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Professor Luke Zettlemoyer
Computer Science and Engineering

A goal of artificial intelligence is to create a system that can perceive and understand the visual world
through images. Central to this goal is defining what exactly should be recognized, both in structure and
coverage. Numerous competencies have been proposed, ranging from low level tasks such as edge detection
to high level tasks, such as semantic segmentation. In each case, a specific set of visual targets is considered
(e.g. particular objects or activities to be recognized) and it can be difficult to define a comprehensive set
of everything that could be present in the images. In contrast to these efforts, we consider taking a broader
view of visual recognition. We propose to use natural language as a guide for what people can perceive
about the world from images and what ultimately machines should emulate.

We show it is possible to use unrestricted words and large natural language processing ontologies to
define relatively complete sets of targets for visual recognition. We explore several core questions centered
around this theme: (a) what kind of language can be used, (b) what it means to label everything and (c)
can structure in language be used to define a recognition problem. We make progress in several directions,
showing for example that highly ambiguous sentimental language can be used to formulate concrete targets
and that linguistics feature norms can be used to densely annotate many complex aspects of images.

Finally, this thesis introduces situation recognition, a novel representation of events in images that relies
on two natural language processing resources to achieve scale and expressivity. The formalism combines
WordNet, an ontology of nouns, with FrameNet, an ontology of verbs and implicit argument types, and
is supported by a newly collected large scale image resource imSitu. Situation recognition significantly
improves over existing formulations for activities in images, allowing for higher coverage, increased richness
of the representation, and more accurate models. We also identify new challenges with our proposal, such

as rarely observed target outputs, and develop methods for addressing them.
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Chapter 1

Introduction

A goal of artificial intelligence is to create a system that can perceive and understand the visual world
through images. Central to this goal is defining what exactly should be recognized, both in structure and
coverage. Numerous competencies have been proposed, ranging from low level tasks such as edge detection
to high level tasks, such as semantic segmentation. In each case, a specific set of visual targets is considered
(e.g. particular objects or activities to be recognized) and it can be difficult to define a comprehensive set
of everything that could be present in the images. In contrast to these efforts, we consider taking a broader
view of visual recognition. We propose to use natural language as a guide for what people can perceive

about the world from images and what ultimately machines should emulate.

In this thesis we show it is possible to use unrestricted words and large natural language ontologies for
defining what a machine understands about the visual world. While most computer vision tasks are can
be viewed abstractly (i.e. classification: the problem of producing a label index given an image), language
already plays a significant role in these problems. Labels are communicated to annotators using natural
language names, i.e. ImageNet [30], where labels are WordNet [106] synsets, and some labels are even
combinations of many words, forming phrases, i.e. labels from Stanford-40 activity recognition [151], such
as riding-a-bike or riding-a-horse. Attributes are usually communicated using adjectives [85] (i.e. smooth)
and actions are usually communicated using verbs [ 138], sometimes combined with nouns to disambiguate
sense. In this work, we make this relationship more explicit and study (a) what kind of language can be

used for defining a recognition problem, (b) what it means to label everything in an image using words and
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(c) whether structure in language, such as frame semantic structure, can be used to define a recognition
problem. Fundamentally, our proposal is to use unrestricted words and large natural language processing
ontologies to define targets of visual recognition systems to substantially extend capabilities and coverage.
Using language for the purpose of defining visual recognition systems has several advantages. First,
natural language statements about images can be elicited from people at scale, largely without training, in
both task oriented and open settings. This observation has led to the collection of large-scale datasets such
as ImageNet [30] and the introduction of tasks such as image captioning [46] and visual question answer [3].
Grounded language is also naturally occurring, for example in captions associated with Flikr images [116],
general images found on the web with associated alt text [33], or images described for the deaf [124]. Such
data can serve as a significant source of weak supervision for visual recognition systems based on language.
Furthermore, we can reuse significant research from natural language processing to understand the structure
of statements. For example, parsers can be used to decompose multi-word or sentential statements into
meaningful sub-units for recognition [83]. Natural language based visual recognition can be used to provide
a shared set of conceptual units between a person and a computer. In a grounded settings, such as interpreting
commands given by a human to a machine shared conceptual spaces can significantly simplify the job of the
computer [140]. Finally, defining recognition in terms of language can yield significant benefits in terms of
coverage visual concepts. Instead of defining particular concepts as targets of recognition, entire classes of
natural language statements can used instead, even implicitly defining target behavior of recognition systems
on unobserved concepts. This work significantly expands the connection between recognition and language

both in terms of coverage of groundable concepts and methods for fusing the two.

1.1 Challenges

Several core challenges emerge when trying to frame visual recognition around natural language. Some of
these issues follow directly from natural language processing, such as sparsity from heavy tailed distribu-

tions. On the other hand, several new challenges also arise.

Non-visual Language Not all words correspond to concepts that can easily ground to images. This prob-

lem comes up in several forms. First, while many concepts can be in general grounded, images can signifi-
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cantly limit the number of unambiguous concepts. For example, an image of a person opening and a person
closing a door can be indistinguishable without video context. Furthermore, some language that initially
may seem highly subjective or ambiguous can have significant quantities of ground-able information, such
as business-oriented or aloof. This challenge can strongly impact the quality of collected data and cause

unwarranted exclusion in efforts to affordably create datasets.

Lexical Ambiguity While defining visual recognition to encompass any possible word makes it easier to
cover more concepts, words function to highlight aspects rather than as unambiguous names for something
in the world. This challenge is typified by multiple ways to name a single object in image (for example,
person, male, male child), and requires significant effort to address. Datasets must be collected with multiple
different ground truth annotations to allow for robust evaluation. Furthermore, methods must be able to deal

with potentially ambiguous data, or training with multiple equivalent, correction annotations.

Sparsity and Combinatorial Explosion Using language as labels for visual recognition introduces spar-
sity into the structure of labels. Many labels occur infrequently and these tend to be the challenging cases.
Furthermore, while most existing methods for computer vision focus on generalizing across image variation,

recognition structured around language requires systems produce novel combinations of labels.

1.2 Approaches

In our efforts to explore how language can be used to structure visual recognition, we have tackled several
aspects of the problem. Initial work was small in scope, focusing on questions such as : what language
is groundable? what does it mean to annotate everything with language? Later work focused on using se-
mantic role labeling resources such as FrameNet to formulate a large scale, high coverage event recognition

formalism for images.

Sentimental Language for Visual Tasks Language can describe varied aspects of our visual world, in-
cluding not only what is literally there but also the social, cultural, and emotional sentiment it invokes.
Recently, there has been a growing effort to study literal language that describes directly observable prop-

erties, such as object color, shape, or category [44; ; ]. Here, we add a focus on sentimental visual
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language, which compactly describes more subjective properties such as if a person looks determined, if a
resume looks professional, or if a restaurant looks romantic. Such models enable many new applications,
such as text editors that automatically select properties including font, color, or text alignment to best match
high level descriptions such as “professional” or “artistic.”

We study visual language, both literal and sentimental, that describes the overall appearance and style of
virtual characters. We use literal language as feature norms, a tool used for studying semantic information
in cognitive science [105]. Literal words, such “black” or “hat,” are annotated for objects to indicate how
people perceive visual properties. Such feature norms provide our gold-standard visual detectors, and allow

us to focus on learning to model sentimental language, such as “youthful” or “goth.”

Description with Dense Language Annotation In an effort to approximate relatively complete visual
recognition, we collected manually labeled representations of objects, parts, attributes and activities for a
benchmark caption generation dataset that includes images paired with human authored descriptions [122].
For example, such labels include object boundaries and descriptive text, here including the facts that the
children are “riding” and “walking” and that they are “young.” Our goal is to be as exhaustive as possible,
giving equal treatment to all objects. Labels gathered in this way are a type of feature norms [105], which
have been used in the cognitive science literature to approximate human perception and were recently used
as a visual proxy in distributional semantics [134]. We present the first effort, that we are aware of, for using
feature norms to study image description generation.

In this work, we instead study generation with more complete visual support, as provided by human
annotations, allowing us to develop more comprehensive models than previously considered. Such models
have the dual benefit of (1) providing new insights into how to construct more human-like sentences and
(2) allowing us to perform experiments that systematically study the contribution of different visual cues in

generation, suggesting which automatic detectors would be most beneficial for generation.

Common Sense using WordNet How can we discover that bowls can hold broccoli, that if a knife touches
a cake then a person is probably cutting cake, or that cutlery can be on dining tables? We propose to leverage
the effort of computer vision researchers in creating large scale datasets for object detection and use these

resources instead to extract symbolic representations of visual common sense. The knowledge we compile
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is physical, not commonly covered in text and more exhaustive than what people can usually produce. We
show that such derived visual knowledge can be placed in the context of large language resources such as
WordNet to extend the amount of inferred knowledge by several orders of magnitude.

Our focus is particularly on visual common sense, defined as the information about spatial and functional
properties of entities in the world. We propose to extract three types of knowledge from the Microsoft
Common Objects in Context dataset [95] (MS-COCO), consisting of 300,000 images, covering 80 objects,
with object segments and natural language captions. First, we find spatial relations, e.g. holds(bed, dog),
from outlines of co-occurring objects. Next, we construct entailment rules like holds(bed, dog) = laying-
on(dog, bed) by associating spatial relations with text in captions. Finally, we uncover general facts such as
holds(furniture, domestic animal), applicable to object types not present in MS-COCO by using WordNet

[106] and a novel submodular k-coverage formulation.

Situation Recognition When we look at an image, we instantly and effortlessly recognize not only what
is happening (e.g., clipping) but who and what is involved (e.g., a person, shears, a sheep, wool) and how
these entities relate to each other, the roles that they play (e.g., the person does the clipping, the shears
are the clipping tool, and the wool is being clipped from the sheep). In this paper, we argue for explicitly
encoding such semantic roles, a key missing ingredient in current paradigms of recognition, in image under-
standing. We introduce situation recognition, a problem that involves predicting activities along with actors,
objects, substances, and locations and how these pieces fit together (semantic roles). Situation recognition
generalizes activity recognition and human-object interaction. In essence, we are building representations
that support the understanding not just of “What is happening?” but also “Who is doing it?” (the agent
role), “What are they doing it to?” (patient), “What are they doing it with?” (tool), “Where did it
start?” (source), and so on, as appropriate for each activity.

It is difficult to know a priori what roles entities can play in each activity. However, we can draw
inspiration from the way verbs are used in the English language by building on FrameNet [53], a linguist-
authored verb lexicon. FrameNet pairs every verb with a frame, which specifies a set of semantic roles.
Semantic roles categorize how objects can participate in the activity described by a verb. Such frames have
been used to build semantic parsers that match verbs to their arguments in English sentences, for example

see [20]. However, here we instead use them to define the space of possible situations, much like how
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WordNet [106] was used to define ImageNet [126] object classes. For each frame, the verb defines an
activity label, and the semantic roles specify how WordNet entities participate in the activity. For example,
Figure 6.1 shows situations where the FrameNet verb spraying has a semantic role tool that is filled
with WordNet synsets such as spray can or hose.

To demonstrate the generality of the situation recognition task, we introduce imSitu, a collection of over
125,000 images depicting 200,000 distinct situations. Each situation includes one of 500 possible activities
and values for up to 6 activity-specific roles (3.5 on average and 1,700 unique roles in total with 190 types).
The images were gathered from Google image search with query expansion techniques and labeled with
complete situations on Amazon Mechanical Turk. The annotators specified one of 80,000 possible WordNet
sysnets for each role, providing over 11,000 unique values for this image collection. In addition to being

large scale, this data is also high quality.

Sparsity in Situation Recognition Situation recognition can be challenging because many activities, such
as carrying, have very open ended semantic roles, such as item, the thing being carried: nearly any
object can be carried and the training data will never contain all possibilities. This is a prototypical instance
of semantic sparsity: rare outputs constitute a large portion of required predictions (35% in the imSitu
dataset [152]), and current state-of-the-art performance for situation recognition drops significantly when
even one participating object has few samples for it’s role. We propose to address this challenge in two
ways by (1) building models that more effectively share examples of objects between different roles and (2)
semantically augmenting our training set to fill in rarely represented noun-role combinations.

We introduce a new compositional Conditional Random Field formulation (CRF) to reduce the effects
of semantic sparsity by encouraging sharing between nouns in different roles. Like previous work [152],
we use a deep neural network to directly predict factors in the CRF. In such models, required factors for the
CRF are predicted using a global image representation through a linear regression unique to each factor. In
contrast, we propose a novel tensor composition function that uses low dimensional representations of nouns
and roles, and shares weights across all roles and nouns to score combinations. Our model is compositional,
independent representations of nouns and roles are combined to predict factors, and allows for a globally
shared representation of nouns across the entire CRF.

This model is trained with a new form of semantic data augmentation, to provide extra training samples
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for rarely observed noun-role combinations. We show that it is possible to generate short search queries that
correspond to partial situations (i.e. “man carrying baby” or “carrying on back”) which can be used for web
image retrieval. Such noisy data can then be incorporated in pre-training by optimizing marginal likelihood,
effectively performing a soft clustering of values for unlabeled aspects of situations. This data also supports

self training where model predictions are used to prune the set of images before training the final predictor.

1.3 Contributions

The contributions of this thesis can be summarized as:

A proposal for grounding sentimental language

A proposal for dense labeling of images using natural language statements

Methods for extracting visual common sense

Situation recognition, a novel formalism for event recognition in images

e ImSitu, the highest coverage, currently available resource for events in images

Models for addressing sparsity in structured prediction of situations

1.4 Thesis Outline

The rest of the thesis will be organized with smaller explorations first, followed by two larger sections about
situation recognition. Chapter 3 discusses relating literal descriptions to sentimental ones in the context
of avatar generation. Chapter 4 considers a proposal for labeling everything in an image and introduces a
caption generation system based on the labeling formalism. Chapter 5 introduces methods for extracting
visual common sense using a object detection dataset and Wordnet. Finally, Chapters 6 and Chapter 7 deal
with situation recognition, the first introducing data and baseline models, and the second identifying sparsity

as a central challenge and proposing methods for addressing it.
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Chapter 2

Related Work

2.1 Overview

Our work has examined the limits of what language is groundable. While previous explorations considered
retrieving images [79] or generating graphics scenes from literal descriptions [24], we were the first consider
high level, sentimental intents for finding objects in our avatar work. Furthermore, we have proposed a
representation of an image entirely driven by language labels. Such a representation resembles structures in
other grounded contexts, such as databases [159; ; 84; 8], sports commentary [ 18], or navigation [5; 15;

], but focuses on semantic elements important for image captioning. Our dense image annotation work
was the first to try to exhaustively model all semantic elements found in captions, such as groups, properties,

events, and parts.

Our work builds on an increasing trend to use language as a basis for forming recognition problems.
Most simply, all common visual recognition datasets use label spaces defined by language but few works
exploit this fact. For example, ImageNet [126] uses WordNet [106] to define a recognition problem but the
underlying challenge [127] ignores the relationship of the categories to WordNet. Several works have used
the hierarchical structure of the WordNet labels [31; 29; ], but no work has shown the utility of explicitly
reasoning about the labels as used in language beyond zero-shot learning settings [90; 56; 99; 87] work work
embedding analogy tasks [134]. Many problems have been proposed that explicitly tie language and vision,

such as captions [406; ; 95], visual question answer [4; ; ; 60; 41], or referring expression [74] but
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none of these proposals demonstrate improvement on existing recognition tasks. Our situation recognition
work contributes a missing piece in all of these works: semantics of events . We use FrameNet [53] to
formulate a language based representation of events in and provide the first large scale example of a language
representation improving a core problem, such as activity recognition.

Each of the following sections provides more detailed related work for each of our contributions.

2.2 Sentimental Language

To the best of our knowledge, our focus on learning to understand visual sentiment descriptions is novel.
However, visual sentiment has been studied from other perspectives. Jrgensen [72] provides examples which
show that visual descriptions communicate social status and story information in addition to literal object
and properties. Tousch et al. [142] draw the distinction between “of-ness” (objective and concrete) and
“about-ness” (subjective and abstract) in image retrieval, and observe that many image queries are abstract
(for example, images about freedom). Finally, in descriptions of people undergoing emotional distress,
Fussell and Moss [58] show that literal descriptions co-occur frequently with sentimental ones.

There has been significant work on more literal aspects of grounded language understanding, both visual
and non-visual. The WordsEye project [24] generates 3D scenes from literal paragraph-length descriptions.
Generating literal textual descriptions of visual scenes has also been studied, including both captions [82;

; 52] and descriptions [47]. Furthermore, Chen and Dolan [16] collected literal descriptions of videos
with the goal of learning paraphrases while Zitnick and Parikh [163] describe a corpus of descriptions for
clip art that supports the discovery of semantic elements of visual scenes.

There has also been significant recent work on automatically recovering visual attributes, both abso-
lute [44] and relative [79], a challenge that we avoid having to solve with our use of feature norms [105].

Grounded language understanding has also received significant attention, where the goal is to learn to
understand situated non-visual language use. For example, there has been work on learning to execute
instructions [11; 15; 5], provide sports commentary [17], understand high level strategy guides to improve
game play [12; 35], and understand referring expression [104].

Finally, our work is similar in spirit to sentiment analysis [ 18], emotion detection from images and

speech [158], and metaphor understanding [131; ]. However, we focus on more general visual context.
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2.3 Dense Labeling

A number of approaches have been proposed for constructing sentences from images, including copying
captions from other images [47; ], using text surrounding an image in a news article [51], filling visual
sentence templates [82; ; 37], and stitching together existing sentence descriptions [66; 83]. However,
due to the lack of reliable detectors, especially for activities, many previous systems have a small vocabulary
and must generate many words, including verbs, with no direct visual support.

The Midge algorithm [108] is most closely related to our approach, and will provide a baseline in our
experiments. Midge is syntax-driven but again uses a small vocabulary without direct visual support for
every word. It outputs a large set of sentences to describe all triplets of recognized objects in the scene, but
does not include a content selection model to select the best sentence. In the evaluation, we extend Midge
with content and sentence selection rules so that we can use it as a baseline.

The visual facts we annotate are motivated by research in machine vision. Attributes have been shown
to be a good intermediate representation for categorization [45]. Activity recognition in still images is also
emerging [92; ; ], although significantly less studied than object recognition. Also, parts have been
widely used in object recognition [50]. Yet, no work tests the contribution of these labels for sentence
generation.

There is also a significant amount of work on other grounded language problems, where related mod-
els were developed. Visual referring expression generation systems [80; ; 54] aim to identify specific
objects, a sub-problem we deal with when describing images more generally. Other research generates de-
scriptions in simulated worlds and, like this work, uses feature rich models [2], or syntactic structures like
PCFGs [17; 77] but does not combine the two. Finally, Zitnick and Parikh [163] study sentences describing
clipart scenes. They present a number of factors influencing overall descriptive quality, several of which we

use in sentence generation for the first time.

2.4 Common Sense

Common sense knowledge has been predominately created directly from human input or extracted from text

[91; 98; 14]. In contrast, our work is focused on visual common sense extracted from images annotated with
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regions and descriptions.

There has also been recent interest in the vision community to build databases of visual common sense
knowledge. Efforts have focused on a small set of relations, such as similar to or part of [20]. Webly
supervised techniques [33; 20] have also been used to test whether a particular object-relation-object triplet
occurs in images [128]. In contrast, we use seven spatial relations and allow natural language relations that
represent a larger array of higher level semantics. We also leverage existing efforts on annotating large scale
image datasets instead of relying on the noisy outputs of a computer vision system.

On a technical level, our methods for extracting common sense facts from images rely on Pointwise-
Mutual Information (PMI), analogous to other rule extraction systems based on text [94; ]. We view
objects as an analogy for words, images as documents, and object-object configurations as typed bigrams.
Our methods for generalizing relations are inspired by work that tries to predict a class label for an image
given a hierarchy of concepts [29; ; ]. Yet our work is the first to deal with visual relations between
pairs of concepts in the hierarchy by using a sub-modular formulation that maximizes the amount of cover-
age of subordinate categories while avoiding contradictions with an initial set of discovered common-sense

assertions.

2.5 Situation Recognition

Activity recognition in still images has been widely studied [65], and it is generally accepted that objects and
scenes are important for recognition [93]. These intuitions are often built directly into datasets by framing
activity recognition as a discrete classification problem, with a small set of multi-word category labels that
combine a verb with a scene or object [28; 42; 68; ; ; ]. Although recent work has scaled the
number of classes [88], they are still hand selected and it can be difficult to know what should be included
in the set. For example, while “cutting-vegetables” is a category in Stanford-40, many others possibilities,
like “cutting-grass” or the more generic “cutting,” are missing (similar examples can be found in all current
activity recognition datasets). In contrast, our task formulation uses linguistic resources to define a very
large and significantly more comprehensive space of possible situations.

Many methods have been proposed for modeling semantic context in activity recognition [34]. Our

approach is most closely related to work that models object co-occurrence [120] and uses graphical models
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to combine many sources of contextual information [59; 49]. Actions have been a particularly fruitful
source of context [103], especially when combined with pose to create human-object interactions [100;
]. However, we present the first approach to define how multiple objects participate in a single activity,
allowing us to systematically recover activity-specific facts such as “Who is doing it?” (the agent role),
“What are they doing it to?” (patient), etc.
There is also significant related work in the intersection of language and vision. WordNet [106] is used
to define ImageNet [30] classes, much like how we use FrameNet [53] to define our situation space. Recent

work has also explored other areas of cross pollination, including video recognition [64], cross modal map-

pings [135; 87; 57], coreference [40; 76], and affordances [162]. In particular, sentence generation is closely
related and has received significant attention [153; 73; 22; 43; ; ; 70; ; 97]. Our situations are
inspired by semantic role labeling models [26; 75], which are designed to provide a type of shallow seman-

tics for verbs; in essence, our frames correspond to simple declarative sentences. However, we sidestep the
evaluation challenges that come with generating sentences [144; 39], while also providing visual evidence
for verbs that should aid captioning. At least partially motivated by the same concerns, there are recent
efforts to formulate Visual Question Answering (VQA) tasks [4; ; ; 60; 41], where the system must
answer questions like “What is the person using to cut the grass?” In a pilot study on a VQA dataset [4], we
found that up to 20% of questions ask about a semantic role, suggesting that situation recognition could be
beneficial.

Finally, situation recognition is related to two parallel efforts to define visual semantic role labeling
tasks. Both provide instance-level information with bounding regions for objects [69; ]. We instead
focus on classification, annotate an order of magnitude more images and are the first to consider more than

two semantic roles.

2.6 Sparsity in Situation Recognition

Learning to cope with semantic sparsity is closely related to zero-shot or k-shot learning. Attribute-based
learning [85; 86; 48], cross-modal transfer [135; 90; 57; 87] and using text priors [99; 64] have all been
proposed but they study classification or other simplified settings. For the structured case, image caption-

ing models [153; 73; 22; 43; ; 70; ; 97] have been observed to suffer from a lack of diversity and
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generalization [145]. Recent efforts to gain insight on such issues extract subject-verb-object (SVO) triplets
from captions and count prediction failures on rare tuples [6]. Our use of imSitu to study semantic sparsity
circumvents the need for intermediate processing of captions and generalizes to verbs with more than two
arguments.

Compositional models have been explored in a number of applications in natural language process-
ing, such as sentiment analysis [137], dependency parsing [89], text similarity [7], and visual question
answering [ 1] as effective tools for combining natural language elements for prediction. Recently, bilinear
pooling [96] and compact bilinear pooling [61] have been proposed as second-order feature representations
for tasks such as fine grained recognition and visual question answer. We build on such methods, using low
dimensional embeddings of semantic units and expressive outer product computations.

Using the web as a resource for image understanding has been studied through NEIL [21], a system
which continuously queries for concepts discovered in text, and Levan [33], which can create detectors
from user specified queries. Web supervision has also been explored for pretraining convolutional neural
networks [19] or for fine-grained bird classification [ 19] and common sense reasoning [128]. Yet we are the
first to explore the connection between semantic sparsity and language for automatically generating queries
for semantic web augmentation and we are able to show improvement on a large scale, fully supervised

structured prediction task.
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Chapter 3

Sentimental Language

Language can describe our visual world at many levels, including not only what is literally there but also the
sentiment that it invokes. In this paper, we study visual language, both literal and sentimental, that describes
the overall appearance and style of virtual characters. Sentimental properties, including labels such as
“youthful” or “country western,” must be inferred from descriptions of the more literal properties, such as
facial features and clothing selection. We present a new dataset, collected to describe Xbox avatars, as well
as models for learning the relationships between these avatars and their literal and sentimental descriptions.
In a series of experiments, we demonstrate that such learned models can be used for a range of tasks,
including predicting sentimental words and using them to rank and build avatars. Together, these results
demonstrate that sentimental language provides a concise (though noisy) means of specifying low-level

visual properties.

3.1 Introduction

Language can describe varied aspects of our visual world, including not only what is literally there but
also the social, cultural, and emotional sentiment it invokes. Recently, there has been a growing effort to
study literal language that describes directly observable properties, such as object color, shape, or category
[44; ; ]. Here, we add a focus on sentimental visual language, which compactly describes more
subjective properties such as if a person looks determined, if a resume looks professional, or if a restaurant

looks romantic. Such models enable many new applications, such as text editors that automatically select
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(A) This is a light tan young man with short and trim (B) State of mind: angry, upset, deter-
haircut. His hair is light brown and grows closely to mined. Likes: country western, rodeo. Oc-
this face. He has straight eyebrows and large brown cupation: cowboy, wrangler, horse trainer.
eyes. He has a neat and trim appearance. Overall: youthful, cowboy.

Figure 3.1: (A) Literal avatar descriptions and (B) sentimental descriptions of four avatar properties, in-
cluding possible occupations and interests.

properties including font, color, or text alignment to best match high level descriptions such as “professional”

or “artistic.”

In this paper, we study visual language, both literal and sentimental, that describes the overall appearance
and style of virtual characters, like those in Figure 3.1. We use literal language as feature norms, a tool used
for studying semantic information in cognitive science [105]. Literal words, such “black” or “hat,” are
annotated for objects to indicate how people perceive visual properties. Such feature norms provide our
gold-standard visual detectors, and allow us to focus on learning to model sentimental language, such as

“youthful” or “goth.”

We introduce a new corpus of descriptions of Xbox avatars created by actual gamers. Each avatar

is specified by 19 attributes, including clothing and body type, allowing for more than 102

possibilities.
Using Amazon Mechanical Turk,! we collected literal and sentimental descriptions of complete avatars
and many of their component parts, such as the cowboy hat in Figure 3.1(B). In all, there are over 100K

descriptions. To demonstrate potential for learning, we also report an A/B test which shows that native

Ywww .mturk . com
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speakers can use sentimental descriptions to distinguish the labeled avatars from random distractors. This
new data will enable study of the relationships between the co-occurring literal and sentimental text in a rich
visual setting.”

We describe models for three tasks: (i) classifying when words match avatars, (ii) ranking avatars given
a description, and (iii) constructing avatars to match a description. Each model includes literal part de-
scriptions as feature norms, enabling us to learn which literal and sentinel word pairs best predict complete
avatars.

Experiments demonstrate the potential for jointly modeling literal and sentimental visual descriptions
on our new dataset. The approach outperforms several baselines and learns varied relationships between
the sentimental and literal descriptions. For example, in one experiment “nerdy student” is predictive of an
avatar with features indicating its shirt is “plaid” and glasses are “large” and faces that are not “bearded.”
We also show that individual sentimental words can be predicted but that multiple avatars can match a single
sentimental description. Finally, we use our model to build complete avatars and show that we can accurately

predict the sentimental terms annotators ascribe to them.

3.2 Related Work

3.3 Data Collection

We gathered a large number of natural language descriptions from Mechanical Turk (MTurk). They in-
clude: (1) literal descriptions of specific facial features, clothing or accessories and (2) high level subjective

descriptions of human-generated avatars.’

Literal Descriptions We showed annotators a single image of clothing, a facial feature or an accessory
and asked them to produce short descriptions. Figure 3.2 shows the distribution over object types. We
restricted descriptions to be between 3 and 15 words. In all, we collected 33.2K descriptions and had on

average 7 words per descriptions.

Data available at ht tp: //homes.cs.washington.edu/~my89/avatar.
3(2) also has phrases describing emotional reactions. We also collected (3) multilingual literal, (4) relative literal and (5)
comprehensive full-body descriptions. We do not use this data, but it will be included in the public release.

35


http://homes.cs.washington.edu/~my89/avatar

&

[~

120

E @

s 40

* 0
= = WmoE w0 FoEwoDp P
GESScfiSC5SEEszEs5a

o ELIJ = E =

Figure 3.2: The number of assets per category and example images from the hair, shirt and hat categories.

Sentimental Descriptions We also collected 1913 gamer-created avatars from the web. The avatars were
filtered to contain only items from the set of 665 for which we gathered literal descriptions. The gender
distribution is 95% male.

To gather high level sentimental descriptions, annotators were presented with an image of an avatar and
asked to list phrases in response to the follow different aspects:

- State of mind of the avatar.

- Things the avatar might care about.

- What the avatar might do for a living.

- Opverall appearance of the avatar.

6144 unique vocabulary items occurred in these descriptions, but only 1179 occurred more than 10

times. Figure 3.1 (B) shows an avatar and its corresponding sentimental descriptions.

Quality Control All annotations in our dataset are produced by non-expert annotators. We relied on

manual spot checks to limit poor annotations. Over time, we developed a trusted crowd of annotators who
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produced only high quality annotations during the earliest stage of data collection.

3.4 Feasibility

Our hypothesis is that sentimental language does not uniquely identify an avatar, but instead summarizes or
otherwise describes its overall look. In general, there is a trade off between concise and precise descriptions.
For example, given a single word you might be able to generally describe the overall look of an avatar, but

a long, detailed, literal description would be required to completely specify their appearance.

Kappa vs Cumulative Difficulty
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Figure 3.3: Judged task difficulty versus agreement, gamer avatar preference, and percentage of data cov-
ered. The difficulty axis is cumulative.

To demonstrate that the sentimental descriptions we collected are precise enough to be predictive of

appearance, we conducted an experiment that prompts people to judge when avatars match descriptions. We
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State of mind: content, humble, satisfied, peaceful, relaxed, calm. Likes: fashion,
friends, money, cars, music, education. Occupation: teacher, singer, actor, performer,
dancer, computer engineer. Overall: nerdy, cool, smart, comfy, easygoing, reserved

State of mind: playful, happy; Likes: sex
Occupation: hobo Overall: dumb

Figure 3.4: Avatars rated as difficult.

created an A/B test where we show English speakers two avatars and one sentimental description. They
were asked to select which avatar is better matched by the description and how difficult they felt, on a
scale from 1 to 4, it was to judge. For 100 randomly selected descriptions, we asked 5 raters to compare
the gamer avatars to randomly generated ones (where each asset is selected independently according to a
uniform distribution). Figure 3.3 shows a plot of Kappa and the percent of the time a majority of the raters
selected the gamer avatar. The easiest 20% of the data pairs had the strongest agreement, with kappa=.92,
and two thirds of the data has kappa = .70. While agreement falls off to .52 for the full data set, the gamer

avatar remains the majority judgment 81% of the time.

The fact that random avatars are sometimes preferred indicates that it can be difficult to judge sentimental
descriptions. Consider the avatars in Figure 3.4. Neither conforms to a clear sentimental description based
on the questions we asked. The right one is described with conflicting words and the words describing the
left one are very general (like “dumb”). This corresponds to our intuition that while many avatars can be

succinctly summarized with our questions, some would be more easily described using literal language.
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3.5 Tasks and Evaluation

We formulate three tasks to study the feasibility of learning the relationship between sentimental and literal

descriptions. In this section, we first define the space of possible avatars, followed by the tasks.

Queries Avatars Items and Categories
q a, f \
: r e
/K\
. d, n \
) - - i1 iz mmm ik-1 ik
A a3 : : .
hair earrings shirt pants
' ] Descriptions
g, - confident, proud, . d, - brown hair falling in front of right eye
brave; fashion, military, d, - long combed hair fell over the face
freedom of expression; an
young, cool, popular dg, - brown short hair with left partitioning

Figure 3.5: Avatars, queries, items, literal descriptions.

Avatars Figure 3.5 summarizes the notation we will develop to describe the data. An avatar is defined by
a 19 dimensional vector @ where each position is an index into a list of possible items i. Bach dimension
represents a position on the avatar, for example, hat or nose. Each possible item is called an asset and is
associated with a set of positions it can fill. Most assets take up exactly one position, while there are a
few cases where assets take multiple positions.* An avatar @ is valid if all of its mandatory positions are
filled, and no two assets conflict on a position. Mandatory positions include hair, eyes, ears, eyebrows, nose,
mouth, chin, shirt, pants, and shoes. All other positions are optional. We refer to this set of valid @ as A.
Practically speaking, if an avatar is not valid, it cannot be reliably rendered graphically.

Each item 1 is associated with the literal descriptions d; € D where D is the set of literal descriptions.

Furthermore, every avatar @ is associated a list of sentimental query words ¢, describing subjective aspects

“For example, long sleeve shirts cover up watches, so they take up both shirt and wristwear positions. Costumes tend to span
many more positions, for example there a suit that takes up shirt, pants, wristwear and shoes positions.
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of an avatar.”

Sentimental Word Prediction We first study individual words. The word prediction task is to decide
whether a given avatar can be described with a particular sentimental word ¢*. We evaluate performance

with F-score.

Avatar Ranking We also consider an avatar retrieval task, where the goal is to rank the set of avatars in
our data, U;j—1.. ,aj, according to which one best matches a sentimental description, ¢;. As an automated
evaluation, we report the average percentile position assigned to the true a; for each example. However,
in general, many different avatars can match each ¢;, an interesting phenomena we will further study with

human evaluation.

Avatar Generation Finally, we consider the problem of generating novel, previously unseen avatars, by
selecting a set of items that best embody some sentimental description. As with ranking, we aim to construct
the avatar d; that matches each sentimental description ¢;. We evaluate by considering the item overlap

between @; and the output avatar a*, discounting for empty positions:®

—

I SN I(ak = ai) 3.1)
max (numparts(a*), numparts(a;))’ ‘

where numparts returns the number of non-empty avatar positions. The score is a conservative measure
because some items are significantly more visually salient than others. For instance, shirts and pants occupy
a large portion of the physical realization of the avatar, while rings are small and virtually unnoticeable. We

additionally perform a human evaluation in Section 7.5 to better understand these challenges.

3.6 Methods

We present two different models: one that considers words in isolation and another that jointly models the

query words. This section defines the models and how we learn them.

>We do not distinguish which prompt (e.g., “state of mind” or “occupation”) a word in § came from, although the vocabularies
are relatively disjoint.

8Qptional items are infrequently used. Therefore not predicting them at all offers a strong baseline. Yet doing this demonstrates
nothing about an algorithm’s ability to predict items which contribute to the sentimental qualities of an avatar.
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3.6.1 Independent Sentimental Word Model

The independent word model (S-Independent) assumes that each word independently describes the avatar.
We construct a separate linear model for each word in the vocabulary.

To train these model, we transform the data to form a binary classification problem for each word, where
the positive data includes all avatars the word was seen with, (g, @;, 1) for all ¢ and ¢ € ¢;, and the rest are
negative, (g, aj, 0) for all ¢ and ¢ ¢ ¢;.

We use the following features:

e an indicator feature for the cross product of a sentiment query word ¢, a literal description word w €

D, and the avatar position index j (for example, ¢ = “angry” with w = “pointy” and j = eyebrows):
I(q € gi,w e d;i].,j)
e a bias feature for keeping a position empty:
I(q € Gi,a;; = empty, j)

These features will allow the model to capture correlations between our feature norms which provide
descriptions of visual attributes, like black, and sentimental words, like gothic.

S-Independent is used for both word prediction and ranking. For prediction, we train a linear model using
averaged binary perceptron. For ranking, we try to rank all positive instances above negative instances. We
use an averaged structured perceptron to train the ranker [23]. To rank with respect to an entire query ¢;, we

sum the scores of each word ¢ € ¢;.

3.6.2 Joint Sentimental Model

The second approach (S-Joint) jointly models the query words to learn the relationships between literal and

sentimental words with score s:

lal |4l
s(dlq, D) = > 6" f(di, G, da,)

i=1 j=1
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Where every word in the query has a separate factor and every position is treated independently subject to
the constraint that @ is valid. The feature function f uses the same features as the word independent model

above.

This model is used for ranking and generation. For ranking, we try to rank the avatar a; for query ¢;
above all other avatars in the candidate set. For generation, we try to score a; above all other valid avatars
given the query ¢;. In both cases, we train with averaged structured perceptron [23] on the original data,

containing query, avatar pairs (q;, a;).

3.7 Experimental Setup

Random Baseline For the ranking and avatar generation tasks, we report random baselines. For ranking,
we randomly order the avatars. In the generation case, we select an item randomly for every position. This

baseline does not generate optional assets because they are rare in the real data.

Sentimental-Literal Overlap (SL-Overlap) We also report a baseline that measures the overlap between
words in the sentiment query ¢; and words in the literal asset descriptions D. In generation, for each position
in the avatar, a;, SL-Overlap selects the item whose literal description has the most words in common with
¢;. If no item had overlap with the query, we backoff to a random choice. In the case of ranking, it orders
avatars by the sum over every position of the number of words in common between the literal description and

the query, ¢;. This baseline tests the degree to which literal and sentimental descriptions overlap lexically.

Feature Generation For all models that use lexical features, we limited the number of words. 6144 unique
vocabulary items occur in the query set, and 3524 in the literal description set. There are over 400 million
entries in the full set of features that include the cross product of these sets with all possible avatar positions,
as described in Section 3.6. Since this would present a challenge for learning, we prune in two ways. We
stem all words with a Porter stemmer. We also filter out all features which do not occur at least 10 times in

our training set. The final model has approximately 700k features.

42



Word F-Score | Precision | Recall N
happi 0.84 0.89 0.78 | 149
student 0.78 0.82 0.74 | 129
friend 0.76 0.84 0.70 | 153
music 0.74 0.89 0.63 | 148
confid 0.74 0.82 0.76 | 157
sport 0.69 0.62 0.76 | 76
casual 0.63 0.6 0.67 84
youth 0.6 0.57 0.64 88
waitress 0.59 0.42 1 5
smart 0.57 0.54 0.6 88
fashion 0.54 0.54 0.54 70
monei 0.54 0.52 0.56 76
cool 0.54 0.52 0.56 84
relax 0.53 0.52 0.56 90
game 0.51 0.44 0.62 61
musician 0.51 0.44 0.61 66
parti 0.51 0.43 0.62 58
content 0.5 0.47 0.53 75
friendli 0.49 0.42 0.6 56
smooth 0.49 04 0.63 57

Table 3.1: Top 20 words (stemmed) for classification. N is the number of occurrences in the test set.

3.8 Results

We present results for the tasks described in Section 3.5 with the appropriate models from Section 3.6.

3.8.1 Word Prediction Results

The goal of our first experiment is to study when individual sentiment words can be accurately predicted. We
computed sentimental word classification accuracy for 1179 word classes with 10 or more mentions. Table
3.1 shows the top 20 words ordered by F-score.” Many common words can be predicted with relatively high
accuracy. Words with strong individual cues like happy (a smiling mouth), and confidence (wide eyes) and
nerdi (particular glasses) can be predicted well.

The average F-score among all words was .085. 33.2% of words have an F-score of zero. These zeros
include words like: unusual, bland, sarcastic, trust, prepared, limber, healthy and poetry. Some of these
words indicate broad classes of avatars (e.g., unusual avatars) and others indicate subtle modifications to

looks that without other words are not specific (e.g., a prepared surfer vs. a prepared business man). Fur-

7 Accuracy numbers are inappropriate in this case because the number of negative instances, in most cases, is far larger than the
number of positive ones.
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pensive,confrontational; music,socializing; musician,bar tending,club owner; smart,cool.

Figure 3.6: A sentimental description paired with the highest ranked avatars found by S-Joint.

Algorithm Percentile Rank
S-joint 77.3
S-independant 73.5
SL-overlap 60.4
Random 48.8

Table 3.2: Automatic evaluation of ranking. The average percentile that a test avatar was ranked given its
sentimental description.

thermore, evaluation was done assuming that when a word is not mentioned, it is should be predicted as
negative. This fails to account for the fact that people do not mention everything that’s true, but instead
make choices about what to mention based on the most relevant qualities. Despite these difficulties, the

classification performance shows that we can accurately capture usage patterns for many words.

3.8.2 Ranking Results

Ranking allows us to test the hypothesis that multiple avatars are valid for a high level description. Further-
more, we consider the differences between S-Joint and S-Independent, showing that jointly modelings all

words improves ranking performance.

Automatic Evaluation The results are shown in Table 3.2. Both S-Independent and S-Joint outperform
the SL-overlap baseline. SL-Overlap’s poor performance can be attributed to low direct overlap between
sentimental words and literal words. S-Joint also outperforms the S-Independent.

Inspection of the parameters shows that S-Joint does better than S-Independent in modeling words that
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Model Overlap
Random 0.041
SL-Overlap 0.049
S-Joint 0.126

Table 3.3: Automatic generation evaluation results. The item overlap metric is defined in Section 3.5.

only relate to a subset of body positions. For example, in one case we found that for the word “puzzled”
nearly 50% of the weights were on features that related to eyebrows and eyes. This type of specialization
was far more pronounced for S-Joint. The joint nature of the learning allows the features for individual
words to specialize for specific positions. In contrast, S-Independent must independently predict all parts

for every word.

Human Evaluation We report human relevancy judgments for the top-5 returned results from S-Joint.
On average, 56.2% were marked to be relevant. This shows that S-Joint is performing better than automatic
numbers would indicate, confirming our intuition that there is a one-to-many relationship between a sen-
timental description and avatars. Sentimental descriptions, while having significant signal, are not exact.
These results also indicate that relying on automatic measures of accuracy that assume a single reference
avatar underestimates performance. Figure 3.6 shows the top ranked results returned by S-Joint for a senti-

mental description where the model performs well.

3.8.3 Generation Results

Finally we evaluate three models for avatar generation: Random, SL-Overlap and S-Joint using automatic

measures and human evaluation.

Automatic Evaluation Table 3.3 presents results for automatic evaluation. The Random baseline per-
forms badly, on average assigning items correctly to less than 1 position in the generated avatar. The SL-
Overlap baseline improves, but still performs quite poorly. The S-Joint model performs significantly better,
correctly guessing 2-3 items for each output avatar. However, as we will see in the manual evaluation, many

of the non-matching parts it produces are still a good fit for the query.
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Kappa | Majority | Random | Sys.

SL-Overlap 0.20 0.25 0.34 | 0.32

S-Joint 0.52 0.90 0.07 | 0.81
] Gamer \ 0.52 \ 0.81 \ 0.08 \ 0.77 \

Table 3.4: Human evaluation of automatically generated avatars. Majority represents the percentage of time
the system output is preferred by a majority of raters. Random and System (Sys.) indicate the percentage of
time each was preferred.

Sentiment positive features negative features
happi mouth:thick, mouth:smilei, mouth:make, mouth:open mouth:tight, mouth:emotionless, mouth:brownish, mouth:attract
gothic shoes:brown, shirt:black, pants:hot, shirt:band shirt:half, shirt:tight, pants:sexi, hair:brownish
retro eyebrows:men, eyebrows:large, hair:round, pants:light eyebrows:beauti, pants:side; eyebrows:trim, pants:cut
beach pants:yello, pants:half, nose:narrow, pants:white shirt:brown, shirt:side; shoes:long, pants:jean

Table 3.5: Most positive and negative features for a word stem. A feature is [position]:[literal word].

Human Evaluation As before, there are many reasonable avatars that could match as well as the reference
avatars. Therefore, we also evaluated generation with A/B tests, much like in Section 3.4. Annotators were
asked to judge which of two avatars better matched a sentimental description. They could rate System A or
System B as better, or report that they were equal or that neither matched the description. We consider two
comparisons: SL-Overlap vs. Random and S-Joint vs Random. Five annotators performed each condition,
rating 100 examples with randomly ordered avatars.

We report the results for human evaluation including kappa, majority judgments, and a distribution
over judgments in Table 3.4. The SL-Overlap baseline is indistinguishable from a random avatar. This
contrasts with the ranking case, where this simple baseline showed improvement, indicating that generation
is a much harder problem. Furthermore, agreement is low; people felt the need to make a choice but were
not consistent.

We also see in Table 3.4 that people prefer the S-Joint model outputs to random avatars as often as they
prefer gamer to random. While this does not necessarily imply that S-Joint creates gamer-quality avatars, it

indicates substantial progress by learning a mapping between literal and sentimental words.

Qualitative Results Table 6 presents the highest and lowest weighted features for different sentimental
query words. Figure 3.8 shows four descriptions that were assigned high quality avatars.
In general, many of the weaker avatars had aspects of the descriptions but lacked such distinctive overall

looks. This was especially true when the descriptions contained seemingly contradictory information. For
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Ambition; business, Capable, confident, firm; heavy metal,

fashion, success; extreme sports, motorcycles; engineer,
salesman; smooth, mechanic, machinist; aggressive,
professional. strong, protective.

Figure 3.7: Avatars automatically generated with the S-Joint model.

example, one avatar was described as being both nerdy and popular. We generated a look that had aspects
of both of these descriptions, including a head that contained both conservative elements (like glasses) and
less conservative elements (like crazy hair and earrings). However, the combination would not be described
as nerdy or popular, because of difficult to predict global interactions between the co-occurring words and

items. This is an important area for future work.
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Stressed, bored, Happy, content, confident,

discontent; emo music; home, career, family,
works at a record store; secretary,student,
goth, dark, drab. classy,clean,casual

Figure 3.8: Avatars automatically generated with the S-Joint model.
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weight | position | literal stem | figurative stem
1.23 mouth grin happi
1.19 mouth youth happi
1.17 mouth friendli happi
1.13 mouth wide happi
1.12 mouth semicircl happi
-1.32 mouth anxieti happi
-1.11 mouth tight happi
-1.03 mouth lack happi
-1.02 mouth upset happi
-0.98 mouth angri happi
1.05 shirt joi bank
0.97 costume | formal bank
0.96 costume | fit bank
0.91 costume | super bank
0.90 costume | overcoat bank
-1.13 eyes brow bank
-0.74 eyes alert bank
-0.71 shirt symbol bank
-0.68 eyes natur bank
-0.67 hair smooth bank

Table 3.6: positive and negative indicators for query words
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Chapter 4

Dense Labeling

This paper, for the first time, studies generation of descriptive sentences from densely annotated images.
Previous work studied generation from automatically detected visual information but produced a limited
class of sentences, hindered by currently unreliable recognition of activities and attributes. Instead, we
collect human annotations of objects, parts, attributes and activities in images. These annotations allow
us to build a significantly more comprehensive model of language generation and also allow us to study
what visual information is required to generate human-like descriptions. Experiments demonstrate high
quality output, relative to two baselines, and that activity annotations and relative spatial location of objects

contribute the most to producing high quality sentences.

4.1 Introduction

Image descriptions compactly summarize complex visual scenes. For example, consider the descriptions
of the image in Figure 4.1, which vary in content but focus on the women and what they are doing. Auto-
matically generating such descriptions is challenging: a full system must understand the image, select the
relevant visual content to present, and construct complete sentences. Existing systems aim to address all of
these challenges but use visual detectors for only a small vocabulary of words, typically nouns, associated

with objects that can be reliably found.! Such systems are blind to much of the visual content needed to

"While object recognition is improving (ImageNet accuracy is over 90% for 1000 classes) progress in activity recognition has
been slower; the state of the art is below 50% mean average precision for 40 activity classes [148].
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children (Count:2)

Isa: kids, children ...
Doing: biking, riding ...

Has: pants, bike ...
Attrib: young, small ...

cars (Count:3)
Isa: ride, vehicle,...
Doing: parking,...
Has: steering wheel,...
Attrib: black, shiny,...

bike (Count:1)
Isa: bike, bicycle,...
Doing: playing,...
Has: chain, pedal,...
Attrib: silver, white, ...

woman(Count:1)
Isa: person, female,...

Doing: pointing,...

Has: nose, legs,...
Attrib: tall, skinny,...

sidewalk(Count:1) women(Count:3) purses(Count:3) kids(Count:5) tree(Count:1)
Isa: sidewalk, street,... || Isa: girls, models,... Isa: accessory,... Isa: group, teens,... Isa: plant,...
Doing: laying,... Doing: smiling,... || Doing: containing,...|| Doing: walking,... || Doing: growing,...
Has: stone, cracks,... | Has: shorts, bags,...|| Has: body, straps,... || Has: shoes, bags,...[| Has: branches,...
Attrib: flat, wide,... | Attrib: young, tan,..J§ Attrib: black, soft,... Attrib: young,... [|Attrib: tall, green,...

Five young people on the street, two sharing a bicycle.
Several young people are walking near parked vehicles.
Three girls with large handbags walking down the sidewalk.
Three women walk down a city street, as seen from above.
Three young woman walking down a sidewalk looking up.

Figure 4.1: An annotated image with human generated sentence descriptions. Each bounding polygon encompasses one or more
objects and is associated with a count and text labels.This image has 9 high level objects annotated with over 250 textual labels.

generate complete, human-like sentences.

In this paper, we instead study generation with more complete visual support, as provided by human
annotations, allowing us to develop more comprehensive models than previously considered. Such models
have the dual benefit of (1) providing new insights into how to construct more human-like sentences and
(2) allowing us to perform experiments that systematically study the contribution of different visual cues in
generation, suggesting which automatic detectors would be most beneficial for generation.

In an effort to approximate relatively complete visual recognition, we collected manually labeled repre-
sentations of objects, parts, attributes and activities for a benchmark caption generation dataset that includes
images paired with human authored descriptions [122].> As seen in Figure 4.1, the labels include object
boundaries and descriptive text, here including the facts that the children are “riding” and “walking” and

that they are “young.” Our goal is to be as exhaustive as possible, giving equal treatment to all objects. For

2Our annotations will be made publicly available.
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example, the annotations in Figure 4.1 contain enough information to generate the first three sentences and
most of the content in the remaining two. Labels gathered in this way are a type of feature norms [105],
which have been used in the cognitive science literature to approximate human perception and were recently
used as a visual proxy in distributional semantics [134]. We present the first effort, that we are aware of, for
using feature norms to study image description generation.

Such rich data allows us to develop significantly more comprehensive generation models. We divide
generation into choices about which visual content to select and how to realize a sentence that describes
that content. Our approach is grammar-based, feature-rich, and jointly models both decisions. The content
selection model includes latent variables that align phrases to visual objects and features that, for example,
measure how visual salience and spatial relationships influence which objects are mentioned. The realization
approach considers a number of cues, including language model scores, word specificity, and relative spatial
information (for example to produce the best spatial prepositions), when producing the final sentence. When
used with a reranking model, including global cues such as sentence length, this approach provides a full
generation system.

Our experiments demonstrate high quality visual content selection, within 90% of human performance
on unigram BLEU, and improved complete sentence generation, nearly halving the difference from hu-
man performance to two baselines on 4-gram BLEU. In ablations, we measure the importance of different
modeling considerations and visual cues, showing that annotation of activities and relative bounding box

information between objects are crucial contributors to generating human-like description.

4.2 Dataset

We collected a dataset of richly annotated images to approximate gold standard visual recognition. In
collecting the data, we sought a visual annotation with sufficient coverage to support the generation of as
many of the words in the original image descriptions as possible. We also aimed to make it as visually
exhaustive as possible—giving equal treatment to all visible objects. This ensures less bias from annotators’
perception about which objects are important, since one of the problems we would like to solve is content
selection. This dataset will be made available for future experiments.

We built on the dataset from [122] which contained 8,000 Flickr images and associated descriptions
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gathered using Amazon Mechanical Turk (MTurk). Restricting ourselves to Creative Commons images, we

sampled 500 images for annotation.

We collected annotations of images in three stages using MTurk, and assigned each annotation task to
3-5 workers to improve quality through redundancy [13]. Below we describe the process for annotating a

single image.

Stage 1: We prompted five turkers to list all objects in an image, ignoring objects that are parts of larger
objects (e.g., the arms of a person), which we collected later in Stage 3. This list also included groups, such

as crowds of people.

Stage 2: For each unique object label from Stage 1, we asked two turkers to draw a polygon around
the object identified.®> In cases where the object is a group, we also asked for the number of objects present
(1-6 or many). Finally, we created a list of all references to the object from the first stage, which we call the

Object facet.

Stage 3: For each object or group, we prompted three turkers to provide descriptive phrases of:

e Doing — actions the object participates in, e.g. “jumping.”

Parts — physical parts e.g. “legs”, or other items in the possession of the object e.g. “shirt.”

Attributes — adjectives describing the object, e.g. “red.”

LR N3

Isa — alternative names for a object e.g. “boy”, “rider.”

Figure 4.1 shows more examples for objects in a labeled image.* We refer to all of these annotations,
including the merged Object labels, as facets. These labels provide feature norms [105], which have re-
cently used as a visual proxy in distributional semantics [134; ] but have not been previous studied for
generation. This annotation of 500 images (2500 sentences) yielded over 4000 object instances and 100,000

textual descriptions.
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O O O
= Three girls with large handbags walking down the sidewalk

Figure 4.2: One path through the generative model and the Bayesian network it induces. The first row
of colored circles are alignment variables to objects in the image. The second row is words, generated
conditioned on alignments.

4.3 Approach

Given such rich annotations, we can now develop significantly more comprehensive generation models. In
this section, we present an approach that first uses a generative model and then a reranker. The genera-
tive model defines a distribution over content selection and content realization choices, using diverse cues
from the image annotations. The reranker trades off our generative model score, language model score (to

encourage fluency), and length of the sentence to produce the final output.

Generative Model We want to generate a sentence @ = (wj ... w,) where each word w; € V comes
from a fixed vocabulary V. The vocabulary V includes all 2700 words used in descriptive sentences in the
training set.’

The model conditions on an annotated image I that contains a set of objects O, where each object o € O

*We modified LabelMe [141].

*In the experiments, Parts and Isa facets do not improve performance, so we do not use them in the final model. Isa is redundant
with the Object facet, as can be seen in Figure 4.1. Also parts like clothing, were often annotated as separate objects.

>We do not generate from image facets directly, because only 20% of the sentences in our data can be produced from these
words alone. Instead, we develop features which consider the similarity between labels in the image and words in the vocabulary.
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1. for a main clause (d,e are optional), select:

(a) subject a, alignment from p,(a).

(b) subject word w; from py,(w | as, J;)

(c) verb word w, from p,(w | as, d;)

(d) object alignment a, from pg(a’ | as, wy, d;)
(e) object word w, from p, (w | ao, dj;)

(f) end with pg)p or go to (2) with (ws, as)

(g) end with pg,, or go to (2) with (w,, as)

(h) end with pg,, or go to (2) with (w,, a,)

2. for a (word, alignment) (w’, a) (a,b are optional):

(a) if w’ not verb: modify w’ with noun, select:
i. modifier word w,, from p,(w | a, d.).
ii. end with pgep o1 go to (2) with (ap,, wy,)
(b) modify w’ with preposition, select:
i. preposition word w,, .
if w’ not a verb: from pp(;w | a,d.)
else: from p,(w | a, wy, d;)
ii. object alignment a,, from p,(a’ | a,w, d.)
iii. object word w;, from p,, (w | ay, d.).
iv. end with pgep, o1 go to (2) with (ap, wy,)

Figure 4.3: Generative process for producing words 0, alignments @ and dependencies d. Each distribution
is conditioned on the partially complete path through generative process d. to establish sentence context.
The notation ps;p, is short hand for pyy,, (ST OP|w, d,.) the stopping distribution.

has a bounding polygon and a number of facets containing string labels. To model the naming of specific
objects, words w; can be associated with alignment variables a; that range over O. One such variable is
introduced for each head noun in the sentence. Figure 4.2 shows alignment variable settings with colors that
match objects in the image I. Finally, as a byproduct of the hierarchal generative process, we construct an

undirected dependency tree d over the words in 1.

The complete generative model defines the probability p(u, d, d | I) of a sentence W/, word alignments
a, and undirected dependency tree d. given the annotated input image I. The overall process unfolds re-
cursively, as seen in Figure 4.3. The main clause is produced by first selecting the subject alignment a

followed by the subject word w;. It then chooses the verb and optionally the object alignment a,, and word
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w,. The process then continues recursively, modifying the subject, verb, and object of the sentence with
noun and prepositional modifiers. The recursion begins at Step 2 in Figure 4.3. Given a parent word w and
that word’s relevant alignment variable a, the model creates attachments where w is the grammatical head
of subsequently produced words. Choices about whether to create noun modifiers or prepositional modifiers
are made in steps (a) and (b). The process chooses values for the alignment variables and then chooses
content words, adding connective prepositions in the case of prepositional modifiers. It then chooses to end

or submits new word-alignment pairs to be recursively modified.

Each line defines a decision that must be made according to a local probability distribution. For example,
Step 1.a defines the probability of aligning a subject word to various objects in the image. The distributions
are maximum entropy models, similar to previous work [2], using features described in the next section.
The induced undirected dependency tree d has an edge between each word and the previously generated
word (or the input word w in Steps 2.a.i and 2.a.ii, when no previous word is available). Figure 4.2 shows
a possible output from the process, along with the Bayesian network that encodes what each decision was

conditioned on during generation.

Learning We learn the model from data {(;, d;, I;) | i = 1...m} containing sentences ;, dependency
trees d;, computed with the Stanford parser [27], and images I;. The dependency trees define the path
that was taken through the generative process in Figure 4.3 and are used to create a Bayesian network for
every sentence, like in Figure 4.2. However, object alignments a; are latent during learning and we must

marginalize over them.

L(0)="> logy  pld, i, d; | 1;0) — 7|0
i a
where 0 is the set of parameters and  is the regularization coefficient. In essence, we maximize the likeli-

hood of every sentence’s observed Bayesian network, while marginalizing over content selection variables

we did not observe.

Because the model only includes pairwise dependencies between the hidden alignment variables a, the
inference problem is quadratic in the number of objects and non-convex because @ is unobserved. We

optimize this objective directly with L-BFGS, using the junction-tree algorithm to compute the sum and the
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gradient.®

Inference To describe an image, we need to maximize over word, alignment, and the dependency parse

variables:

arg max p(w, @, d | I)
0,a,d

This computation is intractable because we need to consider all possible sentences, so we use beam

search for strings up to a fixed length.

Reranking Generating directly from the process in Figure 4.3 results in sentences that may be short and
repetitive because the model score is a product of locally normalized distributions. The reranker takes as
input a candidate list ¢, for an image I, as decoded from the generative model. The candidate list includes
the top-k scoring hypotheses for each sentence length up to a fixed maximum. A linear scoring function is

used for reranking optimized with MERT [112] to maximize BLEU-2.

4.4 Features

We construct indicator features to capture variation in usage in different parts of the sentence, types of ob-
jects that are mentioned, visual salience, and semantic and visual coordination between objects. The features
are included in the maximum entropy models used to parameterize the distributions described in Figure 4.3.
To limit over-fitting we avoid using lexical features whenever possible, instead relying on WordNet synsets
[107].

Features in the generative model use tests for local properties, such as the identity of a synset of a word
in WordNet, conjoined with an identifier that indicates context in the generative process.” Generative model
features indicate (1) visual and semantic information about objects in distributions over alignments (content
selection) and (2) preferences for referring to objects in distributions over words (content realization). Fea-
tures in the reranking model indicate global properties of candidate sentences. Exact formulas for computing

the features are in the supplementary material.

8To compute the gradient, we differentiate the recurrence in the junction-tree algorithm by applying the product rule.
"For example, in Figure 4.2 the context for the word “sidewalk” would be “word,syntactic-object,verb,preposition” indicating it

is a word, in the syntactic object of a preposition, which was attached to a verb modifying prepositional phrase.

58



Visual features, such as an object’s position in the image, are used for content selection. Pairwise visual
information between two objects, for example the bounding box overlap between objects or the relative
position of the two objects, is included in distributions where selection of an alignment variable conditions
on previously generated alignments. For verbs (Step 1.d in Figure 4.3) and prepositions (Step 2.b.ii), these

features are conjoined with the stem of the connective.

Semantic types of objects are also used in content selection. We define semantic types by finding synsets
of labels in objects that correspond to high level types, 8 a list motivated by the animacy hiearchy [155].
Type features indicate the type of the object referred to by an alignment variable as well as the cross product
of types when an alignment variable is on conditioning side of a distribution (e.g. Step 1.d). Like above, in
the presence of a connective word, these features are conjoined with the stem of the connective.

Content realization features help select words when conditioning on already chosen alignments (e.g.
Step 1.b). These features include the identity of the WordNet synset corresponding to a word, the word’s
depth in the synset hierarchy, the language model score for adding that word® and whether the word matches
any labels in facets corresponding to the object referenced by an alignment variable.

Reranking features are primarily used to overcome issues of repetition and length endemic to using
generative distributions, more commonly used for alignment, to create sentences. We use only four features:

length, the number of repetitions, generative model score, and language model score.

4.5 Experimental Setup

Data We used 80% of the data for training (2000 sentences, 400 images), 10% for development, and 10%

for testing (250 sentences, 50 images).

Parameters We tuned the regularization parameter on the held out data and chose » = 8. The reranker
candidate list included the top 500 sentences for each sentence length up to 15 and weights were optimized

with ZMERT [156].

8For example, human, animal, artifact (a human created object), natural body (trees, water, ect), or natural artifact (stick, leaf,
rock).
“We use tri-grams with Kneser-Ney smoothing over the 1 million caption data set [114].
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Metrics Our evaluation is based on BLEU-n [119], which considers all n-grams up to length n. To assess
human performance using BLEU, we score each of the five references against the four other ones and finally
average the five BLEU scores. In order to make these results comparable to BLEU scores for our model and

baselines, we perform the same five-fold averaging when computing BLEU for each system.

We also compute accuracy for different syntactic positions in the sentence. We look at a number of
categories: the main clause’s components (S,V,0), prepositional phrase components, the preposition (Po)
and their objects (Pp) and noun modifying words (N), including determiners. Phrases match if they have an

exact string match and share context identifiers as defined in the features sections.

Human Evaluation Annotators rated sentences output by our full model against either human or a base-
line system generated descriptions. Three criteria were evaluated: grammaticality, which sentence is more
complete and well formed; truthfulness, which sentence is more accurately capturing something true in the
image; and salience, which sentence is capturing important things in the image while still being concise.
Two annotators annotated all test pairs for all criteria for a given pair of systems. Six annotators were used
(none authors) and agreement was high (cohen’s kappa = 0.963, 0.823 and 0.703 for grammar, truth and

salience).

Machine Translation Baseline The first baseline is designed to see if it is possible to generate good
sentences from the facet string labels alone, with no visual information. We use an extension of phrase-
based machine translation techniques [111]. We created a virtual bitext by pairing each image description
(the target sentence) with a sequence!” of visual identifiers (the source “sentence”) listing strings from the
facet labels. We use a standard features and a few task specific features, and optimized BLEU-4 using

MERT [112]. Details of our adaptations are in the supplementary material.

Midge Baseline As described in related work, the Midge system attempts to create a set of sentences to
describe everything in an input image. These sentences must all be true, but do not have to select the same
content that a person would. It can be adapted to our task by adding object selection and sentence ranking

rules. Details of how we adapted Midge are in the supplementary material.

1We defined a consistent ordering of visual identifiers and set the distortion limit of the phrase-based decoder to infinity.
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BL-1 | BL-2 | BL-3 | BL-4
Human 61.0 | 420 | 27.8 | 18.3
Full Model 57.1 | 35.7 | 18.3 9.5
MT Baseline 39.8 | 23.6 | 13.2 6.1
Midge Baseline | 43.5 | 20.2 9.4 0.0

Table 4.1: Results for the test set for the BLEU1-4 metrics.

Grammar Full | Other | Equal
Full vs Human | 7.65 | 194 | 72.94
Full vs MT 6.47 | 5.29 | 88.23
Full vs Midge | 40.59 | 15.88 | 43.53
Truth Full | Other | Equal
Full vs Human | 0.59 | 67.65 | 31.76
Full vs MT 30.0 | 10.59 | 59.41
Full vs Midge | 51.76 | 27.71 | 23.53
Salience Full | Other | Equal
Full vs Human | 8.82 | 88.24 | 2.94
Full vs MT 51.76 | 16.47 | 31.77
Full vs Midge | 71.18 | 14.71 | 14.12

Table 4.2: Human evaluation of our Full-Model in heads up tests against Human authored sentences and baseline systems, the
machine translation baseline (MT) and the Midge inspired baseline. Bold indicates the better system. Other is not the Full system.

4.6 Results

We report experiments for our generation pipeline and ablations that remove data and features.

Overall Performance Table 6.3 shows the results on the test set. The full model consistently achieves
the highest BLEU scores. Overall, these numbers suggest strong content selection by getting high recall for
individual words (BLEU-1), but fall further behind human performance as the length of the n-gram grows
(BLEU-2 through BLEU-4). These number match our perception that the model is learning to produce high
quality sentences, but does not always describe all of the important aspects of the scene or use exactly the

expected wording. Table 4.4 presents example output, which we will discuss in more detail shortly.

Human Evaluation Table 4.2 presents the results of a human evaluation. The full model outperforms all
baselines on every measure, but is not always competitive with human descriptions. It performs the best on
grammaticality, where it is judged to be as grammatical as humans. However, surprisingly, in many cases
it is also often judged equal to the other baselines. Examination of baseline output reveals that the MT

baseline often generates short sentences, having little chance of being judged ungrammatical. Furthermore,
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Model BL-1 | BL-2 | BL-3 | BL-4 | BP SVO S \" O | PP Pp Po N

Human 64.7 | 46.0 | 31.5 | 20.1 - - - - - -
Full-Model | 59.0 | 369 | 193 | 10.5 | 964 158 649 | 404 | 36.8 | 57 50.0 | 20.7 | 69.1

— doing 51.1 | 326 | 169 | 92 | 940 105 63.2| 158 | 10.5| 8.0 455 | 21.6 | 69.7
— count 554 | 335 | 160 | 85 | 960 175 59.6 |351 | 154 |85 53.7| 19.5 | 66.7
— properties | 57.8 | 37.2 | 188 | 10.0 | 942 193 614 | 36.8 | 368 | 80 47.1 | 20.7 | 73.5
— visual 56.7 | 351 | 189 | 94 | 973 193 649 | 368 | 50.0 | 5.1 41.8 | 153 | 71.6

— pairwise 569 | 355 | 165 82 196.1 123 64.9 | 404 | 455 | 7.1 424|212 709

Table 4.3: Ablation results on development data using BLEU1-4 and reporting match accuracy for sentence structures.

the Midge baseline, like our system, is a syntax-based system and therefore often produces grammatical
sentences. Although our system performs well with respect to the baselines on truthfulness, often the system
constructs sentences with incorrect prepositions, an issue that could be improved with better estimates of
3-d position in the image. On truthfulness, the MT baseline is comparable to our system, often being judged

equal, because its output is short. Our system’s strength is salience, a factor the baselines do not model.

Data Ablation Table 4.3 shows annotation ablation experiments on the development set, where we remove
different classes of data labels to measure the performance that can be achieved with less visual information.
In all cases, the overall behavior of the system varies, as it tries to learn to compensate for the missing
information.

Ablating actions is by far the most detrimental. Overall BLEU score suffers and prediction accuracy of
the verb (V) degrades significantly causing cascading errors that affect the object of the verb (O). Removing
count information affects noun attachment (N) performance. Images where determiner use is important or
where groups of objects are best identified by the number (for example, three dogs) are difficult to describe
naturally. Finally, we see a tradeoff when removing properties. There is an increase in noun modifier accu-
racy (N) but a decrease in content selection quality (BL-1), showing recall has gone down. In essence, the
approach just learns to stop trying to generate adjectives and other modifiers that would rely on the miss-
ing properties. The difference in BLEU score with the Full-Model is small, even without these modifiers,

because there often still exists a a short output with high accuracy.

Feature Ablation The bottom two rows in Table 4.3 show ablations of the visual and pairwise features,
measuring the contribution of the visual information provided by the bounding box annotations. The ablated

visual information includes bounding-box positions and relative pairwise visual information. The pairwise
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ablation removes the ability to model any interactions between objects, for example, relative bounding box
or pairwise object type information.

Overall, prepositional phrase accuracy is most affected. Ablating visual features significantly impacts
accuracy of prepositional phrases (Pp and Po), affecting the use of preposition words the most, and lowering
fluency (BL-4). Precision in the object of the verb (O) rises; the model makes 50% fewer predictions in that
position than the Full-Model because it lacks features to coordinate subject and object of the verb. Ablating
pairwise features has similar results. While the model corrects errors in the object of the preposition (Po)

with the addition of some visual features, fluency is still worse than the Full-Model, as reflected by BL-4.

Qualitative Results Table 4.4 has examples of good and bad system output. The first two images are
good examples, including both system output (S) and a human reference (R). The second two contain lower
quality outputs. Overall, the model captures common ways to refer to people and scenes. However, it does
better for images with fewer sentient objects because content selection is less ambiguous.

Our system does well at finding important objects. For example, in the first good image, we mention
the guitar instead of the house, both of which are prominent and have high overlap with the woman. In the
second case, we identify that both dogs and humans tend to be important actors in scenes but poorly identify
their relationship.

The bad examples show difficult scenes. In the first description the broad context is not identified, instead
focusing on the bench (highlighted in red). The second example identifies a weakness in our annotation: it
encodes contradictory groupings of the people. The groupings covers all of the children, including the boy
running, and many subsets of the people near the grass. This causes significant ambiguity and our methods
cannot differentiate them, incorrectly choosing to mention just the children and picking an inappropriate
verb (one participant in the group is not sitting). Improved annotation of groups would enable the study of

generation for more complex scenes, such as these.
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S: A man playing with two dogs in the water
R: A man is throwing a log into a waterway while two dog watch

S: Two men playing with a bench in the grass

R: Nine men are playing a game in the park, shirts versus skins

S: Three kids sitting on a road

R: A boy runs in a race while onlookers watch

Table 4.4: Two good examples of output (top), and two examples of poor performance (bottom). Each image has two captions,
the system output S and a human reference R.
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Chapter 5

Common Sense

Obtaining common sense knowledge using current information extraction techniques is extremely challeng-
ing. In this work, we instead propose to derive simple common sense statements from fully annotated object
detection corpora such as the Microsoft Common Objects in Context dataset. We show that many thousands
of common sense facts can be extracted from such corpora at high quality. Furthermore, using WordNet
and a novel sub-modular k-coverage formulation, we are able to generalize our initial set of common sense

assertions to unseen objects and uncover over 400k potentially useful facts.

5.1 Introduction

How can we discover that bowls can hold broccoli, that if a knife touches a cake then a person is probably
cutting cake, or that cutlery can be on dining tables? We propose to leverage the effort of computer vision
researchers in creating large scale datasets for object detection and use these resources instead to extract
symbolic representations of visual common sense. The knowledge we compile is physical, not commonly
covered in text and more exhaustive than what people can usually produce.

Our focus is particularly on visual common sense, defined as the information about spatial and functional
properties of entities in the world. We propose to extract three types of knowledge from the Microsoft
Common Objects in Context dataset [95] (MS-COCO), consisting of 300,000 images, covering 80 objects,
with object segments and natural language captions. First, we find spatial relations, e.g. holds(bed, dog),

from outlines of co-occurring objects. Next, we construct entailment rules like holds(bed, dog) = laying-
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a touches Less than 10 % of
touches a pixels from a overlap

with b.

The angle between the

a besides centroid of a and the

centroid of b lies

besides a between 315° and 45°,
or 135° and 225°.
The entire extents of
a holds object b are inside the
inside & extents of object a.
There is more than 50%
of pixels in object b
on a overlapping with the
extents of object a.
The angle between the
centroid of a and the
a above

centroid of b lies
under a between 225° and 315°,
or 45° and 135°.

a disconnected from
disconnected from a

No intersection

Figure 5.1: We define 6 types of unique relationships: {touches, above, besides, holds, on, disconnected}.

on(dog, bed) by associating spatial relations with text in captions. Finally, we uncover general facts such as
holds(furniture, domestic animal), applicable to object types not present in MS-COCO by using WordNet

[106] and a novel submodular k-coverage formulation.

Evaluations using crowdsourcing show our methods can discover many thousands of high quality ex-
plicit statements of visual common sense. While some of this knowledge can be potentially extracted from
text [143], we found that from our top 100 extracted spatial relations, e.g. holds(bed, dog), only 4 are present
in some form in the AtLocation relations in the popular ConceptNet [139] knowledge base. This shows that
the knowledge we derive provides complimentary information for other more general knowledge bases.
Such common sense facts have proved useful for query expansion [78; 9] and could benefit entailment [25],

grounded entailment [10], or visual recognition tasks [161].
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holds(person, 02) holds(o1, person) r(oy, frisbee)
tie)

holds(pizza, broccoli) holds(person, holds(bus, person) touches(dog, frisbee)
A holds(person, tie) holds(person, toothbrush) holds(train, person) touches(person, frisbee)

holds(dining table, sandwich) holds(person, cellphone) holds(airplane, person) holds(dog, frisbee)

2 holds(dining table, broccoli) holds(person, baseball glove) holds(boat, person) holds(person, frisbee)

§ holds(dining table, pizza) holds(person, remote) holds(tv, person) besides(umbrella, frisbee)
holds(cell_phone, person) holds(person, bench) holds(dining table, person) besides(person, frisbee)
above(person, bus) holds(person, dining table) holds(cell phone, person) above(car, frisbee)
above(bicycle, car) holds(person, car) holds(chair, person) above(person, frisbee)

Figure 5.2: Example of our extracted object-object relations. The first column contains the overall 3 best
and worst relations ranked by PMI, the following columns show similar results for the queries: what does a
person hold? what holds a person?, and what interacts with a frisbee?

5.2 Methods

We assume the availability of an object-level annotated image dataset D containing a set of images with
textual descriptions. Each object in an image must be annotated with: (1) a mask or polygon outlining
the extents of the object, and (2) the category of the object from a set of categories V' and (3) an overall
description of the image.

We produce three types of common sense facts, each with an associated scoring function: (1) Object-
object relationships implicitly encoded in the relative configurations between objects in the annotated image
data, i.e. on(bed, dog) (sec 5.2.1) , (2) Entailment relations encoded in the relationships between object-
object configurations and textual descriptions i.e. on(bed, dog) = laying-on(bed, dog) (sec 5.2.2), and (3)
Generalized relations induced by using the semantic hierarchy of concepts in WordNet, i.e. on(furniture ,

domestic-animal) (sec 5.2.3).

5.2.1 Mining Object-Object Relations

Our objective in this section is to score and rank a set of relations S; = {r (o1, 02) }, where r is a object-object
relation and 01, 02 € V, using a function 7; : S; — R. First, we define a vocabulary R of object-object re-
lations between pairs of annotated objects. Our relations are inspired by Region Connection Calculus [121],
and the Visual Dependency Grammar of [38; 36], details in Figure 5.1.

For every image, we record the instances of each of these object-object relations 7 (01, 02) between all
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co-occurring objects in D!. We use Point-wise Mutual Information (PMI) to estimate the evidence for each

relationship triplet:
plr(o1,02)]

plrlpl(o1, 02)]" G.1)

Y1(r(01,02)) = log

We estimate these probabilities by counting object-object-relation co-ocurrences using existential quan-
tifiers for every image. This means every image can at most contribute one to the count of (01, 02) so that
we do not exacerbate the results by images with many identical object types taken from unusual viewpoints.

In Figure 5.2, we provide examples of our extracted object-object relations.

touches(bird, chair) _ on(bird, chair) on(pizza, oven) +’ in(pizza, oven)
[corrected language interpretation of the proposed geometric relation] [misinterpreted object-object relation based on geometry alane]
holds(person, donut) _— eating(person) touches(cat, teddy bear) — stuffed(cat)

[implication involving only the first argument of the relation] [poor n:skipg@m assertion candidate]

on(knife, cake) e person-cutting(cake) ’

[implication involving only the second argument of the relation) above(sink, bowl)

person-in-kitchen
[too general implication]

Figure 5.3: Left: correctly identified entailment relations and right: failure cases.

5.2.2 Mining Entailment Relations

In this section we combine our relation-based tuples mined from visual annotations (section ??) with more
than 400k textual descriptions included in MS-COCO. We generate a set of entailments Sy = {r (01, 02) =
z}, where r(o1, 02) is an element from .S7 and z is a consequent obtained from textual descriptions. Similarly
as in the previous section, we rank the relations in S using a function v, : Sy — R.

We start by generating an exhaustive list of candidate consequents z. We first pre-process the image
captions with the part-of-speech tagger and lemmatizer from the Stanford Core NLP toolkit [101], and
remove stop words. Then we generate a list of n-length skipgrams in each caption. The set of n-skipgrams
are filtered based on predefined lexical patterns, and redundancies are removed®. Skipgrams, z, are then
paired with co-occurring relations, (01, 02), removing pairs with the disconnected-from spatial relation (see

Figure 5.1). Pairs are scored with the conditional probability:

Plz,r(01,092)]

Plr(or, 02)] 62

Ya(r(o1,02) = z) =

"For symmetric relations like above(o1, 02), and under(o1, o2) we only record one of the relations.
2(noun, verb), (noun,*, verb,*, noun), (noun,*, preposition, *, noun), (noun,*, verb, preposition,*,noun)
3(noun,*, verb, *, noun) are collapsed to (noun,*, verb, preposition,*,noun).
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The consequent z can take the form ¢, q(01), q(02), or g(o1,02), by performing a simple alignment
with the arguments in the antecedent. We perform this alignment by mapping the object categories in the
antecedent r (o1, 02) to WordNet synsets, and matching any word in z to any word in the gloss set of the
predicate arguments o7 and o2. The unmatched words in z form the relation, whereas matched words form
arguments. We produce the form g if there are no matches, g(01 ), or g(02) when one argument word matches,

and ¢(o1, 02) when both match. Examples of discovered entailments are in Figure 5.3.

5.2.3 Generalizing Relations using WordNet

In this section we present an approach to generalize an initial set of relations, 5, to objects not found in the
original vocabulary V. Using WordNet we construct a superset G containing all possible parent relations
for the relations in S by replacing their arguments o1, 02 by all their possible hypernyms. Our objective is to
select a subset 7" from G that contains high quality and diverse generalized relations. Note that elements in G
can be too general and contradict statements in S while others could be correct but add little new knowledge.
To balance these concerns, we formulate the selection as an optimization problem by maximizing a fitness
function L:

mj@xE(T), such that |T'| = k,and T' C G, (5.3)

L(T) = Mog(1 + ¥(T)) + > log(1 + ¢(t,5)), (5.4)

teT
where 1) is a coverage term that computes the total number of facts implied through hyponym relationships
by the elements in 7. The second term ¢ is a consistency term that measures the compatibility of a gen-
eralized relation ¢ with the relations in .S. We assume that if a relation is missing from S, then it is false
(this corresponds to a closed world assumption over the domain of .S). Thus, ¢ is the ratio of the scores of
relations in S consistent with relation ¢ (i.e. evidence for ¢ based on 5), and a value that is proportional to

the number of missing relations from .S (i.e. the amount of counter-evidence). More concretely:

Zs:tis/\ses 7(8)
K- (1 + Zs:t:>s/\s¢5 1) : d(t’ S) ’

o(t,5) = (5.5

where p is a constant and d is the product of the WordNet distances of the synsets involved in ¢ to their
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— all [3,120]

— person [426]

— animal [477]

— vehicle [636]

— furniture [438]
-- random relations

Quality

020 e e e e e 1
0% 20% 40% 60% 80%  100%

Coverage

Figure 5.4: Object-object relations; Quality of extracted common sense, as judged by people. Legends
show total relations covered at 100% for a few high level types in MS-COCO.
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— all [3,000] 3
— person [1,325] |
090 e — animal [1,241] |
— vehicle [659]
— furniture [468]
- random

Quality

0.90 oo S R R
0% 20% 40% 60% 80%  100%

Coverage

Figure 5.5: Entailment relations; Quality of extracted common sense, as judged by people. Legends show
total relations covered at 100% for a few high level types in MS-COCO.
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Figure 5.6: Generalizations; Quality of extracted common sense, as judged by people. Legends show total
relations covered at 100% for a few high level types in MS-COCO.
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nearest synset in .S. This penalizes relations that are far away from categories in S. The optimization
defined in Equation 5.3 is an instance of the submodular k-coverage problem. We use a greedy algorithm
that adds elements to 7" that maximize £, which due to the submodular nature of the problem approximates

the solution up to a constant factor.

5.3 Experimental Setup

Object-Object Relations: We filter out from the initial set of candidate relations the ones that occur less than
20 times. We extract more than 3.1k unique statements (6k including symmetric spatial relations). Entail-
ment Relations: We use skipgrams of length 2-6 allowing at most 6 skips, filter candidates such that they
occur at least 5 times, and return the top 10 most likely entailments per spatial relation. Overall, 6.3k unique
statements are extracted (10k including symmetric relations). Generalized Relations: We optimize Equa-
tion 5.4 only for object-object relations because the closed world assumption makes counts for implications

sparse. The parameter (4 is set to the average of the scores, A = 0.05 and k = 200.

5.4 Evaluation

We evaluated the quality of the common sense we derive on Amazon Mechanical Turk. Annotators are
presented with possible facts and asked to grade statements on a five point scale. Each fact was evaluated by
10 workers and we normalize their average responses to a scale from 0 to 1. Figure ?? shows plots of quality

vs. coverage, where coverage means the top percent of relations sorted by our predicted quality scores.

Object-Object Relations As a baseline, 1000 randomly sampled relations have a quality of 0.225. Figure
5.4 shows our PMI measure ranks many high quality facts at the top, with the top quintile of the ranking
being rated above 0.63 in quality. Facts about persons are higher quality, likely because this category is in

over 50% of the images in MS-COCO.

Entailment Relations Turkers were instructed to assign the lowest score when they could not understand
the consequent of the entailment relation. As a baseline, 1000 randomly sampled implications that meet

our patterns have a quality of 0.33. Figure 5.5 shows that extracting high quality entailment is harder than
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object-object relations likely because supposition and consequent need to coordinate. Relations involving
furniture are rated higher and manual inspection revealed that many relations about furniture imply stative

verbs or spatial terms.

Generalized Relations To evaluate generalizations, Figure 5.6, we also present users with definitions®.
As a baseline, 200 randomly sampled generalizations from our 3k object-object relations have a quality
of 0.53. Generalizations we find are high quality and cover over 400k objects facts not present in MS-
COCO. Examples from the 200 we derive include: holds(dining-table, cutlery), holds(bowl, edible fruit) or

on(domestic animal, bed).

4sometimes rules involve abstract concepts, for example vessel, any object that can be used as a container
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Chapter 6

Situation Recognition

This paper introduces situation recognition, the problem of producing a concise summary of the situation
an image depicts including: (1) the main activity (e.g., clipping), (2) the participating actors, objects, sub-
stances, and locations (e.g., man, shears, sheep, wool, and field) and most importantly (3) the roles these
participants play in the activity (e.g., the man is clipping, the shears are his tool, the wool is being clipped
from the sheep, and the clipping is in a field). We use FrameNet, a verb and role lexicon developed by
linguists, to define a large space of possible situations and collect a large-scale dataset containing over 500
activities, 1,700 roles, 11,000 objects, 125,000 images, and 200,000 unique situations. We also introduce
structured prediction baselines and show that, in activity-centric images, situation-driven prediction of ob-

jects and activities outperforms independent object and activity recognition.

6.1 Introduction

When we look at an image, we instantly and effortlessly recognize not only what is happening (e.g., clipping)
but who and what is involved (e.g., a person, shears, a sheep, wool) and how these entities relate to each
other, the roles that they play (e.g., the person does the clipping, the shears are the clipping tool, and the
wool is being clipped from the sheep). In this paper, we argue for explicitly encoding such semantic roles, a
key missing ingredient in current paradigms of recognition, in image understanding. We introduce situation
recognition, a problem that involves predicting activities along with actors, objects, substances, and locations

and how these pieces fit together (semantic roles). For example, the leftmost table in Figure 1 shows one
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JUMPING
ROLE VALUE ROLE VALUE
AGENT BOY AGENT BEAR AGENT MAN AGENT FIREMAN
SOURCE CLIFF SOURCE ICEBERG SOURCE | SPRAY CAN SOURCE HOSE
OBSTACLE OBSTACLE WATER SUBSTANCE PAINT SUBSTANCE = WATER
DESTINATION DESTINATION  ICEBERG DESTINATION WALL DESTINATION FIRE
PLACE PLACE OUTDOOR PLACE ALLEYWAY PLACE OUTSIDE

CLIPPING SPRAYING

ROLE VALUE ROLE VALUE

VALUE
AGENT
SOURCE SHEEP SOURCE
TOOL SHEARS TOOL CLIPPER
ITEM WOOL ITEM CLAW
PLACE FIELD PLACE ROOM

WATER
LAKE

Figure 6.1: Six images that depict situations where actors, objects, substances, and locations play roles in
an activity. Below each image is a realized frame that summarizes the situation: the left columns (blue)
list activity-specific roles (derived from FrameNet, a broad coverage verb lexicon) while the right columns
(green) list values (from ImageNet) for each role. Three different activities are shown, highlighting that
visual properties can vary widely between role values (e.g., clipping a sheep’s wool looks very different
from clipping a dog’s nails).

such representation: a situation where a man (agent) is clipping (activity) wool (item) from a sheep

(source) using shears (tool)in a field (place).

Situation recognition generalizes activity recognition and human-object interaction, using the assign-
ment of roles to define how actors, objects, substances, and locations participate in activities. For example,
Figure 6.1 has image pairs that depict the same overall activity but look very different when the participating
entities change for the different roles. Previous work has presented models for some aspects of a complete
situation, including activity scene models [103] and models of very specific activities paired with a few
prototypical objects, such as playing a musical instrument [ 149]. However, our formulation provides a more
complete representation of the different roles that each of the participants can play, and allows us to scale to
hundreds of different activities. In essence, we are building representations that support the understanding
not just of “What is happening?” but also “Who is doing it?” (the agent role), “What are they doing it
to?” (patient), “What are they doing it with?” (tool), “Where did it start?” (source), and so on, as

appropriate for each activity.

It is difficult to know a priori what roles entities can play in each activity. However, we can draw
inspiration from the way verbs are used in the English language by building on FrameNet [53], a linguist-
authored verb lexicon. FrameNet pairs every verb with a frame, which specifies a set of semantic roles.

Semantic roles categorize how objects can participate in the activity described by a verb. For example,
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the two rightmost images of Figure 6.1 show frames for spraying, which includes semantic roles such as
agent and destination. Such frames have been used to build semantic parsers that match verbs to their
arguments in English sentences, for example see [26]. However, here we instead use them to define the space
of possible situations, much like how WordNet [106] was used to define ImageNet [126] object classes.
For each frame, the verb defines an activity label, and the semantic roles specify how WordNet entities
participate in the activity. For example, Figure 6.1 shows situations where the FrameNet verb spraying

has a semantic role t ool that is filled with WordNet synsets such as spray can or hose.

To demonstrate the generality of the situation recognition task, we introduce imSitu, a collection of over
125,000 images depicting 200,000 distinct situations. Each situation includes one of 500 possible activities
and values for up to 6 activity-specific roles (3.5 on average and 1,700 unique roles in total with 190 types).
The images were gathered from Google image search with query expansion techniques and labeled with
complete situations on Amazon Mechanical Turk. The annotators specified one of 80,000 possible WordNet
sysnets for each role, providing over 11,000 unique values for this image collection. In addition to being
large scale, this data is also high quality. For example, even though the space of possible values is very large,
2 out of 3 annotators provided the same synset for over 75% of roles. Sections 6.3 and 6.4 provide the full

details of the data collection and statistics.

To support future work on the imSitu data, we provide results for a baseline model — a Conditional
Random Field (CRF) which includes CNN [136] features (fine tuned by backpropagating the CRF error).
This approach significantly outperforms a 5000-way classifier that predicts one of the 10 most frequent
situations per verb. The CRF achieves 32.3% top-1 and 58.9% top-5 accuracy for activity prediction and
predicts entire situations correctly 14.2% of the time. When compared to independent models trained on
the same activity-centric data, the approach improves top-1 accuracy for object recognition by 8.6% and
top-1 activity recognition by 1.2%, demonstrating that the model benefits significantly from the context that
is provided by jointly predicting the full situation. These results suggest that situation recognition with the
imSitu dataset has the potential to become a strong benchmark for the study of objects, activities, and their

interactions through semantic roles.
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6.2 Formal Task Definition

In situation recognition, we assume discrete sets of verbs V', nouns IV, and frames F'. Each frame f € F
is paired with a discrete set of semantic roles Ey. For example, Figure 6.1 shows six different situations,
representing the verbs clipping, jumping, and spraying. While some semantic roles, e.g. agent,
are shared across all three frames, others (e.g., tool) only appear for some. Additionally, each semantic
role e € E is paired with a noun value n, € N U {@}, where & indicates the value is either not known
or does not apply. For example, in the first image in Figure 6.1, the semantic role item takes the value
wool. In this paper, the verb set V' and frame set F' are derived from FrameNet, while the noun set N is
drawn from WordNet. We refer to the set of pairs of semantic roles and their values as a realized frame,
Ry = {(e;ne) : e € Ef}. In the third image of Figure 6.1, Ry = {(agent,boy), (source,c1iff),
(obstacle,®), (destination,water), (place,lake) }. Finally, a realized frame is valid if and only if
each value e € E is assigned exactly one noun ..

Now, given an image, our task is to predict a situation, S = (v, Ry), specified by a verbv € V and a valid
realized frame R . For example, in the last image of Figure 6.1, the predicted situations is S = (spraying,

{(agent,fireman), (source,hose), (substance,water), (destination,fire), (place,outside)}).

6.3 Dataset Collection

We introduce imSitu, a dataset of images labeled with situations. Our annotation approach is scalable, the
image labeling is done on Mechanical Turk and covers over 500 verbs with 125,000 images, and is relatively

affordable, annotation cost approximately $80 per verb.

6.3.1 Filtering and Labeling FrameNet

FrameNet is a rich resource that pairs verbs with frames and semantic roles. It is designed to cover, as much
as possible, all English verbs and all roles they can take, not just those that can be visually recognized in an
image. For example, it would include verbs such as at tempt with roles such as goal that take other verbs
as arguments. To define our recognition task, we manually filtered FrameNet to find verbs and roles that

could be reliably recognized in images, and provide English labels for use in the crowdsourcing interface.
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This was done by a small set of trusted annotators.

Finding Visual Verbs and Roles We gathered 9683 candidate verbs and asked annotators to determine

I Verbs that were

if they could be reliably recognized in images, and, if so, to provide a support image.
not recognizable generally fell into one of a few classes, including: (a) abstract, such as “presuming,” (b)
representational, such as “thinking,” where we could find a supporting image evocative of the verb but did
not depict it literally happening (c) technical, including “blanching,” where crowd workers were unlikely
to know the word’s meaning, or otherwise just (d) hard, including “insufflating,” where the annotator does
not know the word or what it would look like. Annotators were first calibrated to confirm they understood
these categories and confusing cases were publicly discussed. In total, 1053 verbs (10.9%) were marked as

visually recognizable. To find visual roles, annotators were shown visual verbs and their example images

and asked to select the subset of visually recognizable semantic roles, a generally easier task.

Labeling Verbs and Roles To support later crowd sourcing, the annotators also provided simple English
descriptions of the visual verbs and roles. They wrote a single sentence that summarizes all of the roles for
each verb. For example, for the verb clipping in Figure 6.1, the sentence would be “An AGENT clips an
ITEM from a SOURCE using a TOOL in a PLACE.” This sentence was shown to crowd workers to define

the roles that each verb supports.

Example Creation Finally, to help crowd workers understand how to produce situation annotations, a few
example image labels were produced for each verb. Five computer science undergraduates read definitions
for all 1053 candidate verbs and retrieved three images that correspond to each verb from Google Image
Search. If the annotators were unable to find such images, the verb was removed. Overall, 580 verbs passed

this filtering stage.

6.3.2 Image Annotation

The final image annotations were gathered on Amazon Mechanical Turk in a two-stage process, that involved

first filtering automatically collected images and then filling in the role values for target frames.

"We extended the nearly 5,000 verbs in FrameNet to include additional verbs from PropBank [75], a closely related verb lexicon,
that were mapped to FrameNet as part of the SemLink project [117].
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Figure 6.2: A word cloud of verbs in imSitu where larger words have a larger rate of unseen value-role
combinations. Verbs with a low rate, e.g. “flossing” (0.7%) have specific meaning as compared to verbs

such as “putting” (15.5%) or “biting” (7.7%).
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Candidate Image Filtering Candidate images were retrieved by searching for phrases related to a target
activity in Google Image Search. Phrases were mined from a subset of Google Syntactic N-Grams [63]
that focuses on verb-argument structure. The phrases we extracted contain the target verb and include all
descendants of the verb in a syntactic parse. We selected 450 such phrases, picking the most frequent
150 that contain “n-subj,” ,“d-obj”, or “p-obj” dependencies. For example,*“cutting” would have the p-obj
“scissors.” Using dependencies guarantees that the queried words occur in different syntactic positions
relative to the target verb. We retrieved 200 full-color medium-sized images that pass safe search and
consider all returned images as candidates. Workers were instructed to select images that contain the desired
activity and (1) are not modified or computer generated and (2) contain at least some part of the main entity

doing the action in the image.

Value Filling Selected images were next presented for value filling. Workers were shown a definition
of the target verb, a sentence summarizing the semantic roles associated with verb and example images of
realized frames for that verb. They were asked to chose a category from an auto-complete drop-down menu,
that also presents synset definitions, to fill slots; to select the most specific WordNet synset, and if more than
one could apply, select the most relevant. For groups, they were asked to either find a word that refers to

99 ¢

the group (for example, “people,” “couple”) or simply use the singular (“person”). They were required to
annotate at least one value per image and not to fill in values that could not be reasonably inferred from the

image.

6.3.3 Diversity and Coverage

The goal of imSitu is to include as many verbs as possible and have samples for all unique combinations
of semantic roles and values. This is challenging because situations are structured and there can be a com-
binatorial number of possible realized frames. We adopted a dynamic strategy to increase diversity while
not wasting money on verbs where we have already seen most combinations. First, candidate images from
Google Image Search were presented for filtering by uniformly drawing images from query phrases, thus
maximizing the diversity of types of images. 200 images were annotated in this way with full structures, pro-
viding a lower bound on the number of images per verb in imSitu. Then, we dynamically decided whether

to continue to collect more annotations.
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The rate at which unseen combinations occur can be approximated by splitting the data into a train and
test set and computing how often a value appears in a semantic role in the test set but never appeared in
train set. We refer to this as the out of vocabulary (OOV) rate of a verb, and compute it by averaging 1000
random splits of the data. Figure 6.2 visualizes the current OOV rate for a sample of verbs currently in
imSitu. If during the collection process the OOV rate of verb was greater than 5%, we continued to collect
images, up to a maximum of 400 images. While for some verbs this significantly improved the OOV rate,
other verbs will always have a high rate. For example, despite collecting 400 images of the verb “making”
and “putting,” both have an OOV rate of 15%. This is a fundamental challenge in situation recognition. On
the other hand, “baptizing” has an OOV of zero with just 200 image samples. The final global OOV rate in

imSitu is 3.5%.

6.3.4 Cost

During the collection process, every verb had a hard constraint of costing no more than $120 and was
discontinued when it exceeded this amount. The largest contributor to the cost of collecting imSitu was the
true positive rate of candidates retrieved from Google Image Search. Figure 6.3 shows the true positive rates
for a sample of verbs currently in imSitu. Over 25% of verbs were cost prohibitive to collect directly from
Google Image Search results. In cases when we were able to collect at least 50 images but exceeded a cost
threshold before collecting 200 images, we made a second effort. A new set of queries for Google Image
Search was constructed by pairing the verb with a noun that occurred in an annotated frame. The returned
images were used to reseed the filter phase of our annotation. This second round allowed us to reduce the

percentage of failed verbs to 13%. Overall, failed verbs contributed $7 to the cost of annotating each verb.

6.4 Dataset Statistics

Table 6.1 provides summary statistics about imSitu, collected as described in the last section. In this section,

we summarize the overall annotator agreement and highlight several interesting aspects of the data.

Agreement Quality control at scale is challenging. We used an automatic algorithm that discards an-

notations from workers that it estimates to be unreliable. The details are described in the supplementary
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Figure 6.3: A word cloud of verbs in imSitu where larger words have a larger true positive rate for im-
ages retrieved from Google Image Search. Verbs with low rates, “fanning” (1%), were cost prohibitive to
annotate. For all verbs, the average rate was 6.6%.

verbs 504
images 126,102
realized frames / image 3
total annotations 1,481,851
unique entities ( >= 3) 11,538 (6794)
semantic roles / verb (range) 3.55(1-6)
semantic roles (types) 1788 (190)
images / verb (range) 250.2 (200 - 400)
unique realized frames (>= 3) 205,095 (21,505)
out of vocabulary rate (range) 3.5% (0% - 15.8% )
train / dev / test 75,702 /25,200 / 25,200

Table 6.1: Summary statistics of imSitu.
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Majority | 1-link | 2-link | 3-link
all Roles 76.8 81.5 84.8 86.5
w/o Place 81.5 84.6 88.2 89.9

Table 6.2: Agreement statistics for situation role annotations in imSitu, with and without the Place role.
Majority means that at least 2 of 3 Turker annotations agree. N-link means that a majority agree under the
relaxed criteria of two synsets matching if they are within N links of each other in the WordNet hierarchy.

material.

All images were annotated by three crowd workers. We measure agreement by comparing the values that
workers annotated for semantic roles. We say that two semantic role annotations on a single image agree
when they indicate the same WordNet synset (or &). Furthermore, we compute a relaxed version of this
criterion, allowing two annotations to match if the synsets are within 1, 2 or 3 links in the WordNet hierarchy.
As a point of reference, the following synsets are all 3 links away from each other: “musical instrument”

and “trumpet,” “child” and “little girl,” and “gir]” and “person.” Table 6.2 summarizes agreement in imSitu.

While the agreement numbers are very high, especially considering Turkers can select one of 80,000
values for each semantic role, there are systematic sources of ambiguity. P1ace, a semantic role present in
all frames, is highly ambiguous because it can be identified in three ways: a close interacting object, (e.g.,
reading at a “desk’), an overall location type (e.g., reading in an “office”) or a coarse identifier (e.g., reading
“inside”). Table 6.2 demonstrates that place is indeed a major contributor to disagreement, accounting for
over 25% cases where workers failed to produce a majority. This type of disagreement provides a number

of alternative correct answers. Other sources of disagreement are described in the supplementary material.

Entity-Role Relations Figure 6.4 shows a uniform sample of nouns and the number of semantic roles
they participate in. As expected there is a large variance; for example,“man” can take up to 798 roles while
“basin” only takes 1 role. We also compute the inverse of these statistics: the number of nouns that a role

can take, as shown in Figure 6.5.

Entity-Verb Relations Figure 6.6 shows the number of entities a sample of verbs can take. As expected,
less structured verbs like “putting” have 653 entities and heavily structured verbs like “flossing” only take

42 nouns.
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6.5 Structured Prediction of Frames

Our CREF for predicting a situation, S = (v, R f), given an image ¢, decomposes over the verb v and semantic
role-value pairs (e, n¢) in the realized frame Ry = {(e,n.) : e € E}. The CRF parameters 6 can be trained
directly from our situation-labeled data. The full distribution, with potentials for verbs 1/, and semantic roles

1), takes the form:

p(S[i;0) oy (v,550)  [[  elvse,ne,i;0) (6.1)

(e,ne)€Ry
Computing the normalization is efficient: we can enumerate all valid verb-semantic role pairs and then for

all pairs sum all possible semantic role values.

Each potential in the CRF is log linear:
Wbo(v,8;0) = P (" (6.2)

Ye(v,€,ne,1;0) = e (v.e:ne,1)f (6.3)

where ¢, and ¢, encode scores from the output of a CNN. To learn this model, we assume that for an
image ¢ in dataset D there can, in general, be a set A; of possible ground truth situations. We optimize the

log-likelihood of observing at least one situation S' € A;:

3 log (1 - TT @ - n(sli; 9))) (6.4)

€D SeA;

CRF Features In Equation 7.2 and 7.3 we introduce two feature functions that are implemented by adapt-
ing a neural network pretrained on the ImageNet Challenge [126]. We use VGG Large Network [136] in
Caffe [71] with the final layers reduced to dimensionality 1024. The output of VGG is used as the input
to a fully connected layer which predicts potential values in our CRF, similar to neural networks used for
semantic role labeling in sentences [55]. At training time, we optimize Equation 7.4 with stochastic gradient
ascent using a batch size of 192. We fine tune all layers of VGG for 30 epochs and reduce the initial learning

rate of 1e-5 by a factor of ten for every ten epochs.
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top-1 predicted verb top-5 predicted verbs ground truth verbs
verb | value | value-any | value-full || verb | value | value-all | value-full || value | value-all | value-full
2 Discrete Classifier | 26.4 4.0 04 0.2 51.1 7.8 0.6 0.4 144 0.9 0.6
© CRF 322 | 246 143 11.2 58.6 | 42.7 22.7 17.5 65.9 29.5 22.3
< | Discrete Classifier | 26.8 | 4.1 0.3 0.2 51.2 7.8 0.5 0.4 14.4 0.8 0.6
e CRF 323 | 246 14.2 11.2 589 | 428 22.5 17.5 65.7 29.0 22.0

Table 6.3: Situation prediction results in imSitu. Structured prediction outperforms classification of ten
most common situations per activity.

6.6 Experiments

We present the first results for situation prediction in imSitu and also compare performance to baselines that

independently recognize activities and objects.

6.6.1 Situation Recognition

Metrics We measure accuracy for different components of predicted situations. Because the evaluation
data has situations provided by multiple annotators, we consider verb predictions (verb) and semantic role-
value pair predictions (value) correct if they match any of the annotations. A realized frame is correct if
it strictly matches all semantic role-value pairs provided by a single annotation (value-full) or if each pair

matches at least one annotation (value-any). We also report accuracy with ground truth verbs.

Systems In addition to the CRF model described in Section 7.3, we also present a simple discrete classifi-
cation baseline. The classifier selects one of the 10 most frequent realized frames for each verb seen in the
training data, producing a 5040-class problem. For training, each realized frame is assigned as a positive
example to the classifier output with the fewest number of differences. The classifier uses the same VGG

features and fine tuning procedure as the CRF but with an initial learning rate of 1e-3.

Quantitative Results Table 6.3 summarizes our experiments on the imSitu development set. We also
ran these experiments once on the imSitu test which confirms our development results. Overall, the CRF
outperforms the discrete classifier by large margins. Verb accuracy is 32.5% and rises to 59% in the top-5.
We can isolate the performance of assigning values to semantic roles by considering prediction accuracy
given ground truth verbs. The discrete classifier is significantly worse in this context at value and full

prediction because it cannot assign new combinations of entities to roles at test time.
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activity object
top-1 | top-5 top-1 | top-5
Activity 30.6 574

649 | 94.1

& | Object - -
Situation | 3225 | 58.6 || 729 | 95.0
Activity 31.1 57.7 - -
% | Object 64.1 | 942

Situation | 32.3 589 72.7 94.8

Table 6.4: Object and activity recognition results in imSitu. Joint prediction of object and activity through
situation recognition improves over independently predicting either object or activity.

Qualitative Results Figure 6.7 shows a random selection of predictions from the CRF model on the
development images where it predicted the correct verb. Over two thirds of the cases are correct or have
only one incorrect role assignment. Furthermore, many of the errors are actually somewhat plausible. For
example, the pole vaulter in the bottom right image is going over a horizontal pole. Other cases show similar

reasonable errors, including confusing a cow with a horse, in the image second from the top and right.

6.6.2 Activity and Object Recognition

Metrics We evaluate activity and object recognition using top-1 and top-5 accuracy. For activity recogni-
tion, we treat the situation activity label as the gold standard. For object recognition, we assume any synset

value annotated in a labeled frame is a gold standard object in the image.

Systems For activity recognition, we adapt our situation CRF by maximizing the potential in Equation 7.9
and predicting the corresponding verb. As a baseline, we train a discrete classifier for all verbs in imSitu,
using VGG features and an identical fine tuning setup as the CRF but with an initial learning rate of le-3.
For object recognition, we use our CRF to compute probability of observing any synset in the dataset by
marginalizing Equation 7.9 over verbs and predicting the synset with the maximum marginal probability.
As a baseline, we train an discrete classifier for all noun synsets in imSitu. We create psuedo-examples
for every unique synset associated with an image and train the classifier on this expanded dataset, using

identical training setup as the CRF but with an initial learning rate of 1e-3.

Quantitative Results Table 6.4 summarizes our experiments on the imSitu development set. We also ran
these experiments once on the imSitu test data, which confirms our development results. Our situation CRF

significantly outperforms predicting either activities or objects in isolation, by 1.2% and by 8.6% at top-1,
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respectively. Overall, the results are encouraging; the context provided by situations is helping significantly,
and improved models that more accurately reason about how objects interact with activities have significant

potential to improve all three recognition tasks.
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Figure 6.4: The number of semantic roles a noun can participate in, on a log-scale. 62% of nouns in imSitu
appear with more than one semantic role. The most frequent noun, “man” appears in 44.6% of the roles. On
the right are the different roles the nouns “car” and “elephant” paricipate in. Some roles can define particular
viewpoints, such the role “place” being assigned “car” commonly indicates the interior view of the car.
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ROLE # OF NOUNS BRUSHING.TARGET

putting
item

brushing
target
carrying
item

pushing
item

throwing
agent

attacking
weapon

sniffin
agen
sleeping
agent

breaking
tool

scrubbing
agent

spanking
victim

baptizing
place

surfing
tool

Figure 6.5: On the left, the number of nouns that can participate in a sample of semantic roles (not all
labeled). On average 64.7 nouns appear per role. Some roles, such as the “tool” of “surfing” take very
few values, indicating the majority of the information about the situation is indicated by the verb. On the
right are examples of nouns that fill the “target” of “brushing” (the thing being brushed) and the “item” of
carrying (the thing being carried), showing significant visual variation when the values are changed.
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VERB # OF NOUNS SCOOPING

scooping . r:’: ‘\
feeding T ; -

‘ item: pumpkin seed

fetching
climbing
stumbling

laughing

bowing

N ]
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shelling
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Figure 6.6: On the left, the number of nouns that appear with a sample of verbs (not all labeled). Some
verbs (e.g. putting or scooping) require the ability to predict hundreds of noun values, while others (e.g.
flossing) can only happen in a few canonical ways. On average, 199 nouns occur with a verb. On the right
are example nouns for “scooping” and “feeding” and the roles they play.
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AGENT CAR AGENT PEOPLE WOMAN AGENT PLANT AGENT WOMAN AGENT HORSE
PLACE ROAD PLACE WATERFALL OUTDOORS PLACE FLOWERBD PLACE GRASS

APPREHENDING

PEOPLE AGENT SOLDIER AGENT WOMAN AGENT MAN AGENT HORSE AGENT SLOTH

PEANUT VICTIM MAN ITEM ARM VICTIM FISH ITEM HORSE ITEM TREE
PLACE KITCHEN PLACE FIELD PLACE ROOM PLACE WATER PLACE OUTDOORS PLACE OUTDOORS
4 i ¥ =

AGENT MAN AGENT MAN AGENT MAN AGENT PERSON AGENT WOMAN AGENT JOCKEY

VICTIM PLAYER SIGNEDITEM BOOK ITEM BASEBALL OBJECT CAT ITEM JAR ITEM HORSE
TOOL CHAIR TOOL PEN DESTINATION ~ CATCHER PART NECK AGENTPART HEAD TOOL CROP
= PLACE OUTDOORS PLACE RACETRACK

PLACE STADIUM PLACE SHOP PLACE BALLPARK

AGENT MAN AGENT BOY AGENT MAN AGENT WOMAN AGENT PERSON AGENT MAN
COAGENT CAT SUBSTANCE DIRT FOOD SOuP TOOL BRUSH ITEM FABRIC VEHICLE AIRPLANE

TOOL HAND SOURCE HAND CONTAINER CAN TARGET TEETH SURFACE WOOD START -
SUBSTANCE SOAP TOOL SHIRT TOOL SPOON TOOL - TOOL STAPLEGUN END =

PLACE BUCKET PLACE OUTDOORS PLACE ROOM PLACE - PLACE INSIDE PLACE -

BARBER AGENT WOMAN AGENT MAN AGENT MAN AGENT MAN AGENT WOMAN

COAGENT MAN FOOD VEGETABLE ITEM WATER COAGENT - ITEM WOOD START GROUND
BODYPART FACE CONTAINER PAN CONTAINER BUCKET BODYPART HEAD DESTINATION = OBSTACLE POLE

TOOL BLADE HEATSOURCE OVEN DESINATION ~ GROUND SUBSTANCE - TOOL HAND END GROUND

SUBSTANCE CREAM TOOL SPOON TOOL HAND TOOL RAZOR GLUE SCREW TOOL POLE
PLACE SALON PLACE KITCHEN PLACE OUTDOORS PLACE - PLACE OUTDOORS PLACE OUTDOORS

Figure 6.7: Example realized situations from imSitu. Below each image is a table where the first row is
the activity, the left column is semantic roles, and the right column is values for those roles. On the left
outlined in gold are examples of gold standard annots&ed data. On the right is random output from our CRF
model when it correctly predicted the activity. IncorréCt semantic role values are highlighted in red, whereas
correct ones are green.



Chapter 7

Sparsity in Situation Recognition

Semantic sparsity is a common challenge in structured visual classification problems; when the output space
is complex, the vast majority of the possible predictions are rarely, if ever, seen in the training set. This
paper studies semantic sparsity in situation recognition, the task of producing structured summaries of what
is happening in images, including activities, objects and the roles objects play within the activity. For this
problem, we find empirically that most substructures required for prediction are rare, and current state-of-
the-art model performance dramatically decreases if even one such rare substructure exists in the target
output.We avoid many such errors by (1) introducing a novel tensor composition function that learns to
share examples across substructures more effectively and (2) semantically augmenting our training data
with automatically gathered examples of rarely observed outputs using web data. When integrated within a
complete CRF-based structured prediction model, the tensor-based approach outperforms existing state of
the art by a relative improvement of 2.11% and 4.40% on top-5 verb and noun-role accuracy, respectively.
Adding 5 million images with our semantic augmentation techniques gives further relative improvements of

6.23% and 9.57% on top-5 verb and noun-role accuracy.

7.1 Introduction

Many visual classification problems, such as image captioning [95], visual question answering [3], referring
expressions [74], and situation recognition [152] have structured, semantically interpretable output spaces.

In contrast to classification tasks such as ImageNet [126], these problems typically suffer from semantic

93



CARRYING

ROLE VALUE ROLE VALUE
AGENT MAN AGENT  WOMAN AGENT MAN
ITEM BABY ITEM BUCKET ITEM TABLE
AGENTPART ~ CHEST ||AGENTPART  HEAD | |AGENTPART  BACK
PLACE  OUTSIDE PLACE PATH PLACE STREET

Figure 7.1: Three situations involving carrying, with semantic roles agent, the carrier, item, the carried,
agentpart, the part of the agent carrying, and place, where the situation is happening. For carrying, there are
many possible carry-able objects (nouns that can fill the item role), which is an example of semantic sparsity. Such
rarely occurring substructures are challenging and cause significant errors, affecting not only performance on role-
values but also verbs.

sparsity; there is a combinatorial number of possible outputs, no dataset can cover them all, and performance
of existing models degrades significantly when evaluated on rare or unseen inputs [6; 160; 32; 152]. In this
paper, we consider situation recognition, a prototypical structured classification problem with significant
semantic sparsity, and develop new models and semantic data augmentation techniques that significantly

improve performance by better modeling the underlying semantic structure of the task.

Situation recognition [152] is the task of producing structured summaries of what is happening in im-
ages, including activities, objects and the roles those objects play within the activity. This problem can be
challenging because many activities, such as carrying, have very open ended semantic roles, such as
item, the thing being carried (see Figure 7.1); nearly any object can be carried and the training data will
never contain all possibilities. This is a prototypical instance of semantic sparsity: rare outputs constitute a
large portion of required predictions (35% in the imSitu dataset [152], see Figure 7.2), and current state-of-

the-art performance for situation recognition drops significantly when even one participating object has few
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Figure 7.2: The percentage of images in the imSitu development set as a function of the total number of training
examples for the least frequent role-noun pair in each situation. Uncommon target outputs, those observed fewer than
10 times in training (yellow box), are common, constituting 35% of all required predictions. Such semantic sparsity is
a central challenge for situation recognition.

samples for it’s role (see Figure 7.3). We propose to address this challenge in two ways by (1) building mod-
els that more effectively share examples of objects between different roles and (2) semantically augmenting

our training set to fill in rarely represented noun-role combinations.

We introduce a new compositional Conditional Random Field formulation (CRF) to reduce the effects
of semantic sparsity by encouraging sharing between nouns in different roles. Like previous work [152],
we use a deep neural network to directly predict factors in the CRF. In such models, required factors for the
CRF are predicted using a global image representation through a linear regression unique to each factor. In
contrast, we propose a novel tensor composition function that uses low dimensional representations of nouns
and roles, and shares weights across all roles and nouns to score combinations. Our model is compositional,
independent representations of nouns and roles are combined to predict factors, and allows for a globally

shared representation of nouns across the entire CRF.
This model is trained with a new form of semantic data augmentation, to provide extra training samples
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for rarely observed noun-role combinations. We show that it is possible to generate short search queries that
correspond to partial situations (i.e. “man carrying baby” or “carrying on back” for the situations in Figure
7.1) which can be used for web image retrieval. Such noisy data can then be incorporated in pre-training by
optimizing marginal likelihood, effectively performing a soft clustering of values for unlabeled aspects of
situations. This data also supports, as we will show, self training where model predictions are used to prune
the set of images before training the final predictor.

Experiments on the imSitu dataset [152] demonstrate that our new compositional CRF and semantic
augmentation techniques reduce the effects of semantic sparsity, with strong gains for relatively rare con-
figurations. We show that each contribution helps significantly, and that the combined approach improves
performance relative to a strong CRF baseline by 6.23% and 9.57% on top-5 verb and noun-role accuracy,
respectively. On uncommon predictions, our methods provide a relative improvement of 8.76% on average
across all measures. Together, these experiments demonstrate the benefits of effectively targeting semantic

sparsity in structured classification tasks.

7.2 Background

Situation Recognition Situation recognition has been recently proposed to model events within images
[67; ; ; ], in order to answer questions beyond just “What activity is happening?” such as “Who
is doing it?”, “What are they doing it to?”, “What are they doing it with?”. In general, formulations build on
semantic role labelling [62], a problem in natural language processing where verbs are automatically paired
with their arguments in a sentence (for example, see [26]). Each semantic role corresponds to a question
about an event, (for example, in the first image of Figure 7.1, the semantic role agent corresponds to “who
is doing the carrying?” and agentpart corresponds to “how is the item being carried?”).

We study situation recognition in imSitu [152], a large-scale dataset of human annotated situations
containing over 500 activities, 1,700 roles, 11,000 nouns, 125,000 images. imSitu images are collected to
cover a diverse set of situations. For example, as seen in Figure 7.2, 35% of situations annotated in the
imSitu development set contain at least one rare role-noun pair. Situation recognition in imSitu is a strong
test bed for evaluating methods addressing semantic sparsity: it is large scale, structured, easy to evaluate,

and has a clearly measurable range of semantic sparsity across different verbs and roles. Furthermore, as
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# of samples of least observed role,value pair

Figure 7.3: Verb and role-noun prediction accuracy of a baseline CRF [152] on the imSitu dev set as a function of the
frequency of the least observed role-noun pair in the training set. Solid horizontal lines represent average performance
across the whole imSitu dev set, irrespective of frequency. As even one target output becomes uncommon (highlighted
in yellow box), accuracy decreases.

seen in Figure 7.3, semantic sparsity is a significant challenge for current situation recognition models.

Formal Definition In situation recognition, we assume a discrete sets of verbs V', nouns N, and frames
F. Each frame f € F is paired with a set of semantic roles Ey. Every element in V' is mapped to exactly
one f. The verb set V' and frame set F' are derived from FrameNet [53], a lexicon for semantic role labeling,
while the noun set IV is drawn from WordNet [106]. Each semantic role e € Ey is paired with a noun value
n. € N U {2}, where & indicates the value is either not known or does not apply. The set of pairs of
semantic roles and their values is called a realized frame, Ry = {(e,n.) : e € E¢}. Realized frames are
valid only if each e € E is assigned exactly one noun ..

Given an image, the task is to predict a situation, S = (v, Ry), specified by a verb v € V and a
valid realized frame Ry, where f refers to a frame mapped by v . For example, in the first image of
Figure 7.1, the predicted situations is S = (carrying, {(agent,man), (itembaby), (agentpart,chest),

(place,outside)}).
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Figure 7.4: An overview of our compositional Conditional Random Field (CRF) for predicting situations. A deep
neural network is used to compute potentials in a CRF. The verb-role-noun potential is built from a global bank of
noun representations, image specific role representations and a global image representation that are combined with a
weighted tensor product. The model allows for sharing among the same nouns in different roles, leading to significant
gains, as seen in Section 7.5.

7.3 Methods

This section presents our compositional CRFs and semantic data augmentation techniques.

7.3.1 Compositional Conditional Random Field

Figure 7.4 shows an overview of our compositional conditional random field model, which is described

below.

Conditional Random Field Our CRF for predicting a situation, S = (v, Ry), given an image ¢, decom-
poses over the verb v and semantic role-value pairs (e, n¢) in the realized frame Ry = {(e,n.) : e € Ef},

similarly to previous work [152]. The full distribution, with potentials for verbs 1, and semantic roles .
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takes the form:

p(S|i;0) x 1y (v,1i;0) H Ye(v,€e,ne,1;0) (7.1)

(e,ne)ERF
The CRF admits efficient inference: we can enumerate all verb-semantic roles that occur and then sum all
possible semantic role values that occurred in a dataset.

Each potential in the CRF is log linear:
Wbo(v,§;0) = P (0 (7.2)

Ve (v, €, e, 13 0) = ePe(V:emeio) (7.3)

where ¢, and ¢, encode scores computed by a neural network. To learn this model, we assume that for an
image i in dataset ( there can, in general, be a set A; of possible ground truth situations . We optimize the

log-likelihood of observing at least one situation S' € A;:

> tog (1= TT (1= p(S1is0)) (7.4)

1€Q S€eA;

Compositional Tensor Potential In previous work, the CRF potentials (Equation 7.2 and 7.3 ) are com-
puted using a global image representation, a p-dimensional image vector g; € RP, derived by the VGG
convolutional neural network [136]. Each potential value is computed by a linear regression with parame-
ters, 6, unique for each possible decision of verb and verb-role-noun (we refer to this as image regression in

Figure 7.4), for example for the verb-role-noun potential in Equation 7.3:

qb@ (U’ €, e, ia 0) = gz'Tev,e,ne (75)

Such a model does not directly represent the fact that nouns are reused between different roles, although
the underlying neural network could hypothetically learn to encode such reuse during fine tuning. Instead,
we introduce compositional potentials that make such reuse explicit.

To formulate our compositional potential, we introduce a set of m-dimensional vectors D = {d,, €

R™|n € N}, one vector for each noun in N, the set of nouns. We create a set matrices 7' = {H(, ) €

'imSitu provides three realized frames per example image.
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RP*°|(v,e) € Ey}, one matrix for each verb, semantic role pair occurring in all frames E, that map
image representations to o-dimensional verb-role representations. Finally, we introduce a tensor of global
composition weights, C' € R"*°*P_ We define a tensor weighting function, 7', which takes as input a verb,

v, semantic role, e, noun, n, and image representation, g; as:

T(v,e,n,g;) = C O (dn ® g Hipe) ® i) (7.6)

The tensor weighting function constructs an image specific verb-role representation by multiplying the
global image vector and the verb-role matrix gl-T H, ). Then, it combines a global noun representation,
the image specific role representation, and the global image representation with outer products. Finally,
it weights each dimension of the outer product with a weight from C'. The weights in C' indicate which
features of the 3-way outer product are important. The final potential is produced by summing up all of the

elements of the tensor produced by T":

M O P

¢8(U767n67i) = ZZZT(U7€7ne>gi)[$7yvz] (77)

=0 y=0 2=0

The tensor produced by 7" in general will be high dimensional and very expressive. This allows use
of small dimensionality representations, making the function more robust to small numbers of samples for

each noun.

The potential defined in Equation 7.7 can be equivalently formulated as :
¢e<v7 €, Ne, Z) = giTA(dne ® giTH(v,e)) (7.8)

Where A is a matrix with the same parameters as C' but flattened to layout the noun and role dimen-
sions together. By aligning terms with Equation 7.5, one can see that tensor potential offers an alternative
parametrized to the linear regression that uses many more general purpose parameters, those of C. Fur-
thermore, it eliminates any one parameter from ever being uniquely associated with one regression, instead

compositionally using noun and verb-role representations to build up the parameters of the regression.
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7.3.2 Semantic Data Augmentation

Situation recognition is strongly connected to language. Each situation can be thought of as simple declara-
tive sentence about an activity happening in an image. For example, the first situation in Figure 7.1 could be
expressed as “man carrying baby on chest outside” by knowing the prototypical ordering of semantic roles
around verbs and inserting prepositions. This relationship can be used to reduce semantic sparsity by using

image search to find images that could contain the elements of a situations.

We convert annotated situations to phrases for semantic augmentation by exhaustively enumerating all
possible sub-pieces of realized situations that occur in the imSitu training set (see Section 7.4 for implemen-
tation details). For example, in first situation of Figure 7.1, we get the pieces: (carrying, {(agent,man)}),
(carrying, {(agent,man), (item, baby)}), ect. Each of these substructures is converted deterministically
to a phrase using a template specific for every verb. For example, the template for carrying is “{agent}
carrying {item} {with agentpart} {in place}.” Partial situations are realized into phrases by taking
the first gloss in Wordnet of the synset associated with every noun in the substructure, inserting them into
the corresponding slots of the template, and discarding unused slots. For example, the phrases for the sub-
pieces above are realized as “man carrying” and “man carrying baby.” These phrases are used to retrieve
images from Google image search and construct a set, W = {(i,v, Ry)}, of images annotated with a verb
and partially complete realized frames, by assigning retrieved images to the sub-piece that generated the

retrieval query.”

Pre-training Images retrieved from the web can be incorporated in a pre-training phase. The images
retrieved only have partially specified realized situations as labels. To account for this, we instead compute

the marginal likelihood, p, of the partially observed situations in W:

(S5 0) o< 1y (v, 6) H Ye(v, €,me,1;0)

(e,ne)ERy

X H Z@Z)e(v,e,n,i;ﬁ)

e¢RfNe€E; M

(7.9

2While these templates do not generate completely fluent phrases, preliminary experiments found them sufficiently accurate for
image search because often no phrase could retrieve correct images. Longer phrases tended to have much lower precision.
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During pretraining, we optimize the marginal log-likelihood of W. This objective provides a partial cluster-

ing over the unobserved roles left unlabeled during the retrieval process.

Self Training Images retrieved from the web contain significant noise. This is especially true for role-
noun combinations that occur infrequently, limiting their utility for pretraining. Therefore, we also consider
filtering images in W after a model has already been trained on fully supervised data from imSitu. We rank
images in W according to p as computed by the trained model and filter all those not in the top-k for every
unique Ry in WW. We then pretrain on this subset of W, train again on imSitu, and then increase k. We

repeat this process until the model no longer improves.

7.4 Experimental Setup

Models All models were implemented in Caffe [71] and use a pretrained VGG network [136] for the base
image representation with the final two fully connected layers replaced with two fully connected layers of
dimensionality 1024. We finetune all layers of VGG for all models. For our tensor potential we use noun
embedding size, m = 32, and role embedding size o = 32, and the final layer of our VGG network as the
global image representation where p = 1024. Larger values of m and o did seem to improve results but were
too slow to pretrain so we omit them. In experiments where we use the image regression in conjunction with
a compositional potential, we remove regression parameters associated with combinations seen fewer than

10 times on the imSitu training set to reduce overfitting.

Baseline We compare our models to two alternative methods for introducing effective sharing between
nouns. The first baseline (Noun potential in Table 7.1 and 7.2) adds a potential into the baseline CRF for
nouns independent of roles. We modify the probability, from Equation 7.9 of a situation, .S, given an image

1, to not only decompose by pairs of roles, e and nouns 7. in a realized frame Iy, but also nouns 7.:

p(S’Z70) X 1%(7)727(9) H ¢e(07€7ne7i§9)¢ne(ne7i) (710)

(e»ne)eRf

The added potential, ,_, is computed using a regression from a global image representation for each unique

Ne.
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top-1 predicted verb top-5 predicted verbs ground truth verbs

verb value | value-all verb value | value-all value | value-all mean

1 Baseline: Image Regression [152] 3225 | 24.56 14.28 58.64 | 42.68 22.75 65.90 29.50 36.32
=12 Noun Potential + reg 27.64 | 21.21 12.21 5395 | 39.95 21.45 68.87 32.31 34.70
w3 Inner product composition + reg 32.13 | 24.77 14.71 58.33 | 42.93 23.14 66.79 30.2 36.62
E 7 Tensor composition 31.73 | 24.04 13.73 58.06 | 42.64 227 68.73 32.14 36.72
5 Tensor composition + reg 3291 | 25.39 14.87 59.92 44.5 24.04 69.39 33.17 38.02

< 6 Baseline : Image Regression 3240 | 24.14 15.17 59.10 | 44.04 24.40 68.03 31.93 37.53
wi |7 Tensor composition + reg 34.04 | 26.47 15.73 61.75 | 46.48 25.77 70.89 35.08 39.53
* [78 [ Tensor composition + reg + self train | 34.20 | 26.56 15.61 62.21 | 46.72 25.66 70.80 34.82 39.57

Table 7.1: Situation recognition results on the full imSitu development set. The results are divided by models which
were only trained on imSitu data, rows 1-5, and models which use web data through semantic data augmentation,
marked as +SA in rows 6-8. Models marked with +reg also include image regression potentials used in the baseline.
Our tensor composition model, row 5, significantly outperforms the existing state of the art, row 1, addition of a noun
potential, row 2, and a compositional baseline, row 3. The tensor composition model is able to make better use of
semantic data augmentation (row 8) than the baseline (row 6).

The second baseline we consider is compositional but does not use a tensor based composition method.
The model instead constructs many verb-role representations and combines them with noun representations
using inner-products (Inner product composition in Table 7.1 and 7.2). In this model, as in the tensor model
in Section 7.3, we use a global image representation g; € RP and a set noun vectors, d,, € R™ for every
noun n. We also assume ¢ verb-role matrices H;, . € R°*P for every verb-role in Ey. We compute the

corresponding potential as in Equation 7.11:

Ge(v, €,me,1) =Y Al Hg o) (7.11)
k

The model is motivated by compositional models used for semantic role labeling [55] and allows us to trade-
off the need to reduce parameters associated with nouns and expressivity. We grid search values of ¢ such
that ¢ - o was at most 256, the largest size network we could afford to run and o = m, a requirement on the

inner product. We found the best setting at ¢t = 16, o = m = 16.

Decoding We experimented with two decoding methods for finding the best scoring situation under the
CRF models. Systems which used the compositional potentials performed better when first predicting a
verb v™ using the max-marginal over semantic roles: v = arg max, » (ene) p(v, Ry|i) and then predict a
realized frame, R, with max score for v": R}" = argmaxp, p(v™, Ry|i). All other systems performed

better maximizing jointly for both verb and realized frame.
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top-1 predicted verb top-5 predicted verbs ground truth verbs

verb value | value-all verb value | value-all value | value-all mean

1 Baseline: image regression [152] 19.89 | 11.68 2.85 44.00 | 2493 6.16 50.80 9.97 19.92

% 2 Noun potential + reg 15.88 9.13 1.86 3822 | 22.28 5.46 54.65 11.91 19.92
g3 Inner product composition + reg 18.96 | 10.69 1.89 42.53 | 23.28 3.69 49.54 6.46 19.63
T4 Tensor composition 19.78 | 11.28 2.26 42.66 | 24.42 5.57 54.06 11.47 21.43
5 Tensor composition + reg 21.12 | 11.89 2.20 45.14 | 25.51 5.36 53.58 10.62 21.93

< 6 Baseline : image regression 19.95 | 11.44 2.13 43.08 | 24.56 4.95 51.55 8.41 20.76
wi |7 Tensor composition + reg 20.08 | 11.58 222 44.82 | 26.02 5.55 55.45 11.53 22.16
* [78 [ Tensor composition + reg + self train | 20.52 | 11.91 2.34 4594 | 26.99 6.06 55.90 12.04 22,71

Table 7.2: Situation prediction results on the rare portion imSitu development set. The results are divided by models
which were only trained on imSitu data, rows 1-5, and models which use web data through semantic data augmentation,
marked as +SA in rows 6-8. Models marked with +reg also include image regression potentials used in the baseline.
Semantic data augmentation with the baseline hurts for rare cases. Semantic augmentation yields larger relative
improvement on rare cases and a composition-based model is required to realize these gains.

Optimization All models were trained with stochastic gradient descent with momentum 0.9 and weight
decay Se-4. Pretraining in semantic augmentation was conducted with initial learning rate of le-3, gradient
clipping at 100, and batch size 360. When training on imSitu data, we use an initial learning rate of le-5.
For all models, the learning rate was reduced by a factor of 10 when the model did not improve on the imSitu

dev set.

Semantic Augmentation In experiments with semantic augmentation, images were retrieved using Google
image search. We retrieved 200 medium sized, full-color, safe search filtered images per query phrase. We
produced over 1.5 million possible query phrases from the imSitu training set, the majority extremely rare.
We limited the phrases to any that occur between 10 and 100 times in imSitu and for phrases that occur
between 3 and 10 times we accepted only those containing at most one noun. Roughly 40k phrases were
used to retrieve 5 million images from the web. All duplicate images occurring in imSitu were removed.
For pretraining, we ran all experiments up to 50k updates (roughly 4 epochs). For self training, we only self
train on rare realized frames (those 10 or fewer times in imSitu train set). Self training yielded diminishing

gains after two iterations and we ran the first iteration at k=10 and the second at k=20.

Evaluation We use the standard data split for imSitu[ 152] with 75k train, 25k development, and 25k test
images. We follow the evaluation setup defined for imSitu, evaluating verb predictions (verb) and semantic
role-value pair predictions (value) and full structure correctness (value-all). We report accuracy at top-1, top-
5 and given the ground truth verb and the average across all measures (mean). We also report performance

for examples requiring rare (10 or fewer examples in the imSitu training set) predictions.
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top-1 predicted verb top-5 predicted verbs ground truth verbs
verb value | value-all verb value | value-all value | value-all mean
imSitu Baseline: Image Regression [152] 3234 | 24.64 14.19 58.88 | 42.76 22.55 65.66 28.96 36.25
Tensor composition + reg 3296 | 2532 14.57 60.12 | 44.64 24.00 69.2 32.97 37.97
+SA Baseline : Image Regression 323 24.95 14.77 59.52 | 44.08 23.99 67.82 31.46 37.36
Tensor composition + reg + self train | 34.12 | 26.45 15.51 62.59 | 46.88 25.46 70.44 34.38 39.48

Table 7.3: Situation prediction results on the full imSitu test set. Models were run exactly once on the test set.
General trends are identical to experiments run on development set.

top-1 predicted verb top-5 predicted verbs ground truth verbs
verb value | value-all verb value | value-all value | value-all mean
imSitu Baseline: Image Regression [152] 20.61 | 11.79 3.07 4475 | 24.85 5.98 50.37 9.31 21.34
Tensor composition + reg 19.96 | 11.57 2.30 4489 | 25.26 4.87 53.39 10.15 21.55
+SA Baseline : Image Regression 19.46 | 11.15 2.13 4352 | 24.14 4.65 51.21 8.26 20.57
Tensor composition + reg + self train | 20.32 | 11.87 2.52 47.07 | 27.50 6.35 55.72 12.28 22.95

Table 7.4: Situation prediction results on the rare portion of imSitu test set. Models were run exactly once on the test
set. General trends established on the development set are supported.

7.5 Results

Compositional Tensor Potential Our results on the full imSitu dev set are presented in Table 7.1 in rows
1-5. Overall results demonstrate that adding a noun potential (row 2) and our baseline composition model
(row 3) are ineffective and perform worse than the baseline CRF (row 1). We hypothesize that systematic
variation in object appearance between roles is challenging for these models. Our tensor composition model
(row 4) is able to better capture such variation and effectively share information among nouns, reflected by
improvements in value and value-all accuracy given ground truth verbs while maintaining high top-1 and
top-5 verb accuracy. However, as expected, many situations cannot be predicted only compositionally based
on nouns (consider that a horse sleeping looks very different than a horse swimming and nothing like a
person sleeping). Combination of the image regression potential and our tensor composition potential (row
5) yields the best performance, indicating they are modeling complementary aspects of the problem. Our
final model (row 5) only trained on imSitu data outperforms the baseline on every measure, improving over

1.70 points overall.

Results on the rare portion of the imSitu dataset are presented in Table 7.2 in rows 1-5. Our final model
(row 5) provides the best overall performance (mean column) on rare cases among models trained only
on imSitu data, improving by 0.64 points on average. All models struggle to get correctly entire struc-
tures (value-all columns), indicating rare predictions are extremely hard to get completely correct while the

baseline model which only uses image regression potentials performs the best. We hypothesize that image
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regression potentials may allow the model to more easily coordinate predictions across roles simultaneously

because role-noun combinations that always co-occur will always have the same set of regression weights.

Semantic Data Augmentation Our results on the full imSitu development set are presented in Table 7.1
in rows 6-8. Overall results indicate that semantic data augmentation helps all models, while our tensor
model (row 7) benefits more than the baseline (row 6). Self training improves the tensor model slightly (row
8), making it perform better on top-1 and top-5 predictions but hurting performance given gold verbs. On
average, our final model outperforms the baseline CRF trained on identical data by 2.04 points.

Results on the rare portion of the imSitu dataset are presented in Table 7.2 in rows 6-8. Surprisingly,
on rare cases semantic augmentation hurts the baseline CRF (line 6). Rare instance image search results are
extremely noisy. On close inspection, many of the returned results do not contain the target activity at all
but instead contain target nouns. We hypothesize that without an effective global noun representation, the
baseline CRF cannot extract meaningful information from such extra data. On the other hand, our tensor

model (line 7) improves on these rare cases overall and with self training improves further (line 8).

Overall Results Experiments show that (a) our tensor model is able perform better in comparable data
settings, (b) our semantic augmentation techniques largely benefit all models, and (c) our tensor model
benefits more from semantic augmentation. We also present our full performance on top-5 verb across all
numbers of samples in Figure 7.5. While our compositional CRF with semantic augmentation outperforms
the baseline CRF, both models continue to struggle on uncommon cases. Our techniques seem to give
most benefit for examples requiring predictions of structures seen between 5 and 35 times, while providing
somewhat less benefit to even rarer ones. It is challenging future work to make further improvements for
extremely rare outputs.

We also evaluated our models on the imSitu test set exactly once. The results are summarized in Table 7.3
for the full imSitu test set and in Table 7.4 for the rare portion. General trends established on the imSitu dev
set are supported. We provide examples in Figure 7.6 of predictions our final system made on rare examples

from the development set.
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Figure 7.5: Top-5 verb accuracy on the imSitu development set. Our final compositional CRF with semantic data
augmentation outperforms the baseline CRF on rare cases (fewer than 10 training examples), but both models continue
to struggle with semantic sparsity. For our final model, the largest improvement relative to the baseline are for cases
with 5-35 examples on the training set.
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Figure 7.6: Output from our final model on development examples containing rare role-noun pairs. The first row
contains examples where the model correctly predicts the entire structures in the top-5 (top-5, value-all). We highlight
the particular role-noun pairs that make the examples rare with a yellow box and put the number occurrences of it in
the imSitu training set. The second row contains examples where the verb was correctly predicted in the top-5 but not

all the values were predicted correctly. We highlight incorrect predictions in red. Many such predictions occur zero
times in the training set (ex. the third image on the second row). All systems struggle with such cases.

108



Chapter 8

Conclusion

In this thesis we explored whether natural language can be used to define what information is extracted from
an image. We introduced several proposals that use unconstrained language to define recognition targets and
showed even highly ambiguous sentimental language can be grounded to produce well defined predictions.
We showed how to use natural language ontologies to (a) to expand knowledge that can be extracted from

labeled images and (b) to define novel visual recognition problems.

In Chapter 3, we explored how visual language, both literal and sentimental, maps to the overall physi-
cal appearance and style of virtual characters. While the section focused on avatar design, our approach has
implications for a broad class of natural language-driven dialog scenarios. In many situations, a user may
be perfectly able to formulate a high-level description of their intent (“Make my resume look cleaner” “Buy
me clothes for a summer wedding,” or “Play something more danceable””) while having little or no under-
standing of the complex parameter space that the underlying software must manipulate in order to achieve
this result. We demonstrated that these high-level sentimental specifications can have a strong relationship
to literal aspects of a problem space and showed that sentimental language is a concise, yet noisy, way of
specifying high level characteristics. Sentimental language is an unexplored avenue for improving natural
language systems that operate in situated settings. It has the potential to bridge the gap between lay and

expert understandings of a problem domain.

In Chapter 4 we used dense annotations of images to study description generation. The annotations

allowed us to not only develop new models, better capable of generating human-like sentences, but also
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to explore what visual information is crucial for description generation. Experiments showed that activity
and bounding-box information is important and demonstrated areas of future work. In images that are
more complex, for example multiple sentient objects, object grouping and reference will be important to
generating good descriptions.

In Chapter 5 we use an existing object detection dataset to extract 16k common sense statements about
annotated categories. We also show how to generalize using WordNet and induced hundreds of thousands
of facts about unseen objects. The information we extracted is visual, large scale and good quality. It has
the potential to be useful for both visual recognition and entailment applications.

In Chapter 6 we introduced the problem of situation recognition and described the construction of im-
Situ, a large new situation recognition data set. Key to the formulation was the use of semantic roles to
represent how objects, actors, and other entities participate in different activities. The situation recognition
task is challenging but provides strong context for recognizing activities and objects. Situation recognition
significantly improves over existing formalisms for activities in images, expanding on both the coverage and
richness of the representation.

In Chapter 7 we studied semantic sparsity in situation recognition. Despite the fact that the vast majority
of the possible output configurations are rarely observed in the training data, we showed it was possible in
introduce new compositional models that effectively share examples among required outputs and semantic

data augmentation techniques that significantly improved performance.

8.1 Future Work

Future work in language based representations of image is broad, including high level questions about further
expanding visual representations and low level technical questions such as generalization to unobserved

configurations in structured output.

Scene Graphs The work presented in this thesis explored on a small scale what labeling everything in an
image might mean and at a large scale defined a framework for relations in images, situation recognition.
One potential avenue to explore is combining the ontology of relations defined in imSitu with other core

computer vision problems to form a more complete representation for an entire image. This would include
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labeling regions for arguments of relations and labeling multiple relationships within an image. While there
have been attempts at such proposals, such as the Visual Genome[81] project, these efforts do not benefit
from a tight coupling with language based resources and as such have inconsistent coverage within image

and have poor coverage of semantic units across image.

Structured Zero-shot Learning The work in this thesis revealed that semantic sparsity in structured
predictions are the central challenge for situation recognition. An extreme version of this issue is to observe
no examples of a required sub-part of a prediction. This case is effectively captured in Chapter 7, but has
many special features unique to it. For example, it is currently not possible to train a model that can score all
possible unobserved, in training data, subparts of situations, and thus a model must explicitly make choices
about what zero-shot configurations should be possible and not. This zero-shot scenario will be increasingly
important as annotation efforts on structured output, whether situations or graph structured representation,

can only cover a small subset of the combinatorial options.
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