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ABSTRACT

This thesis addresses the Visual Question Answering (VQA) task through the prism
of biases and reasoning. VOQA is a visual reasoning task where a model is asked to
automatically answer questions posed over images. Despite impressive improvement
made by deep learning approaches, VOA models are notorious for their tendency to rely
on dataset biases. The large and unbalanced diversity of questions and concepts involved
in the task, and the lack of well-annotated data, tend to prevent deep learning models
from learning to “reason”. Instead, it leads them to perform “shortcuts”, relying on specific
training set statistics, which is not helpful for generalizing to real-world scenarios.

Because the root of this generalization curse is first and foremost a task definition
problem, our first objective is to rethink the evaluation of VOA models. Questions and
concepts being unequally distributed, the standard VOA evaluation metric, consisting in
measuring the overall in-domain accuracy, tends to favour models which exploit subtle
training set statistics. If the model predicts the correct answer of a question, is it necessarily
reasoning? Can we detect when the model prediction is right for the right reason? And, at
the opposite, can we identify when the model is “cheating” by using statistical shortcuts?
We overcome these concerns by introducing the GQa-0oD benchmark: we measure and
compare accuracy over both rare and frequent question-answer pairs, and argue that the
former is better suited to evaluate the reasoning abilities. We experimentally demonstrate
that VOA models, including bias reduction methods, dramatically fail in this setting.

Evaluating models on benchmarks is important but not sufficient, it only gives an
incomplete understanding of their capabilities. We conduct a deep analysis of a state-
of-the-art Transformer VQA architecture, by studying its internal attention mechanisms.
Our experiments provide evidence of the existence of operating reasoning patterns, at
work in the model’s attention layers, when the training conditions are favourable enough.
More precisely, they appear when the visual representation is perfect, suggesting that
uncertainty in vision is a dominating factor preventing the learning of reasoning. By
collaborating with the data visualization experts, we have participated in the design of
VisQA, a visual analytics tool exploring the question of reasoning vs shortcuts in VOA.

Finally, drawing conclusion from our evaluations and analyses, we come up with
methods for improving VOA model performances. First, we propose to directly supervise
the reasoning through a proxy loss measuring the fine-grained word-object alignment.
We demonstrate, both experimentally and theoretically, the benefit of such reasoning
supervision. Second, we explore the transfer of reasoning patterns learned by a visual
oracle, trained with perfect visual input, to a standard VOA model with imperfect vi-
sual representation. Experiments show the transfer improves generalization and allows
decreasing the dependency on dataset biases. Furthermore, we demonstrate that the
reasoning supervision can be used as a catalyst for transferring the reasoning patterns.

vii
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RESUME

“De quelle couleur est le terrain de tennis ? Quelle est la taille du chien ? Y a-t-il une voiture
a droite du vélo sous le cocotier ?” Répondre a ces questions fondamentales est le sujet de
la tache appelée question-réponses visuelle (VOA, en anglais), dans laquelle un agent doit
répondre a des questions posées sur des images.

CONTEXTE ET MOTIVATIONS

Plus précisément, le VOA requiert de mettre au point un agent capable de maitriser une
grande variété de compétences : reconnaitre des objets, reconnaitre des attributs (couleur,
taille, matériaux, etc.), identifier des relations (e.g. spatiales), déduire des enchainements
logiques, etc. C’est pourquoi, le VOA est parfois désigné comme un test de Turing vi-
suel (GEMAN et al. 2015), dont le but est d’évaluer la capacité d’un agent a raisonner sur
des images. Cette tache a récemment connu d’important progres grace a 1'utilisation des
réseaux de neurones et de l'apprentissage profond (GOODFELLOW et al. 2016).

Apres une revue détaillée de 1’Etat de I’Art sur le VQA, ainsi qu’une définition de notre
utilisation du terme raisonnement (Partie I), nous nous intéressons a la question suivante
(Partie II) : les modeles de VQA actuels raisonnent-ils vraiment ? La mise en ceuvre d’une
nouvelle méthode d’évaluation (GQA-OOD) nous permettra de répondre négativement
a cette question. En particulier, nous mettrons en évidence la tendance des modeles a
apprendre des raccourcis (GEIRHOS et al. 2020), autrement appelés biais, présent dans les
données d’entrainement, mais heurtant les capacités de généralisation. Nous proposerons
alors, dans une troisieme partie (Partie III) une analyse approfondie des mécanismes
d’attention appris par les réseaux de neurones artificiels. Nous étudierons quels sont les
enchainements aboutissant a un raisonnement, ou, au contraire, a une prédiction biaisée
par un raccourci frauduleux. La derniere et quatrieme partie (Partie IV) tire conclusion
de nos évaluations et analyses, afin de développer de nouvelles méthodes améliorant les
performances des modeles de VOA.

RESUME DES CONTRIBUTIONS
Les contributions sont divisées en trois grandes parties “Evaluer, Analyser, Améliorer” :

EVALUER (PARrTIE II) Nous proposons une nouvelle méthode d’évaluation — appelée
GQA-00D — permettant de mieux appréhender les capacités de raisonnement des systémes
de VOA. En particulier, nous mesurons le taux de bonnes réponses prédites par l'agent
en fonction de la rareté de la réponse dans les données d’entrainement. Notre étude
expérimentale montre que les systémes de I'Etat-de-1’Art, incluant les méthodes spécifi-
quement congues pour réduire I'impact des biais, échouent a répondre aux questions dont

ix
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la réponse est rare. Ce résultat mets en exergue la tendance des modeles a apprendre des
biais dans les données d’entrainement, au lieu de raisonner.

ANALYSER (ParTIE III) Dans le but de compléter notre évaluation du biais et du
raisonnement dans les systemes de VOQA, nous conduisons une analyse poussée des
mécanismes d’attention appris par les modeles. Plus précisément, nous dressons une
étude détaillée des cartes d’attention apprises par des modeles basés sur une architecture
Transformers (VAswaANTI et al. 2017). Dans ce contexte, nous présentons VIsQA, un outil de
visualisation interactif, dont nous avons participé a la conception, en collaboration avec
Théo Jaunet. De plus, nous mettons en ceuvre une analyse statistique de ces mémes cartes
d’attention, afin de mettre en évidence I'existence de patterns de raisonnement émergeant
durant I'apprentissage, lorsque les données visuelles sont parfaites.

AMELIORER (ParTIE IV)  Enfin, nous exploitons les résultats de nos analyses et évalua-
tions et mettons au point plusieurs méthodes améliorant les performances des systéemes de
VQA. Dans un premier temps, nous montrons qu’il est possible de directement superviser
le raisonnement durant l’apprentissage, au moyen d’une utilisation judicieuse des annota-
tions de nos jeux de données, et que cela permets d’améliorer le taux de bonne prédiction
de nos modeles. Dans un second temps, nous concevons une méthode permettant de
transférer les patterns de raisonnement appris lorsque les conditions d’entrainement sont
favorables (données visuelles parfaites), vers un modele traitant des données réalistes,
mais bruitées. Nous montrons que ce transfert améliore les performances sur le VOA, et
qu’il est complémentaire avec la méthode de supervision précédemment présentée.

En conclusion, cette thése a pour objet 1’étude du raisonnement visuel dans des réseaux
de neurones artificiels entrainés par apprentissage profond, dans le cadre du VQA. Mais
surtout, ce qui nous intéressera en premier lieu, c’est 'évaluation et I’analyse de l'influence
qu’ont les biais, présents dans les données d’apprentissage, sur les prédictions de nos
modeles. Ce sujet de recherche pourra se résumer par ces quelques vers détournés d’une
comptine anglaise :

Roses are red,
Violets are blue...
But should VQA expect them to?
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CHAPTER

GENERAL INTRODUCTION

1.1 CONTEXT AND MOTIVATION

HAT color is the tennis court? How fat is the dog? How big is the car to the right of the
W bicycle underneath the mango tree? These are existential questions addressed by
the VOA task, where an agent answers questions posed over an image.

But above all, VOA aims at studying the emergence of artificial reasoning (cf. Chapter 2
for an attempt to define “reasoning”). Initially devised as a “visual turing test” (Geman
et al. 2015), VOA measures the ability of an artificial agent to learn various high-level
general representations of concepts of the physical world as well as their interactions:
object and attribute recognition, comparison, logical composition, relation detection, etc.
Contrary to abstract reasoning tasks — such as variants of the Raven’s Progressive Matrices
(Barrett et al. 2018; Chollet 2019) — VOA stands out for its multi-modality. The reasoning
process is guided by language (through the question) and grounded by vision. Thus, it
resembles traditional computer vision tasks such as image retrieval or image captioning,
the difference being that VOA involves multi-modal and high-dimensional data as well as
complex decision functions requiring latent representations and multiple hops.

Recent advances in Deep Learning (DL) (Goodfellow et al. 2016), combined with the
construction of large-scale datasets, have pushed forward the emergence of powerful VvOA
models. Actually, a VOA model takes advantage of advances in several subfields of DL in
order to fulfill three main tasks:

® Understanding the question, by leveraging methods from Natural Language Pro-
cessing (NLP) like the Transformer architecture (Vaswani et al. 2017) or BERT pre-
training (Devlin et al. 2019).

@ Understanding the visual scene, by leveraging approaches from Computer Vision
(CV) such as object detectors (Ren et al. 2015).

® Fusing information between vision and language, borrowing models from the mul-
timodal fusion domain, e.g. bilinear fusion (Ben-Younes et al. 2017) or Transformer-
based cross attention (Yu et al. 2019).

Figure 1.1 provides two illustrative questions, extracted from GQA. In Figure 1.1a the
VOA model has to answer the question “how fat is the animal on the sand?”. It requires to:
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(a) “How fat is the animal on the sand?” (b) “How big is the giraffe on the right?”

Figure 1.1 — Samples of questions addressed by the Visual Question Answering (VQA) task. Source:
GQA dataset (Hudson et al. 2019b).

@ analyze the question, to find that the answer must be a size descriptor related to an
animal; @ encode the image pixels into a high-level semantic representation where each
object is described, e.g. a fat blond dog, a large area of sand, etc.; ® align the question and
visual features in order to find the relationships between them, e.g. the animal whose size
we want to know is the blond dog. Figure 1.1b involves similar mechanisms, but with
other concepts and a different reasoning. Indeed, VQA is famous for the wide variety of
concepts and reasoning skills it covers.

DO VQA MODELS REASON?  On VQAv2, a widely adopted VQA dataset (cf. Chapter 3),
the State-Of-The-Art (SOTA) already reaches a performance almost competitive with
humans (cf. Chapter 4). However, despite these impressive improvements brought by
DL, it remains unclear if VOA models reason (in Chapter 2, we provide our definition of
“reasoning”). More precisely, we observe that these models lack robustness and are brittle
to many kinds of variation in the data. As an illustration, replacing a single question’s
word by a synonym can potentially have a dramatic impact on the predicted answer.
In fact, we will show in Part II, that the performance drops as soon as the evaluation
domain slightly deviates from that of training. This phenomenon is due to the fact that DL
models tend to capture spurious correlations found in the training data (also called biases),
which do not align with the task’s objective. This so-called shortcut learning (Geirhos et al.
2020) is characteristic of DL, but the wide diversity of concepts covered by VOA makes it
particularly sensitive to it. Figure 1.2 provides two examples of shortcuts learned by the
VQA baseline method UpDn (Anderson et al. 2018). In Figure 1.2a, the baseline wrongly
predicts that a “mirror” is on the wall, because it is infrequent to have a “star” on the wall
in the training corpus. Similarly, in Figure 1.2b, the baseline fails to predict that the shirt
is brown because the training contains a larger amount of blue shirts. Thereby, before being
a “visual turing test”, VOA can be seen as a test-bed for studying shortcut learning in DL.

ON THE IMPORTANCE OF STUDYING SHORTCUTS Beyond the question of reasoning
in VOA, shortcut learning potentially leads to the emergence of weak DL models, lacking
robustness against many types of variation in the data. This can be problematic for certain
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(a) “What is on the wall?” — UpDn: A mirror. In (b) “Is the shirt brown or blue?” — UpDn: Blue. In
the corpus, it is more frequent to find a mirror the corpus, shirts are more likely to be blue
on the wall rather than a star. than brown.

Figure 1.2 - VQA models — here, the UpDn baseline (Anderson et al. 2018) — are notorious
for exploiting biases in datasets to find shortcuts instead of performing high-level
reasoning. Reproduced from: GQA dataset (Hudson et al. 2019b).

applications, e.g. if the model’s predictions are used to make critical decisions. Further-
more, shortcut learning tends to exaggerate biases present in the training data. While
some of them are useful, others can be particularly harmful. Thus, such algorithmic biases
can have negative impacts on our society, raising ethical questions. As an illustration,
Buolamwini et al. (2018) demonstrate how gender classification models can be affected
by social biases in the training data, leading to discriminative decisions. Closer to VQA,
in their paper called Women also Snowboard, Hendricks et al. (2018) point out the gender
discrimination found in the predictions of image captioning models. Therefore, it seems
to be of prime importance to better to evaluate and analyse shortcuts in DL in order to
better understand them and mitigate their influence. In this thesis, we propose to address
this question through the VOA task.

EVALUATE ®ANALYSE *IMPROVE In light of these problems, we propose to address
several aspects of VOA under the motto evaluate, analyse, improve. Evaluate, because
DL progress is driven by benchmarks, and we think that it is a priority to set up VOA
evaluation methods able to quantify the amount of shortcuts learned by a model. Analyze,
because evaluation metrics only provide one view of a much more complex system, it
is essential to conduct analyses in order to better diagnose strengths and weaknesses of
VOQA models and to enhance their interpretability. Improve, because our ultimate goal is to
come up with better models, more robust against shortcut learning, we draw conlusion
from our evaluations and analyses in order to improve the models.
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1.2 CONTRIBUTIONS OF THE THESIS
1.2.1  Organization of the manuscript

The manuscript is organized as follows. Part I provides the background necessary for
the reader to understand our work. Then, Part II, Part III, and Part IV, introduce the
contributions of this thesis.

PART I (BACKGROUND) provides the background knowledge required to understand
the contributions introduced in the thesis. It includes an overview of the DL approaches
for vQA, and a discussion on the notion of reasoning and shortcut learning in DL. We
assume that the reader is already familiar with DL and neural networks (cf. Goodfellow
et al. (2016)). — Chapter 2 and Chapter 3.

ParT II (EVALUATE) focuses on the evaluation of VOA models. More precisely, we
wonder: can we measure the reasoning ability of VOA models? This part begins with a compre-
hensive study of popular datasets and benchmarks used in VQA, with a critical review
of their strengths and weaknesses. We show that the standard evaluation metric (i.e. the
overall accuracy) is not sufficient to measure the robustness against many kinds of varia-
tions (linguistic reformulations, visual editions, distribution shift, etc.), which is related to
the reasoning capacity. Hence, we introduce GQa-00D, a benchmark devised to evaluate
VOA models in Out-Of-Distribution (OOD) setting. We experimentally demonstrate that
SOTA VQA models — even those specifically designed for bias reduction — fail in our OOD
setting. — Chapter 4 and Chapter 5

Part III (ANALYZE) complements the evaluation with an extensive analysis of rea-
soning and bias exploitation in VOQA. Resulting from a collaboration with Théo Jaunet — a
PhD candidate working on explainable Al with data visualization — we develop VisQA,
an interactive tool targeting the instance-based analysis of the attention mechanisms
learned by a SOTA Transformer-based VOA model. In addition, we extend VisQA with
a dataset-level analysis. In particular, we propose to study the emergence of reasoning
patterns in the attention maps learned by a perfect sighted model (fed with ground truth
visual input) and compare it with the standard setting. We experimentally demonstrate
that the oracle model more easily learns to relate attention to the task at hand, suggesting
a better reasoning. — Chapter 6 and Chapter 7.

PAarT IV (IMPROVE) draws conclusions from the evaluate and analyze parts and pro-
poses to improve the VOA model performances. Two directions are explored: (1) supervis-
ing the reasoning trough additional objective losses, and (2) transferring the knowledge
learned by an oracle with perfect sight to a deployable model. We provide experimental
and theoretical evidences demonstrating the effectiveness of these approaches, as well as
their complementary. — Chapter 8 and Chapter o.

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2021LYSEI101/these.pdf
© [C. Kervadec], [2021], INSA Lyon, tous droits réservés


https://theo-jaunet.github.io/

Roses are red, violets are blue... VisQA: X-raying Visi.on ?nd
But should VQA expect them to? Language Reasonlng_l?
@CVPR’21 Transformers @IEEE Vis’21
Chapter 6
Chapter 5 Part Il
Analyse
Part I| y
Evaluate Chapter 7
How Transferable are
Chapter 9 e—— Reasoning Patterns in
VQA? @CVPR’21
Chapter 8
Part IV Weak Supervision helps
Supervising the Transfer of | Emergence of Word-Object
Reasoning Patterns in VQA mprove Alignment and improves Vision-
@NeurlPS’21 language Tasks @ECAI'20

Figure 1.3 — Organization of the manuscript

1.2.2  List of publications

This manuscript is based on the material published in the following papers (Figure 1.3
shows where the papers are localized in the thesis):

¢ Corentin Kervadec, Grigory Antipov, Moez Baccouche, and Christian Wolf (2021b). “Roses
Are Red, Violets Are Blue... but Should Vqga Expect Them To?” In: Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR) - Chapter 5;

® Theo Jaunet, Corentin Kervadec, Romain Vuillemot, Grigory Antipov, Moez Baccouche, and
Christian Wolf (2021). “VisQA: X-raying Vision and Language Reasoning in Transformers”.
In: IEEE Transactions on Visualization and Computer Graphics (TVCG) - Chapter 6;

* Corentin Kervadec, Theo Jaunet, Grigory Antipov, Moez Baccouche, Romain Vuillemot, and
Christian Wolf (2021c). “How Transferable are Reasoning Patterns in VQA?”. In: Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR) - Chapter 7
and Chapter o;

* Corentin Kervadec, Grigory Antipov, Moez Baccouche, and Christian Wolf (2019). “Weak
Supervision helps Emergence of Word-Object Alignment and improves Vision-Language
Tasks”. In: European Conference on Artificial Intelligence (ECAI) - Chapter 8;

¢ Corentin Kervadec, Christian Wolf, Grigory Antipov, Moez Baccouche, and Madiha Nadri
(2021d). “Supervising the Transfer of Reasoning Patterns in VQA”. in: Advances in Neural
Information Processing Systems (NeurIPS) - Chapter 8 and Chapter 9.
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1.2.2.1  Software and dataset contributions

The work conducted in this thesis has contributed to the following list of software and
released dataset:

* GQA-00D: a benchmark devised to evaluate VOA in OOD setting and introduced in
Chapter 5. It is publicly available at https://github.com/gga-0od/GQA-00D.

* VisQA: a visual analytic tool that explores the question of reasoning vs bias
exploitation in VOA models, introduced in Chapter 6 and publicly available at
https://visqa.liris.cnrs.fr. It is the fruit of a collaboration with Théo Jaunet, a
PhD candidate working on explainable AI with data visualization.

1.3 INDUSTRIAL CONTEXT

This thesis is part of an academia-industry collaboration between INSA Lyon and
Orange Innovation (the R&D division of the telecommunication company Orange). As a
telecommunication operator handling tons of data every day, Orange is highly interested
in the automatic understanding methods based on Machine Learning (ML). In particular,
this thesis was initiated by the Multimedia contents Analysis technologieS (MAS) research
team of Orange, conducting research on various ML-related topics, such as face recognition
(identity, gender, age, etc.), and speech analysis (e.g. automatic speech recognition, speaker
recognition and diarization). In this context, conducting research on VQA allows to build
an expertise on the automated processing of multimodal content — here, image and text
— which can be used for various purposes, such as language-based image indexation or
multimodal chatbots to improve the customer experience. Furthermore, Orange is also
sensitive to the ethical issues of the use of Al. With the intention of building algorithms
respectful towards individuals - e.g. without social biases — it is essential for Orange to
better understand how DL is impacted by shortcut learning.
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BACKGROUND: VQA & REASONING
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CHAPTER

REASONING VS. SHORTCUT LEARNING

2.1 AN ATTEMPT TO DEFINE “REASONING”

In this thesis, we want to address the problem of automated reasoning. More precisely, we
target the VOA task where an agent has to predict answers to questions posed over images.
In order to fulfill the task, the agent is required to master several skills. Among them,
there are perception skills, e.g. recognizing an object and its attributes, or recognizing
words. But this is not sufficient to solve VOA. In addition to that, the agent is also required
to compare, relate, solve logical entailment, etc. Naturally, the first word coming to our
mind to describe this set of skills is the ability to “reason”.

What does it mean to “reason”? While it is common to say that a neural network reasons,
we rarely take the time to think about what it really means. At the risk of deceiving the
reader, this chapter is not intended to provide an exact definition of “reasoning”. This
would require knowledge and expertise going far beyond the scope of this thesis. At
the same time, it would be dishonest to dismiss the question and continue to use a term
whose lack of definition leaves too much room for interpretation. That is why, this chapter
is our modest attempt to define — or, at least, provide cues on what is — “reasoning”. In
order to narrow the question, we propose to focus on DL, and in particular we try to
explain what we mean by “reasoning” in the context of VOA.

2.2 REASONING, INDUCTION AND INTELLIGENCE

Reasoning is the deduction of inferences or interpretations from premises.

— Wiktionary (2021)

A plausible definition of "reasoning” could be "algebraically manipulating previously acquired
knowledge in order to answer a new question”.

— Bottou (2014)

While elegant and concise, these definitions do not provide much information on what
“reasoning” means. What should be the nature of the inferences and interpretations? What

are the conditions such that a knowledge manipulation causes “reasoning”? It seems
realistic to think that “reasoning” only appears under certain conditions.

11
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INDUCTION AND INTELLIGENCE In DL, we conjecture that “reasoning” is related to
“induction” and “intelligence”. Beforehand, let us define a close friend of the “induction”,
namely “deduction”:

“Flowers have petals, a rose is a flower, so every rose has petals”

The statement above is a “deductive reasoning”, where a conclusion (“every rose has petals”)
is inferred from premises (“flowers have petals” and “a rose is a flower”). It is a top-down
logic, then the validity of the reasoning depends on the quality of the premises. However,
it is generally not possible to learn those premises in DL. Neural networks only have
access to a restricted set of i.i.d. data samples, which is only partially representative of
the infinite variations of the real world. In that context, instead of performing top-down
“deduction”, DL leverages bottom-up “induction”. Let us take a new example:

“This rose has thorns, the next rose has thorns, another rose has thorns. So all roses
have thorns” *

This does correspond to the main steps of reasoning involved in “induction”. Unlike
“deduction”, the conclusion of an “inductive” reasoning is probable rather than certain. Is
that a problem? We think it is not, because it corresponds to the mechanism involved
in experimental sciences, as shown by Popper (1934). This line of thought has led to
discoveries like Newton’s second law, relativity, and the standard model of physics.
However, as seen in the example below, it can lead to wrong theories:

“This rose is red, the next rose is red, another rose is red. So all roses are red”

This type of spurious induction is called a “shortcut” (Geirhos et al. 2020) (see Section 2.4).
As a consequence, Induction as a principle of finding truth does not consistently lead to
either all false or all true statements; The quality of the result depends on various factors,
including the data from which the conclusions are derived, and the algorithm itself.

Therefore, it might be relevant to relate “inductive reasoning” to the faculty of intelligence.
Legg et al. (2007) survey numerous definition of “intelligence” and propose their own
version:

Intelligence measures an agent’s ability to achieve goals in a wide range of environments.
— Legg et al. (2007)

In that context, “intelligent reasoning” denotes the process of organizing inference and
interpretations in a way that it generalizes to multiple settings and across various envi-
ronments. Thereby, it appears that “reasoning” requires “scaling to ever-larger search spaces
and understanding the world broadly” (Bommasani et al. 2021), hence implying properties
such as consistency, causality, or compositionality.

2.3 THE MANY FACES OF “REASONING”

The previous definitions remain vague, and are hardly usable in practice. Bottou (2014)
tells us that rather than searching for a unique definition of “reasoning”, it might be more
fruitful to consider the many faces of “reasoning”. It defines different types of reasoning,
from which we find: first order logic reasoning, probabilistic reasoning, causal reasoning,
or even social reasoning.

1. Because we are not botanist, we still believe that all roses do have thorns ©.
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FIRST ORDER LOGIC REASONING is probably the first facet of reasoning which comes
to mind. In few words, first order logic is a powerful mathematical tool allowing to derive
logical inference between subjects and predicates. However, there is strong evidence that
the human brains do not perform only that type of reasoning. For instance, first order
logic is not expressive enough to describe all the nuance of natural language (Bottou 2014).
Moreover, the discrete nature of first order logic leads to an expensive computation cost
because it generally involves large combinatorial searches.

PROBABILISTIC REASONING treats the problem by manipulating conditional probabil-
ity distributions. This is the type of reasoning which is typically used in ML. Contrary
to first order logic, the continuous nature of probability distributions allows to reduce
the computation cost, by using probability theory tools such as Bayesian inference. In
addition, it makes possible to reason under uncertainty, which is inevitable when dealing
with real-world data.

CAUSAL REASONING highlights one of the major limitation of probabilistic reasoning.
Let us consider the correlation between “it is raining” and “people are carrying umbrellas”. In
the context of probabilistic reasoning, this correlation is predictive: if “people are carrying
umbrellas”, it is highly probable that “it is raining”. However, the probabilistic framework
does not tell us about the effect of an intervention: if “it is raining” but “people throw
away their umbrellas”, is it still raining? Answering this question requires to model the
relation of causality between premises. Here, it is the rain which causes people to carry
an umbrella, and not the inverse. Pearl et al. (2000) propose to counteract this issue with
causal inference. More precisely, it defines a three-level abstraction called the ladder of
causation. The first step, “association”, consists in modelling correlations between events,
this is what is done in probabilistic reasoning. The second step, “intervention”, requires
modeling the conditional probability distribution of the effect of an intervention (cf. the
previous example involving umbrellas). Finally, the third step, “counterfactual”, indicates
a full comprehension of the causal relationships, such that it is possible to predict what
would have been the present state considering an alternate version of a past event (e.g. “if
it was snowing instead of raining, what people would have done?”). Recently, DL approaches
try to adopt insights from causal inference, e.g. in vision-language understanding (Teney
et al. 2020a) or in counterfactual learning of physics (Baradel et al. 2019).

From a human point of view, “reasoning” might not always be rational. Thereby, we
can also cite other forms of reasoning, which move away from a mathematical point of
view but, in a way, come closer to human reasoning. Even if it is out of the scope of this
thesis, commonsense and social reasoning are essential when designing an agent able to
reason in the real world.

COMMONSENSE REASONING is a form of reasoning allowing to make presumptions
about the type and essence of ordinary situations humans encounter every day (Wikipedia
2021). This implies the ability to make intuitive judgments about the nature of physical
objects (e.g. a dropped object falls straight down, a solid object cannot pass through
another solid object, etc.), taxonomic properties, and peoples’ intentions. Therefore,
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LS §

(A) Cow: 0.99, Pasture: 0.99, (B) No Person: 0.99, Water: 0.98, (C) No Person: 0.97, Mammal:
Grass: 0.99, No Person: 0.98, Beach: 0.97, Outdoors: 0.97, 0.96, Water: 0.94, Beach: 0.94,
Mammal: 0.98 Seashore: 0.97 Two: 0.94

Figure 2.1 — [llustration of shortcut learning in an image recognition algorithm. We observe that it
generalizes poorly to a new environment. While the cow in ‘common’ contexts (e.g.
Alpine pastures) is detected and classified correctly (A), cows in uncommon contexts
(beach, waves, and boat) are not detected (B) or classified poorly (C). Reproduced
from: Beery et al. (2018)

commonsense reasoning differs from first order logic, probabilistic or causal reasoning
as it relies more on intuition and human psychology rather than on modelling relations
(logical, probabilistic or causal) between events. At the same time, this form of reasoning
is highly desirable when designing an agent to “think like humans”, e.g. if its purpose is to
assist people (a chatbot for instance).

SOCIAL REASONING is related to the ability to change its viewpoint. Placing oneself
in somebody else’s shoes generally induces changes in the way we perceive the world
and human intentions (Bottou 2014). As an illustration, the fact that different cultures
do not necessarily share the same representation of the world (Descola 2013) (e.g. the
representation of color) might be an evidence that human reasoning is subjective. This
form of reasoning might be useful in the context of modeling social interactions.

These definitions are not completely satisfying, as they cannot fully describe the way
humans reason. In any case, human reasoning displays neither the limitations of logical
inference nor those of probabilistic inference (Bottou 2014). However, this set of definitions
provides a useful tool for evaluating and designing reasoning algorithms.

2.4 REASONING AS THE OPPOSITE OF SHORTCUT LEARNING

In the context of DL, it is simpler to define “reasoning” by what it is not. In particular,
in this thesis, we define “reasoning” as the opposite of exploiting biases and spurious
correlation in the training data.

SHORTCUTS AND BIASES  Mitchell (1980) define the term “bias” to refer to “any basis for
choosing one generalization over another, other than strict consistency with the observed training
instances”. In this work, we abusively refer to “bias” as the bad ones, i.e. a generalization
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Figure 2.2 — Taxonomy of decision rules. We propose to define reasoning as the ability to learn
intended features, i.e. decision rules which perform well in both training, in-distribution
test and out-of-distribution test sets. Reproduced from: Geirhos et al. (2020)

choice which does not generalize to unseen settings. More precisely, our definition of
bias exploitation is aligned with the notion of “shortcut learning” introduced by Geirhos
et al. (2020): “decision rules that perform well on standard benchmarks but fail to transfer to
more challenging testing conditions”. This can be related to the “simplicity bias” (Shah et al.
2020), referring to the tendency of models trained with Stochastic Gradient Descent (SGD)
(and its variants) to find simple approximations. Paradoxically, it is considered at the
same time as a reason for the success of neural nets generalization but also as a cause for
their lack of robustness. In few words, the “simplicity bias” explains why neural nets tend
to exclusively rely on the simplest features while ignoring the complex ones, leading to
decision rules which depend on biases found in training data rather than on a complex
reasoning.

CONSEQUENCES OF SHORTCUT LEARNING As an illustration, Figure 2.1 shows an
image recognition algorithm which have learned to detect the presence of a cow depending
on the context (e.g. the background) rather than on the animal’s characteristics. When
evaluated on uncommon contexts, such as a cow in the water or on the beach, this
recognition algorithm fails to generalize. Furthermore, as already mentioned in Chapter 1,
shortcuts also raise ethical concerns. For instance, Buolamwini et al. (2018) alert on the
tendency of gender classification models to be affected by social biases in the training
data. Similarly, in the context of vision and language understanding, Hendricks et al.
(2018) demonstrate that image captioning models learn gender discriminatory decision
rules. This reinforces the stakes of the study of reasoning vs shortcut learning in DL.

00D EVALUATION Therefore, we propose to define “reasoning” following the decision
rules taxonomy introduced by Geirhos et al. (2020) (cf. Figure 2.2). In particular, we refer
to “reasoning” as the process leading to the intended solution, i.e. a decision rule which
performs well on the training set, in-distribution and all relevant OOD test sets. In that
context, OOD evaluation — which consists in pushing the evaluation beyond i.i.d. examples
— can be viewed as an effective way to measure shortcut exploitation vs reasoning. That

15

Cette thése est accessible a I'adresse : http://theses.insa-lyon.fr/publication/2021LYSEI101/these.pdf
© [C. Kervadec], [2021], INSA Lyon, tous droits réservés



is why, we propose in Chapter 5 the GQa-00op benchmark, devised to evaluate the OOD
performance of VOA models.

However, we have to keep in mind that defining “reasoning” as the opposite of “shortcut
learning” is also not completely satisfying. It is quite possible that, at some point, a
DL model performs something which is neither “reasoning” nor exploiting shortcuts.
Nevertheless, as we will show in Part II and Part III, detecting shortcut exploitation is an
effective way to evaluate reasoning.

2.5 VQA: A VISUAL REASONING TASK?

VQA is often understood as a proxy task for evaluating the “reasoning” ability of artificial
agents on vision and language inputs (Geman et al. 2015). Indeed, this task requires to
understand a visual scene at both general and fine-grained levels. Moreover, it involves
skills such as object and attribute recognition, transitive relation tracking, spatial reasoning,
logical inference and comparisons, counting or memorizing (Hudson et al. 2019b). More
importantly, VOA stands out from other visual understanding tasks because the question
to be answered is not determined until run time: VOA models have to adapt the reasoning
to the task at hand, by reading the question. Thus, solving VOA might require a general
reasoning model able to process a wide variety of questions. This recalls one of the
reasoning properties we gave, namely the fact that “reasoning” implies to “generalizes to
multiple settings and across various environments”.

LIMITATIONS The popularity of VOA is probably due to practical reasons. As the
questions” answers generally contain a few words only, it is easy to automatically evaluate
models on million of examples. However, VOA also suffers from several limitations,
hindering its ability to evaluate “reasoning”. First, VOA evaluation is actually not as easy
as it seems: naively measuring the prediction accuracy tends to favor models relying
on shortcuts instead of reasoning (in Part II we propose a new evaluation method to
counter this issue). Second, the variant of “reasoning” addressed in VOA is limited, and
not comparable with human capacities. Indeed, it mostly involves probabilistic and
common-sense reasoning. Causal reasoning has only been recently introduced (Shah
et al. 2019; Agarwal et al. 2020), and is still at an exploration stage. Social reasoning is
absent: VOA databases are mostly representative of the occidental culture and based on
the English language. Nevertheless, we do think that VOA is a preliminary and necessary
step paving the way for the emergence of intelligent reasoning systems.
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CHAPTER

VISUAL QUESTION ANSWERING

3.1 CONTEXT: VISION-AND-LANGUAGE UNDERSTANDING

VOA (Antol et al. 2015) consists in predicting the answer to questions asked about an
input image. Answering the questions requires a wide variety of skills: finding relations,
counting, comparing colors or other visual features, materials, sizes, shapes, etc. Thereby,
VOQA lies in vision and language understanding, a broad area that can take several forms at
many levels of granularity. At the same time, it is also a reasoning task (cf. Chapter 2).

3.1.1  Vision and language tasks

Some vision and language tasks focus on matching problems, as for instance Image
Retrieval, which requires finding the most relevant image given a query sentence (Karpathy
et al. 2015a; Lee et al. 2018). The inverse problem — namely Sentence Retrieval — has
also been explored (Karpathy et al. 2015a). A similar task with finer granularity is
Visual Grounding, where the model must associate image regions to words or sentences
(Kazemzadeh et al. 2014; Plummer et al. 2015). Other tasks require more high-level
reasoning over images and sentences, which, in general, requires multi-modal interactions
but also the ability to compare, count or find relations between objects in the image. We
can cite VOQA, but also the binary task of Language-driven Comparison of Images, which takes
as input triplets (img, img, sentence) and requires predicting whether the sentence truly
describes the image pair (Suhr et al. 2019), or the visual entailment task (Xie et al. 2019),
where the goal is to predict whether the image semantically entails the text.

Finally, some tasks involve the generation of one modality from the other. Image
captioning consists in translating an image into text (Lin et al. 2014). Other tasks aim to
generate questions about an image (Li et al. 2018). Inversely, it is also possible to generate
an image from a caption (Mansimov et al. 2016; Ramesh et al. 2021).

3.1.2 Reasoning tasks

VOA is also a reasoning task (cf. Chapter 2). As such, it can be compared to the task
defined by the Stanford Question Answering Dataset (SQuAD) (Rajpurkar et al. 2016),
which contains 100K questions posed by crowd workers on a set of Wikipedia articles, as
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(a) Question-answer pairs for a sample passage in the (b) Measuring abstract reasoning in the
SQuAD dataset. Reproduced from: Rajpurkar et al. form of Raven’s Progressive Matrices.
(2016). Reproduced from: Barrett et al. (2018).

Figure 3.1 — Example of two other reasoning tasks: (a) textual question answering and (b) abstract
reasoning.

shown in Figure 3.1a. However, at contrary to VOA, SQuAD only contains text. Embodied
Question Answering (Das et al. 2018) goes further than VOA by allowing the model to
interact with is environment while answering the question. An agent is spawned at
random in a 3D environment, and has to move and interact with it to answer questions
such as “what color is the fish tank?”. This addresses a more realistic type of reasoning,
where interaction is as much important as perception. Similarly, the ALFRED (Shridhar
et al. 2020) dataset combined an interactive visual environment with natural language
directives. Another direction of work focuses on abstract reasoning, taking inspiration
from human IQ tests. As an illustration, the benchmarks devised by Barrett et al. (2018)
and Chollet (2019) are both variants of Raven’s Progressive Matrices (see Figure 3.1b),
where the model has to predict complex sequences under various generalization settings.

3.2 VQA DATASETS

Progress on VOA has been driven by the existence of large-scale datasets. One of the first
large-scale datasets was VQAv1 (Antol et al. 2015) with ~ 76K questions over 25K realistic
images. It started a new task, but was soon found to suffer from biases. Goyal et al. (2017)
pointed to strong imbalances among the presented answers and proposed the second
(improved) version: VQAv2. Johnson et al. (2017) introduced the fully synthetic CLEVR
dataset, designed to evaluate reasoning capabilities. Its strong point is its detailed and
structured annotation. In Hudson et al. (2019b), CLEVR is adapted to real-world images
resulting in the automatically created GQA dataset (1.7M questions), offering a better
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Figure 3.2 — Schematic illustration of the standard VQA pipeline in earlier work of the literature.
In this line of work, the pipeline is decomposed into separate models processing the
image, the question, the multimodal fusion and the answer classification. Recent
works move towards holistic approaches, where the frontiers between these models
are less pronounced (cf. Figure 3.9).

control on dataset statistics. We let the reader refer to Chapter 4 to get a comprehensive
overview of the corpora and benchmarks used in VOA.

3.3 DISSECTING THE VQA PIPELINE

We now describe the standard VOA pipeline, taking as input an image-question pair
and returning the predicted answer. Usually, the VOA problem is formalized as follows.
Given a visual input v and a question g, the predicted answer §j can be written as:

A

§ = argmax pe (ylv,q) (3.1)

where O is the set of model parameters and y is the ground truth answer taken in the dic-
tionary A. As illustrated in Figure 3.2, early work in vision and language understanding
focused on separate models for each modality, followed by multi-modal fusion. We will
see that recent approaches move toward holistic architectures where both modality are
jointly learned (see Figure 3.9).

3.3.1 Processing the question

The input question is processed using NLP methods. For instance, one can translate
word’s tokens into numerical representation using pre-trained embedding — such as
word2avec (Mikolov et al. 2013) or GloVe (Pennington et al. 2014) — which contains a
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(a) Grid-level features (b) Object-level features

Figure 3.3 — Images can be represented in two ways: (a) grid-level, where the image is uniformly
paved following a grid structure; or (b) object-level, when the image is decomposed
into semantic objects. Reproduced from: Anderson et al. (2018).

semantic representation of the words. Thereafter, in early work, a recurrent neural
network — such as LSTM (Hochreiter et al. 1997) or GRU (Cho et al. 2014) — is used
to encode the whole sentence into a unique representation. More recently, pre-trained
BERT-like (Devlin et al. 2019) models are directly plugged to the VOA architecture to
replace those standard words embeddings and recurrent networks.

3.3.2 Processing the image

Similarly, the image is processed using CV methods. As shown in Figure 3.3, two main
approaches are used: grid-level and object-level.

GRID-LEVEL FEATURES As in Xu et al. (2015), early work employs a Convolutional
Neural Network (CNN) to extract features from the image. In particular, the use of a
ResNet (He et al. 2016) pre-trained on Imagenet (Deng et al. 2009) is a popular option. We
call them grid-level features as they uniformly pave the image, as shown in Figure 3.3a.

OBJECT-LEVEL FEATURES The Bottom-Up Top-Down architecture (UpDn) (Anderson
et al. 2018) introduces the use of object level features for VOA and image captioning.
As shown in Figure 3.3b, this type of features is computed for objects and salients
regions of the images, which are obtained using a pre-trained object detector such as
Faster-RCNN (Ren et al. 2015). More recently, Zhang et al. (2021) propose an improved
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