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1 Overview

Work in computer vision and natural language processing involving images and
text has been experiencing explosive growth over the past decade, with a particu-
lar boost coming from the neural network revolution. The present volume brings
together five research articles from several different corners of the area: multilin-
gual multimodal image description (Frank et al.), multimodal machine translation
(Madhyastha et al., Frank et al.), image caption generation (Madhyastha et al.,
Tanti et al.), visual scene understanding (Silberer, et al.), and multimodal learning
of high-level attributes (Sorodoc et al.). In this article, we touch upon all of these
topics as we review work involving images and text under the three main headings
of image description (Section 2), visually grounded referring expression generation
and comprehension (Section 3), and visual question answering (Section 4).

2 Image Description

Descriptive text is associated with images in a variety of different ways in the com-
puter vision and NLP fields, in particular (i) individual lexical items associated with
images or image regions (typical of image labelling), and (ii) phrases or sentences
associated with regions or the image as a whole (typical of image description). Im-
age labelling (or tagging, or indexing) goes back at least to the 1960s (Rosenfeld,
1978); its aim is to attach labels to regions that are meaningful to a human observer
such that the labels capture the meaning. Image description aims to produce a sum-
marising description, in structured natural language, of a whole image (or region),
typically involving the prioritization of more important elements and relationships.
This is the focus of this section, which is divided into three main subsections, on
datasets (Section 2.1), models (Section 2.2), and evaluation (Section 2.3). We use
the term image description as the name of the field, but understand it to cover the
automatic generation of any structured text intended to convey the content of an
image. We argue below that different image text types can most meaningfully be
defined relative to a real-world application context.



Table 1.

Image description datasets.
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EL=elicited; NO=naturally occurring;

YT=there is a clear application task; NT=no task; G=German; E=FEnglish;
S=Spanish; C=Mandarin; T=Turkish; F=French; D=Dutch; J=Japanese.

Name Attribution Images Notes Language(s)
IAPR-TC12 Grubinger et al., 2006 20,000 EL, YT G,E S
BBC News Feng & Lapata, 2008 3,361 NO, YT E
PascallK Rashtchian et al., 2010 1,000 EL, NT E
SBU1M Captions  Ordonez et al., 2011 1,000,000 NO, YT E
VLT2K Elliott & Keller, 2013 2,424 EL, NT E
Abstract Scenes Zitnick & Parikh, 2013 10,020 EL, NT E
Sentences3D Kong et al., 2014 1,449 EL, YT E
Flickr8K Hodosh & Hockenmaier, 2013 8,092 EL,NT E

1 Li et al., 2016 = = E,C

L] Unal et al., 2016 = = E T
Flickr30K Young et al., 2014 31,783 EL, NT E

| Elliott et al., 2016 = = E, G

L] Elliott et al., 2017 = = E, G F

L| van Miltenburg et al., 2017 2,014 = E,
Deja Captions Chen et al., 2015 4,000,000 NO, NT E
MSCOCO Lin et al., 2015 164,062 EL, NT E

Ll Yoshikawa et al., 2017 = = E,J

| Miyazaki & Shimizu, 2016 26,500 = E,J

¥ MMT17-Test2 Elliott et al., 2017 461 = E, G F
MS SIND Huang et al., 2016 81,743 EL, NT E
Visual Genome Krishna et al., 2017 108,077 EL, NT E
MMT17-Testl Elliott et al., 2017 1,071 EL, NT E, G

2.1 Data for Image Description Tasks
2.1.1 Datasets

Table 1 provides an overview of image description datasets in terms of number of
images, language(s) the descriptions are in, whether there is an explicit or implied
real-world application task (e.g. news article image captioning), and whether they
were elicited from contributors, or collected from sources where they occur naturally.

The IAPR-TC12 benchmark (Grubinger et al., 2006a) has 20,000 images from
a travel company’s photo collection each with text captions in German, English,
and Spanish. The dataset was intended for benchmarking retrieval systems in Im-
ageCLEF 2006. Images depict a wide range of travel-related topics, including sport,
landmarks, animals, group shots, landscapes, etc. In contrast to other datasets re-
viewed here, the collection contains sets of images that depict very similar content
(e.g. the same cathedral), but from different angles, dates, etc. Original annotations
by the travel company were quality-checked, corrected and completed by direct con-
tributors (not crowdsourced). E.g. a photo of a brown sandy beach; the dark blue
sea with small breaking waves behind it; a dark green palm tree in the foreground
on the left; a blue sky with clouds on the horizon in the background.
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A man holds a ball in a puppies mouth. Woman at table busy with something

A puppy bites a ball. A woman by the table preparing drinks.
Someone is putting something in the white dog’s A woman at the dining table with wine, beer, and
mouth. lemons.

A tan puppy with a hand holding something in a woman at a dinner table writing on her note-
his mouth. book

A small puppy being fed a chocolate treat. A woman sits with her head down at a table that

has alcohol beverages and accessories on it.

Fig. 1. Two images from PascallK; original spelling errors (Rashtchian et al., 2010).

Little gir and her dog in northern Interior design of modern white and
Thailand. They both seemed brown living room furniture against white
interested in what we were doing wall with a lamp hanging.

Emma in her hat looking super cute

Fig. 2. Image and caption examples from SBU1M.

The BBC News Database (Feng and Lapata, 2008) contains 3,361 image-
caption-document tuples collected from the BBC News website. Captions are often
non-descriptive, e.g. Breastfed babies tend to be brighter for an image showing a
baby being breastfed. The implicit image description task is news image caption
generation, but Feng & Lapata use the data for image labelling.

For PascallK, Rashtchian et al. (2010) used Mechanical Turk to collect five
descriptions each for 1,000 VOC’08 images (50 selected randomly from each of the
20 VOC’08 classes). Contributors had to have high HIT rates and pass a language
competence test, leading to relatively high text quality with few grammatical or
spelling mistakes. Two example images and their descriptions are shown in Figure 1.

The SBU1M team collected one million Flickr images with naturally occurring
captions (Ordonez et al., 2011), filtering initial search results to retain only images
with captions containing at least 2 words from the original query, and at least one
preposition (indicating visible spatial relationships). For examples see Figure 2.

For VLT2K, Elliott & Keller (2013) used the images from the VOC’11 action
recognition taster competition (Everingham et al., 2011), and collected three de-
scriptions per image via Mechanical Turk. Subsequent annotation steps added visual
dependency relations, and associated image regions with descriptions.

The Abstract Scenes dataset (Zitnick and Parikh, 2013) consists of 1,002 sets
of 10 similar abstract scenes and one associated description. Mechanical Turk con-
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tributors created individual scenes of children playing using clip art. Other contrib-
utors described the scenes using 1-2 sentences. Finally, contributors created 9 more
scenes to match each description. This dataset differs from the others in its use of
cartoon-like scenes in which physical properties can be unrealistic.

The Sentences3D team (Kong et al., 2014) collected descriptions and anno-
tations for the 1,449 photoss of indoor scenes in the NYU-RGBD v2 dataset via
Mechanical Turk. Descriptions vary from one to ten sentences, and tend to be com-
plex with multiple mentions of visual objects. Additional annotations (by direct
contributors) link nouns and pronouns to the visual objects they describe.

Flickr8K has 8,092 images of people/animals performing some action from six
Flickr groups (Hodosh et al., 2013). Five descriptions per image were collected via
Mechanical Turk; QA measures were e.g. a spelling/grammar test, and location in
the US. Contributors were asked to write single sentences describing the depicted
scenes, situations, events and entities. This dataset was extended in Flickr30K
(Young et al., 2014) to 31,783 images. As a further extension, Multi30K (Elliott
et al., 2016) added 31,014 German translations of the original English descriptions
(one per image), and 155,070 German original image descriptions (five per image).

Extensions of Flickr30K to other languages exist. Van Miltenburg et al. annotated
2,014 images from the validation and test parts of Flickr30K with five Dutch de-
scriptions each via Crowdflower, using the same collection regime (van Miltenburg
et al., 2017). Unal et al. collected Turkish descriptions for Flickr8K, again using the
same regime (Unal et al., 2016). Li et al. extended the dataset to Chinese, creating
Mandarin captions by (i) machine translating the original descriptions with Google
and Baidu, and (ii) crowdsourcing new descriptions (Li et al., 2016).

Lin et al. collected two sets of image descriptions for the MS COCO corpus of
2.5 million labeled objects in 328,000 images, one containing 5 descriptions for every
image in the training, validation and test sets; the other having 40 descriptions each
for a random subset of 5,000 test set images (Lin et al., 2014a). The latter were
collected with the aim of achieving higher correlation with human judgments in
automatic evaluation via a large number of reference descriptions.

MMT-Test2 (which the MMT team call the Ambiguous COCO test data) is a
collection of 461 MS COCO images selected for containing an ambiguous verb (56
verbs in total), in a complex process (Elliott et al., 2017) that involved information
from the VerSe dataset of ambiguous-verb captions (Gella et al., 2016).

The STAIR Captions dataset (Yoshikawa et al., 2017) is an extension of MS
COCO to Japanese, with 5 descriptions for each MS COCO image, obtained with
slightly different instructions, using crowdsourcing and direct contributions. An
earlier Japanese MS COCO extension for a subset of 26,500 images crowdsourced 3—
5 Japanese descriptions per image, again using a slightly different collection regime,
including a caption quality filtering step at the end (Miyazaki and Shimizu, 2016).

The Déja Captions team collected 760 million image/text pairs from Flickr,
using 693 frequent nouns for queries (Chen et al., 2015a). They segmented texts
into sentences and filtered out those that did not contain the query term. Only
captions which very closely resembled at least one other caption for a different
image were then retained. The result was a collection of 180K unique captions for
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4 million images. As with the Abstract Scenes dataset, there are multiple images
per caption, whereas with other datasets in this section it is the other way round.

MS SIND (Huang et al., 2016) is a dataset of story-like image sequences paired
with: (1) descriptions for each image in isolation, (2) descriptions for each image
when seen in a sequence, and (3) descriptions that form a narrative over an image
sequence (images/sentences aligned). Image sequences were obtained from Flickr
albums, only retaining ‘storyable’ albums with 10-50 photos, taken within 48 hours.

The Visual Genome dataset (Krishna et al., 2017) has region descriptions (in
addition to six other annotation components) for 108,077 images, e.g. for an image
with three regions: man jumping over a fire hydrant, yellow fire hydrant, and woman
in shorts is standing behind the man.

MMT-Test1 (a.k.a. Multi30K 2017 test data) is a new dataset of images/texts
collected from some of the same Flickr groups as Flickr30K, and some new groups
(Elliott et al., 2017) in a multi-step process, resulting in a final set of 1,071 im-
ages/texts, each supplemented by one professional German translation, and five
crowdsourced German descriptions.

The datasets reviewed in this section differ on many dimensions, including size,
ranging from a few thousand images (PascallK, BBC News, VLT2K) to a million
and more (SBUIM, Déja Captions). English remains the most frequent language,
but other languages are being seen more frequently, mostly as extensions of English
datasets. The images in all but one dataset (Abstract Scenes) are photos, mostly
user-generated (except BBC News). In some cases, labelled object bounding boxes
or region masks (VLT2K, MS COCO, Sentences3D, Visual Genome) around objects
are available. Most datasets have image texts elicited from contributors for the
specific purpose of creating the corpus, but some, including the very large datasets,
have naturally occurring image texts (BBC News, SBUIM, Déja Captions).

2.1.2 Collecting Human-generated Image Descriptions

Quality assurance measures, instructions and guidelines to contributors when elic-
iting image descriptions can vary substantively between datasets. The TAPR TC-12
descriptions were intended to describe “what can be recognized in an image without
any prior information or extra knowledge” (p. 6). The creators decided not to ask
for full sentences, or for descriptions of the entire image, specifically to thwart peo-
ple’s natural storytelling tendencies. They did not constrain the number of phrases
that could be used or their order, and considerable variation can be seen in both.
A typical example is: a brown cathedral with two towers and three green doors; a
square with street lamps, green spaces, flowers, a tree, benches and people in front
of it; grey cobblestones in the foreground; a hill and clouds in the background.

For VLT2K, Elliot & Keller placed similar restrictions on contributors, asking
them to describe an image in two sentences, the first describing the action in the
image, the person performing the action and the region involved in the action; the
second describing any other regions in the image not directly involved in the action;
e.g. A man is riding a bike down the road. A car and trees are in the background.

For most datasets, however, the only structural restriction is that descriptions
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should have one or two sentences describing the whole image. This allows a wide
variety of style and focus which researchers seek to control by lists of DOs and
DON’Ts which can be detailed. For example, for MS COCO:

Please describe the image

Describe all the important parts of the scene.

Do not start the sentences with \There is.

Do not describe unimportant details.

Do not describe things that might have happened in the future or past.

Do not describe what a person might say.

Do not give people proper names.

The sentences should contain at least 8 words.

Looking at image descriptions in datasets reveals that contributors do not always
follow such instructions, producing descriptions such as: An empty boat begs to be
used; The happy lady enjoys her surroundings; Take a solitude horse ride in the
beautiful country; and The curious dog looks to do some damage to the pots. It
appears that more rigorous control, as e.g. for JAPR-TC12 and VLT2K, is needed
to constrain people to producing descriptions that describe only what can be seen.

2.1.3 How Humans Describe Images

Human-authored image descriptions tend to prioritize mention of foregrounded
and/or large entities, their attributes (color, size, etc.), and relationships linking
them, to each other and to their surroundings. However, human authors have strong
tendencies to add many different kinds of conjectured content, attributing emotions
and intent to people and animals, placing the image in the context of a story, or
ascribing subjective properties to image elements. The examples in Figure 1 exhibit
several forms of conjecture. For the picture on the left, it is unclear whether the
object in the dog’s mouth is a chocolate treat, a ball, or something else. Is the
object being put into, held in, or in fact retrieved from, the dog’s mouth? Is it a
puppy or a grown dog? Is its colour white or tan? For the picture on the right, is
the woman working on her notebook, preparing drinks, or is she busy with some-
thing unidentifiable? In the (naturally occurring) captions of the images in Figure 2
proper names, subjective attributes, and attribution of state of mind are all used.

From guessing emotional states to being more precise than the information in an
image permits, people have a tendency to fill in the missing bits, to tell a story.
Moreover, they do this in a myriad of different ways. On the one hand, humans
have these tendencies, on the other hand researchers try to quell them and elicit
descriptions that only talk about what can be seen in an image, moreover only what
is ‘important’. This strong pull between what people come up with when asked to
describe an image, and what researchers try to get them to do, raises questions
about whether this is a good way to collect training and evaluation data.

2.1.4 Human-generated Image Descriptions as Training and Evaluation Data

The datasets above are used to train the methods in Section 2.2, and as refer-
ence data by many of the evaluation methods in Section 2.3. Systems are trained






