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ABSTRACT

The ability of autonomous systems to ingest multimedia content and generate a

high-level semantic understanding of it is invaluable in many real-world applications.

While the advancements in this research area are remarkable and impactful, existing

vision-language (V&L) systems are yet to explore many aspects of human cognition.

This dissertation addresses two such directions- (1) joint reasoning over multiple

modalities and (2) reasoning beyond information perceived from the visual content.

In most image understanding tasks, the model is evaluated based on its ability to use

language to communicate about the contents of the image (such as classifying or gen-

erating text in the form of sentences or short phrases). On the other hand, humans

often integrate information from images and accompanying text to make decisions in

day-to-day life, for example, product assembly, navigation, and interpreting charts.

Towards this end, a novel V&L task is proposed, which requires joint reasoning over

images and text. A new multi-task corpus is prepared to support this task, and bench-

mark models are developed. Further, through a case study on a large-scale synthetic

dataset, it is shown that the proposed task formulation can be beneficial to train

systems that can reason about images beyond pixel-level information. In particular,

the model’s ability to perform hypothetical reasoning about actions is investigated

(that is, given an image of the world and a description of an imaginary action to be

performed, predict the next state of the world). In addition, broader aspects of action

reasoning are explored, which includes predicting preconditions, associated high-level

goals, effects, and temporal dynamics about actions perceived in cooking images. A

few-shot method is proposed to distill knowledge from Large Language Models about

the above aspects of actions, conditioned on the visual information. Finally, the

contributions of this thesis and its potential real-world applications are summarized,

along with a discussion about future scopes in this research direction.
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Chapter 1

INTRODUCTION

1.1 Vision-Language Integration: Artificial Intelligence (AI) Perspective

Images and videos have become an inseparable part of modern communication.

The widespread accessibility and affordability of computing devices that can store,

process, and display such visual content has resulted in an abundance of availability

of visual data. Therefore, it is important to design systems that can ingest such

large-scale data and perform high-level semantic understanding and reasoning over

it to identify critical events, explain novel concepts, or influence the decision-making

process. Development of such systems is crucial for industries including - but not

limited to - healthcare, fashion, defense, education, and social media analytics. The

related area of research is broadly known as ‘Image Understanding’.

Formally, image understanding is a sub-field of Computer Vision (CV) that aims

to locate, characterize, and recognize objects and corresponding attributes from the

images. Early approaches in image understanding were focused on extracting low-level

features (like edges and corners) to match simple visual patterns. Due to factors such

as the recent success of deep learning methods, availability of large-scale annotated

visual data, and high-performance computing hardware, there have been an unprece-

dented number of advancements in this field. As a result, the image understanding

community has been successful in developing promising solutions to several tasks re-

lated to the extraction of mid-level features such as fine-grained image segmentation,

object detection, and recognition.

The ultimate goal of developing Artificial Intelligence (AI) agents is to automate
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and/or assist humans in performing everyday tasks. For humans, spoken language is

considered to be the primary mode of communication. Therefore, there is a growing

demand for the development of interfaces that can facilitate humans and machines

to communicate effectively. While visual modalities provide a concise representation

of the physical world, language makes it easier to express concepts that connect the

physical world with other kinds of knowledge. Consequently, a wide variety of AI

research prototypes have been developed that incorporate the integration of vision

and language. This includes image understanding models guided by linguistic cues,

and multi-modal conversational agents to robots that perform tasks instructed in

natural language.

In recent years, Natural Language Processing (NLP) has evolved separately as

a sub-branch of AI. However, research progress in CV and NLP has had a great

influence on each other due to the nature of the problems addressed in these research

fields. In the NLP domain, the task of Question Answering (QA) is well accepted

for evaluating the level of understanding of a system. It is largely inspired by the

educational setting, where a student’s understanding of a subject is measured by their

ability to solve problems of varying levels of difficulty.

The image understanding community has widely adopted the QA style of evalua-

tion used in NLP and is popularly known as the Visual Question Answering (VQA)

task. The underlying hypothesis for the VQA task states that if an AI system has a

semantic understanding of a visual scene, it should be able to answer natural language

questions around those semantics. In other words, if an AI system is provided with

an image and posed with several questions of varying difficulty related to the given

image, then the system’s understanding of the visual content can be measured by its

ability to answer given questions correctly.

In recent years, a large body of visual question answering (VQA) benchmarks have

2



been compiled to facilitate the development of AI systems and to assess progress in

this field of research. This introductory chapter provides an overview of existing

datasets that have been instrumental in advancing VQA research. Following this,

several open challenges and unexplored research directions in image understanding

are discussed that are inspired by human cognitive abilities. This will provide the

foundation for the remainder of this dissertation.

1.2 Background: Visual Question Answering (VQA)

The aim of the Visual Question Answering (VQA) task is to facilitate the devel-

opment of systems that can answer natural language questions about the contents

of visual information. In most cases, a set of possible answers that are compiled or

known beforehand allows the formulation of VQA as a classification problem. For-

mally, the VQA task consists of three components: an image I, a natural language

question Q, and a set of possible answer choices A. The goal is to develop a model fθ

(parameterized by θ) that can select answer a from a list of candidate answers A for

a given problem (I, Q), i.e.,

fθ(I,Q)→ a ∈ A (1.1)

One can ask a wide variety of questions- ranging from a particular visual attribute

of an entity and interrelation of various objects to a high-level context conveyed by

the image. Therefore, VQA task formulation allows models to comprehend visual

information at both the global and local level (Mogadala et al., 2021). As a result,

VQA has been one of the widely used task formats in the vision-language domain.

As per a survey, 53 among 130 benchmarks for visual understanding (as of 2020)

supported VQA task formulation. While the earlier approaches (Geman et al., 2015;

Malinowski and Fritz, 2014) considered VQA as a Visual Turing Test and attempted
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to answer simple binary questions, the current efforts are focused towards large-scale,

open-ended and application-specific VQA datasets (Antol et al., 2015b; Marino et al.,

2019; Kahou et al., 2017; Ben Abacha et al., 2019). This section discusses important

existing VQA datasets. They are organized into three major clusters depending on

whether questions are answerable from images only, would require any knowledge

beyond the image, or require reasoning over more than one modality. While visuals

typically include both images as well as videos, this survey is limited to benchmarks

that involve images.

1.2.1 VQA for Information Explicitly Present in Images

In this cluster of the VQA datasets, questions are centered around information

explicitly present in the image which includes objects, their attributes, or ongoing

actions and events (as shown in Figure 1.1). DAtaset for QUestion Answering on

Real-world images (DAQUAR) proposed by Malinowski and Fritz (2014) was one of

the earliest publicly available VQA datasets. It incorporated three kinds of questions-

object type, object color, and number of objects over indoor images annotated with

segments, object labels, and depth values. Later, the COCO-QA dataset (Ren et al.,

2015a) was proposed where authors automatically converted an image-captioning

dataset MS-COCO (Lin et al., 2014) into a VQA. A parallel line of work by Antol

et al. (2015a) leveraged crowd-sourcing for collecting question-answer pairs over MS-

COCO images.

Following the success of the above pioneers, several variants of visual QA have been

proposed. Among them, VQAv2 (Goyal et al., 2017), Visual7w (Zhu et al., 2016),

and VizWiz (Gurari et al., 2019) focused on questions about objects, their attributes,

actions, and relationships among objects. Datasets such as CountQA (Chattopadhyay

et al., 2017), HowManyQA (Trott et al., 2018) and TallyQA (Acharya et al., 2019)
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Figure 1.1: VQA Examples From Johnson et al. (2017a); Ren et al. (2015a); Hud-

son and Manning (2019) Where Information Contained in the Image is Sufficient to

Answer a Given Question

are specifically designed for questions involving complex object counting. On the

other hand, datasets like NLVR (Suhr et al., 2017) and GQA (Hudson and Manning,

2019) were developed to improve the spatial reasoning capability of systems through

question answering. The TextVQA (Singh et al., 2019), OCR-VQA (Mishra et al.,

2019), and ST-VQA (Biten et al., 2019) benchmarks were developed with the goal of

understanding text inside images, which might be relevant when images are taken in

the marketplace, restaurants, streets, etc.

All the above datasets were based on natural images (i.e. everyday indoor/outdoor

scenes that humans encounter frequently) and leveraged a combination of automated

methods and crowd-sourcing for large-scale data collection. While natural images-

based VQA datasets reflect challenges one can encounter in real-life situations, the

requirement of costlier human annotations and vulnerability to biases are two major

drawbacks. To overcome this, synthetic dataset generation approaches were proposed.

Synthetic approach allows controlled data generation at scale while being flexible to

test specific reasoning skills. As a result, several synthetic 2D and 3D VQA datasets

have been developed which include COG (Yang et al., 2018), Shapes (Andreas et al.,
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2016), CLEVR (Johnson et al., 2017a) and CLEVR-Dialog (Kottur et al., 2019).

The FigureQA (Kahou et al., 2017) and DVQA (Kafle et al., 2018) datasets

took synthetic data generation one step further. Specifically, they generated syn-

thetic charts (bar chart, pie chart, dot-line, etc.) and programmatically curated

question-answer pairs around them. In between natural and synthetic images lies

VQA-abstract (Antol et al., 2015b) and IQA (Gordon et al., 2018) datasets which

involve clipart-style scenes and rendered interactive environments respectively.

1.2.2 VQA Requiring External Knowledge

Humans possess a rich knowledge about the surrounding world and utilize that

knowledge while they attempt visual reasoning. A similar situation might occur for

AI systems where the provided visual information alone might not be sufficient in

order to answer many questions, as shown in Figure 1.2. Motivated by this aspect of

human reasoning abilities, knowledge-based VQA benchmarks are being developed.

The KB-VQA dataset (Wang et al., 2017a) was the first knowledge-enhanced VQA

benchmark. Particularly, the dataset consisted of several kinds of templates-generated

questions over MS-COCO images (Lin et al., 2014), answering which would require

knowledge about the objects (present in images) which is available in the form of

knowledge-triples in DBpedia (Auer et al., 2007).

Post that, the F-VQA dataset (Wang et al., 2017b) was proposed as an extension

of KB-VQA (Wang et al., 2017a), which was larger and more complex in terms of

knowledge. F-VQA leveraged three existing knowledge bases- DBpedia (Auer et al.,

2007), ConceptNet (Speer et al., 2017) and WebChild (Tandon et al., 2014) for cura-

tion of their data. Another knowledge-intensive task KVQA was proposed by Shah

et al. (2019), which focused on the world knowledge about named entities in the

image (e.g. Barack Obama, White House, United Nations). It is one of the largest
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Figure 1.2: VQA Examples From Wang et al. (2017a,b); Marino et al. (2019) Where

Some Additional Common Sense or World Knowledge is Required Beyond the Infor-

mation Contained in the Image in Order to Answer a Given Question

knowledge-VQA benchmarks to date, which requires multi-entity, multi-relation, and

multi-hop reasoning over Wikidata knowledge graph (Vrandečić and Krötzsch, 2014).

The reliance on one or more knowledge graph(s) has two disadvantages; First,

querying across knowledge bases requires standardization in terms of storage/format

and is only viable under the availability of a query language that works with all knowl-

edge bases. Second, with a higher number of knowledge bases involved, the inference

becomes more expensive. On the other hand, humans utilize search engine-like tools

to obtain missing knowledge by creating appropriate queries over unstructured doc-

uments. Motivated by this, OK-VQA (Marino et al., 2019) was developed, where

models solving this dataset require the capability to extract open-ended knowledge

from the web in order to answer image-based questions.

This cluster of the VQA datasets also includes resources where domain-specific

knowledge might be needed to answer questions. For example, datasets proposed by

Ben Abacha et al. (2019); Lau et al. (2018); Naseem et al. (2023) contain medical/-

clinical imagery (such as x-rays, radiographs, pathology specimens, etc.) and ask

relevant questions involving observations present in the imagery, determining the ab-
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Figure 1.3: VQA Examples From Naseem et al. (2023); Lobry et al. (2020); Kemb-

havi et al. (2016) Where Domain-specific Knowledge (Such as Mathematics, Science,

Medical/Clinical or Remote Sensing Related) is Required Beyond the Information

Contained in the Image in Order to Answer a Given Question

sence/presence of particular concepts or predicting underlying conditions of a patient.

On the other hand, RS-VQA (Lobry et al., 2020) is built upon satellite imagery and

a broad range of QA pairs concerning various remote sensing applications such as

classifying terrain types, detecting and counting objects of interest, and monitoring

changes over time. VQA datasets based on Mathematics and Science (Seo et al., 2014;

Kembhavi et al., 2016) are relevant here as well. Figure 1.3 illustrates representative

VQA datasets that require specialized domain knowledge.

1.2.3 Multi-Modal VQA

Multi-modal learning in AI is referred to as building models that can process

and relate information from two or more modalities. While multi-modal contexts

can broadly include any combinations of audio, text, images, video, etc., image+text

multi-modality is most relevant to the VQA task. There is only one dataset TQA

(Kembhavi et al., 2017) that is relevant under this category. This dataset is curated

from middle school science curricula and provides long lessons (∼50 sentences and
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4-5 images) as a context for the AI systems. The goal of TQA is to equip models

with the ability to perform a careful selection of necessary facts from the long-tailed

contexts in order to answer a question (as demonstrated by examples in Figure 1.4).

Although they claim that their task requires multi-modal machine comprehension,

40% of their text-based questions can be answered using a single sentence, and 50% of

their image QA can be answered using only one image from the context. In that case,

a significant portion of this dataset becomes analogous to machine comprehension or

ordinary VQA tasks, losing out on the actual purpose of multi-modality.

Figure 1.4: Multi-modal Machine Comprehension Task Proposed by Kembhavi et al.

(2017) With Two Examples From Their TQA Dataset; Each Example in This Dataset

Contains Long Visual-linguistic Context (∼50 Sentences and 4-5 Images) in Order to

Answer a Given Question. In This Figure, Only a Relevant Portion of the Long

Context is Shown (Yellow Box at the Bottom of Each Example)

1.3 Contributions

Despite the significant progress and active efforts in VQA research as discussed

above, there are many aspects of human cognition yet to be explored and a consid-

erable number of open challenges exist that need to be tackled. This dissertation

explores two such research directions with the long-term goal of advancing current
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AI systems to human-levels of reasoning abilities and visual content understanding.

In particular, this thesis explores the development of AI systems that can perform

inference over multiple modalities and reason beyond visually perceivable informa-

tion (particularly about actions). A brief description motivating the importance of

the above two directions from a vision-language applications perspective is provided

below. Comprehensive details about both research directions, proposed approaches,

and developed solutions are covered in subsequent chapters, as per the outline in

Section 1.4.

Multi-modal Understanding

Humans often integrate information from multiple sources (images+text being the

most frequent case) to make decisions in day-to-day life. For example, product

assembly using instruction manuals, navigating roads while following street signs,

interpreting visual representations in various documents such as newspapers and re-

ports, understanding concepts using textbook-style learning, etc. Figure 1.5 visually

demonstrates a couple of such use cases. The first scenario demonstrates the use of

visual and textual information together to explain the complex functionality of a car.

Whereas the second use case depicts two newspaper articles involving a body of text

along with charts/infographics that provide additional context about the topic (such

as historical data or relative comparison).

The importance of joint reasoning over images and text has also been emphasized

in the design of standardized/psychometric tests like PISA and GRE. Programme

for International Student Assessment (PISA) tests conducted post-2018 take into

account “the evolving nature of reading in digital societies- which requires an ability

to compare, contrast and integrate information from multiple sources” (OECD, 2019).

Graduate Record Examinations (GRE) has data interpretation questions that assess
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(a)

(b)

Figure 1.5: Examples Demonstrating the Role of ‘Multi-modal Understanding’ in

Day-to-day Life, Which are More Complex Than Current VQA Benchmarks: (a) A

Snippet from Honda User Manual (Honda, 2022) and, (b) Two Pieces of News Articles

(Higgs, 2016; Shannon, 2013), Where Visuals and Text Complement Each Other to

Aid the Reader With a Better Understanding of the Topic
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a student’s ability to analyze given data as a combination of text and charts.

In the formulation of image understanding as a VQA task, the system is provided

with an image and is expected to correctly answer a broad range of questions related

to the image. Therefore, the role of language, in this case, is merely as an evaluation

mechanism rather than as a modality that provides additional context about the

problem/topic. Both the aforementioned evidence suggest that multi-modal reasoning

is crucial for humans in day-to-day life, which is not addressed in VQA research.

To fill in the gap between existing VQA systems and human-like reasoning, this

dissertation proposes the Visuo-Linguistic QA (VLQA) task. VLQA is defined as

a variant of the VQA task where deriving joint inference between visual and tex-

tual information is a necessity to correctly answer posed questions. In other words,

provided image(s) and a text passage, the task is to answer questions by joint rea-

soning over them i.e., ignoring a cue from either modality would make the question

unanswerable. To this extent, a new VLQA dataset is compiled and experiments are

conducted with state-of-the-art VQA models to gauge their joint reasoning perfor-

mance using the given image(s) and text. In subsequent work, a large-scale, multi-task

visual-linguistic benchmark (VL-GLUE) is developed to encourage the development

of vision-language models that have improved multi-modal reasoning capabilities.

Reasoning about Actions and Change

In most existing VQA datasets, scene understanding is holistic and questions are

centered around information explicitly present in the image (i.e. objects, attributes,

actions). As a result, advanced object detection and scene graph techniques have been

quite successful in achieving good performance over existing benchmarks. However,

given an image, humans can speculate a wide range of implicit information (i.e. not

directly perceivable from the image). Examples include- determining the purpose

12



of various objects in a scene, how one object relates to other objects, speculating

about events that might have happened in the past, considering numerous imaginary

situations and predicting possible future outcomes, recognizing the intentions of a

subject to perform particular actions, and so on.

The VQA datasets that require external knowledge (discussed in Section 1.2.2)

have attempted to address implicit reasoning to some extent. However, a majority

of their efforts have been limited to the knowledge that is tightly coupled with given

visual entities (e.g. intention of a person exercising is to stay fit or keep the body in

shape, Barack Obama is a former US President). There are no existing benchmarks

that tackle hypothetical reasoning i.e. a model is posed with a certain imaginary

situation and it has to reason about possible outcomes of that situation. This is

another important characteristic of human cognition that is unexplored in intelligent

agents.

Hypothetical reasoning ability plays a critical role in how humans tackle unantic-

ipated events or novel situations. For example, if any person is asked whether they

should ‘jump into an active volcano’. Even though one might not have encountered

such a situation anytime (i.e. being in the middle of the lava physically), one can

perform hypothetical reasoning using the prior and present knowledge related to this

scenario: lava is hot, hot things burn, burns are painful, painful things are bad. Using

such a reasoning chain, one can conclude that it is not a good idea.

A similar ability (to perform hypothetical reasoning) would be highly desirable

in autonomous agents which assist humans in performing everyday tasks. Figure 1.6

demonstrates this aspect through an example. Consider a robot that is instructed

to ‘pour wine into a glass’. The simplest case is shown in Scenario (a), where a

robot grabs a wine bottle and pours the wine into a wine glass. However, sometimes

different situations might arise. For example, the robot finds the glass broken where
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Figure 1.6: Example Demonstrating the Importance of Hypothetical Reasoning Abil-

ity in AI Agents That Will Perform Day-to-day Tasks: Three Scenarios Encountered

While a Robot Attempts to ‘Pour Wine Into a Glass’ (a) No Unanticipated Event

Identified, (b) Robot Finds the Glass Broken, and (c) Robot Finds a Cockroach Inside

the Glass

the wine is to be poured, as shown in Scenario (b). In this case, the robot requires

to perform hypothetical reasoning that ‘pouring wine into a broken glass will cause

the wine to spill over the table’. This will be helpful to decide the next course of

action i.e. ‘replace the broken wine glass with a good one and then pour wine into it’.

Similarly, the robot might find a cockroach inside the glass i.e. Scenario (c). In this

case, hypothetical reasoning ‘serving wine with a cockroach inside will be disrespectful

to the guest’ is helpful to decide the next action ‘wash the glass before pouring wine’.

Motivated by the aforementioned use cases, this dissertation explores to what

extent intelligent agents can be trained to do hypothetical reasoning. A particular

focus of this work is on hypothetical reasoning about actions due to its usefulness in

many vision-language applications. For this study, a new synthetic VQA benchmark
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CLEVR HYP (Hypothetical Reasoning about CLEVR-style images) is developed.

Specifically, a visual scene with rendered objects is provided and the model has to

perform an imaginary action over the scene that is described in the natural language.

The model’s capability to perform hypothetical reasoning is evaluated by its ability

to answer questions about the resulting scene post-action execution. Several existing

neural and neural-symbolic architectures’ capability on this hypothetical reasoning

task is benchmarked. Further, a novel three-stage action representation learning

strategy is proposed to better capture the causal structure of this task.

As the CLEVR HYP benchmark is synthetically rendered, it considers a limited

number of possible actions and object attributes. The benchmark also assumes that

actions are always executable and guaranteed to produce visual effects. This might

not be the case in real-world scenarios. There are several other factors associated with

actions besides effects, which require reasoning beyond visual information. These

factors include preconditions that must be fulfilled for the execution of actions (e.g.

only liquid objects can undergo pouring), reasoning about high-level goals associated

with actions (e.g. beat the eggs to make an omelet), and temporal dynamics among

actions (e.g. crack eggs before whisking or draining pasta after boiling).

Considering this complex nature of action reasoning, a more realistic benchmark

is curated from an annotated cooking video dataset incorporating the aforementioned

aspects of actions. In particular, provided an image where some actions are ongoing,

have recently finished or are about to take place, the task is to determine precondi-

tions, possible effects, associated high-level goals, and likely actions that may precede

or follow. The recent developments in Large Language Models (LLMs) indicate that

such models possess a vast amount of information about the world due to training

on massive amounts of data. Experiments are conducted to assess how accurately

different aspects of actions are captured by LLMs (specific to the provided visual
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input). Ablation studies are used to investigate how to effectively prompt LLMs to

discern such knowledge.

1.4 Organization of the Dissertation

In this chapter, existing efforts related to Visual Question Answering (VQA) are

concisely summarized. Based on this survey, two research directions are identified,

which are motivated by the gaps in current benchmarks and their potential appli-

cations. The remainder of this dissertation prospectus is organized as follows; In

Chapter 2, a novel multi-modal VQA task and dataset is proposed, where combining

clues from the given visual and textual contexts are necessary to answer questions.

This chapter covers a detailed description of the dataset curation process, analysis

of the dataset from different aspects and baselines developed using off-the-shelf ar-

chitectures. Chapter 3 investigates the hypothetical reasoning abilities of AI systems

with a specific focus on the effects of the actions. This is considered a special case of

the multi-modal VQA task proposed in Chapter 2, where textual contexts describe

actions that need to be performed over the objects present in the image. Chapter 4

describes a novel three-stage representation learning strategy that better captures the

causal structure of the hypothetical action reasoning task. Additionally, the effective-

ness of the proposed three-stage method in terms of data efficiency and generalization

capability is demonstrated.

There has been growing interest in multi-modal VQA research post the proposal

of the VLQA dataset introduced in Chapter 2. Since then, several other multi-

modal VQA datasets have been developed that span a variety of visuals, and test

numerous reasoning abilities and in terms of knowledge required to answer questions.

In Chapter 5, a multi-task benchmark for visual-linguistic reasoning is developed by

bringing together different datasets in a common format and organizing them into
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seven clusters. In Chapter 6, Large Language Models (LLMs) are leveraged to discern

knowledge about broader aspects of action reasoning (including preconditions, goals,

effects, and likely past/future states). Finally, in Chapter 8, the contributions of

this thesis and its potential real-world applications are summarized. The findings

from this research are consolidated as a roadmap to drive the future development of

vision–language models that are equipped with complex reasoning abilities and able

to communicate more effectively with humans.
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Chapter 2

VISUO-LINGUISTIC QUESTION ANSWERING (VLQA): A NEW

MULTI-MODAL VQA BENCHMARK

2.1 Motivation

Question answering (QA) is a crucial way to evaluate an Artificial Intelligence

(AI) system’s ability to understand text and images. In recent years, a large body

of natural language QA (NLQA) datasets and visual QA (VQA) datasets have been

compiled to evaluate the ability of a system to understand text and images. For most

VQA datasets, the text is used merely as a question-answering mechanism rather

than an actual modality that provides contextual information. On the other hand,

deriving inference from combined visual and textual information is an important

skill for humans to perform day-to-day tasks. For example, product assembly using

instruction manuals, navigating roads while following street signs, interpreting visual

representations (e.g., charts) in various documents such as newspapers and reports,

understanding concepts using textbook-style learning, etc.

The importance of joint reasoning has also been emphasized in the design of stan-

dardized/psychometric tests like PISA and GRE1, as evident from Figure 2.1. PISA

assessments conducted post-2018 take into account “the evolving nature of reading

in digital societies- which requires an ability to compare, contrast and integrate in-

formation from multiple sources” (OECD, 2019). The GRE has data interpretation

questions that assess a student’s ability to analyze given data as a combination of

text and charts.

1https://www.oecd.org/pisa/, https://www.ets.org/gre/
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Figure 2.1: Examples of Joint Reasoning Questions in Standardized Tests (Boldface

Represents Correct Answer)

Both the aforementioned evidence motivates the need to develop Visuo-Linguistic

QA (VLQA) systems, posing a further challenge to state-of-the-art VQA research.

As discussed in Sections 1.2 and 1.3, existing VQA research lacks a multi-modal

understanding benchmark. In this work, the task of deriving joint inference over

images and text is formalized. It is a variant of a VQA where deriving joint inference

between visual and textual information is a necessity to correctly answer the question.

A dataset is compiled to benchmark the performance of existing VQA models on the

proposed VLQA task.

An example of a VLQA task is shown in Figure 2.2. Specifically, there are three

components- an image, a text passage, and a multiple-choice question. In the example,

the question asks ‘How many common followers do the pop singers have?’. To answer

this question, one has to understand that ‘Tim and Justin are pop singers’ (from

the text passage) and they have two common followers Maria and Joan (based on

the image). Thus, answering this question requires a joint understanding of both the

image and text passage. In other words, ignoring a cue from either modality would

leave the question unanswerable.
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Figure 2.2: Example of Visuo-Linguistic Question Answering (VLQA) Task for Joint

Reasoning Over Image-Text Context

2.2 VLQA Task Overview

All data points in the VLQA task format are 5-tuple <Image(I), Text Passage

(P), Question (Q), Answer Choices (A), Label (L)>. Each component is explained

below in detail.

Image(I): It is provided imagery, which ranges from daily life scenes, and a variety

of data representations (e.g. charts) to complex diagrams. A portion of VLQA

examples also requires reasoning over multiple images. For the simplicity of processing

and retrieval, all images are composed into a single file. Each image is bounded by a

red box and provided an explicit detection tag ([0],[1],..) for identification purposes,

inspired by VCR dataset (Zellers et al., 2019). This provides a convenient way to

reference images in passages, questions, or answers such as Image [0], Image [1], and
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so on.

Passage(P): It is a textual modality that provides additional contextual informa-

tion related to the image. The passages in the VLQA dataset are composed of 1-5

sentences, which consist of facts, imaginary scenarios, or their combination.

Question(Q): It is a question in natural language that tests the reasoning capa-

bility of a model over a given image-passage context. In addition to standard ‘Wh’

patterns and fact-checking style of evaluation (True/False), some questions in VLQA

are of ‘do-as-directed’ form, similar to standardized tests.

Answer Choices(A) and Label (L): VLQA is formed as a classification task

over 2-way or 4-way plausible choices, with exactly one of the candidate answers

being correct. Answer choices may contain boolean, alpha-numeric phrases, image

tags, or their combination.

Task: As described above, each VLQA dataset item is a collection of 5-tuple <I, P,

Q, A, L>. The task is to build an AI model fθ (parameterized by θ) that can select

an answer a (from the set of candidate answers A) for a given question (Q) using

image-text multi-modal context (I+P). The correctness of the prediction is measured

against the ground-truth label (L). Formally, the VLQA task can be described as

follows:

fθ(I, P,Q)→ a ∈ A, a = L (2.1)

More examples are provided in Figure 2.3. Additionally, each example is pro-

vided with rich annotations and classification on several aspects such as image types,

question types, required reasoning capability, and the need for external knowledge.
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Example 1 Example 2 Example 3

Figure 2.3: Examples From VLQA Training Set: Each Example Contains an Image, a

Corresponding Text Passage, and a Multiple Choice Question With the Ground-truth

Label Highlighted by the Boldface. Further, Each Sample Contains Annotations De-

scribing Image Type, Answer Type, Requirement of External Knowledge, Reasoning

Type, and Human Annotated Difficulty Level

Though the use of this metadata during training is optional, it is useful if one would

like to tackle specific subsets of VLQA or in the analysis of a proposed system on

various dimensions. A detailed description of the annotations is provided in Section

2.3. Note that, often, the additional text and question are combined in standardized

tests, but here they are segregated into Passage and Question for the ease of pro-

cessing and structured dataset design. The creation of the VLQA dataset is purely

research-oriented. By referring to standardized tests as an inspiration, comparison

with professional organizations like ETS or OECD is not intended.
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2.3 VLQA Dataset Creation

As discussed in Chapter 1.2, there are no VQA benchmarks available for multi-

modal understanding. Thus, the main goal of this work is to collect a dataset that

requires deriving joint inference from image-text modality. Figure 2.4 illustrates the

complete dataset creation process, which has three key stages- Data Collection, An-

notation, and Quality Control.

2.3.1 Data Collection

VLQA dataset consists of text together with a diverse range of visual elements.

Since manuals, documents, and books containing texts and visuals are ubiquitous,

the VLQA dataset is very much grounded in the real world. The dataset is curated

from multiple resources (such as books, encyclopedias, web crawls, existing datasets,

etc.) through combined automated and manual efforts. The resulting dataset consists

of 9267 image-passage-QA tuples with detailed annotation, which are meticulously

crafted to assure its quality.

The data sources are segregated into Primary and Secondary; The raw textu-

al/visual information that can be obtained from various web resources, are referred

to as primary sources. For example, text crawls from Wikipedia containing facts or

images crawled by keyword search. Similarly, tabular data from CIA ‘world factbook’

(Central Intelligence Agency, 2019) and WikiTables (Pasupat and Liang, 2015) are

collected. Later, they are used as it is or post-processed according to the nature

of the data. For example, tabular data can be converted to various figures like bar

charts, pie charts, scatter plots, etc. Once pre-processed, multiple choice questions are

formulated around them. Figure 2.5(a) demonstrates an example that was curated

around a figure obtained from a Wikipedia page (as a primary resource).
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Figure 2.4: Three-stage VLQA Dataset Preparation Which Includes Data Collection

From Primary and Secondary Sources, Processing Them Into the Desired Format,

and Integrity Steps Performed to Ensure the Quality of the Samples
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(a)

(b)

Figure 2.5: Stage-1 of VLQA Dataset Preparation: Data Collection Using Primary

and Secondary Sources Followed by Post-processing (if Any), and Finally Creating

Question-Answers That Require Joint Reasoning
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Existing structured or semi-structured materials are considered secondary data

sources, which can be quickly manipulated to use for this dataset; educational ma-

terials, standardized tests, and existing vision-language datasets are important from

this aspect. Scrapers are used to collect textbook exercises, encyclopedias, practice

worksheets, and question banks. Further, a subset of interesting samples from existing

datasets is collected- such as RecipeQA (Yagcioglu et al., 2018), wikiHow (Koupaee

and Wang, 2018), PhysicalIQA (Bisk et al., 2020a), ART (Bhagavatula et al., 2019)

and TQA (Kembhavi et al., 2017).

The collected textual/visual information from the aforementioned sources is refac-

tored and molded as per the VLQA task requirements. Figure 2.5(b) illustrates the

data creation process using ART dataset (Bhagavatula et al., 2019) as a secondary

resource. Refactoring includes manual or semi-automated post-processing such as

replacing given textual/visual attributes with equivalent visual/textual counterparts,

adding/removing partial information to/from text or visuals, and creating factual or

hypothetical situations around images. By repeating this process over multiple prima-

ry/secondary resources and standardizing all the information into question-answers,

the initial version of the dataset is obtained.

2.3.2 Human Annotation

Since the VLQA task imposes the condition that a question must be answered

through joint reasoning over both modalities, the annotation process becomes non-

trivial and requires careful manual annotation. A limited number of in-house expert

annotators are preferred for quality purposes rather than a noisier hard-to-control

crowd-sourcing alternative.

A crowd worker interface is designed using Python-Flask2 and deployed on a

2https://flask.palletsprojects.com/en/1.1.x/
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Figure 2.6: Three-fold Instructions Provided to Annotators for VLQA Data Labeling

local server. The data entered by annotators are then logged into Comma Separated

Value (CSV) files in a structured format. Annotators are clearly instructed (as per

Figure 2.6) about the annotation procedure and it was known to them that exactly

one answer choice is correct for each item in the dataset. During the first round of

annotations, annotators were allowed to reject bad samples based on two criteria;

first, the image and passage must not contain entirely overlapping information and

second, a question must not be answerable without looking at the image and passage.

For the second criterion, they were instructed to mark such samples as ‘ambiguous’

as per Figure 2.7.

2.3.3 Ensuring Dataset Integrity

A combined understanding of visual and textual inputs is a key aspect of the

VLQA task. As it is modeled as a classification task, some systems might exploit
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Figure 2.7: The Crowd Worker Interface Populated With an Example from VLQA

During Initial Labeling. Specifically, <I, P, Q, A> are Shown on the Interface, and

the User is Asked to Select the Correct Label (L), Assign the Appropriate Knowledge

Category, Provide Their Judgment of the Hardness, and Report Ambiguity (if Any)

various biases in the dataset and obtain high accuracy without proper reasoning. To

discourage such models, 3-level verification is employed over the full dataset to ensure

the quality.

Firstly, for all collected image-passage pairs, human annotators quickly verify if

a portion of the image and passage represent identical information. All such image-

passage pairs are discarded from the dataset. Secondly, three baselines are prepared

which ignore at least one modality (among image and passage), which are referred to

as question-only, passage-only, and image-only models. This experiment is repeated

three times, each baseline is posed with shuffled answer choices with a fixed seed and

answers predicted by the system are logged. Samples that are answered correctly by
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any unimodal baseline in all three trials are removed.

Finally, it is followed by another round of manual quality checks. The workers

are instructed to attempt to answer a question based only on the image and then try

to answer a question based only on the text passage. If a question can be answered

using either modality, annotators are suggested to flag such questions. Finally, all

bad samples are looked over and are either fixed or removed, on a case-by-case basis.

Two rejected examples can be seen in Figure 2.8, with an explanation of the reason

for removal.

During the initial iteration, ∼12000 image-passage-QA pairs were collected. Fur-

ther, in the annotation process, ∼700 samples were reported ambiguous, out of which

∼500 were removed and the remaining ∼200 were fixed and added back to the pool.

By quality check process through unimodal baselines, ∼1900 samples were removed.

In the verification stage, ∼350 samples were removed further. The resulting dataset

consists of 9267 samples.

2.3.4 Dataset Statistics

In this section, analysis of the VLQA dataset is provided along several dimensions

such as size and splits of the dataset, types of images, text-length, external knowl-

edge required, reasoning abilities required, and manually annotated difficulty ratings.

Table 2.1 and Table 2.2 provide a summary of relevant statistics for each dimension.

Multi-modal Contexts The final version of the VLQA dataset has 9267 unique

image-passage-QA items. For each item, the multi-modal context is created by pairing

images (roughly 10k collected) with the relevant text passages (roughly 9k retrieved

or manually written).
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Figure 2.8: Example of Two Rejected VLQA Samples With an Explanation for the

Rejection
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Text-length Analysis There are three textual components in the VLQA dataset-

passages, questions, and answers. An analysis of their length is conducted here.

For each sample in the dataset, the count of tokens separated by whitespace along

each component is computed and then averaged out across the dataset. The average

passage length of 34.1 tokens indicates that in VLQA textual contexts are relatively

smaller than Reading Comprehension tasks and in most cases, it contains precise

context necessary for the joint reasoning. The average question length of 10.0 tokens

is larger compared to most other VQA datasets (Hudson and Manning, 2019). Shorter

answer lengths (1.7 tokens) suggest that most of the dataset questions have short

answers, which provides inherent flexibility if someone wants to leverage generative

models to solve this task. The dataset has a vocabulary size of 13259, contributed by

all three kinds of textual components.

Image Types Images in VLQA are categorized into 3 major kinds: Natural Im-

ages, Template-based Figures, and Free-form Figures. Natural images incorporate

day-to-day scenes, containing abundant objects and actions. Template-based figures

are visuals that follow a common structure for information representation. Further,

template-based figures are categorized into 20 sub-types like bar, pie, maps, tables,

cycles, processes, etc. The images which neither fit in any templates nor are natural

have been put into a free-form category (e.g., science experiments, hypothetical sce-

narios, etc.). In VLQA, it is also possible that the visual context has multiple related

images to reason about.

Answer Types 4-way or 2-way image MCQ contains 4 and 2 images as plausible

answer choices respectively, where the model needs to correctly pick the image best

described by the passage and question. 4-way or 2-way text MCQ contains 4 and
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2 alphanumeric text as plausible answer choices respectively, where the model needs

to reason about a given image-text scenario and pick the most likely answer to the

question. The 4-way Sequencing task assesses a model’s capability to order 4 spatial

or temporal events represented as a combination of images and text. Binary Clas-

sification (Yes/No or True/False) can be considered a fact-checking task where the

truth value of a question is to be determined provided the image-passage context.

Knowledge and Reasoning Types 61% of VLQA items are observed to incor-

porate some commonsense or domain knowledge beyond the provided context. This

missing knowledge has to be retrieved through the web. The remaining 39% samples

can be answered through a simple join of information from a visuo-linguistic context.

The following 10 reasoning types are most frequently needed to solve VLQA ques-

tions; conditional retrieval, math operations, deduction, temporal, spatial, causal,

abductive, logical, and verbal reasoning. The VLQA samples also contain annota-

tions based on whether it requires a single-step or multi-step inference to answer the

question. The multi-step inference means that answering a question involves more

than one reasoning types.

Difficulty Level Determining difficulty levels is a subjective notion therefore, an

odd number of annotators are asked to rate VLQA items as ‘easy’, ‘moderate’, or

‘hard’ based on their personal opinions. A majority vote of all annotators determines

the difficulty level of each question.

Dataset Splits VLQA contains 9267 items in <I, P, Q, A, L> format, with detailed

classification based on figure types, answer types, reasoning skills, a requirement

of external knowledge, and difficulty levels as explained above. The data is split

in train-test-val (80-10-10%), ensuring the uniform distribution based on the above
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Measure Stats.

Multimodal Contexts

Total #Images 10209

#Unique Text Passages 9156

#Questions 9267

Text-length Analysis

Avg. Passage Length 34.1

Avg. Question Length 10.0

Avg. Answer Length 1.7

Vocabulary Size 13259

Image types

Natural Images 4445

Templated Figures 3920

Free-form Figures 1854

Answer types

4-way image MCQ 1172

4-way text MCQ 4647

4-way Sequencing 1088

2-way image MCQ 1088

Binary Classification (T/F or Yes/No) 1272

Table 2.1: VLQA Statistics and Diversity (MCQ Denotes Multiple Choice Question,

Ext. Stands for External)

33



Knowledge/Reasoning types

No Ext. Knowledge required 3145

Ext. Knowledge+Single-step Inference 2783

Ext. Knowledge+Multi-step Inference 2939

Difficulty Level (human annotated)

Easy 4188

Moderate 2943

Hard 2136

Dataset Split

Train (80%) 7413

Test (10%) 927

Validation (10%) 927

Table 2.2: (Continued) VLQA Statistics and Diversity

taxonomies. Note that the use of the metadata for model design is optional.

2.4 Experiments

This section includes a description of various baselines considered for the eval-

uation of the developed VLQA dataset. They are divided into four major kinds:

heuristics (random and human performance), unimodal (question-only, passage-only,

and image-only systems for data quality assurance), multimodal (pre-trained vision-

language transformers), and a proposed multimodal system (fusion model based on

off-the-shelf architectures).
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2.4.1 Baseline Models

Human Performance A human evaluation is performed on 927 test samples with

a balanced variety of questions by image types, answer types, knowledge/reasoning

types, and hardness. Three in-house expert annotators take the test in isolation over

multiple sessions. They select the answer choice for the given image+passage context

and provide their judgment about the difficulty level of the question (easy/medi-

um/hard). Their chosen answers are matched against the ground-truth answers,

which turned out to be 84%.

Random Baseline VLQA dataset contains 4-way and 2-way multiple choice ques-

tions where each answer choice is likely to be picked with 25% and 50% chance

respectively. Based on the answer-type distribution provided in Table 2.1, the chance

of choosing an answer option randomly and that being correct is 31.36% across all

question types.

Question-only, Passage-only, and Image-only Baselines Three unimodal base-

lines are used for automated quality assurance of VLQA (which are not trained

or fine-tuned), to prevent models from exploiting bias in the data. Question-only,

Passage-only, and Image-only models are implemented using RoBERTa (Liu et al.,

2019) fine-tuned on ARC (Clark et al., 2018), ALBERT (Lan et al., 2019) fine-tuned

on RACE (Lai et al., 2017) and LXMERT (Tan and Bansal, 2019) fine-tuned on

VQA (Antol et al., 2015a) respectively. The expectation here is that these unimodal

baselines will demonstrate lower performance on the VLQA data, which will reassure

the need for joint reasoning as per the task requirement. In other words, any sys-

tem that ignores either the passage or image modality is likely to demonstrate poor

performance on the VLQA dataset.
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Vision-Language Transformers Recently, several attempts have been made to

derive transformer-based pre-trainable generic representations for visual and text

modalities. Among them, top-performing single-model architectures that support

VQA tasks include VL-BERT (Su et al., 2019), VisualBERT (Li et al., 2019), ViL-

BERT (Lu et al., 2019) and LXMERT (Tan and Bansal, 2019). Though all the

aforementioned models have transformers (Vaswani et al., 2017) as their backbone

and support VQA tasks, they slightly differ in terms of the resources they have been

pre-trained on, minor architectural variations, and support for other vision-language

tasks. Their comparison is shown in Table 2.3, which is adapted from Lu et al. (2019).

For each model, two kinds of experiments are conducted- (1) use the pre-trained

version of the model on the existing VQA dataset to obtain predictions on the VLQA

dataset, and (2) take the pre-trained version of the model on the existing VQA

dataset, further fine-tune it with VLQA data and then obtain predictions on VLQA

samples. Most VQA systems only take one visual and one textual input. Hence, in

the case of multiple images, they are composed into a single file. Similarly, the passage

and questions are concatenated to form a single language input. Hyperparameters

used for all four models are reported in Table 2.4.

2.4.2 Proposed Model: Modality Hopping-based Solver and Logical

Entailment-based Reasoner

The aforementioned pre-trained V&L models have demonstrated strong perfor-

mance over vision and language tasks separately. However, experimental results with

respect to VLQA data (discussed in Section 2.5) indicate that they struggle with joint

reasoning tasks. This suggests that the VLQA task is relatively harder compared to

existing vision-language tasks due to the diversity of figures and additional textual

components, demanding the need for better approaches to tackle multi-modal ques-
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Model Architecture and Pre-training Supported Downstream Tasks

ViLBERT

One language transformer +

one cross-modal transformer

pre-trained on

Conceptual captions

Visual question answering

Visual commonsense reasoning

Grounding referring expressions

Image retrieval

Zero-shot image retrieval

LXMERT

One language transformer +

one vision transformer +

one cross-modal transformer

pre-trained on

COCO caption + VG caption

+ VGQA + VQA + GQA

Visual question answering

Natural language visual reasoning

VisualBERT

One cross-modal transformer

pre-trained on

COCO caption

Visual question answering

Visual commonsense reasoning

Natural language visual reasoning

Grounding phrases

VL-BERT

One cross-modal transformer

pre-trained on

Conceptual captions +

BooksCorpus + Wikipedia

Visual question answering

Visual commonsense reasoning

Grounding referring expressions

Table 2.3: Comparison of Vision-Language Transformers Used for the Experiments,

Adapted From Lu et al. (2019)
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Model Variations and Hyperparameters

VisualBERT

Ft VQA: EP=20, BS=256, LR=1e-4, WD=1e-4

Ft VLQA: BS=16, LR=2e-5, EP=15

VL-BERT

Ft VQA: BS=32, LR=2e-5, EP=10

Ft VLQA: BS=16, LR=1e-5, EP=10

ViLBERT

Ft VQA: BS=32, LR=1e-5, EP=20, WR=0.1

Ft VLQA: BS=32, LR=1e-5, EP=10

LXMERT

Ft VQA: BS=32, LR=5e-5, EP=4

Ft VLQA: BS=16, LR=5e-5, EP=8

Table 2.4: Hyperparameters Used for Experimentation: Ft VQA Denotes Model Pa-

rameters Used While Training on Existing VQA Datasets. Ft VLQA Denotes Pa-

rameters Used When Fine-tuning is Conducted Using VLQA

(Acronyms Used: BS- Batch Size, EP- Epochs, LR- Learning Rate, WD- Weight

Decay, WR- Warmup Ratio)

tion answering. The VLQA challenge thus has the potential to open new research

avenues spanning language and vision.

To address this, a modular and more interpretable method is proposed in this

work. Specifically, given a sample from VLQA, based on the desired answer type

(‘4-way Image’, ‘2-way Image’, ‘4-way Sequencing’, ‘Binary Classification’ or ‘4-
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Figure 2.9: Proposed Method to Solve VLQA: Based on the Answer Type Classifi-

cation, a Dataset Item is Either Solved Through a Sequence of Logical Entailment

Operations or Modality Hopping

way Text’), there are two pathways- Modality Hopping (image-to-passage hop and

passage-to-image hop) or Logical Entailment toolbox as shown in Figure 2.9. Specif-

ically, ‘answer type’ annotations from the VLQA data are used to train a simple

5-class classifier. Note that the proposed model is not end-to-end.

Modality Hopping-based Solver

4-way text MCQ are solved using the modality hopping approach (lower half

pipeline in Figure 2.9). First, image-to-question attention (I2Q) and passage-to-

question attention (P2Q) scores are computed to determine which modality is im-

portant as a starting point for solving a question. I2Q is computed using Stacked

Attention Network (SAN) (Yang et al., 2016), which takes Convolution Neural Net-

work (CNN) encoding of I and Q. Whereas, P2Q is computed using a variant of

Bi-Directional Attention Flow (BiDAF) (Seo et al., 2016) trained using Embeddings

from Language Models (ELMo) (Peters et al., 2018) over Long-Short Term Memory
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(LSTM) encoding of Q and P.

A higher I2Q score suggests that Q has more overlap with I than P. Therefore,

image modality should be used first and then incorporate passage to compute the

answer. This is termed as an ‘image-to-passage hop’. This is identical to a VQA

model that takes an image and a question as input. Since P is an additional text

component in this case, it is simply concatenated with the Q. This is implemented

through pre-trained architecture LXMERT (Tan and Bansal, 2019) which is state-of-

the-art on multiple choice VQA task.

Similarly, a higher P2Q score suggests that Q has more overlap with P than I.

Therefore, passage modality should be used first and then incorporate an image to

compute the answer. This is referred to as a ‘passage-to-image hop’. This can be

achieved by a machine comprehension model followed by a VQA model. ALBERT

(Lan et al., 2019) is used as a machine comprehension model that takes in P and Q

to generate an open-ended response in the style of SQuAD (Rajpurkar et al., 2016),

which is referred to as A′. Following this, one would be required to locate A′ in image

I. Therefore, a new question Q′ is composed as ‘Where is A′?’, where A′ is the answer

generated by ALBERT (Lan et al., 2019). Then LXMERT (Tan and Bansal, 2019)

is employed, which takes image I, new question Q′, and original answer choices A to

pick the most likely answer.

Logical Entailment-based Reasoner

For all other answer types, the Logical Entailment (upper half pipeline in Figure

2.9) pathway would be used to answer questions. An ‘Entailment Toolbox’ is cre-

ated which consists of image-image, image-text (Xie et al., 2019), text-image and

textual entailment (Khot et al., 2018) sub-modules and use them as required. The

image-image and text-image entailment modules are developed by augmenting the
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VisualCOPA dataset (Yeo et al., 2018) and training a custom neural network over it.

4-way or 2-way image MCQ contains images as an answer choice, which is similar

to an image selection task (Hu et al., 2019). The goal here is to identify an image

that best matches the description of P. Mathematically, determine P ` 3Ak (i.e.,

text-image entailment) which yields maximum score, where k is 4 and 2 respectively

for 4-way and 2-way image questions.

Binary classification can be considered as a fact-checking task where the truth

value of a question is to be determined provided an image+passage context i.e.,

P ∪I ` Q. Textual entailment is used to determine P ` Q and image-text entailment

is used to determine I ` Q. If the score of both entailment modules is above 0.65,

then it is determined as True, otherwise False.

4-way Sequencing task assesses a model’s capability to order four spatial or tem-

poral events. If four events I-II-III-IV (represented visually or textually) form a

sequence, it is equivalent to three independent entailment inferences I-II, II-III, and

III-IV. Among the answer choices, the sequence with maximum overall confidence is

selected as an answer.

2.5 Results and Discussion

The VLQA dataset contains multiple-choice questions with exactly one correct

answer, therefore exact match accuracy is used as an evaluation metric. The results

for various uni-modal and multi-modal baselines (including the proposed method)

along with the random and human performance on VLQA validation and test sets

are summarized in Table 2.5. It is apparent that pre-trained vision-language models

3` is the symbolic representation of entailment
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Method Test(%) Val(%)

Human 84.00 –

Random 31.36 31.36

Question-only: RoBERTaARC 28.56 29.42

Passage-only: ALBERTRACE 30.16 30.25

Image-only: LXMERTV QA 29.48 30.56

Vision-Language

VL-BERT 35.92 34.60

VisualBERT 33.17 34.17

ViLBERT 34.70 35.25

LXMERT 36.41 37.82

Proposed Model 39.63 40.08

Table 2.5: Performance Benchmarks Over Test Set of the VLQA Task and Corre-

sponding Validation Results

fail to solve a significant portion of the VLQA items and they are barely better

than the random baseline. The proposed method slightly outperforms other vision-

language models and is more interpretable from an analysis perspective as it makes

the reasoning process modular. As discussed previously, the lower performance of

question-only, image-only, and passage-only baselines is a way to reassure the joint

reasoning requirement in VLQA.

On the other hand, the reported accuracy for human evaluation on the VLQA test

set is 84.0%. This result indicates that there is significant room for improvement in the

multi-modal reasoning capabilities of existing vision-language models in comparison
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Underlying reason for incorrect

answer provided by test-taker

#incorrect/148

(%incorrect)

Lacked necessary knowledge 27 (18.2%)

Misunderstood the provided info 47 (31.7%)

Mistake in deduction/calculation 63 (42.5%)

Felt that data item is ambiguous 11 (7.4%)

Table 2.6: Classification of Incorrectly Predicted Answers in Human-evaluation of

VLQA Test Data

with humans. For 148 questions that were wrongly predicted by humans, a manual

study was conducted to investigate the reasons behind the failures. This included

errors made by the test takers, incorrect interpretation or ambiguity in the provided

information, and the lack of necessary knowledge required to answer questions. The

distribution based on the aforementioned failure cases is summarized in Table 2.6.

In a majority of cases, it was a mistake on the human annotator’s end during the

deduction process or mathematical computation.

In conclusion, multi-modality brings both pros and cons while developing new

AI benchmarks. The presence of multiple modalities provides natural flexibility for

varied inference tasks, simultaneously making the reasoning process more complex as

information is now spanned across them and requires cross-inferencing. In this work,

the importance of joint reasoning capability over image-text context is emphasized,

inspired by how humans use such an ability in day-to-day tasks. To support the de-

velopment of AI systems that can perform multi-modal reasoning, a Visuo-Linguistic

Question Answering (VLQA) Dataset (Sampat et al., 2020b) is proposed. The pro-

posed dataset has important distinctions from other existing VQA datasets. Firstly, it
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incorporates a text passage that contains additional contextual information and does

not simply reflect the information already conveyed in images. Secondly, it offers var-

ious figure types including natural images, template-based images (such as charts),

and free-form images. Thirdly, it tests diverse reasoning capabilities, including cross-

inferencing between visual and textual modalities. The experimentation with respect

to several recent models including pre-trained vision-language transformers indicates

that they highly rely on image-text similarity to learn representations and struggle

to perform joint inference over heterogeneous modalities.
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Chapter 3

HYPOTHETICAL REASONING ABOUT ACTIONS: A SPECIAL CASE OF

VLQA

3.1 Motivation

In 2014, Michael Jordan (Distinguished Professor at the University of California,

Berkeley) in an interview (Gomes, 2014) said that “Deep learning is good at certain

problems like image classification and identifying objects in the scene, but it struggles

to talk about how those objects relate to each other, or how a person/robot would

interact with those objects. For example, humans can deal with inferences about the

scene: what if I sit down on that?, what if I put something on top of something?

etc. There exists a range of problems that are far beyond the capability of today’s

machines.”

While this interview was six years ago, and since then there has been a lot of

progress in deep learning and its applications to visual understanding. Additionally,

a large body of visual question answering (VQA) datasets have been compiled (Antol

et al., 2015b; Ren et al., 2015a; Hudson and Manning, 2019) and many models have

been developed over them. Still, the aforementioned “inferences about the scene”

issue stated by Jordan remains largely unaddressed.

In most existing VQA datasets, scene understanding is holistic and questions are

centered around information explicitly present in the image (i.e. objects, attributes,

and actions). As a result, advanced object detection and scene graph techniques have

been quite successful in achieving good performance over these datasets. However,

provided an image, humans can speculate a wide range of implicit information. For

45



Figure 3.1: Motivation for the Proposed Hypothetical Reasoning Task in the Vision-

Language Domain: an Example Demonstrating How Humans can Perform Mental

Simulations and Reason Over the Resulting Scenario

example, the purpose of various objects in a scene, speculation about events that

might have happened before, visualize numerous imaginary situations that might be

possible and predict possible future outcomes, intentions of a subject to perform

particular actions, and many more.

Among the above, the ability to imagine taking specific actions and simulating

probable results without actually acting or experiencing is an important aspect of

human cognition. Consider the example in Figure 3.1, where a person is shown a

visual scene and told that- John hides all the cylinders from that image. Provided

this, the person would imagine performing this action and reason that two cylinder

objects will no longer be in the scene. Now, if someone asks a question ‘How many

blue objects are present in the scene?’, the person would answer ‘1’ considering the

updated object configuration. In other words, a small blue cube is the only blue

object left in the image after John hides all the cylinders.
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Thus, having autonomous systems equipped with similar capabilities will be ben-

eficial and advance the state-of-the-art of AI research. This is particularly useful for

robots performing on-demand tasks in safety-critical situations or navigating through

dynamic environments, where they imagine possible outcomes for various situations

without executing instructions directly. Motivated by the above, a challenging task

is proposed to bridge the gap between state-of-the-art AI and human-level cognition.

The main contributions of this work are as follows;

• A novel task is proposed where given a state of the world (in a visual form) and

an action (described in a textual form) to be performed over the world, an AI

model has to reason about the effects of actions on the world.

• A large-scale synthetic dataset is developed for this task, which is referred to as

CLEVR HYP i.e. VQA task with hypothetical actions performed over images

in CLEVR (Johnson et al., 2017a) style.

• Direct extensions of recent VQA and NLQA (Natural language QA) solvers are

evaluated on this dataset and a couple of new baseline models are proposed.

• Through analysis and ablations, insights on the capability of diverse architec-

tures to perform joint reasoning over image-text modality are provided.

Note that, the focus here is to develop neural models that can reason about the

effects of actions given a visual-linguistic context. There is a dedicated research

direction that tackles similar tasks by learning intuitive physics principles, which is

beyond the scope of this work.
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3.2 CLEVR HYP Task Overview

Figure 3.2 gives a glimpse of the CLEVR HYP task. The system is provided three

inputs- Image(I), Action Text (TA), and Hypothetical Question (QH). The system

is expected to select Answer (a) to the question, which requires reasoning about the

effects produced by performing action over the objects in the image. Each component

is described in detail below;

3 Inputs in the CLEVR HYP task:

1. Image(I): It is a given visual that contains 3-10 objects. Each object has four

attributes- color, shape, size, and material, using which objects can be identified/re-

ferred.

2. Action Text (TA): It is a natural language text describing various actions

performed over the current scene. The action can be one of the following four kinds:

(i) Add new object(s) to the scene

(ii) Remove object(s) from the scene

(iii) Change attribute(s) of the object(s)

(iv) Move object(s) within the scene, either in plane i.e. left/right/front/back, or

out of plane i.e. move one object on top of another object.

For simplicity, it is assumed that any object can be put on another object

regardless of its size, material, or shape.

3. Question about Hypothetical Reasoning (QH): It is a natural language

query that tests various visual reasoning abilities of the system after simulating the

effects of actions described in TA. There are five possible reasoning types similar to

CLEVR (Johnson et al., 2017a);
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I:

Example 1:

TA: Paint the small green ball with cyan color.

QH : Are there equal number of yellow cubes on the left of the purple object and cyan

spheres?

a: Yes

Example 2:

TA: Add a brown rubber cube behind the blue sphere that inherits its size from the

green object.

QH : How many things are either brown or small?

a: 6

Example 3:

TA: John moves the small red cylinder on the large cube that is to the right of the

purple cylinder.

QH : What color is the object that is at the bottom of the small red cylinder?

a: Yellow

Figure 3.2: Three Examples From CLEVR HYP Dataset: Given Image (I), Action

Text (TA), and Question (QH), the Model Predicts an Answer (a). The Task is to

Understand Possible Perturbations in I With Respect to Various Action(s) Performed

as Described in TA. Questions Test Various Reasoning Capabilities of a Model With

Respect to the Changes Caused by the Action(s).
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(i) Counting objects fulfilling the given criteria

(ii) Verify existence of certain objects

(iii) Query attribute of a particular object

(iv) Compare attributes of two objects

(v) Integer comparison of two object sets (same, larger, or smaller)

Output of the CLEVR HYP task:

Answer (a): It is an answer to the Question (QH), which can be considered as a 27-

way classification over object attributes (8 colors + 3 shapes + 2 sizes + 2 materials),

numerals (0-9) and booleans (yes/no).

The CLEVR HYP task can be considered as a special case of Visuo-Linguistic

Question Answering (introduced in Chapter 2) as per the formulation below:

VLQA Task Formulation: fθ(I, P,Q)→ a ∈ A

CLEVR HYP Task Formulation: fθ(I, TA, QH)→ a ∈ A
(3.1)

Here, I is a rendered visual with a pre-defined set of object attributes (as shown in

the example in Figure 3.2); TA is a special case of P which is limited to the description

of actions that are to be performed over the objects in the image; QH is a special

case of Q which is limited to visual reasoning about objects, their properties, and

elementary math (counting and comparison in particular).

3.3 CLEVR HYP Dataset Creation

As discussed in Section 1.3, there are no existing benchmarks useful for the eval-

uation of hypothetical reasoning abilities in AI systems. As observed in Chapter 2,

the human-in-the-loop style dataset creation process is expensive, time-consuming,
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and not scalable in nature. Moreover, failure in object recognition is a major cause

of error propagation. Therefore, in this work, a synthetic dataset creation process is

opted which addresses the above limitations to some extent.

3.3.1 Data Collection

The CLEVR HYP dataset is automatically generated using the procedure shown

in Figure 3.3b. The synthetic dataset creation process allows data generation at scale,

controls biases, and eliminates the need for expensive human annotations. Following

is a brief description of how each of the inputs and ground-truth answers are obtained;

1. Image (I): Each image in the dataset contains 3-10 randomly selected 3D ob-

jects rendered using Blender (Blender Online Community, 2019) following CLEVR

(Johnson et al., 2017a). Each object has four attributes- color, shape, size, and

material. Each attribute takes a pre-defined set of values listed as per Table 3.1.

Additionally, the objects can be referenced using five relative spatial relations (left,

right, in front, behind, and on). The scene graphs containing all ground-truth infor-

mation about scenes are provided during training time, which can be considered as a

visual oracle for a given image.

Attribute Possible values in CLEVR HYP

Color gray, blue, brown, yellow, red, green, purple, cyan

Shape cylinder, sphere or cube

Size small or large

Material metal (shining object) or rubber (matte object)

Table 3.1: Object Attributes in CLEVR HYP Scenes
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(a) Action and question function catalog for CLEVR HYP, extended from CLEVR

(Johnson et al., 2017a)

(b) Dataset creation pipeline

Figure 3.3: CLEVR HYP Dataset Creation Process With an Example and Function

Catalogs Used for Ground-truth Answer Generation

2. Action Text (TA): To generate action text (add, remove, change, or move),

manually written templates are leveraged. For example, to represent action involving

a change in the attribute of object(s) to a given value, a template ‘Change the <A>

of <Z><C><M><S> to <V>’ is used. Where <A>, <Z>, <C>, <M>, <S>,

<V> are placeholders for the attribute, size, color, material, shape and a value of

attribute respectively. Each action text in the CLEVR HYP is associated with a

functional program which if executed on an image’s scene graph, yields the new scene

graph that simulates the effects of actions.

Functional programs for action texts are built from the basic functions that cor-
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respond to elementary action operations (right part of Figure 3.3a). For the above

change attribute action template, the equivalent functional program can be written

as; ‘change attr(<A>, filter size(<Z>, filter color(<C>, filter material(<M>, filter

shape(<S>, scene())))), <V>)’. It essentially means, first, filtering out the objects

with desired attributes from the scene and then updating the value of their current

attribute A to value V.

3. Question about Hypothetical Reasoning (QH): Similar to action texts,

there are templates and corresponding programs for questions. Functional programs

for questions are executed on the updated scene graph of the image (after incorpo-

rating the effects of the action text) and yield ground-truth answers for the given

questions. Functional programs for questions are made of primitive functions shown

in the left part of Figure 3.3a).

Here, an action text and a question are kept as separate inputs for the purpose of

simplicity and keeping the focus on building solvers that can do mental simulations.

It is possible to create a simple template like ‘<QH> if <proper-noun/pronoun>

<TA>?’ or ‘If <proper-noun/pronoun> <TA>, <QH>?’ if someone wishes to pro-

cess action and question as single text input. For example, ‘How many things are the

same size as the cyan cylinder if I add a large brown rubber cube behind the blue

object.’ or ‘If I add a large brown rubber cube behind the blue object, how many

things are the same size as the cyan cylinder?’. However, having them together adds

further complexity on the solver side as it first has to figure out what actions are

performed and what is the question.

As discussed above, ground-truth object information (as a visual oracle) and

machine-readable form of questions as well as action texts (oracle for linguistic com-

ponents) are made available during the training phase. This information can be used
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to develop models that can process semi-structured representations of image/text

or for explainability purposes (to precisely know which component of the model is

failing).

3.3.2 Ensuring Dataset Integrity

As described above, the images are rendered from scene graphs, and templates

are used to generate text components. In this way, it is possible to keep track of each

component and have scripts to automatically generate the ground-truth answers. This

process is completely automated and no manual annotations are required. Following

is a brief description of measures taken to control the bias and use of paraphrasing

for linguistic diversity of the dataset;

Bias Control: For each image, five action texts are generated (one for each add,

remove, move in-plane, move out-of-plane and change attribute action). For each

action type, five questions are produced (one for each count, exist, compare integer,

query attribute, and compare attribute). Hence, 25 (i.e. 5*5) unique action text-

question pairs are obtained for each image, covering all actions and reasoning types

in a balanced manner as shown in Figure 3.4a (referred to as the Original partition

in subsequent sections). However, it leads to a skewed distribution of answers as

observed from Figure 3.4b. Therefore, a version of the dataset is created (referred to

as the Balanced partition in subsequent sections) consisting of 67.5k samples where

all answer choices are equally likely as well.

Paraphrasing: In order to create a challenging dataset from the linguistic point

of view and to prevent models from overfitting on templated representations, three

measures are taken- noun synonyms, object name paraphrasing, and sentence-level
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(a) Distribution based on action types and question types

(b) Distribution of answer types

Figure 3.4: Visualization Showing Distribution by Actions, Questions, and Answers

in Original Train Partition of the CLEVR HYP

paraphrasing. For noun synonyms, a pre-defined dictionary (such as cube∼block,

sphere∼ball, and so on) is used to randomly replace nouns in the generated action

texts and questions. Further, all attribute compositions are generated that refer to a

given object uniquely in the scene and one among them is randomly used, which is

called object name paraphrasing. Finally, for sentence-level paraphrasing, the Text-

To-Text Transfer Transformer (T5) model (Raffel et al., 2020) fine-tuned over positive

samples from Quora Question Pairs (QQP) dataset (Iyer et al., 2017) is used to

paraphrase questions. For the action text paraphrasing, the Fairseq (Ott et al., 2019)

model variation with round-trip translation and a mixture of experts (Shen et al.,

2019) is used.
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3.3.3 Dataset Statistics

Using the process mentioned in Figure 3.3b, 175k image-action text-question sam-

ples were collected (referred to as the Original partition) in the first iteration. How-

ever, this data had a skewed distribution of answers. In order to make the dataset

less prone to biases, a subset is created where the distribution of actions, reasoning

types, and answers is uniform. This is referred to as a Balanced partition, which

consists of 67.5k samples.

Additionally, two challenge test sets- 2HopActionText (2HopTA) and 2HopQues-

tion (2HopQH) are created to test the generalization capability of the trained models.

Both these test sets have 1500 image-action text-question samples. In the 2HopTA

test, the model is required to perform two different actions one after the other on the

scene. For example, ‘Add a small blue metal cylinder to the right of the large yellow

cube and remove the large cylinder from the scene.’ and ‘Move the purple object on

top of the small red cube then change its color to cyan.’. In the 2HopQH test, the

model requires understanding questions involving logical operations ‘and’, ‘or’ and

‘not’. For example, ‘How many objects are either red or cylinder?’ and ‘Are there

any rubber cubes that are not green?’.

Table 3.2 summarizes various partitions of the dataset, including their size and

diversity. For images, an average number of objects is computed. For the balanced

partition, the number of images is lower in comparison with the original partition,

but a higher number of objects per image on average. This is likely due to the need

to accommodate integers 4-9 as ground-truth answers.

For textual components, average lengths (number of tokens separated by whites-

pace) and count of unique utterances are considered as a measure of diversity. The

original partition of the resulting dataset has 80% and 83% unique action text and
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Split #I
Avg.

#Obj
#TA

Uniq.

#TA

Avg.

TA Len.
#QH

Uniq.

#QH

Avg.

QH Len.

Orig Train 5k 6.4 25k 20.7k 12.8 125k 103.7k 22.6

Orig Val 1k 6.7 5k 3.8k 12.8 25k 20.9k 23.1

Orig Test 1k 6.4 5k 3.6k 12.6 25k 20.7k 22.8

Bal Train 5k 7.6 25k 21.1k 12.8 67.5k 58.2k 20.3

Bal Val 1k 7.6 5k 3.9k 12.7 13.5k 11.5k 20.7

Bal Test 1k 7.5 5k 3.7k 12.6 13.5k 11.4k 20.4

2HopTA 500 6.4 300 260 18.6 1.5k 1.25k 22.8

2HopQH 500 6.4 300 220 12.6 1.5k 1.37k 29.3

Table 3.2: CLEVR HYP Dataset Splits and Statistics

(#- Number of, k- Thousand, Orig.- Original, Bal.- Balanced, and Uniq.- Unique)

questions respectively. For the balanced partition, length and unique utterances for

action text are nearly the same as the original partition but for questions, it de-

creases. Questions in the original partition have been observed to enforce more strict

and specific object references (such as small red metal cubes) compared to a bal-

anced partition (small cubes, red metal objects, etc.), reducing the average length

and uniqueness. It is intuitive for 2Hop partitions to have higher average length and

uniqueness for TA and QH respectively. This shows that despite having created this

dataset from templates and rendered images with a limited set of attributes, it is still

fairly challenging.
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3.4 Experiments

3.4.1 Baseline Models

Models that attempt to tackle the CLEVR HYP task have to address four key

challenges;

(i) Understand hypothetical actions and questions in complex natural language,

(ii) Correctly disambiguate the objects of interest and obtain the structured rep-

resentation of various modalities (i.e. scene graphs or functional programs if

required by the solver),

(iii) Understand the dynamics of the world based on the actions performed over it,

(iv) Perform various kinds of reasoning to answer questions.

Therefore, this task is more challenging in comparison with standard VQA where

models look up information that is always present in the image (i.e. objects, at-

tributes, and actions). A detailed description of four baseline solvers employed for

experimentation in this work is provided below. Figure 3.5 provides a graphical vi-

sualization of each baseline.

Baseline 1- Machine Comprehension using RoBERTa: To evaluate the hy-

pothetical VQA task through the text-only model, images are converted into the

templated text (equivalent to a deep caption of the image) using the scene graphs.

The templated text contains two kinds of sentences; one describing properties of the

objects i.e. ‘There is a <Z> <C> <M> <S>’, the other one describing their relative

spatial location i.e. ‘The <Z> <C> <M> <S> is <R> the <Z1> <C1> <M1>

<S1>’. For example, ‘There is a small green metal cube.’ and ‘The large yellow
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Symbols used:

I: Image SG: Scene Graph TT: Templated Text

TA: Action Text QH : Hypothetical Question A: Answer

FP: Functional Program ′: Updated Modality

Baseline 1:

I SG TT + TA

RoBERTaRACE A

QH

Baseline 2:

I

LXMERTCLEV R HY P A

TA +QH

Baseline 3:

I

I ′ LXMERTCLEV R A

TA FPTA QH

Baseline 4:

I SG

SG′ −→ Symbolic A

TA FPTA QH FPQH

Figure 3.5: Graphical Visualization of Baseline Models Over CLEVR HYP Which

are Implemented in This Work

59



rubber sphere is to the left of the small green metal cube’. Then, the aforementioned

templated description of the image is concatenated with the action text to create a

reading comprehension passage and provided along with the question to the model.

For this purpose, state-of-the-art machine comprehension baseline RoBERTa large

(Liu et al., 2019) fine-tuned on the RACE dataset (Lai et al., 2017) is used. The

hyperparameters set during the fine-tuning process on the RACE dataset includes

epochs=5, learning rate=1e−05, batch size=2, update frequency=2, dropout=0.1,

optimizer=adam with epsilon=1e−06.

Baseline 2- Visual Question Answering using LXMERT: Proposed by Tan

and Bansal (2019), LXMERT is one of the best transformer-based pre-trainable

visual-linguistic representations that support VQA as a downstream task. Typ-

ical VQA systems take an image and a language input. Therefore, to evaluate

CLEVR HYP in VQA style, action text is concatenated with the question to form a

single text input. Since LXMERT is pre-trained on the natural images, it is fine-tuned

on CLEVR HYP dataset with hyperparameters epochs=4, learning rate=5e−05, batch

size=8 and then used to predict the answer.

Baseline 3- Text-editing Image (TIE) Baseline: In this method, the hypo-

thetical reasoning process is divided into two sub-tasks; first, learning to generate

an updated image (such that it has incorporated the effects of actions) and second,

performing visual question answering with respect to the updated image. The first

sub-task is implemented using Text Image Residual Gating proposed by Vo et al.

(2019). However, there are two important distinctions from their work; Their focus

is on retrieval from the given database. Their objective is modified here and a text-

adaptive encoder-decoder with residual connections is developed to generate the new

60



image. Also, editing instructions in their CSS dataset were quite simple. For example,

‘add red cube’ and ‘remove yellow sphere’. With such open-ended instructions, one

can add the red cube anywhere in the scene. In this work, one is required to precisely

place objects according to their relative spatial references (on left/right/front/be-

hind). Once the updated image is obtained, it is provided to LXMERT (Tan and

Bansal, 2019) fine-tuned over the CLEVR (Johnson et al., 2017a) along with the

question to predict the answer.

Baseline 4- Scene Graph Update (SGU) Model: This method also divides the

hypothetical reasoning process into two sub-tasks. Contrary to directly manipulating

images in the first sub-task like Baseline 3, this method employs effect prediction as a

graph-editing operation conditioned on the action text. This is an emerging research

direction to deal with changes in the visual modality over time or with new sources

of information, as observed from recent parallel works such as Chen et al. (2020a);

He et al. (2020).

Towards this end, the segmentation mask of the image is obtained in order to

detect using the Mask R-CNN (He et al., 2017). On top of the segmentation mask,

there is a classifier to predict object attributes (color, material, size, and shape) with

an acceptance threshold of 0.9. The segmentation mask of each object along with the

original image is then passed through ResNet-34 (He et al., 2016) to extract precise 3D

coordinates of the object. Predictions from all the above modules are then combined

to obtain the structured scene graph for the input image. Then seq2seq model with

attention (Johnson et al., 2017b) is used to obtain functional programs for action

text and question. A reinforcement learning algorithm is leveraged to update scene

graphs provided by the functional program for the action text. The parameters used

for this algorithm include learning rate=1e−05, 1M iterations with early stopping,
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and batch size=32. The reward function is associated with the ground-truth program

executor and generates a reward if the prediction exactly matches with ground-truth

execution. Once the updated scene representation is obtained, the neural-symbolic

model proposed by Yi et al. (2018) is used to answer the question. The supervised pre-

training of Yi et al. (2018)’s model was done with the learning rate=7e−04, number of

iterations=20k, batch size=32 and further fine-tuning with the learning rate=1e−05,

at most 2M iterations with early stopping, and batch size=32. It is notable that Yi

et al. (2018) achieved near-perfect performance on the CLEVR QA task in addition

to being fully explainable.

3.5 Results and Discussion

In this section, the performance of four baseline methods developed over the

CLEVR HYP task (described above) is discussed. The dataset is formulated as a

classification task with exactly one correct answer, therefore a standard accuracy

metric is used for evaluation. A comparison with random chance baseline and human

performance on this task is also discussed. Further, for each baseline, an analysis of

its performance according to question types and action types is conducted.

Random The QA task in the CLEVR HYP dataset can be considered as a 27-

class classification problem. Each answer choice is likely to be picked in the balanced

partition of the dataset with a probability of 1/27. Therefore, the performance of the

random baseline is 3.7%.

Human Performance A human evaluation is conducted with respect to 500 sam-

ples from the CLEVR HYP dataset. Accuracy of human evaluation on original,

2HopAT and 2HopQH test sets turned out to be 98.4%, 96.2%, and 96.6% respec-
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Overall Performance of baseline models

over various test sets of CLEVR HYP

Original Test Balanced Test

BL1 BL2 BL3 BL4 BL1 BL2 BL3 BL4

57.2 63.9 64.7 70.5 55.3 65.2 69.5 68.6

2HopTA Test 2HopQH Test

BL1 BL2 BL3 BL4 BL1 BL2 BL3 BL4

53.3 49.2 55.6 64.4 55.2 52.9 58.7 66.5

Table 3.3: Overall Performance of Baseline Models Developed for CLEVR HYP Task,

Corresponding to Four Test Sets in the Dataset (BL1 - Machine Comprehension using

RoBERTa, BL2 - VQA using LXMERT, BL3 - Text-editing Image Model, BL4 - Scene

Graph Update Model)

tively.

Baseline Performance Quantitative results for the baseline models discussed in

Section 3.4 are summarized in Table 3.3. Among the methods described above, the

scene graph update model (baseline 4) has the best overall performance on original

test data with 70.5% accuracy. The text-editing model (baseline 3) is top-performing

over the balanced test set, however, it demonstrates poor generalization capability

(in 2HopAT and 2HopQH tests). The CLEVR HYP task requires models to reason

about the effect of hypothetical actions taken over images. As the LXMERT (baseline

2) is not directly trained for this objective, it struggles to do well on this task. The

reason behind the poor performance of the text-only baseline (baseline 1) is due to

its limitation in incorporating detailed spatial locations into the templates that are
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Performance break-down by Action Types

Original Test 2HopAT Test

BL3 BL4 BL3 BL4

Add 58.2 65.9 Add+Remove 53.6 63.2

Remove 89.4 88.6 Add+Change 55.4 64.7

Change 88.7 91.2 Add+Move 49.7 57.5

Move(in-plane) 61.5 69.4 Remove+Change 82.1 85.5

Move(on) 53.3 66.1 Remove+Move 52.6 66.4

Change+Move 53.8 63.3

Table 3.4: Performance Breakdown by Action Types for BL3 (Text-editing Image

Baseline) and BL4 (Scene Graph Update Baseline)

used to convert an image into a machine comprehension passage.

Analysis by Action Types and Question Reasoning Types Two of the pro-

posed models (baseline 3 and 4) are transparent to visualize intermediate changes

in the scene after performing actions. Their ability to understand actions and make

appropriate changes in the scene are further analyzed as per Table 3.4. For the scene

graph method, the ground-truth functional program is compared with the model-

generated functional program for each sample, and their exact match accuracy is

computed. For the text-editing image method, the ground truth scene graph after

action execution and the scene graph generated using the model-edited image are

compared. For attributes, exact matching is sought whereas for object positions,

their relative spatial locations need to match.

The results from Table 3.4 indicate that both the scene graph and text-editing
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Performance break-down by Reasoning Types

Original Test 2HopQH Test

BL3 BL4 BL3 BL4

Count 60.2 74.3 And 59.2 67.1

Exist 69.6 72.6 Or 58.8 67.4

Compare Integer 56.7 67.3 Not 58.1 65.0

Compare Attribute 68.7 70.5

Query Attribute 65.4 68.1

Table 3.5: Performance Breakdown by Question Reasoning Types for BL3 (Text-

editing Image Baseline) and BL4 (Scene Graph Update Baseline)

models do quite well on ‘remove’ and ‘change’ actions whereas struggle relatively when

new objects are added or existing objects are moved around. The observation is con-

sistent when multiple actions are combined. In other words, actions remove+change

can be performed with maximum accuracy whereas other combinations of actions ac-

complish relatively lower performance. It leads to the conclusion that understanding

the effect of different actions is of varied complexity.

A similar analysis is conducted with respect to question reasoning types. After an

updated image or a scene graph is obtained as a result of performing an action, how

accurately the models can predict correct answers for various question types. The

performance breakdown of baseline 3 and 4 with respect to reasoning types is shown in

Table 3.5. Both the models demonstrate relatively higher performance over counting,

existence, and attribute query question types than the comparison questions. The

scene graph update and text-editing methods show a performance drop of 6.1% and

9.1% respectively when multiple actions are performed on the scene. However, there is
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less performance gap for models on 2HopQH compared to the 2HopAT test set. This

suggests that both models can better generalize while performing complex logical

reasoning than understanding the effects of complex actions.

In summary, this work presents CLEVR HYP (Sampat et al., 2021), a dataset to

evaluate the ability of VQA systems where hypothetical actions are to be performed

over the given image. This dataset is created by extending the data generation frame-

work of CLEVR (Johnson et al., 2017a) that uses synthetically rendered images and

templates for reasoning questions. This dataset is challenging because rather than

asking questions about objects already present in the image, it poses questions to mod-

els about what would happen in an alternative world where changes have occurred.

The dataset provides a visual oracle for images and textual oracles for hypothetical

actions as well as questions to facilitate the development of models that systematically

learn the underlying action reasoning process. Several baselines are developed based

on existing vision and language models to tackle the hypothetical reasoning task. The

results demonstrate that the models are able to perform reasonably well (70.5%) on

the limited number of actions and reasoning types, but struggle with more complex

scenarios. While neural models have achieved almost perfect performance on CLEVR

and considering human performance as an upper bound (98%), there is a lot of room

for improvement on the CLEVR HYP dataset. Improvements over this dataset and

its extensions by relaxing various constraints (including a larger variety of actions, at-

tributes, and reasoning types) will lead a path toward better vision+language models

that can reason beyond pixels.
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Chapter 4

ACTION REPRESENTATION LEARNER (ARL): AN IMPROVED MODEL FOR

HYPOTHETICAL REASONING ABOUT ACTIONS

4.1 Motivation

Humans interact with their environment to accomplish desired goals. Object ma-

nipulation (i.e., performing ‘actions’ over the objects) is a fundamental concept that

makes this interaction possible. In other words, actions in their simplest form have the

power to change the state of a world and hence play a vital role in enabling humans

to perform day-to-day tasks. As autonomous agents are being developed that would

assist humans in performing everyday tasks, such agents would be required to interact

with complex environments. Hence, the development of autonomous agents that can

perform actions to effectively manipulate objects and understand corresponding ef-

fects is of great importance. As a result, Reasoning about Action and Change (RAC)

has been a long-standing research problem, since the rise of AI.

The work of McCarthy et al. (1960) was the earliest to emphasize the importance

of reasoning about actions. They developed an advice-taker system that can do

deductive reasoning about scenarios such as “going to the airport from home” requires

“walking to the car” and “driving the car to the airport”. Since then, many real-life

use cases have been identified which require AI models to understand interactions

among the current states of the world, actions being performed over various objects

present, and most likely following states.

In a recent tweet (LeCun, 2022), Prof. Yann LeCunn has also emphasized the

importance of this research direction. He mentions that “while we progress towards
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Figure 4.1: Revisiting the CLEVR HYP Task (Sampat et al., 2021): Answer a Rea-

soning Question (QH) About Changes Caused Over the Given Image (I) by Perform-

ing a Hypothetical Action (TA)

human-level AI, I believe we need to find new concepts that would allow machines to

learn to predict how one can influence the world through taking actions”. While RAC

has been more popular among knowledge representation and logic communities, it has

recently piqued the interest of researchers in NLP and vision domains. Specifically,

the work of Tandon et al. (2019); Wagner et al. (2018); Sampat et al. (2022b) studies

whether neural models could reason about actions and changes, provided a dataset

with linguistic and/or visual inputs.

This is a follow-up work on the hypothetical action reasoning task discussed in

Chapter 3. To recap, a VQA task with hypothetical actions to be performed over

CLEVR-like images was proposed and a synthetic CLEVR HYP dataset (Sampat

et al., 2021) was proposed. An example from this dataset is shown in Figure 4.1.

The key objective is to understand changes caused over a visual scene by an action

described in the natural language and answer a reasoning question.

Best performing baseline models over this dataset (discussed in Section 3.4) divide

the task into two phases- (i) given an image and an action, predict how the contents
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Figure 4.2: Intuition About the Learning Strategy Leveraged in This Work (Right), in

Comparison With the Learning Strategy of Existing Models (Left) for Action-Effect

Reasoning (Blue Box Denotes Vector Representation)

of the image will change as a result of performing an action over it and, (ii) leverage

the result of phase (i) to answer a given question. The aforementioned way of solving

the hypothetical reasoning task is identical to the learning strategy shown in Figure

4.2(left). Particularly, by observing visual features from an input image (i.e. features

from the image of an apple) and textual representation of actions (i.e. embedding

corresponding to the text ‘rotten’), models attempt to imagine the possible effects

(i.e. how a rotten apple would look like). The model’s learning process in this case

is driven by the ground-truth labels that are part of the data used for supervision.

Though this seems a viable approach from a modeling perspective, such an action-

effect representation learning strategy is quite data-intensive in nature. With more

variety of attributes and possible values of those attributes, the number of action-

effect combinations grows exponentially. For example, in the CLEVR HYP dataset,

there were four object attributes and fifteen possible values of those attributes (8

colors, 3 shapes, 2 sizes, and 2 materials). Hence, there are 96 object attribute

combinations that can be paired with each action type. Even with such a limited

69



synthetic domain, it is not possible to cover all variations in the training data. This

indicates that models require robust compositional generalization ability to succeed

on this task.

In this work (Sampat et al., 2022a), an alternative learning strategy is proposed,

as shown in Figure 4.2(right). This is also a supervised learning method, where the

model first learns a representation corresponding to the difference of a pair of states

(before and after the action is performed). In the example in Figure 4.2(right), the

model first compares visual representations of a good apple and a rotten apple to

understand their difference. Then, the model attempts to minimize the distance

between learned visual differences between the states (i.e. the rotten portion of the

apple) and the linguistic action that causes visual differences (i.e. representation

of the word ‘rotten’). In particular, an encoder-decoder architecture is set up to

implement this learning strategy. The trained encoder-decoder is then combined

with an existing visual scene parser and a scene graph question answering module to

evaluate its effectiveness on the CLEVR HYP dataset. The key contributions of this

work are as follows;

• A novel learning strategy for predicting the effects of actions in the vision-

language domain is proposed (as shown in the right part of Figure 4.2).

• A three-stage model is developed that implements the proposed learning strat-

egy, and it is evaluated on the CLEVR HYP dataset (introduced in Chapter

3).

• Through ablations and analysis, the effectiveness of the proposed model is

demonstrated in terms of performance (5.9% accuracy improvements), data

efficiency (one-third of training data required), and generalization capability in

comparison with the best existing baselines (discussed in Section 3.4).
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4.2 Experiments

4.2.1 Proposed Model: Action Representation Learner (ARL)

When developing a model over the CLEVR HYP dataset, the key focus should

be on learning a mapping between actions performed and visual changes caused over

the objects in the image. Figure 4.2(right) graphically demonstrates the intuition

behind how such learning can be modeled. The underlying hypothesis is that a

model would be able to better learn action representations by observing the difference

between a pair of states (before and after the action is performed). Once the ability

to robustly predict the visual differences (in a vectorized form) is achieved, another

neural network can be trained to learn a representation of action (that is described in

natural language) and minimize the loss between the two. In this regard, a three-stage

model is proposed, as shown in Figure 4.3 (training phase) and Figure 4.5 (testing

phase), which has the potential to better capture the causal structure of this task. A

detailed description of each stage is provided below and can be visualized in Figure

4.4.

Stage-1 Actions have the power to change the state of the world. In other words,

the difference between a pair of states can be considered as a function of performing

actions. For example, consider two states ‘green cube’ and ‘red cube’. The change

between the above states is ‘green→ red’. A function ‘paint’ or ‘change color’ can be

defined, which can simulate the desired effect i.e. ‘paint(green) → red’. This stage

aims to capture changes between a pair of states.

Specifically, an encoder-decoder model is set up to achieve this objective. For

better understanding, various symbols are color-coded in the following text. The

red symbols denote entities predicted by the component that is learned/trained in

71



Figure 4.3: The Training Phase of the Proposed 3-stage ARL Model (Best Viewed

in Color; Notations Used: # Denotes Module Being Trained in the Current Stage, *

Refers to Modules Trained in Previous Stages and Frozen, $ Indicates Data Balanced

by Action Types)

the proposed model. Whereas blue symbols denote entities utilized directly from the

dataset.

As described in Section 3.3.1, the training set of CLEVR HYP provides oracle

annotations for an initial scene graph S (using which the image is rendered) and

a scene graph after executing the action text S′. A random subset of 20k scene

graph pairs from the CLEVR HYP training set is sampled to train this encoder-

decoder, which is balanced by possible action types (add, remove, change, move).

Experimentation with different data sizes is performed in this work (and discussed in

Section 4.3.3), however, the best results are obtained when the model is trained with

20k samples and the length of the learned action vector is 125.

A representation corresponding to the difference between states S and S′ i.e. AS,S′
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Figure 4.4: Internal Components of the Modules Trained in Stage-1 and Stage-2 (Best

Viewed in Color)

is learned using the encoder. At the test time, the updated scene graph S′ is not

available. To address this issue, the encoder is followed by a decoder, which can

reconstruct S′ provided S and the learned representation of the scene difference AS,S′

in the encoder network. Formally,

AS,S′ = SceneGraphEncoder(S, S ′) (4.1)

S ′ = SceneGraphDecoder(S, AS,S′) (4.2)

The encoder-decoder networks are jointly trained with the following objective;

argmaxΘEncoderΘDecoder
[ logP (S ′ | Decoder(S,

AS,S′︷ ︸︸ ︷
Encoder(S, S ′ ) )︸ ︷︷ ︸

S′

) ] (4.3)

Note that, in common applications involving encoder-decoder architecture, the
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decoder part of the model is removed once the desired performance is achieved and

the encoder is used to encode input sequences to a fixed-length vector at test-time.

Contrary in this work, the encoder part is discarded and the decoder part is retained

so that at the test time updated scene representation can be predicted from an initial

scene and a learned action vector.

Stage-2 The objective of this stage is to learn a network ‘NL to Action Represen-

tation’ (shown in stage-2 of Figure 4.3) that can map the natural language action

text TA (input provided for each CLEVR HYP sample) to the learned action vector

AS,S′ . During the training of this module, encoder and decoder modules from stage-1

are frozen and used for inference. Specifically, the frozen encoder is provided with a

pair of scene graphs S and S′, which will predict AS,S′ . The ‘NL to Action Represen-

tation’ (NL2AR) network takes TA as an input and uses encoder-predicted AS,S′ as

supervision to learn Arep. In other words, an optimally trained NL2AR module will

convert TA into Arep such that the loss between Arep and the encoder-predicted AS,S′

is minimized. Finally, Arep predicted by NL2AR along with the input scene-graph S

is fed to the frozen decoder to predict S′. The overall training objective for stage-2 is

as follows;

argmaxθNLtoAR
[ logP ( S ′ | Decoder( S,

Arep︷ ︸︸ ︷
NLtoAR(TA) )︸ ︷︷ ︸
S′

) ] (4.4)

The NL2AR module uses a long-short term memory (LSTM) encoder in particular.

The embedding object is a preliminary layer in front of an LSTM recurrent layer

and a dense layer. During model training, in addition to finding the values for the

weights of the LSTM and dense layers, the word embeddings for each word in the

training set are computed. This is achieved using nn.Embedding(vocabulary size,
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Figure 4.5: The Testing Phase of the Proposed Three-stage ARL Model (Best Viewed

in Color; Notations Used: * Refers to Modules Trained in Previous Stages and Frozen,

∧ Indicates Modules Adapted From Existing Works)

embedding size) layer defined in pytorch. This way, a fixed length one-hot vector of a

given length is generated for each word in the vocabulary depending on the position

of the word in context and updated using back-propagation. The embedding layer

is similar to a linear layer, which returns the index where one is located instead of

returning the whole one-hot vector. It takes an action text TA as a sequence of

learned word embeddings, runs an LSTM over them, and then projects from the final

cell state to get the output vector. The LSTM has a hidden layer of size 200.

Stage-3 Finally, in this stage, a decoder module (trained in stage-1) and NL2AR

module (trained in stage-2) are combined with off-the-shelf ‘image to scene-graph

generator’ and ‘scene-graph question answering’ modules to create a test pipeline

with respect to CLEVR HYP data. This workflow can be visualized in Figure 4.5

and there is no training involved in this stage. For each image in the test data,

Mask R-CNN (He et al., 2017) is used to generate segment proposals of all objects.
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Along with generating the segmentation mask, the network also classifies the objects

based on their visual attributes- color, material, size, and shape. The threshold for

segment proposals is set to 0.9 i.e. segments with bounding-box scores less than 0.9

are dropped. The segment for each object, paired with the original image (resized to

224x224) is sent to ResNet-34 (He et al., 2016) to extract 3D coordinates of objects

in the scene. The inclusion of the original full image in ResNet-34 addition to object

segments has been observed to improve performance as reported by Yi et al. (2018).

As a result, a graph S is obtained corresponding to the input image I which captures

object attributes and their spatial positions.

Then, the action text TA for the given test instance is provided as an input to

the NL2AR module trained in stage-2 and its vector representation Arep is obtained.

Along with the scene graph obtained at the test time (S), Arep is provided to the

decoder module trained in stage-1 to obtain a prediction of the updated scene graph

S′. This will represent the scene graph corresponding to the test image after the

action is performed over it i.e. capturing the changes in object attributes/location as

a result of performing the action. Finally, the neural-symbolic scene graph question

answering module developed by Yi et al. (2018) over CLEVR dataset (Johnson et al.,

2017a) is used to predict an answer to the question QH with respect to the updated

scene graph S′ predicted by the decoder.

4.3 Results and Discussion

After the two-stage training process is complete (as per Figure 4.3), the evaluation

on CLEVR HYP (Sampat et al., 2021) test data takes place as per the workflow

described in Figure 4.5. The task of predicting an Answer (a) provided Image (I),

Action Text (TA) and Question (QH) in CLEVR HYP is formulated as a 27-way

classification. The set of answers A comprises of object attributes (8 colors + 3 shapes
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+ 2 sizes + 2 material), numerals (0-9), and booleans (yes/no). Each image-action-

question context has exactly one correct answer therefore, the standard accuracy

metric is used for the evaluation.

4.3.1 Quantitative Results

Test performance on CLEVR HYP

Test Set Type / Model TIE SGU ARL

Ordinary 64.7 70.5 76.4

2HopAT 55.6 64.4 69.2

2HopQH 58.7 66.5 70.7

Table 4.1: Performance Comparison of Three-stage Model (ARL) Proposed in This

Work With Two Baseline Models (TIE and SGU) Described in Section 3.4 Over Three

Test Sets of CLEVR HYP

The CLEVR HYP dataset has three test sets- Ordinary, 2HopTA, and 2HopQH .

The ordinary test set consists of examples that require models to tackle similar com-

plexity of actions and reasoning capabilities observed during the training. Whereas

2HopActionText (2HopTA) and 2HopQuestion (2HopQH) sets are provided to test

the generalization capability of the trained models. Both the generalization test sets

are relatively small (only 1500 image-action text-question samples) compared to the

ordinary test set (13.5k image-action text-question samples). In the 2HopTA test, the

model requires to perform two different actions one after the other on the scene. For

example, ‘Add a small blue metal cylinder to the right of the large yellow cube and

remove the large cylinder from the scene.’ and ‘Move the purple object on top of the

small red cube then change its color to cyan.’. In the 2HopQH test, the model requires

correctly answering questions involving logical operations ‘and’, ‘or’ and ‘not’. For
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example, ‘How many objects are either red or cylinder?’ and ‘Are there any rubber

cubes that are not green?’.

Table 4.1 demonstrates the performance of the proposed three-stage ARL model in

comparison with the two best-performing models (TIE and SGU) described in Section

3.4. The ARL model outperforms TIE and SGU baselines by 5.9%, 4.8%, and 4.2%

on Ordinary, 2HopTA, and 2HopQH test sets respectively. This demonstrates that

the proposed model not only achieves better overall accuracy but also has improved

generalization capability when multiple actions have to be performed on the image

or understand logical combinations of attributes while performing reasoning.

Further analysis is performed to gauge the model’s ability to perform a particular

action. The model is expected to perform one of the four actions- add objects, remove

objects, change attributes, or move objects. For all three models, their performance

on the validation set corresponding to each action type is shown in the upper half of

Table 4.2. The results suggest that the proposed ARL method achieves better fine-

grained accuracy for all action types compared to existing models. Overall, all three

models do quite well on ‘remove’ and ‘change’ actions whereas struggle when new

objects are added or existing objects are moved around. Yet, the ARL model shows

4.4% and 3.2% improvements on ‘add’ and ‘move’ actions respectively compared to

the best previous baseline SGU.

For the 2HopTA test set, the model is expected to perform two different actions

(among add, remove, change, and move) one after the other. The observation from

the validation results remains consistent (as per the lower half of Table 4.2) when

multiple actions are combined. In other words, models can achieve relatively high

accuracy for actions ‘remove’ and ‘change’, hence their combination ‘remove+change’

also has a higher success rate. Whereas other combinations of actions accomplish

relatively lower performance. It leads to the conclusion that understanding the ef-
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Accuracy(%) by Action Types

Validation TIE SGU ARL

Add 58.2 65.9 70.3

Remove 89.4 88.6 94.1

Change 88.7 91.2 95.8

Move 61.5 69.4 72.6

2HopTA TIE SGU ARL

Add + Remove 53.6 63.2 66.7

Add + Change 55.4 64.7 70.6

Add + Move 49.7 57.5 63.2

Remove + Change 82.1 85.5 91.6

Remove + Move 52.6 66.4 68.3

Change + Move 53.8 63.3 67.1

Table 4.2: Performance Breakdown of Models by Different Action Types for Valida-

tion Set and 2HopTA Test Set

fect of different actions is of varying complexity. It also indicates that the learned

action representations in the proposed model ARL are helpful as they show better

generalization by action types.

Understanding changes caused by actions is a core challenge in the CLEVR HYP

(Sampat et al., 2021) task, however, it is formulated as a question answering down-

stream task. In other words, to demonstrate that a model can correctly understand

the effects of actions in the CLEVR HYP setting, the model has to correctly an-

swer a variety of visual reasoning questions. In particular, models should be able

to perform counting, check the existence of objects given the criteria, compare sets
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Accuracy(%) by Reasoning Types

Validation TIE SGU ARL

Count 60.2 74.3 78.6

Exist 69.6 72.6 77.3

CompareInteger 56.7 67.3 70.7

CompareAttribute 68.7 70.5 73.4

QueryAttribute 65.4 68.1 74.9

2HopQH TIE SGU ARL

And 59.2 67.1 70.3

Or 58.8 67.4 71.5

Not 58.1 65.0 68.4

Table 4.3: Performance Breakdown of Models by Different Question Types for Vali-

dation Set and 2HopQH Test Set

of objects, or retrieve attributes of the desired objects to answer questions in this

dataset. Therefore, a fine-grained analysis of the model performance based on their

capability to perform the above-mentioned kinds of reasoning is conducted. The re-

sults are summarized in Table 4.3. For the validation set, the proposed ARL method

has decent fine-grained accuracy across all reasoning types, but improvements on the

‘query attribute’ and ‘exist’ types are maximum (6.8% and 4.7% respectively). For

the 2HopQH test set, the model is expected to understand logical connectives (and,

or, not). Though there is minor performance gain in this case as well, the proposed

pipeline is limited by the capabilities of the question answering model of Yi et al.

(2018) that is used in stage-3.
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4.3.2 Qualitative Results

In Figure 4.6, nine qualitative examples of the scene graphs predicted by the

proposed ARL model (i.e. S′ in stage-3) over a variety of action texts are visually

demonstrated. Examples 1-6 indicate that the model can correctly identify a com-

bination of object attributes (color, size, shape, material) as per the given criteria.

Specifically, the model is able to correctly distinguish between actions ‘remove brown

objects’, ‘remove small brown objects’, and ‘remove brown cylinders’. Examples 4 and

6 demonstrate that the model is consistent in predictions when synonyms of various

words are used (e.g. sphere∼ball, shiny∼metallic) in the dataset. Finally, examples

7-9 show that the model does reasonably well on other kinds of actions (add, change,

and move).

Further, a t-SNE (t-Distributed Stochastic Neighbor Embedding) plot of action

vectors learned by the ARL model is generated as shown in Figure 4.7. Since the

training data size is quite large, a random subset of 3000 samples covering each action

class (add, remove, change, move in-plane, and move out-of-plane) is used to generate

this plot. Also, the learned action vector in the ARL model is 125-dimensional,

therefore dimensionality reduction is performed to generate this visualization. In

particular, Principal Component Analysis (PCA) with n=50 is used for this purpose

and then t-SNE with n=2 is used to create a 2D visualization of the learned action

vectors (where n represents the dimension of the embedded space). Internally, t-

SNE converts similarities between data points to calculate joint probabilities and

minimizes the Kullback-Leibler divergence between the computed joint probabilities

of the low-dimensional embedding and high-dimensional original data.

At first glance at Figure 4.7, it appears that the learned action representations

formulate well-defined and separable clusters for each action type. Clusters for add,
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Figure 4.6: Correct Scene Graph Predictions Made by the ARL Model for Given

(Input Image, Action Text) Tuples: (i) Examples 1-6 Indicate That the Model can

Correctly Identify Combinations of Object Attributes Provided in the Action Text,

(ii) Examples 4 and 6 Demonstrate That the ARL System is Consistent in Predictions

When Synonyms of Various Words are Used in the Dataset, (iii) Examples 7-9 Show

That the Proposed Model can Perform Other Actions Reasonably Well
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remove and change actions are closer and somewhat overlapping. Upon further anal-

ysis, it is observed that many samples involving the ‘change’ action are interpreted

by the reasoner as the ‘remove+add’ action. For example, if the color of the ‘small

blue metal sphere’ is changed to ‘red’, the action reasoner interprets it as the removal

of the ‘small blue metal sphere’ followed by the addition of a ‘small red metal sphere’

on the same location. This is technically correct and leads to the same desired effect

of the action.

Figure 4.7: The t-SNE Plot of Learned Action Vectors
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4.3.3 Ablation Study

In this section, three ablation studies are performed to demonstrate the effective-

ness of the ARL model and some design choices that lead to its best performance.

Importance of stage-1 training Cause-effect learning with respect to actions is

a key focus in CLEVR HYP. The stage-1 module (described in Section 4.2.1) plays a

critical role in the ARL model which is responsible for learning the causal structure of

the world. To demonstrate this, two experiments are set up; first, the training takes

place in a sequential manner (stage-1 followed by stage-2), where trained encoder-

decoders from stage-1 are frozen and utilized in stage-2. The second experiment only

consists of stage-2 training where the encoder-decoder is randomly initialized.

Task Experiment Accuracy (%)

Scene Graph Update Stage(2 only) 56.3

Stage(1+2) 87.2

Question Answering Stage(2+3 only) 45.7

Stage(1+2+3) 76.4

Table 4.4: Performance of the ARL Model in the Absence and Presence of Stage-1

Over Ordinary Test Set

The results corresponding to the above two experimental setups are reported in

the upper part of Table 4.4. The accuracy of the setup that involves only stage-

2 training is 56.3%, whereas the setup involving both stage(1+2) training achieves

87.2% performance. This indicates that the inclusion of stage-1 is effective which

boosts the scene graph update accuracy by ∼30%.
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To evaluate the question answering task of CLEVR HYP, both the setups de-

scribed above are followed by stage-3 where the image parser and scene graph question

answering modules are combined to predict the answer. The results for this ablation

are reported in the lower part of Table 4.4. It can be observed that the pipeline that

consists of all three stages achieves 76.4% accuracy, which is significantly improved

in comparison with the pipeline involving only stage(2+3).

Provided the synthetic nature of images and a limited number of object attributes

in CLEVR HYP, the image to scene graph generation is pretty accurate. Also, it is

known that the scene graph question answering module used in this work (Yi et al.,

2018) has near-perfect performance on CLEVR (Johnson et al., 2017a) dataset. As

a result, the gains achieved in the scene graph update task (due to stage-1) directly

benefit the question answering performance without a significant loss.

Performance with varying amounts of training data in stage-1 In this ab-

lation, the goal is to observe the ARL model’s performance when stage-1 training is

done with respect to different data sizes. Particularly, stage-1 training is carried out

over the dataset consisting of 1000 to 25000 samples (pair of scene graphs) in an in-

crement of 5000. The respective results for both scene graph update and downstream

question answering tasks are demonstrated in Figure 4.8(top). As observed from the

graph, initially, the model is able to learn better action representations when more

data is provided. However, the performance for the scene graph update and overall

question answering tasks saturates to ∼86% and ∼75% respectively when training

data contains more than 20k samples.

Performance with different lengths of learned action vector in stage-1 In

this ablation, the goal is to find out the optimal length of action vectors that can
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Figure 4.8: Performance of the Proposed ARL Model With Varied (Top) Data Size

and (Bottom) Action Vector Lengths

reasonably capture the complexity of actions and simulate their effects. Experiment

with different lengths of learned action vector- from 25 to 200 in increments of 25

is carried out and reported in Figure 4.8(bottom). As observed from the graph,

initially, the model demonstrates steep accuracy improvements when the vector length

is increased, with the exception of vector length 75 for the scene graph update task.

However, performance reaches a peak for both scene graph update and downstream
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question answering tasks when the action vector length is set to 125.

In summary, several tasks in the vision and language domain require an under-

standing of the causal structure of the world. In this work, a novel ARL model

is proposed that can effectively learn action representations and tackles the what-if

vision-language reasoning task of CLEVR HYP dataset (Sampat et al., 2021). The

proposed ARL model leverages a two-step training process to model this causal task.

It outperforms existing baselines while being data-efficient and shows better general-

ization capability on this dataset. Through qualitative results, insights on the learned

action representations are provided and ablations are conducted to validate the ef-

fectiveness of the proposed method. Extension of this approach to a larger set of

actions would enable the possibility of AI agents that are equipped with action-effect

reasoning capability and can better collaborate with humans in the physical world.
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Chapter 5

VL-GLUE: A SUITE OF FUNDAMENTAL YET CHALLENGING

VISUO-LINGUISTIC REASONING TASK

5.1 Motivation

Deriving inference from multi-modal artifacts is an important skill for humans to

navigate day-to-day situations. For example, reading through product manuals/user

guides, driving, and understanding content from textbooks and other documents (in-

cluding newspapers and recipes) that are rich in visual and textual content. In the

above scenarios, the language modality provides important cues for decision-making

or aids in grasping novel concepts along with the visual information, and not only

serves as an evaluation mechanism (unlike most existing computer vision tasks).

To train vision-language systems that can perform multi-modal reasoning, many

tasks have been proposed (Reddy et al., 2022; Talmor et al., 2020; Chen et al., 2020b;

Sampat et al., 2020a, 2021; Singh et al., 2021). Though state-of-the-art AI systems

demonstrate accuracy at par with human levels on a variety of vision and language

tasks in isolation, their performance over aforementioned benchmarks is remarkably

low.

One underlying possibility for this performance gap is due to models being over-

reliant on image-text similarity (during the pre-training phase) to solve various V&L

tasks and not actually learning to combine information from visual+textual modal-

ities. Moreover, research efforts in this direction have been limited due to two chal-

lenges concerning the above benchmarks: (i) relatively smaller training data available

(compared to other V&L tasks such as VQA or image captioning), and (ii) hetero-
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geneous task formats across datasets, i.e. some datasets have multiple choice QA

whereas others have open-ended/generative QA or retrieval (from a set of candidate

documents) followed by QA, etc.

To this end, in this work, GLUE-like (Wang et al., 2019b, 2018) benchmark

for Visuo-Linguistic understanding (VL-GLUE) is proposed. VL-GLUE is a multi-

task benchmark consisting of seven different tasks that at their core test for visual-

linguistic reasoning skills of models. There is a hierarchy of VQA tasks depending

on the complexity of the visuals incorporated, the reasoning abilities required, and

the requirement of necessary knowledge to answer questions. The proposed bench-

mark combines all such variations and consists of 106k problems spread across seven

different tasks.

The motivation behind VL-GLUE is similar to GLUE (Wang et al., 2019b, 2018)

and NUMGLUE (Mishra et al., 2022), which are multi-task benchmarks aimed at the

development of models that can demonstrate superior language understanding and

mathematical reasoning abilities respectively. Different from these works, VL-GLUE

is designed to progress toward AI systems that are capable of performing visuo-

linguistic reasoning in a general setting. Achieving superior performance on this

benchmark would require models’ ability to perform joint reasoning over provided

visual and linguistic inputs without relying on task or dataset-specific signals.

In summary, there are three key contributions of this work:

• A brief survey of existing GLUE-like benchmarks is conducted, which are pre-

cursors to this work.

• VL-GLUE, a novel multi-task benchmark consisting of seven different tasks is

proposed, solving which requires an ability to make inferences by combining a

portion of visual and textual information provided as a context.
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• It is demonstrated that VL-GLUE is a challenging benchmark for large-scale

vision-language models, obtaining poor scores not only in zero-shot settings but

also after fine-tuning. While there are plenty of visuo-linguistic applications,

this fundamental barrier needs to be addressed with utmost priority.

5.2 A Brief Survey of GLUE-like Benchmarks

Towards the goal of creating a better general-purpose language technology (rather

than catering to individual models specific to the given domain or use case), Wang

et al. (2018) developed the GLUE benchmark. There are three key characteristics

of this benchmark: (i) inclusion of more than one linguistic task (including a mix of

sentiment analysis, textual entailment, and sentence similarity), (ii) varied size and

genres of training data to facilitate sample-efficient learning yet encouraging effective

knowledge-transfer across tasks, and (iii) built upon preexisting datasets that are

challenging and interesting, as agreed upon by the researchers. Since its proposal,

GLUE (Wang et al., 2018) has become a prominent evaluation framework for research

towards general-purpose language understanding technologies.

Following their characteristics, there have been several efforts to create similar

benchmarks for non-English languages, broader NLP tasks (such as text generation,

dialog understanding, and arithmetic), modalities beyond language (speech, image,

and videos), and other learning paradigms (such as few-shot understanding and out-

of-distribution robustness). A brief survey of GLUE-like benchmarks is summarized

in Table 5.1 and 5.2. For each benchmark, their focus area (within the scope of

NLP research), modalities present, and number of diverse tasks incorporated in the

benchmark are listed.
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Benchmark Name Focus Area Modality #Tasks

GLUE (Wang et al., 2018) English language understanding Text 9

Super-GLUE (Wang et al., 2019a) English language understanding Text 8

FewGLUE

(Schick and Schütze, 2021)
Few-shot English language understanding Text 8

CLUES (Mukherjee et al., 2021) Few-shot English language understanding Text 6

KLEJ (Rybak et al., 2020) Polish language understanding Text 9

GLUES (Cañete et al., 2020) Spanish language understanding Text 7

SwedishGLUE

(Adesam et al., 2020)
Swedish language understanding Text 10

CLUE (Xu et al., 2020) Chinese language understanding Text 9

FewCLUE (Xu et al., 2021) Few-shot Chinese language understanding Text 9

RussianSuperGLUE

(Shavrina et al., 2020)
Russian language understanding Text 9

ALUE (Seelawi et al., 2021) Arabic language understanding Text 8

FLUE (Le et al., 2020) French language understanding Text 6

JGLUE (Kurihara et al., 2022) Japanese language understanding Text 6

KLUE (Park et al., 2021) Korean language understanding Text 8

INDOLEM (Koto et al., 2020) Indonesian language understanding Text 7

DialoGLUE (Mehri et al., 2020) Dialogue (English) language understanding Text 4

AdvGLUE (Wang et al., 2021)
Robustness of language models

against adversarial attacks (English)
Text 14

Table 5.1: A Brief Survey of GLUE-like Benchmarks: Comparison by Focus Area

(Within the Scope of NLP Research), Modalities Present and Number of Diverse

Tasks Incorporated in the Benchmark. � Indicates Multi-modal Benchmarks and †

Indicates Multi-lingual Benchmarks
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Benchmark Name Focus Area Modality #Tasks

NUMGLUE (Mishra et al., 2022) Arithmetic understanding (English) Text 8

GLGE (Liu et al., 2021) English language generation Text 8

LexGLUE (Chalkidis et al., 2022) Legal language understanding (English) Text (Legal) 7

GLUE-X (Yang et al., 2023a)
Out-Of-Distribution (OOD) robustness

in language understanding (English)
Text 7

XGLUE (Liang et al., 2020)
Language understanding and

language generation
Text† 11

IndicGLUE (Kakwani et al., 2020) Indic language understanding Text† 6

ScandEval (Nielsen, 2023) Scandinavian language understanding Text† 4

XTREME (Hu et al., 2020) Cross-lingual generalization Text† 9

GLUECoS (Khanuja et al., 2020) Code-switched language understanding Text† 6

CodeXGLUE (Lu et al., 2021) Code understanding and code generation Text (Code)† 10

ASR-GLUE (Feng et al., 2021)
English language understanding through

Automatic Speech Recognition (ASR)
Speech 6

CBLUE (Zhang et al., 2022) Biomedical language understanding (Chinese) Text (Biomed.) 8

SLUE (Shon et al., 2022) Spoken language understanding Speech 4

GEM-I (Su et al., 2021) Image-language understanding Text, Image�† 2

GEM-V (Su et al., 2021) Video-language understanding Text, Video�† 2

VALUE (Li et al., 2021) Video-language understanding Text, Video� 11

VL-GLUE (this work) Visuo-linguistic understanding Text, Images� 7

Table 5.2: (Continued) A Brief Survey of GLUE-like Benchmarks: Comparison by

Focus Area (Within the Scope of NLP Research), Modalities Present and Number of

Diverse Tasks Incorporated in the Benchmark. � Indicates Multi-modal Benchmarks

and † Indicates Multi-lingual Benchmarks
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5.3 VL-GLUE Benchmark Creation

The proposed VL-GLUE benchmark consists of a broad variety of visuo-linguistic

(VL) reasoning tasks, which are compiled as a subset of existing datasets or their

modifications. In this section, a brief overview of tasks that are part of VL-GLUE

is provided. It is followed by a short description of how data items for each task are

curated, and their diverse linguistic and visual nature is analyzed.

Specifically, the proposed VL-GLUE benchmark is a collection of seven different

tasks that together include 106k image-passage-question-answer tuples. The tasks

may either be self-contained or may require additional background knowledge (e.g.

commonsense reasoning) to arrive at the final solution. However, all the tasks, at their

core, involve joint reasoning over the image(s) and a passage to answer questions.

Table 5.3 summarizes different task types considered in this benchmark along with

the total number of data points included. It is important to note that data for each

task type is collected from different sources. Depending on its source, each task may

have a varied number of samples. For example, there are only 1854 examples for Task

4, whereas there are 53.4k questions under Task 6. The datasets are retained in an

imbalanced manner following Wang et al. (2019b, 2018); Mishra et al. (2022).

5.3.1 Benchmark Data Collection

Task 1: VL Reasoning over Synthetic Images Synthetic or controlled dataset

collection methods have been shown effective for many vision-language problems in

terms of scalability, bias control in the data, and due to their inexpensive nature (in

comparison with crowd-sourced alternatives). Therefore, this task encompasses data

where images are synthetically rendered or collected in a controlled environment but

require visual-linguistic reasoning to solve them. Images of this kind typically have a
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Task Modality Types Size

Task 1 Synthetic Images 6.5k

Includes very simple images with a few objects and limited attributes;

questions test what-if reasoning and planning abilities of the model

Task 2 Natural Images 2116

Includes diverse indoor/outdoor images and questions that test complex

object grounding and varied reasoning skills including commonsense

Task 3 Charts/Graphs 3920

Includes diverse chart figures (pie, bar, line plots, etc.) and templated

questions that require basic math reasoning (e.g. min, max, average)

Task 4 Freeform Figures 1854

Includes visuals with complex information representation beyond

standard chart types (simple template-based rendering does not work)

Task 5 Images+Text+Tables 23.7k

Includes tabular information as a part of the text context along with

visuals that are useful in answering given questions

Task 6 Procedural Knowledge 53.4k

Includes diverse indoor/outdoor images; Solving this subset requires

procedural knowledge of various activities such as cooking, crafts, etc.

Task 7 World Knowledge 14.7k

Includes disambiguation of various named entities (e.g. Barack Obama,

white house, etc.) referred to in the text and images

Table 5.3: A Summary of Task Types Incorporated in the Proposed VL-GLUE Bench-

mark
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limited set of visual attributes that are fixed before the dataset is generated. Which in

turn, provides a flexibility to test specific reasoning skills and possibly avoid failures

due to object recognition challenges.

There are two resources used for this task, CLEVR HYP (Sampat et al., 2021) and

BlocksWorld (Gokhale et al., 2019). In CLEVR HYP, a synthetic image and an action

(described in natural language) are provided as inputs. The model has to perform an

action over the image and visualize the effects of those actions by answering reasoning

questions. CLEVR HYP fits well under the visuo-linguistic reasoning task as without

jointly reasoning over the action (natural language input) and a given image, it is not

possible to correctly answer the question. A subset of CLEVR HYP is included as a

part of VL-GLUE.

On the other hand, the BlocksWorld dataset developed by Gokhale et al. (2019)

was originally proposed to support visual planning over a pair of images. To include

it under this benchmark, it was manually processed to obtain text passage and QA

pairs. For example, given a pair of images (calling it a left and a right image), the

passage would describe rules for moving blocks. For example, only one block can be

moved at a time and a block can be placed on another block only if there is no other

block on its top. Then a set of questions will be asked based on this context, such as

‘How many times the red block will be moved if the left image is to be transformed

into the right image?’. Figure 5.1 demonstrates two examples based on BlocksWorld

and CLEVR HYP included in the VL-GLUE benchmark.

Task 2: VL Reasoning over Natural Images While synthetic datasets have

their advantages, they limit the model’s understanding to a small set of objects and

a constrained amount of visual attributes. This is a strict assumption considering

real-life situations. Therefore, many datasets are developed with natural images that
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Figure 5.1: Examples From Task 1 of the VL-GLUE Benchmark (Top) BlocksWorld

Dataset (Gokhale et al., 2019) Repurposed as Visuo-Linguistic Reasoning Problem

(Bottom) Data Items From CLEVR HYP (Sampat et al., 2021) Directly Incorporated

Into the Benchmark as it is Visuo-Linguistic in its Original Form

include everyday indoor/outdoor scenes that humans encounter frequently. Among

them, COCO (Chen et al., 2015), NLVR (Suhr et al., 2019), PIQA (Bisk et al.,

2020b) and WinoGround (Thrush et al., 2022) datasets are leveraged to be a part of

VL-GLUE as demonstrated in Figure 5.2.

Particularly, COCO, NLVR and WinoGround are existing datasets for image cap-

tioning, visual-textual classification, and image-text matching tasks respectively. The

caption or sentences provided with the original datasets are converted into a passage

manually. There are two kinds of questions formulated; One is a binary classification
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Figure 5.2: Examples From Task 2 of the VL-GLUE Benchmark (Top & Mid) Binary

Visuo-Linguistic Classification Questions Based on NLVR (Suhr et al., 2019) and

COCO (Chen et al., 2015) Datasets Respectively (Bottom) Image Selection Visuo-

Linguistic Problem Based on PIQA (Bisk et al., 2020b)

question (as a True/False) over the image+passage i.e. for the given image, state

whether or not the information provided in the passage is true. Second, is an image

selection question, where more than one images are provided along with the passage.

The goal here is to select the image that matches the description stated in the passage.

The PIQA, in its original form, is a text-only dataset for physical commonsense

reasoning in the question answering form. Specifically, provided a goal that the user

wants to achieve, there are two alternatives from which the model has to select one

which is more plausible towards achieving that goal. To convert it into a visuo-

linguistic data item, the goal text is considered as a passage. Images corresponding

to the alternatives are obtained through keyword-based image crawling. The visual-
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linguistic version of PIQA with crawled images and a passage (goal) is turned into

image selection kind of questions described above.

Task 3: VL Reasoning over Charts/Graphs Charts are important visual tools

when large quantities of data are to be represented concisely. Also, charts are ubiqui-

tous in various documents such as newspapers and reports and are considered to be

an integral part of modern literacy. As a result, the design of standardized/psycho-

metric tests like the GRE and PISA involves questions about chart representations.

Inspired by this, this third category of VL-GLUE benchmark tests visual-linguistic

understanding of AI models with respect to charts.

The data compilation for this task was based on automatic and manual efforts.

Particularly, publicly available archives and test preparation materials of standard-

ized tests like PISA and GRE were obtained. The items that involve reasoning with

respect to charts and additional text were manually filtered from the test materials.

There were a few challenges with this process; Many worksheets were in the form

of scanned documents which propagated OCR (optical character recognition) errors

when attempting to convert into digital versions. Secondly, a lot of online test ma-

terials were subject to copyrights which had to be forgone. This turned out to be

quite a time-consuming and cumbersome process. As a result, there was only a small

subset of chart-passage-question-answer tuples were obtained through this process.

For further scaling of data in this category, inspiration was drawn from synthetic

chart QA datasets (Kahou et al., 2017). To do so, tabular data from CIA ‘world

factbook’ (Central Intelligence Agency, 2019) was obtained as a first step. This

tabular data was converted into various figures like bar charts, pie charts, scatter

plots, etc. For most examples, passages & questions were created from templates,

answer choices were manually curated and the correct answer was annotated. Figure
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Figure 5.3: Examples From Task 3 of the VL-GLUE Benchmark Based on CIA Fact-

book Data (Top) Bar Chart Demonstrating GDP% Allocated to Healthcare Expen-

diture for Different Countries (Bottom) Line Chart Demonstrating Puerto Rico’s

GDP% Over Years

99



5.3 demonstrates two such examples.

Task 4: VL Reasoning over Freeform Figures Beyond standard chart types,

there exists a plethora of visual representations such as timelines, cycles, flowcharts,

maps, etc., which do not necessarily follow a particular template like bar/line/part

charts. Such visuals are also abundant in textbooks and widely used in psychometric

tests like PISA. Often, such figures are more complex in comparison with images

accompanied in all previous tasks, due to two reasons (as observed from the com-

piled data); First, they often involve multiple interrelated sub-components within the

image. Second, the image incorporated in each data instance is very specific to the

problem at hand and not necessarily valid/applicable to other similar problems.

Refer to Figure 5.4 for examples from the PISA test incorporated under this task.

The first example requires inferring the time difference between two people living

in different countries to answer the given question. Whereas, the second example

demonstrates a scenario where a carpenter wants to build a shelf as shown in the

image. The paragraph describes a set of resources the carpenter has, and the question

asks about how many such shelves he can make at maximum provided the resources.

As explained earlier, the above two examples are very specific to the scenario posed

and not quite useful if the people were in different sets of countries or a different type

of shelf needs to be built.

Task 5: VL Reasoning over Image+Text+Tables MultimodalQA (Talmor

et al., 2020) is a benchmark for reasoning over visual, textual, and tabular data

constructed using Wikipedia as a source. Talmor et al. (2020) compiled ∼30k samples

which include questions based on both unimodal and multi-modal inputs. The goal of

the VL-GLUE benchmark is to be able to perform joint reasoning over image and text.
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Figure 5.4: Examples From Task 4 of the VL-GLUE Benchmark Based on the PISA

Tests That Involve Freeform Figures Which are Very Specific to the Problem at Hand

Therefore, a subset of the MultimodalQA dataset that requires cross-modal reasoning

is filtered from the dataset and incorporated in the VL-GLUE benchmark. Using the

metadata provided for each item in the MultimodalQA (about which modality among

text, image, and table are necessary to answer the question), we select two subsets-

(i) items that require reasoning over images and text, and (ii) items that require

reasoning over images and table+text inputs.

The text and table components in MultimodalQA are quite large in most cases

(which range from a couple of paragraphs to the entire Wikipedia page). The focus

of VL-GLUE is on multi-modal reasoning and not on the retrieval or localization of

information. Therefore, we narrow down the textual contexts by using answer span
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Figure 5.5: An Example From Task 5 of the VL-GLUE Benchmark, Which is a Subset

of MultimodalQA (Talmor et al., 2020) Containing Image+Text Context; Without

Correctly Recognizing the Person in the Image (i.e. Tiger Woods for the Above

Example) and Inferring the Information Provided in the Passage (i.e. Years When

Tiger Woods was a Top-ranked Golf Player), the Given Question Cannot be Correctly

Answered

annotations provided in the original dataset to truncate unnecessary content that is

not useful for answering a given question. In other words, the MultimodalQA dataset

provides beginning and ending spans of the answers based on where they are located

in the long textual input. Using these annotations, only the portion of the text that

has the answer is kept.

Similarly, for many questions, more than one image is present in the respective

Wikipedia pages. In this scenario, all images are merged into a single image be-

fore including them in VL-GLUE. Since this dataset was originally compiled from

Wikipedia, it spans a wide variety of topics including- films, transportation, video

games, industry, theatre, music, television, geography, history, literature, economy,

sports, science, and politics. Therefore, the data items for Task 5 included in VL-
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GLUE also reflect the diversity of topics captured by MultimodalQA. Figure 5.5

demonstrates an example from the sports category.

Task 6: VL Reasoning involving Procedural Knowledge Humans observe

various actions being performed by other humans (physically or in videos/images)

and over time, they build a cumulative knowledge repository of various procedural

concepts. Such concepts include determining the aspects of the world that make

action execution possible, predicting how the world will change as a result of the

action, high-level goals associated with actions, and temporal dependency among the

actions. They can effortlessly leverage this knowledge to reason in novel situations

such as performing similar activities on another set of objects.

Cooking and Do-It-Yourself activities are two domains that require frequent ap-

plication of such procedural concepts. To test the AI system’s ability for procedural

understanding, the RecipeQA (Yagcioglu et al., 2018) dataset has been developed. In

particular, RecipeQA is developed from cooking recipes that are multi-modal in na-

ture. Specifically, each recipe in this dataset has a certain number of steps described

both visually and textually. Hence, to convert it into a VL format, from each recipe,

four steps are chosen in their temporal order. For any two steps (randomly chosen),

the respective textual description is obtained. For the remaining two steps, respective

images are obtained. Then the obtained textual and visual modalities are shuffled and

the model is asked to arrange them in the correct temporal order as a four-way text

classification problem (as shown in Figure 5.6). WikiHow (Yang et al., 2021a) is used

as another resource to collect data for this task. The format of wikiHow data items as

step-ordering tasks over visual and textual steps is quite similar to that of RecipeQA.

However, Wikihow-based dataset partition is much more diverse in terms of activities

(including product assembly, gardening, crafts, etc.) and procedural knowledge in
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Figure 5.6: An Example From Task 6 of the VL-GLUE Benchmark, Which Requires

Procedural Knowledge of Activities That People Perform in Day-to-day Life (Such

as Cooking, Gardening, Product Assembly, Arts, Personal Care, etc.)

comparison with RecipeQA.

Task 7: VL Reasoning involving World Knowledge MuMuQA (Reddy et al.,

2022) and WebQA (Chang et al., 2022) are two large-scale multi-modal datasets

compiled from Wikipedia, which is rich in terms of notable events in history, politics,

and sports as well as consists of the wide variety of information about literature,

culture, movies, etc. As a result, multi-modal questions in both the above datasets

often include named entities (such as Barack Obama, White House, Tanabata festival,

Oktoberfest, etc.) and require relevant knowledge (such as Barack Obama was a

former president of the United States, Oktoberfest takes place in Germany, etc.).

This aspect of both datasets poses a greater challenge in terms of recognition of

entities present in the image, text understanding with named entities as well the need

for relevant external knowledge. Hence, this is the most complex task category among

the VL-GLUE benchmark.

The MuMuQA dataset is already visuo-linguistic in nature, therefore we readily
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adapt in our benchmark without any post-processing. Following is a brief description

of how the MuMuQA dataset (Reddy et al., 2022) was originally constructed. Firstly,

pairs of image-passage from Wikipedia were obtained which overlap in terms of en-

tities present in the images and their mentions in the image caption and passage.

Then Question-Generation Question-Answering (QGQA) models were leveraged to

automatically create question-answer pairs about the image-passage context involv-

ing those named entities. Then the authors replace the span of the named entity in the

question with corresponding visual attributes from the image. For example, consider

an automatically generated question about a named entity [NE] for an image-passage

context of the form ‘What is [NE] accused of?’. The [NE] span is substituted with

the referring expression ‘the person wearing a yellow tie’ which refers to the [NE] in

the image. Hence, the final question in the MuMuQA dataset would be of the form

‘What is the person wearing the yellow tie accused of?’. In this way, it is ensured

that the questions are only answerable by joint reasoning over image+passage, which

fits well under the objective of VL-GLUE. An example is shown in Figure 5.7.

Different from MuMuQA, the WebQA (Chang et al., 2022) provides a question and

a list of Wikipedia pages, which may (positive source) or may not (distractor sources)

be helpful while answering the question. In other words, the objective of this dataset is

to equip models with the ability to perform a careful selection of relevant sources and

then perform multi-modal reasoning over the long-tailed contexts to find the answer.

A similar post-processing approach to the MultimodalQA dataset (Task 5) is used to

truncate unnecessary textual contexts and remove distractor images. Eventually, a

subset of the WebQA image-passage pairs are manually verified to prioritize the joint

image+text reasoning incorporated in this benchmark.
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Figure 5.7: An Example From Task 7 of the VL-GLUE Benchmark, Compiled From

MuMuQA (Reddy et al., 2022) Dataset Which Requires World Knowledge; The Ques-

tion Refers to the Person on the Left Side of the Given Image (i.e. Barack Obama)

and Asks for the States Which are Likely to Vote for Him (Which can be Found in

the Passage)

5.3.2 Dataset Partitions

The data corresponding to each task is partitioned into training (80%), validation

(10%), and test (10%) sets. In the cases where there are multiple questions based on

the same image or passage, they are assigned to the same data partition to discourage

any data leakage thereby, allowing models to potentially rely on memorization to

arrive at the correct answer. All of the VL-GLUE data are in the form of classification

QA ranging from 2-way answer choices to 27-way answer choices, therefore accuracy

is reported as an aggregate measure of performance.
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5.4 Experiments

5.4.1 Heuristic Baseline (Random Selection)

Most data items in the VL-GLUE benchmark are formulated as 4-way and 2-way

multiple choice questions (MCQs) where each answer choice is likely to be picked

with 25% and 50% chance respectively. The only exception, in this case, is data

from CLEVR HYP, which is formulated as a 27-class classification, for which random

accuracy is 3.7%. For each task type, the accuracy of answers randomly picked for a

pool of questions is computed and reported if it is correct.

5.4.2 Uni-modal Baselines

Three unimodal baselines are used for automated quality assurance of the VL-

GLUE benchmark (which are not trained or fine-tuned), to prevent models from

exploiting biases in the data. In particular, question-only (Q-only), passage+question

only (PQ-only) and image+question only (IQ-only) models are implemented using

GPT-3 (Brown et al., 2020), RoBERTa (Liu et al., 2019) finetuned on RACE (Lai

et al., 2017) dataset and BLIP (Li et al., 2022a) finetuned on VQA (Antol et al.,

2015a) datasets respectively. The expectation here is that these unimodal baselines

should ideally demonstrate lower performance on the VL-GLUE benchmark data if it

indeed requires performing joint reasoning over the image and text. In other words,

any system that ignores either the passage or image modality is likely to demonstrate

poor performance on the VL-GLUE benchmark.

5.4.3 Multi-modal Baselines (Prediction-only)

Recently, several attempts have been made to derive transformer-based pre-trainable

generic representations for visual and text modalities. Among them, top-performing
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single-model architectures that support VQA tasks include BLIP (Li et al., 2022a),

GIT (Wang et al., 2022a) and ViLT (Kim et al., 2021). These three models are

provided an image as a visual input and a passage combined with the question as a

linguistic input to predict the answer, which are referred to as IPQ baselines.

BLIP (Li et al., 2022a) is a vision-language pre-training framework that effectively

utilizes a synthetic caption generation along with a filter to identify noisy captions.

It uses a multi-modal mixture of encoder-decoder architecture over large-scale noise-

filtered image-caption data. It can transfer its learning well to both vision-language

understanding and generation tasks in comparison with its predecessors. GIT (Wang

et al., 2022a) is a generative image-to-text transformer, which is a simple network ar-

chitecture (consisting of only one image encoder and one text decoder) that achieves

strong performance with data-scaling. It can be used to perform a variety of vision-

language tasks including visual question answering. ViLT (Kim et al., 2021) is a

convolution-free pre-training approach that eliminates the need for obtaining object

detection results, object tags, OCR (optical character recognition), and region fea-

tures from images. ViLT is fast and parameter-efficient approach yet demonstrates

strong performance in downstream vision-language tasks.

For a fair comparison of the aforementioned models, the pre-trained version of

the respective model fine-tuned on the VQA dataset (Antol et al., 2015a) is used to

predict answers for VL-GLUE questions included in each task. Most VQA systems

only take one visual and one textual input. Hence, in the case of multiple images, they

are composed into a single file. Similarly, the passage and questions are concatenated

to form a single language input. All models used for this experiment BLIP, GIT, and

ViLT have a limit on input text tokens. To address this issue, passage inputs across

all seven tasks are summarized into 50 tokens at maximum using GPT-3 (Brown

et al., 2020).
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5.4.4 Multi-modal Baselines (Fine-tuned)

Finally, two fine-tuning baselines are employed- ViLT (Kim et al., 2021) and

VisualBERT (Li et al., 2019). Firstly, their pre-trained version on VQA (Antol et al.,

2015a) is taken, which is fine-tuned over VL-GLUE data for each task separately.

The goal here is to explore whether or not fine-tuning improves the joint-reasoning

capability of models.

5.5 Results and Discussion

Table 5.4 and Figure 5.8 show the comparative performance on the seven tasks in

the VL-GLUE benchmark. The models are categorized into several groups: random

baseline, question-only (Q-only), passage-only (PQ-only), image-question-only (IQ-

only), image-passage-question (IPQ) using multiple architectures (BLIP, ViLT, GIT),

and fine-tuned models (ViLT, VisualBERT). The accuracy is used as an evaluation

metric. Insights based on these results are discussed below;

Random Baseline- Lowerbound of Performance: The random baseline is re-

ported to estimate the lower bound on performance. As different tasks in VL-GLUE

have varying numbers of answer options to choose from (2 to 27), their respective

probabilities to be randomly chosen and being correct can be significantly differ-

ent. This can be an important factor in assessing the difficulty level of each task in

VL-GLUE. From the results, it is apparent that most IPQ and fine-tuned models sig-

nificantly outperform the random baseline. This indicates that the models either have

learned meaningful patterns from the data or possess task-specific knowledge due to

pre-training and can leverage that knowledge to answer the questions correctly. The

only exception to this is Task 4, which consists of visuo-linguistic reasoning over free-

form figures. This observation suggests that model pre-training is not quite helping
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Random
Q-only

(GPT-3)

PQ-only

(RoBERTa)

IQ-only

(BLIP)

IPQ

(BLIP)

IPQ

(ViLT)

IPQ

(GIT)

Fine-tune

(ViLT)

Fine-tune

(VisualBERT)

Task1 3.7% 18.9% 9.08% 30.5% 48.4% 41.1% 40.7% 44.3% 40.4%

Task2 35.4% 50.5% 51.9% 53.3% 51.24% 55.8% 57% 59.2% 51.6%

Task3 25% 22.4% 22.6% 27.3% 38.5% 33.7% 38.1% 35.1% 31.3%

Task4 31.8% 18.8% 26.3% 30.6% 35.1% 27.5% 25.6% 28.2% 25.6%

Task5 50% 61% 59.8% 60.2% 58.6% 61.1% 59.4% 61.9% 54.7%

Task6 25% 26% 23.6% 25.78% 31.89% 32.19% 31.55% 34.06% 27.88%

Task7 25% 19.1% 25.8% 45.7% 44.8% 42.6% 43.2% 45.5% 30.3%

Table 5.4: Benchmarking on VL-GLUE: Accuracy(%) for Heuristic (Random), Uni-

modal (GPT-3, RoBERTa, BLIP-image-only), Multimodal (BLIP, ViLT, GIT VQA),

and Fine-tuned Baselines (ViLT-fine-tuned, VisualBERT-fine-tuned) for Seven Task

Types

to solve instances in this task which are grounded in very specific scenarios, where

there is no generic knowledge or formula sufficient to answer questions. Also, the

lower performance of fine-tuned baselines for some tasks may be due to the availabil-

ity of a small amount of data for training (ex. there are only 1854 instances of task

4 as per Table 5.3). The lack of existing datasets of this kind is mainly due to the

diversity of images and questions that exist in this domain. As a result, it is difficult

to perform synthetic data generation and requires time-consuming, cumbersome, and

costly manual compilation.

Does the VL-GLUE benchmark contain bias that a model can exploit? A

challenging dataset requires the model to ideally consider all the information provided

as a context to arrive at an answer. To ensure that this is indeed the case, experimen-

tation with uni-modal baselines is conducted. In this benchmark, three components

formulate the context- image, passage, and question. Therefore, three uni-modal
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Figure 5.8: Benchmarking on VL-GLUE: Scatter Plot Representation of Table 5.4 for

Visual Comparison of Accuracy Achieved by Baseline Models Employed and Variation

of Model Performance Across Seven Task Types

variations are considered- (i) question-only (Q-only) which ignores both image and

passage, (ii) passage and question-only (PQ-only) which ignores the image and, (iii)

image and question-only (IQ-only) which ignores the passage. For most tasks, Q-only

and PQ-only models demonstrate performance close to their respective random base-

line performance. This indicates that for most tasks, without incorporating clues from

the images it is hard to answer respective questions. The gains over random baseline

for Q-only baseline are maximum for tasks 1, 2, and 5. GPT-3 (Brown et al., 2020) is

used to implement a Q-only baseline, which indicates that GPT-3 either has acquired

some knowledge related to these tasks during pre-training and can effectively filter out

distractor answer choices based on the information present in the question. This is
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the most probable explanation for task 5, as this subset is based on Wikipedia, which

is one of the large-scale sources that GPT-3 is pre-trained on. The achieved accuracy

for the PQ-only baseline is similar to the Q-only baseline except for tasks 1, 4, and 7.

The PQ-only baseline shows a 9% performance drop on task 1, whereas improves 8%

and 6% over random baseline for tasks 4 and 7 respectively, which is the result of the

presence of the passage modality. For tasks 1 and 7, the IQ-only baseline has notable

performance improvements compared to PQ-only and Q-only models. This indicates

that for both these tasks, images are a more important modality in decision-making

than the passage. Overall, the relatively lower performance of the above three bias-

checking baselines demonstrates that with the absence of either modality, the model

performance deteriorates. This is indicative of the fact that both the benchmark and

constituent tasks are challenging overall, from a visuo-linguistic reasoning viewpoint.

How good are existing multimodal models for visuo-linguistic reasoning?

The IPQ models (BLIP, ViLT, GIT) demonstrate superior performance compared to

random and bias-checking baselines. This highlights the importance of incorporating

both image and textual information for effective answer selection. Within the IPQ

category, different architectures exhibit varying performance across tasks. The BLIP

model is the best among all three across all the tasks. The BLIP has the best per-

formance on tasks 1, 4, 7, and tails by GIT with <1% accuracy difference for tasks

3 and 6. For tasks 2 and 5, GIT and ViLT are at the top of the chart respectively.

Interestingly, all three models achieve relatively similar performance on tasks 5-7,

whereas show the most divergence for tasks 1 & 4. We further fine-tune two models

ViLT and VisualBERT on VL-GLUE data to assess whether fine-tuning pushes the

performance any further. ViLT fine-tuned model is marginally better than ViLT IPQ

counterpart, achieving maximum gains for tasks 1, 2, and 7. However, the limited
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performance difference between these models indicates that the existing architectures

do not equip models with the visuo-linguistic reasoning capability. Fine-tuned Visu-

alBERT does not have a significant advantage over relatively newer IPQ architectures

BLIP, ViLT, and GIT which benefit from both architecture advancements and access

to larger training data. It is well known that the choice of architecture may have a

significant influence on the model capabilities, which was the sole reason behind the

adaptation of task-specific models in applications so far. However, the AI community

is moving towards unified models that are general-purpose and can tackle a wide

variety of tasks. We hope that VL-GLUE data will be utilized in the pre-training of

next-generation vision-language models, which will equip them with visuo-linguistic

capability.

Which tasks are hard to solve? Fine-tuned ViLT is the best-performing model

over VL-GLUE data across all tasks. Comparing the results of this model with

the random baseline, the gains achieved for tasks 1, 2, and 7 are significant (over

∼25%). This indicates that these tasks are relatively easy for the model to learn

patterns from the respective data. One pattern among these tasks is that images

are relatively simpler with a small number of objects and/or attributes present. The

model’s architecture along with the VL-GLUE data for these tasks are collectively

helpful in achieving better visuo-linguistic reasoning capability. The fact that ViLT’s

performance for task 4 is worse than the random baseline performance, reiterates

that this is the hardest task to solve in this benchmark. Notably, despite having

the highest random selection accuracy for task 5 (50%), the gain achieved after fine-

tuning is only 11%. This is an indicator that this task is challenging as well. Tasks 3

and 6 appear to be comparatively easy given the moderate performance gains. The

common pattern among these two tasks is that both are built upon large-scale publicly
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available internet data. It is possible that models are leveraging such information

observed during pre-training, which can successfully substitute the reasoning step

that bridges the given image and passage modalities.

In conclusion, visuo-linguistic (VL) reasoning is ubiquitous and an integral part

of reasoning performed by humans in real-life scenarios. Motivated by this, a large-

scale benchmark VL-GLUE (Sampat et al., 2024a), inspired by GLUE (Wang et al.,

2018) and NumGLUE (Mishra et al., 2022) is put together. The benchmark consists

of 7 different tasks and 106k instances in total, diverse kinds of images (from simple

rendered images to charts, freeform diagrams, and images requiring identification

of named entities) and spans across multiple domains (education, politics, sports,

history, cooking, and day-to-day activities). The experimental results demonstrate

that VL-GLUE is a challenging benchmark for the latest large-scale vision-language

models, obtaining poor scores not only in zero-shot settings but also after fine-tuning.

This effort towards collection/expansion and standardization of existing VL datasets

is aimed to serve as a resource for further research in this area and the development

of AI models with superior multi-modal reasoning capabilities. The code and links

to the data are available at https://github.com/shailaja183/VL-GLUE.git.
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Chapter 6

A ZERO-SHOT APPROACH TO LEARN IMAGE-SPECIFIC COMMONSENSE

CONCEPTS ABOUT ACTIONS

6.1 Motivation

From a very early age, humans can form a mental representation of surrounding

objects through a combination of active learning (first-hand experience and imitation)

and passive learning (reading from books, watching videos, conversing with other

people, etc.). As they grow older, they are able to make more complex and abstract

inferences, including the ability to predict intentions, anticipate future states of the

world, and respond to imaginary situations (Moore, 2013). Over time and with

experience, humans build a cumulative knowledge repository of reusable concepts

that enable their interaction with the world seamlessly.

Moreover, people’s interaction with the world is heavily goal-driven. Humans

capitalize on their knowledge about objects (such as their properties, relationship

with other objects, and affordances) and perform necessary actions over them to

accomplish desired goals. That being said, a significant amount of commonsense

knowledge that humans use in their day-to-day lives revolves around actions. For

example, one can easily perceive when a stack of dishes or a Jenga tower will topple;

one can predict whether the object is firmly attached to the surface or free to be

lifted; and one can estimate to what extent the grocery bag should be filled so that

it does not tear or crush the contents (Battaglia et al., 2013).

Commonsense reasoning about actions is crucial for humans to navigate in the

world, as highlighted in several works- (i) to visualize what sequence of actions will
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lead to the goal and to reduce exploration (Murugesan et al., 2021); (ii) to perform

look-ahead planning and determine how current actions will affect future states of the

world (Juba, 2016); (iii) to explain observations in terms of what actions may have

taken place (Baral, 2010); and (iv) to diagnose faults i.e. identifying actions that may

have caused undesirable situations (Baral, 2010).

As autonomous agents are being developed that would assist humans in performing

everyday tasks, they would also have to interact with complex environments and

possess the commonsense to resolve situations that may arise. The importance of

this research problem has been identified since the early days of AI (McCarthy et al.,

1960; McCarthy, 1963; McCarthy and Hayes, 1969). Since then, there has been a lot

of progress and active efforts in curating large-scale commonsense resources and in

building systems that can tackle varied aspects of action reasoning. However, state-of-

the-art models (including large language models) face numerous challenges with tasks

that require reasoning, which is quite trivial for humans (Li et al., 2022b; Valmeekam

et al., 2022; Bian et al., 2023). One key reason for this performance gap between

humans and AI models is the coarse-grained nature of most existing commonsense

benchmarks e.g., a person cooks if they are hungry, a person calls the police in order

to be lawful, a person will smile if someone complements them (Sap et al., 2019).

Commonsense concepts related to actions are much more complex behind the

scenes than obvious surface-level correlations, which in turn require consolidated

physical, spatial, temporal, visual, and causal understanding. Such concepts include

pre-conditions (e.g. necessary ingredients and kitchen equipment), executability (e.g.

liquid objects can be poured, solid objects can be cut), effects (e.g. straining will

remove excess water), high-level goals (e.g. to make an omelet) and temporal depen-

dency (e.g. crack eggs before beating or whisking). This work (Sampat et al., 2024c)

aims to address this challenge by contributing the following:
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• A novel multi-modal task to learn concepts about actions (pre-conditions, ef-

fects, goals, and past/future actions) from images is proposed.

• A zero-shot approach to discern knowledge about such action-related concepts

from the large language model GPT-3 is developed.

• A dataset of 8.5k images and 59.3k inferences about actions grounded in images

is collected from an annotated cooking-video dataset, which is used to evaluate

the quality of language model-generated inferences.

• Ablations are performed using diverse input prompts and various methods to

incorporate visual information are explored. Quantitative/qualitative results of

the experiments are reported and compared with the performance of existing

VQA systems.

6.2 ActionCOMET Task Overview

There exists an array of well-defined tasks and datasets in the vision-language

domain (Yeo et al., 2018; Storks et al., 2021; Bisk et al., 2020b; Dalvi et al., 2019;

Yang et al., 2021b; Gao et al., 2018; Isola et al., 2015) that focus on reasoning about

actions (Sampat et al., 2022b). However, most of the aforementioned benchmarks

focus only on a particular aspect of action understanding among physical, spatial,

temporal, visual, or causal understanding. By limiting the focus to a particular as-

pect, the model evaluation process remains simple and transparent. However, models

trained on a particular aspect lack the big picture and fail to understand complex

interrelations with other aspects that were not observed during training. In other

words, a model trained over causality of actions-related data lacks an understanding

of how an object should be kept spatially to perform an action or how the world will
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Figure 6.1: Fine-grained Action-centric Commonsense Generation Addressed in This

Work: (Top-left) Input to the Model: an Image, a Textual Description of an Image,

and an Action-object Pair of Interest (Top-right) Five Types of Action-related Infer-

ence That Needs to be Predicted Using a Vision-Language Model: Effects, High-level

Goals, Pre-conditions, Before Events and After Events (Bottom) the Overview of the

Proposed ActionCOMET Model Demonstrating How Different Inputs are Processed

and the Inference is Generated
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change visually after the action is complete, and so on. Motivated by the deficiency of

benchmarks in the existing literature that supports consolidated physical, temporal,

visual, and causal understanding, in this work, a new task is proposed. In particular,

the task is to narrate a dynamic story of an image from action-related aspects, as

per the example shown in Figure 6.1. The dynamic story consists of seven major

commonsense inference components:

1. Textual Description: This is equivalent to a dense image caption narrating

objects of interest and actions being performed in the image. It would be of the

form ‘cracking [Object1] using [Object2]’ if the egg and fork are detected in the

image respectively. By leveraging actions and objects detected in the images

into this description, the goal is to generate inferences that are conditioned on

the content of images.

2. Action-Object Pair: This component contains a lemmatized primary verb

and noun pair for the current event (e.g. crack egg). This can be quite similar

to textual description but extracted from YouCook2 annotations instead of the

visual input. This component ignores secondary verbs and other supporting

objects in the event that do not undergo the action directly. For example, if

the image consists of an action where a fork is used to crack the egg. In this

case, the fork does not undergo cracking action itself therefore ‘crack fork’ is

not considered as a valid action-object pair.

3. High-level Goal: This component describes the motivations or intentions of

a person/agent to perform a particular action over an object (e.g. action knead

the dough is associated with the goal of baking the bread). The inclusion of

this inference type is inspired by goal-driven human psychology to decide the

course of action.
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4. Pre-conditions: The set of actions you can perform on an object depends on

the existence of other objects in the surrounding environment. For example,

the presence of a knife or a scissor in order to perform a cut action. This

component plays an important role in equipping models with the capability

to infer commonly used objects and ingredients that play a role in performing

actions.

5. Effects: This inference describes the states of the object after an action is

successfully performed over it. The state of the object can be described in the

form of visual appearance (e.g. brown, puree, melted) or in terms of attributes

it possesses (e.g. raw, soft, crisp). For example, peeling orange action removes

the outer skin of an orange, or frying a potato leads to the potato being golden

or crisp.

6. Before Event: To reason about the dynamic situation of the image in the

past, this inference type is used. This includes either the actions that might

have taken place leading to the condition visible in the given image (e.g. peeling

potato might have taken place before slicing potato if the skin is not visible in

the image) or actions that are commonly performed before reaching the state

shown in the image (e.g. oven is pre-heated or water is boiled in a pot).

7. After Event: To reason about the dynamic situation of the image in the future,

this inference type is used. This includes either the actions that are likely to

take place after the condition visible in the given image for a specific goal (e.g.

frying potato may take place after slicing if the goal was to make french fries),

or events involving other objects (e.g. season the potato slices or coat them

with corn flour).

The commonsense reasoning task is plausible in most cases i.e. one can come
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up with multiple reasonable commonsense conclusions depending on the information

provided, assumptions they make, and past knowledge (Davis and Marcus, 2015).

For example, the action cut a cauliflower can be associated with many possible high-

level goals such as- to make a cauliflower steak, soup, curry, pizza crust, and many

more. Humans might prefer some inferences over others depending on their personal

preference or their knowledge of dishes that use cauliflower as an ingredient. Similar

reasoning can be applied to other inference types. To account for plausibility, each of

the above commonsense components is framed as a set of one or more inferences.

6.3 ActionCOMET Dataset Creation

6.3.1 Data Collection

As discussed above, given an image, the task is to generate inferences of five

kinds- (i) pre-conditions, (ii) high-level goals, (iii) effects, (iv) before events, and (v)

after events. To support the development and evaluation of models that demonstrate

consolidated physical, temporal, visual, and causal understanding by generating the

above five kinds of inferences, a dataset is compiled based on the cooking domain. In

cooking demonstrations, people typically narrate the recipe preparation process step-

by-step including the details about objects that are necessary to perform an action,

how to perform the action, how an object should look after the action is performed,

and in what order actions should be performed. Therefore, the cooking domain is

preferred to collect data for the proposed task, which is rich in terms of diverse

activities and associated commonsense inferences. Such a dataset would strongly

reflect how humans operate in this world and achieve desired goals by performing

actions.

An existing annotated video dataset and corresponding video transcripts are used
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as a resource to collect data for this task. A pipeline based on multiple off-the-

shelf NLP tools (including co-reference resolution, dependency parser, and reading

comprehension models) is set up to extract data for all five inference types, with

minimal human intervention. This results in a dataset that consists of plausible

inferences about various actions that are viable from a human’s perspective. The

following section describes the data collection process in detail.

The existing YouCook2 dataset (Zhou et al., 2018b) is leveraged for this purpose,

which is a collection of large task-oriented instructions (about the cooking domain)

that is developed to improve video understanding tasks. Their train+val partition is

used, which contains annotations about 1790 videos available on YouTube covering 89

unique recipes. Each video in the dataset is divided into multiple procedural steps or

segments {S1, S2,..., SN}, which represent key events occurring in the video. For each

segment Si, i ∈ {1,2,..,N}, the dataset provides annotated temporal boundaries (i.e.

Bstart
i and Bend

i ) and a descriptive sentence Ti, as per example shown in Figure 6.2.

The dataset also provides bounding box annotations Oi = {o1
i , o2

i , ..., oMi } where o1
i ,

o2
i , ..., oMi are objects present in segment Si (Zhou et al., 2018a). There is a RecipeID

assigned to each video, denoting the type of the recipe (among 89).

The YouCook2 dataset (Zhou et al., 2018b) does not provide actual videos in their

dataset. So using the yt-dlp1 python package, video-only data is obtained, and using

youtube-transcript-api2, the corresponding audio transcript is extracted. Afterward,

the obtained video is segmented into clips {C1, C2,..., CN} and audio into {A1, A2,...,

AN} using the segment duration (Bstart, Bend) so that it can be used in sync with

rest of the annotations. During this step, 189 videos were not accessible as they were

no longer available on YouTube. Similarly, 395 transcripts could not be obtained

1https://github.com/yt-dlp/yt-dlp
2https://pypi.org/project/youtube-transcript-api/
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Figure 6.2: Sample 4eWzsx1vAi8 From Train+Val Partition of YouCook2 Dataset

with Annotated Procedure Steps

due to the video being unavailable or closed captioning turned off by the user. The

remaining 1601 videos are processed through the pipeline shown in Figure 6.3.

As a first step, co-references present in the textual descriptions Ti are resolved. For

the BLT Sandwich example (Figure 6.2), segments S1, S2 and S4 and S5 contain co-

references (them/it) which refer to tomatoes, oil, mayonnaise, and lettuce respectively.

In particular, F-coref’s (Otmazgin et al., 2022) Spacy component is used for this

purpose. Further, textual descriptions (Ti with co-references resolved) are passed

through the dependency parser to extract all (Verb, Ingredient) pairs that directly

connect in a dependency tree. In the above example, from S1 two such pairs can be

obtained- (Grill, Tomato) and (Put, Tomato). This process is repeated for all the

segments in a video. Once all such pairs are collected for the entire dataset, only

the pairs that have at least 10 occurrences of verbs or ingredients (independent of
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Figure 6.3: The Data Preparation Pipeline That Leverages YouCook2 (Zhou et al.,

2018b) Annotations to Extract Commonsense Inference About Actions (Best Viewed

in Color)
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each other) are retained. Such filtering is employed to reliably collect commonsense

inferences around verbs/ingredients and avoid any noise or rare utterances. Spacy’s

transformer-based en core web trf pipeline (Honnibal et al., 2020) is used, which is

state-of-the-art for dependency parsing.

After obtaining all verb-ingredient pairs based on the above criteria, they are

grouped by ingredients and sorted in ascending order by segment number to make

sure their temporal ordering is preserved. For each ingredient, adjoining segment

triplets <Si, Sj, Sk> are collected such that i<j<k. Here, Sj would be considered as

a current event, Si and Sk being past and future events respectively. For the BLT

sandwich example, the ingredient ‘bacon’ appears in segments S1, S2, and S7 hence

a segment triplet <S1, S2, S7> can be created. This denotes there are three actions

fry → cook → place is performed over the bacon. If ‘cook bacon’ is considered a

current event, ‘fry bacon’ and ‘place bacon’ would make the past and future events

respectively.

It is also possible that the ingredient may undergo processing in more than three

segments, for example, the case in Figure 6.3. There are four segments S1, S3, S4,

S5 with ingredient I1. Here, two adjoining segment triplets can be created i.e. <S1,

S3, S4> and <S3, S4, S6>. More generally, if an ingredient occurs in K different

segments, where K<N, then K-2 segment triplets will be obtained. For each triplet

obtained, annotations {T, O, C, A, RecipeID} are paired with an image corresponding

to the current event. Finally, the commonsense inferences described in Section 6.2

are collected as follows;

1. Textual Description: Tj with object grounding corresponding to segment Sj

would be considered as a ground-truth textual description of the current event.

For testing instances, existing image captioning systems will be used to obtain

textual descriptions.
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2. Action-Object Pair: Verb V and Ingredient I associated with segment Sj

would be considered as an action-object pair for the current event.

3. High-level Goal: The recipe name lookup is performed using the RecipeID

from the annotation which is substituted into a text template ‘Make/Cook/Pre-

pare ¡recipe name¿’ to generate this inference.

4. Image: The middle frame of the video clip Cj corresponding to segment Sj

is captured, which is a visual representation of the action-object pair for the

current event.

5. Pre-conditions: The bounding box annotations Oi and Oj corresponding to

past event and current event are used together to form pre-condition inference.

For example, consider the past event ‘potato is peeled using a peeler’ and the

current event ‘potato is cut into pieces using a knife over a chopping board’. In

this case, {potato, peeler, knife, chopping board} form pre-conditions for the

current event.

6. Effects: Audio transcripts between the current event and future event i.e. Ai:j

is used to extract effects. Typically, in cooking videos, the person demonstrating

the recipe will act first (i.e. current event) and then (but before the next

event) describe how the object should look after the action, in terms of color,

shape, or other attributes. Specifically, the audio transcript Ai:j is fed into a

reading comprehension model, and templated questions are asked such as ‘What

color/texture/shape is the <ingredient>?’ and ‘What attribute/property is

related to <ingredient>?’. The RoBERTa-base model (Liu et al., 2019), fine-

tuned over SQuAD2.0 dataset (including unanswerable questions) (Rajpurkar

et al., 2018) is used.
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7. Before Event: Ti corresponding to segment Si (pre-cursor to the current event

Sj) is used as a textual description of the before event.

8. After Event: Tk corresponding to segment Sk (following event to the current

event Sj) is used as a textual description of the after event.

As a final step, inferences obtained from multiple videos that have common action-

object pairs are combined to support the plausible nature of commonsense. For

example, ‘mash potato’ was a part of three different recipes (shepherd’s pie, mashed

potato, and boxty), hence their inference across each type are combined as shown in

Figure 6.1 (bottom).

Note that, in this work, the underlying interest is to explore how well state-

of-the-art language models and vision-language models can reason about actions.

The proposed model is zero-shot in nature, therefore there is no explicit training

or fine-tuning done with respect to the dataset collected using the above process.

By comparing the inferences stored in this dataset with model-predicted inference,

the goal is to distinguish aspects that existing models do well on or struggle with.

However, this resource is fairly large (with an average of 11k inferences grounded in

8.5k images per inference type) and can be leveraged for training specific models that

can do better reasoning about actions.

6.3.2 Dataset Statistics

Table 6.1 summarizes the statistics about the data obtained using the process

outlined in Section 6.3. The size of the resulting dataset is relatively smaller in

comparison with existing benchmarks such as VisualCOMET (Park et al., 2020),
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Annotated Input Type #Samples

Videos 1601

Images∗ 8522

Textual Descriptions∗ 8522

Recipe Types 89

Actions-Objects∗ (≥10 occurrences)

Unique Objects

Unique Actions

176

93

Commonsense Inferences

High-level Goals∗

Pre-conditions∗

Effects∗

Before Events

After Events

10341

17209

6428

12665

12665

Table 6.1: Statistics for Data Collected in This Work (∗ Denotes Component or

Inference Desired With Respect to the Current Event)

which was completely crowd-sourced by human workers3. The proposed pipeline is

easily reusable and scalable, even for domains beyond cooking. More importantly, the

data collection process in this work is fully automated and does not require human

annotation.

3$4/image paid to AMT workers * $60k images = $240k was the total cost of data collection for

VisualCOMET as reported in Park et al. (2020)
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6.4 Experiments

To evaluate the action reasoning task proposed in this work, an experiment with

two sets of models is conducted; generative VQA models (including a few which are

trained on datasets that require external knowledge to answer questions) and a large-

language model GPT-3. Both sets of models used here are zero-shot in nature i.e. no

explicit training or fine-tuning is performed. The dataset obtained (using the method

described in Section 6.3) is utilized as ground truth to compare model predictions

using reference-based automatic evaluation measures. Refer to Section 6.5 for details

about the evaluation process. By analyzing the results from the above experiments,

insights are sought on how well large-scale pre-training approaches are equipped with

knowledge about fine-grained aspects of action understanding.

6.4.1 Can Existing VQA Models Reason About Actions?

In this section, experiments are conducted with respect to existing visual ques-

tion answering (VQA) models to gauge their ability to reason about various aspects

of actions included in the proposed task (described in Section 6.2). In particular,

experiments with three variants of BLIP (Li et al., 2022a) model are done that in-

clude pre-training over VQAv2 (Goyal et al., 2017), OKVQA (Marino et al., 2019),

A-OKVQA (Schwenk et al., 2022). Note that a significant portion of VQAv2 can

be answered based on immediate visual content, whereas OKVQA and A-OKVQA

benchmarks require a broad base of commonsense and world knowledge to answer

questions about the images. These models are used in generative question answering

setting given an image, using the implementation by Li et al. (2023).

For each model variant described above, the following set of templated questions

are posed:
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• Q1: Which action is being performed? → A1

• Q2: Which object is being <A1>? → A2

• Q3: Which other object is participating in <A1> action?

• Q4: Which action will happen after the <A1> <A2>?

• Q5: Which action was performed before the <A1> <A2>?

• Q6: Which recipe can one make by <A1> <A2>?

• Q7: How will the <A1> <A2> look like?

Specifically, the model is asked to predict the action that is about to happen,

recently happened, or is in progress in the image (in Q1). The answer to Q1 is

denoted by A1. Then, in Q2, the model is asked to identify an object on which the

action A1 is being performed and store the answer as A2. To obtain pre-requisites,

Q3 is asked i.e. which other objects are participating in the action. For most likely

past and future events, Q4 and Q5 are posed respectively by asking what action was

performed before and what action will happen after the current event. Then the name

of the recipe is asked which would require performing action A1 on object A2, which

would be analogous to the high-level goals. Finally, by asking the model to describe

object A2 after performing action A1, inference for effects will be obtained.

For example, consider a scenario where for a particular image, the predicted an-

swer A1 for Q1 is ‘cut’ and the predicted answer A2 for Q2 is ‘potato’. In that case,

the subsequent questions will be ‘Which other object is participating in cut action?’,

‘Which action will happen after the cut potato?’, ‘Which action was performed before

the cut potato?’, ‘Which recipe can one make by cut potato?’ and ‘How will the cut
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potato look like?’. The predictions of VQA models posed with the above set of ques-

tions are evaluated against inferences collected in this dataset using text generation

metrics.

6.4.2 Can GPT-3 Reason About Actions?

A human or a model’s understanding of actions can be characterized through five

tightly coupled aspects, which include pre-conditions, effects, high-level goals, and a

set of actions that are likely to precede or follow. The recent developments in large

language models (LLMs) indicate that such models (Brown et al., 2020; Touvron

et al., 2023; Penedo et al., 2023) possess a vast amount of information about the

world due to training on massive corpora (Petroni et al., 2019; Roberts et al., 2020;

Hendrycks et al., 2020). In this section, the goal is to explore the capabilities of

GPT-3 (Brown et al., 2020) to reason about actions, which can be broken down into

four key questions:

1. How to formulate an input prompt for GPT-3 that can generate inferences

related to actions shown in an image?

2. Does auxiliary information about visual inputs (e.g. captions) improve the

generation?

3. Do variations of textual instructions used to distinguish the five inference types

affect the generation?

4. How well are the GPT-3 generations in comparison with annotations collected

from the cooking videos described in Section 6.3?

To this end, a workflow is developed considering the above research questions.
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Formulating an Input Prompt for GPT-3 For each image in the proposed

dataset, five inferences are to be generated corresponding to (i) pre-conditions, (ii)

high-level goals, (iii) effects, (iv) before events, and (v) after events. The natural

first step is to extract a sequence of visual embeddings V representing the image and

identify object regions in the image. The Region of Interest (RoI) Align features (He

et al., 2017) from Faster-RCNN (Ren et al., 2015b) are used as visual embedding

and passed through a non-linear layer to obtain the final representation for an image

or each detected object. The final sequence of representations is referred to as V =

{v0,v1,..vm} where m is the number of objects detected.

In many vision-language tasks, the presence of auxiliary information (provided

as a direct input during prediction or through supervised training) has shown im-

provements in the downstream task performance. Therefore, two auxiliary inputs are

considered for this task: textual description of the image (TextDesc) and ground-truth

action-object annotation (AO Pair).

The task of VisualCOMET (Park et al., 2020) about generating commonsense

inferences (of events and intents) from people-centric images is quite similar to the

focus of this work. In VisualCOMET, a ‘Person Grounding’ technique was introduced,

where each person detected in the image is assigned special tags [Person1], [Person2],

and so on. These special tags are referred to within the event descriptions (e.g.

‘[Person1] is pointing towards [Person2]’) to have tighter integration between the

images and textual components. Park et al. (2020) demonstrated that when this

technique was used, their inference generations were improved. This technique is

adapted in this work and referred to as ‘Object Grounding (OG)’ as images in this

work involve numerous objects that either undergo different actions or help in the

execution of actions. In this case, object tags are used such as [Object1], [Object2]

detected in the image, which are referred to in the text descriptions (TextDesc) ex.
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Figure 6.4: Overview of the Proposed GPT-3 Based Pipeline, Which is a Zero-shot

Approach for Generating Fine-grained Commonsense About Actions Conditioned on

the Images

‘chop [Object1] using [Object2]’.

To generate five kinds of inferences related to actions, five text prompts are for-

mulated: Prompt p (pre-conditions), Prompt e (effects), Prompt g (goals), Prompt b

(before events), and Prompt a (after events). For example, in order to obtain the ef-

fects of the action shown in a given image, the text prompt ‘Some results of performing

this action include’ can be used. Similarly, to query GPT-3 about the pre-conditions,

the text prompt ‘List down things without which one can not perform this action’

can be used.

The four inputs described above are combined in the following order; the im-

age features along with object detection (Image), a textual description of the image

(TextDesc), ground-truth action-object annotation (AO Pair), and text prompt cor-

responding to inference i (Prompt i), which are separated by [SEP]. The pipeline that

uses GPT-3 and takes the above four inputs to generate inference related to actions
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can be visualized in Figure 6.4.

Ablations Involving Vision-related Components In many vision-language tasks,

the presence of auxiliary information (provided as a direct input during prediction or

through supervised training) has shown improvements in the downstream task perfor-

mance. For example, works of Wu et al. (2019); Huang et al. (2021); Lin and Parikh

(2016); Luo et al. (2021) leveraged image captions, object labels, object attributes, or

external knowledge as an additional input beyond image features to improve the vi-

sual question answering task. In experiments, the fixed model architecture is used as

described in the above. The ablations are performed on different combinations of the

inputs available, which include an action-object pair (AO Pair), a textual description

of the current event (TextDesc), and an Image. The impact of object grounding (OG)

is also assessed in cases where Image input is incorporated. As a result, 10 different

combinations can be formulated (as listed in Table 6.3). For each modality combina-

tion, the generated inferences are evaluated on the collected data using BLEU-2 (B),

METEOR (M), CIDER (C), Acc@50, Uniqueness, and Novelty metrics. The effect

of variations in visual inputs is reported in Table 6.3.

Ablations Involving Textual Components Several research works (Brown et al.,

2020; Jiang et al., 2020; Chen et al., 2022; Wang et al., 2022b) have shown that

prompting GPT-3 with different variations of the instructions may have an impact

on the generation process. As shown in the bottom part of Figure 6.1, a natural

language prompt is used to instruct the model to specify which type of inference

(among pre-condition, goal, effect, before action, or after action) is to be predicted.

In this section, the effect of using different prompts on the downstream performance

is evaluated. In particular, four variations of each inference type are considered- As-
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sertive (sentence completion), Imperative, Interrogative, and Assertive (structured

response). These prompt types were inspired by fundamental sentence constructions

and language tones that are often used in human languages i.e. English. Existing

works Yin et al. (2024) have shown that LLMs are sensitive to such sentence varia-

tions and tones. The prompt variations incorporated in this study are summarized

in Table 6.2.

Assertive (sentence completion) prompt refers to instruction that provides the

model with some context about the type of desired inference (goal/pre-condition/effect

etc.) and expects the model to complete the remaining sentence with appropriate in-

ference. Pp1/Pe1/Pg1/Pb1/Pa1 prompts (referred in Table 6.2) are of assertive (sen-

tence completion) kind. The imperative prompt refers to the sentence formulation

which proposes a model to return a particular response in an instructive or requesting

tone. It typically starts with ‘Describe..’ and covers prompts with suffix 2 (e.g. Pp2)

in Table 6.2. The interrogative prompts, as the name suggests, are formulated as

Wh-questions beginning with ‘What are some ...’. Finally, the assertive (structured

response) prompt instructs the model to return an itemized or enumerated answer

instead of the free-form natural language response by explicitly stating the model to

‘List down’ its response.

Inference Generation The pre-trained GPT-3 (Brown et al., 2020) is used for

natural language generation, conditioned on the four inputs. Particularly, the text-

davinci-003 variant is used in text completion mode with a maximum sequence length

of 32. For decoding, nucleus sampling (Holtzman et al., 2019) with p = 0.9 allows

diverse text generation contrary to beam search, following Park et al. (2020). Visual

features for image and object embeddings use ResNet101 (He et al., 2016) backbone

pre-trained on LVIS (Gupta et al., 2019). The maximum number of visual features
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Inference Variations of Prompts Considerded

Prompt p

(pre-condition)

Pp1: Some concepts that are required to perform this action are

Pp2: Describe a list of necessary conditions to execute this action

Pp3: What are some pre-requisites related to this action?

Pp4: List down things without which one can‘t perform this action

Prompt e

(effect)

Pe1: Some results of performing this action include

Pe2: Describe changes caused by performing this action

Pe3: What effects will be produced as a result of this action?

Pe4: List down the consequences if one performs this action

Prompt g

(goal)

Pg1: Some objectives related to this action include

Pg2: Describe intents of people that are performing this action

Pg3: What are some high-level goals associated with this action?

Pg4: List down recipes one can prepare by performing this action

Prompt b

(before action)

Pb1: Some actions that person must have performed before this

action are

Pb2: Describe which actions might have taken place in past

Pb3: What are some actions that take place before this action?

Pb4: List down some actions that preceded this action

Prompt a

(after action)

Pa1: Some actions that person will perform after this action are

Pa2: Describe which actions are likely to take place in future

Pa3: What are some actions that take place after this action?

Pa4: List down some actions that will follow this action

Table 6.2: GPT-3 Prompt Variations Considered for Five Action Inference Types

(Pre-conditions, Effects, Goals, Preceding, Following Actions) in the Proposed

Dataset
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is set to 15.

6.5 Results and Discussion

Evaluation Metric The automatic evaluation measures that are used to evaluate

the quality of inference sentences are discussed in this section. Particularly, BLEU-2

(Papineni et al., 2002), METEOR (Denkowski and Lavie, 2014), and CIDER (Vedan-

tam et al., 2015) automatic metrics commonly used for image captioning tasks are

used to evaluate the generated inferences. Inspired by the perplexity metric used for

ranking inferences in visual dialog tasks, this metric is incorporated as well. Nega-

tive/distraction inferences are appended in such a way that there are 50 candidates

to choose from. The candidates are ranked using the perplexity score, and average

accuracy of the retrieved ground truth inferences (A@50) is measured. Note that

perplexity may not be a perfect measure to rank the sentences, but good language

models should still be able to filter out inferences that do not match the content in

image and event at present. Lastly, the diversity of sentences is measured, in order

to reward the model for being creative and discourage models from making same pre-

dictions over and over. The ratio of unique sentences and total number of sentences

generated is considered as Unique metric. The ratio of generated sentences that are

not in the training data and the total number of sentences constitutes the Novelty

metric.

Automated Evaluation Table 6.3 shows the experimental results of testing with

different combinations of input modalities. The following observations can be inferred:

First, model that incorporates both visual and textual (Image + TextDesc + AO

pair + OG) modalities outperform models trained with only one of the modalities

(TextDesc + AO pair; Image + OG) in every metric, including retrieval accuracy and
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Modalities related to visual inputs B M C A@50 Unique Novel

Image 7.34 8.12 6.55 13.60 23.14 45.30

Image + OG 9.02 10.45 8.67 16.37 26.30 48.26

AO Pair 6.77 9.01 7.66 11.35 32.36 56.12

TextDesc 7.43 8.74 6.80 13.52 34.00 53.18

AO Pair + TextDesc 7.49 8.68 6.91 13.47 35.23 52.84

Image + TextDesc 10.32 11.18 9.85 18.55 37.12 54.11

Image + AO Pair 15.45 17.10 16.85 21.28 35.33 50.45

Image + TextDesc + AO Pair 15.76 17.08 16.77 22.01 34.61 51.06

Image + TextDesc + OG 17.44 18.56 17.20 24.08 36.31 49.56

Image + TextDesc + AO Pair + OG 17.21 18.67 17.35 23.57 37.31 51.56

Table 6.3: Ablations of Baseline Model from Visual Modalities Perspective: Reported

Results are for the Validation Set Using Metrics BLEU-2 (B), METEOR (M), CIDER

(C), Acc@50, Uniqueness and Novelty of Generated Inference (TextDesc is Equivalent

to the Caption of the Image, AO Pair Denotes Ground-truth Action-object Pair

Shown in the Image and OG Denotes the Use of Object Grounding)

diversity scores. This indicates that the task requires visual information is crucial and

by incorporating textual descriptions relavant to the image can help to achieve higher

quality inference. This reinforces the fact that the task at hand is of multi-modal

nature.

Second, incorporation of action-object pair (AO pairs) seems to be more effective

in comparison with textual description of the current event (TextDesc) when com-

bined with images from the results perspective. As described earlier, AO pairs only

incorporate one object at a time, which enables model to remain focused while gen-

erating inference about a given action-object combination. However, there might

be another objects and actions that may passively participate in the action but
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Prompt

Variation
B M C A@50 Unique Novel

Pp1 17.09 18.43 17.65 23.31 37.48 51.78

Pp2 18.33 20.41 19.19 24.28 36.78 50.55

Pp3 18.19 18.67 18.48 23.01 39.22 51.99

Pp4 17.57 19.42 19.79 24.04 37.44 50.35

Pe1 13.36 16.22 15.44 17.81 36.18 42.55

Pe2 12.69 15.57 14.81 17.55 37.12 40.24

Pe3 13.25 16.07 15.56 18.11 36.26 43.78

Pe4 15.34 17.34 16.66 18.27 35.42 43.35

Pg1 15.27 17.45 16.89 20.01 38.58 40.66

Pg2 15.56 18.35 17.73 18.87 39.47 41.23

Pg3 14.80 17.54 15.88 19.41 40.20 42.14

Pg4 16.23 18.89 17.77 20.24 37.20 43.67

Pb1 21.05 23.44 20.81 26.67 30.34 45.13

Pb2 20.66 22.68 19.72 24.12 31.59 41.47

Pb3 21.34 24.05 21.67 25.78 30.56 43.25

Pb4 19.08 21.82 22.01 25.12 31.22 42.42

Pa1 17.87 20.11 17.89 24.31 33.01 46.22

Pa2 16.46 19.87 17.88 23.16 30.29 42.45

Pa3 19.03 22.41 20.21 25.37 34.11 45.27

Pa4 17.56 21.61 19.33 24.03 31.29 43.65

Table 6.4: Ablations of Baseline Model from Textual Prompts Perspective
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do not undergo any effects themselves. Such broader context can only be under-

stood through longer text modalities such as TextDesc. There is only a marginal

performance improvement when both textual modalities are present together i.e.

Image+AO Pair+TextDesc combination. Finally, when working with longer texts

(TextDesc), the object grounding (OG) trick gives a performance boost to the model

across all metrics.

Table 6.4 shows the experimental results of testing with prompt variations. For

this experiment, the model which considers both visual and textual modalities as

input (i.e. Image + TextDesc with OG + AO pair) is used, which is the best per-

forming combination as reported in Table 6.3. As evident from Table 6.4, for different

inference types, there are minor performance deviations when the prompt variations

described above are used. For pre-condition, imperative prompt yields the best re-

sults. The model favors interrogative prompts to produce best inference for before and

after events. The assertive (structured response) prompt is able to achieve the best

performance for effect and goal inference. Based on the results, the use of assertive

(sentence completion) prompts should be limited for all action-related inference di-

mensions.

Table 6.4 also provides insights related to how the model performs across each

inference type. Across BLEU-2, METEOR, CIDER and Accuracy@50 metrics, the

generated inference for pre-condition, before and after events is relatively better (with

respect to the ground-truth) in comparison with effects and goals. Contrary to that,

the uniqueness score for goals, effects and pre-conditions are higher. The novelty score

for pre-conditions are significantly higher than the rest of the inference dimensions.

However, low overall numbers throughout this table is indicating that state-of-the-

art LLMs struggle to make concrete reasoning about actions, which humans can

effortlessly perform in their day-to-day life.
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Human Evaluation A human study is performed with 3 individuals with respect

to 100 samples (20 samples for each inference type) from the dataset collected in this

work. The evaluators were provided with an image, inference type of the interest and

model generated natural language inference. They were advised to rate the sentence

along two metrics:

• Correctness of the generated inference (choose from Incorrect / Partially-correct

/ Correct) i.e. provided the image and the desired inference type (e.g. effect),

the participant indicates whether the generated inference was correct or not.

• Creativity of the model for the generated inference (choose from Obvious /

Somewhat-Creative / Out-of-the-box) i.e. provided the image and inference

type, the participant indicates whether the generated inference was apparent

from the content of the image (obvious) or the model could generate something

beyond what the image conveyed (out-of-the-box).

Cohen’s kappa statistic is reported as a measurement of inter-annotator agreement

(McHugh, 2012). The results are reported in Table 6.5, which indicates substantial

to significant agreement across most inference dimensions.

In gist, an ability to reason about actions is crucial for Artificial Intelligent (AI)

agents in closing the gap between human-level and machine performance in NLP,

vision, and robotics tasks. In this work, an attempt is made to emphasize that be-

yond complex and multi-step physical interactions, actions have tightly coupled com-

monsense aspects associated with them, which include pre-conditions, executability,

effects, high-level goals, and temporal dependency. A pipeline with multiple exist-

ing syntactic and semantic NLP tools is setup to automatically collect commonsense

data from cooking videos. The problem is formulated as a vision-language task where

provided an image, the system will generate text inferences around aforementioned
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Inference (Prompt)
Correctness

Kappa

Creativity

Kappa

Pre-condition (Pp2) 0.78 0.76

Effect (Pe4) 0.68 0.66

Goals (Pg4) 0.74 0.83

Before event (Pb3) 0.81 0.81

After event (Pa3) 0.71 0.77

Table 6.5: Human Evaluation Results: Kappa Scores Denoting the Model’s Ability to

Generate Correct and Creative Inference About Actions Along Various Dimensions

aspects of actions, inspired by Park et al. (2020). From the ablations, it is demon-

strated that integration between visual and textual commonsense reasoning is crucial

in achieving the best performance. The experimental results indicate that there is

still a large room for improvement in this research area and future research is encour-

aged for improved learning and reasoning about fine-grained commonsense. Systems

equipped with such a capability will interact with humans in more natural ways, will

have a better understanding of the world, and will be better partners for humans

in performing day-to-day tasks. The code and links to the data are available at

https://github.com/shailaja183/ActionConceptLearning.git.
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Chapter 7

A ZERO-SHOT APPROACH FOR CONCEPT LEARNING ABOUT OBJECTS

7.1 Motivation

An ability to learn about new objects from a small amount of visual data and pro-

duce convincing linguistic justification about the presence/absence of certain concepts

(that collectively compose the object) in novel scenarios is an important characteristic

of human cognition. Even toddlers and young children are observed to perform such

reasoning. For example, consider a toddler who observes different everyday objects in

a new picture book and listens to their parents pronouncing the name of each object.

Later on, when they encounter objects (observed in picture book) around their house,

they can recall their names. Although the objects from picture book and around the

house differ from each other in designs and colors, the kid is able to correctly identify

the approporiate object. Such reasoning is enabled by continuous abstraction and

categorization of objects encountered, which are two fundamental elements of human

cognition Reinert et al. (2021).

In other words, objects are the building blocks of human’s understanding of the

world. In day-to-day lives, people constantly encounter diverse objects in their

surroundings- by looking at images, reading textual descriptions, interacting with

objects, or conversing with other humans. Human brain continuously categorizes the

perceived information and develops mental representations of various objects by ab-

stracting their properties Murphy (2010). For example, the mental representation of

object ‘chair’ is formed using attributes such as an object that is having a backrest,

legs, a seat, made of wood or plastic, etc. Similarly, an object ‘bird’ can be identi-
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fied by the presence of a beak, feathers, legs, wings, etc. This allows the toddler to

effortlessly identify novel kinds of chairs or birds.

The most common approach for distinguishing objects in Vision-Language (V&L)

models is through supervised training over a set of labeled images. Despite remark-

able advances in the field, the best existing systems still rely on a large number of

annotated training examples. On the other hand, humans (including children) typ-

ically need only a handful of examples to robustly recognize the object and make

meaningful generalizations Landau et al. (1988).

Another drawback of existing V&L models for object recognition is their black-

box nature. These models rely on the similarity of visual features (obtained from the

images) and possible class labels to distinguish between instances. As a result, the

model’s reasoning process behind a particular prediction is not explainable. Contrary

to that, if a person is asked to identify a particular object, they would pay closer

attention to the attributes (concepts) that an object is likely to have. Such a modular

reasoning process allows humans to explain their decision linguistically. For example,

because a particular bird has a red body, pointed crest, red-orange beak and black face

(along with some more features), a person is likely to identify the bird as ‘cardinal’.

Inspired by this aspect of human reasoning, in this work, a training-free concept

learning strategy is proposed that is driven by large language models (LLMs). The

hypothesis here is that LLMs trained on massive text corpora possess a vast amount

of knowledge about various concepts. Such models can be queried to produce useful

textual descriptions about visual appearance of an object. It can be followed by Visual

Question Answering (VQA) systems to verify the presence/absence of LLM-generated

concept descriptions in the unseen images. This will alleviate the reliance on visual

recognition systems that are expensive in nature (from supervised data collection and

training viewpoints) yet crucial for many V&L downstream tasks.
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Contributions:

• A lightweight, interpretable framework for zero-shot visual concept learning is

presented by combining an LLM with VQA systems.

• The effectiveness of the proposed approach over several fine-grained visual clas-

sification benchmarks is demonstrated in comparison with state-of-the-art meth-

ods.

• Relevant ablations are performed and a detailed analysis of the strengths and

weaknesses of the proposed approach is discussed with respect to the CUB

dataset Wah et al. (2011).

7.2 ZSVQA Task Overview

In this paper, the zero-shot visual question answering (ZS-VQA) task for visual

concept learning (as shown in Figure 7.1) is investigated. For each object category

c, a set of testing examples are provided. Each example consists of an image and a

question pair, for which a model should predict an answer. Images are considered

positive (Ipos) or negative (Ineg) depending on whether the category c present or not

respectively. All images in Ipos would have the category c present, but images may

demonstrate a broad range of view-variations (different pose/action, view angle, crop

factor or relative position of c in the frame, etc.). Whereas, images in the negative

set Ineg are about different object category c′ such that c′ 6= c. For each image in Ipos

∪ Ineg for a category c, a binary question Q of the form ‘Is there a <c>?’ is posed.

For all images in Ipos set, the answer to the question Q would be ‘Yes’ (indicating the

presence of object category c). Whereas for the images in set Ineg, the answer would

be ‘No’ (indicating the absence of object category c).

There are three important parameters that distinguish various methods for visual

concept learning using LLMs. The parameter values/ranges reported in this paper
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Figure 7.1: Zero-shot VQA Task Considered in This Paper Demonstrated Using

‘Cardinal’ Object Category from CUB (Wah et al., 2011): Provided an Image and

a Question as Input, the Model has to Predict ‘Yes’/‘No’ Answer Depending on the

Presence or Absence of the Object

are determined by respective authors (adapted from original manuscripts) based on

their architecture design or empirical observations.

• m refers to the number of concepts generated to identify a particular object cate-

gory c in the image and distinguish it from all other object categories c′ 6= c.

• n refers to n-shot training or use of n labeled training examples for the preparation

of a model; n=0 suggests that a given model is test-only or zero-shot (no training

phase incorporated).

• p indicates whether the underlying method uses the fixed or dynamic prompt; Fixed

prompt refers to the use of identical prompt for all object categories to obtain

concept description using the LLM. Whereas dynamic prompt means a custom

prompt is generated for every object category by leveraging prior knowledge (such

as from external object taxonomy or additional information visible in the image).
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7.3 Experiments

7.3.1 Proposed Model: Leveraging LLMs+VQA Systems for Interpretable Concept

Learning

In this section, a zero-shot approach is described, which leverages knowledge of

various concepts in large language model (GPT-3) and fine-grained visual under-

standing capabilities of visual question answering (VQA) systems. Figure 7.2 visually

demonstrates the proposed approach- which can be divided into four key steps;

Step 1: Obtaining Concept Descriptors using GPT-3 Consider a test case

from the CUB Wah et al. (2011)- fine-grained bird image classification dataset shown

in Figure 7.2. The objective is to verify whether or not ‘cardinal’ is present in the

image, as per the question. The first step is to query GPT-3 Brown et al. (2020) to

retrieve concept descriptions. A template-based prompt is used of form ‘Describe in

m phrases separated by # – how the <object category> looks like’. Where m is an

odd integer and <object category> is the object category that is to be verified in

the image. More generally, as a result of this step, GPT-3 would generate m concept

descriptions {v1, v2, .., vm} separated by #. For the example at hand, using m=3 and

substituting <object category> as ‘cardinal’, GPT-3 generates the response ‘Bright

red#Long Pointed Beak#Black Eyes’. These concept descriptions capture GPT-3’s

understanding about visual attributes of a cardinal.

The proposed system works with odd values of m as the majority is used as the

aggregation mechanism in the later step. In this paper, experiments with m={1,3,5}

are conducted and respective results are reported. Figure 7.3 demonstrates two exam-

ples from the CUB Wah et al. (2011) dataset when GPT-3 is prompted with different

values of m. It can be observed that when m=1, the generated concept descriptions
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Figure 7.2: Overview of the Proposed Zero-shot Method That Uses LLM+VQA for

Concept Learning: There are Four Key Steps- (i) Given an Object Category That

Needs to be Verified in the Image, First GPT-3 is Queried Using a Predefined Prompt

to Obtain the Concept Descriptions, (ii) Concept Descriptions Returned by GPT-3 are

Turned Into a Set of Binary Meta-questions, (iii) Test Image Along With Each Meta-

question is Posed to a VQA System, (iv) Aggregate Answers of All Meta-questions

to Determine Presence or Absence of an Object Category in the Image
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Figure 7.3: Two Categories from the CUB Dataset and Their Fine-grained Concept

Descriptions Generated by GPT-3 for m={1,3,5}

are longer and typically includes a description of more than one body parts and its

visual attributes. With m=3 and m=5, the generated phrases are short, concise, and

discriminative from each other. A more detailed analysis of GPT-3 generated concept

descriptions is provided in Section 7.4.

Step 2: Generating Binary Meta-questions The concept descriptions gener-

ated using GPT-3 (as described in the previous step) are in the form of phrases. For

this task, an investigation is to be performed whether or not existing visual question

answering (VQA) systems can verify the fine-grained visual descriptions generated

by GPT-3 in the images. The VQA systems take questions as a linguistic input.

Therefore, using a simple template ‘Does the bird in the image have <vi>?’ (where

i ranges from 1 to m), GPT-3 generated phrases are converted into a set of m bi-

nary questions. This is referred to as meta-questions corresponding to the concepts

identified by GPT-3 for a given category of objects. For the cardinal example, three

questions are formed: (1) Does the bird in the image have Bright red?, (2) Does the
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bird in the image have Long Pointed Beak?, and (3) Does the bird in the image have

Black Eyes?.

Step 3: Inference using VQA Models As mentioned earlier, the proposed

method is primarily designed for zero-shot concept learning. The best off-the-shelf

single-model architectures are adapted that support VQA tasks. Particularly, BLIP

(Li et al., 2022a), GIT (Wang et al., 2022a) and ViLT (Kim et al., 2021) are leveraged

in this work. For each architecture, pre-trained version of the model is fine-tuned on

the VQA dataset (Antol et al., 2015a). These models are posed with the test im-

age and meta-questions corresponding to the category (obtained from Step 2). In

this case, the hypothesis is that- since these models are previously fine-tuned on the

VQA dataset, they would be able to recognize different body parts of the bird and

associated attributes (such as color, shape, size, texture).

Particularly, BLIP (Li et al., 2022a) is a vision-language pre-training framework

that effectively utilizes a synthetic caption generation along with a filter to identify

noisy captions. It uses a multi-modal mixture of encoder-decoder architecture over

large-scale noise-filtered image-caption data. It can transfer its learning well to both

vision-language understanding and generation tasks in comparison with its prede-

cessors. GIT (Wang et al., 2022a) is a generative image-to-text transformer, which

is simple network architecture (consisting of only one image encoder and one text

decoder) that achieves strong performance with data-scaling. It can be used to per-

form a variety of vision-language tasks including visual question answering. Whereas,

ViLT (Kim et al., 2021) is a convolution-free pre-training approach that eliminates

the need for obtaining object detection, object tags, OCR (optical character recog-

nition), and region features from the image, which is faster, more parameter efficient

yet demonstrates strong performance on downstream vision-language tasks.
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Step 4: VQA Answers Aggregation Since each test image has m meta-questions

corresponding, there are m binary (Yes/No) answers are generated in step 3. The

final step is to aggregate the answers to conclude the presence or absence of the

object category. For m=1, there is only one binary meta-question generated. For a

positive example, the affirmative answer to the meta-question would determine the

presence whereas for a negative example, the non-affirmative answer would indicate

the absence of the concept. For m>1, a set of m answers will be generated by the

VQA system therefore a majority voting is used as an aggregate measure for decision

making. For this reason, taking odd values of m is recommended when working with

the proposed model.

For m=3, if at least two answers among the three meta-questions for the positive

and negative test cases are ‘Yes’ and ‘No’ respectively, then the prediction is con-

sidered correct. The threshold for experiments involving m=5 is set to three correct

responses among the five meta-questions. More generally, in order to conclude the

presence or absence of a particular category, the VQA model should be able to cor-

rectly answer at least (m+1)/2 meta-questions that are created based on the concept

descriptions provided by GPT-3 for the respective object category.

7.4 Results and Discussion

7.4.1 Quantitative Results on CUB Dataset

In this section, results over the CUB dataset Wah et al. (2011) are reported and

detailed analysis of the proposed method is presented including quality of GPT-

3 Brown et al. (2020) generated concept descriptions, capability of existing VQA

models to recognize fine-grained details in the images and comparison with existing

concept learning methods (including zero-shot and one-shot approaches).
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Zero-shot Performance The variations of the zero-shot concept recognition ap-

proach described above are prepared by using different VQA systems (BLIP, GIT,

and ViLT) and experiments with a varied number of GPT-3 generated concepts (i.e.

when m is 1/3/5) are performed. The proposed approach is compared with Menon

and Vondrick (2022), (referred as Ext-CLIP) which is the only method that supports

zero-shot evaluation. The performance with respect to the test partition of the CUB

dataset Wah et al. (2011) is reported in Table 7.1. Additionally, there is a column

corresponding to m=0 in the Table 7.1, which denotes the scenario where model does

not take any LLM-generated concept descriptions into account. In other words, it

can be thought of as having only a VQA model that takes test image and original

test question (i.e. Is this a <category name>?). This is intended to serve as a VQA

baseline without any concept learning procedure.

Accuracy(%) with varied value of m

Method 0 1 3 5 var

Ours- BLIP 54.30 70.98 62.15 60.54 -

Ours - GIT 45.86 66.27 58.34 56.78 -

Ours- ViLT 48.33 67.12 59.05 53.28 -

Ext- CLIP - - - - 65.25

Table 7.1: Performance Comparison Between Variants of Proposed Zero-shot Concept

Recognition Approach and Existing Work by Menon and Vondrick (2022) Denoted

as Ext-CLIP over the CUB Test-set. Accuracy (%) is Used as an Evaluation Metric

as the Underlying Task is Classification. ‘Var’ Denotes the use of Arbitrary Number

of Concept Descriptions Produced by GPT-3 in the Ext-CLIP Model

All of the zero-shot model variations of proposed model with m=1 surpass the
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performance of Ext-CLIP. There are three distinctions between this model and Ext-

CLIP; First, both approaches use slightly different prompts to obtain concept descrip-

tions from GPT-3. In this work, ‘Describe in m phrases separated by # – how the

<category name> looks like’ prompt is used whereas Ext-CLIP uses ‘What are useful

visual features for distinguishing a <category name> in a photo?’ prompt. Second,

for a particular experiment, the value of m is pre-determined in proposed approach.

Whereas Menon and Vondrick (2022) takes into account an arbitrary number of con-

cept descriptions for each object category returned by GPT-3. Therefore the perfor-

mance of Ext-CLIP is reported under the column ‘var’. Finally, Ext-CLIP estimates

CLIP similarity Radford et al. (2021) between images and sentence ‘<category name>

which is/has <concept description>’ at the test time. Contrary, a set of binary meta-

questions are created in this work based on the concept descriptions which do not

directly include <category name>.

One-shot Performance There exists several methods in the literature Mei et al.

(2021); Yang et al. (2023b); Cao et al. (2020) which are designed to learn new concepts

from only one labelled example i.e. one-shot concept learning paradigm. Although

the proposed method is designed primarily for the zero-shot concept learning, to

compare the performance with existing methods, one-shot model is setup as follows:

As evident from the Table 7.1, the proposed 4-step approach with BLIP as a VQA

model performed the best. Therefore, a BLIP model is fine-tuned with the test image

and one meta-question for each CUB category. In case the exists more than one

meta-questions (m=3 and m=5 cases), one meta-question is randomly selected and

used in the training. This one-shot fine-tuned BLIP model is leveraged in the Step 3

of the Section 7.3.1. All the remaining steps are identical to the zero-shot pipeline.

The results are summarized in Table 7.2 which compares the model in this work
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with Ext- Falcon Mei et al. (2021), Ext- LaBo Yang et al. (2023b), and Ext- COMET

Cao et al. (2020). Ext- LaBo Yang et al. (2023b) considers variable value of m in their

model design (which are LLM generated concept descriptions) and Ext- COMET Cao

et al. (2020) considers at most 15 concepts (which are human-curated for ground-

truth) per object category (i.e. m¡=15). Ext- Falcon Mei et al. (2021) does not

directly involve parameter m as their method attempts to learn visual concepts into

box embeddings space. Since a meta-question is randomly sampled in case of m¿1,

the reported results are averaged over three runs with a fixed seed value.

The best model BLIPone−shot (m=1), proposed in this work, yields the best accu-

racy 76.12%, which is 5.14% improvement over its zero-shot counterpart (reported in

Table 7.1). The second best model is Ext- Falcon Mei et al. (2021), tailing the best

performing model by ¡1% accuracy. The accuracy of the proposed BLIPone−shot model

Method Accuracy(%)

Ours- BLIPone−shot (m=1) 76.12

Ours- BLIPone−shot (m=3) 69.46∗

Ours- BLIPone−shot (m=5) 63.22∗

Ext- Falcon 75.28

Ext- LaBo (m = var) 54.19

Ext- COMET (m¡=15) 67.9

Table 7.2: Accuracy(%) Comparison Between a Variant of Proposed One-shot Con-

cept Recognition Approach and Existing Work by Mei et al. (2021); Yang et al.

(2023b); Cao et al. (2020) Denoted as Ext- Falcon, Ext- LaBo, Ext- COMET Re-

spectively on the CUB Test-set (* Indicates Averaged Results Over Three Runs)
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variations decreased with the higher values of m (i.e. from 1 to 3 and 3 to 5), which is

consistent to the observation in the zero-shot setting. Another interesting observation

is that- for m=3, the performance gap between the zero-shot and one-shot model is

maximum i.e. 7.31%. This indicates a possibility of generated meta-questions (for

m=3 case) being more useful for the BLIP model to solve the downstream concept

identification task (compared to m=1 and m=5). Although more experiments are

needed to make appropriate conclusion, this is an interesting research question to

explore in future.

Other existing models (Ext- LaBo and Ext- COMET), despite incorporating more

number of LLM generated or human-curated concepts, underperformed compared to

m=1 and m=3 model variations of the proposed model. Note that, among the models

compared in Table 7.2, LaBo Yang et al. (2023b) and the proposed model are only

two human-interpretable concept learning methods. Even though the Ext- Falcon Mei

et al. (2021) achieves comparable accuracy to the proposed model, it lacks natural

language explanations conveying model’s decision of a particular object category.

Effect of the Choice of m on Performance The VQA task over the CUB dataset

referred in this work is a binary VQA task i.e. whether a particular bird is present in

the image or not. Therefore, the random chance accuracy for this task is 50%. The

results from Table 7.1 indicate that VQA models that are not previously trained on

the CUB data and directly tested over the bird identification task (m=0) perform

almost close to the random chance. By simply replacing the category name with a

single conceptual description generated by GPT-3 (i.e. m=1 case), the models gain

15-20% accuracy improvements. When the value of m increases further, a drop in the

overall accuracy has been observed across all VQA variants. This trend is consistent

with one-shot variants of the proposed model.
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Two qualitative examples predicted by the best-performing zero-shot variant pro-

posed in this paper are shown in Figure 7.4. The example on the top demonstrates

incorporating multiple concise concept descriptions is beneficial. Accuracy for ‘East-

ern Towhee’ category improves from 60.67% to 82% when m is set to 1 and 3 respec-

tively. On the other hand, the example at the bottom demonstrates the case where

a noisy visual attribute generated by GPT-3 (i.e. ‘white eye ring’) hurts the model

performance (when m=3). As a result, accuracy for ‘Vermilion Flycatcher’ drops to

50.67% (m=3) compared to 97.33% (m=1). For both the success as well as the failure

cases, the proposed model remains human-interpretable.

Moreover, an analyis is performed to understnad how the choice of m affects the

individual object categories. To visualize this, in Figure 7.5, a plot on how the ac-

curacy, number of False Positives (FP), and False Negatives (FN) for each category

varies when m changes from 1 to 3. Accuracy denotes the number of correct test

predictions using the zero-shot LLM+BLIP variant. Among 200 object categories

in the CUB dataset, 120 categories demonstrate lower overall accuracy, and for 74

Figure 7.4: Two Qualitative Examples Predicted by the GPT-3+BLIP Model, Which

is a Top-performing Zero-shot Variant in This Work
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Figure 7.5: Plots Demonstrating How Accuracy (on Top), False Positives (in Mid),

and False Negatives (at the Bottom) Per Object Category Change When More Num-

ber of Concept Descriptions are Obtained Using GPT-3 (i.e. When Changing m=1

to m=3) and Incorporated in the Best Zero-shot Model GPT-3+BLIP

categories the accuracy improves when m=3. Both accuracy gains and drops demon-

strate 0-50% variation in comparison with accuracy obtained for the m=1 setting.

For 73 and 78 categories, the count of FN and FP predictions are respectively lower

compared to m=1.
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7.4.2 Qualitative Results on CUB Dataset

Figure 7.6: Most Frequent Concept Descriptions Returned by GPT-3 for 200 Object

Categories in the CUB Dataset

Diversity of LLM Generated Concept Descriptions Below, an analysis is

provided on how diverse are GPT-3 generated concept descriptors for all object cat-

egories in the CUB dataset. For 200 object categories, top-3 concept descriptions

(m=3) are analyzed for each object category, among which 262 (∼42%) are unique.

A plot of the most frequently generated descriptions for the CUB is shown in Figure

7.6. The phrases ‘small’ and ‘white belly’ are the most common across the dataset,

specifically, shared across 34 and 29 categories respectively.

It can be observed that most concept descriptions generated by GPT-3 in the con-

text of the CUB dataset include combinations of attributes such as color, shape, size,

texture/pattern, and body parts. Therefore, 600 concept descriptions are manually
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classified based on the combination of attributes reflected. For example, the descrip-

tion ‘yellowish-olive’ would be considered as ‘Color’, ‘long tail’ would be considered as

‘Size+Body Part’, and so on. The distribution based on The label ‘Multiple’ implies

the presence of more than two attributes (e.g. ‘brown streaked back’ which includes

color, texture/pattern, and body parts), The label ‘Other’ implies descriptions that

do not fall into any of the standard combinations of attributes (e.g. ‘three toes on

each foot’ was a concept description obtained for the category american three toed

woodpecker). The distribution of concept descriptions based on the attribute types

is shown in Figure 7.7. Among 600 descriptions analyzed, the attribute combina-

tions ‘Color+Body Parts’ (e.g. ‘yellow breast’) and ‘Color’ (e.g. ‘blue and white’)

cumulatively span 60% of the descriptions.

Figure 7.7: Distribution of GPT-3 Generated Concept Descriptions (m=3) for the

CUB Dataset as Combinations of Attributes (Color, Shape, Size, Texture/Pattern,

and Body Parts) Commonly Used to Identify Bird Species
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Are VQA Systems Reliable for Fine-grained Attribute Recognition De-

scribed in Language? The proposed approach has two key components- an LLM

and a VQA model. Hence, the end-task accuracy depends on- how correct are the

LLM generated concept descriptions for various categories and how well the VQA

system can verify the presence of those concept descriptions in the images. Assuming

that GPT-3 has the perfect knowledge about appearance of various categories in the

CUB dataset, in this section, an analysis is conducted on how reliable are existing

VQA models for the task of fine-grained attribute recognition. Previously five major

attribute types were identified i.e. colors, shapes, sizes, textures/patterns, body parts

that are often used to describe CUB categories. For each attribute type, 3 examples

are randomly selected from the dataset and shown in Table 7.3 and 7.4.

Two accuracy metrics are used for this evaluation- CategoryAccuracy and At-

tributeAccuracy. CategoryAccuracy denotes the correct number of answers generated

by the proposed 4-stage model (GPT3+BLIP model with m=3) for all image-question

pairs related to the given category in test set. On the other hand, AttributeAccuracy

denotes the number of instances (within the test set for a given category) where the

meta-question corresponding to the concept at hand (i.e. color ‘yellowish-olive’ or

texture ‘white spots on wings’) is correctly verified by the model. Consider the ex-

ample of ‘western grebe’ category tested for VQA model’s ability to recognize ‘Size’

attribute (third row, first column in Table 7.3). The interpretation of CategoryAccu-

racy and AttributeAccuracy for this example can be justified as follows. Among all

instances that aim to test ‘western grebe’ category in CUB’s test data, 84.67% (i.e.

CategoryAccuracy) of them can be correctly predicted by the proposed GPT3+LLM

model. On the other hand, for all those examples, the BLIP model can answer the

meta-question ‘Does the bird in the image have long neck?’ with accuracy 76% (i.e.

AttributeAccuracy).
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Qualitative analysis of VQA’s ability to recognize various visual attribute types in CUB

Color

Image:

Category:

Concept:

CategoryAcc(%):

AttributeAccuracy(%):

worm eating warbler

yellowish-olive

70.00

97.33

lazuli bunting

bright blue

44.00

97.33

pied kingfisher

blue and white

73.33

30.67

Shape

Image:

Category:

Concept:

CategoryAcc(%):

AttributeAccuracy(%):

parakeet auklet

round body

49.33

20.00

western meadowlark

black v on chest

52.67

2.67

white pelican

pouch-like bill

91.33

17.33

Size

Image:

Category:

Concept:

CategoryAcc(%):

AttributeAccuracy(%):

western grebe

long neck

84.67

76.00

anna hummingbird

long beak

68.67

81.33

grasshopper sparrow

small body

71.33

100.00

*

Table 7.3: Qualitative Analysis of VQA System’s Ability to Recognize Color, Shape,

Size, Texture, Body Parts and Other Adjectives Generated by GPT-3 for Various

CUB Object Categories
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Texture

Image:

Category:

Concept:

CategoryAcc(%):

AttributeAccuracy(%):

palm warbler

streaked

76.67

80.00

groove billed ani

furry body

43.33

70.66

red cockaded woodpecker

white spots on wings

76.67

85.33

Body Parts

Image:

Category:

Concept:

CategoryAcc(%):

AttributeAccuracy(%):

yellow headed blackbird

white wing bars

96.67

18.67

gray catbird

white undertail

38.00

0.00

american 3-toed woodpecker

three toes on each foot

48.67

18.67

Other Adjectives

Image:

Category:

Concept:

CategoryAcc(%):

AttributeAccuracy(%):

common tern

long forked tail

73.33

30.67

cactus wren

spiky feathers

78.00

96.00

scissor tailed flycatcher

bright colors

60.67

21.33

*

Table 7.4: Qualitative Analysis of VQA System’s Ability to Recognize Color, Shape,

Size, Texture, Body Parts and Other Adjectives Generated by GPT-3 for Various

CUB Object Categories
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Observing the results in Table 7.3 and 7.4, it can be concluded that attributes

‘Color’, ‘Size’, and ‘Texture’ are robustly recognized by the BLIP model. Whereas

the AttributeAccuracy remains low for ‘Shape’ and ‘Body Parts’, indicative of model

struggling with these attributes despite achieving high CategoryAccuracy for certain

examples. This demonstrates the advantage of using higher values of m (such as 3 or

5) in the proposed model. In other words, by incorporating more than one fine-grained

concept descriptions, it is possible to prevent single point of failures in the VQA stage

of the model by relying on other visual attributes. This is especially the case where

the generated concept description are hard to recognize in the image due to pose

variations or insufficient/tiny details captured in the image. For example, consider

the ‘Scissor tailed flycatcher’ category in Table 7.4 (bottom right corner). The concept

generated by GPT-3 for this category is ‘bright colors’. Due to lighting in this picture,

it is hard to conclude whether this bird has bright colors or not. The BLIP model

also struggles to recognize this attribute, evident from the low AttributeAccuracy

i.e. 21.33%. However, the respective CategoryAccuracy is relatively high (60.67%),

which indicates that model is possibly relying on other concept descriptions returned

by GPT-3 and can correctly answer meta-questions based on them.

7.4.3 Quantitative Results for Other Visual Classification Datasets

To verify the generalization ability of the proposed LLM+VQA pipeline for con-

cept learning about objects, in this section, further testing over existing image clas-

sification benchmarks is conducted. For this purpose, popular image classification

datasets Krizhevsky et al. (2009); Bossard et al. (2014); Cimpoi et al. (2014) are

leveraged. The characteristics of these datasets are briefly listed in Table 7.5. Pro-

grammatically these datasets are converted to the zero-shot VQA format described

in Section 7.2.

163



Dataset #Categories Domain Size

CIFAR-10 10 Mixed 10k

CIFAR-100 100 Mixed 10k

Food-101 101 Food 25.2k

DTD 47 Textures 1.8k

Table 7.5: Image Classification Datasets Evaluated in This Work with Relevant In-

formation About Number of Distinct Categories Incorporated, Domain of the Images

and Size of the Testing Data

The proposed method (in this work) is compared against four methods- LaBo

(Yang et al., 2023b), CDA (Yan et al., 2023), CuPL (Pratt et al., 2022) and VCD

(Menon and Vondrick, 2022). All the aforementioned models use GPT-3 (Brown

et al., 2020) as a knowledge base to tackle visual concept learning task. LaBo extends

the idea of concept bottleneck models proposed by Koh et al. (2020) with LLM-

extracted concepts which supports few-shot evaluation. CuPL, CDA, VCD generate

concept descriptions with LLMs and use them for knowledge-aware zero-shot image-

text matching over CLIP (Radford et al., 2021) to improve concept recognition. While

the focus of Pratt et al. (2022) (referred to as CuPL) was on the automatic selection

of the prompt to query the LLM, Yan et al. (2023) (referred to as CDA) distinguished

themselves by identifying a small concise set of relevant attributes by avoiding noisy

LLM generations and reduced computation.

The proposed method shares two-fold similarity with other approaches: first, zero-

shot/few-shot evaluation of visual concept learning is supported, and second, all mod-

els support some level of interpretability. The proposed GPT3+VQA model relies on

a fixed hand-crafted prompt like Menon and Vondrick (2022); Yang et al. (2023b) to
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obtain visual descriptors for each object. However, object labels are not incorporated

during the visual recognition step like Menon and Vondrick (2022). Unlike all foun-

dation model-based methods that rely on CLIP for image-attribute matching, in this

work, VQA models are explored to verify the presence or absence of attributes in the

given image. The proposed approach yields comparable performance over existing

methods considering only three concept descriptions per object (i.e. m=3), which

is significantly lower than Yan et al. (2023) (i.e. m≥16). Although there are many

other image classifications datasets (not covered here), the choice of datasets is based

on the popularity among the methods that are compared here. The only exception is

the VCD model, which does not report performance on the CIFAR variants.

The results are reported in Table 7.6. As explained earlier, the choice of param-

eters m, n and p play a crucial role in the proposed method. The closest values of

m, n and p parameters are reported for each method (to the best of knowledge and

understanding of the architecture presented in the respective manuscript). Although

due to the difference in these parameters, these methods cannot be compared directly,

it is suggested to use the information in Table 7.6 to better understand the pros/cons

of each method and their cumulative performance as a measure of how hard a par-

ticular image classification dataset is and to what extent LLMs are able to generate

appropriate descriptions about the classes.

As observed in Table 7.6, most of the existing models for concept learning use

fixed/templated prompt to obtain concept descriptions from the LLM. The only ex-

ception is the CuPL (Pratt et al., 2022) model. Additionally, the proposed method,

CuPL and VCD (Menon and Vondrick, 2022) are designed for zero-shot concept

recognition. Whereas LaBo (Yang et al., 2023b) requires at least 1 training example

for each category. Finally, for the proposed model, CDA and VCD rely on a limited

set of concept descriptions retrieved with the help of LLM. Contrary to that, LaBo
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Method (and corresponding Accuracy%)

Dataset
Configurable

Parameters
LaBo CDA CuPL VCD

Our

(BLIP)

Our

(BLIP)

Our

(BLIP)

Our

(ViLT)

Our

(ViLT)

Our

(ViLT)

m 50 4 1 var 1 3 5 1 3 5

n 1 0 0 0 0 0 0 0 0 0

p fix fix var fix fix fix fix fix fix fix

CIFAR-10 ∼92% ∼67% 95.81% - 61.42% 64.28% 51.37% 42.85% 62.81% 41.81%

CIFAR-100 ∼63% ∼17% 78.47% - 26.06% 33.73% 22.29% 27.11% 31.21% 16.27%

Food-101 ∼80% ∼17% 93.33% 83.63% 82.95% 86.27% 84.30% 79.37% 79.77% 80.02%

DTD ∼53% - 58.90% 44.26% 83.83% 88.94% 90.80% 87.87% 94.45% 96.12%

Table 7.6: Accuracy (%) Comparison Between Variants of the Proposed Zero-shot

Concept Recognition Approach and Existing Work Related to Concept Learning Us-

ing LLMs over Multiple Image Classification Datasets. Parameters n, m and p Used

in Each Method are Reported for Comparison. Approximate (∼) Symbol is Used

When Exact Value is not Available

requires significantly large number of concept descriptions (50 descriptions per object

category) to push the model performance. On the other hand, VCD dynamically de-

termines the number of concept descriptions based on the example at hand (denoted

as var).

The CuPL method achieves the best overall performance over CIFAR-10, CIFAR-

100 and Food-101 datsets. All of the proposed model variants outperform other

methods over DTD dataset, with notable performance gains. GPT3+ViLT combina-

tion with 5 concept descriptions yields the best performance overall (96.12%) for the

DTD dataset. Moreover, the DTD dataset poses exception to the prior observation

that performance boosts when changing m=1 to m=3 and declines when further in-

creases to m=5. This possibly indicates that the concepts to be learnt (textures in

this case) benefit from having multiple alternative descriptions that the model can
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rely upon and avoid failure from limited attributes that may or may not be recogniz-

able in the images. The proposed model demonstrates the second best performance

over Food-101 dataset, tailing behind 7.06% by CuPL. LaBo achieves the compa-

rable performance over the CIFAR-10 dataset in comparison with the best method

CuPL. However, with more number of classes in CIFAR-100, the performance gap be-

tween CuPL and LaBo increases. The CDA consistently remains the low performing

method across all datasets considered. The key takeaways from these experiments

are summarized below:

• Concept learning methods that leverage LLMs work very well under zero-shot set-

tings, which can be a promising alternative to expensive supervised training, which

is expensive and time-consuming in nature.

• The construction of the prompt is a crucial step for all concept learning methods

based on LLMs, The customized prompt formulation is likely to achieve superior

results.

• In an ideal case, m>1 is desirable to avoid single point of failure in concept recog-

nition pipeline, which is the unique aspect of our model proposed in this paper.

In summary, humans capitalize on concepts to learn mental representations of

various objects and use this knowledge to identify novel instances of an object using

only a few examples. Inspired by this, in this work, a framework for zero-shot visual

concept learning is introduced. The linguistic knowledge about visual objects from

large language models (LLM) is leveraged to generate concept descriptors. Instead

of asking a VQA model whether or not a particular category is present in the image,

the category identification process is broken down into multiple sub-questions based

on the LLM generated concept descriptors. Using GPT-3 along with the state-of-the-

art VQA models, this concept learning method demonstrates promising results over
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the existing fine-grained image recognition datasets. The proposed method does not

require significant computing overhead, improves performance over existing methods,

and is human-interpretable to explain the model decisions. The code and links to the

data are available at https://github.com/shailaja183/ObjectConceptLearning.

git.
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Chapter 8

CONCLUSION

This dissertation spans two prominent research directions in Artificial Intelli-

gence (AI)- ‘Multi-modal Understanding’ and ‘Reasoning about Actions and Change

(RAC)’. A comprehensive survey of relevant works in both directions is conducted

(Sampat et al., 2024a, 2022b) and research problems are identified that are important

from an applications perspective. Towards this end, new datasets are developed and

made available for the community to pursue future research on these topics. Exten-

sive experiments are performed using a wide variety of traditional and state-of-the-art

neural models, neural-symbolic models, and large language models. Moreover, novel

models are proposed that are more effective in terms of performance, data efficiency,

and/or generalization capability. Detailed analysis of model performance is conducted

and ablations are performed to emphasize the importance of various model compo-

nents. By contributing to the development and evaluation of such models, an attempt

is made to accomplish more robust and reliable AI systems that can perform complex

reasoning and better collaborate with humans.

8.1 Summary of Contributions

8.1.1 Multi-modal Understanding

The importance of joint reasoning capability over image-text context is empha-

sized, inspired by how humans use such an ability in day-to-day tasks. To support

the development of AI systems that can perform multi-modal reasoning, a Visuo-

Linguistic Question Answering (VLQA) Dataset (Sampat et al., 2020a) is proposed.
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Specifically, provided visuals and a text passage, the task in VLQA is to answer

questions by combining information from both reasoning over them, which are oth-

erwise unanswerable. Experiments are conducted with state-of-the-art VQA models

(including large-scale vision-language pre-training) to gauge their ability to perform

multi-modal reasoning. An initial version of the VLQA dataset was observed to be

relatively small and quite diverse, which is speculated to be a factor in the lower

performance of data-driven models. In the subsequent work, a large-scale, multi-task

visual-linguistic benchmark (VL-GLUE) (Sampat et al., 2024a) is developed by aug-

menting, incorporating, and standardizing other multi-modal datasets (developed in

parallel lines of work). The datasets in this benchmark are grouped into 7 clusters

based on the complexity of image understanding and reasoning abilities required.

By compiling this benchmark, systematic development of vision-language models is

encouraged that have a broad range of multi-modal reasoning capabilities.

8.1.2 Reasoning About Actions and Change

Motivated by humans’ ability to visualize numerous imaginary situations about a

given visual scene and predict possible future outcomes, the CLEVR HYP (Sampat

et al., 2021) dataset is developed. Particularly, this dataset evaluates the ability of

VQA systems to predict effects that will be caused by performing hypothetical actions

over the given image. The dataset is synthetically generated in a controlled environ-

ment, in order to focus on the models’ reasoning ability without involving complex

image recognition and open-ended language artifacts. Several baselines (including

end-to-end neural, two-stage neural, and two-stage neural-symbolic) are developed

based on existing vision and language architectures to tackle the hypothetical rea-

soning task. Follow-up work in this direction (Sampat et al., 2022a) includes the

development of an improved model for this task where two-fold action representation
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learning is enforced; first, by observing changes in a pair of scene graphs (before and

after the action is performed) and second, mapping the changes to corresponding lin-

guistic action descriptions. Empirical results demonstrate that this two-fold learning

strategy outperforms the baselines while being data-efficient and more generalizable.

Finally, a case study on broader aspects of object and action concept learning (Sampat

et al., 2024b,c) using a large language model is conducted.

8.2 Potential Applications of This Work

8.2.1 Multi-modal Understanding

Deriving inference from combined visual and textual information is an important

skill for humans to perform day-to-day tasks. For example, product assembly using

instruction manuals, navigating roads while following street signs, interpreting visual

representations (e.g., charts) in various documents such as newspapers and reports,

understanding concepts using textbook-style learning, etc. A similar capability in AI

systems is desirable where they can understand multi-modal information and generate

inferences based on it. Particularly, AI-based document understanding systems and

applications involving fast concept learning in low-resource settings are of key interest.

Document Understanding: There is an abundance of manuals, documents, news-

papers, and books that contain texts and visuals that complement each other to aid

readers’ understanding of a given topic. In most cases, users interpret such visual-

linguistic clues and make inferences beyond what is explicitly provided in such docu-

ments. For example, consider a bar chart representing the number of electoral votes

obtained by two parties in an election, which are 306 and 232 respectively. Knowing

that the number of electoral votes needed to win a clear majority is 270, one would

infer that the first party won the election and the second party lacked 38 electoral
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votes to secure a majority. Therefore, the development of AI systems that can an-

alyze such multi-modal documents and uncover complex inferences would be useful

in many applications including automated business analytics tools, in guiding policy

development and data-driven decision-making.

Novel Concept Learning in Low-Resource Settings: Teaching methodologies

often leverage the multi-modal understanding ability of students to teach about new

concepts. In other words, to explain unfamiliar or novel concepts, teachers refer

to concepts that students are already familiar with and provide additional clues to

establish a mapping between the known concept and a new concept. For example, if a

person wants to explain to another person what a ‘zebra’ looks like, who has previously

seen a ‘horse’, they can do so by giving a description such as ‘zebra is a horse-like

animal with black-and-white stripes over the body’. Using such multi-modal clues, a

person is able to aid basic understanding of the new concept ‘zebra’ without seeing it

themselves. For example, a person can make conclusions such as a zebra would have

four legs, or a zebra can walk/run. It would be interesting to explore- to what extent

deep neural networks can perform such reasoning and whether it can reduce the need

for training/fine-tuning or the amount of data required to robustly recognize novel

concepts. This would have use cases for low-resource applications and autonomous

systems deployed under constraints, where frequent training is not possible.

8.2.2 Reasoning About Actions and Change

Actions & change are tightly integrated with each other and are important aspects

of humans’ day-to-day life. Actions are fundamentally responsible for the dynamic

nature of the world by causing changes. On the other hand, changes can be explained

in terms of actions performed over the objects. Therefore, the AI system’s ability
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to visualize actions and reason about changes over visual and linguistic inputs is

important in many applications. Particularly, robots deployed to perform on-demand

tasks, in improving image or product search over the web, and as an alternative to

physical prototyping are of key interest.

Robots Performing On-demand Tasks: An ability to reason about actions and

change is essential for robots deployed to perform on-demand tasks (whether it is

homes, workplaces, or even battlefields). When a user instructs the robot to perform

a particular task, it should perform hypothetical reasoning about the feasibility and

consequences of performing the actions at a high level. If concluded to be viable for

execution, the robot should decide on a course of action and deal with any undesirable

situations that may arise.

Image Retrieval or Product Search Over Web: In a typical image search over

the web, a user has a mental representation of the kinds of images they are looking for.

Then the user expresses concepts related to that mental representation in language

to query the search engine. The search normally begins with simple keywords and

the description is iteratively refined until the image satisfying the desired criteria is

obtained. This process is often time-consuming and in many cases leads to noisy

results, which can be frustrating on the user end. An AI system that can perform

hypothetical reasoning can be integrated with existing image retrieval algorithms to

ensure the quality of the search results.

After a long browsing session, users often tend to forget the exact product name

and keywords used in the past to retrieve the desired product or misplace the web

links. They only remember vague details about the brand and visual details about

how the product looked like. In such cases, a search strategy can be developed where
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users start with similar-looking images from the web as a reference, and then express

the changes or modifications as a text/instruction that would bring it closer to their

mental representation of the product.

Rapid Prototyping: The designers or manufacturers often have new ideas or vari-

ations related to their product offerings. In most cases, they rely on prototypes or

working models before production at scale. However, prototyping for all possible vari-

ations of a product might not be viable and can be quite expensive for many domains

(cars, jewelry, etc.). A similar situation arises when customers would like personalized

products but are unsure of how the actual product would look or whether or not it

will suit their personality. In such cases, a model with hypothetical reasoning abilities

with respect to images might be a handy, fast, and cost-effective solution.

8.3 Takeaways and Future Research Avenues

8.3.1 Multi-modal Understanding

Multi-modal learning aims to build models that can process and relate information

from two or more modalities. Image-text multi-modality has received significant

interest in the AI community recently as it is an important skill for humans to perform

day-to-day tasks. Perception systems can be leveraged to identify a variety of visual

information and a concise way to learn through observations. On the other hand,

language provides an effective way to exchange thoughts, communicate, query, or

provide explanations about a particular situation. As a result, a combination of visual

and textual modalities provides natural flexibility for varied inference tasks that can

reflect the reasoning required to navigate real-world scenarios. On the downside,

the presence of multiple kinds of inputs makes the reasoning process complicated as

information is now spanned across them and requires cross-inferencing. There has
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been a growing interest in the development of systems that can reason about multi-

modal contexts, however, a majority of them indicate a significant gap in comparison

with human performance on this task.

Multi-modality is Beyond Image-Text Similarity: For most vision-language

tasks, the role of textual components has been limited to evaluation purposes rather

than as a modality that provides contextual information. This flaw in the design of

the existing vision-language tasks has encouraged pre-training approaches that highly

rely on image-text similarity to learn representations. In other words, by having image

captioning datasets as a major source for pre-training, models capture representations

that are common to both images and the respective text. Hence, models trained in this

fashion struggle to perform joint inference over inputs where images and texts convey

non-overlapping information. There is a need for the development of better pre-

training strategies and appropriate training data which enables models to generate

inferences over heterogeneous modalities. This would be crucial in improving the

multi-modal reasoning capabilities of existing AI systems.

8.3.2 Reasoning About Actions and Change

Intelligent systems that interact with humans and assist them in performing tasks

require two key abilities- understanding the environment as a combination of visual

and linguistic modalities and performing relevant actions to achieve goals. Often,

such systems operate in open and highly uncertain environments for which having

a physical commonsense, understanding of goal-driven action-effects, and performing

hypothetical reasoning are essential. Reasoning about actions is a relatively new re-

search direction for the vision+language community; although there exists an array

of well-defined tasks and datasets to start with. Though existing approaches can
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achieve reasonably good performance on carefully crafted benchmarks, they lack a

consolidated understanding of actions that is necessary to demonstrate robustness

and generalization to be useful in real-world applications. There are two key recom-

mendations in this regard;

A Synergy Between Synthetic and Realistic Benchmarks for Action Rea-

soning: There exists an array of synthetic and realistic datasets that tackle a broad

range of reasoning about actions. Often, they differ from each other by considerations

made during dataset creation e.g. kinds of actions and reasoning incorporated, the

source of data, choice of task (generative vs. classification), and data format. This as-

pect of the existing datasets limits model evaluation on multiple relevant benchmarks

(supervised models specifically) and ignores the transferability of the learned model

to adapt to tasks in a real-world setting. The future development of benchmarks

should be encouraged to have both synthetic and realistic components with common

assumptions. So that, it is possible to train the model on large-scale synthetic bench-

marks without picking up spurious correlations and yet being explainable. Later,

it can be tested for generalization on the realistic counterpart of the data without

expensive fine-tuning or in a few-shot setting. Building multi-task models is another

workaround for this challenge, which is well explored in recent works. Multi-task

learning has been shown to work well for tasks that share significant commonalities,

however, it is not guaranteed to work for completely unrelated tasks.

Unified Action Understanding: Humans have consolidated physical, spatial,

temporal, visual, social, and causal understanding of actions. Most existing bench-

marks for action reasoning incorporate only one or two aforementioned aspects for

the simplicity and focused model evaluation process. As a result, a model trained on
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a particular benchmark lacks the big picture and fails to understand complex inter-

actions with other aspects that were not observed during training. Davis and Marcus

(2015) emphasize that humans can reason about situations of a kind ‘if you slice a

finger while preparing a meal, your prospective parents-in-law may not be impressed’.

Though existing models seem to understand actions at a high level in isolation, rea-

soning about how they interrelate (as in the above example) is substantially unsolved.

The best models are still dataset-specific and lack a consolidated understanding of

actions that are necessary to demonstrate robustness and generalization in real-world

applications. In this regard, there is a need for an umbrella task that supports end-to-

end understanding of actions- from understanding action intents and pre-conditions

to imagining outcomes of hypothetical situations and demonstrating social common-

sense.

177



REFERENCES

Acharya, M., K. Kafle and C. Kanan, “Tallyqa: Answering complex counting ques-
tions”, in “Proceedings of the AAAI Conference on Artificial Intelligence”, vol. 33
(2019).

Adesam, Y., A. Berdicevskis and F. Morger, “Swedishglue–towards a swedish test set
for evaluating natural language understanding models”, (2020).

Andreas, J., M. Rohrbach, T. Darrell and D. Klein, “Neural module networks”, in
“2016 IEEE Conference on Computer Vision and Pattern Recognition, CVPR 2016,
Las Vegas, NV, USA, June 27-30, 2016”, pp. 39–48 (IEEE Computer Society, 2016),
URL https://doi.org/10.1109/CVPR.2016.12.

Antol, S., A. Agrawal, J. Lu, M. Mitchell, D. Batra, C. Lawrence Zitnick and
D. Parikh, “Vqa: Visual question answering”, in “Proceedings of the IEEE/CVF
International Conference on Computer Vision (ICCV)”, pp. 2425–2433 (2015a).

Antol, S., A. Agrawal, J. Lu, M. Mitchell, D. Batra, C. L. Zitnick and D. Parikh,
“VQA: visual question answering”, in “2015 IEEE International Conference on
Computer Vision, ICCV 2015, Santiago, Chile, December 7-13, 2015”, pp. 2425–
2433 (IEEE Computer Society, 2015b), URL https://doi.org/10.1109/ICCV.
2015.279.

Auer, S., C. Bizer, G. Kobilarov, J. Lehmann, R. Cyganiak and Z. Ives, “Dbpedia: A
nucleus for a web of open data”, in “The Semantic Web: 6th International Semantic
Web Conference, 2nd Asian Semantic Web Conference, ISWC 2007+ ASWC 2007,
Busan, Korea, November 11-15, 2007. Proceedings”, pp. 722–735 (Springer, 2007).

Baral, C., “Reasoning about actions and change: from single agent actions to multi-
agent actions”, in “Proceedings of the International Conference on Principles of
Knowledge Representation and Reasoning (KR)”, (2010).

Battaglia, P. W., J. B. Hamrick and J. B. Tenenbaum, “Simulation as an engine of
physical scene understanding”, Proceedings of the National Academy of Sciences
110, 45, 18327–18332 (2013).

Ben Abacha, A., S. A. Hasan, V. V. Datla, D. Demner-Fushman and H. Müller,
“Vqa-med: Overview of the medical visual question answering task at imageclef
2019”, in “Proceedings of CLEF (Conference and Labs of the Evaluation Forum)
2019 Working Notes”, (9-12 September 2019, 2019).

Bhagavatula, C., R. Le Bras, C. Malaviya, K. Sakaguchi, A. Holtzman, H. Rashkin,
D. Downey, W.-t. Yih and Y. Choi, “Abductive commonsense reasoning”, in “In-
ternational Conference on Learning Representations”, (2019).

Bian, N., X. Han, L. Sun, H. Lin, Y. Lu and B. He, “Chatgpt is a knowledgeable but
inexperienced solver: An investigation of commonsense problem in large language
models”, (2023).

178

https://doi.org/10.1109/CVPR.2016.12
https://doi.org/10.1109/ICCV.2015.279
https://doi.org/10.1109/ICCV.2015.279


Bisk, Y., R. Zellers, J. Gao, Y. Choi et al., “Piqa: Reasoning about physical common-
sense in natural language”, in “Proceedings of the AAAI conference on artificial
intelligence”, vol. 34, pp. 7432–7439 (2020a).

Bisk, Y., R. Zellers, J. Gao, Y. Choi et al., “Piqa: Reasoning about physical common-
sense in natural language”, in “Proceedings of the AAAI Conference on Artificial
Intelligence”, (2020b).

Biten, A. F., R. Tito, A. Mafla, L. Gomez, M. Rusinol, E. Valveny, C. Jawahar
and D. Karatzas, “Scene text visual question answering”, in “Proceedings of the
IEEE/CVF international conference on computer vision”, pp. 4291–4301 (2019).

Blender Online Community, Blender - a 3D modelling and rendering package, Blender
Foundation, URL http://www.blender.org (2019).

Bossard, L., M. Guillaumin and L. Van Gool, “Food-101–mining discriminative com-
ponents with random forests”, in “Computer Vision–ECCV 2014: 13th European
Conference, Zurich, Switzerland, September 6-12, 2014, Proceedings, Part VI 13”,
pp. 446–461 (Springer, 2014).

Brown, T., B. Mann, N. Ryder, M. Subbiah, J. D. Kaplan, P. Dhariwal, A. Neelakan-
tan, P. Shyam, G. Sastry, A. Askell et al., “Language models are few-shot learners”,
Advances in neural information processing systems 33, 1877–1901 (2020).

Cao, K., M. Brbic and J. Leskovec, “Concept learners for few-shot learning”, in
“International Conference on Learning Representations”, (2020).

Cañete, J., G. Chaperon, R. Fuentes, J.-H. Ho, H. Kang and J. Pérez, “Spanish
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