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Abstract

Video is a complex modality consisting of multiple events, complex action, humans, objects and their
interactions densely entangled over time. Understanding videos has been the core and one of the most
challenging problem in computer vision and machine learning. What makes it even harder is the lack
of structured formulation of the task specially when long videos are considered consisting of multiple
events and diverse scenes. Prior works in video understanding have tried to address the problem only in a
sparse and a uni-dimensional way, for example action recognition, spatio-temporal grounding, question
answering and, free form captioning. However it requires holistic understanding to fully capture all the
events, actions, and relations between all the entities, and represent any natural scene with the highest
detail in the most faithful way. It requires answering several questions such as who is doing what to
whom, with what, how, why, and where.

Recently, Video Situation Recognition (VidSitu) through semantic role labeling is framed as a task
for structured prediction of multiple events, their relationships, and actions and various verb-role pairs
attached to descriptive entities. This is one of the most dense video understanding task posing several
challenges in identifying, disambiguating, and co-referencing entities across multiple verb-role pairs,
but also faces some challenges of evaluation due to the free form captions for representing the roles.
In this work, we propose the addition of spatio-temporal grounding as an essential component of the
structured prediction task in a weakly supervised setting, without requiring ground truth bounding boxes.
Since evaluating free-form captions can be difficult and imprecise this not only improves the current
formulation and the evaluation setup, but also improves the interpretability of the models decision,
because grounding allows us to visualise where the model is looking while generating a caption.

To this end we present a novel three stage Transformer model, VideoWhisperer, that is empowered to
make joint predictions. In stage one, we learn contextualised embeddings for video features in parallel
with key objects that appear in the video clips to enable fine-grained spatio-temporal reasoning. The
second stage sees verb-role queries attend and pool information from object embeddings, localising
answers to questions posed about the action. The final stage generates these answers as captions to
describe each verb-role pair present in the video. Our model operates on a group of events (clips)
simultaneously and predicts verbs, verb-role pairs, their nouns, and their grounding on-the-fly. When
evaluated on a grounding-augmented version of the VidSitu dataset, we observe a large improvement in
entity captioning accuracy, as well as the ability to localize verb-roles without grounding annotations at

training time.

vi
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Overview of GVSR: Given a video consisting of multiple events, GVSR requires recog-
nising the action verbs, their corresponding roles, and localising them in the spatio-
temporal domain. This is a challenging task as it requires to disambiguate between
several roles that the same entity may take in different evergsn Video 2 thebald

manis apatientin event 1, but aragentin event N. Moreover, the entities present in
multiple events are co-referenced in all such events. Colored arguments are grounded in
the image with bounding boxes ( gure bestseenincolour). . . . . ... ... .....

[45] Multiple images depicting situations where actors, objects, substances, and loca-
tions play different roles in an activity. Below each image is a semantic role frame
that describes the situation: the left columns (blue) list verb or action speci c roles that
are prede ned from FrameNet- a broad coverage verb lexicon, while the right columns
(green) list the values of each role from ImageNet classes. Three different activities
are shown, for 6 different scenes, which highlights that even in the same activity vi-
sual properties vary widely between role values (e.g., clipping a dog's nails looks very
different from clipping a sheep'swool). . . .. ... .. ... ... ... ... ...,
[16] Understanding an image involves more than just predicting the most salient action.
We need to know who is performing this action, what tools he may be using, what is
the location etc. All these information are dependent on each other, and coherently
understanding situations requires to model all the verb, roles, and the corresponding
nouns together. The gure shows a glimpse of the model that uses a graph to model
dependencies between the verb anditsroles. . . . . . . ... ... .. ... ......
[27] A Two examples from our dataset: semantic frames describe primary activities and
relevant entities. Groundings are bounding-boxes colored to match roles. B Output of
our model (dev set image). C Top-4 nearest neighbors to B using model predictions.
Beyond visual similarity, these images are clearly semantically similar. D Output of the
conditional model: given a bounding-box (yellow-dashed), predicts a relevant frame.
E Example of grounded semantic chaining: given query boxes the model can chain
situations together. E.g. the teacher teaches students so they may work on a project
[31] A sample video and annotation from VidSitu. The gure shows a 10-second video
annotated with 5 events, one for each 2-second interval. Each event consists of a verb
(like “de ect”) and its arguments (like Arg0 (de ector) and Argl (thing de ected)).
Entities that participate in multiple events within a clip are co-referenced across all such
events (marked using the same color). Finally, all events are related to the central event

6

(Event 3). . . . o e e 9
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Chapter 1

Introduction

Note: this work [12] is published at NeurlPS 2022 and the text in the paper is repeated.

At the end ofThe Dark Knight we see a short intense sequence that involves Harvey Dent toss a
coin while holding a gun followed by sudden action. Holistic understanding of such a video sequence,
especially one that involves multiple people, requires predicting more than the actionnabevérb).

For example, we may wish to answer questions suchtesperformed the action (agentyhythey are
doing it (purpose / goalhoware they doing it (mannerjyhereare they doing it (location), and even
what happens aftgimulti-event understanding).

While humans are able to perceive the situation and are good at answering such questions, many
works often focus on building tools for doing single tas&g predicting actions [8] or detecting ob-
jects [2, 4] or image/video captioning [21, 32]. We are interested in assessing how some of these
advances can be combined for a holistic understanding of video clips. In particular, we foresee that suc-
cessful systems could have wide-ranging applications from teaching embodied agents to understand and
interact with the world [46], to video retrieval [22] and question-answering [43], and even ne-grained
movie understanding [11, 38].

A recent and audacious step towards this goal is the work by Setcid(i31]. They propose Video
Situation Recognition (VidSitu), a structured prediction task over ve short clips consisting of three
sub-problems: (i) recognizing the salient actions in the short clips; (ii) predicting roles and their entities
that are part of this action; and (iii) modelling simple event relations such as enable or cause. Similar
to the predecessor image situation recognition (imSitu [45]), VidSitu is annotated using Semantic Role
Labelling (SRL) [25]. A video (say 10s) is divided into multiple small event2¢) and each event is
associated with a salient action veebd hi}). Each verb has a xed set of roles or argumestg,agent-

Arg0, patient-Arg1l tool-Arg2 location-ArgM(Location) manner-ArgM(manner)etg and each role is
annotated with a free form text captiang agent: Blonde Womaas illustrated in Fig. 1.1.

Grounded VidSitu. VidSitu poses various challenges: long-tailed distribution of both verbs and text
phrases, disambiguating the roles, overcoming semantic role-noun pair sparsity, and co-referencing of
entities in the entire video. Moreover, there is ambiguity in text phrases that refer to the same unique en-
tity (e.g“man in white shirt” or “man with brown hair” A model may fail to understand which attributes



Figure 1.1 Overview of GVSR Given a video consisting of multiple events, GVSR requires recognis-

ing the action verbs, their corresponding roles, and localising them in the spatio-temporal domain. This
is a challenging task as it requires to disambiguate between several roles that the same entity may take
in different eventse.gin Video 2 thebald manis apatientin event 1, but amgentin event N. More-

over, the entities present in multiple events are co-referenced in all such events. Colored arguments are

grounded in the image with bounding boxes ( gure best seen in colour).

are important and may bias towards a speci ¢ caption (or pattern like shirt color), given the long-tailed
distribution. This is exacerbated when multiple entitiegy(agentand patien) have similar attributes

and the model predicts the same caption for them (see Fig. 1.1). To remove biases of the captioning
module and gauge the model's ability to identify the role, we proggeeinded Video Situation Recog-

nition (GVSR) - an extension of the VidSitu task to include spatio-temporal grounding. In addition to
predicting the captions for the role-entity pairs, we now expect the structured output to contain spatio-
temporal localization, currently posed as a weakly-superviseditagie don't require any ground truth



bounding box supervision during training. The supervision comes only from the ground truth semantic
role captions.

Joint structured prediction. Previous works [31, 42] modeled the VidSitu tasks separatefythe
ground-truth verb is fed to the SRL task. This setup doasallow for situation recognition on a new
video clip without manual intervention. Instead, in this work, we focus on solving three tasks jointly:
(i) verb classi cation; (ii) SRL; and (iii) Grounding for SRL. We ignore the original event relation
prediction task in this work, as this can be performed later in a decoupled manner similar to [31].

We proposevideoWhisperera new three-stage transformer architecture that enables video under-
standing at a global level through self-attention across all video clips, and generates predictions for the
above three tasks at an event level through localised event-role representations. In the rst stage, we
use a Transformer encoder to align and contextualise 2D object features in addition to event-level video
features. These rich features are essential for grounded situation recognition, and are used to predict
both the verb-role pairs and entities. In the second stage, a Transformer decoder models the role as a
query, and applies cross-attention to nd the best elements from the contextualised object features, also
enabling visual grounding. Finally, in stage three, we generate the captions for each role entity. The
three-stage network disentangles the three tasks and allows for end-to-end training.

To evaluate the proposed framework for multi-event multi-role grounding we annotate the validation
set with ground truth bounding boxes, and propose a new loU based metric.

1.1 Contributions

The contributions of the thesis are as follows:

* We present a new framework that combines grounding with semantic role labeling (SRL) for
end-to-end Grounded Video Situation Recognition (GVSR).

« We formulate the new grounded SRL task, which includes localization of each role entity across
the entire video spanning multiple events in a single shot.

» We release the grounding annotations and also include them in the evaluation benchmark for
GVSR.

« We design a new three-stage Transformer based myiioWhisperefor joint verb prediction,
semantic-role labelling through caption generation, and weakly-supervised grounding of visual
entities.

» We propose role prediction and use role queries contextualised by video embeddings for SRL,
circumventing the requirement of ground-truth verbs or roles, enabling end-to-end GVSR.

« We propose to combine object features with video features and highlight multiple advantages
enabling weakly-supervised grounding and improving the quality of SRL captions leading to a 22
points jump in CIDEr score in comparison to a video-only baseline.



 Finally, we present extensive ablation experiments to analyze our model. Our model achieves the
state-of-the-art results on the VidSitu benchmark.

1.2 Organization of Thesis

The rest of the thesis is organized as follows.

« In Chapter 2, we discuss the related works in image and video situation recognition literature. We
also discuss the limitations and challenges in the existing frameworks.

* In Chapter 3, we formulate the GVSR task and describ&/itheo\Whisperemodel in detail. Then
we discuss the training and inference strategy.

e In Chapter 4, we discuss the dataset, metrics and, the evaluation setup. Then we explain the 2
frameworks emerging from the model 1) Framework 1: Using ground truth roles for grounded
SRL. And 2) Framework 2: End-to-end prediction of Verbs, SRL and, grounding. We show all
the experiments and ablation studies for both the frameworks in detail.

« Chapter 5 presents the concluding thoughts and future works.



Chapter 2

Related Works

2.1 Image Situation Recognition

Situation Recognition in images was rst proposed by [10] where they created datasets to understand
actions along with localisation of objects and people. Another line of work, imSitu [45] proposed
situation recognition via semantic role labelling by leveraging linguistic frameworks, FrameNet [3]
and WordNet [23] to formalize situations in the form of verb-role-noun triplets. Recently, grounding
has been incorporated with image situation recognition [27] to add a level of understanding for the
predicted SRL. Situation recognition requires global understanding of the entire scene, where the verbs,
roles and nouns interact with each other to predict a coherent output. Therefore several approaches
used CRF [45], LSTMs [27] and Graph neural networks [16] to model the global dependencies among
verb and roles. Recently various Transformer [36] based methods have been proposed that claim large
performance improvements [6, 7, 40]. In the next subsections we will look into this task more closely
and discuss several State-of-the-art approaches mentioned above.

2.1.1 Visual Semantic Role Labeling for Image Understanding

This work introduces situation recognition [45], the problem of producing a structured and a concise
summary of the situation happening in an image that includes: (1) the main activity (e.qg., clipping), (2)
the participating actors, objects, entities, and locations (e.g., man, shears, sheep, wool, and eld) and (3)
the roles these participants play in the activity (e.g., the man is clipping, the shears are his tool, the wool
is being clipped from the sheep, and the clipping is in a eld). To de ne the verbs and roles, the authors
use FrameNet, a verb and role lexicon devel- oped by linguists, to de ne a large space of possible
situations and collect a dataset containing over 500 activities, 1,700 roles, 11,000 objects, 125,000
images, and 200,000 unique situations. The authors also introduce a structured prediction baseline
using Conditional Random Fields and show that, situation-driven prediction of objects and activities
outperforms independent object and activity recognition. CRF was used to model dependencies between
verb-role-noun pairs. In particular, a neural network was trained in an end-to-end fashion to both,



predict the unary potentials for verbs and nouns, and to perform inference in the CRF. While their
model captured the dependency between the verb and role-noun pairs, dependencies between the roles
were not modeled explicitly.

Figure 2.1 [45] Multiple images depicting situations where actors, objects, substances, and locations
play different roles in an activity. Below each image is a semantic role frame that describes the situation:
the left columns (blue) list verb or action speci c roles that are prede ned from FrameNet- a broad

coverage verb lexicon, while the right columns (green) list the values of each role from ImageNet
classes. Three different activities are shown, for 6 different scenes, which highlights that even in the
same activity visual properties vary widely between role values (e.g., clipping a dog's nails looks very

different from clipping a sheep's wool).

2.1.2 Situation Recognition with Graph Neural Networks

This work addressed the problem of recognizing situations in images and propose a model based on
Graph Neural Networks that allows to ef ciently capture joint dependencies between roles using neural
networks de ned on a graph. [16] Their approach is able to propagate information between verbs and
roles together and signi cantly outperforms the previous CRF and RNN based baselines. The authors
stressed that the information of the verb and roles heavily depends on each other and hence they propose
to model these dependencies through a g@ph( A; B ). Where the nodes in gragh2 A are of two
types of verb or role, and take unique values of V or N , respectively. Since each image in the dataset
is associated with one unique verb, every graph has a single verb node. Edges in thdgrépAs)
encode dependencies between role-role or verb- role pairs, and can be directed or undirected. Fig.2.1.2
shows an example of such a graph where verb and role nodes are connected to each other. They design
a Gated Graph Neural Networks (GGNNSs) that learns the representation of a graph, which is then used
to predict node or graph-level output. Each node of a GGNN is associated with a hidden state vector
that is updated in a recurrent fashion. At each time step, the hidden state of a node is updated based
on its history and incoming messages from its neighbors. These updates are applied simultaneously to



all nodes in the graph at each propagation step. The hidden states after T propagation steps are used to
predict the output. They adopt the GGNN framework to recognize situations in images. Each image

is associated with one vexbthat corresponds to a semantic role fraimeith a set of role€s which

is prede ned. Then they instantiate a graph for each image that consists of one verb node, Bnd
(number of roles associated with the frame) role nodes. To capture the dependency between roles to
the full extent, they propose creating undirected edges between all pairs of roles. This approach led to
state-of-the-art results and was the rst one to establish that situation recognition requires dense and
fully connected processing of verbs and roles, which led to the rise of several Transformer based models
for situation recognition [6, 7, 40].

Figure 2.2 [16] Understanding an image involves more than just predicting the most salient action.
We need to know who is performing this action, what tools he may be using, what is the location etc.
All these information are dependent on each other, and coherently understanding situations requires to
model all the verb, roles, and the corresponding nouns together. The gure shows a glimpse of the

model that uses a graph to model dependencies between the verb and its roles.



Figure 2.3[27] A Two examples from our dataset: semantic frames describe primary activities and
relevant entities. Groundings are bounding-boxes colored to match roles. B Output of our model (dev
set image). C Top-4 nearest neighbors to B using model predictions. Beyond visual similarity, these
images are clearly semantically similar. D Output of the conditional model: given a bounding-box
(yellow-dashed), predicts a relevant frame. E Example of grounded semantic chaining: given query
boxes the model can chain situations together. E.g. the teacher teaches students so they may work on a

project

2.1.3 Grounded Image Situation Recognition

This work introduced Grounded Situation Recognition(GSR) [27], is an extension of the previously
de ned image situation recognition task where in addition to producing structured semantic summaries
of images describing: the primary activity, entities engaged in the activity with their roles (e.g. agent,
tool), it also grounds the corresponding role entities using bounding box prediction. To study this new
task the authors create the Situations With Groundings (SWiG) dataset which adds 278,336 bounding-
box groundings to the 11,538 entity classes in the imSitu [45] dataset. They propose a Joint Situation
Localizer that jointly predicts situations and groundings, this allows for a role's noun and grounding to
be conditioned on the nouns and groundings of previous roles and the verb. This end-to-end training
outperforms independent training. The authors use RNN without fusion approach for joint prediction
of situations and grounding. The embeddings are extracted from ResNet-50, and are used for verb
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