning
datasets of lower-quality captions or datasets collected for other tasks (e.g.visual
question answering [196, 381], text-to-image generation [253], image-caption
association [250]). Among the datasets used for pre-training, that have been
speci�cally collected for image captioning, it is worth mentioningSBU Cap-
tions [235], originally used for tackling image captioning as a retrieval task [128],
which contains around 1 million image-text pairs, collected from the Flickr web-
site. Similarly,YFCC100M [296] is composed of 100 million media objects in
which 14.8 million images are available with automatically-collected textual de-
scriptions. Later, theConceptual Captions[272, 37] datasets have been proposed,
which are collections of around 3.3 million (CC3M) and 12 million (CC12M)
images paired with one weakly-associated description automatically collected
from the web with a relaxed �ltering procedure. Differently from previous data-
sets,Wikipedia-based Image Text(WIT) [283] provides images coming from
Wikipedia together with various metadata extracted from the original pages, with
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approximately 5.3 million images available with the corresponding descriptions
in English. Although the large scale and variety in caption style make all these
datasets particularly interesting for pre-training, the contained captions can be
noisy, and the availability of images is not always guaranteed since most of them
are provided as URLs.

Pre-training on such datasets requires signi�cant computational resources and
effort to collect the data needed. Nevertheless, this strategy represents an asset to
obtain state-of-the-art performances. Accordingly, some pre-training datasets are
currently not publicly available, such asALIGN [149, 328] andALT-200 [134],
respectively containing 1.8 billion and 200 million noisy image-text pairs, or the
datasets used to train DALL-E [253] and CLIP [250] consisting of 250 and 400
million pairs.

Domain-speci�c datasets

While domain-generic benchmark datasets are important to capture the main as-
pects of the image captioning task, domain-speci�c datasets are also important to
highlight and target speci�c challenges. These may relate to the visual domain
(e.g.type and style of the images) and the semantic domain. In particular, the dis-
tribution of the terms used to describe domain-speci�c images can be signi�cantly
different from that of the terms used for domain-generic images.

An example of dataset-speci�c in terms of the visual domain is theVizWiz
Captions [117] dataset, collected to favor the image captioning research towards
assistive technologies. The images in this dataset have been taken by visually-
impaired people with their phones, thus, they can be of low quality and concern a
wide variety of everyday activities, most of which entail reading some text.

Some examples of speci�c semantic domain are theCUB-200[329] and the
Oxford-102 [233] datasets, which contain images of birds and �owers, respect-
ively, that have been paired with ten captions each by Reedet al. [256]. Given the
speci�city of these datasets, rather than for standard image captioning, they are
usually adopted for different related tasks such as cross-domain captioning [46],
visual explanation generation [121, 122], and text-to-image synthesis [257]. An-
other domain-speci�c dataset isFashion Captioning[350] that contains images
of clothing items in different poses and colors that may share the same caption.
The vocabulary for describing these images is somewhat smaller and more spe-
ci�c than for generic datasets. Differently, datasets asBreakingNews[254] and
GoodNews[27] enforce using a richer vocabulary since their images, taken from
news articles, have long associated captions written by expert journalists. The
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same applies to theTextCaps[279] dataset, which contains images with text, that
must be “read” and included in the caption, and toLocalized Narratives [246],
whose captions have been collected by recording people freely narrating what they
see in the images. Collecting domain-speci�c datasets and developing solutions
to tackle the challenges they pose is crucial to extend the applicability of image
captioning algorithms.

Evaluation Metrics

Evaluating the quality of a generated caption is a tricky and subjective task [307, 5],
complicated by the fact that captions cannot only be grammatical and �uent but
need to properly refer to the input image. Arguably, the best way to measure the
quality of the caption for an image is still carefully designing a human evaluation
campaign in which multiple users score the produced sentences [161]. However,
human evaluation is costly and not reproducible – which prevents a fair comparison
between different approaches. Automatic scoring methods exist that are used
to assess the quality of system-produced captions, usually by comparing them
with human-produced reference sentences, although some metrics do not rely on
reference captions.

Standard evaluation metrics

The �rst strategy adopted to evaluate image captioning performance consists of ex-
ploiting metrics designed for NLP tasks. For example, theBLEU score [238] and
theMETEOR [19] score were introduced for machine translation. The former is
based onn-gram precision consideringn-grams up to length four; the latter favors
the recall of matching unigrams from the candidate and reference sentences in their
exact form, stemmed form, and meaning. Moreover, theROUGE score [199] was
designed for summarization and applied also for image captioning in its variant
considering the longest subsequence of tokens in the same relative order, pos-
sibly with other tokens in-between, that appears in both candidate and reference
caption. Later, speci�c image captioning metrics have been proposed [307, 5].
The referenceCIDEr score [307] is based on the cosine similarity between the
Term Frequency-Inverse Document Frequency weightedn-grams in the candidate
caption and in the set of reference captions associated with the image, thus taking
into account both precision and recall. TheSPICE score [5] considers matching
tuples extracted from the candidate and the reference (or possibly directly the
image) scene graphs, thus favoring the semantic content rather than the �uency.
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As expected, metrics designed for image captioning usually correlate better
with human judgment than those borrowed from other NLP tasks (with the ex-
ception of METEOR [19]), both at corpus-level and caption-level [5, 270, 68].
Correlation with human judgment is measured via statistical correlation coef-
�cients (such as Pearson's, Kendall's, and Spearman's correlation coef�cients)
and via the agreement with humans' preferred caption in a pair of candidates, all
evaluated on sample captioned images.

Diversity metrics

To better assess the performance of a captioning system, it is common practice
to consider a set of the above-mentioned standard metrics. Nevertheless, these
are somehow gameable because they favor word similarity rather than meaning
correctness [32]. Another drawback of the standard metrics is that they do not
capture (but rather disfavor) the desirable capability of the system to produce
novel and diverse captions, which is more in line with the variability with which
humans describe complex images. This consideration brought to the development
of diversity metrics [275, 305, 321, 322]. Most of these metrics can potentially be
calculated even when no ground-truth captions are available at test time. However,
since they overlook the syntactic correctness of the captions and their relatedness
with the image, it is advisable to combine them with other metrics.

The overall performance of a captioning system can be evaluated in terms of
corpus-level diversity or, when the system can output multiple captions for the
same image, single image-level diversity (termed asglobal diversityandlocal
diversity, respectively, in [305]). To quantify the former, it can be considered
the number of unique words used in all the generated captions (Vocab) and the
percentage of generated captions that were not present in the training set (%Novel).
For the latter, it can be used the ratio of unique captions unigrams or bigrams to
the total number of captions unigrams (Div-1 andDiv-2).

Embedding-based metrics

Another approach to captioning evaluation consists in relying on captions semantic
similarity or other speci�c aspects of caption quality, which are estimated via
embedding-based metrics [263, 152, 327]. For example, theWMD score [179],
originally introduced to evaluate document semantic dissimilarity, can also be
applied to captioning evaluation by considering generated captions and ground-
truth captions as the compared documents [165]. Moreover, theAlignment

36 Transforming vision and language with attention



CHAPTER 2. IMAGE CAPTIONING

Figure 2.9: Relationship between CIDEr, number of parameters and other scores.
Values of Div-1 and CLIP-S are multiplied by powers of 10 for readability.

score [57] is based on the alignment between the sequences of nouns in the
candidate and reference sentence and captures whether concepts are mentioned in a
human-like order. Finally, theCoveragescore [58, 25] expresses the completeness
of a caption, which is evaluated by considering the mentioned scene visual entities.
Since this score considers visual objects directly, it can be applied even when no
ground-truth caption is available.

Learning-based evaluation

As a further development towards captions quality assessment, learning-based
evaluation strategies [270, 68, 185, 360, 323, 184] are being investigated. To this
end, it can be exploited a component of a complete captioning approach, in charge
to evaluate the produced caption completeness [69] or how human-like it is [70].
Alternatively, learning-based evaluation is usually based on a pre-trained model.
For example, theBERT-S score [372], which is used to evaluate various language
generation tasks [304], exploits pre-trained BERT embeddings [78] to represent
and match the tokens in the reference and candidate sentences via cosine similarity.
Moreover, theTIGEr score [153] represents the reference and candidate captions
as grounding score vectors obtained from a pre-trained model [186] that grounds
their words on the image regions and scores the candidate caption based on
the similarity of the grounding vectors. Further, theCLIP-S score [125] is a
direct application of the CLIP [250] model to image captioning evaluation and
consists of an adjusted cosine similarity between image and candidate caption
representation. Thus, CLIP-S is designed to work without reference captions,
although the CLIP-SRef variant can exploit also the reference captions.
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2.1.6 Experimental evaluation

In Table 2.2, we analyze the performance of some of the main approaches in
terms of all the evaluation scores presented in Section 2.1.5 to take into account
the different aspects of caption quality these express and report their number of
parameters to give an idea of the computational complexity and memory occupancy
of the models. The data in the table have been obtained either from the model
weights and captions �les provided by the original authors or from our best
implementation. Given its large use as a benchmark in the �eld, we consider the
domain-generic COCO dataset also for this analysis. In the table, methods are
clustered based on the information included in the visual encoding and ordered
by CIDEr score. It can be observed that standard and embedding-based metrics
all had a substantial improvement with the introduction of region-based visual
encodings. Further improvement was due to the integration of information on
inter-objects relations, either expressed via graphs or self-attention. Notably,
CIDEr, SPICE, and Coverage most re�ect the bene�t of vision-and-language
pre-training. Moreover, as expected, it emerges that the diversity-based scores are
correlated, especially Div-1 and Div-2 and the Vocab Size. The correlation of this
family of scores and the others is almost linear, except for early approaches, which
perform averagely well in terms of Diversity despite lower values for standard
metrics. From the trend of learning-based scores, it emerges that exploiting models
trained on textual data only (BERT-S, reported in the table as its F1-score variant)
does not help discriminating among image captioning approaches. On the other
hand, considering as reference only the visual information and disregarding the
ground-truth captions is possible with the appropriate vision-and-language pre-
trained model (consider that CLIP-S and CLIP-SRef are linearly correlated). This
is a desirable property for an image captioning evaluation score since it allows
estimating the performance of a model without relying on reference captions that
can be limited in number and somehow subjective.

For readability, in Fig. 2.9 we highlight the relation between the CIDEr score
and other characteristics from Table 2.2. We chose CIDEr as this score is com-
monly regarded as one of the most relevant indicators of image captioning systems
performance. The �rst plot, depicting the relation between model complexity
and performance, shows that more complex models do not necessarily bring to
better performance. The other plots describe an almost-linear relation between
CIDEr and the other scores, with some �attening for high CIDEr values. These
trends con�rm the suitability of the CIDEr score as an indicator of the overall
performance of an image captioning algorithm, whose speci�c characteristics in
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terms of the produced captions would still be expressed more precisely in terms of
non-standard metrics.

2.1.7 Image captioning variants

Beyond general-purpose image captioning, several speci�c sub-tasks have been
explored in the literature. These can be classi�ed into �ve categories according
to their scope: 1.dealing with the lack of training data; 2. focusing on the visual
input; 3. focusing on the textual output; 4. application speci�c; 5. addressing user
requirements.

Dealing with the lack of training data

Paired image-caption datasets are very expensive to obtain. Thus, some image
captioning variants are being explored that limit the need for full supervision
information.

Novel Object Captioning. Novel object captioning focuses on describing objects
not appearing in the training set, thus enabling a zero-shot learning setting that
can increase the applicability of the models in the real world. Early approaches
to this task [123, 309] tried to transfer knowledge from out-domain images by
conditioning the model on external unpaired visual and textual data at training
time. To explore this strategy, Hendrickset al. [123] introduced a variant of
the COCO dataset [201], calledheld-out COCO, in which image-caption pairs
containing one of eight pre-selected object classes were removed from the training
set but not from the test set. To further encourage research on this task, the more
challengingnocapsdataset, with nearly 400 novel objects, has been introduced [2].
Some approaches to this variant [356, 197] integrate copying mechanisms in the
language model to select novel objects predicted from a tagger or generate a
caption template with placeholders to be �lled with novel objects [336, 215]. On a
different line, Andersonet al. [6] devised the Constrained Beam Search algorithm
to force the inclusion of selected tag words in the output caption, following the
predictions of a tagger. Moreover, following the pre-training trend with BERT-
like architectures, Huet al. [135] proposed a multi-layer Transformer model
pre-trained by randomly masking one or more tags from image-tag pairs. Finally,
in the next chapter we present a method for novel object captioning that learns to
select the most relevant objects to describe and constrained the caption generation
accordingly.
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Unpaired Image Captioning. Unpaired Image Captioning approaches can be
either unsupervised or semi-supervised. Unsupervised captioning aims at under-
standing and describing images without paired image-text training data. Following
unpaired machine translation approaches, the early work [107] proposes to gen-
erate captions in a pivot language and then translate predicted captions to the
target language. After this work, the most common approach focuses on ad-
versarial learning by training an LSTM-based discriminator to distinguish whether
a caption is real or generated [90, 182]. As alternative approaches, it is worth
mentioning [108] that generates a caption from the image scene-graph and [110]
that leverages a memory-based network. Moreover, semi-supervised approaches
have been proposed, such as [167], which uses both paired and unpaired data with
adversarial learning, and [23], which performs iterative self-learning.

Continual Captioning. Continual captioning aims to deal with partially unavail-
able data by following the continual learning paradigm to incrementally learn new
tasks without forgetting what has been learned before. In this respect, new tasks
can be represented as sequences of captioning tasks with different vocabularies, as
proposed in [74], and the model should be able to transfer visual concepts from
one to the other while enlarging its vocabulary.

Focusing on the visual input

Some sub-tasks focus on making the textual description more correlated with
visual data.

Dense Captioning.Dense captioning was proposed by Johnsonet al. [157] and
consists of concurrently localizing and describing salient image regions with
short natural language sentences. In this respect, the task can be conceived as a
generalization of object detection, where caption replaces object tags, or image
captioning, where single regions replace the full image. To address this task,
contextual and global features [344, 194] and attribute generators [361, 166] can
be exploited. Related to this variant, an important line of works [174, 198, 223, 38,
366, 216] focuses on the generation of textual paragraphs that densely describe
the visual content as a coherent story.

Text-based Image Captioning. Text-based image captioning, also known as
OCR-based image captioning or image captioning with reading comprehension,
aims at reading and including the text appearing in images in the generated
descriptions. The task was introduced by Sidorovet al. [279] with the TextCaps
dataset. Another dataset designed for pre-training for this variant isOCR-CC[352],
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which is a subset of images containing meaningful text taken from the CC3M
dataset [272] and automatically annotated through a commercial OCR system. The
common approach to this variant entails combining image regions and text tokens,
i.e. groups of characters from an OCR, possibly enriched with mutual spatial
information [315, 316], in the visual encoding [279, 384]. Another direction entails
generating multiple captions describing different parts of the image, including the
contained text [340].

Change Captioning.Change captioning targets changes that occurred in a scene,
thus requiring both accurate change detection and effective natural language
description. The task was �rst presented in [147] with theSpot-the-Diffdataset,
composed of pairs of frames extracted from video surveillance footages and the
corresponding textual descriptions of visual changes. To further explore this
variant, theCLEVR-Changedataset [240] has been introduced, which contains
�ve scene change types on almost 80K image pairs. The proposed approaches for
this variant apply attention mechanisms to focus on semantically relevant aspects
without being deceived by distractors such as viewpoint changes [276, 139, 168]
or perform multi-task learning with image retrieval as an auxiliary task [132],
where an image must be retrieved from its paired image and the description of the
occurred changes.

Focusing on the textual output

Since every image captures a wide variety of entities with complex interactions,
human descriptions tend to be diverse and grounded to different objects and details.
Some image captioning variants explicitly focus on these aspects.

Diverse Captioning.Diverse image captioning tries to replicate the quality and
variability of the sentences produced by humans. The most common technique
to achieve diversity is based on variants of the beam search algorithm [310] that
entail dividing the beams into similar groups and encouraging diversity between
groups. Other solutions have been investigated, such as contrastive learning [71],
conditional GANs [70, 275], and paraphrasing [206]. However, these solutions
tend to underperform in terms of caption quality, which is partially recovered by
using variational auto-encoders [320, 10, 39, 219]. Another approach is exploiting
multiple part-of-speech tags sequences predicted from image region classes [77]
and forcing the model to produce different captions based on these sequences.

Multilingual Captioning. Since image captioning is commonly performed in
English, multilingual captioning [81] aims to extend the applicability of captioning
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systems to other languages. The two main strategies entail collecting captions
in different languages for commonly used datasets (e.g.Chinese and Japanese
captions for COCO images [195, 231], German captions for Flick30K [82]), or
directly training multilingual captioning systems with unpaired captions [81, 183,
107, 282].

Application-speci�c Captioning

Image captioning can be applied to ease and automate activities involving text
generation from images. For example, captioning systems can be applied for
medical report generation, for which they need to predict disease tags and try
to imitate the style of real medical reports [155, 204, 346]. Another interesting
application is art description generation, which entails describing not only factual
aspects of the artworks, but also their context and style, and conveyed message
art description [17]. To this end, captioning systems could also rely on external
knowledge,e.g.metadata. A similar application is automatic caption generation
for news articles [254, 27], for which named entities from the article should be
described [91, 302], and the rich journalistic style should be maintained [205, 349].
Another important application domain is assistive technology for the visually
impaired [334], where image captioning approaches must be able to provide
informative descriptions even for low-quality visual inputs [117].

Addressing user requirements

Regular image captioning models generate factual captions with a neutral tone
and no interaction with end-users. Instead, some image captioning sub-tasks are
devoted to coping with user requests.

Personalized Captioning. Humans consider more effective the captions that
avoid stating the obvious and that are written in a style that catches their interest.
Personalized image captioning aims at ful�lling this requirement by generating
descriptions that take into account the user's prior knowledge, active vocabulary,
and writing style. To this end, early approaches exploit a memory block as a
repository for this contextual information [54, 239]. On another line, Zhanget
al. [374] proposed a multi-modal Transformer network that personalizes captions
conditioned on the user's recent captions and a learned user representation. Other
works have instead focused on the style of captions as an additional controllable
input and proposed to solve this task by exploiting unpaired stylized textual
corpus [95, 225, 112, 377]. Some datasets have been collected to explore this
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variant, such asInstaPIC[54], which is composed of multiple Instagram posts from
the same users,FlickrStyle10K[95], which contains images and textual sentences
with two different styles, andPersonality-Captions[278], which contains triples
of images, captions, and one among 215 personality traits.

Controllable Captioning. Controllable captioning puts the users in the loop
by asking them to select and give priorities to what should be described in an
image. This information is exploited as a guiding signal for the generation process.
The signal can be sparse, as selected image regions [378, 57] and user-provided
visual words [77], or dense, as mouse traces [246, 226]. Eventually, the guiding
signal can incorporate some form of structure, such as sequences that encode the
mentioning order of concepts (part-of-speech tag as in [77]) or visual objects [57].
Guiding inputs can also encode the relation between objects that is most of interest
for the user, as done for example in [42] via verbs and semantic roles (verbs
represent activities in the image and semantic roles determine how objects engage
in these activities) and in [45, 379] via user-generated or user-selected scene
graphs. A different control signal is introduced by [75], which consist of a length-
level embedding added as an additional token to each textual word, providing
existing models the ability to generate length-controllable image captions.

Image Captioning Editing. Image captioning editing was proposed by Sam-
maniet al. [264], following the consideration that generated captions may have
repetitions and inconsistencies. This variant focuses on decoupling the decoding
stage in a caption generation step and a caption polishing one to correct syntactic
errors.
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2.2 Meshed-Memory Transformer

In the previous section, we have comprehensively reviewed the captioning task in
the deep learning era. As shown, in the last few years 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 [7, 317, 376]. 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 convo-
lutional language models [11], 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 testi�ed by the Transformer [306]
and BERT [78] models and their applications to retrieval [281] and video under-
standing [290]. Also, this setting offers novel architectural modeling capabilities,
as for the �rst time the attention operator is used in a multi-layer and extensible
fashion. Nevertheless, the multimodal nature of image captioning demands for
speci�c 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 [306] 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-
entmemory 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 modelMeshed-Memory Transformer– M 2 Transformer for short. Figure 2.10
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. OurM 2 Transformer, when tested on the COCO benchmark, achieves
a new state of the art on the “Karpathy” test set, on both single-model and en-
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Figure 2.10: 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.

semble con�gurations. Most importantly, it surpasses existing proposals on the
online test server, ranking �rst among published algorithms.

To foster researches in this �eld and the reproducibility of our work, the source
code and trained models of ourM 2 Transformer are publicly available3.

2.2.1 Meshed-Memory Transformer architecture

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 valuesV , and takes a weighted sum of value vectors according

3https://github.com/aimagelab/meshed-memory-transformer
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to a similarity distribution between query and key vectors. In the case of scaled
dot-product attention, the operator can be formally de�ned as

Attention(Q; K ; V ) = softmax
�

QK T
p

d

�
V ; (2.6)

whereQ is a matrix ofnq query vectors,K andV both containnk keys and
values, all with the same dimensionality, andd 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 [306]. In this case, queries, keys, and values
are obtained by linearly projecting the input features, and the operator can be
de�ned as

S(X ) = Attention(WqX ; Wk X ; Wv X ); (2.7)

whereWq; Wk ; Wv are matrices of learnable weights. The output of the self-
attention operator is a new set of elementsS(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. 2.6).

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 de�nition of self-attention has, however, a signi�c-
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 dif�cult to infer the concept ofplayeror gamewithout any a priori
knowledge. Again, given regions encoding eggs and toasts, the knowledge that
the picture depicts abreakfastcould be easily inferred using a priori knowledge
on relationships.

4Taking another perspective, self-attention is also conceptually equivalent to an attentive encoding
of graph nodes [308].
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Figure 2.11: Architecture of theM 2 Transformer. Our model is composed of a
stack of memory-augmented encoding layers, which encodes multi-level visual
relationships with a priori knowledge, and a stack of decoder layers, in charge of
generating textual tokens. For the sake of clarity,AddNormoperations are not
shown. Best seen in color.

Memory-augmented attention. To overcome this limitation of self-attention,
we propose a memory-augmented attention operator. In our proposal, the set of
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 setX , the additional keys and values are implemented as
plain learnable vectors which can be directly updated via SGD. Formally, the
operator is de�ned as:

M mem(X ) = Attention(WqX ; K ; V )

K = [ Wk X ; M k ]

V = [ Wv X ; M v ] ; (2.8)

whereM k and M v are learnable matrices withnm 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 repeatedh times, using different projection matricesWq; Wk ; Wv and
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different learnable memory slotsM k ; M v for each head. Then, we concatenate
the results from different heads and apply a linear projection.

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 af�ne transformations with a single
non-linearity, which are independently applied to each element of the set. Formally,

F (X ) i = U� (VX i + b) + c; (2.9)

whereX i indicates thei -th vector of the input set, andF (X ) i thei -th vector of
the output. Also,� (�) is the ReLU activation function,V andU are learnable
weight matrices,bandc 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 de�nition of an encoding layer can be �nally
written as:

Z = AddNorm(M mem(X ))

~X = AddNorm(F (Z )) ; (2.10)

whereAddNormindicates 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 thei -th layer consumes the output set computed by
layeri � 1. This amounts to creating multi-level encodings of the relationships
between image regions, in which higher encoding layers can exploit and re�ne
relationships already identi�ed by previous layers, eventually using a priori know-
ledge. A stack ofN encoding layers will therefore produce a multi-level output
~X = ( ~X 1; :::; ~X N ), 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.
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Meshed cross-attention.Given an input sequence of vectorsY , and outputs from
all encoding layers~X , the Meshed Attention operator connectsY to all elements
in ~X 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 de�ned as

M mesh( ~X ; Y ) =
NX

i =1

� i � C ( ~X i ; Y ); (2.11)

whereC(�; �) stands for the encoder-decoder cross-attention, computed using
queries from the decoder and keys and values from the encoder:

C( ~X i ; Y ) = Attention(WqY ; Wk ~X i ; Wv ~X i ); (2.12)

and� i is a matrix of weights having the same size as the cross-attention results.
Weights in� i 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:

� i = �
�

Wi

h
Y ; C( ~X i ; Y )

i
+ bi

�
; (2.13)

where[�; �] indicates concatenation,� is the sigmoid activation,Wi is a2d � d
weight matrix, andbi 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 thet-th element of its input se-
quenceY 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. 2.9),
and all components are encapsulated withinAddNorm operations. The �nal
structure of the decoder layer can be written as:

Z = AddNorm(M mesh(AddNorm(Smask(Y )))

~Y = AddNorm(F (Z )) ; (2.14)

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

2.2.2 Experimental evaluation

Training

Following a standard practice in image captioning [255, 262, 7], we pre-train
our model with a word-level cross-entropy loss (XE) and �netune 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 [262] on sequences sampled using beam
search [7]: 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 timet can be reused in the next
iterations.

Following previous works [7], we use the CIDEr-D score as reward, as it well
correlates with human judgment [307]. We baseline the reward using the mean of
the rewards rather than greedy decoding as done in previous methods [262, 7], as
we found it to slightly improve the �nal performance. The �nal gradient expression
for one sample is thus:

r � L(� ) = �
1
k

kX

i =1

�
(r (w i ) � b)r � logp(w i )

�
(2.15)

wherew i is thei -th sentence in the beam,r (�) is the reward function, andb =� P
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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Datasets

We �rst evaluate our model on the COCO dataset [201], 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 [2].

COCO. As previously mentioned, the dataset contains more than120; 000images,
each of them annotated with5 different captions. We follow the splits provided
by Karpathyet al. [159], where5; 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 of40; 775images for which annotations are not made
publicly available.

nocaps . The dataset consists of15; 100 images taken from the Open Im-
ages [180] validation and test sets, each annotated with11 human-generated
captions. Images are divided into validation and test splits, respectively composed
of 4; 500 and10; 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 caption-
ing metrics: BLEU [238], METEOR [19], ROUGE [199], CIDEr [307], and
SPICE [5].

Implementation details

To represent image regions, we use Faster R-CNN [259] with ResNet-101 [119]
�netuned on the Visual Genome dataset [175, 7], thus obtaining a2048-dimensional
feature vector for each region. To represent words, we use one-hot vectors and
linearly project them to the input dimensionality of the modeld. We also em-
ploy sinusoidal positional encodings [306] to represent word positions inside the
sequence and sum the two embeddings before the �rst decoding layer.

Pre-training with XE is done following the learning rate scheduling strategy
of [306] with a warmup equal to10; 000iterations. Then, during CIDEr-D optim-
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ization, we use a �xed learning rate of5 � 10� 6. We train all models using the
Adam optimizer [170], a batch size of50, and a beam size equal to5.

Decoding optimization.As mentioned in Section 2.2.2, 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
previoust � 1 generated words,f w0; w1; :::; wt � 1g 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 recomputedT � t times, whereT is the length of the sampled sequence
(in our experimentsT is equal to20).

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 withwt � 1, and we
only compute queries, keys and values depending onwt � 1.

In PyTorch, this can be implemented by exploiting theregister buffer
method ofnn.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 than5 times in training and
validation splits. For each image, we use a maximum number of region feature
vectors equal to50.

Model dimensionality and weight initialization. In our model, we set the
dimensionalityd of each layer to512, the number of heads to8, and the number
of memory vectors to40. Using8 attentive heads, the size of queries, keys and
values in each head is set tod=8 = 64. We employ dropout with keep probability
0:9 after each attention and feed-forward layer. In our meshed attention operator
(Eq. 2.11), we normalize the output with a scaling factor of

p
N .

Weights of attentive layers are initialized from the uniform distribution pro-
posed by Glorotet al. [103], while weights of feed-forward layers are initialized
using [118]. All biases are initialized to 0. Memory vectors for keys and values
are initialized from a normal distribution with zero mean and, respectively,1=dk

5https://spacy.io/
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and1=m variance, wheredk is the dimensionality of keys andm 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 [242].
Two fully-connected layers are added to convert between the GloVe dimensionality
andd before the �rst decoding layer and after the last decoding layer. Before the
�nal softmax, we multiply with the transpose of the word embeddings.

Following [2], we use an object detector trained on Open Images6 and �lter
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 con�dence score. Differently
from [2], 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 satis�es the given
constraints.

2.2.3 Ablation study

Performance of the Transformer. In previous works, the Transformer model has
been applied to captioning only in its original con�guration 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 speci�c 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 2.3, the original
Transformer (six layers) achieves121:8 CIDEr, slightly superior to the Up-Down
approach [7] 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 signi�cant increase in performance when using three encod-
ing and three decoding layers, which leads to123:6 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 �nding, all subsequent experiments will use three layers.

6Speci�cally, the tf faster rcnn inception resnet v2 atrous oidv2 model from the
Tensor�ow model zoo.
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B-1 B-4 M R C S

Transformer (w/ 6 layers as in [306]) 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 [137]) 80.3 38.8 29.0 58.4 129.122.7

M 2 Transformer1-to-1 (w/o mem.) 80.5 38.2 28.9 58.2 128.4 22.2
M 2 Transformer1-to-1 80.3 38.2 28.9 58.2 129.2 22.5

M 2 Transformer (w/o mem.) 80.4 38.3 29.0 58.2 129.4 22.6
M 2 Transformer (w/ softmax) 80.3 38.4 29.1 58.3 130.3 22.5
M 2 Transformer 80.8 39.1 29.2 58.6 131.222.6

Table 2.3: 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. Speci�cally, we evaluate the addition of the “Attention
on Attention” (AoA) approach [137] to the attentive layers, both in the encoder
and in the decoder. Noticeably, in [137] this has been done with a Recurrent
language model with attention, but the approach is suf�ciently 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 �nal result is used as an alternative to the standard
dot-product attention. This addition to a standard Transformer with three layers
leads to129:1 CIDEr (Table 2.3), 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 2.3, we �rstly introduce a reduced
version of our approach in which thei -th decoder layer is only connected to
the correspondingi -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 vs129:2 CIDEr), thus con�rming
that exploiting a multi-level encoding of image regions is bene�cial. 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, from129:2 CIDEr to 131:2 CIDEr. This amounts to a total
improvement of7:6 CIDEr points with respect to the standard Transformer. Also,
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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 58.6 131.222.6
60 80.0 37.9 28.9 58.1 129.6 22.5
80 80.0 38.2 29.0 58.3 128.922.9

Table 2.4: Captioning results ofM 2 Transformer using different numbers of
memory vectors.

Layers B-1 B-4 M R C S

2 80.5 38.6 29.0 58.4 128.522.8
3 80.8 39.1 29.2 58.6 131.222.6
4 80.8 38.6 29.1 58.5 129.6 22.6

Table 2.5: Captioning results ofM 2 Transformer using different numbers of
encoder and decoder layers.

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. 2.11), 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� i . Using
this alternative brings to a reduction of around 1 CIDEr point, underlying that it is
bene�cial 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 con�guration and in the �nal con�guration with meshed connections. As
it can be seen from Table 2.3, removing memory vectors brings to a reduction in
performance of around1 CIDEr point in both connectivity settings, thus con�rming
the usefulness of exploiting a priori learned knowledge when encoding image
regions.

In Table 2.4, 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 with40 memory vectors, while80
memory vectors provide a slightly superior result in terms of SPICE.

Encoder and decoder layers. We also investigate the performance of the
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B-1 B-4 M R C S

SCST [262] - 34.2 26.7 55.7 114.0 -
Up-Down [7] 79.8 36.3 27.7 56.9 120.1 21.4
RFNet [154] 79.1 36.5 27.7 57.3 121.9 21.2
Up-Down+HIP [358] - 38.2 28.4 58.3 127.2 21.9
GCN-LSTM [357] 80.5 38.2 28.5 58.3 127.6 22.0
SGAE [347] 80.8 38.4 28.4 58.6 127.8 22.1
ORT [124] 80.5 38.6 28.7 58.4 128.322.6
AoANet [137] 80.2 38.9 29.2 58.8 129.8 22.4

M 2 Transformer 80.8 39.1 29.2 58.6 131.2 22.6

Table 2.6: Comparison with the state of the art on the “Karpathy” test split, in
single-model setting.

M 2 Transformer when changing the number of encoding and decoding layers.
Table 2.5 shows that the best performance is obtained with three encoding and
decoding layers, thus con�rming the initial �ndings 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 signi�cant improvements in performance.

2.2.4 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 [262], which
uses attention over the grid of features and a one-layer LSTM language model;
Up-Down [7], which introduces attention over regions, and uses a two-layer LSTM
language model. Also, we compare to the RFNet approach [154], which uses a
recurrent fusion network to merge different CNN features; GCN-LSTM [357],
which exploits pairwise relationships between image regions through a Graph Con-
volutional Neural Network; SGAE [347], which instead uses auto-encoding scene
graphs. Further, we compare with the original AoANet [137] approach, which
uses attention on attention for encoding image regions and an LSTM language
model. Finally, we compare with ORT [124], 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
single model and ensemble con�gurations, and on the online COCO evaluation
server.
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B-1 B-4 M R C S

Ensemble/Fusion of 2 models

GCN-LSTM [357] 80.9 38.3 28.6 58.5 128.7 22.1
SGAE [347] 81.0 39.0 28.4 58.9 129.1 22.2
ETA [190] 81.5 39.9 28.9 59.0 127.6 22.6
GCN-LSTM+HIP [358] - 39.1 28.9 59.2 130.6 22.3

M 2 Transformer 81.6 39.8 29.5 59.2 133.2 23.1

Ensemble/Fusion of 4 models

SCST [262] - 35.4 27.1 56.6 117.5 -
RFNet [154] 80.4 37.9 28.3 58.3 125.7 21.7
AoANet [137] 81.6 40.2 29.3 59.4 132.0 22.8

M 2 Transformer 82.0 40.5 29.7 59.5 134.5 23.5

Table 2.7: Comparison with the state of the art on the “Karpathy” test split, using
an ensemble of models.

Single model.In Table 2.6 we report the performance of our method in comparison
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 [137]. In particular, it advances the
current state of the art on CIDEr by 1.4 points.

Ensemble model. Following the common practice [262, 137] of building an
ensemble 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 2.7, 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 [137].

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
previously described, trained on the “Karpathy” training split. The evaluation is
done on the COCO test split, for which ground-truth annotations are not publicly
available. Results are reported in Table 2.8, in comparison with the top-performing
approaches of the leaderboard. For fairness of comparison, they also used an

7https://competitions.codalab.org/competitions/3221
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ensemble con�guration. 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.

2.2.5 Qualitative results and visualization

Figure 2.12 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 �ne-grained details and object relations.

Finally, to better understand the effectiveness of ourM 2 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 [291],
which approximates the integral of gradients with respect to the given input.
Speci�cally, 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 2.13, 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 re�ection in
the mirror.
Transformer: A cat sitting in a win-
dow sill looking out.
M 2 Transformer: A cat looking at
its re�ection 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.
M 2 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 �eld.
M 2 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.
M 2 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.
M 2 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.
M 2 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.
M 2 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.
M 2 Transformer: A group of
people standing around a white van.

GT: Several zebras and other animals
grazing in a �eld.
Transformer: A herd of zebras are
standing in a �eld.
M 2 Transformer: A herd of zebras
and other animals grazing in a �eld.

GT: A truck sitting on a �eld with
kites in the air.
Transformer: A group of cars parked
in a �eld with a kite.
M 2 Transformer: A white truck is
parked in a �eld with kites.

GT: A woman who is skateboarding
down the street.
Transformer: A woman walking
down a street talking on a cell phone.
M 2 Transformer: A woman stand-
ing on a skateboard on a street.

GT: Orange cat walking across two
red suitcases stacked on �oor.
Transformer: An orange cat sitting
on top of a suitcase.
M 2 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.
M 2 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.
M 2 Transformer: A toaster oven
with a tray of food inside of it.

Figure 2.12: Examples of captions generated by our approach and the original
Transformer model, as well as the corresponding ground-truths.
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In-Domain Out-of-Domain Overall

CIDEr SPICE CIDEr SPICE CIDEr SPICE

NBT + CBS [2] 62.1 10.1 62.4 8.9 60.2 9.5
Up-Down + CBS [2] 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
M 2 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
M 2 Transformer + CBS 81.2 12.0 69.4 10.0 75.0 11.4

Table 2.9: Performances on nocaps validation set, for in-domain and out-of-domain
captioning.

2.2.6 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 [7] and Neural Baby Talk [215], when using GloVe word
embeddings and Constrained Beam Search (CBS) [6] 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 simpli�ed implementation
of the procedure described in [2] to extract constraints, without using word phrases
(e.g.plurals).

Results are shown in Table 2.9: as it can be seen, the original Transformer
is signi�cantly 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 signi�cantly enhances the performances, in particular
on out-of-domain captioning.

Figure 2.14 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, theM 2 Transformer
is able to better incorporate the constraints while maintaining the �uency and
properness of the generated sentences.
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Figure 2.13: 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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