Methods and Applications for
Multimodal Conversational
Models

Von der Fakultat Informatik, Elektrotechnik und Informations-
technik der Universitét Stuttgart zur Erlangung der Wiirde
eines Doktors der Naturwissenschaften (Dr. rer. nat.)
genehmigte Abhandlung

Vorgelegt von
Mohamed Adnen ABDESSAIED

aus Enfidha, Tunesien

Hauptberichter: Prof. Dr. Andreas BULLING
Mitberichter: Prof. Dr. Marcus ROHRBACH
Mitberichter: Prof. Dr. Mohamed ELHOSEINY

Tag der mundlichen Prifung: 29.04.2025

Collaborative Artificial Intelligence (CAI)
Institut fiir Visualisierung und Interaktive Systeme (VIS)
Universitiat Stuttgart
2025


http://adnenabdessaied.de
https://perceptualui.org/people/bulling/
https://www.informatik.tu-darmstadt.de/mai/multimodal_ai/people_mai/teamdetails_136768.en.jsp
https://www.kaust.edu.sa/en/study/faculty/mohamed-elhoseiny
https://collaborative-ai.org/
https://www.vis.uni-stuttgart.de/
https://www.uni-stuttgart.de/




PRUFUNGSAUSSCHUSS

Vorsitzender: Prof. Dr. Thang Vu, Universitiat Stuttgart
Hauptberichter: Prof. Dr. Andreas BULLING, Universitdat Stuttgart
Mitberichter: Prof. Dr. Marcus ROHRBACH, TU Darmstadt
Mitberichter: Prof. Dr. Mohamed ELHOSEINY, KAUST


https://www.ims.uni-stuttgart.de/institut/team/Vu-00002/
https://perceptualui.org/people/bulling/
https://www.informatik.tu-darmstadt.de/mai/multimodal_ai/people_mai/teamdetails_136768.en.jsp
https://www.kaust.edu.sa/en/study/faculty/mohamed-elhoseiny




“If learning the truth is the scientist’s goal, then he must
make himself the enemy of all that he reads.”

Ibn Al-Haytham - the father of modern optics
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Abstract

The domain of Vision-and-Language (VL) learning has experienced
remarkable success across a multitude of tasks such as Visual Ques-
tion Answering (VQA), Video Question Answering (VideoQA), image
captioning, image-text retrieval, and video-text retrieval. Conversely,
their considerably more challenging conversational counterparts,
such as visual/ image1 and video dialog, received considerably less
attention. Furthermore, methodologies addressing these conversa-
tional tasks have evolved in isolation from one another, despite their
evident similarities.

This thesis aims to address these shortcomings by (1) introducing
novel Dialog State Tracking (DST) approaches to further elevate the
state-of-the-art performance across various multimodal conversa-
tional benchmarks, and (2) presenting efficient methodologies for
unifying the widely utilized tasks of visual and video dialog.

We introduce the first neuro-symbolic method tailored for multi-
modal dialog. While this class of hybrid models has demonstrated
substantial potential in single-round tasks such as question an-
swering, its suitability for multimodal conversational tasks and DST
remains insufficiently explored. Specifically, alongside the introduc-
tion of a novel Domain Specific Language (DSL) for CLEVR-Dialog,
we propose a dynamic knowledge base that monitors the evolution/s-
tate of the dialog, coupled with two parsers that translate natural
language questions into programs within said DSL. This methodol-
ogy has proven effective for tasks characterized by predefined logic
and a constrained vocabulary, such as CLEVR-Dialog and Minecraft-
Dialog, achieving near-perfect performance. Nevertheless, due to
its neuro-symbolic nature, this paradigm encounters limitations in

'We use "visual dialog" and "image dialog" interchangeably in this dissertation.



generalizing seamlessly across diverse datasets and tasks for which
it is not feasible to construct a comprehensive DSL.

In response, the second part of this thesis focuses on enhancing
conversational models through multiple differentiable DST mecha-
nisms that can be trained end-to-end. Contrary to prior research
which predominantly examined unimodal tracking mechanisms, we
advocate for transitioning to a multimodal framework to adequately
address the challenges presented by current multimodal conversa-
tional benchmarks. Initially, we propose to independently track the
visual and language modalities using continuous vectors aggregated
by attention-based mechanisms, which can be seamlessly integrated
into pre-trained Large Language Models (LLMs).

Although this strategy yields promising outcomes on synthetic
datasets such as DVD and SIMMC, it encounters scalability chal-
lenges with more complex real-world datasets that encompass a
broader range of input modalities, such as VisDial and AVSD. To ad-
dress this, we introduce more sophisticated multimodal Graph Neural
Network (GNN) based state tracking modules aimed at augmenting the
hidden state representations of LLMs to better handle such datasets.

Our preliminary efforts utilize static graph topologies constructed
separately for each input modality. While this approach is feasible
for datasets where ad hoc graphs can be computed, it fails when
such graphs cannot be predetermined. In order to mitigate this
limitation, we propose a more universal method whereby both the
graph topologies and their node embeddings are concurrently learned.
Notably, both approaches succeeded in achieving new state-of-the-
art results across a wide range of benchmarks, including VisDial,
VisDialPro, VisDialConv, and AVSD.

Finally, in the last part of the thesis, we present the first generative
model designed to unify video and visual dialog. Our methodology
leverages multimodal experts that facilitate the joint learning of spatial
and temporal features in images and video input data. Moreover, we
investigate the potential of cross-learning benefits between the promi-
nent video and visual datasets of AVSD and VisDial. Our findings
indicated significant potential in addressing both tasks collectively,
surpassing recent strong baselines in both zero-shot and fine-tuning
contexts.
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Zusammenfassung

Das Gebiet von Vision-and-Language-Learning hat beeindruckende
Erfolge bei einer Vielzahl von multimodalen Aufgaben erzielt, wie zum
Beispiel Bild/Video-basierte Fragebeantwortung, Bild-Text-Retrieval,
und Bildbeschriftung. Im Gegensatz dazu erhielten die anspruchs-
volleren dialogbasierten Aufgaben, wie Bild/Video-basierte Dialoge,
deutlich weniger Aufmerksamkeit. Dartiber hinaus haben sich die
Methoden, die sich mit diesen dialogbasierten Aufgaben befassen,
trotz ihrer offensichtlichen Gemeinsamkeiten unabhéngig voneinan-
der entwickelt.

Diese Dissertation zielt darauf ab, diese Schwachen zu mindern,
indem (1) neuartige Anséatze vorgestellt werden, um die Leistung von
modernen Modellen in verschiedenen multimodalen dialogbasierten
Benchmarks weiterzusteigern, und (2) geeignete Losungen einge-
fihrt werden, um die weitverbreiteten Aufgaben der Bild und Video-
basierten Dialoge zu vereinheitlichen.

Im ersten Teil dieser Dissertation, stellen wir die erste neuro-
symbolische Methode fiir multimodale Dialoge vor. Insbesondere
haben wir neben der Einfiihrung einer neuartigen doméanenspezifis-
chen Sprache (DSL) far CLEVR-Dialog eine dynamische Wissensba-
sis vorgeschlagen, die den Verlauf/Zustand des Dialogs tiberwacht,
sowie zwei Parser, die Sprachfragen in Programme der vorgeschla-
genen DSL tibersetzen. Diese Methodik hat sich bei Aufgaben mit
vordefinierter Logik und begrenztem Vokabular, wie CLEVR-Dialog
und Minecraft-Dialog, als effektiv erwiesen und erzielte somit na-
hezu perfekte Ergebnisse. Aufgrund ihrer neuro-symbolischen Natur
stof3t dieses Paradigma jedoch an Grenzen, wenn es auf reale Daten-
sitze angewendet wird, bei denen eine vollstdndige DSL unmoglich
zu konstruieren ist.



Als Antwort darauf konzentriert sich der zweite Teil dieser Dis-
sertation auf die Verbesserung von dialogbasierten Modellen durch
verschiedene differenzierbare Dialogzustandsverfolgungsmechanis-
men, die End-to-End trainiert werden kénnen. Zunachst schla-
gen wir vor, die visuellen und sprachlichen Modalititen unabhangig
voneinander mithilfe kontinuierlicher Vektoren zu verfolgen, die durch
Attention-basierende Mechanismen aggregiert werden und nahtlos in
vortrainierte grofse Sprachmodelle (LLMs) integriert werden kénnen.
Diese Strategie zeigte vielversprechende Ergebnisse auf synthetischen
Datensitzen wie DVD und SIMMC. Allerdings stief3 sie bei komplex-
eren realen Datensatzen mit einer Vielzahl von Eingabemodalitéten,
wie VisDial und AVSD, auf Skalierungsprobleme.

Um dieses Problem zu 16sen, fihrten wir multimodale GNN-basierte
Zustandsverfolgungsmodule ein mit dem Ziel, die versteckten Zus-
tandsreprasentationen von LLMs zu erweitern, um solche Daten-
sdtze besser zu handhaben. Unsere ersten Ansatze nutzten statis-
che Graphentopologien, die fiir jede Eingabemodalitidt separat kon-
struiert wurden. Wahrend dieser Ansatz fir Datensatze mit leicht
ad hoc berechenbaren Grpahen praktikabel ist, versagt er, wenn
solche Graphen nicht vorab bestimmt werden kénnen. Um diese Ein-
schriankung zu tiberwinden, schlugen wir eine universellere Methode
vor, bei der sowohl die Graphentopologien als auch ihre Knoteneinbet-
tungen gleichzeitig gelernt werden kénnen. Beide Anséatze erzielten
neue Bestleistungen in einer Vielzahl von Benchmarks, darunter
VisDial, VisDialPro, VisDialConv und AVSD.

SchlieBlich prasentierten wir im letzten Teil der Dissertation das
erste generative Modell, das Bild- und Video-basierte Dialoge vere-
inheitlicht. Unsere Methodik beruht auf multimodalen Experten, die
das gemeinsame Lernen rdumlicher und zeitlicher Merkmale von
Bildern und Videos erméglichen. Dartiber hinaus untersuchten wir
das Potenzial von Cross-Learning zwischen den prominenten Bild-
und Video-Dialog Datensétzen von VisDial und AVSD. Unsere Ergeb-
nisse zeigten ein erhebliches Potenzial, beide Aufgaben gemeinsam zu
adressieren, und tbertrafen bewahrte Baselines sowohl im Zero-Shot-
als auch im Fine-Tuning-Kontext.
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Introduction

In the last decade, the field of Artificial Intelligence (AI) and deep learn-
ing witnessed unprecedented success in a wide range of domains,
ranging from Computer Vision (CV) to Natural Language Processing
(NLP). These breakthroughs were mainly driven by the abundance of
training data and the advancement in model design. Eventually, in-
terest in multimodal domains such as VL began to increase and many
tasks (e.g. visual question answering [15], video question answering
[190, 6], image captioning [37], image-text retrieval [28], video-text
retrieval [215], etc.) gained more and more importance. In stark
contrast, their significantly more challenging conversational coun-
terparts, such as visual/image [48] and video dialog [9], received
considerably less attention. Moreover, methods for these conversa-
tional tasks have advanced independently of each other despite the
apparent similarities between them.

In this thesis, we aim to make progress along two major fronts in
an attempt to address the previous limitations: (1) In the first part of
the thesis, we propose novel architectural improvements primarily
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geared towards multimodal conversational models to further push
their capability and narrow the gap to other multimodal tasks. To
this end, we propose not only neuro-symbolic but also end-to-end
differentiable DST mechanisms that can be seamlessly integrated
into pre-trained LLMs. (2) In the second part, we explore how to
best unify the divergent works in video and visual dialog and study
whether and to what extent these tasks can mutually benefit from
one another.

1.1 Scope and Contributions

Next, we give a more in-depth overview of the problems we address in
this thesis. In particular, we touch on the main topics of the different
chapters and highlight our contributions.

1.1.1 Multimodal Dialog State Tracking

Modeled after human-human communication, multimodal dialog
involves reasoning about a visual scene (i.e. an image or a video)
through multiple rounds of questions and answers, making it in-
herently more challenging than its single-round counterparts (e.g.
VQA and VideoQA). Specifically, dialog models need to consider the
previous complex and potentially ambiguous conversation history in
addition to the current question to be able to answer it efficiently.

Early works in this domain primarily focused on task-oriented
dialog systems that are specific for particular domains, such as hotel
or restaurant reservation [26]. One of the most successful approaches
to address the specific challenges of conversational systems was the
introduction of DST [79] that follows the user’s needs at each turn
according to a conversation history (e.g. a person booking a hotel
room). Previous works [145, 26] formulated DST as a slot filling task
[192] where the slots and slot values are constrained by a knowledge
domain (e.g. hotel domain) and database schema (e.g. tabular data).
For example, some work [140] proposed detecting a pair of slot values
that represent the user’s goal using a neural belief tracker (NBF).
Other works [64, 187] suggested creating a dialog state that iteratively
interacts with a user in natural language.

That said, the concept of DST has evolved over the years beyond
merely tracking user’s needs and is now broadly used when a model
keeps track of what it believes to be relevant to answer the question
at hand. Although previous works have made considerable advances
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in DST, they still suffer from some key limitations. Specifically, these
approaches remained predominately unimodal even though some
were applied within a multimodal context (e.g., video dialog [139, 104],
visual dialog [146], image retrieval [64], recommender systems [187])
by only tracking one modality (mostly the visual input). However, the
current landscape of the field requires transitioning to a multimodal
DST paradigm in order to be able to deal with the challenge of mul-
timodal conversational datasets. Some recent works [97, 138] have
moved closer to achieving this objective. However, their contributions
were limited to synthetic and automatically generated datasets that
do not reflect the real challenges of real-world scenarios.

Neuro-Symbolic DST

Our first attempt is motivated by the success of hybrid neuro-symbolic
approaches [197, 136, 69, 165]. Despite their great potential in
tackling single-round tasks [85, 196], previous works missed on their
potential in modeling DST for multimodal conversational tasks.

To this end, we present NSVD, the first neuro-symbolic model
specifically geared towards visual dialog. At its core, it employs a novel
dynamic knowledge base to keep track of the dialog evolution and is
updated after each turn by a program executor. This executor operates
on top of two parsers that translate captions and questions in natural
languages into programs in the target domain DSL. Through extensive
experiments, we show that NSVD achieves near-perfect performance
on CLEVR-Dialog [99] and Minecraft-Dialog while only requiring a
fraction of the training data compared to fully-connectionist models’.
Furthermore, we demonstrate strong out-of-distribution capabilities
across many scenarios within CLEVR-Dialog.

However, despite all its advantages, NSVD faces crucial generaliz-
ability limitations, as it cannot be applied to datasets with unknown
or too complex DSL. Thus, in the next part, we propose more flexible,
differentiable, and end-to-end trainable DST approaches that can be
seamlessly integrated into pre-trained LLMs.

End-to-End Differentiable DST

Attention-Based Approaches. We first start by proposing OLViT, a
novel model equipped with the first multimodal DST approach, which,

1Fully-connectionist models represent knowledge implicitly through connection
weights, while neuro-symbolic models explicitly represent knowledge using symbols
and rules.
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in contrast to previous works, separately tracks the vision and lan-
guage input modalities. At its core, it employs two attention-based
blocks (i.e. one for the vision and the other for the language modality)
to select the most important visual or language token embeddings
based on the self-attention scores. Then, these selected features are
further processed by transformer [177] layers to compute two dense
vectors that form a latent representation of the dialog state. Finally,
these state vectors are concatenated with the rest of the input tokens
and are jointly processed by a pre-trained LLM.

In stark contrast to previous work [104], our novel idea of per-
forming DST in a latent space makes it applicable across different
tasks and datasets. Specifically, OLViT achieves new state-of-the-art
performance not only on the discriminative video dialog dataset, i.e.
DVD [108], where it has to predict an answer from a pool of candidate
responses but also on SIMMC [138] where it needs to generate the
answer tokens autoregressively. Although this initial effort to perform
multimodal DST can theoretically be extended to multiple datasets,
it mainly showed promising results on synthetic and automatically
generated benchmarks. To be able to tackle the more challenging
real-world benchmarks, we propose more sophisticated multimodal
DST approaches that harness the advantages of two of the most
promising neural network architectures todate, i.e. LLMs and GNNs.

GNN-Based Approaches. GNNs [25, 179, 93, 188] are gaining more
importance in many Al fields due to their ability to generate low-
dimensional node embeddings based on the individual features and
the information from a local neighborhood. This advantage of learning
locally informed features adequately complements the strengths of
pre-trained LLMs that excel at learning the global underlying context
of the input data. Eventually, early works on the intersection of
these two learning paradigms [216, 113, 129] proposed a cascaded
approach where the LLM and the GNN are deployed one after the
other without any information exchange between the GNN nodes and
the transformer [177] layers. More recent works [209, 193] proposed
a more intertwined frameworks alternating between GNN and LLM
layers where the features of the former augment those of the latter,
which we adopt in this thesis.

Despite their success, these initial efforts primarily focused on
unimodal tasks such as question answering or link prediction, and
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neglected the more challenging multimodal counterparts. To this
end, we pioneer the first multimodal GNN-enhanced conversational
models in an attempt to close this research gap. Specifically, we
propose a novel multimodal GNN-based DST approach that selects
the most influential features of each input modality and processes
them separately using dedicated GNNs. The resulting features are
used to enhance the hidden states of the subsequent LLM layer and
act as a latent representation of the dialog state. This approach
differs from the previous attention-based approach of OLViT in the
sense that the latent dialog state representation is not aggregated
into a single dense vector per modality. Rather, every feature directly
contributes to enhancing its representation in the upcoming layer.

Our first contribution to this line of research was the introduction
of VDGR , which was to the best of our knowledge the first attempt to
perform multimodal DST using GNNs. Specifically, VDGR constructs
ad hoc graph topologies for each input modality. Then, it alternates
between multimodal graph aggregation and LLM layer to augment
their hidden state representations. In addition, we propose a novel
feature propagation technique for multimodal GNNs which relies on
hub-nodes that link to all other nodes of a different modality in
order to alleviate their lack of intermodal context. When applied
on visual dialog, VDGR achieves state-of-the-art results on four real-
world datasets. In particular, it outperforms strong baselines on the
popular and widely used discriminative VisDial v1.0 [48] benchmark.

Our second contribution adopts the same idea of performing latent
DST using multimodal graphs as in VDGR and remedies one of its
main shortcomings. As mentioned above, one of the prerequisites of
VDGR is being able to construct ad hoc graph topologies for each input
modality. Although this might be feasible for some datasets such as
VisDial v1.0, it poses great challenges for benchmarks where it is dif-
ficult or even impossible to construct such graphs. For instance, this
becomes more apparent when transitioning from visual/image dialog
to video dialog. Specifically, when addressing the most prominent
video dialog dataset of AVSD [9], previous models used pre-extracted
I3D-flow, I3D-RGB, and audio features for which there is no clear
way to construct ad hoc graph topologies.

To this end, we present MSTyxrr , @ novel video dialog model with
the main advantage of simultaneously learning graph node embed-
dings and their topologies in the form of latent graphs. Specifically,
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MSTyxer follows a divide-and-conquer paradigm. First, it tracks the
most important constituents of each input modality in a similar way
to OLViT. Then, it predicts the missing underlying structure of the
selected constituents of each modality by learning local latent graphs
using a novel multimodal graph structure learning method based
on Variational Inference (VI). Subsequently, in the conquer stage,
the learned local graphs and features are parsed together to form a
global graph operating on the mix of all modalities, further refining its
structure and node embeddings. Finally, the fine-grained graph node
features are used similarly to VDGR to enhance the hidden states
of the backbone LLM. Through extensive evaluations, we show that
MSTyxer manages to outperform state-of-the-art models on all three
video dialog benchmarks of AVSD [9] and SIMMC [138]. Additionally,
it achieves new state-of-the-art results on the recent video question
dataset of NExT-QA [189] underlining its generalizability potential.

1.1.2 Unification of Multimodal Conversational Tasks

In the last part of the thesis, we shift our attention to an equally
important research gap in the field of multimodal conversational
models. As discussed previously, research on visual/image dialog
and video dialog evolved in isolation from one another despite their
shared data structure similarities limiting their applicability potential.
For instance, the respective most prominent visual and video dialog
datasets of VisDial and AVSD come with similar data structures: a
visual input in the form of an image or a video paired with a short
caption/description and multiple rounds of question-answer pairs.

To this end, we propose V2Dial, a novel expert-based model specif-
ically geared towards simultaneously handling image and video input
data, thus unifying both video and visual dialog tasks. Our model
jointly learns the spatial and temporal features of images and videos
by routing them through dedicated experts, i.e. separate transformer
[177] Feed-Forward Networks (FFNs), and aligns them using matching
and contrastive learning techniques. Furthermore, we systemically
study the domain shift between the two tasks by investigating whether
and to which extent these seemingly related tasks can mutually ben-
efit from their respective training data. Extensive evaluations on the
widely used video and visual dialog datasets of AVSD and VisDial
show that V>Dial achieves new state-of-the-art results across both
datasets in zero-shot and fine-tuning settings.
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1.2 Outline

This thesis is based on five scientific publications as shown in Ta-
ble 1.1. Furthermore, Figure 1.1 illustrates how these publications
are connected to each other, the datasets they used, and the venues
where they were published. In the text below, we discuss the connec-
tions between the individual publications in more detail and outline
the overall structure of the dissertation.

In Chapter 2 and Chapter 3, we discuss relevant related work
to our research and cover the basic concepts of multimodal con-
versational tasks that will be encountered in later chapters of the
thesis, respectively. Then, in Chapter 4 we introduce NSVD, the first
neuro-symbolic DST approach for visual dialog, alongside a dynamic
knowledge base and a novel DSL for the target domain. It was pri-
marily evaluated on symbolic and synthetic visual dialog datasets
such as CLVER-Dialog [99] and Minecraft-Dialog [1].

Subsequently, we turn towards researching latent multimodal
differentiable DST approaches. Specifically, in Chapter 5 we propose
OLViT that separately tracks the vision and language input modalities
using attention-based blocks. It extends NSVD on two fronts: First,
we transition to the video domain where the model needs to reason
about a dynamic scene instead of a static images. Second, it can be
trained end-to-end making it flexibile to generalize to multiple tasks
such as discriminative and generative video dialog which we assessed
using the datasets DVD [108] and SIMMC [138], respectively.

Thereafter, in Chapter 6 we transition to a more sophisticated GNN-
based DST approach by developing VDGR that alternates between
multimodal GNN and LLM layers. Unlike the previous two works,
VDGR is able to deal with the complexities of real-world datasets and
outperforms state-of-the-art models on multiple benchmarks such
as VisDial [48], VisDialConv [7] and VisPro [203].

To overcome the limitation of VDGR that requires ad hoc con-
struction of graph topologies, we propose MSTyyxrr in Chapter 7
that simultaneously learns these topologies alongside their node em-
beddings using VI. In addition, MSTyxgr extends VDGR to the video
domain and is able to generate answers auto-regressively instead of
merely ranking a given set of candidate responses. As can be seen
in Figure 1.1, MSTyyxgr Was benchmarked on a plethora of tasks
and benchmarks such as video dialog (AVSD [9], SIMMC [97]) and
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VideoQA (NExT-QA [189]).

Then, in Chapter 8 we focus on unifying visual and video dialog and
develop V2Dial- an expert-based model capable of jointly learning
from image and video input data. This model is motivated by the
divergent research directions on visual and video dialog and aims to
investigate the synergies and the cross-learning benefits of these two
tasks. In contrast to VDGR and MSTyyxgR » V?Dialis able to jointly
learn on image and video data and thus can tackle visual and video
dialog simultaneously. As shown in Figure 1.1, we assessed it on
both AVSD [9] and VisDial [48] datasets.

Finally, in Chapter 9 we conclude this thesis and provide an
outlook on future research directions.
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Chapter Publication

Thesis contributions

4 Neuro-Symbolic Visual Dialog [1]
Adnen Abdessaied, Mihai Bace, Andreas Bulling
In Proceedings of the International Conference on Computational
Linguistics (COLING), 2022 — [Oral]

5 OLViT: Multi-Modal State Tracking via Attention-Based Embeddings
for Video-Grounded Dialog [2]
Adnen Abdessaied, Manuel von Hochmeiser, Andreas Bulling
In Proceedings of the International Conference on Computational
Linguistics (COLING), 2024

6 VD-GR: Boosting Visual Dialog with Cascaded Spatial-Temporal
Multi-Modal GRaphs [5]
Adnen Abdessaied, Lei Shi, Andreas Bulling
In Proceedings of the IEEE/CVF Winter Conference on Applications
of Computer Vision (WACV), 2024

7 Multi-Modal Video Dialog State Tracking in the Wild [4]
Adnen Abdessaied, Lei Shi, Andreas Bulling
In Proceedings of the European Conference on Computer Vision
(ECCV), 2024

8 V>Dial: Unification of Video and Visual Dialog via Multimodal Experts [3]
Adnen Abdessaied, Anna Rohrbach, Marcus Rohrbach, Andreas Bulling
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), 2025

Other contributions

n/a Limits of Theory of Mind Modelling in Dialogue-Based Collaborative
Plan Acquisition [23]
Matteo Bortoletto, Constantin Ruhdorfer, Adnen Abdessaied, Lei Shi,
Andreas Bulling
In Proceedings of the Annual Meeting of the Association for Computational
Linguistics (ACL), 2024

n/a Video Language Co-Attention with Multi-modal Fast-Learning Feature
Fusion for VideoQA [6]
Adnen Abdessaied, Ekta Sood, Andreas Bulling
In Proceedings of the ACL Workshop on Representation Learning for NLP
(ACL-W), 2022

TaBLE 1.1: List of publications produced throughout the course of the
doctoral studies.
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Related Work

2.1 Visual & Video Dialog
Visual Dialog

Das et al. [48] introduced early visual dialog datasets (i.e. VisDial
v0.9 and v1.0) and models which extract feature representations from
images, questions, and history rounds using Convolutional Neural
Networks (CNNs) [110] and Long Short-Term Memory cells (LSTMs)
[73]. These features are then fused together using attention and dif-
ferent other mechanisms ranging from multi-step attention [59], to in-
corporating scene graphs [82], over using Variational Auto-Encoders
(VAEs) [149] to perform multimodal reasoning. Whereas some works
[144] explored explicit reasoning based on the dialog structure, others
proposed training models with Reinforcement Learning (RL) [49] tech-
niques. That said, the performance of these early models remained
quite insufficient and greatly benefited from the advances made by
pre-trained LLMs.
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ViLBERT [131] and XLMERT [176] were among the first attempts
to leverage pre-trained LLMs for VL tasks (e.g. VQA [15], Visual
Commonsense Reasoning (VCR) [207], and image retrieval [201]).
In practice, they used a transformer encoder as a backbone and
deployed a two-stream architecture to separately encode visual and
textual inputs. VisDial-BERT [141] built on top of VILBERT and
was specifically adapted to the visual dialog task, achieving a new
state-of-the-art performance on VisDial [48]. More recently, UTC
[32] was introduced that built on VisDial-BERT and used two inter-
task contrastive losses to improve training. Another class of models
used a single stream to encode multimodal inputs such as B2T2 [11],
VisualBERT [118], VL-BERT [170], and UNITER [39]. VD-BERT [181]
adapted a single stream VQA model [214] to the visual dialog task and
managed to achieve good performance without relying on external
datasets. In parallel, other works leveraged an equally interesting
class of models, i.e. GNNs, to improve the performance of visual
dialog systems.

GNN-EM [212] was one of the earliest models to deploy GNNs
for visual dialog. It relied on building graphically structured neural
networks to approximate the learning and inference processes of
graphical models [125, 172, 119, 55]. FGA [160] developed a gen-
eral attention mechanism that borrowed from the core idea of GNN
message passing, and was able to combine representations of many
input modalities. CAG [63] proposed representing the image as a
fully-connected graph of objects whose adjacency matrices could
be dynamically updated using a question-based attention mecha-
nism. Subsequently, GOG [33] proposed representing each modality
as a graph before processing them by a light-weight fusion module
[143] to rank the candidate answers. Similarly to CAG [63], DualVD
[82] proposed representing the image as a graph consisting of con-
nected objects. They argued that the visual view helped capture the
appearance-level information, while the semantic view enabled the
agent to understand high-level visual semantics from the entire image
to the local regions [82].

Video Dialog

Video dialog has emerged as a natural extension to VQA, VideoQA,
and visual dialog. Almari et al.[9] proposed AVSD, one of the most
popular video dialog datasets based on Charades [166], which has



2.1. Visual & Video Dialog 13

become the default dataset for the task. In early work, Zhao et al. [210]
proposed a hierarchical attention context learning approach and used
a multi-stream network for joint video representation. Subsequently,
Jin et al. [83] suggested progressively updating query information
based on the dialog history and the video content while Le et al. [106]
proposed the Multimodal Transformer Network (MTN), an approach
that attended to inputs from different embedding spaces and fused
the multimodal information into newly combined representations.
Inspired by the success of graph neural networks, Le et al. [102]
proposed a framework for discovering information flows among dialog
turns through a semantic graph based on lexical components in
each question and answer. Later works [105, 121] achieved great
success by leveraging and fine-tuning pre-trained LLMs [112, 154]
on such datasets. Others used GNNs to perform reasoning on the
visual scene [90] in an attempt to improve performance. Pham et
al. [151] proposed an object-centric model to track object-associated
dialog states upon receiving new questions. Inspired by the success of
neural module networks [13, 14], Le et al. [103] introduced VGNMN to
model the information retrieval process in video-grounded language
tasks as a pipeline of neural modules. More recently, Yoon et al.
[199] introduced a dedicated regularization loss that helps models
hallucinate less.

Joint Generative Formulation

The best performing visual dialog models [182, 141, 202] leveraged
pre-trained LLMs and were trained using a Next Sentence Prediction
(NSP) head with negative sampling. Although some work [181, 32, 33]
claimed to train generative visual dialog models, they did so by pro-
viding a generative mask where each token can only attend to its
left tokens. However, most of them are trained using the NSP head
like their discriminative counterparts. In contrast, works on video
dialog follow a purely generative training paradigm and achieved great
success building on top of powerful pre-trained LLMs [112, 154]. Al-
though video dialog emerged as a natural extension to visual dialog
with apparent data structure similarities, research on both tasks
evolved separately missing out on the potential of a unifying model
that learns from the available training data of both tasks.

This thesis differs from the aforementioned works in two major as-
pects: (1) We perform multimodal latent DST to actively track the
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constituents of each input modalities seperately. Specifically, we
marry GNNs with pre-trained LLMs in a novel way to benefit from
the advantages of both worlds. Contrarily to [194, 198] where simple
integration approaches for plain monomodal tasks were introduced,
we propose a sophisticated integration method for the complex and
rich multimodal visual and video dialog tasks by exploiting the local
structures of each modality through dedicated GNNs to enhance the
hidden states of the LLM layers. (2) We propose to simultaneously
learn the latent graph structures and their node embeddings to cir-
cumvent the problem of not being able to construct ad hoc graph
topologies for certain datasets. (3) We posit that the discriminative
training approach of visual dialog model is limiting and suboptimal
for a joint Vision-and-Language Model (VLM) and advocate for a fully
generative training paradigm of visual and video dialog. To this end,
we propose a unifying model that can simultaneously learn both
tasks without any architectural modifications and for the first time,
systemically study the effect of domain shift between both tasks using
the prominent datasets of AVSD [9] and VisDial [48].

2.2 Dialog State Tracking (DST)

Previous works [145] have formulated the problem of dialog state
tracking as a slot filling task [192]. For example, [140] proposed
the Neural Belief Tracker (NBF) to detect slot-value pairs represent-
ing the user’s goal by iterating over all possible pairs. Other works
[64, 187] suggested creating a state based on the textual and visual
data for visual dialog and proposed a dialog-based image retrieval
model that iteratively interacted with a user in natural language. Pang
et al.[146] proposed an attention-based tracking of visual features
to better generate questions for the “GuessWhat?!” dataset [169]. Le
et al. [104] extended the slot filling dialog state paradigm [192] to
autoregressively predict the visual attributes of scene objects in plain
text. However, this work still suffers from further limitations. First,
it was specifically designed for the DVD dataset [108]. Therefore, it
cannot generalize to other datasets and tasks, thus, significantly lim-
iting its applicability. Second, its training paradigm heavily relies on
extra supervision labels such as bounding box coordinates extracted
from a fine-tuned Mask-RCNN [71] model. Finally, its state tracking
approach did not lead to significant performance improvements on
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the down-stream video dialog task. As a result, these approaches
remained predominately unimodal even though they were applied
within a multimodal context (e.g., video dialog [139], visual dialog
[146], image retrieval [64], recommendation systems [187]).

We instead propose to transition to multimodal DST to be able to
deal with challenges imposed by current multimodal conversational
datasets. Some works made initial steps towards this goal. For ex-
ample, SIMMC [138, 97] was introduced to develop agents capable of
helping a human in a shopping scenario and, therefore, need to track
the multimodal state of the dialog to fulfill its task efficiently. How-
ever, these efforts primarily focused on synthetic and automatically
generated datasets, limiting their applicability potential.

In stark contrast, we propose to fully transition to a multimodal
DST framework with equal consideration of all available input modal-
ities. Despite the high multimodality of the current dialog tasks,
all previous works missed out on the idea of performing explicit
multimodal DST. Instead, they focused on general vanilla attention
methods that particularly tracked only one modality (mostly the visual
input) at the expense of the others. In this thesis, we propose to close
this gap by performing latent multimodal DST on each input modality
separately. Specifically, we research a variety of DST approaches
ranging from neuro-symbolic formulations to latent attention- and
GNN-based attempts capable of equally dealing with synthetic and
real-world multimodal datasets.

2.3 Neuro-Symbolic Approaches & Reason-
ing
Previous works proposed to investigated models’ reasoning capabili-
ties by introducing controllable and bias free datasets for VQA [85],
VideoQA [196], visual dialog [99], and video dialog [108]. Neuro-
symbolic models [197, 136, 165, 69, 196] achieved strong perfor-
mance on these datasets and often outperformed connectionist ap-
proaches. For instance, on CLEVR [85], these models exhibited higher
flexibility and efficiency compared to their connectionist counterparts
[86, 75, 150, 78]. Specifically, NS-VQA [197] was one of the first
neuro-symbolic models to achieve a near-perfect test accuracy on
CLEVR despite being trained on a fraction of the available data. Sub-
sequently, NS-CL [136] achieved the same results while being trained
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with significantly less supervision. Other works demonstrated the
effectiveness of the neuro-symbolic approach on monomodal conver-
sational tasks [183, 171, 16]. For instance, [12] introduced a method
that represents dialog states as a dataflow graph to better deal with
coreferences that constitute one of the most challenging problems for
dialog systems in general. However, most of these works missed out
on the potential of applying the neuro-symbolic paradigm to model
multimodal DST. Although several works focused on coreference res-
olution in videos [155, 158] and 3D data [96], CLEVR-Dialog [99] was
one of the first fully annotated diagnostic datasets for multi-round
visual reasoning that is well suited for a neuro-symbolic DST frame-
work. Subsequent work [163] on this benchmark introduced models
that build on the Memory, Attention, and Composition (MAC) network
[78]. Although these models achieved promising results, they remain
computationally inefficient and require huge amounts of training
data, thus suffering from the same limitations of the connectionist
approach. However, with the recent advances made by the trans-
former architecture [177], several recent studies [101, 24, 67, 51]
have suggested that LLMs can deal equally well with the challenges
posed by such tasks. In this thesis, we further explore the dichotomy
between these two paradigms in the context of DST by proposing
novel approaches for both classes of models.

2.4 Graph Structure Learning

Early works on graph structure learning leveraged bi-level program-
ming [46] to simultaneously learn GNN parameters and topology [56].
Yu et al. [205] proposed applying the linear structure equation model
in conjunction with a VAE [157] to learn directed acyclic graphs. Sub-
sequently, Elinas et al. [54] suggested using a stochastic VI model to
jointly estimate the graph posterior and the GNN parameters. Chen
et al. [40] proposed iteratively refining the graph topology in an
end-to-end manner using graph similarity metric learning. Wu et
al. [186] suggested an all-pair message passing method to efficiently
propagate signals between arbitrary nodes. Our work differs from the
aforementioned approaches in three distinct aspects: (1) We propose
a novel multimodal graph structure learning method that relies on
a two-stage divide-and-conquer procedure that first predicts local
modality-specific latent graphs before tackling the global graph con-
sisting of the mix of all available modalities. (2) We use our graph
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learning approach as a latent DST scheme and utilize it to enhance
the hidden states of a backbone VLM. (3) Instead of dealing with
unimodal graph-based tasks (node, edge, or graph classification), we
investigate the effect of our method on the multimodal, non-graph-
related downstream VL tasks.

2.5 Multimodal Expert-based Training

Enhancing models with Mixture-of-Experts (MoEs) training has shown
promising potential in boosting performance while maintaining com-
putational efficiency [53, 217, 213, 80]. Some works [20, 180] ex-
plored using single modality specific experts within a multimodal
transformer architecture. Specifically, they used one vision and one
language specific FFN after a shared multi-head self-attention block.
Other works [123, 142] explored using multiple sparse modality-
agnostic experts and trained them using soft-routers. Our work is
positioned at the middle ground of the previously mentioned research
directions: We propose to use multiple hard-routed experts per modal-
ity to be able to capture more fine-grained features compared to a
single expert or multiple modality agnostic experts. Furthermore, to
the best of our knowledge, we are the first to propose learning disen-
tangled spatial and temporal features using two dedicated experts
to be able to jointly learn from image and video data and thus unify
visual and video dialog.
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Foundations

We dedicate this chapter to introducing basic concepts that will of-
ten be encountered during the course of the thesis. Specifically, we
include the major problem formulations and the prominent learn-
ing paradigms linked to multimodal conversational tasks, which we
address in each of the following chapters.

3.1 Dataset Structure

The multimodal conversational datasets we studied in this thesis
share a common structure: Given some visual grounding V in the
form of an image or a video, and a dialog history #; at round t
composed of multiple rounds of question-answer pairs, i.e.

He = {(Q1. A1), oo (Qec1 A1) (3.1

a multimodal conversational model is tasked to predict an appropriate
answer A, to the final dialog question Q;. Some datasets complement
the dialog history with a brief description of the visual grounding in
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the form of a caption C, i.e.

He = {C’(QI’AI)’""(Qt—l’At—l)}' (3.2)

However, these datasets differ in the way in which they were gener-
ated. As shown in Figure 1.1, we can divide them into two categories:
Whereas some are based on synthetic, automatically generated data,
others use real-world, human-generated data (both for the vision
and language modalities), increasing their complexity. Typically, the
synthetic datasets use pre-defined rules and automated scripts to
generate data at scale. On the other hand, their real-world counter-
parts rely on Amazon Mechanical Turks (AMTs) and human workers
to construct the dialog data.

3.2 Training Paradigms

Despite their common dataset structure, multimodal conversational
benchmarks follow different training paradigms to achieve the main
objective of correctly answering the final dialog question.

3.2.1 Classification

Some benchmarks formulate the problem of answering the last dialog
question as a classification task in which the model is trained to
predict one answer from a fixed pool of candidate responses Q 4. Typ-
ically, these models are transformer-based and train a classification
head on a special [CLS] token using Cross-Entropy (CE). During in-
ference, the model predicts the answer A, at round t with the highest
likelihood P, i.e.

Ay = argmax [logP(A|V, Hy, Q)] (3.3)
AeQ 4

3.2.2 Ranking

Other benchmarks follow an alternative approach and formulate the
problem as a ranking task where the model is trained to re-rank a
set of N candidate answers QE that change for every round of each
dialog. Specifically, these models use negative sampling to train a
NSP head that predicts whether the sampled answer is correct or not
using binary CE. During inference, the model is run N times on each
candidate answer and the softmax NSP scores corresponding to the
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correct class are ranked to predict the final answer, i.e.

A, = argmax [softmax (P(V, H, O, A))]. (3.4)

AeQl)

This results in a considerable computational overhead compared to
Equation 3.3 for which the model is inferred only once.

3.2.3 Generation

In contrast to the previous two formulations, open-ended benchmarks
treat the problem as a generation task and train models to autore-
gressively predict the answer tokens using teacher forcing [184] and
CE. During inference, the model generates one token at a time until
a special [E0S] is predicted or a maximum length is reached, i.e.

a, = argmax [logP (a|V. H.. Q.. Al 1)]. (3.5)
aeQy,
where Ai_l = [at. ..., di_l] and Q,, are the set of previously predicted

tokens and the vocabulary, respectively.

3.2.4 Neuro-Symbolic

Finally, the neuro-symbolic paradigm is a hybrid approach between
classification and generation. Contrary to the previous approaches, it
does not follow an end-to-end training scheme. Specifically, it learns
to generate programs (i.e. a function and its arguments) in a DSL as
discussed in Equation 3.5. Then, a deterministic executor Exec runs
the generated program P; on top of a structured representation of
the visual grounding V to predict the final answer, i.e.

A = Exec(V, Py). (3.6)

3.3 Evaluation Metrics

We use the established and official evaluation metrics for each dataset
in order to fairly compare our models with previous work. Whereas we
use vanilla accuracy for answer classification tasks, we report sparse
and dense scores for ranking formulations. Specifically, we compute
the typical retrieval metric scores of Recall at k (R@k) for k € {1, 5, 10},
Mean Reciprocal Rank (MRR), and Normalized Discounted Cumulative
Gain (NDCG).



Language Modality Formu-

Dataset Vision Modality Metrics Chap.
Medium Base Type Caption Type lation
CLEVR-Dialog [99] (o] CLEVR [85] Syn v Syn NS Acc 4
Minecraft-Dialog [1] (o] Minecraft [185] Syn v Syn NS Acc 4
DVD [108] B CATER [61] Syn X Syn Cls Acc 5
SIMMC [138, 97] B - Syn X Syn Gen BLEU 5 7
VisDial [48] (o] MS-COCO [37] Real v AMT Rnk/Gen NDCG, R@k, MRR 6, 8
VisPro [203] (o] VisDial [48] Real v AMT Rnk NDCG, R@k, MRR 6
VisDialConv [7] (o] VisDial [48] Real v AMT Rnk NDCG, R@k, MRR 6
AVSD [9] B Charades [166] Real v AMT Gen BLEU, ROUGE 7,8

METEOR, CIDEr

TaBLE 3.1: Overview of the multimodal conversational datasets used in the course of this thesis. (@& = video
data, @ = image data, Syn = Synthetic, NS = Neuro-Symbolic, Cls = Classification, Rnk = Ranking, Gen =

Generation, Acc = Accuracy).
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For generation, we use established Natural Language Generation
(NLG) metrics such as Bilingual Evaluation Understudy (BLEU) [147],
Recall-Oriented Understudy for Gisting Evaluation (ROUGE) [124],
Metric for Evaluation of Translation with Explicit Ordering (METEOR)
[19], and Consensus-based Image Description Evaluation (CIDETr)
[178]. Although neuro-symbolic approaches are a mix between
classification and generation, we use accuracy for benchmarking.
Specifically, we differentiate between three types of accuracies: (1)
the program generation accuracy, (2) the executor accuracy, and (3)
the question answer accuracy. That said, we use the latter as the
main performance measure of our models.

We provide a comprehensive overview of all' the datasets we used
in the course of this thesis in Table 3.1.

'We only cover multimodal conversational datasets here.
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Neuro-Symbolic DST

This chapter is based on the following publication and includes
extracts thereof without explicit quotation:

Neuro-Symbolic Visual Dialog

Adnen Abdessaied, Mihai Bace, Andreas Bulling

In Proceedings of the International Conference on Computational
Linguistics (COLING). Gyeongju, Republic of Korea, 2022.
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4.1 Introduction & Contributions

In this chapter, we present NSVD, the first method to combine deep
learning and symbolic program execution for multimodal DST.

Existing connectionist models [98, 163] suffer from several limi-
tations. First, they require large amounts of training data, which is
prohibitive for most settings. Second, these models are not explain-
able, making it difficult to troubleshoot their logic when answering
a given question. Finally, current models lack generalizability, in
particular for dialogs that include incomplete or inaccurate histories,
longer dialogs than those seen during training, or unseen question
types. While neuro-symbolic hybrid models have proven effective as
a more robust, explainable, and data-efficient alternative, e.g. for
VQA [197, 136], VideoQA [196], or commonsense reasoning [16], they
have not yet been explored for DST.

We fill this gap by proposing NSVDwhich combines three novel
contributions to disentangle vision and language understanding from
DST. First, it introduces two different program generators: a caption
and a question program generator. The former induces a program
from the caption to initialize the dynamic knowledge base of the
executor at the beginning of each dialog. Second, a question program
generator predicts a program in each round using not only the current
question but also the dialog history. Third, a symbolic executor with
a dynamic knowledge base keeps track of all mentioned entities.

Through extensive experiments on CLEVR-Dialog [99], we show
that our models are significantly better at resolving coreferences
and at maintaining performance over many rounds compared to fully
connectionist models. Our results further suggest that NSVD is more
data efficient, has a higher Normalized First Failure Round (NFFR),
and generalizes better to Out-of-Distribution (OOD) scenarios.

4.2 Method

As shown in Figure 4.1, our method consists of four components:
a scene understanding method, a program generator with caption
and question encoders and a decoder, and finally a symbolic program
executor with a dynamic knowledge base.
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| ID | Size | Shape |Material| Color | X Y z |
Big |Cylinder -0. -1. .
: Mask R-CNN 0 g y. Rubber | Green [-0.21|-1.24| 0.17 :
‘ 1 [Small|Cylinder| Metal | Cyan |[-0.42[-1.15|0.29 ‘
: Stacked 2 | Big | Sphere | Metal Red [-0.19(-1.41|0.16 |,
| Objects :
Caption Encoder Program Generator Program Executor

Attended Features 1

|

| Il H
|

| Caption —» BilSTM —» SA  —» AR —> FC —>

|

|

Il
Encoder

Answer

Executor ——

FIGURE 4.1: Overview of NSVD. First, we learn a structured representation of the visual scene. Then,

we induce a caption program that can be run by our executor to initialize its knowledge base. In each
subsequent round, we use the question and history to induce a program that answers the question and
updates the dynamic knowledge base. (SA = Self-Attention, AR = Attention Reduction, FC = Fully Connected).
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4.2.1 Scene Understanding

We use a Mask R-CNN [71] pre-trained on the CLEVR-mini dataset
[197] to predict segmentation masks and attributes (color, shape,
material, and size) for each entity in the visual scene. We then learn
the 3D coordinates of each segment using a ResNet-34 model [72],
resulting in a structured representation of the visual scene.

4.2.2 DSL for CLEVR-Dialog

Since CLEVR-Dialog implements its own grammar and vocabulary,
we designed a novel DSL for it by implementing a collection of de-
terministic functions in Python that our symbolic executor can run
over the structured CLEVR scenes. In previous works [86, 197, 136],
these functional modules shared the same input/output interface
and were arranged one after another to predict the answer. Instead,
we followed a stricter approach by executing only one function that
expects a different number of input arguments to answer a particular
question. The full list of our functions, their arguments, and expected
output can be found in Appendix A.1.

4.2.3 Program Generation

Semantic parsing methods have been shown to be effective in mapping
sentences to logical forms through a knowledge base or a program
[66, 122, 171]. We adopt this approach and train a sequence-to-
sequence model with an encoder-decoder structure to generate the
programs.

Caption Encoder

The caption encoder first embeds the caption tokens to give {wcj}?:1
that are then fed into a bi-directional Long Short-Term Memory (LSTM)
[73]. The self-attended outputs C = [y, ..., ¢y ] are reduced following:

a = softmax(MLP(C)) 4.1)
Zo= ) ac;. 4.2)
i=1

Finally, the latent vector z, = FC(z.) and the LSTM output C are
passed to the decoder.
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FIGURE 4.2: Top: The concatenative encoder (“concat”) takes the question and the concatenated previous
rounds as input and outputs a latent vector and a question representation to the decoder. Bottom: The
stacking encoder (“stack”) takes the question and the previous rounds as input and attends to each round
separately. Then, it outputs a latent vector and a question representation to the decoder. (SA = Self-Attention,
AR = Attention Reduction, FC = Fully Connected).

POYPW T

63



30 Chapter 4. Neuro-Symbolic DST

Question Encoders

To generate the question program in the current round t, we use not
only the question Q; but also the history #; of previous question-
answer pairs. We propose two different encoders based on how the
question interacts with the history.

Concat Encoder. The concat encoder is similar in structure to the
caption encoder. The tokens of the current question and history are
embedded into a dense vector space to give {W;:)};l:ql and {Wl:) ;1:“1,
respectively, which are then processed by two separate bi-directional
LSTMs as shown in Figure 4.2. The self-attended question and history
features zq and z; are obtained similarly to z.. Then, zq and 2z, are
concatenated and linearly transformed to produce the question latent
vector zq = FC([2q, 2zp]). Finally, zq and the question LSTM output

Q =[q;. ... q;q] are passed to the decoder.

Stack Encoder. The approach of concatenating the question-answer
pairs to form the history suffers from two main drawbacks. First,
since the history is processed by an LSTM, its encoding becomes
inefficient, in particular for later rounds, as the LSTM tends to forget
crucial information that was mentioned in the first rounds. Second,
this approach does not scale well for longer dialogs as it becomes
computationally and memory demanding. To overcome these lim-
itations, we introduce the stack encoder that separately encodes
each question-answer pair in order to equally preserve the informa-
tion from all previous rounds. The question and each round of the
dialog history are embedded and then processed by separate bidirec-
tional LSTMs (Figure 4.2). The last hidden states are used as feature
representations of the question and previous rounds, i.e.

—

q =[hg, ho Jand rj¢ = [hy,  hy, ], (4.3)

J

where l?; and l(m are the bi-directional LSTM’s last forward and
backward hidden states, respectively. z; is obtained by applying an
inner-product attention between the question and history features:

a= softmax(qTH), (4.4)
H-= [ro,...,rt_l]. (45]
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Finally, q and z; = Z;;ll a;rj are concatenated and linearly trans-
formed to produce the latent question vector zq = FC([q, 2]). Sim-
ilarly to the concat encoder, zq and the question LSTM output @ =

[q5. ... q:,q] are passed to the decoder.

Decoder

We use the same decoder architecture to generate all the caption and
question programs. First, the ground truth program sequence ); of

the t-th dialog round is embedded to give {w,(,:) ?j‘l which are then
processed by a simple LSTM whose hidden states are initialized by
the encoder latent vector, i.e. z; or zq. The output P of the LSTM
is used with the encoder output, i.e. C or @, to generate a context

vector A following:

A = softmax(@"P), (4.6)
A=A"Q. 4.7)

Finally, the context vector A is concatenated with the program output
and the result is mapped to the program vocabulary dimension fol-
lowed by a softmax function to obtain a distribution for the current
program token yj, i.e.

p(y;1He, Q. V)7') ~ softmax(FC(tanh([P, A]))), (4.8)

where y{‘l is the sequence of previous ground truth program tokens.
Our complete DSL grammar and qualitative samples can be found in
Appendix A.1 and Appendix C.1, respectively.

Executor

We equip the symbolic executor with a dynamic knowledge base that
performs DST and keeps track of the entities previously mentioned in
the dialog. It is initialized at the beginning of each dialog by executing
the caption program. For instance, by executing the caption program

extreme-center(cylinder, small),

the executor searches for the center entity satisfying the function’s
arguments and stores it in the knowledge base under the handle
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small-cylinder. We define two main operations of how the executor
interacts with its knowledge base.

Fetch. The fetch operation is performed when executing a function
requiring a coreference resolution. Given a set of attributes, the
executor retrieves the appropriate entity from the knowledge base by
searching the stored handles. For example

seek-attribute-early(color, cylinder)

first searches the previously stored handles and fetches the corre-
sponding entity (in our example that is the cylinder mentioned in the
caption with the handle small-cylinder) and then queries its color
to answer the question.

Update. The update operation is performed after the execution of
every question program. We differentiate between four update types:

1. Handle update: If a fetched entity is referenced by a new attribute,
its handle in the knowledge base has to be updated accordingly. If
the color of the previous cylinder is red, then its handle changes from
small-cylinder to small-cylinder-red.

2. Conwersation subject update: If the question program addresses a
new entity, it becomes the new conversation subject. In our example,
the conversation subiject is still the small red cylinder. However, the
question program

exist-obj-exclude-early(color, small, cylinder)

searches for other potential entities that share the same color as
the previous small cylinder. If there is one, it becomes the new
conversation subject.

3. Seen entities update: Each time a new entity is addressed, the
executor saves it in its knowledge base together with the appropriate
handle.

4. Groups update: Some questions refer to a group of entities, e.g.
count-attribute(red) counts all red entities in the scene. These sets
might be relevant for subsequent questions. For example,

count-attribute-group(large)
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counts how many of the previous red entities are large.

4.3 Experiments

We modified CLEVR-Dialog [99] to generate datasets with ground
truth caption and question programs required to train our program
generators. Similarly to [99], we used the 70k training and 15k
validation images of CLEVR [85] as our visual groundings. We left
out the CLEVR test images because they lack ground truth scene
annotations. For each image, we generated five dialogs each consisting
of L = 10 question-answer rounds as in [99]. We used 1k training
images and their corresponding dialogs to create a validation set and
tested our models and the baselines on the dialogs generated using
the CLEVR validation images.

4.3.1 Performance Evaluation

Alongside the answer accuracy, the First Failure Round (FFR), i.e.
the number of dialog rounds necessary for a model to make its first
mistake, is commonly used to evaluate visual dialog models. Although
popular, this metric has one major limitation, as it only allows us to
compare the performance of models across datasets with the same
dialog length but not across datasets with different ones. Thus, we
propose the NFFR € [0, 1] as an improvement and use it alongside
the answer accuracy to assess the performance of all models. We
refer to Appendix A.2 for more details about its derivation.

4.3.2 History during Evaluation

One key limitation in the way visual dialog models are currently
evaluated is the use of ground truth answers when calculating the
correctness of an answer in any given round [163]. The problem of
this approach is that it leads to overly-optimistic performance that do
not reflect the true capabilities of the models in real-world scenarios:
in real-world dialogs, full information on which previous answers
were correct or not is typically not available. We instead propose
to condition the generation of the current answer on all previous
predicted answers. We call these evaluation schemes Hist. + GT and
Hist. + Pred, respectively.
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Hist. + GT Hist. + Pred

Acc. NFFR 1 Acc. NFFR 1
MAC-CQ[163] 97.347 092 41.10 0.15

Model

+ CAA 97.87" 094 89.39" 075
+ MTM 97.58"  0.92 70.39"  0.46
HCN [183] 75.88  0.34 74427  0.32

NSVD-concat 99.59" 0.98  99.59" 0.98
NSVD-stack  99.72" 099 99.72" 0.99

TaBLE 4.1: Performance comparison on CLEVR-Dialog test.  represents
p < 0.01 compared to the second best score in the respective column. Best
and second best performances are in bold and underlined, respectively.
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8- MAC-CQ -# MAC-CQ-CAA MAC-CQ-CAA-MTM =%~ HCN ~-<- NSVD-concat NSVD-stack

FIGURE 4.3: Accuracy of NSVDwhen trained on limited amounts of data
(20%, 40%, 60%, 80%, and 100% of the overall dataset).

4.3.3 Visual Dialog Performance

After validating our implemented logic (see Appendix A.3), we com-
pared the performance of our models with the visual dialog MAC
networks [163]. We limited our comparison to their top three per-
forming models, given that these outperformed the previous state of
the art [98] by a 30% accuracy margin. Furthermore, we compared
our models to the Hybrid Code Networks (HCN) [183] that also op-
erate on symbolic dialog state representation but follow a different
approach to parse programs than our generative one. They represent
programs as templates in an action space and select the one with the
highest probability during inference. This action space might become
intractable if the DSL has many functions and arguments.
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As shown in Table 4.1, our models achieve a new state-of-the-art
performance with NSVD -stack reaching an overall accuracy and a
NFFR of 99.72% and 0.99, respectively. The high value of NFFR
demonstrates our models’ ability to answer correctly across all rounds
of the dialogs with only a few failures in between.

While Table 4.1 shows the results obtained when training on the
entire dataset, our method achieves the same performance when
trained on only 20% of the data, while the performance of other meth-
ods deteriorates significantly with fewer data, as shown in Figure 4.3.

4.3.4 History Length vs Coreference Distance

CLEVR-Dialog provides coreference distances for each question, i.e.
the number of rounds between the current and earlier mention of an
entity in a question. A coreference distance of one means that the
coreferent was mentioned in the previous question, while a coreference
distance of 10 means that the question in round 10 refers to an entity
in the caption. All and None mean that the question either depends
on all previous rounds or is stand-alone, i.e. it does not depend on
the history. To assess performance with respect to the coreference
distance, we evaluated accuracy on different coreference distance
bins. In our evaluations, we further limited the histories to the last
N;, rounds to assess the robustness of the models to incomplete
dialog histories.

As can be seen form Figure 4.4, our models consistently achieve
a performance of more than 99% across all coreference distance
bins, independent of the evaluation scheme. Furthermore, their
performance is only slightly affected by incomplete dialog histories.
In contrast, performance of all baselines deteriorates quickly without
access to the complete history. This deterioration is more visible when
the Hist. + Pred evaluation scheme is used (second row of Figure 4.4).

However, their performance is consistent with the difficulty levels
of the coreference distance bins, i.e. the accuracy decreases with
increasing coreference distance. In contrast, this behavior is not
reflected in the popular evaluation approach Hist. + GT (three middle
plots of the first row of Figure 4.4). The most likely reason for this is
that, as is currently common practice when evaluating visual dialog
models, the ground truth answers of all previous rounds are used
for prediction.



Nohjects =10 Nobjects =15 Nobjects =20
Without FT After FT Without FT After FT Without FT After FT
Acc. NFFR 1 Acc. NFFR 1 Acc. NFFR 1 Acc. NFFR 1 Acc. NFFR 1 Acc. NFFR 1

Model

& | MAC-CQ [163] 38527 0.14 5349* 021 36.87° 0.13 4889° 0.19 36.12° 0.13 47.44%  0.18
G| +CAA 37.72" 014 5335  0.21 36.82" 013 4867" 018 3552 0.13 4743 0.18
| sMI™ 3859° 0.14 5262 021 36.22'  0.13 4741 0.17 36.01" 0.13 46.54 0.17
% | HCN [183] 19.59  0.11 73.07"F  0.30 14.42 0.11 56.65°  0.22 12.33  0.11 53.14F  0.19
B | NSVD-concat  25.05° 0.12  99.32¢ 0.97 18.51* 0.11 70.59) 044 1567° 0.11 64.82'  0.38

NSVD-stack  24.95' 0.12 99.33° 0.98 18.45° 0.11 70.62° 044 1565° 0.11 64.95° 0.38
< | MAC-CQ [163] 37.74° 0.14 5226 021 36.32" 0.12 47.58° 0.18 3536° 0.13 46300  0.18
E + CAA 37.70' 0.13 51.36" 0.21 36.76° 0.13 47.08¢ 018 3557 0.13 4556!  0.17
+| +MTM 36.29' 0.14 5058 0.20 35.62' 014 4567 0.17 3398 0.13 44.02 0.17
& | HCN [183] 19.50 0.11  71.55' 0.29 14.40 0.11  5555% 0.21 12.26  0.11 51.95°  0.19
i | NSVD-concat  25.05° 0.12  99.32f 097 1851* 0.1 70.59) 044 1567° 0.11  64.82°  0.38

NSVD-stack  24.95¢ 0.12 99.33° 0.98 18.45' 0.11 70.62° 044 1565° 0.11 64.95° 0.38

TaBLE 4.2: Results when training on simple scenes and testing on more complex ones. #, ¥, and * represent
p <0.01, p < 0.05 and p = 0.05 compared to the second best score in each column, respectively.

FIGURE 4.5: From left to right: Samples of a training image, fine-tuning image with 10 objects, fine-tuning
image with 15 objects, and fine-tuning image with 20 objects.
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4.3.5 Generalization to Unseen Scenes and Attributes

In previous experiments, our training and test sets had similar distri-
butions in both the number of objects (between three and 10) and
in their sizes, shapes, colors, and materials. To further test gener-
alizability, we created a new training set consisting of 1.5k images,
in which we restricted the type of objects to small, rubber cubes
and spheres with the colors gray, red, or blue. We kept the num-
ber of objects in this dataset between three and 10. For testing, we
generated three datasets consisting of 1k images each in which we
allowed all classes of CLEVR objects (cubes, spheres, and cylinders)
and materials (rubber and metal) to appear. However, we excluded
the training colors and increased the number of objects Nypjects in
each one to 10, 15, and 20, respectively. Finally, we generated three
fine-tuning datasets containing 1.5k images each similarly to the
testing ones. Figure 4.5 illustrates some examples of our new images.
As in [99], all dialogs had a length of 10 rounds.

As we can see in Table 4.2, the connectionist baselines outperform
our neuro-symbolic models without fine-tuning in all scene complex-
ities. This outcome is expected since these models rely on a Mask
R-CNN to reconstruct the scenes. By increasing their complexities,
i.e. more objects and attributes, the Mask R-CNN fails to accurately
reconstruct these scenes which is reflected by the poor accuracies.
However, after fine-tuning, our neuro-symbolic models perform best
with NSVD -stack scoring 99.33%, 70.62%, and 64.95% on the test
datasets with 10, 15, and 20 objects, respectively.

4.3.6 Generalization to Longer Dialogs

In order to assess the generalization capabilities of our models to
longer dialogs, we used the testing images of the previous experiment
to generate three dialog datasets with increasing numbers of rounds,
i.e. L =15, 20, 25, and 30, respectively. That is, our test datasets for
this experiment contain not only dialogs that are up to three times
the length of the training dialogs but also visual scenarios never seen
during training. Finally, we evaluated the best performing models of
the previous experiment on this data without fine-tuning them again
on longer dialogs. As shown in Figure 4.6, our models generalize
better across all datasets for both evaluation schemes. As expected,
the performance of all models decreases with longer dialogs and more
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FIGURE 4.6: Answer accuracy for different dialog lengths and scene com-
plexities. Our models generalize better to longer dialogs without the need
for fine-tuning.

complex scenes. However, our models suffer less from this and still
significantly outperform all baselines in all test scenarios.

4.3.7 Generalization to Unseen Questions Types

Contrarily to prior works [85, 197, 136] that merely addressed the
generalizability to new scenes and object combinations, we further
explore generalizability to unseen question types. To address this,
we created two splits (AA and BB) based on CLEVR-Dialog as follows:
First, we split the CLEVR validation images into two disjoint halves,
A and B. We then split the question types into Split A and Split B.
We randomly assigned half of the question types in each category
to Split A and the other half to Split B to avoid biasing either one
to a particular question category. For each image in both splits, we
generated five dialogs consisting of 10 rounds as in [99]. Split AA
contains a training set and a validation set based on 6k and 1.5k
images, respectively. Split BB has a fine-tuning, a validation, and a
test set based on 2k, 500, and 5k images, respectively. The desired
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Without FT FT on split BB

Acc. NFFR 1 Acc. NFFR 1
MAC-CQ [163] 36.12F 0.14 40337 o0.16

Model

8| +caa 35.09" 0.14 4036 0.16
+| +MIM 3473 015 3509 0.13
_*é? HCN [183] 47.67° 0.14 70.43%F  0.27
T | NSVD-concat  64.07° 024  99.44* 0.96

NSVD-stack  71.55' 0.28 9951° 0.97
MAC-CQ [163] 35.09) 0.13 39.53% 0.15

+ CAA 36.40' 0.14 3772t 0.15
+ MTM 6.19 0.09 7.03 0.09
HCN [183] 46.91F 0.13 68.82F 0.25

NSVD-concat  64.07" 0.24  99.44* 0.96
NSVD -stack 71.55° 028 9951" 0.97

Hist. + Pred.

TaBLE 4.3: Results when training on split AA and testing on split BB. {, ¥,
and * represent p < 0.01, p < 0.05 and p = 0.05 compared to the second
best score in each column, respectively.

behavior for a model that generalizes well is to perform well on split
BB while only being trained on split AA.

As shown in Table 4.3, NSVD -concat and NSVD -stack achieve
an accuracy of 64.07% and 71.55%, respectively, when tested on
split BB without fine-tuning, thereby significantly outperforming all
baselines. However, low NFFR values indicate that failures occur
early in the dialogs. After fine-tuning all models on the fine-tuning
dataset of Split BB, our models achieve accuracies and NFFR values
comparable to previous experiments. In stark contrast, the baselines’
performance only improves by a small margin, with the highest jump
of 5.26% being achieved by MAC-CQ-CAA. This shows an impressive
data efficiency of our neuro-symbolic models that, in contrast to the
data-hungry baselines, are able to learn and adapt efficiently from a
very small amount of data.

4.3.8 Generalization to Other Scene Domains

In this experiment, we show that our method could be extended
to other scene domains. To this end, we rendered new scenes in
Minecraft that, as can be seen from Figure 4.7, are drastically different
in terms of context and scene constellations from CLEVR. Specifically,
they come with more entities (12 vs. 3 in CLEVR) that have different
visual appearances.
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Hist. + GT Hist. + Pred.

Acc. NFFR 1 Acc. NFFR 1
MAC-CQ [163] 64.30" 0.27 59.96¢ 0.24

Model

+ CAA 64.28" 0.27 57.69" 0.23
+ MTM 61.55' 0.25 52.04* 0.20
HCN [183] 4731 0.14 4650 0.14

NSVD-concat 91.57° 0.76 91.57° 0.76
NSVD-stack  92.46° 0.83 9246' 0.83

TABLE 4.4: Performance comparison on Minecraft-Dialog. $ and * repre-
sents p < 0.01 and p = 0.05 compared to the second best score in the
respective column, respectively.

FIGURE 4.7: Sample images from the Minecraft dataset.

Specifically, we rendered 10k images using [185]. The scenes consist
of three to six objects in a 2D plane that are sampled from 12 entities
with 4 different facing directions. Finally, we filtered out scenes that
contain fully occluded objects. We used 5k images for training, 1.5k
images for validation, and 1k for testing. Furthermore, we adapted
the dialog generation tool [99] to be able to account for the different
scene properties.

Similar to previous experiments, we generated five dialogs for every
image consisting of 10 rounds each. We call this dataset Minecraft-
Dialog. As shown in Table 4.4, we compared our models to the same
baselines as in previous experiments in terms of accuracy and NFFR.
Once again, our neuro-symbolic models managed to significantly out-
perform all baselines by achieving 92.64% and 91.57% accuracies for
NSVD -stack and NSVD -concat, respectively, while maintaining high
NFRR values. In contrast, the best baseline achieved test accuracies
of 64.30% and 59.96% using the Hist. + GT and Hist. + Pred evalua-
tion schemes, respectively. Compared to CLEVR-Dialog (Table 4.1),
the performance of our models witnessed which could be attributed
to the difficulty of the Minecraft scenes that come with occluded
and diverse objects. However, the promising results of our models
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underline their ability to generalize to new scene domains other than
CLEVR. We refer to Appendix C.1 for some qualitative samples of this
new dataset.

4.4 Limitations & Closing Remarks

In this chapter, we proposed NSVD, the first model that leverages
neuro-symbolic program execution to perform DST. Specifically, our
model uses questions in natural language to generate programs in
a DSL that can be run by an external executor. This executor is
equipped with a dynamic knowledge base that keeps track of the
entities mentioned in the dialog. We showed the effectiveness of our
approach on a suitable diagnostic dataset, i.e. CLEVR-Dialog, and
demonstrated its ability to generalize to OOD scenarios.

Despite its great potential, NSVD suffers from one key limitation.
Due to its dependence on a DSL, our approach cannot straightfor-
wardly tackle other datasets without a prior construction of a suitable
DSL, which is not feasible for some datasets. Thus, we need to transi-
tion to more flexible approaches that learn differentiable latent DST
representations.



43

Attention-Based DST

This chapter is based on the following publication and includes
extracts thereof without explicit quotation:

OLViT: Multimodal State Tracking via Attention-Based
Embeddings

Adnen Abdessaied, Manuel von Hochmeister, Andreas Bulling

In Proceedings of the International Conference on Computational
Linguistics (COLING). Turin, Italy, 2024.
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5.1 Introduction & Contributions

In this chapter, we explore the idea of latent DST and present the
Object Language Video Transformer (OLViT), a novel model for video
dialog operating over a multimodal attention-based dialog state tracker.
Existing models struggle with questions that require both spatial and
temporal localization within videos, long-term temporal reasoning,
and accurate object tracking across multiple dialog turns. OLViT
alleviates these challenges by maintaining a global dialog state based
on the output of an Object State Tracker (OST) and a Language State
Tracker (LST): while the OST attends to the most important objects
within the video, the LST keeps track of the most important linguistic
references to previous dialog turns.

After each turn, both trackers compute continuous object and
language state vectors that are used to update a global latent dialog
state maintained over the course of the entire dialog. We study dif-
ferent ways of integrating the state vectors in an end-to-end manner
within LLMs and demonstrate the applicability of our approach in
both a discriminative setting, where the model predicts a full answer,
and a generative one where response tokens are predicted one after
another. Specifically, OLViT achieves new state-of-the-art perfor-
mance on DVD [108], outperforming the previous best model by a
3.75% margin. In addition, it outperforms strong baselines on the
SIMMC 2.1 generative task [97] by reaching BLEU-4 scores of 28.30
and 25.20 on the test-dev and test-std splits, respectively.

5.2 Method

As shown in Figure 5.1, OLViT consists of six main components:
An Object Encoder uses the Multi-Object Network (MONet) [27] to
decompose the video frames into multiple masks that are used to
compute the embeddings of scene objects. Complementing the object
encoder, a Text Encoder uses a DistilRoBERTa model [159] to generate
a textual embedding of the current question. The OST and LST
take the object and language state vectors sgt_l) and sgt_” from the
previous dialog round (t — 1) as input and generate updated state
vectors sgt) and sgt). A Combiner merges both state vectors with the
special [CLS] token and the remaining multimodal features. Finally,
a transformer Encoder block applies a sequence of self-attention and

normalization operations on top of the combiner’s output and uses
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the [CLS] token to predict the correct answer in the discriminative
setting. For the generative task, a Decoder block is added on top of
the encoder and used to predict the answer tokens autoregressively.

5.2.1 Object Encoder

The encoder first samples F frames equidistantly from the video and
uses a frozen MONet to obtain N, object segmentation masks per
frame. Some sample video frames and segmentation masks are
illustrated in Figure 5.1. The masks can be thought of as probabilities
of each pixel belonging to a particular object and are encoded in latent
variables with mean puf € R%", where n indexes the object and f
the video frame in which that object occurred. To obtain the initial
object embeddings HY”' € R(M™Ne™ ("} are mapped to the same
dimension d as the transformer block using a linear layer. Position
embeddings are added to learn object-frame relationships:

1

H® = [Pk, W

obj N
1 o,..,W

1y ] + Opos. (5.1)
where W°" € R¥*%evi and Opos € RN are a learnable parameter
and the position embedding, respectively.

5.2.2 Text Encoder

The current question at turn t is first tokenized and the resulting
N,, tokens are processed by a frozen pre-trained DistilRoBERTa
model [159]. The d,,-dimensional embeddings from the last Dis-
tilRoBERTa layer are mapped to match the input dimension d of the
subsequent transformer layers and used as the final word embeddings
HY € RN, that is:

Hg\? = [thl’ cees thNw] + W‘pos’ (52]

where W" € R is a learnable parameter, h; is the embedding of

the j-th token and W, € RN+*4 js a learnable positional embedding.

5.2.3 Dialog State Tracking

The dialog state tracker is a key novelty of our method. Its purpose
is to track relevant objects and dialog rounds within the video and
over the course of the dialog, respectively. Specifically, this tracking
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is learned in a latent space using two separate sub-components, i.e.
OST and LST.

Object State Tracker

As shown in the bottom left of Figure 5.1, the OST takes the latent

object state vector s(t and the k most important object embeddings
from the previous turn as input. It consists of L,y transformer layers
and uses Multi-Head Self-Attention (MSA) with Layer Normalization

(LN) to output an updated latent object state vector s(t).

HO™ = [s87VneT. . np ] (5.3)
R = H V.01 Y5 € topi(o (R HP ™)), (5.4)
HY®" = MSA(LN(HY®Y)) + HY'y, (5.5)

& =HP* [0.:] e R, (5.6)

where L is the number of subsequent transformer layers and
(h[CLS] ibj) c RTN

is the attention values between the final embedding of the [CLS] token
and the object embeddings. As such, the updated latent object state

vector s, () holds information about the most relevant objects for the
current turn t. For the first turn, it is initialized with a zero vector,
i.e. sg ) = 0. For the generative setting where we do not use the [CLS]
token, we summed the attention values of the object embeddings over
all textual tokens in order to determine the most important objects
for the given question, i.e.

hi? HcL’b] [j,:] Vj € topy (oq_( h* Hib))) (5.7)
where h{*' = Y h} and {h}'} are the question token embeddings of
the last decoder layer.

Language State Tracker

As shown in the bottom right corner of Figure 5.1, the LST is a
transformer-based module with L ; layers that learns important in-
formation previously mentioned in the dialog history. The input of

its first layer is the previous latent language state vector s{t_l) and
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FiGure 5.2: Overview of the different variants of our combiner.

the history token embeddings. To calculate the updated language

state vector s; ) for the current turn t, the LST has to be executed
on the dialog history comprising of the previous (t — 1) turn em-
beddings. These embeddings are generated using the same frozen
DistilRoBERTa model as before, that is:

Hist [ (=) yyw pw ,Wfﬁthﬁ,l]s (5.8)
H™t = MSA(LN(H{®Y)) + H Y (5.9)
s = HE' 0,:] e RY, (5.10)

where W{;, is a learnable parameter, h}” is the j-th token embedding
and n, is the length of i-th dialog turn. For the first turn, the latent

language state vector is initialized with a zero vector, i.e. sl =0.
Combiner

The combiner is responsible for merging the [CLS] token embedding
hies; and the two latent dialog state vectors with the rest of the
multimodal input, i.e. the object and text embeddings. We propose
three variants of how this merging is performed, as illustrated in
Figure 5.2.

Variant A simply concatenates all inputs to form the input of the
current dialog turn, i.e.

Ta = [R50 s{7 MG Hy | (5.11)

Variant B first appends s, V) to the object embeddings and s, ) to the
text embeddings. Then, it maps them to the d-dimensional space
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using a linear layer and concatenates all inputs like in Variant A, i.e.

Iy = [h[CLS] HObJ H0:| (5.12)
S = (WP RS, L WP nst ], (5.13)
Ay = [Wosimd o WL ] (5.14)
ax(2d)

where W® € R

Variant C uses two small transformers operating on the concate-
nation of the object state vector with the object embeddings and the
language state vector with the text embeddings. Then, it concatenates
the outputs of their final layers (H°® and H") with the [CLS] token
embeddings and the state vectors, i.e.

is a learnable parameter.

Ie = [h[CLS],sE)t, sV HY 1 } (5.15)

5.2.4 Encoder/Decoder

The last component of our model, the encoder, consists of L trans-
former layers and takes the output of the combiner as input. The
output of its final layer is used to either predict or generate the answer
of the current question.

Prediction. We use a linear layer with softmax to map the final
d-dimensional [CLS] token embeddings to the N-dimensional answer
space. We train our model end-to-end using cross-entropy loss. Dur-
ing testing, we choose the answer a with the highest likelihood score
as described in Chapter 3.2.1.

Generation. For answer generation, we couple the encoder with a
decoder that has the same number of transformer layers and attention
heads and append the ground truth answer to the question. We
then train the model end-to-end as described in Chapter 3.2.3 while
applying a generative mask to the input as shown in Figure 5.1.

5.3 Experiments
5.3.1 Datasets & Metrics

To evaluate the performance of our model for both discriminative and
generative scenarios, we used the DVD [108] and SIMMC 2.1 [97]



50

Chapter 5. Attention-Based DST
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FIGURE 5.3: Performance compari-
son of OLViT with different com-
biners and state tracker variants.
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FIGURE 5.4: Performance compari-
son of OLViT with different num-
bers of objects and history turns.

benchmarks. DVD was recently proposed with the goal of assessing
higher-order spatio-temporal reasoning capabilities of video dialog
models. It is based on 11k videos from the challenging CATER dataset
[61] and contains over 100k dialogs and 1M question-answer pairs
with detailed spario-temporal annotations. SIMMC 2.1 is a task-
oriented dataset that was proposed for realistic virtual assistance
scenarios. It contains 11k dialogs from the shopping domain. As
discussed in Table 3.1, we use accuracy and BLEU-4 to assess the
performance of our model on DVD and SIMMC 2.1, respectively.

5.3.2 Combiner

As can be seen from Figure 5.3, Variant A of the combiner, despite
having the simplest architecture, outperformed all other variants
with a validation accuracy of 54.01% on DVD. We hypothesize that
this is because concatenating the latent state vectors to all respective
embeddings (Variant B) prevents the model from applying attention
over the raw state vectors that contain rich information about the
previous relevant objects and dialog turns. On the other hand, using
additional transformer layers increases complexity and the risk of
overfitting (Variant C). We also experimented with an LSTM-based
state tracker which reached a validation accuracy of 53.20% compared
to 54.01% achieved by the transformer-based one.

5.3.3 Number of Objects and History Turns

To find the best hyperparameters (number of the most important
previous objects and history turns) of the state tracker (Variant A),
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we first used the full history, i.e. all previous turns, and increasingly
varied the number of objects. We considered these two variables
independently to keep the size of the search space tractable. Once
the optimal number of objects was found in the OST, we optimized the
number of previous turns in the LST. As can be seen from Figure 5.4,
we increased the number of object embeddings in each step (i.e.
Nonme, 1, 2, 3, and 4) while keeping the entire dialog history. OLViT
achieved its peak validation accuracy of 55.10% when using two
object embeddings per round. With more embeddings, performance
started to decrease and reached 54.86% and 54.72% with three and
four object embeddings, respectively. We then fixed the number of
object embeddings to two and varied the history length. The best
validation accuracy of 55.39% was reached when we used a history
of seven previous rounds. These optimal values were then fixed for
the rest of the experiments unless it is explicitly stated otherwise.

5.3.4 Baselines

We compared OLViT against the baselines of [108] and other strong
models that (1) were recently published for video dialog state track-
ing, i.e. VDTN [104], and (2) maintain the current state-of-the-art
performance on both DVD and SIMMC 2.1 datasets, i.e. MTN [106]
and the GPT-2 [154] based MM-DST model [138].

5.3.5 Results on DVD

Quantitative Analysis

We first evaluated OLViT on the discriminative video dialog task. As
can be seen from Table 5.1, our model reached an overall accuracy of
54.85%, thereby outperforming the state-of-the-art model by 3.75%
absolute points. Not only did our model reach a new state-of-the-
art test accuracy, it did so by improving the performance across all
question categories. This is in stark contrast to previous methods
(e.g. MTN [106] and more importantly the recent VDTN model [104])
which typically only improved performance for a subset of categories.
Moreover, our method performed particularly well on challenging cat-
egories that require accurate object tracking and that existing models
tend to struggle with. Specifically, OLViT improved the performance
of action count, action query and attribute query by 4.62%, 5.84%,
and 7.67% over the state of art, respectively. Furthermore, our model



Answer Q-type Q-type RNN HRNN HRNN VDTN MTN OLViT

Accuracy [%] Q-retrieval A [%]
Prior (Random) (Freq) (Q) (Q+H) (Q+H+YV)
Action count 0.0 9.30 23.40 19.80 16.30 28.20 36.00 38.78 38.80 43.42 +4.62
Action query 0.0 12.70 23.70 20.60 25.80 33.10 38.60 39.37 39.40 45.24 +5.84
Attribute query 0.0 32.90 38.70 39.40 38.10 39.20 45.10 42.93 43.10 52.77 +7.67
Compare action seq 33.40 34.10 37.30 35.10 4550 52,50 57.50 61.57 61.60 61.88 +0.28
Compare action set 25.10 28.20 36.30 28.20 32.80 40.00 44.30 45.41 45.40 51.71 +6.30
Compare action freq  48.50 50.00 50.50 44.40 58.40 56.90 65.20 66.42 67.10 67.91 +0.81
Object count 0.0 9.10 23.30 18.80 26.20 38.60 40.20 39.86 39.90 43.34 +3.14
Object exist 48.90 49.80 51.10 54.40 66.40 67.00 69.40 69.42 69.00 71.25 +1.83
None 0.0 32.10 38.30 39.00 38.30 39.50 45.10 43.51 43.40 52.74 +7.64
Atomic (non-spatial) 18.80 26.30 31.90 42.40 47.20 47.80 50.70 48.88 48.90 56.54 +5.84
Atomic (spatial) 21.20 27.30 35.50 27.60 36.80 46.00 47.60 47.12 47.10 49.61 +2.01
Compositional 22.80 28.00 35.40 32.10 40.00 45.80 51.40 53.18 53.20 56.70 +3.50
Transfer (attribute) 0.0 30.70 45.50 37.10 40.80 45.70 57.30 57.70 57.70 61.28 +3.58
Transfer (spatial) 49.80 42.40 44.90 26.40 29.60 48.10 47.40 47.86 48.00 50.50 +2.40
Transfer (temporal) 28.90 38.40 22.60 3.00 30.20 53.50 64.60 68.72 69.00 74.83 +5.83
All 21.30 27.80 35.30 32.10 39.70 45.80 50.20 51.02 51.10 54.85 +3.75

TaBLE 5.1: Performance comparison on DVD. Best and second best performances are in bold and underlined,
respectively. Q, C, and V denote question, history/context, and visual input, respectively, and 1 denotes
training with additional supervision.
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test-dev test-std
MM-DST MTN OLViT MM-DST MTN OLViT
BLEU-4 19.20 21.70 28.30 19.20 21.00 25.20
Rel. A [%] +47.4 +30.4 = +31.3 +20.0 =

TaBLE 5.2: Performance comparison on SIMMC 2.1. Best and second best
performances are in bold and underlined, respectively.

outperformed the state of the art across all transfer categories (penul-
timate section of Table 5.1) underlining the efficiency of the proposed
DST mechanism in improving its spatio-temporal reasoning capa-
bilities. Specifically, it reached accuracies of 61.28%, 50.50%, and
74.83% on the transfer (attribute), transfer (spatial), and transfer (tem-
poral) categories, respectively.

Qualitative Analysis

In Figure 5.5a, we show sample predictions of OLViT on the DVD
test split together with some video frames and MONet object masks.
Although our model correctly answered the first three questions, it
failed in the last two. Specifically, when asked about the actions
the red metal cone performs, it predicted “flying” instead of “flying,
sliding”. This might be attributed to the difficulty of the CATER
videos: deciding between “flying” and “sliding” requires the model to
reason about the object’'s shadow, which is hard to acquire from the
object embeddings.

5.3.6 Results on SIMMC 2.1

Quantitative Analysis

For the generative setting, we evaluated OLViT on the SIMMC 2.1
dataset that comes with two test splits (test-dev and test-std). The
ground-truth answers of the former are publicly available, but those
of the latter are withheld by the creators of the dataset. As can be
seen in Table 5.2, OLViT outperforms strong baselines on the test-dev
split by reaching a BLEU-4 score of 28.30 compared to 19.20 and
21.70 achieved by MM-DST and MTN, respectively. Table 5.2 also
shows that our model outperforms these baselines by a consider-
able margin by achieving a BLEU-4 score of 25.20 corresponding to
relative improvements of 31.3% and 20.0% over MM-DST and MTN,
respectively.



MONet

IQ1: Before the green thing's flight how many times does
Ithe grey thing fly? A1: 1

|Q2: Before the snitch's first rotation what number of ave-
Irage cones are to the left of the earlier mentioned grey
lobject? A2: 2

:Q3: How about behind it? A3: 2

Q1: Do you have any good shirts at all?
A1: | have a grey one and a brown on the table over there.

A2: Okay. I'll add it to the cart for you.

Q3: What do you have from the Vegan Baker?
A3: | don't have anything from that brand right now.

| \
| |
| |
I Q2: That brown one should work for me. |
1 |
| |
1 |
1 |

|'_Q4: What can you tell me about that black dress? !
1 How much is it? Do you have my size?

IQ4: Among them there is a red thing. Throughout the
whole video, what activities that it performs exactly twice?
IA4: flying (Correct Answer: flying, sliding)

| . : .
|@5: What about up until now? A5: flying (Correct Answer: | Pred.: Which dress are you referring to?
Sliding) | GT: Which one do you mean?

(a) Answer classification on a random DVD test sample. (8) Answer generation on a random SIMMC 2.1 test.

FIGURE 5.5: Qualitative samples of OLViT .
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Ablated OLViT State
DVD SIMMC 2.1 Trackers
Acc. [%] A[%] BLEU-4 Rel. A[%] OST LST
44.11 11.28 21.50 22.79 X X
46,52 887 21.70 21.66 v X
54.94* 0.45 26.30° 0.38 X v
55.39' = 26.40' = v v

TaBLE 5.3: Performance comparison of different ablations of OLViT on the
DVD and SIMMC 2.1 val splits. 1 and } represent significant improvement
with p < 0.05 and p < 0.01 compared to the second best score.

Qualitative Analysis

Figure 5.5b shows the generated answer of our model on a randomly
sampled example from the SIMMC 2.1 test-dev split. Although there
is not a big overlap in the used words between our model’s prediction
(green) and the ground-truth (red), the two responses are semantically
similar and lead to the same action, i.e. ask for more information
from the user.

5.3.7 Ablation Study

Performance without OST & LST. We first evaluated a version of
our model without any state trackers (first row in Table 5.3). It is
important to note that in this case the model still has access to the
MONet object embeddings but not to the previous history turns. This
ablated version performed poorly, only reaching 44.11% validation
accuracy on DVD and 21.50 BLEU-4 score on SIMMC.

Performance with the OST. Adding the OST (second row in Ta-
ble 5.3) resulted in a notable performance improvement of our model
by reaching an accuracy of 46.52% on DVD and a BLEU-4 score of
21.70 on SIMMC. We emphasize that this version still does not have
access to the previous history turns and treats the task as a simple
single-round question answering task. This finding underlines the
positive influence of performing latent state tracking of the object
embeddings by the OST which helps the model focus more visual
cues relevant to the question at hand.

Performance with the LST. Adding the LST (third row in Table 5.3)
lifted the performance on both DVD and SIMMC 2.1 by a considerable
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LLM # of LLM # of Layers Accuracy

param. L [%0]
None - 4 54.46
None - 16 54.54
DistillRoBERTa 81.5M 4 55.39
RoBERTa 354M 4 55.41

TaBLE 5.4: The effect of pre-trained language models on the performance
of our model. Performance is measured on the DVD val split.

margin compared to the version with only the OST. We note here
that this version, in stark contrast to the previous one, not only had
access to the visual input in the form of MONet embeddings but
also to the previous dialog turns. This variant reached a validation
accuracy of 54.94% and a BLEU-4 score of 26.30. However, it still
underperformed our full model with both dialog trackers in action
(last row in Table 5.3) underlining the complementary benefits of
performing latent multimodal DST on each input modality separately.

Performance with Pre-trained LLM. To assess the effect of pre-
trained LLM on OLViT, we completely removed the DistilRoBERTa
model and trained the encoder layers from scratch on the DVD dataset.
Thereby, we increased the number of the encoder transformer layers
from four to 16 to compensate for the removal of the pre-trained
LLM. As can be seen from Table 5.4, our model’s DVD validation
accuracy dropped from 55.39% to 54.46% when DistillRoBERTa was
replaced by four encoder layers. However, its performance improved
when we increased the number of these layers to 16 and reached a
validation accuracy of 54.54%. Finally, using a full RoBERTa model
only improved the model’s accuracy by 0.02%. Thus, we decided to
use a DistillRoBERTa model in the previous experiments to be able
to train efficiently. We refer to Appendix A.4 for further details about
the design choices of our model.

5.4 Limitations & Closing Remarks

In this chapter, we proposed OLViT, the first model equipped with
latent multimodal DST. Specifically, our model uses two attention-
based modules, i.e. the OST and LST, to keep track of the most
relevant objects in the visual scene and linguistic information in the
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dialog. Due to its differentiable nature, our DST approach can be
seamlessly integrated within LLMs to improve their capabilities on
different multimodal dialog tasks. Through extensive evaluations on
two challenging benchmarks, we showed that OLViT manages to reach
new state-of-the-art results on the discriminative and generative tasks
of DVD [108] and SIMMC [97], respectively.

That said, one of the major limitations of this work is that the
proposed approach was only beneficial for synthetic and diagnostic
datasets that do not adequately reflect the complexity of real-world
data. Addressing more challenging realistic datasets necessitates
the transition to more sophisticated latent and differentiable DST
approaches which we discuss in the next chapters.
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GNN-Based DST with
Static Graph Topologies

This chapter is based on the following publication and includes
extracts thereof without explicit quotation:

VD-GR: Boosting Visual Dialog with Cascaded Spatial-Temporal
Multimodal Graphs

Adnen Abdessaied, Lei Shi, Andreas Bulling

In Proceedings of the IEEE/CVF Winter Conference on Applications of
Computer Vision (WACV). Hawaii, USA, 2024.
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6.1 Introduction & Contributions

In this chapter, we present a more advanced multimodal latent DST
approach capable of addressing the challenges of real-world datasets
and propose VDGR - a novel visual dialog model that combines pre-
trained LLMs with GNNs. Previous works mainly focused on one
class of models at the expense of the other, thus missing out on
the opportunity of combining their respective benefits. At the core
of VDGR is a novel integration mechanism that alternates between
spatial-temporal multimodal GNNs and transformer layers covering
three distinct contributions: First, we use multimodal GNNs to per-
form latent DST by processing the features of each modality (image,
question, and dialog history) and exploiting their local structures
before performing transformer global attention. We posit that it is
essential to exploit both local intra-modal structures and the global
inter-modal context: Each modality is composed of smaller entities
whose relationships have to be separately captured and tracked by
the model (i.e. the objects in the image, the words that constitute the
question, and the rounds that form the history). At the same time,
the inter-dependency of the modalities and the global context are
equally important for a model to be able to answer the current ques-
tion efficiently. Second, we propose hub-nodes that link to all other
nodes within one modality graph, allowing the model to propagate in-
formation from one GNN (modality) to the other in a cascaded manner.
Third, we augment the LLM hidden states with fine-grained multi-
modal latent DST features obtained form the respective GNN before
passing them to the next VDGR layer. Through extensive evaluations
on four challenging benchmarks, we show that VDGR outperforms
strong baselines and achieves new state-of-the-art results across all
datasets.

6.2 Method

As shown in Figure 6.1, VDGR consists of four main components:
a) a graph construction and pruning module, (b) a backbone VLM
operating on alternating cascaded multimodal graphs and BERT
layers, (c) multiple loss heads (NSP, Masked Language Modeling
(MLM), Masked Region Modeling (MRM), Graph Edge Masking (GEM)),
and (d) a prediction module to rank a set of 100 candidate answers
as discussed in Chapter 3.2.2.
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6.2.1 Graph Construction and Pruning
Image Modality

The image graph constructor Gz(.) treats each object in the image
as a node and relies on spatial relationships to construct the graph
topology, i.e. the adjacency matrix, where each edge represents a
relationship between two objects in the image. The objects features

IZ{Vl,...,VNi} (61]

are obtained using Faster R-CNN [156] pre-trained on Visual Genome
[100] where each object feature v; is a 2048 dimensional vector and
N; = 36. Similar to [195], we distinguish between 11 spatial relations
based on the (x1,y;, X2, Yz ) coordinates of the object’s bounding box.

Question Modality

The question graph constructor Go(.) treats each word in the question
as a node and relies on dependency relations to construct the graph
topology, where each edge represents a relationship between two
words in the question. To extract these relationships, we use the
neural dependency parser of Stanza [153] that yields 47 relations in
total.

History Modality

The history graph constructor G5(.) treats each dialog round as a node
and relies on coreference relations to construct the graph topology,
i.e. the adjacency matrix, where each edge represents a relationship
between two rounds in the history.

As can be seen in Figure 6.1, the topology of all multi-modal graphs
is computed once during a pre-processing stage and is always kept
constant over time. We refer to Appendix A.5 for additional details
about the graph construction process.

6.2.2 VDGR Layer
LLM Features

In line with previous work, we use VisDial-BERT [141] layers within
our novel GNN-enhanced DST approach. For a given image-question
pair at round t, we first concatenate the caption C, the previous dialog
rounds #., the current question Q;, and a candidate answer A, to
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form the textual input
T = {[CLS] C [SEP] Q, [SEP] A, ..., Q; [SEP] A,}, (6.2)

where [CLS] and [SEP] are the special classification and separation
tokens, respectively.

As in [141, 181, 202, 32], we use a special learnable token [IMG],
and initialize it using mean pooling of the object features I. The
hidden features of the [IMG] token are used in conjunction with those
of [CLS] by means of element-wise multiplication to produce the final
input features of the NSP head. Finally, the two sequences T and
I are used as initial inputs for the language and vision streams to

obtain the hidden states of the 1-th VDGR layer, i.e. T(U and Im.
GNN Features

Node Features. As illustrated in Figure 6.1, the multimodal GNNs
of the 1-th VDGR layer get their node features from the hidden states
of the previous VisDial-BERT layer (or from the embedding layers
in the first step). It is worth noting that the special tokens [IMG]
and [CLS] are not included in the graph features. The nodes of the

image and question graphs are gathered from the image and question

embeddings of the (1 — 1)-th layer, i.e. {I<L 1)}1 , and {T(1 1)}S *Na,

where s, and N, denote the index of the first questlon token and the
length of the question, respectively.
We use the special [SEP] tokens to represent each dialog round

in the history and gather their hidden states from Tg o get the
node features of the history graph. The node features of the question
and history graphs have to be extracted carefully since the textual
input, i.e. where the question starts and ends and where the [SEP]

tokens are located, varies within the features T}(jL Y for each dialog
and round.

Hub-node Features. As illustrated in Figure 6.1, we introduce hub-
nodes to make each modality aware of the other in a cascaded manner.
As a result, the history becomes aware of the image, the question
becomes aware of the history, and finally the image becomes aware
of the question. The hub-node within each graph links to all other
nodes using a special edge feature to propagate information on a local
scale from one modality to the other. To obtain these features, we
train attention-based graph embeddings for each modality, i.e. fo,(.),
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fo,(.), and fg,, (.), which take the node features of the corresponding
graph as input and output a single vector representing it. For example,
the image hub-node Z, is computed from the image graph node
features I of the 1-th layer as follows:

1= er(IG) = Z xX;iVi for V; € IG, (63]
o = {a}; = softmax(MLP(Ig)), (6.4)

where 07 is the set of learnable parameters and the Multilayer Percep-
tron (MLP) computes linear weights by learning a mapping between
the node features’ vector space and R. The question hub-node Q and
history hub-node # are obtained following the same steps.

Graph Aggregation

Our multimodal graphs are a variant of graph attention networks
[179], although other types of GNNs can be used within each VDGR
layer. Each multimodal graph uses K layers (purple boxes in Fig-
ure 6.1) to propagate information between its nodes. For example,
the k-th image graph layer receives the node features from the previ-
ous graph layer and updates them as follows:

1 = (o9, v v, ) = e ald ), (6.5)
[——
)
v GeLU(|| v 4 E“‘”), (6.6)
v =Y aEPmSY) vishsH, 6.7)
V€N,

where || and H are the concatenation operation and the number of
GNN attention heads, respectively. N, represents the neighbourhood

of node v;, «,_,; denotes the attention weight that scales the message
mi‘i]g) between a source node v, and a target node v, and f is a
linear layer. The messages mgi;?) between the nodes are computed
following:

m5Y = gn (v i), 6.8)
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where gy, is a linear layer and e,_,; is the edge feature between the
nodes v, and v,. We omitted the | index of the VDGR layer in the
previous equations for brevity. The k-th question and history graph

layers update their node features Q(Gk) and H<Gk) in the same manner.
Latent DST & Hidden States Enhancement

The outputs of the multimodal graphs of the last K-th layer, i.e.
I(GL’K), (Gl‘K) and Hg‘K), hold more fine-grained information about the
corresponding modalities by exploiting their local structures and
form the latent DST representations that we use to enhance the
hidden states of the following BERT layer. First, the GNN features
are scattered back to their corresponding indices within the original
hidden states. Then, we apply a fusion operation inspired by the
idea of residual connections [72] as illustrated in Figure 6.1. Our
experiments show that this step is crucial and leads to significant
improvements in performance. These operations can be summarized
as follows:

ih =1, 0 AN 1dx,), 1}, = AL, + (1 - )ik, 6.9)
T = (T 2 (@4, 1dx,)) @ (HYN) 1dx,,), (6.10)
T. = AT, + (1 - \)T}, for A €[0,1], 6.11)

where @ denote the scatter operation and Idx, the indices of the
graph nodes features with respect to the BERT hidden states. The

final DST-enhanced features ﬂl and ’i‘h are passed to the next BERT
layer.

6.2.3 Loss Heads

We complement the traditional losses used for the visual dialog task
(MLM, MRM, and NSP) with GEM to improve the learning of the
local structure of each modality, and thus to enhance the feature
representation of our multimodal graphs.

Masked Language & Region Modeling

Similar to MLM [50], we randomly mask 10% of the text tokens and
image objects with the special token [MASK] and task the model to
recover them based on the surrounding tokens and cross-modal clues,
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s
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for masking masking

FicuRE 6.2: Only edges connecting two unmasked node features are eligible
for masking with a 15% probability.

ie.

Emlm = _E(w,l) [109P(wm |W\m’ h[IMG] )] ’ (6~ 12]
Lomrm = _E(w,l) [logP(vm|I\m, h[CLS] )] p (6.13)

where w,,, and v,,, denote the masked words and the masked regions,
respectively.

Next Sentence Prediction

The aim of NSP is to identify whether or not the appended answer A,
of equation Equation 6.2 is adequate to answer the question at hand,
i.e.

cnsp = _E(w,l) [109P(y | N(h[CLS] s h[IMG] ))] ’ (6.14)

where y € {0, 1} is a ground-truth binary label, and N(.,.) is the
binary answer prediction head operating on the element-wise product
of the [CLS] and [IMG] token representations.

Graph Edge Masking

We introduce multimodal GEM to alleviate the potential problem of
having well-trained LLM layers but not sufficiently trained GNNs.
Given that, by design, our GNNs receive their features from the
previous LLM layer, they inherit some masked node representations.
In order to make the edge prediction task stable, we only mask 15%
of the edges connecting two unmasked node features as illustrated
in Figure 6.2. The representations of these nodes are then used to
predict the masked edge classes. For the example of the image graph,
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this results in the following loss:
Egem = _E(w,l) [109P(y(i'j) |hvi ’ l'l-v,» )] ’ (6- 15)

where y(i’j) is the ground-truth edge type between the nodes v; and
v;. We follow the same procedure to obtain the question and history

GEM losses L‘ngm and E;'ém.
Total Loss

We adopt a two-stage approach to train our model. First, we train it
on a warm-up task of masked token and graph edge prediction, i.e.
using the total loss:

Lwarm = %1 (Lmim + Lmrm) + %2 LcEM, (6.16)

Lem = Lem + L3em + Lapm- (6.17)
Then, we train it using the established visual dialog loss

EVD = Emlm + ['mrm + Ensp- (6.18)

6.3 Experiments

6.3.1 Datasets

We evaluated VDGR on the popular datasets of VisDial v0.9 and
VisDial v1.0. VisDial v0.9 has circa 83k training and 40k validation
dialogs and the more recent v1.0 version consists of about 123k, 2k,
and 8k images for training, validation, and testing, respectively. Each
image comes with a caption and 10 question-answer pairs and each
question is associated with 100 candidate answers. The validation
data and part of the training data of VisDial v1.0 provide dense
annotations for the candidate answers. In addition, we evaluated our
model on two recent and more challenging datasets, i.e. VisPro [203]
and VisDialConv [7].

6.3.2 Quantitative Results
VisDialConv & VisPro

First, we evaluated our model on VisPro and VisDialConv which were
introduced to verify the role of dialog history in answering the current



Method VisPro® VisDialConv
NDCG?T MRR? R@17 R@5t R@107 Mean| NDCG?! MRR! R@17 R@5! R@107 Mean|

MCA-I [7] 59.80 57.88 45.39 72.24 82.76 5.84 52.07 55.55 41.65 72.47 83.81 5.92
MCA-I-HConcQ@ [7] 61.08 61.79 4895 77.50 86.58 4.72 54.84 62.06 47.42 80.10 88.87 4.37
MCA-I-HGuidedQ [7] 61.35 60.13 47.11 75.26 86.18 5.23 53.81 62.29 48.35 80.10 88.76 4.42
MCA-I-VGH [7] 61.68 59.33 46.18 75.53 86.71 5.07 55.48 58.48 44.54 7495 86.19 5.18
MCA-I-H [7] 61.72 59.62 45.92 77.11 86.45 4.85 53.01 61.24 47.63 79.07 87.94 4.77
Student [87] - - - - — - 59.30 - - - - -
VDGR 67.09 66.82 54.47 81.71 91.44 3.54 60.35 69.89 57.21 85.97 92.68 3.15

“Same subset as in [7].

TaBLE 6.1: Performance comparison on VisPro and VisDialConv. The best and second-best results are in

bold and underlined, respectively. T indicates higher is better and | indicates lower is better.
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Model MRR? R@1lt R@5! R@107 Mean|
MN [48] 59.65 45.55 76.22 85.37 5.46
CoAtt [206] 63.98 50.29 80.71 88.81 4.47
HCIAE [132] 62.22 48.48 78.75 87.59 4.81
CorefNMN [98] 64.10 50.92 80.18 88.81 4.45
RvA [144] 66.34 52.71 8297 90.73 3.93
Student [87] 60.03 50.40 70.74 77.15 12.13
DVAN [62] 66.67 53.62 82.85 90.72 3.93
VD-BERT [181] 70.04 57.79 8534 92.68 4.04
VisDial-BERT [141] 71.99 59.41 87.92 94.59 2.87
VDGR 74.50 62.10 90.49 96.37 2.45

TaBLE 6.2: Performance comparison on the val split of VisDial v0.9 dataset.
NDCG is not supported in this version of the dataset.

Model NDCG?! MRR?T R@1l7 R@57T R@107T Mean|
LTMI [143] 62.72 62.32 4894 78.65 87.88 4.86
VD-BERT [181] 63.22 67.44 54.02 8396 92.33 3.53
VisDial-BERT [141] 60.96 67.17 53.42 84.41 92.62 3.41
MCA [7] 60.27 64.33 51.12 8091 89.65 4.24
UniMM-UL [182] 62.86 53.49 42.70 65.03 74.58 10.65
UTC [32] 63.22 68.58 55.48 85.38 93.20 3.28
Student [87] 65.47 53.19 43.08 64.09 71.51 14.34
VD-PCR [202] 64.16 69.71 56.79 85.82 93.64 3.15
VDGR 64.32 69.91 57.01 86.14 93.74 3.13

TaBLE 6.3: Performance comparison on the val split of VisDial v1.0 dataset.

question at hand Q,. We compared VDGR to the baselines introduced
in [7] as well as the most recent Student model [87]. As can be seen
from Table 6.1, VDGR managed to outperformed all MCA [7] variants
across all metrics on both datasets. Specifically, it increased the
performance of the baselines by over 5 absolute points on NDCG and
MRR on VisPro. On VisDialConv, VDGR increased the top perfor-
mance by over 4 absolute points on the same metrics. Table 6.1 also
shows that our model managed to surpass the Student model [87]
by over 1 NDCG absolute point although it was trained on circa 13M
additional images underlining the efficacy of our GNN-based DST
approach.

VisDial v0.9

Second, we compared our model with the state of the art on Vis-
Dial v0.9. As can be seen from Table 6.2, VDGR outperformed all
previous models and achieved new state-of-the-art results across
all metrics. Specifically, it outperformed pre-training methods such
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MRR1 R@1t R@5t R@10t
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FiGURE 6.3: Performance comparison on different dialog rounds of the
VisDial v1.0 val split. We only considered sparse metrics since the dense
annotations used to compute the NDCG score are not defined on all 10
rounds of the validation dialogs.

56
Dialog Round Dialog Round Dialog Round Dialog Round

1 VD-GR [1VD-PCR

as VisDial-BERT [141] and VD-BERT [181] by a large margin. Even
more importantly, it managed to also surpass more recent models
such as Student [87]. Specifically, VDGR improved the MRR and
R@1 scores by over 2.5 absolute points compared to the second best
model.

VisDial v1.0 val

We then compared VDGR with the state of the art on the val split of
VisDial v1.0. As can be seen from Table 6.3, our model outperformed
all previous models across all five sparse metrics. Specifically, it
outperformed the seminal works of VisDial-BERT [14 1] and VD-BERT
[181] by a considerable margin. Even more importantly, it managed
to also surpass more recent models such as UniMM-UL [182], VD-
PCR [202], UTC [32], and Student [87]. VDGR improved MRR, R@1,
and R@5 by over 0.2 absolute points compared to the second best
VD-PCR model [202]. Furthermore, we compared their performance
on individual dialog rounds using the sparse metrics (MRR, R@1,
R@5, and R@10). As can be seen from Figure 6.3, VDGR managed to
outperform VD-PCR [202] on almost all rounds of the dataset further
showcasing the benefits of our novel DST approach.

VisDial v1.0 test-std

Finally, we compared our model with state-of-the-art published base-
lines on the test-std split of the VisDial v1.0 dataset.

State-of-the-art Results on Sparse Metrics. As can be seen from
the first section of Table 6.4, VDGR lifted the state-of-the-art R@5,
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Model NDCG! MRR! R@17 R@57 R@107 Mean|
MN [48] 4750 5549 46.98 72.30 83.30 5.92
CorefNMN [98] 54.70 61.50 47.55 78.10 88.80  4.40
FGA [160] 56.90 66.20 52.75 8292 91.07 3.80
DAN [88] 57.59 63.20 49.63 79.75 89.35  4.30
LTMI [143] 59.03 64.08 50.20 80.68 90.35 4.05
CAG [63] 56.64 63.49 49.85 80.63 90.15 4.11
GOG [33] 61.04 6352 50.01 80.13 89.28  4.31
VD-BERT [181] 59.96 65.44 51.63 82.23 90.68  3.90
VisDial-BERT [141]  63.87 67.50 53.85 84.68 93.25 3.32
UTC [32] 64.60 68.70 55.73 84.93 93.08 3.32
VD-PCR [202] 6355 6873 5545 85.38 9353 3.21
UniMM-UL [182] 63.90 68.14 54.57 85.15 93.13 3.27
Student [87] 64.91 6844 5505 8518 9335 3.23
VDGR 63.49 6865 55.33 8558 9385 3.20
*MCA [7] 72.47 37.68 20.67 56.67 72.12  8.89
*VD-BERT [181] 7454 50.74 33.15 61.58 77.15 7.18
*VisDial-BERT [141] 74.47 50.74 37.95 64.13 80.00 6.28
*UTC [32] 74.32 50.24 37.12 63.98 79.88  6.48
*VD-PCR [202] 75.30 56.17 45.32 68.05 8098 6.15
*UniMM-UL [182] 75.92 56.18 43.70 71.03 84.80 5.42
*VDGR 75.95 58.30 4655 7145 8452 5.32
°*p1+P2 [152] 74.91 49.13 36.68 62.96 7855  7.03
°*VD-BERT [181] 75.35 51.17 38.90 62.82 77.98  6.69
°*VD-PCR [202] 76.14 56.05 44.75 68.40 82.75 5.72
°*UniMM-UL [182] 76.17 56.42 44.32 70.23 8452 5.47
°*YDGR 76.43 56.35 45.18 68.13 82.18 5.79

TaBLE 6.4: Performance comparison on the test-std split of VisDial v1.0
dataset. # indicates fine-tuning on dense annotations and ¢ denotes
ensemble model. { denotes the use of extra large datasets for training.

R@10, and Mean scores from 85.38, 93.53, and 3.21 achieved by
VD-PCR [202] to 85.58, 93.85, and 3.20, respectively. On the remain-
ing metrics, our models performed on par with the state of the art.
Specifically, it reached respective scores of 68.65 and 55.33 on MRR
and R@1, only third to UTC [32] and VD-PCR [202].

Fine-tuning on Dense Annotations. As in previous works, we fine-
tuned our model on the dense annotations released by [141] in order
to improve the NDCG score. As illustrated in the second section of
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MRR 1 R@11 R@51 R@10t
69.90 1 57.001 o1 93.73
69.88- 56.951 86.121 93.711
69.86 56.90- 86.101 93.69
1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4
K K K K

FIGURE 6.4: Performance comparison with different number of GNN layers
K on the val split of VisDial v1.0. Results are shown for the val split of
VisDial v1.0.

Table 6.4, the NDCG score sharply increased from 63.49 to 75.95, out-
performing all previous models in the single-model setting. However,
by fine-tuning on dense annotations, we decreased the performance
on the sparse metrics (MRR, R@1, R@5, R@10, and Mean). This well-
known phenomenon of the dataset is due to the misalignment of the
dense and sparse annotations as previously observed by [141, 181].
In contrast to other baselines, VDGR managed to keep relatively
high sparse scores (4/5 metrics are the new state of the art) after
fine-tuning.

Ensemble Setting. As it is common practice, we fine-tuned an
ensemble comprised of eight pre-trained VDGR models to further
improve the NDCG score. One set of four models was fine-tuned with
CE and with a varying number of GNN layers K, i.e. K = {1, 2, 3,4}.
Each model of the second set was trained using the ListNet [29]
ranking optimization method. As can be seen in the last section
of Table 6.4, our ensemble model reached an NDCG score of 76.43
outperforming the closest competitor UniMM-UL [182] with only 76.17
and, thus setting a new state-of-the-art benchmark performance.

6.3.3 Ablation Study
Number of GNN layers K

This is an important hyperparameter of our model that greatly affects
the quality of latent DST learning: If K is too small, then the expressive
power of the GNNs will be hampered. Contrarily, if K is too large, the
GNNs will suffer from over-smoothing [114]. To this end, we increased
K incrementally from one to four and used the sparse metrics of
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Ablation NDCG?' MRR?T R@17T R@57 R@107T Mean|

VDGR w/A=0 56.69 67.71 54.07 85.03 92.84 3.33
VDGR w/0 Lyarm 63.76 69.83 56.84 86.05 93.70 3.15
VDGR w/o sharing 64.15 69.79 56.73 86.02 93.68 3.15
VDGR w/o HN 64.11 69.86 56.88 85.97 93.67 3.14

VDGR (Full) 64.32 6991 5701 86.14 93.74 3.13

TaBLE 6.5: Performance comparison of our model ablations on the val split
of VisDial v1.0.

the task (MRR, R@1, R@5, R@10) for validation. As illustrated in
Figure 6.4, the performance of our model peaked at K = 2 for all four
metrics. Thus, we kept this value fixed in all previous experiments
unless explicitly stated otherwise.

Model Ablations

In addition to the full model, we evaluated the following ablated
versions:

e VDGR w/A = O: This variant fully excludes the latent DST features
by setting A = 0, i.e. it does not apply the proposed residual connection
of Equation 6.11 while augmenting the BERT hidden states.

o VDGR w/0 Lyam: This variant was not trained on the warm-up
task of edge prediction as discussed in Section 6.2.3.

e VDGR w/o sharing: This variant did not share the weights of the
GNNs in each layer of our model.

e VDGR w/o HN: This variant did not use hub-nodes to propagate
the information between the multimodal GNNs.

As can be seen from Table 6.5, the latent DST features are essential
for high performance. Without them, VDGR achieved the lowest
performance across all metrics. The same applies to the warm-up
training stage: Although the performance of this ablated version
improved over the previous one, it still performed significantly worse
than our best model. The results also underline the importance of
sharing the GNN weights within the different VDGR layers: Although
this version has more weights, it still performed worse than our best
model on all metrics. This finding was to be expected given that the
local structure of each modality does not change from one VDGR
layer to another. Finally, the importance of the inter-modal feature
propagation using hub-nodes is highlighted by the two last rows
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of Table 6.5: The hub-nodes enabled our model to achieve the best
performance across all metrics of the val split of the VisDial v1.0
dataset.

6.3.4 Qualitative Results

Finally, in Figure 6.5 we show selected qualitative samples (with
more in the supplementary material) from the val split of VisDial
v1.0 alongside the ground truth answers, as well as the top-1 pre-
dictions of our VDGR model and VD-PCR [202] for comparison since
it achieved the second best results on this split. We make two inter-
esting observations: (1) Our model deals better with questions that
require exploiting local structure within modalities. For example, it
managed to correctly answer the question

Qo = How many skiers can you see?

in the first dialog sample (see Figure 6.5a) by predicting 11 whereas
VD-PCR [202] predicted I can only see two. We hypothesize that
this is due to the fact that our model is equipped with a DST mech-
anism that exploits the spatial structure of the visual input more
effectively using the image graph compared to VD-PCR [202], al-
though the latter has access to the same visual features. (2) VDGR
has more accurate semantic understanding of the question. This is
highlighted in answering

Qs = How old does she seem to be?

(referring to the woman) in the second dialog sample (see Figure 6.5b).
Whereas our model correctly predicted Early 20’s, VD-PCR [202]
failed by answering Grey, which is not a semantically-sound response.
We refer to Appendix C.2 for additional qualitative samples.

6.4 Limitations & Closing Remarks

In this chapter we continued our efforts towards developing more
capable multimodal latent differentiable DST approaches by propos-
ing VDGR, a model that alternates between GNN and LLM layers.
Specifically, it leverages GNNs to exploit the local structures of the
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FIGURE 6.5: Qualitative samples from the VisDial v1.0 val split. The attention weights correspond to the K-th
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input modalities and produce fine-grained multimodal features that
help the model focus on the relevant relationships between the con-
stituents of each modality. These GNN features hold important in-
formation about the state of the dialog and are used to augment the
hidden states of the subsequent LLM layer. Through extensive evalu-
ations on four real-world visual dialog datasets, we demonstrated the
effectiveness of our model in tackling the challenges of such datasets.

That said, VDGR suffers from some key limitations. First, it relies
on an ad hoc construction of the graph topologies using deterministic
rules or external tools. This poses a challenge for other datasets such
as AVSD [9] for which this construction is not feasible, i.e. we cannot
pre-defined clear relationships between its modalities’ constituents.
Second, it keeps the same graph topologies constant throughout the
whole architecture. We posit that this is suboptimal, as the semantic
relationships between the features of the input modalities might shift
in deeper layers of the model.
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7.1 Introduction & Contributions

In this chapter, we build on our previous works on latent multimodal
DST (Chapter 5 and Chapter 6). Specifically, we attempt to alleviate
their limitations by introducing a latent DST approach capable of
dealing with the complexity real-world datasets. To this end, we
present MiSTyyxer , @ novel video dialog model operating over a generic
GNN-based multimodal state tracking scheme. Current models that
claim to perform multimodal state tracking fall short in two major
aspects: (1) They either track only one modality (mostly the visual
input) or (2) they target synthetic datasets that do not reflect the
complexity of real-world in-the-wild scenarios. Our model addresses
these two limitations in an attempt to close this crucial research gap.
Specifically, it first tracks the most important constituents of each
input modality in a similar manner to OLViT. Then, it predicts the
missing underlying structure of the selected constituents of each
modality by learning local latent graphs using a novel multimodal
graph structure learning method. This is in stark contrast to VDGR,
which assumes that the topologies of the ad hoc constructed graphs
are kept constant throughout the whole architecture. Subsequently,
the learned local graphs and features are parsed together to form a
global graph operating on the mix of all modalities, further refining its
structure and node embeddings. Finally, the fine-grained DST graph
node features are used to enhance the hidden states of the backbone
VLM similarly to VDGR . Extensive evaluations on five challenging VL
benchmarks showcase the effectiveness of our proposed approach.

7.2 Method

As can be seen from Figure 7.1, MSTyyxgr complements a BART layer
[112] with a custom MIXER layer that learns latent DST features
which are used to enhance the hidden states of the subsequent
layer. The output of the modified encoder is input to a decoder that
autoregressively generates a free-form answer to the question at
hand as introduced in Chapter 3.2.3.

7.2.1 Input Representation Learning

Visual Representations

As it is standard for this task, the visual representations are extracted
for a given video using I3D-rgb and I3D-flow models [30] pre-trained
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FIGURE 7.1: MSTyyxer takes a video, a dialog history, and a question as output. It uses a BART backbone
adapted to deal with multimodal input features and enhances it with our graph-based DST approach.
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on YouTube videos and the Kinetics dataset [89]. Formally, a video V
is first split into 1, segments using a sliding window of n frames. Then,
each segment S = {f, f, ..., 1}, where f; represents one video frame,
is fed to the pre-trained I3D models to extract the d,-dimensional
video features Vig,, Vyow € RY v, Additionally, we extract object

features Vg, € R"*% from the middle frame of the video using SAM
[94]. Finally, We project these features to match the hidden dimension
d of BART using linear layers with weight matrices Wg,, Waow, Wsam-

Audio Representations

Similar to previous works [199, 102, 121], we use audio features
extracted from a pre-trained VGGish model [167]. Since video and
audio are synchronous, we use the same splits to generate the d -
dimensional audio features Aggisn € RY*da, Similarly to the video
features, we map the audio features to the BART embedding space
using a linear projection with a weight matrix W, € R¥%e . We refer

to [74] for further details about the feature extraction procedure.
Textual Representations

We use the dialog history composed of the video caption, the previous
question-answer pairs, and the current question as additional input
to the encoder. We separate each segment with the special token
</s>. Subsequently, we embed their concatenation into a dense
representation T = [Ty, Tg] € R"*? ysing a word embedding matrix

W € RlQV|Xd, where lt, Qy, Ty, and Ty are the length of the
textual input, the vocabulary, the dense representation of the history
and question, respectively. Finally, we input a shifted ground truth
answer into the decoder and embed it using the same word matrix.

State Tokens

We insert special state tokens <s;> at the beginning of each modality
(Vegb> Vitows Vsam» Avggish» To» To) and used them to keep track of the
most relevant constituents.

7.2.2 Latent Multimodal DST

The main idea of MSTyxgr is to keep track of the most relevant con-
stituents at different semantic levels (e.g. across modalities and
encoder layers) and learn a latent GNN-based DST representations
that we use to augment the hidden states of the VLM as we did in
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Chapter 6. Therefore, we insert a MIXER layer after every A encoder
layer as shown in Figure 7.1. Our approach follows a two-stage
divide and conquer scheme where we first learn the underlying local
structures of the individual modalities before learning the global
inter-modal structure of the mix of all available modalities. We posit
that directly learning the latter might be daunting for such a high
multimodal task.

Multimodal Feature Tracking

We take advantage of the special state tokens <s;> to keep track of the
most relevant modality-specific features at different embedding levels
of the encoder. Specifically, for each modality, we select the K tokens
with the highest attention values with respect to the corresponding
state token, i.e.

K><d

= topK((Xavg(h@,» H;)) eR (7.1)

where o,s(he,>, H;) is the attention values between the state token
embedding and the remaining features H; of the i—th modality aver-
aged across all attention heads.

Mixing Stage I (Divide)

We posit that the selected features {X;} of all N modalities encapsulate
rich information about the dialog state that could be leveraged to im-
prove the learning capabilities of our model. As mentioned previously,
we take advantage of the power of GNNs to refine these features based
on their local structures, as previous work has highlighted the merit
of integrating GNNs with transformer-based models [5, 194, 198].
However, the underlying structures that govern {X;} are missing in
contrast to our previous work (Chapter 6). To this end, we propose a
novel multimodal graph structure learning approach that simultane-
ously learns the graph weights and the adjacency matrix in the form
of latent graphs. We posit that we can divide the adjacency matrix A;
of the i—th modality 1nto an initial (observable) part A; and a missing
(sought-after) part Al where A; is a binary matrix constructed using
a kNN (k = 4) approach based on X;. Thus,

P(X;, A;) = P(A;|X;)P(X;) (7.2)
= P(A;, A | X;)P(X;). (7.3)
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Although the conditional distribution P(Al A,|X) can be modeled by

a parametric families of distributions po(A{, A;|X), the optimal pa-
rameter set 0 is not known making the computations of the marginal

po(&i[Xs) = [ ps(Af. Al A(A) (7.4)
and therefore, the posterior of each modality
Pe(Al A X;)
X)="——"7+""" (7.5)
po(AilA;, X;) = o (A %)

intractable. To be able to infer the missing part of the local adja-
cency matrix, we take advantage of VI to learn an approximation
qu(Ai'lf\i,Xi) of the posterior. We postulate that the missing adja-
cency matrix of modality i depends on its own features X; and the
features of other modalities Xj.;. Therefore, we propose Multimodal
Conditioning (MMC) of Equation 7.5 on all Xj,; in addition to X;. We
also follow the idea of [40] that better graph structures lead to better
features, and better features lead to better graph structures. There-
fore, as shown in Figure 7.2, we use a two-stream approach where
one stream uses enhanced features to learn the latent multimodal
graphs, and the other uses the predlcted graphs to infer fine-grained
features to learn both qg, and pg for each modality.

Specifically, in the purple module of the upper stream, we esti-

mate an edge of latent graph A,'J using cosine similarity as

H
1
a,'nn =T Z cos(th 0] xm,wj31 © Xp), (7.6)

where x,, X, € Xj, {w}l } are learnable weights for each modality, H
is the number of attention heads, and ® denotes element-wise mul-
tiplication. Then, in the - module, we update the multimodal
node features using an APPNP [60] module and the predicted latent
graphs for modality i to get {Zi"j}. For the lower stream, we first start
by updating the node features similarly to the upper stream by using
the initial graphs {A;} to get {Z,"J} Then, we use the enhanced node

features {[Z;; i'fj]} to predict the second set of local graphs {Ai'j'}.

1_]’



J

Global Graph
Learning

BART Encoder Layer

\ | global
d L ELBO
..: Global node features € R* anr»: Scatter features
(a) We use the predicted local latent graphs {A;} to initialize A = diag([A;, .., Ax], 0) in order to learn the

final global latent graph A. The updated node features Z hold important information about the global
dialog state and are scattered back to their initial positions in the BART layer.

hes,>

(B) We update the state embeddings h.g, >
by averaging the corresponding features Z.

FiGurE 7.3: Overview of mixing stage II.
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Finally, we output the final local latent graph of modality i as

. 1 x
A+ QZ Ajj+A{;) eRYE, (7.7)
TB_'

[\DIH

VI approx1mat10n via MMC

Mixing Stage II (Conquer).

This stage tries to infer the global latent graph structure that governs
the mix of all modalities {X;}. As seen in Figure 7.3a, it depends on
the previously predicted local latent graphs to build the initial global
graph as

NKxNK

A = diag([A;.....Ax].0) €R (7.8)

Similar to Stage I, we use a two-stream approach to learn the global
Pe and q4 and thus the global latent graph A and node features

Z= %(z' +zZ"), (7.9)

that hold important information about the global dialog state, where
Z' and Z" are obtained from the upper and lower streams, respectively.
Finally, we update the state tokens embeddings h_;, . by averaging
the corresponding features from Z (see Figure 7.3b) and integrate
the latter back into the hidden state of the corresponding BART layer
following

H=(1-A)(Ho (Z,1dx)) + AH, (7.10)

where A € (0, 1) is a hyperparameter and @, H, and Idx denote the
scatter operation, the hidden state of the BART layer and the indices
of the nodes features Z relative to H, respectively.

Loss Function. Since we rely on VI to infer the local and global
latent graphs, we used two Evidence Lower Bound (ELBO) losses to
optimize (1) the local multimodal graph learners {q;),pg} and (2) the
global learners q4,pg. We refer to Appendix A.6 for further details
about the derivation of these losses. We trained our model end-to-
end using a combination of the generative loss Lg, as discussed in
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Chapter 3.2 and both ELBO losses, i.e.

local global

L = a1 Lgen — %2 LELBO — ®3LE1R0> (7.11)
N
local 1 local,i
LiiBo = 5y »_ LEiBo (7.12)
i=1

where {«y } are hyperparameters and £1§E§8 is the local ELBO loss for

the i-th modality.

7.3 Experiments
7.3.1 Datasets

We mainly evaluated our model on the popular and challenging AVSD
dataset [9]. Each of its dialogs comes with 10 question-answer pairs
as well as a short description/caption based on a video. Each video
is collected from the Charades dataset [166] and the dialogs are
generated by human annotators. We considered all three benchmarks
of the dataset, i.e. AVSD-DSTC?7 [200], AVSD-DSTCS [91], and AVSD-
DSTC10 [161], which were respectively released for the Dialog System
Technology Challenge (DSTC). To assess the generalizability of our
model, we further experimented with the generative task of SIMMC
2.0 [97] and the recent open-ended video question answering dataset
of NEXT-QA [189].

7.3.2 Metrics

We used the established official metrics for each dataset in order to
fairly compare MSTyxgr With the previous models. Specifically, for
all three AVSD datasets, we used BLEU (B-n) [147], ROUGE-L (R)
[124], METEOR (M) [19], and CIDEr (C) [178]. Whereas for SIMMC
and NExT-QA, we used B-4 and WUPS [135] scores, respectively.

7.3.3 Main Results
AVSD-DSTC7

As shown in Table 7.1, our model managed to achieve new state-of-
the-art results across all evaluation metrics, thereby outperforming
strong baselines, including PDC [102], DialogMCF [41], THAM [199],
and ITR [208]. Specifically, MSTyxgr outperformed the latest ITR
[208] model by over 1.5% (relative improvement) on B-2, B-3, B-4,


https://github.com/dialogtekgeek/DSTC8-AVSD_official

Model AVSD-DSTC7 AVSD-DSTCS8
B-1 B-2 B-3 B4 M R (o3 B-1 B-2 B-3 B4 M R (o]
Baseline [74] 62.1 48.0 379 30.5 21.7 481 733 61.4 46.7 36.5 289 21.0 48.0 65.1
MTN [106] 715 58.1 476 39.2 26.9 559 106.6 - - - - - - -
JMAN [44] 66.7 52.1 41.3 33.4 239 533 94.1 64.5 504 402 324 232 521 875
VGD [105] 749 62.0 520 43.6 282 582 119.4 - - - - - - -
BiST [107] 755 61.9 51.0 429 284 58.1 119.2 68.4 54.8 457 376 273 56.3 101.7
SCGA [90] 745 62.2 51.7 43.0 285 57.8 120.1 71.1 59.3 49.7 41.6 276 56.6 112.3
RLM [121] 76.5 64.3 54.3 459 294 60.6 130.8 746 62.6 52.8 445 286 59.8 124.0
PDC [102] 77.0 653 539 449 292 606 129.5 749 62,9 528 439 285 59.2 120.1
AV-TRN [161] - - - 40.6 26.2 55.4 107.9 - - - 39.4 250 545 99.7
VGNMN [108] - - - 429 27.8 57.8 118.8 - - - - - - -
COST [151] 72.3 589 483 40.0 26.6 56.1 108.5 69.5 559 46.5 382 27.8 574 105.1
MRLYV [8] - 59.2 49.3 415 269 569 1159 - - - - - - -
*THAM [199] 77.8 654 549 46.8 30.8 619 133.5 764 64.1 53.8 455 30.1 61.0 130.4
DialogMCF [41] 77.7 653 54.7 457 30.6 61.3 1352 75.6 63.3 532 449 293 60.1 1253
ITR [208] 78.2 65.5 552 46.9 305 619 133.1 76.2 64.1 54.3 46.0 29.8 60.7 1285
MSTwvxer 78.7 66.5 56.3 47.6 31.3 62.5 1388 775 66.0 56.1 47.7 306 624 1354
W/0 Vsam 786 66.3 56.0 47.4 312 622 137.3 77.4 65.8 56.0 47.3 306 62.1 134.8
W/0 Ayggish 784 66.0 558 47.1 31.0 62.0 136.5 77.1 65.6 557 47.1 302 61.8 133.6

SJUQLU]JQCIXH e/

TaBLE 7.1: Results on AVSD-DSTC7 and AVSD-DSTCS. Best and second best performances are in bold and
underlined, respectively. # = Two-stage training.

L8
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Model Bl B2 B3 B4 M R c
AV-TRN [161] - - - 247 19.1 437 56.6
+Ext. [161] - - - 371 245 535 86.9
DSTC10 [77] 67.3 54.5 44.8 37.2 24.3 53.0 91.2
DialogMCF [41] 69.3 55.6 45.0 36.9 24.9 53.6 91.2
Ry — 70.0 57.4 47.6 40.0 25.7 545 9938
W/0 Veam 69.8 57.4 47.5 39.8 25.6 54.3 97.6

W/0 Ayggish 69.7 57.1 47.2 395 25.1 540 96.9

TaBLE 7.2: Results on AVSD-DSTC10.

and M scores. Since some previous models did not use SAM [94] and
audio features, we trained two additional versions of our model where
we only removed SAM features before additionally removing the audio
features. Both versions are denoted by “w/0 Vg,,” and “w/0 Ayggish”
respectively. As seen from Table 7.1, both versions still outperform
all previous models across all evaluation metrics.

AVSD-DSTCS8

As depicted in Table 7.1, models tend to struggle more on this more re-
cent benchmark. However, MSTyxgr scored new state-of-the-art re-
sults with higher relative improvements compared to DSTC7, thereby
lifting the B-2, B-3, B-4, and C scores by over 3% relative to the
second best models ITR [208] and THAM [199]. Similarly to AVSD-
DSTC7, our ablated versions surpassed these models as well on all
evaluation metrics of the benchmark.

AVSD-DSTC10

We then evaluated MSTyxrr on the latest AVSD-DSTC10 benchmark.
Contrary to the previous versions, AVSD-DSTC10 does not include
human-generated video descriptions during inference, since these
are unavailable in real-world applications. As depicted in Table 7.2,
models struggle the most on this version of the benchmark. However,
not only our full MSTyxgr model but also its two ablated versions
managed to outperform the latest models on all evaluation metrics.

*siMMcC

To assess the generalizability of our model, we additionally tested it
on the generative task of SIMMC 2.0 [138]. As seen from Table 7.3,
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Model B-4 Model WUPS: WUPS; WUPS, WUPS
HCRN [109] 16.05 17.68  49.78 23.92

1(\}4;‘?2[1[3(;]] ?é; HGA [81] 17.98 17.95 50.84 24.06
- : Flamingo [10] - - - 28.40
BART [111] 33.1 KcGA [84] _ _ _ 28.20
PaCE [120] 34.1 EMU [174] - - - 23.40
MSTyixer ~ 44.7 MSThixer 22.12 2220 55.64 29.50

TaBLE 7.3: Results on TABLE 7.4: Results on open-ended NEXT-
SIMMC. QA°.

MSTyixer outperformed the latest published models such as PaCE
[120] by achieving a B-4 score of 44.7.

*NExT-QA

Finally, we tested our model on the recent open-ended NExT-QA
benchmark [189]. As depicted in Table 7.4, MSTyyxgr not only out-
performed HCRN [109] and HGA [81] on all WUPS scores [135] but
also surpassed latest models such as Flamingo [10], KcGA [84], and
EMU [174]. Specifically, it lifted the overall WUPS score by 1.1 ab-
solute points compared to the seminal Flamingo-9B model with x18
more parameters.

7.3.4 Ablation Study
Effect of A and A

We independently optimized these hyperparameters based on the vali-
dation perplexity (PPL). First, we fixed A = 4 to guarantee a reasonable
training time on our hardware setup and varied A € {0,0.1,0.5,0.9, 1}.
As seen in Table 7.5a, the best performance was achieved when using
A = 0.9. Thereafter, we varied A € {2, 3, 4, 5} while keeping A = 0.9
and achieved the best results for A = 4 as can be seen from Table 7.5b.

GNN Types

We experimented with different types of GNNs within our full model.
As depicted in Table 7.5c, the combination of MSTy;xgr With APPNP
[60] led to the best overall performance compared to other GNNs such
as GAT [179], GCN [93], and SAGE [68].

&: Models trained with optimal hyperparameters from AVSD and without Vgap,.
¢ C., T, and D denote causal, temporal, and descriptive questions, respectively.



A PPL AVSD-DSTC7 AVSD-DSTCS8 A PPL AVSD-DSTC7 AVSD-DSTCS8
(va) B4 R €C B4 R c (va) B4 R c B4 R c
0.0 Training unstable <92 Training t 1
0.1 11.03 17.3 29.0 351 114 243 21.2 = g too ~ong
0.5 548 446 603 1964 447 594 1238 3 5.19 457 61.5 134.1 46.7 615 131.8
1.0 5.30 45.1 60.8 131.3 42.3 61.1 126.9 5 521 45.0 61.1 133.6 44.6 60.5 129.1
(a) Influence of the value of A. (B) Influence of the value of A.
N AVSD-DSTC7 AVSD-DSTCS
MEER B4 R c B4 R C MST AVSD-DSTC7 AVSD-DSTC8
MIXER
w/ GAT 467 615 1354 46.5 609 129.4 B4 R ¢C B4 R c
w/GCN 466 61.9 136.7 46.7 61.6 131.6 Base (A=2) 39.8 60.0 1139 40.1 55.4 1102
w/SAGE 46.0 61.2 1334 458 60.9 129.3 Large (A=4) 47.6 625 1388 46.7 61.6 131.6
w/ APPNP 47.6 625 1388 47.7 62.3 1349

(c) Performance comparison of our best model using differ-

ent GNN types.

backbone, respectively.

TaBLE 7.5: Ablation experiments of MSTyygg -

(D) Performance comparison between different model sizes.
“Base” and “Large” mean that MSTyxgr uses a base or a large
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Mode Size

Moreover, we experimented with different sizes our model. As depicted
in Table 7.5d, the variant of MSTyyxgr that is based on BART-base
significantly under-performed the large variant across all evaluation
metrics of both datasets.

Latent Graph Size K

As illustrated in the first section of Table 7.6, we varied K from 7
to 16 in three-step intervals. The overall performance of MSTyxgr
peaked when using K = 10 features from each modality as the graphs’
node embeddings. Using higher values of K rendered the learning
of the global latent graphs with K x N nodes more difficult and thus

hurt the overall performance of our model. This is underlined by the

behavior of the global ELBO loss ﬁ%lfg%l as illustrated in Figure 7.4a.

Using K = 7 hurt the performance of our model across almost all
metrics. We posit that low values of K are insufficient to capture each
modality’s most influential constituents. Therefore, we set K = 10 in
the rest of the experiments.

Multimodal State Tracking GNNs

In each row of the middle section of Table 7.6, we ablated one GNN-
based tracking module and kept the remaining ones unchanged. Our
full model outperformed all these ablated versions despite them having
access to the same input features. The comparable results of all these
ablated versions validate the use of a uniform graph size K for all
available modalities. Finally, we replaced all GNNs (local and global)
with vanilla transformer layers. As can be seen from the last row

of the middle section of Table 7.6, this version was outperformed
by our full model as well, underlining the efficacy of our proposed
multimodal graph learning approach.

ELBO Losses

As can be seen in the third section of Table 7.6, we conducted exten-
sive experiments with different combinations of the ELBO losses: (1)
We first ablated the learning of both global and local latent graphs
and, therefore, both ELBO losses resulting in a plain BART model
[112] without any DST capabilities. (2) We then only used the initial
graphs A; as the final latent graph approximations in both training
stages I and II leading to improvements compared to plain BART.



K GNNs Jer T L —. AVSD-DSTC7 AVSD-DSTCS8
B-1 B4 R c B1 B4 R c

7 All v v ~511M 77.8 47.0 61.8 1362 76.6 47.0 61.5 131.8
10 All v v ~511M 78.7 47.6 625 1388 775 47.7 624 1354
13 All v v ~511M 77.0 454 60.6 1319 75.7 452 60.4 127.0
16 All v v ~511M 76.6 454 60.7 132.6 75.8 459 60.5 128.4
10 w/0 GNNyg, v v ~495M 784 47.2 62.4 137.2 77.3 47.4 62.0 133.2
10 w/0 GNNyow v v ~495M 785 47.1 625 1385 76.9 47.2 61.9 134.1
10 w/0 GNNgum v v ~495M 78.1 46.1 622 137.2 77.5 46.5 61.7 1327
10 W/0 GNNyggisn v v ~495M 78.0 458 61.4 134.9 768 46,5 61.0 131.0
10 w/o GNNy v v ~495M 78.1 45.7 61.8 134.1 77.4 46.7 62.2 134.0
10 w/o GNNg v v ~495M 782 47.1 62.1 1385 77.0 47.0 61.8 133.6
10 TRN X X ~500M 77.8 46.9 61.8 136.6 76.8 46.7 61.4 131.8
- - X X ~411M 76.6 45.1 60.8 131.3 74.2 423 61.1 126.9
- w/onlyA; X X ~413M 765 454 60.9 131.7 75.2 455 60.7 130.3
10 All X v ~416M 759 445 59.8 127.8 743 442 59.2 1228
10 All v X ~506M 77.5 46.4 61.4 134.9 762 46.6 60.9 130.6
10 All RAND RAND ~448M 73.0 42.1 57.3 119.2 71.4 41.6 57.1 114.2

TaBLE 7.6: Comparison between different ablated versions of our model. All ablations use SAM and
audio features. TRN means that the model replaces the global and local multimodal GNNs with vanilla
transformer layers, and RAND denotes that it uses random latent graphs instead of learning them. Our
full model is highlighted in blue .
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FIGURE 7.4: a) Larger values of K make the learning of the global latent graphs more challenging. b) The

global

local ELBO loss Lpia facilitates the learning of the global latent graphs. ¢) The global ELBO loss Lg; g0
facilitates the learning of the local latent graphs. All models use SAM and audio features.

MSTyze # Params. AVSD-DSTC7 AVSD-DSTCS8

B-1 B-4 R C B-1 B-4 R C
w/o MMC ~ 500M 76.9 466 614 1355 758 46.1 60.5 130.9
w/o IB ~511M 776 470 61.8 136.2 76.3 462 612 131.1
Full ~511M 78.7 476 625 1388 775 477 624 1354

TaBLE 7.7: Comparison between different ablated versions of our model. All ablations were trained with

SAM and audio features and with the optimal hyperparameters as the full model. IB = Initialization Bias,

MMC = Multimodal Conditioning.

syuswiadxy ¢/
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This ablated version keeps all graph topologies constant similarly
to VDGR (Chapter 6). (3) Thereafter, we ablated the local ELBO loss
and directly learned the global latent graphs. This version of our
model underperformed BART, which validates our hypothesis that
directly learning the global latent graphs is daunting and might lead

to performance drops. As illustrated in Figure 7.4b, E‘E:lﬁggl converged

faster and reached lower values when optimized jointly with £1§f§10.

(4) Then, we ablated the global ELBO loss and only learned the
local latent graphs, leading to performance increases compared to

the previous versions. This underlines that learning the local latent

graphs is less sensitive to L‘%lfg?)l than learning the global latent graphs

is to L5, as can be seen in Figure 7.4c. (5) Finally, we evaluated

a version that has a comparable computational complexity to our
full model but uses random latent graphs instead of learning them.
As can be seen from Figure 7.4b, Figure 7.4c, and the last row of
Table 7.6, both ELBO losses remained constant, and the model scores
the worst results among all ablated versions empirically showcasing
the importance of our latent graph learning approach.

Latent Graph Learning

Lastly, we considered two additional ablations of MSTyxrr . Specifi-
cally, we first ablated the multimodal conditioning (MMC) of Equa-
tion 7.5 and learned the local latent graphs of modality i based only
on its features X;. This reduces Equation 7.7 to

1- 1 n
Ai=§Ai+§(Ai +A;). (7.13)

Then, we trained a version without the initialization bias (IB) of
Equation 7.7. As can be seen in Table 7.7, MMC is essential for high
performance. Without it MSTyyxrr achieves the lowest performance
across all metrics. The same applies to IB since not incorporating
A, and only using the posterior approximation impeded performance
across all evaluation metrics.

7.3.5 Qualitative Results

Finally, in Figure 7.5 we give a qualitative comparison of MSTyuxgr
with different ablated versions on response generation and global
latent graph inference: Our full model manages to accurately answer



Dialog History

C: A person walks into the room with a blanket.
He lowers down and throws the blanket onto
a couch while he turns on the television.
He stands up and walks away .

Q;: How many people are there ?

A;: There is just one person.

Question
Q1o: So the last thing that happens is the man leaves?

FIGURE 7.5: Qualitative comparison of different model ablations. on response generation and latent global
graph inference of q4, obtained from the last encoder layer. The diagonal blocks (from upper left to lower

Predictions

MSTmixer: Yes that is the last thing he does (BLEU-4 = 69.14)
MSTwxer W/0 L3¢5 : He gets up and walks away (BLEU-4 = 1.69e-10)
MSTuxer (Rand): He stands up and walks away (BLEU-4 = 1.69e-10)
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the question whereas both ablated version fail to generate reliable
responses. Furthermore, we can see how our full model with multi-
modal DST capabilities better captures the local interactions within
each modality (structured diagonal blocks) as well as the global ones

across modalities: Whereas the off-diagonal region (bordered in red)

of the version “w/o cif;fg‘o" show a clear divide between the modalities

(dotted line), the full model mitigates this by producing more homoge-
neous values indicating better inter-modal interactions. We provide
more qualitative examples and failure cases in Appendix C.3.

7.4 Limitations & Closing Remarks

In this chapter, we proposed a more sophisticated GNN-based DST
scheme that alleviates some of the limitations of the previous two
works. In contrast to OLViT, this approach is capable of handling the
complexities of real-world datasets and is not only limited to synthetic
and diagnostic benchmarks. MSTyyxgr also improves on VDGR by
proposing a more relaxed GNN tracking approach that simultaneously
learns graph topologies alongside their node embeddings. Thus,
it can be applied on input modalities for which the construction
of ad hoc graphs is not feasible. Equipped with this novel DST
scheme, our model managed to outperform strong baselines on five
VL benchmarks.

That said, we can identify one major limitation of this work. Specif-
ically, we evaluated MSTyxgr only on video-based benchmarks using
pre-extracted features. Although this weakness is valid for our pre-
vious works, there is evidence [42] that combining data of different
types (e.g. video and image) is beneficial for VLMs. We regard this
training paradigm as highly relevant to our research topics as it
enables the unification of two of the most important dialog tasks,
i.e. video and visual/image dialog, which to this date evolved inde-
pendently from one another. We address this limitation in the final
chapter of this thesis.



97

Unification of Multimodal
Conversational Tasks

This chapter is based on the following publication and includes
extracts thereof without explicit quotation:

V’°Dial: Unification of Video and Visual Dialog via Multi-
modal Experts

Adnen Abdessaied, Anna Rohrbach, Marcus Rohrbach, Andreas
Bulling

In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). Nashville, USA, 2025.
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8.1 Introduction & Contributions

In this chapter, we shift our attention to the task unifying multimodal
conversational models and present V2Dial, a novel expert-based
model specifically geared towards simultaneously handling image
and video input data for multimodal dialog tasks.

Powered by the availability of large-scale training data [31, 137, 18]
and advances in model design [177, 52, 162, 20, 126], the field of
VL learning saw unprecedented success in recent years. However,
current multimodal foundational models [126, 10, 168, 180, 115]
still mainly focus on single-round tasks (e.g., VQA [15], VideoQA
[190], video-text and text-video retrieval [191]). In contrast, the sig-
nificantly more challenging conversational tasks, such as visual [48]
and video dialog [9], received considerably less attention. Further-
more, methods for these different tasks have advanced independently
of each other despite the apparent structural similarities between
them. Whereas visual dialog models [5, 143, 32, 33, 182] have been
primarily trained to rank a list of candidate answers using a NSP
head, video dialog models [4, 102, 151, 8, 199, 41, 43] are trained to
autoregressively predict the next answer token.

To this end, we propose to unify both tasks using a single model
that for the first time jointly learns the spatial and temporal features
of images and videos by routing them through dedicated experts
and aligns them using matching and contrastive learning techniques.
Furthermore, we systemically study the domain shift between the two
tasks by investigating whether and to what extent these seemingly
related tasks can mutually benefit from their respective training data.

Extensive evaluations on the widely used video and visual dialog
datasets of AVSD [9] and VisDial [48] show that our model achieves
new state-of-the-art results across_four benchmarks both in zero-shot
and fine-tuning settings.

8.2 Method
8.2.1 Joint Problem Formulation

We use a fully generative formulation to unify both video and visual
dialog as discussed in Chapter 3.2.3. In the rest, we use the term
context to refer to the concatenation of the history #; and the current
question Q;.
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8.2.2 V’Dial

Overview

As can be seen from Figure 8.1, our model takes an image/video
Y e R7PMW as input, where F is the number of frames and is set to
one for images, and (H, W) is the resized resolution. Then it processes
every frame using a pre-trained EVA-CLIP [173] Image Encoder and
concatenates every four spatially adjacent visual patches into a single
one' similar to [17, 36]. Thereafter, a linear layer maps each visual
token into a lower dimensional vector v of dimension D to obtain

1 2 F
vl vl coe vl

v=|: i i |eRTTP, (8.1)
1 2 F
vP vP see vP

where P = iHIZ‘Z’V and D denote the visual input length and the joint

hidden dimension, respectively. In stark contrast to previous works
[42, 22] that performed spatial and temporal attention in series, our
model separately performs these operations using the masks M*"*
and M™ as shown in Figure 8.1 on the visual features V to obtain
VvV and V™P:

VP = SA(V, M) e R (8.2)
V™ = SA(V, M"™P) e RFP*P (8.3)
M (V) = 80 Mih (V) = S (8.4)

where SA and b denote self-attention and Kronecker delta, respectively.
Subsequently, the textual input in the form of a caption and a context
is processed by an embedding layer to obtain T®/¢™ g RN/
where N, and N are the respective lengths of the caption and
context. These visual and textual features form the initial input to the
multimodal expert layers which are pre-trained using a combination
of matching, contrastive learning, and masked language modeling
losses. Finally, they are coupled with a pre-trained LLM and are
fine-tuned end-to-end using a generative loss.

'Before patch concatenation, every frame is encoded with a tensor of shape (256 x
1408). Thereafter, its shape becomes (64 x 5632).
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Multimodal Expert Layers

These consist of N layers of stacked MSA with LN, and several modality-
specific and one modality-agnostic FFN that we refer to as experts. As
shown in Figure 8.1, we propose to use a set of six experts denoted as
{&4}: three of which are vision-specific and two are language-specific
and are activated in the first L layers. The remaining expert g
is the fusion expert and is only activated in the last (N — L) layers
and operates on the concatenation of all available modalities (Equa-
tion 8.8). To the best of our knowledge, we propose for the first time to
learn the spatial and temporal features using dedicated experts (i.e.,
the spatial &, and temporal &, experts, respectively) as shown in
Equation 8.10. This allows our model to unify video and visual dialog
by jointly learning from image and video data. The visual expert
&is operates on top of the concatenation of &, and Eyyp to learn a
joint spatial-temporal video representation (Equation 8.9). Similarly,
the textual experts &q,p and & operate on the caption and context
embeddings T and T°™ (Equation 8.11). As seen in Table 8.1, the
availability of the multimodal features depends on the visual input
type (i.e., videos vs images) and the training stage. However, with-
out the loss of generality, we can formulate the multimodal expert
operations as:

X, = [V, VP, TP, T, (8.5)
X = [V 0T ) (8.6)
= MSA(X[_I) + Xl—l (8.7)
A6 s S BT P P 4 88

b gfus(f{l)'i'il ifL<ISN, '
V™ = Eas (W) + W, W = [V, )], 8.9)
; , (8.10)
T < (B7) +E7 e

When dealing with images and non-dialog data, we drop the tem-

poral features mep and the context features T, from the previous
equations and deactivate their respective experts.
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Tr. Stage Tr. Stage (2) Tr. Stage 9
Videos R vopP2 Vtmp TP ysPa vtmp TP Tctx yop2 Vth TP TCtX
Images a vopPa peap _ ysPa peap Tctx

TaBLE 8.1: Overview of the available features for each training stage and
visual input type.

8.2.3 Training
Stage 1

In the first stage, we only pre-train the multimodal expert layers,
the vision encoder linear layer, and the spatial-temporal attention
modules. Since we are the first to suggest learning the spatial and
temporal features of videos and images using dedicated experts, we
propose to train our model using Spatial-Temporal Contrastive Learn-
ing (STC) and Spatial-Temporal Matching (STM). In addition, we use
the MLM, Vision-Text Contrastive Learning (VTC), and Vision-Text
Matching (VTM) similar to [42, 115, 116]. In our context, vision can
refer to either a video or an image depending on the dataset.

Spatial-Temporal Contrastive Learning aims to better align the
spatial and temporal features of video data. To this end, we use

output features of the last multi-modal exert layer2 and learn a cosine
similarity function

S(VPL V) = @3 (V) T Oppyp (V) (8.12)

so that aligned spatial-temporal features result in higher similarity
scores, where O, are linear layers that map the features to a normal-
ized lower dimensional vector space. Then, given spatial and temporal
feature pairs, we compute the softmax normalized spatial-to-temporal
and temporal-to-spatial similarities as

p§2t(vspa) - eXp(é(Vspa’ V:mp)/T)
1 _ t ’
Y- exp(8(Ver, V™) /)

(8.13)

*We drop the layer index for clarity.
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exp(3(V™P, V™) /1)
Y X, exp(3(VimP, viP*) /1)

where T is learnable temperature parameters, and § is the maximum
value of s as in [115]. Finally, we can compute the loss as the CE
between p and y:

P (VP = (8.14)

Lo = %E(Vslna’vtmp) [CE (yszt, pszt) + CE (ytZs, ptZS)]’ (8.15)

where y**' and y'* are the golden one-hot similarities.

Spatial-Temporal Matching complements STC and teaches the
model to distinguish between positive and negative spatial-temporal
feature pairs. Specifically, a matched feature pair originates from
the same video, whereas an unmatched pair is constructed using
negative sampling from a different video. We use a classification
token as a proxy of the joint spatial-temporal representations to learn
a binary classification problem using the STM loss

Lotm = Eqywnyery [CE(™™, ™M) . (8.16)

where p®™ and y*™ are the predicted and the ground-truth two-class
probabilities, respectively.

We provide more details about the remaining established objectives
we used (i.e. MLM, VTC, VTM) in Appendix A.7.

Stages 2 & 3

In the subsequent stages, we couple the multimodal expert layers with
a pre-trained Flan-T5,,,,. [45] via a linear layer. Specifically, Stage
2 aims to align the hidden states of the proposed layers with those
of the pre-trained LLM. To this end, we keep the LLM weights frozen
and train the whole architecture end-to-end using the generative loss

(i.e., next token prediction) on large scale video dialog data®, i.e.,

Lgen = Exeen [CE(yS™, p¥M)], (8.17)
Xgen = ®gen (LLMdec([XenC’ Tans])) , (8.18)

5The weights of Ecx are initialized with those of E¢,p from Stage 1.
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where X, T*" and O, are the LLM encoder output, the answer

token embeddings, and a linear layer that maps the features to the
vocabulary space, respectively. y%" and p*" denote the right-shifted
ground-truth answer tokens and the predicted text token probabilities.
Finally, in Stage 3, we unfreeze the LLM weights and fine-tune our
model end-to-end on the downstream tasks of video and visual dialog
using the same generative loss of Equation 8.17.

8.3 Experiments
8.3.1 Datasets

As shown in Figure 8.2, we simultaneously use the video and image
captioning datasets of WebVid-2M [18] and CC-3M [164] to pre-train
the multimodal expert layers in Stage 1. Then in the second stage,
we use 25% of the recent large-scale video dialog dataset Champagne
[70] before performing zero-shot evaluation on the widely used video
and visual dialog datasets of AVSD [9] and VisDial [48], respectively.
Finally, in the third stage, we perform a domain shift evaluation based
on different combinations of AVSD and VisDial to quantify whether
and to what extent these seemingly similar benchmarks benefit from
each other in both zero-shot and fine-tuning evaluation settings.

8.3.2 Evaluation Metrics

We use the established official metrics for each dataset to fairly bench-
mark V?Dial with previous works as discussed in Chapter 3.3. How-
ever, since we are jointly tackling both tasks with a fully generative
model, we propose to rank the VisDial candidate answers by means
of cosine similarity with respect to the generated answer using the
embdeddings of a pre-trained sentence transformer. In contrast,
previous works [34, 33, 32, 181, 95] ranked the candidate answers
used NSP or perplexity values. We posit that our approach is more
natural, caters to the current advances in generative models, and
appropriately captures the semantic similarities between the gener-
ated and the candidate answers. In addition, it allows for a seamless
unification of AVSD and VisDial without any training or architectural
modifications. As shown in Figure 8.3, our proposed adaptation does
not alter the computation of the sparse metrics itself and only rethiniks
the ranking of the candidate answers allowing for a fair comparison
with previous works.
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Ficure 8.3: Instead of training a dedicated NSP head, we propose a ranking scheme based on the cosine
similarity of the candidate answers’ embeddings with the respect to those of the generated ones. We used
RoBERTa,,,¢ [127] and OpenAl Text Embedding-3 to generate these embeddings.

Model AVSD-DSTC10 AVSD-DSTC8 AVSD-DSTC7
B-1 B2 B3 B4 M R (03 B-1 B2 B3 B4 M R (o] B-1 B2 B3 B4 M R C
* MoE-LLAVA [123] 35.8 189 10.1 59 154 27.1 128 398 239 152 10.1 187 322 23.7 447 29.1 19.6 13.8 21. 37.3 33.2

*MiniGPT4-video [17] 37.9 19.9 11.3 6.8 162 287 17.7 348 17.6 9.7 58 158 26.3 133 378 21.2 127 82 184 302 17.7
*Video-ChatGPT [133] 24.5 14.7 8.8 54 16.7 252 39 255 160 10.1 6.4 184 271 9.1 285 185 11.8 76 204 32.1 19.1

* MSTyxzr [4] 0.1 0.0 0.0 0.0 3.1 6.8 3.0 0.2 0.1 0.1 0.0 3.3 7.1 4.3 0.2 0.1 0.0 0.0 3.4 6.9 4.6
*VideoChat2 [117] 42.5 259 16.0 103 187 33.1 254 439 28.1 185 12.6 208 345 292 46.7 31.1 209 144 229 376 314
V?Dial 546 348 240 172 197 383 538 532 338 235 16.7 188 377 497 555 367 262 187 20.0 39.2 508

TaBLE 8.2: Zero-shot performance comparison on AVSD-DSTC10, AVSD-DSTCS8 and AVSD-DSTC7. Best
and second-best performances are in bold and underlined, respectively. 4 indicates that we evaluated the
model. (B-n = BLEU-n, M = METEOR, R = ROUGE-L, C = CIDETY).
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Model Sentence Embeddings R@1 R@5 R@10 MRR NDCG
FROMAGe [95] 17.6 20.1 25.1 220 165
ESPER [204] n/a 146 - - 25.7 223
Champagne [70] - - - - 25.5
*MoE-LLAVA [123] 10.6 254 36.4 196 26.7
* MiniGPT-video [17] 74 17.4 265 14.6 232
*Video-ChatGPT [133] ROBERTR, 11, 10.0 225 31.5 181 24.8
* MSTyxsr [4] 182 221 257 219 246
*VideoChat2 [117] 12.7 29.0 399 223 309
V?Dial ROBERTA .1, 20.0 30.2 39.3 269 33.3
OpenAl TE-31,40 221 412 481 327 320

TaBLE 8.3: Zero-shot performance comparison in the generative setting on
the VisDial v1.0 val split. OpenAl TE-3 = OpenAl Text Embedding-3.

8.3.3 Zero-shot Evaluation

AVSD. We first assessed V>Dialin a zero-shot setting on AVSD. This
is in stark contrast to previous models that were exclusively evaluated
in a fine-tuning setting. We instead advocate for complementing
the fine-tuning evaluation with a zero-shot one, as it results in a
more rigorous and challenging testbed for the proposed models. To
this end, we establish; to the best of our knowledge; the first zero-
shot benchmark comparison on AVSD comprised of recent capable
Multimodal Large Language Models (MLLMs). As can be seen from
Table 8.2, our model outperforms all baselines by a considerable
margin across 6/7 metrics of AVSD-DSTC8 and AVSD-DSTC7. On
the more recent and (:hallenging4 version of the benchmark (i.e.,
AVSD-DSTC10), V?Dialranks first across all metrics. For instance, it
more than doubles the CIDEr score compared to VideoChat2 [117].

VisDial. Additionally, we assessed the same model checkpoint on
VisDial v1.0. As can be seen from Table 8.3, V°Dial managed to out-
perform previous models such as FROMAGe [95] by a considerable
margin across all metrics of the dataset. In addition, it outperformed
Champagne [70] that was trained on x4 more dialog data by 7.8 abso-
lute NDCG points. Furthermore, our model outperformed the more
recent MLLMs of the previous section on 4/5 metrics, underlining its
capability of dealing with both video and image input data types. Fi-
nally, replacing the sentence embeddings generated by RoOBERTa, 4.

4AVSD-DSTC10 comes with no caption data.



Model AVSD-DSTC10 AVSD-DSTCS8 AVSD-DSTC7
B-1 B2 B-3 B4 M R C B-1 B2 B-3 B4 M R C B-1 B2 B-3 B4 M R C

PDC [102] - - - - - - - 749 629 528 439 285 592 120.1 77.0 653 539 449 292 60.6 129.5

THAM [199] - - - - - - - 76.4 64.1 53.8 45.5 30.1 61.0 130.4 77.8 654 549 46.8 308 61.9 133.5

DialogMCF [41] 69.3 55.6 45.0 369 249 536 912 756 633 532 449 293 60.1 1253 77.7 653 54.7 457 30.6 61.3 1352
*VideoLLAMA 2 [43] 50.2 35.0 24.9 18.1 21.8 428 575 53.3 39.0 29.1 222 248 463 740 562 41.1 307 232 264 485 792

MSTyuxer (4] 69.7 57.1 47.2 395 25.1 540 969 77.1 656 557 47.1 302 61.8 133.6 784 66.0 558 47.1 31.0 62.0 136.5

V’Dial 707 582 482 403 260 554 1033 768 655 558 475 304 62.1 1357 789 665 56.1 474 31.2 623 1398

TaBLE 8.4: Fine-tuning performance comparison on AVSD-DSTC10, AVSD-DSTC8 and AVSD-DSTC?.

VideoLLAMA 2 [43] was trained on AVSD amongst other datasets. Additional model comparisons can be
found in Table 7.1 and Table 7.2 of Chapter 7.

801

S)SN, IPUONDSI2AU0)) [PPOWNN JO uonwoiu] g 1a1dvy)



8.3. Experiments 109

Model Sentence Embeddings R@1 R@5 R@10 MRR NDCG
LTMI [143] 404 61.6 697 507 635
LTMI-LG [34] 413 61.6 69.0 513 632
GoG [33] n/a 41.2 61.8 694 513 626
UTC [32] 4183 59.8 66.3 506 61.0
Champagne [70] - - - - 62.5
‘MSTMWER [4] RoBERTa, .. 422 51.6 57.8 47.7 52.5
RoBERT: 44.2 5 3 49. 2.
V2Dial ©) Bl 53.83 59.5 9.6 52.3

OpenAl TE-3,.4, 449 586 651 524 520

TaBLE 8.5: Fine-tuning performance comparison on the VisDial v1.0 val
split. # indicates that we trained and evaluated the model.

with those from OpenAl Text Emedding-3 improved the external rank-
ing of the candidate answers and resulted in higher scores across all
metrics, as can be seen in the last row of Table 8.3.

8.3.4 Fine-tuning Evaluation

AVSD. Similar to almost all previous works on AVSD, we assessed
V?Dialin a fine-tuning setting on all three benchmarks of the dataset.
As can be seen in Table 8.4, our model managed to maintain its
competitiveness ahead of recent models and outperformed them on
the latest and most challenging AVSD-DSTC10 benchmark across all
evaluation metrics. For instance, it lifted CIDEr by over 6 absolute
points compared to the second-best model. Furthermore, our model
managed to maintain an on-par performance with the state of the art
on AVSD-DSTCS8 and AVSD-DSTC7?. As shown in Table 8.4, V*Dial
increased their respective CIDEr scores by more than 2 and 3 absolute
points compared to the second-best model.

VisDial. Finally, we fine-tuned our model and MSTyyxggr [4] that had
the closest AVSD performance on Visdial v1.0 using the same fully-
generative approach. As can be seen from Table 8.5, V’Dial managed
to outperform all previous models on the strictest metric of the dataset
by achieving a R@1 score of 44.2. However, when using OpenAl Text
Embedding-3 our model managed to increase the R@1 and MRR
scores to 44.9 and 52.4, respectively, thereby setting new state-of-
the-art results. As expected and due to the more challenging aspect
of tackling VisDial as a fully generative task, our model performed
slightly worse than the previous fine-tuned models on the remaining
metrics of the dataset. However, when comparing our model with
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MSTyxer that was trained using the same paradigm (i.e., the last
penultimate two rows of Table 8.5), we can see that our model outper-
formed it across 4/5 metrics of the task and scored almost equally
on NDCG.

8.3.5 Domain Shift Evaluation

Zero-shot setting

First, we fine-tuned our model’s checkpoint from Stage 2 on AVSD
and zero-shot evaluated it on VisDial. As can be seen in the sec-
ond section of Table 8.6, our model’s performance was lifted by a
considerable margin across most metrics. In particular, the NDCG
score improved by 9 absolute points compared to the results of Ta-
ble 8.3. Then, we replicated the same experiment on AVSD after
having fine-tuned the model on VisDial. Interestingly, our model’s
performance deteriorated across all metrics of the benchmark. This
behavior could be explained by the nature of both datasets. Whereas
AVSD encourages the model to produce long and elaborate responses,
VisDial teaches it to produce brief answers instead, which diminishes
its performance on the language generation metrics. The qualitative
examples of Figure 8.4 clearly illustrate this phenomenon on both
datasets.

Fine-tuning Setting

We first experimented with a curriculum learning strategy where we
used one dataset for pre-training before finally fine-tuning on the
other. As can be seen in the last section of Table 8.6, this training
paradigm resulted in performance drops on both datasets compared
to Table 8.4 and Table 8.5 where the model was only trained on the
data of the respective benchmark. This indicates that the weights of
the converged model on one dataset do not offer a good initialization
for training on the remaining one. Allowed by our model design that
can jointly handle video and image input data, we finally fine-tuned
one single model on both datasets simultaneously. As seen in the last
row of Table 8.6, this resulted in the best joint performance of our
model across the two datasets. Although the results on AVSD slightly
dropped compared to Table 8.4, our model lifted its performance on
VisDial by a considerable margin. This could largely be attributed to
the same previous observation, as training on VisDial incentivizes



A man sits at a computer desk and fixes the drawer. [...] He gets up
and picks up laundry and leaves.
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Does he go on his computer at all?

(Before VisDial)

(After VisDial)

It appears to be an office.

No he does not go on his computer at all.
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FIGURE 8.4: Zero-shot qualitative examples of V°Dial before and after fine-tuning on VisDial and AVSD. The
former teaches the model to answer question with brief responses whereas the latter teaches it to produce

longer and more elaborate answers.
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Fine-tuning data AVSD-DSTC10 AVSD-DSTCS8 AVSD-DSTC7 VisDial
AVSD VisDial B-1 M R C B-1 M R C B-1 M R (o] R@1 R@5 R@10 NDCG
Zero-shot (from Table 8.2 and Table 8.3)
X X 54.6 19.7 38.3 53.8 53.2 188 37.7 49.7 555 20.0 39.2 50.8 20.0 30.2 39.3 33.3
v X Fine-tuning (from Table 8.4) Zero-shot
70.7 26.0 554 103.3 76.8 304 621 1357 789 31.2 623 139.8 128 36.7 50.8 42.3
X v Zero-shot Fine-tuning (from Table 8.5)
11.5 6.8 20.1 14.6 11.5 7.3 207 209 7.9 6.2 17.4 182 442 533 59.5 52.3
Fine-tuning
v - v = = = = = = = = = = = = 42.2 50.1 56.3 51.3
v - v 69.6 25.7 55.0 1005 759 298 614 132.1 77.6 304 615 1345 = = = =
v & v 69.3 254 548 999 75.1 293 61.1 1300 773 30.0 61.7 1345 454 547 61.1 54.0

TabLE 8.6: Domain shift evaluation between the respective most prominent video and visual dialog datasets
of AVSD and VisDial. 0 - A means that the model was pre-trained on dataset O before fine-tuning on

dataset A. RoBERTa,,,,, was used to generate the sentence embeddings for ranking.
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Expert AVSD-DSTC7 VisDial
Swapping B-1 M R C R@1l NDCG
Original 789 31.2 62.3 139.8 44.2 523

Swapping experts of the same modality (vision / language)
Epa < Emp 77.0 295 61.2 133.7 -

ap = Eux 76.1 29.6 60.3 131.1 42.8 51.9
Swapping experts of different modalities

Espa = Lap 9g5 107 922.0 101 27 453
gtmp «> gctx — —
Cpa < fox g44 19 954 117 OS24 429
gtmp < gcap - -

TaBLE 8.7: Expert swapping results. £, < £, means that the O features
are inadequately routed at test time through £, and vice versa. The other
experts remain unchanged. RoBERTa,,,,, Was used to generate the sen-
tence embeddings for ranking.

our model to shorten its responses on AVSD. Additional qualitative
examples can be found in Appendix C.4.

8.3.6 Expert Swapping Experiment

In order to validate the specialization of each expert, we conducted a
swapping experiment where we routed some features through inade-
quate experts. We first swapped experts of the same modality (i.e.,
experts operating on vision or language data). As shown in Table 8.7,
this resulted in performance drops across all metrics of both datasets,
indicating that experts of the same modality are able to capture the
semantic nuances of the data they specialize on. More interestingly,
the performance of our model dropped more significantly when swap-
ping experts of different modalities, as seen from the last section of
Table 8.7. This showcases their ability to adjust to the nature of the
data they process and to capture its modality specific features.

8.3.7 Ablation Study
Effect of Pre-training Data

To assess the effectiveness of the pre-training data in the first two
stages, we trained two versions of our model, where one was only
pre-trained on Stage 1 using WebVid-2M & CC-3M and the other
only on Stage 2 with a subset of Champagne. As can be seen from
the middle section of Table 8.8, our model witnessed a comparable



114 Chapter 8. Unification of Multimodal Conversational Tasks

Model Ablations AVSD-DSTC7 VisDial
B-1 M R (o] R@l NDCG

Full 789 31.2 62.3 139.8 44.2 523
w/o Tr. Stage 1 76.9 30.0 61.4 134.0 34.5 446
w/o Tr. Stage 2 77.8 30.7 61.7 134.7 32.6 44.1
W/0 Lgte & Lstm 77.2 299 61.1 133.2 33.1 446
w/o separate Epa & Eyyp  77.0  30.1 61.1 133.8 32.9 43.8
w/o experts {£,} 77.5 30.0 61.4 134.8 30.6 422

TaBLE 8.8: Ablation results of V>Dial. RoBERTa,,,,, was used to generate
the sentence embeddings for ranking.

drop in performance compared to the full model. This underlines
the equal importance of these proposed training stages to the joint
down-stream performance on AVSD and VisDial. We did not conduct
ablations using either WebVid-2M or CC-3M in Stage 1 as this was
sufficiently explored by other recent works [42] that showed the
benefit of pre-training on both image and video data.

Effect of Pre-training Objectives & Model Design

To evaluate the effect of the newly introduced spatial-temporal ob-
jectives, we trained a version of our model without Ly and Ly, in
Stage 1 using the same schedule and training data as our full model.
As shown in the fourth row of Table 8.8, this ablated version suffered
from a drop in performance not only on AVSD but also on VisDial as
well. This indicates that these losses improve not only the temporal
capabilities of our model but also its spatial ones. Then, we trained a
version that sequentially applies spatial and temporal attention, as in
[42, 22]. Since this version does not have separate spatial temporal
experts, we also omitted the previous two objectives. As seen in the
penultimate row of Table 8.8, this version underperformed our full
model on both datasets, showcasing the effectiveness of our approach.
Finally, we trained a version without all the expert layers. As shown
in the last row, its performance dropped compared to our full model
and performed the worst on VisDial.

8.4 Limitations & Closing Remarks

We dedicated this chapter to researching the potential of unifying the
multimodal conversational tasks of video and visual dialog using a
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joint generative model. To this end, we presented V2Dial, a model
that uses multimodal experts to be able to learn from both image
and video data. As a core novelty of our approach, we proposed
learning the spatial and temporal features of images and videos
through dedicated experts. In addition, we studied for the first time
the cross-learning benefits of the two prominent video and visual
dialog datasets of AVSD and VisDial. Through extensive experiments,
we were able to show the benefits of our approach on both datasets.
Specifically, V2Dial managed to outperform recent strong baselines
on both datasets in zero-shot and fine-tuning settings.

That said, these performance benefits are not to to be seen in
isolation of extensive amounts of training data (CC-3M, WebVid-2M,
Champagne) and powerful GPU cards (Nvidia A100 80GB) needed
for the training of our model. Furthermore, our results indicate
a misalignment between AVSD and VisDial, which necessitates a
rethinking of how we need to construct multimodal datasets in the
future. We still believe in the potential of a unifying model that jointly
learns from images and videos. However, future datasets should also
follow the same paradigm and by design include data from both vision
types instead of simply aggregating existing datasets.
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Conclusion

9.1 Summary of Findings

In this thesis, we mainly focused on a challenging class of tasks
at the intersection of CV and NLP, namely visual/image dialog and
video dialog. Specifically, we researched and contributed several novel
ideas that advanced the field, which we summarize in the following
paragraphs.

In Chapter 4, we proposed NSVD, the first hybrid method to com-
bine deep learning and symbolic program execution for DST. Our
method outperformed state-of-the-art connectionist baselines on
CLEVR-Dialog by achieving near-perfect test accuracies. Further-
more, NSVD has a higher NFFR, is more robust to incomplete dialog
histories, and generalizes better to OOD scenarios, e.g. longer di-
alogs and unseen question types and scenes. Additional evaluations
showed that our models was able to generalize to other scene domains,
namely Minecraft-dialog. These performance improvements are not
to be seen in isolation of the strict supervision our models have, as
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they require a fine-tuning of a Mask-RCNN in addition to the training
of the program parsers. Furthermore, NSVD faces generalizability
limitations on datasets with unknown DSLs.

Thus, in the subsequent chapters, we proposed latent, differ-
entiable, and end-to-end DST approaches that can be seamlessly
integrated into pre-trained LLMs. Specifically, in Chapter 5, we intro-
duced OLViT, a model operating over a novel two-stream multimodal
attention-based dialog state tracker that jointly learns visual object
representations and textual embeddings. Through extensive exper-
iments on two challenging datasets, we demonstrated significant
improvements over strong baselines not only on DVD [108] where our
model has to predict an answer from a pool of candidate responses but
also on SIMMC [138] where it needs to generate the answer tokens.

To be able to deal with the challenges of real-world datasets, we pro-
posed VDGR in Chapter 6, a novel visual dialog model that performs
latent DST using multimodal GNNs. Specifically, VDGR alternates
between multimodal graphs and LLM layers, and augments the hid-
den states of the latter with the fine-grained features obtained by
the former. VDGR propagated information from one modality graph
to another in a cascaded manner using hub-nodes that link to all
other nodes within each modality, effectively alleviating the lack of
intermodal context. Extensive analyzes underlined its effectiveness,
while experiments on four challenging visual dialog datasets (Vis-
Dial v1.0, VisDial v0.9, VisDialConv, and VisPro) demonstrated its
superior performance over existing methods.

Then in Chapter 7, we proposed MSTyxgr , @ universal GNN-based
DST approach that, in contrast to VDGR, jointly learns the graph
structures and their node embeddings. MSTyyxer first identifies the
most influential constituents at different semantic levels (e.g., across
modalities and encoder layers). Then, it relies on a two-stage divide
and conquer approach to infer the missing underlying structure of the
mix of all modalities and leverages it to augment the hidden states of
the backbone LLM using GNNs. Extensive ablations experiments and
evaluations on five VL benchmarks, (i.e. AVSD-DSTC7, AVSD-DSTCS8,
AVSD-DSTC10, SIMMC, and NExT-QA) showed the effectiveness and
generalization capabilities of our approach.

Finally, in Chapter 8, we turned our attention to unifying the
divergent works on visual/image dialog and video dialog by presenting

V?Dial. Our model can jointly tackle video and visual conversational
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tasks using a multimodal expert-based approach that for the first
time disentangles the learning of the spatial and temporal features of
images and videos using separate experts. In addition, we conducted
the first domain shift evaluation of the prominent visual and video
dialog datasets (i.e. VisDial and AVSD) by providing insight on how to
optimally leverage their respective training data. Extensive evaluation
on these two datasets showed that our model achieves new state-of-
the-art performance both in zero-shot and fine-tuning settings.

All in all, we believe that this thesis advanced the fields of VL learn-
ing in general and multimodal conversational systems in particular.
We provided valuable contributions to the topics of multimodal DST
and identified ways how to unify and take advantage of the available
multimodal conversational data.

9.2 Future Work

Although we managed to push the state of the art in a multitude of
VL domains, we can still identify some challenges that need further
investigation. Thus, in the following, we provide an outlook for future
work and discuss interesting research directions moving forward.

Neuro-Symbolic Methods for Real-World Dialog

As discussed in Chapter 4, our neuro-symbolic method reached al-
most perfect perfomance on both CLEVR-Dialog [99] and Minecraft-
Dialog [1] which come with a limited set of operations and predefined
object characteristics, i.e. DSL (see Table A.1). However, in real-world
scenarios, we lack such a closed and pre-specified DSL or even a con-
sistent object ontology. Thus, it becomes challenging to automatically
induce or learn compositional reasoning structures (i.e. logical forms
or programs needed for neuro-symbolic methods) from unconstrained
language and visual groundings. This is one of the main reasons
why most real-world multimodal dialog datasets such as VisDial [48]
and AVSD [9] lack symbolic annotations or reasoning traces that we
can leverage to both supervise and evaluate neuro-symbolic models.
We see multiple interesting research directions moving forward that
could alleviate these shortcomings and demystify real-world tasks for
neuro-symbolic models.

First, since applying program synthesis from input-output exam-
ples is not feasible in our setting because we lack a proper specification
of a generalizable DSL, it would be interesting to pursue the idea of
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latent program execution for our multimodal setting. Although Chen
et al. [38] showed promising results when dealing with standard
programming languages like C, it is still an open challenge how such
an approach could align multiple input modalities in a joint latent
space for meaningful program synthesis and execution. This could
be seen as a continuous equivalent to visual programming agents
[65, 175] that execute programs in a discrete space.

Second, since we lack ground-truth programs for real-world sce-
narios that we could leverage to infer a proper DSL, an interesting
research direction would be investigating how we can generate reliable
programs at scale. We believe that visual program distillation [76]
offers a promising direction moving forward as it showed potential
on multimodal single-round tasks; mainly VQA. That said, it is still
unknown how such approaches could be extended to multi-round
scenarios where reasoning over dynamic visual inputs is essential.

Modern Evaluation of Multimodal Dialog Tasks

When dealing with established multimodal datasets such as VisDial
[48] and AVSD [9], we have been primarily measuring the performance
of our models using the official metrics of these established bench-
marks such as BLEU, ROUGE, METERO, and CIDEr (see Table 3.1).
However, these automatic language generation metrics have been
known to suffer from fundamental limitations. Specifically, since
they are based on n-gram overlap with reference texts, they poorly
correlate with human judgment and thus penalize valid paraphrases
or creative answers. Furthermore, they suffer from reference bias
as they compare the generated output to one of few human-written
references encouraging generic responses such as "I don't know" and
"It is not clear". Therefore, as multimodal models continue to evolve,
the need for more reliable and suitable evaluation paradigms has
become critically important.

We posit that using an LLM as a judge could alleviate many of
the aforementioned limitations. This approach has been shown to
correlate better with humans [211] as frontier LLMs have better se-
mantic understanding and contextual reasoning making them able
to recognize nuances and paraphrases. Furthermore, they are highly
customizable using detailed and rich prompts making them flexible
for task-specific evaluations.
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However, this approach is not without its own challenges that we
need to address in future research. LLMs themselves can hallucinate
and are prone to multiple biases such as prompt wording, misinfor-
mation, gender, authority, etc [35]. Furthermore, evaluations may
suffer from high variance across model judges [21] which make it
even more challenging to apply them on multimodal multi-turn tasks
such as visual and video dialog.

Multimodal Sparse Mixture-of-Experts

Our novel approach presented in Chapter 8 already validated the
effectiveness of using multimodal experts to unify multiple tasks by
being able to process and learn from different input modalities. In
our approach, we proposed dense multimodal experts in the form
of FFNs where each expert processes a specific type of input data.
Another equally valid and promising line of work [217, 123, 142]
consists in training sparse modality agnostic MoEs using soft-routers.
Specifically, each expert can process visual and textual features
without any distinction. Despite their initial success, we posit that
these models could be further improved when equipped with modality-
aware MoEs resulting in a hybrid approach that could take advantage
of the two previously mentioned research directions of multimodal
dense experts and sparse modality agnostic experts.

Unified Vision-and-Language Datasets

In Chapter 8, we made progress in unifying visual and video dialog
by proposing a model able to jointly learn from image and video
input data. We strongly believe that this training paradigm has great
potential to be unlocked and should be further investigated in future
work. Adopting this approach is becoming more and more urgent with
the increase in popularity of video and language learning. Although
we proposed initial methodological contributions, more work has yet
to be done regarding the quality of the training and evaluation data.
This aspired unification has to be established not only on the model
architecture side but also on the data side. As a result, novel VL
datasets should by design include image and video data to build
strong foundations for a more unifying evaluation of MLLM and thus
move away from merely combining existing benchmarks into new
ones. Recent benchmarks still suffer from this dichotomy by focusing
on either image [57, 128] or video [47, 134, 58] data.
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Details & Derivations

A.1 The CLEVR-Dialog DSL

Our CLEVR-Dialog DSL is depicted in Table A.1. We present each
function with its expected argument types, output, and knowledge
base operations. The argument types are defined in Table A.2. We use
the variables attr, attr_obj_1, attr_obj_2 and attr_ifori = 1,..,4
to denote the set of possible CLEVR attributes, i.e. color, material,
shape, and size. Furthermore, the variable pos denote one possible
position, i.e. right, left, front, or behind. Finally, the variable num
denotes the set of possible numerical values between 0 and N, where
N is the maximum number of objects in the scene. If not explicitly
stated, we assume N = 10.



Func. Name Func. Args. Func. Out. fetch update
Handle Conv. Subj. Seen Objs. Groups
E count-att attr none X v X v v
8 extreme-right W [attr_1,..,attr_4] none X v v v X
‘°D extreme-left w [attr_1,..,attr_4] none X v v v X
E extreme-behind W [attr_1,..,attr_4] none X v v v X
o | extreme-front @ [attr_1,..,attr_4] none X v v v X
.g extreme-centre W [attr_1,..,attr_4] none X v v v X
g- unique-obj W [attr_1,..,attr_4] none X v v v X
O | obj-relation attr_obj_1,pos,attr_obj_2 none X v 4 4 X
count-all - num X X X X v
count-other - num X X v v X
count-all-group - num X X X X X
count-attribute attr num X v v v v
count-attribute-group attr num X v v v v
count-obj-rel-imm pos num X X v v v
count-obj-rel-imm-2 pos num X X v v v
w | count-obj-rel-early pos,attr num v v v v v
5 count-obj-exclude-imm attr_type num X X 4 4 v
& | count-obj-exclude-early attr_type,attr num v X v 4 v
¥ | exist-other - yes/no X X X v v
E exist-attribute attr yes/no X v X v v
g exist-attribute-group attr yes/no X v v v v
‘3 | exist-obj-rel-imm pos yes/no X X v v v
) exist-obj-rel-imm2 pos yes/no X X v v v
g) exist-obj-rel-early pos,attr yes/no v v v v v
exist-obj-exclude-imm attr_type yes/no X X v v v
exist-obj-exclude-early attr_type,attr yes/no v X X X 4
seek-attr-imm attr_type attr X v X X X
seek-attr-imm2 attr_type attr X v X X X
seek-attr-early attr_type,attr attr v v v v X
seek-attr-sim-early attr_type,attr attr v v v v X
seek-attr-rel-imm attr_type attr X v v v X
seek-attr-rel-early attr_type,pos,attr attr v v 4 4 X

144!

TaBLE A.1: Our CLEVR-Dialog DSL. We present each function with its expected arguments types, output,
and knowledge base operations. Given a set of n arguments, the v operator selects m < n possible ones.
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attr_1 € COLOURS=[blue,brown,cyan,grey,green,purple,red,yellow],
attr_2 € MATERIALS=[rubber,metal],

attr_3 € SHAPES=[cube,cylinder,sphere],

attr_4 € SIZES=[large,small],

attr,attr_obj_1,attr_obj_2 € U {COLOURS,MATERIALS,SHAPES,SIZES},
attr_type € [colour,material,shape,size],

pos € [right,left,front,behind],

num € [0,1,2,3,4,5,6,7,8,9,10].

TaBLE A.2: Argument types of our DSL.

A.2 The Derivation of the NFFR
The NFFR is calculated as

N .
(1)5 moc(l)

NFFR = pred® g%

ul\/],—<

where N is the total number of dialogs, L is the length of each dialog,

and predgi) and gtgi) are the predicted and ground truth answers at

round j of dialog 1, respectively. Furthermore, for each round j of

(1)

every dialog i, we define Agi), o gt and o; * as:

pred(‘)

A(i)— j if JS L
i~ ) L+1 if )=L/\6pred§i)’gt(ii)=l ’

1 if pred(l) #gt(l)

O () (1) =
pred; ".gt; 0 otherWlse

@ _ [ 0 if Fk<j s.t. 6pred(,j).gt(lj) =1
-7 | 1 otherwise

By definition, we set the NFFR of a model to be L + 1 if it correctly
answers all L dialog rounds.



Prog. Acc. Executor

Model Acc.

Caption Question
Caption-Net 99.79 -
NSVD-concat - 99.87 99.99
NSVD-stack - 99.99

TaBLE A.3: Quantitative analysis of our DSL. The high program accuracies demonstrate that our models
follow the implemented logic to predict the correct answer, i.e. they do not execute false programs that
by chance might lead to correct predictions. When tested with the ground truth scene annotations and
programs, our executor reaches an answer-accuracy of 99.99% showcasing its highly reliable execution
logic.

C : Thereis a small round thing sitting in the center of the view.

Q1 : If thereis a thing in front of it, what size is it? | A1: Small.

Q2 : If there is a thing on the right side of the earlier sphere, what material is it? | A2: Metal.
Q3 : What material is that sphere? | A3: Rubber. Pred. 3 : Rubber
Q4 : What color is the earlier shiny thing? | A4: Red. Pred. 4 : Green

| P
| | } }
} } | Pred. }
\ I \
| I \
| |
} Q5 : Are there things present to the right of itself in the picture? | A5: No. | } Pred. 5 : Yes |
|
\ P !
i I \
\ I \
\ I \
[ I \
| ! |

Pred.

: Large
: Rubber

Q7 : If there is a thing right of the above rubber thing, what shape is it? | A7: Cube. Pred. 7 : Sphere
Q8 : How many other things have its shape? | A8: 0. 12

Q9 : What color is the previous matte thing? | A9: Green.
Q10: Any cylinders? | A10: No.

Pred.
Pred.
Pred.

: Green

1
2
3
4
5
Q6 : How about to its behind? | A6: No. Pred. 6 : Yes
7
8
9
10: No

Scene Dialog Predictions

FiGURE A.1: The program extreme-center (cylinder, small) induced from the caption “there is a small round
thing sitting in the center of the view” does not lead to a unique initialization of our executor’s knowledge

base as there are two small spheres in the center of the scene. By our logic, we consider it to be the cyan one.
Incorrectly initializing the knowledge base leads to confusion when answering the subsequent questions.

The blue and red colors indicate a match or a mismatch between the predicted answer and the ground
truth, respectively.

9¢1
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A.3 DSL Logic Validation

To quantify the logical capabilities of our models, we measure the
caption and question program accuracies on the test split. As we
can see from Table A.3, the caption and question program generation
accuracies are 99.79% and 99.99%, respectively. This means that
they do not follow a flawed logic, i.e. wrong programs, to predict
correct answers. Furthermore, we evaluated the logic of our program
executor by measuring its answer accuracy when provided with the
ground truth programs and scene annotations of the test split. The
last column of Table A.3 shows that it reaches 99.99% accuracy,
underlining the flawless implementation of our DSL. The reason why
it does not reach the 100% mark is that some scene captions cannot be
uniquely interpreted leading to potential confusions when answering
the subsequent questions. Figure A.1 illustrates a concrete example
of such a case. The caption “there is a small round thing sitting in the
centre of the view” induces the program extreme-centre(cylinder,
small). However, this can be interpreted in two different ways since
there are two small spheres in the centre of the scene, i.e. the cyan
and the green ones. Therefore, the performance of our executor at
answering the following dialog questions depends on which object
is considered as the central one. By our logic, we consider it to be
the cyan one. The subsequent questions, ground truth answers and
predictions are also shown in Figure A.1.

A.4 Additional Details about OLViT
A.4.1 Encoder Configuration

To find the optimal configuration of our encoder, i.e. number of
transformer layers, number of attention heads, and hidden dimension,
we conducted the following experiment in which we independently
optimized these variables to keep the search space tractable while
keeping all history rounds and MONet objects. It should be noted that
during this experiment, we also fixed number of the state tracker
layers to two, i.e. Lygi = Ly = 2, and used the same number of
attention heads and hidden dimension d as in the encoder.

Number of Attention Heads

First, we fixed the number of transformer layers to four and varied the
number of attention heads from two to six, thus varying the hidden



# of layers # of attention Hidden dim. Accuracy

L heads d [%]
- 4 2 72 52.63
b 4 4 144 53.74
< 4 6 216 54.01
- 4 6 216 54.01
« 8 6 216 53.15
< 16 6 216 52.89

(a) Performance comparison using different number of en-
coder transformer layers, attention heads, and embedding

dimensions.

TaBLE A.4: Encoder and state tracker configuration experiment. Performance is measured on the DVD val

split.

8¢CI

# of attention Hidden dim. Accuracy

W iN K+~
[Nl > Jep}

(8) Performance comparison using different number of state
tracker transformer layers L, and Li5. To reduce the search
space, we set Lyg¢ = Ligt.
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dimension d from 72 to 216 in 36 steps. As can be seen in the first
section of Table A.4a, our OLViT model achieves the best validation
accuracy of 54.01% when using six attention heads corresponding to
a hidden dimension d = 216.

Number of Transformer Layers

Then, we doubled the number of transformer layers starting from
Jour until 16 while keeping the optimal values of the attention heads
and hidden dimension fixed. As illustrated in the second section of
Table A.4a, the performance of OLViT on DVD started to decrease
with more transformer layers, i.e. from 54.01% validation accuracy
with four layers to only 52.89% with 16 layers. This finding was
expected as increasing the complexity of the model renders it more
prone to overfitting.

A.4.2 State Tracker Configuration

To optimize our transformer-based state trackers, we experimented
with different configurations mainly varying the number of trans-
former layers L,; and L, while inheriting the previous optimal values
of the encoder hyperparameters, i.e. L = 4 and d = 216. For both
state trackers, we used the same number of transformer layers, i.e.
Lost = List- As can be seen in Table A.4b, our model achieved the best
DVD validation accuracy of 54.01% when using two layers and its
performance started to decrease with more layers reaching 53.83%
with Ly = Lis¢ = 4. Similarly to the previous experiment, this finding
was expected as increasing the number of state tracker layers makes
the model more prone to overfitting.

A.5 VDGR Graph Construction
A.5.1 Image Modality

Given two object features v; and vy, and their bounding box coordi-
nates (x;j,y;) and (xx,yx), we compute the value of their intersection
over unions IoUj, and relative angle ¢;,.. As shown in Figure A.2,
there are two spacial cases: The first occurs when the bounding box
of v; completely includes the bounding box of vy and this class is
denoted as inside with index i = 1. The second occurs when the
bounding box of v; is entirely covered by the bounding box of vy. This
class is denoted as cover with index i = 2.
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Ficure A.2: The different spatial relationships used in constructing the image graph. The orange and green

rectangles correspond to the bonding boxes of two objects within the scene.
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Distribution of image graph Distribution of question graph
relations relations
Classg N
Classg
Class, 1
Classg \
Class,; \
Class, I 1
Class,
Class; /
Class; o1 /'
Class; /
Class; 7
3 4 6 8 2 1 6 8 10
Frequency [1e6] Frequency [1e5]
a) b)

Ficure A.3: Right: The distribution of the image graph relationship classes
within the training split of VisDial v1.0. Left: The distribution of the
question graph relationship classes within the training split of VisDial
v1.0.

The remaining classes are solely determined by the value of IoUj.
If IoUj, 2 0.5, then the relationship between the objects is denoted
as overlap and has the index i = 3. Finally, if IoUj, < 0.5, the class
index is computed as

$jx

= 528x
By construction, all classes of index 1 # 3 are pairwise symmetric as
can be seen from Figure A.3a where we plotted the distribution of the

different image graph relationship classes over the training split of
VisDial v1.0.

A.5.2 Question Modality

The question graph relationship classes are determined by the de-
pendency between the question words. To this end, each question
is input into the Stanza dependency parser [153] that outputs the
classes between the different word pairs resulting in a total of 47
classes. As shown in Figure A.3b, the distribution of these classes in
the VisDial v1.0 training split is not uniform with det and nsubj being
the most frequent. We illustrate a qualitative sample in Figure A.4.

1+3. (A.1)



132 Appendix A. Details & Derivations

det det

Is the «child a boy or a girl?
|

nsubj cc

FIGURE A.4: A sample of the dependency relationships between question
word pairs.

/C :Awoman feeding a large bird
: Q; : Is the picture in color?
! Q2 : How old does fHélwoman look? |
! Qs : Are there any other people? |
! Q, : Are there any animals? '
! Q5 : What is [§he|feeding the Bird? |
! Qg : Is[She| wearing a hat? i
! Q; : What color is/hef shirt?

! Qg : What color is/hef hat?

! Qo : What kind of bird is it?

: : What else do you see?

CQQQQQ Q QQQ
Q1 000000O0O0GO0O
Q@ 000000000
Q|1 000000O0GO0O
Q|1 000000O0O0GO0O
Q|M o@oooo0000
Q| o oooo0oo000
Q|M of@ooo0o0000
Q@ offlooooo0o00
Q| ooo0oo0of@oooo
Qol[l 0 000 00 O0O0 O]

c) Coreference matrix d) History graph

FiGURE A.5: A qualitative sample of the coreference relationships between
different dialog rounds. The hub-node was not visualized for clarity.

A.5.3 History Modality

We rely on coreference resolution to construct the history graph.
Specifically, an edge exists between two rounds i and j (i > j) if and
only if a word in round j references another in round i. The only
exception is the caption C that links to all upcoming rounds in the
history even if there is no explicit coreference between them. We posit
that the caption is complementary to the visual input and helps the
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model better understand the scene. We illustrate a qualitative sample
in Figure A.5.

A.6 ELBO loss

In this section, we derive the ELBO loss and show how it can be
used as an optimization term in Equation 7.11. Without the loss of
generality, we only consider the global ELBO loss as the local ones
of Equation 7.12 can be derived in the same manner. Given the in-
tractable posterior po(A'|A, X) and the its approximation q ® (A'|A, X),
it holds that

D1, (Q¢(A’|A,X)| |P9(A'|A,X)) =Eq,@a'Ax) [logw} (A.2)
po(A'lA, X)
qe(A'|A, X)pe(A|X)

=E 1ax) |1 = A.3
aela 'A’X{Og Po(ALA[X) (A.3)

=Eq,a"ix) log—%(A’l{\’x) +logpo(A|X) (A.4)
ot pe(A,A[X)

% po(A'.A|X)

=1 AIX)-E, iz |logPl2 22 05 0 A5

ogpe(A|X) q¢(A|A,X)|:qu¢(A,|A’X)I> (A.5)

Evidence

= Lo

Thus, ELBO serves as a lower bound of the evidence. As a result, VI
tries to maximize the ELBO which is equivalent to minimizing the
Kullback-Leibner divergence between q, (A'|A,X) and the intractable
posterior po(A'|A, X) leading to a better estimation of the latter. Since
we used ELBO terms in the total loss £ that we want to minimize, we
had to use the opposite value of each one of them, which explains the
minus sign in Equation 7.11. Since q4 and pg only output normalized
scores as the prediction for each edge, we appended the zero vectors
to both predictions in order to convert the raw scores to a two-value
probability before applying the log-softmax function. In Listing A.1,
we provide a code-snippet of our PyTorch implementation of the ELBO
loss.
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A.7 Training Objectives of V°Dial

In addition to the proposed STC and STM, we trained our model with
the following established VL objectives.

Masked Language Modeling teaches the model to predict masked
text tokens given both the visual and textual context. As in [42, 116]
we mask 15% of the tokens and minimize the loss

Lontm = By gy [ CE(y™™, p™™) ] (A.6)
where y™™ and p™™ denote the ground-truth and predicted prob-
abilities of the masked tokens whereas V'° and T are the visual
and masked caption token embeddings, respectively.

Vision-Text Contrastive Learning helps the model better align the
video/image and the text features and is defined similarly to STC as

1

Lyte = D)

E(Vvis,'rcap) [CE (yVZt’ pVZt) +CE (yth’ ptZV)] , (A7]
where pV2t and pt2V are the softmax normalized vision-to-text and text-
to-vision similarities defined as in Equation 8.13 and Equation 8.14.

yVzt and yt2V are their respective ground-truth one-hot similarities.

Vision-Text Matching is defined similarly to STM as a binary clas-
sification problem and complements VTC by teaching the model to
distinguish between matched and unmatched paired vision-text fea-
tures. We use a video/image and its corresponding caption as a
positive example. The negative examples are constructed via negative
sampling of captions from different visual inputs. Formally,

vtm vtm):l’ (A8]

Litm = E(yvis pear) [H(Y P

where p®™ and y*™ are the predicted and the ground-truth two-class
probabilities, respectively.
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LisTING A.1: PyTorch implementation of the ELBO loss.

import torch
import torch.nn as nn
import torch.nn.functional as F
class ELBO(nn.Module):
def __init__ (self):

super (ELBO, self).__init__ ()

def forward(self, Aq, Ap):
Args:

Aq: The predicted latent graph of q_phi
(batch_size, K, K) —— local graphs
(batch_size, NK, NK) —— global graphs

Ap: The predicted latent graph of p_theta
(batch_size, K, K) —— local graphs
(batch_size, NK, NK) —— global graphs

Returns:
The EILBO loss

"non

Aq_flat
Ap_flat

Aq.view(-1).unsqueeze(-1)
Ap.view(-1).unsqueeze(-1)

Aq_flat = torch.cat(
[torch.zeros_like (Aq_flat), Aq_flat],
dim=-1)

Ap_flat = torch.cat(
[torch.zeros_like (Ap_flat), Ap_flat],
dim=-1)

log_Aq F.log_softmax (QA_flattened, dim=1)
log_Ap = F.log_softmax(PA_flattened, dim=1)
Aq_dist = torch.exp(log_Aq)

loss_Aq = torch.mean(log_Aq % Aq_dist)
loss_Ap = torch.mean(log_Ap % Aq_dist)
elbo_loss = loss_Aq - loss_Ap

return elbo_loss
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Training Detalils

B.1 OLViT

We implemented our model in PyTorch [148] and conducted our ex-
periments on two NVIDIA Tesla V100 (32GB) GPUs and used MONet
to generate N, = 12 object masks from T = 20 equidistantly-sampled
frames and DistilRoBERTa-base to generate the d,, = 768 dimen-
sional word embeddings. During training, we optimized the model
weights using AdamW [130] with a batch size of 50. We set the initial
learning rate to le* and used a learning rate schedule with warm-up
for 4k iterations and cosine-decay until convergence for a total of
200K iterations.

B.2 VDGR

We implemented VDGR using PyTorch [148] and trained it on a server
with eight NVIDIA Tesla V100 (32GB) GPUs using an effective batch
size of 64 and Adam optimizer [92] with a linear decay learning rate
schedule with warm-up. We set the initial learning rates of the BERT
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Appendix B. Training Details

Hyperparameter

Training Stage

Warm-up Sparse fine-tuning Dense fine-tuning
Number of GNN layers K 2 2 2
Number of GNN heads H 4 4 4
Residual connection coefficient A 0.5 0.5 0.5
Dimension of GNN7 node features 1024 1024 1024
Dimension of GNNg node features 768 768 768
Dimension of GNN;, node features 768 768 768
Dimension of GNNz edge features 12 12 12
Dimension of GNNy edge features 48 48 48
Dimension of GNN;; edge features 2 2 2
Dimension of Linearz_(.) (1024, 768) (1024, 768) (1024, 768)
Dimension of Linearg_7(.) (768,1024) (768, 1024) (768,1024)
Maximum number of text tokens 256 256 256
Maximum number of image regions 37 37 37
Text token mask probability 0.1 0.1 -
Image region mask probability 0.1 0.1 -
Graph edge mask probability 0.15 - -
Optimiser Adam Adam Adam
Minimum Ir of BERT parameters 0 0 1x107°
Minimum Ir of GNN parameters 0 0 1x107°
Maximum Ir of BERT parameters 5x107° 5x10°° 2x107°
Maximum Ir of GNN parameters 5x 107 5x 107 1x10™*
Learning rate warm-up True True True
Learning rate schedule Linear Linear Linear
Training Loss Lyarm Lyvp Lce / Luistet
Number of epochs 5 20
Effective batch size 64 64 100
GPU Model Tesla V100-32GB Tesla V100-32GB Tesla V100-32GB
Number of GPUs 8 8 8
Distributed training Apex Apex PyTorch DP

TaBLE B.1: Detailed hyperparameter setting for the different training stages
of VDGR . Linears_4(.) and Linearg_z(.) denote the linear layers that
produce the history and image hub-node features, respectively.

and GNN weights to 5 x 10°and 5x107%, respectively. Furthermore,
we set the loss coefficients o] = g = 1 and the residual connection
coefficient A = 0.5. We refer to Table B.1 for a complete overview of
our experimental setup.

B.3 MSTMHXER

We implemented MSTyxrr in PyTorch [148] and trained it end-to-end
on a cluster consisting of 8 Nvidia Tesla V100 (32GB) GPUs using
AdamW [130] with 3; = 0.9, o = 0.999, and € = 1le — 8 and a linear
learning rate schedule with warm-up for a maximum of 12 epochs.
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Hyperparameter
Dimension of I3D rgb / I3D flow / SAM features d, 2048
Dimension of SAM features d; 512
Maximum length of I3D rgb / I3D flow / SAM features d; 36
Dimension of audio features d, 128
Maximum length of audio features 1, = 1, 36
Maximum total length of multi-modal input 1024
Dimension of hidden features d 1024 /768
Number of node features in local GNNs K 10
Number of node features in global GNNs K x N 60
Number for kNNs in {A;} 4
Number of heads H of Equation 7.6 8
Input dimension of GNNs in Table 7.5¢ 1024
Output dimension of GNNs in Table 7.5¢ 1024
K value of APPNP 2
« value of APPNP 0.1
Number of attention heads in local GATs 2
Number of attention heads in global GATs 4
A value 0.9
A value 4
Optimizer AdamW
Learning rate of parameters in the VLM backbone lrgarr le-5
Learning rate of other parameters Ir st le-4
Values of {1, otg, o3} {1,100, 100}
Learning rate schedule linear
Dropout rate 0.1
Value of gradient clipping 1.0
Effective batch size 96
Number of epochs 12

GPU model
Number of GPUs
Distributed training

Tesla V100-32GB

8
PyTorch DDP

TasLE B.2: Detailed hyperparameter setting of the training and inference
of our best MSTy;xgr model.

We used a learning rate Irgarr = 1le — 5 for the weights of the BART
model and a learning rate Ir.s; = 1e—4 for the rest of the parameters of
our model. Similarly to A and A, we validated the choice of the ELBO
loss coefficients «y and a3 based on the validation perplexity. The
training of our full model takes approximately 20 hours. Complete
details about the hyperparameter values are listed in Table B.2.
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Hyperparameter

Number of expert-based layers N 12
Number of multimodal experts layers L 9
Number of fusion experts layers (N — L) 3
Joint hidden dimension D 1024
Number of frames F 4
Number of patches per frame P 64
Hidden dimension of LLM 1024
Dimension of LLM linear layer (1024, 1024)
Dimension of linear layers O, (1024, 256)
Optimizer AdamW
Learning rate schedule linear
Minimum learning rate value 5e-5
Base learning rate value le-4
Weight decay 0.01
Gradient clipping value 1.0
Effective batch size 48
GPU model A100
Number of GPUs 8
Distributed training DDP

TaBLE B.3: Detailed hyperparameter setting of V’Dial.

B.4 V’Dial

We implemented V?Dialin PyTorch [148] and trained it on a cluster
consisting of eight A100 GPUs. In the first stage, we trained it for
a maximum of ten epochs and applied early stopping based on a
validation split to select the best checkpoint. In the subsequent
stages, we trained it for up to three and twelve epochs, respectively.
In all stages, we used the AdamW [130] optimizer with the default
parameters and a weight decay value of 0.01. Furthermore, we
applied a linear learning rate schedule with warm-up and minimum
and base values of 5e — 5 and 1le — 4, respectively. In Table B.3, we
provide additional information about the hyperparameter setup of
our model.



141

Qualitative Samples

C.1 NSVD

We illustrate inference examples of our models from the experiments
of Chapter 4. As seen in Figure C.1, both variant of our model
answered all 10 rounds successfully. However, in Figure C.2, NSVD-
concat failed at answering round 7. Finally, we show a sample dialog
of our model on the novel Minecraft-Dialog in Figure C.3.



:extreme-right (cube) I 1o
:seek-attr-rel-imm(shape, behind) I 1p1
imm2 (material) Ip2

:seek-attr-.

:seek-attr-imm2 (size) } les
:seek-attr-imm2 (colour) | P4
:count-obj-rel-early (front, cube) |1B5
:count-obj-exclude-early (size, large) | 126
:exist-obj-exclude-early (color, cylinder) ||P7
:seek-attr-early(color, cube) | Ip8
:seek-attr-rel-imm(material, front) | lpg

exist-obi-rel-early(left, brown) Hm

GT programs

Ficure C.1: Both of our models generated correct programs to predict the answers. The blue color indicates

|
| C :Thereis a block to the right of all object. }
| Q1 :If there is an object behind it, what is its shape? | Al: Cylinder. |
} Q2 : And material? | A2: Rubber. I
| Q3 : What about size? | A3: Large. }
| Q4 :Andcolour? | A4: Brown. |
| Q5 : What is the count of objects the previous block has to its front? | A5: 1. |
| Q6 : How many other objects have the same size as that large object? | A6: 2. |
} Q7 : Does the picture have other objects that share the same color with the aforementioned cylinder? | A7:No.|
| Q8 : What color is the aforementioned cube? | A8: Grey. }
| Q9 :Ifthereis an object in front of it , what is its material? | AS: Rubber. |
} Q10: Does the previous brown object have objects to its left? | A10: No. |

|

Dialog
s |
extreme-right (cube) Pred. 0 : Init. || PO xtreme-right (cube) Pred. 0 |
:seek-attr-rel-imm(shape, behind) Pred. 1 : Cylinder ||Pl :seek-attr-rel-imm(shape, behind) Pred. 1 |
:seek-attr-imm2 (material) Pred. 2 : Rubber || P2 :seek-attr-imm2 (material) Pred. 2 |
:seek-attr-imm2 (size) Pred. 3 : Large |1 P3 :seek-attr-imm2(size) Pred. 3 |
:seek-attr-imm2 (colour) Pred. 4 : Brown I'lpa eek-attr-imm2 (colour) Pred. 4 |
:count-obj-rel-early (front, cube) Pred. 5 : 1 I I B5 :count-obj-rel-early (front, cube) Pred. 5 : 1 |
:count-obj-exclude-early (size, large) Pred. 6 : 2 1 } P6 :count-obj-exclude-early(size, large) Pred. 6 : 2 |
:exist-obj-exclude-early (color, cylinder)Pred. 7 : No | |B7 :exist-obj-exclude-early (color, cylinder)Pred. 7 : No }
:seek-attr-early (color, cube) Pred. 8 : Grey || P8 :seek-attr-early(color, cube) Pred. 8 : Grey
:seek-attr-rel-imm(material, front) Pred. 9 : Rubber | P9 eek-attr-rel-imm(material, front) Pred. 9 Rubber }
exist-obj-rel-early(left, brown) Pred. 10: No || P1 xist-obj-rel-early(left, brown) Pred. 10: No |
__________________________________ IL
Pred. programs & answers Pred. programs & answers
(NSVD-Stack) (NSVD-Concat)

a match between the predicted program/answer and the ground truth.
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: There is a rubber thing in front of a large thing in the view.
: How many other things are in the image? | Al: 3.
: What color is the above large thing? | A2: Green.

: What is the shape of the previous matte thing? | A3: Cylinder.
: What material is the previous big thing? | A4: Metal.
: If there is a thing to the left of that matte thing , what is its color? | A5: Purple.
: Does it have things to to the right of itself? | A6: Yes.
: And to its left? | A7: Yes.

: If there is a thing behind the earlier purple thing , what shape is it? | A8: Cube.

: If there is a thing in front of the previous purple thing , what is its shape? | A9: Cube.

Q10: What number of red things are present? | A10: 0.

| bj-relation(rubber, large, front) | lP0 :obj-relation(rubber, large, front) Pred. 0 : Init || PO :obj-relation(rubber, large, front) Pred. 0 : Init. |
| P1 :count-other () I'p1 :count-other () Pred. 1 : 3 | 1P1 :count-other () Pred. 1 : 3 |
| eek-attr-early (color, large) ‘} eek-attr-early (color, large) Pred. 2 : Green | |P2 :seek-attr-early(color, large) Pred. 2 : Green |
| eek-attr-early (shape, rubber) }‘PB eek-attr-early (shape, rubber) Pred. 3 : Cylinder ||P3 :seek-attr-early(shape, rubber) Pred. 3 : Cylinder |
| P4 :seek-attr-early(material, large) | |P4 :seek-attr-early(material, large) Pred. 4 : Metal |1p4 :seek-attr-early (material, large) Pred. 4 : Metal |
| eek-attr-rel-early(color, left, rubber)||P5 :seek-attr-rel-early(color, left, rubber)Pred. 5 }‘ys :seek-attr-rel-early(color, left, rubber)Pred. 5 : Purple |
[ xist-obj-rel-imm(right) | IP6 :exist-obj-rel-imm(right) Pred. 6 ‘}ps :exist-obj-rel-imm(right) Pred. 6 : Yes |
: P7 :exist-obj-rel-imm2(left) | IP7 :exist-obj-rel-imm2 (left) Pred. 7 | |7 :count-cbj-rel-imm2 (left) Pred. 7 : 1 !
| eek-attr-rel-early (shape behind,purple) | |P8 :seek-attr-rel-early (shape, behind,purple)Pred. 8 || P8 :seek-attr-rel-early (shape behind,purple) Pred. 8 : Cube }
| eek-attr-rel-early (shape, front,purple) ||P9 :seek-attr-rel-early(shape,front,purple) Pred. 9 || P9 :seek-attr-rel-early (shape,front,purple) Pred. 9 : Cube |
| P10:count-attribute (red) }}PlO:ccunt—attrihute(réd) Pred. 1 | | P10: count-attribute (red) Pred. 10: 0 |
g g I =

GT programs

Pred. programs & answers

(NSVD-Stack)

Pred. programs & answers

(NSVD-Concat)

Ficure C.2: While NSVD-stack answered all questions correctly, NSVD-concat failed at round 7. The blue
and red colors indicate a match or a mismatch between the predicted program/answer and the ground

truth, respectively.
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Q1

Q2:

(05}
Q
Qs
Q6
Q@
Q8
Qo

: The view has a filly.
+If present, how many humans are in the view? | A1: 2.

If there is a thing to the left of the aforementioned horse , what is its class? | A2: Villager.

: Does the aforementioned mare have things to its front? | A3: No.

: What direction is the above villager facing | A4: Backward.

+ What is the direction of the previous mare? | As: Left.

+If there is a thing on the right side of it, what is its direction? | A6 : Left.

: What about class? | A7 : Villager.

: Are there other things that are of same direction as that object facing backward? | A8: Yes.
: What is the nature of that filly? | Ag: Animal.

Qu0: What is the count of other things that share its direction? | A10: 1

Scene Dialog
| P :unique-obj(horse) | Tpo tunique-obj (horse) Predo lmit | [ PO -unique-ob; (horse) Pred.o
P1 :count-attribute(human) | | Pl :count-attribute(human) Pred.1:2. | Pl :count-attribute(human) Pred.1 :
|P2 :seek-attr-rel-early(class, left, horse) | P2 :seek-attr-rel-early(class, left, horse) Pred.2 Vl.l.lager | |P2 :seek-attr-rel-early(class, left, horse) Pred.2:
P3 :exist-obj-rel-early(front, horse) [1es :exist-obj-rel-early(front, horse) Pred. 3 : N P3 :exist-obj-rel-early(front, horse) Pmd.;:
P4 :seek-attr-early(direction, villager) || P4 :seek-attr-early(direction, villager) Pred.4:Backward| |P4 :seek-attr-early(direction, villager) Pred.4 :
|P5 :seek-attr-early(direction, horse) | P5 :seek-attr-early(direction, horse) Pred. 5 : Left. |P5 iseek-attr-early(direction, horse) Pred.s5 :
P6 :seek-attr-rel-imm(direction, right) | P6 :seek-attr-rel-imm(direction, right) Pred. 6 : Left. | P6 :seek-attr-rel-imm(direction, right) Pred.6 :
P7 :seek-attr-imm2(class) | | P7 :seek-attr-imm2(class) Pred. 7 : Villager. | | P7 :seek-attr-imm2(class) Pred.7 :
| Pa rexist-obj-exclude-early(direction, backward) | P8 :exist-obj-exclude-early(direction, backward)Pred.8 : Yes. |P8 :exist-obj-exclude-early(direction, backward)Pred.8 :
| :seek-attr-early(nature, horse) | P9 :seek-attr-early(nature, horse) Pred.g : | P9 :seek-attr-early(nature, horse) Pred.g :
P10 count-obj-exclude-imm(direction) 1 | P10:count-obj-exclude-imm(direction) Pred. 10: 1. J P10:count-obj-exclude-imnm(direction) Pred. 10: 1.
GT Programs Pred. programs & answers Pred. programs & answers

(NSVD-Stack)

(NSVD-Concat)

Ficure C.3: Inference example of our models on a test instance of Minecraft-Dialog. The blue and red colors
indicate a match or a mismatch between the predicted program/answer and the ground truth, respectively.
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C.2 VDGR

We present additional qualitative examples from the val split of VisDial
v1.0 in Figure C.4 and Figure C.5. As in Chapter 6, we compared the
top-1 predictions of VDGR with the ground-truth and the predictions
of VD-PCR since it achieved the second best performance on this
split.

C.3 MSTMHXER

We provide additional positive qualitative examples of our best model
and some of its ablated versions for comparison in Figure C.6. In
addition, we illustrate some failure cases in Figure C.7.

C.4 V’Dial

We provide additional qualitative samples comprising of both success
and failure cases of our model. Figure C.8 and Figure C.9 illustrate
some zero-shot samples for AVSD and VisDial, respectively. Additional
fine-tuning examples for both datasets are shown in Figure C.10 and
Figure C.11.
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Appendix C. Qualitative Samples

Image & Caption

Predictions
Q: How old is the couple?
A,: It's hard to tell i can only see their backs

Qu: What color is the girls hair?
Ay Its black

Qu: What color is the bench?
Ay Male

A couple sitting on a wooden bench in front
of a field of trees

Image & Caption

Qi I there a lot of trees?
Ay: Yes, in the distance

GR: Yes, in the distance @
VD-PCR: Yes it is ©

Predictions
Qu: Is there only 1 polar bear?
: Yes

Qu:Ts the rock large?
Ay Tdon't see the whole rock so I assume so

Qu What color is the rock?
Ay: Dark concrete

: Does the bear look to be an adult?
: L am not sure, it is zoomed close

A white polar bear sleeping on a wet rock

Image & Caption

- Can you see the water?
: No

D-GR:No ©

VD-PCR: I don't think s0 ©
Predictions

Qu: What color is the hat?

is light beige

‘What color is the clock?

Qi
A,: the pole is green and the face is white

Q: What color is the boy's shirt?
Ag: White

Q. What color is his pants?
Ay I cannot see his pants

T boy with a cowboy hat in front of a large
street clock.

Image & Caption

Qu: 15 it sunny outside?
Aq: Tt is partly sunny, yes
VD-GR: It is partly sunny, yes &
VD-PCR: Overcast ©

Predictions
Q,: What color are the boats?
Ay: white on the bottom and have different
color trims: blue, green, red, and yellow

Qu: Are they sail boats?
Ay No, row boats

Qu: Are there people in the picture?
Az No

Qg Isiit a sunny day?
Aq: No, it looks somewhat cloudy

Qs Are the boats tied to a pier?
Ag: To a dock

A group of colored boats tied up together
on the water

Image & Caption

Qg How many boats are there?

Ag Atleast 9

VD-GR: Atleast9 ©

VD-PCR: 4 visible and the arm of 1 just ¢,
ut of pic

Predictions
Q,: How many people are in the picture?
Ay: Just 1 person

Qu: Are there any animals in the picture?
No

Q. Ts it daytime or nighttime?
Ag: It's daytime

Q: Is it sunny outside?
Aq: It seems hazy outside

Q;: What color is the kite?
Ag: Itis red

Qg Is the person male or female?
Ag: The person seems to be male

Image & Caption Predictions

Q;: How many doughnuts do you see?
Al

Q' What kind of doughnuts?

A, Backed

Qs: Any toppings on the doughnut?
Ay Yes

Q.: Anything else on the shel?

Ay Sugars, other baked stuff
VD-GR: Sugars, other baked stuff ©
VD-PCR: The mirror ©

History

g
K]
%
H
3
<

An assortment of doughnuts on
a white shelf

Image & Caption

Predictions

Qu: Are they inside or outside?
Ay: Inside
Q: Is this a house or a business?
Ay: 1 can't quite tell but it looks like a stage
%! Qy: Are there any women?

i AgNo
Q: Are the men standing up?
Ay Yes
Qs: Are the men wearing glasses?
As: 1 of them
VD-GR: 1 of them ©
VD-PCR: There are no hats ©

3 young men are smiling and looking at a
scene to the left of the camera

Image & Caption Predictions
=
Qy: Is the image in color?
Ay: Yes
Q,: What color is the plate?
Ay Yellow
Qy: What color are the pastries?
Ay: Mostly brown
Q: What color is the hill?
Ay: Brown with white icing

N VD-GR: Brown with white icing ©
A plate displays chocolate pastries molded 'VD-PCR: it is white ©
to look like train cars winding around a hill
Image & Caption Tttt

Q;: Is the woman taking a photo?
Aj: Yes it seems so

QT the woman in the water?

Az No

Qu: How old is this woman?
Ay: Late twenties early thirties

i Qq: Are any other people visible?

Ay No one else

Q: Isit a sunny day?

Ag: Can't tell

Qg What is the woman wearing?

Ag: A short sleeve shirt and a hat
VD-GR: A short sleeve shirt and a hat &
'VD-PCR: Red dress with patterns ©

A woman is holding her phone over her
head while standing on a beach

Question

Image & Caption Predictions
Qy: Are there other dogs?

Ay: No, just the one

Q,: What kind of dog is it?

A;: Looks like a schnauzer
Q- Does the dog have a blanket?
Aj: He does, it's next to him
Qq: What color is the dog?

Ay Black & brown

: Does it look happy?

He looks super happy

History

+ 15 there food near it?
¢ No

D

‘A person has a kite on a beach

Question

Q;: What color is their hair?
Ay Tean't tell

VD-GE: I can't tell ©
VD-PCR:1 ©

The dog is sitting in the basket in the dark
room

- Are there doggy toys?

: In the background there appears to
be 1 on the floor

VD-GE: In the background there appears
to 1 on the floor

Question

VD-PCR: 1 ©

Ficure C.4: Qualitative samples from the val split of the VisDial v1.0
dataset. We compared the predictions of VDGR (orange) with the ground
truth answers (blue) and the predictions of VD-PCR (pink). The answers
of both models correspond to the top-1 predictions.
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Image & Caption

Predictions
Q,: How many cows are there?
A,: More than 10 it's hard to see them

Qu Does the photo look vintage?
A, Slightly

Qu Are there any people near?
Ay No

Q;: Can you tell what the weather is like?
Ar: Appears to be slightly cloudy

An old black and white photo of cows
in a pasture

Image & Caption

Qg Are there any calves present?
Aq: Possibly it is hard to tell

VID-GR: Possibly it is hard to tell &
VD-PCR: 1 other 1 in the background ©

Predictions
Q: Is the picture in color?
Ay: Full blown color

Qu: Are there any people?
Az 0

History

Q: What color is the cupboard?
Aqy: White pinkish

Q;: What hair supplies are shown?
Ag: Lots of utensils

A cupboard full of hair supplies and lotion

Question

Image & Caption

Qu:Is the cupboard doors open?
Ag: No doors

VID-GR: No doors @

VD-PCR: Small®

Predictions
Q,: Can you see the person?
Ay:No

Qi Ts it just hair?
Ay Yes

History

Qi Ts it straight hair?
Ay: Wavy

Qu: Are they short and curly hairs?
Aj: Short

Yellow, gold like looking hair is surfacing
the image

Question

Image & Caption

Quy: Is it a coyote?
Ayt It could be
VD-GR: It could be @
VD-PCR: Black ©

Predictions

Qu: What color is the umbrella?
Ay: Bright pink with little birds and flowers

History

Qu What is the woman doing?
Ay: Walking on the sidewalk

Qu Do you see any animals?
Ay No animals

Question

The black and white photo shows a
woman with an umbrella

Image & Caption

Qu: T the sidewalk clean?
Ay Yes looks very clean

VID-GR: Can't really tell from the picture ©
VD-PCR: Yes looks very clean  ©

Predictions
Q: Is the picture in color?
Ay Yes

Q¢ Is the person a man or a woman?
Ay T can't see their face to tell

History

«‘

Qu: How old do they look?
Ay Can't tell since I can't see the face

Qi What kind of video game?
Ay: Can't tell but it's a wii

£
g
k=4
3
-3
4

A person holds a video game controllers
in their hands

Qs: Can you see the tv?
Ay Yes

VD-GR: No ©
VD-PCR: Yes ©

Image & Caption

2 men ride ocean waves together on
separate surfboards

Image & Caption

The indian woman is holding a motorola

ip phone

Image & Caption

A man in a blue jacket is skiing down
the slope

Image & Caption

A set of sinks with a large mirror above

them.

Image & Caption

‘A group of people standing in front of
a table with pizza on it

Predictions
Q;: Can you see the beach?
Ap: Yes

Qg Ts it sunny?
Ay No

Qu: Are the men smiling?
Aj: I think so, 1 is looking backwards

Q: Can you see the sky?
A No

Question

Qu: Are the waves tall?
Ay: No there are medium size
VD-GR: No there are medium size ©
VD-PCR: Yes, they are ©

Predictions
Q;: Is the woman young or old?
Ay: The woman is a little bit old

Q; Does she have long or short hair?
Ay: She has a long tied hair

Qy What color hair does she have?

Ag: She has black hair

Qu: I it daytime?
Ay Yes, it is

Qu: Is it inside or outside this picture?
Ay It is outdoors

VD-GR: It is outdoors ©

VD-PCR: T don 't think so ©

Predictions
Qu: Is the man's jacket light or dark blue?
A;: Light blue

Q; Does e have ski poles?
Ay Yes

Qy: Are they black?
Ay No

Q;: What color are his boots?
Aq: T can hardly see them

History

Qu: Are there any trees?
AgNo

VD-GE: Not really ©
VD-PCR: Not really ©

Predictions
Qu: Is the picture in color?
Itis

What color are the sinks?
Ay: They are white

Qy: Ts the mirror square?
Ay: Rectangular

Qu: Does the mirror have a frame?
Ag: They open , so yes

Question

Qy: Can you see a reflection in the mirror?
Ag: Just of the bathroom

VD-GR: Yes ©

VD-PCR: Yes ©

Predictions
Qu: About how many people are there?
A6

Qu Are they aduits?

Ay Yes
"Q,: What are their genders?
Ay 2 women and 4 men

Qa7 Do people have plates in their hands?
Ag: Ne

o
Quy: 15 this indoors?
Ay Yes

VD-GR: Yes ©
VD-PCR: Yes @

Ficure C.5: Qualitative samples from the val split of the VisDial v1.0
dataset. We compared the predictions of VDGR (orange) with the ground
truth answers (blue) and the predictions of VD-PCR (pink). The answers
of both models correspond to the top-1 predictions.
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Appendix C. Qualitative Samples

Dialog History

C: A guy is sweeping the floor when he decides to go
into the hallway a retrieve 2 pairs of shoes to put into
the washing machine.

Q,: What is the gender ? A;: It looks like a male to me.

Question
Qo Anything else before that?

Dialog History

C: a man is sitting on top of his bed, typing on his
laptop computer [...] He continues typing on the laptop
even while talking on the phone.

Q;: Is the man typing on the computer?

A,: Yes the man is typing at the computer.

Question
Q4 : Does he talk after picking it up?

Video

Dialog History

C: A person is cleaning a window with a rag. Then,
puts the rag down, takes the blankets off the bed and
sits on the bed as they stare out the window.

Q;: How does the video start?

A,;: It starts with a man cleaning a window with a rag.

Question
Q;: Is there sound ?

Dialog History

C: A man stands in a room while eating something
and watching tv. He then picks up a plate and slams
it to the floor.

Q,: How many people are in the video?

A,: One person is in the video.

Question
Qy: Does he exit the filming area?

Predictions

I
MS'
MSTy

He did not do anything else before that (B-4 = 70.71)
wlo L5, He was sweeping the floor (B-4 = 2.23e-10)
(Rand): He went to the sink with his shoes (B-4 = 8.78e-7)

Latent Global Graphs

local
o Lo

Predictions

MS’ Yes, he is talking on the phone (B-4 = 86.68)
MS w/o L8, :No, he does not talk at all (B-4 = 9.05e-11)
MS' (Rand): No, he does not talk at all (B-4 = 9.05e-11)

Latent Global Graphs

Predictions

MS' Yes there is sound in the video (B-4 = 99.99)
w/o L, : No there is no sound (B-4 = 9.05e-7)

== (Rand): No there is no sound (B-4 = 9.05e-7)

Latent Global Graphs
: ‘B

Predictions

MST; Yes he does exit the filming area (B-4 = 80.91)
w/o L3, : No he does not exit the filming area (B-4 = 41.11)

=« (Rand): No he does not exit the room (B-4 = 9.87e-7)

Latent Global Graphs
0 pat

Ficure C.6: Qualitative samples of MSTyyxer form the test split of AVSD-
DSTC?7.
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Dialog History

C: A man sits in a chair next to a bed with his head
on his shoulder . [...] he raises his head and stands up.
[...] then picks up a cup and drinks from it .

Q;: What is happening?

A;: A man is sitting then wakes up.

Question
Q,: Is the video set in the bedroom?

Dialog History

C: A man sits in a doorway watching tv in the room
behind him. He puts several cups on a table and fills
one with a metal pitcher.

Q;: What happens at the start of the video?

A;: A man is sitting in a doorway watching tv behind
him. :

Question

Q;: Does he drink from the cup at all?

Video

Dialog History

C: A man is watching tv as he grabs a piece of bread
and takes a bite. He grabs a cup and drinks from it as
he continues to watch tv.

Q;: What is happening in this video?

A;: A young man is watching tv.

Question
Q,: What is he watching on tv ?

Dialog History

C: A man with an orange shoebox [...]. He then reaches
to the side to grab a pair of jeans. He places the jeans
inside of the shoebox, closes it, and walks away.

Q;: How many people are in the video ?

A;: It is just this one man.

Question
Q;: What sort of room are they in?

Predictions

MSTymer: Yes the video is set in the bedroom (B-4 = 69.14)
MSTyxzr W/0 L8 : Yes it is in the bedroom (B-4 = 99.99)
MSTwixez (Rand): Yes it is in the bedroom (B-4 = 99.99)

MSTyxes (Rand)

wio Lg5o

Predictions

MSTyxzr: Yes he does drink from the cup (B-4 = 42.38)
wcsr W/0 L5 : No he does not drink from the cup (B-4 = 99.99)
=z (Rand): no he does not drink from the cup (B-4 = 99.99)

MST,

Latent Global Graphs

wlo L MSTyxex (Rand)

Predictions

zz: I can't tell what is on the tv. (B-4 = 9.87e-7)
s W0 LigfH, : He is watching tv (B-4 = 6.38e-3)
MSTwixez (Rand): He is watching tv (B-4 = 6.38e-3)

Latent Global Graphs

ez (Rand)
Predictions
MSTyxzr: It looks like a living room (B-4 = 4.95e-3)

w/o L5, : It looks like a living room (B-4 = 4.95e-3)
(Rand): It looks like a living room (B-4 = 4.95e-3)

VST 261 (Rand)

who L,

Ficure C.7: Negative qualitative samples of MSTyxgr from the test split of
AVSD-DSTC7.
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ing in a room facing a stand with a laptop on it smiling at
a camera, sneezes twice, grabs medicine and takes it.
Is the boy in the room when the video starts ?

Yes, the boy is in the room from the start.

Q. z What is he doing on the bed?

A, He is sitting on the bed. a

He is sitting on the bed and looking at the camera.

Awoman gets up out of bed and puts a sweatshirt on. She goes over to get
a hairbrush and starts brushing her hair while looking in the mirror.

Is the person sleeping to begin with?

H Yes, she is sleeping and then gets up
from her bed.
Q. z Does she stretch once she gets up?
A, Yes, she does stretch once she gets up. a
o No, she never stretches in the video.

Amanis in the bathroom, he takes off his shirt and drops it on the

c floor [...]

What is the man doing in the beginning of the video?

He's standing in the bathroom looking around.
L.

@ 2
A, He starts wiping the cabinets. a

After he picks up the items what does he do?

He sprayed the cabinet and wiped it down.

Aman s sitting on a sofa and throwing clothes into a bag. He picks up the
bag and walks out an open door.

How many people are in the video?

H, .
| can see one but someone else is
talking.

Q. ; What is the man in the video doing?

A, Sitting on a couch. a

He's gathering clothes and putting them in a bag.

c Awoman holding a cup bends down to put it in a bucket next to her.
She then grabs a broom and starts sweeping the floor .

How does the video start?

- Alady puts a can in to a bucket.
[1d]
Q. : Then what does she do?
A, She is sweeping the floor. B
She sweeps the floor with a broom.

Aboy stands trying to fix something with a tool. He then comes into the

€ haliway and stretches. Then he walks further to pick up a cup and drink.

H, No dialog hitory available

Q. z Where does the video happens?

A, In a home. a

This appears to be in a bathroom.

Ficure C.8: Zero-shot qualitative examples of V2Dialon AVSD. = gen-

erated answers,
failure cases).

= golden ground-truth answers, / ° = success /
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=
C The people are standing on the tennis courts outside.
Is it sunny ?
B, Yes, but i can't see the sky.

[

Q. ® A they wearing shirts?

-
A, Yes, they are wearing shirts. a
Yes, they are all wearing shirts.
° Yes, they are all wearing shirts.

C Afamily of 3 is on a beach flying a kite.

Is the photo in color?
H, Yes.
-1

Q. : Is the family comprised of parents and 1 kid?

A, Yes, there is a child.

Aboy.

o Yes.

C Azebra looks down at the ground as it walks across a plainfield.

Do the trees have leaves?

H,
Yes.
Q. g Are they green or fall color?
A, They appear to be green. ﬁ
Green. b4

Green.

C Aman driving a horse drawn carriage down a road.

What color is the carriage ?

H, White with green seats.

Q. z Does it have a top on it?

A, Yes it does have a top on it. 3
Yes it does! )4

° Yes.

C Asmall child on the beach, walking past a stop sign.

Is the child wearing a bathing suit ?

H. No, a winter coat.
=l
Q. z Is she alone or with someone?
A, She is alone on the beach.

={ €0

Alone.

Alone.

ek z
C Abrown bench sits in a grassy field full of wildflowers.

Are the flowers colorful?

B, They are pink and white.
=
Q. z Is there a path or sidewalk?
A, I don 't see a path or sidewalk. g
No there is no sidewalk. X
° I can't see that.

Ficure C.9: Zero-shot qualitative examples of V?Dialon VisDial. ¥ = top

ranked candidate answers,



152

Appendix C. Qualitative Samples

Q.

Man watches television on a rug placed on the floor. [...] and he stands
to grab a pillow, which he drops to the floor.

How many people are in the video?

There is only one person, which is the man.
L]
z What is the man doing on the floor?
He is sitting on the floor watching tv. ﬁ

He was watching tv on the floor.

H,

The man is in the kitchen making something. [...] The man is holding
a book in his hand then walks away.

How many people are in the video?

One person is in the video.
(]
: After he picks up the items what does he do?
He is opening the fridge. a

It seems to me he is prepping something.

c

Q.
A,

Awoman gets up out of bed and puts a sweatshirt on. She goes over to get
a hairbrush and starts brushing her hair while looking in the mirror.

Is the person sleeping to begin with?

Yes, she is sleeping and then gets up
from her bed.
g Does she stretch once she gets up?

No, she does not stretch.

No, she never stretches in the video.

Aguy puts a lid back on a bottle and sets it down. He drinks something. Then
he backs up and points to the cat on the floor and smiles.

Is the man wearing one shoe?

yes he only has one shoe.
=]
z What does he do after laughing?
He sets the cup down. &

That is how the video ends.

Q.
A,

A person is working on something at a kitchen counter. He then walks
and opens a fridge before closing it to reach for something on a shelf.

How many people are in the video?

There is just one man in the video.
(L]

- Is the kitchen clean or messy?

The kitchen appears to be clean.

8

The kitchen appears to be very clean.

This guy is sitting with his phone in the kitchen and reading it. He
eats part of a snack then his friend joins him to look at it, too.

Are there just the two people?

Yeah there are just two people.
L.
a Does anything else happen after that?
No that is all that happens. &

He take a photo out of the window.

FiGURE C.10: Fine-tuning qualitative examples of V’Dial on AVSD.
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C Aperson gripped on a sheep neck.

Is she petting the sheep?

H, No.
[
Q. g What is she doing to the sheep?
A, Holding it.
Holding it.
Holding it.

\9

= 0

C Aspacious black and white open plan kitchen.

Can you see all of the appliances?

H,
The fridge and dishwasher.
Q. a What are they made out of?
A, Stainless steel.
Silver.
° Metal.

= 20

C Atour bus in front of a large mountain.

Is the bus big or small?

H, I think big, | can only see half of it.
(-]

Q, : Do the people look happy?
A, | can't see their faces.

| can't see their faces.

| can't see their faces.

< %0

C Aclock directly over 3 statues which are over a bridge.

Can you see the time on the clock ?

H, yes, itis 7:20.

L]

Q. a Does it look like an urban or country setting?
A, I can't tell.

I cannot tell.
n It looks urban.

S

C Asunny day at the shore with a kite in the sky.

Does this picture take place in a public beach ?

H, | can't tell if it's public or private.
(-]

Q, : What is the weather like?

A, It's sunny with a few clouds.

Itis sunny, but there are a few clouds.

Itis sunny, but there are a few clouds.

5

w
1

C Ablack decorative clock tower [...] in a green park full of trees.

Any people ?
H,

No people.
(.1
Q, g How big is the clock?
A, It's pretty big.
Pretty big.
o 15 feet tall.

= 20

Ficure C.11: Fine-tuning qualitative examples of V*Dialon VisDial.
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